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Introduction

Welcome to the tutorial program of AACL-IJCNLP 2026!
This year, we are delighted to accommodate six tutorials that reflect both the rapid evolution and

the expanding scope of natural language processing. A prominent theme across the program is the tran-
sition from language models as standalone components toward more persistent and interactive systems.
Tutorials on agentic deep research and self-improving language agents explore how language models
can retrieve information, use tools, maintain memory, verify results, and adapt over extended periods of
interaction. Together, they highlight an emerging direction in natural language processing.

At the same time, the program examines some of the foundations and broader implications of this
progress. The tutorials address how language model evaluation can be treated as a rigorous measure-
ment problem, how diffusion models offer an alternative paradigm for language generation, and how
multilingual language models can better account for code-switching as a natural form of human commu-
nication. The program also includes an interactive tutorial on ethical considerations in NLP, emphasizing
the importance of reflecting on the societal consequences of our research as NLP technologies become
increasingly integrated into real-world applications.

This year, we did a joint call for tutorial proposals with EMNLP 2026 alongside their tutorial co-
chairs: Ana Marasović and Goran Glavaš. We received 57 submissions, of which 8 were accepted to
AACL (two tutorials were canceled) and 6 to EMNLP. All of the proposals were reviewed by multiple
of the tutorial co-chairs before a broader discussion among all. When a tutorial chair has a COI with a
tutorial proposal, reviews and decisions are made by other tutorial chairs. As in previous years, it was a
highly competitive selection process with many excellent submissions. While the tutorials by no means
capture all potentially interesting topics relevant to our research community, we anticipate that they will
engage attendees from a wide range of backgrounds and levels of expertise after the main conference
closes.

We would like to thank the tutorial instructors for their contributions. Our thanks go to the conference
organizers for effective collaboration, and in particular to Ana Marasović and Goran Glavaš (tutorial
chairs of EMNLP 2026), Yue Zhang (general chair), Trang Vu and Junxian He (publication chairs),
Leyang Cui (handbook chair), Derek F. Wong and Haofen Wang (local organizing chair), and Runzhe
Zhan and Zhiwen Xie (local organizing committees).

We hope you enjoy the tutorials.
AACL-IJCNLP 2026 Tutorial Co-chairs

Naoaki Okazaki
Zhongqing Wang
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Abstract

This tutorial provides a structured overview of
code-switching for multilingual large language
models (LLMs), connecting linguistic theory,
NLP methodology, and human-centered per-
spectives. Code-switching is a natural commu-
nicative practice among multilingual speakers
and is increasingly central to LLM interactions,
where users bring mixed-language practices to
prompts and models themselves may produce
mixed-language outputs. The tutorial will cover
theoretical foundations from sociolinguistics,
code-switching behavior in human-AI interac-
tion, datasets and evaluation benchmarks, syn-
thetic data generation, multilingual LLM train-
ing and inference, mechanistic interpretability
of unintended language switching, speech and
multimodal code-switching, and societal im-
pacts. By synthesizing work across NLP, lin-
guistics, HCI, speech processing, and multi-
lingual communities, the tutorial aims to give
participants a coherent view of the field and
identify open challenges for building multilin-
gual LLMs that better reflect how multilingual
users actually communicate.

1 Introduction

Code-switching, the practice of alternating between
two or more languages within a single conver-
sation or utterance, is a natural and widespread
phenomenon among multilingual speakers world-
wide (Myers-Scotton, 1993; Poplack, 1980). Far
from reflecting linguistic deficiency, it demon-
strates sophisticated communicative competence,
serving pragmatic, social, and cultural functions
that monolingual communication cannot always
capture. Therefore, it has been extensively studied
in (socio)linguistics, with theoretical frameworks
developed to explain when, why, and how speakers
switch between languages (Kamwangamalu, 1989;
Dewaele and Li, 2014; Halpin and Melzi, 2021).

While multilingual large language models
(LLMs) have advanced rapidly, realizing their

promise for the world’s multilingual users requires
more than expanding the languages they support.
It also requires engaging with how multilingual
people actually communicate. Chief among these
communicative practices is code-switching, which
multilingual users naturally bring to LLM inter-
actions (Oh et al., 2026; Bawa et al., 2020; Choi
et al., 2023), and which LLMs also produce in
their outputs (Li et al., 2025). As such, code-
switching has emerged as a critical phenomenon
at the intersection of natural language processing
(NLP), linguistics, and human-computer interac-
tion (HCI) (Doğruöz et al., 2021; Winata et al.,
2023a; Dedema et al., 2026), spurring growing re-
search from dataset construction and model eval-
uation, to training strategies, mechanistic inter-
pretability, speech processing, and societal impact.

Despite this rapidly expanding landscape, re-
search on code-switching for multilingual LLMs
remains scattered across communities. This tutorial
bridges this gap by providing a structured overview
of theoretical foundations, empirical findings, open
questions, and future directions.

2 Tutorial Outline

This tutorial will focus on multilingual LLMs
through the lens of code-switching. For each ses-
sion, we will present a systematic overview of rel-
evant topics, followed by an in-depth exploration
of recent advancements. The tutorial will conclude
with an audience-engaged discussion of open chal-
lenges and emerging research opportunities.

2.1 Background and Preliminaries [30 min]

Linguistic Theories on Code-switching.
Decades of research in sociolinguistics have
produced rich theoretical frameworks for under-
standing code-switching. Structural accounts—
ranging from the Matrix Language Frame (Joshi,
1982; Myers-Scotton, 1993) to the Equivalence
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Constraint (Poplack, 1980) and Functional Head
Constraint (Belazi et al., 1994)—attempt to
characterize the syntactic conditions under which
switching occurs, while constraint-free theories
argue that switching is governed solely by the
grammars of the contributing languages (Mac-
Swan, 2005). More recent approaches, such
as translanguaging, challenge strict language
boundaries, viewing multilingual practice as a
unified, fluid repertoire rather than alternation
between discrete systems (Wei, 2018). Sociolin-
guists have also identified varied motivations for
code-switching—from marking social identity and
in-group solidarity to navigating power asymme-
tries and achieving pragmatic precision (Muysken,
2020; Poplack, 1980; Heller, 1992). We will survey
these frameworks and examine how, and to what
extent, they have been operationalized in NLP
research on multilingual LLMs.

Code-switching in Human-AI Interaction.
While code-switching in human-human interaction
is well-documented, its manifestation in human-AI
interaction remains far less understood (Dedema
et al., 2026). Existing studies on LLM usage pat-
terns suggest that multilingual users do switch lan-
guages when interacting with AI systems (Oh et al.,
2026). Yet, the motivations and dynamics differ in
important ways. For example, users interact with
a text-based, non-human interlocutor whose lan-
guage capabilities are often unpredictable, which
may shape when and how they choose to code-
switch (Choi et al., 2023; Bawa et al., 2020). We
will review what is currently known about these pat-
terns and highlight the key open questions around
user expectations and behavior in multilingual
human-AI interaction.

2.2 Evaluation and Datasets [30 min]

Code-switching Data. We will survey the cur-
rent landscape of code-switching corpora and evalu-
ation benchmarks, focusing on how dataset scarcity
shapes model assessment and data creation prac-
tices. We will review broad multilingual NLP
benchmarks (Yang and Chai, 2025; Abdaljalil et al.,
2025; Mohamed et al., 2026; Farhansyah et al.,
2026) and task-specific evaluations for transla-
tion (Huzaifah et al., 2024; Zhang et al., 2025b),
dialogue summarization (Suresh et al., 2025), red-
teaming (Upadhayay and Behzadan, 2024; Song
et al., 2025; Yoo et al., 2025b), and output-language
confusion (Oh et al., 2026). Despite recent progress,

we will emphasize that code-switching remains a
challenging setting for multilingual LLM evalua-
tion, not a solved proxy task (Zhang et al., 2023).

Synthetic Data Generation. We will then exam-
ine the data bottleneck. Most available corpora are
concentrated in a small set of English-involving
language pairs, such as Hindi–English (Khanuja
et al., 2020; Singh et al., 2018) and Mandarin
Chinese–English (Li et al., 2022; Lovenia et al.,
2022; Xiang et al., 2020; Li et al., 2012; Lyu
et al., 2010), while naturally occurring non-English
or multilingual code-switching resources remain
scarce (Winata et al., 2023a). This scarcity has
made synthetic generation central to scaling evalu-
ation and training resources. We will compare rule-
or theory-based methods (Kuwanto et al., 2026;
Winata et al., 2026; Yan et al., 2025), toolkit-driven
generation for specific language pairs (Jayanthi
et al., 2021; Rizvi et al., 2021), prompting-based
generation with frontier LLMs (Yong et al., 2023;
Kim et al., 2025; Yang and Chai, 2025), and multi-
agent frameworks (Xie et al., 2025).

Implications of LLM-based Synthetic Data. Fi-
nally, we will discuss the methodological implica-
tions of using LLMs to generate code-switching
data. While LLM-based generation improves scala-
bility, coverage, and controllability (Winata et al.,
2026), it also raises concerns about distributional
mismatch with human bilingual speech, contam-
ination between generation and evaluation, and
the risk of encoding model-preferred rather than
community-authentic switching patterns (Yoo et al.,
2025a). We will frame these trade-offs as a central
challenge for future code-switching evaluation.

2.3 Multilingual Language Modeling [30 min]
Code-Switching in LLM Training. We will
examine how code-switching can be leveraged
throughout the full lifecycle of multilingual LLMs,
from pre-training to inference. We will first intro-
duce recent work that incorporates code-switching
into model training, including pre-training (Wang
et al., 2025b) and continual pre-training (Yoo et al.,
2025a) that expose models to mixed-language dis-
tributions and improve cross-lingual generalization.
We will then cover downstream adaptation meth-
ods, including supervised fine-tuning (Son et al.,
2026; Li et al., 2024), instruction tuning (Lee et al.,
2024), and reinforcement learning (Li et al., 2025),
highlighting how code-switching signals can im-
prove multilingual capabilities across tasks.
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Code-Switching in LLM Inference. Beyond
training, we will discuss the role of code-switching
in inference time, including in-context learn-
ing (Yoo et al., 2026) and reasoning (Wang et al.,
2025a), where code-switching can serve as a mech-
anism to elicit latent multilingual knowledge. We
will also introduce recent findings on cultural
knowledge activation, where code-switching can
help models access culturally grounded knowledge
that may not surface in monolingual settings (Kim
et al., 2025). Taken together, we will emphasize
code-switching as a mechanism that interacts with
multilingual representation learning and reasoning.

2.4 Mechanistic Interpretability [30 min]

Code-Switching from Interpretability Lens.
We will examine code-switching in multilingual
LLMs through the lens of mechanistic interpretabil-
ity, focusing on recent work that identifies and
controls the internal causes of unintended switch-
ing. We will discuss recent findings that language
confusion emerges in final layers where models
transition from shared to language specific rep-
resentation (Nie et al., 2025), and complemen-
tary sparse-autoencoder analyses suggesting that
unexpected code-switching can result from over-
activated target-language features (Deng et al.,
2026). Finally, we will highlight how these mech-
anistic insights enable targeted interventions, in-
cluding neuron editing, feature suppression, and
partial circuit tuning, which can reduce language
confusion while preserving or even improving mul-
tilingual performance (Xiao et al., 2026). Taken
together, code-switching is governed by identi-
fiable internal mechanisms rather than diffuse
model behavior, making it a tractable target for
interpretability-driven control.

2.5 Speech and Multimodality [30 min]

Code-switching in Speech Processing. We will
briefly review research on code-switching in speech
processing, from early bilingual recognition to mul-
tilingual speech foundation models and speech-
aware LLMs. Early work treated mixed-language
speech primarily as a boundary-detection and de-
coding problem, focusing on language-boundary
identification and bilingual recognition (Shia et al.,
2004; Lyu et al., 2006). Subsequent progress was
enabled by shared Mandarin–English and multi-
lingual code-switching corpora (Lyu et al., 2010;
Li et al., 2012, 2022; Lovenia et al., 2022). We
will then cover the recent shift toward multilin-

gual LLM-assisted speech models, including lan-
guage alignment losses (Liu et al., 2025a), speech-
conditioned LLMs with mixture-of-experts rout-
ing (Zhang et al., 2025a), and parameter-efficient
adaptation for intra-sentential switching (Zhao
et al., 2025; Yang et al., 2025). We will con-
nect these methods to newer benchmark-style re-
sources, which broaden the evaluation beyond
spontaneous bilingual speech to multilingual and
domain-specific settings (Ugan et al., 2024; Zhou
et al., 2025; Yan et al., 2025; Xie et al., 2025).
We will also discuss speech-to-speech interaction
models, where recent results show that language
alignment remains fragile even for large speech
LLMs (Liu et al., 2025b). In addition, we will sur-
vey textless or zero-resource approaches for spoken
settings where one or more languages lack stan-
dardized writing systems (Huang et al., 2024; Chen
et al., 2023; Zhang et al., 2025c).

Multimodal Code-Switching. We will expand
from speech processing to multimodal settings
where speech is jointly modeled with text or
vision. For translation, early work established
code-switching speech translation as a distinct
task and compared cascaded and end-to-end ap-
proaches (Weller et al., 2022). More recent sys-
tems explicitly interleave speech and text represen-
tations, with CoSTA (Shankar et al., 2025) showing
that cross-modal alignment helps in low-resource
code-switching speech translation. For video, we
will discuss audiovisual settings, such as code-
switching lip reading, highlighting the need to align
language choice with visual cues rather than audio
alone (Zhang et al., 2024). We will position code-
switching as a genuinely multimodal phenomenon
relevant to meeting video, social media clips, assis-
tive communication, and embodied agents.

2.6 Impacts and Future Directions [30 min]

Societal Impacts. We will finally discuss the im-
pacts of code-switching research in LLMs on the
global society and the major research questions
that remain. We begin with the research in the
human-computer interaction field, where early stud-
ies show that multilingual users prefer chatbots that
code-mix in a reciprocal way (Bawa et al., 2020;
Choi et al., 2023). More specific challenges in mul-
tilingual LLM interaction have been discussed in
Dedema et al. (2026); Oh et al. (2026). Users who
belong in linguistic or cultural minorities are more
disadvantaged by the prevalence of LLMs, and
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code-switching can alleviate this problem, as we
can see in domain-specific applications such as En-
glish education as a foreign language (Park et al.,
2025) and health care (Harrington et al., 2022).
Along with these papers, research shows that code-
switching can help reduce cultural and linguistic
challenges of immigrants (Lee et al., 2025).

Future Directions. We will turn this discussion
into an interactive program that engages the audi-
ence as multilingual users, researchers, and prac-
titioners. Participants will be invited to reflect on
their own experiences with code-switching in LLM
interactions, identify examples from their linguistic
communities, discuss why such switching occurs,
and surface edge cases that remain difficult for
current models. Building on these observations,
the tutorial will conclude by synthesizing open
challenges and future research directions in code-
switching for multilingual LLMs, emphasizing col-
laboration among NLP, linguistics, HCI, speech
processing, and multilingual communities.

3 Tutorial Information

Type & Length. 3-hour, cutting-edge tutorial.

Target Audience. The tutorial will be accessible
to anyone with basic knowledge of machine learn-
ing (ML) and natural language processing (NLP),
and will be of interest to researchers, students, and
practitioners in both academia and industry.

Prerequisites. Following knowledge is assumed:
• ML: supervised learning, transformer models
• NLP: language modeling, data and evaluation

Past Tutorials. Related tutorials include:
• EMNLP 2019 tutorial on Processing and Un-

derstanding Mixed Language Data (Choudhury
et al., 2019) offered a comprehensive overview of
the linguistic and computational aspects of code-
mixing, at a time when the field lacked a coherent
entry point. However, because it was developed
before the rise of multilingual LLMs, it does not
address recent advances and open questions sur-
rounding LLM-based evaluation, generation, and
use of synthetic code-switching data at scale.

• ACL 2023 tutorial on Everything you need to
know about Multilingual LLMs: Towards fair,
performant and reliable models for languages
of the world (Sitaram et al., 2023) reviewed data,
training, evaluation, responsible AI, and deploy-
ment for multilingual LLMs at a broad level, with

limited space for an in-depth treatment of code-
switching. Our tutorial complements these prior
gaps by revisiting code-switching as a central key
for multilingual LLMs.

4 Reading List

• A survey of Code-Switching: Linguistic and
Social Perspectives for Language Technolo-
gies (Doğruöz et al., 2021)

• The decades progress on code-switching research
in NLP: A systematic survey on trends and chal-
lenges (Winata et al., 2023b)

• Multilingual Large Language Models Are Not
(Yet) Code-Switchers (Zhang et al., 2023)

• SwitchLingua: The First Large-Scale Mul-
tilingual and Multi-Ethnic Code-Switching
Dataset (Xie et al., 2025)

• Investigating and Scaling up Code-Switching
for Multilingual Language Model Pre-
Training (Wang et al., 2025b)

• Language Mixing in Reasoning Language Mod-
els: Patterns, Impact, and Internal Causes (Wang
et al., 2025a)

• Mechanistic Understanding and Mitigation of
Language Confusion in English-Centric Large
Language Models (Nie et al., 2025)

• CoSTA: Code-Switched Speech Translation us-
ing Aligned Speech-Text Interleaving (Shankar
et al., 2025)

• Toward a Multilingual Conversational Agent:
Challenges and Expectations of Code-mixing
Multilingual Users (Choi et al., 2023)

5 Ethics Statement

This tutorial will present current research on the use
of code-switching for training, evaluation, interpre-
tation, and societal impact of multilingual LLMs in
the field. Although we aim to promote linguistic di-
versity by discussing issues related to multilingual
models trained in 100+ languages, many languages
worldwide are yet to be supported by these models.

6 Tutorial Instructors

Haneul Yoo is an Assistant Professor/Faculty
Fellow in the Department of Computer Science
at the NYU Courant Institute School of Mathemat-
ics, Computing, and Data Science. She received her
PhD in the School of Computing at KAIST. With a
background in machine learning (ML) and natural
language processing (NLP), she has worked on de-
veloping language models and methods to improve
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generalization across languages and designing re-
sources and evaluations for underrepresented lan-
guages and cultures. She has published papers in
major NLP conferences, including ACL, EMNLP,
and NAACL, and has been named a Rising Star
at KAIST exploreCSR supported by Google. She
has served as a Social Chair at NeurIPS 2026 and
co-organized the Multilingual and Equitable Lan-
guage Technologies (MELT) workshop at COLM
2025, the Women in Machine Learning (WiML)
symposium at ICML 2026, and the Generative AI
for the World (GenAI4World) workshop at COLM
2026. She delivered invited talks on code-switching
and multilingual/multicultural LLMs at Princeton,
UMD, Mila, and NYU, and served as a instructor
for Natural Language Processing at NYU.

Juhyun Oh is a PhD student in the School of
Computing at KAIST and is currently a visiting
scholar at Mila. She previously studied Linguistics
at Seoul National University, where she received
both her BA and MA. Her research focuses on de-
veloping evaluation methodologies for language
models that better reflect real-world user experi-
ences, particularly across diverse linguistic and cul-
tural contexts. Her work on improving support for
underrepresented languages in NLP has been pub-
lished at top NLP and ML conferences. She has
served as a Guest Lecturer for the LLM Seminar
at Georgia Tech, delivering a talk titled “Rethink-
ing Evaluation for Language Models,” and as a
Teaching Assistant for the AI Tech Boostcamp at
NAVER Connect Foundation. She has co-organized
the Generative AI for the World (GenAI4World)
workshop at COLM 2026.

Genta Indra Winata is a Senior Research Man-
ager in LLM Core and Agentic AI team at Capital
One. His research interests include language mod-
eling, multilingual NLP, and conversational agents.
He is actively involved in large-scale dataset collec-
tion and the development of multimodal and multi-
lingual reward models and language models, with
a particular focus on advancing research in low-
resource languages. He has served as organizer of
Sixth Workshop on Computational Approaches to
Linguistic Code-Switching (CALCS) at EMNLP
2023, the Multilingual Representation Learning
(MRL) at EMNLP 2023 and EMNLP 2026, and the
South-East Asian Language Processing (SEALP)
workshops collocated with AACL 2024 and COL-
ING 2025, and Financial Technology and Natural
Language Processing (FinNLP) at EMNLP 2025.

He also delivered a tutorial on the Current Sta-
tus of NLP in South East Asia with Insights from
Multilingualism and Language Diversity at AACL
2023. He was a keynote speaker at SPELLL 2023,
the Fields Matter Workshop at ACL 2024, and the
Workshop of Language Models for Underserved
Communities (LM4UC) at NAACL 2025.

Ruochen Zhang is a Senior Reseacher at Mi-
crosoft. She received her PhD from Brown Uni-
versity. Her research focuses on understanding the
mechanisms underlying model weaknesses and brit-
tleness, particularly through the lens of multilin-
guality. She has published at major NLP and ML
venues, including EMNLP, ICLR, and NeurIPS.
She has served as an Area Chair at LREC-COLING
2024 and as a panelist at the 7th Workshop on
Computational Approaches to Linguistic Code-
Switching (CALCS). She also co-organized the
tutorial “Current Status of NLP in Southeast Asia:
Insights from Multilingualism and Language Di-
versity” at AACL 2023. She is one of the initiators
of the grassroots community for Southeast Asian
researchers, SEACrowd, and has consistently co-
organized Birds of a Feather events at major *CL
conferences.

Thamar Solorio is Professor of NLP at
MBZUAI, where she also serves as Vice Provost
for Faculty Excellence and Advancement. She
has been working on code-switching for over two
decades, with seminal papers dating back to the
pre-LLM era on topics such as prediction of code-
switching points and enabling technology for the
processing of code-switching data. She has served
as General Chair of EMNLP 2024, Program Chair
for NAACL 2019, and has served in numerous
other organization roles including D&I co-chair,
demonstration co-chair, and faculty advisor to the
student research workshop for different *CL con-
ferences. She has also led, and collaborated in the
organization of multiple shared tasks on different
topics, including code-switching. Thamar has deliv-
ered keynote talks at *CL and/or associated events
such as NAACL 2021, CoNLL 2024, and WNUT
on topics related to code-switching, and artificial
social intelligence. Through her career she has pre-
pared and delivered multiple courses at the under-
graduate and graduate level.

Alice Oh is a KAIST ICT Endowed Professor in
the School of Computing at KAIST. She received
her PhD in Computer Science from MIT in 2008.
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Her major research area is at the intersection of nat-
ural language processing (NLP) and computational
social science (CSS), with a recent focus on multi-
lingual and multicultural aspects of LLMs. She has
served as Tutorial Chair for NeurIPS 2019, and DEI
Chair for ICLR 2019 and COLM 2024, Program
Chair for ICLR 2021 and NeurIPS 2022, General
Chair for ACM FAccT 2022, NeurIPS 2023, and
Festival of Learning 2026 which co-locates AIED,
EDM, and ACM L@S. She presented on the topics
of code-switching and multilingual/multicultural
LLMs as an invited speaker at Stanford, Cornell
Tech, CMU, and UCLA in 2025. She also gave in-
vited keynotes at various international conferences
including ACML, ICWSM, and RSS.
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Abstract

With NLP research being rapidly production-
ized into real-world applications, it is important
to be aware of and think through the conse-
quences of our work. Such ethical considera-
tions are important in both senior and junior
roles of researchers and students (e.g. privacy,
consent, fairness, among others).

This tutorial will equip participants with basic
guidelines for thinking deeply about ethical is-
sues and review common considerations that
recur in NLP research. The methodology is
interactive and participatory, including discus-
sion and group work related to case studies that
involve bias and broader issues (e.g., environ-
mental impact). Participants will gain practical
experience on when to flag a paper for ethics re-
view and how to write an ethical consideration
section to be shared with the broader commu-
nity. Most importantly, the participants will be
co-creating the tutorial outcomes and extending
tutorial materials to share as public outcomes.

1 Motivation and Structure

In late 2021, the Association for Computational
Linguistics’ executive committee appointed an
ACL Ethics Committee (hereafter, AEC) to oversee
long-term policy on ethical issues, and to charge it
with training its constituent membership on ethical
issues. The AEC carried out a 2023 survey of the
constituency, finding that many respondents felt
that clear guidelines on acceptable practices regard-
ing authoring and reviewing were needed (Benotti
et al., 2023a): half highlighted the need for more re-
sources and forums to raise community awareness
on ethical issues in research and to clarify ethical
review policies; 36% mentioned the creation of
dedicated training materials, and 26% mentioned
outreach to discuss ethical research.

This tutorial proposal follows from the 2023 sur-
vey mandates, to provide interactive opportunities
to communicate and train our membership on eth-

ical guidelines and research practices. Our pro-
posal is also endorsed by the previous and cur-
rent ACL presidents. Both have described ethics
as a cornerstone of the synchronous development
of CL/NLP: “we need to place ethics in the curricu-
lum for all NLP students — not as an elective, but
as a core part of their education”.

This proposal also draws on successful 2023 and
2025 past tutorials on NLP reviewing and socially
responsible NLP (Cohen et al., 2021; Tsvetkov
et al., 2018; Benotti et al., 2023b, 2025) that have
attracted 50–80 attendees. Past members of our
team have been involved in these iterations.

We propose a hybrid tutorial to best allow equi-
table access to the topic of this tutorial, especially
to familiarize new community members and those
who cannot afford access to attend physically. We
plan to have dedicated presenters that can coordi-
nate activities for the expected online participants
and plan to use e-resources that facilitate virtual
group discussion (e.g., Google Docs).

Our tutorial aligns with the EMNLP 2026 theme
of New Missions for NLP Research, in calling for
a re-think of the integral incorporation of ethics in
NLP evaluation. Our tutorials will also help to ful-
fill the strong mandate given by our constituency.

2 Tutorial Content

Type: 1/2 day, Introductory
Expected Attendees: 50–100
Audience: Researchers, students, and other
interested parties
Desired Location: Preferably in both locations.
Prerequisites: Introductory background in natural
language processing and deep learning. Familiarity
with text mining and generation and standard NLP
tasks. Fluent command of English.

Note about location: We have tutorial organizers
ready to be be physically and virtually present
for both AACL-IJCNLP (Hangqin, China) and
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Segment Topic Led by
1. Introduction and Foundations for Ethics Presenters
2. Case Studies: Research that requires
ethics review — First reading

Participants

3. Structured Interaction / Dialogue Presenters,
Participants

4. Case studies — Second reading (Rota-
tion)

Participants

5. Group Presentations Group
Leads

6. Summary and Common Issues Presenters
7. Discussing and Troubleshooting Ethics
and Further Resources

Presenters

Table 1: Tutorial Outline. Each segments’ duration is 30
minutes, a total of 3 hours (3 1/2 w/ break). Segments 2–
6 will be conducted in small-group interaction.

EMNLP (Budapest, Hungary). We strongly hope
that the tutorial chairs can consider allowing this
tutorial to be delivered in both locations as:

· This tutorial has not been fielded at EMNLP,
which reaches a different group of researchers;
· This tutorial has not been fielded in Asia, which
is burgeoning seat of future NLP research.

Ethical considerations overarch our duties as re-
searchers and scientists, and we need to consider
the ramifications of our work. The need for a bet-
ter understanding of ethics is reflected in both re-
searcher and student roles.

Unintended and harmful ethical lapses and con-
sequences can be largely avoided through contin-
uous communication. Rather than assume that re-
search is purely an intellectual pursuit, our tutorial
invites participants to consider ethics as an integral
component of the holistic framework of impact-
ful research work. Table 1 presents our proposed
tutorial’s outline. Our aim is to provide hands-
on experience with ethical issues through a small-
group activity, both at the physical conference and
in breakout rooms for online participants.

Ethics requires healthy debate and deep thought,
and for these reasons, our structure incorporates a
Socratic exercise, where participants spend a large
part of the session discussing a concrete case of re-
search which requires deep ethics review. A Com-
munity of Inquiryapproach will be taken such that
participants engage in role-playing and discussing
ethical issues through reading 1–2 problematic hy-
pothetical research abstracts from a curated set
(§ 2.2). Using Socratic-style questioning, presen-
ters guide the participants to engender discussion
and realize ethical issues in the works.

To encapsulate the exercise, the presenters will
first introduce the key ways that ethics impacts au-
thoring and reviewing (Segment 1), summarise the
group discussions’ key points (Segment 6) and con-
clude with pointers to references and other training
materials (Segment 7). Importantly, the partici-
pants will be co-building the tutorial outcomes and
will be working to create further tutorial materials
to share as public outcomes of the exercises. For
many issues in ethics, the evolving discussion cre-
ates more value than the actual conclusions. This
is why we propose such a dialectic approach.

Due to the necessary interactivity of the session,
we plan to limit the registrations for the tutorial
to 100. This is to cater to having approximately
a 25:1 ratio for presenters to participants. A
larger volume than this jeopardizes the necessary
interactive nature of the tutorial, which requires
input from all participants.

2.1 Topics (Segments 1 & 6)
Depending on the location(s) where the tutorial will
be executed, we will run versions of the tutorial that
best fit the expertise of the participating instructors.
We detail some possible topics below.

Multilingual and Multicultural Bias. Sample
Presenters: Xi Ai, Vamshi Bonagiri, Abdoul J.
Djiberou Mahamadou, Monojit Chowdhury, Zhi-
jing Jin and Seunghun J. Lee.

This section of the tutorial will take a multi-
lingual and multicultural perspective on bias and
equity in NLP, with particular attention to low-
resource languages and under-represented commu-
nities. It will cover fairness-aware data practices
and evaluation beyond capability scores, includ-
ing robustness and reliability metrics and auditing
frameworks, along with mitigation strategies that
promote more equal model quality and reduced
harms across languages and cultures.

Environmental and Societal Impact. Sample
Presenters: Margot Mieskes and Aurélie Névéol.
This section of the tutorial will take a broad ap-
proach at NLP system evaluation (especially with
respect to Large Language Models — LLMs) by
considering impact on users and on the environ-
ment.

Our community’s experiments have a cost: The
machines on which the experiments are run have
to be built and require resources to run (e.g., elec-
tricity, water for cooling). Participants will learn
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how to assess impact incurred by complex NLP
systems at various stages of the software lifecycle,
including training, distilling, inference.

Furthermore, the experiments have social im-
plications because the language data being pro-
cessed often raises questions related to user privacy,
speaker representation, and bias related harm.

Ethical Considerations for Author and Reviewer
roles.1 Presenters: Esther Gan, Min-Yen Kan,
Yisong Miao, Margot Mieskes and Yajing Yang.

Ethics review is a critical step in the review pro-
cess, where flagging is handled by reviewers during
their assessments. While essential for research in-
tegrity, flagging must be applied judiciously with
appropriate justification, to avoid hindering the pro-
cess and stalling valuable research.

Our tutorial will train potential scientific review-
ers on how to make this decision: We will highlight
identified patterns (based on previous ARR cycles)
leading to unnecessary flagging, helping reviewers
to more accurately determine when a paper truly
needs a deeper ethics review. We will review com-
mon mistakes to avoid such as flagging for missing
section(s), and flagging for reasons that could be
addressed with feedback of the technical review.

2.2 Case studies (Segments 2–5)

Our tutorial also covers the core ethics reviewing
process itself. In the interactive portion of the tu-
torial, we will discuss research abstracts and will
facilitate group discussions guided by critical ques-
tions about the proposed technology. Participants
will be encouraged to discuss the following ques-
tions that will relate closely to the topics presented
during Segment 1:

• Conflict of Interests (COIs): What constitutes
a COI? How does one report it? What inter-
actions could result members with different
roles (reviewer and author)?

• Ethics of the research question: Would an-
swering this research question advance sci-
ence without violating social contracts? What
are potentials for misuse?

• Social impact of the proposed technology and
its potential dual use: Who could benefit from
such a technology? Who can be harmed by

1We note that there is complementary tutorial proposal
from the ARR Chairs that will touch on ethics flagging. We
believe that our tutorial section will complement theirs.

such a technology? Could sharing data and
models have major effects on people’s lives?

• Privacy: Who owns the data? Understanding
the differences between published versus pub-
licized data, the concept of user consent, and
implicit assumptions of users on how their
data will be used.

• Bias in data: What are possible artifacts in
data, given population-specific distributions?
How representative is this data to address the
target task?

• Social bias and unfairness in models: Is there
sufficient control for confounding variables
and edge cases? Is the system optimized for
misaligned objectives or amplify data bias?

• Is the proposed evaluation sufficient? Is there
a utility-based evaluation beyond accuracy;
e.g., measurements of false positive and false
negative rates as measurements of fairness?
What is “the cost” of misclassification and
fault (in)tolerance?

Abstract: Faces contain more information about sexual
orientation than can be perceived by the human brain. We
used deep neural networks to extract features from over 35
thousand facial images. Given a single facial image, a clas-
sifier could correctly distinguish between gay and hetero-
sexual men in 80% of cases, and in 70% of cases for women.
Accuracy increased to 90% and 80%, respectively, given
five facial images per person. Facial features employed
by the classifier included both fixed (e.g., nose shape) and
transient facial features (e.g., grooming style). Consistent
with the prenatal hormone theory of sexual orientation,
gay men and women tended to have gender-atypical facial
morphology, expression, and grooming styles. Prediction
models aimed at gender alone detected with 55% and 53%
accuracy for gay males and gay females, respectively. Such
findings advance our understanding of the origins of sex-
ual orientation and the limits of human perception. Given
that organizations are using computer vision algorithms to
detect people’s intimate traits, our findings expose a threat
to the privacy and safety of gay men and women.

Our case studies will be hypothetical; i.e., we
will not use abstracts from existing studies but
will create abstracts that will allow us to high-
light potential ethical issues covering multiple, di-
verse ethics-related topics, including human sub-
jects research and institutional review board (IRB)
approval, bias and fairness, privacy, misinforma-
tion, toxicity/content moderation, energy consider-
ations/green AI. We will develop several represen-
tative case studies for participants to choose from;
we show an example below that illustrates multiple
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problematic aspects within one study, which was
adapted from an actual problematic recent study.

The abstract above introduces an unethical re-
search question, a demographically biased data
set, a data collection procedure that violates user
privacy, a problematic evaluation procedure, and
claims/potential applications that can lead to sig-
nificant harms to individuals.

2.3 Readings & Resources (Segment 7)
We will cover a diversity of primary research on
ethics, sourced beyond the presenters’ own works,
in the final plenary sessions of the tutorial. Also,
due to the abbreviated length of the 1/2-day format,
our tutorial will cross reference sources from the
list, rather than specifically require participants to
do readings before the tutorial.

A full reading list2 of over 200 works has been
cross-compiled by the AEC, sourced from univer-
sity courses on NLP Ethics and related topics. Top-
ics and readings relate directly to the topics to be
presented, which include: data usage (Mieskes,
2017; Bender and Friedman, 2018; Gebru et al.,
2021), crowdsourcing (Fort et al., 2011; Callison-
Burch, 2014; Fort et al., 2014; Hara et al., 2018;
Toxtli et al., 2021), biases (Blodgett et al., 2020;
Fort et al., 2024; Seth et al., 2025), language di-
versity (Tatman, 2017; Jurgens et al., 2017; Zmi-
grod et al., 2019; Tan et al., 2020; Koenecke et al.,
2020; Bird, 2020), rigorous and meaningful eval-
uation (Caglayan et al., 2020; Tan et al., 2021),
environmental impact (Strubell et al., 2019; Zhou
et al., 2020; Henderson et al., 2020; Bannour et al.,
2021) and human harms and values (Hovy and
Spruit, 2016; Leidner and Plachouras, 2017).

Our tutorial also benefits from its prior iterations.
We will extend our publicly-available tutorial pre-
sentation materials3 available on the ACL Ethics
website. As an example, annotated presentation
slides (with presenter notes) will be modified and
made available, such that tutorial participants can
bring exercises of different lengths into classroom
settings for research groups as well as undergradu-
ate and graduate classes. While we plan to record
the plenary, lecture-styled sessions (Sessions 1, 6
and 7), due to the sensitive and formative nature
of the small-group discussions, we will not record
the small-group discussions so that participants can
speak freely and off-the-record.

2https://github.com/acl-org/
ethics-reading-list

3https://ethics.aclweb.org/tutorials/

3 Diversity considerations

The instructors of this tutorial are affiliated in dif-
ferent geographic regions. Zhijing Jin in North
America, Aurélie Névéol and Margot Mieskes in
Europe; Vamshi Bonagiri, Monojit Choudhury and
Abdoul Jalil Djiberou Mahamadou in the Middle
East; Xi Ai, Esther Gan, Min-Yen Kan, Seunghun
J. Lee, Yisong Miao and Yajing Yang in Asia. They
also represent different career stages: PhD candi-
dates, postdoctoral researchers, assistant, associate
and full professors; Three are co-chairs of the AEC,
two others are members of the AEC and one other
is a student volunteer with the AEC. Five iden-
tify with the female gender and six with the male
gender. We note that there are potentially more
junior presenters that will be identified by the core
investigators in due course.

We will promote this tutorial to all the ACL
members but particularly to affinity groups such as
Masakhane, LatinX, disabled in AI, indigenous in
AI, and similar groups with the help of EquiCL Big
Interest Group. It is crucial to reach a diverse audi-
ence for this tutorial to best foster rich discussions.
We also aim to accommodate attendees needing
special attention for registration or attendance.

4 Ethical considerations

We aware that we do not compose a perfectly di-
verse committee and commit to pay close attention
to ensure all participants’ points of views are faith-
fully acknowledged.

We decided to use synthetic case studies in the
form of abstracts, rather than real and complete
articles, in order to preserve the anonymity of the
authors, to refrain from personal criticism, and to
allow participants to focus on the discussion than
on the reading. We will create a variety of abstracts
(c.f., Appendix), with different forms, exemplify-
ing different ethical issues; however, they will not
cover all the possible ethical issues in the domain.

5 Logistics

Our tutorial requires standard conference presenta-
tion equipment, including a projector, screen, and
both presenter and audience microphones (where
feasible), and reliable internet access (for remote
participation).
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6 Limitations

We are requesting to check whether there are restric-
tions on content that should be avoided to be com-
pliant to the local venue (especially within China,
the venue for AACL-IJCNLP).

7 Presenters (listed in alphabetical order)

Note: We have annotated each presenter with two-
letter codes to indicate which venue ((E)MNLP or
(A)ACL-IJCNLP) and modality of participation
((P)hysical or (V)irtual), where already known.

Xi Ai [EV, AP] (baridxai@u.nus.edu, he/him) is a
research fellow at WING@NUS and NUSRI-CQ.
His research focuses on multilingual and cross-
lingual NLP and machine learning for NLP. He
has co-organized Workshop on Computational Ap-
proaches to Linguistic Code-Switching (CALCS)
at *CL conferences.

Vamshi Bonagiri [EP, AV] (vamshi.bonagiri@
mbzuai.ac.ae, he/him) is a PhD student at
MBZUAI. His research focuses on AI safety
and the societal impacts of AI technologies. He
has also taught and mentored various NLP and
responsible and safe AI courses.

Monojit Choudhury [EP] (monojit.choudhury@
mbzuai.ac.ae, he/him) is a Professor of NLP
at MBZUAI, Chief Scientist of the Institute of
Agriculture and AI, and a member of AEC. His
work focuses on equitable creation and deployment
of language technology.

Abdoul Jalil Djiberou Mahamadou [EV, AP]
(abdoul.mahamadou@mbzuai.ac.ae, he/him) is a
postdoc at MBZUAI working on personalization,
cultural sensitivity, and inclusion in AI. He did
a postdoc in AI ethics at the Stanford Centre for
Biomedical Ethics, where he taught bioethics and
research ethics. He researched algorithm bias,
fairness, and participatory AI governance.

Esther Gan [EV, AP] (esther.gan@u.nus.edu,
she/her) is a doctoral student with NUS and an
active volunteer with the AEC. She has taught
topics related to ethics as NUS teaching staff.

Min-Yen Kan [EV, AP] (knmnyn@nus.edu.sg,
he/him) is an Associate Professor at NUS and a
co-chair of the AEC. He was a member of the ACL

executive committee, the inaugural Information
Officer and a previous ACL Anthology Director.

Seunghun J. Lee [AP] (seunghun@icu.ac.jp,
he/him) Senior Associate Professor of Linguistics
at the International Christian University. He is
also an Adjunct Professor of African Languages at
the University of Venda in South Africa, and an
Honorary Associate Professor in the Centre for
Linguistic Science & Technology at the Indian
Institute of Technology Guwahati, India.

Yisong Miao [EV, AP] (yisong@comp.nus.edu.sg,
he/him) is a doctoral student at NUS. He has been
an active member of the discourse area in ACL. He
has been a teaching assistant at NUS for its NLP
course, covering ethical topics.

Margot Mieskes [EP, AV] (margot.mieskes@h-
da.de, she/her) Professor for Information Science
at the University of Applied Sciences, Darmstadt,
Germany. She works in both the CL and NLP
areas, focusing on summarization, evaluation,
data quality, ethics, experiment reproducibility,
and biases in LLMs. She is also part of the ACL
Rolling Review Editor in Chief team.

Aurélie Névéol [EP, AV] (aurelie.neveol@lisn.fr,
she/her) is a Senior Researcher at CNRS and a
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8 Appendix

We are unsure whether appendices are allowed,
but we have included examples of other abstracts
Here are examples of other abstracts our team is
developing and may field during the actual tutorial.
Please disregard if not allowed.

Abstract: Do people feel better on when on vacation?
We study the social media sentiment of families when on
vacation and during normal periods. Using a snowball sam-
pling method, we solicited participants active on various so-
cial media platforms (N = 1, 337) to voluntarily disclose
when and where they went on vacation. We then crawled
our participants social media posts to determine whether
specific time periods and destinations for vacations were
correlated with higher levels of enjoyment. Initial analysis
showed that such features do yield significant prediction
performance improvement: for example, vacations taken
close-by tended to have markedly higher satisfaction. Our
model, VACAY-OK, accounts for such factors in novel gat-
ing network architecture, improving joint vacation period
and sentiment detection by over 10% F1. Our analysis
validates patterns of interest: vacations with immediate
family exhibit a bimodal distribution, and that ones without
in-laws have a significantly higher satisfaction and detec-
tion rate. For robustness in identification, we collect and
study the pattern and text of social media posts by par-
ents, children, extended family members and friends of
vacation-goers. To ensure both the accessibility and the
reproducibility of our experiments, we have gathered the
raw social media data, culled with permission from the
original posters, and released it as a zip archive, available
without moderation, in the footnote.

The above abstract illustrates challenges with
minors giving consent and with individuals releas-
ing confidential data unknowingly (details shared
by friends).

Abstract: In this paper, we present the largest exist-
ing language model as of today (989 trillion parameters,
dataset of 968 Pb), BigBlue. We trained it using not
only freely available Web content, but also Web archives
and publicly-accessible EPub versions of all the books
of the commericial Amazonia bookshop web storefront.
The best results were attained using reinforcement learning
with human feedback (RLHF) coming from crowdworkers.
The model improves the state-of-the-art in Natural Lan-
guage Processing (NLP) in most tasks, including sentiment
analysis (+0.02 F-measure), dependency syntax (+0.015
UAS), named-entity recognition (+0.05 F-measure), etc.
BigBlue is available through an API on our company’s
website.

The above abstract illustrates some of the many
issues around LLM, including carbon footprint.

Abstract: In this paper, we present the first language model
developed for Fridonian, a regional language spoken in the
South-East of Austrafrancia by more than 500,000 people.
We detail the collection of the corpus, the creation of the
model and its evaluation on basic NLP tasks. The corpus
creation itself is an achievement, as it is well-known and
documented (Birdoff, 2020) that Fridonian speakers are
reluctant to allow the recording of their language, for fear it
will be used against them by the country’s Sidonian major-
ity. However, we managed to record 100 hours of speech
in different settings: family discussions, local authority
meetings, ceremonies and traditional story telling contests.
We used this dataset to train a language model which we
evaluated on sentiment analysis and named-entity recogni-
tion tasks, with impressive results (resp. 0.56 and 0.75 in
F-measure). The created language model (FridoBERT)
and the dataset (FridoSPEECH) are freely available on
GitHub.

The above abstract illustrates the lack of consid-
eration of the speakers and their needs and context.

Abstract: Is sentiment analysis dependent on culture or
only on language? In this paper we describe the collection
and annotation of a billion-word dataset over 7 different
Spanish dialects spoken in Latin America, annotated with
fine-grained sentiment analysis cues. To the best of our
knowledge, this is the largest Latin American dataset cur-
rently available. We used data from public groups in Tele-
gram where locals talk about products and services. We
evaluate the state-of-the-art sentiment analysis models on
it, showing that their performance is significantly lower
than the state-of-the-art results on well-known benchmark
for Spanish. The dataset annotation took three months.
We selected crowdworkers after a careful exam to ensure
they were fluent in the target dialect. We payed them 4 US
dollars per hour, a fair wage considering it was two times
the minimum wage in these countries. Our sentiment clas-
sifier fine-tuned per dialect outperforms previous models
on Spanish by large margins. Our model has been used
for 12 months by hundreds of companies in Latin America.
To serve the model, we implemented a costing model to
provide this service at a uniform price to all regions of the
world. We conducted three usability studies in collabora-
tion with three companies, which demonstrated that the
integration of our sentiment analysis detector markedly
increased users’ engagement with their marketing adver-
tisements.

The abstract presents several potential ethical
challenges in data collection, model performance,
and commercialization. First, the dataset was col-
lected from public Telegram groups, raising con-
cerns about privacy and informed consent, as users
may not have been fully aware their data was being
harvested for sentiment analysis. Additionally, sen-
timent analysis models can be culturally dependent,
and there is an ethical risk that the fine-grained
cues might not accurately capture the nuances of
different dialects, leading to biases or misrepresen-
tation. Economic fairness is another issue, as the
crowdworkers were paid 4 USD per hour, which,
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while considered twice the minimum wage in some
regions, may still be viewed as exploitative given
the global profits likely generated from their la-
bor. Furthermore, the model’s use by companies
for marketing could raise concerns about manipula-
tion of consumer behavior, especially if the model
tailors advertising based on dialect and exploits spe-
cific cultural tendencies. Lastly, while the uniform
global pricing model for the sentiment analysis ser-
vice may appear equitable, it could disadvantage
regions with lower purchasing power, perpetuating
technological and economic disparities. Address-
ing these ethical challenges requires transparency
in data use, fair compensation for labor, and min-
imizing biases in AI models across cultural con-
texts.

Abstract: With the rise of large language models (LLMs),
they have become useful in critical settings such as health-
care support, helping reduce administrative burden and
improve predictive analytics. However, there is an emerg-
ing concern that LLMs encode gender and racial biases,
which propagate to healthcare decisions. In this work, we
propose a simple and effective approach to controlling for
biases in LLMs through data anonymization, specifically
focusing on patient names that often reveal gender and race.
We introduce a novel and highly granular dataset of over
9.9 million patients’ electronic health records annotated
with patient demographics, including gender and race. We
first fine-tune state-of-the-art LLMs on the raw healthcare
data, and establish the presence of harmful biases in stan-
dard NLP benchmarks such as coreference resolution (10%
lower F1 score for women compared to men) and named
entity recognition (7% lower for White compared to Black
patients). We also show that naively fine-tuned language
models can be used to predict gender and race of the pa-
tients in held-out health records with high accuracy. Then,
we show that a simple anonymization of the health data, by
replacing patient names with generic placeholders, reduces
the prediction gap in finetuned LLMs by up to 4% for gen-
der, and up to 2.5% absolute for race. Our findings address
important questions for fairness in NLP and algorithmic
decision-making. Our code and data are publicly available
to facilitate reproducibility.

The above abstract illustrates privacy concerns
with using healthcare data, releasing data publicly,
the problem with assumptions about privacy – that
obfuscating names does not anonymize data since
many other features correlate with demographics,
annotation issued with binary gender and race,
US-centric assumptions about conceptualization
of race, evaluation of fairness on intrinsic bench-
marks that might not reflect the true use case sce-
narios. Additional potential discussion is on what
constitues "high accuracy" when the harm from
misclasification is high (the weight of wrong pre-
dictions should be high).
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Abstract

Benchmark scores are used to support claims
about language model capabilities, compar-
isons, and suitability for deployment. The evi-
dence needed for these claims depends on what
is measured, how observations are collected,
and how evaluation shapes model developer
behavior. This tutorial brings together measure-
ment theory, statistical modeling, and mecha-
nism design to examine six common claims in
language model evaluation. Part I introduces
measurement principles for interpreting bench-
mark results and assessing the scope of the
claims they support. Part II examines how eval-
uations shape model developer incentives and
how their design can encourage model improve-
ments that serve diverse user needs. For each
claim, we explain when it can hold, where it
breaks, and how to formulate a better-supported
interpretation. Worked examples and short dis-
cussions connect these principles to practical
evaluation decisions. Participants leave with
practical tools for stating evaluation targets,
selecting relevant evidence, and reporting the
limits of conclusions drawn from benchmark
scores.

1 Description and Learning Outcomes

Benchmarks are a central instrument through which
the NLP community compares language models
and assesses their suitability for use. Yet an ob-
served score and the inference drawn from it are
different objects. “The model gets 87% on this test”
describes performance under a particular protocol.
Claims that a model reasons well, outperforms an-
other model, or is suitable for a deployment setting
require additional evidence. Broad benchmark cov-
erage alone does not establish that the evaluation
measures the intended construct or supports the in-
tended use (Messick, 1995; Raji et al., 2021; Liang
et al., 2023).

This tutorial draws on measurement theory, sta-
tistical inference, and mechanism design to exam-

ine what benchmark results justify and what evalua-
tions reward. We ask when evidence from an evalu-
ation supports its intended use, and how evaluation
design shapes model development. The emphasis
is on drawing defensible conclusions and designing
evaluations that encourage improvements serving
diverse user needs.

The tutorial is organized around six recurring
claims in two parts. Part I: Measurement The-
ory examines construct validity, comparable and
efficient measurement, variation across evaluation
conditions, and deployment relevance. Part II:
Incentive-aware Robust Evaluation examines
how evaluation design can reward progress that
serves users. Across both parts, each claim follows
the same progression: what holds, where it breaks,
and a better-supported claim. We distinguish sam-
pling uncertainty, which can sometimes be reduced
by collecting more observations, from specifica-
tion problems, for which more observations of the
wrong target do not supply the missing validity
evidence.

Learning outcomes. Participants will learn to:
• State the construct, target population, protocol,

and deployment decision behind an evaluation
claim.

• Assess whether benchmark aggregation sup-
ports the named capability.

• Explain how linked calibration and adaptive
item selection support efficient comparisons be-
tween models evaluated on different questions.

• Use response patterns to prioritize item review
and distinguish shared, model-specific, and
item-specific language effects.

• Check whether the evaluated outcome and sys-
tem match the intended deployment, and iden-
tify incentives that can improve scores without
improving that outcome.
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These skills are relevant to benchmark authors,
researchers comparing models, and practitioners
selecting systems. The tutorial emphasizes the con-
ditions under which an evaluation is informative
and the evidence needed to extend its interpretation.
It connects foundational work in psychometrics
with contemporary NLP case studies and economic
models of evaluation.

2 Related Tutorials

The tutorial builds on complementary treatments
of evaluation metrics (Khapra and Sai, 2021),
evaluation practice and reproducibility (Sutawika
and Schoelkopf, 2024), item response theory for
NLP (Lalor et al., 2024), human-centered evalu-
ation (Blodgett et al., 2024), and the science of
benchmarking (Ma et al., 2025). Our organizing
focus is the inference a practitioner wants to draw
from a score. Six concrete claims connect construct
validity, common-scale comparisons, evaluation
conditions, deployment decisions, and incentives,
with worked examples that make their assumptions
and limitations explicit.

3 Target Audience and Prerequisites

The intended audience is CL/NLP researchers, stu-
dents, and practitioners who build benchmarks, re-
port model comparisons, or use evaluation results
to select systems. We assume familiarity with lan-
guage model evaluation and basic probability and
statistics, including averages, variance, and uncer-
tainty. Familiarity with supervised learning and
maximum-likelihood estimation is helpful for the
statistical examples. No prior background in psy-
chometrics or mechanism design is required; item
response theory is introduced through worked ex-
amples. Discussion prompts require no program-
ming setup. Python familiarity is useful only for
optional notebook material.

4 Tutorial Outline

The tutorial follows the sequence in Table 1: 180
minutes of instruction and discussion, with a 30-
minute break between C3 and C4. Corona presents
C1 and C4, Truong presents C2 and C3, and Wang
presents C5 and C6, with 50 minutes per instruc-
tor. Koyejo leads the 15-minute opening and 15-
minute closing. Each claim combines a motivating
example, the relevant measurement or incentive
concepts, and a more defensible interpretation.

Segment Minutes
Opening: evaluation as measurement 15
C1–C3: constructs, scales, language effects 75
Break 30
C4–C6: deployment and incentives 75
Closing synthesis and discussion 15
Total 210

Table 1: Three-and-a-half-hour tutorial schedule: 180
minutes of instruction and discussion and a 30-minute
break.

Opening: Evaluation as Measurement. We mo-
tivate the distinction between an observed score
and a claim about capability or deployment. Exam-
ples of benchmark defects, incomplete reporting,
and cultural assumptions introduce the need to state
what is being measured (Burnell et al., 2023; Singh
et al., 2025). The opening distinguishes sampling
error from specification error and introduces the
six questions below.

4.1 Part I: Measurement Theory

C1: Does averaging benchmark scores ro-
bustly establish a capability? Averaging can
reduce benchmark-specific variation while preserv-
ing what the benchmarks share. That shared com-
ponent need not be the capability named by their
labels. We introduce convergent and discriminant
validity and examine evidence about benchmarks
grouped under capability and safety concepts (Mes-
sick, 1995; Desai et al., 2026; Ren et al., 2024).
An application example considers how coverage
and weights determine what an aggregate health-
care score represents (Bedi et al., 2026; Arora et al.,
2025). Participants learn to ask both whether bench-
marks agree and whether that agreement supports
the intended construct, rather than relying on a
shared label alone.

C2: Can we compare models reliably with fewer
evaluations? Taking a coherent construct as the
starting point, we ask how to compare models
evaluated on different question subsets. Expen-
sive agent trajectories motivate collecting fewer
responses per model. We introduce the Rasch
model as a common scale for model ability and
item difficulty, emphasizing linked calibration as
the basis for comparison. Amortized calibration
and adaptive selection using Fisher information il-
lustrate how to obtain informative measurements
with fewer evaluations (Lord, 1980; Truong et al.,
2025a). We then show how expected response as-
sociations can guide item inspection: correlation-
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based diagnostics in Fantastic Bugs help prioritize
review and uncover benchmark or grading prob-
lems (Truong et al., 2025b). A statistical flag calls
for inspection; it does not establish a flaw on its
own. The takeaway is that a response model can
support efficient measurement and identify ques-
tions worth inspecting, subject to adequate calibra-
tion and model fit.

C3: After translation, are scores still compa-
rable? Observed jailbreak rates vary across lan-
guages, and English is not always the least vulnera-
ble language (Zhang et al., 2026). This empirical
pattern motivates adding language as an evalua-
tion facet. For exposition, we extend C2’s Rasch
model with language effects to distinguish a shared
language shift from model–language and prompt–
language effects. The case study shows that model
families can shift in opposite directions and indi-
vidual prompts can depart substantially from the
shared shift; large differences can persist even for
accurate translations. Participants learn to exam-
ine which aspects of the evaluation contribute to
a score gap before interpreting it as a change in
model safety. Language provides a concrete exam-
ple of how averages can obscure systematic varia-
tion across evaluation conditions.

C4: Does a leaderboard winner fit my prod-
uct? A stable ranking does not by itself establish
that a model meets a deployment requirement, and
model’s ranking can change depending on the com-
ponents it’s paired with in a system. We examine
whether the scored outcome matches the deploy-
ment outcome and whether the evaluated system
matches the system being deployed. Examples con-
sider differences between benchmark success and
task completion (Whitfill et al., 2026; Tonja et al.,
2026), as well as changes to the system through
prompts, tools, or interaction protocols (Feng et al.,
2025; Mizrahi et al., 2024; Liu et al., 2026). As-
sessment of benchmark ontology, content, and form
helps participants articulate which aspects of the
deployment are represented and which are miss-
ing (Corona et al., 2026). Participants learn to spec-
ify a deployment outcome and seek evidence for
that outcome rather than assuming a leaderboard
position answers the product question.

4.2 Part II: Incentive-aware Robust
Evaluation

C5: Is evaluation gaming mostly cheating or
data leakage? We broaden the discussion be-

yond contamination to repeated model releases, op-
timization for evaluated tasks, tailoring to particular
user populations, and selective disclosure of evalu-
ations. These behaviors can arise from following
the incentives an evaluation creates, even without
breaking its rules. Goodhart’s law and mechanism
design provide a language for separating devel-
oper objectives from the outcomes an evaluator
wants to encourage (Goodhart, 1984; Manheim and
Garrabrant, 2018; Wang et al., 2025). Participants
learn to describe how a score could improve while
a relevant capability, population, or deployment
objective is neglected.

C6: Do private, uncontaminated test sets solve
gaming? Private holdouts address some failure
modes, but evaluation design must also account
for adaptation, information asymmetry, and hetero-
geneous preferences. We introduce an evaluator–
developer game and explain how randomized evalu-
ation can change incentives for capability coverage
under explicit assumptions (Dwork et al., 2015;
Truong et al., 2026). Preference leaderboards illus-
trate a second problem: optimizing average user
preference may neglect substantial minority groups.
We discuss how pluralistic rankings can represent
these preferences, with a brief overview of robust
evaluation and counterfactual metrics (Haghtalab
et al., 2026; Khalaf et al., 2026; Wang et al., 2024).
The emphasis is on whether an evaluation rewards
useful model development and supports decisions
across user groups, under the assumptions each
design requires.

Closing Synthesis and Discussion. We combine
the six claims into an evaluation checklist: define
the claim and target population; inspect the items
and scoring; check calibration and variation across
evaluation conditions; seek deployment evidence;
examine incentives; and report item-level responses
and the full evaluation protocol. We briefly discuss
open questions about changing model behavior, val-
idating automated scorers, and testing generaliza-
tion to future tasks. The closing asks participants
what evidence would make a benchmark score use-
ful for their own setting and how they would report
the supported interpretation and its limits.

Reading List. Recommended starting points are
Messick (1995); Desai et al. (2026) for validity;
Lord (1980); Truong et al. (2025a,b) for measure-
ment and item diagnostics; Zhang et al. (2026);
Corona et al. (2026) for evaluation conditions and

22



deployment; and Dwork et al. (2015); Wang et al.
(2025); Haghtalab et al. (2026) for incentives and
robust evaluation. The reading list combines foun-
dational work, research by the instructors, and work
by other authors. An expanded bibliography ac-
companies the tutorial materials.

5 Diversity and Accessibility

Linguistic, cultural, and population diversity are
technical concerns throughout the tutorial. C3 ex-
amines how language effects vary across models
and prompts in multilingual safety evaluation; C4
asks whose tasks and deployment contexts an eval-
uation represents; and C6 examines how aggre-
gate preferences can overlook minority user groups.
Benchmarks developed in English-speaking, West-
ern contexts provide motivating examples of a
broader problem: evidence from one setting need
not support the same interpretation in another. The
instructors bring expertise in computer science,
statistics, policy, economics, and measurement.
Discussion prompts require no local software instal-
lation, and publicly available slides and readings
support participation beyond the conference.

6 Tutorial Materials

The tutorial website, https://aimslab.
stanford.edu/tutorial, provides the bib-
liography and a central location for slides and
supplementary resources. The instructional
materials comprise worked examples, discussion
prompts, and the closing evaluation checklist. Any
optional notebooks will be linked from the same
site; they are not required for participation. We
will make the slides and bibliography publicly
available.

7 Ethics Statement

Validity judgments depend on the intended use and
on the perspectives of affected populations. Statis-
tical diagnostics and automated audits can inform
human review but cannot determine cultural appro-
priateness or justify deployment on their own. We
discuss gaming to motivate defenses and make their
assumptions explicit; the same insights could also
inform strategic behavior. Better measurement can
support harmful applications as well as beneficial
ones, so measurement quality does not substitute
for evaluating the acceptability of an application.
Throughout the tutorial, we emphasize uncertainty,

representation, and limits on the conclusions an
evaluation supports.
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Instructor Biographies

Sang Truong (Stanford University, US) is a
Ph.D. candidate in Computer Science at the Stan-
ford Artificial Intelligence Laboratory. His re-
search develops foundational and applied methods
for AI measurement sciences, drawing on tools
from measurement theory, probabilistic machine
learning, and psychometrics to support the scien-
tific development of safe AI systems that serve
people across diverse backgrounds and needs. He
has co-organized the 1st workshop on AI Measure-
ment Science at the Conference on Language Mod-
eling, the 1st and 2nd Workshops on Language
Models for Underserved Communities (LM4UC)
at NAACL 2025 and AAAI 2026, as well as the
Data-centric Machine Learning Research Work-
shops at ICML 2024 and ICLR 2024.

Serena Wang (University of British Columbia;
serenalw@cs.ubc.ca) is an Assistant Professor of
Computer Science at the University of British
Columbia. She previously held a postdoctoral fel-
lowship at Harvard University. Wang’s research
focuses on incentives in the AI evaluation ecosys-
tem, including mechanism design and information
design approaches to robust evaluation design. Her
recently published work includes strategic evalu-
ation to mitigate gaming behavior (Wang et al.,
2024), robust leaderboard design under preference
heterogeneity (Procaccia et al., 2025; Khalaf et al.,
2026; Haghtalab et al., 2026), and incentives for
information sharing between model developers and
evaluators (Wang et al., 2025). Wang is a Canada
CIFAR AI Chair, and a recipient of the Harvard
Center for Research on Computation and Society
Postdoctoral Fellowship, the Apple Scholars in
AI/ML PhD Fellowship and the NSF Graduate Re-
search Fellowship. She has previously organized
workshops at AAAI and Harvard, and given tutori-
als at the Open Data Science Conference and Grace
Hopper Conference.

Rodolfo Corona (Harvard University;
rcorona@hks.harvard.edu) is a Postdoctoral
Fellow in Technology and Geopolitics at the
Harvard Kennedy School Belfer Center. He
received his Ph.D. in Computer Science from UC
Berkeley, where he was advised by Dan Klein
and Trevor Darrell. His research spans grounded
language learning, evaluations, and AI governance,
having presented his work at ACL, NAACL, and
NeurIPS. Rodolfo’s current research is focused

on AI benchmarks, studying how the cultural,
regional, and deployment contexts of AI systems
impact the validity of their evaluations. Rodolfo
has taught international audiences, particularly in
Latin American conferences. He has served as
Hackathon and Practicals Chair for SALA 2026,
as an organizer and instructor for the KHIPU 2025
practicals, and on the advisory board for RIIAA
6.0. He has served as a graduate student instructor
for UC Berkeley’s CS 288 (graduate Natural
Language Processing) and CS 188 (Artificial
Intelligence) courses. Rodolfo is a recipient
of the NSF Graduate Research Fellowship, the
Ford Foundation Fellowship, the UC Berkeley
Chancellor’s Fellowship, and a Fulbright Student
Research Grant.

Sanmi Koyejo (Stanford University;
sanmi@cs.stanford.edu) is an associate pro-
fessor in the Department of Computer Science
at Stanford University. He leads the Stanford
Trustworthy Artificial Intelligence Research
(STAIR) lab, focusing on the principles and
practice of trustworthy machine learning. His
research on emergent behaviors, scaling laws,
and novel evaluation methodologies has been
recognized with several awards, including the
NeurIPS, ACL, and UAI Outstanding Paper
Awards, the Presidential Early Career Award for
Scientists and Engineers, a Skip Ellis Early Career
Award, a Sloan Fellowship, and an NSF CAREER
Award. He served as co-General Chair of NeurIPS
2022, Workshop Chair at NeurIPS 2021 and ICLR
2021, and has co-organized workshops including
ICML 2024 Workshop on Theoretical Foundations
of Foundation Models (TF2M) and ICLR 2024
Workshop on Reliable and Responsible Foundation
Models (RRFM).

24



References
Rahul K Arora, Jason Wei, Rebecca Soskin Hicks, Pre-

ston Bowman, Joaquin Quiñonero-Candela, Foivos
Tsimpourlas, Michael Sharman, Meghan Shah, An-
drea Vallone, Alex Beutel, and 1 others. 2025.
Healthbench: Evaluating large language models
towards improved human health. arXiv preprint
arXiv:2505.08775.

Suhana Bedi, Hejie Cui, Miguel Fuentes, Alyssa Unell,
Michael Wornow, Juan M Banda, Nikesh Kotecha,
Timothy Keyes, Yifan Mai, Mert Oez, and 1 others.
2026. Holistic evaluation of large language models
for medical tasks with medhelm. Nature medicine,
32(3):943–951.

Su Lin Blodgett, Jackie Chi Kit Cheung, Vera Liao, and
Ziang Xiao. 2024. Human-centered evaluation of lan-
guage technologies. In Proceedings of the 2024 Con-
ference on Empirical Methods in Natural Language
Processing: Tutorial Abstracts (EMNLP), pages 39–
43.

Ryan Burnell, Wout Schellaert, John Burden, Tomer D.
Ullman, Fernando Martinez-Plumed, Joshua B.
Tenenbaum, Danaja Rutar, Lucy G. Cheke, Jascha
Sohl-Dickstein, Melanie Mitchell, Douwe Kiela,
Murray Shanahan, Ellen M. Voorhees, Anthony G.
Cohn, Joel Z. Leibo, and Jose Hernandez-Orallo.
2023. Rethink reporting of evaluation results in AI.
Science, 380:136–138.

Rodolfo Corona, Sang T. Truong, Nhi N. Truong, Ritwik
Gupta, Fred Philippy, Atnafu Lambebo Tonja, Mena
Attia, Fahim Faisal, Kaushal Kumar Maurya, Belu
Ticona, Sumaya Nur Adan, Fazl Barez, Omar U. Flo-
rez, Supheakmungkol Sarin, Aseem Srivastava, Xi-
aoyuan Yi, Nick Haber, Dan Klein, Thamar Solorio,
and 3 others. 2026. Uplifting human decision making
in AI evaluation by automating benchmark validity
analysis. In Workshop on Combining Theory and
Benchmarks at ICML.

Meera Desai, Sang T. Truong, Hanna Wallach, Alex
Chouldechova, A. Feder Cooper, Jean Garcia-
Gathright, Daniel E. Ho, Abigail Z. Jacobs, Sanmi
Koyejo, Nicholas Pangakis, and Angelina Wang.
2026. What AI benchmarks actually measure: Adapt-
ing convergent and discriminant validity to interro-
gate fifty-six AI benchmarks. In Conference on Lan-
guage Modeling.

Cynthia Dwork, Vitaly Feldman, Moritz Hardt, Toniann
Pitassi, Omer Reingold, and Aaron Roth. 2015. The
reusable holdout: Preserving validity in adaptive data
analysis. Science.

Haiwen Feng, Long Lian, Lisa Dunlap, Jiahao Shu,
XuDong Wang, Renhao Wang, Trevor Darrell, Alane
Suhr, and Angjoo Kanazawa. 2025. Visually
prompted benchmarks are surprisingly fragile. arXiv
preprint arXiv:2512.17875.

Charles A. E. Goodhart. 1984. Problems of monetary
management: The UK experience. In Monetary The-
ory and Practice, pages 91–121. Macmillan.

Nika Haghtalab, Ariel D. Procaccia, Han Shao, Ser-
ena Lutong Wang, and Kunhe Yang. 2026. Pluralistic
leaderboards. In Proceedings of the 43rd Interna-
tional Conference on Machine Learning, volume 306
of Proceedings of Machine Learning Research, pages
39356–39375. PMLR.

Hadi Khalaf, Serena Lutong Wang, Daniel Halpern,
Itai Shapira, Flavio Calmon, and Ariel D. Procac-
cia. 2026. Robust AI evaluation through maximal
lotteries. In Proceedings of the 43rd International
Conference on Machine Learning.

Mitesh M. Khapra and Ananya B. Sai. 2021. A tuto-
rial on evaluation metrics used in natural language
generation. In Proceedings of the 2021 Conference
of the North American Chapter of the Association
for Computational Linguistics: Human Language
Technologies: Tutorials (NAACL-HLT), pages 15–19.

John P. Lalor, Pedro Rodriguez, João Sedoc, and Jose
Hernandez-Orallo. 2024. Item response theory for
natural language processing. In Proceedings of the
18th Conference of the European Chapter of the As-
sociation for Computational Linguistics: Tutorial
Abstracts (EACL), pages 9–13.

Percy Liang, Rishi Bommasani, Tony Lee, Dimitris
Tsipras, Dilara Soylu, Michihiro Yasunaga, Yian
Zhang, Deepak Narayanan, Yuhuai Wu, Ananya Ku-
mar, Benjamin Newman, Binhang Yuan, Bobby Yan,
Ce Zhang, Christian Cosgrove, Christopher D. Man-
ning, Christopher Ré, Diana Acosta-Navas, Drew A.
Hudson, and 31 others. 2023. Holistic evaluation of
language models. Transactions on Machine Learning
Research (TMLR).

Fengshuo Liu, Ying Liu, Ruize Sun, Lie Luo, and
Siyuan Guo. 2026. Coding agents have converged:
Why the swe-bench leaderboard can no longer order
its top entries, and what to measure instead. arXiv
preprint arXiv:2609.17394.

Frederic M. Lord. 1980. Applications of Item Response
Theory to Practical Testing Problems. Lawrence
Erlbaum Associates.

Ziqiao Ma, Michael Saxon, and Xiang Yue. 2025. The
science of benchmarking: What’s measured, what’s
missing, what’s next. Tutorial at the 39th Con-
ference on Neural Information Processing Systems
(NeurIPS).

David Manheim and Scott Garrabrant. 2018. Catego-
rizing variants of goodhart’s law. arXiv preprint
arXiv:1803.04585.

Samuel Messick. 1995. Validity of psychological as-
sessment: Validation of inferences from persons’ re-
sponses and performances as scientific inquiry into
score meaning. American Psychologist, 50(9):741–
749.

Moran Mizrahi, Guy Kaplan, Dan Malkin, Rotem Dror,
Dafna Shahaf, and Gabriel Stanovsky. 2024. State
of what art? a call for multi-prompt LLM evaluation.

25

https://aclanthology.org/2024.emnlp-tutorials.6/
https://aclanthology.org/2024.emnlp-tutorials.6/
https://doi.org/10.1126/science.adf6369
https://openreview.net/forum?id=ZFCV4cc9b6
https://openreview.net/forum?id=ZFCV4cc9b6
https://openreview.net/forum?id=ZFCV4cc9b6
https://arxiv.org/abs/2609.08812
https://arxiv.org/abs/2609.08812
https://arxiv.org/abs/2609.08812
https://doi.org/10.1126/science.aaa9375
https://doi.org/10.1126/science.aaa9375
https://doi.org/10.1126/science.aaa9375
https://proceedings.mlr.press/v306/haghtalab26a.html
https://proceedings.mlr.press/v306/haghtalab26a.html
https://proceedings.mlr.press/v306/khalaf26a.html
https://proceedings.mlr.press/v306/khalaf26a.html
https://aclanthology.org/2021.naacl-tutorials.4/
https://aclanthology.org/2021.naacl-tutorials.4/
https://aclanthology.org/2021.naacl-tutorials.4/
https://aclanthology.org/2024.eacl-tutorials.2/
https://aclanthology.org/2024.eacl-tutorials.2/
https://benchmarking.science/
https://benchmarking.science/
https://benchmarking.science/
https://doi.org/10.1162/tacl_a_00681
https://doi.org/10.1162/tacl_a_00681


Transactions of the Association for Computational
Linguistics, 12:933–949.

Ariel Procaccia, Ben Schiffer, Serena Wang, and Shirley
Zhang. 2025. Metritocracy: representative metrics
for lite benchmarks. Advances in Neural Information
Processing Systems, 38.

Inioluwa Deborah Raji, Emily M. Bender, Amanda-
lynne Paullada, Emily Denton, and Alex Hanna. 2021.
AI and the everything in the whole wide world bench-
mark. In NeurIPS Datasets and Benchmarks Track.

Richard Ren, Steven Basart, Adam Khoja, Alice Gatti,
Long Phan, Xuwang Yin, Mantas Mazeika, Alexan-
der Pan, Gabriel Mukobi, Ryan H. Kim, Stephen Fitz,
and Dan Hendrycks. 2024. Safetywashing: Do AI
safety benchmarks actually measure safety progress?
In The Thirty-eight Conference on Neural Informa-
tion Processing Systems Datasets and Benchmarks
Track.

Shivalika Singh, Angelika Romanou, Clémentine Four-
rier, David Ifeoluwa Adelani, Jian Gang Ngui, Daniel
Vila-Suero, Peerat Limkonchotiwat, Kelly Marchi-
sio, Wei Qi Leong, Yosephine Susanto, Raymond
Ng, Shayne Longpre, Sebastian Ruder, Wei-Yin
Ko, Antoine Bosselut, Alice Oh, Andre Martins,
Leshem Choshen, Daphne Ippolito, and 4 others.
2025. Global MMLU: Understanding and addressing
cultural and linguistic biases in multilingual evalua-
tion. In Proceedings of the 63rd Annual Meeting of
the Association for Computational Linguistics (Vol-
ume 1: Long Papers), pages 18761–18799, Vienna,
Austria. Association for Computational Linguistics.

Lintang Sutawika and Hailey Schoelkopf. 2024. Chal-
lenges in language model evaluations. Tutorial at the
41st International Conference on Machine Learning
(ICML).

Atnafu Lambebo Tonja, Srija Anand, Emilio Villa-
Cueva, Israel Abebe Azime, Jesujoba Oluwadara Al-
abi, Muhidin A. Mohamed, Debela Desalegn Yadeta,
Negasi Haile Abadi, Abigail Oppong, Nnaemeka Cas-
mir Obiefuna, Idris Abdulmumin, Naome A Etori,
Eric Peter Wairagala, Kanda Patrick Tshinu, Imani-
girimbabazi Emmanuel, Gabofetswe Malema, Al-
ham Fikri Aji, David Ifeoluwa Adelani, and Thamar
Solorio. 2026. Afri-MCQA: Multimodal cultural
question answering for African languages. In Pro-
ceedings of the 64th Annual Meeting of the Associa-
tion for Computational Linguistics (Volume 1: Long
Papers), pages 40249–40282, San Diego, Califor-
nia, United States. Association for Computational
Linguistics.

Sang Truong, Yuheng Tu, Percy Liang, Bo Li,
and Sanmi Koyejo. 2025a. Reliable and effi-
cient amortized model-based evaluation. Preprint,
arXiv:2503.13335.

Sang Truong, Serena Wang, Nick Haber, and Sanmi
Koyejo. 2026. Strategic evaluation: Incentivizing AI
capability coverage with private benchmarks.

Sang T. Truong, Yuheng Tu, Michael Hardy, Anka
Reuel, Zeyu Tang, Jirayu Burapacheep, Jonathan
Perera, Chibuike Uwakwe, Benjamin W. Domingue,
Nick Haber, and Sanmi Koyejo. 2025b. Fantastic
bugs and where to find them in AI benchmarks. In
Conference on Neural Information Processing Sys-
tems, Datasets and Benchmarks Track.

Serena Wang, Stephen Bates, P Aronow, and Michael
Jordan. 2024. On counterfactual metrics for social
welfare: Incentives, ranking, and information asym-
metry. In International Conference on Artificial In-
telligence and Statistics, pages 1522–1530. PMLR.

Serena Wang, Michael Jordan, Katrina Ligett, and R Pre-
ston McAfee. 2025. Relying on the metrics of eval-
uated agents. In Proceedings of the ACM on Web
Conference 2025, pages 1468–1487.

Parker Whitfill, Cheryl Wu, Joel Becker, and Nate Rush.
2026. Many swe-bench-passing prs would not be
merged into main. METR research note.

Max Zhang, Ameen Patel, Sang T. Truong, and Sanmi
Koyejo. 2026. Why do safety guardrails degrade
across languages? In Conference on Language Mod-
eling.

26

https://openreview.net/forum?id=YagfTP3RK6
https://openreview.net/forum?id=YagfTP3RK6
https://aclanthology.org/2025.acl-long.919/
https://aclanthology.org/2025.acl-long.919/
https://aclanthology.org/2025.acl-long.919/
https://icml.cc/virtual/2024/tutorial/35227
https://icml.cc/virtual/2024/tutorial/35227
https://doi.org/10.18653/v1/2026.acl-long.1869
https://doi.org/10.18653/v1/2026.acl-long.1869
https://arxiv.org/abs/2503.13335
https://arxiv.org/abs/2503.13335
https://aimslab.stanford.edu/papers/Truong2026StrategicEvaluation.pdf
https://aimslab.stanford.edu/papers/Truong2026StrategicEvaluation.pdf
https://arxiv.org/abs/2511.16842
https://arxiv.org/abs/2511.16842
https://metr.org/notes/2026-03-10-many-swe-bench-passing-prs-would-not-be-merged-into-main/
https://metr.org/notes/2026-03-10-many-swe-bench-passing-prs-would-not-be-merged-into-main/
https://arxiv.org/abs/2605.17173
https://arxiv.org/abs/2605.17173


Proceedings of the 5th Conference of the Asia-Pacific Chapter of the Association for Computational Linguistics and the 15th International Joint Conference on
Natural Language Processing: Tutorial Abstracts, pages 27–31

November 6-10, 2026 ©2026 Association for Computational Linguistics

Post-Deployment Self-Improving Language Agents:
Learning, Memory, and Adaptation

Estevam Hruschka
Megagon Labs

Mountain View, CA, USA
estevam@megagon.ai

Abstract

Large language models are increasingly deployed
as long-running language agents that retrieve in-
formation, use tools, maintain memory, and oper-
ate in environments that change after deployment.
Yet post-deployment learning is still often handled
as a loose collection of prompt edits, retrieval re-
freshes, memory writes, corrections, or occasional
fine-tuning. This tutorial develops a unified view of
post-deployment self-improving language agents:
systems that use deployment experience to produce
persistent changes that improve subsequent perfor-
mance while remaining empirically grounded, au-
ditable, and controllable.. We connect modern agent
research with never-ending, lifelong, and continual
learning while shifting the unit of analysis from
model parameters only to the complete deployed sys-
tem. We explore the literature, from classic papers
to very recent approaches. As running example, we
use a information-extraction agent that continuously
extracts typed entities and relations from an evolving
document stream into a persistent knowledge base, en-
counters new terminology and relations, receives cor-
rections and conflicting evidence, and uses retained
knowledge to influence later extraction. This example
grounds important questions: what should be learned,
what evidence should justify an update, where the
change should reside, and how it should be vali-
dated, governed, and evaluated over time. Particular
emphasis is placed on persistent state, learning sub-
strates, provenance, feedback loops, rollback, regres-
sion detection, forgetting, temporal generalization,
and trajectory-based evaluation. The material for this
tool is available at: github.com/megagonlabs/pdsi-
tutorial .

1 Motivation and Scope
NLP is moving from single-turn prediction toward
persistent language agents that retrieve documents,
call tools, maintain memory, interact with users, and
act over extended time horizons. Their environments

are inherently non-stationary: knowledge sources and
terminology change, APIs evolve, and new failure
modes emerge after release. Work on retrieval, tool
use, memory, reflection, post-training, and agent eval-
uation has consequently made adaptation a central
problem for NLP (Lewis et al., 2020; Schick et al.,
2023; Yao et al., 2023; Shinn et al., 2024; Salama
et al., 2025).

The tutorial goes beyond models that can adapt
within their current context: it explores whether a de-
ployed system can use experience to improve its sub-
sequent performance, and retain what it has learned
across interactions. A system may retrieve an up-
dated document without retaining anything from the
episode; conversely, it may keep its weights frozen
while learning a reusable extraction pattern, concept,
procedure, or routing rule. The scientific object is
therefore the evolving compound agent rather than
only a checkpoint.

To keep this argument concrete, we use a fictional
information-extraction agent, A1, throughout. A1
reads scientific and technical documents and extracts
typed entities and relations into an evolving knowl-
edge base (KB1). It is inspired by the closed-loop
pattern exemplified by DySECT, where extraction
populates a KB and accumulated knowledge feeds
back to improve later extraction (Amin-Naseri et al.,
2026). Our example extends that pattern to correc-
tions, provenance, ontology revision, conflicting evi-
dence, update gating, regression testing, and rollback,
and by conneting these aspects to recent approaches
described in the literature.

This perspective connects modern agents with life-
long learning’s emphasis on transfer (Thrun, 1998),
continual learning’s concern with change and preser-
vation (De Lange et al., 2022), and never-ending
learning’s sustained acquisition in systems whose cur-
rent knowledge shapes what they learn next (Carlson
et al., 2010; Mitchell et al., 2018).
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2 What Counts as Learning?
Self-improving systems are often described through
actions, such as generating a critique, retaining a
memory, updating a KB, revising a prompt, train-
ing or fine-tuning a model. None alone establishes
improvement. We distinguish four elements. Ex-
perience includes documents, extracted candidates,
feedback, failures, corrections, and observations. Per-
sistent state is information retained across the de-
clared episode or deployment boundary. Learning
substrates are components that may change, such as
memory, retrieval, structured knowledge, instructions,
tools, policies, evaluators, or parameters. Evaluation
determines whether the retained change improves a
declared capability without unacceptable regressions.

For A1, correcting (Model-X, evaluated-on,
Benchmark-Y) could mean fixing one triple, learn-
ing an alias, adding a negative example, revising an
ontology relation, changing the extraction prompt,
altering retrieval, or updating parameters. These are
different learning decisions with different scope and
risk.

Following Mitchell (1997), we adopt a
performance-based view of learning: a system learns
from experience E, with respect to a class of tasks T
and performance measure P , when its performance
on T , as measured by P , improves with E. For post-
deployment language agents, we additionally make
persistence explicit: the effect of experience must be
retained across the relevant interaction or deployment
boundary so that it can influence subsequent behavior.
A persistent update alone is therefore not evidence of
learning. A KB can accumulate falsehoods, memory
can amplify stale patterns, and parameter updates
can degrade previously reliable behavior; the learn-
ing claim requires evidence of improved subsequent
performance.

Never-ending learning further motivates a second
question: does accumulated experience improve not
only current performance, but also the system’s abil-
ity to learn subsequent tasks? We therefore consider
adaptation speed, evidence efficiency, transfer, preser-
vation, and recovery in addition to endpoint perfor-
mance.

3 Persistent State and Learning Substrates
Language agents provide more learning substrates
than parameter-centric formulations suggest. A1

makes these alternatives visible.
Memory and structured knowledge. The agent

can retain individual corrections and failure cases,
consolidate repeated evidence into concepts or rules,

and update document indices, entity catalogs, ontolo-
gies, and KB facts. Long-term memory work illus-
trates the general problem of what should be remem-
bered, consolidated, forgotten, or scoped (Maharana
et al., 2024; Salama et al., 2025); RAG illustrates the
separation between model parameters and external
knowledge access (Lewis et al., 2020).

Prompts, examples, policies, and tools. A val-
idated correction can become a few-shot example;
an ontology constraint can become a validation rule;
repeated ambiguity can trigger abstention or clarifi-
cation; and the system can acquire procedures for
normalization, entity resolution, contradiction check-
ing, or source verification. Tool-use and reflection
methods provide mechanisms that can participate in
such loops (Schick et al., 2023; Yao et al., 2023;
Madaan et al., 2023; Shinn et al., 2024).

Model parameters. Model training (FST, RL, con-
tinuous pre-training, etc.) remains important when re-
peated evidence suggests a broad pattern that should
generalize beyond explicit memory or prompting. But
parameter updates are one substrate among many and
are often harder to attribute, reverse, and audit than
localized changes. The recurring question is: where
should this experience be learned? We compare sub-
strates by persistence, scope, reversibility, general-
ization, cost, provenance, and the risk that an error
propagates into future decisions.

The tutorial also distinguishes what is being
learned. For A1, knowledge includes facts, entity
identities, taxonomic relations, and temporal scope;
skills include extraction, normalization, entity resolu-
tion, and verification procedures; policies determine
retrieval, routing, abstention, promotion, and recov-
ery; and self-monitoring includes uncertainty, con-
tradiction detection, and failure prediction. A single
incident may bear on several targets, but the evidence
needed to justify each can differ. A corrected triple
may justify a local fact update without justifying a
new global extraction rule. This separation helps
prevent a common failure mode in self-improving
systems: generalizing an update beyond the scope
actually supported by the evidence. Special attention
should be given to the forgetting ability, that is key
for the parametric knowledge, but not necessarily the
same in a post-deployment system. (where forgetting
can prevent evidence accumulation)

4 Running Example: A1

A1 begins with a fixed extractor, relation schema,
document retriever, and sparse KB1. It processes
documents and produces records such as (method,
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evaluated-on, benchmark), (system, uses, model), or
(organization, develops, technology). Across the tu-
torial, A1 encounters a sequence of incidents. Sev-
eral documents first use a new term for an existing
concept: should the agent learn an alias, create a con-
cept, or leave the ambiguity unresolved? Repeated
evidence then suggests a relation absent from the
ontology: when is schema expansion justified, and
should older extractions be revisited? A curator cor-
rects a mistaken relation: is this an instance repair
or evidence for a reusable rule? Later, documents
support incompatible triples, raising questions about
provenance, source authority, temporal validity, and
uncertainty.

The key incident comes when KB1 feeds accu-
mulated knowledge back into extraction. Validated
concepts and relations can improve later recognition,
as in closed-loop extraction systems such as DySECT
(Amin-Naseri et al., 2026). But the same mechanism
can create a self-reinforcing error: an incorrect con-
cept biases future extraction, which then produces
apparently supporting evidence for that concept. Per-
sistent state has changed not only predictions but also
the evidence the system is likely to encounter next.

Finally, authoritative evidence invalidates an ear-
lier belief or ontology decision. A1 must revise rather
than merely append/forget. Successful learning may
therefore require making an old belief inactive while
retaining provenance needed for historical questions
or diagnosis. But, the old belief should not be for-
gotten, as it might happen that new future evidence
can make it valid again. The same incidents are revis-
ited through the lenses of substrates, evidence, gov-
ernance, and evaluation so that the tutorial develops
one cumulative argument.

5 Evidence and Governed Improvement
Persistent adaptation alone is insufficient. An extrac-
tion system that promotes every candidate can learn
from copied misinformation, correlated documents,
noisy feedback, adversarial content, or self-generated
evidence that merely echoes its current beliefs. Post-
deployment learning therefore requires an explicit
transition from experience to evidence to confidence
update to an authorized state change.

For A1, a candidate triple is not automatically
knowledge. Relevant evidence includes the source
passage, provenance, temporal scope, relation con-
straints, corroborating or contradicting sources, and
review status/confidence. Several pages quoting one
original source do not constitute independent cor-
roboration. A curator may be authoritative about
a schema decision but not every factual claim. A

model-generated explanation may help locate an er-
ror without being sufficient evidence for a persistent
update.

This framing separates autonomous update gen-
eration from autonomous update deployment. A1

may propose a relation type, rule, memory, or train-
ing example without being authorized to promote it
directly. Validation gates, staged release, provenance,
rollback, and runtime constraints support bounded au-
tonomy (Wang et al., 2025; Zhu et al., 2025). Closed-
loop feedback makes independence especially im-
portant: if a mistaken ontology category influences
retrieval, prompting, and judging, agreement among
those components may reflect a shared error. The cor-
rect learning decision can therefore be to quarantine,
defer, or reject an update.

Contradiction is likewise not always an error to
eliminate. Two sources may describe different time
periods, domains, or definitions. A1 should first align
scope before choosing among them, and it may pre-
serve both records with explicit validity conditions.
This makes revision different from indiscriminate for-
getting: an obsolete active belief can become inactive
for current extraction while remaining available for
historical reasoning and audit. Evidence can there-
fore justify retention, revision, rejection, or deliberate
non-update.

6 Evaluation Through Time
Post-deployment learning evaluation focuses on
whether an evolving system becomes more capable
while preserving capabilities that still matter. Snap-
shot precision, recall, or F1 are necessary but insuffi-
cient.

Update effects: whether one retained change im-
proves behavior relative to a matched starting config-
uration: does learning an alias improve entity linking
on unseen documents beyond the corrected instance?
Update-policy effects: whether rules for proposing
and committing changes produce useful trajectories
across many incidents: do high-confidence KB1 ad-
ditions improve later extraction without amplifying
false relations? Deployment effects: whether the
evolving system remains beneficial under the chang-
ing document stream and task definition.

Metrics therefore span extraction quality (preci-
sion, recall, calibration, error type), knowledge-state
quality (contradictions, provenance, stale facts, ontol-
ogy coherence), and learning quality (gain, durability,
transfer, forgetting, evidence efficiency, regression,
and recovery). A larger KB is not itself evidence of
better competence, and success on previously cor-

29



rected cases is not evidence of generalization.
The preservation target must also be explicit. If a

relation type has genuinely become obsolete, chang-
ing current behavior is not forgetting; if the task still
requires both old and new usages, collapsing them is
a regression. Likewise, learning speed and cumula-
tive benefit matter: an update policy that eventually
reaches the same quality as a frozen baseline may
still be valuable if it needs less supervision on later
concepts, while one that repeatedly relearns the same
distinction has not demonstrated effective cumulative
learning.

Temporal evaluation matters when world knowl-
edge or task definitions change (Tang et al., 2025;
Jiang et al., 2026). Evaluation data must also be pro-
tected from repeated optimization: if documents used
to choose ontology updates are recycled as evidence
of success, adaptive overfitting can masquerade as
continual improvement. Thus, we emphasize held-
out or delayed evaluation channels, regression suites,
exposure tracking, and explicit accounting for dis-
tributional change. And also, which capabilities im-
proved, which remained reliable, at what cost, over
what horizon, and under what comparison.

7 Tutorial Structure and Learning Outcomes
Part I – From train-once/deploy-many to learn-
ing after deployment (20 min). System boundaries
and the difference between transient adaptation and
persistent learning, introduced through A1’s static
extraction baseline.

Part II – Foundations for learning under change
(25 min). Lifelong, continual, and never-ending
learning; transfer, stability, plasticity, forgetting, drift,
consolidation, and cumulative acquisition.

Part III – Persistent state and learning sub-
strates (30 min). Memory, retrieval, structured
knowledge, ontologies, prompts, tools, policies, eval-
uators, and parameter updates; A1 illustrates where a
correction or new concept should reside.

Part IV – Experience and evidence (25 min).
Candidate extractions, corrections, retrieved and syn-
thetic evidence, contradiction, provenance, depen-
dence, and temporal scope.

Part V – Governed self-improvement (30 min).
Update proposals, schema changes, validation, au-
thorization, staged deployment, rollback, selective
forgetting, and autonomy.

Part VI – Longitudinal evaluation (30 min). Ex-
traction and knowledge-state quality, regression de-
tection, transfer, forgetting, temporal generalization,
evaluation exposure, and trajectory-based compari-
son.

Part VII – A1 exercise and open problems (10

min). Participants diagnose an extraction failure,
choose among an instance correction, memory up-
date, ontology change, policy revision, or model up-
date, specify admissible evidence and validation, and
decide whether the proposal should be promoted. A
10-minute break is included separately.

Participants should leave with: (1) a framework for
distinguishing learning from transient adaptation and
improvement from mere state growth; (2) a vocabu-
lary for deciding what an agent should learn, where
it should reside, and how it should be governed; and
(3) an evaluation framework for testing whether an
evolving agent genuinely improves over time.

8 Breadth, Ethics, and Materials
The tutorial is not about a single IE architecture. A1 is
a pedagogical thread connecting language agents, re-
trieval and memory, post-training, never-ending and
continual learning, knowledge representation, and
evaluation under non-stationarity. The principles ap-
ply equally when persistent state is stored in memo-
ries, documents, code, tools, policies, or parameters.

Post-deployment learning also creates risks: persis-
tent stores can expose private or proprietary informa-
tion; feedback loops can amplify bias or misinforma-
tion; schema changes can erase useful distinctions;
and temporary attacks or extraction errors can be-
come durable state. We emphasize data minimization,
provenance, access control, temporal validity, vali-
dation, rollback, appropriate human or institutional
authority, and monitoring for uneven regressions. The
objective is inspectable, empirically evaluated adap-
tation rather than unconstrained self-modification.

Slides, a reading list, conceptual and evaluation
maps, and worked exercises will be made available
(github.com/megagonlabs/pdsi-tutorial). The tutorial
targets NLP/LLM researchers, practitioners working
on adaptive or agentic NLP systems, and graduate
students familiar with modern neural NLP and LLMs;
prior background in continual or never-ending learn-
ing is not required.

9 Conclusion
As language models become persistent agents, learn-
ing cannot be identified only with parameter updates.
A corrected triple or newly discovered concept mat-
ters scientifically only when we can explain what
persisted, why the evidence justified the change, how
it affected later behavior, and whether benefits sur-
vived without unacceptable regressions. The tutorial
develops this system-level perspective as a bridge be-
tween lifelong, continual, and never-ending learning
and the challenge of building language agents that
can improve responsibly after deployment.
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Küttler, Mike Lewis, Wen-tau Yih, Tim Rocktäschel,
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Abstract
Despite well-known hallucination issues,
LLMs have become an increasingly indispens-
able source of information, and the underlying
technology has advanced rapidly to make their
answers far more reliable. Early on, Retrieval-
Augmented Generation (RAG) emerged as the
dominant remedy, grounding LLM responses
in external knowledge and evolving from sim-
ple retrieve-then-read pipelines into modular,
graph-enhanced, and agentic systems. More
recently, Agentic Deep Research has pushed
the frontier further, equipping LLMs with au-
tonomous planning, multi-hop investigation,
and iterative synthesis to tackle open-ended
questions that no single retrieval pass can an-
swer. This tutorial offers an in-depth treatment
of modern RAG and Deep Research, grounded
in an AI-assisted systematic analysis of 2,000+
recent papers (2020–2026). Attendees will
leave with a structured roadmap, evidence-
backed practical recommendations, and a clear
map of open research opportunities.

1 Motivation and Scope

The way people seek information is being rebuilt
around LLMs: users now turn to AI assistants for
everything from quick lookups to in-depth inves-
tigations. Yet LLMs remain prone to hallucina-
tions and stale knowledge (Tonmoy et al., 2024;
Yang et al., 2024a), making trustworthy, current,
well-grounded answers one of the field’s central
engineering challenges.

Retrieval-Augmented Generation (RAG) en-
hances Large Language Models (LLMs) by re-
trieving relevant external knowledge at inference
time rather than relying solely on parametric mem-
ory (Huang et al., 2023; Ji et al., 2023). RAG re-
duces hallucinations with grounded generation, and
offloads long-tail factual knowledge to external cor-
pora, enabling smaller, more efficient models with-
out sacrificing coverage (Gao et al., 2024). How-
ever, RAG itself introduces new challenges: noisy

retrieval, knowledge conflicts between parametric
and retrieved information, and wasted computation
from unnecessary retrieval. The past three years
have witnessed a burst of research aimed at improv-
ing RAG’s factuality, robustness, generalizability,
and latency.

The next leap is already underway. Products
such as Gemini Deep Research, OpenAI Deep Re-
search, and Claude Research go beyond single-
pass retrieval, equipping LLMs with Agentic Deep
Research capabilities—planning multi-step inves-
tigations, issuing iterative searches and tool calls,
and synthesizing comprehensive reports. Deep Re-
search opens the door to open-ended queries while
raising new challenges in planning, long-horizon
credit assignment, faithful synthesis, and explo-
ration cost.

This tutorial offers a comprehensive treatment
of both. For RAG, we organize the landscape
into three paradigms—Modular Pipeline, Graph-
Enhanced, and Agentic RAG. For Deep Research,
we cover system architectures, planning and tool-
use strategies, and evaluation. We also situate both
within context engineering, agentic systems, and
long-term memory, and discuss multi-modal exten-
sions across text, images, and structured data.

This tutorial is itself an instance of AI-facilitated
Deep Research in action. The authors first read
∼150 classical papers to develop an initial tax-
onomy, then employ a research agent to analyze
∼2,000 additional papers on Factuality, RAG, and
Agent (2020–2026) to generate comprehensive
summaries1. The presenters curate and enrich this
synthesis with first-hand practical insights that may
not be documented elsewhere. New papers will
continue to be incorporated before and after the
tutorial to support ongoing learning. This combina-
tion of AI-driven synthesis with expert curation in

1papers.lunadong.com/area/factuality;
papers.lunadong.com/area/rag; papers.lunadong.
com/area/agent.
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itself is a contribution, setting a replicable model
for future tutorials and surveys.

1.1 Tutorial Type
This is a cutting-edge tutorial. It synthesizes the
rapid advances in RAG from 2020–2026, with par-
ticular emphasis on emerging paradigms (graph-
enhanced and agentic RAG) and techniques (RL-
driven retrieval policies, deep research agents) from
2025–2026 that have not yet been covered in prior
tutorials. While we provide sufficient background
for newcomers with basic LLM familiarity, the
primary focus is on presenting the latest research
frontier and open problems.

1.2 Target Audience and Prerequisites
• Researchers in NLP, data mining, and knowl-

edge management seeking a structured map of
the RAG landscape with clear identification of
open problems.

• Applied scientists and engineers building pro-
duction LLM systems that need evidence-backed
guidelines for choosing among RAG architec-
tures and retrieval strategies.

• Graduate students entering the field who wish
for a comprehensive entry point to 2K+ papers
organized by topic, paradigm, and timeline.

Prerequisites: Familiarity with basic LLM con-
cepts (pre-training, fine-tuning, prompting). No
prior knowledge of RAG or hallucination detection
is assumed.

2 Related Work

No prior tutorial covers the complete 2023–2026
RAG landscape. Ours introduces a three-paradigm
framework (Modular, Graph-Enhanced, Agentic),
incorporates 18+ months of advances beyond the
most recent tutorial—including RL-driven retrieval
policies, GNN-LLM integration, multi-hop reason-
ing, and autonomous agentic systems—and pro-
vides evidence-backed deployment recommenda-
tions synthesized from ∼2000 papers.

3 Tentative Schedule (3 Hours)

3.1 Introduction & Factuality Overview (30
min)

We open by demonstrating failure modes of stan-
dalone LLMs on knowledge-intensive tasks: out-
dated facts, entity confusion, confident fabrication,
and multi-hop reasoning breakdowns. We provide
a high-level overview of the factuality landscape,

preview the two-pronged solutions as two sides of
the coin: knowledge internalization and hallucina-
tion suppression—improving what models know
and how reliably they express it, and retrieval-
augmented generation—grounding in external ev-
idence. We show RAG’s evolution timeline from
simple retrieve-and-read pipelines (2023) through
adaptive and graph-enhanced architectures (2024)
to autonomous RL-driven agentic systems (2025–
2026), based on our systematic analysis of ∼2000
papers. The remainder of the tutorial deep-dives
into RAG.

3.2 RAG Deep Dive (60 min)
The next part of the tutorial provides a comprehen-
sive survey of RAG, across Modular Pipeline RAG
and Graph-Enhanced RAG.

3.2.1 Modularized RAG Pipeline (40 min)
We introduce the five-stage modular architecture—
triggering, query rewriting, retrieval, post-
processing, and answer generation—as indepen-
dently optimizable components (Gao et al., 2024;
Lewis et al., 2020). We trace the evolution from
monolithic retrieve-and-read (2023) to modular,
swappable pipelines (2024—2025) and show how
each stage can be upgraded independently.

1. RAG Triggering—When not to retrieve: adap-
tive triggering is the first and most impact-
ful efficiency decision. We analyze the cost—
quality trade-off and provide guidelines for
choosing a triggering strategy based on de-
ployment constraints.

2. Query Rewriting—Transforming user queries
for effective retrieval. We describe various
strategies and identify which strategies work
best for single-hop vs. multi-hop questions.

3. Retrieval—The retrieval stage itself: We fo-
cus on the surprising finding that retrieval rel-
evance correlates weakly with downstream
generation quality—what matters is informa-
tiveness, not similarity.

4. Post-processing & Context Compression—
What to do with retrieved passages before
feeding them to the generator: We describe
various methods for reranking, context com-
pression, and position bias mitigation.

5. Answer Generation & Knowledge Conflicts.—
The final generation stage: We focus on
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noise-resilient generation that maintains qual-
ity even with imperfect retrieval, and the criti-
cal problem of knowledge conflicts:

There are a lot of studies on each component,
and we focus on explaining how the most promi-
nent problem is solved. Additionally, we highlight
how each component can be extended to answer
complex questions, where assembling and reason-
ing is essential.

3.2.2 Graph-Enhanced RAG (20 min)
Graph-enhanced RAG pipelines construct Knowl-
edge Graphs (KGs) from corpora and leverage
graph structure to enable structured reasoning. We
explain how KG construction and hybrid retrieval
combine structured and unstructured knowledge for
RAG, how we integrate Graph Neural Networks
(GNN) with LLM reasoning, and how we tackle
multi-hop questions that require chaining evidence
across graph nodes for Complex QA.

3.3 Agentic Deep Research Deep Dive (60
min)

Building on the traditional RAG foundations, we
then examine how Agentic Deep Research extends
retrieval into autonomous, multi-step investigation.

3.3.1 Agentic RAG (30 min)
Static single-pass retrieval fails on complex multi-
hop questions, wastes compute on simple queries,
and cannot adapt to varying information needs dur-
ing generation. Recent Agentic AI trend leads
to the Agentic RAG pipelines that iteratively de-
cide whether to retrieve, what to retrieve, and
how to integrate external knowledge during lan-
guage model decoding, treating RAG as a dy-
namic decision-making process. We describe
the paradigm shift from hand-crafted pipelines to
learned retrieval policies, and how to scale agentic
RAG to reasoning-heavy queries.

3.3.2 Deep Research (30 min)
While agentic RAG enables dynamic retrieval deci-
sions during generation, Deep Research extends
this paradigm to autonomous, long-horizon re-
search workflows. Motivated by complex infor-
mation needs (e.g., literature surveys, competitive
analyses) that exceed single-query RAG, deep re-
search agents operate over minutes to hours, it-
eratively browsing the web, reasoning over gath-
ered evidence, and producing structured long-form
reports grounded in cited sources. We describe

key techniques at each stage of the deep research
pipeline (intent clarification and planning, web ex-
ploration, reasoning and synthesis, and report gen-
eration) and examine how modern systems execute
this pipeline.

3.4 Synthesis & Future Directions (30 min)

We conclude the tutorial with key takeaways or-
ganized by practitioner profile (researcher, engi-
neer, student), with evidence-backed guidelines
for choosing the right RAG architecture. We re-
view the emerging trends that shape the future
of RAG: RL transforming RAG into autonomous
agentic systems with process-level supervision;
multimodal RAG extending retrieval and gener-
ation to images, video, and tables; the convergence
of modular, graph-based, and agentic paradigms
into hybrid architectures; domain-specific RAG de-
ployment in healthcare, finance, and legal domains
with specialized benchmarks; and long-context
trade-offs as context windows scale to millions of
tokens. Finally, we discuss open research oppor-
tunities to inspire more research in this field: uni-
fied retrieval-generation architectures, adversarially
robust retrieval, long-form and multi-turn RAG for
dialogue systems, scalable graph construction for
knowledge-intensive domains, compute-optimal in-
ference balancing retrieval cost vs. quality, and effi-
cient agentic RAG for latency-sensitive production
deployments.

4 Audience Engagement Strategies

We employ three strategies to encourage participa-
tion throughout:
Running example: A single compound question
evolves across all sessions, with each technique
showing concrete improvement over the previous
solution, providing a narrative thread that builds
intuition incrementally.
Live polls: At key decision points, attendees pre-
dict outcomes before we reveal benchmark results,
encouraging active reasoning about trade-offs.
Online companion: The interactive survey we
maintain over time will let attendees explore papers,
methods, timelines, and benchmarks during and
after the tutorial, extending engagement beyond
the session.

5 Estimated Audience Size

We estimate an audience of 200–300 attendees.
RAG has become one of the most actively re-
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searched areas in NLP, and interest has grown
steadily over the past three years. Related tutorials
have drawn increasing audiences:
• Retrieval-Augmented Text Generation, IJCAI

2022 (∼50 attendees).
• Retrieval-based Language Models and Applica-

tions, ACL 2023 (∼150 attendees).
• RAG Meets LLMs, KDD 2024 (∼100 attendees).
• RAG for AI-Generated Content, ACL 2024

(∼200 attendees).
The tutorial team also organized the KDD Cup
2024 (CRAG (Yang et al., 2024a)) and KDD Cup
2025 (CRAG-MM (Wang et al., 2025a)) competi-
tions on RAG, which collectively attracted ∼3K
registered participants across ∼600 teams, further
demonstrating strong community interest. Our
tutorial offers the most comprehensive coverage
to date—spanning modular, graph-enhanced, and
agentic paradigms with 18+ months of advances
beyond the most recent tutorial—and we expect
continued growth in audience size.

6 Reading List

The following papers provide essential background
and representative coverage across the three RAG
paradigms. Asterisked entries (*) are recom-
mended pre-reading.
* Lewis et al. (2020). The original paper introduc-

ing RAG for knowledge-intensive NLP tasks.
* Gao et al. (2024). A comprehensive survey of

RAG for LLMs, covering architecture taxonomy
and evaluation.

* Huang et al. (2023). A survey on hallucination
in LLMs, motivating the need for RAG.

• Guu et al. (2020). REALM: retrieval-augmented
language model pre-training, an early founda-
tional approach.

• Asai et al. (2023). Self-RAG: learning to retrieve,
generate, and critique through self-reflection.

• Jiang et al. (2023b). FLARE: active retrieval
augmented generation with adaptive triggering.

• Edge et al. (2024). GraphRAG: a graph-based
approach to query-focused summarization.

• Jin et al. (2025). Search-R1: training LLMs to
reason and leverage search engines with rein-
forcement learning.

• Yang et al. (2024a). CRAG: a comprehensive
benchmark for end-to-end RAG systems.

• Ni et al. (2025). A recent survey on trustworthy
RAG, covering robustness and reliability.

A complete reading list of ∼2000 papers, organized

by topic and continuously updated, is available at
the tutorial’s online companion1.

7 Societal Impact

Positive impacts: More reliable LLM systems in
high-stakes domains; better-informed deployment
decisions grounded in evidence from ∼2000 pa-
pers and the tutors’ real practice; acceleration of
research toward robust retrieval-augmented archi-
tectures; democratized access through openly avail-
able interactive survey materials.
Potential concerns: Improved RAG performance
could create false confidence if systems are de-
ployed without rigorous evaluation—we explicitly
discuss current limitations. Adversarial robustness
remains an open challenge, and no existing defense
is universally robust. We emphasize that current
RAG techniques significantly reduce but do not
eliminate hallucination risk.

8 Ethics Statement

This tutorial covers RAG techniques whose primary
goal is to reduce hallucinations and improve LLM
factual reliability–an inherently ethics-positive ob-
jective. Still, several considerations arise. First,
RAG reduces but does not eliminate hallucination
risk, and improved performance may encourage de-
ployment with insufficient human oversight; we
address current limitations throughout and cau-
tion against treating RAG as a complete factual-
ity solution. Second, agentic RAG and deep re-
search systems that autonomously browse and syn-
thesize web content pose dual-use concerns: the
same capabilities enabling trustworthy information
gathering could produce more convincing source-
grounded disinformation. We discuss adversarial
robustness and responsible deployment as open
challenges. Third, retrieval over personal or sensi-
tive data–especially for the wearable device appli-
cations covered–raises privacy concerns requiring
appropriate access controls and data governance.
Finally, this tutorial uses AI-assisted analysis of
∼2000 papers; all AI-generated summaries are cu-
rated and verified by the presenters for accuracy
and proper attribution.

9 Limitations

This tutorial has no venue-specific limitations: the
topic is broadly relevant, not region-specific, and
requires only standard presentation equipment.
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10 Tutors

We have a strong set of tutors, including early inven-
tors of RAG, active researchers, industry practition-
ers (with extra insights from wearables devices),
and strong system builders. The same team also
hosted KDDCups on RAG (CRAG (Yang et al.,
2024a), CRAG-MM (Wang et al., 2025a)) in the
past two years.

10.1 In-Person Presenters
Xin Luna Dong (Email: lunadong@meta.com.
Phone: 1-201-650-3494) (Corresponding Tutor)
is a Principal Scientist at Meta Wearables AI, where
she leads the RAG and Agentic AI efforts for build-
ing trustworthy and personalized assistants on wear-
able devices. Previously, she spent over a decade
advancing knowledge graph technology, including
the Amazon Product Graph and the Google Knowl-
edge Graph. She is co-author of Machine Knowl-
edge: Creation and Curation of Comprehensive
Knowledge Bases and Big Data Integration. She
was named an ACM Fellow and an IEEE Fellow for
"significant contributions to knowledge graph con-
struction and data integration", awarded the VLDB
Women in Database Research Award and VLDB
Early Career Research Contribution Award, and
invited as an ACM Distinguished Speaker. She
has presented many tutorials in the past at KDD,
WebConf, WSDM, ACL, VLDB, SIGMOD, etc.
She serves in the PVLDB advisory committee,
was a member of the VLDB endowment, a PC
co-chair for KDD’2022 ADS track, WSDM’2022,
VLDB’2021, and Sigmod’2018.
Sanat Sharma is a Research Engineer at Meta Re-
ality Labs, working on LLMs, RAG, post training,
and NLP. Sanat has contributed to multiple confer-
ence papers in venues like ICLR, CVPR, SIGIR,
AAAI, ICDM, ECIR. Sanat was an organizer for
the KDD 2025 Cup.
Jiaqi Wang is a Machine Learning Engineer at
Meta Reality Labs. Her recent work focuses on
RAG and Multimodal LLMs. She built the CRAG-
MM benchmark and organized the associated KDD
Cup competition and workshop. Prior to Meta,
she developed personalized ranking models for e-
commerce recommendation systems.
Yinglong Xia is an Applied Research Scientist at
Meta Recommendation Systems (MRS), where he
focuses on large-scale recommendation systems
with knowledge-driven AI technology for person-
alization. Prior to that, he was a Chief Architect

on Enterprise AI at Futurewei / Huawei US, and
a Research Staff Member and a Postdoc at IBM
T.J. Watson Research Center. He published 100+
technical papers and 40+ patents. He is active in
professional activities, such as serving as an AE
for IEEE TBD/TKDE, an ADS area chair at KDD
2025 and 2026, an industry co-chair at CIKM 2024
and WSDM 2026, etc.

Xiao Yang is a Research Scientist at Meta Reality
Labs. Her recent research focuses on RAG, factual-
ity, and agentic AI. Prior to Meta, Xiao focused on
Natural Language Understanding at Siri, Apple Inc.
Xiao published multiple papers in major AI venues
like NeurIPS, EMNLP, NAACL. She also served
as the organizer of 2024 and 2025 KDD Cups.

10.2 Contributors

Kai Sun is a Research Scientist at Meta Reality
Labs. His recent research focuses on RAG, LLM
factuality, and knowledge retrieval, particularly for
applications on wearable devices. He served as an
organizer for the 2024 and 2025 KDD Cups, both
focused on RAG, and has been an area chair for
major NLP venues since 2022.

Scott Wen-tau Yih is a Research Scientist at Meta
Fundamental AI Research (FAIR) and an affili-
ate professor at University of Washington. Prior
to this, he held notable positions as Principal Re-
search Scientist at the Allen Institute for Artificial
Intelligence (2017-2019) and Senior Researcher at
Microsoft Research (2005-2017), after receiving
his PhD from the University of Illinois at Urbana-
Champaign in 2005. Dr. Yih has published numer-
ous influential papers, including WikiQA, DPR,
and RAG, which have garnered significant recog-
nition. He received the best paper award from
CoNLL’11 and an outstanding paper award from
ACL’15. Additionally, he has served in various
leadership roles within the NLP and ML com-
munities, including program co-chairs (CEAS’09,
CoNLL’14, EMNLP’21) and senior area chairs for
NLP (ACL, NAACL, EMNLP, EACL) and ML
(ICLR, NeurIPS) conferences. In 2024, Dr. Yih
was selected as an ACL Fellow for “significant con-
tributions to information extraction and question
answering, neural retrieval and retrieval-augmented
generation.”

Franklin Zhang is a student at UW CSE, respon-
sible for the infrastructure and maintenance of the
Online AI Companion, and actively shapes the tu-
torial content with fresh learning perspectives.
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Abstract

Diffusion language models (DLMs) have re-
cently emerged as a non-autoregressive ap-
proach to language generation, enabling par-
allel, iterative, and refinement-based decoding
beyond the conventional left-to-right paradigm.
This tutorial offers the NLP community a tech-
nical map of this emerging field: starting from
diffusion formulations for text, we clarify their
connections to autoregressive language mod-
eling, masked language modeling, and earlier
iterative generation methods. We then survey
recent progress in large-scale DLMs, efficient
inference, training objectives, and post-training,
including reinforcement learning for reasoning
and alignment. Throughout the tutorial, we
treat DLMs not as a solved replacement for au-
toregressive language models, but as a rapidly
developing paradigm whose efficiency claims,
controllability, practical assessment, and de-
ployment implications require careful exam-
ination. We close by discussing representa-
tive open directions, from broader formulations
such as flow-based language modeling to reli-
ability, safety, and social bias as key require-
ments for the social acceptability of DLMs.

1 Motivation and Relevance

Autoregressive language models have become the
dominant paradigm for open-ended text generation,
driven by Transformer architectures and their suc-
cessful scaling to modern LLMs (Vaswani et al.,
2017; Grattafiori et al., 2024). Yet their left-to-
right factorization imposes a fundamental sequen-
tial structure: each token is generated after the
previous one, even when many parts of an output
could in principle be predicted, revised, or refined
in parallel. Diffusion language models (DLMs)
revisit this limitation in the LLM era by replacing
single-pass next-token continuation with iterative
denoising and refinement, allowing multiple tokens
to be updated within the same generation step. This
makes DLMs attractive not only for controllable

or infilling-style generation, but also as a possi-
ble route toward few-step, parallel, and ultra-fast
language generation.

The topic is timely because DLM research has
rapidly moved from early text diffusion and dis-
crete generative modeling toward scalable language
modeling. Early work introduced continuous dif-
fusion for controllable text generation and dis-
crete diffusion in structured spaces (Li et al., 2022;
Austin et al., 2021). More recent work has clarified
how diffusion can be applied to discrete text by
studying different corruption processes, denoising
objectives, and interpretations of masked or dis-
crete diffusion models (Lou et al., 2024; Ou et al.,
2024; Shi et al., 2024; Sahoo et al., 2024, 2025).
Together, these developments connect DLMs to
masked language modeling and iterative refinement
while raising broader questions about the right for-
mulation for text generation (Devlin et al., 2019;
Ghazvininejad et al., 2019).

Recent scaling results have further raised the
stakes. Masked DLMs have been scaled on text,
large language diffusion models such as LLaDA
and Dream have attracted broad attention, and
follow-up work has explored long-context gener-
ation, code generation, and hybrid autoregressive–
diffusion architectures (Nie et al., 2025a,b; Ye et al.,
2025; Liu et al., 2025a; Gong et al., 2025; Arriola
et al., 2025; Wang et al., 2025b). In parallel, the
literature has rapidly expanded along two practi-
cal axes: making DLM generation faster through
improved decoding, caching, early stopping, and
distillation (Ma et al., 2025; Liu et al., 2025b; Wu
et al., 2025; Israel et al., 2025; Wei et al., 2025;
Luxembourg et al., 2025; Deschenaux and Gul-
cehre, 2025; Zheng et al., 2026; Zhang et al., 2026;
Oba et al., 2026a), and adapting training or post-
training methods to diffusion trajectories (He et al.,
2025; Zhao et al., 2025; Tang et al., 2026; Wang
et al., 2026; Oba et al., 2026b). This rapid growth
makes DLMs an important but difficult area for
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NLP researchers to enter.
At the same time, the central promise of DLMs

is not yet settled. Practical speedups depend
on the number of denoising steps, wall-clock la-
tency, memory use, caching, sampling schedules,
and quality degradation under few-step generation.
These limitations are already motivating broader
formulations of non-autoregressive generation, in-
cluding flow-based language modeling, which sug-
gests that current DLMs should be understood as
part of a still-evolving design space rather than as
a completed replacement for autoregressive LMs
(Lipman et al., 2023; Lee et al., 2026; Hu et al.,
2026; Deschenaux and Gulcehre, 2026). Thus, a
tutorial is needed not only to explain how DLMs
work, but also to clarify what they currently enable,
where they remain weak, and what kinds of future
formulations may address their limitations.

Finally, if DLMs become practical generation
systems, their social acceptability must be studied
as seriously as their efficiency. Fairness, safety,
and reliability have become central concerns for
autoregressive LMs, but they remain largely under-
explored for diffusion-based generation. This is
concerning because DLMs generate through differ-
ent mechanisms—masking, denoising, confidence
estimation, and iterative refinement—which may
create different bias propagation and safety failure
modes. This tutorial therefore positions social bias,
safety, and reliability as key open problems for
the NLP community, alongside technical questions
about inference, training, post-training, and evalu-
ation (Kaneko et al., 2022; Kaneko and Bollegala,
2022; Oba et al., 2024).

2 Tutorial Overview and Learning Goals

This tutorial focuses on diffusion language models
as an emerging approach to non-autoregressive lan-
guage generation. The core scope is DLMs them-
selves: their foundations, scalable model families,
inference algorithms, training and post-training
methods, and unresolved limitations. We discuss
related frontiers such as flow-based language mod-
eling, fairness, and safety as open directions moti-
vated by the current limits of DLMs, rather than as
separate primary topics (Lipman et al., 2023; Lee
et al., 2026; Hu et al., 2026).

The tutorial has four learning goals. First, par-
ticipants will place DLMs in context: how they
depart from left-to-right language models, inherit
ideas from masked language modeling and it-

erative refinement, and differ from earlier non-
autoregressive decoding methods (Vaswani et al.,
2017; Devlin et al., 2019; Ghazvininejad et al.,
2019; Gu et al., 2019). Second, they will learn
the main design choices behind diffusion over text,
including absorbing-mask and uniform noising pro-
cesses, denoising objectives, sampling procedures,
and recent interpretations of discrete diffusion for
language generation (Austin et al., 2021; Lou et al.,
2024; Ou et al., 2024; Shi et al., 2024; Sahoo et al.,
2024, 2025). Third, they will survey the current
landscape: scaled DLMs, hybrid autoregressive–
diffusion architectures, long-context and code mod-
els, efficient inference through caching, schedul-
ing, and early stopping, and RL-based post-training
for reasoning and alignment (Nie et al., 2025b; Ye
et al., 2025; Arriola et al., 2025; Wang et al., 2025b;
Liu et al., 2025a; Gong et al., 2025; Ma et al., 2025;
Wu et al., 2025; Israel et al., 2025; Oba et al., 2026a;
Zhao et al., 2025; Tang et al., 2026; Wang et al.,
2026; Oba et al., 2026b). Fourth, they will learn
to evaluate DLM claims critically, including speed–
quality trade-offs, controllability, evaluation proto-
cols, reliability, and broader formulations beyond
current diffusion models (Li et al., 2022; Schiff
et al., 2024; Zheng et al., 2023; Lipman et al., 2023;
Lee et al., 2026; Hu et al., 2026). They will also
examine social bias and safety as underexplored
requirements for practical DLM deployment, build-
ing on prior work on bias evaluation and mitigation
in language models (Kaneko and Bollegala, 2022;
Kaneko et al., 2022; Oba et al., 2024).

By the end of the tutorial, participants will be
able to navigate the DLM literature, assess claims
about its advantages and limitations, and identify
open problems in diffusion-based text generation.

3 Technical Coverage and Reading List

The citations below indicate the representative read-
ing list for the tutorial. A small subset will be
marked as recommended pre-tutorial readings in
the final tutorial materials.

Foundations and Formulations. We first situate
DLMs within the broader landscape of language
generation. We contrast left-to-right autoregressive
modeling (Vaswani et al., 2017) with earlier non-
autoregressive and iterative refinement methods,
such as masked parallel decoding and edit-based
generation (Ghazvininejad et al., 2019; Gu et al.,
2019). We then introduce diffusion-based gener-
ation for text as iterative denoising over discrete
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token sequences or latent language representations.
This part covers the main design choices behind
DLMs: noising processes such as absorbing-mask
and uniform corruption, denoising objectives, sam-
pling procedures, and connections to masked lan-
guage modeling and discrete diffusion theory (De-
vlin et al., 2019; Ho et al., 2020; Austin et al., 2021;
Lou et al., 2024; Ou et al., 2024; Shi et al., 2024;
Sahoo et al., 2024, 2025).

Scaled DLMs and Model Families. We next
survey how diffusion-based text generation has
evolved from early controllable generation and
masked diffusion foundations into scalable DLM
families (Li et al., 2022; Sahoo et al., 2024; Nie
et al., 2025a). We cover large language diffu-
sion models such as LLaDA (Nie et al., 2025b)
and Dream (Ye et al., 2025), extensions to long-
context (Liu et al., 2025a) and code genera-
tion (Gong et al., 2025), and hybrid autoregressive–
diffusion approaches such as Block Diffusion (Ar-
riola et al., 2025). The goal is to clarify what ca-
pabilities current DLMs demonstrate, where they
are competitive with autoregressive baselines, and
where important gaps remain.

Efficient Inference and Practical Speedups. A
central focus of the tutorial is whether the par-
allelism of DLMs can translate into practical
speedups. We organize recent inference work
around reducing denoising steps, reusing computa-
tion through caching or early stopping, and select-
ing which tokens to update in parallel (Ma et al.,
2025; Liu et al., 2025b; Wu et al., 2025; Israel et al.,
2025; Wei et al., 2025; Luxembourg et al., 2025;
Huang and Tang, 2025; Li et al., 2025; Deschenaux
and Gulcehre, 2025; Zhang et al., 2026; Zheng
et al., 2026; Oba et al., 2026a). We will emphasize
that DLM efficiency should be assessed by wall-
clock latency, memory use, throughput, and quality
degradation, not only by the number of sampling
steps.

Training and Post-training. We discuss how
training and post-training methods must be adapted
to the generation dynamics of DLMs. Topics in-
clude the training–inference gap and refinement-
oriented objectives (He et al., 2025; Oba et al.,
2026c), as well as reinforcement-learning methods
for reasoning and alignment over diffusion trajec-
tories (Zhao et al., 2025; Tang et al., 2026; Wang
et al., 2025a; Zhu et al., 2025; Wang et al., 2026;
Zekri and Boulle, 2025; Xie et al., 2025; Oba et al.,

2026b). We highlight why DLMs cannot simply
inherit post-training recipes from autoregressive
LMs: intermediate denoising states, non-left-to-
right trajectories, and iterative refinement introduce
different credit-assignment and optimization chal-
lenges.

Open Problems and Emerging Frontiers. We
conclude with open problems that will shape the
next stage of DLM research. Technically, cur-
rent DLMs still face unresolved challenges in re-
liable few-step generation, speed–quality trade-
offs, length control, and controllability, motivating
broader non-autoregressive formulations such as
flow-based and flow-map language modeling (Lip-
man et al., 2023; Stark et al., 2024; Lee et al.,
2026; Hu et al., 2026; Potaptchik et al., 2026; Roos
et al., 2026). Socially, DLMs remain largely unex-
plored with respect to safety and fairness, despite
the central role of these issues in autoregressive and
masked language models (Kaneko and Bollegala,
2022; Kaneko et al., 2022; Oba et al., 2024).

4 Tutorial Roadmap

Foundations and Landscape.

Why diffusion language models? Sequential
bottlenecks in autoregressive decoding, paral-
lel token updates, iterative refinement, and the
promise of few-step generation.

Foundations. Diffusion over text: discrete and
masked noising processes, denoising objectives,
sampling procedures, and links to masked lan-
guage modeling and iterative generation.

Model families and scaling. Masked diffusion
LMs, large-scale DLMs, long-context and code-
oriented models, and hybrid autoregressive–
diffusion architectures.

Inference and Training.

Efficient inference. Turning DLM parallelism
into practical speedups through adaptive decod-
ing, caching, token updates, early stopping, and
careful latency–quality measurement.

Training objectives. Denoising and refinement
objectives, masking schedules, diffusion trajec-
tories, and training–inference mismatch.

Post-training and alignment. Adapting RL
and preference optimization to DLM trajecto-
ries, with emphasis on reasoning, intermediate
denoising states, and credit assignment beyond
left-to-right generation.
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Open Frontiers and Responsible Deployment.

Beyond DLMs. Few-step degradation, speed–
quality trade-offs, limitations of current diffu-
sion formulations, and emerging flow-based for-
mulations for language modeling.

Social acceptability and responsible deploy-
ment. Reliability, safety, social bias, fairness,
multilinguality, and responsible deployment be-
yond autoregressive generation.

5 Diversity Considerations

The tutorial is designed to be accessible to a broad
NLP audience, including participants without prior
background in diffusion models. The instructor
team combines junior and senior perspectives and
spans institutions in Japan and the UK, bringing
complementary expertise in diffusion language
models, efficient generation, NLP, and fairness. In
content, we will connect technical questions about
DLMs to open problems in social bias, safety, and
responsible deployment, rather than treating DLMs
only as an efficiency technique. To support broad
participation, we will make the tutorial slides and
curated reading list publicly available.

6 Ethics Statement

DLMs aim to make text generation faster, more par-
allel, and potentially cheaper; these benefits may
improve accessibility, but they may also lower the
cost of misuse, spam, misinformation, and other
harmful generation. In addition, the reliability,
safety, and fairness properties of DLMs remain un-
derexplored: their sampling dynamics differ from
autoregressive generation, so existing findings and
mitigation methods for AR LMs may not directly
transfer. The tutorial itself does not introduce new
datasets, user studies, or deployed systems, but it
will cover research directions whose responsible
development requires careful evaluation of safety,
fairness and multilingual impact (Kaneko and Bol-
legala, 2022; Kaneko et al., 2022; Oba et al., 2024;
Kaneko et al., 2025, 2026).
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2026b), and refinement objectives for DLMs (Oba
et al., 2026c). He has also worked on fairness in
LLMs (Oba et al., 2024; Hida et al., 2026), which
informs the tutorial’s discussion of social bias and
responsible deployment. In this tutorial, he will
lead the technical coverage of DLM foundations,
efficient inference, and training/post-training meth-
ods, contrasting DLMs with autoregressive LLM
pipelines.
Homepage: https://daioba.github.io/

Danushka Bollegala is a Professor of Natural
Language Processing at the University of Liver-
pool, UK, and an Amazon Scholar at Amazon
Search. He has published over 220 papers at lead-
ing NLP and ML venues including ACL, EMNLP,
NAACL, EACL, AACL, NeurIPS, ICLR, AAAI,
and IJCAI, and has extensive experience instruct-
ing international audiences through invited talks,
keynotes, and tutorials at major conferences and
summer schools. His research spans large language
models, representation learning, and the safety, fair-
ness, and social bias properties of LLMs, including
widely-cited work on evaluating and mitigating
social biases in masked and large language mod-
els (Kaneko and Bollegala, 2022; Kaneko et al.,
2022; Oba et al., 2024), multilingual bias bench-
marks, and ethical evaluation of human–LLM inter-
actions (Kaneko et al., 2025, 2026). Most relevant
to this tutorial, he has recently co-authored work
with Daisuke Oba on diffusion language models,
including an ICLR 2026 paper on efficient infer-
ence via early stopping for converged tokens in
masked diffusion-LM decoding (Oba et al., 2026a),
which directly informs the efficient-generation por-
tion of this tutorial. Through his role as an Ama-
zon Scholar at Amazon Search, he also brings an
industrial perspective on how non-autoregressive
paradigms such as DLMs may shape future large-
scale deployment of language technologies, and is
well-positioned to discuss practical implications,
deployment trade-offs, and responsible-use consid-
erations of diffusion-based generation alongside
the technical content of the tutorial.
Homepage: https://danushka.net/
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