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Abstract

As large language models (LLMs) continue to
advance, reliable evaluation methods are essen-
tial—particularly for open-ended, instruction-
following tasks. LLM-as-a-Judge enables au-
tomatic evaluation using LLMs as evaluators,
but its reliability remains uncertain. In this
work, we analyze key factors affecting its trust-
worthiness, focusing on alignment with hu-
man judgments and evaluation consistency. Us-
ing BIGGENBench and EvalBiasBench, we
study the effects of evaluation design, decod-
ing strategies, and Chain-of-Thought (CoT)
reasoning in evaluation. Our results show
that evaluation criteria are critical for reliabil-
ity, non-deterministic sampling improves align-
ment with human preferences over determinis-
tic evaluation, and CoT reasoning offers min-
imal gains when clear evaluation criteria are
present.

1 Introduction

In recent years, large language models (LLMs)
have been evolving rapidly, demonstrating high
performance across various tasks (OpenAl, 2023;
Anthropic, 2024; Google, 2024) and exerting signif-
icant influence. In addition to the high-performing
proprietary models, there have been active ef-
forts to develop open, small and high-performance
LLMs (Dubey et al., 2024; Yang et al., 2024;
DeepSeek-Al et al., 2024; Abdin et al., 2024).

To compare these LLMs, it is necessary to eval-
uate their performance on various tasks. Open-
ended evaluation is particularly required to mea-
sure response capabilities and instruction-following
ability as chat assistants. LLM-as-a-Judge (Zheng
et al., 2023) is a technique developed for open-
ended evaluation, where an evaluator LLM mea-
sures the performance of benchmarked LLMs. This
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approach has the advantage of being lower-cost and
faster than manual evaluation (Gu et al., 2024a).

However, despite its growing adoption, there re-
main open questions about the reliability of LLM-
as-a-Judge. In particular, we investigate two es-
sential properties to ensure its trustworthiness: 1.
Alignment with human judgments (Li et al.,
2024a), and 2. Consistency of evaluation re-
sults (Schroeder and Wood-Doughty, 2024; Wei
et al., 2024). Without these properties, automatic
evaluation using LLMs risks producing misleading
conclusions about model performance.

In this work, we aim to identify key fac-
tors that affect the reliability of LILM-as-a-
Judge. To this end, we conduct a series
of empirical analyses using two public bench-
marks—BIGGENBench (Kim et al., 2024) and
EvalBiasBench (Park et al., 2024a)—which pro-
vide a diverse set of open-ended tasks. Through
systematic experiments, we investigate the impact
of 1. the presence or absence of reference answers
and score descriptions in evaluation prompts, 2.
the choice of decoding strategy (greedy vs. sam-
pling) used by the evaluator model, and 3. the role
of CoT in the evaluator’s response.

Our findings reveal that:

1. Evaluation design: Providing both reference
answers and score descriptions is crucial for
reliable evaluation. Omitting either signifi-
cantly degrades alignment with human judg-
ments, especially for weaker evaluator models.
Furthermore, providing descriptions only for
the highest and lowest scores yields the most
reliable results, suggesting that the necessity
of descriptions for intermediate scores should
be reconsidered.

2. Decoding strategy: Greedy decoding ensures
zero score variance, but it tends to show lower
correlation with human judgments compared
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to sampling-based decoding. Sampling intro-
duces variability in scores, but it better cap-
tures the nuances of human preferences. Fur-
thermore, averaging scores aligns with human
judgments the most among compared three
aggregation methods.

3. Use of CoT reasoning: When well-defined
score descriptions are available, including
CoT reasoning in evaluator responses has lit-
tle effect on alignment with human judgments.
From both a cost and performance perspective,
CoT-free scoring combined with score aver-
aging provides strong alignment with human
evaluations while maintaining low computa-
tional cost.

2 Related Work

Evaluation of LLMs. Evaluating LLMs for gen-
erative tasks involves significant manual costs,
leading to autonomous evaluation methods. Tra-
ditional approaches measure similarity between
model outputs and references using lexical fea-
tures (BLEU (Papineni et al., 2002), ROUGE (Lin,
2004), CIDEr (Vedantam et al., 2015)) or se-
mantic features (BERTScore (Zhang et al., 2020),
COMET (Rei et al., 2020)). However, these meth-
ods struggle with tasks allowing diverse valid re-
sponses. LLM-as-a-Judge (Zheng et al., 2023) ad-
dresses this by using capable models like GPT-
4 as evaluators, employing Single Answer Grad-
ing (1-10 scoring) or Pairwise Evaluation (rank-
ing multiple outputs) (Doddapaneni et al., 2024).
MT-Bench (Zheng et al., 2023) assesses multi-
turn capabilities using Single Answer Grading
with reference answers. AlpacaEval 2.0 (Dubois
et al., 2024) uses Pairwise Evaluation to mitigate
length bias. Arena-Hard (Li et al., 2024b) fil-
ters ChatbotArena prompts for quality and diver-
sity. BIGGEN-Bench (Kim et al., 2024) provides
instance-specific criteria improving human judg-
ment correlation.

Alignment with human judgments in LLM-
as-a-Judge. Various approaches improve align-
ment with human judgments, including CoT rea-
soning, self-generated criteria, and multiple evalua-
tions (Zheng et al., 2023; Zeng et al., 2024). Other
methods optimize prompts using human annotation
correlation (Liu et al., 2023b, 2024b) or employ en-
semble voting (Liu et al., 2023a). Gu et al. (2024b)
proposed metacognitive re-evaluation for consis-
tency. Our study utilizes simple methodologies

from a neutral standpoint to analyze the impact of
evaluation design, decoding strategies, and CoT
reasoning on alignment with human judgments.
Consistency of evaluation results in LL.M-as-
a-Judge. Existing studies have identified various
biases where semantically unchanged modifica-
tions affect evaluation results. Chen et al. (2024)
examined gender, authority, and aesthetic biases.
Ye et al. (2024) identified 12 major latent biases in-
cluding positional and self-enhancement bias. Park
et al. (2024b) highlighted challenges with response
length variations and content continuity. This pa-
per extensively investigates how much evaluation
results can fluctuate depending on the design of the
evaluation tasks and the evaluation strategies.

3 Experiments

In this section, we examine what factors affect the
alignment with human judgments and consistency
of evaluation results. Research Questions (RQs)
we aim to investigate are as follows:

1. Which components of evaluation design facil-
itate improved alignment with human judg-
ments and enhance the consistency of evalua-
tion results?

2. What are the advantages and disadvantages of
deterministic versus non-deterministic decod-
ing strategies?

3. Does CoT improve alignment with human
judgments and the consistency of evaluation
results?

3.1 Experimental Method

We describe the experimental methods to inves-
tigate the RQs.

Alignment with human judgments. To mea-
sure the degree of alignment with human judg-
ments, we compute the correlation coefficient be-
tween the scores provided by humans and those
generated by an evaluator LLM.

Consistency of evaluation results. We use Krip-
pendorft’s alpha coefficient to evaluate consistency
of evaluation results, denoted as «. The « value,
which indicates the consistency and reliability of
evaluations, is 1 for perfect agreement, O for ran-
dom annotations, and negative for systematic dis-
agreement (see Appendix A for details).

Datasets. We adopt BIGGEN-Bench (Kim et al.,
2024), which includes nine tasks such as instruc-
tion following, tool use, and reasoning, each with
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Template for Evaluation Prompt

###Task Description:

w N =

###The instruction to evaluate:
{instruction}

###Response to evaluate:
{response}

###Reference Answer (Score 5):
{reference answer}

###Score Rubrics:

[{evaluation axes}]

Score 1: {scorel_description}
Score 2: {score2_description}
Score 3: {score3_description}
Score 4: {score4_description}
Score 5: {score5_description}
###Feedback:

\

An instruction (which may include an Input), a response to evaluate, a reference answer scoring 5, and
a score rubric representing evaluation criteria are provided.

Write detailed feedback assessing the response strictly based on the score rubric.

After the feedback, provide an integer score from 1 to 5, referring to the rubric.

The output format should be: "(write feedback for criteria) [RESULT] (an integer between 1 and 5)"

4. Do not include any additional introductions, conclusions, or explanations.

Figure 1: Prompt template used in our experiments to evaluate responses based on provided reference answers and
evaluation criteria. The evaluation criteria consist of evaluation axes, which define general evaluation principles,
and score descriptions, which provide rubrics for each of the five scores (1 through 5).

detailed, hand-crafted evaluation criteria. The eval-
uation template used in our experiments is shown in
Figure 1. We also use EvalBiasBench (Park et al.,
2024a), an instruction-following benchmark with
both correct and biased answers. Since this bench-
mark does not include evaluation criteria or refer-
ence answers by default, we generated them using
GPT-40-2024-08-06. Regarding the score descrip-
tions in the evaluation criteria, we designed them to
encourage lower scores for biased responses. We
utilized 765 instances from BIGGEN-Bench and
80 instances from EvalBiasBench for our experi-
ments.

Models. We use GPT-40-2024-08-06 as the
evaluator LLM. Furthermore, considering recent
studies on self-improvement (Yuan et al., 2024;
Madaan et al., 2023) that use local LLMs as eval-
uators (Song et al., 2024; Kamoi et al., 2024), we
also use LLaMA-3.1-70B-Instruct ! (Dubey et al.,
2024) as the evaluator LLM.

3.2 Results

RQ1. Which components of evaluation design
facilitate improved alignment with human judg-
ments and enhance the consistency of evalua-
tion results? As shown in Table 1, removing ei-
ther the evaluation criteria or the reference answer
leads to a decrease in correlation with human judg-
ments. For GPT-4o, the correlation drops from
0.666 to 0.591 and 0.638, respectively, while for
LLaMAS3.1-70B-Instruct, it drops from 0.641 to
0.555 and 0.581. This indicates that, regardless

"https://huggingface.co/meta-llama/Llama-3.1-70B-
Instruct

Table 1: Experimental results for RQ1 report Krippen-
dorff’s alpha coefficients across five sampled scores,
with values in parentheses indicating the correlation
with human evaluation. Removing evaluation criteria
(w/o crt) or reference answers (w/o ref) reduces human
correlation. Eliminating both (W/o ref&crt) increases
score fluctuation and significantly lowers human corre-
lation.

BIGGEN-Bench

Method GPT-40 LLaMA3.1
Default 0.908 (0.666) 0.806 (0.641)
w/o crt 0.909 (0.591) 0.807 (0.555)
w/o ref 0.921 (0.638) 0.824 (0.581)
w/o ref&crt  0.896 (0.487) 0.758 (0.346)
EvalBiasBench

Method GPT-40 LLaMA3.1
Default 0.865 0.768

w/o crt 0.839 0.725

w/o ref 0.869 0.787

w/o ref&crt  0.811 0.753

of the evaluator LLM used, the evaluation crite-
ria have a greater impact than the reference an-
swer. Furthermore, the degradation in correlation
is more pronounced for LLaMA3.1 than for GPT-
40. When both the evaluation criteria and the ref-
erence answer are removed, the correlation with
human judgment declines significantly and reaches
its minimum.

Regarding evaluation consistency, in the
BIGGEN-Bench dataset, removing the evaluation
criteria or the reference answer does not substan-
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Figure 2: Additional experimental results for RQI1,
showing the correlation coefficient and Krippendorff’s
« when parts of the score descriptions are removed from
the evaluation criteria. When only the descriptions for
scores 1 and 5 are provided (Score I & 5), the results
exhibit the highest correlation with human evaluations
while maintaining high evaluation consistency. This
suggests that the role of score descriptions for interme-
diate scores (2, 3, and 4) should be reconsidered.

tially affect consistency. However, in EvalBias-
Bench, removing the evaluation criteria leads to a
noticeable drop in consistency. This suggests that,
in EvalBiasBench, the absence of explicit criteria
for penalizing biased responses may result in incon-
sistent scoring—potentially depending on random
factors. Therefore, clearly defining scoring criteria
for biased responses is crucial to ensure consistent
evaluation.

Figure 2 illustrates the additional experimental
results, which examines correlations and score fluc-
tuation when removing a part of score descriptions
from evaluation criteria. The figure shows there
is little difference in both correlation with human
judgments and score consistency between the set-
ting where only the descriptions for scores 1 and
5 are provided and the setting where descriptions
for all scores (1, 2, 3, 4, and 5) are given. These re-
sults suggest that the descriptions for intermediate
scores (2, 3, and 4) have limited impact on align-
ment with human judgments, and their role should
be reconsidered. It is also surprising that evalua-
tion consistency remains generally high across all
settings, indicating that even without detailed score
descriptions, evaluations tend to remain consistent
as long as general evaluation axes are provided.

RQ2. What are the advantages and disadvan-
tages of deterministic versus non-deterministic

decoding strategies?

Table 2: Experimental results for RQ2.  Non-
deterministic scoring methods (Majority, Median,
Mean) show larger correlations with human judges
compared to deterministic decoding (Greedy). Among
the non-deterministic methods, score averaging (Mean)
shows the largest correlations with human judges consis-
tently across different evaluator LLMs, reasoning types,
and evaluation design.

Method Default w/ocrt w/oref w/oref&crt
GPT-40

Greedy 0.635 0.571 0.614 0.466
Majority 0.647 0.583 0.627 0.480
Median 0.648 0.581 0.621 0.481
Mean 0.666 0.591 0.638 0.487
GPT-40 w/o CoT

Greedy 0.636 0.507 0.612 0.378
Majority 0.643 0.545 0.627 0.406
Median 0.651 0.546  0.629 0.399
Mean 0.664 0.570  0.641 0.422
LLaMA3.1

Greedy 0.593 0.524  0.551 0.273
Majority 0.625 0.519  0.555 0.297
Median 0.624 0.520  0.558 0.297
Mean 0.641 0.555 0.581 0.346

We compare the correlation of scores with hu-
man judges between non-deterministic decoding
and deterministic decoding on BIGGEN-Bench.
For non-deterministic decoding, we sample five
scores and aggregate them using majority voting
(Majority), taking the median (Median), and aver-
aging scores (Average). For deterministic decoding,
we adopt greedy decoding (Greedy).

Table 2 shows the results. Non-deterministic
scoring methods show larger correlations with hu-
man judges compared to deterministic decoding
consistently. This finding is consistent with the fact
that, in general inference tasks, multiple sampling
and aggregation of results outperforms greedy de-
coding (Wang et al., 2023). More interestingly,
among non-deterministic decoding methods, aver-
aging scores shows the highest correlation with hu-
mans regardless of the evaluator LLM, evaluation
design, or presence of CoT. This can be attributed
to the fact that averaging allows for expressing fine-
grained nuances, such as 4.5 when an evaluator
LLM is torn between scores of 4 and 5, whereas
median or majority voting methods round the score
to either 4 or 5, thus failing to fully leverage the
LLM’s capabilities as an evaluator. Overall, em-
ploying multiple sampling yields higher accuracy
than deterministic evaluation, though it leads to in-
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creased computational costs. Therefore, a practical
system design would involve utilizing sampling for
precise evaluation specifically when dealing with
complex tasks or sophisticated model responses.
RQ3. Does CoT improve alignment with hu-
man judgments and the consistency of evalua-
tion results? To investigate the impact of CoT in

Table 3: Experimental results for RQ3. When given
evaluation criteria and a reference answer (Default),
scoring with CoT reasoning (w/ CoT) achieves compa-
rable alignment with human judgments and evaluation
consistency to Direct scoring (Direct).

BIGGEN-Bench

Method Direct w/ CoT
Default 0.912 (0.664) 0.908 (0.666)
w/o crt 0.818 (0.570) 0.909 (0.591)
w/o ref 0.910 (0.641) 0.921 (0.638)
w/o ref&crt  0.833 (0.422) 0.896 (0.487)
EvalBiasBench
Method Direct w/ CoT
Default 0.855 0.865
w/o crt 0.856 0.839
w/o ref 0.647 0.869
w/o ref&crt  0.650 0.811

LLM-as-a-Judge, we used GPT-40 to examine the
correlation with human judges and the consistency
of scores in two settings: one where a score was
output after a Chain-of-Thought (w/ CoT), and one
where only the score was output directly without
any reasoning (Direct). Table 3 shows the results.
In the Default setting, where evaluation criteria
and reference answers are provided, both methods
show similar correlation and consistency. Thus,
when well-defined score descriptions are available,
including explicit CoT in evaluator responses has
little effect. From both a cost and performance
perspective, direct scoring combined with score
averaging provides strong alignment with human
evaluations while maintaining low computational
cost.

4 Conclusion

In this work, we conducted a comprehensive em-
pirical analysis to identify key factors affecting the
reliability of LLM-as-a-Judge. Through system-
atic experiments on BIGGENBench and EvalBias-
Bench, we found that: (1) comprehensive evalua-
tion design with both reference answers and score
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descriptions is essential for human alignment; (2)
sampling-based scoring with mean aggregation out-
performs scoring with greedy decoding; and (3)
CoT reasoning provides diminishing returns when
detailed evaluation criteria are present. These find-
ings help establish best practices for reliable auto-
matic evaluation and provide a principled frame-
work for LLM-as-a-Judge deployment.

5 Limitations

While our study provides valuable insights, we
acknowledge several limitations. First, we used
GPT-40 and LLaMA-3.1-70B-Instruct as evaluator
LLMs, representing a closed model and an open
model, respectively, and obtained consistent results.
However, it remains unclear whether consistent re-
sults can be obtained when using other LLMs as
evaluators.

Additionally, the benchmarks used in this study
employed different evaluation criteria: BIGGEN-
Bench used human-crafted criteria, while EvalBi-
asBench relied on criteria generated by an LLM.
Benchmarks accompanied by detailed evaluation
criteria and reference answers are relatively rare;
consequently, we utilized only two benchmarks
in our experiments, which may be insufficient to
ensure the generalizability of our results. Conduct-
ing experiments with evaluation criteria developed
through more diverse methods and across a wider
range of datasets is an important future direction.
Furthermore, since the data used in our experiments
were exclusively in English, verification in other
languages would also be an essential area for future
research.

6 Ethics Statement

This study primarily utilizes publicly available and
properly licensed datasets and models. We have
verified compliance with the terms of use for all
datasets to ensure there are no legal or ethical con-
flicts. All models were used exclusively for in-
ference without additional training, and their out-
puts were used solely for analysis. While certain
models (e.g., GPT-40) may present reproducibil-
ity challenges, we ensured the robustness of our
results by employing multiple models for cross-
validation. Finally, Al tools were used for proof-
reading and translation assistance; however, all con-
tent has been thoroughly reviewed and verified by
the human authors.
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A Krippendorff’s alpha coefficient

In LLM-as-a-Judge, commonly used metrics for
measuring inter-rater agreement include Pearson’s
correlation coefficient, Spearman’s rank correlation
coefficient, and Cohen’s Kappa (Bai et al., 2024;
Liu et al., 2024a; Thakur et al., 2025). However,
these metrics have been criticized for reliability is-
sues and their inability to handle various measure-
ment scales or missing data (Yan, 2024; Artstein
and Poesio, 2008). Krippendorff’s alpha is a gen-
eral statistical measure that encompasses multiple
agreement metrics and can be applied to various
tasks (Krippendorff, 2011). Krippendorft’s alpha
coefficient is defined as follows:

D,

a=1 D, (1)

Here, D, represents the total disagreement be-

tween pairs of ratings observed in the dataset. It

is calculated using the coincidence matrices o,

the total sample size N, the total number of rating

pairs n for the j-th unit, and the difference function

0(c, k), which quantifies the discrepancy between

a given rating pair (c, k). The formula is expressed
as:

Do = % ; ; Ock(sck (2)

In this study, we assume that c, k €
{1,2,3,4,5}. The coincidence matrix o is de-
fined as:

3

o — Z Number of c-k pairs in unitu
ok - Total number of judges in unit j — 1

The difference function §(c, k), assuming an in-
terval scale for the scores, is given by:

Sk = (c— k)? 4)
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D, represents the expected disagreement under
a random distribution of ratings, computed as:

1
D, = m Z Uz Zk: Nk Ock )

[

Here, n. and n; denote the respective frequen-
cies of the ratings. The alpha coefficient ap-
proaches 1 as different raters assign similar scores
to the same unit.

B Experimental Details

B.1 Hyperparameters

Hyperparameters used to judge the responses are
listed in Table 4. We retry the judging process
while changing the seed value until a valid score is
output for all samples.

Table 4: Hyperparameters used during inference time

hyperparameter value
Seed {0, 10, 20, 30, 40}
Max Seq Length 8192
Temperature 1.0
Repetition penalty 1.03

B.2 Response Model

We used the responses generated by Mixtral-8x7B-
Instruct-v0.1 (Jiang et al., 2024), Qwenl.5-7B
(Team, 2024), and GPT-3.5-turbo as inputs for the
Judge.

B.3 Details of Prompting Strategies

w/o crt prompt template. When we remove el-
ements from the evaluation criteria, we omit the
corresponding items from the prompt template. In
the w/o crt setting, we use the MT-Bench prompt
(Zheng et al., 2023) as the base prompt.

Direct prompt template. When conducting the
judging process in the Direct setting, only the
score should be output without generating ratio-
nale. Therefore, we directly add "'### Feedback:
[Result]" at the end of the prompt.
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-Bench prompt template

###Task Description:

Please act as an impartial judge and evaluate the quality of the response provided by an AI assistant
to the user question displayed below.

You will be given a reference answer and the assistant's answer.

Your evaluation should consider factors such as the helpfulness, relevance, accuracy, depth, creativity
, and level of detail of the response.

Begin your evaluation by providing a short explanation.

Be as objective as possible. After providing your explanation, please rate the response on a scale of 1
to 5 by strictly following this format: [RESULT] (an integer number between 1 and 5)

###The instruction to evaluate:
{instruction}

###Reference Answer:
{reference_answer}

###Assistant's Answer to evaluate:
{response}

### Feedback:

Figure 3: Prompt template used in the w/o crt setting.
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