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Problem Setting Weak Points in Existing Methods

- Causal inference in time series: A knowledge discovery task Approach: Weak Points:
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Ideas for Classifier Design

Granger causality definition: A classifier that assigns labels by following rule can infer Granger causality
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Review | Kérnel embedding: Map a distribution to a point in feature space By using kernel embedding, the above assignment rules are reformulated as
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Feature Representation Extension to Multivariate Time Series

To design classifier based on the above 1deas, we utilize the distance Conditional Granger causality: Based on conditional
between mapped points (maximum mean discrepancy; MMD) to obtain extended definition for multivariate case | Granger causality definition,

feature vectors we similarly estimate MMDs
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Experimental Results

1. Linear / Nonlinear synthetic time series
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