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Greedy pruning of deep neural networks fused
with probability distribution

Hu Jun'?, Huang Qipeng', Liu Jiaxin'?, Liu Wei'”’, Yuan Huai', Zhao Hong'
1. School of Computer Science and Engineering, Northeastern University, Shenyang 110169, China;
2. Neusoft Reachauto Corporation ( Shenyang) , Shenyang 110179, China;
3. Neusoft Reachauto Corporation ( Shanghai) , Shanghai 201804, China

Abstract: Objective In recent years, deep learning neural network has continued to develop, and excellent results have
been achieved in the fields of computer vision, natural language processing, and speech recognition. In autonomous driving
technology, the environment perception is an important application. The environment perception mainly processes the col-
lected image information about the surrounding environment. Thus, deep learning is an important section in this link. How-

ever, the number of layers of existing neural network models continues to increase with the continuous increase in the com-
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plexity of processing problems. Thus, the number of overall parameters of the network and the required computing power are
increasing. These models run well on platforms with sufficient computing power, such as server platforms with sufficient
computing power. However, many deep neural network models are difficult to be deployed on embedded platforms with lim-
ited computing and storage resources, such as autonomous driving platforms. Compressing the existing deep neural network
models is necessary to solve the contradiction between the huge amount of calculation required for the application of deep
neural networks and the limited computing power of embedded platforms. This process can reduce the number of model
parameters and computing power. This paper proposes a greedy network pruning method based on the existing model com-
pression method. The propose method incorporates the probability distribution of weights to reduce redundant connections in
the network model and improve the computational efficiency and parameters of the model. Method The current pruning
method mainly uses the property of weight parameter as a criterion for parameter importance evaluation. The 1 norm of the
convolution kernel weight parameter is used as the basis for determining the importance. However, this method ignores the
variation of weight during training. In the pruning process, many methods use the trained model to perform one-time prun-
ing. Thus, the accuracy of the model after pruning is difficult to maintain. the proposed is inspired by the study of uncer-
tain graphs to solve the above problem. The probability distribution of weights is introduced, and the importance of the con-
nection is jointly judged in accordance with the probability distribution of the weight parameter value and the size of the cur-
rent weight in the training. The importance of the network connection and the effect of cutting the connection on the loss
function are jointly used. The degree of influence collectively represents the contribution rate of this network connection to
the result, thereby serving as the basis for pruning the network connection. In the stage of greedy pruning of the model, the
proposed method uses incremental pruning to control the scale and speed of pruning. Iterative pruning and restoration are
performed for a small proportion of connections until the state of the current sparse connections no longer changes. The
pruning scale is gradually expanded until the expected model compression effect is achieved. Therefore, the incremental
pruning and recovery strategy can avoid the weight gradient explosion problem caused by excessive pruning, improve the
pruning efficiency and model stability, and realize dynamic pruning compared with the one-time pruning process based on
the weight parameters. The proposed pruning method guarantees the maximum compression of the model’ s volume while
maintaining its accuracy. Result The experiment uses networks of different depths for experiments, including CifarSmall,
AlexNet, and visual geometry group (VGG)16, and nets with residual connections, including ResNet34 and ResNet50
networks, to verify the applicability of the proposed method to different depth networks. The experimental dataset uses the
commonly used classification datasets, including CIFAR-10 and ImageNet ILSVRC (ImageNet Large Scale Visual Recogni-
tion Challenge ) -2012, making it convenient for comparison with other methods. The main comparison content of the experi-
ment includes the proposed method and the dynamic network pruning strategy on CIFAR-10. The pruning effect of the pro-
posed method and the current state-of-the-art (SOTA) pruning algorithm HRank is compared on the Imagenet dataset in
ResNet50. Experimental results prove that the accuracy of the proposed method is higher than that of the dynamic network
pruning strategy at various pruning rates on the Cifarl0 dataset. On the ImageNet data set, the proposed method effectively
compresses the number of parameters of AlexNet and VGG16 by 5.9 and 11.4 times, respectively, with a small loss of
accuracy. The number of training iterations required is more than that of the dynamic network pruning strategy. Effective
compression can be performed for the residual type networks ResNet34 and ResNet50. For the ResNet50 network, a larger
compression rate is achieved with a small increase in accuracy loss compared with the current SOTA method HRank. Con-
clusion The greedy pruning strategy fused with probability distribution solves the uncertainty problem of deep neural network
pruning, improves the stability of the network after model compression, and realizes the compression of the number of net-
work model parameters while ensuring the accuracy of the model. Experimental results prove that the proposed method has
a good compression effect for many types. The probability distribution of the weight parameters introduced in this research
can be used as an important basis for the subsequent parameter importance criterion in the pruning research. The incremen-
tal pruning and the connection recovery in the pruning process used in this article are important for accuracy maintenance,
However, optimizing and accelerating the reasoning of the sparse model obtained after pruning needs further research.

Key words: deep learning; neural network ; model compression; probability distribution; network pruning
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update_mask ( weights, &mask) ;
/ % &I weights A1 mask s /
for (int 7 = 0; ¢ < num_weights; i ++ )
merge[ i] = weights[i] * mask[i];
/% H4 merge HiIfEER */
Forward ( merge ) ;

3) MR HAS T i R 2 pR BB R VIL AT S

] 4 4%
Backward ( merge ) ;
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#2 3 CifarSmall MEEHELE R

Table 2 CifarSmall experimental results

- A1 [Eii} - B
L8 "i” # E” 5 ZHE/K Eéri
WE/ % RE/% /A
CifarSmall Ref 14.22 0. 67 58 1
CifarSmall Pruned 15.99 1.33 17.4 3.3

T A5 B Y e 45 ROCR AR B R a1 2
N, SR B R, AR B RUR IS AH L Guo SF A
(2016) B 3 M 2% F AR ( dynamic network surgery,
DNS) J7 ¥ 1Y He 4 SR AER R XA $2 71

90
89t
88
87t
86
85}
84}

— OSBRI
= S FAR

FRIHER /%

35 4I0 4I5 SIO 5'5 6'0 6I 5 7I0 75
DREHE 1%
(o) HAE IR DKL (%

84

82

HETIE%

80

1 2 3
IR E 100
(b) JEIAEANE IR 5 INZRR B R
B2 BRI ES 5 B AT R4 (DNS)
TE CifarSmall 2% | ) S 56 25 4T Eb

Fig.2 Comparison results of greedy pruning strategy

and dynamic network surgery method ( DNS) on the
CifarSmall network( (a) relationship between model accurecy
and pruning ratio; (b) relationship between accuracy

of the original model and the number of training iterations)
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A A A BT R PR BE | G R I 44 R IE AR B RE A %L
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AlexNet \VGG16 , LI St 5% 2 M 4% ( ResNet) , 2 SCR H
ResNet34 Fll ResNet50 i Fli 5% 22 0 25 15 70 /o0 5%
Xif F AR A

T 553 BB TEAS SC 5 A BY A SR 7E AlexNet F1
VGG-16 W Z MR | R AR R0OR . W3k 3 iR,
For R AR 2 A T SR 5 R 4 S A
SHCR I LA, A SO 6 AlexNet RS 4080 TR
45T 5.9 1%, [FBIZE TOP-1 WEffR I HRRET 4 4
B EXF VGG-16 , AR 7 K S B0 R 40
T 11. 4 £, [5lE} TOP1 AERGR HA PN E 0500 F
B, o AINAS S ) BT AR R E I 0 B A 2R A Y B
XFF a2 W 45 F R 7 e th B /> AR SCOR FH#E Tma-
geNet ZHa4E I WY 2545 19 AlexNet #527Y 47 5Y A7
S, B A DL FE I 25T R 600 K B, M B 2
HEFARFETTE 700 K R, AR EEWSGERE -
HAMH

£3  §3t AlexNet #1 VGG-16 M4 EH LR
Table 3 AlexNet and VGG-16 experimental results

LAS RISHS S0 It ESH
/% RE/ %  B/M IRBUK R/

i

AlexNet Ref 42.78  19.70 61 450 1
AlexNet Pruned  46.78  22.36  10.34 600 5.9
VGG-16 Ref 31.50 11.32 138 224 1

VGG-16 Pruned  33.5 13.22  12.16 500 11.3

EEXT 25 BLIY) AlexNet 2544, 3¢ 4 51 T AR SCHr
AT Han 25 A (2015) 9 554 7 21 Guo 5 A
(2016) 45 H B S A BI KL 7 I 7E AlexNet | 48—~
RIRTEBIRZ G SRR B R L] . T U A SOy
TR XS A B A0 A 3 R Y 2 B0 BUROCR B
ST

1% B Residual #3210 ResNet B 4% AR L
PR RN 5 PR AR SCR I TR B PR R
AFHEEU 2% ResNet34 F11 ResNet50, 1 T M 25 A< By 3,
F R TUCARZ I T LAY BOMEE SR (B2 AT SR TE
ResNet50 #7152 HLT 2.1 5 AR R 46 % | [R] B
TOP-5 R R T — DA i it R, 7E
BB 1Y I 4% ResNet34 I (1) R 4R 3R B8 R
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iAYe, EENS, XE, X, =&, BE
SINRED HRNRERE M BRI

F4 £3F AlexNet MR E R H 4 RE

Table 4 Pruning results for different layers

of the AlexNet network

ZHRR B L/ %

F 6 3t AlexNet MR [E ik ELE LRIt EL
Table 6 Comparison table of compression results
for different methods of AlexNet

I S e
Han % A (2015) Guo %A (2016) A
convl 35K 84 53.8 100
conv2 307 K 38 40.6 22.7
conv3 885 K 35 29.0 30.9
convd 664 K 37 32.3 38.7
convS 443 K 37 32.5 38.0
fcl 38 M 9 3.7 34.7
fc2 17M 9 6.6 16.6
fc3 4M 25 4.6 15. 1
it el M 11 5.7 11.3
F5 4§13 ResNet EHELER
Table 5 ResNet experimental results
/% RE/% /M B/
ResNet34 Ref 27.6 8.9 21.6 1
ResNet34 Pruned 28.73 9.93 15.42 1.4
ResNet50 Ref 24.2 7.1 25.56 1
ResNet50 Pruned 26.5 8.2 12.38 2.1

TARSO R BB R E

A5 R T 143 5 B T CifarSmall | AlexNet
1 ResNet50 BAIFEAT T RAIA XS L, % 6 FIH T
7] 7 X AlexNet W 4% 78 B A% =2 J5 (9 B 58U 1 45
RHURE BE DR FF G 00, AT LA A SO 1 A0 R B 4
REARRE OL T, S0 A B AL 45 A X T Yang
45 N(2014) J7¥:#1 Han 55 A (2015) A9 Native Cut
TPk AR R, BRSOl I B 4 1Y 3l 2 ) 2%
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mall 4% F 2 SCO7 B AE AR [A] R 48 R A5 L 2 K 3%
IR GF | HANF STk A 305 v BA B PRt i 8k
FPE

8 A T ATy 4 X ResNet50 114 59 AL
4550 5 H A5 X ResNet50 HE 47 87 KL i e 4 05 1%
(state of the art, SOTA) HRank FXTHCIE I, A1 3256
SERTTLIFE A S5 AN B 40 2% B A 21 /5 4>
A s BESL T SEEL T A R4

HLAS RUSHE L, JE 45
e . . SRR /M
s O O
Baseline
42. 19. 1. 1
(Krizhevsky %5 ,2012) 8 973 61.0
Fastfood32 (AD)
. 41. 93 - 32.8 2
(Yang % ,2014)
Fastfood 16 (AD)
. 42.90 - 16.4 3.7
(Yang % ,2014)
Naive Cut
. 57.18  23.23 13.8 4.4
(Han % ,2015)
Han % A (2015) 42.77  19.67 6.7 9
DNS( Guo % ,2016) 43.09  19.99 3.45  17.7
N 46.78  22.35 10.34 5.9
T PR R R IR LA R, - 7 Fon FOR SUEH R4

.

&7 §3F CitarSmall MERE 77k EHE R

Table 7 Comparison table of compression results for

different methods of CifarSmall network

o I P
Baseline 15.78  0.67 58 1
DNS(Guo % A ,2016) 16.23  2.13  17.4 3.3
A3 16.19 1.33  17.4 3.3

T O TR R B39 e A4

R 8 13t ResNet50 W& A [E 75 ik E 445 RIFLL
Table 8 Comparison table of compression results of
different methods for ResNet50 network

" Bi14S ATS4E BH
g} . . o I 4 %

B WRR/% WER/% /M JAi
ResNet50 Ref 14.2 7.1 25. 56 1
HRank
(L.d“% 2020) 2502 7.67 1615  1.58

n ,

N 27.5 9.2 12.38 2.1
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