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Welcome to the 16th conference of 

the Association for Machine Translation in the Americas – AMTA 2024! 

 

Dear MT & AI Colleagues and Friends, 

For this year’s conference of the Association for Machine Translation in the Americas – AMTA 2024 – 
we come together in person in metropolitan Chicago, at the Renaissance Schaumburg Convention 
Center Hotel, and online in our virtual conference application. 

2024 marks the 30th anniversary of the first AMTA conference, held in Columbia, Maryland, in 
October 1994, and 70 years since the first public demonstration of machine translation in New York 
City, a project involving IBM and Georgetown University. 

By today's standards, the demonstration was stunningly limited: a mere 250 words translated from 
Russian to English in about 60 mostly short and highly repetitive sentences. Each sentence had to be 
typed into a device that created a machine-readable punch card. Each card was then fed individually 
into a room-sized IBM 701 mainframe, hardware that cost $500,000 at the time (the equivalent of 
$5.8 million today!). 

Infamously, the experimenters predicted that usable Machine Translation in “important functional 
areas of several languages” could be “an accomplished fact” within five or maybe even only three 
years, a wildly inaccurate underestimation of the complexity of the challenge. 

But to their credit, the experimenters also recognized that they had taken but baby steps, comparing 
their accomplishment to the Wright brothers’ 1903 flight at Kitty Hawk, a single-passenger, 12-
second, 36-meter hop in a heavier-than-air vehicle along the beach in North Carolina that hardly 
hinted at the fact that safe transoceanic passenger flights would be commercially available just 36 
years later, nor that in less than the 70 years that have passed since the first demonstration of MT, 
mankind would fly to the moon, land on it, walk around, and fly back to Earth.1 

It is mind-boggling to consider how much has changed in our field since these events and yet how 
much the fundamental need for facilitating multilingual communication with technology remains. 
Here we are now, not even one full human lifetime from the 1954 demonstration and not quite two 
years since the general availability of generative AI tools, and the very words “machine translation” 
sound almost quaint in the tidal wave of news about large language models. But let’s not forget that 
transformer models, the cornerstone of the boom in generative AI, are a direct result of advances in 
machine translation. 

So, this is an appropriate time for all of us who work on or with MT or generative AI to recognize the 
giants on whose shoulders we stand and to ask ourselves what more needs to be done before we 
have reached the NLP equivalent of the moon. 

In the spirit of honoring those who have contributed to the development of MT before us, it is with 
great sadness and lasting gratitude that I report the passing of Muriel Vasconcellos, founding 
president of AMTA (1991-1996), president of IAMT (1997-1999), and IAMT Award of Honor recipient 

 
1Machine translation: from real users to research: 16th Conference of the Association for Machine Translation 
in the Americas, AMTA 2004, Washington, DC, September 28 – October 2, 2004; ed. Robert E.Frederking and 
Kathryn B.Taylor (Berlin: Springer Verlag, 2004); pp. 102-114 
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(1999), on September 14, 2024 at the age of 91, a few short months after she wrote her contribution 
to this volume. Computational linguist and ATA-certified English to Portuguese translator, Muriel 
earned a PhD in linguistics from Georgetown University and was centrally instrumental in the 
introduction of machine translation at the Pan American Health Organization/World Health 
Organization. Her passion for facilitating open and collegial communication among MT researchers, 
developers, and users is still and will remain a defining characteristic of AMTA. 

We are pleased once again with the number and quality of submissions to our conference, which 
reflect great progress in MT, not only in the scope of supporting ever more languages and in 
improving and assessing output quality, but also in the use of large language models either as 
translation systems in and of themselves or, as you will see in many of the papers and presentations 
this year, in augmenting machine translation systems with additional processing via LLMs. 

A unique aspect of AMTA conferences is that they bring together users and practitioners from across 
the MT spectrum of academia, industry, and government so that R&D personnel can learn from 
those who are using the technology and vice versa. And this year we are doubling down on this 
aspect by organizing sessions not by whether works come from researchers, users and providers, or 
government representatives, but instead by topic area so that our various constituents have even 
more opportunity to see how much their interests intersect and enjoy more direct contact. 

Another novelty this year is the first ever AMTA Best Thesis Award, a tradition that we borrowed 
from our sister organization EAMT. We congratulate its first winner, Dr. Eleftheria Briakou, for her 
thesis “Detecting Fine-Grained Semantic Divergences to Improve Translation Understanding Across 
Languages,” an abstract of which is included in this volume. 

As with all our conferences, AMTA 2024 would simply not have been possible without the selfless 
work of so many people on the AMTA board and organizing committee, all of whom are volunteers. I 
express my heartfelt thanks, respect, and admiration to each of them. They include: 

Janice Campbell, AMTA Secretary, Local Arrangements 

Alex Yanishevsky, AMTA Vice President, Conference Online Platform 

David Bishop, AMTA Treasurer 

Akiko Eriguchi, Peer-review Track and Best Thesis Award organizer 

Rebecca Knowles, Peer-review Track and Best Thesis Award organizer 

Cecilia Yalangozian, Workshops and Tutorials, Presentations Track 

Georg Kirchner, Workshops and Tutorials 

Konstantin Savenkov, Presentations Track 

Marianna Martindale, Presentations Track 

Kelly Ko, Webmaster 

Derick Fajardo, Communications and Marketing 

Lara Daly, Sponsorships 

Shivali Goel, Publications 

Steve Richardson, AMTA Councilor 
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Alon Lavie, AMTA Consultant 

 
Finally, I express my gratitude to our sponsors, whose support has helped us to mitigate the added 
cost of the hybrid format. Our Leader Level sponsors include Systran by ChapsVision and Apptek. Our 
Exhibitor-level sponsors include Star and Intento, and our Media and Marketing sponsor is Slator. 
Many of these participating companies will provide demonstrations of their systems and software 
during our Technology Exhibition sessions, and we hope that our attendees will take advantage of 
this opportunity to see the latest commercial offerings and advancements in the world of MT. 

Again, welcome to AMTA 2024! I look forward to seeing many of you in person in Chicago and to 
interacting with many others online. 

Jay Marciano 

AMTA President and AMTA 2024 General Conference Chair 
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Statements on 30 Years of AMTA Conferences by Former Presidents of the 
Association for Machine Translation in the Americas 

 

Former presidents of AMTA were invited to take part in a panel discussion at AMTA 2024 to mark 
the 30th anniversary of the first AMTA conference, held in Columbia, Maryland in early October 
1994. Those who were not able to make it in person to the event were invited to submit a written 
statement about their presidency. 

The first contribution, by the inaugural president of AMTA, Dr. Muriel Vasconcellos, provides an 
account of the founding of the Association. The other pieces (by our second president, Dr. Eduard 
Hovy, our third president, Dr. Elliott Macklovitch, and our fifth and seventh president, Dr. Mike 
Dillinger), recount major events in MT research and development during their terms of office and 
offer their current view of the future of machine translation. 

 

The Founding of AMTA 

By Muriel Vasconcellos, AMTA President (1991–1996) 

The first conversation on the founding a machine translation association took place at a dinner table. 
If memory serves me, it was in Hakone, Japan, in 1989, at a meeting convened by Dr. Makoto Nagao. 
Dr. Nagao had called the meeting of about 400 Japanese participants and had invited a few 
international speakers. At the table were Dr. Nagao, a Japanese computer scientist; Veronica Lawson, 
a patent translator from London, England; and myself, then head of the machine translation project 
at the Pan American Health Organization. 

When the topic of a machine translation association came up, Veronica said she had been thinking of 
such an association for a long time. As we continued talking, we pointed out the differences between 
projects in Asia, Europe, and the Americas (Canada and the United States), with different emphasis on 
research, commercial development, and operational applications. At that time, Japan had done 
research and had initiated a few projects. Europe was mainly into research. In the Americas, especially 
in Canada and the United States, academic research was overshadowed by commercial and 
governmental operations. The IBM MARK II Russian-English System, installed at the Wright-Patterson 
Air Force Base in 1964, has been said to be the first production application of MT. Later it was replaced 
by SYSTRAN. MÉTEO, inaugurated in 1977, was designed for broadcasting weather reports. LOGOS, 
founded in 1970, was also a player, but did not then have a significant commercial imprint. 

Taking into account the different characteristics as well as the physical distances between these 
geographical areas, we proposed three regions: Asia-Pacific, Europe, and the Americas. That 
discussion led to the formation of a local MT association in each of them. 

The Asia-Pacific Association for Machine Translation (AAMT) got started under the presidency of Dr. 
Nagao. The preparations for founding a European association were led by Margaret (Maghi) King. 

Steps were also being taken to found the Association for Machine Translation in the Americas (AMTA). 
Its organizing meeting took place in 1992 at an international machine translation meeting in 
Washington, D.C., at the Mayflower Hotel. To my surprise, I was elected president. Roberta Merchant 
was elected treasurer. Without her ongoing support, our history might have been much different.  

https://en.wikipedia.org/w/index.php?title=Asia-Pacific_Association_for_Machine_Translation&action=edit&redlink=1
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AMTA was incorporated under the laws of the District of Columbia in 1994. I quickly realized that the 
association would exist only on paper unless I organized an encounter. Our first general meeting with 
speakers took place on October 5-8, 1994, in Columbia, Maryland. 

I am so pleased that AMTA is alive and doing well thirty years later! 

 

Some thoughts from the Presidency of 1996–2000  

By Eduard Hovy, AMTA President (1996–2000) 

I was the second President, having the honor of following Muriel, and it was during this time that the 
Statistics Wars in MT really hit home in MT. Up to the early 1990s MT technology had been strictly 
‘symbolic’, meaning not using machine learning. The introduction of Statistical MT (SMT) by the IBM 
Candide team around 1989 and its rapid adoption in the research MT community was viewed 
initially with bemusement, then puzzlement, and then alarm by the commercial MT community. 
Starting in the mid-1990s, though, it was clear that SMT was not just a research fad but was here to 
stay, and when Franz Och left my group at ISI to head the Google MT team all the MT companies 
started making plans for how to respond. So, the second half of the 1990s saw a significant change in 
the nature of the research papers of the conference, followed by a slower change in the style of the 
commercial demos. Little changed for the third leg of the AMTA tripod, the translators: to them, it 
was not clear whether the still-not-perfect SMT results were more useful than the highly optimized 
commercial MT outputs, though the general cross-domain promise of SMT was attractive. The 
famous Great Debate in Montreal in 1992 with reversed affinities, in which Graeme Hirst and Ron 
Kaplan argued for SMT while Ken Church and Geoffrey Sampson argued against, lives on in the 
memories of those who were present.  

After its creation and first conference in 1994, AMTA continued to grow steadily, averaging around 
120 members by 2000 (this no doubt seems small by today’s standards!). The 1998 conference near 
Philadelphia and 1999 Summit in Singapore were high points, as were the conferences in Santiago de 
Compostela and in New Orleans a few years later.  

It is great to see now that AMTA continues to flourish. I would have liked to be present! I send 
everyone greetings. 

 

The challenges faced during my presidency 

By Elliott Macklovitch, AMTA President (2000–2004) 

MT can be used for various purposes. Our concern in Canada and at the RALI (my former research 
group) has predominantly been with high-quality translation fit for publication or widespread 
dissemination, as opposed to information gathering or gisting, where lower quality may be 
acceptable. 

Although the transition from rule-based MT to statistical MT was well underway during the period of 
my presidency, the broad MT user base at the time was very modest. Moses, an open-source toolkit 
for developing SMT systems, was available during those years, but it was far too complicated for the 
great majority of potential end users and largely remained a research vehicle. Moreover, the quality 
of the translations produced by the SMT systems that were developed back then left much to be 
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desired (particularly the fluency) and demanded extensive post-editing – work that most translators 
did not relish. This is why our group at the RALI invested in the development of various translators' 
aids, alongside parallel efforts to advance the state of the art in fully automatic MT.  

What I thought the future of MT would be back then 

Based on the technology that was available at the time, and judging from the modest gains that 
researchers were able to achieve – half a BLEU point here, half a point there – I was not overly 
optimistic that MT would ever be able to achieve widespread acceptance or use. 

The advent of neural MT some ten years later and the impressive improvement in translation quality 
that it ushered in caught me very much by surprise. 

What I now think the future of MT will be 

Allow me to reformulate the question: “Has the problem of MT finally been solved?” To which I 
would answer: From a strictly scientific point of view, yes it has, to a very large extent. 

Now if I may qualify: The problem posed by translation is not like a problem in mathematics, where 
there is only one correct solution. In translation, most source sentences admit of several acceptable 
target equivalents. In a large majority of cases, the output produced by today's NMT and GenAI 
systems does fall within the set of acceptable target-language equivalents. This is not to say that 
these machine-generated translations cannot be improved by human posteditors; very often, they 
can. But the age-old problem of automatically generating a grammatically correct target-language 
equivalent that conveys the essential meaning of the source-language sentence has by and large 
been resolved – although this is only true for the handful of "major languages" for which a training 
corpus of sufficient size and quality is available. 

In the not-so-distant future, GenAI-based machine translation will become increasingly dominant, 
largely displacing dedicated NMT systems. And machine translation will increasingly infiltrate our 
day-to-day lives, to the point that people will no longer be aware of this astounding technological 
accomplishment. 

 

MT: Then, Now, and Next 

By Mike Dillinger, AMTA President (2006–2008, 2012–2014) 

My first term as AMTA President, from 2006 to 2008, culminated in the conference at a small hotel a 
couple of blocks from the beach in Waikiki. The location turned out to be a good choice: although a 
few people moaned that they wouldn't be able to get funding for what was obviously a free 
vacation, we ended up attracting far more people than usual from Asia and Europe – about doubling 
attendance over the mean of previous meetings. So, we actually finished in the black. 

Our key goal at the time was to showcase applications of MT as a strategy to increase interest and, 
hopefully, membership. As a result, the program jumped from around 10% presentations on 
applications in industry and government to more than 50%, which is why we titled the proceedings 
MT at Work. I remember spending quite a bit of time coaching authors of the User presentations to 
provide more details, and particularly numbers, to communicate better with the Researchers. That 
usually led to more informative and more interesting presentations across the board. 
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In fact, 2008 was the first time we had similarly sized tracks for MT Users (partnering with LISA and 
the DIA) and MT Researchers. Users were pleased to see so many more use cases, and many 
researchers found themselves jumping over to hear more about the challenges that applications 
brought to the fore. And we had a solid Student Research Workshop, as well, so there was a lot 
going on. We also took the time to build bridges with the American Translators' Association 
leadership, starting a collaboration that lasted for several years – despite a few unnecessarily 
adversarial presentations in the beginning from their side and included lots of very well attended 
presentations from our side at their conferences.  

The core value that AMTA brought to the table at the time was diversity: diversity of applications, 
diversity of perspectives, and diversity of approaches. Even the Research track was by no means a 
series of reports on tweaks to the same approach: phrase-based statistical MT predominated but 
there were hybrid approaches, work on building targeted corpora or lexica, and of course on 
evaluation. The Board of Directors at the time recognized this diversity as the key differentiator of 
AMTA and we worked very hard to cultivate it. 

My take is that the overall mood was very much one of enriching statistical approaches with 
qualitative linguistic information rather than fighting about which of the two approaches one had to 
choose. People were still scratching their heads about how to bring semantics in at scale, and of 
course there was no inkling of the maelstrom that transformer-based MT would end up creating. If 
there were heated, drag-down, knock-out arguments in the corridors, I didn't hear about them. I did 
hear, though, about people sneaking off to surf and swim between sessions. The venue, I think, 
contributed significantly to a mellower, much more collaborative meeting.  

After Laurie Gerber, who also served as AMTA president from 2004 to 2006, sweet-talked me into 
joining the AMTA Board of Directors so many years ago, I ended up spending more than ten years in 
one or another leadership role at AMTA, including as President again from 2012 to 2014 for the 
Vancouver conference. I was lucky enough to study or work directly with many of the early pioneers 
of MT – from Paul Garvin and David Hays to Bud Scott and Hiroshi Uchida – and through AMTA, I got 
to collaborate with the next generations, as well.  What a privilege it's been to participate in the field 
for so long!  

As for where MT is headed, I'm totally biased:  I've always thought that our job isn't done until we 
can incorporate meaning and knowledge at scale. Data-driven MT continues to yield very powerful, 
highly scalable tools like LLMs and to open new investments and applications. But there's still a lot 
left for us to do to serve a wider range of users and use cases well. Next-gen Knowledge-driven MT 
will likely leverage knowledge graphs and hypergraphs to take these startling advances to the next 
level: translation systems that can check their own coherence and accuracy while querying human 
expertise as needed. That will always be necessary – until someone can fix the crappy source texts 
that we so often must deal with! 
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Inaugural Edition of the AMTA Best Thesis Award 

 

For the first edition of the AMTA Best Thesis Award, we had a very strong slate of eligible candidates 
and theses, resulting in a difficult decision to choose a single Best Thesis Award winner. Each thesis 
was assessed by multiple reviewers for its relevance to the field of machine translation, the past, 
current, and potential future impact of the thesis work on the field, and how challenging the thesis’s 
core problem was. To ensure fairness in this single-blind process, reviewers were assigned to avoid 
institutional or other COIs, and where necessary, members of the board recused themselves. 

A committee appointed by the AMTA Board, consisting of Akiko Eriguchi, Alon Lavie, and Rebecca 
Knowles, oversaw the process, summarized the reviews, deliberated and ultimately submitted a 
recommendation for the selected winner to the full AMTA Board for approval.  

We are pleased to announce that the 2024 AMTA Best Thesis Award is awarded to: 

Dr. Eleftheria Briakou 

for her thesis entitled “Detecting Fine-Grained Semantic Divergences to Improve Translation 
Understanding Across Languages” (University of Maryland, College Park, USA).  

This thesis provides a novel take on challenges in the field of machine translation, focusing on subtle 
meaning differences in translation, how to detect these meaning differences automatically, the 
impact they have on machine translation systems, how to mitigate this impact, and more, exploring 
the topic in both depth and breadth. The Proceedings include a short summary of the thesis’s main 
contributions, and we encourage interested readers to explore the full thesis in greater depth. Dr. 
Briakou will present her work at the 2024 AMTA conference and will receive a prize of $1000 USD 
along with a free AMTA membership and waived registration costs.  

We thank the following reviewers for their work on this process: 

Akiko Eriguchi (Microsoft) 
Alon Lavie (Phrase) 
Chi-kiu Lo (National Research Council Canada) 
Jay Marciano (AMTA) 
Kevin Duh (Johns Hopkins University) 
Konstantin Savenkov (Intento, Inc.) 
Marine Carpuat (University of Maryland) 
Michel Simard (National Research Council Canada) 
Philipp Koehn (Johns Hopkins University) 
Rebecca Knowles (National Research Council Canada) 
Stephen Richardson (Brigham Young University) 
 

We also thank the European Association for Machine Translation, especially Helena Moniz and 
Carolina Scarton, for sharing their expertise from the long-running Anthony C Clarke EAMT Best 
Thesis Award, which served as inspiration for the new AMTA Best Thesis Award. 
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Introduction to the Research Papers Volume 

 

As the Association for Machine Translation in the Americas marks 30 years since the first AMTA 
conference in 1994, we present a program of research that explores longstanding challenges in the 
field, experiments with novel approaches to machine translation, and brings new perspectives to the 
conversation. 

The Research Papers volume of the AMTA 2024 Proceedings includes 20 research and position 
papers as well as the abstract for the 2024 AMTA Best Thesis Award. Among these papers, we see a 
new rise in interest in large language models, with more than a third of the papers focusing on this 
topic. We also see interest in multimodal and multilingual translation, moving beyond text-only 
translation or translation between only two languages. There are also several papers focusing on 
topics like terminology and low-resource translation. Reflecting the broad range of interests 
represented in the AMTA research community, we see papers from perspectives rooted in 
academia, industry, government, and more. 

Given the overlap with the Presentations track in terms of many of these topics, we look forward to 
another fruitful conference that brings together a wide variety of perspectives on the past, present, 
and future of MT research. 

We thank the many reviewers, emergency reviewers, the AMTA organizing committee, and the past 
research chairs for their assistance in helping us to bring together this program of papers. 

 

Sincerely, 

Akiko Eriguchi and Rebecca Knowles 

Research Directors, 2024 
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Detecting Fine-Grained Semantic Divergences to
Improve Translation Understanding Across Languages

Eleftheria Briakou ebriakou@umd.com
Department of Computer Science, University of Maryland, College Park, MD

Abstract

In this thesis, we focus on detecting fine-grained semantic divergences—subtle meaning differences in sen-
tences that overlap in content—to improve machine and human translation understanding.

EN ... The Maple Leaf Forever served for many years as a Canadian national anthem...
FR ... The Maple Leaf Forever (en) qui est un chant patriotique pro canadien...

... The Maple Leaf Forever which is a Canadian patriotic song...

1 Introduction

A widespread hypothesis adopted by machine trans-
lation research is that a source text and its (hu-
man) translation—or parallel text—are equivalent
in meaning. In principle, this hypothesis drives the
way we think about our models when designing our
training losses and our evaluation metrics and pro-
tocols. Yet when humans translate, they make lexi-
cal decisions influenced by cultural and situational
aspects of language that break the hypothesis of
meaning equivalence in nuanced ways (Hirst, 1995;
Zhai et al., 2019). Consider the English and French
sentences above drawn from WikiMatrix (Schwenk
et al., 2021), a corpus that is routinely used to train
translation systems and is perceived as highly paral-
lel. While they share important content, highlighted
words convey meaning missing from the other lan-
guage (i.e., served for many years) or content re-
flecting fine-grained semantic divergences between
concepts that, although related, are not equivalent
(i.e., national anthem vs. patriotic song).

Regardless of why such subtle divergences ex-
ist in parallel texts, we hypothesize that they mat-
ter for machine translation systems—as they yield
challenging training samples—and for humans—
who might benefit from a nuanced understanding of

the source. Thus, in this line of work, we argue
that quantifying fine-grained divergences is crucial
to improve both machine and human translation
understanding across languages.

In what follows, we start by introducing meth-
ods for detecting fine-grained divergences in the
wild (Briakou and Carpuat, 2020). As we will see,
such methods lay the foundation for studying their
connection to machine translation models (Briakou
and Carpuat, 2021, 2022; Briakou et al., 2022) and
human evaluations pipelines (Briakou et al., 2023).

2 Detecting Fine-grained Divergences

In our first piece of work, we start our exploration
by asking: How frequent are semantic divergences
in parallel texts? Our goal is to address challenges
in detection of fine-grained divergences within bi-
texts in two settings: human annotation and auto-
matic prediction (Briakou and Carpuat, 2020).

Starting with human annotation, we contribute
the Rationalized English-French Semantic Diver-
gences corpus, based on a novel divergence anno-
tation protocol that exploits rationales to improve
annotator agreement. Annotations on the collected
dataset reveal that semantic divergences are surpris-
ingly frequent, comprising 40% of samples in a cor-
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pus consisting of Wikipedia-mined translations, and
are perceived as highly parallel.

After establishing that divergences exist, we
explore computational methods for detecting them
at scale, crucially, without assuming access to gold
supervision. To that end, we introduce a contrastive
loss designed to make a multilingual language
model sensitive to subtle cross-lingual differences
between linguistically motivated synthetic samples.
Despite being trained only on synthetic samples,
we show that our model detects fine-grained diver-
gences accurately, outperforming a strong sentence-
level similarity model (Schwenk and Douze, 2017).

3 Improving Machine Translation

Equipped with the tools that allow us to study diver-
gences at scale we now ask: How do fine-grained
divergences impact Neural Machine Translation?
We contribute a controlled empirical analysis on
several aspect of NMT models that are exposed to
different types and amounts of divergences at train-
ing time. Our findings reveal that small divergences
hurt translation accuracy and confidence of NMT
models, and crucially are one of the root causes that
lead to neural text degeneration, i.e., translation out-
puts that are incoherent or get stuck in repetitive
loops (Briakou and Carpuat, 2021).

Drawing from those findings, a natural question
arises: How can we mitigate the negative impact of
divergences on NMT? To this aim, we explore two
orthogonal strategies. Our first strategy intervenes
in the training assumption of translation equivalence
in parallel texts and aims to model divergences ex-
plicitly. Drawing from our prior work on automati-
cally detecting divergences, we propose a divergent-
aware framework—DIV-FACTORIZED—that incor-
porates token-level divergence signals into NMT
training (Briakou and Carpuat, 2021).

Our second strategy proposes an orthogonal
mitigation direction: instead of altering training to
model divergences closely, we aim to automatically
re-write divergent samples to yield more equivalent
translations. In this direction, we introduce two ap-
proaches to solve this problem in the lack of su-
pervised data. Our first approach—EQUIV SEM-
DIV—relies on synthetic translations, i.e., transla-
tions generated by MT, that selectively replace diver-
gent references under a semantic equivalence con-

dition (Briakou and Carpuat, 2022). Our extensive
evaluations on both intrinsic and extrinsic tasks for
two medium-resource languages show that this ap-
proach is capable of revising divergences in parallel
texts, given synthetic translations of sufficient qual-
ity. In our subsequent work, we address this prob-
lem in low-resource conditions via introducing—
BITEXTEDIT—an editing-based model that, given
a parallel text, edits one of the two references to
generate a refined version of the original as neces-
sary. Our editing model is trained solely on syn-
thetic supervision via leveraging recent advances in
bitext mining based on massively multilingual sen-
tence embeddings (Artetxe and Schwenk, 2019) and
is shown to utilize divergences more effectively in
heterogeneous data scenarios (Briakou et al., 2022).

4 Assisting Humans to Detect Translation
Differences in Meaning

After exploring how detecting semantic divergences
helps us improve machine translation understand-
ing, we finally turn to analyze ways of assisting hu-
mans in understanding and detecting translation dif-
ferences. Although detecting divergences in parallel
texts as a binary classification task, i.e., equivalence
vs. divergence, is found to be sufficient for augment-
ing and improving NMT, we hypothesize that other
task framings that shed more light on the nature of
divergences are needed to improve human transla-
tion understanding. In this direction, our last piece
of work asks: How can we explain semantic diver-
gences in a human-interpretable fashion?

To that end, we equip divergence detectors with
the ability to indicate not just whether divergences
exist but also tell us where the translation differ-
ences reside (Briakou et al., 2023). Drawing on
social science studies, we introduce a method to
extract contrastive phrasal highlights that explain
the predictions of our divergent detectors by ex-
plicitly modeling the relationships between the con-
trasted texts. We contribute evidence that con-
trastive phrasal highlights match human-provided
rationales of divergence better than standard high-
lighting approaches, and more importantly, they as-
sist bilingual speakers in annotating fine-grained di-
vergences, easing the need to ask for human ratio-
nales. Finally, we show that contrastive highlights
could help humans detect critical errors due to local
mistranslations in machine-translated texts.
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Abstract

In an evolving landscape of crisis communication, the need for robust and adaptable Machine Translation
(MT) systems is more pressing than ever, particularly for low-resource languages. This study presents a com-
prehensive exploration of leveraging Large Language Models (LLMs) and Multilingual LLMs (MLLMs) to
enhance MT capabilities in such scenarios. By focusing on the unique challenges posed by crisis situations
where speed, accuracy, and the ability to handle a wide range of languages are paramount, this research out-
lines a novel approach that combines the cutting-edge capabilities of LLMs with fine-tuning techniques and
community-driven corpus development strategies. At the core of this study is the development and empirical
evaluation of MT systems tailored for two low-resource language pairs, illustrating the process from initial
model selection and fine-tuning through to deployment. Bespoke systems are developed and modelled on the
recent Covid-19 pandemic. The research highlights the importance of community involvement in creating
highly specialised, crisis-specific datasets and compares custom GPTs with NLLB-adapted MLLM models.
It identifies fine-tuned MLLM models as offering superior performance compared with their LLM counter-
parts. A scalable and replicable model for rapid MT system development in crisis scenarios is outlined. Our
approach enhances the field of humanitarian technology by offering a blueprint for developing multilingual
communication systems during emergencies.

1 Credits

This work was supported by ADAPT, which is
funded under the SFI Research Centres Programme
(Grant 13/RC/2016) and is co-funded by the Eu-
ropean Regional Development Fund. The research
was also funded by the Munster Technological Uni-
versity in Cork, Ireland.

2 Introduction

The excitement surrounding LLMs stems from their
potential to revolutionise many fields, from lan-
guage translation (Costa-jussà et al., 2022) and con-
tent generation (Brown et al., 2020) to chatbots1 and
virtual assistants. Way (2024) observes that from

the very outset, machine translation (MT) capability
has been overhyped at each paradigm shift over the
past 75 years, but with their ability to ‘understand’
language and generate complex responses, LLMs
do appear capable of enhancing human communi-
cation and productivity in ways that were unimagin-
able with previous approaches, especially given that
LLMs are not restricted to text-based use-cases, and
can be used in creative applications such as generat-
ing music2 or art.

When building LLMs, the focus is on design-
ing and training the model architecture. This in-
volves selecting the appropriate neural network ar-
chitecture and hyperparameters, as well as deciding
on the training data and optimisation techniques to

1https://chatgpt.com
2https://soundraw.io

Proceedings of the 16th Conference of the Association for Machine Translation in the Americas,

Chicago, USA, September 30 - October 2, 2024. Volume 1: Research Papers



use.
Tuning an MLLM or LLM, in contrast, in-

volves adjusting the parameters of a pre-trained
model to improve its performance on a specific task.
In neural networks such as MLLMs, the weights
and biases are parameters that the network adjusts
through training to minimise a cost function. This is
performed by training the model on a task-specific
dataset and adjusting the model’s hyperparameters
to optimise its performance. Tuning an MLLM can
be a challenging task, as the model is often very
complex and the training process can take a long
time, but Lankford et al. (2023a) offer an open-
source solution to fine-tuning pre-built MLLMs,
with a particular focus on low-resource language
pairs, thus overcoming much of this complexity.
In contrast to predictions of their imminent demise
(van der Meer, 2021), Way (2024) predicts that tools
such as adaptMLLM will instead allow translators
to gain a competitive edge, by building and tuning
their own models with their own high-quality data,
“while retaining full control over the process, lead-
ing to self-empowerment and an improved sense of
well-being”.

Given their potential, this paper investigates
whether tools such as adaptMLLM can be used to
rapidly build good-quality MLLM-based MT sys-
tems for deployment in crisis scenarios, where speed
of development is crucial, but not at the expense
of quality altogether. These deployments are con-
trasted with the development of custom GPTs and
fine-tuned LLMs. For two language pairs and four
language directions, each featuring a minority lan-
guage, we present and evaluate a pipeline that we
hope can be used as a blueprint for rapid deployment
in crisis scenarios to improve multilingual commu-
nication.

3 Background

Way et al. (2020) observe that there “have been
alarmingly few attempts to provide automatic trans-
lation services for use in crisis scenarios”. To the
best of our knowledge, the first was Microsoft’s ef-
fort (Lewis, 2010) to build Haitian Creole systems
following the devastating earthquake in 2010, as the
title makes clear “from scratch in 4 days, 17 hours,
& 30 minutes”. Estimated casualties ranged from
100,000 to over 300,000 deaths, with around a third

of all citizens affected in some way or other by the
earthquake measuring 7.0 on the Richter scale. The
main issues for the Microsoft team were a complete
lack of knowledge of the language (grammatical
structure, encoding, orthography etc), and no data
at all to train high-quality statistical MT engines.
However, the team quickly identified some available
resources (the Bible is available in most languages),
and a small number of native speakers to help with
translation and, especially, validation of the MT out-
put generated. Eventually, around 150,000 segments
of training data were collected to build the system,
which obtained a BLEU (Papineni et al., 2002) score
of almost 30 for Creole to English, and 18.3 for En-
glish to Creole, sufficiently high (especially for the
into-English direction) for the system to be deployed
for use by relief workers in the field.

This remarkable effort led to the writing of a
cookbook for MT in crisis scenarios (Lewis et al.,
2011), so that the lessons learned from the exercise
could be put into practice when other crises arose, as
they do all too commonly, regrettably. Importantly,
Lewis et al. (2011) note that “If done right, MT can
dramatically increase the speed by which relief can
be provided”. In any such scenario, translation is al-
most always needed, and despite its importance, it is
often overlooked.

In response to the need for better preparation
for translation readiness in crises, Sharon O’Brien
coordinated the Interact project3 featuring partners
from academia, industry, as well as NGOs. Fed-
erici et al. (2019) provide a set of recommendations
within that project which apply mainly to human
translation provision in crisis scenarios.

3.1 Multilingual Language Models—NLLB

MT has become a significant area of research with
the aim of eliminating language barriers worldwide.
However, the current focus is limited to a small
number of languages, neglecting the vast majority of
low-resource languages. In an effort to address this
issue, the No Language Left Behind (NLLB) initia-
tive was launched to try to overcome the challenges
of using MT for low-resource language translation
by developing datasets and models that bridge the
performance gap between low- and high-resource
languages. The NLLB team has also created archi-
tectural and training enhancements tailored to sup-

3https://sites.google.com/view/crisistranslation/home
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port MT for low-resource languages. Their work
is open source,4 and many of their models serve as
baselines for fine-tuning with adaptMLLM (Lank-
ford et al., 2023a).5 While projects like this are un-
doubtedly a step in the right direction, Ignat et al.
(2023) observe that “state-of-the-art MT models
such as NLLB-200 . . . still perform poorly on many
low-resource languages, such as African languages”
(p.3), so much work remains to be done.

3.2 Large Language Models

The increasing availability of large datasets provides
the raw material for LLM training (Radford et al.,
2019; Conneau et al., 2020; Winata et al., 2021), en-
abling performance improvement on a wide variety
of NLP tasks.

LLMs have the potential to improve the use of
technology across a wide range of domains, includ-
ing medicine, education and computational linguis-
tics. In education, LLMs may be used for person-
alised student learning experiences (Kasneci et al.,
2023), while in the medical domain, analysing large
amounts of medical files can assist doctors in treat-
ing patients (Iftikhar et al., 2023). Of particular in-
terest to our research is the manner in which LLMs
can be used within the realm of NLP, more specifi-
cally in the field of MT, and we now provide details
of some of the main candidates in this space.

3.2.1 GPT-4
The primary distinction between GPT-3.5 and GPT-
46 is that while the former is a text-to-text model,
the latter is more of a data-to-text model, exhibiting
the ability to perform tasks that its predecessor could
not. For example, GPT-4 is capable of processing
visual input as part of a prompt, such as images or
web pages, and can even generate text that explains
the humour in memes. Consequently, GPT-4 can be
classified as a “multimodal model”. Furthermore,
GPT-4 has a longer memory than its previous ver-
sions, with a short-term memory closer to 64,000
words, enabling it to maintain coherence during ex-
tended interactions. GPT-4 also enables users to se-
lect different personalities for the model’s responses.

The number of parameters utilised in the train-
ing of GPT-4 has not been disclosed by OpenAI;
however, other sources, such as AX Semantics,7

have estimated the number to be around 100 trillion,
with such a large model costing around $100 mil-
lion to build. AX Semantics maintains that such a
number makes the language model (LM) more akin
to the functioning of the human brain with respect
to language and logic.

3.2.2 Gemini
Gemini8 comes in three versions tailored for vary-
ing levels of complexity and application: Gemini
Ultra for the most demanding tasks, Gemini Pro for
a broad range of activities, and Gemini Nano for on-
device applications. The Ultra variant, in particular,
has demonstrated SOTA performance, outperform-
ing human benchmarks in massive multitask lan-
guage understanding (MMLU) across a suite of 57
subjects. Team (2024) documents the performance
of Gemini on the “Machine Translation from One
Book (MTOB)” benchmark (Tanzer et al., 2023),
essentially how good a model is at learning a lan-
guage from almost no resources. For an evaluation
of Gemini 1.5 Pro on the FLORES-200 benchmark
(Costa-jussà et al., 2022) against Google Translate,
GPT-3.5 and GPT-4, and other systems, see Akter
et al. (2023) (p.12).

3.2.3 CoPilot
Microsoft has introduced Microsoft 365 Copilot,9 a
generative AI tool designed to enhance workplace
productivity and creativity. Copilot integrates LLMs
with user data from Microsoft Graph and Microsoft
365 apps, to allow users to utilise natural language
commands across familiar Microsoft 365 applica-
tions such as Word, Excel and PowerPoint.

Central to this announcement is the launch of
Business Chat, which synergies with the LLM, Mi-
crosoft 365 apps, and user data to generate out-
puts such as status updates from natural language
prompts, drawing from various data sources like
emails, meetings, and documents. This ensures that
users remain in control, enabling them to adjust or

4https://github.com/facebookresearch/fairseq/tree/nllb
5https://github.com/adaptNMT/adaptMLLM
6https://openai.com/product/gpt-4
7https://en.ax-semantics.com
8https://gemini.google.com
9https://copilot.microsoft.com
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refine the outputs as needed.

4 Datasets

4.1 Language Pairs

To benchmark the translation performance of
adaptMLLM in fine-tuning MLLMs for low-
resource languages, we had to choose suitable lan-
guage pairs for which appropriate datasets existed.
The English-to-Irish (EN↔GA) and English-to-
Marathi (EN↔MR) language pairs were selected
since they fulfilled the criteria of low-resource lan-
guages, and data was freely available from shared
tasks featuring these language pairs in crisis scenar-
ios. Therefore, these language pairs were very suit-
able for evaluating our proposed pipeline for rapidly
generating high-quality translations in crisis situa-
tions by fine-tuning MLLMs.

Irish is the first official language of the Repub-
lic of Ireland, and is also recognised as a minority
language in Northern Ireland. Irish is an official
language of the European Union and a recognised
minority language in Northern Ireland with an ISO
code of “GA”.10

The dominant language spoken in India’s Ma-
harashtra state is Marathi, with an ISO code of
“MR”. It has over 83 million speakers, and it is a
member of the Indo-Aryan language family. De-
spite being spoken by a significant number of peo-
ple, Marathi is considered to be relatively under-
resourced when compared to other languages used
in the region.

4.2 Shared Task Datasets

To benchmark the performance of our adaptMLLM-
trained models, datasets from the LoResMT2021
shared task (Ojha et al., 2021) were used, since the
shared task focused on low-resource languages in-
cluding both EN↔GA and EN↔MR in the specific
domain of translation of COVID-related data.

The datasets from the shared task provided
502 Irish and 500 Marathi validation sentences
whereas 250 (GA→EN), 500 (EN→GA), and 500
(EN↔MR) sentences were made available in the
test datasets. Training data consisted of 20,933 lines
of parallel data for the EN↔MR language pair and
13,171 lines of parallel data were used to train the
EN↔GA models. A detailed breakdown of all re-

sources is available in Ojha et al. (2021).

5 Approach

Figure 1: Community corpus development using
custom GPTs from a range of foundation models.

Our approach to enhancing MT in crisis situations
involves three key elements. Initially, a custom GPT
would be created on the ChatGPT platform immedi-
ately after a crisis, enabling users to contribute to a
specialised knowledge base with new terms relevant
to the crisis, effectively crowd sourcing a dataset for
crisis-specific language pairs. With this approach
both in-domain corpora and simple first iteration
models are developed in real time by disparate users
entering source and reference translations. Within
the custom GPT interface on ChatGPT the function-
ality also exists to upload relevant documents which
adds to the knowledge base of custom GPTs. An-
other interesting feature of ChatGPT is its ability to

10https://www.iso.org
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publicly share custom GPTs by sharing links. In
this manner, it is trivial to develop corpora by im-
plementing a simple link-sharing strategy that in-
vites community-wide, expert-only or an ensemble
of contributions.

As the crisis evolves, these corpora are then
used to develop more accurate MT models with new
weights tailored to the specific language needs of the
crisis by fine-tuning OpenAI models, or other LLM
foundation models.

Finally, a bespoke model could be created us-
ing an open-source tool like adaptMLLM, fine-
tuned with a custom dataset developed during the
crisis. Such a phased approach allows for a rapid
initial response and progressively more tailored MT
solutions as the crisis unfolds, leveraging commu-
nity input and specialised training to improve trans-
lation accuracy in critical situations.

Of course, a major consideration when design-
ing an MT system in crisis scenarios is the avail-
ability of suitable parallel corpora which contain
new terminology associated with the unfolding cri-
sis. However, it is precisely at these times when
the production of such datasets presents the greatest
challenge.

Figure 1 presents a structured approach to de-
veloping language corpora with community involve-
ment, using customised LMs, and preparing the data
for MT projects which are shared on GitHub. A cen-
tral coordinating body (such as ACL,11 AMTA,12

EAMT13 or an equally invested stakeholder) could
oversee the process working in conjunction with rel-
evant industry partners and other stakeholders.

There are two parallel streams in this process,
the first of which entails a community corpus devel-
opment effort, involving multiple contributors, us-
ing a collaborative, crowdsourced approach. In this
phase, selected users and language experts interact
with LLMs on an ad hoc basis by presenting text in
the source language and providing the translation in
the target language. In this manner, an in-domain
parallel dataset relevant specifically to the particular
crisis is rapidly developed for the chosen language
pair.

The second stream, LLM ensemble, incor-

porates several elements: models from ChatGPT,
Copilot, Gemini and other foundation models. The
corpus creation process is carried out by simply ex-
porting and concatenating the conversation histories
from each of the customised LLMs. Duplicate en-
tries created in the corpus development stage are re-
moved and the corpus is split into three datasets:
“Test”, “Train”, and “Validation”. The training
dataset is used to fine-tune a pre-trained (M)LLM
to create a bespoke in-domain crisis MT model. The
validation dataset is also used as part of this fine-
tuning process before the test set is used to evalu-
ate the performance of the MT system using stan-
dard BLEU, TER (Snover et al., 2006) and ChrF
(Popović, 2015) metrics.

Finally, the output of the process feeds into a
crisis MT GitHub which is the central repository for
the development of MT systems for multiple lan-
guage pairs. Models and datasets developed as part
of this process would be shared on GitHub for open-
source collaboration and distribution.

A Colab notebook has been developed to help
with this process and we have made it publicly avail-
able as part of this paper’s GitHub which is freely
available for download.14 A Gradio-based web app
is incorporated within this notebook which facili-
tates the involvement of non-technical users in cor-
pus creation. This is our first implementation of
such a notebook for aiding crisis MT corpus de-
velopment and as an open-source tool, improve-
ments and contributions from the community are
welcomed.

11https://acl.org
12https://amtaweb.org
13https://eamt.org
14https://github.com/adaptNMT/crisisMT/blob/main/communitycorpus.ipynb
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Figure 2: Model development process.

The elements of model development required
to manage MT in a crisis are highlighted in Fig-
ure 2. All models use the outputs from the cor-
pus development process. In the initial phase of
the crisis, a custom GPT is created from the crowd-
sourced corpus development. At this point, a par-
allel track is in progress where a fine-tuned LLM,
such as a pre-trained OpenAI model, is developed
and made available at a later date. Our approach
proposes a third parallel track which develops a fine-
tuned MLLM-specific model using a tool such as
adaptMLLM. Fine-tuning an open-source MLLM
using adaptMLLM has been shown to empirically
deliver the highest translation performance (see Sec-
tion 6). Subsequent phases of model development
would also benefit from the availability of a signifi-
cantly expanded crisis-relevant corpus via the ongo-
ing crowd-sourcing effort. The links to the custom
GPTs developed for both language pairs have been
open-sourced.15

6 Empirical Evaluation

After outlining the details of our approach, the qual-
ity of the models developed is evaluated by training
models for the EN↔GA and the EN↔MR language

pairs.

6.1 Infrastructure and Hyperparameters
All MLLM models were trained by fine-tuning a
3.3B parameter NLLB pre-trained model using the
adaptMLLM application with a Google Colab Pro+
subscription. The DeepSpeed library enables our
models to be loaded across both GPU and system
memory, thus reducing the required compute re-
sources. The optimal hyperparameters used for de-
veloping models for both language pairs are the
same as those identified by Lankford et al. (2023a).

Both the custom GPT models and the base-
line models used the GPT-4 model under a stan-
dard ChatGPT subscription. The OpenAI fine-tuned
models were developed using a pay-as-you-go plan.
In fine-tuning the OpenAI models, GPT-3.5-turbo-
0125 was the chosen pre-trained model since GPT-4
was unavailable for fine-tuning. Default parameters
were kept and the number of epochs was set to auto.
For inference on these models, a temperature set-
ting of 0.5 was chosen to ensure a more determin-
istic output which aligns with the requirements for
translation models.

6.2 Results: Automatic Evaluation
To determine the quality of our translations, auto-
mated metrics were employed. For comparison with
previous results, the performance of our new mod-
els was measured using three automatic evaluation
metrics: BLEU, TER, and ChrF. We report case-
insensitive BLEU scores at the corpus level. Note
that BLEU and ChrF are precision-based metrics, so
higher scores are better, whereas TER is an error-
based metric so lower scores indicate better transla-
tion quality. All models, notebooks and translations
generated as part of our experiments are freely avail-
able for download.15

6.2.1 Translation in the EN↔GA Directions
The experimental results in the EN↔GA direc-
tions are summarised in Tables 2 - 3 and are com-
pared with the baseline highest scores from the
LoResMT2021 Shared Task.16

The highest-performing EN→GA system in
the LoResMT2021 Shared Task was submitted by
ADAPT (Lankford et al., 2021). The model was
developed with an in-house application, adapt-

15https://github.com/adaptNMT/crisisMT
16https://machinetranslate.org/loresmt-2021
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NMT (Lankford et al., 2023b) using a Transformer
(Vaswani et al., 2017) architecture. It performed
well across all key translation metrics (BLEU: 36.0,
TER: 0.531 and ChrF3: 0.6).

By fine-tuning the NLLB MLLM, using the pa-
rameters outlined in Table 1, a significant improve-
ment in translation performance was achieved. The
adaptMLLM EN→GA en2ga system, shown in Ta-
ble 2, achieves a BLEU score of 41.2, which is 5.2
BLEU points higher (14% relative improvement)
than the score of the winning system in 2021.

Both the custom GPT-4 and GPT-4 baseline
models performed well compared to the GPT-3
models. However, there was a significant differen-
tial when compared to the adaptMLLM fine-tuned
NLLB models which recorded an increase of 8.4
BLEU points which corresponds to a relative im-
provement of 25%. In a crisis scenario, a GPT-4
baseline model would be available in real-time. A
custom GPT could be available within a matter of
minutes once a relevant training corpus is uploaded
to the GPT’s knowledge base. Such approaches
would be suitable for assisting translators in the im-
mediate aftermath of a crisis and would help in is-
suing bilingual press releases. However, more de-
tailed documentation would greatly benefit from the
improved translation quality of a bespoke fine-tuned
adaptMLLM solution.

For translation in the GA→EN direction, illus-
trated in Table 3, the best-performing model for the
LoResMT2021 Shared Task was developed by IIITT
with a BLEU score of 34.6, a TER score of 0.586
and ChrF3 score of 0.6. Accordingly, this serves as
the baseline score by which we can benchmark our
GA→EN MLLM model, developed by fine-tuning
a 3.3B parameter NLLB using adaptMLLM. Simi-
lar to the results achieved in the EN→GA direction,
significant improvement in translation performance
was observed using this new method. The perfor-
mance of the adaptMLLM model offers an improve-
ment across all metrics with a BLEU score of 75.1,
a TER of 0.385 and a ChrF3 result of 0.71. In partic-
ular, the 117% relative improvement in BLEU score
against the IIITT system is very significant.

The results from our GA→EN experiments re-
inforce the findings derived from translating in the
EN→GA direction. The custom and baseline GPT-
4 models immediately deliver a translation system
with good quality BLEU scores of 53 points. How-

ever, a higher-quality translation system with a 21.2
BLEU score improvement can delivered in a mat-
ter of hours once a fine-tuned adaptMLLM NLLB
sytem is put in place. The exact length of time for
system development is dependent on the quality of
the underlying training infrastructure and also, more
importantly, on how rapidly the training corpus can
be assembled.

6.2.2 Translation in the EN↔MR Directions
The experimental results from the LoResMT2021
Shared Task in the EN↔MR directions are sum-
marised in Tables 4 and 5, and are compared
with adaptMLLM. For the shared task, the highest-
performing EN→MR system was submitted by the
IIITT team. Their model used a Transformer archi-
tecture and achieved a BLEU score of 34.6, a TER
of 0.586, and ChrF3 of 0.61.

Again the approach taken by adaptMLLM in
fine-tuning a 3.3.B parameter NLLB MLLM yielded
the best performance compared with other systems
entered for the shared task. The EN→MR adaptM-
LLM en2mr system achieves the highest BLEU
score of 26.4, a 2.2 point improvement (9% rela-
tive) compared with IIITT, the winning team in the
EN→MR shared task.

The MLLM-based system, trained using
adaptMLLM, is also compared with GPT-4 and
GPT-3.5 LLM-based systems. For the purposes of
our experiments, the best-performing LLM used a
custom GPT-4 model which recorded a BLEU score
of 19.0 points in the EN→MR direction. This was
only a marginal improvement on the baseline GPT-4
model with a BLEU score of 18.5 points. Critically,
however, this solution could be delivered in real time
which makes such a model a potential starting point
for an immediate crisis response. A relative im-
provement of 42% and 7.9 BLEU points is available
once sufficient time is given to developing the fine-
tuned MLLM model.

For translation in the MR→EN direction,
the best-performing model for the LoResMT2021
Shared Task was developed by oneNLP-IIITT with
a BLEU score of 31.3, a TER of 0.58 and ChrF3 of
0.646. This serves as the baseline against which our
MR→EN model, developed using adaptMLLM, can
be benchmarked. The performance of the adaptM-
LLM model offers a significant improvement across
all metrics with a BLEU score of 52.6, a TER of
0.409 and a ChrF3 of 0.704. Again this represents a
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Hyperparameter Values
Epochs 1, 3, 5
Batch size 8, 12, 16
Gradient steps 2, 4, 8
Learning rate 1×10−5, 3×10−5, 9×10−5

Weight decay 0.01, 0.1, 1, 2
Mixed precision False, True

Table 1: HPO with optimal hyperparameters highlighted in bold

System BLEU TER ChrF3
adaptMLLM 41.2 0.51 0.48
adaptNMT 36.0 0.531 0.60
custom GPT-4 32.8 0.553 0.594
GPT-4 baseline 31.1 0.564 0.584
adaptMLLM-base 29.7 0.595 0.559
fine-tuned GPT-3.5 22.7 0.701 0.488
GPT-3.5 baseline 20.0 0.712 0.475

Table 2: EN→GA

System BLEU TER ChrF3
adaptMLLM 75.1 0.385 0.71
GPT-4 baseline 53.9 0.365 0.754
custom GPT-4 53.2 0.37 0.747
fine-tuned GPT-3.5 50.2 41.9 0.713
adaptMLLM-base 47.8 0.442 0.692
GPT-3.5 baseline 41.6 51.2 0.668
IIITT 34.6 0.586 0.61

Table 3: GA→EN

System BLEU TER ChrF3
adaptMLLM 26.4 0.56 0.608
IIITT 24.2 0.59 0.597
adaptMLLM-base 19.8 0.656 0.57
custom GPT-4 19.0 0.678 0.528
GPT-4 baseline 18.5 0.689 0.527
fine-tuned GPT-3.5 9.9 0.894 0.442
GPT-3.5 baseline 6.7 1.06 0.392

Table 4: EN→MR

System BLEU TER ChrF3
adaptMLLM 52.6 0.409 0.704
adaptMLLM-base 42.7 0.506 0.639
custom GPT-4 38.8 0.539 0.626
GPT-4 baseline 38.6 0.546 0.617
oneNLP-IIITH 31.3 0.58 0.646
GPT-3.5 baseline 27.9 0.688 0.568
fine-tuned GPT-3.5 27.6 0.716 0.501

Table 5: MR→EN

very strong relative improvement of 68% in BLEU
compared with the winning team from the shared
task.

The best-performing MLLM-based system in
the MR→EN direction is also compared with our
LLM-based systems. The highest-performing LLM
used a custom GPT-4 model which recorded a
BLEU score of 38.8 points. This was only a
marginal improvement on the baseline GPT-4 model
with a BLEU score of 38.6 points. As previously
noted, the GPT4 baseline solutions can be delivered
in real time which makes this model the ideal start-
ing point for an immediate crisis response. A rel-
ative improvement of 36% and 14 BLEU points is
available once sufficient time is given to developing
the fine-tuned MLLM model.

7 Discussion

A significant finding of this research is the demon-
strated capability to substantially improve trans-
lation quality for low-resource languages through
fine-tuning with crisis-specific datasets. The adapt-
ability and speed of deployment offered by LLMs
and MLLMs hold the promise of making such rapid
response a standard practice in future crises, ensur-
ing that linguistic barriers do not impede vital aid
and information flow.

However, this potential comes with its share
of challenges, particularly concerning the assembly
and quality of training datasets. This study’s pro-
posed solution, leveraging community input through
custom GPTs to crowd-source and refine translation
data, presents a scalable model for corpus develop-
ment in crisis scenarios. Looking ahead, this re-
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search lays the groundwork for expanding the appli-
cation of LLMs and MLLMs beyond MT to address
a wider range of NLP challenges in crisis situations.
The blueprint provided for rapid MT system deploy-
ment in emergencies, emphasising community in-
volvement and model fine-tuning, offers valuable in-
sights for future endeavours aiming to harness AI for
humanitarian purposes.

8 Conclusion

In this paper, we outlined how the advent of LLMs
has transformed our ability to rapidly develop MT
systems for low-resource languages in crisis scenar-
ios. A system for rapid corpus development was pre-
sented which adopts a collaborative approach, em-
phasising community involvement and open-source
methodologies.

The appropriate response to developing MT
systems at different phases of a crisis were high-
lighted. Using the recent Covid pandemic as a
reference crisis, MT systems were developed us-
ing custom GPTs, fine-tuned models from OpenAI
and fine-tuned MLLM models. We demonstrated
that a custom GPT delivers a functioning MT sys-
tem rapidly whereas a fine-tuned MLLM delivers a
higher-quality solution given a longer time horizon.

By highlighting how a fine-tuned MLLM can
provide SOTA accuracy during a crisis, our work
demonstrates how LLMs and MLLMs can provide
more inclusive communication. Language barriers
in crisis communication will be diminished with the
help of this approach which in turn helps minority
communities in times of real need.

Our paper introduces a pipeline which is ap-
plicable to a broader range of NLP problems. As
part of future work, the methodologies and insights
derived from our research could extend beyond the
scope of MT to other domains within NLP. Conse-
quently, a versatile framework for addressing a vari-
ety of language processing challenges in crisis sce-
narios has been put forth in this study.

Limitations of study

The proprietary nature of MLLMs and LLMs such
as NLLB and GPT-4, which do not disclose the
specifics of their training datasets presents a prob-
lem. When fine-tuning these models for specific
tasks, there is a risk of overlapping data that can-
not be easily identified or removed. This limitation

underscores a broader issue within the field of NLP
and MT research, where the exact composition of
training data in SOTA models often remains opaque.
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Abstract

While most current work in multimodal machine translation (MMT) uses the Multi30k dataset for training and
evaluation, we find that the resulting models overfit to the Multi30k dataset to an extreme degree. Consequently,
these models perform very badly when evaluated against typical text-only testing sets such as the newstest
datasets.
In order to perform well on both Multi30k and typical text-only datasets, we use a performant text-only
machine translation (MT) model as the starting point of our MMT model. We add vision-text adapter layers
connected via gating mechanisms to the MT model, and incrementally transform the MT model into an MMT
model by 1) pre-training using vision-based masking of the source text and 2) fine-tuning on Multi30k.
We achieve a state-of-the-art performance on the Multi30k 2016 en-de test set of 46.5 BLEU4 score and 0.61
CoMMuTE score via this approach while retaining the performance of the original text-only MT model against
the newstest dataset.

1 Introduction

The task of multimodal machine translation (MMT)
is to automatically translate text while using addi-
tional modalities (e.g., image, video, audio) to aid
in translation. Prior work has shown that MMT can
use contextually relevant images to aid in translation
of sentences that contain ambiguities or missing tex-
tual information (Caglayan et al., 2019; Wu et al.,
2021). For example, the noun “bank” is ambiguous
and contextually dependent in English (“financial in-
stitution” or “river edge”) but unambiguous in French
(“banque” or “rive”). The hypothesis that these am-
biguities or missing information can be resolved with
contextually relevant images is persuasive.

Much work in MMT (Yao and Wan, 2020; Yin
et al., 2020; Wu et al., 2021; Li et al., 2022) focus on

the Multi30k dataset (Elliott et al., 2016), a dataset
comprising 30,014 image captions and correspond-
ing translations in different languages.

However, compared to the domain of text-only
translation where MT models are trained using mil-
lions of examples, the Multi30k dataset is an ex-
tremely small dataset. Consequently, the MMT mod-
els will naturally overfit to the Multi30k dataset and
perform poorly against testing sets that text-only
translation models are typically evaluated against
(Section 4).

Text-only machine translation is a much larger
domain than multimodal machine translation and
many strong models have been developed in the field
(Kocmi et al., 2022). Thus, using a pre-trained text-
only model as a starting point for MMT is a promis-
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ing approach to advance the state of MMT. To demon-
strate this, we incrementally transform a text-only
MT model into an MMT model, resulting in state-
of-the-art performance against the Multi30k dataset
while retaining the performance of the pre-trained
model against text-only test sets.

We use a pre-trained Transformer-based trans-
lation model as our starting point. We evolve this
text-only translation model into an MMT model us-
ing adapters (Houlsby et al., 2019) and gating mech-
anisms such that the model learns how to use vi-
sual information while preserving its original trans-
lation performance. We do this by 1) combining a
strong pre-trained translation model and a pre-trained
vision-language model to create an MMT model, 2)
pre-training the MMT model on a dataset of cap-
tions augmented with informed visual grounding and
machine generated translations along with a dataset
collated from a text-only MT dataset, and 3) fine-
tuning against the Multi30k dataset.

Using this model architecture and training pro-
cess, we achieve high performance against the
Multi30k test sets while retaining high performance
against text-only testing sets (Table 1).

2 Related Works

2.1 Adapting pre-trained models for MMT
Caglayan et al. (2021) converted a translation lan-
guage model into a vision-based translation language
model by pre-training using Conceptual Captions
(Sharma et al., 2018), translating English captions to
German using a translation model, and fine-tuning
using Multi30k.

Futeral et al. (2023) also proposed a model that
adapts a language model into an MMT model by si-
multaneously training against the MMT objective us-
ing the Multi30k dataset and the visually-conditioned
masked language modeling objective using the Con-
ceptual Captions dataset. While they used a visual-
conditioned masked language modeling object, we
use the much simpler training process of directly op-
timizing the output using cross-entropy loss. Further-
more, while they randomly choose words for visual
grounding, we choose vision-based words selected
using an object detection method for our masking.

2.2 Masking for visual grounding
Masking words for visual grounding is a common ap-
proach employed by such works as Wu et al. (2021),

Ive et al. (2019), Caglayan et al. (2019), Wang and
Xiong (2021). We cover a subset of these works.

Ive et al. (2019) masked specific words (am-
biguous, inaccurate, and gender-neutral words) in the
English source text to force the MMT models to use
the visual information to generate target texts. They
show that the additional visual context was helpful
in text generation.

Caglayan et al. (2019) performed masking based
on color deprivation, whole entity masking, and pro-
gressive masking on source texts. However, they
found that training based on masking results in per-
formance degradation on the Multi30k testing sets,
which indicates that the vision information was not
being fully utilized by their models.

Wang and Xiong (2021) performed masking of
source text based on Flickr30k-Entities (Plummer
et al., 2016) that were vision related and used a multi-
task object to train their MMT model, where they
optimized for object-masking loss in addition to the
text generation.

2.3 Gating mechanism for MMT
Similar to our work, Wu et al. (2021), Zhang et al.
(2020), Lin et al. (2020) and Yin et al. (2020) use a
trainable gating mechanism in the context of MMT
to control the fusion between vision and text. How-
ever, our work uses two gating parameters each for
the six adapter layers that we add, totaling 12 gating
parameters, which is considerably fewer than in their
work, which uses two trainable gating matrices of
size 2048× 512 and T × 512 where T is the number
of input text tokens. Furthermore, while the average
of the gating parameters used by Wu et al. (2021)
tended towards 0.0 (consequently weighing vision
information lower) as more training is done, we show
in this work how the use of vision-based masking
allows the training of our gating mechanism to use
more of the vision information.

3 Methods

We take a similar approach that Alayrac et al. (2022)
used to create their generative vision-language model,
Flamingo, while adapting their approach for the
MMT task.

Flamingo is a generative decoder-only vision-
language model created by combining a pre-trained
generative language model and a pre-trained vision
model, where vision and text interactions are mod-
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eled by via gated vision-text cross-attention layers
inserted before each decoder layer. Then, the model
is incrementally converted from using only text infor-
mation to using both vision and text information by
freezing the pre-trained portions of the model. The
gating values are set to 0.0 at the beginning of train-
ing in order that the vision-language model initially
performs equivalently to the language model, and as
training progresses the gating values diverge from 0
via back-propagation and consequence learns to use
vision information gradually.

Target Text Outputs

Text Output
Embedding

⊕Positional
Encoding

Masked
Multi-Head
Attention

Add & Norm

Multi-Head
Attention

Add & Norm

Feed
Forward

Add & Norm

Linear

Softmax

Output
Probabilities

Source Text Inputs

Text Input
Embedding

⊕Positional
Encoding

Multi-Head
Attention

Gated Add

Feed
Forward

Gated Add

Multi-Head
Attention

Add & Norm

Feed
Forward

Add & Norm

Image Inputs

Vision Encoder

Vision Input
Embedding

Multi-Head
Attention

Add & Norm

Feed
Forward

Add & Norm

Learned
Latent Queries

N×

R×

N×
D
ec
o
d
er

L
ay
er

V
is
io
n
-t
ex
t
L
ay
er

E
n
co

d
er

L
ay
er

P
er
ce
iv
er

R
es
a
m
p
le
r
L
ay
er

Figure 1: Multimodal translation architecture,
where multimodal components are incorporated into
the Transformer translation model introduced by
Vaswani et al. (2017). The parameters in the model
bordered by red are initialized randomly and updated
for training, while the parameters in the pre-trained
vision encoder and the pre-trained Transformer trans-
lation model bordered by black are frozen. The gat-
ing parameters in the vision-text layers are updated
using back-propagation, allowing us to smoothly tran-
sition from a text-only translation model into a multi-
modal translation model.

Analogously, we start from a pre-trained
Transformer-based text-only MT model and a pre-
trained vision model to create an MMT model by
inserting a vision-text cross-attention layer before
each encoder layer. Using trainable gating parame-

ters, we incrementally convert the model from using
only text information to using both vision and text in-
formation to perform translation. We call our model
GRAM (Gating and Residual Adapter-based Model).

While trainable gating parameters have been
used in previous work for MMT (Wu et al., 2021;
Zhang et al., 2020; Lin et al., 2020; Yin et al., 2020),
our work is unique in the much lower number of gat-
ing parameters and in that it allows for the smooth
transition of the model from performing as an MT
model to performing as an MMT model.

Both the Flamingo model and our model were
trained using the next-token prediction task, as is
typical for text-only machine translation. Unlike
Flamingo, which is a decoder-only model, our model
is an encoder-decoder model. We inserted the vision-
text layers before each of the encoder layers only, as
we found it to perform better than inserting vision-
text layers before the decoder layers only or be-
fore both the encoder and decoder layers (Appendix
D.1). Aside from the perceiver resampler module
and the gated vision-text cross attention layers used
in Flamingo model, which we use to convert our
model from an MT model to an MMT model, our
GRAM model follows the original text-only Trans-
former MT model’s hyper-parameters, layers, and
training objectives as closely as possible.

3.1 GRAM model architecture

We start with a pre-trained Transformer translation
model introduced by Vaswani et al. (2017) and add
lightweight multimodal components (Figure 1). We
use a pre-trained vision encoder, CLIP, to encode the
input images (Section 3.1.1). We then link the vision
encodings to the Transformer translation model using
two components, the perceiver resampler (Section
3.1.2) and the vision-text layers (Section 3.1.3). The
vision encodings, which can come from an arbitrary
number of images, are converted into a fixed number
of vision tokens using the perceiver resampler. Then,
interactions between the vision tokens and the text
embeddings are modeled using the vision-text cross-
attention layers. The vision-text layers are incor-
porated into the Transformer layers by interleaving
the vision-text layers and the original self-attention
layers of the Transformer encoder.

In more detail, given an input sequence of text
tokens t = (t1, . . . , tn) and images I = (I1, . . . , Il)
where n and l may vary depending on the number
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of input text tokens and images, the output token
sequence is generated auto-regressively as follows.

The vision encoder maps the images I into vi-
sion encodings v = (v1, . . . , vl) where vi ∈ Re

and e is the size of the image encodings. The vision
input embedding layer maps the vision encodings
v into vision embeddings w = (w1, . . . , wl) where
wi ∈ Rd and d is the size of the text and image em-
beddings. The text input embedding layer maps the
text tokens t to text embeddings x = (x1, . . . , xn)
where xi ∈ Rd. The perceiver resampler remaps the
variable number of image embeddings to a constant
number of vision tokens p = (p1, . . . , pr) where
pi ∈ Rd, using the r learned latent queries.

Then, the encoder, consisting of a sequence of
interleaved vision-text cross-attention layers and en-
coder layers, maps the text embeddings x and vi-
sion tokens p into a sequence of representations
z = (z1, . . . , zn) where zi ∈ Rd. Given z, the
decoder generates the output probabilities for the
next output token in an auto-regressive manner, thus
producing the output token sequence, y1, . . . , ym.

3.1.1 Vision encoder
We use a pre-trained vision-language model, CLIP
(Radford et al., 2021), to encode the input images.
CLIP was trained on 400 million image-text pairs
using a contrastive image-text approach. The vision
encodings produced by CLIP contain rich semantic
information relevant to vision-language tasks, and it
has been shown to perform well on a wide variety of
these tasks. We use the vision encoder in CLIP’s best
performing ViT-L/14@336px model, which outputs
vector encodings of length 768.

3.1.2 Perceiver resampler
The perceiver resampler, used for the Flamingo
model, receives a variable number of vision embed-
dings and outputs a fixed number of vision tokens.
This concept was initially used to map a large number
of inputs to a fixed number of tokens (Jaegle et al.,
2021) and for object detection, where each of the
visual tokens corresponds to an object class (Carion
et al., 2020).

Given the vision embeddings w, let λ =
(λ1, . . . , λr) be the learned latent queries, and
let MHA and FF be the multi-head attention
layer and the feed forward layer, respectively.
Then, the first perceiver resampler layer PR is
PR(λ,w) = λ′ + FF(λ′) where λ′ = λ +

MHA(K=[w,λ], V=[w,λ], Q=λ) and [w,λ] is
the concatenation of the two vectors. Then, the per-
ceiver resampler layers continue with λ←PR(λ,w)
for R layers. The vision tokens p←λ are outputted
by the final perceiver resampler layer.

3.1.3 Vision-text layer
Similar to the Flamingo model, in order to smoothly
train our MMT model to ensure it behaves at the be-
ginning of training like the pre-trained MT model and
behaves at the end of training like an MMT model,
we insert vision-text cross-attention layers before
each of the original Transformer encoder layers and
we use a gating mechanism for each of the vision-text
layers.

Given the vision tokens p output by the per-
ceiver resampler and the input text embeddings x,
let ga and gf be the learnable gating parameters for
the multi-head attention layer MHA and the feed
forward layer FF respectively, with γa = tanh(ga),
γf = tanh(gf ). Then, the first gated cross-attention
layer GCA is GCA(x,λ) = x′ + γf FF(x′)
where x′ = x + γa MHA(K=p, V=p, Q=x).
The gated cross-attention layers then continue with
x←E(GCA(x,λ)) for N layers where E is the orig-
inal Transformer encoder layer following the cross-
attention layer.

Gating parameters are set to 0.0 at the start
of training and so it passes the text embeddings x
through without modification. As training contin-
ues and as more vision information is used, |ga| and
|gf | increases via back-propagation; consequently
|γa| = |tanh(ga)| and |γf | = |tanh(gf )| approaches
1.0, since the tanh function maps the gating parame-
ters ga and gf to be between -1.0 and 1.0

Since the gating parameters initially start at 0.0,
vision information is ignored and the model performs
as well as the text-only Transformer. During the
training process the gating parameters are updated
to gradually incorporate vision information for the
multimodal translation task. The gating parameters
can be seen as a proxy for how much vision informa-
tion is used by the model.

3.1.4 Model hyper-parameters
During training, only the multimodal components
are updated, while the vision encoder and the rest of
the parameters in the text-only Transformer are kept
frozen. For the vision encoder, we use pre-trained
weights from the CLIP vision encoder model and
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ignore CLIP’s text encoder model1. For the text-only
translation components, we use weights from the
pre-trained MT model from FAIR’s WMT19 submis-
sion2. Since our model uses FAIR’s WMT19 MT
model, we use the same byte-pair encoding (BPE)
and vocabulary used by the MT model. Since the
text-only portion of the model is frozen, training
is relatively fast, typically 3 batches/sec using two
Nvidia V100 GPUs where each batch contains 3,584
tokens.

Since we use the FAIR’s WMT19 text-only
Transformer as the starting point, we use those hyper-
parameters for our additional layers unless otherwise
specified. For the perceiver resampler, we use two
layers, i.e., R = 2, as was done for Flamingo. For
both the perceiver resampler and the vision-text cross
attention layers, we use the same parameters as in
the text-only Transformer model, except for the num-
ber of attention heads being 16 and the intermediate
feed-forward layer size being 4,096. The number of
parameters are detailed in Appendix A).

3.2 Training
Beginning with the pre-trained text-only translation
model, we add vision embedding layers and gated
adapter layers that to the translation model to create
a multimodal translation model (Section 3.1). Then,
setting the initial gating values to 0.0, which allows
our MMT model to perform equivalently to the MT
model, we freeze the text-only parameters and train
the additional vision-text parameters. We first pre-
train the vision-text parameters of our model (Section
3.2.1) and then fine-tune the vision-text parameters
using the Multi30k dataset (Section 3.2.2). During
training, the gating value diverge from 0.0 as more
vision information gets used by the model.

3.2.1 Pre-training
The intent of the pre-training step is to force the
model to use contextually relevant image informa-
tion by masking vision related words in the source
sentence while performing the translation task. We
pre-train our model on a dataset collated using vision-
based masking of source sentences that we call the
CR dataset.

First, we translate 2,878,999 of the English
captions in the Conceptual Captions (CC) dataset

(Sharma et al., 2018) that had images available to
German using FAIR’s WMT19 translation model,
and then perform vision-based masking on the En-
glish captions.

For vision-based masking, we create a list of
vision related phrases, or topic phrases, by using the
VinVL object detector (Zhang et al., 2021) against
the CC images. VinVL is able to detect 1,848 object
classes and 524 attribute classes, resulting in a much
richer possible vocabulary than other object detec-
tors. With relatively high thresholds of 0.8 for object
classes and 0.7 for attribute classes, we create a list
of 7,494 “attribute object” combinations, such
as “red car”.

Then, for each English-German sentence pair,
we search for topic phrases in the English sentence.
For each topic phrase we find, we replaced it with
the <unk> token (as we are restricted to using tokens
present in the pre-trained FAIR WMT19 model, the
<unk> token is the closest available token to a mask
token). This results in an MMT dataset of 2,663,331
(masked source text, target text, image) triplets.

In addition, we also concatenate to the CR
dataset 2,878,999 (<unk>, target text, image) triplets
created from each of the captions in the CC dataset
to further force the usage of vision information to
generate text.

Furthermore, so that the model does not over-
fit to inputs that always contain image information
while still maintaining the capacity to translate com-
plex sentences, we concatenate to the CR dataset
1,183,301 (source text, target text, ∅) triplets created
from the RAPID 2019 (Kocmi et al., 2022) dataset.

We train our GRAM model using the typical
cross-entropy loss for machine translation. The op-
timization details for the pre-training step are de-
scribed in Appendix C.1.

3.2.2 Training against Multi30k
Fine-tuning. We use the same vision-based masking
described in Section 3.2.1 for the source sentences in
the Multi30k training set, which resulted in 29,000
masked source text, target text, and image triplets.
We refer to this resulting dataset as M30k. Since
the Multi30k dataset contains only 29,000 examples,
fine-tuning after the above pre-training step resulted
in much better performance compared to directly

1 See https://github.com/openai/CLIP to download weights.
2 The weights are from the transformer.wmt19.de-en single model located in the pytorch/fairseq torch hub. See
https://github.com/facebookresearch/fairseq for details.
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training against the M30k dataset (Section 4).
Note that we train our model using a concate-

nation of the Multi30k training set with images and
the Multi30k training set without images. This is
to account for evaluation artifacts where the model
performance when given both text and image input is
higher than model performance with only text input,
but the result is only due to the model overfitting on
training data that only has (source text, target text,
image) triplets and no examples of (source text, tar-
get text, ∅) triplets. We also explore fine-tuning of
three other dataset variations including the original
unmasked Multi30k dataset, which we discuss in Ap-
pendix E. The optimization details are described in
Appendix C.2.

Direct training. We also directly training us-
ing the above described Multi30k dataset without the
pre-training step for comparison. Due to its small
size, we also explored directly training against the
Multi30k dataset using smaller perceiver resampler
and vision-text layers, and found performance to be
similar (Appendix D.2). Thus, we show performance
results using the same model sizes.

4 Results and Discussion

We use the evaluation framework proposed by Vi-
jayan et al. (2024), where they argued that MMT
models should be evaluated by measuring both 1)
their use of visual information to aid in the trans-
lation task and 2) their ability to translate complex
sentences as is done for text-only machine transla-
tion.

We evaluate model performances against 1) the
CoMMuTE (Futeral et al., 2023) test set, 2) the
Multi30k (Elliott et al., 2016) test sets, and 3) the
WMT news translation task (Kocmi et al., 2022) test
sets (newstest) using CoMMuTE score and BLEU4
calculated using SacreBLEU (Post, 2018).

The main evaluation results are shown in Ta-
ble 1 and two examples from the CoMMuTE test
dataset are shown in Figure 2. The label FAIR-
WMT19 shows our model’s performance before our
training process, i.e., the original text-only Trans-
former’s performance. MCR is our GRAM model pre-
trained on the CR dataset (Section 3.2.1). MCR,M30k
is our model pre-trained on CR and fine-tuned on
Multi30k (Section 3.2.2). MM30k is our model trained
on Multi30k without the pre-training step (Section
3.2.2). We compare against the Gated Fusion and

RMMT models (Wu et al., 2021), which are both
trained solely on the Multi30k dataset, as well as
the reported performance of VGAMT (Futeral et al.,
2023), which was introduced along with the CoM-
MuTE test set.

Label CoMMuTE Multi30k newstest

2016 2017 2019 2020
Score BLEU4

Multimodal inputs
MCR 0.57 39.2 36.8

MCR,M30k 0.61 46.5 43.6
MM30k 0.50 45.9 42.7

Gated Fusion 0.50 42.0 33.6
VGAMT 0.59 43.3 38.3

Text inputs only
FAIR-WMT19 0.50 40.7 37.7 40.6 36.2

MCR 0.50 40.2 37.8 40.6 35.4
MCR,M30k 0.50 46.4 42.9 42.7 36.2
MM30k 0.50 45.9 42.8 36.1 26.8
RMMT 0.50 41.5 33.0 1.3 0.8

Non-matching inputs
MCR 0.51 39.0 36.7 42.1 35.6

MCR,M30k 0.51 46.6 43.2 42.0 36.2
MM30k 0.50 45.9 42.8 36.1 26.8

Gated Fusion 0.50 42.0 33.6 1.3 0.6

Table 1: Performance results for English to German
(en-de) translations. The label FAIR-WMT19 shows
our model’s performance before our training process,
i.e., the original text-only Transformer’s performance.
MCR is our model pre-trained on the CR dataset;
MCR,M30k is our model pre-trained on CR and fine-
tuned on Multi30k; MM30k is our model trained on
Multi30k without the pre-training step; Gated Fusion
and RMMT are our evaluations of the models pub-
lished by Wu et al. (2021); VGAMT is the reported
performance of the model published by Futeral et al.
(2023). “Text inputs only” shows performance of
when only the source text is given. “Multimodal in-
puts” shows the performances when both source text
and image is used as input. “Non-matching inputs”
shows performance when source text along with a
random image is used as input.

4.1 Pre-training using vision-based masking

Since we begin with a performant MT model, we
expect that our model will retain the high text-only
performance of the MT model while transforming
into an MMT model. In order to ensure this, we fol-
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lowed the work by Alayrac et al. (2022), where they
incrementally transformed a language model into a
vision-language model which retaining text-only per-
formance, both in terms of the design of our model
architecture and our training process (Section 3).

Input: Get away from the float!

Ref: Weg vom Schwimmer! Ref: Weg vom Karnevalswagen!
Output: Weg vom Schwimmer! Output: Weg vom Festwagen!

Input: A biker on the road.

Ref: Ein biker auf der Straße. Ref: Ein Radfahrer auf
der Straße.

Output: Ein Motorradfahrer auf
der Straße.

Output: Ein Radfahrer auf
der Straße.

Figure 2: Examples from the CoMMuTE test dataset
of our model (the MCR,M30k model from Table 1) re-
solving ambiguous input text when given contextual
images. The ambiguous words in the input sentences
and the resolved ambiguities in the output and refer-
ence sentences are in italics.

Similar to Alayrac et al. (2022), we found that
a pre-training step is necessary to successfully trans-
form the model without performance loss. When
we pre-train our model and then fine-tune against
the Multi30k dataset, this results in state-of-the-art
performance against the Multi30k test sets and CoM-
MuTE score (Table 1, label MCR,M30k), as well as
little to no degradation of performance against the
newstest datasets.

However, when we train against the Multi30k
dataset without pre-training, we achieve good per-
formance in the Multi30k test sets but only 0.5 for
the CoMMuTE score (Table 1, MM30k), which indi-
cates that image information is not being used by the
model, and degraded performance on the newstest
datasets (e.g., 36.2 BLEU4 on newstest2020 for the
text-only FAIR-WMT19 model compared to 26.8
BLEU4 for MM30k).

While our pre-training step does degrade perfor-
mance slightly on the newstest datasets compared to
the original text-only Transformer (e.g., 36.2 BLEU4

on newstest2020 for the text-only FAIR-WMT19
model compared to 35.4 BLEU4 for the MCR model),
we note that our pre-training process is relatively
rudimentary (Section 3.2.1) while FAIR-WMT19 is
a model that was fine-tuned specifically for the news
translation task using the news commentary dataset
(Ng et al., 2019). Interestingly, and contrary to ex-
pectations, fine-tuning on the Multi30k dataset after
pre-training improves performance against the new-
stest2019 and newstest2020 datasets, which might
indicate that the FAIR-WMT19 model is overfitted
to the news commentary dataset.

4.2 Training against Multi30k without
pre-training

Due to the small size of the Multi30k training set, it is
expected that models trained against Multi30k with-
out pre-training would perform badly against testing
sets such as the newstest datasets. For comparison,
in the text-only translation domain, MT models such
as FAIR-WMT19 are trained on millions of exam-
ples and then evaluated against the newstest dataset.
We evaluated the Gated Fusion and RMMT MMT
models, introduced by Wu et al. (2021) and trained
solely on Multi30k, against the newstest datasets. As
expected, there is a drastic drop in performance when
the models are evaluated against the newstest datasets
(Table 1).

For the Gated Fusion model, we evaluate by
associating random images to the source text and
evaluate against the newstest datasets. Since the asso-
ciated images are not necessarily related to the source
text, this can be considered non-matching evaluation.
For the RMMT model, which takes as input only
the source text, and uses the source text to perform
image retrieval for the translation task, we simply
use the source text to evaluate against the newstest
datasets. As shown in Table 1, while the models per-
form well against the Multi30k test sets, they perform
very badly against the newstest datasets.

In contrast, since our model uses a performant
text-only MT model as the starting point, our model
performs well when given non-matching inputs while
still having high performance against CoMMuTE and
the Multi30k testsets.

4.3 Text-only translations in Multi30k
One point to note when evaluating against the
Multi30k test sets is that most of its captions do not
require the image in order to be correctly translated
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due to the captions being unambiguous. Specifically,
Futeral et al. (2023) analyzed the Multi30k Test2016
and Test2017 and showed that only 2.1% and 2.0%,
respectively, of the examples in the test sets have am-
biguous source sentences that can be resolved using
the associated images. Thus, we expect that correct
translations can be achieved with the text alone with-
out the associated images for the vast majority of the
remaining examples. Fitting our expectations, we see
that state-of-the-art performance on the Multi30k test
sets can be achieved without making use of image
information at all (Table 1, “Text inputs only” rows).

Since high performance can be achieved on the
Multi30k test sets without the use of contextual im-
ages, it is important that an evaluation framework
such as the CoMMuTE evaluation framework that
can confirm that visual information is being used to
aid in the translation task should always be used in
conjunction with the Multi30k test sets when evalu-
ating MMT models.

4.4 Gating parameters

As in the Flamingo model, our model uses gating
parameters to transform from a model that uses only
text information to a model that uses both vision and
text information to produce outputs. The gating pa-
rameters, explained in Section 3.1, can be viewed as
how much the model weighs the image information
compared to the text information. Since the gf can
potentially solely use text information in the training
set, the ga values should be interpreted as the main
proxies that indicate how much image information
influences the output of the model.

Gating parameters have been used previously
for MMT, with Wu et al. (2021) having explored in
detail how gating parameters that weighed vision and
text information are affected in MMT models. For
their model, as training progressed, the average value
gating parameters tended towards 0.0, indicating that
their model learned to not use image information as
training progressed.

In contrast, our gating parameters did not trend
towards 0.0 as training progressed (Figure 3), primar-
ily due to the pre-training approach that we employ
(as indicated by the difference in the progress of the
gating values in pre-training vs. direct training in

Figure 3). However, unlike in the Flamingo model,
where the maximum of the attention gating values
|γa| = |tanh ga| reaches around 0.8 towards the end
of training, and the maximum of the feed-forward
gating values |γf | = |tanh gf | reaches 0.95, our gat-
ing values reach 0.035 for |γa| and 0.2 for |γf |. This
suggests that image information is not necessarily as
important for the multimodal translation task com-
pared to the Flamingo model, which can perform a
wide variety of tasks including visual question an-
swering. On the other hand, improvements in the
training datasets and processes may increase the gat-
ing values to be closer to that of the Flamingo model.

5 Conclusion

Text-only machine translation is a much larger do-
main than multimodal machine translation and many
strong models have been developed in the field.
The approach of transforming a language model
into a vision-language model was successful demon-
strated via Flamingo, and thus have a high probabil-
ity of working well in the similar task of machine
translation. Following this idea, we designed an
MMT model that began as a performant text-only
MT model and incrementally transformed it into
a MMT model by 1) pre-training using informed
vision-based masking of the source text and 2) fine-
tuning on Multi30k. We achieved a state-of-the-art
performance on the Multi30k 2016 test set of 46.5
BLEU4 score via this approach while retaining high
performance against CoMMuTE and the newstest
datasets. There are many approaches for improving
our model including the training process, where the
pre-training dataset can be improved using more text-
only datasets or augmenting text-only datasets using
image retrieval, and model architecture, where tech-
niques such as VMLM can be used to further enforce
the use of image information in the model.
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a) Pre-training.
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b) Fine-tuning.
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c) Direct training.
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Figure 3: Gating values during a) pre-training over
the CR dataset, b) fine-tuning over the Multi30k
dataset, and c) directly training on the Multi30k
dataset. Layer 1 is the vision-text adapter layer that
is closest to the input. Note that some of the gating
values overlap in some of the plots.
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A Number of parameters in the GRAM
model

The number of parameters in the original text-only
Transformer is 269,746,176. While there are also
304,293,888 parameters in the ViT-L/14@336px
CLIP vision encoder model that we use, the vision en-
coder is not used during training since we cache the
image encodings to file. We add 68,051,980 parame-
ters via the perceiver resampler and the six vision-text
layers, which are that parameters that we optimize
over. Thus, the entire model contains 337,798,156
parameters. If we include the vision encoder as well,
then the entire model contains 642,092,044 parame-
ters.

B Datasets

Dataset Only text With image Total

CR 1,183,301 5,542,330 7,725,631
M30k 29,000 29,000 58,000

Table 2: Training datasets used in this work. CR is
the augmented Conceptual Captions and RAPID2019
datasets described in Section 3.2.1 that we use for pre-
training. M30k is the augmented Multi30k dataset
used for fine-tuning and is described in Section 3.2.2.
“Only text” is the number of examples in the dataset
with no associated image. “With image” is the num-
ber of examples with one or more associated images.
“Total” is the total number of examples in the dataset.

C Optimization details

C.1 Pre-training
We use the same optimization hyper-parameters as
FAIR’s WMT19 model (Ng et al., 2019) with Fairseq
(Ott et al., 2019) as the training and evaluation frame-
work. For pre-training, we use the Adam optimizer
with β1 = 0.9, β2 = 0.98, with a warm-up phase of
4,000 steps where we linearly increase the learning
rate from 10−7 to 0.0007. Each training batch con-
tains 3,584 source/target tokens and we train for 20
epochs. We use the checkpoint from the last epoch
for fine-tuning.

C.2 Training against Multi30k
Fine-tuning. When we perform fine-tuning, we
lower the learning rate to 0.0002 and train for 20

epochs. Since the Multi30k dataset is small, we use
a warm-up phase of 240 steps where we linearly in-
crease the learning rate from 10−7 to 0.0002. We
select the checkpoint that performs best against the
Multi30k validation set with respect to BLEU4 score.

Direct training. When we directly train, we set
the learning rate to 0.0007 and train for 20 epochs
using a warm-up phase of 240 steps.

D Model variations

D.1 Where to insert the vision-text adapter
layers

For the GRAM model, vision-text cross-attention
adapter layers can be added before each of the lay-
ers in the Transformer model. Since we modify an
encoder-decoder Transformer in order to transform
it from an MT model to an MMT model, there are
three options for where we add the vision-text layers.
One is to insert the vision-text layers before each
layer in the Transformer encoder (MCR). Second is
to insert the vision-text layers before each layer in
the Transformer decoder (DOCR). Third is to insert
the vision-text layers before each layer in both the
Transformer encoder and decoder (EDCR).

We compare the performance of the three op-
tions, the results which are in Table 3. We selected
the MCR for fine-tuning since the CoMMuTE score
was 0.57 compared to CoMMuTE score of 0.55 for
DOCR and 0.52 for EDCR.

D.2 Smaller model variations when directly
training against Multi30k

We also explored smaller models when directly train-
ing against Multi30k due to the small size of the
dataset. For the first smaller model, we set the num-
ber of attention heads to 8 and intermediate feed-
forward layer size to 2,048 of the vision-text cross-
attention layers (SM30ko and SM30k). For the second
smaller model, we set the number of attention heads
to 4 and intermediate feed-forward layer size to 1,024
of the vision-text cross-attention layers (TM30ko and
TM30k). As shown in Table 4, we found performance
to be similar.
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Label PT FT CoMMuTE Multi30k newstest

2016 2017 coco 2018 2019 2020

Score BLEU4

Multimodal inputs
MCR CR 0.57 35.08 39.17 36.79 31.45 35.72
DOCR CR 0.55 32.59 41.16 37.54 33.46 36.64
EDCR CR 0.52 34.14 39.56 37.45 31.34 35.94

Text inputs only
FAIR-WMT19 0.50 32.63 40.66 37.70 33.97 36.45 40.62 36.20

MCR CR 0.50 31.98 40.22 37.75 32.81 36.41 40.56 35.35
DOCR CR 0.50 30.01 40.85 37.19 33.36 35.84 38.36 33.79
EDCR CR 0.50 30.61 40.03 37.80 32.34 36.11 40.18 34.15

Non-matching inputs
MCR CR 0.51 30.37 39.01 36.73 32.10 35.35 42.09 35.62
DOCR CR 0.50 33.07 41.02 37.72 33.54 36.59 42.17 36.20
EDCR CR 0.50 34.02 39.67 37.44 31.19 35.74 40.84 34.95

Table 3: Performance results of our model under various pre-training and fine-tuning conditions for English
to German (en-de) translations. The label FAIR-WMT19 shows our model’s performance before our training
process, i.e., the original text-only Transformer’s performance. MCR is our model pre-trained on the CR
dataset. DOCR and EDCR are variations where the vision-text layers are inserted before the decoder layers
only (DOCR) and inserted before both the encoder and decoder layers (EDCR), while the MCR model is the
variation where the vision-text layers are inserted before the encoder layers only. “Text inputs only” shows
the performances of our model when only the source text is given and a zero vector is given as the vision
encoding. “Multimodal inputs” shows the performances of our model when both source text and image is
used as input. The model is evaluated against the CoMMuTE (Futeral et al., 2023) testing set, the Multi30k
(Elliott et al., 2016) sets, and the newstest (Kocmi et al., 2022) testing sets using BLEU4, calculated using
SacreBLEU (Post, 2018). Both CoMMuTE score and BLEU4 scores against the CoMMuTE test dataset are
shown for completeness; since the CoMMuTE sentences are very short, the BLEU4 score for CoMMuTE
should be weighed lightly. PT indicates pre-training and FT indicates fine-tuning. The datasets used for
pre-training and fine-tuning are described in Table 2.

E Dataset variations

We explore four variations of our model where
we fine-tune against four datasets: M30ko, M30k,
M30ko/ncv14, and M30k/ncv14 (Table 6). The re-
sults are shown in Table 6.

M30ko is the original Multi30k dataset. How-
ever, we train our model using a concatenation of the
Multi30k training set with images and the Multi30k
training set without images. This is to account for
evaluation artifacts where the model performance
when given both text and image input is higher than
model performance with only text input, but the re-
sult is only due to the model overfitting on training
data that only has (source text, target text, image)

triplets and no examples of (source text, target text,
∅) triplets.

M30k is the Multi30k dataset with vision-based
masking of the source sentences as done in Section
3.2.1. For each (source text, target text, image), we
search for topic phrases (see Section 3.2.1) in the
source sentence and replace each instance of the topic
phrase with the <unk> token. We also concatenate the
original Multi30k dataset with the (source text, target
text, image(s)) triplets and the Multi30k dataset with
images removed (source text, target text, ∅) to this.

M30ko/ncv14 and M30k/ncv14 are the concate-
nation of M30ko and M30k, respectively, to the news
commentary v14 dataset. The news commentary
v14, a news translation dataset comprising X sen-
tence pairs, has been used by Ng et al. (2019) in their
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Label PT FT CoMMuTE Multi30k newstest

2016 2017 coco 2018 2019 2020

Score BLEU4

Multimodal inputs
MM30ko M30ko 0.50 31.99 45.52 42.20 37.51 39.30
MM30k M30k 0.50 27.12 45.93 42.76 37.64 38.82
SM30ko M30ko 0.50 33.61 46.41 42.29 37.83 39.71
SM30k M30k 0.50 29.70 46.09 41.61 38.58 38.98
TM30ko M30ko 0.50 33.06 46.74 42.44 38.06 39.32
TM30k M30k 0.50 27.12 45.93 42.76 37.64 38.82

Text inputs only
MM30ko M30ko 0.50 31.99 45.52 42.20 37.51 39.30 37.77 28.30
MM30k M30k 0.50 27.12 45.93 42.76 37.64 38.82 36.09 26.81
SM30ko M30ko 0.50 33.61 46.41 42.29 37.83 39.71 37.75 27.59
SM30k M30k 0.50 29.70 46.09 41.61 38.58 38.98 36.71 27.89
TM30ko M30ko 0.50 33.06 46.74 42.44 38.06 39.32 37.09 28.12
TM30k M30k 0.50 29.38 46.21 42.20 38.08 38.88 37.37 28.21

Non-matching inputs
MM30ko M30ko 0.50 31.99 45.52 42.20 37.51 39.30 37.77 28.30
MM30k M30k 0.50 27.12 45.93 42.76 37.64 38.82 36.09 26.81
SM30ko M30ko 0.50 33.61 46.41 42.29 37.83 39.71 37.75 27.59
SM30k M30k 0.50 29.70 46.09 41.61 38.58 38.98 36.71 27.89
TM30ko M30ko 0.50 33.06 46.74 42.44 38.06 39.32 37.09 28.12
TM30k M30k 0.50 29.38 46.21 42.20 38.08 38.88 37.37 28.21

Table 4: Performance results of our model under various pre-training and fine-tuning conditions for English
to German (en-de) translations. The label FAIR-WMT19 shows our model’s performance before our training
process, i.e., the original text-only Transformer’s performance. MCR is our model pre-trained on the CR
dataset; MCR,M30k is our model pre-trained on CR and fine-tuned on Multi30k; MM30k is our model trained
on Multi30k without the pre-training step. SM30k and TM30k are smaller variations of the MM30k model. The
datasets used for pre-training and fine-tuning are described in Table 2.

fine-tuning step in order to perform well against the
newstest testing sets.

Optimization details for the dataset variants.
When we perform fine-tuning, we lower the learning
rate to 0.0002 and train for 20 epochs. Since the
Multi30k dataset is small, for M30ko and M30k we
use a warm-up phase of 240 steps where we linearly
increase the learning rate from 10−7 to 0.0002. We
select the checkpoint that performs best against the
Multi30k validation set with respect to BLEU4 score.
For M30ko/ncv14 and M30k/ncv14, we use a warm-
up phase of 1200 steps where we linearly increase
the learning rate from 10−7 to 0.0002. We create a
validation set from the concatenation of the WMT19
validation set and the Multi30k validation set and
select the checkpoint that performs best against the

validation set with respect to BLEU4 score.

E.1 Simultaneously fine-tuning Multi30k and a
text-only dataset

Since the pre-training step does degrade performance
on the newstest datasets (e.g., 36.2 BLEU4 on new-
stest2020 for the text-only FAIR-WMT19 model
compared to 35.4 BLEU4 for the MCR model), and
fine-tuning against Multi30k alone only slightly im-
proves this performance, we explore how to fine-tune
our model such that we preserve the performance on
the Multi30k test sets and improve the performance
on the newstest datasets.

Ng et al. (2019) used the news commentary
dataset (Kocmi et al., 2022), a news translation
dataset, as the final fine-tuning step in order to
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improve performance against the newstest datasets.
Similarly, we perform fine-tuning on a concatenation
of the Multi30k and news commentary v14 dataset,
which resulted in improvements in both the newstest
datasets and the Multi30k test sets (e.g., 35.4 BLEU4
on newstest2020 for the MCR model compared to
36.2 BLEU4 for the MCR,M30k/ncv14 model).

E.2 Fine-tuning without vision-based masking
of source text

Since most of the captions in Multi30k do not require
the image in order to be correctly translated due to
the captions being unambiguous (Futeral et al., 2023),
MMT models tend to ignore visual information dur-
ing the training process (Caglayan et al., 2019; Wu
et al., 2021). We are able to quantitatively see this
when directly training against the original Multi30k

dataset (for MM30ko , the CoMMuTE score is 0.5).
So we ask ourselves how we may preserve

CoMMuTE performance along with newstest and
Multi30k test performances. Since vision-based
masking of source sentences was used to improve
performance during the pre-training stage, we ex-
plore whether it can improve performance during the
fine-tuning stage as well.

Thus, we create the M30k and the M30k/ncv14
datasets as described above. The M30k contains
masked source sentences from the Multi30k dataset
and the M30k/ncv14 dataset is a concatenation of
the M30k and the text-only news commentary v14
datasets. We see that fine-tuning using these datasets
preserve the CoMMuTE score much better than when
not using informed masking (Table 6) while only
slightly decreasing BLEU4 scores.
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Label PT FT CoMMuTE Multi30k newstest

2016 2017 coco 2018 2019 2020

Score BLEU4

Multimodal inputs
MCR CR 0.57 35.08 39.17 36.79 31.45 35.72

MCR,M30ko CR M30ko 0.58 33.03 47.11 43.75 39.48 40.94
MCR,M30k CR M30k 0.61 35.03 46.50 43.57 39.10 40.40

MCR,M30ko/ncv14 CR M30ko/ncv14 0.58 33.99 47.38 42.95 39.83 40.92
MCR,M30k/ncv14 CR M30k/ncv14 0.63 34.88 46.57 43.58 39.78 41.03

MM30ko M30ko 0.50 31.99 45.52 42.20 37.51 39.30
MM30k M30k 0.50 27.12 45.93 42.76 37.64 38.82

Text inputs only
FAIR-WMT19 0.50 32.63 40.66 37.70 33.97 36.45 40.62 36.20

MCR CR 0.50 31.98 40.22 37.75 32.81 36.41 40.56 35.35
MCR,M30ko CR M30ko 0.50 31.25 47.10 43.08 38.48 40.82 42.64 36.00
MCR,M30k CR M30k 0.50 32.11 46.43 42.88 37.88 40.35 42.66 36.22

MCR,M30ko/ncv14 CR M30ko/ncv14 0.50 31.17 47.40 43.30 38.86 40.70 41.80 36.44
MCR,M30k/ncv14 CR M30k/ncv14 0.50 32.95 46.65 43.06 38.95 40.73 41.86 36.46

MM30ko M30ko 0.50 31.99 45.52 42.20 37.51 39.30 37.77 28.30
MM30k M30k 0.50 27.12 45.93 42.76 37.64 38.82 36.09 26.81

Non-matching inputs
MCR CR 0.51 30.37 39.01 36.73 32.10 35.35 42.09 35.62

MCR,M30ko CR M30ko 0.52 32.17 47.08 42.97 38.55 41.12 42.31 36.12
MCR,M30k CR M30k 0.51 31.22 46.56 43.19 37.94 40.75 42.04 36.18

MCR,M30ko/ncv14 CR M30ko/ncv14 0.50 29.39 47.24 43.44 39.48 41.11 41.82 36.52
MCR,M30k/ncv14 CR M30k/ncv14 0.51 31.69 46.37 43.06 38.90 40.72 41.78 36.27

MM30ko M30ko 0.50 31.99 45.52 42.20 37.51 39.30 37.77 28.30
MM30k M30k 0.50 27.12 45.93 42.76 37.64 38.82 36.09 26.81

Table 6: Performance results of our model under various pre-training and fine-tuning conditions for English
to German (en-de) translations. The label FAIR-WMT19 shows our model’s performance before our training
process, i.e., the original text-only Transformer’s performance. MCR is our model pre-trained on the CR
dataset; MCR,M30k is our model pre-trained on CR and fine-tuned on Multi30k; MM30k is our model trained
on Multi30k without the pre-training step. The datasets used for pre-training and fine-tuning are described in
Table 2.
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Abstract

The challenge of visual grounding and masking in multimodal machine translation (MMT) systems has en-
couraged varying approaches to the detection and selection of visually-grounded text tokens for masking. We
introduce new methods for the detection of visually and contextually relevant (concrete) tokens from source
sentences, including detection with natural language processing (NLP), detection with object detection, and
a joint detection-verification technique. We also introduce new methods for selection of detected tokens,
including shortest n tokens, longest n tokens, and all detected concrete tokens. We utilize the GRAM MMT
architecture to train models against synthetically collated multimodal datasets of source images with masked
sentences, showing performance improvements and improved usage of visual context during translation tasks
over the baseline model.

1 Introduction

The challenge of multimodal machine translation
(MMT) is to design a system that automatically
translates text from one language to another while
utilizing other modalities (e.g., image, video, au-
dio) as inputs to assist in translation (Caglayan et al.,
2016).

Prior work has shown that translation ambigui-
ties and missing textual information can be supplied
by contextually-relevant images, aiding in multilin-
gual translation (Lala and Specia, 2018; Caglayan
et al., 2019; Wu et al., 2021). For example, the noun
“bank” is ambiguous and contextually dependent
in English (“financial institution” or “river edge”)
but unambiguous in French (“banque” or “rive”)
(Futeral et al., 2023). The hypothesis for MMT re-
search is that these translation ambiguities can be
resolved with the inclusion of image context.

In practice, not every sentence has semantic
ambiguities, missing information, or relevant visual
context; it is therefore beneficial to ensure that am-
biguous text is visually and contextually relevant to
an associated image (Zhou et al., 2018).

To enforce reliance on image context for trans-
lation tasks, some MMT models mask tokens from
text inputs (Caglayan et al., 2019; Sato et al., 2023).
While most early masking iterations randomly se-
lected tokens for masking, more recent efforts have
sought to mask tokens based on contextual relevance
to a given image (Tan and Bansal, 2020), increasing
the usefulness of the image in resolving ambiguity.
Still, those methods tend to ignore deterministic se-
lection of relevant tokens, opting to randomly select
from a pool of viable tokens.

While these approaches have displayed per-
formance improvements over text-only and random

* Now doing business as Booz Allen Hamilton Corporation.
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masking models, these methods generally do not
take into account the relevance of a masked token.
Therefore, we hypothesize that more intentional se-
lection and masking of concrete (i.e., visually and
contextually relevant) text tokens will improve vi-
sual grounding and increase model usage of multi-
modal context.

In order to select visually and contextually rel-
evant tokens, we explore a combination of natural
language processing (NLP) techniques and object
detection models and examine deterministic meth-
ods for token selection from the set of available de-
tections.

Using these techniques, we collate multimodal
datasets based on the Multi30k dataset (Elliott et al.,
2016); the resulting datasets are triplets of source
sentences with masked concrete tokens, unmasked
target sentences, and associated images.

When masking concrete text tokens from
source sentences, we find improvements in both us-
age of visual information in translation and in per-
formance on evaluation challenges, including CoM-
MuTE scores of up to 0.67 and BLEU scores of up
to 46.2.

2 Related Works

2.1 Masking for Visual Grounding
In a text-only modality, Devlin et al. (2019) ran-
domly masked text tokens during pre-training of
a bidirectional transformer encoder-decoder and
found performance improvements against other text-
only models.

Zhou et al. (2018) utilized jointly-encoded un-
masked text and image embeddings to visually
ground entire source sentences to images. Using a
visual-text attention mechanism on the embeddings,
they extracted words that shared semantic context
with the images.

Ive et al. (2019) combined these approaches,
randomly and manually masking ambiguous and
gender-neutral words from source texts to force their
MMT model to utilize visual information on evalu-
ation tasks. This work showed that the model was
able to use image context to recover from missing,
inaccurate, or ambiguous textual context.

Caglayan et al. (2019) used image descriptions
from the Flicker30k-Entities dataset (Plummer et al.,
2015) to dynamically mask “visually depictable en-
tities” and color descriptors from source sentences,

but noted a degradation in performance on the
Multi30k test sets (Elliott et al., 2016). In contrast,
Wang and Xiong (2021) found that masking irrele-
vant objects improved performance on MMT eval-
uation tasks, suggesting that state-of-the-art MMT
models are ineffectively utilizing visual information.

A meta-analysis by Wu et al. (2021) found
that many reported improvements in MMT perfor-
mance are the result of regularization effects, not
model interpolation of multimodal features; simi-
larly, Zhuang et al. (2023) found that while visual
grounding can improve performance in word learn-
ing, these improvements are only marginal. How-
ever, they also found that training sets with less tex-
tual information and fewer direct co-occurrences of
visual words more effectively utilize visual informa-
tion, suggesting that the relationship between text
and image context is still viable.

2.2 Token Selection for Visual Grounding

In practice, many sentences have more than one vi-
sually grounded token; in these cases, available to-
kens must be dynamically selected for masking. The
standard method is to randomly select viable to-
kens (Devlin et al., 2019); however, recent work in
masked language modeling (MLM) has shown that
informed selection of masked tokens may improve
performance (Sato et al., 2023).

Other work has given consideration to the
length of source segments in text masking (Xiao
et al., 2023) and to the number of tokens selected
(Joshi et al., 2020), but little work has been done
to select tokens deterministically (e.g., by token
length).

3 Approach

We perform improved visual grounding by detect-
ing concrete tokens in source sentences. We explore
three detection techniques to identify concrete text
tokens (Section 3.1) and four selection techniques
to appropriately select the identified concrete text to-
kens (Section 3.2.1). We then collate permutations
of synthetic MMT datasets by masking the selected
concrete tokens from source sentences and aligning
each sentence with its original dataset image pair.
We then train an MMT model (Section 3.3) on these
datasets, expanding on work by Vijayan et al. (2024)
and Caglayan et al. (2019).
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SRC: A girl in sunglasses walks by a red car.

DT1: girl, red car, sunglasses, girl

DT2: sunglasses, A girl

DT3: girl, red car, sunglasses, girl

MSK: A girl in <unk> walks by a red car.

SRC: A construction worker fits metal pipes together.

DT1: construction worker, worker, pipes

DT2: construction worker, worker, construction, pipes

DT3: construction worker, worker, pipes

MSK: A <unk> <unk> fits metal pipes together.

SRC: Young boy kicks a red and white soccer ball on a grassy field.

DT1: field, young boy, ball, young, white soccer ball, boy, grassy field

DT2: soccer, field, young boy, grassy field, young, boy, white soccer ball, ball

DT3: field, young boy, ball, young, white soccer ball, boy, grassy field

MSK: Young boy kicks a red and <unk> <unk> <unk> on a grassy field.

Figure 1: Multi30k source pairs (image, SRC) with results from each detection technique (DT) and an exam-
ple masked source text (MSK). DT1 represents the NLTK technique; DT2 represents the MDETR Detection
technique; DT3 represents the Joint Detection technique. The masked sentence MSK represents a possible
masked sentence based on the bold tokens in the DT3 detections.

3.1 Detection of Concrete Tokens

As Caglayan et al. (2019) found, masking visu-
ally relevant objects from a source text can force
the model to utilize image context to fill in the
artificially-created gap in lexical/semantic under-
standing. We hypothesize that for a given text-image
pair, the masking of text tokens that are directly rel-
evant to the image (i.e., “concrete” tokens), will im-
prove visual grounding, increasing model correla-
tion of image inputs during downstream translation
tasks.

We present three techniques for detection of
concrete tokens: NLP with NLTK (Section 3.1.1),
object detection with MDETR (Section 3.1.2), and
joint NLTK/MDETR detection and grounding (Sec-
tion 3.1.3). While techniques one and two respec-
tively use text and image context, method three
uses contextual information from both modalities
to make decisions about which text tokens are con-
crete.

3.1.1 Detection with NLTK
The first concrete token detection approach is to
parse sentences for nouns and noun phrases that are
likely to represent visual context. By masking to-

kens that are critical to comprehension and transla-
tion of the text, we can encourage the model to learn
with visual context.

The Natural Language Toolkit (NLTK) (Loper
and Bird, 2002) includes the WordNet corpus (Fell-
baum and Miller, 1998), an English-language lex-
ical database that provides structured relationships
between cognitive synonyms (“synsets”) for nouns,
verbs, adjectives, and adverbs. Specifically, Word-
Net defines a directed acyclic graph (DAG) for each
of these parts of speech (POS), containing syn-
onyms, troponyms, antonyms, and meronyms (Fig-
ure 2). Critically, these relational graphs estab-
lish affiliations between English words, their defi-
nitions, and their related parent categories (i.e., “hy-
pernyms”).

Starting with specific synonyms and troponyms
(e.g., “sedan”, “hatchback”, “SUV”) and traversing
the DAG upwards, WordNet collapses definitions
and synsets into their associated hypernym classes
(e.g., “car”, “vehicle”) until it reaches a root hy-
pernym (e.g., “physical entity”, “entity”). Us-
ing recursive graph traversal, we can select any node
in the DAG and parse its hypernyms upward until
we reach either a root hypernym or a parent hy-
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pernym on which we can base an estimate of the
root hypernym (e.g., “object” generally maps to
“physical entity”).

sedan

car
vehicle

litter

artifact

whole

object

physical entity

entity

conveyance

instrumentality

motor vehicle

self-propelled vehicle

wheeled vehicle

container

1

Figure 2: An example hypernym graph. The orig-
inal token, sedan, its three synset entries (labeled
in blue), and its associated concrete hypernyms (la-
beled in red).

Concrete Hypernyms Abstract Hypernyms

physical entity abstract entity

physical object abstraction

stuff

object

person

unit

whole

Table 1: Labeled WordNet (Fellbaum and Miller,
1998) hypernyms. A token is classified as concrete
or abstract if any of the above hypernyms are in its
DAG.

Given that there exists only a small cluster of
root and high-level parent hypernyms for nouns in
WordNet, we can classify the hypernym DAG of any
noun or noun phrase as “concrete” or “abstract”
based on these high-level hypernyms (Table 1).

While this method provides a simple con-
crete/abstract classifier for text tokens, it introduces
additional complications. Although most DAG
nodes have multiple child hyponyms (e.g., “car”
may have “sedan” and “hatchback”), some have
multiple cognitive synonyms, as English words of-
ten have multiple equally likely definitions. For a

given node, each of its “definitions” will appear as
an entry into its synset; for example, the English
noun “link” has nine values in its WordNet synset,
ranging from “URL” to “channel for communica-
tion” to “element of a chain.” These varied defini-
tions may branch to different root hypernyms, im-
pacting the classification based on which definition
is chosen (Table 1).

To compensate, we consider each entry in a
word’s synset and extract a ratio of concrete/abstract
definitions, which more comprehensively projects a
token’s likelihood of being concrete. We perform re-
cursive graph traversal for each entry and retain the
percent of concrete entries as a “concreteness score.”
To then classify the original word as abstract or con-
crete, we establish a threshold of 33% likelihood and
only accept words above that concreteness score.

3.1.2 Detection with MDETR
While the NLTK approach can quickly and effi-
ciently select concrete tokens from a sentence, it in-
correctly assumes that every concrete token in the
sentence is relevant to its associated image. Contex-
tually linking an irrelevant concrete token to a given
image could negatively impact model performance,
especially if the token has high commonality in a
dataset. As a second approach to concrete token de-
tection, we utilize an object detection model to se-
lect concrete tokens. Rather than relying solely on
the text processing for detection, we inspect the im-
age itself for object classes relevant to the text.

For this approach, we use MDETR (Kamath
et al., 2021), an end-to-end object detection model.
Rather than relying exclusively on pre-defined ob-
ject classes, MDETR uses NLP techniques along-
side a pre-trained detection model (Carion et al.,
2020) to perform object detection and image clas-
sification based on the input tokens. Given a text-
image pair (Figure 3), the model assigns each text
token an object classification, confidence score, and
bounding box. To maximize the number of de-
tectable tokens, we pass an entire Multi30k sen-
tence into the MDETR model and filter out detec-
tions with low confidence scores, retaining only the
tokens with a high confidence of correlation to the
image. While Kamath et al. (2021) filter all outputs
with confidence less than 0.7, we filter at 0.85; af-
ter analyzing performance at threshold increments
between 0.5 and 0.95, we found that this threshold
ensured the most balanced object confidence.
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SRC: Cooking hot peppers in the cold winter!

DT2: “cooking hot peppers in the cold winter”

DT3: “pepper”

Figure 3: Multi30k source pair (image, SRC) with
results from the MDETR (DT2, top image) and
Joint (DT3, bottom image) detection techniques.
MDETR query strings, bounding boxes, and confi-
dence scores are shown. In this example, supply-
ing the entire source sentence as text input to the
MDETR object detection model incorrectly identi-
fies the peppers being cooked, while querying only
the word “pepper” increases the model’s confidence
and more closely identifies the region containing the
query.

3.1.3 Detection with Joint Visual Grounding
While the MDETR technique is less likely than the
NLTK technique to improperly select text tokens as
visually-grounded, the pre-trained MDETR model
will always attempt to assign a bounding box to
some text token, often resulting in outputs with high
confidence but incorrect alignment. In practice, pro-
viding extended textual context (i.e., entire captions

or sentences) further exacerbates this problem (Fig-
ure 3).

Therefore, we are left with two techniques
with contrasting weaknesses: NLTK ignores image
context, and MDETR misinterprets textual context.
To mitigate these issues, we present a conjoined
detection technique that “verifies” the presence of
NLTK-detected concrete tokens within an image us-
ing MDETR, ensuring that concrete tokens are visu-
ally grounded in the image.

Like the MDETR technique, the joint tech-
nique parses text-image pairs (unlike the NLTK
technique, which is image-agnostic). The source
sentence is first processed by the NLTK technique,
which returns the noun and noun phrase tokens that
met or surpassed the concrete threshold. Each of
those tokens is paired with a copy of the source im-
age and passed into the MDETR technique, which
performs object detection and filters out all tokens
whose resulting confidence is below the confidence
threshold. This simultaneously reduces the prob-
ability of incorrect alignment by the object detec-
tion model and ensures that text tokens are visually
grounded, resulting in a set of linguistically concrete
and visually-grounded text tokens with high prob-
ability of relevance to the source image. Masking
these explicitly-relevant tokens will force model re-
liance on image context.

3.2 Synthetic Dataset Collation
Because most current work in MMT focuses on the
Multi30k dataset (Elliott et al., 2016), an image-
caption dataset consisting of 30,014 images with
English sentences and corresponding multilingual
translations, we collate synthetic datasets of masked
sentence-image pairs from Multi30k.

We use each detection technique (Section
3.1) to detect concrete tokens and align them to
their original dataset image. From these masked
sentence-image pairs, we collate a series of MMT
datasets in which a maximum of two concrete to-
kens are masked from each sentence and associated
with the relevant image from the original dataset, re-
sulting in training and validation sets that are at most
twice as large as the original Multi30k sets.

3.2.1 Token Selection Techniques
During the dataset collation process, a single sen-
tence may have n > 2 available concrete tokens;
in this case, additional consideration must be given
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to which tokens are selected for inclusion in the
dataset. The standard method has generally been to
randomly select from the available tokens (Devlin
et al., 2019), but recent work in masked language
modeling (MLM) has shown that more informed se-
lection of masked tokens may actually improve per-
formance (Sato et al., 2023).

To examine this, we implement two deter-
ministic token selection techniques, selecting the n
longest and shortest tokens (by number of charac-
ters) respectively for each sentence. We compare
these techniques to a random selection of n tokens
and an unrestricted selection which ignores the n=2
normalization and accepts all available concrete to-
kens.

3.3 GRAM Model

As the basis for our multimodal translation ar-
chitecture, we utilize the GRAM architecture
(Vijayan et al., 2024). GRAM modifies the
FAIR WMT19 (Ng et al., 2019) text-only model,
an encoder/decoder-based transformer architecture
(Vaswani et al., 2017), by adding additional multi-
modal components to create an MMT model.

To process text input, GRAM uses the same
byte-pair encoding (BPE) and vocabulary dictio-
nary as the FAIR WMT19 model (Ng et al., 2019).
Masked sentences are BPE-encoded and fed as stan-
dard text inputs to the MMT model. We mask by
replacing each token with an <unk> token, as that
token is the closest to a mask token available in the
FAIR WMT19 model (Ng et al., 2019). Our method
expands on prior work by Tang et al. (2022) and Wu
et al. (2021) while increasing the requirements for a
token to be visually grounded to an image.

To process image input, the GRAM model
uses CLIP, a pre-trained text-only translation model
alongside a pre-trained vision encoder, a perceiver
resampler, and vision-text cross-attention layers
(Radford et al., 2021). While the original GRAM
paper utilizes the ViT-L/14@336px CLIP model, we
noted better results within our evaluation framework
when using the RN50x4 CLIP model; we present
those results below (Section 4.2). This vision en-
coder converts input images into image embeddings,
enabling the perceiver resampler to convert those
embeddings into a fixed number of vision tokens.
Vision tokens and corresponding text embeddings
are interleaved into vision-text cross-attention lay-

ers within the transformer encoder, creating map-
pings from both the text and the image embeddings
onto a sequence of joint representations. Finally, the
transformer decoder ingests this sequence and out-
puts probabilities for the next output text token in
the target sequence.

The number of parameters in the original text-
only Transformer is 269,746,176; the number of
parameters in the RN50x4 CLIP vision encoder is
101,520,396, for a total of 371,266,572 parameters
in our GRAM model. Additionally, our GRAM per-
ceiver resampler contains 87,137,080 parameters.

4 Results and Discussion

4.1 Experimental Framework

We train the GRAM models on unique permu-
tations of synthetically collated datasets repre-
senting each combination of detection (NLTK,
MDETR, Joint) (Section 3.1) and selection
(unrestricted, restricted-long, restricted-short,
restricted-random) (Section 3.2.1) techniques. We
compare the resulting trained versions to the GRAM
model trained on a unmasked dataset of original sen-
tences.

Most current work in MMT focuses on the
Multi30k dataset; because of its prevalence in other
MMT works, we utilize the Multi30k dataset for col-
lation of our training datasets. We then evaluate the
GRAM models on the Multi30k 2016, 2017, and
COCO test sets using BLEU4 scores.

We also evaluate the GRAM model with an
additional metric, Contrastive Multilingual Multi-
modal Translation Evaluation (CoMMuTE). Futeral
et al. (2023) proposed the CoMMuTE dataset to
evaluate both performance on translation tasks and
usage of visual information by MMT models. In the
ensemble CoMMuTE evaluation, the model is given
two images, a lexically or semantically ambiguous
English sentence, and a target language translation
that resolves the ambiguity according to one of the
two images. The task involves determining which of
the two images the sentence pairs best match. The
evaluation is made using the perplexity of the model
output, and the resulting CoMMuTE score is calcu-
lated using the model’s determination of accuracy
across 100 text-image pairs.
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Detection Selection Score

CoMMuTE Multi30k BLEU4 (en-de)

2016 2017 COCO

Futeral et al. (2023) 0.59 43.3 38.3 35.7
Vijayan et al. (2024) 0.61 46.5 43.6 39.1

Unmasked 0.5 45.0 42.0 38.2

NLTK Unrestricted 0.55 45.7 41.9 39.2
NLTK Restricted-Longest 0.62 46.0 42.5 37.8
NLTK Restricted-Shortest 0.63 46.0 42.0 37.9
NLTK Restricted-Random 0.67 46.2 41.4 37.8

MDETR Unrestricted 0.56 46.0 42.4 38.4
MDETR Restricted-Longest 0.63 45.7 41.7 38.0
MDETR Restricted-Shortest 0.63 45.0 41.2 36.9
MDETR Restricted-Random 0.63 45.6 42.2 37.6

Joint Unrestricted 0.52 45.5 42.4 38.9
Joint Restricted-Longest 0.63 45.8 42.6 38.8
Joint Restricted-Shortest 0.61 45.4 42.0 37.9
Joint Restricted-Random 0.61 45.5 42.4 37.5

Table 2: Selected performance results of our model against the CoMMuTE and Multi30k test sets. The best
result by column is indicated in bold; the best result for each detection technique is underlined. Results as
reported by GRAM (Vijayan et al., 2024) and VGAMT (Futeral et al., 2023) are included for reference.

Detection Concrete % Unique Detections

NLTK 99.51 5,393
MDETR 99.92 6,674
Joint 99.49 4,761

Table 3: Unique concrete token detections and per-
cent of Multi30k sentences with detected tokens by
detection technique.

4.2 Results

We review the performance of the model variants
trained using the synthetic Multi30k datasets (Sec-
tion 3.2) on the above evaluation metrics. We train
13 variants, consisting of one unmasked baseline
and 12 models representing each combination of de-
tection (Section 3.1) and selection (Section 3.2.1)
techniques.

4.3 Detection Results

We introduced three distinct methods for detection
of concrete text tokens: the NLTK technique (Sec-
tion 3.1.1), which parses nouns and noun phrases
from sentences, the MDETR technique (Section

3.1.2), which inputs sentences as queries to an object
detection model, and the Joint technique (Section
3.1.3). Each technique generates the same output
structure: multimodal datasets of sentences masked
concrete tokens and matching images. We hypoth-
esize that masking concrete tokens with these tech-
niques will improve performance on evaluation met-
rics. We further hypothesize that the Joint technique
will be more selective with its detections than its
component NLTK and MDETR techniques, and will
thus utilize image context more efficiently and criti-
cally.

We found that all three techniques consistently
extracted relevant tokens from the text: each tech-
nique extracted concrete tokens from over 99% of
Multi30k sentences (Table 3). The MDETR de-
tection technique was the most successful, extract-
ing 23.8% and 40.2% more unique concrete tokens
than the NLTK and Joint techniques, respectively.
This resulted in the MDETR technique masking
the highest concentration of original Multi30k sen-
tences (114 and 120 sentences more than NLTK and
Joint, respectively).
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Increased rates of detection did not correlate
with better performance, though. All tested mod-
els outperformed the unmasked (baseline) dataset
in CoMMuTE and BLEU scores, but in contrast to
our hypothesis the NLTK technique outperformed
both the MDETR and Joint techniques both in CoM-
MuTE and BLEU score (Table 2). The Joint tech-
nique, which we hypothesized would improve on
its component techniques, consistently underper-
formed against the others. This is especially true
in the Joint Unrestricted model, which only im-
proved its CoMMuTE score by 0.02 and its BLEU
score 0.5 over the baseline. We suggest that the Joint
technique was actually hindered by its strict selec-
tion process, leading to a much smaller pool of ob-
jects to mask from. Conversely, the MDETR tech-
nique tended to over-select longer, rarely-used, or ir-
relevant tokens (Figure 3), contributing to the larger
masking percentages but the lower overall perfor-
mance. The success of the NLTK technique over
the others was its “middle ground” approach, clas-
sifying concrete tokens more liberally than the Joint
technique but more consistently than the MDETR
technique.

23% of tested models underperformed the orig-
inal GRAM model (Vijayan et al., 2024) on CoM-
MuTE metrics, 15.4% performed identically, and
the remaining 53.8% outperformed. All tested mod-
els underperformed the original GRAM model in
Multi30k 2016/2017 BLEU metrics. One model
(NLTK Unrestricted) outperformed the original
GRAM model in the Multi30k COCO metric, but
the improvement is well within a margin for nor-
malization effects. We suggest that the perfor-
mance disparity between models in these Multi30k
BLEU metrics is due to dataset size: the original
GRAM model was pre-trained trained on the Con-
ceptual Captions dataset (Sharma et al., 2018) of
2, 878, 999 text-image pairs, resulting in synthetic
datasets nearly 100 times larger than those used
here. Despite this, the majority of models outper-
formed GRAM in CoMMuTE metrics, achieving
scores of up to 0.67.

In general, we also note an inverse relation-
ship between CoMMuTE and BLEU performance:
that is, when CoMMuTE scores increase, BLEU
scores tend to decrease. For example, the MDETR
Unrestricted model notched the highest average
BLEU score across all three Multi30k metrics, but

had the second-lowest CoMMuTE score.

4.4 Selection Results

Critical to the synthetic dataset collation system is
the process of selecting concrete tokens for mask-
ing. Prior efforts have generally selected tokens at
random (Ive et al., 2019); we introduced three addi-
tional techniques (Section 3.2.1), longest-token se-
lection, shortest-token selection, and unrestricted se-
lection, and test each against a baseline of randomly-
selected concrete tokens. We hypothesize that the
presented token selection techniques will outper-
form the baseline of random selection; specifically,
we hypothesize that longest-token and unrestricted
selection will encourage additional usage of visual
context and thus improve CoMMuTE score, and that
shortest-token selection will minimize the number
of token predictions required by the model (Section
3.3) and thus improve BLEU score.

We found that while all tested selection tech-
niques (Section 3.2.1) outperformed the unmasked
baseline, comparative performance between tech-
niques are less conclusive. When paired with the
NLTK detection technique, the random selection
technique outperformed the others in CoMMuTE
and Multi30k 2016 BLEU scores. When paired with
the MDETR metric, none of the restricted selection
techniques had any impact on CoMMuTE score.
When paired with the Joint detection technique, the
longest-token selection technique improved CoM-
MuTE and Multi30k 2016/2017 BLEU scores.

Contrary to our hypothesis, the deterministic
token selection techniques did not consistently out-
perform the random selection technique. The most
consistent results were with the unrestricted selec-
tion technique, which significantly degraded CoM-
MuTE performance but tended to improve BLEU
performance (especially in the COCO BLEU met-
ric, where it outperformed all other tested models).
Shortest-token selection also tended to follow these
patterns of performance degradation, but not as sub-
stantially: its NLTK and Joint detection variants per-
formed identically on the Multi30k 2017 and COCO
BLEU metrics and performed near the bottom of re-
sults for the CoMMuTE and 2016 BLEU metrics
across all three detection techniques.

Each of these findings runs counter to our hy-
potheses in this area, suggesting that token selec-
tion at this scale has less impact on model perfor-

Proceedings of the 16th Conference of the Association for Machine Translation in the Americas,

Chicago, USA, September 30 - October 2, 2024. Volume 1: Research Papers



mance than we expected; in fact, random or pseudo-
random token selection of the identified concrete to-
kens may actually improve performance over deter-
ministic methods.

4.5 Future Work

Given the high percentage of visually-grounded to-
kens in the Multi30k training set, future work should
consider the techniques against both larger MMT
datasets and MMT datasets with lower concentra-
tions of visually-grounded tokens (e.g., Concep-
tual Captions). Similarly, future work should con-
sider synthetically collated datasets that combine el-
ements of multiple multimodal datasets (e.g., im-
ages from Conceptual Captions, sentences from
Multi30k), including synthetic datasets created from
text-only datasets.

Additionally, future work should compare
baseline scores for tokens selected completely at
random to more accurately gauge the efficacy of ob-
ject token selection.

Finally, future work should consider a more
deterministic way to classify the concreteness of a
token with NLP, including selection of definitions
based on contextual awareness.

5 Conclusion

The continued challenge of visual grounding and
masking in MMT systems has encouraged vary-
ing approaches to the detection and selection
of visually-grounded text tokens for masking
(Caglayan et al., 2019; Wu et al., 2021).

We introduced three new techniques for detec-
tion of concrete tokens from source sentences: de-
tection with natural language processing (NLP), de-
tection with object detection, and joint NLP/object
detection. We also introduced deterministic meth-
ods for the selection of detected tokens, including
longest and shortest n tokens.

Finally, we utilized the GRAM MMT architec-
ture (Vijayan et al., 2024) to train models against
synthetically collated datasets of masked sentences
and associated images. We showed performance im-
provement over the baseline models and elevated us-
age of visual context during translation tasks.
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Abstract

Translation memories (TMs) are the backbone for professional translation tools called computer-aided trans-
lation (CAT) tools. In order to perform a translation using a CAT tool, a translator uses the TM to gather
translations similar to the desired segment to translate (s′). Many CAT tools offer a fuzzy-match algorithm
to locate segments (s) in the TM that are close in distance to s′. After locating two similar segments, the
CAT tool will present parallel segments (s, t) that contain one segment in the source language along with its
translation in the target language. Additionally, CAT tools contain fuzzy-match repair (FMR) techniques that
will automatically use the parallel segments from the TM to create new TM entries containing a modified
version of the original with the idea in mind that it will be the translation of s′. Most FMR techniques use
machine translation as a way of “repairing” those words that have to be modified. In this article, we show that
for a large part of those words which are anchored, we can use other techniques that are based on machine
learning approaches such as Word2Vec. BERT, and even ChatGPT. Specifically, we show that for anchored
words that follow the continuous bag-of-words (CBOW) paradigm, Word2Vec, BERT, and GPT-4 can be
used to achieve similar and, for some cases, better results than neural machine translation for translating
anchored words from French to English.

1 Introduction

Professional translators use computer-aided transla-
tion (CAT) tools (Bowker, 2002) to translate text
from one language called the source language (SL)
to a target language (TL). Most CAT tools have an
option known as fuzzy-match repair (FMR) (Kranias
and Samiotou, 2004; Hewavitharana et al., 2005;
Dandapat et al., 2011; Ortega et al., 2016; Bulté
et al., 2018; Tezcan et al., 2021), which is backed
by a parallel translation memory (TM) that contains
sentences (called segments) in the SL and TL. Each
pair, or unit, of parallel segments in the TM is known
as a translation unit (TU). A TU contains a source
segment (s) along with a target segment (t). When
a professional translator attempts to translate a seg-
ment in the SL (denoted as s′) a fuzzy-match lookup
is performed using a word-based Levenshtein dis-

tance (Levenshtein, 1966) between s′ and s where a
100% match means that the words from s′ are iden-
tical to the words in s. It is often the case that a pro-
fessional translator uses matches from FMR to only
translate a few words (called sub-segments) from the
entire segment. In this article, we focus on improv-
ing those cases where there exists only one word to
translate, known as an anchored word, whose posi-
tion is in between two words that are already cap-
tured. In our studies, the anchored word is a com-
mon case that professional translators often use. We
experiment with four techniques to translate the an-
chored word: (1) Neural Machine Translation, (2) a
BERT-based (Sanh et al., 2019) implementation, (3)
Word2Vec (Mikolov et al., 2013) and (4) OpenAI
GPT-4 prompting (Achiam et al., 2023).

The prediction of an anchored word has been
presented in many contexts and can be considered
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the main objective of a language model. Several
models based on attention allow a weight to be as-
signed to certain words within a context window so
that surrounding words that strongly influence the
overall context can have a greater impact on the pre-
diction made. This could potentially be used in or-
der to improve predictions made for anchored text
by taking longer contexts into account than the sur-
rounding words. We discuss this approach in the
context of generative models, where such systems
could be harnessed to generate highly accurate pre-
dictions.

The rest of this article is structured as fol-
lows. The next section discusses related work by
accentuating the differences between FMR based
on MT and anchored-word prediction. Section 3
then presents the BERT, Word2Vec, and GPT-4 ap-
proaches used for translating anchored words. In
Section 4, we describe the corpus and configura-
tions used for our experiments whose results are re-
flected in Section 5, followed by concluding remarks
in Section 6.

2 Related Work

For the majority of FMR approaches, MT is used
to translate mismatches, regardless if they are an-
chored words or not. Generally, MT techniques for
FMR are focused on the decoding process where
statistical-based systems (Biçici and Dymetman,
2008; Simard and Isabelle, 2009; Zhechev and Gen-
abith, 2010; Koehn and Senellart, 2010; Li et al.,
2016; Liu et al., 2019) or neural-based systems (Or-
tega et al., 2014, 2016; Gu et al., 2018; Bulté et al.,
2018; Bulte and Tezcan, 2019) are used in such a
manner to “repair” either the MT system or the mis-
matched sub-segments between s′ and s. This ar-
ticle is focused on repairing the mismatched sub-
segments in specific situations where sub-segments
of s are common in s′ with the exception of one
word (e.g. s=‘the brown dog’ and s′=‘the red
dog’).

Previous work (Ortega et al., 2016; Bulté et al.,
2018) can be considered identical to this article as
it uses FMR to first find mismatches between s′ and
s and then translates the missing words with differ-
ent MT systems. However, their system uses con-
text around all mismatches where we only consider
mismatches with anchored words, similar to Kra-
nias and Samiotou (2004). While other techniques

(Hewavitharana et al., 2005; Dandapat et al., 2011)
are based on probabilistic MT models or employ dif-
ferent algorithms for aligning s′ and s, we use a
word-based edit distance (Levenshtein, 1966; Wag-
ner and Fischer, 1974) that marks the mismatched
sub-segments and discards non-anchored words.

Tezcan and Bulté (2022) investigate a wide
range of automatic quality estimation (QE) met-
rics in order to assess what effect integrating fuzzy
matches can have on a number of aspects of trans-
lation quality, in addition to performing manual MT
error analysis. They further evaluate what influence
fuzzy matches have on a translation and how fur-
ther quality improvements can be made by quanti-
tative analyses that focus on the specific characteris-
tics of a retrieved fuzzy match. Neural Fuzzy Repair
(NFR) outperforms baselines in all automated eval-
uation metrics. There was not a discernable differ-
ence between NFR and Neural Machine Translation
(NMT) error in manual evaluation, but different er-
ror profiles emerged in this study, highlighting some
of the strengths and weaknesses of each method.
Namely, NFR produced more errors in the category
of “semantically unrelated”, whereas the baseline
NMT system produced more errors in the categories
of “word sense” and “multi-word expression”. The
NFR system made more accuracy errors, but pro-
ducing fluent output was its strong suit. Meanwhile,
in terms of lexical choices, NMT produced more
“non-existing/foreign” errors, which was not an is-
sue for NFR. The baseline system performed better
on grammar and syntax. Our study differs in that it
focuses specifically on anchored text and on lever-
aging the strengths of language models in next word
prediction in order to fill in single-word gaps.

Esplà-Gomis et al. (2011) attempt to improve
CAT via the TM using pre-computed word align-
ments between source and target TUs in the TM.
When a user is translating s′ with a fuzzy match
score greater than or equal to 60%, the proposed sys-
tem marks the words that need to change as well as
those that must remain the same in order to obtain
t′. Alignments are obtained from GIZA++ (Brown
et al., 1993; Vogel et al., 1996) and take both a sta-
tistical and syntactic approach to detecting where
changes need to occur. The experiments offer in-
sight into how human decisions to keep/change text
during translation can be integrated into FMR. Our
approach differs in that we specifically locate an-
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chored text and, following that, continue on to a
prediction step, providing the content needed to per-
form fuzzy match repair in the translation step.

İrsoy et al. (2020) compare performance of pre-
trained word embeddings in use in language mod-
els such as BERT with continuous bag of words
(CBOW) embeddings trained with Word2Vec. The
authors claim that, while BERT embeddings are use-
ful and effective, they often offer only marginal
gains as compared to Word2Vec embeddings trained
using Gensim (Řehřek et al., 2011). The latter are
much less computationally expensive to obtain; 768-
dimensional vectors were trained in one epoch in
1.61 days on a 16-CPU machine. CBOW embed-
dings are trained by using surrounding context to
predict a center word. While training via CBOW
has often shown inferior performance to training
via skipgram (SG), this paper shows that with a
proper implementation, performance of CBOW em-
beddings can be on par with SG. Our work puts the
CBOW prediction objective to good use, harnessing
it to predict anchored text in source language seg-
ments.

3 Methodology

Neural MT systems have been shown by previous
work (Bulte and Tezcan, 2019) to be the state-of-the-
art for FMR. In this article, we experiment on the
one hand with word-based language models that are
trained using context around a word, like those that
use the continuous bag of words (CBOW) model
(Mikolov et al., 2013) (Word2Vec) or masked lan-
guage modeling (Sanh et al., 2019) (BERT). On the
other hand, it is our belief also that generative lan-
guage modeling techniques may be a good candidate
for accomplishing this task. To explore this avenue,
we also compare output from these models with pre-
dictions obtained from prompting GPT-4 and find it
to be competitive with the other methods. An exam-
ple of a source sentence and the output from each
method is provided in Table 1 with predicted (or ref-
erence) word in bold. In our experiment, the two
language modeling techniques as well as the genera-
tive approach are compared against machine transla-
tion and measured using character rate and accuracy
against sets of anchored words from the test set. A
prediction or translation was deemed correct when

the center word from a tri-gram of anchored words
was correctly found. In the following sub-sections,
we discuss each approach. In Section 4 we provide
further details about the corpora and configuration.

3.1 Machine Translation
We train the neural MT system with Open-NMT
(Klein et al., 2020) using the default transformer
configuration. In order to get a wider range of
difference with the MT system, we translate using
two methods: (1) the translation of the s′en segment
to t∗fr then translation from t∗fr to s∗en; and, (2)
the translation of the three-word sub-segment only
(i.e. the anchored tri-gram with the center word
to be translated) from s′trigram-en to t∗trigram-fr
then translation from t∗trigram-fr to s∗trigram-en.
For both methods, correctly translated center words
from tri-grams were counted in the overall evalu-
ation. Predictions by the other two methods were
scored similarly. Further details on parameters and
configuration are found in Section 4.2.

3.2 Word2Vec

Figure 1: An illustration of predicting a word given
the context around it (denoted as anchored words
in this article), called Continuos Bag of Words
(CBOW) by Mikolov et al. (2013).

We used a pre-trained language model (PLM) for
experimentation with Word2Vec (Mikolov et al.,

1We use the pre-trained word news vectors from Google found here:https://github.com/mmihaltz/
word2vec-GoogleNews-vectors?tab=readme-ov-file.
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Method Output
Original French “Afin d’évaluer si l’établissement identifie toutes

les situations qui doivent être considérées comme
des défauts, conformément à l’article 178,

paragraphes 1 à 5, du règlement (UE) no 575/2013...”
Reference Translation “In order to assess whether the institution

identifies all situations which are to be considered
defaults in accordance with Article 178 (1)
to (5) of Regulation (EU) No 575/2013...”

Reference tri-gram assess whether the
BERT assess whether the

Word2Vec assess commission the
MT assess obligatory the

GPT-4 assess and the

Table 1: Anchored tri-gram reference and predictions (predicted word in bold)

2013).1 The hope is that through the use of a PLM
we can capture context in several different domains,
specifically the corpus that we use which is parlia-
mentary in nature.

The PLM weights from Word2Vec were used
as a manner to predict anchored words due to the
fact that the training method for them is based on
a CBOW model. CBOW was selected because, as
shown in Figure 1, its training objective most closely
resembles the task we are trying to accomplish—the
prediction of a word surrounded by anchored text
(one word on the left and one word on the right).

As a first step, the PLM was downloaded and
experimented as-is in its out-of-the-box state which
consists of 300 dimensions and a default vocabulary.
Then, in order to fine-tune the model, we adapted it
to our parliamentary corpus. After the fine-tuning of
the model, anchored tri-grams were extracted from
s′ and used as input to the PLM where the center
word is used for prediction and the left and right
“anchors” are used as input one-hot encoded embed-
dings, similar to the training exercise from Mikolov
et al. (2013). Further details on parameters and con-
figuration are found in Section 4.3.

3.3 BERT

Models based on the BERT (Kenton and Toutanova,
2019) algorithm are used frequently in modern
times. They use an attention mechanism (Vaswani
et al., 2017) and are known to be capable of cap-
turing information better than previous implementa-

tions such as Word2vec. Therefore, in order to com-
pare both algorithms to MT for predicting anchored
words, we experiment with DistilBERT (Sanh et al.,
2019), a BERT-based model that uses masked lan-
guage modeling that in theory captures more param-
eters than the Word2Vec CBOW model.

Similar to the Word2Vec method, we fine-tune
our DistilBERT model on the parliamentary corpus
with a masked language modeling objective. We
chose the masked language modeling objective as it
is the most similar objective to CBOW. Further de-
tails on parameters and configuration are found in
Section 4.4.

3.4 GPT-4

We experiment with prompting GPT-4 to predict an-
chored text using a temperature of 0 and the fol-
lowing prompt: “You are an expert lexicographer
and natural language processing assistant. Addi-
tionally, you are highly specialized in parliamentary
proceedings. Given a trigram I provide with a ’?’
character in the center word, I need you to predict
the ’?’ character with the most likely single-word to-
ken. Please return one predicted token without any
text except the predicted token in your response. Do
not provide the surrounding text or any additional
information. Do not include the text ’predicting’,
’predict’, ’prediction’, ’predicted’ ’the predicted to-
ken is’ or ’The predicted token is’ in your response.
Do not include any extra characters such as apos-
trophes, commas, colons, or semicolons in your re-
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sponse. Do not include any newline characters in
your response.”.

4 Experimental Settings

4.1 Corpus

The corpus consists of 393,371 SL-TL pairs of Eu-
ropean parliamentary proceedings, a freely avail-
able translation memory (Steinberger et al., 2012)
obtained from the European Commission DGT-
Translation Memory repository.2 The corpus is di-
vided randomly with a random state of 42. We di-
vide the corpus up into 70% train, 20% dev, and 10%
test sets as shown in in Table 2.

4.2 Machine Translation

As mentioned previously, we use the Open-NMT
(Klein et al., 2020) framework to build our French
to English (FR–EN) and English to French (EN–
FR) MT system. The system is based on a trans-
former architecture model with the following hyper-
parameters: A maximum sequence length of 500,
an early stopping parameter of 4, 7,800 train steps,
1,000 validation steps, a bucket size of 262,144, a
batch size of 4,096, and a validation batch size of
2,048. The optimizer is an Adam (beta2 of 0.998)
optimizer with with fp16 activated, a learning rate of
2, noam decay, label smoothing of 0.1, a hidden size
of 512, word vector size of 512, 8 attention heads, a
dropout of 0.1, and an attention dropout of 0.1. The
choice of parameter selection is inspired by previous
work from Yasmin Moslem.3

In order to verify that the NMT system is on-
par with the latest MT systems for FR–EN and EN–
FR, we first test the system in both directions on the
test set. During test, we achieved a BLEU score of
55.84 for FR–EN and 62.60 for EN-FR. Nonethe-
less, as we show in Section 5, the translation of an-
chored words as measured by character rate and ac-
curacy was not remarkable.

4.3 Word2Vec

The CBOW algorithm for Word2vec is a well-
known algorithm performed as a way of capturing
semantics via a language model (Mikolov et al.,
2013). We describe our Word2Vec CBOW imple-
menation. Before fine-tuning, the Word2Vec model
has 300 dimensions with a window size of 2 and
a minimum word count of 1. Additionally, pre-
defined vocabulary is used in the Google News Vec-
tors that contains billions of words. The model is
fine-tuned with our training set which is tokenized
using the NLTK RegexpTokenizer4. The embed-
dings created from the training set use lockf at 1.0
and a window size of 3, similar to Zarrar Shehzad.5

4.4 BERT

Our BERT model is based on a PLM called Distil-
BERT6. (Sanh et al., 2019) We train DistilBERT us-
ing the HuggingFace PyTorch Trainer with 10 train-
ing epochs, a learning rate of 2e-5, weight decay of
0.01, and FP16 mixed precision set to true. Hyper-
parameters are inspired by HuggingFace.7

4.5 GPT-4

GPT-4 was prompted using the gpt-4-turbo variant
and queried repetitively through the OpenAI API.
Due to newline mismatches that occurred during
batch processing, we opted to run an API call for
every line in the dataset.

5 Results

In this section, we compare the results obtained from
running four approaches for predicting the anchored
word: (1) Neural Machine Translation (NMT) (2)
Word2Vec (3) BERT and (4) GPT-4. NMT is di-
vided into the two approaches mentioned in Sec-
tion 3.1 (sentence-level and tri-grams). Accuracy
measurements are performed and reported for all
holes8. Additionally, we report on character matches
for each approach after dividing the segments into
fuzzy-match thresholds, common practice for FMR
work (see (Ortega et al., 2016; Bulte and Tezcan,

2https://joint-research-centre.ec.europa.eu/language-technology-resources/dgt-translation-memory en
3https://github.com/ymoslem/OpenNMT-Tutorial
4https://www.nltk.org/ modules/nltk/tokenize/regexp.html
5https://czarrar.github.io/Gensim-Word2Vec/
6https://github.com/huggingface/transformers/tree/main/examples/research projects/distillation
7https://huggingface.co/learn/nlp-course/en/chapter7/3
8A hole is a span of a tri-gram where the center word is predicted.
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Data set Segment Size
Train 275,317
Development 77,877
Test 40,117
Total 393,371

Table 2: Experimental sets from the European Commission DGT Translation memory used for creating and
evaluating the three approaches.

60–69% 70–79% 80–89% 90–100%
BERT 8.97 9.61 7.98 7.87
GPT 4.82 5.58 3.85 2.74
W2V 3.39 3.46 2.89 3.02
NMT-1 0.15 0.14 0.28 0.19
NMT-2 3.75 4.36 4.16 6.35

Table 3: Accuracy scores for various fuzzy-match threshold on five deep-learning approaches.

2019)).
First, we report on character match rates for the

three approaches. Character match is defined as the
number of characters in the output token that corre-
spond to characters in the desired string. In Figure
2, we report the average character match for GPT-
4, BERT, Word2Vec, NMT-1 (segment-level MT)
and NMT-2 (tri-gram MT). We observe a marked
improvement in average character match with lan-
guage modeling approaches (BERT and Word2Vec)
and GPT-4 performs competitively in most cases.
BERT outperforms all approaches across all fuzzy-
match thresholds. From an MT standpoint, the sec-
ondary approach (called NMT-2 in Figure 2) outper-
forms the primary approach; it appears that in our
experiments the translation of anchored tri-grams is
better than translating the entire segment.

Figure 2: Average character match (y-axis) by
fuzzy-match rate percentage (x-axis) by segment
of the four experimental approaches: BERT, GPT,
Word2Vec, Neural Machine Translation 1 and Neu-
ral Machine Translation 2 systems for different
segment-level fuzzy-match thresholds.

Additionally, we measured the accuracy for the
three approaches in order to better understand the
hole span coverage. For accuracy, we measure only
if prediction was correct or not; we do not take into
account other predictions like blank, extra words, or
others. To this end, we present accuracy scores in
Table 3.

In our experiments, we notice that the NMT
systems perform better on stop words and digits
such as the phrase: “beyond 90 ghz”. Both the
BERT and NMT systems were found to perform
well in those situations. However, the MT system
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oftentimes did not replace one word only—in sev-
eral cases it aggregated several words more. BERT
performed well on average when compared with the
other approaches. GPT remains competitive on all
fuzzy match ranges except 90–100.

6 Conclusion

In this article, we have illustrated that via the use of
a language model, predicting anchored words per-
formed better in our experiments. The BERT model
outperforms other approaches including neural ma-
chine translation (with two approaches) when mea-
sured via character match and tri-gram anchored
word coverage.

We also demonstrate how generative models
might be prompted to aid in predicting anchored
text. It is our belief that this work could assist CAT
tools backed by TMs and MT systems.
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Abstract

The typical workflow for a professional translator to translate a document from its source language (SL) to
a target language (TL) is not always focused on what many language models in natural language process-
ing (NLP) do – predict the next word in a series of words. While high-resource languages like English and
French are reported to achieve near human parity using common metrics for measurement such as BLEU
and COMET, we find that an important step is being missed: the translation of technical terms, specifically
acronyms. Some state-of-the art machine translation systems like Google Translate which are publicly avail-
able can be erroneous when dealing with acronyms – as much as 50% in our findings. This article addresses
acronym disambiguation for MT systems by proposing an additional step to the SL–TL (FR–EN) translation
workflow where we first offer a new acronym corpus for public consumption and then experiment with a
search-based thresholding algorithm that achieves nearly 10% increase when compared to Google Translate
and OpusMT.

1 Introduction

With the myriad of artificial intelligence tools avail-
able for professional translators, it can be hard for
translators to select solutions that address their core
needs. Ideally, translation approaches based on ma-
chine learning techniques should improve transla-
tor proficiency and achieve higher overall quality.
One such approach focuses on technical terminol-
ogy (TT) where domain-specific terms in the form of
acronyms in a source language (SL) must be trans-
lated into their target language (TL) counterpart.

TT is considered important to translators as it
is one of the main sources of error a professional
translator might encounter on a daily basis. The
importance of TT is further displayed by the lat-

est machine translation (MT) workshops (Semenov
et al., 2023; Molchanov et al., 2021; Hasler et al.,
2018) that stress the importance of correctly ad-
dressing terminology issues—including correctness
of technical terms. While modern MT systems do
not seem to focus on acronym and term disam-
biguation1, workshops like the “Machine Transla-
tion using Terminologies” workshop2 (Jon et al.,
2021) clearly state that they focus on both transla-
tion accuracy and consistency. Since the dominant
metric used (BLEU) for most MT approaches does
not center so much on terminology expansion with
acronyms and other mechanisms, we present in this
article a novel method that hones in specifically on
the day-to-day work in terminology that a profes-
sional translator may encounter, which has not been

1MT research generally use metrics such as BLEU (Papineni et al., 2002) or COMET (Rei et al., 2020).
2https://www.statmt.org/wmt21/terminology-task.html
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addressed by most of the recent literature.
In this article, we present two main novelties

that are based on the translation of acronyms: (1) the
introduction of a new corpus made publicly avail-
able for others to use and (2) a fact-checking step
that is used to verify the combination of a technical
term and its acronym (long form (LF) and short form
(SF)). We do this for several published articles in the
TL, which is English. We aim to show that acronym
disambiguation can improve term error rate by re-
ducing the risk of default MT models that generally
do not have an acronym approach. Our claim is that
translators can use this method as a novel verifica-
tion step in the normal translation pipeline. We also
believe that other automated work such as generative
MT may be able to include this step as a mechanism
for evaluation.

To that end, we present the following sequence.
First, we introduce relevant work in Section 2. Sec-
ond, we describe our motivation and high-level pro-
posal methodology in Section 3. We then cover the
details of our corpus creation in Section 4.4. After-
wards, we show the results of our SF/LF method in
Section 5 and finally we conclude our work in Sec-
tion 6.

2 Related Work

In the WMT 2023 Shared Task on Machine Transla-
tion with Terminologies, Semenov et al. (2023) em-
phasize the effectiveness of incorporating terminol-
ogy dictionaries and respecting domain-specific ter-
minology constraints. The authors also distinguish
terminology incorporation from general MT meth-
ods.

Post et al. (2019) explore the use of masking to
properly isolate and translate specific named entities
such as terminology spans. Their findings show that
masking solves some problems, but relies entirely
on the masks being properly aligned.

Ghazvininejad et al. (2023) propose a method
for translating rare words such as technical termi-
nology. The method, called DiPMT, is a prompt-
ing technique that provides an LLM with multiple
translation choices from a dictionary as well as hints
about their meaning for a subset of input words. It
outperforms baselines for low resource and out-of-
domain MT. The authors also extract bilingual dic-
tionaries from the training data to assist in this pro-

cess. Doing so allows for fine-grained control over
the use of domain-specific terminology.

Anastasopoulos et al. (2021) stress the impor-
tance of taking terminology into account in neu-
ral MT and propose metrics to measure MT output
consistency with regard to domain constraints. Da-
gan and Church (1994) propose a system to identify
technical terms in a source text as well as their trans-
lations. The system uses part-of-speech tagging and
word alignment techniques to assist translators dur-
ing the translation process. Smadja et al. (1996) ad-
dress the issue of translating collocations in a variety
of domains.

Grefenstette (1999) offers an example-based
method for dealing with terminology problems in
translation as well as other NLP tasks. The method
proposed uses search to find the most statistically
likely translation of an entire noun phrase. Lee and
Kim (2002) provide a knowledge-based approach
to translation that includes using word-sense disam-
biguation to semantically derive the meaning of a
word before seeking a target translation correspond-
ing to that meaning.

Skadiņš et al. (2013) demonstrate the use of a
cloud-based terminology search system that fully in-
tegrates with statistical methods to address the need
for domain-specific terms and their integration into
neural MT systems. Meanwhile, Bosca et al. (2014)
stress the importance of term verification and con-
sistency in the translation process and propose us-
ing external terminological databases to assist in fact
checking and correcting domain-specific terminol-
ogy.

3 Background and Motivation

In order to better understand how ineffective
acronym disambiguation may be for translators, we
investigate the performance of LFs and their SF
acronyms within the realm of commercial MT sys-
tems. We perform this necessary step in order to
confirm our hypothesis that: acronym disambigua-
tion in the current state-of-the-art French MT
systems is not being addressed properly. In Ta-
ble 1, we provide a specific agreement comparison
that uses a widely-used commercial MT system –
Google translate3. For both cases (LFs and SFs)
agreement is between 54% and 63%, giving way to a
high amount of room for improvement. We illustrate

3https://translate.google.com/
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Type of Term Agreement
Long Forms (LFs) 62.1%
Short Forms (SFs) 54.3%

Table 1: Google Translate agreement for long- and short-form acronyms.

Input French Output English
Google Gold

indice
moteur

engine
index

motricity
index

fréquence
cardiaque

cardiac
frequency

heart
rate

roue
polaire

polar
wheel

claw
pole

Table 2: Erroneous Google Translate examples on long forms (LFs).

Input French Output English
Google Gold

AOMI PAAD PAD
DE DE EE
ICMI CIMI CLI

Table 3: Erroneous Google Translate examples on short forms (SFs).

this with further analysis in Tables 2 (long forms)
and 3 (short forms).

As a way of mitigating the room for improve-
ment, we propose the following novel method for
MT that decomposes translation into four high-level
steps by taking into account that Google Translate
is more successful on LFs than SFs. For other MT
systems, this may not be the case; we focus solely
on Google Translate here as the oracle for our ex-
periment.

1. Use Google Translate to translate each LF from
French (FR) to English (EN).

2. Extract the LF from Google Translate’s EN pair
output (using a simple split command).

3. Generate several SF hypotheses using the ex-
tracted LF from Step 2.

4. Use a search technique to verify and evaluate
certainty of hypotheses.

To better describe Steps 1 through 4, we pro-

vide the following in-depth description. A term such
as “acide désoxyribonucléique (adn)” would first be
translated in Step 1 from French to English as “de-
oxyribonucleic acid (dna)”. We then extract the En-
glish LF (deoxyribonucleic acid) and SF (dna) for
use in the next steps. Step 3 consists of the use of
AB3P4 (Sohn et al., 2008; Church and Liu, 2021),
an acronym tool that provides LFs in English cre-
ated by the United States government and contains
acronyms from crawls of PubMed5 and arXiv6. If
a sufficient number of documents is not found that
contain the English LF and SF together, we then
generate a list of acronym hypotheses translations
from the translated LF. Each hypothesis is generated
using a fine-tuned version of the Scibert (Beltagy
et al., 2019) model described in section 4.

Step 4 consists of the verification process, also
known as “Fact Checking”. Typically, the trans-
lation process for technical terms involves a sig-
nificant component of researching the meaning of

4https://github.com/ncbi-nlp/Ab3P
5https://pubmed.ncbi.nlm.nih.gov/
6https://arxiv.org
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a source language term, identifying multiple target
language candidate terms, and finally, proceeding
through the n-best list in order and seeking out the
use of a chosen term in context in similar target lan-
guage texts, written by experts in the field in ques-
tion.7 According to Bowker (2021), professional
translation term verification is done on the basis of
observed frequency in a corpus; if enough experts
use the selected term in context, it is considered to
be valid. Domain expertise from professional trans-
lation trade unions such as the ATA8 point to two
or three sources being sufficient to substantiate use
of a given term. We replicate that process using the
search method below.

We implement a Boolean retrieval system that
contains acronyms extracted from AB3P output on
a crawl of arXiv and Pubmed along with the long
forms they map to and source paper ID. If a suf-
ficient number of sources have been found to em-
ploy the desired term-acronym pair (in the form car-
diopulmonary resuscitation (CPR)), term validation
is deemed to be successful and the term pair is re-
turned to the user alongside the list of sources for
verification. This re-appropriates the term verifica-
tion method employed by professional translation
agencies in the field (and facilitates verification by a
reviewer, who may need to fact check term sources
at a later stage).

The translation of acronyms is further compli-
cated by non-English languages opting to adopt a
better known English acronym alongside a transla-
tion of the term. The French translation for “large
language model” (grand modèle de langue) is con-
densed using the English acronym “LLM,” even
though the acronym does not correspond to the first
letters of each word. Despite this limitation, our
search step allows for the verification of such cases,
as the pairing of term and acronym is likely to occur
in the literature if they have found consensus in the
field. Thus, verification would succeed and the dis-
ambiguation step would not be performed. Further-
more, fine tuning on corpora such as Pubmed was
foregone due to the non-compositionality of many
technical terms; boolean search ensures that the term
is verified as a fixed unit.

While an exact match (e.g. ‘RCP’ to ‘CPR’) is
the objective of our system, it is important to note
that for evaluating the system we distinguish be-
tween agreement (an exact match) and verification
(verified by a search) as noted:

Agreement – The candidate SF is an exact match
with the gold SF.

Verification – The candidate SF was found near the
LF in at least two published papers in the target
language (English).

4 Experimental Settings

4.1 Translation Models
For Google Translate, experiments were performed
using the Google API9 as available to the public on
October 14, 2023. For Opus MT, the vanilla model
was used without any fine tuning. The French-to-
English language variant from Hugging Face10 was
downloaded for this purpose.

4.2 Baselines
We compare the inclusion of our method against
several baselines that are executed with and with-
out our proposed step. Our experiments are per-
formed on the acronym corpus that we created and
allow for public consumption. Our first set of exper-
iments focuses on three main baseline approaches
found in Table 5 that we call: (1) Identity, (2) Re-
verse, and (3) Google/Opus11. The Identity base-
line is the most straightforward experiment which is
when the English SF output is equal to the French
SF input (e.g. ADN in French is equal to ADN in
English). The Reverse baseline is when the English
SF output is the reverse of the French SF input (e.g.
ADN in French is equal to NDA in English). The
Google/Opus baseline takes the LF and SF in French
and outputs an SF in English.

4.3 Hypothesis Generation
For the disambiguation of acronyms, we use a SciB-
ERT (Beltagy et al., 2019) model that is fine-tuned
on 1.8M term-acronym pairs in the target language
(English) with these parameters: Adam as the opti-
mizer, an initial learning rate of 2e-5, 1,000 warmup

7https://www.technitrad.com/how-to-perform-terminology-research/
8https://www.atanet.org/growing-your-career/terminology-management-what-you-should-know/
9https://cloud.google.com/translate

10https://huggingface.co/Helsinki-NLP/opus-mt-fr-en
11We use the OpusMT system for an extra comparison https://huggingface.co/Helsinki-NLP/opus-mt-fr-en
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Input: LF ([MASK]) Gold SF
cardiopulmonary resuscitation
([MASK])

CPR

deoxyribonucleic acid ([MASK]) DNA
Organization of the Petroleum Ex-
porting Countries ([MASK])

OPEC

Table 4: Training data for SF candidate generation.

Baseline Input Output
Identity ADN ADN
Reverse ADN NDA
Google/Opus acide

désoxyribonucléique
(ADN)

DNA

Table 5: Examples of our three baseline methods.

steps, and a weight decay of 0.01. We use data
downloaded from arXiv12 and then processed by
AB3P for fine-tuning as shown in Table 4. The final
model accepts input in the form: “LF ([MASK])”
and outputs an n-best list of SF candidates.

4.4 Acronym Corpus

A new test set13 (called the acronym corpus here)
has been created for evaluating machine translation
systems on acronyms. The test set consists of 437
LF-SF pairs obtained from a corpus of 13,500 ab-
stracts crawled from HAL14, a repository of French
academic papers, many of which are from medicine
and science. The pairings contain an LF and SF for
each term in both French (source) and English (tar-
get). Examples were selected such that no offensive
content or personal information was to be included.

The HAL repository provides abstracts in both
French and English. These abstracts contain many
technical terms. An example of an abstract is
“[...] 42/194 patients (21%) did not want cardiopul-
monary resuscitation (CPR) and 15/36 (41%) did
not prefer intensive care unit (ICU) admission [...].”
When the abstract introduces an acronym, the gold
labels in the test set specify the long form (LF) and
the short form (SF) in both French and English. An
example of the acronym translation task is to input a

French LF such as réanimation cardiopulmonaire
and its corresponding SF, in this case RCP. The out-
put should be the correct translation of the SF: CPR.

5 Results

We compare the baselines first in Table 6. We pro-
vide both agreement and verification for consistency
purposes, which show that verification is generally
much lower than agreement for all systems.

When compared, our proposed technique,
which includes search and verification, achieves
9.9% improvement (43.9%) for agreement and
17.8% improvement (32.7%) for verification com-
pared to the baseline when using the OpusMT sys-
tem. Google translate scores are also markedly
higher, with 8.3% improvement (62.6%) and 13.6%
(42.8%), respectively. It is clear that through the
use of our proposed system, the acronym resolution
is much higher for both agreement and verification.

Additionally, we illustrate the comparisons in
more detail from a precision and recall perspective
in Table 7 for all experimental systems. Our exper-
iments show that through the use of our proposed
step which uses agreement and verification, profes-
sional translators that use the Annotated Corpus will
have more success using our system. Precision is
presented here as the portion of agreed terms that are

12https://info.arxiv.org/help/bulk data/index.html
13https://github.com/rtotheich/acronym corpus/tree/main
14https://theses.hal.science/?lang=en
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Method Agreement Verified
Identity Baseline 21.5% 0.06%
Reverse Baseline 28.5% 14.6%
Opus Baseline 34% 14.9%
Google Baseline 54.3% 29.2%
Gold Labels 100% 42%

Table 6: Agreement and verification for the baseline experiments on the Acronym Corpus.

Method Precision Recall
Identity Baseline 0.28 0.06
Reverse Baseline 0.51 0.15
Opus Baseline 0.43 0.15
Google Baseline 0.54 0.29
Gold Labels 0.42 0.42
Proposed (Opus) 0.75 0.33
Proposed (Google) 0.68 0.43

Table 7: Precision and recall comparisons for all experimental systems.

verified and recall as the portion of verified terms.

6 Conclusion

Professional translators must be well versed in the
source and target languages that they are translat-
ing. Translating technical terminology can be so
important that it has been compared to the job of
a terminologist (Cabré, 2010). Quality translations
will take into account several units of measurement
such as fluency, adequacy, and more. However,
it has been the case in the past that, more often
than not, terminology, specifically the translation of
acronyms, is not included as a major improvement
to a translator’s pipeline. Domain-specific stan-
dards (GHENŢULESCU, 2015), nonetheless, have
been set such that verification of terminology like
acronyms is considered an important step in transla-
tion.

Translators and AI practitioners could benefit
highly from the use of a system like the one pre-
sented in this article. We believe that our corpus and
findings provide sufficient evidence and materials to
reproduce a benefit to warrant future work on the
topic.

7 Limitations

The results of applying our method may not trans-
fer to languages that are very different from English

in orthography (e.g., Chinese, Japanese) and/or mor-
phology. The working languages of the authors be-
ing French and English, hand curating a corpus was
limited to these only. Our solution also may not
scale to longer texts; the method is based on working
with term-acronym pairs and working on a full text
would require a pre-processing step to identify term
pairs as well as inference time for each acronym.
Training a model for this task also requires access to
GPU resources.

8 Ethics Statement

In line with the concept of professional transla-
tor ethics presented by Lambert (2020), it is of
paramount importance to guard against translations
that “represent their source texts in unfair ways.”
This refers to unfaithful translations that do not cor-
rectly transfer the true meaning in the source lan-
guage, a prime example being incorrect or unverifi-
able terminology. Our system upholds this doctrine
of translation ethics and adheres to ethics policies
outlined by the translation community.
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Abstract 

Humans outperform large language models (LLMs) on sophisticated tasks because human cognition involves a 

range of cognitive functions and their dynamic interactions. This study explores how integrating human 

cognition through concept-guided instruction and few-shot teaching in the prompt can guide LLMs to improve 

translation outcomes. We first demonstrate that for simple and widely used concepts, concept-guided prompting 

approaches offer significant benefits. We then test prompt engineering with Chinese-to-English translation 

examples, using hypothetical spaces—generated by GPT4—to estimate the complexity of various concepts and 

Likert scores—generated by human experts—to evaluate the translation performance. Our findings show that 

LLM translation performance declines as concept complexity increases. We also identify additional challenges: 

LLMs struggle with continuity in explaining and practicing sophisticated concepts due to the lack of human-

like cognitive functions, such as cognitive dissonance. Additionally, LLMs lack a graceful speed-accuracy 

tradeoff because they do not possess the dynamic information processing, response strategies, and performance 

assessment that humans do. However, LLMs can mitigate some of these challenges by using Chain-of-Thought 

(CoT) reasoning, which is especially effective for problems requiring consistent, well-structured reasoning steps. 

Despite this, LLMs can only represent the effects of complex human cognitive functions through (often) 

fragmented linguistic descriptions, whereas humans excel at understanding critical and broader contexts and the 

interconnections between cognitive aspects.  

1 Introduction 

Humans possess superior capabilities compared to 

large language models (LLMs) because human 

cognition emcompasses a range of mental 

functions: language processing, perception, 

attention, memory, reasoning, problem-solving, 

planning, decision-making, and executing actions. 

According to triadic cognition theory (Cook 2018), 

dual process theory (Chaiken 1999; Daniel 2017), 

embodied cognition (Shapiro 2014), and cognitive 

psychology (Neisser 2014), human cognition arises 

from the dynamic interaction of these functions, 

yielding a more nuanced, multifaceted 

understanding of real-world contexts than a 

simplistic and static computational model.   

Recent advancements in large language models 

(LLMs) have shown that while these models still do 

not match the full breadth of human cognition, they 

are making significant strides in specific areas such 

as machine translation (Fan 2020 and Zhu 2023). 

Unlike traditional machine translation (MT) tools 

such as Google Translate and DeepL, which rely 

solely on the source language text, LLMs possess 

the ability to follow instructions and can even learn 

from bilingual training examples provided within 

the prompt. This capability allows LLMs to provide 

context-sensitive translations with improved 

performance, making them as a more adaptable and 

user-friendly option to traditional methods (Qian 

and Kong, 2024A and 2024B). 
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Concepts serve as a common entity used across 

multiple cognitive functions, both in human minds 

and large language models. John McCarthy's insight, 

"To understand natural language is to understand the 

concepts in the language, not just the words," 

(McCarthy 2007) captures the fundamental 

cognitive principle that language is a tool for 

conveying and manipulating concepts, and true 

understanding requires engaging with those 

underlying mental constructs rather than simply 

processing linguistic symbols. 

One important approach to guide the LLM-

based translation outcome is to provide concept 

definitions and examples through prompt 

engineering. In section 2, by experimenting with 

many examples associated with common sense 

concepts (e.g., systems of measurement such as the 

metric system and the imperial system) and cross-

cultural conceptualization, we show that, given 

proper prompts in the form of pre-editing analysis, 

concept-guided translation prompt instruction, and 

post-editing revision, LLMs can successfully 

reflect the relevant concepts in the translation 

outcome. 

On the other hand, for more sophisticated 

translation concepts, we want to test whether 

performance of the concept-guided approach 

degrades as the concepts become more complex.  In 

section 3, we test prompt-engineering-based 

implementations of multiple translation-related 

concepts using Chinese-to-English translation 

examples. By using hypothetical spaces to 

represent the complexity levels of various 

concepts, we verify that LLMs' translation 

performance degrades as concept complexity level 

increases. Also in section 3, we identify and 

analyze several challenges faced by the concept-

guided approach: LLMs lack continuity to explain 

and practice sophisticated concepts; and compared 

with humans, LLMs lack graceful speed-accuracy 

tradeoff. These challenges stem from the 

fundamental differences between LLMs and 

human cognition. As artificial systems designed 

solely for generating text, LLMs' internal processes 

do not mimic or engage the complex cognitive 

functions and dynamic interactions typical of the 

human brain. Consequently, these limitations in 

simulating human-like cognition contribute to the 

observed deficiencies. 

Nevertheless, LLMs have been shown to 

exhibit human-like cognitive functions such as 

reasoning patterns (Lampinen 2024; Hagendorff 

2023). Section 4 demonstrates that LLMs can use 

Chain-of-Thought (CoT) reasoning (Wei 2022) to 

overcome some challenges and enhance the 

performance. This is particularly effective for sub-

problems that benefit from well-formed, consistent 

reasoning steps, ultimately leading to the correct 

conclusion. However, while humans use multiple 

cognitive functions to solve complex problems, 

LLMs can only project this complexity, often in 

fragmented form, as linguistic descriptions. Again, 

these broader perspectives and interconnections are 

critical strengths of the complex cognitive functions 

and dynamic interactions typical of the human brain. 

Section 5 concludes our findings. 

2 Advantages of Concept-guided Pre-

editing Analysis, Translation Instruction, 

and Post-editing Revision 

The role of concepts across multiple cognitive 

functions is multifaceted and central to human 

cognition: facilitating reasoning and generalization 

(William 2010), guiding decision-making by 

providing a framework for understanding and 

categorizing new information (Snowden 2007),  

integrating multiple features and dimensions of 

information (Villani 2019) to support flexible 

cognition (Ionescu 2006, Johnsson 2021), bridging 

episodic and semantic memory (Morton 2013), and 

creating functionally unitary representations that can 

be accessed and used across different cognitive tasks 

(Mahon 2009). 

In this section, we showcase several examples 

where concept-guided prompting has significant 

advantage by using LLM-based pre-analyses, 

translation instructions and post-editing revisions. 

2.1 LLMs Leverage Pre-editing Style Analysis as 

Translation Instructions 

LLMs can generate style analysis reports for 

narratives. Table 1 presents an example using GPT4 

to analyze an English narrative's style. In (Qian 

2023), we compared these results with analyses by 

two human professional translators on the same text. 

GPT4's analysis was not only more comprehensive 

and accurate but also faster than human analysts. 

Subsequently, a GPT4 prompt could use this pre-editing 

style analysis as a guide. For example, the prompt might be: 

"Translate the following text from English to Chinese, 
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incorporating applicable styles such as humor, self-

deprecation, conversational tone, vivid descriptions, casual 

language and slang, honesty, anecdotal use, exaggeration 

for effect, direct address, and rhetorical questions." Using 

pre-editing auto-analysis as a translation style guide can 

significantly improve upon current methods that do not 

support style instruction. 

User (Prompt) 

Please read the story at 

https://www.thecut.com/2020/03/book-excerpt-

samantha-irbys-wow-no-thank-you.html and 

derive a list of the author's writing style. 

ChatGPT (Used Link Reader) 

Based on the excerpt from Samantha Irby's essay 

collection "Wow, No Thank You.", here are some 

characteristics of her writing style: 

1. Humorous and Self-deprecating: Irby 

often uses humor and self-deprecation to engage 

her readers. She makes fun of herself and her 

situations, which adds a light-hearted tone. 

2.  Conversational Tone: Her writing style 

is conversational, feeling personal and relatable. 

3. Vivid Descriptions: Irby uses vivid and 

detailed descriptions to paint a clear picture of her 

experiences. This helps to immerse the reader in 

her stories. 

4. Casual Language: She uses casual 

language, slang, and colloquialisms, which 

contributes to the conversational/informal tone. 

5. Honesty and Authenticity: Irby's writing 

is characterized by its honesty and authenticity. 

She doesn't shy away from discussing personal 

and sometimes uncomfortable topics. 

6. Anecdotes: She uses anecdotes to 

illustrate points and make writing more relatable. 

7. Exaggeration for Effect: Irby often uses 

exaggeration to emphasize her points. 

8. Direct Address: She frequently addresses 

the reader directly, which helps to establish a 

connection between her and the reader. 

9. Use of Rhetorical Questions: Irby often 

uses rhetorical questions to engage the reader. 
10.         … 

Table 1: GPT4 analyzed the discourse-level 

writing style, with human-identified entries 

highlighted in bold (more details on this 

example can be found in Qian 2023). 

2.2 LLMs Utilize Concept-guided Prompts to 

Guide Translation and Post-editing 

Concepts are crucial in human cognition, allowing 

us to mentally group similar objects, events, and 

ideas. Unlike traditional machine translation and 

editing methods, which focus on sentence-by-

sentence and word-by-word changes, an LLM-based 

approach can leverage various concepts to guide 

translations and revisions more effectively. 

For example, Table 2 illustrates how a GPT-4 

prompt describes converting units of measure from 

the imperial system to the international system of 

units (SI) to enhance machine translation revisions. 

This allows for converting multiple types (such as 

inches, pounds, and gallons to meters, kilograms, 

and liters) across multiple sentences in a single 

instruction. This method represents a significant 

improvement, demonstrating that concept-guided 

instructions are major advancements over traditional 

approaches. 

User (Prompt) 

Translate the following text segment from 

English to Chinese: 

Original English: … 

ChatGPT 

The Chinese translation is: 

…他的身高是 5 英尺 10 英寸 (His height is 

5 feet and 10 inches)…    

User (Prompt) 

Revise the translation to reflect the following 

concepts: 

“convert the units of measure to the 

international system of units (SI)”  

ChatGPT 

The Revised Chinese translation is: 
… 他的身高是 1.78 米  (His height is 1.78 

meters)…   

Table 2:   GPT-4 prompt uses concept 

descriptions to automatically revise machine 

translation results, such as converting units 

from inches to meters. 

Table 3 showcases an instance where GPT4 

introduces a cultural difference issue in the prompt 

and guides a revision effort to address the issue.  In 

such situations, human translators might only be 

able to fix one issue at a time. However, we can 

leverage concept-guided translation memory that 

can identify similar text segments based on concept 

similarity so that (conceptually) similar sentences 

can be processed in similar fashion (Qian and Kong, 

2024B). 

User (Prompt) 

Translate the following text segment from 

English to Chinese: 
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Original English: The last time I wore a 

Halloween mascot was in the second-grade 

costume parade at Lincoln Elementary School 

in 1986 (go dolphins). 

The Chinese translation is:  

ChatGPT 

上一次我穿万圣节服装是在1986年林肯小学

的二年级服装游行中（加油， 海豚）。 
User (Prompt) 

Keep in mind that “dolphins” in this context 

refer to the school mascot.  Since most 

Chinese schools do not have mascot, please 

modify the translation to make the meaning 

more clear to Chinese audience. 

ChatGPT 

上一次我穿万圣节服装是在1986年林肯小学

的二年级服装游行中(加油，林肯小学的吉

祥物海豚）。 

Table 3: GPT4 Instructed translation revision: 

to reflect a cultural difference (most Chinese 

schools do not have mascot), GPT4 revision 

provides further elaboration (“林肯小学的吉

祥物”—Lincoln elementary school’s mascot) 

in front of the word “海豚”. 

2.3 Summary 

For simple and straightforward concepts, concept-

guided approaches, supported by prompt-

engineering using LLMs, show significant benefits.   

In the next section, we evaluate translation 

concepts with various complexities to evaluate the 

challenges faced by the concept-guided approaches. 

3 Challenges Faced by the Concept-guided 

Approach 

In this section, we test Chinese-to-English 

translation concepts with varying levels of 

difficulty. We found that while LLMs perform well 

with simple and straightforward concepts, they 

encounter significant challenges when handling 

more sophisticated concepts (Qian and Kong 

2024A, Qian and Kong 2024B). 

3.1 LLMs’ Performance Declines with 

Increasing Concept Complexity 

In cognitive linguistics and mental spaces theory, a 

hypothetical space is a dynamically constructed 

partial and temporary conceptual domain used 

during thinking and speaking (Nolan, 2001). These 

mental spaces facilitate the representation of 

complex scenarios, counterfactuals, and 

hypothetical situations. 

Two translation concepts are compared for 

illustration: 

"Subject omission" describes a linguistic 

phenomenon where a language permits the omission 

of subject if they can be inferred pragmatically or 

grammatically.  

"Changing subject selection" involves 

choosing a different subject than the original one in 

the source language to enhance readability and 

fluency in the target language. 

Applying concept 2 generally requires a larger 

hypothetical space than concept 1, as it often 

involves selecting from multiple possible subjects—

nouns, noun phrases, or clauses—making it more 

complex. 

We had used GPT4 to analyze the hypothetical 

space of ten translation concepts: (1) The term "pro-

drop" describes a linguistic feature where a language 

permits the omission of subjects (and occasionally 

other pronouns) if they can be inferred 

pragmatically or grammatically. (2) The linguistic 

term "dislocation" describes the occurrence where 

the placement of words or phrases within a sentence 

varies considerably between two languages. (3) The 

concept of implicit conjunctions and the use of 

linking or transition words in Chinese contrasts with 

English. Chinese frequently omits conjunctions that 

are essential in English. (4) The practice of 

amalgamating clauses and brief sentences in 

Chinese to form an extended English sentence is 

noteworthy. (5) Deverbalization, a key concept in 

translation studies related to abstract meaning from 

the source language to effectively convey the 

intended message in the target language,  becomes 

especially pertinent when translating between 

languages with markedly different structures, such 

as from Chinese to English. (6) Eliminating 

redundancy is a common practice in translating 

Chinese, enhances the readability and clarity of the 

target text. (7) Changing subject selection involves 

selecting a different subject than the one in the 

source text to enhance the readability and fluency of 

the English translation. (8) Changing perspective in 

the context of translating from Chinese to English 

involves altering the viewpoint or approach when 

converting text from one language to the other. (9) 

Changing parts of speech is essential to faithfully 

convey the meaning of the original while ensuring 
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adherence to English expressions, regardless of the 

corresponding parts of speech in Chinese. (10) 

Cultural translation aims to retain the intended 

meaning of a culturally sensitive message while 

considering cultural differences, in order to avoid 

confusion that may result from a direct translation.  

GPT4 was used to generate a normalized score 

(ranged between 0 and 1) towards each concept in 

terms of the hypothetical spaces. A detailed 

concept description plus three examples prepared 

by human experts are provided in the prompt to set 

up the context for evaluation.  Table 4 shows an 

example on deverbalization and the related 

complexity evaluation results generated by GPT4; 

The detailed GPT prompt and GPT-generated 

hypothetical space evaluation on all ten translation 

concepts are listed in Appendix 1. 

User (Prompt) 

Deverbalization is a concept in translation 

studies, particularly relevant in the context of 

translating between languages with 

significantly different structures, such as 

Chinese to English. The core idea of 

deverbalization is to move away from a direct, 

word-for-word translation, which often leads to 

awkward or inaccurate results due to the 

differences in grammar, syntax, and cultural 

contexts. … 

… 

Three examples are listed below to illustrate the 

Chinese-to-English translation reflecting the 

concept above： 

Chinese: 过去带动高增长的主要是高投资，

而高投资主要是三大需求来源，出口、基础

建设、房地产。 

English: The key driver of rapid growth has been 

investment, which is needed in three areas/goes 

to three areas, export, infrastructure, and real 

estate. 

Chinese: 本土化人才了解中国市场上的需求

和消费者的心理。 

English: Local talents understand the market 

needs in China and know what customers want. 

Chinese: 中国现在很多地区复工率很高。 

English: Many areas in China have reopened 

their economies. 

 

Evaluating the size of the "hypothetical 

space" for each of these translation concepts 

involves considering the range of 

interpretations, adaptations, and choices a 

translator might need to navigate when 

applying these concepts from Chinese to 

English. This hypothetical space represents 

the complexity and variability inherent in 

each concept, indicating the level of 

creativity, cultural understanding, and 

linguistic expertise required. Here's a rating 

for each concept, on a scale from 0 (minimal 

complexity) to 100 (maximum complexity), 

reflecting the size of their hypothetical spaces: 

ChatGPT 

Deverbalization (80/100): This concept 

requires deep understanding of both source 

and target languages, along with the ability to 

abstract and reconceptualize ideas in 

culturally appropriate ways. It involves a 

significant hypothetical space due to the need 

for creative interpretation and expression. 

Changing Subject Selection (70/100): Adapting 

the subject for better readability and fluency 

can involve moderate to high complexity, 

especially when ensuring that the shift does not 

alter the intended meaning of the original text. 

… 

Table 4: GPT4 prompt and hypothetical space 

evaluation scores for the ten concepts (detailed 

prompt and GPT4-generated evaluation results 

are listed in Appendix 1). 

Machine translation evaluation employed 

human experts to assign 5-point Likert scores to 

GPT-4's English-to-Chinese translation outcomes of 

ten concepts. The scale scores used were; Strongly 

Disagree = -2; Disagree = -1; Neither Agree nor 

Disagree=0; Agree=1; Strongly Agree = 2. The 

experiment used a dataset of 40 English-Chinese 

sentence pairs, with four pairs per concept (detailed 

in Appendix 2). Using 1-in-4 leave-one-out cross-

validation, the GPT-4 model was given three 

Chinese-English sentence pairs (as few-shot training 

examples) and the concept definition in the prompt, 

and then generated the English translation for the 

fourth pair's Chinese sentence. This process was 

repeated to produce four distinct translations for 

each Chinese sentence, all of which were subject to 

human evaluation. 
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 Figure 1 displays human-generated Likert 

scores for concept-guided machine translations 

(top plot) and GPT-4-generated scores for 

hypothetical space complexity (bottom plot). 

Generally, GPT-4 translation performance declines 

as the complexity of the concepts increases, 

indicating that LLMs struggle with more 

sophisticated concepts involving larger 

hypothetical spaces. An exception is the "cultural 

translation" concept, which, unlike others focused 

on syntax and semantics, falls into a unique 

category. This suggests that GPT-4's complexity 

scores for hypothetical space may not accurately 

reflect challenges in cultural translation. 

3.2 LLMs Lack Continuity 

The "continuity" of AI models, particularly LLMs, 

refers to their ability to maintain coherent memory, 

reasoning, and contextual understanding over time. 

The lack of continuity in LLM models is a 

significant challenge that raises concerns about 

their ability to achieve human-like intelligence and 

self-awareness (Lieberman, 2024).  

Table 5 presents an example where GPT4 

contradicts itself. The concept under focus is “Pro-

drop” that refers to the grammatical feature where 

subjects/pronouns are omitted if their meaning can 

be inferred from context. In the example, GPT4 

shows that it has epistemological knowledge about 

the concept. In addition, with the help of the 

definition and few-shot examples, GPT4 identifies 

that the concept should be applied and states that the 

subject is missing in the original Chinese text, yet it 

identifies a subject in its direct translation and 

retains this subject in the final translation, where it 

also claims to add a subject absent from the Chinese 

version. This example highlights the inconsistencies 

and logical flaws of large language models (LLMs) 

when dealing with complex concepts. 

User (Prompt) 

What is the concept of “Pro-drop” in the context of 

Chinese-to-English translation? 

ChatGPT 

The concept of "Pro-drop" (short for pronoun 

dropping) refers to the grammatical feature in 

certain languages where pronouns that are 

syntactically expected can be omitted if their 

meaning is understood from context. This 

characteristic is particularly relevant in the context 

of translating from Chinese to English because 

Chinese is a Pro-drop language, whereas English 

generally is not. 

In Chinese, speakers often omit subjects and 

sometimes objects when these are clear from the 

context or previously mentioned in the 

discourse… 

User (Prompt) 

The concept of "pro-drop" refers to the ability of a 

language to omit subjects (and sometimes other 

pro-nouns) when they are pragmatically or 

grammatically inferable. Chinese is a pro-drop 

language, meaning that subjects can be and often 

are omitted when they are un-derstood from 

context. In contrast, English is a "non pro-drop" 

language, meaning that subjects are almost always 

explicitly stated, as English need the presence of 

subjects for clarity and grammatical correctness. 

Three examples are listed below to illustrate the 

Chinese-to-English translation reflecting the 

concept above: 

Chinese: 对传统那些没有比较优势和竞争优势
产业，继续给予必要保证。 

English: Traditional industries without 

comparative advantage and competitiveness 

should be given the support. 

Figure 1: As GPT4's hypothetical 

space evaluation scores increase 

(normalized from 0 to 1), its 

performance (Likert Scores generated 

by human evaluators) degrades. The 

X-axis lists ten concepts, from left to 

right: eliminating redundancy, 

prodrop, implicit conjunction and 

linking, combining clauses and short 

sentences, dislocation, cultural 

translation, changing part of speech, 

subject selection, perspective, and 

deverbalization. 
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Chinese：要重视发挥家庭、学校和社区作
用，帮助儿童抵御恐怖极端思想侵蚀。 

English：Attention should be paid to the roles of 

families, schools, and communities in preventing 

children from being influenced by extreme 

terrorism. 

Chinese: 需要货币政策传导机制来保证资金流
动到位。 

English: We need transmission mechanism of 

monetary policy to ensure the availability of capital 

flows. 

If you are an expert-level translator, do you think 

we should apply the same concept on the following 

Chinese text segment?  

Chinese: 各地积极性高涨。 

Please give a score between 0 and 100 (0 means the 

concept definitely should not be applied on 

translating the sentence while 100 means that the 

concept definitely should be applied on translating 

the sentence.  

If the score is above 75, what should be the proper 

translation reflecting the concept. Please generate 

a proper English translation reflecting the concept. 

ChatGPT 

The Chinese sentence "各地积极性高涨" can be 

translated while considering the pro-drop concept. 

This sentence, when directly translated, means 

"Enthusiasm is high everywhere." In a non pro-

drop language like English, it's necessary to 

specify the subject for clarity. However, in this 

Chinese sentence, the subject is dropped because 

it's understood from the context. 

In this case, I would give a score of around 85, 

indicating that the pro-drop concept should be 

applied in translation. The English translation, 

reflecting this concept and the inherent meaning of 

the sentence, could be: 

"Enthusiasm is high in all regions." 

Here, the subject "enthusiasm" is explicitly stated 

to maintain clarity in English, which is a non pro-

drop language. The translation captures the 

essence of the original Chinese sentence while 

adhering to the syntactic requirements of English. 

Table 5: GPT-4 "understands" the “pro-drop” 

concept; with the help of concept definition 

and few-shot examples, it identifies that the 

concept should be applied (a subject needs to 

be added for English) but it contradicts itself 

by keeping the same subject. 

Cognitive dissonance, a psychological theory 

proposed by Leon Festinger (Festinger 1962), 

suggests that individuals experience discomfort 

when holding conflicting beliefs, attitudes, or 

behaviors. This discomfort, known as dissonance, 

drives individuals to seek consistency between their 

beliefs and actions to reduce the associated stress. 

Cognitive dissonance involves several cognitive 

functions: detecting discrepancies (attention and 

memory), experiencing physiological arousal and 

discomfort (emotion regulation), perception and 

confirmation (perception), and rationalization and 

justification (decision making).  

LLMs are powerful tools for generating text 

and understanding language, but they lack the 

ability to leverage human cognitive functions, such 

as cognitive dissonance, to maintain consistency. 

3.3 LLMs Lack Graceful Speed-Accuracy 

Tradeoff 

The speed-accuracy tradeoff, as described in (Heltz, 

2014), refers to the intricate relationship between an 

individual's preference for responding slowly with 

fewer errors versus responding quickly with more 

errors. 

Compared to humans, LLMs were found 

unable to manage the speed-accuracy tradeoff as 

effectively (Goodman, 2024). In the context of 

translation, we tested multiple concepts and had 

similar findings. Table 6 presents a case study where 

GPT-4 was taught the concept of "changing subject 

selection"—selecting a subject different from the 

one in the source text (e.g., Chinese) to improve the 

readability and fluency of the target language (e.g., 

English) translation—using an instruction followed 

by three examples. In theory, any noun, noun phrase, 

or noun clause can serve as the subject in English. 

However, the training examples emphasized the 

initial possessive noun phrases in Chinese, 

consistently selecting the possessor noun as the 

English subject. Most human translators, upon 

reviewing these examples, would likely choose the 

possessor noun (迁移-migration) as the subject in 

their English translation. In contrast, GPT-4 failed 

to make this choice. Unlike humans, who can make 

a well-judged speed-accuracy tradeoff based on a 

few examples, LLMs' performance appears less 

adept and sometimes even seems irrational or 

confused. 
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User (Prompt) 

For Chinese-to-English translation, changing subject 

selection involves selecting a subject different from the 

one in the source text to improve the readability and 

fluency of the English translation. 

Below are three examples: 

1. 技术的进步极大地改变了我们的生活方式。(direct 

translation: The advancement of technology has greatly 

changed our way of life.) 

English translation: Technology have greatly advanced 

to change our way of life. 

2. 老年人本身的免疫功能就相对于年轻人要弱一

些。(direction translation: The immune function of the 

elderly is weaker than that of the young.) 

English translation: Unlike younger people, the elderly 

have weaker immune systems. 

3. 未来20年气候变化的威胁将超过恐怖主义。(direct 

translation: The threat of climate change will be more 

than terrorism in the next 20 years.) 

English: In the next two decades, climate change will 

pose a greater threat than terrorism. 

 

… Please generate a proper Chinese-to-English 

translation, and a proper English translation reflecting the 

concept and the few-shot examples : 

Chinese: 迁移的流向和形式也都发生了很大的变化。
(direct translation: The patterns and forms of migration 

have also undergone great changes.) 

ChatGPT 

English: The patterns and forms of migration have 

undergone significant changes.  

Table 6: GPT-4 shows less graceful speed-

accuracy tradeoff by not following the patterns 

illustrated by the three teaching examples. 

Human’s ability to have graceful speed-

accuracy tradeoff is supported by several cognitive 

functions such as information processing dynamics 

(involving perception, attention, memory, and 

problem-solving), response strategy (decision 

making), and performance assessment 

(metacognition).  

LLMs are powerful tools for generating text 

and understanding language, but they lack the 

ability to leverage human cognitive functions to 

achieve graceful speed-accuracy tradeoff. 

3.4 Summary 

This section highlights three challenges in the 

concept-guided approach: (1) LLMs’ performance 

declines as the complexity of the required 

conceptual space increases; (2) LLMs struggle with 

continuity in explaining and practicing advanced 

concepts; and (3) LLMs lack the ability of graceful 

speed-accuracy tradeoff. The challenges stem from 

the absence of comprehensive human-like cognitive 

functions in LLMs. 

4 Chain-of-Thought (CoT) Reasoning 

Provides a Structured Way for LLMs to 

Support Sophisticated Concepts 

In this section, we explore methods to address the 

limitations identified previously. We focus on 

Chain-of-Thought (CoT) reasoning prompting as a 

solution and evaluate the pros and cons of this 

approach. 

4.1 CoT Demonstrates Detailed Reasoning 

Steps 

Reasoning is a fundamental cognitive function that 

involves drawing conclusions, solving problems, 

and making decisions and encompasses various 

cognitive functions. Chain-of-thought (CoT) 

prompting can improve the performance of large 

language models (LLMs) on complex reasoning 

tasks (Wei 2022).  The key idea behind CoT is to 

provide the LLM with examples that demonstrate 

step-by-step reasoning (intermediate reasoning 

steps) towards the final results, rather than just 

giving the final answer directly. This guides the 

LLM to construct a logical pathway from the 

original input to the final solution, rather than 

relying solely on its internal knowledge base which 

may have gaps or biases. 

Compared to simple prompting without step-

by-step reasoning, CoT prompting proves itself as 

effective solutions to complex translation concepts. 

Below are some examples in which CoT prompting 

shows significant benefits. 

4.2 CoT Addresses the Issue of Lacking 

Continuity 

Although fully implementing human-like 

cognitive dissonance is challenging, the linguistic 

part of its rationalization and justification 

component can be implemented through CoT 

reasoning to address the issue of continuity. 

Table 7 shows that CoT prompting solves the 

“lack of continuity” example we described in 

section 3.2 and Table 5 related to the “Pro-drop”. An 

additional reasoning step is added to reflect the 
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omitted subject in each teaching examples, and 

during the generation phase, GPT4 is able to infer 

the omitted subject for the test example and 

generate the correct translation outcome that 

reflects the “pro-drop” concept correctly. 

 

User (Prompt) 

The concept of "pro-drop" refers to the ability of a 

language to omit subjects (and sometimes other pro-

nouns) when they are pragmatically or grammatically 

inferable. Chinese is a pro-drop language, meaning that 

subjects can be and often are omitted when they are 

understood from context. In contrast, English is a "non 

pro-drop" language, meaning that subjects are almost 

always explicitly stated, as English need the presence of 

subjects for clarity and grammatical correctness. 

Three examples are listed below to illustrate the Chinese-

to-English translation reflecting the concept above: 

Original Chinese: 对传统那些没有比较优势和竞争优

势产业，继续给予必要保证。 

Omitted subject: 传统产业 (traditional Industries) 

English Translation: Traditional industries without 

comparative advantage and competitiveness should be 

given the support. 

Original Chinese：要重视发挥家庭、学校和社区作

用，帮助儿童抵御恐怖极端思想侵蚀。 

Omitted subject: 注意力（attention or extra attention） 

English ： Attention should be paid to the roles of 

families, schools, and communities in preventing 

children from being influenced by extreme terrorism. 

Original Chinese: 需要货币政策传导机制来保证资金

流动到位。 

Omitted subject: 我们 （we）or 中央银行 （central 

bank） 

English: We need transmission mechanism of monetary 

policy to ensure the availability of capital flows. 

If you are an expert-level translator, do you think we 

should apply the same concept on the following Chinese 

text segment?  

Chinese: 各地积极性高涨。 

Please give a score between 0 and 100 (0 means the 

concept definitely should not be applied on translating the 

sentence while 100 means that the concept definitely 

should be applied on translating the sentence.  

If the score is above 75, what should be the omitted 

subject and the proper translation reflecting the concept. 

Please generate a proper English translation reflecting the 

concept. 

ChatGPT 

I would score this 90. The concept of "pro-drop" should 

indeed be applied here as the subject is contextually 

inferable. 

Omitted subject: 各地人民 (People in various regions) 

Proper Translation: "People in various regions are highly 

enthusiastic." 

Table 7: By incorporating an additional CoT 

reasoning step, GPT4 addresses the issue of lacking 

continuity. 

4.3 CoT Addresses the Issue of Lacking Speed-

Accuracy Tradeoff  

Although fully implementing human-like speed-

accuracy tradeoff is challenging, the linguistic part 

of its information processing and response strategy 

components can be implemented through CoT 

reasoning to address the issue of continuity. 

Table 8 shows that CoT prompting solves the 

“lacking speed-accuracy tradeoff” example we 

described in section 3.3 and Table 6 related to the 

“subject changing”. In each teaching example, 

multiple reasoning steps are added to reflect the 

direct translation, the subject phrase, and the 

alternative subject selection using the possessor 

noun in the subject phrase. Then during the 

generation phase, GPT4 is able to infer the same 

reasoning steps for the test example and have 

human-like speed-accuracy tradeoff and generate 

the corresponding translation outcome. 

User (Prompt) 

For Chinese-to-English translation, changing subject 

selection involves selecting a subject different from 

the one in the source text to improve the readability 

and fluency of the English translation. 

Below are three examples: 

1. Original Chinese: 技术的进步极大地改变了我们

的生活方式。 

Direct translation: The advancement of technology 

has greatly changed our way of life. 

The subject phrase: The progress of technology 

English translation with alternative subject selection 

using the possessor noun in the subject phrase: 

Technology have greatly advanced to change our way 

of life. 

2. Original Chinese: 老年人本身的免疫功能就相对

于年轻人要弱一些。 

Direction translation: The immune function of the 

elderly is weaker than that of the young. 

The subject phrase: The immune function of the 

elderly 

Proceedings of the 16th Conference of the Association for Machine Translation in the Americas,

Chicago, USA, September 30 - October 2, 2024. Volume 1: Research Papers



English translation with alternative subject selection 

using the possessor noun in the subject phrase: 

Unlike younger people, the elderly have weaker 

immune systems. 

3. Original Chinese: 未来 20 年气候变化的威胁将

超过恐怖主义。 

Direct translation: The threat of climate change will 

be more than terrorism in the next 20 years. 

The subject phrase: The threat of climate change 

English translation with alternative subject selection 

using the possessor noun in the subject phrase: In the 

next two decades, climate change will pose a greater 

threat than terrorism. 

Please follow the same pattern to translate the 

following Chinese sentence: 

Original Chinese: 迁移的流向和形式也都发生了

很大的变化。 

ChatGPT 

The sentence "迁移的流向和形式也都发生了很大

的变化" directly translates to "The directions and 

forms of migration have also undergone significant 

changes." Here, the subject phrase is "The directions 

and forms of migration." 

 

Applying the pattern of using the possessor noun as 

the subject, the translation would be: "Migration has 

changed significantly in its directions and forms." 
Table 8: GPT4 achieves a more effective speed-

accuracy tradeoff through the application of Chain 

of Thought (CoT) reasoning, as demonstrated by 

three illustrative teaching examples. In each 

teaching example, multiple reasoning steps are 

added to reflect the direct translation, the subject 

phrase, and the alternative subject selection using 

the possessor noun in the subject phrase. Then 

during the generation phase, GPT4 can infer the 

same reasoning steps and generate the correct 

result. 

4.4 Summary 

We show that LLMs can use Chain-of-Thought 

(CoT) reasoning to overcome some challenges and 

enhance the performance of the concept-guided 

approach. This is particularly effective for 

problems that benefit from well-formed, consistent 

reasoning steps, ultimately leading to the correct 

conclusion. 

On the other hand, while humans use multiple 

cognitive functions to solve complex problems, 

LLMs can only model this complexity, often in 

fragmented form, as linguistic description. This 

approach may work for some challenges but falls 

short for others. It demands unrealistic expectations 

to predefine linguistic solution steps and risks 

overlooking the broader context and 

interconnections between cognitive aspects—areas 

where human cognition excels. 

5 Conclusion 
Humans outperform large language models 

(LLMs) because human cognition involves a range 

of cognitive functions and their dynamic interaction. 

This study explores how integrating human 

cognition through concept-guided instruction and 

few-shot teaching can guide LLMs to improve 

translation outcomes. We first demonstrate that for 

simple and widely used concepts, concept-guided 

approaches offer significant benefits. We then tested 

prompt engineering with Chinese-to-English 

translation examples, using GPT-4 to estimate the 

complexity of various concepts and human experts 

to evaluate translation outcomes’ quality. Our 

preliminary findings show that LLM translation 

performance declines as concept complexity 

increases. 

We also identify several challenges in the 

concept-guided approach: LLMs struggle with 

continuity in explaining and practicing sophisticated 

concepts due to the lack of human-like cognitive 

functions, such as cognitive dissonance. 

Additionally, LLMs lack a graceful speed-accuracy 

tradeoff because they do not possess the cognitive 

functions such as dynamic information processing, 

response strategies, and performance assessment 

that humans do. 

However, LLMs can mitigate some of these 

challenges by using Chain-of-Thought (CoT) 

reasoning, which is especially effective for 

problems requiring consistent, well-structured 

reasoning steps. Despite this, LLMs can only model 

cognitive complexity as fragmented linguistic 

descriptions, unlike humans, who excel at 

understanding broader contexts and 

interconnections between cognitive aspects. This 

limitation makes it unrealistic to expect LLMs to 

effectively define solution steps automatically, a 

task that humans can accomplish by naturally 

considering critical context. 

The findings from this preliminary study on the 

English-to-Chinese language pair indicate that 

further research is necessary to validate the key 

results. 
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Appendix 1: Complexity Evaluation on the 

Ten Translation Concepts Using 

Hypothetical Spaces 

Below are the GPT-4 analyses on the hypothetical 

spaces (complexity), the black/regular font words 

are the prompt and red/italicized font words are the 

generated outcomes by the GPT4. 

Below are definitions and few-shot examples of 

ten concepts related to Chinese-to-English 

Translation: 

1.          Deverbalization is a concept in translation 

studies, par-ticularly relevant in the context of 

translating between languages with significantly 

different structures, such as Chinese to English. 

The core idea of deverbalizatio is to move away 

from a direct, word-for-word translation, which 

often leads to awkward or inaccurate results due to 

the differences in grammar, syntax, and cultural 

contexts. Instead, the translator interprets the 

meaning of the source text at a deeper, more 

abstract level, and then re-expresses this meaning 

in the target language. 

Three examples are listed below to illustrate the 

Chinese-to-English translation reflecting the 

concept above： 

Chinese: 过去带动高增长的主要是高投资，而

高投资主要是三大需求来源，出口、基础建

设、房地产。 

English: The key driver of rapid growth has been 

investment, which is needed in three areas/goes to 

three areas, export, infrastructure, and real estate. 

Chinese: 本土化人才了解中国市场上的需求和

消费者的心理。 

English: Local talents understand the market needs 

in China and know what customers want. 

Chinese: 中国现在很多地区复工率很高。 

English: Many areas in China have reopened their 

economies. 

2.          For Chinese-to-English translation, 

changing subject selection involves selecting a 

subject different from the one in the source text to 

improve the readability and fluency of the English 

translation. 

Three examples are listed below to illustrate the 

Chinese-to-English translation reflecting the 

concept above： 

Chinese: 资源环境约束边界临近，最典型的例

子就是雾霾。 

English: Resources and environment almost reach 

the limit with smog being the biggest concern. 

Chinese: 老年人本身的免疫功能就相对于年轻

人要弱一些。 

English: Unlike younger people, the elderly have 

weaker immune systems. 

Chinese: 迁移的流向和形式也都发生了很大的

变化。 

English: Migration was happening in different 

directions and ways. 

3.          The concept of "pro-drop" refers to the 

ability of a language to omit subjects (and 

sometimes other pro-nouns) when they are 

pragmatically or grammatically inferable. Chinese 

is a pro-drop language, meaning that subjects can 

be and often are omitted when they are understood 

from context. In contrast, English is a "non pro-

drop" language, meaning that subjects are almost 

always explicitly stated, as English need the 

presence of subjects for clarity and grammatical 

correctness. 

Three examples are listed below to illustrate the 

Chinese-to-English translation reflecting the 

concept above: 

Chinese: 各地积极性高涨。 

English: There is a lot of discussion and 

enthusiasm on this issue. 

Chinese：要重视发挥家庭、学校和社区作用

，帮助儿童抵御恐怖极端思想侵蚀。 

Proceedings of the 16th Conference of the Association for Machine Translation in the Americas,

Chicago, USA, September 30 - October 2, 2024. Volume 1: Research Papers



English: Attention should be paid to the roles of 

families, schools, and communities in preventing 

children from being influenced by extreme 

terrorism. 

Chinese: 对传统那些没有比较优势和竞争优势

产业，继续给予必要保证。 

English: Traditional industries without 

comparative advantage and competitiveness 

should be given the support. 

  

4.          Changing the perspective in the context of 

Chinese-to-English translation refers to adapting 

the viewpoint or approach when translating text 

from Chinese into English. This concept is crucial 

due to significant differences be-tween the two 

languages in terms of grammar, syntax, idiomatic 

expressions, and cultural contexts. 

Three examples are listed below to illustrate the 

Chinese-to-English translation reflecting the 

concept above： 

Chinese: 中国经济已经触底，中速增长平台初

步确定，将来会逐步进入中速增长期，也就

是由高速增长阶段转向高质量发展阶段。 

English: China's economy has touched the bottom. 

It is set for medium-speed growth, which will last 

for a period of time. There will be more focus on 

quality instead of speed. 

Chinese: 随着经济发展，可能是不同时期有不

同热门的行业。 

English: Along with economic development, 

sectors could become popular at different times. 

Chinese: 本地化产生了多语言的需求。 

English: Location involves translation into 

multiple languages. 

5.          For Chinese-to-English translation, 

Changing parts of speech is to faithfully convey 

the meaning of the original at the same time 

accords with English means of expression 

irrespective of the part of speech of a word in 

Chinese.  

Three examples are listed below to illustrate the 

Chinese-to-English translation reflecting the 

concept above： 

Chinese: 存货、出口和生产性投资逐步进入回

升期，将对基础设施投资减速形成对冲。 

English: Investments in inventory, export, and 

manufacturing are bouncing back, offsetting the 

decline in infrastructure investment. 

Chinese: 我是研究农村经济开始的。 

English: I started my career as a researcher in rural 

economy. 

Chinese: 委员们提出了许多很有操作性、针对

性的意见建议。 

English: Members of the committee have made a 

number of suggestions that are specific and easy to 

implement. 

6.          The linguistic concept dislocation refers to 

the phenomenon where the positioning of words or 

phrases in a sentence differs significantly between 

two languages. This can pose challenges in 

translation, particularly between languages with 

distinct syntactic structures, like Chinese and 

English. 

Chinese: 常态化防控和应急处置放松了要求。 

English: The requirements for daily prevention and 

control, as well as emergency response, have been 

relaxed. 

Chinese: GDP比重，非典时期才影响26%，这(

次)是占到74%。 

English: 26% of the GDP was affected during the 

SARS outbreak. But this time, the proportion is 

74%. 

Chinese: 我知道这个目标目前在国际上是很多

国家所没有制定的。 

English: I’m aware that many countries around the 

world have not yet set this goal. 

  

7.          The concept of implicit conjunctions and 

linking/transition words for Chinese-to-English 

translation: Chinese often omits conjunctions that 

would be necessary in English. This is because 

Chinese relies heavily on context and the inherent 

logic of the sentence structure. For instance, two 
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clauses might be placed side by side without a 

conjunction, yet a native Chinese speaker would 

understand their relationship based on the context. 

That usually is not the case for English. 

Three examples are listed below to illustrate the 

Chinese-to-English translation reflecting the 

concept above： 

Chinese: 学校决定精简机构，减少系科。 

English: The school decided to streamline the 

administration by reducing the number of 

departments. 

Chinese: 比如，欧洲老龄化程度高、死亡率高

。 

English: For instance, the death rate in Europe is 

very high due to a large aging population. 

Chinese: 提炼出中国智慧，总结出中国方案。 

English: Draw some lessons so that we can come 

up with Chinese wisdoms and solutions. 

8.          The concept of combining clauses and short 

sentences in Chinese to create a longer English 

sentence. English allows for complex sentences 

with multiple clauses, often linked by 

conjunctions, which can express detailed nuances 

and conditions. Chinese, on the other hand, favors 

brevity and conciseness. 

Three examples are listed below to illustrate the 

Chinese-to-English translation reflecting the 

concept above： 

Chinese: 跨国公司的生产经营是在本土，但是

它的经营生产战略是全球化的。 

English: Multinational corporations are based in 

their home countries but with global operations 

and strategies. 

Chinese: 本轮疫情呈现出多地暴发、波及范围

广、确诊人数多等特点。 

English: Recently, the pandemic took place in 

many locations with extensive scale and cases. 

Chinese: 俄罗斯的改革比中国晚起步10年左

右，但他们的金融抑制指数已经到了0.4，时

间跨度更短、下降速度更快。 

English: Russia started its reform 10 years later 

than China, but it has already reached a financial 

repression index of 0.4 in a shorter period of time 

and at a faster pace. 

9.          Eliminating redundancy is a common 

practice for Chinese-to-English because 

redundancy is commonly seen in the Chinese 

language. Although some redundancies may serve 

as emphasis, many could be eliminated without 

compromising the intended meaning. Removing 

unnecessary repetition during translation could 

improve the readability and clarity of the target 

text. 

Three examples are listed below to illustrate the 

Chinese-to-English translation reflecting the 

concept above： 

Chinese: 全世界气候变化的原因来看，大概主

要就是有两个原因。 

English: Climate change has two factors. 

Chinese: 水电是包含在可再生能源当中的，世

界各国都把水电作为可再生能源的一部分。 

English: Hydropower is considered a source of 

renewable energy by all countries. 

Chinese: 从需求侧来讲，中国经济过去长时间

的高增长，主要是高投资在支撑，而高投资

主要有三大需求在支撑，也就是基础设施建

设、房地产和出口。 

English: On the demand side, the driver of China’s 

economic growth has long been high investment 

required in three key areas: infrastructure, real 

estate, and exports. 

10.        Cultural translation aims to show the 

cultural differences while respecting the source 

culture as well. 

Chinese: 有“歇歇脚、缓一缓”的心态。 

English: Some people tend to let down their guard. 

Chinese: 美联储把利率降到零，弹药全部用完

。 

English: There isn't much space as the Fed has 

lowered interest rate to zero. 

Chinese: 我要是不来，那也是非常遗憾的。我

这次来，即使被打得鼻青脸肿也在所不惜。 
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English: I would regret it if I didn't come, so I'm 

here today no matter what happens. 

  

  

These concepts (constrained by both definitions 

and examples) have different levels of complexity 

when they are applied.  Can you provide a rating 

evaluation (minimum 0 and maximum 100) in 

terms of the size of typical “hypothetical spaces” 

that need to be considered when the concepts are 

applied? 

  

Evaluating the size of the "hypothetical space" for 

each of these translation concepts involves 

considering the range of interpretations, 

adaptations, and choices a translator might need 

to navigate when applying these concepts from 

Chinese to English. This hypothetical space 

represents the complexity and variability inherent 

in each concept, indicating the level of creativity, 

cultural understanding, and linguistic expertise 

required. Here's a rating for each concept, on a 

scale from 0 (minimal complexity) to 100 

(maximum complexity), reflecting the size of their 

hypothetical spaces: 

  

Deverbalization (80/100): This concept requires 

deep understanding of both source and target 

languages, along with the ability to abstract and 

reconceptualize ideas in culturally appropriate 

ways. It involves a significant hypothetical space 

due to the need for creative interpretation and 

expression. 

  

Changing Subject Selection (70/100): Adapting 

the subject for better readability and fluency can 

involve moderate to high complexity, especially 

when ensuring that the shift does not alter the 

intended meaning of the original text. 

  

Pro-drop (60/100): Translating from a pro-drop 

language like Chinese to a non-pro-drop language 

like English requires careful addition of explicit 

subjects without making the text feel redundant or 

altering its meaning, presenting a moderate 

hypothetical space. 

  

Changing the Perspective (75/100): Adapting the 

viewpoint requires a strong grasp of cultural and 

contextual nuances as well as linguistic fluency. 

The hypothetical space is large because it involves 

rethinking and sometimes reimagining the original 

message from a different angle. 

  

Changing Parts of Speech (65/100): This task 

involves creatively maintaining the original's 

meaning while changing the grammatical 

structure, which can be complex due to the 

flexibility required in reconceptualizing the 

message. 

  

Dislocation (60/100): Addressing syntactic 

differences involves understanding the functional 

and positional flexibility of elements in both 

languages. The hypothetical space is moderate, as 

it often has clear-cut rules but also requires 

attention to readability and flow. 

  

Implicit Conjunctions and Linking (50/100): While 

the concept itself may seem straightforward, 

applying it effectively requires a nuanced 

understanding of how ideas are connected in 

English, presenting a moderate hypothetical 

space. 

  

Combining Clauses and Short Sentences (55/100): 

This concept requires skill in creating complex 

sentences that are still clear and coherent, 

involving a moderate level of complexity in the 

hypothetical space due to the need to balance 

detail with readability. 

  

Eliminating Redundancy (40/100): While often 

technical, this task requires less creative 

interpretation than others, presenting a smaller 

hypothetical space. The challenge lies in 

discerning which redundancies are stylistic versus 

those adding unnecessary repetition. 

Proceedings of the 16th Conference of the Association for Machine Translation in the Americas,

Chicago, USA, September 30 - October 2, 2024. Volume 1: Research Papers



  

Cultural Translation (85/100): This concept 

encompasses a vast hypothetical space due to the 

need to convey cultural nuances and contexts 

accurately and respectfully, requiring deep 

cultural knowledge and sensitivity. 

  

These ratings reflect the relative complexity and 

breadth of choices translators must navigate 

within each concept, acknowledging that 

individual translation tasks might present unique 

challenges that could affect these evaluations. 

 
Table 9: Hypothetical spaces (complexity) 

Analyses for the ten translation concepts using 

GPT-4. 

Appendix 2: English-Chinese sentence pairs 

(four pairs per concept) used for 1-in-4 leave-

one-out cross-validation evaluation 

Below is a dataset of 40 English-Chinese sentence 

pairs (four pairs per concept) that was used for 1-

in-4 leave-one-out cross-validation evaluation of 

GPT-4 generated translation. 

Pro-drop 

Chinese: 各地积极性高涨。 

English: There is a lot of discussion and 

enthusiasm on this issue. 

Chinese：要重视发挥家庭、学校和社区作用，

帮助儿童抵御恐怖极端思想侵蚀。English: 

Attention should be paid to the roles of families, 

schools, and communities in preventing children 

from being influenced by extreme terrorism. 

Chinese: 对传统那些没有比较优势和竞争优势

产业，继续给予必要保证。 

English: Traditional industries without 

comparative advantage and competitiveness 

should be given the support. 

Chinese: 需要货币政策传导机制来保证资金流

动到位。 

English: We need transmission mechanism of 

monetary policy to ensure the availability of 

capital flows. 

Dislocation 

Chinese: 常态化防控和应急处置放松了要求。 

English: The requirements for daily prevention 

and control, as well as emergency response, have 

been relaxed. 

Chinese: GDP比重，非典时期才影响26%，这(

次)是占到74%。 

English: 26% of the GDP was affected during the 

SARS outbreak. But this time, the proportion is 

74%. 

Chinese: 我知道这个目标目前在国际上是很多

国家所没有制定的。 

English: I’m aware that many countries around 

the world have not yet set this goal. 

Chinese: 当地语言以前中国公司不太注重。 

English: Chinese companies didn’t pay enough 

attention to local languages. 

Implicit conjunctions and linking/transition 

words 

Chinese: 学校决定精简机构，减少系科。 

English: The school decided to streamline the 

administration by reducing the number of 

departments. 

Chinese: 比如，欧洲老龄化程度高、死亡率高

。 

English: For instance, the death rate in Europe is 

very high due to a large aging population. 

Chinese: 提炼出中国智慧，总结出中国方案。 

English: Draw some lessons so that we can come 

up with Chinese wisdoms and solutions. 

Chinese: 本地化是跨国公司进驻中国，打通语

言通道的关键。 

English: Localization is an im-portant tool to 

break the language barrier as they enter the 

Chinese market. 

Combining clauses and short sentences in 

Chinese to create a longer English sentence 

Chinese: 跨国公司的生产经营是在本土，但是

它的经营生产战略是全球化的。 

English: Multinational corporations are based in 

their home countries but with global operations 

and strategies. 

Chinese: 本轮疫情呈现出多地暴发、波及范围

广、确诊人数多等特点。 

English: Recently, the pandemic took place in 

many locations with extensive scale and cases. 

Chinese: 俄罗斯的改革比中国晚起步10年左

右，但他们的金融抑制指数已经到了0.4，时

间跨度更短、下降速度更快。 

English: Russia started its reform 10 years later 

than China, but it has already reached a financial 

repression index of 0.4 in a shorter period of time 

and at a faster pace. 
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Chinese: 说到可再生能源，首先是可再生，就

说明它是资源量非常大的，可以永续利用，同

时它的污染很小、分布很广。 

English: Speaking of renewable energy, the word 

“renewable” suggests that these energy sources 

are abundant, sustainable, and widely distributed 

with very little pollution. 

Deverbalization 

Chinese: 过去带动高增长的主要是高投资，而

高投资主要是三大需求来源，出口、基础建

设、房地产。 

English: The key driver of rapid growth has been 

investment, which is needed in three areas/goes to 

three areas, export, infrastructure, and real estate. 

Chinese: 本土化人才了解中国市场上的需求和

消费者的心理。 

English: Local talents understand the market 

needs in China and know what customers want. 

Chinese: 中国现在很多地区复工率很高。 

English: Many areas in China have reopened their 

economies. 

Chinese: 中国对外开放的步伐也在不断加快，

我们要向外商提供更开放、更透明的、更有力

的投资环境。 

English: As China further opens up to the outside 

world, we should pro-vide a more open, 

transparent, and helpful investment environment. 

Eliminating redundancy 

Chinese: 全世界气候变化的原因来看，大概主

要就是有两个原因。 

English: Climate change has two factors. 

Chinese: 水电是包含在可再生能源当中的，世

界各国都把水电作为可再生能源的一部分。 

English: Hydropower is considered a source of 

renewable energy by all countries. 

Chinese: 从需求侧来讲，中国经济过去长时间

的高增长，主要是高投资在支撑，而高投资主

要有三大需求在支撑，也就是基础设施建设、

房地产和出口。 

English: On the demand side, the driver of 

China’s economic growth has long been high 

investment required in three key areas: 

infrastructure, real estate, and exports. 

Chinese: 我们需要的是强劲的反弹，所以需要

10倍的努力来推动反弹。 

English: We need to achieve a robust rebound 

through ten times of effort. 

Changing subject selection 

Chinese: 资源环境约束边界临近，最典型的例

子就是雾霾。 

English: Resources and environ-ment almost 

reach the limit with smog being the biggest 

concern. 

Chinese: 老年人本身的免疫功能就相对于年轻

人要弱一些。 

English: Unlike younger people, the elderly have 

weaker immune sys-tems. 

Chinese: 迁移的流向和形式也都发生了很大的

变化。 

English: Migration was happening in different 

directions and ways. 

Chinese: 未来20年气候变化的威胁将超过恐怖

主义。 

English: In the next two decades, climate change 

will pose a greater threat than terrorism. 

Changing the perspective 

Chinese: 中国经济已经触底，中速增长平台初

步确定，将来会逐步进入中速增长期，也就是

由高速增长阶段转向高质量发展阶段。 

English: China's economy has touched the 

bottom. It is set for medium-speed growth, which 

will last for a period of time. There will be more 

focus on quality instead of speed. 

Chinese: 随着经济发展，可能是不同时期有不

同热门的行业。 

English: Along with economic development, 

sectors could become popular at different times. 

Chinese: 本地化产生了多语言的需求。 

English: Location involves translation into 

multiple languages.  

Chinese: 大多数国家对创业投资都是采取一种
比较鼓励的政策。 

English: Many countries have policies that 

encourage venture capital investment. 

Changing Parts of Speech 

Chinese: 存货、出口和生产性投资逐步进入回

升期，将对基础设施投资减速形成对冲。 

English: Investments in inventory, export, and 

manufacturing are bouncing back, offsetting the 

decline in infrastructure investment. 

Chinese: 我是研究农村经济开始的。 

English: I started my career as a researcher in 

rural economy. 

Chinese: 委员们提出了许多很有操作性、针对

性的意见建议。 

English: Members of the committee have made a 

number of suggestions that are specific and easy 

to implement. 
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Chinese: 城镇化就是阶段性的，到了一定阶段

一定会减速。 

English: Urbanization takes place in different 

stages. It will slow down at a certain stage. 

Cultural translation 

Chinese: 有“歇歇脚、缓一缓”的心态。 

English: Some people tend to let down their 

guard. 

Chinese: 美联储把利率降到零，弹药全部用

完。 

English: There isn't much space as the Fed has 

lowered interest rate to zero. 

Chinese: 我要是不来，那也是非常遗憾的。我

这次来，即使被打得鼻青脸肿也在所不惜。 

English: I would regret it if I didn't come, so I'm 

here today no matter what happens. 

Chinese: “大干快上”本身没有错，关键是干什

么、上什么。 

Table 10: A dataset of 40 English-Chinese 

sentence pairs (four pairs per concept) was 

used for 1-in-4 leave-one-out cross-validation 

evaluation. 
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Abstract

Recent works have shown that prompting large language models (LLMs) is effective for translation with
markup where LLMs can simultaneously transfer markup tags while ensuring that the content, both inside
and outside tag pairs is correctly translated. However, these works assume the existence of high-quality
parallel sentences with markup for prompting, which may not always be available. Furthermore, the impact
of instruction fine-tuning (IFT) in this setting is unknown. In this paper, we provide a study, the first of its
kind, focusing on the effectiveness of synthetically created markup data and IFT for translation with markup
using LLMs. We focus on translation from English to five European languages, German, French, Dutch,
Finnish and Russian, where we show that regardless of few-shot prompting or IFT, synthetic data created via
word alignments, while leading to inferior markup transfer compared to using original data with markups,
does not negatively impact the translation quality. Furthermore, IFT mainly impacts the translation quality
compared to few-shot prompting and has slightly better markup transfer capabilities than the latter. We hope
our work will help practitioners make effective decisions on modeling choices for LLM based translation
with markup.

1 Introduction

While a significant majority of machine translation
(MT) research has been conducted on translating
plain sentences from one language to another, much
of the web and proprietary or business documents
requiring translation come in structured formats like
HTML pages or Microsoft Office files containing
markup. Therefore, practical MT systems should
be adept not only at translating plain sentences but
also sentences with markup (see Figure 1 for an ex-
ample), where the task is to translate content in the
source language while simultaneously ensuring that
markup tags wrap the appropriate content in the tar-
get language. Until the advent of deep learning, the
most commonly used approach for handling markup
was the detag-and-project approach (Hanneman and

Dinu, 2020a), which is not end-to-end and is prone
to error compounding from individual components
such as the MT system, word-aligner and projection
algorithms. Therefore, using end-to-end neural net-
works for translation with markup (Cho et al., 2014)
makes a more attractive solution.

Recently, researchers have shown that trans-
former (Vaswani et al., 2017) based large language
models (LLMs) (Brown et al., 2020) can seam-
lessly translate sentences with markup despite not
explicitly being trained to do so (Buschbeck et al.,
2022; Dabre et al., 2023). They show that few-shot
prompting (Brown et al., 2020) enables LLMs to
transfer markup tags when translating from source
to target languages. Surprisingly, despite being
general purpose, their markup transfer capabilities
approach, if not surpass, highly optimized models
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English Click <uicontrol>Prepayment</uicontrol>.
German Klicken Sie <uicontrol>Vorauszahlung</uicontrol>.
French Cliquez <uicontrol>Prépaiement</uicontrol>
Japanese <uicontrol>前払</uicontrol>をクリックします。

Figure 1: Examples with inline markup,
inspired by (Buschbeck et al., 2022).

Synthetic Data 
Creation

Few-shot
Prompting

Instruction 
Fine-Tuning

Parallel Data 
w/ Tags

Parallel Data 
w/o Tags

General
LLM

MT-specific 
LLM

Word Alignment
Based Approach

LLM
Based Approach

Figure 2: Our framework.

trained specifically for this purpose. However, they
assume the existence of high-quality parallel cor-
pora with markup when prompting, and this kind
of data may not always be available. Furthermore,
while they utilize pre-existing generic instruction
fine-tuned (IFT) models, they do not IFT their own
MT models, the effectiveness of which remains un-
known. In this paper, we fill this gap via a two-
pronged exploration on the effectiveness of syn-
thetic data and IFT for translation with markup.

We take the case of translation from English to
five European languages, German, French, Dutch,
Finnish and Russian, and first establish the effi-
cacy of zero- and few-shot prompting on a popu-
lar open-source LLM, namely BLOOM (Le Scao
et al., 2022). Following this, we explore approaches
for synthetically creating parallel data with markup
to understand its efficacy for prompting. We fur-
ther deepen our investigation by performing IFT of
BLOOM with both clean and synthetic data and at-
tempt to discern settings in which synthetic data
can be useful. We show that regardless of few-shot
prompting or IFT, synthetic data created via word
alignments leads to slightly inferior markup transfer
compared to high-quality human-curated data; how-
ever, it does not negatively impact the translation
quality. Furthermore, somewhat surprisingly, we
find that IFT itself mainly improves the translation
quality compared to few-shot prompting and has
only slightly better markup transfer capabilities than
the latter. We hope our findings will act as guide-
lines for practitioners to make effective decisions on
modeling choices for translation with markup.

2 Related Work

Our work focuses on machine translation with
markup, LLMs and synthetic data.

2.1 MT Model Based Approaches
Detag-and-project is a prevalent technique for
translating sentences with markup comprising two
steps: 1) stripping tags from the source sentence and
translating the plain text, and 2) reinserting tags into
the translations. Joanis et al. (2013) utilize a Sta-
tistical Machine Translation (SMT) model to trans-
late sentences with markup using a set of tag rein-
sertion rules in the project phase. Similarly, re-
searchers compared various strategies for handling
markup using SMT techniques and found that in-
volving complex rules achieves the highest tag pro-
jection accuracy (Müller, 2017). More recent works
use NMT as the translation model and apply a trans-
lation management system to handle the document
structure (Hanneman and Dinu, 2020b).
End-to-end approach becomes possible with NMT
models. They are often enhanced with data augmen-
tation strategies to optimize the large number of pa-
rameters. Synthetic data can be created by inserting
tags into corresponding fragments in the source and
target plain text parallel sentences (Hanneman and
Dinu, 2020b). However, aligned phrases are iden-
tified through an exhaustive search, which is com-
putationally expensive. To address this, researchers
use efficient word alignments for tag augmentation
during the project phase (Ryu et al., 2022).

2.2 LLM Based Approaches
LLMs such as GPT-3 (Brown et al., 2020),
BLOOM (Le Scao et al., 2022), BLOOMZ (Muen-
nighoff et al., 2022), XGLM (Lin et al., 2022)
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and Llama-2 (Touvron et al., 2023) with few-shot
in-context-learning (Brown et al., 2020) are well
known for their ability to tackle diverse tasks ow-
ing to having seen vast amounts of data. Due to their
flexibility, LLMs can be directly applied to the struc-
tured document translation task without further fine-
tuning (Dabre et al., 2023). They apply retrieval-
augmented (Lewis et al., 2020) few-shot prompting,
which assumes the training set contains numerous
parallel sentences with markup in hand. However,
for most translation directions, there is usually no
dataset with markups available. To this end, we pro-
pose to generate synthetic data. Furthermore, rather
than prompting, we apply IFT, which our experi-
ments show can achieve higher performance.

2.3 Datasets

Datasets are crucial in advancing structured text
(usually with markup) translation. Hashimoto
et al. (2019a) create a high-quality multilingual
dataset comprising structured web pages designed
for the documentation domain translation. Like-
wise, Buschbeck et al. (2022) develop a multilingual
and multi-way evaluation dataset for structured doc-
ument translation, focusing on Asian languages but
only providing evaluation sets.

3 Methodology

Figure 2 presents an overview of the methodology
followed in this paper: few-shot prompting in Sec-
tion 3.1, instruction fine-tuning (IFT) in Section 3.2,
and our methods for creating synthetic parallel data
with markup in Section 3.3.

3.1 Few-shot Prompting

For our experiments, we use the N -shot approach,
selecting N translation pairs (Si, Ti) from an ex-
ample pool to prompt the LLM. Like Dabre et al.
(2023), unless (plain) data without markup is used,
we use structure-aware prompting, where we use
examples containing markup tags for test sentences
with tags, and examples without markup tags for test
sentences without tags. The specific template is in

Appendix A.1.

3.2 Instruction Fine-tuning (IFT)
IFT is simply fine-tuning a pre-trained LLM with
parallel data to enable it to translate from a source
language to a target language without needing to
provide demonstrations (or shots). The specific tem-
plate is in Appendix A.3. As is common prac-
tice (Wei et al., 2022), we only consider the loss
computed on the completion part of the sequence.

3.3 Synthetic Data Creation
We consider two approaches for synthetic data cre-
ation: using word alignment and LLMs.
Word Alignment Based Approach
The overview of the word alignment based approach
is shown in Figure 3 and we call the resultant data
Alignment-Synthetic-Tagged (AST). This approach
involves the following steps:
1. Obtain word alignments for a parallel corpus
without markup.
2. Randomly sample a phrase of a maximum size
from the source sentence.
3. Use the word alignments with the min-max algo-
rithm1 (Zenkel et al., 2021) to identify the aligned
phrase in the target sentence.
4. Uniformly2 sample a tag from a pre-defined set.
5. Wrap both the source and target sentence phrases
with the sampled markup tag.

Our approach is mainly motivated by the detag-
and-project methods (Hanneman and Dinu, 2020b)
and the idea of grouping words into phrases in
phrase-based SMT (Och, 1999), and the results of
data augmentation (Ryu et al., 2022). However,
ours is more efficient than the one by Hanneman
and Dinu (2020a), which relied on a more compu-
tationally expensive approach by exhaustively cov-
ering multiple phrase spans and translations via MT
to identify high-quality aligned phrases.
LLM Based Approach
Random sampling in the word-alignment-based ap-
proach often results in unnatural phrases.3 To this
end, we propose utilizing LLMs to select natural
phrases for inserting markup, as shown in Figure 4.

1If we have the source phrase si...sN , word alignments A = {i : j}, then the aligned target words are L = ∪N
x=iA(x) and the

aligned target phrase is tmin(L)...tmax(L).
2Although it might seem unnatural to consider all tags appearing with the same probability, in practice there is no way to know the

tag distribution in a realistic setting so we make no assumptions and rely on uniform sampling of tags.
3Unnatural means that those phrases are unlikely to be surrounded by tags in the real structured data, resulting in the mismatch of

the distribution of training data and test data.
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1. Word Alignment
Click Login next to a user name

Klicken Sie neben einem Benutzernamen auf Anmelden

Click Login <uicontrol>next to a user name</uicontrol>
Klicken Sie <uicontrol>neben einem Benutzernamen</uicontrol> auf Anmelden

3. Adding Markups

Click Login next to a user name

Klicken Sie neben einem Benutzernamen auf Anmelden

2. Phrase Alignment

Figure 3: The overview of the word-alignment-based
synthetic data creation method. It generates word
alignments in the first stage, samples a phrase in the
second stage, and inserts a randomly sampled tag pair
in the final stage.

Output:
English: Click <uicontrol>Login</uicontrol> next to a user name
German: Klicken Sie neben einem Benutzernamen auf <uicontrol>Anmelden</uicontrol> 

Insert tag pairs to parallel sentences in English and German.
Here is a list of possible tags: <ph> <uicontrol> <parmname> …

Input:
English: Click Prepayment
German: Klicken Sie Vorauszahlung
Output:
English: Click <uicontrol>Prepayment</uicontrol>
German: Klicken Sie <uicontrol>Vorauszahlung</uicontrol>

Input:
English: Click Login next to a user name
German: Klicken Sie neben einem Benutzernamen auf Anmelden

……

Few-shot Examples

Test Input

Test Output

Task Description

Figure 4: The overview of the LLM-based synthetic
data creation method. We prompt the LLM with few-
shot examples, and the model directly generates par-
allel sentences with tag pairs.

We called the resultant data as LLM-Synthetic-
Tagged (LST). We prompt the LLMs (BLOOM 7B
in our experiments) with few-shot examples, and
the model takes source and target sentences without
markup as input and outputs source and target sen-
tences with markup. The hand-crafted and fixed 5-
shot examples (prompt in Appendix A.2) show how
a sentence pair without markup can be transformed
into a pair with markup.

4 Experimental Settings

This section describes datasets, implementation de-
tails, and various settings for analysis.

4.1 Datasets and Languages
We consider the Salesforce Localization Dataset
(Hashimoto et al., 2019b) which spans English and
seven languages, out of which we choose five Eu-
ropean target languages, namely, German, French,
Dutch, Finnish and Russian. The data for each lan-
guage pair consists of approximately high-quality
100k training, 2k development and 2k testing high-
quality sentence pairs of which 26% of the pairs
naturally contain markup. We use the development
set of 2,000 sentence pairs as the test set because
the test set is hidden. Furthermore, since LLM IFT
is computationally expensive, and our objective is
to study the efficacy of synthetic data and IFT, we

choose a subset of the training data for our experi-
ments. Specifically, we choose the first 2,000 sen-
tence pairs for development (instead of the official
development set), and the next 20,000 sentence pairs
for few-shot prompting or IFT. We create a version
of the 20,000 pairs by removing all markup infor-
mation and call this Plain data, whereas the corre-
sponding version with 26% of the sentences natu-
rally containing (high-quality/gold) markup is called
Clean data.
Synthetic Data Settings
When creating synthetic sentence pairs with markup
using word alignment (Alignment-Synthetic-
Tagged or AST), we experiment with maximum
source (English) spans of size 4 and 6 tokens, where
we randomly choose one source phrase whose token
length is less or equal to this number.4 For synthetic
data created with LLMs (LLM-Synthetic-Tagged or
LST), we cannot control maximum spans and leave
it to the model to wrap phrases with markup tags
as it sees fit. We prompt the model with 5 man-
ually constructed shots, which are fixed for each
language pair. For the decoding algorithm, we ap-
plied greedy search with a temperature of 0. As for
the percentage of sentence pairs with markup tags in
the training data, we experiment with 1%, 2%, 5%,
15% and 26% of examples with synthetic markup
where 26% is analogous to the amount of naturally

4The aligned target spans may be longer or shorter, but this is not something that can be controlled.
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occurring markup in Clean data. For LST, due to
reasons explained in Section 5.3, we were only able
to generate a maximum of 24% and 14% tagged data
with synthetic markup only for English-German
and English-Russian, respectively. For these pairs,
henceforth 26% actually implies 24% and 14% re-
spectively. Unless explicitly mentioned, we use the
data containing 26% pairs with markup for AST and
LST when experimenting with prompting and IFT.

4.2 Implementation, Training, and Evaluation

We implement the code for creating synthetic data
and prompting in Python. For word alignment, we
used FastAlign5 (Dyer et al., 2013) with default
settings for forward, reverse, and we symmetrize
alignments with grow-diag-final-and. We use open-
instruct6 (Wang et al., 2023) for IFT. We use the
7.1 billion parameter variant7 of the BLOOM model
(Le Scao et al., 2022). We choose this model
over more recent ones like Llama (Touvron et al.,
2023) since the latter is not explicitly suited for non-
English generation.8 Due to our low-resource set-
ting, we use LoRA (Hu et al., 2021) for fine-tuning,
with a rank of 4 and an alpha of 8, and a LoRA
dropout of 0.05. We use a total batch size of 32 with
gradient accumulation. We train for a maximum of 4
epochs, evaluate every epoch, and choose the check-
point corresponding to the lowest loss.9 Our exper-
iments are performed on 40GB A100 GPUs. For
decoding the test sets, we perform greedy decoding.

For evaluation, while Hashimoto et al. (2019b)
propose XML-BLEU, we consider XML-chrF as
a measure of overall translation quality, including
both, content as well as markup transfer quality.
They use multi-bleu,10 however, since Post (2018)
have shown that using multi-bleu is not reliable, we
switch to sacrebleu11 and following recent trends,
chrF scores (Popović, 2015) to report XML-chrF.
Additionally, just as Hashimoto et al. (2019b) do,
we report XML-Structure-Match, henceforth XML-
Match, as a measure of purely the markup transfer

capabilities, with details explained in Appendix B.

4.3 Prompting Settings
For few-shot prompting on the test set, we use 0-
, 1- and 4-shot prompting when the base BLOOM
model is used. After performing IFT, we only use
0-shot prompting. The 1- and 4-shot prompting ex-
amples are chosen randomly. We perform three runs
and report the mean scores.

5 Results

We structure the results in two major sections: the
first focusing on synthetic data and using it for
prompting, and the second focusing on IFT along
with synthetic data.

5.1 Synthetic Data for Prompting
Table 1 gives the results for 0-, 1- and 4-shot
prompting with plain, clean and synthetic data. Per-
haps the most surprising result is that 0-shot prompt-
ing has very high XML-Match indicating that the
markup structure is almost always correctly trans-
ferred from source to target language. However, the
XML-chrF scores are rather low, except for English
to French, indicating that while the LLM can trans-
fer markup, it cannot translate content well. Increas-
ing the number of shots has a marked improvement
on the XML-chrF scores. On the other hand, the
XML-Match scores do not vary much regardless of
the data used for prompting.

Although Dabre et al. (2023) used different
metrics for evaluation, their tag metric is analo-
gous to XML-Match and they always reported very
low scores for the same. Note that they focused on
Japanese, Chinese and Korean, which are a. Not
well-supported in BLOOM and b. are linguistically
distant from English. On the other hand, we focus
on European languages which are better supported
in BLOOM and are linguistically closer to English.
This results in the following finding:

5https://github.com/clab/fast_align
6https://github.com/allenai/open-instruct/
7https://huggingface.co/bigscience/bloom-7b1
8While these models are known to be able to generate in non-English models, our main goal is not obtaining SOTA results but to

study how LLMs behave in the context of synthetic data in conjunction with IFT. Therefore, we rely on BLOOM in our experiments.
9This is different from typical MT experiments where early stopping is done on the downstream metric itself. Since this is expensive

for LLMs, we rely on loss, which can be computed non-autoregressively.
10https://github.com/moses-smt/mosesdecoder/blob/master/scripts/generic/multi-bleu.perl
11https://github.com/mjpost/sacrebleu
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Prompting XML-chrF XML-Match
Data Type en→ de en→ fi en→ fr en→ nl en→ ru Avg. en→ de en→ fi en→ fr en→ nl en→ ru Avg.

0-shot
Baseline 33.6 18.3 54.3 33.3 24.1 32.7 96.5 95.6 95.3 95.3 94.4 95.4

1-shot
Plain 39.0 17.2 58.6 38.6 30.9 36.9 96.2 89.9 96.4 95.8 94.1 94.5
Clean 39.5 17.6 59.0 38.6 30.9 37.1 96.3 90.0 96.0 95.6 94.0 94.4
AST-4 39.3 17.7 58.6 38.8 30.8 37.0 96.1 90.5 96.2 95.6 93.3 94.3
AST-6 39.4 17.6 58.2 38.8 30.6 36.9 96.2 90.3 95.9 95.6 92.9 94.2
LST 39.5 17.2 58.4 38.7 30.9 36.9 95.8 88.4 95.7 95.5 92.6 93.6

4-shot
Plain 41.5 19.3 61.3 40.7 32.9 39.1 96.9 90.9 96.8 96.1 94.1 95.0
Clean 41.1 18.9 61.5 40.7 32.9 39.0 96.1 89.7 96.6 93.4 94.3 94.1
AST-4 41.0 18.9 61.2 40.9 32.1 38.8 95.9 89.6 96.5 96.1 92.3 94.1
AST-6 40.9 19.0 61.4 40.7 32.3 38.9 96.0 90.0 96.7 95.8 92.6 94.2
LST 41.3 18.0 60.7 40.3 32.3 38.5 96.0 86.6 96.3 95.4 92.6 93.4

Table 1: XML-chrF and XML-Match of different types of data for few-shot prompting. Best results in each
direction are bolded. Plain refers to data w/o markup, and Clean means markup data created by humans
from the dataset.

Prompting XML-chrF XML-Match
Data Type en→ de en→ fi en→ fr en→ nl en→ ru Avg. en→ de en→ fi en→ fr en→ nl en→ ru Avg.

Reference: Prompting Results
Plain
4-shot 41.5 19.3 61.3 40.7 32.9 39.1 96.9 90.9 96.8 96.1 94.1 95.0

Instruction Fine-Tuning Results
Plain 57.5 46.5 72.1 59.4 45.4 56.2 94.0 95.2 96.7 95.0 88.5 93.9
Clean 60.1 47.9 75.3 60.7 50.0 58.8 97.2 96.8 98.7 96.4 95.4 96.9
AST-4 58.5 46.3 72.7 59.3 47.5 56.9 96.2 95.0 96.6 95.4 93.5 95.3
LST 55.9 44.9 73.6 59.2 46.4 56.0 91.8 92.1 97.0 94.8 89.6 93.1

Table 2: XML-chrF and XML-Match of different types of data for instruction fine-tuning. Best results are
bolded. Plain refers to data w/o markup, and Clean means markup data created by humans from the dataset.

Finding 1: Base LLMs are fairly good at markup
transfer of well-supported languages, and demon-
strations (or shots) mainly affect the content trans-
lation quality.

5.1.1 Does Synthetic Data Even Matter for
Prompting?

Comparing the 1- and 4-shot results in Table 1, it
is clear that there is no notable difference in per-
formance between using examples with (Clean,
AST, LST) and without (Plain) markup for trans-
lating sentences with markup. Among synthetic
data (AST-4, AST-6 and LST), the approach for
synthetic data does not matter. This leads to the fol-
lowing finding:

Finding 2: The LLM likely sees markup tags as to-
kens to be transferred from source to target and does
not distinguish them from regular words/tokens, and
it uses shots only to know how to translate.

5.2 Synthetic Data for Instruction Fine-Tuning

Having shown the impact of various types of data
with and without markup for prompting, we now
show results for using the aforementioned data for
instruction fine-tuning. Table 2 shows the fine-
tuning results, and in-context-learning results as a
reference, where we prompt the LLM with 5-shot
translation samples in the target domain without
markup.

Different from few-shot prompting, the im-
pact of different types of data is visible. While
fine-tuning using data without markup (Plain) sig-
nificantly improves XML-chrF, the markup transfer
itself (XML-match) is negatively affected. In fact,
few-shot prompting does better. Since we want our
model to translate as well as transfer markup, fine-
tuning on data without markup is not viable. On
the other hand, fine-tuning with human-created data
(Clean) not only has better markup transfer but also
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Figure 5: Results of IFT using varying percentages of data with markup. We show XML-chrF (left figure)
scores and XML-Match scores (right figure) of randomly choosing X percentage of pairs with markup from
the original data (Clean), and data generated by our AST (with max span of 4) and LST approaches. X
ranges from natural max, that is the markup data percentage in Clean of 26%, to 15%, 5%, 2% and 1%.

has better content translation quality, mostly indi-
cated by the significant increase in chrF by about
5 points. However, it’s not always possible to have
human created data with markup, but in this case
synthetic data appears to be useful. Comparing
AST-4,12 and Clean, we see that while the former
is expectedly slightly inferior to the latter, the gap
is rather small. Although we expected LST to be
better than AST, its performance was disappointing.
Our analysis in the following subsection will shed
some light on this. Our finding is:

Finding 3: IFT requires high-quality data with
markup for the best performance, however syntheti-
cally generated data is certainly a viable option.

5.2.1 Does Synthetic Data Quantity Matter?

Previously, we did not focus on the ratio of data
without and with markup and created as much syn-
thetic data as was present in the human created ver-

sion. However, it is not clear what the optimal ratio
is. To this end, we explore varying markup data
ratios in the training set. Figure 5 shows the result
for English to German and Finnish. Here, we have
3 important observations: a. Clean data is almost
always better than synthetic data, but the gap keeps
diminishing as the amount of markup data drops.
b. Even having 1% data with markup is still better
than having no data with markup. c. LST is infe-
rior to AST in most settings. We put the full table
of five language pairs in Appendix C. The finding is:

Finding 4: High-quality markup data is always use-
ful at any scale even if it forms 1% of the overall IFT
data, however synthetic data generated using align-
ment is a viable alternative at all scales.

5.3 Evaluation of Synthetic Data

We briefly evaluate synthetic data to understand its
quality. Consider the following Clean, AST and

12In our preliminary experiments for IFT, we did not notice any difference between AST-4 and AST-6, so we only report results for
AST-4.
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Figure 6: Maximum number of sentence pairs with tags, out of 20,000, that could be generated using LST.
Of this, we select pairs corresponding to a maximum of 26% of the training/prompting data. We also show
the number of pairs with tags surrounding entire sentences (tags only at the beginning and the end).

LST variations of the same English-German pair:
Clean (En): From Setup, enter <userin-
put>Salesforce Classic Configurations</userinput>
in the <parmname>Quick Find</parmname> box,
then select <uicontrol>Salesforce Classic Configu-
rations</uicontrol>.
Clean (De): Geben Sie unter “Setup” im
Feld <userinput>Schnellsuche</userinput> den
Text <parmname>Konfigurationen für Salesforce
Classic</parmname> ein und wählen Sie dann
<uicontrol>Konfigurationen für Salesforce Clas-
sic</uicontrol> aus.
AST (En): From Setup, enter <uinola-
bel>Salesforce Classic Configurations in the Quick
Find</uinolabel> box, then select Salesforce Classic
Configurations.
AST (De): Geben Sie unter “Setup” im Feld <uino-
label>Schnellsuche den Text Konfigurationen für
Salesforce Classic ein</uinolabel> und wählen Sie
dann Konfigurationen für Salesforce Classic aus.
LST (En): From Setup, enter <uicontrol>Salesforce
Classic Configurations</uicontrol> in the Quick
Find box, then select <uicontrol>Salesforce Classic
Configurations</uicontrol>.
LST (De): Geben Sie unter “Setup” im Feld
Schnellsuche den Text <uicontrol>Konfigurationen
für Salesforce Classic</uicontrol> ein und wählen
Sie dann <uicontrol>Konfigurationen für Salesforce
Classic</uicontrol> aus.

It is clear that LST data is more similar to Clean
data in which shorter phrases corresponding to key-
words are wrapped with tags, whereas AST covers a

longer phrase. Although not evident in this example,
AST can tag unnatural phrases and given discrep-
ancies compared to Clean data, it makes sense that
models trained with AST data will always underper-
form those trained with Clean data. However, the
confounding factor is why models trained on LST
data are worse than on AST, despite LST data look-
ing similar to Clean data. We found that LST tends
to wrap entire sentences with tags more often than
AST, with examples in Appendix D.

As shown in Figure 6, many of the LST exam-
ples are with tag pairs surrounding the entire sen-
tence. For English to German, of 4,898 LST tagged
examples, 3,926 are entire sentences. Whereas in
the AST data, out of 5,235 tagged examples, only
460 are entire sentences. For reference, in Clean,
out of 5,235 tagged sentences, only 60 are entire
sentences. This large proportion of entire tagged
sentences appears to have a larger impact than hav-
ing non-keyword or unnatural phrases. For the sen-
tences with tags but not surrounding the entire sen-
tence, the average number of words surrounded by
one tag pair is approximately 2 for all languages
which is reasonable. Furthermore, despite our best
efforts, we could not compel BLOOM to gener-
ate the desired number of tagged sentences. Fi-
nally, there is a significant variation in the num-
ber of sentences with tags across different language
pairs, which contributes to the variation in MT per-
formance, implying the need for future study.
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6 Conclusion

In this paper, we have studied the effectiveness of
synthetic data and instruction fine-tuning for trans-
lation with markup. We observed that an LLM with-
out few-shot prompting or IFT already has impres-
sive markup transfer capabilities, but suffers from
low translation ability in the document domain. Al-
though few-shot prompting can help improve trans-
lation quality, IFT is more effective, while also im-
proving markup transfer capabilities regardless of
whether high-quality or synthetic data was used. In
the future, we would like to explore more control-
lable and scalable ways to generate synthetic data
and eliminate the need for human curated data.
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Limitation

One limitation of this work is that we only used
BLOOM-7B1, thus the performance of different
LLM families such as Llama-3 or Gemma, or
LLMs with different amounts of parameters such as
BLOOM-560M or Llama-3 70B, is not verified. It is
possible that larger language models can have higher
markup transfer capability, have higher translation
capability on data in structured document domain,
generate better synthetic data, and are more control-
lable.

A Prompting Details

A.1 Few-shot prompting for MT
The prompting template is as follows:

Translate the following sentence from E to F . The
translation should be in F and no other language.
E: [ S1 ]
F : [ T1 ]
· · ·
E: [ SN ]
F : [ TN ]
E: [ St ]
F :

In the template above, E is the source lan-
guage, F is the target language, and St is the test
example for which we want to obtain a translation.
Note that in the template, each source and target lan-
guage sentence is wrapped in opening and closing
square brackets ([, ]). After the model produces out-
puts, we remove the prompted prefix and retain the
first segment produced by the model within the [ and
] brackets as the model’s translation.

A.2 Few-shot prompting for synthetic data
creation

This section formats the prompt, and the real prompt
with five demonstrations is shown in Table 4.
Insert tag pairs to parallel sentences in E and F .
Here is a list of possible tags: <ph> <uicontrol>
<parmname> <b> <codeph> <xref> <userinput>
<varname> <filepath> <i> <li> <systemoutput>
<term> <title> <p> <note> <cite> <indexterm>
<fn> <u>.
Input:
E: Si

F : Ti

Output:
E: S′

i

F : T ′
i

· · ·
Input:
E: St

F : Tt

Output:

In the template above, E is the source and F
is the target language. (Si, Ti) is parallel sentences
without markup and (S′

i, T
′
i ) is parallel sentences

with markup. (St, Tt) is the test example which con-
tains parallel sentences without markup. After gen-
erating the parallel sentences, we post-process the
output to extract S′

t and T ′
t , and verify whether there

are tags in both of them and whether the detagged
version of them equal to St and Tt. We only use the
outputs that passed these verification processes.

A.3 IFT prompt template

The data format fed to the LLM for IFT is as fol-
lows:

Translate the following sentence from E to F . The
translation should be in F and no other language.
E: [ S ]
F : [ T ]

Here, [ T ] consists of the completion and every-
thing before it is the prompt.

B Details of Evaluation Metrics.

We explain the calculation details of XML-Match
and XML-chrF metrics. We first use etree to ex-
tract the XML structure of the output and reference.
The XML-Match is the percentage of outputs that
have exactly the same XML structures as their ref-
erences. If the XML structures of an output and its
reference match, then the translation and reference
are split by the XML tags and we evaluate the chrF
score by comparing each split segment. If the struc-
tures do not match, the chrF score is counted as zero
to penalize the irrelevant outputs. We leave COMET
score reporting (Rei et al., 2020) for the future.
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C Full Results of IFT using Varying
Percentages of Tagged Data

We present the results of instruction fine-tuning us-
ing varying percentages of data with markup for all
five language pairs in Figure 7. As per the explana-
tion in Section 5.3 and Appendix D, we were un-
able to control the amount of sentence pairs with
synthetic markup for LST. Corresponding to Clean
which naturally has 26% data with markup and AST
where we can generate the exactly 26% of pairs
with markup, LST was unable to generate more
than 24% pairs with markup for English-German.
For English-Russian, a maximum of 14% pairs with
markup could be generated. Since we have no con-
trol over this, for English-German, the scores corre-
sponding to 26% synthetic markup pairs using LST
are actually scores for 24% synthetic markup pairs
using LST. For English-Russian, the scores corre-
sponding to 26% as well as 15% synthetic markup
pairs using LST are actually scores for 14% syn-
thetic markup pairs using LST.

Comparing different methods, we found that
clean data is almost always better than synthetic
data, and LST is inferior to AST in all directions
except English→French, where LST showed higher
performance even than clean data using 26% of
tagged data. This may be because, for French,
there is a large number of normal tagged sentences
(not tags surrounding the entire sentence). For
English→Dutch, which also has a large number of
normal tagged sentences, the XML-chrF scores are

better than AST using 15% and 2% of tagged data.
However, for language pairs where LST generates
low-quality tagged data, such as English→German,
the final performance is also low. Compared to
LST, AST is more stable where the gap between
Clean data is small (or comparable) for all language
directions. Furthermore, we observed that AST
performed better than Clean using 1% tagged in
English→German and English→Dutch directions,
and the gap with using 26% tagged data is small.
This shows that we can achieve high-quality transfer
learning by AST with a tiny amount of noisy data.

D LLM is not Always Controllable.

LLM-based (to be specific, BLOOM7B1-based)
synthetic data creation is not stable because it does
not always generate output with tags even if we al-
ways prompt the model to do so. In fact, English-
German and English-Russian were especially hard.
For English-German we were unable to generate
more than approximately 24% and for English-
Russian more than approximately 14% sentences
with markup. What’s worse, it simply added tags at
the beginning and the end of one sentence in many
cases. We show examples in Table 3 and statis-
tics in Figure 6, from which we can observe that
for English-Finnish, English-French, and English-
Dutch, a large percentage of the tagged data are not
helpful with tag pairs only at the beginning and the
end. In the future, we will explore larger LLMs such
as Llama-3-70B-Instruct, which may generate more
natural tagged sentence pairs.

Proceedings of the 16th Conference of the Association for Machine Translation in the Americas,

Chicago, USA, September 30 - October 2, 2024. Volume 1: Research Papers



26% 15% 5% 2% 1%
Tagged Data Percentage

55

56

57

58

59

60

61

62

XM
L-

ch
rF

 S
co

re

English to German Translation with Markups
Method

Clean
AST
LST

26% 15% 5% 2% 1%
Tagged Data Percentage

90

92

94

96

98

100

XM
L-

M
at

ch
 S

co
re

English to German Translation with Markups
Method

Clean
AST
LST

26% 15% 5% 2% 1%
Tagged Data Percentage

40

42

44

46

48

50

52

XM
L-

ch
rF

 S
co

re

English to Finnish Translation with Markups
Method

Clean
AST
LST

26% 15% 5% 2% 1%
Tagged Data Percentage

90

92

94

96

98

100

XM
L-

M
at

ch
 S

co
re

English to Finnish Translation with Markups
Method

Clean
AST
LST

26% 15% 5% 2% 1%
Tagged Data Percentage

90

92

94

96

98

100
XM

L-
M

at
ch

 S
co

re

English to French Translation with Markups
Method

Clean
AST
LST

26% 15% 5% 2% 1%
Tagged Data Percentage

55

56

57

58

59

60

61

62

XM
L-

ch
rF

 S
co

re

English to Dutch Translation with Markups
Method

Clean
AST
LST

26% 15% 5% 2% 1%
Tagged Data Percentage

90

92

94

96

98

100

XM
L-

M
at

ch
 S

co
re

English to Dutch Translation with Markups
Method

Clean
AST
LST

Figure 7: Results of IFT using varying percentages of data with markup for all five language pairs. We show
XML-chrF (left column) scores and XML-Match scores (right column) of randomly sampling X percentage
of tagged data from the original data (Clean), and data generated by our AST (with max span of 4) and LST
approaches. X ranges from natural max, that is the tagged data percentage in Clean of 26%, to 15%, 5%,
2% and 1%.

Proceedings of the 16th Conference of the Association for Machine Translation in the Americas,

Chicago, USA, September 30 - October 2, 2024. Volume 1: Research Papers


