Investigating Anomalies in Compute Clusters: An Unsupervised Learning Approach
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Attention-based Graph Neural Network
Goal: Learned graph relations with 66 monitored metrics from CPU, memory and disk from all compute nodes in G1
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The threshold of deviations (1) is set as a specific centile of the normal data.
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Workflow of using attention-based GNN for anomaly prediction uncertainty estimate.
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