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Abstract

Large language models (LLMs) offer a promising source of semantic information
for vulnerability detection, yet their use in security-critical settings is hin-
dered by costly proprietary inference, limited reproducibility, and explanations
that may contain unsupported or label-leaking claims. We present Seman-
ticVul, a function-level C/C++ vulnerability detection framework that integrates
code semantics with a locally generated, evidence-grounded explanation channel
while explicitly separating explanation utility from adaptive multimodal fusion.
SemanticVul replaces proprietary free-form explanations with an offline Qwen2.5-
Coder-based generator that produces schema-constrained JSON descriptions of
program purpose, data flow, risky operations, missing checks, and code evi-
dence. A deterministic validation pipeline removes unsupported claims through
whitespace-insensitive code matching and scrubs verdict-related vocabulary
before explanations are encoded by RoBERTa. To systematically quantify the
contribution of the explanation modality, we introduce a three-level fusion lad-
der comprising a code-only baseline, static attention fusion, and an adaptive
per-sample gating mechanism. Experiments on the released Devign and Reveal
validation splits show substantial gains over the corresponding published FuSE-
Vul reference results under the base-comparable protocol, with improvements
of 8.60 percentage points in accuracy and 7.31 points in F1 on Devign, and
1.23 and 15.09 points, respectively, on Reveal. On Reveal, minority-class recall
increases from 39.52% to 63.00%, highlighting the potential of grounded seman-
tic information under severe class imbalance. The adaptive gate achieves the
highest F1 under the base-comparable setting; however, its advantage is not
statistically resolved and does not remain consistent under held-out evaluation,
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indicating that adaptive modality weighting should not yet be interpreted as
a definitive contribution. A dedicated grounding audit increases the proportion
of grounded API mentions from 26.2% to 55.4% while reducing hallucinated
API references, and a dataset audit exposes duplicate and cross-split label con-
tradictions in both benchmarks. Overall, the results demonstrate that locally
generated, evidence-grounded explanations can provide a reproducible semantic
signal for vulnerability detection, while also showing the importance of rigor-
ous split auditing and held-out evaluation when assessing explanation-driven
improvements.

Keywords: vulnerability detection, large language models, explanation grounding,
adaptive fusion, code semantics, class imbalance

1 Introduction

Many exploited software vulnerabilities originate in C/C++ source code, and the
volume of newly disclosed weaknesses exceeds what manual review can handle [1, 2].
Learning-based detectors that classify functions as vulnerable or benign automate
part of that review. The field has progressed from supervised graph models [3, 4]
to fine-tuned pre-trained code models [5, 6] and detectors that use large language
models (LLMs) [7]. One approach keeps a trained classifier responsible for the verdict
but enriches its input with an LLM-generated natural-language explanation of what
the code does and where it may be risky. FuSEVul [8] applies this design by fusing
CodeT5+ code features with ChatGPT-generated risk descriptions. It reports the
strongest results among eighteen baselines on the Devign and Reveal benchmarks.

The explanation half of that recipe has two weaknesses. The explanations are
free-form prose from a commercial API, so they are costly at corpus scale and can
vary across accesses. They are also not audited: an explanation may hallucinate API
calls that do not exist in the function or include verdict-like vocabulary that leaks
the label into the input. Recent studies report both failure modes, reporting correct
verdicts routinely paired with flawed reasoning [9, 10] and finding that fewer than six
percent of surveyed works evaluate textual vulnerability explanations at all [11]. In
parallel, fusion itself is usually a single fixed mechanism, which makes it impossible
to tell whether reported gains come from the explanation content or from the extra
parameters of the fusion block.

SemanticVul addresses these gaps in two ways. The first is an evidence-grounded

structured explanation pipeline: a locally served, open-weight code LLM (Qwen2.5-
Coder) emits a schema-constrained JSON explanation whose security claims must be
linked to substrings of the analyzed function under whitespace-insensitive matching;
a deterministic validator drops ungrounded claims, scrubs verdict vocabulary, and
replaces self-reported confidence with a decode-time probability probe. The second
is a controlled fusion ladder with an adaptive-gate variant. SemanticVul trains three
configurations under matched conditions: code-only (L1), static attention fusion (L2),
and a per-sample adaptive gate that learns how much to weight the two representation
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streams (L3). This makes the explanation channel and the gate separately measur-
able; the weight is a diagnostic of feature mixing, not an explanation of an individual
prediction.

This paper makes four contributions:

1. A local, label-blind, evidence-grounded explanation pipeline replacing
FuSEVul’s commercial free-form prose: on matched Reveal functions it more
than doubles API-mention grounding (26.2% to 55.4%), halves hallucinated call
mentions, and provides explicit evidence anchors for 87% of functions.

2. A controlled L1–L3 fusion ladder with a per-sample adaptive gate, which
makes the explanation channel and the fusion mechanism separately measurable.
The explanation channel provides the largest and most durable gain over code-only,
up to +17.5 F1 under both protocols. The gate reaches the highest base-comparable
F1 on both datasets, but the five-seed comparison does not establish a reliable
improvement over static fusion.

3. Performance relative to the reported FuSEVul reference on the released
validation splits: +8.60 / +7.31 on Devign and +1.23 / +15.09 on Reveal, with
minority-class recall rising from 39.52 to 63.00, using one RTX 3090 GPU and
12 training epochs. This is a reported-reference comparison rather than a local
controlled rerun.

4. A public data-quality audit of the distributed splits, quantifying label-
conflicting duplicates, cross-split leakage, and the conditional memorization bounds
they imply, with a two-protocol design separating base-comparable from non-
circular claims.

The rest of the paper reviews related work (Section 2), describes the methods
(Section 3) and experimental setup (Section 4), reports the four research questions
(Section 5), and discusses limitations and future work (Section 6) before concluding
in Section 7.

2 Related work

2.1 Supervised-based methods

Early learning-based detectors encode code as token sequences or graphs that preserve
syntax, control flow, and data dependence. Devign combines these views in a joint
graph processed by a gated graph neural network [3]; Reveal builds on code property
graphs and focuses on the rare-positive regime, with under ten percent of its functions
vulnerable [4]. Later systems refine the structural signal, including control- and data-
dependence-weighted attention that needs no natural language at all [12]. A parallel
line questions what benchmark scores mean: PrimeVul documents noisy labels, dupli-
cation, and train–test leakage. A 7B model drops from 68.26 F1 on BigVul to 3.09
under stricter evaluation [13]; Real-Vul reports precision drops of up to 95 points in
whole-codebase settings [14]; and Risse et al. [15] find 45.7% inaccurate labels in a
widely used benchmark. These findings directly motivate the split audit of Section 4.2.
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2.2 Pre-trained model-based methods

Pre-trained code models replaced task-specific representation learning: CodeBERT
learns from paired code and natural language [5], GraphCodeBERT adds data flow
during pre-training [16], UniXcoder unifies encoder, decoder, and cross-modal objec-
tives [6], and CodeT5+ provides the encoder used by FuSEVul [17]. FuSEVul’s own
encoder ablation shows that swapping among these models moves Reveal F1 by lit-
tle more than a point [8]. This suggests that the main design space is not the code
encoder. SemanticVul therefore keeps CodeT5+ for parity and directs its changes at
the explanation source and the fusion mechanism.

2.3 LLM-based methods

LLMs enter vulnerability detection in two roles. As detectors, they are prompted
or fine-tuned to output the verdict: chain-of-thought over threat slices [18], reason-
ing structured as a directed acyclic graph [10], retrieved in-context examples with
graph structure [19], graph-guided slice selection [20], detector-and-static-analysis
evidence embedded in prompts [21], and instruction tuning toward joint verdict-plus-
explanation output [22]. Direct prompting remains mixed: across sixteen models, mean
accuracy is 62.8% with better local reasoning than broad-context reasoning [23]. As
auxiliary modules, LLMs supply semantic signals to a trained classifier: collaborative
GNN–LLM training [24], summaries of called functions fed to an existing detector
[25], refined vulnerability descriptions [26], and, closest to this work, FuSEVul’s fusion
of code features with free-form ChatGPT explanations [8].

Table 1 compares these systems along the design axes used for explanation fusion,
its final column recording whether each explanation’s grounding is checked before use.
To our knowledge, none of the compared systems checks whether each explanation
is grounded in the function before using it. Detector-role systems couple the verdict
to the reasoning, so a hallucinated explanation silently corrupts the decision; stud-
ies that inspect reasoning quality find correct verdicts resting on flawed explanations
[9, 10], and a review of 208 studies found only 5.28% evaluate textual explanations at
all [11]. Auxiliary-role systems, including FuSEVul, fuse the LLM signal through one
fixed mechanism that treats a grounded explanation and a hallucinated one as equally
informative. SemanticVul addresses both gaps: the LLM produces only the explana-
tion, while the verdict stays with a trained classifier; a validator enforces evidence
grounding and verdict scrubbing before the text is encoded; automatic checks audit
faithfulness; and the controlled ladder with a per-sample gate separates the explana-
tion’s contribution from the fusion mechanism. The generator is open-weight and runs
offline, unlike the commercial API or verdict-coupled designs used by the comparison
systems.
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Table 1 Technique comparison on the design axes relevant to explanation
fusion.

System Role Explanation
/ context

Fusion Audit

FuSEVul [8] auxiliary
explainer

free-form Chat-
GPT prose

static atten-
tion

no

GPTVD [18] detector CoT threat
slices

prompt-
internal

no

GRACE [19] detector graph + ICL
examples

prompt-
internal

no

LLMVulExp
[22]

detector
+
explainer

joint
instruction-
tuned output

LLM verdict no

DLAP [21] detector DL + static-
analysis
evidence

prompt-
internal

no

LLMxCPG
[20]

detector CPG slices prompt-
internal

no

VulnSC [25] auxiliary
sum-
maries

called-function
summaries

existing
detector

no

CTVD [24] semantic
module

LLM semantic
features

collaborative
GNN–LLM

no

CosFormer
[12]

code only none CFG/PDG
attention

n/a

SemanticVul
(ours)

auxiliary
explainer

grounded
structured
JSON

L1–L3 + gate yes

3 Method

3.1 Overview and design rationale

SemanticVul is a function-level binary vulnerability detector for C/C++ that fuses
code semantic features with an LLM-generated explanation of the same function, fol-
lowing FuSEVul’s central idea. It changes the two parts that are hardest to trust
and reproduce. The commercial free-form explanation source becomes a local, offline
generator whose schema-constrained JSON output is grounding-validated and verdict-
scrubbed before it reaches the detector (Section 3.3); the single fixed fusion block
becomes a controlled three-rung ladder trained under matched seeds and hyperpa-
rameters, so the explanation channel and the adaptive gate are separately measurable
(Section 3.4). Figure 1 shows the end-to-end architecture.

Three goals govern the explanation design: consistency (a fixed structure for
every function), grounding (evidence-linked security claims must rest on whitespace-
normalized code substrings; unsupported items are dropped), and leakage safety

(verdict words are banned from the fed text). A fourth constraint is deployability:
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shared front-end encoders (identical across L1/L2/L3)

Normalized
Function C

Offline Explanation Generation
Qwen2.5-Coder, via Ollama

Grounding Validator
grounded & scrubbed; regen ≤ 2×

Cached Explanation
(JSONL)

CodeT5+
encoder (fine-tuned)

RoBERTa
encoder (fine-tuned)

code

explanation text

Hc

Hx

token states

token states

c

x

mean-pool

mean-pool

code pooled ∈ R
768

expl pooled ∈ R
768

κ

confidence ∈ [0, 100]
(scrubbed verdict log-prob,
read off the cached JSONL)

L1 code-only

input: c only — no explanation, no gate

p = c

L2 cross-attention fusion (static)

input: Hc,Hx (full token states)

F = LN
(

Hc +MHA(Hc, [Hc;Hx])
)

p = meanpool(F)

L3 adaptive soft routing gate

input: c,x, κ (pooled vectors only)

w = σ
(

MLP([x ; κ ])
)

∈ (0, 1)

p = w c+ (1− w)x

MLP head
p̂ = Pr(vuln)

Final Prediction
vulnerable / benign

One rung is active per training run. L1 has no fusion. L2’s cross-attention is static (the same
computation for every sample); L3’s routing gate is adaptive (w is computed per sample). L2 and L3
are alternatives — L3 replaces L2’s attention block, it does not stack on top of it.
Gate MLP: Lin(769→64)→GELU→Lin(64→1), last layer zero-init ⇒ w=0.5 at start;
gate LR ×100.

Fig. 1 SemanticVul architecture. CodeT5+ encodes a normalized C/C++ function; RoBERTa encodes a locally generated, verdict-scrubbed, evidence-
grounded JSON explanation of the same function; the L1–L3 ladder measures the code-only baseline, static attention fusion, and per-sample adaptive
gated fusion under matched training conditions.
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every component runs on a single consumer GPU with no external API access, keeping
the pipeline reproducible and proprietary code on premises.

3.2 Code semantic encoding

The detector reads the raw code representation distributed with the FuSEVul split
files without recovering identifiers or adding external code features. Devign is supplied
in a FUN/VAR-normalized form; Reveal retains identifiers present in its distributed
representation. CodeT5+ [17] (codet5p-110m-embedding), the base paper’s default
and best-performing code encoder, encodes the function C with a 512-token window,
yielding token states Hc ∈ R

Lc×d with d=768.

3.3 Structured explanation generation and encoding

Local generation. Explanations are generated offline by Qwen2.5-Coder 14B [27]
served through Ollama [28] with an 8,192-token context window. Ground-truth labels
are never included in the prompt. Generation is a one-time corpus-level pass whose
outputs are cached, so detector training never waits on the LLM.

Schema-constrained output. Instead of free-form prose, the model must emit
a single JSON object with fixed fields: purpose, data flow, risky operations,
missing checks, evidence tokens, safety indicators, risk summary, and
risk level. The pipeline then appends the measured confidence field. The
risk level field is ordered last in the schema so its value tokens are emitted after
the evidence that should support them. The confidence scalar κ ∈ [0, 100] is mea-

sured, not self-reported: generation runs with decode-time log-probabilities enabled,
and a probe sets κ to 100 times the geometric-mean token probability of the gener-
ated risk level value tokens (falling back to the whole generation when that span
cannot be located). κ thus reflects the generator’s internal certainty about its risk
assessment, and it is the one channel through which that assessment reaches the
detector at all, in compressed scalar form. Measuring rather than asking is deliber-
ate: decode-time token probabilities track a model’s actual uncertainty better than
verbalized self-reports [29], and because the detector consumes κ as a learned input
feature rather than as a probability estimate, only its ranking information matters
and no calibration guarantee [30] is required. The probe touches nothing outside the
generation itself, so κ inherits the pipeline’s label-blindness by construction.

Grounding validation and verdict scrubbing. A deterministic validator
enforces the grounding contract. A risky-operation claim must carry a matching
code-evidence span; evidence tokens and safety indicators without matching code are
dropped. Because the schema does not attach a separate span to each missing-check
item, those items are retained only when grounded anchors survive and the claim
names an identifier present in the function. Unsupported items are dropped, and
when most evidence is invented the explanation is regenerated once. The validator
also removes verdict vocabulary (vulnerable, safe, exploit, attacker, and similar) so the
fed text carries description, not judgment. The categorical risk level verdict never
reaches the detector; the measured κ is its only surviving trace. The pipeline serializes
κ into the restricted explanation text read by every fusion rung, and at L3 it also feeds
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the gate network. It is not ground-truth leakage because the generator never sees the
dataset label, but it is an auxiliary LLM risk signal rather than descriptive explanation
content. Section 5.2 quantifies how strongly it correlates with the label and scopes the
resulting claims. Figure 2 contrasts this pipeline with FuSEVul’s free-form generation.

Encoding. The restricted explanation text (the measured confidence κ, purpose,
data flow, risky operations, missing checks, grounded evidence tokens, safety indica-
tors, and risk summary) is serialized and encoded by RoBERTa [31] (roberta-base)
with a 512-token window, yielding Hx ∈ R

Lx×d.

3.4 Fusion: the L1–L3 ladder and adaptive gate

Masked mean-pooling gives the pooled views c = pool(Hc) and x = pool(Hx), and a
shared two-layer MLP head maps a pooled vector to p̂ = Pr(vulnerable | C,X). The
three rungs differ only in what reaches that head (Figure 1):

L1 (code-only). The head reads c alone. This is the within-system baseline; the
explanation is deliberately ignored.

L2 (static attention fusion). Code tokens query the concatenation of code and
explanation tokens through multi-head attention with a residual connection,

F = LayerNorm
(

Hc +MHA(Q=Hc, K=V=[Hc;Hx])
)

, p̂L2 = head(pool(F)).
(1)

The mechanism is FuSEVul-style and identical for every sample; the L2−L1 difference
therefore measures the utility of the explanation channel itself.

L3 (adaptive fusion gate). L3 replaces the attention block with a learned per-
sample convex combination of the two pooled views. A small gate network reads what
the explanation says (x) and how certain the generator was (κ):

w = σ
(

W2 ϕ(W1[x;κ] + b1) + b2
)

∈ (0, 1), p̂L3 = head
(

w c+ (1− w)x
)

, (2)

with W1 ∈ R
64×(d+1), W2 ∈ R

1×64, and ϕ = GELU. The output layer is zero-
initialized (training starts from an unbiased 50/50 blend) and the gate’s learning rate is
scaled by 100 so it moves while the encoders fine-tune. As a single scalar per sample, w
performs soft mixing between views. Since the pooled CodeT5+ and RoBERTa vectors
come from different pretrained spaces, this is learned feature mixing rather than proof
of modality routing or that the two representations are directly semantically aligned.

Twenty-two label-free quality and risk features (explanation content counts, rea-
soning flags, cross-modal similarity, code risk-surface counts) are computed for every
sample but are not predictive inputs to the final ladder: a frozen-cache mechanism
study (Section 5.3) showed quality-conditioned gating does not reliably beat simpler
fusion. The features are used instead for the grounding, leakage, and faithfulness audits
(Section 5.2).

3.5 Imbalance-aware training, thresholding, and ensembling

Reveal is heavily imbalanced (9.12% vulnerable in the evaluation split), so its runs
use focal loss [32] with capped positive weighting (α = 0.85, γ = 2.0); near-balanced
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Normalized
function C

FuSEVul

SemanticVul

Commercial
ChatGPT

(GPT-3.5-class API)

Zero-shot free-form
prompt: describe

purpose & security risks

Free-form prose
explanation
(ungrounded)

RoBERTa
encoder

per-call API cost no evidence check
verdict words allowed

Local Ollama
qwen2.5-coder:14b

Structured JSON prompt
8 model-owned fields;
verdict words banned

Validator: evidence-
grounding check;
regenerate ≤ 2×

Grounded, verdict-
free explanation

(cached)

RoBERTa
encoder

offline, free, deterministic
drops / regenerates
ungrounded claims

Fig. 2 Free-form commercial explanation generation in FuSEVul (top) versus SemanticVul’s local, schema-constrained, evidence-grounded pipeline
(bottom). The validator drops ungrounded claims, scrubs verdict vocabulary, and replaces self-reported confidence with a decode-time probability
probe.
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Devign uses plain cross-entropy. All headline results follow the FuSEVul-faithful
operating point: the best-validation-accuracy epoch with a natural threshold of 0.5.
Threshold tuning is reported only as a diagnostic, with the tuned threshold τ∗ =
argmaxτ F1(τ) selected on a stratified 12% tune split carved from training data and
never used for gradient updates. Finally, a multi-seed ensemble combines the five

seeds’ predictions by weighted rank averaging, pens
i

=
∑

k
wk rk(p

(k)
i

) with wk ≥ 0,
∑

k
wk = 1, where the weights are found by rank search over single members, dense

pairs, and random mixtures of the strongest members. The search selects these weights
on the same validation split on which the ensemble is then scored, so the ensemble
rows are reported throughout as an optimistic diagnostic of what multi-seed combina-
tion can add, on a par with the validation-tuned threshold, and never as a deployment
estimate.

4 Experimental setup

4.1 Research questions

RQ1 (Overall): How does SemanticVul compare with FuSEVul and representative
baselines on Devign and Reveal? RQ2 (Explanation technique): To what extent
do structured, evidence-grounded, label-blind local explanations improve detection
utility over a code-only detector, and explanation grounding over the free-form LLM
explanations distributed with the base system? RQ3 (Fusion technique): How does
adaptive gated fusion compare with static attention fusion and code-only models?
RQ4 (Operating points): How sensitive is minority-class detection to threshold
selection and multi-seed ensembling under the fixed training recipe?

4.2 Datasets and data-quality audit

Experiments use two real-world datasets distributed with the base system: Devign
[3], functions from Linux, QEMU, Wireshark, and FFmpeg, and Reveal [4], functions
collected from Chrome and Debian issue trackers. Devign is near-balanced (43.45%
vulnerable in the evaluation split) while Reveal is heavily imbalanced (9.12%), so the
pair exercises both balanced and rare-positive regimes, the two settings probed by
the imbalance-aware training and operating-point analysis in RQ4. The third base-
paper corpus, TrVD, is synthetic: its vulnerabilities are template-injected, so its defect
patterns are lexically stereotyped, nearly all base-paper systems already score close
to or above 80 F1 on it, and a grounding audit is uninformative when the evidence
to be grounded is templated by construction. The findings therefore do not establish
generalization to synthetic benchmarks.

Because both systems train and evaluate on the distributed splits, we first audited
them (Table 2, lower panel), where the reported split sizes are those of the distributed
FuSEVul release and the audit hashes each normalized function body. Both datasets
ship label-conflicting duplicates within splits, and functions that appear in both train-
ing and validation with reversed labels. Under the conditional assumption that a
deterministic content-only model reproduces a leaked training label, these contradic-
tions imply a train-label-memorization consistency bound (the table’s final row) of
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Table 2 Datasets and data-quality audit.

Devign Reveal

Training functions (released) 21,854 18,187
Validation functions (evaluation split) 2,732 2,269

vulnerable / non-vulnerable 1,187 / 1,545 207 / 2,062
vulnerable share 43.45% 9.12%

Audit (SHA-1 of normalized function body)
Duplicate codes with conflicting labels (train) 124 426
Duplicate codes with conflicting labels (val) 12 8
Cross-split leaked codes with reversed labels 27 69
Train-label memorization consistency bound ≈99.0% ≈96.96%

about 99.0% on Devign and 96.96% on Reveal; these are conditional bounds, not uni-
versal ceilings on validation accuracy. The audit still motivates reporting F1 and a
cleaned secondary analysis.

4.3 Baselines

The primary baseline is FuSEVul as reported [8], with its default CodeT5+ encoder.
It is the main comparison point because the paper reports it on the same distributed
benchmarks. Within-system baselines complete the comparison: the L1 code-only
rung isolates what the explanation adds, and a frozen-cache study compares static
concatenation, gated fusion, and classical classifiers over identical cached features.

4.4 Evaluation metrics and protocols

Following the base paper, we report Accuracy, Precision, Recall, and F1 on the vul-
nerable class at threshold 0.5, adding threshold-free ROC-AUC and PR-AUC, which
FuSEVul does not publish. All headline cells are five-seed means ± one standard devi-
ation; paired tests use the same five seeds across compared rungs. Five seeds give
these tests limited power, so p-values are reported alongside effect sizes throughout,
and a contrast that fails to reach significance is treated as unresolved rather than as
evidence of no effect.

The model-selection procedure requires care because the public FuSEVul release
ships only train and validation files; no test split exists on disk. The base paper itself
partitioned each corpus 8:1:1 into train, validation, and test sets and computed its
published numbers on the withheld 10% test partition [8]; that partition was never
released. Every FuSEVul reference row in this paper is therefore a test-split figure,
while every SemanticVul figure is computed on the released validation split, and the
reported deltas are cross-partition and cross-paper. We report under two protocols.
The base-comparable protocol reproduces FuSEVul’s own selection rule, choosing the
best-validation-accuracy epoch on, and computing metrics over, the full validation
split; because selection and scoring share that split, it is selection-circular by con-
struction, and it is used only where parity with the published reference requires it.
The held-out protocol selects the epoch on a stratified half of the validation split and
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reports on the disjoint other half, fixed across seeds and rungs, which removes that
circularity though it remains a split of the released validation data rather than an
independent test set. Comparisons against FuSEVul use the base-comparable protocol
for parity; every ablation claim is checked under both.

4.5 Implementation details

All runs use a single NVIDIA RTX 3090 (24GB; peak use ≈4.6GB): 12 epochs, seeds
1–5, effective batch 32 via gradient accumulation, AdamW at 2 × 10−5 with linear
warmup/decay, 512-token windows on both channels, and the 100× gate learning-rate
scale of Section 3.4. With cached explanations, the full ladder costs approximately
20.33 GPU-hours on Reveal and 83.53 on Devign in aggregate across all rungs and
seeds; FuSEVul’s reported setup used 50 epochs and two RTX 3090 GPUs, so the
comparison favors the baseline in training budget.

Hyperparameter provenance. The optimizer recipe is a standard pre-trained-
model fine-tuning configuration adopted once and shared by every rung, dataset, seed,
and protocol; no per-configuration hyperparameter search was run, and the recipe was
not selected to maximize evaluation-split scores. Early stopping and the diagnostic
threshold of Section 3.5 are computed on the train-carved tune split, which receives
no gradient updates and is disjoint from the evaluation split. Two development-phase
design choices, the serialized explanation field set and the focal positive weight α =
0.85, were informed by exploratory validation-split probes during system development.
Because the release ships no test split, this development-time exposure is shared by any
system developed against these benchmarks; it is disclosed here rather than controlled,
since the held-out protocol of Section 4.4 addresses epoch-selection circularity but not
development-time selection.

5 Experimental results

5.1 RQ1: Overall performance

Table 5 gives the headline comparison under the base-comparable protocol on the
released validation splits. The primary L2 configuration is +8.60 Accuracy and +7.31
F1 higher on Devign and +1.23 and +15.09 higher on Reveal than the reported FuSE-
Vul reference. For the rare-positive Reveal dataset, recall rises from 39.52 to 63.00 while
precision also improves (57.24 to 60.78), so the F1 jump is not bought with a precision
collapse. The L3 adaptive-gate variant reaches the highest F1 on both datasets under
this protocol (65.16 and 62.60), shifting the operating point toward recall. This is an
exploratory result: L3–L2 contrasts are not significant across five seeds and are not
consistent under held-out evaluation. We designate L2 primary because its improve-
ment holds under both protocols (Table 7); the gate is analyzed in Section 5.3. Table 3
and Figure 3 provide a summary; the full field comparison follows in Table 4.

Scope of the reported-reference comparison. FuSEVul was not rerun in our
environment, so differences in implementation, model versions, training choices, and
development exposure cannot be excluded. The partitions also differ: FuSEVul’s pub-
lished numbers are computed on its withheld 10% test split, which was never released,
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Table 3 Compact headline comparison on Devign and Reveal.
SemanticVul L2 and L3 are five-seed means under the
base-comparable protocol; FuSEVul is the published reference (not
a local rerun).

Dataset Method Acc Prec Recall F1

Devign FuSEVul (reported reference) 60.39 54.14 57.79 55.91
SemanticVul L2 (ours) 68.99 65.28 61.52 63.22
SemanticVul L3 (gate) 69.10 63.92 66.62 65.16

Reveal FuSEVul (reported reference) 91.68 57.24 39.52 46.76
SemanticVul L2 (ours) 92.91 60.78 63.00 61.85
SemanticVul L3 (gate) 92.87 60.46 65.51 62.60

Headline comparison (Accuracy, Precision, Recall, F1)

Values are percentage points; vertical axis starts at zero.
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Fig. 3 Compact black-and-white grouped bar chart for the six rows in Table 3. Grayscale fills identify
Accuracy, Precision, Recall, and F1; the vertical scale starts at zero and all values are copied directly
from the table.

while SemanticVul is scored on the released validation split (Section 4.4). The within-
system L1 comparison isolates the explanation-bearing configuration under our own
training recipe, but it does not eliminate those cross-paper confounds. The FuSEVul
delta is therefore descriptive parity with its published protocol, not a controlled causal
estimate or a statistical comparison against FuSEVul.

Table 4 places these results in the broader field. The upper block contains eighteen
baselines plus FuSEVul, all evaluated by the base paper on the identical distributed
splits. It is a source-attributed context table, not a rerun-based ranking. Scores vary
across the supervised, pre-trained, and LLM-based groups. Supervised sequence and
graph models (TokenCNN through S2FVD) plateau around 52–58 Accuracy and 42–
54 F1 on Devign and top out at 33.6 F1 on Reveal: learned code representations alone
struggle with the rare class. Fine-tuned pre-trained code models (UniXcoder through
CAPTURE) show a modest improvement on Devign but still top out at 38.6 Reveal
F1. FuSEVul’s own encoder ablation also shows little movement when these encoders
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are swapped. Prompting LLMs for the verdict directly performs poorly (ChatGPT-3.5:
22.28 and 8.91 F1; CodeLlama-7B: 11.20 and 6.55). Explanation fusion (FuSEVul) is
the strongest prior technique on both datasets, and SemanticVul extends that design:
+7.31 to +9.25 F1 on Devign and +15.09 to +15.84 on Reveal over the best of the
same-split field.

The † block reports recent systems’ self-reported numbers on their own prepa-
rations of the same corpora; their splits, deduplication, and class balance differ, so
these rows are indicative rather than head-to-head. Two factors explain their Devign
strength. First, all four augment the raw token view with program structure: SAHAN
with syntax-aware hierarchical attention over the AST, GRACE with graph structure
and retrieved examples inside GPT-4 prompts, CTVD with a collaboratively trained
GNN, and CosFormer with control- and program-dependence-weighted attention. This
is an input axis separate from SemanticVul’s explanation channel. Of these, GRACE
also depends on a commercial GPT-4 backend, where SemanticVul runs fully local.
Second, evaluation protocol: CosFormer’s 76.11 Devign F1 is reported on a random re-

split, and the audit of Section 4.2 together with prior benchmark studies [13, 15] shows
that random re-splits of these duplicate-laden corpora leak near-identical functions
across partitions and inflate scores. This is why SemanticVul’s head-to-head claim is
restricted to the split-identical block. On the imbalanced Reveal, the SemanticVul val-
ues are higher than the listed self-reported values, but this should not be read as a
definitive ranking across incompatible preparations. Structural and inter-procedural
context could complement grounded explanations; this extension is left for future work
(Section 6).

5.2 RQ2: Contribution of grounded explanations

The full retained explanation channel carries the bulk of the gain. Moving from L1 to
L2 (Table 7) adds 9.56 F1 on Devign and 17.16 on Reveal under the base-comparable
protocol, and 11.31 and 17.51 under the held-out protocol, with p < .001 on both
datasets. For context, FuSEVul’s own explanation-ablation reports a drop of 8.18
F1 on Reveal when its ChatGPT explanations are removed. That value is reported
only as cross-paper context: different implementations and protocols make its magni-
tude unsuitable for a direct effect-size comparison. Figure 4 shows the corresponding
threshold-free view: the L1→L2 lift is visible across the full ROC and precision–
recall curves. The PR gain is especially pronounced on Reveal, where it is the more
informative metric for the rare vulnerable class.

The channel is useful and its outputs are more textually grounded (Table 6): on
the 2,269 matched Reveal validation functions, API-mention grounding more than
doubles, absent-call claims drop from 76.0% to 46.7%, and hallucinated call mentions
halve. Here, API-mention grounding means the fraction of explanations whose named
API is found in the normalized function; an absent-call claim names an API that is
not found; and hallucinated call mentions count such unsupported call names per 100
functions. Evidence-span exactness is the fraction of emitted evidence anchors that
match a normalized code substring exactly. SemanticVul also provides explicit evidence
anchors for 87.0% of functions, 97.2% of which match verbatim code substrings. These
evidence-anchor metrics (the middle block of Table 6) are defined only for a schema
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Table 4 Comparison with prior detectors on Devign and Reveal (Accuracy
and F1). Rows above the † block are reported by the base paper [8, Table 2];
† rows are self-reported on the cited papers’ own preparations. SemanticVul
rows are five-seed means under the base-comparable protocol.

Devign Reveal

Group Method Acc F1 Acc F1

Supervised TokenCNN 54.25 45.27 87.42 24.34
TokenRNN 53.26 41.72 86.10 26.51
VulCNN 56.17 48.87 87.75 33.60
SySeVR 51.84 49.72 87.93 25.34
Reveal 54.37 43.48 89.07 26.97
TrVD 56.19 49.13 83.47 32.37
DeepVD 57.50 51.02 89.85 25.59
S2FVD 56.70 54.05 89.16 30.18

Pre-trained UniXcoder 57.43 54.96 90.14 33.44
CodeBERT 57.91 53.82 90.54 32.60
GraphCodeBERT 59.63 54.55 90.06 35.06
CodeT5 58.86 53.78 90.05 32.74
CodeT5+ 58.96 54.30 90.05 38.58
LineVul 59.66 54.24 87.68 30.35
EPVD 59.63 53.40 87.68 37.22
CAPTURE 58.57 53.53 86.32 30.11

LLM as detector ChatGPT-3.5 53.85 22.28 81.77 8.91
CodeLlama-7B 53.44 11.20 83.49 6.55

Explanation fusion FuSEVul 60.39 55.91 91.68 46.76

Self-reported† SAHAN [33] 61.34 62.77 87.55 48.26
GRACE [19] 59.78 65.11 89.73 43.13
CTVD [24] 87.3 34.4 85.1 39.7
CosFormer [12] 75.92 76.11 93.72 51.36

This work SemanticVul L2 68.99 63.22 92.91 61.85
SemanticVul L3 (gate) 69.10 65.16 92.87 62.60

Table 5 Main comparison under the base-comparable protocol; cells are five-seed mean ±

one standard deviation. ∆ columns are descriptive differences against the reported FuSEVul
reference. L2 (bold) is the primary configuration; L3 is the exploratory adaptive-gate variant.

Dataset Method Acc Prec Recall F1 ∆Acc ∆F1

Devign FuSEVul 60.39 54.14 57.79 55.91 — —
Devign L2 (ours) 68.99±0.24 65.28±1.50 61.52±4.58 63.22±1.74 +8.60 +7.31
Devign L3 gate (ours) 69.10±0.61 63.92±1.35 66.62±4.10 65.16±1.40 +8.71 +9.25

Reveal FuSEVul 91.68 57.24 39.52 46.76 — —
Reveal L2 (ours) 92.91±0.58 60.78±3.04 63.00±3.69 61.85±3.15 +1.23 +15.09
Reveal L3 gate (ours) 92.87±0.60 60.46±3.93 65.51±6.07 62.60±1.89 +1.19 +15.84

that emits explicit evidence spans, so the FuSEVul cells are n/a by construction not
losses; free-form prose provides no comparable anchors. Conversely, quoted-identifier
grounding is not comparable in the other direction: it scores the identifiers a system
quotes inline, and SemanticVul carries evidence in evidence tokens rather than as
inline quotes, so its denominator is near-empty. Verdict scrubbing works: direct verdict
leakage in the fed text is 0.2% of Devign rows and 0.0% of Reveal rows.
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Fig. 4 ROC (top) and precision–recall (bottom) curves for the L1–L3 ladder on Devign (left) and
Reveal (right) at the best-validation-accuracy epoch. The dominant separation is between L1 and the
two explanation-fusing rungs.

Three properties of this audit bound what it shows. First, it is lexical: it establishes
that claims are anchored in the function’s text, not that they are semantically correct,
and the guarantee is partly by construction, since the validator drops ungrounded
claims before encoding. That is the mechanism working as designed rather than a con-
found, but it does mean the grounding figures describe the pipeline’s output contract,
not an emergent property of the generator. Second, grounding quality is dataset-
dependent: mean evidence–code overlap is 0.998 on Reveal against 0.415 on Devign,
and correspondingly 99.7% of Reveal explanations have all emitted evidence anchors
grounded against 33.5% on Devign. We do not isolate a cause for this gap, and iden-
tifying it is left to the generator sweep of Section 6. Its consequence is bounded only
for evidence-linked fields: the validator drops unsupported evidence tokens, risky-
operation claims, and guard indicators. Purpose, data-flow, and risk-summary prose
is verdict-scrubbed but is not semantically verified, so the complete encoder input
must not be described as fully grounded. That the smaller retained channel coincides
with the smaller explanation-channel gain on Devign (+9.56 F1 against +17.16 on
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Table 6 Automatic explanation-grounding checks on the 2,269 matched
Reveal validation functions. Only the upper block is a head-to-head
comparison; bold marks the better value there.

Faithfulness metric FuSEVul SemanticVul

API-mention grounding (↑) 26.2% 55.4%
API-naming explanations with an absent call (↓) 76.0% 46.7%
Hallucinated call mentions per 100 functions (↓) 18.8 9.2

Evidence-anchor metrics (schema-specific)
Functions with an explicit evidence anchor (↑) 0% 87.0%
Evidence-span exactness (↑) n/a 97.2%

Not comparable across systems (see caption)
Quoted-identifier grounding 99.2% n/a

Reveal) is consistent with this reading, though the two are not causally tied here.
Third, the measured confidence κ does carry label-correlated information: on its own
it separates the classes with ROC-AUC 0.680 on Devign and 0.874 on Reveal. This is
expected and is not supervision leakage, because the generator never sees the ground-
truth label; κ is an unsupervised risk judgment, and its predictive value is part of
the measured explanation channel. It also prevents attributing the channel’s gain to
descriptive explanation content alone: the gain should be read as combining the gener-
ator’s risk assessment with its descriptive content, and a field-level ablation isolating
the two is the natural next measurement (Section 6).

5.3 RQ3: Adaptive modality weighting versus static fusion

Table 7 reports the full ladder under both protocols. Under the base-comparable pro-
tocol the adaptive gate delivers the best F1 on both datasets, adding +1.94 over L2
on Devign and +0.75 on Reveal, and it consistently shifts the operating point toward
recall (66.62 vs. 61.52 on Devign; 65.51 vs. 63.00 on Reveal). Under the held-out pro-
tocol the picture is protocol-sensitive: the gate’s F1 edge reverses on Devign (−2.48)
and stays within seed noise on Reveal (+0.44).

Seed-matched paired t-tests quantify the observed attribution, but the five seeds
provide limited statistical power. L3 clears the code-only rung decisively on every
metric, dataset, and protocol: F1 gains of +11.50 (p = .006) and +8.83 (p = .040) on
Devign and +17.91 and +17.95 (both p < .001) on Reveal, with MCC gains of +15.57
to +20.04 (all p < .001). The L3-versus-L2 contrasts, by comparison, do not reach
significance with five seeds (smallest p = .163 across all eight metric–protocol–dataset
combinations), so the gate’s F1 lead is reported strictly as a base-comparable-protocol
result while the explanation channel is the claim that generalizes.

Quality-feature mechanism study. A complementary frozen-cache experiment
asks whether conditioning the gate on the 22 label-free quality features adds predictive
value: it does not reliably beat static concatenation or a no-quality gated twin (ROC-
AUC 64.76 vs. 64.58 and 65.71 on Devign; 82.43 vs. 83.17 and 82.66 on Reveal),
and per-dimension gate variation is small (0.06–0.12). The features are used for the
faithfulness, grounding, and leakage audits in Section 5.2, while the final detector stays
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Table 7 L1–L3 ablation ladder under the base-comparable and held-out protocols; five-seed
mean ± one standard deviation. L2 (bold) is the primary configuration.

Stage Protocol Acc F1 Recall Precision

Devign
L1 code-only base-comp. 61.30±0.96 53.66±3.48 52.13±8.25 56.23±2.47
L1 code-only held-out 62.11±1.50 53.22±2.40 49.80±5.64 57.76±3.29
L2 code+explanation base-comp. 68.99±0.24 63.22±1.74 61.52±4.58 65.28±1.50
L2 code+explanation held-out 70.19±0.70 64.53±1.67 62.46±3.46 66.85±0.97
L3 adaptive gate base-comp. 69.10±0.61 65.16±1.40 66.62±4.10 63.92±1.35
L3 adaptive gate held-out 69.44±1.33 62.05±5.62 58.62±11.19 67.63±3.92

Reveal
L1 code-only base-comp. 89.08±1.51 44.69±1.42 48.12±3.86 42.36±5.17
L1 code-only held-out 89.09±1.50 47.01±2.79 52.50±3.51 42.99±5.17
L2 code+explanation base-comp. 92.91±0.58 61.85±3.15 63.00±3.69 60.78±3.04
L2 code+explanation held-out 93.29±0.71 64.52±3.12 66.54±3.07 62.71±3.95
L3 adaptive gate base-comp. 92.87±0.60 62.60±1.89 65.51±6.07 60.46±3.93
L3 adaptive gate held-out 93.13±0.92 64.96±2.14 69.23±4.35 61.72±5.82

simple. The per-sample weight w is reported as a routing diagnostic, not as a faithful
explanation of the final nonlinear prediction.

5.4 RQ4: Operating points and ensembling

Focal loss with capped positive weighting is fixed throughout the Reveal ladder and
is not treated as a separately measured contribution. This section therefore evaluates
operating-point sensitivity rather than the causal effect of imbalance-aware loss. The
observed gain occurs at the natural 0.5 threshold, and the remaining optimization
levers are modest and dataset-specific.

Table 8 probes sensitivity around the deployed final epoch. On Reveal, a threshold
tuned on the train-carved tune split (τ = 0.59) adds +2.53 F1 without touching eval-
uation data, and the validation-tuned upper bound adds +3.46; on Devign the tuned
threshold is flat (−0.10), so threshold tuning is a Reveal-specific lever. The Devign
upper-bound threshold falls to 0.05, which reflects the final epoch’s poorly calibrated,
downward-compressed probabilities on that dataset and is a further reason the head-
line protocol reports the best-accuracy epoch at 0.5 rather than this one. Multi-seed
rank-search ensembling improves threshold-free ranking on both datasets (ROC-AUC
75.22 to 77.27 on Devign, 92.33 to 93.09 on Reveal; PR-AUC +2.45 and +2.50) and,
combined with a tuned threshold at the final epoch, lifts F1 by +3.59 (Devign) and
+2.48 (Reveal). Both the ensemble weights and this threshold are selected on the split
they are scored on, so these rows are optimistic upper bounds on what multi-seed
combination can add, reported for completeness rather than as deployment estimates.

6 Limitations and future work

SemanticVul’s claims are limited to function-level binary classification of C/C++
under the audited Devign and Reveal splits. Vulnerable-statement localization, cross-
function reasoning, and adversarial robustness are outside scope, and all explanations
come from a single generator class. Five extensions remain for future work: a
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Table 8 Operating-point diagnostics and multi-seed ensembling. Threshold rows are L3 at
the deployed final epoch; ensemble rows are at the headline epoch. Rows marked upper bound
select on the split they are scored on.

Dataset Variant Thr. F1 Recall ∆F1

Devign L3 @0.5 (final epoch) 0.50 59.08±0.96 59.92±2.06 —
Devign Tuned on tune split 0.49 58.98±1.61 60.02±3.43 −0.10
Devign Tuned on validation (upper bound) 0.05 62.36±0.59 72.03±1.98 +3.28
Devign Ensemble + tuned thr. (upper bound) — 62.67 67.82 +3.59

Reveal L3 @0.5 (final epoch) 0.50 60.57±3.14 73.91±7.12 —
Reveal Tuned on tune split 0.59 63.10±1.16 60.39±3.11 +2.53
Reveal Tuned on validation (upper bound) 0.57 64.03±0.98 64.93±4.93 +3.46
Reveal Ensemble + tuned thr. (upper bound) — 63.05 58.94 +2.48

hardware-matched FuSEVul re-run with a fresh project-level holdout, upgrading the
reported-reference comparison into a controlled one; a field-level ablation of the
serialized explanation text, dropping the measured confidence κ to separate the
generator’s risk judgment from its descriptive content (Section 5.2); a paired prompt-
and-generator sweep (e.g., DeepSeek-Coder, CodeLlama, Phi-3) to test how much of
the grounding advantage is generator-specific; an LLM-as-judge pass to cross-check the
automatic faithfulness metrics with independent semantic judgments; and grounded
summaries of called functions in the spirit of Wu et al. [25], extending the pipeline
from its current function-level scope toward inter-procedural defects.

7 Conclusion

SemanticVul combines a schema-constrained, evidence-grounded, verdict-scrubbed
explanation pipeline with a controlled L1–L3 fusion ladder. On the audited Devign and
Reveal splits, the grounded explanation channel provides the largest gain, up to +17.5
F1 over code-only. SemanticVul is higher than the reported FuSEVul reference on both
Accuracy and F1 on both datasets (+7.31 and +15.09 F1); this is a reported-reference
comparison rather than a controlled rerun. Under the base-comparable protocol, the
exploratory adaptive-gate variant raises F1 further and shifts operating points toward
recall, but its effect is not resolved under held-out evaluation. API-mention ground-
ing roughly doubles, hallucinated call mentions halve, and the split audit documents
contradictory labels and conditional memorization bounds. The pipeline uses a local
open-weight generator, a label-blind prompt, and a grounding validator. The matched
ladder compares the explanation channel and alternative fusion mechanisms, while
the mechanism study uses the quality features for auditing rather than prediction.
The results support auditing explanations before fusing them and measuring the
explanation channel separately from the fusion mechanism that carries it.
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