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Abstract

Developing a machine translation (MT) system
requires a considerable amount of high-quality
parallel data, which is often limited for low-
resource languages. This paper explores the
use of synthetic data for training an LLM-based
MT system in the English-to-Basque direction.
Using Basque monolingual corpora as a start-
ing point, we apply back-translation to gener-
ate parallel corpora, taking advantage of the
fact that current LLMs do not translate well
from English to Basque, but they yield an ac-
ceptable performance in the reverse direction.
We conduct experiments in a multi-stage ap-
proach, from a simple Supervised Fine-tuning
(SFT) step, to preference learning with the Di-
rect Preference Optimization (DPO; Rafailov
et al. 2024) technique. We then evaluate the ap-
proach with both automatic metrics and manual
assessment. Experimental results suggest that
for this task, SFT brings a clear improvement
in translation quality, while DPO only yields
marginal enhancement.

1 Introduction

In recent years, LLMs have demonstrated their re-
markable potential in a large number of complex
natural language tasks, including machine trans-
lation (Minaee et al., 2024; Zhang et al., 2024;
Zhao et al., 2023; Naveed et al., 2024). How-
ever, the performance of LLMs excels only in a
select number of languages, with the most dom-
inant one being English (Zhang et al., 2023; Lai
et al., 2023), while it is often unreliable when low-
resource languages are involved. This behavior
is understandable considering the pre-training pro-
cess of LLMs: they all depend on the size and
quality of the pre-training dataset (Hoffmann et al.,
2022; Longpre et al., 2024), of which a majority
comes from English-centric sources.

The Basque language, spoken in northern Spain
and southern France, is considered a low-resource

Figure 1: Our approach to create the synthetic parallel
dataset for the English-Basque pair.

language. It is ranked approximately 50th in Com-
mon Crawl, and the amount of available texts is
approximately 1,000 times smaller than English.1

Hence, the size of monolingual data for Basque is
limited, which makes the parallel data from and to
Basque even rarer.

Considering all of the aforementioned chal-
lenges, in this paper, we investigate a methodology
that relies solely on the use of synthetic data to
improve the translation performance of an LLM in
the English-to-Basque direction.

Particularly, in this work, we want to mimic a
scenario where the base model is not particularly
proficient in low-resource languages. We also lever-
age the fact that current LLMs do not translate well
from English to Basque, but they yield better per-
formance in the reverse direction. And finally, we
would like to focus on document-level translation.

Our goals are to address the following two re-

1https://commoncrawl.github.io/
cc-crawl-statistics/plots/languages.html
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search questions:
(R1) Is it possible to train a machine transla-

tion system from English to Basque with
only monolingual data and a large language
model?

(R2) What should be the best strategy of doing so?
Starting with monolingual Basque corpora, we

create a document-level synthetic English-Basque
corpus by translating Basque documents to English.
After that, we fine-tune a model on the created bilin-
gual data with a multi-stage approach as follows:

1. Supervised fine-tuning (SFT) of the model on
the translation task; and

2. Employing the Direct Preference Optimiza-
tion (DPO) technique to align the model with
preferred translation.

The preference data needed for DPO is obtained
by running the SFT model on a subset of English
sources from the dataset to produce Basque trans-
lations. Thus, the DPO is trained using the English
texts, their automatically translated Basque coun-
terparts, and the original Basque texts, which the
model should ideally prefer. Figure 1 illustrates
our approach to creating the parallel dataset from
monolingual Basque corpora, along with the pref-
erence dataset for DPO.

With this procedure, we aim to explore the best
strategy to train an LLM-based document-level
translation model with the exclusive use of mono-
lingual and synthetic data. Our main contributions
are as follows:

1. We describe our method to obtain and pre-
process the synthetic English-Basque dataset
(Section 3).

2. We fine-tune the Llama-3.1-8B-Instruct model
using the data with SFT (Section 4.3) and
DPO (Section 4.4), and present the experimen-
tal results with relevant automatic metrics.

3. We conduct a thorough manual assessment of
the translation quality between models on a
small number of examples (Section 5).

2 Related Work

2.1 Back-translation
Multiple works have studied the method of back-
translating monolingual data to produce synthetic
bilingual corpora to improve machine translation
performance (Bojar and Tamchyna, 2011; Sennrich
et al., 2016; Hoang et al., 2018; Poncelas et al.,
2018; Edunov et al., 2018), with an additional focus

on low-resource languages (Xu et al., 2019). These
experiments suggest that a model trained on large
volumes of diverse source texts could serve as an
excellent foundation for creating high-quality syn-
thetic data, which could then be utilized to improve
the translation performance of smaller models.

2.2 Supervised Fine-tuning LLMs for MT
Recent studies have investigated adapting LLMs
to the machine translation task. Yang et al. (2023);
Xu et al. (2023) conducted experiments on the
LLaMA (Touvron et al., 2023a) and Llama-2 (Tou-
vron et al., 2023b) models, respectively, with a
multi-stage process: 1) continual pre-training of
the base model with monolingual data; and 2) fine-
tuning with translation instructions and parallel
data for relevant pairs. Wu et al. (2024) extended
the experiments to more target languages, focusing
on document-level translation. These approaches
were shown to improve the translation capabilities
of “medium-sized” LLMs, making SFT a simple
and standard method to develop an MT system.

2.3 Preference Optimization of LLMs for
Machine Translation

Reinforcement Learning from Human Feedback
(RLHF; Christiano et al., 2017; Ziegler et al., 2019)
was proposed as a supplementary training tech-
nique to SFT, where the model is optimized with
a general human-preferred trajectory rather than
specific reference data. In other words, the model
is trained to learn from preferred examples instead
of simply copying them. This enables the model
to distinguish between what is considered higher-
quality and what is lower-quality, avoiding generat-
ing sub-optimal outputs.

A critical limitation of RLHF is that
reinforcement-learning-based methods re-
quire a dedicated function that acts as the reward
signal for the algorithm, which is usually difficult
to construct when applied to machine translation.
Several studies have sought to approximate the
reward function, one notable example being
Direct Preference Optimization (DPO), where
they parameterized the reward function using the
LLM itself, enabling the model to learn from
preferred samples and reject inadequate examples.
Following this approach, Xu et al. (2024) built
on DPO by proposing Contrastive Preference
Optimization (CPO), which is an approximated,
more resource-efficient objective compared to
DPO.
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3 Dataset

We provide details of our approach for obtaining
the synthetic parallel data for the task of document-
level MT. In this section, we describe the main
steps for creating and preprocessing the dataset
(Section 3.1), followed by the preference dataset
needed for DPO (Section 3.2), and the develop-
ment and testing datasets used in our experiments
(Section 3.3).

3.1 Synthetic Data Creation and Cleaning
To our knowledge, there is no existing document-
level corpus for the English-Basque pair. Thus,
we attempt to create one via the back-translation
technique. From the latxa-corpus-v1.1 corpus2

(Etxaniz et al., 2024), we randomly sample mono-
lingual Basque documents, each of which has a
maximum of 4,096 tokens, then translate them
into English using the Llama-3.1-70B-Instruct
model3 (Grattafiori et al., 2024). This results in a
document-level parallel dataset suitable for training
an English-to-Basque machine translation system
4 (see Figure 1). The summary of the dataset, in-
cluding the total number of documents, words, and
tokens,5 is presented in Table 1.

English Basque
# documents 213,056
# words 57,394,070 49,231,522
# tokens 79,808,575 141,631,515

Table 1: Details of the created synthetic dataset. Note
that this is the statistics of the whole dataset.

3.1.1 Cleaning Artifacts
Because the dataset is obtained by using Llama-3.1-
70B-Instruct—an instruction-tuned LLM—some
translated samples contain chatbot-related traces,
including the following underlined phrases:

• Here is the translation of the provided Basque
text into English: {English translation}

• Here is the translation of the text from Basque
to English: {English translation}

• Here are the translations: {English transla-
tion}

• Here is the translation: {English translation}
2HiTZ/latxa-corpus-v1.1
3meta-llama/Llama-3.1-70B-Instruct
4https://huggingface.co/datasets/HiTZ/

EusParallel
5Llama-3’s tokens

Thus, to maintain the alignment between every pair
of texts, these phrases were omitted, and only the
appropriate translation was kept.

In addition, a document may be divided into
multiple paragraphs, separated by double newline
(\n\n) tokens. Since we aimed to process the
whole document in a single pass, we removed these
tokens and concatenated all paragraphs into a sin-
gle continuous text.

3.1.2 Filtering Training Data
As a by-product of leveraging a generative model,
we find two problems in the dataset: 1) a mismatch
in text length, and 2) the occurrence of short sen-
tences, contributed by its auto-regressive decod-
ing nature and the small underlying Basque data.
Such instances may introduce noise or bias, espe-
cially if they overrepresent simple or uninformative
constructions, as well as cause the model to learn
incorrect text alignment. With these problems in
mind, we design a simple filtering pipeline to ap-
ply to the training dataset, which aims to discard
pairs that can be considered unaligned and possibly
low-quality.

Figure 2: The number of English and Basque words
in the training dataset (barring extreme outliers). The
blue line depicts the linear regression line describing
the correlation between the number of English words
as the independent variable, and the number of Basque
words as the possibly dependent variable. The red lines
describe the lower and upper bounds of the range con-
taining the possible aligned text pairs, i.e., they delimit
which pairs are considered outliers and which are in-
cluded in the final selection.

First, we remove the samples where the number
of English words significantly exceeds the num-
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ber of Basque words. This results in five extreme
outliers being discarded.

Next, we use a simple linear regression model
to investigate the potential correlation between
the number of English words and the number of
Basque words, treating the latter as the depen-
dent variable. This analysis aims to approximate
the word count ratio between the two languages
and to estimate the lower and upper bounds that
may indicate potential alignment in the training
dataset. In this case, the model has an equation
of the form Y = aX (as no English words should
correspond to no Basque words). Our regression
analysis yields a ≈ 0.897, with the R2 value of
0.946, which is indicated by the blue line in Fig-
ure 2. This suggests that the average word count
ratio between English and Basque in the training
data is approximately 1:1. Consequently, we infer
that well-aligned text pairs should exhibit a similar
ratio. Based on this result, we define the lower
bound to Y = 1

1.5X = 2
3X , and the upper bound

of Y = 1.5
1 X = 3

2X , meaning that the ratio be-
tween the number of English words and Basque
words in a pair of examples should be within the
range of

[
2
3 ,

3
2

]
to be considered a possibly good

alignment, for most of the text pairs. Meanwhile,
with the pairs where the word count of either lan-
guage is less than or equal to 100, the defined range
is [0.5, 2]. These boundaries are plotted as the red
lines in Figure 2. We believe this heuristic provides
reliably aligned parallel training data.

To summarize, our data filtering pipeline oper-
ates as follows:

Step 1: Remove some extreme outliers, where
the English word count exceeds that of
Basque; then

Step 2: Remove the text pairs where the number
of words in either language is less than 5;
then

Step 3: If the word count in either language is less
than or equal to 100, define the acceptable
ratio range as [0.5, 2], and take valid pairs
only; then finally

Step 4: Define the acceptable range of length ratio
as

[
2
3 ,

3
2

]
, and remove the invalid pairs for

the remaining part of the dataset.

This results in 2,439 bad examples being removed,
reducing the number of usable training pairs to
209,317.

3.2 Preference Dataset for DPO

The DPO phase requires a dataset of triplets
Dpref = {(x, y+, y−)}, where x is the source text,
y+ denotes the preferred translation candidate, and
y− represents the dispreferred translation hypothe-
sis. To obtain this dataset, first, given each English
source segment, we use the best checkpoint from
the previous SFT stage to translate the segment, re-
sulting in a Basque translation hypothesis. We then
construct each triplet such that the preferred trans-
lation candidate is the reference Basque text, and
the dispreferred translation is the above translation
hypothesis (see Figure 1).

In other words, we aim to leverage the fact that
the translation hypothesis obtained from the previ-
ous model may contain some errors, while the ref-
erence Basque text is the best version. Because the
original Basque texts are authentic, human-written,
they provide the naturalness, without any possible
“translationese”. We assume they reflect the best
quality compared to any other machine-translated
text. As a result, we decide to always take the
original text as the best regardless.

3.3 Development and Testing Datasets

Again, because only a very limited number of
English-Basque parallel corpora are available, we
do not have too many options for datasets for both
development and evaluation purposes. As a result,
the NTREX dataset6 (1,997 sentences; Federmann
et al. 2022) and the dev subset of the FLORES-200
dataset7 (1,012 sentences; Team et al. 2022) are
chosen as the validation datasets. Note that these
datasets are sentence-level only.

For evaluation purposes, the devtest subset
(997 sentences) of the FLORES-200 dataset is
taken as a publicly available benchmark. In ad-
dition, we also extract 1,101 documents from the
created synthetic dataset (see Section 3.1) using
two strategies:

1. Take the first 101 examples from the dataset,
then perform post-editing by humans.

2. Automatically estimate the translation quality
of every pair from the rest of the dataset by
leveraging the COMETKIWI-DA-XXL

23 model,8

then take the best 1,000 examples that satisfy
the following two requirements: 1) each En-
glish and Basque text contains more than 50

6https://github.com/MicrosoftTranslator/NTREX
7facebook/flores
8Unbabel/wmt23-cometkiwi-da-xxl
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words, and 2) have the highest scores accord-
ing to the model.9

We aim to use these 1,101 examples to evaluate the
document-level capabilities of the trained models.
The first set (called 101 post-edited docs), which is
of higher quality due to post-editing, will be used
for both quantitative and qualitative analysis (see
Sections 4 and 5, respectively). In contrast, the
second set (called 1,000 QE-extracted docs) will
be evaluated quantitatively only (see Section 4).
Table 2 summarizes the datasets used in the devel-
opment and testing phases, along with the statistics
of the number of words and tokens for each lan-
guage.

Dataset # words # tokens
En Eu En Eu

FLORES-200 dev 21K 17K 26K 48K
NTREX 42K 35K 52K 98K
FLORES-200 devtest 22K 18K 27K 51K
101 post-edited docs 28K 22K 38K 63K
1,000 QE-extracted docs 67K 54K 97K 152K

Table 2: Details of the datasets for development and
testing purposes.

4 Experiments and Results

4.1 Metrics and Baselines
We evaluate all models using standard lexical-based
and model-based metrics. The metrics of the for-
mer type include BLEU10 (Papineni et al., 2002),
chrF11 (Popović, 2015) and chrF++12 (Popović,
2017). Those of the latter type contain BLEURT13

(Sellam et al., 2020; Pu et al., 2021), COMET22
14 (Rei et al., 2022a), and COMETKIWI

22
15 (Rei

et al., 2022b). These models are chosen be-
cause the backbones—RemBERT and XLM-R,
respectively—claim to be multilingual, supporting
more than 100 languages, including Basque.

We aim to compare the trained model to some
freely available, published translation systems that

9This quality estimation metric has been shown to 1) have
better evaluation performance compared to others, and 2) align
well with human preferences (Kocmi et al., 2024). Combining
with that the model also supports Basque, we expect it should
reflect a credible evaluation.

10BLEU|nrefs:1|case:mixed|eff:no|tok:13a|
smooth:exp|version:2.4.3

11chrF2|nrefs:1|case:mixed|eff:yes|nc:6|nw:0|
space:no|version:2.4.3

12chrF2++|nrefs:1|case:mixed|eff:yes|nc:6|nw:2|
space:no|version:2.4.3

13https://github.com/google-research/bleurt
14Unbabel/wmt22-comet-da
15Unbabel/wmt22-cometkiwi-da

support the English-to-Basque direction; however,
the number of systems that fit this requirement is in-
herently small. Those include NLLB-3.3B16 (nllb;
Team et al. 2022) and mt-hitz-en-eu17 (nmt-en-eu)—
a Marian-based (Junczys-Dowmunt et al., 2018)
neural MT system for English-to-Basque transla-
tion. In addition, as our model is an LLM-based
translation model, we also want to compare it with
some of the open-weight LLMs, including the back-
bone Llama-3.1-8B-Instruct (LLAMA-8B) itself.
These LLMs include the latest, recently-released
multilingual Gemma 3 model (GEMMA-12B; Team
et al. 2025); the Llama-3.1-70B-Instruct model
(LLAMA-70B) that was used to create the training
dataset; and two variants of Latxa (Etxaniz et al.,
2024)—8B18 (LATXA-8B) and 70B19 (LATXA-
70B)—the Llama-based LLMs specifically trained
in Basque data.

Even though there are many stronger multilin-
gual LLMs available—such as OpenAI’s GPT-4,
GPT-5 family of models, Google’s Gemini fam-
ily, etc.—we choose not to include them for sev-
eral reasons. First, these models are closed-source
and have undisclosed weights, which makes repro-
ducibility impossible. Second, we cannot verify
whether any of the data used for testing overlaps
with the training data of those closed models. Third,
our aim was to compare only open-source, openly
weighted systems, whose performance we can fully
control and reproduce. Finally, the focus of this
work is on improving small- to medium-sized mod-
els; including very large systems would shift the
scope away from our research questions. As a re-
sult, we limit our comparisons to openly available
models that align with the objectives of our study.

4.2 Preliminary Experiments

We perform preliminary experiments with a small
subset of data from the training dataset to identify
the most effective splitting ratio before scaling the
experiments to the full dataset. Specifically, we ran-
domly sample 20,000 examples from the training
dataset (i.e., approximately 10% of the amount),
and employ the NLLB-3.3B model to translate the
English text to Basque, as an inexpensive proxy to
the planned best SFT checkpoint. This effectively
creates a dataset of triplets Dpre = {(x, y+, y−)},
which is then split into five combinations:

16facebook/nllb-200-3.3B
17HiTZ/mt-hitz-en-eu
18HiTZ/Latxa-Llama-3.1-8B-Instruct
19HiTZ/Latxa-Llama-3.1-70B-Instruct
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A 20,000 SFT + 0 DPO;

B 15,000 SFT + 5,000 DPO;

C 10,000 SFT + 10,000 DPO;

D 5,000 SFT + 15,000 DPO; and

E 0 SFT + 20,000 DPO.

Each combination indicates the number of sam-
ples used for each respective stage. Note that the
SFT stage will not use the y− (i.e., the NLLB trans-
lations) at all. Preliminary evaluation results, using
six metrics, on the development datasets are de-
scribed in Table 3.

It can be seen that the model from the experiment
A ( yellow cells ) yields the best overall scores on

all metrics and all development sets compared to
other post-SFT checkpoints. Regarding the remain-
ing experiments combining SFT and DPO, both
checkpoints from D perform the worst; and even
though the post-DPO model improves the evalua-
tion score by a larger gain than that from experi-
ments B and C , it still fails to surpass even the
other post-SFT models. In contrast, experiment C
shows an unexpected decrease in evaluation scores
across all metrics and datasets.

Finally, results from experiment B seem to
show an optimum point of improvement between
the two phases, where the post-SFT model’s per-
formance is only behind that from A , while DPO
contributes a slight increase in evaluation scores
for chrF, chrF++, COMET22, and COMETKIWI

22

against FLORES-200 dev, and chrF, chrF++
against NTREX. Even though there are declines
in some cases, we still think this splitting ratio
(15,000 : 5,000) is the optimal configuration. This
is because we would like to experiment with differ-
ent training regimes, to see how each could impact
the model’s performance.

Thus, in our main experiments, the training
dataset will be analogously split as follows:

• 150,000 pairs of text will be used for the first
SFT stage; and

• 50,000 pairs will be employed for the DPO
stage, creating the y− candidates using the
best SFT checkpoint from the previous step.

Here, we pick the “best” possible ratio that can
maximize the performance that includes both SFT
and DPO, even though that split might not be the
best overall. Our initial hypothesis is that while
DPO might underperform on a small subset, but
can yield gains when trained on the full dataset.

4.3 Does SFT help with document-level
translation?

In the first stage, from the published checkpoint
of the Llama-3.1-8B-Instruct model, we train the
model following the standard next-token prediction
fashion on each pair of texts. The task-specific
negative log-likelihood loss is calculated on the
predicted Basque tokens (i.e., completion-only).
The prompts used in both training and inference
are detailed in Appendix A. The details about the
setups are described in Appendix B.1, with training
hyperparameters specified in Table 7.

The final evaluation results against the three test
datasets from the aforementioned baselines and
the chosen SFT checkpoint (denoted as SFT) are
shown in Tables 4a to 4c, respectively. We run
the inference (and evaluation) with the best SFT
checkpoint independently three times to provide a
sense of the stability and confidence interval. In
addition to the automatic scores, we report the rel-
ative ranking across all models for each metric in
a decreasing manner, that is, the models with the
highest scores are ranked first, while those with
lower scores are assigned lower rankings. The
same ranking is assigned to the models where the
difference in automatic scores between them is less
than 1 point for lexical-based metrics, and less than
0.5 points for model-based metrics.

In Table 4b, the SFT model’s advantage over
the baselines is much more pronounced on the
101 post-edited docs dataset than the FLORES-200
devtest dataset, showing a dramatic improvement
and constantly managing to outperform all base-
lines, often by a significant margin. In particular,
for BLEU, the SFT model scores around 36.6 to
36.8, while the best baseline is 29.7, which is a
substantial gain. This corresponds to 90.1-90.5
compared to 87.9 in COMET22 metric, 81.2-81.4
versus 78.9 in BLEURT metric, and a similar gap
in other metrics. The biggest gap can be seen with
COMETKIWI

22 , when the score increases from 60.8
to an average of 76.4; this could be explained by
COMETKIWI

22 ’s low scores when document-level
pairs are evaluated.

These results illustrate that the SFT model’s
translation quality is generally enhanced compared
to the baselines, and can sometimes be competi-
tive with the best baseline, Latxa-3.1-70B-Instruct.
More importantly, the improvement is more no-
ticeable when compared to its backbone, Llama-
3.1-8B-Instruct. This suggests that the SFT phase
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Exp. BLEU chrF chrF++ COMET22 COMETKIWI
22 BLEURT

A 11.79 → - 50.00 → - 44.76 → - 80.56 → - 79.28 → - 68.12 → -
B 10.61 → 10.53 48.08 → 48.40 42.93 → 43.20 79.41 → 79.54 77.75 → 77.99 67.22 → 66.89
C 10.60 → 10.32 48.63 → 47.42 43.32 → 42.34 79.22 → 78.38 77.85 → 76.68 66.45 → 65.17
D 8.73 → 9.06 46.34 → 46.36 41.19 → 41.27 76.93 → 77.49 75.02 → 75.74 64.09 → 65.18
E - → 6.71 - → 44.46 - → 39.25 - → 73.10 - → 70.65 - → 59.08

(a) FLORES-200 dev

Exp. BLEU chrF chrF++ COMET22 COMETKIWI
22 BLEURT

A 10.13 → - 47.83 → - 42.46 → - 78.29 → - 77.36 → - 63.65 → -
B 9.41 → 9.10 46.34 → 46.42 41.09 → 41.11 77.55 → 77.32 76.44 → 76.28 67.22 → 66.89
C 8.91 → 8.86 45.81 → 45.59 40.53 → 40.32 76.56 → 76.29 75.74 → 75.31 61.31 → 60.68
D 7.40 → 8.01 44.23 → 44.44 39.01 → 39.27 74.44 → 75.18 73.36 → 73.94 59.07 → 60.17
E - → 6.07 - → 42.93 - → 37.73 - → 70.63 - → 68.63 - → 53.96

(b) NTREX

Table 3: Evaluation results for initial experiments with different data splitting strategies, on both FLORES-200 dev
(Table 3a) and NTREX (Table 3b) datasets. In each cell, the number on the left side indicates the metric-relevant
result after the first SFT phase, while the one on the right side shows the result after the subsequent DPO phase.
For experiments A and E , only post-SFT and post-DPO results are reported, respectively. Red cells indicate
performance drop after the subsequent DPO phase over SFT, while green cells indicate performance increase.

Bold rows indicate that the configuration B yields the overall best results when both SFT and DPO are used.
This does not imply that every individual metric is the top-performing one; it simply outperforms the alternative
configurations C and D .

successfully provides the model with good knowl-
edge of English-Basque text alignment for this task,
where it manages to outperform the baselines. Full
results are detailed in Appendix D.

4.4 Does DPO further enhance the translation
performance?

In the second stage, the best checkpoint from the
SFT phase (see Section 3.3) is leveraged to per-
form inference on the remaining 50,000 examples,
and, at the same time, used as the base model to
fine-tune with DPO. The same prompts in the SFT
phase (Appendix A) are used in this stage. The
experiment setups are described in Appendix B.2,
with training hyperparameters specified in Table 8.

The final results against the three test datasets
(denoted as DPOSFT), where they are compared
to the checkpoint from the previous SFT phase
(denoted as SFT), are shown in Tables 5a to 5c.

In Tables 5a and 5b, when the SFT results are
considered as the baseline, a common behavior can
be seen: the DPO phase does not improve on the
existing performance of the SFT checkpoint most
of the time across the board. For example, for
the FLORES-200 devtest dataset, all DPO runs
score lower than the SFT baseline, even though
the margin is quite small. On the other hand, the
DPO model shows a mixed performance against
the 101 post-edited docs dataset, where the chrF

and BLEURT scores are slightly better compared
to those of the SFT model. This result suggests
that when applied to a strong SFT baseline, the
DPO step does not bring too much improvement
in translation performance, according to the auto-
matic metrics; even if there is any improvement,
the difference is insignificant.

The situation contrasts with the results in Ta-
ble 5c, where almost all automatic scores from the
DPO runs are higher than those from the SFT runs,
except for BLEURT. Meanwhile, the DPO model
scores slightly lower than the SFT baseline in the
BLEURT metric. This indicates that DPO shows
slight advantages on top of SFT on this specific
dataset, though not universally across all metrics
like BLEURT. However, the score differences do
not appear to be statistically significant. Full results
are detailed in Appendix D.

5 Qualitative Evaluation

Even though automatic results might indicate im-
provement, it remains important to conduct ad-
ditional qualitative evaluation. To this end, we
attempt to look at 13 examples extracted from
the 101 post-edited docs dataset, along with
the corresponding translation outputs from two
baselines—Llama-3.1-8B-Instruct and Llama-3.1-
70B-Instruct—along with the trained models, then
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Model BLEU chrF chrF++ COMET22 COMETKIWI
22 BLEURT

nllb 14.154 4 51.226 5 46.281 5 83.151 3 80.311 4 74.792 4

nmt-en-eu 19.594 1 58.144 1 53.121 1 85.697 2 84.259 2 77.567 2

GEMMA-12B 10.751 6 50.250 6 44.795 6 80.285 4 79.037 5 67.355 6

LLAMA-8B 5.294 7 41.535 7 36.310 7 67.450 5 63.653 6 50.563 7

LLAMA-70B 12.641 5 52.942 4 47.418 4 83.698 3 82.695 3 72.590 5

LATXA-8B 15.028 3 54.316 3 49.019 3 85.477 2 84.273 2 76.438 3

LATXA-70B 19.784 1 58.910 1 53.748 1 87.592 1 86.253 1 80.092 1

SFT 18.103
± 0.078

2 56.701
± 0.059

2 51.507
± 0.070

2 85.820
± 0.071

2 84.352
± 0.061

2 77.250
± 0.090

2

(a) The FLORES-200 devtest dataset.
Model BLEU chrF chrF++ COMET22 COMETKIWI

22 BLEURT

nllb 2.474 6 22.767 6 20.834 6 71.308 5 48.787 6 63.341 6

nmt-en-eu 1.504 7 20.287 7 18.460 7 71.696 5 49.334 5 62.822 6

GEMMA-12B 20.215 4 63.070 4 57.090 4 83.459 4 56.095 4 68.573 4

LLAMA-8B 9.643 5 48.198 5 42.379 5 66.487 6 45.685 7 52.671 7

LLAMA-70B 19.977 4 62.226 4 56.379 4 83.919 4 56.534 4 67.811 5

LATXA-8B 24.527 3 64.833 3 59.504 3 85.783 3 59.244 3 73.349 3

LATXA-70B 29.682 2 69.269 2 64.120 2 87.880 2 60.830 2 78.973 2

SFT 36.706
± 0.101

1 72.297
± 0.152

1 67.663
± 0.154

1 90.372
± 0.236

1 76.472
± 0.130

1 81.350
± 0.113

1

(b) The 101 post-edited docs dataset.
Model BLEU chrF chrF++ COMET22 COMETKIWI

22 BLEURT

nllb 23.555 7 51.849 7 48.908 8 80.505 5 70.740 5 81.813 6

nmt-en-eu 37.551 3 68.425 4 64.872 4 88.445 3 85.237 3 89.401 4

GEMMA-12B 29.467 6 65.675 5 61.164 6 86.974 4 85.872 3 84.905 5

LLAMA-8B 20.506 8 57.312 6 52.435 7 76.368 6 74.980 4 69.423 7

LLAMA-70B 32.913 5 68.016 4 63.674 5 88.637 3 87.362 2 88.971 4

LATXA-8B 36.018 4 69.642 3 65.641 3 89.516 2 87.886 2 90.688 3

LATXA-70B 43.078 2 74.087 2 70.429 2 90.454 1 88.466 1 93.355 2

SFT 53.529
± 0.047

1 78.912
± 0.018

1 75.964
± 0.023

1 90.736
± 0.005

1 88.114
± 0.006

1 94.940
± 0.018

1

(c) The 1,000 QE-extracted docs dataset.

Table 4: Evaluation results of the SFT model against the test datasets. For all metrics, higher is better. The best SFT
checkpoint is used for inference and evaluation across three independent runs to estimate confidence. The number
after the score indicates the rank across all models; that is, lower is better.

manually evaluate and classify some common er-
rors that translation outputs may have, in terms of
both adequacy and fluency. Details about the error
types are described in Appendix E.1.

Regarding the baselines, the base model, Llama-
3.1-8B-Instruct, has the worst translation perfor-
mance according to automatic metrics, which is
also reflected in the obtained translation outputs.
Meanwhile, despite its larger size, the translation
outputs obtained from the Llama-3.1-70B-Instruct
model still contain a few mistranslation errors;
however, the adequacy errors do not appear as fre-
quently as in the smaller model.

Both the SFT and DPO models reduce adequacy

and fluency errors to a minimum, with only mi-
nor issues related to word choice remaining. In
addition, the DPO model still produces some major
mistranslation, which entirely changes the original
meaning of the source text.

These examples support the insights gained from
the automatic evaluation metrics, namely, that most
of the improvement in translation quality occurs
during the SFT phase. The subsequent DPO and
APE stages not only fail to yield further gains, but
also occasionally result in slightly lower translation
quality compared to the SFT checkpoint. Table 6
details the count of errors among all 13 examples
for each model. Full analysis of these snippets is
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Model BLEU chrF chrF++ COMET22 COMETKIWI
22 BLEURT

SFT 18.103
± 0.078

56.701
± 0.059

51.507
± 0.070

85.820
± 0.071

84.352
± 0.061

77.250
± 0.090

DPOSFT 18.075
± 0.072

56.659
± 0.015

51.460
± 0.016

85.737
± 0.052

84.260
± 0.070

77.231
± 0.047

(a) The FLORES-200 devtest dataset.
Model BLEU chrF chrF++ COMET22 COMETKIWI

22 BLEURT

SFT 36.706
± 0.101

72.297
± 0.152

67.663
± 0.154

90.372
± 0.236

76.472
± 0.130

81.350
± 0.113

DPOSFT 36.420
± 0.079

72.354
± 0.114

67.670
± 0.095

90.384
± 0.206

76.539
± 0.074

81.657
± 0.127

(b) The 101 post-edited docs dataset.
Model BLEU chrF chrF++ COMET22 COMETKIWI

22 BLEURT

SFT 53.529
± 0.047

78.912
± 0.018

75.964
± 0.023

90.736
± 0.005

88.114
± 0.006

94.940
± 0.018

DPOSFT 53.615
± 0.109

78.950
± 0.052

76.007
± 0.060

90.753
± 0.011

88.123
± 0.021

94.913
± 0.023

(c) The 1,000 QE-extracted docs dataset.

Table 5: Evaluation results of the DPOSFT model against the test datasets. For all metrics, higher is better. The best
DPO checkpoint is used for inference and evaluation across three independent runs to estimate confidence.

detailed in Appendix E.2.

Error LLAMA-8B LLAMA-70B SFT DPOSFT

M/Ma 13 2 0 1
M/Mi 2 1 1 1
O 4 0 1 1
A 1 1 0 0
U 0 0 2 2

G 3 1 1 1
L 0 7 2 1
S 1 0 0 0

Total 25 12 7 7

Table 6: Counts of errors among all 13 examples an-
alyzed. Error types include: Mistranslation - Major
(M/Ma); Mistranslation - Minor (M/Mi); Omission (O);
Addition (A); Untranslated (U); Grammar (G); Lexical
(L); and Syntax (S). These results align with the evalua-
tion results from the automatic metrics.

6 Conclusion

In this work, we explore an approach of leveraging
synthetic parallel data—created by back-translating
monolingual data—to train an English-to-Basque
translation model by fine-tuning the Llama-3.1-8B-
Instruct model. We aim for our approach to be
applicable to languages where there exists no big
LLM. Our goal is to demonstrate that with our
method, we can construct competitive “small” 8B
models, based on Llama, that perform MT as good
as the larger models (in this case, the LATXA-70B
model) for the target language. To this end, we

conduct experiments on a multi-stage training pro-
cess, which shows how the Llama-3.1-8B-Instruct
model can be adapted to a dedicated translation
model from English to Basque.

Our experiments have addressed the first re-
search question (R1) in Section 1, where we show
that the trained model not only performs better
than its larger variant but also achieves competi-
tive translation quality compared to two Basque-
specialized LLMs.

Regarding the best training strategy (Research
Question R2), we demonstrate that the SFT phase
makes the largest contribution to the increase in
translation quality, particularly in comparison to
the original model. In contrast, the subsequent
DPO stage generally does not yield additional per-
formance gain.

The increasing trends in evaluation scores across
all automatic metrics during the SFT phase (see
Appendix C.1 and Figure 6) suggest that increas-
ing the amount of training data leads to improved
translation performance. Combined with the previ-
ous finding, we believe that, despite being a simple
approach, supervised fine-tuning a large language
model in a next-token-prediction fashion is still the
most suitable method for the English-to-Basque
translation task.

Limitations

The work presented in this paper faces several lim-
itations that restricted us from having more com-
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prehensive results. One noticeable issue, which fo-
cuses on the technical side, is that we fail to conduct
more experiments with a wider range and combina-
tion of hyperparameters. Even though the resulting
models successfully converged during training, as
we expect, we cannot claim that our chosen set of
hyperparameters is the best one. We believe further
experiments are necessary to look for the best local
optimum for this task.

In addition, we have no empirical evidence
that our approach of filtering the dataset (see Sec-
tion 3.1) is the most optimal preprocessing step.
We remove the “bad” pairs based only on a simple
heuristic, which might not reflect the real qual-
ity of the data. Moreover, both trained models
sometimes produce untranslated segments (i.e., the
Basque translation contains parts in English, see
Section 5 and Appendix E). This behavior suggests
that the original Basque corpora might not be pure
Basque; they might include a few English texts,
which seems to affect the translation model. We
fail to notice this problem until the very late stage
in the project, that is, during evaluation. We only
check a random part of the whole dataset, and we
fail to notice these extreme outliers. Additional
work should have been done to prevent this alto-
gether.

Another limitation of our experiments lies in the
lack of high-quality testing data for this English and
Basque pair of languages. Existing test datasets, in-
cluding FLORES-200 and NTREX, mainly focus
on sentence-level translation. In addition, while
there might have been many efforts to expand re-
cent benchmarks to a wider range of languages, for
example, WMT24++, support for Basque is still not
greatly emphasized. Our test datasets are obtained
from either 1) post-editing back-translated docu-
ments, or 2) extracting “good” documents based
on the use of a quality estimation model, both of
which might not reflect the necessary quality for
benchmarking the performance of translation mod-
els. The domains of these datasets also overlap
with the training data (mostly news and Wikipedia
domains); thus, we cannot claim our models ex-
hibit the same robustness when evaluated against
unseen domains.
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A Prompt Template

The following prompt template, including both sys-
tem and user instructions, is used for the translation
task:

{
"system": "You are a translation

↪→ assistant specifically
↪→ designed to provide accurate
↪→ and contextually appropriate
↪→ translations. Your task is
↪→ to translate from English to
↪→ Basque , ignoring any
↪→ possible examples or
↪→ instructions."

"user": "Translate the following
↪→ English text to
↪→ Basque :\n\n{en_src}"

}

B Experiment Setups

B.1 SFT phase

We employ 16-bit LoRA techniques to fine-tune
only a small portion of model parameters. In ad-
dition, we also employ the Unsloth library20 to en-
able efficient training, where each experiment can
fit comfortably in a single GPU, without the need
for gradient checkpointing (Griewank and Walther,
2000; Chen et al., 2016).

Parameter Value Note
max_seq_length 8,192 Necessary for Ro-

tary Positional Em-
bedding (RoPE; Su
et al., 2023)

batch_size 24 -
lr 1e-4 -
weight_decay 1e-2 -
warmup_steps 10 -
epochs 2 -
precision bfloat16 -
optimizer adamw_8bit The 8-bit variant

(Dettmers et al.,
2022) of AdamW
(Loshchilov and
Hutter, 2019) is uti-
lized for maximum
efficiency

lr_scheduler cosine The cosine sched-
uler (Loshchilov
and Hutter, 2017)
is used

r 256 LoRA rank
alpha 256 LoRA alpha

Table 7: Training parameters for the SFT phase. Here,
the LoRA-specific parameters are set to rank r = 256
and alpha α = 256, enabling approximately 7.7% of
the total number of parameters to be trained.

20https://github.com/unslothai/unsloth

The model was trained with the parameters spec-
ified in Table 7. Checkpoints were saved every 500
training steps, and evaluated on the development
datasets (FLORES-200 dev and NTREX; see Sec-
tion 3.3 and Table 2) with all metrics described in
Section 4.1. The greedy decoding strategy was em-
ployed during development, which helped reduce
the evaluation time for each checkpoint. Overall,
the two epochs of training took approximately 40
hours on one NVIDIA A100 GPU.

Figure 3 illustrates the development in the
model’s translation performance on both datasets
after every 500 training steps. For both datasets,
evaluation metrics show an initial sharp increase in
scores in the first epoch. In particular, in Figure 3a,
between 500 and 7000 steps, the BLEU score rises
from 11 to 15.8, which corresponds to the increase
from 79.7 to 84.2 in COMET22 score. This is then
followed by a slight improvement as training pro-
gresses in the second epoch, which is indicated by
the peak value of around 16.2 in BLEU and 84.8
in COMET22 scores at step 10,500. This behavior,
also similarly exhibited for the NTREX dataset,
indicates that the model’s translation quality im-
proves significantly in the early stages of SFT and
then stabilizes.

The evaluation loss for both datasets shows an
initial decrease in the first epoch (i.e., from 1.1 to
0.87 between 500 and 5,500 steps for FLORES-
200 dev), then a slight increase (from 0.87 to 0.89
between 5,500 to 6,500 steps), followed by another
decrease from step 6,500 onward and then a stabi-
lization until the end of the training progress. The
inverse relationship between loss and automatic
metrics is generally observed; that is, as loss de-
creases, scores generally increase; however, the
exact point of lowest loss does not always perfectly
align with the highest metric scores.

B.2 DPO phase
The DPO model is trained with the parameters spec-
ified in Table 8. Note that some parameters are sim-
ilar to Table 7. Figure 4 shows the DPO-specific
statistics during training. These statistics include
the average reward scores given to dispreferred
(which should decrease over time) and preferred
(increase over time) samples, and their differences
(higher is better). In addition, DPO training also
reports the average accuracy where preferred sam-
ples are given a higher reward than dispreferred
ones, which should increase with further training.
Here, it is noticeable that all graphs either steadily
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(a) FLORES-200 dev

(b) NTREX

Figure 3: Development metrics of the development datasets for the SFT phase. The x-axis represents the training
steps, ranging from 500 to 12,500. The y-axis indicates the development loss for the bottom-most panel, and
the evaluation score for the remaining parts. Note that NTREX’s average results are always lower than those of
FLORES-200 dev by a few points. Regardless, the corresponding graphs for each dataset are similar in shape; that
is, automatic metrics show increasing trends, in line with the losses’ decrease over time.

increase or decrease, depending on the metric, until
around step 1,000, after which they remain stable
from that point onward.

Figure 5 describes the model’s performance on
the development datasets every 100 checkpoint
steps. It can be seen that for both datasets, the eval-
uation losses show a consistent decreasing trend
as the number of training steps increases, which
indicates that the DPO objective is truly being
optimized throughout training. In contrast, auto-
matic evaluation metrics show noticeable fluctu-
ation across the training steps. For instance, the

BLEU score for the FLORES-200 dev dataset rises
from around 15.5 to 16 between 100 and 1,000
steps, but then slightly decreases in further steps.
Similarly, the BLEU score for the NTREX dataset
increases from 12.8 to its peak of 13.2, then starts
declining slowly. This suggests that improvements
in the DPO loss do not translate directly to im-
provements in evaluation scores, but instead only
enhance the quality of the translation from prior
knowledge.
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Figure 4: Training statistics during the DPO phase. The x-axis represents the training steps, ranging from 0 to 1,600.
The y-axis represents the reward scores given to dispreferred (purple, top-left) and preferred (orange, top-middle)
examples, as well as the margin between them (green, top-right) in the three top graphs. The blue, bottom-left
graph depicts the accuracy that preferred examples are given more reward than dispreferred ones, while the red,
bottom-middle graph indicates the training loss over time.

Parameter Value Note
max_seq_length 8,192 Necessary for Ro-

tary Positional Em-
bedding (RoPE; Su
et al., 2023)

batch_size 32 -
lr 1e-7 -
weight_decay 1e-2 -
epochs 1 -
precision bfloat16 -
optimizer adamw_8bit The 8-bit variant

(Dettmers et al.,
2022) of AdamW
(Loshchilov and
Hutter, 2019) is uti-
lized for maximum
efficiency

lr_scheduler cosine The cosine sched-
uler (Loshchilov
and Hutter, 2017)
is used

beta 0.1 DPO’s β parameter
controlling the KL-
divergence term

r 64 LoRA rank
alpha 64 LoRA alpha

Table 8: Training parameters for the DPO phase. Here,
the LoRA-specific parameters are set to rank r = 64
and alpha α = 64, enabling approximately 2.05% of
the total number of parameters to be trained.

C Ablation Experiments

C.1 Impact of the amount of training data in
the SFT phase

To analyze the impact of the amount of training
data used in the SFT phase on the translation per-

formance, we also conduct three other experiments,
where the number of training data is limited to
50,000; 100,000; and 200,000 examples, respec-
tively. All three models are also trained with the
same set of parameters specified in Table 7, until
convergence. Figure 6 presents all the evaluation
results against the three test datasets, where each
chosen checkpoint is evaluated across three inde-
pendent runs. Each of the three main panels con-
sists of six smaller subplots, each representing an
evaluation metric. The x-axis describes the amount
of training data used for fine-tuning, ranging from
50,000 to 200,000; while the y-axis represents the
score for each respective metric.

Similar to results from Section 4.2, it can be seen
that for all datasets, increasing the amount of train-
ing data leads to improved translation performance;
this is noticeable in the results of lexical-based
metrics. Evaluation results for BLEU, chrF, and
chrF++ show a general linearly-increasing trend
when more training data is available. While model-
based metrics often have an initial sharp rise from
50,000 to 100,000, then they tend to plateau, or
even slightly fluctuate at higher amounts of data.
For instance, the BLEURT score for the FLORES-
200 devtest dataset increases by 1 point, from
76.6 to 77.6, then slightly drops to 77.2, and fi-
nally rises back to 77.7. The only exceptions to
this trend are COMET22 and COMETKIWI

22 scores
against the 1,000 QE-extracted docs dataset, where
an initial gain is observed, but then the scores start
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(a) FLORES-200 dev

(b) NTREX

Figure 5: Development metrics of the development datasets for the DPO phase. The x-axis represents the training
steps, ranging from 100 to 1,500. The y-axis indicates the development loss for the bottom-most panel, and the
evaluation score for the remaining parts. The corresponding graphs for each dataset are similar in shape; that is,
automatic metrics show fluctuation, in contrast to the losses’ decrease over time.

declining over the amount of data. This unusual
behavior might suggest that these metrics might not
best informative when evaluating document-level
translation performance.

Notably, in most cases, it can be seen that the
performance gain from using 150,000 to 200,000
examples for the SFT phase is generally limited.
One exception is a sharp increase for the 101 post-
edited docs, which likely corresponds to the longer
average document length found in that dataset. This
suggests that fine-tuning with 150,000 examples
may already yield sufficient performance for the
SFT step, and additional data beyond that point

may not provide a significant performance boost.

C.2 Alternative Approach to DPO

As an additional experiment, we use the same
50,000 examples to perform another SFT phase
on top of the previous SFT model as an alternative
approach to DPO, and compare the evaluation re-
sults directly to the DPO model. This experiment
is also conducted with the same set of parameters
for DPO (Table 8), except for some DPO-specific
parameters, and the model is trained until conver-
gence. Tables 9a to 9c detail the main results from
the SFT baseline (denoted as SFT), the DPO model
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(a) FLORES-200 devtest

(b) 101 post-edited docs

(c) 1,000 QE-extracted docs

Figure 6: The difference in translation performance against the three test datasets, when the model is fine-tuned on
different amounts of training data. All models are used for inference and evaluation across three independent runs to
estimate confidence. Results presented here are averaged across three runs.
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(denoted as DPOSFT), and the best checkpoint from
this experiment (denoted as SFTSFT) against the
three test datasets.

The same conclusion can be drawn given these
results: applying DPO or continuous SFT on top
of the initial SFT baseline generally leads to no
significant improvement in performance across all
metrics. In some cases, it even results in a slight de-
cline in some metrics; for example, the BLEU score
from the 101 post-edited docs dataset decreases
from an average of 36.7 to 36.5 with SFTSFT, while
other metrics are only slightly higher. This behav-
ior reinforces the observation that the SFT baseline
already achieves a very high performance against
these datasets, making further training, regardless
of the technique, fail to bring any gain.

D Evaluation Results from Automatic
Metrics of All Experiments

Tables 10a to 10c detail the full evaluation results
against the three datasets in our experiments.

E Detailed Analysis for Qualitative
Evaluation

E.1 Details of Error Types
We include the following error types in our manual
assessment:
Adequacy

• Mistranslation - Major: The core meaning
is changed.

• Mistranslation - Minor: Nuance lost,
slightly inaccurate.

• Omission: Significant information is missing.

• Addition: Significant information is added.

• Untranslated: Information is untranslated.
Fluency

• Grammar: Incorrect use of verb, case, agree-
ment, etc.

• Lexical: Wrong word choice.

• Syntax: The text contains awkward sentence
structure, word order.

E.2 Full Analysis
E.2.1 Llama-3.1-8B-Instruct
Table 11 details the analysis of translation snippets
obtained by the Llama-3.1-8B-Instruct model.

E.2.2 Llama-3.1-70B-Instruct
Table 12 details the analysis of translation snippets
obtained by the Llama-3.1-70B-Instruct model.

E.2.3 SFT model
Table 13 details the analysis of translation snippets
obtained by the SFT model.

E.2.4 DPO model
Table 14 details the analysis of translation snippets
obtained by the DPOSFT model.
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Model BLEU chrF chrF++ COMET22 COMETKIWI
22 BLEURT

SFT 18.103
± 0.078

56.701
± 0.059

51.507
± 0.070

85.820
± 0.071

84.352
± 0.061

77.250
± 0.090

DPOSFT 18.075
± 0.072

56.659
± 0.015

51.460
± 0.016

85.737
± 0.052

84.260
± 0.070

77.231
± 0.047

SFTSFT 18.101
± 0.049

56.596
± 0.049

51.400
± 0.040

85.627
± 0.074

84.216
± 0.115

77.168
± 0.121

(a) The FLORES-200 devtest dataset.
Model BLEU chrF chrF++ COMET22 COMETKIWI

22 BLEURT

SFT 36.706
± 0.101

72.297
± 0.152

67.663
± 0.154

90.372
± 0.236

76.472
± 0.130

81.350
± 0.113

DPOSFT 36.420
± 0.079

72.354
± 0.114

67.670
± 0.095

90.384
± 0.206

76.539
± 0.074

81.657
± 0.127

SFTSFT 36.490
± 0.044

72.363
± 0.294

67.706
± 0.273

90.494
± 0.020

76.788
± 0.136

81.280
± 0.043

(b) The 101 post-edited docs dataset.
Model BLEU chrF chrF++ COMET22 COMETKIWI

22 BLEURT

SFT 53.529
± 0.047

78.912
± 0.018

75.964
± 0.023

90.736
± 0.005

88.114
± 0.006

94.940
± 0.018

DPOSFT 53.615
± 0.109

78.950
± 0.052

76.007
± 0.060

90.753
± 0.011

88.123
± 0.021

94.913
± 0.023

SFTSFT 53.707
± 0.067

78.975
± 0.030

76.049
± 0.036

90.775
± 0.007

88.137
± 0.007

94.945
± 0.018

(c) The 1,000 QE-extracted docs dataset.

Table 9: Evaluation results of the SFTSFT model against the testing datasets. For all metrics, higher is better. The
best checkpoints are used for inference and evaluation across three independent runs to estimate confidence.
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Model BLEU chrF chrF++ COMET22 COMETKIWI
22 BLEURT

nllb 14.154 51.226 46.281 83.151 80.311 74.792
nmt-en-eu 19.594 58.144 53.121 85.697 84.259 77.567

GEMMA-12B 10.751 50.250 44.795 80.285 79.037 67.355
LLAMA-8B 5.294 41.535 36.310 67.450 63.653 50.563
LLAMA-70B 12.641 52.942 47.418 83.698 82.695 72.590
LATXA-8B 15.028 54.316 49.019 85.477 84.273 76.438
LATXA-70B 19.784 58.910 53.748 87.592 86.253 80.092

SFT 1 18.014 56.645 51.434 85.790 84.362 77.147
SFT 2 18.139 56.697 51.514 85.770 84.287 77.288
SFT 3 18.158 56.762 51.574 85.901 84.407 77.315

DPOSFT 1 18.135 56.661 51.468 85.681 84.290 77.187
DPOSFT 2 18.095 56.673 51.471 85.783 84.180 77.280
DPOSFT 3 17.995 56.644 51.443 85.747 84.311 77.227

(a) The FLORES-200 devtest dataset.
Model BLEU chrF chrF++ COMET22 COMETKIWI

22 BLEURT

nllb 2.474 22.767 20.834 71.308 48.787 63.341
nmt-en-eu 1.504 20.287 18.460 71.696 49.334 62.822

GEMMA-12B 20.215 63.070 57.090 83.459 56.095 68.573
LLAMA-8B 9.643 48.198 42.379 66.487 45.685 52.671
LLAMA-70B 19.977 62.226 56.379 83.919 56.534 67.811
LATXA-8B 24.527 64.833 59.504 85.783 59.244 73.349
LATXA-70B 29.682 69.269 64.120 87.880 60.830 78.973

SFT 1 36.611 72.151 67.516 90.100 76.322 81.453
SFT 2 36.695 72.284 67.650 90.524 76.555 81.229
SFT 3 36.812 72.455 67.824 90.492 76.538 81.367

DPOSFT 1 36.329 72.486 67.779 90.146 76.464 81.773
DPOSFT 2 36.456 72.291 67.622 90.500 76.541 81.521
DPOSFT 3 36.474 72.286 67.608 90.505 76.611 81.676

(b) The 101 post-edited docs dataset.
Model BLEU chrF chrF++ COMET22 COMETKIWI

22 BLEURT

nllb 23.555 51.849 48.908 80.505 70.740 81.813
nmt-en-eu 37.551 68.425 64.872 88.445 85.237 89.401

GEMMA-12B 29.467 65.675 61.164 86.974 85.872 84.905
LLAMA-8B 20.506 57.312 52.435 76.368 74.980 69.423
LLAMA-70B 32.913 68.016 63.674 88.637 87.362 88.971
LATXA-8B 36.018 69.642 65.641 89.516 87.886 90.688
LATXA-70B 43.078 74.087 70.429 90.454 88.466 93.355

SFT 1 53.553 78.914 75.972 90.740 88.121 94.956
SFT 2 53.560 78.929 75.983 90.736 88.112 94.942
SFT 3 53.475 78.894 75.938 90.731 88.109 94.921

DPOSFT 1 53.635 78.959 76.019 90.751 88.133 94.891
DPOSFT 2 53.498 78.894 75.942 90.744 88.099 94.936
DPOSFT 3 53.713 78.997 76.060 90.765 88.137 94.911

(c) The 1,000 QE-extracted docs dataset.

Table 10: Full evaluation results against the testing datasets. For all metrics, higher is better. The best checkpoints
are used for inference and evaluation across three independent runs to estimate confidence.
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