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Motivation

Given: Tem PE rature Date Altdorf Andermatt Basel

2016-01-20 0.2 -2.4 -1.4 0.8
2016-02-16 5.8 0.5 2.6 1.5
2016-03-17 114 3.6 11.8 12

measurements at d
weather stations
over time

Goal: Find time-varying geographical weather influences as
a weighted directed graph (see plots on the right)

Novel assumption: Few causes
Data generated from few (exogenous) causes

Example: Local atmospheric conditions e.g. sunlight, rain, ...

Formal problem statement

Given: Multi-dimensional signals x; sampled over regular
time intervals ¢
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Learn: Associated time-varying weighted directed graphs

U1 G2 Or

Data model

Structural Vector Autoregression (SVAR)

X; = Bét)xt + Bgt)xt_l + ...+ Bg)xt_k + ¢4

Few (exogenous)
causes = input

Gy is represented by Bét), Bgt), e B,(f) (window graph)

Unrolled Directed Acyclic Graph (DAG)
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Goal: Learn DAG A from data X

Our contribution

New data generation assumptions

Prior work
Graphs G;and G;

Smooth

Ours: Few causes

Sparse changes
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undirected with non-negative
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Directed and any weights
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Model

Distribution of X+ depends on

X+ 1S computed via an SVAR
current connectivity A (*)

with sparse input C,
parametrized by Bét), BY’), e B,(f)

= window graph G,

Learning the graphs

Optimization problem: SparseRC-TV
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Few causes

Challenge

Matrix A € R X scales with the length of the time series T°
and can get large

Solution: subsampling

Example (temperature measurements):
Derive monthly-varying graphs by sampling one day from each
month of the year (T = 12)

No information loss: all possible subsamples available

Experiments

Synthetic experiment

Structural Hamming Distance (SHD)
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Experimental setup

Gy = B§t)

(one directed graph)

d € {10, ...,100} nodes

N € {10°, ...,10*} samples
C, 5% sparsity

Length 7' = 10

Our method
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Time-varying directed graphs discovered by real-world temperature datasets

Switzerland weather stations (SwissMeteo 2016 — 2023)

29 stations, maximum daily temperatures, subsampling (7' = 12, N = 240)

January G, = B(()l)

USA weather stations (NOAA 1980 - 2010)
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Our method
Semi-stationary

DAG learning

GSP-based

48 states (excluding Hawaii and Alaska), maximum daily temperatures, subsampling (7' = 12, N = 314)
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Results
Discovered mainly instantaneous dependencies G, = B(()t)
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Edges connect neighboring regions or states and follow roughly the swiss topology (without any prior on the geography or topology of nodes)

Graphs differ in a small number of edges and may contain cycles.




