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Overview
•Lorenz Attractor

•Reservoir Computer Model

•Network Thinning

•Spectral Radius 

•Future Work

•Questions



PREDICTING THE 
UNPREDICTABLE



Lorenz Attractor - Equations



Reservoir Computer Model



Reservoir Computer Model



Reservoir Computer Model



Reservoir Computer Model



Reservoir Computer Model

Driven Node 
States



Reservoir Computer Model



Learning Step



MAIN HYPOTHESIS



Reservoir Computer Model



Reservoir Computer Model



Internal Processing Network



Reservoir Computer Model

Size of Network (Number of Nodes)

Topology (Network Structure)

Spectral Radius

Initial Mean Degree (connectivity)

Sparsity 



Network Topologies
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MAIN IDEA  

Watts–StrogatzAlbert-Barabási Erdős–Rén
yi

Random Geometric 
Graph

Randomly Remove Edges (a lot of them)



Data Generation



Performance Metric

High 
is 

Good

Low 
is 

Bad



Before thinning the Processing Network



After removing 90% of the connections



Extreme Thinning of Network
Summary

The data points suggest that there exist 
parameter sets where thinning the internal 
network of the Reservoir Computer can 
improve the valid prediction time (or accuracy 
duration) on the Lorenz Attractor. 



Crowd Sourcing

vs

Many amateurs can be greater than One Professional / Expert 



SPECTRAL RADIUS



Thinning & Spectral Radius

* Individual Parameter sets are shown
(no aggregation across other parameters like gamma, sigma,etc) 



Thinning & Spectral Radius

* Aggregationing tens of thousands of simulations across many parameter 
sets

Legend of
Spectral
Radius
values



Node State Responsiveness according to 
Thinning & Spectral Radius



Thinning & Spectral Radius
Summary

The data points suggest that Reservoir 
computers with dense internal networks and a 
high spectral radius can be really bad predictors 
whereas extremely sparse networks with high 
spectral radius can be the best of predictors. 



Future Research Processing 
Network

Aggregate Network or 
Effective Adjacency Matrix



Optional Questions
•How do our results compare to other researchers?

•What sources of bias could there be in our results?

•How does topology affect predictability? 

•Pro’s & Con’s of Reservoir Computing



APPENDIX
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Extreme Thinning of Network

* Individual Parameter sets are shown
(no aggregation across other parameters like gamma, sigma,etc) 



Extreme Thinning of Network



Extreme Thinning of Network

* Average of more than 10k 
simulations per edge removal % 
range per topology



Optional Questions



How do our results compare to other 
researchers?

Return



Metric Comparison

Return



How do our results compare to other 
researchers?

Return



Metric & Performance Comparison

Pathak 
et. al. 
2018Return



THANK YOU
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Potential Sources of Bias
•Potential Bias: 18x more thinned simulations than not

• Prevalent when aggregating thinned & not thinned
• Like in the Avg 100 best models comparison
• Comparing Topology’s performance

•Potential Solution: 
• awareness
• aggregate first by edge removal percentage and then aggregate 

thereafter (if necessary)
• Edge removal % range by topology barchart  
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* Average of more than 10k 
simulations per edge removal % 
range per topology

Overcoming Potential Bias

Return



Potential Sources of Bias
•Potential Bias: Confirmation Bias 

• Prevalent when showing examples of individual parameter sets
• This system is susceptible to high variance in terms of 

performance 

•Potential Solution: 
• Aggregate as to identify general trends
• Specify whether we seek to show that THERE EXIST cases where 

sparsity improves performance
• Perform theoretical analyses on dynamics to discover design 

principles
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Potential Sources of Bias
•Potential Bias: Comparison Incompatibilities

• Disparities between number of simulations for various parameter 
sets, like topology for example.

•Potential Solution: 
• The topologies become nearly indistinguishable when they’ve 

been thinned to nearly 100%.
• Consider claims made by analysis within one topology

• Science: keep variables constant like Topology – and vary a different 
variable (like just spectral radius, or just edge removal %)
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THANK YOU
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Pro’s & Con’s of a Reservoir Computer (or 
Liquid State Machine = LSM), Wikipedia states 
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THANK YOU
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How does topology affect predictability?

Return

The networks of the different topologies become 
nearly indistinguishable as thinned completely which could explain 

why there is minimal difference in predictability.
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