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DGLD

Benchmark for Deep Graph Anomaly Detection

TUTORIAL DOCS

DGLD is an open-source library for Deep Graph Anomaly Detection based on pytorch and
DGL. It provides unified interface of popular graph anomaly detection methods, including the

D GLD data loader, data augmentation, model training and evaluation. Also, the widely used modules
are well organized so that developers and researchers can quickly implement their own designed
models.

L EFIFEME—DGLD, BERf8fFE17MERNE L TEERBRMEE
GitHub : https://github.com/EagleLab-ZJU/DGLD
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RGCN Encoder
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Z' = Layer Norm(H")
7 = Dropout(a(Z"))
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[1] Chai, Ziwei, Siqi You, Yang Yang, Shiliang Pu, Jiarong Xu, Haoyang Cai, and Weihao Jiang. Can Abnormality be Detected by Graph Neural Networks?.
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[1] Sheng Zhou. https://github.com/EagleLab-ZJU/DGLD, 2022.

[2] Yixin Liu, Zhao Li, Shirui Pan, Chen Gong, Chuan Zhou, and George Karypis.Anomaly detection on attributed networks via contrastive self-supervised learning.CoRR,abs/2103.00113, 2021.
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