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Abstract—In software engineering, establishing accurate trace-
ability links between requirements and source code is essential
for many development and maintenance tasks, yet it remains
challenging in large and structurally complex software systems.
Recent retrieval-augmented generation approaches based on
large language models have introduced new opportunities for
automated traceability link recovery. However, their effectiveness
is often constrained by retrieval quality and the vulnerability of
single-pass decision mechanisms to reasoning errors and halluci-
nations. This paper proposes SARYV, a framework that explicitly
decouples candidate link generation from link validation. In
the retrieval stage, a structure-aware hybrid retrieval strategy
is employed to identify potential links. In the validation stage,
SARY introduces a multi-agent collaborative mechanism guided
by auxiliary information, which applies a reflect-and-correct
strategy to transform traceability decisions from a one-shot classi-
fication process into a verifiable and error-correctable validation
process. Experimental results on multiple public datasets show
that SARV achieves competitive and stable performance across
diverse project settings.

Index Terms—Software Traceability, Traceability Link Recov-
ery, Retrieval-Augmented Generation, Large Language Models,
Multi-Agent Systems

I. INTRODUCTION

In complex software development processes, developers and
other stakeholders are required to handle a large number of
heterogeneous software artifacts, such as requirements, source
code, documentation, and models. As a result, the success of
software development largely depends on understanding the
relationships among these artifacts. In particular, establishing
accurate traceability links between requirements and source
code—commonly referred to as Traceability Link Recovery
(TLR)—is crucial for downstream tasks such as change impact
analysis, compliance verification in safety-critical systems, and
software maintenance [1]. However, maintaining traceability
links manually is both labor-intensive and error-prone [2].

To address this issue, a wide range of automated TLR
approaches have been proposed, including methods based on
information retrieval (IR), deep learning, pre-trained models,
and heuristic strategies [3], [4]. Among these approaches,
textual similarity computation has consistently played a cen-
tral role. Nevertheless, due to the substantial semantic gap
between requirements documents written in natural language
and source code expressed in programming languages in terms
of lexical expression and abstraction levels, methods that

rely solely on textual similarity often fail to capture deeper
logical relationships. As a result, the performance of existing
approaches remains insufficient to meet the demands of real-
world industrial applications [5].

Large language models (LLMs) have demonstrated strong
potential in natural language understanding and have proven
effective in various software engineering tasks, such as code
generation [6], [7], code summarization [8], and API rec-
ommendation [9]. However, directly applying LLMs to the
TLR task presents several limitations. In large-scale software
systems, when models are required to reason over tens of
thousands of requirements, design documents, and source
code files, they are vulnerable to input length constraints and
contextual noise. Moreover, full-scale inference leads to high
computational costs and low response efficiency, making it
difficult to satisfy the timeliness requirements of real-world
engineering scenarios. Consequently, retrieval-augmented gen-
eration (RAG) [10] has emerged as a promising solution,
in which information retrieval techniques are used to filter
relevant artifacts and provide contextual support for LLM-
based reasoning.

Despite its potential, existing RAG-based LLM approaches
still face several challenges when applied to complex real-
world projects. First, the overall performance of current meth-
ods is constrained by the recall quality of the retrieval stage,
as low-quality retrieved contexts directly determine the upper
bound of subsequent LLM-based decisions. In terms of code
representation, most existing studies treat source code as
isolated textual units. Although some approaches incorporate
call relationships or dependency information, such structured
knowledge is often not explicitly transformed into reasoning
evidence that can be effectively understood by LLMs. As
a result, when a requirement is implemented through the
collaboration of multiple classes, models struggle to capture
the overall business logic and consequently miss critical indi-
rect traceability links. From a reasoning perspective, existing
frameworks typically treat LLMs as one-pass decision makers.
This lack of reflection and self-correction mechanisms makes
them highly susceptible to hallucinations and superficial tex-
tual similarity, leading to high false-positive rates in scenarios
where domain concepts overlap but the underlying logic differs
fundamentally.

To address these challenges, we propose SARV, a multi-



agent verification framework for retrieval-augmented software
traceability. SARV explicitly separates candidate link gener-
ation in the retrieval stage from reliable link verification. In
the retrieval stage, a structure-aware hybrid retrieval mecha-
nism is introduced, in which LLM-based semantic structure
parsing is used to transform requirements and source code
into unified natural language descriptions, thereby bridging the
semantic gap between heterogeneous artifacts. On this basis,
SARV combines BM25-based lexical retrieval with relevance
propagation over code dependency graphs to obtain candidate
traceability links. In the verification stage, SARV moves be-
yond simple one-pass LLM decisions and instead constructs an
auxiliary-information-guided dual-agent collaborative strategy,
in which auxiliary information, including call relationships and
contextual descriptions, is explicitly incorporated as reasoning
evidence, transforming single-pass decisions into iterative rea-
soning with self-correction capabilities.

The main contributions of this paper are summarized as
follows:

o We propose SARV, a multi-agent verification framework
for retrieval-augmented software traceability. By explic-
itly decoupling candidate link generation from link veri-
fication, SARV provides a new approach for constructing
stable and reliable TLR pipelines in complex software
systems.

e We design a structure-aware hybrid retrieval strategy
that leverages LLM-based semantic parsing to unify the
representations of requirements and source code, and
combines lexical retrieval with dependency propagation
to enhance retrieval quality.

o« We introduce an auxiliary-information-guided reflect-
and-correct multi-agent verification mechanism. By in-
corporating auxiliary information as reasoning evidence
and employing dual-agent collaboration to review and
correct decisions, this mechanism effectively reduces
hallucinations and false positives arising from one-pass
LLM reasoning in complex scenarios.

e We conduct systematic evaluations on multiple public
requirement—code traceability datasets. Experimental re-
sults demonstrate that SARV achieves superior overall
performance and stability across diverse project settings
compared to state-of-the-art approaches.

II. RELATED WORK

This section focuses on state-of-the-art techniques for
Requirement-to-Code Traceability Link Recovery (TLR), sys-
tematically reviews the landscape of existing methods, and
elaborates on recent advancements in the application of Large
Language Models (LLMs) within this domain.

A. Classical Approaches for Requirement—Code Traceability
Link Recovery

Requirement—code Traceability Link Recovery (TLR) aims
to identify semantic correspondences among different software
artifacts and serves as a fundamental basis for tasks such as

change impact analysis, software maintenance, and consis-
tency checking. Early traceability studies primarily relied on
information retrieval (IR) techniques, such as VSM, LSI, and
LDA, to recover links by computing textual similarity [11]-
[15]. Although these approaches exhibit good scalability, their
effectiveness is often limited by the lexical gap between
requirements and source code [16].

Beyond IR-based methods, several representative ap-
proaches model TLR directly as a link validity determina-
tion problem and incorporate stronger reasoning capabilities
or fine-grained semantic modeling. For example, COMET,
proposed by Moran et al. [17], integrates similarity evidence
across multiple stages using Bayesian reasoning and enhances
results by leveraging feedback and transitive relationships.
Fine-Grained Trace Link Recovery (FTLR), introduced by Hey
et al. [2], adopts “requirement statement—code method” pairs
as fine-grained analysis units and utilizes word embeddings to
capture more detailed semantic associations, thereby improv-
ing the precision of sentence-level traceability link recovery.

To alleviate the impact of lexical mismatch, Gao et al.
[18], [19] enhance artifact representations by incorporating co-
occurring term pairs from requirements and code, thereby im-
proving semantic consistency within traditional IR pipelines.
In addition, some studies extend traceability relationships
by introducing intermediate artifacts or exploiting transitive
links. Nishikawa et al. [20] propose leveraging intermedi-
ate artifacts to enable indirect traceability across heteroge-
neous artifact types. Rodriguez et al. [21] conduct a sys-
tematic analysis of path aggregation strategies under multiple
source—intermediate—target paths, comparing functions such
as maximum, summation, and weighted summation. With the
advancement of pre-trained language models, researchers have
further introduced Transformer-based pre-trained models, such
as BERT [22] and its variants, to obtain context-sensitive
semantic representations [23], [24].

B. Applications of Large Language Models in TLR

With the emergence of large language models (LLMs),
researchers have begun to explore their potential applications
in TLR tasks. Rodriguez et al. [25] evaluate the capability
of LLMs to directly determine traceability links through
natural language prompting. Their results indicate that LLMs
are able to understand domain-specific knowledge, such as
abbreviations and implicit semantics, but their performance
is highly sensitive to prompt design. Zou et al. [26] further
conduct a systematic evaluation of multiple mainstream LLMs
on TLR tasks and point out that relying solely on textual
similarity is insufficient, while structural information and
semantic reasoning capabilities play a critical role in achieving
better performance.

However, directly applying LLM reasoning to all require-
ment—code pairs in large-scale projects faces challenges related
to context length limitations and high computational costs. To
address these issues, retrieval-augmented generation (RAG)
[10] has been introduced into the TLR domain to improve
reasoning quality while maintaining scalability. Ali et al. [27]



propose the RARTG approach, which combines keyword-
based indexing with vector-based retrieval to identify relevant
classes and code fragments from codebases and uses them
as contextual input for LLM-based decision making. Their
method achieves superior performance compared to traditional
IR approaches on multiple public datasets.

The LiSSA framework, proposed by FuchB et al. [28], [29],
further validates the effectiveness and generality of RAG in
TLR tasks. LiSSA constructs retrieval contexts using code
chunking strategies at different granularities, such as fixed-line
segmentation or method-level splitting, and employs LLMs as
decision makers for candidate traceability links. The frame-
work demonstrates favorable precision and scalability across
multiple requirement-to-code tasks, and its accompanying
datasets have been publicly released to facilitate subsequent
comparative studies.

Different from the aforementioned studies, existing LLM-
and RAG-based TLR approaches typically treat source code
as raw programming language text during the retrieval stage,
failing to effectively bridge the representational heterogeneity
between requirements and source code, and rarely model
structured dependencies among code artifacts explicitly. In the
reasoning stage, these methods often employ LLMs as one-
pass decision makers, lacking systematic mechanisms for re-
viewing and correcting reasoning outcomes, and are therefore
susceptible to hallucinations and superficial textual similarity.
To address these limitations, this paper unifies the represen-
tations of requirements and source code through semantic
structure parsing during retrieval and generates high-quality
candidate links by combining lexical retrieval with structured
dependency propagation. On this basis, a multi-agent collab-
orative verification mechanism is introduced, which improves
traceability precision and result interpretability through a “pre-
liminary reasoning-review and correction” workflow, rather
than relying on prompt engineering techniques.

I[1I. METHOD

This section introduces the two core components of
the SARV automated traceability link recovery frame-
work: a structure-aware hybrid retrieval mechanism and an
auxiliary-information-guided multi-agent collaborative verifi-
cation mechanism.

A. Structure-Aware Hybrid Retrieval Stage

As illustrated in Fig. 1, the structure-aware hybrid retrieval
stage generates a high-confidence candidate set through a
cascaded strategy. Specifically, heterogeneous textual repre-
sentations are first unified via semantic parsing; preliminary
filtering is then performed based on hybrid similarity compu-
tation; finally, code dependency propagation is introduced to
“activate” potential implicit traceability links.

1) Data Preprocessing and Semantic Structure Extraction:
In requirement—code traceability tasks, requirements docu-
ments and source code differ substantially in their forms of
expression. Therefore, the primary objective of this subsection
is to normalize both requirements and code into alignable

natural language representations. Meanwhile, we construct a
BM25 index to preserve precise sparse retrieval capability for
program symbols.

To bridge the heterogeneity between requirements and code,
we further introduce semantic structure extraction. Lever-
aging the strong comprehension and abstraction capabilities
of LLMs, unstructured requirement texts and semi-structured
code snippets are unified into a structured representation
along four semantic dimensions: core functionality w., which
captures high-level business intent for goal alignment; key
entities w,, which identify core data objects and roles to
ensure accurate alignment between domain concepts and code
classes; operational process wp, which abstracts away low-
level syntactic details while focusing on logical transitions
and algorithmic steps to capture deeper behavioral consis-
tency; and business context ws, which defines the contextual
constraints under which a functionality is triggered. Through
this structured extraction, complex code implementations are
transformed into requirement-isomorphic natural language de-
scriptions, providing a stable and interpretable foundation for
subsequent similarity computation.

Different types of requirements exhibit distinct information
distributions across semantic dimensions. For example, data
modeling or persistence-related requirements rely more heav-
ily on entity and attribute information, whereas algorithmic
or business-rule-oriented requirements emphasize operational
processes and conditional constraints. Motivated by this ob-
servation, we further introduce an adaptive weight generation
mechanism.

Specifically, during semantic structure extraction, the LLM
simultaneously acts as a domain expert and dynamically
assigns a set of normalized importance weights Wy =
{we, we, wy, ws} based on the semantic characteristics of the
requirement.

For interaction-oriented requirements such as “when the
user clicks the delete button,” the model automatically in-
creases the weight of the business context dimension ws.
For computation-oriented requirements such as “calculating
interest using a specific formula,” the weight of the operational
process dimension w), is significantly amplified. This mech-
anism enables the model to simulate the cognitive behavior
of human developers during traceability analysis, adaptively
focusing on the most critical semantic dimensions according to
task type, and thereby achieving robust similarity computation
across diverse query scenarios.

2) Vector Generation and Hybrid Similarity Computation:
To jointly capture deep semantic relevance and precise lexical
matching, we design a hybrid scoring mechanism. Specifically,
based on the adaptive weights W obtained in the previous
stage, we first compute a weighted cosine similarity between
requirement and code vectors. Meanwhile, the BM25 score,
normalized using Min—-Max normalization and denoted as
Skmpss 18 incorporated as a complementary signal. The final
hybrid relevance score Sgp, is defined as:

Stnal = @ ) w(r,a)-€08(U(r,), V() + (1 =) Sias (1)
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Fig. 1. Overview of the structure-aware hybrid retrieval stage.

where u(g,q) and v(c,q) denote the vector representations of
the requirement and the code, respectively, under semantic
dimension d, and « € [0, 1] controls the relative contribution
of semantic similarity and lexical matching signals.

Based on the overall distribution of Sgn,, we further in-
troduce an adaptive threshold 7 = p 4+ Ao to dynamically
truncate low-confidence candidates, thereby generating the
initial candidate set Cj.

3) Dependency Propagation: Although some target code
artifacts exhibit low direct textual similarity with the re-
quirement, they are often connected to high-confidence code
through invocation or dependency relationships. To exploit
such structural cues, we construct a code dependency graph
G = (V, E) and introduce a structure-aware score propagation
mechanism.

Starting from the initial candidate set Cjy as seed nodes,
relevance scores are propagated to neighboring nodes along
dependency edges. To suppress noise propagation, only the
Top-k neighboring nodes with the highest hybrid relevance
scores are selected for weighted enhancement. The propagated
score for a candidate node ¢’ is defined as:

Spmp(cl) - Sﬁnal(cl) + % Z Sﬁnal(n) (2)

€€ Nigp-re ()

where ¢’ denotes a candidate node being enhanced during the
propagation process, Np.x(¢’) represents the set of Top-k
neighbors of ¢’ ranked by Sgna, and 3 controls the strength
of structural propagation.

After propagation, nodes whose scores exceed the prede-
fined threshold are incorporated into the expanded candidate
set.

B. Auxiliary-Information-Guided Multi-Agent Collaborative
Verification

As illustrated in Fig. 2, this stage adopts a dual-agent collab-
orative architecture to perform auditable verification of candi-
date traceability links. By incorporating auxiliary information

derived from code structure and employing a “reflection—
correction” mechanism, the proposed approach enables sys-
tematic review and refinement of verification decisions.

1) Auxiliary Information Generation: We adopt a
lightweight static analysis approach to extract structural
dependency relationships among code files from the source
code repository. For each code file to be verified, we
characterize its invocation context (i.e., which code files
invoke this file within the business workflow) as well as
its external dependencies (i.e., which other code files and
key methods are invoked by this file). These structured
dependency relations are organized into semi-structured
natural language descriptions—specifically detailing ‘Context:
This code is called by [Callers]’ and ‘Dependencies: [Callee]
(uses: [methods])’—which serve as auxiliary inputs for the
multi-agent reasoning module.

By incorporating such structured auxiliary information, the
verification stage is able to analyze requirement—code relation-
ships from the perspective of a code artifact’s functional role
and business position within the overall system, rather than
relying solely on local code snippets or superficial keyword
overlap.

2) Agent A: Agent A serves as the first analytical role
in the verification stage and is responsible for performing
preliminary association reasoning on requirement—code candi-
date pairs. Rather than directly producing a final decision, its
objective is to generate plausible linkage hypotheses through
systematic analysis, while simultaneously outputting interme-
diate reasoning results that can be inspected and reviewed in
subsequent stages.

At the input level, Agent A receives the requirement text, the
code text, and the auxiliary structural information generated
via static analysis. During inference, the agent is explicitly
guided to adopt step-by-step Chain-of-Thought reasoning,
integrating information from the requirement, the code, and
the auxiliary inputs in a progressive manner. The reasoning
process is constrained along three dimensions: (1) consistency
between the functional objectives of the requirement and the
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Fig. 2. Overview of the auxiliary-information-guided multi-agent collaborative verification stage.

core behaviors implemented in the code; (2) the supportive
or connective role played by the code within the overall
business workflow; and (3) whether the structural dependency
information provides concrete evidence for the hypothesized
association.

Under these constraints, Agent A outputs not only a prelim-
inary decision, but also the corresponding reasoning process,
key supporting evidence, and potential sources of uncertainty,
thereby facilitating subsequent review and correction by other
agents in the collaborative verification framework.

3) Agent B: After Agent A produces a preliminary judg-
ment, Agent B intervenes in the verification process as an in-
dependent reviewing role. Rather than regenerating association
reasoning from scratch, the primary responsibility of Agent B
is to conduct a systematic review and correction of the existing
reasoning process.

To this end, Agent B receives the complete requirement text,
the code text, the auxiliary structural information, as well as
the decision output by Agent A together with its corresponding
Chain-of-Thought reasoning. The review focuses on three key
aspects: (1) whether the key evidence cited in the reasoning
truly reflects alignment at the level of business logic or system
functionality, rather than remaining at superficial semantic
similarity; (2) whether the reasoning steps exhibit issues such
as logical leaps, evidence over-generalization, or unwarranted
conclusion expansion; and (3) whether the structural position
of the code within the invocation and dependency network
is consistent with the functional module implicated by the
requirement.

By treating the Chain-of-Thought reasoning itself as an
explicit object of scrutiny, Agent B is able to identify and
correct potential logical deficiencies in the preliminary analy-
sis, thereby enabling more robust and reliable verification of
candidate traceability links.

IV. EVALUATION

This section presents a systematic evaluation of the pro-
posed approach. The experiments are conducted on the task

of requirement-to-code Traceability Link Recovery (TLR) and
compare our method against multiple representative baseline
approaches, with the goal of analyzing its effectiveness and
robustness across different project scenarios.

A. Datasets

We evaluate SARV on four widely used datasets: SMOS,
eTour, iTrust, and Dronology, which cover diverse domains
(education, tourism, healthcare, and aerospace) as summarized
in Table I. For Dronology, we employ both RE—Code and
DD—Code mappings [28], where Design Definitions (DD) are
considered low-level requirements closer to implementation
details.

TABLE I
OVERVIEW OF THE DATASETS
Dataset Language® StatisticsP
NL Code Req Code TL

SMOS IT Java 67 100 1044 (15.6%)
eTour EN Java 58 116 308 (4.6%)
iTrust EN Java 131 226 286 (1.0%)
Dronology (RE) EN  Java, Python 99 423 602 (1.4%)
Dronology (DD) EN  Java, Python 211 423 740 (0.8%)

AIT = Italian, EN = English.
PReq = Requirements, TL = Traceability Links.

B. Evaluation Metrics

To assess the performance of the proposed approach, we
adopt evaluation metrics that are commonly used in the
TLR literature, including Precision, Recall, and the Fj score.
In fully automated TLR settings, the Fj score is used as
the primary evaluation metric. In semi-automated scenarios,
where coverage of true traceability links is emphasized, we
additionally report the F» score, which assigns a higher weight
to recall.

These metrics enable direct and fair comparison between
the proposed approach and existing traceability link recovery
methods.



TABLE II
PERFORMANCE COMPARISON ON INDIVIDUAL DATASETS AND OVERALL AVERAGES (MERGING ABLATION STUDY).

SMOS eTour iTrust Dronology (RE) Dronology (DD) Avg. w. Avg.

Approach P R ) F P R 1 35 P R i 12 P R F1 3 P R F1 I F1 [ F1 s
VSMopt 430 414 422 417 557 427 483 448 208 227 217 223 844 087 .I58 106 .846 .071 .I31 .087 | 282 256 | 283 257
LSIopt. 415 430 422 427 452 453 453 453 251 255 253 254 333 107 162 .124 757 074 135 .090 | 285 270 | .285 .268

COMETopt 195 572 291 413 410 468 437 455 361 231 282 249 - - - - - - - - - - - -
FTLR 444 331 380 349 379 633 474 558 165 339 222 280 .183 161 172 165 129 154 140 .148 | 278 300 | 273 277
FTLRopt 314 588 409 501 505 597 548 576 234 241 238 240 184 170 177 173 140 147 144 146 | 303 327 | 294 329

RARTG 608 126 209 150 543 242 334 272 289 292 290 291 - - - - - - - - - - - -
LiSSA 590 195 294 226 409 734 526 .633 199 451 276 360 226 344 273 311 177 380 241 309 | 322 368 | .299 319
RI 225 770 348 528 129 935 227 407 025 .899 .049 .11l 041 789 077 .170 075 .664 .135 252 | .167 294 | .199 335
ous R2 296 767 427 582 136 938 238 431 057 787 .107 222 032 .581 .064 .131 088 568 .144 272 | .196 328 | 233 364
7 Agent A 414 652 506 585 242 906 382 585 101 745 177 327 056 558 .103 201 .108 555 181 304 | 270 400 | 300 413
Agent B 499 554 525 542 552 640 593 620 221 521 311 410 214 310 253 284 220 353 271 315 | 391 434 | 394 429

TABLE III

REPRESENTATIVE CASES WHERE AGENT B CORRECTS FALSE POSITIVES PRODUCED BY AGENT A (REASONING SUMMARIZED).

Case Requirement—Code Pair Agent A (Initial Reasoning)

Agent B (Correction Rationale)

Cl UCl < ICulturalHer- Judged as related due to shared domain entity and
itageCommonManager package-level proximity.
C2 UC1 < TagAgencyOpera- Considered related due to the presence of a delete-related

torManager method and invocation proximity.

Rejected because the requirement specifies a delete oper-
ation, while the code only implements read and feedback-
modification logic.

Rejected because the code deletes tag entities rather than
cultural heritage objects required by the use case.

TABLE IV
FILTERING PERFORMANCE OF AGENT B (ACCURACY BREAKDOWN).

Dataset Correctly  Incorrectly Accuracy
Filtered Filtered
SMOS 385 103 78.89%
eTour 715 82 89.71%
iTrust 1378 64 95.56%
Dronology (RE) 4938 150 97.05%
Dronology (DD) 2475 150 94.29%
Overall 9891 549 94.74%

C. Model Configuration

1) Configuration of the Structure-Aware Hybrid Retrieval
Stage: For semantic parsing, we employ the DeepSeek-V3.2
Chat model with the temperature set to 1.0, and use the text-
embedding-3-large model to generate vector representations.
To balance semantic matching and precise lexical matching,
the fusion coefficient o is set to 0.7, allowing semantic
similarity to serve as the dominant signal while preserving
the advantages of BM25 in matching program identifiers and
abbreviated terms. The adaptive threshold parameter A is set to
1.2. For the Dronology (DD) dataset, which has a significantly
larger search space, A is increased to 2.5 in order to control
the candidate set size and reduce the computational cost of
subsequent LLM-based verification. This adjustment is made
primarily due to computational cost constraints rather than
performance-oriented tuning.

During the dependency propagation (graph propagation)
stage, to achieve a balance between incorporating structural
information and suppressing noise, the number of neighbors
is set to k = 3, and the propagation coefficient 5 is set to
0.3. This configuration helps prevent semantic drift caused by
excessive reliance on neighboring nodes.

2) Agent Model Configuration: To balance performance
and computational cost, we adopt heterogeneous model collab-
oration in the verification stage. Agent A, responsible for pre-

liminary reasoning, employs the doubao-seed-1-6-1lite
model, while Agent B, which performs review and correction,
uses the DeepSeek-V3.2 Chat model. The temperature param-
eter is set to 1.0 for both agents, following the official recom-
mendations of the corresponding models for data processing
tasks.

D. Baselines

1) Internal Baselines and Ablation Variants: To quantify
the contribution of semantic structure extraction and the roles
of different agents, we construct a series of progressively
enhanced internal baselines as follows:

Unstructured Retrieval (denoted as RI): As an ablation
baseline, this setting removes semantic structure extraction.
The full texts of requirements and code artifacts are directly
fed into the embedding model to generate global vector rep-
resentations. This baseline is used to assess the effectiveness
of semantic structure parsing.

Structure-Aware Hybrid Retrieval (denoted as R2): This
baseline adopts the complete retrieval pipeline of SARV but
does not introduce any agent-based verification. It serves as a
benchmark for evaluating the performance of retrieval alone.

Agent A: In this setting, based on the candidate set generated
by R2, only Agent A is introduced to perform preliminary
reasoning and decision-making on requirement—code candidate
pairs.

Agent B: This baseline corresponds to the full proposed
method (SARV), in which Agent B is introduced on top of
Agent A to conduct review and correction.

2) Requirement-to-Code Traceability Link Recovery Base-
lines: In addition to the internal baselines, we also include
several representative external methods for comparison. The
technical details of these methods are described in Section II.

For FTLR, we report the best-performing configuration
provided in the original work (denoted as FTLR_OPT). The
results of COMET on the SMOS, eTour, and iTrust datasets are



directly taken from the reproduction package released by Hey
et al. [30]; due to the lack of a reproducible implementation,
COMET is not evaluated on the Dronology dataset. For VSM
and LSI, we directly adopt the experimental results reported
by Dominik Fuchs et al. in the LiSSA study [28]. This work is
based on standard reproduction code with systematic parame-
ter search, and its results can be regarded as the performance
upper bounds of these methods on the corresponding datasets.

In addition, the comparison results of LiSSA are taken
from its original paper using the GPT-40 model with Chain-
of-Thought prompting under the best-performing configura-
tion [28]. The results of RARTG are directly adopted from the
best parameter variant (RARTG-C1) reported in the original
paper [27].

E. Results

1) Overall Performance and Ablation Analysis: The exper-
imental results in Table II demonstrate the progressive per-
formance improvements contributed by different components
of the SARV framework. Compared to the unstructured re-
trieval baseline (R1), the structure-aware hybrid retrieval (R2)
achieves consistent gains in both weighted average F1 and F2
scores (e.g., w. Avg F1 increases from 0.199 to 0.233). This
validates that unifying artifact representations via semantic
structure parsing effectively bridges the representational gap
and improves candidate quality. Furthermore, R2 reduces the
candidate search space by 59.6% to 94.7%, significantly low-
ering the computational overhead for subsequent reasoning.

Building upon the retrieval stage, the introduction of
multi-agent verification further improves overall performance.
Agent A effectively eliminates a large portion of obvious false
positives through preliminary reasoning, leading to notable
precision gains. More importantly, the complete SARV con-
figuration with Agent B achieves a more favorable precision—
recall trade-off on most datasets and attains the best weighted-
average F score of 0.394, indicating the effectiveness of the
proposed collaborative verification mechanism.

Wilcoxon signed-rank tests confirm that these improvements
are statistically significant (p < 0.05). Given the substantial
costs of LLM inference, we focused this validation on the
comparison between the configuration with the best average
F score (i.e., Agent B) and the baselines.

2) Insights into Review and Correction Behaviors: To ana-
lyze the correction effectiveness of Agent B, we conduct both
quantitative and qualitative analyses of its rejection behavior.
As summarized in Table IV, Agent B correctly filtered 9,891
out of 10,440 rejected candidate links, achieving a correction
accuracy of 94.74%, while introducing only a small number
of incorrect rejections.

Further inspection of representative cases in Table III reveals
that Agent B effectively acts as a “logical auditor.” Specifically,
it is capable of identifying superficial traps caused by domain-
term overlap—such as cases where keyword similarity exists
without actual functional alignment—and correcting halluci-
nated judgments produced by Agent A. Through such review
and correction, Agent B not only improves precision but

also enhances the interpretability and reliability of the final
traceability results.

V. CONCLUSION AND FUTURE WORK

This paper proposes the SARV framework, which effec-
tively addresses the semantic gap and model hallucination
issues in automated traceability link recovery by explicitly
decoupling candidate generation from link verification. Ex-
perimental results demonstrate that the proposed structure-
aware hybrid retrieval strategy compresses the search space by
59.6% to 94.7% while maintaining high recall, thereby signif-
icantly reducing computational cost. Moreover, the reflection—
correction-based multi-agent collaborative verification mech-
anism further improves the precision—recall trade-off and en-
hances the interpretability of the recovered traceability links.

Future work will primarily focus on two directions. First,
cross-domain extension: we plan to extend the proposed verifi-
cation framework to heterogeneous traceability scenarios such
as requirement-requirement and model-code traceability, in
order to support complex development paradigms including
Model-Driven Development and Model-Based Systems En-
gineering. Second, adaptive parameter optimization: for key
hyperparameters that are currently manually specified in the
framework, we will explore automated configuration mecha-
nisms that dynamically search for optimal parameter combi-
nations based on project-specific code characteristics and data
distributions. This direction aims to substantially improve the
generality and practical applicability of the proposed approach.
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