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Abstract

Graph anomaly detection has drawn significant attention in various domains. Moreover, recent
approaches based on Graph Neural Networks (GNNs) have demonstrated superior performance in
effectively handling large and complex graph data. Previous research mainly utilized unsupervised
learning-based methods with a focus on normal samples, as labeling abnormal data can be
time-consuming and costly. However, detected anomalous nodes may be unwanted or irrelevant.
Leveraging semi-supervised learning with the use of abnormal information as prior knowledge can
address this issue. Nevertheless, effectively utilizing a small amount of abnormal information
remains a major challenge in semi-supervised learning. In this paper, to address these issues, we
propose a semi-supervised contrastive learning framework, SAD-CL. SAD-CL not only effectively
extracts representative patterns of normal information but also of abnormal information. Through

various experiments, we demonstrate that the performance of SAD-CL in graph anomaly detection.

Keywords: Graph anomaly detection, Semi-supervised learning, Contrastive learning, Anomalous node detection.
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