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: : = Q1: How to deal with non-IID samples with constraint-based approaches under stationary :
Motivation Structural Causal Model (SCM), assuming all the causal relationships remain constant in Experlment Results

direction throughout time? T - ) ) . . ) )
A1: In Runge et al. 2019, PCMCI applies the Momentary Conditional Independence test (MCI) to deal Simulations with Continuous-valued Time Series and Discrete-valued Time Series.

CAUSAL DISCOVERY IN SEMI-STATIONARY TIME SERIES . ' “ ﬁ“

= Periodic nature is commonly observed in many real-world time series data.
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= (Q2: How to estimate the periodicity of causal mechanisms in X, denoted by w;?

A2: ©; < arg min max |Pa(X7 )|
all guesses of w; ¢ 2019.

. Theorem *  The data is from 1948-2022 with 900 months. o
PCMCIy; _ - X" denotes the monthly mean of surfacepressure inthe West Pacic X", X:” and X{*denotes the

Capturing PerlOdlClty Of the Caus al Structure /\ m /\ K\ monthly mean of air temperature in the Central Pacific, East Pacific, and tropical Atlantic,

L — X = P v respectively.
O \’ >4 2 O >O >0—=0 ’ ’ >' « We found that the causal effect from the tropical Atlantic air temperature to the Central Pacific air
temperature would disappear every quarter of a year.

Source: Analysis of data from FEIWA's Mobility Monitoring Program = (Case study with a real-world climate time series dataset, inspired by the application in Runge et al.

\/

= The goal: Discover the causal structure from a specific type of non-stationary time series data, called
the semi-stationary time series, where the underlying causal structures change periodically.
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