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1. ELC®IC

ARG HALEE 1], [2], [3] WEEHEEIC X > THEROAR
ZERRL, fFdR - B2 - SEL C O RERE ENCT S
7-ODWENETH L. ANADFREDIFI Ty
RI 7 avERBLU, ARPWIZHEIEIERT SV r—
arvhbhd. REHIL, FRENOHFEMNIT [4], &P
Y— b~ DOFE [5], [6], HEFSOMI (7], HH L
8], [9], REBHMEFAMEEL [10) RETHD. ZDLIRRA
I DIFIEZTINZ, EEPA—T 1 4 - 558 - Wk XD
%727 x—<w bTREIND Z & HARDE O PRI
Mz DmA > T W3 [1].

IO UEEENRT =R RATIINBHN D 72DDT
VTN ALE LT, EFEEFEPREIEH 2 HED TV
5. WEFEIIEEN ALY E 2 Fr D Z L AT, M
B0 [11) OHMENER [12] 72 X OB TR % & i tEfE
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FEALHLAY S O PU K 223 (ACL, EMNLP, EACL, NAACL)
DETT 50% 2AT\W5 [13]. FHRIEHRUIE O FHEA
i# [SMIR CTHEEFE I SUEICFEERZHE LTV [14].
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*2 ImageNet Large Scale Visual Recognition Competition
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fbL7z=a—F )%y b 2BAETEBZEE &V S PlA
EMEZE, DB OBET — X252y NT—2 %%
HIHZLHAREICARSTETWVS [15]. ARTIXI DK
D IR EIE T DR O MR R E T, F R L
CHEEFEZIGHT 2 A DOV THRET L 720,

BREFET N T) ZALIRFEDT — X REPEXY 71
RIE LW Z e 3% <, 285 % Bl U TR 2 Jiffin'g
WO TH B [16]. REFE TIXEBROFEIIMEAEN
INBD, EHRPE=HENY —Aa—-RNE2AATEIL
HEZ\, WEHAOERFE T L —L7 — 27 HBENEA T
BY, ZAOHETITRYOOH 5.

AR U T, —a—F %y b DG & FE Sk
ZDOWTCHIH L 728, SREHAAE2 GO/ &A T+ T
EEADICHBIZ BN T 5. &% r o8 FEELRD
D, FRIERUI L HLEROH S Ny 7RI EIFDD,
FRERUBC BT 27 TV r— a3 v EEANIZEDY |
F5.
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tn RIT n HHODIEMZ b
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Wy | RlaxTia T|A (FRED 1751
by Rla NA T A
fa | Rfe = RI« | {EMELREEEK

2. RBFEOESF

2.1 EAXEE

Za—F)bxy MIFZHEEHERMEERH D, ALK
(BT — &) ol hE (HamssHE) ~ofki iz
TRTHZLTHETINEEZBEECHIET 22 28
TES. 203y b7 =23 AS & H AU LDk
MEZ2EATED, ZNSZ2ELOHTHE/ —R&wnd.
F v N7 =2 OFEEIE AT S H S BrdEEER o
7 7 (Directed Acyclic Graph, DAG) TREITEZ 5.

BEHEOF Y N7 —=2EDS L, BB PAEREVOR
EfEEXY N7 =2 LIFENSZETALTHS (K1), ZTD
EFINTRFFE ) — F2WL 20DV —7 (LAY) 12
SV, A LI YIZEENDG ) — RO Z s Bl
T5. {HAVIHEHELREDO ) —FEiELZEE, Z0O
Iy M7 =21 YE () o U TR RBige
NEFOIZEBHISNTNWS [17)].

EFEAEXY NT =22\, Ig IRIED AT —Z D5
It WEDOHHNT =R &2 TMTDRAV %HZ 5. BllT—
RO¥E N, T—REy bE S=[s1, - ,sy] £TB. %
72, Za—J)xy NI s, ZH-ALEDHN% vy,
95, FPTF—RIZEFACBDERT NVDRE5EZ 505
HLE0L L, ZhE T=[t, - ,ty] €T 5. LEHoT,
FxDHEIX y, D3 t, TRBEREL KD LD% %y b
T—JDNTA—REZREUHTZLTHS.

Sy & ty, FTENEN Ig, It IRITTDXRNT MV DT,
S = [Sn1, s Sntg), tn = [tnt, s tury] EHL ZEDT
5. X727, 5, CNTB D+ 1EOEMEERY VT —2
OHB y, BRDESI12EIT .

Lo = Sn

x1 = fLr(Wizo + by)

zp = fo(Wpxp_1+bp)

Yn = ITD

2 NI =T DEREEIATIERT 7 4 VEH (Wazg 1+ bg)
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2 T EIE MR

L7=-0b, [EMEARERE JIEh 2 IEIEREE f, 2@ LT
WHT5., Wylday N7 =2 D&EM, by 1$/31 T AL
BENd., ELBORTBIZER 1 DBV THS.

W (d < D) &HAE (d = D) TIRBE R 555N
{bBI% E S . FEMREO R I 25, diflJE Tld Rectified
Linear Unit (ReLU) [18] £ 7213 Z DIREFE L HHLN S Z
EREW (K 2).

fReLU(Q:) = max(O, LL‘) (2)

JLreLU (2) = max(ax, x) (3)

feru(z) = {x =0 (4)
ale®—1) (z<0)

72, FR¥IR Y b —2 Tl sigmoid ¥ tanh BEH &
{fHibh .

fsigmoid(w) = m (5)
fanh (z) = tanh(x) (6)

MIEAHBO DEUITHE— DB A BICEEEE 729
(A(Bx +c) +d = ABx + (Ac + d)), @O EMALE
BUSIERRE L T A BED D 5.

I DIEVEALBIEUL EME S RV D 7+ —< v MZhHD
BOEIBENRD L. BT — X PEBEOSGE L@
sigmoid B Z(Hi5. F/z, 77 ANFEDZDHD 1-0of-K F
oL ZiF softmax B E(HS.

exp(Zn;)
>, explan) “

[e] e i e 7 i < 854 (3P A5 BE K

fsoftmax (mn) -

fidentity (-T) =T (8)

LS. BRPEL LS RWEE, FHITIANL y, CIEMRS
b t, ORICEHREINDIA L (%) B Lt,,y,) B
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HAETERLRDILENHD. UEOEHIEKDS L,
softmax BIEXD ALK A D EIZHKIFEL TWa Z LIZHER
ER-ReR

TEPEAL B D AR IR B T A EE R T — < TH
%. ReLU 21X Dead Neuron &IEENB5580H 0, 7
NTOEET — 2T/ U CTHEELBEBDER L1272 %
AR EE Mo - E b TE R AR >TUE 5. Leaky
ReLU [19] 1& ReLU OEMIZE W B 000 A0 — T % T
52 TZOMEIZHMLL TWS., 1EFH1ZH, Exponential
Linear Unit (ELU) [20] 2 EAMRE I N T WS, BIfED L
ZA, 74—F74x7—FK2xv M7 —2I21% ReLU % 7=
I& Leaky ReLU, WRFZFE S VALV h=a—F L3y
77— 21214 sigmoid & tanh ZfAEHLETH S Z & A
L\, LA YAND ) — NEERe T L BffictEaeds a3 s
ZebLnWid [21], [22], TEMALRAEOERIZH 5 TR
GPU LTOFAEHEL ZRT DLENDH 5.

2.2 Za—3)bxvy NOEBHE

HEEEOHEL, *y b7 =2 OHIE v, BIEMET X
Wty 127 BREL D EDBNT A=K W,b RO}
522 Ths. ZOMBIXEMRT NV t, LZDOTHIE v,
DENZERSINDEIFHKRBE L(T,Y) =Y, L(tn, yn) /N
OR/MERIEE LTI 22N TE 5.

HHALBEIER DS & FRRIZ, WL DD OEE R E KK
MERRZHEDNT VD, PTERICEERDOD, £ 5
ADY 7N IRVEIZEHZEINS DAY O =T
»H5.

1 N Ir
Lcross - _N Z Z tni IOg Yni (9)
n=11i=1

72221, 377 ANET n BHOEMT NV ¢, =
[0,1,0] THo7=&FT 5. TI~y, =[0250.5025 &\
ST EH-ZBH, t, &y, DElDZOATY b —
BHPEZ060THS. M3IZrZpATrbat—nrsJ
TEmRUT-.

WEZEEr 7uAsy ho—ofEike s R, K
KDOHREBATHLNGZ L H 5. difE o [H )R
LGS, —MNZREAREBUL L2 VL

1 N

2 _ & _ 2

L* = N;(tn yn) (10)
TH5H, WaveNet [23] TIXIRFHEIEDO EEEFE % p-law
ZE 3 L C 8bit DMEICEEELL 7205, AT Y bR
V—ZEH L CTHEAEKE LTV,

EEZETIAZEAN I MEE 2520, T—Xty

N2 3DIZRETEIENEV. ZTHEIEFIZ L —=
5k, WEEEE B L TEEOMIEE &L

B BBENC
TW5.
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M3 277ADEAD70 ALY ha—,

VTN F—=vay - FARNEWS, ML=V ITF—
ZlE, RIA—ZOFEHIES72DDT—XTHB. /87
A—REHHF UL SEMIIZANY F—> 3 v F— 2 TOMH
REEMEL, ML —oV T — RAOBEEDBE 5725
TSICEFEZKT TS, NUF—Ya v T — bk
EIHUTE72DDORRTHE. TANT—XIEES>ETH
7 VEREREMIfH O F — X &y b T, U TERIIM > T
ANCRASAN

B EE T O S, BT ROV E O KB
HRT - RPBREIZRDRTV. R E, EHAROT—
ZAXEH AR EOUOTE K D NS WS R LITEET 5 e
EZ2oNTED, ZHNEERRIKKE L IFIXNTWS [24].
Za—J)bxy bOPALMEREE T EHTITE, FaRED
T REMENEL ZOLRMADIE XY N T —ZIZIELL R
WS EIREND D, FREERULE OGS IHEL» SBT
HFRED T — 2y M3k < libhd [4], [5], [6], [25].

2.3 EHENATZAOHHE

Za—I)03x Y PDONRT A= RIFEAIEIZ & > THEX
N5720, MYSHHEE S22 5 B0ERH L. EBIZK
b BWET LT ZLFESNTED, ZhbiE
ERZFEDHZATTHENTWS [26], [27], [28]. WInd, #
E=—a—J)xy hOKELVA VY THED AT —)V% —5EIZ
MOZ L2 ERHENELTWS.
BITO7NVIT)ZALTRE G PSHbN TV DIE
LeCun O 7)VTY XALTH5 [26. ZDHIETIE tanh D
JFRABETDI B FVWHEEGH LB LIZEHL, Z
DEBDE & T Vxy] = Ig 1 V[Wy]V[wg_y] &5 L
5*5

Wi~ N (07 L) (11)
I

LITBHILTLA YOS ERATWS., T4, 1/ —
RIZHEAAD Y 20 TH O, fan-in LIFIENTWS,
Glorot 5% tanh B ZFi> 7z v b7 — 27 OHIHILLIZ

e 203 32x32 DI 1024 IRTTDRZ hL 2 L TERBETE
50, BT UTHEMREERIE 100 IRTIEE T/ T A =X 1T
x5, LWHEZN.

OV ISR EDSDT.
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BRER E RO BN T WD Z & 2R LS, —HnA
U(-1,1) DHEED 1/3 L7355

V6 V6
Wit <_ VI + 14 \/Id1+fd) 12)

EWVWS P HIEERIRELTWA. I X/ — R o
TV IDOETH Y, fan-out EIEENTWS. T DSk
WBEEFEED 7 7 —A M2 =405 Xavier D7)V T X
LEBIEENS. He 5l ReLU OAEA © > 0 OHiPHIC
LWz e 2R LU, LeCun D7)V ITY XLD 25D 45
MEMS ZEZ2RELTVD [28].

Wy~ N (07 I;) (13)

ZOAFEFZI0EE2EA5BEED ReLU v b7 —2
TRIEMERER E2ERT 2 Z EAREINTVS [28)].
Mishkin & 3HEATH] % ERATHI T L 724, *v b
7= 2 ICEBIEEERLUODIDEERZEHLT S LS
IRAT =) VT RBEELTWS [29).

IOULEBZDOB Iz rrb6T, HOWDET—AIC
2 BE—H TN T ZLREREFIELTWAEW, U
Mo T, EEKEY Y —ADHBENTEEOYIHIT VT
AL%EALUTHZONPEMNTH S, RRAZEDES Y
SV by bT =2 OHLIERHCEEL <, EiTRE
ZITHIEDNLEF L\ 30, N 7 AT EFE ¥ T
AL 5T,

2.4 FHR
Za—I)0VxY MNMIAT x, XY FRT—=INRNFT A=K
0ol y, 2RI EBEARTIENTES. Z
ZT, =Wy, - ,Wp,by, -+ ,bp) TH5.
Za—J)xy MK IR EE F(x,0) &L &,
E=E Rk (s

L(T,Y) = L(tn, F(xy,0)) (14)

Il
—

n

cEID. BEEEE 0 THNT R, REKENEIZLS
TNRTA—REFETHIENTES.

new 0. aL
0 =9“—n&ﬂﬂy) (15)

n IEERLEHSDLT. BEABEKOMSIE Ny 2 T o
F—a v EEENSBNFHEET LTV XA L > TR
RIJIZIALS ZEMWTESE., ZO7I)VT) ALIIEFEDOEZ

*6 W — B A 2 S B IZFE L K BR SN TWARWAS, HA
B2 LeCun OELH 2> 1 THRONZBRWZD TIERWH L
EZTW5.

TORIERE DR E 2T 5720, LSTM OEHTZ — kD1 T A
EHOHUD 1 IS 5 51D Gers HIZ & > THREINT
W3 [31). ZOFEEHDITILE > TWARWE LT Jozefowicz
S DEFEDRL THEBHINTWS [32].

R e
] =
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Yi—1 Yt Yit1 Y2
— Tt_1,2 —> T2 Lt41,2 Li42,2 —>

[ A B

— Ti—1,1 —> T¢1 Lt41,1 Li42,1 —>
Tt—1,0 ) T¢4+1,0 Lt+2,0

M4 2YVAILYh=a—F0xy hT—27 DR

FEIATITVIEETEEINT VS,

FEBIZF TR TOEETF— K &2 flio CHEZHET S
Ny FEETIRRL, T VRNMIBERUZDEDOF— 2 %24l
S MR M B 2% Tk (Stochastic Gradient Descent, SGD)
S, ZODKT—XEI=Z Ay FLny, B-DI=
Ny FoefioTHFHEEFS>IE2ATLVL—Vay, 17
L= a Va7 —RBNETTEILETRY 7L 0D
[26]. 72X 21X, T—XE vy bOYA XD 60000, I=/3
FOREIN 200 OLE, 1 TRy 7133001 FL— 3
VYT 5.

1 TRy 2% 300 4AFL—YavicpEdse, MU
FEETEH 300 EOR—ATHEH2HEDLI LN TE S,
Bengio KiZZ D Z 12D\, AARITEANC K> TE
DORKET DD, EMEICERT 2 Z L I2iEd £ 0 fifEd 7R
WL TWS 21, Iy FOYAS RXET—X &Y
FRAEIDIEEZPTNSILTE LW, 21] TEI=AYF
DFT7AINVEIDREZ L LT 32 MBI LTWS.

25 FTTFa4x4YF
RO )i H THERR BERE Tk (SGD) 2YE R D ffib
N5 eidzdinl, FEHEEPNAERD M EZ2IH 72
FROWET N T ZLDfFELNTWS [33]. Zhs 2
FRUCTA T T4 va ¥ nd, &2, E—AVRLE
[34] L XIENDB TN TV AL T NT A — X OFEHIIEM
OV, BUERRZEMZL T\,
V" = v 4 n%(zﬁ, Y) (16)
gnew _ gold _ , new (17)

TEY RBI=NvF2HoLT.

Bl BRI Ry MY — IR T A =KL 5T
B 57280, YHREHECWIIELIEEILDTELE
FEDT7 N IT) ZALAPMEREINTWS, 72& %1F, AdaGrad
[35], RMSprop™®72 A% 5. F7z, Adam [36] LIFIEN D
ATV T XLPEH ELLffbhTwd, Ent
TAXAVORRIIEERT—THYH, ZOMIZEREL
BFREFREINTWVS.

*8  RMSprop (& Hinton KDEHZRERIOFTHERINT WS [33].
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2.6 BRINETIVY

HEGREI 2R T—2DETNMLIZIZY B L
Yh=Za—=F) %y 7 —72 (Recurrent Neural Network,
RNN) 2o s, ZhidfEn~iLa 7 E 70 & HEKIZ,
BIRZTEERD AL ZZITID, =a—J %y bD
DIRFE] 258 L, ROKLUTDOATIO—ETH LD
Fw b7 —2TH5. RNN befEGry b7 —2D KD
CEEETHIENTES. M4 ITMEEZRLUT-.

RNN 0ZEI3H L <, AEER - AEHEE LTINS
A & 9\ [30]. RNN ORI ARDO Y v 2 1L
EBO=a—I0 3y heEZXBILNTESH, RNN T
FRZIMOEATHNIEEINT VWS 720D, ZOHEIE
BT KEL7RoTL XS, Pascanu 5 1d, AEERIZIE
IV LD KAE%FIE Y 5 Gradient Clipping, AJltiE% 12
FIEHME RS Z & 2BELTWS [30].

65207 7u—FTIEA Y b7 -2 DRKETEL,
RO E AT — ) > 7 &S 5. Z D7, RNN
D%/ — K% Long Short-Term Memory (LSTM) [37], &
& O Gated Recurrent Unit (GRU) [38] T & #i2 5 ik
MRiEEI N (K5, 6).

LSTM TlX, F5DEMIFIZ AT — b 4, BH7 — b
fo, Wh7r—1b o L XIENSE 3 FEDTY — MlEZFHET
5. 85 0 BEEMEHSDLT. ( FRLITHS.

i =Wixi + Riye1 +pi ©ci1 + b, (18)
fi =Wz + Rpyi—1 + Py ©ci—1 + by (19)
01 = Woxi + Royr—1 + Do © i1 + b, (20)

B — N OMEIFBRED AN o, FIEOHTT vy, LSTM
DRTEIDIRFE ¢,y ZBEIZLTHRDLND. W, R, p I
3w NI =T DEHR, bIINATATHDE. 7F'— hDiy
M7 I sigmoid B CIRAME AL =ML § 5.

’L't = U(it) (21)
fo=o(fi) (22)
o, =0(6y) (23)

INSDT— MiZf, BUEDORLNIN T 2RE ¢, &
H y, 2559 5.

Z =W.x+ R.y; 1 +b. (24)
z; = tanh(2;) (25)
=200 +¢c10 f (26)
y; = tanh(c¢;) © oy (27)

BIAEDEELNZ R G U 728 U WIREE D fefli 2z, 23 L 7D
b, AT — b EBHT— FOfliZflio THULWIRE ¢, %
HELTWA. JRHE ¢, & & 51T tanh B TEHL, 1

Ct—1
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Yt
Yt—1— T
T
tanh
4
—yT
4
—
z 7 f o
t t t t
tanh sigm sigm sigm
t t t t
b,— 2z b, = 3 bf—> f' b,— O
AN

5 LSTM DO,

= N ORI 725 ORI gy, &R D, KH]
77— F 0 DAEDIRE VR VIREEFEDEZ ] EHE P TV
7o, WKHZEDOH B AH N OBREFETE 5. LSTM IZ
1% Peephole Connection 72 & %& GO 72\ DD Y T—
T avidh bz, BFEMEDERE T B IXERN S
EHTHD [39].

GRU % 2014 4£(Z Cho SIZ &k o THEINZH LV E
TILTHS. GRU TEV Y NTr—b r, EEHFHT— B
z WV, FTUWIREZERT 5.

ry =o(W,xy + Urhi1) (28)
ze = oc(Woxy + Uhyq) (29)
h; = tanh(Wyz, + Uy (ry © hi_1)) (30)
hy = zehi_1 + (1 — z)hy (31)

LSTM & [kkIZ, # L\ RIEOMER h, 2350 T 5. Zh
ZMEDRBEHE L, BEWREN by &35, BFEOD
RNN Y EREIZ, LSTM ® GRU % EIZT5 I 2N TE
%. Sutskever 51Z& % seq2seq ETNDEETIT 4 FD
Deep LSTM 7Mbb T\ 3 [40].

LSTM & GRU 3 &6 08B EZ L TWa 0, &
DY INVIRRERFIE TV EED BT HAIRMEZ <RI n
T&7z. Chung SIEFHEHREFHD 2 DD XA T vanilla
RNN* LSTM, GRU OMHfE% HHE L, LSTM & GRU
A vanilla RNN (23 U CTEMRFERTH L Z L, LSTM

*9 R 1% Recurrent, p & Peephole IZXfJx LT3 [39].
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10 Z DRAFRC RS DB, 7 — MED KO ERIEHER T — b T
H5.

LRERFI S % 2fEG 2y bTU— 2 TERL 72 RNN. LSTM-
RNN, GRU-RNN & [X #9572 DEKH.
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|
hy
4
Tt h 2t
1 t t
sigm tanh sigm
hios t t t .

Tt

6 GRU DX,

& GRU DHEEOMRETH 2 Z L 2R L7z [41]. Greff
5% LSTM 5 6 &7 — b % & U TRA T2 GE T 2
TV, BH7 — b & O FERRIE BB B B 5 0k 2
FThHhD DT 72 [39]. Jozefowicz S IFEMEN T IV T
VDALIZEORBETFTIVEHEEL, LSTM ¥ GRU &
FREOVRERFFD 3 HEO Ry N —2 2FR U7z [32].
Karpathy &% LSTM OBE{E % EMERNZRNT L, FHIRO X
IERITORIREDHRENFEHINE Z L 2R LTS
[42]. LnrLZhEzToe I3, LSTM & GRU OFilk%
SERCMEEIARL, KOMEOEVWETIVERET LI L
FTETwiw, @0 X A7 Tl LSTM & GRU O3
T A= VANRBRDZ I EL WD, WERALEZ ET
HREDE WVE TNV EEINT 5 Z L HEFE L.

2.7 BHFAHZa1—FI Ry hT—7

BAIAAZ2—F ) 1w b7 —2 (Convolutional Neural
Network, CNN) IZEGOFFBICF L LIz=a—F )by
T, A Y b7 —2, RNN EWiOHEER R Y h T —
IREETHD. CNN DEL A YL/ — REZIRGTIZ S
N THERLENTE D, ZOMEIFHZED x,y FEEIC
MIELTWaS. /= RNADOANIFBEEL YD v FE
Bo/ —RNZBREINTHY, ZoMEE7 1 LxE N
(7). 74NEYAXH 3x3 DHE, d BHOREOMEIX
DIrD@Ey R TE 5.

3,3
al = f ( > whaltl it bd) (32)
a=1,b=1
wh X7 4 VADER, b IENATATHS. v hT—
DL ) — RIZDOWT, /— RIZBERETE 5 ANEIHRD
#iPH % 248 (Receptive Field) & W5 . EfiDO LA ¥iF
= ROZRBIIILL, K& EHRMKREHRINT S Z
EMTED [43]. CNN OFfE, Gy b7 =212
ARG A= RBP DI S LEIZFETE S 2L, HHD
FOWMiEARZEME > FARBTEHZLTHD. EAL,
CNN O& L A Y IZEBORE~ Yy 72 RFFLT0wad. Z
NEFr 3 ENS, CNN ODANIZERE 3 F¥ 2
T, RGB OfiE2HS5HT. HFEEEDARZ ha T T L
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/N

7 CNN OB, 74 L &x¥ 1 X3 3x3.

ZHEGE AT LT, BREBESTLIRHATES [44].

Za—I W%y FTIHIEE A A IRT -0, HE
GE T EENHE L. ZDD VA YRS
TE D ERDITAFIET DHEITHRED T A5 &0 S [ED
H5. He 5 HEE L7z ResNet [45] 1£ CNN OHLET VT
VALT, £V YVIIMEEERPSDESEFETDED
BRINTWS (y= f(r) +2). ResNet Tl& 1000 & % &
2232V NI —0%¥ETHIENTES. [46] IX CNN
DFMRIREHRLTH B,

2.8 LD HDTI=v

Za—J) 2y MIEYIRYEOB & @il IERE % 5
i 20, BEICL > TTEAEIZ 5 [47)], 48], @&
BORRE 25 mWRBEEEN L, HEEEHE L WD #HTT
HoSNTWD [49], [50]. ZOEHIE, +H2HD/ — K%
o4&y T = WMEROIMPEREZEETEL LWV
HEDTHD. ZOXDREFHDFEF L LT, Zhang 5%
ImageNet DEHEEHIZT VX L7e T XV EMNEUZGETD
L T VDX E 100% FETETLERS T 2R
7z [51]. ZOfERIF=a—F 2y bOWERT—X Ly
FOMEIZRELSHEINSGZ L L, WPEEERET 572
ODEAMEPEEZRZ L Z/RLTWS [48]). O IEHIL
DANTHRITEE DA Dropout, Batch Normalization,
Weight Decay, Early Stopping T®H 5.

Dropout [47] LIEEN D FHETIE, I =Ny FOFEHE
2/ — PR T v X LITHIBRL THR 2 FHHT 5
(¥ 8). xy b7 —=2hD% ) — Rigftho /) — NOFLEE
REUFENRTERL R D720, AN—APDHEMTE
RoOHLREEFEHTLES5FEINE. 2y T—2D
FEHRIZIIETO ) = F2fi5 e TRt 2 #Hd 5.

Batch Normalization [52] IZHE LV 1 VY D%z I =
Ny F iz, Bz 0, ofE 1LIChiZ2 T3

“12 WG 5 ) — ROESIZZEA TS L.
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11 21

§1 — Zo1 \ /
x1

2 €22

-

31 — Y1

S — Z02 32 —> Y2

13

o \
83— T3 \ / T33 —> Y3
T

4 T24

8 Dropout DA, HTERINAE/ —NEI= "Ny FOl
oI ENS.

L1 v
Batch Normalization L 1 ¥

R L A ¥

9 Batch Normalization L 1 ¥ OREAX. B0 &5 EE L A
YORIZEMT 5.

Y ALTH5 (K9). Batch Normalization L 1 ¥ % £t £
BWGE, FERIZL o TRED VA YO HIMEMAAKE <
Zbbh, BitL 1 YOFEENPHVELIZE->TLEIZ L
Nobd., ZOBHRENFHLES 7 bR, RFEEITCX
FEE SRS B DIRESI NN, —EDORAMER
FoZenaghroTETWS [53).

Weight Decay (ffEJEE) [53] ZHERET NV DEH &
FRRIZ, RETEDRBUII L TRFIIT 1« ZMA B Filk
THod. NPILVT 0 HFBELBEBUZEMT 2K TEHERSH T
EMWTES. L0 £721X L2 [|0])2 /v ahhdEE &< H
WwWoind, MEBREIE=2—I V32 y MOHBERTZEE %
BRLTUL & 5728, Dropout & Batch Normalization O #
BS T —ZHZ\0.

NY)F=varT—RTOWRENRKE BD TRy 7
W THEE % 1k B Early Stopping H & flfitoiv 5. Arpit
SIE DM T RN ) 4 X% MA D Z L TRAFIEDE
MVEEMEELTWD [48]. ZOMX T, =a—F)L3% v
FOFBIZIZ2 DD 7 2= A0H LT = — X &y
7z —RAIHhNnd I LEFRLTVS.

HREFZEONMERITEER Ny 7 ThHD, IEIE
IEAMEREMIREINT WS, Gal 5 13@EE D Dropout
A RNN DR EIZ DR s Wl 2 Mat U, i
7237855 & RNN (24872 Dropout D fH Gk % 2
% U7z [54]. DropConnect [55] I& Dropout @i 7 )L I
VDALT, /= RTIEBRL Ty VRN TEAZEIRT 5.
&2 % Maxout [56], Layer Normalization [57], Zoneout
[68] 7 EMRE XN T WA, Pre-training D & 512, 2D
THRHEBEZ SN REFET IV ITY ZLDFERIZED
Hon iR FHEDLH 5 [21], [59].
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xr

t

Decoder

Encoder

t

T

10 ZH/A— b Ty a—XOHRM. =23 —XIFEERZ L
DHEBENGEETIMELT WS,

2.9 EBFE
Za—J)3xy MIEEDO LA Y 2AGDOETE RS
DEEETD. Z0DLE, ADTEWVA YIZT— KDk
R E 2B L, MRV LA VIZZ ORI %
AEDETEAY 2L X5 ITHEEMNED [15]. CNN D
FERRP S, ANT—2ED VA ¥ TEEI N LR
BIFRAAZIZ LS THENTH D Z EAHISNT NS [43].
BB EEDOBMATIE, TART—ZDHBEXAITYE
AR R 2 R L 2, JORBEEZSEOXZ I
BT 5 2EZ5 60 =a—F b3y NHEGRT 5
TR N 2R R R I A T — ZAIE IR 5720, TR
ZHHNT—EZEIN 2y b - HllOLV A ¥ %
FHHMEL, BOHKZAZIZEbETEELET Z 2
EZ 65, F£72, Bojanowski [61] Hld=a—F )L 1 v
FOREIZERL, BB R =Ty b LEEGATHEIOD
TmA R RPN EBTE S22 2R L7, Chol &I/
A FARE LI R A U - il 2 )G LT B [62).

2.10 ez LFE

Za—=J)Vky bOAMDPERT NI A0k TRT
52T, BT —2DRMEHES 570 DHHIL LY
HEli5ZeMRTEs. REMRT LTV ZLIZED A —
kT 3 —X& (Variational Autoencoder, VAE) [63], [64]
B L OB AER A& v b7 — 2 (Generative Adversarial
Network, GAN) [65] O —fifHTH 5.

VAE O HEZEN T — X 2RO OFEEN T PV TR
BL, ZOWERZ MV EBHT — X OXIGHREFE S
5ZeThHD. DI BTHREMIL TREFEHL WD
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[66]. VAE TIXEBAERZ NV z DIMEHETER 434 N (0, 1)*13
/D 22 ETS. VAE DT I—XE 2 BHZ 5
NROBIHT —X z O p(x|z) 2, TVI—XiF x
MHZALNTZEED z DHED p(z|x) o< p(x|2)p(2)
E=a—I)3xy MZEoTENENETIMET B.

VAE TIBIERT bV ERA ZZET VLT 5729,
TYa—RET - XOEGRIZIERSI AP SOV v T
VY IhpgEe s (X10). Ty I —XIEFERT ML
DN % EBAMTETVLL, ZOFEE p L o? %
H1d 2 14, D0 o EBEDBIER Y L ofiz ¥ v
TV BHILT, TA-XOENEFRTES. & v
N — O RIZHERINTR ) — R EL T T 7 R MERNGIR S
7 7 (Stochastic Computation Graph, SCG) &I [67].

ERIEHE 2 5 7 DEKBBITIFEN Y PV DT TD
ATRENE 12 D\ T D A RHE

L(z) = E.onN(p.o2) [L(x, Fpecoder (2))] (33)

EUTHETESD, VAE Tld=a—J )32y b 2ELT
OWFHEZ RN HE T 222 b, YTV VTt k-
THEMTSH I LHTER [63]. VAE TIEZ DR % [H
W3 5728, Reparametrization Trick & W5 727 =wv &
S, ZOHETIE SCG % ELEE & HEE LGS 5
T DAL OTICHRET B2, EEVERIEIC X S87
A—XOEFHVAGEIC LD, OB I =Ny FIT LI
Rz Ty v rans.
BHTF—2OERN 2 ETNVITEE 5 —DD ik
WO AR Yy h T —2 (GAN) TH 5. GAN Tlix
DEZDBEY, ANT—XDOEE%HET % Discriminator
2w b7 =2 D(x) 5D AT — R %ZESD Generator
2w b7 —2 Gz) ZWANIZFEET S, 2 k7 —%%
RS 572D — N TH . Discriminator D HEE
NEDT—XIZHLUT D) =1, hDT—RIZHLT
D(x)=0%2KRTZELTHEDIZHNL, Generator O HIE
/& Discriminator K< 2 &, 974b5 D(G(z) =1 %
HOEE222Thd. 2oL EREITRE HERBUE

minmax V(X Z) = Z D(z) — Z D(G(2)) (34)
zeX z€2
DESIZEITS. X, Z IZEDT—ZB LV Generator 15
YTV TEINZI= Ny F%EHSHT. Discriminator
& Generator O HIEEMPHK T 5728, &bl minmax
DO THIT D, EBIIE, X OIEEMED v

V(X,Z)=Y_ InD(x)+ Y In(l-D(G(2) (35)
:nef( zeZ
WO HERE BT 5.

3 TIRBATA R B 5D T
*14 Kingma & 343N A177TET ML TWS [63].
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GAN OFEIIIEFIZHL <, R A7 IZHDLE TR
MHEIT72 5 [68]. & <HEIZZ5 DId Generator 23F U
HH1% £ UKl 5 Mode Collapse &\ D BISRTH 515,
F72, GAN TIREML ATV 27 bolEZRZ 52 &
L <, EMICELSRAVEEVIEKINEZ L
Zwv., IS ORBITRLT R, & F X F iR ¥
INTWVWD [68). 29 LAFEONREG L LT, DCGAN
[69] % StackGAN [70] 3% F 5N 5.

2017 T o T, WERMEREDE W GAN D7 VI ) X
Ly (Wasserstein GAN, WGAN) 23FR s N7z [71], [72].
WGAN TlEFEH 512 & 5T Mode Collapse 2HE & 22\ 2
ENERINTED, BRI DX A7 TEWEREE R
FTZEenoEHEED TS, WCGAN TIHEFE D GAN
D &5 BN E IR <, REdXEEEEE (Wasserstein
PEEE) ol Ebiz K> TFEEE#ED D, WGAN O
RN ARSI AR ORI 2 2 5 720, BbmEHE (73]
B X OB BOEME [74], [75] 2889 5. Lucic 5l

[76] T WGAN % & G a7 MERET 2 1778 > T\ .

2.11 %28 - AEgERLEADT 52 5EY A&
—a—J )2ty NOFHHEE - NAPERED [ EIXEZR
F=XTHY, BRFDOTIVITY LML LFERINTH
5. ImageNet DZFEEHRHIZIE TRy JfCEHELEL L
TWL Z ML VDY, Smith S5IFFHEKRONRDDIINY F
YA X% EFEZ e TCREOMRE2BHEICERLTWS
[77). £72, BALEFAAZ FIVIEALE WS HIEIZ LD
GAN ZLZENDRBIZFEET 2 2 L IZEHLTWS [78].
HREFHITESDVZE LR ETH 5720, WOt EH
BT TCHERRZRAINMREITIBEZEH 5.

S5 - BRUEDF TORHA

ZZTCEHEDBOMERRD 55, SRR
ZHEEPDMIED EF5. BEFEHOT VA 7 A)N—L
U THEHAITIR 5 720D1F 2012 4 & D ImageNet Competition
T, Hinton KHEW 25 F — ADAIZ 10 BA v MEWAZE
ZOTERBLUZ [11]. 20X A7 T 100 RO T X
IS EZE T — 2R 0, 1000 7 5 2D 53 M EIZ
H%9 5. [H%GRE Top-5 LIEEN, 5EDFHIZ )L
DI HENPDEME =T LI V. TNDFELIXS <
ImageNet I$H L WEB 7T AL E2FERT HG5L700,
R TR 2 THRE S 17z (28], [45), [79], [80).

EGEOHBERICEHT 5MAELEATHS. VAE &
GAN IZ2DWTIERBIZHHL 72, Gatys S ITHH%E 4 7
VI b ERARAINVIZHEL, EREOREDSHIH U 72
AR AN MO G %E M AEDE S Neural Artistic Style
Transfer ZBHFE L7z [81]. Li 6%, TOFEIIENWTT I

3. BFFE -

15 Z o HA (35) DRFTERERE 2B L ITEET A L.
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Zh i ~y ¥ (EOS)
(EOS) “h S Ry °F

11 Sequence-to-Sequence (seq2seq) €TV OIERK. D ALAIZIEDIAAR RS ML,

]
e
|

N

/1 /1

12 WaveNet DX,

LATHIMA R AN 2 RBLS 2 BB Z it LT\ 5 [82].

FEWRFHER D 4387 ClX, Cho 512 & - T Encoder-Decoder
2y b= hRFEI N [38). THIFET DI LB A
HOOXEEREFETESL =2 —F )2 v b T, HEFIER
REIZIFEAINTWS (X 11). Encoder & Decoder &%
NEFNZ &7 5 RNN T, Encoder I FWZEED AT % [EHE
RDOARZ FVIZZ#L, Decoder ZEIERD R bV %A
ZEOHINTEBT 5. FHRFZIE, xv b7 =720
RAWERHEIZ L > TN T A — X 2 gudift$ 5. Sutskever
5% Encoder-Decoder & v b7 —2 & LSTM %#flAaHH
72 Sequence-to-Sequence (seq2seq) €7 L&, HEAL
MIROFERZ®E LT WD [40]. % & IEXFIKFIZ, Encoder
NDOHFED AN ZWIEE 5 Z & THRELAM T2 2%
HELTWD., ZTDHRE SITIEEMER (Attention) &IFIX
N5 ETIV[83], [84] MBIFEZ 1, Google 72 L3 EALT 5
=2 — 7 )UEEHEIIER (Neural Machine Translation, NMT)
Y AFABHERT VNS [12),

van den Oord 5 A3FAFE L 7z WaveNet [23] IXIR[FI4EI% D
TEESEFEEET VLTI TE S, HBREMIZHEN
=y IVHIOMBEEEKS 720, LAY TEICRR5IET
BAHRAALIEE UTWBORRETH L (X 12). ZOHE
i&i % Causal Dilated Convolution & 5. WaveNet (&G
Ha A MDIEEIZKE W20, Kalchbrenner 5 13 & D &l
7% WaveRNN [85] 2B L TW5. HE A O B O
eI L U TIE, Shen £1Z &2 Tacotron 2 [86] 72 &%
5. F7z, NUHSITEREFE Mo THMHEETEITS T
NT) ZLERELTWS [87].

HREFEOREO O L DIFEBDOEX Y 7 1 1K L
RADIZENZ & TdhB. Vinyals & 1% CNN THERKL -
FEERDNZ MVvak LSTM v b7 —21Z AL L, Hifk

© 2018 Information Processing Society of Japan

DXy FvaviEABERLTWS [88). 72, RES I
Google A MY — b a—DFKRIZHOE THYREREEY
% 4 % Imaginary Soundscape [16] Z 2L T\ 5.

4. FERBHRUESFTOIGHA

YRI5 % e AT R L 2 B o 2 LT iR
[89] KT SNB. AHITIL R BALE I P 5 % 0
U7X 3 & EAMEEENT 2.

4.1 MERH - 2EELFBRBUEE

WG HERNE DX FIER XA TGS
TW5. Korzeniowski 5 IZHFE(EED AR MVIERL S
HEEERZH->Tra~wRZ MV EFHETE T LI Y XL
%% L, Deep Chroma Extractor [5] &#{T1F7z. ZD7
VI ZLTIEHFEESDARY L% 100 ms Z & IZF
BL, SBUEARET « V&N Y 2 28 LT 178 IRITIT TR
5. 51T, AR MIVOEREZEUE S = log(1+|X])
IZAEHT B0, JEFHE S PR T OV T L —ATH
I—RZEULKHEET 7280, BBNRKOFET L —L%
BUHIE 15 7L — L% FARIZ AT 5. EBRIZIE 383 il
WELDNTWE, 2y bT—27 O ZERK 13 12K U7,

McFee SIZMED T vy a R 2 TE 5
—a—Ihxy MEBEFKUKL [25]. FEFE5ORRR 7 —
Y 284 (STFT) % CNN, A GRU (Bidirectional
GRU) IZNEFIZAIL, GRU OfEA & 4 FEEORNIZ (I
HOHAE, WE, zuvXZ b, X—2F%) OHh%E
BT 5. IS ERRA USRI Z X)L &
JILTW5,

Bittner & 3% ERARR PR %17 5 728, Harmonic
CQT WS BHAARY T =T %ZFAFELT- [44]. 2D
FHETE, FEMOMEEMR %S 728 Constant-Q A
M0 T L EFARBAIZ logN 327 FU72E%
CNN D& F ¥ ¥ RIIZATI LTS,

4.2 E—MRNSyFxUT - RS LT
Bock & 13 3 8D Bidirectional LSTM ZfH\y, ¥'— k b+
TwFRVITEEELTVDS [6]. HEEOELPIT R

16 FEG 5D L DB RRHED ReLU £y b7 =215 2564
HERST=DEEZOND.
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15 512 512 512 12

13 Deep Chroma Extractor [5] Of§fX. STFT % 15 7L —
LA T O L, 12 RED I BN MLEHETS 5.

ZRIFFIZE 5 X 5720, 3 MEOAIED STFT 558 H
Uz BUABIA RS ha T Lefial, AL Tn
5. ZOREIE 157 IO T, X SITWMMER A 72 314
Witk =a—J )3y MZAIITS. 422y b7 —
7 DI E RT .

Vogl SIXHD NI Lz HE T 2720, AMEL
FILEDL 2y MiBZFARHEESTH=a -1y
FEBIFELTZ [90]. TD Ay T =2 Tldkd 5 13 7
V— LB D CNN IZ A L7zt ToHihzE 51
=B D Bidirectional GRU L ¥IZ AL TW5a. GRU
DHF1% Bass, Snare, Hi-Hat, Downbeat, Beat @ 5 fdi%H
D=2 —BVIZANTBHIETR I LG ZHEE L
TWa., EHEoIFZOxry b7 —2Ri% Convolutional
Recurrent Neural Network (CRNN) &FFATW5.

4.3 FEIFWLE

Blaauw =2 —J) 3y MZ ko THFEEZEGKT S
VAT L%&BIFE L, Neural Parametric Singing Synthesizer
[8] L& 1T 7=, ARFIETIE WaveNet D1 &R —&—
DNTA—RELTHI e TrmELHEHEZEBL TV,
Jansson 51% U-Net IEEN D 2y b7 — 7R Z W,
e DE &2 EEL TWS [91].

4.4 ILHBEEH

Choi 5 IR FH 2 5 IEHLILIZ#H U 7245 12 W)
HLTWD [62]. SFHRIEHUEDO R A7 I13LIEICHZ0,
FOFIF TR RBMT -2 BPHETERVWT— A5 %<
HB. ZOMLTIEARBIERREHT — X X—2A %2 fio57- X
THEROER 2TV, Bonizry N7 —2% 6 FED X
ATV FEUMERZRE L TV 5.

4.5 Google Magenta

Google @ &ML F — L Magenta 7> 5 & 1EFEI
FREPRE TN TS, Engel 5I& WaveNet % J6H U
72 NSynth &\ 5 =a—F)Lxy b EMVEEEE 2 S L
TW5 [92]. Hawthorne 5EET / HEDA Y&y MiE &
G XN OBERKE H7- 252 LT, ESiErEaE
L2 EH L T2 [93]. Roberts ©1& LSTM & VAE
R AEDET MusicVAE & \WD 2y N7 —2 ZBHFEL,
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R A e A
[ I N

314 25 25 25 25 25 25
14 3 J8® Bidirectional LSTM #ffi-7/z¥Y—hF T v F 7
(6] DHERX.

BEBOEHE T LV —X %2 ZhROH 5K THIRTT 5 Z 2 12§
LTW3 [94].

5. Further Reading

AlEBACTHEBYEEZMWMI NS DI, £
Z2E X E T 5. Goodfellow &2 &% Deep Learn-
ing Book [59] &, BAEDOFEEFEHD ML Y F2ET X
RN ARETH D, £z, HILL S BRICHEEA &
BoTULESTWAEARNLAARMREONEZEHS
W, 207202, LeCun KiZ & % Efficient BackProp
[26] & Bengio KIZ & % Practical Recommendations for
Gradient-based Training of Deep Architectures [21] % #
LU 72\, Schmidhuber K IR/ 3 O 5k D 2 B
U7=3CHRY A b [95] Z2/ER LT\ 5.

AT &G REERILE DRIGR %2 - 7=l DFw > & LT
1%, Choi 512 &% A Tutorial on Deep Learning for Mu-
sic Information Retrieval [14] 23 5. ZFiE0LE S Tk
Recent Trends in Deep Learning Based Natural Language
Processing [13] 72 &% 5. Goldberg KT & 5 AMELH
[96] BEHZI LK EF L EFoTWVTEAR T,

7, BETFEHZWEORAZIEMAT 58, #EeE
TNVTYALZDEDDHAGIZMA T, ke d 55078
HORG (FAAL VR 2382 eAEELV. 207
OITIE, HHIE RIS OMEE D 5 G0V — XA i
MSHEIZ7 5 [97], [98], [99].

6. BHYIC

ARTIE, HEEEHOEAZMHL, F35 - 55 -
ERIG R A DO SFED GG % KB U7z, BEEEOH
FMINZRAREL X & ZRE T RGRITHE A, R ORI R
NGO UEOHILED LT DHSNIIR > TET VS,
LD UKz, HREEE T BRI E 72 & 3l fetk
EOWTIKEZRBHRIA DL BB, 728 ZIXEFED
TOTV XL EFEGEGETERT S I, REINE
T—FTI7F v E2MMPKBRTHI L, F/H - S5 - Hf
WA QB F O ERRZIGHT 5 Z 270, ATARE
ZEIEBIEIZ Dz o TWD, EEERIC & 5 RIS
EETHAIZE 5T, KPS PO TSH T RN
WTH 5.
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