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Abstract
The alignment of Large Language Models heav-
ily relies on English-centric high-quality pref-
erence data, which often leads to suboptimal
performance in other languages. In this paper,
we propose Cross-Lingual Ranking Preference
Optimization (CRPO), a novel framework that
leverages robust preference knowledge from
English to facilitate preference alignment in the
target language. We design a hierarchical struc-
ture within parallel preference pairs across the
target language and English to jointly optimize
intra- and inter-lingual preferences, thereby en-
hancing language adaptation and output qual-
ity. Building on the LambdaLoss framework,
CRPO goes beyond the binary comparison
based optimization by providing a relative rank-
ing signal across multiple candidate responses.
Our experiments across five languages with
varying resource scales demonstrate that CRPO
consistently outperforms standard approaches
in both instruction-following and knowledge
utilization capability. Notably, the robust perfor-
mance gains observed across various weighting
schemes further validate the empirical effec-
tiveness of our hierarchical design in a multilin-
gual setup. Furthermore, our findings highlight
that CRPO significantly improves both reward
margins and the log-probability of desirable
responses, contributing to a more stable prefer-
ence manifold for cross-lingual alignment.

1 Introduction

Integrating human feedback through the align-
ment process has emerged as a critical paradigm
for optimizing the instruction-following capabil-
ities of Large Language Models (LLMs) and
grounding their objective functions in human
value systems (Stiennon et al., 2020; Askell
et al., 2021; Hong et al., 2024; Meng et al.,
2024). In particular, Direct Preference Optimiza-
tion (DPO) (Rafailov et al., 2023) has stream-
lined the complex Reinforcement Learning from
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Query: 你对人工智能的未来有什么看法?
(What do you think about the future of AI?)

Response: "The future of artificial intelligence is a topic of great 
debate. Some experts believe..."

LLMs: Incorrect Language

Language Mismatch

Response: "人工智能的未来非常有希望
预计将引领领各个行业的创新. 但也伴随着伦理问题和…."
(The future of artificial intelligence is very promising, and it is expected 
to lead innovation across various industries. However, it is also 
accompanied by ethical issues and...)

CRPO

Language Match & High Quality

Response: "人工智能的未来….嗯, 机器人会取代所有工作, 
人类只能休息. 让我们一起想象一下不再需要劳动的未来."
(The future of artificial intelligence… well, robots will replace all jobs, 
and humans will only be able to rest. Let's imagine a future where labor 
is no longer necessary.)

General Approach: Low Quality

Language Match & Low Quality

Figure 1: Example of model responses to multilingual
prompt after alignment tuning.

Human Feedback (RLHF) (Ouyang et al., 2022)
pipeline, effectively guiding models toward pre-
ferred responses while improving helpfulness and
utility (Kirk et al., 2023; Pang et al., 2024; Tu
et al., 2025). However, these alignment gains re-
main largely confined to English-centric contexts,
leaving consistency and response accuracy in other
languages as a formidable challenge. This dispar-
ity often leads to undesirable behavior, including
input-output language inconsistency and degraded
performance for other language queries (Lai et al.,
2023a; Puttaparthi et al., 2023; Huang et al., 2023;
Wu et al., 2024a; Marchisio et al., 2024).

Existing approaches to multilingual alignment
typically rely on expensive human annotation or
on integrating target language data into English-
dominant corpora (Lai et al., 2023b; Zhao et al.,
2024; Ranaldi et al., 2024; Lai et al., 2024). How-
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ever, these approaches are limited by their inabil-
ity to leverage the model’s inherent English ca-
pabilities for cross-lingual alignment. By leaving
this internalized English preference knowledge de-
coupled from the target language, they struggle to
achieve effective cross-lingual alignment.

In this paper, we propose Cross-Lingual
Ranking Preference Optimization (CRPO), a novel
alignment framework that aligns the preference dis-
tribution of a target language by leveraging the
model’s inherent preference knowledge in English.
CRPO moves beyond conventional binary compar-
isons within a single language; instead, we adopt
an alignment strategy based on a hierarchical rank-
ing structure that integrates two core dimensions:
language consistency and response quality. As il-
lustrated in Figure 1, while LLMs often suffer from
language confusion (e.g., responding in English
to a non-English prompt) and existing approaches
generate low-quality outputs, CRPO guides the
model toward generating high-quality responses
appropriate for the target language query.

To achieve this, we transplant the “Learning-to-
Rank” (LTR) (Liu et al., 2009) philosophy, which
optimizes relative importance among multiple can-
didates, into the cross-lingual alignment training.
To be specific, we design a hierarchical signal based
on parallel preference pairs between English and
the target language. This design facilitates align-
ment of target language preferences by referring
to well-defined preference distributions, while in-
ducing the generation of target language responses
rather than English.

Our experiments show that CRPO achieves sub-
stantial improvements in instruction-following and
knowledge-intensive tasks. Furthermore, our com-
parative analysis of reward and log-likelihood dis-
tributions demonstrates that CRPO leads to a more
accurate likelihood preference of winning and los-
ing responses on a held-out test set, which in turn
translates to a better policy model for the target
language. Our contributions are as follows:

• We propose CRPO, a novel framework that
optimizes the hierarchical priority between
language and quality by integrating ranking
principles into cross-lingual preference align-
ment.

• Through an analysis of reward and probability
distributions, we find that CRPO more effec-
tively steers the preference distribution of the

target language toward a desirable alignment
compared to existing methodologies.

• We demonstrate that our cross-lingual prefer-
ence hierarchy structure itself, which lever-
ages the relationship between English and
the target language, induces significant per-
formance gains in target language alignment.

2 Related Work

Enhancing the multilingual capabilities of LLMs is
a critical endeavor to ensure that global users can
benefit from technological advancements without
language barriers (Costa-Jussà et al., 2022; Zhao
et al., 2024; Huang et al., 2024; Li et al., 2024a).
Most research primarily focused on machine trans-
lating English datasets or training on heterogeneous
mixtures of multilingual corpora (Workshop et al.,
2022; Muennighoff et al., 2023; Lai et al., 2023b;
Gao et al., 2024; Kew et al., 2024). However, these
approaches often require large-scale datasets or suf-
fer from persistent language bias (Aggarwal et al.,
2024; Li et al., 2024c; Lee et al., 2025).

Recent studies seeking to mitigate these limita-
tions have increasingly explored extending align-
ment algorithms proven in English to multilingual
contexts (Yang et al., 2024; Dang et al., 2024a).
In prior work, Wu et al. (2024b) facilitates zero-
shot cross-lingual transfer in reward model training,
aiming to build robust multilingual reward systems.
MAPO (She et al., 2024) targets improvement in
the multilingual reasoning domain using reward
signals derived from external translation models.
Similarly, MPO (Zhao et al., 2025) directly opti-
mizes the reward margin gap across languages to
enhance safety. While effective, these approaches
rely on external dependencies, such as online ma-
chine translation pipelines, and are limited to spe-
cific domains. Another line of work operates di-
rectly on the policy model using implicit binary
comparisons (Yang et al., 2025; Lee et al., 2025),
yet they remain constrained by binary optimization,
failing to capture complex preference distributions.

Although some works have explored list-based
ranking to move beyond binary comparisons, these
studies primarily focus on improving quality or
safety and are strictly limited to English-centric
contexts (Yuan et al., 2023; Song et al., 2024; Liu
et al., 2025b). In contrast, CRPO distinguishes it-
self by optimizing a cross-lingual hierarchical rank-
ing structure that jointly models language and qual-
ity. By enabling simultaneous modeling of linguis-



tic and quality hierarchies, CRPO leads to meaning-
ful improvements in target language capabilities.

3 CRPO Framework

Our approach is established on the DPO framework,
extending its pairwise alignment capabilities into a
ranking paradigm specifically designed for cross-
lingual contexts.

3.1 Preliminary: Direct Preference
Optimization

DPO (Rafailov et al., 2023) is a stable and efficient
method to align LLMs with human preferences
without the need for training an explicit reward
model or using complex reinforcement learning
pipelines such as PPO (Schulman et al., 2017):

LDPO(πθ;πref) = −E(x,yw,yl)∼D[
log σ

(
β log

πθ(yw|x)
πref(yw|x)

− β log
πθ(yl|x)
πref(yl|x)

)]
(1)

where πθ is the policy model, πref is the reference
policy given (x, yw, yl) are preference pairs which
are the prompt, chosen response, and rejected re-
sponse from the preference dataset. By minimizing
the given loss, the model increases the margin be-
tween the preferred response yw relative to yl.

3.2 LambdaLoss Ranking Objective

Given that our aim is to encourage cross-lingual
adaptation alongside robust preference alignment,
the binary formulation of DPO is inherently lim-
ited, as it cannot accommodate multiple optimiza-
tion spheres. To address this, we draw inspiration
from LambdaLoss (Wang et al., 2018), a type of
Learning to Rank (LTR) (Liu et al., 2009) frame-
work that enables joint optimization of multiple
items across a global ranking structure.

This approach allows the model to optimize well-
founded ranking metrics, such as Discounted Cu-
mulative Gain (DCG) (Burges et al., 2006), by
weighting pairwise transitions based on their im-
pact on the overall list. Specifically, for a prompt x
and a set of candidate responses y = {y1, . . . , yn},
the training objective of our ranking scheme is de-
fined as:

Llambda(πθ;πref, β) =

E(x,y,ψ)∼D

 ∑
ψi>ψj

∆i,j log(1 + e−(si−sj))

 (2)

where si = β log πθ(yi|x)
πref(yi|x) represents the implicit

reward score of response yi. The term ∆i,j is the
Lambda weight, which determines the importance
of the pair (yi, yj) based on their positions in the
ranking:

∆i,j = |Gi −Gj | ·
∣∣∣∣ 1

D(τ(i))
− 1

D(τ(j))

∣∣∣∣ (3)

In this formulation, G is the gain function (typ-
ically Gi = 2ψi − 1 where ψi is the relevance
label), and D is the rank discount function (typi-
callyD(τ(i)) = log(1+τ(i))). Here, τ(i) denotes
the rank position of yi induced by the score s.

This objective can optimize the DCG metric by
prioritizing the placement of high-relevance items
at the top of the list by applying a logarithmic dis-
count to lower ranks. Consequently, any rank in-
version that displaces a desirable response from
its superior position results in a significant reduc-
tion of the overall score, which allows the ∆i,j to
impose a stringent penalty on misalignment that
disrupts the intended preference order.

3.3 CRPO: Cross-Lingual Ranking
Preference Optimization

Building upon the LambdaLoss framework, CRPO
aims to induce both cross-lingual and intra-lingual
alignment by jointly optimizing target language
responses alongside semantically equivalent pref-
erence knowledge from English. For each training
instance, we construct a quadruple of responses
consisting of: ytw, ytl , y

e
w, and yel , which are chosen

and rejected responses in the target language and
English, respectively. To ensure a consistent pref-
erence manifold is maintained across languages,
we assign hierarchical relevance labels (ψ) based
on both response quality and language type among
these four responses:

ψ(ytw) > ψ(yew) > ψ(ytl ) > ψ(yel ) (4)

Under this hierarchy, the model is trained to priori-
tize the preferred response in the target language,
ytw, as the highest-ranked candidate. At the same
time, CRPO provides comprehensive supervisory
signals by aligning all pairs within the {yt, ye} set
for a given target language prompt x. The model
is compelled to jointly optimize both intra-lingual
preferences ((ytw, y

t
l ), (y

e
w, y

e
l )) and cross-lingual

preference pairs, such as (ytw, y
e
l ) and (yew, y

t
l ).

Since the optimization of target language in-
volves concurrent alignment with semantically



equivalent English pairs, the model can leverage
these English candidates as informative cues. Fur-
thermore, prioritizing ytw provides training signals
for maintaining input-output language consistency.
Thus, the gain function with ψ in CRPO enables
the model to inherit the logical consistency of En-
glish preferences while imposing a stringent quality
constraint on responses within the target language.
The gain functions for each response in CRPO are
detailed in Appendix A.

Finally, we employ a negative log-
likelihood (NLL) loss term for ytw in our
loss to improve alignment performance during
the instruction tuning process. The resulting loss
function of CRPO is defined as:

LCRPO = (1− α) · LNLL + α · Llambda(πθ;πref, β)
(5)

where α is a hyperparameter that balances the
ranking-based alignment and the language model-
ing objective. While conventional DPO is restricted
to binary comparisons of responses within the tar-
get language, CRPO promotes the precise mapping
of hierarchies defined by both language and quality
onto a unified optimization plane.

3.4 Weighting Schemes for CRPO
The flexibility of the LambdaLoss framework al-
lows CRPO to incorporate various weighting func-
tions for each optimizing different bounds of the
ranking metric. We explore three schemes for ∆i,j

derived from LambdaLoss to investigate the effec-
tiveness in cross-lingual alignment.

LambdaRank optimizes a coarse upper bound
of the nDCG metric. It defines the weight based
on the absolute difference between the inverse dis-
counts of the two positions, which is presented
in Equation 3. This scheme provides a founda-
tional gradient signal for ranking by considering
the global positions of the responses in the list.

nDCG2 introduces a tighter bound for nDCG
optimization. Unlike the global position-based
weighting of LambdaRank, it focuses on the dis-
tance between the two items being compared:

∆nDCG2
i,j =

|Gi −Gj | ·
∣∣∣∣ 1

D(|τ(i)− τ(j)|) − 1

D(|τ(i)− τ(j)|+ 1)

∣∣∣∣
(6)

where |τ(i) − τ(j)| represents the rank distance
between the two responses. This scheme has been
empirically shown to achieve superior performance

by providing more localized and precise gradients
for rank inversion.

nDCG2++ is a hybrid scheme that combines the
strengths of both nDCG2 and LambdaRank to max-
imize ranking performance:

∆nDCG2++
i,j = µ ·∆nDCG2

i,j +∆i,j (7)

where µ is a hyperparameter that controls the
contribution of the nDCG2 component. In our
experiments, µ is set to 10 following the prior
study (Wang et al., 2018).

While nDCG2++ is known to reach the strongest
performance in traditional Information Retrieval
tasks, we found that nDCG2 or LambdaRank alone
can be sufficient for aligning LLM preference distri-
butions across languages. To demonstrate the gener-
ality and theoretical robustness of the CRPO frame-
work, we employ nDCG2 as our primary weighting
scheme for the experiments.

4 Experimental Setup

4.1 Models and Training
Models We perform preference optimization
with three different models, Llama-2-7B (Touvron
et al., 2023), Llama-3-8B (Dubey et al., 2024),
and Mistral-7B-v0.1 (Jiang et al., 2023). We em-
ploy five languages with varying resource avail-
ability: Chinese (zh), Indonesian (id), Korean (ko),
Swahili (sw), and Bengali (bn). They were cho-
sen to provide a mix of high-, medium-, and low-
resource languages, typological and script diversity,
while satisfying the practical constraints of avail-
able evaluation datasets.

Dataset To construct the preference dataset for
each language, we sample 3,000 instances from
the UltraFeedback dataset (Cui et al., 2024) and
translate them into the respective target languages
using gpt-5-chat. This procedure yields fully par-
allel target language pairs (xt, y

t
w, y

t
l ) that corre-

spond directly to the original English preference
pairs (xe, yew, y

e
l ). We randomly split the resulting

dataset, including English pairs, into a 90% training
set and a 10% test set.

Baseline We compare CRPO against two com-
petitive baselines that aim to align cross-lingual
preferences via monolithic strategy. We establish
SFT+DPO as our strong baseline. In this setup,
the model is optimized using response pairs in the
language of the input. Since the training dataset



encompasses both English and the target language,
the model is trained on (ytw, y

t
l ) for xt and (yew, y

e
l )

for xe, in the same batch.
As another method, CLO (Lee et al., 2025) is a

variant of DPO that incorporates binary compari-
son between English and target language response
pairs within the same batch. To be specific, CLO
explicitly steers the model toward generating de-
sirable and language-consistent responses by des-
ignating the target language response as chosen
and the English response as rejected. Furthermore,
it mitigates inherent English bias and facilitates
alignment by restricting the NLL loss exclusively
to target language responses.

Note that all baselines and models use identical
hyperparameters and the same amount of parallel
datasets to ensure a fair comparison. Further details
about the training can be found in Appendix B.

4.2 Evaluation
AlpacaEval We employ AlpacaEval (Li et al.,
2023) to evaluate models’ conversational ability
across a diverse set of queries. AlpacaEval com-
prises 805 questions from 5 datasets and evaluates
model performance through qualitative compar-
isons of reference responses and candidate model
outputs. To support evaluation across multiple lan-
guages, we adopt the multilingual version of Al-
pacaEval established in prior work (Lee et al.,
2025) as our primary evaluation suite. We report the
win rate (WR) and length-controlled win rate (LC)
against the SFT model. The LC metric is specif-
ically designed to be robust against model ver-
bosity (Dubois et al., 2024). Also, by including
the instruction in the evaluation prompt, the model
is penalized for responding in a language other
than the target language. We use gpt-5-chat as a
judge for assessment and also report multilingual
Arena-Hard results in Appendix C.

Knowledge & Understanding We further eval-
uate the models’ capacity for knowledge uti-
lization and linguistic comprehension. We use
MMMLU (Multilingual Massive Multitask Lan-
guage Understanding) (Hendrycks et al., 2021) to
verify whether the trained model can leverage in-
herent world knowledge in target language con-
texts. MMMLU is a human-translated multilingual
extension of the original MMLU benchmark, en-
compassing 57 subjects across STEM, humanities,
and social science 1. In addition, we employ Bele-

1https://huggingface.co/datasets/openai/MMMLU

bele (Bandarkar et al., 2024), a benchmark for mul-
tilingual reading comprehension. In this task, we
can evaluate literacy and contextual understanding,
as the model should select the most appropriate
answer from four choices based on the short pas-
sage and question. Following standard practice, we
report accuracy by treating the option with the high-
est overall log-likelihood as the model’s predicted
answer (Gao et al., 2021).

In-depth Analysis To move beyond aggregate
benchmark scores and gain deeper insights into
the model’s internal mechanics, we conduct an in-
trinsic analysis. We investigate the reward distribu-
tions and log probabilities of the preference pairs
in our test set to verify whether each method en-
ables balanced alignment that reinforces desirable
generative behaviors, rather than relying solely on
suppressing suboptimal outputs.

Furthermore, we measure the quality distribution
of generated responses using an external reward
model. The objective of this analysis is to empir-
ically demonstrate that the internal optimization
of CRPO translates into measurable improvements
in output quality, ensuring that the model’s pref-
erence manifold is robustly aligned with objective
judgments in the target language.

5 Results and Analysis

In this section, we present the main results of our
experiments, highlighting CRPO’s superior perfor-
mance across various benchmarks in Section 5.1.
Then in Section 5.2, we provide an in-depth un-
derstanding of the internal reward dynamics and
generative behaviors that distinguish CRPO from
other alignment methods. In addition, we employ
an external reward model to objectively quantify
improvements in absolute generation quality in Sec-
tion 5.3. Finally, we conduct a study on various
ranking schemes to investigate how different con-
figurations of the hierarchical preference structure
influence the effectiveness of cross-lingual align-
ment in Section 5.4.

5.1 Main Results

Overall Performance As shown in Table 1, all
preference optimization methods provide improve-
ments over the SFT model in most cases, with
CRPO achieving the best results across languages.
SFT+DPO, a standard approach for model align-
ment, also serves as a robust baseline in other lan-
guages. CLO exhibits comparable or slightly below

https://huggingface.co/datasets/openai/MMMLU


Model Method Chinese Indonesian Korean Swahili Bengali

LC (%) WR (%) LC (%) WR (%) LC (%) WR (%) LC (%) WR (%) LC (%) WR (%)

Llama-2-7B
SFT+DPO 57.80 58.50 57.92 58.88 54.28 55.40 38.63 38.07 34.90 35.68
CLO 56.41 56.08 53.84 53.91 51.15 50.24 44.49 43.97 33.15 30.93
CRPO 64.18 64.34 63.83 64.47 63.02 63.97 44.07 43.72 37.52 36.77

Llama-3-8B
SFT+DPO 60.24 60.37 59.24 60.37 64.97 65.96 46.23 46.95 34.77 36.89
CLO 58.70 58.13 52.42 52.96 53.94 53.41 43.78 44.93 35.67 33.29
CRPO 62.45 62.36 67.97 68.40 68.45 68.81 61.84 62.17 53.86 55.65

Mistral-7B
SFT+DPO 55.65 56.14 55.98 58.50 51.49 52.85 27.95 27.33 24.63 24.59
CLO 55.18 55.03 51.29 51.98 48.14 48.32 35.15 35.40 19.98 18.01
CRPO 62.83 63.10 66.81 68.19 62.90 63.72 50.76 51.98 48.69 48.57

Table 1: AlpacaEval across five target languages. LC and WR denote length-controlled and raw win rate, respectively.
The best results for each model are highlighted in bold.

Model Lang SFT+DPO CLO CRPO

MMMLU

Llama-2-7B
id 26.33 24.69 27.85
ko 26.20 28.57 31.07
sw 25.08 25.62 25.12

Llama-3-8B
id 41.69 36.41 45.94
ko 39.58 40.19 39.84
sw 36.02 27.48 37.03

Mistral-7B
id 37.36 31.38 37.47
ko 30.39 29.27 35.01
sw 30.57 28.32 31.78

Belebele

Llama-2-7B
id 33.11 36.55 36.66
ko 33.00 35.66 36.33
sw 29.22 28.22 29.22

Llama-3-8B
id 64.22 35.11 65.88
ko 57.55 59.44 68.66
sw 47.55 28.66 49.22

Mistral-7B
id 48.33 30.44 47.44
ko 49.66 35.77 51.77
sw 33.00 33.88 34.77

Table 2: MMMLU and Belebele evaluation results. We
report the performance of zero-shot in MMMLU and
one-shot in Belebele.

performance to SFT+DPO, demonstrating the util-
ity of a straightforward objective that suppresses
the probability of English responses. Furthermore,
we include the English performance of each case
in Appendix D in terms of alignment tax.

Robustness in Low-Resource Languages
While most methods outperform SFT in high-
and mid-resource languages, a different tendency
emerges in low-resource settings. Unlike CRPO,
other methods exhibit notable performance

degradation in low-resource scenarios. This trend
is particularly pronounced for Llama-3-8B, which
suffers from a collapse compared to the SFT, as
evidenced by notably low WR in Bengali.

This stems from optimization instability and ex-
cessive parameter volatility during the preference
alignment when the model’s linguistic grounding
in the target language is insufficient (Kadyrbek
et al., 2025; Lee et al., 2025). From this perspective,
SFT+DPO, relying on isolated preference pairs in
the target language, fails to establish a stable prefer-
ence manifold in low-resource scenarios. Similarly,
the performance drop in CLO shows that simply
enforcing language-consistent responses through
binary cross-lingual hierarchies is insufficient for
robust alignment.

While CRPO also encounters adaptation chal-
lenges due to the inherent limitations of mod-
els, it consistently surpasses baselines and demon-
strates remarkable robustness in most cases. No-
tably, CRPO achieves a significant performance
gain in Swahili with Llama-3, scoring a WR of
62.17. This gain can be attributed to the use of
relatively well-aligned English pairs as a logical an-
chor for aligning the target language. By realigning
language quality and hierarchy, CRPO exhibits the
most robust resistance to this alignment collapse
and contributes to overall alignment stabilization.

Knowledge Utilization The validity of CRPO
extends beyond conversational improvements, as
evidenced in the knowledge utilization and linguis-
tic comprehension areas. As shown in Table 2,
CRPO achieves competitive performance across
both benchmarks. Notably, the MMMLU score
in Indonesian for Llama-3 exceeds the strongest
baseline by over 4 points, while the Korean Bele-
bele score reaches 68.66. These results demonstrate
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Figure 2: (a) Reward difference distribution and (b) Log-likelihood distribution on chosen responses (yw) of Llama-
3-8B trained with SFT (blue), CLO (orange), SFT+DPO (blue) and CRPO (red) across languages.

Model Method zh id ko sw

Llama-2-7B

SFT -1.749 -1.797 -2.870 -2.901
SFT+DPO -1.227 -0.904 -2.121 -2.958
CLO -1.539 -1.200 -2.855 -2.457
CRPO -0.607 -0.936 -1.601 -2.175

Llama-3-8B

SFT 0.344 0.208 -0.904 -0.487
SFT+DPO 1.506 1.585 0.869 -0.212
CLO 0.613 1.034 -0.119 -0.531
CRPO 1.738 1.883 0.911 1.122

Mistral-7B

SFT -0.706 -0.808 -1.800 -0.667
SFT+DPO 0.255 -0.037 -0.719 -1.519
CLO -0.096 -0.665 -1.237 -0.981
CRPO 0.508 0.805 -0.344 -0.040

Table 3: Average of reward scores from Skywork-
Reward-V2-Qwen3-8B on generation outputs. The best
results achieved across the methods are highlighted in
bold, while the second-best results are underlined.

that the ranking structure in CRPO successfully
anchors the model’s inherent knowledge system
within the target language space, thereby achieving
better alignment for complex reasoning tasks.

5.2 Reward and Probability Shifts

To investigate the impact of CRPO on the model’s
preference manifold, we examine the internal dy-
namics of reward differences and generative log-
probabilities. As illustrated in Figure 2, the mag-
nitude of distribution shifts differs across methods
regarding the SFT model as a default.

In Figure 2 (a), we find that regardless of the
language, CRPO consistently achieves a large re-
ward difference and shifts the distribution in a

positive direction compared to the SFT. Likewise,
the SFT+DPO approach exhibits a similar trend,
though the magnitude of the shift is relatively
smaller. In contrast, CLO yields almost identical re-
ward difference to SFT, or in the case of Indonesian,
even shows signs of degradation.

One of the primary risks in preference optimiza-
tion is the improper focus on maximizing the re-
ward margin, which often results in suppressing
the probability of rejected responses rather than in-
creasing the probability of chosen responses. This
imbalance can undermine the language model’s in-
herent stability and fluency by failing to provide
an explicit guide for target responses, potentially
leading to degeneration (Meng et al., 2024; Hong
et al., 2024). As shown in the comparison of Fig-
ure 2 (a) and (b), while other methods increase the
reward margin, their log-likelihood distributions
for chosen responses remain largely congruent with
the SFT. This indicates that other approaches pri-
marily fail to incentivize the generation of favored
responses.

On the other hand, CRPO assigns higher val-
ues to both the log-likelihood of the chosen re-
sponse and the reward difference across all lan-
guages than in other cases. This demonstrates that
CRPO achieves better alignment in the target lan-
guage by increasing the likelihood of the favored
response. Further analysis of the reward distribu-
tion is provided in Appendix E.
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Figure 3: Win rate comparison of different weighting schemes within the CRPO framework.

5.3 External Quality Assessment

While win rates provide a measure of relative
preference, they may not fully capture the abso-
lute quality shift in the model’s generative distri-
bution. To provide a more objective assessment
of response quality, we use Skywork-Reward-V2-
Qwen3-8B (Liu et al., 2025a), an external reward
model known to support multilingual environments,
to score the outputs of each method on the test
set. Table 3 summarizes the average reward scores
across diverse models and languages.

The results demonstrate that CRPO achieves su-
perior reward magnitudes across nearly all config-
urations. A notable score escalation is observed
in the Mistral-7B; in Indonesian (id), while the
SFT+DPO reaches a score of -0.037, CRPO ele-
vates the quality to a considerable positive margin
of 0.805, outperforming SFT+DPO by a wide gap.
This also substantiates our claim that anchoring
target language alignment to established English
preference structures can guide the model toward
higher-quality regions of the generation manifold.

5.4 Study on Ranking Scheme

We investigate how the choice of weighting scheme
in Equation 2 influences cross-lingual preference
alignment. Figure 3 shows AlpacaEval results ob-
tained by diverse weighting schemes within the
same CRPO framework.

As shown in Figure 3, all three schemes consis-
tently outperform both SFT+DPO and the uniform
scheme, confirming that hierarchical ranking sig-
nals provide more informative supervision than
pairwise comparisons. We can attribute the success
across diverse configurations to CRPO’s hierarchi-
cal structural design. As evidence for this, assign-

ing a uniform weight to all response pairs results
in a notable performance drop. The degradation
mainly arises from the lack of alignment between
the languages. Removing hierarchical cues triggers
an English bias, leading to a failure in linguistic
consistency with the given prompt.

Moreover, LambdaRank and nDCG2 achieve
strong performance across most settings. This sug-
gests that global position-based signals and local
distance-based signals can complement each other
depending on the model and language. Given that
our experiments are conducted under the nDCG2
scheme, the additional gains observed with alter-
native schemes further indicate that the potential
performance ceiling of CRPO may be even higher.

6 Conclusion

In this paper, we propose CRPO, a new alignment
framework designed to establish robust preference
manifolds both within and across languages. By
reformulating the target language adaptation and
alignment task as a hierarchical ranking problem,
CRPO benefits from the transfer of preference
knowledge along the language chain. Our empirical
results demonstrate that CRPO not only achieves
consistent superiority over standard pairwise ap-
proaches but also enhances the generative likeli-
hood of preferred responses, facilitating the genera-
tion of high-fidelity, precise responses in the target
language. We believe that our approach shifts the
paradigm of cross-lingual alignment from isolated
binary comparisons to an integrated cross-lingual
ranking perspective. Moving forward, we will in-
vestigate a dynamic gain adaptation strategy based
on linguistic similarities and training stages. By
mitigating the optimization complexity inherent in



expansive ranking spaces, we expect to ensure ro-
bust cross-lingual alignment across an even wider
array of language pairs.

Limitations

Although we use the same amount of the dataset
during the training, our proposed framework em-
ploys a hierarchical ranking structure that processes
four response candidates in a single step. This in-
herently demands more computational resources
during training. However, this overhead can be con-
sidered an unavoidable cost inherent to methods
that leverage item-wise ranking, not only limited to
the preference optimization field. Given the limita-
tions of standard binary comparisons in optimizing
both quality and consistency simultaneously, the
performance gains achieved by CRPO demonstrate
that this additional cost is a worthwhile trade-off
for effective cross-lingual alignment.

Furthermore, our main experiments include eval-
uation results from the multilingual version of
the AlpacaEval dataset, translated using gpt-4o in
prior work (Lee et al., 2025), and the MMMLU
dataset (Hendrycks et al., 2021), which was trans-
lated into the respective languages by professional
human translators. Additionally, we employed the
Belebele dataset (Bandarkar et al., 2024), which
was constructed and reviewed by human experts
during translation. While these datasets are suitable
for measuring general model performance, they
may not fully capture the model’s ability to re-
spond appropriately to queries involving language-
specific characteristics or cultural contexts. Al-
though this limitation may prevent a comprehensive
evaluation of the model’s grasp of cultural nuances
and localized content, we made every effort to uti-
lize the highest-quality benchmarks available.
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A Gain Formulation in Cross-Lingual
Ranking

Preference Hierarchy In our pilot study, we ob-
served that language adaptation is more readily
achieved than the fine-grained differentiation of
response quality within the same language, which
can easily overshadow quality optimization during
training. To reflect this, we established the follow-
ing preference hierarchy for our ranking-based ob-
jective: ψ(ytw) > ψ(yew) > ψ(ytl ) > ψ(yel ). A crit-
ical design choice in this formulation is the relation
ψ(yew) > ψ(ytl ), which prioritizes a high-quality
response in English over a lower-quality response
in the target language. Furthermore, this provides a
learning signal that encourages the model to gener-
ate desirable responses regardless of the language.
Since gain adjustments across items in a ranking
structure are interdependent rather than orthogo-
nal, penalizing the English winner below the target
language loser would otherwise heavily bias the
learning signal toward language matching.

Balance between Two Dimensions This philos-
ophy also led to our choice of gain values. In stan-
dard Information Retrieval, which adopts the Lamb-
daLoss framework, the gain function typically fol-
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Gain values (G) Chinese Korean Indonesian Swahili Bengali

WC (%) LC (%) WC (%) LC (%) WC (%) LC (%) WC (%) LC (%) WC (%) LC (%)

7, 3, 1, 0 60.50 60.75 66.46 66.04 67.20 66.86 66.46 66.35 54.16 52.54
9, 5, 7, 4 60.00 60.39 66.21 66.11 65.22 65.52 67.14 67.43 53.98 53.79
9, 7, 5, 4 62.36 62.46 68.82 68.46 68.41 67.98 62.17 61.85 55.65 53.87

Table 4: WR and LC according to different gain values.

Model Method Chinese Indonesian Korean Swahili Bengali

LC (%) WR (%) LC (%) WR (%) LC (%) WR (%) LC (%) WR (%) LC (%) WR (%)

Llama-2-7B
SFT+DPO 55.06 55.71 55.89 56.52 57.79 58.26 56.04 56.46 51.46 52.42
CLO 57.46 57.27 53.49 52.24 55.30 54.91 53.41 51.93 53.22 52.61
CRPO 62.33 62.36 60.41 60.62 60.46 60.87 60.43 60.00 61.60 61.99

Llama-3-8B
SFT+DPO 57.71 58.45 60.31 61.30 56.23 56.83 58.06 58.01 56.98 57.76
CLO 52.83 52.48 56.89 56.21 52.66 50.99 54.46 52.61 56.27 54.78
CRPO 56.73 57.20 64.24 64.35 59.19 59.07 60.53 60.06 57.43 57.64

Mistral-7B
SFT+DPO 61.30 65.59 58.44 61.06 63.31 69.69 51.73 54.88 47.65 55.47
CLO 51.84 54.47 52.05 51.61 58.19 61.80 50.37 49.81 47.97 45.83
CRPO 50.60 57.08 59.96 61.86 57.42 64.35 56.21 57.76 53.49 55.86

Table 5: English performance in AlpacaEval benchmark. The best results for each model are highlighted in bold.

lows an exponential discount: Gi = 2ψi − 1 (Wang
et al., 2018). However, applying this to our dual-
dimensional objective can introduce an inductive
bias.

Given our hierarchy, the standard formula yields
Gtw = 7, Gew = 3, Gtl = 1, and Gel = 0. Although
ranking optimization inherently assigns dispropor-
tionate weights between items, this exponential
spacing exacerbates biased local gradients.

To resolve this and provide a more balanced op-
timization manifold, we manually set the gains to
Gtw = 9, Gew = 7, Gtl = 5, and Gel = 4. In
this setup, the primary intra-language quality gaps
(Gtw−Gtl = 4 for target,Gew−Gel = 3 for English)
remain strictly greater than the primary language
gap (Gtw − Gew = 2). This constraint explicitly
ensures that the LambdaLoss framework jointly op-
timizes both cross-lingual alignment and quality,
preventing the simple language-matching signal
from overwhelming the fine-grained quality opti-
mization.

Empirical Validation To validate our gain for-
mulation, we compare the performance of Llama-
3-8B across different gain configurations, as pre-
sented in Table 4. The theoretical range of possible
gains is infinite, but as it is computationally pro-
hibitive to explore the entire space, our experiments
are restricted to a set of representative fixed values.

The standard exponential setting (7, 3, 1, 0) gen-
erally yields suboptimal win rates, suggesting that

disproportionate local gradients hinder effective
intra-lingual alignment. Furthermore, we examine
a configuration (9, 5, 7, 4) that explicitly violates
our preference hierarchy by penalizing the English
winner (G = 5) below the target language loser
(G = 7). This configuration also yields slightly
lower performance than our hierarchy across most
languages, including Chinese, Korean, Indonesian,
and Bengali, demonstrating that heavily biasing
the signal toward language matching compromises
overall response quality. Interestingly, a different
tendency appears in Swahili. We attribute this to
the low-resource nature of Swahili, where an ag-
gressive language-matching penalty might provide
a temporary empirical advantage in enforcing the
target script. Nevertheless, our proposed hierar-
chy configuration demonstrates greater robustness
across diverse linguistic environments, justifying
our balanced hierarchical design.

B Implementation Details

Training We observe that hyperparameter tuning
is crucial for achieving optimal performance of
preference optimization methods. To ensure a fair
comparison, we conduct thorough hyperparameter
tuning across all methods in our experiments.

We conduct preliminary experiments to search
for learning rate in [5e − 7, 8e − 6, 1e − 5] and
training epochs in [1, 2]. We find that an effective
learning rate of 8e-6 and training for two epochs
consistently yield stable results across all models
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Figure 4: Reward distribution of chosen response (a) and rejected response (b) of Llama-3-8B trained with SFT
(blue), CLO (orange), SFT+DPO (blue) and CRPO (red) across languages.

and languages. Therefore, we fix these values for
all preference optimization experiments and report
results using the final checkpoint. Additionally, we
set the maximum sequence length to 3072 and
apply a linear learning rate schedule with a 10%
warmup ratio. To balance the training objective, we
use a weighting factor of α = 0.2 for CRPO and
SFT+DPO, and 0.5 for CLO following the recom-
mended value in the original paper. We set β to
0.1, the default value in DPO. All experiments are
conducted under four NVIDIA A100 GPUs.

Evaluation For generative evaluation, we main-
tain the same maximum sequence length as used
during the training phase to ensure consistency. In
the generation process, we use temperature as the
primary hyperparameter in the decoding step and
set it to 0.8 to balance the trade-off between coher-
ence and diversity in the outputs.

C Arena-Hard

To further substantiate our evaluation, we report the
multilingual Arena-Hard (m-ArenaHard)2 (Dang
et al., 2024b) evaluation results in Table 6. The
m-ArenaHard benchmark was created by trans-
lating the prompts from the original Arena-Hard-
v0.1 (Li et al., 2024b) test dataset to 22 languages.
We conduct supplementary experiments on the
three languages that overlap with those covered
in our study. Since several queries in the dataset ex-

2https://huggingface.co/datasets/CohereLabs/
m-ArenaHard

Model Method Chinese Indonesian Korean

Llama-3-8B
SFT+DPO 61.56 61.34 64.30
CLO 54.49 54.53 54.95
CRPO 62.15 61.87 68.81

Mistral-7B
SFT+DPO 54.62 54.34 55.39
CLO 55.49 53.34 53.02
CRPO 58.22 63.85 62.63

Table 6: Win rate in Arena-Hard benchmark.

ceed the relatively short context length of Llama-2
(4096 tokens), Llama-2 is excluded from the eval-
uation. Similar to AlpacaEval, we report the win
rate against the SFT model.

D Impact on Alignment Tax

In our main experiments, we focused on evaluating
the target languages to demonstrate the effective-
ness of cross-lingual alignment. However, since our
approach leverages the model’s inherent English
knowledge as an anchor to induce transfer to the
target language, it is imperative to investigate how
the alignment training on the target language af-
fects the model’s English proficiency. To this end,
we conduct an additional English evaluation on
AlpacaEval to measure the alignment tax.

Table 5 presents the English performance of the
models trained under each target language setting.
Note that all methods also include English in their
training data composition. As shown in the results,
CRPO achieves higher English performance com-
pared to the baselines in most cases, indicating that

https://huggingface.co/datasets/CohereLabs/m-ArenaHard
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it successfully mitigates the alignment tax. To be
specific, for the Llama-2-7B and Llama-3-8B mod-
els, CRPO achieves the highest WR across almost
all target language configurations. This suggests
that CRPO preserves the robustness of the model’s
English capabilities while effectively performing
cross-lingual alignment.

E Reward Distribution Analysis

In addition to Figure 2, we also provide an analysis
of the reward distribution of responses in Figure 4.
As shown in Figure 4 (a), CRPO consistently yields
higher rewards for favored responses compared to
the other methods, whereas the reward distributions
for the other methods do not exhibit a significant
shift relative to SFT.

In Figure 4 (b), SFT+DPO and CRPO demon-
strate comparable distributional shifts, which is the
nature of DPO training that generally increases
the reward of both chosen and rejected responses.
Taken together, these findings indicate that the ma-
jor reward difference achieved by CRPO, as ob-
served in Figure 2, is primarily driven by elevat-
ing the rewards of desirable responses rather than
solely relying on penalizing those of unfavored
ones. This further substantiates our claim in Sec-
tion 5.2 that the advantage of CRPO stems from
promoting high-quality responses rather than solely
from suppressing the probability of disfavored re-
sponses.

F Comparison with Another Ranked
Optimization

To investigate whether the effectiveness of CRPO
can be attributed simply to the use of ranked pref-
erence structure, we further compare CRPO with
PRO (Song et al., 2024), which constructs prefer-
ences sequentially from a ranked set of responses:

LPRO = − log

n−1∏
k=1

exp (rπ(x, yk))∑n
i=k exp (rπ(x, yi))

, (8)

which is further combined with an NLL objective.
Table 7 reports the AlpacaEval results across three
target languages and two backbone models.

Despite also performing ranking-based prefer-
ence optimization, PRO substantially underper-
forms CRPO. An inspection of generations from
the PRO-trained models shows that they gener-
ally retain the ability to respond in the language
of the input. This suggests that PRO can achieve

Lang Model Method Target English

WR LC WR LC

zh
Llama-3-8B PRO 24.97 24.24 37.27 36.85

CRPO 62.36 62.45 57.20 56.73

Mistral-7B PRO 13.42 13.75 36.15 33.67
CRPO 63.10 62.83 57.08 50.60

id
Llama-3-8B PRO 23.11 24.79 44.47 43.60

CRPO 68.40 67.97 64.35 64.24

Mistral-7B PRO 13.29 12.42 29.81 30.52
CRPO 68.19 66.81 61.86 59.96

sw
Llama-3-8B PRO 11.43 11.78 37.64 36.17

CRPO 62.17 61.84 60.06 60.53

Mistral-7B PRO 6.58 5.11 10.62 12.15
CRPO 51.98 50.76 57.76 56.21

Table 7: AlpacaEval results of PRO and CRPO under
the same training budget.

the primary objective of language adaptation, but
does not translate this adaptation into a compara-
ble improvement in response quality. In contrast,
CRPO improves both target-language and English
AlpacaEval performance by a large margin.

We attribute this difference to how the ranked
preference structure is exploited during optimiza-
tion. PRO primarily constructs pairwise compar-
isons between a higher-ranked response and lower-
ranked alternatives. CRPO instead exploits the rel-
ative positions of responses throughout the ranked
list and incorporates ranking-aware objectives to
place greater emphasis on preference violations
that affect the top of the ranking. Consequently,
CRPO provides a more fine-grained learning signal
for distinguishing responses with different quality
levels rather than merely separating preferred from
less-preferred responses.

This distinction is particularly important in our
setting because language adaptation itself can al-
ready be encouraged by the NLL objective: the
model can learn to generate in the target language
without necessarily improving the quality of the
generated content. The ranking-aware objective of
CRPO complements this signal by explicitly pre-
serving and promoting high-quality responses ac-
cording to their positions in the ranked list. The
considerable gap between PRO and CRPO there-
fore indicates that the gains of CRPO do not arise
merely from introducing ranked preference opti-
mization. Rather, how the ranked preference infor-
mation is incorporated into the optimization ob-
jective is critical, further supporting the design of
CRPO.
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