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ABSTRACT

Prompted LLM-as-a-Judge systems or trained reward models are typically vali-
dated using pairwise accuracy, under the assumption that high accuracy implies
reliable and language-invariant evaluation. We demonstrate that multilingual LLM
evaluators exhibit large, systematic, and statistically significant language-dependent
bias in pointwise scoring. We show that this mismatch has concrete downstream
consequences: threshold filtering can result in huge differences in acceptance rates.

1 INTRODUCTION

Large language models (LLMs) are increasingly evaluated not only by humans, but by other language
models (Zheng et al.| 2023 |Kocmi & Federmann| 2023). LLM-based evaluation has become central to
modern NLP research and deployment (Lou et al.,|2025), underpinning model selection, reinforcement
learning from human feedback (RLHF) and safety auditing. In practice, such evaluation is carried out
by a diverse family of LLM evaluators, including prompted LLM-as-a-Judge systems and trained
reward models that assign scalar quality scores or preference rankings to model outputs.

As LLMs become multilingual by default, their evaluators are likewise expected to operate reliably
across languages. Implicitly there is a strong assumption: that evaluation scores are language-
invariant, meaning that semantically identical content should receive comparable judgments regard-
less of the language in which it is expressed. In this work, we show that this assumption does not
hold.

We present an empirical study demonstrating that multilingual LLM evaluators exhibit consistent
and statistically significant language-dependent bias in pointwise scoring. When asked to evaluate
semantically identical instruction-response pairs across languages, both prompted LLLM judges and
trained multilingual reward models assign markedly different absolute scores depending solely on
the evaluation language. Crucially, these differences persist across model families, architectures,
and training paradigms, indicating that language acts as a latent variable influencing evaluation
independently of content quality.

At the same time, this bias is largely invisible under standard evaluation practices. A common
approach to validating multilingual evaluators is to rely on pairwise accuracy, measuring whether
accepted responses are ranked above rejected ones. We show that pairwise accuracy remains uniformly
high and stable across languages even when pointwise scores differ substantially. As a result,
evaluators may appear well-aligned and robust under pairwise metrics while exhibiting severe
language-dependent miscalibration in absolute scoring.

This disconnect highlights a fundamental limitation of current evaluation protocols. Pairwise metrics
capture relative ordering but are insensitive to systematic shifts in score distributions. Consequently,
they fail to detect biases that directly affect downstream uses of evaluators, such as threshold-based
filtering, reward shaping, calibration-sensitive training, and cross-language comparison.

2 EXPERIMENTS

2.1 DATASET

Our experiments are conducted on REWARDBENCH (Lambert et al.|[2025)) and its human-validated
multilingual extension M-REWARDBENCH (Gureja et al., 2025). Together, these benchmarks provide
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aligned instruction—response pairs across 23 languages and multiple task categories, including Chat,
Chat-Hard, Reasoning, and Safety. We focus on unchosen responses, which exhibit broader score
distributions and avoid ceiling effects that obscure language-dependent variation (Figure [3)). Our
evaluation spans 23 languages (see Table|[T).

2.2 MULTILINGUAL EVALUATORS

All evaluators are applied in a zero-shot setting without task-specific fine-tuning. Prompted LLM
Judges (LLM-as-a-Judge): These evaluators are general-purpose multilingual LLMs prompted with
standardized evaluation rubrics to directly assign scalar quality scores. We include Aya Expanse
(Dang et all, [2024), Qwen 2.5 (Yang et al [2025), LLaMA 3.1 (Grattafiori et al [2024)), and M-
Prometheus (Pombal et al., [2025). Notably, M-Prometheus is explicitly trained for multilingual
evaluation. We use a standardized scoring rubric requesting a 1-5 Likert-scale rating in each target
language. Decoding temperature is fixed to zero. Multilingual Reward Models: We additionally
evaluate trained multilingual reward models that output scalar scores directly. Specifically, we include
URM-LLaMA-3.1-8B (Lou et al.| 2025) and BTRM-Qwen-2-7B, Skywork-Reward-Gemma-2-27B,
Skywork-Reward-Llama-3.1-8B-v0.2 (Liu et all 2024). We record pointwise scalar scores.

2.3 RESULTS

2.3.1 LANGUAGE-DEPENDENT SCORING BIAS
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Figure 1: Left: mean pointwise scores assigned by prompted LLM-as-a-Judge models (1-5 scale),
averaged across evaluators; right: mean z-normalized scores from trained multilingual reward models.
Error bars indicate inter-model variability.

Figure[T| provides a consolidated view of language-dependent scoring behavior across multilingual
evaluators. Despite evaluating identical semantic content, both prompted LLM-as-a-Judge systems
(left) and trained multilingual reward models (right) assign systematically different scores depending
solely on the evaluation language.

For prompted LLM judges, we observe substantial variation in absolute pointwise scores across
languages. Mean scores span a wide range on the 1-5 scale, with languages exhibiting a highly
stable global ordering across evaluators and task categories - Hindi, Greek, and Hebrew consistently
receiving the highest evaluations, while several Western European languages—including Italian,
French, and Spanish—occupy the lower end of the distribution. Notably, these differences are large
relative to the effective score range used by the judges, corresponding to shifts of approximately
0.4-0.5 points for semantically identical responses. Detailed per-language and per-model averages
are reported in Table 2] (Appendix A).

Crucially, the relative ordering of languages is highly stable across evaluator families. As shown in
Figure[I] the language ranking induced by prompted LLM judges closely mirrors that produced by
trained reward models, even after z-normalization removes differences in score scale. Languages
that receive higher pointwise scores under LL.M-as-a-Judge evaluation also tend to receive positive
normalized scores under reward models, while lower-scoring languages remain systematically penal-
ized. Full normalized statistics for reward models are provided in Table [3| (Appendix A). English
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does not occupy a privileged or neutral position in either setting. Under prompted evaluation, English
lies below the median score across languages, and under reward models it is associated with a clearly
negative normalized score.

All observed language effects are statistically significant for every prompted LLM judge and reward
model tested (one-way ANOVA, p < 0.001 in all cases; see Table E|for full results).

2.3.2 CROSS-MODEL CONSISTENCY
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Figure 2: Cross-model alignment of language-dependent scoring patterns. Each cell shows the
Pearson correlation between per-language mean scores assigned by two evaluators. Left: correlations
aggregated across all benchmarks. Right: correlations computed on the Chat-Hard subset only.

To determine whether language-dependent bias is evaluator-specific or systematic, we compute
pairwise Pearson correlations between per-language mean scores across all evaluators. As shown
in Figure [] correlations range from moderate to strong (approximately 0.36-0.88), both when
aggregating across all benchmarks and when analyzing individual task categories.

These strong correlations indicate that evaluators largely agree on which languages are scored higher
or lower, despite differences in architecture, training objective, and score scale. Together, these results
suggest that language-dependent scoring bias reflects a shared inductive bias across multilingual
LLM evaluators, rather than idiosyncratic behavior of individual models.

Taken together, these results demonstrate that multilingual LLM evaluators encode language-
conditioned scoring behavior that is systematic, statistically robust, and shared across models,
yet remains undetectable under standard pairwise validation protocols.

2.4 RESOURCE LEVEL AND WRITING SCRIPT

A natural hypothesis is that language-dependent scoring bias reflects differences in training data
availability or writing systems. To examine this, Figure 3] relates per-language evaluation scores
to estimated language resource levels, using the number of Common Crawl pages as a proxy. For
prompted LLM judges (Figure [3] left), we observe only a weak association between resource
availability and mean score. Trained reward models exhibit a markedly stronger and more consistent
relationship between resource level and score (Figure [3] right). Here, both Pearson and Spearman
correlations are substantially larger (Pearson » = —0.58, Spearman p = —0.81), indicating a
strong monotonic decrease in reward scores as resource availability increases. Under reward-model
evaluation, high-resource languages are systematically assigned lower normalized scores, while
lower-resource languages are scored more favorably.

2.5 PAIRWISE ACCURACY MASKS LANGUAGE-DEPENDENT DECISION BIAS

Pairwise accuracy is the dominant validation metric for multilingual reward models and LLM-based
evaluators, measuring whether preferred responses are ranked above rejected ones. As shown in
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Figure 3: Relationship between language evaluation scores and training data availability. Each
point represents a language, plotted by its mean evaluation score against the estimated number of
CC-MAIN-2025-51 pages (log scale). Background bands indicate coarse resource regimes, and colors
denote writing script.
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Figure 4: pairwise accuracy does not accurately reflect reward model ability

Table[5] pairwise accuracy is uniformly high across languages and models for both prompted LLM-
AS-A-JUDGE evaluators and trained reward models. Under this metric alone, evaluators appear
stable, consistent, and largely language-agnostic. However, pairwise accuracy captures only relative
ordering and is insensitive to systematic shifts in score distributions. Many practical uses of evalua-
tors—including threshold-based filtering, reward shaping in RLHF, and safety enforcement—depend
not on relative rankings but on absolute scores. To examine whether high pairwise accuracy implies
comparable downstream behavior across languages, we analyze acceptance rates under a fixed global
decision threshold.

Specifically, we calibrate a single threshold on the full evaluation set and apply it uniformly across all
languages. For each language, we compute the acceptance rate: the proportion of responses whose
score exceeds this threshold. Figure @] plots per-language acceptance rate against pairwise accuracy
for both evaluation paradigms.

Despite pairwise accuracy remaining near saturation (often exceeding 90-95%), acceptance rates
diverge dramatically across languages. Even for trained reward models—which exhibit lower overall
variance—acceptance rates still vary by up to 34 percentage points at comparable pairwise accuracy.
These discrepancies occur squarely within the regime typically considered “validated” by pairwise
metrics. Crucially, this divergence is not visible in pairwise accuracy itself. Languages that appear
equally well-evaluated under standard pairwise validation can experience substantially different
decision outcomes under identical thresholds.
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USE OF LARGE LANGUAGE MODELS

LLMs were used as auxiliary tools to assist with code generation and debugging, and to polish the
writing and presentation of the manuscript. All scientific contributions, experimental decisions, and
interpretations were made by the authors.
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A  EXPERIMENTAL DETAILS & DATASET

A.1 LANGUAGES AND LINGUISTIC PROPERTIES
Code Language Script Family Resource Class
ar Arabic Arabic Afro-Asiatic High
cs Czech Latin Indo-European High
de German Latin Indo-European High
el Greek Greek Indo-European Mid
en English Latin Indo-European High
es Spanish Latin Indo-European High
fa Persian Arabic Indo-European High
fr French Latin Indo-European High
he Hebrew Hebrew Afro-Asiatic Mid
hi Hindi Devanagari  Indo-European High
id Indonesian Latin Austronesian Mid
it Italian Latin Indo-European High
ja Japanese Japanese Japonic High
ko Korean Hangul Koreanic Mid
nl Dutch Latin Indo-European High
pl Polish Latin Indo-European High
pt Portuguese Latin Indo-European High
1o Romanian Latin Indo-European Mid
ru Russian Cyrillic Indo-European High
tr Turkish Latin Turkic High
uk Ukrainian Cyrillic Indo-European Mid
vi Vietnamese Latin Austroasiatic High
zh Chinese Han / Hant Sino-Tibetan High

Table 1: Languages in RewardBench, M-RewardBench and their linguistic properties. Data from

Gureja et al|(2025).

A.2 BENCHMARK COMPOSITION AND TASK BREAKDOWN
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Figure 5: Distribution of reward scores for unchosen responses across benchmark domains. Stacked
bars show the count of instances assigned to each discrete score level by different reward models.
Unchosen responses exhibit wider score dispersion than chosen responses, reducing ceiling effects
and revealing language-dependent variation.
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B FULL POINTWISE SCORE STATISTICS

These tables provide the complete per-language statistics underlying Figures [[|and @] in the main text.

Model Scores Task Averages

Lang Chat Chat-Hard Reasoning Safety C H R S [¢]

Aya Q M LLaMA Aya Q M LLaMA Aya Q M LLaMA Aya Q M LLaMA Avg Avg Avg  Avg
hi 4.64 4.01 4.15 4.74 3.98 3.56 4.04 4.50 3.55 2.83 3.93 341 272 257 2.94 4.14  4.08 291 371
el 462 3.75 4.20 449 3.62 3.44 3.72 414 315 286 3.65 3.07 248 2.64 2.95 4.00 3.82 2.79 3.51
fa 445 3.72 4.06 446 3.76  3.21 3.88 4.25 3.27 295 3.65 3.20 261 252 2.88 3.83 3.83 2.80  3.50
vi 471 3.78 4.08 446 3.68 3.29 3.48 4.05 329 290 3.63 327 254 229 2.96 3.90 3.73 2.76  3.46
ko 437 3.73 4.32 427 3.68 2.84 4.15 4.05 3.37 291 3.59 3.42 263 207 2.95 3.84 3.73 2.77  3.46
ja 447 3.77 4.36 4.20 3.75 2.86 3.79 4.19 3.42 3.02 3.64 312 2.60 230 2.77 3.90 3.65 2.70 3.46
he 4.66 3.70 4.50 4.69 3.71 3.22 4.08 3.40 325 271 3.89 325 229 1.76 2.88 4.00  3.92 2.54  3.44
tr 4.46  3.76 4.11 4.42 3.68 3.06 3.72 3.98 333 272 3.64 310 253 229 2.86 3.72 2.69 3.41
ar 4.60 3.78 4.11 4.58 3.73 2.88 3.72 4.03 332 2.78 3.73 3.00 249 1.67 2.84 3.73 2.50 3.39
uk 4.74 3.64 4.05 458 3.62 3.20 3.60 4.02 320 2.77 3.75 294 239 219 2.20 3.75 243 337
ru 4.69 3.60 3.96 462 334 299 3.40 4.09 3.23 2.86 3.59 297 239 225 2.57 3.59 2.55 3.35
zh 4.61 3.60 2.96 4.02 443 340 2.66 3.43 4.07 3.16 298 3.68 3.16 240 2.08 2.72 3.48 2.59 3.33
1o 4.51 3.64 3.05 4.06 431 341 3.04 3.36 3.63 317 293 3.65 3.00 234 245 2.60 3.53  3.35 2.60 3.32
id 447 3.56 2.86 4.01 436 3.46 2.71 3.24 4.19 3.25 2.76 3.69 320 237 1.79 2.89 3.44 347 256 3.30
nl 4.48 3.50 3.04 3.99 4.24 327 3.11 3.11 3.99 313 290 3.48 312 236 224 2.50 3.43 338 256 3.28

pt 4.54 357 2.73 4.04 427 332 277 3.25 394 316 2.68 3.56 3.01 238 219 2.69
de 4.60 3.57 2.94 3.89 432 323 270 3.10 418 3.15 2.89 3.48 298 233 226 2.46
en 442 340 318 3.87 416 3.14 3.01 3.01 3.83 3.08 3.04 3.53 294 226 243 2.72
cs 4.54 3.62 2.76 3.95 428 3.46 2.66 3.44 425 3.1 2.57 3.61 256 245 212 2.61
es 4.38 3.53 2.76 3.98 424 334 275 3.08 3.80 3.18 2.85 3.68 3.04 233 238 2.56
pl 4.57 3.66 2.89 3.89 4.38 347 295 3.19 3.61 312 290 3.59 288 236 2.06 2.35
fr 443 351 2.70 4.00 422 325 2.69 3.06 388 3.14 275 3.59 3.07 238 237 2.65
it 4.53 3.41 259 3.92 4.40 3.28 2.58 3.01 4.08 3.18 2.78 3.50 297 232 2.06 2.56

3.40 3.33 257 3.26
3.34 342 251 3.25
3.33 337 259 3.25
3.46 3.38 244 3.25
3.35 3.38 258 3.24
3.50 331 241 3.24
331 334 262 3.23
3.32 3.38 248 320

Table 2: Average evaluation scores (1-5) across languages for four task categories (Chat, Chat-Hard,
Reasoning, Safety) and four models (Aya, Qwen, Unbabel, LLaMA). Task-level and overall averages
are reported for each language.

Model Scores Task Averages
Lang Chat Chat-Hard Reasoning Safety C H R s o
URM BTRM SkyG SkyL URM BTRM SkyG SkyL URM BTRM SkyG SkyL URM BTRM SkyG SkyL  Avg  Avg Avg  Avg
el 158 114 062 159 046 097 092 084 L78 —011 035 122 —028 -070 -114 —062 123 080 —069 054
he 156 066  0.67 114 010 0.6 066 058 179 —011 036 075 026 —150 —-159 —124 101  0.49 —1.02 029
ar 095 121 061 109 -0.35 095 050 045 139 018 031 100 -0.95 -120 -170 -0.84 096  0.39 117 022
hi 082 099 073 092 -015 096 080 033 096 0.1 038 075 —0.65 —087 46 112 086 0.48 -1.02 022
uk 042 097 0.8 136 —0.39 084 075 077 127 —016 038 117 —123 143 —0.75 090 049 —121 021
o L0l 086 063 108 —039 079 071 045 137 —0.08 035 109 —104 105 089 039 ~129 017
fa 090 107 036 067 -010 105 049 025 148 001 014 095 —0.80 122 075 043 ~114 017
tr 058 082 107 070 —0.66 085 095 018 L1l 006 057 076 -1.25 105 079 033 120 0.3
cs 042 104 090 106 —-0.65 089 066 025 103 -0.06 043 090 —0.97 —095 085 029 —121 013
pl 008 103 074 104 -0 079 042 : 110 004 065 098 —1.07 110 072 024 -123 011
vi 066 099 049  1.06 076 058 127 003 032 088 —L19 —109 080 024 ~1.36 0.08
ko 084 075 115 030 067 L4 127 —007 078 039 —1.01 173 076 0.20 ~1.25 007
ru 098 060 108 —0.60 0.67 045 105 004 059 085 -122 122 085 0.8 ~1.37 007
nl 070 090 055 077 —0.62 069 009 104 001 068 077 —1.03 145 073 —0.01 149 —0.04
it 038 109 047 097 —121 067 031 LOL 012 049 083 —146 130 072 —0.06 —154 —0.07
de 054 087 068 055 -1.04 065 038 0.86 000 057 053 -L14 160 0.66 —0.11 154 —0.13
ja 008  0.66 072 042 -0.86 060 063 113 008 031 060 —154 —170 047 003 —1.57 —0.14
pt 056 0.89 045 030 —0.94 055 028 1.09 0.65 046 —1.18 185 055 —0.17 —1.67 —0.18
es 001 096 057 054 —144 061 —0.02 0.82 045 052 154 “165 051 —0.35 —175 027
fr 018 088 049 071 -152 051 025 048 0.64 055 -1.83 —174 057 —0.32 —1.84 030
‘h 067 -0.05 077 009 -1.08 —008 079 1.08 0.60 019 —1.34 218 037 —0.32 203 —0.38
id 006 061 034 015 -080 042 —0.13 0.88 024 032 —125 ~1.93 026 —030 ~184 038
en 071 058 075 —021 -149 018 0.3 0.67 0.83 005 -110 ~2.72 046 —0.82 ~215  -0.54

Table 3: Average evaluation normalized z-scores across languages for four task categories (Chat,
Chat-Hard, Reasoning, Safety) and four reward models (URM-LLaMa, BTRM-Qwen, Skywork-
Gemma, Skywork-LLaMa). Scores are z-normalized within each model. Task-level and overall
averages are reported for each language.

C STATISTICAL SIGNIFICANCE OF LANGUAGE-DEPENDENT EFFECTS

This appendix reports the full statistical results for both prompted LLM judges and trained reward
models. For all evaluators, we reject the null hypothesis of equal mean scores across languages (p <
0.001). Reward models generally exhibit larger F-statistics than prompted judges, suggesting that
supervised preference training amplifies language-conditioned score differences.

D CROSS-MODEL CORRELATION MATRICES

Task-specific correlations show similar qualitative trends and are included for completeness.

E PER-MODEL PAIRWISE ACCURACY TABLES
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LLM-as-a-Judge F p-value n ‘ Reward Model F p-value n

Aya-Expanse-32B 231 < 0.001 9148 | RM-LLaMA-3.1-8B 7.25 < 0.001 9200
Qwen-2.5-72B 445 < 0.001 9187 | BTRM-Qwen 8.42 < 0.001 9200
M-Prometheus-14B 538 < 0.001 9161 | Skywork-Gemma-2-27B  4.10 < 0.001 9200
LLaMA-3.1-70B-Instruct 4.83 < 0.001 9138 | Skywork-LLaMA-3.1-8B 29.10 < 0.001 9200

Table 4: One-way ANOVA results testing for differences in mean evaluation scores across languages.
All evaluators exhibit statistically significant language effects (p < 0.001).
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scoring patterns across judge models, aggregated over

all benchmarks. Each cell reports the Pearson correlation between per-language mean scores assigned

by two models.

LLM-as-a-Judge Reward Models

Language Aya Qwen M-Prom Llama 3 BTRM-Q URM-L Skywork-g Skywork-1

Chat  Safety Chat Safety Chat Safety Chat Safety Chat Safety Chat Safety Chat Safety Chat Safety
English 81.4 833 930 87.0 916 776  87.6 839 98.0 920 97.0 90.0 88.0 93.0 99.0 93.0
Russian 76.1 838 91.0 847 918 785 85.6 815 97.0 850 920 83.0 84.0 86.0 94.0 91.0
Ttalian 79.4 837 936 838 939 76.8 854 852 98.0 850 89.0 86.0 85.0 850 97.0 91.0
German 78.4 827 920 850 908 747 86.1 828 98.0 89.0 920 850 83.0 85.0 93.0 91.0
Portuguese  79.1 86.0 914 839 930 756 855 83.0 98.0 86.0 91.0 86.0 85.0 850 93.0 89.0
Romanian 78.2 844  90.1 836 922 747 851 832 96.0 86.0 89.0 81.0 86.0 840 91.0 86.0
Indonesian 80.0 80.3 923 86.0 927 7710 874 80.8 98.0 84.0 87.0 840 78.0 88.0 89.0 92.0
Spanish 82.6 81.0 923 842 930 727 849 839 98.0 88.0 90.0 85.0 78.0 87.0 93.0 90.0
Vietnamese ~ 75.7 814 879 79.7 88.6 746 855 812  97.0 850 87.0 820 87.0 88.0 92.0 83.0
Chinese 782 799 894 827 892 76.6  85.0 78.6  90.0 85.0 86.0 83.0 84.0 83.0 91.0 85.0
Turkish 79.9 718 922 86.7 922 769 859 812  97.0 82.0 86.0 80.0 82.0 84.0 87.0 82.0
French 80.0 835 927 851 923 749 842 85.1 98.0 83.0 85.0 850 85.0 91.0 91.0 90.0
Korean 784 77.1  90.1 825 922 784 79.0 726  97.0 850 90.0 850 81.0 83.0 920 80.0
Dutch 80.5 825 929 86.0 91.1 815 85.1 832 98.0 83.0 84.0 87.0 83.0 87.0 94.0 90.0
Polish 78.6 842 887 863  89.1 782  86.9 839 970 84.0 83.0 850 78.0 87.0 90.0 88.0
Arabic 77.8 809 883 858 925 742 85.1 829 970 850 83.0 80.0 76.0 86.0 85.0 79.0
Greek 713 798 924 823 867 795 804 79.5  94.0 80.0 85.0 81.0 73.0 81.0 85.0 84.0
Czech 759 818 914 809 899 775  86.9 83.0 98.0 87.0 820 82.0 80.0 83.0 90.0 85.0
Ukrainian 74.4 78.1  90.1 81.1 885 741 845 835 96.0 84.0 86.0 84.0 80.0 770 91.0 87.0
Hindi 76.3 815 914 84.1 848 70.1  85.1 798 93.0 80.0 88.0 83.0 75.0 820 83.0 85.0
Japanese 71.7 822 91.8 847 91.6 722 793 80.2 95.0 87.0 86.0 85.0 70.0 81.0 90.0 89.0
Persian 80.9 81.8 899 854 90.1 764 86.7 793 96.0 80.0 78.0 85.0 81.0 85.0 88.0 86.0
Hebrew 76.7 715 87.1 81.7 86.8 66.6 772 783  97.0 85.0 56.0 75.0 82.0 82.0 740 85.0
Mean 80.0 875 83.1 83.1 90.9 84.8 83.0 88.5
Std Dev 2.7 39 8.0 3.1 6.2 5.8 4.4 4.7

Table 5: Per-language pairwise accuracy (accepted > rejected) for the Chat and Safety benchmarks.
Despite substantial language-dependent variation in pointwise model scores, pairwise accuracy
remains uniformly high and consistent across languages and models, with minimal variation (< 5%)

within each evaluator.
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