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Motivation Novel Assumption: Input Sparsity

Given: Stock price data x; over time ¢ Goal: Find stock influences as a weighted SVAR & x;, =x;,_1B; (I — BO)_l 4o+ xe_xBi (I— B())_l +s (I— BO)_l

e.g. S&P 500 index stock data directed graph (see experiments) , , ,
Xt is fully determined by S¢,S¢—1,...,S1 (input)
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2023-01-03 26.7  239.6  143.1  89.7 125.1 . . .
o0t 01 1trr sy 1e04 Structural shocks: S¢,St—1, ..., S1 interpreted as input
2023-01-05 27.6 222.3 1426  86.8 125.0 40 10% 0% 1009
2023-01-06 28.7 2249 1486  88.2 129.6 AMZN 2 ’ ’ ’ ’ ’
2023-01-09 29.3  227.1  156.3  88.8 130.1 COOC
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Data Model: Structural Vector Autoregression (SVAR) S1 Sz S3 S4 S5 Se - X2 X3 X4 X5 Xo

. Input s, = Output x,= stock pri
Novel assumption: Data generated from few (exogenous) structural shocks NPUt S; = NEWS S AN 2= eXelC pl ks

Structural shocks for stock prices: unexpected quarterly results, changes in . .
dividends, product launches, changes in administration Assumption: Sparse Structural Shocks = Big news are few

Data model: SVAR Our method: SpinSVAR

Dependencies: instantaneous or time lagged Sparse input: Modeled with Laplace distribution
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Causal Stationarity: Depe

AMZN » » o ‘ Repeated structure =
% window graph

— Time series concatenation

(max lag k = 2)

SVAR & x; = [Xt Xt—1 - | s, VE = X=Xt W+ S
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Structural Vector Autoregression (SVAR)

Data are linear combination of current, past values and causes (computation from sources to sinks)

Xt = XtBO + Xt—lBl T oo AR Xt—kBk + S¢
1 \ ;5 SpinSVAR: Laplacian Maximum Likelihood Estimator (MLE)

—
instantaneous (acyclic) Time-lagged
(Structural component) (VAR component) Structural shocks = input _—

: 1
W = argmin log|X — Xpast W||; — - log |[det (I — Bg)| + A1||W]|1 + X2 - A (Byp)
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Laplacian MLE Enforces sparsity | Enforces

W (window graph) is parametrized by B, B1, ..., By in graphs acyclicity

In practice solved with gradient descent (PyTorch).
Assumptions are softly enforced (e.g. acyclicity)

Goal: Learn window graph W from time series x

Experiments

Synthetic experiment: d € {20, 30, ...,4000} nodes, N € {1,10} samples, S, 5% sparsity, Length 7" € {1000, 10000}

Structural Hamming distance (SHD) = number of mismatches with the ground truth (lower is better)

. N =1,T = 10000 - N = 10,T = 1000 VAR (Ourg
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DYNOTEARS L2 loss (linear)
SparseRC L1 loss (slower)

- Constrained-based

- L2 loss (non-linear)
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Our method

PP P
Laplacian input Bernoulli input

Ours fits best the sparse input assumption VARLINGAM is competitive, but times-out for large DAGs

Real-world experiment: S&P 500 stock index. Daily log-returns, ~500 stocks, 5 years (2019-2024)
Learned DAG ]§O Associated Structural Shocks S
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services META/AMZN The edges (roughly) cluster
] : the stocks in economic sectors

Most inputs align
with the data change
from t to t+1.
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Positive edges: movement along
the same direction
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