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Abstract: Deep neural network has been proved to be effective in solving problems in different fields such as image, natural language,
and so on. At the same time, with the continuous development of mobile Internet technology, portable devices have been rapidly
popularized, and users have put forward more and more demands. Therefore, how to design an efficient and high performance lightweight

neural network is the key to solve the problem. In this paper, three methods of constructing lightweight neural network are described in
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detail, which are artificial design of lightweight neural network, compression algorithm of neural network model, and automatic neural
network architecture design based on searching of neural network architecture. The characteristics of each method are summarized and
analyzed briefly, and the typical algorithms of constructing lightweight neural network are introduced emphatically. Finally, the existing
methods are summarized and the prospects for future development are given.

Key words: lightweight neural network; mobile device; compression of neural network; neural network architecture searching; auto

machine learning
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Table 1 Comparison of lightweight model methods based on reinforcement learning
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Fig.12 The structure of AMC compression algorithm
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Table 2 Compression based on learning vs compression based on rules
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Fig.19 The framework of reinforcement learning
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Table 3 Comparison of classification results and search time of different
search strategies on CIFAR-10 dataset
F 3 AR HNE AL CIFAR-10 odli £ 11043 S8 45 RAIHL 2R ] ) L A

Reference Error (%) Params (millions) GPU days
Baker et al. (2017)PY 6.92 11.18 100
Zoph and Le (2017)1%% 3.65 37.4 22 400
Cai et al. (2018)!"! 4.23 23.4 10
Zoph et al. (2018) 3.41 33 2000
Zoph et al. (2018)+Cutout 2.65 3.3 2000
Zhang et al. (2018)1"" 3.54 39.8 9
Cai et al. (2018)!*” 2.99 5.7 200
Cai et al. (2018)+Cutout 2.49 5.7 200
Real et al. (2017)1"% 5.40 5.4 2 600
Xie and Yuille (2017)7 5.39 N/A 17
Suganuma et al. (2017)") 5.98 1.7 14.9
Liu et al. (2018)7 3.75 15.7 300
Real et al. (2019)4 3.34 3.2 3150
Elsken et al. (2018)7¢! 5.2 19.7 1
Wistuba (2018)+Cutout!’”’ 3.57 5.8 0.5
Kandasamy et al. (2018)%"] 8.69 N/A 1.7
Luo et al. (2018)®1 3.18 10.6 200
Pham et al. (2018)°" 3.54 4.6 0.5
Pham et al. (2018)+Cutout 2.89 4.6 0.5
Bender et al. (2018)%% 4.00 5.0 N/A
Brock et al. (2018)1! 4.03 16.0 3
Zhang et al. (2019)!%! 430 5.1 0.4
Random (Luo et al. 2018)"*! 3.92 3.9 0.3
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