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Code review is a key practice for ensuring software quality and maintainability. Despite progress in Auto-
mated Code Review (ACR), existing methods face two core challenges: (1) Isolated Task Modeling. Current
approaches often model and optimize subtasks in ACR independently, ignoring the inherent logical order and
internal dependencies among them which affects the effectiveness of ACR. (2) Lack of Explainability. At
the task level, the absence of explanatory information in review comments increases developers’ cognitive
load; at the model level, the black-box nature fundamentally undermines developer trust.

To address these challenges, we propose E4R-REVIEWER, improving the Effectiveness and Explainability
of ACR via End-to-End Reasoning-guided alignment. For effectiveness, EAR-REVIEWER unifies multiple fine-
grained ACR subtasks into a single end-to-end reasoning process, enabling cross-task knowledge sharing
and allowing the model to explicitly complete a reasoning chain of “quality estimation-issue localization-
issue classification—issue description-fix suggestion—code refinement” in one generation. Meanwhile, we
adopt a Group Relative Policy Optimization (GRPO)-based reinforcement-learning alignment, treating the
reasoning steps as optimizable intermediate objectives. We design subtask-specific rewards and integrate
them via curriculum-inspired, multi-stage reward fusion that follows the real-world review workflow. For
explainability, E4AR-REVIEWER produces reasoning process and generates structured review results covering
all fine-grained ACR subtasks, improving the transparency and explainability of the review results.

Extensive evaluations on public, real-world datasets demonstrate that E4R-REVIEWER significantly outper-
forms existing methods and achieves state-of-the-art performance: a 74.61% F1-score in quality estimation
and +22.96% CodeBLEU in code refinement. Furthermore, Large Language Model (LLM) and human evalua-
tion further confirm the superiority of E4R-REVIEWER in terms of effectiveness and explainability.
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1 Introduction

Code review is a cornerstone practice in modern software engineering that helps identify defects,
facilitate knowledge transfer, and improve software quality [2, 10, 48, 63]. Despite its essential
role, traditional manual code review is constrained by time and cognitive resources, making it
infeasible to identify all potential defects and prone to subjective biases due to reviewers’ varying
expertise [3, 45].

To alleviate this burden, significant research efforts have been devoted to Automated Code Re-
view (ACR), spanning early Deep Learning (DL)-based approaches [34, 38, 68] to recent Large
Language Model (LLM)-based methods [41, 50, 77], which have shown considerable promise. De-
spite their potential, however, current ACR methods still face two core challenges:

(1) Isolated Task Modeling. As shown in Fig. 2(a), code review is a multi-stage, interdependent
process where developers and reviewers sequentially perform multiple subtasks. However, prior
work either models subtasks in isolation [38, 41, 68] or focuses on a single task—such as quality
estimation [15, 55, 75], comment generation [24, 34, 37], or code refinement [13, 18, 19]—ignoring
the logical order and internal dependencies. This isolated modeling fails to leverage shared knowl-
edge or propagate context aligned with human review flow, yielding suboptimal and inconsistent
results that undermine ACR effectiveness.

As shown in Fig. 1, conventional ACR methods—trained only for review comments generation—
and the Qwen-2.5-Coder-7B-Instruct model both miss a critical logic error: replacing query. StartIndex
-= query.Limit (“previous page”) with query.StartIndex += query.Limit. Qwen offers only
a surface-level summary, overlooking the reversed navigation direction and wrongly endorsing
the change. In contrast, E4R-REVIEWER, trained jointly with code refinement, uses repair insights
to retroactively assess semantic correctness, identifying the inverted direction and recommend-
ing reversion to subtraction. This highlights how isolated task modeling in ACR fails to capture
cross-task dependencies essential for accurate review.

(2) Lack of Explainability. At the task level, the review comments generation task in ACR
suffers from a lack of explanatory content in human-written comments, due to reviewers’ time
and effort constraints [74]. Consequently, ACR models trained on such comments as ground truth
also fail to provide explanations. However, developers strongly prefer explanatory comments [6],
as they reduce cognitive load and lead to more efficient development cycles with fewer defects [6,
43,54]. At the model level, existing DL- and LLM-based ACR methods operate as black-box systems,
producing only final outputs without revealing their reasoning [21], which compromises both trust
and practical utility.

To address these challenges, we propose E4R-REVIEWER, improving the Effectiveness and
Explainability of ACR via End-to-End Reasoning-guided alignment. Unlike prior paradigms that
model subtasks in isolation, E4R-REVIEWER formulates code review as an end-to-end reasoning
process that follows the real-world review workflow: the model operates on the same code change
and sequentially performs quality estimation, issue localization, issue classification, issue descrip-
tion, fix suggestion, and code refinement, thereby leveraging the logical order and internal de-
pendencies among subtasks within a unified context. For training, we adopt a Group Relative
Policy Optimization (GRPO)-based Reinforcement-Learning (RL) alignment that assigns separate
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idx 5270

@@ -76,7 +83,9 @@
| define([“layoutManager”, “loading”, “events”, "libraryBrowser", "imagelLoader",
return;

} !

- query.StartIndex -= query.Limit;

+ if (userSettings.libraryPageSize() > @) {
+ query.StartIndex += query.Limit;
+

Ground Truth: “'suggestion query.Startindex -= query.Limit; " or ideally ‘query.Startindex = Math.max(0, query.Startindex - query.Limit)™
T5-Reviewer: please put the @ here the PR as well.

CodeReviewer: | think it would be better to check ‘if (userSettings.libraryPageSize() > 0 && query.Startindex >= 0)"

LLaMA-Reivewer: | think this is a bug.

Qwen-2.5-Coder-7B finetuned on Review Comments Generation Task: Change the line ‘query.Startindex -= query.Limit;" to "if
(userSettings.libraryPageSize() > 0) { query.Startindex += query.Limit; }' to ensure proper pagination behavior.

E4R-Reviewer (Only extract the parts related to review comments):

{“issue_description”: “The code has changed the operation performed on ‘query.Startindex” from subtraction to addition. This change may
have unintended consequences and should be reviewed to ensure the correct behavior is achieved.”, “fix_suggestion”: “Consider reverting
the change and using the original subtraction operation.”}

Fig. 1. The Motivation Case of Isolated Task Modeling in ACR

reward functions to different subtasks and turns reasoning steps in the review chain into opti-
mizable intermediate objectives. Since optimizing an end-to-end review objective over multiple
interdependent subtasks can suffer from learning difficulties caused by a complex optimization
target, we further introduce a curriculum-inspired, multi-stage reward fusion mechanism aligned
with the real-world review workflow. This mechanism dynamically re-weights subtask rewards
across training stages, enabling the model to progress from easier, prerequisite review capabili-
ties to more complex reviewing and refinement abilities. To enhance explainability and usability,
E4R-REVIEWER explicitly outputs intermediate reasoning process and generates structured review
results covering all fine-grained ACR subtasks, helping developers quickly locate key information,
understand the underlying rationale, and adopt suggested fixes.

To validate E4R-REVIEWER, we conduct an extensive experimental evaluation. Results show that
E4R-REVIEWER achieves state-of-the-art performance, with 73.60% accuracy, 74.61% F1-score, and
+22.96% CodeBLEU, significantly outperforming all baselines. Moreover, considering the subjectiv-
ity of the generated outputs, comprehensive LLM and human evaluation is conducted. The results
consistently confirm that E4R-REVIEWER not only generates more effective review results but also
provides richer explanatory information, thereby enhancing the explainability of the review pro-
cess.

In summary, the main contributions of this paper are as follows:

» We propose E4R-REVIEWER, which unifies multiple fine-grained ACR subtasks through end-
to-end reasoning-guided alignment, thereby improving the overall effectiveness and explain-
ability of ACR.

» We adopt a GRPO-based RL alignment and design a curriculum-inspired, multi-stage re-
ward fusion mechanism to dynamically adjust the optimization emphasis across subtasks,
enabling progressive learning of end-to-end reviewing capabilities.

+ We enhance model explainability by producing structured review outputs with intermediate
reasoning, and conduct extensive evaluations on real-world datasets, including quantitative
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metrics as well as LLM and human evaluation. The results show that E4R-REVIEWER consis-
tently outperforms existing methods.

The rest of the paper is structured as follows: Sec. 2 presents a brief overview of the background.
Sec. 3 elaborates on the various components of our proposed approach. Sec. 4 and Sec. 5 provide
details of the experimental setup and experimental results. Sec. 6 reviews the related work. Sec. 7
illustrates potential threats to validity. Finally, Sec. 8 concludes the paper.

2 Background
2.1 Logical Order and Internal Dependencies in Automated Code Review

As shown in Fig. 2(a), code review is a multi-stage and interdependent process in which develop-
ers and reviewers sequentially complete a series of subtasks. In contrast, most conventional ACR
methods decompose this workflow into isolated subtasks and train separate models (or objectives)
using only subtask-specific data (Fig. 2(b)). Such isolated task modeling fails to leverage cross-
stage contextual information and the dependencies between intermediate decisions, which often
compromises both the effectiveness and the consistency of the outputs. We argue that an effective
ACR model should capture the logical order of the review workflow and the internal dependencies
among subtasks; otherwise, it may produce inconsistent conclusions across stages or converge to
suboptimal solutions.

1 1
— 1 ! |
z (1 = Code _) a | | cOdmef @
O Diff . Results | | 1 Comments Results
i., E S ! 1
Pull Request e ey Clomneit gm Refine the Quality Estimation | |[Review Comments Generation | | Code Refinement
Necessity Code Code (QE) 1 (RCG) 1 (CR)
1 1
(a) Human Code Review Process (b) Isolated ACR Task Modeling
Fine-Grained Review Comments Generation (RCG)
i e o R T T ]
| 1 / ™
. N il
—_> - = —_ = —
. Quality ! Issue Issue Issue Description  Fix Suggestion Code .
Code Diff Estimation ! Localization Classification Generation Generation | Refinement Final Results
(QE) 'L (IL) (IC) (IDG) (FSG) , (CR)

(¢c) End-to-End ACR Task Modeling

Fig. 2. Different task modeling approaches in ACR

(1) Logical Order: ACR subtasks follow a conditional sequence reflecting human cognition:
reviewers first assess code quality (Quality Estimation, QE); if issues exist, they generate review
comments (Review Comment Generation, RCG); developers then refine the code (Code Refinement,
CR). This cascading flow should be explicitly modeled to mimic real-world review behavior.

(2) Internal Dependency: Subtasks mutually inform one another. Specifically, QE benefits
from RCG/CR insights to better define quality issues. RCG relies on QE to decide whether to com-
ment and uses CR’s repair needs to generate actionable suggestions. CR, in turn, depends on RCG’s
structured feedback for precise fixes.

Recent studies have attempted to leverage the relationships between subtasks to improve the
performance of ACR models. DISCOREV [5] adopts a knowledge distillation approach, construct-
ing dependency pairs (e.g., CR and QE), where the student model builds a loss function based on
supervised labels output by the teacher model to achieve knowledge transfer between tasks. How-
ever, it relies on static, paired combinations and only uses supervised loss, failing to fully exploit
the system-wide synergies. Moreover, it requires maintaining both teacher and student models
simultaneously, increasing training complexity.
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Unlike DISCOREV’s static pairwise distillation, our approach unifies all subtasks into a single
end-to-end reasoning chain, where each subtask’s output constitutes a sequential step in a coher-
ent logical flow (Fig. 2(c)), avoiding the limitations and complexity of manually designing inter-task
interactions, boosting performance by modeling the intrinsic logical flow of code review.

2.2 Task and Model Explainability in Automated Code Review

Previous ACR methods have primarily focused on technical accuracy and effectiveness [7], often
overlooking the critical dimension of explainability [74, 77].

(1) Task Explainability: Task explainability primarily concerns the RCG task: ACR-generated
review comments should include not only specific fix suggestions but also explanatory information
to help developers understand issue root causes and improvement benefits. Studies show that 85%
of developers prefer such causal explanations [6], which reduce post-release defects by 30% [43],
cut review iterations by 15% [6], shorten resolution times by 15%, and boost developer satisfaction
by 12% [54]. However, an empirical analysis found that 46% of real-world comments lack any ex-
planation, offering only modification suggestions [74]. This deficiency is also reflected in existing
ACR datasets: many “ground-truth” comments are derived from similarly non-explanatory human
feedback, which encourages models trained on these data to mimic the same pattern and gener-
ate uninformative, insufficiently explainable comments—making them harder for developers to
understand and act on, and ultimately prolonging the review cycle.

(2) Model Explainability: Model explainability concerns the ACR model itself. Since exist-
ing DL- and LLM-based ACR methods typically employ black-box models lacking transparency,
users struggle to understand the model’s decision rationale, undermining trust. To address this,
recent work enhances model transparency by generating reasoning chains before producing out-
puts. These chains progressively reveal the model’s internal reasoning, enabling users to trace how
conclusions are reached and thereby increasing trust in the model’s predictions.

3 Approach

The overall pipeline of the E4R-REVIEWER is shown in Fig. 3, which mainly consists of four stages:
A. End-to-End Automated Code Review Definition (Sec. 3.1), B. Dataset Construction (Sec. 3.2), C.
Supervised Fine-Tuning (Sec. 3.3), and D. GRPO-based Reinforcement Learning (Sec. 3.4).

3.1 End-to-End Automated Code Review Definition

As mentioned in Sec. 2.1, typical ACR approaches abstract the key stages of the code review process
into three main tasks [38, 68]:

(1) Quality Estimation (QE): Estimate whether the code changes in a PR have quality issues
and require review:

s = foe(D(Cy, C1)) where s € {0, 1}, (1)
where fQE() denotes the QE model, Cy and C; denote the original and modified code, respectively,
and D(Cy, Cy) represents the code diff as the input. The output is a binary label s € {0, 1} indicating
the presence of quality issues.

(2) Review Comment Generation (RCG): Generate natural language review comments based
on the code diff which has quality issues:

T = frea(D(Cy, Cy)) conditioned on fQE(D(Co, c)) =1, @)

where frcg(+) denotes the RCG model, and T denotes the generated review comments in natural
language. The function is only invoked when the QE task indicates that there are quality issues.
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A. End-to-End Automatic Code Review Definition
| Six Sub-Tasks in ACR
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Fig. 3. The overall pipeline of E4R-REVIEWER

(3) Code Refinement (CR): Refine the current code based on the review comments:

CZ = fCR(Cls T): (3)

where fcr(-) denotes the CR model, and C, denotes the refined code after applying the review
comments T to the modified code C;.

However, the above task paradigm has many limitations which detailed in Sec. 2. To address
these challenges, we first transform the raw, unstructured review comment T into a structured
set {T71, Tic, Tip, Trs}, corresponding to issue location, issue classification, issue description, and
fix suggestion, respectively. Accordingly, the RCG task is decomposed into four sequential sub-
tasks: Issue Localization (IL), Issue Classification (IC), Issue Description Generation (IDG), and Fix
Suggestion Generation (FSG).

Furthermore, as we define an End-to-End Automated Code Review (E2E-ACR) paradigm that
jointly models all review subtasks:

{s, 11, Tre, Tips Trs, Co} = frop-acr(D(Cy, Cr)), 4
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where frop.acr() denotes the E2E-ACR model that takes the raw code diff D(Cy,C;) as input,
jointly models all subtasks of code review, including QE, IL, IC, IDG, FSG, and CR, and outputs the
corresponding results: quality estimation label s, formatted review comments {Tj1, Ty, Trp, Trs},
and refined code Cs.

Although subtasks loosely correspond to human roles—e.g., QE aligns more with reviewers and
CR with developers—these boundaries are not rigid in ACR, as the system serves as an assistive
tool for both parties. We therefore unify all subtasks within the E2E-ACR paradigm to facilitate
cross-task information sharing and enhance performance.

3.2 Dataset Construction

3.2.1 Data Collection and Annotation. For our raw training dataset, we chose Carllm dataset [77]
over the more commonly used CodeReviewer dataset [38] for three reasons: (1) CodeReviewer
only provides coarse-grained subtasks, requiring extensive manual augmentation to support the
missing subtasks; Carllm, by contrast, already structures comments into issue location, descrip-
tion, and fix suggestions—closely matching our task requirements. (2) CodeReviewer organizes
data per isolated subtask, hindering end-to-end modeling, whereas Carllm integrates quality as-
sessment with issue-level details, better supporting our unified pipeline. (3) Despite its popularity,
CodeReviewer suffers from noisy, low-informativeness comments and excessive size; Carllm is
smaller yet higher-quality, making it more suitable for RL.

Based on the Carllm dataset, we further added issue type and refined code fields to support
the IC and CR tasks. First, we use two heterogeneous medium-scale LLMs—Qwen-2.5-Coder-72B
and LLaMA-3.3-70B—feeding each the code diff to generate candidate answers, where model het-
erogeneity enhances diversity and robustness. Second, we employ the large-scale DeepSeek-V3.1
(671B) as a judge to evaluate these candidates and select the final answer, a process akin to 2-shot
prompting that improves data quality. Additionally, we prompt DeepSeek-V3.1 to generate de-
tailed reasoning chains that explicitly capture logical dependencies among subtasks. These chains
serve as supervision signals in later training stages, enabling reasoning capability distillation into
smaller models.

To ensure dataset quality, we conducted a manual evaluation on 370 randomly selected samples
(providing 95% confidence level with +5% margin of error). Two software engineering master’s
students—each with >4 years of software development and code review experience—independently
assessed the added issue type and refined code fields via binary judgments, and rated the reasoning
chains on correctness, thoroughness, and clarity using a 1-5 Likert scale. Results show >95% ac-
curacy for the structured fields. The average reasoning scores in correctness/thoroughness/clarity
are 4.78/4.83/4.76, and the corresponding Weighted Kappa [76] values are 0.90/0.93/0.87.

3.2.2 Training Data Format for SFT and GRPO. We use the same dataset for both SFT and GRPO.
Below we describe the prompt template and output format used to construct each training sample.

As shown in Fig. 4, the prompt first provides task instructions and asks the model to perform
step-by-step reasoning following the subtask order in the E2E-ACR pipeline. It then specifies a
unified output format with two sections: <reasoning> and <answer>. The <reasoning> section
contains the complete reasoning process to support explainability, while the <answer> section is a
JSON object that contains the outputs for all subtasks. This structured design improves readability
for developers and enables automatic parsing for downstream reward computation and metric
evaluation.

During SFT, we reorganize the original dataset into the above supervision format to obtain
ground-truth labels. During GRPO, we extract subtask outputs from sampled model responses
and compute rewards using rule-based reward functions, requiring no additional data construction.
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Instruct Prompt

You are a Senior Software Engineer performing a code review. \n The input is a code diff to review, analysis step by step:
(1) Quality Estimation \n (2) Issue Localization (locate the problematic code) \n (3) Issue Classification (Refactoring, Bugfix, Testing,
Logging, Documentation, or Other) \n (4) Issue Description Generation \n (5) Fix Suggestion Generation \n (6) Code Refinement
Respond in the following format:
<reasoning>

. detailed step-by-step review reasoning ...
</reasoning>
<answer>

Target Output Format

"has_issues": true/false,
"issues": [{"issue_location": "...", "issue_type": "...", "issue_description": "...", "fix_suggestion": "..."}...],
"refined_code": ""

</answer>
Note: Properly escape special characters in JSON strings (\\n, \\", \\, etc.).
Code to review:

Fig. 4. The prompt template and output format for SFT and GRPO training.

Rule-based rewards avoid the need for manually annotated preference pairs as in Direct Preference
Optimization (DPO).

3.3 Supervised Fine-Tuning

Recent work on reasoning LLMs typically adopts a two-stage training paradigm: a SFT phase
for cold start precedes RL. This stage enables the model to rapidly acquire the required output
format and task structure, providing a stable foundation for RL. In our setting, the model must
generate outputs for all subtasks in a strict JSON schema. Directly applying RL from the base
model often fails in early stages, as the model struggles to produce valid JSON, hindering subtask
answer extraction and reward computation, thereby degrading RL effectiveness.

In the SFT stage, we use the standard Cross-Entropy (CE) loss as the objective function:

=

log P(y;;|x;, yi<t; ©) 5
1

Lspr = —

N
i=1

Z|=

t

where N is the number of training samples, T; is the length of the output sequence for sample i, x;
is the input code diff, y; is the corresponding label (including reasoning process and answers for
six subtasks), and © represents the model parameters.

Prior work has explored custom loss functions in SFT to better align with task objectives beyond
standard CE loss. For instance, Carllm [77] isolates the quality estimation token and computes
its loss separately to emphasize output quality for that component. In contrast, our SFT stage
prioritizes learning the correct output format and task structure; thus, we adopt the standard CE
loss without additional customizations.

3.4 GRPO-Based Reinforcement Learning

In RL stage, we adopt the Group Relative Policy Optimization (GRPO) algorithm [16, 58] to opti-
mize the model.

3.4.1 Definition of GRPO. GRPO is a variant of PPO that eliminates the need for a separate critic
model by computing group-relative advantages from the average reward of sampled outputs for
the same input, significantly reducing computational overhead.

Formally, given a question g, GRPO samples a group of G outputs {0;,0,, ..., 05} from the old
policy 7y, . Let r; be the scalar reward assigned to output o; by a reward model. The normalized
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(relative) reward for output o; is computed as:

G
r= —'ur, where p, = é Z rj, Oy = (6)
j=1

For outcome supervision, the advantage Ai,t for every tokent in output o; is set to this normalized
reward, i.e., A;; = 7.
The GRPO objective is then defined as:

G lo]
1 1 . io & . i n
Jorpo(0) = Eq g0 G 2ol (mm [rir,? 0 Ay, clip(rfft°,1—¢,1+ f)Ai,t] - B DKL[7T9||7Tref])
i=1 19 =1
7
where ri?tlo = Zouldoic) e probability ratio between the current policy 7y and the sampling

To1d (0¢lg.01<1)
policy 7y, € is the PPO clipping hyperparameter, 7,.f is a frozen reference policy (typically the
SFT model), and Dy [mg||7,ef] is approximated per-token using an unbiased estimator.

3.4.2 Task-Specific Reward Function. The reward model plays a crucial role in RL training, as it
provides feedback signals that guide the model to learn desired behaviors. While traditional RL
approaches often rely on human preference-based reward models, recent advancements, such as
DeepSeek-R1 [16], have demonstrated the effectiveness of rule-based reward functions for training
reasoning LLMs. So we design a rule-based reward function which contains two main components:
Format Reward Ry and Content Reward R.. The overall reward R is formulated as:

R= AfRf + AR, (8)

where A¢ and A, are hyperparameters that balance the contributions of the two reward compo-
nents.

Format Reward Ry: The format reward evaluates whether the model’s output adheres to the
required structured format, which is defined as:

1.0, if y follows the XML-style schema and JSON structure with target keys,
R =105, if j follows the XML-style schema, 9)
0.0, otherwise,

where ¥ is the model output, and the XML-style schema and JSON structure with target keys
are defined in Sec. 3.2.2. Notably, although for non-issue samples the fields related to issues and
refined code are not essentially required, we still instruct the model to output these fields (with
empty string values) to maintain consistency in the format reward function design.

Content Reward R.: The content reward assesses the correctness and quality of the model’s
output for each subtask. However, the IDG and FSG subtasks output natural language text, which
is highly subjective and challenging to have a gold-standard reference for evaluation. Therefore,
we only design content rewards for the QE, IL, IC, and CR subtasks, which can be defined as:

R. = AgeRgE + ARy, + AicRic + AcrRcrs (10

where Rog, Ryp, Ric, and Rcy are the content rewards for the QE, IL, IC, and CR subtasks, respec-
tively. Agg, ArL, Aic, and Acg are hyperparameters balancing the contributions of each subtask’s
content reward.
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QE subtask Reward Rgg: The QE subtask is a binary classification task, so we define its content
reward as:
1.0, if y.has_issue == y.has_issue,

Ro 11)

- 0.0, otherwise,
where “has_issue” is the JSON keys for the QE subtask and j.has_issue is the model output for the
QE subtask.

IL subtask Reward Ry : The IL subtask involves generating code snippets, so we use Code-
BLEU [52] to evaluate the similarity between the generated issue locations and the ground truth,
in order to provide a smoother and more continuous reward signal, which is defined as:

M
Ry = ﬁ Z CodeBLEU(y.issues|i].issue_location, y.issues|i].issue_location), (12)
i=1
where M is the number of issues in the sample, and j.issues|i].issue_location is the generated issue
location for the i-th issue. We average the CodeBLEU scores across all issues to obtain the final IL
content reward.
IC subtask Reward Rjc: The IC subtask is a multi-class classification task, so we define its
content reward based on accuracy as:

M
Ric = % Z I[y.issues|i].issue_type = y.issues[i].issue_type], (13)
i=1
where I[-] is the indicator function that returns 1 if the condition is true and 0 otherwise and
y.issues[i].issue_type is the generated issue type for the i-th issue. We average the accuracy across
all issues to obtain the final IC content reward.

Furthermore, when multiple reference comments exist, we sort them by their locations during
training, enabling the model to implicitly learn a top-to-bottom spatial prior without relying on
order alignment mechanisms like Hungarian matching.

CR subtask Reward Rcg: The CR subtask involves generating refined code, so we also use
CodeBLEU [52] to evaluate the similarity between the generated refined code and the ground
truth, which is defined as:

Rcr = CodeBLEU(y.refined_code, y.refined_code), (14)

where y.refined_code is the generated refined code.

As shown above, we exclude explicit rewards for Issue Description Generation (IDG) and Fix
Suggestion Generation (FSG) to prevent reward hacking [49]. Issue location and type are objective
logical anchors that provide unambiguous gradient signals, whereas descriptions and fix sugges-
tions are open-ended natural language where text similarity or proxy rewards would cause the
model to overfit to rigid templates and degrade its flexible generation capabilities.

3.4.3 Curriculum-Inspired Multi-Stage Reward Fusion. The E2E-ACR paradigm comprises multi-
ple ordered and interdependent subtasks, reflecting real-world code review workflows. Directly
optimizing all subtask rewards jointly from scratch often leads to unstable training and subopti-
mal performance due to reward heterogeneity and the complexity of multi-reward aggregation.
To mitigate this, we draw inspiration from curriculum learning [46, 71], and adopt a curriculum-
inspired multi-stage reward fusion strategy. We split GRPO training into three stages of increasing
difficulty and progressively expand the composition of R

Stage 1: Issue Identification. The first stage only requires the model to judge whether the
input code contains issues. At this stage, we retain only Rqg, so that policy updates are primarily
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driven by the objective of issue identification. This stage aims to quickly establish a stable decision
boundary and basic discriminative capability for quality defects, providing a reliable foundation
for subsequent learning that requires finer-grained explanation and refinement.

Stage 2: Issue Clarification. Building on issue identification, the second stage further requires
the model to clarify issue details and produce structured review outcomes. Concretely, in addition
to Rog, we introduce Ry, and Ric. Without undermining the identification capability, this stage
gradually extends the learning objective from a binary judgment to an explainable review conclu-
sion, encouraging the model to generate issue localization, classification, description. This yields
an information-complete intermediate reasoning chain for the final refinement.

Stage 3: Issue Resolution. After the first two stages, we further introduce Rcg to equip the
model with issue-resolution capability, encouraging it to output actionable fix suggestions and
perform code refinement. This final stage fully aligns the training objective with the full E2E-ACR
paradigm and enforces a closed-loop constraint on the final output under a strong capability prior,
enabling the model to learn a consistent reasoning path.

With the fusion strategy, subtasks can collaborate effectively under clearer stage-wise objec-
tives: the model first learns “whether it can find issues,” reducing noise for later stages; then learns
“how to explain issues clearly and completely,” forming structured and explainable review inter-
mediates; and finally learns “whether it can fix issues correctly,” completing the end-to-end loop
and ultimately improving the final performance.

4 Experimental Setup
4.1 Research Questions

To comprehensively evaluate the effectiveness of E4R-REVIEWER, we conduct a series of experi-
ments to answer the following research questions (RQs):

« RQ1: How does E4R-REVIEWER perform on each code review subtask compared with state-
of-the-art baselines?

« RQ2: What is the quantitative and qualitative impact of the proposed logical reasoning mech-
anism on overall performance?

» RQ3: How well does E4R-REVIEWER generalize to code review across multiple programming
languages?

» RQ4: Do the outputs produced by E4R-REVIEWER exhibit strong explainability and human-
aligned reasoning?

Although we decompose the RCG task into four subtasks (IL, IC, IDG, and FSG) during training
to obtain structured feedback, we evaluate RCG as a single task to better reflect the model’s ability
to generate complete review comments. When multiple comments are generated, we merge them
for holistic assessment.

4.2 Datasets

SFT and GRPO training dataset. We use the Carllm training set [77], comprising 19,456 anno-
tated code review instances, and further augment it as described in Sec. 3.2.1 to include issue type,
refined code, and reasoning process annotations aligned with our task formulation.

Evaluation datasets. For QF task, we use the Carllm test set [77], which contains 2,000 samples
with balanced positive and negative labels. For RCG and CR tasks, we adopt the CodeReviewer
test set [38], which provides widely-accepted evaluation protocols enabling fair comparison with
existing work. From this dataset, We randomly sample 400 instances per language across five
programming languages (Python, C/C++, Java, JavaScript, Go), yielding 2,000 evaluation instances
in total. Each includes ground-truth review comments and refined code annotations.
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4.3 Evaluation Criteria

We adopt both quantitative and qualitative metrics to comprehensively evaluate model perfor-
mance.

Quality Estimation. For the QE task, we report Accuracy, Precision, Recall, and F1-score, which
are standard metrics for classification.

Review Comments Generation. For the RCG task, multiple studies have shown that review
comments in the CodeReviewer dataset suffer from quality issues [35, 57, 79], rendering surface-
level text-overlap metrics (e.g., BLEU, ROUGE) unreliable for assessing actual usefulness. Recent
work indicates that LLM-based evaluation aligns well with human judgment [36, 80]; therefore,
we adopt the LLM evaluation protocol proposed by Zhang et al. [79] to assess comment quality
along five criteria:

+ C1. Readability: Clear, easily understandable language.

+ C2. Relevance: Directly related to the specific code.

« C3. Brevity: Clearly explain the issues identified, and at the same time, be concise and not
lengthy.

« C4. Sufficiency: Cover all issues as much as possible, and point out the exact location of
issues for comprehensive review.

« C5. Operability: Practical advice for addressing identified issues.

A 5-point Likert scale is adopted to balance granularity and reliability, avoiding the coarseness of
3-point scales and the instability of 10-point scales [30]. Additionally, due to the linguistic diversity
and high variability of LLM outputs [4], we follow Li et al. [38] and conduct a manual evaluation
in which annotators rate each comment on two dimensions using a 5-point Likert scale:

» Relevance: Whether comments precisely identify defect locations and root causes.
+ Information: Degree to which the comment provides sufficient rationale and context to make
the issues and suggestions easy to understand.

Code Refinement. For the CR task, we use BLEU and CodeBLEU as automated metrics, and
complement them with both LLM and human evaluation to measure the quality and correctness of
the generated code. Both LLM and human evaluation are formulated as binary decisions: whether
the generated code resolves the quality issues in the original code and is an improvement over it.
We then report the corresponding accuracies, denoted as LLM_Acc and H_Acc.

For LLM evaluation, we use GPT-5 (gpt-5-2025-08-07) as an automatic judge to ensure consistent
assessments and avoid overlap with any evaluated baseline. For human evaluation, two software
engineering master’s students—each with at least four years of professional development and code
review experience—serve as annotators, working independently on all sampled instances. We ran-
domly sample 10% of the test instances (200 in total) for annotation. We assess inter-annotator
agreement using Cohen’s Kappa (k) [42] for binary ratings and Weighted Kappa (k,,) [76] with
quadratic weights for ordinal Likert ratings, and also report the agreement between the LLM eval-
uator and each human annotator. The final score per instance is the average of the two annotators’
ratings.

4.4 Baselines

We compare E4R-REVIEWER with a comprehensive set of baselines, grouped into two categories:
(i) ACR models and (ii) general-purpose LLMs.

ACR models. For DL-based ACR models, we include CodeBERT [12], CodeT5 [72], T5-Reviewer [68],
CodeReviewer [38] and DISCOREYV [5]. For LLM-based ACR models, we evaluate LLaMA-Reviewer [41]
and the Carllm series [77].

, Vol. 1, No. 1, Article . Publication date: June 2026.



E4R-ReVIEWER: Effective and Explainable Automated Code Review via End-to-End Reasoning-Guided Alignment 13

DISCOREV is included as a baseline for the RCG and CR tasks, as it improves these tasks through
static cross-task distillation. We exclude LAURA [79] because it relies on PR-level context (e.g.,
conversation history and reviewer profiles), which is unavailable in our setting. As a complemen-
tary comparison, we additionally evaluate advanced few-shot LLMs below, which partially capture
exemplar-based enhancement without such additional information.

General LLMs. We consider both open-source and proprietary models. Specifically, the open-
source models include: (1) the LLaMA series (LLaMA-13B [66], LLaMA-2-13B [67], and CodeLLaMA-
13B [53]), (2) the Qwen series (Qwen-2.5-Coder-7B/32B-Instruct [27]), and (3) the DeepSeek series
(DeepSeek-Coder-6.7B/33B-Instruct [17] and DeepSeek-V3 [40]). The proprietary models include
GPT-40 [28], Gemini-2.5-Pro [9], and Claude-3.7-Sonnet [1].

For ACR baselines, we strictly follow the original implementations and hyperparameter set-
tings to ensure a fair comparison. For general LLM baselines, we adopt the same task prompts as
E4R-REVIEWER and evaluate them in a 2-shot setting, using one positive (issue-present) and one
negative (issue-absent) demonstration.

4.5 Implementation Details

Backbone. We use Qwen-2.5-Coder-7B-Instruct as the backbone model. The 7B scale offers a prac-
tical balance between capacity and efficiency and mitigates overfitting on relatively small training
sets.

Parameter-efficient fine-tuning. We adopt QLoRA [11] for efficient adaptation: the backbone
weights are quantized to 4-bit precision during loading and the adapter rank is set to r=8 with a
scaling factor of 16.

Training setup. Due to resource constraints, we cap the maximum input length at 2,048 to-
kens. Training proceeds in two stages—SFT followed by GRPO-based RL—with identical batching:
per-device batch size of 8 and gradient accumulation over 4 steps. We use 8-bit AdamW (;=0.9,
B,=0.99) with weight decay 1 x 102, For SFT, we train for 1 epoch with learning rate 1x 10™%; for
GRPO, we train for 4 epochs with learning rate 1 x 107> and sample 4 candidate completions per
prompt for policy optimization. For the multi-stage reward fusion, we allocate 1, 1, and 2 epochs to
stages 1-3, respectively. The content-reward weights (Agg, Arr, Aic, Acr) are set to [1.0,0.0,0.0,0.0],
[0.6,0.2,0.2,0.0], and [0.2,0.1, 0.1, 0.6] for stages 1-3. We set the weights of the content reward A,
and the format Ay reward to 0.7 and 0.3, respectively.

Hardware and frameworks. All experiments are run on a single NVIDIA H200 GPU (140GB).
We use Unsloth [70] to implement SFT and GRPO training and vLLM [32] for fast inference.

5 Experimental Results
5.1 RQ1: Performance on Code Review subtasks

5.1.1 Quality Estimation Task. As shown in Table 1, E4R-REVIEWER outperforms all baselines on
the QE task across all metrics. Compared to the strongest baseline, CodeCarllm-13B, it achieves
absolute gains of +1.85% (Accuracy), +2.17% (Precision), +0.60% (Recall), and +1.45% (F1). Notably,
E4R-REVIEWER uses only ~60% of CodeCarllm-13B’s parameters, demonstrating superior parame-
ter efficiency. Against the size-comparable MagicCarllm-7B, it improves Accuracy by +4.30% and
F1 by +9.26%.

From a methodological perspective, DL-based ACR models consistently underperform LLM-
based approaches in F1, suggesting that generic code representations or seq2seq frameworks strug-
gle to capture the fine-grained signals needed to judge whether a change is warranted. In contrast,
LLM-based ACR models achieve higher recall and overall QE performance, enabling more proac-
tive issue detection. General-purpose LLMs perform poorly on QE, indicating that this task relies
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less on surface-level language understanding and more on systematic knowledge of engineering
conventions, code smells, maintainability, and defect patterns. Moreover, standard LLMs are ill-
suited for binary classification: some exhibit extreme “high-recall, low-precision” behavior—for
instance, Qwen-2.5-Coder-32B-Instruct attains 99.20% Recall by labeling nearly all samples as prob-
lematic, but its Precision collapses to 50.15%.

In contrast, E4R-REVIEWER strikes a balanced trade-off: it maintains high Recall for broad cover-
age while significantly improving Precision to suppress false alarms from stylistic or non-critical
differences, yielding both higher F1 and more reliable performance.

Table 1. Performance Comparison on Quality Estimation Task

Model Type Model Acc (%) P(% R(% F1(%)
CodeBERT 66.95 70.49 5830 63.82
CodeT5 66.55 68.28 61.80 64.88
T5-Reviewer 66.20 67.85 61.15 64.71
CodeReviewer 67.80 70.84 60.50 65.26
ACR Models 11 MA-Reviewer 63.80  60.66 78.50 68.44
MagiCCarllm-7B 69.30 75.00 57.90 65.35
Carllm-13B 67.20 62.68 85.00 72.15
Carllm2-13B 68.95 68.74 69.50 69.12
CodeCarllm-13B 71.75 69.68 77.00 73.16
LLaMA-13B 48.35 48.55 55.20 51.66
LLaMA-2-13B 50.75 51.13 33.80 40.70
CodeLLaMA-13B 48.35 48.55 55.20 51.66

Qwen-2.5-Coder-7B-Instruct 50.20  50.43 93.30 65.47
Qwen-2.5-Coder-32B-Instruct 50.30  50.15 99.20 66.62

General LLMs
DeepSeek-Coder-6.7B-Instruct ~ 46.40  49.14 85.60 62.44
DeepSeek-Coder-33B-Instruct ~ 49.30  50.19 79.60 61.56
DeepSeek-V3 61.90  66.57 47.80 55.65
GPT-40 56.15 53.71 89.10 67.02
Gemini-2.5-Pro 61.95 60.79 6730 63.88
Claude-3.7-Sonnet 54.10 53.61 60.90 57.02

Ours E4R-REVIEWER 73.60 7185 77.60 74.61

5.1.2 Review Comments Generation Task. After completing the QE task, we first filtered out mod-
els that performed poorly or were unable to consistently produce high-quality outputs. Only mod-
els that passed this initial screening were included in the subsequent evaluation stages. We then
conducted both LLM and human evaluation, with the results summarized in Table 2.

Overall, E4R-REVIEWER achieved the best performance across all five LLM evaluation dimen-
sions. Its scores for C1-C5 remain consistently around 4.0, demonstrating strong effectiveness
in generating review comments. DISCOREV, which also explores cross-task knowledge transfer
via distillation, scores slightly better than other ACR models but substantially lower than E4R-
REVIEWER, confirming that our end-to-end reasoning-guided approach yields more informative
and actionable review comments. In the C3. Brevity, the performance gap between E4R-REVIEWER
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and other baselines is notably smaller. Since brevity focuses primarily on concise expression, the
differences across models tend to be less amplified than in content-oriented dimensions, mak-
ing this trend expected. Although DL-based ACR models (e.g., CodeReviewer) typically generate
shorter unstructured texts, they score relatively low on brevity. One possible explanation is that
the brevity metric first requires precise issue localization before conciseness is rewarded. During
batch evaluation, all General LLMs output structured comments with explicit field annotations
indicating issue locations, putting ACR models at a disadvantage in this dimension.

Human evaluation results exhibit a trend consistent with LLM evaluation. E4R-REVIEWER achieves
the best performance, indicating that its generated review comments better align with human ex-
pectations in terms of relevance and informativeness, which improving the effectiveness and ex-
plainability. The inter-annotator agreement reaches k,,=0.83 (Relevance) and 0.88 (Information),
and the LLM-human agreement reaches an avg. x,, of 0.84.

Table 2. Performance Comparison on Review Comments Generation Task (C* denotes the five LLM evalua-
tion criteria).

Model LLM Eval. | Human Eval.
ci C2 (C3 C4 G5 ‘ Relevance Information
T5-Reviewer 2,59 213 2,69 235 257 - -
CodeReviewer 254 2.70 2.74 240 238 3.02 2.54
LLaMA-Reviewer 285 261 260 257 251 - -
DISCOREV 252 267 266 245 243 3.05 2.66
Qwen-2.5-Coder-7B-Instruct 323 344 324 333 331 - -
Qwen-2.5-Coder-32B-Instruct  3.83 4.04 3.88 3.93 3.90 3.68 3.77
DeepSeek-Coder-6.7B-Instruct  3.11 3.22 3.07 3.12 3.14 - -
DeepSeek-Coder-33B-Instruct  3.48 3.58 3.45 346 3.1 3.21 3.66
GPT-40 3.69 3.84 341 3.69 3.45 3.43 3.64
Gemini-2.5-Pro 3.29 341 333 335 335 - -
E4R-REVIEWER 4.03 4.19 3.97 4.14 4.13 ‘ 3.78 3.89

5.1.3 Code Refinement Task. In the CR task, traditional ACR models require both the code diff
and a human-written review comment as input. This setting is fundamentally different from our
task paradigm, which exclusively takes the raw code diff as input. Due to this mismatch, we focus
our evaluation on general LLMs, and the results are presented in Table 3.

According to the automatic evaluation metrics (BLEU and CodeBLEU), E4R-REVIEWER signifi-
cantly outperforms all baseline models. It achieves 65.59 BLEU and 58.75 CodeBLEU, outperform-
ing the second-best model (48.51 BLEU, 47.78 CodeBLEU) by 17.08 and 10.97 points, respectively.
These improvements demonstrate that E4AR-REVIEWER generates refined code that is not only more
aligned with the reference implementation but also shows greater semantic and structural consis-
tency. Although DISCOREV also considers inter-task dependencies, it scores much lower (32.35
BLEU and 35.60 CodeBLEU) when receiving upstream RCG outputs instead of ground-truth com-
ments, confirming that our end-to-end reasoning chain models inter-task dependencies more ef-
fectively than static pairwise distillation.

A consistent pattern emerges in both LLM and human evaluations. E4R-REVIEWER attains the
highest LLM_Acc (45.30) and H_Acc (41.25), clearly outperforming strong general models such as
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GPT-40 and Gemini-2.5-Pro. The inter-annotator agreement reaches x¥=0.91, and the LLM-human
agreement reaches an avg. k of 0.87. These findings highlight the effectiveness of domain-specialized
modeling through reinforcement learning, particularly in diff-driven code refinement scenarios.

Table 3. Performance Comparison on Code Refinement Task

Automatic Eval. ‘ LLM Eval. ‘ Human Eval.

Model
BLEU CodeBLEU | LLM_Acc (%) | H_Acc (%)

DISCOREV 3235 3560 | 2130 | 2375
Qwen-2.5-Coder-7B-Instruct 26.80 36.19 13.50 -
Qwen-2.5-Coder-32B-Instruct ~ 43.94 44.79 34.90 30.25
DeepSeek-Coder-6.7B-Instruct  39.04 40.56 18.60 -
DeepSeek-Coder-33B-Instruct  31.45 39.72 19.75 23.50
GPT-40 42.90 42.93 37.80 38.75
Gemini-2.5-Pro 48.51 47.78 35.75 -
E4R-REVIEWER 65.59 58.75 45.30 41.25

5.1.4 Statistical Significance. We conduct 5 independent trials with different random seeds (or ad-
justing temperature settings for proprietary models) and perform Wilcoxon rank-sum tests against
the SOTA baseline (i.e., CodeCarllm-13B for QE and Gemini-2.5-Pro for CR) on the QF and CR tasks.
As shown in Table 4, all improvements are statistically significant: QE Accuracy (p < 0.01) and
F1 (p < 0.05), CR BLEU and CodeBLEU (p < 0.01), confirming that our gains are robust across
multiple trials.

Table 4. Statistical Significance of E4AR-REVIEWER vs. SOTA Baseline on QE and CR Tasks.

Model QE Task CR Task
Acc (%) F1 (%) BLEU CodeBLEU
SOTA Baseline 72.04 = 0.47 72.81 £ 0.60 48.28 £ 0.96 47.80 £ 1.07

E4R-REVIEWER 73.82 + 0.44 (**) 74.80 £0.65 (*) 66.19 +1.63 (**) 58.27 + 1.46 (**)

Note: Values are reported as mean =+ std. Significance levels are denoted by * (p < 0.05) and ** (p < 0.01).

5.2 RQ2: Ablation Study of EAR-REVIEWER

To analyze the contribution of each component in E4R-REVIEWER, we conduct an ablation study
on the QE and CR tasks, which represent the beginning and end of the code review pipeline and
admit reliable automatic metrics. Results are reported in Table 5.

Starting from the backbone (V1), applying SFT (V2) consistently improves both tasks, suggesting
that limited supervision already enhances basic task alignment. Building upon V2, adding task-
specific reward functions with GRPO-based RL (V3, V4) yields substantial gains on the targeted
tasks: V3 improves the Acc and F1, while V4 improves the BLEU and CodeBLEU, confirming the
effectiveness of GRPO-based RL, which consistently further improves task performance over SFT
under single-task settings.
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When all task rewards are unified for joint training (V5), CR metrics further improve over V4, in-
dicating benefits from cross-task knowledge sharing. However, QE shows a precision-recall shift
(higher recall, lower precision) with F1 similar to V3, implying a tendency to over-predict issues.
We attribute this to reward heterogeneity: QF uses a strict binary reward, whereas downstream
tasks provide denser, softer preference rewards. As a result, during joint training, the model re-
ceives richer and more frequent gradient signals from later tasks, causing QE—despite being the
first step of the pipeline—to receive insufficient optimization pressure.

Finally, we apply curriculum-inspired multi-stage reward fusion (V6). Following the real-world
code review workflow, we divide multi-reward fusion into three stages to mitigate the issues
caused by the naive reward combination in V5. As a result, V6 outperforms V5 on both QE and
CR, validating the effectiveness of multi-stage reward fusion. Moreover, compared with the single-
reward variants (V3 and V4), V6 further improves the corresponding tasks, highlighting the bene-
fits of multi-task modeling.

Table 5. Ablation Study on E4R-ReviEwEeR for QE and CR Tasks (V* denotes different ablation model vari-
ants).

Version Model QF Task CR Task

Acc (%) P(%) R(%) F1(%) BLEU CodeBLEU
Vi Qwen-2.5-Coder-7B-Ins. 50.20 50.43 9330 6547 26.80 36.19
V2 V1 + SFT 54.50 52.38 99.20 68.56 38.94 40.76
V3 V2 + GRPO (QE Reward) 73.10 71.67 76.40 73.96 40.14 41.44
V4 V2 + GRPO (CR Reward) 55.95 53.18 99.40 69.29 61.36 55.30
V5 V2 + GRPO (All Reward) 68.20 63.30 86.60 73.14 63.23 56.97

V6 (Ours) V5 + CL (EAR-REVIEWER) 73.60 71.85 77.60 74.61 6559  58.75

To further illustrate the stability of RL training and the effectiveness of curriculum learning,
we present the reward curves for format, QF, and CR tasks in Figure 5 for Curriculum Learning
(CL) and Joint Training (JT). For R¢, both CL and JT start from a high initial reward after SFT and
converge smoothly, indicating that SFT already equips the model with strong format-following
capability, and the fixed weight in the total reward ensures stability. For Rgg, CL focuses solely on
QE in Stage 1, where the reward rises rapidly; it continues to improve in Stage 2 and Stage 3. In
contrast, JT mixes signals from multiple tasks from the start, resulting in suboptimal QE learning
and a lower final reward than CL. For Rcg, since CL does not include the Ry in Stages 1 and 2
(which focus on issue identification and clarification), the model only receives Rcg during Stage
3. Despite training on Rcg for only two epochs, the model learns CR more efficiently after mas-
tering preceding tasks: the ascending slope is steeper and the final level is higher than JT. This
demonstrates that curriculum learning enables effective knowledge transfer—mastery of earlier
tasks provides a stronger foundation for subsequent, more complex tasks.

5.3 RQ3: Generalization Across Programming Languages

In this section, we analyze cross-language generalization across programming languages. Table 6
reports QE and CR results for five training-covered languages (Python, C/C++, Java, JavaScript,
and Go), measured by F1 and CodeBLEU (reported as F1/CodeBLEU).

Overall, E4R-REVIEWER achieves the best performance across all languages, clearly outperform-
ing GPT-40 and the Qwen-2.5-Coder series. For instance, on C/C++ and Go it attains F1 scores of
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Fig. 5. Reward curves for Ry, Rqe, and Reg under Curriculum Learning and Joint Training.

85.12 and 81.79 with CodeBLEU of 56.94 and 61.14, respectively, indicating robust generalization
across diverse syntax and engineering conventions.

Across languages, E4R-REVIEWER shows a more balanced performance in CodeBLEU, suggest-
ing that its generated edits preserve relatively high code consistency and readability across lan-
guages. In contrast, its F1-scores on Python and JavaScript are slightly lower than those on C/C++,
Java, and Go. Further analysis suggests that this gap mainly stems from lower Precision: the model
is more inclined to predict “has_issues”, leading to more false positives. We attribute this phenom-
enon to both the training data distribution and language characteristics. First, Python/JavaScript
samples in the training set more frequently involve issues related to naming, formatting, weak
typing, and asynchronous logic, which encourages the model to apply stricter judgments and thus
increases false positives. Second, Python/JavaScript syntax and coding styles are more flexible,
making the “needs modification” decision more subjective and prone to annotation noise, which
further reduces Precision.

Table 6. Per-language Performance on QE (F1) and CR (CodeBLEU) Tasks [F1/CodeBLEU]

Model Python C/C++ Java JavaScript Go

Qwen-2.5-Coder-7B-Ins. ~ 58.57/36.75  70.15/36.58  72.23/38.19  52.84/37.09 76.50/32.35
Qwen-2.5-Coder-32B-Ins.  58.20/41.61  73.90/43.88 74.04/44.98 53.24/43.73  78.06/49.86
GPT-40 60.81/41.45 74.33/42.81 74.10/43.75 53.91/41.56  75.81/45.18
E4R-REVIEWER 63.75/60.89 85.12/56.94 79.13/61.08 60.00/53.60 81.79/61.14

5.4 RQ4: Qualitative Analysis and Case Studies

5.4.1 Effectiveness and Explainability. To qualitatively demonstrate the effectiveness and explain-
ability of E4R-REVIEWER, we present a representative case study in Fig. 6. The code change in-
troduces a new condition to filter titles that do not start with either a backslash (\) or a forward
slash (/). However, the developer accidentally misspelled the Python string method startswith
as strartswith, which would raise an AttributeError at runtime.

As shown in the figure, baseline models such as T5-Reviewer, CodeReviewer, and LLaMA-Reviewer
either provide vague feedback (e.g., “I think this is a bug”) or fail to identify the root cause. Notably,
Qwen-2.5-7B-Instruct incorrectly treats strartswith as a valid method and suggests keeping the
erroneous logic, potentially misleading developers.
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[ [Good Case] idx 10093

<reasoning>

The issue occurs in the conditional check for filtering title strings. This is a bugfix issue where the code contains a typo in the
method name used to check string prefixes. The problem is that the code calls ‘title.strartswith('/')", but the correct method name
in Python is startswith()'. This typo will cause an ‘AttributeError" at runtime because the str type does not have a ‘strartswith"
method. The fix requires correcting the method name to ensure the condition executes as intended. Accordingly, the code was

S if not title.startswith('\\'): I updated by replacing ‘strartswith® with ‘startswith’, ensuring the logic correctly excludes titles that start with a forward slash.
+ if not title.startswith('\\') and not </reasoning>

title.strartswith('/"):

=
\ee -87,5 +87,5 @@ !
 for code, titles in _codes.items(): |
for title in titles: !
setattr(codes, title, code) '

|

<answer>
Ground Truth: | don't think ‘strartswith is the name of this method. ::has_\SEuei”: true,
issues™:

T5-Reviewer: Nitpick: ![divswith('/')](<LINK_0> The boolean \"setToken(codes,
code)\" can be used instead of a boolean. divswithSHA = String.JavaScript.

"issue_location": "-\tif not title.startswith('\\\\"):\n+\tif not title.startswith('\\\\"') and not

"issue_type": "BugFix",

"{ssue_description”: "The code checks if the “title’ variable does not start with a backslash ("\\\\')
using the startswith()' method. However, there is a typo in the code. The correct method name is
“startswith()', not ‘strartswith()'. Please update the code accordingly.",

"fix_suggestion": "Change "strartswith()' to "startswith()'."

CodeReviewer: 'title.startswith('\\\\') and not title.startswith('/'):
LLaMA-Reivewer: | think this is a bug.

Qwen-2.5-Coder-7B: The issue was located in the condition within the loop that
checks if the "title’ starts with a backslash ("\\\\'). The condition “if not N
title.startswith("\\\\')" is incorrect because it will not exclude titles that start with a “refined_code”: "for code, titles in _codes.items():\n\tfor title in titles:\n\t\tsetattr(codes, title,
forward slash ('/"). The correct condition should be 'if not title.startswith(\\\) and  code)\n-\tif not title.startswith('\\\\"):\n+\tif not title.startswith('\\\\") and not title.startswith('/'):"
not title.startswith('/")" to ensure that titles starting with either a backslash or a i

< >
forward slash are excluded. /answer:

[Base Case - Cascading Reasoning Errors] idx 168 Ground Truth: think you can add an import for go.etcd.io/etcd/etcdserver/api/v3rpc/rpctypes and do: if err ==
777777777777777777777777777777777777777777777777777777  rpctypes.ErrGRPCMemberNotFound {.
| @ -495,8 +495,16 8@ func (e *ETCD) removePeer(ctx context.Context, id,
! address string)

i
! E4R-Reviewer:
if u.Hostname() == address { 1 issue_location: if e.address == address
+ if e.address == address { 1 issue_type: Refactoring
+ continue | issue_description: The code compares e.address with address using ==. This comparison is case-sensitive, meaning it will only
+ 3 | return true if both values are exactly the same, including the case.

i

i

i

i

]

-, err := e.client.MemberRemove(ctx, member.ID) fix_suggestion: Depending on the intended behavior, it might be necessary to use a case-insensitive comparison instead.
+ if err 1= nil
+ if strings.Contains("member not found", err.Error()) { Analysis: Errors in upstream subtask i and issue ification—propagate to tasks.
Voo TR T e I T LI L
iff Reasoning Limitation:] i Ground Truth: You shouldn't show cursor if OSD is displayed not by mouse actions. For example, on TV layout keyboard is mostly

used and cursor must be hidden until user moves mouse.
sets/css/videoosd' ;
elen.classList. remove('hide');

elen. classList. remove('videoOsdBottom-hidden');

:
| E4R-Reviewer:
1 issue_location; mouseManager.removeldieClasses();
1 issue_type: Refactoring
mouseManager . renoveldleClasses(); // Remove Idle Classes To | issue_description: The method name removeldleClasses is unclear and does not accurately describe its purpose. It is
i
i
i
i
i
i
'

+
Show Cursor to rename it to ing more descriptive, such as resetCursorVisibility.

+ mouseManager . lastMouseInputTime = new Date().getTime(); // ! fix_suggestion: Rename the method removeldleClasses to resetCursorVisibility.

Reset Mouse Input Time

0 Analysis: The isolated diff provides insufficient context for reasoning about cross-module dependencies.

Fig. 6. Case Studies of E4R-REVIEWER: A Good Case and Two Typical Error Cases

In contrast, E4AR-REVIEWER precisely localizes the issue, identifies it as a BugFix-type prob-
lem, and clearly explains that “the correct method name is startswith(), not strartswith()”
It further provides a concrete fix suggestion: “Change strartswith() to startswith()” This
reasoning reflects our model’s end-to-end multi-task understanding—spanning issue localization,
type classification, semantic description, and actionable refinement—while maintaining high inter-
pretability. The case illustrates how E4R-REVIEWER not only detects subtle syntactic errors but also
communicates them in a developer-friendly manner, thereby reducing cognitive load and building
trust.

5.4.2  Error Analysis and Limitations. To gain deeper insight into the limitations of E4R-REVIEWER,
we perform a thorough error analysis of review comments that received low human evaluation
scores. Following the issue classification taxonomy defined in the IC subtask, we find that failures
remain predominantly concentrated on functional modifications—BugFix and Refactoring—which
require deeper semantic understanding of code intent and control flow. We further identify two
primary error patterns, as illustrated in Fig. 6:

Cascading Reasoning Errors: Since E4AR-REVIEWER models code review as an end-to-end reason-
ing chain, errors at earlier stages can propagate downstream. For instance, the model mislocal-
izes the issue (pointing to an address-check line instead of the error-handling line), misclassifies a
BugFix-type issue as Refactoring, and consequently generates an incorrect fix suggestion based on
string comparison rather than the proper error-type check. This cascading effect compounds the
error across multiple subtasks. To mitigate this, incorporating stage-level self-verification mecha-
nisms or introducing human feedback at critical decision points could help the model self-correct
before errors propagate.
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Isolated-Diff Reasoning Limitation: The model struggles with issues that require understanding
cross-module dependencies and broader codebase context, which cannot be inferred from the iso-
lated code diff alone. For example, when reviewing a Ul component change involving cursor vis-
ibility, the model fails to recognize that the correct behavior depends on the interaction between
mouseManager and layoutManager across separate modules. Without access to the broader mod-
ule interactions, E4R-REVIEWER cannot capture such cross-module logic. To address this, integrat-
ing repository-level context through retrieval-augmented generation or leveraging static analysis
tools could enable the model to reason beyond the local diff.

6 Related Work
6.1 Automated Code Review

Given the importance of code review for software quality and the cost of manual review, re-
searchers have developed ACR techniques. Early work focused on discriminative tasks such as
reviewer recommendation [31, 44, 64], comment classification [39, 47], and quality estimation [22,
23, 59].

With advances in natural language processing, research shifted to generative tasks. Early ap-
proaches used Information Retrieval (IR), e.g., DeepCodeReviewer [20] and CommentFinder [24],
which retrieved comments from historical pools, while CORE [62] enhanced semantic matching
via multi-level embeddings. However, IR methods are limited by candidate pool coverage and gen-
eralize poorly to novel changes.

DL methods later became dominant. T5-based models showed strong performance [68, 69],
and CodeReviewer [38] extended CodeT5 [72] via multi-task pre-training to support end-to-end
quality estimation, comment generation, and code refinement. DISCOREV [5] exploited cross-
task couplings through knowledge distillation. Recently, LLM-based approaches emerged: LLaMA-
Reviewer [41] adapted LLaMA [66] via Parameter-Efficient Fine-Tuning (PEFT) [25], and Car-
llm [77] introduced structured comments for better explainability.

Despite progress, existing ACR methods fail to fully model the logical order and internal depen-
dencies among subtasks and often lack explainability. E4R-REVIEWER bridges these gaps with a
unified, end-to-end, reasoning-guided alignment framework, improving effectiveness by leverag-
ing cross-task information and explicitly producing explainable outputs.

6.2 Reinforcement Learning for Large Reasoning Models

RL [65] achieved early success in rule-based games, mastering Go and chess (e.g., AlphaGo [60],
AlphaZero [61]) via self-play. With the rise of LLMs, RL shifted toward human alignment through
methods like RLHF [8] and DPO [51].

Recently, RL with Verifiable Rewards (RLVR) [33] has emerged as a paradigm for training reason-
ing LLMs [78], incentivizing extended reasoning for complex tasks (e.g., OpenAl o1 [29], DeepSeek-
R1 [16]). In SE, RLVR has been applied to program repair [14, 26] and code generation [73].

However, in the ACR domain, despite a few early explorations of RL [56], no prior work has
applied RL to LLM-based ACR with explicit reasoning guidance. E4R-REVIEWER builds on an LLM
backbone and adopts GRPO-based RL with a curriculum-guided, multi-stage reward fusion, un-
locking the potential of RL for LLM-based ACR models.

7 Threats to Validity
Construct Validity. Automated metrics like BLEU and CodeBLEU capture only surface-level sim-

ilarity and fail to reflect the reasoning quality and explainability of human-like review comments.
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To address this, we complement them with both LLM and human evaluations of generated com-
ments and refined code, better aligning assessment with human preferences and improving eval-
uation comprehensiveness.

Internal Validity. To reduce LLM stochasticity, we fix the random seed and use temperature 0
for primary experiments. Although pretraining data leakage cannot be fully excluded, we mitigate
it via strict dataset partitioning, and rigorously verify the train/test split exhibits no data leakage or
distribution bias. For fair comparison, we follow the original implementations and hyperparameter
settings of all baselines.

External Validity. Due to resource constraints, experiments are conducted on a public open-
source dataset spanning five mainstream languages and 7B-scale models, which may limit gen-
eralization to larger models and broader settings. Future work will extend evaluation to more
languages and model scales to further assess robustness.

8 Conclusion

We propose E4R-REVIEWER, enhancing the effectiveness and explainability of ACR via end-to-
end reasoning-guided alignment. Unlike prior paradigms modeling subtasks in isolation, E4R-
REVIEWER formulates code review as an end-to-end reasoning process aligned with real-world
review workflows, and leverages GRPO-based RL alignment to turn reasoning steps into optimiz-
able intermediate objectives. We further design a curriculum-inspired multi-stage reward fusion
mechanism to better exploit the logical order and dependencies across subtasks, improving overall
effectiveness. Meanwhile, E4R-REVIEWER strengthens explainability and usability by producing in-
termediate reasoning traces and structured review outputs. Although implemented with a specific
LLM backbone in our experiments, E4R-REVIEWER is inherently model-agnostic, readily adaptable
to other LLMs, and may reach higher performance ceilings with larger model and data scales.

9 Data Availability
All the source code and data are publicly available at https://zenodo.org/records/18417185.
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