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Abstract

WE

Automated code review (CR) is a key application for Large Language Models (LLMs), but progress is hampered
by a “reality gap”: existing benchmarks evaluate models on isolated sub-tasks using simplified, context-poor data.
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This fails to reflect the holistic context-rich nature of real-world CR.
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To bridge this gap, we introduce CodeFuse-CR-Bench, the first comprehensiveness-aware benchmark for
repository-level CR evaluation.
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CodeFuse-CR-Bench comprises 601 high-quality instances from 70 Python projects covering nine Pull-Request
(PR) problem domains, where each instance provides rich, multi-faceted context including the associated issue,
PR details, and repository state, enabling end-to-end evaluation.
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Beyond superficial metrics, we also propose a novel evaluation framework that combines rule-based checks for
location and syntax with model-based judgments of review quality.
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We present the first large-scale assessment of state-of-the-art LLMs on this comprehensive CR task.
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Our results establish crucial baselines and reveal that (1) no single LLM dominates all aspects of CR; (2) Gemini
2.5 Pro achieves the highest comprehensive performance; and (3) different LLMs exhibit varying robustness to
redundant context.
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These findings highlight the necessity of holistic, multi-dimensional evaluation and provide actionable insights
for advancing truly intelligent yet practical CR assistants.
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1 Introduction
15§

Code Review (CR) is a core practice in modern software development that aims to improve code quality and
identify defects through collaborative inspection (Bacchelli & Bird, 2013).

ABGHRE (CR) ZIABMIT LD S, Bl ek AR i S A B I SR (Bacchelli
& Bird, 2013),

As Large Language Models (LLMs) increasingly automate complex software engineering tasks, their application
to CR holds immense promise for improving software quality and developer productivity.
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However, the development of such sophisticated tools is fundamentally constrained by how we measure their

performance.
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Current benchmarks, while valuable, evaluate models in isolated, decontextualized settings, creating a significant
and growing “reality gap” between measured performance and real-world efficacy.
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The core of this problem lies in a failure to capture the comprehensiveness of the CR process.

XA AR AZ O TR RER e 2 UG s A e i 2 T

Real-world CR is not a simple text-matching exercise; instead it is a holistic reasoning task that requires a deep

understanding of context.
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This disconnection manifests in three critical limitations of existing automated CR research, as demonstrated in

Table 1:
A AR BRI B Sh AR ST I =D G BRI B, sk 1 s

1. Task Fragmentation: The cognitive process of a human reviewer—understanding the initial problem,
locating potential issues in a code change, and formulating a coherent review—is often broken down into
isolated sub-tasks like comment generation or code refinement.
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This fragmentation prevents the evaluation of end-to-end reasoning, a crucial capability for a truly useful

automated reviewer.
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2. Context Poverty: Existing benchmarks typically provide only small, self-contained code snippets and strip
away the rich context that is essential for meaningful review, such as the Pull Request (PR) description, the
linked issue report, and the broader repository structure.
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Without this context, a model cannot grasp the intent behind a change, making its review superficial.

BOARLE BRI, BRICE EIR A S R R, I H SRRk

3. Evaluation Narrowness: Evaluation metrics are often inherited from natural language processing (NLP) tasks
(e.g., BLEU).
4. PPAGEREETE : PR E T AOK B B A S AL (NLP) {£55 (#1411 BLEU)

These metrics reward superficial textual similarity but fail to assess the substantive quality of a review.
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They cannot distinguish a technically insightful suggestion from a syntactically similar but incorrect one, nor can
they verify if a review comment is even placed at the correct location in the code.
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In contrast, as shown in Figure 1, a typical CR process is a holistic reasoning task.
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The code reviewer receives a CR request and the corresponding PR information, which includes PR-related
information such as the PR description and associated issue data.
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Based on this rich context, the reviewer performs the review by writing comments and revision suggestions,

which constitute the CR-related information.
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To bridge the gap between this reality and current evaluation methods, we introduce CodeFuse-CR-Bench, a
Comprehensiveness-Aware benchmark for Repository-level Evaluation of code review.
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CodeFuse-CR-Bench is designed from the ground up to model this full CR workflow.
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It comprises 601 high-quality instances curated from 70 real-world Python open-source projects.
B 70 A BLSEH L Python JFEINH rfofg i Ay 601 /g i L 451«

Each instance is a rich, self-contained snapshot of a real review task, encompassing basic information, PR-related
information, CR-related information, and repository-level context.
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This multi-faceted context enables models to engage in the kind of holistic reasoning that developers perform
daily.
X2 2 A BRSO RERS EAT T R N LR A TR IR AR 3L



Furthermore, to move beyond narrow, syntax-focused metrics, we designed a comprehensive evaluation
framework for CodeFuse-CR-Bench.
UeAh, AT RERRER . A fER, FAT A CodeFuse-CR-Bench it T —MEEGITATHESE

This framework integrates both fine-grained rule-based metrics (to assess location accuracy and semantic

similarity) and holistic model-based evaluation (which uses the reward model and advanced LLMs-as-judges to

score the overall quality, relevance, and correctness of a review).
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Using this benchmark and framework, we conduct the first large-scale assessment of state-of-the-art LLMs on the

comprehensive CR task.
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Our results establish crucial baselines and reveal the current capabilities and limitations of LLMs when faced with

the complexities of real-world code review.
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In summary, this paper makes the following contributions:
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* We identify and characterize the "comprehensiveness gap" in current CR research, highlighting how task
fragmentation, context poverty, and narrow evaluation metrics hinder progress.

s TABRAIFEZIE T Y57 AR AR 7SR e, S8R TSR BT B AR B PR AL
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* We introduce CodeFuse-CR-Bench, the first comprehensiveness-aware CR benchmark that provides rich,
repository-level context to enable the evaluation of end-to-end CR tasks across nine distinct problem domains.
* JATHEH 7 CodeFuse-CR-Bench, X2 B2 HPERBNAY M H SR, REAFTEN. GERNLET
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* We propose a novel, multi-faceted evaluation framework that combines rule-based precision with model-based
quality assessment to provide a more holistic measure of CR performance.
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* We conduct an extensive empirical study on multiple state-of-the-art LLMs, providing the first robust baseline
for comprehensive CR and offering insights into future research directions.
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2 Related Work
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2.1 CR-related Tasks
2.1 {ASHEE (CR) MHRIESF

Previously, the vast majority of benchmarks and approaches were constructed to improve CR performance (Jiang
et al., 2025).
LARG, 4R 22BN B2 0 Tia g E (CR) TEREM AT (Jiang et al., 2025),

Tufano et al. (Tufano et al., 2021) proposed Trans-Review, which adopted deep learning models to partially
automate specific CR tasks.

Tufano % A (Tufano et al., 2021) #2 T Trans-Review, %77 5% VA 25 ST B AR 2 AR
A .

They trained two models to implement two CR sub-tasks: (i) code revision before review and (ii) code revision

after review.

AT T P AT SR S AU BT 7155 () B RTAI A ET TR (i) WA AR BT

Based on this prior work, they (Tufano et al., 2022) updated the models from deep learning models to the pre-
training model TS and named it T5-Review.

BT IXTUEHTHY AR, ] (Tufano et al., 2022) {4 AU IR BE=7 IR SR A TN Al TS, 4% Hod
4} T5-Review,

The results demonstrated that T5-Review can outperform previous deep learning models for automating CR tasks.

SRR, T5-Review f£ H SU A H AL 55 75 LT LART AR S AT

Thongtanunam et al. (Thongtanunam et al., 2022) proposed AutoTransform, which leverages a Byte-Pair
Encoding (BPE) approach to handle new tokens and a Transformer-based Neural Machine Translation
architecture to handle long sequences.

Thongtanunam 25 A (Thongtanunam et al., 2022) ¥ ! 7 AutoTransform, & F|H 7% 444 (BPE) J7 3k Ak
HEHThRIC (token), FFFI T Transformer (M2 A Las BIFIEHTRALERCFP A1 o

It can be used in the task of code revision before review.

ER VT HERTAREITIESS

Zhou et al. (Zhou et al., 2023) evaluated the above three automatic CR tools and pre-trained models for three
processes in CR: code revision before review, review comment generation, and code revision after review.
Zhou 75 A\ (Zhou et al., 2023) P¥fili 7" _Eik =~ B SR B A THATOI R A AR B A iy =i e -
HAFTHAREIT . HETE A A A 5 AR EIT .

The results show that a general-purpose pre-trained model CodeTS5 can outperform other models in most cases.

SERRN], TR CodeTS 75K 5B I T #BREN T HAt AL,

Li et al. (Li et al., 2022a) proposed a review comments generator with pre-training models, which is called
AUGER.

Li 55 A (Lietal, 2022a) fi} 7 — i3 T A0SR A B A S L illas , #708 AUGER.



They collected empirical review data from 11 notable Java projects and constructed a dataset of 10,882 code

changes to evaluate the performance of the proposed approach.
AT 11 N5 241 Java I AROc8e T 290 W2, FRE T — 4 10,882 MBS RO BR &
LABEAl b 73R RO TE RE o

Li et al. (Li et al., 2022b) proposed a pre-trained model that utilized four pre-training tasks tailored specifically

for the CR scenario, named CodeReviewer.

Li & A (Lietal., 2022b) #2 7 —F0F H L1 TS B 2 35 dl B9 DY A T2 55 T )l 2 AR, 44
“& CodeReviewer,

They focused on three key tasks related to CR activities, including code change quality estimation, review
comment generation, and code refinement to evaluate the model.

MEE T 5 A H BTSRRI = RS, SRR e it FETHEE NS e,
LA

They also constructed a high-quality benchmark dataset based on our collected data for these three tasks and

conducted comprehensive experiments on it.

A AR TSRS X = MESF I EATEE T R T R R R, X T 7 2 py 52 .

The experiments demonstrated the SOTA results.
SRS JEOR T A 5Bk (SOTA) 4h

Additionally, some LLM-based CR approaches were proposed.
A, R T T ORIEF A (LLM) AR B )5 15

Guo et al. (Guo et al., 2024) conducted the first empirical study to explore the capabilities of ChatGPT in CR

tasks, specifically focusing on automated code revision after reviews.
Guo 5 A (Guo et al., 2024) AT T EIRSEIENT ST, LAAZR ChatGPT fEAUR B L5 tHRYRES T, HehmilRit
A H BT

They constructed a new CR dataset with high quality based on the existing benchmark CodeReview (Li et al.,
2022b).
I 15T HA (9 5EE CodeReview (Li et al., 2022b) F5E 1 0 A UAD B A et 2 o

A SOTA CR tool (Li et al., 2022b) was selected as a baseline.
R T SOTA i Hi#r T. 5. (Li et al., 2022b) 1 Jy 2k,

The research study provided insights into the potential of ChatGPT in automating the CR process.
M58 ChatGPT £ H S L AR A RErb A7 0 £ 48 1 WA

As an important upstream sub-task of CR, issue-solving has also been extensively studied.

VERNRIG AR — B B AE55, WG (issue-solving) WARE] 1) 1255

The content of issue-solving can provide more complete contexts for CR.

WU DRy A RT DA A B A F 4 S SE Ry TR 3

Some issue-solving benchmarks had been proposed.
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Jimenez et al. (Jimenez et al., 2024) proposed a benchmark, SWE-Bench, that evaluates LLMs in resolving an
issue (typically a bug report or a feature request) submitted to popular Python GitHub repositories.

Jimenez %5 A\ (Jimenez et al., 2024) $2 1} 77— 5 SWE-Bench, (ZEEPEAT LLM #4258 25747 Python
GitHub & R UUE GE 2 58 D i B RETR KD [VRE

Zan et al. (Zan et al., 2025) enlarged the SWE-Bench dataset by adding other programming languages’ issue-
solving and named it Multi-SWE-bench.

Zan %5 A\ (Zan et al., 2025) jE IS AR AR IR S O SUBRE e 2 T SWE-Bench 48, FH¥4Ha &40
Multi-SWE-bench,

Hu et al. (Hu et al., 2024) proposed FAUN-Eval, a benchmark specifically designed to evaluate the fine-grained

issue-solving capabilities of LLMs.

Hu %5 A\ (Hu et al., 2024) #2ii " FAUN-Eval, X@& /%1 1A F PRl LLM A0k B2 S Ui D RE i
o

It can be used to systematically assess LLMs across three distinct tasks: Question-Answer (QA), fault

localization, and code editing.

ERT RGEHPFAE LLM A =/ NAFEES TPRYEEL: A (QA). Btk E M AN i 4lE -

However, either the above approaches or the benchmarks focus on the sub-tasks of CR.

SR, et BT b 2 RO T AR B A AT .

The design and construction are comprehensiveness-unaware.

HBH A A B 5 S S .

To fill this gap, we construct a comprehensiveness-aware benchmark and evaluation metrics for CR.

N THANE 2 H, BT T — 2 RO A AR B A Pl R A -

We conduct an empirical study on some SOTA LLMs based on this benchmark to evaluate their performance in

comprehensive CR tasks.

FATPFEETICIRAEXS— 28 SOTA LLM #E(T 1 SEIENSE, LA BN MRS S A B & e st

2.2 LLM for Software Engineering Tasks
2.2 B4 TREAESHE LLM

Recently, LLMs have demonstrated revolutionary performance improvements in almost all software-engineering-

related tasks.

i, LLM 18 LB e TREAR A5 Bl 1 S an a9 TERESR Tt o

Regarding general LLMs, the GPT series (Liang et al., 2024), Claude, Gemini, and others had demonstrated
powerful code generation, summarization, and program repair through training on large corpora containing code
(Feng et al., 2024; Cao et al., 2024; Wang et al., 2025b; Zhao et al., 2023; Fan et al., 2023).

SFiE A LLM, GPT £&%1 (Liang et al., 2024). Claude. Gemini 25 576 6 & A ¢ RG  A T B 22 4TIl
45, RN T IR RAASAE il FERIRE P& B BET) (Feng et al,, 2024; Cao et al., 2024; Wang et al., 2025b;
Zhao et al., 2023; Fan et al., 2023),



Specifically, a systematic comparative analysis was conducted on three advanced LLMs, including ChatGPT
(O1), DeepSecek (R1), and Gemini (2.0 Flash thinking), for Python code generation, evaluating their performance
in correctness, code quality, and computational efficiency.

BRI, XF=5E0E09 LLM, 4% ChatGPT (O1). DeepSeck (R1) i1 Gemini (2.0 Flash thinking) #5471
REMHLEI T, FERF Python A4y, PHAl T EAMEIERNE. ARD PRI AR T R B .

Each of the three LLMs has its own strengths and limitations.

X =~ LLM &4 HAUEAN R IR

Their findings underscored the inherent trade-offs between efficiency, accuracy, and quality in Al-generated code.

TR ACELER T AT A A AERCR s IR < TR [ AT AL

Sobo et al. (Sobo et al., 2025) investigated the effectiveness of LLMs in generating code for Human-Robot

Interaction applications.

Sobo Z A (Sobo et al., 2025) F7 T LLM £ AHr AL H I A2 AR 7 T A A 280

They compared the performance among ChatGPT 3.5, Gemini 1.5 Pro, and Claude 3.5 Sonnet.
f I THE %% T ChatGPT 3.5, Gemini 1.5 Pro {1 Claude 3.5 Sonnet {4 fE

The study highlighted the rapid advancement in LLM capabilities for specialized programming tasks while also
identifying persistent challenges in spatial reasoning and adherence to specific constraints.

EHEFEERIR T LLM FE VAR5 RE T RGP E S, [FIA g H 7 A 28 [ S <y R i 20 AT T
FREAFERI PR

Zhang et al. (Zhang et al., 2024) evaluated the capability of advanced LLMs, including ChatGPT-4 and Claude, in

fixing memory corruption vulnerabilities in real-world C/C++ code.
Zhang 2 A (Zhang et al., 2024) PP 7563 LLM (G335 ChatGPT-4 f{1 Claude) &5 L 5 C/C++ LAY
FR N AR T Y E

They analyzed both the strengths and limitations of LLMs in automated program repair on genuine code.

flfi 1o 7 LLM e B A shRe 2 5 R miR .

Sun et al. (Sun et al., 2025) conducted the examination of prevalent automated evaluation methods for assessing

the quality of summaries generated by LLMs and found that the results of the GPT-4 evaluation method are most
closely aligned with human evaluation.

Sun % A (Sun et al., 2025) XJPFAli LLM A R 22 5 st RAT B e AT T, LI GPT-4 PRl

TR S RS NP o2

They also discussed the limitations of LLMs in generating summarization in logic programming languages.

A T LLM R4 2 SR 2 A 78 5 4 207 TR Y SR R

All the software-engineering-related tasks mentioned above are highly relevant to CR in technical terms.

BB SHA TR AR RO RS A B S A G

Therefore, it is possible for LLMs to perform comprehensive CR tasks.

A, LLM A7 Al REA TSR 5 U B AL 55



In our paper, we select several representative LLMs and evaluate their comprehensive CR capabilities using our
constructed benchmark and designed evaluation metrics.

FEATCH, FATTERE T LA RFRIER) LLM,  FH B TR BRI BT RO IT A fi b Rl E AT TR
ZERIGHARES

3 CodeFuse-CR-Bench Benchmark
3 CodeFuse-CR-Bench E:#E

Having established the "comprehensiveness gap" in current CR research, this section details the design and
construction of CodeFuse-CR-Bench.

TERE T SRR AP R EIEZER "2 )5, A1/ 41 CodeFuse-CR-Bench i 114
@o

We present the benchmark overview, benchmark construction pipeline, and benchmark characteristics in Section

3.1, Section 3.2, and Section 3.3, respectively.

FATAIAE 3.1 45 3.2 51 3.3 g B VT R IR RN R R

3.1 Benchmark Overview

3.1 EHERESE

CodeFuse-CR-Bench comprises 601 Python CR task instances, each carefully curated to reflect real-world
development scenarios.

CodeFuse-CR-Bench £ £ 601 > Python (AL AAT55 5L, G SLAFI#P A RS ORI DA s sl S 5L )
TFkYs5co

Fig. 2 illustrates an overview of a typical CR task instance.

K 2 Jgon 7 — A BURLARD B A A 55 S B B ME G

Each instance is associated with 22 structured fields, as summarized in Table 2.

TFASLOIES 22 DT BARRE, sk 2 frid 4h.

These instances can be systematically categorized into the following four types to support comprehensive CR:

N SRR B, JXLESLG AT AR GE o LR PUFh A :

* Basic information: Instance ID, Owner/Repo, and Language, providing fundamental identification of the task.

AR P ID. Fra#/SENES , ROMEFHEAR IR

* PR-related information: Encompasses metadata critical to understanding the change intent and context,
including Pull No., Title, Created at, Base Commit, Body, Issue Problem Statement, Hint Text, Resolved issue
No., Commit Patch to Review, Head Commit, Head Commit Message, Problem Domain, and Difficulty.

« PR FHR(E R AL G0 AR B SR b R SO R oA, A5 R S kw5 (Pull No.) 77l
OISRl FEAFE S (Base Commit)y 1E3C WUBIAIBIRRIE . $27R SOA S ARRA UL 5 e A AR AL
KT SkiBEEAS (Head Commit)y SKABFEACEE I TUBAINE L o



» CR-related information: Captures the review process itself, including Review Comment Text, Diff Hunk,
Review Path, and Review Effort, enabling analysis of reviewer behavior and feedback quality.

 RIH ARG iR SRR, GRS CAR, 7 58 (Diff Hunk), H & pg R A LIF
B, MITRESS 70 B A (AT N AN B 5 e

* Repository-Level Context Information: Provides broader project-level context necessary for cross-file reasoning

and impact analysis, including Merge Commit Patch and Merge Commit.
R BTN UERE: SRS SCHERAIE N A Bl B2 I 2B RO, B SHFRAAN T
(Merge Commit Patch) f14 4238 (Merge Commit).

3.2 Benchmark Construction Pipeline

3.2 BEERE

As depicted in Fig. 3, the construction pipeline of CodeFuse-CR-Bench consists of five steps, namely, (1)
Repository Selection; (2) PR Crawling and Attribute-based Filtering; (3) PR Classification; (4) Feature Labeling;
and (5) Manual Selection & Annotation.

W 3 firR, CodeFuse-CR-Bench [ RA L& TLAEER, BRI (1) B FEERE; (2) PR ECHUSETE MR
98 Q) PR (4) FpflbriE; AR (5) N iRt

We next briefly elaborate on them.

BT ORBA AT ZE A X LD IR

3.2.1 Repository Selection
3.2.1 BRI

To make CodeFuse-CR-Bench more representative, we adopt a strict approach to selecting CR task instances
from various open-source repositories.

NT fif CodeFuse-CR-Bench B HAGENE, FRATIR I HE Y T535 S PO 4 J2E Fh s A Rt A 55 52
Bl

We focus on Python as it is one of the most popular languages on GitHub, possessing a mature and diverse open-

source ecosystem.

FANTLHET Python, RPAESE GitHub L& TR S 2 —, MAMRHZHELIITHRES RS,

This ensures a rich source of projects with standardized and high-quality CR practices, which is essential for our

benchmark’s validity.

RCHER T A AR A 5 i e AR o S B = T E ORI, RO0 T A T HE A R oG B L

Specifically, we first search for the top 1,000 starred Python repositories on GitHub, a Git-based code hosting and
collaboration platform.

B, FATE S/ GitHub (— T Git (RS IEEMIIMET &) B R EVREHERT 1,000 (1
Python {3 [

A higher star rating indicates that the repository has better popularity.
AR Y AR PP RER W% A AT B Y S IR JEE



To ensure the quality of the repository and acquire a large pool of potential CR data, we further sort the projects
by the number of PRs and filter out projects with less than 1,500 PRs, referring to Li’s study (Li et al., 2022b).
N T RGN PR FEARBO R B AR AR PR A, FRAT 1275 Li I9AF5T (Li et al,, 2022b), 20 4%
PR ZCa X I H g THE R, Hid i PR £ /0T 1,500 ARYIH o

Additionally, we only keep the repositories that were maintained in the last year (from 2024-08-15 to 2025-08-

15), i.e., the repositories that had commit or PR records over the past year.
A, FATARBEAEL L —4F (M 2024-08-15 % 2025-08-15) NG E, MR L —FHAHRRZ
5 PR IUEI %

The process mentioned above aims to keep only active projects and remove repositories that are forked from

other repositories, as the PR number is not inherited.

IR RE BAECURRETRERITH , FERER M A G 25 X (fork) HIRAY G, D4 PR 45 /2 A 4R 1 o

This process yielded 230 Python projects that meet our criteria for activity and maturity.

WOEREFAAE T 230 RS FATIE R LA SRS AR Y Python I H .

3.2.2 PR Crawling & Attribute-based Filtering
3.22 PR B SETRIERILIE

In this step, we aim to crawl high-quality PR data.
X2, AT A AR TCHS TRy PR 2.

To ensure the collected PR data contains high-quality CR, we filter it based on the following attributes:
N7 BRI PR ZU A S m i i A, AT LUT B Hagt Tl v -

(1) We only include PRs that have at least 1 closing issue reference;

(1) FAULELE 2RI (closing issue) 5[ Y PR;

(2) We only collect the PR that is merged into the main branch.
@) BAMEE B FFEI L9 3 PR.

A “Merged” status indicates that the code changes associated with the PR were accepted and incorporated into its

parent repository.

“EAFHRERY L Z PRAKIAMEE BRI -G I 21 A B H .

We conduct this process by using GitHub GraphQL API.
FAMIEEH GitHub GraphQL APT $AfTIHIE 7 -

The PRs selected based on these attributes undergo rigorous CR, thereby ensuring that the CR data selected under
these PRs is of high quality (Zheng et al., 2025).

BT XS fE RIS PR &7 1M ARAS A, IR OR7EX L8 PR Nk AL B & 8t B = i i
(Zheng et al., 2025),

3.2.3 PR Classification
3.2.3 PR 4%



Since each PR instance contains multiple commits, our goal in this step is to identify high-quality commits within
each PR and extract their corresponding high-quality CR-related information.

HI T4 PR LGS L2 HE5C (commit), FAHEX 2 H) HAREIRAIEEA PR ARy R IR S, FFREL
SR L v P AR FE A AR AR R

Firstly, we design several heuristic rules to evaluate the commits and give an evaluation score.

B, BAT T IL R R 2RISR P R S48 P 7 K

The details of heuristic rules are shown in Table 3.

JE A AN B RS BN EE 3 o

They are categorized into three types: high-impact rules, medium-impact rules, and low-impact rules.
EAI = SR TR S MR AR R o

A higher impact level signifies greater importance and carries more weight in the scoring (high weight: 3.0,

medium weight: 2.0, low weight: 1.0).
BENE M EWRELERE, AT HAERINE (SHE: 3.0, hEEAE: 2.0, [TAE:
1.0) .

We assign the highest weight to rules indicating direct, actionable review feedback (e.g.,
has_resolved review comments), as these are the strongest indicators of a meaningful CR process.

BN VGBS BRI Te7m B AT VRS A Ut (91140 has_resolved_review_comments) , [£°f
XA T SRS A A R (Y B SRR A

Rules related to best practices and commit clarity receive medium weight, while secondary indicators like issue

references have a low weight.

5 RSB ST M AR S AL RAT A, RSG5 | PR AR B B AR

Description presents the scoring details of each heuristic rule.
[Py SV N R =2 eV W WU R i

By implementing a weighted sum scoring, we obtain an overall score for each commit.
B SERABCRINIESy, A TARIFE RS I AT I3

Based on the overall score, we rank the commits in each PR and extract the target commit with the highest score.
BT RS, FATAEED PR IR sC it TR 4, HFERBUS I Femny HARIR A

After getting the target commit, high-quality CR task instances can be extracted from the target commit.

FEPAT H AR ACE, T LA H AR s R B s o O AU R AT 55 52 41 o

Specifically, we extract and review comments based on whether referenced lines were actually changed in the
merged commit, or the review thread was resolved, outdated, or collapsed.

Bk, FABEBOFHETE, KI525 MR TR_EMEE IR SEbr g4 7, BEFaELig
O TS,

Review comments containing the aforementioned attributes will have their corresponding CRs labeled as high-

quality CR task instances.
8 ERJEPER TS, HO R RS B R 10 s B ARG A 5551



3.2.4 Feature Labeling
3.2.4 FHERRTE

In this step, we classify the three attributes: problem domain, difficulty, and review effort.

FEIX 2, FAT = RIS T2 RSk, MEERI oA TAE &

Problem domain refers to the category that the PR’s associated issue problem statement belongs to.

Al Y2 PROFH S A SO R B BT T ) 2 1 o

Referring to SWE-Bench (Jimenez et al., 2024), an issue-solving benchmark, there are nine categories of PR

problem domains, as summarized in Table 4.
275 W L SWE-Bench (Jimenez et al., 2024), $LA7J126 PR [FIEIGUE, W16 4 frEi4h.

Difficulty means how difficult it would be to implement a PR.

REETEIRAE St~ PR A RMEREJEE o

It can be categorized as low, medium, and high.

CA LA G R =2k

Review effort means the effort required to review a code change.

P TR WG A TR TR,

It is on a scale of 1 to 5.
EHTEEZE 18] 5,

5 means the most effort.

5 FRERH) TAER .

If the repository contains annotations for the above three attributes, we directly utilize the labels from the
repository.

IR G S R =R IERIRE, BT= BRI IRE.

Otherwise, we employ the LLM-as-a-judge approach (Gu et al., 2025).
AN, AR LLM JIEH” (LLM-as-a-judge) 7575 (Gu etal., 2025),

We leverage the Qwen3-235B-A22B model (Yang et al., 2025), constructing prompts from the Title, Body,

Commit Patch to Review, and Head Commit Message fields in Table 2 as input to classify the three attributes.
FATFIH Qwen3-235B-A22B # (Yang et al,, 2025), a3 2 RAUPREL. 1E3C FFRFERYERACHN T AL
RS B B iRon i e, DA X = AN I 7403 .

At last, we get 40,124 CR task instances.
B2, JARI T 40,124 AR H AT 55 S5

3.2.5 Manual Selection & Annotation

3.2.5 NTiE#ESinE



In this step, we manually select high-quality CR task instances that cover nine types of PR problem domains from
the 40,124 CR task instances that have passed the filtering process above to serve as the benchmark.

FEX 2, AT B i i g Ry 40,124 A AR5 5L, A LAfiE 635 U PR [R]ET
AU v T SR AR R

Specifically, we invite two of the authors who have more than 5 years of Python development experience to

conduct the selection.

HACK, FATEGE 7O 5 4 Python JT A 225 (Y 1EE K iHEAT I

Firstly, we find that a non-negligible percentage of review comments, while linked to source code lines in the

commit patch, are unlikely to result in code revision in the next round.
B, FOVLBAART AT AL, BIREERE] T HRSCH T agIEARS T, (HAVK AT RESEL
SRR

This kind of review comment is regarded as a noise comment.

XEHA PN TEIE

For example, if a review: (1) that is a simple case (e.g., “looks good to me”, “Thanks!” or “Nice”);

P, mR-FHEAEE: (1) ZFEERRINN (PIIn, “FRERAE, “WhHH! emRe)

LR N3

(2) only requests formatting changes with no impact on code logic (e.g., “fix indentation”,

(@) ELRPATAE A Z R R (Fn, “BE 4", Bz

add spaces”);

(3) requests adding tests (these do not change the code under review);

(3) BRI CXEASUCRIEAARERARME)

(4) asks for clarification or explanation without suggesting changes (e.g., “please explain”, “what does this do?”);

(4) BRI al fERETANEBOE R (PN, “SEAREE— 17, “XEMTAR? )

CEINNT3

(5) refer previous comments that cannot be identified (e.g., “same as before”, “see above”);

() SIMTCIERAIRYSERTIFE (B, “F_LE”, “WLE3)

(6) only requests adding comments or documentation (e.g., “add Javadoc”, “document this method”);

(6) (LELRAS IR (Biltn, “#shn Javadoe”, “NiZJT iEAISCR”)

(7) that is difficult to identify (e.g., “At least here it is clear that the equals method of the implementers of
TreeNode is important”), it is considered as a noise and irrelevant review comment.

(7) MELLBNEIE B (B, <2/ LEX BRI 2, TreeNode SEINZ Y equals J7 AR EEE”) , T Ay g
PN R TS

Instances that include these comments are not selected in the final benchmark.

BLE XL A LIS BGE N SR I

In addition, we remove instances whose issue problem statement has images, external hyperlinks, references to
specific commit SHAs, and references to other pull requests or issues (Jimenez et al., 2024).

A, FAIREER T HBGH R IA S 18 s SRR RE . FRETRSC SHA 151 LSO H At U SR
BT 5| AL (Jimenez et al., 2024).



The instance with fewer than 40 words in the problem statement is also removed.

[AIBLRE AT 40 A~ BRSPS BB B o

They are not considered in our scenario.

EAIAHTE AN 5.

Based on the above rules, we have filtered out 7,086 instances.

T BN, AT PE S 7,086 4~ SLp

After that, referring to SWE-Bench (Jimenez et al., 2024) and Multi-SWE-Bench (Zan et al., 2025), we design a
questionnaire about instance quality assessment and ask the two developers to complete the questionnaire for
each instance.

25, 2% SWE-Bench (Jimenez et al., 2024) f{] Multi-SWE-Bench (Zan et al., 2025), (1%L 715K TF
S BT EPFAG RIS, HFESRMALIT R A G SIS A4

This questionnaire covers the following areas: (1) Problem statement and patch alignment;

IR Wi AT 7T (1) (SRR S A T 1 — 2

(2) Review scope and comment coverage;

(2) HAEVEEAITIE AL

(3) Defects identified in the patch;
(3) T H R R

(4) Difficulty and review effort;
(4) MEERETNHA TR

(5) Overall patch quality and risk;
(5) BEAAKN T B Al XU 5

(6) Dataset suitability; and (7) Confidence.
(6) BREREINE; LU (7) BAEE.

Thereby, we select the 601 high-quality instances from 70 projects by manual annotation.
R, FAT T8 A TTARTEM 70 DI Ak 7 601 A o &S24

3.3 Benchmark Characteristics

3.3 ARt

3.3.1 Comprehensiveness-aware Benchmark

3.3.1 T RRAIEHE

CodeFuse-CR-Bench is the pioneering CR benchmark to introduce the comprehensiveness-aware concept.

CodeFuse-CR-Bench 2 /15 A4 A TE S A AR H B

Table 1 lists the difference of CodeFuse-CR-Bench and other representative benchmarks presented in Section 2.1,
where ® means containing relevant information, © means containing no relevant information, and @ means only

containing partial relevant information.

% 1 74 7 CodeFuse-CR-Bench 5 2.1 i/ -gAM HAWR M ERE =R, Hib o RS HFMGER, o



EAREAAE, O TR AL REE.

We highlight a significant oversight in prior research: the comprehensiveness of a CR task.

N5 T ST E AR [ A AL S5 2

Most of the other CR benchmarks lack basic information and repository-level context information.

REFCHADARD B A BB = B BRI R BT UER.

They only have method-level patches and review comments, which significantly deviate from real CR scenarios.

EAVATTEHRIA T HHEEMNIE, XSEEHAM R 5™ H .

Consequently, they make automatic CR approaches miss some context information that contributes to CR.

R, e B s HE T L 72 B TR AR BT UER.

Further, the performance of LLMs in real-world CR remains unknown.

IEAh, LLM 7RSS AR H o P A S BT SR AR o

Regarding some issue-solving benchmarks, they also lack some PR and CR-related information.

KT LU A, ETRE= L& PR AR A RE R,

CodeFuse-CR-Bench fills this gap by including basic information, repository-level context information, and more

completed PR-related and CR-related information.
CodeFuse-CR-Bench il jd 0 & FEAME B GEH LN SUE R AN B 52 51 PR AH GRS 2 M A5 B
T IX 2 Ho

Thereby, they can achieve repository-level CR.
A, EATAT A PR A A

It serves as a benchmark that better simulates real-world CR, aiming to more accurately reflect the true

performance of CR approaches.

CAER— A REE A AU B L SRR B A O B, B 7 Bt SO AR B T HR I LS RE

3.3.2 Strict Filter Process

3.3.2 FEREHIE I8 AR

We ensure the quality of the selected CR task instances from several aspects.

FATINZ A5 T £ e e AORD B A 55 ST o o

First, we ensure that the selected projects are of high quality because high-quality projects are generally mature

and active.

B, FATBRORANESH BAA RO, RO s o A 00 H T8 s HLTR B

They also have excellent maintenance and a complete PR and CR process.

CABEA ORI 4ESR LUN SE B PR AR B AR AL o

We select Python projects from the top 1,000 projects based on the number of stars, with an average of 21k stars.

MR EARECRAHEZ AT 1,000 BT H s Python W H , ~PIEARECH 21k,



Also, we keep projects with more than 1,500 PRs, making the collection focus on those with rich, mature, and

standardized CR practices.
HEAh, AR T PR R 1,500 TAYIH , SR ERERPAEAREINA FE AR A AR
B SR IHE Lo

Retaining only projects maintained within the past year ensures that the analysis focuses on “active” projects
whose CR practices reflect contemporary standards, thereby guaranteeing the research’s cutting-edge relevance

and practical applicability.
UREAIE R —FNAEPRIE , Btk 7o S TR I b, X AR B SE B S e 1 AR
PRIE, ATTERIE T 52 H AT IR AH S AN SE bR A -

In addition, we ensure that we select merged PRs and PRs with at least 1 closing issue reference.

Ak, FATORIERE DA IFH PR LU /A — A S US| Y PR

On the one hand, merged PRs indicate that the PR has passed the project’s quality gates (including CR and

automated testing).

—J7H, EAFFH PR EMZ PR B4 T H R 1E (B AE SR E sl .

On the other hand, PRs associated with closing issues can make sure that every PR has a clear, traceable

development intent and rich context.

T, HRABGEAHRA PR AT AR 61 PR #VATEMT rLEWIRT A M E R £ 3

Furthermore, we design complete heuristic rules to select a representative commit for each PR.

BEAN, AT T 5e B JE A R B4 PR el — B AR IERY IR

These rules can ensure the selected commits: (1) directly reflect collaboration and improvements during CR (e.g.,

has_resolved review comments);

XL AT AR PR e fR 5 s (1) B SRS e S Rl A At (o,

has_resolved_review comments) ;

(2) possess clear, structured, and traceable contextual information (e.g., conventional commit, issue_reference);

(2) PHATIEMT 2540 HTiEWI £ F3UEE (N, conventional commit, issue_reference)

(3) adhere to best practices for atomicity and focus (e.g., reasonable commit_size, focused file changes);
) BRI R B (Flhn, reasonable commit_size, focused file changes) ;

(4) exclude noise commits generated by version control operations that do not reflect development intent (e.g.,

exclude merge commit).

(4) HEBR B BT 5 S P B BROA P R P B RO $2 58 (B3, exclude_merge_commit)

All these rules can ensure the selected commits have high quality.

P AT X EERLNIFRRE R PR i et s A i i

4 Evaluation Metric Design

4 PrAs TR



A comprehensive benchmark like CodeFuse-CR-Bench requires an equally comprehensive evaluation framework.
{4 CodeFuse-CR-Bench iX Y L5 FAENATT 2 FRIAELE G Y PTFAEHEZR o

Existing evaluation metrics on CR only focus on the method-level patch to review, and they only involve
evaluation of semantics similarity and consistency, which can not adapt to comprehensive CR.

A AR E PG TR CORTERF B AW RGN T, BAAGY KAt SCREAERT—EPE R PP, Toikid iy
R ARG R

We propose a comprehensive evaluation metric to evaluate the quality of comprehensive CR.

FNFR T —FhEr G PG TR R IT Al 5 A AU B A ) i

Fig. 4 shows an overview of the evaluation metric.

K 4 R TR RAR IS -

It consists of two parts, model-based evaluation and rule-based evaluation.

BTG BT PP R T AU A

4.1 Model-base Evaluation
4.1 E TR AL

Model-based evaluation is a black-box evaluation designed to leverage the powerful semantic understanding
capabilities of LLMs to score and evaluate the quality of CR.

BT RRR P 2R R &I, SR LLM 3R SCERAE RE SR A B 2 i) ot R T PF o A
fitro

It aims to simulate human judgment of CR’s “semantic quality” and “usefulness”.

A SN SR AT T =BV 0 i = = DS R Gt DI

In our paper, we use two kinds of evaluators in model-based evaluation, namely, the reward model and LL.M-as-a-
judge (Son et al., 2024).

FEATSCHY, FROTEEE TR PR rR 8 7 R PGl e,  RIBZ BRI LLM B (LLM-as-a-judge)
(Son et al., 2024),

4.1.1 Reward Model
4.1.1 XAl

Reward model (Yang et al., 2024) is an Al model that learns human preferences.
R (Yang et al., 2024) j2—Fhai 2] AR AL,

Its core task is: given an input and one or more model outputs (Output/Candidate), it outputs a scalar score
(Reward Score) that predicts the degree of human preference for that output (i.e., the extent to which it is
perceived as high quality).

CEHRMES & 4 - TMAM— e M it/ , el — e (R
¥, NSz RE (M, EOrRE TR -

In order to train a reward model to evaluate comprehensive CR, we need to collect the corresponding training set

and design the training strategy.

N T INGr— A RER PP SR AU, FATIFR ZCERA R R PN ZRERFF BT I 2ok



Data Collection. Firstly, we define the positive CR data and the negative CR data.
HlesE. 56, FRATESCERA CR BRI A CR i

We collect data from GitHub repositories with over 100 stars.

FMTNEARECH T 100 19 GitHub 4RI S -

To prevent data leakage, we filter out the repositories used to select CR task instances in Fig. 3.

N T BT, FA LS IR 1A 3 o TR B AL 5 SR B

We use commits as the collection unit and adopt the has_resolved_review_comments and

has_referenced_line_changed_comments rules from Table 3 as labeling criteria.
AR ST ER B, FERIER 3 iy has_resolved_review_comments (F CAFRHIHAIEIR)
1 has_referenced_line_changed comments (fF3|HA{TZAERTEE) MINVE RTINS

If both rules are True, the commit is classified as positive CR data and labeled as 1.

USRI RN L, MR A2 N IEAR A T AR ARIC N 1o

Otherwise, the commit is classified as negative CR data and labeled as 0.

A, ZAR SIS PR AR B B R HARIE N 0.

At last, we collect 174,661 positive data and 114,458 negative data.
2, FRATEET 174,661 25 IEREAEHRA] 114,458 S5 AFEAREUR

Training Strategy. Our reward model is built upon the Qwen3-8B (Yang et al., 2025) pretrained LLM, where we
replace the final LM head layer with a Multi-Layer Perceptron consisting of two linear layers and a ReLU
activation function.

YIZRoAes o AT RIBARTLEE N7 (£ Qwen3-8B (Yang et al., 2025) fililll % LLM Z b, FATPREHRJE A LM K
JERR A — A A E A — 1 ReLU WU b6 B4 1) £ JZ AL

The first linear layer has dimensions of (hidden_size, hidden_size), while the second layer has dimensions of
(hidden_size, 1).
S 945 (hidden_size, hidden_size), i 45— Mk 2948 (hidden_ size, 1).

The final output represents a relevance score indicating how well the CR correlates with the given query and

patch.
24 AR MR E, TR A 528 8 BRI T AR AR .

The training loss comprises two components.

MR AL S AR o

The first component follows a similar approach to the reward model training in InstructGPT (Ouyang et al.,
2022), employing a contrastive learning-style Bayesian Personalized Ranking (BPR) loss (Rendle et al., 2012).
B>k InstructGPT (Ouyang et al., 2022) HR ISR ZR2R AR J73%, RHTRE B2 >0 XS Y I
A HEZ (BPR) #14k (Rendle et al., 2012),

Specifically, for the same query and patch, we sample positive and negative reviews along with their
corresponding code context (reviewed file content as default) and diff hunks to achieve this objective.

HACKUL, SRR E AR T, BADS IEFEAT AT S N AR A ARS £ 30 CBOA M &

M A b AR\ T s B by LSV e DS LY e



The loss is formulated as: (Equation 1)

PR T (2D

Additionally, considering our application scenario of classifying review relevance, we introduce an auxiliary
classification objective using binary cross-entropy loss (Wang et al., 2025a), that is, (Equation 2)

Ak, ERIFRA T AR AT R S5, OIS T —Ies SUR SR AR B 4325 H bR
(Wang et al., 2025a), R}, (/z2)

where p; = U(Ta(wiayi))'
Hep p; = o(re(xi,vi)).

Specifically, g denotes the reward model parameterized by 6, x represents the input consisting of query and
patch information, ¥ and ¢~ denote positive and negative reviews respectively, o is the sigmoid function,

l; € {0, 1} is the binary relevance label for the i-th sample, and p; is the predicted probability of relevance.
HAKI S, ro Fom i 0 SEULIRIEAR, o FoR it TE BABmBA, y= Ay~ 5 HIFFRIE
FEARIREANE, o /& sigmoid BR%L, Ui € {0, 1} 258 ¢ PRI IR, pi EFURAR
B

The total training loss is the weighted combination of these two components: (Equation 3)

BINRIIEX PR IR G (23)

where A controls the relative importance of £ gog. We set it to 1 by default.

Hrp Mz Lpop WX EENME . AT HEDRN 1.

Implementation Details. For efficient training, we employ Low-Rank Adaptation (LoRA) (Hu et al., 2022a) as our
parameter-efficient fine-tuning method with a rank of 32 and an alpha value of 16, which significantly reduces the
number of trainable parameters while maintaining model performance.

ST . O TR, BATRMRFGE R, (LoRA) (Hu et al., 2022a) 1F N ZHGRRUIA Tk, FRIEEHN
32, alpha {HIX g 16, XAELRFHALIERERY A I 2250k 1 AT IR 50 B bt

The model is trained for 1 epoch with a learning rate of 5e — 5.
FiHIIZ5 1 4> epoch, 2¢>]% ) be — b,

To accommodate the comprehensive CR context, we set the maximum sequence length to 24,576 tokens, enabling
the model to process lengthy code patches and associated reviews effectively.

N T IEN AR HE L, FATHERF IR E Y 24,576 /> token, I FERS A Z0HAL R IT
A AHG AN T IR A

We utilize Flash Attention 2 (Dao, 2024) for memory-efficient attention computation, with mixed precision

training with bfloat16.
FATHIH Flash Attention 2 (Dao, 2024) BTN A7 U EE R ITHE, FF6H bfloatl6 BEATIR GRS LI 5o

The training process incorporates 100 warm-up steps for learning rate scheduling to ensure stable convergence.

MR R 100 DTGB T4 > M, LA iR AE ISt

The distributed training is conducted using DeepSpeed ZeRO (Rajbhandari et al., 2020) Stage 2.
A )11 2548 ] DeepSpeed ZeRO (Rajbhandari et al., 2020) Stage 2 #17,



All experiments are conducted on 32 NVIDIA A100 GPUs with a total effective batch size of 64.
JiTA S50 ¥4E 32 1 NVIDIA A100 GPU _EpEfT, ALK/ 64,

4.1.2 LLM-as-a-Judge
4.1.2 LLM HJ#EH|

To evaluate the CR in a general perspective, we also adopt LLM-as-a-judge to evaluate the CR quality.
T MR AR AR R, FRATTHL R A LLM B (LLM-as-a-judge) SEPEAb ARG BT [T it o

Specifically, we design a prompt that consists of CR information and evaluation criteria to request an LLM to

provide a score for the CR quality.
Bk, AT T — SR HEE SR HERY TR0, 20K LLM A B2 1T 70 .

Referring to some research about CR usefulness investigation (Yang et al., 2023; Turzo & Bosu, 2024), we
request LLM to provide a score of CR based on four perspectives, that is, Functionality, Quality, Style, and

Documentation.
25— TR HT A A YR A 5T (Yang et al., 2023; Turzo & Bosu, 2024), FE{/1%ik LLM &Y
MR AR, BIIORENE. Fuit XUSHISCRY .

For each perspective, we request LLM to analyze five dimensions of Correctness, Relevance, Clarity, Consistency

and Language.

XFTEAA, FRATER LLM A7 EGE. MM 1EMTEE. —E G S X AR

Each dimension will be provided a score by LLM and then an average overall score will be calculated at last.
FEMUERENS HT LLM 2 th— 5080, SR STH P 4

The detail prompt is shown in Fig. 5.
FEARAI RN RN S R

We use OpenAl 03-2025-04-16 (OpenAl, 2025b) model to achieve LLM-as-a-judge.
A 1{# FH OpenAl 03-2025-04-16 (OpenAl, 2025b) F5RISs2 8 LLM RIE 3] .

Thereby, we can obtain a score provided by LLM.
NI, FRATTAT LRSS LLM 245358

By combining scores based on the reward model and LL.M-as-a-judge, respectively, we get an average score with

model-based evaluation.

IS BIZE A HE T AR LLM BIECHIB 0 8, BTS2 T TRl -2 50

4.2 Rule-base Evaluation

4.2 BT RN P04

To achieve a comprehensive evaluation metric, we also adopt a rule-based evaluation.

N T I A VETER, AR TR A Al o

Rule-based evaluation is a white-box evaluation, which aims to determine the “formal correctness” and

“superficial similarity” of CR.

ETRUWAIEAG 2 — M @il BAEmhE RS 1 TR 2R R m AR



We automatically extract structured defect information from the CR reports generated by the LLMs, including file

paths, line numbers, and review comments.

AT LM B A sl i of B SR IS A RIS (5 2, B SCPRR 7R AT S,

Then we conduct some heuristic rules which consists of location similarity, semantics similarity and defects

match to implement rule-based evaluation.

INE, BNFAT LR AN, B AL EARUE . 38 SOREANSIEE DTS, DASEREEET U B PR A o

4.2.1 Location Similarity

4.2.1 FrEAUUE

Location similarity aims to evaluate the matching between the predicted CR location and the CR ground truth.

o EARULYE B AE AL T A A QR o 2 o B 5 R Y S E 2 R A DU PR JE

It includes file path matching, line number proximity, and diff hunk match level.

CRAE S HARITRC . AT 5 B A 22 SR DT AC 2551 o

Specifically, if the file path where the predicted CR locates is exact match with the ground truth, we give a score

of 1. Otherwise, we give a score of 0.

BACRSL, RIS o & AT R SO e S B A e e DU, BAT14n 1 o0e A, FRAT14R 0 29

Regarding the line number accuracy, if it is an exact match with the ground truth, we give a score of 1.

KTATEHERE, MR ESHIAT 2, K145 170,

If the line difference di f fi;,e is more than 5 lines, we give a score of 0.1.

MHATE dif fiine 3L 5 15, FMIL 0.1 5%

Otherwise, we conduct a decay function to calculate the line number accuracy Accy,y, which is shown as

follows. (Equation 4)
BN, FATHAT— IR ECR T BAT R Acern, WFFIR. (A 4)

In addition, to avoid unduly penalizing essentially correct predictions due to minor line number offsets, we
introduce a more robust metric: diff hunk similarity.

AN, AT S AR AT S WA T i AR ST AR B B AEWR RGN, FROT5IA T — DM R
BRARAANE o

This metric evaluates whether the LLM’s predicted CR location and the ground truth location reside within the

same code change block.

ARPR PP LLM 5000 A9 A H o B AT SE o B2 A AT A — MU AR R N

Specifically, We analyze whether the predicted CR’s line number resides within the same diff hunk as the ground
truth.

BRI, BATT IR A E TS B A S ELEMAT R — RN

If it does, we assign a score of 1.

AR, TAI2EE 1 7o

If the predicted CR is in a different diff hunk, we assign a score of 0.
G SR B A R H A T ORIEI B 2 e L FR AT 0 4



If the predicted CR’s line number is not present in any diff hunk in the patch to review, we collect the five lines
above and below the CR line and calculate the overlap ratio between this range and the ground truth diff hunk’s

line number range as the diff hunk similarity score.
AR T A AR B AT SAFAE TR A AD T ST R, APRICSERIS & T BT EAT, FF
THEZTE S RS2 R TSV ] TR A B B A 22 S AR B 4

Thereby, combining with the file path matching and line number accuracy, diff hunk similarity can contribute to a
more comprehensive and fairer location evaluation.

R, 256 SCHF ISR UL RCA TSR, ZRBUHEIEA B TR T 2. B PR RLE AL .

We assign weights of 70%, 15%, and 15% to file path matching, line number accuracy, and diff hunk similarity,

respectively, ultimately yielding a composite location similarity score.
NI BT SOOI AR DL AT SHERPEANZE RERAHNE 70%. 15% A1 15% MURCE, HAGH— 148
EOEOAR LR

4.2.2 Semantics Similarity

4.2.2 18 SR

In order to evaluate the semantics performance of review comments, we use BLEU (Papineni et al., 2002), a
popular evaluation metric that is implemented in neural machine translation and conversation systems.

N T AL EE A PRS0 SUMERE, R AT1{5 A BLEU (Papineni et al., 2002), 32 —FZE i b BHRE RIS
RGP LR AT AR R -

BLEU is now widely used in code-related tasks, such as code comment generation (Guo et al., 2023), document

generation (Hu et al., 2022b), review comment generation (Li et al., 2022b) and so on.
BLEU HLE]Z ITREGAESATESS, AR Ak (Guo et al., 2023), SCRAE Y (Hu et al., 2022b), Hi#E
PB4 AL (Li et al., 2022b) 25,

Its core idea is to compare the n-gram overlap between the text generated by the model and the ground truth.

HAZD AR e B R AR i SO S HLSL(E 2 [A] Y n-gram B &

The greater the overlap, the higher the BLEU score.
HE#Z, BLEU /408

The specific calculation process of BLEU is given as follows: (Equation 5)

BLEU My EMAGT R T (2505)

where w,, is the weight of n-gram and p,, is the precision of n-gram.

Hrh wy, /& n-gram YFE, pp, /& n-gram [R5

Usually, the maximum value of n is 4, which is represented by BLEU-4.
W, n [EKRED 4, ] BLEU-4 R,

BP is the brevity penalty factor for generated review comment length, which is shown as follows: (Equation 6)

BP SR F A I E e R YR AETT R, b Fo: (2306)

where [, is the length of generated review comment and [, represents the reference review comment.

Hrp L RAERRHEEFRIRE, [ RESHFHEITL.



In this paper, we employ BLEU-4 as the semantics similarity.

FEARTCH, FAT TR BLEU-4 AE 35 SUH B .

4.2.3 Defects Match
4.2.3 BRFGEULHED

Since a CR task may involve reviewing multiple review comments and locations within a commit, we design a
defect match rule to evaluate performance under multi-location review scenarios.

AT R AL S5 TTREW A — M I AT E, AT 7 — M BRFE DEECALN
KPP AL E A T RITERE.

Specifically, for each predicted review comment and location (i.e., predicted defect), we calculate the average of
the location similarity and semantics similarity scores between it and each ground-truth review comment and
location, namely sub-defect-match scores.

Bk, TR E e B (RIEkEE) , RAT SIS SNBSS E AT A
() A 2 AR E AT SR MR 0 BP9 ME Rl DTS 73

We select the highest sub-defect-match score among them.

FATAE LA 5 = B (3R DT BC 70 2

If this score exceeds the set threshold, we consider the predicted review comment and location to be correctly

matched to the defect information.

WNSRIZ I BOEE BOE R BIE, BATAN TR PR A AL B IR AU RCEI B A (E

Based on the number of correctly matched defects, we can calculate precision, recall, and F1 scores.

BT IEMILRCRSE R, AT LI ERS IR . AIRI%A0 F1 2040

Precision = ... (Equation 7)
R = (&X7)

Recall = ... (Equation 8)
HEE = (AF8)

F1=... (Equation 9)
Fl=.. (n9)

The total score of defect match is calculated by averaging the F1 score and the average of sub-defect-match

SCOres.

R FE DU FEC Y S R 1 1 F L0 207 8RB DL RS 70 B P TR

After getting the total defect score, we combine and average it with location similarity and semantics similarity
score to get a rule-based score.
TR R 0 805, AT H S A E AR A SUH I B Es GIFBCPME, 5205 TR 43

At last we get an overall evaluation score based on the average of the model-based score and the rule-based score.

e, BT ST AR A 2 O TR B9 20 B P (E AR 21— A AP Al 0 £



5 Experiment Design
5 LRI

In this section, we first provide the detailed distribution of the benchmark, introduce the models, context
acquisition strategy, and the prompt used in the experiments, and provide a detailed description of the

experimental setups.
FEAT, FATE SRR A, SR P R, B R SORBORIE AR N, HH2 it
SRR E IR -

After that, we answer the following four research questions that the experiments aim to address:

5, BATR R SER B AR O LAR A5 ]

RQ1: What is the LLMs’ performance of comprehensive CR in CodeFuse-CR-Bench benchmark?
RQ1: LLM #£ CodeFuse-CR-Bench i 2 A HE B A L B fiy 2

RQ2: What is the LLM’s performance of comprehensive CR in different PR types?
RQ2: LLM fEA[H PR R iR a AU i a an fy

RQ3: How does different contextual information contribute to CR performance?

RQ3: AR LT 3UF S AR B P RE M vik?

RQ4: What is the performance of the reward model?
RQ4: BRI REAN 2

5.1 Benchmark Distribution

5.1 B WA

After implementing the pipeline in Section 3.2, we construct a benchmark with 601 Python CR task instances,
which were created from 2016-11-06 to 2025-07-07.

TESLHE 3.2 W mAE s, FATEE T — 24 601 /> Python AR o AT 55 SEA R 3L, JXLL sS4 A1
F 2016-11-06 % 2025-07-07 2 [d].

The problem domain distribution is shown in Fig. 6a.

(Al s 73 A i ] 6a FT 7 o

It can be found that bug fixes constitute the problem domain with the highest volume of high-quality CRs.
TEVAEL, $ERAE R AL T BA oS B0 o A H A ) R4

This indicates robust software maintenance practices and a thriving CR ecosystem for this category of issues.

XS WIS OB A RS A B AEP S BN SR A RS B A AR S R B

The review effort and difficulty distribution are shown in Fig. 6b.

A TAERRIME A &l 6b flros o

Most instances are in a medium difficulty of PR task implementation.

REHELPIALT PRALIS Lt AR o



The most common review effort is 3, which also indicates that most CRs are assigned to tasks of moderate
difficulty.
R LA TR 3, X IR 2R H A4 0 o 25 S ME (55

The 601 instances involve 70 Python projects.
3% 601 A543 K 70 4~ Python i H o

Fig. 7 illustrates the project distribution of the benchmark.
B 7 R 1 RRER I E 5341 o

We present the top 17 projects containing the highest number of instances.

FMoR T & Lt e iR 2 AT 17 T I0H

These projects account for 55.41% of the total instances.
REETH S S EET N 55.41%

Most of these projects are well-known within the Python community (e.g., pandas, scikit-learn et al.).

XLEIH R 2 %A Python AL DXHRT™ ) AR (4141 pandas, scikit-learn 55) o

This indicates that these projects are well-maintained with high-quality CRs.
XWX LT H 4- 4P B4, A & e AR B

5.2 Studied LLMs
5.2 B LLM

We consider mainstream LLMs—encompassing both open-source and proprietary models—that have been widely
adopted in recent software-engineering-related studies (Fan et al., 2025; Batole et al., 2025; Wang et al., 2024;
Yin et al., 2024).

A1 A LLM——AL 8 TN A R —— A R Bl A3 ARSI S O 2 % ] (Fan et
al., 2025; Batole et al., 2025; Wang et al., 2024; Yin et al., 2024),

For open-source LLMs, we select DeepSeek-v3.1 (Guo et al., 2025), Kimi-K2-0905-preview (Team, 2025)
Qwen3-235B-A22B (Yang et al., 2025).

XFIFRE LLM, FRA1iE5H T DeepSeek-v3.1 (Guo et al., 2025). Kimi-K2-0905-preview (Team, 2025) F/1
Qwen3-235B-A22B (Yang et al., 2025).

For closed-source LLMs, we choose the commonly used commercial models: Claude-Sonnet-4-20250514
(Anthropic, 2025), Gemini 2.5 Pro (Comanici et al., 2025), GPT-40 (Hurst et al., 2024), GPT-5 (OpenAl, 2025a).
XTI LLM, JRAT1ES T8 IR . Claude-Sonnet-4-20250514 (Anthropic, 2025). Gemini 2.5
Pro (Comanici et al., 2025). GPT-40 (Hurst et al., 2024) F1 GPT-5 (OpenAl, 2025a),

They have excellent performance in code-related tasks in previous benchmarks.

EATESCHT Y EMEN A B ARSAHRAT 55 B3R

5.3 Studied Context Acquisition Strategies

5.3 HFSTHI_E T SRR



As a repository-level CR benchmark, CodeFuse-CR-Bench can provide repository-level contextual information as
part of the LLM input to help the LLM achieve comprehensive CR.

VENGIEH ARG A EEME, CodeFuse-CR-Bench I LR A 7R SCfF EAE 9 LLM Fa A —FB4>, LA
#rh LLM SERZR R &

Due to the large size of modern software repositories, it is not feasible to feed the entire repository to the model.

H T I R, K B IR AR AT .

It is necessary to retrieve the most relevant information.

A ERG R BAARE

Referring to SWE-Bench (Jimenez et al., 2024), we adopt two types of context acquisition strategies that might be
beneficial for comprehensive CR: Retrieval-based Acquisition and Oracle-based context acquisition.

27 SWE-Bench (Jimenez et al., 2024), AR A PIF A REXZR GRS H & A 22 1Y BT SCRBURMG . BT
KR AR T Oracle [1_EF SCGRH

In RQ3, we will validate the performance of these two strategies.

£ RQ3 H, FRA PREFIEIX PRSI (P RE -

Retrieval-based Context Acquisition.

ETH R LT 3OREL

Since the problem description and the code implementing the functionality may share overlapping vocabulary, we
employ BM25 Stephen2004 to retrieve code files similar to the problem statement within the project.

H T TRD A A S22 D RE A AURS AT RESL = AR IRE, FRATI5R FH BM2S Stephen2004 St 235 H 4 5[]
TR IR AEBL A ARG ST

BM25 is a ranking function commonly used in information retrieval to measure the relevance between a

document and a query.

BM25 Bf5 S i F R — iRy g, W T SO S a2 R A S

As a kind of sparse retrieval method, BM25 offers fast computation speed and low resource consumption, making
it highly suitable for file retrieval scenarios in large-scale software projects.

VEN—RiMnsiAR 2R 7 1%, BM25 f@ft 1P T R0d MRS JRHFE, (EHAREE A RS H
(P TR

In RQ3, we will separately analyze the impact of using the top-1, top-3 and top-5 relevant code files retrieved via
BM25 as context on the effectiveness of LLM-based CR.

£E RQ3 H, FATPRE 1 oA (56 FH A BM2S RS EIATRT 14~ BT 3 ANFIHT 5 MRS U B
3, AEET LLM A A AR 2 o

Oracle-based Context Acquisition.

ET Oracle {y_EF30REL.

As a baseline, we also consider the oracle-based retrieval.

VER— AL, A5 EEET Oracle IR E



Specifically, we retrieve the combination of changed files in diff(base commit, commit to review) U diff(base

commit, merged commit).

BRI, AR dffGRAR A, i Eits0) U dffCEAIR S, S IR SRS

The reason lies in the fact that there are some other commits related to the target commit in the PR when

extracting the target commit in PR as the CR target.
JRIAAET, HH2E PR FhEg BRSSO AR HE H AR, PR HBAEAE A S HARER S R AIHR S

These related commits may serve as supplementary modifications to the target commit.

XL IR S AT MRS A b s YA FEIE 2o

Therefore, we choose the change files from commits in the same PR as the largest context space.

AL, AT R — PR RS (0 BSOSO E o B R TR S

5.4 Experimental Setting

5.4 SRR

We use the evaluation framework proposed in Section 4 to assess the CR generated by LLMs.

FATEEE 4 T A EAHESOSR PR LLM L A 2

We set the generation temperature of LLMs to 0.6 (except GPT-5 for 1), top-p to 0.95.
FATH LLM 194 il i &8 0.6 (GPT-5 %4 1) , top-p IKE 4 0.95,

The context window is set based on the maximum context window length specified in each LLM’s system card.

RO FE RS LLM R ZE R s RY ok BT SCR R B ER .

Note that, when employing different context retrieval strategies, once the token length exceeds the context
window, we remove the retrieved files outside the context window.

HERE, YRAARRE BTSRRI, —H token KEME ETFCHE, HATEBG ETXHEIZ
SN 2R S

When the input remains longer than the context window length after removing all retrieved files, we consider the
LLM unable to provide a correct CR for that instance and assign an evaluation score of 0.

AR R AT AR S R AT B SCE FHC RS, FATIA LLM Joik iz 2l iR e s A h o
A, FF5EC 0 FTEAS 73

To mitigate issues stemming from the randomness of model generation, the experimental results presented in this
paper are obtained by conducting three repeated experiments and averaging the results.

N T ISR AR BB AT SR A TR, ASCIRR Y SE g 25 AR i B T =B SERe I O (E RS
.

The prompt template is shown in Fig. 8, which consists of the issue tag including the problem statement, the code
tag including the context, and the patch tag including the patch to review.

fe/N AN 8 fir, B AL S RBIFROARY issue FRE B14 EFICHY code FRaELAK BLEFFHIET AN T
[ patch FRAEEH il

The generated CR format is also described in the review tag, which involves the functional implementation, code

quality, and defect information.

rha v L/ FINTT e Lk e a L A . L Ak s LHe I A i T7 L A S TR LINT B B T A 17/ 12



5.5 RQ1: What is the LLMs’ performance of comprehensive CR in CodeFuse-CR-Bench benchmark?
5.5 RQ1: LLM #££ CodeFuse-CR-Bench EEF LS RS FH AR ?

We conduct experiments under the oracle-based context as the baseline setting to explore the performance of

mainstream LLMs in comprehensive CR.

FANAEEET Oracle {Y_E N SCVEANSEAE PR TS00E, DIMRE i LLM FEZR SRS i A h i 2L

Table 5 shows the results, which reveal distinct strengths and weaknesses across models.

5 WoN TEER, farn 1A R [T PSS S5 4

This suggests that Gemini is currently the most well-rounded performer in generating contextually grounded and
technically sound CR feedback.

XM Gemini H FiTAEA T £ F SCHBORG A AUAD B2 S 057 T 2 M 0 42 1T o

On the model-based evaluation dimension, GPT-5 attains the best score (64.80), followed closely by Gemini 2.5
Pro (63.65).

FEEET B PPAEAERE |, GPT-5 AR/15 /s (64.80) , RXEHHIJSHYZ Gemini 2.5 Pro (63.65) o

This demonstrates that GPT-5 generates review comments with the highest perceived quality in terms of semantic
quality and usefulness, even if its overall integration across dimensions is not optimal.
IXFW] GPT-5 AE1E ST A VDT T4 i s B e B e s IR, B E AR & 4R B AR

eI .

In contrast, Claude-Sonnet-4-20250514 excels in the rule-based evaluation (33.31) and significantly outperforms

models like GPT-40 (8.10) and GPT-5 (18.30), indicating its strong adherence to location similarity, semantics

similarity, and defect match.

HHZ N, Claude-Sonnet-4-20250514 7EEE T MM PAA FhRBLI 8 (33.31) , JFREILT GPT-4o
(8.10) F11GPT-5 (18.30) ZEfsiid, REIEALALEAMINE T8 SRR FE DT EC 7 T A 1R 55 4 A

P,

This highlights Claude’s strength in producing formally correct and precise feedback, albeit sometimes at the cost
of broader contextual integration.

XA 7 Claude £E2F OP A ERS EAS BRI ST A OCS, JUE A I 2 AP s T2 i BRSO G A
Hriyo

Notably, several models exhibit significant imbalances.

EEFENE, JUER I B0 A

For instance, while GPT-5 performs best in model-based scoring, its rule-based performance lags, resulting in a
lower comprehensive score (41.96) than Gemini.

B, EIR GPT-5 AERE TR AT rh Bl i, (AHETHNARINE, SEHLE155 (41.96)
{&T Gemini,

Similarly, GPT-40 shows moderate model-based performance but severely underperforms in rule-based checks,
suggesting potential issues with factual grounding or hallucination in CR scenarios.

[FFE, GPT-4o Won P EERYEE TR AYIERE, (EAEEET AU AR AT rh R 0™ B, IXRWIAE A AT A
s ] REAFAE S SRR A R B LT 5 Y 1] o



These findings underscore that no single LLM dominates across all dimensions of comprehensive code review.

XL BRI, BOAAEAT ) LLM REAELE AR M ) Fr A 4R b s = S

Instead, performance varies significantly depending on the evaluation axis, emphasizing the necessity of our

multi-faceted assessment framework.

FIBL, VEREIR PP A 4ERE AN I S8 22 5, X 1 B 175 22 2 R T A AE 2R A 5 2

The results also highlight the importance of integrating both model-based and rule-based metrics to avoid
overestimating the practical utility of generated CRs.

SEIRAESRN 1B A EE T RN T U AR PR Y BB, LAl o s i A AR B 2 Y SE R U o

Answer to RQ1: Gemini 2.5 Pro achieves the highest comprehensive CR performance on CodeFuse-CR-Bench,
outperforming other LLMs by balancing strong model-based and rule-based scores, while GPT-5 and Claude-
Sonnet excel in semantic quality and formal correctness, respectively, highlighting the necessity of multi-
dimensional evaluation for realistic CR assessment.

RQI [E%:  Gemini 2.5 Pro /& CodeFuse-CR-Bench _EHUfG [z (N4aEr AR HI &L PERE, I8 P 32 K11
BTSRRI T MU 9 20 Bkl Hofth LLM, 1] GPT-5 711 Claude-Sonnet 7} HiI/E 1 et MITE A IE A 1E
JTHRIH A, 2 O BLSARD B A P T 2 4EPP A A A

5.6 RQ2: What is the LL.M’s performance of comprehensive CR in different PR types?
5.6 RQ2: LLM 7ER[H PR EB LRS- RSB ARI MM ?

In Section 3.2.4, we label the CR task instances into nine problem domains based on the PR types.

£ 3.2.4 75, FRATTHE PR ZERURACHY HE A A 55 SE R iC o LA AN ARk o

In this RQ, we conduct a fine-grained analysis of their comprehensive CR capabilities within each domain, with

results presented in Table 6.

FERXA RQ o, AT D U A 23 B AR B AT RE I BEAT T ARRLEE 0y, S5 5R A 6 Frms o

It can be found that Gemini 2.5 Pro achieves the highest comprehensive score in all nine problem domains.
ATLAE L, Gemini 2.5 Pro £Effr A JLA RIS FRERARTS T fmi LR B 1590

It outperforms the second-best model in each domain by margins ranging from 5.93% to 28.17%, with
particularly strong performance in DU (58.86), TC (55.83), and DE (53.35).

CAEEE N GUHERLL 5.93% £ 28.17% [WIEEEILTHEA 58 AR, JEH/Z/E DU (58.86). TC (55.83) Ml
DE (53.35) J7 Iz M58 %) o

This uniform dominance suggests that Gemini 2.5 Pro not only generalizes well across different types of code
changes but also effectively leverages domain-specific context—such as test requirements, security constraints, or
formatting rules—to generate more accurate and actionable CR feedback.

XRS5 EW], Gemini 2.5 Pro AMUAEA A 2B ACAL S SR b A RAFIIZALRE ST, I HILREARX
AR AR RE T R SR e 2 ARl O ke 2 S VA TR A AU

St o

The results highlight its robustness and adaptability in handling the heterogeneous nature of modern CR practices.

ZERORIE. 7 HAE AL LI AR B 2 S A AL P Iy T ) 5 AR R A 7 1



Answer to RQ2: Gemini 2.5 Pro consistently outperforms all other LLMs in comprehensive CR across all nine
problem domains, demonstrating its superior generalization and context utilization in diverse CR tasks.

RQ2 [E%:  Gemini 2.5 Pro f£ T A JUL A AIGUE Y 5B ARG B A IR 2 T B A HoAth LLM, JeoR 1 HAE
Z AR B AT 55 s M T AL RE AT B ORI RE T

5.7 RQ3: How does different contextual information contribute to CR performance?

5.7 RQ3: ARREIHY_ET 3UE BRI xS B i RE S Tk

In Section 5.3, we propose two types of context acquisition strategies that may be helpful for LLMs to achieve

comprehensive CR.

FE5.3 55, BAHRM T PR TREA BT LLM SCEZR ARG T i _ER SORIBUANE -

In this RQ, we evaluate the effectiveness of these strategies under varying context availability.

FEIXA RQ H, FRATTREAL T IR SE SRS A2 AR SCnT AR A R

Particularly, regarding retrieval-based context acquisition, we adopt BM25 to retrieve top-1, top-3 and top-5
relevant files as the context, respectively.

Rl R TETRRI NSO, FATRA BM25 2RI ERT 1A §5 3 AFIHT 5 A ES SN |
e

Results, as shown in Table 7, demonstrate that Gemini 2.5 Pro achieves the highest comprehensive score across
all context configurations, including both oracle-based and BM25-based settings.
R 7 PRI AR, Gemini 2.5 Pro fEfTA LR CCE (GU45HET Oracle MIEET BM25 [IX'E) HHE

R T BEZR A1)

Notably, its performance under the BM25 top-1 context (52.24) is nearly on par with that under the oracle-based
setting (52.37), with only a marginal gap of 0.13.

AR, FOfE BM2S top-1_EFSCFIIEIL (52.24) JUT- 55T Oracle B FIIFEIL (52.37) #5
P, AUA 013 BYRUNERR.

This indicates that Gemini can achieve near-optimal review quality by leveraging just the single most relevant
retrieved file, highlighting its strong capability in contextual relevance filtering and efficient information
utilization.

XM Gemini (R FTAS 2R 2 B AH R A — SRt RE SE B i R PR A o i, i 7 HAE BRSO
PRI RUE B 7 Y 5K RE

Furthermore, Gemini maintains stable performance across different retrieval depths (top-1: 52.24, top-3: 51.45,
top-5: 51.63), suggesting robustness to context size and resilience to potential noise in larger retrieval sets.
HEAh, Gemini fEAFRIFRRAE (top-1: 52.24, top-3: 51.45, top-5: 51.63) "MRFFEVERITERE, XKWL
X ETFSCOR/ANEAGRENE, FEHAERAG R B RN S B AR T

This stability contrasts with other models—such as GPT-5 and GPT-40—whose scores fluctuate more
significantly with context size, indicating higher sensitivity to irrelevant or redundant information.

XAARE M HA—— GPT-5 H1 GPT-do——Z Xt LE, JE & B4 b N SO Nl B, &
B AR BITAE BRI E S




These findings also [suggest that] Gemini 2.5 Pro is the most context-efficient and robust model for practical,
scalable CR systems where oracle-level context is unavailable.

XL AL [F W] Gemini 2.5 Pro 2 X F5EbR.  wIY JRAVAMG A RGEN 5 S A B SRS LR
B, JEHRAETCIESRAT Oracle 2% ER SCAYTE DL T

Answer to RQ3: Gemini 2.5 Pro achieves near-oracle performance in comprehensive code review using only the
top-1 retrieved context, demonstrating superior context efficiency and robustness across retrieval-based and
oracle-based acquisition strategies.

RQ3 [EI%:  Gemini 2.5 Pro {UfHi I 22 £ top-1 | N SUAELR & AAG T AT SE B 7 H2UT Oracle AYTERE,
J&R TAEEET AR NI T Oracle BYZRIBUHING H s B R SCBeR S e

5.8 RQ4: What is the performance of the reward model?
5.8 RQ4: R E P REAN A2

In Section 4.1.1, we incorporate a reward model as a key component of our model-based evaluation framework.

FE 4. 1.1, FRATPRE AR N T AR ) A AE 2R A S S AL PR

To assess its reliability and validity in distinguishing high-quality from low-quality code reviews, we conduct a
comparison study to evaluate the classification performance of the reward model.

N VAl HAR X A s iU SR A H T A AT SRR R, RATEEAT 1 T SR A 2
ISR R 53 SRTERE -

The input to the reward model consists of two elements: the query and the patch to review.

ARSI A TTRAR . AR AR T

The query itself is composed of the context (i.e., the full content of the reviewed file, used as default context),
review context, and the review location information.

B BRI (B0, #ei A SO i mn g, APEEROA BR300 « B B RSO E A BE R
bﬁ o

We split the dataset described in Section 4.1.1 into a 90% training set and a 10% test set to evaluate the model’s

classification effectiveness.

FATH 4. 1.1 AR B EXI 70 90% RIIIZREERT 10% AYMILEE, DIPPAERL 70 AR -

A CR is classified as positive if the reward model outputs a score greater than 0.5; otherwise, it is classified as

negative.

USRI AR G B O T 0.5, AT B ISN IEREA s I, IS TR

As shown in Table 8, the reward model achieves an accuracy of 75.03% and an F1 score of 80.64%,

demonstrating its strong discriminative capability.

W6 8 R, RIMRLAE] 1 75.03% FIHERTHA 80.64% Y F1 04, Jreon 1 HSRARIFIAIREST -

Notably, even when the context information is removed, the model maintains competitive performance, with
accuracy and F1 scores of 74.30% and 79.57%, respectively—suggesting that the review context, location and
patch already provide substantial signal for review quality assessment.

EAFERNZ, MR T ETIUER, SRS B A5 IIPERE, HERIRMN F1 2805058
74.30% 1 79.57% XKW HA LRI BTN T AN E TR IR 7 RR I ES




For comparison, we evaluate two SOTA LLMs—Kimi-K2-0711-preview and Gemini 2.5 Pro—on the same
binary classification task.

N T TR, BAMEMFER 0 R L, 7 P4 SOTALLM
2.5 Pro,

Kimi-K2-0711-preview fi1 Gemini

The prompt provided to each LLM mirrors the input format used by the reward model, and the LLM’s output is
directly mapped to a binary label based on whether it expresses approval or disapproval of the review.

FEMEZR TR LLM 19275 18] S 1 22 AU AT A =, I H LLM % AR P FE SRk (9 /2 0 F A 1Y
HOEE 2 A HEE B e o —TThRsE

The results show significantly lower performance: Kimi achieves 43.68% accuracy and 49.58% F1, while Gemini
reaches 51.30% accuracy and 61.36% F1.

SRR TERE R E RAL: Kimi A2 T 43.68% FUHERGZA] 49.58% 1 F1 434, 1 Gemini jAZ] T 51.30%
MIMERREFI 61.36% [1) F1 4340,

These findings indicate that the fine-tuned reward model substantially outperforms general-purpose LLMs in this
specialized classification task, validating its suitability as a reliable evaluator within our comprehensive CR

assessment framework.
XL IR, A ORI AR XN T T T RSP R L TEH LLM, 5k 7 HAEAERA1E:
éﬁ@%ﬁﬁﬁﬁmmﬂiﬁ@%%ﬁﬁTo

In our final evaluation pipeline, the reward model is applied with the reviewed file context to ensure maximal

fidelity to real review scenarios.
BN RETFAETAET, R SRR SO R SCR, DA R B A R i ok f
B

Answer to RQ4: The reward model we construct demonstrates objective performance in evaluating the quality of

CRs, achieving an F1 score exceeding 80% and an accuracy exceeding 75%.
RQ4 [E1%: FA A 22 A Al RS A D )5 T R B A A PR RE, SE3 1 I 80% 1Y F1 43
HONTEEIL 75% PR R

6 Threats to Validity
6 U B

Threats to Internal Validity.

PR B -

For threats to internal validity, the first concern is the selection of prompts.

KT IR, 55— TMEPR RN AR -

The performance of LLMs is sensitive to prompt design.

LLM FPEREX & Rl AR RN

Using an equivalent but differently phrased prompt may result in significant performance differences.

SBR[ R i il R R EUR A T REZE o

To mitigate this threat, we ultimately chose the one that yielded the best results after trying several formats.

N T AR, BATIAEZ T LR o UR eRade e 1 A e A R —Ff o



However, since we did not cover all available prompt formats, the one we selected may not be the optimal one.

gam, T ERA A B A AR AR, A TR AR AT REAS 2 e Y o

Secondly, since the setting of LLM hyperparameters (e.g., temperature), the outputs of LLM may exhibit

randomness.

Huk, T LLM B2 (B E) Aot , LLM Aofih rl RERBL T R L o

To mitigate this issue, we conduct three repeated experiments and average the results.

N T REEIXAN AR, FATHAT T =R S R S R BCP A E

Threats to External Validity.

SRS B o

The first threat to external validity is the programming language generalization.

HNERRURE O SR — 1 R SRR 5 Bz A

CodeFuse-CR-Bench is a benchmark based on Python.
CodeFuse-CR-Bench j&:—{~E:F Python FJE#E,

So it can not be used to evaluate comprehensive CR on other programming languages such as Java or C++.

R, EAREMTIFEHAGREE S (U0 Java 5l C++) HYZEE UG

In the future, we plan to address this limitation by continuously expanding CodeFuse-CR-Bench to cover as many

programming languages as possible.

Ak, BATHIEEL AW CodeFuse-CR-Bench DAL w5 R AT REZ (Y 4w e 5 M DX — RIBRTE -

The second external validity is the type of generalization.
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CodeFuse-CR-Bench consists of instances including nine types of problem domains.
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However, there may exist some CRs involving some other types.
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We will try to expand the number of types in the future.
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Another threat is the model generalization.
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Due to limited resources, our experiments are not able to cover all the available LLMs, thus not fully reflecting
the performance of all LLMs in actual development scenarios, which may slightly affect the representativeness of
our experiments.
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7 Conclusion
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CR is an important component for building stable, maintainable, and high-quality software products.
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Many CR benchmarks have been proposed to evaluate different kinds of automatic CR approaches.
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But there is a lack of comprehensiveness in existing benchmarks and approaches, which are detached from real

CR scenarios.
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In this paper, we introduce CodeFuse-CR-Bench, a comprehensiveness-aware CR benchmark to fill this gap.
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The design of the benchmark can address the limitations of real-world CR.
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Correspondingly, we design an evaluation metric to achieve comprehensive CR evaluation.
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We conduct an empirical study to explore SOTA LLMs’ performance in the real-world CR scenario.
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This more realistic CR benchmark encourages creative automatic CR solutions that can have immediate
applicability in open-source software development.
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We believe that CodeFuse-CR-Bench will offer valuable evaluation for the future development of LLM-based

automatic CR approaches.
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