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KAL) R BEEM) . LT IE 4045300 RIRE M AL Tl A8 A B M, AR BAYZ W& 4THERE, Ad 523
stiE £ F XN 6915 8AF i B kXK. AT DailyDialog #4% £ 49 304 RA Y, 5 A KEA AN, ZERE S A
FoAr B —E a9 3. BB R B AP 2 W 443 5 0B R GR B SRR B AT G5 T 49 S AT ARG, TR A T AT
B WA R 3R E e xTEE AL

KR BAYZ %, sfiE AR, ANstiE, sHiEEH

REES S TP391
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Multi-turn Dialogue Generation Model with Dialogue Structure

JIANG Xiao-Tong, WANG Zhong-Qing, L1 Shou-Shan, ZHOU Guo-Dong

(School of Computer Science and Technology, Soochow University, Suzhou 215006, China)

Abstract: Recent research on multi-turn dialogue generation has focused on RNN or Transformer-based encoder-decoder architecture.
However, most of these models ignore the influence of dialogue structure on dialogue generation. To solve this problem, this study
proposes to use graph neural network structure to model the dialogue structure information, thus effectively describing the complex logic
within a dialogue. Text-based similarity relation structure, turn-switching-based relation structure, and speaker-based relation structure are
proposed for dialogue generation, and graph neural network is employed to realize information transmission and iteration in dialogue
context. Extensive experiments on the DailyDialog dataset show that the proposed model consistently outperforms other baseline models
in many indexes, which indicates that the proposed model with graph neura network can effectively describe various correlation
structures in dialogue, thus contributing to the high-quality dialogue response generation.

Key words: graph neural network; dial ogue generation; human-machine dialogue; dialogue structure

XPTE AR L HARTE S A B R BME 55 2 —, &4 DAV Z MR HTEEAN T NI HF ARG h, W fg
P PR R T L /N, TR 0 v e IR A B2 B B Siri . Cortana BA K 1 6 1RO BEL & AR /) Dk A5
DRI, X3 2 s (AR S S R A I PR — A BT T

LAk, VF 20l RGN S FUR A 1 AR U, A5 A4 il OB T, 38k A% e ORI 5T 7 v A2 Aok T 6
T JZ VRV IR0 PR 4o 22 0 2 (RNIN PR 15 51 280 P 90 65 A0 g 80280 A kg T2, SR 117 52 B RININE 1 Bf J88 S8k o B, 0t 28

« HEGIUH K HRF 5542 (61806137, 61702149)
W R ) 2020-11-12; 15 M [i): 2021-01-10, 2021-02-28; %1 i i) : 2021-03-23; jos 7E £k H il i) i) : 2021-04-20
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IR X LAAE 20 15 D7 5 AR (A I DG B N 2%, R T AR R RN A R S e R I R — R R A TR
YR AN ) B, VF 2 WSO ISR EHEAT T ok, i NS 2 T Bl A e A2 R gL s A HE Bk R SR
Oy ARISOIE AT Lk R B T R P s B i O N A, WAE IR IR I N E B LT
A il Transformer AR 2 31 15 81 Hh 1 15 95 RNIN 45 118125

(A NSEBRRR Fk T, I Ed J7 32 A2 B Rt 135 8] 524754 BY 2 Bl M A7 A 2 — S B, ol DL ORI A ]

W ZREMERRSTE. — 3B R S B AT AR o A e AR L 0 e i~ e 51 2 R B 45 4, AN B 200 ) 1
SCAS A ) P B A A, A DAFE AR S R AR IR G AR TR U 1 P 0 6 A4 1 D 6 T SO S I AE AR S, TR
A A BRI B, A T A RCR RS N B &5 8, ATl T BUR 3 Fon i Py i I S BE &5 44

o LT SUARMMIE M CEREE . G AEXE LR, B UiiE NIESL U 10— F G, X Fhgh e L
PG SCA R R — TR R VE N SEAR U . AR IR P I 2R PE S5 1, BRI T X616 7 5 SCR & 2 1)
24 G R, U 1 iid& b, ar 4 NS AAE 2 A E S HILETE, 10¢book” “law” 4,
I T AT H L) S B AT D B RS A U B 1 AR IR AT I, IR R I R N A Sk
A EEAR DG, Nl Dy S SCAR AR # TR A i HARE AR AR B, BATTA D6 AL A 3 T SCAAE AL BE (¥ DG Bk
2 SR B e A AR

o LT UREELIRIG IR EE M. X PP M LA TR A N A TG . DI S P E A RN
LR VE A, TRRC R IR UG N B R, TR R TS MR A R AR A 2 TR Y, L e 5
2R R e U I 2O AR TR (0 AN AT R B et R b, RS B et BT 1 56 4R
PR T LR S50, 35 L Ah R AL 4 A o UG 48 2 00 TSR U7 s IR i i) 25, 56 2 4G A S 4 A i 1
RIS T PG B M. B3l J5 AN E e 10 T ABAR A M, (043 1200 45 1) RE 8% A RicHb 4l By 01
.

o LT UL AWM GG . WU AMERIENEARTTE, 7K AR —UE N iEie 2 i@ i
KER. FEE Lnpd, siiE AN A —HAERESRINBEEE R, AE—ANREMAE; milifA B —H
FEFRAE UG N A BT H SR P EE(E E, A AWM A, SR AR S 0 R EBAE, [F5 1]
S F A R 0T U XS R PRk, 28T UETE A0 SQ IR g R T LUK D01 N 19 BRI RN B[R] R
A ()25 P

A zwarinpuss |

ik A4 | Can [ help you, sir? (0 18T LI W 112 |;> i

Yes, 1’ dlike a book about law, | oo
(FRRTE AR LA 158

______________ Would you tell me the name of the book
Pl AAL | and the author? -
JBRERLE T 54 D) #
Uh, the Origin of Law. And it" s writtenby | > fﬁ'ﬁ
Professor Felix of Harvard. iR AL
¢ GTLIALYED | A1 AL R T JE 7 e Mz )

1’ m sorry, it” s out of stock now.

(AR, 4 TR B IR

K1 280 A o ] 6]

ASCHE R B3R 3 FhORIR S5 Ky AT X T A, 1T — b 2 i 4 2 TR ST O AR (R i 465 4, mT AR A
TR NL K RAL R 2% (K G TR G5 K. AH B~ (K e AL IR R 75 5K, P A T DU 1 ARt 3o B3 £ 0 30 B
Gk, DA S Ut BR AR O AT ISR DRI, BATTE A T Pl A 2 1 206 0 A% P9 R S A AT A, AR T XS
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UG A AR B PR B ROR . BERL A R A S B 10D, g, (TR LSTM g ht &% 23 0K 0l 45 g s v i 4
AR AR AE AT A, TR R U L SO, B 200, RERE AL RB K SGIBR R AR, AR IR A T P e s A 2% K
XU AL AN ] BRI G5 A AT A S, B, Ko xb i s 5 o I ik, R BN — A0kl P e — T
FRER AT IS — 10 %8, AR LA AR AR, BRI AR S5, BRI T AR gt ia 75k, @sr Ty
SFRARE, R CAMUBERRE . W RE . WA KRRE. a, EERURE =0 B 45t
TR AT B, PHEER R RIS A . 25, a8 AR R AT B RS TR ), JF B 2R LA e
P RSP R [0 52 P9 %

Zi b, ARSCPEM T — AT 1R G 0 2 RS 1 A R R R T Bl G i [P I 4% 2 R R
Fy . FRATAETT B0 i £ DailyDialog F#EAT T 2 R A S8, JF HAy Hofh AR e aURE Y ) S 06 25 JRAaSkAT T HE
B TR, AR S PR 1 T i S LA T o S VRN A R, AR 2 A bR LRE I T LA
FLE AR,

1 HxIE

Xof 1% AR AT 45 28 T AR 2 75 2% L8 s X1 A S 43 R R UG AR AT 55 RN 2 68 0 1 AR AT 45 AR
K, T A AT S5 I B RUE A ARG T T AE 45 e ) Ok 22 BN AT 5%, 3R TR Dk 22 X il B U IO ST 43T PR
IE, FFERRER. B EIS NS E I MRk, IFH, BE2 WA 2 BRI R IR 2 50000 1 g
UL N 3 L N IE 7 15 A
KT 2R VE AR AR 25 (AT 5 0] LA R ELS) A A8 e U ARG U R 7y Ao
o RIS BT SORTC BRSSPI 19156 4 3 14 2 15 7 S0 A7 A P rp R B B AH OC 19 BT -
X, IR AT AR PR AR TR R AR R A, (AR 2R B S W I A i R /N R BR A, T B A DA
PR I I A A,

o AR R TE A2 18 T S A, W LR R R 18 7 5 AR AR I A, AR P 2RI AT AR
Al P AT A AR

22 ot 1 f) 7 S 7R 3 3 B35 ) 5 40 B R B R O Vinyals 25 AR Y T L B 21 8
TR SR HEAT 22 56 0 A AT 45, 46 6 35 26 AT 45 248 g B 14T 45 Serban 25 N\ H 4l 2 Uk 91 31 5 A1 7Y
(hierarchical recurrent encoder decoder, HRED), £ i%if4mfith.2 1380 T % 1 F LI 4if. Serban %5 A Mg 2
FIH 2 REES RIS M 2%, K HRED JRAT 1Y b R SCYmfd S5 MU N A5 i 25, B0 4t Al 2 4 A X8 [
SPRHELRE B AL, (H R HRED FH SGRE 7Y 52 BT PR 0 45 190 45 (1066 J58 5 0k 1) 780, B (650 v 2 ol ) 1) AN 401
T H R S To R XK 2 A m A

N T R PIX AN A B, Serban 25 N IBIGE 425 2y 1 G i 2 O ) JBAR, Ke LA 3T 0 A Ok G B A0 A (9B AR B S TN
F| HRED [{ it %, & 7 %48 1 2 W7 51 31 )7 51 45 74 (1atent variable hierarchical recurrent encoder-decoder,
VHRED), MIfi#sm T H8 b & SUZ M REPLE 3, B T AR N, mEmbEE. s, GF2ET
VHRED 8 ) e 7, Zhao 25 A DBVt 36 435 2 jl rh A — 368 22 WS il 70, 42 H TR FH 4 R AR 43 1 4 2 oK 7
BB AR E R A, Chen %5 N3E— 20 2% e 7 [l 2 Py 2 5 g S oA 2 0 328 B 38 A i 7, 42 1 77 2 8 i
2. 4 155 7 (hierarchical variational memory network, HVMN), JLIEA S 2 #9012 M 4% (memory network) 5|
AET VHRED 1, 042 8 70 55 i A B RSBSOS AZ M 56 1R SC 2. Shen 28 NDOU 3645 18 L5
FRAE AL (CSRR) MG (1 52 Br dg s A, SR 77568 5 7 52 v |80 30 0] 350 3 (quiery) 55 [nl 55 0t i SR S35 AH DG 1. O ks,
CSRR HR4 7 VHRED #i%84 fhy L fill b AN T 2 A9 A2 &, J1 BL 23 0 4l £ 360 1) <[] 52 0 g 1) [m] 52 06)
(query-response) [ A 7E38 4. LA L f¥ VHRED B H LA i 307 45 A5 6 v A28 B0 A, Zeng 25 NPHA K 0P RR 19
o3 A AR T A 3 A, ABTCVE RO R IR AR w0 B 2k, SR M T ROE A R BKOR T O A SRR AL
{10 e 0T o0 A B . AU, Gu A A TOM T 4% Ak BUSBE T E (9 Gt R A, R R TR 1) 22 A 1A T A [ R A e
DialogWAE.
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T TED 9T 3 0045 75 3= B2 DUAIE B 40 22 199 2% (recurrent neural network, RNN) g S g i E, Xing 28 A1 St 2%
FIHURIFIN TR, A1, R U] LS 2 B e f8 2 ) e i& v . 2 ) 8] 54 1 1
FEE, TR T A B S HLEIPO M R AR R 4% HRAN. Transformer #5571 PU G L, 05 T A
VE R A 2 70 R R e 20 1 122, Zhang 25 NIRRT 45 )y Transformer 45 14 1) ReCoSa i/, %
TR Transformer 4544 R iR Rzt B B85 A AR E, 9 FLAT LA S8 2 M 035 8 6 305 g e o (K 2 8285 7. Bao 25 N 230iE
4i 7 BertPUSTYI LA ) AR, UGS [R] 52 A ORI % 3h 45 IR0 FRUINZRAT &, BEvt T %04 A e i i1
SRR PLATO, K57 45 2 Fioet il 28 10 4 AT 45, [N, Pkt it 725 T GPT-2 [f) DialoGPT™, f§ifi] 48 )2
Transformer A Hfi 42 SCAE A Hh 1RO E.

JEURNE )7 3 2 3 BRI B i 7 — s FR P T A 00 220 X6 1 2 R 45 44, LA Transformer Sy 45 44 (1 155 704 T
U bk 5 S5 R EAT T2 A R A, AR S 41 1 7 SR ARS R Transformer (A 47 5 i, 475 8K 55 0k %1
HASCHTEE K 3 FhOCIREE k. T Z0 i 22 AN RS 2 TR [ B 2 R IEOC R, AN SCH% DI G Fof 06F 1 A AN 7]
(ISR, A5 3 AR (R R Rl N T R 2% )22, T2 T 66 T 0 335 465 40 1) 22 6 0 3 2 F A 1

2 ETHALHMEEMEMENS RIHEERRE

TR0 e={ Ug, Uz, oo Uneg,Unt, AT, U ARFRET T AN 1A, ABEZY (94T 552 ARIE OV A B HT n—1 4805155 1 3 A5
B LRSS DR AR B AR A, kA BRI AR n ANEE, IR SR N XS RS

W 2 i, A CLZ SN ()7 5038 7 ZIRR g SEREAE S, BRI ] LUK B A 34 X £ 4
AN LSTM Fifih#% . B M4 ZE. i LSTM fitfidas. o5 15, BaMERAEN — Mo, £ LSTM
Y 2% A2 8 n=1 AR S R i Xi(i=1,2,...,n=1), (S AT 75 B EAS G 1E [ 50 1) R S ) C=Average(Xy, Xa,...,
Xn-2.Xn-1); 3 2285, B nArpinliE & n-1 468 n AN SUREIE, $ IR SRV 3 R OGRS M A sz
) (YRR AIE, X ST R AR RO R SRS R A T 1, 2 JE AT B A RURD A T A, B AT A B e A ) n AN
FIBCIR A Hi(1=1,2,...,n), A G D) S BOR S AT R 7R b C'=Average(Hy,Ha,...,Hn o, Hn1); 28 3 25, MY, ffH
— AN LSTM 1B R R0 3%, 45086 UG I S8 (1 b )3 S i C SRkl O AL Mg, T, @id g W
REE, BAR BB AE R0 R 5

R ——

-
R | | e
1 1
can Lo LsTM L —5—-@00®!: | | |
H 1 | _ I'm sorry...
LSTM—> LSTM 1>
1 LSTM LST]}/I | (000®)] t i LSTTM f
1 [l
T Se— ! ‘
help— LSTM LSTM 1 (0000):! Sofa
|
1
" you LSTM LSTM I @ : Attention
AN I J
)
R AL
: E
1 . N - L]
Dol seamnoes s
: 3
: :
| WAL R :
L]
g 3
L]
o LT A K R ;
1 L]
g L]

2 BRUREKE
2.1 WE % HALSTM 45 2R
K45 1012 M 4% (long short term memory networks, LSTM)/2& 75 7§ 35 f# £ /4 4% (recurrent neural networks,
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RNN) LAt n DL St i R 48 AR 5 7 A 384% 55 RNIN i DS v f10 1K BB 88 4 0 1) 1) B, LSTM A4 B 23 &
HAwWAZ 5t (memory cell)Fl 3 AN 14 HI T, BT (input gate). izt ] (forget gate). fi Hi T (output gate).
Horp gz pon iR fZ KD AR, BT ATt e iz o I s B A, BT AT AT
IF 21 () Y 48 N 22 D ORAE B2 S Te S T S 08 MRt e 2 RS R 2 D N SR . i
2T AR IR AZ, 2w H P 0 R DA I R A

ARSCAEFH TR R 25N LSTM SRAE R St 8. AN T 5 ) g 3%, 1) 4w fidh 2% o] LA AN 77 1)
ST A HEAT ZI i, ) LAk T £ (1038 XS L. Transformer 4ifid S8 76 BiE &5k AKEEK TR, i
g ST X LSTM 4R T2, {H A Sz 3648 T 1) DailyDial og B35 4 HAT Hoa J0RE A /N | 84 1K 8 550 4 1R o
PR X ) L STM G Ay 28 1w DA A 52 56 4 Y 1) SC A BB AT AT R0 i, FRAE AR S 30 Fp A T S I AR (U
J& X 2).

Y58 — AR TE M B 15 B e={up Uz, Un o, Un o}, FEAFREEIRE 2 A T A, B u={Xg,Xa, oo
Xn2.%n-1}. 2B NG AR BEANE TE AR — AN LN, AT 28 AR MR B ) . F ARSI D7 TR, S
T B HR AN R R 8 5 T 3 o e O S T w, B U= w Wa, . Woo Wooa} s SRS, LSTM R 253014
BUSERIN, 4 B EE T 2 160 PR 51 8 1) T 5 BOAR 25 { Ry, gy, Ry, Ry o} R D BBOIR S { Py, Py
h o 0} BRI R I 2 B ROIR A& R AR BEATBEEE, T3 2155 1040 1 & X, B X, =[R, h, ]
S XU g S 0 D ) S AT R R R C=Average(Xy, Xo,e - Xn_2:Xn-1)-

22 EHENEERE

LR 2 M 2% (convolution neural networks, CNN)TE F 4R 15 5 AEE . IR ALHT 45 2 AN R B T 075 (1) 4
BOSOR. AL SR (WA B 42 0 2% 455 200 SIZ B0 7R H0He 255 44 P R AN AR ME IR T £ F 2 AT RRAE 4R H, PR AH 5 R H H g
Jey B R D (1 R G 223 T b (ELE S o (8 2 0 o DS R 00 1) A 7 ) &5 ) SR B, Bt 47 &5 4 5030
FEAT A 4% G5 4 LA e S5 178 B 4 i 5

Bruna %5 A\ 281 Yt TR B 20 I 5 B R Ak A AR RRG AS AN IR 5 0. 2 R MG IF R AU B T %
FRR 22 I 2% 11 DX 4% o 350 8 B2 R G UG 2 R 2 A% 0 JE AR, T RS I (0 P 5 4 e B RS Ak ST
TORARIAS (MR AE . ¥ 22 SR 2 A0 T U0 LS ok 2 I RORA A B, e IR I, Kipf A1 Welling™?— ]
$ T R R 48 4528 (graph convolution networks, GCN), {i Bly P& Ry 3K o7 17 4 [ 1K) AR EARL R AIE ) 8 3K o
XTS5

SFF—AZRXE, L1 AT SRR R AT n-1 AN 64, LU AS 00 o RS SR X 48 A 58 1 AN T vertex;
RRRAE, LAY 8 L (R0 0 a7 AR R PSR R n R | 5 T i 2 () AR 1R 15 6 edge(i ), ARG T X5 1)
Kl 4t G=(vertex,edge). W& 3 From(Fr, A BAEARIMUEIE N, SCAMHLE G R E-1 4 TEALE], SCAFE AL
JE R R -2 IR A A & R 1 2 M AR SZAHLEE), S B2 A ok (09 3 PPt i RIR &4, ASCde T 3
BRI R K 1.

o SUARHHLEE 5% & K (text-based similarity relation graph)

SCARAHABLSE 5G 2R B 47 Bt 2000 35T~ SCAAHABLE 1F QIR 540, B4 BTG 6 R AR (1 I TR , R 05 %€ T s IR
AHIE. DABE L B oR (R0 G 9 28 0 490, 55336 77 50 H (9 4 )l e e 5 o T P IR 4 AN TS, B —R) 6 I T 5 R —4)
TR T SAHE, B ACE S A A % PR AEBOA R E N 1, BIEAUE,; 51— Mo PSS vE )
A AALEE . BR a — AR c={uy,Up,... Un g, Un}, BT LUK B4

edge(ui,u,-)={g i jeltn-g ) -1-1 .
edge(ui,uj):{gos(uivuj)‘ ;;,ele[l.n—l] andj-1=1 o

© TEBREEEEIEDT  htp/ www. jos. org. cn



4244 BRATF IR 2022 5% 33 A% 114

o IHFEHE 5L F P (turn switching based relation graph)

T B 4 0K R ] 67 B 220 T AR R e 1 ORI G R, BITRE G A e i AR R 4 S 1 AN TR TR . X

2% 18 TV TE TR o R ) — e A, i) . VSR SRR AE, AT A B AR A A RE o A T

SCHIAS . BABE 1T (RO i3% P9 25 90, 0 g s rh i 4 A i o B R iR 4 AN T AL, BT R TE R R T A

IR AR R, T, 9 LR M T 5 58 2 AR TV () W] S S &R R P AU R B T 5 2 Ml e e

Bk B, T, R AR TS 2 M T E 0GR B — AU TR e={ Uy, Up,.e Unog Un}, BT BUREIL T A
edge(ui,uj):{l ifi,je[Ln—1 andj-1=1andi isodd

0, dse &

o ULiF A& R ¥l (speaker-based relation graph)

i1 N IR 2R B B T 6 N R SRk Ay, RIVEE I e ok A T — Ui 1 AT 8 Tt Xl B 25 18 17 1t
NG SR Rrih i AN R R NS B i A€ X=0 b R N A PN R =R Y TS N TR SRR TN b i
Sl R ST A . DAL L s (R0 1% 9 A 48, R D s ep i 4 )R SO I i 4 AN TR, b, 5
ARG AIEE 3 A)TER G N A, 58 2 A5 A 4 Ak B U015 AN B, T2, S 1 A)iE 15 3 A1 (1 T A AH
.20 H A A UG T AAHEE. BIZE E XS c={ugUp,... Un.1, Un}, TLEEHE R4 BT R

ajge(ui‘uj)z{

1 ifi,je[Ln-Tandj-1=2

0, dse @

(0) iFs A R (d) Wik A KR E
K 3 4 EAAMKERESEN
ABERAE ] T Kipf A1 Welling 5 H 9 1845 R 52727, 36k LU AS ) £ 1 6 ke k4T o 2 R AR B4 . BB,
B R AR AT R R gl BRI TR M s, 25, Bk B 45T 37t A0 B AR SR IO B i B
ERIE, BARA KXW

V=GCN(vertex,edge) (%)
E'v,

H=—"t 6

- 2B ©

Hrb, Y E MRESLE GRS RUES, v ARSI EIERUS 5 | AN TR IR, Hy b e 5 (7 sl
WAFRE i, B 5§ 40 R NIRRT R e BEARRE, X Ok B 1 4% 0 T 2R 0o 1R A R A S %S L Y o )
i, O, T SRR n AT N N AL 1) R P AR, AT DA B 5 TR R 0 BOIR AT R
C’'=Average(Hq,Ho,...,H2,Hn1).
23 BEFENNHIBEELSTM RS
TEFPHI B 7 FURE R oy, AR 4 2 22 0 Sk vh ) SCIm) S B 4o H AR B =, BB ARG 5. 10 is [nl i 2R
BB SR AR A X BT SCHh i A BN B AR, DR AT A BEAE AR AL A R M TE R L] AR A 1k H
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TEEER NI ) LSTM RS de R BB AT ARG, 72 t IS RPN, & e vk S0 1l Bk A& T8 LR O b —
I BBCIR S soq IOVE R BRI ay, SRS PHRZACE & a g 5 B D RUBIRES sq, IS 210X — I [1)
A IEGECRE s & AT LI BILE D={ Uy, Uz, .., Un-o} IR DT S F, I TRD AO TG RE A (. B S F:

a,_,=Attention(s_1,C’,C’) (@)
s=Concatenate(s_1;a:_1) 8
PYVilYLY2:-- Yi-1,D)=s0ftmax(yr-1,5,C") 9)

2.4 #EB)| 25 mH

25 E R I 5 ¢i={ug, Uy, U g, Un}, A5 SCPTEEAL BRI AT 2502, 78 CA X 36 77 52 D={uy,Up,...,Un_1} HI 2R _F 95
oo Ferf, FEES B, BB HE XS 7 s D AURT t=1 5 I R Yo, Viead SR TN U (5 € AN B . AR
A H T Adam AL 2RI ZRAR Y, I 2 H Ag ot dp /NGRS SO 2% BR BOR 24 TR S 5000, 103 2% bR 0w LN

Ty
L(B) == 10gP(Y; | 1, Y21 Y1, D; 6) (10)
t=1

MR RE o, AR AE ] T AR AR RAEAT TN, B W) 25 R 2 A AR B A, D R I U R B K n
ANAREAT RS, AT E 25 ORAIE O 3 1] 52 A4 Jle ) 22 A 1

3 RRRESERAA

31 HIEHE

DailyDial ogi?® & UK 15 B8 2 > 104 b 1) RO =X, 22 56 0038 a4, A% B0 4 v 10 0] 4 2 A D835 2 ) 2 [ 4%
AR R R L R T S RN T AR A AT 4% ()0 TE B 4R, DailyDialog 0 42 HL A TE VR MR
Uf AR A S 5 A ORI AR AR I B 4k iRl AR A A, T DailyDialog BUINAT A H AR TE TR A
O AT R AE 28 (A, ASS286 4% T DailyDialog ¥ 42547 52 % . DailyDialog ¥# 4 547 13 118 414 1%,
BABTE T34 7.9 %, BAXE T EE 114.7 N5, BAMEIETYEH 14.6 M. BADG R G LS 1
WERLEEAT IRk, R TR RN T T 8 AdE, JF HELSR IR 56 8 i h i Bin B0 4. e e
21| 200 £ IR EHE A1 5 296 4 N ZrEidn (L3R 1), T ] A& X A S 56 51 B A 1735 43 DaillyDial og £ S5 H 47 1 42
VM.

% 1 DailyDialog )i #di gt it
HH R RANIEOT R A mia i Tk

e 5296 8 157.3 19.66
WA 200 8 154.5 19.31

32 EMNERESHRE
AR T 2R vrlidedR, b @IS PR B 2P 8 FR (BLEU,ROUGE) & A TP I4EFR. LLF &% X
STk R o 119 ) 2 0.
o BLEU™: BLEU & 54 B T WL A B R4, JE R AB B2 T VP A 25 AT 45 1 SCAS i . BLEU 9F
i AR 2 1) 1) F 5 S bR U 2 ) IR 25 5, BB A 0.0-100.0, BLEU fH kR, Ut W 5 A1) 1 A4
T
o ROUGEPY: ROUGE /& PP [ 3h 31 LA K WL B I 10— L3R b, s I 58 15 2% ) R AT LR
TR, S AR o, DA AR . AR SEEG A ROUGE-1 [f) F-score 1F 410 5% ) ROUGE 1.
HU{E Y5 24 0.0-100.0, ROUGE {H 8k =y, 1t W P A0 -7 AHARURE J&8 ok s
o Human: A% T Zhang 25 NBUI A TAE BN N TAES R 3 AR B2 4% FAk L 3ET,
BN AS BB (A e 8 SR BEAT VF 40, Iee 3t 3 AP S5 I3, MU e 1 4 Sva B oA
0-3: O /- ARER A L I A58 AN 0T 3, 1 AR 3R AR P AN IE B sl AN AH O, 2 43R 3R A B P9 256358 3 IE i HL.
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G, 3 43R 3 A By 2% 58 4 IE A FLAT K.
A SEI (RS BN VCE R N2 1% L 45 0 128, LSTM 1 B2 2 4k 5 O 128, BENLJSIE EL# ol 0.2,
Mt as  Adam Pfb #3132, 2231 %5 0.001, Hkk K/ A 16, )7 i KK G 20, RSN 25.
33 EHEREINE
T PPASBER A L, AR SCIEE T 5 R EAERE R g X LE, 3t Seq2Seq, Seq2Seq multi, Dir-VHRED!®,
ReCoSa®, HRGI®. DU & o 1 4 e e 4 754 6 i 5 A0 4.
o Seq2Seq: fHHIHLZE LSTM B —%F — P42 P HIAERL, K %of 15 g 50 o 10— 45 1 TE B A & s —
ANERLN, AR SR A A P G AR R A, DR i it P AR Sk ki el A
o Seq2Seq_multi: IR LSTM (K122 5%F— 3 51 B3 HUAE AL, 4 6f 135 [ s v f) 45— 4 T 15 AR 1 Ay Bl
(rdan N, AL 000 IR [ AF A FH A8 R i 2R v, DARRL IS 1A 4 HE P 21 S et i [l 52
e Dir-VHRED(2019): Dir-VHRED J& 3 T-45 43 [ 4 0 2 A1 JZ U 51 51 51 46 by () — Bl i, 545 45y
AR S, e R T KR 5 o 40 AT VR v AR 1 SR 50 o Al AR AL HAR SR 5B 1 D, £
RS, SRS SCAR BT IR T R A I g i, TR PR TE gD AT T S0 aniY; B 2 00, TR U
T v BB SR R 13 31— Se 3k R v B B AL AR B, BEALAR ST LN SO DR T e 28 G A 1 o 5 3
A, AT RAD, A R R AL
e ReC0Sa(2019): ReCoSa j&:#& T Transformer &5 M AL, 7EEARIRAR B, X4 7 sk v i) B — A% 38 #8
O3 G Tk A 22 Skt 7 0 R U5 000 405 A ) G R B B, PR A B 2 AN ROR BT I R U E AR
FUKHE 7 s R IE, 2 S5 x5 I s R N AR A A AT AR, 5 A5 B AR R i [ A
e HRG(2019): HRG & JE T 4514253 I 4 fith 25 1 2 UK A OB ARY e A P ¢ 0 T e A AR SR il 42 0 0k 5 %l
B BB Z I E IR R, AEH T Rk 5 BERORAT ot 45 & 155 W 2%, I 58 L Fili 42
D EENSY
34 LWERSHH
(1) 5EMERLG LR
R 25 T AR 5 TR IEHEA AL A SV AR 4 R

3 2 DailyDialog Zidi 4 1 A 3h VI 48 ¥R 45

B BLEU ROUGE
Seq2Seq 13.52 12.74
Seq2Seq_multi 16.71 16.61
Dir-VHRED 10.71 11.23
ReCoSa 17.29 18.37
HRG 18.30 18.09
Ours (Transformer Encoder) 16.58 16.73
ours 20.01 20.06

R 3PN T ABI L A RS I N TP TR AR 46 2R, AR ML T R BRI 90 LE ], Score Jy 73 41
L5 LB A2 A,

#* 3 DailyDialog 44 LN TVF T 45 &5 4

.- 55
- 0 (%) 1 (%) 2 (%) 3 (%) Score
Seq2Seq 8 63 20 9 1.30
Seq2Seq_multi 5 62 23 10 1.38
Dir-VHRED 11 73 13 3 1.08
ReCoSa 2 57 26 15 1.54
HRG 2 64 24 10 1.42
ours 1 46 35 18 1.70

ATLLA Y, AEAEA] BLEU, ROUGE AN THabr (Ml o v, A RUAE DailyDialog £fli 5 BT 140 T304t
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JRA AR AR, I W AR SCHE IR S T 2 Fon) i 5 4 (0 0 2R RO AR AT AL AE R MERR S, 2N
Seq2Seq_multi EAL T 4 N ) Seq2Seq, X R FE T LSTM 4584 (1) Seq2Seq 7778616 B 11 2 (10 1) AL, b A\
THOUT, M BBATE B A R, SRR S AR MR 5 B, s d i i 2, M DLRIA KB
BRI OC R, TR Z AN 77, BEFRAR T AR TS, fe08 15 250 2% K BE 29 0t
). PR, AT BARSEEL A T 2 5N LSTM Zifid 5. Dir-VHRED LA VHRED #5224 4 S hili, {2
BORAE I A AL PR AR, ReCoSa A 2 F T Transformer #6784, 24 33 B F 4L T Dir-VHRED Ml Seq2Seq. HRG
7E CVAE AR EXEAT B0k, JE45A T SCA DU B (5 B = BT @, R ReCoSa A HEF.

ME 2. R 3R LLEH, A FE LB T Dir-VHRED, ReCoSa fl HRG HJ#R I, 1% i WA Xt %t
I 2B R 55, AT L Ao 0 X 8% 5 ) SR 220 T X6 5 S BB 285 A0 1) 7 v e 1 I

(2) AT FE M R 25 L%

FESEIG T, ARSCW T 2B G ik, 02 Mok R LA & AT TR VPN, S2EG 45 Rn] W3R
4, o, basic AR BATATIL 45/ I, ts1 AR TEALII SCAAHAL G & I8, ts2 AR BUR SCA AL & K.

RA AT P G R R AR R AR S

[ BLEU ROUGE
Seq2Seq_multi 16.71 16.61
+ basic 17.12 17.68
+ text-based similarity-1 (ts1) 18.76 18.53
+ test-based similarity-2 (ts2) 19.28 19.75
+ turn switching (turn) 18.92 17.55
+ speaker-based (speaker) 18.84 18.52
+ tsl+turn 20.01 20.06
+ tsl+speaker 19.49 18.65
+ tsl+ts2 19.12 18.85
+ turn+speaker 19.56 18.68
+ ts2+turn 18.92 18.59
+ ts2+speaker 19.13 18.65

CIEYSCE LU fite
o i, Xt Seq2Seq multi A1 basic K45 SR Al A, AL 20 9 48 A BEOGE A JAT 55 2 AT R
o B, RIS 52 I AR B, R, DA AL B T SO AR ALLEE (1 SR R 4 4 B 4
o B RBESHAATEINE, SIEUR AT LA P IR T, U, OB SO U 5% & B 45
IR O AR P K R A B OR S
ol B o P 5 R B . PRI A R AT e AR, KU AR SO XU 5 ) 1) 22 A g i AT R R, S
P 4 () B0 R A 5 it P S 0yt 2 0 2 R SCASARMLLE 9% A% PR 30 A\ G 2R B A O B B R A3 T —
FiREE ORI ZR R, MG fE Fe s ok AR IR LR RN Ze K. A2 JLAP R & IR, TERU SCAS HE AL 2 &
Pl 285 U e e 4 ok AR PRI ) S PR TUAS T B B R AR . T DR A Bl 28 5 ) I I 3 4R A S A B 0 2R, T
SO 1 A AR FR R U g 52 57 ) S P L300 A SR A, TR B T SCASARHBL B 1) S IR & g PR A PP ELHZ,
FER A I A 0T B 5 i 2 B
(3 i3 Hr
ASCIEF LA PRIV AT ) ReCoSa 1 g Xt AR A, Xt I 4 v (g AN SEGIEAT 20
o FEZRBI 1, ReCoSa A g R &5 5% i g 50 BO R L T AR R WOR 42 4 T K 2k &
IRAUE R, BIE T2 R R R AR LT S0 1) T8 i Ik
o fE7RBI 27, ReCoSaPifif 1 4T 4K (A5 &, Mt TR a1 8, ER REHIAT XT3 o 19 share” T A D1
I VR ) AR DU B Th BRAR 16515 P 50 B A A R 1 A L
XU WA SCARE 18 P 5 ) R 0 S0 e b 220 10 8 P A 1) SR 2B A A A, AT A — 52 R P L B T ) 8 2 B )
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A I R | ~

Oh! | hate rainy days! (M, 230K F N A)
Yeah ! But you know sometimes the weather forecast is not
SRR correct. Maybe tomorrow is a clear day. Who knows?

77777777777777 R, (AR THUERAS it fE, VPR KINTAHE,)

LZ)’% i | | Yeah , maybe you are right! Ghtl], FRULAF 4

I never did so. What else do there? | v )
(FRAABE IR AL, JEA T A B12)

In the case, I think there is it for nothing.

(BN PRI oA (BT 2% 3

/{ b ~
You mean we’ |l share the taxi?
(PRETR B TRAT) e ) ZE1)

Yeah. If we share the cab, it’ 1l be cheaper.
Besides that your Chinese is better than mine.
R, AFRANTT, i H AR s /K T2 ER R L)

Well. Don” t worry about it, | will be happy to share the taxi

with you. (0, AR I ZEIRAR IT0)

Well. Don’ t worry about it, | will be happy to see you again ReCoSa
before you again. (H10, ¥ERFL 7R vk W)
Well. Don” t worry about it, | will be happy to share the taxi Our '
with you. (A1, AR led I ERABEI ) | T

Bl 4 AR HLE AR ReCoSa 1 A5 e P 284 L] 4]

4 5 iE

=R

ASTCER Tl e T 0T % 5 A PR G A JRE Y, R DL B B e S 5 R O HE S, i e k) 4, AT
RN T R T SCARARBLEE A SR IR S M)« i Ul 48 e 45 R SR IR 45 A AN 1 Ui 1 A R SR IBR A5 4, 1 o 1 S 2R )
TSR (O PR RE 0, T S 2R 2 el v B (OGS 15 [T SCAR . A SCHE DailyDialog #4123 5k 1 #.—
PG R 1 PRI A R BB R 5 AR, AT VAR 2 VRl F bR i ) T LA R 2 B JRATIR ok 1 T
PEJ7 KB A ZREEAE R M SORE X PR, XS — B A RAT o, AN R BRSO — il
BB, AW REAR R AR 5, WL AR SIE . SRR MIT WG, DL, I 2 RS (R R AT
L. 3O EERNE . AR SR YE A 23 22 SURR PP IO T SR R 23, WL A2 191K SCAC T I 8 Gt A4
ANSOHERT AR, BEXER — o, FRATT AT DA Bh A 27 20 B0 3 Bl R RS SCAS A i, AT BT 1 8 S AS 7 e A ¢
L

References:

[1] VinyasO, LeQV. A neura conversational model. arXiv:1506.05869v3, 2015.

[2] Serban I, Sordoni A, Bengio Y, Courville A, Pineau J. Building end-to-end dialogue systems using generative hierarchical neural
network models. In: Proc. of the AAAI Conf. on Artificial Intelligence. 2016. Article No.9883.

[3] Serbanl, Sordoni A, Lowe R, Charlin L, Pineau J, Courville A, Bengio Y. A hierarchical latent variable encoder-decoder model for
generating dialogues. In: Proc. of the AAAI Conf. on Artificial Intelligence. 2017. Article N0.10983.

© TEBREEEEIEDT  htp/ www. jos. org. cn



EBH Fr AT AiE MY % st A AR 4249

[4] ChenH, Ren Z, Tang J, Zhao YE, Yin D. Hierarchical variational memory network for dialogue generation. In: Proc. of the World
Wide Web Conf. 2018. 1653-1662.

[5] Zeng M, Wang Y, Luo Y. Dirichlet latent variable hierarchical recurrent encoder-decoder in dialogue generation. In: Proc. of the
Conf. on Empirical Methods in Natural Language Processing and the 9th Int'l Joint Conf. on Natural Language Processing
(EMNLP-1JCNLP). 2019. 1267-1272.

[6] Gu X, Cho K, HaJW, Kim S. Dialogwae: Multimodal response generation with conditional Wasserstein auto-encoder. In: Proc. of
the 7th Int’l Conf. of Learning Represtations. 2019.

[7] Xing C, Wu Y, Wu W, Huang Y, Zhou M. Hierarchical recurrent attention network for response generation. In: Proc. of the AAAI
Conf. on Artificial Intelligence. 2018. Article N0.11965.

[8] Zhang H, Lan Y, Pang L, Guo J, Cheng X. ReCoSa: Detecting the relevant contexts with self-attention for multi-turn dialogue
generation. In: Proc. of the 57th Annual Meeting of the Association for Computational Linguistics. 2019. 3721-3730.

[9] Wang XP. The power relationship between Q & A and women in TV interview. Journa of Dezhou University, 2010, 26(3): 44-47
(in Chinese with English abstract).

[10] Chen H, Liu X, Yin D, Tang J. A survey on dialogue systems: recent advances and new frontiers. ACM SIGKDD Explorations
Newsletter, 2017, 19(2): 25-35. https://doi.org/10.1145/3166054.3166058

[11] Zhou X, Li L, Dong D, Liu Y, Chen Y, Zhao WX, Yu D, Wu H. Multi-turn response selection for chatbots with deep attention
matching network. In: Proc. of the 56th Annual Meeting of the Association for Computational Linguistics, Vol.1. 2018. 1118-1127.

[12] Zhang Z, Li J, Zhu P, Zhao H, Liu G. Modeling multi-turn conversation with deep utterance aggregation. In: Proc. of the 27th Int’|
Conf. on Computational Linguistics. 2018. 3740-3752.

[13] YangL, HuJ, Qiu M, Qu C, Gao J, Croft WB, Liu X, Shen Y, Liu J. A hybrid retrieval-generation neural conversation model. In:
Proc. of the 28th ACM Int’| Conf. on Information and Knowledge Management. 2019. 1341-1350. https://doi.org/10.1145/3357384.
3357881

[14] ChenC, Zhu QQ, Yan R, Liu JF. Survey on deep learning based open domain diaogue system. Chinese Journal of Computer, 2019,
42(7): 1439-1466 (in Chinese with English abstract).

[15] Serban I, Klinger T, Tesauro G, Talamadupula K, Zhou B, Bengio Y, Courville A. Multiresolution recurrent neural networks: An
application to dialogue response generation. Proc. of the AAAI Conf. on Artificial Intelligence, 2017, 31(1): 3288—3294.

[16] Bowman SR, VilnisL, Vinyals O, Dai AM, Bengio S. Generating sentences from a continuous space. In: Proc. of the 20th SIGNLL
Conf. on Computational Natural Language Learning. 2016. 10-21.

[17] Wang MY, Yu DY, Yan R, Hu WP, Zhao DY. Chinese multi-turn dialogue tasks based on HRED model. Journal of Chinese
Information Processing, 2020, 34(8): 78-85 (in Chinese with English abstract).

[18] Zhao T, Ran Z, Eskenazi M. Learning discourse-level diversity for neural dialog models using conditional variational autoencoders.
In: Proc. of the 55th Annual Meeting of the Association for Computational Linguistics, Vol.1. 2017. 654-664.

[19] ShenL, Feng Y, Zhan H. Modeling semantic relationship in multi-turn conversations with hierarchical latent variables. In: Proc. of
the 57th Annual Meeting of the Association for Computational Linguistics. 2019. 5497-5502.

[20] Hu D. An introductory survey on attention mechanisms in NLP problems. In: Proc. of the SAI Intelligent Systems Conf. 2019.
432-448.

[21] Vaswani A, Shazeer N, Parmar N, Uszkoreit J, Jones L, Gomez AN, Kaiser L, Polosukhin I. Attention is al you need. In: Proc. of
the Advances in Neural Information Processing Systems 30 (NIPS 2017). 2017. 5998-6008.

[22] WuSS, Lin ZD. Research on dialogue generation mechanism of chat robot based on Seq2 seq and attention model. Automation and
Instrumentation, 2020(7): 186-189 (in Chinese with English abstract).

[23] Bao S, He H, Wang F, Wu H, Wang H. Plato: Pre-trained dialogue generation model with discrete latent variable. In: Proc. of the
58th Annual Meeting of the Association for Computational Linguistics. 2019. 85-96.

[24] Devlin J, Chang MW, Lee K, Toutanova K. Bert: Pre-training of deep bidirectional transformers for language understanding. In:
Proc. of the Conf. of the North American Chapter of the Association for Computational Linguistics: Human Language
Technologies (Vol.1: Long and Short Papers). 2019. 4171-4186.

© TEBREEEEIEDT  htp/ www. jos. org. cn



4250 BRATF IR 2022 5% 33 A% 114

[25] Zhang Y, Sun S, Galley M, Chen YC, Brockett C, Gao X, Gao J, Liu J, Dolan B. DIALOGPT: Large-scale generative pre-training
for conversational response generation. In: Proc. of the 58th Annual Meeting of the Association for Computational Linguistics:
System Demonstrations. 2020. 270-278.

[26] BrunaJ, Zaremba W, Szlam A, Lecun Y. Spectral networks and locally connected networks on graphs. In: Proc. of the 2nd Int’|
Conf. of Learning Represtations. 2014.

[27] Kipf TN, Welling M. Semi-supervised classification with graph convolutional networks. In: Proc. of the 5th Int’| Conf. on Learning
Representations. 2017.

[28] LiY, SuH, Shen X, Li W, Cao Z, Niu S. Dailydialog: A manually labelled multi-turn dialogue dataset. In: Proc. of the 8th Int’|
Joint Conf. on Natural Language Processing, Vol.1. 2017. 986-995.

[29] Papineni K, Roukos S, Ward T, Zhu WJ. Bleu: A method for automatic evaluation of machine translation. In: Proc. of the 40th
Annual Meeting of the Association for Computational Linguistics. 2002. 311-318.

[30] Lin CY. Rouge: A package for automatic evaluation of summaries. In: Proc. of the Text Summarization Branches Out. 2004.
74-81.

[31] Zhang W, Song K, Kang Y, Wang Z, Sun C, Liu X, Li S, Zhang M, Si L. Multi-turn dialogue generation in e-commerce platform
with the context of historical dialogue. In: Proc. of the Conf. on Empirical Methods in Natural Language Processing: Findings.
2020. 1981-1990.

[32] KingmaD, BaJ. Adam: A method for stochastic optimization. In: Proc. of the 3rd Int’| Conf. of Learning Represtations. 2015.

[33] Zhang B, Zhang X. Hierarchy response learning for neural conversation generation. In: Proc. of the Conf. on Empirical Methods in
Natural Language Processing and the 9th Int’| Joint Conf. on Natural Language Processing (EMNLP-1JCNLP). 2019. 1772-1781.

Bt 1 325 2 SRk

[9] EWek:. AL YT e il et 4500 15 2 M ACA SR R 48N 22 B 2% 31, 2010, 26(3): 44-47.

[14] BRMR, RIS, &, MIZE K. 5T 08 5 X IO P SO 1% RAMF ST Lk, THEHLAAR, 2019, 42(7): 1439-1466.

[17] FFT, GTS0m, VAR, WISCIS, B E. BT HRED BRI T S0 2 e SR AT 45 ikt b S0ME 43R, 2020, 34(8): 78-85.
[22] SAte, Mk, 2T seq2 seq A1 Attention A5 [ IR LA A A BEALEBITT 9T, [ 34k 5 AU 3402, 2020(7): 186-189.

ERERZ(1997—), %, Wi+, CCF %24 Z=%10(1980—), ', M+, #H¥#%, CCF &
20, ETWFFA N ARV AL . s 5y, ETWFFCAN [ ARG & b5
FAE(1987—), Y, WL, mIF#R, CCF B E#1967—), 5, W+, #4Z, Wt
Tk B, ETEHRSECN ARES A0, CCF AN 4 A, E TGN
Ab B, ARG & b .

© PEBEERKCEIFR  htps/www. jos. org. cn



