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Abstract

With the advent of the big data era, deep learning has been widely concerned by all walks of life. It
has shown great advantages in various cutting-edge fields. Many scholars have conducted a great
deal of research on deep learning. This paper introduces the related concepts of deep learning,
concise summary of the relevant work based on the relevant academic achievements obtained
from domestic and overseas searches, 19 classic papers and the latest three books on the depth of
the past three years.
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1. REESIEN

TRPE 2 2 R WL 3 2 2 AU — AN T 78 07 1), AR oRAETE B R . THREHLA 5 22 S8 8 b B R
TRPE R R o LB HLAE T SRR RAU N SRR R A 2 e e by, FEAL PR IR 75 8 RSO IR B85 S I
BT 2 AR B E X AR RHE AT RA, ST AR R . DLEME B N, R R
G X RAE T I BAR O ESERIA S . WIGETEIR . SR 5 FHB A0 TE BCE 2% AR TR, (A 3,
R )il H A RE R BCE I R & B RoR . @ISR BURFE, 25 A3 10 70 Z AR R R R .

DREE 2 SRR B — AN I8 2 2 50k, 78 5 R UG R 5 75 T AR (R, ez 8 i e wir Al
KEAR. BEMREAR, HURZHE. PLaF2) VIEME. BRES M. 2HMES ). 58, HEFEN
AMEHAR, DARFCE AR AR T IR 2 R . TR 2% SIS B0 AT LU 556 N 2R 1VE 3, f#
R TIRZ SRR AR AR, 149 N LR BeAH S BORHUAS TR K25 .

2. REFIJEZRER

IREES SHNE R BRI THOR, ORI L FFA W AN AR R AT, s B IR B 5 ) B s
AT LGEWIE] 20 4l 40 4%, HAEN 7RG LR EmEl, REEANFER R ZRR, THAER
CREEES]T N NBTRE A

H AT ARG LR ] T = 0K J& s, #1280 028 1 /T B 2 20 20 40 44X 3) 20 4D 60 21K,
AR o} 25 A Bt R () T B 2 MR Y, X e R A B I 2 O] — R CRIRIS A T R 5 S, TRIX
B — VA 22 I 2 PR TR AR RR A AE e, SR R I T R o) B OOR R 1 NS HLES S S K g
FLH R LER B R B0 2 U IR ST ) R BN AL R BRI IR 2 /IR . 3 4 12,
BTGV 2] B OXOR) BR AL, WL 381 2 P AR 2R3 AN R 10 At D728 o) a5 s A 1 i, X3 30 7
22 ) 2 T ) 28 — IOR EIR

75 20 4l 80 AR, TENEBFEME ST, BRES 074, BRE: £ RO B, UMai KE
7 B ) T B B T R — S T USRI BB AT N, X5 AT KA R A0 TAEEIRART, #hE M 4510
KT B R, HZRT ISR, 7N 538 AR K & Ed () b B AR AN
AR, TS5 kR, TEALES S ) A IR (% 7, BB S TS, SECT AL Ik
wik,

PRSI 255 (1) 25 = Xl 72 2006 4, H hinton iy 44 DTS 9 45 1 4l 22 I 28 0T LA F B 3 F000)11 2 S s
BEAT ISR, RXFRIRIE S ST — R E R RAE, XA S0 [ W] LA SRR AR i ph e X 4%, (75 o fe
V2 HNE TR 2 AU, T ETRE BL IR RS IARTEIR AN, FORIUE BT AN 2 CE A B IRt
RIZHIPRZ 28 AT I 25, MM IS = IR — B 24, WA M a Wi 708 5 HB A 51481k,
3. REFEIEENNTAFNA

1) 7£ To recognize shapes, first learn to generate images [1] 5145 T # &R I R TR L, T JLFR
H B, U0 B A )R e ARy 4 S SR AR R G J7VE,  XFR A VAR LAE 2 E A E T3S HIE R
TEREI ) 2% rh s R LA
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2) 7E The wake-sleep algorithm for unsupervised neural networks [2]H7, Hiik 7 HF % JZBEH A2 T M
LETE MR I, A TR A e B SR R O T RR AR E A IR e, O LR R
AT AR IR G P A SRR K 77 1555 22 2 4 228 ) 9% B3 A0 T i F )

3) 7 Building high-level features using large scale unsupervised learning [3]3CH$2 H T F R bric A%
PR BRI 28, LU R S ], K F 1000 J5 50 4 6 XA o) B AT IAE, 12— MR ER B
HEhgmbdas, 25REW, X T NREIEA T EZR AT AR0,  IF BT EEF R A 4 OR RO B+
Rl
4. FSE MBI

1) fE£3C A building block for hardware belief networks [4]H, B BILTE A 2 X 24335 K 3 AR i) R,
RKHR 535 FH AR AERA 5 MEREAE R 3AT SRS B AL A b A B B FH 0 8% e 75 1) 486 2 AN 7 Tl PE R 1S V00
M T —A~ 404 transynapse FIMER:, XA LA EMBIFMPURBIAYIE Y3 E, SERMIThaeS
A G e VEAN T 1A, FH SIRE6 B AR RUARADL O S 1 I R AL AR X 25

2) f£ A fast learning algorithm for deep belief nets [5]%, 44 & H B LR EENESMLS%, ¥k
WIE S, TREEBUE NS A, (A “ AR MRS, MG — R s S R, AT — ik — )2
M2 )RR, SE A AE 2%, SRIBUM S04 s B A A s i A R R i ROR . 2l i S 1
RS B g B 10 40 ) 20 =) SRR e SR S B 1) 40 35

3) #£ Acoustic modeling using deep belief networks [6]F)5F 175 VR i AR 78 5 388 ek 398 T4 428 kR 2% 1)
EHULSCRERZE, il “HkNg” —E—BNEZ EMEMESIENTE S REBE D AERER, i1
X EA % R BT 5 T VR E A WX AT LA AR AR 5y, i 8 P s 1 I 1) A% 8 SRV 80 47 4l ME A
RGO B — R RORE, EHEEA T X0, A LB R S B, Sl SE A ) FE R IR VE RE
IR (R AE T OISR, RIS RECE P 5 5 M5 B 2 B AR U AR IR IEA S, I HL
AT EARIC IR .

4) 7£ Efficient learning of sparse representations with an energy-based model [7]F, ##ii& 7 —F# G
B T, TN BRI RAE, BT — ANtk g i &5 A0 — DN RS &, R BB
TR 2, AR 451 2R BRI 390 — MR IR 128 ) 2L 1) R4S 2, AR AT LA AR g i 52
FERFAE 7 STV ARG o RS AR AR AN T RS W B, T Wb S S (A QRS A RO T, T AN 7R
BN BUR AT ATAT e E 1 TRAL 2 o

5) 7£ Real-time classification and sensor fusion with a spiking deep belief network [8]77, #2H T H1 TR
15 JE DX 236 [T A7 10 5 2 s It AR R R e ) AT BE 8T, AE SR AT THEENL LS80 DBN 2 B 5t Y In it ) i 1 07 56
3P AR JRUEE AR A TO I AR AR AE DBN 8 BN 2R S 5 AR W 4 T i B2 8 BT
s XA AR 43 A1 KA DA SN [R) B AR () R B AL T — M R ELVH SR ORI A, KORAR T T
PR

6) 7t Reducing the dimensionality of data with neural networks [9]H, #5iR T —/MNMIUA AL E A 205
W, FUVFURBE B B4 IS 2% IR 2% 2 ST E ZEA AR A MR ZEARRS N R IRBR 4E RS 1 T R, R4
HZ EaMaok B maE N m &, e 4E80E OV R4Ergny, A WA E EL R IF o &
B, A e IR TAE R 8.

5. BW/RZESHLRIBUHF M A
1) fE Training restricted Boltzmann machines: an Introduction [10]7, M /R 0] REEHLIZ K H A4
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RBM, M i (G ) BB A RS T 46 o 5Hi8 7 SR RBM 57 ) B2, B4 T LU kRS 2% ST RSP AT [R) 2K
YE29 RBM HIFE, DL 1% S Sk, #R T B/RBERBE SRR R P (MCMC) 7%, #@4E 7 H/R ]
KEEN MCMC HORIA2H . SLEAIER] T RBM 5531 AH < 7 18I

2) £ Adaptive sensor modelling and classification using a continuous restricted Boltzmann machine
(CRBM) [11]Hr, A %S 5Z [R 3K 24 2 HL(CRBM)TE R A\ SA% AR (1 TR 26 &R 40 h AT A Hh B, ik A
CRBM B AU IR A AR w0 A, I 5 Sl i 8 2000 & 4L 2R, CRBM AT DUfigk e it 2 (10 25 1 K AR
CAZRE R RAEVET- I R, FFE B B IE N AR RS Bl S S I B TR A 3

3) f£ Restricted Boltzmann machines for collaborative filtering [12] 7, 15 F BR 1 3 /R 24 2 WL R AR 2 4%
B, SRR T IA WP ERLIEROR AN REAL B AR E KB, DUH P T v oy i, AN
— R PR = A 2 SRR Y, JRUER] RBM AT LLRZH R F Netflix 2df 88, HAp @&l 112
D alliN- A B

4) 7£ Spectral classification using restricted Boltzmann machine [13]94, ¥52[R | i3 /K26 S AL H T
RICFEFRGIE K, RS RAT, FIGEAR TG — @ N T i, REH T Zu 2R BUR %%
SHLEEK I KR AL B AR R AR B (A G BRI —FH T I, 5H—FHTINK). Liai RER T
100% I ORTFE 2, X R T =02 BRI IR 25 2 BRI R0

5) f£ Temperature based restricted Boltzmann machines [14], AR¥EIE /R 2% 5 70 A (TR0 i ¥
H, RGN “HEESH” ST K& RBM, JEHIRH T —Fh 4y “ T2 R BIR 2%
ZHL” (TRBM)FIERL, ¥ol AR T H2—1% RBM Wk E 2 RiEMHEEGEZHHE)NSH. 4T =1
i, A TRBM J/b BIA K RBM. FEAESCHE— AR, TRESH T #E 1H EEE h R S 20
TR EEAEH

6. MZTTRBAIIT R it

1952 4F, A.L. Hodgkin F1 A.F. Huxley J& -6 f1 5 K 57 I M AR BESLES, $2H 7 —FhEZtal 1% &
GUAE NP G BCAAS R . PR R (VR C A AE TR SCHR AT 1 BB AN SR 5T

1) 7£ Adaptive Control of the FitzHugh-Nagumo Chaotic Neuron Model [15], WF7T T & %R Fitz
Hugh-Nagumo (FHN) VR # 28 JeA R s i, 3X & X Hodgkin-Huxley #81 f) — 4 itk . B2 Rk, @
o B A% | 7 VE 3RS Fitz Hugh-Nagumo (FHIN) 28 7o RRE f) i H 1 19 138 45 2R - 932 Ff MATLAB &>k
Ut B Fitz Hugh-Nagumo (FHN)#H£8 Jois Y 1 AH A7 DL A& FHN i 28 oA A (1) i HH 0 7

2) #£ All-memristive neuromorphic computing with level-tuned neurons [16], #&H —AN4idfZ &k
ARG, AR A A AR 2 BE A% 1 A R BURDIR S ) AR SE AN A Te A SR A O VE S o I ZEMR A T
[F]— Z v AR 22 e LTS, NIk AP e Jof A /K- R AL SR AL B A A AE B E BT . SO FE TS i
B SURIE FRAT N U0 HARS I 22 /1 I TR S 1 SE 36 e B 17 i L B 4k R 45 0

3) £ Response of Hodgkin-Huxley stochastic bursting neuron to single-pulse stimulus [17]— 35 7 &
A 4 = R A (1Y) Hodgkin-Huxley #1228 oA, DUARHE Y Hodgkin-Huxley BERY N EEt, H25 8 T RS
LM BB A ML IS BE L AR R GEAE B oRR BT AN FARH,  HAR ARS8 7%
REABEVILRE, 5 SEUT U A 10 ph 2 0 o iR i, IZAE S RO N R I AR WL RA
AR IAE )RR A SR 6 2R 9 ) T BRI N o 22 R PRI, SRR B A S U 2 TR B S IR I T DR K
Zb, L 25T R A A b o RIS SRR Y U Y~ 25 B B A — R ) R P W R L R PN A K
DAL, AT RAAS H B LR A 1) Hodgkin-Huxley 128 7658 e ik ye il 5y 80k 14 B TG 75 T ) 2R 880 R B v R 285
o
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4) 7£ A simplified computational memory model from information processing [18], M\ {& B ALHE #) 1 &
Pt 7 MR, B e BT AR A R I e IR R R AR A T BRI B T, AR S R A
T I WS T ORI R I R — A I 2, AR 5 R U ER ) 28 SR FH Ak N B AL . #iE T — A
R G2 T REAEAACAZAE BAL B XU E 7 Z D RG24, BROSTRIAILIZIE BRI R M 25 (SMIRN)
MR, FAR TR A R, SRR AT A E B EAA R A2 A
7. REZEIEMEENNE

1) 7£ Learning both Weights and Connections for Efficient Neural Networks [19]7, #iid T —H 7k
DA 2% B TR AR AT S — N R, AN AT e, e S AR (E e, ISR
25K T RIRSE R R N TR, B AR AR e, BRI SR 2 SR O AR T R A 5
R IAAR T A% i 2 WX 28 fE AAE RN SN 2 B0, HLAE VIR 18] AN B o502 L 45 44 (1) R il

2) #£ Scheduled Sampling for Sequence Prediction with Recurrent Neural Networks [20] 1, ##iik 7 —7Fb
A AN R DL P2 A — ey N4 BT SR B VAR 22 X 2, A7 DI R RIHE T 2 [A) () 22 S 22 7 AR T LAY
AR E AR R AR, SCE R T MR IR, N e RRTE, fHRIEN L
—ANSR, A FEAE AR DR ST SR, ARG I SRS R . LA BT
DRSS SRER R B, X P54 1 A i ek .

3) #£ Learning Multi-Domain Convolutional Neural Networks for Visual Tracking [21]#, #&F—/E4&
ZNGFRIPRZ ML, SCERR 7 — P d A sE B Rk, B Sl R E ARG 5 3 5 Bl R i e il
25 CNN, LIRTSE A H AR R, HILZEER 2 AN E SURZ 150 SR R 2 i 4%, il 515 CH
R 26 A AR AR S = B B B AR ECR IR . 2 U 1 R H AR, @l 7Ll 2k CNN
o R SRR T T oo o RE M S A R BT R N 48 o 8IS VP ZE RT— A H FRIRES JE B AL
SRAFF BB AL B ORI AT AR ERER . Fr 3R SRR SR 1 A R 2 v i A e 1 e

4) 7E£ Multi-Centrality Graph Spectral Decompositions and Their Application to Cyber Intrusion Detection
[22]H, SCERRH T — R R E ) PCA 7%, BRONZ HLE PCA (MC-GPCA),  BLK —F )
TSI T7E, FRNZ L B 2 (MC-GDL) P & R 3k T 2t O RIS 40 il o FF4 IR EE R T 2 INMRHIE
(BFEHOEEMSE AN ETEE ) AE M NZRNF—F R, MC-GPCA A LLE Ny i e
KA B8R, MC-GDL 1] DA X 7 FEHR AR ) 0 A i

5) 7t Pixel Recurrent Neural Networks [23]7, TEACHEE H ARG R A b, 2 T — MREME
W2, 42 R TRV A A 4R B ) BB R 3, XA TR, 1 R a8 R o2, IExs
BUE 1) e BE R MG R AT 7 i R G100, B P ) — 4k 02555 . DLASE I Image Net
RS N, B R S BB 2R, 78 B AR EMR ESRAS R EUAL IR A, X b DAY ) 40 A K1 BT
(CE

6) 7E Conditional Random Fields as Recurrent Neural Networks [24]771, AT fRRREE 22 I HR LR
BT RIRESIA RIS, SINT — A GERMEMNE, EahE T ERE M4 (CNNs) LT 25 1-bf
WL (CRFs) M 26 PR (R 35, 7 A6t T ARt FEUSE PR 2% A B ATL 37 1F g 3dh VAT 490 220 DX 248 11 35 17 0 AL
Wi, SRJERIX PR CRE-RNN HIMZ5 459 CNN B)— &4, LARTG B CNN 1 CRF (5T R
TREEWI 26 o A4S AT DU 38 1R I 1) A 49 RV T 8 A % T 8% 34 3 31 0 PRI U o 38T R SRR AE 1 LR 4y
e @ E3RAS TSR

7) {£ Multimodal Deep Learning [25]H7, #&H T — P FE I 28 1 B R 22 2 2 Bl U RHE, J
AN T RS FFAE S 2, iR an SEAERFAIE 5 2] I T A AE 2 /MBS (91, 5 SRR AIT) , TN m A2 3] e —
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AMEZ (I, W) EEFRE. BEAN, WSCRIR T A SIS R LSRR, IR — MR AR %%
FREATVRAL, oAt R A A S SR AT ISR, IR AR AT IR, RZ MR BR1G T RAFH)
R

8) 1 An Empirical Exploration of Recurrent Network Architectures [26]141, BF 7T 1 4% 5 f38 19 #0128 /X %
(RNN)ZEH —— K HHRIHICIZ(LSTM), 8 3C H AR E 6T LSTM 20 B & ik, Bl & BA B4
HIZRRIAFAE . B SR — T 2 DA RNN ZER3EAT 1 VR, JFifE 7 — NN, EfE—SEAZITER
45 EAALT HoAl LSTM Flf%iz 51 A ¥ Gated Recurrent Unit (GRU).

8. R4S

ICN=A

TRIE A AR M S IR % H bR R BT T, R S T SRR DT, (2B M, 5 B35
PR R BV Hs B g A, R BAR B Z R IE AR R, AP LE A SRE RS (AR AR R S5 L 07)
ARED AN, RESHEIGME, BB SIS, IR SR R, T A R R A B AR
MIRCR, EBLHEAR b, AR 30 A =2 AN B RO RS DO 4 A B 5 B e DA e 464, B AT DU S Y
(OE P e R 2 AR St i A R AR OK R 2t 20 22 1)

e HE

AR BB e BT E “ 58 % Ricci JIALT 70 M RIRT L, LA BT FU A 0 G5 - 1t
H “— & B0@E A LTy o 7oA SRR S (8 BT 5 @37 (SDY'Y15129), LR B i 74 T IMifE T he
FETHIUH A R EFE AR KU SAREO7 7B A SRR AR R 5 IR R 7 (SDY'Y17009), H i
REEWETCAE R BT SCRES B T H “ A /R BT B LT 5 AE07 [k e A IREE AR R S IRFE R 17
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