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Abstract—Code review is critical for ensuring software quality
and maintainability. With the rapid growth in software scale and
complexity, code review has become a bottleneck in the devel-
opment process because of its time-consuming and knowledge-
intensive nature and the shortage of experienced developers
willing to review code. Several approaches have been proposed
for automatically generating code reviews based on retrieval,
neural machine translation, pre-trained models, or large language
models (LLMs). These approaches mainly leverage historical
code changes and review comments. However, a large amount of
crucial information for code review, such as the context of code
changes and prior review knowledge, has been overlooked. This
paper proposes an LLM-based review knowledge-augmented,
context-aware framework for code review generation, named
LAURA. The framework integrates review exemplar retrieval,
context augmentation, and systematic guidance to enhance the
performance of ChatGPT-40 and DeepSeek v3 in generating
code review comments. Besides, given the extensive low-quality
reviews in existing datasets, we also constructed a high-quality
dataset. Experimental results show that for both models, LAURA
generates review comments that are either completely correct or
at least helpful to developers in 42.2% and 40.4% of cases, respec-
tively, significantly outperforming SOTA baselines. Furthermore,
our ablation studies demonstrate that all components of LAURA
contribute positively to improving comment quality.

Index Terms—Code Review Generation, LLMs, Review Exem-
plar Retrieval, Context-aware

I. INTRODUCTION

Code review, a process of having peers manually examine
source code changes, is critical to software development.
Both open source and industrial software projects conduct
code review activities to identify defects and ensure software
maintainability [1]-[3]. With the increasing growth of soft-
ware scale and complexity, the drawbacks of modern code
reviews, e.g., being time-consuming, cannot be overlooked,
and many developers face a substantial review workload [4].
For example, in 2016, a core developer of the Linux kernel
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raised the argument [5]: “We are getting more reviewers, but
they are coming in slowly and are not anywhere near enough.
As a result, the number of unprocessed patches is on the
increase.” To alleviate this burden, a substantial amount of
studies has focused on automating the code review process,
such as recommending the best reviewers [6]-[13], predicting
code locations that need review [14], suggesting relevant
code review comments [15], [16], and optimizing code before
submission [17], [18].

Driven by the rapid development of artificial intelligence
technologies, many studies have shifted towards automatically
generating code reviews by leveraging neural machine trans-
lation and pre-trained models [18]-[20]. However, achieving
satisfactory results remains challenging because of the com-
plexity and knowledge-intensive nature of code review. The
rise of large language models (LLMs) brings new opportunities
for improvement, as they demonstrate exceptional performance
in natural language understanding, generation, and a wide
range of SE automation tasks [21]-[23]. However, directly
using LLMs for code review generation faces several limi-
tations. On one hand, LLMs often lack access to essential
contextual information such as pull request (PR) details, code
change specifics, and the domain-specific review experience
that human reviewers rely on — all of which are crucial
for producing high-quality reviews [24], [25]. On the other
hand, LLMs lack systematic guidance when generating code
reviews; they typically cannot understand well the review’s
scope and focus, nor do they operate within a well-defined
logical framework to structure their feedback. This absence of
context and structured guidance can lead to suboptimal review
quality.

To overcome these limitations, we propose LAURA, a
novel LLM AUgmentation Framework for Code Review
GenerAtion. LAURA consists of three components — context
augmentation, review exemplar retrieval, and systematic guid-
ance — combining augmentation and prompts to improve LLMs
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in code review generation. We leverage relevant contextual
information of PRs and code changes and construct a history
code review dataset to provide LLMs with relevant background
knowledge and review experience. Specifically, since existing
code review datasets do not have the context information we
require and tend to have a quarter of low-quality data [26],
we construct a new dataset with careful filtering. Our dataset
contains 301,256 diff-comment-info series, which includes
complete PR data from 1,807 popular GitHub projects. We
manually annotate 384 recent entries for evaluation, while the
remaining 298,494 entries dated before December 26, 2024,
are used as the retrieval-augmented generation (RAG) database
to provide valuable reference reviews. This enables the LLM
to leverage relevant context and review experience, similar to
a human reviewer. To address the second limitation — lack of
guidance — we design prompts that provide clear instructions
and a logical review structure, helping LLMs better understand
review focus and generate coherent, high-quality comments.
We apply the LAURA framework to two well-performed
LLMs, i.e., ChatGPT-40 and DeepSeek v3 (hereinafter, we
name them as LAURA-GPT and LAURA-DS, respectively),
and conduct experiments to validate the effectiveness of
LAURA. To overcome the limitations of syntactic similarity-
based metrics in evaluating LLM-generated text [27], we
conduct both LLM-based and human evaluations. The results
show that LAURA-GPT and LAURA-DS consistently rank at
the top across four out of five LLM evaluation metrics for
assessing the overall review generation performance — read-
ability, relevance, sufficiency, and operability — only slightly
trailing in brevity. Additionally, both models achieve I-Score
and IH-Score values of 20.0%, 42.2% and 18.5%, 40.4%
respectively, in human evaluation metrics, which measure the
usefulness of the generated content, meaning that both models
effectively identified issues in about one-fifth of cases and
provided at least helpful review comments in over two-fifths
of cases. Compared to their respective base models, LAURA-
GPT and LAURA-DS improve their I-Score by 30.5% and
36.6%, and their IH-Score by 37.3% and 38.4%, respectively.
This indicates a significant improvement over directly using
ChatGPT-40 and DeepSeek v3. LAURA also significantly out-
performs CodeReviewer [19], the pre-trained SOTA approach
in code review generation. Furthermore, we conduct an abla-
tion study to analyze the impact of LAURA'’s three components
on code review quality, confirming the effectiveness of the
approach.
In summary, this paper makes the following contributions:
o We design the first composite method, which aims to
improve the performance of LLMs in automatic code
review generation by context augmentation, review ex-
emplar retrieval, and systematic guidance.
o We construct a high-quality dataset through hybrid filter-
ing methods.
o Our proposed method outperforms the state of the art in
automatic code review generation.
e« We have made the retrieval-augmented data publicly
available to facilitate future improvements in code review

generation [28].

II. APPROACH DESIGN

In this study, we propose an enhanced LLM approach to
generate review comments for a given code change. This
section provides a detailed description of the three components
we designed to enhance LLMs, i.e., context augmentation,
review exemplar retrieval, and systematic guidance. Figure 1
shows an overview of our approach.

A. Context Augmentation

In a pull request (PR), the core is code changes, which are
the object for code review. However, other information in a
pull request can also play an important role in understanding
the rationale of these code changes. In practice, a reviewer
can read the PR title and body to understand the primary goal
of the code change. The reviewer can then use the commit
message and file path to identify the general purpose and
content of the change, and finally refer to the code context
to fully understand the modification in the diff. All of this
contextual information played an important role in helping the
reviewer thoroughly understand the code changes and provide
meaningful review feedback. We believe that providing this
information can help LLMs generate more helpful comments.

However, existing studies only utilize code or diffs for code
review generation. Meanwhile, since diffs by default only
include three lines of context before and after, code context is
often missing or insufficient. Therefore, in the context augmen-
tation component, we integrate information that was mainly
ignored before but is helpful to understand code changes
and evaluate code issues. Specifically, we consider using the
following information as a supplement and enhancement to
code changes.

Pull request title. The PR title is a concise summary of
the changes and often the first thing reviewers read to grasp
the basic idea. Providing it to LLMs may help them infer the
intent behind the changes and enhance their understanding.

Pull request body. The PR body typically explains the
purpose, scope, and rationale of the changes, providing a
context for the review. Supplying these details to LLMs can
improve their overall understanding of the changes and help
them more accurately identify potential issues.

Commit message. Each commit within a PR may cover
different aspects of the changes, with messages documenting
those changes [29]. Commit messages typically contain less
information but are more fine-grained. Including the commit
message can provide LLMs with more commit-specific contex-
tual information and help them better understand the changes.

Changed file path. Similarly, the file path provides more
fine-grained information compared to the commit message,
hinting at the file’s role and the nature of the changes. Prior
work shows paths can aid in review tasks [16]. It could help
LLMs assess change types and locate issues more effectively.

Code Context. Closely tied to the diff, code context is
crucial for discovering issues that can only be identified by
considering the surrounding code, which is usually the most
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Fig. 1. Overview of the LAURA framework.

crucial information for identifying issues within the diff. Since
diffs include limited code context by default, extending the
code context is very important.

For each code change, we gather the relevant information
mentioned earlier and provide all of it, except for code context,
directly to the LLMs. We integrate the code context into the
diff as follows: (1) We use Tree-sitter [30] to build an Abstract
Syntax Tree (AST) of the source file corresponding to the
diff. If possible, we extend the diff to the boundaries of the
enclosing function/method, limited to three times the original
diff length; otherwise, we extend it up to that length. (2) We
extract all header/library/package imports appearing before the
diff and include any not already in the expanded diff. (3) We
annotate each line of the extended diff with line numbers:
added lines as “[line number]+”, unchanged lines as “[line
number] ”, and deleted lines as “[]-”. In rare cases (under 3%)
where the source file retrieved via the GitHub GraphQL API
doesn’t match the diff exactly, we only apply step (3). This
approach enables us to create context-extended diffs, giving
LLMs richer and more useful code context information.

Ultimately, we provide the LLMs with both the non-code
context information and the enriched diff, enabling them to
better review the code changes and generate more reliable
review comments by leveraging these enhanced details.

B. Review Exemplar Retrieval

Existing studies indicate that the types of issues identified
during code reviews and the level of usefulness of the reviews
are related to the experience and knowledge of reviewers
[24], [25]. Simply relying on LLMs can hardly grasp the
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pertinent knowledge from the vast amount of pre-training
data. Thus, we hypothesize that providing LLMs with diffs
similar to the code diff under review, along with the review
comments made by other reviewers for those diffs, can serve as
a reference for generating review comments. Prior studies [31],
[32] applied retrieval-augmented approaches to automatically
generate commit messages and achieved promising effective-
ness. In this study, we first introduce the retrieval-augmented
generation (RAG) method to retrieve diffs similar to the code
diff under review and their corresponding review comments,
using this retrieved information as part of the input to LLMs
to achieve better quality in the generated review comments.

We use cosine similarity scoring [33], based on transformer
encoders and vector embeddings, to assess code diff similarity
and retrieve the most relevant code diffs and their review
comments. For embedding, we use CodeT5+ [34], an en-
hanced version of CodeT5 [35], known for its Transformer
encoder-decoder architecture and rich code representations
from pre-training. We specifically use the ‘“codet5p-110m-
embedding” model to convert code diffs into 256-dimensional
dense vectors, which encapsulate semantic information. Kartal
et al. [36] show that transformers, when pre-trained and fine-
tuned, outperform traditional methods like Word2Vec and
Code2Vec in encoding embeddings, making them well-suited
for retrieval-augmented generation (RAG). After embedding
the code diffs, we compute cosine similarity scores to identify
the most relevant code diff and its review comments, which
will be used to enhance the performance of LLMs.

Given that the diff to be reviewed may be extremely large,
we introduce a token count threshold ¢ to balance cost and



performance. We provide review exemplars for the diff under
review as follows: (1) For diffs with token count no more
than 7, we retrieve the most similar diffs (based on highest
cosine similarity) from two sources — exemplars from the same
repository and exemplars in the same programming language.
If the two retrieved diffs are not the same, we provide both
sets of diff-comment pairs; otherwise, we only provide the
pair from the same programming language. (2) For diffs with
token count more than ¢, we provide only the pair from the
same programming language. We empirically set r = 2,048
in our experiments. This approach offers more references for
small diffs while avoiding overly long input contexts for large
diffs.

C. Systematic Guidance

We provide the augmented information, i.e., PR context
and retrieved review exemplars, to LLMs along with the code
diff under review through prompts. However, we still need
to address the challenge that LLMs lack scientific guidance.
Research shows that a well-designed prompt can guide LLMs
in understanding the task and focusing on key points, leading
to more structured, detailed, and accurate outputs, with its
importance potentially surpassing that of the data itself [37].
Many automated tasks in software engineering have proved
this, such as [38]-[40]. Thus, we also explore systematic
guidance to enhance the performance of LLMs in the code
review generation task. Inspired by relevant studies [37],
[41], we design three prompt components — diff example,
review guidelines, and chain of thought — to improve the
generation quality of LLMs, focusing on input comprehension,
task-critical point emphasis, and structured logical guidance,
respectively.

Diff example. We provide an example of the extended code
diff, along with a brief explanation of its components and for-
mat. Since our extension modifies the original diff structure by
introducing longer code context and line numbers, we include
this example and explanation to help LLMs better understand
our input format and minimize potential misunderstandings.

Review guidelines. We design two sets of guidelines:
review guidelines and code suggestion guidelines, to provide
clearer instructions for LLMs in review generation. The review
guidelines define the review’s scope and focus, while the
code suggestion guidelines ensure LLMs provide compliant,
useful suggestions, as human reviewers often do. We instruct
LLMs to assess the code diff from multiple perspectives,
emphasize key aspects based on the change type, and avoid
redundant or meaningless suggestions. These guidelines aim
to guide LLMs towards more effective reviews and prevent
unproductive output.

Chain of thought. LLMs also need guidance on reasoning
and information use. Prior work shows the chain of thought
(CoT) approach can improve review outcomes [26]. Thus, we
adopt CoT to provide LLMs with a clear logical framework,
guiding them to logically process the augmented information:
first, understanding the intent and content of changes, then
identifying and explaining issues, and finally offering sugges-
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tions. We also integrate contextual information into the CoT
to help LLMs better leverage relevant details during review.

Additionally, we provide LLMs with requirements for the
generation format, as having a consistent generation format
helps ensure that the outputs of LLMs are more organized
and easier to read. The Prompt we used in our experiments
is shown in Figure 2. LAURA uses the full prompt, while
the direct generation method uses the main prompt with all
additional parts removed.

III. EXPERIMENTAL DESIGN

In this section, we present our experimental design, out-
lining the research questions we focus on, the process of
constructing the dataset, the evaluation metrics and methods
used, and the implementation details.

A. Research Questions

To evaluate the impact of our proposed method on the
performance of automatic code review generation, we design
experiments to address the following two research questions.

RQ1: How does LAURA perform on code review
generation compared to the baselines? In this RQ, we
evaluate our method using ChatGPT-40 and DeepSeek v3 to
generate review comments on our evaluation dataset, as they
represent closed-source and open-source LLMs, respectively.
We compare two setups: (1) LAURA guidance, and (2) di-
rect generation, and benchmark against CodeReviewer [19].
Results are assessed via LLM and human evaluation.

RQ2: How much does each of the three components
of LAURA contribute to its overall effectiveness? In this
RQ, we perform an ablation study, comparing three setups: (1)
LAURA without context augmentation, (2) LAURA without
review exemplar retrieval, and (3) LAURA without systematic
guidance. Evaluation follows the same methods.

B. Dataset Construction

Only a few code review generation datasets are available,
notably the TSCR dataset [18] and the CodeReviewer dataset
[19]. Many studies rely on the CodeReviewer dataset, but
existing datasets suffer from quality issues. Tufano et al.
found that around 25% of these datasets are of low quality,
with the CodeReviewer dataset [26] reaching about 32%. This
significantly limits dataset reuse. Furthermore, these datasets
lack contextual information beyond the code itself and remove
the source links of PRs, further constraining their usefulness.
Therefore, we construct our own code review dataset with
careful filtering to ensure high quality.

1) Project Selection: We selected high-quality open-source
projects hosted on GitHub as case studies for our research. An
overview of the project selection process is shown in Table I.
Specifically, we focused on projects primarily written in one
of four programming languages: C, C++, Java, and Python.
This selection covers a broad range of programming paradigms
and includes languages that are widely used. We first sorted
these projects in descending order by the number of stars and
retained only those with at least 2,500 stars. As a result, we



The format of the PR code diff:

{diff_format_example}

- The diff is a reformatted version of the actual PR diff, which

mpt Template

You are a Pull Request (PR) reviewer. Your task is to review
the code changes in the PR, provide constructive review
comments and also provide meaningful code suggestions.

Code review guidelines:

- Review from multiple perspectives such as functionality, logic,
best practice, performance, refactoring, readability, documentation,
etc.

- The review focus may be different for different types of PRs, but

introduces additional context and line numbers on top of the
original diff.

Diff Example

it should be as comprehensive as possible.
- Provide review comments in descending order of importance.

- diff starts with '[index]:' or '[]:', followed by a prefix symbol ('+',
*-','"); where '[index]' is a line number identifier, not part of the

Review Guidelines

- Do not comment on code that is problem free.
- The review should focus on the code that has been changed in the

original diff, and the following symbols ('+,'-',"") are the diff's line
change identifiers.

- '[index]:+" indicates a new line with line number index; '[index]: '
indicates an unchanged line with line number index; '[]:-' indi

Now you will receive some information related to the PR, one
or more pairs of code diffs and their corresponding code
review comments for reference, and a code diff to review.

diff (lines with a prefix sign '+' or '-', i.e. lines starting with
'[index]:+' or '[]:-").
- Do not review unchanged code lines unless specifically needed

a removed line, in which case no line number is marked.

Chain of Thought

(lines with a prefix sign'", i.e. lines starting with '[index]: ').

Chain of Thought:

Write code review comments for the given code diff and provide
code suggestions following the steps below:

1. Read the provided information and code diff to understand the
purpose of this PR and the code change, and analyze the main
change type of code diff.

2. Based on the provided information, analyze the code diff and
identify any potential issues or areas for improvement. The review
perspective of the example review comments should be referenced,
but should not be limited to them.

3. Referencing the review example, write code review comments
that addresses the identified issues.

4. Provide meaningful code suggestions corresponding to the

following format:

Comment #1

Line: ...

Review comment: ...
Code suggestion: ...
Comment #2

Line: ...

Review comment: ...
Code suggestion: ...

The output should be concise, and provide necessary
explanations for both review comments and code suggestions.
Also, the output should only include code review comments
and code suggestions, and each review comment should be
grouped with the corresponding code suggestion in the

Code suggestion guidelines:

- Provide valuable code improvement suggestions that match the
review comments.

- Code improvements should be based on the original code
changes. Do not make further improvements to your suggested
improvements.

- Avoid making suggestions that have already been implemented in
the code.

- The review should focus on the code that has been changed in the
diff (lines with a prefix sign '+' or '-', i.e. lines starting with
'[index]:+" or '[]:-).

Relative information:
- PR title: {pr_title}

review comments under the guidance of code suggestions
guidelines above.

Relative Infomation

- PR description: {pr_description}
- Commit message: {commit_message}

Similar Diff-Comment Pairs

- Diff language: {diff language}
- File path: {changed_file_path}

Diff and review comments for reference:
- Code diff: {review_exemplar_diff}

Context-Extended Diff

Code diff to review:

{extended_diff_hunk}

thors, reviewers, review comments (with timestamps), commit
messages, diffs, and file paths — collectively referred to as a
“diff-comment-info series.” We filtered out cases where the PR
author and reviewer were the same. Since comment-associated
diffs were truncated, we fetched complete diffs via the GitHub
commit-comparing function [43].

To improve data quality, we applied the 10-line rule [44],
which assumes that code changes within 10 lines of a review
location likely address the review and thus indicate valuable
feedback. Following Rong et al. [45], we sorted commits
and reviews chronologically within PRs and checked whether

- Review : {review_ lar_ 3 Code review comments and suggestions:
Fig. 2. Prompts used for LAURA and direct generation.
TABLE I
STATISTICS OF DATASET PREPARATION.
Procedure Count
Project selection # Projects
Preliminary selection of projects 6,467
Filtered ( PR count <500) -4.607
Filtered (manual check) -53
Remaining projects 1,807
Data collection and cleaning # Diff-comment-info series
Preliminary collection of data 1,020,537
Filtered (rule-based) -202,704
Filtered (LLM-based) -446,002
Merged (comments on the same diff) -70,575
Remaining data 301,256

obtained 6,467 repositories, with the number of repositories for
C, C++, Java, and Python being 782, 1,089, 1,384, and 3,212,
respectively. We then filtered for repositories with at least 500
pull requests, narrowing it down to 1,860, as those with fewer
PRs may lack activity or proper code reviews. Finally, we
conducted a manual review and removed the following types
of projects: (1) tutorial-oriented projects; and (2) projects that
were forked from other repositories. Ultimately, we selected
1,807 repositories, including 228 C, 420 C++, 346 Java, and
813 Python repositories. In the next step, we collected pull
request information from these repositories.

2) Data Collection: Table I summarizes our data collection
and cleaning process. We primarily used the GitHub GraphQL
API [42] to retrieve pull request data, as its flexible query
system allows precise JSON data retrieval via HTTP POST
requests. We collected PR titles, bodies, numbers, states, au-
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later commits modified code near earlier review locations. We
kept only data conforming to the 10-line rule. After initial
processing, we obtained 1,020,537 diff-comment-info series,
but further filtering was necessary as the 10-line rule alone
does not guarantee high quality.

3) Data Filtering: After data collection, we cleaned the
collected data. First, we applied rule-based filtering: (1) We
removed bot-generated comments by filtering reviewer names
with “bot”, “-cr”, or “gpt” suffixes, and by using Golzadeh
et al’s bot list [46]. (2) We filtered invalid and irrelevant
comments by (a) removing comments with two or fewer
words, as they typically offer little value [47], [48], and (b)
applying Tufano et al.’s heuristic algorithm based on manually
designed patterns [18]. (3) We removed comments containing
non-ASCII characters. After these steps, we retained 817,833
diff-comment-info series.

Next, we applied an LLM-based filter to improve review
quality. As Tufano et al. [26] note, 25% of existing review
comments remain low-quality despite basic filtering. We used



GPT-40 mini to evaluate each comment, its corresponding diff,
and a task prompt: “Determine whether the review comments
provided are valuable for improving the code diff. If the review
comments point out problems in the code diff or give useful
improvement suggestions, and are easy to understand, answer
‘yes’; if the review comments are irrelevant to the content
of the code diff (such as only requiring it to be done in a
separate PR or commit), or are difficult to understand or not
clearly described, answer ‘no’. The answer should be one of
‘yes’ or ‘no’, without other content.”

To assess the feasibility and effectiveness of this filtering
method, we manually reviewed 240 random samples (60 per
language), identifying 65 low-quality comments (27.1%). We
treated high-quality comments as positive samples, and the
LLM filter achieved an accuracy of 0.914 and a recall of 0.606.
This indicates that although some high-quality samples may
be filtered out, the proportion of low-quality samples in the
final constructed dataset is significantly reduced. While not
ideal for precise quality evaluation, the method is effective for
filtering, as retaining low-quality comments is more harmful
than discarding a few valuable ones. After this step, we had
371,831 diff-comment-info series.

Finally, we merged all review comments for the same
code diff within the same pull request to provide richer
reference comments for retrieval and evaluation. This yielded
301,256 diff-comment-info series. After data collection and
cleaning, we finalized the context-enhancement component for
our hybrid method.

4) Retrieval System Construction: We split the constructed
dataset by time and selected 298,494 diff-comment-info sam-
ples prior to December 26, 2024, as the retrieval-augmented
generation database. To improve retrieval efficiency, we pre-
embedded the code diffs for similarity comparison using
the “codetSp-110m-embedding” model [34], generating 256-
dimensional vectors. For test diffs, we embedded them with
the same model and calculated cosine similarity scores against
the RAG database. The most similar diffs and their review
comments were merged into the test diff-comment-info series
as review references for the LLM. With data partitioning and
post-processing complete, we finalized the review exemplar
retrieval component for our composite method.

5) Evaluation Dataset Construction: Since LAURA in-
volves LLM augmentation and human evaluation, large-scale
experiments aren’t feasible. We intended to sample 384 in-
stances for evaluation (95% confidence level, 5% margin of
error). Given the possibility of residual low-quality data in
the LLM-filtered set and the risk of bias from discarding
valuable comments, we opted to manually annotate high-
quality data from the dataset without LLM filtering. We man-
ually annotated high-quality code review comments based on
the following criteria: (1) Readability and comprehensibility
(this criterion excluded comments like “s/Check less/Check if
less/” that were difficult to understand); (2) Clear relevance
to issues in the code under review (this criterion excluded
comments with low relevance to the code itself, such as “I
don’t think this should be part of this PR?”); (3) Containing
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at least an effective issue explanation or code suggestion (this
criterion excluded comments with low informational value,
such as “When does this happen?” or “Thanks”); (4) Self-
contained understanding (this criterion excluded comments
like “Ditto, also change this” that lacked essential contextual
information). The annotation continues until we obtain 384
valid samples. To minimize data leakage risk (i.e., the chance
that LLMs had seen the data during training), we only selected
the diff-comment-info series dated after December 26, 2024
(the release date of DeepSeek v3, the latest model used in
our experiments). We merged and shuffled the data. Then,
the first two authors independently annotated each sample. A
Cohen’s kappa [49] of 0.883 between their results, indicating
a high level of inter-rater agreement. Subsequently, any dis-
agreements were resolved by conducting several meetings and
involving a third author as arbiter. In total, we annotated 546
samples, yielding 384 high-quality samples for evaluation.

C. Baselines

Tufano et al. [26] compared ChatGPT-3 with TSCR [18],
CodeReviewer [19], and CommentFinder [15] in code review
generation/recommendation, concluding that SOTA methods
outperform ChatGPT-3. Among these methods, CodeRe-
viewer is also designed for reviewing code diffs. Therefore,
we choose CodeReviewer as a baseline to evaluate our method
against traditional pre-trained models. Additionally, since
LAURA is based on ChatGPT-40 and DeepSeek v3!, we also
select ChatGPT-4o0 and DeepSeek v3 as additional baselines
to evaluate the performance improvements introduced by our
method.

D. Evaluation

Given the nature of LLMs and the diversity of natural
language [27], it is impractical to expect LLM outputs to
closely match human reviewer comments. Thus, traditional
metrics like BLEU and ROUGE are not suitable [50]. To
efficiently evaluate the overall performance of the review
comments generated by LAURA, we adopt an LLM-based
evaluation approach. However, LLM evaluation has limitations
when it comes to assessing the practical usefulness of review
comments in real-world scenarios. Therefore, we also intro-
duce a human evaluation approach.

1) LLM Evaluation: We follow the LLM-based Deep-
CRCEval method by Lu et al. [51], with some modifications:
(1) merging some metrics to improve clarity; (2) instructing
the LLM to rate each comment on a 1-5 scale according to
five metrics (higher scores indicating better quality), instead of
the original 10-point scale, since prior study [52] shows that
a 5-point scale is easier to understand and apply accurately,
avoids the coarseness of a 3-point scale, and provides greater
stability and consistency than a 10-point scale; (3) adding
simple scoring guidelines for each metric. For example, for the
“Readability” metric, we provided the LLM with the following
explanation: “In the 1-5 scoring system, a score of 5 means the

'We exclude DeepSeek R1 due to insufficient data after its release date.



text is completely clear and readable; a score of 3 means the
expressed meaning can be basically understood; and a score
of 1 means the text is nearly unreadable or incomprehensible.”
We believe these scoring guidelines help calibrate scores
across different evaluation samples and positively impact the
consistency of the LLM. Table II shows the final metrics.

For RQ1, we provided ChatGPT-40 (specifically, GPT-4o-
2024-11-20) with five anonymized sets of review comments
per data sample — generated by LAURA-GPT, LAURA-DS,
ChatGPT-40 only, DeepSeek v3 only, and CodeReviewer — and
asked it to score them using the five metrics. For RQ2, due to
LLM input length limits and the relative nature of our LLM-
based approach, we split the evaluation. Each data sample was
paired with two anonymized sets of five review comments: one
from LAURA-GPT, its three ablations, and ChatGPT-40 only;
the other from LAURA-DS, its three ablations, and DeepSeek
v3 only. ChatGPT-40 scored each set using the same metrics.

2) Human Evaluation: Sometimes, LLM-based evaluation
may not effectively assess the usefulness of the generated
review comments in real-world scenarios. Therefore, we also
conduct a human evaluation. Following Mahajan et al. [53], we
adjust their method for LLM-generated results (Table III): we
remove the “Unavailable” category, redefine the other three
to suit our goals, and add an “Uncertain” category. This is
because, in our evaluation, all test data have corresponding
generated review comments, so the “Unavailable” case does
not apply. However, given the limited knowledge of the
repository and PR context, these review comments could be
difficult to evaluate, leading to “Uncertain” cases. Specifically,
since the data comes from 1,807 open-source projects, we
cannot fully understand every project’s code requirements,
organizational structure, or other contextual details. Therefore,
even if we determine that the LLM-generated code review
comments are generally useful, without factual grounding, we
cannot be certain whether they would be accepted within the
specific project context of the reviewed code. We categorize
each generated review comment as “Instrumental”, “Helpful”,
“Uncertain”, or “Misleading”, and use three metrics to evaluate
quality.

I-Score (m x100%): Proportion of comments rated
as “Instrumental”, reflecting the ability to correctly identify
and address issues in the code diff. Higher is better.

IH-Score (% x 100%): Proportion of comments
rated as “Instrumental” or “Helpful”, indicating the overall
usefulness of comments. Higher is better.

M-Score (15777 X 100%): Proportion of “Misleading”
comments that contain factual errors, incorrect suggestions, or
fail to address the code diff. Lower is better.

For RQ1, we recruited four volunteers, each with over five
years of software development experience and programming
proficiency. To manually assess the 384 results per method
through a rigorous multi-stage annotation process: initial cal-
ibration with shared examples, a discussion to align scoring,
and then independent ratings of the remaining dataset. First,
each evaluator reviewed the initial 32 results per method
together, learning from each other, gaining different perspec-
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TABLE II
ADJUSTED LLM EVALUATION METRICS.

Metric Description
Readability | Clear, easily understandable language.
Relevance Directly related to the specific code.
Brevity Clearly explain the issues identified, and at the same time,
be concise and not lengthy.
Sufficiency | Cover all issues as much as possible, and point out the
exact location of issues for comprehensive review.
Operability | Practical advice for addressing identified issues.
TABLE III
ADJUSTED HUMAN EVALUATION CATEGORIES.
Category Description

Instrumental (I) | The review fully matches the ground truth, that is,
identifying all issues or providing equivalent solu-
tions, with no obvious errors.

The review partially matches the ground truth, that is,
identifying some or all issues, or at least providing
related suggestions, but may lack completeness or
accuracy.

The review does not overlap with the ground truth
but offers suggestions on other aspects, with no
errors or direct conflicts. Its usefulness is unclear
based on the ground truth alone.

The review directly contradicts the ground truth,
provides irrelevant or incomprehensible feedback, or
offers no meaningful input.

Helpful (H)

Uncertain (U)

Misleading (M)

tives, and aligning on scoring criteria. Then, the evaluators in-
dependently evaluated the next 96 results per method, achiev-
ing a Krippendorff’s Alpha of 0.804 with p <0.001, indicating
good agreement. Based on this consensus and considering
evaluation efficiency, the remaining 256 diff-comment-info
series were evenly distributed among the four evaluators. To
minimize potential bias, we randomly shuffled the evaluation
samples, which means the evaluators were blinded to comment
sources. For RQ2, the same four evaluators evaluated the ab-
lation experiment results on the 384 diff-comment-info series.
Based on their evaluation experience in RQI, the evaluators
evenly divided the 384 evaluations, each handling 96 results.
We report the ablation evaluation results for these 384 samples.

E. Experimental Details

The dataset was prepared on a platform with two NVIDIA
GeForce RTX 3090 GPUs. During the data split step, we used
the “codet5p-110m-embedding” model to embed code diffs,
setting the “max_length” to 2048 to balance input size and
efficiency — this setting ensured high efficiency while only
5.3% of diffs were truncated. All other parameters remained
at default values.

Experiments were conducted via the APIs of ChatGPT-
40 (i.e., GPT-40-2024-11-20) and DeepSeek v3, ensuring
each data entry was tested independently with no external
context beyond the designed prompts and inputs. We set the
API temperature to 0.5, as this produced better outputs in
preliminary tests. For CodeReviewer, another baseline model
in RQ1, we performed additional fine-tuning using our custom



dataset on the same platform. Since CodeReviewer had already
been fine-tuned on its original dataset and demonstrated a
strong understanding of the code review generation task, we
further fine-tuned it on our dataset for 10 epochs, keeping all
other parameters the same as those used in the original fine-
tuning process.

IV. EXPERIMENTAL RESULTS

In this section, we present the results of the effectiveness
of LAURA and the impact of each of its three components.

A. RQI: Effectiveness of LAURA

In this RQ, we ask ChatGPT-40 and DeepSeek v3 to review
code diffs using the LAURA framework and also directly
without it. Code diffs are also submitted to CodeReviewer
for evaluation. Table IV shows the results, reporting five LLM
evaluation metrics, along with I-Score, IH-Score, and M-Score
from human evaluation. The results show that LAURA-GPT
achieves the highest I-Score of 20.0% and IH-Score of 42.2%,
representing 30.5% and 37.3% improvements over directly
using ChatGPT-40, while also maintaining the lowest M-
Score (0.8%). It excels in four out of five LLM-evaluated
metrics, with only a slight weakness in brevity. LAURA-
DS ranks second, with an I-Score of 18.5% and an IH-
Score of 40.4%, achieving improvements of 36.6% and 38.4%
over directly using DeepSeek v3, respectively. Both methods
perform well across most metrics, indicating that our method
helps LLMs better identify areas for improvement in code
changes. In contrast, CodeReviewer performs worst, with an
I-Score of 3.4%, IH-Score of 10.2%, and the lowest scores in
all LLM metrics, showing LLMs’ superiority over traditional
pre-trained models in realistic code review scenarios.

We provide a human evaluation example in Figure 3.
In this case, the diff under review modifies a string con-
struction method, changing “std::string(ptr, buf-ndim == 0 ?
buf.itemsize : buf.strides[0])” to “std::string(ptr, strnlen(ptr,
buf.itemsize))”. The ground truth highlights a string truncation
risk and suggests adding tests. LAURA-GPT identifies both
issues, advises reverting the change, and recommends tests,
earning an “Instrumental” rating. LAURA-DS detects the
string truncation risk but omits the test suggestion, earning a
“Helpful” rating. CodeReviewer simply approves the change
without further suggestions, conflicting with the ground truth
and receiving a “Misleading” rating.

The improvements are expected, as adding code change-
related information equips LLMs with rich background knowl-
edge, helping align their understanding with that of human
reviewers. Retrieving similar code diffs and corresponding
comments offers valuable reference experience, much like
how human reviewers draw on past knowledge. As shown
in Figure 4, in case 1, the additional code context provided
by LAURA highlights code duplication related to the diff,
enabling GPT-40 to generate a review comment consistent
with the ground truth. In case 2, the review exemplar provided
by LAURA addresses the same issue of redundant “display-
Name” as the ground truth, thereby assisting DeepSeek v3

in generating a valuable review comment. These two real-
world cases highlight the significant assistance provided by
LAURA’s helpful information in enabling LLMs to generate
review comments.

In addition, in our experiments, the performance of directly
using ChatGPT-4o for code review generation even surpasses
that of CodeReviewer, which contrasts with the results of
Tufano et al. [26]. We attribute this to advances in LLMs
since ChatGPT-3, dataset differences, and varied evaluation
methods. Our dataset, possibly containing more long code
diffs, may have overwhelmed pretrained models. Additionally,
Tufano et al. evaluated the three traditional methods as a
whole, which also leads to differences in results.

RQ1 Summary: LAURA significantly outperforms
the traditional pre-trained model, CodeReviewer. More-
over, both LAURA-GPT and LAURA-DS achieve bet-
ter performance compared to directly using the base
model, indicating that this composite approach — based
on data augmentation and rapid fine-tuning — effec-
tively enhances the performance of LLMs in code
review generation tasks.

B. RQ2: Ablation Study of the Three Key Components of
LAURA

In this RQ, we instruct ChatGPT-40 and DeepSeek v3 to
review code changes under conditions where one of the three
components of LAURA is removed. Table V presents the
experimental results, where we report the scores of comments
generated by different methods on five metrics as evaluated
by LLM, along with the I-Score, IH-Score, and M-Score of
these comments as assessed by human evaluation. To make the
comparison clearer, we also show the performance of LAURA-
GPT and LAURA-DS with all three components in Table V
shaded in light grey.

The ablation study results indicate that all three components
of LAURA play important roles. Among them, the method
that removes only the review exemplar retrieval component
performs slightly better overall — achieving the best LLM
and human evaluation results within its respective ablation
experiment group, whether based on ChatGPT-40 or DeepSeek
v3. However, removing the review exemplar retrieval com-
ponent also leads to a decrease in the I-Score of LAURA-
GPT and LAURA-DS by 9.1% and 8.4%, respectively, and a
decrease in the IH-Score by 10.5% and 8.4%, respectively.
The methods that remove only the context augmentation
component or only the systematic guidance component each
have their own strengths and weaknesses, with no significant
difference between them. However, all these methods show a
decrease in LLM evaluation metrics compared to the complete
method, while the I-Score in human evaluation dropped by
10.4% - 11.7%, and the IH-Score dropped by 11.0% - 12.2%.

These results indicate that all three components have a
significant positive impact on improving the quality of LLM-
generated outputs. This suggests that rich relevant information
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TABLE IV
EVALUATION RESULTS OF CODE REVIEW GENERATION.

Method - LLM Evz'lluation ] B Human Evaluation
Readability ~ Relevance  Brevity  Sufficiency  Operability | I-Score  IH-Score = M-Score
LAURA-GPT 4.956 4.956 4.185 4.859 4.953 20.0% 42.2% 0.8%
ChatGPT-40 4.162 4.040 4.235 3.566 3.855 15.4% 30.7% 1.3%
LAURA-DS 4.761 4.786 4.151 4.556 4.686 18.5% 40.4% 1.0%
DeepSeek v3 4.031 3.861 4.183 3.255 3.635 13.5% 29.2% 1.0%
CodeReviewer 2.182 1.909 2.859 1.188 1.404 3.4% 10.2% 9.1%

The highest and second-highest results are in bold and underlined, respectively.

Review Comments:

LAURA-GPT:

Comment #1

Line: [180]

Review comment: Using strnlen(ptr, buf.itemsize) improves safety by avoiding overreads, but it can
lead to incorrect truncation of strings containing valid null characters, which is a potential
issue. This may not match expected behavior if such characters are valid input. Consider clarifying
the expected input semantics or handling this explicitly.

Comment #3

Line: [182]

Review comment: This function handles a sensitive memory operation. Since the behavior has
changed regarding null-padding, consider adding tests that cover edge cases such as strings with

embedded null characters and maximum-length strings. This will ensure the change behaves as
intended and is robust across all Python string representations.

Comment #1
Line: 180
Review comment: The change from using ‘buf.strides[0]" to ‘strnlen’ is good for removing padding,

[Line #43]: strnlen(ptr, buf.itemsize) as we have already checked that buf.ndim equals at this point

Ground Truth:

[Line #180]: Can tests be added e.g. using data (or more cases) from PR description?
What about case when input buffer has special characters inside the string e.g. *Tes\u0000t'? The
“strnlen’ can stop on first null character and string will be truncated to "Tes®

Fig. 3. A real example of human evaluation of code review comments generated by LAURA-GPT, LAURA-DS, and CodeReviewer.

TABLE V
EVALUATION RESULTS OF THE ABLATION STUDY.

Method B LLM Evgluation o - Human Evaluation
Readability  Relevance  Brevity  Sufficiency  Operability | I-Score  IH-Score = M-Score

LAURA-GPT 4.956 4.956 4.185 4.859 4.953 20.0% 42.2% 0.8%
w/o context augmentation 4.393 4.341 4.140 3.838 4.101 17.7% 37.5% 0.8%
w/o review exemplar retrieval 4.561 4.522 4.166 4.163 4.314 18.2% 37.8% 0.8%
w/o systematic guidance 4.281 4.205 3.888 3.942 4.088 18.0% 37.2% 0.8%
LAURA-DS 4.761 4.786 4.151 4.556 4.686 18.5% 40.4% 1.0%
w/o context augmentation 4.244 4.207 3.976 3.709 3.953 16.4% 35.9% 1.0%
w/o review exemplar retrieval 4.565 4.529 4.065 4.100 4.293 16.9% 37.0% 1.0%
w/o systematic guidance 4.321 4.309 3.929 3916 4.110 16.4% 35.4% 1.0%

The highest result in each group of results is highlighted in bold.

and highly related code context can indeed help LLMs better
understand code changes, leading to more useful review com-
ments. Providing exemplar reviews that reflect the experience
of human reviewers can help LLMs more effectively assess
review priorities and generate valuable feedback. Moreover,
offering more detailed and precise instructions and guidance
to LLMs can effectively enhance the usefulness of their
comments.

Notably, LAURA’s performance gains in code review gen-
eration are not simply the sum of its three components, but
the result of their interactions. The sum of the performance
drop from removing each component individually exceeds
the drop from removing all three (i.e., the baseline models).
The slight advantage of removing only the review exemplar
retrieval component, along with our evaluation observation
that removing the systematic guidance component occasionally
leads to comments targeting the exemplar instead of the diff,

suggests that systematic guidance not only guides LLMs in
reviewing but also helps them interpret the extended diff
provided by the context augmentation component. Likewise,
the extended diff helps LLMs better understand the review ex-
emplars, enhancing the review exemplar retrieval component’s
effectiveness. Together, these components reinforce each other,

offering additional benefits to LLM:s.

RQ2 Summary: The three components of LAURA —
context augmentation, review exemplar retrieval, and
systematic guidance — all have a significant positive
impact on the performance of LLMs. When used in
combination, these components produce a compound-
ing effect, further enhancing the relevance and useful-
ness of the review comments generated by LLMs.

2990



Case #1 Case #2
{207]:+ if isinstance( [171]:+
208]:+ request, X X [172]:+ public static final PropertyDescriptor MAX_STRING_LENGTH = new
209]:+ (EmbeddingChatRequest, EmbeddingCompletionRequest, ScoreRequest)): PropertyDescriptor.Builder()
210]:+ [173]:+ .name("Max_String Length")
o [[212]:+ operation = "score” if isinstance(request, ScoreRequest) \ o |[1747:+ .displayName("Max_String_Length")
= |[212]:+ ___else "embedding generation” = |ra7s):+ ~description("The maximum allowed length of a string value when
a |[213]:+ if token num > self.max model len: & [parsing the 350N document™)
214]:+ raise ValueError( [176]: .required(true)
000 [177]:+ .defaultValue(DEFAULT_MAX_STRING_LENGTH)
%;g i+ e e t' & £ [178]:+ .addvalidator(Standardvalidators.DATA_SIZE_VALIDATOR)
T+ prompt_token ids=input ids) [179]:+ .build();
221]:+ [180]:+
222]:+ # Score API ..
= [(223): 777777 if isinstance(request, T TTTTTTTTTTTTTTTTT .
= % (224 EmbeddingChatRequest, EmbeddingCompletionRequest)): m [[189]:+ PropertyDescriptor MAX_JSON_FIELD_STRING_LENGTH = ...
51 ‘E 225 if token num > self.max model len: z S |[190]:+ .name("Max JSON Field String Length")
'g 8 226 raise ValueError( 2 E. [191]:+ .displayName("Max JSON FieldString Length")
S0... > Ef...
T o [231] return TextTokensPrompt(prompt=input text, &’ a ———————————————————————————————————————————————————————————————
= g |232] prompt token ids=input ids) &3 | [Line #191]: In this case, recommend removing the “displayNamesince it should be the same as the
&) [233] name (although there appears to be a space missing between "Field" and *String").
£ S £ & |[Line : Since this is a new property, the displayName is not needed.
= == | [Line #174]: Si thi the displayN: t needed.
g E [Line #225]: This code looks duplicated. g E "suggestion
= ==
€] @]
= = Comment #1 )
a‘,, o | Line: [207]-[220] A& S |Comment #2
T ‘E Review comment: The newly added validation for *ScoreRequest’ and ‘EmbeddingRequest’ is clear 0 ‘g Line: [173]
§ % [ and ensures input length does not exceed ‘max_model_len". However, there is a redundancy_in the é & | Review comment: The “displayName is redundant here since it matches the ‘name” exactly. It's
=0 validation logic for 'EmbeddingRequest’ and "ScoreRequest’ between lines [207]-[220] and [223]- | |= E better to omit it unless there's a need for a different display name.
< O [ [230]. The logic for checking ‘token_num > self.max_model_len" is repeated, which can be j O | Code suggestion: Remove the "displayName' line since it's identical to ‘name’.
- lidated for better mai bility and readability.

Fig. 4. Two real cases of how LAURA assists LLMs

V. THREATS TO VALIDITY

Threats to internal validity. The main threat to internal
validity is the potential risk of data leakage. We sampled test
data after the release of the latest model we used (DeepSeek
v3) to avoid overlaps with the training data of LLMs. However,
we cannot fully guarantee that the test data wasn’t used in
model optimization post-release. Another threat is the length
limit of extended diffs, as defining the optimal code context
scope is challenging. Too little may miss details; too much may
add noise, distract LLMs, and degrade output quality. Further
research is needed to address this. In addition, the limitations
of prompt exploration pose another threat to internal validity.
Although we designed a composite prompt for generating code
review comments based on prior research and experimental ob-
servations, there may exist better prompt designs and ordering
strategies that could further enhance LAURA’s performance.

Threats to external validity. A threat to external validity lies
in the quality of the dataset used during the research process.
We used rule-based and LLM-based filters to remove low-
quality comments, but some may remain. For the evaluation
set, we relied on manual annotation to minimize this issue.
Another threat to external validity concerns the choice of
programming languages. Our experiments focused on C, C++,
Java, and Python, so it’s unclear how well the results general-
ize to other languages. Our methods may serve as a reference
for future research. Baseline selection may also pose a threat
to external validity. Although we included open-source LLMs,
closed-source LLMs, and state-of-the-art pretrained models
as baselines, we did not incorporate some baselines due to
factors such as differences in dataset structure and variations in
programming language coverage. There is a promising avenue
to evaluating LAURA on more LLMs.

Threats to construct validity. A threat to construct validity
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in generating useful review comments.

lies in the choice of LLMs. Although LAURA is model-
agnostic, we used ChatGPT-40 and DeepSeek v3 as rep-
resentative state-of-the-art models. This choice may influ-
ence results. Another threat to construct validity concerns
the selection of evaluation metrics. LLM-based evaluation
metrics have inherent variability across datasets, and while we
mitigated this by merging metrics and adding scoring criteria,
limitations persist. Our human evaluation focuses on basic
factual alignment, so the practical usefulness of mismatched
review comments remains uncertain.

VI. RELATED WORK

In this section, we introduce two areas related to our study:
code review automation and large language models, and we
discuss the relevant studies in each of these fields.

A. Code Review Automation

The code review process requires substantial time and effort
from both parties. To improve efficiency, many studies have
explored automating parts, including reviewer recommenda-
tion, review necessity prediction, identifying code areas for
review, pre-review and post-review refinement, code review
generation, and comment suggestion.

Early studies mainly focused on reviewer recommendation,
using methods such as file path analysis [6], traceability graphs
[7], load balancing [8], collaborative filtering [9], and balanc-
ing expertise and workload [10]. Other approaches considered
cross-project collaboration [12] and composite analyses of file
paths, project details, and author info [13]. Some research also
aimed to predict which parts of the submitted code would need
comments [14].

Code review automation has advanced to include tasks like
review necessity prediction, comment generation, and code
refinement. Notable works include T5CR [18], CodeReviewer



[19], and CommentFinder [15]. TSCR, based on the Text-To-
Text Transfer Transformer (T5) model [54], handles method-
level code for pre-review optimization, comment generation,
and post-review refinement. CodeReviewer uses T5 architec-
ture with CodeT?5 initialization [35], processes line-level diffs,
and supports review necessity prediction, comment generation,
and code refinement across nine languages. CommentFinder is
an information retrieval (IR)-based method that uses Bag of
Words (BoW) and similarity measures to find similar code
snippets and recommend relevant review comments.

So far, several works have attempted to apply LLMs to code
review automation tasks. Lu et al. [20] used the LLaMA model
for review necessity prediction, comment generation, and code
refinement, achieving results comparable to pre-trained models
via parameter-efficient fine-tuning. Guo et al. [23] showed
that ChatGPT-3.5 outperformed CodeReviewer in post-review
refinement. Pornprasit et al. [40] explored ChatGPT-3.5’s
performance in both pre- and post-review refinement, ana-
lyzing few-shot learning effects. Tufano et al. [26] compared
ChatGPT-3 with three existing methods and found it achieved
state-of-the-art performance in code refinement, but lagged
in review generation. However, these studies provide only a
limited exploration of LLMs and have not fully unlocked their
potential for code review automation tasks.

In this work, we use line-level code diff hunks as the raw
input and focus on code review generation, aiming to further
explore ways to improve LLM performance on this task.

B. Large Language Model

Language models have evolved from early statistical models
to neural, pre-trained models, and now to large language mod-
els (LLMs) with over 10B parameters, trained on vast datasets
[55]. LLMs show superior performance and emergent capa-
bilities [56], often matching or surpassing task-specific pre-
trained models. Notable LLMs include ChatGPT-40, which
excels across benchmarks [57], and DeepSeek v3 [58] among
open-source models. Our research builds on ChatGPT-40 and
DeepSeek v3, applying the LAURA framework to both.

So far, LLMs have been widely used in software engineer-
ing tasks like vulnerability prediction [22], [59], [60] and
commit message generation [21], [61], [62]. Many studies
have explored ways to improve the performance of LLMs
on specific tasks. Generally, LLMs can be further enhanced
through methods such as augmenting input information [63],
retrieval-augmented generation [64], and prompt engineering
[65]. Augmenting input information is based on the intu-
itive idea that providing the model with richer contextual
information helps it better understand the task and produce
better results. Retrieval-augmented generation [66] enhances
the model’s task awareness by incorporating knowledge from
external databases, thereby strengthening the model’s genera-
tion capabilities. Prompt engineering [67] involves designing
prompts for the model, guiding it through instructions on the
actions it must perform with the given input, and ensuring that
the LLMs achieve high performance in downstream tasks.
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VII. CONCLUSION

In this paper, we introduce LAURA, a novel LLM-based
generation framework for code review, which enhances the
quality of code review comments generated by LLMs through
three components: context augmentation, review exemplar
retrieval, and systematic guidance. We applied LAURA to
ChatGPT-40 and DeepSeek v3, and demonstrated through both
LLM-based and human evaluations that LAURA significantly
improves their performance on code review generation tasks.
Experimental results show that LAURA outperforms direct use
of LLMs for code review generation and substantially sur-
passes the performance of the pretrained model CodeReviewer.

Furthermore, our findings indicate that each of the three
components — context augmentation, review exemplar re-
trieval, and systematic guidance — contributes to improving
LLM performance in code review generation tasks, with the
combination of all three yielding the best results. To further
enhance the quality of generated code review comments, future
research should explore additional useful input contexts and
better methods for input integration.
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