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Abstract

The neural network with millions of parameters can easily be overfitting by large dataset. A wide
range of regularization methods have been proposed. In this paper, L1, L2 and Dropout regulariza-
tion methods are reviewed. Finally, MNIST handwriting recognition experiments using the above
regularization methods are conducted for comparisons.
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Figure 1. L' regularization
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Figure 3. Standard neural network
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Figure 4. Network with Dropout
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Figure 5. Schematic diagram of neural network
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Figure 6. Network with Dropout
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Figure 7. At training time
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Figure 9. 784-1000-500-10 net
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Figure 10. Comparison of test accuracy in four cases
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Table 1. Four cases test accuracy rate partial training cycle results
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Figure 11. Comparison of train accuracy in four cases
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Table 2. Four cases train accuracy rate partial training cycle results
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Table 3. Four cases of accuracy rate difference part of the training cycle results
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