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Abstract—Large Language Models (LLMs) and other au-
tomated techniques have been increasingly used to support
software developers by generating software artifacts such as code
snippets, patches, and comments. However, accurately assessing
the correctness of these generated artifacts remains a significant
challenge. On one hand, human evaluation provides high accuracy
but is labor-intensive and lacks scalability. On the other hand,
many automatic evaluation metrics are scalable and require
minimal human effort, but they often fail to accurately reflect
the actual correctness of generated software artifacts.

In this paper, we present SE-Jury, the first evaluation metric
for LLM-as-Ensemble-Judge specifically designed to accurately
assess the correctness of generated software artifacts. SE-Jury
first defines five distinct evaluation strategies, each implemented
as an independent judge. A dynamic team selection mechanism
then identifies the most appropriate subset of judges as a team
to produce a final correctness score through ensembling. We
evaluate SE-Jury across a diverse set of software engineering
(SE) benchmarks that span three popular SE tasks: code
generation, automated program repair, and code summarization.
Results demonstrate that SE-Jury consistently achieves a higher
correlation with human judgments, with improvements ranging
from 29.6%-140.8% over existing automatic metrics. SE-Jury
reaches agreement levels with human annotators that are close to
inter-annotator agreement in code generation and program repair.
These findings underscore SE-Jury’s potential as a scalable and
reliable alternative to human evaluation in these SE tasks.

I. INTRODUCTION

The growing demand to automate software development
tasks has led to the emergence of automated techniques
for generating software artifacts, such as code snippets [1],
[2], code changes [3], [4], and summarization [5]. However,
evaluating the correctness of those generated artifacts remains
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a challenge, largely due to the existence of multiple correct or
semantically equivalent solutions for a given problem.

One accurate evaluation method is human evaluation, where
multiple human experts directly assess the correctness of
the generated artifacts. However, human evaluation is labor-
intensive and time-consuming, making it impractical for large-
scale assessments. An alternative is test-based metrics, such
as pass@k [1], where human experts manually design a set of
test cases and the generated code is then executed to check
whether it passes these test cases. While test-based metrics
are more scalable than human evaluation, they still require the
careful manual design of comprehensive test cases that cover
edge cases [6], [7]. Designing complete test cases is tedious
and challenging itself, and many Software Engineering (SE)
tasks lack the necessary test cases, making test-based metrics
unpractical for large-scale evaluations.

To enable scalable evaluation of generated artifacts with
minimal human effort, several automatic evaluation metrics
have been proposed. These metrics offer greater scalability
by eliminating the need for human evaluation or test cases.
However, they are typically less accurate in assessing correct-
ness [8]. These automatic metrics can generally be categorized
into three types: 1) Match-based metrics, 2) Embedding-based
metrics, and 3) LLM-as-judge metrics. Match-based metrics,
such as BLEU [9] and CodeBLEU [10], evaluate the similarity
between the generated artifact and a reference, i.e., a correct
answer. Embedding-based metrics [11], [12], on the other hand,
also compare the generated artifact to a reference, but they first
encode both into embeddings and then measure the similarity
between them. In contrast, the LLM-as-judge metric [13]
instructs the LLMs to judge the quality of the generated artifact.
Despite the widespread adoption of metrics above, they still
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suffer from two major limitations.

Interpreting Similarity as Correctness. Both match-based
and embedding-based metrics use similarity as an indicator of
correctness. However, similarity does not always align with
correctness. For example, if the generated artifact is seman-
tically equivalent to the reference but differs significantly in
syntax, the similarity scores would be low, failing to accurately
reflect the correctness. Moreover, Evtikhiev et al. [8] provided
empirical evidence demonstrating a significant misalignment
between human judgment and match-based metrics.

Lack of Diverse Evaluation Strategies for Correctness As-
sessment. The representative LLM-as-judge evaluation metric
for code, ICE-Score [13], prompts LLMs to directly assign
evaluation scores using instructions such as “Assign a score
for functional correctness.” However, it primarily relies on a
single evaluation strategy that involves direct score assignment,
without incorporating diverse perspectives to assess correctness.
For instance, LLMs can also be prompted to determine whether
the generated code is functionally equivalent to a reference
implementation or whether it passes a set of test cases. To
enable a more reliable and robust evaluation, there is a need
for a more comprehensive LLM-as-judge framework that
incorporates multiple complementary strategies.

Our Work. To address these limitations, we propose
SE-Jury (Software Engineering Jury), the first LLM-as-
Ensemble-Judge metric designed to assess the correctness of
generated software artifacts, including code snippets, patches,
and comments. Unlike match-based and embedding-based met-
rics that approximate correctness through similarity, SE-Jury,
like other LLM-as-judge approaches, leverages LLMs’ reason-
ing and code comprehension abilities for semantic evaluation.

Inspired by the deliberative process of a legal tribunal
composed of domain-specific experts [14], where each judge
could contribute a unique perspective to reach a well-reasoned
verdict, SE-Jury employs a multi-evaluator framework. Specif-
ically, SE-Jury first defines five distinct evaluation strategies,
each represented by an independent judge responsible for its
own correctness assessment strategy. Second, a team selection
mechanism identifies the most suitable subset of judges to form
the team. Team selection helps reduce costs by avoiding the
use of all strategies for every task and allows the exclusion
of strategies that are less suitable for specific tasks. Third,
team members conduct their assessments, and their results are
merged into a final correctness score through ensembling.

We evaluate SE-Jury on a diverse set of SE datasets,
encompassing three popular SE tasks, code generation, au-
tomated program repair, and code summarization, across five
programming languages: Java, C++, Python, JavaScript, and Go,
and cover three different types of generated software artifacts:
code snippets, patches, and comments. Following prior work [8],
[13], we employ Kendall’s 7 coefficient and Spearman’s 7
to quantify the statistical correlation between the assessments
made by SE-Jury and the ground-truth human evaluation results.
The experimental results illustrate that SE-Jury achieves sub-
stantially and consistently higher correlations 29.6%-140.8%

than the baselines on average. Moreover, SE-Jury also achieves

agreement levels with human annotators that are close to inter-

annotator agreement observed in code generation and automated
program repair.

Contributions. The main contributions are as follows:

o To the best of our knowledge, we are the first to advance
LLM-as-judge techniques for software by effectively inte-
grating multiple diverse strategies on correctness evaluation.

o We propose SE-Jury, a novel LLM-as-Ensemble-Judge
evaluation framework that enables LLMs to produce correct-
ness assessments that closely align with human judgment.
SE-Jury achieves this through (1) the introduction of
multiple novel evaluation strategies, and (2) a team selection
mechanism that effectively combines the strengths of these
strategies for robust and reliable evaluation.

o Through extensive experiments spanning five programming
languages across three popular SE tasks, we demonstrate
the effectiveness and generalizability of SE-Jury in gener-
ating accurate correctness assessments for diverse software
artifacts, including code snippets, patches, and comments.

II. BACKGROUND
A. Problem Statement

Automatic evaluation metrics aim to assess the quality of
software artifacts generated by SE automation tools. In this
work, we focus specifically on the aspect of functional
correctness for code-based artifacts, which refers to the
extent to which a generated software artifact fulfills the intended
functional behavior described in the user requirement. Correct-
ness is a fundamental and indispensable attribute in many SE
tasks. Without correctness, other desirable properties—such as
efficiency or readability are rendered secondary. For text-based
artifacts, such as code summaries, functional correctness is not
clearly defined. Therefore, we focus on the Content Adequacy
aspect [15], which is more closely related to correctness
than other aspects, e.g., fluency or conciseness. This Content
Adequacy aspect assesses the extent to which the summary
provides the information necessary to understand the code.

Formally, the task is defined as follows and illustrated in
@ of Figure 1. Let x denote a user’s requirement (e.g., a
natural language description of a task), and let y be a software
artifact generated by an automated SE tool (e.g., an LLM-
based code generator), intended to fulfill the requirement x.
Let r be a reference solution that correctly fulfills the user
requirement x. For each generated software artifact y, human
annotators provide a correctness score, e.g., S € {0, 1,2, 3,4},
where 0 indicates a completely incorrect software artifact and
4 indicates a fully correct one. Our objective is to develop an
automatic evaluation metric £(x,y, ) that can closely correlate
with the human-provided correctness score S. Our method
supports both categorical values (e.g., S € {0,1,2,3,4}) and
continuous values. We use categorical values here because
the human-annotated scores in the studied datasets follow this
scheme. To adapt our method for continuous values, the only
required modification is to adjust the prompt instructions so
that the LLM generates continuous values instead of integers.
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Fig. 1: Overview

B. Representative LLM-based Metric: ICE-Score

The representative LLM-as-judge evaluation metric for code,
ICE-Score [13], prompts LLMs to directly assign evaluation
scores to the generated software artifacts. Formally, it takes
the requirement x, the generated software artifact y, and an
optional reference solution r, and inserts them into a predefined
prompt, yielding Prompt(z,y,r). The LLM then generates
a score based on this prompt: P = LLM (Prompt(x,y,r)).
We showcase the ICE-Score’s prompt for code generation:

Abstracted ICE-Score Prompt

[Task Description] Your task is to rate the code snippet
only on one metric ...
[Evaluation Criteria] Functional Correctness:
Execution-based quality of the code snippet ...
[Evaluation Steps]
1. Read the problem carefully;
2. Read the code snippet and compare it to the problem;
3. Assign a score for functional correctness ...
[Data] Problem: x, Code: y, Reference: r (Optional)

\ J

The core idea behind ICE-Score is to directly “ask” the LLM
to assess the correctness of the generated code y, as reflected
in instructions like “Your task is to rate the code snippet” and
“Assign a score for functional correctness.” This represents
a straightforward strategy in using LLMs for correctness
evaluation, which we refer to as the “Direct Assess” strategy.
However, ICE-Score focuses solely on this strategy, leaving
other potential strategies unexplored.

C. Motivation of SE-Jury

Motivation for Framework. Our work is inspired by the
deliberative process of a legal tribunal composed of expert
judges. In complex court cases, a panel of legal professionals
is formed, with each member specializing in a specific domain
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such as criminal law, civil law, or international law. Each expert
analyzes the case using their own legal framework, drawing
on different reasoning approaches. The final verdict emerges
through a process of collective deliberation, which benefits from
the diversity of these expert perspectives. Such tribunals do
not simply assemble all available experts; rather, they carefully
select members whose expertise is most relevant to the case at
hand, ensuring both efficiency and quality of deliberation.

Inspired by this legal setting, we identify two key limitations
in existing evaluation approaches, such as ICE-Score. First,
they rely on a single evaluator using a fixed strategy, which
limits the diversity of perspectives. Second, they do not provide
an effective mechanism for assembling a team of evaluators
with complementary strengths. To address these limitations,
our work introduces two key ideas at the framework level: 1)
designing diverse evaluation strategies that reflect different
modes of reasoning, ensuring that varied analytical perspectives
are brought into the assessment process; 2) introducing
a lightweight team assembly mechanism that selects an
effective combination of evaluation strategies.

Motivation for Correctness Evaluation Strategies. When
designing detailed strategies for evaluating correctness, we
drew inspiration from a common and relevant academic task:
grading exam papers, such as those in an algorithms course.
In practice, different graders can apply different approaches to
assess correctness. Some graders make a direct judgment about
whether an answer is correct and assign a score accordingly.
Others may revisit their initial evaluations to check for potential
oversights. To improve efficiency, some graders might compare
a student’s solution to a reference answer and judge whether
they are functionally or semantically equivalent. For more
complex or subjective problems, graders may identify key
evaluation criteria first and then verify whether each criterion
is met. Inspired by this process, we propose several distinct
perspectives for evaluating the correctness of software artifacts:
- Assessment with justification and self-reflection, where an
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LLM provides a judgment, explains its reasons, and then
re-evaluates the validity of those reasons;

- Equivalence-based comparison, where an LLM determines
whether the software artifact under evaluation is semantically
or functionally equivalent to a reference;

- Criteria-based evaluation, where an LLM first identifies the
necessary conditions for correctness and then checks whether
each condition is satisfied;

Lastly, recognizing the widespread use of test cases for

verifying code correctness, we propose a test-based perspective.

Since many of our evaluation datasets provide only a reference

solution without test cases, we first generate test cases and

then assess whether the code passes them. Each perspective
above brings a distinct way of reasoning about correctness.

III. OUR APPROACH

Figure 1 presents the framework of SE-Jury, consisting of
three main stages:
Stage 1: Diverse Evaluation Strategies (@ of Figure 1).
Given a requirement x, a generated software artifact y, and a
reference solution 7, this part defines five distinct correctness
evaluation strategies to assess the correctness of the generated
software artifact y from diverse perspectives.

Stage 2: Dynamic Team Formation (@ of Figure 1). Given
the five evaluation strategies, this stage aims to assemble an
effective subset, referred to as a “team”, from these strategies.
This process enables the assembled team to adapt to varying
dataset characteristics while reducing the costs of using LLMs.

Stage 3: Correctness Score Generation (@ of Figure 1).
Once the team is determined, it is used to evaluate the
correctness of data samples in the evaluation dataset, generating
individual scores for each data sample. These individual scores
are then aggregated to produce the final correctness score.

A. Diverse Evaluation Strategies

Basics of Evaluation Strategy. Following the prior work [13],
our tool leverages the zero-shot capabilities of LLMs, which
means that we do not provide any human-annotated scores as
input to LLMs. This choice reduces both manual labeling effort
and LLM usage costs. For each evaluation data sample, we
construct prompts containing the requirement x, the generated
software artifact y, and the reference solution r. These prompts
are then fed into LLMs, which generate the correctness of y.

Each unique prompt design corresponds to a distinct evalu-
ation strategy. By pairing a specific strategy’s prompt with
an LLM, we form an evaluator that generates individual
correctness scores in a zero-shot fashion. We introduce the
prompt designs of five different evaluation strategies as follows:

Strategy 1: Direct Assess. Strategy 1 (S1) directly asks LLMs
to assess the correctness of the generated software y. For the
prompt design of S1, see Section II-B. S1 has two variants:
one without the reference solution and one with it. A team is
considered to adopt S1 if it selects either variant.

Strategy 2: Direct Assess and Rethink. Strategy 2 (S2)
builds upon Strategy 1 (S1). In S1, the LLM directly provides

a correctness score s7 for the generated software artifact y,
typically accompanied by a brief explanation justifying the
assigned score. Inspired by the way humans often reflect on
their initial judgments, S2 introduces a rethink step. This step
prompts the LLM to review both its previously assigned score
and the reasoning behind it, and to consider whether any
revision is necessary. Specifically, the LLM is asked to critically
re-evaluate the validity of its earlier explanation and adjust
its score accordingly. For example, suppose in S1 the LLM
assigns a low score to the generated software artifact y due to
a flaw it identifies (e.g., a reason e). During the rethink phase,
if the LLM realizes that this reason e is actually incorrect, it
is encouraged to revise the score upward. Below, we present
an example of the prompt in S2 for the code generation task.

Prompt of Strategy 2

<Response from Strategy 1: predicted score s; and
its reasons e>

““*“ Prompt Segment Unique to Strategy 2 """

[Task Description] Your task is to recheck whether
the reason and score are proper...

[Evaluation Criteria]

1. If a bad reason about the code snippet is validated
to be ‘False’, increase the score...

2. If a good reason about the code snippet is validated
to be ‘False’, decrease the score...

3. If a reason is ‘True’, do not change the score...
[Evaluation Steps]

1. Please only validate the previous score and reason.
2. Please reply with your adjusted score.

[Data] Problem: x, Code Snippet: y, Predicted Score

from S1: s7, Reasons from S1: e
N\ J

After the rethink step, the LLM will produce an adjusted score
Sy by either increasing, decreasing, or maintaining the original
correctness score generated in S1 (i.e., s1).

Prompt of Strategy 3

[Task Description] Given two code, your task is to
assess whether they are semantically equivalent...
[Evaluation Criteria] Semantic Equivalence: To what
extent do the two code produce the same behavior...
[Evaluation Steps]

1. Read and analyze both code versions carefully. Read
the problem description too...

2. Compare their functionality, structure, and logic to
determine if they yield the same output and behavior...
3. Assign a Semantic Equivalence score...

[Data] Problem: x, Code: y, Reference: r
N Y,

Strategy 3: Equivalence Assess. Strategy 3 (S3) adopts
a different approach from S1 and S2. Since the reference
solution, 7, can correctly satisfy the user requirement =, we
can assess the correctness of y by evaluating its equivalence
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S4: Analyze Reference

S5: Generate Tests and

and Assess

Stepl: Generate Key Properties of Correct Code
[Task] Your task is to identify the core key points
from the golden answer...

[Steps]

1. Read the problem...

2. Analyze the golden answer to identify its
essential components...

3. List the extracted key points...

[Data] Problem: x, Reference Code: r

LLM

4

Generated Key Propertie are: ... (k)

Step2: Assess Correctness (Fulfilling Key Properties)
[Task] Your task is to assess whether the code
contains all the key points...

[Evaluation Criteria] To what extent does the
code accurately capture the essential key points?
[Steps] 1. Read the code and the key points...

2. Assign a Key Points Coverage score...

[Data] Code Snippet: y, Key Properties: k

LLM

' 4

Correctness Score: ...

Assess

Step1: Generate Tests

[Task] Your task is to generate tests that evaluate

correctness... '

[Steps]
1. Read the problem...

2. Identify key functional aspects, edge cases...

3. Generate a diverse set of test cases... ST
[Data] Problem: x, Reference Code: r 1

Generated tests are: ... (t)

Step2: Assess Correctness (About Passing Tests)

[Task] Your task is to determine whether the code
will pass all the test cases...

[Evaluation Criteria] To what extent is the code \
expected to pass the given test cases?
[Steps] 1. Read the code and the test cases...
2. Determine if the code pass all test cases...

[Data] Code Snippet: y, Tests: t B

Correctness Score: ...

Fig. 2: Prompt Designs of Strategy 4 and Strategy 5.

to r. The underlying idea is that if y and r are semantically or
functionally equivalent, then it is highly likely that y also meets
the original requirement z. Therefore, rather than reasoning
directly on the correctness of y, the LLM focuses on comparing
y and r, making this strategy an equivalence-based evaluation
strategy. We present an example of the prompt used in S3 for
the code generation task above.

Strategy 4: Analyze Reference and Assess. Strategy 4 (S4)
adopts an analytical approach. Figure 2 illustrates the prompt
design for S4. This strategy involves two steps. First, the LLM
identifies the critical properties of r that make it a correct
solution for x. In the second step, the LLM checks whether
y preserves those core properties. If the LLM determines that
y aligns with the reference solution’s key characteristics, it
considers y to be correct.

Strategy 5: Generate Tests and Assess. Strategy 5 (S5)
introduces a different evaluation strategy. The core idea is
straightforward: when the generated artifact y is a code snippet
or a code change, test cases serve as an effective means for
assessing its correctness. Figure 2 illustrates the prompt design
for S5, which consists of two steps. In the first step, we prompt
the LLM to generate test cases based on the user requirement
2 and the reference code r. In the second step, we provide
the generated software artifact y along with the previously
generated test cases as input to the LLM. The LLM is then
asked to evaluate whether y can pass all the generated test
cases and, based on this evaluation, assign a correctness score.
We generate test cases using the reference code, as using the
generated code directly could propagate any existing bugs into
the test cases. By relying on the known reference code, the
LLM can produce more reliable test cases.

Please note that, due to space limitations, we primarily present
the prompt design at a high level for the code generation
task, and the prompts shown are simplified illustrative versions.

Detailed prompts of S1, S2, S3, S4 and S5 across various tasks
and datasets are available in our online replication package [16].

Turning Strategies into Evaluators. With all strategies defined,
we can now pair each strategy with a specific LLM to construct
a set of evaluators. Each evaluator produces an independent
correctness score according to its respective evaluation strategy.
In addition, as the target human score ranges vary across
datasets such as CoNaLa [8] using a 0—4 scale, and Summary-
Assess [17] using 1-5, we standardize the output range across
all strategies to ensure consistency. To do this, we include an
instruction in each prompt that constrains the LLM to output
a score within the 0-100 range.

B. Dynamic Team Formation

Dynamic team selection aims to choose the most suitable
team for each dataset, helping to reduce costs by avoiding the
use of all strategies on every task and excluding those that
are less effective for specific tasks. For example, since test
cases cannot be generated for code comments, Strategy S5 is
not suitable for evaluating the correctness of code comments.
Building on this insight, this component dynamically assembles
an effective team from the available 5 strategies, tailoring the
combination to each dataset.

Initial Teaming. Let S = {51, S2,S3, 54, S5} denote the
set of strategies we can choose from. We leverage LLMs to
automatically obtain correctness scores, allowing us to explore a
broad space of strategy combinations. Specifically, we consider
all combinations that include at least two distinct strategies
and require S1, since it represents the most fundamental
strategy that directly reflects the original task. We denote these
combinations as 7 = {T},..., Ty}, where k is the number of
possible combinations.

Team Trials on A Few Annotated Samples. To identify the
best team from 7 = {Ty,...,T%}, we utilize a small set of
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annotated examples from the evaluation dataset. We randomly
sample 20 instances, assuming their ground truth correctness
scores are available, as annotating this number is feasible for
a human developer. Each team generates predicted scores for
these samples, and we measure their alignment with the ground
truth using Kendall’s 7 coefficient and Spearman’s rs. The
team with the highest correlation is selected as the best team.

Although they may appear similar, dynamic team selec-
tion serves a different purpose and operates under different
constraints compared to Hyperparameter Tuning (HP). HP is
applied during training and requires a large amount of labeled
data. In contrast, our method selects the ensemble configuration
and only uses 20 annotated samples.

C. Final Correctness Score Generation

For illustration purposes, suppose the selected team 7;

comprises strategies S, S, and Ss3. Please note that T; =
(S1, S2,S3) is just an example.
Individual Score Prediction. Given the selected team 7; =
(51, S2,S3), we apply this team to the remaining samples in
the dataset D = {d;,da, ..., dy}, excluding the 20 randomly
sampled instances used for team selection. We exclude these
20 instances from the evaluation dataset to avoid bias, as their
ground truth scores were involved in the selection process.

Each sample d; € D is represented as a tuple (x;,y;,7;)-
Strategies in the selected team independently generate correct-
ness scores for each sample, resulting in three individual scores:
S1, S2, and s3, corresponding to S, So, and Ss, respectively.

Score Ensembling. To generate the final score for each
sample, we aggregate the individual scores from the team
members using a simple averaging ensembling strategy. The
final predicted score § is computed as: § = 1F52+53,

Mapping Score to Target Scale. The predicted score § is
initially on a 0-100 scale. However, human-annotated scores
in different datasets may use different scales (e.g., 1-5). To
ensure compatibility with the evaluation criteria, we apply a
linear transformation [18]. For example, for datasets where
the human-annotated scores follow a 1-5 scale, we map the
predicted score as follows: E(x,y,r) = % x4+ 1.

IV. EXPERIMENTAL SETUP

In this section, we introduce the datasets used in our
experiments, the baseline methods for comparison, and the
evaluation methodology to assess the effectiveness of our
proposed metric. We also outline the implementation details
and define the key research questions.

A. Datasets

We evaluate SE-Jury on three popular SE tasks: code
generation, automated program repair, and code summarization.
The primary goal is to assess how well SE-Jury’s results
align with human evaluation results. Therefore, we have
selected evaluation datasets that include human evaluation
scores. Moreover, all selected datasets contain the reference
solutions. The selected datasets are:
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o CoNaLa [19] is a Python Code Generation benchmark
sourced from StackOverflow. We selected CoNaLa because
Evtikhiev et al.[8] provided human evaluation scores for
code generated by various automated code generation tools
addressing these CoNaLa problems.

Card2Code [20] is a Python Code Generation benchmark
derived from the collectible trading card game Hearthstone.
We selected Card2Code due to its inclusion in [8].
APR-Assess [21] is a human-annotated dataset for Auto-
mated Program Repair (APR), involving the generation
of patches (i.e., code changes) to fix identified bugs. It
consists of patches generated by program repair tools, each
manually evaluated for correctness. Although the APR data
contains tests, tests in real-world projects can be weak [22],
[23]. As a result, an APR-generated patch passing all the
tests could still be faulty upon developer review [22]. In
this study, we use the APR-Assess dataset [21], where
35 professional developers manually reviewed test-passing
patches to determine their true correctness. These labels are
considered more reliable than test outcomes, as they are
assigned by experts with full knowledge of the test results.
Summary-Assess [17] is a human-annotated dataset for
Code Summarization, which focuses on generating accurate
descriptions for given code snippets. It is based on a
publicly available Java code summarization dataset [24].
Human annotators evaluate various aspects of each summary,
including conciseness, fluency, and content adequacy. We
use the content adequacy results as the ground truth labels.

B. Selected Baselines

Match-based Metrics. We select 7 widely used match-based
metrics as baselines, all of which evaluate the similarity
between generated content and ground-truth answers. These
include four from the natural language processing domain:
BLEU [9], ROUGE-L [25], ChrF++ [26], METEOR [27], and
three designed for SE: CodeBLEU [28], RUBY [29], and
CrystalBLEU [30]. Among them, CrystalBLEU [30] is the
SOTA match-based metric designed to measure code similarity.

Embedding-based Metric. We choose four popular embedding-
based metrics as baselines: MoverScore [31], BERTScore [32],
CodeBERTScore, and SIDE [15]. Among these, SIDE [15] is
the state-of-the-art metric, though it is specifically designed
for the code summarization task.

LLM-as-judge Metrics. We select three LLM-as-judge metrics
as baselines. Vanilla LLM refers to the default LLM used with
a straightforward prompt, without employing the specialized
strategies proposed in this work. Specifically, we provide the
LLM with a simple instruction:*“Please assign a correctness
score to the given input data.” ICE-Score [13] is the leading
LLM-as-judge method for code evaluation. It extends the recent
LLM-as-judge approach for text, G-Eval [33], with adaptations
for code evaluation. ICE-Score prompts the LLM to generate
a correctness score based on pre-defined evaluation criteria. To
enable ICE-Score to support automated program repair and
code summarization tasks, we adapted it (originally designed



for code evaluation) by implementing similarly styled prompts.
The adapted ICE-Score prompt retains the same core modules
as the original framework: (1) task description, (2) evaluation
criteria, (3) evaluation steps, and (4) data placeholders, with
only necessary modifications (e.g., task definitions, evaluation
criteria explanations). Due to space limitations, the adapted
ICE-Score prompts are available in our replication package [16].
For all datasets, we evaluated two variants of ICE-Score: one
using reference answers and one without, and reported the
better-performing variant on average. CodeJudge [34] is a state-
of-the-art LLM-based evaluator of code correctness, designed
to assess the functional correctness of generated code.

C. Effectiveness Evaluation

We use two evaluation approaches to assess the effectiveness.

Statistical Correlations. We follow prior studies [13], [34] to
employ two statistical correlation metrics, including Kendall’s
T coefficient and Spearman’s r,. They are widely used to
measure the statistical correlation between evaluation results
produced by automatic evaluation metrics and the ground truth.
Specifically, Kendall’s 7 coefficient [35] measures the ordinal
association between two data, and Spearman 7, [36] is a
measure of rank correlation. Note that Pearson’s correlation is
not employed because it is a parametric measure that assumes
a linear relationship between variables, an assumption that
may not be satisfied in our tasks. For ease of comparison, we
report the average of the Kendall’s and Spearman’s correlation
coefficients.

Statistical Agreements. We also evaluate the statistical agree-
ment between our tool’s results and human evaluation scores.
Specifically, we use Cohen’s Kappa score [37], a statistical
measure that assesses the agreement between two raters who
independently classify items into categories.

D. Implementation Details

We evaluate the effectiveness of SE-Jury using the OpenAl
GPT-40 mini model (i.e., gpt-4o0-mini-2024-07-18) [38] as the
backbone. For reasons of scalability and cost-effectiveness,
we selected GPT-40-mini as the primary underlying LLM.
As a lightweight version of GPT-40, GPT-40-mini costs only
US$0.15 per million input tokens, which is approximately 6%
of the cost of GPT-40, 1.5% of GPT-4-turbo, and 30% of GPT-
3.5-turbo. We set the temperature to O to reduce the impact of
randomness in the LLM on the results.

E. Research Questions

Our work aims to answer three Research Questions (RQs).

« RQ1: How well does SE-Jury correlate with human
judgment compared to baseline methods? In RQI, we
investigate whether SE-Jury generates evaluation results that
more closely correlate with human judgment compared to
baseline evaluation metrics.

« RQ2: How does the agreement between SE-Jury and
human evaluators compare to the agreement among
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humans? In RQ2, we quantify the gap between human-
tool agreement and human-human agreement to assess how
closely SE-Jury can replace human evaluators.

RQ3: How do the key design components of SE-Jury
impact its effectiveness? We conduct an ablation study to
assess the contributions of the main modules of SE-Jury. We
also analyze the impact of different design choices.

RQ4: How well does SE-Jury correlate with test case
execution outcomes? In RQ4, we investigate the general-
izability of SE-Jury from human-annotated labels to labels
derived from test execution.

V. EXPERIMENTAL RESULTS

A. RQI: Correlation with Human Scores

In RQ1, we evaluate the correlation between SE-Jury’s scores
and human-annotated scores. Table I shows how well SE-Jury’s
scores correlate with human judgments across four human-
annotated datasets. For the results of each dataset, the first two
columns report statistical correlation metrics: Kendall’s 7 and
Spearman’s rg, respectively.

SE-Jury achieves the highest alignment with human
evaluations, consistently and significantly outperforming all
baseline methods. As shown in Table I, SE-Jury consistently
outperforms all baselines by an average of 29.6%—-140.8%
across all tasks, based on the mean of two statistical correlation
metrics. Among the baselines, ICE-Score performs the best. For
individual tasks, SE-Jury exceeds the best-performing baseline
ICE-Score by 17.9% on the code generation task (CoNala
and Card2Code), 75.2% on the automated program repair
task (APR-Assess), and 12.7% on the code summarization
task (Summary-Assess). The results indicate that SE-Jury
generalizes well across diverse types of software artifacts:
code changes in APR-Assess, code snippets in CoNalLa and
Card2Code, and code comments in Summary-Assess. Moreover,
we perform the Wilcoxon signed-rank test [39] at the 95%
significance level (i.e., p-value < 0.05) between SE-Jury and
each baseline. The Wilcoxon signed-rank test was applied to
the paired performance differences between SE-Jury and each
baseline over all studied datasets together. Specifically, the
performance was measured as the difference between a tool’s
output score and the human score. To account for multiple
comparisons, the Bonferroni correction [40] was applied. The
results show that p-values are below 0.05, indicating that
SE-Jury significantly outperforms baselines.

SE-Jury achieves strong alignment with human judg-
ments in code generation and automated program repair.
We follow prior work to interpret correlation scores: Kendall’s
7 > 0.5 [41] and Spearman’s 75 > 0.6 [42] are considered
strong correlations. Based on these thresholds, SE-Jury shows
strong alignment with human evaluation for code generation
(CoNaLa and Card2Code) and automated program repair (APR-
Assess). While SE-Jury’s performance on code summarization
(Summary-Assess) is relatively lower compared to other tasks,
it still substantially outperforms competing methods.



TABLE I: Experimental results for correlation with human scores. The highest correlation is highlighted in bold, and the
best-performing baseline is underlined. 7: Kendall’s coefficient, and r,: Spearman’s coefficient.

CoNaLa Card2Code APR-Assess Summary-Assess Average
Metrics T Ts avg T Ts avg T Ts avg T Ts avg Tasks
Existing Metrics
BLEU 294 326 310 | 438 543 49.0 | 243 296 269 | 134 153 143 30.4
ROUGE-L 440 51.0 475 | 526 650 588 | 201 246 224 | 176 21.7 196 37.1
METEOR 38.0 443 412 | 654 79.6 725 | 40.5 494 450 | 17.8 220 199 44.7
Chrf++ 473 544 509 | 640 783 71.1 | 23.1 282 257 | 19.0 232 21.1 422
CodeBLEU 224 253 239 | 409 513 46.1 | 197 240 218 | 133 160 14.6 26.7
RUBY 365 429 397 | 654 782 718 | 104 127 116 | 17.0 209 189 355
CrystalBLEU 267 295 281 | 37.8 47.6 427 | 287 350 31.8 | 128 146 137 29.1
MoverScore 40.0 440 420 | 647 790 71.8 | 17.7 21.6 196 | 158 183 17.0 37.7
BERTScore 438 480 459 | 558 69.1 625 1.3 1.6 1.5 21.6 240 228 332
CodeBERTScore 42.1 46.6 443 | 580 722 65.1 5.5 6.7 6.1 148 17.0 159 329
SIDE - - - - - - - - - 238 282 26.0 -
Vanilla LLM 423 489 456 | 66.1 746 704 | 426 445 435 | 31.1 36.7 339 48.4
ICE-Score 521 582 552 | 627 702 66.5 | 42.1 449 435 | 30.1 36.0 33.1 49.6
Our LLM-as-Ensemble-Judge Metric

SE-Jury 60.0 669 635 | 769 837 803 | 762 762 762 | 332 415 373 64.3
w/o Team Select (Merge All) | 59.3 665 629 | 734 804 769 | 736 73.6 736 | 29.8 382 34.0 61.9
w/o Team & Strategies 423 489 456 | 66.1 746 704 | 426 445 435 | 31.1 367 339 48.4

Answer to RQ1: SE-Jury achieves the highest align-
ment with human evaluations, consistently and substan-
tially outperforming all baselines by 29.6%—-140.8% on
average. For all correlation metrics, SE-Jury shows
strong alignment with human evaluations except
Summary-Assess, indicating its alignment with humans.

B. RQ2: Human-Tool & Human-Human Agreement

In RQ2, we assess how closely SE-Jury aligns with individ-
ual annotators relative to human—-human agreement.

Setup. It is important to note that the datasets we study, i.e.,
CoNaLa, Card2Code, APR-Assess, and Summary-Assess, are
all annotated by multiple human developers. In RQ1, we used
the aggregated human score as the ground truth. This score is
obtained by combining the individual ratings from different
annotators. For example, in the CoNaLa dataset, Evtikhiev et
al. adopted the M-MSR algorithm [43] to aggregate multiple
human grades into a single aggregated human score [8]. In
contrast, RQ2 uses individual human annotations as the ground
truth to evaluate SE-Jury. Our objective is to measure the
gap between the agreement levels of SE-Jury with human
annotators (human-tool agreement) and the agreement among
human annotators themselves (human-human agreement). If
its agreement with individual annotators matches the level of
agreement among humans themselves, it indicates that SE-Jury
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Fig. 3: Agreements between human developers (“H-H” and

highlighted in blue) and agreements between SE-Jury and
humans (“H-T” and highlighted in orange).

could serve as a reliable surrogate for human evaluation.
Specifically, we group human annotators into pairs and compute
Cohen’s Kappa [37] scores to quantify their agreement levels.
Moreover, we pair SE-Jury with each human annotator and
compute Cohen’s Kappa scores on all human-tool pairs.

Results. Figure 3 shows a box plot illustrating the agreement
levels between human developers (labeled as “H-H” in the
figure and highlighted in blue) and between humans and our
tool (labeled as “H-T” and highlighted in orange), measured by
Cohen’s Kappa scores. The middle line of each box represents
the median, and the white diamond represents the mean. A
smaller box indicates more stable results and smaller variance.

In the automated program repair task, SE-Jury achieves
agreement levels with human annotators that are compa-
rable to the agreement among human annotators. Figure 3
shows that SE-Jury exhibits comparable median and mean
agreement with human annotators, indicating it has the potential
to serve as a reliable substitute for humans in this task.

In the code generation task, SE-Jury achieves agreement
levels that are close to human-human agreement. Specifi-
cally, on CoNaLa, SE-Jury attains a score of 16.7, lower than
the human—human average of 25.7. In contrast, on Card2Code,
it achieves a higher average Cohen’s Kappa score of 41.9,
surpassing the human—human agreement score of 30.5. Overall,
SE-Jury demonstrates performance close to that of human
evaluators, making it a promising choice for code generation
evaluation.

However, in the code summarization task, there remains
a substantial gap between the agreement of SE-Jury and
human annotators compared to human-human agreement.
On the Summary-Assess dataset, SE-Jury achieves an average
Cohen’s Kappa score of 1.9, which is substantially lower than
the human—human average of 15.5. This suggests that SE-Jury
is not yet a viable replacement for human evaluators in code
summarization. Nonetheless, as shown in Table I, SE-Jury
remains the best-performing automatic evaluation metric in the
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TABLE II: Performance of SE-Jury with different LLMs, individual evaluation strategies, and the underlying LLM alone.

CoNaLa Card2Code APR-Assess Summary-Assess Average
Metrics T s avg T Ts avg T Ts avg T Ts avg Tasks
Performance of Using Different Underlying LLMs
SE-Jury (GPT-40-mini) 600 669 635 | 769 837 803 | 762 762 762 | 332 415 373 64.3
SE-Jury (DeepSeek-Chat) 623 726 674 | 80.5 86.7 836 | 742 742 742 | 312 372 342 64.9
Performance of Individual Strategies (with GPT-40-mini)
Team Selected by SE-Jury S1+S4 S1+S2+S3 S1+S4 S1+S2 -
S B 569 6337 60.1 | 56.7 ~ 628 598 | 686 686 686 [ 332 390 361 | 562
S2 527 602 564 | 725 802 764 | 63.1 63.1 63.1 | 319 37.8 349 57.7
S3 523 590 556 | 76.1 827 794 | 769 769 769 | 195 232 214 58.3
S4 455 503 479 | 644 71.1 678 | 56.1 56.1 56.1 | 189 21.7 203 48.0
S5 462 523 493 | 522 593 558 | 682 682 682 | NA NA NA 57.8
Underlying LLM Alone
GPT-40-mini Alone | 423 489 456 | 66.1 746 704 | 426 445 435 | 31.1 367 339 | 48.4

code summarization task, highlighting our progress.

Answer to RQ2: Compared to inter-human agreement
levels, SE-Jury achieves comparable agreement with
human annotators in the automated program repair task
and approaches human-level agreement in the code
generation task, indicating that SE-Jury holds promise
as a substitute for human evaluators in these tasks.

C. RQ3: Ablation Study and Impact Analysis

In this RQ, we examine the contribution of two key
components in SE-Jury: 1) the Strategy Design, and 2) the
Dynamic Team Selection. We also analyze the impact of
different design choices.

Effectiveness of Dynamic Team Selection. The row labeled
“wo Team Selection” in Table I shows the performance of
SE-Jury when all strategies are combined using simple en-
sembling. We find that the dynamically selected teams perform
slightly better than the full ensemble. This demonstrates that our
approach can effectively identify strong strategy combinations
while also reducing the costs of using LLMs. Overall, the
team selection mechanism reduces LLM cost by about 50%
without sacrificing performance. The selected team improves
over the full ensemble, possibly because some strategies are
less suitable for these tasks, and our dynamic team selection
mechanism helps avoid choosing those less effective strategies.

Effectiveness of Strategy Design. To demonstrate the effective-
ness of our strategy design, we compare two variants of SE-Jury.
The first variant removes the team selection component, while
the second removes both team selection and our custom
strategies, which simply prompts the LLM with: “Please assign
a correctness score to the given input data.” The performance
gap between these two variants highlights the contribution of
our strategy design. The last two rows of Table I show the
results of these two variants. Our strategy design leads to an
average improvement of 27.9% across three tasks, underscoring
its critical role in SE-Jury’s overall effectiveness.

Effectiveness of Individual Strategies. Table II presents the
performance of the five individual strategies (S1-S5) on each
dataset. The results show that while individual strategies may
perform well or poorly on specific datasets, SE-Jury, as a
combined, suitable team, delivers strong and stable performance

across all tasks. When comparing average performance across
tasks, SE-Jury outperforms S1 (the average of its two variants),
S2, S3, S4, and S5 by 14.4%, 11.4%, 10.3%, 34.0%, and 11.2%,
respectively. This robust performance arises from combining
the strengths of the individual strategies, with each strategy
contributing to at least one of the best-performing teams across
different datasets. Among the individual strategies, S3 performs
best overall.

Comparison between SE-Jury and the LLM alone. To
clearly illustrate the performance of SE-Jury relative to its
underlying LLM, GPT-40-mini, we compared them on each
dataset. In this comparison, GPT-40-mini uses the prompt
of the Vanilla LLM baseline. Table II shows that SE-Jury
consistently and substantially outperforms GPT-40-mini alone,
with a relative improvement of 32.9% on average. This
demonstrates that our proposed design substantially enhances
the performance of the LLM.

Impact of Underlying LLM. Impact of Underlying LLM.
To assess the impact of the underlying LLM, we also experi-
mented with another state-of-the-art and cost-effective model,
DeepSeek-Chat. Table II shows that SE-Jury achieves slightly
higher effectiveness with DeepSeek-chat (average correlation
score: 64.9) compared to GPT-40-mini (average correlation
score: 64.3). These results suggest that SE-Jury can maintain
strong performance across different state-of-the-art LLMs.

Impact of Varying Number of Annotated Samples. In our
team selection module, SE-Jury requires a small number of
annotated examples (20 samples) from the evaluation dataset
to identify the most effective team for each dataset. To assess
the impact of varying the number of annotated examples,
we conduct experiments using different values of N. For
benchmarks with fewer than 200 samples, we set N to at
most 20, since a larger N would leave too few remaining
test samples and distort the original distribution. As shown
in Table III, while performance may fluctuate, it exhibits a
general upward trend as more labeled data is added. However,
asking human annotators to label a large number of samples

TABLE III: Impact of varying numbers of annotated samples

N=2 N=6

61.1

N=18
61.1

N=20
64.3

N=50
64.4

Impact of N Examples

Averaged Correlation 58.1
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TABLE IV: Experimental results for correlation with test case
execution outcomes. The highest correlation is highlighted in
bold, and the second highest is underlined.

HumanEval-X APPS
Python Java C++ JavaScript Go

Metrics avg-cor  avg-cor  avg-cor avg-cor avg-cor | avg-cor
BLEU 48.0 30.6 47.7 39.0 34.5 1.1
ROUGE-L 47.6 332 45.7 428 334 2.0
METEOR 51.9 374 46.2 454 32.1 10.7
ChrF++ 473 359 475 444 30.8 19
CodeBLEU 52.5 414 437 475 31.8 20.5
RUBY 42.1 348 449 422 325 4.0
CrystalBLEU 36.7 30.0 424 39.7 31.3 32
MoverScore 42.1 329 42.1 38.8 42.3 1.8
BERTScore 43.1 342 453 41.7 26.8 3.9
CodeBERTScore 46.1 37.7 48.1 42.1 372 1.7
Vanilla LLM 62.9 59.1 574 62.2 457 16.0
ICE-Score 60.1 53.0 59.3 60.5 53.9 271.7
SE-Jury 74.0 63.6 72.2 62.3 55.9 47.4

can be burdensome. We believe that the chosen 20 samples
mark is a good trade-off between developers’ time to annotate
and performance improvement.

I N\

Answer to RQ3: The key components of SE-Jury
are crucial to its effectiveness. The dynamic team
selection mechanism helps identify effective strategy
combinations while also reducing LLM usage by around
50%. It maintains performance and even improves it in
some cases. In addition, our strategy design yields an
average performance gain of 27.9%, underscoring its
substantial contribution to SE-Jury’s effectiveness.

\

D. RQ4: Correlation to Test Case Execution Outcomes

In this RQ, we evaluate the correlation between SE-Jury’s
scores and test execution outcomes. Additionally, we compare
SE-Jury with the state-of-the-art LLM judge, CodeJudge, since
CodeJudge was primarily evaluated based on its correlation
with test execution outcomes in its original paper.
Generalizability to Test Case Execution Outcomes. We
examine the generalizability of SE-Jury to labels based on test
execution, where 0 indicates test failure while 1 represents test
success. To this end, we select two popular code generation
datasets that include accompanying test cases: HumanEval-
X [44], which spans multiple programming languages, and
APPS [45], which provides more complex and challenging
coding tasks. Table IV presents the average correlation be-
tween SE-Jury’s evaluation scores and test case execution
results on both datasets. Table IV demonstrates that SE-Jury
achieves the highest average correlation with test case execution
outcomes, consistently outperforming all baseline methods.
On the HumanEval-X dataset, SE-Jury outperforms the best-
performing baseline by an average of 14.4% across five pro-
gramming languages. On the APPS dataset, SE-Jury achieves
even greater improvements, surpassing the best-performing
baseline by 71.1% in terms of average correlation scores.

TABLE V: Comparison with CodeJudge [34].

HumanEval-X CoNaLa APPS BigcodeBench
Metrics T rs T Ts T Ts T Ts
CodeJudge 62.9 62.9 549 645 395 395 392 392
CodeJudge w/o reference  52.6 52.6 553 655 165 165 317 31.7
SE-Jury 62.9 68.3 60.0 669 440 508 420 46.3
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These results confirm SE-Jury’s generalizability from human-
annotated scores to test case-based execution outcomes.

Comparison of SE-Jury with CodeJudge. CodeJudge [34]
is a state-of-the-art LLM-based evaluator of code correctness in
code generation. We compare SE-Jury with CodeJudge using
four code generation datasets from CodeJudge’s evaluation
suite: HumanEval-X [44], APPS [45], BigCodeBench [46],
and CoNalLa [19]. Table V presents the experimental results.
SE-Jury consistently and substantially outperforms CodeJudge,
achieving 9.6% higher average correlation scores across all
datasets compared to CodeJudge, and 36.8% higher than the
CodeJudge variant without reference code. In addition, SE-Jury
supports a broader range of tasks, including APR and code
summarization, which are not supported by CodeJudge.

Answer to RQ4: SE-Jury achieves the highest align-
ment with test outcomes, consistently outperforming all
baseline methods. Specifically, SE-Jury surpasses the
state-of-the-art CodeJudge by 9.6% on average.

VI. DISCUSSION
A. Limitations

First, although SE-Jury generally produces evaluation results
that align well with human judgments, it still encounters some
failure cases, especially in the code summarization task. The
evaluation of code comments is often subjective, and even
human annotators may disagree on what constitutes a correct
summary. Similarly, when dealing with ambiguous or controver-
sial comments, SE-Jury may find it difficult to generate scores
that match human assessments. Nevertheless, this limitation
is common across all baseline methods, and SE-Jury still
demonstrates better performance compared to other approaches.
Second, SE-Jury incorporates multiple strategies (prompts) that
reflect different perspectives and it relies on commercial LLMs,
which results in an additional cost of by around US$ 0.1
per 100 samples. To manage this, we use OpenAl’s GPT-40
Mini [38] as the backbone model, which is one of the most
cost-effective commercial LLMs. We also introduce a team
selection mechanism to further reduce the number of LLM
queries. Although traditional automatic metrics such as BLEU
are free, they often fail to accurately reflect human judgment [8]
and can lead to misleading conclusions.

B. Threats to Validity

Our findings are limited to the specific SE datasets examined
in this study and may not generalize to all SE datasets. To
mitigate this limitation, we selected three widely adopted
datasets—CoNaLa, Card2Code, and Summary-Assess—and
introduced APR-Assess, a human-annotated dataset not previ-
ously studied in this context. These benchmarks collectively
span three major SE tasks: code generation, automated program
repair, and code summarization. They also cover diverse
software artifacts, including source code, code changes, and
code comments. Another potential threat to validity is our
choice of evaluation metrics. Following prior work [8], [13],
we adopt widely used metrics for this task: Kendall’s 7 and



Spearman’s r; for measuring statistical correlation. We employ
the widely used Cohen’s Kappa score to quantify inter-rater
agreement. Moreover, SE-Jury uses the OpenAl GPT-40 mini
model for its cost-effectiveness, though its performance may
improve when more advanced LLMs (e.g., GPT-4.5) are used.

VII. RELATED WORK

Traditional Metrics for Correctness Evaluation. Many SE-
specific metrics have been proposed to assess the correctness
of SE data. Ren et al. introduced CodeBLEU [28], which
extends BLEU by incorporating code syntax and structure.
Tran et al. proposed RUBY [29], which measures similarity
using lexical, syntactic, and semantic representations. Eghbali
et al. developed CrystalBLEU [30], which improves BLEU
by filtering out common n-grams to focus on more infor-
mative patterns. Zhou et al. proposed CodeBERTScore [47],
which adapts BERTScore to code by leveraging a fine-tuned
CodeBERT model. Mastropaolo et al. introduced SIDE [15],
a metric that applies contrastive learning to enhance cosine
similarity-based evaluation on code summaries. Additionally,
Evtikhiev et al. [8] empirically evaluated six metrics, such as
BLEU and ROUGE-L, against human judgments and found
significant misalignment, emphasizing the need for more
accurate and reliable automatic metrics. In contrast to prior
traditional metrics, SE-Jury leverages LLMs’ reasoning and
code comprehension abilities for semantic evaluation.

LLM-based Metrics for SE Artifacts Correctness Evalu-
ation. Zhuo et al. proposed ICE-Score[13], which prompts
an LLM to assign a correctness score based on predefined
criteria. CodeScore [48] assesses the functional correctness of
generated code by estimating its pass ratio (the proportion of
unit tests the code passes) and executability (whether the code
can be executed successfully). Yang et al. [49] introduced Code-
DiTing, a judge model enhanced by reasoning distillation from
DeepSeek-R1, designed to align closely with test case execution
outcomes. CodeJudge [34] is the state-of-the-art LLM judge,
which uses the LLM to evaluate the functional correctness of
generated code in code generation. The above methods rely
on a single prompting strategy and are limited to evaluating
code correctness. In contrast, SE-Jury introduces multiple
strategies and supports a broader set of tasks, including code
generation, summarization, and automated program repair. We
also introduce a dynamic team selection module that enhances
performance while reducing LLM API costs. Moreover, SE-
Jury substantially outperforms both CodeJudge and ICE-
Score. Furthermore, we demonstrate that SE-Jury can achieve
agreement levels with human annotators that are close to the
inter-annotator agreement observed among humans on code
generation and automated program repair tasks. Moreover,
Kumar et al. [50] introduced an LLM judge for the bug
summarization task, relying on a single evaluation strategy. In
contrast, our work addresses multiple SE tasks and introduces
five distinct prompt strategies along with a dynamic team
selection module to enhance performance and reduce LLM
API costs. Lastly, Chun et al. [51] introduced a multi-agent

system designed to generate high-quality code summarization
and translation, whereas our work focuses on assessing the
correctness of Al-generated SE artifacts.

LLM-based Methods for Evaluating Non-functional Prop-
erties of SE Artifacts. Wang et al. [52] empirically investigate
LLM-as-a-judge methods from NLP for evaluating SE tasks,
focusing on consistency and readability aspects. CodeUltraFeed-
back [53] is a recent study focused on non-functional properties,
specifically coding preferences such as style or readability.
The study first collects a preference dataset consisting of
instructions and corresponding responses generated by various
LLMs. It then introduces an LLM-based judge to assess
code preferences using this dataset, achieving competitive
performance. In contrast, SE-Jury primarily evaluates functional
correctness. Therefore, we consider our work orthogonal to
CodeUltraFeedback [53] and Wang et al. [52] and view
extending SE-Jury to non-functional properties as an interesting
direction for future work.

Fine-tuned LLM Judges from Natural Language Processing.
Several fine-tuned LLM judges have been proposed in Natural
Language Processing (e.g., [54], [55]). These approaches
require large-scale training datasets, but annotated datasets
for evaluating the correctness of Al-generated SE artifacts are
still scarce. This scarcity makes it difficult to apply fine-tuned
judges in the SE domain. Furthermore, to the best of our
knowledge, no SE-specific fine-tuned LLM judge has been
published. Given these limitations inherent to the field, we
do not compare SE-Jury with fine-tuned evaluators in our
experiments. In contrast, SE-Jury performs effectively with
only 20 annotated samples, making it a more practical solution.

VIII. CONCLUSION AND FUTURE WORK

In this paper, we present SE-Jury, the first LLM-as-Ensemble-
Judge metric specifically designed to evaluate the correctness
of generated software artifacts. SE-Jury defines five distinct
evaluation strategies and introduces a team selection mechanism
that chooses an appropriate subset of strategies. Our experi-
ments show that SE-Jury achieves substantially and consistently
higher correlations with human judgments, with improvements
ranging from 29.6% to 140.8% on average compared to existing
automatic evaluation metrics. Furthermore, SE-Jury reaches
agreement levels with human annotators that are close to
inter-annotator agreement in tasks like code generation and
automated program repair. To facilitate future studies, our
replication package is publicly available at [16].

In future work, we plan to extend SE-Jury beyond correctness
evaluation to cover additional dimensions, such as assessing
non-functional properties of generated software.
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