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Abstract

Text-only LLM-based vulnerability detection often fails to capture structural information such as control flow and
data dependency. This paper proposes a vulnerability detection framework that combines Code Property Graph
(CPG)-guided signals with Graph Neural Network (GNN) representations and LLM-based reasoning. Internal
evaluations report F1 scores of 0.655 for LLM-only, 0.837 for GNN-only, 0.844 for GNN+CodeBERT, 0.850 for
GNN+retrieval, and 0.879 for GraphRAG-V, while supplementary public evaluations report 0.8276 on Juliet and
0.7500 on Devign. These results suggest that CPG-guided structural signals can effectively improve LLM-based

verification in LLM-based vulnerability detection.
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Algorithm 1. Procedure of the proposed algorithm
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Algorithm, Training and inference procedure
Input: raw code set D, label set Y, hyperparameter set H
Qutput: final prediction and supporting evidence
1: for each sample in D do

1.1 construct a code property graph

1.2: convert the graph into a graph-learning
representation
2: split the dataset into train, validation, and test sets
3 train a GNN model

3.1: obtain structural embedding z

3.2: obtain prediction score p
4: index train embeddings into the vector database
5: for each test sample do

5.1: refrieve top—k structural neighbors

5.2: build verifier context from CPG summary and
retrieved evidence

5.3 generate the final decision with LLM verification
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Table 1. Experimental environment
Operating system Ubuntu 22.04.1
Framework Python 3.10.12
PyTorch 2.10.0
Library PyG 2.7.0
Qdrant 1.17.0
CPU Xeon(R) Silver 4210R
GPU NVIDIA RTX A6000x2
LLM GPT-5.2 xhigh
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Table 2. Primary internal evaluation results

Model F1-Score
GNN-only model 0.837
GraphRAG-V 0.879
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Table 3. Stagewise ablation results
Stage Configuration | F1-Score Delta
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Table 4. F1 comparison on supplementary public
evaluations

Dataset This study Reported prior best
Juliet 0.8276 0.7000
Devign 0.7500 0.7163
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