
I Can’t Believe It’s Not Better Workshop @ ICLR 2026

LANGUAGE-DEPENDENT MISCALIBRATION
IN MULTILINGUAL LLM EVALUATORS

Ej Zhou, Lucas Resck, Zheng Hui & Anna Korhonen
Language Technology Lab, University of Cambridge

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 LLM 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 5). Our
evaluation spans 23 languages (see Table 1).

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 al., 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 al., 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 1 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 1, 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 LLM-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

2



I Can’t Believe It’s Not Better Workshop @ ICLR 2026

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 4 for full results).

2.3.2 CROSS-MODEL CONSISTENCY

Ay
a

Qwen

M-Pr
om

eth
eu

s
Lla

ma
URM-L

BTR
M-Q

sky
work

-g

sky
work

-l

model

Aya

Qwen

M-Prometheus

Llama

URM-L

BTRM-Q

skywork-g

skywork-l

m
od

el

1.00 0.59 0.38 0.24 0.06 0.14 0.06 0.06

0.59 1.00 0.26 0.67 0.33 0.50 0.43 0.40

0.38 0.26 1.00 -0.04 0.26 0.20 0.13 0.14

0.24 0.67 -0.04 1.00 0.60 0.21 0.32 0.21

0.06 0.33 0.26 0.60 1.00 0.42 0.37 0.59

0.14 0.50 0.20 0.21 0.42 1.00 0.07 0.77

0.06 0.43 0.13 0.32 0.37 0.07 1.00 0.25

0.06 0.40 0.14 0.21 0.59 0.77 0.25 1.00

All Benchmarks

Ay
a

Qwen

M-Pr
om

eth
eu

s
Lla

ma
URM-L

BTR
M-Q

sky
work

-g

sky
work

-l

model

Aya

Qwen

M-Prometheus

Llama

URM-L

BTRM-Q

skywork-g

skywork-l

m
od

el

1.00 0.60 0.51 0.45 0.58 0.30 0.32 0.58

0.60 1.00 0.53 0.81 0.66 0.56 0.62 0.59

0.51 0.53 1.00 0.35 0.61 0.35 0.27 0.34

0.45 0.81 0.35 1.00 0.67 0.34 0.69 0.44

0.58 0.66 0.61 0.67 1.00 0.66 0.56 0.77

0.30 0.56 0.35 0.34 0.66 1.00 0.33 0.80

0.32 0.62 0.27 0.69 0.56 0.33 1.00 0.48

0.58 0.59 0.34 0.44 0.77 0.80 0.48 1.00

Mean  = 0.53

Chat-Hard

1.00

0.75

0.50

0.25

0.00

0.25

0.50

0.75

1.00

Co
rre

la
tio

n

1.00

0.75

0.50

0.25

0.00

0.25

0.50

0.75

1.00

Co
rre

la
tio

n

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 6, 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 r = −0.58, Spearman ρ = −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 4 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
ro 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

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 1 and 4 in the main text.

Model Scores Task Averages
Lang Chat Chat-Hard Reasoning Safety C H R S O

Aya Q M LLaMA Aya Q M LLaMA Aya Q M LLaMA Aya Q M LLaMA Avg Avg Avg Avg Avg

hi 4.64 4.01 3.75 4.15 4.74 3.98 3.56 4.04 4.50 3.55 2.83 3.93 3.41 2.72 2.57 2.94 4.14 4.08 3.70 2.91 3.71
el 4.62 3.75 3.45 4.20 4.49 3.62 3.44 3.72 4.14 3.15 2.86 3.65 3.07 2.48 2.64 2.95 4.00 3.82 3.45 2.79 3.51
fa 4.45 3.72 3.10 4.06 4.46 3.76 3.21 3.88 4.25 3.27 2.95 3.65 3.20 2.61 2.52 2.88 3.83 3.83 3.53 2.80 3.50
vi 4.71 3.78 3.04 4.08 4.46 3.68 3.29 3.48 4.05 3.29 2.90 3.63 3.27 2.54 2.29 2.96 3.90 3.73 3.47 2.76 3.46
ko 4.37 3.73 2.95 4.32 4.27 3.68 2.84 4.15 4.05 3.37 2.91 3.59 3.42 2.63 2.07 2.95 3.84 3.73 3.48 2.77 3.46
ja 4.47 3.77 3.02 4.36 4.20 3.75 2.86 3.79 4.19 3.42 3.02 3.64 3.12 2.60 2.30 2.77 3.90 3.65 3.57 2.70 3.46
he 4.66 3.70 3.13 4.50 4.69 3.71 3.22 4.08 3.40 3.25 2.71 3.89 3.25 2.29 1.76 2.88 4.00 3.92 3.31 2.54 3.44
tr 4.46 3.76 2.86 4.11 4.42 3.68 3.06 3.72 3.98 3.33 2.72 3.64 3.10 2.53 2.29 2.86 3.80 3.72 3.42 2.69 3.41
ar 4.60 3.78 2.95 4.11 4.58 3.73 2.88 3.72 4.03 3.32 2.78 3.73 3.00 2.49 1.67 2.84 3.86 3.73 3.46 2.50 3.39
uk 4.74 3.64 3.02 4.05 4.58 3.62 3.20 3.60 4.02 3.20 2.77 3.75 2.94 2.39 2.19 2.20 3.86 3.75 3.44 2.43 3.37
ru 4.69 3.60 2.99 3.96 4.62 3.34 2.99 3.40 4.09 3.23 2.86 3.59 2.97 2.39 2.25 2.57 3.81 3.59 3.44 2.55 3.35
zh 4.61 3.60 2.96 4.02 4.43 3.40 2.66 3.43 4.07 3.16 2.98 3.68 3.16 2.40 2.08 2.72 3.80 3.48 3.47 2.59 3.33
ro 4.51 3.64 3.05 4.06 4.31 3.41 3.04 3.36 3.63 3.17 2.93 3.65 3.00 2.34 2.45 2.60 3.82 3.53 3.35 2.60 3.32
id 4.47 3.56 2.86 4.01 4.36 3.46 2.71 3.24 4.19 3.25 2.76 3.69 3.20 2.37 1.79 2.89 3.73 3.44 3.47 2.56 3.30
nl 4.48 3.50 3.04 3.99 4.24 3.27 3.11 3.11 3.99 3.13 2.90 3.48 3.12 2.36 2.24 2.50 3.75 3.43 3.38 2.56 3.28
pt 4.54 3.57 2.73 4.04 4.27 3.32 2.77 3.25 3.94 3.16 2.68 3.56 3.01 2.38 2.19 2.69 3.72 3.40 3.33 2.57 3.26
de 4.60 3.57 2.94 3.89 4.32 3.23 2.70 3.10 4.18 3.15 2.89 3.48 2.98 2.33 2.26 2.46 3.75 3.34 3.42 2.51 3.25
en 4.42 3.40 3.18 3.87 4.16 3.14 3.01 3.01 3.83 3.08 3.04 3.53 2.94 2.26 2.43 2.72 3.72 3.33 3.37 2.59 3.25
cs 4.54 3.62 2.76 3.95 4.28 3.46 2.66 3.44 4.25 3.11 2.57 3.61 2.56 2.45 2.12 2.61 3.72 3.46 3.38 2.44 3.25
es 4.38 3.53 2.76 3.98 4.24 3.34 2.75 3.08 3.80 3.18 2.85 3.68 3.04 2.33 2.38 2.56 3.66 3.35 3.38 2.58 3.24
pl 4.57 3.66 2.89 3.89 4.38 3.47 2.95 3.19 3.61 3.12 2.90 3.59 2.88 2.36 2.06 2.35 3.75 3.50 3.31 2.41 3.24
fr 4.43 3.51 2.70 4.00 4.22 3.25 2.69 3.06 3.88 3.14 2.75 3.59 3.07 2.38 2.37 2.65 3.66 3.31 3.34 2.62 3.23
it 4.53 3.41 2.59 3.92 4.40 3.28 2.58 3.01 4.08 3.18 2.78 3.50 2.97 2.32 2.06 2.56 3.61 3.32 3.38 2.48 3.20

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 Avg

el 1.58 1.14 0.62 1.59 0.46 0.97 0.92 0.84 1.78 −0.11 0.35 1.22 −0.28 −0.70 −1.14 −0.62 1.23 0.80 0.81 −0.69 0.54
he 1.56 0.66 0.67 1.14 0.10 0.63 0.66 0.58 1.79 −0.11 0.36 0.75 0.26 −1.50 −1.59 −1.24 1.01 0.49 0.70 −1.02 0.29
ar 0.95 1.21 0.61 1.09 −0.35 0.95 0.50 0.45 1.39 0.18 0.31 1.00 −0.95 −1.20 −1.70 −0.84 0.96 0.39 0.72 −1.17 0.22
hi 0.82 0.99 0.73 0.92 −0.15 0.96 0.80 0.33 0.96 0.11 0.38 0.75 −0.65 −0.87 −1.46 −1.12 0.86 0.48 0.55 −1.02 0.22
uk 0.42 0.97 0.86 1.36 −0.39 0.84 0.75 0.77 1.27 −0.16 0.38 1.17 −1.23 −1.43 −1.43 −0.75 0.90 0.49 0.66 −1.21 0.21
ro 1.01 0.86 0.63 1.08 −0.39 0.79 0.71 0.45 1.37 −0.08 0.35 1.09 −1.04 −1.40 −1.66 −1.05 0.89 0.39 0.68 −1.29 0.17
fa 0.90 1.07 0.36 0.67 −0.10 1.05 0.49 0.25 1.48 0.01 0.14 0.95 −0.80 −0.95 −1.58 −1.22 0.75 0.43 0.64 −1.14 0.17
tr 0.58 0.82 1.07 0.70 −0.66 0.85 0.95 0.18 1.11 −0.06 0.57 0.76 −1.25 −1.18 −1.33 −1.05 0.79 0.33 0.59 −1.20 0.13
cs 0.42 1.04 0.90 1.06 −0.65 0.89 0.66 0.25 1.03 −0.06 0.43 0.90 −0.97 −1.46 −1.47 −0.95 0.85 0.29 0.57 −1.21 0.13
pl 0.08 1.03 0.74 1.04 −0.55 0.79 0.42 0.29 1.10 0.04 0.65 0.98 −1.07 −1.29 −1.46 −1.10 0.72 0.24 0.69 −1.23 0.11
vi 0.66 0.99 0.49 1.06 −0.71 0.76 0.58 0.34 1.27 0.03 0.32 0.88 −1.19 −1.44 −1.73 −1.09 0.80 0.24 0.62 −1.36 0.08
ko 0.84 0.75 1.15 0.30 −0.55 0.67 1.14 −0.47 1.27 −0.07 0.78 0.39 −1.01 −1.41 −0.86 −1.73 0.76 0.20 0.59 −1.25 0.07
ru 0.72 0.98 0.60 1.08 −0.60 0.67 0.45 0.19 1.05 0.04 0.59 0.85 −1.22 −1.48 −1.58 −1.22 0.85 0.18 0.63 −1.37 0.07
nl 0.70 0.90 0.55 0.77 −0.62 0.69 0.09 −0.19 1.04 −0.01 0.68 0.77 −1.03 −1.52 −1.94 −1.45 0.73 −0.01 0.62 −1.49 −0.04
it 0.38 1.09 0.47 0.97 −1.21 0.67 0.31 −0.01 1.01 0.12 0.49 0.83 −1.46 −1.44 −1.96 −1.30 0.72 −0.06 0.61 −1.54 −0.07
de 0.54 0.87 0.68 0.55 −1.04 0.65 0.38 −0.43 0.86 0.00 0.57 0.53 −1.14 −1.62 −1.80 −1.60 0.66 −0.11 0.49 −1.54 −0.13
ja 0.08 0.66 0.72 0.42 −0.86 0.60 0.63 −0.26 1.13 −0.08 0.31 0.60 −1.54 −1.90 −1.12 −1.70 0.47 0.03 0.49 −1.57 −0.14
pt 0.56 0.89 0.45 0.30 −0.94 0.55 0.28 −0.59 1.09 0.10 0.65 0.46 −1.18 −1.62 −2.02 −1.85 0.55 −0.17 0.57 −1.67 −0.18
es 0.11 0.96 0.57 0.54 −1.44 0.61 −0.02 −0.53 0.82 0.12 0.45 0.52 −1.54 −1.57 −2.23 −1.65 0.54 −0.35 0.48 −1.75 −0.27
fr 0.18 0.88 0.49 0.71 −1.52 0.51 0.25 −0.53 0.48 −0.02 0.64 0.55 −1.83 −1.69 −2.09 −1.74 0.57 −0.32 0.41 −1.84 −0.30
zh 0.67 −0.05 0.77 0.09 −1.08 −0.08 0.79 −0.90 1.08 −0.02 0.60 0.19 −1.34 −3.10 −1.49 −2.18 0.37 −0.32 0.47 −2.03 −0.38
id −0.06 0.61 0.34 0.15 −0.80 0.42 −0.13 −0.67 0.88 −0.02 0.24 0.32 −1.25 −2.10 −2.06 −1.93 0.26 −0.30 0.35 −1.84 −0.38
en 0.71 0.58 0.75 −0.21 −1.49 0.18 0.13 −2.09 0.67 −0.12 0.83 0.05 −1.10 −2.47 −2.29 −2.72 0.46 −0.82 0.36 −2.15 -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 2.31 < 0.001 9148 RM-LLaMA-3.1-8B 7.25 < 0.001 9200
Qwen-2.5-72B 4.45 < 0.001 9187 BTRM-Qwen 8.42 < 0.001 9200
M-Prometheus-14B 5.38 < 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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Figure 6: Correlation of language-dependent 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-l
Chat Safety Chat Safety Chat Safety Chat Safety Chat Safety Chat Safety Chat Safety Chat Safety

English 81.4 83.3 93.0 87.0 91.6 77.6 87.6 83.9 98.0 92.0 97.0 90.0 88.0 93.0 99.0 93.0
Russian 76.1 83.8 91.0 84.7 91.8 78.5 85.6 81.5 97.0 85.0 92.0 88.0 84.0 86.0 94.0 91.0
Italian 79.4 83.7 93.6 83.8 93.9 76.8 85.4 85.2 98.0 85.0 89.0 86.0 85.0 85.0 97.0 91.0
German 78.4 82.7 92.0 85.0 90.8 74.7 86.1 82.8 98.0 89.0 92.0 85.0 83.0 85.0 93.0 91.0
Portuguese 79.1 86.0 91.4 83.9 93.0 75.6 85.5 83.0 98.0 86.0 91.0 86.0 85.0 85.0 93.0 89.0
Romanian 78.2 84.4 90.1 83.6 92.2 74.7 85.1 83.2 96.0 86.0 89.0 81.0 86.0 84.0 91.0 86.0
Indonesian 80.0 80.3 92.3 86.0 92.7 77.0 87.4 80.8 98.0 84.0 87.0 84.0 78.0 88.0 89.0 92.0
Spanish 82.6 81.0 92.3 84.2 93.0 72.7 84.9 83.9 98.0 88.0 90.0 85.0 78.0 87.0 93.0 90.0
Vietnamese 75.7 81.4 87.9 79.7 88.6 74.6 85.5 81.2 97.0 85.0 87.0 82.0 87.0 88.0 92.0 83.0
Chinese 78.2 79.9 89.4 82.7 89.2 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 77.8 92.2 86.7 92.2 76.9 85.9 81.2 97.0 82.0 86.0 80.0 82.0 84.0 87.0 82.0
French 80.0 83.5 92.7 85.1 92.3 74.9 84.2 85.1 98.0 88.0 85.0 85.0 85.0 91.0 91.0 90.0
Korean 78.4 77.1 90.1 82.5 92.2 78.4 79.0 72.6 97.0 85.0 90.0 85.0 81.0 83.0 92.0 80.0
Dutch 80.5 82.5 92.9 86.0 91.1 81.5 85.1 83.2 98.0 88.0 84.0 87.0 83.0 87.0 94.0 90.0
Polish 78.6 84.2 88.7 86.3 89.1 78.2 86.9 83.9 97.0 84.0 83.0 85.0 78.0 87.0 90.0 88.0
Arabic 77.8 80.9 88.3 85.8 92.5 74.2 85.1 82.9 97.0 85.0 83.0 80.0 76.0 86.0 85.0 79.0
Greek 77.3 79.8 92.4 82.3 86.7 79.5 80.4 79.5 94.0 80.0 85.0 81.0 73.0 81.0 85.0 84.0
Czech 75.9 81.8 91.4 80.9 89.9 77.5 86.9 83.0 98.0 87.0 82.0 82.0 80.0 83.0 90.0 85.0
Ukrainian 74.4 78.1 90.1 81.1 88.5 74.1 84.5 83.5 96.0 84.0 86.0 84.0 80.0 77.0 91.0 87.0
Hindi 76.3 81.5 91.4 84.1 84.8 70.1 85.1 79.8 93.0 80.0 88.0 83.0 75.0 82.0 83.0 85.0
Japanese 77.7 82.2 91.8 84.7 91.6 72.2 79.3 80.2 95.0 87.0 86.0 85.0 70.0 81.0 90.0 89.0
Persian 80.9 81.8 89.9 85.4 90.1 76.4 86.7 79.3 96.0 80.0 78.0 85.0 81.0 85.0 88.0 86.0
Hebrew 76.7 77.5 87.1 81.7 86.8 66.6 77.2 78.3 97.0 85.0 56.0 75.0 82.0 82.0 74.0 85.0

Mean 80.0 87.5 83.1 83.1 90.9 84.8 83.0 88.5
Std Dev 2.7 3.9 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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