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Lightweighting Methods for Neural Network Models: A Review

GAO Yang,CAO Yangjie and DUAN Pengsong

School of Cyberspace Security,Zhengzhou University, Zhengzhou 450000, China
Abstract In recent years,with its strong feature extraction capability, neural network models have been more and more widely
used in various industries and have achieved good results. However, with the increasing amount of data and the pursuit of high ac-
curacy,the parameter size and network complexity of neural network models increase dramatically, leading to the expansion of
computation,storage and other resource overheads, making their deployment in resource-constrained scenarios extremely chal-
lenging. Therefore,how to achieve model lightweighting without affecting model performance,and thus reduce model training and
deployment costs,has become one of the current research hotspots. This paper summarizes and analyzes the typical model light-
weighting methods from two aspects:complex model compression and lightweight model design,so as to clarify the development
of model compression technology. The complex model compression techniques are summarized in five aspects: model pruning.,
model quantization,low-rank decomposition, knowledge distillation and hybrid approach, while the lightweight model design is

sorted out in three aspects:spatial convolution design,shifted convolution design and neural architecture search.

Keywords Neural networks,Model compression, Model pruning,Model quantization, Model lightweight
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Table 2 Compression effect comparison of different compression

methods on LeNet-5 on MNIST

ok ok AAccuracy # Params
Ref. [15] 40.03 12x
HA DNS23] 0 108x
Wk Ref. [19] —0.1 63x
FDNPL25] 0 130x
[RCE | Ref, [51] -6.18 2x
Soft weight-sharing5*] —0.09 162x
Deep compression55] +0.06 39x
BA .
. Ref. [57] —0.01 193x
VN .
Ref. [58] —0.1 156x
Ref. [59] 0 10x
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Table 3 Compression effects comparison of different quantization

methods on AlexNet

Top-1 Top-5

Vi Weight bits Activation bits
A accuracy A accuracy
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— Y p

Ref, (561 3.0 7 1 32
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INQL3 +0.15 +0. 23 5 32
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Table 4 Comparison of classic lightweighting models

Model Params Top-1/% MFLOPS

MobileNet V1£60] 4.20X10° 70. 6 569
MobileNet V2 3.40x10° 72.0 300
ShuffleNet V1L62] 3.40%X10° 71.5 530
ShuffleNet V2[63] 5.30X10° 73.7 300
ShiftNetl64] 4.10Xx10° 70.1 1400
As-ResNet-65] 3.42X10° 72.2 729
GoogleNet 6.80X10° 69. 8 1550
AlexNet 60. 90X 10° 57.2 725

VGG-16 138.00x 106 71.5 15300
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