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Data: Temperatures in fixed locations
across time

Date Altdorf Andermatt Nodes

2016-01-20) 0.2 -24 -1.4 0.8 — X1
2016-02-16 | 5.8 0.5 2.6 1.5 — X9
2016-03-17 | 11.4 3.6 11.8 12 — X3

Time steps

Goal: Derive one dependency graph G
(directed) for causal analysis
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Challenge: Graph is non-stationary
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New Goal: learn graphs G,
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Structural vector autoregression with few causes
(non-stationary)
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Optimization problem: SparseRC-TV
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Model assumptions

1. Prior work 2. Our approach
Graphs (, Graphs (, :
« Smooth [V. Kalofolias et. al.,, 2017], Sparse changes from G;to Gy 1

« sparse [K. Yamada et. al., 2019],
« orlow rank [S. Bagheri et. al., 2024]

changes from G, to G,

Edges: undirected with non-negative Edges: directed and any weights
weights.
Model: distribution of X; depends on the Model: X; depends linearly on itself (acyclic)
Laplacian at step ¢ and X¢_1, ..., X¢_ (directed graphs)
- (SVAR)

New assumption: Sparse SVAR input = Few causes



Synthetic experiments

Bgﬂ, 10-100 nodes, 10 time steps, 1000 signals, 5% sparsity in the causes

Structural Hamming Distance (SHD)
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« Our method fits best the data generation (few causes) assumption.



Swiss temperature dataset (2016-2023)
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» Discovered instantaneous dependencies.
» Edges connect neighboring regions.
« Edges follow roughly the swiss topology.




USA temperature dataset (1980-2010)
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 Discovered instantaneous dependencies.
» Edges connect neighboring states.
 Graphs differ in a small number of edges.




Poster at Graph Signal Processing Il

Tuesday April 8, 5-6:30pm

Hope to see you there!



