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[ Nonlinear dynamical systems reconstruction J
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[ simulated trajectory ]

zy = Az

+ Wmax(z;_1,0)+h




[ Nonlinear dynamical systems reconstruction J

[ dynamical system ]
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[ simulated trajectory ]

zy = Az
+ W max(z;_1,0)+ h




Challenges in training
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( Previous solutions )

Special architectures:
e.g. LSTM, GRU

Hochreiter & Schmidhuber (1997)
Cho et al. (2004)

Initialization of W

Le et al. (2015)
Talathi & Vartak (2016)

Unitary/orthogonal RNN

Arjovsky et al. (2016)

Helfrich et al. (2018)
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( Previous solutions )

Special architectures:
e.g. LSTM, GRU

Mathematically complex

Initialization of W

Effect fades during training

\_

Unitary/orthogonal RNN

Too restrictive
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Piecewise Linear RNN (PLRNN)
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[ Piecewise Linear RNN (PLRNN)

(zt = Az; 1+ Wmax(z;_1,0) + Cs¢ + h + stJ
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[ Piecewise Linear RNN (PLRNN) J

(zt = Az; 1+ Wmax(z;_1,0) + Cs¢ + h + et)

Can be transformed into equivalent ]

DS properties analytically accessible
[ Prop y y ] [ continuous-time ODE system

For example ...
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Manifold-attractors for long memory & slow time scales
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Manifold-attractors for long memory & slow time scales
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Manifold-Attractor regularization
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Theoretical analysis
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Theoretical analysis
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Theoretical analysis
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Experimental setups

[ Supervised ]

state {z,}

inputs {s} |$ |$ outputs {x.}
3 ‘ ) “Hey Siri, set an
L A alarm to 8:00”

Goal: Training:
Good ahead Stochastic
predictions gradient descent

\_ J
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Supervised: Classical ML benchmarks J

[ Addition task ] [ Multiplication task ] [ Sequential MNIST task ]




Supervised: Classical ML benchmarks

[ Addition task ]
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Pcurrect

Supervised: Classical ML benchmarks

[ Addition task ] [ Multiplication task ] [ Sequential MNIST task
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Unsupervised: Dynamical systems reconstruction

Bursting neuron model
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Unsupervised: Dynamical systems reconstruction
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[ Unsupervised: Dynamical systems reconstruction J
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é N

Unsupervised: Dynamical systems reconstruction
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Unsupervised: Dynamical systems reconstruction
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Unsupervised: Dynamical systems reconstruction
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Unsupervised: Dynamical systems reconstruction
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Conclusions

[ Tractable model ]

Piecewise-linear
RNN has tractable
mathematical
structure
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Conclusions

[Tractable model ][ Regularization ]

Piecewise-linear Manifold-attractor

RNN has tractable encourages
mathematical ‘memory subspace’
structure and slow flow
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Conclusions
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