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B RE T FAAMAER,BP R F 4 £ FfoF & M % (Dual Classification and Reconstruction Network, DCRN) ., % M % % ] & &
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Mz g ktidedbEMin i SEMX R, EAFENF54RE4, At BB RTFFAMNGERE P, DCRN &4 7% 5%
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AEHELE LG EHEAM, S 10 A ALK F EMik,DCRN # AUC-ROC f2# AUC-PR #3484 T 4.5% 4 20. 5%, B FAR 3§ 4%
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Cross-domain Graph Anomaly Detection Via Dual Classification and Reconstruction

SU Shiyu' . YU Jiong® . LI Shu’ and JTU Shicheng'
1 School of Software Engineering, Xinjiang University, Urumgqi 830000, China
2 College of Information Science and Engineering, Xinjiang University, Urumqgi 830000, China

3 School of Computer Science and Technology, Xinjiang University, Urumqi 830000, China

Abstract Cross-domain graph anomaly detection improves the accuracy of detecting anomalous nodes by leveraging labeled
source graphs to assist in detecting anomalies in unlabeled target graphs,effectively reducing the high false positive rate in unsu-
pervised detection. Aligning features between source and target graphs remain challenging due to the complex relationships be-
tween graph topology and node attributes,and the diversity of anomalous nodes further complicates detection. To address this,
a Dual Classification and Reconstruction Network (DCRN) is proposed. DCRN employs a reconstruction-based strategy for do-
main adaptation,optimizing shared structure and attribute encoders.anomaly classifiers.and decoders. This enables the model to
capture complex topological and attribute relationships between source and target graphs,achieving effective feature alignment
and knowledge transfer. DCRN combines classifier and decoder results to identify both shared and unique anomalies in the target
graph.enhancing detection accuracy and robustness. Experiments on four real-world datasets show that DCRN outperforms 10
baseline algorithms,with an average improvement of 4. 5% in AUC-ROC,20.5% in AUC-PR,and a 16. 13% reduction in FAR,
demonstrating its effectiveness in detecting anomalous nodes in target graphs.

Keywords Anomaly detection, Attribute graph.Domain adaptation,Graph neural network,Knowledge transfer
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Fig. 1 Three types of anomalies in the attributed networks
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Table 2 Dataset information

Dataset Dim Nodes Avg Deg Ration
YelpRes 8000 5012 41.79 0.0499
YelpHotel 8000 1322 23.55 0.0578
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Table 5 Comparison of AUC-ROC and AUC-PR on different datasets
Method YelpHotel— YelpRes YelpRes— YelpHotel YelpNYC— Amazon Amazon— YelpNYC
etho
AUC-ROC AUC-PR AUC-ROC AUC-PR AUC-ROC AUC-PR AUC-ROC AUC-PR
SCANLE] 0.500=£0. 000 0.04940. 000 0.72640.000 0.1184+0. 000 0.366=+0.000 0.04040. 000 0.529+0. 000 0.053740. 000
ONEL!2] 0.507+0.017 0.05240.003 0.50440.021 0.0594+0.003 0.496+0. 005 0.04040. 006 0.498=+0.010 0.04840.002
AnomalyDAE24]  0.818+0.035  0.28340.019  0.70740.012  0.226+0.005 0.70140.049  0.07940.013  0.726-0.045  0.16040.025
CoLLAL26] 0.2747+0.055 0.046=+0.006 0.41140.026 0.0497+0.004 0.233740.031 0.02540.001 0.507=+0.035 0.0557+0.014
ANOMALOUSHT  0,4984+0.014 0.0467+0.001 0.53540.013 0.128+0.007 0.466=+0.005 0.03440.003 0.619+0.001 0.136=+0.001
DONEL2] 0.649+0.051 0.21140.015 0.436740.003 0.175%+0. 004 0.83140.003 0.12840.002 0.550+0.013 0.11940.008
AdONEL#2] 0.746+0.020 0.253740.007 0.45340.009 0.173+0.006 0.60640.008 0.15440.008 0.834+0.003 0.133740.003
OCGNNL#3] 0.500%40. 000 0.04940. 000 0.50040. 000 0.058=40. 000 0.200=40. 000 0.040740. 000 0.500%£0. 000 0.04840. 000
COMMANDER) 0. 77440.007 0.26840.006 0.69040.009 0.210+0.007 0.85940.007 0.24240.019 0.6997+0.006 0.14540.001
ACTO13] 0.892-50.015  0.33040.018  0.804+0.006 0.287=40.006  0.925%+0.004 0.497-0.020 0.83040.002 0.243+0.003
DCRN 0.93310.007 0.418+0.016 0.92540.001 0.505%0.001 0.9621+0.012 0.70120. 055 0.8481+0.012 0.28240.027
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Fig. 7 Visualization of the node representation space during DCRN joint learning
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Table 6 Ablation experimental methodology includes modules
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Table 7 Comparison of DCRN module ablation experimental results
Method YelpHotel— YelpRes YelpRes— YelpHotel YelpNYC— Amazon Amazon— YelpNYC
t
erec AUC-ROC AUC-PR AUC-ROC AUC-PR AUC-ROC AUC-PR AUC-ROC AUC-PR

DCRN 0.93340.007 0.41820.016 0.925%0.001  0.505+0.001 0.962+0.012  0.701%0.055 0.848+0.012  0.282740.027

Wo_Dec 0.9314£0.001  0.416+0.030  0,61240.076  0.27240.019  0.96210.078  0.648+0.027  0,4414-0.003  0.122740. 020

Wo-Clf 0.39240.455  0.17040.171  0.69340.230 0.32140.184  0,60240.472  0.42740.373  0.5904-0.158  0.22240.062

Wo-Stru  0.7874+0.001  0.32240.017  0.705-40.002  0.259-40.003  0.85640.001  0.1744+0.005 0.689+0.001 0.1434+0.003

Wo-Attr 0.7944+0.011  0.12940.003  0.82440.032  0,288-40.012 0.646+0.014 0.136+0.018 0.41040.033  0.129-40.022
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