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Graph-Level Anomaly Detection
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Graph-Level Anomaly Detection (GLAD):

 Identify graphs that deviate from the majority of graphs in a dataset.

Detection alone is not enough. 



The Missing Normal Reference
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• GLAD scores are self-referential:
Do not directly show how the anomalous 

graph differs from normality.

• Explainable GLAD:
 No normal reference.
 Latent prototype only.

Without a normal reference,
an anomaly is hard to verify.



A Case-Based View of GLAD
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• Case base: Representative normal graphs as prototypes.

• Retrieve: Nearest normal prototype & corresponding normal cluster.

• Compute: Similarity to normal cluster gives anomaly score.

• Explain: Contrast anomaly with prototype.

Anomaly → Dissimilar to all normal cases.



ProtoGLAD
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Case Representation
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Isolation Kernel
Feature Mapping

Weisfeiler-Lehman
Embedding

Node vector 𝐱𝐱𝑣𝑣 of graph 𝒢𝒢 Graph embedding 𝜙𝜙 𝒢𝒢 = 1
𝒱𝒱
∑𝑣𝑣∈𝒱𝒱 𝜑𝜑ℎ 𝐱𝐱𝑣𝑣

IK feature map 𝜑𝜑 𝐱𝐱𝑣𝑣 WL embedding
𝜑𝜑ℎ 𝐱𝐱𝑣𝑣 = 𝜑𝜑ℎ−1 𝐱𝐱𝑣𝑣 + 𝛴𝛴𝑢𝑢∈𝒩𝒩 𝑣𝑣 𝜑𝜑ℎ−1 𝐱𝐱𝑢𝑢 / 𝒩𝒩 𝑣𝑣 /2



Case Base Construction
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Normal cluster & prototype
discovery via a density-adaptive

point-set kernel

Case base of normal
prototype graphs



Anomaly Detection
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 Anomaly score:

𝑠𝑠𝑖𝑖 = − max
𝑗𝑗=1,…,𝑘𝑘

𝐾𝐾 𝜙𝜙(𝒢𝒢𝑖𝑖),𝐶𝐶𝑗𝑗

 Normal: Close to at least 
one normal cluster.

 Anomalous: Dissimilar to 
all normal clusters.



Contrastive Case-Based Explanation
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Node normality score: 𝑐𝑐 𝑢𝑢 = 𝜑𝜑ℎ 𝑢𝑢 ,𝜙𝜙 𝒢𝒢𝑝𝑝∗



Experimental Setup
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 Datasets:
 10 real-world datasets from the TUDataset benchmark.
 3 synthetic datasets with ground-truth anomalous motifs.

 Baselines: 8 unsupervised GLAD methods
 Two-step embedding-then-detection methods: WL-iForest 

and MUSE.
 End-to-end deep learning methods: GLADC, GLocalKD, 

OCGTL, SIGNET*, GLADPro*, and KDGAE.

 Evaluation metrics:
 Graph-level AUC for detection.
 Node-level and edge-level AUC for explanation.

*Explainable GLAD methods.



Detection Performance
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* Graph-level AUC.



Explanation Quality on Synthetic Data
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* Node-level AUC (N-AUC) and edge-level AUC (E-AUC).



Real-World Case-Based Explanations
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• SIGNET: No native normal 
reference.

• GLADPro: Latent prototype, 
indirect visualization.

• ProtoGLAD: Real prototype, 
direct contrast.

* For SIGNET which does not identify prototypes, ProtoGLAD is used to provide the 
normal reference; for GLADPro, the closest graph to its latent prototype is shown. 



Ablation Study
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* Graph-level AUC.

• The multi-prototype case base is the most critical component; 
a single center fails to cover multiple normal clusters.



Conclusions

15

 ProtoGLAD brings case-based reasoning to graph-level 

anomaly detection.

 Strong detection performance with human-interpretable, 

contrastive explanations.

 Anomaly detection should ground its judgment in a 

concrete contrast.



Thanks!
Presented by Xinpeng Li
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