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Abstract

Abstract

Dialogue system is a computer system that allows human beings to use natural lan-
guage to communicate with computers and exchange instructions. It is one of the impor-
tant interfaces of human-computer interaction and has received extensive attention in the
research of natural language processing. According to different application scenarios,
dialogue systems can be divided into open-domain dialogue systems and task-oriented
dialogue systems. Open-domain dialogue systems can engage in chit-chat with users
in open scenarios, and task-oriented dialogue systems can help users complete transac-
tional tasks in certain domains. The mainstream deep learning-based dialogue systems
usually use an end-to-end “encoder-decoder” framework or a pipeline “natural language
understanding-dialogue management-natural language generation” framework, and im-

plement each sub-module in the framework through data-driven neural networks.

Due to the complexity of dialogue scenarios and the diversity of domains, dialogue
content often involves knowledge in multiple scenarios and domains, such as common
sense, entity relationships, transactional logic, emotions, personalized information, etc.
Understanding knowledge in dialogues is crucial for aligning the content of the dialogue
with the real world, and generate responses that humans can understand. Therefore,
knowledge is indispensable in dialogue systems. However, data-driven dialogue mod-
els often lack the necessary knowledge for understanding the dialogue content, resulting
in insufficient natural language understanding performance, and response generated by
the model is flat and contains little information, which affects the overall performance of
the model. Therefore, how to use external knowledge to enhance the dialogue model, in-
troduce knowledge into the model, and improve the model’s performance to understand
natural language and generate dialogue responses in multiple scenarios and domains is

one of the important topics in dialogue research.

This thesis mainly studies the key technologies of knowledge enhanced dialogue,
and studies the problems of knowledge lacking, large differences in knowledge in dif-
ferent domains, and knowledge sparsity in corpus in the dialogue model under multi-
scenario and multi-domain caused by the multi-angle, multi-level and multi-granularity
expression of knowledge, and proposes corresponding improvement methods to allevi-
ate the problems, improve the model’s performance in natural language understanding
and response generation. This thesis has made the following innovations:

1. Aiming at the problem of knowledge lacking in response generation, this thesis
proposes a multi-angle knowledge-enhanced dialogue response generation model based
on an external knowledge base, which alleviates the problem of knowledge lacking and

reduces general responses. Due to the diversity of knowledge forms, the dialogue model
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using a single knowledge fusion method cannot effectively utilize the knowledge, re-
sulting in the generation of general response that lacking knowledge. The multi-angle
knowledge-enhanced dialogue response generation model in the thesis is capable of
simultaneously modeling deterministic facts and open knowledge. The model first in-
troduces deterministic facts by computing the correlation between the dialogue context
and the triples in the knowledge base, open knowledge is then introduced by computing
the semantic similarity between the dialogue context and the knowledge entities in the
knowledge base, make the response take into account knowledge from different angles,
so that response generation with “convergent” and “divergent” expansion of knowledge
is realized. Experiments show that the model can generate responses containing more
accurate and rich knowledge entities under the real scenes, which improves the quality
of the responses.

2. Aiming at the problem of knowledge differences in different domains, this the-
sis proposes a multi-level knowledge-enhanced dialogue state tracking model based
on the “meta-knowledge” of multi-domain knowledge, which alleviates the problem
of knowledge differences in different domains and improves the generalization ability
of the model. Because knowledge in different domains differs in content and quan-
tity, in multi-domain scenarios, a dialogue model lacking domain common knowledge
cannot cope with knowledge differences in different domains, resulting in poor gen-
eralization ability of the model. The multi-level knowledge-enhanced dialogue state
tracking model in this thesis is capable of learning multi-domain knowledge structures.
The model models the intra-domain structural relationship of knowledge entities in the
dialogue through the predefined domain prior, and models the inter-domain structural
relationship of knowledge entities in the dialogue through semantic association based
on the pre-trained language models, make the representation of knowledge entities take
into account both the explicit intra-domain structure and the implicit inter-domain struc-
ture, realize the natural language understanding of knowledge entities in the dialogue
based on intra-domain and inter-domain information. Experiments show that the model
outperforms previous dialogue state tracking models on multi-domain datasets and has
significantly improved generalization capabilities on unseen domains.

3. Aiming at the problem of knowledge sparsity in dialogue corpus, this thesis
proposes a data augmentation approach based on multi-granularity knowledge with do-
main prior knowledge, which alleviates the problem of knowledge sparsity in dialogue
state tracking task and improves the coverage of dialogue corpus on domain knowledge.
Due to the different density of knowledge in external data and dialogues, small dialogue
corpus cannot correspond to knowledge sources one by one, resulting in insufficient
coverage of knowledge in dialogue corpus. The data augmentation approach based on
multi-granularity knowledge in this thesis can construct high-quality corpus based on

dialogue content and dialogue logic, the approach first uses local noise to enhance the
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Abstract

diversity of knowledge representation in the dialogue content, then through task logic
augmentation, the diversity of knowledge logic sequences can be enhanced in multi-
ple turns of the dialogue, make the dialogue sample expand in knowledge content and
knowledge logic at the same time, realized the augmentation of the dialogue data based
on knowledge content and knowledge logic. Experiments show that, compared with
previous data augmentation approaches, this approach can improve the coverage of di-
alogue corpus on knowledge of different granularities, and improve the performance of
various basic models on multiple sub-datasets.

To sum up, this thesis studies a number of key problems faced in dialogue systems
from the aspects of knowledge lacking, knowledge differences in different domains,
and knowledge sparsity, and designs and verifies corresponding improvement methods
to alleviate the corresponding problems. Building a dialogue system with correct and
complete knowledge is a complex and arduous task. In practical application scenarios,
the implementation of the system still faces many challenges. I hope this thesis can play
a certain role in promoting the development of this field.

Key Words: Dialogue Systems, Knowledge-enhanced Dialogue, Knowledge Bases,
Meta Knowledge, Data Augmentation
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Table 1-1 Frequency of several general responses in 100K queries of different models

. s
WmAIISE 28 29 30
Seq2Seq Seq2Seq-MMI'**! Seq2Seq-DD'®! Seq2Seq-RW . *"!
N, \—é‘ .
KA 3296 4404 941 847
I don’t know, either.
RUNGSSIBER
FA R 3211 13764 795 738
I want to know, too.
N, ’\_\L’/EI
Fetbsifs. 883 632 1505 59
I think so.
Ny
F A 515 51 441 12
I want to ask, too.
=
AR 337 131 214 95
I don’t like it.
Y
fft 2. 254 52 377 87
What do you look at?
PN
Az 109 92 54 24
Will/can not.

P RACISOX it 279 S5 v X [ A A AR R R R e R A S T — . 3R -
1248 7 5435 DA R A2 (R B, AR [RIBSSRIAE 10 T3 400 i e b A2 Bl
MBS AR AR ZAHRAE RO, ST “mbdas-ftadas” Z5Hn)
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1.3.2  A[EusA FIR = 1 6] /5

BAT AR BT, BRI E N IS XS 2R 55 I 4 2B B A7 I R (6
Mo S BB IR AR IH AR BB 2 5 ASMTARRE LS — . (12, RIS
S Fry SRR AR SR P AR b1 25 R PR AR A A AL R D4R T
EER

AP PRI 2 WG, BT P LA T IO B RE Sy o X T T
AR BRI S, AT 2 A M T DA T A A B 1 R T e
REASHZALRE IT, DA SRR T 4T AR 2 AL RE ) . BT R T 2
S R TR F B REA B PERE 5 5 AR R UL AT AR B B

15an T RIB I A ) K J BB T3 X T BEAS 112 1L RE
B3] TR T, (R T BT AR B2 AL BE I MR IH A 25 . 2445 O
FANEREIR , T ST P 1 . R R, AN W 4TUBR ) R LA A
W G, (AR AEAE AR B T2 5, B IE B 40U L i e
B R, AR AR e R (R bR TS AT -

145 205 37 5 o B O bR A5 3 B AT 45 R M R B 2 ST 0191 25 SR P 52 )
BRHES 2 —Pl XHERE S (Dialogue State Tracking, DST) 22 K4y
R45 205 R S8 PR B —, SOSAEXTE R i B P E— A
W AN B B AR, R P EARE B R O TR, TS S
BORATH . RIRAS I BRI — Rl ) 7 2 AT 55 4B A 72— 35 4T 0
(Domain) &%k, M2 K (Intent) , PARALSAHAYMESL (Slot) AYAIE LS
(Schema Set) , MM TR A A9 EHEATXHFARS TR . 25 RGa KA
B, SRR BRI R A RIS, LR R 4T 132 AL R XA
T {py R (M R TR

Wu 25U Py 8 TR AR A B A A TR AU A P RE R, A
MultiWOZ P! $ii £ i T A F2 AU DU AR B LSRR %,
TER T 19—~ bR A | SEIR 25 R N2 1-23 Fs . WIDAR ), BAED
AT R (57 M 25 G 725 A LA, E R4 B DL AT b e £ ) v f
YT AR A . — S5 T REARI BREA TR A TAEP ) 78 Muliwoz
B FIYSCIRSE FALIESE T, 28R U B N A AR 22 R B, 152
TR SR AU 2 AL B 4G R T

AT T S0 I AL BE A Bk — IR AE 57— AR IR A 8 BT 55 1

SRR E W %0,
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Table 1-2  Slot accuracy of TRADE under cross-domain setting on MultiwQZ dataset

(SRR L LB A WU, A WL

ARTRERE o tibsteinte ORI A Bk M
Hotel 59.0 96.8 19.5 71.3
Train 55.3 96.8 44.2 85.7

Attraction 55.0 97.0 35.9 68.6
Restaurant 54.7 96.6 32.7 82.4
Taxi 49.9 96.8 60.4 72.8

B4 SGDY |- 135k f77E , Rastogi 21391 Noroozi 251371 | Feng 251381 fI Feng
291 A7 SGD Hrdf 4k b Y SL 645 e 4 UM R ILATURR_EAPAE R R MR 22 57
134 R,

#1-3  ANIBORAE SGD B fhi 4 Wi Ay SRR WL g o) Le
Table 1-3 Performance of different models on SGD between entire domains

and unseen domains

I &5
AR Ao O ARG
A HbrdEmnE B HbsdEmn %
SGD-baseline*! 25.4% 20.0%
FastSGTE7 29.2% 20.8%
Seq2Seq-DU ! 30.1% 23.5%
DSGFNet!! 32.1% 24.4%

ISRz AL RE Ty, F R R B . N A SR A BE Ty, X TR i
HEAR R e B R et o AT A1) AN [R] STUsR ORI R A S, G2 AR AS [ U TR A
ZESE, SRR AE SR R S0 O B ) AL —

1.3.3  IHEFIERIENDFRG e &

B RIS A0 AR 5 [ 5 [E R AR N AR N A, PRI, ARG
AN TE AR 5 [ 60 5 AR IR A TR TR . BTN, ZEX RSB R 55 1)
gD, EE F S ATUE CNNEES (SIS, B, fBASE)
XA TERE, S Rt St 6 S5 Rt v e o AR BRI sk 3 1 1]
SRgd R, S TR A A R R R R DA SRR 5 X G TR A o
B2, 2 NGRBR A ARG B G D X TR AT SN e AL
B XN, ST S BISMERAR ) —/ ViR T4, BRG] H 5L
HRE I Feng %121,
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1 OX — R A N 2 — R AR R ATE . BAR . KRB, Bl
AL AN T R TR MRS ERXES S, AORA I B R R 2R BEAL
FIRGUI , B R N TA BRI . X5 EUET AR AR
ARG, TR E >, R AR T, AR I T TR S
TR L )

XRS5 TEARR O SR TR ) B P A 2R o 5 0 T AR R A R A A
TR, A DEMEHAIRGIN TR, BIRRA S e/ NI TE RIS
AR B BE G, BIRMEREZ B RRER T SRR . TR, SRR TR
XPRRIE SR, SRR A, S JRi iR BRI, RS
S ) o ) A

e 1-4 TR T AN IR B R e V(5 R

Table 1-4  Statistics for some external knowledge based dialogue datasets

- R SRR < & > 0 < 1121
G 55 K88 BRI B R ScR RO -
B
SGD B! MIRRAEE BIEESAH 97298 22825 463284 9%
\D\%X
Holl-E*? RIVUERE  gisim 8666 9071 90810 33%
[ 4 A2 g
AR
OpenDialKG'™!  %pf#ER  F9C =704l 1190658 15673 91209 2%
[ 4 A
Curiosity ! M AR, S —Irdl 93845 14048 181068 29%
\D\%X
KdConv '+ %””‘l‘if HEL =T 157029 4500 85596 15%
[ 4 A2 1§
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AL 1-4F7R . ACESGRIRAAZ ML, ZRR. SHE
BRI, FIXTRIRI AR R E S 5 . 25 U0 T v 3 iy [ 52 N 2
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M, Pl TN AT S T SEREIE T AR A SR T
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L AR50 [ 5 A R B 2 [, AR SRR 1 — P 22 A R R 5 fry F
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Figure 1-4 Framework of the research content of this thesis
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.7 SIS, mARERT BT SO R IR 2

ANTEF DAY, AR SR ) A AR R A1 TR SE AR 22 T 17 S 5 Bk Y [
I, ARG INGRTER > SR T8 R, WSR2 T BT 15 SO P X
KR o AT ST SR TR SCRUANR R P i) = JeH AR e, 51 E PR
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Figure 2-1 An example of ontologies in DBpedia
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)R, AL PR AT R AT S5 A PR L AR, B
BUESM XA AGE D . B, NLU BGOSR
H, TR EEHIEEZERIIXTERG T, NLU BA 2 AE-5 1 5
(Automatic Speech Recognition, ASR) #iHfEHz, % [BiE& R AI &5 Rt Tl
JE:Zi

& EH (Intent Detection) {F45 82U P ABTER], RPMEMFIES &
SCHIWTH PR G TAER B @B 7 2155, BIBPAH FiEmIfER
MW, IR ZRTE R E RS, REIESE (Slot Filling) {F45 M5 E (A&
55 5 SCH P ATEm) U E 55 A R RS AL A5 S . T LA R R I
FAESS EBCN P AN RIEAT S5, ALBERISOG H s a) 430 I 15 21 1 36 7 510 A Sk i
A, XA T2, PR i TR R A 2R B . — N ILEg NLU
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1RG5 (BRI R ZE S AN P 2-27 TR o

Eq] Recommend a movie at Golden Village tonight
L (@] (@) (@) (0] B-desti I-desti B-time
B2E find_movie

Eiik: ) movie

Pl2-2  F18RIE SRR 55 725 B

Figure 2-2  An example of the natural language understanding task

X HRTE S R T K e R I W SR SRS e 1990 4R,
Hemphill 2103 $2 1t T /i 230847 B 2 4:  (Air Travel Information System, ATIS )
Bade, Biadeh 2 4400 YNGR 900 LMK AL, B 5FEA AR T H
PR AR OLAR B R e 47, ATIS Base 240 B RE S BT 55 1 )
) Z RS —. 25, Coucke ZEUO4 5 s 7 i A 8 B Tl 159k
(W24, 205 5 8RS SNIPS, Ffa 4R th 2y 13000 45 YIZREHa 1 700 253
BARAIRL, RSB ASET B B TR B . B THESE PR s, R P —A)
WA ZAER, Qin O Mg THAEE P A 2 E R
MixATIS F1 MixSNIPS F:4 i} Tt [r] T ARG AL A I RAESE . S T 355
SRIE T B EE S S, Xu U0 B ATIS BiREm T &H ZfiE
IR IR R 4R MuliATIS++,

528 T2 W 455 T A B R BRAE g, Tuir 28 U071 P o B ™ 4 4%
(Deep Conver Network ) SEHLA]F432, W4 H Z )2 RBEMEM &R, HEUS
T TR 2588 MR0R . Ravuri 2511980 ffi jf 7 HF RNN Ml LSTM p A4 3
IRT4r8, FHAE ATIS FligE AT i 75T n-gram S HCAL. flfiTid
WIS ZA R 9 DT RGN 250 RAT 55 Bk — 2P Bk 7 5T RNN [ 511
ARAENPT, AE RNN DAL, Hashemi!') S5 H 7 HF CNN [ IEAL 41 F
WATFON, W PR RGP ARG H TR RS2, [FAEREGS
uni-gram A1 bi-gram f) %, Lee 25U Sf— 20 R M TR GIERISE K, i 3L
T RNN/CNN 1) 15 Y& BB 2 50 0% & B0 a) TR0, BRI AT 7 28 i

FERITIASh, 12 4R L A (7O 925 A J7. Deoras 450120 g 1t
THIE MM ZEEITIERT ATIS BARE AT IR EAESS, FHBB TG T %
{4:BEFLES (Conditional Random Field, CRF) [ /73, Yao 21131 5 yao 211141 25
BIEEH] 75T RNN A LSTM B 77 A7E ATIS $idfade FabAT e s hnid IS 15
PSR . Mesnil %1151 55 Mesnil 26111 MliE— 54897 7 5T 2 Fh RNN J53%
SR SR MERE 22 . Gangadharaiah 25 U7 UL 45 il PR APIR 25 FFai AR 132
ZIRIRRR R FR , EXFITVELE ATIS Bl IS TRMARTE, 1R e8dnsE I

51 E Ni 4D
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PRI

Aoy A 7 PRI RN 7 RE A 10115 78 PR BRI I X A THE S HARHE S, I
I A 42 ST $ T fE . Hakkani-Tir 2 0118) (i i} LSTM 4% . 75 &I FkE i
BT ZATS2E 3], XN ZAT 452 >0 ()5 IR e A 22 50t A AR . Liu
s VO fif F T AT S 25 WL B9 RNN FE ATIS b 3t [5] 11 25 725 P 31 0 e 42
F8. Chen 21200 i FEZ MK A70% 2 BT FE I P 2, L IR T AR 56 1) 7 PRI A o7
Wi . Zhang 2521 (i T R A 24 ] HEA T PRAR SRR SE . HEAE ATIS il
SNIPS |47 T 528, Song 251221 i 1 2% B AR (o7 2 ) i L B 56 R AT} 1z
£ MixATIS #1 MixSNIPS il aE 7. Xing 26123 F1 Xing 4124 1j5@ 1
Sy BIEE R AR O 2 (Rl AI B T, ARG 2 R BTR ¢ 3R, HAE MixATIS
F1 MixSNIPS _FHi5 775045 5 . Gunaratna 251221 53 sl (37 26 805 B AT 4542
T AR L TR E R 2, HEHG A T R, fBATITE ATIS 1 SNIPS F
XTI T T RAIE

T NLU fE 45 B bnat A AR L 30 03 A 40008 R 5 170 9 5 AR v 1
A SERE 2 U 205 S 2 AL RE T R A R I T SR T )
Dauphin 2 1261 Fi F i 1 P2 H 624 AR A FR R, FRT T LB 5
VRSN T BT IR S 1) 142 . Bapna 26 U271 5@ by A8 o by g — A
FERSCARFR, BRSO, B i 48z (LAE J1. Lee %1128 A
FRRE (57 A S B T A AR 4 7T A2 AR 2 7% . Coope 45 1291 1] iR MU X 7% 1
B, SR AT TR Qin 2810 G FHRE L S A T A
BT EATE X5, 31T T BIRAE MuliATIS $fi4E EAYIERE. Liang 25151 ¥E
MultiATIS b 347 T 5258, BT ME B4 XSG 25/ MEFI58) T #27F . Stengel-Eskin
2 U321 g e B S 37 S5t v S 0 £ 1) P 7 SR S 80 26 A8 4K W) AT, Broscheit
2 U331 e R s r ISP ) B0 ) 45 TR 27 o I A A A T, 4R T
PIBERAEGHE ¥, e ATIS F1 SNIP 25 ZANEURAE Al T 4R

222 IHERTSIEER

XHR AR BT R G D S AR BB A i HAs, R
HARRR NI IR RHRRAS (Dialogue State), PABERGIAT IR PR
RS E FE SR GRERIOR, EE PSSR GRS T R Y
FEOCAE, IRAEBAREE AT S5 & CRATE, i Rda S AR ol e 5 A
AU E R BRI P AR /R R SR LA O

AR TE & B R S IB B EDOHE T B ARTR & BT 55 2%
PRI A, BOPRARR R A A, BT IR A BRI, SRR o 5 3
FR; MR IR ERE 55 WIHFSLIB B 22 Je X0 3 P R HIIRES , A — RS
H B Y AT TR S AR R P H An e — S8 R0 Ry ARG ) B SR8 5 HL AR
By AR IE ER AR A . AR, TR S R — 2
GEE, K AT 55 RS R A PR & B AE S B, 12



IR SR AR 3 G BB AR BT 5T

AR TG 1T SRR A IR B e i A P 2-3° 45 T
X HREIBERAE 55 1) — 7R Bl

MERE FHERE
Al: The University Arms Hotel is located /Sl— hotel-name = _\
on regent street. Would you like their University Arms Hotel,
phone number? hotel-book stay = 2,
U1: 1 would like to book aroom for 2 hotel-book day = Friday,
nights for 2 people starting on Friday hotel-book people =2
please. DST
A3: Excellent. The booking worked. S3:51+82+
Your reference number is 6PSM1ATO. train-day = Friday.
U3: Awesome. | am also looking to train-leaveat = 09:00,
book a train that arrives there on the train-destination =
same day by 09:00. / \ Cambridge /

Pl 2-3  XFSIREBEAMT S5 561
Figure 2-3 An example of the dialogue state tracking task

Ffig 2013 FEXF15 2258 15 ARk ik L 3% (Dialogue System Technology Challenges,
DSTC) (&AM, XSRS B AT 5 08 LBWIE AL, BF58 4500 9
T A IE A IR S I B AT 45 SR 4 . Henderson 251135) 145 — i DSTC
L T AR A IE B EE & DSTC2, X 42—~ 3f i AWLXH5 Ik £ 5] 1)
SR TR B A . BB AL G @ i ASR BEI R P SCARE AL, RN
W BRI TEARAS . N T IR IR A 2 B AU AE /7, Henderson 211301 fk—
FE T DSTC3 ##li4E, DSTC3 ® &4 D REIRI TR AARTER, S 3L
FHLYE DSTC2 Fl/bR 1 DSTC3 ARy iER} 58 e MR AT 450k 9 W 4R 1 v«
Budzianowski %521 3R T AR 7 VA T 55— AN R BN £ BT 45 TR 4k
PEE MultiwOZ2.0, Hd4Eh 8438 /X, St 113556 SLiB ML, B AET.
IR, 205 T4 . BT MultiWOZ2.0 i) N TAREAFAERB bRt 4fi%, Eric
£ 7] 9525 7 MultiWOZ2.1, it A T SRS IE T H a4, a7
TRAYAH 5 TAER B — AR VEAS B I RHEAT WARSS . Zang 2:1138) [ = o 1
T MultiWOZ2.2, £ 2.1 JRASHEERE b 3E— A8 1F T iR bR i, 7R3
o B 3 R 7 s T %o I AR 57 (P 0 0 37 18 A) Hh A 1 47 B . Han 25611991 51 e
25 [140] j= 048 10 1ty MultiWOZ2.3 il MuliWOZ2.4 NE— A& 1E 78R A e 35
F7hmh, PABAETF & SERIIARAE o AT A 15 . MulttWOZ2.0 B ik i A 5 4
X EIR SR AT 55 i) 2 R EBEEE L —. WWE, N Ta5G TG E,
i AT [ Rl S P, HSIASTIR  4TUIZ AL BE 7 , Rastogi 45 %61 £ DSTCS
i T SGD B4 . RSN, B EAIAE AR AL T R B R E
TN EAHIA (Schema Description), JIIZREHELEH 16 A4 16142 X% F1
329964 Z515m), <2 H Aok AR AIB B E R4

33| F A Jacqmin 4511341
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B2 E HIFCIUR SR TAE

A2 FELI A N bR S BB DA S IR TR S A B AR, T A RO S
F LI el g i s U2 oy AT R, DA IS 20D S SR B E . (H2,
XN VTR BT & ARSI R AT HUE S, BB SIS L, RS L
TR , ARSI AT IR IR ME o [T, XA VAT 2 Pkl 45 AR e
TR E R 22, Lin 2515145 DST Bofehy sk w8 R S 1 /)
G P B I, g A R R AR AR IS R SR — B R A 2R A F B
BUHPR S IR/ NI BT, RS Y T RHTIR S . Cheng 25 etttk
BE CHRARINBER TR, BRI A BN R 3R b T U
(3R, FEER TR R . Williams 250145 #E DSTC Hst ik as s Xy
1145 BT R A L (EFE AR B AR R 201 o B, Lee 251141 Williams 4]
1 Williams 81 23 B i Fly 1 S EBERLYS . oKk (Max Entropy Model ) FIf#
BUHEF 4505 S0 T TG O R S8 B . Henderson 2511491 ¢k
TERFR B BT 45 0 7 40 28 I % 124 0 o A 2 1 AR [ M i
fHIER . Mirksic 21000 1 Mrksic 2511 2p 513 i 5 4T B R S B SR A N5 | A
ORI T T 28 ) 45 B TR S I B, 4R T TR B, bk tp T
4 05 ¥ N AR A

TESEBRIGAT 45 BT, RO (AN B e vl DATSEH5 1, R, 1R
LT TAEE N R A R R FF . Lei 25 152 i i — NI B0 52 1 190 2% SE %t
WOR B B, BB EST 2 B RO RS H B R SOR SR AR RS,
BT XHE B SCRA SRR SIS R 5 1. Wu 451 4214 T TRADE 171
(5 AT 4 04 A 8 T 9 T A AR (S A 58 378 v 14 S IR AR 7 e il
fiift. Zhang 2531 (i f] 7 WA BERT U4 43 51 YW (57 (i S BRORIMg ek (o2 (A
LS HE, BHAG A B (] I b BN [R) 2 R 07 . Heck 2 U151 ) F i B Oy
W, MG T . R GEAC A A (7R S A (Al BT 7 (Al (671« Wang
2 1O 3 358 3 2 Sy WL AR bR SR ORS (0K 6 1 BN A, il ad (1
— AL T A (07 DA SRR A (57 BB (AN 5 BE 1 1. Lee 25171 1 FHF
SR YT T AN A Y SCARE SCA AR O S TR A B, BT RS AR
st R AR R T IR o Li 25 U98) SE SR 1 A i R B Ty v g o A DA 37
(R 1)L

Qb B ST B 45 56 R R P S BFST T AR &3 5. Chen 261091 533
P A AT S T T WL AR 1 Al 2 ) 45 9 4 A b R ST P A R 2 AT 4 A 1
EHREAIFR, AR IR A B RS 37 3R P TR (A RO I . Ye 2611000 g aid v
MU S R ORI B YRR R 0, H S SRS R (57 (L e R AT 1B
JETTOARS (7 {8 . Lin 25DV fi Y 1] it 28 00 % Yol Al (7 RS (37 {127 ] (4 PE i 5 4 A T
GER R RINFRE ], RS R R 45 A A i GPT-210% J F ik
AR, Feng 20T MR XHE B R SC A SIS BT 2 AU 454 N ARz 2
£ 2, FEREShAS TR A R AR AL(E, 42T TR ERE. Guo 41163
FIAT Z MR R RHEe R , MRS AL FR . 24 RS P 2RI (0 4544 3¢
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IR SR AR 3 G BB AR BT 5T

SR8 MR 7 o P AR R 2 1 P 7 P T AT, R A
BORSE 394 5 2.

A, PSR B 5 3T R D 0 i 2 R S BT
TAEMIEZR I M2 —. Quan %1% fr TRADE 7 (¥ 454 b 840 7 WL G 5
HARUBH BT 46 HE1T AT 452 30, (A2 ST By R SCers, REns i
TRADE [f#:E. Wu 251165) 1 Hung 45 1166) g i T (1.4 B AR AT 101 45
RV 5T SO AR T R A 55 B 1 B 43 1 22 S VA, 947}
TSR ERE . Yu 217 Sy SR B 55 M (220 AR 25 T Hi i W1 4
BEA 65, RS 52 T SR A R A S BT 4 E RO MERE . Zhao 2 1168]
S AT U R T P R S R A B BT 4 AT T SRR IR . Zhu 2511090 o
THGRRG SR, Wit eI 3R (Prompt) 977 PEHUE T AR IR T
B, G T O P

FREE BRSO T B IGRAT 55 SO T T I 9 7% — T R, i
I, PR, RIS TR R AR 2 R A S R MR R T
THISE. Gao 2331 Lin 21701 1 Shin 217N 43 51l ) e Ff . [ 25 RIXHE
WS AT 55 BRI AT I 4, 3RAL T XA I B e DR A B R A
YR FRIBNAE . Mi 251720 S T B, R ToAR R T
AT R R AR B B . Hudedek 51730 f i85 87 v | 330 Bk
R (4T S B T 55 W BB F B U115 Huang 25117 1 Dingliwal
s UT5) S SR ST T, W REAS TR T A R AS AT, R TH TS
AL BT I MERE . Lin 250390 by e T W (0003 L P41 7% DA AL B 491,
(ITERS . Rastogi 220130) $R T 4090 Fs SRR A B BT 4050, 450
T P RIRE (3 MO T T B SR R BS990 20 S B
T TR . TR A, Li 260176 41 Zhao 26 1177) i 1 A TE TG
SRR, A R T R TR B R A S B T I PERE . Cao 2211781 £ER R
RIS S by . BB A T R P9 T T SCAR AR i 3R 5 1
BB P AR I Gupta 2179V J5 1y (01T X RE BB e SCACHEIA BEOS 6 DB A
S U B R R . Hu 211800 b b e T RBEAISS & 1 F e
ST, F B TR O, (EBREAS 5 S TR AR T .
T RERHRRVE RS | Ye 28 USU R B AR, KRR T
AR/ AT AT 1) MultiWOZ $CHeAE FRMEREZEL, HE o0l T T2 ) i
FUBEAR 132, Xie 22 11331 S8 3ok Ay R SIS T 55 57 T P Al ) IR T TR
MultiWOZ $Hiide FitHfE.

223 IHEREEES

X T SR 2 > B HRAR R 24 1T () R IR S R e ] SRAT I IS 24T
B, X E SRS AR Y 2 UL 55 02 25 ) MRS B R GEAT A AR R
— LB FLIOT R T Ao P R R AT B > B DT YR N R i SR A 2 . {H
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B2 E HIFCIUR SR TAE

B, A BT SR 2 3D Ot N TARVER A R, ELA i 2 IR TR
Ju, BOARZALRE 25, DRI, AT ST U B o S 2 AR {7 P SR 2
3] 5% . Henderson 25 U8 1 Su 25 U8S) fgi Jiy 7 2% &4 WA 2 SRR AL 27 3T 1) vk
XF i SRS A AT 0 Ak . Dhingra 251801 53 T SR i A 45 BN G R 48, 1
Aok B A2 ST YN R0 SR MR AR 2R 2 5] M IR PR rh e BRI A% 43 117 . Cuayahit]
2 VST S it Al 2 59 2% 3] 2 AW b P58 5 51

Kwan 2 188) g Jp il bt S T S B g BRI 0EAT T 450k, 4R IRER
i, SRS OIRASESN L AT A AVRI 2 R R AT TR T AT T A% . Ultes
A U891 2 Asri 25 1190 3 i Y 1 3 HBR AN 50 0 07 ELRIZRLAE  BRBEAL 1
JH P8y R 3 SR AR . L 25 191D 5 3ok [0 I 410 £ 07 EUAE BRI 375 51 s
TSR SR TG BR A 2 ST I A B . Peng 25 11920 I Tang £ 11931 SR ) 143 28k
STHSEWE 43 BISE ek N U TG M B0 YR R 3 S 2 S R T S S
AT EFRIE TR, Zhao 21§ i Rals B AR R 54T R 23 ) DAEE S A A BCH:
HEHHLE RGAT M. Chen 211901 71 Wang 2511900 i 3o 3 fh2 ST MM LIRES 470
SRR I7 A S PR A TR FE , SR e T AL AR

224 BHRIESEM

H IR IE T A A HR R R s RIS R S T M i B R EF T
W . B, Y4 RS 457 88 inform, XT3RS N (restaurant_name=Bird Dog,
city=Palo Alto) I}, FH IRIE S A A HURAR X —47 4 4E B “Bird Dog 21
T Palo Alto i—Z AN IRE , R X gians?” e MEF A .

JUF A AR B 2805 5 A U CARRR ) A A8 28 38 AE B Bl 52 N 2
Zhou 21T ffi j 7 BT LSTM 4 R AR ML A48 M, KFXHE DT L E B . X
WREMBRGATHVERHA , AU A B B &2 %5 . Balakrishnan
2 L981 Ay Li 2 1990 23 il 5 1 1 SR RIS A L 2 ST DASRSIR o A Fi A [ 52 ) P 2
WK, R B B T4 1. Golovanov %5291 71 Baheti 25201 il /) T 7
YIGRARIRAR T A= Al [ 52 A 25 FR e P R IE A 7. Oraby 251751 11 Elder 25202
D308 3t S s 1 iy YR N R iE Ak A RS B TS 2R A g [ A 1) Jo o

225 imBlimRAE

It 25 4T 25 4 2 Pk O B I RIAT 45 ST A 3 22 | AL B 0 3 T K B2 AT 45 B0
ARG RGN TEZHE. BT ETRKL IR, REHS M
RTINS A5 3], P Y B S R AR M A% 6 2 B B O T
PABICHEREH B o 1R 25 57 A R AR BIAE AR 7] 40 DI i i R i 4
R B RRIMERE . 1Ak, T — AN A 11 45 M 4 i 52 A i
T, BRGTER RS AT, Lz AL BE 2 B —E R BRI 0200 by,
O it X P 45 RO AR 2 ST AR SR AR ST TARRY X3 2 —

Williams 4512931 5 Zhang 25204 23 G165 5 78 bR 250088 7 s 0 B s ik s o
Fow, PRI PRXHTA , Eric 22050 P 75 7 F) B E0AG: 2R AN s g
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IR SR AR 3 G BB AR BT 5T

O TR AN A, R R [R] IR T A B 01 52 A B Hosseini-Asl
AP0OT IR T GPT ARAY, 320G 1R SR A, A AR A S
W RGATH . B NEIENRI A NE .

23 AKEING

AREE TR B ARG SR X E BT AT T RS BUIRI 4. B,
REMRIEARGI S, R R G0 IEN TR 35 2R 58 AT 55 RS &R
GEo AT RS, AT TGRS 2 HNE . BT ARSI XS
[ 552 A= 8 DA B T R AR [ 52 A B = AN R AR R A S RIS 7 1o FEAT:
SRR ARG, AEHIRERET A SHRREEES . XHERME T 3R
T AR 2 e O AN 4 T AT 55 B AR G i T B
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553 LR R EE R R X T I AR A AR

BIE SAENMREEMINEOSEREER

B i 2] B (4 46 2004 2R T VA B AR AN Tl U JE 7 1 1 v
A . AR AL SRR, AR AR XS AR RS (] 2 S )
A B2, METR AR ZXHE O ] T RRR R i AR R, U2 2 A R
ARG, SIS A RE S . TR, B2 5) AL e i SO i [ 52

BRI — A, A ARG T 2 A BERARE S A4 X 3 ] 52 A= JUR R o A2
Ao 2R S DR E A SRS O HR A X 35 A O AR S T ASMERRIR, S SC UL R e
SRS TG BT SCULECAR S s8R, IR LA TR ) S 3O LA™
AUSAH BB ARTE XS b S5 LATE SCRIAR RIR SR, EBORIR SR 2 8] 1
I o L S VEFEAISEAA Y /Y, A2 BENS 3 30 DANSCSSOM A Ty 7 8 5 IR A
R R

TE ISR A B SEER IR 1 AR T7 YR REAS B0 AL S TR S PR B R 3 A
ZRACIIA R RIS N, SRR T 2 B R A

3.1 Rk

ITAER, XA AZ 2] TSR M 1 K . 45 Z BB HE A
KA BRI 3 B S A A R S NS . A PR AR SE B K e URE
B, BT B RS A R 2072090 by T SR ik A R R G R R B R R
ZE| T W T BR . 753 8 AR AL i A > 2 AL
i g tE R X AE R TR, RS RS AR i R A N B, BT
K THAET SRS =, Zm o Sl i 21 e TR AL i e T A2 B “RERET B
“ERAHE” S5 ToE R

2] AR 22 4 2030 B (Knowledge Base, KB )( 4] Freebase*®! & DBpedia!*’!)
REAZ A By PG R GE AR BN 11 o IR fe B R I e 2 — 2 R A 55 - )
ERRG i A R A AT AT, JFFE IR TR 3R A R SRS, 25 AH I Y
BE FEAEE RN “FHR-XR-ZER =odp. K, BERAE
RPN RFR ERBI R KIR KR, a1 “BRH-ZE-m37 . il
A X B IR = 04, e A e ) sy 192210210 s fig (i JY 1SR4 55 0] 25 3
SCAHSCHY IR, JUHOE R FRBRME, an Bk FEFRYE?Y. 2T
) BRI A JE , DI, WA b ] DA 35 | AR (AR B LA ] 2 5550
P 5] A ) g

JUAE ] B2 SR 1) A XA Y, OB AR S B AR A e B, (H
ASCASE [ 225 2 S A 1) R0 ) 0o Tt A 284 B8 8 EL A SR R T B R 0 T A BT — o 22
PH. — 02 A H 0RO TR BN AN e g BTG BT SO R Ay SR S
WO(BIFSEITRL) , AR RF X LERIR S B AR FIR, F E SRR
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T RIS WA (BISEARYHD .

231 BT RERREE FEBI
Table 3-1 Examples of knowledge grounded dialogues

ID il N2

A FHETS Y FHTZE?
Who is the director of the Titanic?
B: AT RARE.
James Cameron.
A TS RERERHE!
Titanic is my favorite film!
B: HUHIAYZ M RIEAN T
The love inside it is so touching.
A FAF2BIRE WS — R R ?
Is there anything like the Titanic?
B: FIEAFMMTIENT P2 i AR e
I think the love story in film Waterloo Bridge is beautiful too.
A HAF2GIIE S — R R ?
Is there anything like the Titanic?
B: MHIS R A

Poseidon is also a classic marine film.

PRI, A TAEE SCT M EIHRR R 7=, HFER3- 144t TR
i -

o HALPLPL:

TEXTERLZL o, X g AE R AT SR A RS A DU IC He e 2 X iR 28 )
Z R PRI . SSRGS ATE A FEEN SRS S TR ), R o6
() = TCALRY FARA K R BRI R A Zy g R A ok . (BRZEHLT, M AE it
BT RS R E R RIA , AL ARSI B H A B S S SR (BRI AR
SN ) 56 R AL,

F-TH RS 1 AE 2 5 T RBl. XTSRS T 5Lk “Z
Wlews” #fTMhe, Hd, WG 12— pg g O0aE, mxdiE 2 2 A0
PR R IR, AR R 2 o B FIRTHE LA i — oo

WAL, SRS R A0 5 PN 2 AR 58 4 L 55 F P 8 S 1) TR SIS AR B HL g =X
AR KR, WAL S AT A I . BEE, X8 X AR B A2 N sk
(1), T 3E S S AR AR 3«

o SLIRYTHL:

EET RIS, A —FhE WG, MG AR — R SE R
8] 55— AN — i S SE iR . FER3-10, XHiE 3 FIXTiE 4 1% AR H)
A SR “RIBRTES”, MENAEFNEES “RERTS” B2 XK
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553 FE 2R BEAEU R A O I A A A

RESERTRIASEAR . SRTT,  SERTAI AR BL ¢ 28 ME DAE i e XSk A A e ORI
PRI, S T 20 e R AU 7 SR 14 7 B 2 o AR a0 e R R 2 g R = e ok
AR FEXFIE 3 v, SEiR “ZRIETCS” SR BT R A
JREEMARL WA 4, Seik “ZRHJese’s” ML W T H IO
Fr R LT AL

FERX XS 7 B, 3 PN A0 T AR RO S R AE T S T Y
So s YR RA A S SR A ARSI, R G LA RIS A . e, XF
TR AR, A BT SRR 2 o

N TR B RRAE X P SN S I B A R Bk A, A AR
H T ET 2 A EEARNE (Neural Knowledge Diffusion, NKD) [{X i3, fid
RUREAS BT R ZEXT AR LA UEA T W SR AN A R AR 38, DA s 0 55 s 4
PR ) 5 X R T A PR S 36 . KD AR 2 3] 4 iy AR TR ¢ = sk
FYUCRE, Hl T BN A IS P EAR A RIR S, e 2R A A ¢
FIARCLY SE A A 1 1 52

Zi b, ARTARRM 7B P AAER RIR I 2 A BER 5 2, R HEE
FECPCHC A LAY RO AP, F G 1 2 W 45 S B T BB ] IS =5 P& 215X i A
HRRR IR . SEIRER B, AT ARSI NKD B E5H RERS A 30
AN ORI N2, 1152 N2 TR ) TR S A R th g S e i
Cil i

32 tEXIME

AR, 75 B AR 2 by 209212 1 s AR Bk T XA IR Y e . AR
Bl z mimim AEA], i s/ METE GRS B SR BRI R 22 ) A2 A 1Y
[EI/E}?%J [207,208,213] s

REXTTR S 5 TR M kR, A T RRMEREIR T, BB s A
ENBEAFAEZFEEZZ R @, AR ] T80 X AS [R] A0 H8 AR B0 i el 52
Li 2281 Serban 21541 i1 Cao 45151 % B i3 6 22 Wk 4 22 10y a8 R [l R A 1 4507
R L, TR R AR B AR S E AR X B T AR B A R [ A AR
SR . T RRE A I A A, Li 428 et TR T RO B AL B ARAY
NGRS Serban 255 | Cao 251991 1 Chen 251214 fi i paAs B AR S DA
HERR R A ALY . Vijayakumar 25081 Shao %71 1 Li 261291 G T 00048
RIS 20, JUHZ B A BRI R /gy S fips oy =X S 20 ] 52 i) RLSR o
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W AR = 2 MR = SRR O — AN BRI, IR A A G5 T
ity 2] Bt Ko AR R P R
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WAL SCAREEAY i) 48 32 R HEAE TR FaRAT Y2 PRI A0 2130 Zhu 45 (%3]
R T REIS AR IR A S R R 2N AR A H Y 152 AR 454 s Dhingra 2211861 41
H T RERE AT Z R XIR AR B R IR HE AL M LT ER TR, A TAEARLAE
AERIR P AT T S A ARG 2R, I b 4], IR RERSAR AT
IR TE SRR T EE T BRSSO AR 8L, A 5 2 BRI AT
FR R N2

3.3 EFZAEMRIEER X ERE

BERMAER X = (x1,x0, . xn,), ALAERHRYET 2 M AR 5
) 037 ] 52 AF R AL A A B ok R R K B RRSE R ) s B 4] Y =
(V1> Y25 YNy )o Ny Fl Ny 43 5l i A5 ) A4 o A vh 2 73l E. il
e K 2 PA “ER-RR-FART —oedDE IR e i s G, Hrp, ik
FNFARER 2 RN LAR

T ) R ARZEAR TN 3-1 7R o B2y 4 MSEH A

o —PIIRFIBULHRE B AME S TR B A TER) X Jhd e B RoR .

o NIRRT RB A TT AR ESATE., L BUAIH By 5 DL EC A
SR HL

o — NEEXFE EF SR A H RNN jE g S A s HRIRES, A
X W FoR A RMBVE AR, F4 T SR a8 R T AR SO i s 1)

o —NEISE A AR A R AR E N Y .

AR PR AR G5 A0 1 J2 X R - AR A s A 70 A A sl 1o e 428
ZEXF A R PRI RN AHES
3.3.1 FR-IHEVELR

FORFEBALEAL T RNN 1 28 M 45565 BT R TRl Ao M SRR . 0 TR
AN BER AR B, A ARG A 1 37 17 RNIN G ATER) X A T4t , 714331
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ﬁ¢,%%%%ﬁhh@WWﬂﬂﬁumN%ﬁAuﬁﬁﬂﬁﬁﬁ,ﬁ%~¢
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Figure 3-1 The multi-angle knowledge enhanced dialogue response generation model

pSIAY ey 8e ST BURE UM TR I N 7l (R R 8 Sl IR BN AN 8- T
TR ORHRA A M 5 28, S BB T R0R A 0 AR 2R 0o SRR A A SIOR A
Mo HRAG R A HL A AR R 3-2 7R

3.32.1 ELIA

AR X FIBURAS B | SESE PO TR L T SR
PP B 2 92K . B, B A A SRR DU S P 4 92 A
i 75 2k W5 A 1 PR 77 5 B — 2L T 52 SCA B AR 5% A 25
F=(fifo S, ) (ARRSSHRIARETCA ) o 32507, 1251
BoR, CHIRIEET BRI ANk, Sk CHREE TR R “Fe
JRBE ST Mk R RN S TE A ARG F i, T A DA
BUSEE FRIFIR hy = (g, gy by ) Hob, RS H7h 95 T
FIETIAFER , IR S ITAL IR R SRR % R AR IO T 2R
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T - 005 |1
©| #eR%e | EwetE 1997 0.001 ::
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A WR | ... |0.001] !
N 1
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: TRELE : TEETE 0.45 :
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(N 1 e ! !
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Y1: EBETRI8E, Y2: BHS, —MEARNSHER.,

Pel 3-2 2ty S S i e R i o] S B PR A SR B Sl by s RE
Figure 3-2  Structure of the knowledge retriever module in multi-angle knowledge

enhanced dialogue response generation model

K F TR i A N2 ) i A RE R 5 1153

bl JE, SSORFE ATE R Z R &M, RI—1 0 2 1 Z[EpIH R R
Pl LB AR AT AR EAT AT, T 22 BP0 (Multi Layer
Perceptron, MLP) SR T8

= MLP((hy . hg D). 3-1)

AT AR G AR AR RS, bR TP R SR SR, OF
ANFEAEARF NSRS F . WEB-29 R, R X+ (Bd A2k
oY), BEELE A M AGEA R B st . Rk, XS DT s AR
RS Al CEWHE - R BdRN (BB ) AL REas 152

HA LR AIN RN . R B R RIS i P SO A R SR SC B S 8 e
R SRR R S

BRI A X A A XA XS A SR TINBCT- 0) J7 TSR 5 1 AH

FKFLFR €

Zk hf
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3322 Y EI

N T AR B AR R EAE i ATE A P A 2 3R (B BT SOt
SRR, BERLE SRR IS SEE AT IR A o BRI RF T R R e e i o
AR 5 2 SR MR B B SE AR 2 [ AL, RBA—A> 0 2 1 2 1A
AR K o R, A TARRA 2 )2 BALErT » Aita:

ri, = MLP(hy . C7.e,]), (3-3)

HAr, ey BN FERAIHRAZR o

HAR B m I HT N, DRI R E = {eg, ep, -+ en } B N5 24 H]
By VB R AR L SRR o X BESL IR T LA ARV R R CF [l
I A5 3 -
_ Zszel ik

ZkNil i

[l 2 K32 Y B 1, ESR—R T, W AERRYILECER L “FRH e o7
TH-FE AT - RARE” AR RS2 DR ICRT BORAS TR A ¢ R 4. iy, T XE A
R RAAIEE =04, MR =R ARR SR TR B —E XK, Ft
S5 I SR Y USRS o BAS AR — 28 X AR B AR Wt
O3 FRAFAISER , e ise s B RS SE NG, BT BRI AL RS 1R
TRXFIET, WAERRA AR AR =T, B, Lk FHEWS”
PAT TSR K R SO, Gl SR RO, AIR SRR SRR AT A
USSR T R AR S, SRR R R 2 B AR
N2

333 ZRINELTXIESER
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R BB A RITRZ AR, 105 T AR M BRI RS . R SCRNNfY
SYINOL R Wk
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(-4

h] = RNN(h{,[C/,C*1,h] ). (3-5)
B by BT I A A T iR S R 2 S A 7
334 EEEMER

[ 52 A A R BT RNN S5 A AlA 2, A TA) AT R TR ] I 3 37T
Az, A AR RO R AR R R SR AT O R R

[543 A R ) S5 R AN I 3-3 BT« BTSSR AT, 7 N CF iR el AT
W% . A4 C R bl CF R C* BRI RN, & RFERMXERE
FIARBL R L e BRI SRR IR AR B A TARBCT 1 S Ay =X
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Figure 3-3  Structure of the response generation module in multi-angle knowledge
enhanced dialogue response generation model
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P15 N 1€ R 0) = p(yy|C, R O)Hp(y,lyl, = Y1, C, R 0), (3-6)
t=2
Hrr, 0 FIRBIRISE
55t AT SR AR R E SR
Py Y11, C, R 0) = p(yily,—15 51, C, R; 6), (3-7)

Horfr, y, Shyiald b s R SR AR AR, s, ARG EE RNN [ RS .
o [IHERBRINMALES: [ IHERE B RIS S A T M i 7,210
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I, S5 ¢ AN A AR i R A

P |yi—1,5:, C, R; 0) = p(z; = 0ls,; O)p(ysly—_1, 54 C, R, z, = 0; 0)
+p(z, = llst;H)P(y,|R, z, =1;0),

(3-8)

Hrr, p(z,ls,;0) i logistic FIIHTHEAFE], p(y|R, z, = 1,0) HHATHKEERE R, 0
AR SR

FE RIS AR S R, AR SR S R E R, S FERE A
BUTUAR S, MTTFR AR A B [ 52 A 2 Rk o BRI, 24— AN RR SEA F 2R
Jei, HXER IR R BN AL RAG, DA R B A . o TR RO R R SA
EEHNNA H W E SO, A AR R R R i A TR AR R A H R AL
R TR A TAERECT WA 2 ECE Bl -

(1) A TH6ryay Z 3038 57 7 % ELERF A i AR S0 i) 2 500 o FE v
W, BIFEATR O, ML FRIANEE A B 28 B ;

(2) A F A8 A Bt 82 B — M MZRZ% 3T s, Ry, R, Al
Vi1 N NEA BRI FR SR — AN I R B

it = DNN(Sp Vi—1» RO, Rt—l)’ (3'9)

HIF R EE T BN

R, =iR, , (3-10)
Hrbr, i, WHUEIEREIAE 0 2 1 2 6.
334.1 {BER

BRSO Bl . SRR S R AT AR A 1 M 25 S5k BIAUE ] &
(1, PR a] DA 3 v 38 i 1 07 2 S ALk AT 04K
a5 e YNGR EE
D= (X, ) E ), (3-11)
Hrr, Ny @ iEm s R, FAE 5359052 815 B 5 TR AAR AU RN TR A4 i
A
H AR eR A S/ M SRR USR

Np
(D,0) = - ) Y log p(¥;|X,, F;, E). (3-12)
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34.1 BIR&E

RS 43 B 0 X S AT R B 1 25 ) A 2 e 12
N B R, AR AR B A T — T A S AR AR 2 R R &L
gk, WA N & BT 2R SR M B RIRITE , I8 E S T HIEA K A PR IR o
Bl e AT . BRSNS ITHE BNE3-257R

232 A ERRHE SRS HE S
Table 3-2  Statistics of knowledge base and dialogues

T % ARG % BRI i
SORKCR AR —OudeE | B \ MR TR
152568 4 766854 \ 8121 \ 24856 88325

AR TAEE S NENZ B SO AL M T3¢ (https://movie.douban.com/) 3k
BT R AR E R, OB, EBH. S, AR,
RIG, ATAREE E A AT AR K &R, FFRHA GO =4, MR
HIE K.

ARTAEMIEH KA BEAGE (htttps://zhidao.baidu.com/) FREX 1 H:TFH5L 1
WL AH R 2 N2, RIS 32 S/ N (https:/www.douban.com/group/ )
JIBCT f & P TR ] RS2 ) IR N 251 2 e 0 s i - BlS , A TARGE
TRKEATE, WA LR FAFERIUES . AN ST 20 AL SR 3 5%
PEHEAT T FR ) K HK

CIRVNIN V6 RRE =€ PO NTR V6t IR N =0 T [ 2 AR = A I AR 8
P& S, MR SR AR D PERIE - Bieda e Bl o B T R R R
BlINR3-3F 7R, FEGIR B RIRSSARE A PR &fon . Hor, #E6I T, 2 3R T 58
PRAR S A AR NS, FEBI 3 Tl ) E s, Uil B AR X N A7 T
FHE A FITR SR o

342 (=B

BORAE PRI 32977 BOWHR LS 104567 £i54), 3 Bkl T 1%
8 (32177 %) FIMLEE (800 £%). A TAEMH XL LSTM1O (i, 4
2R RURMERE Sy 512, | F 3¢ RNN f# ] LSTM ff:2 RNN HUG, FR4EREN
1024, Al A 4E BERSIR I e 512, AL, SRR 96 R L =imim A S50
FEYNZEIE AR, B ] Adam EALEIE BT A TRE R BT, 45—/ INMIEER/N
2 80 FYREOL N, BIRLRAR T2 140-150 FYIZREE L

"https://github.com/liushuman/neural-knowledge-diffusion
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Table 3-3 Examples of the dialogues

ID X N2
A RN E R 2R —TRHL s AT 4 RE R 2 Skle s
1 B: WS . DIMEEANEET, HRANER, 12188 ER EHET
A JERRfR S T
A (LMY, BT RERIE try
B: H R ) B A
2 A AETIRICAE T, BB A EEMINE vy F21EREREZ
B: AW, FEXHEE, RLFFEENG o TiXEH)
Ar i, RERMTHELTE T
A SRIERE LSRR BURME R Sl G W& R BAE U SO HE AN ?
B: #0051 )
A g, WIESE
B: R, KRFEEWRE !

343 BEiER

A AR T VA TSI Sy BE LA 0 5 T4 it (W 6 T 2 A BE AR 1
X3 1 52 A SR TR A T

o Seq2Seq 2072081 — A ] J5U G RNN 2 - 435 44 i 4 7 51 AL 31 P 314k
ARLAY

o HRED!"®!: i fi] 238 RNN {2y 4 - R 454 i A28

o GenDS*: — ANl M A T YRR HE AR, AEAS AR IS A I
IR A X375 T

AN, A TR B TR 1 v SR AR (5] 10 AR e 8 M T 2R B By v
F7 T R R AR R S BEA TR 1 -

o NKD-ori il i J5 UAARRD SSRIEL T-HERD 1) 22 5000 3 7 AL

o NKD-gated {5 [T A 1745 H4) (4 A0 25 1 L T8 00 1y 22 50 3y Yk
i,

o NKD-atte > {ili Jil J5U 14 M T #5808 2R 50CH 3 )y VR AL

3.4.4 JEMNIERR

A TAEFE B R T HLER PN R A LI PR A B BB T PRl . A T 50
UEFSEVEFEAN SR BB A R, AR AR BT TS0 ny 1) & 1A dk
EAIRE AR BT SSARHER A SR R T T AT PR EAR A 3
A BRI A iy 1 A I S R T 0 s B AR PEALE S, #5000 2]
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3G HER . 0 FRBIR e R, | FORBI P YRR WEAFAER R, 2 2R
ENFEARIE, 3 FRERNREE IR .

345 FLIGHER

R34 TR SE R REAE (B4 MBS BRI i) Bt
PR AR, DA A S i SER %R . NKD-ori Al NKD-gated 7EH£ {4
Bk R IAL T GenDS, BAUM T B AR B (A B 4E ERYSR THAH
B M EBR R 2R . X UESE TR NKD Ml GenDS 7 A: it 355K [ 2 A4 1]
ENE ERIRE RIS, (B2 NKD SRR [ sk 3 5 AR S

F3-4rp ) = Fh NKD AR &ALt GenDS #REA: A1 157 5 22 1 S A4 [ 42
N%5. LSTM Al HRED B AEWSE A e BOR A S, E2 A R4 [l HPAH X
HAK. FE=Ff NKD ARSI, NKD-gated Az i) SE R A HEG 5 A A [0 5
B, AHAE B SEARBCR IR /D | NKD-atte 28 i A SEAS R 2, (HUZ HERZRAH
[ AR — L8, Ui B T AN ) ) G e M AR 8B B XA ) 7 L PR

2 3-4 20 BTGOSO AR A R s L ALAS PEAL &5 R
Table 3-4 Machine evaluation results on entire dataset of the multi-angle knowledge

enhanced dialogue response generation model

ey FARAER A (%) FARAMIR (%) T

Seq2Seq 272081 2.6 2.5 1.65
HRED!"#! 1.4 1.5 1.79
GenDS™! 20.9 17.4 1.34
NKD-ori 22.9 19.7 2.55

NKD-gated 24.8 25.6 1.59
NKD-atte 18.4 16.0 3.41

35 N TR 4 R B UESE T NKD SRR IL 9, JUHZAERIR LA
e . LSTM I HRED A i [nI S A B m g im i e, AHALSOR R Bl B AL
PERISZ B2 “FATITE” . K T A JCiE X . NKD-gated fEA42 A
B R RR S A BA BRI IC S, 10 NKD-atte 5 i) T2 OE R 910 52
NKD-ori FPEREMI /YT Z ). FEFRIERE S, 4 ARdE 20 RIS I P74
g, PREN R RS TFREE RRA AT B R IE A Y Kappa 2R %070 518
0.67, 0.54 10.60, FAFEIMEN G Z B BA R R —2E.

BEAh, NKD [ 55 —FhAZ R, A T IATL B AR 8 A s Dol 28 RO BT vk
18 5 B 5 A RE A Bt 4B ) SR B AN A = A PR — ey B A HER
AR, AR A R MANRHRAR o A< TARHEN R AN ZRad B2 A R T fe)s
AL SRIRANIR I T 3, (EAHRE R S i) T2 e IR B 58, I IR BB
IUEREN 4= sURios
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Table 3-5 Human evaluation results on entire dataset of the multi-angle knowledge

enhanced dialogue response generation model

i) Vi 74 d S| NAY i B i T 1

Seq2Seq 27281 252 0.88 0.8
HRED!!#! 2.48 0.36 0.32
GenDS™! 2.76 1.36 1.34
NKD-ori 242 1.92 1.58

NKD-gated 2.08 1.72 1.44
NKD-atte 2.7 1.54 1.38

346 SRR

K 3-6 250 LR R B 5 R ERAE ) B T B A LABLES DRAG 5 R
Table 3-6 Machine evaluation results on factoid question answering dialogues of the

multi-angle knowledge enhanced dialogue response generation model

sl FARAETOA (%) FARAMIE (%)

Seq2Seq 27208 7.8 7.5
HRED!!#! 3.7 3.9
GenDS™! 70.3 63.1
NKD-ori 67.0 56.2

NKD-gated 77.6 77.3
NKD-atte 55.1 46.6

F3-6J R TR IUAE AL A 2 BN 1) T B A b A B R SE AR I TR
A B, NKD [ PEGERE =T GenDS, 1M LSTM A1 HRED i T & H T FF o st
IRARER LA RESE X —E 45 . =Fh NKD B[R] SE 907 AR BEAS 5 3
60% | 70% Wy SLARFNHHERR 2, Hp, NKD-gated ik 3| T g LrERE, Rk m5]
AMER R AN [BR 55528 77.6% F1 77.3%.

347 =BG

F3-TIE R TR A S A [ A B R, ORHG TR 2 AR A G S
SEE B SERONE, AC AR R A2 S5 44 REA% 3 i 25 S D bt b 45 1 1R 1
MBS TENTE 3, M PSRRI, A AR R R S5 [R] A
REUS T LAY HUEA T RS A MRS B N . FEXG 4, 5, 61, BIA
TR IR IR I B R AR IR SR, (R AR AR IR AR A5 2R 45 gt R o 5
PR B e A8 ) F 2 AT . i TR — R R SR 2B RN T
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— R RIS, AR AT R A RSB REAS AR g s 15 R AL H 2 5 1Y
pSINAS R NEOE N

23T 20 BRI IR 52 A RS R Il 52 N 2o il
Table 3-7 Examples of the responses generated by the multi-angle knowledge enhanced

dialogue response generation model

ID

AR

5L ik 4y

X0 RNABR, AR

Duckweed, casts

Yo R g R R
Hongda Guan Jiufeng Shi
Zhi Cheng

Qi Wang

NKD: K75k A Eiff 2
Hongda Guan Jiufeng Shi Qi Wang
Zhi Cheng

X, WIS~ e RCR 5o, W17

Just spend the whole night watching the

movie Silenced, a little depressed now

Y;r WEMRE T, OB

I saw it last night and had a hard time

NKD: “Uhf7, S
The film has an atmosphere make us

rethink something

X, i ie R BIL P AL
We FHeFA BGEER H 7, PER03),
AN/ (HEf)

Which movie most representative of
youth? I’'d like In the Heat of the Sun,
Flipped, First Love(Sing Street)

Y W TFHIRS
Kids Return

NKD: (fE-BY (4
{Love Letter) {Once)

X, WERBLR FAERA RN L R, HA%
R, BT AT ASE PR R AR

Can anyone recommend me some
touching movie, tears streaming after watch-

ing

Y TS5 EALY

PSR T —4
Gift From Room 7

Memories of Matsuko

NAf Ay %

Hearty Paws

NKD: #§2), x4, ,,

Wedding Dress, these ones,,,

Xy SRAEREBENG T HERLSBE L 5 R A5 r
RAFHELFHE MY 058 i 52 v 1] B HE BRI
HZ !

Burn brain or suspense movies please,
recommend me some burn brain or suspense
or horror films please! suspense film which

are less popular are ok!!!

Y, COTREGHALY «Fdy idy
{The Skeleton Key)» (Identity)

NKD: ##yid

Identity

X, BiTHAETE

I’ve seen it, it’s nice

(T

B

Y, (IRJLARN?
{Orphan) ?
NKD: i A7 #3252 18] O H-sr 00 5- (60
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(% E0)

ID i ATER] ] 52 i)

Also Inception
Whisper of the Heart Whisper of the Heart

Xy ARG, SRR Y SRR, DR, FERL, 1408,

MR Y B TIHE T . Rec, A Wicked Ghost, Dead Silence,
1408 phontom horror.
I’s abit boring recently. Any goodhor- NKD: # 7 JL # & F
ror movies, guys? I’ve watched a lot. CLILIATZE Y . CHERR DY
6 Recommend a few I've
seen, €A Wicked Ghost), ¢hide and seek)
X, WAEHELT . EAHEE? Y NEEEL, RATIREMANER
The Others, hardly call to mind
I've seen it all, anything else? NKD: Ffyid, #dERE. BEPrgsik.
FEYI%
Identity, Fight Club, Interstellar,
Snowpiercer
X5 B, BRI Yy (R, dEHIE
{The Revenant), nice movie
Have seen it before, really great NKD: FRAR=E R AT A7
So what type do you like?
X, ok Hem RS EEN T Y BRI
ZAKCXRAY The Girl Without Hands

Any awesome animation like Song of ~ NKD: 5 ZIER

the Sea, please strongly recommended

B2, FEXHE 7, A TAEFOR H LSS B0 RES ) B i & A &k
AR A N, X2 R AR A i B SEAR B At IRAE I ikl v, A2
A BRI, XA TAR RS2 sat Jr Z —.

35 KENG

AR TARREXX G [ S A B RIAR B Z AT, 4R TR AL T RIR A 2
A REIE SR Ty 3, BT T R T i B b 22 R A5 R RR RIS . A
FRLPLECAN S AR ARy 2R B S A AR A P SRR R N 2, fE
AR SR 2 8] S AN R SRR A, [ B A A0S SO A i R 2R A o [ A2
TE LS T F R R L SEIR SRR SE TR HE L A A B g A 1 B A T X
TMFIR SRR 5 N2
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F4E  ZEUHTRSRA XK S B
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XFECR A E BR A 2 2 22 AT 55 X35 R 48 P A DAL, TATT RS 2E18 B
ZRe X AR T B AR S T AR 2 AN i T AN (7] e A PR A ek
[BIFREOL R ZR SR fcale 9 TARRRGE I 72T B 53E i Busig e SCRR
RIS G PRI CLA A B, R U 3773 3R 8 TR P B 1Y
HEARBEAG (7 K R R Z R, R G5, (B2, XM i oA 1E
LT BN R, 2 T A AL A RO R . AN, R
TRIF TR BTG S O ESRAE 12, ] ()R A ) 5% SR A Ay A 453 1]
EEH AR, 2 1 U PN R STk ) A0 S A A JZ 0, S B LRI Rl
(TR R e AR SR, TV DA TS 2R r S5t ) 2Tk

N T PGB, AR TARR I T —Fh 2 2 ORI TR R SR (0 TR AR B
B, RN BBy 2 S AN N2 L Ul A A S 2 A N A [ 2 454, AR
PETTUE SCH I PN 49 B 25 R TN Btk B R I O RRY BRI R, 12
SRS IE B A M RERZ AL BB ) o IR S5 R IIA TAERR M T2 2k
RITFUE 8 X RSB BR A AL REAS S 25 0 T R AR, AR R WA By k& H
FRUETH A BB 9.3 A

4.1 R

145 BUNE R G REEAE BT T, (A B ARE S B A P s 2 A4
W (A& T BIE. BESE) ERELS . MEIREIBE: (Dialogue State Tracking,
DST) BiAURAESBNE RGP AR O, TP P B, IR H
PR RT AR LR E B W, AT 55 A0 E R G0 SCRE RS G 2 ph 0 & 259 e
A5 B PERTRY e PG R B SRk 49, P EAR AT DA 2
M PG ERES bR, A HPER, HXIEME. X—
TERALF R TR XIHEIRA (Dialogue State) » XE IR ASIE B BYUAE 458 X%
RT3 B SCRIAUE S ST HB B P E bR, I 2 X F R X
4}{7{&[134]0

Fl4-1 (a) 2451 T Z2ATHIN SRR R, AR5 A4
SRR AP EREL R PRI S TAE . 78S bR B 22 S0 i IR A 18 A 2
Hr, 228U RS (7 P REAEAE U N AT SRR ) Y 2 2RI R R &R . B SE, —
KGRI RE V0 K2 AN, BN, FEH B P T iR T = R B T 2
A H ML X E Y, Hotel (548) SSRGS, City (5258 P £ 3T ) 1)
BT RERI N2 Flight (AL3E) QU P AELRL Destination (ALIE B a93t) WfE, X
PANRE 2 () FEAE U ) ) O &, BAALRR 55 R BN [R] S ) HIH G IE . b,
56 S G i S — PR AR AR R B N 1 2 AR A SRR M E R, 5
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12 75 B ) 52 J8C5 DI AH ¢ AR 67 BB 48 [] a0 & iy IRl — e sUE ge e h i B (B
TTAE T REFR EE 2 R A RB e A3k, BRI, SN s A2 P
5O MAE 23 (B B ) 4 B2 E BA SN R &, W1E4-1 (a) FiR. TE Restaurant
(B7) Sk, EpZEMe) P8BS T FindRestaurant (43R A4
RGN NEIFEERT) X—HAER, B, g &2 A o
City (BJTFTEIRT ) F Cuisine (£/T ek ) (KMH. WA MR P A B S
T ReserveRestaurant ((RE M FATERGHUE— NS WETINAE) X—HF
B, FEH RSN Date (TR B H4) Al Time (Fogatil) pyfi. A&
EUR R, AN R A A RS T ) SRR R AR A], X S 3CE A2 8] B9 Bk
FEJEMAFHEA A o Q0n] AR 2o SR, AN [ AR 37 A8 903k A AR 45033k 1] | 5% R /2 X 4if
RSB EAR B IR KT R 2 —

ALl 0 O (A B~ o 3 R e 2 N e B
FE LA R B Y A, SRS AR 2 IR S S R A, PRV EEEs . B
2, XFOEHFATER PSS AP EE, B, XFRNELSH AR B
AR PR O R AL )5S o (RIS, 3280k H 2 TR T R B SO I 56
R, HET N B IAERE SR P RS, 28 T [l — AR B R R 2
[ AT BE AL S A I P &R

FiAb, FEIRLET VAR WSS, A i Sidel 2 [l ) i el A i
El4-1 (b) BT — e BN TN B WE, ERF, T IR S %
R, 2T ORGEERA N ZEE PR T g5 . X Fhaii )
1) 4 T 422 S5 A0 220 T e P RN AR (B 1 22 2 IR ORI R 2R, X - BORH % 1 Sl T
M BB SRAE ME, BIALE I SH LS Gl B E B R R B2, 45]
NHTHSTIE ], N ELGERRF 2 K AR AR, BB SEOTEE TR &1, RIRT
BIRIPIZ AL g

AT R B, A AR TR B R T S S R A E
¥ (Intent-Guided and Domain Independent DST, IGDI), %t 2 5T K0 R
VR —Fh. E4-1 (c) BN T IGDI Jyik i B L5 BB URG . ATy VA TE N L2
M GIATHPERE (BPSERETTEA ), BAlaegEd i Pk 2K 5
AFEE TR [, A5 VA RS Ui T B o114
Tz A B, B ) T S B A i) 36T SR A I
22 ) - P L [R)A REAN N BELEA o dl a5 | RS Sy i @ s
BB BENS FE TN TN 2% . S N ¢ R AN [B] 56 2R = AN 2 22 > 15 31 5 I e
T RN

SA F, IGDI JryAny L sty vh & =M By a, BIOIER. EIFNAE
BT e FERFFERE T, AL I 25 R) il AT A Y A ) e R I A £
ZEMIRFR . J35b, TR Z AR AR, BIAGE A — LA I 7 il S
BN FAS BT B B R AR, ANRVEE 2 (8] AH (] 25 18] 795 38 5 B gl o A
H I 28 B OCAHTE « T F P R AT (52380 2 Pl S e iR, o A
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domain : slots :
[ ( domain : slots :
‘ Haotel ‘ ‘ name ‘ r‘;ﬁ'j -
(" domain : slots : Y Movie ‘ name | categorical
‘ Restaurant ‘ name | categorical name False
city False location False
— nts :
cuisine False — date False
intents : yMovieTickets
- name False
FindRestaurant
date False
ReserveRestaurant -
time False

\—I—l)

city ReserveRestaurant | city
”Reserve a
cursine restaurant table |cutsine

\R staurant for the user”
) !

”Find a restaurant =7 ol
according to / Restaurant
the user’s date date
preference”

time time
FindRestaurant

domain, domain,
I/ ) ‘ ] a \l
\ o
7S -
city cuisine name date  time name location date

FindRestaurant

ReserveRestaurant

schema description

(c)

i — hard_connection
\_ ) domain O slot D intent )
~ N~ == e soft_connection

Pl4-1  AFBEEHEET; LB

Figure 4-1 Examples of different approaches for modeling schema structures
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(L2 TB] Y 9 2 i BB BEAS SR AT 55 78 SO AE , @ U IR I —37), Jodi A
W de b hPORAT . (R, T w3 SR e, BRAF AN R
GUHRY KIRK AR, RS TR S RO [T R A0 2454, (R RERE 45 5
i ) 20 BESEAL TR A AU CE N AT AR T, AN AR (2 U A 1 S I
KF BB G b R R, Uk R i) 5¢ B 8 ARl A A2 2 R TR
SCRMEARAF . Hekl, A TAERA T Rastogi 2 P00 1 A B S AU XHTIRZS
BEER, WEA R S, RIS, RIS AL, #E A AR S
SOAH R . PRI, S — PRI RiE SRR, AT AR X R ) SCAR AR R i)
X FIR . W R /R BIAN4- 157

H 41 HEHE B

Table 4-1 An example of the schema structure

T Rifae ! T b
Restaurants &jilsf, A leading provider for restaurant search and reservations
FindRestaurants =ya! Find a restaurant of a particular cuisine in a city
ReserveRestaurant = Reserve a table at a restaurant
City T IA City in which the restaurant is located
Cuisine i ZIA Cuisine of food served in the restaurant
Name I T IA Name of the restaurant
Date i Z YA Date for the reservation or to find availability
Time T IA Time for the reservation of to find availability

T R T Pl 5 A RE BRI R SORH S BB, T 2 % e BRAE Xl
LR N T, ATARE A 75 B M 28 5 TH B IR R 17 R s . ik
O, ATARMN T ZAL55 22 T b TSR, B2 o [l Ik S i i B RS S 1
PABRAS BEAF Y RN o

A TAREZ GU R4 SGD _EitAT 17 5css, ML W& A NgE T MR
HELE R B e IGDI ALY HEAS [F] I T - i3 AT CLE R TN RE ST,
T EEAARA 5-6 fi. BEOh, BRI B PERESR T U NI, e B
A 9.3 M.

42 HEEIIE

B (S 2 R 2R B SR I 22, AT L X IR A S TR AR
A N RV (PR R ) TR o5 P9 28 o T BT S S PRI R —

S TR 7 Sk SE N R A . W P A e TR
AL AR P o 55 2R A5 2 UL g A A AR (S TR (74 . Chao 45 (2181 (i ffj BERT!15
A g G R B 35— A S ) B IR A, SR e i e i o T S A
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OEAHEIME . Kim 25 P11 S0 HTIR S8 B AT 45 O — MM S i AR
IR SR JH S 31 g ¥ Tt 0 g AR (SR AR B0 A SR B A S P A B ¥ A O
ROREAEA . Feng %5 P8 fputiik &5 in i Ak — A9 B 541 1, 523 ()
ANIFIFY BERT UM F)1| A5 20 43 5050t iy A A AN 4 B A T4 A, ARl ad v
pEWAL AN eSSy i Y T P S PO [ WLk oS K g v VRS S8 W0 ) VA - EVA [
Lee %71 325400t i N SCRIAA SR BB R, 75| AR 51k AF
A FECARIESE 78 Az BON Y A 67 A o

(H2, 228U BRSO A R A B SE I 2 N7 000 I {5 ) {7 {12
TRECZ MR, RPGIEEEH, WOk, SFEURHETERE Y, i,
WRE W TAETFUG IR AR] BLXF AN [ SIS 72 8] B 25 A A A5 L, AL STk
A S AN B] (5 B -

ARG R SR B TAEG ] TR TR =, Rra B ahf @ h 14
B, I E# 4R 4 (Graph Neural Network, GNN) X4 SR yEA T H 0T o
Lin 25 U161 | B I 25 771 %% (Graph Attention Network, GAT) #RHEUZE#4K(Z B
SESR R R, ITRE S (0 R Bk A GPT-21O2 S| A 2 DA A Bl ¢
HORHERA . Chen 4191 G T — A YRR I VERC I 262 > B TR SCNT R AR
FoR, I R AL 08 EA e i 28 ) 2% SR IBORE (37 22 TR 17 R B AR L o
Guo 2O il 7 —A 2 WL A (X305 P TRl e e, oS [ B (S B IS [/ 4
I B S0 R TR LA T, DAk G5 1 A BT 4% L P R . Feng 25 0°1 (]
T G i A R BT AR (7 22 (B R AR, FRARPERG B e 17—
BRI 2%, XRS5k R AT B A HH

A TAEWE A T 3T BRI N LS M T (2, Z Ry LAEIF %
ATEMEEF R IMAR R, Hi, AL E TRIMVZ R KR, S0
BB ALk R . SRR, AT/ R, Bl A2 FAE
AP EAR N RAF KR B EARE AL [R]HY ¢ 2 d AU iR v . 1ok, 2
FIT ) A B e o 20 S R, ol ) TR A ) 00 0% 5 g - 400 P9 AR 3
A2 SRR AR RHR, (HR A TAE R, AR R SUsk)E T AR &, 1R ZE
AT, 22 TR) ) I e 1 SO B 5 R AT SEAS 3, AT RSB AL AR
T A ] B 7 A AN [F] 2 R FITR S5 1 O AR

43 BFEZRRARIGERIERTERER

AR AR BT B2 Hh A BT 22 J28 R TR 5 1 X bR 8 B A 2R ) — 2 ) i
ARG — AN Rl AR B U R . Horp, SRl Ay o) BAREXH 1d
R P T NI (2 22 R) ) 49 S5, I B SRR U= S B AT IHE 2 e X i 2
IR FR o T F X PR, — R AR AU RAE FH 2 >0 X R SORA 2%
WA SR, M AR AR A . e, — D TIRES T S 45 &
TS [ALRIS Y S5 56 28 B R 3R SRR S HER T T

B ) BEARSEF AN P 4-2 i 7s o AR AN B3R JRS T i BRASEHRUIT A 2R
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BT, M2 2 R T AR U 19 25 B b B T AR o ot 2
BT ARG, (Restaurant) WyHIBEEHIBOT), OREEEHI PG R
AR R

|I Dialogue Turn, _ \I |I Dialogue Turn, \I
| [ System Utterance,, | Q | | System Utterance, Q |
: 8 ([ UserUtterance,y | : : 8 User Utterance, :
| ] 1 T tim e serie
( 1 R T [ [E— T
| ‘ Utterance;_; ‘ Schema Descy, | | Utterance, | Schema Descy, |
| | | ‘ |
| I | I
| BERT | | BERT |
: Multi-Head Attention : : Multi-Head Attention :
] LayerNorm I [} LayerNorm ]
| \ | ) Schema Structure Graph
| 1 1 ] TN . dom ——
Feature. | et ) | O ) _  domain < do
Extraction g \ | = )
\ I i /
( 1 T T T T O slot
I Schema Structure Graph | I Schema Structure Graph ]
A0 O ol! g <o ol () intent
T Na T ¢ TN T ~ PN J
: ™ O | 0] o ) : \O O | 0] o T
11O © O 1 e o O |,
| Multi-Head Attention | | Multi-Head Attention |
| | | |
| LayerNorm | | LayerNorm )
| I | I
Spatial | | | |
% I | | |
\F\xslon . . i J
( ] ] 1 D
| H Recurrent Cells ‘ | | ‘H Recurrent Cells |
| I | I
Tttt [ |
Temporal | 1 1 1
thslon | I | L
’ T ) N
| Y | | |
| ‘ Predict Layers ‘ ] | ‘ Predict Layers 1
: I: active intent : : ':: active intent :
| slot status | | slot status 1
| | | |
| categorical value | | categorical value |
Dialogue : non-categorical value : : non-categorical value :
State ! carry over value ! | carry over value !
\Prediction | | | 0 .
T T T T

[ 4 e

Pl4-2  Z 2T it iR A Br B Rl A s ai bl

Figure 4-2 The multi-level knowledge enhanced dialogue state tracking model

4.3.1 FHEHENEIR

FEAEAIURE A 3 AP , BIATURR . 2 PRIRIAR 57 A B SO S B i)
BFER.

A% TAEGE A BERTUSY Fiil| GRS 2000 [ SR 55 b Ay 1] B R o T JRl4-2 07
T, R B G R AR BRSPS AR A R B A ¢ RS 1
K, A R A [SEPYM W « BERT 20K A SHETEATVE NI, FE2E A%,
MRS UO = (W), i), b, m BRI R . 2, 45
— AT SO A B A R R, o, S
5k T [CLS IR 2R B VE AR S i L3 o TSRz sRAS 040 s 3R
FEE S D ={d,dy,,dg vk 4k} FH Ky, K K i@t S Em
i AAOpEE e

— R GURI A R — 1B Z L3 /7 (Multi Head Attention, MHA )
J2 S AT S S L A R SOR SE N AS I FE . RN k T R AESS ¢ 5
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X PR Fye B SE 7 =T
F” =MHA(Q=D,.K=UD ¥V =U"), (4-1)
F" = LayerNorm, (F,*), 4-2)
Hr, Dy 22RAN k W R, 2 DT
432 ZTEFERER

25 A Rl AR AR AN A5, B —A 12 S B e R 2 D 40 7
FEOL A AL 5 25 TR S5 AR AR A SN o A IR R e Joi I o 2 W) 285 4 A 7
FHEA TIPS T A T U A

4321 NELHE

B B =BT A, A IR R e R RS B
HALE 1A 8, VR A BRORASAFHE A FZ S ) IR . BRI A
Fon P TEZ S Rt B E . — AR E BT A None AT EIMHIZE, R
T Y AR RO A B, BIHE N A FNZ T K A A R AR e
AT R ST 55 i 7 B AH S S A

PR, ARSI T, A TARE ST S FhAS RIS B Y A5 56 2 o AT s i (]
— AN ) A R A R AN R Y ok R AHTE , B <domain-intent>
M <domain-slot>. WAL, 7 EFIFEALZ [BAFAE 3 M7 KX R <intent-required-
slor> FR FERPIRE LS AEZ B BN B R SCoh el TR, HF
AR IR IIRE il . <intent-optional-slot> 7R FIRARE AL A B ) RAE %R
RIS B sed, P OSBRGSO, Brl AR, <intent-result-
slot> FRZREALIRE SLE AT DA RGN BARRAEM AR, gl FE A0 iy sl 4
NG, REIZGHF

— I EELE AT B R B UL L A-20 A 2, TR SR H AR SRR G
Fed-2fR .

4322 RREMEZMLE
BT NEEE, KON k WY RS ZR S ml g an s oy U 2] -

~, (1)
P Py — — NP U — AP
S =MHAY(Q = F,K = N,V = N'D), 4-3)
~p(0)
S,f(t) = LayerNormi(Sﬁ ) 4-4)
N _ o1® p(1) P®
S, =85 &S, &S, ., (4-5)

Hoepr, sy BAUY k (T EET R p FTR, N RTEELT R p 19481,
(R RAS), PRENT AT RRLE . FAERATY i A
WA 28 4 1 288 240
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42 PREET R SOR SRR

Table 4-2  Definitions and explanations in the schema structure

5 L (R | fir Rk
domain TR BHY BT SR AT 53
intent T BN P RIS PSR B BAR AT 55
slot T S8 BT N AT: 55 BT B 1 <idel o s vk
<domain-intent> Y SISl A 5 ) i
<domain-slot> iy SRR S TR A R 3 ) 121
<intent-required-slot>  }#4% KIS T N 58 B0I% 7 L BT L A R Ao
<intent-optional-slot> %42 KBRS T AN 52 BUZ B B W] BE TR ZE AL

<intent-result-slot> B REEAEIENSE O E G v BEVE IR 0] 45 SR AR

433 FEFREER
ARTT YA S N T A SR P — 0 s ) R R BT BRI AR 5 X 37 P AT G HY
A SR BT SRR, I Rl AR U E e R AN [+ 8 2 ) R A ] 2 [
AR SR R AR RRAML, A ABEEAY AR 2S ) Rl LSTM BRCAH
. LSTM FAICRATY s Y Bl A8 iy S [ 22 L E—H2 i LSTM BURSAVE NS, i
A RS- PR . R Y L 52 LSTM BICiI S48, 2REN & 1Y)
T A 5 ) - PP i AT
7" = LsTM(S", T ), (4-6)

o, TV R LSTM BIE E— Bk AS
I AL A, B AR R B SR LA e o 4 TR S TR
SRF A SR 2 O 9 2

434 IHERESTMER

FEARISRBAYAT R, RIS B8 RIS AR A 58 X33k v 1) die A 25 [ %
AEXN Ty, Ty, Tyo SFRARESHIMELSAAT U0 T PIAMAESS -

o (1) Vg BT FOi A e d A i s

o (2) FECLETN: ST A 2 B 58 3R Lty Rl (S A0 1 A (24«

4341 BHEEHE

AR TAEE A — A Hi B4 M 2% (FeedForward Network, FFN) FEN, 3k k43
AN — M55

l; = FEN(T}), 47
AIASER A SUEAEE AR
active_intent; = arg max(softmax(l{ ), (4-8)
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Jorh, 1] RSN T A S S . SURIOBAE RN None Fr,
EAFERIEI , ZGURERAR PGS, A H AR S AZ U T K, B
A b2 TR X TR

4342 {EAE

KT SRS PR RYAE SRR AL ROR R, HIAE
(LB A O TS5 . 7 SR 0 o 7 S5 A R 2.
Rt A AP AT FHRHRR A, TR RAKHI. 2 H 0
KT AL T bl Ty 0372182201,

AT ARG — RIS ZE 4 FEN, SRS RS

slot_status, = arg max(softmax(FFN (T5))). 4-9)

HF Noroozi 25 P71 1 TAE, A TAREMLRE B AF08, P 1R 4 M 57 A R 25
FLFEA T T

o JEFLE (Inactive): ZRFEXITE NN SAZAELL, FEOEM E—R X%
RASTHIRR . ANZAE AL R H BT RS, RS EERIA A RIGE null .

o AYEE (Dontcare) : AN N AR RN H FONE B XA ARS8,
PAEREBEE Ak A [dontcare]

o 3 (Explicit) : ZAE A EAF XSG gk X8 2, HAE O {EAEA TR X%
NETHHAPSERSES S (H P EEREEOAE, SRS TREOE, P
Z V%) o ZARELIRE A EEA X TR T TR E T .

o X (Implicit): A8 A7 AURE CLAEAE A S X1 WA AR P El R GeHe
(B AR TS5 25, %A AL A AL N AE A R R S T s, HAE
A eI AL 4% A5 ARt FLARE O RS (E B 2 BT R e R Ak . filn, 78
W R AT ERE G, JS4kSUE Flight (AL32) HRENL Destination (4
I8 eg3e) (WE V] RE f FTE U Hotel (5248) W Ciry (48P ERT) kK.
MeEy, M PR EA S RS LOgf A, M@ ean HHFRIE — 5241
WIRREE” 45 2 S B AU Al (VAT E A%

o 7 (Recommend): RGEAEAFXTIHNA TG T %A OHERRE, B
JE PR o 8 B 20X — A A . OIS, AL A R R O S
TERENIFN R, DARS S Eh il v P 2 % E G O, B ANAE AR RS
TR

AR TAEMEH— DRI 4 M 248 FEN, AEh HA 2 X0R 3 3RS W] 4 6 Al
i (FRFRAZAE 7 G E B DU R AL ) BAE S T 2 -

F,=MHA,(Q =D, K =U"V =U"), (4-10)
F, = LayerNorm,,(F,), (4-11)
value, = arg max(softmax(FFN(F,))), 4-12)
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Hrb, D, @G LAl (L (L SCASR A, PR (37 (L B SCAR S AR ik 1
{ELFR AR B o

A TARRE 55— SRR 22 M 2% FEN, A8 BT 2 X4 i RS i A i) 23
AL (RIS G E SRR A B e, HAR L E M3 _E T SO s
B) AORECLETNZ , A G AR LA EA SR T N A RO A8 ok
Mo, AR TARGE A SRR OB 1) 22 S T B AR M 48R
AT S ] ARG (7 RS 1 e A OZ A IR BT

F, = FEN, (w, [0 : m— 11 w,,[1 : m]), 4-13)

[span,, span,] = arg max(softmax(F))), (4-14)

Horr, wy, SRR A CEAERFAE SR Bt 22 S A

N T ARBURZS H re XAUHE LR L fEL, A= AR B 2O P S X iR S &
GHEAAC R AIATRR o AR (LAE Py S X RS MR SRR R PP AFAERS Y
{6, WERLERF BB MR . A5 00, 5hE (S A S EL RV H A 3 74 JEL b (57
Bk,

AR ARG — AN A% T J2 000X B2 R (7 B2 2% A R 5 A 1521 -

F.=MHA,.(Q=T,K=C,V =0), (4-15)
F. = LayerNormC(Fc), (4-16)
value, = arg max(softmax(FFN_.(F,))), 4-17)

Horpr, C 2 D7 X IR AN 22 G 4 75 LAt 5080 ) (B A B A R i R 1) e 1 23
[B]- B 3 27 o

435 fLLBHR

P TR PRI T ) 45 2 TN A LA L i B Z TRV S8 SR, AC N L g o
REALIR S B UIZRA 2% 2 TG RLREEH B AR RLRZS Z S SR, 12N L grarus »
1T I O AEA F AR S AR IR IR Lpapues 72 PT I RAENL, AAT 53 SAE (AN
WAL REL A TR AEL A H A (B S LR Z A

AL A B s e/ MU B I Zas 5k -

L= Eintent + Estatus + Evalues' (4‘18)

TEMGETET, Loapes WRIEIEFRGOLPSHEATITER, NAEHERSRE P, R
(AR TG O ESHEA T T 5

44 ERIGIT RS

AT TR T 22 PR R O RSB B R R R A L
LM SRR NI KSR AR
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44.1 HTFEFTENIEIR

H T WA YRR RO, A TAELE SGD $iisE P Fik 7 75585 . SGD %k
A2 Y Al E R AR B AT S5 B4, HP B8 2 Ui 2 S 0 HE Y
X N A FEARAS , DA e SO e ik . A, Bdia s st & A3
SR L, RRIEIARIALAZALRE T . I, A TAREESE T SGD A YY)
PERE. B4R 77 B 16140/2482/4201 Z5 YN E/FF RN, B IR RN
463258 45, BRHETA 20 e, L EA 86 i, Hrby 4 e AHE
T A GE B U s B

AT FZ B TARRRE—30, A TAEMH T N agirmais

o HEE KER# (Active Intent Accuracy, I-Acc): LR MERGTHI A & E
LB

o HLEHPRMERIA (Joint Goal Accuracy, JGA): 448t o JH o fiki e
BRGSO (IR B BB RS O AR (7 () R0 1E i i 48
Bl

o K ILECA HARUERG3 (Unseen Joint Goal Accuracy, U-JGA ): o 4%k (HP
SUBBAAE AP i B ) 14 500G P B ) i R (LR (7 (R il
MR R e ER L il

A TAEME 7 2 B i — 28 TAEDS R A B S $5 45 B AR 2R AT PR FE AR Y
TR AR R BT O — 3L

442 HEZIER

A TAER U0 i -

e ChatGPT (zero-shot): iZ TAE2— 3T Transformer RIS #F L5, HE
KM S A R U 2R 5 BI AR, 57 1750 12380, A T Hu
a2 s R R Jr v BRI 184 (R AIRE 4 B SQL 4] ) . FA% R
PERIHE BRSO S A, B ERRE R A SQL 1547, HE 1 — A 5 b PR et
B G SQL EAIFEATRNT, SRIXHRIRASTINSE S . % SR R T
22 G

o SGD-baseline*: % T/E R — 211 T SGD $dlidEr) TAE, RIS
T— N ERUR , BRI R RN SR W N R, HER AR b
PEATAT AR S B T o

o FastSGTP'!: % T{E)sZ T SGD-baseline fRI T, - 7Lk
B WU T W . I, % T AER T T RN R 5 S ek T L 137
LRI

o Seq2Seq-DUBH: % TAEA A T s E ity R IATRRIRA B B AR
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o DSGFNetP%): % T4E(fi i 75T BERT 14 A0 2201 B it F 284 50 2 i ot

51



IR SR AR 3 G BB AR BT 5T

AR AR, ORI T R AR bR S8 o B 4
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443 REISLH

N T RS —5, A T/ERM T BERT-base!™ fl il iz,
FASHEREBI IR KR (h— A RGEAM—f FEmglUR) k25, §%
B KR 100, [0 2 M8 1 B R 4R R 256, 2K 3ER IR 80Ch 8. T
HE BT M 2 20 2 2 EGIPLSCEL, 0% R LeakyReLU . MUY 51 2
Bkl 116.97TM, B Adam (EALSEVEIEFT ISR, 23] FE N 2e-5, 14
SRR LEAT A 24G NAEA/MG GPU _F5ei. FEVIZIT =5, A 7 s
gfasE, MO UM TGOS, BIR4- 18 (s IR TS . AR BTIE
WA G550 10 RBEHLIAE 5 P .

REIRHL, T TN RN T R, TERRSC I, AT
VR T B E TR S8 (fix) FMIETIZA 250 (finetune) PfsL
BTE:, AT T 45580 % RIS HT .
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Table 4-3  Result of the multi-level knowledge enhanced dialogue state tracking model on

SGD dataset
S 1] » - ?NE
By Y ey s I-Acc JGA U-JGA
g
ChatGPT (zero-shot) ChatGPT - - 154 15.2
SGD-baseline BERT-base-cased - 90.6 25.4 20.0
FastSGT BERT-base-cased - 90.3 29.2 20.8
Seq2Seq-DU BERT-base-uncased - 91.0 30.1 23.5
DSGFNet BERT-base-uncased v 32.1 24.4
IGDI-fix BERT-base-cased v 93.5(£0.43) 33.9(x£0.87) 26.9(x1.06)
IGDI-finetune BERT-base-cased v 94.2(+0.30) 38.2(+1.45) 33.7(+1.84)
IGDI-finetune BERT-base-uncased v/ 94.3(20.33) 37.4(x£1.54) 33.0(x2.10)

TR AR UNFEA3 TR . A TARRR B R 2 2 ORS00 3R R
R ZRAE [ S B B S O R P R 2R i b 5 B U RE e i i A 6k
SRR, FE= AP R AR R . o, S T ISR A S B R
BRI A H P HERR SRS R R 5 DA b, AR ) T AN A A Y R
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WIS 2 O AR S S . BRI O R 05 & TN 5 B B
T BUHURAN , A ITTAET Y L AR RO 3N, (OCRASTIA 55 K
LA AETFL R TSI B AP T o ) cased AT uncased PRSI 21
IGDI BUAEERE 2R, S0, KNSRI RIS
TEK MBI AR -

B, 0 T AP TROILBEH B (BT 100 122 HUR DA EROBER)
Tk S SIS HPAEAE 5 R 54, A TARSHT T ChatGPT 244
SQL iy ST RS BRI BERIERE . 1T ChatGPT 955 i % 41
S8, ORGPy H BRI RIAR WL £ H BRI A AT 2 AR P e
SET ) ChatGPT UM LR (6T BEA BORIR I/ M, St HRER
SP R TRE  NE CAU DI 6 SN € PNt PN
B RES 27 B RAFH AR, (ELR A TR BURAE A A2 LU — 2
BBLEE: (R, BER ISR 5 A BRI S 257 . X S
) SQL IR B 6 A R 07 SR LA NS, BEAES 2T
5 LAY LA R B T, A AR PR BRI — 5L,
AL S BB TR UMM I AL, FORERISE T WU 4B S
1) IGDI-fix A FTILE L5 T ChatGPT (RIS, X PEREAT HE tUiiE T
RETBAL A FLBHR SR —BU0 R RIS T RSO (E 55 A0 5
1115 B AT T
445 HBZREAR

h TSI R BESRIA A, A TR T ki A A 9 5
e T

ST

o -spatial 7 FE TR PR GL2 IR R A6 R TR L (L T
KIEFIERERR L R4-2h 05 3 BB A7 .
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Table 4-4  Ablation study results of the multi-level knowledge enhanced dialogue state
tracking model

AP I-Ace JGA U-JGA

IGDI 942 38.2 337

-spatial 93.9 340 279
-temporal 91.6 375 329
-spa-tem 915 345 287
-heterogeneous 94.1 37.7 333
-multi-task - 369 322

o -temporal [ T PR ARE, RIART LSTM oo, fURMEEFRAIXS
T AT RS .

o -spa-tem [n] [N [ 1 R EIFIRE (L2 [R] AN [f] ¢ 2R FH IR A .

o -hetero TEAFAEAMIL. 23 [H) M B il AR Ee o 22 ol ) [ 5 90 28 3 S8 i 1
FIER

o -multi-task FZ[5% 7 204- 18155 — 0, R 5 I Tl 4 2%

FIARRY A AR R 2R ] BERT-base-cased 11 il ZpA 2L .

THRLSER I 25 R AN R A-4 7R o« R Rl ASEE15- 3] - 2 EIFIARE (2.2 [R] AN [6]
KA A B AR e 2R AR LU & B AR HERR 28 hn 0 52 i K, IGDI-spatial
B2 FN IGDI-spa-tem A AUFE X P> bn_ AR B SR AT, 110 50 358 T 33000 ) 52 e AN
Ko MBFAE EXTE B E A, Rk T P IGDI ALY AR ATE &
IR HERR 38 EAA I AR, RS LAY B A H PR E R 8%/ . IGDI-heterogeneous
R A IGDI-multi-task ALZFE Fr A 1 = A $ahn E#A — @ MRAL, XUE T 5
JOT ) 2% L5 A 1 22 A 55 2 ) RS 3 BIBE Y B 47 i 22 ) B R RIS 67 1 o, $2
BT 1) = A8 hE

AT BT AS TR0 31 i S5 B0 T 0 2 e R 5 e B A (R BRAE MR S8 O T, A T
AT RIS P 3000 4 e 2R AT R (SR 785 0 0 i 5 AR 57 (1 Pt 0 A 23 1 4
fife , LB A RANFRA-S TR . NPFOA [RI 2EBL R A2 fH_E ] DA% Y, IGDI-spatial 152
AU IGDI-spa-tem FIZUFE P FP S ZY A A8 (57 0 HERR 2R _E AR AREA SR, 7Tik%) 6-8
15, IGDI-temporal 5 HY f %A B /)N, 1] IGDI-heterogeneous #5578 A1 IGDI-multi-task
TR R RE I, CLFEAE A A R AR RS TR 2R 1 AR 2 B D1

R A7 T ) iy 4 17 ik 52 380 RS bR 785 0 30 A Ay 23 R (S Tt v A R 1) 52
Mo o, SN (] 6 2R 1 25 R Fil A AR XA (57 DR 785 1 T D A 5 BB R S
IGDI-spatial 52l IGDI-spa-tem A58 AE 7] 43 JEHIAN W] 43 S8 7 _b A8 RS
TN AERG A EERA I R e I R SR OO R SRS HER A —E s
230 1-2 5
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Table 4-5 Accuracy of slot status and slot value predictions of different variants of the

multi-level knowledge enhanced dialogue state tracking model

R MR gy 0 AT AR
Bl MR CIRAEE (T AL REORIRE RSO
- R AR AR

IGDI 66.6 76.0 75.9 51.1 79.4 61.2
-spatial 62.5 70.1 79.6 474 71.7 63.9
-temporal 64.8 73.3 76.9 51.2 78.1 62.4
-spa-tem 62.9 69.5 81.8 47.0 68.6 66.7
-heterogeneous 65.9 76.1 74.3 51.1 80.4 60.2
-multi-task 65.0 754 734 49.9 79.3 59.8

1M 5 5 S KA A 22 AT 55 2 >0 W RE RLRASHERR R 52 AN BN, Bk T St
S5 JE WS LR SHE R R 0L AR RAR T, SR PN AR M 25 25 2% ) 2]
RO R FIRRR SO AT, FERBR T 2415 )R, BADIATEX — b5 1
AT T

T EEERZ, BT A FSERA R CLPS TN R AR, AR
BN RSO SRR N ] B DATC R L HEG AR IR o R {57 Y 0 7
=R

4.4.6 FUHERSH

N T WP EAEA R R IR R s B A Rk, A LA A 7B e
FEAMIAE I AR A R ORI PERE, WR4-6F7R . A TN R Gk
N ERACAR AR AR U XS R RE . SR ARIC N 7 BT B
SRAE NN R R AL A S TE VN ZRAR PR I B Amic oy % 45U, N Hotel (5
b ) R Y UERAE I AR AR BE R IR 5 — I B E N R A, i — R
Blo XA, 4TI HR LAY AR 45 A2 I 2R o th B O

MEHRTIAE i, IGDI AR e LR PR REHE H T I iy B2 A [A]
i, IGDI e DL e Tt (R 88 =) ) AR BESHAEN R, JUH
FERIIRIC A H AR THERA A LU AR Uk _E3RTHOR . IR T & 1A 49 2
ZER REAS L AR A (R B O R W ATk B A P fE

F PR R R RN TR A ) T PR TR AR ARl 7 £ 55 A ] %
AR, BN TORE R R X B Y o R A R RN A R R
[RIAE ARG O 32 M SEAR AL, PR AR R 20 S SR i B P T ST BIR 5 i
R K R & R IR A R BB B R R G AR R 2, TS A K e
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Table 4-6  Joint Goal Accuracy of different models on each domain

oS BT XFR XK SGD- Seq2Seq

g A B A ChatGPT baseline DU DSGFNet IGDI
Homes 2 11 19 421 27.7 18.9 22.8 225 27.6
RideSharing 1 5 8 0 13.4 17.0 67.0 564 303
Travel 1 6 10 0 9.9 415 44.9 483 447
Weather 1 6 8 0 26.9 62.0 57.9 68.5 755
Hotels** 4 19 33 545 11.4 28.9 34.0 33.1 42.6
Services** 4 15 25 32 20.2 40.9 47.7 454 512
Movies** 4 15 27 296 27.6 37.8 439 42.1 56.2
Payment* 2 4 8 75 13.3 11.5 7.2 73 17.4
Messaging* 1 2 4 0 7.0 10.2 4.9 5.5 17.4
RentalCars* 2 9 17 588 6.6 8.6 6.3 5.1 21.2
Flights* 2 13 20 80 9.4 23.9 15.9 166 23.5
Buses* 2 10 18  66.6 15.1 9.7 16.8 127 272
Music* 2 6 12 583 12.2 15.5 12.3 11.9  30.6
Restaurants* 2 12 21 476 12.0 228 13.0 170 352
Media* 2 4 8 50 27.8 18.0 23.1 208 364
Events* 2 9 15 533 10.0 235 31.9 320 371
Trains* 2 10 18 7718 6.6 13.6 16.8 164 409
Alarm* 2 4 6 0 52.7 57.7 55.7 533 64.4

20 AVA RIS R NS

KA AR RERY S A nT AL AT A El4-3 s . [ PR SRR
BRI R R EEAR, RN OIS H A ER R . B PR ZBOy
RO AR A [T 2. w] AR AR R oM i L (3R R Al
IGDI), FiHERAEEREIGM, SBas A ERT 2 TREE . EXR
OB RAYIGIN, A A R B ARG 2 (8] i 0 FR B X7y e WA, DRl e
MR AR A5 FRE ST IBWIAL /N 3K — R THAE SRR T A 45 1) B AL -
Seq2Seq-DU #il SGD-baseline HBAFAE, 2R X R SCHYZR A e
WETHPEERMEAREE, PSR U A B AR 32T bl 20 245
X3 B P AR T % . o, DSGFNet #l Seq2Seq-DU B ¢ 28 H &R 1IN
i R BRIV RE (AT HE IGDI BB, i H] IGDI REAS X 44 L5 HEA T B 42 i
(7. SGD-baseline fifi % X 72 BRI THIMERE T I B 2208, X2 Hh
AT (U A 5 X3 N AR RS AT O, AN JER IS BN S, B4t
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Figure 4-3 The relationship between domain discrimination and domain joint goal

accuracy for each domain of different models
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A TARSR T O A 3 50 04 7 YA G AR IR AR R e, 488 TR A [l
JERRITR B R, ST TR B ER B R PERE o BRI X8 R P AR L A 7%
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%% (Task-Oriented Dialogue System, TOD) [KEFEHS B P og il S s o 4vink
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Figure 5-1 Extractive basic model structure for dialogue state tracking
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B, HLE R GO STRI A H, (RS, DS — M Rk 1
PORAS, X i A, A

s'=W/H, + b € R, (5-1)
pg = softmax(s’), (5-2)
slot_status’ = arg max(pi), (5-3)

Horp, WA b EE AT S R, RO BRIk 4 Anone . dontcareflpredict =
FE O o

by, RO B LS U E AT H, fEZet A8, 15804 — M A {EHR
g KR RO . X586 i M8, A

[0 =W/H, + b € R?, (5-4)
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pl, = softmax(l}), (5-5)

pL, = softmax(l%), (5-6)
label_begini = arg max(p;)), (5-7)
label_end’ = arg max(pi,), (5-8)
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Figure 5-2  Generative basic model structure for dialogue state tracking

XA i AL, BEIRLRES S BTN SC U, AL s, RIS 23R (prompt) Jy
P X;o Gty R A X AT ants iR 2 IR H;:

H; = Encoder(X,). (5-9)
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FEERH, AEUR H BTA R S R G U, U US| R S P
AU UL, - UY R A
BHJS , AR AT Bt A i b X S A A (AR -

v; = Decoder(H;). (5-10)
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BEXRI TR B B AP A E B R MG N SRiER A A 2 S 5 ME
ANEIHFEE IR, AR AR BIBET T B R M 7 ML AT 55 2 R 0 Bt 4 8
%, PASEIN GRS . RTINS, RN ZRTE RS 2R AR Y
R, VR R AR RE

54.1 ETHERERXHERTEREREELE

A PR 2 PP, TR 2530 B 5 A A0 728 5 R 38
WL, ERIAERIA T . — R G RO E IR . —Seh o
PRI OT %, BTEA MM AR, MR,
PP G T 3, B BRSO ST A (R T —SEA A i
KRR CHBARR %, WRIGEGHER S, RRE IR AT, LRI
A, IR CE I B 3 AR, MR T2 T R AP, 2
W REAFALETE S RORETE R 7. T BUIZEBERA SERPERE . KB AM AR
R ARG T I o BT T 1 ] RO TR . SRR B e 15
i) T B FR A 6 T BUSEBEEL P AR, A7 B TR TR . St — ki
SUEE U R, T I, K S, GCEERE S P A S T
RIS, AR AR ST M ST A TR AE HE X R AL TION . SR, % — e R
B SUML, W AR RIS, MR AL 15
BRI, SRR AT A AR TS, KM B H ) m ™ A 0, 6T
TR (G (T

R, A T AR T GRS o R, BRI, MEFTAR
B Ik, DA R P RCA I 2 R, SIS T 2 AL L
R, B TR B2 S R0 % X 1 SO LR, DA
F BT

SRR C RN p, LEACIRTRAGITE R, 00 8 e 4 6 0 A 3
{i v, PIE— Ty, AT T 3 FOR RIS AR

o AT DM p 0w B E LT AR TIIUNK];

o MM DARESS p AN o IR u;

o HERSWRFE: DML p AR TIIIUNKI B o)
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TERCRH SR A AR, A TAERENLEE ISR A . I ERAIERS BT AR RS, 15
B 5 e R

542 EFEFSEEAXNERTEREREELE

B TR AR EXE R, WA IR S A A A s i g D iy . [
i, BRSSO SE 2T, AR B A ST 5538 S5 4 A A
R, BREMEK, FER DI ERMEAE 5 2 LS 24T 5 .
IR 5 Y538 A 4l SRR, SR, FEXTTRIREE BT S, T EARIE
W S iR Z R0 H AR TS B P51

TG, RAHEE N A, AR e AR R B R A r R
WA S A OB R 2R o« R, AR RS RE AR AT & IE R AT 55 2 5. 4,
EFRBUEX— =N, 20X, —Fh ] GERAE 7 B BN 7R A - “Hy
M SR ——— YRIEZFRT, WNRAE S B . RGN R TR
oS TR S, AR ) PR OS24 PR . Tl R b AR 1
B B R4 B BT 50 R AR 5 B B RO - R GESE ) P R A 1R
U PR, AR5 R PR S S PR (XA 45 2, RED8
RERE IR SE AT 55, AT ALl . B, Ao O N “H s ——R
JEAFE—— IR, BRI S 2 R R as e m P R)E , T A e
FI, ANFFE S BT 5 18 DR I8 RS0, XRE OB RMK IR 45 R 11T 55 12 1
NEHGHNE

R, A TAESE th T B TAE S5 B A B I S B T4 5, DATR3
WA Z FEME BRI BRI YR . BRSBTS, AR TAE
ik, BH Te—HAGHIIRF a3 EE AR, BT &304 AniE 6) Rk LT g
BEETF, AR ARNESFEE. W (“REANE, “BITHK”, “HEH
W7, CptERE) XA, FEITENH P BERTHFR, R H
FHEstAE NEL, SRR P AR R T 24 0%, BE SRR P gt H A
AR FEXTIE M AR FIE b, RG] DAFE—FE X3 Tl 30 A FH P g A~
FEAL, ] DAZE DY 8 X 37 T e Iy —— 0 R X S AR 7, BARRB IR —, B
FEAESE RS X — B Ar b, XPRRAIE A R Z 2 AR

BB, ARTAERH T AL B EX I Zhimkeh e A T e 8 o 14
W, RN R, BAERAT

(1) fE55ZHlsE

BERHRLE C, MINGER R TIES BT S B R E G F R A2 AN
PIRTERIREE G T Hr, F = {filfi = (51,50, . 5)), EE—FKIEFEE £ H
HA R 57 44 FRAG I A 7 3

— X FEAS A S5 AR B A B AR - 3 R R TR IRAS D,
H S B B M OE v, WEOR o R E ORI, WPRERT R A RE A2 4 R s, IAE
JEFl . RA R AN SRR R, WP (BRI, CRITAFRY, CHiAE
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NE, e ) ARAMLSF 25N AP EIOT R TR T, IR Rt
B —— BT —— RN B T A SRR, E
BEJE, HIPSEST BRI X —RE LR AL, T AR R LA N S AR
HIEE P T 52 1 T4 ST A

e, [R5 AT 55 2 48 ] BEXT . 2 HA A R 2SR X AR,
X TSR R RE 0T T - R o7 (L D A R 07 2 R A

AT SR ipia 0k € LR
Data: X{ifiEHK C
Result: 35 ik C
M C IS EMESS ZHES F, SEERES T AR EHES V
4C=C
for m < 1to |F| do
forn < 1to |F| do
if (s;, ;) in f, & (s;,8)in f, &£, - (s;8;) == f, - (55, ;) then
P, =P

S; Sj

a v AR W N =

end

|

8 end

9 end

10 for m«<1 to | F| do

11 if (s;, 5;)in f,, & P, = qu then

12 || B S P sy ACBPITRARE] £,, A £ IIAF o

13 end

14 end

15 form < 1 to |F| do

16 | &I £, WRZEREOESE S V P A BRI E] g,

17| ARYE £, WEIREEE S T h AT RS2 4

18| K g TIREALEIA Y d; PRI OERL, R ONERHIIA C

19 end

(2) FEALOCSEHITEA

XL RIREGL s; sy, RUFAEM AT 28 [ [ TR (5505))
ZEI%fm 15741, (Sj,si)ZBEfn iORREIR Efm_(si,sj)=fn_(sj’si)o A A Si
il s; AL ZBR AL e P A Py AHIE), PTDAREAT L& 4% .

(3) (RS2

X F AL 28 f,, WA e R R P AL s; #s;, HXT s
T s ; A7 Ja i3 B AL 55 1248 £, AJET F, WP £ IIAF H e XX R
TSI AR dy, -y, B A B R R TR R, HRE R R
BRI T
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(4)  PhBde Lk
XTSRS TS IR F PIYE—RAT5r 28, RS 2 T rRy
(i, AR AR & V R UEATRENLIS 2R, 152 B RS ALE 1 & o
Horp, MEEHEZAE R OIRAES 2, RPN SRR, PARIE g;
BOA HAEAE, A R AL (B S /55 SR B [ R 2
RIS, EFBENUREE T A R R R A AT 55 B AR BN d; . e, fi
& TR CLEMR G d; iR, BTS2 AR ) it C.

55 SEWIRIHTRSH

ARG T e A AR5 H A Ra 5 05 iR B 5 . R SE 5
B BB SRR RIS LI A5 R A o o

55.1 #IRE&E

A TAEEE AT Shah 251200 ey M2M i S 41 Ay 5 i B3 S A T 4l 44
5 M2M s R 6 5 A AR 4R sim-R Al sim-M, 531 61 5048 )70 L 52 4
G 22 Fe AL 55 BN REE . Horb, sim-R B R &Il gR4E 1116 & I A4
349 . Mg 775 Z%HE; sim-M B R A 25 384 k. TS 120 &
S 264 Z0F 0

Bn L AL 2IMLEs IR gl A AL LRI Sl LA H 2~ iR AR
XPTENEL, ARG R TE, i N TAREX N B TE S, HIE a4 AT
R . X AR E T S AR R IR OE, AR, &
T RAESRAT S5, PREAS AR X — R SR A 158 5 JA R

552 RIS

AR TAEMIS. 3.2 P A SRR A A S W TR R AT B A A . o, HhiEXy
R il BERT-base-uncased !> Sy ffiifll gzt , Az piaX 7 1R i TS-small i)l
FARAL, ikt Adam, HH g, =09, B, =0.999, learning_rate = 2e — 35,
TERPR YR R rp ) R M 7 P B B 5 R M R | AR p = 0.3,
e, A/ MEEREIE RN 192,

553 BB RITMER

N T RAUERZPERE, A TARGEHR 7 S B R LAz -

o LU+DST™: A gniat, MG 30, SHTRAS . REHAMFEI
s, WA, R P SRRSO R

o BERT-DSTP'®): {ff fil )11 2R3 % e A 2 A T4, 000 7 B AR
SMGEIEOE, S5 TG ERIEHLHI AT

e DST-as-prompting!>7 i fil 4 il WAL, B AXHIE P sE (5 B, JF
AR AN [ P BT RE (57 (15 2R AN [] B SCAS A IV S 3 s 5 | A 2R A JSEAN [ A 437
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FARE A

o DiCoS-DST!: &t R FIRIMERL, ZhASTEREXE 7 s shAl XA iEA], M
FE TR (4 SC I . 214 BT A0 R 7 S0 0 7% 1 S TR« A ) S B 5 &
£ 3 SE IR A B A R

B, S T IR TAESR SRR 5 VARG 5k, A8 TARSE IR T IRt
SR 37 P S TR YA St T

o RandStr®?: %75 341X Wb b it B4 — MR OE(E L DA 0.5 AOMERNE
T AB R4 o ) AL A AR LA B 060 S5 B R (37 (42 7 D7
EEIEE e

o SlotSub P29V : 56f i v H 30 A 137 A ATL A ey o M 137 1 4 5 v (4
— R, SR HETRECR .

NTAFHEE, AR5 145 0 HE A B o D v 2B B B i B 5 Rk
PRERR R 5 1 1.

AT A By B ARifERfi R (Joint Goal Accuracy, JGA) VERIEANHEARIAS
Xt AR — 55 T2y H AR A R — R oh WA e A T 1E
FRAOHESS , SR RIS I8 B BT v ™ I B AT 2 — , RIS —F 1
I 52 4 TE

554 FiREER

A TAER) F B EE RANES- 1R, AT IRUESERER I, T imss
FARH 5 WBEALRI GG Fh ¥ 1Y SE IR 45 R 153

& TP Y EIT DU AT A A AR 30 ik YA ) B A A B P A B 4 I K
A HPRHER A . Hr, DiCoS-DST AU B For Ak E] T 91.5 F1 84.7
PHERAAS, iz b H wilf o i B AL e 3.

BaseExt I BaseGen 437 >4 i FH 41 Bt =X 5 2 0 A X ) BRI IR 3B
AT R AR E I S 450 o AH LU A ) SRR PR RB R 25, Hid, ARk
A ITVEALE sim-M Ffa 4 FOL TR, (EACAL R BB (2 2 (K T DiCoS-DST
BA,

BaseExt / BaseGen - RandStr / SlotSub A 15 #f 3L it AR 7 43 1) ) S B B4 1
SRR JE WS IR A R . TR RS, SR A M RE RBAS A B L A
2, BAE sim-M a4 F AR RE M DiCoS-DST.

BaseExt / BaseGen - mix / frame / joint Ay Fh EL AR T 20 551 (e TR A e s | 4T
55 1B AN P FR O YR AL R A TR IR G R S R SR I g5 R . FTDAE I, FERE A
TARFR )RR IR IG , ARALIRG B AR HEDR ZRRE 08 M 1 A 1) B AR A
FHECRT R PR G s T v, A AR s i B 4 s 0 A A Sl 46
BUS TGRSR ACR .

WAL, MERS-1ILml A, BRI A A A i E A A 2k 5
IR Hr, BT RERM T 70 sim-R B A — 487, mE T
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251 ZR TR B o EEAEAN ] BB B ARl A i st Rk
Table 5-1 Result on different models and different datasets of the data augmentation

approach based on multi-granularity knowledge

iy sim-R 44 sim-M i 4
LU+DST™! 87.1 50.4
BERT-DST*'®! 89.6 80.1

DST-as-prompting > 90.6 81.0

DiCoS-DST!®*! 91.5 84.7
BaseExt 88.2 (£0.05) 74.6 (+£0.25)
BaseExt-RandStr?*®! 87.6 (£0.21) 83.4 (x£0.20)
BaseExt-SlotSub ***! 93.2 (+0.15) 75.5 (£0.18)
BaseExt-mix 89.0 (x0.11) 91.3 (£0.18)
BaseExt-frame 94.8 (+0.10) 77.0 (£0.35)
BaseExt-joint 94.1 (£0.09) 91.1 (=0.27)
BaseGen 89.4 (+0.07) 80.5 (£0.55)
BaseGen-RandStr?*®! 90.0 (£0.13) 82.3 (x0.53)
BaseGen-SlotSub ?*”! 95.1 (=0.11) 82.6 (£0.62)
BaseGen-mix 91.3 (+0.13) 86.0 (£0.57)
BaseGen-frame 95.5 (£0.05) 83.2 (x0.78)
BaseGen-joint 94.9 (+0.10) 87.2 (+0.48)

55 RIS RN AR SRR T RO A S s S, BT S5 3G 58 1 05 YA AE sim-M
Wnde EARXTBR TN, R T R s (1 SRS 7RO ST, e ik
ERTHECNIIR, 3k 16.7 S HARERAR

555 S#TkiEsR
AT ST AN [ T A0s SR A AL A b A B 0T 17 AN [RDREJEE (R 3 5 7 A AN

A PRI, IO, M sSCieiR bt TS SLE, DASAS TAER 5
B 7S [RDME FE RS AR ) LR TR
FHIEE S 2 EXEIR A ER 220

AT FRRE A SR O TR B o T YRR R TR S R R B, AR T AEXT
WA BRI R e 0 B 2 RE FE AT T Rk it WEEs-20R .

sim-R Fll sim-M B 10 P XHE R 200 30 5.0 F1 5.2, FASKHEEER o
38 AT 5538 58 R A [ 3 K BE 4y Wk 4.9 1 5.2, BDESHE AR B, WA
BEENERAK,

5.5.5.1
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52 ANBARER SR bR b
Table 5-2 Complexity quantization for different dataset

bk sim-R B gl sim-M a4

X R 2240 768
RRCL% 1 5.0 52
TR 9 5
RGP e (2 9.3 16
LS5 (e (K B2 2.1 3.0
1155 # A= 193 128
1552 P K 4.9 5.2

B2, sim-R BRI AR 9 4>, sim-M BRI AR 54>, w1l
Hoefa PR, wE FrRES A A5 B R AR S B IR A . X — LA
IAE AN BRI S5 B0 |, sim-R B4 I 60 & AT 55 8 S B iy 193
&, BHEZT sim-M EHRERY 128 Z. B sim-R BARde L5 S5 s 2tk Al
(VAR AIUEIRE o e - S ARk A iUk V6 s iR bl W €7k S SR NI DR ER
GBI AR, e CIER A RE S 2R E AR, I, %0551 sim-R
Bnde B R THEOK .

FEG, sim-M Bl , SRR OLER Py Bk ERCRAE] 16 4>, g
T sim-R IR 9.3 4>, sim-M HRE A AL E R K EHRZ T sim-R 4%
Y. HIEREOL(E R ZAEIESR, S I MERE R I, (T R s i Kl
FEBE TIPS TR AN RS A A AR R, R TR B AR
BB ARG TR 22~

5552 BHSEERERER RN

T TR 5 SR SR e m D SO P AR p ST MR Y
W, AT AR TSR, S FA HINIEIS-3 % R 5-4FT 5

153 R TR BB AR T (X R A B B B R, i
BRI £ FARIERR, R B KR 5 SR A MR 1 H (ST
ST (OB 7 Y A -joint. MLl LU B3 M R, 41
MERERE AT, M b, MR R B OB R S 0, BUR MRS TR
.

PEIS-4JFE 7 T P ) W P4 AT [ 0 SR 36 B E 1  l
B, P BRI B0 RTINS, O\ R (5 | A MR
P SRR T M 7 g-mix . WP DA, 4 P4 AR p = 0.3
i, MRS EIR AL, T4 p LR 0.6 0, BUMAOMEREM LRI, X
RN, W% p WK, W OLIENHE A A DATUNKIY B TR UF S,
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B sim-R / BaseExt
B sim-R / BaseGen

[ sim-M / BaseExt
" sim-M / BaseGen

IR MRS REUEN SR EL

6

80 85 90 95 100
JGA

Pel 5-3  ASllbgsim Bt i PO EREO Ae 25 Bl 2 LT
Figure 5-3 Basic model performance on different datasets under different amounts of
enhanced data

M sim-R / BaseExt
M sim-R / BaseGen

[ sim-M / BaseExt
I sim-M / BaseGen

84 86 88 90 92
JGA

Pl 5-4 ARl H AT A ERITBORAE 26 i 4 LRGPk

Figure 5-4 Basic model performance on different datasets under different noise probabilities
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i 7 BB RLE Y27~

N TR ARR AT UNK DR PR RE R Z e, A AR T oAb e iR 7
£, ENIMASKIWE A MRS 5] AT X HESese, FEXT HUSEEe, Adatfsm iy
B 5] A TUNKI RSO A o

5.5.5.3 R ik M AR EEALARI

T 30 4 HT SR Ty 6 R M FE MR (B LR, R TAEE G
T AR T ¥ AN R BEROGT AAR  {E T0 I HE B SR A E R R TS T X 1, SR
FABFEAR LIS AR HER 2 (Status Accuracy, SA). FE{LE ILfEHER R (Label
Accuracy, LA) FIf#{BC & HFRHERGZ (Joint Goal Accuracy, JGA). WN35-307
N

K 5-3 ZREEINU BRI Bt i 5 1A RS L s
Table 5-3  Effect of the data augmentation method based on multi-granularity knowledge
on different slots

- JERRETE S TRAMHN MRS ZG
A K (I Bedhi i) Boba o Bobadisin
SA LA JGA SA LA JGA SA LA JGA

Num of people 1 993 994 993 994 994 994 994 994 993

Meal 1.5 98.7 99.3 98.6 98.6 99.3 985 984 994 984

Location 1.9 99.4 993 993 993 99.3 992 994 993 99.3

Price range 1.3 99.2 994 992 99.1 994 99.1 99.0 99.4 98.9

sim-R Category 1 98.3 99.4 983 982 994 982 983 994 982
Rating 23 98.6 99.3 985 985 99.3 984 984 993 984

Restaurant name 24 924 91.0 90.8 962 924 92.0 98.8 98.8 98.5

Date 2 99.4 993 993 994 993 993 994 993 993

Time 32 99.0 99.1 98.7 99.1 99.1 98.8 99.1 99.2 98.8

Num of ticket 1 979 97.8 97.7 97.8 97.7 97.6 99.1 99.0 99.0

Time 3 96.9 972 96.1 969 97.3 96.1 98.0 984 972

sim-R Movie 3 79.5 87.1 75.0 96.0 93.8 92.2 83.1 89.5 78.7
Date 1.3 98.0 97.8 97.8 98.0 97.7 977 97.0 984 983

Theatre name 4.4 97.9 98.0 979 97.7 97.8 97.5 989 99.1 989

MERFRIPAE Y, X PR RS, 21 “Num of people”. “Category”
A “Num of ticket” 4§, AFIEER 1, KAMERERUN, IZEEbe iAo E
2 T AR iy, BLAUE A B L C A RR AR S e ST R AL, BRI v ik
FH AL R PR T . (Rl RFT R IR &2, o S SRR &) B A A
£, 40 “Date”, “Time” 4§, JFABIALMHREMSEE 7t >R (ARFIE, X SURE (1Y B
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A IE A B AR ERA A BRI 2 EE AT A5 98-99, Bdiig i Jy vk ok
IFRETHA BR .

B2, WTHARRZHEEMESCEREES, W “Restaurant name” Fl
“Movie” &, X LB BN (ERB TS ERL, I ZREARh R A E I B 35 R 1K
FENAER A 555 AR —BUE UE B, B> MR X R Ho, X
“Restaurant name” Fl “Movie” , BIAUTEJF 4R FAVIC A B ARMER 2 KA 90.8 Al
75.0 (WLFRS-3IAHFN N RILEB - Bl ), AEBAE S SR (7 R A0 IR S HER SR A
FE A 1 E (MR % 205 I AAE AR R R 22 0 . B G Ty vA RR 2 HH fg Hb 4R
FHASZR X T3 LA 57 ) T 4

Horr, BTG MR BRI e R T RS R XA [ R AR R 7 5
PRI, BRAL TR ST T 56 BTEAT ZEA A BE 7, X4 TR IR 2 70 0 v 1
BRI, AE “Movie” FEA; X ALRSHEFR R T TL 16.5 5. MET
155 12 55 ) B B 31 i o A A B v B SR X 55 22 R ) 78 T SR O TR T
FEALEIEER WIERR 2, 7£ “Restaurant name” {7 3T TRIAGE - {EHER
RIKF) 7.8 55

5554 AFESETRIESRENTGENES

AT7ER B H BRI TE R R A AR T B R AR AL
TIAUETTVARA RNE , TRITTERECEXMESS B0, A SGE AT 1 BT R
BRI 2 REE 5B IRESB BAT 55 R PERE

A 54 B A S TRl
Table 5-4 An example of the input and the output of the model

Hibw Mz

PR Please generate a SQL query for the following conversation. The speakers in the
conversation are speakerA and speakerB. The utterance of speakerA is after [speak-
erA] and utterance of speakerB is after [speakerB]. The table name is restaurant.
The attributes in restaurant are (location, price_range, category, restaurant_name,
rating, meal, num_people, date, time). The value of an attribute can be missing if it

was not appear in the conversation.

X% _E R ¢ [speakerA] find a restaurant in orlando . [speakerB] what type of food and price
range should i look for ? [speakerA] i’ d like moderately priced taiwanese .

T SELECT restaurant_name FROM restaurant WHERE location = ’orlando’ AND
category = ‘taiwanese’ AND price_range = 'moderate’

AR H ChatGPT /N RKRIE S AL, ChatGPT A& T Transformer fiEht
%, TERIBSCAER E T BB IR TR R A a4k 27 > A5 31 g X g
A, BEISHCER R 1750 12, INghiFrhma:) 1z, B A RS £it)E
PR G524 R G5 G X000 B Sk R 8, R A M ) SQL iE4], F i
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A AL BEAEROS A Y SQL BRI T AT, A3 e A X RAS T 45
BERUHE 55 A TN 2 SR o — X4 A s s B AN 5-4 s

£ 5-5 J&T ChatGPT i iR &8 EAT 55 BISS R
Table 5-5  Result of dialogue state tracking task by ChatGPT

ChatGPT Fijiljgh
Wit REOCRRIRY (%5 i)
SA LA JGA
Num of people 1 87.4 92.6 85.2
Meal 1.5 91.3 93.7 91.0
Location 1.9 86.0 98.3 85.6
Price range 1.3 91.9 85.1 89.0
SR Category 1 93.2 85.8 90.9
Rating 2.3 94.0 81.4 93.2
Restaurant name 24 84.0 87.1 79.3
Date 2 84.9 88.5 81.5
Time 32 76.6 78.5 71.4
JGA - - - 37.2
Num of ticket 1 76.6 83.1 68.0
Time 3 71.7 90.5 73.3
sim-R Movie 3 75.7 95.9 73.0
Date 1.3 85.2 83.6 76.1
Theatre name 4.4 80.1 74.0 64.1
JGA - - - 36.0

BTN SR ANRS-S PR . R T AE T, BAE P S LRk G
H MR A IR T5- 1 BT . 3002 PO RS ChatGPT RO S 400
K, AR B BT 95 ARy . AT 55 200 S R A I 2500 22 e e
K, KRGS WA BRAEZ S BCE N ARRGHAE A T T IHL 55 ok, AR
RO B R & B ERR R IR T 60% , (HR BRI A H R rERf R A1
A AE] 40%. XJ2 2 ChatGPT AL A s R B A —E BRI, AR AL
(1) SQL iEAAFAERL K B AL, 1A ASREMER (L S R I i 02, =
HOB A B AR R A B L R A Z TR BRI REZE 57 -

BT RE E R A PN 7 AR - B R MER A A2 L, “Movie” EHEAE
SFI TN AE R, HAE SRS 1E (R MEA AR UL 2 T RO A . 2 R R K
P S A A T A T 2 RS LA A S RSO Hr, [RII, S A4FK
PERFASIN GRiEet rpArDer S L, A2 ] BEt e T R ) A AH BRI 2
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Ko 57— LAy Ky /L L fe) PR e (37, 41 “Restaurant name” F1 “Theatre name” 25775
I 25 SR AR XS A o

WeAh, SRR AL, SRR AL ™ B “ £ )5 ). WAE AT “Rating”
FEAL T, AT S B B TP AN S AR = TE ) “Rating” i
{8, #FXFNZAR “1 would like greek food , located in kirkland , with a good rating”
RS B3, BIBAIAE AT “Rating >= 4" RUFINEER . X AT B A 7ERiz
PPN ZRE R 5 A BCE TR B B R, S ERRLEA RIS NZE, T2
RIS TR SR iERt A AT T AH B ) F500

i b, FERT IOMBOE R OE S RLAUY FHAE NS5 BB, 4455 A0 K
WHETYIGRiER P T R L, an 245, BB RRAE A H IO T I ZhiE kL 25 H
BUFZER . (HJE ML S M X AR S B B R A —30, B e HaRKE
Sy, BRI RESZ B0k | IR T, T ICIEARRAT 45 WA TS 2 IE AR 45
Ro HTHAUTCE 2B T MIHTSH RARE, B, By, %
P, DASCTE I ZERL R i B 7R DA SE 5 YA N s vE Rk B 2 g AT 95 IR ) 78
2, PRIMEAEAT S ERyENGE ST, T RA B .

56 RENG

AR TARR I T AR R A S0 X AR IB ER A A T R 2 ) D7 9

Horpr, BT Ry B A 118 RS 404 58 5 Yl o o R 6 (4 A MR P I s R
FEIE, PR UIRE R R OB B R, SRR 2 2 ) AT 55 U T RO 1) i
BRI B R B 38 5 IR R 55 AR B BN AL 81, HEXHME 55 2 AT
P, AT ZEA E G, SRTHEMERE.

TR HE SR A A Sy, A AR T AT R T AR A IR A A Y A a4
SROTIRBIA RN A2 N AR, AR TARRGEE G AR, HE— RS T
CAEAUL ST B2 REEN T, 1R MERE
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B6E RESRE

REEE IR TASCIFT IS N A RIDT ISR, IR 5 BT BT 1 TH S 58 i o
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