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Stream Mining Time-evolving Causality in Time Series

Goal: Achieve all of the followings  (b) Snapshot taken on May 19, 2022
« Find distinct dynamical patterns / regimes
« Discover causal relationships, which changes
over time / time-evolving causality
« Forecast an [.-steps ahead future values
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-+~ ModePlait: novel streami mng method :: (#1) covzd19. was obtained from Google COVID-19 Open Data [9].
CoSSS SIS S S o o S s o225 (#2) web-search: consists of web-search counts on Google [10].
 Proposed Model - ModePlait :' (#3) chicken-dance, (#4) exercise: were obtained from the CMU

: Key Concepts - Our model is designed based on SEM || motion capture database [4].
I Exogenous variables evolve over time / inherent signals || Q1. Effectiveness - web-click activity stream
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I I (b) Snapshots at current time point ¢, = 443.
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(a) Snapshots at current time point ¢, = 208. |
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Conclusmn ModePlait has following properties:

|| Effective: it discovers time-evolving causality

" General: it is adaptable to various real-world datasets

:' Scalable: it does not depend on stream length

Main idea (P2): Dynamical patterns
Describe distinct dynamical pattern (i.e., regime)

'I Future work - Enhancing our proposed model:
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P1) Collection of
7 \ d Se|(f_d3,na%?ccffcntoor cets H and Renyi 1960] for quantitative evaluation.
Estimated value  Mixing matrix { Multi-task optimization: we optimize multiple tasks

|: (I.e., causal discovery and time series forecasting) while
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