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Previous solutions

Special architectures:
e.g. LSTM, GRU

Initialization of W

Unitary/orthogonal RNN

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

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

Arjovsky et al. (2016)
Helfrich et al. (2018)

vanishing/
exploding 
gradients

multiple time 
scales & long-

range 
dependencies
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Previous solutions
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e.g. LSTM, GRU

Initialization of W

Unitary/orthogonal RNN
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Effect fades during training
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DS properties analytically accessible

k-cycles:

Examples

Can be transformed to equivalent
continuous-time ODE system

Piecewise Linear RNN (PLRNN)

(Monfared & Durstewitz, ICML, 2020)

Fixed points: 
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Perfect line attractor retains
states indefinitely

Slightly ‘detuned’ line attractor
enables arbitrary time constants

Manifold-attractors for long memory & slow time scales
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Manifold-Attractor regularization
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Manifold-Attractor regularization

regularized

non-regularized
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Regularized PLRNN 
obeying theorem 1

Gradients bounded
from above and

below

Theorem 1

PLRNN dynamics
converges to fixed

point or k-cycle

Loss gradients
bounded from

above

gradients

dynamics
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outputs {xt}inputs {st}

“Hey Siri, set an 
alarm to 8:00”

trajectory {xt}state {zt}state {zt}

sparse inputs {st}

Goal: 
Reconstruct temporal 

& geometrical
structure

Training: 
Expectation maximization

Laplace approximation
FP-iterations

Goal: 
Good ahead
predictions

Training: 
Stochastic

gradient descent

infer

generate

Experimental setups

Unsupervised
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Supervised: Classical ML benchmarks

Addition task Multiplication task Sequential MNIST task
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Supervised: Classical ML benchmarks

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

Simulated electrocardiogram (ECG)Bursting neuron model
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Unsupervised: Dynamical systems reconstruction

Dependence of performance on regularization factor
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Unsupervised: Dynamical systems reconstruction

Mechanisms: Capturing both slow and fast time scales
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Conclusions

Piecewise-linear 
RNN has tractable 

mathematical
structure

Tractable model

Manifold-attractor
encourages

‘memory subspace’ 
and slow flow

Regularization

PLRNN-dynamics

Theorems

Outperforms other
RNN on ML 
benchmarks

ML benchmarks

Enables multiple 
time scales and 

long-range 
dependencies

DS reconstruction

Error gradients

Bounded gradients
in reg-PLRNN
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