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Abstract

Attribute-controlled translation (ACT) seeks to
produce translations that satisfy specific con-
straints on linguistic and stylistic attributes.
While careful prompt engineering can enable
large language models to perform strongly in
this task, its effectiveness is mainly limited
to models of very large size. For this rea-
son, in this paper we set to improve the per-
formance of language models of more con-
tained size by leveraging the contrastive nature
of ACT tasks with preference optimization, as
well as exploiting knowledge distillation with
synthetically-generated training samples from
larger models. As a resource for this investi-
gation, we also introduce PREF-FAME-MT, a
large, contrastive, formality-controlled parallel
corpus which has been generated by expanding
the existing FAME-MT dataset with synthetic
contrastive samples. Experiments conducted
over three datasets for formality- and gender-
controlled translation with 71 distinct language
pairs have demonstrated the effectiveness of the
proposed approach at simultaneously improv-
ing attribute matching and translation quality.
We release all our code and datasets to allow
reproduction and expansion of our work!.

1 Introduction

Attribute-controlled translation (ACT) is a natural
language processing task that targets two comple-
mentary objectives: 1) providing a high-quality
translation from the source to the target language,
and 2) generating text that conforms to predeter-
mined linguistic and stylistic attributes such as for-
mality, style, gender-specificity, and length. Con-
trol over these types of attributes is important as it
enables translations that suit different contexts and
applications. In other words, ACT can be framed as
the integration of conventional machine translation
and text style transfer (Sarti et al., 2023).

'GitHub link: https://github.com/inigo-jauregi/
act-po

campanas y fue [F]una[/F]
soldado [F]condecoradal[/F].
Spanish (feminine)

Participé en muchas J

He participated in many campaigns
and was a decorated soldier.

English campanas y fue

Participé en muchas
soldado

Spanish (masculine)

(a) Gender - MT-GenEval

E [Flem directo[/F]? ]

Portuguese (formal)

Frr )

Portuguese (informal)

3mo celivac?

Russian

(b) Formality - PREF-FAME-MT

Figure 1: Contrastive examples from ACT datasets. Lex-
ical differences are annotated with [F] and [/F] tags.

Recent advances in ACT have been mainly
driven by improvements in large language mod-
els (LLMs) and the use of prompt engineering
(Lee et al., 2024b), in-context learning (Sarti et al.,
2023), and fine-tuning (Schioppa et al., 2021).
These advances have been complemented by the
creation of dedicated benchmarks and evaluation
metrics tailored to various ACT tasks (Costa-jussa
et al., 2020; Nadejde et al., 2022; Currey et al.,
2022; Rarrick et al., 2023; Wisniewski et al., 2024).
Among them, contrastive datasets highlight the key
lexical differences of translations with opposing
attributes (Figure 1), and as such, have become
valuable resources for both model training and con-
trastive evaluation.

However, the highest levels of performance in
ACT seem to increasingly be restricted to language
models of very large size (Robinson et al., 2023;
Anthropic, 2024). While this issue may be mol-
lified by aggressively fine-tuning smaller models,
the scarcity of ACT training data presents a critical
bottleneck, as most datasets only contain a few hun-
dred annotated examples (Liu and Niehues, 2024).
Therefore, more effective training approaches are
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needed to improve the performance of smaller lan-
guage models with such limited training data.

For this reason, in this paper we propose a novel
fine-tuning approach based on contrastive anno-
tation and preference optimization, jointly with
sampling strategies to supplement the manually-
annotated data with synthetic contrastive samples.
Drawing inspiration from the success of reinforce-
ment learning from human feedback (RLHF) in
aligning LLMs with human preferences (Chris-
tiano et al., 2017; Ouyang et al., 2022), we remark
that existing ACT datasets—that typically contain
contrastive target pairs with opposite attributes—
spontaneously lend themselves to preference-based
learning (Schulman et al., 2017; Rafailov et al.,
2023). For example, in the case of formality-
controlled translation, an available formal reference
naturally becomes the preferred candidate over an
informal one. This approach can be systematically
applied to any targeted attribute (e.g., formality,
gender, verbosity), creating a rich preference sig-
nal that captures the bidirectional nature of style
transfer tasks.

A distinct, additional challenge of ACT tasks is
that they are inherently instances of an optimization
of a dual nature, where the aims are to concurrently
ensure compliance of the attribute and quality of the
translation. We address this issue by crafting syn-
thetic preference pairs that are carefully controlled
along both these dimensions. Since the synthetic
samples are generated by state-of-the-art LLMs,
this approach can be seen as a form of knowledge
distillation from larger to smaller language models.

Finally, we show that we can also leverage LLMs
to convert existing translation resources into con-
trastive ACT datasets. The key idea is to prompt
LLMs to perform style transfer over the reference
sentences in the target language, thus generating
synthetic contrastive examples that can be used for
preference optimization. We apply this approach to
an existing formality-controlled translation dataset
named FAME-MT (Wisniewski et al., 2024) in 7
language pairs, creating a new, contrastive version
that we aptly nickname PREF-FAME-MT, inclu-
sive of a human-validated test set. The resulting
dataset is more challenging and more lexically-
diverse in formality compared to other popular
formality-controlled datasets such as CoCoA-MT
(Nadejde et al., 2022).

In summary, our paper makes the following con-
tributions:

* Preference optimization. To the best of our

knowledge, our paper is the first to propose the
use of preference optimization for fine-tuning
language models for ACT tasks.

* Synthetic samples. We propose an approach
for generating synthetic preference pairs that
contrast in both attribute accuracy and transla-
tion quality.

* Contrastive dataset. We present a new con-
trastive dataset for formality-controlled trans-
lation nicknamed PREF-FAME-MT which is
simultaneously of large size and more lexi-
cally diverse in formality expressions.

* Experimental results. Experimental results
in formality- and gender-controlled ACT tasks
over three datasets and 71 language pairs
demonstrate the effectiveness of the proposed
fine-tuning approach.

2 Related Work

ACT Models. Controlling specific linguistic fea-
tures in neural machine translation (NMT) models
has emerged as an active research area in recent
years. Early work has focused on providing con-
trol signals for various attributes such as formality
(Sennrich et al., 2016; Niu et al., 2018), gender
(Vanmassenhove et al., 2018; Saunders et al., 2020),
length (Lakew et al., 2019; Takase and Okazaki,
2019) or style (Michel and Neubig, 2018; Wang
et al., 2023). These approaches explore differ-
ent solutions, but, in general, they all fine-tune
NMT models using special input tokens or dedi-
cated control vectors. More recently, researchers
have proposed prompting multilingual LL.Ms to
control translation outputs. For instance, Lee et al.
(2024b) introduced an approach to include entity-
level gender information in the prompt to guide
the LLM to translate with correct gender inflec-
tions. At their turn, Sarti et al. (2023) proposed
an in-context learning approach that uses retrieval-
augmented generation (RAG) to retrieve relevant
controlled translation examples from a document
store. This line of work relies entirely on prompt
engineering and dispenses with fine-tuning.

Preference Optimization. Aligning LL.Ms to hu-
man preferences has become a common approach
to encourage models to generate high-quality, fac-
tual and safe responses (Stiennon et al., 2020;
Ouyang et al., 2022; Bai et al., 2022). Training
objectives such as proximal policy optimization
(PPO) (Schulman et al., 2017) or direct preference
optimization (DPO) (Rafailov et al., 2023) have
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been widely adopted in the research literature for
this purpose. In machine translation specifically,
several studies have shown that preference opti-
mization can improve domain alignment and over-
all translation quality (Xu et al., 2024a; Uhlig et al.,
2024; Vajda et al., 2025). However, no prior work
that we are aware of has attempted to leverage pref-
erence optimization specifically for ACT.

Synthetic Data. Given the cost of collecting
manually-annotated human preferences, several
works have proposed approaches for generating
synthetic preferences by sampling LLMs (Lee et al.,
2024a; Cui et al., 2024). Among them, Geng et al.
(2025) have shown that the performance of a given
model can be improved by fine-tuning it with syn-
thetic samples generated by lower-quality models,
so long that there is a clear “learning delta” between
the preferences. In machine translation, Xu et al.
(2024a) have proposed using reference-free transla-
tion quality estimation models to turn the samples
generated by multilingual LLMs into preference
pairs. At their turn, Cui et al. (2025) have pro-
posed a combination of quality scores and model
confidence to select preferences for fine-tuning. In
the same vein, our work proposes an approach for
generating synthetic data for ACT tasks that en-
forces a learning delta in both translation quality
and attribute compliance.

3 The Proposed Approach: Preference
Optimization for ACT

In this section, we first describe the approach that
we follow to train ACT models with preference
optimization (Section 3.1), and then present our ap-
proach for generating synthetic contrastive samples
(Section 3.2).

3.1 Preference Optimization

In ACT, a contrastive sample is a triplet
(%, Ya, , Yay ) formed by a sentence, x, in the source
language, and two translations, y,, and y,,, with
opposing controllable attributes or styles i.e., for-
mal/informal, masculine/feminine (see Figure 1).
In the instruction-tuning (IT) framework, a prompt
Da, acts as the control signal for the target attribute,
a; € {a1,az}. The prompt can be anything from a
single token to an elaborate sentence. The model
receives the prompt and the source sentence in in-
put, and can be trained with a variety of training
objectives. The most conventional is the negative
log-likelihood (NLL) loss that maximizes the prob-

ability of the translation with the target attribute,
Yay -
Lyrr(mg) =
= E(a i, ag.a0)~D[108 ™0 (Ya, |7, Pay )]

where 7y is the probability assigned to the target
translation by the model, and @ is its set of trainable
parameters.

A popular, contemporary alternative is the pref-
erence optimization framework introduced by the
seminal DPO paper of Rafailov et al. (2023), where
both references are used in the training loss, tak-
ing the role of the preferred, yprs, and the re-
jected, yrj, candidate, respectively, depending on
the target attribute value. In this work we adopt
a computationally-lighter variant of DPO known
as contrastive preference optimization (CPO) (Xu
et al., 2024a), where the training objective is de-
fined as:

ey

Lcpo(m0)==E(a,ypep,upej,00)~D [

79 (Ypref| T Pay )
Alog o (B log 76 (ej | &-Pag ) )

+(1=X) log 7o (Ypref| T ,Pay )] , (2)

where the first term rewards the ratio between the
probabilities of the preferred and rejected transla-
tions, while the second acts as an NLL regularizer;
[ and ) are their respective hyperparameters. The
main advantage of CPO with respect to DPO is that
it does not require storing an additional, reference
model in memory, while performing on par in most
reported cases (Xu et al., 2024b).

3.2 Synthetic Samples for Dual Optimization

However, as we show later in Section 5, the straight-
forward use of attribute-contrastive samples from
ACT datasets for preference optimization tends to
significantly compromise translation quality. The
reason is that the contrastive reference translations
in these datasets typically only differ in the tokens
that convey the attribute, but do not differ in overall
translation quality. As such, they fail to create a
“learning delta” that can act as a control signal for
translation quality, leading to typical artifacts such
as reduced fluency and drops in evaluation metrics.

For this reason, in this paper we address this is-
sue by generating synthetic preference pairs that
align with the dual nature of the task, simultane-
ously contrasting in attribute compliance and trans-
lation quality. The process for generating the syn-
thetic preference pairs is fully described in Algo-
rithm 1. For each input sentence in the training
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Algorithm 1 Synthetic Sample Generation

Imput: II7 7, Dirain
Output: Dgyy,

1. Doyn + 0

2. for each (2, Ypref Yrej, @¢) N Dirain do

3 (yél., yf, e, yf) < getSamples(mr s, T, Pay)
4 KIwiScore; <— getKiwiScore(z, Yrej)

5.  candidates < ||

6. foreachy, in (v}, v2, ..., y") do

7 if matchingAttribute(ys, Yprer) then

8 KiwiScore, < getKiwiScore(z, ys)

9 if KiwiScores > KIWIScore; then

10. dif f < KiwiScores - KIWIScorer;
11. candidates.append((ys,dif f))
12. end if

13. end if

14.  end for

15.  if candidates is not empty then

16. best_sample < arg max(y, djccandidates @
17. Ypret < best_sample(0]

18. Yrej € Yrej

19. Dsyn + Dsyn U (z, ySrefv yri:j)

20.  endif

21. end for

22. return Dy,

dataset, z, we first draw k translation samples from
a chosen LLM 2. Then, the samples are evaluated
with two criteria: 1) matching the preferred refer-
ence, Ypref, in attribute; and 2) scoring a translation
score higher than that of the rejected reference, yye;.
As in (Xu et al., 2024a), we use COMETKIWI-XXL
(Kiwi-XXL for brevity hereafter) (Rei et al., 2023)
as our reference-free model to assess the translation
quality of the samples. The sample with the highest
translation score is selected as the new preferred
candidate, . ¢, and the original rejected candidate
is retained as yfej. By forming synthetic data in this
way, we ensure that the samples have a positive
learning delta in translation quality, with the pre-
ferred candidates scoring higher than the rejected
references, while preserving the preferred attribute.
We collect all such synthetic preference pairs in a
new dataset, Dgy,.

4 Datasets

In this section, we describe the datasets used for the
experiments, which include two popular datasets
for formality- and gender-controlled ACT (CoCoA-
MT (Nadejde et al., 2022) and MT-GenEval (Cur-
rey et al., 2022), respectively), and a new dataset
for formality-controlled ACT, nicknamed PREF-
FAME-MT, that we introduce as part this work.

CoCoA-MT (Nadejde et al., 2022) is a formality-

2LLM details in Appendix A.2

controlled, contrastive translation dataset in the
conversation domain. The dataset covers 8§ lan-
guage pairs, {en} — {de, es, fr, hi, it, ja, nl, pt},
and for each source sentence, both a formal and an
informal translations are provided. Interestingly, a
large number of the English source sentences are
shared across language pairs, which allows their
potential use as pivots to align other language pairs.
By using them in this way, we have managed to
align all the target languages pairwise, obtaining 7
x 8 = 56 new language pairs. These new combina-
tions have allowed us to carry out a deeper analysis
of the proposed approach in lower-resource lan-
guage pairs.

MT-GenEval (Currey et al., 2022) is a gender-
controlled, contrastive translation dataset in the
Wikipedia domain. For each source sentence, both
a feminine and a masculine translations are pro-
vided, with all pronouns in each sentence having
the same gender. The dataset covers 8 language
pairs {en} — {ar, de, es, fr; hi, it, pt, ru}.

PREF-FAME-MT is a new, formality-controlled
ACT dataset that we have generated by converting
the existing FAME-MT (Wisniewski et al., 2024)
into a contrastive dataset. FAME-MT consists of
11.2 million translations between various European
languages that have been automatically classified
as formal, informal or neutral. While remark-
able in size, this dataset has two limitations: 1)
it does not provide contrastive pairs, and therefore
is not suitable for preference optimization; and 2)
it has not been human-validated, challenging its
use for model evaluation. To address the first issue,
we have generated synthetic contrastive counter-
parts for the original examples. In detail, we have
prompted an external LLM? to carry out attribute
transfer with minimal edits on the original trans-
lation in FAME-MT, i.e., formal — informal and
informal — formal (see full prompt in Appendix
B.1). Note that the attribute transfer has been per-
formed in a monolingual setting, i.e. the LLM was
not provided the source sentence. In addition, we
have automatically annotated the token spans that
differ in each contrastive pair with the longest com-
mon subsequence (LCS) algorithm (Hirschberg,
1975), obtaining contrastive examples of the same
format as those of CoCoA-MT and MT-GenEval.
We have applied this process to a subset of 7 lan-
guage pairs, mixing Germanic, Latin and Slavic
languages: da—es, de—fr, en—de, es—>en, it—nl,

3LLM details in Appendix A.1
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| PREF-FAME-MT | CoCoA-MT

TTR (1) | 0.700 \ 0.217

Gini Coeff. (|) | 0.300 | 0.730
Concentration ({)

Top-5 0.085 0.157

Top-10 0.118 0.246

Top-20 0.156 0.361

Table 1: Comparison of the lexical diversity of the
formality-annotated token spans in the test sets of PREF-
FAME-MT and CoCoA-MT.

pl—it and ru—pt. Following common practice, we
have divided this dataset into training, validation,
and test sets.

To address the second issue, we have asked pro-
fessional translators to validate 200 examples from
the test sets of each target language. Annotators
were asked to ensure that the contrastive sentences
were grammatically correct, were paraphrases with
identical meaning, and had opposite formality style.
For the test sets, we have only retained the samples
that were deemed correct by the annotators (more
details in Appendix A.1).

PREF-FAME-MT has been designed to address
several limitations of CoCoA-MT. In the first
place, it has a much larger, contrastive training
set (~ 140K samples per language pair vs ~ 400;
although it is a silver-corpus, while the CoCoA-
MT training set has been manually validated). In
the second place, PREF-FAME-MT has a much
higher lexical diversity in formality expressions
compared to CoCoA-MT, which predominantly ex-
presses formality only through the use of personal
pronouns (Wisniewski et al., 2024). To corrobo-
rate this claim, we have collected all the formality-
annotated token spans (i.e., the tokens between [F]
and [/F] tags) in the test sets of the target languages
shared by both datasets, and computed the type-
token ratio (TTR), the Gini coefficient, and the
concentration of the top-k annotated tokens. Table
1 shows that the formality expressions in PREF-
FAME-MT are substantially more diverse than in
CoCoA-MT. Appendix A provides more details of
the three datasets.

5 Experiments

5.1 Setup

Models. We have carried out fine-tuning ex-
periments with three language models of small-
medium size and two transformer architectures.
The first, NLLB 600M, is an encoder-decoder
transformer that has been pretrained to translate
between more than 200 languages (Costa-Jussa

et al., 2022). During fine-tuning, we have updated
all its parameters, and to control the targeted at-
tribute we have simply prepended a special token
to the source sentence, i.e. {formal, informal}
for formality and {feminine, masculine} for gen-
der. The other two are Qwen3 8B and EuroLLM
9B, both decoder-only models. Qwen3 8B is a dis-
tilled version of the larger, original Qwen3 model
(Yang et al., 2025) that has been pretrained to cover
119 languages, while EuroLLM 9B (Martins et al.,
2025) has been trained predominantly in languages
spoken in Europe. For fine-tuning, we have used
LoRA (Hu et al., 2022) for efficiency, and used the
same prompts used by Sarti et al. (2023) for both
formality and gender control for more direct com-
parability. Finally, we have added a large, closed-
source LLM, Claude Sonnet 3 (Anthropic, 2024),
as an additional baseline. For this model, we have
used both zero-shot (ZS) and few-shot in-context
(IC) prompting, with similar prompts to those used
for Qwen3 and EuroLLM.

Training details. We have followed the standard
approach for preference fine-tuning. First, we have
instruction-tuned (IT) the models on the training
set using the loss defined in Equation 1, for a max-
imum of 30 epochs or until convergence on the
validation set. A dedicated model has been trained
for each language pair and each dataset. Then, we
have applied CPO (Equation 2) to the best check-
point using a lower learning rate, again until conver-
gence on the validation set or a maximum number
of epochs. We have experimented with both the
original contrastive data and with the synthetically-
generated samples (CPO-SD in Section 5.2).

Evaluation. We have carried out a completely
blind evaluation on the held-out test sets, prompt-
ing the models to predict two translations for each
source sentence, i.e., a controlled translation for
each attribute type. We have used two types of
metrics: to evaluate the accuracy of the controlled
attribute, we have used the established Matched-
Accuracy M acc) (Nadejde et al., 2022). With this
metric, a prediction is labeled as of a certain at-
tribute, say, ai, if it contains at least one of the
attribute-tagged spans annotated in the correspond-
ing reference, y,,, and none of the spans anno-
tated in y,,. The conditions are reversed when
targeting as. However, according to this definition,
some of the predictions may not fall into either
category, which are simply omitted from the com-
putation of the metric. For this reason, we add

4035



Dataset | Model | Mace Mace-strict Trecanw | BLEU COMET  Kiwil-XXL
NLLB-600M-ZS (uncontrolied) 0.500 0.280 0.318 23.32 0.764 0.529
NLLB-600M-IT 0.966 0.687 0.684 | 40.74 0.838 0.683
NLLB-600M-IT + CPO 0.9921 0.7031 0.690 | 39.71 0.834 0.667
NLLB-600M-IT + CPO-SD | 0.9797 0.701% 0.691 | 40.28 0.839 0.7121
Qwen3 8B-IT 0.964 0.670 0.653 37.73 0.835 0.726

CoCoA-MT | (ywen3 8B-IT + CPO 0.9661 0.671% 0.658" | 37.98"  0.835 0.726
Qwen3 8B-IT + CPO-SD 0.969" 0.674" 0.659" | 3815  0.839° 0.7351
Claude 3 Sonnet-ZS 0.843 0.564 0.551 34.31 0.852 0.818
Claude 3 Sonnet-IC (2-shot) | 0.963 0.648 0.624 | 36.95 0.858 0.820
Claude 3 Sonnet-IC (8-shot) | 0.983 0.693 0.673 | 40.55 0.864 0.819
Claude 3 Sonnet-IC (16-shot) | 0.987 0.703 0.684 | 41.17 0.863 0.816

| RAMP xGLM7.58)° | 0938 — | 3000 0451 = —
RAMP (BLOOM 175B)* 0.973 —_ — 41.90 0.711 —
NLLB-600M-ZS (uncontrolled) 0.500 0.335 0.352 | 34.32 0.814 0.646
NLLB-600M-IT 0.940 0.673 0.591 37.52 0.825 0.578
NLLB-600M-IT + CPO 0.959° 0.6921 0.603" | 36.84 0.820 0.562
NLLB-600M-IT + CPO-SD | 0.953f 0.695" 0.608" | 37.96"  0.827° 0.6257
Qwen3 8B-IT 0.942 0.650 0.561 33.01 0.814 0.618

MT-GenEval | yen3 8B-IT + CPO 0.941 0.651 0562 | 33.06  0.815" 0.618
Qwen3 8B-IT + CPO-SD 0.949" 0.672" 0.579" | 34.26"  0.825" 0.640"
Claude 3 Sonnet-ZS 0.936 0.612 0.512 | 29.21 0.750 0.500
Claude 3 Sonnet-IC (2-shot) | 0.933 0.673 0.602 | 40.97 0.854 0.727
Claude 3 Sonnet-IC (8-shot) | 0.938 0.682 0.632 | 39.07 0.843 0.719
Claude 3 Sonnet-IC (16-shot) | 0.933 0.669 0.625 36.89 0.826 0.702

Table 2: Average results on the CoCoA-MT and MT-GenEval test sets across all languages (en2all). The best result
for each model type is in bold, and the best overall result for each dataset is underlined. (}) refers to statistically
significant differences (p-value < 0.05) with respect to the respective IT baseline (more details in Appendix B.2).

*From (Sarti et al., 2023).

two variants that account for all the predictions and
can offer further insights: 1) a Matched-Accuracy-
Strict M Ace-Strict) Metric, which, as the name
suggests, is a stricter version of M 4. that also
marks the “neutral” predictions, i.e., sentences that
do not contain annotated phrases from either of the
references or contain mixed attributes, as incorrect;
2) a Token-recall (T recqir) metric, which computes
the percentage of all annotated spans from the tar-
get references that are present in the prediction.

In addition, we have used a set of metrics to
evaluate the translation quality of the predictions:
BLEU (Papineni et al., 2002), the most standard
reference-based n-gram matching metric; COMET
(Rei et al., 2020), a popular reference-based neural
learned metric; and KiwI-XXL (Rei et al., 2023),
a contemporary neural learned metric that we have
used in a reference-free style to assess the adequacy
of the translation irrespective of the reference.

More details of the hyperparameter settings and
evaluation metrics are provided in Appendix B.

5.2 Results

CoCoA-MT and MT-GenEval

Table 2 reports the results for the original CoCoA-
MT and MT-GenEval language pairs (en—x). For
reference, the base NLLB zero-shot (ZS) model
(which is tested in an uncontrolled translation
setting, i.e. no control prompt is provided) has
achieved significantly better translation quality
on the MT-GenEval dataset (34.32 BLEU, 0.814
COMET) than on CoCoA-MT (23.32 BLEU, 0.764
COMET), potentially highlighting the different lin-
guistic properties of these datasets or different ex-
tents of alignment with its pretraining. In any case,
the instruction tuning of the base model (IT) has
neatly improved the performance in every metric
for both datasets. When applying CPO fine-tuning
with the original contrastive data (IT+CPO), the
model has achieved an additional improvement in
all the attribute matching accuracy metrics, show-
ing that preference fine-tuning has been effective
at improving the control of the attribute. How-
ever, the results also show that this improvement
has come at a cost in translation quality, with a
clear drop in BLEU, COMET and KIwI-XXL com-
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Figure 2: Comparative results for the non-English language pairs of CoCoA-MT.

pared to the IT baseline for both datasets. Con-
versely, when applying CPO to the synthetic data
(IT+CPO-SD), the model has been able to achieve
a much more even improvement across the var-
ious metrics compared to the instruction-tuned
baseline, namely: for CoCoA-MT: +1.3 pp M acc,
+1.4 pp Mace-Stricts +0.7 pp Trecalis —0.46 pp
BLEU, +0.1 pp COMET, +2.9 pp KiwI-XXL;
and for MT-GenEval: +1.3 pp Mace, +2.2 pp
Mace-Stricts +1.7 pp Trecan, +0.44 pp BLEU,
+0.2 pp COMET, +4.7 pp Kiw1-XXL.

We have observed similar trends with the Qwen3
8B model. When applying CPO with the original
data, the improvement in attribute accuracy does
not translate into a corresponding improvement in
translation quality, but with the synthetic data the
improvements have extended to all metrics. While
the differences are smaller than with the NLLB
model (possibly due to the use of LORA with this
model), the trend is still noticeable and confirms
the potential of the approach for larger models, if
sufficient computational resources for their fine-
tuning are available. It is also worth noting that
Qwen3 has performed worse than NLLB in most
metrics, despite being a larger model, possibly due
to its lack of machine translation pretraining.

We have also included Claude 3 Sonnet in the
evaluation, using few-shot prompting in place of
fine-tuning since it is not possible to locally fine-
tune a closed-source model such as this. Despite
this model being anecdotally much larger than
NLLB (the actual number of parameters is undis-
closed), it has been outperformed by NLLB in mul-
tiple metrics, e.g., —0.7 pp T,ecqnr between their
best configurations with CoCoA-MT, and —1.3 pp
M Ace-Strice With MT-GenEval. We can therefore

remark that our proposed approach has been able
to lift the performance of smaller models such as
NLLB and Qwen3 8B to levels comparable to those
of a contemporary LLM. This can be important for
a number of applications that cannot rely on LLMs
due to cost or privacy reasons.

As a final comment, the results from NLLB on
CoCoA-MT have also outperformed those reported
by RAMP (Sarti et al., 2023), a state-of-the-art
ACT approach. We note that a much smaller model
such as NLLB, when fine tuned with preference
optimization, has been able to surpass RAMP with
BLOOM 175B in M 4.

CoCoA-MT Non-English Language Pairs

Figure 2 shows the M 4., and KIwI-XXL scores
of the NLLB models for the CoCoA-MT non-
English language pairs (the results are averaged by
source language). Overall, we have observed simi-
lar trends to those of the English pairs. The model
fine-tuned with CPO on the original contrastive
data has consistently outperformed the other mod-
els in terms of attribute accuracy in all language
pairs, but has consistently underperformed in terms
of KIwI-XXL. Conversely, the CPO model fine-
tuned with the synthetic data has reported more
conservative improvements in M 4., but has clearly
outperformed all the others in terms of translation
quality. This confirms its ability to strike a very
desirable trade-off between attribute compliance
and translation quality. The only notable exception
to this trend has been hi2all, where the IT base-
line has obtained a higher average M 4.. compared
to the CPO-SD model. As a potential explana-
tion for this, we have noted that the model that we
have used to generate the synthetic data (Claude
3 Sonnet) has much lower translation metrics in
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Model | Mace Mace-strict Trecau | BLEU COMET KIwI-XXL
NLLB-600M-ZS 0.500 0.223 0.225 18.46 0.717 0.509
NLLB-600M-IT (orig. FAME-MT) 0.786 0.440 0.392 32.80 0.837 0.789
NLLB-600M-IT 0.841 0.493 0.446 | 34.17 0.837 0.785
NLLB-600M-IT + CPO 0.9021 0.5121 0.448 31.32 0.822 0.748
NLLB-600M-IT + CPO-SD 0.850" 0.5017 0.449 33.66 0.837 0.785
Qwen3 8B-IT 0.861 0.514 0474 | 35.69 0.850 0.829
Qwen3 8B-IT + CPO 0.862 0.514 0474 | 35.74 0.850 0.829
Qwen3 8B-IT + CPO-SD 0.862 0.517 0.476" | 35.73 0.850 0.830
EuroLLM 9B-IT 0.826 0.468 0.433 35.16 0.853 0.848
EuroLLM 9B-IT + CPO 0.8401 0.4781 0.439" | 35.13 0.8557 0.8517
EuroLLM 9B-IT + CPO-SD 0.823 0.469 0434 | 35.25 0.856" 0.855"

Table 3: Average results over the test sets of the 7 language pairs of PREF-FAME-MT. The best result for each
model type is in bold, and the best overall result for each dataset is underlined. () refers to statistically significant
differences (p-value < 0.05) with respect to the respective IT baseline (more details in Appendix B.2).

MT-GenEval (en-es)

PREF-FAME-MT (es-en)

source

They were married in Washington, D.C., on 16 February 1922
when she was 17 years old; Converse was about a decade
older and had been married before.

reference (masculine)

Se casaron en Washington, D.C., el 16 de febrero de 1922,
cuando €l tenfa 17 afios; Converse era una década mayor y
habia estado casado antes.

NLLB-IT (K1wi-XXL: 0.060)

Se casaron en Washington, D. C., el 16 de febrero de 1922,
cuando €l tenia 17 afios; Converse tenia unos diez afios de
edad y se habia casado antes.

NLLB-IT + CPO (K1iwI-XXL: 0.060)

Se casaron en Washington, D. C., el 16 de febrero de 1922,
cuando €l tenia 17 afios; Converse tenia unos diez afios de
edad y se habia casado antes.

NLLB-IT + CPO-SD (KiwIi-XXL: 0.813)

Se casaron en Washington, D. C., el 16 de febrero de 1922,
cuando €l tenia 17 afios; Converse tenia y
se habia casado antes.

source
La mayoria de los costes se pueden atribuir al consumo de
energia.

reference (informal)
Most of the costs come from energy consumption.

NLLB-IT (KiwI-XXL: 0.999)
Most of the costs can be attributed to energy consumption.

NLLB-IT + CPO (K1wI-XXL: 0.988)
Most of the costs come from power consumption.

Table 4: Prediction examples for MT-GenEval en-es (left) and PREF-FAME-MT es-en (right).

language pairs that include Hindi (see Appendix
A.2 for details). As a result, far fewer synthetic
samples have met the validity criteria of Algorithm
1, and can be argued to be of overall lower quality.
This is likely to have affected the performance of
the proposed CPO-SD approach in these language
pairs, and stresses the importance of high-quality
synthetic samples for its effectiveness.

PREF-FAME-MT Results

Table 3 shows the results obtained by the NLLB
model on the newly-released PREF-FAME-MT
dataset. Given the substantially lower scores ob-
tained by the ZS model, we can argue that this
dataset is more challenging compared to CoCoA-
MT. For this dataset, we have carried out the
instruction-tuning experiments in two alternative
ways: a) using the original training data of FAME-

MT, and b) using instead the synthetic contrastive
training data generated as described in Section 4.
It is interesting to note that the instruction-tuning
with the synthetic data has achieved much higher
attribute matching scores (e.g., +5.5 pp M), and
a marked increase in BLEU (4-1.37 pp). While the
test set has been generated in the same way and
the results may suggest circularity, all its samples
have been carefully manually validated. In turn, the
model fine-tuned with CPO has displayed a similar
trend to the previous experiments: higher attribute
matching scores compared to the instruction-tuned
model (+6.1 pp in M 4..), and lower scores in trans-
lation quality metrics (e.g., —3.7 pp in KIwI-XXL).
Finally, similarly to the other datasets, we have ob-
served that the model trained with synthetic data
has achieved more balanced improvements, recov-
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Figure 3: Sensitivity analysis of the different metrics over the CoCoA-MT en-es test set. The red dashed line shows

the performance of the respective IT baseline.

ering the COMET and KIWI-XXL scores of the
IT baseline, while mildly improving its attribute
control performance in terms of M 4cc, M Ace-Strict
and Trecail-

In turn, the decoder-only models, Qwen3 8B and
EuroLLM 9B, have achieved mild improvements in
the controlled attribute when applying preference
optimization. In contrast to NLLB, these models
have retained translation quality when fine-tuned
with CPO on top of the model instruction-tuned
with the synthetic contrastive training data (IT). A
plausible explanation is that their larger capacity,
compared to NLLB, makes them more robust to
generalization. Between the two models, Qwen3
seems to have performed better in terms of target at-
tribute control, while EuroLLM has proved slightly
better in translation quality.

Qualitative Analysis

Table 4 shows two prediction examples from the
MT-GenEval and PREF-FAME-MT test sets, re-
spectively. For the former, all models have cor-
rectly mapped the gender pronouns to masculine,
but only the model trained with the synthetic data
has accurately translated the phrase “a decade older”
as “ten years older” (the others have rendered it as
“ten years old”, and have been heavily penalized
by Kiwi-XXL). For the latter, the model trained
with CPO has generated a translation with a clear
informal tone, as requested, using the phrase “‘come

from” instead of “can be attributed”.

Synthetic Data Sensitivity Analysis

Finally, we have investigated the sensitivity of
the results to the use of different amounts of syn-
thetic data for fine-tuning over the CoCoA-MT
en-es test set. Figure 3 shows a clear trend: using
more synthetic data tends to improve the results in
all the metrics. Further results over the CoCoA-MT
en-de test set are presented in Appendix E.

6 Conclusion

This paper has explored the use of preference op-
timization over attribute-contrastive ACT datasets
for improving the performance of small-medium
size language models in ACT tasks. Our experi-
mental results show that the proposed preference
optimization with attribute-contrastive training data
has been able to improve attribute-matching met-
rics in most cases. In addition, to counter a corre-
sponding drop in translation quality, we have pro-
posed generating synthetic contrastive data where
both attribute compliance and translation qual-
ity are controlled. Extensive experiments over
three datasets, including the newly-released PREF-
FAME-MT, have shown that the proposed approach
has been able to lift the performance of small-
medium size language models such as NLLB and
Qwen3 8B to levels comparable to those of a state-
of-the-art LLM in many cases.
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Limitations

We acknowledge a number of limitations in the pro-
posed approach. The first is that performing knowl-
edge distillation by sampling synthetic training data
may inherit the biases of the LLMs used to gener-
ate such data, potentially propagating problematic
patterns from larger models to smaller ones. Addi-
tionally, the performance of LLMs varies greatly
across languages, and for many low-resource lan-
guages there may not exist any model capable of
generating synthetic data of adequate quality.

In the second place, the gender-controlled trans-
lation dataset that we have employed in our
work, MT-GenEval, only considers masculine
and feminine genders, excluding non-binary or
gender-diverse identities. As a result, our gender-
controlled translation models may reinforce binary
gender assumptions, even in gender-neutral source
expressions. More work is needed to build datasets
that amend these limitations.

Finally, we have not been able to carry out a very
exhaustive search of the various hyperparameters
involved in the training and inference of the models,
due to time limitations. A deeper search of these
hyperparameters could further improve the perfor-
mance of the models, and, potentially, change their
relative rankings.
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A Details of the Datasets

To provide further details of the CoCoA-MT
dataset*, Table 5 reports the number of training
samples for each language pair. For the training set,
we have included all the contrastive samples avail-
able from both subdomains, i.e., Topical Chat and
Telephony. For validation, we have held out 10% of
samples randomly sampled from the training data.
We have used the official test sets released by the
authors including the three available subdomains,
1.e., Topical Chat, Telephony and Call Center. Non-
English language pairs have been aligned using the
shared English sentences. As such, they include a
subset of sentences from the original dataset. How-
ever, while the English source sentences are only
neutral, in the non-English pairs we include both
the formal and informal variants as separate source
sentences. Therefore, we have doubled the amount
of available samples.

In turn, Table 6 shows the number of training
samples in the MT-GenEval dataset>. We have used
the sentence-level dev and test splits released by
the authors, not including any disambiguating con-
text sentences in the source. From the dev set, we
use 1,000 samples for training and 200 for valida-
tion. But we use both the masculine and feminine
version of every English sentence as separate in-
puts, therefore doubling the dataset size, obtaining
2,000, 400 and 600 train, dev, and test samples,
respectively.

A.1 PRE-FAME-MT Dataset Construction

Table 7 shows the number of samples per language
pair in the new PREF-FAME-MT dataset. As de-
scribed in Section 4, the dataset has been created
by extending the existing FAME-MT dataset (Wis-
niewski et al., 2024)® with a synthetic contrastive
sample for each original sample. The original
dataset contains 50K formal, 50K informal and 50K
neutral translations for each language pair (150K
total). For the 7 selected language pairs, we have
divided the data into 145K/1.5K/3K for training,
validation and testing, respectively, maintaining the
balance of each formality type. Then, we have used
a style-transfer prompt (Figure 4) with a Claude 4

‘CoCoA-MT  data  source  (CDLA-Sharing-1.0
License): https://github.com/amazon-science/
contrastive-controlled-mt

*MT-GenEval data source (CC-BY-SA-3.0 li-
cense): https://github.com/amazon-science/
machine-translation-gender-eval

SFAME-MT data source: https://github.com/
lanigo-public/fame-mt

sre ‘ tgt ‘ train val test ‘ src ‘ tgt ‘ train val test

Original dataset

de | 360 40 600 it | 360 40 600
en | €S 360 40 600 en ja | 900 100 594
fr | 360 40 600 nl | 360 40 597
hi | 360 40 600 pt | 360 40 599
Non-English aligned pairs
es | 691 77 1,144 de | 311 35 736
fr | 547 61 990 es | 313 35 732
hi | 671 75 1,124 fr | 329 37 764
de | it | 311 35 736 it | hi | 309 35 736
ja | 235 27 194 ja | 239 27 168
nl | 18 21 170 nl | 160 18 288
pt | 183 21 190 pt | 178 20 304
de | 691 77 1,144 de | 235 27 194
fr | 550 62 978 es | 248 28 200
hi | 680 76 1,134 fr | 255 29 188
es | it | 313 35 732 | ja | hi | 237 27 200
ja | 248 28 200 it | 239 27 168
nl | 18 21 174 nl | 237 27 162
pt | 183 21 204 pt | 235 27 128
de | 547 61 990 de | 185 21 170
es | 550 62 978 es | 18 21 174
hi | 536 60 960 fr | 185 21 210
fr | it | 329 37 764 | nl | hi | 178 20 174
ja | 255 29 188 it 160 18 288
nl | 18 21 210 ja | 237 27 162
pt | 174 20 244 pt | 318 36 450
de | 671 75 1,124 de | 183 21 190
es | 680 76 1,134 es | 183 21 204
fr | 536 60 960 fr | 174 20 244
hi | it | 309 35 736 | pt | hi | 180 20 216
ja | 237 27 200 it 178 20 304
nl | 178 20 174 ja | 235 27 128
pt | 180 20 216 nl | 318 36 450

Table 5: Number of contrastive samples in each lan-
guage pair in the CoCoA-MT dataset.

Sonnet model’ to generate the synthetic contrastive
samples. We have only generated synthetic sam-
ples for translation labeled as formal or informal,
while for neutral samples we have simply retained
the original translation.

In addition, we have carried out a human-
evaluation of the generated test set in order to re-
move inexact contrastive samples and obtain reli-
able test data. We have randomly sampled 300 sam-
ples from the 3K reserved for testing in each lan-
guage pair, 100 from each class (formal, informal,
neutral). Then, we have asked 7 professional trans-
lators (one for each target language) to validate the
correctness of the contrastive samples generated for
the formal and informal original translations. Fig-
ure 5 shows the instructions provided to the annota-
tors, which have been used to evaluate whether the

"AWS Bedrock model ID:
apac.anthropic.claude-sonnet-4-20250514-v1:0
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src | tgt | train  val test

ar | 2,000 400 600
de | 2,000 400 600
es | 2,000 400 600
en | fr | 2,000 400 600
hi | 2,000 400 600
it | 2,000 400 600
pt | 2,000 400 600
ru | 2,000 400 600

Table 6: Number of contrastive samples in each lan-
guage pair in the MT-GenEval dataset.

sre ‘ tgt ‘ train val  test

da | es | 145.5K 1,500 208
de | fr | 145.5K 1,500 203
en | de | 1455K 1,500 225
es | en | 1455K 1,500 249
it | nl | 1455K 1,500 246
pl | it | 145.5K 1,500 248
ru | pt | 1455K 1,500 217

Table 7: Number of contrastive samples in each lan-
guage pair in the PREF-FAME-MT dataset.

contrastive pair was CORRECT or INCORRECT. Table
8 shows the results of the human-evaluation. Cor-
rect contrastive examples range within 50-75% of
the generated samples, depending on the language
pair. Finally, we have only kept the samples that
annotators have labeled as CORRECT and concate-
nate them with the 100 neutral samples, obtaining
the test sets reported in Table 7.

A.2 Synthetic Data

In this section we provide further details on the gen-
eration of the synthetic contrastive data described
in Section 3.2, contrasting both attribute compli-
ance and translation quality in the sample pairs with
the aim to improve ACT performance. For CoCoA-
MT and MT-GenEval, as input data, we have used
the source sentences of their respective training
sets for every language pair. We have generated
the translation samples with Claude 3 Sonnet® with
16-shot IC learning, and the prompt described in
Figure 8. For PREF-FAME-MT, we have sam-
pled 20,000 sentences from the training set of each
language pair and formality target, and have used
Claude 4.5 Sonnet’ for sampling instead. For each

8AWS Bedrock model ID:
anthropic.claude-3-sonnet-20240229-v1:0

° AWS Bedrock model ID:
au.anthropic.claude-sonnet-4-5-20250929-v1:0

Here is a sentence written in <FORMALITY> style:
<TRANSLATION>; Please provide a version of the sentence
written in < CONTRASTIVE_FORMALITY> style between curly
brackets, making minimal changes and without changing the
meaning of the sentence.

Figure 4: Style-transfer prompt for PREF-FAME-MT.

Review the sentences below and determine if the
contrastive sentence correctly transforms the language
style while maintaining the same meaning, and is
grammatically correct.

Label as correct only if:

1. Both sentences are grammatically correct

2. Both sentences are semantically equivalent (same
meaning)

3. The original sentence and all it’s highlighted token
spans suggest a <FORMALITY> style

4. The contrastive sentence and all it’s highlighted
token spans suggest a <CONTRASTIVE_FORMALITY> style

Original Sentence: <ORIGINAL_SENTENCE>
Contrastive Sentence: <CONTRASTIVE_SENTENCE>

Figure 5: Instructions for the human annotators.

source sentence and target attribute combination in
the training data, we have sampled 32 translations
(i.e., K = 32 in Algorithm 1), varying the tem-
perature parameter to obtain diverse predictions
(temp = {0.0,0.2,0.4,0.5,0.6,0.8,1.0}). We
have relied on the attribute labeling criteria used in
the M 4. metric to check whether the attribute of
the sample matched the attribute of the preferred
reference (y,.r). To obtain the KIWI score, we
have used the same model as in evaluation, KIWI-
XXL (Rei et al., 2023)!%. The sampling costs of the
Claude models with Bedrock’s API was $0.00014
USD on average per sample.

Table 9 and 10 show the statistics of the gener-
ated synthetic data for the CoCoA-MT and MT-
GenEval datasets, respectively. These are samples
that match the selection criteria described in Algo-
rithm 1. In CoCoA-MT, for most language pairs we
have been able to generate samples that represent
between 60-90% of the original training dataset, ex-
cept for language pairs that have Japanese (~ 40%)
and Hindi (~ 20%) as target languages. In MT-
GenEval, we have been able to generate samples
that represent ~ 50% of the original data, except
for Hindi (9.2%). This shows that the ability to
generate synthetic data depends on the quality of
the LLM in the specific language pair, particularly
the target language. In this case, Claude 3 Sonnet
has shown a lower performance in Hindi. In fu-
ture work, we aim to experiment with better LLMs

"Hugginface: Unbabel/wmt23-cometKiwi-da-xx1
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Language Pair | # Evaluated # Correct %

da-es 200 108 54.0
de-fr 200 103 51.5
en-de 200 125 62.5
es-en 200 149 74.5
it-nl 200 146 73.0
pl-it 200 148 74.5
ru-pt 200 117 58.5

Table 8: Human-evaluation results.

for each language. Table 11 shows the synthetic
data generated for the PREF-FAME-MT dataset.
In general, the percentage of successful contrastive
data is lower than for the other datasets. This could
be due to various reasons: 1) the noisy nature of
the FAME-MT dataset, 2) noisy contrastive trans-
lations, and 3) the more challenging and diverse
nature of this dataset. We will explore this in future
work.

B Experimental Setup Details

In this section, we provide further details on the
models, prompts, their hyperparameter settings,
and evaluation metrics.

B.1 Models

As described in Section 5.1, in our experiments we
have used three open-source language models of
small-medium size downloaded from Huggingface.
The first is NLLB-600!!, an encoder-decoder trans-
former based on the BART architecture with 600M
parameters, pretrained to translate between more
than 200 languages. Figure 6 shows the prompt
employed as control signal for this model for each
case, i.e., formality and gender, where we have sim-
ply prepended the target attribute label to the input
sentence in the source language (<INPUT_SRC>).
The second model is Qwen3 8B!?, a decoder-only
language model with 8B parameters. The third
is EuroLLM 8B'3, another decoder-only model
trained mainly in European languages. Figure
7 shows the respective prompts used as control
signals for these two models, where we replace
<TGT_LANG> with the language code of the tar-
get sentence.

For transparency and reproducibility of the re-
sults, Table 12 describes the hyperparameters used
with both models. Note that as validation criteria

""Huggingface: facebook/n11b-200-distilled-600M
2Huggingface: Qwen/Qwen3-88B
BHuggingface: utter-project/EuroLLM-9B-Instruct

sre ‘ tgt ‘ ## samples % ‘ sre ‘ tgt ‘ # samples %
Original dataset
de 562 78.0 it 471 65.4
en | 470 65.2 en ja 823 45.7
fr 504 70.0 nl 590 81.9
hi 143 19.8 pt 585 81.2
Non-English aligned pairs
es 984 71.2 de 457 73.4
fr 784 71.6 es 438 69.9
hi 309 23.0 fr 462 70.2
de | it 437 702 | it | hi 116 18.7
ja 182 38.7 ja 204 42.6
nl 322 87.0 nl 287 89.6
pt 301 82.2 pt 298 83.7
de 1,053 76.1 de 381 81.0
fr 751 68.2 es 360 72.5
hi 285 20.9 fr 378 74.1
es | it 398 63.5 | ja | hi 84 17.7
ja 210 423 it 331 69.2
nl 337 91.0 nl 413 87.1
pt 286 78.1 pt 369 78.5
de 802 1,094 de 313 84.5
es 730 66.3 es 285 77.0
hi 235 21.9 fr 295 79.7
fr | it 404 613 | nl | hi 118 33.1
ja 206 40.3 it 255 79.6
nl 322 87.0 ja 198 41.7
pt 279 80.1 pt 518 81.4
de 1,017 75.7 de 284 71.5
es 980 72.0 es 254 69.3
fr 794 74.0 fr 264 75.8
hi | it 421 68.1 | pt | hi 94 26.1
ja 210 443 it 265 74.4
nl 320 89.8 ja 169 359
pt 303 84.1 nl 557 87.57

Table 9: Number of synthetic contrastive samples in
each language pair in the CoCoA-MT dataset, and the
percentage it represents with respect to the number of
inputs in the training data (unique input sentences and
target attribute combinations).

for early stopping both during IT and CPO train-
ing, we have used the average between BLEU and
M 4., thus aiming to select checkpoints that bal-
ance attribute accuracy and translation quality.

As a baseline comparison, we have used the
Claude 3 Sonnet model, i.e., the same model used
to generate the synthetic data (Appendix A.2). Fig-
ure 8 shows the prompts used with this model,
which are similar to those used for Qwen3 8B.
The main difference is that when we do few-shot
IC learning, we randomly sample examples from
the training dataset (<EXAMPLE_SRC>, <EXAMPLE_TGT>)
and their annotated tokens (<FORMALITY_TOKENS> O
<GENDER_TOKENS>). We apply ZS, 2-shot, 8-shot and
16-shot IC testing. When retrieving examples from
the training data, we have evenly distributed them
across both attribute types. We have disabled the
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src | tgt | # samples %

ar 2,092 52.3
de 1,970 49.2
es 1,770 44.2
en | fr 2,006 50.1
hi 369 9.2
it 1,821 45.5
pt 2,048 51.2
ru 1,868 46.7

Table 10: Number of synthetic contrastive samples in
each language pair in the MT-GenEval dataset, and the
percentage it represents with respect to the number of
inputs in the training data (unique input sentences and
target attribute combinations).

src | tgt | # samples %

da | es 7,127 17.8
de | fr 8,148 20.3
en | de 4,745 11.8
es | en 3,607 9.0
it | nl 8,759 21.8
pl | it 4,693 11.7
ru | pt 4,237 10.5

Table 11: Number of synthetic contrastive samples in
each language pair in the PREF-FAME-MT dataset, and
the percentage it represents with respect to the number
of inputs in the training data (unique input sentences
and target attribute combinations).

temperature parameter to limit the diversity of the
generated samples during testing.

B.2 Evaluation Metrics

As discussed in Section 5.1, we have relied on
the corpus-level M 4. metric proposed by Nadejde
et al. (Nadejde et al., 2022). In this metric, the
estimated attribute of a prediction is correct if:

1. It contains at least one lexical match with the
list of annotated phrases (i.e., words between
[F] ... [/F]) made in the target reference trans-
lation.

2. It contains not a single lexical match with
the list of annotated phrases in the contrastive
reference translation.

Then, considering that n. is the number of cor-
rect attribute predictions in the test set and n; is the
number of incorrect attribute predictions, M 4. is
simply computed as:

e

MAcc =
Ne + Ny

3)

Formality-control prompt:
<FORMALITY> <INPUT_SRC>

Gender-control prompt:
<GENDER> < INPUT_SRC>

Figure 6: Control prompt for the NLLB model.

Formality-control prompt:
Here is a sentence {<INPUT_SRC>}; Here is its
<TGT_LANG> translation written in <FORMALITY> style {

Gender-control prompt:
Here is a sentence {<INPUT_SRC>}; Here is its
<TGT_LANG> translation in which every mentioned person’s
gender is <GENDER> {

Figure 7: Control prompt for the Qwen3 8B and Eu-
roLLM 9B models.

However, note that a prediction may not satisfy
neither of the aforementioned conditions. On the
one hand, the generated sentence may not contain
any lexical match with the target nor the contrastive
reference. On the other, the sentence may contain
mixed matches from both references. M 4. ignores
both those cases.

For this reason, we have proposed two additional,
complementary metrics. The first is a stricter ver-
sion of M 4..:

Ne

Ne + 15 + Ny + Ny,

MAcc-Strict = (4)
where n,, is the number of neutral predictions, i.e.,
sentences that do not match token-level markers in
either of the references, and n,,, are the number of
mixed predictions that contain matches from both
references. In M 4.c-strict DOth cases are consid-
ered incorrect predictions.

The second metric is the T geqq metric. Note
from Figure 1a that references may contain more
than one attribute marker in a reference. T ppecai
measures the percentage of matched annotations in
all target references in the test set:

te
TRecall = to+t,, (5)
where .. is the total number of matched annotations
and t,, is the number of missed annotations.

Meanwhile, we have carried out statistical sig-
nificance tests of the chosen metrics comparing
the fine-tuned baselines (IT) against both the pro-
posed model variants (IT+CPO and IT+CPO-SD),
and reported the results in Tables 2 and 3. In spe-
cific, we have computed the sample-level pairwise
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NLLB-600M ‘ Qwen3 8B / EuroLLM 9B
batch size 4 1
max sequence length 512 512
epochs 30 30
carly stopping true true
patience 10 10
val. criteria avg(BLEUM 4..) avg(BLEUM 4..)
val. check interval (IT) 1 epoch 1 epoch
val. check interval (CPO) 30 steps 30 steps
learning rate (IT) Se-5 5e-5
learning rate (CPO) Se-6 Se-7
B (CPO) 1.0 1.0
A (CPO) 0.25 0.25
padding side right left
fixed seed 42 42
LoRA false true
LoRA rank - 16
LoRA a. - 32
LoRA dropout - 0.1
LoRA bias - None

Table 12: Hyperparameters for the NLLB-600M and
Qwen3 8B models.

Formality-control prompt:

Here is a sentence {<EXAMPLE_SRC>3}; Please provide the
<TGT_LANG> translation written in <FORMALITY> style
between curly brackets: {<EXAMPLE_TGT>}; The translated
sentence conveys a <FORMALITY> style by using words
such as <FORMALITY_TOKENS>.

Here is a sentence {<INPUT_SRC>}; Please provide the
<TGT_LANG> translation written in <FORMALITY> style
between curly brackets: {

Gender-control prompt:

Here is a sentence {<EXAMPLE_SRC>}; Please provide
the <TGT_LANG> translation in which every mentioned
person’s gender is <GENDER> between curly brackets:
{<EXAMPLE_TGT>}; In the translation, the <GENDER>
gender of the person is made explicit by words such as
< GENDER_TOKENS>.

Here is a sentence {<INPUT_SRC>}; Please provide the
<TGT_LANG> translation in which every mentioned person’s
gender is <GENDER> between curly brackets: {

Figure 8: Control prompt for Claude 3 Sonnet.

bootstrap tests for the M-Acc, M-Acc-Strict, T-
Recall, COMET, and KIWI-XXL metrics, follow-
ing the recommendation from Dror et al. (2018),
and corpus-level paired t-tests for the BLEU met-
ric.

C Qualitative Analysis Example

Table 13 shows another prediction example for
qualitative analysis. Only the model trained with
the synthetic data has been able to retain the term
“Rotten Tomatoes” correctly untranslated since it
is a proper noun, and as such has achieved a much
higher Kiwi-XXL score.

D Instruction-Tuning Ablation With the
Synthetic Data

For further insight on the synthetic data, we have
carried out an experiment where we have used the

source (CoCoA-MT en-es)
I read them sometimes, I mostly rely on Rotten Tomatoes, and you?

reference (informal)
Los leo de vez en cuando, pero me baso sobre todo en Rotten Tomatoes, jy t4?

NLLB-IT (K1wI-XXL: 0.098)
Las leo a veces, dependo sobre todo de Los tomates podridos, jy t4?

NLLB-IT + CPO (K1wi-XXL: 0.271)
Las leo a veces, me fio principalmente a Tomates Rochosos, ¢y td?

NLLB-IT + CPO-SD (K1wi-XXL: 0.813)
Las leo a veces, me fio principalmente a

sy ta?

Table 13: Prediction example from CoCoA-MT en-es
test set.

--== NLLB IT-SD
NLLB IT+CPO-SD

Figure 9: Instruction tuning with the synthetic data
(IT-SD) vs preference optimization with the same data
(CPO-SD) (CoCoA-MT test sets, en2all average).

synthetic preferred samples with a conventional
NLL objective (Equation 1) after fine-tuning with
the regular training set. Figure 9 shows a radar
plot of the six metrics for this configuration (noted
as IT-SD) and preference optimization with the
same data (CPO-SD). The plot shows that the per-
formance in translation quality has been roughly
comparable, but the performance of preference op-
timization has been noticeably higher in all the
attribute matching metrics. This confirms the gen-
eral effectiveness of the preference optimization
framework at improving the control of the targeted
attribute.

E Synthetic Data Sensitivity Analysis

In Figure 10 we show the sensitivity analysis car-
ried out in the en-de CoCoA-MT dataset. These
results confirm the trend, more synthetic data con-
tributes to better results.

F Results per Language Pair

For transparency and reproducibility of the experi-
ments, Tables 14-26 show the results of the experi-
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ments for each language pair.
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Figure 10: Sensitivity analysis of the different metrics over the CoCoA-MT en-de test set. The red dashed line
shows the performance of the respective IT baseline.
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Lang. Pair | Model | Mace Mace-strict Trecatt | BLEU COMET Kiwi-XXL

NLLB-600M-ZS (uncontrolled) | 0.500 0.310 0.272 21.94 0.746 0.509
NLLB-600M-IT 0.989 0.825 0.748 40.87 0.820 0.661
NLLB-600M-IT + CPO 0.998 0.835 0.747 39.27 0.813 0.638
NLLB-600M-IT + CPO-SD 0.996 0.832 0.752 39.76 0.820 0.685

Qwen3 8B-IT 0.989 0.791 0.706 37.99 0.818 0.698

en-de Qwen3 8B-IT + CPO 0.989 0.790 0.705 37.98 0.818 0.698
Qwen3 8B-IT + CPO-SD 0.989 0.794 0.708 37.95 0.818 0.700

Claude 3 Sonnet-ZS 0.988 0.757 0.655 35.81 0.847 0.809

Claude 3 Sonnet-IC (2-shot) 1.000 0.791 0.702 39.85 0.856 0.819

Claude 3 Sonnet-IC (8-shot) 0.998 0.827 0.742 4351 0.860 0.814

Claude 3 Sonnet-IC (16-shot) | 1.000 0.828 0.747 43.97 0.861 0.812
NLLB-600M-ZS (uncontrolled) | 0.500 0.330 0.376 32.41 0.807 0.613
NLLB-600M-IT 0.946 0.728 0.634 43.35 0.844 0.681
NLLB-600M-IT + CPO 0.996 0.750 0.642 40.70 0.838 0.666
NLLB-600M-IT + CPO-SD 0.949 0.729 0.641 43.73 0.847 0.719

Qwen3 8B-IT 0.982 0.754 0.655 43.73 0.849 0.736

en-es Qwen3 8B-IT + CPO 0.982 0.755 0.656 43.73 0.849 0.736
Qwen3 8B-IT + CPO-SD 0.989 0.763 0.663 44.58 0.854 0.751

Claude 3 Sonnet-ZS 0.951 0.714 0.644 42.10 0.864 0.822

Claude 3 Sonnet-IC (2-shot) 0.985 0.749 0.658 43.95 0.866 0.818

Claude 3 Sonnet-IC (8-shot) 0.989 0.778 0.690 46.30 0.871 0.813

Claude 3 Sonnet-IC (16-shot) | 0.993 0.786 0.696 47.44 0.872 0.813
NLLB-600M-ZS (uncontrolled) | 0.500 0.309 0.299 24.87 0.742 0.481
NLLB-600M-IT 0.974 0.790 0.695 39.41 0.819 0.640
NLLB-600M-IT + CPO 0.999 0.805 0.701 38.90 0.816 0.628
NLLB-600M-IT + CPO-SD 0.988 0.823 0.726 41.02 0.823 0.690

Qwen3 8B-IT 0.980 0.798 0.686 39.94 0.835 0.767

en-fr Qwen3 8B-IT + CPO 0.980 0.796 0.687 40.30 0.834 0.762
Qwen3 8B-IT + CPO-SD 0.980 0.798 0.688 40.04 0.835 0.767

Claude 3 Sonnet-ZS 0.971 0.752 0.659 36.88 0.839 0.802

Claude 3 Sonnet-IC (2-shot) 0.986 0.775 0.683 39.60 0.846 0.809

Claude 3 Sonnet-IC (8-shot) 0.994 0.800 0.711 42.89 0.853 0.811

Claude 3 Sonnet-IC (16-shot) | 0.996 0.818 0.729 43.52 0.851 0.809
NLLB-600M-ZS (uncontrolled) | 0.500 0.148 0.329 22.30 0.725 0.550
NLLB-600M-IT 0.985 0.304 0.791 34.74 0.810 0.691
NLLB-600M-IT + CPO 0.993 0.308 0.785 33.58 0.806 0.684
NLLB-600M-IT + CPO-SD 0.960 0.290 0.761 34.52 0.806 0.716

. Qwen3 8B-IT 0.907 0.252 0.675 25.99 0.757 0.611
en-hi Qwen3 8B-IT + CPO 0.923 0.268 0.708 26.64 0.763 0.621
Qwen3 8B-IT + CPO-SD 0.926 0.261 0.698 27.47 0.775 0.646

Claude 3 Sonnet-ZS 0.698 0.197 0.487 24.23 0.806 0.752

Claude 3 Sonnet-IC (2-shot) 0.958 0.285 0.622 26.93 0.812 0.763

Claude 3 Sonnet-IC (8-shot) 0.981 0.309 0.687 29.84 0.818 0.768

Claude 3 Sonnet-IC (16-shot) | 0.991 0.321 0.713 30.50 0.820 0.768

Table 14: CoCoA-MT en2all results per language pair.
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Lang. Pair | Model | Mace Mace-strict Trecatt | BLEU COMET Kiwi-XXL

NLLB-600M-ZS (uncontrolled) | 0.500 0.278 0.286 29.58 0.794 0.536
NLLB-600M-IT 0.969 0.743 0.648 45.41 0.850 0.627
NLLB-600M-IT + CPO 0.983 0.746 0.658 44.35 0.847 0.620
NLLB-600M-IT + CPO-SD 0.971 0.744 0.659 45.05 0.854 0.676

. Qwen3 8B-IT 0.989 0.722 0.620 42.85 0.856 0.720
en-it Qwen3 8B-IT + CPO 0.988 0.720 0.625 43.14 0.857 0.720
Qwen3 8B-IT + CPO-SD 0.996 0.729 0.625 42.92 0.860 0.733

Claude 3 Sonnet-ZS 0.784 0.505 0.450 41.90 0.866 0.798

Claude 3 Sonnet-IC (2-shot) 0.979 0.615 0.529 43.57 0.872 0.797

Claude 3 Sonnet-IC (8-shot) 0.997 0.687 0.585 47.88 0.877 0.788

Claude 3 Sonnet-IC (16-shot) | 0.997 0.710 0.606 48.54 0.876 0.783
NLLB-600M-ZS (uncontrolled) | 0.500 0.195 0.149 8.05 0.739 0.457
NLLB-600M-IT 0.912 0.460 0.390 24.44 0.840 0.717
NLLB-600M-IT + CPO 0.969 0.492 0.400 24.21 0.836 0.698
NLLB-600M-IT + CPO-SD 0.972 0.501 0.403 22.84 0.837 0.698

. Qwen3 8B-IT 0.927 0.462 0.394 25.00 0.848 0.759
en-ja Qwen3 8B-IT + CPO 0.930 0.459 0.393 25.01 0.847 0.759
Qwen3 8B-IT + CPO-SD 0.934 0.462 0.398 25.13 0.851 0.767

Claude 3 Sonnet-ZS 0.825 0.394 0.335 22.65 0.881 0.862

Claude 3 Sonnet-IC (2-shot) 0.891 0.452 0.362 23.04 0.880 0.864

Claude 3 Sonnet-IC (8-shot) 0914 0.484 0.405 25.61 0.887 0.874

Claude 3 Sonnet-IC (16-shot) | 0.925 0.499 0.415 26.21 0.888 0.870
NLLB-600M-ZS (uncontrolled) | 0.500 0.346 0.481 19.08 0.769 0.534
NLLB-600M-IT 0.972 0.839 0.816 45.13 0.856 0.742
NLLB-600M-IT + CPO 1.000 0.865 0.834 44.36 0.851 0.723
NLLB-600M-IT + CPO-SD 0.999 0.867 0.835 42.30 0.850 0.762

Qwen3 8B-IT 0.946 0.781 0.774 35.86 0.849 0.776

en-nl Qwen3 8B-IT + CPO 0.949 0.789 0.780 36.44 0.849 0.779
Qwen3 8B-IT + CPO-SD 0.952 0.792 0.782 36.45 0.850 0.780

Claude 3 Sonnet-ZS 0.960 0.795 0.799 36.90 0.871 0.859

Claude 3 Sonnet-IC (2-shot) 0.994 0.831 0.816 37.80 0.874 0.861

Claude 3 Sonnet-IC (8-shot) 0.999 0.853 0.830 39.99 0.876 0.866

Claude 3 Sonnet-IC (16-shot) | 0.997 0.845 0.825 40.49 0.874 0.860
NLLB-600M-ZS (uncontrolled) | 0.500 0.323 0.350 28.34 0.793 0.553
NLLB-600M-IT 0.976 0.807 0.748 52.53 0.869 0.704
NLLB-600M-IT + CPO 0.995 0.816 0.748 52.31 0.865 0.682
NLLB-600M-IT + CPO-SD 0.994 0.820 0.745 53.00 0.872 0.748

Qwen3 8B-IT 0.986 0.793 0.709 50.45 0.866 0.737

en-pt Qwen3 8B-IT + CPO 0.985 0.789 0.707 50.56 0.866 0.735
Qwen3 8B-IT + CPO-SD 0.984 0.792 0.709 50.63 0.867 0.739

Claude 3 Sonnet-ZS 0.561 0.397 0.372 33.98 0.856 0.842

Claude 3 Sonnet-IC (2-shot) 0.912 0.681 0.614 40.84 0.867 0.833

Claude 3 Sonnet-IC (8-shot) 0.992 0.804 0.731 47.86 0.874 0.818

Claude 3 Sonnet-IC (16-shot) | 0.994 0.816 0.740 48.69 0.875 0.813

Table 15: CoCoA-MT en2all results per language pair.

Lang. Pair | Model | Mace Mace-strict Trecatr | BLEU COMET KIwl-XXL
NLLB-600M-ZS (uncontrolled) | 0.500 0.197 0.244 10.16  0.583 0.226
d NLLB-600M-IT 0.970 0.716 0.602 | 3323  0.802 0.629
c-es NLLB-600M-IT + CPO 0.995 0.727 0.609 32.52 0.798 0.618
NLLB-600M-IT + CPO-SD 0.974 0.721 0.611 3288 0.803 0.649
NLLB-600M-ZS (uncontrolled) | 0.500 0.235 0.216 1012 0.548 0.174
decfr NLLB-600M-IT 0.970 0.759 0.648 | 30.89  0.769 0.560
e NLLB-600M-IT + CPO 0.992 0.763 0.647 | 2943  0.760 0.527
NLLB-600M-IT + CPO-SD 0.972 0.761 0.656 | 3025  0.772 0.588
NLLB-600M-ZS (uncontrolled) | 0.500 0.111 0.217 9.02 0.515 0.255
dechi NLLB-600M-IT 0.969 0.294 0.771 2663  0.735 0.628
NLLB-600M-IT + CPO 0.983 0.297 0.766 | 2538  0.730 0.612
NLLB-600M-IT + CPO-SD 0.976 0.298 0777 | 2677  0.735 0.654
NLLB-600M-ZS (uncontrolled) | 0.500 0.129 0.131 7.64 0.580 0.173
deit NLLB-600M-IT 0.966 0.650 0.554 | 2738  0.801 0.500
1 NLLB-600M-IT + CPO 0.988 0.667 0.563 2676  0.791 0.477
NLLB-600M-IT + CPO-SD 0.983 0.666 0569 | 26.10  0.803 0.568
NLLB-600M-ZS (uncontrolled) | 0.500 0.156 0.103 3.60 0.570 0.172
deic NLLB-600M-IT 0.943 0.458 0.408 1888  0.793 0.639
cJa NLLB-600M-IT + CPO 0.943 0.463 0.401 18.86 0.788 0.634
NLLB-600M-IT + CPO-SD 0.951 0.466 0.401 19.19  0.792 0.652
NLLB-600M-ZS (uncontrolled) | 0.500 0.252 0.335 1013 0.590 0.267
deonl NLLB-600M-IT 0.906 0.750 0710 | 2729  0.800 0.635
NLLB-600M-IT + CPO 0.904 0.758 0.695 2526  0.790 0.599
NLLB-600M-IT + CPO-SD 0.946 0.788 0.734 | 27.54  0.808 0.692
NLLB-600M-ZS (uncontrolled) 0.500 0.194 0.205 6.86 0.585 0.217
doopt NLLB-600M-IT 0.965 0.742 0.639 | 2559  0.780 0.537
cp NLLB-600M-IT + CPO 1.000 0.776 0.637 | 2542 0772 0.510
NLLB-600M-IT + CPO-SD 0.989 0.776 0.665 2722 0.787 0.582

Table 16: CoCoA-MT de2all results per language pair.
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Lang. Pair | Model | Mace Mace-strict Trecatt | BLEU COMET Kiwi-XXL

NLLB-600M-ZS (uncontrolled) | 0.500 0.201 0.160 | 1232 0.637 0.334

d NLLB-600M-IT 0.981 0.745 0.650 | 30.18  0.769 0.535
es-de NLLB-600M-IT + CPO 0.996 0.759 0.662 29.60 0.765 0.511
NLLB-600M-IT + CPO-SD 0.996 0.759 0.663 | 3121  0.773 0.575
NLLB-600M-ZS (uncontrolled) | 0.500 0.232 0.221 1646  0.660 0.330

; NLLB-600M-IT 0.982 0.776 0.649 | 3276 0.788 0.533
es-ir NLLB-600M-IT + CPO 0.995 0.782 0.646 31.78 0.784 0517
NLLB-600M-IT + CPO-SD 0.988 0.788 0.658 | 31.84  0.787 0.562
NLLB-600M-ZS (uncontrolled) | 0.500 0.114 0.222 1263 0.606 0.345

i NLLB-600M-IT 0.962 0.280 0733 | 2679  0.745 0.576
es-t NLLB-600M-IT + CPO 0.969 0.294 0.740 | 26.23 0.741 0.568
NLLB-600M-IT + CPO-SD 0.970 0.284 0.736 | 2696  0.746 0.590
NLLB-600M-ZS (uncontrolled) | 0.500 0.204 0.198 1748 0726 0.430

. NLLB-600M-IT 0.957 0.637 0542 | 31.80  0.822 0.545
es-it NLLB-600M-IT + CPO 0.982 0.657 0.547 30.67 0.814 0.519
NLLB-600M-IT + CPO-SD 0.970 0.656 0553 | 31.87  0.824 0.603
NLLB-600M-ZS (uncontrolled) | 0.500 0.169 0.149 7.35 0.679 0.360

. NLLB-600M-IT 0.938 0.457 0.414 1827  0.805 0.631
esJa NLLB-600M-IT + CPO 0.944 0.462 0.397 17.89 0.794 0.615
NLLB-600M-IT + CPO-SD 0.943 0.462 0.406 1756 0.805 0.634
NLLB-600M-ZS (uncontrolled) | 0.500 0.298 0.417 1132 0.664 0.361

' NLLB-600M-IT 0.936 0.761 0713 | 2143 0771 0.547
esn NLLB-600M-IT + CPO 0.924 0.741 0.711 21.43 0.771 0.538
NLLB-600M-IT + CPO-SD 0.910 0.744 0713 | 22,10  0.775 0.588
NLLB-600M-ZS (uncontrolled) | 0.500 0.257 0.237 1606  0.728 0.388
NLLB-600M-IT 0.977 0.759 0.630 | 3132  0.828 0.509

es-pt NLLB-600M-IT + CPO 0.990 0.759 0.630 | 30.53 0.824 0.485
NLLB-600M-IT + CPO-SD 0.984 0.784 0.637 | 3233 0.831 0.602

Table 17: CoCoA-MT es2all results per language pair.

Lang. Pair | Model | Mace Mace-strict Trecau | BLEU COMET Kiwi-XXL
NLLB-600M-ZS (uncontrolled) | 0.500 0.255 0212 1269  0.665 0.398
fimdl NLLB-600M-IT 0.990 0.756 0.641 2624 0.764 0.475
r-de NLLB-600M-IT + CPO 0.996 0.746 0.634 25.11 0.756 0.447
NLLB-600M-IT + CPO-SD 0.994 0.754 0.639 | 26.41 0.767 0518
NLLB-600M-ZS (uncontrolled) | 0.500 0.277 0.297 18.63 0.748 0.501
fres NLLB-600M-IT 0.984 0.705 0.573 28.84  0.809 0.555
NLLB-600M-IT + CPO 0.994 0.719 0.52 2828  0.807 0.539
NLLB-600M-IT + CPO-SD 0.986 0.720 0590 | 29.97  0.815 0.592
NLLB-600M-ZS (uncontrolled) | 0.500 0.144 0312 1329 0.636 0.386
feohi NLLB-600M-IT 0.980 0.299 0766 | 2275  0.730 0.502
-t NLLB-600M-IT + CPO 0.990 0.305 0.766 | 22.08  0.727 0.489
NLLB-600M-IT + CPO-SD 0.986 0.300 0.773 2319 0.732 0.510
NLLB-600M-ZS (uncontrolled) | 0.500 0.189 0.192 1592 0.744 0.410
feit NLLB-600M-IT 0.949 0.656 0.540 | 2725  0.820 0.425
b NLLB-600M-IT + CPO 0.991 0.669 539 26.58 0.808 0.401
NLLB-600M-IT + CPO-SD 0.954 0.664 0.554 | 2320 0817 0.495
NLLB-600M-ZS (uncontrolled) | 0.500 0.156 0.127 6.53 0.714 0.251
fria NLLB-600M-IT 0.880 0.394 0.358 1720 0811 0.532
] NLLB-600M-IT + CPO 0.958 0.459 0.387 1726 0.803 0512
NLLB-600M-IT + CPO-SD 0.913 0.432 0.371 1783 0814 0.559
NLLB-600M-ZS (uncontrolled) | 0.500 0.297 0.440 11.28 0.696 0.328
fenl NLLB-600M-IT 0.948 0.754 0.740 | 20.62  0.793 0.491
NLLB-600M-IT + CPO 0.974 0.764 0.754 | 2143  0.788 0.465
NLLB-600M-IT + CPO-SD 0.972 0.773 0.766 | 21.71 0.795 0.536
NLLB-600M-ZS (uncontrolled) | 0.500 0.264 0.252 1553 0725 0.384
frot NLLB-600M-IT 0.962 0.696 0.581 2332 0.804 0.480
p NLLB-600M-IT + CPO 0.997 0.723 0.603 2258  0.789 0.441
NLLB-600M-IT + CPO-SD 0.975 0.721 0.602 | 2210  0.803 0.528

Table 18: CoCoA-MT fr2all results per language pair.
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Lang. Pair | Model | Mace Mace-strict Trecatt | BLEU COMET Kiwi-XXL

NLLB-600M-ZS (uncontrolled) | 0.500 0.298 0.252 1528  0.744 0.581
hid NLLB-600M-IT 0.987 0.749 0.625 | 2697  0.794 0.671
1-de NLLB-600M-IT + CPO 1.000 0.740 0.619 26.09 0.786 0.657
NLLB-600M-IT + CPO-SD 0.998 0.742 0.622 | 2508  0.788 0.678
NLLB-600M-ZS (uncontrolled) | 0.500 0.302 0.331 2093  0.801 0.645
i NLLB-600M-IT 0.991 0.687 0575 | 2850  0.823 0.703
1-es NLLB-600M-IT + CPO 0.998 0.694 0.573 2800  0.819 0.695
NLLB-600M-IT + CPO-SD 0.988 0.690 0.583 | 2645  0.823 0.710
NLLB-600M-ZS (uncontrolled) | 0.500 0.328 0.309 1840  0.746 0.568
hicte NLLB-600M-IT 0.981 0.760 0.630 | 27.65  0.795 0.625
NLLB-600M-IT + CPO 1.000 0.771 0.629 | 26.24 789 0.599
NLLB-600M-IT + CPO-SD 0.990 0.770 0.638 | 2732 0.796 0.632
NLLB-600M-ZS (uncontrolled) | 0.500 0.233 0.218 1646 0778 0.555
hicit NLLB-600M-IT 0.976 0.632 0496 | 23.07  0.810 0.592
NLLB-600M-IT + CPO 0.994 0.633 0.493 | 23.00  0.801 0.570
NLLB-600M-IT + CPO-SD 0.938 0.591 0.467 | 22.10 0813 0.605
NLLB-600M-ZS (uncontrolled) | 0.500 0.181 0.180 8.42 0.748 0371
b NLLB-600M-IT 0.920 0.431 0.358 1866  0.820 0.637
1ja NLLB-600M-IT + CPO 0.939 0.469 0.362 17.55 0.802 0.578
NLLB-600M-IT + CPO-SD 0.883 0.411 0.381 17.65  0.830 0.681
NLLB-600M-ZS (uncontrolled) | 0.500 0.376 0.463 1481 0.769 0.533
hioal NLLB-600M-IT 0.962 0.827 0.758 | 21.89  0.807 0.605
NLLB-600M-IT + CPO 1.000 0.856 0.780 | 2046  0.802 0.600
NLLB-600M-IT + CPO-SD 0.967 0.839 0.757 1917  0.804 0.634
NLLB-600M-ZS (uncontrolled) | 0.500 0.312 0.297 1696  0.785 0.563
hicpt NLLB-600M-IT 0.943 0.703 0.554 | 23.63 0813 0.580
P NLLB-600M-IT + CPO 1.00 0.733 0566 | 22.73  0.808 0.566
NLLB-600M-IT + CPO-SD 0.972 0.706 0.541 2269 0817 0.613

Table 19: CoCoA-MT hi2all results per language pair.

Lang. Pair | Model | Mace Mace-strict Trecatr | BLEU COMET KIwl-XXL
NLLB-600M-ZS (uncontrolled) | 0.500 0.150 0.117 8.42 0.579 0.250
itde NLLB-600M-IT 0.965 0.744 0619 | 27.68  0.765 0.510
NLLB-600M-IT + CPO 0.992 0.761 0.629 | 27.18  0.754 0.483
NLLB-600M-IT + CPO-SD 0.989 0.766 0.639 | 2559  0.761 0.536
NLLB-600M-ZS (uncontrolled) | 0.500 0.244 0.254 17.47 0.687 0.400
ites NLLB-600M-IT 0.958 0.676 0557 | 3235 0811 0.621
NLLB-600M-IT + CPO 0.993 0.675 0.550 | 30.68  0.801 0.585
NLLB-600M-IT + CPO-SD 0.969 0.699 0578 | 3344 0812 0.668
NLLB-600M-ZS (uncontrolled) | 0.500 0.194 0.182 13.61 0.624 0.263
i NLLB-600M-IT 0.984 0.795 0.649 | 33.04  0.786 0.522
NLLB-600M-IT + CPO 0.992 0.796 0.656 | 31.67  0.780 0.493
NLLB-600M-IT + CPO-SD 0.982 0.793 0.655 | 3339  0.790 0.542
NLLB-600M-ZS (uncontrolled) | 0.500 0.076 0.179 9.77 0.558 0.266
hi NLLB-600M-IT 0.969 0.282 0.711 2369 0715 0.537
- NLLB-600M-IT + CPO 0.986 0.289 0.722 22.96 0.710 0.527
NLLB-600M-IT + CPO-SD 0.982 0.278 0719 | 23.69 0714 0.561
NLLB-600M-ZS (uncontrolled) | 0.500 0.151 0.112 5.08 0.651 0.258
e NLLB-600M-IT 0.847 0.410 0.314 1738 0.790 0.603
] NLLB-600M-IT + CPO 0.895 0.458 0.322 1775 0792 0.601
NLLB-600M-IT + CPO-SD 0.866 0.431 0.326 1737 0.797 0.612
NLLB-600M-ZS (uncontrolled) 0500 0.175 0.321 6.87 0.571 0.196
il NLLB-600M-IT 0.950 0.805 0.745 | 2448  0.762 0.504
NLLB-600M-IT + CPO 0.985 0.850 0767 | 2433  0.745 0.450
NLLB-600M-IT + CPO-SD 0.937 0.803 0736 | 24.15  0.758 0.528
NLLB-600M-ZS (uncontrolled) | 0.500 0.208 0.187 1404 0.654 0311
ot NLLB-600M-IT 0.962 0.692 0.551 3135 0.800 0.521
it-p NLLB-600M-IT + CPO 0.990 0.720 0574 | 30.83  0.791 0.477
NLLB-600M-IT + CPO-SD 0.990 0.726 0.580 | 31.65  0.800 0.580

Table 20: CoCoA-MT it2all results per language pair
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Lang. Pair | Model | Mace Mace-strict Trecatt | BLEU COMET Kiwi-XXL

NLLB-600M-ZS (uncontrolled) | 0.500 0.152 0.116 491 0.610 0.409
o NLLB-600M-IT 0.965 0.615 0.478 1450  0.707 0.514
Ja-de NLLB-600M-IT + CPO 1.000 0.631 0.496 13.21 0.695 0.476
NLLB-600M-IT + CPO-SD 0.974 0.610 0.476 1441 0708 531
NLLB-600M-ZS (uncontrolled) | 0.500 0.155 0.186 8.62 0.671 0.533
. NLLB-600M-IT 0.941 0.570 0.477 1676  0.753 0.639
Ja-es NLLB-600M-IT + CPO 0.987 0.615 0.519 16.45 0.744 0.607
NLLB-600M-IT + CPO-SD 0.957 0.567 0.467 1777 0757 0.647
NLLB-600M-ZS (uncontrolled) | 0.500 0.159 0.167 8.35 0.632 0.369
o f NLLB-600M-IT 0.946 0.625 0.464 1800  0.725 0.458
Ja-lr NLLB-600M-IT + CPO 0.987 0.654 0.493 17.80  0.716 0.451
NLLB-600M-IT + CPO-SD 0.968 0.635 0.475 1867  0.728 0.486
NLLB-600M-ZS (uncontrolled) | 0.500 0.080 0.136 4.46 0.541 0.418
hi NLLB-600M-IT 0.882 0.275 0.604 1512 0.687 0.557
Ja-t NLLB-600M-IT + CPO 0.918 0.285 0.636 1498  0.685 0.547
NLLB-600M-IT + CPO-SD 0.862 0.262 0.602 1633  0.693 0.581
NLLB-600M-ZS (uncontrolled) | 0.500 0.122 0.103 6.91 0.655 0.433
. NLLB-600M-IT 0.926 0.508 0.388 1509  0.750 0.525
Ja-it NLLB-600M-IT + CPO 0.938 0.529 0.410 15.46 0.746 0.507
NLLB-600M-IT + CPO-SD 0.910 0.505 0.390 9.22 0.729 0.508
NLLB-600M-ZS (uncontrolled) | 0.500 0.200 0.321 4.19 0.669 0.441
- NLLB-600M-IT 0.973 0.694 0.693 1386  0.767 0.591
ja-n NLLB-600M-IT + CPO 0.996 0.743 0.716 13.99 0.766 0.576
NLLB-600M-IT + CPO-SD 0.991 0.722 0.703 1439 0.769 0.613
NLLB-600M-ZS (uncontrolled) | 0.500 0.207 0.181 9.48 0.705 0.507
- NLLB-600M-IT 0.970 0.660 0.496 1678 0.789 0.601
Ja-p NLLB-600M-IT + CPO 0.988 0.683 0.492 16.15 0.786 0.588
NLLB-600M-IT + CPO-SD 0.949 0.671 0.507 1684  0.790 0.607

Table 21: CoCoA-MT ja2all results per language pair.

Lang. Pair | Model | Mace Mace-strict Trecatr | BLEU COMET KIwl-XXL
NLLB-600M-ZS (uncontrolled) | 0.500 0.150 0.103 1010 0.594 0.296
1d NLLB-600M-IT 0.974 0.694 0595 | 25.00  0.755 0.531
ni-de NLLB-600M-IT + CPO 0.983 0.711 0.579 23.12 0.738 0.487
NLLB-600M-IT + CPO-SD 0.991 0.720 0.621 2117 0.759 0.589
NLLB-600M-ZS (uncontrolled) | 0.500 0.143 0.184 7.53 0.606 0.267
! NLLB-600M-IT 0.938 0.681 0575 | 23.03 0762 0.561
ni-es NLLB-600M-IT + CPO 0.983 0.686 0570 | 24.61 0.755 0.545
NLLB-600M-IT + CPO-SD 0.954 0.698 0.583 | 2096  0.764 0.583
NLLB-600M-ZS (uncontrolled) | 0.500 0.150 0.127 1069  0.598 0.243
1 NLLB-600M-IT 0.919 0.692 0.546 | 26.11  0.749 0.488
ni-Ar NLLB-600M-IT + CPO 0.987 0.750 0.586 | 2428  0.729 0.422
NLLB-600M-IT + CPO-SD 0.935 0.707 0.563 | 2626  0.752 0.510
NLLB-600M-ZS (uncontrolled) | 0.500 0.066 0.169 7.43 0.542 0.265
i NLLB-600M-IT 0.976 0.275 0.722 1875  0.706 0512
ni- NLLB-600M-IT + CPO 0.976 0.290 0.726 17.35 0.701 0.493
NLLB-600M-IT + CPO-SD 0.976 0.281 0.717 18.71 0.706 0.546
NLLB-600M-ZS (uncontrolled) | 0.500 0.104 0.107 9.18 0.607 0.225
Lit NLLB-600M-IT 0.937 0.657 0532 | 25.07  0.770 0.472
i NLLB-600M-IT + CPO 0.997 0.671 0527 | 24.81 0.755 0.414
NLLB-600M-IT + CPO-SD 0.936 0.670 0542 | 2139 0.769 0.496
NLLB-600M-ZS (uncontrolled) | 0.500 0.143 0.112 5.24 0.647 0.258
iy NLLB-600M-IT 0.891 0.366 0.308 1873 0.804 0.652
nija NLLB-600M-IT + CPO 0.935 0.397 0.296 1740 0.791 0.625
NLLB-600M-IT + CPO-SD 0.933 0.388 0.325 1902 0810 0.674
NLLB-600M-ZS (uncontrolled) | 0.500 0.152 0.154 8.90 0.606 0.229
Lot NLLB-600M-IT 0.975 0.738 0579 | 30.16  0.801 0.601
ni-p NLLB-600M-IT + CPO 0.994 0.741 0576 | 29.83  0.796 0.581
NLLB-600M-IT + CPO-SD 0.985 0.750 0.591 3035 0.804 0.619

Table 22: CoCoA-MT nl2all results per language pair.
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Lang. Pair | Model | Mace Mace-strict Trecatt | BLEU COMET Kiwi-XXL

NLLB-600M-ZS (uncontrolled) | 0.500 0.192 0.136 8.51 0.608 0.296

pt-de NLLB-600M-IT 0.932 0.692 0.643 26.46 0.758 0.502
NLLB-600M-IT + CPO 0.973 0.707 0.670 26.30 0.750 0.479
NLLB-600M-IT + CPO-SD 0.970 0.721 0.670 25.19 0.758 0.544
NLLB-600M-ZS (uncontrolled) | 0.500 0.240 0.252 18.91 0.721 0.458

pt-es NLLB-600M-IT 0.932 0.718 0.588 33.79 0.817 0.574
NLLB-600M-IT + CPO 0.983 0.754 0.613 32.99 0.810 0.556
NLLB-600M-IT + CPO-SD 0.933 0.713 0.592 33.98 0.817 0.654
NLLB-600M-ZS (uncontrolled) | 0.500 0.200 0.183 13.57 0.635 0.310

pt-fr NLLB-600M-IT 0.942 0.694 0.604 28.35 0.761 0.483
NLLB-600M-IT + CPO 0.994 0.729 0.625 28.57 0.756 0.453
NLLB-600M-IT + CPO-SD 0.932 0.706 0.626 28.98 0.765 0.526
NLLB-600M-ZS (uncontrolled) | 0.500 0.055 0.177 10.70 0.584 0.322

hi NLLB-600M-IT 0.938 0.194 0.666 21.07 0.714 0.517
p NLLB-600M-IT + CPO 1.000 0.206 0.680 20.07 0.712 0.510
NLLB-600M-IT + CPO-SD 0.952 0.194 0.670 20.87 0.713 0.548
NLLB-600M-ZS (uncontrolled) | 0.500 0.194 0.185 16.42 0.679 0.311

it NLLB-600M-IT 0.982 0.730 0.610 33.54 0.803 0.470
p NLLB-600M-IT + CPO 0.991 0.735 0.601 30.64 0.794 0.449
NLLB-600M-IT + CPO-SD 0.984 0.746 0.618 27.85 0.797 0.483
NLLB-600M-ZS (uncontrolled) | 0.500 0.171 0.120 5.54 0.688 0.281

tia NLLB-600M-IT 0.813 0.304 0.370 20.25 0.808 0.619
Pt NLLB-600M-IT + CPO 0.920 0.332 0.379 29.28 0.804 0.605
NLLB-600M-IT + CPO-SD 0.868 0.332 0.384 19.67 0.815 0.631
NLLB-600M-ZS (uncontrolled) | 0.500 0.270 0.401 8.46 0.633 0.283

t-nl NLLB-600M-IT 0.953 0.820 0.781 29.70 0.800 0.573
P NLLB-600M-IT + CPO 0.948 0.807 0.776 29.00 0.789 0.546
NLLB-600M-IT + CPO-SD 0.982 0.836 0.803 29.74 0.796 0.598

Table 23: CoCoA-MT pt2all results per language pair.

Lang. Pair | Model | Mace Mace-strict Treeanr | BLEU COMET KIWI-XXL
NLLB-600M-ZS (uncontrolled) | 0.500 0.328 0.299 18.05 0.779 0.596
NLLB-600M-1T 0.970 0.670 0.446 21.85 0.792 0.541
NLLB-600M-IT + CPO 0.981 0.696 0.454 22.03 0.792 0.543
NLLB-600M-IT + CPO-SD 0.981 0.698 0.459 21.83 0.794 0.581
Qwen3 8B-IT 0.962 0.605 0.386 16.95 0.760 0.539

en-ar Qwen3 8B-IT + CPO 0.955 0.607 0.386 16.95 0.760 0.539
Qwen3 8B-IT + CPO-SD 0.963 0.632 0.409 17.54 0.791 0.601
Claude 3 Sonnet-ZS 0.978 0.606 0.411 18.39 0.758 0.558
Claude 3 Sonnet-IC (2-shot) 0.971 0.698 0.526 26.82 0.843 0.761
Claude 3 Sonnet-IC (8-shot) 0.978 0.714 0.536 27.06 0.846 0.761
Claude 3 Sonnet-IC (16-shot) | 0.973 0.700 0.529 27.13 0.844 0.762
NLLB-600M-ZS (uncontrolled) | 0.500 0.389 0.450 34.83 0.810 0.619
NLLB-600M-IT 0.982 0.790 0.710 38.81 0.823 0.558
NLLB-600M-IT + CPO 0.988 0.798 0.714 38.14 0.821 0.550
NLLB-600M-IT + CPO-SD 0.986 0.803 723 39.81 0.828 0.623
Qwen3 8B-IT 0.985 0.756 0.691 36.17 0.825 0.626

en-de Qwen3 8B-IT + CPO 0.985 0.759 0.693 36.33 0.827 0.629
Qwen3 8B-IT + CPO-SD 0.991 0.777 0.706 38.13 0.842 0.660
Claude 3 Sonnet-ZS 0.978 0.720 0.638 31.15 0.721 0.473
Claude 3 Sonnet-IC (2-shot) 0.969 0.750 0.741 45.88 0.865 0.721
Claude 3 Sonnet-IC (8-shot) 0.972 0.771 0.752 45.61 0.866 0.727
Claude 3 Sonnet-IC (16-shot) | 0.957 0.754 0.741 44.12 0.856 0.717
NLLB-600M-ZS (uncontrolled) | 0.500 0.343 0.338 48.06 0.836 0.698
NLLB-600M-1T 0.965 0.746 0.646 52.71 0.851 0.630
NLLB-600M-IT + CPO 0.981 0.772 0.664 52.60 0.849 0.621
NLLB-600M-IT + CPO-SD 984 0.793 0.683 52.87 0.850 0.662
Qwen3 8B-IT 0.986 767 0.653 49.28 0.846 0.682

en-es Qwen3 8B-IT + CPO 0.986 0.768 0.652 49.31 0.846 0.682
Qwen3 8B-IT + CPO-SD 0.987 0.784 0.665 50.36 0.851 0.691
Claude 3 Sonnet-ZS 0.968 0.682 0.551 40.08 0.770 0.518
Claude 3 Sonnet-IC (2-shot) 0.966 0.752 0.666 53.77 0.868 0.731
Claude 3 Sonnet-IC (8-shot) 0.964 0.760 0.677 52.97 0.867 0.735
Claude 3 Sonnet-IC (16-shot) | 0.962 0.750 0.672 52.19 0.863 0.734
NLLB-600M-ZS (uncontrolled) | 0.500 0.401 0.439 35.97 0.812 0.620
NLLB-600M-IT 0.983 0.823 0.682 40.17 0.823 0.532
NLLB-600M-IT + CPO 0.989 0.840 0.693 39.81 0.823 0.525
NLLB-600M-IT + CPO-SD 0.991 0.840 0.707 41.30 0.828 0.605
Qwen3 8B-IT 0.984 0.780 0.648 36.35 0.822 0.616

en-fr Qwen3 8B-IT + CPO 0.984 0.783 0.649 36.42 0.823 0.618
Qwen3 8B-IT + CPO-SD 0.990 0.822 0.679 38.51 0.832 0.633
Claude 3 Sonnet-ZS 0.964 0.756 0.595 30.33 0.728 0.414
Claude 3 Sonnet-IC (2-shot) 0.985 0.807 0.723 42.46 0.835 0.666
Claude 3 Sonnet-IC (8-shot) 0.991 0.808 0.733 38.74 0.810 0.652
Claude 3 Sonnet-IC (16-shot) | 0.990 0.771 0.721 34.09 0.774 0.612

Table 24: MT-GenEval en2all results per language pair.
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Lang. Pair | Model | Mace Mace-strict Trecatt | BLEU COMET Kiwi-XXL

NLLB-600M-ZS (uncontrolled) | 0.500 0.143 0.292 28.23 0.766 0.645
NLLB-600M-IT 0.715 0.237 0.550 28.02 0.773 0.603
NLLB-600M-IT + CPO 0.786 0.249 0.570 28.29 0.771 0.595
NLLB-600M-IT + CPO-SD 0.727 0.236 0.554 28.04 0.775 0.608

. Qwen3 8B-IT 0.712 0.188 0.491 19.32 0.718 0.497
en-hi Qwen3 8B-IT + CPO 0.714 0.188 0.495 19.38 0.718 0.496
Qwen3 8B-IT + CPO-SD 0.736 0.194 0.503 19.82 0.719 0.511

Claude 3 Sonnet-ZS 0.690 0.160 0.391 22.08 0.712 0.525

Claude 3 Sonnet-IC (2-shot) 0.666 0.186 0.459 27.89 0.792 0.703

Claude 3 Sonnet-IC (8-shot) 0.680 0.194 0.488 28.56 0.793 0.698

Claude 3 Sonnet-IC (16-shot) | 0.675 0.197 0.481 27.08 0.781 0.681
NLLB-600M-ZS (uncontrolled) | 0.500 0.350 0.305 35.62 0.837 0.689
NLLB-600M-IT 0.965 0.677 0.525 37.41 0.843 0.594
NLLB-600M-IT + CPO 0.975 0.693 0.531 36.97 0.841 0.584
NLLB-600M-IT + CPO-SD 0.987 0.716 0.547 37.60 0.846 0.653

. Qwen3 8B-IT 0.937 0.644 0.482 34.28 0.846 0.679
en-it Qwen3 8B-IT + CPO 0.936 0.643 0.482 34.35 0.846 0.681
Qwen3 8B-IT + CPO-SD 0.953 0.682 0.499 36.05 0.850 0.692

Claude 3 Sonnet-ZS 0.959 0.626 0.471 31.23 0.776 0.500

Claude 3 Sonnet-IC (2-shot) 0.956 0.685 0.408 40.81 0.865 0.740

Claude 3 Sonnet-IC (8-shot) 0.956 0.703 0.575 32.30 0.815 0.710

Claude 3 Sonnet-IC (16-shot) | 0.964 0.704 0.581 29.02 0.774 0.671
NLLB-600M-ZS (uncontrolled) | 0.500 0.377 0.376 44.57 0.849 0.701
NLLB-600M-IT 0.970 0.757 0.661 47.62 0.858 0.604
NLLB-600M-IT + CPO 0.983 0.783 0.677 47.70 0.858 0.601
NLLB-600M-IT + CPO-SD 0.981 0.774 0.672 48.51 0.858 0.666

Qwen3 8B-IT 0.983 0.778 0.650 42.75 0.857 0.681

en-pt Qwen3 8B-IT + CPO 0.983 0.776 0.650 42.72 0.857 0.681
Qwen3 8B-IT + CPO-SD 0.981 0.781 0.661 43.63 0.863 0.698

Claude 3 Sonnet-ZS 0.985 0.745 0.625 39.16 0.801 0.554

Claude 3 Sonnet-IC (2-shot) 0.985 0.807 0.720 52.06 0.883 0.748

Claude 3 Sonnet-IC (8-shot) 0.977 0.791 0.709 50.67 0.875 0.737

Claude 3 Sonnet-IC (16-shot) | 0.968 0.770 0.694 46.60 0.856 0.718
NLLB-600M-ZS (uncontrolled) | 0.500 0.348 0.313 29.26 0.823 0.604
NLLB-600M-IT 0.968 0.685 0.502 33.60 0.837 0.563
NLLB-600M-IT + CPO 0.985 0.705 0.519 32.99 0.837 0.565
NLLB-600M-IT + CPO-SD 0.980 0.694 0.518 33.74 0.839 0.601

Qwen3 8B-IT 0.982 0.681 0.481 29.01 0.843 0.620

en-ru Qwen3 8B-IT + CPO 0.982 0.680 0.482 29.01 0.843 0.620
Qwen3 8B-IT + CPO-SD 0.984 0.702 0.505 30.04 0.851 0.636

Claude 3 Sonnet-ZS 0.959 0.599 0.409 21.25 0.738 0.454

Claude 3 Sonnet-IC (2-shot) 0.961 0.696 0.574 38.05 0.882 0.748

Claude 3 Sonnet-IC (8-shot) 0.979 0.713 0.582 36.66 0.874 0.735

Claude 3 Sonnet-IC (16-shot) | 0.968 0.701 0.576 34.89 0.859 0.723

Table 25: MT-GenEval en2all results per language pair.
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Lang. Pair | Model | Mace Mace-strict Trecatt | BLEU COMET KiwI-XXL

NLLB-600M-ZS (uncontrolled) | 0.500 0.171 0.184 | 1572 0634 0385
NLLB-600M-IT (orig. FAME-MT) | 0.776 0.402 0356 | 3401 0833 0343
NLLB-600M-IT 0.861 0.490 0440 | 3560  0.841 0.858
NLLB-600M-IT + CPO 0.874 0.486 0445 | 3477 0839 0.854
NLLB-600M-IT + CPO-SD 0.870 0.500 0442 | 3537 0843 0.862

da-es

aes Qwen3 8B-IT 0.868 0.490 0484 | 3694  0.846 0.869
Qwen3 8B-IT + CPO 0.868 0.490 0486 | 37.09 0847 0.868
Qwen3 8B-IT + CPO-SD 0.868 0.490 0487 | 3715 0847 0.870
EuroLLM 9B-IT 0.839 0.490 0451 | 3685 0858 0.903
EuroLLM 9B-IT + CPO 0.833 0.490 0455 | 3710 0859 0.903
EuroLLM 9B-IT + CPO-SD 0.839 0.490 0451 | 3689  0.858 0.903
NLLB-600M-ZS (uncontrolled) | 0.500 0.184 0156 | 982 0598 0.274
NLLB-600M-IT (orig. FAME-MT) | 0.889 0.543 0441 | 3217 0812 0770
NLLB-600M-IT 0.931 0611 0490 | 3449 0817 0791
NLLB-600M-IT + CPO 0.948 0.640 0498 | 3379 0810 0.769
NLLB-600M-IT + CPO-SD 0.932 0.616 0496 | 3476 0819 0.792
de-fr
Qwen3 8B-IT 0.904 0.601 0485 | 3559  0.832 0.837
Qwen3 8B-IT + CPO 0.904 0.601 0485 | 3565 0832 0.840
Qwen3 8B-IT + CPO-SD 0911 0.606 0480 | 3544 0832 0835
EuroLLM 9B-IT 0.949 0.553 0430 | 31.81 0818 0.827
EuroLLM 9B-IT + CPO 0.942 0572 0453 | 3011 0.825 0.847
EuroLLM 9B-IT + CPO-SD 0.934 0.567 0453 | 3050 0827 0.852
NLLB-600M-ZS (uncontrolled) | 0.500 0.267 0262 | 2840  0.842 0.793
NLLB-600M-IT (orig. FAME-MT) | 0.878 0.460 0.433 33.17 0.850 0.802
NLLB-600M-IT 0.919 0.507 0471 | 3442 03849 0.800
NLLB-600M-IT + CPO 0.910 0,440 0405 | 2812 0829 0.734
NLLB-600M-IT + CPO-SD 0.927 0.515 0475 | 3434 0851 0.802
-d

enee Qwen3 8B-IT 0.938 0.544 0522 | 3687 0874 0.857
Qwen3 8B-IT + CPO 0.937 0.540 0522 | 3683 0874 0.857
Qwen3 8B-IT + CPO-SD 0.938 0.544 0522 | 3687 0874 0.858
EuroLLM 9B-IT 0.907 0.507 0482 | 3657  0.885 0.878
EuroLLM 9B-IT + CPO 0.907 0507 0482 | 3670  0.885 0.878
EuroLLM 9B-IT + CPO-SD 0.906 0.504 0477 | 3676  0.885 0878
NLLB-600M-ZS (uncontrolled) | 0.500 0.280 0285 | 2947  0.798 0.693
NLLB-600M-IT (orig. FAME-MT) | 0.514 0317 0311 | 4317 0870 0.892
NLLB-600M-IT 0.689 0368 0372 | 4425 0869 0.879
NLLB-600M-IT + CPO 0.521 0324 0294 | 3086 0798 0.726
NLLB-600M-IT + CPO-SD 0.601 0364 0373 | 4438 0869 0.878

es-en
Qwen3 8B-IT 0.763 0.445 0445 | 4847 0881 0.897
Qwen3 8B-IT + CPO 0.763 0.445 0444 | 4830 0880 0.896
Qwen3 8B-IT + CPO-SD 0.763 0.445 0444 | 4833 0880 0.896
EuroLLM 9B-IT 0.666 0378 0404 | 4999  0.883 0.908
EuroLLM 9B-IT + CPO 0.695 0.385 0413 | 5034 0884 0.909
EuroLLM 9B-IT + CPO-SD 0.691 0.385 0416 | 5009 0884 0.908
NLLB-600M-ZS (uncontrolled) | 0.500 0.202 0238 | 1298  0.701 0433
NLLB-600M-IT (orig. FAME-MT) | 0.915 0.618 0.583 31.59 0.850 0.776
NLLB-600M-IT 0.966 0.683 0667 | 3371 0845 0.759
NLLB-600M-IT + CPO 0.965 0.683 0672 | 3251 0841 0747
NLLB-600M-IT + CPO-SD 0.966 0.683 0666 | 3343 0846 0763

itnl

e Qwen3 8B-IT 0.965 0.670 0652 | 3641 0854 0.806
Qwen3 8B-IT + CPO 0.965 0.670 0652 | 3644 0854 0.807
Qwen3 8B-IT + CPO-SD 0.965 0.670 0652 | 3643 0854 0.807
EuroLLM 9B-IT 0.952 0.615 0606 | 3373  0.867 0.856
EuroLLM 9B-IT + CPO 0.952 0.615 0606 | 3371  0.867 0.856
EuroLLM 9B-IT + CPO-SD 0.929 0.587 0586 | 3424 0870 0.867
NLLB-600M-ZS (uncontrolled) | 0.500 0.180 0137 | 826  0.647 0313
NLLB-600M-IT (orig. FAME-MT) | 0.682 0360 0201 | 2896 0821 0722
NLLB-600M-IT 0.705 0388 0319 | 2860 0822 0723
NLLB-600M-IT + CPO 0.806 0.430 0340 | 2730 0813 0.696
NLLB-600M-IT + CPO-SD 0.713 0.395 0322 | 2844 0822 0.718

J-it

P Qwen3 8B-IT 0772 0.423 0353 | 2922 0835 0773
Qwen3 8B-IT + CPO 0777 0.423 0355 | 2925 0835 0773
Qwen3 8B-IT + CPO-SD 0.776 0.430 0356 | 2932 0836 0775
EuroLLM 9B-IT 0.653 0342 0296 | 2646 0826 0.781
EuroLLM 9B-IT + CPO 0711 0374 0310 | 2730 0835 0.787
EuroLLM 9B-IT + CPO-SD 0.642 0353 0301 | 2744 0832 0793
NLLB-600M-ZS (uncontrolled) | 0.500 0.275 0313 | 2457 0797 0.675
NLLB-600M-IT (orig. FAME-MT) | 0.844 0377 0323 | 2655 0819 0.715
NLLB-600M-IT 0.816 0.403 039 | 2810 0814 0.687
NLLB-600M-IT + CPO 0.914 0.424 0362 | 2513 0.787 0.637
NLLB-600M-IT + CPO-SD 0.848 0.429 0367 | 2489 0810 0.678

-pt

P Qwen3 8B-IT 0813 0.420 0372 | 2636 0826 0.764
Qwen3 8B-IT + CPO 0815 0.424 0375 | 2662 0826 0.764
Qwen3 8B-IT + CPO-SD 0.810 0.428 0380 | 2654 0828 0.769
EuroLLM 9B-IT 0.812 0390 0350 | 30.69  0.833 0.780
EuroLLM 9B-IT + CPO 0.838 0398 0352 | 3063 0832 0775
EuroLLM 9B-IT + CPO-SD 0815 0394 0352 | 3082 0834 0781

Table 26: All PREF-FAME-MT results per language pair.
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