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NAS Algorithm Based on Manual Experience Network
Architecture Initialization

BAO Zhenshan, MI Bowen, ZHANG Wenbo
(Faculty of Information Technology, Beijing University of Technology, Beijing 100124, China)

Abstract: To solve the shortcomings of neural architecture search (NAS) , such as high computing power
requirements and long search time, combined with the manual design experience of deep neural
networks , an NAS algorithm based on manual experience network architecture initialization was proposed.
The algorithm redesigned the search space and selected VGG-11 as the initial architecture, which
effectively reduced the invalid search caused by the random initialization of the parameters. Based on the
above design scheme, experimental verification was carried out on the classic image classification dataset
Cifar-10. The VGG-Lite structure was obtained by searching for 12 hours, and the error rate of this model
was 2.63% . The model VGG-Lite was 0. 83% more accurate than DenseNet-BC, the best-performing
artificial design structure at this stage. The number of parameters of this architecture was 1. 48 M, which
was about 1/17 of the DenseNet-BC number of parameters. Results show that this method can search for
excellent network architectures and significantly improve the search efficiency, which is of great
significance to the popularization of NAS algorithms.
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Fig.1 General procedure of NAS
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%1 ILSVRC 2012—2017 £ 43 ZF KR M 4K 224
Table 1 ILSVRC 2012—2017 classified task award

winning architecture

0y Zithy topS HHRF /% G
2012 AlexNet" 16. 42 G5
2013 ZFNet' '™ 13.51 et
2014 VGG 6. 80 G5
2014 GoogLeNet'"’ 6. 67 gll)i kel
2015 ResNet 2] 3.57 g} ke )
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2017 SENet' ! 2.25 45 Hs

S ZFNet B P28 9 2258, 38 5 0F 19 28 R JBE 9 TR A
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Fig.2  Structure of VGG architecture
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Fig.3 Categories of data sets and picture instances of Cifar-10!""
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Fig.5 Flow of reinforcement learning search strategy
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Fig.6 Process of image processing in training data
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Fig.7 Accuracy on three network architectures
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Fig.8 Network qualification rate at the preliminary

screening stage
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Fig.9 Candidate network C1 ~ C10 training results (top-1)
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R A B B 19 285 U1 B AR R HE 4, AS AR
10 AR A BB B S R 5 e 1) 2L AT I 40
. AR Zhou S5 BT IR 1k AR U B

SRR B i) o0 465 )1 25 C B 4010 i 2 .
x2 REINEBSH
Table 2 Network training parameters
BESE ARBB KRBT B
(URia SGD SGD

0.1(0 ~60 epoch) ,
0.02(61 ~120 epoch) ,

FIHE 0-1 4 x1073(121 ~160 epoch) ,
8 x107*(161 ~200 epoch)

LIRS 0.9 0.9

HUE 3, 5x107* 5x107*

HEHRN 64 128

D=3 100 200 ~ Wsk

2.6 KWERESWT

R A5 2 0 e 1 DA B DU 43 1) S e i A, 280k 12
h 8 R A5 B Pk 58 e A 1 W 25 4544 VGG-Lite , BRI
] 245 25 ) () 1 B 5 B B PRI o0 2 [ i M RE AR 75
(1% P9 245 S5 R R4 TR L.

%3 O Cifar-10 ZHa 48 F 25 W28 224 1) Vg 45
Fr. EHC 2 R T N T8I M 280, 4 Bk
VGG ZERIAER R R = 1Y VGG-19 B4 DL K 30 Bk
F T HER R A 5 1Y DenseNet-BC 2244 47 X}
o, %FF4f A NAS B3 1k 48 22 ok 1 I 4% e 4
AR TAERRSE T 3 Rl F 3 Ak 27 > 38 2 5R W 2844

&3 Cifar-10 HEEIIGHER
Table 3 Comparison on Cifar-10 fully trained

R RER, B R

el %  GPUDY H/M ik
VGG-1911 6. 80 39.0  Manual®
DenseNet-BC'* 3.46 25.6  Manual
NAS 5.50 22400 3.9 RL?
NASNet-A* 2.65 1800 3.3 RL

AmoebaNet-B™1  2.55 3150 3.2 EA®

ENAS2! 2.89 0.5 4.6 RL
DARTS'?" 2.76 1 3.3 Gradient®
VGG-Lite 2.63 0.5 1.5 RL

(DGPUD g FAE NAS RYFERT 807, @Manual 3T
AT#3t. @RL B reinforcement learning , 438 fh 4% 5 54 1.
(DEA R evolutionary algorithm , AL & . ®Gradient 3
TR,
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(NAS  NASNet-A DL & ENAS) , — R fii FH kA0 8 1%
B8 ¥ AmoebaNet-B, DA K it W & & #¢ 51 H 89
DARTS ZEA5 e fif b 3.

TESEF AN TR L2 T T M T
VGG-19, B IR 4SRN 6. 80% T &% 2.51% ,
[ R 28 () S BRI/ T 37,52 M, X R 1 &R
RIS T B, 2% Ak R 1R B S 50 AR
A AR R, SR B TN TR R
% = 1 DenseNet-BC #H [t , VGG-Lite ¥ 45 4244 7 [
KBRS H R P EA LS HREAET VG-
Lite 424 Cifar-10 65 5 hil (0 I 28 284 | 1T 255
REIRC I N T T I8 7 — e B 46 T
ERCES T I &

AH LRI (8 FH a8 fh 2 2 5125 19 NAS T NASNet-
ARG VCG-Lite 204 K& 446 T 4 R FEMT,
FEHAFRFEAL. Hod X T ENAS 7E45 1% A
S AL, SE R AR TAEFE M R 25 1)
TR BRAR T P AR A 25 1 s BE SR AL AR Y T BE
PR T AR X Tl A B S DARTS 42
¥9,VGG-Lite 1€ 3 WUIFAN 5 o rh 24 4k T 451 5 b o
FHEC T 3E LB 22 B9 AmoebaNet-B , B SR 7F £ 1%
)5 W B, H & VGG-Lite 18 R FE M 24 K
AmoebaNet-B ) 1/6 000. A5k TCEERELLMF 78 # o
PR A B T T B0 I 45 A

TE 4t X T Cifar-100 B4, A TR HE
TIRIZR VGG 2244 UL K AE U 45 A 45 = A %
M 2 JE R AT . HRZERIAY VGG-11 DL &
VGG-19 Xftb, VGG-Lite fES%UE B 4 KR AL,
Topl Fl TopS MY4E R FBIMKT VGG-11 DL K& VGG-
19. 5 ABAE AR AR 1A 35 R B I 45 A
FH B, FH T F ResNet & 51 2244 ,E*%E%Lﬁ 118

&4 Cifar-100 BHEEIIHER
Table 4 Comparison on Cifar-100 fully trained

—— SR/ Topl 5 Top5 4

M RE/ %  RE/ %
VGG-1111 28. 50 31.36 11.85
VGG-19M 39. 00 27.77 8.84
MobilenetV21"’ 2.36 31.92 9.02
ResNet101" 42.70 22.22 5.61
ResNet152%" 58.30 22.31 5.81
NasNet !’ 5.20 22.71 5.91
VGG-Lite 1.48 24. 45 6.96

SrRMZERE (HEfES40E b HAA U] WA L3
DL ES5 UL, VGG-Lite ZEM7E 5 Cifar-10 [7] V5 /)
Cifar-100 $Ha 4 I #4758 @I Zhth g B4 B ]
ZALtE.
2.7 ZRASH

A TAF A (A 10 PR ) Bk 15
WIS VGG-11 ML, AR S TE T, A VGG-11
W25 FRAFTEBESE 3 x 3 BB HE B 454, 1 &
I+ G + Ak SSRGS R BT BUIR. VGG
IR £ ) AF O SCHR AT 0T IR T IR 2 3 x 3 BAMES
1 EH7E T, T RDREEL S x5 BT x7
GREZETRMERZ. XEELSHES 3 x3 B
I 2R W | Cifar-10 £5ds 8 v] LU i RO 8N 45
TR RE 58 AU EMSFRAAE I EE BT AR, 55 ImageNet %%
PR 227 x 227 1R ZF 1Y G AH L, Cifar-10 4 45
32 x 32 R R B EUR PR BN | A R RS

INPUT FHIERE R
Rel.U 32x32x64
MaxPjoleZ 32x32x64
ReLU 16x16x128
MafooleQ 16x16x128
ReL.U 8x8x256
MaxPioleZ 8x8x256
Rel.U 4x4x512
MafooleZ 4x4x512
FC

10 VGG-Lite {52 5244
Fig. 10  Final Architecture of VGG-Lite



%58

R, 5 BTN T 2000 M2 S SR R AL Y NAS B3 861

BRI AL REAR A MR ORI AR AE. 78 42 45 )= 2 Tl
FHAF- 273 A A R0/ T AL 1B A RN, IR T 4
HERJER AR, 45 19 26 A7 58 /0 19 2 50 T A i
RAERR. il LR AMEA B, BAR Fr b LAY
£55 (A 3CH EETHE KB KAL) BIE A
[) | RS A [) 4 4 48 375 30 A9 B 0 84 X
BIEARK. b3 570 M A B T 5 R 220 M A TR 3 1)
25 20 A 5 BRI T 37 5% 22 T A S X 2 R X
TR L 22 9 2% 14 ] fige R R AF 5T BT L
SR LR A5 HEA A T PRI B B, R R ik
T B\ A2 AR Y A B 1 A BRAT: 55 TN 37 SRR AE
(CBHR ) BEATIN DR, X AR A BE #o 718 TR B2 45 B 2%
S B IE R R .

3 #ig

1) BFXFEAAR R ) NAS 8% b i 3T A
T2 50 1Y 28 A S B ) i A P T LATE PR AIEAR XK
) 15 6 P[] A T 4 -4 R 3%

2) ARXHEEFFIG T X NAS Ht Ak i) — Filt B8
TS T ATEAS ] 00 5580 4 D) S R 28 B vh 4 g
HET SZINT NAS 5 s r itk

S

[1] ZOPH B, LE Q V. Neural architecture search with
reinforcement learning[ J ]. ArXiv Preprint ArXiv, 2016;
1611. 01578.

[2] HOWARD A, SANDLER M, CHU G, et al. Searching for
mobilenetv3 [ C ] // Proceedings of the IEEE/CVF
International Conference on Computer Vision. Piscataway .
[EEE, 2019 1314-1324.

[3] CAI H, GAN C, WANG T, et al. Once-for-all: train one
network and specialize it for efficient deployment [ J].
ArXiv Preprint ArXiv, 2019, 1908. 09791.

[4] TAN M, CHEN B, PANG R, et al. Mnasnet: platform-
aware neural architecture search for mobile [ C] //
Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition. Piscataway; IEEE, 2019
2820-2828.

[5] PENG H, DU H, YU H, et al. Cream of the crop:
distilling prioritized paths for one-shot neural architecture
search[ J]. ArXiv Preprint ArXiv, 2020; 2010. 15821.

[6] REN P, XIAO Y, CHANG X, et al. A comprehensive
survey of neural architecture search: challenges and
solutions[ J ]. ArXiv Preprint ArXiv, 2020; 2006. 02903.

[7] ZHOU D, ZHOU X, ZHANG W, et al. EcoNAS: finding

proxies for economical neural architecture search [ C ] //
Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition. Piscataway; IEEE, 2020
11396-11404.

[8] FEA, F3G#E, Fark. WEEITREGR[T]. b
T RAEEH, 2015, 41(1) : 48-59.

YIN B C, WANG W T WANG L C. Review of deep
learning[ J]. Journal of Beijing University of Technology,
2015, 41(1) : 48-59. (in Chinese)

(9] WMz, ET, WCE, & RES I i B EAT 58 i
JEL)]. HHENWIE S RE, 2020, 57(6) : 1208-1217.
CHENG K Y, WANG N, SHI W X, et al. Research
advances in the interpretability of deep learning [ J].
Journal of Computer Research and Development, 2020, 57
(6): 1208-1217. (in Chinese)

[10] SIMONYAN K, ZISSERMAN A. Very deep convolutional
networks for large-scale image recognition [ J]. ArXiv
Preprint ArXiv, 2014 1409. 1556.

[11] CIFAR-10 and CIFAR-100 datasets (toronto. edu)[ DB/
OL]. [2020-12-01].
kriz/ cifar. html.

[12] MNIH V, KAVUKCUOGLU K, SILVER D, et al

http . // www. cs. toronto. edu/ ~

Playing atari with deep reinforcement learning[ J]. ArXiv
Preprint ArXiv, 2013 1312. 5602.

[13] HE X, ZHAO K, CHU X. AutoML: a survey of the
state-of-the-art [ J ]. Knowledge-Based Systems, 2019,
212 106622.

[14] ELSKEN T, METZEN ] H, HUTTER F. Neural
architecture search; a survey [ J]. J Mach Learn Res,
2019, 20(55) : 1-21.

[15] SAMPSON J R. Adaptation in natural and artificial
systems[ J]. SIAM Review,1976,18(3) :529-530.

[16] & T58, &5, RHE, L HEMSEMEREGR
[J]. WEHLIFE SRR, 2021, 58(1) : 2233,
MENG Z Y, GU X, LIANG Y C, et al. Deep neural
architecture search; a survey [ J]. Journal of Computer
Research and Development, 2021, 58 (1) 22-33. (in
Chinese )

[17] KRIZHEVSKY A, SUTSKEVER I, HINTON G E.
Imagenet classification with deep convolutional neural
networks[ J ]. Communications of the ACM, 2017, 60
(6) : 84-90.

[18] ZEILER M D, FERGUS R. \Visualizing and

understanding convolutional networks [ C ] // European

Conference on Computer Vision. Berlin: Springer, 2014

818-833.



862 I m T Wk K %= % 2021 4
[19] IOFFE S, SZEGEDY C. Batch normalization: and Pattern Recognition. Piscataway: IEEE, 2017,

[20]

(21]

[22]

(23]

(24]

(25]

accelerating deep network training by reducing internal
covariate shift[ C ] // International Conference on Machine
Learning. New York: ACM, 2015 448-456.

HE K, ZHANG X, REN S, et al. Deep residual learning
for image recognition [ C] // Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition.
Piscataway: IEEE, 2016, 770-778.

XIE S, GIRSHICK R, DOLLAR P, et al. Aggregated
residual transformations for deep neural networks[ C] //

Proceedings of the IEEE Conference on Computer Vision

and Pattern Recognition. Piscataway: IEEE, 2017.
1492-1500.
HU J, SHEN L, SUN G. Squeeze-and-excitation

networks | C ] Vi Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. Piscataway :
IEEE, 2018, 7132-7141.

HOCHREITER S, SCHMIDHUBER J. Long short-term
memory [ J|. Neural Computation, 1997, 9(8) . 1735-
1780.

WILLIAMS R J. Simple statistical gradient-following
algorithms for connectionist reinforcement learning [ ] ].
Machine Learning, 1992, 8(3/4) . 229-256.

HUANG G, LIU Z, VAN DER MAATEN L, et al.
networks [ C ] //

Proceedings of the IEEE Conference on Computer Vision

Densely connected convolutional

[26]

[27]

[28]

[29]

[30]

4700-4708.

ZOPH B, VASUDEVAN V, SHLENS J, et al. Learning
transferable architectures for scalable image recognition
[C] Y Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition. IEEE,
2018 ; 8697-8710.

REAL E, AGGARWAL A, HUANG Y, et al
Regularized evolution for image classifier architecture
search [ C ] Y Proceedings of the AAAI Conference on
Artificial Intelligence. Palo Alto: AAAI, 2019. 4780-
4789.

PHAM H, GUAN M, ZOPH B, et al. Efficient neural

architecture search via parameters sharing [ C ] //

Piscataway :

International Conference on Machine Learning. New
York: ACM, 2018 4095-4104.
LIU H, SIMONYAN K, YANG Y. DARTS;

differentiable architecture search [ C ] // International
Conference on Learning Representations. New Orleans:
ICLR, 2019.

SANDLER M, HOWARD A, ZHU M, et al

Mobilenetv2: Inverted residuals and linear bottlenecks
[ C] // Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition. IEEE,

2018 ; 4510-4520.

Piscataway :

(TTHERBE AITE)



