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Foreword from the General Chair

As president of the European Association for Machine Translation (EAMT) and General Chair

of the 26th annual conference of EAMT, it is my utmost pleasure to write these opening words

(the last time for me as your president!). Be most welcome to our EAMT 2026!

As usual, the EAMT Executive Committee (EC) has been very busy. Mikel Forcada (trea-

surer) and Sara Szoc (secretary) have been tirelessly supporting all initiatives. Carolina Scarton

and Sara Szoc took great care of our bursaries. Patrick Cadwell, André Martins, Dimitar Shte-

rionov, and Manuel Lardelli were our chairs for the Research Projects. Our very own Mary

Nurminen, chair of the bid proposals for our next events, has been busy selecting our next

venue! EAMT 2027 venue will be disclosed in our closing ceremony at Tilburg!

One of our core initiatives, the best thesis award – Rachel Bawden and Barry Haddow,

chairs of the Best Thesis Award, had a very difficult time selecting a candidate, since the

submissions were of very high quality. Our congratulations to Gabriele Sarti (PhD carried

out at the University of Groningen, currently at Northeastern University), “From Insight to

Impact: Actionable Interpretability for Neural Machine Translation”, supervised by Arianna

Bisazza, Malvina Nissim and Grzegorz Chrupa©la. In addition, the committee judged that the

thesis of David Stap (PhD carried out at the University of Amsterdam, currently at NXAI)

entitled “Analyzing and Improving Cross-lingual Knowledge Transfer for Machine Translation”,

supervised by Christof Monz and Vlad Niculae was “highly commended”.

EAMT has been sponsoring the MT Marathon for several years. We would also like to thank

the University of Helsinki, Jörg Tiedmann, for organizing the 18th MT Marathon. The event

included MT lectures and labs, covering the basics and tutorials; keynote talks from experienced

researchers and practitioners; presentations of research and open source tools related to MT;

and hacking projects to advance tools or research in one week or start new collaborations.

Our EAMT 2026 in Tilburg will have a four-day intense program, put together by our chairs:

Alina Karakanta and Ayla Rigouts Terryn (research: technical track chairs); Manuel Lardelli

and Natalia Resende (research: translators & users track chairs); Elena Murgolo and Janiça

Hackenbuchner (implementations & case studies track chairs); Miguel Esplà-Gomis and Anna

Zaretskaya (products & projects track chairs) and Thierry Etchegoyhen and Dagmar Gromann

(workshop and tutorial chairs). Our deepest gratitude for being our filters of quality! We will

also have a one-day workshops and tutorials event. Join us! So much to discuss.

Our gratitude to our keynote speakers, Rachel Bawden, fellow at PR[AI]RIE-PSAI research

institution, and Antonio Toral, Distinguished Researcher in Machine Translation at Universitat
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d’Alacant, Spain. Thoughtful voices in our MT community covering low-resourced and unseen

languages (Rachel) and alternative translation pipelines that flip the roles, placing the translator

before the machine (Antonio). I am sure that we will have a lot of food for thought with our

outstanding speakers.

EAMT 2026 would not be possible without a fantastic local organizing team! A very en-

ergetic, engaged, proactive, and hard working local organising team! It has been a pleasure

working with you! Our local organizers, Dimitar Shterionov, Eva Vanmassenhove, Mirella de

Sisto, Fred Blain, Javad Pourmostafa, Lisa Lepp and Chiara Manna from Tilburg University,

and Argentina Anna Rescigno from the University of Pisa, did a great job and put a lot of love

in hosting you!

EAMT has been supported by generous sponsors in its initiatives along the years, long time

friends and new ones, to all of you, thank you! This year is again a very exceptional year in

terms of sponsoring activities. Our gratitude to our Platinum sponsor, who will also be giving

a research oral presentation, AppTek. Our golden sponsor – the Sectorplan for the Humanities,

“Humane AI” theme, funded by the Dutch Ministry of Education, Culture and Science. Our

Silver sponsors: BIG Language Solutions, Cohere, Powerling, STAR, Translated, Transperfect,

Tilburg.AI and the CSAI research centre (our sustainability sponsor). To all our Supporter

sponsors: Apertium, Prompsit, Springer Nature (our Supporter sponsor for the Best Paper

award) and Open Press Tilburg University (responsible for the publishing of our proceedings

and booklet). Finally, to our Media sponsors, GALA, MultiLingual and Slator. Your support

is vital in our efforts to give back to our community through grants and other initiatives. To

the University of Tilburg, our sincere thank you!

A special thank you to all our members and community! Without you no effort would

make sense! Let us take this opportunity to create scientific collaboration and give constructive

feedback. To fully enjoy the conference, please check our Code of Conduct. I am looking forward

to seeing you all and celebrating our community gathering!

It is our organisation’s greatest wish to continue giving back to our community and to drive

and be driven by our community’s energy and enthusiasm. Reach out to us if you have new

ideas or suggestions you would like to implement. We will try hard to accomplish it with you.

Learn more about us.

Finally, my thank you for being your President! It has been a pleasure and an honor to

serve this community! I have learned so much, I grew as a person and I have definitely pushed

my boundaries! I wish the very best to our future President and to our beautiful community!

Thank you, EC, for your amazing support along the years! You are definitely a “group of very

nice people”!

Helena Moniz

President of the EAMT

General Chair of EAMT 2026

University of Lisbon, Portugal
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Message from the Organising

Committee

Welcome to Tilburg – the city of Schrobbelèr, Willem II (the football team), Dutch textile,

Tilburgse Kermis (the largest funfair in the Benelux). . . a social and experimental city; the

city of Tilburg University, Schouwburg Concertzaal and MindLabs; the city of EAMT 2026. We

are delighted to host the 26th edition1 of the Annual Conference of the European Association for

Machine Translation which gathers every year researchers, practitioners, students, and industry

professionals from around the world to exchange ideas, present advances, and discuss the future

of machine translation and multilingual language technologies.

Machine translation is evolving at a rapid pace thanks to the remarkable developments in

generative artificial intelligence, foundational and large language models and the advancements

in computing infrastructures, to reach a state where translation technologies are no longer con-

fined to specialized tools. They are embedded across various digital infrastructures, mediating

evergrowing multilingual communication in governmental, medical, commercial or educational

settings. MT and LLM-based language technologies are playing an increasingly prominent role

in everyday life while ethical and responsible deployment remains understudied.

In this context, the 2026 meeting of the European Association for Machine Translation

(EAMT) provides a timely gathering that critically examines the future for MT research, educa-

tion and deployment. It is unique in its interdisciplinary nature, intersecting between computer

science, computational linguistics, translations studies and translation professionals. It thereby

bridges and supports the needed coordinated dialogue across these communities that often op-

erate separately while integration is essential for the coherent, socially responsible development

of multilingual technologies.

The EAMT 2026 conference encompasses a diverse range of contributions, including two

keynote and one industry presentations, 87 publications including research papers, project de-

mos and descriptions, three workshops and three tutorials. Reflecting on theoretical advances,

innovative applications, societal implications and economical insights, these constitute the new

state-of-the-art in Europe and globally.

Presented in a four-day programme (a full day of workshops and tutorials, followed by the

three-day main conference) we hope that these activities foster inspiring discussions, stimulate

1While there is a debate on the edition number and perhaps we should count this as the 27th EAMT conference,

for now we stick to 26 and leave the discussion for the next edition.
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new collaborations, and strengthen connections across academia, industry, and public-sector

organizations. This year we received 184 submissions, spread over 4 tracks and 3 workshops. We

are proud to note that the 133 submissions to the Research – Technical, Research – Translators

and Users, Products and Projects, and Implementation and Case Studies tracks as well as the 7

workshop and tutorial submissions have been a record number for the EAMT conference. This

incremental trend is indicative not only of the rapid evolution of MT and the related fields, but

also of the importance of translation and language technologies in the global scheme of science

and society.

Organizing EAMT 2026 has been a collective effort and wouldn’t have been possible without

the support of our sponsors, who ensured we could provide a top-level experience spread over

two amazing venues, publish our proceedings and disseminate our event; the two venues –

MindLabs (workshops and tutorials) and Schouwburg (main conference), which provided the

facilities to host this conference; the EAMT executive committee for their guidance, and the

CSAI research centre and Tilburg University for the institutional support. Furthermore, we

would like to express our sincere gratitude to the authors, for their work and the reviewers

and programme committee members for their critical assessment; to the track chairs for their

oversight on submissions, reviews and decisions; to the workshop and tutorial organisers for

bringing such interesting and important topics to the scene and to our volunteers for their on-

site assistance. Their dedication and hard work have been instrumental to the EAMT 2026

conference.

We hope that you find the two volumes of the EAMT 2026 proceedings engaging, motivating

and contributory to your work, and that you have a productive, inspiring and memorable

conference.

The EAMT 2026 Organizing Committee

Tilburg, The Netherlands

June 2026
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Preface by the Programme Chairs

Research – Technical Track

The Research-Technical track invited submissions on significant results in any aspect of MT

and related areas, including multilingual technologies. As in previous years, this track proved

the most popular of the four tracks, receiving a total of 55 submissions, higher than previous

years. With five desk rejections, 31 papers were accepted, resulting in an acceptance rate of

56%, slightly above the previous year. Nine of the accepted papers will be presented orally and

the remaining 22 will be presented as posters.

Following current practices in the field, many papers focus on large language models (LLMs)

for translation. A number of contributions address corpora and resources (Dias et al., Ciesió©lka

et al., Hingrajiya et al., Mash et al.) while the largest group of the accepted papers focus on

evaluation (Shterionov et al., Wísniewski and Czudy, Yanishevsky and Norris, Miró Maestre and

Mart́ınez-Murillo, Nishimwe et al., Iakivchuk, Hauhio et al., Dahan et al.), reflecting the field’s

growing emphasis on assessing LLM-based translation quality. On the methodological side, pa-

pers explore prompt engineering (Sánchez-Torrón et al.), retrieval-augmented generation (Zafar

et al., Bouthors et al.), quality estimation (Guttmann et al.), data selection and augmentation

(Aulamo et al., Kalikman et al.), and multi-agent workflows (Shen et al.). Fine-tuning and

domain adaptation remain active areas of inquiry, with work spanning legal (Di Natale et al.,

Lorini et al.), literary (Yirmibeşoğlu Balal and Güngör), e-commerce (Zhang et al.), and oil &

gas (Yang et al.) domains, as well as automatic post-editing (Deoghare et al.). Low-resource

translation continues to attract attention this year (Fishel and Yankovskaya, Qian and Scher-

rer). The programme also features contributions addressing ethical and societal dimensions,

including gender bias (Hackenbuchner et al., Ivanovs et al.) and MT for crisis communication

(Castaldo et al., Moerman et al.).

We would like to give our thanks to all the authors who submitted to the track and to the

67 reviewers, who provided feedback and insightful comments for the submissions received. We

are particularly grateful to the emergency reviewers who agreed to review papers at the last

minute, allowing decision notifications to be sent out on time.
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Research – Translators and Users Track

The Translators and Users Track is dedicated to the human-centric aspects of machine trans-

lation, exploring how translation technologies are applied, experienced, and evaluated by pro-

fessionals and end-users in real-world contexts. This year, the track received a total of 34

submissions. Following six desk rejections and a rigorous review phase, 24 high-quality papers

were accepted, resulting in an acceptance rate of 70.6%. Nine of these will be presented orally,

while the remaining 15 will be featured as poster presentations. Unsurprisingly, a substantial

portion of this year’s program reflects the field’s rapid pivot toward Large Language Models

(LLMs) and generative AI, investigating how these tools reshape workflows through prompt en-

gineering, safety protocols, and domain adaptation (Lai and Li, Pandeiro et al., Rios Gaona et

al.). The track also highlights the widespread adoption of MT beyond traditional localization,

featuring insights into user experiences across parliaments, public sectors, journalism, and social

media (Leal-Wyss et al., Ilkılıç et al., Nurminen and Havumetsä). Furthermore, the intersection

of automation and creativity remains a focal point, with papers exploring the evaluation of lit-

erary and poetic translations (Gerrits et al., Resende and Hadley), multimodal applications like

subtitles (Schlüter et al.), and the evolving realities of post-editing workflows and the transla-

tion profession (van Tellingen et al., Bowker and Rodrigues). Looking at this year’s program,

it is clear that our community is moving far beyond simply asking whether to use machine

translation. The focus has decisively shifted to how we interact with these increasingly capable

systems, navigating prompt languages, safeguarding confidentiality, managing cognitive loads

during post-editing, and preserving human creativity. The 2026 Translators and Users Track

serves as a testament to the resilience and adaptability of language professionals as they shape

the future of human-AI collaboration. We would like to extend our deepest gratitude to all the

authors who submitted their work and shared their valuable insights. We are equally grateful to

our 34 dedicated reviewers, who worked diligently to provide constructive feedback and ensure

a rigorous, fair, and timely review process for all submissions. A special note of appreciation

goes to those who stepped in as emergency reviewers on short notice, whose vital assistance

ensured we could finalize decisions and notify authors without delay.

Implementations and Case Studies Track

This year, the Implementations and Case Studies Track received 16 submissions, of which 9

high-quality papers were accepted. Submissions stem from industry members, practitioners

and academia alike. The topics are multifold with emphasis on information extraction, Large

Language Model (LLM) enhancement, specialised Machine Translation (MT) systems, multi-

modal context, low-resource languages and post editing. Half of the papers will be presented as

oral presentations, half as poster presentations. We expect interesting, fruitful and interactive

sessions. We are grateful for the 22 committed reviewers, who have submitted their work on

time without the need for emergency reviewers. We would like to deeply thank them for their

work to ensure a fair reviewing process.
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Products and Projects Track

For this year’s Products and Projects track, 23 papers were accepted from 26 submissions,

showcasing a rich variety of community-driven projects and products. The program highlights

EAMT-sponsored, European, and regional initiatives, alongside cutting-edge work from top in-

dustry and research institutions. More than just a showcase, this track offers a vital platform

for participants to share their initiatives, gather constructive feedback, and unlock new oppor-

tunities for collaboration and community engagement. We anticipate a lively session, anchored

by our traditional “poster boasters” and dedicated poster presentations. We extend our deepest

thanks to the 33 reviewers who worked diligently under tight deadlines to ensure a rigorous and

fair review process.

Workshops and Tutorials

This year we received three workshop proposals, all of which were accepted. These workshops

are the fourth edition of the Workshop on Gender-Inclusive Translation Technologies (GITT),

the first edition of the Workshop on Teaching AI-based Translation and Technologies (TAITT),

and the first edition of the Workshop on Style in GenAI-Translated Content (StyGenAI). All

three will provide lively forums for the exchange of ideas on highly relevant and recent topics

in the field of (machine) translation, from inclusiveness to style in translation technology. We

also received four tutorial proposals, three of which were accepted. The tutorials cover topics

in line with the typically diverse audience at EAMT, including human evaluation methods of

ever increasing relevance in current research, core translation evaluation methods and tools for

translation freelancers and LSPs, and MT integration into CAT tools for modern translation

practice. The EAMT 2026 workshops and tutorials aim to provide a rich environment for all

participants of the conference, and we would like to thank all organizers, authors, and presenters

for what will certainly be lively and fruitful sessions.
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EAMT 2025 Best Thesis Award

(Anthony C Clarke Award)

Four PhD theses defended in 2025 were received as candidates for the 2025 year edition of the

EAMT Best Thesis Award, all of which were eligible. Four external reviewers were recruited to

examine and score the theses alongside seven EAMT executive committee members. Each thesis

was evaluated according to predefined criteria: how challenging the topic was, how relevant the

results were to the MT field and the strength of its impact in terms of scientific publications.

2025 was yet again a strong year for PhD theses in machine translation, and the decision was

not easy.

All PhD theses were of good quality, focused on interesting topics and were all highly

appreciated by reviewers. A panel of two EAMT Executive Committee members (Barry Haddow

and Rachel Bawden) was assembled to process the reviews and select a winner that was later

ratified by the EAMT executive committee.

We are pleased to announce that the winner of the 2025 edition of the EAMT Best Thesis

Award is Gabriele Sarti (PhD carried out at the University of Groningen, currently at North-

eastern University), “From Insight to Impact: Actionable Interpretability for Neural Machine

Translation”, supervised by Arianna Bisazza, Malvina Nissim and Grzegorz Chrupa©la.

In addition, the committee judged that the thesis of David Stap (PhD carried out at the

University of Amsterdam, currently at NXAI) entitled “Analyzing and Improving Cross-lingual

Knowledge Transfer for Machine Translation”, supervised by Christof Monz and Vlad Niculae

was “highly commended”.

The winner will receive a prize of €500, together with an inscribed certificate. In addition,

Dr. Sarti will present a summary of their thesis at the EAMT 2026 in Tilburg, the Netherlands,

receive complimentary membership to the EAMT in 2027 and will receive a travel bursary of

€200.

Chairs of the Best Thesis Award 2025

Rachel Bawden, Inria, Paris, France

Barry Haddow, Aveni
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Welcome to EAMT 2026

EAMT 2026 is organized in cooperation with Tilburg University (TiU)’s Inclusive and Sustain-

able Machine Translation (ISMT) Research Line led by Dimitar Shterionov with staff members

from the Department of Intelligent Systems (DIS) and the Department of Computational Cog-

nitive Science (DCS) within the Tilburg School of Humanities and Digital Sciences. Check the

website of the ISMT group for more details: https://csai-ismt.github.io

Local Organizers

Dimitar Shterionov Associate Professor, ISMT Group, DIS, TiU
Eva Vanmassenhove Assistant Professor, ISMT Group, DCS, TiU
Mirella De Sisto Assistant Professor, ISMT Group, DCS, TiU
Fred Blain Assistant Professor, ISMT Group, DIS, TiU
Javad Pourmostafa Lecturer, ISMT Group, DIS, TiU
Chiara Manna PhD Student, ISMT Group, DCS, TiU
Lisa Lepp PhD Student, ISMT Group, DIS, TiU
Argentina Anna Rescigno PhD Student, University of Naples
Karin Berkhout Management Coordinator, DCS, TiU
Eva Verschoor-Suitela Management Coordinator, DIS, TiU
Sacha Elzinga Management/Office Assistant, DCS/DIS, TiU
Sarah Blain Management/Office Assistant, DCS/DIS, TiU

Student Volunteers

Luuk van Elewout, Tilburg University; Marie Dewulf, University of Antwerp; Aurora Trapella,

University of Turin and Ghent University; Gül Karabaş, Tilburg University; Xiaoxiao Yang,

Tilburg University; Isabelle van Stiphout, Tilburg University; Ozan Safak Kocak, Tilburg Uni-

versity; Claudia Yanez, Tilburg University; Adelina Violeta Sandu, Tilburg University; Melat

Assefa, Tilburg University; Yuhuan Lee, Tilburg University; Nilsu Tari, Tilburg University;

Mihaela Petrova, Tilburg University; Noa Muste, Tilburg University; Mathis van der Steen,

Tilburg University; Olena Pazyuk, Tilburg University; Zahra Vafadar Nikjoo, Tilburg Univer-

sity; Nityaa Kalra, Tilburg University; Sumbul Syed, Tilburg University; Florence Bellemont,

Leiden University; Rastislav Hronský, Tilburg University; Martijn van Leeuwen, Tilburg Uni-

versity; Maximos Christodoulou, Tilburg University; Alexandros Gkritzelis, Tilburg University
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General Chair

Helena Moniz University of Lisbon / FLUL; INESC-ID, Portugal

Track Chairs

Research – Technical

Alina Karakanta Leiden University
Ayla Rigouts Terryn Université de Montréal / Mila

Research – Translators and Users

Manuel Lardelli University of Padua
Natalia Resende Trinity College Dublin

Implementations and Case Studies

Elena Murgolo Custom.MT
Janiça Hackenbuchner Ghent University

Products and Projects

Anna Zaretskaya TransPerfect
Miquel Esplà-Gomis University of Alicante

Workshops and Tutorials

Thierry Etchegoyhen Vicomtech
Dagmar Gromann University of Vienna
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Keynote and sponsor presentations

Large Language Models and Machine Translation: From Low-
Resource to Unseen Languages

Dr. Rachel Bawden

ALMAnaCH project-team, Inria Paris, France
A fellow at PR[AI]RIE-PSAI research institution

Speaker Bio Dr. Rachel Bawden is a researcher in the ALMAnaCH project-team at Inria
Paris, France. She is a specialist of Machine Translation (MT), having worked on contextual
MT during her PhD at the LIMSI laboratory in France and MT for low-resource languages
in her post-doc at the University of Edinburgh. She is currently working on a range of topics
in MT and multilingual NLP, focusing mainly on language variation, both for historical and
contemporary texts (for example user-generated content, dialectal variation), evaluation and
resource creation. She is currently a fellow in the PR[AI]RIE-PSAI research institution.

Abstract Large language models (LLMs) have been offering new approaches to machine trans-
lation (MT). Much of today’s research involves trying to tease out the underlying knowledge
of the LLMs to improve translation quality, especially in scenarios where standard prompting
does not lead to good results. For many of the world’s low-resource languages, LLMs have not
been the magic solution for translation, with new problems arising such as failure to translate
in the right language and uncontrolled hallucination, and there remain significant challenges.

In this talk, I will be discussing several research directions in low-resource MT with LLMs
that I recently published with colleagues. These include (i) the decomposition of sentences
into simpler components to aid the search for useful few-shot examples, (ii) the creation of
high quality synthetic parallel data for under-resourced languages and finally (iii) the explicit
learning of translation from grammar descriptions, tested with encrypted and therefore unseen
languages.

Flipping the Script: The Case for a Human-Initiated,
AI-Augmented Translation Pipeline

Dr. Antonio Toral

Universitat d’Alacant, Spain
Distinguished Researcher in Machine Translation

Speaker Bio Antonio Toral works as Distinguished Researcher in Machine Translation at
the Universitat d’Alacant. Previously, he was an Associate Professor in Language Technology
at the University of Groningen, where he coordinated the Computational Linguistics research
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group. Prior to that, he served as a postdoctoral researcher and research fellow at Dublin City
University. He completed his PhD studies at the Universitat d’Alacant and the Istituto di
Linguistica Computazionale.

His research interests include the application of machine translation (MT) to literary texts,
MT for under-resourced languages and the computational analysis of translations produced by
machines and humans. He coordinated the Abu-MaTran project, which was flagged by the
European Commission as a success story and won the best paper award at MT Summit 2019
for his work on post-editese.

Abstract Over the last two decades the translation profession has witnessed a dramatic in-
crease in the use of technology. Primary examples include translation memories and machine
translation post-editing (MTPE), whose adoption has been primarily driven by productivity.
However, while MTPE is well-established and widely used, it presents important issues that
affect both translators and the quality of the resulting translations.

In this talk, I will examine the main issues inherent in MTPE and propose an alternative
translation pipeline that flips the roles, placing the translator before the machine. I will argue
that, in such a setting, multi-agent AI can foster more informed translation decisions while
safeguarding the translator’s creative agency.

Finally, I will discuss why I think this approach is particularly suited for creative texts and
peripheral languages, and also why it is not a far-fetched utopia, given current socioeconomic
trends and developments.

Machine Translation in the Context of Subtitling and Dubbing:
Challenges and Solutions

Dr. Evgeny Matusov

Applications Technology (AppTek)

This talk focuses on machine translation (MT) for audiovisual localization, and on subtitling and
dubbing workflows in particular. We discuss practical challenges using examples from AppTek’s
real-life use cases. For dubbing, we examine MT in human-in-the-loop settings, highlighting the
importance of fine-grained control mechanisms such as length constraints, pause transfer, and
gender and formality customization. We also address practical challenges in text normalization
for text-to-speech (TTS), which remain a bottleneck for high-quality synthetic dubbing; here,
we show that MT training methods can be leveraged for this task. In the subtitling domain,
we discuss MT integration with intelligent line segmentation (ILS) and compare large language
model (LLM)-based post-editing with direct translation approaches, arguing for a smart selec-
tion of processing units. We further cover methods for learning from post-editing (PE) data to
continuously improve system performance. Finally, we turn to live speech translation, contrast-
ing traditional cascade systems with end-to-end speech LLMs. Key challenges such as handling
multilingual speech on a single channel, preservation of instruction-following abilities in speech
LLMs, and managing latency-quality trade-offs are analyzed. The talk provides an overview of
current capabilities and open problems, emphasizing the role of controllability, efficiency, and
human feedback in next-generation audiovisual MT systems.
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Tutorials

Tutorial: Integrating Free NMT and LLMs into CAT Tools with
MTUOC

Sergi Alvarez-Vidal and Antoni Oliver

The landscape of machine translation (MT) has evolved dramatically since the advent of neural
MT (NMT), which marked a breakthrough in translation quality and fluency. More recently,
the rise of large language models (LLMs) has reshaped this landscape once again, introducing a
new paradigm that merges translation, adaptation, and post-editing within a unified framework
of multilingual text generation. These advances are expanding the possibilities for translators
and language professionals, offering tools that can be tailored to domain-specific needs and
local workflows. While commercial systems such as DeepL, Google Translate, ChatGPT, or
Gemini dominate public attention, a vibrant ecosystem of free and open-source NMT and
LLM resources has emerged. Projects like OPUS-MT, NLLB, and translation-oriented open
LLMs such as Tower and Salamandra make it increasingly feasible to build and adapt high-
quality MT pipelines for specific languages, domains, or institutional contexts. Yet, integrating
these tools—each with its own dependencies and APIs—into professional computer-assisted
translation (CAT) environments remains a technical challenge.

The MTUOC project addresses this gap by providing a comprehensive open-source frame-
work that simplifies deployment and integration. This hands-on tutorial will guide participants
in building and customizing their own tailored MT ecosystems using fully open and free technolo-
gies. Attendees will learn how to (1) set up the MTUOC-server, (2) deploy leading open models
such as OpusMT and NLLB, (3) integrate translation-specialized LLMs (Tower, Salamandra)
through MTUOC components, and (4) connect all these tools seamlessly within OmegaT, a
widely used open-source CAT platform. By the end of the session, participants will have a
fully operational and reproducible open-source translation workflow capable of combining neu-
ral MT and LLM-based translation within a professional environment. Since both MTUOC and
OmegaT are distributed under the GNU-GPL license, the entire solution remains free, extensi-
ble, and adaptable to the needs of individual translators, research groups, and institutions.

Tutorial on Human Evaluation of Translation and Multilingual
Tasks

Vilém Zouhar, Maike Züfle and Dominik Macháček

Human evaluation is the gold standard for multilingual NLP but is frequently omitted due
to operational complexity. This tutorial demonstrates how to design and execute rigorous
human evaluation campaigns focusing on multilingual tasks (e.g. translation, multilingual, or
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multimodal evaluation), covering the full lifecycle: data selection, protocol selection, setting up
the evaluation campaign, annotator management, and analysis of results. The practical focus
will be on setting up the evaluation campaign with examples, while the theoretical part will
be devoted to modern statistical techniques, such as turning pairwise preferences into absolute
scores, or modelling benchmarking competitions. At the end, participants will have detailed
knowledge of how to design, implement, and run high-quality human evaluation in their scientific
and industry applications.

Translation Evaluation Tools for Everyone: A Hands-On Tutorial
for Freelancers and Small LSPs

Yuri Balashov

Tutorial materials: https://github.com/YuriBalashov/eamt2026-eval-tutorial

Before the tutorial, please complete the quick start steps outlined here: https://github.

com/YuriBalashov/eamt2026-eval-tutorial#quick-start-before-the-tutorial

A half-day hands-on tutorial which introduces automatic translation quality evaluation
methods and tools to an audience that has not traditionally used them: freelance transla-
tors, small language service providers (LSPs), translation project managers, and translation
studies students with little or no programming experience. Evaluation techniques long reserved
for MT research and large-scale industry workflows are now within reach of individual language
professionals, thanks to two converging developments: user-friendly no-code web toolkits such
as MATEO (Vanroy et al., 2023), and modern large language models (LLMs) that can serve
as on-demand coding partners. Building on the emerging concept of Translation Analytics, the
tutorial unfolds in four parts. Part 1 surveys manual and automatic evaluation, from MQM and
direct assessment to BLEU, chrF, TER, COMET, BLEURT, BERTScore, and current develop-
ments (xCOMET, MetricX, LLM-based metrics). Part 2 walks participants through MATEO,
where they run BLEU, chrF, TER, and COMET on multilingual evaluation sets in EN–DE,
EN–RU, EN–JA, or EN–ZH. Part 3 interprets the outputs: score tables, confidence intervals,
and sentence-level COMET in Excel. Part 4 introduces lightweight statistics (means, variance,
p-values; Pearson, Spearman, and Kendall correlations) using Excel and LLM-assisted Python.
All materials are openly available in a GitHub repository.
Vanroy, Bram, Arda Tezcan, and Lieve Macken. 2023. MATEO: MAchine Translation Eval-
uation Online. In Proceedings of the 24th Annual Conference of the European Association for
Machine Translation, pages 499–500, Tampere, Finland. European Association for Machine
Translation.
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Sof́ıa Garćıa González, Inés Quintana Raña, Jorge N. Afonso Cabido, Alberto Hernández
Lado, German Rigau Claramunt and Sheila Castilho. VERA: A Platform for Au-
tomatic and Human Evaluation of Machine Translation . . . . . . . . . . . . . . 13

Valentina Fedchenko, Ka-I Lim and Milan Rusko. Presentation of the Project CLingS:
Cross-lingual information retrieval for scientific datasets in less-resourced languages 15

Yolanda Vazquez-Alvarez, Matthew P. Aylett, Benjamin R. Cowan, Justin Edwards,
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Abstract

The Erasmus+-funded international re-

search consortium LT-LiDER develops a

range of digital training resources which

are grounded in the overarching frame-

works of digital and AI literacy and ori-

ented towards practical application con-

texts in the language and translation indus-

try. These resources can be implemented

on a component basis or as a complete cur-

riculum in higher-education language and

translation classrooms.

1 Introduction

The language and translation (L&T) industry is

currently experiencing another automation cycle

fuelled by general-purpose artificial intelligence

(GPAI) technologies in the form of large language

models (LLMs). Given the wide scope of appli-

cation of these GPAI models, the automation pres-

sure felt in the industry may be higher than in pre-

vious automation cycles. According to L&T in-

dustry surveys, about 50 per cent of language ser-

vice providers (LSPs) are already implementing

GPAI LLMs for achieving efficiency gains or cost

savings and for providing new capabilities or ser-

vice offerings (ELIS Research, 2025). Naturally,

L&T industry stakeholders are required to adapt to

these changes (Rivas-Ginel et al., 2026). However,

retraining and upskilling in terms of AI skills of-

ten remains an item on stakeholders’ to-do lists,

which underscores the need for initiatives foster-

ing the development of translation-oriented digital

and AI literacy (Krüger, 2025).

© 2026 The authors. This article is licensed under a Creative
Commons 4.0 licence, no derivative works, attribution, CC-
BY-ND.

In late 2023, the Erasmus+-funded international

research consortium LT-LiDER (Language and

Translation: Literacy in Digital Environments and

Resources)1 launched such an initiative aimed at

developing digital training resources grounded in

digital and AI literacy and oriented towards the

needs of the digitalised, datafied and increasingly

AI-saturated L&T industry. These resources ad-

dress “the many technical and ethical questions

about use and reuse of data, appropriate and risky

uses of technology, and positive and negative im-

pacts on the many stakeholders in a translation pro-

cess” (Moorkens et al., 2024, 54). This paper pro-

vides an overview of the current outputs produced

by LT-LiDER, which stands in a tradition of re-

lated initiatives such as MultiTraiNMT2, DataL-

itMT3, adaptMLLM4 and UPSKILLS5.

2 Implementations and Outcomes

The current outputs of LT-LiDER are outlined be-

low.

• Interviews: To obtain a multifaceted expert

perspective that could serve as a baseline for

developing the training resources, LT-LiDER

interviewed 29 L&T industry stakeholders,

including in-house and freelance translators

and interpreters, LSP managers, heads of re-

search and academics involved in translator

education. Interviews were conducted in six

different languages and extracts are available

online.6

1https://lt-lider.eu/
2https://www.multitrainmt.eu/
3https://itmk.github.io/

The-DataLitMT-Project/
4https://github.com/adaptNMT
5https://upskillsproject.eu/
6https://lt-lider.eu/interviews-general/
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• Language and Technology Map: Based on

a synthesis of these expert interviews, LT-

LiDER developed a comprehensive Language

and Technology Map7, which identifies tech-

nologies employed in the different phases of

the translation process and maps these to rel-

evant skills and competences (Secară et al.,

2025).

• ProMut is a didactics-focused machine trans-

lation (MT) platform8 for teaching users the

essentials of MT, including managing train-

ing corpus data as well as training, using and

evaluating MT engines. The platform is an

evolution of MultiTraiNMT’s MutNMT plat-

form. ProMut is built on MarianNMT and

provides an interface to the OPUS corpus

collection to facilitate access to MT training

corpora. Evaluation can be performed via

BLEU, chrF3, TER and COMET (Sánchez-

Gijón and Ramı́rez-Sánchez, 2025).

• LT-LiDER book: One of the main outputs of

LT-LiDER is a comprehensive textbook com-

prising 18 chapters on diverse topics such as

data, MT and AI literacy, data management,

basic programming skills, implementing ad-

vanced NMT/LLM tools, speech technology,

best practices for prompting, evaluation and

fine-tuning. Chapters are grounded in rele-

vant theory and current practices in transla-

tion technology and include specific hands-

on exercises. Following an open peer-review

phase, the book is scheduled to be published

in late 2026.

• Hands-on exercises: The hands-on exercises

mentioned above are compiled in a central

GitHub repository.9 This repository provides

an easy overview of all activities, which can

be accessed readily for learning and teaching

translation-oriented digital and AI literacy.

• Training events: LT-LiDER regularly holds

training events to inform interested audiences

about current project activities. For example,

in 2025 LT-LiDER held a “Train the Trainer

Workshop”10 in Vienna and a Translating Eu-

rope Workshop (TEW) in Grenoble. These

will be followed by future TEWs and related

7https://lt-lider.eu/

mapa-de-las-tecnologias-de-la-lengua/
8https://promut.uab.cat/
9https://github.com/LT-LIDER/LT-LIDER
10https://haitrans.univie.ac.at/research/

lt-lider-train-the-trainer-workshop/

events, as well as by the first International

Workshop on Teaching AI-based Translation

and Technologies11 (TAITT) held at EAMT

2026.

3 Finalising LT-LiDER

In its final year, LT-LiDER will focus on publish-

ing the textbook and organising further workshops

and events. Crucially, the project invites critical

stakeholder feedback on its outputs in the spirit of

L&T industry stakeholder collaboration and in or-

der to continually fine-tune its learning resources.
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Abstract

This paper reports on the final stages of the

MaTIAS project. A functional prototype

of the multilingual notification tool was de-

ployed across seven Belgian reception cen-

tres, accompanied by training and support.

Feedback was gathered through interviews

and surveys. Two rounds of machine trans-

lation evaluation revealed considerable dif-

ferences in quality across languages. The

translation quality of Tigrinya in particular

was deemed too low to be usable.

1 Context and project overview

Asylum reception centres typically accommodate

a highly diverse population with a variety of lin-

guistic backgrounds, inevitably yielding commu-

nication barriers. Staff members frequently have

to disseminate time-sensitive information ranging

from administrative appointments and house rules

to maintenance updates and transport disruptions,

but they often face language obstacles. As a result,

residents may misunderstand expectations or miss

essential updates, leading to communication gaps.

To address this issue, a research team at

Ghent University has developed MaTIAS (Ma-

chine Translation to Inform Asylum Seekers), a

multilingual notification tool which enables staff to

send messages via WhatsApp to residents in their

native languages. Designed for one-way commu-

nication, the tool ensures the rapid delivery of sim-

ple informational messages (such as updates about

activities or technical issues) to groups of resi-

dents, while more complex and sensitive interac-

© 2026 The authors. This article is licensed under a Creative
Commons 4.0 licence, no derivative works, attribution, CC-
BY-ND.

tions requiring resident input are handled through

other language support channels.

Messages are composed in Dutch, French or

English via a user-friendly web interface and au-

tomatically translated by ModernMT, customised

with a context-specific translation memory.

The 2023–2025 project has been carried out

in close collaboration with Fedasil, the federal

agency for the reception of asylum seekers in Bel-

gium. It has been co-financed by the European

Commission under the Asylum, Migration and In-

tegration Fund (AMIF 093-133). This contribution

focuses on the final phases of the project: the de-

ployment and evaluation of a functional prototype

in several asylum centres, and the usability of the

automatic translations.

2 Prototype deployment and evaluation

The MaTIAS prototype consists of a web platform

that enables Fedasil staff to translate messages

from Dutch, French, or English into 141 additional

target languages, including several low-resource

languages. The platform supports resident regis-

tration, message composition, and communication

history review through an intuitive interface de-

signed to minimize staff workload. A key feature

is its integration with Fedasil’s database, automat-

ically synchronizing resident data every 24 hours

to eliminate manual updates.

For the evaluation phase, MaTIAS was de-

ployed on Fedasil servers to assess its usability

in a live operational environment. We adopted a

phased rollout strategy across seven reception cen-

ters in Flanders, Brussels, and Wallonia, to ensure

technical stability and manageable user support.

This phased approach integrated demos for each

1These 14 languages were selected by Fedasil based on cur-
rent needs.
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new center added to the test pool, allowing the re-

search team to provide tailored training. The demo

sessions took place between October and Novem-

ber 2025 and were either given on-site or online

via Microsoft Teams. A separate Microsoft Teams

channel per center provided direct feedback and

support, especially for initial technical issues with

server and database connections.

Employee feedback was gathered through on-

line interviews and a Qualtrics survey, involving

13 and 9 participants respectively. Staff mem-

bers rated MaTIAS as user-friendly, highlighting

the ease of resident registration, recipient selec-

tion, and message sending. Additional features

like message reuse and delayed sending were also

well utilized. The tool was primarily used for prac-

tical and organizational communication. Analysis

showed that most translations were into French,

English, Tigrinya, Turkish, Arabic, and Somali.

Feedback from residents, collected by centre staff,

was very positive: most residents found the sys-

tem clear, user-friendly and accessible. However,

analysis of the data revealed that not all registered

residents read the messages.

3 Machine translation quality

The quality and usefulness of the automatically

translated messages were assessed in two evalua-

tions. The first, conducted in May–June 2025, cov-

ered all 14 target languages and involved 28 lan-

guage experts, using 90 messages collected during

the project’s preparatory ethnographic phase. Re-

sults showed substantial variation in quality across

languages, with translations into Tigrinya, Somali,

and Persian remaining suboptimal. For detailed

results, we refer to the publication of Macken et

al. (2025). The second took place in March 2026

and focused on five target languages: Tigrinya,

Arabic, Somali, Pashto, and Persian. For each lan-

guage, a set of 40 actual messages collected during

the test phase was assessed by one language expert.

Although the Arabic, Persian and Somali transla-

tions were acceptable, they sometimes required ef-

fort to understand. The Pashto messages, on the

other hand, were overly formal and poorly aligned

with spoken language. The Tigrinya results were

particularly poor, often losing the core meaning.

4 Discussion and recommendations

The results of the test phase demonstrate the po-

tential of MaTIAS to enhance multilingual com-

munication in reception centres. While the tool has

demonstrated its potential to improve communica-

tion and reduce language barriers, several key con-

siderations must be addressed to ensure successful

integration and scalability: (1) Tools must be em-

bedded in existing workflows to ensure a manage-

able workload for staff. Automating resident regis-

tration via database synchronisation proved essen-

tial for maintaining data consistency and minimis-

ing manual administrative effort. (2) GDPR and

data protection compliance are paramount. Clear

communication regarding data storage and protec-

tion is essential for maintaining trust and uphold-

ing ethical standards when working with vulnera-

ble populations. The paid version of ModernMT

was found to offer sufficient privacy safeguards2,

and staff were explicitly instructed through train-

ing and the user manual never to include personal

data in messages. (3) As the system scales, it is

vital to define clear roles and communication pro-

tocols. Specific guidelines on message frequency

and thematic relevance must be established to pre-

vent information overload and ensure the tool re-

mains effective. (4) While ModernMT provides a

strong baseline, achieving high-quality translation

for certain low-resource languages remains chal-

lenging. Recent research (Moerman et al., 2026)

has explored whether the in-context learning ca-

pabilities of large language models (LLMs) could

offer a solution, though results have been variable.

Of course, the full impact of MaTIAS on effi-

ciency and time savings, and areas for improve-

ment, will only become clear after full implemen-

tation across the entire Fedasil reception network.
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Abstract

The Anglocentric nature of scholarly com-

munication has many implications, such

as limiting publication, discoverability and

access from other language communities

(even for major languages); putting mi-

noritized languages at risk in the aca-

demic domain; and excluding many from

peer review. The OSCAIL project ad-

dresses these challenges by exploring how

machine translation (MT) enhanced by

large language model (LLM)–based tech-

nologies can support access to scientific

knowledge. Outputs will include evalua-

tion datasets, protocols and best practices

for MT in scholarly communication, and

a prototype integration of MT tools into

Open Journal Systems, the world’s most

widely used open-source scholarly pub-

lishing platform.

1 Introduction

The dominance of English in scholarly communi-

cation creates structural barriers to both participa-

tion in research and access to scientific knowledge.

Researchers working in other languages often face

limitations in publishing and disseminating their

work internationally (Amano et al., 2023), while

important research produced in languages other

than English may remain less visible or accessible

(Hannah et al., 2024). This linguistic imbalance

also affects peer review processes and the discov-

erability of scientific outputs, and limits the acces-

sibility of research for non-specialist audiences.

© 2026 The authors. This article is licensed under a Creative
Commons 4.0 licence, no derivative works, attribution, CC-
BY-ND.

MT is already widely used informally by re-

searchers, reviewers, and readers to access sci-

entific content across languages (Fiorini, 2024).

However, the effective and responsible integra-

tion of MT into scholarly communication work-

flows remains insufficiently explored (Ayeni et al.,

2025). Previous studies and initiatives have shown

that MT can help users understand the general

meaning of scientific texts, but challenges remain

regarding terminology, domain-specific accuracy,

and the preservation of meaning in specialised con-

texts (Macken et al., 2024). In addition, ethi-

cal considerations related to transparency, gover-

nance, and the responsible use of artificial intel-

ligence (AI) technologies (Moorkens et al., 2024)

remain central to the adoption of automated trans-

lation tools in scholarly publishing.

The OSCAIL project (Open Science Communi-

cation through AI in EU Languages) aims to ad-

dress these challenges by exploring how advances

in MT and LLMs can support more inclusive mul-

tilingual communication in science. The project

is funded under the CHIST-ERA ERA-NET Call

2025 “Science in Your Own Language”, with

the following funding agencies: Research Ireland,

Swiss National Science Foundation (SNSF), The

Academy of Finland (AKA), French National Re-

search Agency (ANR), Estonian Research Council

(ETAg). OSCAIL will run for 36 months (1 May

2026–30 April 2029) and will bring together an

interdisciplinary and multilingual consortium in-

cluding:

- Dublin City University (Ireland, coordinator)

- OPERAS Research Infrastructure (France)

- Idiap Research Institute (Switzerland)

- Pleias (France)

- University of Ghent (Belgium)

- Université Laval (Canada)
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- University of Tartu (Estonia)

- Federation of Finnish Learned Societies (Fin-

land)

The consortium combines expertise in MT, nat-

ural language processing, LLM fine-tuning, trans-

lation evaluation, scholarly publishing infrastruc-

tures, and research policy.

Central to the project is the investigation of MT

in three practical use cases inspired by real schol-

arly communication workflows. First, the project

will explore the use of MT to support multilin-

gual peer review, enabling reviewers to engage

with manuscripts and author responses in their pre-

ferred working language while allowing authors to

write and respond in the language with which they

are most comfortable. Second, OSCAIL will in-

vestigate how MT can improve the discoverabil-

ity of scientific publications, for example through

the translation of metadata and key descriptive ele-

ments to support multilingual indexing and search.

Third, the project will examine how MT and auto-

matic summarisation can improve the accessibility

of research outputs, including the translation and

plain-language summarisation of scientific articles

for broader audiences.

To support these goals, OSCAIL will gather

domain-specific datasets (still under discussion)

in project languages representing different levels

of technological support according to the Digital

Language Equality framework. These data will

be used to develop, adapt, and evaluate MT sys-

tems, including approaches based on large lan-

guage models, for the translation of scientific texts.

2 OSCAIL Objectives

OSCAIL pursues five main objectives:

Advance MT for scientific content by developing

and benchmarking MT systems adapted to the lin-

guistic and structural characteristics of scholarly

texts.

- Support high-, mid-, and low-resource Euro-

pean languages through domain-adapted models

and evaluation across diverse language pairs.

- Enable multilingual peer review workflows al-

lowing authors and reviewers to work in their pre-

ferred languages without compromising the rigour

of the review process. - Develop evidence-based

evaluation frameworks combining automatic and

human evaluation tailored to different user roles in

scholarly communication.

- Promote responsible and inclusive scholarly AI,

addressing ethical, legal, and governance consid-

erations in the deployment of AI-based translation

technologies.

3 Expected Results

As the project has recently been funded and just

started, results are expected during the implemen-

tation phase. Planned outcomes include the cre-

ation of multilingual evaluation datasets and cor-

pora for scientific MT, reproducible evaluation

protocols and best-practice guidelines for MT de-

ployment in scholarly communication, compara-

tive analyses of MT systems across different schol-

arly use cases, and a prototype integration of MT

functionalities into Open Journal Systems. The

project will also produce ethical guidelines and

recommendations to support responsible AI-driven

translation in scholarly publishing and to promote

more inclusive and multilingual access to scientific

knowledge.

References

Amano, Tatsuya, Valeria Ramı́rez-Castañeda, Vio-
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Abstract

We present AIDA Agents, a multi-agent

translation platform that orchestrates LLM-

based agents—for translation, rating, post-

editing, and re-rating—delivering context-

aware translations without model fine-

tuning. Optional retrieval-augmented gen-

eration (RAG) injects translation memories,

terminology, and style guidelines at every

pipeline stage. On WMT24++ (Deutsch

et al.(2025)) (11 languages), AIDA Agents

outperforms all systems on 10 of 11 pairs.

On an industrial benchmark, 70–98% of

segments are publication-ready without hu-

man post-editing. The platform is deployed

with native XLIFF integration.

1 Introduction

Enterprise localization teams face a persistent trade-

off: NMT engines require expensive fine-tuning

and substantial post-editing, while LLMs show

quality gains but lack workflow integration. Re-

cent research on multi-agent translation systems

(Wang et al.(2025)) demonstrates the potential of

agent-based pipelines but lack production integra-

tion. AIDA Agents bridges this gap by orches-

trating specialized LLM agents in a pipeline with

native XLIFF integration. The platform is currently

deployed internally at DATAmundi to support pro-

duction localization for enterprise clients, offered

as a proprietary service through client engagements,

with potential, public commercial availability in the

upcoming months. This paper describes the system,

deployment configurations, and preliminary eval-

uation on general-purpose, WMT24++ translation

benchmark, and an industrial one.

© 2026 The authors. This article is licensed under a Creative
Commons 4.0 licence, no derivative works, attribution, CC-
BY-ND.

Multi-Agent Orchestration Pipeline

XLIFF
Input

RAG
(Optional)

Translation
Agent(s)

Post-Edit
Agent

Review
Agent

XLIFF
Output

Glossary TM
Style
Guide

context draft edited

Figure 1: AIDA Agents pipeline. Dashed arrows:

context injection via prompt refining and optional

RAG.

2 System Description

Figure 1 illustrates the pipeline. Source con-

tent arrives from the integrated CAT tool; an op-

tional RAG stage retrieves TM matches (via mul-

tilingual embeddings), glossary entries with ap-

proved/forbidden terms, and style instructions—

enabling domain adaptation without fine-tuning.

This context is injected at every pipeline stage, en-

suring consistent application of client requirements.

Up to three parallel translator agents produce can-

didates; an Arbiter/Rater, not represented in fig-

ure 1, enabled when multiple parallel translations

are generated, evaluates each on MQM-inspired

criteria (accuracy, fluency, terminology, style) with

customizable weighted scoring, producing an ex-

plainable quality report, and selects the best one.

A Post-Editor Agent refines it using the report, all

candidates, and guidelines. A second Arbiter/Rater

re-evaluates and produces the final output, returned

to the CAT tool with XLIFF structure preserved.

Three product tiers address different quality-cost

trade-offs: AIDA LLM (3 calls/segment): 1 trans-

lator + 1 post-editor + 1 rater; best quality-cost

balance. AIDA MultiLLM (up to 6 calls): up to

3 parallel translators + rater + post-editor + re-rater;

maximum quality through diversity. AIDA NMT

(3 calls): 1 NMT engine + 1 LLM post-editor +

1 LLM rater; lowest cost, terminology can be in-

jected at the post-editor step. The platform supports

XLIFF format and CAT tool connectors.
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System JA ZH DE FR ES IT IN NO VI SW PT

AIDA MultiLLM 27.9 47.2 31.5 40.4 46.1 43.6 34.8 45.1 37.0 41.5 42.0
AIDA LLM 29.6 41.5 33.7 40.1 44.5 44.1 35.9 45.5 37.1 43.6 41.7
AIDA NMT 30.2 48.1 34.7 38.7 44.8 43.2 36.6 47.1 37.3 42.8 42.6

GPT-4o 25.7 42.8 33.8 39.2 41.3 40.5 33.2 45.1 34.3 44.9 41.6
DeepL 26.3 39.2 33.4 38.2 45.5 42.9 32.5 44.1 – 44.1 41.3
Google Tr. 25.3 41.5 34.5 37.2 43.0 41.5 33.5 43.5 34.9 41.7 42.2
Gemini-1.5-Pro 23.7 45.7 31.8 36.0 39.4 37.7 31.4 40.9 29.7 38.0 39.5
Claude-3.5 23.3 38.6 30.8 37.7 39.0 38.8 31.4 40.5 30.8 41.9 40.6
Microsoft Tr. 22.1 35.8 31.2 31.7 41.2 41.2 30.9 46.1 30.9 42.8 40.9
OpenAI o1 23.6 38.7 31.8 33.3 41.2 36.2 30.0 43.0 31.0 40.9 39.0
Unbabel Tower 23.5 40.6 32.0 37.4 41.3 41.0 – – – – 41.2

∆ AIDA vs. Best +3.9 +2.4 +0.2 +1.2 +0.6 +1.2 +3.1 +1.0 +2.4 –1.3 +0.4

Table 1: WMT24++ BLEU (EN→target). AIDA Agents best on 10/11 languages. No TM/terminology

available. Results for all 16 systems available upon request.

3 Experimental Results

3.1 WMT24++ Benchmark (11 Languages)

Table 1 reports BLEU on WMT24++ (Deutsch

et al.(2025))—960 segments, 4 domains, no

TM/terminology—isolating the multi-agent orches-

tration effect. AIDA Agents achieves the top score

on 10/11 languages (up to +3.9 on Japanese). With

RAG-injected resources, gains are larger (§3.2).

3.2 Industrial Benchmarks

Table 2 reports results on 96 segments per

language (technical IT documentation, full

TM/terminology/style guides, 3 linguists per lan-

guage, blind 5-point scale) previously translated in

a project by a competitor company involving hu-

man professional post-editors. Our goal is to show

preliminary results about the added value of our

automated translation system compared to a full

human-in-the-loop post-editing process.

BLEU Good/Exc. (%)

Lang. MS Comp. AIDA MS Comp. AIDA

JA 24.0 52.8 59.3 12.2 85.7 69.4
ZH 24.9 43.1 45.2 62.2 82.7 77.6
FR 42.2 47.6 48.8 60.2 94.9 90.8
KO 48.1 54.2 56.9 73.4 82.9 81.6
DE 55.1 56.1 57.0 82.7 91.9 98.0
ES 58.5 64.4 65.3 92.9 95.9 94.9

Table 2: Industrial benchmark. MS = Microsoft

NMT; Comp. = commercial system + human post-

editing; AIDA = AIDA MultiLLM (automated).

AIDA MultiLLM achieves the highest BLEU

on all six languages; 70–98% of segments are

publication-ready without human intervention, even

surpassing the human-post-edited competitor for

German (98.0% vs. 91.9%). Even though AIDA

Agents workflow is automated suggesting a poten-

tial 50–70% reduction in post-editing effort, pro-

fessional human post-editing is fully integrable.

The experimental evaluation reported here fo-

cuses on general-purpose translation; an extended

evaluation on terminology-constrained tasks and

a specialized architecture have been presented

in (Di Rosa(2026)).

4 Conclusion

Unlike standalone NMT engines or research multi-

agent systems, AIDA Agents is a deployed orches-

tration platform with native CAT/TMS integration

requiring no fine-tuning. It can incorporate any

NMT or LLM backend and enables immediate de-

ployment on new domains and languages. It con-

sistently outperforms state-of-the-art MT across

11 languages on WMT24++ and delivers 70–98%

publication-ready output on industrial data, even

surpassing human-post-edited baselines for several

language pairs. A live demo can be presented at the

conference.
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Abstract

We present VERA, an easy-to-use plat-

form for machine translation (MT) eval-

uation, combining both automatic metrics

and the Multidimensional Quality Met-

rics (MQM) Core human evaluation frame-

work in a single web environment. It sup-

ports reference-based metrics, multi-user

annotation, corpus export, and PDF reports

with automatic and human evaluation re-

sults, including their correlations.

1 Introduction

The rapid evolution of MT has led to an increas-

ing need for robust and comprehensive evaluation

platforms. While automatic metrics offer scalabil-

ity and efficiency, human evaluation remains the

gold standard for assessing MT quality. However,

existing tools address these approaches separately.

Notable examples include MATEO1 (Vanroy et

al., 2023) which focuses on automatic metrics

via a web interface (BLEU, chrF, TER, COMET,

BERTScore, and BLEURT); MT–LENS2 (Gilabert

et al., 2025) which extends to bias and robust-

ness analysis beyond quality scores, and Pearmut3

(Zouhar and Kocmi, 2026) which is specialised

in human evaluation frameworks such as MQM,

DA, and ESA. This fragmentation results in dis-

connected workflows. In this paper, we present

VERA, a novel evaluation platform that seam-

lessly integrates automatic and human evaluation

© 2026 The authors. This article is licensed under a Creative
Commons 4.0 licence, no derivative works, attribution, CC-
BY-ND.
1Source: https://mateo.ivdnt.org/
2Source: https://github.com/langtech-bsc/m
t-evaluation
3Source: https://github.com/zouharvi/pearmu
t

frameworks within a unified web environment.

Uniquely, VERA further assesses the correlation

between automatic and human evaluation results,

enabling meta-evaluation and deeper analysis of

MT evaluation methodologies. By bridging these

perspectives, VERA provides more holistic and re-

liable evaluations of MT systems, supporting both

research and industry needs.

VERA is being developed through an industrial

PhD collaboration between imaxin, the University

of the Basque Country (EHU), and the ADAPT

Centre as a proprietary internal tool.4

2 Tool Description

VERA is a web-based platform composed of a

Next.js5 frontend and a FastAPI6 backend. It pro-

vides multilingual support through next-intl7 and

integrates with Authentik8 as an external identity

provider, while NextAuth9 manages session han-

dling within the application. This architecture

enables secure authentication and reliable access

control for multiple concurrent users.

Automatic Evaluation MT outputs are eval-

uated using standard reference-based met-

rics—BLEU (Papineni et al., 2002), chrF++

(Popović, 2017), TER (Snover et al., 2006) via

SacreBLEU (Post, 2018)—, and COMET (Rei et

al., 2020). Statistical significance between models

is measured using bootstrap resampling (Koehn,

2004) for each metric.

4Although VERA is an internal tool, it is available via institu-
tional licensing to universities and research groups for a fee.
All the information is available at: https://imaxin.c
om/en/vera
5Source: https://github.com/vercel/next.js/
6Source: https://fastapi.tiangolo.com/
7Source: https://next-intl.dev/
8Source: https://goauthentik.io/
9Source: https://next-auth.js.org/
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Human Evaluation VERA supports multiuser

annotation following the MQM Core framework.10

To make the human evaluation process more effi-

cient, the platform integrates sampling strategies

from Zouhar et al. (2025) to select informative

evaluation subsets. Users can specify the propor-

tion of the corpus to evaluate, after which the plat-

form automatically selects the most representative

segments.

Within the same interface, VERA also allows

the creation and refinement of reference corpora.

Existing references can be directly edited, and

when no references are available, new ones can

be generated either from scratch or by editing MT

outputs.

Results Deployment Evaluation results (both

automatic and human) are accessible directly

within the platform, offering an interactive

overview of MT model performance and met-

ric correlations calculated using Pearson (Pearson,

1896) and Spearman (Spearman, 1904). A com-

prehensive PDF report can also be generated, and

metric scores, reference datasets, and annotated

corpora can be exported in CSV and JSON for-

mats, enabling advanced analysis and seamless in-

tegration with external processing pipelines.

References

Gilabert, Javier Garcı́a, Carlos Escolano, Audrey Mash,
Xixian Liao, and Maite Melero. 2025. MT-LENS:
An all-in-one Toolkit for Better Machine Translation
Evaluation. In Proceedings of the 2025 Conference
of the Nations of the Americas Chapter of the Asso-
ciation for Computational Linguistics: Human Lan-
guage Technologies (System Demonstrations), pages
51–60.

Koehn, Philipp. 2004. Statistical Significance Tests
for Machine Translation Evaluation. In Lin, Dekang
and Dekai Wu, editors, Proceedings of the 2004 Con-
ference on Empirical Methods in Natural Language
Processing, pages 388–395, Barcelona, Spain, July.
Association for Computational Linguistics.

Papineni, Kishore, Salim Roukos, Todd Ward, and Wei-
Jing Zhu. 2002. Bleu: a Method for Automatic
Evaluation of Machine Translation. In Isabelle,
Pierre, Eugene Charniak, and Dekang Lin, editors,
Proceedings of the 40th Annual Meeting of the As-
sociation for Computational Linguistics, pages 311–
318, Philadelphia, Pennsylvania, USA, July. Associ-
ation for Computational Linguistics.

10Source: https://themqm.org/the-mqm-typol
ogy/

Pearson, Karl. 1896. VII. Mathematical Contribu-
tions to the Theory of Evolution.—III. Regression,
Heredity, and Panmixia. Philosophical Transactions
of the Royal Society of London. Series A, Contain-
ing Papers of a Mathematical or Physical Character,
(187):253–318.
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Abstract

This document presents an initial overview

of the CLingS project, currently in its early

development stage. It outlines a collabora-

tive effort to build a cross-lingual informa-

tion retrieval platform for scientific litera-

ture in underrepresented languages. The

project CLingS aims to develop datasets,

tools, and methods to improve multilingual

access to scientific knowledge.

1 Project Overview

Project Title: CLingS: Cross-lingual information

retrieval for scientific datasets in less-resourced

languages Languages.1

Project Reference: ANR-25-CHR4-0003

Project Duration: January 2026 – December

2028

Partners and Funding Agencies:

• National Institute for Oriental Languages

and Civilizations (INALCO). Agence Na-

tional de la Recherche, Paris, France (Project

Coordinator). PI: Valentina Fedchenko

• Institute of Informatics, Slovak Academy

of Sciences. Slovak Academy of Sciences,

Bratislava, Slovakia. PI: Milan Rusko

• Constantine the Philosopher University in

Nitra (non-funded partner). Nitra, Slovakia.

PI: Martin Diweg-Pukanec

© 2026 The authors. This article is licensed under a Creative
Commons 4.0 licence, no derivative works, attribution, CC-
BY-ND.
1https://www.inalco.fr/en/cross-lingual-i

nformation-retrieval-scientific-dataset

s-less-resourced-languages-clings

• National Academy for Educational Re-

search. National Science and Technology

Council, Taipei, Taiwan. PI: Ka-I Lim

Built as a CHIST-ERA ERA-NET consortium

(European coordinated research on long-term ICT

and ICT-based scientific Challenges), the CLingS

project brings together academic partners with

complementary expertise in natural language pro-

cessing, speech and language technologies, lin-

guistics, and educational research.

2 Project Objectives

The CLingS project aims to improve access to sci-

entific knowledge in languages that remain un-

derrepresented in digital infrastructures and natu-

ral language processing tools (Ranathunga and de

Silva, 2022), (Helm et al., 2023). These languages

(to be described in Section 3) present diverse situa-

tions. Some are associated with long-standing sci-

entific traditions and substantial bodies of schol-

arly texts, which, however, remain difficult to ac-

cess in digital form, as Yiddish. Others, such as

Taiwanese, have only a limited amount of scien-

tific literature available today.

In this context, the project not only seeks to im-

prove access to existing resources, but also, where

necessary, to support the development of new ones.

In the case of Taiwanese, one objective is to foster

the creation of scientific content through a combi-

nation of AI-based methods and human expertise.

To address this, the project will explore several

strategies, depending on the language: leveraging

the best available multilingual pretrained language

models (Hedderich et al., 2020); continuing pre-

training on curated scientific corpora (Micallef et

al., 2022); applying data augmentation techniques

(Marivate et al., 2020); and potentially employ-
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ing transfer learning from related, slightly better-

resourced languages within the set (e.g., transfer

from Chinese to Taiwanese for our project; (Tars

et al., 2021), (Heffernan et al., 2022)).

The main objective of CLingS is to develop

a cross-lingual information retrieval platform that

enables users to search scientific literature written

in several moderately resourced languages using

natural-language queries. The system will return

answers grounded in scientific sources and accom-

panied by precise bibliographic references.

To achieve this goal, the project pursues several

complementary objectives. First, it will build and

annotate specialized scientific corpora across mul-

tiple academic domains, including linguistics and

philology, medicine, mathematics, geography, and

law. These corpora will serve as the foundation for

training and evaluating language technology mod-

els.

Second, the project will develop cross-lingual

information retrieval methods capable of identify-

ing relevant documents and passages across lan-

guages. These methods will rely on modern neu-

ral architectures and embedding-based representa-

tions of scientific texts.

Third, CLingS will design terminological align-

ment tools that can automatically identify corre-

spondences between scientific terms across lan-

guages, helping to bridge lexical and conceptual

gaps between different scientific traditions.

Finally, the project will implement a user-

centered evaluation framework involving domain

experts and linguists, who will assess the useful-

ness, accuracy, and usability of the system in real-

istic research scenarios.

3 Project Languages

The CLingS project focuses on seven languages:

Belarusian, Estonian, Punjabi, Slovak, Tâigı́ (Tai-

wanese), Ukrainian, and Yiddish. These languages

differ significantly from a typological perspec-

tive, including their writing systems, morpholog-

ical structures, and the degree to which they are

represented in current language technology mod-

els.

Despite their diversity, they share an important

common characteristic: their use as languages of

scientific communication remains relatively under-

developed. For historical and sociolinguistic rea-

sons, these languages have long existed in environ-

ments dominated by larger scientific languages. In

the case of Punjabi, English has played this dom-

inant role, while in the former Soviet space Rus-

sian historically dominated scientific communica-

tion for languages such as Belarusian, Ukrainian,

and partly Estonian. In Taiwan, the development

of scientific discourse in Taiwanese has been over-

shadowed by the dominance of Mandarin Chinese.

4 Expected results

The main outcome of the CLingS project will be

a platform for cross-lingual exploration of scien-

tific literature, enabling users to access and navi-

gate scientific publications written in multiple lan-

guages that currently remain difficult to search.

Technologically, the project will produce a set

of advanced language technology tools, including

multilingual scientific embeddings, dense retrieval

models adapted to scientific domains, and methods

for cross-lingual terminology alignment. These

tools will facilitate the discovery of relevant docu-

ments and passages even when queries and source

texts are written in different languages.

Another important result will be the creation of

curated and annotated scientific corpora in several

moderately resourced languages.

The project will also generate terminolog-

ical graphs linking scientific concepts across

languages, enabling more precise mapping be-

tween scientific vocabularies and improving cross-

lingual knowledge discovery.

From a practical perspective, CLingS will de-

liver interfaces for multilingual querying and APIs

that can be integrated with existing scientific

databases and research infrastructures. These in-

terfaces will make it possible for researchers, stu-

dents, and educators to access scientific knowledge

beyond the boundaries of a single language.

All datasets, models, and tools developed within

the project will be released under permissive

open-source licenses, ensuring transparency, re-

producibility, and long-term impact. The project

will also contribute to the development of evalua-

tion protocols for multilingual scientific informa-

tion retrieval.

Overall, CLingS aims to demonstrate how mod-

ern artificial intelligence and language technolo-

gies can help diversify access to scientific knowl-

edge, strengthen multilingual scholarship, and

support research communities working in lan-

guages that are currently underrepresented in

global digital infrastructures.
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Abstract

The ARTICULATE project is an ambi-

tious and interdisciplinary initiative funded

by the CHIST-ERA call 2025. Its vision

is to revolutionize science education and

democratize scientific knowledge beyond

academia and English-speaking audiences

through the integration of AI with self-

regulated learning. The aim is to translate

science not just across language but across

language style, to create engaging spoken

digital experiences. We present an intro-

duction to this project, an overview of the

consortium and research approach, and a

number of expected impacts.

1 Introduction

A major barrier to disseminating and democratis-

ing scientific advances is access to languages that

dominate scientific content but also the mismatch

between the formal language of scientists and the

everyday expressions understood by the general

public. The ARTICULATE project aims to trans-

late science, not just across language but across

language style, not just to the written form but to

an engaging spoken form. We have made enor-

mous advances in machine translation (MT), Large

Language Models (LLMs) and Speech technology.

The current challenge for the research community

is to integrate these technologies with other inno-

vative techniques and research to produce engag-

ing and compelling use cases (Aylett and Romeo,

2023). In this project, we regard a text translation

of science material as a starting point. Our chal-

lenge is reframing this material into speech and an

engaging dialog, producing a delightful multilin-

gual solution which can translate science into ev-

eryday language that can be more accessible.

© 2026 The authors. This article is licensed under a Creative
Commons 4.0 licence, no derivative works, attribution, CC-
BY-ND.

Fictive dialogs are an approach where an idea

is communicated by turning it into a conversa-

tion. Previous work has shown that dialogs can

communicate information more effectively and be

more persuasive (Aylett et al., 2024). We aim to

generate interactive fictive dialogue across multi-

ple multi-lingual science texts, in order to make

a concrete contribution to educational services, as

well as to increase engagement from groups who

may be marginalised by background or less main-

stream native languages. Just as Plato used fictive

dialogs to bring to life the work and philosophy

of Socrates, we aim to bring modern science to

life for citizens, undergraduates and postgraduates

across Europe.

2 Project Description

2.1 Duration & Partners

The ARTICULATE project will be completed over

a 24-month period, from March 2026 to 2028. The

Partners involved are the following:

• Heriot-Watt University, Edinburgh, UK
• University College Dublin, Ireland (UCD)
• University of Oulu, Finland

2.2 Approach and Research Method

Our primary goal is to develop ARTICULATE,

a platform that supports Self-Regulated Learning

through the use of an ensemble of Conversational

AI Agents speaking the language of science learn-

ers. We will investigate the use of English, Finnish

and dialectal Finnish. Figure 1 outlines a typical

fictive dialogue scenario with ARTICULATE. Two

Conversational AI agents (Expert and Peer) engage

in a dialogue over a scientific topic, while the hu-

man Learner is actively listening and participating.

The tone and dialect is dynamically adjusted to ac-

commodate for different learning profiles and en-

gagement of the Learner.

Following Vygotsky’s concept of the Zone

of Proximal Development (ZPD) (Vygotsky and

Proceedings of the 26th Annual Conference of the European Association for Machine Translation, Vol. 2, p. 19–20, Tilburg, The Netherlands, June 2026.



Expert Agent
(Target Language)

Learner

Scientific Knowledge
(Source Language)

Figure 1: Typical ARTICULATE fictive dialogue in Finnish. The Expert Agent (translation in English: “Transformer is
based solely on attention mechanisms, abandoning recurrence and convolutions entirely. . . ”) discusses with the Peer Agent
(translation in English: “Wait, I have some unknown words. . . What is recurrence?”) in their target native language about
an input scientific domain, in this case a scientific paper on Natural Language Processing (Vaswani et al., 2017). The Expert
Agent uses more sophisticated language, whereas the Peer Agent uses dialectical language. The Learner (translation in English:
“Hm... I think it’s when the model has to repeat or something...”), who studies the paper, interjects with their view also in the
target language.

Cole, 1978), which suggests that learning must

be facilitated by support that is tailored to the

learner’s current abilities, the interaction with the

Learner is not driven by the AI Expert agent, but

is offered as guidance in the form of a dialogue

with the less knowledgeable Peer agent. The aim is

to create a learning context in which a learner can

co-create scientific knowledge by joining the con-

versation with their own questions, remarks, and

ideas.

2.3 Project Objectives

There are four key project objectives:

1) Enable multilingual and inclusive science learn-

ing through high-quality document-level machine

translation and develop accurate and context-

sensitive translations of scientific materials into

low-resource and dialectal languages (e.g. the

Oulu dialect of Finnish).

2) Create two role-based AI agents (Expert

and Peer) that engage learners in authentic, co-

constructive scientific dialogues by grounding

their responses in translated scientific documents

and adapting language tone and style to suit learn-

ers’ profiles.

3) Implement robust safety mechanisms to prevent

misinformation and harmful content while main-

taining factual scientific accuracy.

4) Build animated, speech-capable avatars that

communicate in the target dialect, integrating ad-

vanced Automatic Speech Recognition (ASR),

Text-to-Speech (TTS), and avatar.

3 Expected Impacts

The expected impacts of the ARTICULATE

project are both educational and technological:

• Enhanced Access to Science Education in

Low-Resource and Dialectal Languages (Ed-

ucational, Societal).

• Empowered, Active Science Learners

through Conversational AI (Educational,

Technological).

• Advancement of Safe and Responsible AI in

Education (Technological).

• Technological Breakthroughs in Multimodal,

Multilingual AI Systems (Technological).

• Cross-Disciplinary Impact and Model for

Collaborative AI Research.
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














     

     

    
     
     
    
    



 

      

   
    
     


     


    

   
    


     

    
    
  
    
   
———————————————————————







 






      
   
     





 
     
’
        
      

 




      
     
      

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    
    
      
    






   scale of the research team’s 
       
      
––




the evaluator’s button click. Additionally, 
      




       
    





 


 
     





 

’     
    
    
    
     ’s 
    
     
      
    

———————————————————————




      


     
   
     


       
      
downloading ‘checkpoints’   
       





    
     

     




      

   


   

  
       







 

     
  

      
–




–


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Abstract 

Domain adaptation remains a major 
challenge for machine translation, par-
ticularly in institutional communica-
tion. This paper presents the MULTI-
TRAD project, which develops Eng-
lish–Spanish parallel corpora for the 
Third Social Sector communication. 
The project integrates three comple-
mentary objectives: (i) the compilation 
of a domain-specific parallel corpus, 
(ii) the analysis of linguistic variation 
across human translation (HT), ma-
chine translation (MT), and post-edited 
(PE) texts using Multidimensional 
Analysis (Biber, 1988), and (iii) the de-
velopment of a domain-adapted neural 
machine translation system. In particu-
lar, the project investigates how differ-
ent translation processes give rise to 
distinct functional profiles, related to 
phenomena such as translationese and 
post-editese. This paper presents the 
project design and initial progress. 

1 Introduction 

Communication within the Third Social Sector 
plays a central role in global public discourse. 
Organizations in this sector regularly produce 
multilingual content aimed at informing the 
public, mobilizing support and documenting 
institutional activities (Tesseur, 2017). Despite 
their importance, these texts remain 

underrepresented in corpus-based studies of 
translation and multilingual communication. In 
the field of machine translation, large-scale 
English–Spanish parallel corpora such as 
Europarl or ParaCrawl have played a central 
role in training neural systems. However, these 
resources mainly reflect general or institutional 
domains and do not adequately capture the 
communicative practices of the Third Social 
Sector, limiting both domain adaptation and 
evaluation in this context. 
The MULTI-TRAD project addresses this gap 
through the development of English–Spanish 
parallel corpora designed to investigate 
linguistic variation across translation modes 
and to support domain-adapted machine 
translation. In addition to its relevance for 
translation studies, the project contributes to 
ongoing efforts in machine translation to move 
beyond purely metric-based evaluation by 
incorporating linguistically informed 
approaches to analyzing MT output. 

2 Project overview 

MULTI-TRAD is a research project funded by 
the Spanish Ministry of Science, Innovation 
and Universities (Grant PID2024-157849OB-
I00) running from 2025 to 2028. The project 
involves a consortium of academic institutions 
and collaborating Third Social Sector 
organizations (e.g., Fundación Abrazando 
Ilusiones, Caritas, and Plataforma del 
Voluntariado en España). 
The project integrates three complementary 
objectives. The first objective is the 
compilation of an English–Spanish parallel 
corpus. Texts are collected in collaboration 

© 2026 The authors. This article is licensed under a Creative 
Commons 4.0 licence, no derivative works, attribution, CC- 
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with Third Social Sector organizations and 
include institutional, advocacy, and web-based 
communication texts (Tesseur, 2017). The 
corpus is designed following a protocol that 
aims to capture a wide range of communicative 
practices within the Third Social Sector. The 
corpus includes texts originally produced in 
both English and Spanish. The dataset is 
designed for Multidimensional Analysis 
(MDA), including aligned human translation 
(HT), machine translation (MT), and post-
edited (PE) versions. The MT texts will be 
generated using the domain-adapted neural 
machine translation system developed within 
the project. The second objective is the 
linguistic characterization of translation 
processes using MDA (Biber, 1988). This 
approach enables the investigation of 
functional variation across HT, MT, and PE 
outputs, including phenomena such as 
translationese and post-editese. The third 
objective is the development of a domain-
adapted neural machine translation system 
tailored to Third Social Sector discourse. The 
system is trained on in-domain parallel data 
compiled from institutional materials using the 
MTUOC framework and the Marian NMT 
toolkit (Junczys-Dowmunt et al., 2018). 

3 Multidimensional Analysis 

The analysis is based on MDA (Biber, 1988), 
a framework grounded in register theory. 
MDA identifies co-occurring linguistic 
features and groups them into functional 
dimensions of variation. The corpus is tagged 
using the Multi-Feature Tagger of English 
(MFTE, Le Foll and Shakir, 2023), an open-
source tool for multivariate analysis of English 
corpora. For the Spanish sub-corpus, we are 
currently evaluating state-of-the-art NLP 
frameworks (such as spaCy) to build a custom 
pipeline capable of extracting the equivalent 
lexico-grammatical features. 

4 Preliminary results 

The project is currently in the corpus 
compilation and preprocessing stage. On the 
one hand, an English–Spanish parallel corpus 
is being compiled for multidimensional 
linguistic analysis, including texts representing 
different domains and their human translations 
(HT). The corpus design follows established 
practices in MDA, with an initial target of 
approximately 25 texts per domain across four 
domains (Tesseur, 2017) and three translation 
modes (HT, MT, and PE), resulting in a 
balanced dataset of around 300 texts. Each text 
contains around 1,000 words to ensure reliable 
analysis. The corresponding MT and PE 
versions will be generated once the domain-
adapted neural machine translation system has 
been trained. On the other hand, in-domain 
parallel data are being collected and curated for 
the training of the neural machine translation 
system. Although both strands rely on data 
from the same domain, the datasets are 
designed for different purposes: the corpus 
used for MDA requires carefully controlled 
and aligned HT, MT, and PE versions, whereas 
the training data consist of a larger and more 
heterogeneous in-domain collection. 
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Abstract

This paper presents PCDT , a web-based

platform for collecting sentence-aligned

parallel corpora through a community-

driven approach to support machine trans-

lation for under-resourced languages. The

tool decentralizes the translation task to the

target community and is subsequently re-

viewed by language experts.

1 Introduction

The purpose of the Parallel Corpus Development

Toolkit (PCDT) is to create a web-based platform

that streamlines the development of multilingual

parallel corpora for machine translation systems,

with Nepali as the primary language. The platform

enables administrators to manage tasks and text

corpora, translators to provide multilingual trans-

lations, and reviewers to verify translation qual-

ity, while also supporting the addition of new lan-

guages for future scalability. There are few sys-

tems (Zanata,1 TEITOK,2 Pootle,3 WebAnno (Yi-

mam et al., 2013)) popular for the translation task.

These are mostly designed for application local-

ization and linguistic annotation, and hence are

not necessarily suitable for sentence-aligned cor-

pus translation. Furthermore, these systems lack

the multiversioning of the edits and recoverability,

which is essential for mass deployment.

The scope of the application is to serve as a cen-

tralized platform for parallel corpus development

in different languages, facilitating the creation of

© 2026 The authors. This article is licensed under a Creative
Commons 4.0 licence, no derivative works, attribution, CC-
BY-ND.
1http://zanata.org/
2http://www.teitok.org/
3https://pootle.translatehouse.org/

Figure 1: Workflow used in Parallel Corpus Development
Toolkit.

high-quality multilingual parallel corpora required

for training a multilingual Neural Machine Trans-

lation (NMT) system, including Nepali, English,

and Tamang, with potential expansion to other lan-

guages. The objective is to support community-

driven parallel corpus development, a promising

strategy for developing corpora in low-resource

languages (Bal et al., 2024).

2 System Overview

PCDT is a web-based application with three main

user roles: 1) Admin: Manages users, uploads text

corpora, assigns tasks, and oversees the corpus de-

velopment process. 2) Translator: Translates the

text/corpus into other specified languages. 3) Re-

viewer: Reviews and validates the translations pro-

vided by translators.

The system manages the structured data, includ-

ing metadata related to corpus files such as domain

or category, source, and timestamps. The overall

workflow of the application has been outlined in

Figure 1.

3 Functionalities

3.1 Admin Features

The admin module supports role-based user man-

agement under a single super admin, enabling ac-

count creation, updates, deletion, password resets,
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and blocking for Translator, Reviewer, and Ad-

min level users. All the actions are logged with

a timestamp, actor, and remarks. Corpus datasets

are uploaded as .txt files (one sentence per line),

auto-assigned unique IDs per sentence and orga-

nized into traceable batches, with full view, update

and delete support, bulk/individual operations, ver-

sioned history, and timeline-based recovery. Ad-

min workflows allow marking data ready for trans-

lation and finalizing reviewed data into the main

corpus. The system supports dynamic language

addition and a dashboard providing metadata, lex-

ical density, per-user performance reports, work-

flow oversight, and progress monitoring.

3.2 Translator Features

There are three types of translators: 1) Crowd,

2) Translator, and 3) Machine. Crowd trans-

lators are registered users who sign up through

the platform and contribute translations voluntar-

ily. Translator users are professional translators

added and managed by the system administrator.

Machine translators represent automated transla-

tion services, such as machine learning models

or online translation APIs, which are used when

available for a language pair (e.g., Nepali ↔ En-

glish).Users can translate each sentence available

in their preferred language, with the preference set

in the translator’s profile. The system supports

tracking work progress, provides reviewer status

on their own translation, and maintains a history

of edits of translations with version numbers. The

edits can be recovered as needed.

3.3 Reviewer Features

Reviewers review the translations provided by

the translators, make corrections if needed while

maintaining the version of edits, allow the option

to skip the review, maintain flags such as “Doubt-

ful”, “Language”, and “Gender”, where the flag

can be dynamic and is maintained in the database

so that group-based reporting can be done, and

track the work progress.

4 Technologies Used

The system is implemented as a client/server web-

based application that can be hosted on a web

server (local or cloud) and accessible via standard

web browsers. We used a modular architecture

with a Python-based (Flask) backend, and a Post-

greSQL database to store corpus sentences, corpus

metadata, translations, and user information.

5 Application Availability and Licensing

The PCDT is developed as part of an effort to

build a machine translation system for the Nepali-

Tamang language (Ghimire et al., 2026). The

source code4 and documentation are available for

research purposes.5

6 Conclusion

The Parallel Corpus Development Toolkit (PCDT)

provides a robust, scalable solution for building

a trilingual (and potentially multilingual) parallel

corpus with Nepali as the primary language. By

supporting batch uploads, dynamic language addi-

tions, and seamless collaboration between Admins,

Translators, and Reviewers, the system will play a

vital role in developing the parallel corpus required

for training high-quality Neural Machine Transla-

tion.
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Abstract

This article describes the research project

aimed at developing a Trilingual Machine

translation System for English, Nepali, and

Tamang language pairs.

1 Introduction

The predominance of English as the primary lan-

guage of digital content creates a significant bar-

rier for speakers of Nepali and minority languages

such as Tamang. This linguistic divide restricts

equitable access to information, knowledge re-

sources, and digital services across sectors, in-

cluding education, governance, healthcare, and

commerce. Machine Translation (MT) provides

a scalable solution to bridge this gap. However,

MT systems for low-resource languages remain

under-developed due to the scarcity of high-quality

parallel corpora. Research on MT for English–

Nepali–Tamang language pairs has been limited.

Early work on English–Nepali MT, including rule-

based (Bista et al., 2005) and lexicon-driven ap-

proaches (Dahal, 2011), showed limited scala-

bility. Subsequent studies comparing Statistical

Machine Translation (SMT) and Neural Machine

Translation (NMT) found that SMT performs bet-

ter for English–Nepali, mainly due to the lack

of sufficient parallel data for training NMT mod-

els (Acharya and Bal, 2018). While some domain-

specific datasets exist for English–Nepali (Poudel

et al., 2024), resources for Nepali–Tamang re-

main scarce. A small parallel corpus of about

15,000 sentence pairs is available (Chaudhary et

al., 2020), and there is currently no parallel cor-

pus for the English–Tamang language pair. This

© 2026 The authors. This article is licensed under a Creative
Commons 4.0 licence, no derivative works, attribution, CC-
BY-ND.

project addresses these challenges by developing

a community-driven trilingual parallel corpus (Bal

et al., 2024) and an extensible MT system for En-

glish, Nepali, and Tamang, with a strong focus on

inclusivity, scalability, and real-world impact.

1.1 Objectives

The key objectives of this research project are:

• Corpus Development Framework: Design

and implement a sustainable, community-

driven mechanism for collecting and vali-

dating parallel corpora for low-resource lan-

guages.

• Community Engagement: Ensure active par-

ticipation of native speakers, translators, and

local stakeholders throughout to promote

ownership and inclusivity.

• Extensible MT System: Develop a scalable

multilingual MT system that is adaptable to

additional languages in Nepal.

1.2 Funding Details

• Project Title: Empowering Information Ac-

cess Rights: Developing a Trilingual Machine

Translation System for English, Nepali, and

Tamang.

• Funding Agency: Google Academic Re-

search Award (GARA) Society-Centered AI

• Award Year: 2024 A.D.

• Partner Institutions: Kathmandu University

and Tribhuvan University

• Principal Investigator: Bal Krishna Bal

• Co-Principal Investigator: Balaram Prasain
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• Contributors: Bipesh Subedi, Jenny Poudel,

Nischal Karki, Prakash Poudyal, Praveen

Acharya, Rishikesh Kumar Sharma, Rupak

Raj Ghimire, Rupak Tiwari.

2 Expected Outcomes

The project is expected to deliver the following:

• Parallel Corpora: Approximately 100,000

sentence pairs for each language pair.

• MT System Framework: A scalable and ex-

tensible multilingual translation system.

• Community Awareness: Increased awareness

of language technologies for preservation and

digital inclusion.

• Adoption and Impact: Enhanced use in lo-

cal and provincial governments, community

schools, and public service delivery.

• Language Preservation: Strengthening the

digital presence of Tamang and other under-

represented languages.

3 Progress and Current Outcomes

MT System: A beta version1 of the system has

been released for community testing.

Dataset and MT models: A large-scale

Nepali–Tamang parallel dataset: (1) NepTam20K,

a corpus of 20,000 sentence pairs translated by

experts, and (2) NepTam80K, a synthetic corpus

of 80,000 sentence pairs.

Both datasets are used to fine-tune state-of-the-

art multilingual MT models (mBART, M2M-100,

and NLLB-200). Among the evaluated models,

the fine-tuned NLLB-200 model outperformed all

other models across metrics in both translation di-

rections for the Tamang–Nepali language pair. De-

tails of the corpus creation pipeline, data compo-

sition, methodology, and experimental evaluation

are presented in (Ghimire et al., 2026).2

4 Next Steps

The next phase of the project will focus on:

• Extending the corpus to the target of 100,000

sentence pairs by June 2026.

1https://tmt.ilprl.ku.edu.np/
2https://github.com/ilprl/NepTam-A-Nepali-Tamang-
Parallel-Corpus-and-Baseline-Machine-Translation-
Experiments

• Enhancing MT system performance through

iterative refinement.

• Promoting adoption through collaboration

with local and provincial governments.

• Increasing community engagement to ensure

sustained usage and impact.
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Abstract

The TELÓ project provides an open-

source framework for automated subtitling

in the performing arts. Integrating state-of-

the-art ASR and NMT, the system enables

bidirectional translation between Catalan,

Spanish, English and French. Designed

for live performances, it provides synchro-

nized captions for multiple devices, en-

hancing cultural internationalization and

accessibility.

1 Project information

• Acronym: TELÓ

• Funding Agency: Generalitat de Catalunya

• Project Reference: PLG002/25/000052

• Duration: 6 months (02/02/2026 – 01/08/2026)

• Lead Institution: UOC

2 Introduction and Motivation

The performing arts in Catalonia represent a con-

solidated industry of high international value.

However, the limited number of Catalan speakers

among visiting populations and newcomers poses

a significant barrier to the full dissemination and

internationalization of theatrical works. While

subtitling technologies have existed for years, they

typically rely on manual synchronization during

live performances and require labor-intensive prior

translation.

TELÓ (Catalan for ”curtain”) leverages state-

of-the-art Artificial Intelligence (AI) to automate

this workflow, providing an open-source tool ac-

cessible to professional companies, small theaters,

and amateur groups alike. The system supports

bidirectional, automated subtitling between Cata-

lan, Spanish, French and English, with an archi-

tecture designed for easy adaptation to additional

language pairs.

© 2026 The authors. This article is licensed under a Creative
Commons 4.0 licence, no derivative works, attribution, CC-
BY-ND.

2.1 Context and Market Potential

The scale of the performing arts sector in Catalo-

nia (787 spaces and 13,647 annual performances)

highlights the language barrier: while non-verbal

shows represent 8.33% of local performances, they

account for 60.59% of international tours. Con-

versely, spoken Catalan performances drop from

60% locally to 12.38% abroad. TELÓ aims to re-

verse this trend by utilizing AI to make spoken-

language drama viable for global audiences.

While Catalan is the primary focus, the sys-

tem’s multi-language capability is driven by im-

mediate industry needs. At the time of writing, the

first real-world implementation is scheduled for a

French-language production to be subtitled simul-

taneously into Catalan and Spanish. Although the

full calendar of performances for the pilot phase is

still being finalized, this initial use case confirms

the necessity of bidirectional support for the se-

lected language pairs.

Beyond traditional theater, the modular archi-

tecture of TELÓ offers significant potential for

adaptation to other live cultural contexts, such

as audiovisual festivals, film screenings with live

Q&A sessions, and international conferences.

These environments share similar synchroniza-

tion and translation challenges, making the TELÓ

framework a versatile solution for the broader cre-

ative and cultural industries.

3 Project Objectives

The primary objective is to develop a AI-based

system distributed under a free license to facilitate:

• Automatic Script Alignment: Synchronizing

original scripts with existing translations.

• Domain-Adapted NMT: Generating high-quality

translations tailored to the literary and dramatic

genre.

• Real-time Subtitling: Delivering titles to projec-

tors, mobile devices, and smart glasses.

• Accessibility: Providing same-language cap-
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tions for the Deaf and Hard of Hearing (DHH)

community.

4 Technical Framework

The project utilizes a robust stack of open-source

technologies and research from the Aina Project

and Grial Research Group:

• Transcriber: Employs speech-to-text models to

process live audio. It can run local models,

such as Whisper (Radford et al., 2023) and the

Catalan-optimized Whisper (Hernández Mena et

al., 2024), or commercial systems via API.

• Synchronizer: This module acts as the sys-

tem’s core, aligning live transcripts with the pre-

existing script and managing subtitle timing. It

is capable of detecting actor improvisations; if a

deviation from the script is identified, it automat-

ically triggers the translator module to process

the spontaneous dialogue in real time.

• Translator: Integrates the MTUOC framework

(Oliver, 2025), supporting NMT and LLMs to

translate both scripts and improvised dialogue.

Future iterations of the project will focus on

training translation systems specifically adapted

to the linguistic registers and nuances of the per-

forming arts.

• Emissor: Aggregates subtitles and generates

web interfaces for broadcasting. Users can ac-

cess independent language streams via any de-

vice (mobile phones, tablets, smart glasses). The

system also supports direct projection onto phys-

ical screens.

This modular architecture facilitates adaptation

to different user needs and viewing conditions.

The system supports defining visual parameters

like font size and color contrast depending on

the device. To address theater policies, the inter-

face includes a ’Theater Mode’ with low-emission

color schemes to minimize light pollution. Tech-

nical efficiency and low latency are ensured by the

system’s ability to run on a local server via a dedi-

cated Wi-Fi intranet, though it can also operate via

standard web services. The use of a local dedi-

cated network not only guarantees sub-second la-

tency but also isolates the system from external

interference, providing a robust environment for

high-stakes live performances where timing is crit-

ical for the dramatic effect.

While the current prototypes use a cascaded

ASR+NMT pipeline to leverage existing language-

specific models, we intend to explore the integra-

tion of these components into a single end-to-end

speech-to-text translation framework in future iter-

ations.

5 Conclusions and future work

The TELÓ project provides an open-source, AI-

driven solution for the performing arts. At the time

of writing, the core architecture is implemented

and preliminary tests have been conducted, with

full-scale pilot trials scheduled for the final stage

(concluding August 2026) to validate the system

in professional settings.

Beyond its technical framework, TELÓ is a vi-

tal resource for cultural accessibility. Upcoming

trials will prioritize feedback from actors, theater

professionals, and the Deaf and Hard of Hearing

(DHH) community to ensure the technology inte-

grates seamlessly into the artistic flow. These in-

sights are essential for refining the ’Theater Mode’,

ensuring the system acts as a non-intrusive bridge

that enhances spectator immersion without dis-

tracting from the performance.

Future efforts will focus on enhancing robust-

ness against acoustic unpredictability and impro-

visations. Designed for long-term evolution, the

platform will be distributed under a GNU-GPL v.3

license on GitHub1 to encourage community con-

tributions. While currently focused on four lan-

guages, the methodology is designed for extrapo-

lation to further language pairs, promoting social

inclusion and the global positioning of local cul-

ture.

References

Hernández Mena, Carlos Daniel, Carme Armen-
tano Oller, Sarah Solito, and Baybars Külebi. 2024.
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Abstract

Direct Assessment (DA) + Criteria is a

translation quality assessment method pro-

posed based on a comprehensive system-

atic literature review on the concepts of

quality in machine translation and transla-

tion studies. In the presented project the

method was tested alongside Multidimen-

sional Quality Metrics (MQM) on the Ger-

man translations by humans, DeepL and

ChatGPT of English non-fiction texts, us-

ing the results of the study as well as the

participants’ answers to further refine the

method.

1 Introduction

Quality assurance is a central component of human

translation (HT) and machine translation (MT).

However, quality is conceptualized differently in

the humanities-based field of Translation Studies

(TS) and the AI-based field of MT: while MT fo-

cuses mostly on developing metrics (increasingly

including concepts put forward by TS scholars,

e.g. evaluation at document level and limitations of

relying on reference translations), TS still focuses

on time-consuming and costly manual evaluation.

The idea of linking the theoretical foundations

of translation studies with the practical quality

frameworks used in MT is not new (Čulo, 2014).

However, previous surveys tend to concentrate on

only one aspect of the field, such as post-editing

(Koponen, 2016) or the perspective of transla-

tion studies (Koby et al., 2014). Additionally, the

Multidimensional Quality Metrics (Lommel et al.,

© 2026 The authors. This article is licensed under a Creative
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2014) proposes a comprehensive catalog of quality

issues that can be used to derive evaluation scores

for translations.

Focusing on bridging the gap between TS and

MT in translation quality assessment (TQA), this

project proposes and tests a unified assessment

method (DA + Criteria) based on the results of a

comprehensive systematic literature review on the

concepts of quality in the two fields.

2 Project Overview

The overall project is a dissertation project at the

University of Vienna comprising a systematic lit-

erature review on human and machine TQA based

on the PRISMA method (Page et al., 2021). This

review consists of 250 publications assessed focus-

ing on both the authors’ background and the main

topics (preliminary results published in Hiebl and

Gromann (2023b; 2023a)) building the basis for

creating a criteria catalog with numerous criteria

for TS and MT with relevant scientific references.

Based on this a unified assessment method is pro-

posed, i.e. DA + Criteria, combining Direct As-

sessment (Graham et al., 2013) with criteria from

the catalog, i.e. in addition to rating a translation

with a slider from 0 to 100, participants can choose

criteria as reason for the rating.

The one-year project of testing the unified

assessment method has been sponsored by the

EAMT Sponsorship of Activities, Students’ Edi-

tion 2025 and concerns the validation of the pro-

posed unified assessment method by asking trans-

lation professionals to perform TQA of human and

machine-translated texts with MQM and DA + Cri-

teria. 12 professional translators have been asked

to assess translation quality with both methods

(each of the methods was used by 6 participants on

each of the texts, i.e. all 12 participants assessed all
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texts). They evaluated 6 parts of English language

texts out of non-fiction books on different topics

(politics, history, and biology) and their officially

published human translations as well as MT out-

put by DeepL and ChatGPT into German and an-

swered questions on both methods. For assessment

with DA + Criteria they could choose up to four

criteria (Accuracy, Fluency, Cultural Context, Ter-

minology). While for MQM the assessment was

only done sentence by sentence, for DA + Criteria

the rating was done both sentence by sentence and

overall for the texts.

3 Results

Table 1 shows the type of translation per text, the

number of segments and the overall assessments

per text and method. For MQM the best-rated text

according to the total number of errors (30) and

the total error points (37.1)1 is biologyA translated

by a human. Whereas this text also received good

results by those participants who used DA + Cri-

teria for its assessment, the best-rated text with

this method was politicsB translated using DeepL.

Both methods indicated that the worst translation

was the one of biologyB by ChatGPT.

4 Conclusions

The main conclusions to be drawn by the partic-

ipants’ answers regarding both methods and the

evaluation of the results are that the slider from 0

to 100 is considered too fine-grained, and having

a criteria catalog to choose from is seen as useful,

but not being able to indicate whether the ticked

criteria had a positive or negative influence was

considered not ideal. Therefore, the method DA +

Criteria will be updated: instead of using just one

set of criteria without specifying whether the influ-

ence is positive or negative, there will be two sets

15 error points for each major error, 0.1 error points for each
minor Fluency/Punctuation error, 1 error point each for all
other minor errors

Info biologyA biologyB historyA historyB politicsA politicsB

translated by HT ChatGPT DeepL pro ChatGPT HT DeepL pro

segments 10 9 7 9 10 10

MQM total errors 30 79 62 51 68 38

MQM total error points 37.1 234.1 200 72.1 161.1 48

DA+Crit mean scale 76.72 64.81 68.14 70.87 76.98 78.27

DA-Crit Doc mean scale 70.50 53.83 57.50 71.17 75.83 79.17

Table 1: Main Results; mean values are per participant

of the same criteria used for indicating the type of

influence, and the slider will be changed to 0 to 10.
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Abstract

We present ACATMT, a compact bilingual

encoder-decoder NMT system for English

and Swedish, designed for professional

computer-assisted translation (CAT) tools.

It runs on-device in ONNX format, under

1 GB of RAM with no GPU needed, and

features real-time post-edit based termi-

nology adaptation. It also supports transla-

tion memory conditioning via decoder pre-

filling. Evaluation on 5,021 technical seg-

ments unseen during training shows signif-

icant improvements in COMET and BLEU

when using glossaries.

1 Introduction

Adapting MT in realtime by updating model

weights after each segment is impractical on av-

erage translator’s hardware. Constrained decoding

and source augmentation still require explicit glos-

sary management from the translator. ACATMT

instead detects terminology changes automatically

from post-edits, storing updated pairs in a glossary

that is automatically applied to subsequent transla-

tions.

2 System Description

2.1 Architecture

ACATMT is an encoder-decoder model initialized

from mT5-base (Xue et al., 2020) with tied em-

beddings. A unigram tokenizer trained on English

and Swedish was used to reduce the vocabulary to

50,000 tokens and the original embeddings were

aligned to the new tokenizer where possible. The

© 2026 The authors. This article is licensed under a Creative
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model was trained on bilingual masked span pre-

diction, then fine-tuned on translations with and

without bilingual term entries. If glossaries are

provided, special tokens signal the start of a term

pair and the start of the target term. In training,

the glossaries were generated from parallel corpora

using the Stanza NLP pipeline’s syntactic parsing

and our own rules to extract noun phrase candi-

dates. Target term candidates were aligned using

LaBSE. To better handle incomplete input from

human’s typing during post-editing, a later train-

ing stage introduced more varied unigram sam-

pling. Glossary extraction uses another special to-

ken. For this task we used a few thousand bilin-

gual texts from which DeepSeek API extracted

term pairs. Translation memories are supported

via decoder prefilling with TM translations pro-

vided as decoder context before generation and

stripped from the displayed output. Exporting and

quantizing in ONNX enabled a faster generation

(tokens/second): 16 with max battery saving, 21

with a balanced setting, 33 with max performance

on battery, and 46 when plugged in. Tested on a

laptop with Intel Core i5-1135G7 (no GPU) and

16 GB RAM.

2.2 Interactive Post-Editing

Our localhost browser demo interface streams out-

put token by token from the on-device Python

server. The translator can click any word mid-

generation to interrupt and request alternatives

from that position, optionally typing the first char-

acters of a desired word to filter suggestions.

Pressing Enter accepts the typed input and the

model regenerates the translation from that point;

while Escape accepts the edit locally without re-

generation, suitable for minor corrections.
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Figure 1: ACATMT interrupted when a user clicks on a
word to rephrase it, types the beginning of an alternative, and
ACATMT suggests completions in a dropdown.

2.3 Implicit Terminology Adaptation

The system’s most distinctive feature operates

without any deliberate user action. After translat-

ing a segment, the model extracts a bilingual glos-

sary from its own output. If the translator post-

edits the translation, the extraction is re-run. By

comparing the two extraction results, the system

detects changes in terminology and saves updated

term pairs into a post-edit-based glossary, which is

separate from any human-curated glossaries. If a

new source text contains any captured term pairs,

the system supplies them to the model. Term ex-

traction is a trained behaviour, which works by

providing both the source and the target to the en-

coder with a dedicated token for glossary genera-

tion.

Figure 2: Source text (yellow) with optional user provided
terms or translation memory, ACATMT output post-edited
by the user (green) and the automatically extracted glossary.
Terms automatically captured into the glossary appear in a
toast notification (red)

3 Evaluation

Glossary usage is automatically evaluated on 5,021

segments from a customer’s reference translation

in medical technology. No human post-editors

were involved. Segments where the source con-

sisted solely of glossary terms were excluded from

the evaluation. The customer data was not seen

during training. We compare four ACATMT con-

ditions against Helsinki-NLP’s opus-mt-en-sv as a

strong bilingual baseline. Terms used in the eval-

uation were derived from the same reference ma-

terial using ACATMT’s glossary extraction mode.

We compare MT without glossary (vanilla), with

the glossary, and with decoder prefilling using

terms, and report the respective COMET (wmt22-

comet-da) and sacreBLEU scores. When terminol-

Condition COMET BLEU

Helsinki opus-mt-en-sv
Vanilla 0.8368 35.68
+ Decoder pref. with terms 0.8436 37.29

ACATMT
Vanilla 0.8195 35.23
+ Glossary mode 0.8719 45.19
+ Glossary & pref. 0.8675 45.96
+ Decoder pref. with terms 0.8733 47.57

Table 1: Mean COMET and BLEU on 5,021 customer seg-
ments.

ogy is provided, ACATMT gains significant im-

provements in BLEU and COMET scores and out-

performs Helsinki using decoder prefilling with

terms.

A formal evaluation of the implicit adaptation

loop, measuring term capture rate and apply rate

across post-edits in real human-facing interactions,

remains as future work.

4 Pricing, licensing, and availability

ACATMT is intended for integration into STAR

Transit, a commercially available CAT tool by

STAR AG. Licensing and pricing are pending; the

codebase is proprietary and cannot be released.

5 Discussion and Future Work

When the user clicks on a word to display alterna-

tives, the system rarely surfaces source-language

suggestions. If the model doesn’t apply the sup-

plied glossary term, the term often appears among

the suggested alternatives.

Some terms are used very infrequently in cus-

tomer texts. Even in the model variants that have

been fine-tuned on specific customer’s data, glos-

sary input can occasionally further help the model.

We think that small, adaptive, privacy-

preserving models represent a compelling

direction for professional post-editing workflows,

and hope ACATMT serves as a useful reference

for the community.
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Abstract

Video-based sign language dictionary

search – in which a user records a sign

to retrieve its translation – has been in-

creasingly studied, yet never deployed in

a large-vocabulary setting. We present

the first such deployment: a fully scalable

video-based search system integrated into

the Flemish Sign Language (VGT) Dictio-

nary, comprising over 11,000 signs. The

system, released on November 28th, 2025,

requires no retraining as new signs are

added, and was validated on data collected

in the wild. It was developed through

an equal partnership between the deaf-led

Flemish Sign Language Centre (VGTC)

and AI researchers from Ghent University,

and shows that closing the gap between

sign language research and community im-

pact is both achievable and essential.

1 The Flemish Sign language dictionary

The Flemish Sign Language (VGT) dictionary

(Brosens, 2022) is the primary lexicographic re-

source for Flemish Sign Language (Link: woor-

denboek.vlaamsegebarentaal.be). Through its con-

tinual development in close collaboration with the

Flemish signing community, it plays a central role

in preserving, documenting, and teaching the lan-

guage, while reflecting its contemporary lexical

and regional diversity. Currently, the VGT dictio-

nary comprises 11,248 unique signs, but this num-

ber is rapidly expanding through several curation

mechanisms that rely on community involvement.

© 2026 The authors. This article is licensed under a Creative
Commons 4.0 licence, no derivative works, attribution, CC-
BY-ND.

The VGT dictionary was among the first to sup-

port a form of sign-to-text search (Vermeerber-

gen and Van Herreweghe, 2018). Initially, users

could search for sign translations using SignWrit-

ing (Sutton, 2022). Later, this was replaced with

a system based on sign parameters, in which users

search by selecting handshape(s) from a list or in-

dicating the articulatory location on a pictogram

of the human body. Similar (or even more exten-

sive) search functionality is also available in sev-

eral other sign language dictionaries.

However, parameter-based approaches fall short

of enabling true sign-to-text search, where a user

performs a sign in front of a camera and retrieves

its relevant Dutch translations. Building a sys-

tem capable of searching through large dictionaries

poses several non-trivial challenges. It must han-

dle any arbitrary sign mapped to a unique gloss,

scale efficiently and robustly to very large vocabu-

laries, and remain flexible enough to accommodate

new entries without requiring retraining. Through

our collaboration, video-based search has been

added alongside existing parameter-based meth-

ods, making the VGT dictionary the first to sup-

port this at such a vocabulary scale. While Van-

dendriessche et al. (2026) detail the co-creation

process that brought initial research results into a

validated application, this paper describes the final

system, which has been publicly available as part

of the VGT dictionary since November 28th, 2025.

Before our addition, the dictionary was used pri-

marily by hearing VGT learners looking up signs

for Dutch words. Video-based search makes the

VGT dictionary truly bidirectional: enabling re-

liable sign-to-text search opens the dictionary to

DHH users as well – particularly those with lower

Dutch proficiency – as it allows them to consult

it in their native language. Beyond expanding the
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user base, this functionality also unlocks new ap-

plications, such as lexical research and the devel-

opment of VGT learner support tools driven by the

DHH community itself. While the full community

impact remains to be seen, realising this function-

ality required concrete technical advances, which

we describe below.

2 Product properties and usage statistics

To ensure frictionless access, we deliberately em-

bedded this functionality into the trusted VGT dic-

tionary rather than branding it as a standalone

product. Technically, our solution is based on

similarity search, using vector representations that

were not specifically tailored to VGT. As a result, it

is not affected by dictionary expansion. Most tech-

nical aspects described in (Vandendriessche, 2026)

are retained in the current implementation. One

key design choice was the privacy-oriented deci-

sion to extract keypoints locally on the user’s de-

vice, ensuring that no personal data is ever trans-

mitted over the internet. In the original imple-

mentation, however, real-time keypoint extraction

using MediaPipe1 introduced frame drops on less

performant hardware, reducing retrieval accuracy.

We therefore reimplemented the recording work-

flow to enforce the processing of all frames, at

the cost of some processing time. Additionally,

in-frame detection of the user’s elbows and shoul-

ders reduces keypoint jitter caused by out-of-frame

body parts. Together, these changes significantly

improved retrieval performance.

Fig. 1 shows steady platform usage since re-

lease. To support long-term monitoring we invite

user-driven labelling: after each query, users can

indicate whether the correct sign appeared among

the retrieved results. Since this feedback is op-

tional, annotated samples remain a minority (at

the time of writing, only 172 labelled queries have

been logged), which limits statistically significant

conclusions. However, we expect that meaningful

evaluation data will accumulate over time.

3 Conclusions and call to action

Bringing research technology to a real-world,

large-vocabulary dictionary required steps that are

rarely reported in academic research – and even

more rarely rewarded by it. Validating perfor-

mance in the wild, adapting to real hardware con-

straints, and iterating based on genuine user be-

1Link: github.com/google-ai-edge/mediapipe

Figure 1: Weekly usage of video based lookup in the VGT
online dictionary since release on Nov. 28th, 2025.

haviour are not linear processes, yet they are es-

sential to ensure that research outcomes actually

reach the communities they are intended to serve.

We argue that the field of sign language technol-

ogy would benefit from more explicitly valuing

these steps, both in how research is conducted and

how it is evaluated. We therefore encourage sign

language technology researchers to engage more

openly with the practical challenges of real-world

deployment, and to treat the gap between labo-

ratory results and genuine community use not as

an implementation detail, but as a research prob-

lem in its own right. In the end, this engage-

ment is what transforms research outcomes into

community-driven products with real short-term

impact (Bragg, 2019) – and what gives co-creation

its meaning beyond a buzzword.
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Abstract

This paper presents the TaMTAS project

(Terminology-Aware Machine Translation

for Accessible Science), a research project

coordinated by the Universitat Oberta de

Catalunya (UOC) to develop an open-

source translation ecosystem for the Life

Sciences. While we provide a general

overview of the project’s organization into

seven Work Packages (WPs) and its col-

laborative consortium, this article focuses

specifically on the work of WP2. Led by

the UOC, this package is responsible for

the parallel corpus compilation for five lan-

guages (English, Spanish, Catalan, Esto-

nian, and Irish), the enhancement of TBX-

Tools for terminology extraction, and the

development of synthetic data augmenta-

tion strategies. These linguistic assets are

essential to power the downstream Large

Reasoning Models (LRMs) and Automatic

Post-Editing (APE) modules, ensuring ter-

minological consistency in highly special-

ized scientific domains.

1 Introduction

The dominance of English in scientific dissemina-

tion creates a significant barrier to knowledge ac-

cess, affecting the ability of researchers, students,

and the general public to access global research,

while also limiting the capacity of researchers to

disseminate their own findings in their native lan-

guages. To address this challenge, the TaMTAS

project emerges as a 36-month initiative (15 De-

cember 2025 – 14 December 2028). Currently in

its initial phase, the work focuses on the founda-

tional data architecture and the functional setup

of WP2 tasks. This collaborative effort is led

by the Universitat Oberta de Catalunya (UOC),

© 2026 The authors. This article is licensed under a Creative
Commons 4.0 licence, no derivative works, attribution, CC-
BY-ND.

acting as project coordinator, in partnership with

the Barcelona Supercomputing Center (BSC), the

University of Surrey (UoS), Dublin City Univer-

sity (DCU), and the University of Tartu (UT).

Focusing on the highly specialized Life Sciences

domain, the project supports five languages with

varying resource availability: English, Spanish,

Catalan, Estonian, and Irish.

Unlike traditional neural machine translation

(NMT) approaches, which often struggle with ter-

minological consistency in long documents, TaM-

TAS introduces a paradigm shift by utilizing

Large Reasoning Models (LRMs). Within this

framework, translation is treated as a multi-step

reasoning task. By leveraging chain-of-thought

prompting, glossary-guided constraints, and self-

correction mechanisms, the system ensures that

specialized terminology is rendered accurately and

consistently throughout entire texts.

2 Architecture and Work Packages

TaMTAS is structured as a comprehensive soft-

ware and data pipeline, transitioning from raw data

acquisition to end-user application. The ecosys-

tem is built through collaborative Work Packages

(WPs):

• WP1 (UOC): Project Management and Coor-

dination. Administrative governance and inter-

partner synergy.

• WP2 (UOC): Corpus compilation, terminology

extraction and data augmentation with terminol-

ogy. Compilation and curation of Life Sciences

corpora and functional enhancement of TBX-

Tools (Oliver and Vàzquez, 2015).

• WP3 (BSC): Terminology-aware MT. Develop-

ment of Large Reasoning Models (LRMs) for

domain-specific translation.

• WP4 (UoS): Terminology-aware Quality Esti-

mation and Automatic Post-Editing. Implemen-

tation of QE and APE modules to ensure termi-

nological integrity.

• WP5 (UT): Post-Translation Text Augmenta-

tion. Content adaptation through simplification
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and explanatory enrichment for diverse audi-

ences.

• WP6 (DCU): Evaluation. End-to-end validation

with real-world stakeholders and scientific part-

ners.

• WP7 (DCU): Dissemination, Outreach and Im-

pact. Management of FAIR-compliant data re-

lease and strategic project communication.

3 WP2: Corpus Compilation,

Terminology Extraction and Data

Augmentation

Work Package 2 (WP2), led by the Universitat

Oberta de Catalunya (UOC), plays a crucial role

in the success of the TaMTAS project. Its main

objective is to create and curate high-quality lin-

guistic resources that are essential for training and

validating terminology-aware machine translation

models. These resources are vital for downstream

components, such as the Large Reasoning Mod-

els (LRMs) and Automatic Post-Editing (APE)

modules, ensuring terminological consistency and

overall quality in highly specialized scientific do-

mains. This work package focuses on three strate-

gic areas:

• Large-scale Corpus Curation: The project in-

volves compiling parallel and comparable cor-

pora within the Life Sciences domain, focusing

on high-quality alignment at the sentence and

paragraph levels. Texts will be gathered from

open-access academic journals, public health

guidelines, and regulatory documents. The cor-

pus will cover various text types, including re-

search papers and medical guidelines, to create

robust training material for the Large Reasoning

Models (LRMs). Regular updates to the corpus

will maintain its relevance and support the evolv-

ing needs of the field.

• Functional Optimization of TBXTools: WP2

will enhance TBXTools (Oliver and Vàzquez,

2015), UOC’s open-source terminology soft-

ware, to significantly improve the efficiency and

accuracy of terminology extraction. The opti-

mized TBXTools will be capable of automati-

cally generating TBX-formatted termbases that

are enriched with both morphological and syn-

tactic metadata, allowing for a deeper under-

standing of the terms within their specific con-

texts. This enhancement will ensure that ter-

minology remains consistent across translations,

particularly in the specialized domain of Life

Sciences. Moreover, the improved TBXTools

will be able to handle complex multi-word ex-

pressions and highly specialized domain-specific

terms, which are common in scientific texts. By

enabling precise extraction and management of

these terms, the system will contribute to higher

accuracy and reliability in translations, ensuring

that the final outputs are both technically correct

and contextually appropriate.

• Innovative Data Augmentation: WP2 intro-

duces a synthetic data augmentation strategy

specifically designed to address the challenge

of rare or out-of-vocabulary (OOV) terms. It

leverages intelligent term substitution techniques

within existing parallel segments of the corpus.

By identifying similar, contextually appropriate

terms from the corpus, the system can generate

new training instances that expand the vocab-

ulary without the need for manual data collec-

tion. This approach will prove particularly use-

ful in low-resource languages such as Estonian

and Irish, where obtaining extensive linguistic

data can be challenging. As a result, the system’s

ability to handle specialized scientific terminol-

ogy will be significantly enhanced.

4 Conclusion

The TaMTAS project represents a significant step

forward in specialized machine translation. By

framing translation as a reasoning task and back-

ing it with the rigorous, high-quality data infras-

tructure developed by the UOC, the project will

deliver a suite of practical products ready for in-

tegration into modern translation workflows. Con-

sistent with our commitment to open science, all

linguistic resources and software developed will

be released under open-source licenses through the

project website and FAIR-compliant repositories.
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


















      “
”  

   

    
    
     


    


 

 
     
     
   
      


     

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
    
     

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

    
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


       
     
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       

   


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   



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

 
      



        


  




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

  

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

       



 

       
      


      


       


      




 







 

“”

      
      

output for similar source segments as an “MT 
fuzzy” without automatically modifying the trans-








 

      




     

       





———————————————————————






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Abstract

Translation 2.0 addresses a critical gap

in accessible, up-to-date educational re-

sources on recent developments in Ma-

chine Translation and Large Language

Models for students of linguistics and

translation. It develops an online mod-

ule with open-access learning materials,

including knowledge clips, a workbook

with incremental exercises to consolidate

conceptual understanding, practical cod-

ing guides, and videos featuring indus-

try professionals. The module aims to

build both subject knowledge and compu-

tational literacy, freeing up contact hours

for deeper engagement and critical discus-

sions on practical, professional and ethical

aspects. Translation 2.0 is funded through

an Educational Innovation grant by the

Faculty of Humanities at Leiden Univer-

sity and ECOLe (Expert Centre for Educa-

tion and Learning) and runs from February

to December 2026.

1 Introduction

Translators and linguists increasingly require train-

ing in language technologies and machine transla-

tion (MT) to meet market demands (ELIS, 2025),

yet accessible educational resources remain scarce.

Academic literature on MT tends to presuppose

a computational background that many linguistics

and translation students lack, creating a significant

gap between available materials and the needs of

this audience. Notable exceptions include the text-

books by Koehn (2020) and Kenny (2022), as well

© 2026 The authors. This article is licensed under a Creative
Commons 4.0 licence, no derivative works, attribution, CC-
BY-ND.
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Figure 1: Structure of the Translation 2.0 module

as collaborative projects such as MultiNMT1 and

LT-LiDER2, which made NMT more approachable

for translators.

The advent of Large Language Models (LLMs)

has further widened this gap. LLMs have funda-

mentally transformed how MT systems are built

and deployed, rendering much of the existing ac-

cessible literature obsolete. This leaves linguis-

tics and translation programmes without adequate

teaching materials on the current state of the field,

and places teachers in a difficult position, as they

are expected to deliver up-to-date instruction on

a rapidly evolving technology while keeping pace

1https://www.multitrainmt.eu/index.php/en/
2https://lt-lider.eu/

Proceedings of the 26th Annual Conference of the European Association for Machine Translation, Vol. 2, p. 41–42, Tilburg, The Netherlands, June 2026.



with those advancements. Compounding the prob-

lem, previous course materials have tended to pri-

oritise declarative content over active learning:

they offer limited incremental exercises to con-

solidate conceptual understanding, little opportu-

nity for students to reason critically about MT im-

plementation, and few practical guides that would

equip them to work with open-source tools.

2 Project objectives

This project aims to develop a set of open-

access learning materials for courses in translation

technology and machine translation, addressed at

students of both linguistics and translation pro-

grammes. The materials are designed to be flex-

ible across curricula and thus intended for BA and

MA students alike. Their goal is not only to convey

subject knowledge, but also to build towards digi-

tal literacy and internalisation of essential compu-

tational principles, e.g. understanding where data

is stored, how to estimate computational require-

ments, and how to structure computational steps

and processes. Rather than relying solely on cloud

services such as Google Colab or Kaggle, students

will also learn to work on local infrastructure and

on high performance computing (HPC) clusters3,

in order to develop foundational skills necessary

for careers as computational linguists or transla-

tion technologists.

The structure of the module is shown in Fig-

ure 1. Each unit will include 2-4 knowledge clips

(5-10 min duration each) covering core topics in

MT and LLMs. All clips will be designed based on

Web Content Accessibility Guidelines (WCAG)4.

A workbook with incremental exercises serves im-

proving conceptual understanding and developing

hands-on procedural knowledge. Alongside these,

step-by-step practical guides will walk students

through the use of open-source tools to train and

use MT systems in the terminal. An example of a

practical coding guide is shown in Figure 2. Lastly,

videos featuring industry professionals will dis-

cuss real-world applications of MT and language

technology, bridging the gap between academic

training and professional practice.

All materials will be housed in a module on an

3For Leiden University, students have access to the HPC AL-
ICE computer cluster for running computationally heavy ex-
periments. We acknowledge this may not be the case with
many other programs.
4https://www.w3.org/WAI/standards-guidelines/wcag/

online e-learning platform (Articulate Rise 3605).

The underlying structure is flexible: as new en-

gines, metrics, and LLM-based features emerge,

individual components can be updated without dis-

rupting the overall structure. Students can work

on the platform independently before class. This

flipped classroom approach aims to free up con-

tact hours for substantive discussion, assignment

review, and individual feedback. The guides and

clips will be piloted iteratively with students dur-

ing development to ensure clarity and usability.

The evaluation of the final module includes feed-

back by students and translator trainers. After

completion, the module will be made publicly

available as open educational resources.

Figure 2: Example taken from the practical guide to inference
with a pre-trained LLM on the University HPC Cluster.
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Abstract 

Access to the primary labor market for people with 
cognitive impairments is hampered by barriers, 
notably the lack of workplace information in Easy 
Language (EL). Producing such texts is time- and 
cost-intensive and requires specialized translators. 
Project STARK-LS (Strengthening participation in 
the primary labor market through AI-generated 
Easy Language) addresses this gap by using an AI-
translation tool to translate workplace materials 
into EL and integrating the approach into 
internships for people with cognitive impairments. 
An interdisciplinary team conducts mixed-
methods evaluations by testing the EL translations 
for applicability, comprehensibility, and 
acceptance using lab-based eye-tracking and 
questionnaire studies, qualitative interviews with 
interns with cognitive impairments and experts for 
EL, and a quantitative survey with company 
representatives. The findings will inform best-
practice recommendations for companies and 
rehabilitation agencies.   The project advances 
scientific understanding of the perceived 
usefulness and potential barriers of EL in 
organizational contexts, while evaluating AI’s 
influence on the diffusion of high-quality EL texts 
in companies. 

1 Introduction 

STARK-LS aims to strengthen participation (and 
acceptance) of people with cognitive impairments 
in the primary labor market through workplace 
internships investigating the role of providing AI-
supported and post-edited Easy Language (EL) 
texts in authentic inclusive employment settings.  

Existing projects highlight both the potential 
and the gaps: iDEM (Saggion et al., 2024) 
develops AI for accessibility but does not account 
for German. TOP.KI (2025) uses Plain Language 
instead of EL. Findings from the LeiSA project 
(Bock, 2019) show that EL texts often do not 
adhere to guidelines, have limited practical 
application, and are rarely used by companies. 
STARK-LS addresses these gaps.  

The project is funded by the German Federal 
Ministry of Labour and Social Affairs. 

2 Project Timeline and Partners  

The STARK-LS project consists of four phases 
running from 2025 to 2029. First, internships for 
people with cognitive impairments are organized 
by the Institute for Learning and Innovation in 
Networks (ILIN) at Karlsruhe University of 
Applied Sciences (HKA) in collaboration with the 
District Administration of Germersheim, 
employers, rehabilitation stakeholders, and 
sheltered workshops. Second, relevant workplace 
materials are translated into EL using SUMM AI’s 
translation tool and post-edited by the Tra&Co 
Center at Mainz University to ensure compliance 
with EL standards and comprehensibility. Third, 
the internships are accompanied by qualitative and 
quantitative research conducted by ILIN and 
Tra&Co investigating the organizational use of EL, 
the role of AI-supported accessibility, and the 
readability and comprehensibility of AI-generated 
and post-edited EL. Finally, the project develops 
practical guidelines, actionable models, and 
market analyses to support inclusive workplace 
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communication and participation in the primary 
labor market. 

3 Project Objectives 

STARK-LS pursues a set of objectives aimed at 
advancing inclusive labor market participation 
through AI-supported EL.  

EL translations will be empirically evaluated 
for their applicability, comprehensibility, and user 
acceptance. We thereby seek to assess the potential 
of AI-powered translation tools to assist inclusion 
processes. Furthermore, both interns and 
employers will be accompanied throughout the 
internship phase to document and analyze their 
experiences, challenges, and learning outcomes. 
Based on these findings, we will develop 
actionable models and practical guidelines for 
companies, rehabilitation providers, and other 
stakeholders in the long term. These guidelines aim 
to support the integration of EL into workplace 
communication and identify strategies for 
overcoming organizational acceptance barriers. 

4 Planned Methods of Evaluation 

To achieve the objectives mentioned above, we are 
planning several methods of evaluation, such as 
structured interviews with both the interns and the 
employers following the completion of the 
internships. Additionally, a quantitative study 
involving more employers is planned to identify 
barriers to disseminating workplace information in 
EL and evaluate the perceived usefulness of AI-
supported EL. An error annotation of the output 
following the guidelines of the DIN SPEC 33429 
(2025) to evaluate the quality of AI-generated vs. 
post-edited texts is in progress. In terms of the 
technical effort required to ensure high quality, a 
study will be conducted using keystroke logging to 
compare the post-editing of AI-generated EL with 
human translations.  

Furthermore, studies will be conducted 
investigating the usability of EL texts in workplace 
scenarios involving participants with cognitive 
impairments. Adopting a mixed methods 
approach, data collection includes technologies 
such as eye-tracking and augmented reality 
applications, alongside interviews, comprehension 
tasks, and questionnaires. The studies address 
readability, comprehensibility, usability, and user 

experience, as well as the acceptability of AI-
generated compared to postedited EL texts.  

Results are pending, as the internships are still 
ongoing, and some are yet to be planned and 
organized. 
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Abstract

Prompsit is launching an updated API and

CLI for its open-source, planet-friendly

machine translation services. Operating on

a freemium model, the tools offer free lim-

ited access alongside tiered pricing for ad-

vanced features like MT evaluation, qual-

ity estimation, corpus scoring, and multi-

lingual dataset annotation.

1 A classical MT service in 2026?

While large language models (LLMs) offer

impressive linguistic nuance, traditional neural

machine translation (NMT) remains the proven

backbone for professional workflows. NMT is

significantly faster —often outperforming LLMs

by a large margin— and utilises a transparent,

character-based pricing model. By removing

the token overhead associated with prompting,

NMT provides a more stable and cost-effective

solution for both small and large-scale projects.

This efficient approach inspires Prompsit’s trans-

lation services, offering significant sustainability

advantages by using purpose-built NMT engines

that require a fraction of the computational power

and energy needed by general-purpose LLMs.

Alongside lean open-source NMT models built

from well-curated corpora provided by OPUS

(github.com/Helsinki-NLP/Opus-MT)

and Mozilla (github.com/mozilla/

firefox-translations-models), we

provide high-quality Apertium machine transla-

tion (apertium.org) and AltLang language

variety converters (altlang.net), offering

© 2026 The authors. This article is licensed under a Creative
Commons 4.0 licence, no derivative works, attribution, CC-
BY-ND.

the stable, predictable behaviour of rule-based

systems (RBMT) that are even faster and more

energy-efficient. Furthermore, we comple-

ment these translation engines with automatic

evaluation and annotation services.

2 Services available

Translation We offer high-performance NMT

and RBMT specializing in low-resource languages

and regional variants to ensure contextually accu-

rate output. The API supports text snippet and

document translation across a wide range of lan-

guages and formats, including robust tag handling,

optional quality estimation and leverage from a hi-

erarchy of user’s translation memories.

Evaluation Our tools measure translation qual-

ity using industry-standard automated metrics, al-

lowing users to audit engines by analysing parallel

corpora and model performance. This helps main-

tain professional standards and linguistic consis-

tency across supported language pairs.

Scoring Parallel segments can be scored for

translation likelihood using Prompsit’s widely-

adopted Bicleaner multilingual models (github.

com/bitextor/bicleaner-ai). These

scores are used to identify and filter low-quality

translations, to help select higher-quality parallel

data for model fine-tuning.

Annotation The API provides sophisticated data

processing to deduplicate, label, and score mul-

tilingual datasets. Documents are enriched with

language identification, personally identifiable in-

formation (PII) and adult content flagging, encod-

ing fixes, and quality scores. This metadata en-

richment is essential for top document selection in

model refinement tasks.
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3 The API and CLI

Access to Prompsit’s API is via an access token

available to registered users. Here’s a curl request

to translate a short string:

To translate a file, one would use a similar call

which would return the URLs needed to check sta-

tus and to download the result file. Currently cus-

tomers can directly invoke the API from their in-

ternal tools and platforms with simple integration

steps, or use the CLI described below. Prompsit

plans to offer new CAT connectors to implement

the translation services offered in the new API.

The CLI provides easier API access for hu-

man users but may also be used to eas-

ily script complex translation- related tasks.

For instance, the command for the transla-

tion query inside the CLI above would simply

be translate "Hello world" -s "en"

-t "es". From outside the CLI, a script

could send prompsit translate "Hello

world" -s "en" -t "es" and capture the

result for further processing. The CLI is available

under the Apache 2.0 licence at github.com/

Prompsit/prompsit-cli for our customers

to install locally. The underlying engines and most

models are also open-source.

4 A bit of technological detail

Built as a REST application on top of Python 3.13

and FastAPI (fastapi.tiangolo.com),

our API utilizes a microservice architec-

ture to orchestrate 12 containerised mod-

ules that power several translation engines

such as Apertium, AltLang, and CTranslate2

(github.com/opennmt/ctranslate2).

An 8-step pipeline manages tag extraction,

5-level caching, and neural word alignment

while a specialized formatting stack (Do-

cling, Okapi, and Tikal) handles over 25

binary and text formats. MetricX (github.

com/google-research/metricx) and

COMET (unbabel.github.io/COMET)

GPU-based estimation are used to ensure

quality while Bicleaner-AI and Monotextor

(github.com/bitextor/monotextor)

provide respectively advanced parallel (sentence

pairs) and monolingual corpus (documents) scor-

ing and annotation. Asynchronous job progress

is streamed in real-time via server-sent events, all

accessible through an open-source CLI.

5 A summary of features

Energy efficiency: quantized NMT engines and

microservices save GPU and power usage.

Data privacy: in-memory processing ensures

no data storage or use for model training.

Latency: intelligent caching allows for mil-

lisecond responses and real-time document

progress via streaming.

Language coverage: a selection of NMT and

RBMT engines for 17 major and 3 low-resource

languages (ca, gl, nn), 11 language varieties for 5

of them (such as fr-CA and fr-FR) in 52 language

pairs as of May 2026.

Format support: tag-aware translation for 30

different formats, including Office, PDF, and lo-

calization file formats (such as TMX or PO).

Transparency: transparent commands for us-

age and health monitoring.

6 Use via an AI agent

The CLI repository includes machine-readable

skill descriptions that enable most popular AI cod-

ing assistants to assist the human user to interact

with the CLI programmatically to perform trans-

lation, evaluation, scoring, annotation, and initial

setup. Skills are bundled with the CLI package and

deployed automatically on first launch. This inte-

gration is a thin interface layer: the AI assistant

interprets user intent and invokes CLI commands.

The computational cost of translation services is

the same regardless of whether the request origi-

nates from a human or an AI assistant.

7 Access and pricing

Visit prompsit.com/en/contact for free

API access. A secret key will be sent to your

email. Install the CLI with npm install -g

prompsit-cli and authenticate with the pro-

vided login, or using your Google address. We of-

fer a freemium pricing model, mostly free (with

limits) for MT and paid for additional services.
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Abstract

This paper presents the Multilingual, Mul-

ticultural, and Multimodal Medical Lan-

guage Processing (4MLP) Project, funded

through a competitive call of the Univer-

sity of Naples ”L’Orientale” (Italy).

1 Introduction

Multilingual, Multicultural, and Multimodal Med-

ical Language Processing1 (4MLP) is a project

started in December 2025 and funded through

a competitive call of the University of Naples

”L’Orientale” (Italy) under the University Re-

search Projects funding scheme (PRA 2025). In

addition to the principal investigator (PI), the team

consists of one full professor and three doctoral

students.

Although the project does not involve a formal

consortium, external partners will be engaged

through framework agreements. Among those, a

recent agreement has been established with Senaso

srl, a local social enterprise that provides support

to immigrants, including medical escort services.

4MLP advances linguistic research and language

technologies in healthcare by developing multi-

lingual, multicultural, and multimodal resources,

alongside specialized medical language models. It

aims to improve healthcare communication by en-

hancing patients’ access to, understanding of, and

engagement with medical information and treat-

ments, ultimately supporting more efficient and

patient-centered care.

© 2026 The authors. This article is licensed under a Creative
Commons 4.0 licence, no derivative works, attribution, CC-
BY-ND
1https://www.unior.it/en/node/3574

https://sites.google.com/view/

4mlp-project/home

Effective communication is crucial for successful

treatment outcomes, yet misunderstandings, medi-

cal jargon, and fragmented information often cre-

ate barriers. Moreover, as cultural and linguistic

factors critically shape doctor–patient communi-

cation (Schouten and Meeuwesen, 2006), includ-

ing differences in explanatory models of health and

illness, cultural values, patient preferences regard-

ing doctor–patient relationships, racism and per-

ceptual biases, and linguistic barriers, medical lan-

guage processing requires approaches that account

for multilingual, multicultural, and multimodal di-

mensions.

Several studies have explored the use of Natural

Language Processing (NLP) and large language

models (LLMs) to improve healthcare communi-

cation, medical information retrieval, and patient

comprehension. Reddy (2023) proposed a frame-

work for assessing the translational value of LLMs

in healthcare, while Sakakini et al. (2020) investi-

gated context-aware simplification of health mate-

rials in low-resource settings. Other works focused

on specialized medical resources and models, such

as LeMe-PT (Simões and Gamallo, 2021), Chat-

Doctor (Li et al., 2023), and PharmMT (Li et al.,

2020), aimed respectively at improving medical

language understanding, medical advice genera-

tion, and the simplification of prescription instruc-

tions.

2 Objectives and Methodology

Building on previous research by the PI and co-

authors, including studies on the use of LLMs

as virtual assistants for patients in the context

of drug administration (Giordano and di Buono,

2024), 4MLP develops responsible NLP-based ap-

proaches which combine symbolic knowledge and

neural methods to provide clear, reliable, and ac-
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cessible healthcare communication.

In line with current research in the field, 4MLP

leverages language models for medical informa-

tion retrieval and text simplification, and is struc-

tured around a four-step workflow: (i) develop-

ment of domain-specific enriched and linked re-

sources, integrating cultural and multilingual di-

mensions to ensure interpretability and cultural

grounding; (ii) subsymbolic modeling including

adaptation and fine-tuning of language models and

integration of multimodal data for robust represen-

tation and flexible processing; (iii) neurosymbolic

integration to combine symbolic transparency with

subsymbolic adaptability; (iv) evaluation and ap-

plication to test developed tools in different health-

care communication scenarios, including iterative

refinement of models and resources.

3 Preliminary Results

The project is currently in its initial phase, and

the results presented here represent a first step in

its development. The research initially focuses

on Italian and will progressively extend to mul-

tilingual and multimodal settings involving lan-

guages spoken by migrant communities. Particu-

lar attention is devoted to contexts in which insti-

tutional languages (e.g., French or Portuguese) co-

exist with widely used vehicular languages such as

Wolof (Minerba, 2021) or Portuguese Creole.

A first outcome of the project is the Italian Med-

ical Term Simplification (I-MTS) resource, com-

prising 1,356 Italian term–simplification pairs en-

riched with semantic and lexical information (di

Buono, 2026). Future work will expand both the

linguistic coverage and the range of medical docu-

ments considered, including heterogeneous health-

care materials and multilingual resources, with

the aim of supporting AI-assisted translation into

lower-resourced languages and accessible multi-

lingual healthcare applications.
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The project addresses key ethical considerations,

with particular focus on fairness and the mitigation
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through rigorous evaluation, careful data curation,
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domain experts supports the prevention of inappro-

priate outputs and unintended outcomes.
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Abstract

This paper introduces Ouvia, a research

project to assess user-perceived usability

and reliability of modern speech trans-

lation tools in En→Pt scenarios. The

project centers on a user study in which we

simulate real-life daily interactions by re-

cruiting crowdworkers online from differ-

ent sociodemographic groups. We collect

their spoken requests and self-assessments

about quality, satisfaction, and reliability.

Here, we describe the project’s motiva-

tion and objectives, the study design, and

the expected outcomes we will provide to

speech translation practitioners.

1 Introduction

While machine translation is consolidating its pop-

ularity among laypeople, scholarly accounts have

advocated rethinking a new way to evaluate this

technology—one centered on people, their com-

munication needs, and real-world use contexts

(Savoldi et al., 2025; Carpuat et al., 2025).

This project investigates whether modern AI-

based speech translation systems can meet peo-

ple’s communication needs across diverse real-

life scenarios. It centers on an online user study

and data collection that mimics a one-to-one in-

teraction: a person starts a conversation with a re-

quest in English, and an AI-based system trans-

lates it for a Portuguese listener. The project’s goal

is to measure success along two axes. First, we

center the evaluation on user-perceived aspects—

“I trust the AI translation to convey my message”

© 2026 The authors. This article is licensed under a Creative
Commons 4.0 licence, no derivative works, attribution, CC-
BY-ND.
*Correspondence to giuseppe.attanasio@lx.it.pt.

or “I would use this AI translation in a real-world

situation” are two of the statements we ask partici-

pants to rate their level of agreement with. Second,

we replicate the study over different demographic

groups, stratifying our speakers on first language

(native English or not), gender, and ethnic group.

This dimension aligns with recent calls for AI-

enabled speech technologies to be equitable across

different demographics (Attanasio et al., 2024).

Objectives. This project has three main objec-

tives. We will (O1) establish whether current

speech translation AIs provide outputs that end

users would be willing to rely on in real-world

En→Pt scenarios, (O2) measure the extent to

which language variants and demographic factors

affect user-perceived reliability, and (O3) assess

whether current translation quality metrics capture

such user-centered perceptions.

We will compile all collected data, including

speaker recordings, annotations, and self-reported

assessments, in a new speech recognition and

translation benchmark. We plan to recruit partic-

ipants (speakers) from three language groups (na-

tive and non-native English), three broad ethnic

groups, and three gender identities. We will release

all artifacts (data, annotations, code) in a GDPR-

compliant bundle, licensed under CC BY 4.0.

Funding Agency and Partners. The project is

a joint effort from Instituto de Telecomunicações

(IT; leading), Instituto Superior Técnico (IST),

Fondazione Bruno Kessler, Carnegie Mellon Uni-

versity, and the University of Maryland. The du-

ration is 12 months, starting May 2025. Funds

for the entire data collection are provided by the

European Association for Machine Translation,

awarded through the 2025 EAMT Sponsorship of

Activities call. IT provides computational and lo-

gistic support. The user study obtained ethical ap-
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proval from IST’s Ethics Committee.

2 Study Design

We conduct a four-stage online study to mimic a

one-to-one exchange in which an English speaker

interacts with a Portuguese receiver, with the

speaker’s voice translated by an AI.

Round 1. The speaker reads aloud and records a

passage we provide them with. This conversation

starter is 40-60 words long and contains key infor-

mation, such as named entities or quantities, that

a system should translate correctly. An example

is “Hi, I’ve had a persistent rash on my arms and

torso for five days. [...]” Round 2. We translate

the speaker’s recording automatically and provide

the receiver with the outcome. Then, we ask the

receiver to reply to a set of questions grounded in

the original passage, e.g., “For how many days has

the person had symptoms?” This approach bor-

rows from QA-based machine translation evalua-

tion protocols. Round 3. We recruit a third par-

ticipant, who speaks both English and Portuguese

fluently, to validate the translation in two ways:

A scalar quality score and a binary judgment of

which question was answered correctly by the re-

ceiver. We use several heuristics to check these as-

sessments. Round 4. The initial speaker receives

the validation outcome and answers a qualitative

survey designed to capture self-assessed satisfac-

tion, effectiveness, and reliability.

3 Preliminary Results and Conclusions

At the time of writing, our main outcomes are (i)

a set of conversation starters and associated ques-

tions used in Rounds 1 and 2, (ii) a web-based plat-

form to handle data collection and user participa-

tion, and (iii) data from 1200+ interactions.

We compiled (i) with healthcare-related and

mundane (e.g., traveling) interactions to cover

both high- and low-stakes scenarios, sourcing most

starters from existing dialogue benchmarks. To in-

crease linguistic coverage, we developed an AI-

assisted pipeline in which we first prompt a flag-

ship language model to generate synthetic starters,

then manually validate and apply heuristics to

quality-check them. All participants interacted

through a custom-developed web app (ii), which

streamlines users and recordings management and

admin tooling. We recruited all crowdworkers

through prolific.com. We collected scripted

recordings from more than 100 US residents who

self-identified as female or male and as white or

black/African American (self-declared attributes),

totaling (iii) 1,240 unique interactions (speaker

recordings, receiver answers, validator quality as-

sessments, and speaker final self-assessment).

Our data, platform, and cross-demographic find-

ings will help identify blind spots in current speech

translation systems and inform future development

priorities. They will foster research across speech

and demographic groups, laying the groundwork

for focused inquiries into fairness and equity, as

well as studies on how automatic metrics relate to

user-defined reception and usability.
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Abstract

The CRITICS project addresses science

accessibility and literacy through the con-

vergence of advanced Machine Translation

(MT) based on Large Language Models

(LLMs) and educational technology. By

leveraging MT systems specifically opti-

mized for scientific content, educational

institutions can provide accurate, cultur-

ally relevant translations of scientific ma-

terials in students’ native languages, en-

suring that complex scientific concepts are

comprehensible while maintaining techni-

cal accuracy. Novel research on MT for

scientific documents aims to break down

language barriers in accessing cutting-

edge research and educational materials

currently only available in high-resourced

languages, thereby facilitating the democ-

ratization of scientific knowledge.

1 Introduction

CRITICS is a three-year CHIST-ERA IV Cofund

2025 project funded within the topic “Science in

your own language”1. This call addresses the

translation of scientific knowledge to bridge lin-

guistic and cultural gaps for those who must dis-

seminate and access scientific knowledge beyond

their linguistic scope.

The project is coordinated by the HiTZ Center

from the University of the Basque Country EHU2,

funded by MICIU/AEI /10.13039/501100011033

© 2026 The authors. This article is licensed under a Creative
Commons 4.0 licence, no derivative works, attribution, CC-
BY-ND.
1https://www.chistera.eu/projects-call-2025
2https://hitz.eus

and by the European Union (PCI2025-167239-

2). In addition to HiTZ, the EHU team in-

cludes researchers from the Department of Math-

ematics, Experimental and Social Sciences Edu-

cation. The consortium is also formed by the

CNRS/Université Côte d’Azur in France (grant no

ANR-25-CHR4-0002-02), Vytautas Magnus Uni-

versity (VMU) (funded by the Research Council of

Lithuania, agreement No. S-CHIST-ERA-26-1),

and the ZHAW Center for Artificial Intelligence in

Switzerland (grant no. 20CH-1 238349).

The accessibility to scientific content in our own

languages through advanced MT naturally con-

nects to the automated generation of science ed-

ucation materials, where LLMs can be applied to

synthesize and adapt complex scientific concepts

into level-appropriate and pedagogically sound re-

sources. Thus, CRITICS will develop and adapt

LLMs to facilitate the generation of customized

science education materials (Méheut and Psillos,

2004). CRITICS will mostly follow recent science

education research focused on Design-Based Re-

search (Ruiz-González et al., 2025) and consider

education materials to specify the driving prob-

lem/questions, the learning objectives focused on

competency acquisition, the scientific practices in-

cluding scientific argumentation and critical think-

ing, and the activities to be made by the science

students. The availability of machine-translated

scientific knowledge will be crucial to investigat-

ing and developing LLMs for the automatic gen-

eration of appropriate education materials in the

students’ native languages that relate to local stu-

dents’ experiences (Ruiz-González et al., 2025).

2 Objectives and Work Plan

Although CRITICS’ vision applies across disci-

plines, the project focuses on two areas: (i) nat-
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ural sciences (biology, chemistry, and physics)

and (ii) Artificial Intelligence. The former is key

to competency-based assessments, while the lat-

ter poses specific translation challenges due to the

continuous introduction of new terminology that

may lack established equivalents in less-resourced

languages (Kleidermacher and Zou, 2026; Zhang

et al., 2024). CRITICS will target a diverse spec-

trum of languages, namely, Basque (agglutinative

language isolate), Lithuanian (East Baltic, inflec-

tional), German (West Germanic, inflectional), and

French (Romance, synthetic-fusional).

Objective 1. LLM-based Machine Translation

of Scientific Documents: Focused on developing

and adapting open-weight LLMs for high-quality,

document-level MT of scientific texts, particularly

in low- and medium-resource language pairs (e.g.,

English–Lithuanian/Basque/French/German).

Objective 2. Argumentation serves as a funda-

mental mechanism in scientific discourse, facilitat-

ing the process of reaching conclusions and facil-

itating science literacy and critical thinking. This

objective will focus on training LLMs to recognize

evidence-based argumentation and identify falla-

cies and scientific misconceptions.

Objective 3. Automatic Assessment and Criti-

cal Thinking: Rather than merely identifying gaps

in the scientific discourse, automatic assessment

will also involve the generation of Critical Ques-

tions and Detailed Feedback in competency-based

assessment settings (PISA style - Programme for

International Student Assessment) where cross-

linguistic comparability is essential.

Objective 4. Evaluation: qualitatively evaluate

the generation of critical questions and automatic

assessment feedback using LLMs in a way that

can be compared with human-generated judgments

(Calvo Figueras and Agerri, 2025).

3 Future Work

LLM-based Translation of Scientific Docu-

ments: Terminology-aware prompting and term

injection have received growing attention as key

techniques for addressing an open challenge in

domain-specific MT: terminological inconsistency

(Sabo et al., 2024; Kim et al., 2024). This is crit-

ical in scholarly translation, where inaccurate ter-

minology can distort meaning or undermine aca-

demic precision (Kleidermacher and Zou, 2026).

It should be noted that less-resourced languages

have received limited attention in LLM-based MT

research (Kapočiūtė-Dzikienė et al., 2025).

The use of LLM-based evaluation for text gen-

eration tasks related to MT and Critical Questions

and Feedback generation in the scientific domain

remains an open research problem (Calvo Figueras

and Agerri, 2025). CRITICS will provide new

LLM-based evaluation methods specifically tai-

lored to the relevant features of translating MT of

scientific documents and to the science teaching-

related criteria of the automatically generated Crit-

ical Questions and Assessment/Feedback.
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Abstract

This study evaluates an AI post-editing

(AIPE) system in a professional transla-

tion setting, covering translation from En-

glish into ten target languages across five

domains. We evaluate the system us-

ing automatic metrics on 71,262 produc-

tion segments and human evaluation on a

stratified sample of 6,618 segments (ap-

proximately 600 segments per target lan-

guage) assessed by 60 professional transla-

tors. AIPE refines machine translation out-

put using a secure publicly available LLM,

retrieving language-specific style guides

and high-quality bilingual examples to

guide edits. We compare it with direct

LLM translation (LLMT), Google Trans-

late, and DeepL. The two AIPE configu-

rations evaluated consistently outperform

the generic translation baselines in terms

of quality. LLMT does not match this qual-

ity, though it may suit less quality-sensitive

domains. We observe how AIPE’s gains

vary according to pre-translation type, with

fuzzy translation memory matches over-

represented among severe errors, and dis-

cuss deployment implications.

1 Introduction

The adoption of large language models (LLMs)

in professional translation workflows has acceler-

ated rapidly, raising practical questions for lan-

guage service providers (LSPs) about where and

how to deploy them. Two distinct paradigms have

© 2026 The authors. This article is licensed under a Creative
Commons 4.0 licence, no derivative works, attribution, CC-
BY-ND.

emerged: AI post-editing, where an LLM refines

the output of an existing MT engine, and LLM-

based direct translation, where the LLM translates

from source without a pre-translation step. Both

approaches promise quality improvements over

generic neural MT, but independent, production-

scale evidence comparing them is scarce. Most

published evaluations focus on research-grade

datasets or assess single language pairs and do-

mains (Raunak et al., 2023), but industry de-

ployments involve a far messier reality: hetero-

geneous content types and language pairs, mixed

pre-translation input types (translation memory

matches, generic MT, custom MT), and stringent

business constraints on cost and turnaround. This

paper reports on an evaluation designed to answer

three questions: 1. Does AIPE deliver measur-

able quality improvements over generic MT base-

lines alone? 2. Is LLM-based direct translation a

quality-equivalent and cheaper alternative to MT +

AIPE? 3. How does pre-translation quality mod-

erate AIPE’s gains? A methodological note is

needed. AIPE and direct LLM translation use ad-

ditional resources, such as high-quality bilingual

examples and style guides, while Google Trans-

late and DeepL were not trained with glossaries

or translation memories for this experiment. AIPE

also has access to a pre-translation, which it refines

rather than generating text from scratch. This dif-

ference is intentional and reflects real production

conditions. As a result, the quality differences we

observe come from the full process, including the

initial translation, the model, the prompting strat-

egy and the additional resources.

2 Background and Related Work

Post-editing MT output is well-established as a

productivity measure in professional translation

Proceedings of the 26th Annual Conference of the European Association for Machine Translation, Vol. 2, p. 55–61, Tilburg, The Netherlands, June 2026.



(Koponen, 2016). The advent of LLMs has

prompted researchers to explore their use both

as post-editors and as direct translators. Jiao et

al. (2023) show that LLMs can achieve compet-

itive translation quality on standard benchmarks.

Moslem et al. (2023) demonstrate that LLMs can

effectively adapt MT output when provided with

in-context bilingual examples, closely analogous

to the Translation Pairs mechanism used in our

AIPE solution. Their findings on single language

pairs motivated our investigation of whether this

approach scales across ten target languages and di-

verse professional content types. Our study com-

plements this prior work with production-scale ev-

idence grounded in real client workflows with het-

erogeneous input types. We calculate automatic

metrics on the 71,262-segment dataset, and hu-

man annotation of a stratified 6,618-segment sub-

set (around 600 per language) by 60 professional

translators using rankings and the DQF-MQM

framework (Lommel et al., 2014). Lommel et al.

(2014b) demonstrate its reliability across annota-

tor profiles, supporting our use of both internal and

external specialist linguists.

3 Systems

3.1 AIPE

AIPE is an LLM-based post-editing system that

takes existing translations and improves them.

The LLM receives the source and pre-translated

text together with relevant context retrieved via

a retrieval-augmented generation (RAG) strategy.

This context includes human-reviewed bilingual

segments (referred to as Translation Pairs through-

out this paper) and language-specific style rules,

which guide the LLM to correct errors, adjust ter-

minology, and align the output with the expected

tone and brand voice. AIPE targets MT out-

puts and fuzzy translation memory (TM) matches,

skipping Exact and ICE (Internal Context Exact)1

matches to preserve pre-approved content. The

system respects inline tags and file structure, while

also storing detailed metadata and post-editing re-

sults for tracking, analysis, and continuous im-

provement. Typically, this feature is used in con-

junction with other technologies under the OPAL

1An ICE match is a 100% match where the preceding and
the following segments that are in the TM are the same as
the previous and next segment in the translation. Since the
segment matched as well as the segments before and after that
match are identical to the earlier translation, the translation
quality has already been verified.

Enable product offering (Nunziatini et al., 2025),

such as customized MT and AI Quality Estima-

tion, to maximise its efficiency. Two AIPE con-

figurations were evaluated:

• Generic MT + AIPE: using Google Translate

output as the pre-translation, and

• Production AIPE: follows a typical real-life

production setup in which we leverage TM(s)

down to 75% fuzzy matches first, and then ap-

ply MT (generic or customized, depending on

the use case) on the rest of the content. Then,

AIPE is applied to all the segments, skipping

exact and ICE matches. In more detail, pre-

translation input types are distributed as fol-

lows:

– MT segments (generic or customized):

45%

– fuzzy TM matches equal or above 75%:

19%

– ICE segments: 19%

– exact TM matches: 17%

In both cases, Translation Pairs were retrieved

where available.

3.2 LLMT

LLMT uses the same secure publicly available

LLM, but translates directly from source, without

any MT pre-translation. It receives the same style

guides and Translation Pairs as AIPE. This con-

figuration is cheaper and faster to operate since it

eliminates the cost of an MT pre-translation step,

and was hypothesized to approximate AIPE qual-

ity at lower cost.

3.3 Baseline MT Engines

Google Translate and DeepL served as generic MT

baselines, translating directly from source with

no content-specific resources such as glossaries,

translation memories or style guides.

4 Experimental Setup

4.1 Automatic Scoring

The first part of the experiment is an automatic

scoring exercise. In this exercise we compare, seg-

ment by segment, the translations generated by the

different systems mentioned above against the gold

standard (reference) human translation. The au-

tomatic evaluation dataset comprised 71,262 seg-

ments (553,518 words) spanning:
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Table 1: Number of segments per target language and domain

Target Language Prod/Serv Product Marketing Support Med. Dev. Total %

fr-FR (French) 3,668 749 1,873 1,245 228 7,763 10.89%

es-ES (Spanish) 3,668 749 1,873 1,245 228 7,763 10.89%

de-DE (German) 3,668 749 1,873 1,245 228 7,763 10.89%

zh-CN (Chinese) 3,668 749 1,873 1,245 228 7,763 10.89%

ja-JP (Japanese) 3,668 749 1,873 1,245 228 7,763 10.89%

pt-BR (Portuguese) 3,668 749 1,873 1,245 228 7,763 10.89%

ko-KR (Korean) 3,668 749 1,873 1,245 228 7,763 10.89%

it-IT (Italian) 3,668 749 1,873 1,245 228 7,763 10.89%

ru-RU (Russian) 846 749 1,873 881 228 4,577 6.42%

tr-TR (Turkish) 850 749 1,873 881 228 4,581 6.43%

Total 31,040 7,490 18,730 11,722 2,280 71,262 100%

% 43.56% 10.51% 26.28% 16.45% 3.20%

• 10 target target languages: en-US into fr-FR,

es-ES, de-DE, zh-CN, ja-JP, pt-BR, ko-KR,

it-IT, ru-RU, tr-TR

• 5 domains: Product/Service (44%), Prod-

uct (11%), Marketing (26%), Support (17%),

Medical Devices (3%)

Table 1 shows the distribution of segments across

target languages and domains for the full auto-

matic evaluation dataset.

4.2 Human Evaluation

A stratified sample of approximately 600 source

segments per language (equivalent to 6,618 total

source segments) was selected for human eval-

uation across the same accounts and target lan-

guages, with slightly smaller samples for ru-RU

and tr-TR, reflecting their lower volume of transla-

tion requests across accounts. Five system outputs

(Generic MT + AIPE, Production AIPE, LLMT,

Google Translate, and DeepL) were assessed per

segment by three professional translators per lan-

guage, for a total of 60 annotators (30 specialist

linguists for medical device content and 30 for the

rest of the domain). The evaluation was conducted

blindly and with system order randomized. Anno-

tators performed two tasks:

• Error annotation using DQF-MQM, cover-

ing Accuracy, Fluency, Terminology, Style,

Design, Verity and Locale Convention error

types, each rated as Neutral, Minor, Major, or

Critical.

• Preference ranking into three positions (Rank

1 = best, Rank 3 = worst), with ties permit-

ted. Annotators could assign multiple sys-

tems to the same rank position, and no rank

position was mandatory, meaning that if all

outputs were deemed of average or insuffi-

cient quality, they could leave the Rank 1 po-

sition empty.

Linguists were provided with glossaries, style

guides, and TMs as a reference if available.

5 Results

5.1 Automatic Metrics

We report edit distance (HTER-style, computed

against human post-edits), ChrF (Popović, 2015),

BLEU, and COMET (Rei et al., 2020).

System HTER↓ ChrF↑ BLEU↑ COMET↑

Generic MT+AIPE 0.12 82.90 66.70 0.92

Production AIPE 0.11 82.96 70.02 0.92

Google Translate 0.21 66.57 42.10 0.89

LLMT 0.20 68.96 46.56 0.89

DeepL 0.22 64.96 41.29 0.88

Automatic metrics consistently rank the two

AIPE-based configurations above all other sys-

tems, with Production AIPE achieving the low-

est HTER (0.11) and highest chrF (82.96), BLEU

(70.02), and COMET (0.92), followed closely by

Generic MT+AIPE, while LLMT offers marginal

gains over the Google Translate baseline and

DeepL performs comparably to it. To validate

whether these automatic metric differences reflect

genuine translation quality gaps as perceived by

expert translators, we conducted human evalua-

tions.
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5.2 System Ranking

Human rankings were consistent across all aggre-

gation methods (total counts, fractional tie-aware

scoring, majority vote, unanimous vote). The or-

der from best to worst was: Generic MT + AIPE

> Production AIPE > Google Translate ≈ LLMT

> DeepL.

Table 2: Row-normalized rank distribution by system

System Rank 1 Rank 2 Rank 3

Generic MT + AIPE 57% 29% 14%

Production AIPE 47% 30% 23%

Google Translate 44% 34% 22%

LLMT 41% 32% 26%

DeepL 38% 33% 29%

As shown in Table 2, Generic MT + AIPE

received Rank 1 in 57% of all its annotations,

Production AIPE received 47% and DeepL 38%,

which makes a 19-percentage-point gap between

strongest and weakest. This ranking held across

the individual target languages and domains. Mi-

nor variation occurred in the relative positions of

LLMT and Google Translate depending on ag-

gregation method, but neither system consistently

broke from the middle tier.

5.3 Error Annotation

Error counts mirrored rankings. As we can see

in Table 3, Generic MT + AIPE accounted for

15.8% of all annotated errors, Production AIPE for

19.1%, and DeepL for 23.6%, the highest of any

system.

Table 3: Error distribution by systems (all errors)

System % of Total Errors

DeepL 23.6%

LLMT 21.1%

Google Translate 20.4%

Production AIPE 19.1%

Generic MT + AIPE 15.8%

An important nuance concerns error severity.

Production AIPE and Generic MT + AIPE share

the same AIPE component; the only difference is

the pre-translation it processes. Despite this, Pro-

duction AIPE shows a higher share of major and

critical errors (see Table 4). A possible explanation

is the variability in pre-translation quality. In the

Production AIPE setup, the inputs include fuzzy

TM matches, which account for 19% of all seg-

ments but 33% of severe errors. This may suggest

that when the input is less reliable or more hetero-

geneous, AIPE is more likely to preserve or am-

plify those issues.

Table 4: Error distribution by system (major and critical)

System % Major & Critical

DeepL 25.0%

Production AIPE 21.7%

Google Translate 20.1%

LLMT 19.7%

Generic MT + AIPE 13.7%

Regarding the distribution of error types (rows

normalized by system), Style, Terminology, and

Accuracy errors are the most frequent categories

across all systems (see Table 5). Within its own er-

ror distribution, Google Translate shows a higher

share of Terminology errors (32%), as expected

from a generic model, while, within its own distri-

bution, Production AIPE shows a higher share of

Accuracy errors (29%). This pattern may also be

related to the characteristics of its pre-translation

inputs (which includes fuzzy TM matches), al-

though this remains a tentative interpretation that

needs further investigation.

Table 5: Row-normalized error types by system (%)

Error Prod. DeepL Gen. MT Google LLMT

Type AIPE + AIPE Trans.

Style 27.1 28.9 30.9 29.3 30.6

Terminology 22.2 29.0 24.3 32.3 19.9

Accuracy 29.1 24.3 24.4 22.9 25.1

Fluency 16.7 14.8 14.7 13.8 18.7

Design 3.7 1.9 4.5 0.8 4.6

Other 0.8 0.6 0.8 0.6 0.6

Locale conv. 0.4 0.4 0.3 0.2 0.3

Verity 0.1 0.1 0.1 0.1 0.1

5.4 Target Locale-Level Variation

The overall system ranking (Generic MT + AIPE

lowest error share, followed by Production AIPE,

with DeepL highest) holds across all ten target

target languages, though the magnitude of perfor-

mance differences varies by language. Total error
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volume and major/critical error concentration do

not always move together across target languages,

which has practical implications for how deploy-

ment risk is assessed. es-ES, fr-FR, and ru-RU

show relatively high total error shares (11–14%),

while de-DE, it-IT, ko-KR, and tr-TR show lower

total shares (7–10%) (see Table 6).

Table 6: Column-normalized error share per system by lan-
guage

The severity picture (Table 7) differs: ko-KR,

despite low total errors, shows a relatively high

concentration of major and critical errors, while

es-ES shows the reverse (high total errors but a

lower share of severe ones). These patterns sug-

gest that locale-level deployment decisions benefit

from severity-weighted evaluation rather than to-

tal error counts alone. Results for ru-RU and tr-TR

should be interpreted with additional caution given

their smaller representation in the human evalua-

tion dataset.

Table 7: Column-normalized major + critical error share per
system by language

5.5 Content-Level Variation

Content type modulates AIPE’s gains, though the

dataset distribution means that findings for smaller

specialties should be treated as directional rather

than definitive. Medical Devices presents a dis-

tinct profile: across all systems, this specialty ex-

hibits a higher share of major and critical errors

relative to total errors than any other content type,

consistent with the precision demands of regulated

content (see Table 8).

Table 8: Mean major + critical errors per segment by system
and content specialty

Content Gen. MT Prod. Google LLMT DeepL

+ AIPE AIPE Trans.

Marketing 0.06 0.09 0.09 0.11 0.12

Med. Devices 0.22 0.33 0.33 0.30 0.35

Product 0.08 0.14 0.11 0.13 0.15

Prod./Service 0.09 0.15 0.15 0.14 0.20

Support 0.07 0.13 0.14 0.09 0.14

6 Conclusions

This paper presents production-scale evidence that

AI post-editing (AIPE) consistently outperforms

generic MT baselines and LLM direct translation

(LLMT) across ten target languages and five do-

mains. The quality gap between the two AIPE con-

figurations further reveals that pre-translation qual-

ity is a key deployment variable: using generic MT

alone as input produces fewer and less severe er-

rors than combining MT with fuzzy TM matches,
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suggesting that a single, consistent pre-translation

source is preferable to mixed input types of vary-

ing quality. LLMT may suit domains where top-

tier quality is not required, but it does not offer a

quality-equivalent alternative. These findings pro-

vide concrete guidance for AIPE deployment deci-

sions in professional localization workflows.

6.1 Deployment Implications

The findings have several concrete implications for

LSPs considering similar deployments:

1. AIPE on generic MT is a strong default con-

figuration. The marginal cost of a Google

Translate pre-translation is low, and the qual-

ity gain over standalone LLM or MT transla-

tion is consistent and meaningful across target

languages and domains.

2. LLMT has a role in cost-tiered workflows.

It delivers quality comparable to standalone

Google Translate while costing roughly 60%

less (approximately $0.40 vs. $1.00 per lan-

guage per 600 segments, based on actual pro-

duction spend2). For content types where

top-tier quality is not critical, LLMT repre-

sents a viable and more economical option

that also benefits from style guides and Trans-

lation Pairs, which generic MT does not re-

ceive.

3. Fuzzy TM inputs require careful handling.

They are over-represented among severe er-

rors and may benefit from pre-filtering or

a tailored prompting strategy before being

passed to AIPE.

7 Limitations and Next Steps

The dataset, whilst large, was not perfectly bal-

anced: Product/Service dominated the volume

(44%). The inability to systematically distinguish

custom from generic MT inputs in the AIPE con-

dition limited the precision of comparisons across

pre-translation types. Furthermore, both AIPE and

LLMT are powered by a single LLM; other LLMs

or generic MT engines may behave differently. Re-

sults reflect a specific LSP context and may not

generalise directly to other deployment architec-

tures or domains. Next steps include collecting

a more balanced dataset, conducting match-type-

controlled experiments to isolate the effect of pre-

2Pricing as of November 2025

translation quality on AIPE performance, and eval-

uating alternative LLMs and MT engines to test the

generalisability of these findings.
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Abstract

We investigate whether reasoning infor-
mation can enhance machine translation
when incorporated as supportive context
during training and inference. Using Hindi-
Bengali translation as a case study, we de-
fine five reasoning components: Key Terms,
Syntactic, Semantic, Pragmatic, and Para-
phrase. We conduct a complete ablation
across all 31 possible combinations us-
ing Gemma-3-1B-Instruct and evaluate on
multi-domain benchmark with BLEU, chrF,
and TER. Evaluation results show that rea-
soning effectiveness depends on its type and
composition rather than quantity. Combin-
ing multiple heterogeneous signals causes
objective diffusion, degrading performance.
The compact Semantic and Paraphrase com-
bination proves optimal, and providing it
during inference yields 23.86 BLEU com-
pared to 22.12 from standard fine-tuning
a +1.74 BLEU gain across eight domains.
These findings demonstrate that targeted se-
mantic guidance consistently and meaning-
fully improves the compact translation mod-
els.

1 Introduction
Neural machine translation (MT) has advanced
substantially with multilingual pretraining and
instruction-tuned language models. However, trans-
lation quality remains uneven across many language
pairs, especially when model capacity is limited.
This is true even for related Indic languages, such as
∗Equal contribution.
∗© 2026 The authors. This article is licensed under a Creative
Commons 4.0 licence, no derivative works, attribution, CC-
BY-ND.

Figure 1: Overview of our reasoning-augmented MT method-
ology for Hindi-Bengali translation

Hindi and Bengali, where lexical overlap coexists
with differences in script, morphology, register, and
domain-specific usage.

Recent work has shown that reasoning signals can
improve performance on tasks, such as arithmetic,
logical inference, and commonsense reasoning (He
et al., 2020). These findings have motivated the
use of reasoning-oriented supervision in a broader
range of natural language processing (NLP) prob-
lems. However, most prior work studies settings in
which intermediate reasoning is either directly use-
ful for the final prediction or is explicitly provided
during inference (Lee et al., 2025) (Ghazaryan et al.,
2025). Machine translation differs in an important
way: the goal is not to generate reasoning traces,
but to produce a fluent target sentence that faithfully
preserves the meaning of the source. This raises
a natural question: can reasoning information im-
prove machine translation when it is used only as
supportive context ? On the one hand, such informa-
tion may clarify sentence meaning and foreground
semantically important content. On the other hand,
it may increase input complexity, introduce noisy
supervision, or create a difference between training
and inference conditions.
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To study this, we investigate reasoning as support-
ive context for Hindi–Bengali translation. During
fine-tuning, the model learns from structured rea-
soning annotations paired with parallel data, and
at inference, it uses both source text and reason-
ing context to generate translations. We define five
components: Key Terms, Syntactic, Semantic, Prag-
matic, and Paraphrase, and perform ablations over
all non-empty combinations, yielding 31 reasoning-
based models alongside a standard baseline. All
models are fine-tuned from Gemma-3-1B-Instruct
and evaluated using BLEU, chrF, and TER (Pap-
ineni et al., 2002).

Results show that reasoning impact varies across
setups; adding more components does not en-
sure better performance. Effectiveness depends
on composition, not quantity. A compact Seman-
tic+Paraphrase combination performs best and re-
mains stable, indicating targeted reasoning is bene-
ficial.

2 Related Work
2.1 Reasoning in Large Language Models
Recent advances in large language models
(LLMs)(Zhu et al., 2024; He et al., 2024) have
sparked growing interest in reasoning-oriented
(Nguyen and Xu, 2025) supervision. Studies on
chain-of-thought (Wang et al., 2025; Jiang et al.,
2025) prompting, tree of thoughts (Yao et al.,
2023), and related reasoning strategies (Fan et al.,
2025), such as self-consistency and least-to-most
prompting show that models can achieve significant
gains on tasks, such as arithmetic reasoning,
commonsense inference (Liu et al., 2023), and
symbolic problem (Gaur and Saunshi, 2023)
solving. In these settings, reasoning steps help
models structure their internal representations
(Dabre et al., 2023) and guide (Jiang et al., 2025)
the generation of correct outputs. However, most
of this work focuses on tasks where reasoning
is directly part of the solution process. Machine
translation differs from these scenarios because
the final output is a fluent sentence rather than
an explicit reasoning trace, making it unclear
whether reasoning supervision transfers effectively
to translation tasks.

2.2 Machine Translation for Indic Languages
Neural machine translation for the Indic languages
has improved through multilingual pretrained mod-
els (Bala Das et al., 2023; Singh et al., 2025a;

Singh et al., 2026a), larger parallel datasets and
dedicated benchmarking efforts. These systems
have enhanced cross-lingual transfer (Singh et al.,
2023) and improved translation quality across sev-
eral South Asian languages. Nevertheless, many
approaches rely on large-scale models and mul-
tilingual training pipelines (Verma et al., 2025).
Closely related language pairs, such as Hindi and
Bengali, still pose meaningful challenges due to
differences in script, morphological structure, and
domain-specific language use. As a result, transla-
tion accuracy depends not only on lexical similarity
but also on reliable semantic interpretation.

2.3 Translation Support Beyond Parallel Data

Several studies have investigated enriching trans-
lation models with additional forms of guidance
beyond plain parallel data. These approaches in-
clude terminology constraints, syntactic annota-
tions, alignment information (Chen et al., 2017)
domain labels (Yan et al., 2018; Singh et al., 2026b),
and paraphrastic variants. Such signals aim to help
models preserve technical terminology (Gao et al.,
2025), resolve structural ambiguity and capture al-
ternative expressions of the same meaning. How-
ever, combining multiple support signals reflects nu-
anced interactions rather than cumulative improve-
ments (Singh et al., 2025b). Auxiliary information
may overlap in function and influence the model’s
attention, shaping how effectively the central trans-
lation objective is emphasized.

2.4 Research Gaps in Reasoning for MT

Despite growing interest in reasoning supervision,
its role in MT remains underexplored. Existing
work rarely examines whether reasoning-style infor-
mation can improve translation when used during
training time, as well as inference time, and how
the translation empowers. Furthermore, examining
which path of reasoning signals are beneficial for
translation and how different forms of the other sup-
portive information interact when combined. This
work addresses these gaps by decomposing reason-
ing into multiple linguistic components and con-
ducting a complete combinational ablation study.
By evaluating all the reasoning subsets, we identify
which forms of reasoning supports and improve the
translation quality, and which combinations degrade
it, as well as which reasoning section is required
during the inference time in order to improve trans-
lation capabilities.
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3 Dataset
3.1 Parallel Corpus
We conduct experiments on a Hindi–Bengali paral-
lel corpus spanning eight domains, viz. Agriculture,
Tourism, Governance, Climate, Healthcare, Science
and Technology, Judiciary, and Education. After
filtering for sentence quality and annotation com-
pleteness, the final training set contains 36,040 sen-
tence pairs, and the test set contains 2,000 sentence
pairs. The test set supports both overall and domain-
wise evaluation, with 200 examples for each domain
except Education, which contains 600 examples.

The training corpus contains 771,621 Hindi to-
kens and 603,131 Bengali tokens, with average sen-
tence lengths of 21.4 and 16.7 tokens, respectively.
Bengali also shows higher lexical diversity, with
61,284 unique word types compared to 45,170 in
Hindi. The test set follows a similar pattern, con-
taining 41,027 Hindi tokens and 32,061 Bengali to-
kens. Overall, the corpus provides a diverse bench-
mark for evaluating translation quality across do-
mains with different linguistic characteristics, rang-
ing from technical and descriptive text to formal
institutional and instructional language.

3.2 Data Filtering and Quality Considerations
Before training, we filter the corpus to remove noisy
or misaligned sentence pairs. This process enforces
basic quality constraints, such as reasonable sen-
tence length, alignment consistency, and valid rea-
soning annotations. Examples with incomplete,
empty, or malformed reasoning fields are excluded.
These steps reduce training noise and improve the
reliability of the subsequent ablation analysis.

3.3 Reasoning Annotation Pipeline
We generate structured reasoning annotations for
each training sentence using Llama-4-Scout-17B-
16E-Instruct. To leverage its stronger reasoning abil-
ity in English, each Hindi–Bengali sentence pair is
first mapped through an intermediate Hindi–English
translation, from which reasoning annotations are
produced and then adapted back into Hindi and Ben-
gali. To ensure scalability and consistency, the rea-
soning context is systematically transferred using
Google Translate. The resulting annotations are
designed to provide supportive contextual signals
for translation rather than exhaustive linguistic anal-
ysis. For each sentence pair, the pipeline generates
five reasoning components: Key terms (R1), Syn-
tactic (R2), Semantic (R3), Pragmatics (R4), and

Paraphrase (R5). When applicable, annotations are
produced for both Hindi and Bengali to maintain
cross-lingual alignment. Structurally inconsistent
annotations are filtered before training, yielding sta-
ble and uniform inputs for all 31 reasoning-based
ablation configurations.

3.4 Reasoning Components

The five reasoning components capture complemen-
tary types of translation-relevant information.

R1: Key terms identify important content words,
explain their role in context, and clarify ambiguous
expressions.

R2: Syntactic information describes grammat-
ical structure, including dependencies, modifiers,
and clause boundaries, to support preservation of
compositional meaning.

R3: Semantic reasoning captures the core mean-
ing of a sentence by identifying entities, actions,
and their relations.

R4: Pragmatics models discourse-level cues,
such as speaker intent, tone, and contextual depen-
dence beyond literal sentence meaning.

R5: Paraphrase provides semantically equiva-
lent reformulations with different lexical or syntac-
tic realizations while preserving the original mean-
ing.
These components differ not only in function but
also in length. As shown in Table 1, Syntactic and
Key Terms are the most verbose annotations, aver-
aging more than 80 tokens per instance, whereas Se-
mantic and Paraphrase are substantially more com-
pact, averaging 45 and 24 tokens, respectively. This
variation allows us to study both the effect of rea-
soning type and the effect of reasoning scale on
translation performance.

4 Methodology

Our goal is to examine whether structured reasoning
can serve as supportive context for machine transla-
tion, and how its presence or absence at inference
time affects performance. To this end, we adopt a
three-phase methodology: reasoning augmentation
using Llama-4-Scout-17B-16E-Instruct, an exhaus-
tive ablation study on google/gemma-3-1b-it, and an
evaluation of inference settings to determine which
reasoning configuration best improves translation
quality.
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Training data Sentences Tokens Vocabulary # Characters Avg Tokens/Sent
Hindi (S) 36,040 771,621 45,170 4,008,578 21.4
Bengali (T) 36,040 603,131 61,284 3,930,184 16.7
Hindi Key-terms (R1) 36,040 2,946,267 48,260 15,414,987 81.7
Bengali Key-terms (R1) 36,040 2,226,749 90,354 16,424,124 61.8
Hindi Syntactic (R2) 36,040 3,077,551 66,757 14,149,631 85.4
Bengali Syntactic (R2) 36,040 2,487,377 110,260 8,353,154 69.0
Hindi Semantic (R3) 36,040 1,628,938 28,499 4,506,294 45.2
Bengali Semantic (R3) 36,040 1,194,331 48,063 14,561,377 33.1
Hindi Pragmatics (R4) 36,040 2,675,864 32,384 16,420,421 74.2
Bengali Pragmatics (R4) 36,040 2,001,633 49,014 7,986,367 55.5
Hindi Paraphrase (R5) 36,040 857,822 24,545 13,794,926 23.8
Bengali Paraphrase (R5) 36,040 633,695 43,157 4,342,617 17.6

Table 1: Training corpus statistics for the Hindi-Bengali parallel data and the five reasoning components on both sides

Domain (Sentence) Language Tokens

Agriculture (200) Hindi 3,956
Bengali 3,249

Tourism (200) Hindi 4,028
Bengali 3,222

Governance (200) Hindi 4,160
Bengali 3,319

Climate (200) Hindi 4,093
Bengali 3,296

Healthcare (200) Hindi 4,049
Bengali 3,174

Science_Technology (200) Hindi 4,117
Bengali 3,218

Judiciary (200) Hindi 4,191
Bengali 3,112

Education (600) Hindi 12,433
Bengali 9,471

Overall (2000) Hindi 41,027
Bengali 32,061

Table 2: Domain-wise and overall statistics of the Hindi-
Bengali test set, including sentence counts and token counts
for Hindi and Bengali

4.1 Problem Formulation
Let x denote a Hindi source sentence and y its
Bengali translation. In standard machine trans-
lation, the model learns the conditional mapping
p(y | x). We extend this setting by augmenting
the input with structured reasoning. Let R =
{R1, R2, R3, R4, R5} denote the five reasoning
components. For any subset S ⊆ R, the model
is trained on the inputs formed by concatenating
x with the reasoning components in S, while the
target remains the translation y.

We evaluate under two inference paradigms:
Zero-Reasoning Inference: Evaluation under
p(y | x), where reasoning is not provided at test
time. This isolates the effect of training-time expo-
sure to reasoning.
Reasoning Guided Inference: Evaluation under
p(y | x, Soptimal), where the best reasoning subset
is identified during ablation study and is provided
along with the source during testing.

4.2 Base Model and Reasoning Pipeline
We use Gemma-3-1B-Instruct as the translation
backbone, as it is compact enough for auxiliary con-

text to meaningfully affect translation behavior. All
reasoning components (R1 to R5) for both training
and test data are generated using Llama-4-Scout-
17B-16E-Instruct. Reasoning is first produced in
English and then translated into Hindi and Bengali
to maintain structural consistency. To avoid target
leakage, test-time reasoning in Guided Inference is
generated strictly from the Hindi source sentence,
without access to the gold Bengali translation.

4.3 Structured Training Format
Each training instance is formatted as a prompt con-
taining the Hindi source sentence, the selected rea-
soning components in Hindi and Bengali, and an
instruction to generate only the Bengali translation.
The loss is applied only to the translation output, en-
suring that the model is not trained to reproduce the
reasoning itself. To identify which reasoning sig-
nals are useful, we perform a complete ablation over
all non-empty combinations of the five components
using LoRA. This results in 25 − 1 = 31 reasoning-
conditioned models, along with a standard source-
target finetuning. All 31 models are trained under
identical settings: 1 epoch, learning rate 1× 10−4

with cosine scheduling, batch size 4, and gradient
accumulation over 16 steps, yielding an effective
batch size of 64. We use paged_adamw_8bit op-
timizer (Kingma and Ba, 2017) in bfloat16 pre-
cision. During this phase, evaluation is conducted
using Zero-Reasoning Inference to identify the op-
timal subset Soptimal.

4.4 Full Parameter Fine-Tuning and Inference
Evaluation

After identifying the optimal combination (R3 +
R5), we perform full parameter fine-tuning to eval-
uate the effect of training-inference alignment more
rigorously. We consider three setups:

1. Standard Finetune: Full fine-tuning on
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source-target pairs only, evaluated under zero-
reasoning inference.

2. Normal Inference: Full fine-tuning with R3+
R5 during training, but evaluation without rea-
soning inference. This measures the penalty
caused by reasoning when is not provided at
during the inference time.

3. Guided Inference: Full fine-tuning with R3+
R5 during training, and evaluation with the
same R3 + R5 context at test time. This re-
moves the difference between training and test-
ing and measures the full benefit of reasoning-
augmented translation.

5 Results
Our evaluation proceeds in two stages. First, we con-
duct an exhaustive LoRA ablation study to assess
the effect of reasoning complexity and identify the
most effective supportive context. As a reference
point, the original baseline Gemma-3-1B-Instruct
model without task-specific fine-tuning achieves
4.99 BLEU, 28.87 chrF, and 137.41 TER on the test
set, underscoring the need for task-specific adapta-
tion. Second, we evaluate full-parameter fine-tuning
to examine how performance changes when reason-
ing is not provided at test time versus when it is. The
complete results for all 31 reasoning configurations
are presented in Table 3.

5.1 Phase 1: Ablation Study and the Role of
Semantic Guidance

The Phase 1 ablation results show that the transla-
tion quality depends more on the type of reasoning
than on the amount of reasoning added. Standard
LoRA fine-tuning on source-target pairs achieves the
best score of 17.55 BLEU, but performance does
not improve monotonically as more reasoning com-
ponents are introduced across 5C1 to 5C5. Instead,
larger and more heterogeneous combinations often
reduce performance, with the full five-component
setting (5C5) dropping to 11.64 BLEU and most
four-component settings (5C4) remaining below 15
BLEU points. This suggests that excessive reason-
ing can dilute the core translation objective and bur-
den a compact model with unnecessary context. In
contrast, compact semantic guidance proves more
effective. Among single-component settings, Se-
mantic reasoning (R3) performs the best with 16.58
BLEU, while among pairwise settings, R3 + R5

achieves the highest score of 16.91 BLEU, show-
ing that meaning-focused support and paraphrastic

Group Model BLEU chrF TER↓

Baseline Gemma-3-1B-Instruct 4.99 28.87 137.41

5
C1 LoRa

R1 (Key terms) 16.13 47.37 71.57
R2 (Syntactic) 14.77 45.31 74.13
R3 (Semantic) 16.58 48.03 70.23
R4 (Pragmatics) 14.45 43.36 75.36
R5 (Paraphrase) 15.27 44.64 74.08

5
C2 LoRa

R1+R2 15.03 45.88 74.15
R1+R3 14.91 44.41 75.40
R1+R4 13.30 40.25 79.89
R1+R5 14.94 44.62 74.50
R2+R3 15.54 46.64 72.30
R2+R4 14.86 45.35 73.46
R2+R5 15.89 47.07 71.39
R3+R4 15.88 47.32 71.70
R3+R5 16.91 48.92 69.50
R4+R5 15.72 46.92 70.73

5
C3 LoRa

R1+R2+R3 15.70 46.82 71.36
R1+R2+R4 14.42 44.57 74.76
R1+R2+R5 15.26 45.66 72.70
R1+R3+R4 13.72 44.97 75.57
R1+R3+R5 15.78 46.96 72.03
R1+R4+R5 14.42 44.27 75.76
R2+R3+R4 15.42 46.31 72.24
R2+R3+R5 15.52 46.52 71.62
R2+R4+R5 15.09 45.64 72.95
R3+R4+R5 15.85 48.09 71.72

5
C4 LoRa

R1+R2+R3+R4 14.45 44.75 75.57
R1+R2+R3+R5 13.91 42.61 75.57
R1+R2+R4+R5 13.98 44.17 76.69
R1+R3+R4+R5 13.95 43.48 76.65
R2+R3+R4+R5 14.95 45.65 73.58

5
C5 LoRa Gemma all R1 to R5 11.64 38.35 84.13

SFT Finetune with LoRa 17.55 50.00 67.41
Full Finetune 22.12 56.06 60.51

Full FT R3+R5

Standard Inference 22.26 55.54 61.61
Reasoning Inference 23.86 57.57 58.55

Table 3: Translation performance metrics for all 31 LoRA
reasoning ablation configurations and the full-parameter fine-
tuning setups. The results demonstrate that the Guided Infer-
ence approach using the R3 + R5 context yields the highest
overall performance.

reformulation help translation more than heavier
reasoning combinations.

5.2 Phase 2: Training-Inference Alignment

We next evaluate the best subset, R3 + R5, under
full-parameter fine-tuning. As shown in Table 3,
the standard full fine-tuning reaches 22.12 BLEU.
When the model is trained with R3 +R5 but evalu-
ated without reasoning, performance increases only
slightly to 22.26 BLEU points. This small gain
suggests a difference in training and testing: the
model learns under reasoning-augmented inputs but
cannot fully exploit that information when it is re-
moved at test time. When the same R3+R5 context
is provided during inference, performance rises to
23.86 BLEU, with corresponding gains in chrF and
TER. This result shows that reasoning is most effec-
tive when training and inference conditions remain
aligned.
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Model Configuration Agri. Tour. Gov. Clim. Health Sci&T Judic. Educ. Overall

LoRA: R3 Only 15.06 7.27 12.06 14.70 15.90 22.00 13.66 20.72 16.58
LoRA: R3 +R5 15.20 7.82 11.87 14.92 16.32 23.03 13.30 21.18 16.91
LoRA: R3 +R4 +R5 14.89 7.50 12.29 13.99 14.84 20.43 12.58 20.16 15.85
LoRA: R2 +R3 +R4 +R5 12.59 7.07 10.67 14.03 14.37 19.20 11.52 19.18 14.95
LoRA: All 5 10.12 5.12 8.63 11.20 11.08 19.05 7.08 14.72 11.64

Full SFT: Standard Finetune 19.92 12.87 17.44 21.95 19.18 24.85 18.19 28.27 22.12
Full SFT: R3 +R5 (Normal Test) 20.20 12.26 17.73 19.90 19.68 26.31 19.60 28.13 22.26
Full SFT: R3 +R5 (Guided Inference) 21.86 15.32 20.32 21.16 20.73 30.50 19.12 29.12 23.86

Table 4: Domain-wise BLEU scores across 8 distinct evaluation domains. Guided Inference demonstrates broad robustness,
yielding significant improvements in highly technical domains like Science & Technology and Governance

5.3 Domain-Wise Analysis
We further evaluate performance across eight do-
mains, as shown in Table 4. The guided inference
setup with R3 +R5 improves over the standard full
fine-tuning in nearly all the domains. The largest
gains appear in Science & Technology (24.85 to
30.50 BLEU), Governance (17.44 to 20.32 BLEU),
and Tourism (12.87 to 15.32 BLEU). Although, Cli-
mate domain shows a small drop relative to the fine-
tune, the overall trend indicates that compact se-
mantic support improves robustness across diverse
domains, especially in technically demanding set-
tings.

6 Discussion

6.1 Aligning Context with Translation
The contrast across reasoning configurations reveals
an important trade-off in context-augmented trans-
lation. For compact models, adding large amount of
heterogeneous reasoning can weaken performance
instead of improving it. We refer to this effect as
objective diffusion: the model must allocate limited
capacity to processing multiple forms of auxiliary
context, which can distract from the core translation
objective. In contrast, the strong performance of
R3+R5 highlights the value of semantic anchoring.
Semantic reasoning (R3) helps the model focus on
the core meaning of the source sentence, while Para-
phrase (R5) provides a meaning-preserving refor-
mulation that supports flexible generation. Because
both the components operate at the level of semantic
preservation, they align more directly with the goal
of translation than broader and more heterogeneous
reasoning combinations.

6.2 The Role of Guided Inference
Our results also show that training-inference align-
ment is critical in reasoning-augmented MT. When

a model is trained with reasoning-rich inputs but
evaluated without reasoning, the benefit is limited.
This suggests that the model learns to rely on the
additional semantic structure during training, and
removing it at test time creates a difference. Reason-
ing guided inference addresses this issue by supply-
ing source-derived reasoning during testing, thereby
preserving the input structure seen in training. Un-
der this setup, performance improves from 22.12
BLEU to 23.86 BLEU. This gain indicates that rea-
soning is most effective not as an isolated training
signal, but as a consistent form of supportive context
available throughout the translation process.

7 Conclusion

In this paper, we study whether structured reason-
ing can improve machine translation when used as
supportive context for Hindi–Bengali translation.
Through a complete 31-model ablation studies, we
found that reasoning is not uniformly beneficial:
large heterogeneous combination often degrade per-
formance, whereas compact semantic guidance is
more effective. In particular, the combination of
Semantic and Paraphrase (R3+R5) emerged as the
strongest configuration. Our full-parameter experi-
ments further showed that the benefit of reasoning
depends on training-inference alignment. When rea-
soning is used during training but removed at test
time, gains remain small. When the same R3 +R5

context is also provided during inference, perfor-
mance rises from 22.12 BLEU to 23.86 BLEU
points, with improvements across multiple domains.
Overall, our findings suggest that reasoning can ben-
efit compact translation models when it is seman-
tically focused, source-grounded, and used consis-
tently across training and inference. More broadly,
the results highlight that the effectiveness of sup-
portive context depends not on its quantity, but on
how closely it aligns with the translation objective.
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A Appendix
B Hardware, Software, and

Reproducibility
All experiments were conducted on a high-
performance computing server equipped with two
NVIDIA A100 GPUs, each with 80GB of memory,
enabling efficient large-scale training and inference.
The computational environment was configured us-
ing Python 3.13.2, along with PyTorch 2.7.1 and
Transformers 4.57.3 for model implementation and
experimentation. These libraries ensured compati-
bility with modern large language model architec-
tures and optimized GPU acceleration.

To maintain consistency across experiments, we
used fixed configurations for model loading, batch-
ing, and decoding strategies. We also experimented
with a validation set during training; however, the
scores remained nearly identical to training without
it. Therefore, the final model was trained without a
validation set to fully utilize the available training
data. The inference process was optimized through
batch processing and parallel execution for efficient
GPU utilization. Additionally, external API-based
components used for reasoning generation were
managed through multiple API keys and a load-
balanced request mechanism to ensure stability and
scalability.

For reproducibility, we maintained detailed con-
figurations, cached intermediate outputs such as rea-
soning annotations, and fixed key parameters wher-
ever applicable. We will publicly release the com-
plete codebase, including pre-processing scripts,
inference pipelines, and configuration files, to sup-
port replication and further research. To support
reproducibility, all code and datasets are publicly
available on GitHub1 and our research group web-
page.2

1https://github.com/helloboyn/RSC4MT
2https://ai-nlp-ml.github.io/resources.html
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Reasoning Generation Prompt
<|begin_of_text|><|start_header_id|>system<|end_header_id|>
You are an expert linguistic analyst. Analyze the given Hindi sentence and generate
5 types of reasoning.

Return ONLY one valid JSON object with exactly these keys:
"key_terms", "syntactic", "semantic", "pragmatic", "paraphrase"

Strict output rules for every value:
- Do NOT start with phrases like "The sentence", "This sentence means", or similar.
- Each value must be a single clean sentence or phrase.
- Do not add explanations outside JSON.
- Do not mention that you are analyzing.
- Avoid redundancy, filler, and obvious restatements.
- If a field is not applicable, return an empty string "".

{
"key_terms": "Identify the most important content words (nouns, verbs, key entities,
domain-specific terms). Focus only on meaningful lexical units essential for translation.
Avoid full sentence repetition.",

"syntactic": "Analyze the syntactic structure using linguistic terms: grammatical
relations,↪→

subject-object-verb roles, modifiers, clause structure, and word order.
Do not start with words like 'sentence' or 'phrase'.",

"semantic": "Provide a precise one-sentence semantic interpretation. Capture the exact
meaning,↪→

resolve ambiguity, and ensure the intended sense of words is clear.",

"pragmatic": "Analyze contextual and pragmatic aspects in one sentence: tone, intent,
formality,↪→

audience, domain, and any implied meaning or communicative purpose.",

"paraphrase": "Generate a semantically equivalent paraphrase in one sentence, improving
clarity↪→

and reducing ambiguity while preserving exact meaning."
}
<|eot_id|><|start_header_id|>user<|end_header_id|>
Sentence: "{INPUT_SENTENCE}"
Return valid JSON only.
<|eot_id|>

Table 5: Prompt used for generating structured linguistic reasoning from Hindi sentences. The prompt instructs the model to
produce five components; key terms, syntactic structure, semantic interpretation, pragmatic context, and paraphrase used to
enhance translation quality
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Output Sample 1: Qualitative Comparison of Reasoning-Augmented Translation Models
Source: दोपहर के भोजन के उपरांत, �श्ቖमंडल को ऐ�तहा�सक मेलबोन� ��केट ्ቇाउंड (एमसीजी) ले जाया गया।
Target: দুপুেরর খাওয়ার পর, ্ፚিতিনিধদলেক ঐিতহািসক �মলেবান� ি�েকট ্ፇাউ্ፉ (এম িস িজ ) িনেয় যাওয়া হয় ।

R3 LORA: दोपहर �◌র খাবার পর, বিডেক ঐিতহািসক �মলবन� ি�িকং ্ፇাউ্ፉ (এমিসিজ) িনেয় যাওয়া হেয়িছল।

R3R5 LORA: दोपहर �◌র খাবার পর, মাননীয়েদর ঐিতহািসক �মলবন� িকিকং ্ፇাউ্ፉ (এমিসিজ) িনেয় যাওয়া হেয়িছল।

R3R4R5 LORA: দুপুর식 �বলার পের, বিডম্ፉন ক্যািনংি�ম ্ፇাউ্ፉ (এমিসিজ) -식식যা্ፒেক িনেয় যাওয়া হেয়িছল।

R2R3R4R5 LORA: দুপুর식 খাবােরর পর, বিডেক ঐিতহািসক মক্ፚন ি�েকট ্ፇাউ্ፉ (এমিসিজ) িনেয় যাওয়া হয়।

ALL 5 LORA: িবেকল ��ক করার পর, িচিঠটি ঐিতহািসক ম chlorides ◌্ি� ন ্ፇাউে্ፉ (এমিসিজ) িনেয় যাওয়া হয়।

FULL FT SFT: দুপুেরর খাবােরর পর, দলীয়েক ঐিতহািসক �মলেবান ি�েকট মাঠ (এমিসিজ) িনেয় যাওয়া হেয়িছল।

FULL FT R3R5:

NORMAL TEST: দুপুেরর খাবােরর পর, ্ፚিতিনিধদল ঐিতহািসক �মলবিরন ি�েকট ্ፇাউে্ፉ (এমিসিজ) �পৌছঁায়।

GUIDED TEST: দুপুেরর খাবােরর পর, ্ፚিতিনিধদলেক ঐিতহািসক �মলেবান� ি�েকট ্ፇাউ্ፉ (এমিসিজ) িনেয় যাওয়া হয়।

Table 6: The source sentence states that “After lunch, the delegation was taken to the historic Melbourne Cricket Ground (MCG)”
R3R4R5 LoRA shows clear linguistic errors, including incorrect formations such as “বিডম্ፉন ক্যািনংি�ম” and the non-Bengali
word “যা্ፒেক”. The Full FT SFT output contains inappropriate lexical choice (“দলীেয়ক”), reducing naturalness. In Normal Test,
“मेलबोन�” is mistransliterated as “�মলবিরন”, while the Guided Test correctly produces “�মলেবান�”, improving accuracy. Additionally,
the Guided output uses proper case marking (“্ፚিতিনিধদলেক”) and construction (“িনেয় যাওয়া হয়”), though it slightly alters voice.
Overall, the Guided Test yields the most linguistically accurate and natural Bengali translation.

Output Sample 2: Qualitative Comparison of Reasoning-Augmented Translation Models
Source: वहीं, पंजाब स्टेट पावर कॉपा� रेशन �ल�मटेड रावी नदी पर रंजीत सागर बांध का ख्याल रखता है।
Target: অন্য িদেক, পা্ጺাব ��ট পাওয়ার কেপ�ােরশন িলিমেটড রািভ নদীর উপর রি্ጺত সাগর বঁােধর ত᎚᳴াবধান কের।

R3 LORA: অন্যিদেক, पंजाब स्टेट পাওয়ার কেপ�ােরশন িলিমেটড রািভ নদীেক িরংজাত সাগর বঁােধর দািয়ে� রােখ।

R3R5 LORA: অন্যিদেক, पंजाब स्टेट পাওয়ার কেপ�ােরশন িলিমেটড রািভ নদীেক িরংজাত সাগর বঁােধর দািয়ে� রােখ।

R3R4R5 LORA: অন্যিদেক, पंजाब स्टेट পাওয়ার কেপ�ােরশন িলিমেটড রািভ নদীেক িনয়᎚᳼ণ কের।

R2R3R4R5 LORA: অন্যিদেক, पंजाब स्टेट পাওয়ার কেপ�ােরশন িলিমেটড রায়গড়강ে◌র উপর রি্ጺত সাগর বঁােধর য্ፌ �নয়।

ALL 5 LORA: অন্যিদেক, पंजाब स्टेट पावर कॉपा� रेशन �ल�मटेड রাवी নদীর উপর িরংিজ সা�ক েটর �খয়াল রােখ।

FULL FT SFT: একইভােব, পা্ጺাব ��ট পাওয়ার কেপ�ােরশন িলিমেটড রা্፜ার নদীেত রি্ጺত সাগর বঁােধর য্ፌ �নয়।

FULL FT R3R5:

NORMAL TEST: একই সে�, পা্ጺাব ��ট পাওয়ার কেপ�ােরশন িলিমেটড রাবী নদীর উপর রি্ጺত সাগর বঁােধর য্ፌ �নয়।

GUIDED TEST: একই সমেয়, পা্ጺাব ��ট পাওয়ার কেপ�ােরশন িলিমেটড রািভ নদীর উপর রি্ጺত সাগর বঁােধর ত᎚᳴াবধান কের।

Table 7: The source sentence states that “Meanwhile, Punjab State Power Corporation Limited takes care of the Ranjit Sagar
Dam on the Ravi River.“ The reference translation expresses this meaning using a formal and contextually appropriate predicate,
“ত᎚᳴াবধান কের”. Among the reasoning-based variants, R3 LoRA and R3R5 LoRA preserve the main entities and the overall
meaning reasonably well, but their use of “দািয়ে� রেয়েছ” is slightly less precise than the reference and weakens the locative
relation. In contrast, R3R4R5 LoRA, R2R3R4R5 LoRA, and All 5 LoRA show noticeable semantic degradation, including
omission or distortion of key content words and reduced adequacy. The Full FT SFT and Full FT R3R5 normal outputs recover
most of the source content, but the phrase “য্ፌ �নয়” is less suitable for describing institutional oversight. Overall, the Full FT
R3R5 Guided Test output is closest to the reference “রািভ” over “রাবী”, as it best preserves the entities, relation, and formal
administrative tone of the source sentence.
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Abstract

Machine translation quality estimation

(QE) typically relies on dedicated neu-

ral models trained on human judgments.

We evaluate whether cosine similarity over

general-purpose embeddings can serve

as a lightweight alternative, using Gem-

ini embeddings as the scoring backbone.

Through three experiments (rogue dimen-

sion analysis, score calibration, and a

learned calibration head) and a root cause

analysis, we find that cosine similarity be-

tween source and translation saturates in

the 0.94–0.99 range because even poor

translations preserve most of the source se-

mantics, leaving an Area Under the ROC

Curve (AUC) ceiling of approximately

0.63. However, a LightGBM classifier

trained on normalized cosine and surface-

level text features breaks through this ceil-

ing (AUC 0.751), with the improvement

driven primarily by features orthogonal

to embedding similarity. These findings

demonstrate that raw embedding similarity

cannot serve as a drop-in QE replacement

and identify learned calibration as a viable

lightweight path forward.

1 Introduction

Segment-level quality estimation (QE) for ma-

chine translation aims to predict whether a trans-

lated segment is suitable for release without hu-

man review (Zhao et al., 2024). In practice, QE

scoring determines how many segments can be ap-

proved automatically, directly affecting the cost

© 2026 The authors. This article is licensed under a Creative
Commons 4.0 licence, no derivative works, attribution, CC-
BY-ND.

and speed of the review process (Gladkoff et al.,

2024; Cabeça et al., 2023).

The system under study previously used a ded-

icated neural QE model from the COMET family

(Rei et al., 2020), built on XLM-RoBERTa-large

and trained on human quality annotations. The

replacement was motivated by operational consid-

erations: general-purpose embedding models re-

duce infrastructure complexity, provide broad mul-

tilingual coverage, and were already deployed in

the pipeline for other tasks. This model was

replaced by a scorer based on cosine similarity

over Gemini embeddings (Lee et al., 2025), a

general-purpose embedding model that supports a

SEMANTIC SIMILARITY task type designed for

pairwise text comparison. However, translations

inherently preserve most of the source semantics,

which may make cosine similarity a weak discrim-

inator of quality differences. The question moti-

vating this work is whether such a general-purpose

approach can match the performance of a dedi-

cated QE model, or whether the semantic over-

lap between source and translation creates a fun-

damental ceiling.

Initial evaluation revealed a performance differ-

ence: AUC 0.631 for the dedicated model versus

0.627 for the embedding scorer. We investigate the

causes of this difference and whether calibration or

feature engineering can reduce it.

We report on three experiments and a root cause

analysis:

1. Rogue dimension analysis: Outlier embed-

ding dimensions exist but are harmless; re-

moving them does not change quality rank-

ings (§5.1).

2. Score calibration: Redistributing or recali-

brating scores cannot improve discrimination
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because the ranking is preserved (§5.2).

3. Learned calibration head: A LightGBM

classifier combining normalized cosine with

surface-level features substantially exceeds

both baselines (§5.3).

4. Root cause identification: Cosine similarity

saturates for source-translation pairs because

even poor translations preserve semantic con-

tent, creating a hard ceiling on discrimination

(§5.4).

These experiments explain why embedding sim-

ilarity falls short as a QE proxy and demonstrate

that the saturation ceiling can be overcome with

a learned model that exploits signals beyond co-

sine similarity. These findings are directly relevant

to localization teams evaluating whether general-

purpose embeddings can replace dedicated QE

models in production pipelines (Sun and Wang,

2024; Zhao et al., 2024).

2 Background

Quality Estimation. QE aims to predict trans-

lation quality without reference translations (Zhao

et al., 2024). State-of-the-art QE models such as

COMET (Rei et al., 2020), CometKiwi (Rei et al.,

2022), and xCOMET (Guerreiro et al., 2024) use

cross-lingual encoders (e.g., XLM-RoBERTa) to

produce source and translation embeddings, then

construct a feature vector [es; et; |es−et|; es⊙et],
where es and et are the source and translation

embeddings, ; denotes concatenation, and ⊙ the

element-wise product. This vector feeds into a

trained regression head. The design explicitly pre-

serves element-wise differences, which allows the

model to detect subtle quality signals even when

overall semantic similarity is high.

Embedding Similarity for Evaluation. Recent

work has explored embedding similarity as a

lightweight alternative to trained QE models. The

underlying premise is that a faithful translation

preserves the semantic content of the source, so

cosine similarity between their embeddings should

correlate with translation quality: higher similarity

implies better preservation of meaning. This re-

duces QE to a semantic similarity measurement,

avoiding the need for quality-annotated training

data. Sun et al. (2024) investigate textual similarity

as a metric for MT quality estimation with mixed

results depending on task formulation. Dinh et

al. (2024) propose a k-nearest neighbors approach

over embedding representations for QE. Steck et

al. (2024) show that cosine similarity over embed-

dings does not always capture the properties users

expect.

Rogue Dimensions. Timkey and van Schijn-

del (2021) show that transformer language mod-

els contain a small number of “rogue dimensions”

with abnormally large means that can dominate co-

sine similarity. They propose z-score standardiza-

tion as a fix. Whether this affects modern embed-

ding models used for QE has not, to our knowl-

edge, been investigated.

3 System Description

The QE system under study operates as a compo-

nent within a translation pipeline. For each seg-

ment, it produces a quality score used to make a bi-

nary accept/reject decision via a per-group thresh-

old.1

Dedicated QE Model. The dedicated model

uses XLM-RoBERTa-large (1024-dimensional

embeddings) to encode source and translation

independently, constructs a 4096-dimensional

feature vector via concatenation and element-wise

operations, and passes this through a trained

regression head. The raw model output is rescaled

to [0, 1] through post-processing normalizations.

Embedding-Based Scorer. The replace-

ment scorer uses Gemini embeddings

(gemini-embedding-001) with the

SEMANTIC SIMILARITY task type (Lee et

al., 2025). Source and translation are embedded

independently into 1536-dimensional vectors.2

The scoring steps are:

1. Compute cosine similarity: cos(es, et)

2. Rescale to [0, 1]: (cos+1)/2

3. Apply post-processing normalizations

4. Compare against the per-group threshold for

the accept/reject decision

1A group is defined by account, language pair, and content
domain.
2Truncated from the model’s maximum 3072 dimensions via
its built-in variable-dimensionality support.
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Account N % Perf. Src Top targets

A 4,318 38.1 en, sv zh, pt, ru, fr
B 2,666 36.2 en de, ja, fr, es
C 1,032 56.0 en fr, es, de, it
D 700 27.4 en ja, es, fr, zh
E 687 39.0 en pt, it, ja, zh
F 597 78.2 en fr, es, pt, it

Total 10,000 41.1 38 target langs

Table 1: Dataset summary. Accounts are anonymized.
Source languages are predominantly English with minor
Swedish source. “% Perf.” is the proportion labeled as ac-
ceptable.

4 Experimental Setup

Dataset. We sampled 10,000 translation seg-

ments from a pool of 2.1 million segments across

six accounts (Table 1). The data are proprietary

production content from a large language service

provider; no raw translation text is disclosed. The

segments are predominantly English source text

translated into 38 target languages, covering do-

mains such as technical documentation, user in-

terfaces, and support content. Each segment car-

ries an independent human quality annotation in-

dicating whether the translation meets quality stan-

dards: 41.1% are labeled as acceptable, 58.9% re-

quire review.

Evaluation Metrics. We evaluate using three

metrics that reflect both statistical discrimination

and practical applicability:

• AUC-ROC: threshold-independent measure

of the scorer’s ability to separate acceptable

from non-acceptable segments.

• Qualifying accounts: number of accounts

(out of 6) where a threshold can be found

satisfying minimum precision (≥ 0.8), mini-

mum support (≥ 50 segments), and minimum

volume constraints.

• Acceptance rate: percentage of words ac-

cepted at the optimal threshold, a key

throughput indicator.

Protocol. We use a 70/30 train/test split stratified

by the quality label (7,000/3,000 segments). All

calibration models are fit on the training set and

evaluated on the held-out test set. All data were

used in accordance with applicable data processing

agreements.

Finding Value Interpretation

Top rogue dim (115) µ=−0.242 11× std
Top-5 contribution 24.9% ≈1/4 of total score

r
2 after removal 0.9991

Near-perfect rank

preservation
Max per-account ∆ 0.14% No group > 5%

Table 2: Rogue dimension analysis. Despite accounting for
nearly a quarter of total cosine similarity, rogue dimensions
act as constant offsets: removing them changes rankings by
only 0.09%.

5 Experiments and Results

5.1 Experiment 1: Rogue Dimension Analysis

Hypothesis. Following Timkey and van Schijn-

del (2021), Gemini embeddings may contain rogue

dimensions whose abnormally large means domi-

nate cosine similarity and distort quality rankings.

Removing them might improve discrimination.

Method. We compute per-dimension mean and

standard deviation across the full corpus of 20,000

embedding vectors (10K source + 10K target). We

flag dimensions where |µd| exceeds 10 standard

deviations of the distribution of dimension means.

We then measure: (a) how much the top-k rogue

dimensions contribute to total cosine similarity,

and (b) the r2 between original and post-removal

scores to see whether rankings change.

Results. Rogue dimensions are present: dimen-

sion 115 has a mean of −0.242, roughly 11× the

standard deviation of all dimension means, and the

top 5 dimensions account for 24.9% of total cosine

similarity. However, as Table 2 shows, removing

them has negligible impact on rankings.

The explanation is that rogue dimensions add a

near-constant term to all similarity scores. Since

the accept/reject decision depends on rankings

(threshold-based classification), a constant offset

is harmless. This extends the findings of Timkey

and van Schijndel (2021) to Gemini embeddings:

rogue dimensions exist but do not distort quality

rankings.

5.2 Experiment 2: Score Calibration

Hypothesis. The raw cosine similarity scores

may be poorly calibrated for the accept/reject de-

cision. Post-processing could improve discrimina-

tion.

Methods. Three calibration approaches of in-

creasing complexity were tested:
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Method AUC Qual. Acc. %

Dedicated model (COMET) 0.631 — —

Baseline (cosine) 0.627 1/6 14.4

Monotonic norm. 0.627 1/6 14.4

Isotonic regression 0.627 1/6 17.1

Feature combination 0.561 0/6 0.0

LightGBM cal. head 0.751 2/6 34.8

Table 3: Score calibration results on the test set (N=3,000).
The dedicated COMET model is shown for reference
(threshold-based metrics not directly comparable due to dif-
ferent score distributions). “Qual.” = accounts meeting min-
imum quality criteria. “Acc. %” = best per-account word ac-
ceptance rate at optimal threshold. The LightGBM calibration
head (§5.3) is trained on normalized cosine and surface-level
features.

1. Monotonic normalization: an unsupervised

monotonic transform that maps scores to a

uniform distribution on [0, 1].

2. Isotonic Regression (IR): a supervised, non-

parametric method that learns a monotone

mapping from raw scores to empirical proba-

bilities of being acceptable (Niculescu-Mizil

and Caruana, 2005).

3. Feature Combination (FC): logistic regres-

sion over multiple features extracted from the

embedding pairs, including cosine similarity

and various distance measures.

Results. Table 3 presents the results. Both the

monotonic normalization and isotonic regression

produce AUC identical to the baseline (0.627).

This confirms a mathematical property of AUC:

monotonic transforms preserve rankings by defi-

nition and therefore cannot change it.

The feature combination approach performs

worse than the baseline (AUC 0.561 vs. 0.627),

with zero qualifying accounts. Gemini embed-

dings are perfectly L2-normalized by design, so

the norm ratio across all 10,000 pairs has zero vari-

ance, making norm-based features constant and

uninformative. The remaining distance-based fea-

tures are monotonic functions of cosine similarity

for L2-normalized vectors, so they carry no addi-

tional signal.

5.3 Experiment 3: Learned Calibration Head

Hypothesis. A learned model that combines

embedding-derived features with surface-level text

quality indicators may overcome the cosine satu-

ration ceiling by exploiting signals orthogonal to

semantic similarity.

Method. We train a LightGBM (Ke et al., 2017)

gradient-boosted tree classifier to predict whether a

segment is acceptable, framing QE as binary clas-

sification. The feature set combines embedding-

derived similarity measures with surface-level

text quality indicators. Training uses binary

cross-entropy loss with word-count-weighted sam-

ples, aligning the objective with the downstream

throughput metric (accepted words rather than ac-

cepted segments). Hyperparameters are tuned via

cross-validation on the training set.

Crucially, the model does not use the source

and target embeddings directly (no concatenation,

no element-wise operations). All embedding in-

formation is mediated through cosine similarity

and its normalized variants. This design reflects

the finding that the 1536-dimensional embeddings

contain mostly linguistic content rather than qual-

ity signal, making high-dimensional features noisy

for a 7,000-sample dataset.

Results. The LightGBM calibration head

achieves AUC 0.751 (Table 3), substantially above

both the cosine baseline (0.627) and the dedicated

COMET model (0.631). Two of six accounts

qualify for deployment (vs. one for the cosine

baseline), and the best per-account acceptance rate

reaches 34.8% (vs. 14.4%). In operational terms,

this means substantially more translation volume

can be auto-approved, reducing human review

load.

Feature importance analysis reveals that

surface-level features collectively outweigh the

embedding-derived features. This confirms that

the improvement comes primarily from signals

orthogonal to embedding similarity, capturing

error patterns that cosine similarity cannot detect.

5.4 Root Cause: Score Saturation

The experiments above show that the AUC ceiling

of around 0.63 is not caused by rogue dimensions,

poor score calibration, or unexploited embedding

features. The root cause is simpler: cosine sim-

ilarity measures semantic overlap, and trans-

lations inherently have near-perfect semantic

overlap with their source.

Even a poor translation typically covers the

same topic, mentions the same entities, and uses

related vocabulary, all of which embedding sim-

ilarity captures. The quality-relevant differences
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Figure 1: Distribution of cosine similarity scores for accept-
able vs. non-acceptable segments. Both distributions over-
lap heavily in the 0.94–0.99 range, leaving minimal room for
threshold-based separation.

(a dropped negation, an incorrect number, wrong

terminology) are subtle linguistic details that pro-

duce negligible movement in a 1536-dimensional

embedding space.

Empirically, cosine similarity scores cluster in

the 0.94–0.99 range for both acceptable and non-

acceptable segments (Figure 1). The mean score

difference between the two classes is only 0.004

(acceptable: 0.951, needs review: 0.947), com-

pressed into a range of roughly 0.05 units, which

severely limits threshold-based discrimination.

This contrasts with how dedicated QE models

work. The [es; et; |es− et|; es⊙ et] feature vector

explicitly preserves element-wise differences, and

the regression head learns to amplify divergences

that signal quality problems. Raw cosine similar-

ity collapses all pairwise information into a single

scalar, discarding the fine-grained signal that QE

requires. Even the dedicated COMET model only

reaches AUC 0.631 on this data (Table 3), which

suggests that segment-level QE on heterogeneous

multilingual data is inherently challenging.

6 Discussion

Generalizability. We argue that the saturation

effect is structural: it follows from what cosine

similarity measures, not from the specific embed-

ding model. Any model optimized for seman-

tic similarity will produce high scores for source-

translation pairs, because adequate translations are

semantically similar by definition. The LightGBM

result reinforces this: the improvement comes pri-

marily from non-embedding features, confirming

that cosine similarity itself provides limited qual-

ity signal. Embedding similarity may still be use-

ful for system-level comparisons (ranking differ-

ent MT engines), where outputs genuinely differ

in semantic fidelity. The limitation is specific to

segment-level QE within a single system.

Calibration vs. Discrimination. Monotonic

transforms preserve rankings by construction and

therefore cannot improve AUC (Niculescu-Mizil

and Caruana, 2005). It is important to distinguish

calibration problems (fixable via score remapping)

from discrimination problems (which require a

different model).

Practical Recommendations. Embedding co-

sine similarity should not be treated as a drop-in

replacement for trained QE models. The Light-

GBM calibration head demonstrates a viable mid-

dle ground: a lightweight learned model that com-

bines normalized cosine with surface-level text

features can substantially outperform both raw co-

sine and the dedicated COMET model, without

requiring the large-scale human annotation data

that dedicated QE models depend on. When a

dedicated model is unavailable, such learned cal-

ibration approaches are preferable to attempting to

post-process similarity scores.

Limitations. This study uses a single embedding

model (Gemini), a single pipeline, binary qual-

ity labels (not continuous MQM scores), and data

from a single domain. Nevertheless, we expect

other general-purpose embedding models to ex-

hibit similar saturation, since the effect follows

from what cosine similarity measures rather than

from the specific model. The AUC difference be-

tween models (0.004) is small and we do not report

bootstrap confidence intervals; however, the core

finding rests not on the magnitude of this differ-

ence but on the saturation mechanism that bounds

it. Evaluating this hypothesis across other embed-

ding models, and testing the learned calibration ap-

proach on larger datasets with continuous quality

labels, are immediate next steps.

7 Conclusion

This paper presented a systematic investigation

into using Gemini embedding cosine similarity

as a replacement for dedicated neural QE. Rogue

dimension analysis and score calibration experi-

ments confirm that cosine similarity saturates for

source-translation pairs because even poor trans-

lations preserve most of the source semantics, re-

sulting in an AUC ceiling of approximately 0.63.
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This ceiling cannot be addressed through calibra-

tion or feature engineering; it reflects a fundamen-

tal limitation of reducing a high-dimensional pair-

wise comparison to a single similarity scalar.

However, the saturation ceiling is not a hard

limit on the data itself. A LightGBM calibration

head trained on normalized cosine and surface-

level text features achieves AUC 0.751, substan-

tially exceeding both the cosine baseline and the

dedicated COMET model. The improvement is

driven primarily by features orthogonal to embed-

ding similarity, confirming that the quality signal

cosine collapses can be recovered through comple-

mentary indicators. This suggests that the path for-

ward for lightweight QE lies in learned models that

combine embedding-derived signals with surface-

level text features, rather than in better embeddings

or more sophisticated similarity measures.
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Abstract

Valencian, the Western Catalan variety used

in the Valencian Community of Spain, lacks

a dedicated language code in most multi-

lingual machine translation (MT) systems,

and is systematically rendered closer to the

standard written Eastern Catalan used in

Catalonia. We address this gap by adapt-

ing TranslateGemma-4B-IT, a 4-billion-

parameter instruction-tuned (IT) large lan-

guage model (LLM) specialized for trans-

lation, via three post-training strategies

using only public corpora and Quantized

Low-Rank Adaptation (QLoRA): (i) super-

vised fine-tuning (SFT); (ii) Group Rela-

tive Policy Optimization (GRPO), a rein-

forcement learning (RL) technique, with

chrF plus a naturalness reward (GRPOV1);

and (iii) GRPO with a composite automatic-

metric reward (GRPOV2). Our results sug-

gest that reward-function alignment with

the target dialect is a key determinant of RL

success in low-resource dialectal MT.

1 Introduction

Valencian belongs to the Western branch of the

Catalan language family and holds official status

alongside Spanish (ES) in the Valencian Commu-

nity.

Its morphological and lexical properties diverge

in important ways from the standard written East-

ern Catalan used in Catalonia. Among the most fre-

quent contrasts are verbal morphology (nearly all

subjunctive forms differ, e.g. diga/digui) and third-

person possessives (seua/seu vs. seva/seu). Some

© 2026 The authors. This article is licensed under a Creative
Commons 4.0 licence, no derivative works, attribution, CC-
BY-ND.

temporal and lexical items also differ: hui/avui,

xicotet/petit, vore/veure.

In current NLP practice, however, these two vari-

eties are conflated under the ISO 639-1 code “ca”:

most parallel corpora assign this label to the stan-

dard written Eastern Catalan used in Catalonia, and

translation models include no dialect-specific code.

Although Valencian does hold a dedicated code in

the finer-grained ISO 639-6 standard (vlca), and

several open-source software packages already em-

ploy this variety, these dialectal identifiers remain

unsupported by major MT frameworks.

TranslateGemma-4B-IT (Finkelstein et al.,

2026) is a representative example of this limitation.

The model conditions on a target lang code

prompt field, but only “ca” is available for the

entire Catalan continuum. Zero-shot prompting

with this code predominantly produces Eastern

Catalan morphological forms regardless of the

user’s intended regional target.

Adapting such a model without full fine-tuning,

without proprietary data, and without sufficient

computational resources poses a realistic challenge

for practitioners working on regional varieties, and

thus constitutes the central motivation of this pa-

per1.

We make three specific contributions. First, we

establish a reproducible QLoRA-based SFT ap-

proach for the ES–VLCA direction, where QLoRA,

an efficient fine-tuning method that applies low-

rank adapters to quantized models, substantially

closes the zero-shot quality gap. Second, we con-

duct a systematic comparison of two GRPO reward

designs for dialectal MT: one that incorporates a

learned naturalness classifier, and one relying on

automatic reference-based metrics and type-token

1Code available at https://github.com/

guerreropaula/spanish-valencian-mt-rl.
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ratio (TTR). Third, we introduce a dialectal Va-

lencian score (DVS) as a complementary evalua-

tion axis alongside standard MT metrics, and use

it to demonstrate that the reward design choice has

opposing consequences for translation quality and

dialect production.

2 Background

Dialectal and low-resource MT. Neural ap-

proaches to dialectal variation have progressed from

rule-based dialectal preprocessing pipelines (Sal-

loum and Habash, 2012) to unified neural mod-

els that utilize multitask learning (Baniata et al.,

2018). Nevertheless, much of the research in dialec-

tal MT has primarily focused on Arabic varieties.

Regarding the Iberian languages, there is compara-

tively little prior work, and systems addressing the

Catalan–Valencian divergence have received lim-

ited attention despite the growing availability of

resources from the AINA initiative (Villegas, 2023)

and the PlanTL-GOB-ES corpora (Secretarı́a de

Estado de Telecomunicaciones y Sociedad de la

Información, 2015). In this context, Apertium (For-

cada et al., 2011), an open-source rule-based MT

platform currently used by several Valencian insti-

tutions, represents one of the main references for

Valencian MT.

The most closely related prior work is

Galiano Jiménez et al. (2024), who developed sys-

tems for the WMT 2024 shared task on translation

into low-resource languages of Spain, exploiting

Valencian and Catalan as auxiliary transfer-learning

languages. Our approach differs in that we target

ES–VLCA directly, adapt a translation-specialized

LLM via QLoRA-based post-training rather than

building dedicated MT pipelines, and introduce a

comparison of RL reward designs for dialectal adap-

tation. The challenge is compounded by the fact

that the two varieties share a large common vocabu-

lary, so models trained on standard Eastern Catalan

can achieve acceptable metric scores on Valencian

test sets while still producing incorrect morphologi-

cal forms.

RL for MT refinement. Sequence-level training

with automatic metrics such as BLEU (Papineni et

al., 2002) and ROUGE (Lin and Hovy, 2003) as a

reward was proposed by Ranzato et al. (2016) and

extended to human preference signals by Kreutzer

et al. (2018). Wu et al. (2018) provide a system-

atic study of RL training strategies for neural MT

(NMT), showing that reward shaping—the practice

of designing intermediate rewards to guide policy

updates—and baseline design are critical for sta-

ble training. Work using quality-aware decoding

with learning-based metrics such as COMET and

BLEURT (Rei et al., 2020; Sellam et al., 2020) has

further shown that these metrics capture translation

quality better than n-gram overlap alone (Fernan-

des et al., 2022). In this context, GRPO (Shao et

al., 2024), originally developed for mathematical

reasoning, eliminates the value network (critic) by

normalizing rewards within sampled output groups,

therefore reducing memory requirements and mak-

ing it tractable for billion-parameter models under

constrained hardware. Recent work has applied

similar RL objectives to GRPO directly to MT, in-

cluding Feng et al. (2025) and the WMT 2025 sub-

mission by Wang et al. (2025), further highlighting

the growing adoption of RL-based refinement meth-

ods for translation LLMs.

Naturalness in MT. Improving the naturalness

and fluency of MT output is a distinct and under-

studied goal. MT outputs exhibit reduced lexical di-

versity and increased source-language interference

compared to human translation: what is referred

to as machine translationese (Vanmassenhove et

al., 2021). Metrics such as TTR and MTLD are

designed to capture such effects. In parallel, Lai et

al. (2025) propose an RL-based alignment frame-

work for neural MT that uses COMET and binary

classifiers—trained on human translation (HT), ma-

chine translation (MT), and original target-language

data (OR)—as reward models to approximate hu-

man preference. Their findings directly motivate

both the TTR component in our GRPOV2 reward

and our decision to test a learned HT/MT natural-

ness classifier as part of the GRPOV1 reward.

Parameter-efficient fine-tuning. Low-Rank

Adaptation (LoRA) (Hu et al., 2022) constrains

weight updates to low-rank decompositions; com-

bined with 4-bit NF4 quantization as in Quantized

LoRA (QLoRA) (Dettmers et al., 2023), it enables

adaptation of multi-billion-parameter models on a

single GPU, which is the hardware regime assumed

throughout this work. We therefore adopt this

approach in our experiments.

3 System description

3.1 Training pipeline overview

Figure 1 illustrates the two training pipelines inves-

tigated. Both share an SFT stage that adapts the
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base model to the ES–VLCA direction; they diverge

only in the subsequent GRPO reward design.

TranslateGemma-4B-IT
(zero-shot)

SFT
ES–VLCA

GRPOV1
chrF + classifier

GRPOV2
composite reward

Pipeline A Pipeline B

Figure 1: Training pipelines. Both share the SFT stage and dif-
fer only in the GRPO reward signal applied thereafter; Pipeline
B performs best.

3.2 Base model

TranslateGemma-4B-IT (Finkelstein et al., 2026)

is a 4-billion-parameter instruction-tuned model

pre-trained to optimize translation quality across

55 languages. Following the authors’ specification,

we use the structured JSON template with “ca” as

target language code throughout all experimental

conditions; no Valencian-specific code is available.

3.3 Data

SFT corpus. We use the GPLSI AMIC parallel

dataset,2 which provides 50,000 ES–VLCA sen-

tence pairs sourced from news articles published

by the Associació de Mitjans d’Informació i Co-

municació (AMIC). The target Valencian side ex-

poses the model to the morpho-lexical features that

distinguish the desired variety from other Catalan

varieties.

GRPO corpus. The Spanish source side of the

same corpus is reused for RL training: 5,000 sen-

tences for GRPOV1 and 10,000 for GRPOV2.

These subsets are randomly sampled from the

50,000 pairs. The smaller corpus for GRPOV1

reflects the higher per-step computational cost of

the classifier reward, which made training on more

sentences infeasible given the available hardware.

Note that this difference in corpus size means the

two GRPO variants are not fully matched in com-

pute; readers should bear this in mind when com-

paring their results directly. Valencian references

are used solely to compute reward signals and are

never provided to the policy as decoding context.

2https://huggingface.co/datasets/gplsi/

amic_parallel

HT/MT classifier training data. The naturalness

classifier, further explained in Section 3.6, is trained

on professional human translations drawn from

TildeMODEL (general), DOGC (official/legal), and

Europarl (parliamentary), paired with MT outputs

from OPUS-MT (Tiedemann and Thottingal, 2020)

and NLLB-200 (Costa-jussà et al., 2022), yielding

108,000 training and 12,000 validation instances.

Each system produces 50% of the translations to

prevent system-specific bias. We note that all clas-

sifier training data derive from standard Eastern

Catalan corpora. This distribution gap between

standard Eastern Catalan and Valencian is the cen-

tral limitation we identify in Section 6. The use

of a standard-Catalan classifier was motivated by

the absence of sufficiently large Valencian human-

translation corpora suitable for classifier training.

Evaluation. All systems are evaluated on the

GPLSI ES–VLCA translation test set,3 a 1,000-

sentence held-out set of professional news transla-

tions, which ensures adherence to dialectal particu-

larities.

3.4 Supervised fine-tuning

QLoRA targets all attention and feed-forward pro-

jection matrices with rank r=16, scaling α=32,

and 4-bit NF4 double quantization, yielding 32.8M

trainable parameters (0.76% of 4B). The model is

trained for three epochs over the 50,000 parallel

sentence pairs.

3.5 HT/MT naturalness classifier

We fine-tune RoBERTa-ca (Armengol-Estapé et

al., 2021) as a binary classifier estimating

P (HT | hypothesis). On the standard-Catalan val-

idation set it attains accuracy 74.7%, F1 74.5%,

recall 74.7%, and precision 75.2%. We acknowl-

edge that an F1 of approximately 75% represents

a moderate level of reliability; its limitations in

the context of reward modeling are discussed in

Section 6.

3.6 GRPOv1: hybrid reward

Following SFT, we apply GRPO-based RL to fur-

ther refine the model. GRPO is a policy-gradient

algorithm in which rewards are normalized within a

group of sampled outputs for the same input, elimi-

nating the need for a separate value network (Shao

3https://huggingface.co/datasets/gplsi/

ES-VA_translation_test
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et al., 2024). For each source sentence, the pol-

icy samples G=4 independent hypotheses. Within-

group reward normalization produces advantage es-

timates used by the GRPO objective with Kullback–

Leibler (KL) divergence penalty β=0.04 and learn-

ing rate 5×10−6. In this first variant, the reward

combines reference fidelity and estimated natural-

ness:

r = (1− α) rc + α rt (1)

where rc = chrF/100 and rt = P (HT | hyp).
To prevent the naturalness term from destabiliz-

ing early training, α is held at zero for the first 50

warm-up steps and then increases linearly to 0.3.

Training proceeds for 100 steps; the checkpoint at

step 80 is retained based on held-out reward.

3.7 GRPOv2: composite automatic-metric

reward

GRPOV2 eliminates the classifier dependency, re-

placing it with a combination of three automatic

signals:

r = 0.5 r̂chrF+0.3 r̂COMET+0.2TTR−1[copy]
(2)

where r̂(·) denotes min-max normalization to

[0, 1]. The chrF and COMET components capture

surface-level similarity and semantic adequacy, re-

spectively, while the type-token ratio (TTR) pro-

motes lexical diversity and discourages repetitive

outputs.

The 1[copy] term equals 1 when the hypothesis

reproduces the source sentence verbatim, enforcing

a penalty for copying. This is motivated by the high

lexical overlap between Spanish and Valencian as

a closely related language pair. Training runs for

200 steps over 10,000 sentences (PPO clip4 ε=0.2,

β=0.04). The final model is selected based on the

highest mean reward.

4 Evaluation

Standard MT metrics. We report chrF, BLEU,

TER, BLEURT, and COMET (Popović, 2015; Pa-

pineni et al., 2002; Snover et al., 2006; Sellam et

al., 2020; Rei et al., 2020). TER is expressed as a

percentage throughout.

4PPO (Proximal Policy Optimization) clip is a hyperparameter
ε that constrains how far the updated policy may deviate from
the previous one in a single gradient step.

System chrF↑ BLEU↑ TER%↓ BLEURT↑ COMET↑

Baseline 69.02 39.22 40.30 0.258 0.906
SFT 83.16 60.16 22.80 0.524 0.934
GRPOV1 81.65 56.94 23.96 0.481 0.926
GRPOV2 84.68 62.16 20.63 0.544 0.936

Table 1: Translation quality on the 1,000 ES–VLCA test set.
Best in bold. TER: lower is better; reported as percentage.

Dialectal Valencian score (DVS). We introduce

the dialectal Valencian score (DVS), which mea-

sures how frequently a system produces Valencian-

specific morpho-lexical surface forms rather than

their Eastern Catalan equivalents. We compile a

vocabulary of 35 contrastive pairs selected on two

criteria: (i) minimum frequency of five occurrences

in the 1,000-sentence test set for at least one vari-

ant, and (ii) representation across morphological

categories (possessives, temporal adverbials, ver-

bal stems, and common lexical alternates), with a

roughly equal split across categories. Examples

include seua/seva (possessive), hui/avui (temporal

adverb), and xicotet/petit, vore/veure (lexical alter-

nates). The 35-pair list is provided in Appendix A.

DVS is independent of the reference-based metrics

above: a system can score high on chrF while still

not adhering to Valencian morphology and lexicon.

5 Results

5.1 Automatic translation quality

Table 1 reports metric scores on the test set. SFT

delivers the largest single-step absolute improve-

ment: chrF rises 14.1 points, BLEU 20.9 points,

and TER falls 17.5 percentage points relative to the

zero-shot baseline. GRPOV2 consistently outper-

forms SFT across all five metrics, with further gains

of 1.5 chrF, 2.0 BLEU, and 2.2 TER. By contrast,

GRPOV1 regresses below SFT on every metric, a

pattern we analyze in Section 6.

5.2 Dialectal Valencian score

Figure 2 and Table 2 present DVS results. SFT

achieves the highest overall score (41.0%), confirm-

ing that direct supervised exposure to Valencian

forms is the most effective lever for dialect adapta-

tion. GRPOV2 retains most of this gain (36.2%),

indicating that character-level reward partially re-

inforces Valencian-specific tokens. GRPOV1, by

contrast, collapses to 15.9%, less than half the value

of the SFT checkpoint it is initialized from.
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Figure 2: Dialectal Valencian score (DVS): percentage of
Valencian forms produced over the 1,000-sentence test set.
DVS is computed where at least one contrastive variant is
contextually present.

CA VLCA Base SFT v1 v2

petit xicotet 0% 100% 0% 100%
veure vore 0% 83% 0% 17%
avui hui 0% 71% 0% 86%
seva seua 0% 100% 45% 100%

Table 2: Feature-level DVS for four representative pairs (see
Appendix A for the full 35-pair list). GRPOV1 (v1) scores 0%
on most Valencian features despite initializing from the SFT
checkpoint.

5.3 Qualitative analysis

Table 3 presents a representative example from the

test set. All four systems preserve the propositional

content; the difference lies in the third-person femi-

nine possessive seva/seua (“su”). The baseline and

GRPOV1 produce the Eastern Catalan seva; SFT

and GRPOV2 produce the Valencian form seua.

6 Analysis

Classifier-induced dialect suppression in GR-

POv1. The performance collapse of GRPOV1

can be traced directly to the distribution mismatch

of its classifier. The reward in GRPOV1 penal-

izes Valencian-specific forms, because the classifier

was trained exclusively on standard Eastern Cata-

lan data and consequently assigns lower naturalness

scores to Valencian morphology. This behavior is

consistent with the finding of Lai et al. (2025) that

naturalness classifiers underperform as reward sig-

nals when there is a mismatch between the training

data and the target-side data used during alignment;

we extend this observation to the cross-variety set-

ting. As shown in Table 2, feature-level DVS data

support this interpretation: GRPOV1 produces the

Valencian possessive seua in only 45% of instances

despite the SFT model using it in 100%.

System Output

ES source Su participación en este concurso le dio la
oportunidad de entrar al mundo artı́stico.

Baseline La seva participació . . . l’oportunitat
d’entrar al món artı́stic.

SFT La seua participació . . . l’oportunitat
d’ingressar al món artı́stic.

GRPOV1 La seva participació . . . l’oportunitat
d’ingressar al món artı́stic.

GRPOV2 La seua participació . . . l’oportunitat
d’ingressar al món artı́stic.

Table 3: Qualitative comparison. Bold: Eastern Catalan form;
italic: Valencian form.

Composite reward and metric complementar-

ity. The three components of the GRPOV2 re-

ward serve distinct roles. ChrF provides character-

level supervision that rewards partial morpholog-

ical matches, which is particularly important for

Valencian-specific suffixes, verb inflections, and

possessive forms that differ minimally from their

standard Catalan counterparts; this may account for

the near-complete preservation of dialectal accu-

racy relative to the SFT checkpoint. The COMET

term introduces semantic evaluation, ensuring that

dialectal variation does not come at the cost of

meaning preservation. TTR penalizes repetition

without imposing any preference over the lexical

inventory of the target variety, thus avoiding the

classifier-induced dialect suppression documented

in GRPOV1. Finally, the copy penalty discourages

verbatim source copying, motivated by the high

similarity between the language pair. The effec-

tiveness of this configuration suggests that multi-

objective RL rewards combining fidelity and se-

mantic quality signals are more robust than single-

metric or classifier-based approaches for dialectal

low-resource translation.

SFT as the primary dialect-adaptation signal.

The highest DVS is achieved by SFT rather than

by any RL variant. This reveals a tension in the

reward: scalar reward signals provide no explicit

incentive for producing Valencian-specific lexical

choices. Direct SFT, by contrast, supplies explicit

examples of the desired dialectal distribution, thus

providing an unambiguous policy gradient toward

the desired Valencian variety. Accordingly, future

work should prioritize the curation of high-quality,

dialect-annotated parallel corpora; enlarging the

SFT training data is likely to result in higher returns

for dialect adaptation than further RL tuning over

resource-constrained settings.
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7 Limitations

The training and evaluation data derive from a sin-

gle domain (news journalism), and performance

on legal, administrative, or literary Valencian text

remains untested. DVS, while interpretable and

useful in this work, captures only lexical surface

contrasts and does not account for morphosyntactic

divergences (verbal periphrases, clitic ordering, ver-

bal paradigm differences such as subjunctive forms

that are equally characteristic of Valencian). Fur-

thermore, the current DVS is primarily based on

the written standard established by the Valencian

normative authority (Acadèmia Valenciana de la

Llengua, 2006); a DVS inclusive of all competing

standards would likely yield different results.

The automatic naturalness signals in GRPOV2

(type-token ratio, chrF, COMET) remain shallow

proxies for fluency that would ideally be validated

against native-speaker judgments. Training hard-

ware constraints bound the total compute invested

and may affect reproducibility across configura-

tions. The non-comparability of compute between

GRPOV1 and GRPOV2 (5,000 vs. 10,000 training

sentences) is an additional caveat when interpret-

ing their relative performance. Finally, our exper-

iments cover a single language pair and domain;

the conclusions drawn about reward-function align-

ment and dialect suppression should therefore be

interpreted as initial findings that warrant replica-

tion across other dialectal pairs before being further

generalized.

8 Conclusion

We have shown that a pre-trained translation-

specialized LLM can be adapted to the under-

resourced Valencian dialect through lightweight

post-training on publicly available corpora and com-

modity hardware. SFT on 50,000 in-domain pairs

constitutes the single largest improvement (+14.1

chrF, +20.9 BLEU) and achieves the highest di-

alectal form production rate (41.0% DVS). GR-

POV2 improves on SFT across all five standard

MT metrics and retains 36.2% dialectal adequacy,

establishing a strong baseline for the ES–VLCA

direction. The regression of GRPOV1 has impli-

cations beyond this language pair: a naturalness

classifier trained on a related standard variety is ac-

tively harmful when applied as an RL reward signal

for dialectal adaptation, since, as demonstrated, it

systematically penalizes the target dialect’s char-

acteristic forms. This outcome underscores the

importance of aligning reward models with the ac-

tual target variety. Future work should address this

by (i) training the naturalness classifier exclusively

on high-quality professional Valencian translations;

(ii) scaling the SFT corpus via controlled data aug-

mentation; (iii) extending DVS to morphosyntactic

features beyond surface contrasts, while account-

ing for competing Valencian written norms; and

(iv) conducting human evaluation with native Va-

lencian speakers to disentangle automatic-metric ar-

tifacts from real translation quality improvements.
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Armengol-Estapé, Jordi, Casimiro Pio Carrino, Carlos
Rodriguez-Penagos, Ona de Gibert Bonet, Carme
Armentano-Oller, Adriana Gonzalez-Agirre, Maite
Melero, and Marta Villegas. 2021. Are Multilin-
gual Models the Best Choice for Moderately Under-
resourced Languages? A Comprehensive Assessment
for Catalan. In Findings of ACL-IJCNLP 2021, pages
4933–4946.

Baniata, Laith H., Seyoung Park, and Seong-Bae Park.
2018. A Neural Machine Translation Model for Ara-
bic Dialects that Utilises Multitask Learning (MTL).
Computational Intelligence and Neuroscience, 2018.
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A DVS Contrastive Vocabulary

Table 4 lists all 35 contrastive pairs used to compute

the dialectal Valencian score. The pairs are grouped

by morphological category. All pairs meet the mini-

mum frequency threshold of five occurrences in the

1,000-sentence test set. The list reflects primarily

the AVL written standard.

Category CA form VLCA form

Determiners & possessives
aquesta esta
aquest este
aquestes estes
aquests estos
seva seua
seves seues
darrer últim
darrers últims
darrera última

Verbal stems & inchoative endings
tenir tindre
obtenir obtindre
veure vore
segueix seguix
segueixen seguixen
requereix requerix
divideix dividix
constitueixen constituı̈xen
absorbeixen absorbixen

Lexical alternates
nens xiquets
nen xiquet
nena xiqueta
nenes xiquetes
petit xicotet
petits xicotets
petita xicoteta
feina faena
feines faenes
cop colp
cops colps
avui hui
servei servici
serveis servicis
mirall espill
tomàquet tomaca
tomàquets tomaques

Table 4: Full DVS contrastive vocabulary grouped by mor-
phological category. Pairs reflect the AVL written standard.
Each entry represents a CA–VLCA surface-form pair; DVS
is computed over sentences where at least one variant of each
pair is contextually present.
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Abstract

Movie subtitle translation is inherently mul-

timodal, yet text-only systems often miss

visual cues needed to convey emotion, ac-

tion, and social nuance, especially for low-

resource Indic languages (English to Hindi,

Bengali, Telugu, Tamil and Kannada). We

present a case study on five full-length

films and compare two lightweight visual

grounding strategies: structured attribute

summaries from a 5-minute sliding window

and free-text summaries of inter-subtitle vi-

sual gaps. Our analysis shows that temporal

misalignment between subtitles and frames

is a major obstacle in long-form video, of-

ten rendering indiscriminate visual ground-

ing ineffective. However, oracle selective1

grounding, which replaces only the lowest-

quality 20-30% of baseline segments with

visual-enhanced outputs, consistently im-

proves COMET over the text-only base-

line while requiring far less visual process-

ing. Among the two approaches, coarse

attribute-based visual context summariza-

tion is more robust, capturing scene-level

emotion and contextual subtle cues that text

alone often misses.

1 Introduction

The global demand for movie subtitle translation

has grown exponentially with the rise of stream-

ing platforms and international releases. Subtitles

∗Equal contribution.
∗© 2026 The authors. This article is licensed under a Creative
Commons 4.0 licence, no derivative works, attribution, CC-
BY-ND.
1Oracle selective refers to a specialized, often theoretical,
method used to achieve the absolute best outcome

must convey meaning under strict spatial and tem-

poral constraints, often compressing conversational

speech, idiomatic expressions, and cultural refer-

ences into short, timed segments. For low-resource

Indian languages characterised by rich morphol-

ogy (Singh et al., 2025a), diglossia, and sparse

parallel corpora, these challenges are magnified,

and text-only machine translation (MT) systems

frequently produce translations that are either lit-

eral or contextually inadequate (Singh et al., 2025b;

Artetxe et al., 2020).

Films are inherently multimodal: meaning is dis-

tributed across dialogue, visual scenes, character

actions, and emotional cues. In principle, incorpo-

rating visual context could disambiguate references,

resolve honorifics, and ground translations in the

on-screen situation (Elliott et al., 2016). Yet, unlike

traditional multimodal machine translation (MT)

tasks (e.g., translating image captions), movie sub-

title translation presents two distinctive difficulties.

First, most subtitle segments do not rely on visual

information. The majority of dialogues are conver-

sational and can be translated accurately from text

alone. Visual grounding is beneficial only in a mi-

nority of cases-action cues (Gain et al., 2025; Ku-

mar et al., 2025), emotion-driven (Shen et al., 2025)

exchanges, or references to visible objects. For in-

stance, translating the line “He’s coming!” requires

knowing whether the threat is a person, animal, or

vehicle; such information is visually available. In

contrast, a typical exchange like “How was your

day?” gains little from the accompanying visuals.

This asymmetry makes indiscriminate application

of computationally expensive visual processing in-

efficient and often unnecessary.

Second, visual and textual streams in long-form

movies are often misaligned. Subtitles are gener-

ated independently of video frames, and cumulative

Proceedings of the 26th Annual Conference of the European Association for Machine Translation, Vol. 2, p. 87–97, Tilburg, The Netherlands, June 2026.



Figure 1: Architecture of the multimodal subtitle translation pipeline

temporal drift can cause a substantial fraction of

subtitles to be paired with irrelevant or misleading

visuals (Wang and Zhao, 2024). Over a 180-minute

film, drift as small as one second per hour accu-

mulates to a three-minute mismatch, affecting a

notable portion of subtitle segments. When visual

context is misaligned, it ceases to be helpful and

can actively degrade translation quality (Appicharla

et al., 2024), a phenomenon rarely discussed in the

multimodal MT literature (Radinger, 2025).

Motivated by these practical realities, we con-

duct a case study that systematically compares two

summarization-based strategies for integrating vi-

sual context into subtitle translation for five Indian

languages: Hindi, Bengali, Telugu, Kannada, and

Tamil. These languages represent a range of mor-

phological complexity and cultural nuances, mak-

ing them ideal for studying multimodal subtitle

translation in low-resource settings (Eberhard et

al., 2025). The two strategies are:

1. Attribute Visual Context (Attr-VC): Ag-

gregates a 5-minute sliding window of raw

visual descriptions and summarizes them

using Llama 3.1 into structured attributes (e.g.,

setting, gender, honorifics, emotional intent).

2. Inter-Chunk Visual Summarization (Inter-

VS): Summarizes the visual content occur-

ring between dialogue turns (the gaps) into

a free-text description using Llama 3.1.

Using subtitles from five full-length movies span-

ning diverse genres, we evaluate these methods

under realistic conditions. A central finding is

that applying visual context indiscriminately often

degrades performance due to temporal misalign-

ment. However, an oracle selective grounding that

replaces the worst 20-30% of baseline segments

(by baseline COMET) with visual-enhanced trans-

lations consistently improves semantic adequacy

(COMET) over the text-only baseline, recovering

most of the gain while using only a fraction of the

visual processing. Coarse attribute-based summa-

rization proves particularly robust, capturing emo-

tional tone and scene-level cues that text alone can-

not convey. The key attribute of this work are:

1. A comparative case study of two visual sum-

marization strategies for low-resource subtitle

translation.

2. Identification and quantification of temporal

misalignment as a major practical obstacle in

long-form multimodal MT.

3. Empirical evidence that coarse attribute sum-

marization is resilient to drift and that selective

grounding can recover most of the gain.

2 Dataset Preparation and Resources

To evaluate multimodal subtitle translation in re-

alistic settings, we curate a dataset derived from

five commercially released movies selected to en-

sure diversity in genre, narrative style, and visual

complexity: Titanic (1997), Skyfall (2012), Oppen-

heimer (2023), Spider-Man 2 (2004), and Avatar 2

(2022). These films span romance, action, historical

drama, science fiction, and superhero genres, pro-

viding a wide range of dialogue types and visually

grounded scenes.

2.1 Movies and Visual Data

For each movie, we extract video frames at 24-fps

and align them with subtitle timestamps. Table 1

summarizes the visual data, including total dura-
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Movie Genre Duration Total Frames Extracted Frames

Titanic (1997) Romance, Drama, Epic 3:14:54 280,305 11,694
Skyfall (2012) Action, Adventure, Spy Thriller 2:23:10 205,952 8,589
Oppenheimer (2023) Biographical, History, Drama 3:00:22 259,472 10,822
Spider-Man 2 (2004) Superhero, Action, Sci-Fi 2:15:48 195,360 8,148
Avatar 2 (2022) Sci-Fi, Action, Adventure 3:12:38 277,117 11,558

Table 1: Visual data statistics for the five movies. Extracted frames are sampled within the time span of each subtitle segment.

Movie Total Pairs Avg Words Avg Chars

Titanic 1,991 5.64 29.57
Skyfall 1,140 5.70 29.74
Oppenheimer 3,519 5.68 31.77
Spider-Man 2 1,049 5.83 30.64
Avatar 2 1,444 6.44 32.86

Total 9,143 5.86 30.92

Table 2: Subtitle statistics per movie. Total pairs represent the
number of English subtitle segments.

tion, total frames, and the number of frames ex-

tracted within subtitle time spans (i.e., frames that

fall within the time window of a subtitle segment).

The extracted frames serve as the visual input for

our multimodal methods.

2.2 Subtitle Corpora

We extract subtitles from publicly available

sources2 and temporally align them with the corre-

sponding video segments. All subtitle pairs are pre-

processed to remove noise, normalize punctuation,

and filter excessively long or short segments. Ta-

ble 2 provides detailed statistics for each movie, in-

cluding the number of subtitle pairs (English source

and target language), average English source length

in words, and average English source length in char-

acters. Parallel subtitles are available for Hindi (all

movies except Avatar 2), Bengali and Telugu (all

movies), Kannada (all movies except Spider-Man

2), and Tamil (all movies except Titanic). This se-

lection ensures coverage of linguistically diverse

Indian languages while respecting the availability

of high-quality parallel subtitles. All movies were

legally purchased as DVDs. Frame extraction for

research constitutes fair use and follows standard

practice in video-language benchmarks.

2.3 Data Release

To foster reproducibility and further research, we

will release the curated movie-subtitle-visual align-

ment data for all five languages under a fair-use

educational/research license. The release includes

the English source, reference translations, and ex-

2http://subtitlecat.com

tracted visual descriptions. The code and instruc-

tions for reproducing the experiments will also be

made publicly available.

3 Methodology

Our methodology is designed for real-world ap-

plicability: all models are used off-the-shelf in a

zero-shot setting, no fine-tuning or training is per-

formed, and the pipeline is fully reproducible. We

use Qwen-2.5-7B-Instruct (Qwen et al., 2025) as

the translation model, Llama-3.1-8B-Instruct (Meta,

2024) for summarization (Datta et al., 2025), and

Apple FastVLM-0.5B (Vasu et al., 2025) for vi-

sual description extraction. The pipeline is de-

picted in Figure 1. For the text-only baseline,

Qwen is prompted with the English source only.

This yields the text-only translation against which

visual-enhanced methods are compared.

3.1 Visual Context Generation

From each movie, we sample frames at 1-fps and

obtain raw textual descriptions using FastVLM-

0.5B. These descriptions are then summarized by

Llama-3.1 into two distinct forms:

Attribute Visual Context (Attr-VC) A 5-minute

sliding window (centered on the subtitle start)

is aggregated and summarized into structured

attributes: [SETTING], [GENDER], [RELATION],

[HONORIFIC], and [SUMMARY]. This yields a

coarse, high-level scene description.

Inter-Chunk Visual Summarization (Inter-VS)

The raw descriptions that fall between the end of

the previous subtitle and the start of the current sub-

title (the visual gap) are summarized into a free-text

description. This captures visual events that occur

between dialogue turns. The full prompts used for

these summarization tasks are provided in Table 6.

Both the summaries are concatenated with the En-

glish source using the same prompt template, which

instructs the model to ground its translation in the

visual context.
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Figure 2: COMET gain from Oracle Selective Grounding
(30%) by movie and language. Gain is computed as the dif-
ference between the oracle selective translation (replacing the
worst 30% of baseline segments by baseline COMET) and the
text-only baseline, using the better of the two visual summari-
sation methods for each pair. Movie names are followed by
their genre in parentheses. Darker shades indicate larger gains.

3.2 Oracle Selective Grounding

To estimate the upper bound of selective visual

grounding, we compute per-segment COMET

scores for the baseline translations against the ref-

erence. We then replace the worst k% of segments

(by baseline COMET) with the corresponding

visual-enhanced translation (from either Attr-VC or

Inter-VS). We experiment with k = 20% and 30%.

This oracle analysis shows the potential improve-

ment if one could perfectly identify low-quality

baseline segments; it does not require any train-

ing and represents an upper bound for practical

quality-estimation systems.

4 Evaluation Results

4.1 Evaluation Setup

We evaluate on the full curated test set (all aligned

subtitle segments) using corpus-level BLEU (Pa-

pineni et al., 2002), chrF++ (Popović, 2015), and

COMET (Rei et al., 2020).

4.2 Results and Analysis

We compare the two visual summarisation strate-

gies Attribute Visual Context (Attr-VC) and

Inter-Chunk Visual Summarization (Inter-VS)

against a text-only baseline. We perform experi-

ments with five movies in five Indian languages

(Hindi, Bengali, Telugu, Tamil, Kannada) using

Qwen-2.5-7B.

Results for full per-movie, per-language are

shown in Table 3. Table 4 summarizes the

language-wise COMET improvements.

Figure 3: Language-wise COMET scores for the two visual
summarization methods. For each method, bars show the base-
line (text-only), full visual-enhanced translation, and oracle
selective grounding (replacing the worst 30% of baseline seg-
ments by baseline COMET). The oracle selective consistently
improves COMET over the baseline across all languages, with
relative gains of 2-5%.

4.3 Overall Observations

Both summarisation methods show that applying

visual context indiscriminately often degrades per-

formance compared to the text-only baseline. For

example, in several movie-language pairs (e.g.,

Oppenheimer Hindi, Skyfall Bengali), full VT

COMET is lower than the baseline. This is directly

attributable to temporal misalignment: when visual

frames do not match the spoken dialogue, the model

is misled. However, oracle selective grounding con-

sistently improves COMET over the baseline in

almost all cases, recovering most of the potential

gain while using only 30% of the visual processing.

Figure 2 visualises the per-movie, per-language

COMET gain from oracle selective grounding, high-

lighting that action-rich movies (e.g., Skyfall) show

larger improvements. Human evaluation with a

small set (30 examples, each for Telugu and Hindi)

confirmed that selective grounding with oracle sig-

nificantly improves adequacy: average score in-

creased from 2.9 (baseline) to 4.1 (selective) on a

1-5 scale.

4.4 Comparison of Summarization Methods

Attr-VC, which aggregates a 5-minute window

into coarse attributes, proves more robust to drift

than Inter-VS. In many cases (e.g., Avatar Ben-

gali, Oppenheimer Telugu, Titanic Hindi), its selec-

tive 30% COMET surpasses the full VT of Inter-

VS. The attribute-based representation, by ignor-

ing precise timing, effectively filters out irrelevant

frames. Inter-VS, while capturing finer-grained vi-

sual events, is more sensitive to misalignment; its

full VT often underperforms the baseline, but selec-

tive grounding still yields gains.
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Movie Lang
Baseline 5-Minute Slide Visual Attribute Inter-Chunk Visual Summarisation

BLEU chrF++ COMET Visual-Enhanced Oracle Selective Visual-Enhanced Oracle Selective

BLEU chrF++ COMET BLEU chrF++ COMET BLEU chrF++ COMET BLEU chrF++ COMET

Avatar Ben 5.68 28.71 0.6298 6.95 27.95 0.7014 6.92 29.98 0.6829 8.10 28.24 0.7137 6.91 29.80 0.6865
Avatar Tel 4.30 19.66 0.5257 3.28 18.23 0.5154 4.38 19.79 0.5390 3.67 18.32 0.5153 4.67 19.85 0.5390
Avatar Tam 3.85 23.49 0.5352 4.08 22.94 0.5545 4.24 24.36 0.5580 4.57 23.62 0.5613 4.33 24.50 0.5639
Avatar Kan 3.50 18.94 0.4857 2.34 15.20 0.4582 3.39 18.65 0.4933 2.23 15.28 0.4612 3.33 18.37 0.4946

Oppenh. Ben 8.05 29.38 0.7026 5.47 25.09 0.6735 8.03 29.41 0.7248 6.37 26.26 0.6858 8.08 29.50 0.7237
Oppenh. Hin 11.76 31.64 0.6467 8.62 27.28 0.5972 11.83 31.74 0.6642 9.62 28.72 0.6297 11.86 32.06 0.6690
Oppenh. Tel 4.04 18.86 0.5475 3.29 17.77 0.5387 3.89 19.13 0.5654 3.53 18.05 0.5379 3.96 19.21 0.5647
Oppenh. Tam 3.15 20.60 0.5366 3.15 21.37 0.5654 3.36 21.85 0.5630 3.47 21.63 0.5690 3.66 22.18 0.5715
Oppenh. Kan 2.95 16.81 0.4938 2.23 14.63 0.4740 2.96 17.20 0.5066 2.30 14.25 0.4735 2.93 17.05 0.5090

Skyfall Ben 6.31 27.30 0.6914 4.10 23.51 0.6588 6.04 27.39 0.7098 4.55 23.68 0.6612 5.93 27.14 0.7056
Skyfall Hin 6.31 25.65 0.6026 5.74 25.28 0.5882 6.53 26.68 0.6258 6.41 25.86 0.6098 6.65 26.47 0.6245
Skyfall Tel 2.47 17.68 0.5288 2.13 16.66 0.5248 2.24 18.00 0.5478 1.41 16.84 0.5157 2.16 17.86 0.5454
Skyfall Tam 2.33 21.09 0.5350 2.22 21.11 0.5581 2.59 21.78 0.5581 1.83 20.89 0.5595 2.66 22.02 0.5639
Skyfall Kan 1.59 16.88 0.4920 1.76 14.38 0.4668 1.59 16.90 0.5013 1.54 14.36 0.4682 1.58 16.80 0.5038

Spider2 Ben 9.58 26.81 0.7190 6.69 24.44 0.6902 9.10 26.97 0.7359 8.55 25.77 0.7021 9.47 27.18 0.7350
Spider2 Hin 12.33 29.15 0.6459 10.13 27.71 0.6286 12.61 30.20 0.6746 12.19 29.17 0.6532 12.93 30.32 0.6786
Spider2 Tel 5.22 18.47 0.5407 3.57 17.69 0.5349 5.04 18.84 0.5567 3.40 17.73 0.5342 5.04 18.74 0.5569
Spider2 Tam 4.12 21.65 0.5448 3.27 21.39 0.5601 4.29 22.73 0.5684 4.01 22.09 0.5694 4.32 22.83 0.5761

Titanic Ben 9.59 25.87 0.6960 7.04 22.97 0.6616 9.55 26.11 0.7130 8.65 24.97 0.6849 9.82 26.41 0.7150
Titanic Hin 11.98 26.59 0.6152 9.12 24.45 0.5711 11.92 27.12 0.6321 12.29 26.90 0.6176 12.66 27.62 0.6367
Titanic Tel 5.03 17.82 0.5350 3.85 16.99 0.5211 4.92 18.01 0.5481 4.32 17.52 0.5296 5.11 18.21 0.5494
Titanic Kan 4.95 17.16 0.4950 3.11 14.04 0.4670 4.73 16.97 0.5037 3.14 14.45 0.4665 4.86 17.03 0.5049

Table 3: Comparison of two visual summarization strategies. 5-Minute Slide Visual Attribute aggregates a 5-minute sliding
window into structured attributes (setting, gender, honorifics, emotion); Inter-Chunk Visual Summarization summarizes the visual
content between dialogue turns. For each method, we report Visual-Enhanced (using the full visual context for all segments) and
Oracle Selective (replacing the worst 30% of baseline segments by baseline COMET with the visual-enhanced translation). This
oracle shows the upper bound of selective grounding. Metrics are corpus-level BLEU, chrF++, and COMET. Bold indicates the
higher score between the two methods for the same condition (Visual-Enhanced or Oracle Selective).

Language
Attr-VC Inter-VS

Full Sel30 Full Sel30

Hindi -5.0% +3.4% 0.0% +3.9%
Bengali -1.6% +3.7% +0.3% +3.7%
Telugu -1.6% +3.0% -1.7% +2.9%
Tamil +4.0% +5.9% +5.0% +5.8%
Kannada -5.1% +2.3% -4.9% +2.4%

Table 4: Language-wise average COMET improvement (∆)
over baseline for each method and condition. Positive values
indicate improvement. Oracle Selective replaces the worst
30% of baseline segments by baseline COMET.

4.5 Language-Wise Trends

Table 4 aggregates COMET improvement over the

baseline for each language. For Attr-VC selective,

all languages show positive gains (range +2.3%

to +5.9%). The gains are larger for morpholog-

ically rich languages (Bengali, Tamil, Kannada)

where visual cues (e.g., honorifics, emotional tone)

help resolve pragmatic ambiguities. Inter-VS selec-

tive also yields consistent improvements, though

slightly lower for some languages. The COMET

improvements across languages are further illus-

trated in Figure 3.

4.6 Summary of Key Findings

Our case study yields three actionable insights:

1. Coarse attribute-based summarization is

robust to temporal drift By aggregating vi-

sual information over a 5-minute window into

structured attributes, Attr-VC achieves prag-

matic gains without being misled by mis-

aligned frames.

2. Selective visual grounding can recover most

of the gain An oracle that replaces only

the worst 20-30% of baseline segments with

visual-enhanced translations consistently im-

proves COMET over baseline, using a fraction

of the visual processing.

3. Alignment quality often outweighs architec-

tural complexity Fine-grained summarization

methods that rely on precise temporal align-

ment are fragile. For real-world deployment,

drift-tolerant architectures are preferred.

5 Discussion

Our case study reveals a central tension: while vi-

sual context can provide critical grounding for a

small subset of segments, it is irrelevant or even

harmful for the majority. This asymmetry, com-

bined with temporal misalignment, shapes the rela-

tive performance of the two summarization strate-

gies and the effectiveness of selective grounding.

5.1 When Visual Context Helps and When It

Does Not

Only a minority of subtitle segments truly depend

on visual information. Action cues (“He’s com-

ing!”), emotion-driven exchanges (“I’m so sorry”),
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and references to on-screen objects (“That one”)

require visual grounding to resolve ambiguity. For

the vast majority of conversational dialogue, text

alone is sufficient, and adding visual context adds

no benefit. In our dataset, we estimate that fewer

than 15% of subtitles are visually grounded in this

sense. This explains why even the best-performing

method oracle selective grounding-achieves only a

modest overall COMET gain (2-5%) while replac-

ing only 20-30% of segments.

5.2 Why Attribute Summarization

Outperforms Gap Summarization?

Attr-VC aggregates a 5-minute sliding window into

high-level attributes. This coarse representation

is rarely misleading for neutral segments and pro-

vides valuable pragmatic context for the minority

that need it. Moreover, it is inherently robust to mis-

alignment because it aggregates over longer time

windows, effectively ignoring irrelevant frames.

Inter-VS summarizes the visual content between

dialogue turns. This finer-grained representation

captures visual events that may be directly relevant,

but it is more sensitive to drift. When visual frames

are misaligned, Inter-VS can introduce mislead-

ing information, causing its full visual-enhanced

translations to sometimes underperform the base-

line. However, when applied selectively (only to

the worst baseline segments), Inter-VS still yields

substantial gains on the replaced set.

5.3 The Role of Oracle Selective Grounding

Our oracle analysis replaces the worst 20-30% of

baseline segments (by baseline COMET) with the

corresponding visual-enhanced translation. This

shows the upper bound of what could be achieved

with a perfect quality-estimation model. For both

methods, selective grounding consistently lifts

COMET above the baseline, often matching or even

exceeding the full visual-enhanced performance of

the other method.

5.4 Insights for Low-Resource Indian

Languages

For morphologically rich languages such as Bengali

and Kannada, the small subset of visually grounded

segments often includes honorifics, implicit ref-

erents, or emotional tone areas, where text-only

models are weakest. Coarse attribute summarisa-

tion helps in these cases without harming the rest,

yielding clear COMET gains in the selective set-

ting (e.g., +3.7% for Bengali, +2.3% for Kannada).

This suggests that for low-resource settings, invest-

ing in reliable, drift-tolerant visual abstractions is

more practical than pursuing fine-grained fusion or

high-frequency visual processing.

5.5 Practical Implications for Movie

Localisation

Our findings lead to three actionable recommenda-

tions for deploying multimodal subtitle translation:

1. Be selective: Not every subtitle needs visual

context. An oracle study shows that replac-

ing only the worst 20-30% of baseline seg-

ments can recover most of the gain. A prac-

tical system would use a quality-estimation

model (e.g., based on sentence length, emo-

tion words, or visual confidence) to trigger

visual enhancement only when needed.

2. Prefer robust architectures: Attribute-based

summarization (5-minute sliding window

condensed into structured cues) offers a

lightweight, drift-tolerant solution suitable for

production pipelines.

3. Fix alignment before using fine-grained

context: If a more detailed visual context

is desired (e.g., gap-based summarization),

pre-processing steps such as dynamic time

warping (DTW) or audio-visual synchronisa-

tion are essential to avoid performance degra-

dation.

6 Conclusion

In this paper, we compare two summarization strate-

gies for integrating visual context into subtitle

translation for five low-resource Indian languages.

We find that temporal misalignment- a common

real-world issue- causes full visual-enhanced trans-

lation to often underperform the text-only baseline.

However, an oracle selective grounding that re-

places only the worst 20-30% of baseline segments

with visual-enhanced translations consistently im-

proves semantic adequacy (COMET) across all the

languages, recovering most of the potential gain

while using a fraction of the visual processing.

Coarse attribute-based summarization proves partic-

ularly robust to drift, capturing emotional tone and

scene-level cues that text alone cannot convey. Our

results underscore that alignment quality often out-

weighs architectural complexity and that selective

visual grounding offers a practical path to efficient,

deployable multimodal subtitle translation.
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Limitations

Our study is limited to five movies and five lan-

guages; the proportion of visually grounded seg-

ments may vary by genre and across different types

of audiovisual content. The oracle selective ground-

ing demonstrates an upper bound; future work

should develop automatic quality-estimation mod-

els that can identify low-quality baseline segments

without reference translations, enabling practical se-

lective grounding. Human evaluation of pragmatic

adequacy (e.g., honorifics, emotional tone) would

complement automatic metrics to better capture the

subtle benefits of selective visual grounding. Ad-

ditionally, exploring more sophisticated alignment

techniques (e.g., dynamic time warping) could fur-

ther reduce temporal misalignment and improve the

robustness of fine-grained visual context.
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A Appendix

A.1 Ethical Considerations

Multimodal systems may inherit and amplify bi-

ases present in movies, where visual cues can rein-

force stereotypes. Temporal misalignment between

audio and visuals may also lead to inappropriate

translations of culturally sensitive content. For In-

dian languages, honorifics and regional variations

require careful handling to ensure accuracy. We

advocate for human oversight, transparent report-

ing, and evaluation frameworks that assess cultural

appropriateness. As selective grounding shows that

only some segments need visual context, applying

visual enhancement through a bias-aware filter can

help reduce potential harms.

A.2 Visual Feature Extraction

1. The original .mkv video is compressed to ≈

1-GB and converted to .mp4.

2. Frames are extracted at 1-fps and passed to

Apple FastVLM-0.5B to obtain a raw textual

description per frame.

3. Raw descriptions are cleaned (removing re-

peated phrases, normalising punctuation) to

produce a final description per frame.

For each subtitle, the visual context is formed by

concatenating the cleaned descriptions of all frames

whose timestamps fall within the subtitle’s time

window. When multiple frames belong to the same

segment, the descriptions are aggregated into a sin-

gle summary (for the gap-based method, the win-

dow is the interval between the previous subtitle’s

end and the current subtitle’s start).

A.3 Context-Aware Translation Pipeline

The translation pipeline uses the same Qwen-

2.5-7B-Instruct model for both baseline and

visual-enhanced translations. The only differ-

ence is the input prompt. For the baseline, the

model receives only the English source. For

visual-enhanced, we prepend the summarised vi-

sual context (Attr-VC or Inter-VS) to the source us-

ing the visual-enhanced prompt template shown in

Table 5. The prompt instructs the model to ground

its translation in the visual scene, paying attention

to gender, honorifics, and emotional tone. The same

greedy decoding parameters described in hyperpa-

rameterss are used for all runs.

A.4 Hyperparameters

All inference runs use greedy decoding to ensure

reproducibility.

For the translation model (Qwen-2.5-7B-

Instruct):

• max_new_tokens = 100

• do_sample = False

• repetition_penalty = 1.1

• temperature and top-p left at default (1.0 and

1.0, effectively greedy).

For the summarization model (Llama-3.1-8B-

Instruct):
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• max_new_tokens = 256

• do_sample = False

• temperature and top-p at default (1.0 and 1.0).

A.5 Oracle Selective Grounding

Per-segment COMET scores for the baseline trans-

lation (against the reference) are computed using

the Unbabel/wmt22-comet-da model. The worst

k% of segments (by baseline COMET) are replaced

with the corresponding visual-enhanced translation

(from either Attr-VC or Inter-VS). We report results

for k = 20% and 30%. Appendix 8

B Additional Analysis

B.1 Window Size Considerations

The choice of a 5-minute sliding window for At-

tribute Visual Context was guided by the need to

capture enough local scene context while remaining

robust to temporal drift. A larger window (e.g., 10

minutes) would aggregate more visual information,

but it could also include more irrelevant frames, po-

tentially increasing the risk of hallucination when

the visual context does not align with the dialogue.

A smaller window (e.g., 2 minutes) would be more

sensitive to misalignment. The 5-minute window

offers a reasonable trade-off, as evidenced by the

improvement in COMET over the baseline for most

language-movie pairs.

B.2 Oracle Selective Grounding

The full oracle selective results for both summariza-

tion methods are presented in Table 8. Replacing

only the worst 20-30% of baseline segments con-

sistently lifts COMET above the baseline, demon-

strating that most of the gain can be achieved with

a fraction of the visual processing.

C Additional Analysis

The 5-minute sliding window offers a reasonable

trade-off between context and robustness; a larger

window would risk including irrelevant frames, a

smaller window would be more sensitive to mis-

alignment. Oracle selective grounding (Table 8)

shows that replacing only the worst 20-30% of base-

line segments recovers most of the gain with min-

imal visual processing. Fine-grained fusion meth-

ods (visual prefixing and cross-attention fusion)

failed under misalignment (e.g., “He is very kind”

→ “He drives fast”) because they assume perfect

alignment, whereas coarse attribute summarization

ignores irrelevant frames. This reinforces the idea

that alignment quality often outweighs architectural

complexity, and that selective grounding offers a

practical path to efficient visual-guided translation.

C.1 Clarifications

Movie subtitle translation is inherently difficult

(fragmented speech, cultural references, zero-shot

domain adaptation); our baseline scores reflect this

challenge, and our contribution lies in the rela-

tive COMET gain, not absolute SOTA. We use

Qwen-2.5-7B-Instruct because it supports zero-shot

instruction following without fine-tuning, unlike

dedicated Indic models (e.g., IndicTrans2) that

are optimised for sentence-level translation and

do not accept multi-field visual context prompts.

FastVLM-0.5B prioritises efficiency (85× faster

than LLaVA); using a smaller VLM makes gains

harder to achieve, so our positive results demon-

strate robustness. FastVLM outputs raw descrip-

tions; we summarise them with Llama 3.1 to obtain

structured attributes or free-text gap summaries,

because direct prompting of FastVLM for struc-

tured output is not feasible. Our experiments com-

pare visual-enhanced translation against an identi-

cal text-only baseline, isolating the effect of visual

context; comparing across different MT systems

would confound architectural differences.

C.2 Evaluation Metrics

We report corpus-level BLEU (Papineni et al.,

2002) using SacreBLEU and chrF++ (Popović,

2015) with word_order=2. COMET (Rei et

al., 2020) is computed with the wmt22-comet-da

model using default settings.

C.3 Data and Code Availability

To foster reproducibility, the curated movie-subtitle-

visual alignment data for all five languages will

be released under a fair-use educational/research

license. The release includes English sources, refer-

ence translations, and extracted visual descriptions.

All the codes and datasets used for extraction, sum-

marization, translation, and evaluation are available

at GitHub 3 and our group page.4

3
https://github.com/Tarunc224/

visually-guided-subtitle-translation
4https://ai-nlp-ml.github.io/resources.html
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Baseline Prompt (text-only)

<|im_start|>system

You are a translation expert. Translate dialogue from English to {target_language}.

RULES:

- Provide ONLY the translated {target_language} dialogue.

- DO NOT include explanations, or English text.

<|im_end|>

<|im_start|>user

[SOURCE]: "{row['english_dialogue']}"

[TASK]: Translate to {target_language} dialogue.

<|im_end|>

<|im_start|>assistant

Visual-Enhanced Prompt

<|im_start|>system

You are a cinematic multimodal translator specializing in English-to-{target_language}.

Your goal is to provide a "grounded translation" where the choice of words depends on the visual scene.

RULES:

1. GENDER: Use the Visual Context to identify speaker/listener gender.

2. HONORIFICS: Determine social hierarchy from the scene (Formal vs. Informal).

3. LOOSE MEANING: Prioritize emotional intent and natural {target_language} flow.

4. Output ONLY the translated {target_language} dialogue text. No names, no English.

<|im_end|>

<|im_start|>user

[VISUAL CONTEXT]: {row['visual_context']}

[ENGLISH SOURCE]: "{row['english_source']}"

[TASK]: Based on the visual scene, provide the most natural {target_language} translation.

<|im_end|>

<|im_start|>assistant

Table 5: Comparison of baseline and visual-enhanced prompts.

Summarisation Method Prompt Template

Attribute Visual Context
(Attr-VC)

<|begin_of_text|><|start_header_id|>system<|end_header_id|>

Identify these cinematic attributes to guide {target_language} translation:

[SETTING]: (e.g., Formal, Public, Intimate)

[GENDER]: (Speaker/Listener gender)

[RELATION]: (e.g., Stranger, Family, Hostile)

[HONORIFIC]: (language-specific, e.g., APNI/TUMI for Bengali)

[SUMMARY]: (One sentence factual summary with emotional intent)

Output ONLY these tags.<|eot_id|><|start_header_id|>user<|end_header_id|>

Visual Data: {sample[:3000]}<|eot_id|>

<|start_header_id|>assistant<|end_header_id|>

Inter-Chunk Visual Summari-
sation (Inter-VS)

<|begin_of_text|><|start_header_id|>system<|end_header_id|>

You are a movie analyzer. Summarize the following visual descriptions

from {start_sec}s to {end_sec}s of the movie into 2-3 sentences.

Focus ONLY on the current location and character actions.

Do not use introductory filler.

<|eot_id|><|start_header_id|>user<|end_header_id|>

Visual Data: {text_blob[:2500]}

<|eot_id|><|start_header_id|>assistant<|end_header_id|>

Table 6: Prompt templates used for visual summarization. Both the prompts are given to Llama-3.1-8B-Instruct. The attribute
prompt outputs structured tags; the inter-chunk prompt outputs a free-text sentence. Placeholders in braces are replaced with
actual data at runtime.
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Scenario Source Baseline (literal) Visual-Enhanced Reference Explanation

Visual context helps

Emotion “I’m so sorry.” “I am sorry.” “I am truly sorry.” “I am truly sorry.” Facial expression con-
veys deeper remorse,
captured by visual
summary.

Action “He’s coming!” “He is coming.” “The man is com-
ing!”

“The man is com-
ing!”

Visual identifies gen-
der and urgency.

Honorific “Please sit.” “Sit.” “Please sit (for-
mal).”

“Please sit (for-
mal).”

Formal setting trig-
gers correct honorific.

Visual context backfires (temporal misalignment)

Misalign “He is very kind.” “He is very kind.” “He drives fast.” “He is very kind.” Car chase frame
(drift) causes halluci-
nation.

Misalign “I’m flying.” “I’m flying.” “I’m swimming.” “I’m flying.” Calm ocean scene
(drift) misleads.

Visual context backfires (irrelevant visuals)

Neutral “How was your
day?”

“How was your
day?”

“How was your
day?”

“How was your
day?”

No improvement;
adds processing
overhead.

Table 7: When visual context helps (emotion, action, honorifics) and when it backfires (temporal misalignment, irrelevant
visuals). Visual-enhanced outputs are from the better of the two summarization methods for each case. The misalignment
examples are drawn from actual data where cumulative drift paired a kind remark with a car chase, and a flying statement with a
calm ocean scene.

Movie Language Baseline COMET
5-Minute Slide Visual Attribute Inter-Chunk Visual Summarisation

Oracle selective 20% Oracle selective 30% Oracle selective 20% Oracle selective 30%

Avatar Bengali 0.6298 0.6682 0.6829 0.6709 0.6865
Avatar Telugu 0.5257 0.5354 0.5390 0.5361 0.5390
Avatar Tamil 0.5352 0.5580 0.5650 0.5569 0.5639
Avatar Kannada 0.4857 0.4933 0.4943 0.4928 0.4946

Oppenhimer Bengali 0.7026 0.7224 0.7248 0.7210 0.7237
Oppenhimer Hindi 0.6467 0.6617 0.6642 0.6643 0.6690
Oppenhimer Telugu 0.5475 0.5604 0.5654 0.5600 0.5647
Oppenhimer Tamil 0.5366 0.5630 0.5715 0.5639 0.5715
Oppenhimer Kannada 0.4938 0.5066 0.5096 0.5065 0.5090

Skyfall Bengali 0.6914 0.7064 0.7098 0.7044 0.7056
Skyfall Hindi 0.6026 0.6223 0.6258 0.6216 0.6245
Skyfall Telugu 0.5288 0.5430 0.5478 0.5415 0.5454
Skyfall Tamil 0.5350 0.5581 0.5659 0.5561 0.5639
Skyfall Kannada 0.4920 0.5013 0.5038 0.5014 0.5038

Spider 2 Bengali 0.7190 0.7337 0.7359 0.7305 0.7350
Spider 2 Hindi 0.6459 0.6684 0.6746 0.6717 0.6786
Spider 2 Telugu 0.5407 0.5527 0.5567 0.5527 0.5569
Spider 2 Tamil 0.5448 0.5684 0.5753 0.5700 0.5761

Titanic Bengali 0.6960 0.7114 0.7130 0.7120 0.7150
Titanic Hindi 0.6152 0.6293 0.6321 0.6320 0.6367
Titanic Telugu 0.5350 0.5456 0.5481 0.5465 0.5494
Titanic Kannada 0.4950 0.5037 0.5065 0.5049 0.5063

Table 8: Oracle selective COMET scores for the two summarization methods. “Oracle selective 20%” and “Oracle selective
30%” replace the worst 20% and 30% of baseline segments (by baseline COMET) with the corresponding visual-enhanced
translation. The full visual-enhanced results are reported in Table 3.
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Abstract
Vision-language models (VLMs) have
the potential to enhance machine trans-
lation (MT) by leveraging visual context
alongside text, yet their real utility for pro-
duction workflows remains unclear. We
conduct a unified, multi-condition evalu-
ation of six leading VLMs–both open and
proprietary–on two benchmarks (CoM-
MuTE and CaMMT), targeting lexical and
cultural disambiguation respectively. We
complement this with a domain-style case
study simulating technical documentation
localization. Results show that model
performance varies widely, and the ben-
efit of relevant images does not transfer
uniformly across use cases. Proprietary
models are notably sensitive to irrelevant
images while open-source models are gen-
erally more stable. Contradicting visuals,
by contrast, degrade translation across all
models. Taken together, our findings show
that rigorous evaluation is a necessary
precondition for production deployment:
metric gains can mask real accuracy
losses, model sensitivity to irrelevant
images should inform model selection, and
avoiding contradicting visuals is a hard
requirement for any pipeline.

1 Introduction
The extent to which translation choices depend on
the various conceptions of context has been widely
studied (Dimitriu, 2015; House, 2006; Damaskini-
dis, 2016). In Machine Translation (MT), context
© 2026 The authors. This article is licensed under a Creative
Commons 4.0 licence, no derivative works, attribution, CC-
BY-ND.

retrieval is especially challenging, as it is inherently
constrained by the model’s input, with the available
context limited to the information the model is ex-
posed to. This has motivated a growing body of
work on context-aware MT (Voita et al., 2019; Fer-
nandes et al., 2021; Castilho and Knowles, 2025).

Organizations deploying MT in production
workflows increasingly work with content that in-
cludes visual context: technical documentation, UI
strings, marketing assets. In theory, visual context
can inform translation decisions –from guiding
lexical choice to signaling register or style– but a
natural question arises: should available images be
fed to the model? And if so, what happens when
the image attached to a segment is not the most
relevant to translate its content? Before visual
context can be reliably deployed in production
MT, we need to understand precisely when and
why images help or hurt.

Our results show that relevant images con-
sistently improve lexical disambiguation, but
this benefit does not necessarily transfer to
other use cases, which is precisely why rigorous
evaluation across conditions and scenarios is
necessary prior to production deployment. We
focus mainly on disambiguation, a task that
provides a straightforward-to-measure signal, and
evaluate six VLMs from both open and proprietary
providers. We make the following contributions:

• A multi-condition experimental design (no
image, correct image, random image, and con-
tradicting image when available) that disen-
tangles the impact of image content versus im-
age presence;

• A unified evaluation protocol across both
lexical and cultural disambiguation, enabling
direct comparison under consistent conditions

Proceedings of the 26th Annual Conference of the European Association for Machine Translation, Vol. 2, p. 99–111, Tilburg, The Netherlands, June 2026.



and overlapping languages to assess robust-
ness transference across tasks;

• An illustrative practitioner-oriented case
study testing whether benchmark findings
hold in a realistic localization pipeline, illus-
trating how to measure visual context impact
in production-like conditions.

2 Related Work

Recent work has benchmarked visual context for
machine translation, including lexical and cultural
disambiguation tasks. The CoMMuTE bench-
mark (Futeral et al., 2023; Futeral et al., 2025)
evaluates multimodal translation on sentences with
ambiguous words, but compares only text-only
and text+image conditions, without establishing
whether models exploit image content or merely
react to image presence.

The CaMMT benchmark (Villa-Cueva et al.,
2025) performs evaluation on cultural disambigua-
tion and includes controls with unrelated images,
finding that they can degrade quality, supporting
that gains under the correct image reflect content
rather than mere visual input. However, no previ-
ous study has jointly assessed both benchmarks, so
transfer of visual grounding across these task types
remains an open question.

Concurrently, Liu et al. (2025) propose a
reasoning-based framework that detects ambiguity
before invoking visual context, but do not evaluate
model behavior under irrelevant or contradicting
images. Multimodal MT has a longer lineage
in the WMT shared tasks (Specia et al., 2016;
Elliott et al., 2017; Barrault et al., 2018) and the
Multi30K dataset (Elliott et al., 2016). Shen et al.
(2024) survey the resulting body of work across
architectures, training strategies, and evaluation
paradigms. We depart from this line by evaluating
modern instruction-tuned VLMs with native multi-
modal interfaces, and by systematically controlling
for image content versus mere image presence, a
confound noted in prior work (Elliott, 2018) but
not part of the shared-task evaluation protocol it-
self. We additionally bridge benchmark evaluation
to production deployment through a domain-style
case study; a step that, to our knowledge, remains
unaddressed in prior multimodal MT work.

CoMMuTE CaMMT
Disambiguation
type

Lexical Cultural

Translation
direction

EN→X EN→X

Languages
used

FR, DE, AR, ZH, RU RU, ZH

Items per
language

150–162 pairs 44 (ZH); 57 (RU)

Images per
item

2 (disambiguating) 1

Reference
translations

Correct + incorrect Regional only

Table 1: Overview of the two evaluation benchmarks.

3 Experimental Design

3.1 Datasets
We perform our evaluations on the two benchmarks
that target complementary forms of visual disam-
biguation in translation, summarized in Table 1.

Each item in CoMMuTE consists of an am-
biguous English sentence paired with two im-
ages that trigger different (unambiguous) target-
language translations. For each image, a correct
reference translation is provided; each image’s cor-
rect reference translation constitutes an incorrect
translation for the other image in that specific item.
See Appendix A for a sample item.

In CaMMT, each item pairs a source sentence
in the regional language with English reference
translations and an image depicting a culturally-
specific context. For items containing Culturally-
Specific Items (CSIs), the dataset provides two En-
glish translation variants: a conserved version that
preserves the original cultural term, and a substi-
tuted version that replaces it with a target-language
generic equivalent. Since our goal is to perform a
direct comparison with CoMMuTE and be able to
assess the transfer of capabilities across tasks, we
adapt CaMMT by reversing the translation direc-
tion and using only the substituted source condi-
tion with the generic term, analogous to the CoM-
MuTE’s lexical ambiguity case (see Appendix B
for a sample item).

3.2 Conditions and Research Questions
Each sentence is translated under multiple vi-
sual conditions, framed around specific research
questions:
RQ1 (CoMMuTE + CaMMT): Does a relevant
image improve translation? We compare a
correct image (matching the intended meaning)
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Model Provider Access
Qwen3-VL-8B Alibaba Open
Aya Vision 8B Cohere Open
InternVL3-8B OpenGVLab Open
GPT-4o OpenAI API
Claude Sonnet 4.6 Anthropic API
Gemini 2.5 Flash Google API

Table 2: Models evaluated. Open-source models are all 8B
parameters; proprietary model sizes are undisclosed.

against a text-only no image baseline.
RQ2 (CoMMuTE + CaMMT): Does any image
affect translation? We compare a random image
(an unrelated image from the same dataset) against
the no image baseline.
RQ3 (CoMMuTE): Does a misleading image
actively degrade translation? We compare a con-
tradicting image (encoding the opposite meaning)
against the no image baseline.

3.3 Models
We evaluate six VLMs (Table 2), spanning multi-
ple providers and model families, both open-source
and proprietary. Open-source models were fixed
at 8B parameters due to local compute constraints
and use greedy decoding (do_sample=False),
while proprietary models are queried with each
provider’s default sampling configuration. We
deliberately retained these defaults to reflect out-
of-the-box practitioner behavior. We acknowledge
that this introduces a determinism asymmetry be-
tween the two groups, and that proprietary results
are subject to additional run-to-run variance not
captured in our single-run point estimates. We
therefore frame open-vs-proprietary differences as
descriptive rather than causal.

All models receive the same prompt, and the
image (when applicable) is provided as visual in-
put alongside the text in a single request, using
each model’s native multimodal interface. The full
prompt template is given in Appendix C. Beyond
the structured output instruction, we deliberately
avoid further prompt engineering, as our goal is to
isolate the effect of the image as much as possible.

3.4 Evaluation Metrics
Reference-based translation quality. We com-
pute chrF (Popović, 2015) against both the correct-
meaning and incorrect-meaning references (for
CoMMuTE) and against the regional reference (for
CaMMT), across all conditions. We use it as our
primary metric because character n-gram overlap

is robust to segmentation and morphological vari-
ation across scripts. We additionally report BLEU
(Papineni et al., 2002) in the Appendix for com-
parability with prior MT literature and industrial
practice, where it remains a familiar benchmark
metric. Given per-language sample sizes (150–162
for CoMMuTE, 44–57 for CaMMT), small abso-
lute differences (within ±2 chrF) should be inter-
preted with caution.

Disambiguation gap (CoMMuTE only).
Futeral et al. (2023) measure disambiguation via
pair accuracy. We instead report the disambigua-
tion gap, defined as chrF(correct reference) −

chrF(incorrect reference), which preserves the
magnitude and direction of the effect, enabling
finer-grained comparison across models, lan-
guages, and conditions, while also disentangling
sense selection from overall translation quality, a
distinction that raw chrF against a single reference
cannot make.

4 Results

We organise results by benchmark: CoMMuTE
(lexical; RQ1-RQ3) in Section 4.1, then CaMMT
(cultural; RQ1, RQ2) alongside a cross-task
comparison in Section 4.2. Runtime and API
cost relative to chrF performance are reported
in Appendix D, providing guidance for model
selection based on both translation quality and
time/cost efficiency.

4.1 Lexical Disambiguation (CoMMuTE)
Figure 1 reports chrF deltas averaged across all five
languages. Relevant images do improve transla-
tion (RQ1), consistent with Futeral et al. (2023):
all six models gain between +2.1 and +5.8 chrF,
with GPT-4o and Claude 4.6 benefiting the most.
However, not just any image helps (RQ2). Random
images leave most models within ±1 chrF of the
baseline, confirming that the RQ1 gains stem from
image content, not mere image presence. Only two
models are negatively affected by irrelevant visual
input: Gemini 2.5 Flash loses −9.2 chrF on av-
erage, and Claude 4.6 drops moderately (−2.4).
Misleading images do degrade translation (RQ3):
all models lose chrF, with losses generally propor-
tional to their correct-image gains, though not per-
fectly symmetric. Notably, Gemini 2.5 loses more
from contradicting images (−6.4) than it gains
from correct ones (+2.1), consistent with chrF cap-
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Figure 1: CoMMuTE: mean chrF change from the text-only baseline, averaged across five languages (FR, DE, AR, RU, ZH).
Each panel corresponds to one visual condition (RQ1–RQ3). BLEU deltas follow the same pattern (Appendix E); per-language
breakdowns and absolute values can be found in Appendix F.

turing translation-wide effects beyond the disam-
biguated term alone.

Per-language breakdowns (Appendix F) re-
veal that effect sizes are language- and model-
dependent. Correct-image gains are largest on
French for all three proprietary models, but open-
source models show a different pattern: Qwen3-
VL and InternVL3 gain most on Chinese, and
Aya Vision peaks on French and German equally.
In relative terms, gains tend to be proportionally
larger for lower-baseline languages, though the pat-
tern is not uniform across models; the clear ex-
ception is Gemini 2.5 Flash, which gains almost
exclusively on French. Open-source models are
largely robust to irrelevant images, whereas pro-
prietary models diverge: GPT stays mostly robust
across languages, while Claude shows random-
image penalty and Gemini degrades sharply across
all languages. The disambiguation gap heatmap in
Appendix G corroborates these. Notably, Gemini’s
near-zero random-image gaps suggest that its sharp
raw chrF drops are not accompanied by a system-
atic shift in sense selection.

4.2 Cultural Disambiguation (CaMMT) and
Cross-Task Comparison

Figure 2 places CoMMuTE and CaMMT chrF
deltas side by side on Russian and Chinese, the
two languages shared between benchmarks. The
correct-image benefit does not generalise from lex-
ical to cultural disambiguation (RQ1): CoMMuTE
gains are positive on both languages, whereas
CaMMT deltas are slightly negative on Russian for
all models except GPT-4o, and mixed on Chinese:
marginally positive for most (Qwen +2.5 being the
largest) but negative for Gemini (−2.7). Random-
image sensitivity amplifies on CaMMT (RQ2):

all three proprietary models degrade on both lan-
guages –Claude 4.6 up to−17.1 chrF (Russian) and
Gemini 2.5 up to −27.1 (Chinese)– while open-
source models remain largely stable on both tasks.

5 Domain-Style Case Study

Benchmark segments are cleaner and shorter than
production strings (Vijayan et al., 2024), so un-
derstanding where benchmark behavior transfers
and where it differs is precisely what makes sys-
tematic domain-grounded evaluation a prerequi-
site for production deployment. To probe feasi-
bility in more realistic settings without requiring
proprietary data, we add a small illustrative case
study built around a fictitious company, Nordic-
Trans Motors (heavy-vehicle service documenta-
tion). We use the synthetic figure in Appendix I and
attach it to two English fragments of fairly com-
parable length: one matched text, whose transla-
tion can benefit from the figure and table, and one
mispaired text that belongs to the same domain
but is not related to the image. This setup mir-
rors a likely production trade-off: without a robust
method for automatically verifying image–string
relevance, available visuals would need to be linked
to multiple segments, resulting in potentially non-
helpful –or even harmful– pairings.

Each text is translated as a single unit, without
an image and with the synthetic image, under the
same prompt as in Section 3. We limit this case
study to two languages and a small number of sam-
ples, both for practical constraints and to keep the
qualitative analysis transparent and easy to follow.
Source texts, hypotheses, and human-reviewed ref-
erence translations appear in Appendix J. We con-
trast Qwen and GPT only, as they rank among the
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Figure 2: CaMMT and cross-task comparison: mean chrF change from the text-only baseline on Russian and Chinese for correct
and random images (RQ1–RQ2). CoMMuTE (blue) vs. CaMMT substituted-source (orange). BLEU deltas (in Appendix H)
follow a similar, although not identical, pattern.

strongest correct-image lift for open vs. proprietary
families on CoMMuTE (Section 4.1) while remain-
ing comparatively stable under misleading vision
inputs. Tables 3 and 4 summarise chrF and BLEU
computed over each text as a whole against our syn-
thetic references, for the matched and mispaired
conditions, respectively. Each table also reports
reference-free COMET-QE (Rei et al., 2020) as a
sanity check on fluency and adequacy relative to
the English source.

COMET-QE mostly agrees with chrF/BLEU
across matched conditions. However, across mis-
paired conditions, COMET-QE frequently diverges
from chrF and BLEU. A human assessment pro-
vides the following contextualizing insights:

French. The matched image boosts translation
adequacy in aspects beyond disambiguation: GPT
moves from an incorrect/non-standard translation
for threadlocker and an awkward callout calque
to workshop-credible wording (frein-filet, repère,
routage); Qwen similarly restructures phrasing and
avoids the callout calque. Under the mispaired
condition, outputs stay on topic –no accuracy is-
sues stem from the unrelated drawing–, and rel-
evantly, the image’s presence still nudges sur-
face wording for French: Qwen corrects a garbled
term (télématicie → télémétrie) and aligns the En-
glish forced, from obligatoire to forcé, while GPT
shows minor lexical swaps in French and signif-

icant metrics’ boosts. These shifts suggest that
even domain-grounding from an irrelevant image
can improve output quality, a hypothesis that only
surfaced when moving beyond benchmark condi-
tions. However, COMET-QE edges downward de-
spite chrF/BLEU gains, suggesting these surface
improvements do not register as adequacy gains
from a source-fidelity perspective.

Russian. Both conditions serve as a cautionary
case: with the matched image, GPT shows signifi-
cant drops in MT metrics, and while Qwen’s met-
rics rise with the figure, the model shifts from one
incorrect term to another (cuff → cylinder head
instead of manifold in the output). With the mi-
spaired image, neither model’s translation mean-
ingfully improves or degrades on human inspec-
tion, yet metrics diverge sharply: chrF and BLEU
drop for Qwen but rise substantially for GPT, while
COMET-QE moves in the opposite direction for
both. These disagreements illustrate how metric
gains under visual context do not reliably indicate
actual translation improvement.

6 Conclusion
Our study finds potential for VLMs in MT work-
flows, not only for disambiguation but also for
broader quality improvements in production-like
contexts. Our benchmark evaluation was designed
not as an end in itself, but to establish conditions
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Lang Model chrF BLEU COMET–QE
text +fig. text +fig. text +fig.

FR Qwen3-VL-8B 58.66 63.37 32.83 36.00 −0.403 −0.266

GPT-4o 55.96 64.66 14.91 34.66 −0.618 −0.424

RU Qwen3-VL-8B 38.70 41.84 7.56 11.19 −0.243 −0.083

GPT-4o 57.66 52.68 23.11 13.72 −0.114 −0.153

Table 3: Matched (on-topic) practical segment. text = translation without the image; +fig. = translation with that figure.
COMET-QE (Unbabel/wmt20-comet-qe-da) is a reference-free quality estimator with unbounded scores; only relative com-
parisons within the same source text are meaningful. Higher values indicate higher estimated quality.

Lang Model chrF BLEU COMET–QE
text +fig. text +fig. text +fig.

FR Qwen3-VL-8B 76.26 77.87 62.07 62.49 −0.227 −0.265

GPT-4o 83.03 88.73 66.87 76.97 −0.238 −0.258

RU Qwen3-VL-8B 68.24 63.14 31.82 25.50 −0.147 −0.139

GPT-4o 62.60 69.55 17.70 41.17 −0.236 −0.137

Table 4: Mispaired (off-topic) practical segment. text = translation without the image; +fig. = translation with unrelated
figure. COMET-QE (Unbabel/wmt20-comet-qe-da) is a reference-free quality estimator with unbounded scores; only relative
comparisons within the same source text are meaningful. Higher values indicate higher estimated quality.

under which visual context can be trusted: a
necessary step before any deployment decision.

Our cross-task comparison shows that a model’s
ability on one task does not predict its performance
on another: models that benefit from images in
lexical disambiguation may see limited gains, or
even losses, on cultural or domain-specific con-
tent. Model robustness also varies: open-source
models and GPT remain largely stable when im-
ages are irrelevant, whereas Claude and Gemini
show significant sensitivity to loosely matched in-
puts. On the benchmarks, this sensitivity causes
quality drops, yet in the French case study, even a
mispaired image improved surface quality for both
models tested, suggesting that domain-grounding
effects can emerge even without direct image–text
relevance. Contradicting images were not tested in
the case study, but on CoMMuTE they consistently
harm outputs across all models. This suggests that
reliable image–text matching is a strict requirement
for any production pipeline.

Future directions include dedicated,
production-scale benchmarks that span domain
complexity, content types, and segment lengths
across multiple conditions, as well as for advanced,
scalable methods to reliably match images with the
right source texts (e.g., via multimodal embeddings
or hybrid retrieval). Until such tooling matures,
deploying visual-context MT at scale will require
care, especially when irrelevant or misleading
images could negatively impact translation quality.

Overall, our results suggest that the benefits
of vision-augmented MT are real but contingent.
For practical adoption, organizations should not
treat visual context as a universal improvement:
they should carefully analyze the content types in
their workflows, understand the specific challenges
they expect visually-encoded information to ad-
dress, verify image–text relevance, select models
that provide robustness to irrelevant inputs, and
design pipelines and evaluation methods targeting
quality degradation signals that automatic metrics
alone may miss.

7 Limitations
All results come from a single inference run;
reported deltas are point estimates without con-
fidence intervals. The domain-style case study
uses a single synthetic image, two source texts,
two languages, and two models; its findings are
intended as illustrative hypotheses rather than
generalisable conclusions.

8 Sustainability Statement
All local inference ran on a single Apple M4 Max
(14-core, 36 GB unified memory) over approxi-
mately 20 h. Proprietary models were queried via
API for 9.6 h. Using the Green Algorithms calcu-
lator (Lannelongue et al., 2021), we estimate a car-
bon footprint of 387.93 gCO2e (2.27 kWh) for the
local runs, equivalent to 0.42 tree-months, assum-
ing European energy mix.
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A CoMMuTE Sample Item

Figure 3: CoMMuTE sample item (Futeral et al., 2023). Source: “He finally made it to the bank.” Image A (left): rive ‘river
bank’; Image B (right): banque ‘financial bank’.

B CaMMT Sample Item

Figure 4: CaMMT sample item (Villa-Cueva et al., 2025). Substituted source: “This dish is called a beet soup.” Conserved
source: “This dish is called borsch.” Russian reference: “Это блюдо называется борщ.” The image provides the cultural
context needed to recover the specific term борщ from the substituted source. Under the conserved source, the term is already
present in the input; the image may help the model preserve it rather than paraphrase.

C Prompt Template

All models receive the following prompt. When an image condition applies, the image is provided as
visual input alongside the text in a single request, using each model’s native multimodal interface (chat-
template processing for local models; base64 encoding for API models).

Translate the following English sentence into [LANGUAGE]: `[SENTENCE]'. Return your
translation as a JSON string as follows: {"translation": "<your translation>"}.

Output is parsed by extracting the translation field from the returned JSON. When a model does not
produce valid JSON, the raw output is used as a fallback.
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D Efficiency

Figure 5: Efficiency trade-offs on CoMMuTE. The x-axis reports chrF averaged over the correct-image and random-image
conditions (5 languages), reflecting realistic mixed-relevance usage. Left: wall-clock runtime. Right: total API cost (open-
source models sit at $0). Squares denote proprietary (API) models; circles denote open-source (local GPU) models.

E CoMMuTE: BLEU Deltas

Figure 6: CoMMuTE: mean BLEU change from the text-only baseline, averaged across five languages (FR, DE, AR, RU, ZH).
Layout mirrors Figure 1.

F CoMMuTE: Per-Language Breakdowns

Figure 7: CoMMuTE: chrF deltas from text-only baseline, per language.
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Figure 8: CoMMuTE: BLEU deltas from text-only baseline, per language.

Figure 9: CoMMuTE: absolute chrF scores (correct reference) by condition and language.

Figure 10: CoMMuTE: absolute BLEU scores (correct reference) by condition and language.

G CoMMuTE: Disambiguation Maps

Figure 11: CoMMuTE disambiguation gap by visual condition and language. Positive values indicate the translation is closer
to the intended meaning; negative values indicate it is closer to the wrong one.
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H CaMMT and cross-task comparison: BLEU Deltas

Figure 12: CaMMT and cross-task comparison: BLEU delta from the text-only baseline on Russian and Chinese.

I Synthetic NordicTrans Motors service illustration

Figure 13: Synthetic image used as the shared visual for both the on-figure and off-figure English procedures in the practical
assessment.

J Practical Assessment: Source, Hypotheses and Reference Translations
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Condition Source (EN) Reference Qwen3-VL-8B, no img Qwen3-VL-8B, w/ img GPT-4o, no img GPT-4o, w/ img

Matched (FR) Refer to Figure 4.2 and the
Section 4.2 assembly table.
Apply threadlocking
compound to manifold studs
only for the manifold callout
with the higher torque value,
as specified in the note for
that row, and do not apply
final tightening to the other
manifold callout until the
routing-related note for that
row has been met.

Se reporter à la figure 4.2 et
au tableau d’assemblage de
la section 4.2. Appliquer un
composé frein-filet sur les
goujons du collecteur
uniquement pour le repère
de collecteur présentant la
valeur de couple la plus
élevée, conformément à la
note figurant sur la ligne
correspondante, et ne pas
effectuer le serrage final sur
l’autre repère de collecteur
tant que la note relative au
routage figurant sur la ligne
de ce repère n’a pas été
respectée.

Veuillez vous référer à la
figure 4.2 et au tableau
d’assemblage de la section
4.2. Appliquez uniquement
un composé
anti-décollement des filets
aux boulons du collecteur
correspondant à l’appel de
collecteur avec la valeur de
couple la plus élevée, tel que
spécifié dans la note de cette
ligne, et n’appliquez pas le
serrage final aux autres
appels de collecteur jusqu’à
ce que la note liée au routage
de cette ligne soit respectée.

Veuillez consulter la figure
4.2 et le tableau
d’assemblage de la section
4.2. Appliquez uniquement
un composé
anti-décollement des filets
aux boulons du collecteur
pour le collecteur dont la
valeur de couple est la plus
élevée, conformément à la
note spécifiée dans la ligne
correspondante, et
n’appliquez pas le serrage
final au collecteur
correspondant jusqu’à ce
que la note relative au
routage pour cette ligne soit
respectée.

Consultez la Figure 4.2 et la
table d’assemblage de la
Section 4.2. Appliquez un
composé de freinage de
filetage uniquement aux
goujons du collecteur pour
l’appel de collecteur avec la
valeur de couple plus élevée,
comme spécifié dans la note
pour cette rangée, et
n’effectuez pas le serrage
final de l’autre appel de
collecteur jusqu’à ce que la
note relative à
l’acheminement pour cette
rangée ait été respectée.

Consultez la figure 4.2 et le
tableau d’assemblage de la
section 4.2. Appliquez un
frein-filet uniquement aux
goujons du collecteur pour
le repère du collecteur avec
la valeur de couple la plus
élevée, comme spécifié dans
la note pour cette ligne, et
n’effectuez pas le serrage
final pour l’autre repère du
collecteur tant que la note
relative au routage pour
cette ligne n’est pas
respectée.

Matched (RU) Refer to Figure 4.2 and the
Section 4.2 assembly table.
Apply threadlocking
compound to manifold studs
only for the manifold callout
with the higher torque value,
as specified in the note for
that row, and do not apply
final tightening to the other
manifold callout until the
routing-related note for that
row has been met.

Обратитесь к рис. 4.2
и таблице сборки
раздела 4.2. Нанесите
фиксатор резьбы на
шпильки крепления
коллектора только
для той позиции
коллектора, которой в
таблице
соответствует
большее значение
момента затяжки, в
соответствии с
примечанием к
строке этой позиции;
не выполняйте
окончательную
затяжку для другой
позиции коллектора,
пока не будут
выполнены
требования
примечания о
прокладке линий,
указанного для
строки этой позиции.

См. Рисунок 4.2 и
таблицу сборки
раздела 4.2.
Применяйте клей для
нитей только к
болтам манжеты с
более высоким
значением крутящего
момента, как указано
в примечании к этой
строке, и не
применяйте
окончательную
затяжку к другому
обозначению
манжеты до тех пор,
пока не будет
выполнено
примечание,
связанное с
маршрутизацией, для
этой строки.

См. рис. 4.2 и таблицу
сборки раздела 4.2.
Применяйте клей для
резьбы только к
болтам головки
блока цилиндров,
указанным в строке с
наибольшим
значением крутящего
момента, как указано
в примечании к этой
строке, и не
применяйте
окончательную
затяжку к другому
болту головки блока
цилиндров, пока не
будет выполнено
примечание,
связанное с
маршрутизацией, для
этой строки.

Обратитесь к Рисунку
4.2 и таблице сборки
Раздела 4.2. Нанесите
фиксатор резьбы
только на шпильки
коллектора для той
позиции коллектора,
где указано более
высокое значение
крутящего момента,
как указано в
примечании для этой
строки, и не
выполняйте
окончательное
затягивание другой
позиции коллектора,
пока примечание
относительно
маршрута для этой
строки не будет
выполнено.

Обратитесь к Рисунку
4.2 и таблице сборки в
Разделе 4.2. Наносите
фиксатор резьбы на
штифты коллектора
только для
обозначения
коллектора с более
высоким крутящим
моментом, как
указано в
примечании для этой
строки, и не
производите
окончательную
затяжку для другого
обозначения
коллектора, пока не
будет выполнено
примечание,
связанное с
маршрутизацией, для
этой строки.

Mispaired (FR) If the telematics gateway
logs J1939 DM1 frames
indicating SCR system fault
SPN 3364 while DEF tank
level reads above 10%,
perform a forced Dosing Air
Pressure Test via the
diagnostics menu before
replacing the DEF pump
assembly.

Si la passerelle télémétrique
enregistre des trames DM1
J1939 signalant un défaut du
système SCR SPN 3364
alors que le niveau du
réservoir DEF reste
supérieur à 10%, effectuez
un test forcé de pression
d’air de dosage via le menu
de diagnostic avant de
remplacer l’ensemble de la
pompe DEF.

Si la passerelle de
télématicie enregistre des
cadres J1939 DM1
indiquant une défaillance du
système SCR SPN 3364
pendant que le niveau du
réservoir de DEF est
supérieur à 10 %, effectuez
un test obligatoire de
pression d’air de dosage via
le menu de diagnostic avant
de remplacer l’ensemble de
la pompe DEF.

Si la passerelle de
télémétrie enregistre des
cadres J1939 DM1
indiquant une défaillance du
système SCR SPN 3364
pendant que le niveau du
réservoir DEF est supérieur
à 10 %, effectuez un test
forcé de pression d’air de
dosage via le menu de
diagnostic avant de
remplacer l’assemblage de
pompe DEF.

Si la passerelle télématique
enregistre des trames J1939
DM1 indiquant une
défaillance du système SCR
SPN 3364 alors que le
niveau du réservoir de DEF
est supérieur à 10 %,
effectuez un test de pression
d’air de dosage forcé via le
menu de diagnostic avant de
remplacer l’ensemble de la
pompe DEF.

Si la passerelle télématique
enregistre des trames DM1
J1939 indiquant un défaut
du système SCR SPN 3364
alors que le niveau du
réservoir DEF est supérieur
à 10 %, effectuez un test de
pression d’air de dosage
forcé via le menu de
diagnostic avant de
remplacer l’ensemble de la
pompe DEF.

Mispaired (RU) If the telematics gateway
logs J1939 DM1 frames
indicating SCR system fault
SPN 3364 while DEF tank
level reads above 10%,
perform a forced Dosing Air
Pressure Test via the
diagnostics menu before
replacing the DEF pump
assembly.

Если телематический
шлюз фиксирует
кадры DM1 J1939 с
индикацией
неисправности
системы SCR SPN 3364
при уровне мочевины
в баке выше 10%,
выполните
принудительную
проверку давления
воздуха дозирования
через меню
диагностики перед
заменой узла насоса
подачи мочевины.

Если телематический
шлюз фиксирует
кадры J1939 DM1,
указывающие на
неисправность
системы SCR SPN 3364,
при условии, что
уровень топлива в
баке DEF превышает
10%, выполните
принудительный тест
давления воздуха для
дозирования через
меню диагностики
перед заменой
агрегата насоса DEF.

Если шлюз
телематики
фиксирует кадры
J1939 DM1,
указывающие на
неисправность
системы SCR SPN 3364,
при условии, что
уровень топлива в
баке DEF превышает
10%, выполните
принудительный тест
давления воздуха для
дозирования через
меню диагностики
перед заменой
агрегата насоса DEF.

Если телематический
шлюз регистрирует
кадры J1939 DM1,
указывающие на
неисправность
системы SCR с SPN
3364, в то время как
уровень DEF в баке
превышает 10%,
выполните
принудительный тест
давления воздуха для
дозирования через
диагностическое
меню перед заменой
узла насоса DEF.

Если телематический
шлюз регистрирует
кадры J1939 DM1,
указывающие на
неисправность
системы SCR SPN 3364,
при этом уровень в
баке DEF показывает
выше 10%, выполните
принудительный тест
давления воздуха
дозирования через
меню диагностики
перед заменой узла
насоса DEF.

Table 5: NordicTrans Motors practical stimuli: English source, synthetic human reference, and model outputs (Qwen3-VL-8B
/ GPT-4o) under no-image vs. with-image conditions. One row per scored text unit (matched vs. mispaired × FR / RU).
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Abstract

English dominates scientific publishing,

which disadvantages researchers who are

not native English speakers, especially

those in the earlier stages of their careers.

Being able to write and engage with sci-

entific content written in their own lan-

guage would clearly facilitate scientific

production. The MaTOS project (Machine

Translation for Open Science) seeks to re-

duce these barriers by developing machine

translation tools for scientific documents in

English and French. This article presents

the design of the MaTOS pipeline for the

HAL platform to automatically translate

article abstracts, with author validation, to

increase the number of bilingual abstracts

on the platform. We also report prelim-

inary experiments comparing translation

of sentence, three-sentence chunks, and

whole abstracts, evaluated using quality

estimation metrics. We release all the code

of the different stages of the pipeline.1

1 Introduction

A vast majority of academic publications are pub-

lished in English (Gordin, 2015). While having a

lingua franca has certain advantages, it also cre-

ates linguistic barriers for non-native speakers of

English; they may feel less at ease both reading

the literature and writing their own articles. In a

world of ever-increasing publication, it is impor-

tant to create a more inclusive research ecosys-

© 2026 The authors. This article is licensed under a Creative
Commons 4.0 licence, no derivative works, attribution, CC-
BY-ND.
1https://github.com/ANR-MaTOS/HAL_

pipeline

tem that does not disadvantage non-native speak-

ers and, on the contrary, embraces the diversity

that comes with a multilingual community. Ini-

tiatives such as the Helsinki Initiative on Multilin-

gualism in Scholarly Communication2 recommend

just that, encouraging the community to promote

and facilitate writing in their own language, and for

the Natural Language Processing (NLP) domain,

the ACL 60-60 initiative3 sought to break down

linguistic barriers with their ambition to translate

the ACL anthology into 60 different languages.

Machine translation (MT) is one way of both fa-

cilitating access to publications in English and en-

abling researchers to write in their own language.

Progress in MT has been remarkable, thanks to

neural architectures (Bahdanau et al., 2015), large-

scale language models trained on large amounts

of data (Lewis et al., 2020; Raffel et al., 2020),

and, in more recent years, the use of large lan-

guage models (LLMs) (Hendy et al., 2023; Zhu et

al., 2024; Bawden and Yvon, 2023), which have

provided new opportunities for longer document

translation (beyond the sentence level) (Guo et al.,

2025; O’Brien et al., 2025; Peng et al., 2025b)

and the integration of domain-specific translation

guidelines and terminologies (Lu et al., 2024a; On-

cevay et al., 2025).

The MaTOS project4 (Machine Translation for

Open Science), a project funded by the French Na-

tional Research agency, seeks to improve trans-

lation of academic documents between French

and English (Bénard et al., 2023; Bawden et al.,

2025). As part of the project, we have devel-

oped a pipeline to translate monolingual abstracts

2https://www.helsinki-initiative.org
3https://2022.aclweb.org/

dispecialinitiative.html
4https://anr-matos.github.io
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of scholarly publications submitted to the HAL

platform from English into French and vice versa.

The HAL platform is the French national scien-

tific publication archive, hosting publications of a

wide range of scientific domains. Its use is rec-

ommended, sometimes even mandatory, across all

French public academic institutions.

As of February 2026, HAL hosts 4.5M refer-

ences. Out of these, 1.7M references have a de-

clared English abstract and no French abstract,5

while 582k references have a declared French ab-

stract and no English abstract. Through our trans-

lation pipeline, we aim to provide HAL users with

an automatic translation of their monolingual ab-

stracts in French or English, depending on the orig-

inal source language, which the authors can then

post-edit before it is associated with their publica-

tion. In this article, we present the design of the

pipeline and also compare and analyse the transla-

tion quality of an LLM integrated into this pipeline

when translating segments of varying lengths (iso-

lated sentences, blocks of consecutive sentences

and the whole abstract).

2 Related work

Traditionally, MT models have been trained to

perform sentence-level translation, for computa-

tional reasons as well as the availability of large

sentence-level parallel datasets. However, trans-

lating at the sentence level means that certain as-

pects of the translation cannot be ensured, no-

tably those that span across several sentences or

even whole documents such as lexical cohesion,

which requires extra-sentential processing (Fer-

nandes et al., 2023). Context-aware and document-

level translation has therefore been an important

area of study in MT from as far back as statisti-

cal MT (Hardmeier, 2012), and the task has been

made more flexible with the use of neural MT

models (Miculicich et al., 2018; Lopes et al., 2020)

and nowadays with LLMs (Wang et al., 2023).

The advent of LLMs that can handle large con-

texts, sometimes of thousands of tokens, has en-

abled the research community to envisage holis-

tic document translation that can potentially ensure

document-level consistency and coherence. Al-

though theoretically whole-document translation

would be ideal, it is less obvious that this is the op-

timal granularity for current models, particularly

5HAL users may submit an abstract for their publication with-
out specifying its language.

for longer documents. Despite the theoretical con-

text window being big enough to accommodate

the whole document and prompt, in practice it has

been shown that additional problems can arise for

the translation of longer documents, including du-

plicated segments, missing or hallucinated content,

resulting in worse overall quality (O’Brien et al.,

2025; Peng et al., 2025a). It has even been shown

that sentences that appear far from the beginning

of the input text are more affected by this decrease

in translation quality than those at the beginning

(Peng et al., 2025a). We therefore choose to test

several granularities of translation in our pipeline

to find the right balance. An additional advantage

of LLMs for translation is that they can easily in-

tegrate additional information sources such as ter-

minologies (Moslem et al., 2023; Lu et al., 2024a;

Oncevay et al., 2025), style guidelines and domain

information (Hu et al., 2024), as well as exam-

ples of the type of translation to be carried out (in

the form of few-shot examples) (Tan et al., 2024)

through prompting. We conduct experiments with

both 0-shot and few-shot prompting for document-

level translation.

A previous project had a similar aim to our own.

The ANR COSMAT project (Lambert et al., 2012)

aimed to translate entire PDF documents submit-

ted to HAL, with the goal of having the authors

post-edit, validate or reject the suggested transla-

tion. However, this pipeline was not integrated

in the platform. Much has changed since, no-

tably the MT technologies available for translation

(and therefore the quality and usefulness of trans-

lation). Our ambition to translation abstracts ini-

tially rather than whole documents is partly due to

it being more straightforward and more likely to be

adopted by authors in this initial implementation of

the pipeline, and abstracts are part of the publica-

tions’ metadata and therefore belong to the public

domain, making it possible to translate them for all

articles, even those without permissive licences.

In a user-oriented setup, it is important to eval-

uate the quality of MT output before submitting

it to the user for validation. While traditional

MT evaluation scores like BLEU (Papineni et al.,

2002) and chrF (Popović, 2015) require a refer-

ence translation (which we do not have in our set-

ting, except in rare cases), it is possible to carry

out reference-less evaluation, known as quality es-

timation (QE). Several neural QE metrics have

been made available in the last years. COMET-
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QE (Rei et al., 2021) and CometKiwi (Rei et

al., 2022a), like their reference-based version,

COMET (Rei et al., 2020), are based on a neural

language model fine-tuned on human judgments

of MT quality. We choose to use CometKiwi in

this article as a measure of MT quality, and we

also use it within the pipeline (alongside heuris-

tic measures such as translation length ratio and

language identification tools) to identify poor qual-

ity translations. More recently, Kocmi and Fe-

dermann (2023b) introduced GEMBA, an LLM-

powered metric for assessing MT quality with or

without a reference translation. GEMBA relies

on zero-shot prompting of GPT-models to assess

a translation and return a quality score. There have

also been approaches to obtain fine-grained as-

sessment of translation quality, including specific

errors (Kocmi and Federmann, 2023a; Lu et al.,

2024b). The one we use in this article for the as-

sessment of MT quality is GEMBA-MQM (Kocmi

and Federmann, 2023a), which emulates the mul-

tidimensional quality metrics (MQM) framework

(Lommel et al., 2013; Freitag et al., 2021).

3 The MaTOS pipeline

The MaTOS pipeline involves the extraction and

translation of abstracts from HAL and submitting

the translated abstracts to the authors for valida-

tion and/or post-editing. Abstracts belong to the

metadata of articles, and therefore we are able to

process all submitted abstracts in compliance with

the intellectual property code.6 While it would be

interesting in the future to work on the translation

of whole articles, we believe that this initial first

step (i.e. translating abstracts) is important.

As shown in Figure 1, the pipeline is composed

of five steps, which are described in more de-

tail below: (i) Extraction of publication metadata,

(ii) language identification and filtering, (iii) trans-

lation using an LLM, (iv) filtering of the abstracts

based on the translation to avoid insufficiently cor-

rect translations, and finally (v) submission of the

translation to the authors for validation.

3.1 Extraction of submissions from HAL

This first step consists in extracting metadata of

publications submitted to HAL. We are planning to

initially deploy the pipeline only for publications

submitted to the Inria portal of HAL (in computer

6https://doc.hal.science/en/

legal-aspects/

science). However, in this paper we present re-

sults both from Inria portal publications (mostly

computer science-related) and publications from

all of HAL (from different institutions and scien-

tific fields). We download the submissions on a

daily basis using the HAL API.7 Extracted meta-

data fields include the document ID, title, key-

words, abstracts, author IDs and names, the day

of submission, and the scientific field.8 All kinds

of publications are taken into account, including

articles, theses, reports, images, videos, etc.

3.2 Language identification and source-side

filtering/processing

This step has two aims: (i) identify English and

French abstracts that are to be translated by the

pipeline (i.e. those for which a translation does not

already exist), and, as a by-product of the pipeline

(ii) identify abstracts for which the translation is

provided by the author(s), with a view to creating

a parallel corpus of scientific publication abstracts.

The metadata fields specify the language of the

abstract (i.e. English or French), but we carry out

language identification to verify that the declared

language matches the actual language of the ab-

stract. We use an off-the-shelf fastText model

(Joulin et al., 2016; Joulin et al., 2017) without a

confidence threshold to predict the language. Any

abstracts for which the predicted language does not

match are excluded. We also exclude abstracts that

contain fewer than 15 words or that end in an el-

lipsis (indicating an incomplete abstract).

We also collapse multiple spaces, replace sub-

scripts and superscripts by their Unicode equiva-

lents and remove HTML tags which are not part of

the abstract content and posed problems for MT in

preliminary experiments.

3.3 Machine Translation

We choose to use EuroLLM-9B-Instruct (Martins

et al., 2025) for translation, as preliminary experi-

ments showed the results to be good whilst min-

imising computational resources required. The

model is an instruction-following model based on

the 9B-parameter EuroLLM model. It has the ad-

vantage of being open-weight and trained on pub-

licly available data in 35 languages, including par-

allel corpus to increase its translation abilities.

7https://api.archives-ouvertes.fr/docs
8Although we do not currently use all extracted fields to help
translation (e.g. keywords and the scientific field), we believe
this could be useful information to include in the future.
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Figure 1: Illustration of the stages of the MaTOS pipeline.

We batch the translation requests to accelerate

inference, and translate using vLLM (Kwon et al.,

2023). The average time for processing a single

request on an NVIDIA A100 GPU is 5.95 sec-

onds. We only translate those abstracts for which

the prompt and source sequence do not exceed the

model’s maximum context length of 4096 tokens.

In the experiments presented in this article, we

test zero-shot, one-shot and two-shot MT. A zero-

shot prompt example is displayed in Figure 2. We

take few-shot examples from the ACAD-TRAIN

and ACAD-BENCH subsets of the ACADATA

parallel dataset of academic abstract (Lacunza et

al., 2026) and use BM25 (Lù, 2024) to select the

most similar texts, after all texts are lemmatised

with SpaCy (Honnibal et al., 2020).

<|im_start|>system

You are a professional translator of scientific

documents. Translate the following text from

English into French. The target text must have the

same number of paragraphs as the source text.

Reply only with the translated text.

<|im_end|>

<|im_start|>user

English: Geological data show that, early in its

history, the Earth had a large-scale magnetic

field with an amplitude comparable to the one of

the present geomagnetic field.

French:

<|im_end|>

<|im_start|>assistant

Figure 2: Example prompt (English-French, sentence-level).

For the translation of scientific abstracts, which

can be considered to be small documents, the size

of the segment to be translated is important for the

overall consistency of the output. In Section 4,

we compare different translation granularities (iso-

lated sentences, chunks of 3 sentences and whole

abstracts), to test the trade-off between maximal

access to context to aid translation and minimis-

ing potential deterioration in quality linked to hav-

ing to translate longer sequences. As shown in

Section 4, we find that document-level translation

leads to fewer errors overall, notably concerning

terminology and style. We therefore choose to

translate at the document-level, but still envisage

to split very long documents into smaller chunks

to avoid processing issues and the degraded qual-

ity that can come with MT of very long texts.

3.4 Target-side filtering

It is important to ensure that the translated ab-

stracts submitted to the authors are of sufficiently

good quality to maximise the chances that the au-

thors will accept to validate (or post-edit) the ab-

stracts and to avoid any potential disillusion with

the tools provided. We therefore apply the follow-

ing filters on the output: (i) language identifica-

tion to check that the output is in the expected lan-

guage, (ii) verification of the length ratios between

the source and target texts (rejecting any that differ

by more than 35%)9 and finally (iii) carrying out

QE using CometKiwi (Rei et al., 2022b).

3.5 Author notification and validation

Only the translations of the abstracts that pass the

previously described filters are submitted to au-

thors. It is important for authors to maintain con-

trol over the information associated with their ar-

ticle deposits. We therefore implement a mecha-

nism by which authors are notified of the transla-

tion of their abstract and are encouraged to validate

and post-edit it, after which the translation will be

added to the metadata of their article.

9This is based on the length ratios of the bilingual abstracts
extracted from HAL in February 2026; French abstracts are
29% longer than their English translations, while English ab-
stracts are 23% shorter than their French translations.
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4 Experimenting with the translation

segment size

As described above, we attempt to find the optimal

granularity of the translation segment. In theory,

more context should be useful (i.e. translating ab-

stracts as a whole). However, in practice, it has

been shown that this can have adverse effects, es-

pecially with longer texts, such as hallucinations

and deleted sentences (Karpinska and Iyyer, 2023).

We compare three levels of granularity for trans-

lation: sentence-level, chunks of three sentences

and whole abstracts. For the first two methods,

we split abstracts into individual sentences using

Trankit (Nguyen et al., 2021). 3-sentence chunks

are the concatenation of three sentences, although

there may be fewer than three sentences at the end

of an abstract. For the document level, we also ex-

periment with one-shot and two-shot prompting.

4.1 Data and evaluation

We experiment with two datasets collected from

HAL and filtered as described in Section 3.4. The

HAL-Inria corpus contains the first 500 abstracts

submitted to the Inria collection of HAL start-

ing from 1st February 2026,10 while the HAL-all

corpus contains the first 500 abstracts submitted

to HAL (every discipline combined) starting from

23rd February 2026. Detailed statistics about the

evaluation data can be found in Table 1.

#docs #sents #aligned segs #toks

HAL-Inria

en–fr 500 3,775 3,429 121,692
fr–en 45 299 287 10,694

HAL-all

en–fr 500 5,105 4,701 180,339
fr–en 500 2,831 2,479 120,210

Table 1: Statistics for the evaluation data.

For evaluation, we calculate QE scores with

CometKiwi and with GEMBA-MQM to provide

a finer-grained analysis of translation errors. We

apply GEMBA-MQM to the complete document

translations, i.e. where the sentence-level and

3-sentence-level translations are concatenated to

form documents. However, CometKiwi’s abil-

ity to faithfully evaluate longer text segments is

subject to discussion, as the model is trained

10There are way fewer monolingual French abstracts in the
INRIA collection, therewefore we only gathered 45 abstracts,
submitted in all of February and March 2026

mainly on sentence-level judgments (Dahan et

al., 2026). Therefore, we decide to apply it to

shorter (sentence-like) segments. The same sen-

tence alignments are not guaranteed for all gran-

ularities, so we create segments by aligning in-

put and output sentences for each granularity us-

ing Bertalign (Liu and Zhu, 2022) and calculate

the alignment that is compatible with all three,

concatenating sentences in the case of many-to-1

alignments. We then apply CometKiwi to each

aligned input-output pair.

4.2 Quality estimation results and analysis

QE results can be found in Table 2 for HAL-all and

in Table 3 for HAL-Inria.

Segment #shots CometKiwi GEMBA-MQM LR

en–fr

Sent 0 85.71 -6.29 1.419
3-sents 0 85.65 -4.87 1.370
Doc 0 85.24 -3.87 1.356
Doc 1 85.22 -3.98 1.349
Doc 2 85.05 -4.63 1.341

fr–en

Sent 0 83.31 -6.51 0.847
3-sents 0 83.39 -4.86 0.828
Doc 0 82.92 -4.44 0.822
Doc 1 82.74 -3.66 0.817
Doc 2 82.16 -4.15 0.816

Table 2: Comparison of MT performance for the HAL-all
corpus. LR indicates the length ratio.

Segment #shots CometKiwi GEMBA-MQM LR

en–fr

Sent 0 84.48 -6.82 1.427
3-sents 0 84.34 -5.09 1.385
Doc 0 84.10 -5.09 1.380
Doc 1 83.87 -5.01 1.374
Doc 2 83.32 -6.07 1.366

fr–en

Sent 0 85.04 -6.93 0.797
3-sents 0 85.00 -5.68 0.798
Doc 0 84.73 -3.40 0.794
Doc 1 84.80 -3.84 0.794
Doc 2 84.85 -4.71 0.792

Table 3: Comparison of MT performance for the HAL-Inria
corpus. LR indicates the length ratio.

CometKiwi and GEMBA-MQM CometKiwi

scores are similar for all segment sizes. For both

language pairs, the sentence-level and 3-sentence-

level scores are almost identical and higher than

document-level scores.

These results are not mirrored exactly by

GEMBA-MQM scores, as the translation where
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Sent. 3-sents Doc 0-shot Doc 1-shot Doc 2-shot

Acc./Mistranslation 4 (5) 8 4 (5) 4 (6) 2
Acc./Omission 0 2 0 1 0
Flu./Grammar 5 (6) 5 (4) 4 4 2 (3)
Flu./Punctuation 3 (4) 4 0 3 4
Term./Inappropriate for context 2 2 1 1 2
Term./Inconsistent use 2 4 (5) 2 1 0
Style/Awkward 2 3 (4) 3 2 1

Table 4: Number of occurrences of each GEMBA-MQM error type across different translation segment sizes. Macro error
types are acc(uracy), flu(ency) and term(inology).

the text was translated sentence by sentence is

scored lower than the other two granularities. This

is maybe unsurprising, as we applied GEMBA-

MQM to whole abstracts, while CometKiwi was

applied to sentence-like segments, therefore pos-

sibly missing important errors concerning consis-

tency and coherence. In our pipeline, we cannot

use GEMBA-MQM for cost and reproducibility

reasons (Kocmi and Federmann, 2023a); we there-

fore use CometKiwi, which is nevertheless sensi-

tive to the most severe problems.

We also find that few-shot examples tend to de-

crease CometKiwi scores. One-shot prompting

can have a light positive or negative impact on

GEMBA-MQM scores, but two-shot prompting al-

ways deteriorates scores except for the fr–en direc-

tion for the HAL-Inria corpus.

Analysis based on GEMBA-MQM Gemba-

MQM allows us to perform finer-grained evalua-

tion, offering insights into translation errors in ad-

dition to providing QE scores. The detected errors

are classified into three categories: critical, major

and minor, and each category is weighted differ-

ently in the calculation of the final quality score.

We perform qualitative analysis by reviewing

the translations and the Gemba-MQM error an-

notations for the first 10 en–fr abstracts of the

HAL-all corpus. Table 4 shows the number of oc-

currences of the most important error types. We

find that some errors were misclassified or hal-

lucinated by Gemba-MQM and therefore indicate

the true count of errors in parentheses after our

re-annotation. We present some misclassified and

false errors in Appendices A and B respectively.

The most prevalent error type is mistranslation,

reflecting the difficulty for LLMs to translate sci-

entific terms accurately. Inconsistent translation of

terms becomes more common for smaller trans-

lation segments (i.e. worse at the 3-sents level),

as consistent use of terminology often requires

context beyond the sentence or chunk level (Xiao

et al., 2011). We also find some basic gram-

matical errors. They mainly concern subject-

verb agreement and gender agreement. We pro-

vide below two examples of errors annotated by

GEMBA-MQM. In the first example, the English

source term bio-oil, is inconsistently translated

into French as bio-huile and huile biologique. In

the second example, the French word dimension-

nement ‘sizing’ is preceded by a feminine deter-

miner, even though it is a masculine noun.

(1) terminology/inconsistent use: “bio-huile” vs “huile bi-
ologique” (both acceptable but inconsistent within the
text)

(2) fluency/grammar: la dimensionnement optimal” should
be “le dimensionnement optimal” (gender agreement
error: “dimensionnement” is masculine)

Based on the above findings, we have decided

to implement document-level MT in our pipeline.

We will continue experimenting with few-shot

prompting and different strategies for example se-

lection.

5 Conclusion and future work

We have presented the pipeline of the MaTOS

project for the translation of English and French

publication abstracts submitted to the HAL pub-

lishing platform. Our aim is to break down lan-

guage barriers in research (where English dom-

inates) by encouraging publication in other lan-

guages, in our case French. The design of the

pipeline takes into account the need to filter sub-

mitted abstracts and the resulting translations in or-

der not to discourage users from using the technol-

ogy. The idea is for users to validate or post-edit

the translations, which will also be publicly avail-

able as a useful resource for the MT community.

In the near future, we intend to experiment with

more sophisticated prompting techniques, integrat-

ing translation of terms using bilingual glossaries

and other domain-specific information.
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Popović, Maja. 2015. chrF: character n-gram F-score
for automatic MT evaluation. In Proceedings of the
tenth workshop on statistical machine translation,
pages 392–395.

Raffel, Colin, Noam Shazeer, Adam Roberts, Katherine
Lee, Sharan Narang, Michael Matena, Yanqi Zhou,
Wei Li, and Peter J. Liu. 2020. Exploring the
limits of transfer learning with a unified text-to-text
transformer. Journal of Machine Learning Research,
21(1).

Rei, Ricardo, Craig Stewart, Ana C Farinha, and Alon
Lavie. 2020. COMET: A neural framework for MT
evaluation. In Webber, Bonnie, Trevor Cohn, Yulan
He, and Yang Liu, editors, Proceedings of the 2020
Conference on Empirical Methods in Natural Lan-
guage Processing (EMNLP), pages 2685–2702, On-
line, November. Association for Computational Lin-
guistics.

Rei, Ricardo, Ana C Farinha, Chrysoula Zerva, Daan
van Stigt, Craig Stewart, Pedro Ramos, Taisiya
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A Misclassified errors

In this section we show some examples of errors

that were detected by GEMBA-MQM in our eval-

uation sample but were classified in the wrong cat-

egory.

(3) fluency/grammar: some minor punctuation issues in the
abbreviation list (missing commas or semicolons in a
few places)

This was annotated as a fluency/grammar error,

but we re-annotated is as a fluency/punctuation er-

ror, since it concerns missing punctuation marks.

(4) accuracy/mistranslation: “la hybridation” should be
“l’hybridation” (missing elision of the article “la” be-
fore a vowel)

This was annotated by GEMBA-MQM as an

accuracy/mistranslation error, even though it is a

grammar error.

B False errors

In this section we show some examples of errors

that were detected by GEMBA-MQM in our eval-

uation sample but are actually correct translations.

(5) terminology: the terms “sphère biogéographique” for
“biogeographic realm,” “dissemblance” for “dissimilar-
ity” and other scientific terms are consistent and appro-
priate.

This was counted as a terminology error, even

though the model itself explains that scientific

terms are translated in a consistent and appropri-

ate manner.

(6) style: the translation is formal and appropriate for the
scientific context.

This was counted as a style error, even though

the model itself explains that the translation is for-

mal and appropriate.

122



Automated Information Extraction and Template Filling
from Client Style Guides

Leonor Graça

TransPerfect, Lisbon,
Portugal

leonor.graca.int

@unbabel.com

Vera Cabarrão

TransPerfect, Lisbon,
Portugal

vera.cabarrao

@unbabel.com

Helena Moniz

University of Lisbon, Portugal
CLUL, Lisbon, Portugal

INESC-ID, Lisbon, Portugal
helena.moniz

@edu.ulisboa.pt

Abstract

Style guides are a centrepiece of profes-

sional translation workflows. Yet, their

integration into automatic pipelines re-

mains underexplored. This paper presents

exploratory work on information extrac-

tion from client style guides and appli-

cation to a templated style guide, devel-

oped to be a system prompt. This tem-

plate is then applied during an LLM-

based translation to automatically produce

outputs that are compliant to client’s re-

quirements. The study focused on seven

language pairs (LP), evaluating the au-

tomatic extraction, and translation qual-

ity and compliance with the style guide.

The extraction demonstrated reliable per-

formance across languages and file for-

mats. Translation quality and adherence

were evaluated using human preference

annotation, comparing two Tower models

(Tower Zen 9B and Tower+ 72B). The

results indicate a modest advantage for

Tower+, but with mutual acceptability in

certain instances. These findings estab-

lish a viable semi-automatic framework for

style guide integration in translation work-

flows, and motivate further investigation

across broader domains, clients, and LPs.

1 Introduction

Language is never neutral. Every decision in a

translation task carries meaning, even more so in

a professional translation setting. Inconsistent us-

© 2026 The authors. This article is licensed under a Creative
Commons 4.0 licence, no derivative works, attribution, CC-
BY-ND.

age of terminology can erode brand trust. An am-

biguous tone can lead to miscommunications be-

tween the customer and the seller. Improper for-

matting of legal sections could lead to liability is-

sues. The absence of clear rules, beyond language

guidelines, forces the translator to make decisions

without context, leading to inconsistent results.

Style guides exist to prevent exactly that. They

are often described as reference documents, but

that quite undersells them. Style guides are one

of the most crucial tools in a translation company.

When looking at different perspectives, from trans-

lators themselves to language providers (American

Translators Association, 2019; Lingualinx, 2024;

Ghosal, 2024), they all agree that without clear

guidelines that determine tone, grammar, terminol-

ogy, formatting, and audience definition, transla-

tors are left to make calls that should already have

been resolved, leading to inconsistent messaging,

costly revisions, and even legal consequences. ISO

(2015) proves this point, creating a standard for

translation processes. It is precisely the presence

of guidelines that eliminate the guesswork by giv-

ing every linguist, reviewer, translator, etc., the

same rulebook to work from.

However, for all their importance, they come

with one significant challenge. As they are pro-

vided by the client, no two are alike, arriving with

different formats, lengths, structures, and types of

information. Some run for dozens of pages with

detailed examples, while others are a page of bul-

let points. This inconsistency is difficult enough to

handle with human translators. But, as the indus-

try turns to Large Language Models (LLM), this

becomes more acute. As powerful as they might

be, LLMs tend to struggle in instruction-following

(Heo et al., 2025; Young et al., 2025), even more

so when parsing these style guides, having one of
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the most valuable assets in the translation work-

flow becoming one of its biggest blind spots.

To circle around this, the research aims to

develop an automated framework for generat-

ing machine-readable style guides that can be

integrated directly into LLM-assisted translation

workflows, enhancing translation quality through

real-time application of client-specific style guides

as system prompts while simultaneously improv-

ing operational efficiency by automating the style

guide implementation process across diverse client

requirements and linguistic specifications.

2 Literature Review

A translation style guide is a document that incor-

porates relevant information for translation tasks.

Through these, translators can ensure consistency

in format and language throughout all brand docu-

mentation (Aranbure et al., 2018).

However, a different challenge arises. Recent

industry data underlines the rapid transformation

toward AI-assisted workflows. The Business Re-

search Company (2026) projects a Compound An-

nual Growth Rate (CAGR) of 25.2% for AI in

translation, forecasting market expansion to $2.94

billion in 2025. Furthermore, CSA Research re-

ports a $24.6 billion decline in the translation mar-

ket since 2019, representing a 45% drop, suggest-

ing industry restructuring alongside technological

adoption. The question is no longer whether to

adopt them, but rather how to integrate them ef-

fectively into established workflows.

Despite their capabilities, LLMs still exhibit no-

table limitations, particularly in adhering to in-

structions. Research has proven that LLMs strug-

gle when processing complex and large guide-

lines (Jang et al., 2022; Jaroslawicz et al., 2025),

suggesting that directly inputting extensive client

style guides would likely result in unsatisfactory

results. Furthermore, these style guides are de-

veloped for the human mind, and do not follow

prompt engineering strategies, begging the ques-

tion, how can we make LLMs follow style guides?

With that, a primary work was built upon this. A

study conducted by the author (Graça, 2025), prior

to this, presented initial research on how to prop-

erly develop style guides that are readable by an

LLM, through its application as a system prompt.

This was done with the development of a three-

step methodology: a General Template — a one-

fits-all approach, any document from any domain

could be translated using it; a Domain Template —

a style guide tailored for one specific domain in

which any document within it could be translated

using it; and a Document Template — one style

guide for each type of document, within a domain.

The results showed its effectiveness in improv-

ing translation quality and compliance, proposing

the Domain Template for simpler documents and

the Document Template for more complex ones as

the best approach. However, this was tailored to be

more manual, as all the style guides are filled-in by

a human before application. Additionally, it misses

the specifications that certain clients have. Do-

mains have generic rules. However, certain clients

may wish to follow different parameters.

As such, the fourth-step of this methodology

was thought out, the Client Template, to fit the

needed industry use case, and tailor this system

prompt approach to client specifications.

3 Methodology

Building upon Graça (2025), this research added

to the framework by creating a fourth-step. This

methodology brought two additions to the previous

work, automating the process through a script in-

tegrated with the GPT API, while making it adapt-

able to the needs of individual clients. Data was

extracted from the client’s style guide and ap-

plied to a template structure, automatically creat-

ing an LLM-readable style guide that follows the

clients needs and requirements. This template was

later applied as a system prompt during translation,

through TowerLLM.

3.1 Information Extraction and Application

3.1.1 Template

The previous work mentioned in Section 2 led

to the development of AI-readable style guides

and, subsequently, to its templated structure. As

the study intends to be generally applicable to all

clients, the initial step consisted of an adaptation

of the General Template for this use-case.

However, this created a new challenge. The pre-

vious templates were filled-in by a linguist and/or

translator. But, as the purpose was to automatise

the first step, it was necessary to turn the template

into a prompt to be adapted by the model. As such,

the template itself was adapted through prompt en-

gineering, adding instructions to the relevant sec-

tions, e.g. prompt “add the relevant rules in the

style guide for formal/informal usage and tone of
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voice.” added to the section Tone and Formality.

In this way, the model should incorporate the rules

regarding formality and tone of voice in this sec-

tion while employing the extracted data.

In order to create an appropriate template, it was

necessary to analyse different client style guides

so as to identify key elements. An aspect to con-

sider was the importance of a section on one style

guide, that was irrelevant for another. A market-

ing client may require the section Humor, while

a legal client would not. Not all categories are

intended for all clients. Nevertheless, testing re-

vealed that the best approach was to have a prompt

filter the necessary sections based on the client.

Furthermore, it was determined what rules must

be unchangeable, e.g. “Apply punctuation con-

sistently, following the rules of the [Target Lan-

guage].”. For certain sections, without a fixed

prompt, the translation would not adhere to the lan-

guage norms. In other words, the model already

knows the generic grammar rules, as such those are

not added to the template. However, without that

prompt in the template, the translation will only

apply the exceptions, and lose quality because the

generic grammar rules are not applied.

Lastly, the study showed that style guides do

not always have an LP. Certain clients have a style

guide per Target Language (TL), independent of

the Source. To accommodate both, two templates

were developed, one for LP and one for TL.

3.1.2 Model Instructing

The initial stage of the research was to automate

the process, and the best way was through a Python

script. Due to token restrictions, TowerLLM is

unable to perform the extraction and application.

As such, we proceeded to its experimentation with

GPT API, more specifically GPT 4o. For future

iterations, we intend to test Gemini on this task.

First, two input files were loaded: the client’s

style guide and the template, defining the output

schema, whose sections are initialised as empty ar-

rays in a dictionary structure. Second, the style

guide is processed in chunks, depending on its

size, and each chunk was submitted to the API with

a prompt to extract and return information. The

data was extracted from all chunks, one at a time,

and rewritten as a clear and structured prompt, ag-

gregated by category into the structured dictionary,

ensuring that multiple relevant rules per section are

retained. Lastly, a second prompt was applied, in-

corporating the template and the aggregated data,

and directing the model to organise the extracted

information and properly add it to the template,

according to its rules. For any empty sections, it

should add generic rules or discard. The completed

template is written to a configurable output file.

3.2 Data

For the development stage, and as testing data,

three different clients of different domains were

used: legal, with banking data; marketing, with

product description; and media, with promotional

text. Each had style guides that vary in length, for-

mat, and structure. All the necessary materials —

templates, scripts, and prompts — for the pipeline

were tested using these clients, until satisfactory

results were achieved across the board.

Following the validation of the methodology, a

testing framework was established with a differ-

ent client from the previous three as the primary

case-study. This client was selected as it had both

the resources and the interest in implementing this

study. The previous three clients did not have the

necessary data availability or the data was too sim-

ple to evaluate the style guide adherence.

The client’s data encompassed multiple brands

targeting distinct demographic segments, includ-

ing adult and children’s markets, with product cat-

egories spanning various domains. Translation

tasks were centred on detailed product descrip-

tions. For this purpose, we selected 28 products,

each with four types of descriptions: title; con-

sumer description; shopper description; and prod-

uct description. Each product, with the four de-

scriptions, had around 20 to 30 sentences.

This research was conducted in seven lan-

guages: Japanese (ja-JP), es-ES, Danish (da-DK),

Korean (ko-KR), Polish (pl-PL), pt-PT, and Stan-

dard German (de-DE). Two of them were selected

as they had two style guides each, PL and DE.

The style guides were similar to each other.

They were .docx files, with similar structures,

around 10 pages long, and with a list of rules for

grammar, format, and tone of voice. The sec-

ondary files for PL and DE comprised a detailed

list of formatting rules for specific scenarios, and

they were longer and more dense. The processed

style guides had around 1500 tokens.

The style guides were processed and post-edited

by the author, needing minor annotations. For the

translation step, two Tower models were tested in

instruction-following, to determine the best when
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applying the pipeline to a translation workflow.

The models were TransPerfect’s proprietary mod-

els, TowerZen 9B, the most recent model, and

Tower+ 72B (Rei et al., 2025), tested in the three-

tier approach assessed in Section 2. For unbiased

answers, the models were labelled as A, corre-

sponding to TowerZen 9B, and B, Tower+ 72B.

The annotations were performed by a research

linguist or freelancer, with high proficiency in the

TL, and prior experience with similar tasks. De-

tailed guidelines were prepared, covering task de-

scriptions, rules, evaluation criteria, and key con-

siderations. To ensure clarity, an open communi-

cation channel was maintained between the author

and the annotators, and a dedicated step for com-

ments was incorporated. Both models were given a

score of 1 (worst) to 5 (best) for translation quality.

It is important to note that the quality scores

were separate from the style guide application, one

translation could receive a score of 3, and yet per-

fectly follow the style guide. To further distin-

guish between these aspects, two additional ques-

tions were included: “Best Style Guide adherence”

and “Best quality”. For each question, the annota-

tor would select “A”, “B”, “Equally Bad” if both

models failed, or “Equally Good” if both models

presented good quality.

4 Results

This section presents the empirical findings from

the two experimental phases: the automated infor-

mation extraction from client style guides and the

evaluation of translation quality achieved through

the application of these extracted style guides.

4.1 Information Extraction and Application

Overall, this process had quite positive results, re-

quiring post-edition, but to a short extent. The is-

sue was in the system’s tendency to omit more spe-

cific rules while maintaining accuracy in the infor-

mation it did extract. On average, four rules were

eliminated for being overly general or unneces-

sary, and 12 rules were missing and added in post-

edition. In fact, no incorrect information was gen-

erated, suggesting that the extraction methodology

prioritises precision. However, in opposition, the

system would add information that an LLM would

already know. While not incorrect, it was generic

or irrelevant, making it unnecessary.

The extraction quality varied according to the

specificity and clarity of the source material. In

cases where style guides contained ambiguous or

unclear rules, the system occasionally produced in-

formation that diverged from the intended specifi-

cations. Generic style conventions, such as punc-

tuation and formatting rules, were well-captured,

whereas domain-specific or client-particular re-

quirements that opposed the general rules, fre-

quently required manual edition, as seen by the

higher quantity for addition as opposed to deletion.

Despite these limitations, the extraction frame-

work produced outputs that were well-structured

and accurately represented the original style guides

provided by the client, indicating that the method-

ology serves as a viable foundation for semi-

automated style guide generation, provided that

human oversight is maintained for validation and

completion of specialised requirements.

The performance of the script varied depending

on the format of the style guide. The .txt files and

.docx / .doc consistently yielded the most reliable

results. When rules were missing, it did not appear

to be due to formatting constraints. PDF files, with

more complex PDF layouts — multiple columns,

graphics, tables, and distinct text boxes — were

more challenging. A substantial portion of the con-

tent was not captured. This suggests that while

it generalises well across most common file for-

mats, documents with highly complex visual lay-

outs may benefit from a pre-processing step prior

to extraction, in order to ensure a more compre-

hensive capture of stylistic content.

4.2 Translation and Instruction-Following

Style Guide Adherence Translation Quality

Equally

Good

Equally

Bad
A B

A

mean

B

mean

∆

(B-A)

ES 4 13 4 7 3.28 3.6 +0.32

DE 1 4 14 9 2.78 2.96 +0.18

KO 0 7 0 21 2.57 3.14 +0.57

PT 4 8 5 11 3.36 3.18 -0.18

PL 11 0 9 8 3.8 3.78 -0.02

DA 22 4 0 2 2.21 2.21 0

JA 18 0 7 3 2.6 2.75 +0.15

30.6% 18.4% 19.9% 31.1% 2.9 3.1

Table 1: Style guide adherence and translation quality results

The evaluation results in Table 1 indicate a

marginal difference between the two models, with

A (TowerZen 9B) achieving a mean translation

quality score of 2.9 and B (Tower+ 72B) a mean

of 3.1. For four of the seven languages, Model

B received a higher score, with the most signifi-

cant difference in ko-KR (∆ = +0.57) and es-ES
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(∆ = +0.32), although the gap between the two re-

mains modest.

Across languages and models, the adherence

produced a number of positive results. However,

several recurrent patterns indicate areas for im-

provement. The most consistent shared challenge

was trademarks (words tagged with ® or ™), and

product names. Both models translated terms that

ought to have been kept. Measurement and number

formatting were flagged across many languages as

well. Both models comprised non-localised units

alongside the localised ones rather than replacing

them, and did not modify the numbers, not localis-

ing thousand separators.

In es-ES, Model B was selected by the anno-

tator nearly twice as often as Model A, (7 vs. 4),

although a notably high number of “Equally Bad”

in style guide adherence (13) indicates that neither

model consistently satisfied the requirements. Lit-

eral translations occasionally occurred, e.g. “great

value” translated to “expensive,” and “walkways”

translated as “pasarelas,” a term more appropriate

for a bridge or a fashion runway than the setting

indicated in the source. However, most of the an-

notated errors were precisely the no conformity to

rules, as the language itself was quite positive, and

neither of the rules not followed were critical er-

rors.

For pl-PL, it also stands out as a language with-

out “Equally Bad”, suggesting that both models

produced outputs that the annotator deemed ac-

ceptable. Both pl-PL and pt-PT had a preference

in translation quality for Model A or was rated in

pair with B (∆ = -0.02 and ∆ = -0.18, respec-

tively). The de-DE accompanies this trend, but

with a larger distinction between the models, with

A demonstrating a higher overall adherence. How-

ever, both models had register issues, occasionally

defaulting to formal structures when an informal

tone was required.

For da-DK, it shows identical mean scores for

both models in translation quality (2.21), with A

having a preference for adherence, showing the un-

certainty of the annotator for this language. It had

the most individual errors, with major mistransla-

tions in Model A (“gingerbread man” translated

as “pejsmand”) and cross-language interference in

Model B due to Norwegian spellings. In contrast,

ja-JP was a balanced language, with both mod-

els assessed similarly in 64% of situations, pre-

senting mostly compliance difficulties largely lim-

ited to trademark and measurement norms that ap-

peared consistently across assignments. However,

these languages recorded the highest number of

“Equally Good” in adherence (22 and 18, respec-

tively), indicating satisfaction with both models.

The models performed well more often than

not. Taking into account the responses in which

both models were rated good (30.6%), Model A

showed positive results in approximately 50% of

cases (19.9% + 30.6%), while Model B reached

around 62% (31.1% + 30.6%). In contrast, re-

sponses rated as “Equally Bad” represented 18.4%

of the cases, indicating that clear failure was the

least common outcome.

Across LPs, the two models show closely

marched quality scores, with differences of less

than 0.32 points in all cases. PL, pt-PT, and es-

ES came out as the strongest performers, with both

models achieving mean scores above 3 on a 5-point

scale. DA consistently presents the lowest quality

scores, which may reflect the relative scarcity of

training data.

The co-occurrence of high quality and high

“Equally Good” in pl-PL and pt-PT suggests that

the style guides did not negatively impact transla-

tion quality, maintaining a high baseline of accept-

ability.

The results also show substantial cross-lingual

variation in both adherence and quality, which con-

stitutes the most salient finding of this evalua-

tion. This variation likely reflects differences in the

complexity and specificity of each language style

guide, the typological distance between source and

TL, and the relative volume of language-specific

fine-tuning data available to each model. These

findings motivate future work on the formulation

of language-aware style guides and model selec-

tion strategies tailored to individual TL.

5 Conclusion and Future work

This research presents an exploratory evaluation

of style guide information extraction through GPT

4o, and application as system prompts to MT trans-

lation across seven LPs, comparing two Tower

models under a qualitative analysis annotation.

Building on the three-tier approach proposed in

(Graça, 2025) and discussed in 2 — which itself

yielded positive results — the present work intro-

duces a fourth step that both extends and reinforces

these findings. Together, they offer converging evi-

dence that style guide prompting is a viable option
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to improve translation quality. Model B demon-

strated a consistent, if moderate, advantage in ad-

herence across most languages examined. That

said, the cross-lingual variation observed in the re-

sults serves as an important reminder that its effec-

tiveness is shaped by language-specific factors, in-

cluding the availability of training data, the struc-

tural complexity of the TL, and the degree of speci-

ficity of the style guide itself.

The main limitation of this study was the use of

a single annotator per language, a constraint im-

posed by time and budget considerations. While

this allowed us to conduct a broad, cross-lingual

evaluation, it means that inter-annotator agreement

was not assessed and that bias may influence the

results. Future work will incorporate multiple an-

notators per language, and apply standard inter-

rater measures to ensure better evaluations. Ad-

ditionally, the evaluation was conducted in one

text domain (product description), which limits the

generalisability of the findings. Style guide com-

pliance and model behaviour may differ across do-

mains or other languages not tested here.

This work was a first step toward a systematic

understanding on how to best optimise client style

guides through a more automatic approach, ex-

tracting its information through a script that proved

itself successful, and of how style guide can be

operationalised as system prompts in LLM-based

pipelines.

Due to the results of this work, this study is

now part of a larger ongoing research that exam-

ines style guides across multiple client domains

and text types. Subsequent evaluations will involve

a pilot that will begin with multiple clients from

different industries, using diverse style guides and

source material. These studies will allow the as-

sessment of whether the observed patterns gener-

alise beyond the description of the product or not,

and to assess the liability of this application in

scale to the translation pipeline.

Together, these efforts aim to provide a more

comprehensive picture of the conditions under

which style guide system prompts are effective for

production translation workflows.
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Abstract

Since 2023, translators for the Parliament

of Canada have had the option to use neu-

ral machine translation (NMT) technology

provided by the National Research Council

of Canada (NRC) to support their work in

translating parliamentary publications be-

tween French and English. We present our

analysis of an anonymized dataset of trans-

lators’ interactions with our Hawkeye MT

systems, collected since their introduction

and covering a period of 2.5 years. This

data provides a unique perspective on how

translators interact with the systems, how

their use evolved over time and how it im-

pacts the nature of their translations.

1 Introduction

As machine translation is becoming a standard

fixture in professional translators’ work environ-

ments, we see a growing literature on translator’s

changing work habits (do Carmo and Moorkens,

2022; O’Brien, 2024), attitudes towards tech-

nology (Nunes Vieira and Alonso, 2019; Guer-

berof Arenas, 2025), motivations for adoption and

non-adoption (Cadwell et al., 2018; Zaretskaya,

2015), etc. Such studies can be extremely rich in

details and serve a useful function in understand-

ing the impact of such a transformation of transla-

tion work environments on the professional prac-

tices and lives of translators. In most cases, how-

ever, these studies can only offer a snapshot of

this rapidly-evolving landscape at a given point in

time. We rarely have the opportunity to witness

© 2026 His Majesty the King in Right of Canada, as rep-
resented by the National Research Council of Canada. This
article is licensed under a Creative Commons 4.0 licence, no
derivative works, attribution, CC-BY-ND.

and document the transformation process itself, as

it is happening. This paper is about one such op-

portunity.

Since 2023, the National Research Council of

Canada (NRC) has been providing custom MT

technology to the Government of Canada’s Trans-

lation Bureau (TB), to assist the linguists of its par-

liamentary service in translating documents pub-

lished by the Parliament of Canada, most notably

the Hansard, i.e. the transcripts of the House of

Commons debates, in both of Canada’s official lan-

guages, French and English. The Hawkeye sys-

tems are neural machine translations (NMT) sys-

tems, created from Canadian parliamentary texts.

Parliamentary translators have access to a number

of MT tools, however Hawkeye is the only one

that is currently directly integrated into Prism, the

Parliament of Canada’s publication workflow man-

agement application, which is the translators’ main

work tool (O’Brien, 2002). No translation memory

tools are integrated into Prism. Unlike many work

environments where postediting MT is mandatory,

use of Hawkeye MT is optional: translators are ac-

tively encouraged to use it but translations are not

automatically pre-populated with MT and transla-

tors who want to use it have several user interface

options for inserting Hawkeye MT output into their

editing window.

Since the official deployment of the systems

in May 2023, user interactions with Prism and

Hawkeye have been systematically recorded. This

anonymized data offers us a unique view on how

translators interact with the systems and how their

use of Hawkeye MT evolved over time. Because

the data include the text of the translations at dif-

ferent stages—initial MT, translator’s draft and fi-

nal revised version—we also have a view of how

MT impacts the nature and quality of translators’
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work (cf. shorter-term studies like Macken et al.

(2020)). In the following pages, we present our

analysis of over two and a half years of these user

interaction logs.1

We first analyze how the use of Hawkeye MT

globally evolved over time: we observe that, from

16% of texts when Hawkeye was first deployed

in May 2023, the use of the system climbed to

60% in December 2025. We then look at indi-

vidual (anonymous) translators’ work habits with

MT to see whether patterns of use emerge: we find

that while users are free to decide for each para-

graph whether or not to use Hawkeye, in practice,

they either use it all the time or not at all. Finally,

we examine how the use of Hawkeye affects the

translations themselves: we see that when transla-

tors chose to insert Hawkeye MT into their trans-

lation window, they produce translations that are

much more similar to the initial MT than those

who don’t. This suggests that Hawkeye indeed

provides a useful initial draft for those translators.

2 Hawkeye and Prism

The Hawkeye systems are neural machine trans-

lations (NMT) systems, trained exclusively with

Canadian parliamentary bilingual data. They are

based on the Sockeye NMT toolkit (Hieber et al.,

2022). Hawkeye systems are created and main-

tained for four different domains: House of Com-

mons debates, House of Commons committees,

Senate debates and Senate committees, but in this

work we only focus on House of Commons sys-

tems. Distinct systems are produced for English-

French and French-English translation. All sys-

tems for a given language direction are based on a

common system, trained from scratch on all avail-

able parliamentary data. Each domain-specific

system is then produced by fine-tuning this base

system using only the domain-specific data. Ta-

ble 1 summarizes the data used to produce the lat-

est updated systems, in December 2025. The sys-

tems are trained using all parliamentary texts in the

proprietary “House of Commons” XML format;

as a result, systems handle structured XML input,

producing translations with valid XML markup.

All systems are updated three times a year, by re-

creating the systems from scratch, using all data

available at that time. More details can be found in

1The described study design was reviewed and approved by
the National Research Council of Canada’s Research Ethics
Board (NRC-REB #2024-22).

Words
Domain Segments English French

HoC Debates 7.7M 135.3M 148.6M
HoC Committees 16.6M 227.1M 245.7M
Sen. Debates 0.6M 11.1M 12.5M
Sen. Committees 1.9M 29.6M 32.4M

Total 26.8M 403.1M 439.3M

Table 1: Training data for Hawkeye systems (Dec. 2025).

Knowles et al. (2024) and Knowles et al. (2023).

Hawkeye systems are integrated into Prism

(O’Brien, 2002), the workflow application that

is the primary means of producing the Hansard

and other publications of the Canadian parliament.

Within this environment, linguists produce and

revise translations using a dedicated three-paned

user interface (UI) window: the left-hand pane is

used to select from a list of documents that have

been assigned to the translator or reviser, the mid-

dle pane displays the source-language text to be

translated, and the right-hand pane is used to edit

the target-language version. The source and target

texts within each document are divided into text

chunks: paragraph-like units that most often corre-

spond to interventions from a single speaker. Both

versions also contain structural XML tags, which

in the UI are displayed as grey labels that the user

can manipulate in various ways.

Translators are free to decide whether or not

they use Hawkeye MT: the translation editing

pane is not pre-populated with machine transla-

tion. Translators who want to use Hawkeye need to

explicitly insert MT into their target translation, by

activating various UI components. This operation

can be performed for all chunks at the beginning of

a new document, or individually for each chunk.

3 The Prism-Hawkeye Logs

Systematic recording of data on the use of Hawk-

eye MT within Prism began shortly after the first

systems were deployed, in May 2023. In this work,

we examine a dataset of 286,858 records that were

collected over a period of 31 months, between 15

May 2023 and 12 December 2025.2 In what fol-

lows, we refer to this dataset informally as the

“logs”. Table 2 presents general dataset statistics.

Each record in the logs corresponds to a text

2This number of records is computed after filtering out texts
with no translation: those that may have been incomplete at
the moment of collection or which were translated outside of
the Prism interface.
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EN-FR FR-EN Total

HoC Domain rec. words rec. words rec. words

Debates 104 k 10.9M 37 k 3.8M 141 k 14.7M

Committees 95 k 6.7M 51 k 3.6M 146 k 10.3M

Total 199 k 17.7M 88 k 7.3M 287 k 25.0M

Table 2: Number of records and words in dataset.

chunk, i.e. a segment of text about the size of

a paragraph (87.2 words per chunk on average).

Each record contains the source-language version

of that text (we refer to this field as SrcText), along

with two or three target-language versions: 1) MT-

Text: the machine translated version produced by

Hawkeye (regardless of whether or not it was used

by the translator), 2) TrText: the translation pro-

duced by a parliamentary translator, and 3) Rev-

Text: optionally, a revised translation, as produced

by a reviser.

As mentioned above, Hawkeye systems are

trained using data from both houses of the Cana-

dian Parliament: the House of Commons and the

Senate. However, only House of Commons sys-

tems were available to parliamentary translators

during the period covered by our analysis. There-

fore, in this study, we consider only the two House

of Commons domains: House of Commons De-

bates and House of Commons Committees, in both

translation directions.

We note that parliamentary translators are or-

ganized in two teams: the Committees team and

the Debates team. Both teams translate documents

from the House of Commons and the Senate, have

both English and French translators (with some do-

ing both directions), and also have revisers (most

of whom also perform translation work). Transla-

tions of Debates are required to be systematically

revised and to be ready for publication the next

morning. Because House of Commons debates

normally take place during the day (the House typ-

ically sits between 10am and 7pm), the Debates

team usually works the evening shift. Transla-

tions of committees are not subject to the same

tight deadlines and translators of that team nor-

mally work the day shift. However, they are often

asked to also translate Debates on days with high

volumes.

Regarding language, 69.3% of texts in the logs

were translated from English into French and

30.7% from French into English. This is represen-

tative of the distribution of language interventions

in Parliament. The source language of each chunk

is also recorded in the logs.

A number of records have an empty RevText, i.e.

the field containing the final version of the transla-

tion, after revisions: 138,557 (48.3%). Most of

these are chunks that were ultimately not revised;

in these cases, the translator’s version TrText is the

final version.3 As noted above, translations of De-

bates are all revised; most Committees’ transla-

tions in the logs are not. We made this information

explicit by adding a Boolean field Revised to each

record, whose value is based on whether RevText

is instantiated or not.

Each record also contains anonymized identi-

fiers of the translator and reviser who handled the

translation, as well as various timestamps.

Finally, one particularly relevant piece of infor-

mation is contained in the HMTinserted field, a

Boolean value indicating whether the translator in-

serted the Hawkeye MT output into their transla-

tion window using dedicated UI components.

4 Analysis

4.1 Use of Hawkeye MT

As mentioned above, the HMTinserted field is a

Boolean value indicating whether the translator in-

serted the Hawkeye MT output into their transla-

tion. We use that information to analyze the use

of Hawkeye MT (sometimes abbreviated HMT be-

low) by translators. Of course, just because a trans-

lator had HMT inserted into their translation for a

given segment of text does not necessarily mean

that they actually based their translation on it; they

may have inserted it initially and then later chose

to delete it. Conversely, the fact that a translator

did not insert HMT does not mean that they did

not use any MT at all: parliamentary translators

have access to other MT tools, such as DeepL Pro4

or GCtranslate,5 which they sometimes use rather

than Hawkeye. However, because these MT tools

are not integrated into Prism, translators need to

manually insert the MT into their translation, ei-

ther by cutting and pasting from a different win-

dow or by typing. We currently have no way of

detecting these events. Therefore, in what follows,

3A small number of records with empty RevText may be ones
for which the revision was not yet completed at the moment
of data collection.
4https://www.deepl.com/en/pro
5https://www.canada.ca/en/public-service

s-procurement/news/2025/09/gctranslate-u

sing-artificial-intelligence-to-build-a

-more-agile-modern-and-bilingual-publi

c-service.html
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when we use phrases such as “translated with the

help of Hawkeye MT”, we merely mean that the

HMTinserted flag was set to True. Conversely,

when that flag is set to False, we cannot assume

that the translation was produced without the help

of any MT; we simply do not know whether some

MT was used or not.

Globally, 46.9% of all text chunks translated

in Prism during the period covered by the logs

were translated with the use of Hawkeye. Figure

1 shows global HMT use depending on transla-

tion direction and the origin of the texts. We ob-

serve that HMT was used more for translation into

French than for translation into English, and more

for the translation of Committee hearings than for

Debates.

Figure 2 shows the evolution of Hawkeye use

month-by-month between May 2023 and Decem-

ber 2025. Overall, from 16% in May 2023, HMT

use gradually increased to over 50% in the fall of

2024 and appears to hover between 50 and 60%

since then. Figure 2 also shows this evolution as

a function of text origin (middle plot) and lan-

guage (lower plot). We note that, while HMT

was used more for Committees than for Debates

overall, since the summer of 2025, HMT usage is

comparable for both domains. This suggests that

while translators of the Debates team were slower

to adopt HMT, their usage later increased, to a

point where they now use it equally often.

Figure 1: Hawkeye MT use as a function of translation direc-
tion (left) and origin of text (right).

4.2 Translators

During the period covered by the logs, a total of

145 linguists (as identified by distinct anonymized

IDs) either translated or revised House of Com-

mons texts. Table 3 gives a more detailed break-

down by task, language, and origin of texts. It

is worth noting that most revisers also worked as

translators during the covered period. Many trans-

lators worked on both debates and committees:

this is true of 56 French and 25 English translators.

Figure 2: Monthly percentage of Hawkeye MT Use: global
(top), compared per text origin (middle) and per language
(bottom). Only months during which 20,000 words or more
were translated for all conditions are reported; confidence in-
tervals computed by bootstrap resampling (1000 iterations,
p = 0.01). The gaps correspond to periods during which
Parliament was not sitting, most notably the prorogation of
January 2025 and the summer pauses.

Translators Revisers
Language Debates Comm. Debates Comm.

EN-FR 75 88 21 11
FR-EN 33 41 11 6

Table 3: Numbers of linguists involved in each parliamentary
task.

Finally, 12 translators did both English and French

translation, 7 of whom also worked as revisers.

We saw in Section 4.1 that translators have used

Hawkeye to help translate approximately 47% of

all text between May 2023 and December 2025.

But is it that 47% of all translators used HMT all of

the time, or that all translators used HMT 47% of

the time? To find out, we computed the proportion

of text for which each translator used HMT, during

different periods.

Figure 3 shows the distribution of translators

based on their use of HMT, and how this distribu-

tion evolved over time: each shade of blue denotes

a different time period. Within these histograms,

each column shows the percentage of translators

whose use of HMT fell within a given range dur-

ing the given period. Looking at the lightest shade
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Figure 3: Evolution over time of the distribution of transla-
tors based on the proportion of documents for which they used
Hawkeye MT.

columns, we see that, between May and Decem-

ber 2023, the vast majority (more than 70%) of

translators used HMT for less than 20% of the texts

that they translated; for simplicity, we refer to this

group as non-users of Hawkeye MT. During the

same period, about 12% of translators used HMT

for more than 80% of the texts that they translated;

we call this group regular users of Hawkeye. In

between these two extremes we find what we call

occasional users: translators who used Hawkeye

for anywhere between 20% and 80% of all their

translations: between May and December 2023,

these amounted to about 15% of all translators.

As time progresses (darker shades), the propor-

tion of non-users of HMT diminishes, while the

proportion of regular users increases. Both groups

seem to stabilize around July 2024: non-users at

about 45% and regular users at 40%. All this time,

the size of the group of occasional users remains

relatively stable. We performed a brief manual

examination of how individual anonymous trans-

lators’ use of Hawkeye changed month-to-month.

In some cases, the translators who appear (in Fig-

ure 3) to be occasional users would be more ac-

curately described as users who are in the process

of migrating from one group (non-users or regular

users) to the other. That is, they are increasing (or

decreasing) their use of Hawkeye over the course

of the log file collection time span. This suggests

that the vast majority of parliamentary translators

are either non-users of Hawkeye (meaning they

never or very rarely use it) or regular users (mean-

ing they use it systematically).

4.3 MT Usage and Impact on Revision

We finally examined whether translators actually

make use of the Hawkeye machine translation out-

put. This was done by measuring the textual sim-

Figure 4: Distribution of textual similarities (BLEU met-
ric) between machine translation output and draft translations,
whether Hawkeye MT was used (green) or not (orange).

ilarity between the MT output (field MTText) and

the translator’s draft (field TrText); we then com-

pared the distributions of these similarities under

the two conditions: Hawkeye MT was used and

Hawkeye MT was not used. The result of this com-

parison, using BLEU as similarity metric, is shown

in Figure 4.6 For cases where the HMTinserted flag

is True, the translator’s draft is much more similar

to the MT output (average similarity is 73.2) than

for cases where that same flag takes the value False

(55.1). This indicates that when translators import

MT into the editing pane, they do effectively tend

to base their translation on that proposed MT.

A more important question perhaps is whether

translations produced with the help of Hawkeye

MT differ from those that do not use Hawkeye MT

in terms of their quality. As a proxy, we measure

the amount of revision edits that were performed

by revisers on translators’ drafts.7 For this, we

compute the Translation Edit Rate (TER) between

the translator’s draft (field TrText) and the final re-

viser’s version (field RevText).8 This metric can be

interpreted as the percentage of words of the text

chunk that were edited—inserted, deleted, modi-

fied or moved—by the reviser (higher values in-

dicate more revision). We then compare the dis-

tributions of these rates under the two conditions:

Hawkeye MT was used and Hawkeye MT was not

used. The results are shown in Figure 5.

The dotted lines in this figure show the global

6Note that, in this context, BLEU is not used to measure MT
quality, but merely textual similarity between the MT and the
translator’s draft – see Appendix A.
7This analysis is limited to chunks that were actually revised,
i.e. which had non-empty RevText and were thus marked with
the Boolean field Revised set to true.
8Note that, in this context, TER is not used to measure ma-
chine translation quality directly, but rather to measure the
amount of revision work performed by revisers – see Ap-
pendix A.
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Figure 5: Monthly comparison of the average amount of re-
vision per chunk (measured in TER) performed by revisers
on translator drafts, depending on whether these were done
with or without the help of Hawkeye MT. Only months dur-
ing which at least 500 chunks were translated are reported;
confidence intervals computed by bootstrap resampling (1000
iterations, p = 0.05).

average TER for translations done with and with-

out the help of HMT. Globally, we observe lower

TER values for translations produced with the help

of Hawkeye MT than for those produced without:

the average number of revision edits for chunks

produced without Hawkeye MT is 7.22; for those

produced with the help of Hawkeye MT, it is

5.89, yielding a statistically significant difference

of 1.33 ± 0.16 between the two conditions (esti-

mated through 1000 iterations of bootstrap resam-

pling with p = 0.01). However, while this ten-

dency is quite strong in 2023 and 2024, it seems

to diminish substantially in 2025, to a point where

most differences between the two conditions are

not statistically significant. It is difficult to deter-

mine whether these variations over time carry any

significance. At this point, we simply observe that,

based on the amount of edits performed by revis-

ers, translations produced with the help of Hawk-

eye do not appear to be of lesser quality than those

produced without.

Note that this assessment reflects the amount

of revisions in terms of surface-level edits, not

the severity of errors that revisers observe in draft

translations. Also worth noting: as far as we know,

apart from the name of the translator, Prism does

not provide revisers with information that would

allow them to determine whether a given trans-

lation was produced with or without the help of

Hawkeye.

5 Conclusions

We presented our analysis of user interactions of

the translators and revisers of the Translation Bu-

reau’s parliamentary service with the Hawkeye

MT components of the Prism parliamentary pub-

lication workflow management software, based on

user interaction data collected between May 2023

and December 2025. Overall, we found that dur-

ing the covered period, translators used Hawkeye

machine translation for 47% of all the texts they

translated using the Prism environment. This use

increased steadily in 2023 and 2024, from 16%

in May 2023 to approximately 55% in the fall

of 2024, plateauing at about that level throughout

2025. During that year, Hawkeye was used more

frequently for translation into French (57.8%) than

into English (50.0%), and more frequently for the

translation of Debates (56.4%) than for committee

evidence (53.9%).

We observed that most translators either rarely

use Hawkeye MT (non-users) or almost always use

it (regular users). In the period between July and

December 2025 (last six months of logged period),

these two groups represented 44% and 41% of all

translators, leaving only about 15% of translators

qualifying as occasional users of Hawkeye MT.

In terms of quality, translations produced with

the help of Hawkeye required fewer revisions on

average than those produced without, although the

difference between the two conditions seems to

fluctuate over time. Again, we note that this anal-

ysis of quality was based solely on the amount of

edits performed by revisers (in terms of the num-

ber of words and punctuation marks revised), not

on the gravity of the errors they encountered.

Collection of user interaction data in Prism is

ongoing, and we hope to repeat this analysis peri-

odically and follow the evolution of the observed

trends and better our understanding of how Hawk-

eye MT is used by parliamentary translators. We

note in passing that the current data collection pro-

cedure does not allow us to reliably measure trans-

lator and reviser productivity. If measuring this

is critical, then additional instrumentation of the

Prism translation user interface and/or voluntary

user disclosure would be required. Another thing

that the current data collection procedure does not

allow us to detect is situations where translators (or

revisers) use other translation tools, such as DeepL

Pro or GCtranslate, to produce translations. Again,

this would require different instrumentation.

Finally, and as noted above, there seem to exist

differences in the quality of the translations pro-

duced with and without the help of Hawkeye MT.

This warrants a more in-depth analysis, in which

we would examine the nature of the revisions per-

formed on each kind of translation.
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jee, Christian Federmann, Mark Fishel, Yvette Gra-
ham, Barry Haddow, Matthias Huck, Antonio Ji-
meno Yepes, Philipp Koehn, Christof Monz, Matteo
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A Measures of Textual Similarity

In different parts of this study, we find the need to

quantify the differences between different transla-

tions of the same text. We base these comparisons

using textual similarity metrics: functions that pro-

duce values that can be interpreted as the degree of

similarity between two strings of text.

In practice, the metrics that we use in this study

are standard machine translation evaluation met-

rics: BLEU, ChrF and TER. Here, however, we

use these MT evaluation metrics strictly as textual

similarity metrics, and not to directly measure MT

(or postedited text) quality against a reference. For

example, in Section 4.3, we use BLEU to compare

the similarity between Hawkeye outputs (hypothe-

ses) and the translators’ drafts (references) under

two different conditions; in that same section, we

use TER to measure the similarity between trans-

lators’ drafts (hypotheses) and final, revised trans-

lations of the same texts (references). In both

of these examples, these metrics’ values should

not be interpreted as denoting machine translation

quality. In the case of BLEU, we are examining

how much of the original MT appears in the trans-

lator draft. In the case of TER, we are examining
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how many revisions were made to the translator’s

draft, conditioned on whether Hawkeye MT was

selected at translation time or not (without know-

ing directly whether it was used or not).

We use the sacrebleu9 implementation of

BLEU, ChrF and TER machine translation evalua-

tion metrics Post (2018), with signatures provided

in Table 4.

9https://github.com/mjpost/sacrebleu
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BLEU nrefs:1|case:mixed|eff:yes|tok:13a|smooth:add-k[1.00]|version:2.4.3

ChrF nrefs:1|case:mixed|eff:yes|nc:6|nw:0|space:no|version:2.4.3

TER nrefs:1|case:lc|tok:tercom|norm:no|punct:yes|asian:no|version:2.4.3

Table 4: Sacrebleu signatures for metrics used in this paper. Because we average similarities between relatively short segments
of text, we need to compute BLEU scores with smoothing: we use add-1 smoothing.
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