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M 4% (Generative Adversarial Network, GAN) T 2014 E#¢3E, I 2N A T1TEHL
BT, NP A AT 55 o A UG 0 26— i 4 A B -5 0 B3R A 40 o AR It T A i
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H TP 2% (Generative Adversarial Network, GAN) f#JH Goodfellow[Goodfellow et al.,
2014] $2H, I N T ENSE . A2 BN BTN 458 5 B A AZ I A . 2R ES (Gen-
erator) HH|5I#E (Discriminator), A s H T 56 B4 TS, BIANEMRAE L, AIFAR 0. FImIRE
TR Bl S AR Se 8 dE . QK 1R R Az BOWHT I 25 i LA ZE A 1]
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H RS AP, — D E R I @A SO A i i AR PR E R AR R, P EURA IR T
VEBEI TS . Rz m 8 O k> . Gumbel-softmax[Kusner and Herndndez-Lobato,
2016]. (/SR A . SRA2E T T HRIEEEE (Policy gradient) K F15IE 1 thAEA—Fh “X
Jil” YIZRA s, Gumbel-softmax R J5UAS P oA RAE B0 B HOS R AL AT DAL O AR, BRI RA
A, SR AT LA Sk OB SRR R . ASCR B M AR A2 I 1 k. T B AR R,
—ERR L G TR A SO 28 B T B ARE S A PR USMER . I, ST IRTE A RS
WP AR R LA, UG T RO, Bl ToHELER RS, SRS IR, Toli g

SRS

AR S TN RE A 230 LA RRE AR O HT I 46 B T B AR TE AL B — 280735, a8
45,
2 CGAN

Az ORI 28— T i LA B P TR 2O 5 AR O HTE R 4% (Conditional GAN)[Mirza and Osin-
dero, 2014], A& &R A AN SCAS AR I ATUEAT 3 SRR I o HC 5 0 4 A FSOXH T 190 248 e T S DX 1]
TETHIA GRS o FE R T A ZE e r 4t DASE , A TR AR R i s A
FE R A BEASAE RS B A5 i LA AR G ORI % DL B A AR A O I 45 s B S5 A4 2
B 287

object x — Network —

Network — score

condition ¢ — Network — x is realistic or not +

most c and x are matched
(almost every paper) or not

object x — Network X is realistic or not

condition ¢ \

Network — c and x are matched
or not

2: CGAN H| 5l eatt &

TEZRAFE RIS TEIE T, A nlad 5 AR 1 H AR HOB 2 230 3H 4R .

V= ;ilogD (ci,:vi)—i—% ilog (1-D (¢ 3") + ;ilog (1-D (¢, 3")) (3)
- %Zlog (D (G (¢, ) (4)

FAFLE O BT A A REIR NP PR

3 SeqGAN

F T SCAR AR R RO i A IR BB B2 TCTR BB A3l e % 21 2B it . SeqGAN([Yu et al.,
2017] {5 A o P SRS BT IR R MR X — AL KFAE IR AR, MR E A i il
N ORE”, T2 BRI A8, SRR — ARy, SEMRESERE .



* In each training iteration:
+ Sample m positive examples {(c%, x1), (¢2,x2), ..., (c™, x™)}
from database
+ Sample m noise samples {z1, z2, ..., z™} from a distribution
* Obtaining generated data {%!, %2, ..., ¥™}, & = G(c%,2")
* Sample m objects {1, £2, ..., ™} from database
* Update discriminator parameters 8; to maximize

.V =ﬁin2?;1 logD(ct, x*)

m
l _ i l _ 1~1
+mZIog(1 D(ct xY) +m;log 1 D(ct %

i=1
* B < 0g +0VV(64)

+ Sample m noise samples{z!, z2, ..., z™} from a distribution

+ Sample m conditions {c?, ¢?, ..., c™} from a database

* Update generator parameters Bg to maximize

o= ﬁZfL log (D (G(ci,zi)))’ 99 - eg — nVV'(QQ)
7 3: CGAN ivE[E

MZRE RIS ZRAMTPIEEAT O R B KA AR 55D, a5 AR S A it
WIS H F 5 B LSRR R s A e Rt (1Bt ) EATIIZR. SeqGAN S5HGANIA] PR .
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K 4: SeqGAN Z514 &

AR H e R T RE S AL M F S g A B B S R S il PR e A i i) H AR B 25X 5P
i

J(0) = E[Rr|so, 0] = Z Go (y1]so0) - Qgi (s0,91) (5)

Y1€Y
Hrp Ry 2 TR TR, Q AT AN ERE, Fm THELEPRE s F (HAC &4 %
W) PATATHN o (ABEBCN—DE) IR SeqGAN 1A 88 ROREA i i A AT A (R
Boil. A 6fR. FRECEAE T — 1 MAfeRET, A0 yr B9E.

Qgi (a=yr,s=Yir_1) =Dy (Y1.1) (6)

AR AR A TR, TCIRE R R U TR EIR . XX, Seq-
GAN (S RIS 2R RAEE PR IIATE, IR LRSI IR . IR A AT i E
BRECTARR 45K T4



1 N G
~ 2one1 Do Yii7) , Yiip € MC™? (Y145 N t<T
ng (S=Y1;t1,a:yt)={ N 2n=1 o (Yiip) , Yiip (Y N)

D¢ (let) t=1T (7)

f# ] REINFORCE %% [Williams, 1992] 586 EE 4%, WA 8.

T
VQJ(G) = Z EYl:t—lNGG

t=1

Z VoGo (ye|Yia—1) - Qgi (Yiie—1,9¢) (8)

Yyt €Y

SeqGAN A= it 5 1  a 43 B A 2 p 4% (LSTM) 5B M % (CNN) L.
e SCRP A AR, BT BRI B R A U5 AT TS . AR ) X B A A
R HE 1] 2 19 RS AT S 2R P TR T R 50, (8 iR A2~ HP B RO o 188 05 A e J
JEMH AR 2 A A i) [l 45 B SERF RIS IR ZR A AT M M (E ek B, SR 05 2. SeqGAN 2y
IR A ST 2 W T AR AL BT 55 B T — b AL

4 DG-GAN

DG-GAN'E H T 24 A1 2017 4EAY TAF [Li et al., 2017, % TARRES SIS T FF st
AR, 5 SeqGAN FHALL, it F 3R b2 ) R 58 A BUAR 5 F BIRR A S o o 1 0 i i At A
SRl H R AT S AR AR — Rk 2 P A P51 (sequence-to-sequence,Seq2Seq) PR 5L
B, B RO RUAMETT (MLE) fEh EARsREL, BUS T —@MEcr. H2ih T Ersod
TR, TOVERRA BRI B, A ER . TR A .

DG-GAN i el 2=, 052 ok DX A - L SE b @ L AR ey, K54
WRSRAE R R AT s 2 AR it . OB A it 2R S AT & B SRS ) - DAOR R (it F AR ARL AR
flivH VR B AR R B0= A 1 . DG-GAN (RGN B s, AT —Fh 25 (4 2R X B ) 4%
(Conditional Generative Adversarial Network) . =B RBTEH] IS A5 AR T4 A BUas 10 % H A
Gb, AR AR o P TR EE R AN VCEC, IR A 2 S 2l .

DG-GAN [Py4: il Seq2Seq BALSEHL, FEHbrun i softmax sREGE IR A . H
SR 2R A ISR LI, E—A a2 28t th 4R, 0 lde/n iz 1 T E Ak
£ Qi ({z,y}) MBETHEERAIMER Q- ({z,y}). MMM HRRISH TN, RRM
K B H BRI . AL IR,

J(0) = Eyp(yle) (Q+ ({2, 4})10) (9)

iR VR RIRE AN A T 4747 4. DG-GAN i | REGS (reward for every gen-
eration step) MR ITIEREY . 5 —Fh 0y A SR RIS R YRS E, TS
SeqGAN Bl iXFP & i T RIS FETREIHAE— @ M), 25 o=, EE%— 5,
A PAH AR ECE T AR R ) AT 43, SRR DAY iR, (BRI T8 —Fh i, HERfS
BAK.

TEXHUINZRR AR, AR e ATk B A8 A T S8 . (HR B () B S £
P, XA A AR R AR E , SRS T RS, SCER R R s, XA
ERTE, SEONGILERS. Hit DG-GAN f{fif] Teacher Forcing[Williams and Zipser, 1989]
IRy 3 Bl 2%

HESOF A BT Z R DG-GAN, T RFF2 S —, % H4i5H DG-GAN (Dialogue Generation GAN)




Input sentence c - m m - response sentence x

Chatbot

Input sentence c
Discriminator - Real or fake

response sentence x “reward”

L""‘ 4 D

%‘-{"if—
human _ '
dialogues %j-‘m

K 5: DG-GAN #5ty

5 LeakGAN

TEXPLINGR 2T, FIES A AR A R 2 2 il 45 A e TS 808 Hr . FE K SUARR A U IS
DT, — MR R REE S B TE B LG EMG AE,  JoyAE R G 48 54 A 52 BUAE AT
% o LeakGAN[Guo et al., 2017] FFHGIZFAF D =2E S MEE” S48, KH A s Hiri
FEMUESS o Z R AOSTET, FIRE AR AR E N — B, GlinERmames, im
JE—A “BE” RG, WAAMIEF BRI NTEM IS, PIA] DARE R R B AT 4= E 1 1E B .
LeakGAN &5 NI FTR

1E LeakGAN 1, HIBIE - WA ERIBES A softmax 432 2PN, FRAEREES AR T 24 i
RSB EEZFERR fo, RIS MR (F BRSNS . B R — -G 2 M 4%
SCHL. fe FIDAHIM 4R )21 feature map. A2 S HHZRALGAIAIEL, 4o Manage i8] Worker
B, Manager SEHEICHII PR “MEE” [FE, fELd—EmZi)E, $eftss Worker ik
5E AR AT S

PAELEVNZRA O M 28 15, B8 A A 1 2800 SRS il i R i 4 b2 > S 8. 31
TEWR T oy 2 ah 2 A, FERE— I 2038 7T AR AMS B BI85 10 5 2 RE RN, MEh—Fh s
“RRIE” 5 BRSSP, X A, n DA b S SCAR I AR A

6 MaskGAN

MaskGAN[Fedus et al., 2018] HAHRMGFL o @ 1 kA i 58 LT 58 TR IR 28 B4 55 K 2
SR IR R, A FRR L N RTR I AEE, R AN, A B AT R AT fE
-5 LSRR A A ORI R 4R AT 2R P8 B PP (Seq2Seq) AEAEfH IR KA
SIAGTHAT Teacher Forcing #EATIISE. (HRFE LB, —(HmBIER, BB S B TR R 10
IRSLIATIE N, XN FEIRERRZ S “Exposure Bias”. [N MaskGAN 548 FIFE AL Seq2Seq
g50), FENZRd e P RAURAR I AR, KGR Ead R



C T N
| Discriminator Dy f I
Y !
| Feature |
Current Softmax
|-~ Extractor — = Feature = e . |
Sentence
| (CNN) Classification |
S | F(- 1) Leaked sigmoid(- ;) |
e ___ momatlon _J
R - A i
| Generator Manager Eeature |
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| Mis, b 6,) LE |
I |
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t | . |
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R : Embedding dot Sample I
WithnoBP (O, ) Next Word

Xr+1

& 6: LeakGAN %544 K|

HE M AAE N Rt RE A P IR 0 RE, DIZRAREE (training instability) MIAET [
(mode dropping) , XA FIRELESCAE AT 55 RSN R . AESCA R TP B A AR, T
WAL L JEESE SR A O 2 XTGBT R, BRI T B AT 2 R
Bz, NI, MaskGAN FEFGALIREAS FE 1A 2 5 i A6 B CHI8T o

MaskGAN H) 4 Jiidte -5 K 38390 Seq2Seq AU, AL Al A — ) Zead FRmc A B TR, i
FhAZ JEHITERT . FI S A R A S TR AR AR 0 B A — A B AR R,
AR R P I TR . KX LR AN R L 45 il . A A i S A e TR

| The Generator |

Generator infills missing text

ey ey e S ey e [ B g B e B ey B ey
! i f ! - I A R B f f
O O = O O Oo-E e )

& 7: MaskGAN ZE s g5 4544 &
FIR g — I 2 AR A 10

Dy, (Z¢|Zo.r, m(z)) = P (& = M Zo.r, m(z)) (10)

MaskGAN S5 —Fpill %7, i i Seq2Seq ST BIAFEAE 2R ELAL , RE7H
SES A I S0



7 BR-CSGAN

BR-CSGAN[Yang et al., 2017] A2 SO0 00 25 B2 1 TR 2B BEAT 55 AR s RS 540
TRIEE| BARES, FIBIERE T IOE S TRIE R T IR ) T S S . R
PR —FhEhSR BARREL, o T H i 2 BE SHCERM UL, BRIEASH, BR-CSGAN & ff
HFH) BLEU {EAE Rk > (122 . BR-CSGAN 25k N & 8ii/R .
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& 8: BR-CSGAN £ #4[&]

BR-CSGAN 1, A i fdi il RNNSearch 1 Transformer ##h 7 zUsc8 . HI BS54
CE:2S2

8 DP-GAN

A B SCAS A T SRR AR ) T AR S — 2R A . e A . DP-GAN[Xu et al., 2018]
(Diversity-Promoting Generative Adversarial Network) @i XArEE M. ToE L SCAFITIZ ] -
TSR SCAEAS A B 0 1) 1A R I B SR SCAS . 2 Fi AR O I 28 g I R A A A T 2R
ASEIL, AT/ R RN TR AR T H S I G, (HRZ I A TC R I A 0] TR e . A
[F T2 mif TAE, DP-GAN [0 5ilds th i S AL M B 2 SC 8, (A E SRR, S SURIME
J il . DP-GAN Z5#6 40 7R

FNERE B SRS, B — A B W A R 22 W 2% . it O S R A S A SR AR
R G ATy Bk ARRER R TEI A S VIR . FISIER 2 4 A A5, )
TG 2 AR B N 2l . A F- G B 22 il S AR S R T3

R (ye.k) = —log Dy (ye.klyr.<k) (11)

9 SentiGAN

AR 47 A R SCARTEAEAAAE IR B2 . Sk Z 2 REE . BT R A, O T e Lok e,
JERREFR A SentiGAN[Wang and Wan, 2018] 455 T 2AME sasM— 215188, FZ ML T
R IRSCA A . 52 B TAEARIR, SentiGAN A FH BT 455 1 H A 6 550 JE 5T H A
PRI BERFA s il DAZE S Z R A1) 10 PRGN — D2 03, BAGEE A s vl DASE N
LB A SRR I A SR

R —3A & KR, SentiGAN ] &k ANMERGASFI—H5I8s . 2 0 LAY H AR 2 A4
HAG @ SR SOA, T REICWF s . FIAIEY B AR DX A USCARAT ke IR LS 3
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, 4 ! ’

word-level g ‘ 4 !
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K 9: DP-GAN #5ty[E

A, SentiGAN L5 TIE 10775 .

Penalty based ya  Penalty
objective ;7":\ :
'-.__ \ Y
Ay |
— A G(X]S;6,
P [P OO !
¥ I
. |
. : = (D k real
G ‘ : D ; sentiment
. —> D, types

"4 o e
2~ P, — @@ @O > D)= Fale

»
X~F —> Multi-Class classifi-
(Real sample) D(X;6,) cation objective

& 10: SentiGAN &4 &

SentiGAN A= jli g B TET W R BT 2808 . HY5 GAN[Goodfellow et al., 2014] Al

SeqGAN|[Yu et al., 2017] FJX 1A 128778 .

EXNpg [— lOg (D (X, Qd))] GAN
Ja(X) = Ex~p,[~1og(G(X[S;09)D (X;04))] SeqGAN
Ex.p,[G(X]S;0,)V(X)] SentiGAN

FTES B AR R T RPN . BT, % HARREOT AR X wasserstein FH g
Fofirar, o] DASROEAE B CHBERE, 11 5 SRR R BN BEMCE X — . Hak, S RTA

e 2R



10 RankGAN

RankGANI(Lin et al., 2017] I HHIAIEH) 0 2Ra8xt FAREZHE . FFEBLE B BN U2 A1
B HIELEAE T T A AR B SRS E R B Reference SRR FlATHEF, kIS
A LA AR . S E B R P AL B AR, o et AN T cosine LI, ARG IL
Y —ANERME FIHER S . RankGAN ZEFtNE 1177,

Input sentences Reference U Ranked sentences

O-O-

0303
GenGe;ator \@_O_

O-C

K 11: RankGAN %54 &

RankGAN %0 LR M — DN HEFP A R ACHGES , ASROEE St A A i v, B 2R3
B A il A M R LSS AT

11 ORGAN

ORGAN/[Guimaraes et al., 2017] T SeqGAN[Yu et al., 2017], fi Famfb2F>I 0%, B4
A5 9 FL BRI B84, 9T GAN U1K A, ORGAN A Wasserstein
FEES [Arjovsky et al., 2017] {ERHIHIEF 451 K 4L

Reinforcement
Learning

Penalize
repetitions Objectives

K 12: ORCAN Zi4 [

12 GR&G

M SeqGAN JHif, Zhiaarfess ] 07k, — R E R 1 T 3O R 1 s
] (e LSBT GRAITTIE T LA At 751 21 e S BB BT AR AU AR 1 A R )11
MR IS L I TORE SRR AR, Gl B SRR AR SR AR S ECE B, (B AR R
5% o B BUE BRI E RS, BUEBOREE 1 755 1025 18 5873 A A 51 n] DASR 3



MR R, AR B2 AR 2 il . 2B BORHIT R 265 © 22T UBOoR B 22 1 B FIAE SCAR 2R B4Rt
B, LIRS ENE . ORISR G AR AR AR, RS a2 R B S
LS5 E M R SRR — T

525 3CHk

Martin Arjovsky, Soumith Chintala, and Léon Bottou. Wasserstein gan. arXiv preprint
arXiv:1701.07875, 2017.

William Fedus, lan Goodfellow, and Andrew M Dai. Maskgan: Better text generation via filling in
the _. arXiv preprint arXiv:1801.07736, 2018.

Tan Goodfellow, Jean Pouget-Abadie, Mehdi Mirza, Bing Xu, David Warde-Farley, Sherjil Ozair,
Aaron Courville, and Yoshua Bengio. Generative adversarial nets. In Advances in neural infor-

mation processing systems, pages 2672—-2680, 2014.

Gabriel Lima Guimaraes, Benjamin Sanchez-Lengeling, Carlos Outeiral, Pedro Luis Cunha Farias,
and Aldn Aspuru-Guzik. Objective-reinforced generative adversarial networks (organ) for se-

quence generation models. arXiv preprint arXiv:1705.10843, 2017.

Jiaxian Guo, Sidi Lu, Han Cai, Weinan Zhang, Yong Yu, and Jun Wang. Long text generation via

adversarial training with leaked information. arXiv preprint arXiv:1709.08624, 2017.

Matt J Kusner and José Miguel Herndandez-Lobato. Gans for sequences of discrete elements with
the gumbel-softmax distribution. arXiv preprint arXiv:1611.04051, 2016.

Jiwei Li, Will Monroe, Tianlin Shi, Sébastien Jean, Alan Ritter, and Dan Jurafsky. Adversarial
learning for neural dialogue generation. arXiv preprint arXiv:1701.06547, 2017.

Kevin Lin, Dianqgi Li, Xiaodong He, Zhengyou Zhang, and Ming-Ting Sun. Adversarial ranking for
language generation. In Advances in Neural Information Processing Systems, pages 3155-3165,
2017.

Mehdi Mirza and Simon Osindero. Conditional generative adversarial nets. arXiv preprint
arXiv:1411.1784, 2014.

Ke Wang and Xiaojun Wan. Sentigan: Generating sentimental texts via mixture adversarial net-
works. In IJCAI pages 4446-4452 2018.

Ronald J Williams. Simple statistical gradient-following algorithms for connectionist reinforcement
learning. Machine learning, 8(3-4):229-256, 1992.

Ronald J Williams and David Zipser. A learning algorithm for continually running fully recurrent
neural networks. Neural computation, 1(2):270-280, 1989.

Jingjing Xu, Xuancheng Ren, Junyang Lin, and Xu Sun. Diversity-promoting gan: A cross-entropy
based generative adversarial network for diversified text generation. In Proceedings of the 2018

Conference on Empirical Methods in Natural Language Processing, pages 3940-3949, 2018.

10



Zhen Yang, Wei Chen, Feng Wang, and Bo Xu. Improving neural machine translation with condi-

tional sequence generative adversarial nets. arXiv preprint arXiv:1703.04887, 2017.

Lantao Yu, Weinan Zhang, Jun Wang, and Yong Yu. Seqgan: Sequence generative adversarial nets

with policy gradient. 2017.

11



