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Lightweight Deep Neural Network Models for Edge Intelligence: A Survey
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3 School of Computer Information Engineering,Changzhou Institute of Technology,Changzhou,Jiangsu 213000, China

Abstract With the rapid development of the Internet of Things(IoT) and artificial intelligence C(Al), the combination of edge
computing and Al has given rise to a new research field called edge intelligence. Edge intelligence possess appropriate computing
power and can provide real-time, efficient,and intelligent responses. It has significant applications in areas such as smart cities,in-
dustrial ToT,smart healthcare,autonomous driving,and smart homes. In order to improve the accuracy of models.,traditional deep
neural networks often adopt deeper and larger architectures, resulting in significant increases in model parameters, storage re-
quirements,and computational complexity. However,due to the limitations of IoT terminal devices in terms of computing power,
storage space,and energy resources,deep neural networks are difficult to be directly deployed on these devices. Therefore, light-
weight deep neural networks with low memory, low computational resources, high accuracy, and real-time inference capability
have become a research hotspot. This paper first reviews the development process of edge intelligence and analyzes the practical
requirements for lightweight deep neural networks to adapt to intelligent terminals. Two methods for constructing lightweight
deep neural network models: model compression techniques and lightweight architecture design are proposed. Next,it discusses in

detail five main model compression techniques: parameter pruning, parameter quantization, low-rank decomposition, knowledge
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distillation,and mixed compression techniques. It summarizes their respective performance advantages and limitations, and eva-

luates their compression effects on commonly used datasets. Then, the paper analyzes in depth the strategies of adjusting the size

of the convolution kernel,reducing input channel number.decomposing convolution operations,and adjusting convolution width in

lightweight architecture design,and compares several commonly used lightweight network models. Finally, the future research di-

rection of lightweight deep neural networks in the field of edge intelligence is prospected.
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in edge environments
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Energy consumption and hardware area required for

different precision fixed-point operands
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32b SRAM Read(8kB) 5.0 —
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Table 3 Compression effects of different pruning methods using

VGG-16 on CIFAR-10 dataset

Method AAccuracy/%  Params FLOPs

—0.48 26.3X 6.99X
Ref. [22]

—0.35 17.86X 5.85X
Refl. [26] F1.05 4.2X 2.82X
Ref. [30] +0.4 14. 43X 1.67X
Ref. [31] +0.39 5.32X 1.72X

—0.92 3.57X 3.45X
Refl. [33]

—1.42 4.27X 4.17X

FAGIH T 2 R AR AFE CIFAR-10 B4 46
i VGG-16 MRS . WK E accuracy T FEHS K.,
{ESCHR 40 M AETR #2180, 53 %, EM R4 tkik 8 T 10%,
RO R 5 SCHR 46 ] FROSR META B2 W A F B L 48 R RS AL 2 [ &
A TR 10,5 A5 15, 4 B WA DT M BB R & TR £
CHR[45] 5 4R accuracy IR (H AT Z &AL HI45: .

4 RFEF AT CIFAR-10 8R4 LA VGG-16 11
Table 4 Compression effects of different quantization methods

using VGG-16 on CIFAR-10 dataset

Method AAccuracy/ % Weight bit Activation bit
Ref. [38] —0.15 Mix 32

Ref. [40] -+0.53 Mix Mix
Ref. [45] —0.12 9 6

Ref. [46] —0.34 Mix 16

Ref. [46] —0.69 Mix 16
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Table 5 Compression effects of different knowledge distillation

methods
Dataset Method Accuracy Params
MNIST Ref. [60] +0.04 12X
CIFAR-100 Ref. [60] +1.42 3.6X
GLUB Ref. [62] —4.40 2.4X
CIFAR-100 Ref. [63] +0.15 3.5X
CIFAR-100 Ref. [68] —0.19 2.8X
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Table 6 Compression effects of different compression methods
Classification Dataset Model Method AAccuracy Params FLOPs
Parameter CIFAR-10 ResNet-110 Ref. [22] —0.59 2.56X 2.57X
Pruning CIFAR-10 VGG-16 Ref. [26] +1.05 4.2X 2.82X
Parameter CIFAR-100 ResNet-32 Ref. [40] +1.33 8.33X
Quantization Tiny-ImageNet ResNet-18 Ref. [46] —0.88 8.8X -
CIFAR-10 ResNet-20 Ref. [54] +0.07 4. 18X 3.59X
Low-Rank
. A CIFAR-10 VGG-16 Ref. [54] +1.91 4.18X 5.62X
Compression
CIFAR-10 AlexNet Ref. [55] —1.12 4.06X 4.3X
brid el CIFAR-10 VGG-16 Ref. [74] —0.15 10.2X -
H id M
yond ode CIFAR-10 VGG-16 Ref. [75] 1. 44 12X 5X
Compression
Power-Services ResNet50 Ref. [76] 2. 24 5.24X 12. 66X

e 3 6 AT LA Y 76 IR UE KT JEE (0 18 5 11 3E B
1 300 39 B D7 i PR 4R JEE AL 7 0 BB IR TR 5 ) L 44
SRR A D7 ARG T IR I AN IR
5 g — B RS TR 45 05 1 AT AR B BRI R e 1 R R B
0 R 45 USR5 S AE T . A [8) 89 T 45 07 125 2% A7 FL ARG ook
BRI 7 FTH) L FESC BRI L T AR R S
SRR 4 Y 9 AR R R 3 R S R 3

T VR 4O T 0 1 4 5

Table 7 Summarization of DNNs compression methods
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Table 8 Comparison of lightweight model effects

Processor/

Model Parameter FLOPs Size Top-1 Acc  Top-5 Acc Train-time/m Val-time/s R
Operating System
SqueezeNet 1.25%X10%  0.82X10%  4.78X10° 0.9118 0.9843 113. 10 457.0 )
. . _ 2 # CPU:Intel Xeon(R)Gold
MobileNet-V3Large — 5.48x10%  0.23X10% 21.10X 105 0.9745 0.9951 147.90 331.0 - )
5218R/windows server 2019
ResNet-50 25.55X10%  4,13X10%  95.70x 106 0.9069 0.9814 49.10 640. 0
SqueezeNet 1.25%X10%  0.82X10%  4.78X10° 0.9216 0.9704 11.07 87.1
ShuffleNet-V2 2.28x10%  0.15X109  8.79x 108 0.9510 0.9922 8.10 64.0
MobileNet-V2 3.50X10%  0.33X10° 13.50X10° 0.8667 0.9745 19. 60 192.0
MobileNet-V3Large — 5.48x10%  0.23X107 21.10X 108 0.9598 0.9902 10. 67 64.5
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. ~ 2 # CPU:Intel Core i5/MAC OS
EfficientNet-b1 0.61X105  7.79Xx10% 30.10X10° 0.967 6 0.994 1 253.17 762.0
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Table 9 Effectiveness of combining lightweight models with attention mechanisms
Model Parameter Top-1 Acc Top-5 Acc Train-time/min Val-time/s
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