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Abstract

This paper describes the GRIAL-TA team’s
submission to the WMT2026 Terminology
Translation Shared Task. We participated in
both tracks for the English-Polish language
pair. Our core translation architecture relies
on an instruction-aligned Gemma 4 model fine-
tuned on highly curated, domain-specific cor-
pora. To address the specific evaluation modes
of Track 1, we constructed specialized datasets
to train the model to adapt to prompts featur-
ing no terminology, proper domain terminol-
ogy, and random terminology. For Track 2,
where explicit dictionaries are absent, we ex-
tracted the required glossary from the provided
seed bitexts prior to translation using TBX-
Tools, a tool for automatic terminology extrac-
tion. We merged the unique terms extracted
independently by a BERT-based methodology
and a linguistic part-of-speech pattern extrac-
tor, to mitigate a significant performance drop
observed in the Polish data. Ultimately, while
our approach maintained competitive general
translation quality, the evaluations reveal that
extensive fine-tuning degraded the model’s
instruction-following capabilities, reducing its
adherence to terminology constraints. We dis-
cuss these limitations and propose future strate-
gies to balance domain adaptation with prompt
sensitivity.

1 Introduction

With the creation of large language models (LLMs),
machine translation (MT) has reached cutting-edge
performance (Ataman et al., 2025); nonetheless,
they have shown some struggles when it comes to
multilingual machine translation (MMT) compared
to traditional approaches (Zhu et al., 2024). More-
over, LLM translations of terminology-heavy texts
are far from the desired outcome (Semenov et al.,
2025). At the document-level, LLMs tend to be
inconsistent or eliminate terminology (especially
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in low-resource languages), which is detrimental
for the quality of the overall translated text.

With this background in mind, the GRIAL-TA
team participated in the Terminology Shared Task
of WMT26, in both Track 1 (document-level MT
with an explicit dictionary) and Track 2 (document-
level translation with sample bitexts) for English
and Polish in the fields of Medicine, and Engineer-
ing and Technology. We fine-tuned an instruction-
tuned Gemma 4 model for both tracks. To extract
terms from the Track 2 data we used the term ex-
traction tool TBXTools1, using both BERT-based
and linguistic methodologies (Oliver and Vàzquez,
2015; López-Sánchez et al., 2026).

2 Resources

In this section, we specify the resources used to
fine-tune the translation model used in Tracks 1 and
2. We compiled a term reference list in the domains
specified by the task organizers: Medicine, and En-
gineering and Technology. We decided to search
for large resources with multiple subdomains re-
lated to the main domains. Additionally, we added
bilingual corpora in order to enhance translation.
All resources were obtained from reliable sources,
such as institutions, international agencies, pub-
lished dictionaries, and official databases. It is
worth mentioning that all the resources used for
this shared task, except for the European Medicines
Agency and European Union’s (2026) corpus, are
open access.

2.1 Corpora

We used EuroPat and EMA (Heafield et al., 2022;
European Medicines Agency and European Union,
2026) with the purpose of training the translation
models described in Section 2.4. We chose only
English-Polish as the language pair for this task,

1https://github.com/grial-research-group/
TBXTools

https://github.com/grial-research-group/TBXTools
https://github.com/grial-research-group/TBXTools
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meaning that the unique segments mentioned in
this section only apply for these two languages.

EMA and EuroPat are multilingual medicine
and technical corpora, respectively. The former
was constituted by documents from the European
Medicines Agency and has 348,236 unique seg-
ments. The latter is the compilation of patent-
specific parallel data, with 332,120 unique seg-
ments. We also created a general bilingual cor-
pus based on NLLB2 (NLLB Team et al., 2022)
(74,065,994 unique segments) and Paracrawl v93

(Bañón et al., 2020) (40,082,037 unique segments)
corpora. To do so, both corpora are deduplicated,
concatenated, and deduplicated again. The result-
ing corpus is published in Hugging Face4.

Since the alignment for the three corpora does
not have the quality we desired (namely, segments
that did not match exactly with their corresponding
counterparts), we applied the rescoring algorithm5

proposed by Oliver and Álvarez (2023) to improve
it. It uses lid.176.bin (Joulin et al., 2016), a lan-
guage identification model based on fastText. It is
trained on large multilingual datasets and supports
176 languages. As for the selection of rescored
segments, we took into account language detection
confidence and similarity between segments key
metrics (both with a minimum score set at 0.75).
After rescoring, they sized down to 162,091 seg-
ments for EMA-en-pl, 292,768 for EuroPat-en-pl,
and 76,478,046 for the general corpus.

2.2 Terminological databases

We used the IATE (InterActive Terminology for
Europe) database (Translation Centre for the Bod-
ies of the European Union, 2018) to compile spe-
cialized terminology. This resource is used for
the translation of official documents and legisla-
tion within the EU. Its website enables customized
terminology extraction through structured down-
load requests, requiring users to specify parameters
such as language, domains, term types, file for-
mats, and reliability levels. In total, we collected
22,201 terms between the three domains. Table 1
shows the parameters used to obtain them for both
domains of the shared task. It is divided by lan-
guages, IATE domains, term type, reliability, evalu-

2https://huggingface.co/datasets/allenai/nllb
3https://paracrawl.eu/
4https://huggingface.co/datasets/aoliverg/

corpus-MTUOC-eng-pol
5https://github.com/mtuoc/

MTUOC-PCorpus-rescorer

ation6, and total number of terms. In Section 3.4.1,
the parameters used for terminology extraction are
specified.

2.3 Bilingual dictionary

For the selection of random terms in the creation
of the fine-tuning sets (see Section 3.2) we have
used the Wikdict dictionaries7. In our repository, a
script to convert Wikdict TEI dictionaries to tabtxt
is provided. The English-Polish Wiktictionary has
a total of 99,394 entries.

2.4 Base models

The Gemma 4 models (El Abd et al., 2026), devel-
oped by Google DeepMind and hosted on Hugging
Face, are a set of open-weights multimodal models,
delivering state-of-the-art performance in several
tasks and with high multilingual capabilities, cov-
ering over 140 languages.

• google/gemma-4-12B-it: A lightweight,
instruction-tuned 12B model that directly
projects audio and visual inputs into the lan-
guage embedding space, removing standalone
encoders to minimize latency and memory us-
age on standard GPUs (8–16 GB VRAM).

• google/gemma-4-31B-it: A dense 30.7B
parameter model optimized for complex rea-
soning, multi-turn agentic tasks, and software
engineering, featuring native video processing
and adjustable visual token budgets.

We selected these models for this shared task
due to their ideal balance of high-throughput ef-
ficiency, strong instruction-following capabilities,
and robust multilingual pre-training across over
140 languages. Terminology-aware translation de-
mands precise adherence to domain-specific glos-
saries and complex contextual constraints, making
Gemma 4’s native system prompt support and con-
figurable thinking modes particularly advantageous
for controlled decoding and constrained generation.
Furthermore, evaluating both the 12B and 31B vari-
ants enables a direct comparative analysis between
lightweight, low-latency architectures suitable for
practical edge deployments and high-capacity mod-
els capable of mastering subtle morphological in-
flections in terminology-heavy texts.

6For further information about term type, reliability, and
evaluation, see Translation Centre for the Bodies of the Euro-
pean Union (2026).

7https://www.wikdict.com/

https://huggingface.co/datasets/allenai/nllb
https://paracrawl.eu/
https://huggingface.co/datasets/aoliverg/corpus-MTUOC-eng-pol
https://huggingface.co/datasets/aoliverg/corpus-MTUOC-eng-pol
https://github.com/mtuoc/MTUOC-PCorpus-rescorer
https://github.com/mtuoc/MTUOC-PCorpus-rescorer
https://www.wikdict.com/
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Medicine Engineering and Technology

Languages en, pl en, pl

Domains 2841 health 68 INDUSTRY, 66 ENERGY, 6416 research
and intellectual property, 6411 technology and
technical regulations

Term type term term

Reliability reliable, very reliable reliable, very reliable

Evaluation deprecated, obsolete, admitted, preferred,
proposed, not specified

deprecated, obsolete, admitted, preferred, pro-
posed, not specified

Total of terms 7,486 14,715

Table 1: Parameters used in the IATE request and total number of terms retrieved.

3 Methodology

3.1 Prompts
We designed a set of prompts to fine-tune the trans-
lation models under several conditions. These
prompts can be found in appendix A.

3.2 Creation of the sets for fine-tuning
Gemma

We developed a Python script (createSet.py) that,
provided a parallel corpus, a general dictionary in
tab separated format and a terminological database
in TBX format, and specifying the names and codes
of the source and target languages, can create a
JSONL file that contains: the source segment, the
target segment, the proper terms of both segments,
and the random terms of both segments (up to three,
if there are more, only the longest are selected).
What follows is an example of the output:
{"en": "32 Metformin Non-clinical data for

metformin reveal no special hazard for
humans based on conventional studies of
safety pharmacology, repeated dose toxicity,
genotoxicity, carcinogenic potential,

toxicity to reproduction.", "pl": "
Metformina Dane niekliniczne dla metforminy
nie wykazały specjalnych zagrożeń dla ludzi
na podstawie tradycyjnych badań bezpieczeń
stwa farmakologicznego, toksyczności po
podaniu wielokrotnym, genotoksyczności,
rakotwórczości, toksycznego wpływu na
rozrodczość.", "proper_terms": {"clinical
data": "dane kliniczne", "safety
pharmacology": "farmakologia bezpieczeństwa
", "repeated-dose toxicity": "toksyczność po
podaniu wielokrotnym", "genotoxicity": "

genotoksyczność"}, "random_terms": {"
metformin": "metformina", "special": "
specjalny", "safety": "bezpieczeństwo"}}

To create these sets, we used the EMA, Europat,
and the general corpus presented in Section 2.1
and the terminological databases presented in Sec-
tion 2.2. As the process is slow, the task creation

of sets from the general corpus was stopped before
the end. Table 2 details the size of the created sets.

Subject Category Total

Medical EMEA 103,178
General 59,160

Technical Europat 51,644
General 137,754

Table 2: Size of the fine-tuning datasets.

3.3 Fine-tuning of Gemma
We used the transformers library to fine-tune
gemma4-12b-it and gemma4-31b-it for medical
texts with two different settings: early stopping
with patience of 3, and 2 epochs. All these variants
were evaluated and compared with the base models.
The best performing option was used to fine-tune a
model for technical texts. All the fine-tuning scripts
can be found in the repository8, so all the different
parameters can be observed and the experiments
can be reproduced.

In Table 3 we can observe the evaluation results
of the base models and of the fine-tuned models.
Overall, the data shows that fine-tuning enhances
model performance in most metrics, with the two-
epoch (FT 2 Ep.) configuration standing out as the
most effective approach across both model sizes.
Completing two training epochs yields improve-
ments in standard quality metrics (BLEU, chrF, and
COMET) while markedly reducing the Translation
Error Rate (TER). For instance, the 12b model’s
BLEU score jumps from approximately 28.5 in its
base state to over 53 after two epochs, outperform-
ing the Early Stopping (E.S.) strategy. Interestingly,
while the 31b base model initially exhibits a slight

8https://github.com/grial-research-group/
WMT26-SharedTask-Terminology-GRIAL-TA

https://github.com/grial-research-group/WMT26-SharedTask-Terminology-GRIAL-TA
https://github.com/grial-research-group/WMT26-SharedTask-Terminology-GRIAL-TA
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Size Model Prompt Terms BLEU chrF TER COMET T.P. %

12b Base General No terms 28.33 56.97 67.02 88.03 74.93
12b Base Medical No terms 28.47 57.27 66.80 87.97 74.85
12b Base Medical Random 28.23 56.98 66.86 87.17 73.97
12b Base Medical Proper 28.82 57.60 66.41 87.83 88.27

12b FT E.S. General No terms 39.33 61.89 60.86 88.66 75.37
12b FT E.S. Medical No terms 39.55 62.23 58.93 88.64 75.15
12b FT E.S. Medical Random 39.46 62.00 61.02 88.52 75.44
12b FT E.S. Medical Proper 40.27 62.72 58.54 88.85 81.89

12b FT 2 Ep. General No terms 53.62 70.95 46.41 90.20 77.20
12b FT 2 Ep. Medical No terms 53.64 70.95 46.25 90.26 76.91
12b FT 2 Ep. Medical Random 54.11 71.88 44.71 90.42 77.21
12b FT 2 Ep. Medical Proper 53.76 70.91 46.28 90.29 79.91

31b Base General No terms 30.85 59.23 65.19 88.56 75.51
31b Base Medical No terms 31.10 59.52 65.27 88.62 75.51
31b Base Medical Random 31.21 59.25 64.39 87.92 74.93
31b Base Medical Proper 31.64 59.82 64.50 88.44 88.64

31b FT E.S. General No terms 30.14 66.87 50.69 89.77 75.88
31b FT E.S. Medical No terms 30.16 66.82 50.48 89.71 76.03
31b FT E.S. Medical Random 30.55 66.94 50.14 89.87 75.81
31b FT E.S. Medical Proper 31.03 67.93 48.84 89.86 88.50

31b FT 2 Ep. General No terms 53.33 70.95 47.05 89.25 76.833
31b FT 2 Ep. Medical No terms 53.87 70.90 46.87 89.28 77.05
31b FT 2 Ep. Medical Random 55.63 72.46 44.65 89.60 76.69
31b FT 2 Ep. Medical Proper 53.79 71.22 46.30 89.51 79.11

Table 3: Evaluation results for medical texts (FT: fine-tuned; E.S.: early stopping; 2 Ep.: 2 Epochs).

edge over its 12b counterpart, this capacity-related
advantage virtually dissipates after full fine-tuning.
Both models converge at remarkably similar perfor-
mance levels, achieving a BLEU score of roughly
53.8 and a COMET score of around 89 to 90 when
utilizing proper terminology.

Furthermore, analyzing the prompt and terminol-
ogy configurations reveals nuanced model behav-
iors. Although the application of a domain-specific
"Medical" prompt provides only marginal gains
over a "General" baseline, injecting "Proper" terms
dramatically boosts Terminology Precision (T.P. %)
in the base models. This is clearly evidenced in the
31b Base model, where T.P. surges from 74.93%
to 88.64%. However, this terminology injection ef-
fect is noticeably less pronounced in the fine-tuned
(2 Epochs) models, suggesting that the extended
training process already enables the models to in-
ternalize the requisite domain vocabulary robustly.

In Table 4, we can observe the evaluation re-
sults of the 31b model in its base state compared
to its fine-tuned counterpart after two training
epochs (FT 2 Ep.). Mirroring the trends seen
in the medical domain, fine-tuning improves lex-
ical quality metrics across all prompt and termi-
nology settings. Specifically, the BLEU score in-
creases by over six points (rising from approxi-

mately 29.0 to 35.7–36.9), accompanied by a four-
point gain in chrF and a notable reduction of over
five points in the Translation Error Rate (TER).
Interestingly, neural evaluation via COMET dis-
plays a slight divergence from the lexical metrics:
COMET scores remain exceptionally stable, experi-
encing a minor drop from around 85.36 in the base
model to roughly 84.90–85.03 in the fine-tuned
model. This suggests that while fine-tuning aligns
the model’s outputs much more closely with ref-
erence n-grams, its underlying semantic quality
remains consistently high across both states. Re-
garding prompting and terminology injection, the
domain-specific ‘Technical’ prompt yields negli-
gible differences compared to the ‘General’ base-
line when no terms are provided. However, the
inclusion of ‘Proper’ terminology again demon-
strates a clear benefit for target term preservation.
In the Base model, providing proper terms drives
Terminology Precision (T.P.) up from 74.49 % to
86.14 %. While this boosting effect persists in
the fine-tuned model—raising T.P. from 78.06 % to
82.39 %—it is comparatively less pronounced, rein-
forcing the observation that fine-tuning inherently
embeds domain vocabulary while slightly dampen-
ing the model’s sensitivity to external terminology
prompts.
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Size Model Prompt Terms BLEU chrF TER COMET T.P. %

31b Base General No terms 29.50 60.13 58.69 85.38 75.16
31b Base Technical No terms 29.03 59.93 59.20 85.36 74.49
31b Base Technical Random 31.40 61.58 56.30 85.21 75.16
31b Base Technical Proper 29.85 60.64 58.27 85.29 86.14

31b FT 2 Ep. General No terms 35.70 64.21 53.65 84.94 78.58
31b FT 2 Ep. Technical No terms 35.72 64.15 53.47 84.86 78.06
31b FT 2 Ep. Technical Random 36.91 65.13 52.37 85.12 78.91
31b FT 2 Ep. Technical Proper 35.90 64.22 53.99 85.03 82.39

Table 4: Evaluation results for technical texts (FT: fine-tuned; 2 Ep.: 2 Epochs).

Appendix B details the hardware specifications
of the server, alongside the time and energy con-
sumption of all the fine-tuning processes that were
carried out.

3.4 Terminology extraction

Track 2 of the shared task required term extraction
from a sample of parallel sentences. For this, we
initially used the BERT methodology of the term
extraction tool TBXTools (Oliver and Vàzquez,
2015; López-Sánchez et al., 2026). This method-
ology models automatic terminology extraction as
a token-level sequence labeling task using BIO
tagging. A pre-trained BERT-based model is fine-
tuned on an automatically annotated corpus to pre-
dict terms. We empirically evaluated several well-
established models for this task. Following exten-
sive hyperparameter tuning for each candidate, for
our final implementation we selected the base vari-
ant of XLM-RoBERTa (Conneau et al., 2020), a
multilingual version of RoBERTa pre-trained on
100 languages, which allowed us to seamlessly
process the bilingual data. Although the larger
(xlm-roberta-large) variant achieved a higher
F1-score on a validation split of the data, a quali-
tative manual inspection of the actual predictions
revealed no significant differences. Consequently,
we prioritized the base model in favor of computa-
tional efficiency.

3.4.1 Resources for terminology extraction
In order to generate the training labels to be used
during the fine-tuning of our terminology extrac-
tion model we needed a list of terms and a corpus
for the tool to automatically annotate. For this,
we compiled reference term lists using the IATE
database. We downloaded lists in Polish and En-
glish for the specific domains of the task. These
lists are different from those used in the dataset gen-
eration for the fine-tuning of the translation model.
We aimed to maximize number of terms, so we

did not filter the download query as much as pre-
viously, as we wanted the same model to predict
terms in both languages across both domains. A
detailed overview of our download requests is il-
lustrated in Table 5. Once we obtained the files,
we performed some additional processing. We de-
cided to keep only terms containing fewer than five
elements and no punctuation or special characters
such as parentheses, to ensure the model learned
mainly to identify terms not containing them. The
resulting reference lists’ sizes across domains and
target languages are summarized in Table 6.

English Polish

Eng. & Tech. 138,905 16,227
Medicine 77,186 15,807

Table 6: Number of terms in the terminology reference
lists by domain and language.

We also created the required specialized corpora
using the tool corpus-from-wikipedia9 (Segués
et al., 2026), designed for compiling specialized
monolingual and parallel corpora from Wikipedia.
Building on prior success with highly curated data,
our objective was to evaluate whether a widely
accessible platform like Wikipedia can serve as a
viable source of specialized training data for our ter-
minology extraction model. For each language, we
built two separate corpora based on Wikipedia cat-
egories, one for Medicine and another one combin-
ing Engineering and Technology, the domains spec-
ified by the tasks organizers. We also performed
extra filtering on this output to handle cross-lingual
noise. This is particularly common in non-English
Wikipedia articles, which often include English ti-
tles of books, films, or proper nouns. To address
this problem we used the lid.176.bin language
detector of fastText (Joulin et al., 2016). Only sen-

9https://github.com/grial-research-group/
corpus-from-wikipedia

https://github.com/grial-research-group/corpus-from-wikipedia
https://github.com/grial-research-group/corpus-from-wikipedia
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Medicine Engineering and Technology

Languages en, pl en, pl

Domains 28 SOCIAL QUESTIONS 64 PRODUCTION, TECHNOLOGY AND RE-
SEARCH, 68 INDUSTRY

Term type abbrev, formula, phrase, short form, term,
lookup form

abbrev, formula, phrase, short form, term,
lookup form

Reliability reliable, very reliable, downgrade prior to
deletion, reliability not verified, minimum
reliability

reliable, very reliable, downgrade prior to dele-
tion, reliability not verified, minimum reliability

Evaluation deprecated, obsolete, admitted, preferred,
proposed, not specified

deprecated, obsolete, admitted, preferred, pro-
posed, not specified

Total of terms 106,856 169,470

Table 5: Parameters used in the IATE request and total number of terms retrieved for terminology extraction.

tences classified as the target language, English or
Polish respectively, were retained. Table 7 sum-
marizes the sentence counts before and after this
filtering step.

Language Domain Before After

English Eng. & Tech. 253,966 247,043
Medicine 111,889 108,700

Polish Eng. & Tech. 24,971 23,153
Medicine 18,638 17,435

Table 7: Number of segments in the Wikipedia corpora
by language and domain before and after filtering.

3.4.2 BERT extraction
Once the corpora and reference term lists were com-
piled, we provided them as inputs to TBXTools to
automatically annotate the data and fine-tune our
model. The tool first lemmatized, using spaCy10,
both the corpora and the term lists, executing the
annotation process separately by language and do-
main. The lemmatized data were used exclusively
for label generation and the resulting labels were
then aligned to the original, unlemmatized corpora.
The model was fine-tuned on a combined dataset of
both languages and domains using the default op-
timization setup of the Hugging Face Trainer API,
with a learning rate of 4.5× 10−5, a batch size of
32, a weight decay of 0.028, and a warmup ratio of
0.016 for 1.7 epochs. Hyperparameters were cho-
sen based on the highest F1-score on a validation
split of the training data.

Afterwards, we used the fine-tuned model to
perform the extraction of the terms on the sample
sentences given by the task organizers. The data
contained 214 parallel sentences for Engineering

10https://spacy.io/

and Technology and 70 for Medicine. While the
fine-tuned model managed to extract a high number
of terms in English, we observed that in Polish it
extracted a considerably smaller number of terms.
To address this issue we decided to perform an
additional extraction using linguistic methods.

3.4.3 Linguistic extraction
Linguistic terminology extraction is another extrac-
tion methodology supported by TBXTools. It is
based on the search of certain combinations of POS
tags in a text. We used the same corpora and lists
of terms as used in the extraction described in sec-
tion 3.4.2. The tool automatically annotated the
data with part-of-speech tags, using spaCy, and re-
trieved the underlying POS patterns directly from
the reference terminology separately by language
and domain. Thus, we had four distinct lists of
linguistic patterns alongside their frequency in the
corpus. To reduce noise, we discarded patterns
with a frequency of 2 or less. Additionally, we
filtered out single-tag patterns consisting of any of
the following POS tags: PUNCT, X, AUX, DET,
ADP, NUM, INTJ, CONJ, and PART. We then used
these lists to perform the term extraction, limiting
candidate terms to unigrams, bigrams, trigrams and
quadgrams. This process yielded a greater num-
ber of Polish terms. After a qualitative analysis
of the results, we decided to combine the unique
terms extracted by both the BERT and linguistic
methodologies. Table 8 details the results of both
methodologies and their combined result.

3.4.4 Terms alignment
In order for the machine translation system to use
the extracted terms, they first had to be matched
to their translation equivalent. Although we lem-
matized all the data, it should be noted that

https://spacy.io/
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Methodology Domain English Polish

BERT Eng. & Tech. 830 284
Medicine 412 69

Linguistic Eng. & Tech. 545 338
Medicine 163 119

Combined Eng. & Tech. 1,056 359
Medicine 550 181

Table 8: Extracted terms from the sample sentences by
methodology, domain, and language.

we intentionally restricted the lemmatization of
Polish multi-word terms with nominal modifiers,
e.g. wału rozrządu, to maintain standard cita-
tion forms and our fine-tuning data format. In
these cases, the head noun was lemmatized to
the nominative case (wał) and the modifier re-
tained the grammatical inflection (rozrządu). Af-
terwards, we generated vector embeddings using
LaBSE (Feng et al., 2022), a BERT based multilin-
gual embedding model supporting 109 languages,
via the sentence-transformers (Reimers and
Gurevych, 2020) library. By mapping terms into a
shared vector space, LaBSE enables the computa-
tion of semantic similarity via cosine similarity. We
computed pairwise cosine similarity scores across
all vector pairs, which produced separate similar-
ity matrices for the Engineering and Technology,
and Medicine domains. In these matrices each cell
represents the semantic similarity score between a
Polish term and an English term. We subsequently
applied the linear sum assignment function from
the SciPy (Virtanen et al., 2020) library to each ma-
trix to extract the optimal one-to-one alignments,
therefore maximizing the total semantic similarity.
After a qualitative analysis of the results, we de-
cided on a minimum similarity threshold of 0.80
to filter out low-confidence pairs. In the end, we
obtained 391 aligned pairs for Engineering and
Technology along with 98 for Medicine.

4 Participation in Track 1:
Document-Level Translation with
Explicit Dictionary

For both tracks of the task, we fully fine-tuned
gemma4-31B-it for two epochs. We trained two
separate models: one specialized in medical texts
and another in mechanical engineering, as de-
scribed in Section 3.3. As required by the task,
we evaluated three distinct translation setups based
on the provided resources: (1) given no terminol-

ogy, (2) given random terminology, and (3) given
proper terminology.

Initially, we attempted full-document transla-
tion; however, this resulted in incomplete or trun-
cated translations. Adjusting generation parameters
to generate longer outputs did not resolve the is-
sue. This limitation was likely due to the fact that
the fine-tuning process was conducted at the seg-
ment level. Consequently, we adopted a segment-
by-segment translation approach after segmenting
each document. When incorporating terms, only
the terms explicitly present in the given segment
were included in the prompt. Segments without any
associated terms were translated using the standard
domain-specific prompt. This strategy successfully
allowed us to retrieve complete translations for all
documents.

4.1 Results
Our system’s performance demonstrates compet-
itive surface-level translation quality, though it
struggles with strict terminology enforcement. As
shown in Table 9, our system achieved a chrF++
score of 71.0, closely aligned with the average sys-
tem score (72.2). However, the neural metrics
scores indicate a wider gap in semantic quality
compared to the average.

The most significant holdup was term success.
Under the proper dictionary condition, our system
achieved only a 57.3% term success rate, signifi-
cantly below the 85.5% system average. Despite
this, the ablation across different prompt conditions
somewhat validates our fine-tuning, since injecting
the correct terminology improves term precision,
as detailed in Table 10.

5 Participation in Track 2:
Document-Level Translation with
Sample Bitexts

For this track, the task organizers provided a group
of sample sentences, that could be used by our sys-
tem in different ways to extract the relevant termi-
nological information, and a document to translate,
from which the sample sentences were retrieved.
We divided this task in two different processes:

• Extraction of relevant terms in both languages
and subsequent alignment, described in detail
in Section 3.4.

• Using these extracted terms to carry out the
same procedure as done for Track 1, described
in Section 4.
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chrF++ Term success (lemma) COMET-22 XCOMET-XXL MetricX-24 XL (lower better)

System Avg enpl Avg enpl Avg enpl Avg enpl Avg enpl

gold 100.0 100.0 96.4 93.6 96.4 96.3 93.2 96.5 2.04 2.26
Avg. system 72.2 74.2 85.5 85.2 85.6 87.0 79.0 83.0 4.93 4.94
GRIAL-TA 71.0 71.0 57.3 57.3 76.9 76.9 64.9 64.9 8.39 8.39

Table 9: Results of track 1 (explicit dictionary, proper mode): document chrF++, lemmatized exclusive term success
(%) and neural metrics on aligned segments, averaged over directions and per direction. Gold is the reference scored
against itself. Data sourced from task organizers. The remaining systems were averaged into one single row (Avg.
system) for conciseness.

Proper Random Noterm

System Term chrF++ COMET Term chrF++ COMET Term chrF++ COMET

gold 96.4 100.0 96.4 – – – – – –
Avg. system 85.5 72.2 85.6 56.6 69.5 84.0 59.0 70.6 85.1
GRIAL-TA 57.3 71.0 76.9 40.0 69.3 75.3 38.8 69.2 75.6

Table 10: Results of track 1: lemmatized term success (%), document chrF++ and COMET-22 under the released
dictionary, a random dictionary and no dictionary. Random and noterm are scored against the proper dictionary.
Data sourced from task organizers. The remaining systems were averaged into one single row (Avg. system) for
conciseness.

chrF++ Term success (lemma) COMET-22 XCOMET-XXL MetricX-24 XL (lower better)

System Avg enpl Avg enpl Avg enpl Avg enpl Avg enpl

gold 100.0 100.0 93.4 94.9 95.2 96.3 91.4 96.4 1.88 2.37
Avg. system 73.8 76.0 74.8 73.1 85.8 87.5 81.0 84.3 4.53 4.79
GRIAL-TA 62.2 62.2 32.1 32.1 64.4 64.4 43.8 43.8 13.12 13.12

Table 11: Results of track 2 (sample bitexts, sample mode): document chrF++, lemmatized exclusive term success
(%) and neural metrics on aligned segments, averaged over directions and per direction. Gold is the reference scored
against itself. Data sourced from task organizers. The remaining systems were averaged into one single row (Avg.
system) for conciseness.

Sample Noterm

System Term chrF++ COMET Term chrF++ COMET

gold 93.4 100.0 95.2 – – –
Avg. system 74.8 73.8 85.8 60.2 70.8 85.1
GRIAL-TA 32.1 62.2 64.4 43.3 68.1 76.6

Table 12: Results of track 2: lemmatized term success (%), document chrF++ and COMET-22 under with and
without the sample bitexts. Random and noterm are scored against the proper dictionary. Data sourced from task
organizers. The remaining systems were averaged into one single row (Avg. system) for conciseness.
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5.1 Results

The results of this track highlight the challenges
faced in the term extraction from the sample bitexts.
As detailed in Table 11, our system achieved scores
below the average system. Terminology success,
shown in Table 12, reached 32.1%, significantly
below of the 74.8% average system baseline.

The most revealing insight from this track is the
performance inversion. The noterm setting, where
the model translated without the help of the ex-
tracted glossary, actually outperformed the sample
setting accross all metrics. This drop in perfor-
mance when using the glossary correlates with the
difficulties detailed in Section 3.4.

6 Conclusions and future work

In this work, we presented the GRIAL-TA submis-
sion to the WMT26 Terminology Shared Task for
the English-Polish language pair across both Track
1 and 2. A major challenge of our approach was
constructing a specialized training corpus to fine-
tune Gemma 4, explicitly teaching the model to
follow terminology-constrained prompts structured
for the task. Although the algorithm developed
for corpus creation—which extracts random terms
from a dictionary and proper terms from a terminol-
ogy database—leaves room for improvement (par-
ticularly regarding morphological inflection han-
dling in highly inflectional languages like Polish),
our experimental results demonstrate the suitability
of this strategy.

However, our approach faced certain limitations.
First, due to time constraints inherent to the Shared
Task schedule, our experiments were strictly lim-
ited to two model sizes of a single architecture,
preventing a broader comparative analysis across
other open-weight large language models. Second,
because our fine-tuning dataset was compiled exclu-
sively at the segment level, the fine-tuned models
exhibited document truncation issues when attempt-
ing zero-shot full-document translation, necessi-
tating a segment-by-segment decoding approach
during inference.

In addition, the shared task’s results suggest that
the performance gap compared to the average sys-
tem primarily stems from the model’s reduced sen-
sitivity to prompt constraints. As observed during
internal evaluations, the fine-tuning degraded the
model’s instruction-following capabilities, making
it less receptive to the provided glossary of terms—
a significant limitation, given that this was a funda-

mental requirement of the task.
Regarding terminology extraction, the BERT-

based methodology proved highly effective for
English but significantly underperformed in Pol-
ish. This imbalance in the quantity of the pre-
dicted terms negatively impacted the subsequent
alignment phase, although we managed to partially
mitigate it using linguistic methods. While multi-
lingual models offer strong baseline cross-lingual
transfer, their ability to extract highly specialized
terminology was noticeably degraded in the Pol-
ish data. This degradation may be attributed to
the ‘curse of multilinguality’ described in Conneau
et al. (2020). Under this phenomenon, model ca-
pacity is diluted across languages, that is, while
low-resource languages benefit from shared repre-
sentations, moderate-to-high resource languages,
like Polish, can be hindered. In addition, because
English outweighs Polish in XLM-RoBERTa’s pre-
training data, it is probable that the model simply
lacked sufficient exposure to specialized Polish ter-
minology.

In future work we plan to investigate whether
dedicated monolingual BERT-based models miti-
gate these issues, and further analyze the impact
of the quality of the data, especially in languages
other than English. Likewise, regarding the train-
ing phase of the translation model, we plan to refine
the dataset creation algorithm to better account for
complex target-language morphology. Regarding
prompt sensitivity, we intend to explore alternative
fine-tuning strategies to ensure the model retains
its ability to adhere to external glossaries. Further-
more, we aim to expand the generation of these
enriched datasets to paragraph and document lev-
els, as well as to additional language pairs and
specialized domains.
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A Prompts

General: In this prompt no subject is declared.
SYSTEM_PROMPT = "You are a professional English-

Polish translator."
USER_PROMPT_TEMPLATE = (

"Translate the following text from English to
Polish, providing only the translation
and nothing else:\n"

"\"\"\"{SEGMENT_TO_TRANSLATE}\"\"\""
)

Medical/Technical: In this prompt the subject is
declared, either medical or technical:
SYSTEM_PROMPT = "You are a professional medical/

technical English-Polish translator."
USER_PROMPT_TEMPLATE = (

"Translate the following text from English to
Polish, providing only the translation
and nothing else:\n"

"\"\"\"{SEGMENT_TO_TRANSLATE}\"\"\""
)

Medical/Technical random terms: In this prompt
the subject is declared, either medical or technical,
and the random terms are provided:
SYSTEM_PROMPT = "You are a professional medical/

technical English-Polish translator."
USER_PROMPT_TEMPLATE = (

"Use the following glossary:\n{RANDOM_TERMS}\
n\n"

"Translate the following text into Polish.
Provide only the translation and nothing
else:\n\"\"\"{SEGMENT_TO_TRANSLATE
}\"\"\""

)

Medical/Technical proper terms: In this prompt
no the subject is declared, either medical or techni-
cal, and the proper terms are provided:
SYSTEM_PROMPT = "You are a professional medical/

technical English-Polish translator."
USER_PROMPT_TEMPLATE = (

"Use the following glossary:\n{PROPER_TERMS}\
n\n"

"Translate the following text into Polish.
Provide only the translation and nothing
else:\n\"\"\"{SEGMENT_TO_TRANSLATE
}\"\"\""

)

B Fine-tuning hardware, time, and
energy consumption

All fine-tuning experiments were conducted on
a high-performance compute node featuring four
NVIDIA RTX PRO 6000 Blackwell Edition GPUs
(96 GB VRAM each, providing a cumulative 384
GB VRAM). The system was powered by dual
AMD EPYC 9135 16-Core processors (32 phys-
ical cores in total) and 384 GB of system RAM,
running on Ubuntu 22.04.5 LTS.

B.1 Gemma4-12b-it early stopping
Total Time: 0h 35m 23s
Total GPU Consumption: 0.7027 kWh

B.2 Gemma4-12b-it Medical 2 epochs
Total Time: 8h 56m 18s
Total GPU Consumption: 11.4567 kWh

B.3 Gemma4-31b-it Medical early stopping
Total Time: 11h 16m 36s
Total GPU Consumption: 15.1518 kWh

B.4 Gemma4-31b-it 2 Medical epochs
Total Time: 18h 47m 19s
Total GPU Consumption: 24.8788 kWh

B.5 Gemma4-31b-it Technical 2 epochs
Total Time: 24h 0m 9s
Total GPU Consumption: 39.6976 kWh
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