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Data-driven time series prediction and surrogate model creation are required in applications 

including predictive maintenance, medical therapies and climate prediction. Reservoir 

computing is a low-training-cost approach to such tasks. In reservoir computing, large 

reservoirs, i.e. many nodes in the reservoir network, generally lead to more accurate predictions 

and attractor reconstruction [1,2]. However, larger networks hinder the interpretability of the 

trained systems and require more computation resources to run. Additionally, for attractor 

reconstruction, unstable modes of the trained systems arising due to the high dimensionality of 

the reservoirs can lead to undesirable dynamics [3,4]. To address these issues, we investigate 

the ability of small reservoirs to predict and reconstruct the dynamics of chaotic attractors.  

 

Figure 1: Four examples of the autonomous dynamics of 10-node reservoirs trained to 

reconstruct the Lorenz 63 chaotic attractor using an uncoupled reservoir as in [5] (with a 

spectral radius of 0.4 and the Lorenz input series rescaled to the range [0,0.4]). A reference 

Lorenz trajectory for the true system is shown in blue. 

Figure 1 shows examples of the types of dynamics arising when a 10-dimensional reservoir is 

used to reconstruct the Lorenz attractor. Despite only small variations in the training errors, 

vastly different dynamics can arise in the trained system when it is run autonomously (closed-

open). By analyzing the dynamics of these trained systems, we work towards developing 

methods that reliably and interpretably reproduce the desired dynamics. 
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