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Data Parallel Training Optimization Method for Deep Learning Model
Based on Reservoir Computing

LI Xiangyuan', LU Junmin®, XU Shengchao®
(1. Center of Experimental Education and Network Technology Management, Guangzhou Huashang College,
Guangzhou 511300, China;
2. School of Artificial Intelligence, Guangzhou Huashang College, Guangzhou 511300, China)

Abstract: In order to improve the low training efficiency and convergence of deep learning models, this paper presents a
data parallel training optimization method for deep learning model based on reservoir computing, balances and splits the train-
ing data, constructs a reserve pool, and uses the moth algorithm to obtain the optimal density and weight parameters between
neurons in the connection matrix. Using the balanced and segmented training data as the input, and adopting the constructed
reservoir computing to optimize the deep learning model and conduct parallel training. Through experimental testing. the
model has smaller losses, and its curve tends to stabilize earlier, indicating that the model is more stable and can converge to
a better solution faster. In addition, during training process, this method has the features of high CPU usage and minimal
fluctuations, with a significantly higher F, score, the results show that this method can more effectively utilize CPU re-
sources and has good generalization ability, proving the training effectiveness of this method.

Keywords: reservoir computing; deep learning models; training data; moth algorithm; parallel training optimization
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