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155 L REMEAT UF (0 2R3N, W& A HE 7 AE 55 vh b i 1%
RMELF, AXTIHPHEHT R,y@1 Fl R, @5 iX
2 MR,

HEHE AR IHLRIE- , anse 1 fr
7N AR SCR B AR TR Seq2Seq-atin, B8 i1 T H FR
M 2 S HLHT Y Seq2Seq-atin-tgt AEAIAE 3 2REPE4E

x1 EINMBIEELNENTHRER

Baidu-Tieba PPL R, @1 R,@5 BLEU dist-1
Seq28Seq-attn 44.26 7.63 33.4 11.03 0.3633
Seq2Seq-tgt-attn 43.717 7.67 33.7 11.62 0.3679
Adver-REGS 43.65 7.87 34.6 11.55 0.2343
PG-BLEU 44.11 7.82 34.3 11.52 0.2575
MMI 44.23 7.53 33.8 12.21 0.4561
RL-Cos 44.84 7.46 34.0 12.19 0.4127
MatchGAN w/o Tgt-attn 43.62 7.74 33.9 13.19 0.7766
MatchGAN 42.64 8.33 35.7 13.77 0.8157

StackOverflow PPL R, @1 R,,@5 BLEU dist-1
Seq2Seq-attn 52.54 8.48 37.3 11.21 0.4319
Seq28Seq-tgt-atin 50.97 9.10 39.9 12.57 1.1760
Adver-REGS 49.10 9.04 42.4 11.07 0.6269
PG-BLEU 49.75 9.29 40.8 11.49 0.4392
MMI 53.35 7.73 35.7 11.68 1.5350
RL-Cos 43.62 7.74 33.9 13.19 0.7766
MatchGAN w/o Tgt-atin 48.3 9.91 42.1 13.09 1.6780
MatchGAN 48.03 9.41 42.7 13.42 1.3070

PERSONA-CHAT PPL R,,@1 R,,@5 BLEU dist-1
Seq2Seq-attn 37.28 9.27 33.9 16.41 0.4943
Seq28Seq-tgt-attn 32.55 9.60 34.2 16.99 0.7179
Adver-REGS 33.79 9.51 34.4 16.94 0.5999
PG-BLEU 33.94 9.11 34.4 17.36 0.5561
MMI 35.13 8.42 32.1 17.44 0.6231
RL-Cos 33.40 9.55 34.8 16.16 0.8835
MatchGAN w/o Tgt-atin 32.74 9.96 34.9 17.53 1.0280
MatchGAN 32.58 10.10 35.2 17.62 1.2450
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(15 M HEFR T EARCR B4R, X Ui B AR
TP 0 BE S HE T X5 AR AR AR (SR, AR
M$E T AT LAFEZR 1 7R 1Y MatchGAN F1 Match-
GAN w/o Tgt-attn FERISZEGZE RXF L H A H

XFFASCTHE A X HU VT B M 2%, AR 1 FioR
(0SB 45 R AT LIS B, B BR T 1% R0 VT e 90 265 )
Seq2Seq-tgt-attn FEARIFHEE T MatchGAN #IHU7E 3 28
AR FRZ IR T YA W A rERe TR, BER
TRV B 48 1 Seq2Seq-attn FEEIAHAL T Match-
GAN w/o Tgt-attn 7545 PF I 204 5 LA i AL TR AR 45
R EI IR, XL 4 R UL AT
ST HH 0 3 5K A DU E B X 02 20 7 R ST B T
P v o i AR R L 5 I

X FRERAR AR UL, HH T MMI B3 DT 24
PEVE R HNZ: B bR, HAE dist-1 3505 LRS00,
SR, MMI #ERIZE R, @ 1 Al R,, @ 5 #8645 L AR B —
P, 3K T PR A TS R AN BEAR Jig b DA A 2 4 rp L 31 1
AR, A SCHBERIZE dist-1 $5 bR _EA 55 =0
43, I Ud ] 22 B b BT R X% b sc 5 g
Z (RIS Z R B AR AR 1) 1 SO BE A Bh TR
AR B 2R R fE B R X AR
W2,

AR A MatchGAN HEZR7E 3 2K %50d 4 |
M ZAH8hR T ILT-#0H 2k T B O #25F, JU L
ETEEHAE StackOverflow I+, AT Seq2Seq-attn
B, MatchGAN 78 B 5 4E StackOverflow | X F
Ry, @ 1 8454 12.87% MIAIRTHE &, X T dist-1 #6545
WA S T Rt 200% BRI HE i, X Se T A T TE
JEHTETF, StackOverflow 4 46 1 1 — % 22 ¢ & fifi

F3 AR SCHE S v 1% DG C 199 248 BE A% 11 Oy {27 ) % i
PRI R 22 BT OC AR DT (S 7545 B B A% A= i By
BT, AL TR RL-Cos, HH ANy 3%
R SCRZ I FR A AR AT JRy BRI SOR L — 4
B R B2 R 24 O RO R B, A3
kAR BT RL-Cos, X F Ry@1,
R,,@5 BLEU dist-1 F1 PPL X 2645 F5 , A SCHE 2240
LTI Z AR AT B g O AR T X — 20
TS it A S R SRR R
DETE A 5K 2 26 01 H AR 2 0 HLR R % B 2B
XA BT
3.3.2 AT

EA BT TAE S 8 1 UK S A S8 ok bF
W TS T8 RGN FEI 0, I AR Sk — 25
T N IR 5 R PPAG B g b i i = B,
HARTWS , ABFFE A LAT 3 A5 % 51 42 ) o e 1ok
P NTPFI ;bSO BT (GEBUIE ) ( NERTR L —2
PE(—2) DAz RIE R GRS KA R ER Y
O FE— 25 BL2E (R ) o 3% 3 A7 T AT
DRI Y 4360, AR S 5 20 50k 0 ~ 3 43, A SCBEAL
T T 200 X T FEG], IF 80 T 3 ALAS Ll i B
FENGURXS ARG A ) W 2 AE B IPAL . 7E0F
POt e ST S E N WO R A P NP
ARV, 48 466 130, 4% & 5843 90 A okt
IVAIOICIB=I /S oy e NP B S (] =i i VA 5

T2 R T N TR Sc s g5 ), I LUE 3,
ARSI AR 1 SGE B AR 2 T A
ERARY XU ASCRR R I 2 A B R SO R A
ML BB A 3402 2T FE RIS b 3c 5 H R &2 2 8] i

R2 FBHFESKELHATTFULER

pom Baidu-Tieba StackOverflow PERSONA-CHAT
BB —E}E BxME ER —rE O RAN ETH Bk RAN
Seq2Seq-atin 1.11 1.18 1.11 1.14 1.04 1.10 1.85 1.77 1.81
Seq2Seq-tgt-attn 1.42 1.56 1.30 1.42 1.50 1.20 2.09 2.13 1.97
Adver-REGS 1.26 1.37 1.22 1.32 1.14 1.26 2.01 1.86 1.87
PG-BLEU 1.39 1.33 1.33 1.38 1.24 1.30 1.93 1.77 1.87
MMI 1.22 0.60 0.88 0.88 0.32 0.66 1.20 1.10 1.13
RL-Cos 1.85 1.99 1.84 1.44 1.44 1.38 2.14 2.22 2.15
MatchGAN 2.03 2.07 1.87 1.52 1.90 1.54 2.32 2.47 2.38
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R 3 ZEHHEE Baidu-Tieba 1 PERSONA-CHAT t

BEBE R HEGIRT

RUNTH 'S ANBETF, b2 TR 4k U Z e
S RS

2% 5 FeA e A% F AEHTBR 1O P EE TR,
HoAb )38 2 7T R AT A5

Seq2Seq-attn NN 2 o §

Seq2Seq-tgt-atin X APFEZE W RILAEE W H A1 &
AR

Adver-REGS FRGEAT A T BR B (R AN S —
AN TR E

PG-BLEU (S ISR NG

MMI AUFUFRER T BRBHIW T
AT Al T

RL-Cos A TR FEIRAE
WA MALTE B ST L, B 3w 2 2

MatchGAN BIRAGE  BE T AR RN BN S
i,

Xid Hank Williams -+ I grew up on country
music.

Zx W I like country too! I am kinda tired to-
night from a long day at the shipyard.

Seq2Seq-atin I love it, I love it.

Seq2Seq-tgt-attn I love the country, but I’ m not a fan of

them.
Adver-REGS I’ ve never heard of that. 1’ ve never
heard of that.
PG-BLEU I’m a UNK. I’ m going to see the sunset.
MMI Well what about that band. . lol 72 7 !
RL-Cos I’ m a country boy!
MatchGAN I love to sing. I love the Beatles.

A AITE B A R R P BRI O B 224
BUATTSCIRA S T 4R R s [ 2 A AR b SORE G
PE A SCEE TR 28 BT T — Bt e =X Ay DC e A
R i A R BN SCZ ) 9 38 B OC AR I 1 9 0] 42
A ALY B SURIRE TS o TR 3 AR LIRS
B AR LS R AR T HAWE Y A SO AR
RCHO T T X TR BT A i [ A 0% oA A S — Bk
AN ESCHICHE . A ST Bt L OB B A
JRIBR AR AE 8 A AR A5 A8, AR AR v ABIFSE T4
E— AR HAE A AR B 2% 45 #4920 Transformer !>
g PEH]
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Research on towards coherent dialogue generation via adversarial

matching network and target-side attention

CAI Hengyi* ™ , WANG Chengrui * ™ , SONG Yonghao*, YUAN Xu" ™, ZHANG Cheng ", ZHAO Xiaofang "
(" Institute of Computing Technology, Chinese Academy of Sciences, Beijing 100190)
( ™ University of Chinese Academy of Sciences, Beijing 100049 )
Abstract

The sequence-to-sequence ( seq2seq) approach has received great attention in the field of open-domain dia-
logue generation. However, the standard seq2seq model is prone to generate meaningless and incoherent responses,
making it distinguish clearly from the human-human conversations. This coherence includes both the internal con-
sistency of the long response and the external relevance between the post and its response. This work proposes a no-
vel dialogue generation framework called matching-based generative adversarial network ( MatchGAN) to improve
external relevance. Instead of imitating the ground truth with supervised learning, this model can generate post-rel-
evant responses through the generative-adversarial learning with a seq2seq-based generator and a matching-based
discriminator, allowing the generated human-machine conversation more like a human-human conversation by dis-
criminating whether a response is matching with the post. Furthermore the target-side attention mechanism is intro-
duced to maintain the internal consistency of the generated responses. This new framework is able to generate co-
herent responses with high quality. Experimental results show that the proposed model can achieve substantial im-
provements in both metric-based and human evaluations among various baselines.

Key words; neural dialogue generation, neural tensor layer, adversarial learning, target-side attention mecha-
nism
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