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Abstract

Echo State Networks (ESNs) exhibit promising potential for applications in the field of time series
prediction. To further enhance their predictive performance for strongly nonlinear time series, this
paper proposes an attention-pooled echo state network (AP-ESN). The proposed model introduces
an attention pooling layer between the reservoir and the output layer of the standard ESN, which
adaptively selects and aggregates critical feature information from the reservoir, thereby effec-
tively improving the prediction accuracy of the model. The leakage rate, input scaling factor, and
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spectral radius are identified as the core hyperparameters that significantly influence the predic-
tive performance of ESNs. To address this issue, this paper incorporates a cross-feedback mecha-
nism to improve the moth-flame optimization algorithm, enhancing its global search strategy and
effectively overcoming the drawback of the traditional moth-flame optimization algorithm, which
tends to become trapped in local optima. Experimental validation is conducted using two repre-
sentative strongly nonlinear datasets, namely the Mackey-Glass (MG) chaotic time series and a low-
frequency sinusoidal series. The results show that the proposed AP-ESN model has superior fitting
and prediction performance in predicting strongly nonlinear time series.
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Figure 1. The structure of Leaky-ESN
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Figure 2. Error results of the MG series
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Figure 3. Comparison of RMSE and MAE for the MG series
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