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RESEARCH OBJECTIVE

A Breath of Fresh Air

Recurrent model significantly
different from the industry
standard
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State of the Art

Results competitive with deep
feed-forward models

Adress two limitations
of conventional
ESN approaches

e Quadratic time and space
complexity of ESN step

e Trade-off between memory
capacity and network stability




ECHO STATE NETWORKS

A gradient-free model with a large
random recurrent reservoir and a simple
linear readout layer trained by linear reservoir output/target

regression. w

The random reservoir represents a
biologically plausible approach proving
that a sufficient number of random
features makes the readout of any
derived output easy.
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It is necessary to properly tune the
hyperparameters (we used the CMA-ES
framework from Matzner [2022])

I(IL) = Wfouta'(t) )

Matzner, Filip. Hyperparameter Tuning in Echo State Networks. In: GECCO ’22:
Proceedings of the Genetic and Evolutionary Computation Conference.



LOCALLY CONNECTED RESERVOIR

NARMAI1O results

state size

— 20x25
— 28x36
— 40x50
— 57x70
— 80x100
— 113x141
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Limit the length of the connections to only reach Reduced time and memory complexity of ESN step
the closest K neurons from O(N"2) to O(N*K) while retaining accuracy

Allows substantially larger reservoirs and an efficient
GPU implementation



FORCED MEMORY

Each neuron’s activation is an affine combination of its Significantly improves results for benchmarks
immediate past state and its historical state from time r—h with long time dependencies, e.g.,, ETTm]T

The delay h and the combination coefficients are randomly
chosen for each neuron individually and remain fixed
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Aligns with the random nature of ESNs and does not
iIntroduce additional hyperparameters that would need to
be optimized

>
=]
=
=
o
¢
>
—

Avoids the need to propagate the entire memory through
every step and stabilizes the network dynamics




RESULTS

Competitive results on the longest of the tested datasets
Second place in full relative ranking (all horizons X all datasets)
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CONCLUSION

RNN Refresh

Echo State Networks (ESN) is an overlooked TSF
baseline approach significantly different from
the industry standard

wiliy
\\\\\ /////

Locally Connected Echo
State Network

We introduced Locally Connected Echo State
Network (LCESN) reaching state-of-the-art results

Addressed Two ESN Limitations

e Local topology allows for much larger networks at
the same computational costs

e Forced memory facilitates longer time
dependencies and enhances network stability
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Open Source Implementation

We have released our C++/CUDA implementation
of LCESN under a permissive license at our GitHub




