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A novel optimization method of neural network training
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[ Abstract] The exponential moving average (EMA) algorithm can often be used to filter noises caused by mini—batch gradient
descent for the improvement of model robustness. However, the traditional EMA algorithm cannot optimize the network parameters
effectively at the late period of continuous training, and the overfitting often occurs for the deep networks. Therefore, the paper
proposes a novel EMA algorithm ( T-ADEMA) with dynamic decay which regards Tanh function with variable coefficient as the
decay function. In addition, T-ADEMA algorithm is used to train ResNet50 with the optimizer SGD on three different datasets, i.e.
MNIST, CIFAR_10, CIFAR_100, and train Vision Transformer ( ViT) on chest X-ray images, including data augmentation based
on deep convolutional generative adversarial networks (DCGAN) and ¢ — Distributed Stochastic Neighbor Embedding (¢ — SNE) for
visualization. The experiments show that for CIFAR_100 test set, the Accuracy, Precision, Recall and F| Score of T—ADEMA
algorithm are 74.15%, 74.39%, 74.15%, 74.04% respectively. And for chest X —ray test set, the corresponding evaluation
indicators are 87.94% , 91.19% , 84.43% , 86.87% respectively. Moreover, in comparison with the other state—of—art algorithms,
T-ADEMA+SGD algorithm can adjust optimal parameters better according to training times dynamically and reduce noises. The
proposed method achieves better generalization performance and be suitable for variety of classical datasets.

[ Key words] exponential moving average; deep neural networks; decay; generalization performance
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