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What is WMT?

WMT (Conference on Machine Translation) is the main annual international conference and shared-task event focused 
on machine translation.

In practice, “WMT” = the big MT competition + conference where research groups submit systems to be evaluated on standard datasets for 
many language pairs. This year it included:

Document-level translation
Language pairs: 31 - we 
participated in 21 pairs
Different domains:

- News
- Speech
- Social 
- Literary

Terminology translation
Language pairs:

- English → German 
- English → Russian 
- English → Spanish
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- Results

3. Future work
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Recipe

Backbone LLM
Salamandra7B
Salamandra2B

>

SalamandraTA-2B-base
SalamandraTA-7B-base

SalamandraTA-2B-instruct
SalamandraTA-7B-instruct

Base Model improved 
for sentence-level 
translation

Instructed Model based on 
SalamandraTA-base for 
translation related tasks

SalamandraTA-base SalamandraTA-instruct>
Continual Pre-training on 424B tokens of translation pairs Instruction tuning on high-quality instructions

1/Continual pre-training dataset 2/Instruction tuning dataset

35 European languages
Pre-trained from scratch on 
12.875T tokens
Parameters: 7,768,117,248
Vocabulary: 256k

+ 7 New languages

WMT/Vocabulary-Adaptation + 
Continual pre-training dataset

SalamandraTA base model adapted for 
new languages and scripts in WMT25.

>
WMT/Instruction tuning for WMT25

SalamandraTA-instruct-WMT25SalamandraTA-base-WMT25

Arabic
Bhojpuri
Hindi
Icelandic
Chinese
Japanese
Korean
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Motivations CP/ Parallel Data Mining

In real-world, most translation data is English-centric

English-centric Multilingual MT approach

But this can have some drawbacks

- Training with only a single 
bridge language can negatively 
impact translation performance 
across zero-shot language pairs

- or bias the models towards 
English-centric latent 
representations

we rely on parallel corpora for
the continual pre-training stage 

pivoting on three bridge languages
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1/Continual pre-training dataset

English Pairs Spanish Pairs Catalan Pairs

10M

We continually pre-train Salamandra-7B using parallel data only on 424B tokens

-  1.14B sentences
-  26 Pairs of languages

-  0.87B sentences
-  27 Pairs of languages

-  1.41B sentences
-  33 Pairs of languages

In total, 37 languages; official EU + Low-Resource Languages of Spain 6



Pre-Translation Translation Post-Translation

Named-entity-recognition Fill-in-the-blank

Multi-reference

General MT

Paragraph level

Document level

Context-MT

MT-Terminology

Post-editing

MT-Ranking

Rephrase

23.4%

20.3%

20%

15.4%

15.4%

5.2%

0.3%

100% 75.2%

18.4%

6.5%

23.4% 36.4% 40.3%

Number of instructions: 135k

2/Instruction tuning dataset
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WMT25/Adding new languages to SalamandraTA

Body

In emb

Out Emb

New Tok.
We train a new 

tokenizer for the 7 
new languages + 

previous languages

Use salamandraTA-7B-Base 
weights

Adapted Output embedding 
layer

Adapted Input embedding 
layer

Adaptation strategy:   -  new tokens were initialized to the average of previous embeddings

                                -  tokens common to both the old and new tokenizers retained their original embeddings

CPT Body

In emb

Out Emb

New Tok.

IT Body

In emb

Out Emb

New Tok.

Continual pre-training with parallel data for 
WMT language pairs

Instruction Tuning with high-quality parallel 
data for WMT language pairs
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Results

We lose some translation quality 
for previous language pairs

COMET scores on the WMT24++ test set, comparing our SalamandraTA models against several baselines.

For new language pairs we used SalamandraTA-WMT model, for previous language 
pairs we used original salamandraTA7B.

Instruction tuning yields
significant gains over the 
CPT baselines, improving 
models by an average of 
4 COMET points
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Quality-aware decoding \MBR and Re-ranking

In reranking, we find 
the translation that 
maximizes a given 
metric of interest

In minimum Bayes 
Risk (MBR), we find 
the translation that 

maximizes the 
expected utility

Relies on Comet-kiwi; 
reference-less metric>

>

Relies on Comet; 
reference-based metric

Hypothesis used as 
references

Let’s spend a bit more time on inference to align SalamandraTA machine translations with human translations!!

Quality - aware decodingGenerate diverse set of translations

We use diverse beam search strategy with a 
beam size of 20 and 5 beam groups. 10



Results \MBR and Re-ranking

COMET scores on the WMT24++ test set, comparing our SalamandraTA models against several baselines.

QAD strategies yield
significant gains over 
Instruction tuning

SALAMANDRATA-7B and 
SALAMANDRATA-V2 gap is 
largely mitigated when employing 
quality-aware decoding strategies 11



Results \Ablation study; what is the cost for MT of adding additional tasks?

Table: Ablation results for the components of the instruction tuning dataset. We 
consider FLORES-200-devtest to evaluate translation quality.

We can add Post-MT and Pre-MT tasks “without” hurting MT quality 
The reduced number of tasks encourages the model to “split” its capacity, 
independently learning each task

Towerblocks data! 
Synthetic Chat data 
and  Code instructions
in English 12



Results \Robustness to misspellings

We evaluate English -> Spanish  on three types of synthetic noise that have been previously used 
to stress NMT systems: swap, chardupe, chardrop on BLEU.

Instruction tuning data improves robustness to misspellings
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Performance in the Shared Task \RoCS-MT v2 Test suite

They evaluated our SalamandraTA 
submissions in RoCS-MT v2 Test suite: 
Designed to challenge MT systems’ 
translation performance on user-generated 
content (UGC), it contains examples 
sourced from English Reddit. Directions:

English -> {French, German, Czech, Ukrainian, Russian}

5th place in this set

Several larger LLM-based 
baselines, such as Claude-4 
(18th) and both Gemini 
models appear in the middle 
of the table
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Results \Knowledge transfer

We find that during CPT, removing the EN→HI parallel data causes performance to drop from 
9.32 to 0.35 BLEU and from 35.43 to 9.83 CHRF. This result provides clear evidence that the 
model relies on cross-lingual transfer from Hindi for translating to Bhojpuri.

Including English <-> Hindi directions benefits Bhojpuri

Knowledge transfer benefits
low-resource languages
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Results \Gender bias

Masculine Feminine Pair

Instruction tuning data improves feminine and full-pair accuracy without 
sacrificing masculine accuracy (we included gender bias datasets in SFT)

We evaluate translation accuracy on gender-balanced sentence pairs using MT-GenEval-test
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Performance in the Shared Task \GENDER1PERSON

The GENDER1PERSON test suite is 
designed to measure gender bias in 
translating singular first-person forms from 
English into two Slavic languages, Russian 
and Serbian.

English -> {Russian, Serbian}

Bias towards 
masculine 
translations in 
most categories

Overwhelmingly
biased towards 
masculine 
translations!!

And biased toward feminine translations in 
categories such as:

- BEAUTY AND PERSONAL CARE
- BABY PRODUCTS
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Terminology-Constrained Translation from Monolingual Data using 
GRPO 
Javier Garcia Gilabert, Carlos Escolano, Xixian Liao, Maite Melero
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Task \Terminology-constrained translation

We participated in Track 1 of WMT25 Terminology Translation Task

- Sentence-level translation 
- Domain: Information Technology (IT), SAP 
- Translation directions: English→German, English →Russian, and English→Spanish 
- Setup: Participants are provided with sentence segments, each with a small terminology dictionary containing 

only the terms present in the segment, usually 1-2 entries.

Example terminology translation:
Translate the following text from English into Spanish. Please ensure the following terminology is used:
clause -> cláusula.

English: To this end, it must comply with the WTO requirements and, in particular, with the GATT enabling clause of 1979.

Translation: A tal fin, debe cumplir con los requisitos de la OMC y, en especial, con la cláusula de habilitación del GATT de 1979.

Proposed method: Improve performance in terminology-translation without relying on parallel data 
and using only monolingual data and pseudo-terminology mined heuristically

State-of-the art techniques for terminology-translation usually use parallel data and post-training strategies. But… 
what can we do if we don’t have terminology parallel data for instance between Catalan and Russian?
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Spotlight’s investigation notes that other 
countries 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.

"advertising campaigns"
"social platforms"

Generating pseudo-terminology from monolingual data
\1st step: extract terms

We extract terms automatically using spacy: named entities, noun phrases, adverbial constructions.
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Generating pseudo-terminology from monolingual data
\2nd step: translate terms using an MT model

Spotlight’s investigation notes that other 
countries 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.

For each detected term, we translate it individually using an MT model to our target language

Ideally we would like a translation like the following:

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

"advertising campaigns": “acciones publicitarias”
"social platforms": “redes sociales”
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Generating pseudo-terminology from monolingual data

For each direction in; en->es, en->de, en->zh, we generate 5k of synthetic data using only 
monolingual english data.

Prompt format:

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 countries 
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, 
and some were promoted via the competing broadcaster in 
the territory — but with no link to their respective 
governments. 
Spanish:

But…

How can we evaluate if the model is 
doing good in terminology consistency 
and also in translation quality if we 
have no access to parallel data???

We can use a quality estimation metric for 
translation quality!!!!

And we can check terminology accuracy for 
terminology consistency!!
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Generating pseudo-terminology from monolingual data

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 countries 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, and some were promoted via the 
competing broadcaster in the territory — but with no link to their respective governments. 
Spanish:

Translation 1: 'La investigación de Spotlight señala que otros países 
también llevaron a cabo campañas publicitarias –entre ellos, Malta, 
Grecia, Albania, Polonia, Armenia y Francia–. Algunas de estas 
campañas fueron organizadas por los propios artistas a través de sus 
propias redes sociales.

Translation 2: 'La investigación de Spotlight señala que otros países 
también llevaron a cabo acciones publicitarias –entre ellos, Malta, 
Grecia, Albania, Polonia, Armenia y Francia–. Algunas de estas 
campañas fueron organizadas por los propios artistas a través de sus 
propias redes sociales.

Term. Acc Comet-kiwi Total

0.5 0.7 1.2

1.0 0.7 1.7

+

+

=

=

Second one is better
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Reward definition

The reward function used to guide the reinforcement learning process combines two components:

Terminology adherence score (e.g., proportion of 
required target terms correctly present in the output)

In each training step, for each source sentence    , we sample      candidate translations  
from the current policy model    , then we optimize GRPO objective:

We set 

We set beta to 0. 
Removing the KL 
constraint against
the reference policy

Translation faithfulness score (reference-free quality 
metric)
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Results \Reward curve

We experiment with two Translation-LLM models: SalamandraTA7B-Instruct and Tower-Instruct-7B-v0.2. 
Both models have seen terminology instruction data in SFT stage.
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Results

TowerInstruct improves 
+0.36 TP and 
salamandraTA improves 
+0.29 TP after GRPO on 
average while also improving 
the translation quality!!

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. 
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Ablations

What happens when we remove comet-kiwi from the reward?

As the model gets better in 
terminology accuracy, translation 
quality drops. 

The model learns to only copy-paste 
terms specified in the prompt 
(reward hacking)
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Performance in the Shared Task

5 top submissions 
were using 
Closed-Propietary 
models: GPT4.1, 
Claude 3.5, etc.

Very similar 
performance to 
GPT4.1-nano

28



Future plans: SalamandraTA-Extended, ALIA-TA
What have we learned from WMT25?
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SalamandraTA-Extended/Adding new languages to SalamandraTA

Body

In emb

Out Emb

New Tok.

Body

In emb

Out Emb

Continual pre-training

Before we were using parallel data only for CPT; CPT WMT25

Now we have two stages

Monolingual CPT Monolingual + Parallel data CPT

Vocab Adaptation

Before we were initializing the new embeddings to the mean of previous embeddings, now we initialize new 
embeddings from a multivariate Gaussian distribution

Embedding matrix

zh en de ko jp el

ca es hi cs fi bu

ar pt it ar an …
43 

langs.
zh

en-zh

es-zh

ca-zh

de

en-de

es-de

ca-de

ja

en-ja

es-ja

ca-ja

ko

en-ko

es-ko

ca-ko …
43 

langs.
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SalamandraTA-7B can be used as a teacher model
Online Distillation. We explored Word-Level knowledge distillation [Hinton, et al.]
We ran a continual pre-training on Salamandra2B (student model) on the training data but with an additional 
objective: to minimize the cross-entropy with respect to the word-level distribution of the teacher model

Teacher has seen 
424B tokens

Experiments have only 
been trained on 2B 
tokens of parallel data

Table: Translation performance (BLEU) on Flores+200-devtest for SalamandraTA models in both 
en→xx and xx→en directions.

ALIA-TA/For Knowledge distillation

Future plans: Train ALIA-TA (40B) and use it for offline knowledge distillation
31



Table: Translation performance (BLEU) of SalamandraTA-7B Base model and its SFT on low-resource language 
pairs involving Aranese and Aragonese. SFT significantly improves translation quality with gains of up to +8.19 
BLEU points but removing multi-parallel data narrows the performance gap.

We get significant BLEU improvements in zero-shot directions for 
low-resource languages 

When we remove multi-parallel-data, we can’t get improvements [Wu, et al.]

[Wu, et al.] Wu, D., Tan, S., Meng, Y., Stap, D., & Monz, C. (2024, August). How Far can 100 Samples Go? Unlocking Zero-Shot Translation with Tiny Multi-Parallel 
Data. In Findings of the Association for Computational Linguistics ACL 2024 (pp. 15092-15108).

Low-resource languages/Multi-parallel data is key
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Thanks!
javier.garcia1@bsc.es
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Appendices
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A.1/Model training

● 64 nodes - 4 H100 (64GB) per node = 256 GPUs
● Batch size: 512, Context: 8192
● Epochs: 1, LR: 3.0e-05, Optim: Fused Adam optimizer
● Framework: Nemo-Nvidia

Continual Pre-Training

Supervised Finetuning

● 4 nodes - 4 H100 (64GB) per node = 16 GPUs
● Batch size: 16, Context: 8192
● Epochs: 1, LR: 1e-5, Optim: AdamW optimizer
● Chat Template: ChatML template
● Framework: FastChat + Deepspeed
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