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Motivation

= Discontinuities and delayed terms are encountered in many domains (physics, engineering, medicine, economics, eftc...).
= These systems cannot be modelled and simulated with ODEs.

= | atent variables are introduced to solve this issue which lack physical interpretability.

= Delay Differential Equations (DDEs) naturally appear as good candidates for such systems.

We revisit the recently proposed Neural DDE by introducing Neural State-Dependent DDE (SDDDE), a general and flexible
framework that can model multiple and state- and time-dependent delays.

Modelling choice
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Our method can handle :
= multiple delays
= constant, state and time dependent delays

It cannot handle delays defined through integrals as typically found in
integro-differential equations.
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= More experiments and discussions are in the paper !
= Neural SDDDE almost consistently outperforms all other -2
models.
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