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A review of development and application of artificial neural network models
ZHANG Chi, GUO Yuan, LI Ming

School of Computer and Control Engineering, Qigihar University, Qigihar, Heilongjiang 161000, China

Abstract: Artificial neural networks are increasingly closely related to other subject areas. People solve problems in
various fields by exploring and improving the layer structure of artificial neural networks. Based on the analysis of
artificial neural networks related literature, this paper summarizes the history of artificial neural network growth and
presents relevant principles of artificial neural networks based on the development of neural networks, include mul-
tilayer perceptron, back-propagation algorithm, convolutional neural network and recurrent neural network, explains
the classic convolutional neural network model in the development of the convolutional neural network and the
widely used variant network structure in the recurrent neural network, reviews the application of each artificial neu-
ral network algorithm in related fields, summarizes the possible direction of development of the artificial neural
network.

Key words: artificial neural network; convolutional neural network; recurrent neural network
Nz p %% ( Artificial Neural Networks, ANN ) iz HIAR HAT B HR AU (5 QAL BRAE T, (EI2 & b2

MRl TR EAA 2 SR R S SR AR EAAEZ AL, 4K Deepmind f ) # Demis Has-
B R PR 28 4857 o AR N SIS R RN T 22 I 246 1) sabis. Mustafa Suleyman L) &% Shane Legg £/]~7. 1%,

HEETH: ERAKBAIS (61872204 ) ; BIRVTAE S5 FASIARNY 5 28 &0 (135309462 ) .

YEE A TKA0(1996-), 5 B 1A WS 5 1) RS AR W2 5 AR 15 2% E-mail: 1468784581@qg.com; ¥k (1974-), %, 1+, #
¥, WG M R BRI A G2 A G I K A5 B A rp () 7 P 2R (1982-), B (5 E & &, Wi, BlEdz, Wil
HEAEY2E S5 A4S B 2%, E-mail: fionalee629@163.com.,



T 2016 4EQI5E 1 AlphaGo FTIHH: 5t Rl AL 4= 4 4t f7
Ja B AT, A ERH N TR 28 R 26 HLAT BRI
J1o F AL HEAE B 7 A AR, s A T A&
28 TF R B AR FHZe M ) S 4y A BRAR R Y
fFE, EYLES P . W EUEIZ 5, fE
TR S5 A0 EE B A2 (B “IFAT
AR ZRT RN TN TR 25 0 28 R LA 4 X405 1)
HEJT o
McCulloch /0> 2 52 il Pitts $02# 5 T 1943 4E % &
FIRMLTCH G I FEA IR, B B R B E AT
U EEAE, LR A RN AT R A
P PR MR M-P AR, bRaliE N T
R2% ANN #i 2 Donald O.Hebb {5 5% % fil i 4715
e 2s a5 i 2 oo A BB R 5 3K, 7E 1949 4E AR
1 CAT ML) e T Hebb Z8fil L & Hebb 2% >J
B, S N T AR 48 Sk 1) bt T B 0 143
i, 20 42 60 4E1UK, Rosenblatt JF01 1 /&K%,
AR ESTAE M-P ALTRUIERE - 58— BEA T
T BAE T RE N T2 M5B, Minsky il
Papert 7£ 1969 4F i it { Perceptrons: an introduction to
computational geometry) , #&H Rosenblatt [15)2 )&
HIgs HRets 2z S LMk n] p X, JCikALIE xor 454kt
R4l 1984 4F Hopfield #1234 ( Hopfiled
Neural Network, HNN) HiX5I A, MIHIET Hopfield
PR 285 19 3 712447 0 B B L 5 S AL B TR
A I s il A (U R (52 Rl (I R o S
( Backpropagation Neural Network, BPNN ) Z J5#i#2
T A b 22 J 2 4 22 I 286 i S 0+ R g T A {2
BP WIZ&ATIAEAE— T o s, LN YR SR BEAE DL K
FEARBHRXE LA S, 255 R i/ ME ., 1998 4F

Yann Lecun & T4 5 F0EZ $2 Hh i) BRI AL M 45 2544

¥ BP Fiikiz RNzl g, B T BBME
™% ( Convolutional Neural Network, CNN ) R4
LeNet-5"", 2006 4£ 1 Hinton. Osindero FI Teh 4 i} 1%
JE % 2 M %% ( Deep Belief Network, DBN ) ®_ iz JLAE,
N T A 28 A2 25 SR AR 7 AT TS &, JEE
TERURAR TR | B2 A W= U iAs THEH 211
R

ARSCER XN T 28 45 rp i JLAMEE R (22
%% ( Multilayer Perceptron, MLP ) | JZ [i{&4& i 22
W% BRI 2R 2% | 3 ) #2522 ( Recursive Neural
Network, RNN) ) JEARZEMFEATANA, FH4HAXT
TR AT AT PR AR o o 88— 2 2 Ik
HIZE MLP, 55 =340 BP MM, 5 =0 G

PR KL, S5 DU i AR 22 R 45, R XA 3C
Fob 3 LA BN T 28 0 245 e i St A A g PR LG

1 8k
1.1 ZERBMH

ZIRIEAG , MR Z )R A2 M4, ik 1,
HA @R ARZ I RCAZ ALRE ST o U2k MLP fii i Bz
)AL RS, W] A MLP i Bt 5 52 Bir v i
Z A2 R iR 22 o

> 8

F1 MLPZHRER
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Fig.2 Schematic of AdaBoost-BP structure
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Fig.3 Schematic of Mask R-CNN structure

1&45 CNN HBEAIAE KR SRR T 2 N HT

RS HMBE N WL, BRIE &R 2 52 U 3
HREL, HFHRZR BRI R, WmAK



PR/ E , AR A BEA N7 TR AT SR BRAE
Wang 25 ACKE 3 T4 BB 22 N 2% 1 07 12 T 1 R AU
BRI, A B0 SR AL BEHLARAR AL S 75
IEHEFRIET, Ei AR E RS REELR A, JFH
1 T RS IR 7 R RANAS—, ] CNN AT 2k
TR AT IR, SEEURT Y HEE R,
BRI, NN RFE S BOICRAE 5032, (AL
4t CNN 1y f5gJi — 2 70 RO T H A/ ReAR NS 7
AL, R TPETEA T . Yu SN 6 )24
Bhzmss (2 BB 2 JZTRME) , KRG CNN
B — SR AR R~ 2T BIL, 7E A U] U 0k
FI29 97%, JIF HAERKEA FH S HAb I % 5,
LU LA 2 R 22 M 5 BT AT T T

1.3.1 LeNet-5

LeNet-5 W ZE 45 F I AN 2 2 4%, LeCun 558 A
EHEZNER, RGP AUEILE R kR %
B 45 p B, BRI i o e,
W 2544 22 B 2 G5 4 A

450 LeNet-5 FURCREAR, BRI T8 4 W0 45 25 44y 30F
FPRFIE B I AN 52 3 01 H BRI SIGH 2108, An 58 K
FHVUTE E R 2%, %F DU 8 ) 3 BV AV B S 80T
WH, KM ReLU JUE pREL, 75 MNIST Zdla £ | 58
TE AR HERR R 96.56%, AL 4T LeNet-5 /& i} 4.52%,
{EL 3 o 2238 38 4544 H A BEXTH S BB A 7 sh 25 1 4
351 Hou %542 4 ffi F FPGA Mk LeNet-5 3 glie ik 5 b
) LeNet-5 #E#Y , 5 fe il i Y| 2 T 5 B0 R B A AL S
B, UESE T GHE I AR SCRRIERA B T #AA AR K
R THEOY, &1 SR stk IS I P AL 48 LeNet-5 [
S5 HERR RGBSR SIGE R, 12 IkBE 55
[, Wan S84 H T — R G — 4 LeNet-5 [
SR shi AR B2 W s, PSS B R DK
INEBATHLE—1k, 2R G — 2N T
BRERVE, MRz IbRE S, SRk B
T B2 WA R /D B I R BT, o T g
Lenet-5-like 5 1B Z 4%, Sun 2542 H 7EAS ]
FETRE IO B, @it fE C3 )2, C1&C3 )2,
Cl&C5 J2H1 C1&C3&C5 ZEIMEiraiefith,
3 T Bl 45 5 R 90.26%1%8

1. 3. 2AlexNet

AlexNet 7 LetNet f9FEnE 8 gE— s 17 W45
ZEN, E— 543 BB A 2 2% f1 45 5 B2 .
INEERZE, WA 4,

C1

c2

C3

C4

C

1

FC6

FC7

FC8

B4 AlexNet &R
Fig.4 Schematic of AlexNet structure

AlexNet SR b T15 48 CNN 78 EMG 45U A7 3
E U . BUR TR R, (R TR TR
B S B AS B ek, Ae b7 MG R it
AR FEAE—E IR 2 . Guo 25 ATEH ] AlexNet X
FIHR . AlexNet BYIELRMERGE RS S 2012k
AR BT, R TS =AM H—
1Ly AlexNet 2544 (4%t 3. 4. 5 )2Mdt1I—1k )
HAfb TRIRE S5, S5t /s i AlexNet HERfR
PETY 4%, (HIZHRH R LA AR R AL 2 BR T4 A
% 1 52 2 AT 3 e S i AR P i 5 1B, Huang
SN T AlexNet_En #ER, Z A RI7E JFBR AlexNet
MR G T — 2558 W E R M SR EE, R
FH 384 4~ 3x 3 BRUZHH LI T RLAY M HERG %, 7F
ImageNet $E4E ik 5] 94.00% , {H 1245 14 [a] Ff (di R 41
SEIRIEAR T, T RGN T — i OB {4 4R oL,

Tao 2545 1 T —Fh ek AlexNet, fii 45 ] 4 F
A b AR AR ) X 24 45 KA i TR 1 I ) 8 A T o7 P 25 1Y
[, X X6 R B RN A2 2 AT TR, e T
A ML PERE . SCHRLS LW, 5A L F45
KBRS P A AlexNet A RIATEE ,  Blit i) ) 264k 8
TER B PR A S g it ] 554 2 e,

AlexNet e 250 I, 48 AlexNet B
W5 B K R BURHIE K B 43 BE R R R e, Xiao 48 A4



Rt AlexNet BiRY, K KA BUZ o0 A~
AR/ ING BRI S5 1, SEBRUERA 23 iz sy
Fh B 2ERE T T IR LA HY AlexNet FiAI12 0 Han 4
P2 —Fh O T2 AlexNet 4 R 454 AlexNet-
SPP-SS, ZiG T Ll -2s (A 43 (SPP) Rl
B (SS) KaEFh AlexNet AYRSLLL K it #L4  n]
AU, FFIER T 23 2R AlexNet-SPP-SS # YA T

JFIR 1 AlexNet 7k 25 H) LUK A% Ge 13 5o J 051k,

1.3.3VGG-16

VGG-16 thjE— A2 Sy B Rl 28 W 25 pi A | 1
Y /NRUHES OB BRI AR I, W 5. B4R
HEMTEA SN ERIER R SER, HEE
MM A 25

Y
| e p{ emm | e ]
__________________ I

%
| b | sBu | w | :
__________________ E——

| [Cebizs > sbize [ bz ] wim |
e ey e, N I

| [Cebizs > epizo [ ervzo ] wiwm |
el Qlguy s W~ T i

N e e T
iy, ) Ny Ny A2 I

B

Y
Y

SoftMax
B5 VGG-16 ~nERE
Fig.5 Schematic of VGG-16 structure
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