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Abstract As a typical realization of connectionism intelligence, neural network, which tries to mimic the
information processing patterns in the human brain by adopting broadly interconnected structures and effective
learning mechanisms, is an important branch of artificial intelligence and also a useful tool in the research on
brain-like intelligence at present. During the course of seventy years' development, it once received doubts,
criticisms and ignorance, but also enjoyed prosperity and gained a lot of outstanding achievements. From the
M-P neuron and Hebb learning rule developed in 1940s, to the Hodykin-Huxley equation, perceptron model and
adaptive filter developed in 1950s, to the self-organizing mapping neural network, Neocognitron, adaptive
resonance network in 1960s, many neural computation models have become the classical methods in the field of
signal processing, computer vision, natural language processing and optimization calculation. Currently, as a way
to imitate the complex hierarchical cognition characteristic of human brain, deep learning brings an important
trend for brain-like intelligence. With the increasing number of layers, deep neural network entitles machines the
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capability to capture “abstract concepts” and it has achieved great success in various fields, leading a new and
advanced trend in neural network research. This paper recalls the development of neural network, summarizes
the latest progress and existing problems considering neural network and points out its possible future directions.
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4%, HIARTAEREZ: FIF RBF 4RI b2 2=
)G 4E N R AT 3R, B A e 31 v 4
R 2%, AR LR AN T 43 1) 1) 0 R A AR 15 4%
PETT 43 o B 5 A% ) M2 R 2% () S A 5 My R B

dllx-c)

Al x=c, [
5 RBF 125 % 4% 3 A 45 1) o 72 I

HTHINEE RBF M UUERNE S 11
e, ST E RS 2 2 8] R AUEE N
1, FR& EscBintfm NRFAE AR LRt 3552, T H
J2 47 B B BRI BCR AT . RBF 914 v #5254 5]
M SEESE: BRI O ZULEEE
B4 H R FPERAUE . fi 2 STl &R
W RSB AU LA, 2 ST FE I H et ke
2 W) 7F BR F HE S MR Ak 1 T v 5 B R R
ZHOAEE, SO SR RS . RBF M2 IS4
5 21 J7 AR BB AR ) R ek B b 0 R B AN [F] 2R
A, FEAFEEHSUERE. LR OE. BIRE
HOVERNIE R e/ —3eykids . LLEH AL NG, H
) FEAEHAINE, BB EMAA
2SI B, FH DABR e Be S B R R A0
% B BRA RS IR, TSk R
fig HY 2 2 18] AR BB B SK AR . RBF 284 TR ER )
VS, —AMREZ N RN E TR TR
UL, ATHESIEEEOPUE, Bh T3
TE W 25 B (IR EAE 3T 72 - RBF 5t 24
WX 2% LI E ) SE AL — N EE AR, H O
M TAELePE R uE T B 2R B H R SR

st 25 e 430 W R 523 A 12 i 2 T R 4 42401
N TR H A 2D H S NS H T4 R 22
2% (Cellular Neural Networks) ¥7#81, faags | ki
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Mt \ AR T /NG e I UO)) faAs Rt NARI T
/N 2 20, RS AR T S B A
Bl xR R R, Rk, EEiE S S
KIG AL R R I R 47 IS A & e . BE)E,
P22 I 2 5 HL A 22 ) AR =0 0 i b 2 I HH R
ARG R, SVM. PCA. ICA. LDA A1
BT OEMEL, R RiFvERE, A et
TR R . Hodr, EAESE SR H R
5 SVMIP23 4R 35 7 g (i g AR AR 2K
BEANAEALLAR, B N AME #1225 1 218 A1
N EEAG AT RBE R  RE B Y 4
A2, FEHORERRE Z0R I8 H T Bayes 2
SIHLRL Y=Y HL, FHHIERA T EM Sk s itk o0,
TR IR T PLN R W 2 g AT,
o RERE - T AR 7T T S5 0 B o X e 8 R 4% 1 A
A4 S IR R AR AR SR ) s B R AT T M
WA R8s &g B R P HR . TR
KR SR AR BURAL 2 2 AR 1) 22 40 48 X 245 (1) 18
it P & LL & Cohen—Grossberg Al E. & I #E (¥
Hopfield #4148 /2% ()£ e 14 77 T 1 A OCHH 7T,
HEHT L AERSE UG08
Mt MR ST, KEM. R, &
=L BRI, AR, XIBESREE N T SRR T
£, Bfs 7 EBREAT IS . (0 BH R 2= B BhE ks
TR R LE] 5] AR LM, 321
TN TR M2 S, I Bt s & 4%
HEAT B AR s P 26 1tk e (04 0°) 0 B K22 f SRR )
FIH 2 B by g% 523 AT 10 48 0 28 (1) 18 ) A6 Fi 4
B, I HA M2 T 524 RSB @A 24 R
(G671 b [ o) s AR 2R R R o 4R e T 2
HMp M2 Biay, JEHIF R 7@ AT &M 2%
B RG, Namadetdt TmdidiEs, DA
SRR FI A HAT AR08 b g i S KRR
TR T A FE R [F R 22 X 2% i SR A T
PO, iR RGN, A BTN
X 5 A AR G R0 EAS T % Hopfield %)
HHERPIVERE . PR R 2 BRI A )1 K2 2
AL AP X 28 1) B2 o T AU St 7 T 34T T IR
I ZRFE RS FEAEX AR ZER) CNN 4%,
6] 9461 22 X 4% . Cohen—Grossberg [ 4& Fl R AH 3012,
X 28 S5 1 Ao PR R A B 3 AT T IR N I B AR
2737879 | g gt ko e A4 N T 2001 4E4R H T A
TR AL SR HEAT 2 /N 1 48 X 2% ) 348 38 P 2 i 1) A
i GASENY®, JEIE A4 R 3B 40 W0 2% LA i A

W 2% 5 2 R B BITR X 2% SE R V2 A RE 7 L T 2003
o B T T AR R AR M £ X 45 Ty E ) 7 1
REFNEY®), 753 ] AR EX i ELAT 1o 7 B R
AR RIS o B F R 2% 1 PT B, DA ]
FIF BES7 12 B )57 C4.5 Rule-PANED™, AR 45
B AR I 2% () 2 AL RE T AN CA.5 R HERE
I ERT B . T 2004 3R H T —Fh A v
S 59E NeC4.50%%, 78 UCI Machine Learning
Repository _FEUE T AL 58 C4.5 T AR 735k
e [FI T 2006 fEF2H 1 ISR BUR K ph
22 [P 28 AR LR AR A P-4 [ A0 g 7 1M PRk
5 B U S N AT N T A 228 0 0% ) 6 s P R A 5
PEJT M R TRk, B A BCRAERE SRR B
BRI R T BB B R R
K2 BRAS I PARNEC [ B AH 4k 42 tH T ICBP
( Improved Circular Back Propagation ) . DLS
( Discounted Least Squares ) -ICBP . Chained
DLS-ICBP #l1 Plane-Gaussian %5 145 [ 28 15 1, F A
TN 28 Rz AL AIE S RE FT, I B B M o )
PR /M ] 155808788 e ik e K T 7K} 3
PREE IR 28 S AR LRI . I B2 00 PERRHE
D 300 SR A 5 Il LK B A B EAT T IR ANIRIE 7T, 4
By T MG 48 E T AR ) B B0, G 22 38
K2 A A MR K T VR SR AR [ A 4
W2, BT T A% S BP BIETE I 1% ST FE AN
ThRETT, R BRAR T 2 33 BT i st 1) A,

WAk, FE N AL E AL M R T ST
MK RS0 E. EEN, FEAOFEEZH
TR FEFRRER (MEME RGHIR)
B3 (R R 5 5 Se B BORT (g 2k it
ORI pmyi PN LV R Y NS € |
WEBAR— AT SHEmML) P )ik
%4 5 I {Convergence Analysis of Recurrent Neural
Networks) B, rhbfe i+ B st i 4 5 1 (i
W) PO, PUREASE K A ) (L%
WZWEAL B BRt kA R ER (A
g RN B0 g BRI IR E T (AT
T R AR AR R LRI Y DO A R 2 B B0
ORI T B SR e & 1 () = R D Re 5 4
4y WA Qe TR KEE AR EN (N THE
W% HAE) PR (N TP K. Wit K
FY DO R R ERmE I (N THZ M
2% R UL b RUEE TR SRR e AR fE 2R
CEA R ONRR A LS o NV DI (%'
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ERED NAEGEH (N TP diE) 17,
W K ZE NG 1) (N AR 4% S2 R #0E )
[0S A Al Tl K2 ) N TAE 4% S5
ST i= R DN ot 5353 iy N3 Sy N 11 =
BN (NI PhE e JE 3 & vy 1o,

FEE SR, 3 AL AR h AT D M SR
Hagan % S ¥ (Neural Network Design) ™. fiz
K0 D K2 Simon Haykin 45 i (Neural
Networks and Learning Machines) M2#1 (Neural
Networks: A Comprehensive Foundation) ™3, %[
% 5 Wi /R K2 Zurada 451 (Introduction to
Artificial Neural Systems) M4, 25 [H & py S tgie K
*%1f) Tom Mitchell %5 1) (Machine Learning) ™1,
% [E Ak W ik 2% /) Freeman #1 Skapura & 2

{Neural Networks: Algorithms, Applications, and
Programming Techniques) ™M, 25 [E 7740 5 77 K
() Fausett 4% 5 () ( Fundamentals of Neural
Networks: Architectures, Algorithms and
Applications )M K F ST B4 Ak 21 Veelenturf
%45 i1 Analysis and Applications of Artificial Neural
Networks) M8, £ 22 BT 4R 45 PR 24 1K) Krose %54
¥ ¢An Introduction to Neural Networks) M.
[ il 357 F1 K 2416 Fyfe 4w 5 X ( Artificial Neural
Networks) 1200, 3% [ jpR 45 B T2 52 ff) Kasabov A1l
Arbib 43 7%% 5 ) (Foundations of Neural Networks,
Fuzzy Systems, and Knowledge Engineering) 24

¢ The Handbook of Brain Theory and Neural
Networks) M2, Jin8s ki s 436 K ¥ Gupta %
N4 1) (Static and Dynamic Neural Networks:
from Fundamentals to Advanced Theory) 0%,
Taylor w45 H i) {Methods and Procedures for the
Verification and Validation of Artificial Neural
Networks) 24 FUHE 47kl /8 k2% 1) Rabunal
F1 Dorado &%) (Artificial Neural Networks in
Real-life Applications) "2}, {2 7 s Rl 4 A
2£[5¢ () Galushkin 4 5 ) (Neural Networks Theory)
[126]

DA b 25 AR I 265 () AR S . R 28 8 A
1 DA B I 245 (%) J87 FH 45 £ B i 2 I 48480 T R 40
FRERFIE RS, et ) M A S MG N EESE
FE. [FIRE, M2y — BB R B E T IR
SEMSEEAE, R TSR R TR, o,
V02 B TR R AR N 1 (HIENZ R
FERIZ IR 5 ) WA CERE E AR RS 55325

281 S K EMATIRGE R (N THEM% S
5 AL U2, S5 AR R A FLATFR K 2 I SN
TP M SHE i) O i E R A
KEENRGZE ) (LML B & AEE 5]
R Y U Rk E G g ) (F
THAMKRIERE L) 12w RIE Tk kM
KIGHE ) (5 B RhA P4 N 25— HERE B0 5
JS7 ) B30, e sl k2 BB BT 4 2 (1] ( Stability of
dynamical systems) MR (zh 1 R H0Ra E MG
R W8 e [ ol 2 e kG 5 0 00 o 2 8 N i 35
i) {Qualitative Analysis and Synthesis of Recurrent
Neural Networks) M0 [ 5 A} 24 AR K i S
S NGREI) (A% BE Bz sy B0 Rk
F AL T B E B (N TR RE) B0, 3%
HRZE REFZEATEE L& EN (MENSKES
gy B BT PN 1 (I
g SR ) DR (N TR M4 SR
2 DI 5 [y = A ot - E A 0 I G ) i b
LB SRS ET ) AL R
A B RE P B AR X g 2 1) (e 2 15 N R 4t
HE) MR X T AR

3 REFEIMRHE

T 28 ) 4% 0 S L 88 2 3T Bk — AN 1) K A
FI7IA, AHH T HE G S E HSH0IGE g,
Ja R IUNEAE R T AL . RGN L& M
ALY N 28— MR E 4, XHE R
o N A2 X 28 A B AR N i — A2 e ) SR Rl 2
—. BEETHENE IR AR IR, IRE
PR R 2% PR BE T RS2 B L3R N AT BE . 2006 4F,
— ks N (Reducing the dimensionality of data with
neural networks) SR (Fl) 4 LR EM,
PRAT T IR FE 2 STTE 2R FUR Tl SR Fe ], 3L
EHEZRBMEKRZMRZ KERNEHK Geoffrey
Hinton A4t f#)%%4= Ruslan Salakhutdinov. 4t/ 17E ¢
O RER R A T A M s — R ZREN
22 0 288 1 DA 2 2] 31 B 20 1 BN A 5T & M I AREAE s X
A AT AN 73 R S AR R B =& DUME
BT R BRI SRR A 80w IR 2
P SR S EAFAERIMERE . IE Q2 ATHE 2,
gl GEE - BERRMALRBEN MR
B, WL ZHIE I S50 S B T IR
PIPkiR . E4iH BP SHESEER EXF TS JLZ M
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ZINGBCR B LR, FATREERAHEE
W28 22 SIAE 55 . FET I, Hinton 25 AR H T 3T
“EETL” F1 K57 IR BORRS, ok T
TR B 2 5 28 5 B0l 2R 0 e i e 1es sl gy
Hinton 2 J&, 41Z9K2%%(%) Yann LeCun. ZEHFF/RK
2] Yoshua Bengio A1l HH A5 K21 Andrew Ng 2%
NG RIFETR FE 2 2] SUBURIT TR AL, FE8EH T B9
6%%%[147,148,149,150,151]‘ %EEE_{%M[152’153’154’155’156]\ %
P 220 7] 4 252 % i A ARy U157 198159, 160,161] e 2 A Ay
53 7 B - 2015 4E CVPR WGE L S0 SR 5 2
I RBA T AR, N R AR %
AT LARRERER B 5 ) fE i AR NI R R i
AT— B AR ER, Xt — S B T (PR B 2 IR R AT
[ J 1 3T o

SEEE A=y
H 4ifidgs (Autoencoder) & —Fh G W B HI4FAE
oI Mes, ER A R AR, bk E AR E S
FHiNE, HEHWWE 6 fin. T —4NEA

xeR", Bk H T —MRFERE A3 B0 R
FUEFRh e R", Kl = R BA s 2l 2

yeR", I HA B H 5 R R TR . B

it Al B 5] —MESF R AL, URREUZ IEE
T N JZ R H i a] LSRBLHE 5 R4 R R, 35
X N BE A B SR RHER R . 8 S AUE SR
BEFN 4 S BUERERE BN B, XA RORD T
I SHAHL

LR TR SRR, B RS T R
LB N T E mIS A E NS, 2008
Yoshua Bengio % A $2& i T %M F 4w fid %% ( Denoising
Autoencoder) RS, 7EH ANEE AT LGS 1 S
Xof FLUNTNBENLIE 7S, SR J5 44 s = P EeHE 24T S i
FfERGHRAE, JeAm SRS R M (5 S5 REEiE I
JESR (T i A5 S 10, e g AL 5% 0 SR 7 R
w7 Fios.

oo
h > ~
ROKRO0O 00000 00000
X X y

Bl 7 M B gL ae s &R

Hep, X BFIGES, X RINEERES, h 2%
WErES, y&REENES, d(Xy)2EA
GE ARG5S MES, WA EIL N
I AE RS 5 AN — 5 B Y BE AL M 7 SR A L
HSHAR AR T HE, 1T LA e bt K
5 5D B R OCHRFAE . an e R e 51 N B B it
A oI W LA B S — R RR O B B g B AR
(Sparse Autoencoder) FFI£%, 1% X 2 PR il &R
SRRl SRR, AT SRARAD NG 1 28 7
BRIANH R . BRI I ZmAD A8 A RS AL U R

min L, W) =|Wh—x [ +23 | h; | (21)

Hrr, h=WTx AgmfdjErES, mit® 21 &
58 T R] LA SR iS5 5 2 W M, SRERAG X I
gaME S IR E R NRR . [, ReE T4 B9
oS HE B AE — AT UR SRR A it as, XANAR
M2 fEE X BIAE SIR RS, EAA TR
B4 Hh T2 A O AR AE RS — AN R AR
H i S 8 Fias. B, RIRMGEEE X
EPNES S S BT TR L UM U S ey Pt TR G E2)
GE e IRV (1557 | A =P e 1 S 1 ()
T B, TP g
B TN, i B AT LRI SR . D
Jei BB BT RFAE (S A B 17 0 i 4 s f4 2 A S IR
LV T RS0 KBRS . FENNZRBTEL,
HRME RIS B g3 12607 30
BIRNGEMESHL, SR R)E— = B A
Bt IR ZHEAT 1B R X FARAR, S & R 12
A

B8 #al B i s &



11

RIE(5& M (Deep Belief Network, DBN) &
i1 Geoffrey Hinton 7 2006 £E32 K], B —Fhd:
R, @G A n MR E, B LLiEEEAS
o128 [ 8% e R A KRSk A O 2R 80, L 544 dn
& 9 Bt DBN &% 2 RBM & ifii i,
ZIUA LA A RIS TR A TT, REME
JTCH TR, BRrtEsh 2 o A AR BURAE, &I
R R R R TG A 4 F A2 R AR AZ R T

&l 9 DBN 4iti/n i Bl

DBN S35 ST A5 7 N TG e B 2 2 E )l 25
F1 Contrastive Wake-Sleep R AN B o £ —F
B, HERSNGE N RBM, HEREEHE A
RBM MR EHEAWE, #HEEEMETrREEN
% RBM WU A&, FXE =4 RBM #HAT
W&k, Wikt T, WRTZH RBM BT H &
P TIE IR T RSP 2T, R ER
H—E3 T I%. B BRSHAR R,
43N Wake GAFIEFE) Al Sleep (AERGEFE) HAS
THr B 7E Wake MrEt, AP NRHIELE M) AL
HIER TR & Z 0%, BETHE TRE
RABSZH FATAE; 1 Sleep HrBUEId TiZ %R
TR ) A AR AR R RPIRES,  [RIRHE S B AL
H. DBN TERHIESRBGEREF, el N 15 5 o]
EHBRANBIWLEE S, 28T HE AR 2 (a4
¥, 75 AL PR BRI AL I — 4B 415 S i 2
EAE—E M. [, SRNG5S M4EE0d & H W
BRI IR, M RENGHSHESRZ,
XEAEEFITT IR TR S ESKR . BT, BoAW
R —FPRZ M4 (2 M IE BRI ZR IR
EM %) AR & M4 (Convolutional Neural
Networks, CNNs), ‘EfEALEET5 AR5 EHE AL
PRS- RILE T R RE .

PN

C1 S2 C3 S4

Pl 10 CNN 547 &

G MN L RH T RS . BUEILZ DAL
() 8 2 ) S SRAE P 6 4 JEAR, (7 2% 5 S 4
AN BRI, FEAK T N2 S BUR BRI B IR,
AR BB AL P4 a8 it AR 1 — 4 Ut
BIRUFIITERE, BONLAIHFERH T RERZ
HERATHE T EHTHA LeNet-5141%, %41
FHZE R 2% ) S A S E P G ] 10 s CNIN S — il
ZEM LN, B EREAE 2 MM TTH
T e AR, X YT E AR
iz, DA 10 A6, S\ EGE SR = Al s
KERZIHEATERIEE, £ Cl ERAX K="
REAE SR B, SR 50 B — MR R AL B S B AT VA J
254 Sigmoid BREEAE S2 JE I = HEAFAE ML .
X RS A B 4k i@ AR E IS 15 8 C3 R,
TR S2 2 —FER AL B 71455 S4 HI4E 5. 78
&g — EH AR R — AN, A Z
FEGE P2 I 28 2 A9 B B A4 A 25 R o CNN —
AR B Z R U8 R RS B BUE =D
J5 I 1) B 2 1) M R A =0 AR gk 1 R 2 v
SN, R1G T EMERERAE. RE., &
A CNN VIR EATAR R MR SR 2 R
G RE AR, @E RARRRSOEE . 2014 4F,
Volodymyr Mnih &5 NEFx EG 5 FAT 452 T 5
TR R IL T L, HE— DR T B
25 4% 1 b B A N 0 TS R4 0, e L v
LA de 5 R SR BCA H T 73 I RHE
A] DLSE AR O A R AR AT R IR, [F)B aE 1
TUR B A R AL B

TR % 5] AR 32 2 X AL S Rp R e # 5 1R
BUEZEMI A, IEX AR ENA .. BES L
F# (Natural Language Processing, NLP). 4l
G3HT S TEBREAAG MR PRLE N I 2 e A Rk
BN . Alex Krizhevsky 25 N JI1Zk T — M & 65
FIAPIE TT IR E AR M 2 Sk 0.4 1000 3811 120
FE EUR AT 7325, FEEUS T E TR B 4y
H e8] Clement Farabet 25 A4 H T 2 R
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2 FURH 22 I 288 SR 4 X IR S0 . TR RN STAR AR
F LA sebnid, @5 T F TRHMEM BRI & B A7
fE R AP, Dan Ciresan % AR 12T GPU FAT
IR B Z L, FLLE 3)2E 38 @ AR R
REE, RS E 2 @EAR R EE A RS T AT A
B R ) 2L, Yichuan Tang 28 NHR ! T &k
W /R2% 2L (Robust Boltzmann Machine, RoBM)

FAFBURZE SN TR IS, EAREEE L
) 25 W FAE FME 55 BUAS T S A I R R B

Abdel-rahman Mohamed 25 A$2H T FTRE (S &M
RFATESEE, SR TSRS REREERE
SR BTN (9 2% A AT AR R, REFRIH IR E SR
TREHEF LRSI %, Richard Socher 25 A 42 H T
BT 0 E 445 %% (Recursive Autoencoders, RAES)
f) B AR1E S B UG (Paraphrase Detection), fiH)
TR B RAEs k% JH)FHIRHEM &, FH5’ %
>] B ()RR AE A DA RE 8 7 A ) - R i R0 1 1R AE AL
P, 7E MSRP B SUE KL FEUE T B & kB AL
Kk e, Xavier Glorot % A K6 HER 204 15 4w D
%PV B b 0 B b ST R TR A28,

75 7. B 34h 2 Tl 254 45 S T iR & s vk AR
153 2685 20, Rui Zhao %5 A FF 2013 4E ImageNet
TEFE PR EAR 28 F DA R e, sdid 4
Je3 R 350 SC A BB B 2 S AE 22 AN TR B4 4R R
BT B g7 A AR I Y. Deliang Wang
S NS FH TR P A0 28 I 288 A 18 3 1A A SR s R R

P DA e 5 dh SR B Ty B S5 R, JRIRE T
Masking il NMF J7 i 3 47 fR BUSCR D, 1hork
2 N A H 35 7 A 2 19 285 S T 00 P 45 e 50 4
IRE A1, 7E B EUR (1 JE 38 5038 3 2508 1) Rt
REE T BB AR A5 R, Wanli Ouyang 28 A
W AT NG 1o 850 P (R RS AR SR . 28 PR A A L
By RIAER G — FIRES IRELRZ T, Bl %
43 Z 1R P [F R IA B B R M RE RIS T, JRTERCR
BI4T AN IEHRE E Caltech |, DL 9% IR AR
AT E A (779, S8, 78 SRSl ) R
BT RRIG0 REIBERBRAI = K5 B4
Gk, G—TZIRRERI  , 7E =20 A%
Wi BRI 7 PEREIR 5 T 8.6% ™. Naiyan
Wang &5 N8I B2 1) 77 S0 FAR BUE Il 25 T
T ROAFFIRER VAR IE AR 250 B Yt ds, 7ER
F 3z el DB EX H B Im@ AR T 4328, I
1 — L6 ELAG BRER 1 AT 1 E3RAR T &g sy
5 S VAR ) IR Bk PR MY B AU B B ) R4 8L, i Suin

BN R E W 25 T2 BRI R 2% LG AR,
HEY T IRE IR B2 M2 B T AN SGIE, 76 LFW
HRtE BN T HALHIAE M AEM . Ji Wan 25 A 37
H IR BE 5 SRR R S o 18 X Pg9e” ),
FAESE T N A B BEUE R 2R 1) /B30 AIE T P 52 8
(17 28, Chao Dong 45 A4 H 1 FH 25 e 22
28R A 2] MRS HE B0 s 4 HE MR I B R R
HHBERET R R RN TTES — T HHER
T, BRSO 7 2013 3 1 B G )k o)
HORM, fem g5 it L Yangging Jia £ A
FR TIREBHMEEET Caffe, wJH T KB T
bR s, I H O AR 2 A i) B SR A T %R
(%1, Eitel 25 A2 H T2 F3UZ CNN f¥) RGB-D #)
AR N2 S5, FFAE S A MEAE ) RGB-D Pk
R _EHUE T AR 45 £, Hamid Palangi
S NB IR B 22 2] WNE & A7 B R B IR 7 VA 45 At
K, FTHRT 2 I 1) 5 P s A R e ) oK i
PEREM . 4 TE S R B VRN I AR B
FIF TAFE BT, Le Kang 25 A2 OB AFIE 22 S A
SRS — 2] CNN HIIRAHESE TS, JfAE LIVE
HmaE EBAS TRt teRe, HixOniET T EG)R
B B HEAEEE, Li Chen 28 A\ 42 Hdid 2% >3] (7
Rk CNN AR R, IR T
FEEIRD, PAHIRTF 715 CNN ik pele,
Daniel Maturana 25 AR AAFR 5 F A1 3D CNN 34T
G, Wb T A] TR 4 7 o kb DX R A 4
RSN R4, PR EMNHRBOCEERET
) H F AT A LB X R, R 7N
AR RCRE®), Tomezak K43 2552 BR 3% /R 24 21
(Classification Restricted Boltzmann Machine) 1£4
ST B HE 26 11 43 28 48 FH T T8 AN [A) 1) 15 2 i) 4
i, i AR AR bR I IE DU SR SR AR A AR,
Jie Zhang 2 AR T Coarse-to-fine [ [ 2t % 4%
CFAN AT NJxt o, B 56 F 26 — 4L iRk B 2% 1Y
#% (Stacked Auto-encoder Networks, SANs) s
THOI A I RRAE £, 2 J5 56 2 3R E i X 4%
R HABIE, £ =2HEHR4E - CFAN #HUS 1 5Lt
BRI, Guyue Mi & N\ JGHERR B gnfi ot
F TS WA A AT 55, U T BOAb R DL, 32
PR ENL. W, R FEVLARMRAE S 42
AP RED®, ZEIB AT, Jun Yue 25 N\ K
P22 4% T ot B 1549 250890, Weixun Zhou
& NKE gl gs H T & o HEE B AR R R AR 5
C901 - 33818 T BN E M B RS R, HEil,
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IREEM 2 (1) B S RFESR BCRE ) IEZ2 B H AR A=
SRR RS 2 AN 2 RV, I BLEE T IR
EIITEEZAMES BB R TR ERE, 78
P S R S ) I O VA E T

U A SRR B 2 S I F2 07 6ok 3, 1K 07 T ) 45
KR, Hr REREMEREERINERS
R JR K 2E () #3% Yoshua Bengio 4 5 (1) { Learning
Deep Architectures for Al) B9, 28 E 4RI K27
[] Stellan Ohlsson %=1 {Deep Learning: How the
Mind Overrides Experience) M9, 22 [H prs4 2 1.2
Bt ) Nikhil Buduma %= 1) {Fundamentals of Deep
Learning) ™1 44k /A =1 Li Deng A Dong Yu &
% 1%] {Deep Learning: Methods and Applications) 1%
F1 {Automatic Speech Recognition: A Deep Learning
Approach) M7 & [ {357 K24 (% Vishnu Nath
A1 Stephen E. Levinson & # [ { Autonomous
Robotics and Deep Learning) "91%%,

4 BEMRE

VE R 2 O Re S e, N TP 2%
KAz BRI 250 5 A 2000 2 ST HLHI RN
i B BAC BRI RE, R AN TR AR B+
HEEE, WRRWE G P A TR, fEaf
MG L HERRBIIET, YELEAENLE
og, KT A Mg L HER R R
2, N TS MBEIESA KR BT IS 1) R
T IRk o AR SR T 22 I 285 PR S ok 2% R P
FURAT VF 22 AR AR R R 1) 5 R R -

(1) NI 2%

JUE TR P 0 28 0 28 7048 5 1R 1) A BB A AT R
AR5 Bon HAR KT, IUE A T2 M
LR EEMIEITIT A S B G MR SR 44, AR
X AEMIR 2 R G5 BACHE R WIRABRL, I 24
Z WS RAAKCE— N EEES . HinREME
IR 244X i 56 il — LE 13 B 1 B S AL B AR 55, 1E
I FIRAFEIRZ RR, UIZRM % 15 > 5% B Rl
WA AR,

F— I, MEINFIT ERHFE R T
L, Pt I HEINIREIIRE AR T MR
o] IR 22 R A F R 2 TR A %, AELS Bk
J& HH T B BT 5 K 1) 2R T SR AR Gk e 8 Y
%, RN TEREHEIE R, A HlE

5 = R SR IB  RE

(2) EFha Mz

AEVMRTE T IR Sl R R, B ERK T2
BlPEE . AW DAAERA M5 EHE B 32 3l A E
WEEp 2], SR B A A AR I X 43 o AL
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mainly concentrated on introducing the recently emerging deep
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innovating the way information is processed by several
successful applications. Based on the above analysis, we
pointed out the challenges facing neural network research and
suggested possible research directions in the era of big data.
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acquiring information from non-structured environment for
intelligent earth observation of satellite platforms. Our research
team has been working on remote sensing image compression
and interpretation with deep learning for years. Works related
to this have been published in international journals and
conferences, such as TGRS, TIP, IGARSS, etc. As a powerful
tool, deep learning has found successful applications in various
fields. Its feature learning capability is exploited by us to
compress images at high bit rate and learn discriminative
features for recognition tasks. This review paper can help us to
get a comprehensive understanding of the pros and cons of
artificial neural network and thus advance our research a step
further towards more intelligent information processing. Till
now, massive images have been obtained by remote sensing
platforms and there is an urgent need to find valuable
information from these visually big data. Deep learning can

provide a seemingly suitable approach and its plausibility will
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be checked in our future research.



