Data-driven Al Security HCI Lab (DASH-Lab):

Developing Usable and Secure Technology after Better Understanding Data, Machines, and Humans
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Time Series
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> Time Series Forecasting

Model Sophistication / Generalization
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m - Transformer-based model

- - GNN-based model
- AdaRNN-based model
- Concept drifts modeling
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2. Sensor value
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> Time Series Anomaly Detection

Model Sophistication / Generalization
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Model Compression
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