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Goal Existing problem

Solutions

Holographic sensing Low data quality

Latent disease feature

State understanding

Degradation forecasting Multiple affect factors

Data augmentation based on feature compression [5-17]

Response reconstruction based on heterogeneous data fusion [18—41]
Anomaly detection based on clustering methods [42—50]

Disease diagnosis based on multi-view analysis [51-70]

Spatial correlation modeling based on graph neural network [71-74]

Temporal dependency extraction based on external factors [75-94]
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