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Abstract—Large Language Models (LLMs) have shown strong
potential in automated vulnerability repair; however, generated
security patches often lack reliability, semantic guarantees, and
interpretability. Purely generative approaches may remove super-
ficial patterns while failing to eliminate root-cause vulnerabilities
or preserve program behavior. To address this limitation, this
study proposes an Explainable Multi-Stage Validation Frame-
work that integrates static vulnerability filtering, graph-based
semantic consistency analysis, and test-driven verification within
a unified pipeline. The framework further incorporates a struc-
tured explanation module to provide interpretable reasoning for
patch correctness. Experimental evaluation on Juliet, Devign, and
Defects4] security benchmarks demonstrates that the proposed
approach achieves 96.3% vulnerability removal accuracy and
reduces false-fix rates to 9.3%, outperforming LLM-only and
hybrid baselines. Additionally, the framework maintains high
semantic similarity (0.97) and explanation fidelity above 90%
while preserving computational efficiency. The results indicate
that combining neural generation with structured validation
significantly enhances the trustworthiness of Al-driven security
patch validation systems.
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I. INTRODUCTION

Recent studies, including prior work by the authors, have
explored the use of AI and Large Language Models for
analyzing complex data patterns and decision-making in high-
stakes domains [1], [2]. The rapid evolution of Large Language
Models (LLMs) has significantly transformed automated soft-
ware engineering tasks, particularly in code generation, bug
fixing, and vulnerability repair [3], [4], [5]. Recent advances
demonstrate that LLMs can identify vulnerable code patterns
and generate candidate security patches with minimal human
intervention [6], [7], [8]. Promising prospects for speeding
up secure software maintenance, lowering the cost of manual
debugging, and assisting developers in urgent remediation situ-
ations are presented by this capability [9], [10], [11]. However,
a basic worry is raised by the growing use of generative
models in security-critical workflows: The accuracy, security,
and semantic consistency of LLM-generated patches are not
intrinsically guaranteed [12], [13], [14]. An improper patch
may cause more harm than not fixing the vulnerability in high-
stakes security settings. Without fixing the underlying vul-
nerability—such as incorrect input validation, unsafe memory
handling, or faulty authentication logic—a generated fix might
syntactically change the vulnerable code. Patches sometimes
eliminate the initial vulnerability but change the intended

program behavior or introduce new flaws. Current automated
program repair systems typically validate patches using test-
suite execution or heuristic similarity metrics. Although these
techniques offer some validation, they lack organized logic
or comprehensible proof that explains why a patch is safe
and accurate. Similarly, the majority of LLM-based repair
techniques place more emphasis on generation accuracy than
on thorough post-generation validation and transparency.

Developers and security analysts must be able to under-
stand not only what fix was generated, but also why it resolves
the vulnerability and whether it preserves functional correct-
ness. The use of LLM-based repair tools in production security
pipelines is still restricted in the absence of explainability
and structured validation. This study proposes an Explainable
LLM-Based Security Patch Validation Framework to address
the intersection of explainable Al, reliability verification, and
automated vulnerability, as illustrated in Fig. 1. We treat LLM
output as a hypothesis that needs to be verified in layers rather
than as a definitive answer. Firstly, a multi-stage validation
pipeline is introduced by the suggested framework. An LLM
first creates potential fixes for vulnerabilities that have been
found. Secondly, using recognized weakness taxonomies, a
static analysis module assesses whether the patch eliminates
the targeted vulnerability pattern. Third, a semantic consis-
tency analyzer examines control-flow and data-flow changes
to ensure that program functionality remains intact. Finally, an
explanation module synthesizes structured reasoning outlining:
1) the vulnerability’s underlying cause, ii) the patch’s corrective
mechanism, and iii) any lingering risks or presumptions.

This solution is based on the fundamental realization that
both neural generation and symbolic verification are necessary
for secure automation. The suggested system improves user
confidence in Al-generated repairs while increasing reliability
by combining interpretable reasoning, static analysis, and
semantic checks into a single framework.

The contributions of the study are as follows:

e A structured multi-stage validation framework that
integrates LLM-based patch generation with static and
semantic security verification mechanisms.

e An explainability module that generates structured,
human-interpretable justifications for patch correctness
and vulnerability mitigation.

e A semantic consistency analysis component designed to
detect overfitting or behavior-altering patches that pass
superficial checks.
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Fig. 1. Challenges of LLM-generated security patches.

e A comprehensive evaluation protocol measuring vulnera-
bility removal accuracy, false-fix rate, semantic preserva-
tion, and explanation fidelity.

II. LITERATURE SURVEY

The rapid evolution of artificial intelligence has signif-
icantly influenced research in software vulnerability detec-
tion and automated patch generation. Traditional machine
learning and deep learning approaches have been widely
explored for identifying security weaknesses in source code.
Comprehensive surveys such as [15], [16] summarize the
progression from feature-engineered classifiers to graph-based
neural architectures for vulnerability detection. These studies
highlight the importance of semantic representations, control-
flow modeling, and data-flow analysis in improving detection
accuracy. More specialized frameworks, including [17], [18],
investigate Al-driven vulnerability detection in embedded and
domain-specific systems, while [19] leverage large language
code embeddings and semantic vulnerability graphs to capture
causative relationships in open-source software security.

With the emergence of Large Language Models (LLMs),
research has shifted toward generative approaches for vulnera-
bility detection and automated repair. Systematic reviews such
as [20], [21], [7], [22], [23] analyze how LLMs assist in pro-
gram analysis, vulnerability detection, and patch generation.
Han et al. [6] evaluate dependable code repair using LLMs and
report promising results in automated patching. Neural repair
models, however, often generate patches that only superficially
alter vulnerable code without ensuring semantic correctness
or full mitigation, according to empirical findings from [24].
Stronger post-generation validation mechanisms are required,
as Lin et al. [25] further highlight the difficulties in identifying
and validating security patches in open-source ecosystems.

Another major theme in Al-based cybersecurity research is
explainability. Mao et al. [26] show the importance of inter-
pretable reasoning in security analysis and examine explainable
vulnerability detection using LLLMs. To improve transparency,

hybrid explainable frameworks, like [27], combine explainabil-
ity elements with Al-based detection. In addition to source
code analysis, [28] uses knowledge graphs and LLMs to detect
explainable threats in network security, while [29] investigates
explainable and privacy-preserving Al systems in more general
cybersecurity contexts. Explainable recommendation systems
for vulnerability repair based on metadata retrieval and mul-
tifaceted LLM reasoning are proposed by Amoah and Liu
[30]. Despite these developments, the majority of explainable
Al techniques concentrate on vulnerability identification rather
than systematic validation and justification of security patches
that are produced. Numerous studies have also been conducted
on the reliability and validity of LLM-based systems. Huang
et al. [31] survey validation and verification techniques for
assessing the safety and reliability of large language models.
Mustafa et al. [32] and Su et al. [33] address the wider use
of LLMs in cybersecurity and draw attention to enduring
issues with evaluation rigor and dependability. When deploying
LLMs for security-sensitive applications, Anand et al. [34]
look at safety issues and adversarial risks. Furthermore, [35]
advocate for integrating Al with formal reasoning mechanisms
to strengthen software security guarantees.

Overall, the body of research shows that Al-based vulner-
ability detection and LLM-driven patch generation have ad-
vanced significantly. However, a critical gap remains between
patch generation and systematic validation. Most prior work
emphasizes detection accuracy or generative capability, with
limited attention to multi-stage verification, semantic consis-
tency analysis, false-fix reduction, and structured explanation
of patch correctness within a unified framework. Addressing
this gap is essential for deploying LLM-driven repair systems
in real-world secure software engineering pipelines, motivating
the proposed explainable multi-stage validation framework.

III. METHODOLOGY

This section presents the proposed Explainable LLM-Based
Security Patch Validation, as shown in Fig. 2. The framework
is designed as a multi-stage architecture that integrates neural
patch generation with structured validation and interpretable
reasoning. Unlike purely generative approaches, the proposed
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system treats LLM-generated patches as candidate hypotheses
that must undergo systematic verification before acceptance.
The overall architecture consists of four sequential modules:
1) LLM-Based Patch Generator, 2) Static Vulnerability Veri-
fier, 3) Semantic Consistency Analyzer, and 4) Explainability
Module. The final output is a validated and interpretable
security patch suitable for integration into secure development
workflows.

A. Problem Formulation

Let a vulnerable program instance be defined as P =
(¢cy, €, 7), where ¢, denotes the vulnerable code snippet, ¢
represents the associated vulnerability label (e.g., CWE cat-
egory), and 7 includes auxiliary metadata such as test cases or
contextual information. The goal is to produce a patched ver-
sion ¢, that: 1) fixes the vulnerability, 2) maintains functional
semantics, and 3) offers comprehensible justification for the
mitigation.

A conditional function is used to model the LLM-based
patch generator:

Cp = f9(cﬂ7g)7 (D

where, a pretrained language model parameterized by 6 is
represented by fy. Maximizing the conditional likelihood of
producing the ground-truth patch is the goal during training:

N
max ) _log Py(c | e, £), 2)

i=1

where, the i-th vulnerable instance, its matching
ground-truth fix, and vulnerability label are indicated by
(c,(f),cg'),f(i)). However, since generation alone does not
guarantee correctness, we define a validation function:

V(cw,cp) € {0,1}, 3)

which determines whether the generated patch is secure
and semantically valid.

B. Proposed Framework Architecture

The proposed framework operates as a layered validation
pipeline. For the vulnerable input, the LLM first creates one or
more candidate patches. The static verification module receives
these candidates and determines whether the vulnerability sig-
nature linked to label £ has been removed. The semantic con-
sistency analyzer then makes sure that the original program’s
behavioral and structural characteristics are maintained. Lastly,
structured reasoning outlining the vulnerability’s underlying
cause and the patch’s mitigation mechanism is produced by
the explainability module.

Formally, given a set of k candidate patches:

{cz()l), 01(72), . c(k)}, ()]

TP

each candidate is evaluated through the validation pipeline,
and the final accepted patch is selected based on a composite
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validation score. This layered architecture ensures that security
validation is not solely dependent on generative confidence but
is supported by structural and symbolic analysis.

C. Dataset Construction

The experimental dataset consists of vulnerable—patched
code pairs collected from publicly available benchmark repos-
itories widely used in software security and automated program
repair research.

D= {(Cg)i)a Céi)vg(i))}g\;lv (5)
where, cq(,i) indicates the vulnerable code snippet, cgi) repre-
sents the corresponding ground-truth patched version, and £(*
is the corresponding vulnerability label (e.g., CWE category).

Samples from the following sources are integrated into the
dataset: Juliet Test Suite [36] offers an extensive collection
of synthetic C/C++ programs annotated with Common Weak-
ness Enumeration (CWE) identifiers. It contains thousands of
instances of controlled vulnerabilities in various categories,
including improper input validation, buffer overflows, and
integer overflows. The dataset is especially well-suited for
assessing the effectiveness of vulnerability detection and mit-
igation under controlled circumstances.

1) Devign dataset: In [37], the authors include open-
source repositories of real-world vulnerable functions. Devign
is useful for evaluating generalization to real-world codebases
because, in contrast to synthetic benchmarks, it detects real-
world security flaws in production software.

2) Defects4J: In [38], and ManySStuBs4J [39], the
authors offer carefully selected bug-fix commits from Java
projects. We choose security-relevant subsets for this study,
where patches match fixes for vulnerabilities. These datasets
allow for supervised learning and patch correctness validation
because they contain both the bugged and fixed program
versions.

The following are included in every sample in D:

(i) The function-level code that is vulnerable;
(i1) The patched version;
(iii)) The vulnerability classification label;
(iv) Optional test cases, if any are available; and

(v) Project metadata.

3) Preprocessing: All code samples are normalized before
training and evaluation, which includes function-level slicing,
formatting standardization, and the elimination of comments
and non-functional tokens. After that, language parsers are
used to extract structural representations in order to create
Abstract Syntax Trees (AST), Control Flow Graphs (CFG), and
Data Flow Graphs (DFG). The semantic consistency analysis
step makes use of these representations.

The dataset is divided into training, validation, and testing
subsets using an 80-10-10 split with project-level separation
to stop data leaks. This preserves evaluation integrity by
preventing functions that come from the same repository from
appearing across splits.
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Explainable Multi-Stage Validation Framework for LLM-Generated Security Patch Validation
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Fig. 2. Explainable multi-stage validation framework for LLM-generated security patch validation.

D. Static Vulnerability Verification

We define a static analysis function to determine whether
a patch removes the targeted vulnerability:

S(c):c—R™ (6)

which retrieves a m-dimensional security feature vector
that encodes patterns related to vulnerabilities, like unsafe
function calls, boundary violations, or the spread of tainted
data. Let ¢, = S(c,) and ¢, = S(c,) represent the feature
representations prior to and following patching, respectively.
A vulnerability removal score is computed as:

Asec = ||¢v - ¢p||2- (7)
If the vulnerability-specific signature corresponding to ¢ is
no longer detected in ¢, the patch satisfies static validation.

E. Semantic Consistency Analysis

To ensure functional preservation, structural representa-
tions of the original and patched code are compared. Let
Gy, = (V,, E,) and G, = (V},, E,) denote the control/data
flow graphs of ¢, and c,, respectively. Graph embeddings are
computed using a Graph Neural Network (GNN):

hy = GNN(G,), h, = GNN(G,). (8)

Semantic similarity is measured using cosine similarity:

hy - hy

Ssem = T L
7o [l Al

€]

If Ssern > 9, where 6 is a predefined threshold, the patch
is considered semantically consistent. When test cases 1" are
available, functional correctness is further validated:

1, if all tests pass

T(cp) = {0 (10)

otherwise.

F. Explainability Module

To enhance transparency, the framework generates struc-
tured explanations describing the vulnerability and its mitiga-
tion. The explanation generator is defined as:

E:g<cvacp7£)a (11)

where, F consists of three components: root cause identi-
fication, mitigation justification, and residual risk assessment.
Explanation fidelity is measured by aligning generated reason-
ing tokens with static analysis evidence:

|Evidence-aligned tokens|
|Total explanation tokens|’

Fidelity = 12)
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G. Final Validation Score

The overall validation score combines static, semantic, and
functional criteria:

Vfinal = Lyyin + 6 : Ssem +7- Ta (]3)

where,  + f + v = 1 and Z,y;, indicates successful
vulnerability removal. A patch is accepted if Vyipa > A,
where A is a predefined threshold.

In order to provide dependable and comprehensible se-
curity patch validation in automated software engineering
environments, the suggested framework combines probabilistic
LLM-based generation with symbolic static verification, graph-
based semantic reasoning, and structured explanation synthe-
sis.

IV. EXPERIMENTAL RESULTS

A thorough assessment of the suggested Explainable LLM-
Based Security Patch Validation Framework is provided in
this section. Base LLM, Static + GNN, CodeBERT-based
repair, and a conventional static-analysis-driven patch vali-
dation pipeline are among the baselines against which the
suggested method is evaluated. The Juliet, Devign, Defects4]
(security subset), and ManySStuBs4J datasets were used for
the experiments.

A. Patch Validation Performance

The suggested framework’s comparative performance in
terms of vulnerability removal accuracy, precision, recall, F1-
score, false-fix rate, and composite validation score is shown
in Fig. 3.

The suggested framework outperforms Base LLM (85.4%)
and Static + GNN (92.7%) with a vulnerability removal
accuracy of 96.3%, as seen in Fig. 3(a). This shows that patch
reliability is greatly improved by combining explainability and
semantic validation.

Fig. 3(b) presents precision, recall, and Fl-score com-
parisons. The proposed framework achieves an Fl-score of
0.95, compared to 0.91 for Base LLM and 0.93 for Static +
GNN. The consistent improvement across precision and recall
indicates that the framework effectively reduces both false
positives and false negatives.

Fig. 3(c) shows the false-fix rate reduction. The proposed
method reduces the false-fix rate to 9.3%, compared to 34.5%
for Base LLM and 18.7% for Static + GNN. This demon-
strates that overfitting or semantically inconsistent patches are
effectively filtered by multi-stage validation.

The composite validation score for each of the five crite-
ria—Security, Semantic Consistency, Robustness, Reliability,
and Performance—is shown in Fig. 3(d). Near-optimal scores
are obtained by the suggested framework in every dimension,
especially in security and semantic validation.

Vol. 17, No. 4, 2026

B. Explainability and Semantic Consistency

Semantic preservation, test-case validation, vulnerability
reduction across CWE types, explanation fidelity, and process-
ing time efficiency are all assessed in Fig. 4.

Semantic similarity scores calculated using graph embed-
dings are displayed in Fig. 4(a). Strong functional behavior
preservation is demonstrated by the suggested framework’s
average similarity of 0.97 across datasets.

The test-case pass rate is shown in Fig. 4(b). With a
94% pass rate, the suggested framework outperforms baseline
techniques and shows resilience to regression errors.

Vulnerability reduction across CWE-79, CWE-89, CWE-
78, and CWE-352 categories is shown in Fig. 4(c). Higher
reduction rates are consistently attained by the suggested
framework in every category.

Fig. 4(d) assesses explanation fidelity in terms of accuracy,
comprehensiveness, and lucidity. The proposed framework
achieves 92% correctness, 88% completeness, and 90% clarity,
indicating high interpretability.

A comparison of processing times is shown in Fig. 4(e).
The optimized pipeline maintains an average processing time
of 1.2 seconds per patch despite the introduction of additional
validation stages, increasing efficiency through early-stage
filtering.

C. Quantitative Comparison in Extended Form

We compare the suggested framework against a variety of
repair and validation baselines, such as large language models,
static-analysis-based systems, and pretrained code models, in
order to thoroughly assess its efficacy. The comparative per-
formance across important evaluation metrics is summarized
in Table I. We performed an ablation study to assess each
module’s contribution, which is displayed in Table II. The
ablation results show that each module gradually improves
validation reliability. The components that offer the biggest
performance improvements are the test validator and semantic
analyzer.

V. DISCUSSION

The experimental results illustrated in Fig. 3 and Fig. 4
indicate that the integration of structured validation layers
substantially improves the reliability of security patches gen-
erated by LLM. Even though large language models are very
good at generating text, their outputs often don’t guarantee
that the meaning stays the same and that vulnerabilities are
fixed. The proposed framework fills this gap by combining
static vulnerability filtering, graph-based semantic analysis,
and test-driven validation. This leads to big improvements in
all evaluation metrics.

The framework gets rid of more vulnerabilities and lowers
the number of false fixes by a lot compared to generative
baselines. The reduction from 34.5% (Base LLM) to 9.3%
illustrates the importance of multi-stage verification. Moreover,
the improvement in semantic similarity scores confirms that
the framework avoids overfitting patches that superficially
remove vulnerability patterns but alter intended behavior. The
ablation study further reveals that semantic analysis and test
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TABLE I. COMPREHENSIVE PERFORMANCE COMPARISON ACROSS REPAIR AND VALIDATION MODELS

Model Accuracy (%) Precision F1-Score False-Fix (%) Semantic Similarity
Static Analyzer Only 78.6 0.81 0.84 412 0.80
Hybrid (Static + Tests) 84.9 0.88 0.89 29.4 0.85
CodeBERT-Repair 90.3 0.90 0.92 214 0.89
GraphCodeBERT 91.5 0.91 0.93 19.6 091
PLBART 88.7 0.89 0.90 24.8 0.87
T5-CodeRepair 92.1 0.92 0.93 18.2 0.92
GPT-3.5 Repair 93.4 0.93 0.94 16.5 0.93
GPT-4 Repair 94.8 0.94 0.95 13.1 0.95
Static + GNN 92.7 0.93 0.93 18.7 0.92
Proposed Framework 96.3 0.96 0.95 9.3 0.97
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TABLE II. ABLATION STUDY OF FRAMEWORK COMPONENTS

Configuration F1-Score ~ Improvement (%)
Base LLM 0.82 -

+ Static Graph 0.89 +7.1

+ Semantic Analyzer 0.92 +12.2

+ Test Validator 0.95 +15.9

validation contribute the most significant performance gains.
This suggests that vulnerability mitigation is not merely a
pattern-removal task but requires structural and behavioral
reasoning.

A. Research Questions

To rigorously evaluate the effectiveness and practical im-
pact of the proposed framework, we formulate the following

and explainability analysis.

research questions and analyze them in detail using the empir-
ical results presented in Fig. 3, Fig. 4, and Table I to Table II.

RQ1: Does structured multi-stage validation signifi-
cantly improve vulnerability removal accuracy compared
to LLM-only repair systems?

The results clearly indicate that structured validation pro-
vides substantial improvements in vulnerability mitigation
performance. As shown in Fig. 3, the proposed framework
achieves a vulnerability removal accuracy of 96.3%, compared
to 85.4% for Base LLM and 92.7% for Static + GNN. This
corresponds to an absolute improvement of 10.9% over Base
LLM and 3.6% over Static + GNN. Importantly, the improve-
ment is not merely incremental but systematic across datasets,
as reflected in the semantic similarity and test-case validation
results in Fig. 3(a) and Fig. 3(b). The ablation study shows that
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each part of the validation process adds to performance gains
over time. Adding semantic analysis raises the Fl-score from
0.89 to 0.92, and adding test validation raises it even more, to
0.95.

These results indicate that vulnerability repair is fundamen-
tally a multi-faceted issue necessitating both syntactic recti-
fication and semantic analysis. Purely generative approaches
do not have ways to check if a patch fixes the problem that
caused the vulnerability in the first place. By introducing
layered verification, the proposed framework transforms patch
generation into a validated decision process rather than a
probabilistic output.

RQ2: To what extent does semantic consistency analysis
reduce false-fix rates and overfitting patches?

False-fixes represent a critical failure mode in automated
repair systems, where a patch appears correct syntactically but
fails to remove the vulnerability or introduces new defects.
As illustrated in Fig. 3(c), the false-fix rate decreases dramat-
ically from 34.5% (Base LLM) to 9.3% under the proposed
framework. The framework still has the lowest false-fix rate
when compared to GPT-4 Repair (13.1%) and T5-CodeRepair
(18.2%).

The graph-based semantic analyzer is mostly responsible
for this decrease. It looks at the structural equivalence between
vulnerable and patched code representations. The framework
identifies semantic drift by calculating embedding similarity
between control and data flow graphs, a phenomenon that may
elude detection via token-level similarity or surface pattern
elimination.

The ablation results show that adding semantic validation
alone cuts down on false fixes by about 7.4 percentage points.
Adding test-case validation brings the rate down by another 4.4
percentage points. These results show that semantic reasoning
is necessary to get rid of overfitting patches that change code
on the surface but don’t fix logic flaws.

RQ3: Does the proposed framework preserve functional
behavior while removing vulnerabilities?

Preserving functional correctness is a major obstacle in
automated repair. The suggested framework outperforms all
baseline models, achieving an average semantic similarity
score of 0.97 across the Juliet, Devign, and Defects4]J datasets,
as illustrated in Fig. 4(a). Furthermore, Fig. 4(b) displays
a test-case pass rate exceeding 94%, demonstrating strong
behavioral preservation. Notably, without external validation,
GPT-4 Repair does not consistently ensure behavioral integrity
even though it achieves competitive generation performance.
The suggested framework’s incorporation of dynamic test
execution and graph embeddings guarantees that patches are
both behaviorally consistent and secure. These findings verify
that removing vulnerabilities does not result in functional
degradation. Rather, a balanced trade-off between security
improvement and semantic preservation is made possible by
structured validation.

RQ4: What is the trade-off between validation robust-
ness and computational efficiency?

Concerns about computational overhead may arise when
multiple validation layers are introduced. However, compared

Vol. 17, No. 4, 2026

to GPT-3.5 Repair (2.1s) and GPT-4 Repair (2.8s), the sug-
gested framework maintains an average processing time of 1.2
seconds per patch, as shown in Fig. 4.

Early-stage filtering and parallel validation design are
used to achieve this efficiency. Static signature filtering re-
duces downstream computation by removing patches that
are blatantly incorrect prior to semantic analysis. Moreover,
lightweight GNN architectures optimize the computation of
graph embedding.

Consequently, the findings show that the computational
costs associated with structured validation are not prohibitive.
Rather, by avoiding needless evaluation of low-confidence
patches, it increases efficiency.

RQS5: Does explainability enhance interpretability with-
out compromising validation accuracy?

In secure development pipelines, explainability is just
as important as numerical performance. Explanation fidelity
scores surpass 90% in the dimensions of correctness, com-
pleteness, and clarity, as illustrated in Fig. 4. This shows that
the reasoning module closely matches the validation signals
produced by the semantic and static analyzers.

Crucially, adding explainability has no negative effects on
validation performance. According to the ablation study, incor-
porating explanation consistency checks further lowers false-
fix rates while marginally improving Fl-score. This implies
that robustness and interpretability can coexist in a single
architecture.

Overall, the empirical data shows that the suggested frame-
work concurrently enhances efficiency, interpretability, accu-
racy, reliability, and semantic preservation.

B. Limitations

Even though the suggested framework shows significant
performance gains, there are still a number of drawbacks. First,
function-level vulnerabilities are the main focus of the eval-
vation. Extended graph representations and inter-procedural
analysis may be necessary to address vulnerabilities at the
file or system level that involve interactions between multi-
ple modules. Second, deep logical equivalency may not be
fully captured by the semantic similarity metric because it
depends on graph embeddings. For more robust assurances,
future research might incorporate formal verification methods
or symbolic execution. Third, the framework still relies on
the caliber of test suites and static analyzers even though it
minimizes false fixes. Subtle behavioral regressions could go
unnoticed due to inadequate test coverage. Fourth, benchmark
datasets that are accessible to the general public are used
for the evaluation. More intricate vulnerability patterns and
environment-specific limitations might be found in real-world
industrial systems. Lastly, the explainability module does not
yet offer formal proofs of correctness; instead, it produces
structured reasoning based on validation signals. There is
still room to improve explanation fidelity using logic-based
reasoning.

VI. CONCLUSION

In order to improve automated vulnerability repair systems’
dependability, transparency, and semantic integrity, this study

www.ijacsa.thesai.org

906 |Page



(IJACSA) International Journal of Advanced Computer Science and Applications,

presented an Explainable LLM-Based Security Patch Vali-
dation Framework. The suggested framework combines test-
driven validation, graph-based semantic consistency analysis,
and static vulnerability verification into a single pipeline,
in contrast to traditional LLM-driven techniques that only
use generative confidence. Experiments on several benchmark
datasets show notable gains in explanation fidelity, false-fix
reduction, semantic preservation, and vulnerability removal
accuracy. The framework outperforms both conventional and
contemporary LLM-based repair systems, achieving a 96.3%
vulnerability removal accuracy and a 9.3% reduction in false
fixes. The results emphasize how crucial it is to combine
structured validation methods with neural generation in or-
der to accomplish reliable automated software repair. Future
research will examine deployment in actual secure develop-
ment pipelines, cross-language generalization, and integration
with formal verification techniques. All things considered,
the suggested framework is a workable and scalable step
toward trustworthy and comprehensible Al-assisted security
patch validation.
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