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Abstract

End-to-end task-oriented dialogue systems facilitate the completion of specific tasks through hu-
man-computer dialogue to meet human needs. To enhance response generation and entity predic-
tion, we propose an end-to-end task-oriented dialogue system based on entity knowledge infe-
rence. This system leverages entity masks, annotated with dialogue history entity information, to
extract entity information from the dialogue history encoding. It then infers relevant entity infor-
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mation from the dialogue context to enrich the current context’s entity knowledge. Simultaneously,
the system employs contrastive training by integrating positive and negative samples of candidate
entities with the cross-attention of the response generator. This setup directly feeds back entity
prediction signals from the response generation model to the encoder, thereby enhancing the ca-
pability of supervised learning. Ultimately, the model’s response generation and entity prediction
abilities are improved through joint learning. Experimental results indicate that on the SMD, Mul-
ti-WOZ 2.1, and CamRest datasets, the proposed model can generate rich response content with
precise entity prediction accuracy, validating the model’s effectiveness and practicality.
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TN VR AR RN H ARE, R P S SCARAE B 313 (1) 22 Gema B [6]-[11]

o ———————————————————————————————————_————————————

I want an expensive restaurant with food similar to Stazione .

o-O00O0—0 O o—O0
/\\i(pensive
expensive ‘/O /O
Pizza /O Backstreet Stazione
Express '\O Bistro '\O

Gastropub moderate  Italian
\ Italian /

Figure 1. Example of dialogue history and related entity relationship diagram
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Uity Bty AT 55 B0 1 R G AR A 5 B A A AR R R I AL G SRk 2R P 3R B AR, B0 R
115 B0 2 J5 B 6 B RGeS [15] [16] [17].  E B s BT 55 B 16 A AE 122 i RNN [18]48
LML AR ZRRE SR, Eric S5 A[218& 17— Pl 20 0 15 A, AR AE 25 R o S ) — ik
IR ZR 1) [R) IR A5 FH BB 6F SR s MR 22, Mem2Seq [6]4 FH TG /5 1c 17, 0 4 [ 19] 28 2 7 SR e (1) 1R = e 4
DSR [71H % E R R 5 MR R ok 3R SR IRV R I WLRIAR 25 6 o Reddy 55 A [8]F] F 2 44 N A7 LA AT 1) S
AR X AT 2R R R F0E . Wu 25 A [10]42 H GLMP (Global-to-Local Memory Pointer Networks) &
TOINTE MRS A 2 7 RAE 2R G oL R SR bR i o A T AR T 25 X518 I A2 i, HMINS [20]42 8 7 — N5
FCAZ 2, 4 FH P X3 D7 s AN R G A AN R L AZ M 4 o KB-retriever [9]32H: T — Rl 2 88,
AR TR0 £ SEARAE A% AR EE R[] —4T . DF-Net [11]42H T — 3Lz - FAA BR Sk 2 =) AN [6) A% 2 )
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P B HIALE, FESR D a% — RN 88 e o L [ A oGRS AT R GEm N . Mehri [21]% A$EH T 4544
ARl PR 2%, AR T T R PR 5 AE R AL R - 38 31 3 X 1 AR o o Zhaing 45 N [22]F] F 22 H A i 520 fi#
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EROCEPREL, Q-TOD [26]#¢ th E S XHE E R 30, A T AR R I HAE S & ifl; MAKER [14]4¢H
TN RS 2R A8 F RS AR S I SEAR SRR @ M . MK-TOD [27]38 H T — N KA T AR BE 1 T v
RN ZAs 2 28 45 F e 2 A e b S S AT BB, A T AN AR B9 @ 1% 17 &, Dual-Feedback-TOD
[28145EH T — MR A% - AE AR ZEH, I AR At A IR U BRI Gk = A
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T G FH SR U B G 3 PR 1 bR SCSAR AR TU AR 1 T8, AR SO A AE Pl 505 5 154
(Al E R SRR RD SR B b SCAE S B SR 43, ) P A AR i TR A 380 22 0o 13 A OC ) SRS
T GR FN AR AS ZORH M AR i R AR R 55 B el i, AR S A il BN SO SR SR BE UE R, )
g 87 A S R AE ST R 74 B S5 G R B B SR IE SREAAE R LRl g, Wl 2 BoR, ASCiRE T — A
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Figure 2. Structure diagram of the end-to-end task-oriented dialogue system model in this paper
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3.1. ¥tiE ETR3C4mHS

BT G fERT T b SO SO PR RS AR ) JL, 0 17 B e o M B ARAT 25 R I B R SO, AR EIE
B I PO ZR1E 5 B Bert fE NSRRI . 255 —A> TR D={U,R,,--- U Ry }» U BT R 2030
55 VRN TR BT SR AR GEmR N s ] COoRFR S t ARG RS, € ={U,, R, U R U, ),
i g% Enc, mhdxf il B 3

h,O, =Enc, (C,)' 1)

Horph R 5 KT | R 3C C Mm% IR, O, £ C, i s .
3.2. SKL{FHETE

FESE t e iE B SCH, AREEAMTEIRESAE R, LUK C AR A L R HEID I E Y 0, ST
PR BPITERIA BB N 1, BIA S R 1E BRSO RIS M, = {m,,- my > NOBES tRxhiE B RS0
A it

htem = Encr (Ct' Mt)T (2)
193 C LA gmADAE B ™, B BB AR 31 C, A SR HERL(S B h"™
h™ = Infer (O, h™ ) 3)

A HEHE BTSRRI B FR, R™ =h + R+
3.3. MREE

AL SR BB S AT, B K ={E, By, By} B ANS21K E, 1 Z Nm e
RPALR, E; =@l Vet W] o ORI E S R RS RHE bR C AR K (AR, I LR
P 1 RGWR R
SEAE AN SR I B P B (0 DFREAE— R AE S UAT , A58 Enc, 1 5120 05040 B 28 R 5 1
RS —AN SR AT s I b T S Sk SR Sk B, 5 240 1 RS0 C AL A4 s,
S = hrﬁnal Ence (Ei ) (4)
AR EL T K AN 5 i Sk
& =TopK (s )={E,,--- E,} ()

K& top-K ANSefRn] LLE R Nk I EIE 2R (MIPS), ] LU A FAISS [2912% v R0 i FH DU $4 2% 2 i L
o3 300 Ze At 1] o AR I B 251 5 AR SEI Enc, 1 Enc,, FEibENISLEAE, H A
“ICLS]” AW s HfEm st . CAMREY, M BERT BUEWILA 1L Enc, F1 Enc, W] fE 3 EURAE
BT EA R MRS . DR, AT S A P TN ot G R AR R A T I AR A

3.4. MRz R%

TR g B AF 8% 2 7E FiD (Fusion-in-Decoder) [30148 84 L atl A2/, 1M FiD A58 )2 3 1 TRl
ZRRTY T5 [31]; FiD MY it & Enc, FIFEIGES Decy 4L, St & S ST SL AL BN bR SCAT K AMAS
AR SR SCARS N, o N B I B 18 N S C RMB I SR &, TR SR 5 K g i 2% ¥ HH R
PrEEEER, LA AT IE IR IR AR ER X, = [Encg (C.4 )J .

flRtd AR X, AR NN IR B i B2, fESRiE R, A2 R R SRy = R & Rk B AR A=
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35 BKRE¥Y

SR 2 A R BRI RS N B SR, TR U5 KB HER &b ELg
RURIREE AR, TRHUN % H e e A BT/ S 750 S 9 40 SO o B i, LA
30 S R84 3 T DA A AR 2 1D ROATL S o B R o Q AN EEATI 0 4R
A C,p e RO FURIA I I REEISE 1 € ARy, [B| 307 € i 4t
L ZARRDIEH SR AT TS Seik E, 9 R34

33 Cotp ™

g=l 1=1

m>

B
Ci=
j:

LN

Ho ¢, &I softmax 1AL HERAERIRAG K MR LR B XAER 100 ¢, AR LS A TE I B
I E R
e, B R RN R8s, 5 XTER 28, 1 KL-BUE AR A SRk -

Egrﬁs =Dy (St ”Ct ) 8
IR, R K MRS CN S MER R SEARRISUREAS,  [RIRE LR 82 2 BRI IO 8
KB HH K 14 L5 R A B SR A8 SO R 070 8, IR A 2R S A ) SRR A5 K Ly
BEAk, AR I d /) BT B IR 458 2 R N ki S A ol

Iyl

£NLL = _z log p(yt,i
i=1

Ve Xe) ©)

B 2 R ZRA5 % RS 2R ST 1 T SRORE AR, R A5 R 7 A= Rl 5% 453 2 2L 45 17
L=L0%+ L2 + Ly, (10)

ent ent

4. SEEE
4.1. WHESE

AR FE G AH = A 2 AT 55 B0 S O S ORI R AR A A Y . Stanford Multi-domain (SMD) [2]+
Multi-WOZ 2.1 (MWOZ) [3]F1 CamRest [1].

1) SMD #Hi 4 /& — i Wiz-of-Oz HEZLUSCAR I N5 A28 HLI) 22 SR 4R, B/ 0h il # 7E =] AL
MBI FZ AT . ZEIRE A 2.6 [BE, “FHBMER 62.3 M=Jidl. B =AH
fsisk: HFE. RSN

2) Multi-WOZ 2.1 4 1 R R AT NS NAS FL i R, Bl EE R, IS REEFEE, WK
SRITH TR AT 45 754 s 380 it 3 46 () — 4 50 LA BRIk (0 0 1 AR J v . B RS BN R AT S k. BT
WG Seals KB BERE. MRS, ARSCERE T =AU T 5 A0S SRR, R
fib AT = KT 55 06 18 22 ok BB A RS B . EX =AU, PGS 5.6 ANE A 54.4 4
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=t

3) CamRest $#E S AL & 28 TR XI5, ¥ K& F] 676 DML RIEXE, FIEAXER 5 ANEE,
BN E A 22.5 MR =T

IX LR A R )RR A X TE AR — AN IR B R R R ORI, 2R PR T R X R B AR BT
TR, MWOZ 8 8 fg — AN R4 SR HP A 7 ANefk; SMD AT CamRest £ 294 4 kiR 2 (1 K/
WA 2, SMD His 48 AN 4 il B 2404 5.95 ANszfAk, 1 CamRest $u#t 22T 194 1.93 A sefk.
ARSCREAL S GG Raghu 25 A [32)7E = ANER4E L Isds s #r , W#k 1 por.

Table 1. Dataset statistics
=1 BIREER

EVEITE S AU, &5 Crall bRz

SMD Navigate, Weather, Schedule 2425 302 304
MwWOZ Restaurant, Attraction, Hotel 1839 117 141
CamRest Restaurant 406 135 135

4.2. TG E

k2R ARAD A 1] Pytorch FEZEIT R, {8l BERT Tl ZRM R AF Jysth i b R SRR B ) e R A A
i T5 A i 5 A0 SR SE ISR (1) 2 A Bl o I RS I 2R A8 R 50 A ) AdamW FRAL 88 1JEAT 30, 2K
PRAEHLE KN A2, 4, LLAE 4.8 K AMBEEE K] 107 AL P S0 0807 S R I T 0T ok S R Y . A 2 sy
i —3Ht 24G 11 NVIDIA A10 & RTINS, FF H I T-I00 AR 1Y 1 B DR AT B o I A AR 25

4.3. FFEEHEE

AP T Transformer BRI SR FELBALEXT LE,  HO LU MR AL 4 R

ECO [33]: MR trie 29K (R AR BRI — B, SRS Al FH K LS S A SR i 5w 192 1) A2 il o

DialoKG [25]: A58 5] N T 45 K4 I A R AR R N AR IR AR B i 0 R s, ik ik R 4t
X HH SRS B I R e

Q-TOD [26]: ZAEALEE X 1E BT SCE S N HARE S Bk T AR R .

MAKER [14]: %R 5] N 7 —Fh B A7 ST 2 A0 B Ve 3 10 2200 B G R 38 R B 4R A 6 (R 4R B

MK-TOD [27]: HEAYHE A A e S A A 5 AT BB, L e K B USRI G R R 2%

Dual-Feedback-TOD [28]: ixf&AISEH | — Rl 2R 28 - AERan 80, IR 2R ds ke 2 AH OC AR I8
A AR A R G Y

PluDG [34]: i MEALK AR AR BT ER 7 — A A R il SO 1 SR 42 B A R ik, 1 Hoam o AR ped
N SEAR SR A Bl 2 G B A AR
4.4. THHIEHR

ARZTEALKE BLEU [35]F1 Entity F1 [21/E A PEAL TR « BLEU ARF A= B (1) M B 55 3 4 00 B 1] n-gram
B RAT R . Entity FL a0 AR RS i S 7 Ja A A B AT A (8] BT T 8Y), SRR
FSC P M J92 2 56 TR A AR o 38 3K R o T LA 4 T M VT 1% 12 A5 28 7 R VRS 2R AT 45 B 1R R G )
PERE.
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45 EWEER
X454 ECO. DialoKG.Q-TOD il MAKER, A< % >k H Wan % A [14] /) S5 45 51 , % T4 MK-TOD
[27]. Dual-Feedback-TOD [28]#1 PIuDG [34], WK & B CZ Ffscie$id, e s R4k 2 fis.

Table 2. Experimental results of this paper’s model and baseline models

2. AR SEEER L LI SR

SMD MwWOZzZ CamRest
Ay
BLEU F1 BLEU F1 BLEU F1

ECO [33] - - 12.61 40.87 18.42 71.56
DialoKG [25] 20.00 65.90 12.60 43.50 23.40 75.60

Q-TOD (T5-Base) [26] 20.14 68.22
Q-TOD (T5-Large) [26] 21.33 71.11 17.62 50.61 23.75 74.22
MAKER (T5-Base) [14] 24.79 69.79 17.23 53.68 25.04 73.09
MAKER (T5-Large) [14] 25.91 71.30 18.77 54.72 2553 74.36
MK-TOD (T5-Base) [27] 23.96 68.60 17.05 52.42 26.76 73.60
MK-TOD (T5-Large) [27] 25.43 73.31 18.02 53.13 26.40 72.80
Dual-Feedback-TOD (T5-Base) [28] 24.12 69.36 18.26 52.52 25.85 72.83
Dual-Feedback-TOD (T5-Large) [28] 25.10 71.58 18.48 53.17 26.00 74.04
PluDG [34] 21.60 69.50 9.20 42.40 23.00 76.90
Ours (T5-Base) 24.61 68.70 17.71 53.00 25.61 71.08
Ours (T5-Large) 22.42 65.49 17.20 54.83 27.13 71.39

SNBSS EE R 2 PR, ALURIUASCEAYAEAE ] T5-Large A i 3 A= B 23 (1 1 fi
MWOZ %4 B2 7E S AR T ki 28 75 Tk B 7 — /N SE 4 iR, Entity F1 20 S bLIL 268558 b (1) MAKER 2
AU 0.11, {H/2 BLEU 70 30R A SepAIK, M AEMEH T5-Base {EARID AR %, AR Entity F1 /3 %0%
H MAKER #i8E, {HiE BLEU 70 80tk MAKER & i 0.48; 7E SMD Fll CamRest 5 S8 BRI H
KB =AM IVERE, (HRAA — NEIF A R 8, =SS, b MWOZ s S0 3 b H 3
MRS %, A SCBRUYE S SORHE R 8 b SCSRAARAE BRI, AH 25 55 i BE 6% 4% 21 S A iU
RSB RO, BT DU o B 2 SR L, AR SCRERLSE O P I H AR B — o IR .

5 GRS RE

AT AN FH T SRR U T ) PR 2R SR 14 I SR AR (R i 82 2 RS TSI A 114 i 38 255 7
XGRS B PG SRR DO 18 BRSO SRR R, MRS bR SOAE DB Y 2 A6 O 7 2 Se A
FIR,  DAAE AT B RAR P Ao 2R LA RO SRR U5 KA 3R S R 1 L G R A 5 g 2 7 e PR 5 S T 0 0 B
&G RIEXS a2 2], TR RRIE f W BE 5 ok R IR SR T8 SUE R, E T 2 22 e i 32 A2 F3 T 14 S
o =N ICHEEE B SIS RS 1R R T i S R HE R PR AT = RV O HA B S A A S

DOI: 10.12677/mos.2024.133293 3219 e RSE TR


https://doi.org/10.12677/mos.2024.133293

L8, Mkt

T

SR, PR MWOZ #i#idE, AR TR AR RE X L IR AR Sl 1 AR PR RE, {HJE7E SMD
CamRest ##fifE b, XM RIAKRGERI, TP SLARRIR BRI OL T, A SRR 32 52
PRIEI G R IIBE IR AN, RTREARE O BN e 5, A SO A B AR G 1 1R SCRAZR B2 SL
BRI R, # T R VF ] A AR 3500 15 % F RO T 2508 5 BRI — DI IE S A8 .
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