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Reservoir computing is a powerful modeling technique for sequential data. Proven to be state of the art in fields like
time series predictions, this family of models is lacking behind in terms of software implementations.
ReservoirComputing.jl enhances this field by being intuitive, modular, and faster compared to alternative tools.

What is Reservoir Computing?

Theory Lorenz System Coordinates
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Advantages:
e Faster compared to standard deep learning approaches 40 Y ﬂ ﬂ | ﬂ | j Q ﬂ \ | ! .
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Software Features
Speed
CPU GPU e From 1.5 to 14.3 times _ . | |
using ReservoirComputing, OrdinaryDiffEq
faster than the closest
10° 10! alternative for CPUs 40 = [1.0,0.0,0.0]
e From 1.4 to 3.0 times Sl e
L - - faster for GPUs
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a User Friendly
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ESN ReCA Nonlinear Algoritms T W = RandSparseReservoir(res_size,
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L Output
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RandSparseReservoir () 5328 ExtendedStates() g'e'gggg%-ﬂggg ® ngh Ievel dlreCt CaIIS reservoir = W,
S e SV Regression : input_layer = WeightedLayer (),
EPsILonSUR() available nla_type = NLAT2())
Reservoir Drivers e
0 Custom Modifiers e e More bespoke model e i e e e
L e ) construction possible

output = esn(Generative(1250), output_layer)

Focus

The library is aimed at researchers interested in modeling a wide range of complex spatio-temporal data sets, from mathematical
models to climate data. The ease of use allows for both quick explorations of the algorithm and for more nuanced constructions,
appealing to both newcomers and expert practitioners.
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