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T real-like AEAS G R 1P 28 I 25 455780 Xof
A B o ) 5 AR M, B AR T AR R I R AR
GAN iz ELHE A4 O FH 2 508k A 0, () e 7 PRT 45 R 2
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I D AR EJE—Rh a2, H H bR
X AFEA x AT FIF I LA S 4 P, (x)
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FEA ]y = 0 ARFKk A A UFEAS . FI5I4S D(x50)
HIETE AFEA x JB T B SAEA I 4 A3

P(y =11 x) = D(x;9) (5)
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el ZRBr B, M A — Il ZRad #2500 . (1) #0 4
LS R AR T I S (2) G0 LSS REAR S
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HFIWMERIBE] 0. 5, RITCIE X - AREA B EHAN, 5
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( conditional generative adversarial network, CGAN)
S Mirza Fil Osindero'™ J* 2014 4R 42 H (1[5 £ f51
T, AR DL HAR S i PR REAE 5 AR i R R B R
SEGUAT RN R 2 R ST, A
N GAN Bt 4R (it T — AR S g, HLAE AL 5
AN 8 FF7R

AT B A R TE M 2 A5 L T A
SNEINT B BIE B A AR B — 0y, 1 i b
IS5 VAR 25 18] 5 e A R | S T ) R4 0 4%
B BN YRR 7] I A 028 ik AR P R AN R AT 4
R 2 TR ) A2 UBOR . BR T CGAN Z bk
AR BB M 4 (deep convolutional gener-
ative adversarial network ,DCGAN) %7 X[ A A4t
M 2% ( bidirectional generative adversarial network,

BiGAN) ) Wasserstein 4= i{{ X T M 4% ( Wasserstein

a ¥IJ%IJ%§\

|73H
B 4
[z

i
W W D
B i y

N

- J

8 CGAN &#REHE

generative adversarial network, WGAN) "7 #f B & 5]
Wasserstein A= i P 4% ( Wasserstein generative ad-
versarial network with gradient penalty, WGAN-GP )" |
T FEA A BT 25 ( boundary equilibrium genera-
tive adversarial network, BEGAN) """ i B 4325 7F i
X5 (auxiliary classifier generative adversarial net-
work,, ACGAN) "V A5 E AR Y A OGN 2 N3k 3
N, HARI AN N A AT S5 30K 33 ]

R3  HERIHIME BRI R R

DCHEAR A 44 FR BLARBGH ik B AR
DCGAN # CNN Fl GAN Wi Xh4s& G =
WL ) 2% A AU RS
BiGAN i 5 S LS & (T B U S S AE
KA &0k THA TR
WGAN 16 A ) 245 A TR 114 8 20 BRI, R P B fi GAN YRRy A ka2
47 Earth-Mover JH 5 B 28T I A T 2K )
WGAN-GP I WGAN AYRLER %k 5T MO AR S ML RPN BT O SN h 45 0]
WGAN-LP BB AT Lipschitz 295 IR 1
BEGAN i A At 25 SR VR R ) 2 PR SR S
ACGAN B —A~ 2838 A T Bh I 25 A B A HEER R L

5 BEwmEWLE

P& #4128 M 2 ( graph neural network , GNN) J2&:7£ &
SEF B AL Ty T B L XS — 2 N T ™
ZEASTIRY | LB AT 55 2 B IR 45 R B A AR
A AR AR T 58 B an 2 TR AR S

OIS ERAT S Y GNN B 52 B ) LA 1R & vy
A ) 8 A R A 328, 01 1) B AR A R AT A
P8, A RSB T O S A S A AR R A R B
ALER, GNN FERBFN | PG Ab B 25y e o 52
LA PRI SRIE S AL B U AE LY
R, BRICLASN, 76 00 25 151 23 B R R 3 45 R0
JE AR B R SR A W
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5.1 BENAE

GNN JE Gori % A1 72005 4F % Uit th 19, ¢
AT T RNN 7 25 AT R A B 1 2028 4 1
DA IS R AT AL T, NN i P HE 2
RN 150, PELS R0 o2 A4 A0 0 o B 5
T G R0 15 0 R0 20 PR A o A e
SR A S5 P e R 1) e S 0
B IRRIEAT DR . B P12 H KR b B R
TN, A5 0 A TR AR B T NN BAJG
AL e PV R KR T4 0 5 32 BB B
F 5360 ST
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BB R — AP A K Bl 1 1 5 S 2 v,
BEH & AGILEZFR N G(v,e) o P15 K
BOCR AT MR IR, 430 h 163038 2
o 320 AR P BT 3 ) S Bt e 8 FH— 241
ZITRIR Ay PRDS HY AT 1A
HHIE x (v) RFRWIIRIRAS . 45105 4808 2545 M4
ORISR % 1 BRRAS T HE 7

m =3 | SHILHS ) ()
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Horh N (o) FoR A8 0 OIS T S, m(” FR
10585 ¢ B0 0 ORISR, e gt it L iy
AT PR 28 PO (1 B8« T Ak B R B AR KL
) A I HL 78825 i RIS 5 8 05200 T A 291
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Z (R SSFPERRE s S A A BB & o ) i 4k B
Jiidie
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— R P 22 P 2 AR T AN G L T T
55 PN AE AN R 2R R 5 S ST 55 O T A 4
)& 1 5 LG 55 Sy Ui R A T B vk, 45 8 — A
L 1 50 S A A BT XA T S AT n
RARIER A 5 B 0 7 Ak S iy 5 o 2 I 2% R A 7 I8 A%
18 5 XA AR ) R AR FR BB 1 8 Pk
L 2 A YNGR BE 53 73 A T 1) 22 326 By B 1 2 1)
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work, GGS-NN) "'l 7 2 1 W 461 [ A 4 1%
L0 &] M B 6T R 2% ( graph generative adversarial
network , GraphGAN ) *') | [&] /3 1| i 28 W 4% ( graph
partition neural network , GPNN) 2l EhAS R R 2 M 4%
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2500 B TR B o AT R AL T — A T I R S
B AR AR X R AT DL 2R i T PRI 22
P 2% T K TR P = > FR9 3 P LM SR A g R
PE4 e B SR AR AN B Fr) I R QBSR4
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PR B IX IR TR 2 ) oIk A — LU IR
RSP B RN TR — BRI
] GBI

UTAFSRATFEN B0 B B 22 ) 45 JRE T T 2
TRARIBESE, H R J5 1) 32 B A 435 384 i o 265 A6 8
TR BE S IR B kst v A A< 10 T 0 92 o 258 A6 70 2
B R BRI SR R R 2% (R A2 Jig vl
MRS RIRTT TR B R 2 2% iR hnsdeit 5
TS AR A BE EA TR AR . AR XTI 46 5
AR TR 5 > W IE K e M AHAT, HIVAT S B HL A%
R i A 5 ) 8 e B AU RS, GAN

— 869 —



BRI 2023 4F 8 H %533 4 558

YRR A S AT NBRIE TR PR HLELE B AL LD
Wbl U e | PR AR U 5 22 R 45 7 T ik
FPIRAT ST, 1 i 22 ) 245 114 D Je ml DA A o 2% 45
Hey 30 X 245 TR | AR A A A T T HEA T AT
Fto

TRITRZE R 2 52 2% v AR A S0 R i R A4 1) R
VUL B P AL i 2 AR Y | DLSC Bl 22 )
AR ) AR R R AHa T i H Y 1675
TRIE 27 ) ] IR FIAE I G o b DA I o IR 2 1
it — WP HA o EEA S, TR
FeaC AR IR BT 5 TR 7E AR I, 2 8Eh BUL A b
TOHEZREEZ, HAMBA 76 & 1R BLS X AR
AIDLA A 5 A RO Ak HRE i i B Hi
GRS, XHRBESE ) R I ER A BIE S e it — 2 A
JEURBES: ) BB ML, @ W I 00T, 48 i BT RS
JE AR S A B RS A SR R S B, 7 22
THAER AT A A BER , BORUALRE YN ZRmf < AT
J3E ) ] AT 5 i A

SE 3k

[ 1] WARREN S M, WALTER P. A logical calculus of the ide-
as immanent in nervous activity [ J ]. The Bulletin of
Mathematical Biophysics, 1943,5(4) :115-133.

[ 2] HOPFIELD J J. Neural networks and physical systems
with emergent collective computational abilities[ J]. Pro-
ceedings of the National Academy of Sciences, 1982,79
(8) :2554-2558.

[ 3] RUMELHART D E, HINTON G E, WILLIAMS R.
Learning representations by back-propagating errors[ J ].
Nature ,1986,323:533-536.

[ 4] HINTON G,SALAKHUTDINOV R R. Reducing the di-
mensionality of data with neural networks|[ J].
2006,313(5786) :504-507.

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

[ 6] SILVER D, HUANG A, MADDISON C ], et al. Maste-
ring the game of go with deep neural networks and tree
search[ J]. Nature, 2016,529(7587) :484-489.

[ 7] SILVER D, SCHRITTWIESER J, SIMONYAN K, et al.
Mastering the game of go without human knowledge[ J ].
Nature, 2017,550(7676) :354-359.

[ 8] BENGIO Y, GOODFELLOW I, COURVILLE A. Deep
learning[ M ]. Cambridge: MIT Press, 2017.

[ 9] LECUN Y, BENGIO Y, HINTON G E. Deep learning
[J]. Nature, 2015,521(7553) :436-444.

[10] LECUN Y, BOTTOU L, BENGIO Y, et al. Gradient-

based learning applied to document recognition[ J]. Pro-

— 870 —

Science,

ceedings of the IEEE, 1998 ,86(11) :2278-2324.

[11] HINTON G E, SRIVASTAVA N, KRIZHEVSKY A, et al.
Improving neural networks by preventing co-adaptation of
feature detectors| EB/OL]. (2012-07-03) [ 2022-11-07 ].
https ; // arxiv. org/pdf/1207. 0580. pdf.

[12] ZEILER M D, FERGUS R. Visualizing and understand-
ing convolutional networks| C ] // Proceedings of the 13th
European Conference on Computer Vision. Zurich: EC-
CV, 2014 .818-833.

[13] SIMONYAN K, ZISSERMAN A. Very deep convolutional
networks for large-scale image recognition [ EB/OL ].
(20140904 ) [ 2022-11-07 ]. hitps; // arxiv. org/pdf/
1409. 1556. pdf.

[14] SZEGEDY C, LIU W, JIA Y, et al. Going deeper with
convolutions[ C] // Proceedings of the 2015 IEEE Confer-
ence on Computer Vision and Pattern Recognition. Bos-
ton; IEEE, 2015.1-9.

[15] HE K, ZHANG X, REN S, et al. Deep residual learning
for image recognition[ C] // Proceedings of the 2016 IEEE
Conference on Computer Vision and Pattern Recognition.
Seattle ; TEEE, 2016.770-778.

[16] ALZUBAIDI L, ZHANG J, HUMAIDI A J, et al. Review
of deep learning: concepts, CNN architectures, challen-
ges, applications, future directions[ J]. Journal of Big
Data, 2021,8(1) :1-74.

[17] ELMAN J L. Finding structure in time [ J]. Cognitive
Science, 1990,14(2) :179-211.

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

[19] YAO K, COHN T, VYLOMOVA K, et al. Depth-gated
LSTM[ EB/OL]. (2015-08-16) [ 2022-11-07]. htips: /
arxiv. org/ pdf/1508. 03790. pdf.

[20] LEI T, ZHANG Y, ARTZI Y. Training RNNs as fast as
CNNs[ EB/OL]. (2017-09-08) [ 2022-11-07 ]. htips: //
arxiv. org/pdf/1709. 02755. pdf.

[21] SCHUSTER M, PALIWAL K K. Bidirectional recurrent
neural networks [ J]. IEEE Transactions on Signal Pro-
cessing, 1997, 45(11) . 2673-2681.

[22] CHO K, VAN MERRIENBOER B, BAHDANAU D, et al.
On the properties of neural machine translation: Encoder-
decoder approaches [ EB/OL]. (2014-09-03) [ 2022-11-
07]. htips: // arxiv. org/pdf/1409. 1259. pdf.

[23] CHE Z, PURUSHOTHAM S, CHO K, et al. Recurrent
neural networks for multivariate time series with missing
values[ J]. Scientific Reports, 2018 ,8(1) ; 1-12.

[24] XA, REYF. BB LR T]. HH S
PR, 2022,37(11) :2753-2768.

[25] GOODFELLOW I,POUGET-ABADIE J, MIRZA M, et al.
Generative adversarial nets[ C ] // Proceedings of the 28th
Conference on Neural Information Processing Systems.
Montreal; Association for Computational Linguistics,
2014 .2672-2680.

[26] MIRZA M, OSINDERO S. Conditional generative adver-
sarial nets [ EB/OL]. (2014-11-06) [ 2022-11-07 ]. ht-
tps : // arxiv. org/pdf/1411. 1784. pdf.

[27] RADFORD A, METZ 1., CHINTALA S. Unsupervised



TR B A JLRI I 22 0 2% 20 SRS R £ A

[28]

(29]

[30]

[31]

[32]

(33]

[34]

[35]

[36]

representation learning with deep convolutional generative
adversarial networks [ EB/OL]. (2015-11-19) [ 2022-11-
07]. htips: // arxiv. org/pdf/1511. 06434 pdf.
DONAHUE J, KRAHENBUHL P, DARRELL T. Adver-
sarial feature learning[ EB/OL]. (2016-05-31) [ 2022-11-
077]. hitps: /arxiv. org/pdf/1605. 09782. pdf.
ARJOVSKY M, CHINTALA S, BOTTOU L. Wasserstein
GAN[ EB/OL]. (2017-06-26) [ 2022-11-07 ]. https: //
arxiv. org/pdf/1701. 07875. pdf.

GULRAJANI I, AHMED F, ARJOVSKY M, et al. Im-
proved training of Wasserstein GANs[ C] // Proceedings of
the 31st Annual Conference on Neural Information Pro-
cessing Systems ( NIPS). Long Besch: Association for
Computational Linguistics, 2017 :5768-5778.
BERTHELOT D, SCHUMM T, METZ L. Began: Bound-
ary equilibrium generative adversarial networks[ EB/OL].
(2017-03-31) [2022-11-07 ]. hitps: // arxiv. org/pdf/
1703. 10717. pdf.

ODENA A, OLAH C, SHLENS J. Conditional image
synthesis with auxiliary classifier GANs [ C ] // Proceed-
ings of the 34th International Conference on Machine
Learning. Sydney: IMLS, 2017.2642-2651.

PAN Z, YU W, YI X, et al. Recent progress on genera-
tive adversarial networks (GANs): a survey[ J]. IEEE
Access, 2019,7.36322-36333.

A, BRE, TR AR, SE. PR L HTI HE R S R
HILT]. BB, 2022,45(1) :35-68

GORI M, MONFARDINI G, SCARSELLI F. A new mod-
el for learning in graph domains[ C] // Proceedings of the
2005 IEEE International Joint Conference on Neural Net-
works. Montreal ; IEEE 2005 .729-734.

BANDINELLI N, BIANCHINI M, SCARSELLI F. Learn-
ing long-term dependencies using layered graph neural
networks [ C ] // The 2010 International Joint Conference
on Neural Networks (IJCNN). Barcelona: IEEE, 2010.1-8.

[37]

[38]

BRUNA J, ZAREMBA W, SZLAM A, et al. Spectral
networks and locally connected networks on graphs [ EB/
OL]. (2013-1221) [ 2022-11-07 ]. https: // arxiv. org/
pdf/1312. 6203. pdf.

LI Y, TARLOW D, BROCKSCHMIDT M, et al. Gated
eraph sequence neural networks[ EB/OL]. (2015-11-17)
[2022-11-07]. https: // arxiv. org/pdf/1511.05493. pdf.

[39] VELI CKOVI € P, CUCURULL G, CASANOVA A, et al.

[40]

[41]

Graph attention networks[ EB/OL]. (2017-10-30) [ 2022-
11-07]. https: // arxiv. org/pdf/1710. 10903. pdf.

TIAN F, GAO B, CUI Q, et al. Learning deep represen-
tations for graph clustering[ C ] // Proceedings of the 28th
AAAI Conference on Artificial Intelligence. Quebec City .
AAAI Press, 2014:1293-1299.

WANG H, WANG J, WANG J, et al. Graphgan: graph
representation learning with generative adversarial nets
[EB/OL]. (2017-11-22) [ 2022-11-07 ]. https // arxiv.
org/pdf/1711.08267. pdf.

LIAO R, BROCKSCHMIDT M, TARLOW D, et al.
Graph partition neural networks for semi-supervised clas-
sification[ EB/OL]. (2018-03-16) [ 2022-11-07 ]. https:
// arxiv. org/pdf/1803. 06272. pdf.

MA Y, GUO Z, REN Z, et al. Streaming graph neural
networks [ C ] // Proceedings of the 43rd International ACM
SIGIR Conference on Research and Development in Infor-
mation Retrieval, Electr Network. Xi’ an : Association
for Computing Machinery, 2020.719-728.

YU B, YIN H, ZHU Z. Spatio-temporal graph convolu-
tional networks: a deep learning framework for traffic fore-
casting[ EB/OL]. (2017-09-14) [ 2022-11-07]. https: /
arxiv. org/pdf/1709. 04875. pdf.

ZHOU J, CUI G, HU S, et al. Graph neural networks: a
review of methods and applications[ J]. AI Open, 2020,

1.57-81.

A review of classical models of neural networks

HUANG Dongrui* , MAO Kebiao™ , GUO Zhonghua” , XU Leyuan” , HU Zemin ", ZHAO Rui”
( " School of Physics and Electronic-Engineering, Ningxia University, Yinchuan 750021)
( ™ Institute of Agricultural Resources and Regional Planning, Chinese Academy
of Agricultural Sciences, Beijing 100081 )
Abstract

In recent years, deep learning has shown outstanding performance and great application potential in many
fields. Neural network model is an important carrier of deep learning, so it is necessary to analyze it deeply. How-
ever, so far, the development of neural network models has shown the characteristics of diversification and applica-
tion specialization, such as YOLO series models for object detection and Transformer series models for machine
translation. This paper attempts to find an efficient way to understand deep learning by analyzing several classical
neural network models. This review first summarizes the development of deep learning. Then the convolutional neu-
ral network (CNN) , recurrent neural network (RNN) , generative adversarial network (GAN) and graph neural
network (GNN) are described in detail from the aspects of model introduction, principle analysis, network training
and model improvement. Finally, the above neural network models are summarized and the future development of
deep learning is prospected.

Key words :deep learning, convolutional neural network (CNN) , recurrent neural network (RNN) , genera-
tive adversarial network (GAN) , graph neural network (GNN)
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