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A S ) AR A [, o A5 X A e A AR e ) LA B W A Ok
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ESHE I, BAIRRA A E NS EEE, SN2 0 5II58EEA
Ky MBS A ENL (SVMD) BER [31], ABAT — & EERE—RE
RS T7i%, NI MR (ANND. fii ok, ANNEE —
FRINRE AR L R Bk 22 ST R AR AR e, R i 124 5 15 2
AR AT LB I B R CRE AR 2 MR ) AT TN A 326 AR,
S EANNBERY B ERZIAAE B 5, BOA R IR N R R4t 77 A
NG R HERIEA, BB IREMZ ML (DNN) BRI, #hem s
T CL 20 SO ML 2 2] U B B B AR 2 —, ACEE T BRI 22 I 4% )
REFYFIFEAR T, DNNIJVEIGAE T — BRI L.
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1.1 M ZZHEL A

1920400 AX, ZARMAERGEEM K, BFFLE TR H 4 N 2 150,
R, AR R G105 B AL B Ty o — P EE T R 5T 580 1) 45 e 4k Ak
H, Hg Ao AR R, (R4 0 (8] ) E R 451 AR 52 2%,
T XM R, AT DAL B R R 1AL, HEBRAE TR, X U AAE N R
MAERGH, SFEEMAIRKIAEERSEH L, ﬁﬁjFT$?§JEZK§? XA
RGBT/ 5 MG B A T SAEE IR R & 7 fERF S ks, KREFESE
RS PR 8 R, T A TA) R A B U AR X T, . A RGR
X B &, Warren McCullochFlWalter Pitts2 ) 7 N\ T #1285 I’ 2% A &
(971, A BN LA RG 1) 1HE T RS NS B b ¥ s
B 1145 5 T07 AR LA 1 22 D0 28 7 i P

Bias

Activation
flmcunn

Input Oulpm
)

Summing
junction
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weights

Fig. 1.1 T4 2 a Mg rEZl®. £ LRERR—AMUSLREwE e, A LLERHE
F-McCulloch-Pitts £ M ST iZ A A TE L. A FERRALZMERSR, A FEAERZ R
F I N4

XN T AR R 25 BE FE AT 20 P A7 e — 853 BE 708 SR R B e 4 o
NGRS briatE 2, il 2. FRIPLEL, 1% PRRSE, XA
TR T NS RER) ™ A R BB e BT IREEWETEAE R, W B AU
N TGRS HBATHAT . 53— FB BT T R R I RIBBE T, Rk
MR S TS TIRE, 2 TR EE IS 150 B S 2 R G AN AL L



1.1 R4 AEA ix

WA, HLES S ST Poar 22 N 2% BT 90 2 SR 2 — ARG, Bk B A as ok
32 1 X 228 ot M0l P S A E 1) AN HE T e

L1l H2ARAIAZRE?

KT NLHEM L, WikipediaZh H 1€ 2. FENLASE 2% > FHA FTRFE
i, NLHZEMZE (ANND & — 2BV ML G, Rl K
PR RS JE RN G2 IR SR, 1% 2% AT F Rk T Bz el
ABLEAR RN BEMSARE R N 72 A S 0 () AR b 28 I 285 1) — LL Th RE L.

Simon Haykin 25 H 1) € SCHE I TREA0[62]: 4148 X 4% 2 FH ] S A 38 B
PR R IEAT AT AL 3, RIRH B A& 50 AR IE ) Hdk 1T is H
RIRESTe e I 28 78 1 J7 TR A HEATBEAEL: (1D iR I 27 ) PR BT 3R
35 (2) FIRBEAF A T (A R A

Rt bR X, WAL 1) 3 BRI AL IR = A

o [IFME: P RIAEIEEIT (FheTn) REPRR. FFK, AR
ARME R 5 ARE BOR AR ST TR A v B

o ESRVE: MWL IR TO () TR, 38 I 2 R 2% RAT fi R AN
B HEHE I A 5

o TR MR RILGR TS, JEI A A U [AERE B, S
WIZ=E2], TGRSR

e PN s BN A B R IS U N R B R R
12T A9l (hg) S (T 2%, IXEEThRed T A F 454,
T RE— ML T AT RZ, TCAZDIREE 25 Tl A 2. FATR A2
ZREER 7Y RN JURN: BT WO AR 2%, B TR 2, Tk
TR A4 22 0 2 LA RSN SR R s 22 P R AT TR X LAY e R o 22 A
M, AR5 S LR I AR — A 4

! https://en.wikipedia.org/w/index.php?title=Artificial _neural_network&oldid=666866254



X 1 fHEEAR R

112 #2ER 5L ik

WEE 2 EATA, AR P LA ] T RN TR RERI R RS E] T
HEMEH. RN T2 HE TS5 777 (Symbolic AD 2, %704 A
TR A5 R IEF T ERN I S R 5. e TER—INAMR
o, X @A R E S, AR S I NIRRT AN E ., RS R A
FKAMBAE, X — i NZRB B4k, B 77 A A Il A 3 A e
T RALHETE, R0 B ARH e, 57t aan. wE@. al{EiE
1, RFESERR N AEERCRBR Bl %%, MESFF S LR AESR R, &
TN GAMES BT, SeE A R, MR SRR TR OC R EV DR
B, X SEBRA AN M Z 2 AR s Ah, WA HRIEE (&
) WL, RAMEXNIA REIATIE ERIG R, R ORIX SR A, B TE R
H TR O RS, R TR B TR SR A 4 B G 2L X 48 O i I B 2 1D A O
F, BIAPE L 7. TEIXR VR B, IR S X il 0 ) gt ke 1T =l A e i R
DRI S AN 0 5o A S R AT RS A S, TR e T MRS A S A I IR A (R E
HEFS FEPOE A A R S50 LS4, ARSI, A A
DU, FTCASEILESERN: feJa, X — RS ESIE, AR B A A &R
P, REVERRFE RN, 2RSSR, DR o B A R M R
SRR

SR, PR B AL B A5 G5 N T4 Re v I FF 5 1) RUE A — & R, [RRY
R RIEZBELN, AIE S &AL B b o R B2 1Bk, M X R A3
T T G R SR I 1 5 5 92 B OE A 0 I A RS OB R, AT A AL R
HHEmbedding Mt &, WM& RIA B 4E ) &, PR T 0% ) R A I 45
X JF ARy e T ARG AS R [ N P [, A3 A DAL B B A A ST
%o ZAETE ARG T IR Z N, aES A W R E. A
. HLBSEHRE. 15 = ML 13, 30].

UE WL, AR H TR SRS RRAAAE A, X2 BRI T
— AR P L B X 2 Sk R R MRS AR, 12 X 4% R AR ST i
. S A5 BRI, 2 s v R A A RIS A ) A
RE7J. SR, ERZA SRS, RE/NMERKFHEIREMER, AREE
LSRR E . GIENLAS RS, KRR LA 41 B IR IR,
Hix s BEEE, SRR EA B, T AR, XL/

2 https://en.wikipedia.org/wiki/Symbolic_artificial _intelligence

3 https://en.wikipedia.org/wiki/Connectionism
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WEZ A R A v Re e A VR s 2, AR DL— ey Bl S B RUE SE
AR — M AT B R R e AR I TR I 7 5 T ik A
R, LR AR AN RS ALY Syl Ak R e AR AR R], P R
ZAGHTERE [159, 421

1.2 ETRRETHIHERE

BET WU IR e PR 28 AL B LB (AP e 2 — fEIXFP 28, daA
—AMRHIE R, A O T BTN H ARe X — HAREE AT LU AR5
R — AN FE, AT EGR RAE SRR, X — R E—& ik
LM TR RS (AR 2 It 5 R

1.2.1 A& PEAE R FT 48

LM FUMAE R (=] 5
— AT A2 P [ AR T 2R

D
y= Z WiX;i = WTX

i=0
H{x;:i=1,2,..,DPADAE B L & (URFFAE R &), y N —4efiH 2 &,
{witi=1,2,.. . DYNMRNEIEIAS . K 124 B ZER KRB R R, X—
FoRAT LY — AR, ANEIERGEZE M. Rt E L
YEf, WZMN SR IE 1.3FR. 28 228w, BRI SN iR %=
Fh TSN T8 H R3S B S AE 9 DLy oy O 1) i 307 40 A7 B 110 B R ABA SR At
ite

AL, E 50200 B ) Logistic ol A AL U R 0BT 7«

d
y= G(,;')Wixi) =owlx); o(a)= m.
H&MERNEBAYA L, Logistic [l 5884 78 £ PSR LA 34— M Logistic%
e, FI—TIT R, WRERMERE (bRl &y NS E AL F
A, ZAR Y (1 f RASRAL V1S540 T — AN BASE S5 9 v DU £ AL T
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() C) .- C)

X X2 X3 Xb-1 Xb
Fig. 1.2 251 (A1 AR 20 W] 37 A AN B BROBUZ FI 2 R 485
y y2 s
X1 X2 X3 Xb-1 Xb

Fig. 1.3 2 th 4 P [l A 20 AT R/ AN B BROBUZ (1 0 28 I 464
WS IR Logistic B AL B 4 4 a0 B K bR 24 -
—1,whena <0
gla)= , (1.1)
+1,whena >0
DT 43 255 e R ) 0l Ay

D
y= g(;]Wixi) = g(wa),
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Horpy e {1, + 1R T S5 He X — 1AL B R 2 ) 4 0 Jre B 300 2 44 TR
KA, Logistic [m] )14 R AT 884 RUAR B 2 AR LR VER R, (H AN A
RUARFGE, AT I Py,

REURL TS &

2R m AR AEAE A1 30 (Closed-form) fifyd:, JEIEE%HE S Al H 2K H
ZHwiBRAAE. XTI & e F A, — R R, XS
R BUE R, B EARENE I R R, #6E NB#E7E (Gradient Descend,
GD) & fi M BUAE MY, IR ARk (/17 15 22 Bl K38 XD
X SHBIREE, EREEIE R KIG S EORER T A IRAR ). X — i R AT
EARAT, P KIERGER, 1523 RMaIim. BERMNEUERML T ER
FEHE 2N,

TR BE T B R AR R HOELE W] S WAL, H H AR R %k
AL PR R E, AN RE BRI I BE B T PRV E AT A, — PR DTV
AN EM R R EL, A BT x84, H 5 H D B R R 5 4
[Fe  EHUL AR B0 A0 R 22 R AL

Lw)=-Y) wx(M),
ne M
HoAx N FEaNIGREAR, () e {11 NERER 2K, a4 = T
By 5 M FFSA RO REARSE A, R Fd H bR R SR SR R AN 5211,
B 22 A wit) SR R AR 2. A e, AR W] DUBE A FEw I
AR CRFFAAL,  BHIER HL(w) A RIBE L. i f st e 3 30N
SHEF AN

wt =w —aVLw)=w'+a ) XM
ne#

Hrhw RREFXEHERIBERESH. ERAaT ERSHENE, 47k
SRR, FIEL(w) AT RE 2 KA RYEAR AL, WS IE A B M. 2 it
78, MR RIS AR TAR ] — AL w] 73 i B e #8 v af ORJE ol A7
BRAIEAF SR — DX B e R A I 7 2K 8. X —ZR FRON RN 2%
WeSiE i (Perceptron Convergence Theorem) [103, 19].



xiv 1 PR

RS R

AR WCSIE LA LB IR RS O, HES) T P2 M 2 1R (1 FUTR
SRT . BLSE AR P 4 RHR 20 1) R e R ANTT 20 K, ] T i L R 8 A TR A
R Z X 53 Re ) GR—RERUR T F 2k i), i HUSSUE IR A Be AR UE. —
A2 ML Ao B S s B

(1.2)

1 (x1 =0&x; =0)||(x] = 1&x, = 1)
y()CI,)Cz) ==
0 (X] =0&xy = I)H(X] =1&xy = 0)

Horbxg € {0,1} NHIAZE R, ye {0, 1 MURIGFRE. Wl 140K, Lie’E
FEBCTh, ACIER ] — 2 ELAOK PR O R B G s T, HeR)TE i,
LR AR e A S s B

y=0
X2 ®
O v
 J 0)
o ®
0 1 X1

Fig. 1.4 REEHEREL. x AW MIANEE, y=x xor x

2 — JZ RGN A58 B VEA T o 0, YIRS, XA Z T
VELESEBR LA AR KR BR 1, 31X 2 3 SR A fh 20 B2 T ) K 2 1) D A
Z 1991 Ml — N HE, AT DLKE A 0 IR B2 B B R e pR R (K
1.2) 1B & g A (nSigmoid), i e R 4 2 ST R ARIE I 2Rk 8k,
Rl Logistic[=l 4 8 Softmax [B] ), 3X —J7 3% T R e A5 B0 26 P AN AT 43 1) it
BAREBR, HUEIEA S B GIRBEN IR, (5 — 2 a8 A 1)
T A P ABE AR FRAR A 5 H

N RENEATT 43 o) @, B A E SR R AR (RSN 31T T
ALY T, el N\ AR B AR R AR R S 3 A s (], AR AR [
SLARPERLRY, B

y(x) =wl (%),



1.2 FET W A 2 Y XV

Horbg (x) A ARLNE AR e R B RARHRBR BT XA, WA RIA R R HE
LR, ) LA TR f A e A AT X R AR AL T

97 (x) = Ywijo! ! (x) % SRR
¢;(x) = 9;(|lx—v,l[) BT
K(x,y)=0(x)"o(y) %5

AERN AL REFA R REL RTRRRBUNER SR 2?E e, E
B RS ENFLVEBN, BATFE RS B #AT RN e, (Hi%A2
BRBER, AREES, BRIHWERRRRL NN, ARIrHERARL R
B EON AR B BB AT 2 3], R TR R R AR 1

122 3 ERmE

B g— 2Ry e 2 2 2 A3 2 2 Eads (MLP) B8, B
TR BT, S HTAR AEMLPRL RS FR A B RR BB HOUE o R A, T2
KNS Logistic PR, IXLCRRECZIES AT F 1), B al T8 5 N R E L
HEATARAL:  [RIIF, X S R HSORE SAS [R50 3 A Bse, w43l Bl A 5%
AT TR, Kk, SHUEMLPE —ZEALS0Y B, At
2 M 91 A A Logisite/Softmax [F H 4™ &, AR 2 2 B4 (B AR 45 1)
IR TT 1

1.2.2.1 1REILGEH

% J2 A R N R R A B AR 2R M oy R T . N B E,
MLPE LM —EMNST BRI ZE, G Embad N EEL kg6 E
fERNIE— BN, BILAEE—AMME BIZEL TR %% (Feed Forward
Network)o [ 1.5%5 i — /M & —ANBRGEUZ IMLPZE 14, B8 o B 72
AR T
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XVi 1 fHEEAERY

vk = 8lak), (1.3)

Hrhg()VMg(-) A —ZFIEE )2 HIMUR k%L (Activation Function), z; A&
SRR 3 A% 28 5 2 AH 2 T DL RS EUZ OR8N TR S 1 BT 2k
PR, PIRAERNAFESS H, BOR g — izt Rig(x) =x, 7E70 KT
i, — M E LogisticESoftmax %, Hlg(x) = o(x).

BT BRATE R, M AA R R R AR e, HBERE R, &
FIHEZ MBI ¢ (x), P EH RS — = 4 1 BT e MR A 58 B m] A 5545 KA 55
fal BT H L AT A3 2 A8 ¢ (x) 0 T

D
¢j(x) =g (Z W§;>xi> )
i=0

i R ROBCRAB
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(% @ (v
yk=g<2wjkg<2ww>>-
=0 i=0

R, WARBOKREEFE Y (W1Sigmoid, Tanh, Relufs), %3
i A2 e B B 2, A — ANRGEE FIMLP R LA RO, — D1i%E
SRR XSO ML L€ B (Universal Approximation Theorem)
[72, 61, 19, 32].

1.2.2.2 &7 E
BEALES BE T F% 5 BPH L

MLPF) I 25 A0 2 A5 2 25 0D B A S D) A AR ALLER) s 5 SCHF— > H A bR
H, WS R B S HAE AT H AR R R KL (SR ZE R R MED. A
LMERITIAFI R, 2 RS AEE LM UK bR B S MLP R H 7 B8 032 13 F
WAk, —MUNBERS BN AR, DRl R I BUE . BEE T % (Gradient
Descend) &5 H I IBERAM L, HSHCEHWT:

W = VL),

Hrpw N OE R GEE, V(W) N B bR R EUE S5 OB BIRE B, ol
2% GDEERFUGEARIE AN B 4 it AR, RUCREUK. Stochastic
Gradient Descend (SGD) J& & 5 H [IMLPIR AL 5 15, SGDFES BE T B v2:
(GD) AL, #2 K BARR O SHIBEEE,  FRHBE FE J7 0 S 40T IR AR
VAR, ANE A, SGDAE AL BEHLE £ —F0 0 VI 2R Bt , kT8
THEBR IR S 4. X — B AL 38 1) £ 8 4538 % FR 8 — M Mini-Batch, £
T-Mini-Batch, SGDHIFEALIE T 58, AT H#5H bk A& B S 800) 46 617 R 1
sZWs [RI,  [ROA%ESMini-Bateh f5 #3502 80347 58T, S8 A 2 80
T F—/ Mini-BatchfI 85 BE THEE,  DRIRUSC S BE PR, N IBGDIE /2 SGD, 46
HAeik 2] J i e

— AN RKIAEMLPZ 0] e iS50 e 7, b K& S Had ATk, BpAf
T SGDHIFABMKAR M FRALF. RumelharflHintonZE A [125]7E19864E 42 Hi &
) f& 16 5% (Backpropagation, BP) 1R K2 BRI T X — W . BPH LR
F 7TMLPH)JZ IR 2518, F T 5 000 =08 AN B 728 B B0 S 40 AT I
KT, S T EEE. RATH AR B0 R U BPEE I IR B, %
—MKEMLP, #—ERA NS, X8RN R T
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fue = fiby © foyo © fowx,

HoRRmBIRE, FOABEBCENRARR MBS REL AR (w1, wa, ..., wk

EASHH) FHOT S B R
L  JE df' oafFloft
we  f1If2T AfF dwi

UL, ESRLGw BT, 7N R 2 5 W AT 2 SR B R O N
HIBR . WS R w R 34, BASERER M. — MR iE
RFIH W AR, bk ﬁﬁbllﬁr“frﬁjﬁ,k 1,2,3,...:

oL oJL oft!

afk  afFT ofk
L _ L aft
8wk - afk 8wk '

ML R, X — R R R BE I e — 2 M TR E 4% 3,
BRI S it ik, BIBPSLVL.  LAIRIAAES 9, L HEREEBONINT &
NG R
N 2
L= Z(fMLP l(")) ;

n=1

ALIABEE THELAN T

oL )
o 2£{fMLP —t™y,

VER R IREE R N TONME S5 M EAE R 22 F, R BPRE W iT LR AR 2 iR 22 1

AL

MNZRIHTT

BPSLIAAE I B E R T M, (H S PR SEOLN I8 7 S AR BEih. X2 RN
MRBOEIMCLE, 2B ARL N R BUR B RIREM, 1R 22 7] H A% 12 28 A5 BRI
M, FTRERAEWIRBURIE. T, AR SUEINN, G ek
M E, FEAENIAE LR . BUa, BIVEIER R R R, BT

EXZHAIRNEMBCR, BT G4 T — e g 2k rhF H a5,
RG] DA R A IR AR E ARSI . 7 BRI, IR
FEYIZRILE M2 BRIt 22 F 21,

)t
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o N/ IE A 1L F04FE = #2 (Feature Normalization and Transfer). 115
N ARV BTG IIRHME R ORI, — 5T, FRE N 4
A — RAVIIR A AE Z ST, an S N 8 ok ks /s, =R
BUE ZRIEAA AR & B B . o — T, A SR M R AL
FEOPM T AU, I KRBT AN 5N 2 2 N AR 2R M R BB AN X, 25
BEEEAL F RN L, KR N RRE AT i B AR AR B AT IE R 2 3
PR 2 I SR e B BT vk, B R B B AR 7 VR A3 de R-dee/IMELIH —
CHs —™Mini-Batch 8 [f) {5 5 — FloF|15k- 1812 (8. H{H-J5 25— Gt
—™Mini-Batch B (I E R E FRFRAEZ D). il Cff—>Mini-Batch HL )
AR N m oA ). B $E H I Batch Norm /7 i E AU $ N Z 347 1E
HiAl, EeiE M T IERUL, A3 E T BRI R [74]. B 1 IERE
oAb, — AR Ty AT R R R I ZR, R R A A B 4E TV, WIPCA.
LDA%F, IXEG[EYE T VLR T 25 b — e SR8 T0 0 E 75, AT PR PR &
P9 28 (¥ )1 2R

o EFAERM % iF B (Appropriate Activation Function). *§ T AN [E4F£ 55,
N2 RE A AN [R] B 0K B E. W I UK R 0 Sigmoid,  Tanh, ReLU,
PNorm, Max-out¥., SEI0RH, FELLHOR KA (W1Sigmoid) 7 2 TE Ik
VI B NN X, SR ZR R M [49]; ALk % (ReLU) E
B, KD FEINZGKEL[50]. Fit, RAKIEAFRIES AFREEE
A UK BR AN FLIE . TEVRBEAZR X 28, T 5 285 L5 ad it ) s FH
SrBRERMER AL (WReLu, Max-out) {EAMEUK KA, X5 pR AU 26 P 8
A8 AL 3 N2 2 [50].

o EIEME V1A L (Weight Initialization). F 5 4] 46 10 4 1 2 52 i 28I
G R ANFMES. AFSE (WnEENENWE E) 7R ZRAA
[F] I AR A0 T e 388 W B U0 K2 T In) JE FE 2R AT W AR A IR, AR E W] A
*/I\ji%?ﬂﬁﬁﬁﬁiﬁﬂﬁ%iﬁﬁ%#%ﬂ, Hrbny_ WA — B4 5. X
— IR 2 IR SRR 25 s I T ZEAE R R v B R R R R N
FUR A, RIS 25 RE R 1) TH R T 22 R0 Iml A R A% 346 1) O 22 T 45 B BE 4F
FIWIGE SRS, i n] SR FH 40 T 35050 53 AT XS k2 0 RiT i) 3% AN B 3R AT R A

6 6 Ry N — /= 2N Ny Ny =
e gt | S N R e R RS
R [49]

e — 1= E(Second Order Information). SGDJ7i%#E—Mr7ik, HEEH
FREREUBREE, AEE B A 2, XM VR —ANBRBE L T X0 A
ZHATHAE S %, XEBRRAEER, FAMEREK, )R NiZ
AN, BNEZGREG: R, MR, FRPMZER, 502K
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1 gty

WSO . AR fi-47 A% J77%  (Newton-Raphson method) ] i 2 %} 2% >
BT, M8 . ke T

wt =w —H~Y(w)VL(w'),

HorAH (w) R B AR R Hessian 25 [, VL(w') it Z) B AR R EIBE . H
EAAAEL, SIAZEEMAS TSNS HENRE YR AEUE
W, FATA 7 [EHessian FFE BRI A, BVERE—ZH07 mgih#. ]
UEF|, xRS ET7H, HIsRERLEKR, 87 %R
AR, (5% AT I sl 5 2R xRt th 20Ny S 507
M, BARREEUEBNAKR, UL, ZSEE R R, N
P20 RN 2, I VR CR AR, ORI A, BT
S Hessianf PR IR R ME, XB—BCRH —FrE B RS &Rk 3R BUE L —
Fr{5 &, HHessian Free [96], AdaGrad [39], AdaDelta [157], Adam [38],
Natural SGD [123, 3, 109, 113] %7 i%.

fEAENE (Using Momentum). Zlj & & 575 H 471 S0, HMUEFE
MR, % E—/Mini-Batch ({6 . FERALWR:

Wt = w — a[BVL(W ) + (1= B)VL(W)],

HoBRIESH, VLW ) NI ZH bR BRI, 4 B AR R EHEA A
77 Tei) it 2R AH Z2HOR I, B8 7V AT A ROk AN (] i 20 2 5] 2R 0 A [
K, PIEEE I ZRA8 € A ZRRCE [112]. Bh&ETTE A\ 2 —Fh LA
RTHEA IRTG =M E BB 772

2% > (Curriculum Learning) Bengios [14]10F /A€W, 7ML M4
g, TTRUE I SRFEAR AT 720, 265 2T HUEUR &) IFE A 5 ) LU A
MERIREA, I IR X AR AR R fE, — ik A
IR G AIR, B ST BRI AR, A S R T
1T#25 3] (Transfer Learning) 148 M 45l 4575 2K E5E, (HIE 2%
AT ) SR BORIAR VE ME BEAR K. — P 7 ik 2 I H A M 4 A 5k
fith, FI TS AR RIS 2], R — TN 2. A
LU (16, 10], WREMNOEE —ANELFEA, FTLLH & M7 28 Ho
RNV BT I 2% ST S5 i 8] SR 5 ik R SR a A B ) i T L2 B
FEERAEHE S B R RS BUZ, P28 TR 55 1 AU a1 A7 4k 48
2o i MOTE R F R AR S AT R T, AR S I T S5
JRBERY [T AL [69, 148, 139). FHSHEH], XTI Tkl iR iR
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TR ZRBOR, Rl ST S ISR EE B D I, X — 5 R
PN

o IEN{L (Regularization) 122 M 2515 HY G/ SR 501N, 58 4 5 T H0 4 I
RS EL, R G N A FEII R 2 o B Ak o] 45 27
1B A, FREBRA AT R, — Rl A R AE B bR R K
SR A T IENAGEE 7, i (92181 [85, 1291293 5 — i FH I
IEMALT7 1 2 Bearly stop, 1% 73238 T — AN UEEE, MIEIGUESE EPERE
FEUE T FER R R YIZR [114, 115, 24]. BRIGZAh, AR RE TR ZEX SHE
W BEEAT RS, AR R B S O Sy () A YO R AT BR ), B 3
IR EVE (1101, TR IRt ml Ny — PR A D75, it 2E I 252
PR BRI — Ll s, T DA e 22 0 265 3 B A A/ (L P 5 A R e
[154]. Bt I Dropout /7y (1331 [ N — & gl &k, RANE R
ARNINTEEAE b, R INTE RS . BRI, X — iR o A 1k
A PRIV ZR I R, (B Ra e AR e, &P B
JIEA TN & — 5] N 25 M i 14 1 1 Ak 7325 (33, 119, 1585, 93, 92].

123 2ot HER%

MLPZ#: T %1% & (Function Composition) W itIEZEHE e (x), &F—
J2 738 i PR A T R ) 2 M LS BRI — AN RS UK PR AR R EE R A (Radio
Basis Function, RBF) %% 51 55— LS SE I IX — 2R AR #k, 1% 07 VL FE IR
S T — R AIFR IR AT (Anchor Points) {v;}, T IXEEFRIHAT, ALK
B ANRFFE S Z S Bl R [ R B R ok, SE T BH Ji 4k 2 [) 38 AR 46
TR AELNE R (x)o BEANFRIR flv AR (B ) — N5 (Basis), 2
T B PE B SREFR A — AR A R %L,  EPRBF. RBFM 48 7E R H0E AL, I 7
TR 53 RAE S DL R G A T2 B (22, 128, 94

1.2.3.1 RBF W& 5% 75774

— ML MARBFI M4 nE 1L.6fT7R, HA s ZZ N2, A9
N —RBF, 5 XUWR:

¢;(x) =9 (llx—v;ll),
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HroRATE AN BHRE || - || IR A SRR EE 2R CanRR FQEE 25D,
it E T E SMLP2EAL:

yi(x) = ijkq)j(x). (1.4)

Fig. 1.6 11 MINRBFIAZ [ 5 B8 5 4%

RBFH )¢, 783U DU 2R, i A2 e

0,(x) = exp <— ”’“”-"”2> , (15)

2
ch

Fordr {u; YRO N O TH B8 B AR R SR, oy m i i 2. HE B
0 22 BE B |[x — | [ PR AR B e B, T AR Aok AR B 2 AR B 4 A
Hartman%§ A\ iE# [60], 4 R35825 fUEM 20, X LSBT R 1) & SRBFAL %I
W 2% A] LI L — V) 7E B2 R 5.  ParkflSandberg®s AN TiX—4518, Mfilk
PR 2 RBFRZ bR 50U 5056 /2 — 72 B BR 1) 2 AR mT DA AU A 74852 R 4 (108

RBF™) %% [ % 0o JEL AR i FH Bl St 2 () B — 28 HOF QR B i (AR s A
R LI GG R (AR e A e, DR X Sehr R s I B R G B, @
o B 2 2 TR IE R R R, s IR S8, AMUAT LA gy, EH]
FI 2 51450 ()5 5, W RBE o, Wi FRBFZ 5, w514
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PERER (5 ) T3R5 18 R WU S K. 53— R A I 2505 75 2 K RBFAT
LMV EEREAR, BT BPRIEHATR — % 2. X R 15 B MRBFAT 4 A
155 NP, (B3 RIFIRBEA] fE RAEPE LB ZE (B2 DMRBFH LAl BEAS
REE— A REIFRIR D, TP (L RE

1.2.3.2 RBFM4EHIE X

RBFW 25 (5 CAT EAMAERAB 70 Wy B 1A A0 2R AE 55 4 TUAN 7 1 B
A0 I L S A 1T A 4

MNIHE ST EIRBF

FERBE NS, 4 —HUGEIR{ (™, (W) i n=1,2,. N}, X—
AR Ax, AT EIER e 5 E DB R (), FETEE
N Ao LR e E T 2G5

N
@)=Y wao(|lx—x"])). (1.6)
n=1

I ZREE AT AT — AN BEAR (60 ¢ 00 I 2 TR b vl 75 31— M A N AN S
KT REA. ERZITREARNSE w, ) —ILENA, B H R B0 i ik
I W A3 B — B E . XS TAEIIZRE B A, 2 Lefg it 1 —Fh iy i,
T DA NI GRBE A BB ES 6 (o — x| ) AR, AT AN I 45
TF AR S I8 () T, BT 25

X LOFRIAE(E /7% 5 30 1L4FT/R IRBFM 28 AR5 ARL, M — AN A 1 2
HE AR 1.6 He ()2 HIZRENE L1, TIRBFMZE K¢, ()2 Ik
o AR BATI LG EEFATY R, RVFEA ()0 UREIUE, H
BHAZINEBIENIIBR S, W2 —AZRRBFM 4, R

M
f) =Y wid(lx—v;l).
j=0
R AMADTREAZ, AEAE—HSE w; ) 7T BLRIE B SO I ZREE T R

ARHERMASL. X A b B RS B AR T 0w MR KA R A
XS B IERXRBEM 25 — )2 BEAT I 2R 1L R
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M [EVIIEERBF

S NARBER{ (0 ™) cn = 1,2, N}, B (x,0) IR 534

fo X — )y,

Hordrf(x —x0) 1 — ¢S LS — AN YN ZRFEA (60, 100 Ay rrats R BB 45 HE 2R 3 A
W F(, ) B, W E=y— Aﬁ'ﬁ%ﬁiﬁiﬁlﬂ’lmﬁﬁ@ iR, RF k-
REEEWE, SE— N Ax, 7] A E X e p T -

—x) ¢ _4g
y(x) = E[t]x] = / tp(tlx)dt = Zﬁ%f_ ;C<"> ,7tt—tt<"> ))dft'

Ae(x) = [ flx,0)dt, AR, AT

Yaglx—x"
y()c)——Z ) kax

X—JEFRNRZ A (Kernel Regression), i FA% o8 8k (o, x()) 52 AN T

(n) glx— x())
Koot) = 5, sy
U0 R IRATH K (e, x) 7 CNRBFR 4% e 1 4% 1) 35 08 209 (|| — x| |), KA
R N FRIRBFM 2% (R R Ew,,, )45 3 R AURBFM 2% JE 3o 7 23X B 6
Kk (e, x)  EL o (| |x — x| |) B 38 FH 7 3

NPT ZIEHERBF

AT AT LAY FAT 55 R FLMERBF. — AN L8 (1 3 AT S il 1.7,
Htd s =28, fARGTH— Aﬂ%i%fguiﬁp(x|ck)ﬂ€%mo IrRAE
ST RO R MR AEN, RIS AE A R TR R, KE
Ungi /RS S SNBSS (CYNPIREY =7 Nt = B SR QIR TR/ W Y S g R 8 o R
LE

P(x|G)P(Ck) _  P(x|C)P(Ck)

P(Cylx) = () Y P(X|Cu)P(C)’

% X RBFAI T -
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_ P(x|Cy)
Belx) = Yi p(x|Cu)P(Cr)’

W 73 SRAE 55 7] LS SR B R 25 1A 77 3K

P(Ci|x) = ¢ (x)P(Cy)-
R F DU o S 5 IR 11 S n] BEAR N UN RRBFMI 2% . 1225 — 24K
—ARBFE (1), 725 2T MR WML AR i B s i 2
BB kAN BRER 45 s NS 2 I BB kN 45 S R, IX— i 1.8,

00 o
oo ©
e
o
o og
6 o
o
o
° o
oo o ©
S 9
© o

Fig. 17 56T WM A 54 5. ERHESIIER A A4 KT: (b) f—k
SRR A,

1.2.33 ZERABFESEEE R BMEHELE

ESCHRIR T AN U R 2 Y 2% 5 K. MLPHIRBEIY %%, 1% PR i fifi 22
W28 K FHAS R B AR 2R e 2 77 VA 19 B IE LS, MR SS i R 8 2 0), 1
A IRAT RIE S R OO AR R AT R DA 1A IR 2 AR 2 abe —A
235 A [) FE MILPAS Y v 1) 4 A B gl 45 ol R85 U 2002 — A P Tile = wl'x,
MRBF 5 5 o (1) 5 A B 45 5 1S5 WUk 46708 — AR fle = |[x —vjl[e X UL
BHMLP (1728 516} BROBUZ 1 B2 A2 A S5 1), A RxrEAT A B, 6 T A B
gE e R AR, TTRBE A )22 505 Bl 2 f 52 M2 = 3 i, ROk Ap et
FAH AT (v ; i 97 (0 B gk &5 s 7= AR 0. 0] 15 1, MLPRIAS BAE 8 m A
NS (Distributed), x{5 SE I BT B 45 2 B 5 AL, BRI
&R I B A R s R B AR, BT A SRR R —(E B ATE
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P(C1|x) P(Czlx)  P(Cslx)
o

Fig. 1.8 J& F UL 37 24 3G i J5 B0 M 3 1 3 rT A 52 — DRBFI 2%, 5 — 2 SRouf g 4> 36
(KIRBFER £y (x), 55 — )2 CARE— K 10 S 56 R 2 A AL T8 2 B A B 405 e A 35K i ) 5
Ko

1By Whife R, MLP2 S 80s R AL = k4. RBFUANE, XHE—1
i N, AT 2 R A HOR e AR AT [y ; BT IRL R BROREE A ) JE AR T, X
(9, BB Bl A A X L R 45 A O, RIRBRI S B 5555, HET
It, RBFTRZEE ZRRR4 i, HiZALRe 85, WA BRBFH MUE 5 1%L
8 2 [R5 O 2 B At 22

MR FETE, RBFMZS 0] FH o I B % 1 R I ZRBF R £, BOR PR T
WG, BIE R B 2% =), ARBRRIREREE, SHILZRUN, SHE
IR AR 2 (co-adaptation) 7y, ISR R L 2405 4L = MLP#E
R 5

1.2.4 72 M AR b 55 4a iR
PREMLPRE R —Fip e 454, HA SRR S 8E ), (HIX— R ik

PRI ENIR, R P AR IR B U7 v, X5 B 48 I Rl T O R,
HA& 5 A WGRER N ko (AR 2 SEPR ML IR, AT T 1) A B i A
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B NARIR, 1 A B0 A B B R P A 20 AT R s R A O ) S 25
fiEs el R SR AR, T RE A AR U V251X e AR AT L R LA R ZEMLPIF R
EEFE. HARREBIE. MEBSHER (R, R 80 FJ7H,
(EAR 2 I IR BT A ORI o An SRR AT B3 L 510 06 o 1R 5 B I PR A e 22 A
PR R SRR, AT REAOR PR IR R, SRR AR, &
AT 48 UK S 38 R0 R e 22 R 28 S A 1) 5 2%

1.2.4.1 SHNIEER 5 ERME WL

R 2 ot B S ARe Ik, SRR PE W] R B B PR 2%, L
T LR (Y S A AL R AT

o F[HLH: BlUnEEGESE T, ML B NG REERAMNE, AR
B REHEARARAER .

o MTRP&Ei: —LEFHIHE, WG E(E S NSO S, R SRR A4S
Ky, I AR B A O PR AR 9, T A R 2T B H AE — N B R A R
Ho

o BUHSHY: RIS SR GEEE T, MIEBUR A BRI, R
WA BEEA FIFB L A L

R E SR ARE T R T B I A A A AR R N A,
H B FR L N 2% (Convolutional Neural Network, CNN) B A 1R 5 1940 & 4.
CNNZEHMH ER g Rt it R e LR 45, a1 145
MR T2 MR, HARZE, W7, S B 0450 L 0 2%
Z4. B 1L.9% H— R FICNNM 2%, oA A HE — NS HUZ R — N BER A
2o BRZRIF — A J5 0 I 45 0 it — Ar B IR N B S B AR AE 2 ) ) e — &
My BAFRAS BN RN E S XY TFH A 1% 5 50 25 28 B
A AR AZ X B NP T R AT B A, AR — MRFAESFTH (Feature Map).  [%
KAEERH — ARG (PSR KAED X RRAIE - 3k 47 B 4o
GRRZIMER LT — I8P 4 (Filter), AIULHRZEIBIANGESHNESR
e NIRERMENE, —RCNNIEE 2 M SR M, B
RRAE T T AT 25 S F N B8 B e — 7 T RR . H TR AN S AR AR IR 1 S 3 I 2%
SR /D T AR N 4, CNNIRIRL ) 52 8 FE — R LL i i N IR 2. [%
KAEJE AU AT DURHRFAE T~ T PR 4, 38 T DL 25 ik DA i N\ 503 A2 3 TR 51 e )
FRERN), $RERA Rz AR
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Sub-sampling

Input image Convolutional layer layer

Fig. 1.9 CNNWZ KGR RFERAE. SRR 2 D BRZIRIURAE,  FERAEE AR 3
RN T R TE A R R 8. RSB ARME (ZOMER) 75N
B S5,

EI1.1025 H— AN T F S F R AES ICNNG . 24 aEmESE
M, BEREREE-NERNE, BREd eI mA B A
Gr. A RN G I 4% 1) S R R T 19844 H AR 2% % Fukushimadf Hi (1471 28 1A
FAHL (Neocognitron) [46]. FHZINENHUKE — AW 3845 =40 il B 2 710
CRFIED, SRJE E N3 JZAHIE BV RFAEF T AT A . 207 R R L o 3R e
Bk, R CEW AR AR BUR TR TE I B HERR 1R, LeCun%s B2
HCNN&EH, FFR A RIINZRTT % 881 JLJE, CNN# Z H T & A
PRI &R 5 SIAE 55 .

Maik, BRMAEMNGEEA TAIMR: (D FHERKRTUEIER
PRI, PRI AT RS BRI S U E A s (20 PRI SRS 2 [A], I [a), A
W FRAOE AR SR (3) SHED, IEA S (4) nLEET AR5 ER
B RN BB AL, BOTA R T4 51 R 456 B X 2% S5 1 v, 3 4

HH¥.

1.24.2 REAZEML

RSB T0J IR 5 1 22 X 2% AR 5 5 1) 573 — A7 R 22 T 0 Bl 2 A PR SE 36
LG BRI, A2 M 2 R P i) 2 8. X A7 AT BORE AR
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] 5 2 52 ny n:
nput foarure maps  fearure maps feature maps feature maps output
32x32 28 x 28 14x 14 10x 10 5x35

feature extraction classification

Fig. 1.10 AT FEHFRNMERMEML. ZEMOERNERE, S8MEREREER—
NERFER. REEERAE R TS B R E.  Ffeidid — AN and s R x i
Ty BRAARET (111

R HEIR §E SR PP 45 5 K 122 ST RE 1456, BRI SRR 6 T4
P ARG AR, A MBS EN T RE ). TRE 5 P IR 4 H A2 X R
—MIRAER [18]. AE R & M AE], B AR AR 5 A W
TrREHRAEE (GMMD):

K
p(tlx) = ];”k(x>N (tlie(x), 0 ()

Hme wee o 70 AR B m i Bty RORCEE. BB AN 7 22, Al AT 408 A
ANxPIZH, B e 2 P2 TNAS 2. KO e 0 g AN B T X — 1A,
R R] Rfocfle 2 6] (R B2 R 00 R AR, V1, ARG8T 07 1% 2% (IIMLP 5K
EJR EIRIR A E R AR K = 1IN R

1.2.4.3 NMEAE

DL 7 3 R B S B8 SR 5N AR 48 0 5 — Rl Sk e, AR LR PR
—FEH, FRATTENAE DU 7 A i o AR TR 2 R i e B M e ok 24 ARO[ 2
STEAR, A SCB R (e RUONIX — e B0 ME % 22 3 F BT 55 10 B
HARs TR VRS e 00 AR, X R 2 T S0 50 S R 4 B B i 48 X 2%
R, — N R I AR I SN, AR EERE SR, N
KRG S, RARRR S ER, MEIoRFEEA ST
[8, 44, 105] X —SGER KN iR AT LLd i 76 W4 AU b 5] N —AShi 8 bz o A 1F
R e B R R S«
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ﬂMZ%%ﬂ—;% (1.7)
Horp BB AT ISR, w B A &, LLRAT 25 A, Xt —
AMNGHIRED = {(x0), (W) 1 n = 1,2,..., N}, BB Z S R 5
T

N
p(Dw) = TTPE™ [y(x";w)),
n=1
w5 SR T S

_ p(Dw)p(w)
plwlD) = 2

BRI 2R 02 0 A 2 500, (578 p(w D)K. T p(D) it 53R &
Je, SRR AL A B2

L(w) =In p(D|w)+1n p(w).

HE LR FIn p(Dw)BI NG 2 28 )1 2R H bR B8 BL(w). AR R(1.7),
A

_Iwh

o
HUE R, SINRL S 07 2 56 FOMLPAH 24 T AE I ZRefE I BN 7 — AN 1B
WL, X IR NIRRT SRR RN S Hh, RIS S s B 2 SRR
ML ITCZ A FERRE B (1411 I, N0 4y i 5 36 35 il A= 1o i
B, T R R Ay I AR g a5 R IR . HETT) T2, DU AT
XA E GINA R SR, AT AR I R 51N B S 56 1R,
U/ DA 28 P AR SN SRR 1 H A

L(w) = L(w)

1.3 EFiCIZHHEZIRE

BT R T R T U A R LR AR, AR 2 3] — DB B
By = f(x), fEf5y5 AR iR iR/D X — B 3 2 T HAE 5. 1E
KPR, A S IR, AR i) R A B B B A
Frice, BAIA B it — MR AT DL R A, B 15 B R i 3l R
fEe WIXBATESs, FETWH AN K& S, FHRE TR L& METICIZ



1.3 T2 R pR XXXi

BRI 22 X 28 AL BRI — i) . 4 &Il Zhoe il m, T — NI FEA, L
FET W P HICIZAE B ZNZFEAR MR, KRR 5 2B IgFEA, 5
BENZFEAT G, X —id RN EEE . —HH, —MF
AW FMAAREA, @ SRBUE e, FTRLER R LR H—J7m,
RINGHEARYEZ, X —M2n] DL I REAR PG I E R, 4 A 2%
FRE. X —MAEF EE, 2T =S IR S 2 Tk AR

ARTTREA UM I P 210288, 4G Kohonenl 4%, Hopfield
M 2%, B/R2%%Z K] (Boltzmann Machine), Hz14i5%2s (Auto-Encoder, AE)
-

1.3.1 Kohonen ™ %

Kohonen /¥ 2% S HK [ ZH 4 5 (Self Organization Map, SOM), HiKohonenft 19824F

&t [84]. Kohonen W £% ) = % JELAR R s ey 4L K04 Wi 1) — AMIRHE R 1), A
A5AE e 4 7 1) T 1) 23 A 45 R LA 4E 7 (8] 45 BLORFF. - —>Kohonen W 2% 41, 5
T Tuas N, XA A RE T N B, ] LR,
AN s R B —ANDYAE ] Ry, HADAEEE S B Y. g fE . X
— AN R, 0] AL S T A 0 4 R R B8 {d (v, ™) Y
BT b B AT A B AR (25 fs;, FROIAEVLACSS 58 (Best Matching Unit,
BMU). #KFIBMUZ J5, ABMUXS N[ [a] &y 347 5B, (2 S5x0 5
e —Fhia] B SR AT

v’j‘H :vtj+n(t)x(") s; = BMU (x),

Fovbim (o) el ZI ) 52 2 3, %05 20 R — EEBEeE I 5 ke b3 5B X
A {x HEHIEACBEAT, BRI A] i Kohonen P £% (14 22 70 45 m WA S0 I 4 Hicats 1)
ARG X R L12fR,  Hod O SRR U o A, PR P b
R S O B A R XSRS S (B 129 i D,
THBMU GEIE PR, ARS8 207 R, k@i e g, &e ™
28285 R DR R [ i BT 78 AR I R
WRBBAMFMEE T ERNEFE, KA EHFEE L2 DM ELK-
meaniE. X —T7VE AT QRIEM 2% T ) 45 1 78 0 R B IR B i 0 A, (EIFA
RE PRAIEAE i 451 T _E AL B R AR e T Lok 45 5 (BIBMUD 2 AR
e 3X I PR BRATIAE BB o 22 70 ) 2 FR BB 0 50 25 R8N 42 O AE ARG =
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[E] PRI A AT e 3K S SRA R T A2 TR T AEALC 4 2 [ i iR H0Hhs 43 A (1) 225K (AT A
ZEAEK-meanFLiE, KO ER AL, BA HRTAEE R ).
JRRIZ — A R, FRATTRT DA AE 2% (] ohoAH <8 it &2 o i (R — Bl ok,
B LR, B TBMU GESE 5D #BURSL, FEZ R (A, BE5)
MR, ALK PN EAR— 28, JER, MR Ios
FRIAH B0 9% 28 A& FH 2 5 s U PR AN AL TR e 1R, T I Eh OGS L f 1) 5. 7
LER R FE SN UIERE R, F L T Gh U A 1) B 5 A 5
LU
VL =V a(0)0(k, j)x™; s;=BMU ™), s, € N(s)),

HrN(s)) Roms HIAHARES ARG, O(k, j) NAHARZE 045 18] IR AH O P i FE
IS X FPAH SRR . A G BT e ORI AR ¢ R A Sl N BB rh, B AT 5230
X} 4 R AR AR ¢ R AP AT 200 EEE LIR2AE L3I g T
5N T IXFRAHATOC R, AR YIRS AN UBMUIP ) & 4% 588, AHAR I 45
FUNT I ) e A [ B 4 BT, BRI = A X % i[RI T AR B8R 5I AR OR &
s Kohonen ¥ 4 [X 71| T-K-mean ) 3= ERF 5.

Sizex

input vector

Fig. 1.11 KohonenM % &5, #& 0L S S A AMAE— AP b, A PHE T0s % B —
ANl By AR AU U Rl 2 T F) R B R — A UL IR 45 2 (BMIUD s; (BEED,
[P s AR ZE A (LLRFIE D, B R KIE T Adrian Horzyk )/ 705,

Kohonen [ £5 52 — Fift J5) 5 it Se 7 245 25 ] v 0 2 Hdls il 5 A0°E i
FRACLRC) IR 2% 25 i A 5%, T 5 K 2 804 mi o k. X AR & M MIRBFAT 2226401,
{HAERBFM 2 1, FTATRBF4S fi i > 2 51t 5, B K LW 55T
KK TTHR, T Kohonen P 2% M ] 3 1 4 41 45 44 & AL TCHIAH AR R X
o J P8 S R M D 2 R S R R A — R AR £ PR R, T IR R 2% ) ) A
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+,..+ﬂ

Fig. 1.12 KohonenM £ I ZRid 2. 4558 — AN NZREHE, nEH B SR, IR Rt B
FBMU K HAH AR 45 s A Z R B 7 mbrsh. X — ik FE Xt B S 06 2R Atk 47, B3
R £ 45 p v i T Fe AR N SR Bt . A SRR T Wikipedia

a) O signals

&) 2500 signals 1 10000 signals g) 20000 signals I} Voronol regions

Fig. 1.13 Kohonen & | 5 i FE/n il Bl IEACIREGE N, 4% 45 558k A R 20 40
fio B FrRYE T Bernd Fritzke #4559,

Hi. X— S MPCAREARF, FHELERELMHEIE, RXE o fmEdE
HR. B 1144 HAE— N R EHE R BT | Kohonen ™ 4% FTPCARIXT L, &
SR Kohonen W 48 751X Fh 404 b 104514 B ) 5 5.

Fig. 1.14 Kohonen 4% 5PCATE 3F i Wi 45 L %F ko 40 1 48 2% AR 3 — 4EKohonen ™ 4%,
REASGE T AL B R T B ) B E . PCARBL ST 28 (A fE B B N — K i 4k B4R,
Kohonen P 4% T & 7~ 504f8 1 52 s A A5t LF SRIET Wikipedia!!
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Kohonen W £ 42 — Pl 3 & 18 5L (042 W 4%, 1% W 2% 18 i — 222 12 45 &
CEH 9 2 5 R0 B IR ) B 37 ) RPN R B s dEAT 10 I SRk, FE R U4 Bt
o BOHE WS S B AU 45 . R D9 P 4% & 0 R S e 2 B B AR R M
Kohonen [% 4% 7] 5 I ECHE 70 AR AR S, mT T 7 SRR B HL

1.3.2 Hopfiled R %

@@

O

Fig. 1.15 HopfiledM 45, /N4 e (G, XN —MEIo, i EEEREm N,
RIS R AN . 45 2 (RDE S B — i

KohonenM & {1 3R 1588 /1 55 B 84k (Vector Quantitization, VQ) 35, A
[F25 5A H O &, 45 mRs bS8, WA RS i FER,
e 1z 6E 711R .

Hopfield® A 7E19824F 52 N\ K ic 128 X 5 K 2 th — Fh 8 2L igid 42
P& (711, ATELASHTIR. ZMSAEHE T R Euas 0 (R4+18-1)
{si}, BE—XF4GE S (s,5;) B A W w; AHZE. AT A 45 A R — AN )
B, %A & A IOE T R — A0, Hopfield P 2% 1) H 1) 2 @ id i
— HIREHCAE NG R E R S, BIIGERUE, AT RLEN R R
BRI A R

1.3.2.1 RAIZET)

Hopfield i £& 1) 27 >] 1 % B 52 X Il Zx # 4l pir AR i A sk AT 12 12 i il
Fio — P L1 %= 2] 75 7% R FlHebbiandk W) [63], 1%k W] AT 5 51 58 34 Sy [
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I R I T BARE R 951, JEFOX —HEM, SN IGREARLN (=
1,2,...,N}, AITHERSS s Ml ; 2 1] B EERA N«

N

Hoepx " R A I G ROR i, X% ch 2k s BRI B ESURT L,
R A AE SR, WAZAEA S wyy B DTRROY AR, R A s Al ;2 T8 (3 42
Inag, Aa4F 4T & HebbiandE W), EIR 2SI M AT DR I EALC, R

1
] SEENON(
=wh = 0 =),

Horbw] N 2N Bn AR AR T0s Flls ;2 TR ) JE A
Hebbian®# >J 1 LAFRMA R — R KBMR B, 45 @ IZREED = {x(W) i n =

w

L(W) = p(D;W) =] p(x™:w),

Hrw = {w;;} AMZEZH W ERMEREBAEMHTER (Gibbs Measure) 11
T

p(x; W) oc i i 2 B

Y

H {0, N NTaE IS CRFTFINGD. AT m, 2T Ll
B B K ABLR ME T 540 T Hebbian?fE 1. X1, Hebbiandfk U ) H A 52 15 )11 25 %k
PRI KA. KR IR R, — M A BE R R EUN:

EZ—ZW,'jx,'Xj—I-ZQ,‘x,‘7 (1.8)
i,j i

PEILE,  HebbiandH: U AT AP D9 i )1 2R 0 1) e R de /)

K 116g A REE R BUR K, H PR 2R Hopfield 9 2% Fir A& (5
3 RV AX AT HUED, AR A B RE B 2id 22> L), 1
MIZEACAZRE VG, UIZREHE BT LA S URE AL T fE B R RS, X
L fE 5 R B AR UKy “Attractor”™s  VE R I AN BT BE B JR) 0 R AR 0T X B
AN X T RIAME, FLEERE R R AR AR R R AR SR 5 22 B
3o TN T X H bR B BOEAT AT A Y SIS [64]. 55— FE i,
ARG T MK ACAZREIVE I, A S AN REIR I ICAZ, AT REAS
XN fE B R I A
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Energy

X X ") State

Fig. 1.16 Hopfield ™% [ fig = R HUR . 1EMECIZEEITa BN, IIZRPEA B 1017 i fig
BRI B BAL S, oA “Attractor”s N5 R)E, RemmBEE, KA — AN
A, JBILEACTER, PISLE A IUE S CSEI S 2% 40 A\ ARIT ) Attractor,  SEIUAHCZ AR
PRI, B rhx B3t Sk 1) Attractor

1.3.2.2 #5I2EL

FERE SRS, [ e SR A, 25 58 — > M S AR AR N 18] 1,151
wraatiat, @k fiET, RN 5ZMAREARRMEURISIIEREN X
—R R 116fTR: IR RO RE A, R T R AT K B R R
ICR, RAARFPOAZHIERER. AR AR, ERM ML Sk
Whx, Blsi =xio KA 1.8, AR TG Tus DB AR I 51 EE A &
AL

AE;=E(si=—+1)—E(s; = —1) = =2 wijs; +26,
J

B SRR WRBE R W A, IS s B T A R AR

—Zwiij—Fei <0,
J

I RAE R EASEAE, MR s —10 X — 510 S S5 i NS R EN

+1 iijW[ijZB[
S; = .
-1 otherwise



1.3 T2 R pR XXX Vil

BT bR R 5 R SORT T A O EAS R BEAT S . TR
WA AR R, NITA ARG EH RS ER T, WA
S5 R IT AR HET,  JERI R WA B4 R E % B B 4 . HopfieldilE BiX —
RL S RYUEARE M, PR — R R e 2 WS — AR i s Ik g
i (Attractor), X —HRARAE R mUH H B2 22 S 15 B 1) — Mg 2k
(AT g R — R RO,

1.3.2.3 HopfieldW4&HIiC1ZINRE

Hopfield (4 2% i) — A i 2 R fUR AE R R BUL FR b, A — WA i
K, FHEGH AT, R FR A EAEE1Z (Associative Memory
(107, 71D. X—EHHTRETARRTHE (Content-based Addressing). Hi
TR FE Sk B — M 28, Hopfiled B A HTMERE 7. B, FATiE
k42>, AT LLikHopfield W 2510 (E M 8o 1 B v, SR U S N AN 27
FR)7 e I R, Hopfield X 45 23 H 3yl B F1X AN B0 o an fic 2 sy, ix
O BARME T Bl R 22 A TR T

Hopfield M £% FICAZRE J1 2 A1 BRIK, 55 00 2% &5 U BORI 25 10 T8) 1) R e i B
FM K. HertzZ5E NAEW], X —/NFE 1000445 & (1 Hopfield M 4%, g 241012
R 1384, RIBEAY/4 i EE£)050.138 [64]. Liou S5 AAEW], XLk
BIr e iR m 20,1400 F (917 AR, X — U4 IR 2 R R AR, U
B Hopfiled X 45 (1 1c4Z 302K R

1.3.3 #HR#&E ZH

Hopfield® 25 P AR5 fl: — R HTA & o SE 2 WL, — 5k
g S U 2 T 1. X R BR ) T 1% N 2 1R IK BE ST IR 2% 2 AL
(Boltzmann Machine) 5| A Byt 5 i A1 45 o HUAE (%) Bl ATL 12 R R 3% — 1]
X —1 7 i Hinton f1Sejnowski 7E19854F 2 H [1]. — ML B FIBE /R 22 2 A1 0
EI1A7HR, H KBRS WA fi{vi}, ARBZROREEEES 5{h}. AR
D&k fL 2 AR R WL s AERENLR &, HARAN 4 s R o AT O S
FIER S S BUE. FRM<SES, X—HRHEL EE—1TmE, TN
LJRATRBEVL (Markov Random Field, MRF).
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DT
>
/‘ N

Fig. 1.17 3/R %% 2 ¥l(Boltzmann Machine) Z5#)E. KL fv, AR WG i, ABS SR
Rl gt mie AT g RSt 25 A 2 B AL AR 2

1.3.3.1 BITSXRH#*

£ 4T 4AHopfield M8 I, FRATTHE 21% 9 28 A A6 AR U, e i 36 A ST
R ph T al RUIUEOR TR e B MU R R R BURZE 2 HLII 1T
HAL, R AT S B R B R K. AR BURZE S P RENLE Y,
PRI T 0% — g B B R AN 2 RS B B R RE R A A, T A2k 3 — M Az 58 70 A IR
&

AMHopfield M 28 54, FeAT5E LBU/RZE S HLA)— MR s T A vl L4
B, s — R EUE T e 5 B RER IR -

E(s)=—Y wijsis;—)_ O;s;. (1.9)
i i

FHopfiled ™ & M5 A AR 12, BER 28 2 AL T L HGs; € {0,1}. iz
BRI 73 A N R 2% 2 4 A, B

Hrp, TH—®H. BATHEEIEA L A (TRE BRI LS s n] Igh 50, H
e 25N N:
AE;=E(si=0)—E(si=1) =Y wijs; +6;. (1.11)

MR %2 A A, AR



1.3 T2 R pR XXXiX

@267%.
Pi=1
HEBpi—o =1 —pim1, DI FERIHE TS
Pict = % (1.12)
l4e T
FARPEIZIT —DPIRE N, REET X 12X s TR, HPAEAK
LIS 1 RAEMMBS 45 fGAH G B G A A8 45 is;, DR 2 — NI AR
FEERE, Rl —BERIEITE, RSN ERRERE, ZRERE
SWisRETE, REMESHMEX. FRiETSBEHES FE— N EHFALR
FEIRE, fEZIdRE T, BRI AN ms; AR REZEP (sy]s— ) HEAT KA, o
Hs_ RoR bR 4 mls AME s BUE. 7EJ5 2L 5 T RATAT LU B EIR KA
TER B2 MR SIS — AN RS A0,

FiHopfiled M Z5AHLL, BRIR2Z MR —NBENLIN S, A BE G Hopfiled % 2%
FEW S B — A S AR R B2 i 25X, T R AR 5 A B % b A =
BN KA I R A B ORME S 1 S A R A i )t 2B =, (R
SFE BB SR e R A b, 5PIERATER.

1.3.3.2 &%

PR 282 HUI 2 B A4 1 42 70 ) i B 2 { 6, 1 N s 22 T 1) 1) S 2 AL
H{wij}, BE VRESHANHE T BURE 2P AR BR 2 A1, B
LIRS 1.9, fESLhrigfEms, FAIA 2 —DBUIR % LR AT REACRIIZR
FEA B SEBR AT MU, E R BN ZRRE A B (K m] W45 ki, AT X0
AT EAE Ay, HBRI AP (v). RN, Q3R 22 2HPTARE N 7
NP~ (v), %5 Al o) B sl as s iR A 49 31«

P (v)= Xh:P(v, h).

BRI Y ZR AT 55 2 TR BE B IR 28 2L S5 wij, ;) AEZBAY L FARR I 43
i P~ (v) M FREHE 2 A P (v) /R AT e AL K H Kullback - Leibler (KL) /%
RARIX P AR PR B, AT15 32> AR BN T -

Pt (v)

L({w;j,0;}) = ;P+(v)1np_7(v). (1.13)



x1 1 fHEEAR R

Xt AT ER/ME, RVATS e o SR 28 S AL Zhe SERRsc b, Wk
B R B0 B IR KLU #EAT itk R

Wij:wij_a;wij’ (1.14)
&:&—agé, (1.15)
Mooy s) g, @I AT I PR AR [10:
aavij = —(pi; —pij)» (1.16)
(% =—(p{ —p;), (1.17)

S p B S bR S T s I ORI, pp JOR R 2 2L
By RS A 28 T Bl O MR BB pi R 59 31 T e S B 43
A5 R R 2RO REA A, W8 T IR 2.

IR EF, AR LI6RIAR LITRER A S B A3 e, 3 —
T BT R 518 15 145 MO 6 190 2 04 2 I R, 5 BT
B S Bk — BER R B I 4 BRI TT, MR — AR, X
52 | L5 Hebbian YR —BCI0: 42 U1 255085 o0 7 15440 22 78 17 B
R, prER, IR pp b, IR i MO R R 6
RIS 10620 S, B AR 114w 47 RT3 IE
J&Hebbianifi ] o1 N A 28 8 B R,

BT S LART o, (ESKBRGIUN, BRI AR A R, S
R Jap~ (VSR S A, T B R 2 B LI AT BB /A A e B
WO, AT, AT IR AT LR K R, 1T LR LA E
Fad TR I, T 2 DR A TR 388 P 0950 24 WL 9B P o 9 R
Wi, DU, BTk B O AR T B R S A
5 Hebbiandfi Ity — S, M5 77 T B 26 TR T L3 40 AU A K 28 3%
Yol 17 R R T DU R 28 R B 2R
— RN T A% ST RIS v, 5 7 VR B AT L e
TR, RIS SRS IR PR, = R — B i T e
2o LR B EN S RO KRGS FD) AUHLERSE 5T o S 0 [71),
W T W7V B L VR 2 R,



1.3 E T2 ph & ps Ay xli

1.3.4 XMRFRE Z M

R 28 SR ME NN 25, H G0 RO S5/ 47 25 T IR, AT 75 3
AN ZRTT e — T B ) 285 400 2 4 ] DL &85 i {w R B &5 55 } o A
4, RAARERHAEE S0 LLEAHER:. X — G RR B S IE R 22 201
(Restricted Boltzmann Machine, RBM), #;#]H Paul Smolensky 7F 19864 ¢ H,
41N B} yHarmonium [132]. —MRBMIIZE A 1187, H iRk (45 £
FORT WA 5, S RROR A R, IX PGS R TG R I

CRNC
>

Fig. 1.18 BRI /K22 21 (Restricted Boltzmann Machine, RBM) ZE#J18. IR a45 s Nl
ULgE S, ARG SNBSS S AR S e DO g s, RIS AR e iEEs.

RBMA | ZM . B, RBMA[LLYCNZ—FBi 2 ) ik, Hpaar
Al AR AR 0 525 . Hinton 25 F X — B8 1 78 SCA o H Hh 2 5] 32 70
B (671, HR, WIRBRARE R D, WL — RO B 4R T V5 (661
H=, FONRBMAT LA S 08 i 2 BERRAE, b0, BRI mT AR ER
BUREAY [29]. 2504, RBMZ M THRE %>, (Hinfn] WA E P EELH
FrAg g, WIRBMW AT TR B 22, Wi 24155 (871

1.3.4.1 RBMBJIET

RBMIZ AT A AE R 28 2 LML, HET I ANZREN, BTk
TN, ZERBMMREE R EUWI T :

E(v,h) ==Y aiv;—Y bihi =Y wijvih;,
i i ij



xlii 1 fhepisl
BT IX—RE B R E U N IR R ) A
P(v,h) = %e*EW), (1.18)

,E;EPZ:):Vﬁhe_E““h)ﬁ'zUﬂ*%% (. FR NPartition Function). iX— X+
B S H g, SEADRE TR, RBMIAZER 45 MM K i1k T 2 EE R i
e g R AE AL BRSPS AU 2 A 2 Sk AF RS2 (Conditional
Independent); X, #57%€ W] W45 A, Faglal |t RA R IE. X — %4
MArJEME A T

P(vh) =] P(viln), (1.19)
P(hlv) = [ P(njlv). (1.20)
j
SEBUNT] A = AT R 9
P(vi=1|h) = G(Gi-f'zwijhj), (1.21)
7
P(hj=1Jv) = G(bj+ZWijVi)- (1.22)

AL, RBMHH ) 26 A4 3 ST AR B iROK T4k T RSN IE AT, 45 35 10 TR A
B LL2r B 4T (Block Gibbs Sampling). BAKZEATI R F: 4% —MWItE
RS, BT AW EY, AR 120MAR 1228 A, BT RFEE S
fih, KA LI9FIAR 1.210FE Hve WLIEFR AL, BI AT 803 Fa s 4
A

1.3.4.2 RBMAYIIZ:

ENgGdfEd, FNIFERBFEINLGEIE LR E 5, SAtEE .
= 1.18 AT 40

ot — M YIGRAED = (v n = 1,2, NV, 3£ FRR BRSO S R ik A T
3t



L3 FETALIZ IR xli
1 _E(™
L({wij,ai,bi}) = ZlnP )= 5 L[ e ] —njz]}.
n h

AR RGN Bkt EaQrp S AT A Blw N, EEEI-E(v,h)Hh
R —Tiifw; #<, BT

E(wij) = —vihjwij+ const.
IAWNER N8
L(Wij) Z{I“[Z v h w,ﬁwomt] ln[Z]}.

THE B FR BB wy BN

n v( " iw;i+consi
IL(wi; 72 o e i),y injz]
‘9Wu N - Zh e —vihjwij+const awij
1 d1n[Z]
— (n) — 11y —
N ; |v )] (9Wij
d1n[Z]

= <Vihj >data _Wij’
H < vihj >gara® 75 T 52 bRl 25 8008 453 2 8w 0 1 B, T R FIZ =
Y, X e EON IRy R AR O VR 4R B Ay A OGP I AT SR, BT
%
d1n[Z]
8w,~J
Hr < vihj >moder s T B AT RS 20 AT 15 2] v I . ZRa 0k
*, A:

= Vlh P(V”/’l ) =<; h > model s

dlnP
;Wii‘}) =< Vihj Zdata — < Vihj >model - (1.23)
TR, A0 AT TR
dInP(v)
=<Vi >data — < Vi Zmodel;
8ai
21mP()

b =< hj >data_<hj >model -
J
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WA @R 2L 2N AR 116, Hie K EIRRBMIT)
AR 1.23 1k 1.16 -+ H 1L, %B%“Hﬁllvlléﬁ” BV 3 — 2 B ¥ B
BN F R S ZEBM WA G A X R SRR R IR 2% 2L RE R
HOY 2XAH K1,

1.3.4.3 SEELEUE ISR

BRI ARk AR T B, (HAE S PRI BN R MARRAR, AT
H<vihj > moder Ta BB IZATRIF2ZS 70 1. HintonfE20024E 52 1 —Fhowt Lk
J% (Contrastive Divergence, CD) Hi% [65], 1% 75772 R 7f JLK &5 A1 W R AL R
A SER—IXSHCE R, AT RGBT RIS . AR PoR:

1 while Not Converge do

2 | MIIZREEE BN — DAY,

30| Dol AR, T AR 120K AR A
4 | ETh FHAR 11915 B E A,
5

6

T, EEFAAN 12008 H AR &
XY BRI T -

Aw,-j:n(<vh>—<\9ft>),
Agi=1n(<v>—<V>),

Abj=n(<h>—<h>),

Hrpn 2220 R, W< > il LR FES 21 A I ZRFE A A0 A
FEATHHAZ 2.

7 end

CDREIIRAL B AR I A SRR LIRS, T2 AU B CH
AMKLEUZRZE) BIRERE, HEAZITPIR. SutskeverMTielemaniE ¥, CD
BB 7 SIS RAT AT — A B AR R B RIBREE [135] A& Wik, CDAEATESL
PR SLH FARSRAE RIAFR I, RS E T BRI ZREE. X CDJ VI — AN etk
SRR R RR LT R SRR R SRR ), A2
XA Y SR B FORT 46 K FE. X — 75k JyPersistent CD  (PCD)  [142].
CDHiZ ARBMIe (it 1Rl Zh TR, ERBM LU 2, $iHl2f 4
HES) T IRPE 22 SIHAR I K JE [68]




1.3 E T2 ph & ps Ay xlv

1.3.4.4 RBM#=BIT5Hh

5038 25 TRBMERE R 2 g 7. Larochelle7E20084F 42 H FH - I &
% >JIRBM [87]. {EIXFRBMT, W] WASEH R [0S MRS, B E
AR, BATH EE M ARE, XA e T G e Ee, RInrsk
W FAESS e X — R AT T AR IO LU BORE S5, RIS o m] DAEE T~ [X
SrYEEPRINZR, BB RAGP(c|v), Hte Rl g, vEFIERE, =&
AR AR R, A, WA SRR IS B A S Ak ] DA R B ISR B AR,
SR A IZRE AT 55 I e

Lee%s A1E20094E$2 H B FIRBM (Convolutional RBM, CRBM) [90]. ¥
BB & M 2%, CRBMKFEGRES i v T4, A=Wy — MR e
(Feature Map), RMFAEFTHIA4ES i 2B S8 Nair®s ATE20094F 4
— MR GRBMEE A [102], ZAEAEAUE A A, SIAE =4HmE 8
PSR A R SRy il A [F 4L RBMAE e & B H0h 1 DTk

135 a%m”aB %

H4iih#s (Auto Encoder, AE) 25—k TidiZMMasisl, —/M5
HEAEBFEH AT : — iS5 (BEncoder) f—MEDES (Decoder), Firf
G i 4% fo (x) K SR 06 B At b B — ANRRAE R, 2B BURRER, D Ege (h)2E
T REAERG S5 U5 B0 HE 34T AR = g(h). — AN AR /) an & 11981 7R,
AE [1)5 2] B 5 2 {8115 3104 1 B0 A5 an s N B0 S vl Re i, RIKE R %
/e PR ZHCELLEAR, X — H bRl R 9 2% U1 25 B br ek 20 i1
TIRZERSEIL, B

L(6,9) = ||t x> = lgo (fo (x)) —x|*

EX T ERINZG BTG, 2 TBPEILRIATX ML S 40, 01171k,

AEMIE & BAE19874E 8 B T [153, 7], W2 B RVRE 2 5 R B K5
AZB|E L EM. — AP RGNS RS2 W0 2% REARFAE 1) 2 ST B 059, TR
EM& NG — BLAEAE R AE, B HintonZ54% Y FIRBM BT TR 25 2 5 A 15
DUAFER [66]. K TIRREZESIIANR, AL T — = BARIT e,
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Fig. 1.19 H#ifi%4% (AED HIMIZEEH. 9nfih 4% fo (x) ¥oxdm i BRFAE S (8], 2B ORRRE (4
W) h, fEEDE%ge (h)H: T RHIEAL Bixft) E AL £

1.3.5.1 AEGEEEAK XA

AEMIPCAF RARBX R [21, 25). FEZMEREA — = IATHE 20, PCAMY
VI 5 B bR A2 fE 15 28 1 78 4 5 43 B RFAE 76 X 50 N B AT A I R 2 b, [
IEPCART DL A& —FHREIRIAE, R gmfl 23 MIARIG 38 2 2etk i, H =&t
ZE5H. AR, AEMSHILLPCATE R, ARVFIAEL MG AIARD, VTR
s MGRID I A ML SH, RVFERER HR R, Kk, AERAHPCATE
SRR 2 2] 8 71 1661

F— 77, AESRBMEL A B % K R, HRBMFI LU I 25 #2 7T
H1, RBMY I ZR H Ar 2 o0F J5 46 e N 50808 1) 3540 R 22 B /), X 5 AER I
Y% HARdEH A4 Bengio [11]3 18 71X FRAH S, IEBIRBM A (CDI| 2555
#r TAEH (B . AEFIRBMIT) IX il 75 T RBM) & A% I i A #4542 B AL 19,
MAER) a fA s #2010, X — X 318 W A 1 BE AL AR &= 5] ASIAEH,
R A T — R BENLAIAE 4> EH JRiS 2% (Variational AE, VAE) [83]. VAEfH %
s B AR RS 35 po (x|n) BEALF 2E, FoHRfF &3 — I p(h), T Ymh 35 H
SRS LA B 2 (4 5 B 2 g (hx).  VAEFRAE 7 — ol DUt 37 7 i ph 2
IR 28 KR 45 A 0 Er SR, BE AT R F A 20 R 4% i K 22 STRE 7, thmT UK 4 S i
FREHATHEZR 2R,



1.3 E T2 ph & ps Ay xlvii

1.3.52 HELR

AEM) % 3] H AR 25 B AT A, PRt R 2 — 58 (M 20 SR 2% 1 A T 4
)BT MR (CZAE IS, EAEGAES T, FREE R4 /N T B8R 4: ),
KL BRI T —FIR4ELY A, SR 2% 5 o) B RRE CRAAPCA ) 3 1
3. RYELIHCH — 2 RIRME, SRFUEIRE T 2 AW 7RI SAER 7 )
RESJe — PRI AR 1S AL B RHE R M b i, BEPMEEidfiY (Sparse Coding
[104]). f& GBS AAEE— DN SHAL N mis2E, TR EET — Mt
T, e B AR O > S B AR AIE P 1E U 5t

= argllznin {L(g(h),x)+AQ2(h)},

HAL(g(h),x) REMIRE, AREHFHVENSEL Q (k)RS B 1 IE
DI, WA IE A4 L Y B JE k. B R — RO SRR, —
AT RE ) TV AR N 28 SR 2 513X — S A%, PSDJS ¥ [82). ik H
Gmihas (Sparse AE) U4 S Jil s it 4 4 F) L U 300 51 N BIAEAH, etk
:

Loparse(6,9) = |[go (fo (x)) — x| + A2(h).

IMANAZIENIUS,  RRAEAS AN RS ARAERR 4], JLE L] LUK T-Hy A\ r) &
UENE, MRS ERIARMI A T35, Wi iR Ik B e E %,
A AHARFALE 17 FL A S o P AR 1

I3 MG\ B AR ) 5 9% 2 X 2 ) 288 ) JacobiandE B EAT 205K, H Y
FEAERFEXT N AL &4, AR AR, 5 R H bR R HUE
N:

oh
Leap(6,9) = I8 (fo (x)) [+ Al |1

X — A FR A Contractive AE (CAE) [122, 121] 248, W0 SRAFIEJZ 1B
BRBAER = OFIBRIE N0, CAEFISparse AE—FEAT A T A= s i RF L.

N TR TS B LA IR CIE DA € SR e 1PN SE R I S LU=
SE 37y 55 W i B RE LE A4E JBE FF) 0 R B R, R T AE DA 6 T e B 4 o
SR X R Il 2R 2 T2 R 4R B AR BR A B I — AN IE T, A
15 H b R O Y ZR B0 A AL R BB FRAIS (53], X —BARURR g 251 | B AL
(Denoising Auto Encoder, DAE) [145, 146].
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IR, DAERA % ) 8 M IKIRE /1 (144, 2, 15] X LLH 5045
B — AR RN — AN/ R S, WM FIEM R E (Reconstruction
Residual) #RFF & w704, MIDABW] LA > 508 1R 5 2 FE ok £, Aok
b, WMEE TG AR

C(&lx) =NFu =x,% = %),

Hrr oI RE 75 5 (s . BEDAEIZRAE Ny

1g(f (%)) =P,

g B g InOWD) g, Forh O (x) AR B (93 B A7

Ik — 5 AT LA B TR A e, B s, SR S T LIRS 1 A
i, AU — 0, WIFE b B A AR Q () Bk Ak 28, X
S T T 1, T 2 U)X e 5 | i (Q (o)) E 5 B 3
R — S, VR In(Q(x) T BAIA A ROt RE 1L, X B IDAES: 3] T4
f e BRI, BREERK MMy, E AR, 8] 1,204 HDAE%
SBIMAEY 2. HT LIRRI, BeingioW DAB{Z H T —FBER MR, A
JIDAETT LRLAE —ANE B, FIFIDAEREAT R348 (B DAE 4 H 45
ST IR R R T — ), T LA Ot S 4 1 R [15].

LELLA
LA
AL
FALALAAAA
PALLAAA A

05

LILLL LIS A
LILLLLE A

[EEARRRRRN R RN NN

o

(a) r(z) — z vector field, acting as sink, zoomed out (b) r(z) — = vector field, close-up

Fig. 1.20 DAERI DL SIHd e &Y (2. AEEESE, AERBORE. B iR ss:
BREE AL R, AL BT kR R (x) —x, HAr(x) = g(f(x)). AT LAE BIE 52 PR
AR AOLE, RREHIIBENE, BRRHNME. ERGEREAE, seEshEtN
X, AEXEEAT B AERAR AR, DR AR AR A S T SR AR /M E R



1.4 TRk FRER A xlix

14 ETIEpEE

b SCIRATTER B S AR A R CAZ B R T DL & — Bl B A, B
R AR 1) ARt ESCPRR A, BATEHEF] 5 —Fhin) B, 7EIX LA
B, FEARRHIEAIREFF AN, HF 50 R A B A7 AR AR SR R 7 A
KA, BIANTE EAE 5 AR 28R A R, HRTE S BT 55 SO P
b, KEEZ GG S AR ZHAE Zad s, WA 5 oA [\ BB FEA
5o XN Fp AH 2 1A [ PR 9 e 21 1) e figf e 271 Tt ) A 7R 3 5 R D )
A S AR,

i e T 1 ) A e A L I R A A TR A B A G I A, (2 m] LA
FAME SIS K E. ERTEARE S SMEREY, WEHRE
FE ARG /RERER (HMM) [9, 117]. ELUIRS T H &SR /R 20
W %% (Kalman Filter) [80, 124, 591, %508 A K207 W HiAE % (Dynamic
Bayesian Network, DBN) [34, 35, 48, 45, 101, 371 /7%, X 867 4R % H s
FR) By PR AL i SR R R i (RO B M= i ), Tk
AT FEAT VI SRANHERL, 5] S (R BN S MR AR 5 I 2, (HE AR AN g,
A REA IR FL I HARE I SEPR BN AR B ARSI I SR AN AR A A
Mo BIRBEFLE SEH 1 — LU ALy ik DL I R A E B % (A 43 BCR A
J7i8), ARIX LI AL T ¥ AT BT SRR I 22

TR (P & BB ph 28 N 2 R B IX AP s AP, fEIX
ot 28 D0 2 e, X % B LR AN SO 4 HT AN, 38 R AR BT 5 BT A S N
s, DRI AT S EE R AR DGR X e 9 28 38 I R Ay s U e 8 R
(Recurrent Neural Network, RNND. fE 37 & (1), 741 [a) JUH & A 8] 5
FIAHIRHT, D HERNNIEH AR 75 5288 E, [HRNNATRLARE T 3
A, BT S nIRA I — TE RS, R M, XS
— IR TR ELNPIR, XD IR A B SR A I P, (AR E RS Rk
JEthe I RRNNAEIX LLB 58 7 41 A FIRAS | — REUBER (58, 17].

RNNJE N IE K B K5, e i) i) 2 4 B 4%, VF A48 RO T
B g5 kAT 33 E . W E SO iR i Hopfield® 2% [71], B AT N2 X
Pl A HEHERNN.  1X— 45 AN A, E I ZREERAR . w] DL R 9 ol fi
RITVE, RN IR LI B R FFBENLVIME, A %2514, WEcho State
Network (ESN) [76] 55— 7k @ 5l AR LEZE AL FR ], DARRAIR I 2% 52
& BE. RBMAJ LA J s 4 45 s o W 4L, T 40 2 [ 7 7 33 U 3% 422 (I RNIN.
B L RS S 2, R S 4 5 2 A A7 A8 15 B[R] 1) 33 )3
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$%, WEIman%% [40], B H 5o 2R — B ZI 0 B2 7275 518 1 E %,
fnJordan 4% [77, 78], X Rl P48 2 B B F IRNNZE A4, #2411 M\ EIman X 2%
FRUE .

1.4.1 Elman RNN

Elman RNNH 500 1.210178. FIMLPAHEL, #] LLE BIR&5 2 1) %
WeE LR B2, EAN T I ZI% AN, RIS —AN AN, $ERoR

he = on(WipyXe +Ugyhe—1 + by )

i = 0y (W)l +byy)),

Ferfo My, g W 28 L2210 2] O3 N Sy e 20 I BSOBE 1, Wi Uobn
KRS

Ly
X
y1 y2 y2 y4 y5 y6 y7

@) ) @) n@) @) ) @
R P R FR A T

x1 x2 x3 x4 x5 x6 x7

Fig. 1.21 Elman RNNMZEEEH. RIS ISR MR, T B RS IH E
1] F& T Jii BRI S5 477 P 246

Elman RNNI|Z5 7] K & GBPE . WK 121 7~, 40 SO RNNA 3
VA5 R AR B [ T, AT DUR e S50 T — A B IR K IR JZ 10 1m) Y 4. FE
FIX A W%, AT AT DL A — B 20 1 TR0 A5 25 S B 1] db sz T 1) [ A
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XRNNF I S HOEATE B, 1X — I B [RIBPH 5% — X YBP Through Time
(BPTT) [152,150). PEi® i, AFAAT— AN Z0 f 50000 5% 22 6 2= [R1 A% 31 jr A7
T SRES s ARAESEBR A AT — MR AT BRI — AN BB . X A2 (R DA B 5 B ]
WK, E5 MBS, B0z Ak BRAS AN 20 24 /i 5000 7= AF 2 25 5
Jy—J7 1, BPTTRME B IR, A FE K A0 NE 0 28 1 v] e MR K [12],
IR e, B A BEBR ), RNNH AR5 B 4L 850 £ R A&, X
FhTruncated BPTTHIE 1.22F17R.

5 T

y1 y2 y3 y4 y5 y6 yr

] —_|
h1 @)~ h @ ns@) ne@) h@

A

Fig. 1.22 Truncated BPTT. TERZln, WZ&HH Ny,, ST HBR A, B A2 5% 2 )
ATEME (gD, AL FRAT IR b AL 8K 3,

ElmanM 25 R & 74 R B H & 2 28 45t & 1.23%5H 1 JLMIRNN)
VB, {Exuegifgt, XHRNNAMYEE L8, BmFEAK, B
SR I R BRE 1. IR, IRERNNGF R Z M. 5 HZRNNH
b, VR JZRNNHA] DAY S RAFAE b2 ST A e, 35 B34t 1 —Flokds e
SO R A Al g A B IE RO, WM B)TZ mR. E A
f)DeepSpeech2if & IR R 4t, H A FHEA L —DMEE 173 MERHEMTA
%2 IR FERNNY 2% [4],

142 NA%

AT T 8 AORNNBE R A7 AE — A B 2E ok ERARAERB ERA¥IK
IRFPERIBE T, BN ISR BRI RE [12], E4E X B85 BB 7 5% &
Gers%F /£ 18 L 2 F), ARAERNNKZ) H BE 22 B5-10 IS B 21 82 5K [47].
WEFEE S T MR T 58, BLARI (A AR 2% [86], 5 AR H) H Hioxt Bk
JZ 85 e EEAT T (1001, MR 2 b T8 K DL 22 ST AN [A) RUBE O I e 45
£ [100],  SIAAR /R Z D8R A8 Xt BUBUZ 45 400 34T P18 [116].  IXEE T VA 4R
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x1 X2 XT3

y1 y2 y3 y1 y2 y3
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(c) (d)

Fig. 1.23 JLFRNNT JE L. (2) W AIRNN; (b)IR/ZRNN; (c)iR/ZRNNAL 5 )2 8] )73
()X ZRNNE &5 23 3% .

P —EROR, {HE $19974EHochreiter®: A4 H T4 (Gate Network), 7
LR A U T RNNFK I 2 5] o .

Hochreiter®s N3¢ H 11T M & % ALong Short-Term Memory (LSTM), %
PR FE IR C 12 BT I 2% [70], HL 5 IE] 1.24F 7R, FTER #ERNNAS ] )
7&, LSTMM SR Bk 4s i 8 Hl— MR8 L1270 (LSTMD, XL
JoA S BAAIRIZIIRE, PRAS 5 /5 2 )

— MLSTM #7045 K 40 B 1.2507 7. 3% — 45 #4035 = S 1 A\ 32
Ex TSR, R 2 NTT (Input Gate). iR& 1] (Forget Gate) Al H
[T (Output Gate). IXLE[7]25 8 HRIEHIE B 1idiZ. B t. Bk



1.4 TRk FRER A liii

Fig. 1.24 LSTMM %%, $p N&5 s 552 NI (8] 741, oy B &5 s 0 a3k A7 il Beust 2 (1)
ANGE RN —/NLSTME G, ZH LA 5 B A iB12Ihee, NI T B —A K5 _EKis I E
.

Y, FA TR E H AT B S BB O, MU T THE R H ATz
JCA RIS Hrs 1T R S A R N DL R 2 1 RZ X R AT R
e Bl ZIKAIA 212 S 12580, f0 2 e AREEZIN ZI AL
TCNEE, hAREMZ A, LS TM SR I (K84 14 T 5 et F A 2

ir = (Wi + U hy—1)

fr = oWipxi+Uiphi-1)
0r = 6(Wpyxt +Ugg)hi—1)
& = tanh(Wyx; +Ueyhi—1)
¢ = fioc_1+i0¢

hy = oy otanh(c;).

MEM E, LSTMIEM 5 TTZH, T DEEHHCAZ(E R A RS G
AN RAEMMAAC BN ATE, MR X > BEE R FEEGER, Ak
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Xht1

Fig. 1.25 LSTM .50, i N@ R JELe A e, 23 K Bz sE SRsiimA Tl s
LR P e ey i HE e ST (A I TN = N TR AR STV (T E2E S *I)QXTE*KJJ
S,

FRICIZ M S, XA E LT EAE RN TR mEENK L, 5T
[, TECZZ5M s BAREE T o0 25 0 a5 B4R, XM T78 410k
AP HIRES Z B 5IN T —4 BHi%14 (Shortcut Path), 1X 48 B 3% 1004 15 24 11
WRZEAT TR DAL IS B BUR I P SUIRAS, A I KEHE R AWEHIRZE K
&, LSTMH g N TR R RS0, Feal 2 185 515 B2 &
G, R FNCIZE D) Z A G ANTRIE R Re X FEL ERME TG A M
Ze AR FESR A, DRI 51 N BE K BH BE SR 5 S A 2R A2 . s T
TANSFER, HBEINEEEIRIEN, AR 2 A BN % I, X —
ERPER 2 R (Neural Turing Machine, MTM)  [56].

LSTMAETHE FIRE 4. &, ChoSE A#&H T 1T H G (Gated Re-
current Unit, GRU) [26 fREFLSTMEZi#. GRUM] — BB TR — S EHE [Tk
EHME SRR, HatE AT



14 BT RRRBR Iv
2t = 6(Wpxi +Ugyhi—1)
1y = G(W(,)x; + U(r)h;_l)
hl‘ = (1 _ZZ‘) Ohl‘—l + 2z Otanh(W(h)Xt + U(h)(rt Oht—l) +b(h))

I
- —

f C }Z

7N -

\ SN —
SPans e —lh =
é-»g/ —_— OUT I out

(a) Long Short-Term Memory (b) Gated Recurrent Unit

Fig. 1.26 LSTMAMGRUX b, ElIF3kE [26].

1.26%5 HLSTMAIGRU K g5 44 %F th. I H AT LLE 2], LSTMAIGRU
BEA W X —RLSTMAE i Hi B Bl — M 179500, T GRU B #2250 tH 4
RCIZ A ZRLSTMH — MM T T HI X id 2 BB s, H—1
WU RS 7 L5 B ORAE, XA TR, TTGRUM—ANEH1k
i L. B8 X O R T fE BE IR — 2, B ATAFLSTM AR IZ 5
JCIME TS, TGRUH HICAZ Bt 2 . FATsaa it 5t K 3, 14
T x — X 51, GRUMI A T FH 58 AR Ak 1 i R IR 15 2. [140].  Chung A
XTGRUMLSTMA | — 26X Lb w5, RIAEIX BRI S 7 & SR AE S5 5
AT 55 T Z T 2B LA P BE (28] Zarembas AR & FIRNNZE # #E47 1 —
S SRR A, JE A A ORI IE K B TT AR IIRNNSE K, A AT I B AR W] D4R
FI|— LB 2% 45 ) 7E FE L6 AT 55 BT LSTMAMGRU, {H X L6457 3 AN GE 78 Fr
£ 45 b — U i IS LSTMAIGRU, it BALSTMAIGRUGE A2 5 7 2% 1) 455 2
[156]. Karpathy%F A\ FH AT AL T HATRNN 22 2] 77 Ui 7880 BT — A
BEGR 38 S AR AR 5%, Al AT ] R BRNINFRIACAZ 876 FR R s vl DA 3104 08
i AE B [81].

RNN/LSTMIf R AE 7 51 % =) J7 MBS — RV E B g, 1E7E 5 A
[98, 134]. B & VUM [55, 126] WEE AR [41]. SREEG AL [20) 1EFAL I [51]
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IR [43]. HLESEIE [137) #5215 5 700 [23]1584E 55 AR 1 AV 2K
R

1.4.3 B33 3R %

RNN#RME T 38 KPS gmtidee J1. 458 — A P4, RNN, FRileiE 5%
PRI BFIRNN, AT B 8 577 P R G — PG, JRRXLEE
BARAEAEICIZ e, AR AS € K P 51 il il e K R AE M B X — [l &
A AR NP P R B B ST iZmE, o DO P8 b 7 0 25, &
R BE AR B 5] (73] 55— J71H, RNNIEHE 7o KWMEISAE /1. 45
E VIR, RNNA[LLESIEAT, B4 mEENLT 5. X — 4 s o
G I FHAE F 5 AR 7 REAE B [S4TRTSCAR A il [136]. B 1.2745 HRNNH
VRGBS FORRIDAT 55 1 S5 44

H 71 y2 ?3
| I
R ]
x1 X2 x3 H y1 y2
(a) Encoder (b) Decoder

Fig. 1.27 2 FRNNH (a) Zwidas (b) fERidas.

R gm AR I R T LA Sk, NRNNY RN T S AT S i
F 53— ANRNNZE T 2 i 25 R 347 @RS, X AR A AT DL >0 — AN e 21 31 ) —
AN H AR 6 R IX — BERUFR N P BT 7 41 X 4% (Sequence to Sequence
Network, S2S), HiSutskeverZ: A7E2014FHEH [138]. S2SMIZE A LA A2 H
g% (Auto Encoder, AE) WY B, ANETAEGAERZ, AE % A
o A — AN SR AR ) B, T S2SHE AL B AN K 2 AN R A, XA
H—fRAE . — NI S2S I 2% ] 1,287

JF B 5 B AR Y LE B o A 6% ER G B 25 AR U SR AR ) B KA E K
N GE KRR & R A EEE Y, BT, daETEK
FRAE 1) B (AL 38 22 ) O VEE AT FH TR 815 ). SR, XM B AR IR RS
PBRYE, Rl ZRNNRACE 5 ST Ge JJIE A58, K — AP FI R4 — e K 1m)
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/\./\ /® 1 2
oLk

Fig. 1.28 7 HIX P HIMN 458, SNTF 5 — MRNNGG A R 4i s — N R InEH, 5
—/RNNAENRTDAS, DLHONWIGGEN, 88094 i i 5 51

EA RS REE S —FATREM A2 SIAUARNN, AP F A5
FIREAT oY, JFR P ALSE RN RIL R, X —TREI A RE e 2
RRNNIE S E R A, 55 B KIS, R RNN G 38 &) &
HRENERSH

YLI Y%

Ly

A B
E*_TW_:*_E*_ -:——F._T
X X X X

Fig. 1.29 5T REMFHRTFHIMLE. B RE [6].
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NREGIX — [ B, B AL B BT IR R A 7 AU B (Attention
S2S8) [6, 130, 27]. fEX — A, RF— DA RSOERISER AT A T3 —
A E R, AT AT UG R A kAT 2% 20 il 1.29FR, B SN T )
i R — MBI F B} (— M fd U RNN DASE Sk ), 1EAE
Fse B 220 PR H B s A BT — B R0 P 2B R S g X (R I AT IR B, R
SRR U BOP BRI DT B oo BAMATHE AT

exp(es;)
Yo explen)
e = 8(z-1,hi),

HAg MAFE & — AN BN A (UNCosinelth B BiAH 4 MM 4% ). FT Attentiont¥
oy, AIVHEAATAE T E I R NS B, W R :

¢ = Z 04ih;.
:

O =

H AT A RSOty RO T XS 2, FAY 5«

Yt = fy(Zt—laCt)a
= ,fZ(thl;ct)v

Forpr £, R0 £, R R RININ A A S (1 T 65 5

FFE BRI, 4 ) 5] N Attention L J5 , W K36 38 1 X6 i R
MIERIERE 1o R R AT AN RS PP B AT 52 2, ARy e T M 8L 1)
NG BN 2SR (6], Attention S2S BRI AT LKL & FhAS [F1E 5 Wt
SR FE— MG W], HE T OB SR8 5 k. 55—l 2 B
HRfE (271, K GRS RLIK SCAR LS 21 [7] — AN SR, A AR ot B R 16 S
AR [147] KA TTVEER BE IR 21301 ALAREL AR [143] F4URARIAT T
CINI 2B

1.4.4 % T Attention ¥ ®) #i% 33 4 %,
A DL TR A A 1A 48 Attention S2SHE B 55 K ER AL RE /) 149, 158].

R PR RIRISC B S, BRI R 25 W NAL . Wi 22— A
IWARNERMARTT, GEEHE. #3EME MELSEE RIS TTIER
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PG, SR, Wil A AR & SO — R K S il AR, B i B R =
BHE, AW REHam. X EWRE VLA TR O A 1R AR &b 30 5
SeHEE, TSI B A1,

FEGERER A T VL — R R e — AN, AT DATE K& R 1A
MR RTEA), WIXLREA)FTELE, BRIk vl — RS 1) Bl ik — e A
HEFRBCN— BB (1611 XFHLMD 77 E BARL THLE L T, BE
B AR, BB R B2 5], AR R T A AN E A
TEBR.

PR LSRR, RE 52 7 H K e SR B AR AL T B A . FIPRERE
AR, AR 7 v 7 50 b R i RNN S 138 28 [),  JRAE 1%
VB SCAS ) AR HEAT ) AR R I T R S B TR A AR R R T ) T
ITERfR, BIRX — ARG AR B ) () JE Mgk, HERME TIRZME X
FEEAE R, T, AR R A AMUAETE 0 E B IES QIR T RNNELZY [
RS ), T H B SR AIE USRI . RN PR 2R 70 7 v A R
o o P R T A R L A T

TR B T e 2 I 4% (1 R 1A A2 OEE T A) R & [160], X — 4 R
B, AFTI B E RS (AR, WangZe ATE20165F 42 H F
FH Attention S2SHEFRY MR PixX — ) 3 [149]. X —REALK B {1 A — A 52 3
FPA) CBRFEWT AT R, FA RN R AN NG E OCEER. 7 5 7 A
R A RN SR I R 8 A — AN 328, AttentiondfL il 2E ol B2 76 S 7] 9% it
il (] P 4

B 130 45 TR ) E B K, Hodh S ABRNINKE FH P 3243 11 0% 4
W“FACTK A AT T gm g s — AR & (BT TR TR R A, i E A
TRPMAEREE. EARERES, —DRARNNMZE ST, EFEERK
BE . ARG —NZIEE, AP ERRRER TES, K25 4909
A RS A R P B AT N — 20 e fEAE RGOS FR R, S W
Ay . CTINEE T B AT AN, IR RER AR T AR R ER B R B KRR
AT GABEANE G, X Refs a7 BIgeH A R BRI, B — 851
o NTHERATIZS H— LA I T

EN WAL
BRI EAES,  LERmIIRK,
ek, T3 T IEmE R,
B OR, —RRRKFEL,
HIRSHRIT I S . WA B TE R
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Fig. 1.30 F-F %4 il [ Attention Sequence to Sequencet® . & F>kH [149].

i
RS,
Rk BN
AT
YA S
TR,
ARSI
TR
BB

1.5 HEERH

[l s 2 AR (A i, RT DU DU AR R B R A e A% GE AT 170 X1 284X
AR, KEBLSTMM S G, R RIT5I N T ITREEE, HIE
N7 ACAZETC, R BN, TR ACZ T i S T i e



1.5 #ZERHL Ixi

ST ORI, Aot g B AR o ) T Ul EE 2, TRkt A
HMe, AHEIA] LA B A2 28 ) S BR R St

— MR EARREEE, RS AN P RERERE P R, EX R
FITCERAE, @ X TR E AT A S, AR S R E A B TX
— B, Graves® NI H T A RHLIMEE [56]. Frigtha B R, £HE
T AR AL G B ROV — Rl — DRI R P AR JLAH5
— &R, —MEk, —AMEdlS, —MIREFAFEE. Gravest)
FHRP G I 2 RAEANIX LE BT, B —SE AETTR L ORAR R AR, & X — R AT
BEFI S SRR S Sk, PR 40 X 28 A5 A0 R A 12 12 50 G 3 il A o)
WATFATAR. AL iX e AP N4 RIAT Ay — AN R A B R AL, FR v
Z P RHL (Neural Turing Machine, NTM). Grave#i& Hi {142 & R ALY 11 &
L3157,

Fig. 1.31 #&RRHUBEAL, WAFERIOH Y TR 400, M2 MZNN-CIE 0 f il 3
(CPU), HHidZHnslZifrde. HofehldiEd & i s 44— M A M %ENN-M,
ZAPE WS E L — R YT R B R 55 k. 1305 48 M NN-MFE 1L AL
o PO AE (U el RS 5
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NTMIE A2 B R B Rl B 5, NTMAS BLE S R ) 50k J7
3 T AR T AR T b Sk, XN S Sk R AR AT DUE
Bk RN, 5 AW LLREE L. {EGraves5E NI SLIL H, F A
H AttentionHL | & £7. 5 241 27 A7 25 AH K IO N AE BT, PR3 T Attention ) 52 £
Xz NS EE. BT T AR TS, ] DO R
BEETFEE T MRS E (NETBAEE). &, Graves® A&
TNTMJT ) TAE, R ATttt B4l (Differentiable Neural Computer,
DNC) #8!, 5l NHA R FhE 77K @ 2 AT % Bk Re T [57]-
1.3245 i T DNCIf B fiti 5 )

d Memory usage
a Controller b Read and write heads © Memory and temporal links

o RO j
1
o D

Fig. 1.32 " Z 5L (DNC) £5# [57). ERE (d) F 5| AR Temporal link F-1kHL
i, ATSCPLE R T 0k, A A AT

NTMZZ — N EER SR RHEZ, apLas = I Wt s B 30t 1) KR
], A AT REAE AROR AT R AT KPR 2 AL 5, XM 9 K RS g 0 AT BLUATA
TWATTIE: AAEHLEI SRR G AR AT 22 3] e H 5, SINAAENLE]
M T AMEM R T —MeEAR, BORY R T e M E Bidisme
AHEBLRE /1o Rp A2 N A7 IO S ML 2 th s AR =2 S R B, X RRE 3
HEANEE (P [FIHEAE.  WestonfE20144F 5 H 1 RAAAIHES, IS A A7 2
M2 P ) B EAN T (151 53— 7100, NTMIIA R AT 27 2] 33 i 32 H A K =
B USRI Rgihlass >, BRBALE A0, HE K —4
FEFUIIR T ENONE IR (RIS, R RILE AT .
NTMAT i 1 IX AP A S, LT HAE R 22 3] bl as. (ENTMAH, Fr
ARRAGE TN, CFEHIZERAL (MMRMNESHD, KEWRER
KRAATATREA D LS SR, RF e LB iEdE, wekry>]
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Hir, HLEEIA] BB, R8I E R HFR. Neural Program
Interpreter (NPD) FEIXJ7 A H A 4K EK [120, 131]. @45 € #5611,
NPIF] Do g, FIFFe. e fa i,

1.6 KE /N

AR FE R BEA R T PG ABETRY 1) Jo AR MR 8 R — L T B ot R AR TR 1) 5 R I 5
Titke TATRAPEEIY 73 VA SR 21 4 Hi a1 O% R WU AR, AR
)N AR, SRS ST R I RE I S A, RO R S o
PRI B R ML FEIRLCRIAY rhr, il S AR 2 25 4 R B e T B, I e e
FHXT S Gyo ICAZAE AR BN A B A B E AR DG, HEeBiA! (WHopfield ¥
7)) BEARICIZBE, 23R, X — M ELSTMABL B AINTMASE A AR
PR INTEMT: 2 By DA A i B A e AL R B A 1, R A HAE 2T
[E S P RACIZ E R AR R GOIR . NTMBERLEMT 2 742 (AN ).
RE (FFAAE) MEflZsE (amg), H5 s 7 HA =R g,

PRGN 38 2% S I E B A ke A0 DU B AR L, e B S 5[]
JR PRI TH B IO RS (R A5 o 2 o) S P ORI AR <[0T 1 B o6 e R,
T PR G R I T S S A el S A A B RO I AR ST R T, XM RE )RR &AL
PGk, WL N SR 5 S R SR, R B A AR e A
Kt HEK RGN =4F, WATSRA T EEERKITE TR (GPU
[118]FITPU [79]) FHE @&k AT USR535 [36], A KEHR VI 2R BN 1T .

PREERERY ) R DNAR KRR 20T TR FEM &M 2% (DNND MR, &
il &, DNNREIE T HEMKER, ARG, RIS —
TIE R EER AN 2o TATHAE T —FRHRFE S I TR AT A 4

1.7 HHXFIR
o A FEH S Tk HESimon Kaykinff) (Neural networks and learning ma-

chines) [62], Christopher BishopfJ {Neural networks for pattern recognition)
[19]F11an Goodfellow. Yoshua Bengioff] {Deep Learning) [52].



Ixiv 1 fHEEAERY

o SCHICT A ML K R 33 2% T Schmidhuber it (I ZRR 18 3C [127]'2.
Schmidhuber ¥4~ A 32 UL AL 7% K T RNNAZ A A E 1 5k,

o KT MAMEINIL, v LLZ% 15 B HE (Neural networks: tricks of
the trade) [106], 4% # /2 H FHLeCunff“Efficient Backprop”— X 1R {H 15 —
E [89]. AnthonyFl1Bartlettf] {Neural network learning: Theoretical founda-
tions) [SHEZIRAEE S 5. 18191 4 W 2% 19 )1l 2k 7] S % JaegerlT)
{Tutorial on training recurrent neural networks, covering BPPT, RTRL, EKF

and the “echo state network™ approach) [75].
o 15T Kohonen ™ 4% FllHopfield X1 2% & 7> 2 % T Wikipediafl 5% U iij 1412,

12 http://people.idsia.ch/ juergen/deep-learning-overview.html
13 http://people.idsia.ch/ juergen/rnn.html

14 https://en.wikipedia.org/wiki/Self-organizing_map

15 https://en.wikipedia.org/wiki/Hopfield_network
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