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A Combinatory Form Learning Rate

Scheduling for Deep Learning Model

HE Yu-Yao! LI Bao-Qit

Abstract A good learning rate scheduling can significantly
improve the convergence rate of the deep learning model and
reduce the training time. The AdaGrad and AdaDec learning
strategies only provide a single form learning rate for all the pa-
rameters of the deep learning model. In this paper, AdaMix is
proposed. According to the characteristics of the model parame-
ters, and a learning rate form which is only based on the current
epoch gradient is designed for the connection weights, a power
exponential learning rate form is used for the bias. The test re-
construction error in the fine-turning phase of the deep learning
model is used as the evaluation index. In order to verify the
convergence of the deep learning based on different learning rate
strategies, Autoencoder, a deep learning model, is trained to re-
structure the MNIST database. The experimental results show
that Adamix has the lowest reconstruction error and minimum
calculation compared with AdaGrad and AdaDec, so the deep
learning model can quickly converge by using AdaMix.
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Fig.1 The training process of Autoencoder model
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Fig.2 The network graph of an RBM
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Fig.3 The network graph of an artificial neuron
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Fig.4 Comparison of the convergence performance of AdaMix

and other three methods
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Fig.5 The influence of weight and bias on the convergence of

deep learning model
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Fig.6 The influence of different learning rates on
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Fig.7 The influence of different learning rates on

the bias of deep learning model
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