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RN TR RER e . KR R 0T e HIE SR8, ST AR u
AR — LSRN, SR E I SRR AT LS R MESS . XA
Wi, BHREITR T RIIME RS, U E EIEN S 15 5 BEaas.
XL M0 TT AR AR A AT FEE AT I R R NS R ML &3 1 AR WL,
Rl 7 SEHN TR BEROMERE . e AFEANTRZINN: “ = HFEN, PLaRmEsE
RN REMEN K — DI TAR ", “ 8 =2\ K 8] AT IEA H— 6 R AT
BREHIPLAS 7o (HEEE IR, B RAR B LR L - fay L, X 0t
FUAEEE AL AL, SR BRI 52 2™ BT dy . N TR RERIWT ST A6 AR
%, ARZ NH R H I e 2 3 g k.

EREMS: (FREMBSREFS)

John McCarthy (1927-
2011), AIATReFAHEAA
Z—, 1971 FARXF L,

ALK RIS, W ALH
B A X (AI Winter), A
A7k % BT e R KRRt
5k AR AR KR Y 8 i .
AN LA B AR LE I i A
HRmAE ML, THER
kBB IAF, AR R H A
B, RHREELTFEE
WK HF 505 AR . 1974-80 4F &
1987-93 5 & A /> £ & 491K
U, FAE A JUAN B
RIS

https://nndl.github.io/
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Prolog & —#F &k T % 4% 52 52
it g A E R RAEET,
RMMERNTARES. &
4 e 79 5 5 AR

1.1.1.2  %MRHA

F7 20 20 70 AR, HF 7 H B ARB 4 im0 F N TR ARG EE . 1551
Xt Tt BN HMESS, T E L SORME AR X, IS
FERI % K & 4 (Expert System) , FEAERFE T L SUREST TR Z R T
ARG AT DA RN AR + L7, =R EA B ITARMAR R
BUEBERRIT RSt TR ARG —HCR A AR AR R B 45 47 AR SR 56 BUl % B
WU F A BRI IR R, BRI E X RGMPIRN A T iR R 6. —4
LTRRBGUAHRSEZEZR: (D ST RIMIA; (2) BEUEZEL4E: 3 &
L FPHKF-. EX—KH#, Prolog (Programming in Logic) i & /& F E A
FRTHE, AREELERERG. BRESHM. WReRiNES.,

1.1.1.3 ZJHA

X ANERRZ a4 (LemiBE = . BUGEEE), FRA R M xnE H
HHEEREE, B ICVA IR ISR BEAT N R 10 AR, BRI, BAT Tt AR X L
FITRAHERE R 7 ZORSEBUX SAT AW B BE R SE. N T R RIX I, BT T
UV EETIPINCNR S IR RARC RV €11 = It P S e % R = 412 o
BREAT . MR REMB 2 T 4R, mtA — 28wt 7o 2tk e ok B 32
o MM EE A R BT M — L2857 5 S, ibHEHLA SR+ B3
IIMTERAS A, IR R R R0 Bt 2t AT B R i, AT AT AR B AT DA
R—LERFEAESS, SRR ML AN BRI 2, WA THRIR.
Giitad G T, AT THE ARG AR 2 1R X T AT RER UL, Bl
W IR — N EE BT TTT . (HER 1980 4 5, Hlas s > RIHAE
R ORI, A BHBNIRTTEFR

Biagh r ATEREAR L B E EH . AR T 60 24/, NTHERE
BARAT A T TS, (AR AL 28 B b B R, AL IER X
ERASERE, XA HbE EETRERE .

| fernm o AL # ‘
!
1940|1945 19‘50 1055 1960 1965 1970 1975 19’&0 1085 1990 1995 2000 zobf
I WERBEIAGT  peome
Bl MRS FRRLENE -
McCulloch I Pitts Rosenblatt i HLEE S
RUATHGERS e Sk ClekhL)

K11 N TR R R R

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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1.1.2 AT EEERIRIR

AT A RERIBLI R AR B, T — M Ak f
TR A TR RS RTS8 A & R, RPN T
R SRR T AR R RIIR. W — B S0 A L B B
BFSL KR RO BLE SR A 072 OB RS, T 530SI U T
AT E RSN SR B BT . — /3 4 0001 T RALHLE LA
(RN B 1 G a, TRRIZTF LA B2

JUE N T B IOUEIRART %, 00 7 6 LT LS B F R

FESENX %5 3L (symbolism) , XFRZHE T X OB FJREHHEHL IR, &
I NSRRI Re, AT EALR SEIIX LT RE . A5 T SCH A
BEAEK: (O FEVMUHEMFSRER: (2) £5 07 Dodat S aAr N Cken
BRI ED) KilE. AFRMIAFE ] DEE S/ SEL . AN TR RN
HEBA Y, f55 E U TVA R ERAT, FRIUR T RERIHCR .

EZEEN #4 E 3L (connectionism) , MFRGAFIREE 2R, AR
A B — A5 A ER R VAR . FEIAENR A, AR R R AT DA
B — A s BACHE R . JER T SO NSRRI AR 2 H K& f S ph 22 7t
R AP P 2 (R4S B AR B R, A RAFTiaf. R, MR B
F BELE R 2t KB B (T S5 AL R PR T ) ELER N 4, B EZME. o Ah
K FFAT BT DL ROE R SR

P55 22 SURE — N 2 TR R, T X 0 1 A2 0 42 2 7 VA 1 ey o TR
JEE 27 3] 1) AR AP ZE 25 il o — PidE R 32 OB . BEAE R IR R, B
SRt 2 B 783 F AR R W AT R A5 5 5 ORE R 32 X, @ — Mmoot HR
BRI AL

1.2 HEMLE

BEE MR IR TR, BATTEE RIS NS00 BEAT A0 AR
WA K. NERMZ ALl BAMERKSE. ZIARHE
RGMRR, FHRMERE MG TR0 AR R G A AR, R
NATLAY 2 W2, AP 2R %, fENLE TR, MEMBERHREZ AT

b 22 TN BRI P 28 GE R , X e N A28 Je 2 (A AR R0 BT R 7T 2 ST I S 4

1.2.1  ABXRZMLZ

N AN ERMESE, HMEIc. MMERFRAIE. ET4iiEm
MM HA, #46 (Neuron), HIHMZLYIM (Nerve Cell), &A1

EREMS: (FREMBSREFS)

https://nndl.github.io/
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s R, R ARHE RGP REARK R IT. ML RG L DM
HARHIHL, BEIT 86014 MIZIT [Azevedo et al., 2009], BAMMEILA T
ANFRAFI I E A TOAHERE . XL oA EAT A IR T il B K B 2%
7, Hrpph 2B S K ErA T A B JATNER AR M L, HLan4 Bk
THENLNZS, FIERMGHRZ I ZEFHEL 2L “fai i 152,

FAE 1904 5, W F A OL KD T HATCIE . SR T8 R
SIS IR E I o

o Ak (Soma) HRFHIAN NI b # M2 AN B 1l IE, MR 2 44
SN RS B 2R R A o, SUR BT IEE T KRN A s AL 2 R A
B, AR AE BRSO AT BT .

o fm AR R AL SE A AR (T SR ARAR B 7, SCRT 2 R 5%

— MR (Dendrite) AT LAESZRIBIR M3 1 NARMIAK . BENFRZETET]
LA — B MR

— %R (Axons) ] LT H B X% AR ML AL I 2 55— 2ol
HAHHN, FFDMMZITTAH DR

M2 e DR e M2 T HIE B, ] UAGA R B4 e M2 o, M2
ZIRIEAT YV EIESL, PR A 20 WK i A O SERR . #22 T0 2 (A FE R ik (Synapse)
BEAT HIBORALIBE R, TR MM, RIshE RGt. Rfhn] LB P2
TCZ AR “H0 7, M TTRIN AR R 5 — Mg It. — M
TCH RN — G PIMCIRAS I A0M: A1 3p 4l . A2 TCHPIRESHIR T AL
BRI B R AAG SR, RIAA R (B8 . 215 5 B A
T RA BN, AR XA, AR k. AR R SO E I R
fifLid B EMATT. B1245 W T — M R R oA .

B 1.2 SRR TS

L B ki: https://commons.wikimedia.org/wiki/File:Neuron_ Hand-tuned.svg

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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FAVHIE, — D NEVE A B L e, Rk B TARER . M5t
Se UL N PR 22 I 28 02— AN B = S Re T R Gt T N 28 I 8% ot ] 27 =)
We? fENMFZ Mz, M METTA S IFAELE, HERRMETTA
BB o AN [F A 22 0 2 [B] ) SR A e 55, FLam e T LRI 2% 2] GIIZR) RA
Wk ), B —E M8 . AREERIE K T ASERCIZENR . 19494, fn
FROEEK Donald Hebb 7E (417 AMI4HZ1) (The Organization of Behavior)
— R R A T BB R SR AR SR, MR TT A MR AR T BRI,
SRV E R, JfHEFS. SRS T XA B MG, AR
P& e 2 — R AR R AR K B B R AR, DAECT & TT A
ENREI A T B X iz —, "ERRBEINGR T o 7 X AMHLEIFR Ak A 22
# (Hebbian Theory) B{#f# 1] (Hebb’s Rule) o WIS B/NMIEZE 02 FH R
IBCH B2 BRI, EATT IR S A5 B G N o XA IR 2 ) O VE RSP AT AL 25 =)
(Hebbian learning) . Hebb AN ARNA P FHILIZ: KApRICHEIR T, F5
CIZFF S (A ANE I — b e R —ANARIEE LW INIREL, AL T i1
ERIRZ . BICAZ A K eI AR AR R B AR R . AT )i
L X Ry R fii 5 g st A FH A R 0 [X 35

1.2.2 AT HZMLE

AT A 2 1 252 KDL N I 228 [0 2% T S0 T 1) — e ok A AR, e At | S
BIHLER A e BRI 2 2% . N DA M2 54 ekl HEA
T CNLAPZET0) MR, AT LU R ot 2 18] 1 R 2% R R AT 2
AN R 1B IR T 7 AR, MREAR T A s
TR N o AT AR — PR B A R B LAY R 1015 B i HA
PLERCE LR G TS, RSN R R IS B SRS PR % ar )
Do MARGMAE, N LTS KB 2 ol i AR = AN 5836 13
PR R & B AR M Eh S R S

EIRIATA] LU B 5y kit — S N AP R 4, (ER anfaf ik N k22
HEALARIIIEAZRME D IER . R 2RI A B 52 5 fE
Jie BT MN T EAMAR M 25, R — M3 T AR i 7 e B
F U5k, Bde BB IR S BN M L%, HIE STk
T RAZERhEM e . BRI 1980Fih, R@ds i A GR0RL T £
JEARA LI 2T I, TF BN BONIRAT AR EE P 2% 22 2] B

NP2 HE A 2 H1HF AR RIR AR DAL &3 2] el e | 3 N A j) 245
FTAE R —NE R R BRI 2, — PR B2 2% 7T DOE AR A iR AL
P N T W28 /T LB — AN 22 ST R G N BINLas 2> . Big b,
REH R RN GBI o8, N T 245 5T U2 RIR 2 2% R

EREMS: (FREMBSREFS)

Donald Hebb, 1904 -1985),
ol KAV Z O R, ke
N2 = 35 ol

https://nndl.github.io/
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A bR G A TAY 2 M 2%
TER-MEAMEF M
KA,

Marvin Minsky, 1927~
2016 %, ALHMMBRE
B0 AR A AT R 2 —,
AR IFEALERE R
T AZ—. BEEA
I REARB A TUAR, 1969
FRBARE,

Ko N AR 28 1Y (1 233 A AT B A BE 0 K/ IN AT AFR N M %6 %8 (Network
Capacity) , 57T AR A A77E W9 25 v )5 S5 K S 2% B2 DA S BB0REAH 5K

1.2.3 #HEMBHERAE
W P25 1) R JE R A B

FE—ME: RERE AU BN 1943~1969 4, S2HE MK I —A
. FEBLIIE], BEEFA TR T VR OB A SR .

1E 1943 4F, O 5 Warren McCulloch 1352 5% Walter Pitts 55k T
—FRERARAL N TR N, FRRE T — M TR 2 s E T AL . A
TR B B TURR O MPAE A . ik, JFE TSI R R4 .

BiT2% o B RAE 1948 SE R SRR 17— Fp “BREIRML”. Z )5, WA T
BT R 2 S I AR N 2 “B R RAL” L

1951 ¢, McCulloch #1 Pitts )42 Marvin Minsky i 7 55— G4 M %
HLSNARC.

Rosenblatt [1958] & 542 t T DUSHL N SRR BE ) B PR 48 I 28 A58, FEFR
Z RS 35 (Perceptron) , F#Eth 7 —Fal T AFEZ )i GEAL WlE#)
02 S B (R DR e T, BRI I (XOR) %2k
PEANET 7 ] e

FEIX— I, AR g DLHARRS I S5 MR BRAS RN, VR 2 SEPR
Rk CEZhEHIOUR . BGRRBSE) FIUS 8% 1AL

FBER: JKATHEE 2B T BON 1969 S~ 1983 4F, AL N 4% kIR 2 —AMIK
AW, FERLHANE], AR L BT 5T AL T ARSI R AR RS .

1969 4, Marvin Minsky HR CBEIHLY —45, FRH T HHAN L
37NV E I R 0 SV S NI ] B v OB SR S A Tl 3 LTS e g o o i o o )] e
SCRPARFE R T 22 IR 28 BT 5 BETHBRLRE /) o IX L W7 BN U 25 A ARR i
LMKIT AT, FEANE ML AT FTBEN T ZF 0 “ UK,

1974 45, W& K24 Paul Webos & B & & 4% 4% H % (Backpropagation,
BP), B4R 52 N A B HEAL .

1980 4, Fukushima [1980] (& FE) - T —Fhar B RAIFHRAE
HIZ EPEM LS. #4h. (Neocognitron). B FINLATHE H & 2] T shHIJAN
J J2 7 SR 200 M R 52 % 4 PR PR B2 BT 14 i3 R o AR R SR R T AR R 50
TR 7 M 2 ST 5 2Ok IS, DRI 51 2 98 1 AL

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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BoME: REEBEXSIENEN F-MBON 1983 4~1995 4, MM
YRR AN mi . XA AR, S AR SR FETOR T AT R
LR

1983 4F, I FE T 24 % I FE 2 5 John Hopfield $2 1 7 —#h FH T AR 02
ARAL T E A N4, FRN Hopfield R % . Hopfield W48 76 e 47 7 [ J_E 3145
M RIS, TR T &

1984 4F, Geoffrey Hinton $i& H —FPEHLIL kAR Hopfield (2%, B3R %%
2.

FLIE 5] A 2R WX 45 58 VR 5 i R A R 4% 4 Lk 1986 4F, David Rumel-

hart £l James McClelland 4 1f1 7387 1 3 4% 32 AETHE UL 0 28 355 20 o 1 B
F, FFEBRW T R FAEREF . Geoffrey Hinton 25 AW I [a) & 4% Hi% 5| A\ 2
2 JZ A3 [Williams and Hinton, 1986], f#uk 7 2 2 BEEA 1% W8, AT
fze 2 4 BT GR N TRER, HITH RO s . Bi)S, LeCun
et al. [1989] ¥ [ MALAFRFIETIN T BRMZM LS, JHET BRI LIRS
TR KB [LeCun et al., 1998]. J [ 3k 5Lk & 12 4 fe 9 U R 4 22 1Y) 245
FOVENE, MU T Z BT & Mg, & T HARK B w2 & 1Rl 25

EIUMER: SRITEFEIR S5 VUANH BN 1995~2006 4, EIGIAE], S2HEm LA
HABFE B 5k (Bt 2y 2888 ) FENLRS 24 S AU K IR AT FE IR a1
22

BIRIPLE 2 T LIRS By o 2 8. e oo, A 2% I 4%,
EH R R S 8K S T SR REAT B AN /2 ASCHRF I 25
R IFRLZE 2% o 75 20 1H28 90 SR, Gevt 2 ST B AN ASCRR I LA
REPLEZIBRTHENGE . LT, g 28 BB SEREATE T . DAL
HMe T AR 2 A BRI R, R IR 2R R T L TR AR

FHEME: REZFIIMUER 2006 4, Hinton and Salakhutdinov [2006] KL%
JERT B I 2% BT DSl 3B S TR, P S RS 3R S L AT RS T 1 7 =k
ITA 2] BRI BN LA & M 45 7215 % 1R [Hinton et al., 2012] A&
539 [Krizhevsky et al., 2012] %4155 LR E R, DA 2 A RERTY “ IR
JE5 )7 AL . TRk, BEE KRBTSR DL A GPU & 18 &, 1H
BURITHELRE /015 DAORIRSR Er e jEAh, PIAATL 38 2 ) i 5 RS to B kB ok . 7E 11
HRE MBI SR T, tFENLCE T IR R N T E Mm%, &
KREHE A R ERBN BB SR EE 2 2], PR I 2 0K B8 = IR il

EREMS: (FREMBSREFS)

BREEMALFELI2.17,

https://nndl.github.io/
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WEEDGFEMABEL
F2¥.

e B AR R E WA
18 (REAARRGBAL) 4
—ANELRE,

B % 4 A 4% 4 5 ik ALAR AL
BEFik.

1.3 =53]

#Z 5 5] (Machine Learning, ML) f&¥& WA BRI £ P8 A 2 2] (B “
W7D B — R, R I SRR S BRI AR AR B 7%

FESGERINLAS 2 ) F 2O T 5 2] — AN AR AL . — e 2 e Hds
FRN—HAFIE (Feature) , FHEMRREATT DR L EE .. SRS
BHE A SRJE IR LR AR S N\ B TR, g 45 2R . X SRR
A LAEE S % &5 3] (Shallow Learning) - ¥%Z25F B — N E B S EANH
FFFES 2], HURHIE 225 N T2 50 BURHIE 45 75 1 K A B

YIRATHNLES 25 1R R LS bR S5 Iy, 2> Tnt 2 Fh 2 A B R R, tedn
B BB SRS AR BRI RERIR B A n] LR R A — ML R ) & . T
SCAHGHE — R B EUAT 5 R REAR TN, BT SR RR LR
N g, RMERBIGIEMRR T F, 7ESCFRES HAd L8 2 S i Al
TR EF UL PR (EL3HTR):

F AR ——| B BUL B || BRI |—— | B E 4 | | i | 2
L |
AFAELL P2 REF)

K 1.3 fegitilae s > R AL B iR

o WIRTRALIE: L HUE AL, LA, e A R, %
Kt F 1A 55

o FFAEHEEN: MJFAGEHE rh AR I — S0 RN RHIE . e B S5, $REL
%% REEARAEE . (Scale Invariant Feature Transform, SIFT) 4§
TS

o FFEFEHR: SPRRIESAT — @M L, LanPRge it g, 2k G RERRIE S Y
(Feature Extraction) FI4FEESR (Feature Selection) MFI&E. W H M
WHIE R 5154 E e 40 (Principal components analysis, PCA). 2§
PEHI5] 431 (Linear Discriminant Analysis) %5,

o TR BLESE I IIAZ O, 5 ) — AN EREUHEAT I

IR, AR R AL BE DA TN — RS 2 T AT AL B . AR GERIAL
At I F RO TR e 0, BV T R A HR SERRERE R, A
[F TR PR REAE 22 A 2, AT =0 I RRIE AL BN B 24 R G2 (R HEf I
T RBRERIVER o T RHEAL R N TS, F NSRRI A Rk
BT IRFAE, FF AR EILEE 7 ) RGMERE . KL, AR 2 iR CIR ) i) it
AR T A5 4E TAE (Feature Engineering) [, JFR — ML 2] RGH £ 2
TAEEHHFEAE T TALER  FFAESRHC DL SRR IR S 4 |-

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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1.4 RTF3

NTIRENE TS RGNS, TATH R E MmN G B A 0 4%
AE, BRE B —BEFR N & T (Representation) o WIRAE —F LA DL E shih2:
STHAEBBIRHE, FHPemm AN I B vERe, A X P )t n BAny
& 7% 3 (Representation Learning) -

1B N IBE) RN SIS R UL iE U4 (Semantic Gap) W, 15 74 A]
R TR N R Z R AR AT 51 200 S B2 A — 8 A = et things
JE ST T WE A, TRy R S AR TS R A AN AR [,
AFE R R RS ERRR (HRERED ZRE e K. (HERIIA
PR A e P o2 2 S A LR R 2 O e an R — AN T AR A
BALEREREZ b, 2 FEOGIIEA R fe =R m . WA DU — AN
(TR AE SRR P b AT DL S et 08 1) v 2 1 SURFAE, IS FRATT 3 T LA G 25
Dy e FE B AL A 2 ST B

EFOR ST, HHAROIE: —@ “fH 4 R—AIFMFRR? =&
CESETCE T

1.4.1 RBERFMSHRAERR

“UFRERIR T AR MRS, B AR bR H— A
AR BA T LML

o MR PZ A A IRGR R GE ST, RIFERER N AR IR R 2

AR
o —NFINFRIRIAZAEJE SR A SIS RAG R, AR EA S ERZIIE X
AR

o —MNMFRIFIRPIZAA — el RARS BURISLA . AR H AT R E D
TR ITFIE AR T HAEF R, (BIRAT S I B R w] DLE
WESNTH I EES L.

TEAE G 7 2, AT H A AR 7 AORERHFIE: B3 & (Local
Representation) F4# X &7 (Distributed Representation)

LAt N B, BRATTRT AR Z AR R B AR I B 7 A “ 207 i 7 a7 1 7 R

FZ b, ARZ DI IX B bt 44 1, Podn 207 R B, “unmE g7, < Bk
I 4%, RBLE I PRREG, — B RARRTTE.

WA T A, WA BG4 A A 1300 Z M. https://en.wikipedia.org/wiki/Lists__of

colors

EREMS: (FREMBSREFS)

https://nndl.github.io/
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one-hot M E A LFHA. 147,

oA KA T s # XA T
ThE R R 5 M, B —A A
& 6935 X4 BB E SLE )
ESENCE SOk

— PRI ) T7 12 AN A 4 7ok dn A AN R g, 1X Mo 77 2 il
3k, WRRON & ok a5 & . SRR T LLR IR A one-hot [n] &
PR BATA B 4 AR R — AR Y, wR KAV AT BLH—
A V] 4E[1) one-hot [A] & KRR EF—Fhigi . 5 ¢ PPEUE R one-hot [Al&EH, 24
HerMERN L, HEHHO.

JRIBIRAHADAEZAL: (1) one-hot [ EMYERR R, HAREYT . W
RAH R RIB S, BT ER I — 4k R R (20 AFBIEGZ A KA
#90, BIIATICIERGE “20t” A EL” FR PO “am” A e RE”
FRIAHALLRE 2

71— MR T 30 Tl RGBAERE R B, AFBIEGXNEIR, G, B
=R AR, PR M e X R . AT RS I8 H W] IR
DI R 2 11

IRMRRAL, AR R ZE R MR RmRE, 2 Mg
7 [ 1) R — SRR LU o SRR 5 A — A = (K 8 17 Bl mT AR P
A, I B RS RE SRR PES . AN, AFEBUE 2 8 KA
AR AR 5 i 5

KL T 4 FPEE ) J R A 73 A R

e JRFR IR o3 A AR

BRI [1, 0, 0, 0]" [1.00, 0.75, 0.00]™
PN RN [0, 1, 0, 0]" [0.00, 0.5, 1.00]"
2L [0, 0, 1, 0]" [0.67, 0.22, 0.12]"
I E) [0, 0, 0, 1]" [0.44, 0.310.22)"

® 1.1 JRERR RN AT R R

FRATTT LA FH o 22 00 5% St et 48 1) R 38 3 s 2 ) RIVE S 31— ARG
A MREREMRY, d < [V]o ERXAMRYETE o, BARIEA T2 A bR
B LR, TR HUE R MR S A . AENLES 22T, XA R AR
(embedding) o HRANIMEH FERE N L5 23 1) 71— 2265 G i 21 5 — MIRLER)
LR, JFRATRERFFANFEIRT R Z 1A 4Rk A . Lot B ARG & il 1 7
AR, WAFE a8,

K1.4J%7R T — > 34k one-hot Al 23 [A] F1—> 2 4EHR N [ FRIX EL o £ one-
hot [ B2 A, REANFHEARAL T A8 bR b, AR bR B ML AR ZE
FHR A E, SEANRRIERRAE A bRl b, R AR 18] AT DATHSEARAURE

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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] 1.4 One-hot [ & 75 [A] 5k A\ 25 ]

1.4.2 FRRFI

B ) B 28 RN (RO AR, il TR R E 4
MEFFAG, Sid 2 ARG R/ 3. — NIRIZ A IR A0 7T LA IIARFAE
MEAM, MM INE RGeS . I, R —
SE TR 1 2 2 URFIERR IR [Bengio et al., 2013].

FEAG RN 2 2T h, AR 2 A RIS ST, B b £
PEAGI T BRSLE T 73T 55 o (HRARSGERIRHIE 22 2] — o il Aoyt it—
SEAEIN, R A AR X L R U RURFAE o RPALE ) 27 5T A A e & N A2 7
B3 X IFHEAT 0, RIS 3T B BURFAEAS — 2 AT DLER T e A O PR fE

1.5 REZEI]

N MR, WEMERAA—E CRET WA, SRS
FESRALAY B 3% ) P R IER s ONREFFE, B ERHME, HEIEE
FEAE), AT e 4R T T A (e R 22 . BT “URFE” 4B IR ER AT JE 2L
PERFIER A 8. IR — DRI RAEER DA EIEN, REH
A LA AE R AT 5 4 R T O i R e K B AR TR

IXREFRATT A 75 2 — b2 2] T m] DO Hh 2 ) — A “IRERAY Y, X
K5 3] (Deep Learning, DL) o WRFEZ ] EMESE T —ASF ), H 2%
H )72 B 1 E 305 2 B SRR IE R R .

EREMS: (FREMBSREFS)

EELZRGEEHRFNT
IR R

Nid
=
ki
[\V)
o
=
<t

REFIDERFHEZRNLR
HITRTF, aREMES
Ho R FAT IR R Ao B A8y

32, RFFFEE, )
https://nndl.github.io/
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K155 T IREE S ST R AL B RS . 3 22 R O e, JEJR AR 4
ROV R R AR AIFRIR . IR e 2] B 2R T PLEARN TR AR AL,
M3 G “RPAE T2

S ——| SRR E |[——— | e |———| 724 | | i | g
L |

| E ) |

REF )

1.5 IR 2T BB A B AR

TR BE 2 2] 2 4 S0 F O R AR 8 S 2 8 R IE S A3 B — MR ROR, IF
HE— DA N B N R A B B A S5 R . I “IRZE 217 RIA], TR ) 5 R
(1) B ] A2 T K B B) A2 (Credit Assignment Problem, CAP) [Minsky,
1963], Bl—M ARG AF R84 (Components) B SN 2 R G0k 45 R
oTiRE N . DU MR, &2 R s — R, R RIaE BB A R A . K
M2 BER S SECT S5 MMR], TGP R T RERIMUR . W
AR Wi B — 2D B DRI DTRR A A BE ) AR, X R — N R IR R . A
FM Y, W WA LB AR — 3% 5] (Reinforcement Learning,
RL) , BAWMAL AR HEA R BMEE, I BB ) 5 28 B
FE CEED 153, IFHA —ERER .

FIR, VR P27 20 SR FH RS 3 S Ao 8 O 5 A 7Y, L 3 i [R) J o 4 D  46
AT DA IR 22 S AR 3k Sk, AT AT DA LG e i b e ke o R 2 i i) 7. 2
TR I — 2 P22 X 2% R S A AE TR L 20 THC R, DR L — 2 A e £ ) 4 3 )
P AR IR 2 SR o B VR P 2 S IO BRI A e , B A IR P2 th VLR 5 ~ 10
ERIHATEE R . BEERRREE A ANEIE N, LRI RS (K RE 77 R o8,
AT A58 i 465 ) SN S I 5

1.5.1 inElin= 3]

FE— S RAT S, RGNS 2 I TT VA T Bk — ME S5 B AN A 2 1)
NN RN SAR 2 TR (BREANBO, B TEIM T2 tin—AE %
B BTSSR WEARE . AR T 15 SO TR SRR AE
AR XA T A AR — R R MR E A, JF HILR
1 B AR AT S5 a R BARHEARRARIE— 8. 8RB, BT — P rRaxt
Ja S ARG AR R B RE R o SX RGN 1 AL 2% 2 T VAL SRR P R

3% %35 % 3] (End-to-End Learning) , W% 25500 %, RIS IE
AT BB B BOEEAT IR, ELRRIRAAT S5 B AR B AR o 18 3 31 3 2% =)
RN I A AN RIS B i D g, IR AR AT AT

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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i 23 2 2 IR B B RO, BRI e AUME B .
b, i B o SRR R 24 5] — B, HGR B e “TTREE MR M. HET, K
Fi8 73 SR FH A 22 0 2 AR PR B2 2 ST B AT DU AR o — Mo 1 ) 27 >

1.5.2 ERREFEIIESE

TERPE 2, — ol iR 22 [ mAE fE R AT 280 2] . R T 107
FORTVHEHL ARSI T N AR AR, A S M. sah, R
IR TR BRI RN IR R, — R FEAE CPU M GPU Z (A AWk AT U4,
TERHMEFEW LR Bk, —SXFFEZBEETHE . Jo4% CPU M GPU Y] 446
DhRe IR B 5 I HESR B T A o A AR FAE AL EFE: Theano. Caffe.
TensorFlow. Pytorch. Keras %,

Theano': ZFFFFI/R K2R Python T HAL, FSRE&thz . AL RIHAT
%2 YR s T R 3R 1A . Theano 7] LLIZE B 4 H GPUs fil & R 175 5
a3

Caffe?: 4:#% A Convolutional Architecture for Fast Feature Embedding,
NIRRT EAESS, B2 Sl i I 2% 45 4 T DAZE G B S e e
AT GG, Caffe & H C++ Fl Python SEML, EZH TN .

TensorFlow?: Google 22 &) JT & ] Python L B, 7 LA B4 CPU Bk
# GPU 1% % 21T . TensorFlow 15 i F2 4# F £ i Kok K2R . Tensor-
Flow 4 7R T HAHE I A2 AR o8 2 4504, B3k = (tensor).

Chainer*: — /MR SIS THE BRI E M SHERL, A0 KB R
H HAR—F 28 5 S Ak A 7] Preferred Networks. 1 Tensorflow. Theano-
Caffe SEHESRAH H I ER S THE AL, 308 THE BN DLEIZ AT IN Zhas iy g it
B, B AR RS A AT — S B R B SR B A 55

PyTorch®: i Facebook. NVIDIA. Twitter 25\ 7 T & 4E47 1R & 24 ST HE
20, Hui 5o~ Lua i 5 # Torch®. PyTorch @R A& 5K MMEL, A£F
BEBNAS AU PR 48 I 285 25 ) AT 55 T A o6 B S AR 3

AR, A R RS, BRI CNTKY, ik, HemsiK

http://www.deeplearning.net /software/theano
http://caffe.berkeleyvision.org

https://www.tensorflow.org

https://chainer.org

http://pytorch.org

http://torch.ch

4=F5 N Microsoft Cognitive Toolkit. https://github.com/Microsoft/CNTK
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Theano *% B B AT & 1% 1k 4
o
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SRR P AR K ST R 4E 3 ) MX Net R FE K ) PaddlePaddle? %
TEIXUEIERRAESE 2 b, W — Lo R SAE SR 2 b ) v R AL (i
ME%PE, R — A BRI — R G . Hoh B 44 iR
WAL W ERHEZEA . (1) J:F TensorFlow Al Theano i Keras3 1 (2) #F
Theano [ Lasagne?.
B2 IR B 2 STHEZE W] L2 Fhttps: / /en.wikipedia.org/wiki/Comparison__

of deep_ learning software.

1.6 APHILALRALEH

AN 2 B A28 00 208 MR P 2 2 T2 B PR SR 88— AN e T ) 2R it P
o ABMALEMWMEL6P7R, ATEL =K. HLEF] . iz 2 A
R,

IRIEAR &M%

F(* ) IR
Q=N A B

Ry | mpit

mg&? s - s |
| | ~
\

OV / RE

——WW@ s~ > — BT
o /’*' L %

— .
: i Cupes H—( mA
AL = CER >— N f .
' ‘ / EL0 )

I

[t |

SRRFTHAUSE
SRRl
BB T R

K 1.6 A PRI SR

MLERZFES] HLER 2 Al DAar B o). TR B SR AL 2] o 28 X AL
FJHATREE, AR RENS TN S AR, R A [l e R
RANF 2 S SR Z R ORI o G388 2 21— SR I AR VAR A . 3K 2 4T D
WS EHAT A BOENA T R E k. H10E P L

I https://mxnet.apache.org

2 4[N Parallel Distributed Deep Learning. http://paddlepaddle.org/
3 http://keras.io/

4 https://github.com/Lasagne/Lasagne
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FIRER TS NS 2 ST V. 145 AN 4B T IR E AL ST A0 .

HZMLE SEAE B 6T BV =Fh EE AR KA. JIE %, 5
TG W 2 AR AN Z N4 . FRER6 T A —Fh o — MR 4 4%
TR PEHEWK RS TN 775 58T A A 28 I 48 v f3E 7 1 HL
AL o

BRENEE MR AR RO SR O T IS R HEZE . H AR
JE 2 STRUBE R R (R & C T 04T . S11EAN G 7B B 3L A
&, IFER12E A HPIARER R BURZZ BHLRITR L E &ML H135 A
B A P ER AL BR TR AR AR AR A P 910 2 A A

HIF IR 2 KB H 2 W e g, R AR 22 R JCR AT IEAR 35
HIRNNH . R —THRAE T — 220k, 3 A AR 7 EE IR
BEBER T ARR LRI . BRAh, AR A T SR 2T R B e
KR, SRRZMEAEL. B BRI, FERRAMIEE.

1.7 BEEFIRNIRNE

SRR S ST B 2, S ML 22 ST s R N TR RE RS
HIRLA R EARGIHLAR 72T, Br TR I LA, ek w2
MR A MR INE R R, REERDIMES LR REE, Fit, #
TR —AERRINLE 2 2 R G, NMEER EAE R B 1) L2l B0t A H
BIRAIE ARSI &, RAE A MR GTRE ST, X A2 i A 4% A TAZ 1) il

U] B 25 S R B R s OB S 2 21 T (oG BE i RL. FARoR
253k, HARAE I BORVRAE 2, A2 N D9l — S B BOREAT 24 2T 1 .
R AR BN K 2775, ARIRRA X e S LA 2 E
AR TR PE 2 S K 3R S M AR AR (Y 27 3] BEAT i B (5 31, P[]
ATEENT T TRIE S ST T B R 1 i RO T R 0 B o) AR, T2 X 2% 1
U S ff PRI A TR R A RO . BRI e B — A4 5 “ SRR AR LT M, H
TEMRIRAZ G, BATATCAUL, RS I RIRA AL ML, (HAPZ M 2% KR

JERRES ]

HAT, SRS EE DAY 2 A A RO REa], BT e i A a5y, o
A ROt 2 SRR S I AR e DL R AE AN R 55 B RS 45

Bengio et al. [2013] &5 tH T —/MRIFINFRR T 2408 . A RE2ME 1A
TR 28 FREE 7 2 [ F1R, AT A2 (Deep Learning) [Goodfellow et al.,
2015] A S SCHR [Bengio, 2009]. 56T #4845 (¥ 77 52 7] L2225 SCHR [Anderson

EREMS: (FREMBSREFS)
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and Rosenfeld, 2000]. HHHAR A 2E1 CS231nt F1 CS224n? & A [ 1R % U IR FE
FOANTTRAE, 23 A NTHENRL A B SRE 5 AL B AN A1 BRI TR BE 22 )
(R BBtk N VR R d5 i 12 g

IREE % S W ek R AR R R . I, Sl I SR — s KRR AE F AR 231
o MRS SIHR I EAR W T EA:

o [HFRF /R4 (International Conference on Learning Representa-
tions, ICLR): FERETIRES.

o MZ(E BALH KRG 2* (Annual Conference on Neural Information Pro-
cessing Systems, NeurIPS): & X 2RI, (AfmE THLAEY . FEA
A E BACRE, Gt ok, IR AR A

o [EFFEHLET4 2 218 (International Conference on Machine Learning,ICML):
BUER 5 ST TR W, TRFE S SIE R AR # A, 548 1 ICML IIARR
te

o [EHFR N TR eSS (International Joint Conference on Artificial In-
telligence, IJCAD : NTHBEMIEBIRKLESIES . TIREA, N
1969 I 4R 70

o FEFE N THREMI&H27 (AAAI Conference on Artificial Intelligence, AAAT):
N RESHIE TR oW, BF4FE = A 224 AT, s — AR AL SR .

AN NLERRR 2 T B #a 5 Tlke R i FETH B
B, A BN S5 R K% (IEEE Conference on Computer Vision
and Pattern Recognition, CVPR) FlEPFriHH LM 521 (International Com-
ference on Computer Vision, ICCV). 7 HAIE S BRI, AHEES 29
4> (Annual Meeting of the Association for Computational Linguistics, ACL)
FIE SRIE S AL FESZE k2 (Conference on Empirical Methods in Natural
Language Processing, EMNLP) %,

S 3 Hk

JEE B sl AL, B
2016. ISBN 978-7-302-206853-6.

http://cs231n.stanford.edu

http://web.stanford.edu/class/cs224n/

http://www.iclr.cc

https://nips.cc

https://icml.cc

https://www.ijcai.org

N R W N

http://www.aaai.org
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MBS 5 5] R AR B AL 42 00 B B A 69 T AL R R AT .

— Mitchell [1997]

B HE, MLEF 5] (Machine Learning, ML) A2kt H ALK 48 F 3
Faahss, FEEMER (IAE) EN—T15R, PlLaRsiEmE e —2m
UL S X Sl ) i, Rl MO s CREAS) AR SR, R
) BIMRAE (REAY) 6 SR B IC 2 I F 5 14 A T T30

LA 22 2 1) @E L 1 TRE S 228 5 RO AR KR A (Pattern Recogni-
tion, PR , AHABEFR AT I ) T BAR IR FHAE S, HEROGZFH AR 58
P, AR XTSRRI R T RATARM S, RS IRES 5%
B ARFRATAENE B SR WA ERIR), B R N T3 — RV R
filf LKA 55 . — AT 7 2 B — N R AT BUE T BN B S A AR
FEA B2 S i, IR F RS A MR S5 . B HLAES 7 S BRI B
SRR, BIAENLAS 7 T RSB B ARG, BRI — 28 ) S i ik
TE SRR

PLFBARE R0, AT kT EALEE A sh iR F 5 8T, thn
B2 19 T, K S IRBAT 5, % ORI AT 6. FERTRME AE
BRI 5 DTS, X ACRUMBRF S, EXTHENCRULA 2 A FRATIR A
RESFNF T E5HRAE, 508 X AREFRHN, Kt —&R0E
EIVF R B LFEA TR S . EILSLATE T, IR 2 ) @ H AL T T 51465
FARBZ R, e iAiR . TSR AEE . T IR ISR, FRATIAN R
T — N LR 7R M v, RIS AT DLdid — 28 5 2 O Sk s B,  Had 2
WRMILE M Bk, AITFESECR A 5 —MUaE, Bk “8&” K&
PIREAS, FF N 22 2] B — L8200, SR )5 XSS R0 KRBT I REAC . 0
B, weEE N TR RERN TS50 B (B ARk R G #@EE A\ T
Fric TERMT AT, XEEGAEANZGETE, )58 S 5k A e s —
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B AR AL T A AR R B B
(Attribute) .

# A& (Sample) , &34

(Instance) o

EAR Bk, REELEF
#r A iE4E (Corpus)

H R FTH G R A IR AR A
HALA, FEABAHBREAT
HAFIERE, ARFH2.6T.

EREGMS: (FREMBSREF )

BRI, JRREEERIRBMB T ST ARSI B L EER L, &
MIBUNZ T B R R R R . Xl e B e o S TR RUAR v 25
5 3 T3

60000000000000020000
/A2 T T A YA I A S Y A I
L22422222238A232223%2
$33313533%333305214,83%33
H9H4H44HdY 419 €EH 49447
SHE5H5575855585555855=2¢65
bbbblbbeCboebtbébe
7717327721717 F1 ¥ 177
SEETICBLEB3¥ETLLILBOTH
A?7997992772999994994

2.1 FEMEETIRARE B FRIE [LeCun et al., 1998])

ARBEIAFNARFE I W EAM S TR, FEREMH R — M L e
2SI, &bEa,

EA &

Rl IR o L A B S R ST Gy £ O NN i (TN N i
ARES . U NMEFE P AR S0, RSB N B R, H
e AT IPRIE TR R, WA BA IR I 7 5] RARPUR LR ?

B, BAINA EEEHLE A 22 R, SIS PR 4 4E (Feature)
» BEEEUE, KN, TR, 7, R, DURIRATTE BN AR & (label) o 45
Zr LUESHE (LIS T e R . K LS I ZRE 1T 50, AT b
BHUE (Eetn “aF” IR PEARZE)

—MRIC PR AE DL S AR A TR T DLEE R — M A (Sample) « —4HFf
AR EFR N IEE (Data Set) o —HOREIRE D NHE 77 YIZEER
WAL . M2 & (Training Set) THIFEAE FRIIZREALI, Y ] 254 A&
(Training Sample) , MM3X % (Test Set) HIFEA & H RATIGAL L UF IR,
AU XA A (Test Sample)

BATH—=Ad4E M E x = (21, 20, , z4]" T — DTSR B BTA R BT
M, MN4IE® = (Feature Vector) , HH&F—4ER R —NFAE.

RWINGEER N MEARAR, HAPR N EARE R ZR 2% (Identically
and Independently Distributed, IID) [, BEAS7 30 MAH [ 15508 5347 o il Y

2.1

https://nndl.github.io/
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1, A

D= {(X(l)’y(l)), (x(2)’y(2))’ e (X(N)7y(N))}. (2.1)

R NGE D, BABiLHEN A S I B2 f(x, 0) REL AR
ARFPE B x FIBREE y Z (A B o T A x, ATTAT DU P 5 pf ok

TN AR 2 ) L
§=rx0), (2.2)
BFRAE AR
plylx) = fy(x,0), (2.3)

Hrp g N S5

i —N% ) ik (Learning Algorithm) A, TEUIZr5E F4 T —H 24007,
{EAF R f(x, 0%) AT LLEARLE ST R R . XN FEFRCN S 3] (learning) BX
e . T P ]
W (Training) 2, BREL f(x,0) R NAEA (Model) AR, B A

TUATH TR GUBREAS) I, WTDARIE PR IVRAE, (22 13] 8 2E (Learner) .
B £ (x, 0% ) RITILE RALFIR . N T PO IEAE, FRATIE 2 AT 5] 73 Afi b
I AHFEAAE NINREE D, AR S A R BT I, TH ST 5
RAHER A

Ace(f(x,0%)) = D Z I(f(x,@*) = y)7 (2.4)
(x,y)€D’
Hrb 1) NfaasmE, |D| IR RN B2TH AR SRR
BI2.245 T HLES 2 o) A& o 6f — AN TIIIAE 5%, NFFE R 2 A x, F 7
HARZE Ny, BATERE —NREf(x,0), W28 AM—HNGEAD, K
P —HFRMSE 0", HRNRARIE f(x,0%). XFEHUAT AT H I x 347

T
x —| f(x,0 y 5 p(y[x)
i o finth

Oy, ——( A

WFEARE S 2SR
K 2.2 HlLE822 2] RGu Rl
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X2, N BIAN A
B4 AE S 1],

MFoREA, —KAT X
SbB, S RAK(3.3),

2.2 B ZEIN=AELEZ

B 2% 12 A IR RO e dfs rh e >0 (sl “5 007 ) Y B — B R,
T DA S 25 R B AU L BRI A Lo LS 27 SJ 7V AT LUK 3
IPNEAFEAREZR: AL S EN RS

2.2.1 RE

—MHLES A ST 55 B4 7 B s A N S IA) X R s IR Y . AN RIS 2
SUES WM EBEXBE TR ERAR. EHESEHNETY = {+1,-1}, £C
FKaRKMEHY ={1,2,---,C}, MEREMEFY =R,

AN YT K s vl TNV 0 A et A 7 Nl L1 B i i £ N TR BB SN
(x,y) € X x YV, BUEFALE—DRAELB R g : X — VR

y = 9(x), (2.5)
B AR R RS A
pr(ylx), (2.6)

WLAR 2 21 H AR 3R 31— /MR Y SR ALl B S R 4R g (x) B S 4% PE M o0 AR
Dr (le) °

FH T FRATTANJ0 T8 3 S (1) B R g (x) BREE AR50 p, (y|x) I BARTE R,
BRI 250k 1 2 — MR R BUEE A F, FRONMR L= 18] (Hypothesis Space) ,
SRR IRV ZR4E D _ERetE, MRk — A48 % (Hypothesis)
frerF.

fR 23 18] F 3l H O — S HUL e Bk
F={f(x,0)]0 € R}, (2.7)

Horb f(x,0) MR P R, 0 8 —HA S8, m ASHEE .

H L ERABBE A B AT DA R A A AR AL DAY, X B AR f 73 S B 25
PERL R AT 2 AR A

2.2.1.1 ZMiRE
2R PR TR B R 2 ) o — NS BRI 26 PE Bk B0,
f(x,0) =w'x +b, (2.8)

HZ 8o ws T REREwMWE b

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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2.2.1.2 JEZ&MiRE
ISR AR R 0] DU N 2 AN AR MR SR AL o (x) BRI &
f(x,0) = whp(x) + b, (2.9)

HAop(x) = [¢1(x), ¢2(x), - -+, O (x)]" A K DAL i B A B 1) &, 2450
OB E TR AR w A E b

W p(x) A& A2 IR R AL, i
dr(x) = h(Wie' (x) + by), V1 < k < K, (2.10)

Horf h() AR RS, o (x) A —HIEREL, wy M b, AATZES AL, T
f(x,0) B TAb 22 B A5 A8

2.2.2 ZFIEN

BINGED = {(x™,yW)IN_ EH N A kZRE 45 (Identically and In-
dependently Distributed, 1ID) FIFEARLRM, BIRMEAR (x,y) € X x V&M
X R Y (I 2 ) Fh A B A SR A4y (x, ) BUSTHBBEALF= AR . 3% HLEER
FEARD AT pr(x, y) LA E R CERIATT LR RFNRD, ABER R .
R (x,y) AR, FATHICEIE IS X S8 475 .

—NMFIRETY f(x, 0°) NAZTERTA (x,y) AT REEUE b AR5 5 ST WL pR 4k
y=g(x) % U

lf(x,0%) =yl <& V(xy) e x), (2.11)
55 B A7 p, (y]x) — G B
|fy(x,0%) —pr(ylx)| <€, V(x,y) € X x, (2.12)
Horpr e & — MR/ IERL f, (x, %) ARERLTII ) 5% A A 26 43 A oy 5 82 R SR o
P £ (x, 0) FIEFSR AT LT # 2 K % (Expected Risk) R(0) K.
R(O) = Exy)mp, () [£(: £(x,0))], (2.13)

Horbpr (%, y) NESERIEEE AT, Ly, f(x,0)) HEREE, FREAANZE
Z IR 2 5t o

2.2.2.1 IKEH

PR R BOZ — A AR SRR B, FOR AR TR T AN S SR 28 2 AR 22 57
IR ZEPAR s AR L DE O N

EREMS: (FREMBSREFS)

X E AN AR A 6 5 S
RKE#, BIFah7 XH KL
LS ESE SN

R R e AR A B AR
(Expected Error) o

https://nndl.github.io/


https://nndl.github.io/

30 2019 £ 4 A 18 H How  HLAR MR

0-1 FR5R R # S B0 2% R BB A AR OO () B iR 2, B 0-1 K B 4L (0-1
Loss Function) -

0 ify=f(x,0

L(y, f(x,0)) = v=I00) (2.14)
1 ify# f(x,0)

=I(y # f(x,0)), (2.15)

HrpI() 4R

HAR0-1 0 K B0 2 M A PRI L AU IR, (RLBR i R B ME AR ARG - A
B HFHON0, MM, g H S ] R4k iR U A

ERRKEB T Bk 4 (Quadratic Loss Function) 45 FI7E TFRZS v
NSEEE RS .

1 2
Lly. £(x,0) = 5 (v = £(x.0)) . (2.16)
S T5 AR R AROANIE T 2R ) R

RXIEIRELRE L Bk &3 (Cross-Entropy Loss Function) — 8 H T+ 4
K. BRI Sy € {1, CNBHEIER, #8 f(x,0) € [0,1]° 1)
i tH 2R bR ) S AR o A, BT

p(y = C|X, 9) = fc(x7 0)7 (2'17)
iR
c
fox,0) €0,1], > fo(x,0)=1. (2.18)

FATAT LA A C 4E ) one-hot [l &y RERFEARIRZE  BBFEA IR ZEN
k, MAbrZmEy RESEEREAL, ERTRMET N0, WEHEy L
GERFEARIRZE I B S A, BIEE et (iR y., 1< e <O £FACc
MR BRFEARER N, WA CETHERIME N1, HERMg
EH0.

TP R AT, — T PSS O R eI ZE T by
Aii y RUBLBS T 346 f (x, 0) Z A2 XN

XIXHAERLFE3 1T,

L(y, f(x,0)) Zy log f.(x, 0). (2.19)

c=1

EREAMS: (FEMNESREFS) https://nndl.github.io/
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eyt T =280 K, — AMERRRE R E Ny = (0,0, 1]7, BAFEK
PR AN f(x,0) = [0.3,0.3,0.4]", MIEATHIAE XA

L(#) = —(0 x log(0.3) 4 0 x log(0.3) 4 1 x log(0.4))
= —log(0.4).
K4y A one-hot &, 23 (2.19) A LLE N
[/(y,f(X,H)> = _1Og fy(xa9)7 (220)

Horp £ (x,0) WTRABAE RS0 y BIRMR B EL. DRI, 58 SORGH 2K bR E 7k 22 97
T H AR K L H (Negative Log-Likelihood Function) -

Hinge 5 BRE X T W28 K im i, i y A f (, 0) IHUE N {—1, +1}. Hinge
WM& FH# (Hinge Loss Function) AN

L(y, f(z,0)) = max (0,1 — yf(x,0)) (2.21)
£ —yf(z,0)4. (2.22)
2.2.2.2 K& H/MEAEN

—ANFRIRER f (x, 0) N9 A EEBUN TR AR, EH T A RE I SER
B o A A BR R, SeBR B IRVETH SIS R(0;x, ). € — DIIZREE
D= {(x™,y™)IN_, FATHT LR Z 2 3% A% (Empirical Risk) , BI7E
AR L RIF Bk .

N
RG™(6) = = > L™, f@™,0)) (2.23)
n=1

BRI, —NUISERATAT 2 ST HE 2 4R 2 — H S B 0+ (250 KU B/
0" = argmin R (6), (2.24)
0

XA 2 3 K & L (Empirical Risk Minimization, ERM) N,

TG R ALCEE A, HYIGEARN D i TIE55 K, 8 XK
) T KU SRTTTE R DL T, BATTCESHOC RN ZRREA, I H 2k
AAEAE RSB I — MR TR B S — e MR A R, AR R
R 2 RO A L SE A . 22 R iR ML TR AR 75 5 3 B AR I 2R 4R AR
FARC, (HRARFEE EARB R E . X HE L4 (Overfitting) .

EREMS: (FREMBSREFS)

0 R e AR A 2 g A R

(Empirical Error) o

do AT AU SR A A
T A A FE PACH b, AL
%2.8.1%,

https://nndl.github.io/
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£ %0 E N kAR
BT

O 8 B M OR B AR
7717

GE W AR a9 Moot A R AL
%2.3.1.4%,

EN 24-FWE: HE-MBRETEF, —MREETF, W
e A R f MR T F, AEREUIZREE b f R EL £/ /), (HAE
BAFEARTE L fH f kAN, AR fad S I gh s
[Mitchell, 1997].

TP A 1) AR A A HR T IR B 2 R 75 DL R A R e ) i S i R 0 )
N T RS PLE A, — R I KRS e /MG IR Rt B T 50N S I ) A
(Regularization) , RFRGIFIALGE Sy, A H A i NMEA IR ARG o X Fiite
M5 A2 25 A RS 3K (Structure Risk Minimization, SRM)D #EN .

0* = arg min R52™“(0) (2.25)
6
1
— argmin RS (0) + §A||9|\2 (2.26)
6
N
1 1
_ I () f(p(m) —\||6]12 2.2
argemmN;L(y L F&T,0)) + A0, (2:27)

oo (|6 2 0o YERTE R, FISRID B 5O, BEG i indes A FEIRE I IE
A F B

IEN AT T A L E e, bedn 0y Yok 0 JEE 51 Nl 2 {152
B — Mg, RIUEIR 2 0k the W 8 M o 78 DU 2 2T i R, IE
Wt R B e 7 S8 et oA, AN e OB R -

B, BLER S S 5 STHE N IR AR I A I 28 B8R, [RII th 22
FEAZ A IR IR AR 20 0E — D IIZRER, HLas7 > 10 H AR R MBS R 4R 21—
MZAER BRI “BHAR” MR, DURESE A st RENIAEAHEAT TN, el 2
AENGREF HBLAEA . Bk, PlaszI T EER - PAAR. mgE.
Mg (R Rl _E A S — AR A iz A

A A0S B — M /2 K 44 (Underfitting) , BIRRALANREAR I 4L
EUNGEE, EIGERERELE R . KOG B2 b TRBEE /AN i
(. 2355 T RIUE AL E H7R Bl .

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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Rty IE# usVRes

K 2.3 KGRI G 7R

2.2.3 MUEZX

FERE T INZREE Dy BRASIA) F DA K 2 ST HENI s, S oy .81 s A0 o 6 2
F(x,0%) i T —AS A (Optimization) [/, ML= > I 250 F2 L St
e A T SR A A

SHEBSH EHSEETH, AT LI AS RS it B
f(x,0) T 0 ORI 28, W] Dol A BE AT 5 ). BR 7RSI S
B0 2Hh, B KSR RE R S B SRS 1, XSRS H (AR
£ 4% (Hyper-Parameter)

WL RIEET ISR A, B T BRR AP IR
MR LMK SRR IR . BRI — B2
Hafiem g, REEE A RER BB B, @SR
AN RIRIEIRGRAEOR, W RZRANRRB0E, s @R K IriEx
— S H ST AW A .

2.2.3.1 BRETMEX

NT AR R AT — S Em R SOARA T, ELan S EERR . A
WESE, AR ZHLES 5 1 I VR R T 3% 350 B R A5 K R B DA i — it
BREVE AL B AR B IR 2R CLhinspZ g i Hbsg ki, H
BB T SR YRR 38 o) s B A A -

ANTEIRLAE 5 3] B X AIAE TR | 5 ST (B3 2k s 80 FIAR AL SV I 22
S o A I AR ASE 2R A AT DAA AN R ) 2 20 B9 o L a2t R AT R AN 28 | logiistic
VRIS RE I AL, B AT 18 A 22 S A TR 1 A [ f 25 >0 o I A AR A SR

TENLER2E I, R, H R SIR AR AR A T ok, BE AR
ITVER AN D b XU B 5 e /M
ORp(0)

00

9t+1 = Gt — (228)

EREMS: (FREMBSREFS)

ENeH 7k, ABAHT
VAZE AR F B R B sk, BPpdz
ISR = Sk ik = /88

ABBFOIRAA L ET.67 o

https://nndl.github.io/
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1 N
=0t—oz-ﬁz 5 , (2.29)

Forr 0, e t DGR IS HUE, o HEZP K. EHLETIH, o — B8NS
3 % (Learning Rate) »

2.2.3.2 REMZELE

BEXTEREE T RERIOLA SRS, B 7 INIEAL I 4t 38 AT LA 52 A4 1k
B I A

ERRE TR R, T E R ER, ENgGEAR B2,
HA—EENAE ERft. Fik, BT IIZGEMMREZ S, At —
M EiE % (Validation Set) SRHFATHIAY GRS, MAMAEISUFSE 2 5 m il
TERFUGEACHS, A B HIRETY f(x, 0) EIGIESE Lt a7, i BEE R %,
WUERTEREAR ERE RZFAR TR, SiiF 1SR XM FEE IR AT 1% £ (Early
Stop) . WEREARUESE, FILLENSGRE BRI B —AN N Eu il i 1 84 N 5RAiE
o B2.4%45H T HERTF IR

»iE B v F R &
(Development Set)

B %
ST

IEAIEL

Kl 2.4 Bi3RIFIE

2.2.3.3 FEHLERE TFEE

EA (2.28) BIBEE T FEET, HARREURBEANINGE LIRS R, X
77 NP2 4B T % (Batch Gradient Descent, BGD) . fltE#HBF R[4k
TERF OB 75 B SRR L R BB BE BE ISR AT . M ZREE A IFEAR
BE NIRKE, FAEERELRE, FRERBTEIFH R K.

TENLES 22 IR, FRATTBGARE AN FE A 2 ST 1) 40 A P M\ B SEE0HE 40 A B

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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BUHECE R, BRI AL H bR B8 XU e/ o SR EERR B2 R A 24 T R A E
SEHEHE AT R N ANFEA, I EATE B R 1) 22 5 KT R R FE SR AL A
PRSI . T D FIOEARITHE R AR, FA T A DU A A A
RE—MEAR, THERXAFEARIR BB IS LI S8, BIRAUH L T Ik
(Stochastic Gradient Descent, SGD) o {Z& i W IR IIEARS, FEALERE
N Bt R] DA SR R B LA [Nemirovski et al., 2009].

BEHLES N BRI ZRd R an 30221 5

B 2.1: BENLERE TR

BN WHED = {(x™, gy, WiFEY, ¥ IHa
BEBLBIAR 1L 6;

repeat

3 | MNZREE D RIREABENLHE HE P

4 forn=1---N do

5 MINZEE D IR A (x(), y(™));

AR EE =

oL (9; x(n), y(n)) '

=

N

6 0+ 0—a 50 ;

7 end

s until A f(x,0) £RIEEV LaGRIRET AT 4,
Hidi: 0

FLE RO BEATBEATURS LR B 18] (9 IX 0 T4 OB AR AL Ak H Am 2 xE B
AR T4 R B BOL 2 A FEA IR R . BEALBGEE T B DR Dy Se L 7 52,
WSS FE AR, BRI AR T2 . BEHLESE N B AR 2 T EfE 26 B T R
MR ESIN T BN o 2 HARBR BRI, S a] DAk 25 )= 8 eIt o

NEEREE TSR BEHLEL T BRIER — A s i 2 e E R R H v E LR IEAT
ERE ) . D MEHIE T %% (Mini-Batch Gradient Descent) seHtERHE T
FEANBEHLERE T R4 . BRUGEARRS, WATBEVLEI—/NB o I GRFEAR T
IS, X AERE AT CAAEBBE LR BT BRI s, ] DA Sl 2R

Ft YGRS, BENLER NS K MEAN TR L, MR T4& B
FEAR R R B BE LI REAT TS, AR5 B AT S HOE ¥

oLy, f(x,0)
6t+1<_9t_04'% Z (80)

(x,9)€T:

(2.30)

EREMS: (FREMBSREFS)

FEALAR T 6 ik ] 38 F 4
BT,

Ki#F ek BEMmE, — &
A1~ 1002010, £FFEE
AdAhTRESTHEAE, @
FIREH 2N KT .

https://nndl.github.io/
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EREZHS

FESEBRNLF A /N REALEE BN BT i ISR, TN
SHEIZEHR 1 R BB 5 25 =T ) 2 EALAL S92 [Bottou, 2010].

2.3 #HREFINERRAE: L0

FEARTH, FRATEE — AR R BAY (ZPERED SREAR T AENLEE 5 21 1)
— RO, PLAASE S STAEN (2 XU e/ SR KUK B /M e RALSR
flith. RRFRAGT) ZAFKR.

&M E)3 (Linear Regression) ML > MG T2 fge ZE Al AN 72 B
(RS, S —vfooxd [ A BRI DR AR B 2 8] ¢ R AT @RI mF 40 . H AR AR
NINFAFE=RE, GEERERT INRASZ L=,

ML TS, BRI R AR x e R (fE—4E0f [
—NEZE), NEERHRSy, XHyec REESE (LHEESEED. ik
7 ) j& — H S HAL I 2t bR 3

f(x;w,b) =w'x +0, (2.31)

TR ) w A B b H R T 2 ST IS HL BB f (s w, b) € RO &R AR

b2 >

AT RN, ®ITEAR (2.31) 5N
fx W) = w'%, (2.32)

Soi B A BIRR I AR S A

T

-, (2.33)

[I>

»>
I
»
2]
—_

wabE o, (2.34)

=
Il

Hrb @ & SOV R I PHEERAE .

(FENESREF) https://nndl.github.io/


https://nndl.github.io/

2.3 ML= RG] ik me 2019 £ 4 A 18 H

37

AR, AT Ja T A T BATR A AL R s, B w Al
X SRR R TR [ B ARG RRAE ) . BDAE R SN f(xsw) =

wTix,
2.3.1 B¥FI
Y —HAE N MNGREARNSGED = {(x™), gy}, 1 <n < N, BA
T SRS 24 2] — N R R T IR T S 4w
FATINBUYFDASF I ST T73 . B56 XU B M g5 RS B /ME - B
KRAIRAE T e K RIS .
2.3.1.1 ZRIEXEER/INME
FH T 2R A% (R A R AR 28 oy RIS ) A o 0 A T 2 1 SR, TR~ i 52 2K R 4L
AR W A R B SRS T bR 2 6] [ 2 57
MRG0 RS B /IMEHE], INZREE D EIIL I RS E SN

N
R(w) =Y L™, fx™, w)) (2.35)

n=1
1Y 2

I (n) T (n)

= y\" —whx (2.36)
50 ( )

= Lly - X"wP, (237

Hrjry € RN Z2HBAMEAME LR D, -y W) HRIF &, X e REFDXN

FFTARIAN x| xR R

[ (2 (N)]

1’1 l’l ... xl

x=| | (2.38)
OO M)
11 1

RS PR R(w) /2R T w B R, Ho w WS 50h
OR(w) _ 10 [y — X"w|?

ow 2 ow (2.39)
=—X(y—X"w), (2.40)

& D R(w) =0, BHBROSHw
w' = (XX") "Xy (2.41)

EREMS: (FREMBSREFS)

o oM x & H# AR
$2.221%,

AT RRARR, &ZHRE
HHAEBT L

(XXT)"1X & AR A X 891
i 4B %,

https://nndl.github.io/
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R BM A — ANFAETT A
I Al A A B M 2 A R AR
BOR AR RIAM

N -1 N
= < Z x(”) (x(”))T ) ( Z x(”)y(”) ) . (2.42)
n=1 n=1
IXFh SR AR LR [FA S 7 vk & s — e sk 453+ (Least Square Estimation,
LSE) . K2.545H 7 H &/ = eikAlivh ik kit 17 2805 ST bl .

2,,

y = 0.60-x+0.52

K 2.5 Ze LR JA7R

RN IR iR, XXT € RUEADX D) Dife e i pe, B X X
FEHIRE (rank (X XT) = d+1). WU, X H R ATRHIE 2 [ 2 2 A
Ko —MH IH XX AR DUEFEALE NN FRESE (d+ 1), XXT
MR N XN SAFERZ M w*, W UMER R(w*) = 0.

XX ANRER, R UAE A A R M A R OR AL B BR A AR
L AR, 285 PR e/ 3l v JridoRoR . Bl 2 dlad RS T
BEoRoR . HItRtk wo = 0, JERL R A AT IEAR,

wwtaX(y—X'w), (2.43)

H o @222 %R, XF AWM R N ) 77k £ (Least Mean Squares, LMS)
Rk
2.3.1.2 ZHERERNME

5/ ZIRIEAG T IR R AR LR R S ANRIIE 2 (8] A BT, fRIE X X T R,
HRIAE X XT38, W AURRIE 2 (A A] Be 2 A BOR I & &t (Multicollinearity)

WG XX FESE E et 5. BeEf X E - miishis =
BUXXT)URAERK A, i Hoh —EM T AR RARE . A

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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TRRPIXAN F T, Hoerl and Kennard [1970] $#2H 7% =12 (Ridge Regression)
4 X XTI TR AN B AN E RS (XX 4+ XD iRk, BIHATSIR
AN0. IS E W K

= (XXT + M)~ Xy, (2.44)
Serh A > O WG E IOESE, [ 0¥ R
W& [ U (4D i wr B DU AR 28 AR KU 3 A B ) R a3l fili it
R(w) = 3 lly — X*wl? + LAllw]? (2.45)
HAr N > 0 AIENL R
2.3.1.3 mAIAAMIT

LB SR 55 AT LA R I, — R REAR IR ) e AR 3 2 W
FELEARRIME IR R y = h(x), 5 SRA MR plyo) RIS RS
2.3 L1 A G D el TR B T 55— 28, B R x RIARAS y 2 19 1 66 4
SR EAh, LRIV TT LU RS p(y|x) (5 BERIEAT 20tk T

RBRRSE y AN R, FLAREMDUIEN f(x, w) = wix Jyrhis, J7
%0 o HRG M -

p(ylx, w,0) = N(y|lw™x,0?) (2.46)
1 (y — wTx)?
= exp ( — T) (2.47)

S w RN D FRIM AR &% (Likelihood)

N
ply|X,w,0) = [[ py™x"™), w,0) (2.48)

n=1

(y ™ wrx™ 52), (2.49)

I
||,,':]2

Hopry = [y®, - yWT NFTE AR R &, X =[x, xM]N
A REARS AL ) S 2 R AR AR R

R T TRV, S BAER ek BCBUG 50045 21 34 Sk B 48 (Log Likelihood)

N
log p(y| X, w,0) = Z log N (y™ |w ™™ 52). (2.50)

n=1
R’ AR AETT (Maximum Likelihood Estimate, MLE) 238363 —4H %

w TR R E p(y | X, w, o) K, A T X EUUR B3 log p(y| X, w, o) K.

EREMS: (FREMBSREFS)

N
=
&
e
[N}
S

X F x A AR R AL S A

AR B R KT T AR ARG
L 2K p(x|w) F= 2 % p(z|w)
Z ey ROA AT B E

p(x|w) A FE B2 54w,

ML Z xRN, ™
AR p(|w) W] A 43K € 4n [
WEF i, Tﬂéﬁij‘é"{iw
Xt 35 44

https://nndl.github.io/
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N e o SRR

(2.41).

noet Mo XA R

(D.32),

DEAFwW RKTEE,

Gt B AL FH 1129,

EREGMS: (FREMBSREF )

% dlogp(y|X,w,o)

:O’ /‘\H |
o 33

wMl — (XX™)"1Xy. (2.51)
x ATUAEH, SRR T B AR AN B /N SR T B A A [
2.3.1.4 wmKXFEWMAT

B Hw N BN E, RN DR p(wlv). fEERL, —
4 p(wlv) A R R e o A

p(w|v) = N(w|0,%1), (2.52)

Hodr 2 N —4E LRI 2%
M DI A2, TBASE w I B iR 5 (Posterior Distribution) A

EN

p(w,y|X,v,0)
X - 2.53

x p(y|X, w,o)p(w|v), (2.54)

Hp(y| X, w, o) AHw R EL, 2 XL AT (2.48), p(wlv) A w L.

XA TS 8w 5 B NE R0 A (T IERR O W et 45 7t (Bayesian Esti-
mation) , &gt ST, R DU Al TH A 2R Bl I AR Dy ety 4%
B Y2 (Bayesian Linear Regression) o

DUl g — A S E X G T, RIS EE— AN XE B R oA . iRk
A BRSNS EE (R Efhit) , TRMERR RN ERMAT. R XE
I 4kt (Maximum A Posteriori Estimation, MAP) Jj&fa RS HON 5510 0 A
p(W|X7 y,v, U) *M%%E%%%%ﬁ“/o

w4 — arg max p(y| X, w, o)p(w|v), (2.55)

SRR E p(y| X, w, o) F2A 3K (2.49) g SR 8 B RR 2 IS 56 70 A
p(WIX,y,v,0) RECH

log p(w|X,y,v,0) o logp(y|X, w, o) + log p(w|v) (2.56)
N
1 n T n 2 1 T
x 53 2 (y( ) — wTx! )) 5V W (2.57)
ez Lt
= =5z lly = WX = W (2.58)
FULE Y, ORGSO ME RS TP R G5 vk s M, o e L R4
A =02 /v,

https://nndl.github.io/
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5 RABLIRA 1A DL 4 TF 0T DA AR & 006 22 YRR DL By 2R % 75 Ak 1
HISH w AR . Mv — oo, LI A0 p(wlv) B NIIE A6, RN
TAE &% (Non-Informative Prior) , # KJE AL 1B At KSR

24 RE-HFEDHE

N T G I O G, FRATE T SRR B4 A e ) AN Rk FE 2 TR) AT LA . 90
BRI — B R ES RS, BB G . Mk, R R I
R, BRHAERE, TR SERMG . K, Wi 7EBAYEe /3 f
5294 FE 22 (A UAS — AU (R P — LS S Sk e B e £ -7 £
2R (Bias-Variance Decomposition) NEATHEAL—MEIFFI 98T F1i8 5 T A,

PR (o] A B, R BEREAS B LSR8 pr(x, ) FFRAIT T3 B0k R
B f (x) IR SRR N

R(f) = IE(x,y)NpT.(x,y) |:(y - f(x))Q} . (259)
4 R By
£ (%) = Eymp, i [4]- (2.60)
Sofp, (y[x) WREAR IO A, () S I 748 2% A A0 A
LB, HH
£ = Epeyyop e | (v = £70)°)- (2.61)
11K e 2 T REAR A DAL A SRR, ToikiE i ARk b
W E R AT Lo A
2
RU) = By o | (5= 760+ 760 = 160) | (262
2
= Ex~p7»(x) |:<f(x) — f*(x)) :| + ¢, (263)
Forn 55— T2 2 AR R AR R 2 TR) () 22 0, Je ML 3 2 =) Bk T DAOLAL I B

K HAR.

TESEBRINZR— MR f(x) B, IIZREE D RN EILDAT po(x,y) ESL[FE4>
A R AR ORI IRFEAES . ARG ESBRAF ML, £ fp(x) &
INTEVIGREE D 2 2] BIRIREAL, —AHLEsS ] 50 CRFRBR L RS 1)
B8 ST LR AS RN 2548 B pAsE B T 24 RESR VAR

EREMS: (FREMBSREFS)

KT AR £-T5 £ 5 R VA
w3 E) A A ], A2k bR
Mg FoE£RA,

X R EE T AR AL,

Nt
Ea
&
&
[\
oo

A3 X(2.60), ExEyly —
[r(x)]=0.

https://nndl.github.io/
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Xt ERAEAR x, AFRVIZRE DA RIBR fp (x) RURMAEE £ (x) 09_E K3
RN

Ep| (7000 - £°0)']
= Ep {( fo(x) = Ep[fn(x)] +Ep[fp(x)] - f*(x)>2] (2.64)

~ (Bolfotx)] - f*(X))2 +Bp| (060 - Bolfo]) | (209

(bias) 2 variance

Hrp i — TN e £ (Bias) , &4E — MR LA I 2R LT Bk e A i i
PR [ 22 5 o ff 22 T DA RAET i — MR DL 5 RE 705 56 — T 77 £ (Variance) ,
AR IRBEAF I ZE LS, TUAREE MRS ESEIUE .

54 A (2.63) F1(2.65), WIHHHRAT LA

R(f) = (bias)® + variance + ¢. (2.66)

Horp
(vas)? = x| (o [£o0)] - 1°G0) | (2.67)
variance = Ex {ED [(fp (%) — Ep [ fp(x)] )QH . (2.68)

/MU RSSO T i MEIR 22 A5 222 A0

Bl2.695 i 7 Bl a2 > SR 22 A0 07 ZE DU A A R AL S 1 L. AR
DR NRIUER f*(x), BROIARNIZE D LRI fp(x). K2.6a%5tHh
T MEARE L, 7 AR ZEA LB . E2.6b A m i EIRTT Z R, FoR
B Rz AR RS, EMAERE AL . BI2.6¢ MR Z 77 Z RGN, FoR
BRI & BE VAR GF , (EZALRE ST E . Sl Rt LL B D I 2 S BOE LA
K12.6d sl = T Z I DL, R Z RO

T 2 e 2B GRRE A OB o 2B A LB R, 7 25 e, 36
7T LA B SRR i 2. AT LIS ¥ SME S b, %t I
FEAEAELAT I, R (22 R AR 0 )7 23 T
B A A OB, U O A R R, SR T K, M
0 SECGEL A . AR EMEH, FATAT A UH 88 IE 0 b 2 50 ) kel
s xSRI HOEAN, SRS ARE SEE, ORI T %, it
1), Wt (URZES ETF. A KR, RIS R T Tt B, —AME R
TE T FRH A 75 B (R 2 A7 2 2 WD H AT (0T 2,740 0 T B )
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w2 e 2

T3 %

K 2.6 fimZ= A5 22 1 DU Rh AL

PRI A OR L 22 05 ZE W R R B AR Dl o SR AR AR AN — 5 A I
72 W2 A5 22 Hh 28 (15 s

—— variance

P AR

B 2.7 BRI AR . 22 AT Z2 Rl R A E A AR AL 1 L

EREMS: (FREMBSREFS)

https://nndl.github.io/


https://nndl.github.io/

44

2019 £ 4 A 18 H HoEmE  PLEREIMA

— A AT R B
JHRNF3.4.47.

RAWED £ LFOFE.

I ZEANT5 22 53 i en Hlas 7 SRR AL 7 —Fhorbrigts, (AR SRRt b
DAEREMT R, —BORUL, S DB IIZRE LR SRR LRI, R
RN G RE AT, i Z LR XAMEIUAT DI I BRI S b R S 20,
I IE A SR B R R SRR Y . SRR AR IR RO IR LLBUIG, (IR
IESE BB IR R LLB s I, IR A, Ty ZE LR . IR D] DA
FEARBE IR, IRIENE R 3 SINSEIRAE TR M . ILAh, i —Ma
RO BRARTT Z M5 S AL, B 22> v 7 ZE A 1 B R B AR T 2%

2.5 HRFIFERKE

PLES 5 S 50T DAL RN R AR TR AT 70 2 L tndZ R 8L f (x, 0) IASAD,
PR 52 S ST ULy AR AN AR LRV E R R s $ B ST HENN AR, WL
AR A NG TTEREAE G T

BBk, BATAZ RN ZREATRBERIE B UL B0 sA ], Kbl
WA IR LT LR

BEEZES WL S0 H b 2 i S AR AR IR x FIARZE y Z (A )R &
y = f(x,0)Bip(ylx,0), IHHNEEFGBMERIAIRZ, AR F)
MY 5] (Supervised Learning) . MRIFFRZZRBIFIAR, B3] X A]
LAGy e vz fl o £ K.

1. ®2 (Regression) [ IRIARAS y I ELMH (SEREGEZLREHED, f(x,0)
A L A S A

2. 4 (Classification) [a]# i (IFRZE y & BEHURZE A (FF5 ). £E 53 K ]
=) R R N5 £ B (Classifier) » 20 25 0] AR H 280 B2 X aT 70N
# %4 £ (Binary Classification) 1% %4 £ (Multi-class Classification)
7] 2 o

3. M F 3] (Structured Learning) (W 245X 4, Lo,
WERESE . B TS5 M0 20 (1 th s (R LR, BRI R AT — e S — Nk
BRET R, ¥ x,y B OZ A RS RHE R o(x, y), TR
CIPSEVS

¥ = arg max f(qb(x7 y), 9), (2.69)

yEGen(x)

ot Gen(x) FRMN x A T AEROS L FBRAE G o 5 arg max (337t
FRAM (Decoding) 14HE, — M2 i 7 2ok

FEES LEHEF 3 (Unsupervised Learning, UL) 2 WNAEE HFrbs
ZEINZRREA B 3h 5 > 3 — S U E MR B o S I T B o o ) A 2R 2K
AR FHES ). BR4ESE.
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ML EFES] 5%4L5 3 (Reinforcement Learning, RL) j&—JS#id 38 HRZ: S
BLAS 22 21 B0 fEmfe s ), R RARIE AR IR S M — N3 fE, IFE 3
RIS BAE I PR 225l R BRARLE ARG IR A8 B AN 27 21 IR R 4 g, DL i
KA BIHER S ET

R2.145 T =MBLER 2 S RA I LA

e Tl ) ]
Il I £
I B R TR T
{(X Y )}nzl {X }n:l N X
B3 BB G
RAEE = 00sph  po0 RAFKER  MABERE (G
z [f) p(x|z)
oy EABRNML RS S
U mmment N T S
2.1 SRRHLERY TR H
W S B A AT RS, TR T R o B AR — T
W ST AR A bR XL A — M7 5 A T T,

AR Er . R, WL T IR 2 85 BB 52 5] (Weak Supervised Learning) I
Y% 5] (Semi-Supervised Learning) 7775, v 82 MU ) Jo AR B s A
ATEIA G R, FBRACSPREREARSE I ER . 98l 5 SR 2 ST A
[FE T 22 S A T R xCth DL “Ba N /oot ” 177 Nge N GRpEAS, & —Fl
TEZ )5 2 B

2.6 BIRAVFFIERT

TESERRN A, BRI 2R 2R, anseR. B, BG. s, A~
FIZRRF EE, HR4s45iE (Raw Features) HIZS AW AME . o an—ak K & K]
1B (BEEE 0 FIFFEZSEN[0,255]", — A MNEREFAT (KERNL) 1Y
FRAER AR (VIE, Horh ViR ES . MRZ LB ST Bk R M N IR
FRIEREE ErrbE Ry, G, fENLES S o) 2 AT FRAT 75 22K X LA [ S 2 1) 5
PN BRI .

BM&IFIAE TS5 HREFIINES T, FER 2 AR EGR . A 7Rz 24
LA, AT N EUG A fl L — SR AE . W R B2 — KRN A m x n (]
1%, FLARAE R & AT DLR SRR IR m x n iR M &, & —4ER0E 8 UG R X
BEMKEE. AT REEMAER R, BSSEIMA—NESMIRHE, i E

EREMS: (FREMBSREFS)

BAF A R FH 14T,

L —EMBFIHE (b
Je kA RNEEGEH X
B9 4 A,
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ERBEAESLZ AR TR
w E) 2 = 1A A2 AL (Vector
Space Model, VSM)

¥k — A ¥ 33 4 BoW &
7 one-hot M %,

§ o 4 9 B R XA 8 T4
fesb .

AT )T AEAE A A
RAILB F NS, A8
E:ER: SN R SUE 719
T ik

EREGMS: (FREMBSREF )

T vEmbe. EEE, SRR, DGRESE . IR IR T d AN
fiE, IXEERHET LR — DA x € RY.

SARFHE (£ E RS, R AAMES AR, Fily € {+1,-1}
43 R IR B PPN o N TR 2 \CARTE R &, —Fhfi
BT SO 8 R A A (Bag-of-Words, BoW) #58Y , R B ZREE & 1 1A #1
KE—MARY, KKV, MEAFEART LR A | V| 4 Ex e RV,
) B A — 4k oy FMERIR R RIS MR S o P B, R HIE N, &
W4 0.

Fean A SCAS “ 3R AR 7 A0 B IR B AT R B ot
IR7 “3” D94, EA1H BoW £ 7l

vi=[1101]",
va=[1011]".

WA CAB MR RS, AEERAFELR, MR RROR
. M R n ST H A HRHE,  BIEEn NESHRM BN A T,
X5 P PR A AT R . DA (] B — TR AR CRIPIMA AR A
B, LIPSO I SR BT CEBRTL CEXRETL
PREEA “EAS #7 ANAMRHER T, BN —ICRHIE BoW Rox 778

vi=[110101],
va=[101011]".

e n HCEI, nooRH R SR8 BT, ERROV (V. Bk, FESE
BRI, SCARFIEAE R A5 B 900 L B

FRFES] W EEHEE I JFE IR RE R BEAT B0, LA IR e ) B R
FeBEr . XL JFIRRFIE AT REAFAE LU R UM (1D FFIELLE R —, TR EdkAT
IR HEABERIFEIAEH; (2) FHEZ AITURE AR (3) FEAZHT
A WRHEER S H . (4) IR ZHRHEEE 2 52N (5) FEP A —
gl Y

N T R ELE I R RE Jy, FATT T ZEA A L. BE AFIE. &4
FHESRRUE I N 7 AT, fRERENANLHE AR — DRI
B ST RGBT MR MORHE, FOWHIE LA (Feature Engincering) .
HEMEXAE, N LWIHRHEERZ S AR FHE. Bk, Wikl
A5 B 5 5] AT AR RHIE B OIS 7 > i — T LA TR NS, RO A A
%3] (Feature Learning) , tHM%& 7% 3 (Representation Learning) . HFFfiE

https://nndl.github.io/
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SEOIE— R ] DL/ SR AR A R 2 kL ARSI ZRIN ] SR AR AL Ak
REJ). A,

2.6.1 1EGHMHEFES]

P GEIRFIE 2 ] — SO I N st it — e e, R 5 AR X 2 fE T SR ik
A BRI, A ST LA PR e RFAE I AURFAE S

2.6.1.1 4FE%EIF

FiLi$F (Feature Selection) i IR AFFMEE A HI— N E T4, 5
FEF XS F RN R T M R e . i, FriEE S R
HRFHIE, FERICRBIC IR

FERERE P EENRHEE TN T £ % (Subset Search) . R IRIAFR:
MEHC d, WISEH 29 AMeE 74 . RHEE PRI H AR kB — R ik 146
52 ) IO R AR 758, B HLAS 5 SR BURAS 4R b IR e i
AR IEXF T AR FHNINER RO HEEETTS, §—
BUINZE A RRIE, FRNAT®4E & (Forward Search) ; 33 MJRIGRFESE
GG, RO EREICH BIRHE, oA M4 % (Backward Search) o

TEAL RIS Ao it pE A =7

F & X (Filter) J7E AR EARRIHLAE 2 B BRI I iRA (5 B &
(RRFAE, B R i %A 15 B UL [Hall, 1999]. {5 B8 LB 12 638 5

(information gain) R,

@ % X (Wrapper) 77572 JG S0 2% 27 DAY B HER R PR — ANRFE
T TGN G EaHL8s F IR A IR IE, B BR X G ML 48 2 ST
i TCH PSR . X7V A R L3S 2 ) W Y A, 32 B E i e FE A N 56 o

€y IEMME BEAh, FABER LUER ¢ IR SEIURHEIE R . T 6 IR
PERBRRAL, HRRSEHL T RIEE SR

2.6.1.2 4F{EHHEL

FIE IR (Feature Extraction) s& i — AN RFEZS 0], F05 TR UG HRFIE
B A a b . LR TERGE V], BRI E x € RY, S &Miden
152070025 o) R E T & x

x' = Px, (2.70)
Hort P e RF>* 4 gBGTARFE .

EREMS: (FREMBSREFS)
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FFAEAHHCC AT BA 4y 9 M B A e B i 77 o e R BREAIE 2% 2T 1 E A A2 4tk X
XN E P FAE 55 B FHIOARAE, b an £k #2305 947 (Linear Discriminant
Analysis, LDA) o TG B FRHIE S S R BRAE S5 TE o0, H B bl i 2 > 7T
KRELSEERE, Lin £ m5 247 (Principle Components Analysis, PCA) .

220 T LA SRR LR FEATRS AL O i

5] Tl ]

FHIEE £ PREEAHRI TR R G IEN ARBETERK THRER
[N ]

FFAE SR 2R A5 73 H Tty ML 73
WA, B

2.2 G RFAEE PR IO 5

RRAE A AR Al ) D0 52 7T DA 0 BRI SR R 7S SR SR AR AAE H 1 KT
SHFRAELR, HEEEEGER, JREmiR et RN % & R (Curse Of
Dimensionality) . % TR Z % F 1IE AL FIETY, FEAEIE B AVRF ARSI R+ L 2L,
o RIS, FAAER B — R, R R AR A Sl

EMAHLHTTH s L
V28 5 RO 4 35 29 B4 4 (Dimension Reduction)

2.6.2 REFIHE

A& 258 IRV RAE At B — i AT AR Y 1) 2 ) 0 B 1) . Al 1 de il 3 ey 4
B B ) ) 23 A S DT VR A AR, SRS R TR SRR R R — A
BARRIBLAS 25 I A

TR FRA PR ARRAE R 2 75 25 ) RIMLES 5 =) B TN 2% ST A5 B 8 — 31— /M Y
rh ST B ) 5 ) B, TT DU R R G e AT T A — B 1K
RN TR N IR B 5 5] (Deep Learning, DL) o VRE 53 LA
RUR WA PPN IR 5% S0 I 28 SR it 45 R DT R ERGR2 , BJD 5T Rk B 2 B 19 A2
H AT LA R B 2 v 22 i 2%, RILK 55 4 B = AR Tt 2 =), e =34
RNERF

2.7 TN IEFR

N TR VLA IR, B E NI, AR I
IR MEAREAT I, FFARGE T &5 SR BP0 K

D3I s =~ T AN o T R ST B SN 3 1 R SN E R T <o T O [

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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BERRIET = (O, y0), -, (x5, kRS Y™ € {1, ,C},

22 SHUFAR AR f (x, 0) AP G T i — MR AT L 25 R A Y = g, - 90V,

AETBE B VN EAR N E# F (Accuracy)
| XN
ACC =+ ; I(y™ = g™, (2.71)

b 1) AT R
IR FIUERG AN N A a2 852 % (Error Rate) o

E=1-AcC (2.72)
1 N

=5 2 1™ # 9™ (2.73)
n=1

ERERMBEER AR F LI I BEANERER T2, W R A X RS SR EAT
PEREMGTE, MIRRE A AR R, AWRNELRET ZHTEERR
ANGET22 73 FATIK A LA, AENLER 22 > BIPAN P th gl KB

XTI e R, AAAENREE BRI AT Loy Jy LR DU A I -

1. EIEH] (True Positive, TP): —/NMEEARPIE LN N ¢ F- AT IE
TR co XIFERB RN

N
TP = 3" I = §) = o) (2.74)
n=1
2. 5t (False Negative, FN): —MEARMIFLSLINN N ¢, BB 152 H0 Tl
MEAF TR XEFEARYEILH

N
FN.=Y " I(y™ =cng™ #£c). (2.75)
n=1

3. fRIEM (False Positive, FP) —/AMFEARR B SZZRANHE 2, B R
TR co IXBPEAEEIL N

N
FP, =Y I(y"™ #cnj™ =o). (2.76)

n=1
4. A (True Negative, TND: —MEARM LI HINHEI, BAH T
MNFER ZEMEARBEICH TN X TF0 e R, ZXREH KA

EREMS: (FREMBSREFS)
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T 2531

y=c gFc

y=c TP, FN,

KA
y#*c FP, TN,

R 2.3 R ¢ BTN GS R TRVE HE R

IX PUFP S L IR 6 R AN 2. 3FT R IRV IR HE PSR R o

FEFE (Precision) , WAKEHHFRIGEE, J0 c IEHEF YR ITA N
I e WIREAH, TR IR 64 4 LA o

TP,

Pe = TP, + FP,’

(2.77)
F A% (RecalD , WA RIZ, KHc AR NEITHHLFR AZI

c HIREACH, TN TR A 1 LA
TP,

Re = TP, + FN,’

(2.78)

FAii (F Measure) & — NG Tabn, NEAERAIA 2 1A .
(1+8?%) x P. x Re

B2 xP.+R.
H g TP SR E AR E M, —FBEAN1. 8= 11N FERKRN
F11H, &R 2RI,

RIEHFRE T E S REIEERTA B0 Er e RS, BREIEMFL
18, &R AFL 15, IR & -F ¥ (Macro Average) Fl#-F ¥ (Micro
Average) [Yang, 1999].

BV A — RV RESR R O SR 24

F.=

(2.79)

C
1
Pmacro = 6 ZPCa (280)
c=1
1 C
Rmacro = 5 ZRw (281)
c=1

2 X Pmacro X Rmac’r‘o
Flpacro = . 2.82
P’macro + R’macro ( )

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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AR R, EA LR R FLER TN Flnaro = & Yo, Fleo

MY 802 B — A AL IR AR SR . XA REAT S, BN
AEB R AN [ Z R A A (BEAHIE 1, BAERZ 0D PRILERh i e A
AEFRPRCFER A FER . R, FLERMPEG AR A E S50
FEARKCEAETNS, EH 2P U RCF S 2P o T/
il LIV FERR .

FESERRSLHT A FRAT T30 5 1 8 o3 SR A ) R B R 3R AT BE A B VRO, BRI
AUC (Area Under Curve). ROC (Receiver Operating Characteristic) 2k .

PR (Precision-Recall) HiZ%. #bib, REZALSER H L TIREN 720, b
41 TopN HERfIZR

RAXIGUE X X 34E (Cross Validation) J&— 7 LRI ) T B i 5 4L 8% 2 S A58
HIGETH M i, v DA R0k T X 43 U SR B8 ANk S5 B 1 B ATL 1 X DA & SR ad
RIS o FATTAT B SR GG B 4R 1 70 o K HA R B 74, BHRE K — 1
HyEENINGE, FITH—HTEMENRIEE . XU T K OR5RH15
B K AR, 31X K MRS B IIRER b AR 2 1)1 R 0 2588 VAN .

2.8 IBRFNEIR

FENLERE I, AR A AR ECE B, X B ARALES 2 S I N RS
PEARH A B

2.8.1 PACZ*¥IEip

A AL 5 ) D7 R R AR DRI R 8 () R, I8 A I B 2 AR K
I PEEE A N GRFE A B DL ) BRSO T B 55 (R e 0 W el
UORBAT AT BOAR LU R, AKATSE, DAy B8 — B BEAR AR08 75 B 1] REME B2
THEAIRE ), NI EER R ORAE, JEIE SALE T S BB RN 2 5] B
Bt KR HE S IS, 55 532 # (Computational Learning Theory)
R THLE 22 I R AL, b R R E R g2 T A LM E 54 (Probably
Approximately Correct, PAC) “~>JFig,

WS 2 2] — AR S8 1Y o) 2 B R R R IO R Z (I I 22 57, B2
%% (Generalization Error) o Z AL IRA] DL & — UL~ BT F 215
n] DUR G- by A B 2R A EE

Gp(f) =R(f) = Rp"™(f)- (2.83)

R4 RKECE R, MINGER/N DR T 55 Ki, s iwErm 1o, B

EREMS: (FREMBSREFS)

X T L m o9 A IR A8 4T,
TAAE (MEFT) AL
4. 2016] 49 F =,

K —# KT 3.

CZAERIRT A SR P
MBI, BAEASH
A bagsrik.
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2R S AT T W RS
lim R(f) — R (f) = 0. (2.84)

|D]— o0

FH T FRATTAN S0 18 B S B 70 A1 p(x, ), A FIEE B SER H AR R AL (%),
DA I S B8 AT RR BRI R A b2 =) 31— N R RS 2 O B R K f (x) =2 AT SEBR
(1. DRI, RN 2% ) BIERE I R EE,  HBR &% S B m] DA R — & (R
A B —NMELUERER %, EPPACH 2.

PAC %2 AT LGy NP 53

—s& “IEfLIE#E” (Approximately Correct) . —/MERW f € F& “iEfd
IER” 1), RARHAEZ AR Gp (f) DT — DA Me. e —BONO0 R 5 2L
0<e<i. WRGp(f) WBIR, VLHIBAIAREFHRMOERM « TR 7.

R CATRET. MRS AR “FTRET L1 — 6 MRS E S) B A
“UERAER” B, 6 BN 0 R S ZHIEL 0<0 < 3.

— N PAC W22 2] L R 1R 1% 5 2] BE R 78 2 T [A] N A& B =
IR b o > B — AT ER Y f(x).

PR -RE™ () <) =10 (2.85)
Horre,§ RFFEASE n. SR FHREOZE. WHREE s, oL KT
SRR A
1 2
n(e,§) > @(ln |F| + 1In 5), (2.86)

Horp | F| B2 E RN

PAC % 3] it 77 DUZE B 4007 — L3S 25 51 07V A0 A4 2 R F T DA% 5]
B AERUERI 2508, AR (2.86) FTLAE M, 400575 SUBURY B2 4 2 ]
HR, EAHAREN, KRB AR

2.8.2 ERBRBFETEIE

AH %o 73 (No Free Lunch Theorem, NFL) & i Wolpert 1 Mac-
erday fESARACERIS TR ) WA S0 F 8 BRI 0 T T A s Ak
Fk, AFEFEMEZN A CHRIERTR N AR RN
TR ) A R, B4 e AR T A — 2 @ E L ATE A R B 2.
R UL, AR BRI SRR FIE IR S, AR EEHEE R R, i
“ B ) AR S AT

B G S TR N T LA 2 ) BE M RIRE . AN —MLER 22 )
RG-S TR a5 . WA NERRE SRR A 1) 8 # T HoAth
TR, M e A ER A

[Blum et al., 2016] & 2 5.3,

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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2.8.3 H/JFZEIR

A g e 22 (Ugly Duckling Theorem) /& 1969 4F FH % 1 E 42 H 1 [Watan-
able, 1969]. “ H /NG LG 1 RHKE 2 (8] {1 DX AT H 1 R BG 2 18] 1 X 0 —FFE K7 iX
MEBYIEFEATFEE IR, HRFMEEELIEFHEAY . FOyH R EA
AFAEARAE B 2 AR, — UIARAUE B AR AE AT 2 I . an SR DA /N A
FERG, HANMGFIE RIG DK TP R B RRGH X (H 2 a0 2R DLRE R ) A
[ERGE, TN T AR 22 5 /N Tl S REA HAth 3 R 38 2 TA) ) 22 )

2.8.4 BAFR1BHIT]

B F455H 71 (Occam’s Razor) & H 14t 2525 William of Occam #2
H R — AR I R “InJo b B, 0BGk 7. BRRAREI T i AR AL 2%
2] FIENAGBAR -0 el MR B A AR DB . R M RE AR
HIRERY, ATz R s B . Rk, FEANLES S SIS ST B, FRAT]
ZE I ANSHOENCR R R ), EERd UG .

BRI TR — A L A2 & ) 4 #8 K JE (Minimum Description Length,
MDL) JE, Bpxf— ML D, SAFHREA f e F e difq 5 & 0 K 40
Rl BgmidK RN,

/MR FE R AT DU I DL 2 5] B R AR RE [MacKay and Mac Kay,
2003]. R f AEHHESE D LR EUS IR N

max log p(f|D) = max log p(D|f) + logp(f) (2.87)

= min — log p(D|f) —logp(f), (2.88)

Hor —logp(f) f1 —log p(D|f) AT LA MIEAF AR f 1) gmhs K B2 IR 1A AN

B D AR . B2 il, TATAMEEMERA ] Ui EdE £ D, th
TUREAGRLR f R AT R #.

2.8.5 PAMRE

FENLER I, AR 2 5 I BEL R S0 2 ST 1) A — SRR, X Bk
KNI 444k E (Inductive Bias) Mitchell [1997]. FLAIFERIIT AR 28, B
AT EABRAERFAE 2 R] A/ o 3 DX sl 98 DK 0 AT ) Jeg — 28 . 7E AR
U 2R AR, FRAT SR BN RIE I S A2 2 A LS

VA9l 4w B AE UL R S i 2 FR o 2 38 (Priors) o

EREMS: (FREMBSREFS)

KL% (Satosi Watanabe),
1910-1993, # 4 0 &5 %,
kWA FR, LARKR
A RFFRHF L —o

EEE RN RAEE R
ey shaE, MR CHAEN
ST,
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2.9 REFRNIRIE

AR E R EIANE T LSS SRR EIR, IR A H e 2 I 2 kAT —
L] F A LA D) SR BARA R B, (HHrh =N AR Ry R 22
STHEN AR SRS o AR 7 BINLAR 7 1 B T VB VR R X =AM AR A
M. WERTFEPOGE T T LA 2 ) R EEARES A& R AT LA 32 (Pattern
Classification) [Duda et al., 2001]. {Machine Learning: a Probabilistic Per-
spective) [Murphy, 2012] fl (HLEs2E21) [JH ELE, 2016].

H ATALE 5 ) i BRI — R R Gt 22 2 07, K HLEs 2 ) in) dUE A
SEGETHHERT R R, H AT ABE— 28 73 P S JRAN DU 2R S AR
BRI 240 B A2 [ e H R T DU IR 28 0 B R R BENLAR &, JF HAPAE
FASI A o AR BIRN TG I AR, AT AR L (Pattern Recog-
nition and Machine Learning) [Bishop, 2007] #1 {The Elements of Statistical
Learning) [Hastie et al., 2009]. &4ttt 2 BRI &R A LAZ 2% [Vapnik,
1998].

IEAh, HLEE S ) h— AN HE N AR LR 2] . Bengio et al. [2013] REiHLS
VR TFRR AWM SRR . MEGHIFRR Y2175, RGP ARF AR
AR5 (WLa52)) [FIEME, 2016) RIS 10 TAIEE 11 .

>R
SRk 2-1 M AT I R R BN E T 21
SRR 2-2 FELRVEREAS, mRBMSEFEAREA (x(),y™) R T —AHUE
K, 53R R B K
1Y 2
R(w) = 3 Z (") (y(”) — WTX(”)) , (2.89)
n=1
WHHERRSH W, IAHTRE ) [1EH .

SRR 2-3 fEeRMERIAY, GnREEARSEE NN THRHER R+ 1, W XXTH)
B KN

SIEE 2-4 FEAMEEA T, Bl us RO 26 4 R e R RN
— AT, AR (2.45).
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SRR 2-5 (ELVEEAT, BBy ~ N(w'x, 8), KA T
KIS HS, RAERISHO AN (2.51) KA.

SIRE 2-6 BBCH N ARER 2D 2@ o e W) IRER TN (1, 02), H

Hop RA (1) SRR URAG TR S 8 ™o (2) 5280 RERL
AR, JFIRAIES TN (no, 03), EHBKERAT KRR RN S E 1 MAT

SRR 2-7 1R 2-6, UEWIH N — oo, R JE Rl ) T i KRR
vt

SR 2-8 WAEA R (2.60),

S 2-9 WA HTAEA A 3R 2 3 BB H 3126 7 7~ 1) v i 22 i 7 22
H DL

SRR 2-10 HHEA R (2.65).

SR 2-11 370, oM = JeRHE R AR R SRRSO “CIRAT 1k
=7 CSR=AT T IR, R T AR R B ik s

SRR 2-12 XA =380 SRR, AR AR A SO SEAR R AR TR () N R 2%

LI

B 101 2 2 2 3 3 3 3

THMFRZ 1 2 2 2 3 3 3 1 2

SRR AR . AR FUEC SN2 PR,

S 3 Hk

&R B FD. HERFRRM, b5, telligence, 35(8):1798-1828, 2013.
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H3E  LMHRE

EFHGPIE R A T %, T 200k B T AR 69 F) 8,

— Frederick P. Brooks

ZHAZAL (Linear Model) FEML#RS 3]SI ) 2 B, Fidlid BEA
A2 MR G RBEAT T IAE T . 255 — A d4ERER [0, -, wg] ™ FLEMEA
HREN

f(x,w) = wizy + wexs + -+ + warqg + b (3.1)
=w'x+b, (3.2)
Hrfw = [wy, -, wg]" NdERREGE, bNRE. L—FRHNARN RS

V3R L 2R AR T, B f (x, w) RTINS BAR y = f(x, W)

TEAP R, BT HAs y 2 — SR EARS, 1M f(x, w) FIH{EIECN
A, DR TCIE B f(x, w) SREEAT IO, 7251 N — AN HEZR VIR 2 R o 4
(decision function) g¢(-) RFMlI%H B A

y=9(f(x,w)), (3.3)

Hr f(x, w) HFRAFIASH % (discriminant function) o
XTI R, g(-) AT LA A5 &4 (sign function)

9(f(x,w)) = sgn (f(x,w)) (3.4)
R { 1 i f(xw) >0, 53
-1 if  f(x,w)<D0.

Y f(x,w) = OBFASHEAT T . 2430 (3.5) 58 ST — A i 700 16y 5 255 43 285 o f 1) ke
KRB, HAmmE3 1R,

Wk, LB f(x, W)k

%ﬁtf(xa w, b)"
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y AL ETRA (0,1}

AR d Rh A = 4 2 1] Ay
W ER ST BIET . dYE
Sl PR @ Ad— 1%
0, £ty REAR
A=A, EZfEZAF,
HFEARK—AFE; EF
BRI P, RFARFH—A
AT,

AR 3 AE3-2,

3.1 PRI ML AR Y

TEAREE, BATEEENFIYFIA R 2150 FAR T . logistic [A])H. softmax [A]
. RSN SCRE AL, IR LA X 32 BEAE T T AN R AR O B

3.1 ZMFIRI R BFIRRIAF

MAR(3.3) 51, — D&M H £EA (Linear Classification Model) B4,
"5 %% (Linear Classifier) , fel— (BEA) LVERHRE f(x, w) =
wTx + b R R R R g () . BATE LFHEW RS RKIIEN, REH
I3 2 2K RHE L.

3.1.1 AESAE

M £ 45 % (Binary Classification) [JZERIFREE y RAG PFPEUE, #5 0] LL
B (41,1},

FEFRA RS, AR TBEALHEH R f(x, w) = wTx + bo FFIEZ
B RE P L f(x, w) = 0 FSA A 0E#-F& (hyperplane) ,
Ak F AR (decision boundary) B¢ F -F& (decision surface) o {RIEIL T
FRAEZS IR — 2 =, R B AN DX, A DXCO0] B — AN 2051

BB “ERME 7 MR 52 48 H YR S G . AERFAE 25 1) o,
PRI S5 A E W 8w IEAC . AR 25 18] A AN R AR 5 31 R SR T T ) A ) 3B 4
(signed distance) N
Fxw)

[wl

v AT PAEAE 2 S x 78 w7 A B R .

BI3.245 7 — AP 4EEE 2 ME TSR A R, A AEARRHIE R B x =

[11, 2], WEFEW = [w,ws].

v = (3.6)
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\
3K -

3.2 WP R RATL T

YGE N MEARIINGED = {(x™, gL, Hdy™ e {+1,-1}, £
PRI 2 2] B S M ow, R TREAREA (x(), () R 2

fx™ w*) >0 ity =1,

(3.7)
fx™ w*) <0 it ym = —1.
Emm A AKBATELE IR, RIS Hw* L& L
Y™ F(x™ w*) >0, Vn € [1, N]. (3.8)

EV 3 -BREMWTS: WTUWEED = {(x™,y™)}_, Wi
FEMEFE w*, SITAFEARIH S yf(x,w*) > 0, BLAINLELED
BRI A1,

NTHAZ K w, BAITEE LEEMBIRR B E T %, TP
TP, e AR NIRUR RN 0-1 Bk i B, B

EOl (ya f(xa W)) = I(yf(xﬂ W) > 0)7 (39)

Horb I(-) MR R B 0-1 BUR B BCAE A, kT w IS HON 0,
M EVE AL wo

EREMS: (FREMBSREFS)
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3.1.2 ZEHEK

% K45 % (Multi-class Classification) )@ &80 RRRME C KT 2. £
RO R TR B2 ARME R A PR, (H BT IR S8 ) 1 bR B 1R 2 Aoy =

B — N2 R RN N (1,2, ,C}, EHRITAE LT =M

L “—=xF A&7 K. BERDEFEFAH T C A “—HWHR" KIPIEDE
W . XA LT L CAH e, Feh 58 e NI R L f 723K e 1Y
FEAFIAJE T2 c MFEAR T
2. “—=3—=" F K. HLBRFERABHEEAC(C —1)/24 “—XF—" BFHE
SRR, X RIETEC(C — 1)/ 2N E, Fh 5 (4, 5) AR5
lsi<jsC BB i T2 j REAR I TT .
3. “argmax” 75 X KPP C— xR O, FRTRECAHHI R

fe(x,we) = wix + b, c=11,---,C] (3.10)

WERAFAESEN e, 0 T A I AR ¢(¢ # o) T fo(x, we) > fa(x, we),
Mo xJ&TIo co B

y= arg%llax fe(x,we). (3.11)

CXP AR TP b T AR — AR EE . RPAE A (A S AEAE

— e U E R B X, 10 “argmax” 7 AURIFHBAR R T IXAN AR, 3,345

X =07 AT =280 KR, A AN R ) X R I R 501

AOBELRRHNERE f(-) = 0O ELZ. /£ “argmax” J7alr, MHAEPIE A 5
P e br FAREH fi(x, wi) — fi(x, wy) = 08, HikmE N w, — wj.

@1 fis Wk
fi
w3 w3
ws he s
f23 f2
(a) “—XEA” R (b) “—kf—" Jrak (c) “argmax” Jy5{

Kl 3.3 =207
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https://nndl.github.io/

3.2 Logistic [H]/H 2019 44 A 18 H

61

EY 32-BREMTH: ATFULED = {x0,yo)NY |,
R CABEREE WS, 1 < ¢ < C, XFTEE c KIBEA R
fe(x,we) > fa(x,ws),Vé # ¢, MANGED L]0,

M BT E SCRT AR 2], a0 R SR v A2 R mT 70 1), B4 — B AFAE— A
“argmax” 77 A E M KA W LUK AT IE B 73 IT .

3.2 Logistic [A]Y)3

Logistic B3 (Logistic Regression, LR) &—F# H AL EE P 28 4325 1n) @t
MZEHERERL . FEARTTHEATRA y € {0, 1} PLFF& logistic [B1IH FIHfA >4

N T RPGE S AN R EANE S HEAT 70 B 8, FRATSINFES i H g
R% — (0, 1) R HIAR 2 JF SRR p(y = 1]x).

ply = 1|X) =g(f(x,w)), (3'12)

o g () IBHE NS E &% (activation function) , HAEH ZEL M & EE
BNSEELX (8] “HF R 2T (0,1) 2 8], af AR SRERMER . 7EGeit STk, g(-)
M R g~ (1) AR NER & % (link function)

£ logistic [F1H A, FRATEH logistic BECRIE AEE R %5y = 115
WM

ply = 11%) = o(w"x) (313
1
T 1+ exp(—wTx)’

>

(3.14)
W2y = 01552

ply=0[x) =1-p(y =1[x) (3.15)

_exp(—w'x)
= T exol—wix) e E—— (3.16)

3,445 Y 108 P A 18] A AT logistic 8] YA SRR D — 4 1R 93 24 73 S ] s o

il (3.14) BEAT AR HeJ5 453 2

ply = 1|x)

w'x = log T—py =1 (3.17)
—log P =1%)
=8 Ly =)’ (8.18)

EREMS: (FREMBSREFS)

logistic &34 L #B.2.37 .

Pt

Wo¥ ok oL, #& 2
= [z za 17

%

Few = w1, - ,wg,b]" 5

A A d+ 1463 HAEw
A RERE,
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y = 0.50-x+0.53

w=10,b=15

-5 -1 05 0 05 1 15 -3 -2 -1 0 1
z

(a) ZMEIIF (b) Logistic [1]14

3.4 — YR R 2 1) s 51

o BU= Sty B A x A TE S SMER A LA B L Codds) o JLAEHRE
iﬂﬁ/\jﬂf’*kﬂaﬁ (log odds, Blogit) » A (3.17) I RLMREL logistic
B A LLEAE R IE N “FRasint BU13” A APERIERAR. K, logistic

AR AT 8L E E )2 (Logit Regression)

3.2.1 B¥FEZ

Logistic [B] AR 28 S 1E 45 2 i B, Al FH B BE T Bk Skt 2 H0dk 47
At

2558 N ANNGREEAR {(x™), gy IN_ L, F logistic [l AR SFREANREA x ()
HEATFN, IF A xO) BIARZN 1 RE IR, i g™,

" = o(w'x™), 1<n<N. (3.19)

HFy™ e {0,1}, FEA (x(), y™) I BRI AR R N
pr(y™ = 1jx™) = 5™, (3.20)
pr(y™ = 0x™) =1 —y™, (3.21)

A IR R, IR B BN |
en meaeseu A2 SRR KR HE, HORR BN

.
Y Z < y™ = 1x")1og g™ + pr(y™ = 0]x"")) log(1 — ﬁw))

(3.22)

N
Z < ™ 1og 5™ + (1 — y™)log(1 7)(”))> . (3.23)

n=1

Z\H
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WS R R (w) KT8 w s TN
N an) (1 _ 4(n) an) (1 _ 4(n)
‘97;(“’) — _% 3 <y<") y Ly ) ({(my ) _ (1 =y 80 =8") 1(1 A(fj) )x(")> (3.24)  § % Logistic & 4, B#tA
v et Y —Y 2 _ gm gy, %
1 N R#B.2.3%,
=5 Z <y<")(1 _ @(m)x(m —(1- y(n))gm)x(n)) (3.25)
n=1
1 N
=5 Zx“‘) (y““ - g“‘)). (3.26)
n=1

RIABBIE TR, logistic [MIARIIIZREFE N : WU wo « 0, RJRIELT
W/ SEYAVER TR

N
1 ~(n
Wip] < Wy + CVN 7; X(n) <y(n) _ y‘(’w)>7 (327)

Horpo 22513, o RSB w, I, logistic [E VR it H .

M (3.23) TR, KK ERE R (w) 2R T S Hw IS ] S R E
PEBR 7 BBRE N BRi% 224, logistic RIS TT AR m B RO DL A 752, Eetn A, >k
BEAT AL .

3.3 Softmax [@]Y3

Softmaz ™ )2 (Softmax Regression) , WHAZ I (multinomial) 5%
(multi-class) ] logistic [A1JH, & logistic [A] H7E 2 2438 n) @i b HE

T2 KA, Kby € {1,2,--- ,C} W LLF CMEUE. A% M
A x, softmax [BIATF 1) J& T2 ¢ B SF AR N
p(y = ¢x) = softmax(w'x) (3.28)
T
= %, (3.29)
Hrw, 25 e BRI E A & .
Softmax [B] )] e 5 B 0T LLR R A :
§= argc(_frllax p(y = c|x) (3.30)
- argg%ax Wi, (3.31)
5 logistic BIJAMX R HKHEC = 21, softmax [T e 3 o8 £ R
j = arg max w'x (3.32)

ye{0,1}

EREMS: (FREMBSREFS)

Softmax ® )2 4L T A & 4F &
— R AR KRB, AL
%11.1.5.1%.

softmax & #% % L
$B.2.4% .
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RN, XERETEN
AL,

- I(wfx —wix > 0) (3.33)
- I((w1 ~ wo)Tx > 0), (3.34)

HrpI() AR WA (3.5) FHPIR S RIS EL, FTEUAII
RAMBEFE W = wi — woo

EERN 23 (3.29) HirEEAA LIS .

¥ = softmax(W™x) (3.35)
_exp(WTx)
= Trors (o (3.36)

KW = [wy,- -, wel Z2H CARMBEFEA R, 1 v 1HE, § <
RE 9 BT 253 (6 TR0 26 A1 WL A 2 By 1 o, B8 ¢ R FRELRE 55 ¢ R IR TR0 2% 1

3.3.1 B¥FE3I

Y558 NANINGRFEA {(x™), 5y IN_ |, softmax [B] T4 22 SR 2% o6 ok
RS EIEREW .

N ERE I, AT O 4Ef one-hot A1y € {0, 1}C RFRLHIRE . X4F
FHRae, EmmgRnRN

y=[I(1=¢),I2=c¢), - ,I(C=c)", (3.37)
HrpI(-) ZFrm k.
KA G I R EL,  softmax [R] AR AR [ JRURS: bR ECN «
ROW) = —+ g ; ™ log (™ (3.38)
N
-5 Z (y™) T log g™ (3.39)

Horpr g = softmax (WTx ™) JFEA x (™) FEREAN I 1 )5 S 3
RIS BR B R(W) 5T W IR LN

872( N Jbﬁ: ( (n) _y(n>)T. (3.40)

WEB. TEL A (3.40) R L, SRBELE T AR RERINBUR B L (W) =
—(y"™) T log g™ KTZHW KB, HoFHEABMHEANSHL XA
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1. #'y = softmax(z), NI g—’z' =diag (y) —yy ' s}zf:]nfx I;#(j‘a%—&fi
2. 7= Wik = [wix,whx, - ,wix|", W2 K chlhx, Hamonm ~HrB2AT
HilE

0z  Owix Owsx owix
Oow, =1 ow.  Ow. 7 Ow, } (3-41)
:[0707"'7){7""0] (342)
£ Me(x). (3.43)
WAREERIEN, £O(W) = —(y™)Tlog g™ %TF w. i FECH
oL w) (™) logy™)
owe ow. (3.44)
_ 02" 99" dlogy™
" ow. 9z oy (3.45)
= —M, ( (")) (diag (A(")) _ y(n)(y(n))T> (dlag( (n))) (n) (3.46) %’_Thdiag(y)_l 1T H a1
TRE.
() (T—g17) y ™ 347)
(M(¢m AthW» (3.48) EHyHonchot @, Ak
:_Xm>bM)—9ch~ (3.50)
A (3.50) WA BLRR IR ETE A,
LM (w)
oL W) _ i () — o) — o
ow. X (I(y )= ¥e ) , (3.51)
HorpI(-) AR R
M52 20 (3.50) 7T LA F|
aL™ (W) .
= ) () () H(n)
oW X (y y ) - (3.52)
[

KRR N, softmax BIFARINZREFEN: VIIHL W, « 0, 2RJ5IE
AT IEARE Hr .

Wt+1eWt+a< Zx ( (n) _ )) ) (3.53)

Hobta 3%, gi R SEON W, I, softmax ] IO -

FEEMNA, softmax B PAE A CAME®RERITTAE, BT
[‘”, HOREGEHRRE—ANARFNOEY, TATLMmEER, Bk,
~ softmax /£ 2% &4% AEM AR L RHE S, sLoh, AATT LA BEA
Frk k5B % H softmax oF) AR BB T H BB b e AR,
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Frank Rosenblatt, 1928 -
19715, £ESHEER, A
IR RAVBIT B4 o

RFRANRmBER—E M
EdmARA—MEE, BRT
EHAIBM 704 HL % E-T
BRI,

3.4 [BRHASE
%435 (Perceptron) H Frank Roseblatt T 1957 fFf2H, & —Fh) 72 fHH
Iy . AR TIE R R RN THE ML, A —METt.

JEHNER AT AP 2E 0 K (7] B AR, 5 A A 2 T AR X L R,
B CRAD B (RIED A REe (D, floy +1 861,

TR AT — ] S P SRR M SRR, HL R R 5 23 3K (3.5) AR T o

ﬁ(;_

El%*a

7 = sgn(w'x). (3.54)

3.4.1 B¥FE

A8 2 AR — N R I 7 AR S S

A N AFERIIINZGSE: {(x, gL, Hepy™ e {+1, -1}, Bt
BB S R A2 B S B S 8 w1 TR (x(W, ™))

yMw x> 0, Vn € [1, N]. (3.55)
JERANER I 5 2] B2 — PR IR AR B [ E 2k %7 ) 59%% [Rosenblatt, 1958]. 4%

WA — M E M Ew + 0 CEFEZEFNE), REBRIE—MEE (x,y)
B, Bl yw™ < 0, At H XA T H R E .

W W+ UX. (3.56)

FLR N5 S 80 S R I 53107

BOE 3.1 PRI Sk

BN WIEREE {(x(), y ML, ARG T

1 WIiEth: wo <0, k<« 0 ;
2 fort=1---T do

3 | BEHL ISR AT BEALAR R
4 forn=1---N do
5 BB —AMBEA (x(M), (M),
6 if wi(y™x(™) <0 then
7 Wii1 < wi +yMx");
8 k+—k+1;
9 end

10 end

11 end

Mt wy
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R JER R 45 1R 5% ST S, AT DA S 3 HE TR 45 PO 45 K bR 80«

L(w;x,y) = max(0, —yw'x). (3.57)

K BEHURS LRI, HARUCE B L RN

(3.58)

OL(w;x,y) 0 if yw'™x >0,
ow N

—yx if yw'™x <O0.
BI3.5%5 1A SHCE I RN R, o 2Lt s jURIER, WA
RN B SR RAE ) &, 21 R AR i Sk RN B [ T ]

1 o 1

o o

0.5 0.5

05 05

0.5 0.5

-0.5 -0.5

-1 -0.5 0 0.5 1 -1 -0.5 0 0.5 1

K 3.5 AR A ) I Hnd R

3.4.2 RRENSZTAONLELME

Novikoff [1963] iiF AT T- W28 I &, WA IIZREE R R IERT 201, B4 B3
SVET MEA IR UGEACE WSk AR, W RAIIGREA R LA B, TBAXA
BVE WA RER R 22 W8
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SRR R BT SLETAI, HEFUIEED = {(x(),ym) ), FHorfix(m)

LN S &
o NEEARFE TR E R, v € {—1,1}, AL —ANIEREE (v > 0) AL
g w, JFH |we| =1, S n @2 (w)T(y™x™) > y. AT LUE
IR G E EE
I 3.1 - RADERERE s A MIIGED = {(x™,yM)}
fBRBE R &I GRAE e K FRRFALE [ B OO AE,
R= max 2™
WRINZRAE D AT 7, NG5 > 5353 1 HOAS B BE R B AN
IERA . SRR B R ) B B T U
wi = w1 +y®x®), (3.59)
Horp x(®) o) FIRE b MR RIGFEA.
AU A EE [ B 0, FEER KRS 3T I Jak 245 (R B R ) R
K
Wi = Zy(k)x(k). (3.60)
k=1
IS w1 BB TR S
(1) ||WKH2EI4JJ:§?*7‘]
Iwiel® = wg—1 +yF x| (3.61)
ek x <o, = w1 + lyEOxEO|2 1+ 2gEOwE_ x) (3.62)
< |wkl* + R (3.63)
S ||WK72||2 + 2R2 (364)
< KR? (3.65)
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(2) ||WK||2 E‘]‘Fﬁy\j

lwcl|* ={Iw*[|3 - [[wxll? (3.66)
> [lw* Tw|? (3.67)
K
= Wy (™= M))? (3.68)
k=1
K
= 1> W y®xM))? (3.69)
k=1
> K242, (3.70)

A (3.65) A1 (3.70), 193

K% < [Jwi[2 < KR, (3.71)

WU ZE B A I, #0153, K242 < KR?. Rk K, &
K153

2
K< %- (3.72)
R, FERPET ISR F, SOES.1EHE 25 Pt 0

BIRIBASAELNE AT 2 (B L r] LR, HEAAE AR Z 4t

L AEERRLANE W] 70, RN g AR ] LR B — AN I P 2R s T
EIFAREIREREIZ AL RE

2. JEHIBERIFEAN P LU AU . RRUCGEAR BN AS— 0w, R B0 80 73 H T
A~

3. ARINGREEA T Lk 7] 73 1, 57K A 2 Y84 [Freund and Schapire, 1999].

3.4.3 S FIHIRRMEE

MRAEEF3.1, AR GRER 2ot vT 20 (0, T4 B A8 T DR 2] — A0 531
BRECR 7 RIS [F R B . SRR RR Bk, WS SIoBRER . (R B 28 JE AN AR AR
UEFR B A R BRI L ) bz AbRe Fm), XA RE ST A

TR 1) 27 21 2N B ) AR AT RO . TESRARIK T LHETE S5
AR R R AS LRI THD P B A A ) i 2% (P AL L ) s 5 B K B 1, 000 A
WEREAR, TEER 100 MEARTG, BSOS )3 MR E R &, 7
FE R 899 MNFEA AR TIM 1A, tHEA HHAE M & . (HE1EREE 1,000
ANBEARE TR A 15, TR TR o 3K VR T T RS T (5 79 A ) AR 2

EREMS: (FREMBSREFS)

fw*|| = 1.

AA@ERNRGFEF—R
NTFETREIAANAGZ O
Y e AR

w* T (y(Mx(M) > 5, vn.
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N T BEEXFMENL, FTLMER “SHr87 1SRG En R A a6 B,
W% & 4% (Voted Perceptron) [Freund and Schapire, 1999,

P R BT k S 1 B R wy, 752 B St R R 4
ALF10.1%. RRER IR o XFERE M0 a8 N :
K
§=sen (Y crsan(wix)) (3.73)
k=1

Horbrsgn(-) NPT 5 R

RGN AR BRIR S VIR ARz AR T, R R ERE K M E A &
FESE PR AE b 2 RSN T4 . Rk, AT E < — MR R,
N f-F ¥ B4 % (Averaged Perceptron) [Collins, 2002].

i = sgn (i ck(wa)) (3.74)
k=1

= sgn (( 3 Cka)TX) (3.75)
k=1

= sgn(w'x), (3.76)

Hw P B [ .
MBS Wy FEAE SR ¢ 5 BB 2SS n DR B R, BRI &
LACEISEPS]

23:1 22:1 Wit,n

W= nT

(3.77)
XA EARE A, WHEEARES IR —Aw, HHELFE S —
g, HH

W WA Wi (3.78)

ERXAN AR LA TS — AR FRE S wo Ky w Mlwy , #E &
M, AUREFRIE LB . N TR mSREE, ARZ S NIE, X
ANEE T A G B R R T A A I A AT SR

K3 24 T O B B S VI 25 B2 [Daume 11T
3.44 HRIZEDK

JRAG AN AR — Fh 2R 70 B, (H A A] DURZE 5y iy e 1) 2 2873 2K 1
A, FE R R A5 65 21 1F) R [Collins, 2002].
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Bk 3.2: FHREN B

N W {(x), y NN, BRI T
WUE: w0, u+0,c<0;

2 fort=1---T do

=

3 | BENUXUIZRREA BT RN
4 forn=1---N do
5 P —AMFEA (x| y();
6 THE TR 9¢;
7 if §; # y; then
8 w — w4 y™x();
9 u <+ u+ cy™x;
10 end
11 c—c+1;
12 end
13 end

14 v’v:wT—%u;

Hid: w

ZHIT AR R A, R R AR x BRFIE A . Oy 775
TN A% T AR B A it FRATT SN SR S N B BB 5 ) PR RFALE
M p(x,y), FFEAR (x, y) RTBRSE B —ANRRAE ) & 25 8] o

FEBR A RHAE A, JATTAT DU SL— AN U R R,

¥y =argmaxw' ¢(x,y), (3.79)
yEGen(x)

Hrbhw AME M, Gen(x) Enfii A x M Hirk . BB O Kp3E
A @RI, Gen(x) = {1,---,C}.

16 C A, —Frg HIRHERE o (x, y) /2y Flx AN, Hy N2k
Sl one-hot [A] 7~ .

#(x,y) = vec(yxT) € R@*), (3.80)

Hrf vec & M E&40HE T

EREMS: (FREMBSREFS)

@it AR 3 (x, ),
do B RADT AR T 5 £
£FA, BT AR T AL
$ 3 FIAL, kel 2 57
Koo
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BEFEAR (x,y), #ix € R, y NS c4E4 11 one-hot [, I

Fc—1)xd+ 117
(3.81)

e

8 (c—1) x d+ dAT

P SUBR A S S RN B3, 3«
B 8.3 ) JUBKI S B0 ik
N I (<), y )}, BRI T

VUG : wo < 0, k<0 ;
2 fort=1---T do

Juy

3 | BENLAUIZRFEA AT BN
4 forn=1---N do
5 B —AFEAR (x(M), y();
6 FAA R (3.79) TR T A 3 (),
7 if §(") £y then
8 Wit1 ¢ Wi + (@(x™, y™) — (x("), g()));
9 k=k+1;
10 end
11 end
12 end
Mt wy

3.4.4.1 | XERHEISIHIBEL

J7SCRRIAR A A2 ) SCRNER] 70 26 AF I, B RE % DRAEAE AT BR AP R A U8
J7 AT 2y 2 E AT

EV 33-TMEMAS: HTILED = {x™,y™)) |,
RELE—NERERy(y > 0) AIEREw, FHH|w = 1 ot
B n # 2 (w*, p(x(, y™M)) — (w*, p(x(M,y)) > v,y # y™

EREAMS: (FEMNESREFS) https://nndl.github.io/
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(p(x™,y™) € R FgFEAx™, y (™) A RHAE &), A4 NZED
FEIR A RFAIE 1] 8227 1] v R 2 T 20 F

I SO a B USSR 2 SLanTT

EIE 3.2— F'X"iﬂ]%@qﬁlﬁﬁll'_{ KR SR I 2R
D = {(x™,y™ )} , ARG R R FTE FEA T BLSERREE M5 IR AR
FAERHIEZ ] p(x,y) BiJEE’JEE%‘J

R = max max [|op(x™,y™) — ¢(x™,z)||.
n  z£y(n)

IRAT SUBFN 25 S 805 ) 5353 3 BUE S ik A ﬁ—j 5

Collins [2002] £ 1 T 1 SUBKIERTES S ME AT 4 M UM 0, ELiHE S
o LT K 8 L K

AR, 5] A3-9
3.5 XFFEEM
I #H&EM (Support Vector Machine, SVM) & —/N LR 281,
FLAR B oy B T B A S e, R R 2% L, R
H T RsR .
BRE—ARDEBEIEED = {(x),y)IN_,, Hrfy, € {+1,-1},
WIER P AEA R LRV 401, BIAAAE—N P 1 R R U A
B ERE,

wix+b=0 (3.82)

PR GTE, A THEMEARHA y™) (w'x™) +b) >0
B AE D PAEAREAR x () 353 FI-ESF THI (12 258«

oy _ W) by (w4 b)
wl [l

(3.83)

A58 SCREA B LR D b A FEA 2 23 FUE T 10 (1 i RELBE B 09 18] % (Margin)

v = min~y"™. (3.84)
an SR IATRE RO, Lo EURE P DN PR BE AR R AR 2, AE SR
PRI . SCRF R EALE H AR 2 F48 — NP (w*, %) 45~ ks EIJ

max 0% (3.85)

w,b

EREMS : (FEMNESREFS) https://nndl.github.io/
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s.t.
[w
Allwl -y =1, MAK(3.85) % T
1
max — (3.86)
wo o [w]f?

s.t. Y™ (wx™ £ b) > 1,Vn

AR ATy (wx (W +b) = THIREA 23, #RFRCA X # %2 (Support

Vector) o
X F—NEMER o AR, HoEiEFIAIRZ A, HE AR KR8
P EME— . KI3.625 58 T SRR RIS oK AIRE 2 S o), Ha

FEA KON SR &

N
\\Woy_.f

3.6 SLRF RSB

3.5.1 B¥EZI
N T RBFOR ARG 70 EGEE P, K23 (3.86) (9 H AR bR 205 A Ak il

) 1 2
min ] (3.87)
s.t. 1—y™(w™x™ +b) <0, Vn

il FH Sk B H ek, 43K (3.87) s B H s N

N
1
Aw,b,2) = SIwlE + 3 A (1= 5 (w7 4 1)),
n=1

https://nndl.github.io/

(3.88)
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HpfA >0, Ay > 0 Fukg WIH IR E 75 A(w, b, \) KT w A b 134,
HAHET 01533

w = Z Any™x ) (3.89)
0= Z Any ™. (3.90)
n=1

F A3 (3.89) AL (3.88), FFHIHAZ (3.90), 15 FIHs B H X% bk L
1 N N
n=1m=1 n=1

SCRER EHLI AT A o), 39 2 s B e, B =LAk R R AT
DU e KA BRI 2T max y >0 () SRR il RHEREL T(N) 22— E, 3
I KA A B8 B — AN A e &, ] DLIE I 22 R T e Ak O VR SR AT SR A
1R Bh ks B H B BAE N (R T HA R KM E RIS AR E, —
PR T AR e imr, DRI S e ol SR ) B A v, Bt
SMO (Sequential Minimal Optimization) 7% [Platt, 1998] &.

AR KK T 26 P I FAMA ot 2% 2, B ARH 2 Ay (1—y ™) (w* T x () +b%)) =
0o WIRFEA x() REELHGHR L, A5 = 0, HARER WA x() f£4
WIAF L N> 00 REAEL AT FFEAR SR L H @2 (support vector) ,
B2 e S P T P BT )

EVHE N 5, R A (3.89) tHE H A E w*, A E b ol LLd
ARG — A FF R & (%, §) THEARH].

H AKX (C.26).

b =g —w'x (3.92)

IS B SRR AL SR R O

f(x) =sgn(w*"x +b*) (3.93)
N
= sgn (Z Ay (x(M)Tx 4 b*) . (3.94)
n=1

SCRFIREALA R BRI T Ay, > 0 IIREA R, RISCRF A

SCHFIR AL H Az R 0r] DU SMO S5 A4 757245 214 JR B AR i, DRI EE
HE 7 RARH AR T o RAh, SCRF BN SRR R BRI T SCRF &
SINGRALETIR, 7 REE R,

EREMS : (FEMNESREFS) https://nndl.github.io/
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3.5.2 ZEAH

YRR ENIEAE — A EE RIS DME R 2R 4 (kernel function) FaF
W AEAS M B OB R 2% [0) e B 1) 58 e 4 i 2 (8], IR R AR E 2 8] v ) 2R v
ARy, LLAndE — AN S5 B AE S 18] o R, SCRFIR ENLAT R SR BN

f(x) = sgn(w" p(x) +0%) (3.95)
= sgn (Z My K (x™ x) 4 b*) , (3.96)
n=1

HA K(x,2) = ¢(x)To(z) WAZRE . 8HBAIATFER XSG H o(x) R
R, W RLEE A5 (kernel trick) SR#JiE. HLinblx,z € R2 AH1, FATAS
PLRIE — M PR B

N
=
&
&
w
=

K(x,2) = (1+x"2)° = 6(x)"6(2), (3.97)

KRR x, 2 FERFAE ] ¢ AR, o o(x) = [1, V221, V272,
V2129, 22, 23] 6

3.5.3 HEFE

FESCRF BN AL R, LR BB ™ K o A RN ZREE T U REAAE
RS (B PSR A W] 701, TCIE IR B U . T T REWE B BB AN 2 2
WIREAR, FATRTAGI AR A &, AL il A2

N
. Lo
min S |wl| +cn§:jl£n (3.98)

s.t. 1—y™(w™x™ +b) —¢, <0, Vn
&n=>0, Vn

HAZHC > 0 FHARA 6] 1A FR AR s AR S A5 BTG . 51 K st A2 5 1) [a] R A
9% 18] [% (soft margin) « A3 (3.98) tH AT LLFRIR AL RS + 1R WAL 1T ) B 2.

N
min Z max (O’ 1— y(n) (WTx(n) + b))
n=1

w,b

11,
+5'§HW|| ) (3.99)
L max (o, 1 — 4™ (wrx™ + b)) WA hinge % &%, L AT LB (R IENL
2.
ALK (2.21).
S5 SR e BT B0 ST R SR L2 0L, HER S  B
HRSCR A, B 1 — y™) (wix™ 4 b) — &, = 0 HIREA.

BN A3-120

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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7

3.6 IRKRBFTEL

KRB =R IR Nogistic B BRI A SRR EAL. B
EATHI R R BARR], BT T A FRSUR RSO AN AT, 7
BUEA AL LB ESS BRI RIAFAE —E R Z 5.

N TGRSR R, ATG —E RNy € {+1, -1}, FFEX
f(x,w) = WwIx + bo IXFEXRFHEAR (x,9), Hyf(x,w) >0, WFKIER, Kk
W73 iR XA T 7 EUBOX SRR, JRATT T LUK BAT T 40 2K bR Hi R R R
NE AE y f(x, w) ERIRREL

logistic [A] 5 {145 5% B8 H0AT ASCS

Lrr = —logp(y[x) (3.100)

=—Iy=1) logcf(f(x, w)) —I(y= fl)loga( - f(x,w)) (3.101)

= log (1 +exp (- yf(x, w))). (3.102)
TN AR I R e O

L, = max (0, —yf(x,w)). (3.103)

BRIRT B SR ) ALK B EON

Lhinge = Max (O, 1—yf(x, w)) (3.104)
I U

Esquared = (y - f(X7 W))2 (3105)

— 1 — 2y, w) + (9 (e, W) (3.106)

— (1—yf(x,w)" (3.107)

B3 74 T R AR R R . TRk, Yy f (x, w) > O,
SHBTIER, ¥ H yf(c,w) K, BRRHNRRER: %yf(x,w) < 0K,
SYRBETIER, I yf(x, w)ih, BRI B S . Ktk —MErH
KRR M B o f (x, w) BTN . MR TR B, BT Faifis, e
K B L BOE & T W H 0 e

EREMS: (FREMBSREFS)

1—o0(z) =o0(—x).
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! L
1 41 ,
' — ]
' — - — AU ;
L N hinge #% i
. k
| B B8 R !
\ L3y o 1
\ \ - =R ;
~\ “ - — = 0-1 #itk 1
\ ' !
. \ \'\ 2 .I
. ~ 1
AN \ B
. N \ :
. =
N "~y !
__________ - ~- 1-JR~ !
N ;
NN o
I~
TS —
-3 —2 -1 0 1 2 3
yf(x,w)

B 3.7 AR5 K B B B

3.7 REEFIRNIRIE

FE] YA [ AR, 4 2 I @ ) B ARFR A y o2 B B SR bR A, DRIt 42
Ira R (1) R B bR A R B S A B AR I S IR . SRtk o AR — R
AN ENVE R, B AN R f (x, w) = wTx I b AN RO

R31EH T UM WAL R LL L . 7E logistic [F] 4 Al softmax [A] 9 7,
y A one-hot [Al B3R N (EBAISSASZ R RENLF, vy A {+1,-1}.

Logistic [Al 5 & —FE 288, ol g8 H logistic bR ECRMEE — AN S B ML
WEI0,1] 2 [, FEL L, BHRZ R LUARLH K, HanES A &R
FANE R 2 B R %, Bl probit B X EHNIH AT A% (Pattern Recognition and
Machine Learning) [Bishop, 2007] i35 VY % .

Rosenblatt [1958] sz -5t 1 PSR AN ds %k, JRRAJE 25 th 1 B S
SEE o IR 25 IR A B DA R B ST A LT B, SRR e M AN T
Sy Tl R, PR T N Y . Minsky and Seymour [1969] 7E (&%) —Hh sy
B 7N AR 0 SR BR A, VIE BB AR BE AR R R TR0 R B (XORD . A
BMAEMIMAAE, Minsky and Seymour [1969] AL H T — AN &1 2 WLIIEBH :

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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WO R 5% R H et J7i%:
2R eaE Rl - (y — wTx)? e N
Logistic[FJ4  o(w™x) ylog o(w"x) B P
Softmax [FA[J]  softmax(W™x) ylogsoftmax(W™x) KA FE&
Rgat sgn(w'x) max(0, —yw"x) BEALBAEE 1%
SCHF AL sgn(w'x) max(0,1 —yw"™) XK. SMO %

3.1 JUMA R AR B

AR AR A TR AR LM IR R, R SR 45 B SN 285 DA S N T8 e AR ) BF 3
TARRI TN . BRI 2 JE I 28 AT DU PR AE 2t 1) j,  (HIst
B, E B IXAS ] SO AT . B #1980 F-LAJE, Geoffrey Hinton. Yann
LeCun %8 N\ FESH A B EU S, 5 R &) 4% 46 5L % [Werbos, 1974] 5]
AN FIZ ZE G148 [Williams and Hinton, 1986], A T #Z8 /2% A S H B 51 & AAT]
3R . Minsky and Papert [1987] AEIEZ BT . HA—T7TH, AT
HIZR ARG PINRBAEA KT K E . Freund and Schapire [1999] $& 18 FH %+ 15
O RN S SIS, FEARE IR AR R IR Rz ALRE JT . Collins [2002) #4101
BEIET RIS, A TSR, JF HAR H—FR S A
I H 9z S P 8L 50 . McDonald et al. [2010] X3 @ 7 P2 B0 88 5%,
A5 RN 28 AT DAE 20 AT ST IR th R ATV 55, SRR IR 2% T DL AE AL
En e SR Lf

BIRN T e AL S 4% 5%, T L2 % (Learning with Kernels:
Support Vector Machines, Regularization, Optimization, and Beyond }[Scholkopf
and Smola, 2001],

>J &R

SRR 3-1 AEMIEREME 2K, BUERE w 5 RHCF I IR

S8R 3-2 EAVEA A, AR AN x BT f(x, w) = WX + b = 011
BEES Y [ f (%, W)l /[ wllo
SIB 3-3 AEWITELRIESN R, U ARG AR ORFAE {x ()},

EREMS: (FREMBSREFS)
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ERPEN

I EA S .

SRR 3-4 AELMESP SR, BRI 1. RIAT 5 x Al xo 090 N es T

Mopxy + (1 — p)xo W NFK e, Hpe (0,1).

S 3-5 XL HKN, D IR EIEE PR AR T U E

FARLNERT (0, WZBE S — AR VE AT 2 (s 20 R — DR P RIS
RIFEARLNER (K, WZBHREA RN 721,

SIEE3-6 1 logistic [BIAH, REFLA ) = o(wx) RIBIE EFIIFLE Y,
FEFPITHR (v — 9)° BMERIA S H w?

SJRE 3-7 A softmax [AF RIS AL (23K (3.39)) 1, AR EHIENE

WA AT A ?

SRR 3-8 IR RT3 AN AR I ZR 3. 20 45 IR ~F B [ & T H 7 K

AR (3.78) s

SRR 3-9 iFIHE 3.2,

SRR 3-10 i HRAELNERT 7, UEWI SR AL AR PISRFEA I 50 T 1Y

F KT8] B 73 8T T A7 AE HLE—

SR 3-11 Wik~ (3.97).

SRR 3-12 FERRIAIRE SCRF RN, 4 IR R PR AL i R R0 1r) i, JF

B H KKT %44

S 30 Hk

Christopher M. Bishop. Pattern recogni-
tion and machine learning, 5th Edition. In-
formation science and statistics. Springer,
2007. ISBN 9780387310732.

Michael Collins. Discriminative training

methods for hidden markov models: The-
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ory and experiments with perceptron algo-
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Empirical methods in natural language pro-
cessing, pages 1-8. Association for Compu-
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Hal Daumé III. A course in machine learn-
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A% e R — A KRB AT A X EE, RARA A
I A 2 kiR 69 RE ) o CARBA T B ERM A (1) W
LR B Fo iR R 5] RRARAY ;. (2) AATLE YRR
B, PPRARACE, ATk AR AR,

— Haykin [1994

AN TIAb %% W % (Artificial Neural Network, ANN) J&$i5— R 3152 4= W) = Fipf
G R X AR Y 32 B @0 N R T N AT IR,
BN TAETE, FH4ZH—E AR L N T e A i sE, SREEAE
MIa Mg, N TR, N THE M H AR 2 M %& (Neural
Network, NN) #iiv2242 % (Neural Model) .

P28 I 248 fi AR — B R B e 32 OB . 20 4D 80 ARG 1, &
AT B — Fhode s £ U A2 55 XFF 4742 (Parallel Distributed Processing,
PDP) M [Rumelhart et al., 1986], A 3T ZHE: (D FERRESM
X GERFRD; (2) IRIZMFIR R AR R T (R R sy (3) iz
DS BTG 2 ] P 4 5 P8 R 2 ) IR e

B LA NS A5G 2 Pl Z A 2 S5 8 DL 2] 0702, BN R A
TSR R R T (A= W) e iR BEPE (biological plausibility), 1H 5 B 5 ey T X e pf
REE RS T PR, Lh iR | 15 S EAR SR . U HAE DI NIR £ Ros g 4K
MU TR I 205, A X 4 B B 22 b B FH AE 5 B R 45 1o Bl
FHINGHIRIEZ UL OHT) THEREIRNE IR, P4 M2 7RI 2 AR R T
% EOaBAS TR KRS, FraliEs . BBRERAE SR E, RIH
TR E SRR ST .

EARTEH, FATEEIRE TR & £ R @ E 8 RIEAITE I MME ML, /i
VER—FBLES 7 R R 2 [ 2% . LR 2= ST A KRR, PhE 2 — ]
PABAE R — MR A A, B A A B oA 9 A R SR I B0 R B ) 42 e, 18

G & BAVEN B —HF B kst
Tt Bk Aeth £ 09Ar 2 A
%, AR F8.3.4W.
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Fiy N E AL (net

activation) .

R EWE T RIERE, (E1FM A L% BN —Fh s AR R IR . i TT
Z IR R LR & E A 2 IS5, T CUEE B L R BT ok AT 5 2

4.1 #HET

AN LAY % T (Artificial Neuron) , faif4%4 7T (Neuron) , Fef 4 M
AR, KRS YIS T SR, B — MmN E 5+
P

AW AE 20 HELEHTUR L T AP TT I A M . — N Esh e il A
AL RM— K. WRARIERZERE, FRARAEEE . S Iuih
FAFHANAE T MR R LI BER, B TXaRE, PRkt i
SRR AT V2 A T LA HoA Mo K 5™ A3 (5RfiD), JFRE Rk e (5
B L EAE T,

19434, O H 5 McCulloch FIEU- R Pitts HRAE LV RIS S5, $E i
TR EEE R R AR oA, MP #4270 [McCulloch and Pitts, 1943]. HiAt
FRZE W 28 [P AP 22 G R M-P & e TE R 2 2. AFEPE, MP#&
JGHR IO R £ 9 0 B0 1 B BR R AL, T A A 28 70 Hh IR S0 R B0 o R 2
HEL TR R AL

B — MR TCHEZ d M AN 21, 20, -+ xar RTVEX = [21520; -+ j2a] K

FoxAN, JEH %A (Net Input) z € RER—MHHEICHTRAG A
&% x kLA,

d
z= Zwixi +b (4.1)
i=1
=w'x+Db, (4.2)

Hrbw = [wi;we; -+ ;wy] € REZEALERIMERE, bec REME.

FHIN 2 R LT — DN R MER L f () J5, BRI TCI & AL (Activation)

a= f(z), (4.3)

Hrp AR MR AL F () FRON#CE % (Activation Function)

Blaags il 7 — R A 2 o S5 KR il .

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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@ b

P R

&

N
ol 4.1 SRHRR T 1
MOR RS WO LT I T . O T R R A R S
1, I B L DU LA R

L ESIHA T (RTADHGT EATT S AR MRS o7 S RE0eE KT B
LA FHBUE R AL T 12k 27 2] I 45 25
2. WO B L SRR TR, AR T IR m TR AR .
3. WOE R T R B I A DS E X RN, ARER K AEER /D,
3 D)2 5 i I R 2R A AR E 1
N8 T UFRAE 1 20 X 5 Hh s FH TR0 R L
4.1.1 Sigmoid BUHE R

Sigmoid B pREZ 48— S B ZR R £, Wy am LA R . F FH Y Sigmoid
TR HCE Logistic BAEUA Tanh BR%L.

BNl |

YT REL f(x), FHax— —ooff, HIFH f/(z) — 0, MFHANALIE
M. Hx— +ooltt, HIH f/(z) — 0, WIRH NGB H[EH#HL
Fon KA, PR 9 i A

ERSEHE : (FREMNBSREFS) https://nndl.github.io/
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Logistic BB Logistic BREE XN

(4.4)

Logistic PREF] LAIE 2 —A> “HFIR7 s, 18— DSEsogiimA “H5Ls”
2 (0,1). Ml NELE O MHI T, Sigmoid BY R G BN R EL: M4 NMEFEIT
PSRN, XA EAT I S, BT 0; BRI T 1. X
FERORS AR AEYI 2 e, 0 — B NP BN it e 1), X g — 2
AN Char o 0) o RIUERRR 2 30T AR BREGTS BR UM EL - Logistic BRI
FEIELGT] 3R, HBCANE A

[A°A Logistic BAEU I, #1525 4% T Logistic % BB M & e A LT
P 1) Hofnth B AT LB R RS A, A5 e 4 X 28 T DL SE 4 3 F0 ¢
T AT 4 G 2) HaTUBEIER —MNRIETT (Soft Gate), FRFzHIH
B u HE B E .

Tanh %] Tanh B#0E B —Fh Sigmoid BYpa %, HE LA

exp(x) — exp(—x)

tanh(x) = oxp(z) T oxp(—a)’ (4.5)
Tanh bR 7] LB AE R BORIF-PRE I Logistic B3, HAEEGR (-1, 1),
tanh(x) = 20(2z) — 1. (4.6)

El4.245 H T Logistic BRI Tanh AR . Tanh A R R PO
ety (Zero-Centered) , 1 Logistic BRI HE R T 0. AEZ b 22
fFRH G — BRI E A K LR w45 (Bias Shift) , Hit— DS E
RIS FE AR

HARFETAT,

BN R4-1,

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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4.1 W&

0.5
ll Logistic F%L
" = = == Tanh K%
1
U
. . . .
t t t t
2 4 6

,,,,,,,,,,,,

4.2 Logistic E& £0f1 Tanh K%

4.1.1.1 Hard-Logistic #1 Hard-Tanh K%}
Logistic 5401 Tanh & ¥ #5 Sigmoid R e, BLATMAME, (HRTHHIF
BRI AN BRI S AE R TE) (O PRl I AAZettd, Wsmirl. [Rik, X
PN Bk AT DLIE I 23 B R BRI A
L Logistic B4 o (z) N, HFE N o' (2) = o(x)(1 —o(z)). Logistic BA%L
TE 0 M — M 228 EH (Taylor expansion) A

gi(z) ~ a(0) + x x o’(0) 4.7)
— 0.25z + 0.5. (4.8)
FH 43 BORIEA Logistic BA%, 1521
1 gi(x) 21
hard-logistic(z) = ¢ ¢ 0 < gi(z) < 1 (4.9)
0 gi(x) <0
= max(min(g;(x),1),0) (4.10)
= max(min(0.25z + 0.5,1),0). (4.11)
A4, Tanh pRECE O BTE A — B R EDRIT N
g¢(z) ~ tanh(0) + z x tanh’(0) (4.12)
(4.13)

:{L’7

EREMS: (FREMBSREFS)

https://nndl.github.io/
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IXFF Tanh pR AT DUR 75 B 2R £ hard-tanh (z) SR

hard-tanh(z) = max(min(g:(z),1), —1) (4.14)
= max(min(z, 1), —1). (4.15)

4345 11 T hard-Logistic A1 hard-Tanh B8 505 F & B AR

1 b
0.8
0.5
0.6 -
0
0.4
— —05 1
0.2 —_— logistic PREL || — tanh BRI%L
—— hard logistic FR% —— hard tanh FR%
I I I _ L L I 1
0 —4 -2 0 2 4 6 ! —4 -2 0 2 4 6
(a) Hard Logistic Ffi %L (b) Hard Tanh %L

4.3 Hard Sigmoid #5841

4.1.2 {EIFZ&ME8T

% 1E & M ¥ 7T (Rectified Linear Unit, ReLU) [Nair and Hinton, 2010],
N rectifier B4 [Glorot et al., 2011], J2& H BV JZ #1420 25 rh 22 A5 FH IR0 2R
. ReLU SZfr E2&—AMRIE (ramp) 0%, € N

{x x>0
ReLU(xz) = (4.16)
0 =<0

= max(0, z). (4.17)

L R ReLU B2 70 R /5 EAEAT N SRAM LB R34, THEA LI 3
ReLU BB A W) ERIFERETE, Hanfmdndl, T4 a0 7 (R AREE
WATCLARR ). AR LT, R AT XA RS L s b wME. A
I A 2[R — I 2 RME R 1 ~ 4% BIPPE TTA TIEERIRAS . Sigmoid B0 B AL
RFHAARE A M2, 1 ReLU $1R AR IR BN, KL 50% B
LICR AT HEEIRE

FEALAL T, AHEE T Sigmoid 2 R B W S AT, Re LU BRI BN 2 AN B KL,
HAEx > O SHON T, £ @R RS 1 A2 2% (K86 T 2R IR AL, gt
JE T R W A0 E

AR%4.6.2%,

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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R ReLU AW H 2 IEZ 0, a2 5| N e & s,
SR NI . A, ReLU #HECIENZRRT LW 5 “FET27, 1
ZRET, IR SBAE— A SRS, 5 — AR P A ReLU #48 JT1E
BT IR0 LA S, A XML TC H B S EIR A # 2x 2&
0, 7ELAE BN Zhid B2 Hh /K AN BERE BS o IXFRILGAR N 2L T ReLU R A (Dying
ReLU Problem) , FfHWA g R AR EREZ.

FESEBRME Y, N 7k EIRTE O, A UM ReLU S M 24 2 8 H
4.1.2.1 HittFEH ReLU
Wil EE ) ReLU (Leaky ReLU) 7EfiIAN o < OBF, fRFF—AMR/DNIIBLE .

XM TTARRE WA — N EFRIBE P IS, B KA Re
WU [Maas et al., 2013]. it Eg 1) ReLU [ 5E LUF

x ifx>0

LeakyReLU(z) = (4.18)
vyr ifz <0

= max(0, z) + v min(0, ), (4.19)

Hor 2 —MRENOE L Han0.01. 2y < 1B, A7 iEE K ReLU AT LS
LeakyReLU(z) = max(z, yz), (4.20)

FH T — AN EE AR # 1Y) maxout BT .

4.1.2.2 HEHH ReLU

WS K ReLU (Parametric ReLU, PReLU) 5| N—NA[¥ 155, 4
FIRPZ 0] LU AR IS5 [He et al., 2015]. XFF45 i MBZot, HPReLU [
TE A

x ifx>0

PReLU,(x) = (4.21)
vixr ifx <0

= max(0, z) + ; min(0, x), (4.22)

Hrvy, e < ORFREIREE. Hik, PReLU ZdEAIRE. Wk~ =0, M
2 PReLU LB N ReL U WIS ~; A—ME/NFIH £, W PReLU 7] UG R 7
FE K ReLU. PReLU ] KL RRVFASFEMLTC A AR SE, thafbl—Hms

THENSH

EREMS: (FREMBSREFS)

ReLU #¥ 2 7T 45 K ] ReLU

(3

%

»

Ay E B H A T,

X (4.61),

[
9 44-3,

n

https://nndl.github.io/
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HEAE IR R

4.1.2.3 ELU

F# &M ¥ T (Exponential Linear Unit, ELU) [Clevert et al., 2015] /& —
AMEAR O AR LM R B, e SO

x ifx>0

ELU(z) = (423)
{V(GXP(JE) —1) fz<0

= max(0,z) + min(0, y(exp(x) — 1)), (4.24)

= o

4.1.2.4 Softplus &

oy > 02— MNESHE, RE e < ORFRIEAIIZE, JFR 85 X EAE 0 B

Softplus A% [Dugas et al., 2001] 7] LAEAF 42 rectifier AU A, 3

Softplus(x) = log(1 + exp(z)). (4.25)

Softplus A SHNI LT 2 Logistic B %L
B NI T RIREE, BN B B

Softplus bk 4B IR AT F A 0]

K4.445H 7 ReLU. Leaky ReLU. ELU LA Softplus & #1761 o

ReLU
———— Leaky ReLU
-=---ELU

seeverees sOftplus

it

-
-
ffff
-
-
P

K 4.4 ReLU. Leaky ReLU. ELU LA X Softplus b8 %(

EREGMS: (FREMBSREF )
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https://nndl.github.io/

41 W& 2019 £ 4 A 18 H

93

4.1.3 Swish J{#

Swish RZZ — i H 17135 (Self-Gated) 3 B £1 [Ramachandran et al.,
2017), &N

swish(z) = zo(Bx), (4.26)

Frft o (-) N Logistic ¥, 3 T3 B HER A B EESH. o() € (0,1)
L (U — R T TR 24 0 (B2) BEET 1, [T “TF” IR, Ws
BRI IE T A B Y o(Br) BEET O, [THRRAA “367, W% B4
Ho R T 0.

K455 1 T Swish BRELHI R B

7
4
."/
/‘, ’
aRe
v,
.......... B=0 v
——=-B=0.5 G
/7
—_——— =1 2 KR4
EaRe
— B =100 0
iR
K3
7, -
R
Ll
CAMR
ot
_________ >
AT ~—2emm L 2 1
_-——______ _—__—:‘.“
—2

K] 4.5 Swish B %L

M8 = 0WF, Swish BREE LM R 2 /2. 248 = LI, Swish BEifEz >0
BRI AZetE, 7E 2 < OBFEALEAT, RN BA—EMEEREE. 248 — +oo i,
o(Bx) alm T B HLK 0-1 R A, Swish BTN ReLU BR L. KU, Swish bR % AT
DA AF & B 1 B UR] ReLU R R ) ARLRVEARE R £, JLREFE th S 40 g 45

4.1.4 Maxout BT

Maxout H.7C [Goodfellow et al., 2013] tH/& —Fh 7> Bt &t k%, Sigmoid A
PREL. ReLU SEWUE BREU M AN R TGS 2, & — s, 1 maxout
HIGHRIAN R L= BTl E s, R— N Ex = (v 000, 24

A maxout 76 K MUE M wy € REARE b, (1< k < K). 3T

EREMS: (FREMBSREFS)

# Bl maxout ¥ T 8 AY 2 H
% AL mazout P % .
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N x, TR K MRFIN 26,1 <k < K.
Zk = WiX + by, (4.27)

Hbhwy = [wi, - wy,a)™ N EME A&

Maxout H.6 IR VE R HE R

maxout(x) = krerﬁi}c(](zk). (4.28)

Maxout 570 AN B 15 4 N\ B 2 18] AR LR PR, T B AR 22 ST
B 2 AR R PEWLS O8 FR « Maxout W% bR T DUB VEAE R0™ B30T 3 B
LRIl I HAEATBR A s _EA AN AT B

4.2 MWBLER

—AMEYIh AR R Thae B L, TN AR g T R AR 2 4 i ) B
AT B SE B, Dhee e . AR AN EE /), B — R oL
AR, FHEELRZ AT R IMER R E RN IIRE . AR 2
7 el BAL 77 AT MBI 2 o] B A — AL, B e M2,

BIHATALE, BEFUE DR W T SRS PRI 28 454 . H RITH B
e ML LR AT LR =Tl

4.2.1  HIiRMLE

BTN b 4 A W L2 1 BN SE R A R I 4. 45— 21T DA 1
— AR G RPN T B — AN LI, IR B R — R
L6, BRI IE BAE S AT AR, O RIS B AR, AT —
AN T TEFR B TR o 0 P2 L5 4 02 A 04 [ 2 P 0 55 4.3°45] RIS
W 2 (455 4

I X 28 T AR AR — A &, il f SRR e U 2 IR E S, SEBUA
7% [ B LE 2 1) R S AR S o IR IR 2% S5 R T B, 5 T SE B

4.2.2 RIEMLE

S 2% 22 e AME T LRI E M A TGS, il IERIE iR
5T FIRTEZR ARG, St 2 p (i p 22 o HoA iede Dh e, 7R R 210 5
AARFE PR SN Z W 28 v -5 B AL B AT DL B m) s %, PRk el A
— AN R B BT 1 BR R o SR 2% L FEIE A 42 WY 45 (5565 ), Hopfield
W% [H65F] . PURE SN [H12%] 5.

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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BT LBV — M2 5, B R THEACIZRE T -

N BRI AZ M 25 (iR I 25 B, BT RASI N AMERICAZ BT AN S AL, SR IR
S 2%y EPIR A, BRI 5% M % (Memory-Augmented Neural Net-
work) [ZB8%F], LLanthZs R ML [Graves et al., 2014] FIC1ZM %% [Sukhbaatar
et al., 2015] %.

4.2.3 EME

T I 2 A1 IS 5 ) 2 P A N T AR O Ry BB R e 81 (H SR o
e B AR I, Eean Al i, HAZMEE . 705 (molecular ) PI4%
5 R 2% 2R IS 5 0 4 AR e Ak 2L 1] 25 g PR e

Pl X 26 2 7 AE BRI K008 AR 2 N 2% [566.8.2717] . Bl &A1 s
— A H A TR . T R R RE R T DL A 1R, R L A ) .
AT AT DA R >R B AH AR AEE SR R

B 0 2 R R X 2 A2 I 2 1z AL, B IR 2 ANE sl 7 =0, tean &
LA (Graph Convolutional Network, GCN) [Kipf and Welling, 2016] 7H

BRI M2 (Message Passing Neural Network, MPNN) [Gilmer et al., 2017]
ER

PlA.645 i 1 RIS ZR L S5t o0 4 A0 P o 245 ) o) % 45 A s

=

Hil
REZH
Al

£

Jx

(a) AL (b) K% () EM%

4.6 = AN [ Py 15 25 A 7

4.3 HIIRRZMLE

Y — AT, TATAT LA A TCA T ROR E— M. AR
WX 2 AR A A AN R X 48 2 (P PR A 25 8 o — b DU B 2 R 3 1 25 A R T P 265
A BT AY 42 M % (Feedforward Neural Network, FNN) 2 #x 5 & B r) & 5L\ T4
224,

EREMS: (FREMBSREFS)
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TERT SR 25, SR alE T AR Z . & ZReh&on bl
Wi —ZMAExifES, FrEEsmER 2. F0EMRANE, &RE—
FEgn b &, HedhRZMfrasE . BANME R IRE, 595 WNENZ
R AERE, FTH— A R ER R,

AR N 28 2 W FRON % & B4n % (Multi-Layer Perceptron, MLP) . {H
2 JR BN I VR FEAS R o3 G B, DR A i At #o 42 285 3 52 1H 22 )2 1Y) Logistic
AR GESEM AR RED Hk, MARHZ ZRRAE CRELRAEL
PERED 41E [Bishop, 2007],

B4 725 T I 22 2% R 1

A= B = Fa)= =
" O N
O O
ZTo —»O

A S

Z4 _,O\O/
K 4.7 Z 2 R0 N 2%

" 30 B SH R A — /N T e 4 XK 4%
B H— A R F BT R An by P PG BACHE s

Y- -
L: FRPhEM LI 25

o mW: FIREIEMAITCIINEL

fi(h): R LZEPE T B0 BR A

WO e RmUxm! T o3y 1 RFIE 1R AR R
b e R™': Fokl— 1 2RI |21 E

20 e R™' : R | E WA TR (IR TED;
al) e R™': FoR1EMZTTHHH GEVEED.

HIT A5 22 X 2% L T T 2 SREAT 45 S A% 4

20 = WO . a1 4 0 (4.29)
a® = f(z0). (4.30)

A0 (4.29) 1 (4.30) HAT LA H 5 M-

2O — WO f (2D) 4O, (4.31)

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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e
al) = WO . al=b L pO), (4.32)
KR, AT N 4 0] LUB R 2 1M B ARk, 1534 R it all),

AW LEE—ANE AR o(x; W, b), B ExENE 12NN a®), #
5 L% a (b VA B

x=al® 520 5 a® 5 2@ 0 alE=D 50 2B — o(x; W, b)),
(4.33)

HAr W, b Rox M 4% o TG 2 ) ZE A E AR & .
4.3.1 BAELEE

R I 26 B R SRIINE RE ST, WL S AR Lk bR B3O AT LU T3¢
FRLE A 28 AL o

EIE 41 -@RAEEE (Universal Approximation Theorem)
[Cybenko, 1989, Hornik et al., 1989]: 4 () &2 — N EH ¥,
B SRS R, Ty 2 —A d4ERI AL ST 14 [0, 1),
C(ZTy) e NAE Ty EWELEREES . M THEM— P RE f e
C(Ty), FE—ANBEHm, M—HELH v, b € RUKLEH AR
w; €RY, i=1,---,m, UETRITATLLE LR

F(x) = Z vip(Wix+b;), (4.34)
i=1

YEJ9RR & f R RA B, B

|F(x) — f(x)] <e¢Vx €Ly (4.35)

Hrpe > 02— MR/MIERL

JE FH AL s AR S s R R Hp A S AR _EARSR AROT

MR E e 3, T B 2ottt Z A 2 /b —AME R “ B0 PR
T R A 2 A R AT e e 2%, R B RRGRE s & on i e 2, Bl
DA VAT 8 RS FEE SR 3 AT ART A — A s SCTE S 802 8] RE o (1545 5t PH 46 pR 8T [Fu-
nahashi and Nakamura, 1993, Hornik et al., 1989]. Frig “HtIE” P45 (1) ek %k

EREMS: (FREMBSREFS)

X AFHTERF A
R Eey4E F kLR,
AR A Borel 7T 0 ) # o
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R Z., Logistic B )3 3 soft-
max B )3T AHERRA
— B AP R Y,

Logistic @2 4 L # 3.3,

Softmax =2 £ L% 3.3 .

EREGMS: (FREMBSREF )

FefR14 Sigmoid BRI EIA LR HL, (E A 2 X 2% 14 368 A ALLYE o A A W0 1 3
ERMEPIEREL LA ReLU, ARG M.

A I Aol B R Ul W] T R X 2% B T R RE T DA S A — AN 4 A R
BREL EIFBCA 4 IR B R — AW E, DU SR RN BhAh, BN
MIBINLAS S ST, FSE MU RO A RS, — B 250 KU e /ME AT I
AT S 2] BOAMZMZ KRR, A SEN%E LS.

4.3.2 NBRINEF

WP BTl B, P eI FhRRRE R AT A —A “JiRE” MRSk
R, "TDLR R T B A AR b 4, Bl — N A m 449 Af

TENLER 2 ST, T NFEAR O E T 43 2828 RIS AR K. DA Bf 22 31 A, 4F
FIRFAE T AR R IR i 20 S (M Re . R, BEEUAS I 0 8300, FEREARN
JRUGHRFAE 7] 5 x #3030 A BUHFIE & o(x), XA IS FE YR AF AR A B

LA A M LB R AN IERME SRS o - RT — RY, A
x € RIS EIIE o(x) € RY . R, 22 Rl BR 2 0 45 t 7] UL B — Ry
MESREHR T8, Fof s o(x) fE A R i N 1T 2%

B MNNGFER (x,y), FFIHZ ZRIEHE 0K x B F] o(x), 28
JaFR o(x) BIANFI AR g() o

7= 9(p(x),0), (4.36)

Horb g (1) NEMEBEARZIER 702885, 0 80 2R48 g(-) IZHL g N a5 it -

FEAH, o348 () N Logistic [F1J9 40 2828 5K softmax [H1 32485, P

2 g() AT LR B M G — 2, B2 W 2% B 2t H R TR 28 591 ) ) 96 Ak

XTI RR By € {0,1}, HKH Logistic [[1)H, HB4 Logistic [])H4)

KA LR AP E M e —F. WU, MENERE—ERH—1MaE

JG, FF H WS REUN Logistic A W2 % H T DLE BT U/EAZ Gy = 1
1 5 S ML

ply = 1x) = a"), (4.37)

HrhaB) e RS LJZMZ TR .

SFE2HpRAEy € {1,---, 0}, WHRMEH softmax [A1H5J58, HM4TF
W 2% B Ji — )2 BB O MR TT, HBUE RN softmax BREL. 4% (1% H 1T DA
TE R KW G

¥ = softmax(z?)), (4.38)

https://nndl.github.io/
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Hz(D) e RNEE LIEMAITCHIERN: 3 € RO N LIESEICHIREMEME, 4
TR AN R T 28 (4 T i B AL 2

4.3.3 B¥F3
W SER A RS0 R iR A, AT REAR (x, ), HARRECN
L(y,y) =-y"logy, (4.39)

Hey € {0,119 NFRZE y X B one-hot [A] EHK IR .
BrRNGEAND = {(x™, yM) I, BREAFEAR xM) S GTAE

2%, BRI g™, /\Tiﬂl?)%é%DJ:E’J R RS BR O -

1
N

N
Z Ly™, )+ )‘”WHFv (4.40)

Forp W A b 43 5l 7R P 265 HR BT A A B AT R B ) s || WV )| 2 o DU AR TG,
FARBH b0 s N RAIERES A NBOK, WlkEEA T 0. X B |W]|%
— & A# FH Frobenius Y544 :

L m® -1

Wi =333 ) (4.41)

=1 i=1 j=1

AT HEM RN GREA, ST DB AR T RT3 . 4
BREE R BRI OISR, B RS E WO FbO ZHEH Ty

WO WO _ am;%b)’ (4.42)
aL(y™,3™)
w0 g ( SIS o)
N & ow®
bO O _ aag(]:g’ b). (4.44)
oL(y™ y<n
Hrp o NE I E,

i T P 7 B H SRR PR B0 S B i 3 4, SR o e 2 U 3 — 0
TS HOAT R 3 LB AEANZ 2 B I ZRrh &8 1 F R @ % 46 H ik ok
e R TSR

EREMS: (FREMBSREFS)

EEX B ENTR G S
BELAHW, MR bhBE

b.

https://nndl.github.io/
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4.4 REEEEX
RVCK HBENLES B T R AT M MBS HE 2], HE— MR (x,y), B
NI, BRI ERE Y. BRIIRKRERECN L(y,y), BT
T G E S AR SR TR BT E UK RO T RN S S AL

% T ¥ Bk F 4,
R HERBHERT, SR
#B.1.1%.

HRAK (B.14).

EREGMS: (FREMBSREF )

Rk, WP IZEW O MbO WS TR 2L09) it
FHE R BB RIS, B BIIRATE T L(y, §) 5 T B M6 M

T SOIEES e Y(Z)W HE e T
oL(y,y) 09z OL(y,¥)
ow® w920 (4.46)
IL(y,y) 920 9L(y,y)
ob®O  — 9b) 9z (4.47)
AR (4.46) A1 (4.47) HEIH ~TURHH FARBRHR T4 1202 76 20 10

fin P EL, FRONIR 2, 1 UL— KRR S ZRERATA & Z =MW T8, 0
w020 0z 9L(y, )
WA —5 54 l

ud’ ob0 " 5s0

NIRRT X =AM S AL

(1) 3 20 = WwWal-1) 4+ pO) | 5%
1]
020 _ [0z (027 azuh)] (1.48)
O UN ’ @7 (0 ’
ow;; | Ow;; ow,; ow;;
0, -1) )
= 0,---7a(w“a b ),---,0 (4.49)
B
L (%)
= [0+l ,0} (4.50)
2Laf™Y) erm” (4.51)
Hobwil ARGESERE WO 0847, Ll V) RmE A EENG T, KRN
OEI’MTWEO
Q)ﬁ%ﬁ%ﬁamnlﬁ#lﬁHDM@ﬁ%%ﬁz“— W0al-1 4 b,
DAL 05 5 25
U]
% =I,»n € Rm(l)xm”), (4.52)

Am® x mO 1 AR

https://nndl.github.io/


https://nndl.github.io/

4.4 AR 2019 £ 4 A 18 H

101

N OL(Y,Y) 1p e oy e 7 TS L
(3) st I gy o0 e X LRI,

IL(y.y) 0
l m
60 = 0 eR™ . (4.53)

REW 0 KFRH L Z AT AR, BT BRI E LR
P T IR BB E o 1R 22 T IR S R 17 AN [ Ao 22 T 0 1 246 BE 0 RO ST IR AZ , A
1717 LAy ML R 1 < DR EE 2 T I A7

FRARE 204D = +Da0) 4 B+, 45

(1+1)
8; o = (W), (4.54)
a

i al) = fi(20), H fi() REALTE RS, Hith

9al) _ 9fi(z")

9z~ 9z® (4.55)
= diag(f/(z"))). (4.56)
Bk, MRAEEEGEN, 5 EIRZETUN
L OL(y,§
9a® 0z(*Y oL(y,y)

T 0920 9a) gD (4.58)
= diag(f{(z®)) - (WEHD)" . 50+D) (450)
— ) (WD), oo

Horp @ R SBUSHA, FoREA TR,
MAR (4.60) BTUAE 55 1R AIBZE AT LUBIE S 1 + 12 (082 3 51
1R8], X RIR R @ 6 ISR AN S U2 5 LR I — AT
IR CHRAURYE) ST SR TEHIRERI S L+ 12 MM TE IR T AL
B SRR, IR LA T BB
TS BT =AM SRR, AR (4.46) TTEAS A

&W =Ll "")s® = Va7, (4.61)
Bwij
B, L(y,y) R THIEREWO BBREEN

OL(Y.Y) _ c)(ali—1)yT
S0 =oY@ )T, (4.62)

EREMS: (FREMBSREFS)
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FEL, L(y,y) KT8 1EME DO HIBEE N

V) _ 50, (4.63)

RN RRREIZ G, RN RS —ESEHE. Fit,
FTRIE R @ 46 B ik (Backpropagation, BP) HIHT £ W 25 Il Zrid 75 AT LA
DAUT =2

L A S — R 2O FEeEEal), HIRE 2
2. RIMERRTH A — Z IR ZET 60
3. WHERSHWTE, IFEHRSA

SIRANG WA FIREALBEE T B IR 2 S R AR 4k SA I B AR I 2L A

BE 4.1 FETRENIEEE N R A i R S
BN WHED = {(x), ¢ N BAFE Y, 2 K o, IENML R
N\, ER L, Mo EmY, 1 <1< L.

1 FENLEIERL Wb ;

2 repeat

3 | MUNZREE D HIREARBENLE HE

4 forn=1---N do

5 MINZREE D HFIEIREA (x(M), y(™);

6 AT — 2 20 Fs i a, BHERE—Z;

7 R IR G — R R 00, // > (4.60)
/] HEE-ESBENIH

5 i, 2L 50 (=) /] A (4.62)

0 v, 2Lt 50, /] A (4.63)
/] EFEH

10 WO WO — (6@ @)™ £ AW D),

11 b® «— b — as®;

12 end

13 until A2 RABEAARIEE Y FABIRETRE T

Hid: Wb

4.5 HBHIEEITE

ARZE 2% (1 S50 BB IR T FEREEAT IR . e 1 XU R B DL K
W2 £t J » BA Tt mT A T30 A B ik R U 55 XU b O RS SRR S, F
PRGBS HEAT SEBL . (H 2 F3R IR FHO TR 7 B IR JE H BiRE O 45 2
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H, SEEIMAEMNBARG MR BT, JUPIA B ERIREE 2 SRR
BWE T BB ERITRE, BIERATAT AR B 2 a5k O AR SE B, HLkk
FERT LB ST IR, iR AT T8l REIT AR MR K e

B 3hH S S B v T PLar N AR =25
4.5.1 BEMS

AL S (Numerical Differentiation) /& HHUE 7R ITH R f(2) 0T

Fle) =t 1T AD @),

Az—0 Ax (464)

B R f (o) Rl o BEL TR 2 E— MR AEEKIE) Az,
I R SOR B BREL f (o) BIBRE . BUE R TR R 5 % 5B, B3k
BN EEMPE Ax FH WM. QR Az i/, S5UEBETS R, i
ENFEE; MR AR, Bk £, SESEOHEAMER. Fik, B
o Bse PR LR ZE . AESERR AT, WA R i A SORTFRAR L, W] DA D
BbTiRZE .

, . fla+Az)— f(x — Az
o) = i TS

. (4.65)

BUE I 5 —A R TR IR BRBS R n, WD SHET
i BRI PES, ISR . BRI MR IR TR RN O(n), N
THELEUE T LS AN 8] 525 8 O (n?) -

4.5.2 TFSHH

5 #4% (Symbolic Differentiation) f&—M#E TS5 HHEBEIRS
e FEE, M REGHE, RIBHFEVOREE W AR RIE A X
B EEELRTS (Symbols), —MATFERNEAIME. 5 HEMHA
Ay th#R R B FRIE I, — B HERE R W #or.
gy FRAREOTRE . SKRIBH T TR EE .

be fnn e Rk AR AL ) -
MIN: 3z —x+20+1 (4.66)
Bl 4e 4+ 1. (4.67)

PG BOR VX A (FRIES, 8IS A EE T — 23 e X
IR BEAT Bt o e 0 SRAN BE PR AR SR AT P AN I, (45 R BRE

EREMS: (FREMBSREFS)

& Nix £ (Round-off Error)
RAGHFAAE P HTHF S
N3 R4 S AR Ao A AR 2
B89 £ F, e BF EHCR

A Wit £ (Truncation Er-
ror) RHKFHEANELMHE
FAR A H ) AR 4G oy A R 2 9]
693% £ o

Fo i 53+ Ho a2 69 BEA R
AR, PP RAA RN
FRT P AT H.
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FE5 e AT AE G BRI T SRR B E o, IRt — DRI AT 50505
EHHAT AL . BEAh, AF SRR AMER RS S RN G 5%, W LIE CPU
B GPU Ligf7. 9ot —SAR AL, —2 g AU, Rl T
TG, 3 ZARKI AT 6 RN T AT S /oy, — e E Bl
MR 5 RF R HEARIE, JFHE AR (F55) #ATHSER U] =2 R
X P REAT I

4.5.3 HEWHH

B 3t 4 (Automatic Differentiation, AD) & —Ffn] PLXf —4~ (F2)7) PR
BT VR SR T77 . FF 530 B AL BN G B ik X, T E B 53 (1 A B
e —NREEC— BT T E 300 AT L E R SR AR R A AT sy . B
B A SR B2 AT B BUE TSR DA iy — Se AR A, B +, —, %,/

F1—SEHT] 55 bR 2 exp, log, sin, cos 55,

H 3o 2 F 4 SGERBR B — DN E SR B s . A1 —4
PR R 28 v WL G BRI B 1 oR U B B I AR . D T R L, 4
HEREf(z;w,0) A
1

flwiw,0) = exp (— (wz +b)) +1’

(4.68)

Ho o AP R, w b4 BONECE R E S5

B, BATREGRELf (2w, b) N — RV EEARERAE, FFM—A it
H B (Computational Graph) . TFHERIHFEHPEIEAERR. THHEH
RN JER 775 SRR — AN AR ERAE, AT RO — MR BB &
K484 T e =1, w=0,b =00 EERE f(x;w,b) Wi HE, HPEid
R LL BT R T ) T H LN 6 ek B0 22 1 S R B

4.8 TEREL f (25w, b) HITHEE

Mt E EATLEH, SEHRE (v w,b) 6 DNEARE L, 1 <i <64
o WIRAFR, BEAFEARRE FEHA A B, a7 Do R se o .

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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hi=x xXw %—x %—w
L ow dr
B Ohy Ohy
ho =hy+b 6—]“—1 8b_1
Ohs
hs =h -1 — =1
3 2 X Oy
oh
hy = exp(hs) Th: = exp(hs)
Ohs
hs =h 1 — =1
5 4+ O,
Ohg 1
h6—1/h5 87}1/5__]’)/7%

® A1 SEREf (z;w,b) B 6 M EARE T

BANFERE f (2w, b) KT ZH w F b T H T LU i;ﬂ'ﬁl:ﬁ‘ﬁ%ﬁ
f(z;w,b) 524w b (83 12 E A I FHOE SRR 3,

0 (zswb) _ 0f(w;w,b) Oho Ohs Oha Ohs Oy Oha oo

dw ~ Ohg  Ohs Ohy Ohs Ohy Ohy Ow’ '
0w w,b) _ 9f (riw.b) Oho Dhs Dhs Dhy Dhy (470

ob  Ohg  Ohs Ohy Ohs Ohy Ob '

bl 2Lh) Safsl, e — 1w =0,b =0, A[LL{HH]

0f(zsw,b), _ 04 (i w,b) Ohg Oy O Ol Oy Oy

ow T hwE0b=0 T T e T Ohs Ohy Ohs Ohy Ohy Ow '
=1x-025x1x1x—-1x1x1 (4.72)
=0.25. (4.73)

IR R BN S B 2 [ 2 2k A2, AT LORHIX 2 26 A2 b i) S O AT AN,

FF B A B
iR A1) 1 N = ki @ D /S TSR o S VO TR S VSR TR e

BT EART A A A o2 42 55 B b o SR 1 AR [ 7 T R U b i SRR . LA

Afiwh) Jyfsl, Mz = 1,w=0,b=O0R, ATFETHERBEBITSITR LT
% =z=1 (4.74)
Ohy  Ohy Ohy B
dw O ow ! (4.75)

EREMS: (FREMBSREFS)
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Ohs  Ohg Ohs

o = o ow X! (4.76)
: (4.77)
Ohg  Ohg Ohs L
T = e ge =02 x ~1=025 (4.78)
Of (z;w,b) _8f(x;w,b)%_ _
pa = SR O =1 025 = 0.25 (4.79)

RS S5 IR RS i P e b 1 RS 16K BB EE . L)
AGwb) Jytg) M = 1,0 = 0,b = O, SRFTHERHY BRSO R -

Of (z;w,b)

)y (4.80)
af(gi;;mb) _ 3f(g;zz’vb) g%g —1x-0.25 (4.81)
af(g;;f},b) _ 6f(g;;:,b) g%i 095 % 1 = —0.25 (4.82)

: : (4.83)
Of(ww,b) _ Of(@iw,b) by _ o 1 _ 95 (4.84)

ow 8h1 87’11]

A 1 A58 2 e i A 2T DU AR A P B T U (R P R 6 B R B e I
AR TH S 7] DU R @At X e Bk 45 46 09 ot S A% 2 69 7 XAR R .

AT ARMEHYR £ RY - R, WA A 6 MR
(M, S 0. TR RGBT — BB, 3%
FEmil. %n>mb, RIORERK. EHBEMAENZEETH, R
KRB BON £ RY > R, bR LR AR A B A 5 2,
RFRE B

M EMA MBI 755 W A E S R 5 R REE 2GR R 3R
R PH FTS MO ER R BOe I N RS R K, T SRS
FIFHINFIEA, T DX SHERE AT, ERFEITH B A&
B AR BB AT USRS A T B SR MIE G 5 dn B, AERE P T Bodit
Sopist S, THEE B R AR A E AN BB EAT TS, AR5 AR
B AR AR T R A HORA L

F4.9% th T 46 B 05 E B RS L.
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-

T

| MR f(2) | | HFEAEER f() |

VAR 2 ), VAR 52
¥

|ﬁ$@ﬁ frmetion f(0){-- - } |M.| FEFF B3 function df(x){- -} |

4.9 FF5r5 B3

BT EEMESHEE HEEWE T UL AR ST R BN & A B
S B A G B T SR TH R R I 2 R AR B AT I AN BE R, 1T
BT A KRR FISITN SIS E . WATE T A s s, HSHEE
FEREI AT DAEAT A4, IFATRE 58, (HRIEIEEZE . ST EAR S
et ARSI RIS SR A — B, fEDOFATIR, E2 RiE vt .

FEHBREFIHELE, Theano Al Tensorflow K H B2 FrS1HE K, 1
DyNet, Chainer fil PyTorch X H K &sh & 115 K.

4.6 Likio)dm

M2 2% (0 S8 S LUV ER R BN e, EZRA M A (1) RN
PRALTE] A (2D 6 BEVH 2% 7]

4.6.1 JEMLiLinIRR

P22 2% FALAL IR — AR AR AL R A DA— AR T AR 1-1-1 25K ) 2
JEANEZE W 28 B R H A % R S 2 B0 AT A

y = o(wao(w1)), (4.85)

Horbtwy Mlwy A ZHL, s BREUN Logistic R o (+)
G MNAREA (1,1), 20 AE PP AR B A, 5 — MR B B0 T 7

REPR: L(wr, we) = (1—y)?» 5 AR R EBON S SORHUR L(w, we) = Iny.

Yo =1,y = 1, HTPIRERZ XL RIS DA L(wr,wy) = (1 —y)?
FL(wy,wy) = Iny. FEEEGEH w, Fw, (055 R MEL10077%, ATLLE H
PR R TR SHOE— AR R &

4.6.2 FHEEKO)RR
TEFZE WX 25 R R 22 I I AR R B A N

00 = fitz®) © (WD) Ty, (4.86)

EREMS: (FREMBSREFS)
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(a) IRz (b) B3R

K 4.10 #LE ML y = o(weo(wiz)) FIFR KRS

R ZE NS R AR R, AR — E AR LOZ R R A S 43R
{4 ] Sigmoid B e %L: Logistic P41 o(x) B Tanh BREE, HFHCN

o'(z) =o(x)(1 - o(z)) €[0,0.25] (4.87)
tanh’(z) = 1 — (tanh(z))” € [0, 1], (4.88)

Sigmoid 4 pR H S EE AN T 1, 4110w,

0.25 | 1
0.2} {08}
0.15 [ B 0.6
01f 4 04

51072 b 0.2

T I I I h 0 I I L
—4 -2 0 2 4 6 —4 -2 0 2 4 6

(a) Logistic B& %L1 T4k (b) Tanh ERETI T4

4.11 WS R BN S5

HH T Sigmoid B R E I MIFNPE, RAIIX I FECE R EE T 0. XK, RESL
g — R AL IS 2 AN W ik %’lﬂ%ﬁ%ﬁﬁﬁ%ﬁ BEFE R AT 3E R, EL2 T
Ry ALFEEAN LR MEVN Zr o IX A2 BT iE A% 74 & 18 & (Vanishing Gradient
S K — = Problem) , 04 B 7R in] @

THRE—BRAA MK, TEIRE ARG R, URR R I 2 ) R I) J7 AR 4 bl — Bl B A1
RTAIFAY 2 R 2% KRB E &

o TR ALK WIR R, L ReLU 5.
EREAMS: (FEMNESREFS) https://nndl.github.io/


https://nndl.github.io/

4.7 MEERRN R 2019 £ 4 A 18 H 109

4.7  BEEFIRNIRIZE

P2 ) 24 o — RS (1) 43 AR AOFAT A BB AL, Sl I KR E R T0 A 58
HORAFAFE, M AITTHROE D A 15 B B E A T [Rumel-
hart et al., 1986]. FURENASANIE], #1400 26 b B0 bR B — ORI 20T T iR
Ko Ra.285 0 T H WIS KRB FH 72— DI I 2% TPk 58 U R
4> #E % . Ramachandran et al. [2017] & it T A FEJEA R REAHE T, I
I SR S ORI R S E R EOE REL AE 2T BRI Swish s HURA HE 4T

HIPERE .
Logistic B %% f(z) = m f(a) = fx)(1 - f(x))
Tanh B4 f(z) = 22wl fl@) =1~ f(2)?
ReLU f(x) = max(0, x) f(x) =1I(x >0)
ELU f(z) = max(0,2) + flx)y=I(x>0)+I(z <
min (0, y(exp(z) — 1)) 0) - v exp(x)
SoftPlus b %L f(x) =log (1 + exp(z)) fl(x) = m
A2 H B RE S

KRB BTGP NS 2 — PR AR R N4, AHARI )= & T
AN R R, WA EEAZ2 M 2% (Fully Connected Neural Network,
FCNN) 8¢ % & B4 35 o B0 22 I 28— FLAS 5 2 D71 AEAR 2 A =0 Al
LA 22 X FIE 3 A48, tein (Pattern Recognition and Machine Learning)
[Bishop, 2007], {Pattern Classification) [Duda et al., 2001] &

R BARZ Z8 Ay — R e AR SR AR e AR Y, FLRE Jy ] DAL H 38 A Lo e
FRARIUE . T30 AT ALE 2R PELR A 41 7] LAZ 2% [Haykin, 2009].

RV 22 W9 2% 2 20 THE 20 80 SEAUR It L) iz A HT, ERRIEA LM
JEMZE CBI—AREEZE AT — Mt 2D, M2 o HIEeE e A AT Sigmoid
R A I HAEH IR R R 2 O Tk . BRI ATt 22 R 45 1) 2
Bep IR AR AR, BHAR N — MR T SO IR, RS N TE BN
1 BEAF S AL S R A R TS 5 AL I 57 3 IATT AR A

TensorFlow i R 37" #&4t 7 — M ARF 1 fI#h 2 M2K I 2R R T AL R 5

L http://playground.tensorflow.org

ERSEHE : (FREMNBSREFS) https://nndl.github.io/
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Jf4a-1 W T AMMETTo(wrx+b), FEHBEE FEASEw i,
REINA x ERT 0, HASOREE & EF AL

SRR 4-2 BB AT 2R 2% R M U XOR [, EESRAZ AT £ K8

2 BAT A P 2 e Al — M A 2T, IR ReL U AF 93 ek 4

SIER 4-3 REEFIULE “FET- ReLU 87, FHH i@ 7.
SIRM 4-4 5 Swish BREH S

SEA-5 BRI R AR N, EECO L, AR
B TTHEA Y1, WM S URAR L %R,

SRR 4-6 I IE AU AU B T B 2tk a2 A 2 2D — M ] ReLU i
17 bR K AR B2 AL SR AT IS 22 X 2%, AR A A

SIRR 4-T AT 47 4 28 0 48 A5 7R 114 &35 g A JRUISE: B 5 b A ot i B b 34T 1E
njfe 2

SIRR 4-8 AT ATE R AR R SIE BT S8 S N R A BENL S BT U6
R M AR EHIES W =0,b =07

I

LUE I 4 07 3] SRR A

2 3R

SRR 4-9 KRELTH R R

o
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FHE EREEMLE

— AR BT R S, ARk T2,
— X a4 2 BAE

FAnAP 2 W 2% (Convolutional Neural Network, CNN 8 ConvNet) A& —Ff
BA BT AE & TR MR Z AT 28 25

BN P4 e B R AR B B G R  WR ) aES AT s 4ok AL
BRI, AR LT P A A

(1) %K% B NEG KN A 100 x 100 x 3 CEPE{S = 9100, %
FE2 100, 3ANEUAIEE: RGB). fEAERATHIN L, 55— FE5UZ 1) & 1
2N Z#AT 100 x 100 x 3 = 30,000 ANH EL ST (0 RE, FEAN RGN
— I ESH . BERBEMETTEENIYEZ, SNBSS SREm. X
2 FHEEAMMAE WS NG SIEREIR, WIRE S BT E .

(2) B AR HARKGE P IYIREEAT R AAZ AL, HnsE
R‘F“?(E’b‘ﬁl A% R SRR AR AR UE R . Tfﬁé@%ﬁﬁ? 5 9% 265 1R AfE S
KRNI, — A AT AR s R S = P

%ﬁ:ﬁ‘*‘%né@ AW FIRAZ B L T HE o &% 2F (Receptive Field)
FERB. W EME RS A TuHRE, B Rz T
ﬁﬂﬂ']ﬁu&%ﬁ’:iﬁlj\]ﬂ']; o TEALANE RGEH, WAL R 2 rh AR R 8 4 1 A LR A
BT B E BRIz A o AL b (R DI SZ B S RO B I, R ph BN AF
SRR, AR T A ML 5 R A TR IR e E 5 . — Al
22 TUIR ST B 2 AR B PR R X3, IR A XA X P R R R W0 1%
L ESST

H AT B AR I 28— U G ARE L VLR R AN A 12 258 XOHE B 1 1Y
R BRI 4%, A8 S AR SR AT I 2R BRI M 28 = AN 450 L IES

&R — A EARR Y
RIS



114 2019 £ 4 A 18 H H5E HRMLML

Ph: B3fidds, MEXFLUOLR, KRR ERERME Mg BA —ERE L
WIFHS . AR e AN . FIRT AP S AR LL, BRI LS S8 /D .

AR 22 N 2% BLAE AR BRI A (0 5 R 55 L, LE R 228 A
R WA MR RIAE, LR — Rt T e R A I 2%
B, RGP N 25 th )2 N T B ORIE 5 AL PR HERE R G5 U

5.1 &R

%42 (Convolution) , WHYFEFL, BoErFt—MEENEHE. TEY

i A iR e
AR U T8 LEBERLE, EHEA—EH—REH

R,
—HER —AERAE MG ST, HITIHHEESHERE RN BRix—1
5 RAEBBANMNZ 7 —AMES 2, FE BRI AN wy, BIFE L — 1
KA, (& BRI wy o B w = 1,we = 1/2,w3 = 1/4, AALENZ]
t WIS 5 e 9 AR 22077 A4 (45 JE A0 DL RTINS 22383815 2 1 B

yt=1th+1/2><xt,1+l/4><xt,2 (51)
=wi X Ty +Wg X Ty_1 + W3 X Ty_o (5.2)
3
= Zwk cTt—k+1- (53)
k=1

FATHE wy, wa, - - FRONIEER S (Filter) 54 (Convolution Kernel)
RBIEH K A m, ERM—ME5TF 2, 20, - RGN

Yt = Zwk *Tt—k+1, (5'4)
k=1

155 5 x FIEHE A% w B E XN
y=w®X, (5.5)

Hrp o KB RisH.

— BRI DEBER B SE m N TE S PR ne BB fr = 1/m, 1 <
k<mity, BRMATESFPINEITE . B 14 W T —4E5PURG]. I
WA [—1,0,1], HEHL BB 9IRS T HAUE

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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112 ((-1(1]|-2]1

Kl 5.1 —4EEHURE] (BN [-1,0,1]

ZHER HRMAEHERGLEES . BOVEGN— A4S, B LR 200
—HEERIMATY B, AE—ANEE X e RMXN, RIERHS W e R™n, —f§
m << M,n << N, HEBN

Yij = Z Zwuv *Ti—ut1,j—v+1- (56)

u=1v=1

B5.245 T Yk AR .

-1(0}1-3]01|1 11010 0(-2]-1
2(1|1 1|10 ®[0fO0O]JO0O]|=1]2]2]4
0O|1-1]1[2]1 0)10]-1 -1 00

A 5.2 “4EEA R

B BME IR (mean filter) 2 4 7 A7 B IR RAG WV IEE AR & H
A BENTFIME, B fu = -

EEGAL I T, HRREFAEARERBUE 807 % —REGEL T BN
PR 15345 AR N IEm 4t (Feature Map) o F5.3%5 H7E EMG AL F R LA
IR A, DA S O B () 4 A i it o ] AR o THT P 8 0% 4% 2 5 FE 10 v 0
WeAS, WTRLAR UG AT P 250 rh [ADRT SR S T A D8 28 T DU SR $R
ZRHIE

EREMS: (FREMBSREFS)
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Bt A KA AN R (AL

BT, RER L) SRELRF,

P 7% 4% 180 o

B AR K A B ARG K A4 24
LR A BT AT 8

1] 1] L
16 | 8 | 16
1 1 1 =
8 4 8 -
1] 1] L
16 | 8 | 16
0 1 0
1 |1-4]1 =
0 1 0
R a6 15
0 1 1
-1 0 1 =
-11-110

R ERRUS )

5.3 UG ALER i JLARE F 8B 85 i

5.1.1 HFEx

FENLES 7 S M ENR A PRSI, SRR L E Dy RERAE — MM (BEEMRHIE)
EWEH AN (RIERES), Wi GRBRERS R — 400 R . £ S
PR, JREMATERZIE . RS, — Mo DU A SRR RACE
B, T 22> — e AL R4 . AR X (Cross-Correlation) #&—
AR PR SR R K, T8 R e S & R SRR R SE I, 45 5E —
MEUE X € RMXN FIBRZW € R, BN EZMA XA

m n

Yij = Z Z Wyy * Titu—1,54+v—1- (57)

u=1v=1
A (5.6) WFLEAT %D, Z AR X AE AR X BITE T B ARZANE B BT RIFE .
I 7 AR X AR R] DAFROA 80 45 B AR
FEMPZE A 2% TP AL PGS AR DY 1 BEATRAAES I, SR 75 HEAT B A0 H Ry
TEHEURE I TE R . Rl e BB IR W ST SO, SRV A SR S i

ERSEHE : (FREMBSREFS) https://nndl.github.io/


https://nndl.github.io/

5.1 2019 £ 4 A 18 H 117

fr. Bk, 7 sEdl b (eiid b BRI, AT EARRRE G F

= / VR E RS =N ‘*/\n /E\:’_’ =) Y e

e b, AR ZIREE Y 2] TR A G PR AR H S A e HAH G AAELERET .
A (5.7) AT RARIAR N BE S, KR “ A

Y =W X, (5.8)

ﬁ\:g‘g Y € RMfmﬁLl,anJrl j‘jiﬁl’:ﬂ%ﬁﬁio

5.1.2 EFRRTFHH
FEBAR IR AEE U b, 3] L] NJEI 38 IR T8 2020 KR 48 78 Sk 1
G ZFErE, A LLSE ROEH AT R AR A
JEE AR F K (Stride) 2TRIEIKAFLEIF ST BN A A]RG . Kl5.dazs th 12
KR2MEBIN FRETONT 1, B %

RILRK (Zero Padding) sEfEHA [ E M umdE TANE . B5.4b%H THIAR  RERLH5517F.
P ity A — AR5 FI B BRI .

-1 1 0

Kl 5.4 BRKPE KM EIHE R i T VA AT AR A 3E 4
AR DARF K R AE T
BREBEOMAZ TSN n, BRI m, HE Gtride) Hys, Gy (2 m T2/ s+ 1A%
NAHEE TCH it 25 AN p NE (zero padding) , A ZEBERERMME L EN
(n—m+2p)/s+1.

ERSEHE : (FREMNBSREFS) https://nndl.github.io/
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ATy kb, EAR—
BRINA F BEAR; w B ATAY L
P, BER—MMBEIAAFE
AR

P 5 M AEMREHN AR
#5557,

Yij =

Z WyvTitu—1,5+v—1

u,v

— B BT LR =35

o F A AR (Narrow Convolution) : Fs =1, WAt Ep =0, L5
HHKE NN —m+ 1.

o TAM (Wide Convolution) : HKs=1, MithEp=m—1, L5
BMHKEr+m — 1.

o F3E AR (Equal-Width Convolution) : F s =1, FuithEp = (m —
1)/2, BREHHEKE . E5.4b5E — N EKGEIRE.

5.1.3 EHRIBFMR

BRAREARIF OHCEIE R . 7EAT T, Bl Gt — AR e e
T BRI R TR T LA B — S B 0

5.1.3.1 3l

WERARBIHADEIRE 5K, BRLEAZHENER, Ixey =yox.
MENG BRGRZA EE KER, EAT RS BURSR A T .
XFHYEEE X € RMXNFIBRBZW € R, SFEME X B AN 4E it
ITEIATE, Wi Sgthm — 1 n — 1A%, 55423 A (Full Padding) K1
X € RIM+2m=2)x(N+2n=2) - 4% X FIEFZ W )5 542 (Wide Convolution)

WaX AW e X, (5.9)
b & N BRI,
THEA L HNE, A
WEX = XQW. (5.10)

5.1.3.2 5#

BKRY = WX, it X e RMXN, W ¢ Rmxn, Y ¢ RIM-—m+1)x(N-n+1),
BRELf(Y) e R A—AFrEREL N

M—-—m-+1 N—n+1

ayzg af )
11
8’(1}1“, Z Z awuv 8%] (5 )
M—-—m+1N-—-n+1
of(y
= Z Z $i+u—1,j+v—1£;”) (5.12)
p = ij

M—-—m+1 N—n+1

Z Z af .’)Squl 1,04+j5—1 (513)

EREAMS: (FEMNESREFS) https://nndl.github.io/
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MAR (5.13) ATLLEH, f(YV) XT W i S0 X A1 2000 5
af(Y) _ of(y)

av oy °% (5-14)
[EpEESER
M—m+1 N—n+1
Ayij OF (Y
833t Z Z 0T ot 8ij (5.15)
M— m+1N n+1
of(y
Z Z ws—i+1,t—j+l%, (5.16)
=1 i=1 Yij

Hf(s—it+1) <1, B(s—i+l)>m, H(t—j+1)<1, HEt—j+1)>n
HTJ" Ws—i+1,t—j+1 = 0. EU*E%%Xﬂ‘Wﬁﬁtsz (M —m,N—n) E‘]Q\;iﬁ\?ﬁo
WA (5.16) TTULE H, f(Y) XT X Bl S8 W A 2200 iy 5e 541, 24

X (5.16) PIBBUZR R IERERM AR AR, 7 Bk, BATH AN
“%*D”, EI]

% = rotlso(%)eéw (5.17)
=rotl80(W)® 3];(}/ ), (5.18)

Hrrot180(-) RoR e 180 ¥ .
5.2 HRMEFLE
BRAME M — R HERE . LR BN A E K.

5.2.1 FAERRKESEE
RN Mgt REIEA O ML, Hl-126n0D

METE, EEDA 0O x nDA, WERBERREA nl) x =) A2,

Lom M FAKR, BEIEFEISHARE 2, IGRRR SRR K.

AR B BURAE 238 Tﬁ, LRI 2O N — 1 20E M al D
g wlh) e R 6, |

Z(l) — W(l) ® a(l—l) + b(l)) (519)

ForhyE A wb) AT SRR [, 00 e R T ST R E
RIGERIE S BREAPAMREZ AR

EREMS: (FREMBSREFS)
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BiEhERE AERE (BBREE IR TR MZn#l AT =2 (-1
JZ2) AN R 1 P9 AR 2R T AR MR BRI 2% . W1 5.5 TR,
FURFNN — R Z I R BRI, HIEARI 0 x n! AN EREER Ty n®) xm
AER, m IR KN

WMEHZ WNARK (5.19) \TUUF , 1EASBIER S wb) X T2 12 IFTA 1
Mo R . WE5.5b, BT I [RIEEER: B IR A R

(b) BEM)Z

K 5.5 EEREMEGRZRT

BT RFERA E IS, BRZNSEUE — m ERRCE w® il 1 4
FImE DL, Im+14M2H. ZHEALRPETBET K. A, HIZEM
A TANBARERIEREN, MRHLn® =nl-D —m + 1.

5.2.2 EHHE

BRZAE 2 SR B AN SR IR AL, AN R B AR A 2 T AN R R
TEFRI S . b5 R 15 AR 2 I R 2 o M A e B ) 2 — FE S & — 4EZE H .
REAR A RN 2 = N AE BG A EE |, T BMGOR4ESE i, DRItk 1 BE 78 40 i
FHABEGRRSER, EEEEcHSUh = gg ez, KRN E
Mx BEfENXIREE D, H DA M x N K/NRFAEBLES 4 o

HFAEBST (Feature Map) NH—MREG (BUOLEFRHERLS) fE4 i BRI
FIFIRHE, AFREBUE T DR — R BRRHE. 9 T i s B 24 1

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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FKorae S, MTUIER— EHHZ AN AFRRRERE, PUEIFHR R G IRHIE .
HERINE, FFCMS a2 G A S . R EKEREE, S — MR
B, WED =1; mEERaEE, 5 3A RGB = EitaidiE FIRrEmL, %
NEIRED = 3,
AR, BN ERERNSEWWT:

o B NFFIEMLS4H: X € RMXNXD =4tk & (tensor) , HA@AIH
(slice) #EFE X4 € RM*N y— Mg NFFIEBSS, 1 <d < D;

o MHFFIEBETAL: Y € RM NP =giikh, HAEGMIAEREY? ¢
RMN" SJg— AN AR, 1 < p < Ps

o LR%: W e RmmxDxXPogpudesk &, HoAY) i HEfE wrd e Rmxn
R—PIgEBERN, 1<d<D,1<p<P,

K5.645 BRI =4ES5 R .

AW X4 SHEML YP
LREUE WP / FRAERUEL X
g M
—p

5.6 BRI = HEG M FRIR

N T ISR RERSS Y, BRI Wt We2 L WD 5t i R
MEWE X1, X2, XP AT B, SRS EE RATN, JFin b — M &
bAFEIGARE RSN 27, Bl IR R0E B HUS 193 250 AR IEWU Y7o

D
7P =WP@X+b =Y Wrie X4+, (5.20)
d=1

YP = f(ZP). (5.21)
HhWr e R Doy =ge R, () NIEERMEBOE B, — B ReLU K
o BAEASRUES.7THR . RAEERERE PANMFERL, TR0k
RIFEHSRRER Pk, B3 P AR YL Y2, ... YP,
FEHNAX € RMXNXD ity € RMXN'XP i 2eh, —AN
NERAE LS R 75 22 D AN PRI B8 DA K — MR B o R REAN IR AR KN A m x n,
WLILTFE P x D x (m x n) + PMSHL

EREMS: (FREMBSREFS)
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Xl
g ;
b '
. s |
u , : > é o il
T I > Y2 wepmen

g

TRV WP

B 5.7 B FE T A NREAE BSR4 X B4 R AE R Y2 7 SR 1

5.2.3 LERE

/LR & (Pooling Layer) HIYF KA & (Subsampling Layer) , HAEHZ
HATRHEE R, FRICRHIEECE, HF MR S8 .
B BAR W] DL 25 3D M 2 T BRI HOR:,  (HARFAE AR 40 e 22 A
HOPBA RE WD . R AR, DRBIMALERIKA R R, R
f‘:;\ fjfgfuﬁw B O HIE . NT RSN, ATESREZ E N E—MNEERE, A
RTEAER T AR AT A 2, 3 S
R R RIS NFE S 4 X € RMXNXD | so F Hod g —ANRFAE S
X4, BHRSANREXKRE, 1 <m <M, 1<n< N, XEXIEALER,
WA DA ESE . JLI (Pooling) & 48X A X #E1T T &4 (Down Sampling)
13BN —AMA, AE A XIS -

i FH I 3R bR B T A
1. X K/ER (Maximum Pooling) : — /& U—/NMX 3k N BT A #1128 70 1 i
PN
Yve, = max m, (5.22)
’ i€Rd,

Horp oy NIX 3 RE RSP TG A -
2. “F¥ICLE (Mean Pooling) : — M 2&HUX Ik BT A #1401 FH41E

1
d  _
Vi = T > . (5.23)

m*”' i€RY,

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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S B — AN R IE RS X4 MY x N ASXIGEAT 7R FE, R ENERZ W
WHREMU Y = (Y4 1, 1<m < M, 1<n < N

Bl5.845 T RFF IR ORIC IR BAT T RARAE R B . WTRAE Y, IEREAME
A DLA R D #h 2 e B, 3 T DU I 4 X0 — L8N SR S U IR KR
AR, FEAE RS2 B

i HARHERU AL Y
HNFHEB AL X

1(1]2]0 T3
ol1l1]2 max pooling

0] 3
0jof1]3
0{0]1]1 ST Y

HNRFIEWST X4

K 5.8 LR R KIS R

H AT ERERLgT, IDRENEE T AR, HAERYIN — 58
RiZ% (ELln LeNet-5) 1, AR SRR Z M AR MEROE RS,

V4= f(w Y +b?), (5.24)

HAp v mr R 2, () NAERMEEE R AL, wd A b Ry aT 2 ] bR AL
A

SRR B R A RRE B R 0N 2 x 2 KN E & X, 4R )5 18
RRICRI T AT TR ILREWMATUEMZE MR ERZE, SR
KADNAmM xm, BKNs x s, BRZN max BRI mean BREL T RKFERFEX
W SRR A U R, il O 2 1E BBR.

5.2.4 HBREFAMKRLER

— NGNGB RE ILRE &SRB R A
AR 2% 51 5.9 . — NEFRPURIES: M AN BREMb/NMEERE (M
WHBEEN2 ~5, b . —NERME P LIHES N AN ELL SR,
RIGTEEE K MAER2 (N IHIUMEX R HER, a1 ~ 10088 K K
— 0 ~ 2D,

EREMS: (FREMBSREFS)
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SR (4.60)0

B PARL R B R A A

B K (5.20).

v

3w

>

X (5.14).

K 5.9 SRR 2K 25K

HAT, BAMEa@rn T E SR (1 < 1TA13 x 3) MK
BRI (LR BT 500, MAh, T B RRRAE B R CEinAs
RO, ILRIERE ARG OB, AL H AT LERERAT B AR 2%
ILRIZH LGB ZB AR, BT aER g,

5.3 SHFI
TEA T 2 b, SO A R P LB L (R e A I 45 500, 2%
AR 28 A] LA R 2 R AR R F IR R T S8 2
TE A VR AT B2 I 2, BB B i A — 2 PR 250 6 AT I 1) 4
e SRR SRR B
TEEFE LR, FEEWHAAREIIRENMZ)ZE: SRZAEEE. 1
BHCA BB SRS, I BB R o 2 B

ANR—RtE, S UZNERE, B — 1ZMRNRFERU Y XD
RMXN>D @t AT AT RN LR REWSHS A 20 € RM NP 45
JEHIEE p(1 < p < P)MRFEBU A

D
700 = 3 Wt d g x -1 4 ylto), (5.25)
d=1

Hrp werd fiplr) BRI KW E . 512 P3G P x DGR P A
D B, W LA A i G R SR R

AR A (5.14) F (5.25), BUR KB T 5B 12 BB W 2D [l T HCN

IL(Y,Y) _ OL(Y, V) % X (-1
oW (Lp.d) 0Z.p)
=or) g x(-1d) (5.27)

(5.26)

1 §0r) = OLORY) Sy e i Mok T4 1R p AMHAE BT 200) 110
%

dm Sm

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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IR, RRRBOCT 5 RS p M E 0P 1w FHCh

oL(Y,V
éw):ZWWM~ (5.28)

1,J
BRI, RS BRE EEWRH FTE R i 22 1 s ()
5.3.1 ZENIHE
BHRERCRE R, RET A AR, FIERAT SR E 1,

LRE AH I+ 1RNEREN, DUVERZERE TR, 1+ 1208 M4
TEITRZE T & AF N2 T 55 1 J2= BRAR SRR RS 8 — A X33 1R K58 p MRFAE SR
R MR TCHRA — 26N L + 1R HVES p MRS 1 — 2 e
MRAEEE RN, 5 LR M — MFAERUR R E TGP, RFRER L+ 1 xRy
AEWST R ZZ IS (HLP) AT ERAFHRAE (FISE LR MN—FE), FAILRRAE
WAL PR (L O S ROZ T AR, AR E) T 0P,

5 U3 p ANMRFEMUR R 22 100 6 (0p) 1) B S R R

() o LY,Y)
0Z(p)
oxr)  9z(+1p) Hr(y,Y)
T 9zup)  Taxr)  §z0+Lp)
= f{(217) & up(6 1), (5.31)

5 (5.29)

(5.30)

Horb £ () NS LR BOE RECFEL up 8 ERAE RS (upsampling), 5T
RZE TR RAERAE NS AR 5o SRR RAE 2 e KT 2R (max pooling), iR
ZETR §UHLP) A AN 4 B AR 30 B b 2 X I8 X3 H ) B AR BT X . B e 4
TG, DX EMA TR ZE AN 00 W R RFEZETIILE (mean
pooling), WRZET §(H1P) shgAME L34 P35 43 FC B b — 2% B X S 1) i
2 b

ERNE M1+ LENEBER, BRI 20D € RM NP o
Fp(l < p < P) MRS A
D

Z(l+1,p) — Zw(l+1,p,d) ®X(l,d) 4 b(l+1,p)’ (532)
d=1

Horprw U Lpd) FpUtLe) g8 1 1 E BRI A S B - 5514 12 38H Px D
BRI P AW E

EREMS: (FREMBSREFS)

%
3
3

A5t dE A O 8 45 5 R 4R,
Heix ¥t a9 1R 0 aF
IE 69 48 AR A, AR

AR X, Z HEERE.

»
5'3

>

>3

Y

X (5.20).
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LR dAMRHERST R 22 60D (1 B T I A2 an T

5(l,d) A a‘C(Y7 }A/)

020.d) (5.33)
OXLD  HL(Y,Y)
T 970d T gx D (5.34)
P A
‘ - 0L(Y)Y)

HABA X (5.18) = f1(z9) e Zl (rotlSO(W(lJrl,p,d))@W) (5.35)
-
P

=z o Z (rotlSO(W(lH,p,d))®5(l+1,p)) , (5.36)
p=1

Nl
=
&
&
(@2
(=2}

5.4 JLFELRIRYEFAIREE L%
RFAGE LR 2 A8 F R LR R E B B 4 I 2%
5.4.1 LeNet-5

LeNet-5[LeCun et al., 1998] BRI ! (I [A] ELELR., (EJ2 & — MR L)
RIAHZE M 28R . BT LeNet-5 AT 5 HF U0 RSUAE 90 SRAUH 56 IR 2 447
BT, FRIENSCE BT 5507 . LeNet-5 IF1M 45 4549 41 E15. 107 o

R Cl: BRZ
) ‘1 6@28 x 28 3: BRZ
C & 16@10 x 10
1 C5: BH)Z
HjL FF‘ P
= - O\
\ So LEE S4 iELT%F v
LR = : e ! =
6@14 x 14 16@5 x 5 R

K] 5.10 LeNet-5 2% 2544 (& 7R [LeCun et al., 1998] £ i)

AHHINZ, LeNet-5 66 7=, & JZHEHN:

1. BN FANEUE KN N 32 x 32 = 1024,

2. CLEZRBGHZ, H6/15 x 5 MR, 3641 K/ N28 x 28 = 784
HIRFIERR T . R, C1ZRIMETTEE N6 x 784 = 4,704, Tl
BE N6 x 254+ 6 = 156, ELHCN 156 x 784 = 122,304 (BLFEIREAEN,
TRDs

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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3. S2ENILERE, REEE L2 x 2, [ HSFEILE, A — A (5.24)
AR R PN EIN 6 x 14 x 14 = 1,176, A[IZGSEEEN
6x (1+1)=12, ZERHHG6 x 196 x (4 + 1) = 5,880

4. C3JZNBHZE . LeNet-5 o F— A& K @ S N\ ANy tH RFAE B 55 22 1]
PRI R, WS 1R, JEER 6045 x 5 FIFEHE S, 5316 K/
10 x 10 FIFFAERR I . #PZET0EE N 16 x 100 = 1,600, "JIZSEEE
N (60 x 25) + 16 = 1,516, EFEECH 100 x 1,516 = 151,600,

5. SA4ER—MNLEE, REEEION2 x 2, HH 1645 x 5 K/ANSFIEBL,
ANASEEEN16 x 2 = 32, EHEHN16 x 25 x (4 + 1) = 2000.

6. C5ER—NEME, 120 x 16 = 1,920 15 x 5 [KJEW S, 155120
AR x 1HEERLS . C5 2RI Z e BeR N 120, "ISGS 83
1,920 x 25 + 120 = 48,120, FEEHCH 120 x (16 x 25 + 1) = 48,120,

7. F6 ZR— N AERE, A 84MMEA T, TGRSR N84 (12041) =
10,164, EFZEHFINZESEAEAIE, 910,164,

8. M JZE: FrHZEH 10 MR IRE M K%L (Radial Basis Function, RBF)
PR A . X BEAEIFR.

EHER A (5.20) ATLAE 1, SRR IR e AR IR MRS K0 T T A
NFFIERU, A2 TG AR B A\ AN R AR 22 A A s 4 R R . SEPs
by R AEHOR RA LA FATAT AR AR — N H AR AR S AR T D
BOUANRNFFERL o 58 L —A~ %4 & (Link Table) T KRR N FI%H HRFE
AN 2 [ HRIEFE SR B o A0REER p N AP AE RS A0OH T 58 o A N AFAE e, )
Tpa=1, HNHO.

YP=f Y wrleoxiiw |, (5.37)
Tpi’:1
KA THP x DRNFERER. BEERRTHAEEMONK, B EERN
KAINRm xn, WLAFEK xm xn+ P S

7t LeNet-5 41, R PIEA W E WES. 117~ . C3 )2 M5 0-5 /NMRFAE B
AT S2 2 MRFAEBLSS 2H 1) 8 3 MESE TR, 28 6-11 MRFEMLSH R T S2 2
(RRRAE MRS 2EL (R AF 4 S T8, 55 12-14 AMEFAE R S A T S2 2 (R RRAE I 5
MR ANAELSE T4, 56 15 ANMRFIE MUK T S2 J2 1 T R fE LS

EREMS: (FREMBSREFS)

EREEARLAKX(5.37).

de R R ERER, NEE
9645 x 5 #IEHE %

https://nndl.github.io/


https://nndl.github.io/

128 2019 £ 4 A 18 H H5% BRMAMLE

01 2 3 45 6 7 8 9 10111213 14 15
01X X X X X XXX X X
11X X XXX XX XX X
21X X X X XX X X X X
3 X X X XX XX X X X
4 X XX XX XX X X X
5 X X X X X X X X X X

Kl 5.11 LeNet-5 1 C3 Z1i%E#H:R (B KIET [LeCun et al., 1998])

5.4.2 AlexNet

AlexNet[Krizhevsky et al., 2012] 5& 5 — PN HUCR G AR, FE ik
iR TR Z AR G N 2 1 — L8R 7%, EeanfE ] GPU #E47 3R47 1145,
KA T ReLU MENARELAMEHOE R4, A Dropout By ik #0045, A8 FH Hodfs 4 o
K mB R R . AlexNet mifs 1 2012 4F ImageNet B{E 7> 5 SR M E 4

AlexNet [ 25t W1 El5. 127, B35 5 M EFRZ 34418 )= A1 1 softmax

B BN B T 24N R B GPU R AEIR A, AlexNet K5/ 28 3% 9
2k, HAERA GPU L, GPUR RARLEE (b3 2) #HriEi.

dense

| &
=

13 dense

128 Max L
Max 178 Max poaling  ©
pooling pooling

K] 5.12 AlexNet 2528t (& JrokJET [Krizhevsky et al., 2012])

AlexNet [ EL 45 :
QE%%‘*H’FE&RIVEI%{?%:% ex etE’J /TZIS D*@ﬁu—F

RAEE

1. BINE, 224 x 224 x 3MEE;

2. FHANEBME, HHMN1L x 11 x 3 x 8 EMZ, $Ks=4, THA
p=3, 13FIP55 x 55 x 48 FIFFF w52

3. BMNLERE, HFHANNS < 3HERKICERE, SKs=2, BRI
27 x 27 x 48 [IRFE ISR 2H.

4. EOAEBERE, HPA 5 x5 x 48 x 128 B, $Ks=1, THEHRX
p=1, BFIFHD27 x 27 x 128 HIEFEWLS 20 .
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5. B AMNERE, KNN3 x SHERKICERE, PKs=2, BRHA
13 x 13 x 128 HIFAE me St 4

6. FH-NGHEAN NS, FH— 3 x 3 x 256 x 384 FIHEHIZ,
Hks=1, FHAp=1, BEFHA13 x 13 x 192 FIFFIERLEG 4.

7. BIUANERE, MM 3x 3 x 192 x 1925 RZ, $Ks=1, T
Zop=1, BRIPD13 x 13 x 192 FIFHAFMLST 4 .

8. WEAEME, AWM 3x3x192 x 128 (EM, HKs=1, T
Zop=1, BHPD13 x 13 x 128 IS AFMLS4H .

9. JLRZE, RN 3x 3B B4, Dl s = 2, 1R EITA 66 x 128
(Y REAIE B S 4

10. =ANEERE, A oiE s 78 4096, 4096 F11000.

5.4.3 Inception P4g

BN, WA EGRE B NE—A o R ) 8. 7
Inception %5 H1, —ANERZEE Z MR ERNETEAE, N Inception
3, Inception P45 & 17 £ 1 inception AHL AT/ & 1V 5 )2 HE S 11 1k o

Inception HEERFEIF AT 1 x 1. 3 x 3. 5 x 5 GAEKNREREZ, K5
PR E LSRR T Lt OB e sRAE A A ML

F5.1345 H 7 v1 BRA M) Inception B, KA T 4 AT HRRE T HCT =,
SHIAT x 1. 3 x 3+ 5 x 5B 3 x 3 RIL . I, AT REITER
2, Yk SHEE, Inception BHAEMAT 3 x 3. 5 x 5B AT 3 x 3
KICTZ G, HAT—IR 1 x 1B RRRIR D REAE R AR BRVR BE o 0 SR N R IE LS
ZIAFEETIRIE R, 1 x LHPBME 2 T 547 — R HL

s8) (x5 8] (1x1%8)

T T |

(x1#8) (1x188) (3x3 BAILE)

e

X

5.13 Inception v1 I 4E #y

EREMS: (FREMBSREFS)

Inception # 3 % |
“Network in network” [Lin
et al., 2013] #92 Ko

Inception £ 3k ¥ &9 K A=A ik
RICRARAF LN,
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GoogleNet ~ 5 A
GoogleNet, = A T 1
LeNet # ¥,

AT L
https://nndl.github.io/v/

cnn-googlenet

K E P ety B R R IR T
BRI E R L,

Inception 44 5 5 1) v1 WA gl 2 % 4 1 GoogLeNet [Szegedy et al.,
2015], FHRE T 2014 4 ImageNet B> K IEHIH A .

GoogLeNet H 94~ Inception v1 EH A5 AN 2 DL H B — G R E R4
FEBR I, R 22 R 0115, 14 0 T R BB E 2 1, GoogLeNet
TE W 2% vh ] 25 51 NN B 709 ds o i s BHAE B

Kl 5.14 GoogLeNet M2 454) (& Jy K iE T [Szegedy et al., 2015))

Inception %% F 2 Nt biA, o LA AR M IIH Inception v3 4%
[Szegedy et al., 2016]. Inception v3 %% £ = K/NEFZ R B i K GIRZ,
L /b it SRS H0RE, I RFFRZ I AR . BAREEE: (1D HME3 x 311
GRSV 5 x 5 B, () TS n x 11 x n KB Hin x n 1
LR BN, Inception v3 LSRR 5] N T AR28 P DL LB H— LS T
AT ISR

BEAh, Szegedy et al. [2017)iLF2H 1 454 A% (Shortcut Connect) K]
Inception #Ht: Inception-ResNet v2 PI%%, FAE b IR0 7 — AL
] Inception v4 fE7Y

5.4.4 TREML

5% %2 M % (Residual Network, ResNet) J&idid 4y dF2e PG Z G N E
HEA 77 AR A B AR R

AL —ANREM 2, FATIIE — N ELME BT (LA —EEZ E 1
BRI f(x,0) EEIE— BARRECN h(x). WHNE H B R8T 7 #5712
F &% (Identity Function) x fl3 £ &% (Residue Function) h(x) — x.

h&ﬁ:QL—MM@—@. (5.38)
EEEE -
AR P AT AL B, — A e e 0 D0 2% g B AR 2 1 B T AT A2 18 1) BE ) R ALLE
AT A6 H b R B ek 22 e A, (HSERR R R R 5 %2 2] [He et al., 2016]. UL,
JERAARAL 1R AT B 0 - AEARZR IR ST f (x, 0) KILVRZE AL h(x) —x, JF
H f(x,0) + x Z2I8IF h(x).

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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K5.16%5 1 — LR 5 22 e Bl B2 s 2N ORI (B8 &
BEM DR EEDHAR, B2 ReLU BUH 55205 H .

PRIEM 28 AR AR 22 A 9% £ S 70 SRR KA B ) — N AR R K R 45

TRBLU

|

( %xsm
f(x,0) ReLU
%A )

a8
=

X

Kl 5.15 —AMaj BB BT A

5 22 M 28 FALL P38 AT highway network[Srivastava et al., 2015].

5.5 HEEHERAR
TEHES 12T HNE T — 8B A8 R, A] LE N 5 KA FHE 78 Rk AT AN E]
HEEE . AT A@A— e BT,
5.5.1 ¥EETH

AT B AT LU G AR A R S e 4B AR SR LB R AR A e . B ANAE —
YRR, — NS HERNEE, it —ANKNA 3B, Himth 3 4y
it MRREDKAT 1, oA — D Bl R AR A 4. (BAE — 2255,
AT T B YR AE S B S 4B R, JF BAK A Sl B B AR SR S B

B mEmdErE N x e RIA—MEERE Nz € RP, p < d. WHRH
7 56 AR AR S I v 2 B AR R

z = Wx, (5.39)
Hr W e RPOGEEIIERE . FATAT LURZ 5 thidid 5 B W R SEBLRYE 3 w4
f S I s, B

x=WT"z. (5.40)

EREMS: (FREMBSREFS)

AR, XZL%TF
A%
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>

sy

>

X, (4.60).

B HE A2 (Deconvolution) #)
LFHTAEL, CTAL
BAbyEiEH,
AR 3 AE5-6.

BP 5 A AR

EREGMS: (FREMBSREF )

TEVARE, A0 (5.39) F (5.40) FFARWEZEE, WABS 2B LR
TEA TR, BIEIERE /T RITHE AR e iR 2 — P B G R
FLanpl i S, 50+ 12N 2D = w0 g afE g, 51
FEMARETCA 6O = (WEHD)Ts+D)
LA R AT LS N5 AR B — A 5 e x, S kA3
MERE W = (w1, we, ws|" WATE, HEI3fENEz, GREEIETLUEN

Z=wWQ®X (5.41)
wp; wy wg 0 0

=10 w we wg 0] X (5.42)
0 0 w4 we w3

= Cx, (5.43)

Sorb © R MBS, SR EROR TR w e
A S 3 61 ) 5 A IRV, T DL O 5 K 0% T
329

Lo

(5.44)

(5.45)

= rot180(w)dz, (5.46)

Hrrot180(-) FK/NJiEHs 180 & .

MAT (5.42) 1 (5.45) ATLAFE i, AT 2 S i) M FERE A G R F 2 =
w @ x Hlx =rot180(w)dz RTEX ERFEE R R, Bk, FATHICLERIER
B S AR G AR ERR N 45 B £ 42 (Transposed Convolution) [Dumoulin
and Visin, 2016], WHH# AR E R (Deconvolution) [Zeiler et al., 2011].

AR, BRURBIATI TR R 2 — A G R
XA p HERI I 2, AR/ m W, QR Ay B i AU A R
e, AREXN ARz HATPIRANEp =m — 1, REHTER, TUE

https://nndl.github.io/
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Flp+m— L4ERIIE

HEBEMEREHT 458, Bs16hH T 1M EKs = 1, £RER
p = 0 IR e AR L0 I F 3 B 4 A

(a) B, s=1,p=0 (b) HEEM, s=1,p=2

516 B s =1, LFHIEp = 0 KIPILEEUNHEXT B 5 BB

https://nndl.github.io/v/cnn-conv-more

B BA AT LUBE IS BIRIE 5 s > 1RSSR NKFAE 10K b
HR{E, KURMRRHEAEAC. FIRE, TR0 T DU BB K 5 < 15K
ST ESRRERRAE, KRR AL

WK s < 1 E SRR N T £42 (Fractionally-Strided Convolution)
[Long et al., 2015]. T SEIGHCEHRL, FRATRT LALES NRHIEZ (8146 0 K [R]
P E AR 0 KA

MREBEAERS KN s > 1, HRILSRHEESPE KL, HEAE
B NFFAEZ THE AN s — 14> 0 RAEAFHAL B AE LA

DL — SR BB RN, X — A p BEHIFIL 2, AN m BB, SEid
i o RN p = m— 1, 3 EERFA TR Z A s — 110, 2
T KA 1R, TR s x (p— 1) + m MR,

Bs.16%5H 7 — b K s = 2, BEFHIEp = 0 BIPNLEG BN I B (1) 7 B
E

EREMS: (FREMBSREFS)

# F K R & F B
Whttps://nndl.github.

io/v/cnn-conv-more
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Atrous — ) & R T ik iE A
trous, &A “=R, %37

(a) B, s=2,p=0 (b) #EEM, s=1,p=2

K 517 WK s =2, TEFHITp = 0 MIPYEEBURIE B [ 7 BB

5.5.2 ZEAEFR

XF—ANERUR, WRA R R T A2, — RR] U =Ry
AL (D WIEPIRN: (2) BEH: (3) EEMRZATIHTIL RS
fEo BIPIAMRIE SIS B R, T =M aE Rk EE L.

2R AR (Atrous Convolution) & —FANKGINZEAECE,  [F)IS 14
FLITIESZ BT — R O7VE, WK £42 (Dilated Convolution) [Chen et al.,
2018, Yu and Koltun, 2015].

TIPS BRIZAAAN 27 RGN RS
FIEE AN TR Z A d — 1A, BRI BN N

m' =m+ (m—1)x (d—1), (5.47)

Hrh d BNk £ (Dilation Rate). 2 d = 1B A% 1@ K5 .

K5.18%5 ! T 25 i A AR ) s 1]

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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(a) KA d =2 (b) fEHK#*d =23

5.18 Z5 i &FR

5.6 SREZEFRNIRIE

BRI N 2 2 2 LR EIRGSZ B RPN $E . David Hubel £ Torsten
Wiesel ££ 1959 4E & L, £ 58 IR AN GE B = HAFE P AR ] s 4 i AN &2
FRANM, X R P AH AR A [F) 2 AR S SN D) B8 [Hubel and Wiesel, 1959,
1962] . a7 20 A 1) Ja 52 B R MR RU KD, A 167 PR i 2 X SR B o R E A R
(orientation) HJFEHFBUR, 15 4440 Mo T s2 87 o DURE € 7 ) (direction) %
B HEFR A FE Corientation) I BEURK . 52 I &5 1980 4, 4 5 10 (Kunihiko

= R A R o8 o B
Whttps://nndl.github.

io/v/cnn-conv-more

David Hubel #= Torsten
Wiesel 3L 7 @ oy mwak, 5
1081 PR FFiE N RAZF X

Fukushima) #&H 7 —Fhas AN KA AR 2 2 2 25 87 AL (Neocognitron)

[Fukushima, 1980]. {H 2435 A S AL RS0, AR A 1 o B 2 21 07
H{KIZR. Yann LeCun 7E 1989 K [ A #E A GIN T BRI Z R 45 [LeCun
et al., 1989], FFETEHMHE TN EHAS TIRK M K] [LeCun et al., 1998].

AlexNet[Krizhevsky et al., 2012] f& 55— MR BN A58, ) DL
FIRFEF I BEARER G K I IE R o . AlexNet AN FH Pl R FZE )zl
gk, BT TR Z AR E M 48 1 — L85 R T, EetnfE F GPU #47 3:47 91
Yk, KM T ReLUAENARZANEBEGE %, A dropout By ki 4005, A I #5cdl 1
SRR AR AL R 26 55 o IR LU R HIHE Sy 1 i 281 i R 2R B 2 S A AR I R e o

7E AlexNet 2 J5, HIL TIRZAFHERML, LW VGG M4 [Simonyan
and Zisserman, 2014], Inception v1, v2,v4 %% [Szegedy et al., 2015, 2016, 2017],
B2 M4 He et al., 2016] %%,

AT, SR O SO THRE LG AU iR i 5l N )=
P EE, TG EEZENE ETERERMYE . BEEMSZ8mEm, &
TR Z AT 1 x 113 x 3R/ ERZ, HHIL T — LA KN 15
AR, =i [Chen et al., 2018, Yu and Koltun, 2015]. A48 E A&

EREMS: (FREMBSREFS)
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[Dai et al., 2017] 5. PIZ& 451 HZHTE 0] T 2 4= M % (Fully Convolutional
Network, FCN) [Long et al., 2015], /PR EMEEREZMEH .

Dumoulin and Visin [2016] 25 1 T % Bl AR B A 1) /T AL R 1 .
> &

SR 5-1 R ERR A S, BIA (5.10).

IR 5-2 S HTERE Mg 1 x 1 RIEB AR RO .

S 5-3 X T— NI 100 x 100 x 256 [FIFERLST 4, 13 3 x 3134

B, it N 100 x 100 x 256 [FRFERL A G RZE, SRILH TR A2 (0] 2 4
WHRIIAN—A1 x TEFZLEE] 100 x 100 x 64 FIFFEBLS, T3 < 3M%E
., 53100 x 100 x 256 FIFFEMLS 2, SR (A A2 18] 2 4% %

SIE 5-4 X —ANWHYEER, MAN3 x 3, BIREZKNN2 x2, B
TR B 5 N7 5 AR i 20

B X (5.42).
SEi5-5 fERKICEET, TEHEMy = max(zr, - z0) BHL, B
By = agmax(ay, - ) FOBRIIR?

SR 5-6 RESWOE KRB RN LS T B AR E BHT ) v AN S e A 1
(A3 (5.36)) T EKR.

S 5-7 AFAERF, BERLKAN m, BIKFA AR, T Ex
HHE p A DMEAR B BN TE B

SE 30 Hk
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FERTBRIZ N2, (5 BRI RN, IR PR IR AT I 45 A2 15 5
BH o), ABE—ERRE LSy 7R AR RE ). AR I 2
METTZ MRNER L RERRNZL . BIBHE ML i VR E - — M ERIREL
FECRI ARSI, B2 0 RO S AT AN (R EIR 2 BLSAT
i, ER RPN AN DUR 2 Fi I 220 AR A AR OGN LI 2 — Bt 1] Fp 4 i AH
Ko HII—MHRREBZIHL, HT—DRZIFRE D AOR 414
AR, WAHERRES CE— D25 D MG, sehh, AR g s LLALEE
W8l LI, 15 SORSE . B A — O A E E R, T AT
TR 20 0 22 LR NN H IO R BOH R [BSE 1K), ANBEAE R R . Ik, 403
X SRR PP AR OG B I B, ol 7 2 — P RE ) S R AR

Va3 AP 22 W % (Recurrent Neural Network, RNN) & —28 B 48 #1901C R
JIIRREE N 2% o TEFEIRPREE 25, SR e AMER] D2 HEME G R, W
AL | B AE R, TR R A PR I N 45 2540 . FIRT e 22 I 48 AH LG, PRER
LN T INFTE ARV 2% 5580 o JEI PR N 28 D24 12 N AR TE 3R
Al 1B F R LR HRE T ARG b RN 280 >R LS
W B 1) R 1) 4% 46 0% [Werbos, 1990] K25 2] o i I 8] 5 [ £ 37 550325 B 42 I [
B S o 7 o N 2 2 Y S i 1 30 I DAV 2/ 71 30 55 S ey v )
FYH 2K M) [Bengio et al., 1994, Hochreiter and Schmidhuber, 1997, Hochreiter
et al., 2001], WFAKIEAREAL . Jy 7 ERIZXA B, AT ER N 2%
BT TARZ 1 esd, e s R etk 77 TN T4 L o

UEAl, PEIAFRL R4 TT AR By gy R 2P A EE ) SCRCIZ P AR . 3
Y2 AP 4% 9 25 M ) 2%
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I, A — A Tl
71 89 75 kI NSRRI
T, HBRFH83%.

M EFAY 2 B 4 et R 4 b
£ FBUE, ABKEHRHKE.
B st F 5 Pl N R, 2
B AV 22 | %540 S T A A4

EIRED

6.1 MLKIBMICIZHE
T AT R RIS L AT AL A 48 A et
HEJD. TR BRI R — AL, AR AR
AR, FRATAT LUBIL AT =7 R I AL 1

6.1.1 HERTHZRILE

— o] B B g SR A B T R AL — AN B BT, FORAE G I
AR CTLVEFERA . i BRURESSE . B AR ME R AL 2 st
P22 W% (Time Delay Neural Network, TDNN) [Lang et al., 1990, Waibel
et al., 1989].

A IS Ao 22 [0 2% S A A D 2% TP PR AR i s BRI — B 8%, 0 SRiRIE L
AZ T . RS AN Z], B84 1 EME TSR L2 P& T I Bl p (4
HAHR, B

l l l l
h§ i :f(hg)vhg—)lv"' 7h1(52p)' (6'1)
T RERT AR, ARSI T R EAZ I RE T .

6.1.2 BIMEBEARIIEL M B EYIREY

A = )aAE A (Autoregressive Model, AR) J&4til2# i F AT — 280 0]
IR, FH—A &y, M7 LEERIE .

P
Vi = wo + Z WpYt—i + €t, (6.2)
i=1
Hp NS, w, AZE, e ~ N(0,02) N AN ZIFIEEFS, 5 2 o FII
B K.

AN NG E &M A B2 A (Nonlinear Autoregressive with Exoge-
nous Inputs Model, NARX) [Leontaritis and Billings, 1985] /& H [Al 57 [
TR, ERANIZeHA —DIMBIA x, A y o NARX G —A
FER ZRAC SR Bl J LRI AR AN AT, 538 ¢ NIy, oA

Yt = f(xt7xt717 e >Xt7p7}’t71>Yt72; e 7}’t—q)7 (63)

Horp f() Fon ARt s B, TTLGR RIS, p g NS HL.

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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6.1.3 fEIREZ L
8 TR 220 IR 2838 3T o8 LAY [ R R 2 TE, B A BT 75 K B 1 2504

Y AT x17 = (X1,Xas -+ X0y o5, (EERRZ S T
I SBT3 A4
h; = f(hi_1,xy), (6.4)
Forbthg = 0, f() A MEEIEREL AU AN .
FEl6.144 1 T R L 17 .
[H#tE ]

b,
Bz JUSISES

Xt

AR h;

6.1 PRI R 2%

ME B, A (6.4) TAE R — M8 1 RS . 31 71 & % (Dynamical Sys-
tem) & —MEE LIS, 18 RGURESIEIE— & BB R 2L R 5. B
U, B RGN RECR IR — AN e (AN EE R SR
AAED FETA sSBER A AR AE S PR, BRGERE & 1 AE hy 7E1R 22 50k E
WA (State) 3if&4k%E (Hidden States) . Hig b, fHIAMLEMLEAT LA
ITRMER AR I RS (ZW56.2.1771).

6.2 fERIEIFMLE
/5 ¥ 753 M % (Simple Recurrent Network, SRN) [Elman, 1990] & —4~3E
R RER AL, R —NEEZE R 2

FE—NPIZ I AT A 22 9 25 b, ERAFAEABINE S 2 00, 8z 1
R AETCIERE A o T fa] AR IR 2 15 T 1 M52 2 B2 1) e B e 42

BBAER Z] eI, BB x,» FRURIRZS (RIEGEUZ M2 onid PR
N by AR RTI ZIRH x AR5, AT B — NI 2 R 2R3 hy g AR

zZ = Uht—l + WXt + b, (65)
ht = f(Zt), (66)

EREMS: (FREMBSREFS)

RNN & 2 5 4% #i% A i
EA %, XEATRE
#EH S — i)z R
% (Recursive Neural Net-
work) , &AM A MAIRAY 22
A%

A FFIRS NEART A
AU kPR, tbhe b E R
& AT,

https://nndl.github.io/
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Horpzy NERGBUZ RN, £() RARLIEREOE B EL, 185 4 Logistic B 48l Tanh
B, U NIRE-REBEMRE, W ORA- S ARERE b MmE. A (6.5)
Fi1(6.6) L& HIES N

ht = f(Uht—l + WXt + b) (67)

AR IRATHEEEAS I Z] RS HE MR AT B2 M 10— R 018, TE
WA 2% 7T DL A AR AR I RV B2 _EARUEIL S e 2% o 816,245 Y 1 $200 [8] J T 1

PEIPHE X 25
Ce e e ] e
YO S I VR TR R v
t t t t t
I e e 7 R

6.2 A% IR FETT RO 22 X 2%

6.2.1 TEIMHEZMEITERE

A g LA EHNCIZaE 7, M TR E, DIt AR
T oRK RN LR X 2% T AR (] 2 e 33, IO A b 422 X 2% W] DABRADUAE:

(O e
AV X — N2 2R IEA RN, KA X, Bty
h, = f(Uhy_1 + Wx; + b), (6.8)
yi = Vhy, (6.9)

Hrph NBOIRAS, () NAEERMEESEREL U. W, bRV NN SEL.
6.2.1.1 BRILEE

— A FEATER IR N 2 RAE T AR 2 3 ) RGERE A RS .

EIE 6.1 - BAIEMEIE [Haykin, 2009]: W — /N 5e4iERm
TEIR AR L WX 48 45 2 5 B 1) sigmoid R BRSP4 T, B ] PALUE
BIHER R R AT — AN ER S RS

St = g(St_l,Xt), (610)
y: = O(St), (611)

Hrrs, AR ZIMERE, x RN, g(-) 2T RARE

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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P B, o) RESR M R, , I HIPRES

B o

S 18] ) X BRI

IE. ( 1 ) MR8 A 20 52, PR R 22 0 2% T O AME A S P4 Y

TEEES A P, 3070 RGP BB LU PR 2 B2 i 25 32101 o

B, ARLNES I RGPS R E s, = g(si—1, %) FTUAH— PR
WML s, = Cf(Asi_1 + Bx, + b) KL, FTLLEN

= f(ASt_l + BXt + b)
= f(ACs,_, + Bx; + b),

s; = Cs},

Hr A, B, C ABERFE, bAMERE.

(6.12)
(6.13)
(6.14)

R, AR RN RS By = o(s.) = o(g(se—1, X)) AT LLF—

AN JZ B RIS 22 P 2B

vi = f(A’si_1 + B'x, +b')
= f(A'Cs,_, + B'x; +b'),

Y = Dyla

Hrf A/ B/, D ARUCEFERE, b’ ik E &
(2) A3(6.13) 1 (6.16) ATLAA I N

s} _; AC 0f |s}_4 N
Yi A'C 0| |yig
A (6.17) AT AKS
St
Yt:|:0 D]
a

B

B/

{b
X¢ =+
b/

)

(6.15)
(6.16)
(6.17)

(6.18)

(6.19)

Ay = [spyr], WHARLANES) ) R GE0T UL T T A 4 T RGP 1 20 000 2% K

bl (/g8
h, = f(Uh;—1 + Wx; + b),
Y = Vhta
AC 0 B b
/E\:EF' U ’ = ’ b = ’ V = |:O D:|
AC 0 B’ b’

EREMS: (FREMBSREFS)

b
~
w
=

A GE Bl & # L #K [Schifer

and Zimmermann, 2006].
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6.2.1.2 ER5E

B X %4 (Turing Completeness) =48 —MEHEHRIEMM, Hn—Fphit5H

HUgmFEE S, AT PASEEL A R AL (Turing Machine) WIFTE Zhie, kprERIAI1

B R 8658 L F A ERIREE E (LA Ct, Java, Python %) HORER 584 1.

WEIZEE, T AR AR A

BT S AL, L
#8.3.3.2%,

£i% 6.2-E R 5% [Siegelmann and Sontag, 1991]: FiE
B R ML AT LA — A B 5 sigmoid B30 bR 240 28 T0 R4 I
A EEFEAR IR 28 AT AU

BRI, — A58 A FE IR A 4 28 D0 2% T LA ABA g e Jfr A P T o 6 1)

6.3 NAZNBEFS

PR P22 P26 0] AL 2R 2 AN SRR MR 22 SR 55 . IR IX AR5 1
Frm AT LA N BLR LA 720 2] KA. R & 69 20 215 FIRG
8 7 7 2] 5 7R

AT HIRFE T LRI A

6.3.1 FHIEERIRK

Frol B R 2 T e SR 1 7 2K R 8 N8, S el
EeInfESCAR T 25, F NEEE SRR R 51, i DSOS .
1?131&—/[\1‘3521lef = (Xl, e ,XT) y\j—/l\{/tﬁy\jT E"J?ﬁﬂy i@tﬂy‘j—/l\%’é
Ay e {1,---,C}o AT LLKEFEA x 1A FI ZP A BTG A N 25, I
13 B FIN 2 REBORES by, - -+ o AT LK hey BVEREA A1 S 4 0K
(EURFIED, JREINZG 72348 () BEAT 7038 (AnIE16.3a 175D
g =g(hr), (6.22)

Horprg(-) AT R 7 B 2k 23 26 8 (EE TN Logistic [A1)H) 8RR 170 28% (HLan
Z R AT )

] I e B
TR PR e e v B N TR VR S B T
t t t t
v v N e N v e S
(a) IEHHBA (b) FZHF [ HEAT 1 32 RAF R

K 6.3 Fr 31 225 X
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B 1R B m N ZU IR VE NP SRR 2 5, BATETT I AN 7 51 1 Ty
WERATTY, IR EPRE R EAN FHIRRTR (B 6.3bFR).

@=g(%zht). (6.23)
t=1

6.3.2 [EIZHIFIEIFFIRR

Bl ¥ 89 571 2| B3I FE B T 5 21477 (Sequence Labeling) 1155, B4
— I ZI A g N A N A R R A A AR R o L 98 AR E (Part-
of-Speech Tagging) 1, &F—™HLia] 8 75 EEARIEH S B[ 1] MR 2 o

R P A BT AR CnEl6.4R) d, SN RN —NKEEA T 175
x1r = (X1, ,x7), BWHATFI yr.r = (y1, -, yr). FEAR x A FBZIEHA
FEAMEM LR, HFEAAFENZWERES hy, - heo BANRZIFIRIRS
h, R T LHTR ZIF DT LGS, HRNG IS8 g(-) 15 2 4 B0 2 AR 2E 9 o

Gi=gh), Ve [LT]. (6.24)
I e
t t t
I B S s v
t t t
[ [ ] -

6.4 725 (51 2 7 51 A

FEHFIEIFFIER

5 69 )% 7 B) 5 7 AE XA N %A 5 -fEAL % (Encoder-Decoder) #5554, H[)
N H A YA T B AR N R R, AT ERFHEBNKE. b
WFENLER BN RE A, SN CNIRIE S IR A, SO HARE S SR T

TE S I 51 2 5 CanEl6 55D, SN A— MK T 1751
xir = (X1, ,x7), MHAKEN M BOFEI gy = (y1,- - ym) o SHIEL
Seditt Ja M 77 sORSE L. el REAS x A% AN R I 250\ ) — NP o 2 0 2%
(G as) o, HRBIHH he o SRJEEMH 7 — MEAMZM S (RSE +,
BRI gr.are AT RS K PO IR MRBOR R FE MRS 45 Hhad # f
AR B [ AR

6.3.3

h = fi(he1,x:), Vte[1,T)] (6.25)

EREMS: (FREMBSREFS)

Nt
=
i
o
ot
(<]
<t

AEERRAARLE6.1.27.
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REk—frbtE, X2 KA AR
&6 5 3 Bl R 54 X R ) R
A BIEIRAY % R 4% 09 B R 5
B2

hry = fo(hrgi—1,3e-1), vt € [1, M] (6.26)
G = g(hre), Ve [LM] (6.27)

Hrb f1(), f2 () 0 A HIE GBS 25 AR RS 25 AP R 2N 2%, g (1) Nr2RAR 3
TR g, BN

t
l h, “’l h, “’ "l hy "’l hryq "'l hr, "“ "‘l hry ‘
1 i R
l X1 ‘ l Xo ‘ l X7 ‘ |<EOS>‘ """"""

6.5 5B I 51 2 7 A

6.4 SHFI
TR Ao 25 0 2 1 2 KT DU B BE - e 7 R AT 22 51

CLBEHUBSEE T B0, 458 —MINGREAR (x,y), Hfxir = (a1, 1)
FRERT WRINTI, yir = (1, yr) KB TIFRSIF ] MR
2 ¢ A AN By, TRATTSE SN 20 ¢ 45 2 B A

Li = L(ys, 9(hy)), (6.28)
Hrdrg(hy) Nt ZI %S, LRI B R 2, Bhinse g, AR A %A
75 B RN

T
L= L (6.29)
t=1

BAFPIIRR R L R TS HU KRN

oL oL,

BRI 232K £, XS H U 1 3 22 A

TR L R 28 A7 AL — NGV I B f (), PR RSB R 5
PRI P o0 22 0 28 AN R [] o FEAR A A 22 I 4% o 32 A oy i B 2 1 7 3 1
i R e A 4E (BPTT) FISEEF#A3R5 2] (RTRL) 8%,

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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6.4.1 BERSER ERIBE X

[ I 18] B 45 4% (Backpropagation Through Time, BPTT) ik %
RV 30 I AL 15t o 22 I 286 1) i 1% S ) 4% 7 5LV [Werbos, 1990] SRIEAT T
ﬁﬁo

BPTT Sk EA MM X B VR — N RITI Z BT 4%, Hrp <& —
J27 RGNS P AT Z7 (6.2 o XA, IR 2% T LA 4%
LA R 2% P ) S P AR AR A AT T S HA L . 72 “ T IRT 2,
T RS ERILEN, SRR SRR ITA “RITR” KSHE
Z A

HERSH 2 JokitF A (6.30) A& ¢ I ZIHRA S U Wl 550 2%
RNSH U MBI FANRZ (1 < k < t) FiEHiN 2z, = Uhy_ +
Wxp, +b A K, FILH ¢ W 2R IR R L, KT S u; FIBREN:

0L, <~ 0z, L,
8Uij a 1 6Ui]’ 8Zk,

(6.31)

Forp 02 R “HBE RFHC MAR 2, = Uhy oy + Wi, + b HRFE by R
2, Wi BATR GG FHL #F

6+Zk

8uij

= [07 a[hk—l]jv"' 70] (632)
2 Li([hy—1])). (6.33)
Hort g1 A5k — LI ZIRIRAS 1058 5 48 T(a) B T3 i AT N 2 4, HARHES
O IAT ) B

RSOk = 2Le A €I LB SN 5 kI 2R BB 6 R N 2 0
5,

oL,
Otk = D25, (6.34)
- %8Zk+1 aﬁt
a 8Zk 6hk 8Zk+1 (635)
= diag(f'(zx))U" 0t 41 (6.36)
¥ 2230 (6.36) A1 (6.33) FRA A (6.31) 153
Ly <
t
Dy~ > [6exliMhe1];. (6.37)

EREMS: (FREMBSREFS)

4 KA A LA K (B.14)6
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FOE  JEAFLRL

=2 i

6.6 BH [ Bz 17 4 4 5 2o )
K BRSO y

8£
== Z‘St Khy .

(6.38)
[16.645 th T 1 7 Tt I 8] 53R4T 2 1n) A% B S IR R 81

SHHE B AKX (6.38) FRANFE A (6.30) 15

BB FHIIRRRE LR TS
U RIBLE

T t
7U = Z Z (5t’kh}1€‘71.
t=1 k=1

(6.39)
FIBEA[1S, LCTHREW MHE b EE RN
8£ T t
— = Otk Xs (6.40)
oW ;; bETk
8£ T t
i St k- (6.41)
ob ;;; bk
HEEZRE EBPTT HiLkd, SHEWIMEFEA A8 “aim” tHEA
“I” HEE A BRI TS ECE .

6.4.2 SEREIMZFESIEL

5 &% BPTT ﬁ%? FIE, EiE3RE 3 (Real-Time Recurrent
Learning, RTRL) &if

AT AL R 77 2R UF SRR [Williams and Zipser,
1995
< R 2% I*X] 2% b o 2 RRIR A y
R e T A A BSEAEI N 25 I 28 565 ¢ + 1B ZI RS by N
My PR @R KX, SR
$4.5.3%,

hiy1 = f(2zi41) = f(Uhy + Wxi 11 +b)
ERSBHS: (HEMESREFS)

(6.42)
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HRTF S8 wy; MR FEN

aht 1 8+Zt 1 6ht T 6ht 1
zm;:<m; a%U)mil (6.43)
oh
= (L(lndy) + 5, -U™) ding(f (z041) (6.44)
8h T
— (Hi([ht]j) + u; UT) ® (f (Zt+1)) , (6.45)

HA () B TS iAT N oAb, HAE N0 AT M .

RTRL HE M 1A ZITF46, B T iS22 I ROIR S 2 48, 16F
FAA (6.45) K VCHT 1 T SEAR- 5 2 g, Dha o .

XA, AR t M ZIEE N EBE R, HBURREON L, #hal LR
TSR R RO w1 T 5K

oL,  oh, L,

Du = Bug; Oy (6.46)
XPEAEE eI %), AT DASEI iRk £, 5 T2 U KB, FERSH. &
W b BRR AT DAE R B3R 7 v SRR 5

FFEALLE: RTRL HVAA BPTT RUAHR &2 56 5 N BRI, 2 Bt /il
e A R s v A5 2 P e Q0 SR TR 5 . FEAR IR I 2, — i Do) 4 B
HYERE T NGERE, R BPTT HiAMiH R ST/, (HEBPTT HikH
BLRAT BT A B Z R (RDBREE, 28 A1 52 2 FE 9« RTRL AN 75 00 5 [ml 4, [
UEARH & A T 75 BAE LR 2 ) BUEBR 7 3 AT 45

6.5 KHAMKH D)L

PR AR 22 0 28 15 27 5] T R v ) 2 ) R K SRR A 1) AL

EBPTT &k, A (6.36) BIT1F 2
t—1
s =] (diag( f’(zi))UT)(st,t. (6.47)
1=k
URGE Ly = || diag(f'(z:) U™, W
O = ’Ytik(;t,r (6.48)

iy >1, Ht—k — colfif, v'7F — oo, RIEMARGARE , A BRI 19
A (Gradient Exploding Problem) ; #H2, # v < 1, Xt—k — cofif, =% — 0,4
HH IR RIR FEE R A4 428 X 8 AL 46 7 K 1P (Gradient Vanishing Problem)

EREMS: (FREMBSREFS)
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RIETOR, EIETANLE R LT BB KT AN L BB KT,
TR ST R T (Ht— kB ki), LAR, S8 UK RH
IR LATE A kA UAMBARIRS hy R R, KIBHWRES U XA

A

—
[ "=

FH TR 22 ] 4 2 1 T AR 2R IR 0T R 0N Logistic B8 Tanh e #{F:
AR BT B AL A SBUEH N T 15 I HACEFERE ||U|| A AR, Bt
RIS TANEIRE ¢ — kXK, O HER T 0, BEILEE 2 Y IR 2 VR 2K )

AR AT BE IR X 25 R 18 AT DL g ST A B TR] 1] B IR ZS 2 TR R A e &, H
T TR AR B O in) i, SRR b R RE S S BRI AR S R . IXFE, Wit
I 220 00 4 Ly AT ¢ — e IS 0 RN x> 24 TBI R K EUIBSCORINS , fR] AR I 2 1R
M AP B B AR OC &R, FON K AR A B A (Long-Term Dependencies
Problem) .

6.5.1 MiHFE

N Y G P A B R 1R AL, — b e LR R T LR A I IS4 ()
B A5 FH ARV R S iR 2, RS diag(f/(2:))UT ~ 1, X R RFREZRBM
NLRSER, B 7B Z R HBoA 20 75 20 il oA A sl il
MTT ARG SPAEIA I 485 B0 P M AT P 31 2 1 A

BRREEIRIE — R, PR 2% (RIS BRI I R LU R Sy vk, — Al A& R

b AT R — A B K K 89t A R ABRE
PRI AR, U SERRIBI A S HORIN (0 SR G M TN AL ITR MR S M B
FRETZAAT. ol ANTTSEA y < 1o BRBEHRIT 5 — R cH it BT, 2B B BER T

SEBRMEINT,  AUR S BT O — UM
BREEIHIE BAEEWH KRNI MIL (0 2 . Bk 1A — e e I 4, AR
(#75 h R CREAY, elik U =1, REAEA f/(z) =1, B

h; =h;_1 + g(x¢;0), (6.49)
Hrpg() M E&MEREL 0 NSHL.

A (6.49) T, hy Flhy_y ZEPAEPERC R, HRERBON 1, X
ATEAERR FERRNE B 2R . (ER, XA th 222k T2 Jufe Rt LR
LR HIVE BT, DAt RS T R RIS RE T

AT TG IX AR S, FRATT AT DASR FH — B R ) it S
h; =h;_; + g(x¢,he—1;6), (6.50)

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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R Ml hy g ZBDNBEAZMC R, WA JEZMICR, IF BT DAGZIRHE RETH 2%
I 0 (X A SO AR SR A AN A (1) 4R % g () BIBEEE ST hy BIBEE; (2
ittt a2 (Memory Capacity) W#l: fiE h, AW REFHEHRMAGE, &K
AEMIFIILR . (8% g(-) A Logistic BREL, JIFEHE IS E ¢ KK, h, 2272075 B8R
K, M FECh AR . Mt 23, FBRE h, 7T DAAERE B2 A IRE), B
FICIC BTN SR Z, H RN E BB .

N TR R A, v LA PR k. — Rl 3 — LA A BT 4b
HidAZs A —MRITIER RS, RN T A IR B E B A
CRINERIE RN, AT EENAG—F 5%,

6.6 ETINHZHEIME ML

N T SRR BT BICIC A R R, — PR AR TT S 5 NT]
#=Hochreiter and Schmidhuber [1997] K45 {5 B RARE AL, G456 k58N
NFTE R, A EFSEEZ AT RRNER . XKMLy T4
B EF A2 M (Gated RNND o AN, EZARMEF IR RIES P2
M. KEICIZ (LSTMD) WA T $0 (GRU) M4,

6.6.1 KEEEAICIZMLE

K42 H1T1C (Long Short-Term Memory, LSTM) 4% [Gers et al., 2000,
Hochreiter and Schmidhuber, 1997] f2 B 22 0 25 (1) — AN, AT DUA 50 fig
P18 S PR IR A 22 B 25 (R AF FEE R X B 2K 1)

TEA R (6.50) FEERT -, LSTM W48 3= ZERGHLE LR AN 7 T -

AR LSTM ML 5| A—MH IR (internal state) c; &1 1HET
MERIIEIAME SALIE, AR RN S (S B A BRZE R MBIRE hy o

Ct = ft ®OCi—1 + it O] 6,5, (651)
h; = o; ® tanh(cy), (6.52)

Hopf, i, Moy A=A (gate) SKRIZHIE BALBE RS © NREITTHRRM,

ci—1 N E—WZIRACIZ8TT; ¢, BT ARk MBS B R 2 R T,
ét = tanh(cht + Ucht71 + bc) (653)
FEREANISZ ¢, LSTM M 45 [ N RS ¢, 13 1 2 1T 2009 1L 1 0 S5 8.

[TIHLHE LSTM M4 5] N4t (Gating Mechanism) SR% {5 S AL 3 1 12 .
A (6.51) F1(6.51) =/ “T71” 45l ATy, ST S 1 o

EREMS: (FREMBSREFS)

XA K AR £ WS HR
WA, HR%5.4.47,

A K (6.53)~(6.56) F &
Wi, Us, by R SIZES
;;‘éi’ :'H‘:qj*e{ivfzoyc}o
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TEH R, 11 (Gate) N—AN T HAE {0,1}, 0REREPRE, TF
FEfME Bt VAREIFBCRES, Va1 Bl . LSTM M) “17” &
AT 1T, BUALE (0,1) 208, FoR LR pliE AT E Bilid . LSTM M
2 =ANTTHIER Y

o ST P2 E AN ZIK A BRS¢, REBEZMER
o BINTT i 1 T 2 RIEIRES ¢, 1 2 /08 B ZRAT
o Gt ] o P T 2B N ERES ¢, 1 25 B T 2w 4 AR b

A = 0,1, = LI, Q2R eR L E BiEE, IR RIS E e B
{EBEIHCIZ B TT ¢ ARAT L — I 2R P S fE B R . 5 f, = 1,4, = O, 1212
BICR RS E NI AR, AENFEIER.

AT E TN
ip = O'(WiXt + Uhy_1 + bi), (654)
f; = U(Wth + Ufht_l + bf), (655)
Oy = O'(WOXt + Uoht,1 + bo)7 (656)

ﬁEP (-) A Logistic %, HHHEXIHA (0,1), x, NAFEZIHN, hey N
— I ZI MRS

KI6. 745 H T LSTM M4 (EFR o st by, Hat Sk fEh: (1) E2aRH
BRI AMERIRES g FUGHTE RN x, TFEH =AM, DURRIEIRAS
& (2) EABEIE MBNTTL, REINCIL It e (3) %t o, ¥
W HBIRAS ME B AL 25 AR AS hy

hy_,

@ wwizre @ nnn @ mun
41 6.7 LSTM {A¥ #0451
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i LSTM 3R 870, B2 n] DU ST FR RS I PRIk R . A=K
(6.51)~(6.56) ] LA} it s ik Ay

ét tanh
O g Xt
- W +b|, (6.57)
it g htfl
ft g
Ct = ft ®cCi—1 + it O] étv (658)
ht =0+ ® tanh (Ct) ) (659)

Hrx, € REAYFTZIHIN, W e R} (d+e) flb e R NN SH.

1212 M P2 P4 R REIRES hA7 6 1 D0 A5 B, /T LB AR 2 — it (Memory )
o TEMJERIEA ML, FORESF NN ZIE W ES, KT DEER —fiaal
ie1¢ (Short-Term Memory) . fEMZEM L&, KA7ie1¢ (Long-Term Memory)
ATUAEIER M ZSH, B T MIIGREEE 2B E, JF 308 RS g
TRANCZ . MAELSTM PZgH, ic1Z 5870 ¢ 1] LATE AN B 20438 $12 3] 3/ S
R, AR RS E B ORAT — E I TR R B . 10125887 ¢ M IRAFE B
A IR E K TR A h, EOEE R TR A, B FR K a2 4 ieie
(Long Short-Term Memory)

—FE AR R R AR ST BE, BRI A — AL AR HR A ) o 2R )

%4 LSTM R4 at, i/ e {E A58 S eak & ). X E%RE A —

OB RIIE BRI ER T, EA WA REHRR B KIEH R L

C R EARARE R A FR A9 M EATET ), XA FEMERKE A, B
S RAEE — AT R, A E@Z b, AN 1R 2.

—_—
=

6.6.2 LSTM MEHZFPET{A

H AT E L LSTM W48 H i = AT R ah A&zl R 3k A N Zg =2 /0
FfEE, MIANZDEEE, DL B 2/E 8. I-ATAT DU T Aol k47 sk
K18 LSTM M 2% FEAS [F] AR 44

FIEEITBLSTM M4 Hochreiter and Schmidhuber [1997] 542 Hi ) LSTM
W28 A ETTH, HAERSHIER

C; =C¢_1 + it O) ét. (660)

WZHTH 7T, RIZHT0 ¢ 2 AWHE K. B AP AR AR KR, i
TZHRIUH AR WA, TR BRI LSTM B 4 e

EREMS: (FREMBSREFS)
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it ARk R S hy B, R A
tanh ¥ F H A H T 1L 54
BB RO EBR, Y% EA R
TH KRR,

N K (6.66)~(6.69) F 49
Wi, U, by 37T 5 5] 69 A 2
7;4&‘5(, -EEP * € {b7 T',Z}o

peephole E$& 53 b — R AR Z = AN TTAMEA T x, A1_E— I ZI R BECIR
Ahe_y, WERBT E— AN ZIECIZ R IT ey

i, = J(Wixt +Uhi_1 +Vicy_q + bi), (6.61)
f; = U(fot + Ufht_1 + Vici—1 + bf)7 (6.62)
Oy = O'(WOXt + Uoht—l + VOCt + bo), (663)

R v, Vi RV, st R S H.

FREHRNIFNERT] LSTM P2 rh S T TR S 1A LS TANR R, DRI
WA TIHEICAR . AT Hb LSTM MER FTHE AT, HIXPITTE IR —1

7. &

KFE, ERRES ISR T 2O

Cy = (1 - it) ®ci1 + it ® ét. (665)

6.6.3 [ HEEIFERITMLE
114298 3% % 7T (Gated Recurrent Unit, GRU) %% [Cho et al., 2014, Chung
et al., 2014] f&—Ff Lk LSTM X 4% 55 i i F UG IR b 28 I 455 .

GRU M4 th i 7E A 30 (6.50) FIERE |, 51T IHLRI P H1E B #5075 1.
TELSTM M &g, FN IR S TR B ANE R, AT TR . GRU K
NITEMBEE TSI AT 2400, FN, GRU WA ANFSMICIZ TG,
BAELE M RTIRAS hy AT SOIRAS hy g Z 1A 5] NP HOE &R

fE GRU M, 4pTH %I iR 2 by N
h; = tanh(W,x; + Up(r; © hy_1) + by,), (6.66)

Hrr, € [0,1] HEETT (Reset Gate) , FARIEMHIE LKA hy ITHER 5 R
L2 RS by

ry = O'(WTXt + Urhtfl + b,,-), (667)

Hry = 0fF, EIERA B, = tanh(W,x, + b) RAAFTHIA x, A5, F1J7 S0k
BLFK. Hr, = 1, FEIRE hy = tanh(Wy,x, + Uphy_1 + by,) FEGHTHIA x,
AT SRS hy g AHIC, FIE 20538 W %% — 30,

GRU PZ& (FEIRAS by 85 0y

ht = Z¢ ® htfl + (1 — Zt) ® flt, (668)
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Hrhz € [0,1] AZ#1T (Update Gate) , FHRAZEHI AR T ZM P RS
REZDEE AEd LA, UATEMNFLDRE T #Z 2 DHER.

Z; = (T(WZXt + Uzhtfl + bz) (669)

Mzy = OBF, MHCIRES hy AT SORES hyy Z ARSI iR 4. 25 A A
z; =0,r = 11}, GRUMZEN NG LR RL%; ARGz =0,r =00, 4
BRAS by RARCYFTRIN x, AHOG, RIS hyoy K. Yz, = 1B, HEFR
ABhy =hy ) FT L= ZRE by, FRYETHRIA x LK.

K6.845H T GRU I B TLEE ) .

- -@— b -

A
'S '$‘

ht—l

D
@
_o-

6.8 GRU ¥ #. e 45 1)

6.7 REEAHEMLE

IR SRR T RE SO M2 5 BRI AR K LA, JER AR 22 9 2% 1 LU A
FERE R ST RS o — D TR, U SR BA TR 9 2% 12 1) e T 5 A
[ 1] B FEPIR S 2 T B BRARARAS, PRI 28 7T AR AR 2 — DN ARHIRI N 2% 1. A
T O WKL, PSR A — I 2 0 2% A N S S 2 TR ST Xy — e XIS
REARH N .

PR, AT LI ER 20028 0 HE AT SR 2R 22028 0 .
0 A 25 0 4 0 2 T A B D 20 P 4 0 X U511 2 OB 6 .
yer HCHUSMBRIRA T by - yoo USRI x, — by 2 FIRBEHY
BRI
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6.7.1 HEBEIIHEMLE

—iE WL R 2 AP I 2% HE B Lok, FR 3 & AR IR AV 42 ) 4 (Stacked
Recurrent Neural Network, SRNN) o — /N8 [ {8 BLIE A 2% (stacked SRN)
WFRNTEA N B3R % B Bsn % (Recurrent Multi-Layer Perceptron, RMLP)
Parlos et al. [1991].

K16.9%5 T $%i [H] e T ME SRR A N4 . BB EMERMAEE -1
ER L . A5 Y TR R R RS

hgl) _ f(U(l)hgl T W(l)hﬁl_l) +b®), (6.70)

Hepu®, wO mb® R EAEFEA R E R, b =x,.

| . | | . | | . | | y | -
| h;” | h({” [~ h%‘” | h(:) - *
Y R e ™ A o A A e YR S
t1 Tl t1 Tl Tl
R o Y SN e B S o I R s I VA
t t t t t
[ x J[ = J[ = |[ = ]

6.9 %I [ FE T 1A B ARG IR 1 22 0 25

6.7.2 WEEIMREZ L

TEAYATSS R, — AN ZI 5 B AME AT 22 i 201045 BA G, ARG ST
ZHE BA XK. kg e — a1, Hf—ANEpE e LS scee, B
BAELANLMEE. Bk, fEXE A, FRATA AN — N4 I fa] 130
FFRAL S BRI MLRZ, KRI850 R 45 A RE

I 18) 4 AV 42 W 45 (Bidirectional Recurrent Neural Network, Bi-RNN)
WEIEA MM A, SRR, HEE AL r 77 mARE .

RV ER 1 E 3BT [RIT , 26 2 JE 4% (R385, LR Z1) ¢ B B BReiR S ijh(l)
Fnl?,

h" = DY, + whx, + b)), (6.71)
h = f(UPnP, + WPx, + b)), (6.72)
h, =h” & h{?, (6.73)
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Hrb o A EPHRERE.
PI6. 1025 Y 1 4% 18] JE T A XU R AR 22 R 45

Lw J L [ w J[ w | - [ |
i t i t f
@ - @
f A f

I I o ) O 0 o Y I L
YR o B S o S o N VSO g B
\ 1 \t t t

x [ % [ [ % |[ x | [ x |

6.10 I [A] T R X [ i R 1 22 X 2%

6.8 I REIELSE

WA E IR 22 W 2 ) R F o, A ZI B BERAS by B — A5 &, T8
A IR R AR, AT A ¢ ECR AL R & (Message)
BB H ARPIRES, BB 7 A M RE o — R I B S50, AT
A LB 2R 5 M X ol 4% 3% (Message Passing) FEARY e BT = ) 1R 45
k.

6.8.1 JRJIHEMLE

i# )2 40 22 W 2% (Recursive Neural Network, RecNN) G4 M & 4E A
) MG F B LRI [Pollack, 1990]. 35 A48 28 WX 45 () — R 25 #4 R RREIR 1 )2 T
g5k, 6. 11aR .

4 VAN
%] D=
T
AN
L= J[ = J[ = |[ = | Lo J[= ]
(a) — Mt (b) IBALEEHY

Bl 6.11 38 A28 N 4%

LAEI6. 11art FIS5 g ], A = AEEUZ by hy Mhg, Hbhy iANMRA
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x1 Ml xo AR E], hy AR x3 M x, RS ], hy HPIAELRZ
h; Al hy tHHAZ 2.

XA R by, ERTERR AR SR A R TE T R RTER, R
B E ORI

h; = f(hg,), (6.74)

Hrph,, Ronfe e m PRI RS HPHE,  £() & DA A BRI AR
%ﬁ@ﬁ AU — AN E AT A 2 0 2 o L P16, 1 Ta T 7 1A 32 U i 40 9 45

BT R

X1

hy=o(W | | +b), (6.75)
X2
X3

hy=o(W | | +b), (6.76)
X4
hy

hy=o(W | | +b), (6.77)
h,

o (1) RoRAELRIEBIE R E, W M b ZAZIMSH. AR, 2y T
% ordedt, Hn

h
y=gW' | |+, (6.78)

hy

Hrprg() Nmkds, WD NpRaEHSHG

i PR W R SRR N ZRME P S5 (JE6.110) B, 38 IR i 4%
AN T R IR R 4

I U A 20 X % SRR AEE B SR TR S BT L [Socher et al., 2011, 2013].
25 5E — M) IRTEVE G (— ROREIRGE KD, AT DA RT3 I3 48 10X 246 SR 42 1 )
B HEE R BKEG M) FIRIE XL A7 AR S o) DAE S B 21
5y, BPREANAE IS SCER T DL S 1) o vE AT, FFaE & s A
(118 Lo

[ERE,  FRATTH R DURH T IR A 5 i VA o 28 9 8% o 0] K B B A4 ) R, B
WA 25 M) 69 K43 B9 9T ICAE A (Tree-Structured LSTM) [Tai et al., 2015, Zhu
et al., 2015] 5l 2K LSTM 52 Y 1) FELAR S FH 1A% 285 440 PR ) 8% v, RSB B R 5 )
HE AL

EREAMS: (FEMNESREFS) https://nndl.github.io/
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6.8.2 EIML

FESEBR A, AR ZHm R EIEE T,  Eetnanif i, HA2 M. 770
255 o T T3 o 245 AR I 19X 2% A L ufe A 3 ST 65 ) ) 5090

E F‘"‘]f% (Graph Network, GN) %4%?%4%\4%@5@%9\*&*ﬁ%§”Eéﬁ*@ﬁ%i
P22 2%

MNP MERWBESEH GV, E), HhVERRTRES, ERRILES.
SFINFTR AT R Z AR R 1l Z (A REE T LR R, AT bR
Tl iy BT o B —H SR IR IDRE WO, WIIRAE T LN
A v P NRFE x (V) 0 AT T DASCEDR B A AR RS, JFERiA
HRES -

m;" = Z f(hgﬁ)l,hgf)l,e(“’v)), (6.79)
u€eN (v)
1 = o0, mi?), 60

ot N (v) FoR T A 0 048R, m(”) FORTES LI 2 A o BN ., o)
0 e(v) LR

A3 (6.79) F1(6.80) A& —Fh AL SR T2, I AT (0 254 [R]85 3245 BF
EHRHCHPRES . T TR Bk, AR PR A FA R0, i
I 22 0 25 B3 T AR 2 X 2 . FEBEANEIEEET T 05, AT RUIEIS — Mk i B &
(Readout Function) g(-) K15 ZIHEA 4% KR .

y, = g({hg% c V}). (6.81)

6.9 REEFRNIRIE

FEIR PR L2 0 2% ] LRSI 8] 7 21 K0t < 18] PRI AH DG % o A & B A9 22 1 2 [Lang
et al., 1990, Waibel et al., 1989] LA J& & Sh 34 A 69 3 £t 8 =1 )3 424! [Leontari-
tis and Billings, 1985] fH L, JEIAH e /X 45 0T DL EE J7 (e H s ABEK< B a] (1] g 117) A
Kt o

5 FH G PR AP 42 I 25 (1 2 802 > 53802 BPTT $29% [Werbos, 1990], FHit
SRS TR) A7 R) SR 22 BN R I . O THR &SRR, BT K L
KIS, AT AT (truncated) 1Y) BPTT 5% [Williams and Peng, 1990],
U B[] 5 I [a] [R] B P PR sf B2 el A o

— N FEAERE IR AR A N 2 A s KT R AR IR B 77, o] DU AUMEAA]
e ZFALLKE R, BROETE IRV . SR E TR R A A
JEE S R IR A, T SR PR 45 A7 AE K A 4R #119]) 22 [Bengio et al., 1994, Hochreiter

EREMS: (FREMBSREFS)
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EENMHE AR FESAT

et al., 2001]. T fRDEX A EE, AT IEI R W 26 2047 TR 2 1 feide, Horp
A R e 7 SO I T EE L], Bein LSTM R 2% [Gers et al., 2000, Hochre-
iter and Schmidhuber, 1997] #1 GRU F¥ % [Chung et al., 2014]. 4RILH —Lk
Hehik, Wnets a2 M % (Clockwork RNN) [Koutnik et al., 2014].
Feik RNN|[Sutskever et al., 2011, Wu et al., 2016] LA J& 5| N2 & /) Ll 5.

LSTM 2% 52 H Hi A L s sl D (AR PR A0 42 X 28 A58, i )y N L AR 22 40,
LU An 8 & R ) HLES B 3 [Sutskever et al., 2014] 155 B8 DL SCAAE Al LSTM
W25 3 I 5 NG ROR ARACEE B O] . AR LSTM W48 HASE T AR
Iy, ARG B Rz RE . AW 22l AT otk ok -
HRE LG, LeE D TTRECE . RS IFATRE IS . ST LSTM M5 43 A vl
PLAZ 2 SCHR [Greff et al., 2017, Jozefowicz et al., 2015, Karpathy et al., 2015].

LSTM P25 () 2 b 32 4 DL K T 42 WL S — A1 70 A R0 3 e s J52 31 2K i)
(735 o XMLt T LAURIZE IR 2 R RT I 2% v, B ANk 22 I 2% [He et al., 2016]
ATEE W 2% [Srivastava, et al., 2015] AR I 51L& BRI ZRAE 7 B A&
W2 o X TARFR PR 2P, IXAHLAId AT AEIR T 19 b, Gird LSTM M 4%
[Kalchbrenner et al., 2015]. Depth Gated RNN[Chung et al., 2015] 5.

BEAh, AR R 25 ] DUR S 5y gy e S pu i 58 ) SCH I 454 B8l |,
B M % [Scarselli et al., 2009] . EL Q1 247 22 1 2t — PP [a) A ]
W o P 2852 H AT ECBOET M BRI FT 7 0], I8 A LU BRI I 2 A5 . FE AN
HIMI 28 ZE M A AT S5 b, AR Z AR B B AR sy . Ferp Ee s 44 I 45
B B &SN % (Graph Convolutional Network, GCN) [Kipf and Welling,
2016]. 4 BAE M 2 (Message Passing Neural Network, MPNN) [Gilmer et al.,
2017] 5. KT EIMZ 25548 7] LLZ 2% R [Battaglia et al., 2018].

>] &

SRR 6-1 o HTIERF P2 RI 2% L AR 22 0 2 R e 20 0 25 1) 7 ) o

SRR 6-2 A (6.40) FA IR (6.41) FHIBLE .

SRR 6-3 THE LSTM WM& h AL, I Hr Hodk S bh BT R AR

SRR 6-4 TH5 GRU M SEUNERL, JFo Hr Hok e bh L R AR -

SRR 6-5 UL 2 R 22 00 2% (R G A IR A e M PP A1) S5 I, 3 U e 42 A
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FEAT R HOTAR R R IRAME B89 Bk .

— Cornelius Lanczos, 1964

BRI M2 BA IR RNRIERE ST, HRE 2RI e f 5 BT B 25
I HRIRAFAE — 283 il EEP APIRK:

(1) fLAbi . wpze e fE — AN AR B A, AN AR IR L 2% P KR
JEH R, ARMEBATIA: T34h, IREME BB — RS R L, %
HAm M LEECR, 2 RBOIZRAI R LUK

(2) ZACHRE: FONEHENERERE 98, RITE S A NE A
e B, EIZRARZ MM, Rt 7 2 — g AR AL TR 2L
HEW 2% 1z AL BE

HAT, BFFEE W RE RS B g | — 200505, AR IE NP4
7 MR 1 5 S BRI AR B — AN UF R 5 A

7.1 WKL

RIZANZ L8R — A e FEARZR PR RO, LU iR B2 — R g, [
SRR e /M — N R AL I, SRR 2 R i e

7.1.1 BRI S

AR SRR R ) S0 — A HASREE R R L, 33 E R A
LR JULANT I
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7.1.1.1 MBEH SRS

MR RARE 2, LB L TR LS, HEmmAEE AR,
ALELLALIR, HUHER . NRISHAEMZ P RERIEAIR K ZE R, i
PARCEA W E A, B AREPR R 2% rp g A g B AL S AL A AN -

HI TSI S REE, AR R —MIE 7. AR
TIHEAEA R A 28 S5 4 1 1) 22 A B AT LUK

BEAk, MRS R E, KB RARK PR .
7.1.1.2 SHLTEIFOML

iR 2 8] B AR A 17 R AT AL — L8 R R A A e T BA R R BRI
WITE BN R R LA, PRI 4R 22 TR AR T e A 0 3 B o T ik #4004
WS HALR SRR A REHEMENSHARTE 2, HSHP IR
e 242 () P AR LA T R, LR ORI AR 2 1) ) R AR 18 AT P A [

g fEmdEs iy, AR R HE RO EANE T a0 er 8 18 R R DL A, T2 ey
N i i : o BB 0, (HETE—Lk
S ] e B S R l_;%%: E('dedle Point) [De‘xuphln e‘;al , 2014]. ¥% E/Jj%EIEO {HAETE
EF YEFZ Bt dm s, fES SRR PR A, WETIPTR.

B 7.1 # o)

FERAER T, SR MR mi ZORAE A — YR R A, XA R AR
. BBIMZEAT 10,000 4655, — A RAER 4 LR R RIS 1R p, A
LAEBN SRR, R RS Ry pl 0%, KRR RErEARH /.
REVLFEAES A, KA BE N O (1 B R s . SE TR T BRI k&
FER R B G T3, R REAR X IR Sl i b
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BB REMEM S NSHARE 2, JFHA 2R, XSBHERANS
oot e A4 R S M A LU BL /D, X330 T Pk BB R R R R B —
P IX I, FrA-F32 R ME (Flat Minima) [Hochreiter and Schmidhuber, 1997,
Li et al., 2017a]. JFHAEIET KEIMZEMZE T, K0 B30 5/ ME A EE 1 .
BRI N 28 — 8 MRS ST b A 22 1) R il i /ML, (R 6 X 8 A3 o, )
25 B N R B/ IME I 2 K KPS [Choromanska et al., 2015]. EI7.245H 1 —
b 87 B ()~ SR s 1]

B 7.2 A R4 o (11 4E R A s 1

7.2 MHEZX
EIRT, TRIE MM 046 1 2 M0 =] 0 R B e R e/ ok 4k — 4L AT L
B MU R ISR 70 BRSO, BREE T MV AT LA s hei it T 1
REAUME B I LU Db AR T S RER. WA RS RS, T
DL LRSI, B T IE RO BRI 5, X =R
FAE—EIE R A 8, thin 1D W pIiath 280 2) TACFEEE,: 3) ik
EERIF R, BN R .

7.2.1 IpMEEBRETE

HAT, EIZRRZPZMZEIT, IR R LE B . A RAEBR T F#
I, REOCGEACHS T 5B AN SR Bt L AR B 5 22 B 2 i T H SR U ek, K
MBI ZREE T R IE H B AR H TOAR, MR L BRI LSRR
BRIk, EYIGRERE A IR ER I, 22 {3 /ML R B2 R PRS0
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X ZAGAR K F Bk T BN
P o A kg, ] A A AR K
HEALETT1T,

FEENE, BT.3F6=
Ao K3 G 5 3] 5
T—2, BHIt A&
Ko

Epoch (& &) #=Iteration
(R BRXFEH 1A

4 INEREA B N
epoch ¥ T (S aiore )
K Iterations.

EREGMS: (FREMBSREF )

2 f(x,0) R —NRZMEMLE, 0 NZEZHL, AR08 /NIRRT Bt
FPRARES , B UGEIL K MINGFEAR T, = {(x®),y )M o 55 PGEAR (teration)
I 5 2k B ECR T2 800 1O 3 80

OEEED D AL U )
(x0) y )€,
Soft £() AT 03K B, K B k1 (Batch Size) .
5 UCEHRIEIE g, 5 XN
g = 0u(0i-1)- (7.2)
i FBERE S Bk R S 4L
0; <+ 0:_1 — agy, (7.3)
oo > 0 W31,
AR BT 0 24 A0, 5 XU
NG, 20, —0,_1. (7.4)

A, FIBEFE gy FEATRETE 4 — 3 A, NGRS ZE bR 77 1), B
Op = 01 + A0y TEFRUER/INMIEERREE FBEF, A0, = —ag;o

FI7.3%5 H T MNIST $dis 4 L, fbE K/ PRI m. —iiiE
KBNS, T B BRI 2 2688, BN 2 A 8. ET7.3a T LR
H, BUOERIERIMER AR S, TR, I H TR,
MR UGER —MEARRS O TRENUBEEE NI, BUREEA R TS, (H)mE
BLREREG . WET3bRT LA, W A Edi 4 Erk k% (Epoch)
FRE KRB, MR EREARZGE N, TR .

10" 10
— SGD(batchsize=1 learningrate=0.01)
— SGD(batchsize=32 learningrate=0.5)
— SGD(batchsize=2048 learningrate=0.5)
10° 10°

I

— SGD(batchsize=1 learningrate=0.05)
— SGD(batchsize=32 learningrate=0.5)
— SGD(batchsize=2048 learningrate=0.5)

10 10
< ‘"“M )
R EVE VRN |
WL W
i Mhddbisnio i i pin b ot ot o
10 1000 2000 3000 4000 5000 10 2 4
iterations epoch

(a) AR/ IMILE T KRR AL (b) HEEABdn IR AR R AR

K 7.3 b R/ R R R

L

https://nndl.github.io/


https://nndl.github.io/

7.2 fPRALE: 2019 £ 4 A 18 H

167

R T A RIFATINGRIRE AN LS, (ERRHER /DL R BTk 5
fiti b, 2R A — e ek Oy vk DU AR A FE o 3 DL e 7 v R BB R
PRANJ7 AT CGdk 57 20 2 RN B 75 @ Al o 3 e 5Ok IR AT A 7 v Al R A
AT DA 7E A1 B B LR B R 7
7.2.2 FIRFTRH

TERRRE N R, %) 2 o MEBUEIER 8, SR KA US, it
NS FE RS . AT BF, % 2] S — TP BEAR R R B R AR YR S
FEWC SR B A0 A AT I /NG DL G ok [ B . DRI, AT B0 B A 2 ) R
RN PUE 52 5] £ %R (Learning Rate Decay) 75 ARSI .

BRI ST N g, TEE ¢ BB 5 ) 2 o BRI OA
A LAY EONFIEARIRBOHAT 8. ELan# Bt R (inverse time decay)

ap = QO%M, (7.5)
A5 # X (exponential decay)
ay = apft, (7.6)
o B AR5 Z AR (natural exponential decay)
ar = agexp(—f x t), (7.7)

Hor BONFEIRCR, — AUE DY 0.96.

B 7 X M ] 5 R i R T YR B 2 D) BT UR AL, IO L R 2 ST R
J7, i AdaGrad. RMSprop. AdaDelta %5, X6 vk #5 NS H0% B A
A )5 ) 2

7.2.2.1 AdaGrad %

FERRAERIBERE T RT3, AN S HAE R UGE AU #R A F AR A 2 > 26
BT RS AE R B SE FEHANHATR],  RIHAR Y A 7] 2 B e St 1 735l
WE I,

AdaGrad (Adaptive Gradient) 3% [Duchi et al., 2011] /2 &% L2 1IEN{k
AR, BRI B &R AN S HI A 2 R AR5 SR, it E A
NSHRR RV T R HE

t
Gt = Z gr©gr, (78)
=1

Hoh o NIRT TR, g, € RIVZE 7 UGk (86 .
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AdaGrad EERIS B W 218N

Aet = - © 8t, (79)

Horb o AR R, e O T ORFFEUE R E PR W E AR MO H L — B
B e " 2 e~ 100 pbAh, KEEIFFIT. By IS HAZ TR TR,
£ Adagrad ik, AR SHUN S HCERBULEOR,  HA2 5 R
Ay M, WERHAN R REBN, A RAR B (AR AR AR
B, 2 RZE G
Adagrad Sk R RURE LS — € IRBUS AR IR B R B et i,
TR FA R OEARF D, RAEE R BIR A

7.2.2.2 RMSprop &%

RMSprop5iiZj& Geoff Hinton # Hi i —F B i N 27 5] 2 (1) 77 7% [Tieleman
and Hinton, 2012], W] LATEA L6t 10~ i85 AdaGrad 57 5T AW L
B DA 22 T o S e A ot

RMSprop 5k B e it HAFUGEAHE I g T 7 MR ECL A 271

Gy =pGi1+(1-B)g O g (7.10)
t
=(1-8)> B Og, (7.11)
=1

Horb pONTERER, —BRE N 0.9,
RMSprop HIEII S B M =l

Aet:*

«
ory 7.12
m gt ( )

Hor o AWIUGR 2 23R, B 0.001.

M EATTEAE H, RMSProp HiEM Adagrad HiEI X AE T G, ITHE H
FR7 A, T R ECE A s . AR, FASHI A R AR
SIS, BER DA LA

7.2.2.3 AdaDelta &3k

AdaDelta5i3% [Zeiler, 2012] 172 Adagrad 5% 1 —/Nekidt . A1 RMSprop 5
5K, AdaDelta B2 I 16 B2~ 77 AR ECE I8 2~ B R A B 2 2] 3. e Ak,
AdaDelta HiEIL G| N T RRSEE# 2 A0 WV J7 B Fa B8O AR 87 1 .

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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B UOERET, BIRSEOERZ A0, 1 < 7 <t — LIV IR ECE IS
EIRSAVS)

AX}E | =BAXE 5+ (1 B1)A0—1 © Ab; 1. (7.13)

Horb gy NFEWF. I A B KR, R RAEHHEEIAX, .

AdaDelta HiE S HOE B ZE R

AGy _,/AXf_l +€
vV Gt + €

For Gy 5 7 M RMSprop Hi—# (A (7.10), AX? | ASHTEH %
A R ECE AL 2745

M ERTBLEH, AdaDelta 53726 RMSprop HiEH W] U6 5 > 2 o 50N
ATHER JAXE |, fE— R LT 22 ) R 1.

7.2.3 BEHFEMK

B 7R A ST R 2 AN, 3R] LA I A 3l B TR A KT B4 B R AR
TN 2B FERAE NS BOE R T 7. IWEIT3F H, FE/NIEEARE T FErh,
R ERUGEE AR BB, k& BIR G T N B A7 Rt Z2 g ph 1L
TR R G 7 2O I R L RS B P R R IR SE PR, RS
MACTHSE, Xl sh &k,

g (7.14)

7.2.3.1 mEZX

BB RORE S . — 0T &, — MRS B R XA IR E
BT EORFFIS B RS, YA SR ALE AR . )% & (Momentum
Method) [Rumelhart et al., 1988] & FH Z HI A RANER B MR B IERIBSE . &K
AR FE W] DL AR 2 s

FESS ¢ UOEANN, TR A6 IR s~ VR NS EUN ST 1A,
t
Ay = pAb;_1 — agy, = —aZBt_TgT, (7.15)
T=1

Horp p NEhERT, WHFBIN0.9, a AR,

RRE, AN HUN SR ST 22 B g T ddl— B 18] A B R AT 244

BHFANSEAE ks — BUN R Y BB T AN — 8O, SIS HOE B iR AL
ANy MG ARG BUN IR R 7 A B0, LIS S RO e
AR, EEIEFA . RS, AR, BRI B, SRk
SORFIIELER], T LE R BIE . ARSI, B TTE S IR A —
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B, EWNSMEMIL R, ShER R, e tt. WER AR
Yl HARTEEEE BN LA LIRBRE, R BT DGR AUE A R

7.2.3.2 Nesterov fIIIRKEE

Nesterov 2 # & (Nesterov Accelerated Gradient, NAG) , tHAY Nes-

terov# = & (Nesterov Momentum) & —Ff%] 2l &% 1 idt [Nesterov, 2013,
Sutskever et al., 2013].

fEZhEILA, SEBRISECE BT 7 A0, N BB S B 7 AG,—q Al
RTRERE —go BN IXFE, AG, T LR 7 NP REAT, JeliReE A0, B —
WG BH0, FIH g, BEAT SR

0=0,_1+ pA_1, (7.16)

6’,5 = é — gy, (717)

HAHhE g N0, LIIBERE, DIMAES —OP B h A S ARG B A B
T RLZ N 0 IR

X, GHEMERTIIA
A0y = pAb; 1 — agi(0s—1 + pAbd_1), (7.18)
Hor gy (01—1 + pAG,_1) TR RBAE S 0 =0,_1 + pAO;_1 LIS HL

g¢ B9 XA AKX (7.1)0

KI7.4%5 1 B850 Nesterov #2725 E BTN (1 ELAL

PAO;_1 - >~
Oy o N B
A@t_l ~~~~~~~~ ‘_7,,—""_’
= —ag (B 7)o
(a) %
6
PAO -7 7Ol —agi(0)
L 0,
N/ = RPN
9t—2 ¢ Agt

(b) Nesterov HIE &

B 7.4 FEIEA Nesterov IS B K HL R
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7.2.3.3 Adam &£

B i& & 5% 157+ (Adaptive Moment Estimation, Adam) 7% [Kingma and
Ba, 2015] 7] LA AF 231 &5 A RMSprop 145 &, AMEAE RIS EAF NS0
pl T ERCIRYN = Boy VAT k2= s e i

Adam F3E— 7 HVHE R J7 g2 IR EUIBCFY G RMSprop K180
AR g FIFaEUNBCTYy (I3 &840 .

M, =i Mi—1 + (1 — B1)ge, (7.19)

Gy = BoGi1 + (1 = B2)g: © g, (7.20)

Horf By F By 43 RN FEANFE B P EI R R, @R EUE A 81 = 0.9, B2 = 0.99,
M, Al LLEAVERBEERIIIE (D), Gy T LB VE R BRI 2 A
FE (D,
T My = 0,Go = 0, BATEEARYI M, F1 Gy FIME 2 b SE S E R 7
EHN, BRI Y B A By B EEE T LI, MESIR K. B, FEHmZEET
BIE.

~ My
M= 5 (7.21)

N Gy
G = e (7.22)

Adam BIESHE T E M N
« A~
Ay = ————=M,, 7.23
= (7.23)
ﬁ¢%2$a@%&%mmJﬁﬂmﬂuﬁﬁ%ﬁ,%@%zg%

Adam 5952 RMSProp S8 EIL 4 &, Bt —F R Adam 125027
27251 \ Nesterov IBEBSE, #84 Nadam % [Dozat, 2016].

7.2.3.4 FREEEER

FERZ M2 M X BRI A R 28 v, R T BB RETH R 2 Ak, R EEARAE R i
SRR TR ER . TR T RN R, WERBEE R K,
REBEEHATE NS, R SBOLT ERMLE. 7RG, b
P RS R T— 52 BB, 5000166 B R AT BT, BRI B kb7 (gradient clipping)
[Pascanu et al., 2013].

BERE IR B S0 FvE, EBR R IBRE fE—A KT, %
PR RE AR/ IN T BOR T3 A XTI At AT AT o — BCAB T 477 XA LA J LR
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RAEEMT 7158 ¢ YOS, BEE N g, 4 —DIXIE [a, b, MR DSHIIES
AT alit, BCRHBINa; WRKT o0, w8 b,

g: = max(min(gy, b), a). (7.24)

FRAEE T 54 AR T AR Ao (B BT 31— A48 5 AR T R 0o
IR lgel? < b, RFFg A% IR |g? >0 %

b
8t = 78t (7.25)
[

BWTBRIE b2 — MESH, AT DURSE — BURH 8] A 2 B6 R B Bh . s
Kb B, INZRdREx BIAE b AN+ UK, 8 — AN BIEL AT A 2R
U ()45 R [Pascanu et al., 2013].

TE N GRAGIR 22 X 25 o, $c RS AE T 2 T G s FEE AR X 1) P 87 vk 17 54
T — MEFRZ W 2 [0 R O T S8 il . B Ty R — AR
AL TCIEIA L N 2% hy = o (whyey + b) IIERRBREL, o w Fb ASH. |
i ho WIUAE N 0.3, #URBECN L = (higo — 0.65)%,

0.30

0.25
0.20
0.15
0.10
0.05

_751.561-251-00

—3.002.752.562.252.:3)01

Bl 7.5 BhEEHRIE IR FUR )

7.2.4 RCEENGE

AFI A E UM T IR BRI A AR, — 2 B SE 51, R IL
WHEREE; —RWBEET I, UNIZRERE .
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KTV TAT A AR LRt 43 A 5% -

5 ) A 1o B 7 A
AdaGrad. RMSprop. AdaDelta | &k, Nesterov JIEEREE . 6 KT

Adam~ B 5% +RMSprop

R 7.1 AL HE R T AR

K7.645 tH 7 IX JUMILAL 75 72:E MINIST $i 4 BB e

10°

— AdaGrad

— RMSprop
AdaDelta
Momentum

— Adam
| = Nesterov

10!
Il

loss

0 1000 2000 3000 4000 5000
iterations

K 7.6 ANFEEAL TV BB

7.3 SEEL

P22 2% B Zad R P R S 80 ST B TR R BRI AT LA . BERET
B30 BAETT AR RIS 25 B — D S HOR — D IIGME . XM RIUGE AIE E 73 5%
. AR logistic BIHRIINZRrR, AT B S B mylanie v o. Hi
XAERH I E% F N Zrrh AP — L. RO AUERSHAH N 0, A2 58— il i 7]
TR, A RRERZ TR E A . XS SEURE M ITEH X0
Pho XA BRI AR EIR .

N T ITROZXAT, LB 0 SRR A S B BN aatL, IXFEEAS
AFERZTCZ T X 0 S 4
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BEATLHI A6 A2 E ) — 0] R AT s BB AT 26 A6 B X 8] o SRS HOR A,
—RSFEMAETHMANL /D, BEZEZEESHREEEEAT: e
5 Sigmoid BYIE BR B E R AELYERIBE S . LA Logistic BEEUCNBI, £ 0 MiEFEA
RGN . X2 B IR B W AEE 1. WRSEIE K,
S FERNIRESE K. X T Sigmoid BUEUH BRBCK UL, BOEE A EAT, M
SEB IR T 0,

Rlth, E S ZReh 2 e, 52 H0ER— AN 53E R BEN LRI 4G 40 X TA] 2
EFEEN ., —RINE, SR X B RO 2 P BT 2 AL
MEE. R MHETMNERRZ, BR8N ERE ERBCE N %
/N8, DUk R 2R e I I K CHBOE RO ReLU B BB AT (4
5 B BN Sigmoid BRI D .

2 A IWIE A T EA LU JUR

Gaussian S HHE Caussian 145 11715 B L MW 1L ik, BHN—
AEEME CHbano) FffE w72 (b 0.01) 19 Gaussian 23048 BE4T FEH LI EG 4L o

P AR R ZRI A e T HOWIHE 17 2 R (RGN 2 TEA A
BT 20— B 2 — 2 TE R A B A s, B, T DA LA A
R LLA(0, |/ ——) ] Gaussian 48 AT ARG (L. 015 [R5 H i it i

in

Mﬁ%mm,mmuﬁNMVZ-il)%wawﬁﬁﬁﬁ@%%°
in out

B E BRI AW R AE— N4 E X IE] [—r, r] RS0 A0

KIS HL . S Hr 1 VB A AT DL 48 0 IR R AT 1 I L ) T 8
Xavier # 4 & 5 & XHE AP —Fh Xavier #1454 7 ik [Glorot and Bengio, 2010], 7] LARHE &) 140
Xavier £ % # % Xavier ZJCEUERABNTHEXIE KA r, 22 BRI S A LE [—r, r] RS20
Glorot # 4 A AT HIIRAE

BV 1 Z A0 T 0 MR OA Logistic BREL, W51 — 181 ZNES

X (8] r AT LA E A
6
=\ (7.26)

XE ! R IBEMETTNEL nlm W -1 EME T

XFF Tanh A%, r /] AEN

/ 6
r=4 m. (7.27)

R LR — AN FRBUZ A TT 2 HIEZHT— 2 [ n!—1 MR TT 4
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al™Y, ie1,nt-1),

7

2= Z wéal(-lfl). (7.28)

N T AT B B R ORI, TRA TR RS o T
BRI PE IR ), B3R FL A HL BN . X 2 T S M of =
f(&h) =~ 2

s w! Mol WA 0, FEEAEIS, W ol (I A

(l 1) (L 1)

Z whal' Y] Z E[w;]E[a{'""] = 0. (7.29)

a TN
n=1
var[a'] = var| Z wla (l 1) (7.30)
)
= Z var[w!] var[a; (- 1)] (7.31)
i=1
= n=Y var[w!] var[a; (@ 1)] (7.32)

WAL B, MANE ST EEL I S E OSBRI T n(— var[w!] fif .

NT RS Z R IG, 55 AL 2 BOCE0E s, BATVS AT BEREF
BEAME TGN )5 2% — 80 R n(—Y var[w!] BN 1 LA EE, R
1

it (7.33)

var[w}] =
IR, N7 AEAE S R, IRZER S MAPIROR G/, 752wl
i ZRFN
1

m. (7.34)

var[w!] =

TR, (RIS 25 8 AR 52 Al 10 A B 17 A% 6 h AN B /D AT DAY

2
B B BELAS & 2 7E X (8] [a, b) WIS oA, L TT 2
)2
var[z] = b 1;) . (7.36)

Rk, #Fikw! e [—r,r], FHHvar[wl] =1, WrFHEEN

6
= /m. (7.37)
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7.4 EIBETAIE

— MR E, FEA R JE AR R P R 4R ol TR DL R A AN T
FURRMERUE A AT VE AR AR ZE AR K o A TTH SR R AR 2 W) P R R BE S
BUETEER I AIE i 2 1 AR o 3XFE, XT3 T AR U BB AL AR 22 1 07
% (HRIT A r 2R, DA FEA AT AL, 455N HEBE (RFAE T — 4k
B —ABUEXTE, JFHIEBRA FRAE 2 [0 AR SCTE, 4 B3RS LU B AR ) 4
Fo BIRPNZE R 24 T] DU 2 800 R SR E AN AR E R VB S R, (HR SR
BOMZRRR AR

Rk — PN HE—ZMMNL y = tanh(wiry + wozs + b), HH 2 € [0,10],
zo € [0,1]o ZHIFRATHR 2] tanh BT FEAE X A] (-2, 2] FRBURK, HRHS
BT 0o B, WER wizy + woze + b KRBUI /N, #HFEWELAN, A
AINZR. A T HRENZRRE, BATFHEEE wiz + woxs + b1E [—2,2) IXIA], AT
T wy WA/, HIAE [—0.1,0.1] 2 8], ATUAAR SR, WiREER4EEIR 2
I, RAVRAEIX ARG O LG S8 B, R 58— NReE ) BUE G
HFRLEABAARIIXTA], Eean [0, 1] B [—1, 1], FATHRA KT ZE XA R —A 34,
I N AT,

B T S HAIRZ Ak, A [FRFAE OE Vi 22 57 B BORIN 3 2 T R )
WRIF . E7.785 W 7B — BRI . Horh, 7. 7a 9 R0 — {08
P55 2k B o BV BB AN [F) 3 BRAE K 22 B B L OB BE 7 [0 AN R AR 1
R AR T A T RRACMERT, = S B ER 2 YOS e
AR BATHE SR A — WO BUE S AR R, W 7. 7R, Ko B B Ty
WAL T R R TT o IXFE, FEBBRET MR, B RA R 77 AR A
TR RME, IIZRBERE KRR,

(a) R HRRIBEE (b) H— L ER B 1%

B 7.7 Bl 3 — A B L R

A HTEA R E M, 2 BT RA TN 41 sigmoid 7 bR B4 #TT LK
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AN F B AR AE 5% I B — AN LU RS2 BRI XA X, AT R LR 4
W 22 T 22 A T B A — AL T

FERYA—1 ZEAt)a — e —MhARH T B VA — AT, Sl AR B MRME
B D — 0, 1] B [—1, 1] 2 [l - — S o
s = 20— ming(al) (7.38)

max; (z(®) — min; (z(®)’

Herb min () Al max(x) 73 B RHIE 2 £ FTA REA B R AMERT R AR .

PRE)A— AR 2 — Y z-score A —14b, RIFT ST _ERIbRE D50 W0 —
NERFIEES A FONFF S FRE RS AT GOMENO0, WEZERN D BRA N DR
AxDYi=1,--- | N, XTHE—LRFE 2z, FTAVCTHEERBE AR EZE:

L
=y g:l ', (7.39)
LN
2 _ (1) 2
o’ =— igl(x ). (7.40)

SRIG s BAFIE 2Oy 2 M, JFRRCIARIEZE, A BIHIRREE 2
O e —p
(o
XHE o ANEENO0. WRARHEZE N 0, WX —4ERHERA RS X, ATRLE
U

AR — L2 )5, B —AERFAE AR IR AR HE IE 573041 o

: (7.41)

At a4 (Whitening) & —FEZRHAEITTE, FHR AR N BRI
ETUARTE. MAEEREE AR S, RRIEZ AR OGYERUI,  IF H A R iE
HATME 77 2% -

HAL ) — N 27 2 £ %% 447 (Principal Component Anal-
ysis, PCA) JPVELBRAEEA B Z A RIAH R o

F7.8%5 H T bt N — 4L AT PCA AL LL R o

JRAG K FRAEIR—1k PCA fifk

K 7.8 FriEIH—1L AT PCA A1k
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XAy iR B )a — T AR A
ST AR AR IR A 2 R 4
B AEAT — /N A B, IR E
FRE BT A EB AT A —
Lo

7.5 EEVFT—1

TEIRJZPIZ M2, thial 3 — Z R A2 H AT M & E i . Bk, H
Z RPN 2 S HCE 2 B R A R AR 2 7 o (EAE I BEALES
FE R BRI ZRM 28I, A3 IR S0 2 5 UM 2 v 8] 4 — J2 IR SN R 23 A K
A, BIRI)E, HENR A0 S TR 2. R —EREaE, ISR R
= MEUNMI IR, # SBUSE B BRI RS .

MMLER S IR, WRIENE SN RAE TSR, BaHs
B EE ], XIS A 2R K Z 4845 (Internal Covariate Shift) o

HLER -2 /NERIR | AR B (7% \

AL G, — AN WA ) K 2144 (Covariate
Shift) » WMEER—ANGITEME, RTINS RS L R,
VR A, IR LB AN . —RILES 5 ) BIEE B R 4
ANTENZRBEANMNREE 53 Ai AR o G SRAN R XM, TEUIZR
£ 2 B I RAE NS BRI = .

N T AR B OB A% R, B A R R A I 2 A R I
SR R P EAREF —Bl R B AR R B M R AT 0 — LR
T, MEHDMRAERRE . THAA U B B R B — 5% itEIH—
. BRI e — L.

7.5.1 #tEF—L

2 )7 —4 (Batch Normalization, BN) 7772 [loffe and Szegedy, 2015] A&
—FE IR 2T AT, T DO R R N 4 A S A 2 AT E — R
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T —MEEMHEML, SHZR% AN 2O, L et va®, B
al®) = f(z®) = fwa Y 4+ b), (7.42)

Horb £ REUE KL W RIb 2SS4

NI B AR B AL A, AR RN 2D AR — 8 D
H— A BIFRAE IEZS 040 o FRATTET AR 2874775 Ho A 2R (R 5008 Pl Ak B 5 vk 3047 X6
2O BT, A TR — R AT — R AL, AT s I SIOE . {H
R EA— T ELE A EHATEAE, ZRMEE R, IR R ST
AW HEHAREGE. AT REEH R, —RAHAREE—L, BiEmA
2O (R —YEHE I — B bR 1IE 220 A -
ﬂ”—EWW
var(z(®) + €
H E[zO) flvar(z®) 1540 S5 F, 20 1045 — 78N 48 0T A
Ji % BN HEAT R EWNG T iE R T /R BRI N5 7%, B DALHER
i+ 2O FIEE RN 5 22 AT AT . B, 20 A RASE A 2258 % 24 A /Nt
BREARSERBE RS Z IR LU

BE—MUE K ADFEARRI/IMEEREARES, B 1EME TSN 200,
2O AT 2N

2 = (7.43)

1 K

ps = = Sk, (7.44)
k=1
1 K

of = = > (") — up) © (2" - pup). (7.45)
k=1

XN 2O bR — L SR AUE A P 0 BT, Wi E H sigmoid
RU0E SR E, XA UL DX [R] W 2 il Ze AR B () X 8], 9k 1 #2845 1)
LB, Rk, N7 — AT 2 IR R B8 7% A s, AT
AT LI Ik — A B0 4 R 1 A AR 46 53 BB X (]

W _
a0 =2 ip (7.46)

ot €
£ BN, 4(z), (7.47)
Horpy Al B o AR AEEAN PR N S H A & . B OR T A RS, wTLLE T
SRASHE YT — A0 1) 3B AR AR AT VA — A0 5 IR AR B AT PR JFON R fE . 2y =
Voz, B=usht, 20 =20,
M BT LA — MR IR, INERE— R AR LRGSR
oz wr, AR

al) = f(BN, 5(z)) = f (BN, s(Wal ™)), (7.48)

EREMS: (FREMBSREFS)

BRI —BET AR A A
iaal=l) b fastHoHhm
S e 2D fa, B, £5
FobJr — A — A R
RERZE, BEREHKZ

Al o
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Hrh ROy R A — A 5 B PR AR, R AR e Wa (=Y AN 2w 8
XML, BUCONEREREARN pp M5 % of RN 2O IR, 1M

AR o IR T S HOBh LN 5 225 & g M oy RISENA . I 2R 58 B,

BN BRI 1 AT 2 o R IR B LR REAS ) g RIS 22 0 AE

S, s M og WA LRS-k 5

7.5.2 RIA—

R — ISR E) 2 B B R T HEAT A — AR, BRI ER ML
BAEAREEARKDN, SRR M2 TS EE . Ak, R —
M TCHIF AR A G W 2% TR BRI, LA s 2 M2, T
AERTCVE N AR A — A .

12— (Layer Normalization) [Ba et al., 2016] & fl4t &= IH— AW K
AT A E T — A FERZ, B —AX AN a] 2 0 A g ot
T4k

SF—MREWHEME R, S5 EME RN 2O, FIERT %N
(7.49)

1
ph) = —
n

>+
=1
1o
2 l
o= 53 & —u), (7.50)
k=1
Henl NE WA TR E.
FEIH—1bE SCH

ROR0)
=2 1 oy (7.51)

Vo 4 ¢
& IN, 5(a0), (75)

Horbry 1 B 43 URRAFTIA TR (280 &, A2 B0

EIAEMLEHERVT—L J2 0 — T LS I EGE IR AR 22 P 2 o, B3R s 22
JEHAT VA IRAE o BOAER 20 ¢, FEIAIPLE LS IIBEGUZE 9 by, HRIA— 1L
SHA
Z — Uhtfl + WXt, (753)
hy = f(LN, 5(z)), (7.54)

HASN x, A R ZIRIN, U, W AMSESH.
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FEARHETEIAFRL 28 v, (BIA AL 2 14 N — e 2 Bl o I T 482 A48 K el
AR/, AT BB FE A B 2% o T2 VA — AR R ARG PR I 22 X 255 T LA 25t 2% i
IZRARDL -

I3/ R A 1K= I B 2% Nl w =l v Y PN =7 [ o R A L D R P N T

3T K AN A MRS S 20 = [200; - 2050], R
200 34 5T A — L, TR — R A7 AT A —fh. — AT 2

BHACR AR SNt EREAE R BN, ATRLERR A — 1k,

7.5.3 EHEe\A—ks&E
B 7 IR PIRA Ak RS, e B 1k
7.5.3.1 WET—1k

A E )7 —H (Weight Normalization) [Salimans and Kingma, 2016] J& X} #f
Z WS PPEEAEATIH— 10, @i B 444 (Reparameterization) /%, ¥

R S R K FERNTT 0 PR 24 BB L Z M &) = f(Wal~Y +b),

AT W BHSHA N

W= v, 1<i<n (7.55)
[[vill

Hrr W, FoRBE W 4T, ol N, oINS H g WrE, v,
Fal=b gEH [ .

e P28 A S 2 e 21, ES R LS e & E D,
A E T — L 2 LN .
7.5.3.2 [HEMERYT—L

Jey3fe )2 Y2 — A (Local Response Normalization, LRN) [Krizhevsky et al.,
2012] B —Fh 2V F 8 KA — 477, 10 HERE T BRI EUR AR EE .

B —AN G 2R R E LS Y € RM XN'XP Sy= stk & H g4 )
FARREYP € RM XN SJg— A AR E RS, 1< p < P

a3 B S A — e R o RIS AR RFARE WS BEAT ) 8 05 — A

min(P,p+ %) B
YP=YP/k+a ) (V) (7.56)
)

j=max(l,p—%

£ LRN,, .a5(Y?), (7.57)

H MR HHREICRIB, n, ko, NS, n NRHIA—LHEERE X
Ko 1E AlexNet H, XEGHSHE NN =5,k = 2,0 = 10e™*, 3 = 0.75,

EREMS: (FREMBSREFS)
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JeyER A R YA — AL AR A — AR AR R R AP 2 e AT A — 4. AR R
M N — AN P AEBOE R e, KRBT A e AT R A —4E, I

AR 6Y Ab 2 TAS 3 R R AR A AABELE-
B AT L AT LR BRAT SRR N A — A RV 22 e H Ml A ) (lateral inhibition) L& LR

e, BRI ERAP 2 TR AR SRR s RAT I/ . 24 Re LU Ry el 20,
M2 TE RS PR BOA BRI, =B me LYV — e m] DUE B P A 2 A .
R AME TG AR K, T4 R e AR P & ot U 3 — 1 0, A
MR BAIHIER, SRRz LR 7). R ADR M EAMIHER . HRK
RN [l —NFAE WS r (0 &I A7 B P R 22 Te BEAT I, 0 JR A 2 ) —
AR ] N B A &I T R A S e A 22 T AT

R A AT i R AR R BN FAE A e R g PR AR, AT /b i T
0 245 25 B0 B X i T 19X 2% A N R FA) P B A B (i A2 T, 48 e TR = e 4 R 45
MIZRACR . R, A At mT By — R e AL i, i
PIZE Rz ACRE DT, BRI S .

7.6 BN

FEREMZE T, B TR SEC A, AR 2B S XS A
RIZE AL BE A RE M AR K . AR BIHLER 22 S 55 i ZAEAE Ff AR S 4. W
WS HAT

o ML, WA ITZRIEERR R BENMECE . WS
BRAR R ST 4

o UL, WA AR PR IR SRS

o ML AL,

AB S KA (Hyperparameter Optimization) = BAELE R 7 THHI . (1)
B RE —NHE A, TEIER — RSO @B BN BTk
1, WA —ME A S0 7. (2) i — A2 5B & (Configuration)
(T AR AR, TS B2tk 7% (bbb % (Evolution Algo-
rithm)) £ Z AR A DL A

i — MMz b a3l K MBS, MESHER RN — A&
x € X, X C RE ZEBSHACEMPUE M. BSEMN BirmEoe h
f(x): X =R, f(x)2#E - HESHIE x SRR, —HREENITRKE
R RE . BARREL f(x) TEAEE R — N2 & (block-box) BAL, AFEEA
EH AT BAREMEMERESHIA T, f(x) REUENBRCH, H
J(x) ARKT x WIELRE, JFHx AR, f(x)KRBOEWAE, Ktk
8RB FE T B S R TT 5
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TS WE, WERRRITEAATR® . R EMENE % .

7.6.1 MIRIEE

ML % (grid search) Z&—FuEd A G ESHMA G K I EE—
HESHAECEN . BREIE K MESH, 5 DS  DE m, A
fHo MALIKBEHEEE N My xma X - Xmp . WRESHIEIESN, 1]
DU S E R, GRS AR H. ) E o, WATTLIRE

o € {0.01,0.1,0.5,1.0}.

—IME, MTESNESE, RATARIZERE 0 N TR L, %2R
TS H B 5 s AT B AL .

PR AL RARYE I LB S HU A L5 70 A G — R, AR5 I X LA
BT K% EPERE, EH—ArEREmAF A E -

7.6.2 [EHEZR

IMRAFESEO R HARRKER . FRBESH (RnENML
REO XGRS AR, A ESH (Hanss 23 PR RE s
PR FERMIEOL T, RA MR RS2 A E B S B 3T A B 22
e —ME S b LURCE RO sk TV R X S HOR AT G, SRR —
MR E , X2 ALE & (Random Search) [Bergstra and Bengio,
2012]. BENUIERIEL B P ELR 5 S, —Mees A3 2 5 A 2L,

A% 2R AN B WL 2 A B0 A AN R S8 & Z R AR DG E - B An SRR
T2 B & B, OB B8 th e LU B 1 . PRI P 207 35X
—BAREEAR A NI ERAIN AR EE N G S BT DU A
BN BRI -

7.6.3 DINtER{L1L

Nt Wik (Bayesian optimization) [Bergstra et al., 2011, Snoek et al.,
2012) & —Fh BIE N IESHEE R T, iR Ui Ca R ES A S, KT
MR — AT REH R KR G — P LB LA F ) DSR40 75 i g et
F AR (Sequential Model-Based Optimization, SMBO) [Hutter et al.,
2011]. RS ENACHIREL f(x) RN SR, W p(f(x)[x) N—DIESD
Ao VUM RALEFE RARAE OB 1 N HiRI S R H = {x0, yn )Y, (yn N F(x0)
FORIED Sk W i, FFRHE f(x) R3340 pop (f (x)|x, H)-

AT 47 pop (f(x)x, M) BEEFE IS, 76 BERTREA A D47 A0
HIRRE. (BB S MO A b g — MR AR AR T, 75 LR T R b B

EREMS: (FREMBSREFS)
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ARAELT po(f (x)[x, H) L T HED A B, 7FZEEEE Ml s 8 %
(acquisition function) a(z, M) KA W —AFEARIE B RS 45 A po(f(x)|x, H)
SRHEEE 2 AU At . WCREBR, HAZ IE A e I A 2B s R B B S0 A

Wk BB E LHERZ R, — N HEHB R 2% & (Expected Im-
provement, ED) K. % y* = min{y,,1 < n < N} EYAIcAGFEAF
e, B s U,

EIxH) = [ max(y” ~ 5. 0)por(ulx, Hdy. (7.59)

BRI x R FTAR Y pop (f (x)|x, H) T f(x) B S bF45 R
y* R BTG R A, s R UL A HE E OB, i ik
. (Probability of Improvement). it E (5 L5 (GP Upper Confidence
Bound, GP-UCB) %,

i AR AR R R A SRE T BT
BoE 7.1 BPERRAL, —Fh DL R ORAE
BN AL EPRREL f(x), B T, R a(z, H)
1 H <+ 0

2 BRI TR, JFHE pop (f ()|, H):
3 fort<«+ 1toT do

4 | x' ¢+ argmax, a(z,H);
5 | Wy =f(x);// RfvE

6 H+—HU X, Y);
R4 H B s it 2, HH 5 pop (f (x)|x, H);
8 end

Hidh: H

DU A B — AN SR i T R A TR S S P Oy R, A
HPEFE O(n3), PREAS REAR A 1 Ak 2R e R A 00 o RS2 408 X 2% 1R 2 40— R LU
%, NTEH IR R E W S E, T8 w3t i
FRERL, A — 2875k n] DL 8] 52 2 FEFE AL O (n®) P2 O(n)[Snoek et al.,
2015].

;N

7.6.4 BNEFIRTE

EEZHA T, SRS E PP A Ee ey . an SR FRAT TR AR AL

R Bt v DAt TF H— B B R RO e bz, A FRATatmr A R I ZH

FOH MR A AR B, BEZEE AR ERCE. XA LLASE N £ A A bR
FlaL1. I —AZ AR 8 A A (best-arm problem) , RIFEZS & FRAHLE IREL
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T AR LA R RIS B KRR . AN R IR LN, e DU 1
AR AT AIR 2R 2 18] 4% B e A P

BT H A2 R0 2% R AR A 77 vk — R B BB P R B, DAL FRAT T RT DA
ot —2H 8 SR 2 o)l 2R T X 4HHE 2 B0 B S A A 1S B LR i
o MR —HESHIE 5 ) iR AW EEE ek bz, A Tn] LR H 7
#9152k (early-stopping) FRBE R H 12 R/T 125

BNAS GRS BC ) — M 2007172 12 K M F (successive halving) 777% [Jamieson

and Talwalkar, 2016], ¥ SHMMAE1E 2 —FIERENL RS R i E
SN HESHECE, SILnTRHREIEHE RERRED N B, AT
BT = [logy(N)| — VEIZRII:RI T ERIEIURM A E, BAdEmE
B2/

BOE 7.2: B BN A B BT ik
M B B, NMESEHIE (x,}0,
T « [logy(N)] = 1;

BEBHLBIAEAL So = {xn} 2 1;

3 fort+ 1toT do
B

WJ;

5 | ¢S, PIRRLECE L vy TR,

6 | BITS,THRE, WHEER Ny,

7| ARIEVEAE R, HEEL|S,|/2 AR E

Si + argmax(Sy,yy, |Si|/2) ; // argmax(S,y,m) ¥ NEAE S
R m A TER, R RLAmATEE R,

=

N

4 re |

8 end

Wit RILACE Sk

TEBUIE TR, SRS R ERE N . W N, 72
Bl AR E L WK, (HRRANCE 7 200 R D, X R Il 25
FATREAUER . 2R NN, SRR S5O E L S, (B TTRE
TFARRMOECE . KUk, 3E N &P “FIHARR” AR &
— P G ) 7 15 HyperBand 759 [Li et al., 2017b], it 2 A R N ik
IS gy e A

7.6.4.1 FRAZEMIEER

EHN RIS BT AR E (SRR S ECs T X
AT ARG E A R, AR A P45 8 — s 2 T E A 2R £ X
KBEAT Vit MR A BERUE, IRBES: SIS HLE 2 I h i “HRAE AR 1)

EREMS: (FREMBSREFS)
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RS A R F 1417,

HBESHA B S KGK
TR K TINARBEORE.

FILIT

ARy “MZR IR AL [

AP 2R AL % (neural architecture search, NAS) [Zoph and Le, 2017] &—
AN ELBCA R SRR T ), B I R 20k B B S £ SR T —
AFRZE I B SR AT A — NS I 7 A5 H ok iR . Ao ST i8R, #he
DR AN — M= 4 B R A — AT M2 28 IA . 12688 7T A —A4>
TEIAPRE 2RI R IR mT DU 32 4 52 2 KR8 i, H s 5 N
AL T I 2R AE T RS B HERR 2R

7.7 MLKIENL

PR 2 SRR R SR B R AL R, BIERE AR SS9 i 3 88 KU e/
IR B b 20 06 KU s MU AT B U AN — 2. i T M2 &
AEAIARH 5, ARV R R R AT DA B AR R AR, HEw 3o,
MBS E o Bk, e b 22 0 2% 132 A e 70 T B A 2 A3
B R R R .

1E M 4L (Regularization) J&— @it (R E AL, M St U5, 52
EZALRE I HTTE, IR TN O, e . SRR RAE.

TEAE RIS 2R, S @iz A Re J I )7 i 22 IR AL S R BT, Ll R
FH €1 A1 0y TENACEETT 200 TIAEDIZRIRJZANE 2N, Re il 2 72 i & A4 (Over-
Parameterized) B}, ¢4 Fl fo IEMIAGHRCRATAEAWRZ LA 7 BRI R 2
DRI R0 25 S BB B, AR A 2 e IR AL 7 v, PR icdis 3o 4
HE . B30 BRUESE.

7.7.1 0, F 0, IEM4K

Oy A 0o TENAL FENLAS 27 >0 e TR IE ML T i, 385 XSRS H) €4 F1 £,
T EOR B IME LI 8 5 S SIS

I 04 Fo TENAY, SRR AT LS
1 N
" = arg min - 7; L(y™, f(x™,0)) + A, (6), (7.59)

Horh L) MR REL N OSINGREASR, f() AR, 0 i3
0, RVEHOREL, p MBS R Y {1, 2 AR 04 F1 6, 82, A NIENL R %L,

7 LA D0 A 1 ARUSEE AR 7 T 7 2 SR AR AR AR DAL )

N
1
0" =argmin — > L(y™, f(x™,6)), 7.60
gmin ; (™, £( ) (7.60)
subject to £,(0) < 1. (7.61)
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KA T A RIS R T I m A i B 1

,,,,,,,

p=1

[ 7.9 RIFEEA R R IRAR LR, Tk FormM e, = 1, F A
BpO) g (RIS, X R EERR

ME AT EVE Y, 6 VRN A HOE 2 15 e i o T Ak Ard L, T A
B RENSHOmIIE IR . LA, 0 BT ST T, Bz ® T ORI

0(0) =) (/02 +e (7.62)

Hort e A ARFNREEL

— b A L AR 90 R 3R b R % E ) 4L (Elastic Net Regularization) [Zou
and Hastie, 2005], [FIFRSAIA €1 A1 o IEN 1L o

1N
0" = argemin N ; £(y(”), f(x™), 0)) + Ail1(0) + A2tz (0), (7.63)
Forbr Xy A Ay 73 A IE AL T 525

7.7.2 NWNERR

A E T (Weight Decay) & —7 24 1E ML T Bt [Hanson and Pratt,
1989], FERFXZEHENS, SIA— R AR

Or < (1 —w)bi—1 — gy, (7.64)

Horbg, NE MBI, o NFEAIER, w AINEZNRE, —BHELEVD,
ELAN 0.0005, FEFRHERIBEALRE LN B, B T2 00 I AL AT o TE A6 R 28R A
[l PEIUE, B SR — LIRS 2 STHEZE APl £y IE AR SEDL. (B, RN
HRMRATE (L Adam) A1, AU ZEJAT £ IEMEIFAZEA [Loshchilov
and Hutter, 2017].
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7.7.3 {RHIZLE

FRATZE AL Cearly stop) X T-I% 2 45 0 28 5 15 & —Fh 187 PR 08 14k 5
%o HTIREMEMZE G R IR, B HEE S AENGE G . £
SRR R BB AT A, FRATAT DT — N AN GREE S IR EAR SRS, R
NEIESE (validation set) , FHHIGUESE FRE R A2 A%, UEIESE
FRERREAE TR, e kg

RATF LT AL R

22327, SRIMAESEPR#RAE T, B0UESE BRI 2T A — 2 2 E 2.4 FrR i
PATHA, RATReR e E AR, Rk, $RATE AR A AR R AR
SKPRESS EHEAT UL [Prechelt, 1998].

7.7.4 EEHFE

LR MRZIE W, FATA] CIBEHLE FE— & oo (E & 5%
FOO R R Rk G A, X ERR N & F % (Dropout Method) [Sri-
vastava et al., 2014]. FERILEFE L FEPHZ TOEBENLI . SRS 52 R E —
ANE E BIMEZE po RRE— DM RZTTHE MR p KA E EAZRE . X T
LRy = f(Wx+b), BATTUSIAN—ANEFEE () #Fy = F(Wd(x) +Db).
EFREd(-) e SUN

mox YIZRH B
d(x) = (7.65)
px 20T Bt

Hrim € {0,1}4 &£ 744 (dropout mask) , IS LAER A p 1 DL%E 15041
BENLA e p AT LI I 30 E AR R AE L — AN R AR B . B3 p AT AN 0.5, X
X KR B R 28 AT 5547 LU 2. FEINZRIT,  Bul#2 o -T2 8 v ok
M p £ TIAENNRI, P Bl & ol vl LSO I, 3K 238 e oA Xt
WL A — B N TR A R, R 7 2 A e A T e
Fellp, WAHETIEARRME AL 7.

F7.1045 H T — A48 H dropout 7774 5 7 .

—RORPE, X TR LT, HEFRp = 0.5 AR ELF. Mp =05
W, RGN A LR E el R, RAFR L& o n] IBGER), B
MU T 2 S5 T B 2 A . X TAINE I Te, HE TR WOy
I 1HEG RN SRR WA ERZTTHT ZF, AT 455
PR RS, DLHOR IR i 2% 1) B R

EFF ORI R TCHAT RN E 5, (ER W] DLy R B 4 e [A]
[PRERHATRENLE 3 [Wan et al., 2013, B(R—Z#ATHENLE 5.
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SReR e

G
|
|

(a) PriEMIZE (b) Dropout 5 1] 4%

7.10 EFVERB

ERF SRR S REF, AT IR M2 PR 2 S T2 .
R AL n DML TC, WA EIEFTLCRFE 27 T4 . FRHKIER
WAL T NG DR T L, X7 WEHILE IR LRI S B4, &
LR [P 28 AT LI AR VR SR T F8 8 AR 8 O AL R

DIRTERE SRR 2530t vl DU RE Dy — Fb DLt 38727 2] (3 8L [Gal and Ghahra-
mani, 2016a]. fly = f(x,0) REREZJ MMM L, Unlee 3 2 Riks
Moo NBapLIFE, I HSER AN q0), DU AT

Eyo)ly] = | f(x.0)q(0)d0 (7.66)
o
ki mglf(x,&m), (7.67)

St (e, 00n) W m YOI B350 I, SO0, WAL Z R0 10—
VORFE

7.7.41 TEFMEME LHOEFE

LIRS 5500, ANBE BB AN I 20 ) BERAS 2R 4T BE AL
LF8, XFESMEIE ML AER A 4ERE FACtZRE D). — Bhfa] B0 7 v Xt AR
B 2L P i aZE 2 CHP AR RS) #EATBEHL 2 2% [Zaremba et al., 2014]. a0 7. 1157
A MBENFIRHBATHENLE S, AR B RS A G 1 E SR
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7
; n 4
1 1
1 1

Lo ] b | —] by |
1 1 1
1 1
1 1

Lx | L= |

711 AR IE R I Bk

SRR DU ST RERE, 20052 — P S 800 R EE . BUCREEIZ
R BRI ZIORFE A . BRIE, AR R 2% LAl 5 50, 75 20
SRR TR AT RENLE ST, IR T I ZI# 0 R R A £ Fr s . X
FhITERRON T %5+ (Variational Dropout) [Gal and Ghahramani, 2016b].
KI7.1245 1220 ZFRERRG], AR R 2o A A RV 25 R4 T

(5] [
A A A
1

1

1

T S v SO i 7
1 1 1
1 1

1 1

T N

K 7.12 B EFE

7.7.5 HIEEE

TR 7 P 8 ) 29— AN 5 K B I SRR A BeSRAS EU AR I AR, . 7R3
PFEARIEN T, wTLLEd #4E# 5% (Data Augmentation) SRIEINEHE =,
e SRR, Bl G . EAT, BRI 2 BN A BUREEE B, A
SCAGEH e SR A [ BRI A KT T

EIG B 1) 3 5 32 SR 08 AR MBI T 47, 9l NI s 55 7 R 3
AR Z R WSRO LM

o JiEH: (Rotation): K BRI &1 B8 I 417 7] BEALIE R — 52 B s
o H¥: (Flip): ¥ EURHYKF Bk By i BB S — 2 f

o 4l (Zoom In/Out): K EURBOKE S5/ — & LAl s

o “F#% (Shift): K EMEH/KFEE BT E PR —E K,

o JNMEFT (Noise): HIABEALEES
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7.7.6 REEE

TERHE IG5 R, FRATT AT AR BE AR AE i N B A LR P SR8 i $L o [RIAE, 3R
I AT LA REAR AR5l N — B BN . BN BE s, A — AR bR
BERMEERAREI, A B/ MR EREAR EIEUR R R B S . — Pk
0 IE AL DT 4R & F#% (Label Smoothing) , EIJZEH HIFR2E o s g 7= 5k
Tt A [Szegedy et al., 2016].

—MEA x (IFR%E— M onehot 7] 8RR
y= [Ou 70u]~707"' aO]T7

XFPRZE ] LEE & A2 B 47 (Hard Targets) o 153 H softmax 432528 H4#
A SRR R EL, S5/ MG SR R 2 AT IE A AN LB R R 2 7 AR AR AR R .
HRHE softmax BRI PE BT AT 0, A SR AR — SR M MR 3 e T- 1, AR
— AR TR R T SRR, WRE S SECIRE SRR, IS8t
WE. Mo, MERAGERZE IR, SSEEHEPSMENR. N1 EE
X O, FRATAT LGN — AR AR AT I, BRI DL e FEZR N
Hek. FEEMIREAR

- € € € €
y=1I 1"

K 1 K1 K1 K1

Horp K 258, XFFRE ] AEE 24k B AR (Soft Targets) o dns T w]
DAE G A7 (1 4 O 4005 B0RE H Ax b, I Hol s A2 H 7 2K

BT RIARZE I T ARG E K — 1M R MR <, WAHHER
R [BIRIAH G ME o — i B 4 (1) i 2 i R SR A S SR 3 HL B AR RS AN [R] ) Ak
o e R R A — N E IR (O 2 AP AR 120F M 2 (Teacher
Network) , FFAEFH R M2 1% AR 3K B AR AT U255 £ M % (Student Net-
work) o IX P 7 1EHFR N £ 17 45 Hk (Knowledge Distillation) [Hinton et al., 2015].

7.8 BILEFIRNIRNE

RIZPPE 2% AR IE WA 2 BIX S G — K R e —J7 AT AR
WA B — D R (BB R R, — AT XA
BRRA B AU, X ATRERA AL A0S DAL AE AL R 48— H A e 118 XU
/M.

AL LA 2 h, A — SR G i 38 ) LS Bh 3R TERE AL I R e )
SORPERZARE T 2 A 4R BIEL AT ()P4, Ho i Vapnik-Chervonenkis (VC) 4k
[Vapnik, 1998] 1 Rademacher & %4 [Bartlett and Mendelson, 2002]. {H 21X
LEFR IR TR R IR IE M 2 I 45 A S B B Bz A e 038, H AT, IREME

EREMS: (FREMBSREFS)

N
EE
&
]i:«
3
[

ERF AL RLFEL01F,

https://nndl.github.io/


https://nndl.github.io/

192 2019 £ 4 A 18 H D

W 2% (132 Ak e J13E BB AR I IO B SCRF . AEAR L3R ST b LU 20 ¢
B0y IENAAER B M2 A I LA IR, T — Lo i ik,  teinfei i
BEALER L N B AT (= 1k, AR

MRAEE T B, MM B RIRREE Tk, WNESE L, WEMA
PR = AL NS IR, IR DN i) 3 R J2 A A9 A5 R RE A 3o I R e w4
R LR A ¢ R HEAT @4 [Bengio et al., 2013]. Zhang et al. [2016] &I,
SRR JZ PR WY 2 1) 25 5 R 1A I A IRt AR OR I S i A U Rt v
— R, RIEZACRE TR

M JUEER, TR BE S ST M D R R AE — e AR L BB TR T — B 2 o 42 Y 4%
FAR AL AE AT 2R . SRR ST AR A e I vE R, (HAE S b ISR
TARGFIRACR, (AR FRATAT Lm0 . i 23 i I SR 28 I 28 AL, AN TR
TSI R 22 4 28 I (0 TINS5 AT 32 2 I 2548 BB B 7 i

il

«
gt

SR 7-1 AEWIESIEVER R A X (7.15) 1, A0, S2bR B REAH 2 TR — >

BAT RO R2 3 T2

SRR 7-2 £E Adam F3EA, SR EOUMBCE B 2218 15 A 2 (7.21) F1(7.22) 1)
A,

SRR T-3 ST A 3 — A BE BN TOB R A Y 4
SIRR 7-4 UEWIERRAERIBELRE L T, B SRR WA AT £ 1E AL 2L
FAFE. HoriX—S5 RSN AN Adam 5% B HRKIR AL

S 7-5 WA A REAEE IR I 28 v IR A B B BN &
FER?

S 7-6 AR I IR T %, g S SURHR PR 2

SE 3 Hk

Lei Jimmy Ba, Ryan Kiros, and Geof-  abs/1607.06450, 2016. URL http://arxiv.
frey E. Hinton. Layer normalization. CoRR, org/abs/1607.06450.
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— B+ BB

AR T LLE BE,  BT45 0 25 A3 W) 25 A RSB Ae 0 . (T
FEAHERE I RIBR B, AR SEBH R MBS BB AL RE T Rl R A A B R O
FESSIS, PR E A PO E A A5 B B2 TR, H AT AL
TS AE JIAR SR PR | e 22 X 2% A Jee AR o

N T URTHE A, @ 5 S AR A I 25 1 — L], FRATTEIN
TR ME & F ULODRBAERBI NG MR L5 . ARIZ LRI AT A
B GR Y 0) 5F  FE RN Rk B Sy Z R P, (R RBRATKRA BAEA “bfE”
WA SRR (FEREMSHD WSO T RIEE MR RIERE ). LU 3%
3 ARATS5 B, 5B RS =0 (background document) — % ELEHS, Gtk H
PRI 22 ) 28 KW H I o M R s, A IR gt ) S 1R Mk i e tH 1 e S &
I 15 S LR A RAESS T, R R gmbs — et 70 255 - E
B B — AN m SRR R SOARE SORAT A . (Ha2fE D B M55, dfd
I IR AN KN TE 7] B U BT AR B R A1) o 3K G i) ) ] B 2 0 J BT S5O0 I BT
BEEA, HIERAEAE DA AT 58 T EU0HE R [R5 ) .

MM ] DAFAE 1R B BN R % 5% (Network Capacity) » —f8
Rub, B — AL TORAF T B2 B AR 22 0 IR A5 i DL S I 28% 1) 55 20 2 ol
IEEE. IR EAA B Z FE R, WA EE S 2 5l W 28 SR,
T2 X 25 1 2 BN LB A

FRATTNIIOG £ A= 0 e 22 DX 2% (R REAFAE P 2 2 Ir) i, N oh B AR 12 KA
PR JURD B (R 8], RABL T OB 3R 4o 28 10 2% b (R REOIRAS o T A 4534 I 21 33 1
SR FURNAG BAER 2, EARRIE T ol BOEH &R SRR RE S (Hat
MR R, IR BB AR 2 R A T 7T AR S B M R Gt NIR(EA IR

) 32 32 AR AL 4 S AR AL ES D
—AREFLE, REiHE—
Al K g AL, kKA R
ALHEMTXHILFE.

ERFA GRS, E5IE
B B —AEEREIES
R,
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MBI T, JEARE RN AL B S R NS 2o KIAP L R G4 A ZEHL
7T DA DS B B A A 2 & A AL .

FATTRT LA 5 NIt e SR SR LA, AP T R B2 e A 2 X 45 AR B
BWReS. —rmEEs, @ LN RE R EEL SR e R T
KER: ST MR IINBIM SRR, 22 AL S5 R B
Z MRS B IR

8.1 FEN

FEHEBEIAIRENT, & (Attention Mechanism) &Rz R
R R A BT B AR IR B R, B E R IR RS B BT S .

8.1.1 INHHEZFhpEEH

TR — P NBAST Bk M R AN TR, 48 AT AR SR — 25 B
[N 220 o5 — Lo B FERE . AE R WA, RATEEUIE. Urat. filse
SEJ7 RO R KRG o (ER IR AT AR X A1 A5 B SR M iR fe A 2%
AZHTAR, SEROMNINAT DA s B X e K B A5 2 ik Fe il e
A S SR E G AL, JF R HAE S . XM Mz & . R
CAABLAE SN B AR (Wrot s AL5E PRHESE), ] DUABLE A BRI RGR (8%
[Efr DR

R AWM. —MER B NRARRKERI, *kyjjr?@ii
(focus) VERE ). REXT B RIBAETUE B KBUES ). E3A R
FETR-XMRIER T M E SRR RRERET, */\jﬂ%?m%
P (saliency-based) [JFEEJ7. J=T 5 M 10V S 712 AN RIBOR S R,
ANTEEE BT, &*ﬂfﬁ%%?% TR —N R BA R T EAE R,
— M EIRM “ W ” (winner-take-all) BGE [ 145 (gating) MLk v] LAE
/Eﬁﬁ%ﬁﬁ/\ﬁ?ﬁo T KRR R A BRI, Ko i N iE3h 48
TR ER T, anidiZ (B8, RSeEE S,

— A RIVE RV KB TR B 2 . S AFEND I 8 4 b
AR, A M TR . s ol LAY SR AR A, T
RS N E CREKEEA) . N, RATERBI 1 s o F82
s ke 1 (HHBIAT), hRD EEEE (LFEEED.

PR TARATE R — MR AT, 05 5 10 A R TR A RO 15 8.
PTOERAREA s Bt FRIAAR, RIS T AR ﬁé%%ﬁk
B NHRT, AT T T T R ARS8
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8.1.2 ATL#HEZMZHHEE N

2 P 22 I 28 SR AR BEOR 2 R A SIS AT DA 25 NI v A0 piL], R
RSO IS BN AT AL, R4S 2% (1 20% . 75 H RTI R0 Y
AR, AT LR B RKIC SR (max pooling). 1358 (gating) LRI I
FAFR T b T R S . Btz Ak, B BT B R
AR — B R Bk 7 2. PAB BB 55 i, 4508 — IR AR S
B, ARJE RS B N AT 1] o B ) e R AN B R i — PR AN ARG,
HEERATRE . AT IRMIE LS TR 7 E, T A S A Bk
1% RAL S SR AR 2 R AR B, T AN T5 BT S N AN A I 4%

MX =[x1, -, xy] R NMANEE, T HEHHEBE, AHER
AN ANMANE BB AT, AR B X ik £ — LN 5%
ARG BRGNS . RSN TR UL AP — R
MNME R LW EER AT, ZRAIRGEEE AR FA S B s

ABNST G- MAESHRPERREq, RIHEEILE 2 € [1,N]
KRERPEFERNRILE, Wz =i FREHTHEINMMANEER. NTIME
5L, AR —F “BE” 105 BN, ERUHEAESEqMX T, &
B NG SRR ;)
a; = p(z =X, q)
= softmax (s(xi, q))
exp (s(xi, q))
S exp <S(Xja q))

ot oy BRONEZE A 4 # (Attention Distribution) , s(x;, q) NEE 7 4r5FH %K,
AT RUME R BAR WA 7 R 5

; (8.1)

DA A s(xi,q) = v tanh(Wx; + Uq), (8.2)
R s(xi,q) = x; q, (8.3)

Y AT st ) = 22 (84)
U2 PR T s(x4,q) = x; Wq, (8.5)

HA W, U, v NI M S5, dONE BIYERE . PR E, IR A
BRI R IR TEA S, (H 2 R BV R A S AT DUSE 4 iR I R AR, A
SRR e (E 25 A5 S AYERE d EEBGmr, AR R AR08 A LR
T3 72, M3 softmax BREKIBHBE 23 LB/ o R, 48 2% AR W) AR Sl
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EENMFLTHRAZEN

A,

i q TOURDAE LR
B, WTURTE S 5.

A 5] A8 .4,
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%mﬁ¢ﬁﬁoﬂ%ﬁﬁﬁﬂ%%@%—ﬁﬁ%%ﬁﬂﬁﬁo@&&ﬁ@a¢
W =U"V, WA LIS N s(x;,q) = xFUVq = (Ux)"(Vaq), Bl
Xf x Fl q AT AR e 5 T B R . AR EE SRR, LR A R AE T SR AR BL RS
LR AN | iy S

IRARFEE IR 10T o AT UUBERREON RS EAR SR & g I, 5650 ME R A2
FUEMIFERE . BATLRA — 0 “Brt” BfE Bk Fplalxm A G S Tile,

att(X,q) Za Xi, (8.6)
= Ezwp(z\X,q) [X] (87)

AT (8.7) RN E & /) L) (Soft Attention Mechanism) o Kl8.1a25
AR B IR~

; // ®\
®‘:/@DZ:»\@D‘: & O O
P ; P T ot
al | ag 1 sy ! 1 1

[ softmax : ] softmax
& e 6 6
. : e ‘T
(a) HrmmE (b) B XA
Bl 8.1 vEE 1ML

8.1.3 EFENMNHIKIZTAR
BT A B IEABS, R IVUIEAFAE — AR R A
8.1.3.1 HMEMF=EH

AN DRBIMEE IR ERE ), HiEBNEEETAMNGEEEE
& N, bAh, IBF —MEE e R —AMr B LAE S, 1y
s 2% /) (Hard Attention)

BT A P A S LT 3
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(D — Pl m R AGE S, B
att (X, q) = x;, (8.8)

Hot MR KRS BT AR, B j = argTax oz

i=1
(2) 55— PR P 570 ] DB I A2 5 0 0 A SR B LR 77 sk B
BRI T B — A R SR B T B R BRBE LR A ) 7 ORI 45 B
AR 2 B0 K bR B S R TR 0 0 A Z TRV B EOG RANTT 2, DRI SV A A S )
PR SERAT I GR . N T SRR SRE, — el A M i i R A
EEN.

8.1.3.2 HEMIEN

B — e, AT LLHEEXS (key-value pair) *%ﬁﬂ%?%ﬁiﬁﬁ)\%%, H
R BRIFEE R I o 7 RRITER G

(K, V) =[(ki,v1), -, (kn, V)| R N MRANE R, S @EFHKH
i g I, FEREIRECN

att ((K, V), q) - XN: @ivi, (8.9)
B exp (s(ki, q))
L e (sthcjoa)) o

Horb s(ki, q) NATr R AL

8. 1b%h s X & IR sl . 24 K = VI, #EX S0 T
T E R P

8.1.3.3 %¥IFEN

% iz & /) (Multi-Head Attention) Z£FIHZMNEHQ = [q1, -+, qu] K
AT LR MRS BRI ANME B . ANER I RERAE BERAEE .

att((K, V), Q) - att((fg V)7q1) ® @ att((K, V), qM), (8.11)
Hrh o RRmEDHE.
8.1.3.4 ZEHMLIEIEN

FEMNRINE BRI AT S AR RE S, FahEE IR EmAE L
T, A —Fh AT (Hat) 54 . i Ham A5 B AR & HF & &k (hierarchical)
ghifey, LSRR Loy A A) T B R EEAERERZE R, AT

EREMS: (FREMBSREFS)

R EEN T RBLRNF
S kBTN

https://nndl.github.io/
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i 2 IR AR 03 7 0 Rk AT 5B 47 (4 B3 4% [Yang et al., 2016]. BtAh, JEATLL
RBEER ) B R SCHOGI 0000 A, — i BB SRy el B 2 24 R 4 A 7
1534 [Kim et al., 2017].

8.2 EENINFIRIAA
FERE D B — T LA b2 R e O AL

8.2.1 IRETM4LK

TER B 3 22 RS Bk, MRS B ORI E 2. R
JIWUEIRT B AR — R R AT o ZRARYE o RIF RN 21
IR FATTRT LU AR AL (58— 20, Rk i A — Ak
PERI4E 4 (pointer) K4 i AR5 B HIAZE .

F54F M % (Pointer Network) [Vinyals et al., 2015] & — #1751 2| /7 51 f 7,
$ﬁﬁ)\7\%ﬁ}§j“jnmﬁ%}_‘?§u)( = X1, 7Xn’§ﬁtﬂ%_F$i<r?ﬁuclm =C1,C2, " ,Cmy>
€ [1,n],Vi.

AI— R0 2 B2 P AT SS AN A, 3 B P AR NP B R br (&R 51D,
e N — LT BT, RO AN B R AU R A . bR
AN20,5,10, FiHiA~1,3,2,

m#@fip(q m|X1 n) TU\ ':Jjj

cl m|X17L Cl|clz 17X1n (812)

‘::13 H::]3

Q

(Ci|xc1 y T axci,lvxlzn)v (813)

=1

HA SRR pleilxes - Xy > Xaon) FTRAEIE 2 & 7 0 A R HSL. (RG] —
MERIFE LR Xy oo X,y X EATHIGFF B E Dy, T

p(cileriio1, X1:n) = softmax(s; ;), (8.14)
Horr s, j NEEMRSS AR S B0, AR R RRIE— i 010,
s;; = v tanh(Wx; + Uh,),Vj € [1,n], (8.15)

Hrbv, W, U N2 IS4
K8.245 th T 4RE LR

EREAMS: (FEMNESREFS) https://nndl.github.io/
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SR A

A SN -

Sy el

¥ vy

L e e e T e T e e e T
f f ! f ! f ! f
< 20 5 10 > 20 10

|

K 8.2 fHT 4%

8.2.2 HIF=EHtEHR

A AR R SR AL B — AN AR [ B PP I, BRATTE AT DU A S AR R
25 B AR IR X 2% HEAT G AR AT B — M R B At 10 B 51, i 8.3

[P [ [~ s [y
<D< I I I I

(a) BRI (b) XU EFR %

8.3 H T A 2 RGP M 2% F ALK PP 47 i Y

BT B AR R 25 17 51 G i 02 T DL O — MR R gty o, R
et RPN EISY ST ES = e R N RS = A el e R DN VA ST Y UES
Ao AERHTHE BALIG I A B DR R K R, B bt e T A P R K

R BRSO K BB AROC &R, AT U] LN R 59k —
T A R IR 2 1R 2 B, 38— AR X 2% SRR I B 88 5 R A T 55— b
TTESEAT AP P45 . AR I 25 e — e AR L ) St B B A O R
HRTIEA A KRN AFRPRAKEE, HERBE 1M A
(Ko XIS BATHAT AR FEE R PLBIOR “3ha8” A oA FIE R AORCE, Xt

N 3 . .
& BEE AR (Self-Attention Model) 55 7 A P

BRI X = [x1, -, xn] € RN HHFHIAH = [hy, - hy] € ntra-Attention) .

ERSEHE : (FREMNBSREFS) https://nndl.github.io/
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BN, 5 A8-3,

REXN - S 3RATT AT LI I 2 P AR A5 3] = 2H 1) 5 17 57«

Q=WoX € RE*N, (8.16)
K =WgX € RE*N, (8.17)
V =WyX € RN (8.18)

HebQ, K,V il &l &y s, s aEmEEmrs, Wo, W, Wy 70
AR A 2] B2 BOERE .

FIH A (8.9), FILAERIHH & h;,

h; = att((K, V), qi> (8.19)
N

= Z Qi Vj (820)
J;l

= Z softmax (s(k;, q;))v; (8.21)

Hrbi, g e [1, N oSt A A\ m 2P s A B, ERBUE o kR P 3

DR RAS ] 28 24 2 ARRAENTE AT 7r B, fa i SR U

T

H= Vsoftmax(l\(/dé?), (8.22)
Horb softmax S BEAT A — 1L I R KL

P8 445 Hh A HAB AN BV R BB B, b SRR T 2 2] AL
H, RAFRESESAEMKIBE. BT BER BB E RS R, BI
QY SE S S IEN SV

() A HEHR (b) HE R IR
B 8.4 AR AN 5 R
HE R AT LR 2 2 i) — 2R, BEWT BLRTR & G RUZ

G )Z [Vaswani et al., 2017], AT DARIEA]— 52 B H [Shen et al., 2018]
CEetn X mr DU B BB E R D) o« B R IR AU oy AR

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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q; Mk, FIAHSCHE, T2 TG R EE R . e R R, BEE
JIRERS — R TR N NAL B g iS5 B oR BEATZ 1E [Vaswani et al., 2017].

8.3 SMERICIZ

R T GRS, FRATTAT A NGB 2 Bn, B —2E B B
2, fETRER AT, XA T DA ROt B N g S . XSS BE
26— FR N o3R8 (External Memory) , PAX 7 S 15301 45 o 28 1) P 2R
e CRIERESD.

8.3.1 ARTHIIZIZ

TEAEDIRZE I 28 rh, ST 2 A AR BAE NI AR L] o KW ICAZ 2 J0 5 0]
FEIE I AR 2 X 25 SEE )« EARALER B RIS TCIE MRS (5 BDW B 2 AL R
PREE 2% (R TS LA AR T NG B A O . AR B2 SR IS B ARy — il 8
3L (collective effect) FEAETE KA L o 24 KM K2 J2 AN R R AL 40 A3 B, 3
SEA[RAT 9 R IUALT- B T4 095 02 FE i AS 2 452493 (1 i D) 47 B [Kohonen,
2012] o KM ZHZRHIEEAN 40 0h T ZR 5 77 — L8 S BUHAMT N IIE B At 2L, id
FCAE KNG {2 )2 72 3 A KA ), AN A T 5N 6 X 38 [Thompson, 1975].

NI BACAZ B AT TR S b A AR

WIZEE B AL A ENLRIEANIE R, HREIRAT O & KM LA &
AFEIX 25 Tid i LA B . N2 B —AMRE iz — i K 4
WL, KAAILIC (Long-Term Memory) , HFR AL iRic s 4R
(Knowledge) , RINHE T AIFERILA, HEF R LEE . il
(Short-Term Memory) RMAMETGHITES), BRI, 4ERF A8 L 2L
GrER . FEIHICIZ R AN AR R I R AL, @ AN WTIRE L SR A AT TR K
12 FIcZ. KICIZ ) shas EHEFERR g L (Evolution) i #%.

B, KHHCZAT AR T N T 2t th A E 28, i iz vl B
EKE T N T2 M2 b B RRRE .

B 7K Z B IHICZ, A S S e — A AT, MO TR
(Working Memory) o FEHATHEAAFIAT A (HLamid T HE S5, FARZHED i,
TARICZ AR — MG I AR AL B R e, HEFFIN (AL H 9 J LD B DA [H]
&, TAECIZAE— R ieAZ, (EATE CAZ 0 NI AS R s — e
SR IR AT BAE N R R B, AL IX B IZ i A s T
TARIRAZ R — DNRUE S AH IR “ 45887, AT LA I A7 B0 3 50 5540 5C 1) 2 3
AL ER R NAECTZ . TAEICIZ A& — RE LR, — AT LA 4 4
TiH .

EREMS: (FREMBSREFS)

ATETAY 2 A 25 1), KA
AT T A KL F I HAuag
FHERE, ;W T AL
Tt S8 P2 o

Fz b, AmITI B 269 %)
DH R FW SRR, L5
EEEGX T ik

https://nndl.github.io/
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VERNATRERIZREE, DA SN A A7 i th T DA% AN R] A6 J 39120 A R
I, A WAE. SME (ELInfifEss).

BERBIRIZ KIRCAZ M) — A 32 B f R i i 35 AR AT R 2 1 - 3% #2920 ( Associative
Memory) J&fi—F 2 JMIAEARN R ZE X RZBIGE ), g L— AR
B £ — AT JEAE AR 2T, BUC AR RIE S . BAEIZ AR —FhmT Do i A 2
HH A et s VCRCHITTIREAT FUERE BAERE DT 2, AR A T A F 589 A4 (Content-
AR AR #EA R,  Addressable Memory, CAM) . {EANILE, FARHHEHLRIAEfE 77 AR 4E Ho ik ok
ARFAT PN HECRRA AT, RIS E A 6% (Random Access Memory, RAM) .

’ ARG 4 LSTM {524 3 TAH L, AMERCIZ AT BLAE il B8 2 ()45 2
HFEHABEES 5, @SR 0RET M. T LSTM R th i)ic 2 5T
BE TEBAENTHENMIIRE, AR ZHER. B, LSTM Hijid
TR DRI T L A7 85, TANERICIZ AT BLSE L F T SEHL A (A7 % 25 -
WAF By B AL S5

4 N AR T, R CAERRZE I 2% b 5] N — SN2 B TG R AR v
HRE, SEACIZE BB EA WA AR AT, XAHCIZAT S
HLUAF 5 B A T iR USSR, FT A AN B ISR — R IRk
At Mg A Ty A Feysiade, XMidizr XRA B Y s
SRR -

B8 145 Y 7 A Al i L AL R R AN ™ B S L

WAz AL NI} FHIE X 2%
e 3 WA RN A W& G TTIEMD
14 WA TAEEIZ SR
K34 M K1z Qe
A% 77 3K BEHLS- 4t WA Tk WAETHE T

® 8.1 A[FEGUR AL AZAE R A ™K S5 EE

8.3.2 LEMLHSMERIZIZ

N TSGR W 2 A, — i BT B 0 U7 TR B NSRBI IE A2 B, K T
S5 FHR IR I IZ CRAFAECAZ T, 75 I PR dhAT B2 X M3 25 AR AZ I ph 22
P 28R N 3ede B 2% (Memory Network, MN) B{it/¢ 38 3247 22 M 24 (Memory
Augmented Neural Network, MANN) .

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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IR AR A8 5 s, — AT AR J LA BAL A

HMCI. M

BHRIE R HHfE W

x —>( L% (B C )—» y

8.5 CIZ M4 4t

1. EMZ C: W NEHR S (Controller) , M5 EAH, FEINFRIA
B (AN FRANAG B AR B 5D o 2% R [R] i e i 15 S A
B2 TN ST VAN o1 s N

2. HMTACAZ A TE M s ARBICIZ BT SRR B, — T LA MR Z el A
£ (Memory Segment) , X 61017 Fr B4 M — e IS5 M kit AT H 41 e
B M m) B oRER ARG IZ B s ] LA — A B my . v = [my, -+, my]
RFIR . XL R AL T LR RS W AREB SIS . K5 &
T AMRICIZ T, AR ELNSE FEMNERIZH,

3. SR R: fR4E 3 W4 AR R B R B g, ANAREICAZ BT TR S U B
fEEr = R(my.n,q9y)o

4. BB W HR4E P2 A B ) & g, FIEES ANIE S a R4
#HidZ my. y = W(my.n,qw,a).

XA SERICAZ R A bk, EIEREANCZ R BT DAtk 15 B
FIEN o EESEHLSRAAT Nt e R 2% (O HRARICIZ RE J7, L 5 2% P 2 FhE R 7
AT AL, PRJRHEAT SRS N R A 1A T IS A 2 & A Ak kit
A7 R MU AT USRI A B Sk s, BT SE —ANME T D
12 Be BRI, AR — AN — et k. B s R R i S 77 AT
LAN:

N

r= Z o;m; (8.23)
i=1

a; = softmax (s(mi, qr)), (8.24)

Hr g, R EME LR ERE, () AT 0RE. KT HENRF S
B TSR A R RRAR S TR R “FhE” R, ERInBCr

EREMS: (FREMBSREFS)

https://nndl.github.io/
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AR, XAHMITILE T
eI, BRA=C,

WL AEAR S TSR “ AR R, DIk, SRS Sz ot —Fp
BRARICAZ, R A DU S S IR 77 AOE AR A 32T LA IR R A

W FIASMRICAZ, TSRS S EBACIZ A R “ e, BIED
BN S EU ST T LUK I 2% 7 6. VE R BLHI AT BLE o — 1
#o, KERIAHE SRS,

8.3.3 HAIFYITIZMLE

SMERICAZ MACHZ S5 K 325 05 3QAE J5 T AT AT AR AR 2R . LA R
SR BT IR B A i B AL AL P 2% AP B R LA
8.3.3.1 ImEIHICIZLE

34 855701 M 2% (End-To-End Memory Network, MemN2N) [Sukhbaatar
et al., 2015] K — P AT Gt (U 28 4544, W] LA IR A EEIZ R R S B . #E 3
Fiid iz Mg, AMERICIZ B T R .

S —H T EAAENE R mey = {ma, - my}, BRSP4
HBLA = [ag,-- ,an] FIC = [c1,--- ,en]s P AMFAE AN SN ERICIZ BT,
Forbr A FRBEAT F0E, © RIREA TS

T RERGERN x AR, IFAEFITEE I HLER AN R AZ o i3 B R A5
Br,

N
r= Z softmax(a; q)c;, (8.25)
i=1
I At
y =fla+r), (8.26)

b f () TN R A I RAES I, f(-) W RABEOA softmax PR

SRRERAE N TSI R AR TS, BRATTAT DAAE 3 M RS AZ AT 2 HE R
Hoo FEH REAZE A, EMEZEARE LM S S e, PR
A i 7]

q(k:) — plk=1) 4 q(k—1)7 (8.27)
o q© JgRith A R, 1© = 0.
B kB AS TSR ITIZ ) A B O, 4 AN AZ B3 18

N
r® = 3" softmax((a™)Tq®)el?. (8.28)

i=1

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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FEKRAEE)E, Ay = f(@) + ) BTN . X2 56 72 HJ7 s AR
N % B (Multi-Hop) #4F . 2 BRERAF T 0S80 BORILZ MO8 1 R WL, E4e
A HPAMTIAIZ BT SR, iAW = ... = AW F1cW = ... = cK),

Ui B 1AL PN 2% SR T8 .6 T 7

mi:N
AW o@) A @) AB®c®
o r o r o r®
() )
@ ® ® ©-@-

Bl 8.6 iy 2| ui 1017 /N £

8.3.3.2 MZAERM

ER#H B XA (Turing Machine) J& & RTE 1936 45 H [ — Pl A AL,
A LU SRAEIAE ] AT 355 17 85 [ Turing, 1937). B RYLUA LT JLANLLEA

L SRR MR 4l B — DT R, BENTT R DA —

Sy 1

s
2. —MFFR: 4Ul B REH I T E 5 AR S, B8 —MRRI T BT,

3. —AMEE Sk fREAH ERATIRIOTRE, RRXCRT LA AL B R B ML
B, PR DA #ERR. SRR N A

4. —IREFAAA: FERRAF I RAL TR AR PR, Forb 5 NI Y
WA BIPREME IR

5. — BN : AR 2 ATAL &AL KRS LR T3 5 Sk s (5 ks B
5 RBE RS KT — 2R, SN —DBRIRE .

BRI SR I 8. 77, Herh il 8 AR S A7 % . 1m0 .

ERSEHE : (FREMNBSREFS) https://nndl.github.io/
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ARy

@ %

K 8.7 B RHLEEH 7

WMAERH A2 B XA (Neural Turing machine, NTM) [Graves et al., 2014]
F RPN A PR SN RICAZ . Sh3RTACE SUNFERE M € RPN, 31X
BN A2 BBcE, d 2 EAMCIZ R BUR RN 424 B 8 AN AT E
PR . 2 ER B I AMECIZ 2 AT LRI S ), A5 an 8.8 T .

Mty ry ——---
A A
| M, |
A A
ET
A A

1
—_—

1

1

1

1

1 2

%
&
"
o+
|
-
I
A
1
1
1
1
1

Kl 8.8 #ht & RALR B

FERAIZ t, S LA 205 x,, 2% by, A1k
— I ZIAMRACAZ P AU B vy, I AR Dy, RIS AR ONTE 5 AR AL
TCARI =R ElAEq, WERFEe, MEMEEa, . R)JEXH3RTIT
M AT GEAE, AR Ry, FEETHISNECIZ My o

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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IR N2 ¢, SRECIZI A RN My = [my 1, - - my ], BEEIE ISR
L2 M FERE R, € RY

Bl B IR TR T N A SR, /P
oy,; = softmax(s(my i, q;)) (8.29)
Horb g A¥EdlE AR AR A E, HRETER T NAEN S L. s, ) intEer
PERIFT 23 R TR0 A i AL P By SRR, FR 2 D00 auy =
1.

WWEVERE 1040 o, WTRLITE 3@ =2 (read vector) 1 /E N T — NI Z4%
il A ETN o

n
rp=) oymy;. (8.30)
=1

SHRAE SN2 10 B 3R AE T LA RS TR MIRR AR N

B, EHIEEAMIR @' (erase vector) e f13E &= (add vector) ay,
a3 R AR EAZ A B A5 B R A R

M) I P A e RV 7 70 o A SR A% LU B AR AR AN S Be IR e, 38648
VERR B 20 A R AT 2% Lu B Hb 25 B 12 BOIIN ag o

mt+171' = mt,i(l — ozmet) + Oétﬂ'at,VZ' S [1,’/7,] (831)
WIS B2 — N ZI ML My .
8.3.4 ETHEANNFMIKIRICIZ

SERIACH AMERICAZ T 2 02 2 AT AL BR M I JE K, KT AR D e
17508, XEAMEICIZ R S ik = AV R E . v T B i B A
RN, BT LS4 2 3) /) 5 (Neurodynamics) HJBEAEIC 2R 5] N 21
28 I 285 DU 0 Y 2 25 8 o

BEAITICAL A (Associative Memory Model) =5 B2 Il i #2845 (1 B 75
TEAR AT IR, A PF R 55 1 S N B =Ry A8 e [F] — 2% ], 31X
FhRE R B4 & B A8 e e AR AR (Auto-Associative Model) . H BEABFE AL AT DLIA
A2 X 28 B PRI 22 I 28 RSB, A HFRN A % % (Auto-Encoder)
s 2) Fa BB A Y R AN E [F] — 2 [B], IR MBS 2R ] 4 - B A8 ST e R Y
(Hetero-Associative Model)o M7 X Fi, KER 5 R0 1] #ER o] LABAE 2
FEIRAE, DR S R AR A AL W] DU S 4 R AT A

PRARCAZ B Y v] U o — PGP e I 2%, BE TP 8)) ) 7 R SE A% N
HF UG BAFAR R . — SR PBARICIZ AR Hopfield 45 .

EREMS: (FREMBSREFS)

AP B AP LRI T
P E TSR RN W
XEHMAABIE R L
AFREFUF X, EAE

RAE,

AP 25 71 WA 2 W %Ak
AHAEKEF ) R, FRE
[ B ) 3 Ak G LA A R AR R
P A,

https://nndl.github.io/
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X 2 RA R AL H % Hop-
field @ %, A2 LHKREH
+1, -1\, Rz, &
A # % Hopfield M %, BpA¢
ZARE A ELAE,

8.3.4.1 Hopfield M

A A 2 T A ER )R 22 X 28 0 R AR D — FRATL A 5 20 A ) i N - L A
PR, HSH o) T R B B R BT R R M R i A B TR NELAR
OIS, PR 2R T AR — FaAZ A IR AR

Hopfield ¥ % (Hopfield Network) & —Fh{EI A& 4R, H—24HA0H
R T . Hopfield W25 1 0] LL A BT A # & o #lAH BLE A 7
JEMPE M2 . A TTRE R AT, ORI, AR ATt —
AFRE U B B EA RGHE, A EE G2 B ERRE SRR

8.9 H 7 Hopfield M 2% Ft) 45 44 7~ 451

I 3
¥
W,

Y

fofe

Y

___T___
r———|t 1
ul

¢
\

Y

8.9 TYANTY A Hopfield M 4%

¥ —> Hopfield 28 m MZTT, i DMRRZ 0 i) R

5 = +1 if Z:;n:l Wij5 S5 + bi Z 0, (832)
—1 otherwise,
Horwg; NPT M j Z (R, b, NimE .
(8.33)

wij = ’LUji VZ,] S [1, m]

Hopfield M5 (K] S8 AT LAy 9 3¢ AUR) & AR5 2o & R A2 45 O 8
—METT. FATTHI RN AT G2 BENLER SR E M. R RATRAR K

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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SEWTE A TC, 7 — DN BRIEAT R S e ZI M A RS s, =
[st,la St,2, ast,m]T’ TN A

st = f(Wsi_1 +b), (8.34)

/E\:EP so=x, W= [wij]me %ﬁ‘%jﬂﬁ, b = [bi]mxl y‘ﬂﬁﬁ[ﬁ]%, f() 7‘]3'5
AL ER PR

BERERH 7E Hopfield Mg b, FATLG RN AR I EZORE E X —MrE &1k,
B .
1
F = 75 Zwijsisj — szsl (835)
7 i
1 T T
=38 Ws—Db"s. (8.36)

Hopfield M52 a1, BlREE R EA L 2 RER G AR SCIRE . BUEXS
R —ANEBERHE, FONERIE T RS & R AU 2 oIS N s gk, 1 AN
FRIOAE 7] 58 5 BUR AP R 37 5 TR EL

AN EIN, ML, SIAREANFR RS .. RERRERE
M oNR 518 (Attractor) o —7 Hopfield WZ&d, #H A 2 5] &, A
5l A —ANREE I R A .

I8.1045 i T Hopfield M 2% 1 fig & bR A, 2128 W45 Bk sk 7 ),
LG R

P 8.10 Hopfield 2% [ fE & bR 5L

BX#8181Z Hopfield MESAFIER BRIV 51 & (Attractor) , HVRE & BB R
N BRG] Fa BB R AN CEEEY X Ry, WK ) B x AN IXAN X
o, MRS REE u. B, Wn] ST DUEAE 2 M AR S B # M
AN x ENEIEIRA, BEN S BRG] i u BRI R e & i . BT
BN E x ZH G BECE WA, WAL T X RAEME B “ms” X

EREMS: (FREMBSREFS)

it & & # F &£ Hopfield R
% &9 Lyapunov & (. Lya-
punov & ¥ Z &K F
o P ARIE R AR T A K5
K

https://nndl.github.io/
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W, B ABEE I A4, X 2% B 28 WS FE R BRI 5. (AL, Hopfield
R TAA TR, RAEBREILIZEE.

SR ERAMEIRE AR X, xn AAHEERSE R EERE . 7t
P2 B A0 L 8] (R EERA L, PRI AT DL 08 —Fhy: 21 12 . Hopfield
PZ& 1) 22 ST A AR 22 e — i f] B0 22 20 5 X0 R0 0 M 22 [ 0
AL

N
]- n n
Wij = w7 sz( ):c; ), (8.37)

o 2™ R 0 AR | ERFAE . R, B RN B R D P
RERZ, T, BROK o SX e SRR N1 8 0 2% 1) 2 2] 5 a0 Al FEN
PR 22 RN 2% rh B SR AN T2 RIS, e AT TR R st R
S ANFEE, WHEBHE K. X R 77 RN Hebbian &0 .

BEARE X TEACICEEEER UL, 76875 5 R0 n] SEHA7 A AR 2 A% XK
BORHCE . W THE N m A ISR AN, HEREE 2™, Hd
A DR R ke e SRS B 2 AP R 5. B i — 5 W 48 45 K Al
21770 K. Hopfield e KL 52 0.14m, BIRZZZHNAEREN0.6m,
ERHS I RCR AR, T ZAEH K R OB B AR . i ol
% 3] 535, Hopfield M4 [ i K28 & 7] LA S| O(m) . WR RVFEBY (M08 KD
ER, M= AMEERE R R, HEREAE AR KERENO(mE). Plate
[1995] BINE RIS H, HARUbERE TG SEE. Bk Bk, s sl g g5
A ARUKBINER R (g, & FERE), BRI 75 &
AT DA 3080

8.3.4.2 (EFRABIEICIZIEMMNEZEE

RESR IR ARSI B A AE A RRT R T Re,  FRATT AT DU F IR AR I AZ ke 184 Y 2 725
o MEHARISMBICIZARL, BAEICIZ B A B4 AR 1% . Danihelka
et al. [2016] ¥ — MEAICAZ RV E N EAE 5] N LSTM P v, T FEAS 51 A
SASEUE LI BN 258 . Ba et al. [2016] BFJH AL R0 2% o () 3040 3 3%
BCEAE R RIAICAZ, FEE I —ANPAEC I A AT T, 1 AR s I 2 e o 7E
ERE AL, BRARCAZ R AR A BRI B LA, SR e a2 1
R . BARICIZA M 13 50T LU A Hebbian 7 SR %2 >), AT AR N EAN R
KB — I KRBT 2T
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8.4 REEFIRNIAIZE

R URE —F CA2RE ) 2 NEME RS R K G BALEALH] . B
WARLREAREE R G I A 22— IR VEHI AL ER BTG #252 B AL A B

RIS AR THE A R H . FERZ 2% 1, Mnih et al. [2014] £
TEAPP L R AT A 1 LR 3E4T 15 73 2K . Bahdanau et al. [2014]
15 FE R LA EN LSS BT 55 R BB RO 55 [ 32847 . Xu et al. [2015] F)
R R IHURREAT B R AR . B R, ST S 2B R BIR
PRREAE G BIBRERAR . SCAIR 2K DLAsRH RS 2 ME S5 LIS TIRIFIIRCR,
AAFEARBRGAT . TR AP — AN EENHEZ A EE . BERIATUEN
PRE L A ) — JZRAE, A ROt AR BE B O R & [Vaswani et al., 2017].

I GINSBICNL, PHE WAL — @ FEFE b AT DA P ASE 20 25 68 o] il o AR IC
1R G w22 - R AL [Graves et al., 2014] 3 F5t 1042 M 2% [Sukhbaatar
et al., 2015]. 1A ILIZ M4 [Kumar et al., 2016] 55 . X 5] AAMHCIZ AL
AT IE 5% M % (Memory-Enhanced Networks) « H4bh, T #1455 1752 1Bk
REAHZ BT DUy —FPAMIACZ, I B AT S AF AR iR . Hopfield [1984]
K e B R A A SIN BUIAPZE 2R A o, BEH T Hopfield R4 . Hopfield F %%
FETRAT 7 ) R _E3RAG I feip 45 R, 51223, Danihelka et al. [2016] #§—/>
AR B 51 N LSTM W28, iy WEEAS 51 NSNS HU ) O T 15
IS5 . Ba et al. [2016] K& IR0 20 X 4w (1350 73 S B AR A 212,
FFi I — AMNPAECAZ AL BT HOR, TR s PERE . H AT A& 25
FIANERIC IR G Kt LU (T B, 5 A PR R R BT TR, 1R A 2K
FIACIZAE R, 48 5 &

>J &R
SIRE 8-1 pHr LSTM AR, [l /Z M2 e 5SS HR 2 M K A& .
SIRE 8-2 3 M i i AR AT LLZZ fi# softmanx BRI EUR EETH 2% A B A o

S 8-3 MM AER B N — MMZ R, e MERZE LK
IR AL R AR P B O R IR AN T S R 28 BT T 22 572

)i 8-4 EW] Hopfield [ 2% (4 ¢ 52 R 50 IR 1) 56 3 126 ik
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A5 A =L AR 22
F95E IKEB=

KA KA 104 AR ik, RAVR R E KL 1074 PTA&RAM
HILHRER S5, XBRTRMNLA#ITRELLEEF]
R E, BRI (LIEAKRET) KA T ARG EA
10° 49 R4y —i& 2,

— Geoffrey Hinton, 2014 AMA on Reddit

LY HE S35 (Unsupervised Learning) 218 MICHREEHIBE A 22 5] — 8k
HHMEENA. TS REE - REENEEERE =], AMEB TR L
PR EE RIS IR RE R R B 52 o) R N - s (R] ) B OG

o, JCE s STt R R DR B TR AT MBS S, B R . S

LRI LA R P AT
ST P T B 5 3 i FBURT DAy 9 BAR LK

TIEBAFIESES) LB BE445 5] (Unsupervised Feature Learning) & Mok
ZE VNSRBI R 298G A A AR B R . T B RHAIE & 2 — A SR AT
Bt . B m AR A i 2 =) i 0 B Ak 3

ZEMI F AT (Density Estimation) &R —H I GFEA RN THEEA T
() RIME 2R3 B . 5 FEAS T AT LA A AR B A FIE AR E B . A&
BF BAE T R AR R A TR % RO A oA (b
WrorAn), SREHRAE NG LIRS R REI S 5308 £ 4%
R IR FEA C oA, RF IR AT 2 AT Ad v, 7]
DAHEATAR IR S BE Bt v o ARS8 BEAG TR0 BT B R B Al
T

BE R £ (Clustering) ¥4 —HFEAMME — & N R 73 BIA R KA (HFR
%2 (Cluster) Do —ANEUECIE F v N2 20 P ORE AR B ARAVE 25 T
Y IRIREA AR o 3 L) SRR B 48 K-Means Bk WE KRS,

% F 49 £ X 4% £ L [Hinton
et al., 1999]

HIEF ) b 0ok 5o b H
3] H ok, tede &M A 5 5
M.
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RS —h, BB SIE R a G SRR, B0, 20
A . MBI NN 2, LR A AR, D B AR,
OE TN B AFAE ST o, 2636 G PR AV A B M AR, D22 R
HEAT— SO, OB, RSO SRARRE . TOERIE A, BRI
BB RIEAT33)

ATA BTROTE N ) T B S A A

9.1 FTHEFHEFS]

T M B E 3 1 A2 A TRV I 5t o 130 5 S 4 A0 SR 2, T
5 0 4 L5 1 AR B A B AT Ol . S BRI 2 51 £
BATE A T RIS, .

9.1.1 EWHHH

E A5 (Principal Component Analysis, PCA) — Pl F O£ B
YET798, ARG R 07 () v Bl 1 7 ZE oK . B9 1R O I 4E s, dn
RR X L HHE AR B — e Ay, B T Z BRI TT M T BOY, AR
KEHRZ 2, REEZHRGEIREE .

K 9.1 F s dr

BRAE —HdgEIREAx™ e RY 1 <n < N, BAIGEEILH 42
[, BEmER we R AR, RIS wiIBA L Bw'w = 1.
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FAFEAR R x B 2 SRR N
W = wTx (™), (9.1)

BATHARE X =[x, x@ - xMN RRMAREAR, =L N xR
FEARRIH O, IrEEAREIEN T ERN

N
o(X;w) = % Z(WTX(n) —w'x)? (9.2)
n=1
= %(WTX —wWIX)(WTX —wTX)T (9.3)
=w'Sw, (9.4)

Hh X = x17 R d A x HEWERE, S = (X — X)(X — X)T ZJEIEFEAR B
T3 ZEHRE
BRI TT 2 o (X w) 2 wiw = 1, FIFHHAS B H 72838 2
A
maxw'Sw + A1 —w'w), (9.5)
Hp A ARk B H . X EAKR SIS FEEET 0, TG
Sw = Aw. (9.6)
M ERATE, woid by 2R R S AFIE A &, A RFIE(E. (A
o(X;w) =w'Sw=w"w = A (9.7)
AR AR T 22 BRI, 2003 20 M7 T DU 4 B — A RE AR A (B 70
)R, $es 1) B w AR RE S B SR KRR 2 (1 ARk 7] 52

MR BB SR W € RO M REAR IR @' 475 0], BEGHEREIG 2 W W =
I, R EHR S R L E M KBNS, RE AT @ MR, O R L ]
B B R A A AR

SW =W diag(A), (9.8)

HAA =\, A ] A SIHET d DN ECRRHEE .

F R R — PGB 2 21 T, W DA e o) I B AL R TV
FH oK 2 B 75 Dk A R AIE 2 AT AR G 1, (EUR B AN R AR UE 3852 J5 200 1 25 1)
A VETEGE . SRR AT AR T O IR B A S U7, FE I & R R A
(Linear Discriminant Analysis, LDA) .

EREMS: (FREMBSREFS)
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9.1.2 HismiL

AL (Sparse Coding) /& —Fh 2 AL WAL RS0+ & % tm fe K <2

BT )5 R IR . TR LA A0 BALSE K (primary visual cortex) HT,

ANPREE TR AL T~ I8 52 BT R S RS S Hh e 2, BE R 5 T ) IR 2%

ROUEERHIE . JR b ia sz B T ARG Rt o HAT 2 R R e 7 et Anr e (R

3 % (bandpass filter) AR RE R 23 (R G5 A (P BU %D [Olshausen et al., 1996]. a2, #hFHE R

REEEEAREL R e LS DE N TTEEE, RIANRRIBME R A R A RN B
s, AeAiktems  IREEAERE . WiIRBEVEE — e LG Y PR T FER .

Wik k.
R b, (KR RwidRIESE—HEAQE A = [ay, - ,a,), KRN
Ax € REFIR X LI fm) B &M &

P

x = Z ziay (9.9)
i=1

= Az, (9.10)

HAp R R B Rz = (21, , 2| RABIAFEA x K% (encoding) , F[A]
= AW FE (dictionary)

Gt T d 4E 7 1A IR REAS x $R B HLAE p 4E A p ) FoR (Bdi), HLH
PRI AR G %N e AR G AL ), R BT DLE A A AFEA . gt
KPR E—H “e” AT A, R ESRS . HiEERD oIE
B\ i R ), BA B

e/ NFR | et \

B p /B 6 B T LA S p A ROKER A 08, 3K p A B e
SEAHY. W p MEFTE AT LA A RORRIRE, FEHp > d WK p
AR R TE AN, TR, (&)

UL TR 1] B AR R PR B 1 AN MO T S 4
B o ML i — R AR B IS, ER S AR

NTREME g, FAIFHEZRD —H “BEs” fmERE (Hp>d
HKIEAT R . AL 5E K EE B MR 2 AR SIURYE, B T — A
A, SRS AR HS. RN R BR ], i mT DA g 2 8] ) oK
Ny AFE] CHME—T [URENED -

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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gl N Mg ExD - x W, RS B Rk e SN

N 2
L(A, Z) :7; <Hx< )~ Az | 4 p(a >)>, (9.11)

Htp(-) DRGSR R S, o2 NS ORISR K55 .

XAz e RP, HMBMEE COVAEFTcR MG R —AmE N
AR IERICER, U E R MBI Mg R R p(z) &40
E‘Z—‘/\*E“i ﬁc Z@%E}lh’ p( )i@lj\o

M PR B PR A 2 AR, S BRI A 2 AR A R R £ YK

:i?W”>W (9.12)
{H 0o EEANH RIELL T T, U7 . TESBRrh, g M i ok Hom
HASF 0 Y05
ma=§ym (9.13)
NGRS
p(z) = zleog(l + 22) (9.14)
i=1
a5 25 o 4
p(z) = y —exp(—27). (9.15)

9.1.2.1 &%

s — LN AR D), x(V), GBI 2 51 9 ) A LR

NFEASK B A B i 2D, - - 2V,
i B U S R — R 22 B AR T VA BEAT
1) [l e B i A, SR x ), TR R B g i

2
min ||x(™ — Az™| —

x(n)

np(z™), ¥n € [1,N]. (9.16)

2) e LRIz, 20, TR R R

N
; (n) _ p,(n)
mf‘{n; (Hx Az

Horh S5 Z WU IR T, A D IE AL TR £

2 1
) +)\§|\A||27 (9.17)

EREMS: (FREMBSREFS)

F2 A W9 %) A B EL AR
PAFE, At R —ANEmE
PR HIUAE R TR T
#, AeAFABELTO, &
MEARZAm &AW H @ E,
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15K (x) = xo

9.1.2.2 HERBRILITS

B B 1) 5k — YT LR AR — R AE . AR T MRS X R T
FHLE, FHBR g 65 BAT /N T SR AT SE 4 (0 TR S

TEE M Vs R O At T DU OR b A T A

AREREE BRI ES RAA DB AR R TR, A TR MRS D
HUUMRARFAE . IZXAE A TAT DUSE Sttt iR HORR I, O 55 T2

FHIEEEE Mok ws R ) 53 A — N A AT CASKBURFAE 1) B ik, kAT
S ANFEAANSR B e AR, AT AT DA SE S AR AR, BRI 7 I it it
ME-

9.1.3 HYRfLzs

B %45 % (Auto-Encoder, AE) Ailid Jo B 10y 2ok 22 > — B EdR 1A
Hemty (EFER).

BRA—HdBERFEAXx™ e RY 1 <n < N, 8% 355X 4 50 bt )
FHIEZS AR B M REAI IS 2 € RP,1 < n < N, JFHAEIXHGRIGA LA
F A R IOFEAS

EREIEE B ARSI

I % (encoder)
f:R? = RP, (9.18)
FfE#L %% (decoder)

g:RP — RY (9.19)

H i3 122 > B s e /MU EM4EE (reconstruction errors)

N
L= [x™ —g(f(x")))? (9.20)
n];1
=3 xM = fog(x™)*. (9.21)
n=1

U SRR 23 (W] RO 4R SE p /N T JEIR A (B O 4R d, E i s i 25 T2 — b B 4
BAFIERN U . R p > d, — @R S| —H B AR f o g A
# (Identity Function) , JFEf3EMERN0. i, XFEMMIFBCHRZH
B o AHRAR TN b — SN LR, ST DA R — 25 R SR, g

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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MR e BUEYEE, f A g AT 0EE . a3 ik g i X BEEL & AN TH]

HUE (B < N), B2 EHiSassin] SN —A kKA R £ (Clustering) @

B fR] LI [ 20 B2 0 9. 27 (KT JE A e R 2% o i N2 81 B2 FH R G
f, FEGelZ B4 12 RS, 252 2 8 A 4.

G L) 4 fifetish 2%

P 9.2 PJZ P28 S5 R4 Y E i 2%

SFREAR x, AR A i
z=s(WWx +pM), (9.22)
Bt R A T B8R
x' = s(W®Pz + b)), (9.23)

Horb W, b N S s () MBS R A WA W LT WO g, B w ) =
WO, BN E (tied weights) .

—HHPEA XM € [0,1]9,1 <n < N, HEHEEN

L= ZHX

Horp \ONIENAE TR B, E /MU ERAT R, 7T LA RO 2 ] 2 24

PAVE B ghd a2 08 7R R MR RS, DI NZREE s, Al
—E A, R ORE A . g a A% th T DA ELIRAT R LA ST
ALY UL TN

9.1.4 WHIRBE%MmIEes

H bR bR 1 AT LA SUIRGEG A 2 Ah, W52 3] 4R AR R g i o A e v 1)
Pz 2 IOYEREN p K TRIAREAR x M4ERZ d, Jfikz REMBE, XulEHR a

X )2+ AW (9.24)
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%25 % (Sparse Auto-Encoder) o FIMEigmAS—4E, Wbt H b2t ief
RE TR, JERIN T T B R E IR £ .

25 B i 2% h FERUZ T8 2 I AR R IR, B S T DL 3] B
farp— %ﬁﬁﬁﬁ’]?ﬁ’ﬂo

L= ZIIX(”) x|+ np(z™)) + X|WP?, (9.25)

Horbp() MR PEEE R R, W RS A S T RS .

Wi itk B B RR B p(-) B T T LA 3K (9.13)~(9.15) BI5E LAk, B A BLE
SO —HANGRFEAS T — NP2 TR KR

2 N AIGRFEA, B 56 j Mo T EiE ey

pj = sz , (9.26)

pj AT LA A B A A2 28 5 MR TCUE IMER . FRATTA %i&?—’n‘%f‘aéﬁ
SEME p*, Hbln0.05, W] LUES KL §E Bk E p; M1 p* 1 E 5,

)| A * * 1—p*
KL(p*[13) = " log = + (1 - p )log T—2-. (9.27)
Py Pj
Wk py = p*s WKL(p*||p;) =0
B P P R SN
P
p(z™) Z (0*115)- (9.28)

9.1.5 HEBHHLS

KR Z Edm Kl AUAE FH P ZE 0028 0 25 1 H i 8 i A 2 OREL—Fhif
MR IR . N T RBUE I (8RR R, AT DUE A SR 2 e 4 o IR
JAPRZE 28 AE N B gt S8 R U B R — e S nHh 4, REE SE At A 2 3
G HE E R RS &AM IR Z R T FOR IS — MR Z 1 E i
2%, BN B B % % (Stacked Auto-Encoder, SAE) . #E& H 2w — M mT LA
KH & EDN % (ayer-wise training) K2 > M4 S4 [Bengio et al., 2007].

9.1.6 PEIEEmLES

FAMEH B gmis 2828 11338 B =R, A 8 2R 1T A
A /N AR BB T 2 Ah, AL AT AER LB A e T, tedn
XFECHE3R B3R (partial destruction) (&M, mgEdE (LhnEg) —&
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HRA—EHMERICAR,  anBRATRT URSE — 5k i 70 B (1 B (RB AR HE L 5
WA . R, FRATIA B2 1 2 ) &5t BE 06 B 20 40 A RO et P 45 21 A R Bodle 35
s JFREMEIR A M S BRI R UG B .

M 8 %% (Denoising Autoencoder) A2 —Filid 5] N K38 I dm
TR I H 4aid 2% [Vincent et al., 2008]. X F— A& x, FATE LRI —
ANEEH 1 BENLRE x B — S FEME IR E R 0, 38— MR E x. REH
AR 7] B % AN GS E it 15 2190 z,  JFEA R B LA x.

K19.3%5 1 T H i as AN FEg B b SR HORTEE, b fo NSt e, gor AR
s, L(x,x") NHEMHRR.

X x’ X x’
L(x,x') L(x,x)
(a) EGHiL (b) WM 1 gl

K 9.3 HYmhd 28 AR H gn it 2%

PG 1 5 S SR 41 B, I I\ 5T 58 R O BB D,
TR B HIZ LAY
9.2 MMERB|EMI

HEF 5 B Ak (Probabilistic Density Estimation) , fj#5 % & 4%+ (Density
Estimation) , J&d&T —SePMAEAR Al T — AN FEL A B MR T LR . &
FEAGTHER R B ML IR ) .

AT E T LA NS SRS AT FHES BUE AR 1T
9.2.1 BHZFREMHIT

B E B AEH (Parametric Density Estimation) #2345 5656 F0 R R BEBEHL
RN AR, SRS GEEARAS T A IS4

4D = {xM N S FEAREN A ARSI N AR, B

EREMS: (FREMBSREFS)

IR A p —fx AR 3T 0.5,
AT AR R A0 8 g7 ik R AR
HAE, i ABIRE,
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BEREA SN — MR A0 iR B p(x]0), T ELIR B ECH

logp(D|0) = Z log p(x (n) |60). (9.29)

n=1

BATEAG T — DS H oML AT

N
oML = arg maxz log p(x™|6). (9.30)
o

n=1
RS Rt T 17 R A B fRLA )L
9.2.1.1 EZBHNH
BBHEA x € RY AR MIEZ 2> A1
1 1 T—
Nl %) = Gz o (= 30— w)™ - ) (931

Forb p A0S 2 NS AT IEAN T 22 FEXHEUUSR B H0

logp(D|p, X)) = —g log( (2m) |E|) %Z (x—p). (9.32)

0l KT p, S HR T EL IS HET 0. IS,

N
1
pML = v > x, (9.33)
n=1
N
SME = LN (e ) (x— o) (9.34)
=N I p)*. .
n=1

9.2.1.2 ZIiH%Hh
TBBEREARA K ARSI T4, 4 onehot [l x € [0, 115 KR k
ARA, Bl =1, HAR w0 = 0. FEA x IS H S BECH
p(x|p) = Hu (9.35)

Foob p, 5 b ASRA MR, FEBE S e = 1

% — (xR AL B O
B SR A R HHRAE D = {x(W 1L, RIXT R s N

N K
logp(Dlp) = > 3z log (). (9.36)

n=1k=1
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Z I AT I S HAG T O L R AL . 5INBAR W H 31 X, i ] R
BONTLTRACA ]

N K K
max Z > log(m) + A( Y m—1). (9.37)

n=1k=1 k=1

) BT e, NS IR AR T 0. ATAS,
ugm:% 1<k<K (9.38)

Horbimy, = SN o™ Kl AU 5 kAR R AR R
FESEBRM I, S0 LAt v — A AE LR ) 7

(1) AERLEFE R R B o)k 33 0000 20 A0 10 3 L R B SR Bl (9 0 A 4
TEAREART A0, AN ] B 1) IR 25 20 A 828 T3 o

(2) ANFTULINAL i L Eﬂ&ﬂ]ﬂﬂﬂﬁ)lléﬁﬁ’ﬂ‘izﬁ ERiFEPUMIES 8
A — LR S A AR R TR Y %ﬁ?ﬁﬂ]fﬁ%ﬁ/ﬁﬁﬁﬁﬁ%ﬁ&ﬁ’]ﬁ%
At o

(3) YEE s AE I B e 45t i S Hfli vk 20 IRXE . BESE 4EBEI3E N, Al
T2 Eh F R A SRR A . EREAA SN2 L A

9.2.2 IFEBHZEMLIT

AE A %% B 453t (Nonparametric Density Estimation) &AM BEEHE R
FERh A, LR A AS 7 AN 3 AN (5] AR DX A T A DX R A ok A Bl B
T PN 22 85 2 pR B

ot - 42 D e g — B B, (BB TR — SR 0500 (), T x 76
NN R

2

P:/Rp(x)dx. (9.39)

YE N MNGREARD = {x(W PN R IR A SR K R 3505 #ii

Pg = (g) PE(1 - P)IK, (9.40)

H K/N B AEK/N] = P, 7R var(K/N) = P(1—P)/N. %N 4k
ORI, AT LR LA

(9.41)

~
2
2| =

EREMS: (FREMBSREFS)

AP B RT HFTT,

[ NV S R
e A — A E &1 EM £
*, ARLH11.4.21%,
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BRRKER R0, R s AR, U
P~ p(x)V, (9.42)

K v X R M. 4 ERmAAX, 153

K

~ NV (9.43)

p(x)

R A (9.43), ZHEFHfL T p(x) FEREMFHEATE N 2%, X

BRIV R AT REM N o (HAERARR b, FEARSCE — O A IR, /NI X

L FHIENZX B LD, XTSRS TR A KRR . Bk, sk

B LS B A TEE AP RO R (D FEEXIERN Y, SiE AR

DI e, X PP A BT BB AL R Rl . (20 SO IX IO/ DU
BENGA IRIREARSCE N K, %R 7 N0 K48 777

9.2.2.1 HAFEFGZX

B 7% B 7k (Histogram Method) & —FfER B S THESAR 5% L K
Histogram 7 & 4 # 3 his- BH771%, AR A — MR E .
tos (%) A= gramma (4% PL—4EREALAR S 9], B ek HUE G 7 e M ANESE . AN E S X [H]
ji; ﬂ‘f?:ff* B (bin), BAMKEIBEEA Ay. B8 N MIGREAD = (2N, BAIGT
KT 1 R e RN L
- KEFEARTENEEN X AR K, NER BT 9% B R
 NA,,)’

Forp X TR B8 T Ay, 385 WONAH E B Ao B 77 B 725 (R DR B 1) 2 G e ade B —
NEER X FERE Ao IR A KN, AN X R FEA SR S L BD, H
T X TR Bt B A AROR I BERLE . R AR, Hefhivh i B s R A5+
I T, ARME SR I SRR A . 9445 T BT B A THEB T,
LR R HSE I L e L AL AR BN BT BT A T R .

Dm 1<m<M (9.44)

(a) 10X (bin) (b) 30X (8] (bin)

K 9.4 B K= AT

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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L7 I R A BRARAE AR &, ] DAAE B bRt o H5cdfs 1 20 A EAT AT AIAL
B SRR R B S A & R — N d4ERIBENLIN &, W — 4R o
N MANIX A, A2 HEA 2 (R ) X Ry MAAS . B B E TR BN A R
B YERE d G FE OG5 8 4 & 2% (Curse of Dimensionality)
i)
9.2.2.2 K%

% B AE3T (Kernel Density Estimation) , t0Y Parzen & /7%, & —F
B 7 B 7 st
R R d 47 A R ) — AN LR x O i) “BESLITIR 7, I Z R

7 —x 1 if|y—x| <2 1<i<d
¢< ){ (9.45)

0 else

KEFTR — MR 2 R B ENLEBLTT R, Horb h GBI R, Ak
PRARL AR TE S

8 N MNGFEARD = {xM I, AR MFEASRE K N

N )
K:Z:l¢(x X), (9.46)
T 55 x (P25 At A
1 N x(M) — x
P(®) = 573 = w7 Z ( ) (9.47)

oot FRIK R R (AT

W EALIT R BB A, BATIE T DL R AT AL R L Lo
iz R 5L

zZ—X\ 1 ||z — xH2
‘z’( H ) = 2mn)'2h eXp(‘ 2h2 ) (9.48)
Hodr p2 0] LB O S B 7 2 . IXFE S x B AL A
|z — x||?
- N Z 1/2h (_ 2h2 ) (9.49)

9.2.2.3 Kiksk5%

R AL VF TR R AR D EAE [ 5 [, DAL [R]85 PT R X et 5 P 1) X
SRR, R R X e — P RS R T A B E %EFTEZJDEEI‘JIXBL

EREMS: (FREMBSREFS)
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FAEAFIE N IR REA RN E 1 Ko B TE A x 0, Hoeika—
ANUAx L ER, R AIRAIIREASE N K, R RIE A 5K(9.43), B
FIDATFROH R x (08 B . U ANERIRIIREAS B A B x il () K MREAS, BT

SRR K6 A i , g
K i A% 7 ik 36 T 2 — AN 4 XA IEM N K AR (K-Nearest Neighbor) 7772

fjjjm* Ak, SR TEKGEAR T, K4 eh. i K AN, g o it s
. FERRRL, T K A2 55 B i B B AR, 3 ELI I - T4

KiEA T E s T 2R, FON KAy £%. MK = 1FRAR
WARG K 5. BIEA R —METZ, YN — cofif, HAKEREAM
LA AR R M £ [Cover and Hart, 1967].

9.3 RZEEFRNIFIE

TME A R — R EE LG 07, TR, R T
EER D RRFIRM R E 2], BT R R p(y[x) o SRR p(y[x) 7T
Lt DUt 37 28 O A A TR p(y) T p(x|y), I8 T0 B LA T ok oK i

To M ) i B AT LA RIS RRE ) B AR LA R AL, K
TRETTHMAL, TAZE (WLaE2]) [HERE, 2016) PRH &, TRE
FHES ) e — M BN FOR 2 J5 % MBS SRS 8t
i, AT LS KRR oA, S B AR S B R R R, PR RER
B TERE . RTRMEREE N, FTS%E (W) [JHE%E,
2016] H[H5E 10 A (Pattern Classification) [Duda et al., 2001] [F5 10 % .

AT T MRS T 57 SEOTENARSHUE. 805
A BB AT IR A S B R R . BRATIAE AR S ) i T 2849 2 i 221 24
EZ NS AR RIS, FATE MR BN R 2
BOE ST, BREERERNSHAN L. AT DR A 2
HACBR S, FRATAT DRSS IZ AR R A B, PR X SR th Oy A AR
A, 12 AR LA R R R AR SR 28 LIRS & M4 . 5135
IR T PIRIR AR R A2y B RS AR AR LA R 4% . S5 E A4 T LA
Fr 5 B PR A SRR

KT AESHOE A THI T 78— A2 7] LAZ2% [Duda et al., 2001] #1 [Bishop,
2007], BP0 LS [Devroye and Gyorfi, 1985].

B H AT B 22 S IR BOA BB 2 SRS iz s, B E R T
7ot B s 2D R B VRN T, S BURMEAT R o B S S U A
IR7

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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S
SRR 9-1 43 AT R T AT 4 B B B e e g 2

SRR 9-2 IEWDN T N AR (FEARYERd > ND HRIEESE, Eln7r

B A A TR AL N - 14E.

SRR 9-3 X AP IIA R, B M A AR B Bt A 2 A

JEI I BT A B BRFAE S T 2 (45 2R

SRR 9-4 FEERRE X
N AT BT B AE R

PERE T %

=X - X, WX X' HFRESMEX =USV, WU

SIRR9-5 241U, KT ST Ab T A% L bR BOAN 2 T M O 5 L R 4

HAEBA 28] LR ANET 1.

SIL9-6 AT O KHHEI,
FA I LTI 2 2 S TR IR plcl)

c < O) MEEEH p(x|c),

A KRS E RN K e (1 <

&3 Hk

G B F ). HERF B, i
2016. ISBN 978-7-302-206853-6.

Yoshua Bengio, Pascal Lamblin, Dan
Greedy

layer-wise training of deep networks. In

Popovici, and Hugo Larochelle.

Advances in neural information processing

systems, pages 153-160, 2007.
Christopher M. Bishop. Pattern recogni-

tion and machine learning, 5th Edition. In-
formation science and statistics. Springer,

2007. ISBN 9780387310732.

Thomas Cover and Peter Hart. Nearest
neighbor pattern classification. IEEFE trans-
actions on information theory, 13(1):21-27,

1967.
Luc Devroye and Laszlo Gyorfi. Nonpara-

metric Density Estimation: The L1 View.
Wiley Series in Probability and Statistics.
Wiley, New York, 1985.

EREMS: (FREMBSREFS)

Richard O. Duda, Peter E. Hart, and
David G. Stork. Pattern classification, 2nd
Edition. Wiley, 2001. ISBN 9780471056690.

Geoffrey E Hinton, Terrence Joseph Se-
jnowski, and Tomaso A Poggio. Unsuper-
vised learning: foundations of meural com-

putation. MIT press, 1999.

Bruno A Olshausen et al.  Emergence
of simple-cell receptive field properties by
learning a sparse code for natural images.

Nature, 381(6583):607—-609, 1996.

Pascal Vincent, Hugo Larochelle, Yoshua
Bengio, and Pierre-Antoine Manzagol. Ex-
tracting and composing robust features
with denoising autoencoders. In Proceedings
of the International Conference on Machine
Learning, pages 1096-1103. ACM, 2008.
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F10E FEHERIHESIIAFN

FERTI A EETT R, S8 T AL ST LRl 31 05 20, s e 2> el
YA, IR 5177 30 BT BL A R ARSI S B, LA 2R I 2% . 2%
P> AR5 BER— NG E LSS, B e B — e MU I R udls , X L8l 2k
Mol 5 A H SR AT B R BOE A B BRI, Rk
il £ 5] AR A, ARFRME S B REAE AR NF IR RINGR R, —
PSRRI R NGB h 135 X 2T AME S T E A KR 25
Mol AESCBRR IR, BATHEDN B4R 55 AE AL AE A 2 _EIRER,  Hanl ZhfE 5%
AN HARESS B A A 2 IGRERIE A5 X HLE 52 5T N 2 32 3
RKHIEIR ik, AU IGE — 258 i 2 2 5 AR, BUERR L ]
FIPAPRESVSESEINE TN NEE T P R AR r e = AWNE N (T B (o

AT CRIROMNT 22 2 U7 307, RIS X)L SRS H A
BRG] IR AL MRS JUsE AR, KB RN
FEARIX LA 3] T AR T BRI R, AVE R AT AR 45 . 3R 42 X 2458
FEHAMBR . SR — A 2] 77 sUAEAE S0 7 & SRR v AR SE I bk, L
R ARG 22 K MR A S I ROR B

10.1 &EmF
s S, RA x RUIH y 9IS R Ay = h(x). WTF M
AR £ (x), - fas (x), FEAHRU I B 5
2
R(fan) = B[ (funlx) = h(x)) | (101
= B, [em(x)ﬂ, (10.2)
F €, (%) = fin () — (o) B 7EREA x_E IR,
T T R 1 T 347
_ 1 M
R(f) = M Z Ex[em(x)z]‘ (103)

m=1
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&5 3] (Ensemble Learning) #fi 2 i i 3 Fh 5 W& 22 A0 £ Bt >k
TR P SR B S SR A 2 . SR R ) R ) I R A R R 2 A
A H FH AR B RIS A B P IR 5%

R ELAR R B SRS 2 BTy, R R o BT HREE AR B R

FOx)H
1 M
17 2 I (10.4)
m=1
EFE101: XF MARFEEER f1(x), -, fur(x), HFHHE
M
RN R(S) o 2T W BB ML A S AT P (x) = % Z
F(x) FWTRASRAE LR(f) FIR(f) 2 .
TERR. MR T S, BRI A IR A R N
1 < 2
R(F) = x| (57 2 () = h(x)) | (10.5)
m=1
1 M 2
_ MQEX[(M_lem(x)) } (10.6)
1 M M
= —7Ex [;n_l em(x)en(x)] (10.7)
1 M M
-5 Y YR {em(x)en(x)}, (10.8)

=1ln
Horh Ex (e (%) € (x)] AP A RIS AT R A M . W AR MR IR B R AN AR
K, BIVm # n,Exlenm(x)en(x)] = 0o WIEREESBIAL 5 RAT 2 AH F 7, W)
Vm # n, e (x) = €n(x)e FHHT €,(x) > 0,Vm, 7 LFFE]

R(f) > R(F) > 2-R() (10.9)
B S T 1 B 5 258 T AT R T A B R 1 /M, T T
P B T T R 2. -

MOEBEL0.1RT I, N TS RIS BOIR, BRI 2 B R & —
Mz, HHEEBAEENE 2, HERENS TR, JHEET 0.

R ST I AR T AR — /UE%E'JU“%%T”L CEANR IR E .
{2 —/NE U SRR TR EE S N R () 22 R AT RE K. N 1 3G s Y 2 [a) (1) 22
S, ATRICREL Bagging 25 A1 Boosting 97’3%97'37:7?20

EREAMS: (FEMNESREFS) https://nndl.github.io/
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Bagging 2 757% Bagging 25772 /2 i BN IE NI ZRFEAS . BN LGRS T
R AR B A, RN TTIEH Bagging FIBE LR o

Bagging (Bootstrap Aggregating) A& —™id ik A [R5 8 [ 11 25 £ bim 48 (1) Ak
SRR e AN AR 2 (B ST o RATTHE IR AR U 2R AR B3k AT A T8 Bl iR B AL A
FE, 152 M eE/NIINZREFF I M AR, SR 58 B8 1 7 vE AT A Y
.

AL A (Random Forest) [Breiman, 2001] /& {E Bagging (%Al 5|
TBENURFAE, 3PPt m AN AR 2 (RIS . CEBEALAR AR, A A
RIS e — PR

Boosting 3 757% Boosting 277 7% /& #4218 — & F 2K 5 I I ZRAN (] ) HE A
R, BRI SRRSO AP R AR BEAT B TNk ARIEAT PR R S5 3R, R
RN RN ZREA IR, AT AN [R] AR A 2 W] (1) 72 7% . Boosting 2877
Pt AR SRR AR T I, R IR B AR A LU BE LRI A, At nT BAd
TL AR T V2K S 25 A v AR R B HETFI 2 . Boosting RITE IR T VEA
AdaBoost[Freund et al., 1996] %5

10.1.1 AdaBoost E%

Boosting FREE R 1) H A2 22 2] — /M PERE R (additive model)
M
F(x) =Y amfm(x), (10.10)
m=1

Hrp f.(x) N335 %% (Weak Classifier) , 3t £ 3% (Base Classifier) , ay,
RGGIr RARERRME, F(x)FN%ES> £ %5 (Strong Classifier) .

Boosting &7 % 1 KRB W I ZREEAS 5570 24 frn () AL BL IR EE ey o

N T R RCR, B2 R B 557 AR I 22 R AT RE R . —FhAT 2
FFIEEARTITVER 2 I A 5570 38 4%, RIL B — s MU Ak RN R A~ 55 43
Kimo 12 TR mAFREE, WIS RREARRE, (535 m+1159
IR CHIE” TRTISS G A IOREA . KRR IR 55 70 AR ZE R
I ZARTHI R B S 3 MHERA 2 o IX M7 IERR N AdaBoost (Adaptive Boosting)
Hik.

AdaBoost 5% — M ARRHI IR, 185 o3 Bodls A k38 = 95 0 28
AR BRI, WIS EREARAE, D WFEARRRCE, M
A5 30— AN a0 701

AP, 5572588 fn(2) € {+1, =1}, AdaBoost FiZ I Zrid 2
WEEL0. R . BV TR MERFEFEFIRE. Bk, RIESET

EREMS: (FREMBSREFS)
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PIFEARB NG — DB R85 288 . IREARIRIX AN 550 88 HU AR ZoRk T B L
FENALE, JF R AR E .
3£ 10.1: P55 24 AdaBoost 5k
BN IGREE {(x), g IN_ L, 3R M
WIUEE AR E « wi”) + %,Vn € [1,N];
2 form=1---M do
s | EEREAREwWSY, - wl), EITIEHHEE fo;
a | TFEEG AR fo RS LTINS RN €,
5 | IR RE AR E

[y

1 1-—
Qp, — = log 6m;
2 €m

6 | MHEEREARLE:

wfﬂ_l — wf,?) exp ( - amy(”)fm(x(”))),Vn € [1,N];

7 end

i F(x) =sgn (Zn]\le amfm(x)>

AdaBoost BiARGITE R AdaBoost HiE A LA MUE — 432 (stage-wise)
ALK INPERR! [Friedman et al., 2000], HA57 25Kk R EUE N

L(F)=exp(—yF(x)) (10.11)
=exp(—y Z W i (X)), (10.12)

Wiy, fn(x) € {+1, -1}
BB m — 1 UGS, 155

m—1

Froa(x) =Y aufe(x), (10.13)

t=1

WUIEE m OEARH) HARIE IR A i A i () BEAF T THT A5 5K R R/

L(ctm, fm(x Zexp( Frno1(x™) + apy frn (x<">))) (10.14)
L w) = exp (= y™ Fp_y (x(M)), MRS A
L(tmy fm(x Zw(")EXp(—oz y™ fr (x™)). (10.15)

n=1

EREAMS: (FEMNESREFS) https://nndl.github.io/
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y‘jyvfm(x) € {+1a _1}’ ﬁ
Yfm(x) =1=2I(y # fm(x)), (10.16)

Horp I(z) NYBRREL
)I%'jﬁyil%lﬁﬁ _Olmy(n) fm(x(n)) =0 %ﬁﬁf:ﬁﬁﬁﬁb%ﬁ’ ﬁ

N
L0, fru(x Z (1= amy™ fo (x™) + X 50m) (10.17)
X Oy Z wS,’LL)I(y(") # fm(x("))). (10.18)

n=1

M ERATLAEH, A an, > 0B, BRI £ (x) AEEE R AR E A
w1 < n < NI RIIBUGE R R BN/ 288

TERMRWE fon(x) 25, AX(10.15)7] LS N

Llam fu)= Y wlep(-an)+ Y wlexplom)

y("):fm(x(")) Zl<n> ?éfm(x(n))
(10.19)
x (1 — €p,) exp(—aun) + €m exp(am), (10.20)
Hrt e, NOPHAT fn (x) BB R,
(n)
n 3 x(n wm
€m = 2y 25 o (10.21)
2, wm
REXKT a MFEIHFLH N0, 135
1—e¢€,
am =5 log o (10.22)

10.2 Bl FihEIIZR

B AT AT T R E MR EE , AR B 1 ROA LUy, DR e
FH K B B o AR B0 SR 8 i M B 2 ST I RO A T LW S X R R 2D
PRy s K B Te by B AT 22 ST 1 7 AP F BB % 5] (Semi-Supervised
Learning, SSL) .

KA EPIA B S 5 BN R 25
EREMS: (FREMBSREFS)

SR M exp(z) £x =04
B RHETF AN+
T+ %c

https://nndl.github.io/
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10.2.1 BHill%

B I 4 (Self-Training) , 41 & 91 £k (Self-Teaching) 8% & % % (Bootstrapping)

L 2 #) bootstrapping A7 4, & — bl [ B 2 M B2 ) B [Scudder, 1965, Yarowsky, 1995].
o A TR

B 25 B e AR IE R RN 2R — AL, R A X MR ARDR U e AR
TEREAS BORREE , ST LA B b A e AR A S LTI B DO AR ZE I N 2558, 2R
HFIGRF R, FEAMER XA, Fi510.245H 7 HINZRMIZd .

B3k 10.2: HIIZIZad R
I BREEORSE £ = {(x(™) y )}N %
ThridEREU = {(x(™
%ﬁﬁﬁﬂﬁﬁ%ﬁ@ﬁﬁﬁﬁ%ﬂ
1 fort=1---T do
2 | MRIENGEL, B f;
3 | (EARERL F X RPRICEER S U AT TN, 3% o TR B A
I PAFEARP = {(xP), f(xP))} P,
4 | SHTUIZRAE:

L+~ LUP, U—u-".

5 end

M B f

H A A T EM VAR — 2 ML AL, T8 A Wi Ak
BRLRE ). AH B IR 8RR TR ORI R DO A ZREE RORE A Dy AR 25 2 IE A
(Ko WERIEFFEAM bR EE AR IR, KB HEHEANHEE . Hik, A
I Z iR o i ) 20 W o v B Wb AR A AR O A

N
=
&
&
=
(e}
no

10.2.2  thEHIZ

R % (Co-Training) & H LRI — R Jrik, EIE M2 T AL
i (view) HI7>IREFRAEALRE . IR 2 B #A M MSL A AL A . EeinE
BRI L BRI TR PR LR SO AR (texct) AT 1) H e 99 0T ) B
e (hyperlink)o QREHE — NI TS, 7T BURYE SCT AR AT, ]
AR 4 T 2 [ e O 2R R I

R — AR x = [x1, %2, FeH xq Fl x0 73 BIFRIRBIFHAS AR A1 Vi R Va ()
FRAE, FE9 2 TIPS (1) M. B REARRZ y I, PR IR
IS p(x1, Xa|y) = p(x1|y)p(x2ly); (2) FELMTUANE: ¥R, S
KA IRV AE 0 T DUAE LB 25— AN IERA I 0288 . Sy = g(x) NFE%S]

EREAMS: (FEMNESREFS) https://nndl.github.io/
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RSB BB AL, f1 A0 fo ARSI oy K4, B
Af1, fo, Vx e X, f1(x1) = fa(x2) = g(x), (10.23)

Horh X ONFEAS x (B 2 H] o

W T ASFEALA B2 PN, AR R IR B R B R A 2 T AN
(FI R A SRR A 1) 8, BT — s (R LA . BRI ot 2 R 3 i EL A SRk gt
17 EHNZR — Rk o B eI SRS EARTE AN FIRL A 2 5 DI 2R S £y A1
SRJE R fo AN fo AETERRICHICHE 46 _EdEAT T, %20 T 2845 158 BB v RO REAS A
AR, BN AR RRER, JF AR 2 XA TR

FE10.3%5 H T REIIZRN SRt 72

Bi% 10.3: BEIZN ISR
BIN: PRERAEAE £ = {(x(™),y) I,
TARESEEU = {(x(M M,
IEARIEL T e ide it R K BROGEARIE INFE A2 2 2. P;
1 fort=1---T do

2 | RIS LRI Vi IIZRIN R £

3 | MRIGINZRE L IR Vo IIZRINZRAETY fo;

4 | MLhric BdE s o ERENLGE L — SRR A RN kb U, 45

' = K;

5 for f € f1, f2 do

6 AR f TG I L o BRRE AR 1R D R 25

7 forp=1---Pdo

8 WRAEFRE A, BEHLEH — R4S y;

9 MU i ARy, I I EAE R s ORE AR x;
10 BRI REE:

L+ LU{(x,9)}, U U —{x,y)}

11 end
12 end
13 end

Mh: B 1 f

b ) B35 SR P AL 1 26 AL A o S SR AL I e 4, U LI
ZRIBAL B E IR %

ERSEHE : (FREMNBSREFS) https://nndl.github.io/
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10.3 ZESFZES]

— IR S ST B R BT 0 B — R B AT 55, L F S8, W
RTINS . AN AT 55 RSB HR R AE % E IR0 Fpph 2 I 800 . G W
AMES LA, EATZ AR — E S AR, X BRI AT S5 # 2
A FTE B XL = RN AT DR ROR CRRIE) BRI S8 S k% . BT,
FIMI AT B FERE T RREH IR,

%4544 5 (Multi-task Learning) J23& [l 2% 2] Z/MHKAESS, kXL
FERAE - 2 i R P S R, A 2 AT 55 2 18] B 5% 4 R eScE A 7 A4
S PEREANZAGRE ST 2RSS I LEE R —Fla w45 2 (Inductive
Transfer Learning) , BV i i 1) A & 7EAH AT 55 1 45 B AE )2 #4948 E (Inductive
Bias) K&z AE ) [Caruana, 1997].

HZHE ZAES ST EEPRRAE T Wit 2R 55 2 MRS =L 2L 58
MIpLEs 2 2 S, SIAILERIE B R AR, 8 & S BRI R E 2.
ESRAEMZE ARy, AR RIE ARG AN BB 5 o TR IR R P 4 A R 1
T RTIERE BRI, WTRMRE 5 it 1T AR5 53] . 2%
SN R, AR SRR 10,125 T 24555 ] DU Al
LRI AR

o REFLTERIEC: TEAN AR5 A 22 I £ SR IE [R] 45 ] — e L i (— O
&2 RIEH — LIl FIAFAE, SR)5 FEET XA A R AR 5 B E — LA
B (R RITH LA 55 R HIHFAE .

o BT AR A M EIL T, HEMESH A DA EAR S
“EII —UefE EoRIRm A OB ). ST AR EEE R E
FEFHIRIRAS, B AR R LSRR E 3k B I AIE 2 .

o FUGETERN: — B ML A R R I RIS o R fedh
SR 1) S AR AL, e JE A 2 i i R SCRFE . AR R 2
15552 A TFUE S WA Gl ik 2 oy, A — A& BRI AR U LR
FAES AR L, SRS R .

o HEMARN: — AN THE T USRI ERRAE SR E (Fh
) BRIITUEDTT . IEERBE — SRR 55 RS EAFAE, AL R
FUHPEAIHS AR ST RHIRAE . B BRI 1 3L SR AR AN FA A R AR 3L )
e

FALH FELAEFF A, BMEFH LA 8 CEMIgE. Tk
RS TS 2250, BATEH A B INZRm 7 2k Il M SEHllE w2757 .
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100G
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€— », < —
A \;& \J\’ )\/
- ~!~ = o
€= >, <€ /,;
AT = ZAS ~ -7
- ~!~ = o

H

\P‘:—>
\K

(a) BEIL=ERE (b) Bt

H

= B

]
A f t t
£

B B

(d) - RABK

/

5-B-B-G

5
= o

o
il
5
N

ur
i
25

B 10.1 24555 > DU AR TR L A8

A M AHRAES, HEm MESBINGEN D, BE N, MFEA.
Dy, = {(x™), ylmm))} (10.24)

Horfr xc(mon) F0 gy (mm) FIRE m AMES IS n MREAR LU E IAR2E

MR BIX M AT S5 X BRI BN [ (%,0),1 < m < M, ZALF 52 (1K
o HAR B BON T 55 40 2K bR SR 2P A

Z an o (S (@7, 0), ), (10.25)

m=1n=1

Horp L0, () N m MEFBUREEL 1 R m MEFHINE, 0 FRRBTT
SRR BERAE N I P E S 4. AU AT DURE AN R4 55 1) 38 2R R I
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B, A DRRAEAT 25 M 2 FE B R A . B 50T, BT 455 v A R AL
&, Bln,=1,1<m< M.

ZAESF I RAE ] DL AN B (1) BEEUIZRP Be: BRIGEART, Bl
BBk — MESS, A5 NIXAMESS Th BEALIL % — LIl e As, THR0RE E JF S8
S8 (2) PARSKERME: T 2RSS I RINSH, 2EEA PME
TR . Hoh BAR SRS I BOR AT IERY BL e 2 AME S5 1 22 e 1t LU ORI
TR BAT S EAR BN S HRT Dtk — SR T BE T .

ZAESS 5 2 R R E I 2RI B B AR R AN 555104

HJE 10.4: 2AF% 5 2] PG I 2Rl fE
BIN: MAMESEARE D, 1 <m < M;

BMEFME RN K, 1 <m < M;

BRIERRBT, %31 FK
BENLHI R 22 0
2 fort=1---T do

-

/] & M AE S B

3 form=1---M do

4 FHESS m KINZREE D, BN A ¢ = e AMEELE S
B, = {Im,l, . ;Im,c}§

5 end

6 | BIHTHEMENAB=BUBU - UB;

7 | BENUHET B;

8 foreach Z € B do

9 THEAMEEFEART ERRK L) ; /7 R ET £ NES £
B35 2%

10 HHSH: 0, 0,1 — - VeL(0);

11 end

12 end

Mt B f 1<m< M

ZAES5 5 S H ] UASRAS AR 557 S AP iz AL RE T, BB TRUR L
AN A

1. 2RSS IE LTS AR BT IR, HRAE S 2 ST I g
Ko BT ZMEF A —ERIMRNE, RIS ML TR R
AR5, P AP s R (72 AL g

2. ZARSS R S AR TR BRI A AR 5%, XA R Rt TR
WA B RAMESS ISR, AT AEAE R — s
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3. BEAR — N IRRIE T 5 ZE T 2 DAFES, AR5 N6
B PR ST 22 ST BURAS — A A ROR

4. FEZAES 2, BAMEFHETEL “ W FEE” A HAE S5 b ) B
JERFAL, TR =1 E 5 K RE

10.4 IBFE3

FRUEATLAS 2% 21 1 FT R AR 02 I 2R AR S B s 1 o A 2 AR A ) WA
W RIXAME S, FEZREE B2 ) B RE IR AR BRI Lz . AEIR
Z SEbrysc, AL B 1) U AR E SR AR T, A — AN H R
1R HES B Z MR AN R8s . Rk, WA — MRS AR TR
BINZGEAE, BEORX LI ZREIR K204 A B ARAESS A E L (H 2 b T I gR 8
PR LR, FRATMEGAE AT DA A 2 =) FELem] DLz AR AR, 4 3K B850 R0
HARES 2 — € B T AH SSAE 55 1 I 2R B o I ] vz A AR 2 2]
HirE% L, #4555 (Transfer Learning) @A) &,

BARME, B ML MES TIRFEART R X x Y, H x A
Y N e, MRS RO p(x, y). FEEN, XEEX HdYE p(x.y) = P(X = x,¥
LHCF R — AT, YA INEEES. Y).
— AR A A] S H A AT AR — M43 (Domain) : D = (X, Y, p(x,y)).
25 7€ AR, W FEE AT R N 1) L 2 1R N 2R O A b b — AN AN E], R
LIRS GBI A RAF R NG I ERE, — ML SIMES
T € SCRAE— NI D _ERI AR p(y|x) B AR )
A5 5 R AN [ AU ) AT RS I AR, R R AR (Source Domain)
) Dg B AR B SR Bl B AR4R3k (Target Domain) D LAY SIE%. 7
SR I SRR AR — o KT H AR 43

10145 T IERE 2 ) MIBREEN LA 5 2] I UL

EE St FEA AR (A] NEZ 5 A1
FrRAENLAR ] Xs = X7, Vs = Vr ps(X,y) = pr(x,y)
TR Xs # Xr B Vs # Yr Bps(x,y) # pr(x,y)

F 10.1 IR A ) 2R

TR IR IEARBIE R 7 X N RAL: 22453 (Inductive
Transfer Learning) fl4EFit 45525 (Transductive Transfer Learning) o X
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R RIEA R F2.2.2F .

AmAEARFI.1.37,
MEZBEETARFEI2T.

AN AL A 2= I Va2 4452 5 (Inductive Learning) 4% &
% 5] (Transductive Learning) [Vapnik, 1998]. — &IN5~ ST &S 245 )2 4 5
5], RN SBAEVIZRER AR 15 ) BIE A I EE XS (R SedlE 0 A B R iR 3
BN . T 4% 357 3 0 B bR 2 2] — eSS e AR H AR R i/ A,
FENZRIT BT LA AR 115 B .

AGAIERS 2 S R AR A IR BN 55 b2 20— AR, SR e R A B A
IR B HAROURAME S by T FIER 1R — MR ZIREAR NIERE, Bk
A FHUSATIE AT H ARG A AT IE RS 24 2]

10.4.0.1 VAT FEES]

TERANT RS 2 b, YRR H AR A M R BN 25 8] X = X,
HH 7 B R DUAH [E) B 7] DA, JRAE 55 A0 B AR 55— IRER AR T # Tr, ED
ps(y|x) # pr(ylx). —MKIME, VAN > RIFAN B bR U= A7,
I HIRSUE Ds A KRB GRFEA, X EEREA ] LR A bR A 1 0] L2 TE
PREREA

1) Y50 R A K TR B I, YA 55 T AR 4 T B 2 I AT 5% L
U B 2 A5 A1 35 B A% AT 55 o JB X BT BT 5525 o] — B E B MR oR, RIS TE
FX MR RITRE B HFRES o X PRz 2177 00 & 52 3] (Self-Taught Learning)
[Raina et al., 2007] LA ¥ 8 B 5 2) LUERAL. PO lnde B AR R 5 A0 BR A, T
B S AR RAT S AR A LR, AR 2 FARE 5 AR BT 55 (AR S # L s b,
XFETAERXE HARE TS A E S Z IR T ISAFEASE T LR K
FEUR P 25 ST R (KR 70 o RIS, H T~ FRATTPT DA BRAS MO SRR ) T b i 48
BE K, B —Fr 8RR 21 07 RS K R CA BRI ) (L
G E A 2 B AU R B — AN HAMES Lo AFIA R TR 2] )
& (ke word2vec [Mikolov et al., 2013] #1 GloVe [Pennington et al., 2014] 55)
M) FHFR (LA ELMO [Peters et al., 2018]. OpenAl GPT [Radford et al.,
2018] LA & BERT [Devlin et al., 2018] 55) #Bx} H IR E 5 AL HAE S A R KM (22
TEH .

2) MUESURA K E AR, AT DL E R IR A I 2RI AT RS
B H bR o U TSR LA G U KRS IR R 4y 28 245 4R ImageNet
[Deng et al., 2009]. i T{E ImageNet ZHi5 FA 1R 2 Tl 2k 0 UG 53 B4,
1 AlexNet[Krizhevsky et al., 2012]. VGG [Simonyan and Zisserman, 2014]
M ResNet[He et al., 2016] &, FATAT LUK IX LTI SR AT B H AR5 B

TEEGTRE I, T IR R I 2R U R, X B il R Ass Y
A BT R A, FoaE S B R Rl OE H T BARESS . HgNT
> T P AT A% 7 2
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Lo TR 7 e R TSRS AL 0t Bl o v [) 2 1 At A D e
TEEZMAE] BAMES WS IR H AT 25 1 2% ST B AT DL — iR
(=7 e ds (HLWSCRFENLE) BL— N R4 X 28 B

2. WM 7 BAMES R R TOIZBE ) o 44, FER S 80T
A (fine-tuning).

TR GRE R — MR B N %, ANFJZE AT P AR A [
[Yosinski et al., 2014]. AR, W2 KL)ZE 5 2] — L8 FH KCZRRAE,
J2 B J2 A ST R I e RS SURFIE, T8 i JUJZ — e ST AR S8 AL 55 FH R s
fibo PRIE, RS HARESS B ERS Rl DL S5 AR SC I, W] DA P ik
FERNAER WA FZRIER 2 HAREST

BN SR ALER BT HIEE S NEFF MG 007 B, EE AR
PLAE LU R = A5 [Torrey and Shavlik, 2010]: (1) #IHAIER AP g — % LU BEALY
SRR RS BT (2) I RIS AR () 2 T o B L R TF IR 2% S PR, sl
Ufs (3) B PERE TG, A HIF iz .

JAGNIERS A ST ZAL 554 SIS L, (B R A (1) 2485
FARR M ZANAFENLES, TANIER 2 2 8% 0 P Hr B, BIELE
%5 LRSI BL M EAMES ERER BB (2) HGNIER ST E @ 1
KRIERS, i E IR TAE HARMESS EIYERE, MRS I A Bt H
55 HITERE -

10.4.0.2 #E5IFBFE

A DR MM RERBIREARRITR, BEA R ST H AR Sk i
FEARBEATIER 22 3] [Arnold et al., 2007]. #5521 0] LE/E— D FRER I
3§43 (Transductive Learning) [Joachims, 1999]. ¥ ST 2% 1l H ik
PR KB RIARESSE, T H PR (B8 pRESdE, HEE X
EHTCPRESEE . H AR R 7R I SR B2 AT WY

SIS 2B — AN W A2 43R E & (Domain Adaptation) o 7E41
SR O ) R, — PR AR AR AT s ST B[R] RO AR AS 3 [, L B4 40 A1
AW ps(x,y) # pr(x,y).

AR AT, p(x,y) = p(x|y)p(y) = plylx)p(x), PR 2 A6 1A
— FOEH A U AR

1. W EE1H45 (Covariate Shift) : JFEAMIAN H R4 i A2 FR 4345 AN ]
ps(x) # pr(x), HJFED M ps(ylx) = prylx), RIZEMEFAMFE
Ts =Tro
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2. & mA5 (Concept Shift) : HIALPRD MM ps(x) = pr(x), HERE
BRI ps(y[x) £ pr(ylx), BIESHES R Ty # Tr.

3. AR (Prior Shift) : YRAMIA H br AU 140ty 6387010 A [H
ps(y) # pr(y), FEDAMEAps(xly) = pr(xly). LXFEHLT, H
PR ATk 05 2B A — B BB AR TR AR .

J SO AUEGE I ) AT Re D Bk — ek Mim A AE L. HET, R
AT B 1) R R T R h A5, X SIEE B R R S E R A T e
AR A% (Domain-Invariant) RN . B ps(y|x) = pr(y|x), SEE B
HAr 2] — A f X — YIS

Rr(05) = Eixy)mpr x) [L(f (%, 1), 1)) (10.26)
= B 2D (0 )] (102)
= E(x,y>~ps(x,y)f)z(§§[£(f (x,07),9)l, (10.28)

Horb L) Wik B, 0 WHERLSHL

WRBATAT A% S — AW s g - X — R, N x WU B — ANRRAE 25 (8]
H, RAEIEANRAE 23 ) A A A5 YR AT H bR U 12 B 3 A7 ML D ps (g (x, 0,)) =
pr(9(x,0)),Vx € X, v 0, AW B ZH, A2 H br s BT LUE Y

RT(efa 99) = ]E(x,y)wps(x,y) + ’ng (S, T) (1029)

E(f(g(x7 6‘9)7 9f),y)
= Rs(ef, 99) + 'ydg(S, T)7 (10.30)

HA R (0, 0y) S RS R EL, dy (S, T) &A1 22 57 (K bRy
B, PR SEAE WS RFAIE 22 8] v Y U AN H AR U REAR AT S,y — A
HSH ARG NAT B EZ L] X6, 2R Hir2tie 240,06,
FEAF SRR RFAE AL W R, I HAEPRAK_E 457 K e /) o

A

~
Ds = {(x§” y§)H, ~ ps(x,y), (10.31)
Dr = {x{" 5, ~ pr(x,y), (10.32)

I3 9 USSR F AR S I S Kt , BRATTE S PR S R 58 g (x, 6, ) #5140
SR ZRREA B x WU SRR R, IR EL 0, (A5G S A U
NPT ZE S RN o AT ZE T DUE I — 2 B R ek 5, B MMD
(Maximum Mean Discrepancy) [Gretton et al., 2007]. CMD (Central Moment

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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Discrepancy) [Zellinger et al., 2017] &, 0] DU ik 48 x40 5 =) K45 21 4
ToRFK N [Bousmalis et al., 2016, Ganin et al., 2016].

DL ST M, FATTAT BASI N — AR G 4 SR — AR R E
FORA I A SRATICH 3 A ¢ ToE A — A WS I R S, i nT LA
DPIRANRFAIE A — PR TE R R o

XFINGRER PR —IMEAR x, BATHIKT 2 € {1,0} R e R E T
SOR A H RS, AU A5 e (b, 0.) IR BURMRFIE h = g(x, 0,) KRBTGS H
FIRIIIIIMER p(2 = 1]x)o HTHAGZ AW IKHE, hRkE T HAs
HHIMAENT - c(h, 6.).

DRI, AT 3 7 O 483 K% B IOA -

N M
1 " 1 m
L(05,00) = 5 > loge(h?, 6,) + i Y log (1-c(x5”,0.),  (10.33)
n=1 m=1

HAthG) = gV, 0,), 0" = g(xGV, 0,) 4B REAR X R HRAE B
BEbE, USRS 00 H B B8 ST LA AL F R . — i, B
B0, (A TIRIIRIE c(h, 0,) RATREIR 4Mth— AR b = g(x, 0,) K BT
A T, B B80, SRR FR h T U 5 o(h, 0.)
B, N 55T 280, (AR £ (h, 0 ) (EURTURHTH S

Héin L.(0f.0.), (10.34)
' N
i X:jl c (f(g(xfg"), 0,07 ), y(s”)> — YL (07, 00). (10.35)

10.5 4%

BRI FE S IR 2 AT 5 EHUS 1 R, AiH s VI 2R 5 AR 2 1) 4>
MEAE, ARG R ORFF e, AT . JFH, 24—
AMERFE I EAR 2 A FMESS EEEUS I AR 2 — A+ W HE i .t
FEIRT S EIIZRH AlphaGo R4 FHEIBL, X Z#—%5 @, Wik AlphaGo
FKEIAGH, wReSEH TEMEE ), XERAFFEANER .
IMEES THMZE, BEZEZHE, AoBidBE L. AR IR_R—H
FReLf), AT DU i AZ AN Wit BRAR S o) B EniR, X e A AT DLEEAS
[ AT R 2kl AT . R RIS R b, B0 ARAE DU R0 ) 2R Al 3
PURE ALK 2 J5 S KT (] AR ER, 78 K Bz 5T X e 183 0 IR i i
1o BHTABIE AR RAR, AWGFE S T8 AR 55 I — oA 75 2K 22 B 28 -

%4 53] (Lifelong Learning) , #4423 (Continuous Learning)
RIRBNE AR W 2687, ARAE I AT 55 22 3 ) 2560 A AR
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SR 2 SIARW B SS, FF HIX e i AR R R 2R, AEh
HHAE S5 M =4 IH A %0H [Chen and Liu, 2016, Thrun, 1998].

LA, B — DA B CR NS T, T, -+ T B
SRR, I ASHESS T N XA BEEF] DR 278 m MESS
EE IR B EE m 4+ 1TSS, IR RETE ) m + 1AMES ERENR.
XA E AN 2 34 5 2] 13 R, RIRGNT R % I BAn 2k B AR5 1
PERE, AN IO AR B T4 AR 2 2T I H b RRER ) % S AR R 5398,
WA % 4 %5 2 AR 2 AE T 4 22 S HEATE TR AR S5 L RIIN 22 2] . 2455
O RAE T AR S MBI HEATE G 2, A RFREM — D — 3.

PRS2 2] Hp, — /N B (1) 1) 0L A& e sk 4 9 # M3 % (Catastrophic For-
getting) , BIZIE— % > ZAMMESS I, 125 DTS I R A S id S i
20 7 AR5 [French, 1999, Kirkpatrick et al., 2017]. b 7E #2584 25 B 7Y
o, —EEBHONAESS Ta AEWHE, WIRAERES Tp NS T, At
5% Ta 18 AT IIFZ o

TEM 8 B BA BRI, 22 21— D HTHES — M B s — L Py AR5 RO i
1M H BT A AR R S BU, X TAES TA T S A IREZSHHAGH AT
LUB B dF IVERE . IXARAESE SIESS T I, AT AR B — HAFEMIE ST T 11 3L
REMEARAE S5 T LIS HL

R R AEVEB S TR IR Z o ATX Al AR EZAE (Elastic
Weight Consolidation) 777% [Kirkpatrick et al., 2017].

AR, LAMES HIRRS:2 2 90, BRORAEST Ta FUESS T M %R
ERMNDA M Do NIUHHI MRS, BATA B E W MES N 24
1 i 58 A -

log p(6|D) = log p(D|6) + log p(6) — log p(D), (10.36)
HfD =Dy UDp, 0 ABMSH. B A6, ERTE N

log p(0|D) = log p(Dl0) + log p(Dp|0) + log p(¢) — logp(D4) —log p(Dp),
(10.37)

= log p(Dplf) + log p(0|Da) — log p(Dp), (10.38)

Htp(0|Da) BF 1A MEF Ta B M5 B U7 AT 55 T I, 2
HAE TS5 LG5 A RHAEAT 5 Ta (5 30 0 A 5%
. F 5 36 o3 B LA, BT AT LU I —ANIE L ok il it ik
%% [Bishop, 2007] ¥ # 4% N X . N i
SRR SRR p(O1DA) WA, WIENTEMES Ta B2 BINSH 0y, KREAERE (R
ZEFFEI) SE R 2400 (1 Fisher 5 BAE MR A&
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Hrh F 4y Fisher {5 B AR N 1 HE@iHE2EE, F ol AR fiFE, i Fisher
15 R X F 2 B

Fisher 52 %E0% Fisher{z 8:461% (Fisher Information Matrix) J&—Fpill & 0]
W — AR B p(|0) #a7 IC T 2800 MG R ERI 7. 8% —NSE
G3 AT BRI AT DL I 6 LR R B R B R AT R . FRATTE AT 0 e B s (0)

5(8) = Vo log p(x]6). (10.40)

M s(0) FIEAEE N 0.
i,

E[s(0)] = / Vo log p(z|0)p(z]0)dz (10.41)

_ / V;(pafl”;;))pma)dx (10.42)

_ / Vop(z|0)dz (10.43)

_ / p(z|f)dz (10.44)

— Vol = 0. (10.45)

0

5(6) BB I3 ZEREFERRON Fisher (5 B AERE, AT LA B2 5500 AU TH IO ASEA € 1k

F(0) = E[s(6)s(0)"] (10.46)
— E[V, log p(10) (Vs log p([6))"]. (10.47)

I FATAFNITE AR o8 B p (210) HI A TE 30, Fisher {5 B FE AT A 225614
ARG g — N EEREE (o), - 2}, Fisher {5 B A 0] LUL LA

N
F(0) = % > Vologp(z™[0)(Vglogp(z™]0))". (10.48)

n=1

Fisher 2 54 BE AT 2L T %0 02 SU7E S K LA AT A
RHIEE, SRR S S HATHEN T2, (B, Js
CESE CZ OIS e
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PRI, X TAESs Ta BIEHRSE DA, BATHT LA Fisher (5 B MR i 5 — A
ZHAE IR T DA S &,
1
FAO) =5 > Velogp(ylx,0)(Velogp(ylx,0))". (10.49)
(x,y)ED A
@ EHEEL, TEGATSS Tr I R R EC
YA
L(O) =Lp(0)+ D SF" - (0: = 04,)%, (10.50)
=1
Hrp L(0) TS p(0|Dp) M KRR, FA A Fisher {5 BAEFERH i A% 2%
103 JLE, NATHEHAMES EEENESHE, N ASE LS.

10.6 TFZ]

R A TR e, WA — M@ 5 ) SRR A 155 L #A 3.
BRI, B P& S BOESE I IEAMESS I, RATEH 2 “wiEies”, MRy
P55 RS € R £ G0 R Bk ek B A SE LRGBS 5. 4, FATR
B A —E T, R FE S5 Rk 3h A ke 555 38 AR Y el ) 25 b 1 5
EEZEe? S b, N ST L R A IR R T A DN AN R AT 551
B ) 27 SIALAR AR o BTN — ST RIAE ST, AATAEAE t T DURPREE )
17 T DS IR ) R IBE S, #9 % T (Meta-Learning)
, WS D895 ] (Learning to Learn) [Thrun and Pratt, 2012].

TCE S B B N A AESS 22 2] — M 2] D5 s AR, w] DO A
2] WIRA AR, Jo TR T it A5 42 57, House I A
HNZTAFE (FLRZAMK) KRS IR — e 2 7%

R0 51 WBERE % 10 73— B3 5] o B2 4 A% ) (Few-shot Learn-
ing) , BIE/MFEAR BMPRIEZSE R ). BAKRE K MRERFEAR, KIEE /.
MR K =1, BANEHKSF I (One-shot Learning) , WHR K =0, HAEHE
K% 3 (Zero-shot Learning) .

XERATELEN AR IR 02 2 T A TR S5 I AL
XEGTHF 3] o

10.6.1 ETFHUBIHITES]

AT 28 1K) 2 2 A 2 € S BARR KR R £(6), FF B
TSR AME L(6),

Gt — 9t_1 — onE(Gt_l) (1051)
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Forr 0, N ¢ BRI ZHL, VL(O,—1) WEBEE, o N5 >I 3880 IRYERA H 2t
tFWﬁfE, B — i A SRR T A AR 55 E#CA R DRI AEAS [F] AT 55
b, BANVFEEEFEAE ) IR U AR TTE, hinzh &7, Adam 4.
LR R HAR — A2 2 2 JE 8 R T — AR %, AR &
WS ZoRE N E W E .

AN TR B0 ) DX AE T BB 2 3 USR], R ke — PR AR B SR T
SRR B35 S — M SR, BEE R — A Mg (LLinfg e s
M2 SRR BT FE [Andrychowicz et al., 2016, Schmidhuber, 1992,
Younger et al., 2001]. E10.245 1 13- TA0AL 881705 2 < B

T, (A s
1)

WHALESS 225743 R
TiTen T
EHRE TS

K 10.2 TR cs ]

FATHI R EL go () RITMER ¢ 201 S BRI AO, = 0, — 0,10 KL g (1)
MOARACE , TN LA 2B EE, St RS E R 2 EH A, . IXFEE ¢
2 [ SR LU AT B Dy

0141 = 0r + . (VL(6:), 0) (10.52)

Horbr o JAUALES g: (1) FIZHL.

AR g () LR T LA ME — Moo S id R, HAMRRIKE— AN iE
T2 AAFUESS MIUES . EARAERRE N BErh, D IEARH B AR 215 £(0)
TR TSI TEE ST, AT BAE R IAAI HARRZ £(0) /), Bk
¥ H s 28 A

T
L(¢) =Es[ > wil(fy)], (10.53)
0y = 011 + g4, (10.54)
[g:;hy] = LSTM(VL(0;-1),hy—1,9), (10.55)

Horp T AFRIEIE, w, > 0 AR PIIRE, — AT ABE w, = 1,Vt.
T LSTM W28 AT LLCIZBE LRI P S5 8, 22 T B ARAL & T LA 2 — A b
FIALALTT % -
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FERPLNZRR, BENLIAG IR ZAL, tHER D £(6,), YLEIT 3T
BURREL L (), FFHIBEEE FIEE S48, hTHAEMENSHIEE L, %
LSTM 445 i N AN A2 AR 8 4R i, IIZRIZAE — N BRI 45 AN AT 4T
e BRI, — R T i3 N A S HHEAE A — AN 10 LSTM M 2% R AT
BB, SRR DU — AR NS LSTM M4 B 24

10.6.2 HEEFLXAITES]

BLARTCEE ST H AR — R X HIRE ST, REZ D AFMES L2225
AR, AR RS B2 A EREN, BRERHEPEN, sk
— M AEEIFRITERE, JF HEE R E S B S.

AT K 6 5 5] (Model-Agnostic Meta-Learning, MAML) & —/™{&j fL
MR TE S T4 TE R % S % [Finn et al., 2017]. REHTA KT 5 #RK
HT—MESZE, HaAip(T), AT PAEXAME S 2[RI A 555 5%
S]—FiE RN, X PR R TT DA R R B AT — AR AT & bl
TR R — MR £(0), W RIATEIX AN RLE BB — AN E % T, b
B — P BRI N, ) BIMESER S ECN

0y, =0 — aVoLr, (fo), (10.56)

Ha s3] 3, XH g, WA T 0 MR, AR KIEMSHE .

MAML ] B b2 2] — S50 (R L1 — B B AU AT LAE T E 55
FIEFIERIFRITERE .

min > Lr (£6,)) = > L7 (f0-aVely, () (10.57)

Ton~p(T) Ton~p(T)

FEFTA RS L et (Meta-Optimization) t0 % FIBAEE N BEKHEATIAL,
2l

M
0«05V Y Lr,(fo,), (10.58)

m=1

Hrb g ogese R, KRN ANRIENSECERDER. KERETHXT M
THrERRE, H ] — SR AU T LA B FE B PR RE .
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MAML () BRI F2 an5532:10.5 17 -
B% 10.5: ALK ICHES
Nz £S5 5040 p(T);

BRERIE T, %%, b;

BENLHI MR LS5 0,
2 fort=1---T do
s | AR p(T) REE—AMESES (T}, form=1---M do
4 R YL, (fo);

=

5 || WEHESERNSH: 0, 60— aVelr, (fo):
6 end

T | EEBH: 00— VoS L7 (fo,);

8 end

M B f,

10.7 SEEFIRNIFIE

FIRT, FR2MZ i 22 L] 208 DU B 2 21 8 3, 1Mz 30 07 sUA5 21 1
PRRAEAE AR S 1A, RIS . BRAME S AR AR T4 KN R,
—UIFIRE T E M GESE P A2, BRI MESHCRE I SE . Xk
RN 22 2] 07 RN, AN 22 2T R — AN K 2R 2 AR AL
i, JF BRSNS, W LLE S AW R AR ST B RNR . AR TS
BT A TR 2 T

KT LR 2 1] LLZ % (Pattern Recognition and Machine Learning) [Bishop,
2007) MIZEIASCHR [Zhou, 2012]. FEYIZRAZ N 45 I R FH ) Dropout J5 54— &
FREE AR — /MR AR R, AR ST E Y 2 AR TR SR s Pl A 1 26 A
W5k, ARERMEAAL A BE LA AR [Breiman, 2001] Fl AdaBoost[Freund et al.,
1996] -

2 M B 5 ST A0 2 A A AT v K R D bR S B AR R
RAFICEAE RN G Hedt . AT M), BB 5] — MR Z /D I ARE
Hm, FULEBIR M EPRIEE P22 T ) iz k. PRSI IS H L5
IR [Zhu, 2006]. fEAEYIZE TS HARPRCEEE ) 7752 8 914 (Self-Training)
[Scudder, 1965]: 7F H IIZ: %A -, Blum and Mitchell [1998] $2H 7 A4
KA FEINZRME L Co-Training. % TAFIRM T EFRHLEE 2] 21 ICML 2008
1110 SRR .

KT ZARST 7 22— MR 2 A AT SRR s B2 A U5 1%, AT RA
2% ik [Caruana, 1997, Zhang and Yang, 2017].
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KT 2] 2 0 WP AE — AN S8 I GRS, ST B (0 ks, ff
PFHE RN BT URS: 2] o AR 2 2] h 75 B3k St SIS SR IR R B
FF A4k [Ganin et al., 2016, Pan and Yang, 2010]. L% > [ —A> 32 ZLA
F 0] R A5k B [Ben-David et al., 2010, Zhang et al., 2013].

YA B S R — PR AE 2] 7 3, 2 2] RG] LA RARTE S BT AT 45 Hh 2
BRI ER, HAEARRFTIAE S REREF X 28 %0H [Chen and Liu, 2016, Good-
fellow et al., 2013, Kirkpatrick et al., 2017].

TeEE 2 EERIE T WATAE 2 A RS B2 2] R arZ A tRIE 2 3 fig

77 [Thrun and Pratt, 2012].

b IX 675 QAR A H IR L 7 31 v B R 7 e A

>R
SIRR10-1 FERF T A DL A 2
SIRR10-2 23K B IR EM B2 8 R

SRR 10-3 AR RO E I A TR HE T A 2(10.50)

S 3 Hk

Marcin Andrychowicz, Misha Denil, Sergio
Gomez, Matthew W Hoffman, David Pfau,
Tom Schaul, and Nando de Freitas. Learn-
ing to learn by gradient descent by gradient
descent. In Advances in Neural Information
Processing Systems, pages 3981-3989, 2016.

Andrew Arnold, Ramesh Nallapati, and
William W Cohen. A comparative study of
methods for transductive transfer learning.
In icdmw, pages 77-82. IEEE, 2007.

Shai Ben-David, John Blitzer, Koby Cram-
mer, Alex Kulesza, Fernando Pereira, and
Jennifer Wortman Vaughan. A theory of
learning from different domains. Machine
learning, 79(1-2):151-175, 2010.

Christopher M. Bishop. Pattern recogni-

tion and machine learning, 5th Edition. In-

EREGMS: (FREMBSREF )

formation science and statistics. Springer,
2007. ISBN 9780387310732.

Avrim Blum and Tom Mitchell. Combining
labeled and unlabeled data with co-training.
In Proceedings of the eleventh annual con-
ference on Computational learning theory,
pages 92-100, 1998.

Konstantinos Bousmalis, George Trigeorgis,
Nathan Silberman, Dilip Krishnan, and Du-
mitru Erhan. Domain separation networks.
In Advances in Neural Information Process-
ing Systems, pages 343-351, 2016.

Leo Breiman. Random forests. Machine
learning, 45(1):5-32, 2001.

R. Caruana. Multi-task learning. Machine
Learning, 28(1):41-75, 1997.

Zhiyuan Chen and Bing Liu. Lifelong ma-

chine learning. Synthesis Lectures on Ar-

https://nndl.github.io/


https://nndl.github.io/

ERPEN

2019 £ 4 A 18 H

253

tificial Intelligence and Machine Learning,
10(3):1-145, 2016.

Jia Deng, Wei Dong, Richard Socher, Li-
Jia Li, Kai Li, and Li Fei-Fei. Imagenet:
A large-scale hierarchical image database.
In Computer Vision and Pattern Recogni-
tion, 2009. CVPR 2009. IEEE Conference
on, pages 248-255. IEEE, 2009.

Jacob Devlin, Ming-Wei Chang, Kenton
Lee, and Kristina Toutanova. Bert: Pre-
training of deep bidirectional transformers
for language understanding. arXiv preprint
arXiv:1810.04805, 2018.

Chelsea Finn, Pieter Abbeel, and Sergey
Levine. Model-agnostic meta-learning for
fast adaptation of deep networks. In Pro-
ceedings of the 34th International Con-
ference on Machine Learning-Volume 70,
pages 1126-1135. JMLR. org, 2017.

Robert M French. Catastrophic forgetting
in connectionist networks. Trends in cogni-
tive sciences, 3(4):128-135, 1999.

Yoav Freund, Robert E Schapire, et al. Ex-
periments with a new boosting algorithm.
In Proceedings of the International Con-
ference on Machine Learning, volume 96,
pages 148—-156. Citeseer, 1996.

Jerome Friedman, Trevor Hastie, Robert
Tibshirani, et al. Additive logistic regres-
sion: a statistical view of boosting. The
annals of statistics, 28(2):337-407, 2000.
Yaroslav Ganin, Evgeniya Ustinova, Hana
Ajakan, Pascal Germain, Hugo Larochelle,
Francois Laviolette, Mario Marchand, and
Victor Lempitsky. Domain-adversarial
training of neural networks.
Machine Learning Research, 17(59):1-35,
2016.

Tan J Goodfellow, Mehdi Mirza, Da Xiao,

Aaron Courville, and Yoshua Bengio. An

Journal of

empirical investigation of catastrophic for-
getting in gradient-based neural networks.
arXiv preprint arXiv:1312.6211, 2013.

Arthur Gretton, Karsten M Borgwardt,
Malte Rasch, Bernhard Schélkopf, and
Alex J Smola. A kernel method for the

two-sample-problem. In Advances in neural

EREMS: (FREMBSREFS)

information processing systems, pages 513—
520, 2007.

Kaiming He, Xiangyu Zhang, Shaoqing
Ren, and Jian Sun. Deep residual learning
for image recognition. In Proceedings of the
IEEE conference on computer vision and
pattern recognition, pages 770-778, 2016.
Thorsten Joachims. Transductive inference
for text classification using support vector
machines. In ICML, volume 99, pages 200—
209, 1999.

James Kirkpatrick, Razvan Pascanu, Neil
Rabinowitz, Joel Veness, Guillaume Des-
jardins, Andrei A Rusu, Kieran Milan, John
Quan, Tiago Ramalho, Agnieszka Grabska-
Barwinska, et al. Overcoming catastrophic
forgetting in neural networks. Proceedings
of the national academy of sciences, 114
(13):3521-3526, 2017.

Alex Krizhevsky, Ilya Sutskever, and Ge-
offrey E Hinton. Imagenet classification
with deep convolutional neural networks. In
Advances in neural information processing
systems, pages 1097-1105, 2012.

Tomas Mikolov, Ilya Sutskever, Kai Chen,
Greg S Corrado, and Jeff Dean. Distributed
representations of words and phrases and
their compositionality. In Advances in neu-
ral information processing systems, pages
3111-3119, 2013.

Sinno Jialin Pan and Qiang Yang. A sur-
IEEE Transac-
tions on knowledge and data engineering,
22(10):1345-1359, 2010.

Jeffrey Pennington, Richard Socher, and

vey on transfer learning.

Christopher Manning. Glove: Global vec-
tors for word representation. In Proceed-
ings of the 2014 conference on empiri-
cal methods in natural language processing
(EMNLP), pages 1532-1543, 2014.
Matthew E Peters, Mark Neumann, Mo-
hit Iyyer, Matt Gardner, Christopher Clark,
Kenton Lee, and Luke Zettlemoyer. Deep
contextualized word representations. arXiv
preprint arXiv:1802.05365, 2018.

Alec Radford, Karthik Narasimhan, Tim
Salimans, and Ilya Sutskever. Improving

language understanding by generative

https://nndl.github.io/


https://nndl.github.io/

254

2019 £ 4 A 18 H

ERPEN

pre-training.  URL hitps://s3-us-west-2.
amazonaws. com/openai-assets/research-
covers/languageunsupervised/language
understanding paper. pdf, 2018.

Rajat Raina, Alexis Battle, Honglak Lee,
Benjamin Packer, and Andrew Y Ng. Self-
taught learning: transfer learning from un-
labeled data. In Proceedings of the 24th
international conference on Machine learn-
ing, pages 759-766, 2007.

Jirgen Schmidhuber. Learning to control
fast-weight memories: An alternative to dy-
namic recurrent networks. Neural Compu-
tation, 4(1):131-139, 1992.

H Scudder. Probability of error of
some adaptive pattern-recognition ma-
chines. IEFEE Transactions on Information
Theory, 11(3):363-371, 1965.

Karen Simonyan and Andrew Zisserman.
Very deep convolutional networks for large-
scale image recognition. arXiv preprint
arXiv:1409.1556, 2014.

Sebastian Thrun. Lifelong learning algo-
rithms. In Learning to learn, pages 181-209.
Springer, 1998.

Sebastian Thrun and Lorien Pratt. Learn-
ing to learn. Springer Science & Business
Media, 2012.

Lisa Torrey and Jude Shavlik.  Trans-
fer learning. In Handbook of Research
on Machine Learning Applications and
Trends: Algorithms, Methods, and Tech-
niques, pages 242-264. IGI Global, 2010.
Vladimir Vapnik. Statistical learning the-
ory. Wiley, New York, 1998.

EREGMS: (FREMBSREF )

David Yarowsky. Unsupervised word sense
disambiguation rivaling supervised meth-
ods. In Proceedings of the 33rd annual
meeting on Association for Computational
Linguistics, pages 189-196, 1995.

Jason Yosinski, Jeff Clune, Yoshua Bengio,
and Hod Lipson. How transferable are fea-
tures in deep neural networks? In Advances
in neural information processing systems,
pages 3320-3328, 2014.

A Steven Younger, Sepp Hochreiter, and
Peter R Conwell. Meta-learning with back-
propagation. In Proceedings of Interna-
tional Joint Conference on Neural Net-
works, volume 3. IEEE, 2001.

Werner Zellinger, Thomas Grubinger, Ed-
win Lughofer, Thomas Natschlager, and
Susanne Saminger-Platz. Central moment
discrepancy (cmd) for domain-invariant
representation learning. arXiw preprint
arXiv:1702.08811, 2017.

Kun Zhang, Bernhard Schélkopf, Krikamol
Muandet, and Zhikun Wang. Domain adap-
tation under target and conditional shift.
In International Conference on Machine
Learning, pages 819-827, 2013.

Yu Zhang and Qiang Yang. A survey
on multi-task learning. arXiv preprint
arXiv:1707.08114, 2017.

Zhi-Hua Zhou. Ensemble methods: founda-
tions and algorithms. Chapman and Hal-
1/CRC, 2012.

Xiaojin Zhu. Semi-supervised learning liter-
ature survey. Computer Science, University
of Wisconsin-Madison, 2(3):4, 2006.

https://nndl.github.io/


https://nndl.github.io/

F=E 5






F11E  HRERE

Bt R R R A 3003 2 0 7 S

#EF B 42 A (Probabilistic Graphical Model, PGM) , {&j #x B £2 & ( Graphical
Model, GM) , %?‘é*ﬁ‘ﬁ% B 25 1) At iR 22 T BEAL AR B 2 [ S AR ST O R 1 MR
REA, Mg e 4 7 [A) R R 2R A A R T AR IR B E M

T A K 4B E X = [X1, Xo, -, Xi|™r AR N mgi 45 1a)
oA, — O E R . RSN NEBEEIA m NUE, A
TEAEMIMSIAR G KT, WHREmE — 1N A RN HEMRES . Ym =
2, K = 100/, ZEEL N 10%°, mim#d 17 - EHL AR

— PG 08> SHCE R TR MR . K YERE LA A R )
N K AR R A,

p(x) £ P(X =x) (11.1)
= p(x1)p(wa|rr) - plekley, - vk 1), (11.2)

K
H (zg|Te, - wEp—1), (11.3)

Horh oy, FORAEE X, FBUE . R BELEAS R 2 [AMFAE A AL, S HE T
uﬂmmm

A U A2 R X, Xo, X3, Xy, FEARNEIX ) LANAE 2 OB R S

N AT DA — N B A A ORIC S — PR EUE IR p(x1.4), FEHRE 21 -1 =15
ANBHL BRECH X B, Xo f1 X3 B, B

p(x2|z1, v3) = p(2|1), (11.4)

p(as|xy, x2) = p(as|xy). (11.5)
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TE VAN X A1 X5 I, X, A0 X, Jhsr, BN

p($4\$1,$27$3) :P(»’U4|CB2,$3)7 (11-6)
AL ARER p(x) 7] Ao N

p(x) = p(x1)p(w2|ey)p(z3|rr, v2)p(xs] 21, T2, 23), (11.7)

= p(x1)p(@2|z1)p(z3]|z1)p(T4| T2, 73), (11.8)

FE AN RIS R (R AN . AR 2 4 AT R AT SR IX 4 DA HE R I,

HFEEL 424244 =9 MM SHL

LR R A AR LR 2 R, AR R E 2. AT

PLAE B 454 1 7 s R R A R el WAk, DA—Fh B a7 2 ) 05 A IR BE ML AR

2 (AN E PR T, AT DI — AN 44 (R B A M SR AR o i oy — BB

BASAE RS 20 S 11145 T B A NS B 2 A R S B ST A 1

ELHh . RPN SRR — LR, FREDTEZ MRS R. X

TR EENE, WA — N E AL R, T LURSE 45 1Sk
PSR AT 0, R N — LR BB RE R 0 A5 I T AR .

O« : o)
@
B 111 288 X, Xy, X3, Xy Z RGPS VE R BT R R

ERBURGEE A BT IR AU AT =N )

Lo ORI 0T — MR R, ey P 5 ) SR R A e 2 [)
2. JEWTEE: AE O ER, THE e R R A .

3. S RS S B R A M I ST RS HU 22 2] . FEAREIRATA
RIEAEL E WA S 5 2], RIS HUs T R

ERBSHRFS] R PLE 7 IR AT CLAS ke R AR AL, RV A A\
2 R SR BER A . DRI, IRRR O T — T 00 A BER AR 25 22 ST A8
M, I BRI A IR B0, Bt 7 A A RIS~ ST R TR AR 5 i i
THFTBRAE . FENLER S ), IR R 22 3t PSR e TH AN 3 2% b 2 3] Bk
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11.1 RERR

B —2H 7 &I Sz (Rl (P 2. (ERER BB, AT R R —
MENEE (B—AMMEE), LRFIXLEHHHLA 2 AR R R

LB B AL AT DLy NS A BAR AR e BAR AL, A ] R A
IR A AR, WER AN 2 A&, R TR &R
HRXF . JCH BB TG ERR TR MK R BRDRERR DL
BZRAMERBLR, HEHFA—ERFRLR,

El11.245 TR EEA CHRBERTERED KR, 5nRns T
VU { X, Xo, X3, X4} Z AN AR C R

O

(a) AFIE: DU 25 (b) L. H/RAI KB

11.2 A A BRI [ ] o At BRI T s LN 2 ) A2 &, ANili FASE
TR ARRFRAL R, I RIR PR B R [ AR AR OR A

11.1.1 AEEEE

A @ BAA (Directed Graphical model) , HFA N =+ #f M % (Bayesian
Network) , Bifz4 M 2% (Belief Network, BN) , J&48 FHH I ERE IR Z 7
P EEA ., HE—NERE GV, E), TREEY = {X1, X, , Xk} ER
KBNS, 350k RS X, . ENINES, MRUTRMANER
Z AR K &
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EAFBEXF, “98” 5
“EMEET, “EE” L
SBHERN. AT TR
— AT E

ENMA-DMERNE: S T—AMilAEX = (X, Xs, -, X"
M—AH KA R R AETRE G, GRS s # R B —N b
AR, FTLE TG T E, REFSREALSLK. GHIEANE
e;; RoARMANBENLAR & X, 1 X; Z A BAA ML BEER R &R X, &
AERE X, AR RRBES, SRR AR FFRES
# (local conditional probability distribution) N P(Xy|Xx,)-

IR XA R A AT LA g R BRI BEAL AR B X, IR A R A
BERFEFRI A, R

p(x) = [ plzxlxn,), (11.9)
k=1

WA (G, X) FIEL T —A Mot A 2%

FHIRIIME AE DU R R, WSR PN Y RO ELRE IR, EATE E R AR
MOLH, RAZERRXAR. KHRL K7, 70 “R7

IR AR EGERN, (HRENZmA —Fad HeT gt
KR, TBAIXPATT S AR SV LU AR 2% o A=A 1Y i) DL 2B
PIZE NG, 2558 =TT R X, Xo, X Xy F X A ERGERRR), T Dos s
WX R, XA AW DA U MOERR R, 113N,

OO

56 ® QF

@@@@ @

11.3 =EANBEMKHEIR R R 7 (a)(b)H, X; L X3|0, HX) L X3 Xo;
TE (), Xy L X500, HX, L X3 Xos 7E(d) . X7 L X500, HX, L X5]/Xo

EfEER KR (E11.3a) 24X, AR, X A X3 MBI X 1L X3 Xo;s
BIEREXFR (E11.3b) 4 Xy AN, X 1 X5 AL BT X, L X3]Xo;

HEXFR (E11.3c) 2 X, KA, X Al X A M8, 2 X, S8, Xy
7l X3 /di'ﬁ:ZE_L’ Ell X1 AL X3|X2
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HBEZ (E11.3d) U Xy KM, X, H1 Xa BALH: X, DA, X, A
X AL, B X, L X3/ Xa.

BEREIRAT KM BT A — AN — B DI 2%, HRaR B R KRN B
BEHLAZ B AE 2R R SO RIS LT, 2R e AR A

Xy, L Z| X, (11.10)

H 7 N X, FAERRA &
11.1.2 ERNEEEERE

1R % 2 S LA 2 ST AT DU A 1) PR ROR B, R AnAb 2 DLt 73
Rate . BRI /RATRIER IR FEAS &M% 4

11.1.2.1 sigmoid 52/

N TR BIES S, AT DA A S AR AR AR AR ] AR A ) A A
A — PR R S HE RN sigmoid 15 & 4% [Neal, 1992]. sigmoid 13 &
& (sigmoid belief network, SBN) H[AZEHE N {0, 1} X T4 & X, AI'E
AT A T, H R MER S AT RN A

P(Xk = ].|X7|—k,9) = 0(90 + Z 97,%1)7

TiEXr,

(11.11)

Hrp o(+) #& Logistic sigmoid REL, 6; &2 25 R & X, 32T A
HE N M, SRR IR FA R T 2M AN S8, S S He R
MIATFEM + 1405 WRAAE A S R AR AR AL A — N S5k
A, H S0 ] LURIR D o

EAF—4212, Sigmoid {7 &M% Logistic [ LAY K ] Logistic Bi%L
Kt FRAFER . IR Sigmoid (5 & 2 A — i35 5, HrA IS
R AR R, HIBUE N S2H, T84 sigmoid 17 29 W £ ¥ 1 2% 25 14 Fl Logistic
IR, 1147 . (o, XML X LE T Logistic [A] AR
) x VRN — R e RIS 4, AR & . Bk, Logistic [l A8 @A 5% A

Ep(ylx), f&—MAFAER; 1 sigmoid 7 & ML B p(x,y), & TP A s,

11.1.2.2  F#hEDIHERSY 288

A& Mot i £ % (Naive Bayes Classifier, NB) & — 25\ B[ HE 2R 525
%, TEE O ML MR B4 T iz F DUm3 2 Aok TH BR800 1 5 36

EREMS: (FREMBSREFS)

M X (11.3) #= (11.9) 7T 43
3, ARIA11-3,

Logistic B Ja 42 A1 b 22 3 fi2
B AR ERA,
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@@@ X, L X

\é/ \QID/

(a) R —EMFH sigmoid {58 (b) Logistic [#]17
P 2%

K] 11.4 sigmoid 15 & M 25 A Logistic [ VAR 1) b5

Y58 — N dHERFIERIRE AR x RISy, T 5 SR

_ plen,-- s zaly)p(y)
p(-Tl,"' 7$d)

p(ylx,0) (11.12)

Hrr o AMEDATINSHL

TEANZR DI Hr o R8s, RORTES B Y BIEHT, X, Z 82 5B,
B X L XY, Vi # 5. BEILILS4H T FbE Do R B i BT RoR

©.0.0
\Cj)/

11.5 b DU S i R R s

PRI i p(y ) FT LA

d
plylx, 0) o< p(yl0e) [ [ plwily, 6:), (11.14)

i—1
H o, 2y MARRMES M SEL 0, 2 KMHE S0 p(;)y, 0,,,,) FIZH. W
Rx, NELA, p(xily, 0;,) PTCAH S A0 A Wik o NESHUE, p(zi)y, 0:.y)
Ay LA 2 Do A i At

BRI IR DU 3 SRAS I 26 AP ARSI RS, (HARAESKBR R R, AhER
DUy RESAEAR ZAR 55 L MR BIRGF IO EE A, JF AR 8L, ] AT 2B
IRVEDS=
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11.1.2.3 RS /RAIKIRAY

fa 0 /R 7T %44 (Hidden Markov Model, HMM) [Baum and Petrie, 1966)
M EARAARN SR RERE. E11.645 H RS /R AT R R R IR .

IOERe
®®  ©®

11.6 [ty IR ] A A
555 R AT KA (IR A 3 T LA
p(x,y,0 HP Yelyi—1,05)p(@e|ye, 0), (11.15)

:/H\:EP p(xt\yt7 9t) j"jﬁrﬁ & 7}%};" p(yt|yt,1, 95) 734%7?5#%5‘, 957 et ﬁ%u%ﬂi\‘l—ﬂj%%
PRI 3L

&2 op(yr|yo) — A& A AL H

11.1.3 FEEHESR p(w1)-

e BAER, WD RT XM (Markov Random Field, MRF) B,
0 R KM% (Markov Network) , & —28H L & B KRR —HEHG [/ SR
nJ M A BE AL R X IE A R 0 A A A

EN.2-5/RAKMENS: ST MENIAEX = X, , Xk|T

A—NEH KA SO EREGW,E) (A EENER), IEIGEPE’JT?'E
kRRFENALR R X, 1<k < K. WHR(G,X)HERIBLRTRER,
Bl — A8 X, 745 8 B IR JE BB L S T AT e R &

p(zr|x\k) = p(Tk[XN (k) (11.16)

Hh N(k) N3 X, AREES, \ENB X ML RINES,
L4(GX) AT — A R T X AL

B DRA N T % T A 71 B
Xie L Xy | Xvey,
Hr1 X gy ke B Xy ) 1 X, SN AR B

EREMS : (FEMNESREFS) https://nndl.github.io/
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XEFE11.2b A [ 4 A E, AR SR AR TR, TSR] X, L Xy[Xo, X3
M X5 L X3]X1, Xy

11.1.4 FEIERBAGHEEER 57 7

FH T 6 ) BB AR AN R A — N AR S A HR AU, BRI T2 A 2 6 p(x)
BHATIBE— o0 o) IR IS AR — AR DL & 38 5 BN B HEAT 0. G
HE R — e EE TR, FRONE (Clique) , BRI EIATE T A2 B4R
F1L 794 a 743, A4 { X, X} { X1, X3}y {Xo, X3}, { X3, Xu}s {Xo, X4}
(X1, Xo, X3}s {Xa, X3, X4}

A BT, R EARE L EHES, XANEHE I RAR
(Maximal Clique) »

11.7 JCIn) AR T rp g [ A B K ]

EF 5 T 1 & b ) R A RS T LM O — R 81 E SUHE oK ] B AR 5B
BB 5

7£3% 11.1 —Hammersley-Clifford €32 : WIHE—N4i p(x) > 0
W2 T 1 B G A B R S R AT RV, 2 BAY S p(x) AT AR IR A
— R € ALK E] ERAEf R B AU A, B

p(x) = % IT ¢e(x), (11.17)

ceC

HCNGHRBRRBES, de(xe) > 025E AR c ERH %
&4 (potential function) , Z &% FH# (partition function) ,
FRF e f I — O 2R T

Z= Z H¢c(xc>7 (1118)

xeX ceC

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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Forpr X YBEAL A R X AR 2 H] ‘

Hammersley-Clifford & 2 1)1l B 7] L2 7% [Koller and Friedman, 2009]. J&
Tia] PR 5 ] P R ) — S B X2 A E 7 B Z . BE 70 e B TH SR R
FERARELILNN),  RILAEHE T AN 2K =) I S 75 2 S &

EWEAMm A3 (11.17) dow LA T Aoy & A 457 (Gibbs distribu-
tion) o ¥ Hammersley-Clifford 5& P, J¢ ] IR AE A W0 A2 — 200 3%
A 1750 AT — 58 I 2 Ty R BT RBEALIA I S A o, I HL 5 2R AT SR BE AL B A%
RO — € AT LA IR B AT o0 At

H T HARERBL TN IER, BRI —HE LN

¢e(xc) = exp(—FE.(x.)), (11.19)
Hrb B(x.) NAEEH# (energy function)
Rtk TG B b SR A v AR R A :
P(x) = ;gexp(—E (x.)) (11.20)
1
_ Zexp(c; _B.(x.)) (11.21)
XFE A 048 XN R 2% % 49 (Boltzmann Distribution) . fRff[—4~ %

) BAR AT DL AT (11.21) KRR ISR
11.1.5 ERTEEER

1R % e S LA 2 ST R AT A JE 1) PR BRI, b B P Y
(MRS SRAFRENL . BURZE SN, RIRPURLZHE.

11.1.5.1 XL MREY
P B E LA
de(xcl0e) = exp (07 .(x.)),

HAPeREL fo(xc) WE XAEx, LRIRHERI R, 0, BUE A&, ZAFEAHER p(x)
PSRV W)

(11.22)

D 07 felxe)

ceC
Hp o REMERABREFNSE0, . XFIEABITE M B ARRR 2t # &tk
# A (Log-Linear Model) (& K442 A (Maximum Entropy Model) [Berger
et al., 1996, Della Pietra et al., 1997].

log p(x]0) = —log Z(0), (11.23)

EREMS: (FREMBSREFS)

B & a0 F AR
#11.2.2%,

XE R 5 REAHIE L)
B, PPAEEARIKERA BE

BREEMARLELI2.1,

TR E R EEMNAE L
$12.2%

https://nndl.github.io/
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U SR A B 2 AR RO AR p(y[x)»

1
p(ylx,0) = Zx.0) exp (HTf(x7 y)), (11.24)
HA Z(x,0) = 32, exp(07 fy(x,y)) o P ELLAERBA AR & 1 R KOHHAL
o softmaz © R,

softmax © Y3 A A A R
8.3 11.1.5.2 RN
4 E#M (Conditional Random Field, CRF) [Lafferty et al., 2001] &

— P E AR AR T [ AR T

AR, 26 AF BN B 2R AR p(y[x) 1,y — O RENL
[, ARG B p(y [x) AT R 7 0. BBERFREN U MR KR & o8 e, 3
KRN

p(ylx.0) = g exp (302l (11.25)

ceC
:/H\:EP Z(X7 9) = Zy eXp(Zcec fc(xa YC)TGC) y‘jua—"f'tlﬁo
— AN AR BENLIZ A 118 o I BE N b, AR

1 T T-1
p0) = 75 o (0 Atow) + 30 ot ), (1126
’ t=1 t=1

Ho fr(x,ye) NREHFAE, —BAELE (AR, fo(X, ye, yeg1) WIS AT, —fE
LA fa(ye, yoyr) TR FEREFEFER R -

(a) FOKAHHY (b) LIEBERIZ RIS

11.8 S RN AL B () 2% AR B A L7

11.1.6 BEIEMEEE B H)GE#H

T I PRI AT AR A () B B T 37 (0 — SRR 2, EL AR g
HEARRRA A BB RES RN IR SC R, IR R K &

ERSEHE : (FREMBSREFS) https://nndl.github.io/


https://nndl.github.io/

11.2 W 2019 £ 4 A 18 H 267

DAL 9 AT [a) B 98], JLIBC S ME =2 0 A1 W] LA i
p(x) = p(x1)p(x2)p(w3)p(24|21, T2, T3), (11.27)

Hrbp(zy|ar, wo, x3) VUM B R A OC . R BT B, 7522081 YA

BEARVAJE T — B R R O g 1) =N RUZ RIS I 332, W 11.9b F T T
o RALFERNE A (Moralization) o ¥R (TE A RO B (Moral g )1 3 a0 50 % o 20 7 24
Graph) o fEEEALIE R, JFORA ) B — S o B2k, e Brfl 1 (g ki),

Xy L Xy L Xo |0 7ETEAE K AN ST

() OO =0

() (%)
e

(a) HHIE (b) R

11.9 BAFRKCANA 17 B IIEE RG]

11.2  HEWR

TEEIAY R, dE 7 (inference) 2fREMMBIH D EE e = {e1,e2, -, em}

i — A ERRR T, B 7R e, qbh, HRBERR Nz, MRAE A

A pla.e) Tk — A, & EARIE A
= ’ 11.28 TEAABKLE,
p(ale) () ( )
> .Pa,e,z)
=L T 11.29
S ar(@e.2) (11:29)
(Rl PRRIASE TR f 4HE B ) R ] DA 4 R sRAT R — N2 i T AR 11 B R 20 A
7] A8

FE BRI h, 5 FF (0 7 7 925 T D4 A 2 A B R oh 4 b 7 2K
RITABRMREFHERT B, AP R B .
11.2.1 TEEKRE

CLE L. 2a 008 [ BN, AR BEHERT [ SR T B S0 p(2y |2g), 75 20T
HPAN AR p(z1, 24) Fl p(24) -

ERSEHE : (FREMNBSREFS) https://nndl.github.io/
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AT ARG B A F KA BAZ
A, RARKERNTH
A,

R KPS R %, A

p(e1,xa) = Y plwy)p(xa|zy)p(zs|er)p(zales, w3), (11.30)
RN AR B I K AME, THE L A bR oA 75 2 K2 OB AR K2 x 31k
Feid:

MR eV (1 73 AL A
ab+ac = a(b+c), (11.31)
HIBFREE p(ay, 22) TS 9
play, 1) = plzy ZP w3lr1) Zp Ta|71)p(w4]w2, 73). (11.32)

XEE S E R DLRD B K2 + K IRINEA K2 + K + 1IR3,

XA BRI A SR AR, UGER — N g, SR/ RIAER
MR EARE, FONEEH %% (variable elimination algorithm) . FE# &
PR B K, AR B YE BRTE IS A B

AR T BRI T DA BEAN R RO WP R B AR B Ll L i (-4 B ] A 7T A
MW xs, xo BIHBRIFP AT 5.

[, ABRMEE p(ay) AT RLEE DA T 7 205
Zzp $4‘$27$3 Zp ng‘.Tl $2|:L'1) (xl) (1133)

3 T2

A EHERIEN — DR RGRAE T 2 DU AT AR 2 R H
WA B R, TSP p(xs) M p(as) IR 22 JR SR AN S —
FER o

11.2.2 E&EBEZE

12 A 1% 4% (Belief Propagation, BP) ik, tHF 4242 (Sum-Product) &%
B 84518 (Message Passing) 832, &2 HBRIZEH ) F2 42 (Sum-Product)
BAEBE W &, JFORAFER, XRERT DAY A KE T 55 .

11.2.2.1  #XEH ERMNESEREX

u1,2($2) M2.3($3) NT—LT(CET)
222 £2
M2,1(l’1) U M3,2($2) )

prr—1(Tr_1

B 11.10 Jor SR BEREERIE B AR 1§ AR

EREAMS: (FEMNESREFS) https://nndl.github.io/
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LA 10F - I ) By R W] R EE N, HERE MR p(x) N

— %Hqﬁc(xc) (11.34)
ceC
T-1
= H (e, Tog1) (11.35)

Horp ¢($t, $t+1) 7 A A ($t7 1't+1) 35 BE BRI
H N ERIAPRIMER p(x) N

Z DI Zp (11.36)

Tt—1 Tt41
*Z Z Z Z H A, Tp41)- (11.37)
Tt—1 Tt41 xp t=1

BB K AME, AERIA—4I0, @ A (11.37) T bR 43 A 75 2
KTV ikl fe KT=1 x (T — 1) IRtk
MR o oA, PR p(ay ) AT DL N 7 BT 5

o) = (z S T étesren ) ~ (z--.zﬁas@j,xm))

Ti—1 j=1 Te41 T j=t

N \

(qu (zm,xg (ZM,@))).
(Zwt,w (Z (@r—a, o7y (ZMT e )))

Ti41 TT—1
1
= Eﬂt—l,t(xt),ut-‘rl,t(xt)v (11.38)

Ferf a1 g () B SCNE R Xy IS X, BB R o om0 () KT AR
X, (R, TR

pe—1,t(2e) Z¢9Ct 1) fe—2,0—1(Te—1)- (11.39)

Tt—1

i1, t(xt) ZEE% Xt+1 I_LJ{E Xt 'ﬁ?ﬁﬁﬁﬁ/ﬁ Jan) IEX?‘]

it e(my) = Z O, Tep1) g2, 042 (1) (11.40)

Tp41

THBRMER p(a,) IR E RN O(TK?) . iR B HBA S LTE
BERARE, NHEEHNSERNSREEE TR, FANE P
AR BSR AR .

BN R B R 5 S R N
EBERMS: (HEMBSREFS)
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L ARG ST ARSI R 10 (e), t=1,--- T — 15
2. R R IAME NS w10 (ze), t=T—1,---,1;
3. FEATEN St FiFER S 2,

Z =" pu—ra(@) (@) (11.41)

XFE AT LGB A (11.38) {HHETE R ERIABRHERT .
11.2.2.2 W&EH_ EWNESEBEE

B SRR AL T DU 2 B M EE M AR | 2R — AN 1 i 2
EREWARR RA %R (BRITIRD, HRA—DMEA TSR, A
XA [ B SR, e — A ST R SO IR mle IR — AN
K SRR AR B A — kA, AL EWIAMEER . £
B, ARE A S HRT AR A

W EE R R A5 S AR FR A2 1) M7 fUBR T s S A% 3
HE: 20 WRFT RT3 5, R RIFEEIEE . 3) R AL
THE A O SRR (AU TE A B IH 40, Bie R 1 A AR
AP

W E B R AEERR RS, T DME B S A H & (Junction Tree Algorithm)
[Lauritzen and Spiegelhalter, 1988] ¥ 25 #4) e R To A

11.3  JE{ULHERT

PESEBRR T RS AR DT — A FH T 45 A LUl B (0 HE BT 1) =4 RIS 1)
SERJ LI RIS, AETRHERT T T S LBOR. Ak, Gn IR B ) A
RSN, FFHER R EE A M A (closed-form) fERT, 1 I02d FH RS ff 41
Wro [RIG, FEAR 24500 HH H R I AL T 12k 2 AT HET .

Y AERT (Approximate Inference) A LLN = FfJ7ik:

1. FRBAT A4 MR TP AR AE IR BRI, A0 AR BN, VB e R g
—HALH, N REUSHERANI SN . #5442 & 4 4% (Loopy Belief Propagation,
LBP) RAERAGIRIEE LRI AR S, BIMESE IR, £5
SO 55 bt m] LT ALURS A o

2. Boik: BRI A AR S R A R o0 A AT R %, BHARA O
5. T4k (Variational Method) &5 A—/NE4 A0 Gl 2 HLEE
(HESIE DI SR Vee =5 S U R /Y e P i BB AV R Sei AR S = B
BN M SERENE > 2R MAEE AR ZER (Hinsg X
JEEC KL BEES), SRS FRARE AL 43 40 A1 KA T HET .

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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3. KAk kA% (Sampling Method) &Il AL 7 SR REERF & A
I p(x) ) —ReREA, FFIE X AR AR TR AN - RIS, E
LIPEEE

AR T A I T RAETE AL AUHE T .

11.3.1 S¥H KT HE

#Af% (Sampling Method) , HIYZE 4K % 7% (Monte Carlo Method)
BRI M Ty &, a2 20 AT 40 FEAR A th 1 — P I RAUR A IR T VR R
A TE— S B S BB R . FEAUK AR TR NS R 2 B BB N p () HR i H
FFaHMESMFEAR . HT R EN H IR R e, XM IsAE N —
FBRSTIT IR R, A5 2 AR 22 X LAt 5 %) n) REER T DA i B ATLBE UL 1) 7
ERIEATAG

SRE R ITVER) A S R F ) SRR v SRR A R . FRATANTE AR
r IR B TR or?, T EARN 2r BIIE DT TR B THRR N 4r% 0 93RATHIEJT T 254k
EAMHUIEE, SRR e S MIE o b, FATEETEER M
M. PR, 7% @ ALy iR AT Ml v 1 SR A IR D7 TR N 4ME
RFE 7 BENVAE S T 5, tHEEN S B s ERES, MW 2 15 76 72 [
BRI RG2S TR A B NS0 5 B A R Tl 9 R B8 SR, IX
ANEBIRNAZEGE T L, TG FH m (4E

SR 2 I A AR T LA S R A — A AR R B0 p () 1Y
AR FERREL f () IR

E[f(2)] = / f(@)p(x)d. (11.42)

A p(a) LB 2R, AR KO VE R XN . N TSR E[f ()],
HATTAT LA L RALAF & BRI BT 5. B Se M p () AT HIUK N AR
e, 2@ s () R AT BLAX N AMFEARIE f KIE Bk

A 1

fv=+ (f(x<n)_+...4_f(xﬂvn)_ (11.43)

RIERECER, XN BT I55 KN, HEAREWS T INEE.
v B Ef(x)] 4N - . (11.44)
XA SRR A B AR

EREMS: (FREMBSREFS)

R Fh A

FRHRFTF mEw L TF20#
405K E B < F oAt
X7, LT KRBT HEMTY
— AN A AL ] 5 8 3R 5
HFF, RiEmE,

ATFRExANELETE, 4o
R RBREE, TAKER
DR H K,
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p(z) = %ﬁ(x), o Z A
2 b o

AT RARL, &A1iesEE
R A p(x) B oA AR
A5H p(x), TR

R DA S Lk b L8
EABESH.

BEHLSRAE 5045 B/ A IE AR  T AT BHLRRE , BT BB e 2
o5 B p (o) MR BRATTATIE, S SERLAT AL 54 MBI e —
(0, 1] I ESA A AT HIREAR €, p(e)=1. ISR EHENLABRMIEA T 51945
(e, L B SRR

ISR — A R B SO p(), 3 BB B S cdf (o) i
WA, LR H cdf ~ (), y € [0, 1], 4 FRA T BLRIH B4 16 b6 e
(Y R SR A R B AT REA . B € 2 [0, 1] KT E49 51 53 B
R, T edt ™ (€) MRAIESR 3 50N p(o) 531

B2 p(a) IFH IR, HRR M H AL R BT, B ANKITE p(x)
REHAME,  ARBERIA A p(a), T2 BEHE N ELBERS p(o) AT RAE, £
TEFREAE A — LE R ERAESENS, LB R, ERMRME. BRTRER
BT T RS KT O SeRYE — N LUBUE 5 KA 0 A AT KA, R
Ja R — S SEE R R AT BT pa) AT KIREAS

11.3.2 $B4aRHE

1B 48 K (Rejection Sampling) , I 3% % -4E 26 K 4% ( Acceptance-Rejection
Sampling) -

VR LG 53 p() ME LA BEHERAE, FRATAT PASI N — AN 5 AR I 5040 g(2)
—HRFR N# IS H (Proposal Distribution) , R JG PLREANRHESRIE 48— 4 1)
FEAAL G e 2 KA HIREA IR 7341 p() -

EAR LR AT, ORI B0 p(z), WATHEME — MR A
q(z) =Nk, 13 kq(z) "TLAE S RE p(x), Bl kq(z) > p(z),Va.
EI11.11577R .

B 1111 4K FE

EREAMS: (FEMNESREFS) https://nndl.github.io/


https://nndl.github.io/

11.3  FfehHEmy 2019 £ 4 A 18 H

273

X TR IFEA &, THE TS (acceptance probability):

~

p(E
kq(z)’

FEUER o RIEZAEA &0 AEACRFERER AR I N 551110

(i) = (11.45)

Bk 11.1: H4RKAE
I FRU A g(x);
W HE
HALELGY =0

1 repeat

2 | RHE q(x) BEHVER DA 2

3 | WWHEELHE )

4 M (0, 1) BI35 20 3 AT R BEHLAE ile— M 2;

5 if 2 < «(%) then /* Dla() MREEZ % */
o | | v=vuiakh

7

end

s until A 2|33 NAHA (V| = N);
Mt REASESY

I — B L RAF AN IR AR R R AR, RLE RIS R. IR
PREL kg () IR T JRAG AT R B p(2), JEAR SRS, REACELARHE A
o HERB A p(x) LB RIFEW AT LEAL R R . e R A R e
[, HORFERZARHAR, SBURXMERN ] 2 SEhr A

11.3.3 EEMXRH

U FERAE N B RS p(a) T EREL S () RIIER, A SEPn B A
AT B AR AN p() o WA BLEIL 55— A0 A, R A g(x), EI%
REEFEAG T Ep [ f(2)]

PREL f () £ 73047 p(z) TR LAE Oy

E,lf(0)] = [ fap(o)ds (11.46)
—-/CJK )q(x)q( )d (11.47)
=l/qfwﬂuxx)q@ﬁdx (11.48)
— E,[f(z)u(a)) (11.49)

EREMS: (FREMBSREFS)
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Hrpw(z) RN EZHRE,

F &M K (Importance Sampling) &l 5| NEEMERE, ¥ 040 p(x)
T f () B NTE A g() T f(z)w(z) KT, ARSIy
v = 5 (FEwE®) - 4 FuE)) (11.50)

Horh @ o ) ST AN g (o) A BERLAHEL I R

F AR R At T LLAE RORTTE R A — AL 341 pa) IS 0L T TH SRR f ()
IDEEES

/f p(Zx (11.51)
- f(p)fgi (11.52)

S [y (™)
et B(z)

Fobt () = 20, 2o o) S W g () HBELIILT
11.3.4 LD/RAIKEFIFRT HZE

TE R 22 (R rh, A0 20 SR AT EE P SR P R0 2R i 2 1) 2 5 P 18 o v 418 25 %
Ko BRTR4:24F % (Markov Chain Monte Carlo, MCMC) J7i&—Fh
FEUF IR i, A LUR 2R 2 Hox) s 44 s db AT R

MCMC J7 A 1R 2 A 1 BARCREE 771, (B0 BRI R R
YER&— AN IR KAk

~
~

, (11.53)

X1y X2yt 3 X1y Xty Xt 1, " 0

Bt + 1 UCRRERBUT 28 ¢ YOO RE AR x, DUSCIR S BERS 50 (AR )
g(x|xy)o MRS AR AT KGRI PRSI N p(x), 54 2EIRAS TR P B
AHRRM p(x) 95  «

MCMC J5 ¥ 1 B 2 an e #4)3d PR 0 AT 8 p(x) S5 /R o] K%, I Hix
IR AT RBEPRASHE 7% 00 A q(x|x") — O LR T KA 0 A o 24 x MBS AR
I, g(x|x') ATELE — MRS Y x NIESRERN, ox|x) TLLES
B B R A, L an & 1al R B s A g(x|x)) = N (x|x/, 02T), Hdo? R

8 MCMC J7 VAT KA f5 S E P e — R DR KRR —
BCRS (o] FIBE AL AE A BE IR B RRRAS, X B MR N F 40 (Burn-in Period)
o TREHA FIRFE SSHAM DA p(x), TEER; 5T L/RA R EL

EREAMS: (FEMNESREFS) https://nndl.github.io/
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(IAR SR FEAS A R BEAH ORI o AN 22 2T Fy s JRATT— M 7 ZE b O AE AR R S 3
Ao D9 T A S RO REA 2 IS, JRATT T DA (A) RS M OIRBENLIEE, il
B AFEA. R MOEaE R, W] DA SRR A2 ST o

11.3.4.1 Metropolis-Hastings &%

Metropolis-Hastings 5k, BFEMH &%, 2&—FRNH)Z 1 MCMC Jiik.
FEMHSET, B/R REERPIRESHES A0 q(x[x'), HAPRAAEEAE p(x)-

R, MH SH% 5 N 48R4 1) BAESRAE BRI AT, E18 R EEREM A
p(x)-

FE MH A, BRUCER ¢ UCRAEIIFEAS N x» B MRAR IR g (x|, ) HHh
PR %, IFBER A(%, %) R K AENEH t 4+ IR x40

() pEea03)
A(X,x¢) = (17 p(Xt)q(f(|Xt)> . (11.54)

PUONEEIR q(x[x;) BEFLE R DA R, FFDUER A(x, x,) K7 %32,
VA 1E 1 2R A] RAE RS R R

q (X[x¢) = q(%|x) A%, %), (11.55)

P IE S R A RAE W] USRI ARRES,  HAPRR D o p(x).

IER. MRYE BRI m AR AR,

p(x)q (X[xe) = p(xe)q(X[x:) A(X, %) (11.56)
e a(&e ) min (1. PEIER)
= plx)a(xieo) min (1, EEO0 ) (11.57)
— min (p(xe)a(x[x), p(%)a(x%) ) (11.58)
= p(X)q(x¢|X) min pi(xt)q(ﬂxt)
= p(X)q(x¢[%) (p(ﬁ)q(xtm ,1> (11.59)
= p(%)q(x[%) A%, %) (11.60)
= p(X)q (x4 [%). (11.61)
Rk, p(x) RREFEBMEN ¢ (X|x,) 15 R0 KEEF A4 . O

MH 535 R PR AR I B E 11208

EREMS: (FREMBSREFS)
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&% 11.2: Metropolis-Hastings 5%

[ary

10

11

12

13

14

15

16

17

18

19

N PR q(x|x);
SRFEIAIRE M
FALELY =o;
BENLHIEEAL x0;

t=0;

repeat

/] TR

TR g(x|x,) BEBHLAE R — DA %;
THRE TR AR, xy);

M (0, 1) BRI 43 AT R BEHLAE B AME 25

if 2 < a then /* LLAX
‘ Xt+1 = X;

else
‘ Xt+1 = X¢3

end

++;

if X% F4K% then

‘ continue;

end

/] FBEIE, BEMEAF—IHELR
if ¢ mod M = 0 then
‘ V=VU{x:};

end

until A ERF NAMFEL (V] = N);
md: HEAELY

JXy) BB E L X */

/x EREZ R */

EREGMS: (FREMBSREF )
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11.3.4.2 Metropolis &%

A0SR MH SEH IR AGZ X BRI, B g(R|x,) = q(x¢|%), 5t + 10K
PRI 2 AT LR AL

A(%,%;) = min <1, p(%) > . (11.62)

IXFh MCMC J51EFR N Metropolis H-i% o
11.3.4.3 EHMERHE

& M7k 4f (Gibbs Sampling) J&— P 2% e 25 6] 19 70 A3 3T R
FERMCMC 732, 1] BLEAE /& Metropolis-Hastings 5% PR . 75 A7 B R A
4 4% (Full Conditional Probability) £ NHEIN A1 A IR 6 B4 4t
BATRFE, JFREEZENA=1.

$F—A M YERIBENL AR X = (X1, Xo, -+, Xar)" HEB i NER X, 104
AR N

plilxy;) £ P(X; = 2| X\, = x\;) (11.63)
= p(zi|T1, T2, -, Tis1, Tig1, -+ TM)s (11.64)
Hrxy; = (w1, @2, Tim1, Tigr, -+ 2" RoRER X AN E AR B EHUE .

AT SR T L AT R 00 R 0 4 2% 43 A K A A28 B 4T SR
Beo B —ABENLEI IR E x© = [0 2. 217 TFes, T
RN MU M ANt AT SRR

0 0
‘,I"gl) ( |$2 7x:(’,)7"' 7$§V[))7 (1165)
w$) gl 2 2, (11.66)
1
o) ~ plaarat?, 2 ) ), (11.67)
xgt)N p(x |m(t—l) gt—l) ._.7965\2—1))’ (11.68)
2~ p(ag)al? 2§V 2, (11.69)
()Np(aerxl a2l ), (11.70)

Foop o R 1 JORARINAS R X HOSRE
BB : (IR SRS

https://nndl.github.io/
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R I TR M — N T AR TT . AR sl CRBEAE
RENS i 45 HORA BB g(x|x) Hy

p()f) if x\;, =x!.
g(xlx’) = { PV Vo (11.71)
0 otherwise,

Hpaabsor A p(x(,) = > e P(X')s HFAx\ =x{; ®oRw; =2, Vj # 4, FIHA
p(xl\i) = p(x\i)’ GRS

/ N = p(x p(X) . p(X/) — o(x)a(x |x
p(x')q(x[x") = p( )P(X'\i) p( )p(x\,-) p(x)q(x']x). (11.72)

RIBMBOERR A, AR (11.71) g LHPR SRR o(x|x) 9 DR AT R
BEITERa AT A p(x). BEEEARECL (g, BeAx® = [0 20 ... 2
ST W 434 p(x)

11.4 5?3

PR T [ 2 S 0] DAy NS 43 —Je I sh g2z 3], B3R Bl i X 2% &5
¥y, —RMZGSEET, BICAMNEEER, it SRR 0 K 5.

WX 2 St Ry 2 > — R EL A R e, — e AT G ORI . AT RIT I ES
T8 G LR 2 N IS BSRS89 S AL S R AR
BN I SO0 1) R A0, 5 Rt B BN (0 00 1 1
11.4.1 AERTEMS ML

R EER A G SRR, RIFrE s WE, 4 MgEsH—
AT DB B iE i e KRR SR AT A 1

BEERE 4 F SR T, BrA AR x B BEAR A AT Ao 9B BEAL
B ), M RKAMER p(r|ex, , 0r) FIEFIEI, Forb 0, NG kDN ARE RS
FIRNSHL

G N MIGHAD = (xD},1 <i <N, HxEBRsECH

log p(x¥), ) (11.73)

=2|=
M=

L(D]0) =

i=1

1

K
> log (a2, 01), (11.74)
1=1 k=1

=
M=

Horb 0, MR PRI S5

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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NPT A A TR, SRR EAUR L(D)0)), R 253 IR K
RN AR SRR RAG TS HL

kaargmabegp ()|xﬂ2,9k) (11.75)

i=1
UNARAS R x A2 BN, BT S SURAE VIR G AR B A
MRE. ERFMBARETEOSBLR L . Bk R p(r |2y, ) BT A
WEAM, THEENHERE, HEMMEERTFIE2MASH. N TS

BeoE, o] UUE A SEAL R, LR sigmoid 12 & M 4. WA & x 2 IE 4L,

AT DA P v 07 R BORFR 26 AR A, ROR @ M 42 & M %o fE LSRR |, 38T
CLIERELE A B AR AR O A 3 AR R — AL S ok it — b s> 2 MU Mo

FEEER e A, P AR R x A A MR A ] A i g AR B
KH B35 R s BURE R0 DO B AR R i1,

pxlt) = 50 ( 027t ) (11.76)

ceC

:/H\:EP Z(e) = Zx eXp(ZCEC c fC(XC))
G NMNGHEAD = {xD},1 <i < N, HWEURRECH

N

L(D|0) = NZ:: og p(x™, 0) (11.77)
N
Z (Zech x(1) ) log Z(6), (11.78)
z:l ceC

Horp . HysE XAEH] ¢ LRI Rem B2 4.
AR RO TV it AT e KU T, £(D0) KT S50, R 3 H Oy

> Dcw zifz <fc x) ) - 1oga§c(0) (11.79)

Hr
logaic(e) - g Zzg) - exp (§9ch(xc)) - fe(xe) (11.80)
= 2o P0S05) & By | flxe)| - (118)

S}
M(;epcm - ]ifﬁ%fc(xg)) Eep(x/6) |:fc(xc):| (11.82)

EREMS: (FREMBSREFS)
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R R L AR IR HE

(evidence) o

Z]Ex~ﬁm>[ﬁixcﬂ —-Ex~wa>[ﬁixcﬂa (11.83)

Horb p(x) & SCRRRRBIR AT BT AERME AN N 0, BRI TC A B8k
LR HIPCAE BARSENT T+ XN ¢ ERIRHIE fo(x.), FAELR A (%)
ISR TR A p(x[0) TR

XPEEA R (11.75) AR (11.83) ATEAE H,  Jolal BRI S8 EE A
B R . AR ES, SN REK RN SEOR LN WE Tk E
e, FTA SRR RN, VL.

TR B, AR (11.83) 5 B iy Lo ()] EERERAE 52,
R i 2 B 2E 9 A B2 ) p(x]0) BT, MU A R LR B, S
RSO, R, T BRSO B R SR R AR I, — R TR
AL R, R A AR A, MRS, KR — e
IS,

11.4.2 ZREENSHMHI

R R R A S R R, RVA 0 AR R AN I, At EH EM S
LTS H A

11.4.2.1 EME:£

E— M RAENERA T, & XE NS EES, 428X RAE
HES, —MEARx KA FRMA &3 (marginal likelihood) A

p(x[6) = 5 p(x,2/6), (11.84)
Hrb o NS BI111245 H T AR AR S 1 DL 17 Do 4% (1) PRI A AL 5 4 o
Ot

&)

N

B 11.12 AR AR S L g . IR AR R R EEE N IR, X F
FoRITEMR N ETF £ 7% (plate notation), & BB rh &R E G REK T E

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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G N MIGHEAD = {xD},1 <i <N, HUIZGENT L RMAN

L(D|9) = Zlogp (x@, (11.85)
= NZlogZp(x(i),ZW). (11.86)
i=1 z

i e KA NGRS B Bl 2R £(D6), AT LG T L 2 400* .
SR T SIL BRAAR R BT K p () FOAR BT ), 7 AR 3 408 0 N A IEAT SR
AR o XA, B0 BRI, XASSRARIERIRAF L. BRIE
p(x,2|0) FERAEF 8, 75 XA SR L5

N T it logp(x[0), FATIIAN—DEINIE 2 F4 q(2), q(z) NE XAER
AR Z BRI FEA x [0 Hd BRAUSR B8 N

log p(x|0) logz p(x z|9 (11.87)
> Z X(Z)W) (11.88)
= BLBO(q,xl0), (11.89)

bt BLBO(q, x|0) AU BRI 5 log p(x|0) 1 F Ft. H H9iE 4 F R (Evidence

Lower Bound, ELBO) . A3 (11.88) ff1H | Jensen A& (RIXT T 16844 g,
g (E[X]) > E[g(X)]. H Jensen AEXAIPEFT AT A, X2 g(2) = p(z]x, 0) 1T,
XU BRUSA BE  log p(x|0) FIFL T A ELBO(q, x|0) #H1%5

log p(x|0) = ELBO(q,x|0).
XA R A X B BRBLAR 2R L Log p(x|0) I RE AT DL N A 3R (D

R B AT q(2) 73 log p(x|0) = ELBO(q,x|0); (2) HISH 0K
t. ELBO(q,x|0). X522 R K (Expectation-Maximum, EM) 5%,

EM $ 302 5 A B B R 8 - S8l ik, @ AR 7 2ok Bk
HIABRESE . EM SR BARS A IR EXRRIM P . XPAKES, HE
WK B A B U . 7228 ¢ 2R, EDMM B 04N

1. EF (Expectation step): [EEZ%0,, 3| —NAiflifs ELBO(q,x|6;)
K, RISET log p(x0;)

qr+1(z) = argmax ELBO(q,x|0;). (11.90)
q

F4 Jensen NEEXBIMET, q(z) = p(z|x, 0;) B, ELBO(q,x|0;) f Ko
Uk, EBATAEER—FhEwT H, THE SRR p(z)x, 0,).

EREMS: (FREMBSREFS)

#1 A Jensen % X

Jensen 7 ¥ X £ WL

%$D.2.6.17F.

A5 A11-5.
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2. M#F (Maximization step): [E5E g141(z), HE|—HSEAMIEYE T Fix
K, Bp

Ory1 = argmaxELBO(th,xw). (11.91)

— T AR AU AL B R X 2 B o i R, T DA A 55114,
*ﬁ/ﬂilﬁﬁ?iﬂﬁﬁo

WCSMEERR BORAESE t DI S HON 0,, 12 ESBIHRE]— R 73 700 gy 41 (2) 1T
logp(x|0:) = ELBO(q,x|0;). 1£EMBEEE g1y (z) WEI—HSH00,1, (115
ELBO(qt+17X|9t+1) Z ELBO(qt+17X|9t) .JH:%A

logp(x\@,prl) 2 ELBO(qt+17X‘9t+1) 2 ELBO(qt+17X‘0t) = logp(x|9t), (1192)
BIAF 203 — I AR ST S0 FR AR AR I AN, log p(x|0s41) > log p(x]6;)-

EEZ, REERRS DM q(z) 2% T RR S0 p(z|x, 0). a5 510
p(z|x, 0) & —MNEWT . 4R z 2 H R — 4R HCE B (CLamR & &R a),
THE R SRIE LR 5 o B, pz|x, 0) —BAE G N ARMETH 5. PR 75 22 i A
HET ) R AT A TR, Hhan S 5 B gL s

T BAmAELNFEL13.27,

SEIRHIMA X ECLPRA AT BLiE R s 2T 2

>, a(z) =1 log p(x|0) = Zq ) log p(x|0) (11.93)

p(x,210) = p(z[x, 0)p(x[0). = Z q(z (logp x,z|0) — log p(z|x, 9)) (11.94)
px, Z|9) p(z[x,0))

= 1 11.95

DWCITE- SR WO (1195

_ BLBOG. xw) 1 Dic(a(®)lp(zlx,0)), (11.96)

Hrb Dy (q(2) |[p(z]x. 0)) FyAii q(z) BS54 p(z]x, 0) 1) KL #U% .
HF Dxr(q(2)|p(z|x,0)) > 0, HHHA Y q(z) = p(z[x,0) N0, Kt

ELBO(q,x|0) 79log p(x|0) II— T 7,
11.4.2.2 SENEAER

ATNH—ADEMEIEN NG 5 IR S EA &07R A4 A (Gaussian
Mixture Model, GMM) & HZAm oA iy, LR 25
% B R AU IR &

ARk, XEBE—LEREI . BRBEAR v &M K A& B A0 Ak
1. A EET A

1 (z — )
N (@l 70) = = exp (- 2 ). (11.97)

EREAMS: (FEMNESREFS) https://nndl.github.io/
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Forft g, Moy 20 ONER kAN o A EAN T 22 111485 T e iR A
R R

1223
Vs
< Ok
K
N
-

11.13 E R A

e TR G R A R SRR O

K
pla) = mN (@, o), (11.98)

k=1
o my RORE kAN E RBOFR R m, > 0,5 m, = 1, BlfAe
12 kAN m oA AL R S IR
e TR AR () AR G R T BL Y P

L ESetimy, mo, -, mi BI0AT, BEHLEI — AN o010

2. BWIEFE kAR, FNEE AN (2|, o) FIER—DMEER 20
SHET A€ NN HE TR AR A RN GREAR (D 2@ ... 2, 78
Rest I P BBy, e, 0, 1 < kb < Ko BHTFIRATICEVIMREA 20 & MR
T A A ), DRI TGV B e AR SR AT S . AT — AR
ik 2" € [1, K] REFERE KA TWAE #0406, 2 IRNZ TG, H2T5
NS EN 1,700, x> B

p(z™ = k) = mp. (11.99)

SHAFAFEAR 2, HAS B bR 34 K

log (™) = log 3 p(=0)p(x =) (11.100)
z(n)
K

= logZWkN(x(")\uk,ak). (11.101)
k=1

R EM 5k, S8l A N m b g7 54K

EREMS: (FREMBSREFS)
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E# LRBESH p, 0, HHEIERD A p(2M)]2™)

Yok 2 p(z™ = Elz™) (11.102)
(1)) p(2() [ 2(0)
_ p(")p(at]) (11.103)
p(z(™)
(n)
_ ;k/\/(x |1tk %) 7 (11.104)
b1 TN (2 g, o)
Forp g 8 T REAR 2 B T3 kAN s i 20 A 1) J5 SO AE 2R
M2 % q(z=k) = v, WNEEDBRER TN
N oK (2™, 2(7) = k)
.’b z
ELBO(v, D\, pu,0) = o log BE D2 T =) 11.105
(7, Dlm, 1, 0) ;g x log - ( )
N K -
=2 Z%k(logf\/(x(”)luk,ak) +log k) (11.106)
n=1k=1 Ink
N K 7(:177 )2
= Z Z%k (2Mk —logoy, + logwk> +C, (11.107)
— — 2073
n=1k=1
Horp O NS R R AL
B SRS T I B A )
max ELBO(v,D|r, p,0),
T, 0,0
K
sty me =1 (11.108)
k=1

MBI A T, 2315k ELBO(y, Dlm, o) + M me — 1) % T
Ty Uky Ok E‘]ﬂﬁ'@“%&’ }JF/?’\;H\::‘J“;%OO m‘?%‘l“’

N

e = 5 (11.109)
1 n

o= R 2 Z%k‘”( ), (11.110)

n
on = - Z'Ynk 2, (11.111)
AR A11-6 S

Ne =" Yok (11.112)

EREAMS: (FEMNESREFS) https://nndl.github.io/
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R SRR S 5 S R SR 11L.3FR

BiE 11.3: SR ASEAKISH: S Bk
BN WGREA, 20 @) . (V).

1 FENLVILE S EL Ty Piy Ok 1 < k < K
2 repeat
// E¥
3 | BEESH, WRIEANX(11.104) M H vy 1<k < K,, 1 <n<N;
// M¥F
a | [ESE s MRAEA(11.109), (11.110) R (11.111), T mh, g, o
1<k <K,

s until F#AFEH S0 log p(2(™) dsk;
- Ty Pk s 1 < k< K

BI11.14%8 H— A minR SR R I ZRd AR fe] SR il . 250 — 8, 31T
FHPRA o e 7 A SR A T X B0 1) 2 AT A 0L

(a) Witk (b) % 1 VGEAC

(c) 5 4 VB

(e) #i12 Uik (f) #5 16 YGEAR

11.14 R A B R B

11.5 SEEFIRNIRIE

MR AR SR 1 — A TR IR MR AR (SR, XA AT LA 5 v Ak
FATAT A I 7 PR R IR B AR . AT, BER R C 42—

EREMS: (FREMBSREFS)
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BT BRI T AR, Rk 2 BRI . AR Z AL S R T LU
MR PR AR . 111555 Y 1 R P20 i i F) P 2%

LEgstud

(ammen)  (camee) (e ) (Coedews)  (sars) (@)
) AEAEHT ) ((zaw ) H(mmmewn ) rxpaet ) Ghms )
) itHNLS ) (wmeww ) H_=rr ) A mrew ) L)
(nmaams ) RN ) (Coumction w8 ) W gmrwm ) L emmn ) %1 EM 9% )

11.15 M AR TR i i P 2 1) 130 B RS

TEART R, ATANAE TN BEE AR A T AR A, 7y L)
B# 3 (Probabilistic Graphical Models: Principles and Techniques) [Koller and
Friedman, 2009], {Probabilistic Reasoning in Intelligent Systems: Networks
of Plausible Inference) [Pearl, 2014], BUAL# 5 ~) 45 4E o i AH S & 17 [Bishop,
2007].

W3 PR A v d FE A BB A ik bk . RITRAL IR B IR T B AL
A B2 (B AR AF AL, AR TR ok MR R O N g AR R A s
AP PR MR B RS . HEWT. S XIS

20 A0 90 FEARK, MR IR A FT I8 A0 k. B 21 t2d, AR 3%
o)L WWENALE . BARE S A AU IT A6 A W R R . e A AR
FVERIRERIAT . 2EBENL [Lafferty et al., 2001]. WAEIKAI 70 0B (Latent
Dirichlet Allocation) Blei et al. [2003] 55, WAk, B E S50 % )t —H 2
A EAE R PR B 5T TT 1)

EIER S MEAIR R KRR TIRh 2 N 2% A B AR M 2 4k, (HPE A
RKEIAA o EIRRRY Y 2 RENLAR S, LRI SEH ) 32 Z D e R Hid A &
Z IR BRRIOR R, — MOR M4 (0 BIRSEZR ) B Ak 2 T DA R AT St
Wro TORPZEIIZE BT R TE, R NI R R R 2% A
MATTHE MR AR R, AL B AL K — A sigmoid {5 & M2

PR p K RN B — o R WA R, BB ARG R — R AT
RAE o TIAPZE X2 [ AN TT AT BRI RE

FRZE P28 R FI R, BRI, TR RUAME AT DO A AR,
VAR A AR o A AR R ANME AT DARR A e As, thm] DU DL 22 30
K28, BRI IS8 ST H AR s BOS DR o8 B s o AL AR R i,

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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Re s 52 )38 3 8 EM R SRSR AR . 1T #2228 2 3005 2 10 H Fr 28 SURR BT
iR ZE R R

EHT, 4 48 FINE R IR 1 45 A ORI AT B % . — 5 TR AT AT LA
FH 22 [0 265 588 K PR 2 7 e 0 SR A RS ZRY e g4 T 1) R (L R 4 B B 25
F13.2%) , AR (R B S g, B513.375) , B RERREL (bhin
LSTM+CRF #%! [Lample et al., 2016, Ma and Hovy, 2016]); — J5 1 AJ LAF
FH PR TR (16 B335 SR i 1ok 5 0 4 R Ao 220 D % v ) 2 ST ORIHE DR 1) 830, EL 2 P9 48 A A
2 M 25 (Graph Neural Network) [Gilmer et al., 2017, Li et al., 2015, Scarselli
et al., 2009]) F&EHLERE 77 [Kim et al., 2017),

>R
SR 11-1 GEB A (11.10).
S 11-2 £ 2204 17 &, M #A [F A BRI T 530 BB p(as)
I TSR AR .
SRR 11-3 EW LR R BN SRR, SR EARK.
SIRR11-4 TEWIH A p(a) A7 1E SRR A bR U b A edf " (y), y € [0, 1],
FLEENLAR & € A [0, 1] X TR 93550 404, W) edf ~ (&) IR p() »

SRR 11-5 UEW Y q(z) = p(z|x, 0) I, X Ed bR R B2 Log p(x|0) A1
N5 ELBO(q,x|0) #1%5

S 11-6  (EF PR A AT S EL T, IR MO P SR A
BP0 (11.109), (11.110) A1 (11.111).

J@11-7 FBE-MASMR G A, R

K
plalp, ™) = > mp(alur), (11.113)
k=1

Hbpz|pe) = pi(1 - ) ) AAZE R 4 A

BE—HINGES D = {oW,2@) ... 2N}, FHEM B IRIEAT S5
T, HESHEAP R SHER 2.

EREMS: (FREMBSREFS)

>4

A LA X (11.10).

>

A RH11.3.1%,

a % F R A S A E L
#D.2.1.1%,
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HHG B TETHIE, RETRAEKES,
— e THE -

X NIRRT, FRATEAE R B0 ) FR 1) /iR AiE, FF HiX
SERRAEE 0 2 B — 8 IS o A SRR AN R o A AT R, R AR
H RTINS B 2 (A B 2R AR OC &R, DA K RN A% 5 S B ) N R

AT — PR DU 3405 2] AR B B B M OC RIS R R (IR FE(E
W) DL MR G I BRI (BOR2E SHUAIZ IRBUR 2220 . IREES
Mz R F IR 2 E B AR &, AT DA R 2 ) B0 I N R IE R s, tnT DAE
T R ARG R 4 T i o IR 82 5 B (1) R AE R s A 7 B E 1 s
it BMEMELE, BTG BT 5 820 40 A B A5 55 .

IR % B NURIR FEAT 2 I 28 AR 2 A s Y, i B B A & R ik 2% ) £ dls
I3 e AENNEZE IR, IR 2K B MUANIR FE A5 8 0 28 11 3 ] i) 250 A 41 Wiy 1 27 2]
) /. PRORIX PR R BB LA B 2%, I B AL SRR &, e TR Al o) — ik
L MCMC 75 3R AT A T o 3 P PR 2R R o 8 ) 28 A IR B FRT 0T R OGRS
TE— B L WA VR ALAP 2 B % (Stochastic Neural Network, SNN) .

12.1 IE/RZEEH

R 3% % AL (Boltzmann Machine) A] LA HUZE —ANFEALS) /1 & 4 (Stochastic

Dynamical System) , &M & PR HS LL— & BN 32 3| B AR B 15200 o 35
IR2E ZAAT DL BTG o) B R OR IR . — DN EA KA s CBR) MUK
SR L LT =AM -

1AL R AR, T BN R B — A A B R X
(0,15 k3R, HAPmMAERFRNV, BARERAH;

N FRAKF LA — A
&, A—AEHECERE—A
7 18] o BT A B ] 6% 3 Ak
HR, bR, K
RANF
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2. AT R 2 RAEEN .. B E X, FHUERG T BT a e Xy
3. WA R MM EEN (X; — X; M X; — X)) 2&XFRI.
E12185 H T — A8 3 AN nl M AR &1 3 MR S 3R 22 2 41
Kl 12.1 —MESN MR RN IR2E 201
AR ATRE A NI 322 IR %/ =l ,
A R A AR A X PIBA MR B R %% 2 0 mes, B

ko ATHERL, XEZK
MNAes R &% $ kR
BETF,

fetl A« R % (Ludwig
Boltzmann, 1844 -1906) ,
BRAMEFR.HFR £
BTAMRAN TN F

plx) = L exp (‘ET(X)) | (12.1)

Horb Z NFE 7y R %, RERBREL B (x) K7€ SN

1<j %
Forprwg; AN o My ZIRIRERAE, 2; € {0, 1} RaIRES, b RAZE
z; MR E .

WERPAN & X, X A 18, — AN IERAE w;; > 0 213 30K
22NN REE TR, KAERMRZR: Mk, —MPNESIERRRE T, R
AERIRERAR N R, AR A BURZE M RN E X, R R,
HEUER 1800 7 s i B B 2 sE xR i, AR & 2 [ IRCE N
Al IERT s gL, AR T MR Z A 55 20 8 & [Ackley et al., 1985], —
A IERIRCE R RN MBS AT DA B SR ot ul, R — MRz, 5
— MR TR . A, — DN R AR AN RE [F) I 1 4 52

BOREZHURT LRI R AR R P 2 [ il — SRR R [ %QA*’EE%ZI‘EUE’J
EERRE, HEARE A H AR, RSN RERK. HREE
e, 45— M AL HOMLNME S, T — R,

EREAMS: (FEMNESREFS) https://nndl.github.io/
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Hep /N FIR | BURZEZ AT \

TG 1%, /R % 9% (Boltzmann Distribution) &A%
TRTRERS TR, RRXTREEES RGBSR IR
2034 B B R P P 2 oK B AR Y Ay « B/K 248 (Ludwig Boltzmann),
fih7E 1868 B FLRCPHT AR i D5 B IR T IX— . —A
BLAAE T IRES o FIMEE p,, 2 X TIRESHER 5 RGIR LM R,

1 —F
Pa = — exp ( kTa> , (12.3)

Hh B, AR o MRER, kNBREZER, THRGIEE, exp(—2=)
RN R % %2 BF (Boltzmann Factor) , %A H—{LEIMEZR, Z?'\ju
H—1L ¥, EHEFR NS HE (Partition Function) , &Xf RAHT
BARESHATBH,

_E,
Z = gexp (W) (12.4)
PR B2 500 0 — N B PSR ZS AORE SR ELALOLAR A8 T 7 SR

BDREEMZEA.
Pa EB_Eoc
Po = oy 12.5
exp (222 ) (125)

12.1.1 4 RiEE

FEPORZEZNL, For s Z @ HXELATHSE, TR, BRE MR A p(x) —
ficiE it MCMC J73ERIE A, Al — IR p(x) ST HIREA . AT HEE T35

HESZ 4L A Ly
A R AFE RE AR 172 e s
12.1.1.1 £EMHH=R %11.3.4.3% .

HATHCRAE G Z RN R X AR PR prxy), Hod x kR
AR X A e AR R U

FEIE 21 -RRZEBNPEENEFMAEIE: N THIRZEIN
FH—ANRE X, JHEHERE XN, EFRMFHEp(zx\;)

ERSEHE : (FREMNBSREFS) https://nndl.github.io/
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A
Wi i+ b
p(z; =1lx\) =0 <EJJTJ> ) (12.6)
p(z; = 0|xys) = 1 — p(x; = 1|xy,), (12.7)
Hdr o Ky logistic sigmoid BA%L

EREGMS: (FREMBSREF )

. EYG, RIFHER R AL, SRR X PRE, W0 CGRED AL (4T

TP 2 aEE %R (Energy Gap) A
AE;(x\;) = E(z; = 0,x\;) — E(z; = 1,x;)
= wijx; +bi,
J
Hrw;; =0,
SRR 3R 25 SHLEE ST 45

E(x) = —Tlogp(x) — Tlog Z,

F A
AEi(x\;) = —Tnp(x; = 0,x\;) — (=T'Inp(z; = 1,x\;))
i = 17 %
_ g P LX)
p(xz = Oax\i)
i = 1xy\
_ i P )
p(zi = 0[xy;)
i =1, %\
i 2= L)

1 —ple; = 1xy)’
gEA A (12.14) f1(12.14), 53]
1
plr; = 1xy;) = ——
1+ exp (—LE}EX\Z))

(ijijl‘j—Fbi)
=0\ —————— | .

T

12.1.1.2 FHWHERHE

(12.10)

(12.11)

(12.12)
(12.13)

(12.14)

(12.15)

(12.16)

PRGN EMYCRFELFE . BELUER — TR X, RERELE%
PR p(ai]x ;) RICEFORZS, BB p(z; = 1]x,) FIBERRKARE X, 5091, &
M 0. 76 e HRE T BT, R8T RN R 2 )5, SR SHLEkE #-F

https://nndl.github.io/
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o B, AR RARS IR IR BUR 2L B0 fi p(x), RERGHEEA R,
HYIHIRET K.

BAFIFPUIR 2% SIS BIRPAT, FRSICH FERNR BE T A G . M R R L AR
ET — ooltf, p(z; = 1|xy;) = 0.5, BMGEANBEREWEE+HES, FMR
GUIRASHR R —FEM, TR AT DUA BIPCP . 2 RGIREIERILT — OfF, 4
RAE;(xy;) > 0 p(z; = 1xy;) = 1, ARAE;(x\;) < 0 p(x; = 1xy;) = 0,

Ry
.’El{

Rk, M7 — 0ff, FENLETEZ R T He bt k. IXn, B/RE SV A
—/N Hopfield M %% .

Hopfield 2% /& — R € VL 1030 1 R 48, T BUR %2 LR — R EEHLE 193
154t . Hopfield 2% (AR BPRAS TOBT 8 2 (615 RS RERFEAR, T BUR%E
FHI A —E KBRS R G AR BT E12.245 T Hopfield 2% FH3 K
2% BHEIBITIN R R RIS

REER/NMLSIEBIRA

E—ANB N RG, B DREMERRGRERE RN Do HEERR
8. XA B ) R G E W ETER), Eein Hopfield 4%, —AMEs ((Hj2
IR0 KRR R/AME T ERBNLIE S — M &, EHEEERFAZIIHLT,
BN BN FEREA M e & EILIPIRS . B84 E X, BUE N {0,1}
I, WREEEZER AR (x;) KT 0, #ilX, =1, SNk X; =0.

X B E P T AAE IS AT — e I R 2 5 e AT DA S B — M. (3
XA BRI E, NEaeREtt. AT RHsM, susmnir 48
IR” AT — MR R E N ERRERSRRES . X, RATRFEIIAN—E
%%mﬁ,ﬁmuocggﬁ)WM$%§§Xﬁﬁﬂ,@WﬁﬁOJXTﬁﬁ
FNI IR 22 2 B35 A R AR R 4 AL

B ) RGUA RGBT kS k. — N drh
JiiE ik RGENITFIGE — A LB R IR FE N s AT IA B BGPTSR )5 B WA,
HIBRGAE D HERIERE P2l XFERATRERBA R — 1 e Es
JE BN A o XA TR FR AL 20 R K (Simulated Annealing) [Kirkpatrick
et al., 1983].

PR KR — P IR BRI, AT RABESEN LA 4
“IRKT, RIESRORLIN A B UL 58 R BB AR AT, T LABBRAD A% T AR SR

1 if Sw;iixi + by >0,
25 iy b (12.17)

0 otherwise,

12.1.2

EREMS: (FREMBSREFS)

L IR 7R % AR B P
R ER LA R AL AR
BHR R REPTH RS Boy—
AT

Hopfield ® % % L
#8.3.4.1%,

Al d, BECRESWEEZ R
MR — AN AR AR B A

3k & A 42 Hopfield M %
A=A 5. 48K, Hop-
field K % 7 il iT 4] J] B30 &
HER G &

https://nndl.github.io/
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(a) Hopfield %%

(b) BURZEEHL

K] 12.2 Hopfield M 48 FI3/R 22 S HISATHS , FRGuhe =20 b

[ 4 o ) PR KL 5 B AR A RE A R B MELIO A B, AN BE AR, R
T[T IFRENFE S . I8 KA HNI R LR, (AR AR NI AR IA 3
PRI BJGEFIRMT, KT DR KB BERIA 2 P B bR S AR AL B . AT
ERT, ARAULR K SR TS AR A 5 I S 8 4 R A DL -

12.1.3 BHFZ]

AR, BB R Z 2P AR S N IR & v € {0, 1}™ RIS
#he{0,1}"

E—HA MM EED = {(vO 9@ o SOYMERNIIZRE, Ff1E
VPR ZEZ LIS W F b AEAS I ZREE BT A AL AR IR B pR s R . IR
LT EULAR BB E SUH

N
L(D|W,b) = % " log p(+) W, b) (12.18)

n=1

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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ZlogZp ) h|W,b) (12.19)
N — E®™ h
S il G AL) R
n=1 Zv,h exp ( - E(V7 h))
XTEBMR B EL L(DIW, b) X 240 1w 35N
L(Dg?/’ b) _ % > %logZp(V(">,h|W, b) (12.21)

- jlvzg?@(logZexp( v h)) 10g2exp > (12.22)
h
gy () opy

=1 h Zh exp ( — B, h)) 90

exp (~ E(v.h))  9E(v,h)
_ZZ eXp(fE(v,h))[ 90 ] (12.23)

- LSS e |22 ) S otvm [ 55 (1221)

n=1 h
OE(v,h) 8E(v h)
= Epw) Epcniv) [T} — Epv.m) { 90 },

b p(v) ZoR v I ) B AR ZRER RS LR SEBR 70 A, p(hlv) Ml p(v, h) A7E 2T
SHW, b R AT N BURIE SN R BRI AR

AL, HEAN IR O B R B3 (DWW, b) SRR ALUE w;; AV E b; 1)
Ao

(12.25)

OL(D|W,b

% = Eﬁ(v)]Ep(h\v) [561:17]} - Ep(v,h) [Iil‘j], (1226)
)

OL(D|W,b)

- Es) Epnv)[T:] — Epev,n) (T3], (12.27)

Fobi,j e [1, Ko SPAA RS KBRS BRI, AR,
T/ KRB R X, AR AN R 2K, % K HBkRt, FiLsr s
DL 2 RERT o B, 34/R 26 @ HL—6lid MOMC ik (s 7
AL AT LR

DL wyy (ABEE SO, 243 (12.26) 88— T 720 5 TN A 11
SerREA T, vy HOIAEE. OA T AL LN , T LA e e T 0 4
B, PO AT AR 4B 2E B AL P ARRAE SRR 2,5 M.
TEIZRSE LA NGRS AR, 298] 2y O A (20 Dameae 2
R (12.25) HHI 2 0N R 25 BHLYE B (E RTINS pr; PO, JRATATLL

EREMS: (FREMBSREFS)

0 AW &b,

https://nndl.github.io/
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TR RE ZAR MR
AR A EXERE, 2000 4
LR M LM T
FiRAT

Xf T A B AT AR . HBOR L Z AL B PEDIRER,, REE 22, B1H,
?%?Uiﬁw\/ﬁﬂ% <$7,'xj>model °

KRR BA R ETHERS, AU w,; AT LA R T A 2 A 58 3
Wij <= Wiy + a(<xizj>data - <mixj>mode1) . (1228)

Hva > 0¥ R, EANEH N — MR T RHE . Wit
UL, BARTRNRAL B AR M RE R K, (H 2R 15 3 R AR
TR ERIPRA . X2 307 UM 28 I 2 1) 5 ) 7750, af A
#N (Hebbian Rule) , +23l.

PR ZHURT DLRAE M E A MBI 2 20 . fEME 23T, Al Ol
A v BT B i AN A AR, B AR RN B S R A T e A
R Z RN KRR ELME A, AT U Mo Az & 1
WHBRAER 7R o BUR 26 2 AL AT LU 0 — AP EEHLA (AP 22 4%, 52 Hopfield
LI ZR e, JF HLAT LA SORIAH SEH Hopfield # 28 /4% o 72354 I 1] BR #]
I, PR 2% S AR AT LU R R 2% AL & DAL

12.2 SZPRIF/RZEESH

L NBURZ SN R E oA, HRETHERME, BNk
WA AR . BT R NEEMR KRR & 7 # ) 8%, HRFH
Br— R, T E M A BIPCPETIRES, XA RRRAR LU, R
IR TA] o FESRBRIZ A A, A8 F B2 2 B — Py BRI (R Rl A, e 52 BR 3%
IR2EZ L.

Z IR IL R # L (Restricted Boltzmann Machine, RBM) s&—4~ 45
SR o EEA, WmE12.30 . ZERBURE 2 AL B 4 A R
FAT LI AR & o FRATTZ3 00 T AT LI 2 AN B = R R R X AR . [/l — 2T
WRZ AR EE, MARE - NERRE RS S —BEP a1 ARk, X
R 2 (1) 4 B 22 WX 2% (1) S5 M AR ) o

OSOwO,
FE o

K 12.3 M TR IZIRPURE 2L

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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AR RBURZEZNLH my DRI AR E AT my AT R AL, HoE LT

o TTRMAIBENLI R Y = [0, v, |7

o BABREOBENLITR B = [hy, -, oy ]

o KLESEREW € Rmxme, S AR wy; TR v; RIS by
2 1 R T

o B acR™ fibeR™, Hha NEATRMERAELR o (RS, b K
GBS by R

ZIR BRI 2L RE R B BOE U

EC(V7 h) = — Zaivi — ijhj — Z Zviwijhj (12.29)
i J i g

=—-a"v—bTh — vTWh, (12.30)

S PRBIREEZ MBS BER A1 p(v, h) € N

p(v,h) = %exp(—E(v, h)) (12.31)
= % exp(a®™v)exp(b™h) exp(vWh), (12.32)

HpZ = > v n &XP(—E(v,h)) NHC 53 BR
12.2.1 A piEH

52 MR BIR 25 SN LA B2 50 A0 p(h, v) — S i & A7 7R AR IR 7 12k
AL, AR AR p(h, v) 73 A5 IFEAS

12.2.1.1 L£EHER

AR B AR VN H; AR . ZIRBURZE S P
7 J2 IR B 2 (B AT 3 . T B RO PES AT, AR5 5 PN AR B, FRAe

R AME AL [FIFEAESS R F AR, WU AR & 2 (A AR B2 AR kL.

HIES)

p(vi[v\;, h) = p(vi|h), (12.33)

p(hjlv,hy;) = p(hy|v), (12.34)
Horrvy ARV AAETTNAZ & R EUE, hy; AREE H; SMERAE
IBUE . B, Vi 25 R FR 2505 p(v; | h), T H; 4 5 R 7R %2
i‘l‘ﬁp(hﬂv)o

EREMS: (FREMBSREFS)

https://nndl.github.io/
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FEIE 2.2 -ZRWRESNPEERFAME: EZRIURK
SHLH, BT A AR AR B SRR

p(vi = 1|h) = (az + Zw” ) (12.35)
p(hj =1lv) = U<bj + Zwijvi >7 (12.36)

H b o SN logistic sigmoid B %L .

JEA. (1) FATSEUEH p(v; = 1]h).
AR E AR 5 v (I PR R A

ZP (v, h) ZeXp (12.37)
= %Zexp (aTVJerjhj Jrzzviwijhj) (12‘38)
h J i

_ exp(ZaTv) Zexp (Z hj(b; + Zw”vz)) (12.39)
_ exp Z H exp < Jut Z Wijvi ) (12.40)
R o B = eXp Z Z Z Hexp ( (b; + Z ’LUij’Ui)) (12.41)

hl h2

Fhy h O R LM R K - eXp HZexp < i + Zw”vl ) (12.42)

Nt
_ eXp(Zal V) 1:[ (1 + exp(b; +Zi:wijvi)> . (12.43)
[E5E hy = 10, p(hy = 1,v) KB N
p(h; = % Z exp ( h)) (12.44)
h,h,;=1

ex
= % Al (1 + exp(by + szwz ) exp(b; + 21: wiv;).  (12.45)

B3 (12.43) F1( 12.45), AT LATHE BRI hy R

p(hl =1, V)
p(v)

EREAMS: (FEMNESREFS) https://nndl.github.io/

p(h; = 1lv) = (12.46)
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_exp(bj + 32, wijvi)
1+ exp(bj + Zz wijvi)

=0 (b] + Zwiﬂ)z) .

(2) [FIH, A8 p(o; = 1/h) N

p(’l)i = 1|h) =0 (ai + Zw”hj> .

J

230 (12.48) 1 (12.49) 7T LS g ) & T

ph=1v) =0 (W"v +b)
p(v=1lh)=0c(Wh+a).

(12.47)

(12.48)

(12.49)

(12.50)
(12.51)

PRIk, S2BRIIR2Z ZHURT LOIFAT HIX T B eI AR B (BT A e A2 )

[ AT SRR, 10 AT DL SE R IE B HCTP AR 25
12.2.1.2 EHHREIRKE
ZERBE IR 2L ML R AR R

o (455E) HEENLYIERAL — AWM A vo, THEFRARE IR, JEMF

KAE NI hos

o T hy, THERIIAZ BB, FEMAFRAE AR vy

o HE tIK)E, AT (ve, hy)s
o Yt — cofif, (v, hy) FERFEMRM p(v, h) 734

K12.4Bg5 7 BRG],

Q@ @
C@@ C

Kl 12.4 ZIRPURZE SHLHERFELFE

EREMS: (FREMBSREFS)

https://nndl.github.io/
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12.2.2 B¥ET

MBORZEZH—FE, SZIRBUR 2L ZHE L R AR BRI B R AL 2
HW,a,b. e —HIIGHFAD = {(FO, 3@ .. 0D} HAEASR R EC N

5@”M31ﬁ<;§ik%MV“WMaJﬂ- (12.52)

S (12.25), RUBUR I BIERL, 7EZIRBURAE BN, XORE S L(DIW, b) 5
Hwij, a;, by B -FECN

Mﬂxgﬂn:%m%mwmw—&MMMML (12.53)

%ﬂ%%ﬂﬂz%wﬁwﬂw—%mﬂm7 (12.54)

81XI¥;ZﬁLlﬂ_’EﬁﬁﬂEpﬂﬂvﬂhd]Ep@uhﬂhjL (12.55)

Horb p(v) RNGREE S b v 5FR o A o

~v30(12.53)(12.54) M1 (12.55) FHAf G ZLHSERC 7 B8 Z DU MR B (v
M Epnvy, FBARMETE, — i ZE MCMC JrigskRin it 5.

B, KD A v BN R [ 52, SR 5 KR8 26 R0
B h HEATRAE, X SZBRBR 2L B EICH (aatao SRJEEANE E AT
M & v, B A YRR R v Al he B HCPEPRER, REEv
hifME, 12 (Jnoder o

KIAREE ETHEAR, ZHW, a, bl LU 1 28 U it 5 5

Wij < wij + a((“ihj>data - <Uihj>mode1), (12.56)
a; — a; + Oé((vi>data - <Ui>model>a (12.57)
bj < bj + a(<hj>data - <hj>model)7 (12.58)
Hrfa >0 M55,

MR8 2 IR B R 26 @ AL AT, AT DU AU A B A B AR B kAT 4 4
FERURAE, 1240 PR KR SZ BRIUR 25 S AR R & B I UK
ZENAMRKIRR, B Bol R EENAR 2 PR A T DR RIFT & H L7
AT RIREA o

12.2.2.1 XfLEBUEFSIEE

T2 R BUR 22 SRR ER G, DR AT DU — o b 55 A SR B A 2%
()57 2] %, Bzt b# U (Contrastive Divergence) [Hinton, 2002]. X G
FFALT kB AT

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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NT AR, O HEHURE SRR — NI ZRRE AR AR Dy al LI [r) & R W AR .
SRJE S 28 BRI e 2 R B ) B AT R AT AR, ATFRESERSL, R
BB T . K& CD-k Hik. @, k=10 LEERE . X HEgE
IR EE12.1 87

BiE 12.1: UPX U EIE

N NG v n=1,...  N;
FIE: o

Widhth: W« 0,a+ 0, b+ 0;
2 fort=1---T do

=

3 forn=1---N do
s LM REA 9, FIAS (12.48) 5L p(h = 1[¢(), 4R
PRI ATRAE — AR b
5 A IEEBE v(WhT;
6 R h, AR (12.49) iHH p(v = 1|h), FEARPEIX A 040 K5
HAFT WA BV
7 WG v/, EFH p(h = 1v) FEREE— /s
8 TR EEE v
9 BEHSH-
W+ W+ a(¥Wh™ —v/h'") ;
10 a<+a+a@m® —v);
11 b+<~b+ath-Nh');
12 end
13 end
Hit: W,a, b

12.2.3 FZIRI/RESH AR

FERARMAFRES T, RPN EHR A —E# L N, WA R

“UBEFI-REFZRFRIESH, O FAA5F]” Z RPK 2% 2 H1 (Bernoulli-
Bernoulli RBM, BB-RBM) i A& - 1H1 /28 19 R 0 A2 5 R AR e oy — (8 Y
1532 IRBR 22 2 ML

EREMS: (FREMBSREFS)
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Fo o i B 09 AT I AY 42 A 2% 4
HAE .

“EE-ABH)” ZRBREEN “mA-EEA ZIRPURZEZHL (Gaussian-
Bernoulli RBM, GB-RBM) & {5 Pl WL A8 & oy i 70 A, B AR B NS5 A1y

)2 .
E(V,h) = Z% —ijh]’ —ZZ%wijh]‘, (1259)

i g j i o5 "

Forhp A AT I AR B v; IR (4, o) F e T 23 A
“UBEF-SH ZIRIRZEBI B ZRBURZEEH]L (Bernoulli-
Gaussian RBM, BG-RBM) & 15 n] Wil A8 & A S5 F) o0 A, BB o8 & i o
E(v h):Za'v'—ZM—ZZvlw"& (12.60)
I - (A J 20_]2 - J (et ¥ O_ja .

Fp AR by B (11, ) FRITS 0«

12.3 REEEZMLE

REAEAM% (Deep Belief Network, DBN) J&—FiR)Z FIMER A b B
B, HESMEZ BN S BRI SN EEAER, M ER S
AR . W IRRZE WAL &, He R ik &, R
IR Z T R T M ), HARZ 2 RFEE A R . B12.545H 7 —MNME

FEAS & W2 ) 7]
M W<3) p(h(2>7 h(g))
q(h(2)|h<1)) M W@ p(h(1)|h(2))

[ | wor | ptvmo)
OO O

K 12,5 — M 4R IR EE S 4

R LIERE R IRIE G, 4 v = hO FRRIRE RO X
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AIAR R, W - h(B) FR AR E AR R TR R R — AN TR L AT
PAB O — A2 BRBUR 25 @A, FIR 4 p(h = D) (5B oA o B T 00 B
24, R R hO KT H LI — )2 hHY, B

p(hO D .o h(E)) = ph® pt+D), (12.61)

Hrl={0,---,L—2}.
TR BE AT & P 2% o BT AT A B (R I % 7T DA iy

L-2

pWJN%~»h“U:pwm“h(IIMM%M””Opm“1%““)(uﬁm
=1

L—1
:<Hmmww”%>mwbww“» (12.63)
=0

Hop p(hWh(HD) Ky Sigmoid B & HER 43 4 N
p(hOhDy = & (a(l) + W(l+1)h(l+1)) , (12.64)

St o (-) BB B2 1 logistic sigmoid 4L, a® JyffE 2% WOH) SR
SR XK, AR DB/ Sigmoid 15 &%,

12.3.1 4 pRiEHR

RIEAE & MR — AN R, AT DURIR AR AT SR € A IR, A
L PH R R AE T UL A B 2 18] ) i B AR DR o BRI R IR A p(v), 18
YNGR B — MR E S SR

FEARRFEARS, W B TE R TR 2 AT 206 2 RIS A R, A pch(E-D,
RGO — RRARRN G PUVESE L R ERERN, &K
ARSI, PO DS RRE . X RE, BATHANEE L — 1 27F4R, A
T N HEAT 1B )2 RAE s e 45 2 AT 2 HIREAS

12.3.2 S¥F>]

TR P AT 2 W 46 d ELRZ AN 257 30RT DL S5 AR 5 v A 45 T ML 2 5 (4
LPRIIAG p(v) ENERE S ERRBRIE R HR. EAREESMET, RAE
IR BT EI%, BT “ ST RC 7, AR B o . BV T 5
1) 512 Sigmoid 15 & M 4%

p(v=1h)=0c(b+w"h), (12.65)

FECHTFD I AR B, JLEE AR R A 5 SR p(hlo) AEAREROL,  PHURR
MERETA T T A AR R R . FIIR RS & W I e IR — s 5

EREMS: (FREMBSREFS)

Sigmoid 17 & W % A&
$11.1.2.1%

=
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CRJEIGT ARG R B
REARAAGRF09 T ko

EREGMS: (FREMBSREF )

R D INESR 5 I E R A T, ERBCRILEUR, TS HSH S R
7 3

N T A BB GRR AR S ML, BATE R — B 1 Sigmoid 15 & M 45 4y
SEPRPIR 25 Z Lo AR L Ak 2 B A 5 1) J5 B W % A EL S B, AN AT A
IR G HHEAT RFE . XK, IRFE(S SMES T LLE R 2 A2 IRBOR 22 2
TR EHITHS, BIEZRBIREENMREENE L+ 1 EZRBIR2Z 20
PRI o JE— 2D M, R A 4 ) R A 2 I 2 7 2R P I 25, BT
MIRJKJZTF 6, IR AN —)2, BEEE/G )2 [Hinton et al., 2006].

TR P15 S P BN ot RE T LAS) A 7R 26 AR R AN B S5 3% 2 T
WKL S HANR W BRIE,  FRHEIEAL G5 2 JENS SHOAT R .

12.3.2.1 ZEEIZ%

FETNGRI B RABZINZRIITT 30 KR AR & 2% R 2R it ox 2
A ZBRBORZZZHRIIN LR, F12.645 T IR &M 4% K32 2 T 2Rl 72

RBM
RBM we
@ . e

K 12.6 IRZAS S 4 H)Z 2 Tl Zad 72

HARRIZ RN RN B T i ARG R 2 IRBUR L2 M. BB
AT INERE 7RI — 1R IZIRBORZE I, A DR R E T ik
INESER R

P hD) = o (bO 4 WORED)

Ho bW NE i EZRPREEHMME, WO NEEME. XA, AL
Ry = h© « h® « ..« WD JRFAE R4 hCD JREA, il
HOD = (At oo hEMY SR E, D Fih® 4K — 2R BR 2 241,
I HD MR RE T U RS2 IR BUR L2

1<i<(i-1) (12.66)
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BE12.245 1 — FR AR S MR BRI T7 ik, KERSKERY], B
JETNZRAT AP A AR H 1 S BRI R AR 1 B 27 S HEFEE

BE 12.2: RS &M 1R E I 2507 12
BN WS v n=1,---  N;
SR o, IREESMBEECL, S UENE: WO B IZmE a5
L ERE D,
1 forl=1---Ldo
2 | WA WO 0, a® 0, b® «— 0;
3 | MINZEHRFELO);
4 fori=1---1—1do
s | | B4R p(h@ROD) REERO),
6 end
7 | % hCD fENINGEREAR, IIEE |2 2R R 2% 2H
WO, a®) pO:

8 end
i (Wl a® bW} 1<i<L

12.3.2.2 15

g millgz G, BaE B BARrIMES (R8>, mitik
G4 R 2 2 SR I 28 AT RS (fine-tuning), (HAAYUR S 3 5 47 1) J= 5B e
=

TERERIRBAIIER R 7 TZE RS2 R BIR 2280, e 2 Z RIBCE B 5 )
LRIk %A E (recognition weights) W’ Fl[H] T [ £ AL E (generative weights)
W o INFIALE FREAT E 028 TH 8, 1 AR OB EE F R EAT 8 U . NI
Fwamw Y = wor,

TRIEAE & W 2% — %K contrastive wake-sleep BT HS 8, A FE A2 -

o Wake[frBt: INFIIERE, JERLAN AN CATRLIAS &) Al EIARIALE, iF
HE— ZRARENERMREIFRFE . )5, BB TIRAE SR EER T —
RIS E R RS BER HOR. 2 “URBISERIRAB R A —HE, Sk
(IR A 15 B AR R K 2R DU LA IXAE ) s

o Sleep {rBL: AR, WL TR FRFERIA T IERSAE, ZR 154
—EHE BRI R R, Ba ERARIBCGE S R RN A
KoMK AR “ WRE P [ RAR I P RN, SRR
AR AE AR 5 AR A R XA

EREMS: (FREMBSREFS)
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o AT Wake F1 Sleep i 2, EFIEL.
TERREHEMEHITEE RS SR B — B A& AE R 0 2 R 25 1) T
i1 &3 i) 95 TR
Rt Lt e T WERES 5y, FRAEANIZ 4 AT G A .

FEVR L A7 2 A 2% (0 B 0= P I — S22 4t 2, 98 P P s e A 4 B i x
XS AT IO R AR AE N ZR B LB, FOINZRPE R AR K. BN
ANtE BRI AR B 25 S 35 S M B AR O MR RE T TR 23RS AL B AE AU
27 ) v LU BEATLAS B BE A B R AR, a4 7 I vl A 43 SR DR BE AT LA 4 A B
SRR 5 N R AR GRS 8RR IR T TR e,
ek 7 AT B S SiCE & [Larochelle et al., 2007].

P12, 745 H IR AR 7 I 45 A D A PR BRI ) BT R Y (RS T e 7

i
;
1 w®
h® | h®
W) e
| h(
w® 3 W@
h® 1 h®
wo 3 W
:
WAL } N
RIS &M %% IRERNZE M 2%

B 12.7 IR EEAS S P4 A T A

12.4 RZEFRRNIFNE

WIR 2% 2 B /& Hopfield M5 IBENIALIRA, B F-H1 Geoffrey Hinton 28 \$2
i [Hinton and Sejnowski, 1986, Hinton et al., 1984]. 3% /R 2% 2 HLAEHE 5 > Hdfs
MANERR, IF B S S 07 AR AT B 2% 2 o e B AR 20 B i)
PORZE SN T2 %, ML FHAESCPRIA R . Jlid 5] N —E W (B
BRNZED , ZIRPORZE S HAERES I, D EEIE. »REZMMES LG
BT 2R o ZRBUR 2% SR HSmolensky [1986] #&HH, H-iv 44 H3k K

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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%%, Carreira-Perpinan and Hinton [2005] #&H 1 % LU 28 15 52 BRI R 2%
SHIIGIERE @Rk

ZRPR 2% S ML — AR AR T RAT , B HAE R EEAR & M 25 1 — 3873, 2
e T EE R RS [Dahl et al., 2012, Hinton et al., 2012], JFFFH 1%
JE 257 ST HTR ) o

TRIEPPL IR 2% (R 22 S 1) A% Rl SRR A7 AR 0 VR R 1)L, DRI BB AE 2006 45 BAHT
BAVETCVEA BN GIRE LML . Hinton et al. [2006] &t T ¥R EAS &
#4, B R E ARG AT DUA 4 > . Salakhutdinov [2015] 45 H T IR
M2 T LA Z R BRI . IRIEAS & 2% 1) — N ZE Tk 2 AT DA —
MR ZHE MK ST VIR S H, AR I SRR JE M 4 N 28 A A3 AT 4T o
TRIEAR & WX 23 O TR 2 2 2] SR R AR 2 —

FIER AT & P 45+ 53 SR ABA AR — bR BE R A B IR R 38 /R 2% % AL (Deep
Boltzmann Machines, DBM) [Salakhutdinov and Larochelle, 2010]. %% 3%/R
ZZENRHZENZRBUR LN HEZR TR, LEIERTCH SR, HIKEH
FIE WL REE R BORE Lo MRS S MEAHLL, IR EER 28 2 ML 7 > A
b7 252 B R

SRR BEAS N 2 AR B AR, S5 A% 734, Welling
et al. [2005] & HH —AN ok, FovrlEAR ST R, HEI A AR BRI .
Lee et al. [2009] $&H T & AU B A5 & W % (Convolutional Deep Belief Networks,
CDBN) , RHIFIGARIRLE W25 AL 454, DA AL B g 4 1) EAR RS AL 35
BT ER M2 IRBOR 2% MR R RORICRERAE, BHIREE S M2 M ae il
FH AL 52 A I % R N 25T V28R4 T 1 o

B TIREG &ML 24, HYmtD2E [Bengio et al., 2007] LA LB 24K, Han
Wi H 9 i 25 [Ranzato et al., 2006] F12: 1 H 4 i #% [Vincent et al., 2008],
A LARISRAE iR BE AR 2 I 48 I ZHT a6 40, 7T LUAS BNITR FEA5 & W 2% 2L Y
RR . FFBEE NTOHREE 2 I VGRIMER, B 7R 2 5 e i I 2R =4
ZMEREAR, i ReLU BUE KA. NEYIMGM. BRH—. &ENLE
TELL R REEE S [He et al., 2016] %8, AEAFHATAT B I BUN SRk nT A 25—
AEHIR IR

AR FEAS S RN — R L o IR e R, (HILAEIR )
RSP TR B, I BB IERMEE EIRRY , E 5 i ke
P, RO —FMEAR R A AR

>R

EREMS: (FREMBSREFS)
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Metropolis
$11.3.4.27,

*

n

SRR 12-1 W RAE A Metropolis H5%F R 22 ST RAE, 45 IR

oA R AR

SRR 12-2 EXRPURZEZH A, IEM AL (12.49).

SRR 12-3 1EZIRBURZE S, UEBH A (12.53). (12.54) il (12.55) H 5

HIRBIE -

JR12-4 HE “CEE-ASR ZRBIRE S AABF-m T Z R
IREZ NI ZAFMER p(v = 1|h) Al p(h = 1|v),

JE12-5 ERZRPURIEENT, WURTWIM AR BIRANZ WA, FaARE
WSS AA BRI A, i m] RS B ) 2 AR

exp(af + X, WEh;)

p(vf =1h) =

SR exp(al’ + 3, WE )

(12.67)

Hk e [1, K] AT WA S HUE, of € {1,0} FoRE8 Al AR & fE 2

BNk, TiE 4 RIS A A I B

IR 12-6 EREESMEZY, Ao iriZ RIS G RERKYE.

SIRR12-7 3 HTIR AR 2 IR 4% MR JBE 35 /R 24 L 8] ) 7 [ e

S 30 Hk
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BI3E REENRE

KARRAENAET, KA T #E.
—mE . A R

WA T, AR A RAE AL (Generative Model) , AEMER ST FIHLES
I —RE B, f5— RFIH T AVE BTN B R e — A
HELEI R BN e A X, AR — AN BEAL IR & X — N R B B EE 43 AT
pr(x), X € Xo A B ARLRZAARYE — 2 a] WM A REA x (D x@) o x (V) e 3] —
NSHALEIREY pg (x) RILABLRRF A pr(x),  FFAT BLATRAME TR A it L4
A, A AR PIREARD RS BIREAR AT BEHAH AL .

A Y (R R 43 T2, AT AR SRAS [R] B Bt kAT s, Lhin R . 3¢
A AEE. WIEGAER, BRATHEGE R AL EX, Hif—4E
#HRR—MERME . B BRI R EURE IR — AR E 041 pr(x), A B0
i — SRR AR A T AT . 4B ) — AR LR DL B AR e, Rl
i — S ST R ALY . (R, BARER A UG 3 R A AE 2R 1)
HioC R CELanAH SRR R I — MR ARALAIRD ), AR M — A BH A 1) PRI 2R S
BRHAHR R, UL EEER p, (x) R

TR B A AR A R IR R AR 22 1 26 1] DL AT = R AR e ok g — A
B0 pr(x) o B —ABENLIAE Z RN — DR 7010 p(z),2z € 2 (L
WIFRHEIES A1), BAUEH —MNMREMHEMNE g« Z — X, FHETR g(z) IR
pr(X)o

ARBEAPWFREE AR & 5 A 31 %45 % [Kingma and Welling, 2013,
Rezende et al., 2014] FIaF 4 &£ & X F 44 [Goodfellow et al., 2014].

13.1  HEERAE R
e R — i BT AN AT B B A TR A A
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) )

(a) WAL (b) 7S A AR

B 13.1 A Ry

13.1.1  ZHEMHI

BE—HEIED = {(xD},1 <i < N, RBEEATHRZE ML H AR [F] 48
B E BN pr(x) IARF AP E R . % B A5 (Density Estimation) &
FRAE 5 £ D R Ak T HME 55 B2 R B po (%) -

TENLAR S T, 8 BEAT T2 — bl M i T B o o) 1) G SRS A
PSR s (E13.1a), in&brRe s, s EAH EM Bkt
17 At .

K

FEEAAETHERLFEI2T .

B

EM# XA R #11.4.2.17.

13.1.1.1 NMATFBEEY

AR SRR ] DURE R T IR B R ) B ST B H bR AR AR A AR S B SR
MR35 P R B p(y|x) o ARFE DI A S,
p(x,y)

MMX%=§Z;&EE. (13.1)

FATTAT LIRS S 27 2] ) U i D Wk 6 3 T e B p (x, ) RO P A o il

K13, 1045 1A R R - B 22 ST B A RO . AE B 22 20, BRR
WA A AT AN Nt £ 5. 2D RT RARA

FUBNAREY AR AR A AR PR ) — S M B 2 ST AL 2 ) A A2 A ( Discriminative
Model) o FI5l| SRR B B R B iR B p(y[x ), FFAN RIS S 26
EEERE p(x,y). W WL AT logistic [FIH. SCRERIENL. #IEM45%E,
FH A BSOS AR T DLAS B A A AL, A HH ) A B AR AN B AR i A

13.1.2 4R

AR AU 25 S — IR L RR UM po (x) B0 A, ZE B 22 IR AIX A
AR, WO RAE . FATAEB L1374 T — L85 F AR T7 7.

KT ELRLFHIL3T,
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X 13 Tarb IR, £EA45 P AL B ) R B 2R A F R po (2) A po (x| 2)
ZJa s BATH AT DA e <, BARERE AT LA P AT

L AR B AR B S50 50 A1 po (2) HEATRAF, 13 BIFEA 25
2. MR SR AT 2040 po (x|2) BEAT RAE, 135x.

PRIULAE A AT e, 3 R T 2R PRS0 (|2, ).«
13.2 THEmIEEE

13.2.1 BRTEE IR

BB AR CnE13.200R) PESRARE, A HZRRREAT
AL, Her DAL & X — A e 6] X B REA LA &, A Z o — M
XHRAE 22 18] 2 A BEAL I & .

¢-1-- — 0
"d
N

K 13.2 425> A9t as . SRR, AR MR,

XA AR AR R ) BB A 2R 2 BRI AT LAY i
p(x,z|0) = p(x|z, 0)p(z|0), (13.2)

Horb p(2]0) AFEAZ & 2 5 AR S LR p(x|z, 0) 8 CF1 2 REILINAR
x IR BER S LR, 0 RS RIS . — BB AT, BATHT AR
B p(2]0) M p(x|z, 0) NAFSHALKI AR, LLRIERS 3. X A
CF, RRSH0ARF, WL R R R R AT Al

Y — AR x, HSHEOU BRI log p(x|0) BT LN
log p(x|0) = ELBO(q,x|0, ¢) + Dx1(q(z|¢)|p(z|x,0)), (13.3)
Ho q(z|p) RBINEI NIy R R R, HBH0N ¢, ELBO(q,x|0, ¢) N4

EREMS: (FREMBSREFS)

AFd, KAVMEIE X A2 Z 4R
RELTEANGE,

B LA K (11.96).
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e

X, z|0
ELBO(q,x|6, ) zEZNq(Z@{logp( | )].

4@l9) (13-4)

RS HOABR LR log p(x|0) FT LA EM SEZkoK g, BAKAT LAy pi

EM # %
A R$11.4.2.17,

o E-step: FH—AN5 R R4 g(z|¢) (FH ST B0 T /510 % R Hp(z]x, 0);

o M-step: T*¥Fq(z|o) [HlE, k0K AN ELBO(q,%|0,¢)-

REEANDRARESE, HRWEL

£ EM SE R ERGIEAUT, BR ERAU g(z]¢) FRAR R G 1 B2 5 L
B p(z]x, 0),
p(x|z, 0)p(z|0)

p(z|x,6) = fzp(x|z,9)p(z|9)dz' (13.5)

J 56 5 FE R B p (2%, 0) B R — AN it debr R, W R EIR . MEeAR
Rz RARK R E, WK AR S . £ BIF0T, X5 5HE
FE L RBRARMETH S0 . BEAN, MR R p(x|2, 0) — BB E 4, 1R
XE L1 Y L 00 B8 70 Tk R B3R AT S AR

T B 4% (Variational Autoencoder, VAE) & —FAEA =AY, H
JELAEL R R P A 22 10 265 SR 3 T3] SR ABE T 1 52 4% (1) 25 AR 20 55 R o

L. TR A=A A g(2l o) TR R % . B4 1 q(z]6) 7T IR
Wi x. (HHT q(z|¢) K H AR RIEAUE R0 p(z|x,0), HA xR, K
IEAR 55 FE iR — RS N q(z]x, @) HEWTIZS I x, it A8 5
i q(z|x, ¢)-

2. FIRRZ P48 P FE R AR O3 AT p(x |z, 0), BRI % . A I A A
z, AR p(x|z,0) .
Ve A T IO 28 2R B 2% 5 A B T AR 4 E B AR IR AN I 2 S, T
K133, HAsSLge RN T HERAE, BRI KA.
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<::§E§§%<::i:>::>%§§§%:>’/’( Wﬁ%H;;\\\\\\ <:>777111;<:>
//// Tt CD\\\{D//
HEWT 28 fr(x, @) RN 4% fo(z,0)
K 13.3 4843 H Yn i 2% Y X 48 45 44

ARy E G 88 1R 44 PR R T AN ) 2% G55 M R 2 28 EL e 2L HE BT I
HEER “Omias”, K al W Ar s e AR . AR I LLE R “fing
37, AR R N AT AR B . (HAR ) [ G Y 5 IR BERD E g At v 4
AN ARGy E it 3% b i g AL 28 R AL 2 10 4 oA A (R AR S50, AR
FEHf 2 K 9miG .
13.2.2  HEWRMLE

N TR, R q(z]x, ¢) R AR M A4k T 5 2 0 = o A
q(Z‘X, ¢) :N(Z““I’U%I)? (136)

Forbrpy M of R A O BME ANy 22, W] DUBREHERT 2% f7(x, @) KT

M2 i), (13.7)

or

HAHEWT 2% fr(x, ¢) AT L — MR AR MR B RN, tin— PR
(LT

h=o(WWx +bW), (13.8)
py=WHh + b3, (13.9)
o1 = softplus(W®h + b)), (13.10)

Ko REFAHIMESE (WO, W W pbd) b® b}, o flsoftplus Ky
P PR

EREMS: (FREMBSREFS)

A%AEHANF9.1.37,

softplus(z) = log(1 + e*).
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13.2.2.1 HEREREFR

HEWT N 2% 1) H AR 1T g(z]x, ¢) RIS AT REFRIE H LM 6 p(z)x, 0), 7%
BN 7 2 " Kedse /MU 734 1 KL HUE

o* = arg;ninDKL(q(z|x, ?)|Ip(z|x, 0)). (13.11)

RTIT ELREVH S _F T KL BB R AT BRI, KM p(alx, 0) — MR VR 5. 164507
VR R SRR 5 A A0 5 VR A I . TSR (50 7 9 R AR LA T
AR, T LA O T - Mg s, BRI T B 40 A @ 253100 2k
Sy plzlx, 0) o MERFEIRFEE IR, p(z|x, 0) A4 2005015, MR &
AT EAT . BRIk, FRAT TR BB R

HRIEAI (13.3) AT M, A543 q(z|x, ¢) 5 E LR % p(zx, 0)) 10 KL S
5 T HUH BRA log p(x|0) 5 F % ELBO(q, %0, ¢) (1.

Dy (q(zlx, 6)||p(zlx,0)) = logp(x|9) — ELBO(q,x[6,¢),  (13.12)

R RO, 1971602 10 A 50

" = axgmin Dy el ) (alx. ) (13.13)

BoME G R Ko = argmin log p(x|0) — ELBO(q, x|0, $) (13.14)
¢

= argmax ELBO(q,x|0, ¢). (13.15)
¢

13.2.3 ML

A R B A0 p(x, 210) TT BASMIBA I 3 53 « B8 B B S 50 A p(2]9)
RIS A 5945 p(x]2, 0) -

FeU 5370 p(z|0) — AR BRE AL 2 K S50 70 A 9 8 16 [RI R RO AR v e B 2041V (20, 1) o
FaAS & 2 R — 24 2 A # R AL o

FHED p(x|z,0) EEFAT 0 p(x|z, 0) Wi A2 RN 2R ERL. H T ] 5
AL, BATFRE S8 73 A0 R E R SR AR 0 A p(x |2, 0), IXEE7ATIR
(K12 H0m] LU A R 25 SR A 3

WRAE AR & x IRBIARE, 7T LMEB p(x|z, 0) IR F Ak, kx €
{0,134 2 d 4 AR AR, AT LU B log p(x|z, 0) IR 2 A2 BEIA 85 R 2347,
B

d
p(x|z,0) = [ p(wilz,0) (13.16)

i=1
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_H% (1 — )=o) (13.17)
Hy £ plz; = 1z, 0) NE iR HAISE . v = [y, ,yal™ 7T LS A L
S SN
W x € RYZ dYeffgstimg, v LMEE p(x|z, 0) BRI AL T Z 1
WA, B
p(x|2,0) = N (x|pe, 08 1), (13.18)
b pe Mog FFERTLLHA RN fo(z, 0) TN .
13.2.3.1 HE MK ER
A 25 1 H bR R B — 21 0% 5 RALIESE T 5 ELBO(q, %0, ¢) % Ik 0 S

0* = argmax ELBO(q, %0, ¢). (13.19)
6

13.2.4 1RESCA

gEE A0 (13.15) A1 (13.19), FHEWT LA A BN 25 1) H AR Ef A i AL IE
PR ELBO(q,x(0,¢). FHitk, 285 B gmhhasr e BirkEch

_ p(x|z. 0)p(z0)
I%%X ELBO(q,x|0,¢) = r{olzx Eznq(ale) [log @) (13.20)
= max B, gapx.g) [logp(xlz, 9)} — Dk (q(z\x, ¢)||p(z|e)), (13.21)

HA5e88 504 p(210) = N (2]0, 1), 0 K1 ¢ 735l o A B 28 ANHE W 0 45 (10 S 50

A (13.21) THIIE E, g (2/x,0) log p(x|2, 0)] — Bid i KAe 577 kA7t
Bo RETRAPEAR X, 1A g(z)x, ¢) REM A 2M, 1 <m < M,

Eonqalx0)[log p(x]z,0)] ~ - Z log p(x|z(™, 6). (13.22)

MEM SEMEERE, 227 B gt UL AL HE T I 2 R A sl b 26 g /2, T
PAGr I EAE R EM B i E AR M AP . (AR 7 B gmfg b, X5 H AR
TN, AR RKAESE T 5

HbAl, AR5y B it 3 T LA VR #2025 0 DL 28 1RV Ak DI S )
5P AT BLE B — N BV R R0 B i ash, JRATIDURE B
R (15 R O RS B, B RORRAF N M LTt XHE, RS aE
AR AN AR IR 2%, T AR A T LA AR R A B S S L0 A e (1 A
[T

EREMS: (FREMBSREFS)
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13.2.5 %k

B NEARE D, WA N A M EIEE 2 A b b ) JT 5] 2 A R A
x(W x@) oo x (N AR5 [ gD R H AR R BN

M
T(6,01D) = Z(Epmwwmwmqmmemmy

m=1

(13.23)

Forp 2(mm) SR n ANREAR AR 53 03 A q(2]x ™, @) FIEE m A KA
SRR FHBERIBE FE T778:, SRR ER B R — MR x, SRJERYE ¢(2]x, )
KAz, W HRRECL N
J(¢,0|x) = log p(x|z,0) — Dkr, (q(ZIX, ¢)IIN<ZI0,I))- (13.24)
R q(z|x, ¢) FEIEZ A, A (13.24) F 1 KL B AT DLE 83 50 i
HrfiE
ST A IES AN (q, 21) FIN (pg, Xo), HKLEUERN

DKL(N(H‘D El)HN(H’%EQ))
= %(tr(xz_lzl)Jr(Hz*Nl)TE;(NQ py) —k+log 22 |) (13.25)

it sat o (o SO TR || ORI

AL ELETFHMR AL XY q(z)x™), ¢) AN (g, 020) I,
LEA A B

Dict(azx, ) |p(z,0))
1

= 3 (603 + i g — k= 10g(|o311) ). (13.26)
Horp o, Moy NHEWTINZS fr(x, ¢) BIFTH -
BEH 20 BgmiDas T, —A LS KBNS & 2 KT 28 o 124
R RBENLAS & 2 KAE H 550010 q(z]x, ¢), IS MK (HE T2 RFERI 75,
TEEETER 2z KT o M3

W q(z|x, ¢) BIBENLIESEST T 248 ¢, FRATTAT LLid i A £ #f (Reparameterization)

THERAT T HEER S ILE N B SCBUR A R — M E R,
I FIBEHUBEEE T BRI ZRBE AN W2, T AR AR 70 F i 4% R I SRR

1B (alx, 6) MIES A N (g, 030), RATOTLUmE F 7 RATHE 2.

Z=p;+0o;0F€, (13.27)

EREAMS: (FEMNESREFS) https://nndl.github.io/
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Hrfte ~ N(0,1), puy Moy sEHEWTRIZS fr(x, ¢) B . P2 Ay, o FI5CHR
MARB X RN HHK R, HTRz2 KT o KT

R — R p(x|2, 0) RS AT N (X g, 1), HH pe = fa(z,0) =2
AR 2 s U AR R O] PART A

T(6,01%) = ~x — g + Dict. (N (s, o) IN(0, ), (13.28)

Horp 35— Tn] DUE A MRS x IR IER R, 55 = 100] UG 1F 2 L.

A 5 AR R AL A2 B b as U ZRd AR EI13.4 7R o

—llx = pgl?

| 2%€

T

(e R fG(z )

DKL ”I U[ ||N0 I)

/)/a

[?E%ﬁﬂ% f1<x 9] e~ N 0.T)

T

X

K 13.4 227> B9 s UIZRIdRE, 250N H bR R EL

BI13.545 7 7E MNIST 4 48 b, A8 3 gmi i = B Fa AL B iR e 1]
ARG 13 5a I ZREe EAEANIEAS x 38 Ik HE T [0 265 Bl S 381 2 4 A &
), BRI SRR Elzlx], ARBUERRANFEPET . E13.5b2% 2 4
BIARAE iR T o A BT Y SRR BIA R R 2, SR 5 80T A N 45 7= A
1 Elx|z].

EREMS: (FREMBSREFS)
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/7 111tV V35777777
77 144 4 v 97777777
4 " 77 S S 55999977777
' 4 SSser9 99977777
3 8 4 Ssseds9997777
29 §559999999777
) 7 29 §5559999999771
. 28 SSS9499999971
1 g8 8 SSS949999949919
s 88 8 $553%9949499994919
°r $3 3 312223%449999494q9
# 33 3 22222345494494949
- ) 33 2222246644449
33 2222246660449
= 2 33 222234666660604
35 8222248666666 606
2 1 55 0222366666666
56 0022386666666
e e e S R R 66 0002286666666
00 0008886666666

(a) L8 LA REA R R 28 1] L R0 (b) e 2 75 R A [ 04«

13.5 £ MNIST #d54E L, ZB4) H gl a2 > 21 i B 28 87 vl AR AL s 451

13.3 XTI

13.3.1 EXZFEREMENZEER

TEARF 2 HU A IR B A B2, L8 7y H b2« URFEAR & 258, #1
ST R R R AR ()5 B MR B p(x(|0), il B ARG TR SR RS 4, K
N KE A (Explicit Density Model) o FCUNAR 43 [ 9ht 5% 1% B2 pR BCN
p(x,z|0) = p(x|z,0)p(z]0). B THEMEKATE p(x|z,0), (HRZTRAK
K p(x|z, 0) N—DNSH AT, TAREE R 2% I 58 B R T X AN 25053 A7 Ik
ZH. IXAERPIFERE L PRI 7 #0228 X 45 (1) B

Wik R R A A — ME R e A R & B8 20 A e (x) IREAS, TS A ] DAAS
SR A T R A 00 R RR . R AEARGE ] Z o — R T R
AT p(z), p(z) @ FHEZ TCIES AN (0,1). RATHMAE NS -E—A
WU R G - Z2 — X, B R % FI & N 5m R ERE 7T, 115 G(z)
B EHE 23 A5 pr (%) o X PR EYERR A I X% AL A (Implicit Density Model)
o FTERE B 2 45 H AR BoR A p, (x), TREBAE SIS, E13.6%4
H T R B A A B AR ) R

2~ N(0,1) ——{EHiF% G(z.0)}— : Oz =x

K 13.6 Ba AR A R AS (1 1

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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13.3.2 MES R
13.3.2.1  FIRIMLL

e 3 RE AR AR ) — A OGBS T (e 1 DR 2R BRI 28 7 AR R AR — S A IR LS
HIEE 2 AT  BEARBATA MR o i FE PR, et fi KB ARG 15507 ik
Fl Lo

A ST M % (Generative Adversarial Networks, GAN) J&i@ i %I #it il 45
()77 SRATAG A B 265 7= A AR AR R N FCSE s Al o AEAE RO e g o,
PR BT BN SR — NPV R 25, H br 2R EER A B — A
ok B T LSS 2 A N PR AR ) T — AR A R %, H BR R 2 AR R
R 28 TEIE X 43 RIF BIREA o X PR HARAH S ) X 28 AT AT A8 B I 2. i
Je TSSO, SRl 19 8% Pt TG vk T — SRR AR IR RIS, I A S A
WX 25 ] DLAE AR G LSRR AR OREAS o AR ORI 28 ) Y P R o T 1.3, 7 s

x~D
\

(HIBIRIZ D(x, )}~ 1/0

_—

7~ N(0,1) ——{/EHiFI% G(2,0)]

13.7 AL O 2% PR R P

F1% M & (Discriminator Network) D(x, ¢) i HFrg X 70 tH—/MEA x i}
K BT A pr(x) 2R EH TR p (x), Bl W 2% LB 2 —A
PIR IR FIRREE y = LRFTRFEAR BTG, y = 0RFFEAKR AR,
HH L% D(x, ¢) BT H N x J& T S8R /- A =, Bl

ply = 1|x) = D(x, ¢), (13.29)

REASR B AR A BRI RER N p(y = 0]x) = 1 — D(x, qs)o

IR (x,y), y = {1,0} o BT p(x) 52 po(x), FIHIRIL T
H*T BN IMESE SR, R KRR E AR

KX E T f AR
min — <Ex [y logp(y = 1|x) + (1 —y)log p(y = 0IX)D (13.30)

= max <]E,M ) [logD X, ¢ } B py (x) [log (1-D(x ’,¢>))D (13.31)

= mgx <]Ex~p (x) [logD X, ¢ } + Ezp(z) [log (1- D(G(z, 0), QS))] ), (13.32)

Forb 0 T o G A s Az s R0 28 AT X 2% 1R 2 8

EREMS : (FEMNESREFS) https://nndl.github.io/
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13.3.2.2 HHME

& & M 25 (Generator Network) [ H b WL 5 9 28 46 B, B LE )50 )
200 B O BIRE A B B SRR A

max (EM(Z) [1ogD(G(z, 9), ¢)D (13.33)
~ min (]EM(Z) [1og (1 _ D(G(z, 9), ¢))} ) (13.34)

LI B R EUESEM AT (HR7ESERIGR, —BRMEME, FAR
BB R 4. FRATANIE, ¥ log(z), z € (0,1) 7F x B53T 1 I B B e Bsilr
O HIBREE /MR 2, B2 “Hufl” X Ja]. XFE, 4RI M 2E D DR E RN
RN G PR IREAR “B BEA, B (1-D(G(2,6),0) ) — 1. &M FiR

et sy FECET OMBIERTI L, WTAFIT L.

B 77 ik RS 52 A o .

s rmmsan, wes  13.3.3 LR

HAMTRERA 1,

FEA H BRI PAAT AR L, AR B 510 2% 19 X 2% (0046 B FRRITEFAE 5

IR 2B et 470 R 48 I B e o, ARAE AN R AR — B N , 75 B2 T A )
IR 1. KA R, — G R HIEE AN EE R 5R, 75 M AE DAER A
RS IIRE ST ARG HARERTT, B NE T IR AR R S A2 K iF . 18
WIERI 75 B — S5 15, ISR R aEAR T, JA 5 2% LE AR B 0 2 (1R 6E 5
—, (HNARERKE.

Az R BT N SRR AR I SRVR13. 1 7R . BROGIEARIT, 0 X 2% BE 8 K
YT AR D 5% BT — I, B S B ORAIE ) o1 X 0% 2 8 5 A BE T AR I R A i 45
FESKE K R — NS, BV — B T B AR 55

13.3.4 —PNEATINEIEARSIII: DCGAN

A AT 28 52 1 — R XS PLUI 2507 ORBEAT 252 2T AOUR BE AL s Y, 3L
BB P A 30 ) 2% R A S ) % 2 T AR 08 A ] P A2 B ATE 5546 FE AN [ 9 10 2% 54 o

AT G A O T 2% B B AR 5~ 3R B AR & i 3 LR 2 (Deep Con-
volutional Generative Adversarial Networks, DCGAN) [Radford et al., 2015].
fEDCGAN 1, FIH] M 22 — MEG R EBRM L, EMAH 7HE KSR
KSR RAFRE, AHERKICE (pooling) H1E. A A R &l FH— MRFER 1)
RIEERIN R SLEL, W 13.8F 7, I B AURA KR 64 x 64 K/ ITEE

WAy BEBRERFES5.1T.
DCGAN Ff 3= B 55 A2 a0 ik — e 28 B4 1 X 2% 25 M) e o A3 49 X BT I R 5
Fasg. tehn, (D RS KKER (FEHBIMEF) RFCEER (AR

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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B3E 13.1: LR BRI Gt s

BN GREE D, SMHTNGREARE T, B ) 25 1 2R AR
K, PMMEEFEAKE M

BEHLIEAL 0, 6;

2 fort+ 1to T do

/7 V& F R D(x, 9)

3 for k< 1 to K do

/] FENEDEFR

[u

4 MINGREE D HREE M AFEAR {x(™) 1 <m < M;
5 MG N (0, T) FFREE M AFEAR {20M},1 <m < M;
6 {EFIBENIEREE LS o, BLEEN

S

m=1

7 end

/7 NG A Gz, 0)

s | M N(0,T) SR M ABER (20,1 < m < M;
o | EHBENLEEE ETHERT 0, BHEEA

10 end

Wi BN Gz, 0)

i) SRMBLREAE, DeRIRERE; (2 FAMER 1L (3) LBREM
B2 JRMAEEE; (O EERMZ T, BT &5 — 2 H Tanh S K 5040,
HARZHAEH ReLU R%L; (5) fEHIIMZH, AT LeakyReL U B0 ek %4

13.3.5 HEEISHT

e J) ) 0 25 RN AR B 28 B 5, HEAN A 0 I 2% 1 BE A H b R BCE 1R &)
e K75, (Minimax Game) ,

mgin max (Exw%(x) [log D(x, d))} + Exopp(x) [log(l - D(x, ¢)>}) (13.35)

= min mqiix (Exwpr(x) [log D(x, d))} +Esp(z) {log(l — D(G(z7 0), d)))] ) (13.36)

0

PR 22 T B A A I 28 B B 1R A, XA B M KA T 3R F A el £ —

EREMS: (FREMBSREFS)
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Nid
=
&
&
—
o
—

JSHEANFEE.3.3T,

13.8 DCGAN FJZE RN L% . 3B — 22 S ER)ZE, fa AN NS5 A rh AL
KRERI 100 4z, Wi R4 x 4 x 1024 (18, B N4 x 4 x 1024 [r5K &,
I RNZERR Y £, BAILRE. B RIE: [Radford et al., 2015

AR HEAT BB M7, FEAZ SERR I ZRIN 1) A Bk 4
BB pr (x) F g (x) TR, TR I 501 5% 9

wion . pr(x)
D) = o o) (18.37)

BRI H 8 D* (x) RA A (13.35), HHIRREL N

L(GID") = Exnp, ) [ 108 D" ()] + By 0 108(1 = D" (x)] (13.38)
pr(x) po(x)

= Exp, (x [1 —} + Exrpp (x [1 —} 13.39

pr(x) og pv‘(x) +p9(X) po (%) og pr(x) +p9 (X) ( )

= Dk1 (pr||pa) + Dk <p9||pa> —2log 2 (13.40)

= 2D;s(prllpe) — 2log 2, (13.41)

S Dys HISHUE, pa(x) = 3 (pr(x) + pol(x)) A “FH” 315

TELE ORI R, I 4 R, A PR A B Ji /M
FUSEA A p, RIS o 2 DI IS BURE o 4PN AT MY, IS BRI 0, 5%
A B2 G XERERGH K L(GH|D*) = —21og 2.

13.3.5.1 IR EM

15 FH JS B RN R AE BRI 25 T — A ) L 4 AN A A SR, &
fI12Z 18] () IS B M 25T 5 $ log 2. XA RN KN, HbrRHoeT SHI0EE
0.

OL(G| D)

5 =0 (13.42)
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BA13.925 1 A FOHJ7T R0 8 F (K086 58 V8 2K il R s 9] o 24 SO0 A . A

TG Aii po BEA LB, S ML A i 10 48 00 T A J B ) B HE 4 0, D* (G (2, 0)) =

0,Vzo PRI, ARZE IR R 2%

1

RALAITES D

FEHAE poe KR po

13.9 A FORHT I 2% v R0 R 3 2K )

Pl FESEERINZRAE O T 28 I, — RN 2K 2 DI R B e fe, R
BEAT — B R PR R I, (A3 A M S AR BEARARAEAE . T34, FU M 2%t
ARERZE, 15 U A FSC X 268 PRV BE 9 B AR O BE o (EL R Qn i 456 58 ¥ SR AR P
R AT — R S (g, XA 1A A AT AR Fo 70 R0 48 £ 1| 2RI A
SE T L ZE

13.3.5.2 =AU

IR A (13.33) AE AR H AR, R LA 2% D* 4K
A, 155

L(GID*) = Exopy ) [1og D*(x)] (13.43)
_ o pr(x)  pe(x)
= Excr) | 198 ;G5 o)) (18449
B pe(x) pe(%)
- _EXNPS(X) |:10g pr(x):| + EXNPG (x) |:10g pr(X) + Do (X):| (1345)
- Dt (p9||pr> 4 By ) [log (1- D*(x))] (13.46)

= —DxrL (pe”pr) +2D55(prllpe) — 210g2 — Exrp, (x) [log D*(x)} , (13.47)
S PRI A, R
max £/(G|D*) = min Dt (pollpr ) = 2Dss(prllpo),  (13.48)

Hr JSELEE Dys(pellpr) € [0, log 2] A FLeREL, RIAE BN 45 (1) B AR 9 2 1)
S 10 0 KLU Dxr (po|pr) 800, A4S A2 13000 28 B AT r) - A2 Bl — B B “ 2242
HIFEAS, TS A AE AL 338 (Model Collapse) [ #

AIERNE S KL BAE KDY KLAUE R — M AR FREHUE, 72T S0 p, A
BRI 3455 po Z [ KL B, 1P AN, AW KL #E: ATe KL AR

EREMS: (FREMBSREFS)
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(Forward KL divergence) Dkr(p||pe) 1% %) KL#%E (Reverse KL divergence)
Dxx,(pollpr)o HIAIFNY r] KL #UEE 73 5 5€ N

Dxw(prllpe) = / pr(x)log ]; ;Egdx, (13.49)
Dxw(pollpr) = / po(x)log iig; dx. (13.50)

7E B ) KL #UE A,

u>%m@y+mmmw>ow,m@n%@ﬁ_moxﬁm@mwﬂz
B, EBXFHT ) KL 8O T H 5% A vk

(2) Fp,.(x) > 01l pp(x) — OB, p(x)log 588 — 00, A KLEESA
(CE| NS

PRI, il 1) KL HURE 2 SR 7 A1 po (x) AT RER 22 I A L SE AT py (x) >
0/, A B p,. (x) ~ 0 [ 5.

PR3 KL B,
(1) ip,(x) = 07l pg(x) > O, pp(x) log L2} — 0o, I py(x) BT

Or 1 po(oc) #1 LMV IENT 1810 KL BUE £ K
(2) Hpg(x) — O, A p,(x) WIATHUE, pe(x)log 222 — 0.

p,.(x)
PRIt 308 1) KL H3CPSE 2 Sl 2 A1 p () SR AT REREST BT L SE 93 pr(x) =~
0 HI AL T AN E25 L V8 o A A pr(x) > 0 HI R
1131045 H B3 LS A oA — D R & A, B AT — N s o)
AT, A FH A7 1) Y ) KL BSORE R AT R AA B s 9] o i C i 2 o L5200 AT
pr BEF L, OO 73 A py 55 R4

T p,

1) KL 80 Dicr,(p,l|po) 7 KL 8 D (pollpr)

B 13.10 §i A A1 A KL %

13.3.6 HHiER

FEA S PUAZ T, TS HIURE AN 5 1 A P a0 oA A B S 20 A (0 R
2o AR A SR (IS HREE) IZRA BT T 2% 2 T B 25 A8 58 TR AN

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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TUSPEA )R, ) 0k B 5 A BT 37 R 4% 7 T A LB K B B
13.3.6.1 W-GAN

W-GAN /& —Fiid it H Wasserstein #2582 48 JS HUE KA SR A glont
iM% [Arjovsky et al., 2017].

St F B 5A p, AR A0 pg, EAITIN 1st-Wasserstein #H 5§ A

1 .
Whprpe) =k By [l =yl (13.51)

HA T (p,., po) RIUBRIIAT N p,. F pg W AT A AT REMBL S A& o

PN AR AE EE N ESAEE O, B2 KL EE N 400, JS
WU N log 2, FEABER AN A 2 [ FIBE 25 M ZE 4L . 110 1st-Wasserstein 0 25 AJ
PLAK SR Ml B AN B AT A AR

Wasserstein 32 # % I
$E.3.4%,

F 4 Kantorovich-Rubinstein %% %€ B, N340 p,. F pg Z (B ) 1st-Wasserstein

DU R B WA R

W(pr, pe) = S B, [£(%)] = Exep £ ()], (13.52)

Hep f: RY — R4 1-Lipschitz %L 2

1915 2 sup LEI=TI <. (13.53)

A THT LAY 1-Lipschitz X8 20 5 5 KA 9 K-Lipschitz 4%, 25 F 118 p, Al
po ZIAIH K - W (py, pg) «

B /NER | Lipschitz % 22 R 4 .

FEHCE, WNT—NEHEREf R — R, R LR B4 B
BRELRRE-BHE R, NESHARMFENTERK >0,

|f(z1) = fz2)| < Klz1 — 22, (13.54)

W R f BRFR N K-Lipschitz &4 & 45, K # A4 Lipschitz .

Lipschitz 1% £ E K B 37E TCBR 1) X [8] A REA i 2o M i3 .
R—DRET S, FEE Lipschitz 42, A FHA R WR—R%
s, FHREEHR, IARBON Lipschitz E4E .
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L f(x,0) N—PMHEME, BAFESHEES O, XN THHER ¢ € @, fy(x)
9 K-Lipschitz 4R % . A AKX (13.52) iy BT LUy

max B, (%, )] = Exnpo [/, 0, (13.55)

Hrb f(x, @) FRIFEM M 2 (Critic Network) o X T FSEFEA, f(x, ¢) T 7 %
SEATRER s 0 TR AR RUREA, f(x, @) BT 70 R ATREIAIC. MIFRiE GAN
HH R 50 D9 £ B AR [0, 1) AR, SPAN LS f (x, o) MBI AT BR 4«

RN 22 I 28 N IEBERT T B EL, N T AH43 f(x, ¢) 2 K-Lipschitz 4%, 7]
DAA 53y || 2L00D) | g 5, —FSEALII T R IR SR 6 € [—c, ], e I—DHE
/NIESL, Eeano.01.

AR RS 25 1) H A 2 A A AR BFEAR TR f (x, ¢) 1870 )R A g1
max E, ) { ¥ (G(z, 0), ¢)}. (13.56)

KN f(x, 0) NAMATRREL, LA RIN S 500 KRR EA 2 TH R, BE b ARk
TR GAN YZAFEE B F . I H W-GAN A4 1l W 2% 14 H B bR 204N 15 2
PN PATHIELR, fE - RE I RGeff V BRI, (A A A 2
FEYE

H13.245 H W-GAN (I FE . AE LS GAN A EL, W-GAN BIEEA R
YR EJn — EAME ] sigmoid BRI, 5% BB AN BUR 3L

13.4 RZERRNIFNE

TR PS8 A PR — Tl Lt i 5 4o 228 ) 5% RO 3 PRI A TR ) 2 AR T, g ot
LA N DR AT S, AT LA S AR R IR S 2 A .

AR5y H i 4% [Kingma and Welling, 2013, Rezende et al., 2014] /& —4

REOCIRBE AR USR] DA RO AR ke 25 B A B P M 2R AR v i 36 A1 3 DA

IR e . A2 4 B B g S # 1) — AN VE R A AT BL 22 SR [Doersch, 2016].
Bowman et al. [2015] K¢t — 0443873 H G i 4 5 FH 7 51 A2 B i)

A TR 4% [Goodfellow et al., 2014] & —AN E AT IF 81 & IR E A4 B
B, SEA T DA B 2R A5 06 250 I fe RV T R 2 ZHUN BR . DC-
GANJ[Radford et al., 2015] J&—/NAz BT HL N4 I LI LI, AT LAAR pl1-0 i
M EAENER . Yu et al. [2017] 3 — AL SR AT 55 145G 0 1A B 25 Al
SERAL 52 ST ORIEAT SUARAE AR Y o KT AR 1300 28 IR I R AN R 1) R — oo 80
Wiik72 W-GAN[Arjovsky et al., 2017], 1#iLH Wasserstein #52 #4X JS &
KT ISR o
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B3k 13.2: W-GAN [Fil 43t 72

=

10

11

12

13

N WIGED, SHPUINGIERRET, SR I 2k Rk
WK, MMEEREARE M

BENLYIAGL 6, ¢;

fort+ 1 to 7T do

/1 NHETFH L f(x, 0)

for k< 1 to K do

/] FRENEIGHEA

MINGEE D PR M AFEAR {(x(M,1 <m < M;

M N(0,T) FFREE M AFEA {2011 <m < M;

/] FEEN RS o B E

M
90 = a% []\14 > (f(x(m)ﬁ) = F(G@",0),0)) |

m=1
// & F RMSProp # i E# ¢
¢ < ¢+ o - RMSProp(¢, g4);
/] % E AT
¢ + clip(¢, —c, ¢);
end
/! N E R % Gz, 0)
MAIA N(0, ) HREE M AFEA {20}, 1 <m < M;
/] B R4 540

_ 9 1 =z G (m)a .
g"ae{Mmz_:lf( (z ’)a¢>:|7

0 < 0 + a- RMSProp(0, g);

end

M BN Gz, 0)

EREMS: (FREMBSREFS)

https://nndl.github.io/


https://nndl.github.io/

330 2019 £ 4 A 18 H Sk
BARTRE AR BB AR BRI R, (ER A N —Fh e B Y,
SRR Z A R BV, R AN R T  [R] ) bE AR e 2 0 1 o

SR
SIRR 13-1 BiE— DK, AN e ey, FERXTEMA KI5
AN p(x|er) Flp(x|ea), —Nr2RAR f(x) = pler|x) AT —MEA x R H 3

A ey BIFIRMER . UE B R 28 ik,
L) = Benpilen) [ 108 S (0| + Expiieny [ Jog (1= F3))],  (13.57)

A RN K (13.58). BRI 5 f*(x) 9

fr(x) = ’

(x]c1) + p(x|ea)

SRR 13-2 40 M7 B I e AU 733 2 Lipschitz 22261

(D f:[-1,1] =R, f(z) =22
(2) f:R—=R, flz)=a?

3 fTR=R, f(z)=va*+1;

(4) £:00,1] = [0,1], f(z)= -

S 3Hk
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FU4E REBULFES

BT REAEEE T AT AR IR A K E 6942 7 2 9,
AN 2 TRK B Z— AT AR BT R IR/ R? e RC 3
TELOHT, LEFFRAN K.

Mz AR

FEZ R BT, BATEZSGET B3], mE ] —BHE
BRI R . IR MRS, A TARE R 2RSS Ba 1Ths
B AAEAEAT A . A IRATTE A B 2 ST RN G — MR AT DR E 3
B, BT R AT PGS v AN S, R RN B v AL E (B 1
HFREE o YNGR IRt 5 ZESCER R B IS R BLEDIR S USROS st 1. 31X
Pl SRR LU R A, — X T4 — AL ERIRES, B2 AR A
“IERRT BENE, RFRIBOCE R I RAEAE B e X TR ESS, &
RBAVRAERERE— DI “ 1L hfE, ERHEREHEIR (RIS ARE
Gyl B, G0 DOE KR Bl R aR G SR
HERF— DS IR, ATITZ2 ST “HRetE” B0 ELEEmS, Xl

7% 5 3] (Reinforcement Learning, RL) , A3 325 3], 25— M (5
IREE) A8 H A AN S 1 I R DL B A RaX S 1) R R 7 3 o SN 5T 18] jAT DAAR
R — AN REAR N IR EE 28 B AT =) ASE RURE e B AR CHL R4S B k2
JIDAEL D o FHIRFE 22 21540, sk 5 2] v () S ) 85 1 2 SRAKEE 47 BC 9]/ [Minsky,
1963], & —IMEIHFA R EREG I EME R, 72 B MR R A I BHE
B CERED 178, JFHA — € &N,

SRS ST HRHL AR 2 I — N E B . sk AN E 22 S A [FIAE
T EAEE ST RN TR By IR SRSV E S, A S

GEIE) [, I 1 B S R U S KA RS 2 [l 4

TR B LB — /N R
W F) #9484 (components)
AR AR A R TR
ERACH
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14.1  3E{LEF S)[E)RE

SRASE 2T BHIAEAR 2 U, LA L TRk BESRIERR . 1R SRRk 5
HRGE AR X BBA LA LB R 1 sl 22 ST 1 7

14.1.1 HBFF

BIEENEIRE 450% K NMEENL, RN ENRRAT (arm), L2
TR — N FSE RO MR B — PR e B ek . ML PR O ME R A —
% B WAL AR (multi-armed bandit problem) %8, %A EA RN SIRET,
P— WA B e AL A Re A 15 2R RARU S B KAt . 22 B I TR L i) AR ) 5 HE A
R KR AL (K- i .
PG GO A IR N .

armed bandit problem) o

BEITELRD £ RAEER (grid world) 11, BEAME T FRom— RS 14,177
NI —ANPIRE R, FANREN (4,5),1 <i < 7,1 <5 <3, HPFKEF(2,1) 3
(6,1) & E (clif)e A—ANEFEN, WETFARIFEMNES, R4 A HR
ME B, RERIRE, BN SBisB R L. BT LOE AT E ML, 1
ERAIRER, EBATER I EREH. sEEMA = {1,], <, —}. HE
A, A R T 2 JH B AR A o IR H B2 i) 22 4 b 3]

ik EFRE.
3 [ R A e -0 -
2 L SRR S I E— - !
5 vy
1 S E
1 2 3 4 5 6 7

B 14,1 FRyGE: 22 in) i

14.1.2 SBUEIEN
BAEBRAFIR T oAb 2= ST WAE S 8 o TR 3T, AN AT LA T2
XS R AR
o JFftAk Cagent) RJ LURAIINE AR E (state) A% A (reward),
FEHEAT S SRR
BREAR I & K T e R R AR SN AL HPIRAES R AR 1) 3048 Caction) ,
T 52 2] TR FE AR A1 SR 55 1 22 ol >k 4 R S mes

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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o 3 (environment) 2 RERIMBIIITAEY), 328 GRS
AR A, IS en B BE AR AR L 3 o

FESRA A 2] A AL A

o K& s XL, WU BBAEESLY, HREZENS;
o AE a X R RERAT WA, T DO BHU BOE LR, HAn1E R 10N A;
o R 7(als) R REMMIEAEDIRE s Kk E T — P o (K28 5L

o WA BRI p(s'|s, a) SEAEH BEALAR 24 BTIRAS s Bk — A BIE o 25,
SRBAE T — AN 20 A A RAS o (MR

o BIEF A r(s,a,8) & MrERE, BB SRR Y DIRES s M B 1E o
ZJa, B R B Rtk — N2l , XA KA E AR — AN %R
B HX.

REE BIREAAN & (policy) e & BE R WHAIIRIEIABDIRES s K ikE T — 130
1 a, 85 7] LA N A = P %% (Deterministic Policy ) KL AU 5 98 (Stochastic
Policy) W4

P R HOIRZS S 18 BB E 2 (M (KRS B B - S — Ao AL R %
TR EBLIRERS, B RER ISR S E R A

m(als) = p(als), (14.1)
> w(als) = 1. (14.2)

HEEOLT, s 2] — e I BEALIE A s . BERLYE R SR T AR IR 2
PUro BRAnAE 7 ST a] LU 51N ALY BE A48 & oA g . — R A5
B . EEInE R, B MRS B R SR M E BT, &
BUUR I HE SR 5 o T 000 o

B AR R F H %

14.1.3 S/RAIEKARKRITIZ

N Y T FE L BRATTRE B REAR S A B A2 T AT 2 B I 18] 3 51« [ 14. 245
TR REA SR L.

ERSEHE : (FREMNBSREFS) https://nndl.github.io/
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iz}
and
[ayay
_
>

E 7 R ik a

———— o

X
i

14.2 FREAR S MBI H

B REVR KN BN HIAR I 50 TFUR, SR PUE M DMAHBIIIBNE ag, 3BT
RN A A SR BB RES 51, IF SHES B REAA— B 250, AR5 B REMR
SURAEIRAS 51 80— D 0y, ABHBLAN so, FERBIER i o IXAFHIZE T
A —H BT T %

S0, A0, 51,71, A1y "+ 3 St—1,Tt—1,At—1,St, Tty """ (143)

Hodtry = r(sp_1, a1, 5¢) 725 t B2 IR IS 22 )5
BRI 5B AR AT LB — N B RT R R id A2
I R 5T ki3 42 (Markov Process) /& B A /K Al KIERIFENLZ & F 4 sg, 51, - - -
st €8, HRN—AINZIFPRE spp0 RIRT HHTIRE s,

p(5t+1|3t7 T ,50) = P(5t+1|5t)’ (144)
Forfp(seq|se) IOUR S S AL E, Z p(st+1lse) = 1o
s5t+1€S

R R 3 % 442 (Markov Decision Process, MDP) FE& R kid42rp
TIN—DEAMOZEE: 1 a, B —NIZIEPRES 50 FSATE ZIFPIRES 54
PLE AR ag #HOR,

p(8t+1|8t7 gyt 5 S0, ao) = p(5t+1|5t» at), (14~5)

Hr p(sey1lse, ar) WIREFHBME
YR KM T (als), S/RA]RIFIFERI—4iE (trajectory)

T = 50,00,51,71,01," " ,ST—1,4T 1, 5T, 7T
p(7) = p(s0, a0, s1, a1, ), (14.6)
T-1
= p(so) H m(ai|se)p(st41]8t, ar)- (14.7)
t=0

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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B14.325 ) T Sy /K TR R SR IE RE (1 PR R

B 14.3 SR AR R M R R

14.1.4 SEUFESIBIBERERE
14.1.4.1 E[ER

Y ETRIE T(als), FBERAIIAES — KA B FERIELIE  FrUsCE i SRR AL i
NEEIR (return) o

T—-1
G(T)= ) T (14.8)
t=0
T-1
= r(St, at, St41). (14.9)
t=0

BRI H — AN MR 4 Lk S (terminal state) , 4FIAZK L
RER, — MBI LA N 7. X5 BRI A—A
=& (episode) E(iXIE (trial) o — AR SIES (R AL JiFk) #E
J& T Fh e & X A5 .

WEARME R RAZ RS (L& SN, BIT = oo, FNE%:
PR IAES, HERIRWATRER TS K. N TR AN A, FATR BAS
AN — N de FORBERZ HA IR AL E . Hrde =48 (discounted return) 7€ A

T-1
G(r) = 3'r, (14.10)
t=0

Hepy e [0, 1] ZA7daF, By BIET 0N, BAEAELEZEMIEIR; Y~ Bk
T 18, KRHRAS B,
14.1.4.2 HIrEH

[ g s FLAR A H RS 45— 52 HOBBHLYE, 8 IR0 18 B LIS — B
FEA, SLURCHRILA R LR —RE . L2 ST B bR 2 51 51— A ook g (a] ) 3K
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jﬁ{;’iﬂfﬂ B4R (expected return) , By 8 GRAAPAT — RINIBIERIRTS

B /i/ R
B S ek B AR AIRE T A
7T A e LA MDP 2] 34 -F
O R YA T(0) =Erpy(r)[G(T)] = Erpyr) Z Yorpg)- (14.11)
Hordr o skng R 24
14.1.5 {EHEH
AT VPG — AN S IR R, AT O AME R IR E B BRVIR
S-ENTEE R HL
14.1.5.1 RSESRE
—ANSRIE  HAEA [ i AT DL AN
T—1
ETNP(T) [G(T)] = ESNP(SO) ]E‘r~p(7') |: Z 'YtTt—&-l‘TsO = 8:|] (14.12)
t=0
= Esnp(so) [VT(9)], (14.13)
Hp V™ (s) BRAKRSAE L # (state value function) , FKIRMIRES s FF4h, $AT
Mg m A3 B2 B @R
T—1
Vﬂ-( - 7'~p (1) |: Y rt+1|7—so = 8}7 (1414)
t=0
ﬁ:l:'j Tso %TigﬂﬂlT El’]iﬁl”lj( ¥ o
N TR, WATH 10.0 RE R MWL 50, ag, 51, -+, 57> FH 7.0 RoRHL
sy, a1, s, FIAH 10.0 = 80,00, 7170
M4 /R a] RKetk, V7 (s) Al RIS 3
T—1
VWS%—EmTNMﬂlm—+7§:v“4m+ﬂno—s] (14.15)
t=1
T—1
= ]Ea~7r(a|s)Es/~p(s/‘s,a)]ETl:TNp(T) [T(S, a, S/) + v Z 7t71Tt+1|Tsl = S,] (14.16)
t=1
nrR%2 7R RSEE 1
Richard Bellman 'Efg/g ’ & - Ea~7r(a|s)]Es’~p(s’\s,a) |f(‘% a, 5/) + ’YETLTNP(T) |:Z ’Yt_l'?"t-‘rl ITsl = S/:|‘| (1417)
o “B AR T AR =
Richard Bellman (1920 — = Earnals)Earmp(s’5.0) [r(s7a75') +7Vﬂ(s/)] ) (14.18)

1984), #BR AHKF K, £
BEER#AFERRL, a5

A1 145 A AT (14.18) tHFR N N R £ 7742 (Bellman equation) , R/ 4EPIRAS A

PR T DL SRS IR R ok 5

ERSEHE : (FREMBSREFS) https://nndl.github.io/


https://nndl.github.io/

14.1 SRS ST ) 2019 £ 4 A 18 H

339

WSR2 KW w(als), IS p(s'|s,a) I r(s,a,s"), FRATHAT
PLE AR T AKRITHE VT (s). HTAAAETIER, ER—EPHE, RS
HIE BRI 2 [ 8 AR

14.1.5.2 RES-EMEESE
N3 (14.18) HIE AN RIRHIRRE N s IFFEATENE o, SREHAT IR
i A3 BB A ER, RO -0 1EE 3 (state-action value function) ,
Q" (s,a) = Egop(ss,a) [7(s, 0, 8") + V7 (s)], (14.19)
RE-EERBELFHRN QHi (Q-function) .
REMEREV™(s) 2 QB Q™ (s, a) KT B a KM,
V7 (8) = Equn(als)[Q (5, a)]. (14.20)
AR (1419 Al (14.200, QEEATLLS N
Q7 (5,0) =By p(ss,a) [7(50,8") + VEarwm(ar)s) Q7 (8", a)] (14.21)
RRRT QBN R & 7742,
14.1.5.3 {ERHER

{EL R E ] DU AR A2 0T SRl r VP4l o R AEIRES s, H — A aE a5 Q™ (s, a) >
V™ (s), ULEHHATSNPE a LSRG SRS 7 (als) BL4F, AT AT LR S Hfdi 49 5k
W& 7 (a|s) FINEZRIE 0 .

14.1.6 REBRHLFES]

FEGRAL 2 S R, — R AR RS w(als) FUE AL V™ (s), Q7 (s, a). -1
(58 A 2% o) SRk AR BT TOIRFS RIS AR A0 2 B B ELAG BR A 1) 8, ] DA FH A
FALSX LM . (ALEIR 2 SEhR )@ rh, AR5 FPRS S ER R £ .
e A AR R A 3361 ~ 10170 BIRES, BifE (RIVE PO E) & 361, BF
SEAT 25 PR A FI BNV RS . Lhande BB 3, 29 e A0 2 A BRRAS
SE ML G, — BN . B ERAE T R B T ] (=90 ~ 90 FED
FEEFER] (0 ~ 30024 B /NG, R IESH,

N T AR I L R L, TP AN R (LEIR AP 2 M 25) K
AR REAATT LR S B 2 2R (A BOIRAS DL o = BRI SRS, SR b 2]
FUERIRES), IRz AT .

RIE RN 5] (deep reinforcement learning) &K 3% 452 ) FIIR B 52 3) 45
GAE— D, SR ST oK E SR AR AL H bR PR FBE 257 20 SR fiff 1 S s AR bR 2
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RIS I, R o R 22 I AR R SR AL F b e . IR P A 2 I fE —
SERERE RS D 2% R B R e IR AEAR AR 55 LA TARK IR -

14.2 ETERENFIGE
18 BRI U KT SRS 0 VPAl, SR A PR (RUPRSEA S E SR A B B,
AT LAXS AT 1 A BEAT VAl 328 HH SR AR SRk o
Vs, 7 =argmax V7" (s). (14.22)

Ry A SR AR A ST R BOIRTS 723 8] S FB 1 2% 6] A #7225 B AT PR
(¥, semsasIah |AIS], AR BARR K.

— P AT I 7 A R R AR T VA R A SR, L B S SR . X
T— %K w(als), HQBRECHQ™(s,a), FATHLLBE —/MHIHIHEE 7' (als),

1 ifa= O™ (s. &
(als) = o= arg s, Q7 ) , (14.23)
0 otherwise
BI 7/ (als) N— e YER SRS, AT LLEES A
7'(s) = argmax Q" (s, a). (14.24)
A3 AE14-1 WRpAT 7, 2
Vs, V™ (s)>V"(s). (14.25)

HRPE A3 (14.25), FATAT LOE L T i 75 2Ok S e L Hmk: SeBERLpIAG 1L
NSRS, THEZIRE E R AR (R BOR R BRI, AR R
SRR E RS

T PR BT SRS 27 2) T i e R B ) AR o B SRS I EL R B, —
A3 &R B A F PR TT

14.2.1 BESMRIEEL

MR TTRERT AL, S E B /R A R PSR B RSB p(s]s, a)
ML r(s, a, "), TATEFETT LIS DR 8 J7 R KRG TR A R 3 X Fhigi A
CUAT SR 22 S VR MR A T2 A 69381052 5] (Model-Based Reinforcement
TR ELES, Learning) 5%, 1XH A E T G/R A Rk S .
WA AR £ IR T, R 1E O, o] DUEE ShaS I ekt 5. I J7 3 3 B SRR
R LI R AR BRI A
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14.2.1.1 ER&IEH

Fek it X (Policy Iteration) HiZkH, BRKIEAAT LA AP

1. Rt 4 (policy evaluation) : THE YFTHES ~, FASRESHME KL, /I
FE14.1 1 3-6 2 SRIE VRS AT DUl DUR 2778 (A= (14.18)) #EAT
BRI V™ (s).

SR A HCAT IR, 42T B BB AR Bellman 7 FEKAS 21851 V7 (5).

2. Rt (policy improvement) : ARFEE BRI HOK BB HEmS, BP&E14.1
(K 7-8 7

RIS FIE L1410 .

BE 14.1: SERSEAUS

HMIN: MDP HLtél: S, A, P,r,~;

1 WllGth: Vs,Va,m(als) = Ijl\’
2 repeat
/] FEETAE
3 repeat
a || MHEVURSIIRE (AR (14.18)), HEHVT(s), Vs;
5 until Vs, V7 (s) &8k,
/] R
6 | RIFEAX(14.19), 15 Q(s,a);
7 | Vs, m(s) =argmax, Q(s,a);

®

until Vs, 7(s)lsx;
Wi SRS

14.2.1.2 {EHiEfk

ok ak AR I SR I DEAG AN SR O A B e AT, LR SRS VAL 2
F—AAEERREAT I, HirEsEl k. FL b, RIATFERRITHE
HH BRSSO IS (RS A AR R R, 2 0 PN S 3 ARAS 75 BT 31 52 s

{83% X (Value Tteration) J7 v R ek 4% F ok BU st (AN FE 59T, SR E
Bt S A TR .

TRV B TREME 7 5 B AR R BR3P AR B 20, B4 RAL IR SR H B V()
IR AR KSR R 2 Q*(s,a) KRN

V*(s) = max Q" (s,a). (14.26)
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MR VUR @ TR TR S PR E s B V> () MR AIRS- B E R B Q* (s, a)

W] DL T AT R
V*(S) = mgx ES/"‘P(S/‘S@) |:T(37 a, 8/) + ’VV*(S/):| ) (1427)
Q*(s,a) = Egop(s/|s,a) [r(s, a,s’) + ¥ max Q" (s, a')} , (14.28)

EHAAXFRN N R & |42 (Bellman Optimality Equation) .
HIEAT il A VUR 2R TT R (A (14.27)), EATHR AR
R % BT EmEE14.27R.
ik 14.2: HIEREE
HWIN: MDP FLot4l: S, A, P,r,7;
1 WIEEfL: Vs € S,V (s) =0 ;

2 repeat

3 VS, V(S) — maXEs’~p(s’|s,a) T(Sa a, S/) + ’YV(SI) ;
4 until Vs, V(s) Hsk;
5 MRAEAI (14.19) 15 Q(s, a);

6 Vs, m(s) = argmax, Q(s,a);

it RS

REIER VS EIARK EEIIEAH, R USRI R 22 Z s KN O (ISP AlP)
ORISR | A|IS TS AT B UGS AR [ 2 2R /A O(|S)2 (Al
EERRBE LR IETIEE L .

SIS ARARYE DUR 277 FER HEHE s A, IFHRAE 24 A1 (K BR BOR EXit 3
o B IS ARSI A A UK 2 e 75 R R ST (B R 5, AL ) L b £
AR R E BRAL,  FLORT L ) SR Al e fo D Y RS

EIEACRI SR IS AHE TG ZE il R 2 ISR e e 8. fESKPRY
IR, AL EE R e el sl KR, PGS AEnE SR AT BRI, Zeid A R
IEACE AT LA RSS2 Bk B DL SRS

Fe TR AL 2 2] SRS B o — Mah BRI T . AESERRI A A
NP RUBR A

SR BRI AN, BIEELS R RS AR PR RME p(s]s, a)
MR EL (s, a,s"), EXADERIRHER L. WREFAFITEBAY, (H3RA
QR EE T A ) S, AT DL S IR A BOR A 3] HUIRAS F # M A A
ek E . — N AT R 1) 77758 R-max [Brafman and Tennenholtz,
2002], T BEHLIEE TR R I . BRRBENL— DRI AT, R E e
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RSB FAIREA . R — B IR S, T DL Soit sl £ 2% 2]k
HAH LR AT R R . HR, IR EE TR 1 EE A I R I A A B AR
REeR A TIREEEAERE DG .

TORRCRIE, RS EEBCKMIRE, BRI B, AR SERR R
M, RZEEFPRSEEMSIESEIEE 2. i, FEHE 19 x 19 = 3611
ME, BMIEART. OTERETEMRE, BAORA 33 ~ 10170 Fuik
Ao ZE (RIVE PO ED By 361. AEREIEIEERMIENR, USRI
MURITHERRE D), ARATGIETE .. —ANE R — A s (Rl 28
4 Rl A A, DO, R AR ).

14.2.2 FHETHZE

AR Z NG R, BRI RIS R PR p(s|s, a) G
Hor(s,a,s") HRERFE . FERXMELT, FAT— R E R REARMIAE AT AL
B, FFUSEE SRS . ARG FEARYE X SRR AR SR MR T /R ] SR e S I R A A SRS
XRPPRIRR N, BT RFF )% S HE AR A L X 6952405 2 (Model-Free
Reinforcement Learning) #yZ.

QEH Q™ (s, a) AWIHEIRES o 5, IFHATENIE a5 RO RE S0 00 B 4R,
LS K

Qﬂ(& a) = ETNP(T) [G(Tso:s,aoza)}, (1429)

Hor 7y — s a0—a RN T RIEIGIRESFIZINER s, as
NRAERR RN, Q BRHOA] LLE IS AR A RBAT I, Kt R4+ F 7 ik X
TR 7, BREEMIRE s, PATENE o TR, AR5 I8 BEHLIFEE #J71%
KRB, IR SRR E R BT T N JGaEs, 52 N AL
M 7@ (N R EER AN G D), G(rP), - G(rN) . Q RELAT LA
AN
1 N
Q™ (s,a) ~ Q" (s,a) = v S GEL, =) (14.30)
n=1
MN = oolit, Q7(s,a) = Q™ (s,a)e
FERUE T Q BREL Q™ (s, a) Z S5, ShTAT LAMEAT SEMS ES3E  RJ 10T 1O S s
FEBPNERER AT Q s, JEAMIER, HEEL

FIAFIRE BAEZRR R kA, WK A E R «, BRI B EL
IRE—FER, Reeth5t Q™ (s, 7(s)), MAETFHEIES B QREL, Kk
W ICTERE— 5 SOk TR o IXFETG AN A X 2 1T SRS (1A A Cexploitation), Tfij

EREMS: (FREMBSREFS)

AR £ RILE S, o
AR B3R 5],

B K (14.19)0
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XA AE A AN EM
LA,

FTEHRELARLELIL3T,

RO T AL AR & (exploration), RIRLE KA T REZE s I A AR S A3
. DLERE T 4 ) S0

N7 PR AR %, BATAT LR He-ftw % (e-greedy method) o %f T
—ANHARHENE 7, X R e BT0E SRS N
m(s), EHEL — ¢,
m(s) =
REALEFEATHE,  EBRe

(14.31)

BB, e st Lot — A OURIH S B R IR SO o U BN (s)
BEERL -+ &, HEHEBBER 5.

FITREE 1L RY ik, WA KA SRS IE n¢(s), AWroodt st & n(s) fi
AR BFRHNE m(s)o XPRAE ok S A F (RIS 7¢(s)) B > J7 ik
n {5 R e Con policy) J7¥Zs

SORBE WA RIS (), TR HbR2 5 7, oL & 20 R4, 5l
ANE ZHACE R H PRS0 I PR AR L 50 3 il 5 AN [R] S s
[R5 27 2] T 57 e Coff policy) J7i-

14.2.3 HFENFIFE

FHF TR T EE RN NIE, A B SRS AT VP AL I SR
B, Rl R R LI

WA £ 9% 3] (temporal-difference learning) 454 T HESAXNFEHRH T T
7 i, HAAE FH S~ B RAE T I R B 1R 22 [Sutton and Barto, 2018,
I P 22035 ) B4 — BUUIE, AT 8 — 0 (B LR ), R /R % 77 A2 R F
EATAATCRASBIME . I 7 22 552 2] Wh RS B I SR B s O T, i
EMTRFERY ITE.

B, BEHERP ST QR QT (s, a) MO R E IR, ]
VA N VGRS (1 0 5L QT (5, 0) KT

N
A 1
™ _ = (n)
QN(S’ a’) N ngl G(TS():S,G(]:(Z) (]‘4'32)
1 N—-1
= N(G(Ts((])vz)s,aoza) + Z G(Ts(gis,aoza)) (1433)
n=1
1 (N) A
= (G, ) + (N = 1)QR 1 (5.0) (14.34)
~ 1 ~
= Qhoa(5:0) + 1 (GO, e = QR s (s10)), (14:35)

HH 705,00 =a RARIE 7 FHEIIREMZNEN 5, a0
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R Q™ (s, a) FEH N RI 510 FH% T4 N — 1155 1075 E—4
WE. H e, RATKARE R L BN AN BN TR o0 IXBEAFUCR
F— AN T4y — apmar WU ASEHT Q7 (s, a) .

A A

Q"(5:0) « Q(5,) + A G(riymriap=a) — Q"(5,)). (14.36)

HAIE§ 2 G(Tmsag—a) — Q7 (s,0) AFEHF Fi2 £, FoRYuTHPILKE
KR G (Toy=s.a0—=a) FHIEEIR Q7 (s, a) Z 18] 22

TEAR (14.36) T, Gray s ana) 9B I 52 $E 520745 20 0 24 JETR
N T AREATE, AT A BB A IR 7 BB G (s aga)» A T BB 55
BT, Ms,a JFIE, TREF—BIORATIZNE (7, '), HEER (s, a,8'),
R JEAUFE TUR BRI T G (70 —s.00a)»

G(Tso=s,a0=a,s1=s",a1=a’) = 1(5,@,8") + YG(Tso=s a0=a’) (14.37)
~r(s,a,s) +~vQ7 (s, d"), (14.38)

o QT (s', a’) & 4RI Q BRELITIE A -
gh45 A5 (14.36) F1(14.38), £

Q" (s,a) + Q" (s,a) + a(r(s,a, §') 4+ Q7 (s',a') — Q”(&a)), (14.39)

P, HH Q™ (s, a) N EAIE A HTIRG s MBIEaw Khhr(s,a,s') FT—HM
IRZS 8" FENE o o X PP IRIE 3] 715N SARSA Bk (State Action Reward
State Action, SARSA) [Rummery and Niranjan, 1994].

SARSA 5ik14.307R, HRFEREAL 1 SRMS AR e, A —Fh ) SR wg 5
%o N T RETHERCR, BAIATESHETH A1 s, o EBATTT2, FFIHE
EMH ATERARTHHRR (s,a,7, 8, a) T s, o/ FERT — TR IR

EREMS: (FREMBSREFS)

n

FE 4L RLAKX

(14.21).
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&
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% Ol R —FPA G4 SR,

FBFFS, X BEHRGE L.

FE L, QF Nk
#9519 £ %, SARSA Hik 2
Q%3 Hikthict,

AzhiE.

Bk 14.3: SARSA: —Fh[E] S (I 77 25 00 2 S Bk
HWIN: RS S, SMES A, Ry, %I Ko
BEHLHIEATE Q (s, a);

[u

2 Vs,Va,m(als) = |17|;

3 repeat

4 VIR AR AR 55

5 EPBEENE a = 7¢(s);

6 repeat

7 PATINE @, 132 RII 2050 - FOFRAS o

8 TR 8", EFEIME o = 7<(5);

0 Qs,a)  Qs.a) +a(r +1Q( @)~ Qs.a) );
10 BTN : m(s) = argmax, ¢ 4 Q(s, a);
11 s+ 8 ,a+ d;

12 until s A ZEIR 3

13 until Vs, a, Q(s,a) &8k,
Hidh: SRES (s)

I PP 2200 5 S A 2 ST I B B2 21 Uik, HoORBE D R AR R GE A
AL Q BRBCRIE AL r + vQ(s', o) T Q(s,a) FIZERE . X MBI 2T 1)
U0 AR ERIN 2 T, 2 R AR AT P 22 70 22 ST+ 3 o
Schultz [1998] F)— L6, e MR T RO ) 22 BRI BE A I an 2R
Ty 3RS ELTUYIBE 2 i SRt s LR A TR B I 18] 06 21 R, 2 EURREIIOR
B o URASK T R R T B W 2, 2 R AR 2 Kbk 2 LRE AR, R
F T S bR B AT UYIZR ) 22 5% AN A2 2R A £

P20 5 A RS R P T E I EEARDN: S8R Y & 25— it
SERA RERTE S IR, AR R AT R B T P22 S Uil 200,
F B 77 B 2R AT R A FORBEAT LA T

14.2.3.1 Q%73

Q%3 (Q-Learning) 5% [Watkins and Dayan, 1992] J&—Ff 5 % & [1) i
Fr2ayi L. AR Q2. QBT iE N

Q(s,a) < Q(s.a) + a(r + ymax Q(s',a') — Q(s, ) ). (14.40)
HETAEQ(s, a) HEZATHRIVRSERE Q* (s, a)-

5 SARSA FIEMIAE, QA FkAME 7 K& T —BHENE, T
B AL Q PRE DI EEHT S ) Q PREUR T 500 1, 1A SR 7 19
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Q ) HIF14. 457178

L 14.4: Q¥ —FhRIRE IR P 2 4 2 Sk
BN RS, SEF A, FfRy, ¥R
1 BENLWIUAIE Q(s, a);

2 Vs, Va,m(als) = I—l‘;

3 repeat
4 | WIIBAGEIEIRGS s;
5 repeat
6 fEIR s, HHEBNE 0 = 7 (s);
7 PATENNE @, 1FBIEDIN 2L J5) r FIHOIRES s
s || Qs « Q) +afr+ymaxe Qa) — Qsa) )
9 s+ §;
10 until s A Z bR

11 until Vs, a, Q(s,a) 1X8k;
Hith: SRS 7 (s) = argmax,¢| 4 Q(s, a)

14.2.4 RE QML

N T AR PR B AE 23 8] o AR R Q™ (s, a), FRATHT LU —A R
B Qu(s,a) RERNLLITE, FRAMEH LA (value function approximation)

Qs(s,a) = Q" (s, a), (14.41)

Hs, a 70 R IRAS s FIENTE a MM ERIR; BB Qy(s,a) B 2 — NS N ¢

HIRREL, thanav 2 M, o — S8, BN Q W% (Q-network)
WAREENTIREEE m AEHE ar, - ap, FATATLALE Q 2% HaT HE — A

méEmE, KA —4H Qu(s, a;i) KER, XPMERE Q(s, a;) HIITBME.

Q¢(Saa1) Qﬂ—(sval)

Q

Qs(s) = (14.42)

Q¢(S,am) Q’T(s,am)
RMVE TS B RMFREH Q (5, 2) T LLEIE B Q (s, 0)- 1

BEXAZRRD ik, B Qu(s,a) HIEIT PR EIR Q7 (s, a); WHFK
FEIS Y 2257 7738, il Qe (s, a) 25T By [r + 7Qy (s, a")] e

EREMS: (FREMBSREFS)
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DL Q53] Jfl, RABEHLEREE T I, HARRECN
2
L(s,a,s'|p) = (r + ymax Qu(s',a’) — Q¢(s,a)> , (14.43)

Hrps/,a' T —WZIFPIRE o' MBI o KBRS,

SR, XA HAR R EAAAE PR A ) — 2 BAR ARG, 305 ST B AR st

TSHAR G, ZRNEARZEAIRBEIAENE N T EJESXPIANE L, Mnih et al.

[2015) & T —FR B Q W% (deep Q-networks, DQN) o VR Q W45 K I

N — & BARM % %% (freezing target networks), BITE—/M I EE A

5 A T YA s B EHFRSE, kKRS BER; &% Ei (experience replay), 4%
sk, — A EE R E R AR O . IR B R REAA ST 1) £ ) 4 R ) A

NGRS, BTN Z 560 Al EURE A SRR AR A BT R A F R AT U 253X
FE, AT DASRITHYE 7 ARSI ZRAE A AR LA, BB N R il . 2250
[FISE— R LTI E 2 o) o SRR AR, SRETE R SR AR BT I %5
IREE Q W28 1 2 S i B i L 14 57 o

Bk 14.5: WA FUBTRE Q 4%
MIN:REEMS, IMETRA, Ky, ¥Ea
VIt &5 D, &N N;

[

2 FEALRIIAIE Q MIZE IS5 ¢;

3 BEHLAIETL H AR Q M B E ) = ¢;

4 repeat

5 VIR AR AR 55

6 repeat

7 ERES s, EFEBNE a = 7€

8 PATENE @, WEIFAEE, 15 2B 225 r FUHTHRAS s/

9 ¥ s,a,r, s TR\ D H;
10 M D F KK 55, aa, rr, s8';

{ rr, 58’ R E R A,
11 Yy = 3
7+ ymax, Qz(ss’,a’), =

12 BA (y — Qy(ss, aa))* A R EORIZE Q 4,
13 s+ s';
14 KW C B, ¢ — ¢;
15 until s A £k k5

16 until Vs, a, Qu(s,a)Ixsk;
Hith: QM4 Qu(s,a)

Bk L, ERETERENZTED, TG —BOIHE VR, SRR
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A AR T MR AL, LS00 RS 7(s) = argmax, Q(s,a). LR ME—
TR A HRAS s I A SIE, HHERH BRI Q(s, a). WIRBNEZ A E
BRAR AR KIS, 82 3 [y SR e K 7 AR e PRI TR) S s T SR B 1 7 ) e i
I H Q(s, a) AR, AR ME SR A HA 5 £ 1) SR

14.3 ETREEHNFES X
SR T 0 ERRR 2 ST B—AHoh g (al ) R AN 8 S . — i

D5 AR AE FE 25 [A] LA ORI B AR SRS, PO 644 % (policy search) -

SRS R IR AR MU, R A2y D 2 T4 B AR AR A B AR AL . S
RN TR BN TTEM L, SR AT U BAH &, EIEUL SRS . 2
AL SRS e A B BORSBIE, 7T DLELH S H BE AL 50

Fowk 6 B (policy gradient) f&— 3k T8 B BRI S 3] 78 5 7o (als)
= MNRT O ST R £, FRATAT DA A B R A BT R S 5 0 i 15
Hire% 7 (0) Sk

HAReR L T (0) = T HKIES 0 K FHO

0990 - = [ ceyr (14.44)
= [ (gm0 ctois (14.45)

= [ 00) (5 () ) G (14.46)

— [ i) (35 10800(0)) G (14.47)
~Brvin) | gy oEn(7)G(7)|. (14.48)

ot 2 1og po(7) AEE log pa(7) o T 0 HIRFE. WA (14.48) T A H,

SO AL TT TR AR R R G (1) B LT T BIREER po (1) R
2 1og py(7) AT LAE—25 40 iR Ay

0 0
%logpg(r) log( 50) Hﬂ'g ag|s:)p st+1st7at)> (14.49)
T—1
=90 (108;]9 (s0) + Z log g (azst) +10gp(8t+1|staat)> (14.50)
t=0
— 0
a— log g (a|st). (14.51)

WLLEH, 2 logpe(r) RARSHAMAETIE, RIS U G .
EREMS: (FREMBSREFS)

B # T(0) 5 LA X
(14.11).
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i, semshis 270 aps

1 970) _ —~ 0
G(r) =Y A oo Crem) (Z; 7g 108 atlSt)) G(r) (14.52)
t=0 11 8
=Eropo(r) ( 99 08 ™o at|5t)> (G(To:t—l) +th(rtzT))] (14.53)
=0
A A14-5. =Erpy(r) (89 log mg(a¢|s¢)y G(Tt:T))] , (14.54)
Lt=0

HA G (1) I 20 ¢ A A2 4 o USRI e BT 4R
G(rer) = Z SR T (14.55)

14.3.1 REINFORCE &£

AR (14.54) H1, 152 0 LTI STRE 0 7RI L. 8 410 5606 g, 77 LA
HATIEEAPI D, 7)o 00 GG ) = 5§ 0l 5 0,
HBRREE X

9J(0) 1~ 0 (n) | ()t
i Nﬁ; > %mgm( 5" )7 G Lo |- (14.56)

SEABENUER B BT EVE, BATA DG UCRE — KB, TR R
FEIEHSE, N REINFORCE 3 i%[Williams, 1992], W5H%14.657 .

&% 14.6: REINFORCE &%
I IREZEN S, shEZ A, AT IO SRS BRI AL 7 (als), HTHIE
v, AR

1 BENLYIGE IS EL 0,
2 repeat
3 FR S g (a|s) A2 R — 25 HITE

T = 80,00,51,01," " ,85T—-1,0T7—1, ST;
4 for t=0to T do
5 T G(rer);

/] EFERBEE S

6 00+ a’th(Tt:T)% log 7 (at|st);
7 end

8 until 6148k,
Mt SR o
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14.3.2 HE/ELZLHN REINFORCE Bi%

REINFORCE H3% 1) — A T 2ok fE A R AR Z [T Z IR K, S80Ik
ARG, I REAE A 18] P I SRR 2 T A A . — b7 22 e
THERGIN— IR . BBCEAL T R f I, v T TR, R
MBI CF R R g, £

f=f-alg—Elg). (14.57)
FONELf] = E[f], FATAT LA f HT A T iR 5 f IO, R i R 8 g
SRS f T %
var(f) = var(f) — 2acov(f, g) + a? var(g), (14.58)
Hrtvar(-), cov (-, -) 7 RR 7 2RI £ .

R EAE 1S var(f) BN, 4 a%a(f) —0, /85|

_ cov(f,9)
= (14.59)
[,
(1 _covUg?
var(f) = (1 arle) et f)) (f) (14.60)
- (1 — corr(f, 9)2) var(f), (14.61)

Horf corr(f, g) NEREL f AT g MIARSCHE . SRR, T f (97 250

a2 REINFORCE & &2 t, HIRIEHE A

6%0(9) — E.gt [Eat |:’YtG(Tt:T)88010g 7T9<at|st):|:| . (14.62)
AT NIRRT 2, B3N/ 0, X RS b (s, ),
BNAG 9
\(750( ) _ E, |:]Eat [Wt (G(Tt:T) - b(st)>%log7r9(at|st)H . (14.63)

#‘j b(St) *D a¢ %3‘%’ ﬁ

B 1650 g o mlanls) | = [ | bs) g Yok malarls) ol ) (1464
—/at b(st)%m(at|st))dat (14.65)
_ %b(st) / (a5 (14.66)
- %(b(st) 1) =0. (14.67)

EREMS: (FREMBSREFS)

fat wo(at|se)dar =1
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8J.(0)  0T:(0)
B, == = =2

T ATLAR BN T 22, b(se) G (1) BEAHSGHEAT, — MR B IR RIE
FER b(se) NEBRE V™ (s)o HAZEHTERECRRAL FATATELH — 2235 1
BREL Vi (s¢) RITMUERR L, HAReRECN

£(@sm0) = (V7 (s0) - V¢(st))2, (14.68)
Hrp v (s) = E[G(rer) B ERERE IHEAT M TE. R BENUBEEE T BEIL,
ZH o IBRIE
oL , oV
((glzm = *(G(Tt:T) - V¢(st)) g((;t). (14.69)
SR BR AU S A0 (MR N
0J,(0 P
«(7;9( ) _ Es, {Eat [Vt (G(Tt:T) - V¢(3t))8910g779(a753t):|:| _ (14.70)

B4 T T R E LR 1 REINFORCE 8035 il g 72
Bk 14.7: W HUELL ) REINFORCE 5.9k
N RS S, sEZEIA, AT TSRS R 7o (als), AT
PR E R I V,(s), PrFy, T, b;

1 NI S 20,05
2 repeat
3 FRHE S g (a|s) 22 R — 2K BN
T = S0,00,51,01," " ,ST—1,AT—1, ST}
4 for t=0to T do
5 W G(rer);
6 § < G(1i.1) — Vu(se);
/] BEHEEE S
7 ¢ 4= b+ PO 5 Vs (s0);
/] EFREEE S
8 0+ 0+ ay'5Z log me(ar|st);
9 end
10 until 6 4%8k;
Mt 5

14.4 Actor-Critic B %

£ REINFORCE S5, &R ZARYE — D AR — S s BN, JF
TSI SR ERIER . X AR TT ST ZE HLBOR, 2 I AR B IR, R
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ATAT LA 25 I e 22 20 2 ST I RE AR, A8 B A R PR S e R B8R, BIIA
TR s (. B4R AT CUE 2 5T ) E R RN 22050 r (s, a, s) AR —AMIRES s 10
{6 R HORIE U T

® R -1 R A& (Actor-Critic Algorithm) J& —FP4h & Foek Ak B At 7 £
o AW E S Tk, HPE R (actor) 2R IRIE R 7 (s, a), BIZES]—A
WM AKAF B =S HIEIR, 8 R Ceritic) ATRERELV,(s), X 2417 H0E 1E
PRECIEAT A TE,  BDVEAL actor IUEFIR . MEB) T{EREL, Actor-Critic 5% ] LAk
ITHA NS, AT EEREE R A AT R .

1 Actor-Critic 532 (K S B8 8 g (s, @) ANELBR KL Vi (5) B2 1552 ST R 2R
H, FEAENWGLRE T FN 2.

TR B 2 ¢ FEAG I EIR G (o), BATTH R 2 AT L

N

G(Tt:T) = Tt-‘,—l + "}/V¢(St+1), (1471)

Horbrsy g et + LIS ZIHPIRAS, vy A2 RIS 2250

FERL OB, 20 AIBEAT S B K g (5, a) FMELBR L Vi (s) B2 3] — 51
EHBH S AEAHE BRIV (50) BT E R G (reer)

2
min <G(Tt:T)—v¢(st)> : (14.72)
S I, FHE BV, (s¢) (ENFERBOREH 800, b SRmE B L1052

A 0
0+ 0+ay (G(Tt:T) - V¢(st)) 20 log o (a|st). (14.73)

FEAREAD OB 15 AR 24 1 RIA BORES s NSRS 7 (als) ZHATBIE a) 35
BOREZN o', JEAFRIHIN 225 ro PPIR R (HRREV,(s)) RIEFTL HIA
AR BIARHE T T4 (r + yVi(s')), SRR E ST bk, FEHEC
FOPE 7y BERRAT PRI A S ml A o ¥ B U RS TR AT 20, TR 1 SR SRS g
T RMASF L. AR UIZRI, B AREHLREE, Y8 ARENLIT 7. I8 A
5720, VRIS DL PR o BOROBRAE , 5 D3 B 1 R
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B 14.845 1 T actor-critic HiEHI Zrid £ .

BL 14.8: actor-critic Hik
BN ORE S, FfER A
RIS R S B E g (als);
A BRASE R L Vi (5);
xRy, %Fa>0,8>0;
1 BENWIIEZ 50,9,

2 repeat
3 | WIEHAEIRIRA s;
4 A=1;
5 repeat
6 IRE s, EHEIE a = mo(als);
7 PATENE a, 152N BPES 250 r FUFPIRES s
8 § —r+Vy(s") — Vy(s);
9 ¢ &+ BOZVo(s);
10 9%0+a/\5%log7rg(a\s);
11 A=A
12 s« §;
13 until s A £ Bk

14 until 6 458k;
Wit SRR T
HARTEA FEHELZE ) REINFORCE 5yt [F] i) 2 > SR bR BOFME R %, (H 2
BIFA R —Fh Actor-Critic Hyk. B I i {E B8 2R 2 FE RS sk B L b oy
%=, FAHKAM R CRIPFE R AT,

14.5 SEEFIRNIFIE

SRS SR — Al W S NINLES 52 21 051, TR R AN T S5 A AT
AZH., FARYE 250 T B A R i KA A R T 22 i ) R A2 )
SR A ST, AT ARSI 2 R A% 375, A SE R I PN T
RGN A E

SEAL S )RR B ST X IAE T (1) BERALS ) IR A I AN ) 5 PR 55 3k
PRI, RREE A, MBS ST REA N TR IR (2) sfess
AW BHE B RGN, JF HAREIR; il E A I/ E R AR (B
NIRRT R B .

PACHRAL 27 1 w] DUB IR A RIR . — AN OB 4T 8 3 308, B

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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AN DT AEIR B 25 T (K 2R s AT KRBT, 1B O RIS i, 7k
RESRAT o A A 2 1R ST VEAT s 59— AR AR Ve AR ) A DIE 2 ) I L, B
RELRAFAET, FRBAIZHI NG, FEFFERESR AR DU A Bt /IME -

SRS ST SEEARH 2, KR BT Ay v TR B 7 ik (B EshE M
R\ P2 205 ST RIS R BN 7 i (RIS BRI 5 ) DL & P
(759 AFISEZ I8 )R R W E 14,4578 .

(pprer)  (emshr )

(remvFORCE) i 293 2 21

SARSA
Q %2

Bl 14.4 A RAL 22 3] A 2 TR R

actor-critic 5%

I A A R R VR S B I T RE 2 3 U R B B B ROR
XTSCSREAT — € UM, T T SRS bR B3P T Y1 SRS ST e S s A . (H
Jr 5 RN SR R B R A (] LUK, MEDLHEAT S8 70 HORBE, S BUT 28R, JF
B HWESE R R . Actor-Critic FVEBL R &M R E, KHNE, A4
Ly s

KA AR5 27 ) FRE R AL BT A» N =00 (1) PUTHm, &

RRREAS; (2) Al EHR; (3) BEHsRmg . 2141450 7 VUF A (1 9m ik 22 =) Bk
(SARSA. Q%¢>]. REINFORCE. Actor-Critic #i%) M.

SRAL A 2] S SR N Sutton and Barto [2018] B (Reinforcement

Learning: An Antroduction).

HARFE3RAL 24 3 7T, DeepMind ) [Mnih et al., 2015) £ 2013 4E 2 H T 45
—ANIRAR A S RNR P S ) A A R, SRR QR % (DQN) . EAR DQN R
AR P AT B, I T A0 BR IR B 23 18], (EARARTE Atari ik B HU T 1R K AR
I, W 7B R S ZJE, RE RS IR IR R e . — T
DQN Bt L HE X Q W24 [Van Hasselt et al., 2016]. 56 2¢ 25 A% [Schaul

EREMS: (FREMBSREFS)
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ETRPS IR

(1) Tﬂﬁf%%’ Eﬁiﬁéz'—(' S,,T, 8/7a/
SARSA (2) AR Q(s,a) + Q(s,a) + a(r +7Q(s',a") = Q(s, a))
(3) HHSfME: 7(s) = argmax, ¢ 4 Q(s,a)

(1) PATHNE, ERRFEAR: s, a,r, s
Q%] (2) fliihEHHR: Q(s,a) + Q(s,a) + a(r +ymax, Q(s',a") — Q(s, a))
(3) HHSKME: 7(s) = argmax,¢| 4 Q(s,a)

(1) ﬂl‘ﬁt%%, ﬁiﬁkﬁézk T = 80,00,S81,Q1, """

T—1
REINFORCE (2) ffitHl#f: G(r) = 3 repa
t=0

(3) EHHM: 0 0+3 " (8% log m(at|3t)wtc(n;T))

(1) PATHRE, LRFEAR: s,a,8 7
Actor-Critic  (2) fliitFEI#Hk: G(s) =r +Vy(s')
0 6+ 5(Gs) — Vals)) S Vals)
(3) TFHME: X v\
0+ 0+ al (G(s) - V¢(s)> 2 log ma(als)

% 14.1 PURBRAL 5] SLME ) L

et al., 2015]. #R=}FM%% [Wang et al., 2015] 55,

EHT, BREE R 2 2] 22 2t [R] I FH SR m& 1 26 FTAE 19 28 SRl bl S g ok 250F
{HPR%L. 7E actor-critic 5L IIFEAE L, Silver et al. [2014] 44 &M A FE (1) AR
IR e VR SRS b, PR T A 2 MR s A% & (Deterministic Policy Gradient,
DPG) k. HngmBOVRERIZNERIN o = mo(s). KHBHE PRI —
MNFAE SR ZE SRR, FEEIS . B E T SRS R SR X IR R AR & A
fE, AL RIS R Tk . Lillicrap et al. [2015] #F—#7F DPG 5K
Jenti -, R DQN SRAGHHE RS, 38 H R B4 2 R s 4% (Deep Determin-
istic Policy Gradient, DDPG) #7%. DDPG 8L 0] LUE & &SRS 1E
78], Mnih et al. [2016] FH 70 A7 X B EARR H T R F H 46978 R -8t &
(Asynchronous Advantage Actor-Critic, A3C) %k, fE A3CHEH, HE24
FATHIIEE, BB — R BEAAT & B B ERIETHR RS
BREE . fE—EAHUG AT Rit, A RS8R 2 S0 i & e iR L =
RRZH A FEFREL R e ] DU A F IR R g, & S EE R

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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AZ B AR SRR, AT RASR 7 S R
B 7 AT BERIARAE IR ) Z 8, I AFAE — SR E I AL Y s Ak 5 2

&
:

1]

AWM D RATFRRKLIE 30T WM B R Kk Fit42 (Partially Ob-
servable Markov Decision Processes, POMDP) j&—/N 55 /R a] K it FE 172
ft. POMDP A EA B/R AT R, (HR B B iR LER A EIRE s, R
REHNTEHB 0 IE oo LLANTE H B2 3, BREAR R B8R AL I 35 R 52 10 R 1)
HEEE.

POMDP A DL — A7 ek (S, A, T, R, Q,0,), HiSEIRIRESE
6], NS R, A NBIERSA, T(s'|s, a) MREFHERER, R NEHREG Q(o]s, a)
NRLIIREZE, O NI ZS 18], 3T R EL

BESRLE S sl SRR B R A T AR HEAT S 1L, #5320 (EAE

LR, B EIRTVE NIA RS 222 )5, R —H 3 7~ (demonstration).

Fetnde B sl B, FRATAT DS BRI — AR B, R A ki m] LA
AN ZIAS B BRI 225 . BARIRATT AT DL 5 B 5 2D Rk, FROAATH k. (H
1T R RE R RINAT N, FERA R T AINAT N EhL.

i# 6 3% 452 5] (Inverse Reinforcement Learning, IRL) Fft/& g — A 3%
i SRR R, WS e —HE R (BB AT NN R
T 2R B (s, a, s) SRARER XIAT v, SRJE FEEAT oA 2] .

PEBUFES 5 E&WAF 3] (Hierarchical Reinforcement Learning, HRL) &
T — IR 1 s = ) RO R A 22 /N T B 7 ) @ [Barto and Ma-
hadevan, 2003], %A~ BHS A] LLEA B /R T R ok SO AR AR, IXRE, 3R
ATTRT DL REAR IR SREWE 43 9 1o [ R SRS VIS 2 IR, 1 J2= SR IS AR AR 4 iR
AU WTHAT IR Z RHENE o XA, R BEAA A AT LA o — L8 AR 55 .
SE
SRR 14-1 AEWI 3K (14.25)

SIRR 14-2 WEB AR (14.27) F1(14.28) 2 Sk B AL -

SRR 14-3  HLEGER A 3R (14.21) F1 (14.38) FIAN A 2 4k
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ERPEN

SIEF 14-4 547 SARSA SEI5EA1 Q 2 I S R

SR 14-5 WEB AN (14.54)

SE 30 Hk
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F15E RFHERRE

AREBZTOF A RIFHNE, EFHHER P RADE
RAXGY B Ao
— A - S

FEARE N, ARZEGE LA, thnFEE., B85,

M. DNA e e i FEdnsE. DLARIES B, — a7 LA
AT A — € BRE S AN (word) HIFHI. IXLETEF AN ELE AR B 2%
PEEANE A G R AR, RAER BT EHIN. fEARILE S B — A2
JASLE, H N NERTENAR T

w6, kiR ik
& &, LR T

Ja— MNEFAEN N A SO A 75 25 2 (AR EE (8], SEARF & B ARTE 5

MG IR, XL AT A ot — MR A — RN T 1
XARFPIEAF DN FENE Xr = (X, -+, X)), HARMIE AR X,
MIFEA RN — AN 8 AR (vocabulary) V, BT xq.p BIREAZE A
VT ERMIEE L, BRESBHEARZEILFR. a3 AaImesE—14
NSRS, FTRAR “Rm 7, “I” B “9F” &, AAREMMAZER, X
JUANA T ASE AR, B PR AN T DA A — D BERL A

R NMNFIREAR 1. = 21, 20, - -+, SEERATLLE R T MRS
M.

PXyr =x1.17)=P(X1 =21, Xo =22, , X7 = 27) (15.1)
= p(x1.7). (15.2)

AR IR, PSR A PSR (1) 225 R 45

REREETORAREZ
#2133 (word), L ARALT LA
F R F# (character).

EERFF, MR X T4z
Bt Loy MME S, x1.0 &
T—ARINIHA, o RET
—ANFFIHAEEL B
18,
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E— PR, Al T X R S IR A (2) AR NSRRI
B 53 A7 o AR T BT B AR
7 5 s — M mT DA sk A 3R PR AR 2R ke S AR A1) Hh AN ) AR 2 (] PR AR RS %
AR R B G T LA A I — R B =3 A AR A (Autoregressive
kAt A LA RS Generative Model) &
T ARG,

15.1 FFHiERER

FEOVEHRA PR R (1D FEARRARA: (20 FEAREEDNARR K. X+
—AMKEAT WFH, HREARZEY VT B, AR O a2
K EEREEAN PSR

WRIERRTIEA L, Fox.r FIREE AT LIS R
p(X1:T) = p(xl)p(x2|x1)p(x3|x1:2) e 'p(xT|X1:(T—1)) (15~3)

= ﬁp($t|xlz(t—1)), (15.4)
=1
Hz, e V,t € [1,T) RIAR Y H—Ni, p(z1]xo) = p(x1)o

DRI, 3 270 K00 PN 23 585 52 Aty v ) 30 P DA 88 DAy B AR B ) SR AR R 2 A - )
W, BIZE5E x4, 1) N @y BOSRAFRESR p(24 %0, 4-1))

455 N7 58008 {X(n) M PP A ZR AR 75 227 5] — MR pg (] %1, 4—1))
ﬂ%ﬂ%jﬂ%?ﬁﬁ\iﬁ&%%ﬂﬁu%@ﬁ

~+

max Z log pg xgn

n=1

Ty
Z ogpy (x" %7 _)).- (15.5)

HMZ

FEIX TR FIAEEAY 7 Sy, 92080 7 BN A 0 4 R AR 4 A N, 2
—Ff A =2 (autoregressive) /7. BIILIX—ZRBRIHFR N & & )2 4 R AE A

(Autoregressive Generative Model) -

BT X, € VB, TR0 DB P BEER py (2 x1.(0_1)) FRAZ T
I3, SRR R IR B A o . AR A R O R SR N

AEEBERAAR$6.1.27.

S0 HANED.2.2.27 A IR A

2 J Nso:-2 1 =3 |0

NARARBALE15E, o R MER T SIRE
REFPIBEAA R 1537, .
- 15.1.1 FHER

— ELSIE KA R (I T B o (o)) 9T AL B TG R
A TERE VM A o &y AR B AR S0 po (%1 o)) AR,

Ty Np9(17|§§1:(t—1))7 (156)

EREAMS: (FEMNESREFS) https://nndl.github.io/


https://nndl.github.io/

15.1  FRHIMESRE R 2019 £ 4 A 18 H 361

A Ry g1y = @1, -+ &1 AR — 12D A BRI RTZE 751 o

H B E 77 0] LA — N R K E R T 5. A T B MitEol, @ e
WE MRS “<eos>” KRERTFIIMNGER . EINGR, BATPHIFEAR
HIZE BAIN EAF S “<eos>". TEMARRS, —HAR TS “<eos>”, mi ik
RIGE MM B AR A B — AN ] BE R FIRT, A2 st B2 A& — R N ZE B4
I RIS FE . B8 — D H A  nT BE A A ,

&y = arg max pg (2[X1:(4—1)), (15.7)
zeY

HH Ry gy = 1, B NRTTE E— 15 R AT
SR ST AL 2 T SRR I, IR % o JE A E 2 4R R AR

T T
1) < o). 15.8
gggm(wtlxm 1) —XE%TEM:”'XW 1) (15.8)

— b A R D R AR RS &K 52 R 4% % (Beam Search) o fE&E—
WA, AR K AN TRENETST A, R K VAR EIR/N (Beam Size)
M.

SR AR T 550 10, A K MRTRERIA. fER T,
M|V A H e K IR T RERGFF A1 115140 T — AU e A2
T, JRAEEY = {A,B,C}, *AAN2.

K 151 RS R B

SRS Z AT DU I B RO KRk SR FE A R B (A S 2

ERSEHE : (FREMNBSREFS) https://nndl.github.io/
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15.2 N T4itiEH

i T BB R, 2 ¢ BEBORI,  ARSRAR A T S (a1 021))
— AN T ER N AR (N-Gram Model) , B &SN o, RACH T 25T

A _1/\‘— N T 42 ) T'i , B
sTkimasngpas, Hon— TN (BTSRRI, B

p(xt\Xl:(t—l)) = p(xt|x(t—n+1):(t—1))~ (15.9)

M =10, #AN—I0 (unigram) 8 Hn =28, FAIC (bigram)
B, DL EHE.

— SRR M = 1R, g PEASR AL A, R E R
55/ B A M A B R TR TR, 6= (81, Oy
A2 o A AR B

FE—TeR, P xq.p KRR LIS

T [V]

pxirlf) = [ [ pla) = ] 07 (15.10)

t=1 k=1

Forprmy, YRR B kAR o £ R AR E . 22 30 (15.10) MR E 2 35073
A X R B 2 AR, R B (I 2 45 € 1)«

e —HINGEE {x(Wera AN SR R B -

N’ v
log [ p(x{%7,10) = log T 67 (15.11)
n=1 k=1
VI
= mylog by, (15.12)
k=1

Horbmy, NES kARSI ZREE P H B IR E
XRE— TR (1 B R AL IR A T T AR A 9 20 AT A 1

VI
max ka log 0y, (15.13)
k=1
VI
subjuct to Y 6y = L. (15.14)
k=1

BARARTFRECIT BB F T A, SRS BT H B KA (6, \) K

VI VI
A0, 0) =" mylog by, + A (Z 0, — 1) : (15.15)
k=1 k=1
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A
6A(9,)\) Mg -
o =g tA=0. (15.16)
VI
OA(6, \)
) => O0—1=0. (15.17)
k=1
SRR ERITERAEIN = — Y my,
oML — _ Mk _ T (15.18)

Z\k‘ﬁl mp m’

Hehm = S my ASORS S A IR BBk, BRI 00 TR
it
N SRR I, N TEH o S (| o 1yse 1)) 2T LA B KA
SRERECRTS .
m(x(t—n+1):t)
(X (1 t1):(2-1))
Hr m(x(t—n+1):t) N X(t—n-+1):t TERGHE AR b IR 8

N TG BT 5 A B AR TE S AR, aniBE R LASE . B
BN, FARNE . G N oA, FRATA DA AN F SRR,
FIWHZITH 2 B B IG5 RS SR .

P(TeX(t—nt1):t-1)) = (15.19)

BRI N IO ) —A> 3 2 ] RS SR AR R ) AL B A R E SR T4t
RIFLES 22 ST R — AN R I, B i TR AR AN T S B Al o A
HERf . AE—ToR R, AR ANE o RN EE R A, Bla SEUEMTE
oA T RN 0. FIFEFE N TR, 24— N oA AR IIZEE LT
AEAERT, A RXANHE AT HRIBEN 0.

By A R 17 fo LR AR R 5 12 2 T I R e S AR, (L TA B L
i 2 BEE BRI I . DL ERE S B, TR HERIE S
M Zipf . £ —AE AARE S HURAEE, — D RIE M BLIIR 5 E M
R R L o HH U f5e v 1 B0 35) 1) H B K240 2 L AR 55 — A6
FR BRI ) 2 1%, KL H IR B = AL A SRR IR 3 Ao PRIIEE, 72 FARTE 5 P oKD
3 R TR) A FAATIA] , AR X e o 1 T et 5 oA G 300 A il AL

HOERR B 1] B — PR Y5722 R B R (Smoothing) , BIZE—283 A

BLHR AL A IR T — 2 eI iR . I EORE N oA () — T AN H] D IR,

Lban e sk -F 8 i B A XN

m(X(—pi1)) + 0
m(X(tan):(tfl)) + 6V’

p($t|x(t—n+1):(t—1)) = (15.20)

EREMS: (FREMBSREFS)
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=
&
&
o

Zipf x # R X BHETF X
George K. Zipf#2 i 49 % 10
A,
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Heh e (0, 1) NHEH. 0 =11, Flde 1-FE.
bR 7oA, e ARZFIEEAR, il Good-Turing *Fi, Kneser-Ney
PR PR, IR AR R G AR AR, T AR ] R A
I 2] AR 5-

EREGMS: (FREMBSREF )

15.3 AREFIIEE

FEFPIHEA (Deep Sequence Model) 2 F5H) F #4528 A5 R0 SRk 2544
4‘%$p9($t|x1:(t71))0

{Ei‘&#/]\??g—%lmé% f(70)’ ﬁiﬁAﬂ‘j)ﬁE&{%Aﬁx hf - Xl:(t—l)’ iﬁﬁﬂjﬁ‘jlﬁjﬂév
HREEANE 0 (1 < & < [V]) HILOHES, JFiie
VI

Z Jr(X1.0-1),0) =1, (15.21)
k=1

Horbr 0 ORI RS HL SR AR o (we|x1.(0—1)) PTEAMFIEZ IR 2% Ot rh 4521,
po(@eX1:t-1)) = fr,, (X1:¢-1)30), (15.22)
H by, N, FEHRY PRI
REEFF BRI — o] LAy A =N IRNE S FHIEZE . fi ).

BNE 2 hy = xq, 1) BRI EER, —BONFTS A BT M s
B — SR N T O SE R i, RN T R B8 649 b 22 I £ A2 0 g Ach T °F
SHAE, TR SOy BT — AR R T R R
A% (Embedding Lookup Table) ¥4 &AM 5 BLIEBUR A S R7R - IR AR
FRANSE B E & A M € ROV NMEFE, I k81 & my, € RD
FORIARHE kAN R A RN

—

m; ms mg3 my, myy_pmyy|_; My

K 15.2 SRAFHE

(B VLT 2y 3L RO B M b, T one-hot R A 5, € {0,111V,
HISE K 4EN 1, HARNO0R [V BRI, 7o, SR SRR A

e, = M = my,. (15.23)
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T AR AT B BP0 2, ) RN RS e, e
FHERE FHEEH T IRl e, - ey THEHURFE, frH oy —AmT L
TR A5 B TE R by

RAAEJZ FT DUE A RIS A 22 R 28 RSB, LU AR 5 22 0 28 RO A 1
225, H LRI SR DU =

(1) BRFE
t—1
hy =) aie;, (15.24)
i=1

Horp o NREAMA B

BUE o P AN 4 RIS e MO, AT RATER. s, mTBLBE
o = o BUE o W0T LUEIE R SIHLEIR S A5
(2) BTTRIRZE LS
HI A0 228 10X 20 SR N (0 K/ T R 1R o DRI N e B2l sy sk
HAEHTHE n — 14,
BRI — IR R RN ey, - ey FHE AN dy x (n — 1) 4k
R

(ES!

h/ = €t—n+1 D---De_1, (1525)
Hrh @ RoR mEDHERAE.

SRJE R ' e\ B i AT 22 I 2% M BN FERUZ > B e — 2 FEURUR BT S hy

hy = g(l.6,), (15.26)
Hrt g(-,0,) 7T LLAAERR R AT 2 N 28 BB AR I 2%, 0, A% S 4.

N T S INARFAE 4 22 RN 4t X 2% bt ] DL 5 Bk 2 4% (Skip-Layer Con-
nections) [Bengio et al., 2003], LU

h, = e @ g(h',0,). (15.27)

(3) RIRREZ L
MIFT B AR, JEIA PR I 28 W] A2 R KA 81, AR I
fiNey, - ey, FFBINZI¢ BRBORZS hy
ht :g(ht_l,et,ﬂg), (1528)
Horbg() A=A AR IER B, 0, NIEIRNZ IS EL, hy = 0.
0 [0 6% A5 2R RT3 DX 288 RS F) AN [) 2 A AE T A o 222 9 2% 1) Y G e iR 285
Kad sk PAHT A I ZI 0045 &, AT 4 N 48 R a2 i n — 1A 2015 B .
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~. o RAHERE M -
HZSH
LTt—n+1 LTt—n+2 co Ti—1

(@) FFARHHZE ) 2 B

Yt
( )
A
h;
( )
ht—l €e:_1
( ) ( I . )
Ti—1

(b) 15 H 2 F 2 i)

K 15.3 IR JE P AT
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MHE Gt Ry A softmax 733838, #1245 BRI EER R hy € RY,
it iR R R AR RS IR, RN (V.

0; = softmax(6;) (15.29)

= softmax(Wh, + b), (15.30)

Hehdinth & o, € (0, 1)V AT BEZE 53415, 265 ke S ]2 38 & ] HE LY

KA 6y RNA—IE I W e RIVIxXd J i f5 — B2 214
JEEBERRESERE, b e RV NHE.

FE15.345 T RO E IR BE e AT, 15, 3a N T i P48 A Y (e 2k
TR EERS), K 15.3b ATEFF & W 45 A5
15.3.1 ES¥F

5 — MNNGFH x 1.7, IRERAIRREL 25 B bR AR —HSH00, #15
Xt BULLIR bR B K

T
log pe(x1.7) = ZIOgPH(xAXl:(tfl))v (15.31)
t=1

Hrr 9 s M I E S8, BARIRAFERE M UL AR 2 9 2% FRAS ZE A i o
W 2 S ol B _ETHER 2,

6 10gp9 (Xl:T)

0+ 0+« 20 ,

(15.32)
Horfr o NS ST R,
15.4 1N FZE
Wit — ANV RS, AT — AN BRI TR,
15.4.1 REKE

G MK S, — NP 1 A R R 2 A 45 DR B v 10 )
THIBREBERIS T RE

B & & (Perplexity) {5 EIRHI— M, AT BLAIRHETE — DA A
EME. XN TEEEIAER X e X, HMER A Np(e), WEEHN

9H(P) — 97 D2y D) 1082 p(¥) (15.33)
Horr H (p) 045 p KI5 o
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PR 8% 32 A 7T AR SR A 5 g A 20 AT Z TR 22 5 o 5T — AN AR B0 Bt 20 A e ()
=AML pg (), AT pr () FPRBEH — I AREA 2D 2 (V)
RLI3A5 po () BT RRSE N

9H(Prpo) — 9=% D2, logs po(a) (15.34)
Hort H(p,, po) ARERBIGI 530 b, SRR pe 2 IRIHIZE SR, 52 FT G FE
A b I A BB AR R B
R 28 0T DA B A TR AT 5 R AR B 4 A 2 I (O SRR o R e I )
P AR . K AR T 407 pg () FRIBFER AT LA P TR 28 2 SR A7
{5 R S A A S ] 0 A B N AN A (), AN FRATTAT B A A
o (x) S B H M po(x7. ), %¢Wﬁ%MﬁAmzﬁ

N N T,
[T pe(xi) = TT T e (=8 1% )- (15.35)
n=1 n=1t=1
T g (x) RS 52 SR
PPL(0) = 2~ F Ln_s loera (X172, ) (15.36)
P DINID DR T CARl vy (15.37)
N T, —-1/T
_ <H [T e (x§”>|x§7()t_1))> , (15.38)
n=1t=1

Hoh T = YN T, AR ER A B WL, R A
ﬁ%ﬁmzm(“mu,ymnﬁﬁwﬁm@ﬁowﬁ%¢%ﬁ$mmmzﬁ

, %ﬁ 71N Pin]
JUAT - ) 3 % — A K 2 AE-F Ko SRR, B .

a7k, A XA BB — A S BRI A ) IR 1%, B0 py (™ () )) =
= Ve AR O R S8 4 V) BASEVE R, N T 9 PR B B — 0 50 ~ 1000
Z I

15.4.2 BLEU

BLEU (Bilingual Evaluation Understudy) &7 s #5844 57 51 fil 2% 7
FIZ AN JCIE 4 (N-Gram) WEGE, &5PHRIFMILES BRI E,
F AT )72 N AE &5 T e 51 A U 5

B 15 AT 2945 po A —AMEIE (Candidate) P4l x, MILSEEE A4
FRBEH I — 4 2% (Reference) FHsM) ... s, RATE e WA K741
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BN ITTHEGHEEW, FHFitHNITHERHRE (Precision),

wezw min (¢, (x), I]?Iéi( cw(s™))
Po(x) = RS : (15.39)

wew

oot ¢, () £ N TEHL A w 2E2E L B o o BRI, o (sO9)) J N T4 25 o £
SH A0 B REL. N ICALAHURIE P, (x) £+ HE 81 0 N 6
YA /b e BITE S 81 B

TR B AR IR SR I N e A R TE B %P U A B, AR
o, HOREAE LR, BT LS| A K T B T (Brevity Penalty). W%
BT B KIE 6T 2% 55, A Halk AT 8 5.

1 if 1, >
b(x) = (15.40)
exp (1 — ls/lw) if 1, <l

Horp I, BRI x KL, [ WSHFIINRERKE.

BLEU /il id itH 5 A R L N el & MRS B2, AT JLAT A2
(SR

N
BLEU-N(x) = b(x) x exp ( »_ wylog P,), (15.41)
n=1
Hortw,, HAFI N T A AL, —HBEH &+ . BLEU BUETEHEZ [0,1], #KE
WA B R R . (H 2 BLEU ROF RS, MASGO A H% (I3 7 41 1
(N JedLA R A BT A D .

15.4.3 ROUGE

ROUGE (Recall-Oriented Understudy for Gisting Evaluation) #x5-5
TOCARESUE . M BLEU L, {HROUGE M2 A BHZE (Recall).

BT 5345 pg HR A2 Bl— ML (Candidate) 51 x, M ECSZHEOHE 7 A
HRFEH I — 5% (Reference) FEFHIs( - s(K), & W NINS% F 5| H i
N LA IS, ROUGE-N [5E SN

K
> > min (cw(x),cw(s(k)))
ROUGE-N(x) = =12 :

> cw(s(k))

k=1weWw

ey (x) 2 N JGH & w EA BT 51 x FF LR EL e (s™) /& N JCAE w TE
22 75 s A B AL

(15.42)
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15.5 [FHE R ERI GRS 3] (o)

il P B R ARG TR 20 B B e B0 A BRI, 2 A7 AE LR = AN 22 )
A B2 ISR B AR A — BT RACR . T I3EAT 25 4 = i R L
LS R I3 T o

15.5.1 RIIREER

TE B A4 s R ey, 5 ¢ 0 i N R R A B TR 81 K1, 4—1) - TOAE
WIZRINS,  FAEH B AT 407 51 TR AR Hh I B S8 X, p— 1) AN SRAS Y 1
DEI Ry, p—1y) o XA 2] T7 RN H T 5% %] (Teacher Forcing) [Williams and
Zipser, 1989].

TR LE BRI 53 AT po (X1.(0—1)) ) FHESEEAR 230 py (x1.(0-1)) ) FEA TR — 3L

BE R AL S L 2R A E2E g (|10 1)) ) TEVNERFIIR S AFE S R B0 A5 R AL, — ELIETH

%10.4.0.2% . DATEE Ry, 0—1)) RIS FRPAFAERE R, S RBERIEHE, 5 8EMRKFP7IH
S LA . IR M EFR A AR £ (Exposure Bias) o

TERUSRAE N T G2 e 22 1) e AL, BRATTRT AE I RIS R 45 Ao P R s s At
R S . (RS ¢ DI, BURBEALE Y SCSE B 2y BT — D AR 2y
TENHIN -

e e [0, 1] N MEHEHREKESH, £8P, Dle IMEMHRE
S 1, LA — e BROMEZORA AL BB 2. 2% e = 10, JIRMEK
R TH—FF, TR ESSEIE; 4% e = 0B, VISR A fd B8 A sl -

Bl b, WOR— IR IR e /s, R 25 T2 Mg A AR R B9 Hiedls Bl
g5, PRI, JEHAERSE. B, — MBI SR R AR Z58)
T e BURHIME, BEAE IRk BRI BE IniZ A0 el b e FEUE . IX R SRR FR g 7t %)
A A (Scheduled Sampling) [Bengio et al., 2015].

A e NAESE « YOEAN I B e e, FETHRISRAE ha) DU LA 7 20k
B A € (R -

1. &MEER: ¢ = max(e, k — ci), HH e NERADIBIRAE, kF ol vl
SRIEFIREIRE
2. FRBOEW: € =k Hobhk < LANWIIR B,
3. 1 Sigmoid TiH: €¢; = k/(k +exp(i/k)), Hik > 1 R4EHI TR
THRIERAE I — AR SR AR — P AN E R N INTE S, H brf AR A 2 ok
BT H S . X AT RS A TN — LA IR T A B — N SRR )

ERSEHE : (FREMBSREFS) https://nndl.github.io/


https://nndl.github.io/

15.5 7 A A RS RY Hh ) 27 ) ) R 2019 £ 4 A 18 H 371

KGR, QRAE S B A A AR R T 3] W, AR a2 s S A
IR XA AN IR A

15.5.2 JIZ&BERA—E o)

FP 9 A SR — R SR AR 55 A0 5% R FE AR R BEAT PRAT, LE AN BLEU . ROUGE
S, MNZRRS 20 SRR, X SBONZ HARMPE 55 A 2. JFH
XEEPPH FE bR — IR AN AT, Joik B A I B0 B 1 iRt AT AR AL

ETRUFEINFIER A 7o LEERAPEN B ER, 30177 LUK E DA 5
B RAT AR AR —Fh 2 AR 7T K sk AR, A8 s ) 7 vk AT I 5.
AR H14.1.37
TEF ¢, BE a PTLAE R NI R i — Ml SEIEA 7o (als,), Heth
RE so N BB BRP B ETE T x1. 01y — DT H xp.0 ATELEER UK
SRR TR — AT (trajectory)

T ={s1,a1, $2,az..., $7,ar}. (15.43)
B T NN
T
po(T) = Hﬂ‘g (at = X¢l8p = $1;(t71)>7 (15.44)
t=1
ﬁé*ﬂjﬁ%ﬁ%fzmﬁp(st = Xl:t|3t71 = X1:(t—1), Ot—1 = xtﬂ) = 1 e,
CIRYY 31

SR ST H AR 5 ] — AN SRS 7 (al s ) FEAS M B IR K,

T(0) = Brpy () [G(T)] (15.45)
= Exipmpo (erir) [G(X1:7)]5 (15.46)

H G(x1.r) NFH x1.7 BEEIHR, ALY BLEU. ROUGE s &P e s

TXAE 5 51 A e ) Rt A 4 A s A A ST ), L SRS R AT g (alse ) AT LAE T
REINFORCE H.y%8% Actor-Critic HyFoRIFAT: 2 . AT Bk sib 2 r I FIRCE,
W R EL 7o (asy) — MBI B R SRA T R AT TN S5

FE T oA ST PP 91 A BB ANE RT EARR R I R A0 PRAN H AR AN — B
T DA RICHI A 1 B i 22 17 e

15.5.3 HEXMZE[CRR

Fr 50 AR SRR (0 A 5 1) 2 o P A B ) SR AR, 7 2 softmax JH— 1k
iR R ELBORI, TR LRI
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TSI, AIBIFAIN by = X101y 1 2, MR

po(x¢|h) = softmax (s(mt, hy; 9)) (15.47)

_exp (s(xt, hy; 9))
B Z'UEV eXp (S(U, ht; 0)) 7 (1548)
_oxp (5(w¢, he; 0))

Z(ht7 9) ’

(15.49)

R o, Hdrs(ay, by 0) ARZE softmax IH— IS5 BREL, Z (hy; 0) B S o # (Partition
s(@e, he; 0) = [0c]y, » 007

K —leay R s 40 Function) o

£(15.29).

S H111.4%. Z(h;0) = Z exp (s(v, hy; 0)). (15.50)
veVY

Be 3 bR B B A 2R P T ] o T 5 s (v, he; 0) FRRFT. iR HE
BORKS, THEIJTAARSR K. EEIfE BRIE S T, 1AV IR — e 1 735 10
JiZ il LEIGRIN, REMEAEET S IR AL s AL, XA RN 2 it
BT IREE > R (T ANGXAKED, FEEMNGLIRERSG N . B
FESRE,  FA T R — ST AU TR R IR I G . H F 7 i ]
PA7r P2 (1) JRALH) softmax T4, HbRiE softmax bR B e 145 4 46
NIZIAEERE (20 FeFRAEIITi%, 8RR AT 5 S W

ANNE=Fh IR NG 7k 2R softmax 71k MR
M 7 X LA T o
15.5.3.1 B4t Softmax
BV RFE B Z R A LR ER, B a Rk 1, Ff—a R
BeE T, SRR YL B3R w BB A c(w), T
p(wlh) = p(w, c(w)|h) (15.51)
= p(wle(w), h)p(c(w)|h), (15.52)
Hple(w)|h) REETTEER R FMHET, FKe(w) ERME, p(w|c(w),h) 2
BTG E R A c(w) M, W w FERMER . Fik, —AMEfEEE A Lo
RPN p(w|c(w), h) F p(c(w)|h) BIFRAR, EATTRT A7 Sl ] FH 4 25 [ 26

SKettiit, XFETHE softmax BRI 43 A1) H 58 TR % F ke RN, DT R R HR
171 1 softmax BRI THELHE

gt TR V], AT B V] A, s VA
. SRR —EHA L, AT LUK softmax H B L /IV] 5. Honia)
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LR/ 40,000 B, K1 28w BrA G 73 21 200 2, BF4H 200 AN X FE R 7R
TFEPE IR 200 251 softmax, HLEEEITE 40, 000 221 softmax JIHR 100 £ .

N T B0 B softmax BITHEL R ARE,  FRATAT AT IR Z FOA% 25 F ok 4L 21
WERR . Bt = SR ORALGURR R B BT R, — O A1 R AR IR R
(3], AR R A FJR IR RS B15.445 TP 65— WA Huffman
X R

(a) T (b) Huffman #f

K 15.4 JZ XA 451

AR FATR: = X B EREHARIC N 0, AR C N 1o BNl A
PR i3 P BT Z 18] B8 AR B AR IC R BEAT i o [&115.darh Bros # 10 4>
lGESE T ERSIPSE

v = OO7 Vg = 01, V3 = 10, Vg = 10. (1553)

R v 7E SO AR B LT 1 S B AR K N m,  HgmiY
AARIR— ML & (bit vector): [by, -+, by]Ts i v AR A

P(vlh) = p(b1,--- ,bm|h) (15.54)
= Hp(bj|b17"' ,bi—1,h), (15.55)

j=1
= H;D(bj|bj—1,h), (15.56)

j=1

HTb; € {0,1} AAEAEE, p(b;|bj_1,h) \TABEIERPAE KM, Al L
1 H logistic [A1 V= >R BEAT U o

p(bj = 1lbj—1,h) = o (Wy, h+Dbup, ), (15.57)
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WordNet & # 18 13 3L 5k 41
LG EBE L mIR B, B
Princeton kK 52 #F & o

Huffman % # =& David
Huffman F 1952 4 X B &9
— &R T BB U5 69 H
ol (M) ik,

Foohin(by_1) Joiil o FERE T FE9BEFS IS 5 — 1A

%?ffﬁﬁEFﬁﬁiiiliﬁEEiE’#ﬁfiﬂ WJ%éﬁ#ﬁ%35ﬁ5i+ngl$§%@iblog2|V|4‘ﬁﬁfk
53R IA . X softmax BREL AT L logistic B, THE R AT DUN g
%,

e b BRI ST ZL, A LR UM A5 5K

log IVI

o FIFH N T HES )02 RS54, EL I B WordNet [Miller, 1995] £ 4t 1 1)
“IS-A” KFR (R ETFALRFD. #illn, “f” & “Zh” T AoE. BN
WordNet (¥ 2 IRAEE R AN SR, DRk 7 i o 3k — 35 Rk e oy
X

o {# [ Huffman Zmf% . Huffman gmhd %} H IUAE 2R = i e 48 B8 1 gmfis, H
TN R AR i) A P K R gmtid o DRIBE I 20 2 TR B . Huffman i3
YRR E15 1R .

&% 15.1: Huffman 4 #4 & 5B07%
BN R VY
WIgaA: AN o LAY R R ] Y U
e P A T RURNER & S
while |S| > 1 do
MIES S b PR A B AR 19 55 gy M ;s
PR AT R0/, IR ny Mg A 90! B4 55 0
B! BINEER ng Flng IR Z A,
KW SIS S, IR ng Mlng MNEES S PHEER;
end
£a Shi)a— M R n;
Bt Dln AT A X T

fary

N [ w > w (M)

o]

©

15.5.3.2 EEMRHF

IR I RIS 1 77 R TR R 7 v, B I SR SR AT I
SRS FRIRRFE

FIBEHUBEE BT REEF RO, 5 ¢ MFEA (hy, o) B H AR T 0 1)
BN

1 s 0
8logp9(a:t\ht) _ Os(xn ht; 9) B o8 (zv: P (S(U ' ))> (15 58)
a0 o0 a0 '
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0 exp (s(v,hy; 0
B 83(xg;u;9)<_ Ejexp(stv,hﬁﬁ)). > ;; : (15.59)
- ela 0 -2 e NI S G
e
= olonhi®) > ol Oule huil) (15.62)
SLLLELLLE S {68(fézf;9)}. (15.63)

A (15.63) PRJE—TUR T L s(v, he; 0) TE50 po(v]he) FHIHIE. I
A (15.61) FRILAE H, FETHERAFEA IR B 75 2R RN R B A
YORA. — USRI B Y, exp (s(w, he; 0)), 53— U THE BT 1A A6 1
I E[Z s(v, he; 0)]. BT BARTE S P IIARE BN, IIZEE 2.

NT REINGREER, v R A 7 R TIE L AS THA 2 (15.63) H i 3
B AHRIRATAGEAE H ELEARYE 7011 po (v]he) BEATKAE, A BEHERAEH A
TS po(v]hy), THIXIE TR HRE R

TR RHRH DB D RFERRS A g, KIS0 pe
A3 (15.63) H e — TR LLS A

0s(v, h ; s(v, h :
Epo (olhe) [ : } > pal \ht 95w, hu; 6) (15.64)
vey
(v[he)  Os(v, hy;0)
= hy) (15.65
z; |t |m) a0 )

_E pg(v|ht) ' 0s(v, hy; 0)
— 1 (0] hy) 90
IXFER UG 7341 po(v]he) b BTA R #3050 q(v|he) VISR . $R A g
i BT RER pg (v]hye) B, FEEH q(v]he) REFERIAH ZLLLBD o fESERER R, 2
WA q(v|he) PTUCR N SO R 20 A7 R 5
RG340 Q(v]hy) FISLRAE K MEAR vy, -+, v RITPERAE A (15.66) 0

(15.66)

Epy oin) [85(1} Jhes 0 } Zpe ;:]L:Ltt ) Os( Ugaht79)~ (15.67)
=1
EAN (15.67) F1, MIRTEER— N HE A EZE po (vi [R) -
_ s(vg, he; 0)
pe(vk|ht) = Tm), (15.68)
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St Z(h) = 5, exp (s(w, he: 6)) WGP BEL 7B LEFTAFEA_LIET 15
s, h 0) FERANL 9 T RESICRTIL, AT L RS B Z (he) 91

SR A FH B R R B
Zexp s(w, hy; 0) (15.69)
= Z Iht )eXP (s(w, hi; 0)) (15.70)
1
= By(win,) [q(wlht) exp (s(w, 3 0)) (15.71)
N 1, 1
i i R AR S I ~~ 174 ; PO exp (s(vk, he; 9)) (15.72)
1 & exp (s(vk,ht;e))
=—=) — 15.73
K2 ulh) (15.73)
1 K
=D r(v), (15.74)
K ; F

S (o) = SPCORO) S TR, TTLRIAR

q(vi|ht)

(15.67) HEFRW AT BN — 2, FFEHIE P P B R
LRI T T RO BB R BRI 2 )5, A (15.67) AT 5N

0s(v, hy; po(vg|ht) Os(vg, he; 6)
Epe('ulht |::| ; Uk|ht 80 (15.75)
K
exp ( vk,ht,e)) 1 9s(vg, hy;0)
%2 b)) o0 1570
1 K (vk7 ht7 9)
== ; Z k) 50 (15.77)
K
r(vi)  Os(vk, he; 0)
~ (15.78)
,; i r(or) 09
K
! Zr M (15.79)
Zk 17(vk) 1=
B (1579 RAANR (15.63), BREMEAR B IR REOCT 0 B
CIRYSUR VS|
dlog po(z¢|he) 85(a:t,ht;9) al 0s(vk, hy; 0)
_ r(v 7, (15.80)
00 00 Zk T ;
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Hrvg, - o AMFR A q(v]hy) P IEER YV IS HE ) FIA S (15.63)
ML, EIEMRHEYTRE T —DMARNTFEY = {v, - 0}, BREEX
AT AR FsRBpE 22ehid) osen. N (15.63) T2 pa (vl ) B2 r(vx) T8
o SXFEHAREREOCT 0 (B2 8k S 1 7R R BT R T IR, AR
B HIUAREAR . RAFMIRE AR KBK, IR IR . (E55PR
RLF A, KOHX 100 70 A7 SRR DAL 5 2 RS FE X AR i Al it o JE ik B MR
REfITTIE, IR el L 4.

LSRR 1 AR SR AT L T o, R LR AR T R A6 g (vl he)
HHC WS q(vlhy) IEBORGIER, 23 e BT A fe . sk, 32
WA q(ulhe) 2% S — TC B A A . BURELU b g(olhe) SR N JGHE
RO INAERF, (R B2 24 1 N A B 0 AT R AN RE SOt MR RE, 5 DR N e A (1
G AT R 22 ) 28 AR Ak T (1) 40 AT Z [ 1R K 22 5% [Bengio and Senécal, 2008].

15.5.3.3 [IEEXECHIT

F B LM R AL AL, R B 3F b 4511 (Noise-Contrastive Estimation, NCE)
e ME FH AL TR BE 1 T

R B X P A R Al T ) A M A S A S IR R, AT BRI T B AR 2
J% [Gutmann and Hyvérinen, 2010]. M EEAG THEEARZEIRATH H ARG b+
I3 o EEIIATBUN AR “SER”, RS b HER SRR K R
WA S “SER7, AW LRI 5, REONZSFE TR CSERT 1
FHIE, FFIRZE 5 “3ER7,

MR LU AR TH B R IR I T s RE =AM, A R TR B S
oA pr () 5 R po (), I IE BB ZH 0 RALLF po () KA
G HSLBIE A0 py () AW M g(x), HRITLEFS . 45 — A
z, Wz ZMp, (z) PHIEUE, FONEFFEL, R 2 M g(z) HHmEurs, FK
N B N T HIRTREAR « R ESEFEARIL IR FEREAR, SIA—D#AHE D,

Mk 75 50oF LU A T e I Y BE A Y g () A4S HE 0 R 3L D IR 25 5 e o0 il R R AR
e KRB Ly e {1,0} Fom—MER o RESEREARBMEEEA, HEM

plaly =1) = po(z), (15.81)
p(zly = 0) = q(x). (15.82)

RO A REA R E SR A RIRZ . Oy TR EIE AR, BATE
ABBE G P FEAS B R LSRR KA, BRIy B 5556 0 A i 2

Ply=0)=KP(y=1). (15.83)

EREMS: (FREMBSREFS)
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R T A0 58, B 5K T 2SIHH A3 A 0 B B

p(zly =1)p(y =1)

Py =10 = e = Dply = D) + plaly = 0)ply = 0) (15.84)
_ po(z)p(y = 1)
" pe(@ply = 1) + qx) - kp(y = 1) (15.85)
- (15.86)

po(z) + Kq(x)
W, FEA o R TS SR RIEEN p(y = 0fz) = 1 — p(y = 1]a)-

MBS py () FHHELN MER 21, -+ oy, BHEHE Ny =1, AR5
MRS AT KN ANFEAR 2, - - 2, B HIEAE N y = 00 M X Al
) H bR 4 EL SR A IR AR AR XTI R, AT AR AR — 2R 20 i, 1
FENT LUAl TH AR R R

1 N KN /
L) = TNETD <n_1logp(y = 1lz,) + Zlogp(y = 0|:vn)> . (15.87)

n=1

MBI 2 RE AN REAS, I FIBR R F M LT 200 5578 po (o)
I T ISy ().

WRPTAT LG AH 24 T AR RO £(9) 5 BB py (o) 1
FRHIBIER B D (R 5 A B o R ER 40, SUBAELS A AR T 2
Helbh AIIZALAET, (EMRFRE HOA Tl O FUB B D AL DR A 258

RIS LFI33T, - o N i
TREY, MTAE O HTII LS ()55 R HL D 5% — AN 2252 S B4 I 45

ETIRAEN AT R FFIRE 7E 157 ZIRBR R S AERE 2R I, FRAT T mT DA
M 75 56 A T 0 AR RS =i T 0K [Minih and Kavukcuoglu, 2013, Mnih and
Teh, 2012 7£ 7 FIAIY op 75 B A1) 50 A7 A& po (v|h)» JE I 75 2341 q(v]h) B
e T 7 S5 2 h 2 Ao A, A S B — A R g S B e SR 4 AT
q(v), Htn— TR

258 I AR B b, FRATT TR B W 1A e A — AN v a2k B T LS4 AT L A2
I3 o

po(v|h) B LA K (15.48).

Po(v]h)

P = S + Kty

(15.88)
T = MNINGFI x1.s 6 { (e, he) Hoy FNFSEREA, S 234 rh b X
KAFEAR ()1, -+, 2) )0 MRS ELA A H b ok 202

K
HOEESY (log Py = 1|z, he) + Y log(1 — Py = 1|}, ht))> . (15.89)
HTRARL, XZEST t=1 =1

T(K+1) °

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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BRI R A LU T, R — A (V| R K By — AN P 2K 1)
ERMRIR TR AT Hopg (v|h), Ferh U8R EE e BIHL 7 B BT 5. Dy 17 3 Gt ST
IYRREL FRATRE OB 73 BRI — log Z (h, 0) TEN— AN A ST IS8 2, (RIEE
DRI B NSO, ZRERATHEER po (v]h) FHE SN

po(v|h) = exp (s(v, h; 0)) exp(z). (15.90)

N 7 XoF EU A T 7572 10— AN RE R AR AE R VA — A6 53 A exp (s(v, hs 6)) TTEL
{1 L 2T B — MDA — LI, R FLSE R 275 p, (u]) [Gubmann
and Hyvérinen, 2010, WEEB, 22T H KM exp(z,) ~ 1. XFEALLEZES
exp(zp) = 1,Vh, FHARE—LEISAH exp (S(U, h; 9)) FARE po(v|h).
A3 (15.88) AILAE N
exp (s(v,h;ﬂ))

p(y =1v,h) = oxp ({0 1 0))) + Ka(0) (15.91)
1
_ — (15.92)
e Z(i,zw)
1
= (15.93)
1+ exp ( — s(v, h;0) —log (Kq(v)))
1
T 1+ exp(—(As(v, b 0))) (15.94)
= o(As(v, h;0)), (15.95)

Hrb o Nlogistic BEL, As(v, h;0) = s(v, h;0) — log(Kq(v)) NERFT 73 (RIA
e DIEE Y ONIIL Yo il ST P

TEME PO LA T, RS AT g (v) B HR 3 508 . E 52 M g(v) R
FEEA 5T« 75 q(v) BERESSEAR 7345 p, (v| h) HEEEEE, 75 001432 i) @t
AR Ty AT S B|— AT LSS0 1 p (v h) BRI B3 th 24 R R
T MBEREFSHFIEA, q(v) W— oA A0 2 — MRk, X
AR 7R AR AN K BB AE 25 ~ 100 245

BEE BT RPN A SRR R 454, RSSO . I 2R
A DU PR R A IR B, (ERAE I B BUR AR R ZEH ST 7 rR . T2
TR softmax 7752048 7RSI G54, AE I ZRAN I 2R AT DU AR 55
L.

15.6 [F5Z|FF)i=EE

FEFFRIERAE S 1, AT 2AE S A —FF, AR5 — NP5, L
BUBHEE. VR SORIE . RHERS. R R

EREMS: (FREMBSREFS)

Mnih and Teh [2012] 4L £ 52
BbaEsk, A4S exp(zy) =
I Ra#ratt Al a i, B A
MERBH KEG LK, X
H AR VAR 5] B —
AT — A B 5 HR ,
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K712 53] (Sequence-to-Sequence, Seq2Seq) A& —FhZ& 41 41 A2 i i)
W, 48— M H x1.5, A DTy BT EE S A4 T S
KEET AT AN . ELUfE NI B, MATEE S, A NERES . K15.54
H 7B TR 22 I 2% 1) 7 51 B 7 AL 28 0 4]

B % 3
t : t t t
| [~ [~ ] - - |
1 T T ! A A A
machine learning I e T

K 15.5 J&TIBFA 2 P 45 1) P 1 31 e S AL 2 875

Fr 3 3 7 5B (¥ H bR A T & AR
T
pe(Y1:T|X1:S) = H pe(yt|Y1:(t71)7 Xl:s), (15~96)
t=1
Hrhy, e VRHEE Y PREAE.
Y sE — NGB {(xs,, yr, )}y FATAT LA e K AUSR At SR I s

N
mgxglogpg(yltTJxlzsn). (15.97)

— ENZRTERL, BRI AT LIRS — N 51 x R A i T RERK H AR 51,

¥ = arg max py(y|x), (15.98)
y

N UNE N BUR ELIRS CRV AR Y RP Wk & ST

AR B FP B L AR R S, 2R AR po (yely1: (-1, X1.s) TT A 25 Fh
AFRF LRI X FIEAH =R EZ R P2 F PR

15.6.1 ETREAMEMERIFFEIFIIRE

SEHIL T F0 R 7 0 ) e B 5 25 A A8 FH RN IR 3 4 48 X 485K o Sl gk A T G A T
R, WA N % - % (Encoder-Decoder) 7,

UREBEE R MEM AN Rone RMIGHINFF B x1.5 15 5]V E 4E
) Eu, u— R G A A IR A 42 P 2 B I 2R BEIRES

h = fonc(hf_ 1, €z, ;,0cnc)s vt e[l: 5], (15.99)
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u=hg, (15.100)

HA fone(-) A IETAY ZE R %, A LCHLSTM 8. GRU, HZH N Ocne, €2 N
1] a0 )R] ) &

FREDER 70/ A EBRRF AU, B 5 Ah— MBS AP T4 Raee RILATARES . 75
RS RRIOSE I, BRI BTN y 11y e 2 hy FRTEMZS Raeo IR
&, o € (0,1)VI iR & A IR R A,

hi = u, (15.101)
fdeC( t—15€y,_ 1, Odec), (15.102)
o; = g(h{,6,), (15.103)

HH faee (1) NI IBIRAY 2 R %, g(-) NG — )2 N softmax BRI AT AH 2 K
2, Oacc MO, NWLEZHL, e, Ny W&, yo NATLUARPIARIFT 5, Lol «$”.

LT PRI WA 25 1) PP 9 B FP AR SR 5 - (1D [A1 c A R IR, A
NFHIIE BARME S B DR A AL — DN EDELEL R AR b (20 BFPIRKE,
TR ML K IE A AL, 55 E RN HEIE B

15.6.2 ETEBENHFFEIFFHEE

N SRBCEEE AP IE S, AT LAERE— 2D it iz & 7 pudl ok
MNP e A F 5 2 .

FEMRRSERER SR ¢ DI, SEH E— P RIRIRES n | fEohE W&, FIAE
BAIHEIMNIT AT FIRERE He = [hS, - - hg] PEFEHRER.

¢, = att(H, h? ) Zazhe (15.104)

= Zsoftmax (h¢, he_ 1))h¢ (15.105)
Forbrs () NER 1T 73 R HL
R Es 5 ¢ U RSN
hg = fdcc(htd—lv [eyt—l;ct]v gdcc)a (15106)
15.6.3 ETHIENNFIIZEFIIRE

BRI o] A, B TR RN 22 P 45 1) 7 41 31 Fr SRS I 5 — A R 2
TAEIAT IS . N T IR AT SRR UL R S K B B AR &, FRATTAT A
i B & AR ARG D AER A S5

EREMS: (FREMBSREFS)

KIABA P AL A 56,5

EFEzEHNNFIERE T
£ A i 42 Rhttps://nndl.
github.io/v/sgm-seq2seq

[=]

EEANME AN ES.1.27 .
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RN AN WAFEET 72 % 7 7 5207 558 Transformer [ Vaswani
et al., 2017].

15.6.3.1 BE3XEhH

T —AEEFH H = [hy, - hy] € RWXT, 558H 82 & 82 R

FottAT Y o
K™Q
If-att(Q, K, V) = soft V), 15.107
self-att(Q ) =so max(\/ﬁ ) ( )
Q=WoH,K = WiX,V =Wy X, (15.108)

Hp dy AN R hy YEE, W € RUXdn Wi € Réexdn Wy, € R Xdn Jfy
AR

15.6.3.2 ZLBEEFEN

EE R B AT DLR AR R AE — SRR B 25 () tp @ S ) i H 2 A58 %
Fo NTHIREEZNLEELE, AT 2 KiEE ), 2D ARBRE
P A R L ER .

MultiHead(H) = Wplhead;; - - - ;head ], (15.109)
head,, = self-att(Q,,, K, Vin), (15.110)
Vme[l: M|, Qn=WZHK=WgX,V=WKX, (15.111)

Hrh Wo e RWXMdw R BEEHERE, W5 e RO Wiz e RO Win e
R xdn HHFEHERE, m € [1, M].

15.6.3.3 ETBHIENEENFIIHG

MF— A x . RATATLUE 2205 8 2 % 5 F ST 4
Mo BTV 2 TS BB BB, RIS 604 A\ B
AL BRI E BARBAFEE . T MRS 1

HO = e, ®p1,-- e, ® D7), (15.112)

Hre,, A o RN FERIR, p NOE KRR,
BEMEREHD

Z® =norm (H(l_l) + MultiHead(H(l_l)))7 (15.113)

HO :norm(Z(l) + FFN(Z(Z))), (15.114)
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Hrfnorm () Frn &2 —H, FEN(-) RRZ4z B 6 AT itAP 2 F % (Position-wise
Feed-Forward Network), A— M EEIPIZ ML . X THNF oI hEMMLE b
Fﬂ% z,

FFN(Z) = WQRGLII(le + bl) + bo, (15.115)

Horh Wy, Wa, by, by NIMZESHL.

FF HEE IR R mIL T DLEE R — N EER R Mg, 5
lF%iAﬁﬁﬁﬁﬁ”bJF%%ﬁ&EM%ﬁoKﬁ%m,ﬁ%%ﬂ%%
W EE IS A TSR .

15.6.3.4 ETHIENRENFIIEFFIRE

K BRI RN AR 5 B AR 55 v, AR R4 S5 # T LAY 9

B9

ok

YRADEE D REEZEI AR I, B EER— 2 i A v
Ao GRS AN NT A x5, FHO—DNAEFPS HE = [he, - -+ hg.

FRRD RS RSSO IE T B B A5 2ORE R A AR P81 AgitSas ANIA, i as
AT BAHT BLR =AML k-

1. R 5 ¢ S 1 B B A BRI RT S Ay 1o
HEATHTGASE) HY = by, b VIR, BRI ANEAH
B AT LIRS Camaske) AL A B SR T %6
AEE.

2. PR & B AL A5 B IR ] hdt y TEAE R, BRI
RN H) He ikl I EE &

3. BN E RIS i — N ETR S M EERGE AR 2T E (R B
B ER=APREZZIR, )5l NEIERERT AP X 280 T S H
M
K15.645 H T Transformer M 2% 45 #7451

EREMS: (FREMBSREFS)

* T Transformer &9
Fool B p o oA o d R
Whttps://nndl.github.io/
v/sgm-seq2seq
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Output
Probabilities
-
Feed
Forward
s ~\ Add & Norm
[ Add & Norm ] .
r '—Add SN Multi-Head
Feed Attention
Forward 7T 7 Nx
N
Nix Add & Norm
f_" Add & Norm | Masked
Multi-Head Multi-Head
Attention Attention
At L
— J \ —
Positional & @ Positional
Encoding Encoding
Input Qutput
Embedding Embedding
Inputs Outputs
(shifted right)

15.6 Transformer ¥ 2% 45 14

15.7 BZERRNIFNE

Fr B A B T AR R e 20 80 5 P A T AN A B, o — A S B B
Ay B — 2R . H AT R P A A A R A I AR
LR BE P SRR 2 A 4 N 2515 S AL, Bengio et al. [2003] S g 15T
HIR A M4 15 S Y, [ )5 Mikolov et al. [2010] 1 FH 7 P 25 K 4% >k SEE
WHEMA. Oord et al. [2016] £1Xf 15 & & BTS2 H T WaveNet, AI PAAE pid%
EHARNAE G

T R ZE B, Venkatraman et al. [2014] #& 4 T DAD (Data as
Demonstrator) 5%, RIFEIZRE JRA 0 B S s A A AR s 20, Bengio
et al. [2015]) #t—PAFHIRFES 2] (Curriculum Learning) 45 il 45 A R 4 11
EEHl . Ranzato et al. [2015] 4 Fr #1142 B 11 42 9 A 2 3 T, A58 de K AL AR Al

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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THRTIGAER, FFZP RN ZR B bs d B KR T D0y e K IR . Yu
et al. [2017] 325 HI0 AR B 45 ) JEAE R BEAT SCAZE B

B TR FE T SRS AL i B 2 A8 softmax AT A —4k, THEARMR S - Ben-
gio and Senécal [2008] #& H 1 ) FH B ZZVERAE R MIE softmax (1115, Mnih and
Kavukcuoglu [2013] #& 1 M 7 %] Lo Al oF >R ok 3RA — A 2 - 28, Morin
and Bengio [2005] &z 518 FH T 2 1k softmax B HCRIT U (1 softmax BA%L .

FEFIVERAES, FPARIFP A E e — K+ EERES KA. Sutskever
et al. [2014] f FALFHIEAFH LN 28R FEATHLA 801, Bahdanau et al. [2014] fi
FVE B AR R SR AP 22 I 25 R A I3 F) B, Gehring et al. [2017] 4@
TRETHERME M H) TR F AR H AT I 51 3 5 5 A 2 4%
B BER AL, il Transformer[Vaswani et al., 2017].

Texar' F2 4t 7 —NERAF 5514 TR 3R 6t TR 2 TR A7 51 AL A2

SRR
SRR 15-1 UEW A (15.19).
SIER 15-2 @ISR T N oY Good-Turing “F1H, Kneser-Ney P
1 S
SR 15-3 Bl VR R PRSI THE A R (15.24) P IALE

SER 15-4 455F —PNERJF A “The cat sat on the mat” FIPFA S 75

“The cat is on the mat”. “The bird sat on the bush”, 47l BLEU-2 fl
ROUGE-215%»

SRR 15-5 R AR M LB

SRR 15-6 MR A (15.89)F1(15.95), THE RSN LTI SN E, JF
IR HANE EERAE P SR (A (15.800) 5 [H R

L https://github.com/asyml/texar
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WA A

AP AL — LLIR L2 I U R AN, RV, A U
AL MR AE BB

A LMK E

MR T TR, mETE (SRR IERERD B R 2R H
BRAE 21T RE A

A1l EEMEETE
A1l [EE

ARE (Scalar) s&— 2%, RABEKXN, EETIA. Mz (Vector) s&H
— 2 SR R PR, R B KNI R — AN ndimlEa & Hn NE T
SEHUH R, RN

a=|ay,ag, - ,an], (A1)

Forbt o RO a OB 0N SR G . IR B T NS b, c,
NG o, 5,y BRI

Al1.2 [EEZE
= = 1 (Vector Space) , &= 8] (Linear Space) , A&fiH[E
HRHIEES, FH 2 LR AN %A1
L FEMNE +: MEEE Y HREAN M Ea b, B a + b g T2
] Vs

2. pRERE - MEZEY PR R a fE R e, EAIRMc-ath
J&FAEE VY,
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BRECZSE) — AN A 2R ME 23 0] /2 B X = 18] (Euclidean Space) o — /MRS
FoRiIBHE N RY, Hdvn NasE 4 & (Dimension) o WREGZS[E] A [a] & 1072 A0
bR aevk i SUN:

[a17a27 te 7an] + [blab% o 7bn] = [(11 + b17a2 + b23 TG+ bn]7 (AQ)

C[a’lva’Qv"' 7an] = [Calvca@v"' ,Can], (A3)
Hrba,b,c € RA—MIRES
ZeMrFaiE mELR Y AT TR U2V —AF5, FFHB SR
A (R E AR EIRIED

MR LMY R —AHRE {(vi,ve, -, v} WERIMERRN—dbr R
AL A2, s Ay ANV A+ Ave + -+ XV, =0, AR N =g =-- =
Ao =0, IBA{vi,va, -+, vy} REEALXN, WHRAKERZMN.

EEE REEMVIIA (Base) B={ej,eq, - ,e,} & VIHARTE, Lok
ZIH &M A K. MY FrE Al aAeiE— 07 AERE 8 B &R
AMHEG. WMEREv eV, FIEHIRE (A, X, -+, An) 115

v =Ae; + dses + -+ A e, (A4)

H gt B ER AL S E (Base Vector) o WHERFERERZA TR, NbsE
(A1, A2, - Ap) ORI v RT3 B4R (Coordinates)

nEF MY —HARERL (Standard Basis) AN

er = [1,0,0,--- 0], (A.5)
€2 = [0a1507"' aO]v (A6)
(A7)
e, = [0,0,0,~-- ,1], (A.8)
VHIAE—FEY = [v,v2, -+, v, FTPAME— R8N
[V1,V2, - ,vp] = vi€1 + V€2 + - +Upey, (A.9)
V1, a, -, v, WRRCAF R v )% R4 (Cartesian Coordinate)
) 2 25 () AR R B ) 2 ] DU AR & — AN PE S A R S R ) LA FR
AF — N n e R AN Ea fl b, HHFUA
(a,b) = ab, (A.10)
i=1
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********

-
I
i
B
|
i
|
|| et ——= >

p=2 P =00 p

ol

B AL HILRNER. RSNV £, = 1

ER R mES AR EAARA0, NWEATER (Orthogonal) » UlH
RS —AEE v 5 TSR U PN AR ERS, AR E v T4
UIER.

A.1.3 B

FE4 (Norm) & — PRI AR “AKSE” IR EL, Dl 822 6] P AT 1)
TAFRIEREER AN MF— P ndimEy, — D WKEEERECN £, T3,

n 1/p
tp(v) = vl = (Zlvil”) , (A.11)
=1
Htp >0 MrEMNSH. HHKpMEESEL 2, oo,
01 SR 0 VBRI R SN TT R I AERHE A

vl = fvil. (A.12)
=1
o SEH 0o FEHON AR S A TT R P75 R 5

IVlla = (| > v? = Vviv. (A.13)
=1

Uo GBI FRN Euclidean &8 8 Frobenius a3, MU M, mEtHA]
PLR N MR S R I — N B Sk A T 2R B, o WEEUN B K,
BN R A

Uoo SEHL Lo JEECN MR B TUR I B KA E,
[[V][oo = max{vy,vo, -+ ,v,}. (A.14)
BEIAZSH T 5 WY w6l

EREMS: (FREMBSREFS)
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A.14 EBEHUWEE

A0 ERITAICEANORN I E, HOXR. 0= ANH KRR R P
KR B

A ImERAEENLINNE, H1ER.

one-hot@ENA HRBE—NIUENL, HEITTEENOKHIE. one-hot [
BT HB T —MIRERL, FEMERA RS, RETFAETHA
1AL, HRAHNO.

A2 JEf%E

A.2.1  ZMERREt

Z k4t (Linear Mapping) s& 38 MZRTEZ 0]V B 2= [0l W 11— AN
BRELS V=W, R XY AEAHRAFE R v LA s E e, A

fla+v) = f(u)+ f(v), (A.15)

flev) =cf(v). (A.16)

PR PRAE IR G 25 [R] T B S BR 2R f - R™ — R™ AT AR N

a11T1 + a12T2 + - -+ A1 Ty

A | @21%1 + @222 + -+ A2p Ty
y=Ax = ) , (A.17)

Am1T1 + Am22 +--+ AmnTn

Horbr ASE S m x n %1% (Matrix) , & — AN H m AT n S TC R A SRR
Bl —ANFEFE AN EABCERRIEE (475 § 51 ERICERMONE 4, 5 B EFIEN
[A]ij Blag;o R ARESLT — MR BIR™ FILNEBU; FEx e R My e R™
RN ETE P @ E, RN A x 1R

1 Y1
T2 Y2
X = I y=1 |- (A.18)
L Tn | LYm |

Jo R A R, A% e L i v e P
B NFHCASE | T EHGR I, A28 S R M B (01, 2, , 2]
AAFFIL, SRR E O SIIFIFRT x = (o0 o), BT E 0%
E[$1,$27"' ;mn]T°

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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A.2.2 5BEREIRIE

m AR A B# R m x n FERE, T AR B 1)he & m < n BFERE, HAEAN T
ot A M BAHR TCER AN

[A+ Blij = a; + by (A.19)

FefR BA A AR B RERRHANLIEMS g : R™ — REALf - R — R™,
W) A A 2 P it

(9o f)(x) =g(f(x)) = g(Bx) = A(Bx) = (AB)x, (A.20)
Horh AB FIRMEFE AR B AR, &N

[AB];; = Zaikbkj' (A.21)
k=1

TR AN B 1) SR AR AN 24 28 — AN B 14 A0 B0R0 58 AN B 1R 47 BORH 25 B 4 e o Yo
WAREx mHAFERM B&Em x nfEFE, NI AB&—1 k x n .

TR (R Sfei i e 45 & AN o BLAE

o &t (AB)C = A(BO),
e N (A+B)C=AC+BC, C(A+B)=CA+CB.

Hadamard 2 A 1 B ¥] Hadamard #2, N SR AR, N AR B H XM
TR AT

— MR e SR ARBUN AR TR ARARICER S ¢ 3R

[CA]ij = CQjj- (A23)

BB mxnfHE ARG E (Transposition) & —Nn x mBFEE, id AT, AT
M AT ER AT R R JEH R AR AT i Pt R,

(A7) = (AL (A21)
EEL FERER SRR R M E. XH, vec M EMLHET.
-‘L&A - [aij]an’ D_I\IJ

VeC(A) = [a’117a217"' y Am1, 12,022, ,Am2," " ,Aln, A2n, " 5, Amn| -

EREMS: (FREMBSREFS)
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R TP RE A IR AL ITTR PR ERJIE (Trace) » LA tr(A). REHF
ISR AN AT H A, EENTREMIE, Rl tr(AB) = tr(BA).

175030 T PERE A 147 5 RS AV LU BIhR B BB 10AE det(A) B Al
A7 3 AT LA 2 AT 0 TR B A A MR A A B s 18] P (3 o A 7 ZERR G
[y, AT H AR — AR AR “ AR BT B

— A n x n THGERE A AT 508 OB
det(A) = Z segn(o H @i (i) (A.25)

oeS,

Hrp S, {12, .0} MFTEHPINES, o REP—DHFI, o(i) ZITER i fE
3 o PRI E, sgn(o) Kontkd o KRS %, &N

1 oI R A A
(0) = (A.26)
—1 o A A

Hrp Il e Xt i) O: £ o v, AR P EO (4, 5) W21 < i < j <nfH
o(i) > o(j), MHN o B—EFX.

B —MERE ARISIRGE A RZMETE R A R HR, TR0 A LR
FHESE. MERERSIBRAIT RS M ER, AN (Rank) o

—/Nm x n BIFERE A IR K N min(m, n). % rank(A4) = min(m,n), N
PRAERE i AR Ao IR —ANFEREAN R, 0 B A 55 2R PR A SR R 21 1) AT )
&=, HAT510580.

PN FEIR IR AN AB 1Fk rank (AB) < min (ramk(A)7 rank(B)) o
SE RS R IR Z AR, Herh R I €, VE0E SO

4l = (X las) . (A7)

i=1j=1

A.2.3 FBRERE

JTFREERE 2 AR4E% (Symmetric Matrix) $8HZ BT H SRR, B2
A=A"%,

STAFERE *t A 4E% (Diagonal Matrix) J&—/NFEXF ALk /MR ITE BN 0 B
FE. XTAL ERITERAT PO~ O BB . — A n x n FIXTFAEERE AL :

[Al;; =0 ifi#j  Vi,je{l,---,n}. (A.28)

EREAMS: (FEMNESREFS) https://nndl.github.io/
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XA AERE A AT P diag(a), a A— M ndEmE, e

[Alii = a;. (A.29)

n x n X AHE A = diag(a) fil n 4E[H & b RPN —A n 4E 7 &
Ab = diag(a)b = a © b, (A.30)
/E\:EF' @i%ﬂi\‘,ﬁﬂ%\, El] (a © b)z = (libic

BI4ERE #{346% (Identity Matrix) J&—FhRRER X AR RE, JLdxt Lk
TLENL, HRICENO. nRAHEREL,, 22— n x nMFEERE. rTLlid
NI, = diag(1,1,...,1).

A m x on RRERE A AT RE R SR AR S5 T A B .

AL, =T1,,4 = A. (A.31)

WHERE KT —n x n BT HHERE A, WRAFLE 7 — AN J7 SR RE B AE1S
AB = BA =1, (A.32)

HA L, AEALRE, WIFR ARl ¥ 1), 5 BRRONEERE A% 4£1% (Inverse Ma-
tI‘iX) ’ iﬂy‘]Aflo

A ITEERIAT B A T 0 2 HAL % B A AT,

IEEFERE AT —Dn x n BXFFERE A, R THARIERREx € R?
ki 12

xTAx > 0, (A.33)

Nl ANIEZ 4% (Positive-Definite Matrix) o W xTAx >0, WMARFEZ
4% (Positive-Semidefinite Matrix) o

IEX5ERE E4EM (Orthogonal Matrix ) A A— AN HUSER:, HiisE MR+
HAE B,

AT = A7, (A.34)
ST ATA = AAT =1,.

Gram %B6fF M &2 —HRE & vy, va -, vy I Gram #E% (Gram Matrix)
G RRNIRIPNPREERE, HItER G N vivje

EREMS: (FREMBSREFS)
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A24 FHEESHHERE
R — RN — DR v il 2
Av = v, (A.35)
T X FI v 23 IR ONHLRE A 454548 (Bigenvalue) F4$4E@ & (Eigenvector) o
A.2.5 FERESHR
— N S T DR — 2 LA T B S R SR RO 4B [ 20 % (Madtrix

Decomposition, Matrix Factorization)

TREDE — D mxn M AR F F#E5# (Singular Value Decomposition,
SVD) & H

A=USVT, (A.36)

HA UMV A Am x mAn < n FIEZHERE, SRm x n B0 ARHRE, HXt
gk ERIJCEMONF 1L (Singular Value) .

HHEDE — N n x n T HIERE A 45429 (Eigendecomposition) 7€ SUA
A=QAQ Y, (A.37)

Ho Q n x n T BAERE, HAR—FIH# N AL E, A Juxt ke, Hag—
IR TR A FIRFAEAH -

TSR A X RRFRE, W A W] LARE S i
A =QAQ", (A.38)

Hoh Q NIEAZRE.
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B M5y

B.1 &%

F# (Derivative) A& flfR 4y B B 1 FE AT & .

T 5 SOSAIE IR AR & SEEIRIT R AL f - R — R, #7 f(x) 7E 5L 2o BIFHEANEE
WAz N, IR

Ax) —
o o gt

A1, WIRREREL f(x) TE R 2o AoV T, f/(zo) AT 540, B R %, Wl blid
7\] dfcgwo) i

U B, SEOTULEMREUZL L &Rl R, BB1AE T 1M REE
BT, For R g (o) BIREZONBREL f (o) 75 2 L Ay = f(o +
Az)— f(x).

(B.1)

y
3 =
g(z)

2 <

| f(z) = log(x) + 1|

Ay
1 =
Ax
0 f f f
0 1 2 3 7

K B.1 K3 f(x) = log(z) + 1 HI 53

YHE N, MR R R N % (Differentiation) o 4y
R FE A4 (Integration) o BREL f(x) AT LS N
F(x):/f(ac)dm, (B.2)

EREMS: (FREMBSREFS)
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Hot F () B89 f () B R BR £

A BRI f () AR E SOBA & R XA A B — A RT3, B4 ] LU R
B f () FERAXIA A TG IR — R f () 722 SUHRITA REAFE S
B, W f(x) NT &% (Differentiable Function) o RAJflBRE— @ ids:, {Hik
BERRBA A . IR || VISR AL, (HAER 2 = 0T .

KBS T LA W E S 4L

BRI £ PR EUE X TH

R flx)=C, HirCHHEH f(xz)=0

e BRI fl@)=a", Hhr 2L fa)=ra!
¥Rt f(2) = exp(x) f'(x) = exp(x)
XERE f(x) = log(x) flx)=1

R B.1JUAHE KR K 325

ENSH A RBI FEMLER S, TGRS S BB () SR
Pl @) A= G f(2) (I SERN I S8 2R £ (o) R ELD

RS T ANZ B ERE S RY - R, EH 4 (Partial Derivative ) /&
RTHA =D 2, BH, MRFE ARG R E, "TLAEA £ (%), Vi, f(x)
et Bk ().

B.1.1 fBEREREFR

RTBERE, FRATEE A RO 2 AN BB 2 Tt RO AN
(1) 5 2555 s el B RN R (R T 20, A AT AR 2 Bl — N AR Ab P . 4 A AR
%~ (Matrix Calculus) J& 2 JoifidA 7 (1) — P RIET7 20, RIS F R RE A ) B R 3R
ARRBEFAN KT BEETA B MR8 SRR 480 L.

FEFESSORRA 53 () 3R 8 A PRI T 5 2058 « -F i &) (Numerator Layout)
&4 B (Denominator Layout) . MEMXAE—MrERT—INHEMNS
o 5 A ) Bk 24T M &

L VRN R FE TR 2 AT LA Fhttps: / /en.wikipedia.org/wiki/Matrix__calculus.

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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B.1.1.1 REXTRENRSHK
HP—Ad Al x € RY, W¥y = f(x) = f(a1,-- ,zp) € R, Wy KT
x i 54059

oy 0y dy

AN = A R A px1 .
oy B ox [8361’ ’ axp] cR™ (B.3)
S TA R A 9% € R*P, (B.4)

= [871’ . ’87,)]
e R, L OB, TES AR, L AT .
B.1.1.2 EEXTHENRSH

MNF—=Mrr e R, By = f(z) € RT, Wy KT o Kl FEN

dy oY1 Ay
A BEAR B - - 24 Ixq .
7 ox [8967 ’530] R (B.5)
dy oY1 Ay
ST 9y _ 9y Yqpr Rax1 B
7 Oz [ or’ Oz ] < ’ (B.6)

e BEAT R R, QX AT IR, TR AR, S N, BRI 4,
AASERINK 73 B]AT R -

B.1.1.3 MHEXTRENRSH

MTF—Ad4ErEx € R, iy = f(x) € RTPEBE AR, W f(x)
KT x i FH (rEHAiRD A

Oy 9yq
af( ) 8{131 8I1
X
= : : : € RP*9, B.7
e (5.7
Oy .. Oyg
0z oz,

FrA Jacobian 4E %
B.1.2 S#EN
SA AU O TR AT LU BA R VR SR AL .
B.1.2.1  fm Ga) &M
HxeRP, y=f(x)€RY, z=g(x)c R, I

Oy+7) _oy o
ox  Ox  Ox

EREMS: (FREMBSREFS)

€ RPX9, (B.8)

https://nndl.github.io/


https://nndl.github.io/

398

2019 £ 4 A 18 H M B S

B.1.2.2 FeEEN

(1) #xcRP, y=f(x)€RI, z=g(x)cR? N

oy's oy, 0
ox  Ox 8xy

€ RP. (B.9)

(2) ##xeRP, y=f(x) eR®, z=g(x) e Rt, AR FIxTxR, N

Oy™Az Oy 0z . »

(3) HxeRP, y=f(x)€R, z=g(x) €RI, N

0 oz 0
yz _ 0z Oy .

g9z pXq
. o T ax? € RPX4, (B.11)

B.1.2.3 AN

4 X&) (Chain Rule) AAERMAR iR & o ECTHUK —Fhd F 7%
(D HxeR, u=u(z) eR®, g=g(u) eR, N

g _ al% 1xt
9~ 92 0u e R (B.12)

(2) #xeRP, y=g(x) €R®, z= f(y) € R, I

0z 0Oy 0z pxt
ox ~ x dy c RP*?, (B.13)

(3) # X e RPONIHERE, y=g(X)€eR®, 2= f(y)eR, NI

0z Oy 0z
X, ~x,ay % (B.14)

B.2 ERHHISH
i3 HLFR AT A A oo P 0 J LA B A

B.2.1 [EERHBLESE

ox
e I, (B.15)
0Ax -
K —_— A 3 (B.16)
OxTA
= A (B.17)

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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B.2.2 Z{IHTENRERHRESY

(B — AR f () BN RAR R oo 0 T— L K MR 2y, - o A1
AT LA f (o) BEI A2 K AR 21, 2

2k = flag),Vek=1,--- | K (B.18)
jﬂTﬁﬁ@Eﬂ, &ﬂ]%)‘ix = [l‘1,"' ,-IK]T’ Z = [Zl,"' ,ZK]T,
z = f(x), (B.19)

2 SR £ (2) B SHT N f(2) MR K Al x = [0, - ox]”
i, HSAR AN A

=0 e ®:20)
[ f/(xl) 0 Ce 0 1

- ? f%%ﬁ N ? (B.21)
0 0 - flak) |

= diag(f'(x)). (B.22)

B.2.3 Logistic BR#

Logistic BEE — i H I S TR, 2 LRI 4054 5K Pierre Francgois Ver-
hulst 7£ 1844-1845 fEAF F AR G KB AN i dn 44 10, SeWIE N —FhE
TNEY I

Logistic B #UE LA

L

logistic(x) =
ogistic(x) 1+ exp(—k(z — z0))’

(B.23)

X H exp(-) BREERR BN, wo 2P0, LiRmAKE, k2 iR .

KIB.245 tH 1 LRI A R Z 301 logistic B AT 2. 24 2 #&1) T —oco I, logistic(x)
FET 05 Mol T +oo ), logistic(x) #ET L.

BBHON (k= 1,20 =0, L = 1) I}, logistic BREFRAFRUE logistic BT, id
HNo(x).

(B.24)

EREMS: (FREMBSREFS)
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8
°©

o © © o

L [
8 8
s o
SIS I B o
LI [
SR C—.

e I VI

x> FTF
8
<

10 -5 0 5 10
Kl B.2 Logistic B %

bRt logistic PR ELAENLAR 2 ) P IS AR R )iz, 208 AR — > Sl 1)

RO 21 (0, 1) (X 1)

FrifE logistic AL H SN
o' (@) = o()(1 — () (B.25)
MEIANN K dEfEx = 11, ok "B, HFECHN

o'(x) = diag (o(x) ® (1 — o(x))). (B.26)

B.2.4 softmax R

softmax FREUENR Z MR A — MR 510 .
T K Mrsx, -, rx, softmax BREE XN

exp(zy)

K b
> i1 exp(;)

2z = softmax(zy) = (B.27)

R, BT K MBS ay, - ox N — D00 2,0, 2, T

EREGMS: (FREMBSREF )

K
2 € [0,1], Vk, > m=1. (B.28)
1=1

M softmax BN A K 4Em & x I,

z = softmax(x) (B.29)

exp(z1)
1

= — B.30
Soiy exp(ar) (5:50)

exp(7k)
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_ exp(x)
> exp(a)
__exp(x)
17 exp(x)’
He, 1 =1, - k1 /2 K44 1.
HFHN

9 [ —ee)
0 softmax(x) 17 exp(x)

ox o ox

S— 3exp<)+a(”a;""(">)<xp<x>f

T exp(x)
_ diag (exp(x 1K exp(x)) T
T 1% exp(x < 17 exp(x ) ox (exp(x))
_ diag (exp(x T
= di 1
T ( e ) ing (exp(x)) L (exp(x))
_ diag (exp(x .
- S ( s ) exp(x) (exp(x)
_ diag pr ) Texp eTXp(X))
17 exp(x) 1 Texp(x 1K exp(x)
= diag (softmax(x)) — softmax(x) softmax(x)T.

EREMS: (FREMBSREFS)

(B.31)

(B.32)

(B.33)

(B.34)
(B.35)
(B.36)
(B.37)

(B.38)

(B.39)

diag (exp(x)) 1x = exp(x)
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C HFEML

F g M A (Mathematical Optimization) [n/@, H0YgMARE, ZIgE—E
WRFMT, Rg— BB ERRME (B MED 7

HUERAC R B LN S — > Hir g (A EED f: A - R,
FH—AEE (WUSHD x* e D, FHRNTHA DTH x, f(x*) < f(x) (&
MM B f(x) > f(x) (A, K DANEExMHRE, BT8R,
D AR BAEFR N2 T AT %

C.1 #EMUAILKE

C.1.1 BEMILAESML

MRS A AL B x IR 5 s o, e Pt i @n] Aoy v e e Ak il
AR EEELARAL ) 7L

C.1.1.1 BaEita)Em

B (Discrete Optimization) [A]# & H b & EL 4 N2 &N B HU%
&, U BHEARES TR TR SR R A AN

1. #4#AL (Combinatorial Optimization) : HHFrEMN—NEHRESH
WS R BRI TR . £ ROASHAL R BT, £51 87T
R IAMEAE—EOCHR, v AR A B Lht . R 20 & oAb in) A i
AT )R e /N AR RSO Il [T 8 1) RS . AR 22 HLAS 5 2] 1) AT 2 20
AR, PR, SRR M G, B S E A L e 28 e 5 2)
(Structured Learning) H AR Tl ] 45 .

2. B HHMK] (Integer Programming) : fjANL & x € Z4 AHEH. — M I
FEEHOR K 17 B B 4 &R M%) (Integer Linear Programming, ILP) .
B LMK — PP EARRISR AR T2 s (1) B N Db AU B AL R
il e S I R A6 g — P PR 82 P K ) R, 3 A S R e 5y i ] R )
Fastie) @ (2) SRAFAHRAL i ia) @K s (3) e A stha] R A DY & T3
ST B o ARSI TR 7 IR B fif— MR AN R e DRI, R0kt J5 e i )
AR — ELERL 5 ) B AR B . 554, XM AR Rt A —
SE W R LR SK AT

DA I R SR — R LR A, DA SRR I SR FE A L s

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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C.1.1.2 EZMILEE

# G4 (Continuous Optimization) |7 & H b e& 20T i N2 &N i 48
Tix e RY, BIEARREONSERE. AN A BRSO T

C.1.2 FTHARMUFLARM

TEESAA I, R4 R B A BEMNLRE, AT LRIt A8 T8
ZITARAL W] A2 AR AL 1)

A R MALF A (Unconstrained Optimization) )R] 4T 48 A #E A S
D =R4, HLIEN

mxin f(x) (C.1)

Hhx e RENFNAERE, f:RY— RAEREE
29 R KAL) AL (Constrained Optimization) AHAF & x 75 Ehil & — e R ak
AERILIIR . LYAA o] B0 5 A R A% B SR 0k R AT SR A

C.1.3 ML FIAES ML

WERAEAT (C.1) . B AR REFNITA 120 ek B R 2 1t iR 4, 1% ) R
AEAEAX A (Linear Programming) - 0, 4158 H Az e BT i — A2
WRERBONARL R EL, W10 9 4R &b AR E) A (Nonlinear Programming)

FEARZRMEARAL I, A — R ECBURF IR () 7] j 2 & R4 1R A (Convex Pro-
gramming) o fEMARA R, SR x W7 O EE, BRI TE S TR
R, EAREL AL TAEEA WS BARRE f A0 N R EL, B2

flax+(1—a)y) < af(x)+ (1 —a)f(y),Ya € [0,1]. (C.2)
IMAC AL 1B B — R R B 2R A AL 1), 795 2 B AR RO R, R
st SR T RO e B, AR ST R O I R
C.2 fHEX
A A 2 S S AR 1 SR A R R — AW i o,
SRS AR P A BT %1, Xa, - - xer T2 0 S ZC USRI B DR
AR AR VR — i O T 2 1 5 2 B T 5 A 4 3 1 5

DU RIS, 4 MIPCAL SRR IR A5 DN R S ), il IR AR e A e Hh Ak 2
PO x* BOARIE AR IR T x

EREMS: (FREMBSREFS)

KA A — AT AR T
AXRFEF A, K f(x) R
KALFMF K —f(x) 4931
18,

EA B R #KE AL
%C.3%,
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A F AT ik,

AL AR R B AT A RNV E R A B AE 555 . 2RI R 0 5
RFHIT RS, BARFFARE NEEE, Pk, LIRS,

C.2.0.1 =ZRmMABER=RM

X TR Z AR )8, S AFAEE TR ME . BRRRME, B
B AR x* 8 SN AFE— 0> 0, A THrAERHL |x —x*|| <dfx, &
A f(x*) < flx) ML WU, 75 x* MU XA, B 0 ek B e &R T 8L
FHET f(x*).

HFFAIx € A, #H f(x) < f(x) AL, W x* bR ML, B4 A
KA

— ), KRB ERMAERE SN, ABRMECRIIEH A2 R B, X T4t
PR DAL ) R, ) 0 e I A A e 4R B DA -

BN R x* BN R, 85 EEACE R BIRA A BCH SN R
B AP . AR R f (x) 2 IRIESE T, JATH L ke & H ARk
HUE 2 (BB RE V f (x*) Al Hessian HFE V2 f (x*) R FIWT .

I CA-BR&MEN—MeERS: MR x AR RIE
I HBRHL f AE x* BB —Fral i, FE V f(x*) = 0.

IEBA. W BREL f(x) 2 IELE AR, IR R R IT A5 (Taylor’s Formula), B
B f (x) BB I Rl LA AR

F(x* 4+ Ax) = f(x*) + Ax"V f(x"), (C.3)

BV £ (x*) # 0, MATLRE]— Ax (Wl Ax = —aV f(x*), a AR
HIEHD, 7

f(x*+ Ax) — f(x¥) = AxTV f(x*) <0. (C4)

SR 5 8 fo DL 1 S ST I O

B C.o- BEMRNMN T RRERE: R x AR BRI
I HLBRH f 7E x* BIARIRA AT, FZE VF(x*) = 0, V2f(x*)
R IE B HE R

IEF. WURBRHL f(x) /& UGESERT A, AL f (x) BT AT BTN

f(x*+ Ax) = f(x¥) + AXTVf(x*) + %AXT(sz(X*))AX. (C.5)
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H—Br s BV BRIV f(x*) = 0, N

£+ Ax) — f(x7) = %AXT(VQf(X*))AX > 0. (C.6)
B V2 f(x*) J 1 5 R O

C.2.0.2 #HETEE

# B F &% (Gradient Descent Method) , tHIH &% F %% (Steepest De-
scend Method) , £8% FH SRR fif TG 20 AR A (R A2 /IMEL i) 2

TR f(x), BR f(x) 15 R x, BEEEIESEAT A, A f(x) TR
MITTTIA f(x) 7E X s BIRR T T ) o

RG22 5,

Flxerr) = Fxi 4+ A%) & f(xe) + AXTV (x). ()

TR f(xo11) < F(xe) BAME AXTV f(x0) < 0. AT Ax = —aV f(x,)-

ﬁ[l%a > O?\j—/l\@gd\ﬁﬁﬁi A4, f(Xt+1) < f(Xt) AT
ERERATHR AT LN — 618 xo K, 18R
Xt41 = Xp — OétVf(Xt), t Z 0. (08)

EEJU?@J X0, X1, X2, ... 1%?%

f(x0) > f(x1) > f(x2) = -+ (C.9)

BERIGAI IS, FPA (x,) WS JR S e x* o ERBGEEK o 7T

PA A, (HIHLBUE TGS, AR KA s, dn SRt /s T WAe S P 1

BT AR R I B C AR . MRS 2k OKT4R), BIRREL f AN
WHUN RS ST 2. 2L E R AT Sk A8 1R s BB LA BT ) OB E 7 1) 5 3 5
G TR B WESREL NRETT IR, R A B R f B )R B e DA o

EREMS: (FREMBSREFS)
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X0

Kl C.1 BRRE TR

B PE N BRI — IS S, ARt/ IME I B RS, WSk = 22 1
FFHFRERL “2 7" BTN B AR B AR R B0y ST i, JATAT A
KL ko s, WS R, (HR RRGA AN 5
Hessian fE[F SRR, B EHR .

P, AN RIRATEL R AR — A RAB 1) 8, 3 75 2 ) 6 B O 7 ik AR AT 44
R, BT R RO A XN IR B FR A% B B A (Gradient
Ascent) .

C.3 HtREAHREES KKT &

A& B B 4k (Lagrange Multiplier) f&ZIAMAL 0] B A — PG 2R fift

k. & LA ) R AT LR R A
s TR LRGN LIy

bt

hi(x) = 0, i=1,....,m (C.10)
subject to

gi(x) < 0, j=1,....n

Horhy(x) NERLREEL gj(x) AAFERLREE x WATATHEN

D =domf N () domh; N (] domg, C R, (C.11)

i=1 j=1
Hrf dom f 2 PREL f 115E S35
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C.3.1 FXARMALE)E
WIRARK (C.10) P RAERL R, AT ARG — ks B H R A (x, A)
AxA) = F(x) + D Aihi(x), (C.12)
1=1
o N btk B H TREL, T DUR IESE AL W f(x) SR AR LA A 1]

B R AAE, IBALFAE—A N AELT (x*, \*) NRRS B H BRI A (x, \) AR
(stationary point). [Hit, HFEZE4A (9/\6()))((,)\) =0 A 8Ag§\’)‘) =0, 33|

Vfx)+ zm:)\thi(x) =0, (C.13)
i=1
hi(x) =0, i=0,---,m (C.14)

T R A AR B S SR A 10 R AT R . FESEBRIL AR, R ARAE ) R BHIE 2
T RAE A

T ) H IREGE R — I d D BEE A m AN TE XL KA 1 SR ]
B—H d+ m AR R RBOR AR R . HA% T H SR BE PR 11 A2
R SR I BT A A s (EFAS DRAE AR A PR A1 i ) AL R

C.3.2 AFEALRMILE)R
AR (C.10) Fr U — AR R, Hekks i H B 208

A(x,a,b) = f(x) + > _aihi(x) + Y _bjg;(x), (C.15)
i=1 j=1
Hrfta = (a1, -, an)" AERLRMRAE B HFEL b= (b, ,b,]" AR
SRR BA H RS
ARSI EH, A maxap A(x,a,b) = oo; 4IRS L IEH.
b > 0f, maxap A(x,a,b) = f(x). KRG RIA A BT

min max A(x,a,b), (C.16)
subject to b >0, (C.17)

XA min-max LAk [ BEFR N £ 9% (Primal Problem) o

SHBENE = 7] ) P AL — B A R A, BT AT DI 3 52 45 min-max R oK
{4t & SCHiME B H 8 R 0N

I'(a,b) = :irelfDA(X’a’b)' (C.18)

EREMS: (FREMBSREFS)

FAREEAE BT HAO
8. FAR BT — R A AL
o

RE XA RRAF AP a4z
P B AR A KKT &

o

https://nndl.github.io/


https://nndl.github.io/

408

2019 £ 4 A 18 H s ¢ BeEiiie

[(a,b) &M%, BIE f(x) 2N,
b >0, NTEEMxeD, A
I'(a,b) = inf A(x,a,b) < A%,a,b) < f(%), (C.19)
& p* R L, A
I'(a,b) < p*, (C.20)
R HzA% B E X B T (a2, b) A 5 I B AR AE R 5t

A hiks B HXHME R EL T (a, b) F45 25 n) @R LT 5, PRy d246 80 B 3
1% =] A (Lagrange Dual Problem) s

max I'(a,b), (C.21)
subject to b > 0. (C.22)

Pt BT L0 B O [T B K, BT A BT 0 1 il ALy o AR AR 12 A2

A d* oo Rokg WY E O A8 A R B LA, WA d* < p*, XAMEFURR N 35 34 4%
P (Weak Duality) o @15 d* = p*, XAMEFRFRNZATAEME (Strong Duality)

oS ARPE LI, 4 x* Fla*, b* 43l A Ji i R ) AR A8 ) R B ARG A
2 AT L LA 44

V) + ) aiVhi(x") + ) b3Vg;(x") =0, (C.23)
i=1 j=1

hi(x*) =0, i=0,---,m (C.24)

g;(x*) <0, j=0,---,n (C.25)

bjgi(x") =0,  j=0,---,n (C.26)

b: >0, j=0,---,n (C.27)

J

FRNAZLE XL R0 8 KK T %4 (Karush-Kuhn-Tucker Conditions) . KKT
SAE SRR A% B H R BEEAEASE XL WAL W Rz . 24 5 )2 T Ae Ak 1n)
RS, 3 KKT 254 A0 AR A 2 T ) RN o) A8 1) 30 P e A1 1

KKT A /7 BEOER 2 AR (C.26), FRAN L AMa 76 & 4+ (Complementary
Slackness) o WIRFAUM x* HIHEATFRLRIL T £ g;(x) = 0, WoE > 0;
In R x> M BAEANE LRI N EL g (%) < 0, W b3 = 0o FLAMAGHACAF U] 2 5
Pl EIRAEATE LRI N EE, LR R

KTECEERALBINEE, PTRAREE (Numerical Optimization) [Nocedal and
Wright, 2006] 1 {Convex Optimization) [Boyd and Vandenberghe, 2004].
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D #WERP

MEFRAE EZRT SRR LI R B, N, L A
RIS

D.1 #AKZE

HAZ R AL T A RS RIVES . BN, AR — At i,

A AREAR S RS (IETH, R} R AT, BAREARZ 52
{1,2,3,4,5,6}. BENLRIEH FIREAN T RELE AN A &

BRI A N TRERIREA 28], a0, A 52 5k 7 i BE AL
—ik, FEASRALEHKF (ABIK), tBalbl2we (B, abk, MiE, 75
PO R RHRA — KR, T RIS B AR, X B R A A AT
DU I R IR SRR AR 23 (B 1) 8 LR ARRAR B

HeahanR | R LR

EHE, AN EEG XY KE R JLFM (Cartesian product) ,
NRAAR, EEGRTERINX XY, RITATRIA PN HRNES,
HAPHRFE MR GRE X, B RREY A .

XxY={(z,y)|zeXNyeV}. u

ELanE SN s T, WRES X R I3 ITTEMASES {A K, Q,
J,10,9,8,7,6,5,4,3,2}, MEEY 24 MTRNEOES {4,968
Yo MEXPANES B R ILER T 52 ML R MFRHEFN TR A {(A,
Q) (K, #), ... (2,8), (A, %), .., (3, &) (2,8}

D.2 EH4fE

FALE M (B F M) R — MR TR NEDES, WA
B — DT, #FE (Probability) R —ABEHLEA R AR FTRETER N,
N0 Z ) — AR S E. b, —A>0.5 BRI R R — D FHA 50% HITT
RETEAR A .

EREMS: (FREMBSREFS)
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T — AL S PR ARk, HFEAREEY “IEm” 8“7,
AT CENBENLE A, FEr M. ton,

o {IETH}, HMEZEN0.5;

o (I}, HHMEZH0.5;

o THED, NRIEMBARZRE, HENO;

o [IFTHI | I}, AJEIFETHHR &I, HMEN 1,

D.2.1 BKEHZTE

FEREALRLS B, I 45 R AT DL — N X oREoR, XA X R iR
A R AR M AZAL T, RFEAR (I — DR RATHEX A BN &
(Random Variable) o i1, FEHLSE—MET, 53009 s 80t vl LUE B— 4Bl
PARE X, X BHUE RN {1,2,3,4,5,6}.

QIR BEHLIE P AN, BN A A Q AT LA 36 N 6 3 AL Rk
Q={@,j)i=1,...,6;5=1,...,6} (D.1)
—ABENL AR AT LLE AR R e S AN I B L
AT LLE SCREHLAR B X N 3RAT AN 0 RUEORT, tn] DUE AL & Y 3k
PRI BA ) RS . LA B X T DU 1AM, Bl E Y A6

.
X(i,j) = i+j, x=2/3,...,12 (D.2)
Y(i,j) = \z—] |7 y=20,1,2,3,4,5. (D.3)
Horbvd, 5 43 AP B 1) AR
D.2.1.1 ZE#HEHTE
WIRMALE 2 X BTl GEEE N A IR AT FI%5 1), B n M E IRIUE
{xla e axn}v
TFR X N &S LT 5,
@ BAKE SRR NFR X N BT &
WAEE, AFFERR TR X (OGEHH I, SRSV B R A o, MRS, B
ZE A E A LRI,
P(X = ;) = p(ay), Vi € [1,n]. (D.4)
p(z1), -, p(Tn) RO EET LA & X fIBEE 9% (Probability Distribution)
oA, H R

Zp(l“i) =1 (D.5)
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p(l’l) > 0, Vi e [1777’]7 (DG)

WL S AL AR B R A AT

BEF2H A —Uikkh, FFA HIMEN b, AHIBEEN L — g &
AR & X Fom S A IR E, X BB O ML, AR 73 A1 A

plx) = p (1= )=, (D.7)

XN A FR A% F19A7 (Bernoulli Distribution) , X4 5 S0 AR 54 0-1 434

TS AEn BRI AT, AUV E X RONEAE A ML REL X B
WAE R {0, ,n}, HAHRFISAA=TR 45 (Binomial Distribution)

P(X=k) = (Z)Mu—u)"’a k=1---.n (D.8)

Forbt (1) AR CRALRE ~ B SR, 5 Mn AN TE R
Hh & ANTE TS 1 LU 0 22 1 A KK

Hog R | HPHE

PG R o RIEA M. HZRIEAG EN B TR
WO R E N T R AT HEY . 88 T2 48 45 € MBI T 3 AP AU
TR AN TR, ABEHET . HEFIH A O 1] SR B T4 8 2
REHEF A & AT RE BRSO S 2L

HEBIHIESS R E n DAFRKI TSR HEF AT RENE . n DA FETT
AT LA ! A ERHESIT L B o BB

n2nx(n—1)x-x3x2x1.

R M AN TTRAFHU EDNEER, R ENTTRIHSE Y

n!

(n—k)!"
MnATCRPEH EDMTTER, X EANTCRAREH A S ECN

ok 2 (m :P_ff: n!
" k k' El(n— k)

XoHF SHGH KR “GF” 5 “TF7.

Prinx(n—-1)x---x(n—k+1)=

EREMS: (FREMBSREFS)
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D.2.1.2 ELEHENTE

HEBEENRRAR, —EIARE X R AT FI2EH,  H A El s
ol T 4R, Hedn

X={zla<z<b}), —-x<a<b<o

WFR X kML &, LR RNER AT LT,

XT LRI R X, BB RAME 2 BN 0, XA E R E
BORANTA o Bk P A7) 2 8 LA B BRSPS OR A R S B LA B AN
AR, MR L.

HESERNLAR B X RER oA — M E % % ok 8 (Probability Density Func-
tion, PDF) p(x) KR, p(x) NeIFIRE, FF 2

“+oo
/_ plr)de = 1 (D.9)
p(z) > 0. (D.10)

2 E MR LR B p (o) (AT DATHARL HH BE LA BV NI — A X TR O R, T
p(x) A5 e 1 BENLAR B N o B /N QR I IX 18] IR KN

H LSRR AR B R A AT

BT 45 a, b NAREG [a,b] L% 4 9 (Uniform Distribution) I3

- ﬁ , a<zx<b
p(z) = (D.11)

EASST EA 5% (Normal Distribution) , X & &% (Gaussian Distri-
bution) , s& HATHHE WHI—F o4, HEHEFREZ RIFROMER, 1R8240
A AR EER S, MR RN

2

T—p
o) = o e (- A0, (D.12)
S, o >0, p o SONHEL ERIHLAER X A BEON 1 o MRS
Aii, fRid A
X ~ N(u,0?). (D.13)

Mu=0, c =10, FRNREES LA (Standard Normal Distribution)

ERSEHE : (FREMBSREFS) https://nndl.github.io/


https://nndl.github.io/

D.2  HARER 2019 £ 4 A 18 H

413

FID. 1af1D. 153 Sl s 1 38350 93 A AL 25 73 A M5 3 bR 2

n
0.8
08+
0.6
0.6
04} 04l
02} 1 02l
0 Il Il Il 0 Il Il Il Il Il
-3 -2 -1 0 1 2 3 -3 -2 -1 o0 1 2 3
(a) BI5990 4 (b) IE&S A

D.1 SRR &% L R AL

D.2.1.3 ZEFHSHEHK

STF— AN & X, H E AR5 % # (Cumulative Distribution Function,
CDF) ZREHEE X MPE/DN T 5T o ISR .

cdf(z) = P(X < z). (D.14)
DUESERENLAR & X A, SRR ECE
cdf(z) = / " dt, (D.15)

Horbp(o) WML R BID.2%5 T IR 7041 B R 1H A B A

T
1| = cdf N
—— pdf

0.8 |
0.6 |- B
0.4 B
0.2 - B

0 ! ! ! |

-3 -2 -1 0 1 2 3

Pl D2 i 45 30 0 5 5 1 6 MR 2 00 A
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D.2.2 [EHl[EE

MALE 2 i — AN R R A E. W X, X, -, X A ANBERL
e, WATK [ X1, Xo, -, Xn] A=A n 4EBENLIA & —4ERENL IR SRR A BEHL
BHE.

BEBLIA B> & AL S M £ L AL e £
D.2.2.1 EHbEHEE

EEBENLIN = RIS E 2 A (Joint Probability Distribution) Sy

P(Xl :x17X2:x27"' ,Xn:l'n> :p(xlaan"' 79377,)7

Hrb oz € w WZRR X, BUE, w R X, FIFEARESE .
AN HRE AL AR BB, B R ATL I 2 X MR 0 20 A i A

p(r1, 22, ,2,) >0, Vi1 € w1, To € Wo,+ , Ty € Wy (D.16)
Z Z Z p(x1, 0, n) = 1. (D.17)
T1EWl TaEwW2 Tp EWn

Mot — N LK E R EMZE SN % A5 A (Multinomial Distribu-
tion) o ZIIAG L I AERENLIF B AHET . Bk MR TR TIRE R,
SIEH K ARSI . TATNE TP o BRSO —DBRI, 57E
BTN NI EUE I ER o IR ORAIE [R]— 206 R BRTEAS ] 35056 Ak B e 1
MEZERAHSE R o A X N—A K 4Nl &, BANITE X(k=1,--- , K) AU
) n DB EEN k RERIECR, WX IR Z T A0, HEZR AN

n!

—711... IK
p@”“'”xK“”"xﬂ.uxKﬂh G (D.18)

Hbp = [pg, o ] S BB VAR 1, - K MR 2, -+ ok
AU, I H L Y ok = ne

2 T A AR 0 A AT LU gamma BRER 7«

K

L zr+1)

p(re, -, xx|p) = [T k:vk+1 H " (D.19)
k k=1

HAT(2) = [° L dt N gamma BT, X FiZors B R Dirichlet 2047 2501,

oxp(D)

1] Dlrlchlet oy A ] AR D 22 53 A B3R SE 5
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D.2.2.2 ZELEHEHEE
FESR AL R & A FL o A % 5 % Ly 4% (Joint Probability Density Function)
e
p(x) =p(@1, - ,20) >0, (D.20)
+oo +oo
/ / p(xy, - xp)day - -da, = 1. (D.21)
SRIESHHE A WHESLBENL M &= 5046 N % TR & 4 A (Multivariate Nor-
mal Distribution) , W# N % L ZH M9 (Multivariate Gaussian Distribution)
o AnERENLIAIE X = (X1, ..., X, IR n e IES A0, B RECh

o) = e (50 W) (022)

Horb p NZICIEESAARME R, SN ICIESO MR 25, |2 Fn
IILER v

EhEMSH S8 WR—AZ sl ZR RN S = 021, B4
—NYERENLAL BN IE B U7 AR, AR 2 I0 AR N &R &
#r4# (Isotropic Gaussian Distribution)

Dirichlet %5 —™ n 4EFEAL IR & X # Dirichlet 741 N

plske) = ey L (D.23)

HAra = [ay,...,ak]" N Dirichlet 74 124
D.2.3 #fRSH
Tk —Ate, TEAZL4R

XF 4RI R (X, Y), B3 X BUEEN Qs YIUEERA Qe g mitie, mann
FLHR A W 265347 3 2 1B R AR S

p(z,y) >0, Z Z p(xi,y;) = 1. (D.24)

€N, YEy,

YT HRE MR A p(w, y), FRATAT LA HI%T 2 Ky BEAT R AN
(D) X+ EER 2,

> pl,y) = P(X =) = p(a). (D.25)
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(2) X FREZERy,

> plwy) = P(Y =y) = p(y)- (D.26)
TEQ,

M RN (X, Y) IR G MR A, XY B P BUE HEAT SR ANfE 2 X
(IR0 s TN X A BUE AT SR AR 2] Y MR 70 A o X H p(z) Al p(y)
WA p(z, y) BIA 5 (Marginal Distribution)

T YEESRENLA R (X,Y), HIbbs oA

+oo

po) = [ plaady (D.27)
+oo

py) = [ p(x,y)dx (D.28)

— AN TEIE RS A A BB 43 A A5 N T 2559 A5 «
D.2.4 £HWEEST

TR EEENLA R (X,Y), BMX =% ET, BIERY = yliH
¥ % (Conditional Probability) :

p(z,y)
=PY =ylX =) =——"=. D.29
plylz) = P(Y = y|X =) (@) (D.29)
RAAAGE X THENARY K TR R X ) % 8% 57 (Conditional Prob-
ability Distribution) , [EIFK&H2 .
XF 4B ELFENLN R (X,Y), X = MNEAET, HBILEEY =yl
SR % K %4 (Conditional Probability Density Function) A

_ plz,y)
FEL, MY =y, MBI E X = 2 FI&HET B L8N
plaly) = ”;@y) (D.31)

L A5 (D.30) A1 (D.31), FATAT AR BIPAS F A ZR p(y|z) T p(z|y) 2
IR R

p(xly)p(y)
plz)

EANAAFN N et 2 22 (Bayes” Theorem) , BN #H A7 A K.

p(ylz) = (D.32)
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D.2.5 MY 5RKHFIML

XFT AR (BOESL) FNAZE X Y, ARG MR (e
EEERED p(r,y) WL

p(x,y) = p(x)p(y), (D.33)

NFR X Y #H 532 = (independence), 1A X LY,

P =AEED (BUESD B E X Y Z, WRAEME (A
REFRED p(z,y|2) L

p(z,ylz) = P(X =2,Y = y|Z = z) = p(z]2)p(y|2), (D.34)

NWFRELE € Z 6, X F1Y 4% % (conditional independence), it N X L
1LY|Z.

D.2.6 HAEMAE

HAEE X THEHEE X, HME S N p(rr), - ple,), X FI#Z (Expectation)
B3 EE LA

E[X] = Z%‘P(fﬂi) (D.35)

T IELEBNLAL B X, MEERE R RECH p(x), HIEE R
E[X] = / xp(z) de. (D.36)
R
FZE BENIAS R X (17 £ (Variance) FI2RE SCE R A I B U, 7€ XN
var(X) = E {(X - E[X})1 . (D.37)
BENLAZ & X 7 ZWHRNER =048, (/var(X) WFCH X HIAR 75 £ 84
RE

MBEE WAESFENA = X MY B 7 £ (Covariance) s & APl HLAS
BB AR 2 ) SRR, B SUA

cov(X,Y) =E {(X - E[X]) (Y - ]E[Y])} , (D.38)

W7 Z2 40 B AR S AN B AR & 2 1B R B At A OGP o A SR AN BE AL AR

BT E R0, IAFRXHANFENAS R 2 &t A0 X . IANBENLAS & 2 (A A

MR, HAERAREAVZ ML, TREAAAE PR IR RO R .
Z, MR XE5Y ZGUMILE, BAEN BT 2 —%E R0,

EREMS: (FREMBSREFS)
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WMHAEERE WA mAn 4ERESFENLIE XY, BN % £ (Covariance)
HAm x nFERE, 2SN

cov(X,Y) = E [(X ~EX))(Y - E[Y]ﬂ . (D.39)

W5 ZH R cov(X, Y) HIEE (4, ) NIC RS TRENIASE X, MY, T 2.
MHBEAEMY T Z cov(X,Y) 5 cov(Y, X) A E KR

In SR A BEAIL 1) B W 5 22 R R, A BRIX A BE AL A B T
Ko

SEANBEAL I B X H 7 ZE R R E A
cov(X) = cov(X, X). (D.40)
D.2.6.1 Jensen NER
R X B E, g MEE, N
9 (E[X]) <E[g(X)]. (D.41)
Y HAY X R EHE g R T
D.2.6.2 A¥EE

K& 2 # (Law Of Large Numbers) &f8 n MEAR X, -+, X,, &I F 5

1K), BIE[X,] = =E[X,] =p BAHHE
X, = %(X1 + -+ X)), (D.42)
ST A oo
X, —pn for  n—oo (D.43)

D.3 [EHiEiE

ALt 42 (Stochastic Process) & —HMME ¥ X, WES, HibtET—
ANEG] (index) HE T RIIES T T LUE AER [AECE S EI, B8
A, LSR8 . 2t SRy, BEVLE R v g ALd A2, e
B, AR AL HEAEET R 20 aRERERES . S ES.
B AR T DAE AR R L RE . LIRS R AF OC 1) BE AL R AR 2 0 45
fa%AliEAZ, MALHFA (Random Walk) 2R KidAZ%E, 1A [H]AR 5K (1B
UL FEIE PO REAL (Random Field) o Hhin—ik “4EME A, FAMEER S
CRE) @ E A BT RG], KGR MAR T — MR

ERSEHE : (FREMBSREFS) https://nndl.github.io/
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D.3.1 L/RA[kiTiE

O/RE[RM R fEFEYLEFES, B R kMR (Markov Property) &f8— AL
AR B IERES KA I HIRSHE T, HARAARES B 52875 A (AR
T AR . DU BB R A, BB E Xo, X1, -+, Xo —A
BEMLEFE . IX SEfiti AL 2% & X B A AT BRHUME 4R G 9 FRONR S = 18] (State Space)
o WIER Xy R T ZRRES AR A2 X, B— R, T

P(Xi1 = 21| Xow = 20) = P(Xpg1 = 21| Xy = 2), (D.44)

o Xo. BoRBEES Xo, X1, , Xpr 200 NIRRT AR RPRE A

Ly R AT F M 5 ] AR IR N4 8 M AR, BRFPRES ST 2REE %
A ST Y
D.3.1.1 G/RAfkiE

BB A ) Sy R AT R R AR N B R T k4% (Markov Chain) o ¥ —/
Ly IR ] RAE I 25 AR

P(XtJrl = 82|Xt = S]‘) = T(Si, 8]'), (D45)

FEAN A I TR) 82 ANAR B, BRI [R] ¢ TG 5%, WUAR i 18] B J 9 2 /R °T X 4% (Time-
Homogeneous Markov Chains) o IFRETERARE, T(s;,s;) AT LLH—
MNERET KR, BN REHAFEE (Transition Matrix) , HHIGE ¢;; LR
A s TR BPIRES s; HFIMEZR

RS BERETE NN M, MEr = [r, -, 7)™ RS —
MR FEALFE R T B0 18] R 53 09 5 /- o] Rk, WIERAEAE — AN A i
&
m =T, (D.46)
BUA3 AR 7 BEFR N S R W] RBE-F42 A (Stationary Distribution) . HR¥E4F
AEF B T A, 7w NFERE T I OH—4k) X RARFEE N 1 RFIE [ & .

SR — AN Ty R ] B PR FE R A B T3 2 P A AR S T8 7 v DL Kk B A
e, WL FAER - AMERE M i 7O, BEd — e RSB G, 6
e E IR S T

m= lim TNz, (D.47)

N—o00

EREMS: (FREMBSREFS)
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EIEaERE, ik
Ay B AL B WAL B R
AR, XEH T B
H, AAVER A P A HAR R

FIE DA-METFa%M (Detailed Balance Condition) : 11
R— AL IRBEREE 2

Witij = ﬂjtji, (D48)

W — 5 WS EI PRS0 A o

MBI ORIE T AIRES i Fe R BPIRZS j FIBEAMMARTE §
Ferg 2R o IVECEA — B0 MR, PrABE AR LS.

MR A R A DR BRI 78 70 2 A, AN I AR 1

D.3.2 SEndiE

B #rid A2 (Gaussian Process) W& —Fh R H 72 FIBENL AR . (RXH
—HEGENEE Xy, X1, -, X, WR X HBEYAD B/ R IMTE—H IRES

thf'wtk- = [Xtu to 7Xt ]T

n

MR —DZITIEE AT, A AXAFENAT RN — RIS RE . m i fE tay
PAE SCR: IR Xy, ., PR — 2R H S H RN —JCIES 70 A, B4 X ARENL
NN R

SHEEEYT FHArid42 =2 (Gaussian Process Regression) J& i F & it 72
RXT—N R AT REAT AR . FIALES 52 2] h S B EAR (R an DU S e it [ 3D
AL, SRR RS R, TTURAE DN RERE, HARIEER
(1B 15 % [Rasmussen, 2004].

B — N R AREL f (x) IR SRR, B RS R x4, x2
PR, B AR L) f(x1), f(x2) W HCREELT . BRI EREL f(x) HFRIEH R
ARER X = [x1,%g, -+, Xn], X NASRM—AZ TCIES S,

), F(xa). - Fe)]” NN(M(X)aK(Xa X)), (D.49)
Hrb u(X) = [pu(x1), p(x2), -+, p(xy)]" REEE, K(X, X) = [k(xi, %) vxn
T TT ERERE, k(x;,x;) At ak, AT DU & PSR AR LS o
TE R T RR B, —ANH F B R R -F 77 46 3% (Squared Exponential) p§
"

—|Ixi — %,
k(x;,x;) = exp <H2I2J”> , (D.50)

Hrb DS H 2 x A B0, HAR R SUNEBOR, R f(x) A1 f(x;) i
HxK
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AR5 f () 19— 2L 5 B8 KDL IIAE A { (X )}y s FeH g ~ N (f (%), 02)
NIES AT, o N2,

X ASEHOREAS 5 x, FATA IRy = f(x*)o 2y = [y, 92, Un)
NEA BIIE, AR st AR R B, [y; y*] AL
) , (D.51)

NN(

ﬁ\:EFIK(X*vX) = [k(x*vxl)a e 7k(X*7xn)]°
R4 BB E A,y KRR AN

(X))

p(x*)

y K(X,X)+0T K(x*,X)T

Y

K(x*, X) k(x*, x*)

p(y*|Xa Y) = N(ﬂv 5—2)7 (D52)

HAI9E a2 6 A
=K, X)(K(X,X) +0?) "y = (X)) + p(x"), (D.53)
6% = k(x*,x*) — K(x*, X)(K(X,X) + ¢*I) 'K (x*, X)". (D.54)

M (D.53) AT UG Y, SME B () AT AT AL EAHARIE o 72 SERR M
H, R p(x) = 0, SME o AT LR RIAE

f=K(x* X)(K(X,X)+oT) 1y. (D.55)

e i A [ A AT Ay R — R 25 DU A ik, T iz s T L as
E L

EREMS: (FREMBSREFS)
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E ERie

1z &4t (Information Theory) 2%, WHL, Fiil. IFENEIFEEZAFRIT)

XA A5 B2l Claude Shannon f 742 H 1), FEH RS B EL. 7
Clande Shannon, 1916 4 4 FBEE S, XH, “FR7 2 —HHEBNES . BOE Mg EiE -
A308—2001%527268), JOETHE, BAIRESL BN —ME RBHATRIG . fLHCLL R, (55
£EHFR, LTI W%ﬂURTb@%ﬂEW&@EG

FAER, WAL LB

a4 A FENLAR S IR OUR, B EIRMAHRERNM. WHRHEmB. gt
Wi, HRIES LB,

E.1 1§

E.1.1 BEENE
%5 (Entropy) f Fe W ZPM S, HT RN RINERGH LETFEE.
TEAE BG5Sk & — AN BENL S B AN 1 o s — AN VLA = X ()
BHEANX, MEDMANp(x), 2 € X)) TR, B4F8I(x) 2TEX =i
Hiz egmlimaKE, XN
I(z) = —log(p(x)), (E.1)
4 BENLAS B X 10T mig K e, B E SN

H(X) = Ex[I(x)]

= Ex[~log(p(z))] :
=— Z ) log p(x (E.4)
reEX

HA 2 p(z;) = 0, FATE X 0log0 =0, KGR —EL, lim, .o, plogp = 0.

NG R S, AR T
g‘i“ AR Foe, A1 g — AN BN LS B T E R KR, B £ B MO IR . ks, B AL
: BEAE RS, B, WERD. mETE X % AC4TE I pr) = 1,
TR 0. AR, X T —ANHSE 013 B, JRN 0, 13 B B8 0. W
IR —AES o, MRS . R — AR R X A =T B 1, 20, 23
TR IR 434 % RERCR
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p(z1) p(z2) p(z3) 174
1 0 0 0
1 1 1 3
2 4 4 2
Lo os(®

E.1.2 HXEWMFEHE

XTI S HBERE X Y, Rix X BEEE X YIUEEENY, K
P& MEZ oA i 2 N p(, y), W
X MY fj84aH (Joint Entropy) A

=Y > plx,y)logp(x,y). (E.5)

zeEX yeY

X MY 445 (Conditional Entropy) N

H(X|Y)==> Y plx,y)logp(xly) (E-6)
reX yey
o - ) 1o PE:Y)
- Z;(y;}p( ay)l g p(y) . (E7)

WRIEIHE S KRR LS

H(X|Y) = H(X,Y) - H(Y). (E.8)

E.2 EHEE

Z 4% % (Mutual Information) /&&= L s1— N &K, H—NBEAME
PRI DS . A SN E X Y 19 EAS B SN

Zprylog (@) ()) (E.9)
reX yey
BAG B —AMER Y
I(X;Y)=H(X)- H(X|Y) (E.10)
=HY)-HY|X). (E.11)

R X AY MBS, B X A Y RAMEMER, IR, BIEiTmaeE
SYSE N

EREMS: (FREMBSREFS)
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E.3 RXIEMEE
E.3.1 XX/

X R AR R p(x) FIBENLAS &, 5 H (p) R HERAMARID K . 4§ (Cross
Entropy) A& $& MR 7047 g W B AR gm S xS B SE 7040 N p BI4E B3 T dmbs K
TE A

H(p,q) = Ep[—logq(z)] (E.12)
= Zp ) log q(x (E.13)

FELE p BT, WE g p BIE, A SURMEN: W o flp oz, =
SRR
E.3.2 KLEZE

KL# & (Kullback-Leibler Divergence) , tAY KL J& & 848 3 5 (Relative
Entropy), Jf&HM#50A0 g KBl p i Frid s 5 Bk & . KL SUE 2 AT
AN q IR AR GRS LS50 A1 p S BT s, HFHgmtd KR H (p, )
Mp LTI K E H (p) Z B ZE S T BRI i p g, MqFlp
(¥ KL #UEEE SN

Dxu(pllg) = H(p,q) — H(p) (E.14)

p(z)
= Zp log —— @) (E.15)

HAh T R &g, %XOlog% = 0,0logg =0,

KL B30 AT A A e 8 R 2 A 2 1) P B 8 o KL BURE S 2 JE 1, Dicr, (| q) >
0. AF%p =gl Dki(pllg) = 0o WRMHANSAEEEL, KLEEB/N; i
PN Az, KL HUE K. (B KLEUE AR — AN EIEE R s, —
& KL U AN 2 20 B A FRbE R KL I AN 3 1 = A AN S U

E.3.3 JSEE

S# & (Jensen-Shannon Divergence) & — Ut i 1 i & 99 4> 43 A AHALLEE
PRI, R

1 1
Djs(pllq) = §DKL(p||m) + iDKL(QHm)a (E.16)
Htm = 1(p+q)-
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JS HABE A KL B —Fhcldt . (HPNREBER A7 AE— DI, B U R A
i p, g N3 AR BB B EEBIEH /DN, KL HEA IS HURE#3 R AL &
AR .

E.3.4 Wasserstein [E5

Wasserstein 3% (Wasserstein Distance) 42 F T # = A~ A1 2 R B #E
B WA qr, qor pth-Wasserstein #1855 R
1

Wylq1,q2) = inf E(zy) vy (z,) [d(z, y)P]> ’ (E-17)
~(z,y)€r(q1,92)

HA T (q1, o) RIABRAAT N ¢ T g BIFTA AT REMER G A5 S, d(z,y) N
y IEEES, i, BEEsSE.

WHR PN D AE AR RPN HHE, BRE DA (2, y) BAFERATHE g IIALE
o B HE g ALE y MiiE LR, IFH

> @,y) = a2(y), (E.18)
Zv(w, y) = @1 (x). (E.19)

q1 M ga Ny (2, y) BIPAITLBR A -

E (2, )~y () [A (2, y)P] AT CABR SRR AEBR 55 70 AT (2, y) NAETEARON g ) -4
A FIFARN qo B HEFTH 10 AR &

E(m,y)fwy(ac,y) [d(:l?, y)p] = Z 7('% y)d(x, y)p’ (E'2O)

(z,y)
o B HE gy TP RS o B HE g TRy IR BN LI EE R EE S 0 BN v (2, )
Md(z,y)P. Flik, Wasserstein #F B w] DL fif g ifia e r) e TAE R, HARHN
M H (Earth-Mover’s Distance, EMD) . KE.14H TN B A =D
i If) Wasserstein &7~ . EE. 1cH FRIEUA 7 HERRTE DA ¢ H AR R E .

T .

(b) g2(z ) a1 Bl g2 wAL T 5

E.1 Wasserstein {H 2 7- 41

EREMS: (FREMBSREFS)
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Wasserstein FF B AH LL KL #UE AT IS B AL AE T BIMEPR AN A A =
SoEESAER /D, Wasserstein B Z 459K BE s B PE A 43 A AT .

X F R A PRI E S p = N (1, 1) Bl g = N (g, B2)» B
2nd_Wasserstein FH 25N

1 1.1/2
Duloll)) =l =l + o (31432 —2(sdmsh) ). ey

BPAMTIITEA O, 27 Wasserstein B BS4 0 5 K ECHE .
B30 Hk

Stephen Boyd and Lieven Vandenberghe. ness Media, 2006.

Convex optimization. Cambridge university Carl Edward Rasmussen. Gaussian pro-
press, 2004. cesses in machine learning. In Advanced
Jorge Nocedal and Stephen Wright. Numer- lectures on machine learning, pages 63—71.

ical optimization. Springer Science & Busi- Springer, 2004.
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-7k (e-greedy method) | 344
0-14512k % (0-1 Loss Function) , 30

AdaBoost (Adaptive Boosting) , 233
AdaDelta, 168

AdaGrad (Adaptive Gradient) , 167
# 5 (Saddle Point) , 164
BAEWHIT] (Occam’s Razor) , 53

Bagging (Bootstrap Aggregating) , 233

BLEU (Bilingual Evaluation Understudy) , 368

M1t (Whitening) , 177

A WE 2] (Semi-Supervised Learning) , 45

A B 22 3] (Semi-Supervised Learning, SSL) |, 235

FIEE MR (Positive-Semidefinite Matrix) , 393

w5 (Wrapper) , 47

N/RZ T2 (Bellman equation) , 338

N/RERMITHE (Bellman Optimality Equation)
342

N (Bayes’ Theorem) |, 416

-4ttt (Bayesian Estimation) , 40

DU 2% (Bayesian Network) , 259

D2t B9 (Bayesian Linear Regression) , 40

NH-Hrfidl (Bayesian optimization) |, 183

Ywid (encoding) , 218

mfid%s (encoder) , 220

Ui 28-S 2% (Encoder-Decoder) , 145, 380

BFR5Ai (Marginal Distribution) , 416

DFRMUSA R %L (marginal likelihood) , 280

Ap 5y F=379% (Variational Dropout) , 190

AR 433 (Variational Method) |, 270

AR5y B fid %% (Variational Autoencoder, VAE) , 314

AR EVHERYE (variable elimination algorithm) , 268

brE (Scalar) |, 387

Fr% (label) |, 26

FRZPE (Label Smoothing) , 191

PRI Ak, 177

FriERE (Standard Basis) , 388

PR IEA 4 (Standard Normal Distribution) |, 412

&/~ (Representation) , 15

FR%>] (Representation Learning) , 15, 46

B IR %% % 3 4ii (Boltzmann Distribution) , 265, 291

B /R%% 2 Wl (Boltzmann Machine) , 289

B/R% % T (Boltzmann Factor) , 291

{A%5F]53 4 (Bernoulli Distribution) , 411

HK (Stride) |, 117

S AT By SR AT R Y SRid FE (Partially Observable
Markov Decision Processes, POMDP) ,
357

KFEE (Sampling Method) |, 271
ZHUE E AL 1T (Parametric Density Estimation) , 223
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5k Z PR # (Residue Function) , 130
W7 M % (Residual Network, ResNet) , 130
MREE (Test Set) , 26

MRFEA (Test Sample) , 26

g (policy) , 335

HMEIEAL (Policy Iteration) , 341
RSB (policy improvement) |, 341
RIS (policy evaluation) | 341
M2 (policy search) , 349
RIERRE (policy gradient) , 349
JZ)H—1k (Layer Normalization) , 180
4% (Recall) |, 50

YR (Precision) , 50

#HZ ¥ (Hyper-Parameter) , 33

BSHMA (Hyperparameter Optimization) , 182

##8 P (hyperplane) , 58

Fratnmtess >, 337

42> (Continuous Learning) , 245
H/NE e (Ugly Duckling Theorem) , 53
VI B 7 Z (primary visual cortex) , 218
LS (Bag-of-Words, BoW) | 46

Wi EARIE (Part-of-Speech Tagging) , 145
%% (Error Rate) , 49

KEEd: (Law Of Large Numbers) |, 418
HEPEN (bandpass filter) |, 218
72T (Identity Function) , 220
FAIHERE (Identity Matrix) , 393
HFEAZES] (One-shot Learning) , 248

FMEAFEILE (Elastic Weight Consolidation) |, 246
FPER 2% IE AL (Elastic Net Regularization) |, 18

540 (Derivative) , 395
1E/E1k (Moralization) , 267
JEfEE (Moral Graph) |, 267

ER2MS: (FREMBEREF)

9 G (Equal-Width Convolution) | 118

HR/RAKR (Cartesian Coordinate) , 388

B M4 (Recursive Neural Network) , 141

HBIAMZE ML (Recursive Neural Network, RecNN)
, 157

%3 (Dropout Method) , 188

EFHES (dropout mask) , 188

M 71%4 (Dynamical System) , 141

&7k (Momentum Method) |, 169

ZAE R, 107

JRST[H] 43 Aii (Identically and Independently Distributed,
D) , 26, 29

FEH %L (Readout Function) |, 159

3ty 21 57 1212 9 % (End-To-End Memory Network, MemN2N )
, 206

Uy 3 2% 3] (End-to-End Learning) , 18

FEIICIZ (Short-Term Memory) , 153, 203

WSTEIPIZLE (Stacked Recurrent Neural Net-
work, SRNN) , 156

WS H4ides (Stacked Auto-Encoder, SAE) | 222

Xt ELHERE (Contrastive Divergence) , 300

SFRFERE (Symmetric Matrix) , 392

XFMFEFE (Diagonal Matrix) , 392

X LE (log odds, B logit) , 62

KL B (Logit Regression) , 62

TR EL (Log Likelihood) , 39

KPR (Log-Linear Model) , 265

Z BN A B (multi-armed bandit problem) , 334

Z 2504 (Multi-Layer Perceptron, MLP) |, 96

%224r2% (Multi-class Classification) , 44, 60

241452 3] (Multi-task Learning) , 238

Z ¥k (Multi-Hop) , 207

2 JER S (Multi-Head Attention) , 199
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Z 434 (Multinomial Distribution) , 414

Z e (Multivariate Gaussian Distribution)
, 415

Z G IEA4 A (Multivariate Normal Distribution) |,
415

Euclidean 5%, 389
T4 (Binomial Distribution) , 411

Fisher /5 B[4 (Fisher Information Matrix) , 247

Frobenius JE%{, 389

F1i (F Measure) , 50

Jx & (Deconvolution) , 132

JIAEREF % (Backpropagation, BP) , 102

JIai 2 (Backward Search) , 47

Z AR (Generalization Error) | 51

Ju¥ (Norm) , 389

777 (Variance) , 42, 417

IS H% B h 1T (Nonparametric Density Estimation)
, 225

AELE MR A @ (Nonlinear Programming) , 403

AR~ (Distributed Representation) , 15

U BULIR$5 % bE £ ( Negative Log-Likelihood Func-
tion) , 31

Gram 7 [F (Gram Matrix) , 393

#E#% (Probability) , 409

WEZ 4345 (Probability Distribution) , 410
MEZR 2 A 1T (Probabilistic Density Estimation) |

223

R 2 1 pR %0 (Probability Density Function, PDF)
412

MEZ A (Probabilistic Graphical Model, PGM)
, 257

WE&mFe (Concept Shift) | 244

&2 (Receptive Field) , 113

J&H2% (Perceptron) , 66

346 (Gaussian Distribution) | 412

e (Gaussian Process) , 420

i E R (Gaussian Process Regression) |, 420

RGB! (Gaussian Mixture Model, GMM) |
282

B [E] PE = 5 A (Isotropic Gaussian Distribution)
, 415

FEH] (Update Gate) , 155

AT AIFAT 4B (Parallel Distributed Processing, PDP)T g 47, (Working Memory) , 203

, 85
53 25846 % 2] (Hierarchical Reinforcement Learning,
HRL) , 357

/2% (Classification) , 44

Ay (Classifier) |, 44

3B} J7 (Denominator Layout) , 396
¥R (Numerator Layout) , 396
T3 B ¥ (sign function) , 57

TS5 (Symbolic Differentiation) | 103
T

o
75 F X (symbolism) , 9

EREHS: (FREMRSREF )

FLZBPE (Multicollinearity) , 38

DUHRE 4L 7] 3 ( Credit Assignment Problem, CAP)
18

Hg & (Inductive Bias) , 53, 238

IHgiE R4 >] (Inductive Transfer Learning) , 238,
241

JH445%%>] (Inductive Learning) |, 242

B (trajectory) , 336

I EZH (Over-Parameterized) , 186

e (Filter) | 47
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A (Overfitting) , 31

Hebbian £, 212

hinge #5125 R %L, 76

Hinge 1% % (Hinge Loss Function) , 31
Hopfield %% (Hopfield Network) , 210
FIF (Sum-Product) , 268

%% (kernel function) , 76

475 (kernel trick) |, 76

W FEAt 1T (Kernel Density Estimation) , 227

AR (Hebb’s Rule) |, 11

HiA AL (Hebbian Rule) , 296

AP (Hebbian Theory) , 11

1HZE A% (Identity Function) | 130

% PY) (Macro Average) , 50

JAWME# /34T (Posterior Distribution) , 40

FAMA S (Complementary Slackness) , 408

HH5% (Cross-Correlation) , 116
FAFE (Mutual Information) , 423
M35 (environment) , 335

A5 &1 (Loopy Belief Propagation, LBP) |,

270
[#]J9 (Regression) , 44
[Fl & (episode) , 337
L% JZE (Pooling Layer) , 122
iEME(E (Activation) |, 86

Jacobian %%, 397

JSHUE (Jensen-Shannon Divergence) , 424
# (Base) , 388

48 (Base Classifier) |, 233

FmE (Base Vector) , 388

BT T HEIEH LML (Gated RNND | 151

ER2MS: (FREMBEREF)

FEFRIA A 5EAL 5 3] (Model-Based Reinforcement
Learning) , 340

FT RN T F74 (Content-Addressable Memory,
CAM) |, 204

Hl#s%>] (Machine Learning, ML) , 14, 25

G R %L (Activation Function) , 86

G %L (activation function) |, 61

9 (Integration) , 395

i (Trace) , 392

FHATWERAFE (Gibbs Sampling) |, 277

FHAi M504 (Gibbs distribution) , 265

£ 3] (Ensemble Learning) | 232

£/ (Cluster) , 215

JU#E (odds) , 62

T RIRAEE (Scheduled Sampling) , 370

115K (Computational Graph) , 104

TFE 2 #E (Computational Learning Theory)
51

it1Zz (Memory) , 153

iz B (Memory Segment) , 205

itfZ%5® (Memory Capacity) , 151

iz 4% (Memory Network, MN) |, 204

TCAZ I SR 22 X 4% (Memory Augmented Neural Net-
work, MANN) | 204

104238655 W 4% (Memory- Augmented Neural Network )
, 95

12385 M 4% (Memory-Enhanced Networks) , 213

5t (Hypothesis) , 28

=2l (Hypothesis Space) , 28

5B % >] (Supervised Learning) , 44

[Ef& (Margin) , 73

H AEIA M 4% (Simple Recurrent Network, SRN) |
141
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F%4E (Dimension Reduction) , 48

P EH 4 fh 2% (Denoising Autoencoder) , 223

R XJF (Cross Entropy) , 424

A XI5 2k 8L (Cross-Entropy Loss Function) , 30

R XHGAE (Cross Validation) |, 51

#Hiigk] (Teacher Forcing) , 370

HURM L% (Teacher Network) , 191

240 R (Acceptance-Rejection Sampling)
272

2E e KU B /MK (Structure Risk Minimization, SRM )
, 32

ZERE 2] (Structured Learning) , 44

fith% (Decoding) , 44

g4 (decoder) , 220

T HERT (Approximate Inference) |, 270

2504577 (Empirical Error) |, 31

Z B0 A (Empirical Risk) , 31

2256 K6 e /M (Empirical Risk Minimization, ERM)
, 31

FIEYE(E (net activation) |, 86

¥4\ (Net Input) , 86

AT A, 107

Jaif# 7~ (Local Representation) , 15

BFURTZE(E &M% (Convolutional Deep Belief Net-
works, CDBN) , 307

BFAIMZE M 4% (Convolutional Neural Network, CNN
5 ConvNet) , 113

Wik 5t (decision boundary) , 58

WA %L (decision function) , 57

WP (decision surface) |, 58

%1434 (Uniform Distribution) , 412

KKT 414 (Karush-Kuhn-Tucker Conditions) , 408
KL #U¥ (Kullback-Leibler Divergence) , 424
KB LA (K-armed bandit problem) , 334
KIfE4F (K-Nearest Neighbor) |, 228
ARy s, 228
H &% (Development Set) , 34
T REIT ALl IR (Probably Approximately Correct, PAC)
, bl
g # (Differentiable Function) , 396
&R (Atrous Convolution) , 134
4y (Controller) , 205
M (Wide Convolution) , 118
YA E (tied weights) , 221
= (Perplexity) , 367

Ja 8 )9 — 14 (Local Response Normalization, LRN) Logistic [1J9 (Logistic Regression, LR) , 61

181

HiBE (Matrix) , 390

HiRE 4> (Matrix Decomposition, Matrix Factoriza-
tion) , 394

RSy (Matrix Calculus) |, 396

B4 KEE (Rejection Sampling) |, 272

5 (Clustering) , 215, 221

&# (Convolution) , 114

&R (Convolution Kernel) | 114

EREHS: (FREMRSREF )

FiA% B H e (Lagrange Multiplier) , 406

A% B H XHE ) # (Lagrange Dual Problem) , 408

KB4 % (Cumulative Distribution Function,
CDF) , 413

BEHUEE (Discrete Optimization) , 402

A MEZE 041 (Joint Probability Distribution) , 414

A MR 2 BB 21 (Joint Probability Density Func-
tion) , 415

AL (Junction Tree Algorithm) |, 270

https://nndl.github.io/


https://nndl.github.io/

432

2019 4 4 A 18 H

=5

PR MEL (link function) |, 61

A2 (Associative Memory) , 204
AR IZ B (Associative Memory Model) , 209
¥EREE (Link Table) | 127

#EH:F X (connectionism) , 9

ESAE (Continuous Optimization) , 403
0% (Chain Rule) , 398

#2525 (Binary Classification) , 44, 58
FIHF (Zero Padding) , 117

EREARZS] (Zero-shot Learning) , 248

F B (Zero-Centered) , 88

& HJH (Ridge Regression) , 39

Ak (Domain) , 241

A& (Domain Adaptation) , 243
JEWES (Filter) | 114

maxout %%, 93

Metropolis-Hastings 5.i%, 275

Metropolis &%, 277

LRAl RidFE (Markov Process) , 336

LR RSl # (Markov Decision Process, MDP)
, 336

TR K4E (Markov Chain) |, 419

LR REEZHRFR Y (Markov Chain Monte Carlo,

MCMC) , 274
HRuf KN (Markov Random Field, MRF) |,
263

LR KM% (Markov Network) , 263

LR KM iR (Markov Property) , 419

WA R T2 EH (No Free Lunch Theorem, NFL)
, 52

Il (Gate) , 152

[THLH] (Gating Mechanism) , 151

I35 0 (Gated Recurrent Unit, GRU) , 154

ER2MS: (FREMBEREF)

ZRRY 777 (Monte Carlo Method) |, 271

SFRRPRE, 345

EFE A1l (Density Estimation) , 215, 223, 312

iR (Pattern Recognition, PR) | 25

A (ModeD) |, 27

RIS (Model Collapse) , 325

A T 5 A 3 A 2% 3] (Model-Free Reinforcement Learn-
ing) , 343

FETE I 6% 2] (Model-Agnostic Meta-Learning,
MAML) , 250

H #5408k (Target Domain) | 241

Nadam 53, 171

Nesterov 7% (Nesterov Momentum) , 170

Nesterov fli# % (Nesterov Accelerated Gradient,
NAG) , 170

N efi#d (N-Gram Model) , 362

WA EmFS (Internal Covariate Shift) , 178

WEBFER /1 (Intra-Attention) , 201

BEEPAHL (energy function) , 265

WAERE (Inverse Matrix) , 393

Wil 8 (inverse time decay) , 167

Wi KL #UJE (Reverse KL divergence) , 326

Wi 581k % 2] (Inverse Reinforcement Learning,IRL)
, 357

one-hot [A] &, 390
WRECZ*E] (Euclidean Space) , 388

F A% (discriminant function) , 57
FHET (Discriminative Model) | 312
4% (Discriminator Network) , 321
fic 43 i %L (Partition Function) , 291, 372
fic 4> A% (partition function) | 264
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k& (Dilated Convolution) , 134

&K/ (Batch Size) |, 166

fit®=I3—4M (Batch Normalization, BN) , 178

fiLEREE T L (Batch Gradient Descent, BGD)
34

fRZ (Bias) , 42

i 2- 77 243 f# (Bias-Variance Decomposition) , 41

i # (Partial Derivative ) , 396

& W% (Bias Shift) , 88

P (Quadratic Loss Function) , 30

P57 #6%0 (Squared Exponential) , 420

FHEHEA (Smoothing) |, 363

PRI (Averaged Perceptron) , 70

SFENCE (Mean Pooling) , 122

PR /ME (Flat Minima) |, 165

“FFarAi (Stationary Distribution) , 419

PP M4 (Critic Network) , 328

PG Ceritic) |, 353

AhER D743 253% (Naive Bayes Classifier, NB) , 261

W62 (Exposure Bias) , 370

Qi%l (Q-function) , 339

QM (Q-network) , 347

Q*>] (Q-Learning) , 346

#HH (Expectation) , 417

R (Expected Error) |, 29

W XS (Expected Risk) , 29

W AR (expected return) , 338

HAEE R (Expectation-Maximum, EM) , 281

#7714 (Singular Value) , 394

FFAE R (Singular Value Decomposition, SVD)
, 394

IEFe%>] (Transfer Learning) , 241

EREHS: (FREMRSREF )

AR ML M4 (Feedforward Neural Network, FNN)
, 95

AT A KL #U%  (Forward KL divergence) , 326

A %2 (Forward Search) , 47

#JZ%>] (Shallow Learning) , 14

A\ (embedding) , 16

# A (Embedding Lookup Table) , 364

R E (Underfitting) , 32

XM (Strong Duality) , 408

353254 (Strong Classifier) | 233

A= 3] (Reinforcement Learning, RL) | 18, 45,
333

20 [E, 390

A 1IAHE, 390

AHERM L (Fully Convolutional Network, FCN) |
136

AR (Fully Connected Neural Network,
FCNN) , 109

4378 (Full Padding) , 118

LS EA (Full Conditional Probability) , 277

M E)T—4 (Weight Normalization) , 181

W EZE (Weight Decay) , 187

i MRS (Deterministic Policy) , 335

REINFORCE 5%, 350

RMSprop, 168

ROUGE (Recall-Oriented Understudy for Gisting
Evaluation) , 369

NI M4 (Artificial Neural Network, ANN) |
5, 85

ANT A2 50 (Artificial Neuron) , 86

NI #e (artificial intelligence, AD) , 6

INFIRLE (recognition weights) , 305

KIEFE (soft margin) |, 76
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WHEAR (Soft Targets) , 191

M UML) (Soft Attention Mechanism) | 198
G (Weak Duality) , 408

594754% (Weak Classifier) , 233

S E 52 2] (Weak Supervised Learning) , 45

SARSA #7% (State Action Reward State Action,
SARSA) , 345

sigmoid {5 &M% (sigmoid belief network, SBN) |
261

Softmax [A])7 (Softmax Regression) , 63

% (Entropy) , 422

IREE QM %% (deep Q-networks, DQN) | 348

IR 3 /K252 Hl (Deep Boltzmann Machines, DBM)
, 307

TR G O BTN 4% (Deep Convolutional Genera-
tive Adversarial Networks, DCGAN) , 322

IRIESRIL 2] (deep reinforcement learning) , 339

IRE(E &MY (Deep Belief Network, DBN) , 302

REFHIEAL (Deep Sequence Model) | 364

R3] (Deep Learning, DL) | 17, 48

W& 5)71% (Neurodynamics) , 209

ML AR 2% (neural architecture search, NAS) |
186

LA (Neural Model) |, 85

LB R (Neural Turing machine, NTM) , 208

MWLM 4 (Neural Network, NN) |, 85

MZ 6 (Neuron) , 86

SERFEA 2% 2] (Real-Time Recurrent Learning, RTRL)
, 148

A 8] 5] 5 1) 2 7R ] 4% (Time-Homogeneous Markov
Chains) , 419

W7 22972 3] (temporal-difference learning) |, 344

B PR A4k (Sequential Model-Based Optimiza-
tion, SMBO) , 183

IR A M4 (Clockwork RNN)D | 160

AR R %L (Likelihood) | 39

EERE (potential function) , 264

7~ (Instance) , 26

W (trial) |, 337

W2 %L (acquisition function) , 184

Z R BY% /R %% 2 #1 (Restricted Boltzmann Machine, RBM)
, 296

Bt (Attribute) , 26

HHE4E (Data Set) |, 26

BEIg5E (Data Augmentation) , 190

HeeriAb (Mathematical Optimization) |, 402

HUEM 5> (Numerical Differentiation) , 103

W2 (Beam Search) , 361

PG5 R A IEAZ A8 8 (Tree-Structured LSTM) |
158

KA PGP M 2% (Bidirectional Recurrent Neural
Network, Bi-RNN) , 156

BT ReLU i@ (Dying ReLU Problem) , 91

[ifi#l % & (Random Variable) , 410

BEFL% (Random Field) , 418

A ST TR 4% (Generative Adversarial Networks, GANBENLE) 71 248 (Stochastic Dynamical System) , 289

, 321
HE SR (Generative Model) |, 311
E A E (generative weights) , 305
HE 2% (Generator Network) , 322

ER2MS: (FREMBEREF)

BEAL T 47 f#% (Random Access Memory, RAM) |,
204

FEHLILFE (Stochastic Process) , 418

FEHLARM (Random Forest) , 233
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BEMLAHZE 2% (Stochastic Neural Network, SNN) |
289

FENLIEZE (Random Search) , 183

BEALBS E T 7% (Stochastic Gradient Descent, SGD)
, 35

BEMLIE N (Stochastic Policy) , 335

Bif I 8] ) A1 4% 4% (Backpropagation Through Time,
BPTT) , 147

AETH 4K, 177

FHIE (Feature) | 14, 26

FFEHMEL (Feature Extraction) , 47

FHiE 53 (Eigendecomposition) , 394

FHE TR (Feature Engineering) , 14, 46

FefE[ & (Bigenvector) , 394

FHEm i (Feature Vector) , 26

FRFIESE (Feature Selection) , 47

FFEE 2]

FRIEMUY (Feature Map) , 115, 120

FHE{E (Eigenvalue) , 394

FRJERIE R (Gradient Exploding Problem) | 149

TR E#ENT (gradient clipping) , 171

FhJE EFHE (Gradient Ascent) , 406

FAE T B (Gradient Descent Method) |, 405

FREEE L AT (Gradient Vanishing Problem) |, 149

B A/ (Vanishing Gradient Problem) |, 108

enifE1E (Barly Stop) , 34

RAiEIE Cearly stop) , 188

P44 (Proposal Distribution) , 272

1% (Conditional Probability) , 416

Z 4R 2> 4ii (Conditional Probability Distribution)
, 416

A HE 25 B8 8 (Conditional Probability Density
Function) , 416

(Feature Learning) , 46

EREHS: (FREMRSREF )

% 14BENL% (Conditional Random Field, CRF) , 266

B LERL (Universal Approximation Theorem)
, 97

[FlZEm% C(on policy) , 344

P GnES (Voted Perceptron) , 70

Ak A (Convex Programming) , 403

K gE 28 2% (Graph Neural Network) , 287

FRHL (Turing Machine) , 144, 207

K R5¢#% (Turing Completeness) , 144

K#% (Graphical Model, GM) , 257

KM% (Graph Network, GN) | 159

(Clique) , 264

S IEF % 2] (Transductive Transfer Learning), 241

HEWr C(inference) , 267

HELHIFEE (Earth-Mover’s Distance, EMD) , 425

Wasserstein 1% (Wasserstein Distance) , 425

ARIEIZ (External Memory) , 203

Mg S (grid world) |, 334

M2 (grid search) , 183

W2 75/ (Network Capacity) , 12, 195

Wb B (Fractionally-Strided Convolution) , 133

W4 (Differentiation) , 395

WPt (Micro Average) , 50

#4EJF (Dimension) , 388

HEJE M (Curse Of Dimensionality) , 48

YEJE R HME (Curse of Dimensionality) , 227

TMBHFES:>] (Unsupervised Feature Learning) ,
215

T 2% (Unsupervised Learning) | 215

JTME 2> (Unsupervised Learning, UL) , 44

T I 263

Jofs B 465 (Non-Informative Prior) , 41

TLIFAEAL A 8 (Unconstrained Optimization) , 403
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Xavier ¥I4H 7325, 174

W5l A (Attractor) |, 211

Mibigmtd (Sparse Coding) , 218

i B 2g (Sparse Auto-Encoder) , 222

TR#E (Down Sampling) , 122

Sei: (Priors) |, 53

S8 wA% (Prior Shift) |, 244

SRR (Explicit Density Model) , 320

243245 (Linear Classification Model) |, 58

2i 15> 2585 (Linear Classifier) | 58

e MR8 (Linear Programming) , 403

2887 (Linear Regression) , 36

28 PE23 (] (Linear Space) , 387

2R (Linear Model) |, 57

ZAEF5 577 (Linear Discriminant Analysis, LDA)
48, 217

R PEMU (Linear Mapping) , 390

M& (Vector) , 387

M &% A (Vector Space) , 387

) &2 (AR A (Vector Space Model, VSM) , 46

HE (Message) , 157

W EAEH (Message Passing) , 157, 268

NLEHRSE TR B#E (Mini-Batch Gradient Descent)
35

INFEA 23] (Few-shot Learning) |, 248

WA EAmF (Covariate Shift) |, 178, 243

W72 (Covariance) , 417, 418

PrFEUIZE (Co-Training) , 236

{55 4% (Belief Propagation, BP) , 268

15 M% (Belief Network, BN) , 259

{581 (Information Theory) , 422

5 EME3E (information gain) |, 47

BIEZ M0 (Rectified Linear Unit, ReLU) , 90

ER2MS: (FREMBEREF)

FHIFRE (Sequence Labeling) , 145

FHFIF % (Sequence-to-Sequence, Seq2Seq) , 380

2% (Student Network) | 191

%2] (learning) , 27

222112 2] (Learning to Learn) , 248

2% 3]% (Learning Rate) , 34

27 2] R 3, (Learning Rate Decay) , 167

%3] %% (Learner) , 27

235 (Learning Algorithm) | 27

G % 2B 2% (Recurrent Multi-Layer Perceptron,
RMLP) |, 156

PEI LM 4% (Recurrent Neural Network, RNN) |
139

Y5 (Training) , 27

gk (Training Set) , 26

WEZFEAR (Training Sample) , 26

JERTHIZE M 4% (Time Delay Neural Network, TDNN)
, 140

Ak (Evolution) , 203

7t Cactor) , 353

W A-PEE REYE (Actor-Critic Algorithm) |, 353

IFE4E (Validation Set) |, 34

KHE%E (validation set) , 188

FEA (Sample) , 26

A0, 409

S P A B P A, 145

SEAHE (off policy) , 344

Fa H /R A RAEA (Hidden Markov Model, HMM) |
263

Fa s R (Implicit Density Model) |, 320

fEolR 4 (Hidden States) |, 141

fifl B & (Hard Targets) , 191

= ) (Hard Attention) , 198
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HHMNBEFNMIELYE H FIHBEE (Nonlinear Autore-

gressive with Exogenous Inputs Model, NARXY 7 [7] &

. 140

BRI (signed distance) , 58

AR B (Directed Graphical model) |, 259
EEHE (Corpus) |, 26

W P8YE (Semantic Gap) , 15

ke (Burn-in Period) , 274

6% 2] (Meta-Learning) , 248

JFEAEHFE (Raw Features) , 45

P54, (Source Domain) , 241

ZIRAR AL 8 (Constrained Optimization) , 403

FAMEVES S (Catastrophic Forgetting) | 246

HZH1k (Reparameterization) , 181, 318

FHAfFIE Cearly-stopping) , 185

g 5 LEA 1T (Noise-Contrastive Estimation, NCE)
, 377

FEEA (Narrow Convolution) , 118

KR Hd1Z (Long Short-Term Memory) , 153

K12 (Long Short-Term Memory, LSTM) |,
151

Kid1Z (Long-Term Memory) , 153, 203

KA 7 8 (Long-Term Dependencies Problem)
, 150

¥r#aEl#Rk (discounted return) , 337

BHNEL] (Integer Programming) , 402

BRI (Integer Linear Programming, ILP)
402

IE2HiBE (Positive-Definite Matrix) , 393

1EAZ (Orthogonal) , 389

IEAZ5EFE (Orthogonal Matrix ) , 393

1EZA4r 4 (Normal Distribution) , 412

1ML (Regularization) |, 32, 186

EREHS: (FREMRSREF )

WEHE 5+ (Evidence Lower Bound, ELBO) , 281

(Support Vector) , 74

SCERIAIE (support vector) |, 75

SCRFHEML, 73

Y M EHNL (Support Vector Machine, SVM) , 73

15 (Knowledge) , 203

SRR (Knowledge Distillation) , 191

fH1%AX (Value Iteration) , 341

{H R HEL (value function approximation) , 347

HJ7 7% (Histogram Method) |, 226

Hi#% (Shortcut Connect) , 130

e85k, (exponential decay) , 167

YEE M0 (Exponential Linear Unit, ELU) , 92

B4 4% (Pointer Network) , 200

BHEMR (agent) | 334

# (Rank) , 392

24 2%>5] (Lifelong Learning) , 245

ZIIRA (terminal state) |, 337

R (reconstruction errors) , 220

HEERFE (Importance Sampling) |, 274

HHEI] (Reset Gate) , 154

ZZZk (ayer-wise training) , 222

BEIJEY (successive halving) |, 185

FE 4551 (Principal Component Analysis, PCA)
177, 216

F R0t (Principle Components Analysis, PCA)
, 48

FER@ (Primal Problem) , 407

VEE J143Ai (Attention Distribution) , 197

FERE SIHLH (Attention Mechanism) , 196

LR A4 (Expert System) , 8

' 5:2£>] (Transductive Learning) , 242, 243

¥ (Transposition) , 391
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B G (Transposed Convolution) , 132

JRZS (State) |, 141

IRAS-BIME(E L (state-action value function) | 339

IRA=EE] (State Space) , 419

IRAS{E RS (state value function) |, 338

IRESHFEHE (Transition Matrix) , 419

W% (Accuracy) , 49

T (dictionary) , 218

Hgmigas (Auto-Encoder) , 209

H4ifidds (Auto-Encoder, AE) | 220

H3his> (Automatic Differentiation, AD) , 104

HENEEEE (Autoregressive Model, AR) |, 140

E A4 i (Autoregressive Generative Model)
, 360

F 257% (Bootstrapping) , 236

EARFE %0350k (natural exponential decay) , 167

H &M s & A 11 (Adaptive Moment Estimation, Adam)

171

H%:>] (Self-Taught Learning) , 242

HIlZ: (Self-Teaching) , 236

HllZ (Self-Training) , 236, 251

FIER IR (Self-Attention Model) , 201

FREEE (Subsampling Layer) , 122

FEHZE (Subset Search) , 47

Baldk (return) |, 337

HAM (Combinatorial Optimization) , 402

R (Maximum A Posteriori Estimation,
MAP) , 40

RICE (Maximum Pooling) , 122

R (Maximum Entropy Model) , 265

KRR T (Maximum Likelihood Estimate, MLE)
.39

i KH (Maximal Clique) , 264

ER2MS: (FREMBEREF)

ARy s, 228

i N % (Steepest Descend Method) , 405

/N FeidAd T (Least Square Estimation, LSE) |
38

B/MEBRAER (Minimax Game) |, 323

/N iR 2% (Least Mean Squares, LMS) |, 38

H/MEER K E (Minimum Description Length, MDL)

, 53

A A8 (best-arm problem) |, 184

itk (Optimization) , 33

AsFR (Coordinates) , 388
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