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Abstract In recent years, deep neural networks (DNNs) have achieved remarkable success in many
artificial intelligence (AI) applications, including computer vision, speech recognition and natural
language processing. However, such DNNs have been accompanied by significant increase in
computational costs and storage services, which prohibits the usages of DNNs on resource-limited
environments such as mobile or embedded devices. To this end, the studies of DNN compression and
acceleration have recently become more emerging. In this paper, we provide a review on the existing
representative DNN compression and acceleration methods, including parameter pruning, parameter
sharing, low-rank decomposition, compact filter designed, and knowledge distillation. Specifically,
this paper provides an overview of DNNs, describes the details of different DNN compression and
acceleration methods, and highlights the properties, advantages and drawbacks. Furthermore, we
summarize the evaluation criteria and datasets widely used in DNN compression and acceleration, and
also discuss the performance of the representative methods. In the end, we discuss how to choose
different compression and acceleration methods to meet the needs of different tasks, and envision

future directions on this topic.
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position) ;4) (designing compact .
convolutional filters);5) (knowledge dis- ,
tillation). \ ,
s Hash s
, . 2 ,
1 , 5 s
» 4 .
CPU/GPU (end-to- ’
end) ) N ) .

Table 1 Summarization of Different Methods for DNN Compression and Acceleration

1
o Training from
. . Applications . L
Category Explanation . . scratch or Combination
(CONV, FO) .
pre-trained model
. . . Support, often with
Parameter Pruning unsalient parameters by Pre-trained ’ L
. . . Both parameter quantization and
Pruning measuring the importance of parameters model o
low-rank decomposition
Parameter Reducing redundant parameters using Both Both Support, often with
. . L ot ot .
Sharing hashing or quantization methods parameter pruning
Decomposing generalized convolution .
Low-rank . . N Support, often with
. into a sequence of matrix/tensor-based Both Both .
Decomposition . . parameter pruning
convolutions with fewer parameters
L . Reducing the storage and computation L
Designing Compact L . Training from
. . . cost by designing compact CONV
Convolutional Filters scratch

convolutional filters
Knowledge Training a compact neural network with Botl Training from
. . oth
Distillation distilled knowledge of a large model scratch

) ATM

1 .

, 2006  , Hinton (18]
) (feed R
forward networks) 2010 , )
. 2011 2
1.1 2012 AlexNet"”
20 40 , )
) 20 90 , . 2 )

LeCun LeNet N .
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Table 2 The Development History of DNN
. . |
o Canadian Hansard
Ti D Devel 3 ImageNet10k[—>9
ime NN Development 108 b Public SVHN /r: (

1940s Neural networks were proposed

1960s Perceptron were proposed

1989  Neural networks for recognizing digits (LeNet-5)
2006  Deep autoencoder networks were proposed

2011 Breakthrough DNN-based speech recognition (Microsoft)

DNNs for vision start supplanting hand-crafted approa-

Criminals
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Fig. 1 The number of public training dataset over

2012 ches ( AlexNet) different yearst'™
2013+ Rise of DNN compression and acceleration research 1
2 ,
b
’ 2 2 ILSVRC
D . 2012 :
¢ GPUD. ( (SVMs)) ,
’ (training) 25% ;2012 , AlexNet
(inference).
2) * 1 ’ 10%. 9
1 2016 Ll
»2010 ResNet, 3.57%  top5
2010 , (errips ) » 5%
(ILSVRC)M . ,
ImageNet (18] . , N
b b
(overfitting).
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Fig. 2 Comparison of the best performance over different years using various CNNs in ILSVRC™
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Fig. 3 Convolutional neural networks
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. 1.3
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N . ( .
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C,H,W.,D,N,H’ and W’ are defined in Equation (1). ImageNet
Fig. 4 High-dimension convolutional operator LeNet, (pre
4 trained model) s
, 3 .1 top-1 Cerrop) 2
4 d ¢ top-5 erTiops ImageNet
Oin = 25 25 2 Kijealiyycr (D ) ,
Je RAWHC J ,O0€ RTHWHN (validation dataset) )
, K& Ré7dxCxN 3-D . . LeNet'*!, AlexNet™',
K .dXd — VGGNet'?), GoogLeNet'?)  ResNet
,C N . 1) LeNet'*, 1998 LeNet
hi=h"+i—1 w=w'+ ,  LeCun
j—1 , (D . ——LeNet-5
(stride) 1, 0 (zero-padding) , 2 2 . 1
(bias). 5X5 , 1 20 3-D
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, 2 50 . s 3X3
Sigmoid , . AlexNet
2X2 (average pooling) , @D RelLU
1 6 . tzo] | Sigmoid  tahn (2],
34.1 . LeNet 1 @) (max pooling)
R ATM , (local response normalization, LRN),
AlexNet ,LRN
2) AlexNet™, ImageNet 1 1,2 5 .® 2 GPU
, .@ Dropout ,
. AlexNet  ImageNet
5 3 . 1 42.3% top-1 19.1% top-5
96 11 X 11X 3 3-D s 0.61 \7.29
., 2 256 5X5X96 3-D 227X227
Table 3 Summary of Popular DNNs*/
3 [19]
Metrics LeNet-5 AlexNet VGG-16 Inception-V1 ResNet-50
erriop1] %6 0.9 43.4 29.7 31.1 24.9
erroys| % 19.8 10. 6 10.9 7.7
Input Size 28X 28 227X227 224 X224 224 X224 224 X224
# CONYV Layers 2 5 13 57 53
# Depth of CONV Layers 2 5 13 21 49
Filter Sizes 5 3,5,11 3 1.3.5,7 1.3.7
£ Channels 1,20 3-256 3-512 3-832 3-2048
# Filters 20,50 96-384 64-512 16-384 64-2048
Stride 1 1.4 1 1.2 1.2
= Param 2.6X103 2.8X106 1.47X107 6.0Xx106 2.35X107
# FLOPs 1.72X10° 6. 71108 1.55X 10" 1.43X10° 3.86X107
£ FC Layers 2 3 3 1 1
Filter Sizes 1.4 1.6 1.7 1 1
% Channels 50,500 256-4096 512-4096 1024 2048
# Filters 10,500 1000-4096 1000-4096 1000 1000
# Param 5.8 10 5.86X 107 1. 23108 1105 2% 108
# FLOPs 5.8X 10" 5. 86107 1.23X108 1106 2X10°
Total Param 6.0X10* 6.14X107 1.38X 108 7108 2.55X107
Total FLOPs 2.3X 106 7.29X108 1.56X 10 1.43X10° 3.9X10°
3) VGGNet!?, 2014  ImageNet 3X3) ( 5X5),
2 . 1 . VGGNet (receptive fields). vVGG-16
, N 3X3
,VGGNet 2 , VGG-16 1 224 X 224
,  VGG-16 VGG-19. VGG-16 13 , 1.38 .156
3 16 VGG-19 VGG-16  0.1% top-5
AlexNet, VGG-16 1.27 VGG-16.



1877

4) GooglLeNet!, 2014

. Inception ,
[23]

ImageNet

tez] Inception-
Googl.eNet.

Inception-V1, 22

Inception-V1-** , Inception-V 3

V42 Inception-V1

s Inception module. 5
R Inception module ,
(parallel connection)
s , 1X1,3X3,
5X5, 3X3 (
1X1 )
(concatenate) . GoogleNet

3 ,

, .22
Googl.eNet 3 )
( Inception 2 ) 1

Inception

. 21 (global average
pooling, GAP), 1
3 )
224 X224
W14

,Googl.eNet 700

C=1256
/ OFmaps
=32

o128 C 37—
|3><3CONV| |5x5c0Nv| 1% 1 CONV
1x1 CONV }c=96 c=16 te=192
[ix1conv]  [ix1 CONVl [3%3 MAX POOL|

[Fmaps

/C=192
-

Fig. 5 Inception module in Googl.eNet

5 GoogleNet Inception
5) ResNet®7, ImageNet
( 5% top-5
). ResNet
) (back-propagation)
s . 6 ,

ResNet (residual block) ,

(shortcut module) ,
(F(x)=H(x)—W,x2),

(weight layers) F(x).

1X1 .

, ResNet

[22) (batch normalization, BN). ResNet
. ResNet-50 ,

1 s 16 (
3 ) 1 .
224 X224 ,ResNet-50 0.25
39
x
56X 56 X 256

1X1x256%128

Shortcut Connections
W:1X1x256%X512

Hx)=F(x)+Wx
Fig. 6 Residual block in ResNet

56X 56X512

6 ResNet
3 2 )
2
2.1
/
0 )
20 , LeCun Ler]
(optimal brain damage) )
, (synaptic pruning)
, Hassibi
Stork'?* (optimal brain surgeon)



1878

2018, 55(9)

(hessian )

, Srinivas L29]
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b
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nection pruning) , 3 ,
N \ . 1
, ;2
) (dense network)
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b
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, . 2016 , Lebedev
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b
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[36]

NVIDIA

’

1)
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[35]
’
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Table 4 Comparison of Methods to Reduce Precision on AlexNet!"*’

[38]

’

(feature

0
(taylor

4 AlexNet [l
Bitwidth
Reduce precision Method errops A 1%
Weights Activations
w/o fine-tuningt'*) 8 10 0.4
Dynamic Fixed Point
w/fine-tuningt] 8 8 0.6
BCLs! 1 32(float) 19.2
BWNL48] 1* 32(float) 0.8
Reduce Weight )
TWNL2) 2% 32(float) 3.7
TTQS3 2% 32(float) 0.6
XNOR-Net-#8- 1* 1* 11.0
BNNL7] 1 1 29.8
Reduce Weight and Activation DoReFa-Net19] 1* 2% 7.63

QNNI50] 1 2% 6.5
HWGQ-Neto! 1* 2% 5.2

Notes: “* ” denotes the method is not applied to first and/or last layers,

and “ 4 ” denotes increase.
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[39] [40]

b
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2.2
, . , Hash
(bit) 32b
( (fulFprecision weight)).
[41] Wu [42] s
. Gupta 431
16 b )
(stochastic rounding) s
. (dynamic fixed point)
, AlexNet ,
. , Ma L 8b
10b, . Gysel 451
, 8 b.
BinaryConnect(BC) ™ —1
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, Rastegari L]
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b
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. . Cal
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Net,
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WN N(O s O'2 ) ’ 0 )
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¢ —w,0  w, w
W, [53]
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( T W 0 Wy ) s
, AlexNet 0.6%.
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Hash ,
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(fast Fourier transform, FFT)
, Yang (s6] Adaptive Fastfood
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( XNOR-Net,BNN ). , Denton [50]
’ ’ . ) CP Lol
. 3 1 . .
2.3 Tucker Lo1l 3
. Tai L6z
. Toannou Les]
. 4D s s
2D , . s
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b 2 b
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2013 . Denil o , )
7 , Les] ESPACE s
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, 2 2
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K., (R;. Ry) and R are the corresponding rank of low-rank decomposition. Tucker-2 decomposition and CP decomposition respectively.

Fig. 7 Convolution with several low-rank factors
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, 6 1
, . LeNet-5 MNIST
, 2 : 1) 0.9%. MNIST
Softmax , 32)
, CIFAR s 8
Tiny Image 2009
2.6
L3 GoogLeNet . CIFAR 2 . CIFAR-10
’ 3 CIFAR-100, 32X 32
’ CIFAR-10 , 10
’ ’ , 5 ( 5
Network in Network (NIN), Googl.eNet, ResNet, y 1 ( 1 ). CIFAR-
ResNeXt" (benchmark) 100 , 100 ,
(state-of-the-art) 5 ( 500 ) 1
ImageNet ( 100 ). ,
.Szegedy NIN  CIFAR-10  CIFAR-100
10.41%  35.68%.
, ] ImageNet . 2010
Winograd 8o , , 2012
. Zhai L] 1000 ,
(stochastic spatial sampling pooling) , 256X 256. 2 s
(WordNet) )
0.13 (
3 732~1 300 ), 10
( 100 ) 5 ( 50 ).
3.1 , ,
,top-1
MNIST ", CIFAR-10/100"%, top-5 ImageNet
ImageNet!®, 5 , . top-1
, ; top—o 5
Table S Comparison of the Widely Used Dataset for DNN ’ . AlexNet, VGG-16,
Compression and Acceleration ResNet-50 ImageNet ’
5 42.24% top-1 19.11%
Dataset % Class % Train % Validation % Test — Size top=5 316626 top-1
MNIST 10 6x10* 110" 2828 11. 5574 top-5 24.64% top-1
CIFAR-10 10 5X10° 110 32X32 7.76% top-5
CIFAR-100 10 5x10 1X10% 32X 32 - MNIST ’
ImageNet 1000 1.2X10°  5x10*  1X10° ImageNet
MNIST ,
1998
, 3.2
10 ( 0~9), 28 X 28 (rate-distortion)
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s s top-1
b ’
’ A 2 s [31
A" M M* 12X ,
, C, SSLE¥ 3.62X ,
. A
(/,.(M’M*):F. (3
* Table 6 Results of Different DNN Compression and
. Yy Y M
M* (inference) ) Acceleration on LeNet-5
6 LeNet-5
S,
S, (M,M* ) :yl* 4) Method 4 FLOPs = Param(C,) S, errop1 A 1%
LeNet-5 2.3X10%  0.43X10°(1X) 1X 0
’ Pruningt3!” 3.44 X104 (12X) —0.1
,MNIST CIFAR top-1

SSLL33] 1.62X10° 4.5X105¢9.5X) 3.62X 0.05

ImageNet top-1 top=5
’ Circulant[) 7.4X101(5.8%) 1.43X  0.03

AFTL56) 5.2X10%(8.3X) —0.16

Note: 4 denotes increase.

, 7 4 ,
( ) AlexNet . 7 ,
AlexNet (
, Caffe7, SSLE ), ,LRAM
Tensorflow™, Torch . CPD'  TDMY,
, , (4.05Xvs. 3.13X) SSL, top-5
Caffe . (1.71% vs. 1.66%).
3.3 4 , AlexNet
3 . 32b
: MNIST, Cifar, ImageNet, . ,
LeNet-5, AlexNet, VGG-16, ResNet . , s
8b )
. La4-15] . )
6 , ,BWN'“J, TWNP2, TTQP
LeNet-5 . ( BCHY ), .
# FLOPs , # Param , 2b  JHWGQ-
verripr 1 Net-H top-5 5.2%.

Table 7 Comparison of Different CNN Acceleration Methods on AlexNet-**

7 AlexNet

Method errops A % Convl Conv2 Conv3 Convd Convb Average Speedup
AlexNet 0 1. 00X 1.00X 1.00X 1. 00X 1. 00X 1. 00X
CPDE60] 1. 00 4. 00X 1.27X
TDL61 1.70 1. 48X 2.30X 3.84 X 3.53X 3.13X 2.52X
SSLI%] —0.39 1.00X 1.27X 1. 64X 1. 68X 1.32X 1.35X

1. 66 1. 05X 3.37X 6.27X 9.73X 4.93X 3.13X
LRADS 0.17 2.61X 6.06 X 2.48X 2.20X 1.58X 2.69X

1.71 2.65X 6.22X 4. 81X 4. 00X 2.92X 4.05X

Note: # denotes increase.
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VGG-16 8 . DeReFa-NetH - .
4b
VG(}_16 . NIN[25] ’ ) ] bitcount XN()R
3 . ’ ’
“X-GAP”, “X” s BNN' XNOR-Net 27.1%
. GAP 18.1%  top-1 .
, VGG-GAP s 10 , MobileNet™®  ShuffleNet"*-
,  top-1 ImageNet . a MobileNet-224
top=5 37.97% 15. 65%. (1 MobileNet-224), a
, ThiNet?¥ , ; ShuffleNet
(¢ top-1 top-5 bX,g=c ¢ , b
1.00%  0.52%). (  ShuffleNet 1)
L1570, AP0z,
( “ThiNet-T"), 106. 5 X s ShuffleNet MobileNet.
4.35X s top-1 ,
top-5 9%  6.47%. ¢ 0.4 ) » ShuffleNet
MobileNet
Table 8 Comparison of Parameter Pruning Methods for ’
0
Compressing and Accelerating VGG-16 6.7%
8 VGG-16 Table 10 Comparison of MobileNet and ShuffleNet on
Method 107X 106X S, errepr A errips A ImageNet Classificationt®’
etho
#FLOPs # Param (GPU)  [% 1% 10 MobileNet  ShuffleNet  ImageNet 691
VGG-16 15.5 138.4 1X 0 0 10-6 X
Model ) errop1] % errop1 v 1%
VGG-GAP 15. 4 15.2  a~1X  1.50 0.56 # FLOPs
L1-G AP w 9.2 25% 462 3 10 1.0 MobileNet-224 569 29.4 0
APoZ-G AL 44 9.9 9 5% 3 79 2 65 ShuffleNet 2 X ,g=3 524 29.1 0.3
TEL7) L9 135. 7 97X 3. 94 0. 75 MobileNet-224 325 31.6 0
<L 4. 5. . . 94
) ShuffleNet 1.5X ,g=3 292 31.0 0.6
ThiNet[#8! 4.9 9.5 2.3X  1.00 0.52
0.5 MobileNet-224 149 36.3 0
ThiNet-TE38) 2.0 1.3 4.35X  9.00 6.47
ShuffleNet 1 X ,g=3 140 34.1 2.2
Note: A denotes increase.
0. 25 MobileNet-224 41 49. 4 0
9 R ShuffleNet 0.5X ,g=8 40 42.7 6.7
ImageNet ResNet-18 ShuffleNet 0. 5X ,g=3 40 45.2 4.2
ResNet-18 30. 7 % top-1 Note: v denotes decrease.
10. 8 %5 top-5 BWNH#

Table 9 Results of Binary Network on ImageNet for
Compressing ResNet-18

9 ImageNet ResNet-18
. . €rTiop-1 €rtiop5
Model W-bit  A-bit /j% f /éA f
ResNet-18 32 32 0 0
BWNL€! 1 32 8.5 6.2
DoReFa-Net-*% 1 4 10.1 7.7
XNOR-NetH'$) 1 1 18.1 16.0
BNNH7] 1 1 27.1 22.1

Note:; A denotes increase.
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