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Abstract

Large language models (LLMs) have demon-
strated competitive performance in zero-shot
multilingual machine translation (MT). Some
follow-up works further improved MT per-
formance via preference optimization, but
they leave a key aspect largely underexplored:
the order in which data samples are given
during training. We address this topic by
integrating curriculum learning into various
state-of-the-art preference optimization algo-
rithms to boost MT performance. We intro-
duce a novel curriculum learning strategy with
restarts (CLewR), which reiterates easy-to-
hard curriculum multiple times during train-
ing to effectively mitigate the catastrophic for-
getting of easy examples. We demonstrate
consistent gains across several model fami-
lies (Gemma2, Qwen2.5, Llama3.1) and pref-
erence optimization techniques. We publicly
release our code at https://github.com/
alexandra-dragomir/CLewR.

1 Introduction

Large language models (LLMs) have enabled zero-
shot approaches in multilingual machine translation
(MT) (Touvron et al., 2023). Methods for improv-
ing the MT abilities of LLMs can be broadly catego-
rized into pre-training and post-training approaches.
The former typically employ continual pre-training
over large-scale monolingual or high-quality par-
allel data (Alves et al., 2024; Cui et al., 2025; Xu
et al., 2024a). In contrast, post-training approaches
aim to improve translation quality by employing
preference optimization techniques, such as Direct
Preference Optimization (DPO) (Rafailov et al.,
2023), to distinguish high-quality translations from
low-quality ones. Building on this line of work, Xu
et al. (2024b) proposed Contrastive Preference Op-
timization (CPO), a reference-free technique that
assesses pair distances based on log-probability dif-
ferences only. More recently, Xu et al. (2025) intro-
duced Adaptive Rejection Preference Optimization

(ARPO), which further improves CPO by incor-
porating an adaptive penalty for the unpreferred
term.

Despite the significant advances in preference
optimization (PO) techniques (Rafailov et al., 2023;
Xu et al., 2025, 2024b), a key factor that can sig-
nificantly influence performance remains underex-
plored: the order in which data samples are pro-
cessed during training. This aspect is central to cur-
riculum learning (Bengio et al., 2009), a paradigm
that studies how models can learn from easy to
hard. The survey of Soviany et al. (2022) explains
that an easy-to-hard learning can be created by ma-
nipulating distinct factors, namely the data (Chang
et al., 2021; Jarca et al., 2024; Nagatsuka et al.,
2023), the model (Croitoru et al., 2025b; Sinha
et al., 2020) or the target task (Liu et al., 2020a;
Narvekar et al., 2016). Organizing the samples in a
certain order falls under the umbrella of data-level
curriculum. In the realm of data-level curriculum,
researchers have explored both easy-to-hard and
hard-to-easy data organizations, the latter being
known as anti-curriculum (Ankner et al., 2024; Flo-
rensa et al., 2017; Jarca et al., 2025). Regardless of
the data organization, several recent studies showed
that curriculum learning can play an important role
in various tasks, e.g. natural language inference
(Poesina et al., 2024), intent detection (Gong et al.,
2021), question answering (Liu et al., 2018), image
classification (Liu et al., 2022), model pre-training
(Madan et al., 2024; Nagatsuka et al., 2023), etc.
Curriculum learning has also been applied in neu-
ral machine translation (NMT) (Kocmi and Bojar,
2017; Liu et al., 2020b; Platanios et al., 2019; Zhan
et al., 2021), but contributions in this area predate
the era of LLMs, making them hard or impossible
to adapt to the novel “pre-training then fine-tuning’
paradigm. With the emergence of preference opti-
mization techniques applied during the fine-tuning
stage (Rafailov et al., 2023; Xu et al., 2025, 2024b),
some recent works (Croitoru et al., 2025a; Pattnaik
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et al., 2024) have integrated curriculum learning
into DPO. However, such techniques do not ex-
plicitly address catastrophic forgetting (Kirkpatrick
et al., 2017), a problem that occurs when samples
learned at the beginning are forgotten by the model
by the end of the training process, eventually de-
grading performance.

To this end, we propose a novel data-level cur-
riculum learning framework for MT, in which the
easy-to-hard training is restarted at every epoch.
Our curriculum learning strategy with restarts
(CLewR) is natively designed to mitigate catas-
trophic forgetting by iterating through all samples
in every training epoch. We empirically demon-
strate that CLewR leads to consistent performance
gains in MT across several state-of-the-art prefer-
ence optimization methods (DPO, CPO, ARPO)
and LLM families (Gemma2, Qwen2.5, Llama3.1).
Our results show that CLewR not only enhances
highly competitive preference optimization meth-
ods, but also surpasses another competitor based on
curriculum learning, namely CurriDPO (Pattnaik
etal., 2024).

In summary, our contribution is threefold:

* We propose curriculum learning with restarts
(CLewR), a novel method for preference opti-
mization in MT, where the easy-to-hard cur-
riculum is restarted at every epoch to avoid
catastrophic forgetting.

* While previous work enhanced DPO with cur-
riculum (Pattnaik et al., 2024), we introduce
curriculum learning to newer preference opti-
mization algorithms, namely CPO and ARPO.

* We show that our method outperforms com-
peting curriculum approaches and consistently
improves performance across multiple model
families (Gemma?2, Llama3.1, Qwen2.5) and
preference optimization algorithms (DPO,
CPO, ARPO).

2 Method

CLewR. We propose a data-level curriculum strat-
egy, named CLewR, which is tailored to preference
optimization in MT. We formally present our cur-
riculum strategy in Algorithm 1. Training prefer-
ence triplets of the form (z, y., ¥;) are ordered
(in step 9) based on a similarity score $(yu, ¥i)
between the chosen (winning) y,, and rejected (los-
ing) y; translations. More precisely, the easiness
of a pair of translations is defined as the similar-
ity difference between the preferred and rejected

Algorithm 1 CLewR Preference Optimization

1: Input: initial policy my, training triplets
{(zi, 9, y}) }Y |, learning rate p.
for:=1to N do
b + BLEU(y¥, 4!
¢ + COMET(y¥, y})
m < METEOR(yY, y})
b, e, 1 normalize g (b, c,m)
si 4 2(b+ ¢+ )
end for
T + argsort, ({s;}¥,)
for epoch = 1to E do
for all batches B C Z do
Lpo < loss(zp, Yy, yk, ™)
0 < optimize(0, u, VoLpo)
end for
: end for
: Output: optimized model 7y

R A A
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translation, i.e. a high difference corresponds to an
easy pair and a low difference to a hard pair. The
similarity score is given by the average (step 7) of
multiple MT metrics, thus making CLewR suitable
for translation: BLEU (Papineni et al., 2002) (step
3), COMET-22 (Rei et al., 2022) (step 4), and ME-
TEOR (Banerjee and Lavie, 2005) (step 5) scores.

We emphasize that our method implicitly works
with multiple correct reference translations for a
given source sentence. By default, preference opti-
mization techniques work with triplets of the form
(x, Yw, ;). If the dataset includes k preferred out-
puts for the same input, we can build £ preference
optimization triplets. Then, CLewR can simply ap-
ply PO starting from the easier tuples (references
that are most dissimilar to the rejected sample) to
the more difficult tuples.

We provide examples of easy and hard prefer-
ence samples in Appendix A.5. After sorting the
triplets, training proceeds over a number of epochs
(steps 10-15). At every epoch, the samples are
divided into mini-batches (step 11) in the exact or-
der established at step 9, i.e. there is no random
shuffling involved. The easy-to-hard data permuta-
tion is reused at every epoch, which helps mitigate
catastrophic forgetting. Learning is performed via
a given PO method (steps 12-13). Note that fixing
the order of samples in each epoch does not imply
overfitting the order, i.e. the empirical risk does not
depend on sample order. On the contrary, curricu-
lum learning theory (Bengio et al., 2009) suggests
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that organizing the samples in a meaningful order
can improve training dynamics, potentially leading
to faster convergence and/or better optima.
CLewR-z. For ARPO (Xu et al., 2025), we de-
velop an alternative CLewR implementation called
CLewR-z, where the curriculum score s (used in
step 7 of Algorithm 1) is derived from the ARPO
distance z. The ARPO objective modifies the CPO
objective to incorporate an adaptive penalty term
T, which controls the importance of the rejected
term y;:

LArPO= — E(:c,yw,yl)ND |:10g o </8 log 7T9(yw ‘ .f)
— 7o (3w 1) Blog mo (| 7))

+ log 7 (Yw | l’)} :
(D
The value of 79 measures the similarity between
Yw and y;, ranging from O to 1:
70y 1) = min(eﬂ'zo(yw,yz) -1,1), @

where 7 is a hyperparameter that controls the im-
pact of zg, and zg(yw, y;) encodes the distance be-
tween the chosen and rejected responses by mea-
suring the absolute difference in log-likelihoods:

_ log(mg(yw|z))  log(mg(yi|z))
Y] il '

20(Yw» Y1)

For curriculum learning, we employ s = —zy in step
7 of Algorithm 1. This version is called CLewR-z.
Enhanced ARPO. We further introduce an en-
hanced variant of ARPO by using a different dis-
tance function 2 (v, y;) that also accounts for dis-
tances in the evaluation metric spaces. Specifically,
we use:

4
where zg is the original distance. For both metrics,
Zmetric 1S given by 1 — mﬁ;g“ to normalize each met-
ric to a (0, 1) interval and have the same monotony
as the original zyp. Two dissimilar predictions re-
sult in low BLEU and COMET values, so zgLgu
and zcomer Will be high. Each z is multiplied by
a corresponding scalar 7, scaling them to similar
intervals. We create multiple versions of enhanced
ARPO by modifying the scalars 71, 172 and 73. All
ARPO versions are listed in Table 6.

/
Z'=m1 - zg + M2 - ZBLEU + 713 * ZCOMET,

3 Experimental Setup

Dataset. We test on the Flores-200 (Costa-Jussa
et al., 2022) dataset. For generic LLMs, we use a
group of six Romance languages. For MT-adapted
models (GemmaX?2), we use a group of three Ro-

mance languages, following Cui et al. (2025). We
select Chinese to showcase generalization beyond
Romance languages.

LLM backbones. We consider several candi-
date LLMs for preference tuning: LLama3.1-
8B (Grattafiori et al., 2024), Qwen2.5-7B (Qwen
et al., 2025), Gemma2-9B (Team et al., 2024), and
GemmaX2-9B (Cui et al., 2025). We also consider
X-ALMA (Xu et al., 2025) as a reference baseline,
which is based on Llama2 (Touvron et al., 2023).
Preference optimization baselines. We train the
models using three different PO algorithms: Di-
rect Preference Optimization Positive (DPOP) (Pal
etal., 2024) (an enhanced version of DPO (Rafailov
et al., 2023)), CPO with behavior cloning (Xu et al.,
2024b), and ARPO (Xu et al., 2025). We employ
these algorithms with and without our CLewR. For
ARPO, we integrate both CLewR and CLewR-z.

Another comparison is between CurriDPO (Pat-
tnaik et al., 2024) and CLewR. For CurriDPO, we
use the iterative approach based on the same SFT
reference model.

Hyperparameter tuning. We fine-tune LoRA (Hu
et al., 2022) adapters on top of the base models,
using a rank of 64 for the LoRA matrices, a learn-
ing rate of 5 - 1075, a warmup ratio of 0.1, and
a mini-batch size of 4. All models are optimized
with Adam (Kingma and Ba, 2015). Gemmaz2,
Qwen2.5 and Llama3.1 are each trained for three
epochs. Since GemmaX2 is already tuned for MT,
it is trained in one epoch. We use default values for
other hyperparameters.

Training and evaluation protocol. We focus on
translation to and from English for languages from
the Romance language group used in X-ALMA
(Xu et al., 2025): Catalan (ca), Galician (gl), Ital-
ian (it), Portuguese (pt), Romanian (ro) and Span-
ish (es). We use the X-ALMA' preference data
(81K train and 7K validation) and select the triplets
from the en—xx and xx—en language pairs, where
xx belongs to the Romance language group. For
Gemma2-9B, Qwen2.5-7B and LLama3.1-8B, we
use all six languages, while for GemmaX?2, we se-
lect {it, pt,es}, since the model was not adapted
for MT on the other three languages.

Furthermore, to assess the generalization of our
method beyond Romance languages, we also re-
port results on a linguistically distant language pair.
Specifically, we evaluate Gemma2-9B on Chinese
(zh) using the X-ALMA preference dataset, con-

'XALMA preference dataset.
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Test on 6 languages (Romance group)

Model en— xx XX—en
BLEU{ COMET! BLEU{ COMET t
X-ALMA (ARPO)  39.83 89.38 42.88 89.28
Gemma2-9B 19.85 61.92 34.98 85.57
+ DPOP 23.26+4.203 85944059 33.174+1.47 87.77+0.02
+ CurriDPO 21-81i0.26 85.64i0.34 28.33i2.71 87.27i0420
+ CLewR 22354185 86.1140.18 31.8641.40 87.6540.17
~ +CPO 33.5310.09 87431005 36444006 87.76.10.03
+CL€WR'r 36.24i003 87.85i0_01 40~33i0.23 88.49i0_04
" +ARPO 35.3710.02 88.1240.04 37684063 88.3010.10
+CLGWRT 36.6310.05 88.1240.01 40.4410.06 88.5640.02
+CLEWR-ZT 36.50i0.02 88.12i0.03 39.87ig.34 88.62ig‘06
"~ +ARPO-2-VI 36.3510.01 88401002 40324009 88.6240.03
+CL€WRT 37-45i[).02 88.40i0.04 41~28i0,11 88.78i0403
+CLewR-2"  36.981003 88.38+0.04 41.22400s 88.84+0.02
"~ +ARPO-2-V2 36.4610.05 88.431003 40.104016 88.58+0.05
+CL€WR'r 37~45i0.04 88.37i0_05 41~09i0.21 88.75i0_05
+CLGWR—Z)r 37.08+0.02 88.38+0.01 41‘4510.08 88.8710(02
Qwen2.5-7B 4.10 45.94 9.59 62.83
+ DPOP 24431088 82.904+0.24 33.0640.76 87.42+40.12
+ CurriDPO 23-80i0.26 81.90i0.30 29-12i2.58 86.77i0439
+ CLewR 23594163 82.74+0.41 30.63+197 87.1040.27
~ +CPO 27.6810.03 83.9310.06 31.66.40.03 86.3610.03
+ CLewR 30.05+0.02 84.15+0.06 36.28+0.10 87.33+0.05
" +ARPO 30.4110.05 85.6410.04 32.124010 86.71 004
+ CLewR 31.5640.10 85.38+0.07 36.69+0.27 87.6240.10
+CLEWR-ZT 31-14i0.06 85.47i[].(]4 34.88ig.08 87.45i0‘02
"~ +ARPO-2-VI 31.0810.14 85.6710.01 35.1240.91 87.3740.20
+CL€WRT 32.68i[).02 85.81i0.01 37-18i0,08 87.60i0403
+CLCWR-ZJr 32.68i0_05 85.93ig_05 36.55i0_01 87A56i0_02
"~ +ARPO-2-V2 30.9510.09 85.6710.03 36404010 87.75:0.02
+CLCWR'r 32~70i0.03 85.78i0_01 37~16i0.06 87.64i0_03
+ CLewR-z 32.67:&0.04 85.93:&0.02 36.15;&0.08 87.5110.02
LLaMA3.1-8B 1.70 46.00 1.84 46.30
+ DPOP 31.5340.11 87.05+0.08 35.7840.46 87.8240.01
+ CurriDPO 32-46i0.36 86.94i0.06 36.01i0.50 87.75i0405
+ CLewR 30.87+0.37 86.85+0.07 35.46+0.65 87.83+0.03
© +CPO 1471031 54971050 10364448 74324178
+CLCWRT 3971099 59.664321 13.084193 76.7643.90
" +ARPO 33.5010.20 87.4810.05 35924056 87.75+0.11
+CLewR!  34.49.005 87.441006 37.9910.07 87941004
+CLEWR-ZT 34-33i0.09 87.57i[].(]4 36.75ig.17 87.93i0‘03
"~ +ARPO-2-VI 33.6810.15 87441002 37.824035 8791005
+CL€WRT 35-49i0.04 87.77+0.01 39-05i0.07 88.22i0401
+CLCWR-ZJr 35~34i0.05 87.77ig_03 38.02i0_11 88A15i0_02
"~ +ARPO-2-V2 33961009 87491010 37474015 87.84+0.06
+CLCWR'r 35.5310.03 87.77+0.04 38.89+0.07 88.1740.03
+ CLewR-z" 35431001 87.80-0.014 37.870.09 88.13+0.04

Table 1: Results across several base models and prefer-
ence optimization methods, with and without curricu-
lum learning. Best overall results and per-model best
results are shown in bold. A dagger (t) indicates statis-
tical significance over the non-curriculum PO method.

sidering both en—zh and zh—en directions.

To evaluate the models, we compute BLEU and
COMET-22 across all considered languages for
both en—xx and xx—en directions. For each
setup, we perform three training runs and report
the average scores and the corresponding standard
deviations across runs. For each run, we select the

checkpoint with the best validation performance.
To complement BLEU and COMET, we report
additional metrics in the results. Specifically, we
use the corpus-level Moving Average Type-Token
Ratio (MATTR) (Covington and McFall, 2010) to
measure lexical diversity, as well as TER (Snover
et al., 2006), chrF (Popovic, 2015), and an LLM-
as-a-judge metric (Zheng et al., 2023) to assess
translation quality. TER measures edit distance,
while chrF captures character n-gram overlap, be-
ing more robust to morphological variation. The
LLM-as-a-judge prompt is given in Appendix A.3.

4 Results

We focus on two main comparisons: CLewR
vs. CurriDPO, and CLewR vs. non-curriculum. In
Table 1, we present MT results with various PO
methods, with and without curriculum, applied on
generic LLMs (Gemma2, Qwen2.5 and Llama3.1).
CLewR vs. CurriDPO. Across all generic LLMs,
DPOP+CLewR outperforms DPOP+CurriDPO in
terms of COMET. The improvements, as measured
via paired bootstrap resampling with 10,000 sam-
ples and a 95% confidence interval, are statistically
significant on 2 out of the 3 models (Gemma2 and
Qwen2.5). However, CLewR does not boost the
performance of the standalone DPOP. We hypoth-
esize that this is due to the DPOP margin, which
depends on both policy 7y and reference model
To,: M = m(mg) — m(mg,,). Because the refer-
ence margin is typically positive, it offsets part of
the policy margin. As a result, the optimization
signal in DPOP is weaker compared to other pref-
erence optimization methods that rely only on the
policy margin. Indeed, CLewR brings consistent
performance gains to highly competitive preference
optimization methods, namely CPO and ARPO,
which rely on a different modus operandi.

CLewR vs. base PO methods. CLewR consis-
tently improves both BLEU and COMET scores
across LLMs and PO algorithms. Most improve-
ments are statistically significant according to
paired bootstrap resampling with a 95% confidence
interval over all sentence pairs. Moreover, our
ARPO-2'-V1 and ARPO-2'-V2 variants further im-
prove performance over the other preference meth-
ods. This indicates that by incorporating external
semantic signals derived from MT metrics into 2/,
our versions of ARPO better adjust preference mar-
gins. ARPO-2z'-V2 obtains the best performance on
average. Additional experiments exploring more 2’
combinations are presented in Appendix A.1, for

20488

4



Test on 3 languages (es, it, pt) Model MATTR 1 TER | chrF 1
Model en—sxx XX—yen en—XX XX—>en en—XX XX—en en—xx Xx—en
BLEU1 COMET?T BLEU?T COMET 1 Gemma2-9B 85.87 83.15 91.29 6131 39.11 65.66
X-ALMA (ARPO) 37.50 89.00 39.40 88.80 + DPO 69.10 7897 10290 61.82 5448 62.62
+curriDPO  67.70 71.92 107.03 8223 54.44 60.56
Gemma-X2-9B 37.27 88.85 41.06 88.87 +CLewR  68.62 7696 103.15 68.61 5438 61.98
T T+CPO 83.15 82.64 5436 51.20 60.07 63.04
+DPOP 38.2340.01 89.010.02 41.93-0.10 89.0910.02 +CLewR  83.14 8260 50.00 46.09 6221 65.61
+ CurriDPO  38.0149.01 89.0410.02 41.60+0.05 89.08+0.00 " +ARPO  83.06 82.75 51.02 49.18 6149 64.16
~ +CLewR 3824016 88931001 41.8010.07 89.094002 + CLewR 8333 82.65 4943 4588 6250 65.73
+CPO 36.3610.04 89.0410.00 41.00+0.09 89.05+0.01 o ,tC,LEW,l}:Z, 8353 8275 4981 4674 6241 65.74
+CLewR"  37.691003 88.8710.01 41452014 89.0410.01 +ARPO-Z-VI 82417 8234 50.59 4637 6225 65.71
—————— 5T T 385G 80 TA e o A4S e 8006 e +CLewR 8318 8279 4870 45.03 63.00 6643
+ ARP: 300,03 89.14-9.01 40.45:0.02 89.06-20.00 +CLewR-z  82.68 8246 4952 4538 62.67 66.47
+CLewR"  37.83.0,01 88.9310.01 41.46.0.02 89.06+0.00 T THARPO-Z-V2 82.56 8241 5034 4678 6237 6554
o 7+7C7L§\YR7—f B 73§-§57i£).917879-}gi7()£](]7 i‘q279%[)7()72 ??'Qz,ig‘gl, + CLewR 83.18 82.82 48.67 45.21 63.05 66.42
+ ARPO-2/-V1 38561004 89.0720.01 41.3110.13 89.0410.02 +CLewR-z 8277 8238 4934 45.18 6274 66.61
+ CLewR 38.08:(:0_01 88.9810_00 41.72:(:0_02 89.09:{:0_00 . . .
| 4CLewR-z 38264001 89091001 40.875020 89.02:001 Table 4: D.1vers1ty (MATTR) and performance (TER,
+ ARPO-2'-V2  38.58.0.04 89.07-+0.00 41.33£0.02 89.04-£0.00 chrF) metrics for Gemma2-9B. For each PO method,
+ CLewR 38.0610.02 88.9910.01 41.8310.01 89.10-0.01 the best score is in bold.
+ CLewR-z 38.24&0.03 89.08i0401 40~91i0.25 89.02i0,03

Table 2: Results of GemmaX?2 combined with prefer-
ence optimization methods, with and without curricu-
lum. The new variations of GemmaX2 surpass both the
original model GemmaX?2 and X-ALMA. The best re-
sults for BLEU and COMET across en—xx and xx—en
directions are in bold. A dagger () indicates statistical
significance over the non-curriculum PO method.

Test on English<>Chinese

Model zh—en en—zh
BLEU4 COMET+ BLEUT COMET t
Gemma?2-9B 27.84 86.90 38.27 81.18

+ ARPO-2'-V1 27.6610.07 87.1510.07 41.34109.96 88.1510.06
___ +CLewR-z 29.49.0p 8743004 42.4650.10 88224007

+ ARPO-2'-V2 27.941 56 87.2010.03 41.141013 88.12.10.06
+ CLewR-z 29-15i0.35 87-40i0406 42-75i0.14 88.20i0.06

Table 3: English<»>Chinese results of Gemma2-9B
based on ARPO-2’, with and without curriculum. The
results are averaged over three runs.

en—ro translations.

MT-adapted LLM. In Table 2, we compare the
current state-of-the-art LLM for MT, GemmaX2,
with PO-based variants and observe that the current
SOTA can be further improved by applying prefer-
ence optimization or curriculum learning. However,
these gains are less pronounced than those previ-
ously observed in Table 1, and the strongest over-
all performance for GemmaX?2 is obtained using
DPOP. This suggests that LLMs optimized for MT
may benefit less from more complex preference
optimization methods and curriculum learning.
Chinese results. In Table 3, we report further ex-
periments for en—zh and zh—en language pairs.
Our curriculum strategy always improves both
ARPO-2’ variants on both directions and metrics.
Diversity metrics. We further report additional
results in terms of diversity and translation quality

metrics in Tables 4 and 7, respectively. Consistent
with the trends observed for BLEU and COMET,
CLewR generally provides improvements for the
more advanced preference optimization methods
in terms of lexical diversity (MATTR), translation
quality (chrF), while also reducing edit distance as
measured by TER. This indicates that the generated
translations require fewer post-edits to match the
reference, reflecting better overall adequacy and
fluency alignment. We additionally analyze Borda
count rankings in Appendix A.4, where we pro-
vide a more detailed breakdown across individual
language pairs and translation directions.
LLM-as-a-Judge. We report LL.M-as-a-judge
evaluations in Appendix A.3.

Ablation study. We discuss ablation experiments
in Appendix A.1.

5 Conclusion

In this paper, we introduced a novel curriculum
learning strategy for preference optimization in
MT. We demonstrated consistent gains across sev-
eral general LLM families. We also showed that
the adaptive penalty in ARPO based on modified
distances 2’ derived from MT metrics yields addi-
tional performance gains. Moreover, we found that
CLewR-z can further improve performance over
the original curriculum scoring function.

In future work, we aim to explore the application
of CLewR to other NLP tasks.

Acknowledgments

This work was supported by a grant of the Ministry
of Research, Innovation and Digitization, CNCS -
UEFISCDI, project number PN-IV-P1-PCE-2023-
0354, within PNCDI IV.

20489

5



Limitations

Due to computational constraints, we limited our
experiments to the 6 languages in the Romance
language group as defined in X-ALMA. General-
ization is demonstrated only on Chinese. More
experiments on other language groups and other
model families would help strengthen the results.
Similar to generic PO algorithms, CLewR does
not specifically address training data and model-
specific biases. To mitigate potential biases, addi-
tional debiasing techniques need to be applied.
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A Appendix
A.1 Ablation Study

In Table 5, we evaluate several 2’ variants and hy-
perparameters (7, 3). The hyperparameter configu-
ration for every evaluated variant is given in Table
6. The best variants of ARPO typically involve
ZcoMET- 2BLEU helps performance when averaged

Test on Romanian

Model

en—ro
BLEU1T COMET 1
Gemma2-9B 23.25 68.59
+ ARPO 38.18i0,55 90.541()_02
+ CLewR 38.53;&)_30 90.58:{:0.01
+ CLewR-z 38.491020 90.4919.05
~ +ARPO7 =01 38294003 90.631001
+ CLewR 39.78:‘:0‘02 90.79+9.01
+ CLewR-z 39.100.03 90.61+9.01
 +ARPOS =05 35.624010 90.261003
+ CLewR 37.31410.01 90.08+9.01
+ CLewR-z 36.96i0,07 90'41i0 01
~ +ARPO-2-V3 36981022 90231002
+ CLewR 38431001 90.3219.01
+ CLewR-z 38.5810.01 90.5310.01
~ +ARPO-2-V4 37294014 90341005
+ CLewR 38.44i0,05 90.46i0 02
+ CLewR-z 38.46i0 04 90.39:{:() 01
- +ARPO-Z-VI 38334026 90.5910.00
+ CLewR 39-71i0.06 90~75i0402
+ CLewR-z 39.38i0 02 90.73:{:() 04
~ +ARPO ARPO-z'-V5 37314000 90.184001
+ CLewR 38.99;&) 02 90.54:{:() 02
+ CLewR-z 38.4910.07 90.4310.02
~ +ARPO-2-V6 37184003 90.1810.00
+ CLewR 38.64:‘:0‘03 90.52:{:001
+ CLewR-z 38.5310.01 90.4619.02
- +ARPO-Z-V7 38.064003 90.5810.01
+ CLewR 39.5210.04 90.63i0 01
+ CLewR-z 38.700.01  90.77+9.01
~ +ARPO-2-V§ 38231001 9051002
+ CLewR 39.5940.07 90.7640.05
+ CLewR-z 39.62i0 04 90.86i0 01
~ +ARPO-2-V9 36.794008 90.3010.09
+ CLewR 38.43410.06 90.4140.05
+ CLewR-z 37.98;&0_15 90.31 +0.07
~ +ARPO-Z-V2 38.164011 90504002
+ CLewR 39.66i0,09 90~72i0.01
+ CLewR-z 39.58:‘:()‘03 90.86:{:0.01

Table 5: Ablation study on translations from English to
Romanian, experimenting with different hyperparame-
ters and variations of z for ARPO.

with zy and zcomeT. Smaller values for 7y, 72 and
n3 lead to better performance.

A.2 Overview of Performance Gains

In Figure 1, we present a detailed analysis on each
configuration and its statistical improvements. For
each model, the most significant increase is ob-
tained by applying CLewR over CPO. CLewR over
DPO degrades performance, suggesting that our
curriculum is more beneficial for advanced prefer-
ence algorithms.
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Curriculum Learning Effect (Average (COMET+BLEU)/2)
(Green = Positive, Red = Negative; Dark = Significant p<0.05)

qwen / CPO
gemma / CPO
llama / CPO

qwen / ARPO
gemma / ARPO
qwen / ARPO-z'-V1
llama / ARPO-z'-V1
llama / ARPO-z'-V2
llama / ARPO
qwen / ARPO-z'-V2
gemma / ARPO-z'-V2

gemma / ARPO-z'-V1

Model / Configuration

gemmax2 / CPO

gemmax2 / ARPO

gemmax2 / ARPO-z'-V2 l—}—|
gemma / DPO T
gemmax2 / ARPO-z'-V1 —t
gemmax2 / DPO
llama / DPO
qwen / DPO
0.0 0.5

. 5
Mean Average (COMET+BLEU)/2 Delta (curri - non_curri) with 95% Bootstrap Cl

[ Significant Positive

3 Non-significant Positive
3 Non-significant Negative
B Significant Negative

1.0 1. 2.0

Figure 1: Tested configurations and their improvements from curriculum against the non-curriculum variant. 13
out of 20 configurations show statistically significant improvements, 4 show no significant change, and 3 result in
performance degradation. The black bars represent 95% confidence intervals. Best viewed in color.

ARPO Version 11 1m2 12

ARPO 15 0 0
ARPO-Z-VI 0 0 05
ARPO-z-v2 %1 &1 03
ARPO-Z-V3 0 15 0
ARPO-Z-V4 0 0 6
ARPO-Z-V5 0 12 8
ARPO-Z-V6 L3 15 g
ARPO-Z-v7 L o ¢
ARPO-z-v§ &L o &2
ARPO-Z-v9 L2 1o 8

Table 6: ARPO variants and their hyperparameter con-
figurations.

A.3 LLMe-as-a-Judge Results

In addition to automatic metrics, we evaluate
translation quality using an LLM-as-a-judge setup,
where a large language model assigns a scalar
score to each translation based on adequacy and
fluency. This complementary evaluation provides a
more holistic assessment that is less dependent on
surface-level overlap with reference translations.
We use GPT5.1 (reasoning effort “medium”) to
judge MT results, with the following prompt:

LLM-as-a-judge

Model
en—xx Xx—en
Gemma2-9B
+ DPO 84.30 92.59
+ CLewR 83.71 92.49
TT4CPO 8540 9208
+ CLewR 87.99  93.99
" TFARPO 8884 9415
+ CLewR 88.54  94.42
" THARPO-Z/-VI 9023 9476
+ CLewR 90.00 95.14
" T FARPO-Z/-V2 9041 9480
+ CLewR 90.04  95.21

Table 7: LLM-as-a-judge evaluation results for
Gemma2-9B. Results are averaged after running on the
three predictions for each PO method.

JUDGE_PROMPT_TEMPLATE

Score the following translation from
{source_lang_name} to {target_lang_name}
on a scale from 0 to 100, where a score of 0 means
a broken or poor translation; 33 indicates a flawed
translation with significant issues; 66 indicates a
good translation with only minor issues in grammar,
fluency, or consistency; and 100 represents a perfect
translation in both meaning and grammar. Answer
with only a whole number.

{source_lang name} source text: {source_text}
{target_lang name} translation: {model_output}

The LLM-as-a-judge results are reported in Ta-
ble 7. We observe that the GPT5.1 judge produces
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Examples of training triplets: easy (low similarity between chosen and rejected) and hard (high similarity)

pt—en

EAS : “Para retornar ao n vel anterior de energia, seria necess rio descarregar a carga extra que foi recebida da
ilumina d0.”,

chosen: “To return to their previous energy level, they must get rid of the extra energy they got from the light.”
rejected: “To return to the previous level of energy, it would be necessary to discharge the extra charge that was received
from the lighting.”

es—en

EAS : “Agaché la cabeza y las 1 grimas me ca an todo el tiempo.”
chosen: “I had my head down, and tears were falling the whole time.”
rejected: “My head was down and I was crying the whole time.”

it—en

HARD: “L arte della ceramica richiede pazienza e precisione, con artigiani che modellano 1 argilla con maestria e la
trasformano in pezzi unici e preziosi, ciascuno con la propria storia e carattere.”

chosen: “The art of ceramics requires patience and precision, with artisans masterfully shaping the clay into unique and
precious pieces, each with its own story and character.”

rejected: “The art of ceramics requires patience and precision, with artisans skillfully shaping the clay into unique and
treasured pieces, each with its own story and character.”

es—en

HARD: “Las nuevas medidas sanitarias han ayudado a controlar la propagaci n de enfermedades en la comunidad,
protegiendo la salud p blica y mejorando la calidad de vida.”

chosen: “The new health measures have helped control the spread of diseases in the community, safeguard public health,
and improve the quality of life.”

rejected: “The new health measures have helped control the spread of diseases in the community, protecting public

health and improving the quality of life.”

Figure 2: Easy vs. hard examples for curriculum learning based on the score s derived from BLEU, METEOR and

COMET metrics.

results that are mostly consistent with the usual
BLEU and COMET performance metrics.

A.4 Detailed Results and Borda Counts

To provide a more comprehensive comparison
across language pairs and translation directions,
we report Borda count rankings (Emerson, 2013)
based on BLEU and COMET scores. The detailed
results are presented in Tables 8 and 9, which in-
clude per-language-pair scores, as well as aggre-
gated rankings.

For each metric, systems are first ranked indepen-
dently on each language pair and translation direc-
tion. We then compute the average rank across all
language pairs, corresponding to a standard Borda
count aggregation. We consider two variants of
this procedure: (i) per model (M), where all model
configurations are jointly ranked for each language
pair, and (ii) per method (m), where each base
method is ranked together with its corresponding
variants, e.g. CLewR and CLewR-z.

Since the number of systems NV differs between
these settings, we linearly rescale the average rank
to the interval [0, 100], where 100 corresponds to a
consistently top rank, and 0O to a consistently bot-
tom rank across all language pairs. The rescaled

score is computed as:

R—-1
100 - (1— N—l)’ 5)

where R denotes the average rank. The last
columns in Tables 8 and 9 report these normalized
Borda scores for both BLEU and COMET, under
the per-model (M) and per-method (m) settings,
respectively.

Overall, the Borda rankings are consistent with
the trends observed in the main experiments,
confirming that CLewR-based variants generally
achieve stronger aggregate performance across lan-
guage pairs and directions. In particular, the im-
provements are reflected in both BLEU-based and
COMET-based rankings under both per-model and
per-method settings. This further supports the ro-
bustness of our conclusions beyond individual met-
ric values.

A.5 Easy vs. Hard Examples for Curriculum

In Figure 2, we list several (z, v, y;) triplets that
are either easy (low similarity s(y,, y;)) or hard
(high similarity s(y., y;)). For the hard examples,
we underline the differences between chosen and
rejected sentences.
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en—ca en—es en—gl en—it en—pt en—ro Borda (M) Borda (m)
RO P S SR S SR G S S ) Y &
Gemma2-9B 12.35 56.90 |15.62 57.20 |18.57 62.96 |19.15 64.46 |37.66 76.35 |15.74 56.63 | 7.14 0.00
+ DPO 26.14 84.98 |19.74 85.31 |16.33 82.40 |19.55 86.75 |31.30 88.37 {26.49 87.82 (11.90 15.48 | 50.00 58.33
+ CurriDPO |26.41 84.57 [16.02 84.56 |17.81 82.93 |20.28 86.52 |27.35 87.77 |23.00 87.46 (13.10 9.52 |58.33 16.67
+CLewR |22.72 84.87 [18.56 85.46 |16.83 83.22 |20.28 87.01 |32.91 88.63 |22.77 87.45 |11.90 17.86 | 50.00 75.00
~+cPO | 36.72 86.42 [28.21 86.49 [29.32 85.03 |28.54 88.10 |44.18 89.17 [34.22 89.37 |28.57 28.57 [ 0.00 0.00
+CLewR |40.33 86.78 [28.33 86.61 |34.59 86.14 |29.58 88.11 |47.47 89.63 |37.17 89.83 |48.81 35.71 |100.00 100.00
~ +ARPO  [38.56 86.93(28.70 86.97 |33.28 86.61 |29.51 88.61 |46.09 89.74 [36.10 89.86 [38.10 52.38 | 833 50.00
+ CLewR  |40.59 87.21 |28.64 86.83 |35.02 86.52 [29.91 88.33 |47.96 89.84 |37.66 89.97 |61.90 51.19 | 58.33 41.67
+ CLewR-z |40.06 87.04 [28.78 86.85 |35.07 86.66 [29.95 88.46 |47.33 89.64 [37.79 90.05 |60.71 51.19 | 83.33 58.33
 + ARPO-2-V1|38.91 87.16(29.66 87.09 |34.49 87.20 |30.29 88.68 |47.52 89.94 [37.21 90.32 |61.90 83.33 | 16.67 58.33
+CLewR |41.44 87.47 [29.22 86.99 |35.74 87.02 |30.42 88.52 |48.91 89.98 |38.93 90.42 |91.67 85.71 | 83.33 58.33
+ CLewR-z |40.80 87.28 [28.73 86.99 |35.20 87.17 |30.43 88.72 |48.49 89.89 |38.22 90.24 |78.57 78.57 | 50.00 41.67
© + ARPO-2-V2[39.64 87.22(29.56 87.09 |34.41 87.28 |30.15 88.67 47.69 89.97 [37.32 90.32 |61.90 89.29 | 16.67 75.00
+CLewR |41.45 87.34 {29.14 87.01 |35.72 86.97 |30.40 88.50 |48.97 89.97 |38.99 90.42 |91.67 82.14 | 83.33 58.33
+ CLewR-z |40.47 87.21 [28.91 86.98 |35.55 87.14 |30.69 88.73 |48.55 89.94 |38.29 90.28 |83.33 77.38 | 50.00 25.00
Qwen2.5-7B 326 44.52|3.50 4739|298 43.89|3.19 4588 |6.57 48.85|5.11 45.13|0.00 0.00
+ DPO 23.80 78.95 |24.36 85.29 |17.19 80.00 |22.67 85.94 |36.17 87.96 |22.41 79.25 [16.67 21.43 | 66.67 91.67
+ CurriDPO |24.99 78.19 |22.14 84.29 |18.53 78.72 |22.35 85.25|32.30 87.10 |22.50 77.83 |16.67 7.14 | 66.67 0.00
+ CLewR  |23.52 78.92 |21.51 84.64 |18.08 80.36 |21.88 85.60 |34.52 87.71 |22.02 79.21 | 9.52 15.48 | 16.67 58.33
S +cPO | 28.07 80.46 [25.85 85.61 [24.32 81.95 [23.75 85.97 |38.65 88.11 [25.42 81.46 |29.76 30.95 | 16.67 3333
+CLewR |31.51 81.15(25.80 85.31 |27.37 82.49 |25.14 85.70 |42.01 88.28 |28.50 81.96 |35.71 32.14 | 83.33 66.67
"~ +ARPO  [31.58 83.26 |26.87 86.36 |28.41 84.46 [25.20 86.82 |41.49 88.74 |28.93 84.17 |46.43 70.24 | 16.67 8333
+CLewR |33.76 82.81 [26.53 85.99 |29.14 83.84 |25.99 86.76 |43.61 88.79 |30.33 84.07 |65.48 46.43 | 75.00 25.00
+ CLewR-z |32.89 82.87 [26.67 86.07 |29.28 84.28 |25.63 86.71 |42.41 88.67 |29.95 84.18 |58.33 53.57 | 58.33 41.67
 +ARPO-2-V1]32.94 83.04 [27.60 86.40 |28.64 84.26 |25.68 86.98 [42.21 88.90 29.37 84.46 |64.29 75.00 | 16.67 33.33
+CLewR  |34.78 83.43 [27.41 86.20 |30.17 84.15 |26.84 86.89 |44.91 89.10 [31.94 85.11 |89.29 76.19 | 75.00 33.33
+ CLewR-z |34.61 83.64 [27.18 86.34 |30.61 84.35 |26.72 87.11 |44.81 89.11 |32.16 85.01 |84.52 91.67 | 58.33 83.33
© + ARPO-2-V2[32.69 8330 [27.48 86.28 |28.27 84.20 |25.86 86.99 |42.52 88.88 [28.87 84.37 [59.52 70.24 | 16.67 25.00
+CLewR  [34.99 83.52 [27.42 86.21 |30.12 84.10 |26.76 86.78 |44.85 89.03 |32.09 85.07 |89.29 71.43 | 75.00 33.33
+ CLewR-z |34.46 83.62 |27.22 86.33 |30.78 84.36 |26.70 87.13 |44.86 89.10 |31.99 85.00 |84.52 89.29 | 58.33 91.67
LLaMA3.1-8B 195 4278|134 46.25|1.49 45.12|1.42 47.07 |2.18 48.00 | 1.82 46.75|7.14 0.00
+ DPO 34.06 86.08 |27.28 85.83 |27.16 85.08 |27.36 87.66 |40.96 88.76 |32.33 88.87 (28.57 36.90 | 50.00 83.33
+ CurriDPO |35.92 86.10 [26.71 85.80 |30.06 85.18 |27.62 87.43 |40.98 88.59 |33.47 88.56 |38.10 28.57 | 91.67 50.00
+CLewR |33.36 85.93 [26.48 85.62 |27.82 85.03 |27.04 87.46|39.02 88.45 |31.51 88.57 |22.62 23.81 | 8.33 16.67
~+cPO | L1 5239123 60.19 | 1.31 50.18 [2.32 61.93 | 1.63 56.53 | 123 48.62|1.19 833 | 000 1667
+ CLewR 2.70 48.81 499 66.26 | 1.42 56.03 |4.77 6596 |7.59 71.15|2.33 49.78 |13.10 13.10 [100.00 83.33
" +ARPO  [36.61 86.40 2745 86.46 |32.68 86.30 27.62 87.82 43.15 89.03 |33.47 88.83 [47.62 55.95|16.67 5833
+ CLewR |37.90 86.40 [27.35 86.37 |33.30 86.12 |28.05 87.69 |45.17 89.28 |35.16 88.80 |64.29 51.19 | 66.67 25.00
+ CLewR-z |37.72 86.60 [27.49 86.55 |33.36 86.26 |27.53 87.81 |44.53 89.13 |35.32 89.07 |60.71 67.86 | 66.67 75.00
4+ ARPO-z-V1[36.81 86.36 28.19 86.54 |31.99 86.06 27.92 87.84 [43.31 89.05|33.84 88.78 [57.14 53.57|16.67 833
+CLewR |38.95 86.86 [27.90 86.53 |34.80 86.49 |28.52 88.00 |46.16 89.38 |36.64 89.34 |86.90 86.90 | 66.67 58.33
+ CLewR-z |39.08 86.97 [27.91 86.63 |34.33 86.28 |28.53 88.02 |45.59 89.40 |36.56 89.34 |84.52 90.48 | 66.67 91.67
© + ARPO-2/-V2[37.18 86.45 [28.43 86.50 |32.54 86.15 28.00 87.84 43.64 89.07 |33.99 88.93 [64.29 61.90 | 16.67 0.00
+CLewR [39.02 86.98 [27.94 86.52 |34.89 86.48 |28.67 87.86 |46.12 89.48 |36.59 89.32 |91.67 85.71 | 75.00 75.00
+ CLewR-z |39.31 87.05 [28.08 86.70 |34.29 86.37 |28.50 87.98 |45.89 89.40 |36.49 89.27 |84.52 90.48 | 58.33 75.00

Table 8: Results across several base models and preference optimization methods, with and without CLewR, for
each pair of languages of the form en—xx. Normalized Borda counts are computed per model (M) and per method
(m), respectively.
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ca—en es—en gl—en it—en pt—en ro—en Borda (M) Borda (m)
RO P S SR S SR G S S ) Y &
Gemma2-9B 37.48 84.90 |26.41 83.38 |34.35 85.40 |30.35 86.63 |44.79 87.32 |36.52 85.79 |21.43 0.00
+ DPO 38.82 88.08 |28.61 87.12 |25.88 86.19 [29.56 87.66 |41.29 88.89 |34.84 88.67 |15.48 20.24 | 91.67 83.33
+ CurriDPO |33.84 87.60 [25.10 86.73 |22.57 85.62 |27.14 87.34 |32.52 88.17 |28.84 88.18 | 1.19 8.33 | 8.33  0.00
+CLewR |37.35 88.01 [28.07 87.16 |22.54 85.63 |30.43 87.70 |38.14 88.74 |34.63 88.66 | 9.52 17.86 | 50.00 66.67
+cPO | 41.61 88.17 [30.74 87.17|29.92 85.57 |32.70 87.82 |43.95 88.97 [39.70 88.86 [26.19 25.00 | 0.00 0.00
+CLewR  |45.53 88.82 [32.76 87.63 |36.95 87.15|35.03 88.31 |48.24 89.58 |43.52 89.46 |59.52 48.81 |100.00 100.00
~ +ARPO  |42.58 88.60 [31.08 87.49 |33.72 86.95 |33.28 88.12 |44.77 89.34 [40.64 89.32[33.33 35.71| 0.00 0.00
+ CLewR  |45.55 88.84 [32.95 87.67 |37.17 87.42 |35.02 88.35|48.48 89.61 [43.46 89.49 |61.90 59.52 | 91.67 83.33
+ CLewR-z |44.16 88.74 |32.53 87.70 |38.93 88.03 |34.32 88.27 |47.36 89.56 |41.95 89.43 |47.62 51.19 | 58.33 66.67
 + ARPO-2-V1|44.86 88.83 (3323 87.72(37.58 87.71 |35.42 88.38 |47.77 89.59 [43.10 89.49 [60.71 6548 | 0.00 0.00
+ CLewR |45.98 88.97 [33.45 87.78 |39.14 88.05 |35.67 88.47 |49.07 89.74 |44.36 89.66 |90.48 86.90 | 75.00 58.33
+ CLewR-z |45.84 89.04 [33.80 87.82(39.59 88.31 |35.70 88.50 |48.77 89.76 |43.64 89.64 |85.71 95.24 | 75.00 91.67
© + ARPO-2-V2[45.00 88.86 [33.24 87.71 |36.36 87.44 |35.26 88.38 |47.65 89.53 [43.10 89.54 [57.14 63.10| 0.00 0.00
+ CLewR |45.93 88.93 [33.47 87.79 |39.03 88.05 |35.48 88.44 |48.92 89.72 |43.70 89.59 |83.33 80.95 | 50.00 50.00
+ CLewR-z |46.04 89.03 [33.92 87.87 |40.32 88.40 |35.72 88.50 |48.96 89.78 |43.74 89.64 |97.62 97.62 |100.00 100.00
Qwen2.5-7B 10.50 63.35|7.67 62.83 |{10.90 64.15|8.30 62.67 |11.54 63.22|8.66 60.76 | 0.00 0.00
+ DPO 36.38 87.33 |28.19 87.03 |28.82 86.17 |29.62 87.54 |40.58 88.74 |34.73 87.71 |35.71 53.57 |100.00 100.00
+ CurriDPO |30.94 86.60 [25.34 86.47 |26.04 85.43 |26.44 87.03 |35.83 88.12 |30.14 87.00 | 8.33 20.24 | 8.33 833
+ CLewR |34.85 87.21 |26.38 86.78 |22.51 85.29 |28.68 87.32 |38.37 88.48 |33.02 87.51 |17.86 27.38 | 41.67 41.67
S +cPO | 3529 8638 [27.77 86.12 [27.04 84.43 [28.65 86.61 |37.99 87.69 [33.20 86.93 2024 7.14 | 0.00 0.00
+CLewR [39.69 87.24 |30.82 86.91 |33.37 85.95 |32.04 87.45 |43.80 88.56 [37.95 87.84 |70.24 40.48 |100.00 100.00
"~ +ARPO  [35.81 86.76 |27.92 86.41 |27.87 84.82 |28.59 86.92 [38.01 87.95 34.51 87.41 [25.00 16.67 | 0.00 0.00
+CLewR |40.56 87.62 |31.61 87.22 |32.72 86.24 |32.47 87.65 |44.12 88.94 |38.70 88.04 |79.76 84.52 |100.00 100.00
+ CLewR-z |38.99 87.49 [29.79 87.08 |31.97 86.07 |30.49 87.52 |41.68 88.62 |36.37 87.92 |44.05 57.14 | 50.00 50.00
 +ARPO-7-V1[38.95 87.42 [30.25 86.99 [32.01 86.00 [30.70 87.38 |41.99 88.56 |36.84 87.89 |48.81 46.43 | 0.00 833
+CLewR |41.29 87.61 [31.69 87.10 |33.43 86.22 |32.86 87.66 |44.22 88.86 |39.55 88.13 |95.24 80.95 {100.00 75.00
+ CLewR-z |40.94 87.71 |31.18 87.22 |32.91 85.97 |31.91 87.51 |44.02 88.87 |38.30 88.11 |76.19 76.19 | 50.00 66.67
 + ARPO-2-V2[40.11 87.78 [31.19 87.27 |34.43 86.77 |31.41 87.68 |43.39 88.85 [37.88 88.12 [69.05 91.67 | 25.00 75.00
+CLewR  |41.37 87.71 |31.74 87.17 |33.17 86.21 |33.05 87.74 |44.15 88.86 [39.50 88.16 |94.05 88.10 | 91.67 66.67
+ CLewR-z |40.74 87.59 [30.67 87.21 |32.13 85.76 |31.75 87.58 |43.61 88.80 [37.99 88.10 |65.48 64.29 | 33.33 8.33
LLaMA3.1-8B 2.11 4496|143 45.01 | 1.81 44.15|1.57 4736 |2.12 47.70 | 2.03 48.65|0.00 0.00
+ DPO 40.90 88.20|30.22 87.18 |32.05 86.32 |31.73 87.83 |42.21 88.73 |37.54 88.64 |32.14 46.43 | 50.00 58.33
+ CurriDPO |40.88 87.99 [29.92 87.09 |33.36 86.51 {30.52 87.68 |43.46 88.66 [37.92 88.56 |34.52 28.57 | 58.33 16.67
+CLewR |39.33 88.17 [30.19 87.19 |31.25 86.25 |31.93 87.84 |42.46 88.83 |37.60 88.68 |30.95 51.19 | 41.67 75.00
~+cPO | 13.01 74.51 (1033 75.97 | 6.30 70.18 [10.74 76.56 [13.03 73.82 |8.73 74.85|7.14 7.14 | 0.00 0.00
+CLewR |15.39 77.11 [11.54 77.73 |10.90 72.15 |12.27 77.68 |15.14 77.67 [13.19 78.24 |14.29 14.29 |100.00 100.00
" +ARPO  [39.72 87.95 [30.06 86.99 [33.93 86.75 31.44 87.57 [42.43 88.68 |37.94 88.57 [34.52 29.76 | 0.00 833
+ CLewR |42.50 88.26 [31.58 87.24 |34.70 86.62 |33.20 87.77 |45.54 88.97 |40.42 88.82 |78.57 65.48 |{100.00 83.33
+ CLewR-z |40.98 88.22 [30.69 87.20 |34.30 86.78 |32.21 87.72 |43.43 88.86 [38.85 88.78 |50.00 58.33 | 50.00 58.33
4+ ARPO-z-V1[42.01 88.13 [31.60 87.17 |34.73 86.89 |33.16 87.74 [44.60 88.77 |40.85 88.75 [71.43 48.81|16.67 0.00
+ CLewR |43.67 88.54 [32.06 87.38 |36.34 87.29 |34.18 87.94 |46.33 89.17 |41.71 89.01 |98.81 96.43 {100.00 91.67
+ CLewR-z |42.06 88.38 [31.37 87.32|35.55 87.08 |32.88 87.93 |45.41 89.10 |40.86 89.09 |72.62 85.71 | 33.33 58.33
4+ ARPO-2-V2[42.12 88.15 [31.45 87.16 |33.14 86.36 33.06 87.73 [44.65 88.81 |40.41 88.82 [63.10 46.43 2500 0.00
+ CLewR  |43.30 88.52 (32.42 87.34 |35.61 87.11 |34.16 87.94 |46.18 89.13 |41.66 89.01 |92.86 91.67 | 91.67 83.33
+ CLewR-z |42.21 88.39 [31.07 87.25 |36.07 87.33 |32.68 87.81 |44.89 88.99 140.28 89.02 |69.05 83.33 | 33.33 66.67

Table 9: Results across several base models and preference optimization methods, with and without CLewR, for
each pair of languages of the form xx—en. Normalized Borda counts are computed per model (M) and per method
(m), respectively.
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