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We propose an interpretable model for inferring nonlinear relationships in 

multivariate time series…



Granger Causality (GC)

𝑋 Granger-causes 𝑌 iff

ℙ 𝑌𝑡+1 ∈ 𝒜 | ℐ 𝑡 ≠ ℙ 𝑌𝑡+1 ∈ 𝒜 | ℐ−𝑋 𝑡 .
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VAR + Self-explaining Neural Networks = 

Generalised Vector Autoregression (GVAR)
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Inference Framework
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Empirical Results
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Inferring Relationships
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Detecting Effect Signs
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Conclusion

• Extension of self-explaining neural networks to autoregressive setting
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