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Abstract

Abstract

The goal of task-oriented dialogue systems is to efficiently and accurately assist
users in accomplishing domain-specific goals and actions, such as life services, encyclo-
pedic knowledge acquisition, etc., through multiple turns of interactions with them, and
to maximize the user experience and reduce labor costs. With the rapid development of
natural language processing technology in the era of deep learning, this technology has
moved from the research to real-world scenarios and further changed people’s lives with
the emergence of large language models. However, existing dialogue systems still have

poor generalization performance in the real world of multi-domain and multi-scenario.

Specifically, in order to build a task-oriented dialog system that is high-quality
and can cover as many domains as possible, developers usually need to collect a vari-
ety of corpora from different domains and annotate them according to the user’s needs.
However, labeling is expensive, and the data is usually scarce or contains only a lim-
ited number of domains. In this annotation-constrained scenario, we investigate several
key challenges in realizing a task-based dialog system with strong generalization: (1)
Scarcity of annotated data: Dialog systems trained on insufficient data are difficult to
deal with patterns beyond the seen data. It is worth exploring how to fully exploit the
labeled information and conduct more robust training; (2) the problem of labeled pat-
tern dependence and poor migration: the maintenance of task-oriented dialogs relies on
predefined ontologies and fixed knowledge base patterns, which makes the model less
scalable and the model and data cannot be maintained independently. How to establish
a paradigm that can get rid of the annotation model is an important issue; (3) the prob-
lem of the lack of real-time user feedback: the traditional automatic evaluation based on
fixed datasets can not accurately guide the construction of the system in real scenarios
due to the lack of real-time user feedback. How to introduce a training and evaluation
framework based on real-time user feedback that can cover a variety of domains is a

problem that fits the reality.

To address the above three problems, based on the core objective of improving the
generalizability of task-oriented dialogue systems, this project explores and validates
the corresponding solutions along the research route of using existing data, getting rid
of specific patterns and moving towards real scenarios from easy to difficult; through
the simulation of test scenarios in the training process, as well as the continuous expan-
sion of the test scenarios, the gap between the test scenarios and the real scenarios is
gradually reduced, aiming to finally construct a task-based dialogue system with strong

generalization. The following results were achieved:
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1. Dialog Representation Learning Based on Annotated Information Mining

Task-oriented dialogue data with full-session complete annotations are scarce, while
existing methods underutilize intermediate state annotations, and the teacher-forcing
training approach accumulates errors in action-to-response mappings. To address the
underutilization of annotations, this study mines the high-level information contained
in intermediate state annotations (including state types, action types, state changes, and
keywords) and uses multi-task learning to enhance the representation of turn sentence
vector. To address the problem of error accumulation, this study introduces a scheduled
sampling strategy for action sequences, which reduces the exposure bias during training
by simulating the possible actions in the test stage. The experimental results show that
this method can significantly improve the performance of task-oriented dialog in low-
resource scenarios. The analysis experiments also verify the effectiveness of multi-task
learning and scheduled sampling.

2. Dialog Annotation Schema Decoupling Based on Retrieval Augmenting

To solve the problem of schema dependency in annotation, retrieval augmentation
is often used to decouple the knowledge base schema from model training. However,
general retrieval-augmented generation suffers from two problems: first, simply using
dialog history as query may introduce noise or missing information; second, the correct
knowledge may be unlabeled or only show limited patterns. To address the problem of
determining proper query, this study introduces a query rewriting module to automat-
ically generate query statements and optimize response quality rewards through rein-
forcement learning; to address the problem of missing knowledge labeling, this study in-
troduces a posterior information-guided end-to-end training to enable golden responses
to provide clues to knowledge selection. Experimental results show that this method can
significantly improve the performance of end-to-end task-based dialogs compared to the
baseline. The analysis experiments also validate the effectiveness of query rewriting and
a posterior information.

3. Dialog Preference Alignment Training Based on Simulated Interaction

To address the lack of real-time user interaction for task-oriented dialog system
training, it is often necessary to build user simulators and use reinforcement learning to
improve model performance. However, the evaluation based on fixed datasets cannot
be applied to interactive environments, and user simulators trained on different dataset-
s/domains differ significantly, making it difficult to migrate systems trained in a single
environment to other environments. To address the problems of improper evaluation,
this study proposes a session evaluation framework based on the ChatGPT prompt en-
gineering. Subsequently, for multiple user simulators that have been established, the
system model is made to dynamically select different simulators to interact with, and
ChatGPT'’s filtering-modification strategy in the loop is introduced during the interac-

tion process to construct the preference data, with which the current model is iteratively
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preference-aligned. Experimental results show that the training framework proposed in
this study can consistently improve the overall performance of the dialog system. The
analyzed experiments validate the effectiveness of retrieval-augmented generation as

well as different loss functions for the iterative process.

In summary, this paper aims to enhance the generalization performance of task-
oriented dialogue systems under constrained annotation scenarios. It systematically
addresses several key issues from the perspectives of enhancing representation, decou-
pling knowledge, and aligning preference. By constructing more diverse and realistic
environments and reducing the gap between dialogue systems trained with scarce an-
notated data and real-world scenarios, the paper proposes corresponding solutions to
these challenges. It is hoped that this paper will provide inspiration for the deployment

of task-oriented dialogue systems in complex and dynamic real-world environments.

Key Words: Task-Oriented Dialog, Retrieval-Augmented Generation, Preference Align-
ment, Large Language Model, Robust Training
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Figure 1-1 Domestic and international dialog application products
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Figure 1-3 Example of a task-oriented dialog system
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L2 R A IS o a5 ) PO g B S AN R A BT IR AU i
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2.1 FEFBIHEEREER X

155 B0 TR R G H 097 T4 B P oe il A i B H bs, (1 it 52
T HARR . BHAREEE . W A ARG A E BT, R E AR
EE W PR, BiE RGNV ET, KRR S HF ) 1 (] 45 2R DA
HARE S T TR AR I 44 T . Levin 25 81 85—y A ) 4 /R 7 e e
Feid#E (Markov Decision Processs, MDP) ST 55 BUN S, RF A B A2 H 3R R
IR E SR E R AT R RRIRAS (State), Rig—50 X TE A BEBLSORSHE S .
Wt J5 Roy 25190 g 1 [ 0 o 42 ZR e G R Ge i, dE— i T TRl
WL ) 2 /R ] R S i #2 (Partially Observable Markov Decision Process, POMDP)
B E AR T BRI RIS BHE RE A S USRI, B RE
(Natural Language Understanding, NLU ) . ¥ 35IRZSiE%EE (Dialogue State Tracking,
DST). XIif5En&=#>] (Dialogue Policy Learning, DPL) 14 #&i&= 4 i (Natural
Language Generation, NLG)?% . BRI 1R &, HET 2 M4 10T 55 U
BRI T IR BN GRS , RIKRI AP, — ik &t
WY, BRI 5 R Ak —2, AR B 5 R SR 2 > R S
HAMODNIE A, BB BT s . E 2-1FrR, (1) ARIES
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SRR R ANET , ILAZEIRTFZACSX =AY BN A, I B —5e ik T
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XS SR HCRE R AR 5 B AR ] A B s PEARASVE A, TE SRS HE 42
T, EET PR REE. KT, RGHENIT NN, HEFRRER 4
PR, X BARE(E R BRI . (4) FARTE & A B HORE NS SR B e B 1 3
VEREAL R B AR E S TR IS0 P it aniEl v, REER IR0 “ B X ¢
BITHAREW . M —dRm B iS5 2NE 2%, HiEEd— NSk
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PR S, RES R B 5E 2 MR RIAE S5, BUS THimds T Z mindkae, JUHE
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Figure 2-1 Pipeline-based task-oriented dialogue system
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HERRELWAC, ENRTTEIT IS ARSCR, PSR BUL G R AT
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AU Xu AP T —FETHEMZE ML (CNN) (075, R B
TR AL FE M ME 55 A TR A L. AR ) CNN MR SR, BEATHE L
Bt 5 R B A R I IR R . R &R — i A A RE AL
(CRF), ATl ve ik T JRaBIH— vl e S B pn 8 s ), I HLSeil T
PRZE RTINS A AR e R 25T, X 07 YO H AR BT 55 R S I 2k
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H50 (LSTM) MU fERR MM 45 (Bi-RNN) 84T A 815 & BRI TR . Al
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Fo Lin AP G TS U BRI 2 4 oh, X —HUE, RERER
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NPV T IR G M S, LS T BRI SRS o SR, DU AU R
REALAE R Z WA ERAGE R AITEE—2 5271 1T B ARG S BLARSH A PERE A&
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HREE, 3B A—BhAEA HR B SR FAE N W RS 7 2 (8] 9 % & . Kim
£ 331 g4 1ty SOM-DST BEZLKERIE (1942 AN A ANBBE, 1 e TR S e 46
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AR HBZ RIETE. NI, #2208 T — M RN T5IA , TESiTEF S
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T8, HAE R IS o k376 i B sUS A R (S, Xt sifeas I A
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5 PR E AR Su &P ST R SOREERIE -8 K (Actor-Critic,
AC) vk, i BRI, B kR R L, FE
T RS P A6 FEE R 8 T SR B EAh , MBATTE S e N R e T 5 e
T RIEN M, Chen %1% gL (L XIE e > BT BB 2 M 2%, Horp B 554
WS AAE L, BT — D TEREA, TS e A2 AT 15 5
Vigh. Shu 210V 4R i eCAS BIHEL T ZABIER SRS , N TR SE iR A
2T} T 21%68 7 . Takanobu %5 41§52 11 ) GDPL HEZE KL T X Hi 3 fh 2 > Wt ok
T A2 3] S TR AN M 1 AL . Zhao 22142 b iy LaRL AL 612 M550 e
PRS2 LA s B, 0 1 TE BB 2 MBS Hh B e Sl /R 2 i
Takanobu 4 3! 32 11 ) MADPL R0 P 5 RGN B BER , FH60 28 1k
23]V . AR T —ANE A M 25 SR ARFE 35, DA b 4 R 5 B A
AR e B T

ARG SRR B AT A BB AL 55 2 FE X T SR AT H iy 1 i hl R %3 30
YRR AR E L 1 SCHERIRY B AAE S IS, DR 204 Ui B SCHE BT
PE, TR —EE, KA E B REE. X B — s L EE S A
BRZ T IRAIEE, T EAERE L SR R T R A . T T E
PREREAIE, BT IR BE2E 2] 1) B AR TE 5 A U H I 5t 2 (1 3 A 3 R 1Y
It g VM B XA AR T e Y. A, TR RTERERY
HIPE T, AT ARE AR OO AR, M) o] 52 e e A i i [l &2 . ]
PRF R R A H AR S &, A2 iR 7 A s R 4R A i A R sUB R AT
PEAHERS , ARG B At R, RERSR T P B 1 T sl f s e 21 [
SRS B BT, BRI R SR, LT R B O vk E S REAS LRSI 1O 1
o, AR TR S T IR D

Wen 451 L) SC-LSTM, 2 K 453U 12 415G (Long-Short Term Memory,
LSTM) iy—A78H, BN 78 A BB 42 il AR il R o SR S 4L, Fr
T, PTRARER AT RE N . s, X AITVA XA TAE R e, Bl
411 Wen 451900 5832 7 22 45daky > 0 5 R B A B I 45 BT 7 B B i, Su
ST R T A R AR R B S, T HE— 2 il A U A

212 imBlinXN A&

WHORVL, PKLAMAEFF B R G PR B et et 24
XA P BN R AR R G it BRI RE Y s A — 2 e
WS ASUHE RGE el i ), R, AR R R AR 1) T AR 22 A
aitte, BCEERM RS RSB S INZ MU . BRI RE
SAARNBT, (A R s, AN RN, N RERE . &
1A, LB M PR B ARG A R, X AR R DA S 2 A
YR SRS SR SE i, (R LE W (I 55 AR 2 R 2 EA T Y o i 3] i A 55 234
Xt ik B 40 B 751 21| 741 (Seqence-to-Sequence, Seq2Seq) HEA, FI L FLZ M
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#% (Memory Networks, MemNN), %I #ii)l| 2515 5 A AR A (Pre-trained Language
Models, PrLMs), {9 BOR B2 AR C TAE . 82T R0 BN 43X =AY
HH 96 TAE,

RSN HE BN 752 75 A SR B A S U T AL R R e, B —
i R (1 28 P 28 B840, REAS 2% 2T RE 5 AT 5 LS 21 4t P 91 o X R RAE S5 4%
J Iz N AT, HA gmidas R TORHRE 5 A g i BURZE % =, i
b W 1) i — R R AR S H AR iR S W BIRE. AT, XA AU AR Tl AT
%, TERTE RGP W AEEEEEM .

Lei 25 9 31 11 (1) Sequicity HEZE , J2iX— 7 &M TAEZ —, ERIATHS
5 R RS, T BRSO TRIRAS, (EA5 720 2] 3 S A B B B2 B A T 45 2%
RS ZHERE e YE B R SUE BAE G EE R, A5 HEd: EE R AEE
P RESRAE IR A o XA 2B BRER A T A IR G54 i 7 20 B 7 A0 A AL . teAb,
B LAERG AT B Hi 2% (TSCP) AR AHESL I —FPSe g, JOR Rk TR
SEIRPE, B T INGREEE , HAEL T R EBUS T 456145 K . Zhang 2 D01
e W IR Z R 25 M 4% (Domain Aware Multi-Decoder Network, DAMD) 3
T A B b SCRT RE XT3 22 Fp A 3R] A2 0t A i, B T IR ) 22 R 2%
WI2% . ZABARY th A SR, AR R R SCRTREXT Y 2 F A BRR [R5 . SRk, ftT]
BRI T —MEZ I EERE T IAESE, A5 SEEL T DAMD BIAUR A H X —%K
W o ZBTE S 2 A PIRA RS ES H T AR RHERAS . REMER RS
52 FEXTIR R Z AR DA I 2 ZREE AT A BEPE 7T, DAMD BiBUEREUS T R
TFRLE SR . Le 20U 1) UniConv #7817 —JRAB RS K24 ST M7
IR AIAE B, AR — WSSV E S M A 2R ide - @ iz i B
BT XE B AR A1F ., UniConv BIAUTE i B iniF45 R T H
IPERE .

I D124 i) i Facebook AL 7 2014 41 P2 JE 2L 4L 3T 3]
FOR R BA e Z 3 TR IICIZ R B G 68 Ty, AR FR 28 00 4% (01042 (5 i
BoRASFAL R MY, FroACIZ &SR/, I AT A KT LS 3 85 i
sz, PR AR P I RS R 5 B, PASCILK Tz RE .
Bl 2275, B AL A AL R A UAME S 4y B ARG, B A
Heo W AR SR R R BT R R B S A B BIDIR A A ) 2
TR, TR AR ERACIZETT, B L, SR D RE A
A B 2 152 o A MR T ot ) o (e P S T — A 5 2 AR A i il 5
M e 2-30 5%, WV R DU AN R T AT B, e
FICAZ S IRCR R34 ), oS A R —Re, TR . B, s
ST, ARSI MR AE .

T 45 BN 5 BB P DA T2 bR SCIRFE A SF I B, BT DA
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Figure 2-2 Framework of memory networks
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Figure 2-3 End-to-end memory networks

TCZ 00 48 1) i 2] 3 A 45 0 35 A R B A T — 3R 26 T4, Eric 46059 45—k
H7 T InCar KR4S, 42t XA IR PR HEATYE 28 B4, SRS B AF e o
SR (R B AR I B B 2 A AR R A T, AT (AR R A A ISR
Maddoto 451> $2 t f) Mem2Seq #5170 J& &5 — SR 154 I 4 AR FEAZ M 2% L
F 22 Bk 2 I WL 45 A SR B T A, A — 3l i w T2 B e i 2 Wb 2 0
), 2 SCACTTZ IR K ER, FEMTSEIUN T A A bl . BRI e T
S BT TAESA MR S I WA MRS — 2 ALK AN R e o0 A ) 08 e 428 X 2%
AR, TR FEICAZIM 4 Rt B B B B — 1 1 52 T A RE 72l 2
Wu 21550 32 i) GLMP BAUR2 X Mem2Seq Rt @it —A 4 RIMic 124 i
PR IR CAZ AR Rk S AR, Se L BRI R, SRS B A R D g
S B CIZ R B S IR AN AR, S I R TR B ok S Ak T R T
RIBFEREOIAG, 32T T BIMERTE, 68 T RS FIA R HE ., Qin 415 #i#y
DF-Net 174 % [ 3] S piiE B0 T B4 iRz AL M R, @ — A S AL T 4%
e SR R B S AR ST AR, H HAE AR A N 4R A IR
Z AR E A BRI T, RIS, e s EE e S TR
FZE R

WUNGRIE B FOIZRIE S B B A2 4 1 B Vaswani % P14 1 1) Trans-
former, JXREAE H IR F AL PR — IS CHERY T, B ELSE 185 b

14



B2E HITCIR S ARG

FIRAEARBE G R M B, M — PR SR EE 3 7 I HL I
H TR AR I 48 28 A . B RIS YRR A K IE I E R, JalR TR0 28 ) 4% ek
W RBRA A I B ILE S T AU T RE, VEAR TR 2 M 45
REHA TR GRS . B Z S R kA ok T ] 2 E MR E5H , FERLAR BN
{555 B T 24 I AR A 45 51 . B ISR TNE2-4 78 . B8Rk Transformer 2
JETHLER BN, H2m T ERESE RO RIS, BT IR
BRI SRR (40 BertD7), T5B8, BARTDY i GPT-3190 4) ¢ NLP
B R SCARBRIEAN A A A 45 EBUS T me w2, 78 M55 Bl
SEE E AT AR A T H7E . Budzianowski 45101 85—y GPT iz
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Figure 2-4 Model framework of Transformer

BT 45 ROXHE B 52 A o h, BREHEIRAS, BORERES, XHE B R
X Y ASE SCAS T SDF B Ok, 1R 43 DA 1 1 U S AR 1 ) A ok ok
#7 GPT (1. Hosseini 22 $ i) SimpleTOD MALKE FT A7 T 45 BUXHE
TATS (TR . XRS5 A ) s — (A7 B A ) A R —
SRR, TEEE L. SRR, BN, XHESE AR 152 4
S E A1 2% . Peng 22190 $2 1 iy Soloist i AUHL T X T RS B /R4
JRH: B 1A 27 5T R B S5 ST b TN 5 e 32 TH AR AR 2 ST T R 1
fE. Yang 2004 510 ) UBAR BLRLGE I RGBS, 30T S I 07 e il
fi, Kulhanek %191 $8 1 i) AuGPT #EZ %I %5 H ARS8 wic o L 9% (Back
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PR BRAT 55 B Y92 AL SR TS

2.1.3 KiEFEA

HH, FFSECRAE LA FRBZAR g KB, OpenAl 7E 2020 4F-42 Hi 1
GPT-3101 20ty 1758, ¥6iIE T M A 1 5 B LA R A 1) /R A i A2
SIREST, TR T BRI ORI AR B RS SE 3 1 i 5 20K 5 LS R 2 BEAT 45 114
T REME. WS BRE, I X  R A GR DA B G S A S X 5
AR 601 ChatGPT 7 2022 4[]t , JH [ SRMIH RO 545 280G RE J1, PARIRIL
B AR ST ZA R PRBE T, BUVERE ), FR G INEAE SIS, FFIAT R I RIS |
AU BRI b, A5 A R REB A0 FHE ], B 24 4 i
RAMIF A S TR KRR I, 5% TR 2o, AIgEdEm
FHRE, A T A 6 S B e o B s (07090 Ay o T4/ ) 5 s T L Py
AR UO, ML, AR R G 2 Llama ZFR0 71721 g
Bz oh, E N SMOBFFEHU RIS FHAR I T O — S g 377 M5
ITERIARE, T SRR BT S5 R B M AR YRR M, — BB
BRSSO B TR, (5 R RENS T AT S 5 AR X A RIFSE -

22 EFSEIHARFHHE RARIK

B IR IR, 5T R8T FF 20 543 H A A AR X 2L Bk
TR IR RO T 5, AT RSB AT BIF S BUAR
221 #REHIERGR

AR AN . ARG SR L B X B, R R
WEHERE] IM HUB SRR, T ANER2-10FR , A5 BOHE SR RUE 10— 10°
B N TIEA bR SRR S 0L T 3 AT 5 S R A ERE , A E R

#2-1 AKX (k) AUESEEEE® (£7) Bohi e gLk
Table 2-1 Comparison of retrieval-based (left) and task-oriented (right) dialog datasets

train val test Type Single-domain goal Multi-domain goal

# - Dataset DSTC2 WOZ2.0 Frames KVRET M2M MultiWOZ Schema CrossWOZ
Contt?xl response pairs 1M 50k 10k Longuage N N EN N N EN EN o~
# candidates per context 2 2 10 Speakers H2M  H2H  H2H  H2H  M2M H2H M2M H2H
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Figure 3-3 Illustration of the dialog system framework on which this study is based
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Figure 3-4 Turn-level auxiliary tasks and action-tree based scheduled sampling
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3.33.1 BhiEw

%5 SPACE™ () 1% , ABRFE WICH A 1790 2 T AR IRLBE , R
W R R AT T ok AETT AU RIS, 18 SR sl A 7 91 e AR U2 AL O AR 45
1, A S . SR, MR B =, B4R B TR .
B PR AR R B U2 R MR ) — AT R B (A W
ERAMER) BWnECR. TERIMH— R0, 5 SPACE AE, MALMH TAR
o, DR S v A BB VARG I 2 S (] 52 A i o BRIz o, o — it
TeFF WA T EHE S 8 LR AR AR P AT REAAEAE R SRR 81 5 Prfr vl g
HIZIA LA R, o SR § A Sh R LARCER J s ERCA T, A0 T 1153 5
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BRI, AR ol A G-9) .
max{|T;], |TJ|} - di,j
Sl' ;=
’ max{|T;|, |T;|} (3-9)
d; ; = TreeEditingDistance(T;, T;)

3.3.3.2 HXIEHF

WNEB-40 4 F A BT, ZENZRdFar, S—ANESCEME A, it A B3
VE-Il S AR R 2 1T, BB PAA SR (B-10) 3510 p() MR PR R U201 5], ix
AN ESLHEG S R ZD MR B, R RS FIATHR i, eI M
M, WSREARZARG- 1) EE S,

u

P i exph 10
Hpt p Z—RESEL, T XA R AR U222 RO ™ 13
o= Mi, j] 3-11)

S Ml j]
SRR ICAL A T AR 1 | R BRAREE
3.3.3.3 mkmEL

WM G- 12DF7R, BPBBEE AR, ShVER3R A 2 [
JE, SO B RAT IR AL, AT B i 7GRS S AR 0] 52 A i B
TEXFERTEOL T, AT N2 B 2 MR T P s B SOk A Il &2

L, =-log P(A;|H,,DB,)
Lp=-log P(R,|H,,DB,, A;)

Lo+Lg A=A
£AT = ,
[:R’ At = At

(3-12)

3.3.4 IR FniETE

IRAFEN NG RR R I R BRI A G- 1) PR . FEUH— 2, HR
SRS AR AR KA, BIAFETHE, Hs2BRT B G1R IR 5
A, FERB-4hg LT, HE2HBK Lp —HAEgd e P rAE.

L.’:[:TA+£B+£AT (3'13)

FEHERRRT B, H 2 2 I gD e IR &, A 1 2023k LA R
REERFBONFR 2, (AR A HE T I SE 4 AR

28



53 & BT AREE BAZ AR R ) Tk

34 ZWHERS5H

ARSI . PEOT TR X HOR R R TR DA B A AN [R]85 T RS2
g,

34.1 HR&EFIEMIERR
34.1.1 HIB&E

AP FUAE 26 8 TFAT 45 200 5 K 4 MuliWOZ _F At th 7 v i o
i pERE !, 4 HIFE MuliWOZ 2.0 | 2.1 #12.2 _FEATHFEI. %45 MTTODP!
FOBCHE YA 7k, I/ i SR RS> 50 8438/1000/1000. Hy T I/ 5
VTG ST S REME , HO M R (R 7 I LB, ({5 B S LR B2
A, B [value_xxx], HEERLRENS 23] SIETC XS HFR, Iz Aktkae™),

34.12 &SRR

AT — BRI E LT ERRE—2, RA BT8R R T4 MultiWOZ %k
P dE 3 A 45 B G Y el &2 i B . Inform rate & — X5 R A2 REWS
PEALUERA I SE/AK; Success rate ffif &t — WG RGOS G WD E Y. T A H gk
15 B BLEUE U it 522% [0 i o885, Ak 7 2428 m &2 i i
P, 2R 2543548 Combined score = (Inform + Success) X 0.5 + BLEU, [z it
155 BUNHE R G R B AR PERE .

342 ZWIRE

RAE MTTODPY | A G FI BSR4 TS-base H P Sfeninb b =211
T BRI AR 28 . ASHF9E LT Huggingface [ Transformers fg 1301 s sz 9 iy
AW HES S, 53K 40G pydeffiik V100 GPU I|Z5k 10 &, —KJIZ R
i 10 /N, FEARBEIRIGRE T, IR MR BORE N 20, WItheE > R 5x 1077,
RIS 8, TERBT BRI LLBi R 0.1, YIZRES R Uitk as A Geths > %
T AdamW B RIS AR E A PR RESR PR R A AORE . XE TSR p 1Y
PEHE, FEAFEHRAE F2k {10,15,20) FFkfEmad 6. o TIHRBEYLM:, B
BEMLAP TR 42, TEMBASXIIIRAS . XHE SRR 5 B i, 3R H ] By o7 2%
s SRS

343 BZEAFIE

N T BT AR LR, AFFFEOOH LB T BN R SR ik, G T
o, AFELA N SREGE

o JCRPELHIGR: FARAENFE NI AT _EXT IO R B 0EA T Al

o ARRBERING: JoAE BN KBRS ARSI g H AR, 285
MR ML 55 _ERE T oM
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M T ABF 32 VRS A TR S TN 2, LA B T ORI AR S
JCHFEE BRI 5 YR T 20 e R B RH AR 5 3 th 7 yE A 3. s, 38
it 54T RSN 7 IR R BN A DA S EIR AR 220 . HE 3 SE e ATk
FIRBERI S, ARSI T — S R BE R T v, A5 SimpleTOD 0%,
DoTS 1321 SOLOIST!!?*!, MinTL!"*!, PPTOD"?, UBAR!"?#!, GALAXY [#¢], MT-
TODP!, BORT!'>!, Mars®1 pL &% SPACE!®8!.

344 EFLBER
3441 4SBT

2 3-1 MultiWOZ 2.0/2.1/2.2 (¥ 3 51 5is e 4k 4!
Table 3-1 E2E performances on MultiWOZ 2.0/2.1/2.2.

Multiw0OZ 2.0 MultiwOZ 2.1 MultiwOZ 2.2
Inform Success BLEU Comb | Inform Success BLEU Comb | Inform Success BLEU Comb
w.o. continual pre-training
SimpleTOD | 84.40 70.10 15.01 92.26 | 85.00 70.50 15.23 92.98

Model

DoTS 86.59 74.14 15.06 9543 | 86.65 74.18 1590 96.32 | 8040 68.70 16.80 91.40
SOLOIST 85.50 7290 16.54 95.74 - - - - 82.30 7240 13.60 90.9
MinTL 84.88 7491 1789 97.79 - - - - 7370 6540 19.40 89.00
UBAR 9540 80.70 17.00 105.05| 95.70 81.80 16.50 105.25| 83.40 7030 17.60 94.40
GALAXY 93.10 81.00 1844 10549 | 9350 81.70 18.32 10592 | 8540 7570 19.64 100.20
BORT 93.80 85.80 18.50 108.30 - - - - 85.50 7740 1790 99.40
Mars - - - - - - -

w. continual pre-training
PPTOD* 89.20 7940 18.62 10292 | 87.09 79.08 19.17 102.26 | 83.10 72.70 18.20 96.10
GALAXY* | 9440 8530 20.50 110.35| 95.30 86.20 20.01 110.76 - - - -

SPACE* 95.30 88.00 1930 110.95| 95.60 86.10 1991 110.76

WER3-1F7R, ARFFEHE R ¥ TAKAT T JCREE il i, B
BT s A ERE . RIS RrEe I 2R e i )7 3% SPACE #ETHLAL, AT
SR TR A AR N R LT, 2 B A TR . (1545
W 2, SAHFIY TR TR MTTOD A LA, ASHFITEE H 0 REis
HAERETE MultiWOZ 2.0 27+ 2.23 (M 107.04 5] 109.27), 7£ MultiWOZ 2.1 $& 7}
1.81 (M 106.22 3| 108.03), 7£ MultiWOZ 2.2 27} 3.39 (M 100.2 5] 103.59)., It
Ah, AW VAR B T A kT EE ) BLEU fH, ik T HAE s ]
S TR A ROE
3442 {K&FIRELIE

N T RTEABET R 77 A R R 5 T A ke, 208 Mars® (3%
E, AFFET MuliWOZ 2.0 542, ik TEIAFE(CE 10%, 20% F1 50% 1)
YIZRE N RRI . WER3-207R, FERZE G5, S EPE T RGERN, 15
WE T AREREEE.

ITA&AT BB T ERIHE, 485k “Turn-level Auxiliary tasks and Action-Tree based scheduled
sampling”, RHWEERIF BIRIGIE . RRFEGIMAIBHEE AT TR Z5.
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% 32 RTEDRIIREL R

Table 3-2 Results of low-resource experiments

10% Fiiis & 20% Fdut 50% it
Inform Success BLEU Comb | Inform Success BLEU Comb | Inform Success BLEU Comb
MinTL 55.5 449 15.6 65.8 64.3 54.9 16.2 75.8 70.3 62.2 18.0 84.3
PPTOD 68.3 53.7 15.7 76.7 72.7 59.2 16.3 82.3 74.8 62.4 17.0 85.6
UBAR 50.3 34.2 13.5 55.8 65.5 48.7 14.5 71.6 77.6 63.3 16.3 86.8
MTTOD | 66.9 55.2 13.8 74.9 75.0 63.3 14.3 83.5 78.5 67.5 15.2 88.2

¢ 3-3 £ MultiWOZ 2.0 3471 75
Table 3-3 Ablation study on E2E results of MultiWOZ 2.0.

Model Inform Success BLEU Comb
TA&AT 93.60 83.60  20.67 109.27

-L 93.10 84.50 19.79 108.59 (-0.68)
-Lg, 92.60 84.50 20.28 108.83 (-0.44)
-L, 93.50 84.40 20.05 109.00 (-0.27)
- Ly 93.70  84.40 20.29 109.34 (+0.07)

w.o. AT 9340 8350 19.72 108.17 (-1.10)
wo. TA 9290 8330 19.76 107.86 (-1.41)

MTTOD 90.99 8258 20.25 107.04 (-2.23)

345 4SrHrRiE

TEARTTH, HHE T ZAL 55 BARALATRIRARR AR, 25 ihe Ml ghid
R > il 2 h e 21 i — LB AL

3451 jHEESHR

WME3-3[R, ZRNBIMES AU, JLH S SRS . Al
) — 5, AP R IMAERS IR 10 5 R BRI BN AT 55 2 )5, SR E RS T—%
PHRETE, AT X AMESSAEEM » AR XA R IT BN R B B A FEAEA 6]
e I MERERIAR AR, AT REY Ly CATARIRME £, ARG
WrE (#E—2 Al A53.4.5.2) , SR UIZRE R]T oA — B R 8 T B M55
DT AN, 51 B IR L LG AT DA AR B — A R SE R 1 7 1)
IRtz Ah, +0.07 [ IME T AT BE R IR T FEHLIE .

BIMEZ, ETEMBITTRI RS (AT, Action-Tree based scheduled sampling)
MES BN ZAF-452#>) (TA, Turn-level Auxiliary tasks) ERE G, M)5HE H N E
B, PR B REE (A5 gn At At i S AT 20, AT (7] Bt LA AR A s s 5 1«
SR ELL MTTOD ML, J7RRERSE T T 2.23, Tk T ASHFSE42 7 VA
AR

3452 =3phsk

3-S5 T ZRad B AN AE 55X B Y FLAEAS AL RTDARCER, ISR i
Wk, FIEJLFAAE, UERH B 2R ilidi 2% G s £ 2, Fesr I Wi iR i A= i ae
Jiit, BRURESHZSRIZEBRR, SEUrSRAMEAIGE, UL LA 7 ) i i BEAIL
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- M

10k 20k 30k 40k 50k 60k 70k

Slot Transition F1

40k 50k 6Ok 7Ok 0 10k 20k 30k 40k 50k 60k 7Ok

Slot Type F1 Resp Keywords F1
Pl 3-5 TS5 IS > gk

Figure 3-5 Learning curve for different tasks in training

4 1 oiE 4 0fH. BEE NSRRI UEAT, A2 idn S8/ N L2 AT 55 H AR5 2k L il
R, WX SEAT S5 AR R iAo HeAh, SRERLRZSHH S AR S AR Pl S B
IRFHEL 96 /Y FLAEL, ZR1T-5 B EAH R SRS WSO e i HUR RS 1K 3] 92 /e
AR FLE. dbn] WL, 538 e sxEAAL, RO ERR THEYERE 251, b
i 2 B 22 (R LI e

3.4.53 SIS

/ User: I'm looking for the information on a restaurant called saigon city, can you SNG0714 N
@ provide me with their info?

GT response: Absolutely! [value_name] is an [value_food] restaurant in the [value_area]. It
is [value_pricerange]. It's located at [value_address]. Their phone number is [value_phone].

Mars: [value_name] is an [value_pricerange] [value_food] restaurant in the [value_area]. é
. ] == [
Would you like me to book a table for you?

TA&AT: [value_name] is an [value_pricerange] [value_food] restaurant in [value_area]. |é|
Their phone number is [value_phone] and they are located at [value_address]. /

Pl 3-6  th Mars FIACHIFSE )5 753 0 A8t — A~ 25 )AL
Figure 3-6 Delexicalized responses generated by Mars and TA&AT

W3- B IREBI A8 i P LU BRI, ARWTISHe H (0 07 vk fE
UEHIELT Mars ZEBUEZ Q8 , W& TIrARER S S m e e, s
FIATURIEE
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35 FRENG

AER TR TREFEEIRHRN Z AL 57Ok Bk, T
SRR Z RN, H AT E A 7 X T ARZE A9 A 5820 A A S U 45 5
YNGR A e PG B R R BRI AL, AT 1 Se A (IR A 42 2 b
w2 AR, TR B e A5 A i Hh i S O A I R 2R, SRS D AR RS A 1 1T
FIAT —Fh BT S ER TR R BT IR . %07 VA MulttWOZ K ffafle b Bt i
FHEC T [RS8 26 A1 HA 7 iR AP PERE , A S R T 24 55 AN R] H A
PARGT RIRAERTA R, 4/ TS5l BN I SE BN 27 TR Z TR i 22
FLAE S i A SR R B I 5 T B B A 1 R R B
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$4E ETRREENMEHRIEABELE

PR A AT 55 BUXHE RGP B — B R R, B EORAIRR
SRIBRES TS SRR, AR S8 7 RGBS IERE 2 . AR
S A S 7 SCRERS AR AR, AT (s AR GE R i et A S , S S iy
Tz

(EL a7 R A i 2 S I 7 YA AE—SEI0REE (1) 35 g s v T RE AR A K i I
PSR R AR (2) SRZIERIRAIARTE . O AR R 2 s I 2Ry AR
P LR A, ARSI T R TR S s DA S 1 S R 2R i
Jrike B, NT ASESGENER, AT AR R,
A ST LA AT S AR T ] A2 A e s Hk, allad s g &5 00 e
Kof SokE S 2 2k, SR IERRITRARE R B A il i S 2ok 2 A
GEIRTHFELA SR TR E I -

ABFFETR BT IRAE = A2 I RAT 55 B Rds 56 B3 0bAT T ace, L
GERUE I AT FE 3 th 7 7R BEAS AR HE T e i 21 3 A B AR T7 YA RAT B AP O R L
BEAN, TSR R A R RUE 1A A AR 5 A S B BT8R A R -

41 5|F

A 45 20035 22 g5 U3 0 1 Aol o A e 22 0 o 4 R SR I P S PR
EMAESS, BIAINEETI% . fEXNESRET, RETHEM NI B s 2 ke 42t
HHR, KR LAV EE, BEZ)G, B G H AW B A5 S 2k
RGP ARG BT R =AU AT 55 200 38 3 60 15 0 T R A A
P, RRFREMA A P B, Bl 58 ERBEEXT Y, Belg B ok
EREHRE . (2, MHERSERTENEEY, FERENFERZ, 1 H#E
ZRRTEAR R, M TARE AL, BABRNEAMREdRE; b, &
SR TR AR, XN T R AR — T THT T B G TG A S P
LR EEHAREN TR, 1M — 2 SRR e B O S S AR, o
VRS ASYED FIR 2R DAIE AT S B VAR . 3@ i TN Rl AR 5 AR AR
S R AR, BI4-1R T — DX R 11, MultiWwOZ #il CrossWOZ
SN 22 IR B, AN RS RE (& AN — R, TR T R L — AT A
A, B ICTEPNM A AT A = B, AT TR A T T A v At S i
2, SECEIE G SR T IR AT . BV AR R S AT AE A R A 4T, TR AL
PEAE PARE R A AE AR, (R STaR s s S AT SR JEvE T

AT R BRI, H RS S R R SR A B, R T v
INZR. AATERE AT LA =207 (1) KBRS S —AMC 24, F H
TG B SR R TR AN T D000 (2) SR T g i E R R
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Taxi
destination R
"““"'f‘::\‘ %E
eave by HHIEEERES S
K.z < > ek
L X J A0
TR from, o, from sation, o saion
MultiwOoz #iiEeEtsst CrossWOZ #iiReEtsEs
%:
BE: LSt AiFRa? % \ ﬁmp: 15T 4,500 LRI R S mLE?
_ £ (tS-1b5, EH=?, [J==?
= == R, =
B (5 =105) ER ) ®

Kl 4-1 MultiWOZP! 55 CrossWOZ ™ [fy%cda s ik,
Figure 4-1 The dataset schema of MultiWOZ and CrossWOZ.

SR, R R AT BRI R, e S TAER TR SR 2 5
Bl ST TR (3) B BIIZRE S BRI Ak T
SR RGN SCHHEEAE R, EHEETE SRR B SO TR B S £
AN ChatGPT DA A IR AL R P AR, 75 855 B3R A 4 1) R A
BT AL RE TR R R B o, AR SO BE A A R B2 3 1 5 A i 3
fit, AR AU S AL STl A R RO R B AR, S5 G il 56 = Fh
i T, BUG TR R AR, HBTHESE RS, R ARG R v A A
R B BUL S5 B TARRR D, AW A S EANX A2 B

F4-2J78 T — B R R 3G s e il RS, SR TR R G R BT
TEMANEZREG (1) RREIMER R i TXEMZRAE, JrnTfE
5 AR IO KIS, HRN T AW S E e E, i R R —a X
ATRESE RS R (2) IEFIARTESRA : 052 007 538 5 T BE — B 2 45 LA
AR, T BUA Ba 4R ol i B A IR, B0E B AR oA OB B SCEIR
PR “—X 27 Wt MDA ESREA T, ASHFFEHR H—Fhde T g don it
V1% B 2] Ay 6 b g -

_____________________________________________

’ A Y

[ e !
r—— 7\):/—\ 55 RBOEIEETIETR) |
: . . SE== ) e ]
: FEF@A =5 4: : e EIES 25 ESRE pres RpEE :
: EpE : : - FHR “Enk :
I| P IRE, SERSEREG~ il !
| &% =0, XS, ARUSHETTIR by H
I| AP BRSENERRESEHERE, 1 : HRREE A Rlififiiass 48 :
1| sRImSLwE2 Vi e i 4 WASEROMET DRSS 46— ARIEMIKNA H
I| BB AR, $EZ057T = izl ekt EAAEABE 47— WiER, GAbEE )
I\ BF: MHEA A4 SULER) ISR T -

__________________

Pel 4-2 Kr g Baion 6 R a2l

Figure 4-2 Naive framework of retrieval-augmented dialog system

N T RO — PR, APFFET AR A, 3 B SRR
gt , PR a TRRI A, T ORI R, R [m1 A 4 o
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SAE NI, S RIbE S AR AR R B A TR AR, ARSI AR
Bl e, MR R A EEn 5 B {5 BAR SR AR B — el =2= >, BIFE
B AR 2R [ 8 A B, A R RE S A A v 0] 42 10 S5 A4 (LSR B K A R A 8 AR
RIER RO Bt , IWIMAETRHIRARE G OL T, SEBUR B [0 52 A6 s
FARAMEBCE I, S TRIFNGMRE M, DAL L T3 4.

AHFITAE = A EE e SR 42, Muliwoz 2.113% (MWOZ), Stanford Multi-
Domain!>*! (SMD), CamRest! ') |- 55 Hoth fit)— 26 585 5] 5 4T 45 70 56F 355 456 2% 5 36 0k
FIT B, Seie g RAUE AT S 32 th i 7 YA Re g UG U R g R B, F BAE
HHRABE AR T, &R, T SRIRiIE il TR MR A R, H
e, i) AR ST A SR Ak A ST YN ZRRT T 5L AR A 2 A R FE R iR T B E L

42 BAXIIE

RFINAT S NS TR A R i B S 45 A T AT DA =2, 5
— BT B TAE, E AR BE RS BACAZ M 4, E R R o
AR IR, O 7 A T e 25 R 16 PR 3 o 2 A2, ey
$:Z JI T7E Transformer $2 H 2§, ARWMGEARL T30 25 SCAR BICIZBE ST iR A
R, FIARGOAZ 2 BB E. Maddoto 2 AR H 9 Mem2seq S fEigH iz Al - fil
A Z Bk IR RS AR T, A AR5 . W 258 A3 g GLMP D)
BIAT A ERBIPIGAEEL , A RReEr T4 B w2 B i, R e s & T A
SR P AR TSR LR SR . Qin 25 A$E H 1Y DF-Net P01 i 11 %o A [7] 454k
L 1) B 2 ISR S B0 B 407 1 s AT A

85 RO R H BRI G0E R P AR R ST R R S0 b, AR G R
AHATRARRR, TRMS TR TERSRINZEE b Bl 7 TRZ.
XENERAL TR, IRORRSAERM SR, EETY R, TEmA M
RSLRITR R 4 PR R P VB R AU, ELXS R ) O T T i S R A S
$, Ak, Maddoto 2542 11 GPT-KE™! fai Bt 1™ 07 0 2013 DA
Mk 1 2 T2 R IZ: %) GPT-2 w5 Huang 28 A32 19 ECOS! Hy 14
A7 TR0 R ) P 0 SR A A [ 5 v A P S A B S PR e — B, 4R
Tt T SE A R FEHT -

8 =P NEA-3R, B AIR RIS LR SRR, A BT
YIS R | LR E e 5T R 7 0 30 1] 2 e o X 6y v e
B4, HACREES RIS TN 5 SRR SCAS BE T ISR TS B R 3271 Xie
S Y UnifiedSKG 1 65 22 B 280 1 S5 A4 A0SR 365 BLSCAR , i SOAR )5
ARG —HBRR SRR S5 Rony 2542 1) DialoKGU 3 5 A0 (&3 i %
FRIELT PR X S ) 0 7 T AT A I, SEP AR 4% s Wan
SEP ) MAKERUO 48 R e AG 2, S8 SE R B MY 2 T B9 12 85 Shi
i 11031 80y M A RG2S T A5 o) 01 670 7 PR T o 52 50 4 SRR IO 0685 Bl
AW T AR Tian 2642 1) Q-TODMOM | 45— N B 5 161 0 38 21 A 45 7
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) D T NG — | (E=fER gé @E
3 pI 4R
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IR

e S

Pel 4-3 B T FRVINZRRONAY 11

Figure 4-3 Works based on pretrained language model

X LAE, Rt T A EIARE R B SE , AP TR A tL2AE Q-TOD
Brf EVHTIRITN . RIEASAET, Q-TOD (WA 5 2By RSBl 5 A4 o
RS AL, PIICIRBU R AR, AT il — 2 F Bk S —
mo BMAKRGE, WERITIRHBTE AN TR, R EWRFTamZIk, =i
MR RO KRN , QPR B EE R R LE], 251 KBRS HF5
KZREE RIS H AR S B A= T

B pk AR N L REA il N 4E (Artificial Intelligence Generated Con-
tent, AIGC) Hy T KRAS ALY SV b A AR R UG W 0020, Wem R BTN
B GER U0, B KRR AR BT AR TP AE — LB, A A ST K AR, 77
TR SEPELT N, DAL B B FA RS S5 XU, O T X L m)el, H ai RS
AR I AR 1y =0, BEA TR RIAREE Z B S a8 KEMR, B
B ALY A . H AR OFE T A AR R A5, W RAS A RATR PH 2K :

(1) ETAEMPR RGN R e BRI NG S
BRI EA , EEER TR A AL BT

(2) EHTRAREF RIS sRAE B R 4R RS R R S8
BT H,, AR T o )2 R B B 43144

(3) E TR AR R R IG R AE S AR S5 R B )
MRR AU IRGEE , B TR A SR ot IS R A B 1451400

(4) FET AR RIGRAE R B RBIASAAED 7) SRE , IS 24 i i
BHIEEZ AR B ER S WA AU AL i 32 2 T R AL 1Y) L
IEJ/[\—E& [147-149] .

AT TR BT (1) 28, MSWAINEFEMAF ST, A0t
G2 A Vi B AT 55 B s Y I B T A IIE A B IR R IG R A R, L
TR YIS R A I
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43 FENAE
43.1 1EBIFESE

ABTFE I B 8 T AR s DA 3 21 S 2 49 588005 35 T B A AR e
El4-4 EAEFR, W& NEWTRREE, — MR B TR E A
P A . Hoh, AR R B S T G, AR BUEG T  H e
AR IER); KRB AR 15 A R R LML G — B TE S
HIRE S ffa, A AR 7 S AR R BN IR DA A, AR Al A
ECIR

El4-4fER TREBLEAMER, P RAIAR BRI Gt i, T
AR R T R R R R ARG A B R S A R . B Ry
PRUTHEAN A 2 A [ AR BRI R o

43.1.1 EFEX

o 2R R ) i B St A 55 RO I 2 LA o 45 — M5 BONHE B dE , Xt
HopyH—BXiE (session) & XK S = {(x,,y,, D}, t =0,1,2, T, x, FRH t
R PIER], v, B t RAGIARERIE , T D, 2R Y4115 T & ML)
HITREE , G ¢ 58 LR {X0, Yoo X15 V10 s X, 1, AT ST BOK R G0 B SEAR TR A
IRE I  C, MR TR R HIRER & Dy, 3N R H 5 0T i s P e ok 1
[D;,C,1, A% y'. il TABIREIINGIA T —DE AR, 04
W x;, BT RS RERE DT C, TR R .

43.12 THRRERER

MEA2F P AE L, LRSS RT, BRNHE I LAk RS
MR TS, FLE R B fa A S Bl — 56, ABRETT RES Bl
BB T I 2h 75 i S e S 3 17 SR R — 28 AR RS 1 ),
M=, B TR RSB B ATUEA 26 TARR R S 0N aT DU 1 2R it
7532 007 3R B A S BT U AR IIRAS PR A TR — A 300 2B A
Hr, R EPE X TGS R A RG] IR0 T5-large B8 1%
BRI, HBEOOH 0. HBHONTE T A A, 2 B
B RER], MARGE- DR, A TIIgGMRERE, %6 5E7E Q-ToD
SR A AR B S _E A B ORI AT I, SR B Ak 2 ST BTN
Z3

4, = T54,(C) (4-1)
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43.1.3 FHRESKERER

B FXTREXT R AR 0N D, = {do, dy, ...y}, B BI04 35
AT ARG AL SCAR A TE 2K o AR i (it i R R AR /g — > Transformer
Gl a4, 4 Contriever! 2V A BHAE NI AL . IR 5 154.3.1.228 B
PR A A SR R ARIE A R @)U, Ho top-k
AR, PEA RS B B

e? = CLS(Contriever(q,))
e;{i = CLS(Contriever(d,)), i € [0, |D,|] 4-2)
i = CosSimilarity(e/, ezi)

Dtl = dt,i/’ St,i/ (S '[Opk(StJ)

43.1.4 [EE4EBER

RO 1) top-k IR 503 Py SRR R d A2 B AR pigi il —A
BT AR AR AR TE SR AR I 52 . ARWFFE B Llama-2 1524 AL A4
WA MILTEEmA—RARRE D, Bk /R RHE D &
AR D, o HRES Aikam A IE, AR i HEHL I TR R 25 TR R

y; = Llama(D,, C,) 4-3)

432 Y&iwTE

HRgmAE R4, BEE “EiRiR e LA e R 1EST
WP BONl gk, miE R Tk, (UER TR A SRR 220 Je& B TH
W BOR, DUVE TR R BRI SRR . O TAEA BREAF ST il
gk, HARTHIZRmRevEtt, PAEPIBrBSATS Sk, AT TR
o IR Y AP BT BL

4321 BHEEmH
4% Q-TODUON gy b 5=, A3E A1 A IR Orpain = (€, @)} o
51 ) 23 2K (4-5) I 7 B B 0 X BB SR A9 2 S A WA b fac R A A s A A e

Egarmup = Z log pOQ (qt,i (& qt,<i) 4-4)
i

A A MM 5 T2 5 S A W A 5 5 8 2 R

SZAIRE T DA AR RS2, T DA SR O R AT ML A B 1 R A FEABR S, B
RGNS DU, PIRPG OLAR A7 A
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PREEE
+

1
#J5: BLEU/Entity-F1 |

ditlth AR

IR

ERfERER
MEA N —— | ] RIE — IS
JZE DRk TPN \ W’*ﬂ‘/ﬁ@g y

p(@lx,dy, dp.. di)

r(d|x) fix[q(d|x, $)]

Pel 4-4  JE T2 B DR AR A 28 B o BB R 15 DI R Ini e
Figure 4-4 Framework and training procedure of query prompt optimization based
retrieval-augmented model

WEEE R, TR TR RS BAARIR &0t P52, EREIZGRE &0
HAZSTHIEREET), B RaSPED op-k BRIE, SXHED e PfHz
Ji 8 BRI A AR UE SR B SA SR N E F B B A TR I Rl . 10T A
S 0

ﬁgarmup = Z log Do (Ve |Dt,’ Ci Vi<i) (4-5)

H T A AT 5 BT JS 2 3 Aoy > i R P R T AR, T I SR A 58
ERCAAEN RN AR5 AT O, R BSCRARA PR ER PASER 73 5]
T T2 H 12 By ks e — I HiAR 1 BUECR B O . Horp, ZEif 2R g
BORFERI U T AT S5, B2 SR I SR T 4L B 752
HHPIR, 5T T 2Ry itk

433 EEANEMHML

N P O A R R A R, 5 DA A R 2 A ] A A R
Ve AR, SR o T2 AL AR AR A B B — R M o ) Tk Il
JE, TG ISR, R3] A U B AR 20l , i SR o R A SRR Ok
itk

4331 BUFIEE

T AT S h i g 142 g kiR s, @S [ S token fEAD
BEEAEWIER, 555 R 55 B B &L S R, R
RBIRGR A E . BR—1FId (S, A, P, R, y) hiE, A AR RIERRAE
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B FEIN 5, S ARSI, Buab A vl fe sk m & B4, AR Ay FK
BERE s A NBIEAR], BALRIREANRRR s P SRR by, (4;1x. <), HIEE
WIRR A BRI 2800 € 5 R(», ) = BLEU(, y) + Entity-F1(P, y) /R 2 Jil R
B, OWORIERRAE [ S AT AL AR Rl A T R y 2 NETTR R
AR E A BN I T Rt fR v, T XIE DT C A A B A token
Qer LILKMEM LS 0o FHBRIIIATRIENNE G, ~ P, (1%, 4<,), HEIA AL A
1k, BEASEER] oy T HVFR R REER — A0 . RS ZRARER 51 SN
—ANEERIREE, AR q WA BIINR )G, TS S A BRI A 2 ah , IR
REPFNE TSRS, ZdfEe— M. b TRibEZ#RE,
A0 N R(C, q).

4332 iEimRREAIL

1 743 2. 1 A AR B AR R SRS ) S8R IR A, TC LR Y SR
g, o WG ISR L34 % (PPO, proximal policy optimization!'®) | 145 H k724
TEA 2 R IR R AT R LT, e KA R . A (4-6) R .
7,(q1C)
7y, qlC)

r%ax [ECND,q~7r0Q(-|C) [R(C, Q) - ﬂlog ] (4-6)
()

434 ERISEES

MR AR NS FCANRAARSS . - HBHR top-k IR DFRERE Py se A
NIEF B AR —d RS FEOH IR L 2R, SR HILRKS
gk, P, ATl 5 s B SR WX N i, B, Afes:
TRRRL R S EAL S s, B Pl s 2 & SEHACTA KN
7, B DAORPEARE I AR N S5 S, RATE RR A A A, — i AR
S P T ARSI T — e AR 0 B G 2 1 i U5 Y AR A
FAEL, AERERA T — R RE 273X, e 7 a1 R FEE S0
X —id A . R iet, MBS HORES, I3y S C AR AL
i) q 2 HEER RS, BT AR RXHE I  ©, AR g 23
Y, NIRRT pr(dlg) o p(d|C). N T RSt SAERE By —8ik,
Pt R A B BRI N p(d|C)o BRI, WAKEDIR, His ik
VLo S TES)EL v il

L= Y KL(@IC)|la@IC, ) (4-7)
|B| cens
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Horp, B OR—HUOW 51 S BT 4SS G . BTk, MRS D30 28 300 f5 Bt
=Y, MaRE-8)FR.

_pd,y|C)

~ p(IC)

_prm(IC,d)p(d|C) (4-8)
B p(yC)

q(d|C,y) «ppp(y|C,d)p(d|C)

q(d|C,y)

Hrt ppaOIC, d) ATEFHAMRR, p(d|C) Sk R A b 1 R 011
TH AT A i A (@) AL S B A AR

prmIC,d)p(d|C)
Yiep PrymIC,d)p(d|C)

G p(d|C) HLiL. BERGL, X ESEAE T AN R AR AR bR e
[ 52 174 T P8 oA HE B AN R RIR R AR R . S 7 3R THINZRAn Ity — &bk, AR
R LB 0 P T £ S 38 AT AR R AT AN TN & AR 2 K SRR,
X BTN FITH 55058375 Dy SL PR A SR AT, AR MG AR AR, X
PR FEVE AR ISR T 8, Sz B, BUAh, TEUIZRI B SRR HERf
PR top-k Sl T EFTA B RIRFOR AL SAT R SR, B SRt A i
AR, DA AR AT DA — U2 Bl T 45 A s i e sl i) IR AL D573k . E e
HERIHES N D', EE AR R U2 2(4-10)Bs

p(d,y|C) = 4-9)

Loy =— ) logp(y,|D'.C.y.) (4-10)
i

L FTR, ER R SE AN MBI, SUEEEI ARG DFTR, BEk
T A1 R DA R T S AR AR T S A B9 5, K 4.3 3R 2
WAL ER ST . Bt B SL AT e NG, FERE R DAL O 3R AL 2 T I et 7
Hr, HAEMPERA RS S48, B iRgs: f ek Mifs T o e
2GR, AR R A RS, KR A AIE S AR B A 2 i AR
CiEE 2@

L=Cxp+ Loy @11)

44 LREER SN

AR A 2RI o ) i A 55 BRI PR BE ORI AR . SR L SRR DA KA
PN

43



PR BRAT 55 B Y92 AL SR TS

44.1 HEESTHIER

AT R E A RNE, A TAEAE = A ST 55 BUHE B 5E gk T 758
. 145 MulitWoZ 2.1 MWOZ) 13, Stanford Multi-Domain (SMD) 31 P4
Tt CamRest!M1), x sbRiR i — e Bl S A E AR . T Q-ToD O
HIFRYEFEI TR IGA, PTG T Q-TOD [y Ak Bt At =X DA K2 N 5 3 42 1 %)
. (HARFE IR, AREIEERR AR EIES AR, BAEngEiHEEam
FRA-17R

41 BiiEgiH G R
Table 4-1 Dataset statistics

ST E | SMD CamRest MWOZ

PORETT 3031 676 2097

THA)EL 15928 5488 19632

AL 3 1 3

e R 5.26 8.12 8.89
fPF R oL 7.97 12.31 14.73
Y/ AL | 2425/302/304  406/135/135  1839/117/141
e S SIBIAYE TSN 5.95 1.93 7

FEVFUMHT T, ACBFIT S A 3407 %50, R B BLEUU)
Entity-F1 5% (4 iR LTI, BLEU e FRAEIE 2 1) n-gram 97
5 B 2R SR . Btity-F1 (DR ORS00 50 74 o P49
VEEEFLE, R S AR R

442 EEE

AHFST A SL I8 ] TS-Large ™ Wy i b A 4w AR mAiHe i FH B3 2 i 2
Contriever FJ U 2L, 1] Llama-2-7B 7N fl i s i, e 4% 75 24T
SRCEFRIY B, AR A S S 2 (f i & RHOM , i Llama-2-7B
i ] LoRAS) i), {4 i)I| 45 5L Huggingface Transofmers g, Il 257 FEAH 3¢
Wil 32 33 7 Llama-Factory’ {344 . PPO 553511 p B%HE (0.8 ~ 1.2) HYIXJi]
WRH T A EA K 0.1 (Msib iR, Ha@B S BN BOARCE .

siAb 2 ST IR, (o AR [R5 S MR 2R 7] (0 SR R AR S A R R, i
JEZRR S S A BRI B YIRS R 5 1 5 A 4 Al ) B A
BINIRSS, DA S8 ARSI 248 5 817, N 1x 107, @it
B BARSE I O/ 8. NG AR iy SRAEREAE Li 215 poiseE,
top-p = 0.9 BYFEHLRFE, EETRAA KA EhIE.

R S G SRR I TR A SR, o TR A S0, A deep-
speed*ff) zero-2 BT BEYIZE, #3005 x 107, B BASILEAR KN A

2htps:/github.com/huggingface/transformers

3https://github.com/hiyouga/LLLaMA-Factory
*https://github.com/microsoft/DeepSpeed
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54 BT R RNRA TR UEAE T

32, R IY top-k (HBEER 3. FTABEHAEIZR A HHEER A AdamW!>]
TERDuAE s, B AR TX KB o7 ) SRR  YIZRBE 4 5K Nvidia 3090 24G
R FERERGERETR )G, JeittT 3 RAYEHRE E16 S0 IEIZ:, A)5HtT
Lierysatb N2k, ANy, ARIEIHALE bR 2RI FI GREE A 1 1) o

TEMRET, X T A 3R AR B ANE SR R TR/ N 4 SR
RUEATIERD . SEFEHIRAY op-k SUIGREREF—2, 58 3,

443 HEER

APREITVERT T DA =26 FL 4 iy -

WAL 2R A ACAZ B IC R PRAE AR AR, ELAE A 2 Bk
BRI G A R R A R I . T4 3E DSRICL KB Retriever!! 0,
GLMPD), DF-Net EER[!°7] FG2Seq!!°8!, CDNET!®!, GraphMemDialog!%,

BN SR I E ARV 2R BERE AR ZR B B 400
TEAER AR ZE T R MR, @il 5 NESE & B R RRB 153 A A
WA . TAEfSE GPT2-KEPT Fi1 ECOP]

RS D EEEPE s T R R R A B e IS R R X
T s R SCB R A R a4 . J5 ¥4 83 DialoKGU), Uni-
fiedSKG™!, Q-TOD!'°!, Dual-Feedback!'®*!, MAKER [10?]

444 EFEBER

TR RA2IR . ARSI R T HAR R R R,
SANTITE RS RS T RIS BT 2 Bl p i MAKER, ARHFST
(975 4 MWOZ |- BLEU {75 0.57, Entity F1 5 1.34; f£ SMD |- BLEU {45
0.61, Entity F1 75 2.39; fF CamRest |- BLEU {5 0.70, Entity F1 £ 2.56, 525
R T 7 AR 0B .

445 KW

T A A ARG T B R, AR A M R R
FOE RO AP, LR TR AL T 5 BT DA B e A 0 K
KB — BT

4451 HRSHT

N T A FRREREAE SR, BT TAR LA E . “Todiiisk” &
AN BRI SRR A T AN R B, LR B B P SR A R
M TR EINS” R B AN JE R s S T R, s
R M UIGREORAEARES , 7 SCoe A BEA T, B 0 ) Il 52 i) BM25 B3k
SR AR ERRG R R DAL, EEZR T, R S5 EMEsZ T
ARTRBLIE, M T nligE, (E2 Ak e A D IR 32 BIAG 2 ki th i s2 s
TR FAI TR AN AR PR RIH S S PR AR, A SIS
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K42 FYURER
Table 4-2 Main experimental results

- MWOZ SMD CamRest

B BLEU Entity F1 BLEU Entity F1 BLEU Entity F1
DSRI!16] 9.10 3000 1270 5190 1830  53.60
KB-Retriever! 7] - - 1390 53.70 1850  58.60
GLMPDA! 690 3240 1390 60.70  15.10  58.90
DF-Net!5°] 940 3510 1440  62.70 - -

GPT-2+KE7! 1505 3958 1735 59.78  18.00  54.85
EER[157] 13.60 3560 1720 59.00 19.20  65.70
FG2Seq! 128! 1460 3650 16.80 61.10 2020  66.40
CDNETP® 1190 3870 17.80 6290 21.80  68.60
GraphMemDialogl'®! 1490 4020 18.80 6450 2230  64.40
ECO8! 12.61  40.87 - - 18.42  71.56
DialoKG!!13°] 1260 4350 20.00 6590 2340  75.60
UnifiedSKG[*?] 13.69  46.04 1727 6585 2031  71.03
Q-Top!!oll 1827 5328 2176 7344 2465 7681
Dual Feedback!103] 18.48  53.17 2510 7158 26.00 74.04
MAKER!02] 18.77 5472 2591 7130 2553  74.36
N IiRA 1934 56.06 2652 73.69 2623 76.92

RS R A R ANR4A-3 R . HoE, ARG, AR L

¢ 4-3 MWOZ i Eifiimse s
Table 4-3 Ablation study on MWOZ dataset

ol BLEU Entity F1
WG 19.34 56.06

ToA R 17.22 (-2.12)  51.72 (-4.34)
TR EBINZ 17.93(-1.41) 52.86 (-3.40)
Tok & 18.84 (-0.50) 55.24 (-0.82)

TAFEREER R, Bk 1 VA BB R AT R . SR1N, AR Zhad AR
M SR A ) FAR AL fEhs, %T BLEU {HPA K Entity F1 f8PRH) TTHRE
Ko Beoh, dmREABM— MBI E, AR RRERZ G, BIRERENA
HIRRR S, e i T H AR T A S A Llama-2-7B A Bt HAT 1 HUAL
SFRBCR AR FRBE S, B MWOZ 43 E R SRECA IR (B3890 7 2%), i
LR HEAS LU A EAR LI A AR G AR - (H AU 2 R R TR R SR 5
K, IR B, RISGIERLA A, DA 5 A 2R 0
5 5 ISR AT — R B L
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4452 FNMAEFEEXIEES T

ARRZEPESES RS AEX IR A @-8) BT R Ry R v, AR A5
TSI B 2 A, W LB B EE S B 01T pry (VIC, D)
U4k J5 55 B A SE 3% p(d | C) UL , 3K 1E S i 25— 28 TAR BT 3Ty g 1400,
M TAEAAE S5 TP AR BT8O, A 2, AR SEA R B B
IR BT, TSI A RN FEA-4FR, AT DAE AEAT S5, AdEAT
21 AT SR B R B 4T
4 44 MIWOZ i Jsify A1 J 30 850 5
Table 4-4 Analysis on MWOZ dataset for different assumption of knowledge prior
Sl BLEU Entity F1

2] 18.46 52.68
EHS 19.02 (+0.56)  54.36 (+1.68)

ek vs IFHMLINIR Xz FRRES, AEE AL R S P A5 5,
HI BRI IR DHE . S AL 2% BEITA TR, B @SR BELME N e
BN BB, S ekl SR R R A I 52, S Ao aT DAFATAR PR, 5k
RBTAEH BT EZ X ARG L. ASCR M BGUERIE , NR4-5SHnLAE
. GEAry 7 N BT H A T3 PR MuliWOZ 1) 2 Ui e 5
H, N T HESLSE ISR AT, SRR 2 AR R .

% 4-5 MWOZ Zha Sty it i ABERo et
Table 4-5 Analysis on MWOZ dataset for organization of knowledge input

I A BLEU Entity F1
o1k 17.02 52.96
AL 19.34 (+2.32) 56.06 (+3.08)

TSR KL top-k [RsEM —IRIMS , SE R REd D, AR A M1
SRR O MRS 2, WX B R RN RS, SR 22 4
Jie ML, AFFFAE MuliWOZ Bifls 4 b, #8507 HIRARCS R HR A H top-k
ZIEHIRAR, TS a R M E4-5FR . ATDAR L, FEE K HHR, —JF
IRTERE L BIMIAFE T, KUY k BN, fFE RN R MBI IERE R,
AR ARG I RES R RERTH I A S A EE, DR s ik R gk
IR k>3 2 )5, TEREITIRE AW TR, (HRFRRIEEMLLT & < 3 BIRRE
RARZ , XU — T M 2 BRI T I T RS, (H R IR S A B 1 I s
WA ER IR, FTPASE RN . 10024 4 3 AR AR s i R s 2, 37T
SHITE R A 7 [ 3R L R AR B

HRAL T AS R, B AR R B A i A AR
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Pl 4-5 bl BREe4ILbE topk ZEALIA L

Figure 4-5 Performance of dialog system over top-k

4453 EHISHT

Kl4-6 /R T HAFEBITESRAZE T MA S B Z T, B E SR RS
FEEBIE FEAE . TR0 BRSO E, LA R T, K&
itk > BB 7 AR X AN SR AR R AR R R IE ), A, TR
HEAZE PRI S, SRR T R R A S &SR, mEALT
) 2% (5 R AT EE Y “the same” iR, ALY HGFERE 2R Y “chiquito restaurant
bar” DA f “the good luck food takeaway” W& 2 5, A SEPLIEMAIRG R A G484
BOERA A [R5 . AFRAEX ARG, R RS T A SCRBEAE R — AN 8T, 5
IS LR SGI RIS HORIBIN A, Bl BLY) “same”, FEXTE T
s R SR S BARPIAN A DA S I AT, BRI AL BB, HESHR W RE 2 ESHh E
E2o8 T B ol 1%/ a7 S1 P2 O 117051 I NG e RS Rl | P S N 92 8
AR T AR AT A FE A nrRE Dy s X% B & RS E B AR R = AT .
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% 4-6 sALSY: ) TR A R B

Table 4-6 Generated Example Demonstration of Reinforcement Learning Ablation

U: Can you lookup the for me?
S: Yes I found it, what information would you like?.
. U: Can you book a table for 4 at chiquito on Tuesday at 20:00 please?
Dialogue Context ) )
S: I'm sorry but the booking was unsuccessful. Would you like to try another
restaurant?

U: Yes in the same area and price range. I'll need a postcode too.

Book a restaurant of the same pricerange and area with chiquito restaurant bar.
Generated Query w. RL
for 4 people on tuesday at 20:00.

Generated Query w.o. RL Book the chiquito restaurant bar for 4 at 20:00. Request the postcode.

Oracle Q Book an expensive restaurant in the south for 4 people on tuesday at 20:00.
racle Query
Request the postcode.

. chiquito restaurant bar, mexican, south, expensive, ...
Retrieved Knowledge w. RL ) ) )
the good luck chinese food takeaway, chinese, south, expensive, ...

Retrieved Knowledge w.o. RL.  chiquito restaurant bar, mexican, south, expensive, ...

I will recommend the good luck chinese food takeaway and its postcode is cb17ag.
Generated Response w. RL
Would you need more information?

Generated Response w.o. RL  Alright, the reference number of chiquito restaurant bar is cb17dy.

I booked a table at the good luck chinese food takeaway. The postcode will
Oracle Response ) ) )
be cb17ag. The restaurant is at 82 cherry hinton road. Will that be all?

45 FREING

AFREH TR T AR N A i B A R T IR, Sl TS
RT3 P OB AR . BT, AW E Sehe th T — D Fn
fge, HT2ae BRSUREE & T Ui IR AL G Ay, fi s Al > R AL i
IR R GG RIS R 2R HR, O TSI R AR5 TR SR A e
WA UNGR, FEBCA IERRARYER I OU T, A bt [ 2 4 & e g (e S
AR, PO S IR A B o 1% TR = ME 55 B Bt e h e s
T HEAR A MERE . ST SEIRIR UL T AR PR R AR S . RIS R

B o A R
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55 BT RIS e X SR IR 5T

B5E ETRUXEHIERIFHFTIILSE

FGEIIAT 55 Bk A0 AR AR R 20 A7 1 et ISRt X il
PEAT 55 S Uz AL RN ZE , MELAR XIS AR TR I R A 5E . ik, BET55% |
SR 22 e 03 B B PR A AR SR B O PR, SR © A A [R %375
AL T N VA PG o9 T el T = B . [ W 78 1 L0 B TR O A SO S

N TR, RIS GUSMERE . AP R th— BT 2 P SAst
U AN L S0 B 7 A o KRS B N D Dl 1 £ Y K5 R s N PU RO DU R T R WS
e e S kot USRS I R S DAL SRR SRR A S o ISR
— R AR MU FR AR AR A ] ) P B AP RE . EOR A B S HL A
H, MMk e Tt.

N RO AR, B S PR 2RV . 152 T R R R S
A, ARWPFEHR H— TR S AL SR S A 55 R 2 TR PR D7 20, BT —
SE R R RERENE , I ELAS RS T PRI S LA T, 2 i o e A PRI A A
AT A PEAEHE R A 5 AT A5 e B ) MK

LT ELTIE, AWTIEHR R ET 2 1 7 S8 ) X 5 5 SR AR AT 55 2L
XS AR RN A B BT TR T, TR, SEER A RIS UER] 1A
A PRI BB PSR TR RO RE -

51 5|

AL S, AT AT ASRBONRR H Y, 752 B 22 5 s 2 <
GORE, T REE KB R BRRDGE , AU TSR BT RS0, BRES)FhE
-5 M PR TR AR, AASES TRV E AR, FERZHRT
RERS 4 I DA R A A AT o il B RIS 2 245 B AEAT 55 0, FLa A I R
MAAAE R — A B Rt dle b, Ty IS AR 35 P A 37 S L B — R e S O 52
2%, AR E RE ) Tl 2 2 U Z L5519, AUBURRT ML HTT
AR5 ZURTIE , I FE R T R T e O RR B35 AU s
DA 1S D R ETI AA Smg  Eavl k1 2 D A U PRSI AR DG B S ORI SIS R O
— AR BT H AR SRR N A B DA R Ak ) AR g £ AR #E T
DA I /NS SR I R 22, 1 A AR RIS T I3 B S Y
HAREEA 2, SR T o KA RIE S, (EFAEHT TAE B X — )
NATRE . AWFFEA B B AT REELSERY S A S A A F AT B A
PSR -

S A PRI 2 T e A8 T L B A D5 ISR e . AR A R A
FEERER . D ATIE AR RS, TR I E — ML e S i) £ B
AR R R B W T ZRXE A RR, NRBM IR, A

jilll3
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B € S ROE AR R T (BN N IE AN D/ 2 R s W DR 7T Rl i
BLEU!?1, ROUGE! ) & -5 i 2 130 R4 — 56 11 2 5 s e [ 2 22 1) AR DL E
PHETER L AR BT, TR A LS SRR T RGNS, Toikfalss
B G AR Al BEAAER BHR R BUILA BAh, d Rl B SCRI s A <t
27 WRHE, PRERISXECAR SR A SO, 2835255 1l 2R )2 i HoAth
[FIAE GRS B AR U A, R ORI BB B PR Al . TR T 3R GO
DUAEAE AP S- 1T (g SRme R (v A ), 4 R e i A A Ak, R 4R i P
AR A TS, AL, XHHEARF, TTERIEFHB AL —AX
WARGREIR . BRI HAE S AN AR BRI LSRR, B R i

e FREXSIE (ground truth) A
P B8 — 1 ez EN YIRS,
25 NEHRESREDESET, EBHEEEFINMR?
\ P RAGEYT, y
e )

EIEZGEEIEN (traditional evaluation)
AR HeHR— ez ENERNIRIE,
R4 NEHESREERET, BHEEERXIEE?

— S5EAR, HEH

\ P SRAOtEERYF. " REERES, REEREKE, GRAR
6 EF LR RIFASTEN (interactive evaluation) A

R B —RE—ENEIEXIRIE.

25 NEHRESREESET, BHREEMRXER? —p— SHETHE, HEH

\BF: RO, BRERERANBRIOIT— N SAR. —J—> FENER, fEXEERRT

Pl 5-1 SRME B LI Gl

Figure 5-1 Example of policy mismatch phenomenon

ARAEI AB MRS, (HRTERID LI EE, THEBERE, AT A&
Sto PR B R VR SR A P gy 5 (D13 L T2 A60 ey A T4
e A2 S SHEREGI AR . SR, XT38 B G SRAE BN NS, Wik 7
GBI STEDON AL, B2 TAEDRZE TN TR R %, 2Rty
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T LT H PRl aR 1 7 YA R By o 756 — Ak il: BsBURABAME. M5
LIU 2B g sz e S-2rp af DA, BA—A4 ) PR 0L i o KRB R — Ak
FH—HA, WSRO ERE. TES XS AR5 B SRR, (UUE
B PR I 2R GRS S P RE AR R 2%

KIEFHA ChatGPT BAG ML 75 148 238 0G LA S AF A N2 1 14 %375 g
BT, PR T, ChatGPT BERSTEIRAFFR 7824 “ A X —
. X HATFRARIEE — DA R E R . BT — AN RGEFEREA B
e BRI, T RASeE R HAR R R R RHE . SRR A v A F
ChatGPT H #3414y, AT MAEsE! m s, iherek b SRt B,
PRTHSE R T S S TR s BRSNS , 1B BN TEA
AL IOT R T I A T AR

EABFE A P RUOR R BRSNS R AR, RSS2 PRl . . e, BcHa gy I 4
B AR
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ask info

anything else
make reservation
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(a) RFRRGAEARF T LR (b) AF B IE SIS AT

Pl 52 g

Figure 5-2 Cross-domain performance

BT RS AP, TR AT AR B A PR, R
WREST, EERTI AR R, A SR R A 2002 F R e
HIEE G Hk, 2 E| KR B> 19 (RLHF, Reinforcement Learning from
Human Feedback) Af¢ TAEMI R4, b 1 MBS B 5 A PBEALL 25 1 22 T R
IRAF e, AR I T ChatGPT £l ¥ 75 48 07 1 13 80 1 44 s s
B AR AT, FEVE A BRI DL, SEIUBRLG IG5 5 25 B2 ]
PO A EAEAE2E S, RRGE ) TR B AR H AT, e T iAo,
TN RS, UNZRSE AR B ORI T R, FFRIB— S VI,
NS HE AT

ATRFACAE 55 BUASTR A 4 A ATFEHEE (CamRest!! '), Multiwoz 2.11134),
CrossWOZ !, RisaWOZ "1y FIHIHF LT 9 A Hedii s (Wow Lo, worl10%1)
7958, ZEARBRSEHTHR M AIP R R, B0IE 732 7 IR TR, AEpT
A PO DI REUG— R T, ELRER AR R, A A
VISR RENS BRSO BR T, o R AL R M 9 SR B 5 4, 4R 71
%o AIATSI A BIRER TR 2R 5 DA B R AR AU 5 (0, A T
— SO RSO T XHE R EREM RN . LRATT T, ABFITITHR Ao iR
DABCAR AR, BEORh 15 0 A0 S 1 1 5 145 TR A 9 T 1
A5, A TR AN AR SR TR R IZ AP RE .

52 tEXIME

WNES-307, DXBIT e GE I GR 07 v L O s At B sl ZRox 3t &
48, SAWTE A — B TARE R 2 v St B (S
PROESEmp S5t IO SRAL A S LSS IS R RS, DAL LS R <L
Ho AT A4 AU M DA S 1 0 PRl 1 5k A 2 ~T R e i T
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B tadd M PR r H B2 805 P AT, k2B i) DAE
hsRAL A 2] IR EE T SRR RGN KPR — Eﬁfim%ﬁo%ﬁm
ep S IR E A T T T PO AR A AR 3¢ T/ . Eckert 211900 ¥y $ BT 45
THI I PSS, Cuayahuitl 2197 MR B o /RBBRR . B, HT
FRAG P sl g VoS 170 Si shd F P sh VRS R g PR, R R,
A7

TR BE 27 > WA P BEADL 28 A 0 3 B T 18 S R B AT e 81 31 e 9 i AR
i TR 5 AR A 5 Bt S T TR AR o AR B I — S
FORRAE, AL A P 5 BRI . Bl i P — i xhis ey B AR,
P R sh NN P O P R e 2 i U
WA BT R DA 2 2] BE ), AEANTIRIBE A B 5 0 T 4 78 ) PR AUl
iy AR,

T2 M) B Z SR AR2Y: 2] S 7 IO BT ] 2 B 4 0 G T 52 B i A
Shi 25 U731 45— AR T PO R Ry B2 ST (< R EE . —BEHE 1Y
TFR TR PR A AE 28 58 HAR T IFRALE B A SRE S RS, XA HFRx T &
GRIALERTT LAY, BEIG RS T EAE SR B 00 2 5 1 A B W B AR P 7
&, RBIMIRMARE, RO EE R, B P58 A AR, Tseng 174 B8
PSR T — 3G E A XHE R 46, Takanobu 2171 i 5 2 8 g (R B (L2 >
R SLRAL PRI R G RE, Hu U2 P i ) RO P8 B
A OR YN (SYSE S TIE Q2 o R A s o

SARBFST AR TAER Liv 2542 5 MUST HEZD) 32 TR kR
Z ) PR g AL 2 ST N7 3, AR ) FH PR A 2 PR 3h 25 M B 3 v
BN RS AE B MR, DASEIRR R 00 A, B 1 JOME st . (23
S A PR LA SR T R — N RR B 0 B A, LR A T A
FABRURE, TR AR B2k 5 ¢ FLi T2y S R siny R A, e
AR EICBUR TR E 80000 4, fili Ty YA E AT R I B R MR ARAY |- . A
RZFN R MFN, XTEZA A FTIX 5 EeR s Pl sy RE TEp
Pz RIS R, ARG L A O P T DA G 1 N 2 SRR B
BJ5, JEIE ChatGPT [ A 235 57 5 WAk DA S it 17 550 1 A0 3 21l 38 B4 o
i

KiG S BRI S5 KB B & 57 KR B 8RN ZIF i T S HE R
FH R T Transformer™ | F it 29 KRB 3% GPT-31°0 paLM 70,
ChatGPT!®), LLaMA !, GPT-41"77) 2 b T/ M LB 1A T B oKl 9F
FLIBBLH Ty ae 41,

IR BT BRAFFE — SN GRS, AR Z TAR@E G —2ex 55
ESRE TR RIS i DA SO EDIAH RS 55 o EBER] DA A =2

54



55 BT RIS e X SR IR 5T

%[178]

g AbE M5 E T AR AsRAL A > G Christinano Z832H, AT
2R RE I, EE s TR s B (58
B0 N B M0 55 1000 L 840 A SR R R A i) N 2 B A I T A
) i A g L1810
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Pl 5-3 Wil BE ST HESE

Figure 5-3 Two-phase learning framework

53 EFZRAPRXERER BT

AFTRFPR N ZH AT TR B B SPPAGT IR A ST 2 1 P B s AR
AR5 AR SR R KBS B S-3HA ], X BIHE TR 5~ > iy DPO
A, NI AR T 2730, ORI g 4 M 3 i e 25

53.1 %£B5HNN: BEERIFELE

HE R4 E 0 &iFk DPO? (Direct Preference Optimization), J&FRI
F5-4fin . X 51T RLHF 553k, DPO SFARER ISR A dE, B
P I e B A T 0 . AR RLHF A H R=X(5-1), BESFF L2l 5 3K
W 2 TR] Y & R R A3 (5-2)

H};%X{ E D, ymm, W10)[rg(x, ¥)] = BDy [7g (Y1) [ 70¢(| )11} (-1

“hifife, JEEHSFR DPO 5k
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Remforcement Learning from Human Feedback (RLHF) Direct Preference Optimization (DPO)
A - label rewards P
"
t_:_v] —> reward model LM policy iE] —_ final LM
N
preference data maximum sample completions preferencedata ..
likelihood reinforcement learning likelihood

¥ 5-4 RLHF % DPO %}t
Figure 5-4 RLHF v.s. DPO

7, (ylx)

n'ref(ylx)
M4 Bradley Terry #1284, i df £l M3 RO T B AN A 7] 1] 25 2Rl i) 22 5, RF
ARG AR AXGS-3) AT

r(x,y) = flog + flog Z(x) (5-2)

Py > »mlx) = o(r*(x, y;) — r(x, ¥,))
_ < 7 (y11x) 7 (y2|x) > (5-3)
=o | flog —flo
ﬂref(yl |x) ﬂref(yz [x)

MTTEESE. T S R S B USRI 1 K AR, S KA R il 52 BB @A e K AL i
R, A DPO iy AR A3, A IR e 0 A BRI 2k e
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71'9()’1 |x) 7T9(J’2|X)
Lopo(7y; ) = —E - llo o (ﬂlo —flo (5-4)
DPO\7g5 Tref Xy y)~D |1O8 g Tt 1 1%) g ot 21 0)
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JH PRV MBS A i T o

###Instruction

You are asked to play the role of a user with the following specific goal, interact with the agent bot which is acted by me. You
can end the conversation through [END_SERVICE] if needed.

#H##GOAL

{RHEFEH A P H AR )

###Conversation Begin
{(5E5—4% I i)

assistant: {f—% AG01EH]}
{(5B5—4% I P}

assistant: {55 "5 RGUi1EH] )

... assistant: {{x)5—H RS IEH]}
(5 —% M FiEm))

Pl 5-5 2T Llama-2-7B [ B8 g8 WE o B 1B X

Figure 5-5 Data format for supervised fine-tuning of user simulator

5322 BEEmH
R LIU 25V (9385, k7 B 1R RIS R 1 ot B A 2211 [ 4
R E o AT B, BRI, e BRI A BRRIRAGTE R, Al

BN GRE RS B LA W PRI Tl R 28 BT S H 1 s 4
XE5F, RETRCES, MR g S, iR S B, B fEIL
TGN HR g aEE, WIEAERRIIES L, 23T RGN,

5.3.3 AR ImFTFF
53.3.1 {REFEHEIREX

B R 7 B L 2 MBS OB AR S L, E— 259 L5 1 Pz
TR . 4T RS TR PR SEUR Sk BT 0T RLHF fORCRIETT , 4
iS5 R DPO FHEHEAT IS, 7EROts S, o 7T A A 1K
PEA I R TRIZE, T TN BAE b, D It ey, 5 B R
Bk

o BIREHTHERIES, EHIEE.

o BIRGEUFRIEIS , BEOSATHAENBIE, T BLEERERT R T N D
% 12 5] ChatGPT FLAT LT IO SCAERIA B & BRI 1, R BFICEE i—Fit
T ChatGPT 7E LB I U Ao . 1k ChatGPT 2R ILARE] Hh1A fl 3 5 15
PRI R, UK S, WES-65F R, 1e5 R RGLE RIS Ry, I,
SESAHRDT S H —RHIAF] ChatGPT lbfripfh, WP (mat, 35
14 1P, A B SEA XHE B of ANRRIES, W ChatGPT
AR IS R, AIISEAT (OB RS IO IS Ry, S 26 PR DA
R S, A A 5 7 S A 1 R A R B R A
B, 52T —AUREFER (H. Ry Ryod) HIHTSE.

AELLERAI, 5 A% ChatGPT AR AIEIS-THIR . At
o, SRR IR ST B R4 B4 A, ChatGPT T £ th BUXH i —
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A8 .55 ffi i B A
I am trying to quit smoking, but it’s really hard.
rl d dit be-di 14 ¢ it Jet T4 ddiets. that 1 AL th, )
a difficult-to-qu a that 4
) H £ At dinhali th, V) hich 1 -t 1 Jhl.
& and T anJead-t P P!
g \ ...not directly address the user's statement about finding it hard to quit smoking... U@ y
‘OO oyas imodifj/
Al (Quitting smoking is indeed a challenging journey, but you‘re taking a positive step A
towards a healthier life. Remember, every small progress counts, and you're not alone @
‘ \in this. If you ever need tips or motivation, feel free to ask. )

‘ Thank you. It's a hard habit to break.

%L/ aa
(irin ARG

(That's understandable, smoking is indeed a difficult habit to break. However, I believe )
- that you're capable of achieving this goal. What methods are you currently using to
Jp  BERECE quit smoking?

THRTRM)
Acceptable nb )

[ A

have been trying to use nicotine gum, but it's not working for me.
oA - \

©
o

oe you-tried-any other hods-such-as-deept thi £ meditation?

' v Y ...not fully address the user's concern about nicotine gum not working for him... [Q

J

modify
it 2 N

Nicotine gum is a great step towards quitting smoking, and it's understandable that it may

ad not work for everyone immediately. Your efforts are commendable. In addition to nicotine
\ J gum, you could also consider consulting a healthcare provider for personalized advice or

trying alternative methods such as deep breathing or meditation to further support you. )

5-6 2 S dF B s

Figure 5-6 Multi-user interaction and construction of preference data

e DART I HA S AT A B B, TR AR SR s A 35 B X e Jm — e Y Y
BHEAT 15

(i tF A ) ChatGPT SRR

Here is a dialog between a user with specific goal and assistant. For promoting the user’s satisfactory, fulfilling user’s goal and
improving the assistant’s fluency, determine whether the final utterance from assistant should be modified first and modify it if
the quality can clearly be improved. You will be given the dialog history and the CURRENT user query and assistant response
to be evaluated.

If the CURRENT assistant response’s quality is good, do not modify and just output *<NO MODIFY>" without any extra
content. Otherwise, strictly follow the ##FORMAT, output your reason and your modified final turn response.

CAUTION: DO NOT REPEAT the assistants’ reponses in dialog history!

### FORMAT
<REASON>
HERE WRITES YOUR REASON.

<MODIFY>
assistant:[ WRITE HERE YOUR CONTENT AFTER MODIFYING]
<FINISH>

##DIALOGUE HISTORY
{FFEOA RS 5 J7  }

##CURRENT QUERY
User: {RREAH 41T P4 A)

###ASSISTANT TO BE EVALUATED
assistant: { fFIE A1) 24 i R 4042 )

Pl 5-7 Mk Bt i1 ChatGPT Btk

Figure 5-7 ChatGPT Prompt Template for preference data construction
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53.3.2 &t FE

A AN BSOS X, O TR TNl R R, 5
XA P A e PR R AT B S UR R, B ME ) PRl g i AR R
XFTHAE G PR M S 2 o ARBIFTEE SCITRES SRR 7 (20) M2 AT
A EEFERIARE, AERTA ] PRUAS AT A — LRIl A B A AR, iy
X (G-OF7R-

A; =20 —score;,i € [0, |U]| — 1]
A, (5-6)

Pi= g
|U]-1
ij() Ai

AR 4 X 57 B R RAR AN ES-8 o, B —He AT AT, SEXt MRl RS
AN PR LR BT oA, TSR R PR, MRS A
BRI T2 B . X H S FEAE ChatGPT i S8 M2 N, Wi ir 8k, ik
PlRCERACE S, #E4T DPO IlZk, 132 H0R R, — k5.

— PR B

AR - ISR
25 IEAR
ZH N
‘ 11l
Llama-2 U g g T DPO |l — fepa 7y
J iy
HE

N

|
I
~ I

N
N -

m;@ et Wi Q e ]
\

: \
EUAKI %) I ‘
I all,

BING
Pl 5-8  aRACA Ml X S5 fe

Figure 5-8 Process of iterative preference alignment

54 SISERSHH

AATREX AT I i A RS SR SRR . SR CE I TN, RN T
SIREEA, BGPTSR AT LB A LR
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541 BHERESITEER
5411 ¥R

AW T 4 MESBHES RS (Camrest!! %, CrosswOZ !, Mul-
tiWOZ 2.1 RisawOz!193) F1 2 AR B NHE (WoW 64 Woll165)) o ksamife
BATREARG G BANRS- 17 . R SRS F I RTH AU P e 55 10 135 8
Boin 2 TAL S BUNE, HAEMNRAE T, AIRES EAARILFIRE, i R R Hk
. HeAh, BRI AE R AT Ay B S 3 i PR RE R T e kAR

51 Bagilfn i
Table 5-1 Dataset Statistics

AEIEE S WHEEL IR S/ AR
Camrest[°] 676 10.8 1
CrosswOz 4] 6012 16.9 6
MultiwOz 2.1134 10438 13.7 8
RisaWQz[163] 10000 13.5 12
Wow [164] 18430 9.0 1365
Wolll63] 9633 9.7 11963

ZEF RN B AR 565, TP Y RisaWOZ #ll CrossWOZ A~
AR, HAWBIREI NI, N TS, fiH ChatGPT #i% | RisaWOZ 4%
Y4k, CrossWOZ $idi it T H I Se iR A ™, (E2 & B P B AR
FEGG, HIEFN M B bR TS PR O Bl T S A AR
K IRE 5 B X PRELLEE CrossWOZ s i, X Ui W] Llama-2 7ERHE )5
FAE S5 I RE

IHLAh, WoW FiI Wol i3 A Hicdii 45 A5 % P FARAOAREE, R B 7 4
[%15-9 7 7519 ChatGPT 75k Lk A UH P H A%

JH 7 B AR A ChatGPT H7Riiti

You are an excellent summarizer and user needs analyst. Read the dialog between USER and AGENT, summarize the user needs
in one or serveral sentences with formatting as

###GOAL

[YOUR_SUMARIZED_USER_GOAL]

Only summarize the user side, no agent side. In the summary, change “user” to the second person “you”.

dialog
{FRHEARIXTTE A2 )

Pl 5-9 D HbsA 0k ChatGPT $7- B b
Figure 5-9 ChatGPT prompt template for user goal generation

54.12 F{htatR

FES. 1795 i 2 284 B e BT [ 5 B AR 1AL 58 1 S iPA FE i AEAE R 1 2 ),
AT — RSSO E G PR IR T30, AT T I ES- 100 R )
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PRORBEINR, VE R ChatGPT By A, it B4E4E! 7 S8 54 mU wy=t, itk
ChatGPT PFA% 4 J5 AN R 4 BE R RTIEAE 7, F Hoek sl , $2 % 500
A AR PR SRR . S R I DU 22 2 B AT AT AT B A4

ChatGPT £ H Bl PP Akt

RV B R R AR PRI NG . IUZEFRAT TR BTN AGENT [RBH, 1 s 4i BN A% =X, 4
WAL RLEREFT 4> (0-543), TAES H ###FORMAT DASME Y25
###FORMAT

1. HARSERE:

PRE:{FHE )

SR

2. X

FHER:(FE )

SR 4

3. B EA

PRE:{FHE )

SR

4. PR

FHER:(FE )

SR 4

## P H bR
{RHEZEI - E A7)

T AR
{FHEFE RG2S

Pl 5-10 ChatGPT 12536 A Zh PGBk
Figure 5-10 Auto evaluation prompt template for ChatGPT

BS-11R 1 — A A i A th AR o AESE P b fee, a4 1)
Py EORFE 100 BOGHE, ARG T B i PR A G R BT S (EDOR PR ARBE D LI .

542 LRIGE

AWFITH BT A SLEe Y BT transformers® HEZ2 , i 13 f5#4 Llama-factory {45
FiE SR S BN R DA S 56305 8 I 45 VR D api (958 Tk . I ChatGPT i it
openaiapi’ . | ZkHHE BRI ] Llama-2-7BN ey B ir A AR ZRU7E R )
AR, FE M ILRIERLAS (fAFR LoRA, Low-Rank Adaptation, J5[i]) K544
RAER S, W deepspeed 1) zero-2 BB, F-FFJE cpu-offload, A1
T SEI Y RESAE AN 24G g 4 5Kk (%) /1 5k (DPO) Nvidia 3090 | i3
PGk, FrA SCIRAYZE ST RN 5x 1077, B BAUS SCEIt i K/ R 32, W4
WO (36 P BRI GRS RGBT B ) T, AFEEdESE L
IR BUANTR , AF CrossWOZ/Camrest 1|25 20 %2, MultiWOZ/RisaWOZ/Wol il|
2510 %%, AF WoW Ll 5 %8, ikt TaE R EFXTFF BB, AR IR e 474K
PEHEA 4000 55, VIR 3 %8, KB AERE N 2048, XITHIHFE T, PREE AT
T 1024 fUERSY

3https://huggingface.co/docs/transformers/index

*https://github.com/hiyouga/LLaMA-Factory
Shttps://openai.com/index/openai-api
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543 HoiER
543.1 E4UEFsCIE

BTG PELOAS . ABFITE St T T SIS R, AR, X
BAEAR R b, A SEROR I O KGR T8 T4 A Rl s S Bl
ARG RS, S PEUER R IIZRR R, FRER T Llama-2-7B B3, H
e, FFEHERTHPE, FOVESEREL Y, HPHRXTRGEA
APULRY, FRGETR S P 2 R S G W AR P R, P e T
55 . Horb, A SEHE AR RS ENZh i i R Gl w RO il PR it
ARG ISP N L RS

BT B B PEAERR AR IR Ali 25 2R

## T H AR
During the vacation at home, you are planning to watch an American movie. “John Travolta” is your favorite actor, and you
want the customer service to recommend a movie starring “John Travolta” for you. Then, you will inquire about information
such as “runtime,” “cast list,” and “title” of the movie. Additionally, you would like the customer service to find a movie starring
“Harrison Ford” and ask about its rating. Finally, you will thank the customer service for their help and say goodbye.
i R A
Hello, can you recommend an American movie for me?
Agent: American film is the world’s largest film industry by box office revenue.
Okay, I want to watch a movie starring John Travolta.
Agent: John Travolta has been in so many great movies.
Which movie is the best?
Agent: Grease, released in 1978.
Who are the main actors in it?
Agent: Olivia Newton-John and Travolta.
How long is the movie?
Agent: The original soundtrack was a double LP and the motion picture was 118 minutes long.
Okay, I also want to find a movie starring Harrison Ford.
Agent: He is the only actor in the history of American cinema to have starred in the three highest-grossing films of all time.
Really? Which movie do you recommend?
Agent: Star Wars, released in 1977.
How is the rating for that movie?
Agent: Rated PG.
Okay, thank you for your help. Goodbye.
Agent: Goodbye! I hope you enjoyed Star Wars as much as the other 2,286,038,238 people who have seen it.
Yes, it’s very good. Haha, I got it.
Agent: I'm glad you got it! It’s funny how you can get that joke. I just watched that movie on the 4th of July, too.
Great, thank you so much! Goodbye.
Agent: Goodbye! Good luck with your movie viewing.
[END_SERVICE]

#it# H e R

FRHT:AGENT B3k i PR T—h “John Travolta” ALY (Grease) , HIRHLTH XIZHENGELE, B8R3N T
WP “Harrison Ford” F:{ 15 (Star Wars) 45517 P HAE .

IS o

#HHE XA T

PR YR RREARNG , (5B, B A s SR
G54 4y

P T

PR HT:AGENT 7£ [ P 8T, 5 BAEAMES , fFaRIRMEE. M, ALnEn S P A mE, meT
(Grease) (1) HL S A 32 T3 53 1) 1] 2257 L ZREABE AT o

E3 4y

i PR

IE{E;?;GENT BT HPREL, FER TR T2 BT E, AT I W] AR IR 25w s P BB a0, AR T A
FUARLS .

54 4y

Pl 5-11 & T F S VPG BRI FEBIRIE RS S5 R

Figure 5-11 Evaluation result of a sample illustrating the auto evaluation
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5432 HETRAEE

FIEM AN BIRRIR AA MBI SRR, T DA — i (i SR 2 2
P 5 B0 i 4% 55 B0 SR BE A A EL 2 A e Tt AT 303k 4 %) 5 A A
M

544 FZREHER

RS2RIRT ESLIAILER, ST PR R, AL RS R AR
ARG AR IR, F R T AT RN I B2 T HAUS DA B 28 P e i AR
BRI R R, HAT T A 2R 5 R 9 A B R A T8 AR AR ot 22
fH.

Fl) A TR I T AR BB EVIGR  R G A PRSI R MR
AR, BTl SR GHE R TR A1 B Pl B tin ol (R F Rk
(IHS5Y) , ZRARGIHI T W W, MRS, FEARRUES T, TR
— 2 G55 RG22 ], BE ARG 2 6], SRR RN SR A
VIRt S AT 4T, I RisaWOZ, FLiF RS 4 2 AT /1.

VAR5 HERS I R GEAE A JH PO R IR PR A . R RO TR
BYRENS T 3 S AU B, RS VAR BB L T B T AN R S ]
BIRTE, HRLERR WoW Z ST M PBEALLES b, (3R Tevkisd (N ot [l 43
THR R G Gt — AR5 R DPO VI &%, WILERTA M Pl
LB ST T [ 431 R G, I HAE WoW Fil Wol 7Nt i 1 H 2tk
WHESE b, BT IR AT, TR R R R A R DPO v2 &
G5, TER TR AHISURIE R AR RIS, I3RS WoW Fil Wol
G T EIRTE, SACTIIMERERE] T 18.30 4h . SR T I AR T
WBIZRAO R R (4000 vs 50000) , AR 2% 5 94 REATS 28+ 43 1

%52 LIRER
Table 5-2 Main experimental results

ZZ\VHF MuliWOZ  CrossWOZ  RisaWOZ Camrest Wow Wol SEI 84
MultivOZ 19.00 13.68 11.16 18.25 6.68 7.09 12.64
CrossWOZ 8.99 17.58 12.69 17.08 6.38 6.77 11.58
RisaWOZ 16.14 16.94 19.59 18.18 10.70 10.94 15.42
Camrest 11.42 12.6 11.61 18.76 6.53 6.66 11.26
WoWw 5.71 7.78 7.45 18.54 13.10 11.01 10.60
Wol 9.16 11.25 12.58 10.81 12.06 11.56 11.24

DPOVI 1907400 1814G0se 1959 1897021 155924 1458530  17.66
DPOVY 1883 01 18284070 1905 0ss 1909035 1822451 16314475 1830
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Table 5-3 Experimental results of retrieval-augmented generation

RS\ MultiwWOZ CrossWOZ RisaWOZ Camrest WoW  Wol “Fi5i5.4)
SFT warmup 18.15 16.7 19.3 18.06 13.27 11.51 16.17
w. RAG 18.93 18.06 19.53 18.51 13.68 12.61 16.89

5452 DPOEE

DPO ik sh%y i TASHI ISP R i i Rs BRI BN, FE S50 A B
HF sigmoid 15125 B S 4 DPO Fe i i R IR 7 5 I s AT L LA
AR 0 A 5 IR A AR O T B VR IE AR IR LR, DR i it
IR —2D P e BEDA BRI A A . P, JRERER T
F PO F KTOUS (i e i, A HIOAEE IR, SRR IR Sy v
PHAER I G I, TEARBITES ST AR, sl 7 —ERIun f1E
KHATRIIL (ipo:fp = 0.1, kto:f = 0.5), HAKRYRX LR MNES-4f7R . KTO 7R
ZHON B G EAREL TPO B8 4r [ AHIESE 0B th )2 BT KTO $5 2k s %
P dEAT Y o
4% 5-4 TPO 4j KTO *fLbcii g i
Table 5-4 Comparison between IPO and KTO loss function

ZZ\H ) MulitWOZ CrossWOZ RisaWOZ Camrest WoW  Wol 351543
IPO 18.73 18.14 19.64 18.37 1474 13.20 17.14
KTO 18.93 18.72 19.45 19.05 16.87 13.63 17.78

MS8 P DPO WA f eRRFEH] KL BIACE, @ HEL 0.1-0.5 H e,
BN, TR BRI A AR A S S WG S B Y
Pt DE PSP U (VRS N =y L T EER T I 9 N LU ST RS Do S DE S T
ATREAEAE BT IO ING: , MIESEIOHRI , BB B xSt P RE A 56 i ]

®Preference Tuning LLMs with Direct Preference Optimization Methods
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Table 5-5 Prediction Samples from different models on CrossWOZ user simulator

SFT-warmup DPO-v1 DPO-v2
USER GOAL: {RZ & MEIH T4 . M’\?E f%t’&‘ﬂ’])\lﬁi i3 100-150 Tliﬂ’J IRA BAR RN 2 4.5 70 PA b 1KTEHZH’J%%%_F5F
Ao MR AmﬁﬂLJ\Z/l\ﬁ/fH PIAAFR LG RS AREEZ—ANPE AR @é(@EE’Jm{MM‘%E 400-500 JCHY - 2 JEJEE’JW’)E

4.5 7rPA b AR SR PR R AR R 57 1ﬁ£{@Ek1éﬁél>(io @Jx’t&'IDLJZ/I‘(@JEH’J%E/J\\ LI @x%ﬁ@ﬂqﬂﬂﬁf‘ sl /N DR

Webt. ARABAREIXAN SR k. A

BT Al AR B RE Bk . ARSI X

XA BRI A P Ak |

H 1 p sl -

: Hello, I want to find a restaurant with
a score of 4.5 points or above and a per
capita consumption of 100-150 yuan to eat
Afternoon tea. Please recommend it to me.
Agent:  Sorry, there is no restaurant
that fully meets your requirements, but I
recommend you to go to Berry Beans with a
per capita consumption of 67 yuan.
What is the phone number of
this restaurant?
Agent: The phone number is 010-83197503.
What are the attractions around
the restaurant?
Agent:  Nearby attractions include The
Tiananmen Square, The Forbidden City.
Okay, please recommend me a
hotel with a minimum price of 400-500
yuan, a rating of 4.5 points or above, and
breakfast service and meeting room facilities.
Agent: Recommend you to Jingtailong
Plaza Hotel.
What is the phone number of
this hotel?
Agent: The phone number is 010-67075888.
I want to go to Mingchang Wall
Ruins Park, please tell me where is the
address of this attraction?
Agent: The address is at No. 9, Chong-
wenmen East Street, Dongcheng District,
Beijing.
I want to take the subway from
Berry Beans to Jingtailong Plaza Hotel,
please tell me the subway station near the
departure and destination.
Agent: The subway station near the de-
parture point is Chongwenmen Subway
Station Exit al, and the subway station
near the destination is Exit ¢ of Zhushikou
Subway Station.
Okay, thank you.
Agent: You're welcome.
[END_SERVICE]

Hello, I want to take my girlfriend
to a restaurant with a rating of 4.5 points
or above, with a per capita consumption
of 100-150 yuan, to eat Afternoon tea,
recommend me a restaurant to dine.

Agent: Recommend you to eat at Berry
Beans.
What is the phone number of
this restaurant?
Agent: The phone number is 010-83197503.
What are the attractions around
the restaurant?
Agent:  Nearby attractions include The
Tiananmen Square, The Forbidden City.

Okay, after eating, I would like
to find a hotel with a minimum price of
400-500 yuan, a rating of 4.5 points or
above, and a hotel with breakfast service and
meeting room service. Let me recommend
one.

Agent: Recommend you to stay at Jingtai-
long Plaza Hotel.

What is the phone number of
this hotel?
Agent: The phone number is 010-67075888.

I’'m going to visit the attractions
named Ming City Wall Ruins Park, please
tell me the address of this attraction.

Agent: The address is No. 9, Chong-
wenmen East Street, Dongcheng District,
Beijing.

I want to take the subway from
Berry Beans to Jingtailong Plaza Hotel,
please tell me the subway station near the
departure and destination.

Agent: The subway station near the de-
parture point is Chongwenmen Subway
Station Exit al, and the subway station
near the destination is Exit ¢ of Zhushikou
Subway Station.

Okay, thank you.
Agent: You're welcome.

[END_SERVICE]

Hello, I want to find a restaurant with
a score of 4.5 points or above, per capita
consumption of 100-150 yuan, can you
recommend me a restaurant?
Agent: Let me check for you. For a
restaurant with a score of 4.5 points or
above, per capita consumption of 100-150
yuan, the recommended place is the Beijing
Quanjude. It’s a well-known restaurant in
Beijing with a high reputation.
Okay, so are there any attrac-
tions around this restaurant?
Agent: Since we have already found
the restaurant, I can recommend nearby
attractions for you. In addition to Beijing
Quanjude, I suggest you visit nearby at-
tractions like Tiananmen Square and The
Forbidden City. These are popular tourist
destinations in Beijing.
Okay, thank you. After dinner, I
plan to find a hotel with a price of 400-500
yuan, a score of 4.5 points or above, and
breakfast service. Is there a good place to
recommend?
Agent: To accommodate your needs, I
have found the Jingtailong Plaza Hotel,
which offers high-end facilities, breakfast
service, and a score of 4.6 points.
Oh, that’s great. What’s the phone
number of this hotel?
Agent: The phone number of the Jing-
tailong Plaza Hotel is 010-67075888. You
can also use this number for any questions or
concerns you may have during your stay.
Thank you. I want to go to the
attraction named Ming City Wall Ruins Park.
Can you tell me the address of this attraction?
Agent: The address of Ming City Wall
Ruins Park is No. 9, Chongwenmen East
Street, Dongcheng District, Beijing. You can
use this address for your convenience.
Thank you. I want to take the
subway from Beijing Quanjude to Ming City
Wall Ruins Park. Please tell me what the
subway stations are in these two places.
Agent: The subway station near Bei-
jing Quanjude is Chongwenmen Subway
Station Exit Al, while the subway station
near Ming City Wall Ruins Park is also
Chongwenmen Subway Station Exit Al.
Okay, thank you so much!
Agent: You're welcome! Have a won-
derful day!
[END_SERVICE]
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Table 5-6 Prediction Samples from different models on WoW user simulator

SFT-warmup

DPO-v1

DPO-v2

USER GOAL: You are looking for resources to help you navigate the challenges of parenting and feel confident in your role as a parent. You are also
concerned about protecting your child from negative influences in society and the government, reflecting on the decision of having a child in today’s world,
and acknowledging the importance of providing a loving and stable home for children in need.

: Parenting
Agent: I am a parent and love it.
promoting and supporting my children.

Parenting can be tough at times,
what are some resources you use to help you
with the challenges of parenting?

Agent: I do not have any resources. I am
intricate in raising my children and I do not
use any resources.

I am a parent of a child as well. I

am glad to hear you are enjoying it. What
advice would you give someone who is about
to become a parent?
Agent: Well governments and society
have a role in child rearing. So I would advise
them to get a government pamphlet on how to
raise children.

: Yes, that is a very important part
of being a parent. You have to be sure you
protect your child from the negative influences
of society and the government. Do you have
any other advice?

Agent: If you are an orphan or aban-
doned child, you will need parental care from
non-parent blood relations.

That is an important point. 1 have
been a parent for almost 10 years and it has
been a wonderful experience. I have to say, it
is not for everyone. What made you decide to
have a child?

Agent: T just had a lot of parenting skills
and I was a good parent. I was referred to as a
good parent.

I have to say, I have met a lot of

people who have said they would not have a
child in today’s world. What made you decide
to have a child?
Agent: I do not know what I would do if
my child was abandoned or orphaned. I would
need a non-parent blood relation to take care
of them.

That is a very important point. I
am glad you have a loving and stable home for
children in need.

Agent: I also have a foster child.
not my biological child.

: [END_SERVICE]

I am

He is

: Parenting
Agent: Parenting refers to raising a child
as a parent. Parenting skills can vary and good
parenting skills are considered good parenting.

: I'm not very good at parenting.

I’'m not sure where to start. I think I'm more
scared of parenting than I am excited.
Agent: It is common to feel scared when
you’re not sure where to start. It can be helpful
to seek support from professionals, such as a
therapist, counselor, or family member, to gain
perspective on parenting skills and develop
confidence.

: That's very true. I think T will

seek some help. I have a child on the way, and
1 want to be the best parent I can be.
Agent:  Seeking support from profession-
als, such as a therapist, counselor, or family
member, is a positive step towards being the
best parent you can be. You can also explore
parenting classes or support groups for more
guidance.

: I think T'll do all of that. I'm also
concerned about protecting my child from neg-
ative influences in society and the government.
Agent: It is important to be aware of negative
influences in society and the government that
may affect your child’s well-being. Protecting
your child from these influences is a top
priority.

: I didn’t_think about it like that. 1

guess I shouldn’t have had a child in this day
and age. T just want to make sure I provide a
loving and stable home for the child.
Agent: Having a child in today’s world
can bring challenges, but focusing on pro-
viding a loving and stable home can help
create a nurturing environment for your child’s
well-being.

: That's true. I'm going to try to do

my best to make sure my child is happy and
healthy. Thank you for the advice!
Agent: I'm glad the advice was helpful!
It’s reassuring to know that you are committed
to doing your best for your child’s well-being.
Parenting can be challenging, but your dedi-
cation and willingness to learn and grow as a
parent are essential ingredients for raising a
happy and healthy child. Wishing you all the
best in this exciting journey of parenthood!

: [END_SERVICE]

Parenting
Agent:  Parenting is such an important
and intricate part of child rearing!

: I agree. It can be a challenge.

Agent: Parenting is a challenge but can
also be a joyful process. It is essential to
promote and support the physical, emotional,
social, and intellectual development of a child.

: T think so too. I have been a par-
ent for 10 years.
Agent: Congratulations on being a parent
for 10 years! It’s an amazing journey and I
wish you all the best. It’s interesting to note
that parenting can refer to raising a child aside
from the biological relationship.

Yes. I have to say that parenting

can be a very rewarding experience.
Agent:  Parenting is indeed a rewarding
experience, but I understand it can also be
challenging at times. It’s great that you have
found parenting to be a fulfilling journey. Have
you ever had to care for orphaned or abandoned
children?

: No. I have had to care for my own

children.
Agent: That’s great to hear!  Parenting
can be difficult but raising your own children
can be even more challenging. I hope you
continue to find joy and fulfillment in your
parenting journey.

1 am concerned about my children

growing up in a world where there are so many
negative influences.
Agent: That's a valid concern, especially
in today’s world where there are so many
negative influences. However, you can always
help guide your children and provide them
with the necessary skills and values to navigate
the world and make informed decisions.

: I am not sure I want to bring an-
other child into this world. I don’t think it is a
good idea to have a child in today’s world.
Agent:  That’s understandable, especially
in today’s world. It's always a personal
decision, but if you're considering raising
another child, you can always seek support and
guidance from professionals in the field.

I do agree that providing a loving

and stable home is the best thing a child can
have.
Agent: Absolutely! A loving and stable
home is a crucial factor in a child’s develop-
ment. Parenting is a journey of growth and
learning, and it’s important to always seek
guidance and support along the way.

: [END_SERVICE]
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