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Abstract
Terminology consistency is essential for high-
quality machine translation, especially in
domain-specific and professional contexts,
where accurate term translation directly im-
pacts usability. This paper presents the sub-
mission from the BSC team to the WMT25
Terminology-Aware Translation Task. We pro-
pose the use of GRPO (Group Relative Pol-
icy Optimization) to adapt translation mod-
els using monolingual data only, without re-
quiring parallel corpora. Our reward func-
tion jointly optimizes for terminology adher-
ence and overall translation quality, leveraging
quality-estimation metrics. Experimental re-
sults demonstrate that our method consistently
improves terminology translation across three
language directions—English to Spanish, Ger-
man, and Russian—by up to +0.36 TP points
across all evaluated models.

1 Introduction

In recent years, large language models (LLMs)
have emerged as the state of the art across a wide
range of natural language processing tasks, includ-
ing machine translation (MT). Owing to their vast
number of parameters, these models possess the
capacity to handle multiple languages and adapt
across diverse domains. However, their large scale
also makes them computationally expensive to fine-
tune or adapt to specific settings.

In this work, we address the task of terminology-
aware machine translation, aiming to produce
domain-specific translations without the need for
costly fine-tuning. Rather than adapting the model
through retraining, we condition it at inference time
by incorporating a bilingual glossary into the trans-
lation prompt. This approach enables flexible, on-
the-fly domain adaptation, assuming that relevant
terminology is available.

Another major challenge in adapting LLMs to
MT tasks lies in the scarcity of high-quality paral-
lel corpora, particularly for low-resource language

Prompt: Translate the following text from English into
Spanish. Please ensure the following terminology is used:

• advertising campaigns → acciones publicitarias

• social platforms → redes sociales

English: "Spotlight’s investigation notes that other coun-
tries also ran advertising campaigns, including Malta,
Greece, Albania, Poland, Armenia and France. Some of
these were run by the artists themselves via their own
social platforms."

Spanish: La investigación de Spotlight señala que otros
países también llevaron a cabo acciones publicitarias –en-
tre ellos, Malta, Grecia, Albania, Polonia, Armenia y
Francia–. Algunas de estas campañas fueron organizadas
por los propios artistas a través de sus propias redes so-
ciales.

Figure 1: Example of prompt for terminology-aware
translations with a glossary. In green, source terms in
English. In yellow, target translations in Spanish.

pairs. In many cases, obtaining sufficient parallel
data for supervised training is infeasible.

This paper presents the Barcelona Super-
computing Center (BSC) submission to the
terminology-aware MT task for the first track:
Sentence/Paragraph-Level Translation. Our sys-
tem is built around two key contributions:

• Application of Group Relative Policy Opti-
mization (GRPO) (DeepSeek-AI et al., 2025;
Shao et al., 2024): We demonstrate how
GRPO can be used to efficiently instruct
LLMs in terminology-aware translation. Our
experiments show significant performance im-
provements across multiple language pairs
and model architectures.

• Leveraging monolingual data with quality es-
timation: We show that incorporating quality
estimation metrics, such as COMET-KIWI (Rei
et al., 2022), allows the model to benefit from



1336

monolingual data alone, eliminating the need
for parallel corpora in supervised training.

2 Related Work

Prior work in terminology-aware machine trans-
lation has taken several different approaches. A
common strategy involves fine-tuning models with
terminology constraints. For instance, Kim et al.
(2024) extract terminology from training data to
build a glossary and fine-tune the model using
inputs augmented with extracted terms. Zheng
et al. (2024) propose DragFT, a framework com-
bining dictionary-enhanced prompting, retrieval-
augmented few-shot selection, and fine-tuning to
improve translation in specialized domains. An-
other line of work focuses on synthetic data gen-
eration and post-editing. Moslem et al. (2023) use
LLMs to generate bilingual data containing pre-
specified terminology, which is then used to fine-
tune MT models. They further apply LLM-based
post-editing to insert missing terms into system out-
puts that failed to adhere to terminology constraints.
Other methods aim to enforce terminology during
decoding. Bogoychev and Chen (2023) explore
constrained decoding strategies and LLM-based
paraphrasing to increase term fidelity, including the
use of negative constraints that penalize incorrect
term usage. Reinforcement learning (RL) has also
been explored as a way to improve terminology
translation. Li et al. (2025) integrate RL with word
alignment to define reward signals, enabling mod-
els to translate key terminology without explicit
term detection at inference time. Our work is most
closely aligned with this last line of research. The
key distinction is that our approach relies solely
on monolingual data and inference-time prompt-
ing, and is therefore better suited to low-resource
settings where parallel corpora may be scarce or
unavailable.

3 Methodology

In this section, we will discuss our proposed
method to adapt the LLMs to the task of
terminology-aware translation, using monolingual
data only.

3.1 Data Preparation

Given that our training data is monolingual, we
first create a bilingual glossary containing some of
the terms from our source text. To do so, given an
English source text, we employ the spaCy library

(Honnibal et al., 2020) to identify candidate termi-
nology phrases. The extraction heuristic combines
three types of linguistic units:

• Named Entities Matches proper nouns and
numerical expressions (e.g., organizations, lo-
cations, dates).

• Noun Phrases Captures syntactic chunks that
often represent key domain-specific concepts.

• Adverbial Constructions Extracts adverbs
modifying verbs, adjectives, or other adverbs
to capture domain-relevant descriptions.

From these candidates, we select up to five
non-overlapping phrases per text. Then, each ex-
tracted term is individually translated into the tar-
get language using the NLLB 3.3B (Costa-jussà
et al., 2022) machine translation model. Once
the pairs are generated, all examples are format-
ted as prompts following the template shown in
Appendix Figure 4. Figure 1 shows an example for
the English-Spanish pair.

3.2 Group Relative Policy Optimization
In order to adapt the LLMs, we employ Group Rel-
ative Policy Optimization (GRPO). This technique
allows for efficient training using reinforcement
learning without the need for an additional critic
model (Schulman et al., 2017; Rafailov et al., 2023).
In each training step, for each source sentence q, we
sample G candidate translations {o1, o2, · · · , oG}
from the current policy model π. Then, we opti-
mize the model parameters maximizing the follow-
ing objective:

1

G

G∑
1

(min(∇πAi, clip(∇π, 1− ϵ, 1 + ϵ)Ai)− βD (1)

∇π =
π′(oi|q)
πref (oi|q)

(2)

where π′ is the adapted model and πref is the
original model used for regularization. The ob-
jective function is composed of two terms. The
first one computes the average of the losses for
all outputs oi generated from source sentence q.
Each output’s loss is defined as the minimum of
the clipped and unclipped division of the output
probabilities of the adapted model by the output
probabilities of the original model multiplied by the
advantage Ai. Finally, the second term of the loss
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Figure 2: Reward evolution during training for SalamandraTA7B-Instruct (Left) and TowerInstruct-7B-v.02 (Right).

is the Kullback–Leibler distance ( Dkl ) between
the output distribution of the adapted model and
the original model which is computed as follows:

D = Dkl(π
′||πref ) =

πref (oi|q)
π′(oi|q)

− log
πref (oi|q)
π′(oi|q)

−1 (3)

Note that there are two hyperparameters that
need to be set. First, ϵ controls the PPO clipping
threshold. Second, β controls the Kullback–Leibler
penalty which measures the relative entropy be-
tween both distributions. This penalty prevents
the adapted model from diverging too far from the
original model, which could cause performance
degradation.

The advantage is computed as the normalized re-
ward ri from each output translation oi as follows:

Ai =
ri −mean({r1, r2, · · · , rG})

std({r1, r2, · · · , rG})
. (4)

where ri denotes the overall reward of oi. We
define our reward function as a sum of two terms:
(1) a terminology adherence score that evaluates
the correct usage of terms from a provided glossary
given in the prompt, and (2) a translation faith-
fulness score derived from an automated Quality
Estimation (QE) metric. This last term is intended
to regularize the training process, preventing the
model from sacrificing overall translation quality
in order to maximize terminology adherence, a be-
havior that can be seen as reward hacking. The
final reward ri is a linear combination of these two
scores:

ri = Si + γ(oi, q) (5)

where Si denotes the terminology adherence
score while γ(oi, q) measures the translation faith-
fulness of the candidate translation (oi) with respect
to source sentence (q). In this work, we experiment
with COMET-KIWI

1 (Rei et al., 2022) as the quality
estimation metric.

Terminology adherence reward The aim of this
metric is to compute the proportion of terms in the
glossary that are included in the candidate transla-
tion. We define the adherence score Si of a candi-
date translation oi as follows:

Si =
1

|T |

|T |∑
i=1

δ(ti ∈ oi) (6)

where T is a glossary of bilingual terms, |T | is
the number of terms, ti ∈ T is each individual term
in the glossary and δ is a transformation of the term
to adjust to the translation. For these experiments
it will be set to the Identity, but it could be, for
example, lemmatization or stemming, allowing the
metric to account for morphological variations of
the terms (e.g., "run" vs "running"). The score
ranges from 0 (no adherence) to 1 (full adherence).

Translation faithfulness reward Despite the ad-
herence score ensuring that the produced transla-
tions include the terminology, there are two addi-
tional aspects to consider. First, previous work on

1https://huggingface.co/Unbabel/wmt22-cometkiwi-da

https://huggingface.co/Unbabel/wmt22-cometkiwi-da
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Direction Model TP TF BLEU CHRF COMET

En −→ Es

TowerInstruct-7B-v0.2 0.48 0.49 27.43 45.83 0.74
+ GRPO 0.93 0.91 51.27 74.21 0.89

SalamandraTA7B-instruct 0.54 0.54 43.64 62.82 0.79
+ GRPO 0.90 0.88 47.46 73.75 0.90

En −→ De

TowerInstruct-7B-v0.2 0.60 0.59 38.81 65.43 0.86
+ GRPO 0.90 0.88 39.40 68.33 0.87

SalamandraTA7B-instruct 0.66 0.66 24.57 46.09 0.70
+ GRPO 0.89 0.87 44.46 71.26 0.89

En −→ Ru

TowerInstruct-7B-v0.2 0.54 0.57 27.64 58.90 0.87
+ GRPO 0.87 0.86 26.08 60.58 0.85

SalamandraTA7B-instruct 0.66 0.68 20.70 45.10 0.72
+ GRPO 0.84 0.85 30.91 63.17 0.88

Table 1: Performance of TowerInstruct-7B-v0.2 and SalamandraTA7B-instruct models on terminology-aware
translation for English-to-Spanish (En→Es), English-to-German (En→De), and English-to-Russian (En→Ru)
directions. Results are reported for both base models and models aligned with GRPO.

using GRPO for Machine Translation (Feng et al.,
2025) has observed reward hacking, a phenomenon
where models trained on a reward may produce
answers that satisfy the reward but fail to solve the
tasks. In the terminology task, an example would
be copying the glossary without producing a trans-
lation. The second concern is that the proposed
reward does not take translation quality into consid-
eration, which may lead to catastrophic forgetting
of translation quality during training. To prevent
these behaviors, we introduce a second term for
the reward, where we optimize COMET-KIWI, a
quality estimation metric that allows us to evalu-
ate translation quality by computing the similarity
between the source sentence and the translation,
without requiring a reference translation. As with
the terminology adherence score, the faithfulness
reward ranges from 0 to 1, with values closer to 1
indicating higher faithfulness.

4 Experiments

4.1 Models

Our experiments required LLMs with strong per-
formance in machine translation. For this reason,
we chose two models that were specifically adapted
to this task, built on top of generalist LLMs:

TowerInstruct-7B-v.02 (Rei et al., 2024) This
model is an adaptation of Llama2-7B for the task of
machine translation across ten different languages
(English, Portuguese, French, German, Russian,
Chinese, Spanish, Dutch, Korean, and Italian).

TowerInstruct-7B-v.02 was trained in two main
steps: (1) continual pre-training on a combination
of monolingual and parallel data; (2) instruction
tuning on various tasks such as named entity recog-
nition, machine translation, and post-editing.

SalamandraTA7B-Instruct (Gilabert et al.,
2025) This model is an adaptation of Salamandra-
7B (Gonzalez-Agirre et al., 2025) for machine
translation. It supports 35 languages, including
all the official European languages plus several re-
gional Spanish languages such as Catalan, Basque,
Galician, and Aranese. The model follows a sim-
ilar approach to Tower LLM (Alves et al., 2024),
with a continual pre-training phase over 424 billion
tokens across all supported languages pivoting over
Catalan, Spanish, and English. This is followed
by an instruction tuning phase on tasks such as
paragraph-level translation, post-editing, and alter-
native translations.

4.2 Evaluation

We evaluate our trained models on two aspects: ter-
minology accuracy and general translation quality.
To measure terminology accuracy, we use a pro-
vided glossary to compute: (1) Terminology Pre-
cision (TP ), the proportion of correctly translated
terms, computed using an exact regular-expression
match against the reference; and (2) Fuzzy Termi-
nology Precision (TF ), which uses fuzzy match-
ing with an 80% similarity threshold to account



1339

for minor orthographic variations2. To assess gen-
eral translation quality, we evaluate models before
and after adaptation using the n-gram-based met-
rics BLEU3 (Papineni et al., 2002) and CHRF4

(Popović, 2015), and the embedding-based metric
COMET5 (Rei et al., 2020) for translation quality.

4.3 Data and Implementation

All experiments were conducted on a subset of the
English portion of the News-Commentary dataset
(Tiedemann, 2012). Model performance was eval-
uated on the development set released for the
WMT25 shared task using the proper terminology
subset.

Training was performed with a learning rate of
5 × 10−7 and a temperature parameter of 1.0 for
sampling. The maximum generation length was
limited to 1024 tokens. To prevent exploding gradi-
ents, we applied gradient clipping with a maximum
norm of 1.0. Following Feng et al. (2025), we set
the GRPO β hyperparameter to 0, and ϵ to 0.3 dur-
ing training. All models were trained using the
Verl framework (Sheng et al., 2024) for reinforce-
ment learning, on four NVIDIA H100 GPUs with
64GB RAM each.

4.4 Experimental Results

During training, our first concern was to ensure that
the proposed rewards provided enough signal for
the model to adapt to the tasks. Figure 2 shows the
variation of the two terms of the reward during the
training process. We observe that the terminology
adherence reward significantly increases during the
first training updates, rising from approximately
0.25 accuracy to nearly 1, indicating that, by the
end of training, the proposed translations included
the terminology in almost all cases.

When looking at the COMET-KIWI score, we ob-
serve some differences between the two models.
In TowerInstruct-7B-v.02, this reward remains con-
stant throughout training, while SalamandraTA7B-
Instruct shows an increase during the first updates
of the training. This behavior may be related to
greater improvements in translation performance
for the latter model. After this initial increase, the
COMET-KIWI reward stabilizes.

2We use the fuzzywuzzy Python library for fuzzy string
matching.

3Signature: nrefs:1— case:mixed— eff:no—
tok:13a— smooth:exp—version:2.3.1

4Signature: nrefs:1— case:mixed— eff:yes— nc:6—
nw:0—version:2.3.1

5https://huggingface.co/Unbabel/wmt22-cometkiwi-da

From these results, we observe that the COMET-
KIWI reward functions as a regularization score,
maintaining overall translation quality, while the
terminology-adherence score is primarily responsi-
ble for guiding the model to produce the terminol-
ogy defined by the glossary.

When looking at the model results in Table 1,
we draw similar conclusions. Both models show
significant performance gains in terminology accu-
racy across the directions tested. TowerInstruct-7B-
v.02 achieves an average improvement of 0.36 TP ,
while SalamandraTA7B-Instruct shows an average
improvement of 0.29 TP .

When looking at the translation performance, we
observe more differences between the two models.
TowerInstruct-7B-v.02 appears to exhibit inconsis-
tent behavior across languages. While English to
Spanish shows significant gains (over 20 BLEU
points or 0.15 COMET), English to German shows
only small improvements, and in the case of En-
glish to Russian even a performance degradation.

Meanwhile, SalamandraTA7B-Instruct shows
consistent improvements across all three transla-
tion directions. It is worth noting that while the
baseline models showed a significant performance
gap, this gap narrowed after applying GRPO,
with SalamandraTA7B-Instruct even outperform-
ing TowerInstruct-7B-v.02 on both English to Ger-
man and English to Russian. These differences
may be explained by the different behavior of the
COMET-KIWI score during training. The improve-
ment observed only in SalamandraTA7B-Instruct
may have contributed to its final translation perfor-
mance.

4.5 Discussion

To test our hypothesis that the translation-
faithfulness reward functions as a regularization
term, we trained SalamandraTA7B-Instruct using
the same training configuration but optimizing only
for the terminology adherence reward. Figure 3 il-
lustrates the evolution of this reward in comparison
to COMET-KIWI throughout training. While termi-
nology adherence improves at a rate comparable to
that observed in Figure 2, translation faithfulness
declines rapidly after the initial training steps. This
behavior suggests that, in the absence of a faith-
fulness reward, the model tends to produce trans-
lations that diverge semantically from the source
sentence, resulting in degraded translation quality
and increased hallucinations.

https://pypi.org/project/fuzzywuzzy/
https://huggingface.co/Unbabel/wmt22-cometkiwi-da
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Figure 3: Rewards evolution during training when only
the terminology adherence reward is optimized.

5 Conclusions

This paper presents the BSC team’s submission
to the shared task of terminology-aware Machine
Translation. Our results show that GRPO train-
ing using only monolingual data can effectively
adapt an LLM for this task, producing translations
that include the correct terminology in almost all
cases. Analysis of the training rewards shows the
importance of including a quality-estimation term
to regularize training and ensure strong translation
performance. Studying the impact of the choice
of languages and its relationship with performance
remains an avenue for future work.

Limitations

All experiments in this work focus on high-resource
languages (English, Spanish, German, and Rus-
sian). Quality-estimation metrics can be more
consistent for these languages than for other low-
resource counterparts. It is worth noting that some
extremely low-resource languages may not be sup-
ported by any existing quality-estimation model.
We leave it for future work to explore the robust-
ness of the model across language families and
low-resource scenarios.

Ethical Statement

This work focuses on the term accuracy and over-
all translation quality of the adapted models. The
impact of this adaptation on possible biases, such
as gender bias, produced by the system is outside
the scope of this study.

All models and datasets used in these experi-
ments are based on publicly available resources,
and no direct causes of bias were observed.
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A Template

This section presents the template used to prepare instructions for training (Figure 4). We used only one
single template. Placeholders:

• { Source Sentence }: source sentence

• { Glossary }: glossary of terms

• { Source Language }: source language name

• { Target Language }: target language name

Template used for training

Translate the following text from {Source Language} into {Target Language}.
Please ensure the following terminology is used:
{Glossary}.
{Source Language}: {Source Sentence}
{Target Language}:

Figure 4: Example of a template used to construct terminology instructions.
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