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Based on Optimization Algorithm
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Based on Optimization Algorithm

Student : Yang Chung Advisor : Dr. Cheng-Hung Lin

Department of Electrical Engineering
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ABSTRACT

With the continuous progress in the field of deep learning, artificial neural networks
require more parameters and memory footprint, as well as higher hardware requirements.
How to achieve high recognition accuracy with limited memory and hardware has
become a critical issue. Network pruning is the most direct way to solve the problem of
excessive parameters. By deleting unnecessary parameters in the network, a lot of
memory space can be saved.

In the proposed methods, the strategies of network pruning mainly consider pruning
the small weights. The main strategy of these network pruning methods is to assume
that the smaller weights in the network have less impact on the network itself and can
be discarded. But we believe that this assumption is not absolute for neural networks.

In this thesis, we assume that small weights may also be important weights. We
propose an optimized pruning strategy that not only leaves larger weights when pruning,
but also leaves smaller weights selected by the optimized strategy. During pruning
process, not only the larger weights are left, but also the smaller weights selected by the
optimization. We treat the retention of parameters in a network model as an optimization

problem. Experiment results show that that keeping important small weights in the



network is beneficial to the accuracy of the pruning network, so that the pruning network

can achieve the best trade-off between low parameter amount and high accuracy.

Keywords: Deep learning, neural network, network pruning
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