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Abstract

LLM-as-a-Judge has emerged as a popular eval-
uation strategy, where advanced large language
models assess generation results in alignment
with human instructions. While these models
serve as a promising alternative to human an-
notators, their reliability in multilingual eval-
uation remains uncertain. To bridge this gap,
we conduct a comprehensive analysis of multi-
lingual LLM-as-a-Judge. Specifically, we eval-
uate five models from different model fami-
lies across five diverse tasks involving 25 lan-
guages. Our findings reveal that LLMs struggle
to achieve consistent judgment results across
languages, with an average Fleiss’ Kappa of
approximately 0.3, and some models perform-
ing even worse. To investigate the cause of
inconsistency, we analyze various influencing
factors. We observe that consistency varies sig-
nificantly across languages, with particularly
poor performance in low-resource languages.
Additionally, we find that neither training on
multilingual data nor increasing model scale
directly improves judgment consistency. These
findings suggest that LLMs are not yet reliable
for evaluating multilingual predictions. We fi-
nally propose an ensemble strategy which im-
proves the consistency of the multilingual judge
in real-world applications.

1 Introduction

The success of various approaches based on neural
networks has inspired the development of robust
evaluation methods to track advances in the field
of NLP (Sai et al., 2022; Chang et al., 2024). Eval-
uation aims to assess the quality and performance
of NLP models, typically performed using evalua-
tion metrics. Prior metrics vary depending on tasks
and evaluation aspects, such as accuracy and F1-
score for classification tasks, and BLEU (Papineni
et al., 2002) and ROUGE (Lin, 2004) for genera-
tion tasks. While these metrics benefit evaluations
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Q: How did Tesla finance his work?

A: His patents.

Q: 特斯拉是如何资助他的工作的?

A: 他的专利

Q: Как Тесла финансировал свою работу?

A: Его патенты

Q: Wie finanzierte Tesla seine Arbeit?

A: Seine Patente

Q: كيف موّل تسلا عمله؟

A: براءات اختراعه

LLM 

Judge 
Context: Tesla was renowned for his achievements. 

His patents earned him a lot of money, much of 

which was used to finance his own projects with 

varying degrees of success. […]

Human

Figure 1: Inconsistency in multilingual LLM-as-a-
Judge. Left part shows a multilingual Question An-
swering example. All question-answer pairs are parallel
and perfectly aligned across languages. Human evalua-
tors assess the results with uniform criteria. In contrast,
LLM-as-a-Judge demonstrates inconsistency in its judg-
ments, failing to maintain consistency across languages.

for various downstream tasks, their reliance on
human-annotated references and n-gram matching
limits their flexibility and effectiveness. With the
development of deep learning, pre-trained language
model-based evaluations are introduced, such as
BLEURT (Sellam et al., 2020) and BARTScore
(Yuan et al., 2021). They assess output quality by
using pre-trained language model representations
and generation probability.

To offer more efficient and powerful evaluation,
some researchers propose LLM-as-a-judge (Zheng
et al., 2023; Li et al., 2024; Gu et al., 2024), which
use powerful LLMs such as GPT4 (Achiam et al.,
2023) to evaluate generated response. Fu et al.
(2024) defined evaluation schemes in the prompt
template, and rely on existing LLMs as a judge
to offer an evaluation. To avoid the high cost and
potential data leakage, Zhu et al. (2023) fine-tunes
LLMs as their local evaluators. Existing works
(Chiang and Lee, 2023) show that the result of
LLM evaluation is consistent with the results ob-
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tained by expert human evaluation. These methods
are subsequently applied to the evaluation of vari-
ous tasks (Shen et al., 2023; Fernandes et al., 2023).

Given its superior performance, LLM-as-a-
Judge has been extended to multilingual scenarios,
where LLMs are expected to evaluate responses
across different languages (Rau et al., 2024). How-
ever, whether LLM-as-a-Judge is truly trustworthy
for multilingual evaluation remains uncertain. A
reliable multilingual judge should be consistent,
i.e., its judgments should depend on the content of
the response rather than the language in which it is
presented. Figure 1 illustrates a multilingual Ques-
tion Answering example, where question-answer
pairs are parallel across various languages. A hu-
man annotator evaluates these responses consis-
tently, without being influenced by language dif-
ferences. To assess the reliability of multilingual
LLM-as-a-Judge, we collect five datasets covering
different tasks, each with parallel data across mul-
tiple languages. We evaluate five models and find
that, despite achieving reasonable accuracy within
each task, they all struggle to maintain consistent
judgments across languages.

To further understand the factors affecting con-
sistency, we analyze results across different dimen-
sions. Notably, we observe that consistency scores
for low-resource languages are significantly lower,
even for multilingual LLMs designed for strong
cross-lingual performance, such as Aya-Expanse
(Dang et al., 2024). Furthermore, we find that the
LLM’s judgment consistency is influenced by its
task-specific ability, highlighting the need to con-
sider the alignment between the evaluation task and
the model’s domain expertise. Overall, our findings
shed light on the challenges of using LLM-as-a-
Judge in multilingual settings and provide insights
for future research on improving its reliability.

Our main contributions are as following:

• We investigate the reliability of multilingual
LLM-as-a-Judge by assessing its consistency
across parallel multilingual data. Our findings
reveal that LLMs struggle to provide consis-
tent judgments across languages.

• We conduct a detailed analysis of factors
that affect the LLM’s consistency across lan-
guages. Experimental results show that mul-
tilingual LLM-as-a-Judge performs poorly in
low-resource languages, and that the model’s
size and whether it undergoes multilingual
training does not affect its consistency.

You are an AI assistant whose purpose is to evaluate the 

correctness of answers to questions in <eval_language>. 

Given a context, a question, and an answer, your goal is to 

judge whether the generated answer is correct according to 

the provided context. Your evaluation should consider 

correctness and helpfulness. Do not allow the length of the 

responses to influence evaluation. Do not favor certain 

names of the assistants. Be as objective as possible. 

Please format your response as follows:

<result>

<justification>[Explain why select the grade for the answer. 

Use one or two sentences at most. Keep explaination as 

concise as possible.]</justification>

<answer>[correct or incorrect]</answer>

</result>

Context: <context>

Question: <question>

Answer: <answer>

Figure 2: Prompt template for using LLM-as-a-
Judge in a Question Answering task. Placeholders
<eval_language>, <context>, <question>, <answer>
are replaced by the input language, and its correspond-
ing context, question and answer. The text in the prompt
is color-coded to represent different sections: for role
definition, for evaluation rubric, for output.

• We introduce an ensemble strategy to improve
the consistency of the multilingual judge in
real-world applications.

2 Preliminary

2.1 LLM-as-a-Judge

LLM-as-a-Judge (Zheng et al., 2023) is a popular
method that evaluates generated outputs without fo-
cusing on word-level matching or relying on highly
cost human annotators. Instead, it uses powerful
LLMs such as GPT4 (Achiam et al., 2023) for eval-
uations covering multiple dimensions. Following
Gu et al. (2024), we define a typical LLM-as-a-
Judge as:

p← LLM(C ⊗ x) (1)

where x is the input data awaiting evaluation, C
is the context of the input x, ⊗ is a combination
operator that merges the input x with the context C,
LLM is the model used for the judgment, and p is the
evaluation results from the whole LLM-as-a-Judge
process. The context C is usually a prompt tem-
plate, containing (i) role definition, which defines
the task of the LLM; (ii) evaluation rubric, which
provides criteria and guidelines for evaluation; and
(iii) output, which regulates output formats and
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Dataset Task Answer Type Languages Num

XQuAD
Artetxe et al. (2020) Question Answering Extractive Span English, German, Russian, Spanish, Chinese, Vietnamese,

Turkish, Greek, Romanian, Thai, Hindi 1191

MGSM
Shi et al. (2023) Math Question Answering Sentence Spanish, French, German, Russian, Chinese, Japanese,

Thai, Swahili, Bengali, Telugu 250

WMT23
Kocmi et al. (2023) Machine Translation Sentence English, Chinese, German, Japanese, Russian, Czech,

Ukrainian, Hebrew 196

WikiLingua
Ladhak et al. (2020) Summarization Sentence

English, Spanish, Castilian, Portuguese, French, German,
Russian, Italian, Indonesian, Dutch, Flemish, Arabic, Chinese,
Vietnamese, Thai, Japanese, Korean, Hindi, Czech, Turkish

142

XDailyDialog
Liu et al. (2023) Dialogue Generation Sentence English, Italian, Chinese, German 996

Table 1: Datasets for multilingual LLM-as-a-Judge evaluation, all involving parallel data across provided languages.
Num indicates the number of data samples in one language.

contents. Figure 2 shows a prompt example in the
English Question Answering task.

Given the format of input x, LLM-as-a-Judge
can be divided into two groups: (i) pointwise com-
parison (Gao et al., 2023), where x is a single can-
didate; (ii) pairwise comparison (Fu et al., 2024),
where x is a pair involving candidate and reference.
In this paper, we adopt pointwise evaluation for
our experiments, as obtaining parallel multi-lingual
candidates is challenging. Based on the format of
the output, two judgment criteria exist: (i) Yes /
No requires a binary judgment from LLMs, i.e.,
correct or incorrect. In this case, LLM-as-a-Judge
solely focuses on accuracy. (ii) Score requires a
discrete score from LLMs. Following Chiang and
Lee (2023), we define the score range as 1-5 given
its superior evaluation performance. We use both
criteria for the following experiments.

2.2 Multilingual LLM-as-a-Judge

In practice, multilingual evaluation is essential for
assessing outputs across different languages, e.g.,
multilingual summarization. However, finding hu-
man annotators proficient in multiple languages is
both challenging and costly. To address this, LLM-
as-a-Judge is extended to Multilingual LLM-as-a-
Judge. Compared to standard LLM-as-a-Judge, the
input x in this framework can appear in multiple
languages beyond English. Figure 1 illustrates an
example. A reliable Multilingual LLM-as-a-Judge
is expected to provide consistent judgments across
parallel instances in different languages.

3 Experiment Setup

3.1 Models

We select five LLMs for experiments, includ-
ing (i) GPT-3.5-turbo, GPT-4o-2024-08-06 (Ope-

nAI, 2024), Gemini-2.0-Flash (Team et al., 2023),
since they are leading closed-source models which
achieve State-ot-the-art results in a large range
of NLP tasks; (ii) Llama-3.3-70b (Dubey et al.,
2024), Qwen-2.5-72b (Yang et al., 2024), well
known open source models; and (iii) Aya-expanse-
32b (Dang et al., 2024), multilingual specific
model. The model is carefully trained using multi-
lingual data arbitrage, multilingual preference op-
timization, and model merging methods, aiming
to achieve robust multilingual capabilities. All the
above models are commonly used as judges (Gu
et al., 2024).

3.2 Tasks and Datasets
Given our focus on exploring the consistency of
LLM-as-a-judge in multilingual scenarios, we se-
lect datasets that contain parallel data across all
tested languages. The parallel structure of the
dataset ensures that the input information remains
identical across instances, with language being the
only variable. The selected datasets cover a vari-
ety of NLP tasks, including Question Answering
(Artetxe et al., 2020), Math Question Answering
(Shi et al., 2023), Summarization (Ladhak et al.,
2020), Dialogue Generation (Liu et al., 2023), and
Machine Translation (Kocmi et al., 2023), aiming
to provide a comprehensive evaluation. Table 1
provides the details about these datasets.

3.3 Prompts
For each test sample, we select ground truth as eval-
uated answers. This is to ensure precise parallel
data alignment across all languages. Judgment in-
structions are then constructed as described in Sec-
tion 2 and subsequently adapted into final prompts
tailored for different models. Full templates are
provided in the Appendix A.1.
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Model
XQuAD MGSM WMT23 XDailyDialog WikiLingua

Acc FK Acc FK Acc FK Acc FK Acc FK

Y
es

/N
o

Aya-Expanse 96.86 0.2999 56.29 0.1895 92.64 0.1307 86.90 0.3812 89.87 0.3421
Llama-3.3 79.03 0.0748 64.25 0.0991 53.57 0.1463 74.50 0.2425 59.78 0.2325
Qwen-2.5 93.47 0.3620 75.93 0.2631 92.42 0.0775 78.31 0.3093 67.68 0.3531
GPT-3.5 97.67 0.1399 74.51 0.1855 94.17 0.1327 83.46 0.2127 56.14 0.1748
GPT-4o 92.04 0.3694 84.98 0.2352 85.88 0.1691 79.92 0.3692 65.57 0.5424
Gemini-2.0 92.78 0.3579 78.53 0.2464 90.51 0.1028 78.64 0.3284 65.92 0.3758

Avg FK Avg FK Avg FK Avg FK Avg FK

G
ra

de

Aya-Expanse 4.86 0.2399 3.70 0.0260 4.58 0.1434 4.44 0.3049 4.46 0.1865
Llama-3.3 4.64 0.1558 3.64 0.1084 3.18 0.2082 3.73 0.1635 3.50 0.1412
Qwen-2.5 4.72 0.2926 4.62 0.0654 4.79 0.1471 4.23 0.2602 3.63 0.2946
GPT-3.5 4.71 0.0971 3.57 0.0660 4.36 0.1039 4.06 0.1240 3.23 0.0487
GPT-4o 4.57 0.3209 3.66 0.2041 4.57 0.1281 4.24 0.2405 3.07 0.2803
Gemini-2.0 4.66 0.3082 4.16 0.1724 4.61 0.1399 4.15 0.2585 3.15 0.2717

Table 2: Performance of multilingual LLM-as-a-Judge across five datasets, evaluated on two settings: (i) Yes/No,
with binary evaluation accuracy (Acc), and (ii) Grade, with average grade value (Avg) ranging from 1 to 5. Fleiss’s
Kappa (FK) is calculated for both settings to measure judgment consistency across parallel data.

Existing studies (Sclar et al., 2024) have high-
lighted the critical role of prompt selection, as it
significantly impacts final performance. Multilin-
gual scenarios further amplify the challenges for
LLM-as-a-Judge. Following (Ahuja et al., 2023),
we adopt an English prompt with a specified target
language indicated by ‘<eval_language>’ within
the prompt, given its superior performance.

3.4 Evaluation Metrics

In this study, we focus on whether the perfor-
mance of multilingual LLM-as-a-Judge varies sig-
nificantly across parallel data in different languages.
That is, whether it exhibits bias toward specific lan-
guages. Therefore, we select Fleiss’ Kappa (FK),
a statistical measure of inter-rater agreement for
more than two raters, to measure the consistency
of the LLM-as-a-Judge results across languages.
Here, we treat each model’s output in a particular
language as a rater’s judgment.

While this study focuses on the consistency of
LLM-as-a-Judge across languages, a truly excellent
multilingual judge must also ensure accuracy. High
consistency alone does not guarantee correctness,
as it can result from uniformly incorrect judgments.
To address this, we incorporate quality metrics to
complement our evaluation: (i) Accuracy (Acc):
For Yes/No judgments we use accuracy to evaluate

binary prediction. (ii) Average Grade (AG): For
Grade judgment, we use average value to evaluate
discrete grade prediction. Notably, since we treat
the ground truth as the predicted output to ensure
precise parallel data alignment, the average accu-
racy and grade are expected to be 100% and a score
of 5, respectively.

4 How does multilingual LLM-as-a-Judge
perform?

4.1 Main Result

Table 2 summarizes the performance of all mul-
tilingual LLMs-as-a-Judge across two judgment
criteria: Yes/No and Grade. Based on Fleiss’s
Kappa metric, which measures consistency, GPT-
4o achieves the highest performance, with a score
of 0.5424 on WikiLingua for the Yes/No criterion
and 0.3209 on XQuAD for the Grade criterion.
However, these values remain far from the ideal
consistency value of 1, and the Kappa scores of
other models are even lower. This highlights that
even powerful LLMs struggle to act as fair and
consistent multilingual judges.

In addition, we observe significant variance
in judgment consistency across different model
groups. GPT-4o demonstrates superior Fleiss’
Kappa compared to other models, aligning with its
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XQuAD MGSM WMT23 XDailyD WikiL

YES/No 0 0.6 -0.5 -0.3 0.7
Grade -0.2 -0.5 0 0.5 0.4

Table 3: Spearman Correlation across five datasets for
two judgment criteria: (i) Yes/ No, the correlation be-
tween accuracy and kappa; and (ii) Grade, the correla-
tion between average value and kappa.

state-of-the-art status in a wide range of NLP tasks.
In contrast, GPT-3.5, a model from the same se-
ries as GPT-4o, exhibits notably lower consistency,
with its Kappa scores typically around half of GPT-
4o’s for both judgment criteria. However, despite
GPT-4o attaining the highest Kappa consistency
values, its judgment accuracy is not always the best.
This contradicts the expectation that a strong judge
should excel in both evaluation metrics. We specu-
late that this discrepancy arises from GPT-4o apply-
ing stricter evaluation standards rather than reflect-
ing weaker performance. Such strictness makes
it more challenging to achieve both high accuracy
(exact correctness) or high ratings (score of 5) and
high consistency simultaneously. Notably, we find
that a powerful open-source model, such as Qwen-
2.5, achieve comparable performance to OpenAI
models in multilingual judgment tasks. However,
another open-source model, Llama-3.3, exhibits
more limited performance. Furthermore, we ex-
periment with Aya-Expanse, a multilingual LLM
specifically fine-tuned on multilingual data. De-
spite this specialization, Aya fails to demonstrate
noticeable improvements. This suggests that fine-
tuning with multilingual data may not directly en-
hance a model’s ability to perform accurate multi-
lingual judgments.

4.2 Consistency Result

To gain a deeper understanding of the performance
of multilingual LLM-as-a-Judge, we further an-
alyze the trends of Kappa consistency under the
following settings:
Acc / Avg VS. Kappa. We analyze the relationship
between prediction performance which is measured
by Accuracy for Yes/No and Average Score for
Grade and consistency measured by Kappa values.
Specifically, we compute the Spearman correlation
between accuracy (or average score) and Fleiss’
Kappa. Table 3 presents the results. We observe
that the Spearman correlation varies inconsistently,
depending on the evaluation tasks and judgment cri-
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Aya Llama-3.3 Qwen-2.5 GPT-3.5 GPT-4o
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Figure 3: Fleiss Kappa value gap (∆) between Yes / No
and Grade evaluation criteria of various multilingual
LLM-as-a-Judge models.

teria. For the WikiLingua (WikiL) dataset, results
show a positive correlation under two judgment
criteria, 0.7 and 0.4 respectively. In contrast, other
datasets present contrasting correlations, either pos-
itive or negative, two of them even 0. This suggests
that higher prediction accuracy does not neces-
sarily imply greater judgment consistency.
Yes / No VS. Grade. We further analyze the con-
sistency, measured by Kappa values, across the two
evaluation criteria: Yes / No and Grade. Specifi-
cally, we calculate the gap between the two criteria,
defined as ∆ = KappaY es/No - KappaGrade. Figure
3 illustrates the gap across all datasets. We observe
that most gap values are positive, i.e., consistency
in Yes / No evaluations is consistently higher than
in Grade evaluations. It indicates that grade judg-
ment is more challenging than binary judgment.
This result may be due to more options in the grade
scale. In practice, limiting the options for LLM-as-
a-Judge may enhance its effectiveness in applica-
tions that demand high multilingual consistency.

5 What Factors cause inconsistency?

To further understand the inferior consistency of
multilingual LLM-as-a-Judge observed in the main
results, we investigate potential causes in this sec-
tion.

5.1 Correlation between Languages

Existing works found that the training corpus of
LLMs is usually dominated by English, so LLMs
may perform strongly in English while being rela-
tively weaker in other languages. Hence, we con-
duct an experiment to explore how close LLM-as-
a-Judge performs in non-English languages com-
pared to English. Specifically, we calculate the con-
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Figure 4: Consistency (Cohen’s Kappa) of LLMs’ judge results between English and other languages across four
datasets and two judge criteria, Yes / No and Grade.

sistency (using Cohen’s Kappa1) between LLMs’
judge results on English and those on other lan-
guages. We select three LLMs-GPT-4o, Qwen-2.5-
70b, and Aya-Expanse-32b for experiments since
they are a good mix of closed-source, open-source,
and multilingual LLMs. Figure 4 shows Cohen’s
Kappa results of four tasks2 with two judge criteria.

The consistency radar charts for all tasks ex-
hibit noticeable convex and concave patterns, in-
dicating that consistency results with English vary
across languages. Specifically, LLMs tend to show
higher consistency with European languages. For
example, on the XQuAD task, all judge results
for Spanish and German show high consistency,
with Cohen’s Kappa values ranging from 0.30 to
0.61. This is likely due to (i) the LLMs’ training
corpus containing more data in these languages,
and (ii) their linguistic proximity to English (be-
longing to the same language family). In contrast,
LLMs struggle with low-resource languages like
Arabic (ar) and Telugu (te). For instance, on the
MGSM task, the Cohen’s Kappa value between
Llama-3.3-70B judge results for Telugu and En-
glish is as low as 0.002. This trend persists even
with Aya-Expanse-32B, a multilingual LLM with
strong capabilities. These findings suggest that we
must be cautious when using LLM evaluation
results for low-resource languages, as they may

1Fleiss’ Kappa is ignored as it works for more than 2 raters.
2WMT23 is ignored here given experimented machine

translation samples all contain English.

be unreliable.

5.2 Impact of the judged task

Figure 4 also shows that the radar charts vary sig-
nificantly across different tasks. Specifically, on
the XQuAD task, the consistency between LLMs’
judge results on English and other languages gen-
erally ranges from 0.2 to 0.4, with GPT-4o and
Qwen-2.5-72b performing the best. In contrast,
the consistency results on the MGSM task drop
to around 0.2, and the results of Qwen-2.5-72b
and Aya-Expanse-32b for some languages are even
close to 0 in terms of consistency with the results
in English. However, on the WikiLingua task, the
consistency results (in the Yes/No setting) climb to
as high as 0.8. This suggests that when choosing
a multilingual LLM-as-a-Judge for tasks, one
should consider the LLM’s task-related capa-
bilities. The results of Aya-Expanse-32b confirm
this to some extent. Aya-Expanse-32b is an LLM
carefully trained to aim for strong multilingual ca-
pacities. However, surprisingly, it shows the worst
consistency between judge results on English and
other languages, especially on the MGSM task. We
speculate that this is because Aya-Expanse-32b has
not been primarily trained to solve reasoning and
mathematical problems. This leads to its poor per-
formance when evaluating the MGSM task, which
consists of mathematical questions. Furthermore,
we find that GPT-4o exhibits the best consistency
across all tasks and languages, indicating its supe-
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ID Prompt
XQuAD WMT23

Avg Kappa Avg Kappa

①
rubric: general
out: prediction

4.66 0.2517 4.55 0.1133

②
rubric: general
out: prediction + explaination

4.57 0.3209 4.57 0.1281

③
rubric: specific
out: prediction

4.63 0.2145 4.57 0.1145

④
rubric: specific
out: prediction + explaination

4.67 0.2239 4.63 0.1196

Table 4: Variation of Accuracy (Acc) and Fleiss Kappa
with different prompt templates for Grade judgment of
GPT-4o. rubric and out represent evaluation guideline
and output requests as shown in Section 2.

riority in building multilingual LLM-as-a-Judge.

5.3 Prompt Design

Existing research (Sclar et al., 2024) has identi-
fied prompt design as a key factor in LLM-as-a-
Judge performance. Therefore, we investigate how
prompt design influences multilingual judgment
consistency. As described in Section 2, the instruc-
tion prompt in this work consists of three compo-
nents: role definition, evaluation rubric, and out-
put format. Since the role definition of LLM-as-a-
Judge is generally static, our experiments primarily
focus on the latter two components. For the evalu-
ation rubric, we tested: (i) a general rubric, which
defines a grading scale with simplified descriptions
for evaluation, and (ii) a specific rubric, which de-
fines a grading scale where each grade is accom-
panied by detailed rules and explanations. For the
output format, we tested: (i) prediction only, where
LLMs output a simple binary prediction or evalu-
ation grade, and (ii) prediction with explanation,
where LLMs provide both the prediction and the
reasoning behind their judgment. Table 4 shows the
results for different prompt designs by combining
these two factors.

By comparing the consistency values (Kappa)
between prompts with and without explanation gen-
eration (i.e., ① vs. ② and ③ vs. ④), we observe that
prompts with explanation generation consistently
achieve superior results. This indicates that gen-
erating explanations to support judgments can
enhance evaluation consistency across all lan-
guages. The finding aligns to (Doddapaneni et al.,
2024; Kim et al., 2024). Additionally, we compare
prompts with general and specific rubrics (i.e., ①

vs. ③ and ② vs. ④). Interestingly, we find that
providing specific rules does not always improve

0

0.1

0.2

0.3

0.4

XQuAD WMT23

Qwen-7b Qwen-14b Qwen-32b Qwen-72b

Column2 Aya-8b Aya-32b

𝐾 !
"#
$%

Figure 5: Variation of Fleiss Kappa for Grade judgment
(KGrade) across Qwen-2.5 and Aya-Expanse in different
model scale.

consistency. We speculate that this may be because
LLMs are already familiar with commonly used
tasks, making very specific rubrics unnecessary in
certain cases.

5.4 Model Scale

We further investigate whether the scale of LLMs
affects inconsistency across languages. Specifi-
cally, we examine the open-access model Qwen-
2.5, which ranges from 7 billion to 72 billion pa-
rameters, and the multilingual-specific model Aya-
Expanse, which ranges from 7 billion to 32 billion
parameters. Table 5 presents the results.

For Qwen-2.5 across different model scales,
we do not observe any consistent trend. On the
WMT23 dataset, the 14-billion-parameter Qwen-
2.5 model even achieves higher consistency com-
pared to the 72-billion version. Additionally, while
the 32-billion Aya-Expanse outperforms its smaller
counterparts, its improvement on WMT23 remains
limited. These findings suggest that increasing the
model scale does not directly lead to enhanced con-
sistency in multilingual LLM-as-a-Judge.

6 How to choose a Judge in the wild?

Existing results show that Multilingual LLM-as-a-
Judge exhibits varying consistency across different
languages and tasks. This raises a natural question:
How can we choose a suitable LLM-as-a-Judge for
real-world applications to ensure relatively consis-
tent evaluations across languages? Table 2 indi-
cates that GPT-4o generally achieves the highest
consistency, making it an ideal choice. However,
its high cost and potential risk of data leakage pose
challenges. To address this, we propose an Ensem-
ble strategy that leverages a majority vote among
open-source LLMs for judgment, inspired by Verga
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XQuAD MGSM WMT23 XDailyD WikiL

Yes / No :
Min 0.0748 0.0991 0.0775 0.2425 0.2325
Ens 0.3227 0.2162 0.0729 0.4053 0.4217

∆ 0.2479 0.1171 -0.0046 0.1628 0.1892

Grade :
Min 0.1558 0.0654 0.1434 0.1635 0.1412
Ens 0.2617 0.0512 0.2078 0.1675 0.2931

∆ 0.1059 -0.0142 0.0644 0.0040 0.1519

Table 5: Ensemble results (Ens) of Aya, QWen, and
Llama. Min indicates the minimum consistency of the
above three models. ∆ shows the gap between ensemble
results and minimum value, i.e., ∆ = Ens - Min.

et al. (2024); Raina et al. (2024).
Specifically, we conduct experiments using three

open-source LLMs: Llama-3.3-70B, Qwen-2.5-
72B, and Aya-Expanse-32B, taking their majority
vote as the final prediction. The ensemble results
(Ens) are shown in Table 5. For comparison, we
also report the minimum value (Min) among the
three models, representing the worst-case scenario
when the least reliable judge is unknowingly se-
lected. Furthermore, we compute the gap between
the ensemble results and the minimum value, de-
noted as ∆ = Ens − Min, which reflects the
improvement over the worst-case performance. As
shown in Table 5, most gap values are positive, ex-
cept for -0.0046 in WMT23 and -0.0142 in another
case. Given that other improvements are generally
above 0.1, we conclude that the ensemble strategy
can enhance consistency in real-world applica-
tions where the least reliable LLM might be
unknowingly chosen.

7 Related Work

7.1 LLM-as-a-judge

With the remarkable performance of LLMs, re-
searchers have increasingly leveraged them to eval-
uate generation results in alignment with human
instructions (Zheng et al., 2023), known as LLM-as-
a-judge. To apply LLM-as-a-judge, it is common
to start using In-Context Learning (Brown et al.,
2020) methods with advanced LLMs, such as GPT-
4 (Achiam et al., 2023). Li et al. (2024) catego-
rized evaluation prompts into two primary groups:
(i) pairwise comparison, where an LLM is given
two candidates along with context to determine
which response is superior (Gao et al., 2023); and

(ii) pointwise evaluation, where an LLM assesses
a single candidate based on specified evaluation
criteria (Fu et al., 2024). To further enhance LLMs’
judging capabilities, other line works apply prefer-
ence learning techniques (Wang et al., 2024b; Wu
et al., 2024) and fine-tuning mechanism (Zhu et al.,
2023). These methodologies have been extensively
applied across various tasks, including summariza-
tion (Shen et al., 2023; Wang et al., 2023), transla-
tion (Kocmi and Federmann, 2023; Fernandes et al.,
2023), question answering (Liu et al., 2025), and
written discourse coherence (Naismith et al., 2023).
The widespread adoption of LLM-as-a-judge raises
questions about its reliability and effectiveness. Ad-
dressing this, Chiang and Lee (2023) validated its
efficacy by comparing evaluation outcomes from
human judges and LLM-as-a-judge, further high-
lighting its potential to significantly enhance ef-
ficiency. As a complement to existing research,
we focus on LLM-as-a-Judge in multilingual sce-
narios. Recently, Hada et al. (2024a,b) also aim
to investigate multilingual LLM-as-a-Judge, but
their work differs from ours in both perspective
and methodology. They argue that such models are
unreliable because their judgments often diverge
from those of human annotators, focusing on dis-
crepancies between human and LLM evaluations.
In contrast, we attribute this unreliability to incon-
sistencies across semantically equivalent parallel
examples that differ only in language.

7.2 Bias
Despite the success of LLM-based evaluators, there
have been studies showing that they have some bi-
ases (Zheng et al., 2023; Watts et al., 2024). One
well-explored bias is position bias (Wang et al.,
2024a; Shi et al., 2024) that the evaluation rank-
ing of candidate responses can be easily hacked by
altering their order of appearance in the context.
Saito et al. (2023); Park et al. (2024) introduced
length bias that LLMs prefer more verbose answers
even if they have similar qualities, and authority
bias that LLMs favor responses with specific de-
tails, e.g., citation of authoritative sources. To ad-
dress the effect of length, Dubois et al. (2024) intro-
duced a debiasing strategy given regression-based
adjustments for observational causal inference. Be-
yond these superficial biases, Park et al. (2024)
identified four additional biases, such as familiar
knowledge bias which refers to a preference for re-
sponses describing commonly encountered knowl-
edge in real-world data. Ye et al. (2024) highlighted
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the self-enhancement bias, where LLMs tend to fa-
vor responses generated by themselves. Instead, we
evaluate biases in LLM-as-a-Judge with a focus on
multilingual bias. We found that LLM-as-a-Judge
struggles to provide consistent judgments across
parallel inputs in different languages, with perfor-
mance being particularly inferior for low-resource
languages.

8 Conclusion

In this paper, we conduct an in-depth analysis of
multilingual LLM-as-a-Judge, focusing on the con-
sistency of its judgments across parallel data in
different languages. Our results show that even
advanced LLMs struggle with consistent judgment,
exhibiting significant variance across languages.
Moreover, neither larger model scales nor specific
multilingual training improves judgment reliabil-
ity. Our comprehensive analysis provides novel
insights into multilingual LLM-as-a-Judge.

9 Limitation

For LLM-as-a-Judge, we focus on pointwise judg-
ment, as obtaining parallel multilingual incorrect
candidates is challenging. This limits its applicabil-
ity in real-world scenarios. An interesting avenue
for future work would be to construct a parallel
pairwise corpus for evaluation.

Moreover, due to GPU constraints, we evalu-
ate only open-access models up to approximately
70 billion parameters. Future work will explore
judgments from larger LLMs.

10 Acknowledgement

We are grateful to anonymous reviewers for their
valuable comments that have helped to improve
this paper.

References
Josh Achiam, Steven Adler, Sandhini Agarwal, Lama

Ahmad, Ilge Akkaya, Florencia Leoni Aleman,
Diogo Almeida, Janko Altenschmidt, Sam Altman,
Shyamal Anadkat, et al. 2023. Gpt-4 technical report.
arXiv preprint arXiv:2303.08774.

Kabir Ahuja, Harshita Diddee, Rishav Hada, Milli-
cent Ochieng, Krithika Ramesh, Prachi Jain, Ak-
shay Nambi, Tanuja Ganu, Sameer Segal, Mohamed
Ahmed, Kalika Bali, and Sunayana Sitaram. 2023.
MEGA: Multilingual evaluation of generative AI.
In Proceedings of the 2023 Conference on Empir-
ical Methods in Natural Language Processing, pages

4232–4267, Singapore. Association for Computa-
tional Linguistics.

Mikel Artetxe, Sebastian Ruder, and Dani Yogatama.
2020. On the cross-lingual transferability of mono-
lingual representations. In Proceedings of the 58th
Annual Meeting of the Association for Computational
Linguistics, pages 4623–4637, Online. Association
for Computational Linguistics.

Tom Brown, Benjamin Mann, Nick Ryder, Melanie
Subbiah, Jared D Kaplan, Prafulla Dhariwal, Arvind
Neelakantan, Pranav Shyam, Girish Sastry, Amanda
Askell, et al. 2020. Language models are few-shot
learners. Advances in neural information processing
systems, 33:1877–1901.

Yupeng Chang, Xu Wang, Jindong Wang, Yuan Wu,
Linyi Yang, Kaijie Zhu, Hao Chen, Xiaoyuan Yi,
Cunxiang Wang, Yidong Wang, et al. 2024. A sur-
vey on evaluation of large language models. ACM
Transactions on Intelligent Systems and Technology,
15(3):1–45.

Cheng-Han Chiang and Hung-yi Lee. 2023. Can large
language models be an alternative to human evalua-
tions? In Proceedings of the 61st Annual Meeting of
the Association for Computational Linguistics (Vol-
ume 1: Long Papers), pages 15607–15631, Toronto,
Canada. Association for Computational Linguistics.

John Dang, Shivalika Singh, Daniel D’souza, Arash
Ahmadian, Alejandro Salamanca, Madeline Smith,
Aidan Peppin, Sungjin Hong, Manoj Govindassamy,
Terrence Zhao, Sandra Kublik, Meor Amer, Viraat
Aryabumi, Jon Ander Campos, Yi-Chern Tan, Tom
Kocmi, Florian Strub, Nathan Grinsztajn, Yannis
Flet-Berliac, Acyr Locatelli, Hangyu Lin, Dwarak
Talupuru, Bharat Venkitesh, David Cairuz, Bowen
Yang, Tim Chung, Wei-Yin Ko, Sylvie Shang Shi,
Amir Shukayev, Sammie Bae, Aleksandra Piktus, Ro-
man Castagné, Felipe Cruz-Salinas, Eddie Kim, Lu-
cas Crawhall-Stein, Adrien Morisot, Sudip Roy, Phil
Blunsom, Ivan Zhang, Aidan Gomez, Nick Frosst,
Marzieh Fadaee, Beyza Ermis, Ahmet Üstün, and
Sara Hooker. 2024. Aya expanse: Combining re-
search breakthroughs for a new multilingual frontier.

Sumanth Doddapaneni, Mohammed Safi Ur Rahman
Khan, Sshubam Verma, and Mitesh M Khapra. 2024.
Finding blind spots in evaluator LLMs with inter-
pretable checklists. In Proceedings of the 2024 Con-
ference on Empirical Methods in Natural Language
Processing, pages 16279–16309, Miami, Florida,
USA. Association for Computational Linguistics.

Abhimanyu Dubey, Abhinav Jauhri, Abhinav Pandey,
Abhishek Kadian, Ahmad Al-Dahle, Aiesha Letman,
Akhil Mathur, Alan Schelten, Amy Yang, Angela
Fan, et al. 2024. The llama 3 herd of models. arXiv
preprint arXiv:2407.21783.

Yann Dubois, Percy Liang, and Tatsunori Hashimoto.
2024. Length-controlled alpacaeval: A simple debi-
asing of automatic evaluators. In First Conference
on Language Modeling.

11048

https://doi.org/10.18653/v1/2023.emnlp-main.258
https://doi.org/10.18653/v1/2020.acl-main.421
https://doi.org/10.18653/v1/2020.acl-main.421
https://doi.org/10.18653/v1/2023.acl-long.870
https://doi.org/10.18653/v1/2023.acl-long.870
https://doi.org/10.18653/v1/2023.acl-long.870
http://arxiv.org/abs/2412.04261
http://arxiv.org/abs/2412.04261
https://doi.org/10.18653/v1/2024.emnlp-main.911
https://doi.org/10.18653/v1/2024.emnlp-main.911
https://openreview.net/forum?id=CybBmzWBX0
https://openreview.net/forum?id=CybBmzWBX0


Patrick Fernandes, Daniel Deutsch, Mara Finkel-
stein, Parker Riley, André Martins, Graham Neubig,
Ankush Garg, Jonathan Clark, Markus Freitag, and
Orhan Firat. 2023. The devil is in the errors: Leverag-
ing large language models for fine-grained machine
translation evaluation. In Proceedings of the Eighth
Conference on Machine Translation, pages 1066–
1083, Singapore. Association for Computational Lin-
guistics.

Jinlan Fu, See-Kiong Ng, Zhengbao Jiang, and Pengfei
Liu. 2024. GPTScore: Evaluate as you desire. In
Proceedings of the 2024 Conference of the North
American Chapter of the Association for Computa-
tional Linguistics: Human Language Technologies
(Volume 1: Long Papers), pages 6556–6576, Mexico
City, Mexico. Association for Computational Lin-
guistics.

Mingqi Gao, Jie Ruan, Renliang Sun, Xunjian Yin, Ship-
ing Yang, and Xiaojun Wan. 2023. Human-like sum-
marization evaluation with chatgpt. arXiv preprint
arXiv:2304.02554.

Jiawei Gu, Xuhui Jiang, Zhichao Shi, Hexiang Tan,
Xuehao Zhai, Chengjin Xu, Wei Li, Yinghan Shen,
Shengjie Ma, Honghao Liu, Yuanzhuo Wang, and
Jian Guo. 2024. A survey on llm-as-a-judge. arXiv
preprint arXiv:2411.15594.

Rishav Hada, Varun Gumma, Mohamed Ahmed, Ka-
lika Bali, and Sunayana Sitaram. 2024a. METAL:
Towards multilingual meta-evaluation. In Findings
of the Association for Computational Linguistics:
NAACL 2024, pages 2280–2298, Mexico City, Mex-
ico. Association for Computational Linguistics.

Rishav Hada, Varun Gumma, Adrian Wynter, Harshita
Diddee, Mohamed Ahmed, Monojit Choudhury, Ka-
lika Bali, and Sunayana Sitaram. 2024b. Are large
language model-based evaluators the solution to scal-
ing up multilingual evaluation? In Findings of the
Association for Computational Linguistics: EACL
2024, pages 1051–1070, St. Julian’s, Malta. Associa-
tion for Computational Linguistics.

Seungone Kim, Jamin Shin, Yejin Cho, Joel Jang,
Shayne Longpre, Hwaran Lee, Sangdoo Yun,
Seongjin Shin, Sungdong Kim, James Thorne, and
Minjoon Seo. 2024. Prometheus: Inducing fine-
grained evaluation capability in language models. In
The Twelfth International Conference on Learning
Representations.

Tom Kocmi, Eleftherios Avramidis, Rachel Bawden,
Ondˇ rej Bojar, Anton Dvorkovich, Christian Fe-
dermann, Mark Fishel, Markus Freitag, Thamme
Gowda, Roman Grundkiewicz, Barry Haddow,
Philipp Koehn, Benjamin Marie, Christof Monz,
Makoto Morishita, Kenton Murray, Makoto Nagata,
Toshiaki Nakazawa, Martin Popel, Maja Popović,
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A Experiment Details

A.1 Prompts

Task Prompt
output_format_Yes/No: Please format your response as follows: <re-
sult><justification>[Explain why select the grade for the answer. Use one or two
sentences at most. Keep explanation as concise as possible.]</justification><answer>[correct
or incorrect]</answer></result>

output_format_Grade: Please format your response as follows: <re-
sult><justification>[Explain why select the grade for the answer. Use one or two
sentences at most. Keep the explanation as concise as possible.]</justification><answer>[a
grade from 1, 2, 3, 4, 5]</answer></result>

XQuAD

input: Context: <context>; Question: <question>; Answer: <answer>

prompt_Yes/No: You are an AI assistant whose purpose is to evaluate the correctness of
answers to questions in EVALUATION_LANGUAGE. Given a context, a question, and
an answer, your goal is to judge whether the generated answer is correct according to the
provided context. Your evaluation should consider correctness and helpfulness. Do not allow
the length of the answer to influence your evaluation. Be as objective as possible. <input>
<output_format_Yes/No>

prompt_Grade: You are an AI assistant whose purpose is to evaluate the correctness of
answers to questions in EVALUATION_LANGUAGE. Given a context, a question, and an
answer, your goal is to rate the generated answer on a scale from 1 (worst) to 5 (best). Your
evaluation should consider correctness and helpfulness. Do not allow the length of the answer
to influence your evaluation. Be as objective as possible. <input> <output_format_Grade>

MGSM

input: Question: <question>; Answer: <answer>

prompt_Yes/No: You are an AI assistant whose purpose is to evaluate the correctness of
answers to questions in EVALUATION_LANGUAGE. Given a question and an answer,
your goal is to judge whether the generated answer is correct. Your evaluation should
consider correctness and helpfulness. Do not allow the length of the answer to influence
your evaluation. Be as objective as possible. <input> <output_format_Yes/No>

prompt_Grade: You are an AI assistant whose purpose is to evaluate the correctness of
answers to questions in EVALUATION_LANGUAGE. Given a question and an answer, your
goal is to rate the generated answer on a scale from 1 (worst) to 5 (best). Your evaluation
should consider correctness and helpfulness. Do not allow the length of the answer to
influence your evaluation. Be as objective as possible. <input> <output_format_Grade>

WMT23

input: Source: <source>; Target: <target>

prompt_Yes/No: You are an AI assistant whose purpose is to evaluate the correctness
of machine translation from English to EVALUATION_LANGUAGE. For each pair of
sentences, evaluate whether the translated sentence is correct. Your evaluation should
consider correctness and helpfulness. Do not allow the length of the answer to influence
your evaluation. Be as objective as possible. <input> <output_format_Yes/No>
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Task Prompt
prompt_Grade: prompt_Yes/No: You are an AI assistant whose purpose is to evaluate the
correctness of machine translation from English to EVALUATION_LANGUAGE. For each
pair of sentences, evaluate the quality of the translated sentence on a scale from 1 (worst)
to 5 (best). Your evaluation should consider correctness and helpfulness. Do not allow the
length of the answer to influence your evaluation. Be as objective as possible. <input>
<output_format_Yes/No>

WikiL

input: Document: <document>; Summarization: <summarization>

prompt_Yes/No: You are an AI assistant whose purpose is to evaluate the correctness
of summarization in EVALUATION_LANGUAGE. Given a document, and a summary,
your goal is to judge whether the generated summary is correct according to the provided
document. Your evaluation should consider correctness and helpfulness. Do not allow the
length of the answer to influence your evaluation. Be as objective as possible. <input>
<output_format_Yes/No>

prompt_Grade: prompt_Yes/No: You are an AI assistant whose purpose is to evaluate the
correctness of summarization in EVALUATION_LANGUAGE. Given a document, and
a summary, your goal is to rate the generated summary on a scale from 1 (worst) to 5
(best). Your evaluation should consider correctness and helpfulness. Do not allow the
length of the answer to influence your evaluation. Be as objective as possible. <input>
<output_format_Yes/No>

XDailyD

input: Dialog: <dialog>; Next Utterance: <next_utterance>

prompt_Yes/No: You are an AI assistant whose purpose is to evaluate the correctness of
dialogue generation in EVALUATION_LANGUAGE. Given a dialog, your goal is to judge
whether the generated next utterance is correct. Your evaluation should consider correctness
and helpfulness. Do not allow the length of the answer to influence your evaluation. Be as
objective as possible. <input> <output_format_Yes/No>

prompt_Grade: prompt_Yes/No: You are an AI assistant whose purpose is to evaluate the
correctness of dialogue generation in EVALUATION_LANGUAGE. Given a dialog, your
goal is to rate the generated utterance on a scale from 1 (worst) to 5 (best). Your evaluation
should consider correctness and helpfulness. Do not allow the length of the answer to
influence your evaluation. Be as objective as possible. <input> <output_format_Yes/No>

Table 6: Prompts of Multilingual LLM-as-a-Judge for various tasks.
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