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> learning to replicate the no external input
chaotic dynamics of the

training data set

changing the
reservoir's topology

Physics-informed reservoir computing

» using prior knowledge about the task's

—

physics to bias the training data, the
reservoir's topology or loss function
» data-driven learning of the reservoir's
output layer
high prediction accuracy
far-reaching inference

data efficient learning
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» Goal: predict the dynamics of high- training testing
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» more complexity in the training data 600 J Trained at: MG17 MG30 MG100 > training a physics-informed reservoir on data
improves the inference ability enables prediction of dynamical features not
<1§ 400 seen during the training
> e.g. learning from a chaotic system 200 - o |
1.0 | :
shorter delay (\ accesible
o - 5 05 - | ﬂﬂ | | » possible extension to other
» learning in the long delay Iimit enables < ™ T\ | .
L m dynamical system such as:
prediction of much longer delays up to 1) M\ I N .
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