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Challenge: design SPD-to-SPD neural architectures

SPD matrices everywhere

Graph Learning (Shrivastava et al., 2019)

Computer Vision (Gao et al., 2019)

Optimal Transport (Flamary et al., 2019)

=⇒ can neural nets learn them from data ?
Difficult !

Idea: Leverage inductive bias
Unroll iterative algorithms !

STILL CHALLENGING:

How to handle additional constraints?
No reliable way to ensure both SPD and sparse outputs
(hard problem (Guillot and Rajaratnam, 2015))
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Contribution: Schur’s Positive-Definite Network

Setup: Block matrices Θ =

[
Θ11 θ12
θ>12 θ22

]

Key ingredient: Schur’s condition for positive-definiteness

Θ11 � 0

θ22 − θ>12[Θ11]
−1θ12 > 0

Key observation: Holds for any column value !

Core idea: flow through column/row/diagonal updates
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For more details...

Hope to see you at the poster session ! :-)

Check out the paper:
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