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Deep Neural Network Training Method Based on Individual Differences of Training Samples

LI Xiang'?, LIU Ming', LIU Ming-Hui', JIANG Qing?, CAO Yang®

!(School of Computer Science and Engineering, University of Electronic Science and Technology of China, Chengdu 611731, China)
%(CETC Big Data Research Institute Co., Ltd., Guiyang 550022, China)

Abstract: In recent years, the performance of deep neural networks in many tasks has been comparable to or even surpassed that of
humans, but its generalization ability is still far from that of humans. How to improve the generalization of the network has always been
an important research direction, and a lot of fruitful research has been carried out around this direction. Many effective methods have been
proposed from the perspectives of expanding and enhancing training data, suppressing model complexity through regularization, and
optimizing training strategies. These methods are a global strategy for the training data set, and each sample data will be treated equally.
However, due to the difference in the amount of information and noise carried by each sample data, the impact on the fitting performance
and generalization performance of the model during the training process should also be different. Are some samples more likely to overfit

the model during repeated iterative training? How to find these samples? Can the model obtain better generalization performance by
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adopting a differentiated anti-overfitting strategy for different samples? In response to these problems, a method for training deep neural
networks is proposed based on individual differences in sample data. First, the pre-training model is used to evaluate each training sample
to determine the fit effect of each sample to the model. Then, according to the evaluation results, the training set is divided into two
subsets: samples that are easy to overfit the model and the remaining ordinary samples. Finally, two subsets of data are used to train the
model. In the process, a stronger anti-overfitting strategy is adopted for the subset that is more likely to overfit the model. Through a
series of experiments on various deep models on different data sets, the effect of the proposed method on typical classification tasks and
fine-grained classification tasks is verified.

Key words: deep neural networks; generalization; regularization; weight-decay
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