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Abstract

Comments and summaries play a critical role
in program comprehension. However, high-
quality comments are often missing in large
codebases. Existing code summarization meth-
ods improve linguistic fluency but still fall
short in capturing program execution seman-
tics. Furthermore, source-level retrieval meth-
ods struggle to identify code examples that are
syntactically different but functionally equiv-
alent. To address these limitations, we pro-
pose BRAD (Bytecode Retrieval-Augmented
Deliberation), a novel retrieval-augmented de-
liberation model for code summarization that
integrates bytecode-level semantics with multi-
pass deliberation. Specifically, BRAD (1) en-
codes bytecode control-flow graphs (CFG) with
a Graph Attention Network (GAT) to preserve
control flow semantics, and (2) retrieves ex-
emplar drafts in the bytecode text space to
find functionally similar references. These are
then fused with textual encodings in a delib-
erative refinement process to generate the fi-
nal summary. We evaluate BRAD on a pub-
lic Java dataset, and the results showed that
compared with the strong baselines, BRAD
has increased by 18.7% in BLEU-1, 16.2% in
BLEU-2, 8.5% in BLEU-3, 2.8% in BLEU-4,
13.4% in ROUGE-L, and 10.0% in CIDEr.

1 Introduction

Code comments play a critical role in facilitating
software development (Nielebock et al., 2019; Hu
et al., 2022) and maintenance (Wen et al., 2019;
Misra et al., 2020; Tan, 2015). Writing code com-
ments has been recognized as a good practice in
the software development community or industry
projects (De Souza et al., 2005; Zhai et al., 2020),
and high-quality code comments (e.g., method
or function summaries) greatly reduce the cogni-
tive cost of program comprehension (Steidl et al.,
2013; Huang et al., 2020b). However, writing
high-quality code comments is a tedious and time-

consuming task (De Souza et al., 2005; Kajko-
Mattsson, 2005). Therefore, various automatic
source code summarization methods have been pro-
posed to generate code comments (also referred to
as summaries). Specifically, given a code snippet
(a method or function) by the developer, code sum-
marization aims to generate summaries describing
the functionality of the code snippet.

Existing code summarization methods can be
classified into template-based (Mosa et al., 2017,
Sridhara et al., 2010), retrieval-based (Wong et al.,
2015; Zhu et al., 2022; Parvez et al., 2021; Wei
et al., 2020), learning-based (Alon et al., 2018; Hu
et al., 2018; Li et al., 2020; Ahmad et al., 2020;
Han et al., 2021; Li et al., 2022; Gao et al., 2023;
Niu et al., 2022) and pretrained language mod-
els (Feng et al., 2020; Guo et al., 2022; Wang et al.,
2022, 2021; Nam et al., 2024; Ahmed and Devanbu,
2022; Ahmed et al., 2024; Song et al., 2024). De-
spite achieving promising results, these methods
often rely heavily on surface-level or syntactic rep-
resentations such as token sequences or Abstract
Syntax Trees (ASTs) (Nie et al., 2021; Chen et al.,
2021). These representations capture syntactic pat-
terns but neglect the execution semantics or con-
trol flow structures that are critical for describing
the program intent (Zhang et al., 2022; Lin et al.,
2021). Moreover, the retrieval-augmented gener-
ation (RAG) frameworks (Nishikawa et al., 2024,
Lu and Liu, 2024; Yu et al., 2022) enhance the
comment generation performance by incorporating
similar <code, comment> exemplars retrieved from
large corpora. However, most of these methods per-
form retrieval with source code, where similarity
is measured by lexical or syntactic overlap rather
than by functional similarity.

Recently, some studies (Huang et al., 2020a; Shi
et al., 2023) demonstrate that bytecode (the inter-
mediate representation produced by compilers) can
offer valuable program execution and control-flow
information for enhancing code comment genera-
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Figure 1: An example of different implementations which have the same bytecode. This example shows the

possibility of identifying the semantic similarities through bytecode.

tion. Figure 1 indicates an example for the impor-
tance of bytecode information. Code A and Code
B are two pieces of Java code snippets with the
same functionality, which calculate the cumulative
sum of all integers from O to n — 1. Their imple-
mentations are different, where Code A uses a for
loop, while Code B uses a while loop. However,
their bytecodes and code comments are exactly
the same, indicating the possibility of identifying
similar functionalities through bytecode. This ob-
servation motivates us to explore how to combine
bytecode-level retrieval information with control
flow structures to enhance the efficiency of code
summarization tasks.

To address the above issues, we propose BRAD,
which is a novel Bytecode Retrieval-Augmented
Deliberation model with control flow graph encod-
ing for code summarization. BRAD first employs
bytecode-level retrieval to obtain exemplar code
comment draft that are more likely to be function-
ally similar to the query code. Second, BRAD
encodes the control flow graph of source code with
a Graph Attention Network to augment code struc-
ture information. Finally, the exemplar code com-
ment draft from byte-level retrieval, control flow
graph information, and query code are sent to a de-
liberation network (A multi-pass decoding model
can optimize the generated results (Xia et al., 2017;
Liao et al., 2025; Mu et al., 2022)) to iteratively
generate the summary with rich functional seman-

tics.

To the best of our knowledge, this work repre-
sents an early attempt to incorporate bytecode-level
retrieval into a deliberation-based framework for
code summarization. To validate the effectiveness
of BRAD, we conducted extensive experiments on
a public Java dataset (Huang et al., 2025). The re-
sults demonstrate that BRAD outperforms the base-
line methods, achieving relative improvements of
up to 18.7% in BLEU-1, 16.2% in BLEU-2, 8.5%
in BLEU-3, 2.8% in BLEU-4, 13.4% in ROUGE-
L, and 10.0% in CIDEr. Furthermore, we perform
a qualitative assessment with LLMs (Dong et al.,
2025; Li et al., 2024) across four human-oriented
dimensions (Wu et al., 2025) (correctness, readabil-
ity, informativeness, and usefulness) and human
evaluation in three aspects (naturalness, informa-
tiveness, and usefulness). The results also demon-
strate that BRAD can generate more informative
and useful comments. We summarize the main
contributions of this paper as follows:

* We propose BRAD, which encodes the byte-
code CFG through graph attention networks
to guide the model in capturing control flow
information that reflects the execution seman-
tics, thus improving the relevance and accu-
racy of code comments.

* We introduce a bytecode-level retrieval aug-
mentation for code summarization that re-
trieves exemplar drafts in bytecode space
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Figure 2: The overall framework of the BRAD.

rather than the raw source-text space. This
method addresses the shortcomings of source-
level lexical matching by retrieving function-
ally nearer exemplars to bootstrap the genera-
tor.

* We compare BRAD with strong baselines and
observe consistent improvements across auto-
matic metrics. We further validate the quality
of generated comments through human evalu-
ation in terms of naturalness, informativeness,
and usefulness. The replication package is
available at !.

2 Related Work

Code comment generation Early neural ap-
proaches formulated summarization as a sequence-
to-sequence learning problem, treating code as to-
ken sequences and applying encoder—decoder ar-
chitectures adapted from machine translation (Hu
et al., 2018; Li et al., 2020). Subsequent work
demonstrated that explicitly modeling program
structure can substantially improve semantic un-
derstanding. Structure-aware models incorporate
abstract syntax trees, control-flow graphs, data-
flow graphs, or other program representations using
path-based encodings (Alon et al., 2018) or graph
neural networks (Son et al., 2022; Yang et al., 2023;
Bansal et al., 2023), showing consistent gains over
sequence-only baselines by better capturing long-
range dependencies and execution-related relations.
Recent studies (Huang et al., 2023; Chen et al.,
2025; Huang et al., 2025) have explored incorporat-
ing bytecode information as a complementary se-
mantic signal. However, most existing approaches
rely on CFG serialization, which destroys the topo-
logical information of the graph.

lhttps://anonymous.4open.science/r/BRAD—ZCFB/

In parallel, retrieval-augmented generation has
emerged as an effective strategy for code summa-
rization. By retrieving similar code-comment pairs
as exemplars or drafts, retrieval-based and hybrid
frameworks (Parvez et al., 2021; Yu et al., 2022; Lu
and Liu, 2024) reduce hallucination and improve
fluency and informativeness, especially when com-
bined with neural refinement or multi-pass delib-
eration mechanisms (Mu et al., 2022; Hou et al.,
2023). However, current methods only perform
retrieval at the source code level, ignoring seman-
tically equivalent code with different implementa-
tions. This work positions BRAD in this gap by
combining GAT-based encoding of bytecode CFGs
with bytecode-level retrieval to better support se-
mantic reasoning for source code summarization.

3 METHODOLOGY

3.1 Overview of BRAD Framework

The BRAD framework is a modular approach for
code summarization that integrates bytecode-level
structure, exemplar retrieval, and deliberative gen-
eration. As shown in Figure 2, we derive bytecode-
level control-flow graphs (CFGs) to capture the
execution-oriented structure. The CFG is encoded
with a Graph Attention Network (GAT) (Velickovic
et al., 2017) to obtain a structure-aware representa-
tion of bytecode execution. In parallel, bytecode-
level retrieval provides an exemplar draft, which
is combined with structural and source-code repre-
sentations to guide generation. Through multi-pass
deliberation, the model progressively refines the
draft into a faithful natural language summary.
Bytecode-level retrieval and CFG encoding are
complementary components that jointly enable the
deliberation network to produce more faithful and
detailed summaries. Bytecode retrieval supplies
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external knowledge in the form of high-quality ex-
emplar drafts that capture what the method does at
a macroscopic level (What). These drafts provide
useful priors about functionality but can be vague
about implementation details. In contrast, the GAT
encoded control flow graph supplies internal knowl-
edge that describes how the method implements its
behavior (How), such as the branching and loop-
ing for implementing functions. The deliberation
network acts as a cross-checking mechanism be-
tween these two knowledge sources: it uses the
internal knowledge provided by GAT to review and
optimize the initial drafts provided by the search,
thereby generating more accurate and detailed sum-
maries.

3.2 CFG Encoder via GAT

Control-flow structure plays a central role in char-
acterizing program execution semantics. However,
serializing a CFG into a sequence inevitably ob-
scures branching and looping topology, limiting the
model’s ability to reason about execution behavior.
To preserve structural semantics explicitly, BRAD
encodes bytecode-level CFGs using a Graph At-
tention Network (GAT) (Velickovic et al., 2017).
The architecture of the CFG encoder is shown in
Figure3.
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For each method, we construct a bytecode-level
CFG G = (V, E), where nodes represent bytecode
basic blocks and directed edges denote control-flow
transfers.

Each node v € V is initialized using an opcode-
based embedding:

h{®) = Embed(opcode(v)), (1)

which captures the local operational semantics of
the bytecode block.

We apply multiple GAT layers to propagate in-
formation over the CFG. At layer [, node represen-
tations are updated as:

ueN (v)

where attention weights «,,,, model the relative im-
portance of different control-flow dependencies.
After the final GAT layer, node representations
are pooled to produce a fixed-size graph embed-
ding, which summarizes the execution structure of
the method and is used in downstream deliberation.

3.3 Bytecode-Level Retrieval

3.3.1 Motivation and insight

A central challenge for retrieval-augmented com-
ment generation is that lexical matching on source
code does not reliably reflect functional equiva-
lence: developers frequently implement the same
behavior using different syntactic constructs and
identifier names like Figurel, so surface token over-
lap at the source level is often a poor proxy for
whether two fragments perform the same computa-
tion. Our guiding insight is that compiled bytecode
abstracts many of these surface differences and
yields a more normative representation of program
behavior. Therefore, we assume that lexical overlap
in the bytecode space is a more robust proxy met-
ric for functional similarity. That is to say, using
bytecode for retrieval can find similar samples
that are more relevant in terms of functional
semantics, and their summaries are also more
relevant to the true summaries of the queried
samples.

Based on this assumption, we adopt the efficient
sparse retrieval tool BM25 to verify whether it is
possible to retrieve more functionally relevant ex-
amples merely by matching the normalized byte-
code sequence than by matching the original source
code. Specifically, we construct a retrieval pipeline
that (1) canonicalizes and tokenizes method-level
bytecode, (2) indexes the bytecode corpus with a
standard sparse retrieval model BM25 (Robertson
et al., 2009), (3) query the index using the bytecode
of the target method during training and inference,
and (4) encodes the retrieved natural-language sum-
mary into a dense semantic representation using
a Transformer-based text encoder. This represen-
tation serves as a draft embedding derived from



the retrieval, which provides high-level semantic
guidance for the subsequent deliberation genera-
tion process.

3.3.2 BM2S5 Indexing and Scoring

We employ BM25 (Robertson et al., 2009), a
widely used sparse retrieval function, to measure
the similarity between a query bytecode sequence
q (the canonicalized token sequence of the target
method) and each candidate document d in the cor-
pus. The BM25 score is defined as follows:

score(q,d) = ZIDF(t) ft )k +1)
oy F(t,d) + ks (1 b+ bav“;'dl)
3

Where f(t,d) denotes the frequency of token
t in document d, |d| is the document length (in
tokens), and avgdl represents the average docu-
ment length across the corpus. The parameters
k1 and b are tunable hyperparameters (typically
k1 € [0.5,2.0], b € [0, 1]). The inverse document
frequency is computed as IDF(¢) = log %,
where N is the total number of documents and n;
is the number of documents containing token ¢.

In practice, we build a BM25 index over the
canonicalized bytecode corpus and apply the same
preprocessing pipeline to the query bytecode dur-
ing retrieval. Top-k neighbors are selected based on
BM25 scores, and their corresponding summaries
are used as initial drafts for downstream delibera-

tion.

3.4 Deliberation Model

After obtaining source-code representations, byte-
code CFG embeddings, and an initial summary
draft retrieved from similar methods, BRAD ap-
plies a deliberation model to refine the summary
iteratively. Instead of generating the final output
in a single pass, the deliberation model treats the
retrieved draft as an intermediate hypothesis and
improves it through multiple refinement rounds.
In the first pass, the generator produces an initial
summary by combining the source code represen-
tation and the retrieval-derived draft embedding r
via concatenation or gating. In subsequent passes,
the model conditions on the previously generated
summary while retaining the same contextual rep-
resentations, enabling iterative revision. This itera-
tive process enables the model to recover missing
information, resolve semantic inconsistencies, and
correct inaccurate descriptions.

4 EXPERIMENTS

4.1 Dataset

We use the dataset originally collected by Huang et
al (Huang et al., 2025). The dataset is derived from
a paired collection of JAR and source JAR files
downloaded from a Maven repository (Saini et al.,
2014), which contains 559 JAR packages. After
alignment, filtering, and CFG extraction, the corpus
contains 101,204 method-level examples. Each
example is represented as a triple: (source code,
reference annotation, serialized bytecode CFG).

4.2 Baseline

To assess the effectiveness of our proposed en-
hancements compared to existing methods, we
compare them against a set of representative
and strong baseline models drawn from differ-
ent methodological families. These include con-
ventional sequence-to-sequence models (eg, Deep-
Com (Hu et al., 2018), Hybrid-DeepCom (Hu et al.,
2020), AST-AttendGRU (LeClair et al., 2019)),
Transformer-based encoder—decoder models (eg,
Transformer (Ahmad et al., 2020), CodeT5 (Wang
et al., 2021)), bytecode-enhanced methods(eg, BC-
Gen (Huang et al., 2023)), multi-stage generation
systems (eg, DECOME (Mu et al., 2022)), and
large language model(eg, GPT-4 (Achiam et al.,
2023)).

4.3 Evaluation Metrics

To rigorously evaluate and compare various mod-
els on the code comment generation task, we adopt
a suite of widely used automatic metrics in code
summarization and related generation domains:
BLEU1-4 (Papineni et al., 2002), ROUGE-L (Lin,
2004), METEOR (Banerjee and Lavie, 2005), and
CIDEr (Vedantam et al., 2015). These metrics
quantify different facets of the overlap and align-
ment between the generated comment and the ref-
erence (ground-truth) annotation.

4.4 Research Questions

In our experiments, we mainly focus on the follow-
ing research questions: RQ1: How does BRAD
perform compared to the code summarization base-
line methods? RQ2: How do the two components
of BRAD contribute to the overall model? RQ3:
Does bytecode-level retrieval produce more useful
drafts than source-level retrieval, leading to better
final summaries? RQ4: How do human evaluation



Table 1: Test-set performance comparison (RQ1) — BLEU-1/2/3/4, ROUGE-L, METEOR, CIDEr.

Category Model BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE-L. METEOR CIDEr

DeepCom 31.22 23.85 19.55 16.39 40.72 30.63 1.814

RNN/GRU-based Hybrid-DeepCom 34.43 26.76 22.26 18.96 44.63 3442 2372

AST-AttendGRU 34.84 27.50 23.38 20.23 41.52 35.59 2330

Transformer 41.07 34.08 29.82 26.45 46.84 4245 2.784

Transformer-based BCGen 35.13 28.26 24.39 21.44 42.80 38.29 1.928

DECOME 39.28 28.98 21.85 17.34 43.94 22.05 2.106

CodeT5 35.46 27.50 23.09 19.84 42.87 38.16 2.011

Large Language Models GPT-4 40.42 33.08 28.13 26.30 48.74 3870  2.526

Ours BRAD 48.73 39.60 32.34 27.20 53.13 28.10  3.063

Table 2: Ablation experiment results (RQ2).

Variant BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE-L METEOR CIDEr
BRAD w/o GAT and BYretriever 39.28 28.98 21.85 17.34 43.94 22.05 2.106
BRAD w/o BYretriever 39.90 29.67 2247 18.04 44.61 22.54  2.170
BRAD w/o GAT 45,63 36.96 29.98 24.24 50.03 26.32  2.795
BRAD 48.73 39.60 32.34 27.20 53.13 28.10 3.063

and case analysis reveal the quality of the sum-
maries generated by BRAD?

S RESULTS AND ANALYSIS

5.1 RQ1: How does BRAD perform
compared to the code summarization
baseline methods?

Table 1 reports the test-set performance of BRAD
and a set of representative baselines on standard
automatic metrics. BRAD attains the best per-
formance across BLEU, ROUGE-L, and CIDEr
metrics (Table 1).

Relative to the strong baseline Transformer,
BRAD yields large absolute and relative im-
provements: BLEU-1 +7.66 (+18.7%), BLEU-2
+5.52 (+16.2%), BLEU-3 +2.52 (+8.5%), BLEU-
4 +0.75 (+2.8%), ROUGE-L +6.29 (+13.4%),
CIDEr +0.28 (+10.0%). Furthermore, BRAD also
improves over the most closely related baseline
DECOME (BLEU-4 +9.86 (+56.9%), ROUGE-L
+9.19 (+20.9%), METEOR +6.05 (+27.4%), CIDEr
+0.9 (+45.4%)), demonstrating that the gains are
not solely attributable to model capacity but to the
modeling and retrieval choices (i.e., graph-based
bytecode encoding and bytecode-level retrieval)
introduced by BRAD.

BRAD substantially outperforms all baseline
models across multiple evaluation metrics, achiev-
ing consistent and statistically significant improve-
ments on BLEU, ROUGE-L, and CIDEr. These
results demonstrate that integrating a graph-based

bytecode CFG encoder and bytecode-level retrieval
yields richer semantic representations and more
consistent summaries. Therefore, BRAD effec-
tively enhances the performance of code summa-
rization tasks compared with existing baselines.

5.2 RQ2: How do the two components of
BRAD contribute to the overall model?

To comprehensively evaluate the contributions of
different components in our proposed method, we
conducted ablation studies by constructing three
model variants: (1) BRAD w/o GAT and BYre-
triever, which removes both the Graph Attention
Network and the bytecode-level retrieval module;
(2) BRAD w/o BYretriever, which only elimi-
nates the bytecode-level retrieval component while
retaining GAT; (3) BRAD w/o GAT, which re-
moves the Graph Attention Network but preserves
bytecode-level retrieval. All variants were trained
under identical experimental settings and hyperpa-
rameters as the complete BRAD model.

The experimental results presented in Table 2
clearly demonstrate the significance of each compo-
nent. The complete BRAD model achieves the best
performance across all evaluation metrics, substan-
tially outperforming all ablated variants. Specif-
ically, the removal of both GAT and B Yretriever
leads to the most significant performance degrada-
tion, with absolute reductions of 9.45, 10.62, 10.49,
and 9.86 points in BLEU-1 through BLEU-4 scores,
respectively. This substantial drop underscores the



Table 3: Comparison of BRAD using bytecode-level vs source-level retrieval (RQ3).

Variant BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE-L METEOR CIDEr
BRAD-scRetrieval 40.00 30.00 22.60 18.10 44.60 2250  2.182
BRAD-bcRetrieval 48.73 39.60 32.34 27.20 53.13 28.10  3.063

Table 4: LLM evaluation scores and significance tests: bytecode vs source retrieval (RQ3).

Coherence Consistency  Fluency Relevance
BRAD-scRetrieval 2.49 2.44 343 243
BRAD-bcRetrieval 2.53 2.49 3.46 2.49

Paired t-test p — value 2.0 x 1072 56 x 1077 1.0 x 107¢ 6.4 x 1071°

Wilcoxon p — value

25x107% 50x107% 1.4x107¢

1.7 x 107°

complementary importance of both architectural
components. Notably, the individual ablation of ei-
ther component also reveals distinct contributions.
The removal of each component will lead to a de-
cline in model performance to varying degrees.

These findings collectively validate that both the
Graph Attention Network and the bytecode-level re-
trieval module play vital and complementary roles
in our framework. The GAT effectively models
the structural information of bytecode, while the
bytecode-level retrieval enhances the semantic re-
trieval capability, with their integration yielding
synergistic improvements in code summarization
performance.

5.3 RQ3: Does bytecode-level retrieval
produce more useful drafts than
source-level retrieval, leading to better
final summaries?

To isolate the contribution of retrieval modality,
we compare two BRAD variants that are identi-
cal except for the retrieval space used to obtain
draft exemplars: (1) BRAD-bcRetrieval (bytecode-
level retrieval over serialized CFG tokens) and (2)
BRAD-scRetrieval (source-code-level retrieval).
Table 3 presents their automatic-metric comparison
on the test set. Across all metrics, bytecode-level
retrieval consistently yields substantial improve-
ments over source-level retrieval.

We complemented automatic evaluation with an
LLM-based qualitative assessment using LLaMA-
3-8B scoring on four human-oriented dimen-
sions (Wu et al., 2025): Coherence (clearly reflects
the main functionality and logic of the code with-
out drifting off-topic), Consistency (faithful to the
original code and does not introduce incorrect or ex-
tra information), Fluency (well-written, clear, and

easy to read), and Relevance (highlights the code’s
key functional or business significance within the
system) in Table 4. Although the absolute score
differences are modest (0.03—0.06 on a 0—4 scale),
paired significance testing over the full test set us-
ing both the paired ¢-test and the Wilcoxon signed-
rank test yields statistically significant results for
all dimensions (p < 0.05). The paired ¢-test as-
sesses mean-level differences under approximate
normality assumptions, while the Wilcoxon test
provides a non-parametric confirmation that is ro-
bust to skewed score distributions.

These gains indicate that bytecode-based re-
trieval provides more functionally aligned exem-
plars for deliberation. Overall, we conclude that
the improvements introduced by bytecode-level re-
trieval augmentation are not only consistent but
also statistically reliable. This confirms that retriev-
ing exemplars based on bytecode representations
more effectively captures functional similarity and
provides valuable semantic guidance for code sum-
marization.

5.4 RQ4: How do human evaluation and case
analysis reveal the quality of the
summaries generated by BRAD?

5.4.1 Human Evaluation

Although the evaluation metrics can measure the
lexical gap between the generated comments and
the references, they can hardly reflect the semantic
gap. Therefore, we conducted a human evaluation
with six experienced developers (14 years of in-
dustrial experience) who were not authors. Follow-
ing prior work (Huang et al., 2025; Mu et al., 2022),
we randomly selected 50 code snippets from the
test set, creating a questionnaire where each snip-
pet was paired with the reference comment and



comments generated by different methods. Partici-
pants scored 300 <code snippet, comment> pairs,
with comments shuffled to prevent bias. Each com-
ment was rated on three aspects: (1) Naturalness
for grammatical fluency, (2) Informativeness for in-
formation richness, and (3) Usefulness for helping
understand code behavior, on a 0—4 scale. The final
score for each comment is the average across the
three scores.

Table 5 reports the results of the human evalua-
tion. Overall, BRAD outperforms all non—large-
language-model baselines and ranks just be-
hind GPT-4 on all three criteria. In particular,
BRAD consistently surpasses traditional neural
and retrieval-based models, indicating that its gen-
erated comments are more fluent, information-rich,
and helpful for understanding code behavior. While
GPT-4 attains the highest scores, this outcome is
expected given its training on massive, diverse cor-
pora and the substantial computational and data
resources involved. In contrast, BRAD is a task-
specific model designed to enhance code summa-
rization through structured bytecode reasoning and
retrieval augmentation, without relying on large-
scale general-purpose pre-training. These human
evaluation results are consistent with trends ob-
served in automatic metrics, further confirming that
BRAD improves both the readability and semantic
usefulness of generated comments.

Table 5: Human evaluation (RQ4) — Naturalness, In-
formativeness.

Model Naturalness Informativeness Usefulness
Transformer 3.48 3.22 3.28
DeepCom 3.18 2.52 2.84
CodeT5 3.15 2.73 2.86
DECOME 2.98 2.46 2.63
GPT4 3.73 3.32 3.48
BRAD 3.65 3.29 3.45

5.4.2 Case Study

Figure 4 presents a representative case study il-
lustrating how bytecode-level retrieval and struc-
tural encoding jointly improve the summarization
of methods with conditional control logic. The
setQuiet method involves condition-dependent be-
havior and state changes, which are difficult to
capture using source-level similarity alone.

As shown, the ground-truth comment explicitly
describes a conditional operation that suppresses er-
ror reporting and sets failonerror to false. GPT-

4.0 produces a partially correct summary but fails
to preserve the conditional dependency, while DE-
COME introduces irrelevant concepts due to se-
mantically misaligned retrieval. BCGen generates
an oversimplified description that ignores the con-
ditional relationship.

Comparing the retrieved drafts, source-level re-
trieval yields comments focusing on surface op-
erations without conditional semantics, whereas
bytecode-level retrieval produces drafts aligned
with the underlying control flow. In addition, the
bytecode CFG encoding explicitly models the con-
ditional structure, enabling the deliberation process
to preserve “If true” and accurately describe the
associated state change.

This case study demonstrates that bytecode-
level retrieval provides semantically grounded
drafts, while bytecode structural encoding supplies
execution-aware constraints, and their combination
enables more faithful summarization.

Case Study
public void setQuiet(final boolean quiet) Code:
{
= this.quiet = quiet;

Source if (quiet) { Byte
Code this.failonError = false; Code

aload_0 8: ifeq 15
iload_1 11: aload 0
aload 6 12: iconst 0

13: putfield #3
16: return

NPwnRo
H
2

}

Q SOU"CE[md etrival enable quiet mode the schema will not be written to standard out.
omment :

Retrieved Bytecode-retrival
Result Comment :

if true, fail on load error.

GroundTruth: If true, suppress the load error report and set the failonerror value to false.

GPT-4: Set the quiet mode, disables failonerror.

Generated
result

BCGen: Set quiet and failonerror flag.

Ours: If true, suppress the schema and set failonerror false.

|
|
|
|
|
|
DECOME: If true, suppress the schema will not be written to system out |
|
|
|
|
|
|

Figure 4: Examples of case analysis.

6 CONCLUSION

In this work, we propose BRAD (Bytecode
Retrieval-Augmented Deliberation mode), a novel
framework for automatic code comment generation
that explores the integration of bytecode-level re-
trieval with deliberation-based code summarization.
BRAD unifies graph-based bytecode representa-
tion and retrieval-augmented multi-pass delibera-
tion, enabling the model to exploit control-flow
semantics and retrieve functionally equivalent ex-
emplars beyond surface lexical similarity. The as-
sessment results show that BRAD has achieved
significant improvements over strong baselines in
multiple automatic metrics. The human evaluation
also confirms the comments generated by BRAD
tend to be more readable, informative, and useful.



7 Limitations

While BRAD demonstrates strong performance
on the evaluated benchmarks, several limitations
remain. Our experiments are limited to Java pro-
grams and adopt a sparse bytecode-level retrieval
strategy, leaving the potential of alternative re-
trieval paradigms, such as dense representations,
unexplored. In addition, the framework does not
consider multilingual or cross-language code sum-
marization scenarios, and its generalization to other
programming languages with different compila-
tion pipelines is unclear. Moreover, incorporat-
ing bytecode-level retrieval and structural encod-
ing introduces additional computational overhead
compared to purely source-level approaches, which
may affect scalability in large-scale or latency-
sensitive settings. Future work will focus on
improving retrieval efficiency and extending the
framework to broader language scenarios.
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A Implementation Details

All experiments were executed on a machine
equipped with an NVIDIA GeForce RTX 4090
(driver 550.107.02, CUDA 12.4); we used PyTorch
with automatic mixed precision (AMP) to maxi-
mize throughput and memory efficiency. Training
largely follows DECOME’s setup: mini-batch size
= 32, number of deliberation passes = 3, dropout =
0.1, and we train up to 100 epochs with early stop-
ping monitored on validation BLEU-4 / ROUGE-L.
The generator is optimized with AdamW (weight
decay = 0.01, learning rate for the generator 3e-5),
while the GAT encoder (jointly fine-tuned) uses a
higher LR (le-3); gradients are clipped to norm
1.0. The GAT encoder is configured as 2 layers x 4
heads with node hidden size 256 and layer dropout
0.1. Other engineering details are provided in the
project repository.

B Bytecode Preprocessing and
Normalization

Raw bytecode often contains low-level details (e.g.,
constant values, literal addresses, or local variable
indices) that are irrelevant to program functionality
and may fragment the retrieval space. To improve
retrieval quality, we apply a lightweight canoni-
calization process before indexing, transforming
each method’s bytecode into a normalized token
sequence that emphasizes its computational struc-
ture and control flow. The preprocessing procedure
consists of the following steps:

1. Opcode extraction. Each bytecode instruc-
tion is converted into its opcode name token
(e.g., iload, invokevirtual, if_icmplt),
optionally retaining short operand type sig-
natures while omitting literal values.

Operand normalization. Identifiers such as
variable indexes or constant literals are re-
placed with placeholders, e.g., iload_1 —
iload VAR, 1dc #5 — ldc CONST.

Basic-block separators. A special token
(e.g., BBSEP) is inserted between basic blocks
to retain coarse-grained control-flow bound-
aries in the serialized sequence.
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4. Edge-type markers (optional). When
available, control-flow edge types are pre-
served through special tokens (e.g., JUMP,
FALLTHROUGH, EXC), enhancing the represen-
tational capacity for control-flow signals even
within a linearized format.

. Sequence truncation. Extremely long byte-
code sequences are truncated or windowed
to maintain tractable document lengths for
BM2S5 retrieval.

This canonicalization removes spurious variabil-
ity (e.g., register numbering or literal constants)
and ensures that indexing focuses on structural pat-
terns and control signals that better reflect program
functionality.
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