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Motivation
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Dimensionality Strong correlations between nearby

High dimensionality limits scalability locations can obscure real causal links
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Spatiotemporal Data Inferred Spatial Modes
and Latent Causal Graph
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Observed spatiotemporal data X(1 ).n
with L grid-points

l.atent time series Z(l1 DT ).n

The causal graph G

Spatial Factors F

XY =g, ([FZ],) + £}
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Spatial Factors F implemented as RBF kernels:

B )
F,;= RBE, (xfapda }’d) = CXP ——HXK Pal
CXP (7d)

Evidence Lower Bound (ELBO):

Conditional Likelihood Latent-causal conformity

N
Ingg X(l 7)1 N Z Z { (Z(liT),n|X(1¢T)an)q¢(G)q¢(F) ng X(l T).n | 7 (1:T),n F _|_ nge Z(l T).n | G — log q, Z(l T).n | X (1:7), n)] }

~KL ((6) |1 p(G)) = KL (q,() | | p(F) ) = ELBO(®, $)
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Theorem (informal version). Suppose we have two spatiotemporal processes
X&), XD (&) in the infinite resolution grid € = [0,1]" described by the equation

X)) =g, (F fZ(t)) + eg) for ¢ € G. For certain smoothness conditions on g, if

p (XO) | Z9,F,) = p (/X\(f)(f) | Z O, ?f), V¢ € €.t € [T], then the latent

process Z. is identifiable up to permutation and scaling.
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Results - Synthetic Data

Linear SCM, Linear SCM, Non-linear SCM, Non-linear SCM,
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Results - Climate Data

Precipitation Temperature Cross-Variate
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Thank You!
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