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Abstract  The dialogue system holds a crucial position within the realm of natural language
processing (NLP), serving as a significant and valuable component in facilitating human-machine
interaction. At present, the dialogue system has attracted more and more attention in both academic
and industrial communities because it is conversational for real-world applications as well as valuable
in academic prospects. The pipeline-based human-computer dialogue systems consist of four distinct
modules, with dialogue policy learning serving as a central component. In the pipeline framework,
dialogue policy learning is responsible for selecting suitable dialogue actions based on the dialogue
states obtained from the modules of natural language understanding and dialogue state tracking.
These selected actions subsequently drive the natural language generation process to produce a
coherent and complete response. Dialogue policy learning is commonly formulated as either a
Markov decision process (MDP) or a semi-Markov decision process (SMDP). These processes are
subsequently addressed by the means of reinforcement learning methods as a sequential decision
problem. In recent years, there has been a rapid expansion of research methods focused on
studying task-oriented dialogue policy learning using reinforcement learning methods. However,

to the best of our knowledge, the existing reviews on dialogue policy learning based on reinforcement
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learning fall notably short in terms of comprehensiveness and depth. Therefore, the primary
focus of this paper revolves around task-oriented dialogue policy learning utilizing reinforcement
learning methods. We undertake an all-sided analysis, categorization, and comprehensive synthesis
of task-oriented dialogue policy learning based on reinforcement learning techniques. First, we
classify the reinforcement learning algorithms that are commonly used in dialogue policy learning.
Then, based on the classification of reinforcement learning, we analyze the concept of dialogue
policy learning in general, and summarize the problems or limitations in the existing dialogue
policy learning methods. Furthermore, we present a comprehensive examination of current research
directions and obstacles in the field of dialogue policy learning, which encompass various prominent
areas of investigation such as multi-domain, multi-modal, multi-agent, and empathetic dialogue
policies. Next, we proceed to introduce additional pertinent studies pertaining to dialogue policy
learning. These encompass investigations on user simulators, methodologies for evaluating
dialogue policy learning, dialogue policy platforms, datasets tailored for dialogue systems, as
well as the interplay between large language models and the learning of dialogue policies. In order
to rectify the deficiencies found in current research on dialogue policy learning, this paper under-
takes an analysis of the prospective research directions for dialogue policy learning from five
distinct vantage points. These perspectives encompass the realms of reinforcement learning
technology and various applications. In conclusion, we wrap up this article and turn our gaze
toward the future of dialogue policy learning. This paper not only provides a classification and
comprehensive overview of task-oriented dialogue policy learning based on reinforcement learning
algorithms but also categorizes it from different application perspectives. It offers a multi-dimensional ,
comprehensive, and systematic synthesis of task-oriented dialogue policy learning. We believe
that this paper can provide valuable insights and inspiration for future research in task-oriented
dialogue policy learning, and promoting the development of human-machine dialogue systems.

Keywords dialogue policy; reinforcement learning; task-oriented dialogue systems; deep rein-

forcement learning; multidomain; multimodal
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PEAG 0 15 5 97 5 M 2 5. Actor 119 Q {H & %k AT LA i
b e PR 2 W 2% 1y 2UE . A2C (Advantage
Actor-Critic) FEM" & 78 AC S iy SEhtlk B a1
— G B ok B, L Critie 8902 Q H #R BCANIR



6 3] o AgSE . ST R AL T B AT 55 B I SR IS T T 45 i 1207

SERFZ ZNRE R 258 T#fT 2 4%
AbHE L H T A3C(Asynchronous Advantage Actor
Critie) ™ B, T 59 2k 1 SR s o B R0 AT 7 K
N 22 55 1t T pR OB AT I 2L 2 2 0 v Al HE
R RO A O A Q A, BCQ (Batch
Constrained deep Q-learning)™™" & 3 1+ R 2 3
223 ) 3 TR 30 ol 28 R AR A 45 2 I 85 i 45 4 B 3
PEF SRS 4. RAEET A2C B LR ¥
Bl A B E 1Y SR W AE R B AT A SR O R
Actor FI Critic 1) 4% 4544 .
2.4 BRENFES]

LT oR BAE I F0RE TSRS B B 0 T 2k m LR
B it Ak (Flao) (1 58 4k 2% 2 s J R i 5 5 76 4% 55
SR REARAT L 3 23 (43 1% 28 05 15 1 2 Dl 2 A b 5
FEIR 1Y, JZ K58 1k %= ) (Hierarchical Reinforcement
Learning, HRL) 1] Jf 43 1 6 Z (9 B AR ¥ — 4> 52 O
(14 VRIS 1) A 55 A Ak R 22 25 2 SR A 1 A1 55 AT LA
T 5K 1 IS ) ROBE I S v 5 A 43 R TR st
TFATL 55 1 2 >t 2 (A5 1 road A2 o HL gy (kY. 2
UORAL S 2] B SR R 5 T A S IR R R
OE7 Y E

JE YR A 2 BT 2 B ORI Tk R IR (Semi-
Markov Decision Process, SMDP)Y*, 24 ol FF MDP
() AL 4t ok 2 L H 5 MDP A A & & 8 X a1
Bl 1 R AN PHAT 14 B ] ABE &, 1 35 (Options ) fiE 80
S B R AR A A N A 4R BE B g ) — 2 W Ak
22 J7 0 AR G s Ak 2% 20 MR Y T B 20 R B —
BIAESRIBCT — I 2 1) bR 285 2 il o T 35 30 A 28 00 2t
AN T 5 B I ] 2B B AR A SR g SR AT S AR 3 A B
IR AE X T — AW ARES s AR BE B — A 3k
(EO W FAE55 ) w, € Q. Hit Q ZIETAY 5 G AR
A s, UG AT IR w0, FRAT 1 2 Sl

Negy—1
R(s, ,w,):E“NmM(E}”R(s, @) sa =, (5))
o (6)
Horpr N, T w, 75 8 28 1k 25 4R i) A6 5 i ] 2558
£ R B TA] 25 B e, i PN TR T8 TSR W B DA ] 2 JF
G, 7E N, B[] 20 CR 4 26 1k 25 140 ) 2 J5 240k
AR F QA R AT LA E X
QGs, »w,) =R, w,)+

Z e P (sing, Ny, ls, s20,) max QSN » Wit Ny, )
; w; + N,

son N
-+ '\u‘, t

D)
Hop PGy, » Ny, s s J2 SMDP (%5 5% R 5 72
S
P(Stf\*'wl?Nu‘, ‘Sr ?wt):P(SrJrNM |Sr’7/Ur ’Nwl)P(Nuy |5r’7/Ur)
€D

FRMRES 5, BI3E 5, v, LR, N, 385 B4
1E A E .

JE KR AL 2 S P BRI R IR S — S
FEE T B SR BCE . 41 Bacon 48 AV 45 A 5K g
o6 S 0 A b 2 2 PN S 3 R M R ¢ 1k bR B
Machado % A7 3 J5 R (E oR 550 4 B 901, 1% 2o
AT LA 1R 2 i D7 IR 2 R AR 3R i R A 4 R
Zhang % NVS 4RI T B WEE Y PR Gk T Sz BAE 42
DA 5 10 7 030 R 2% i ol i dee /N 1 2R 2
PRI, AN T AR W B H . Jin 28 AUV A S R
A B UR BE 5 Ak 2% > o 2 B I, F A T4 e T
FES ARSI AR T 4% KR, 0 R B A E
G ) AR R T B WU L — S AL

R R E 2 W) TAE R AL 35 3 FF HAx. @
Wik ) TR R PR B 7 Hin, T
JZ AW RS A T 58 T H s 5 2
W AN TR EF B AR 40 Kulkarni 28 A0 32 4 2 %k
W Q M %% (Hierarchical DQN, H-DQN) . fifi F§ ¥
A~ DQN, Ti )22 5 W 7 22 s i L+ H bk 2R 10
N8 L F BRI FER 2% 00, Rk — L8 0 5 &
F R H 5. Tang 5 AW JEF 52 19 %3 15 £icds
A — A5 R T 1) B AR A 55 R0 43 R — 2T R LY
T HAR K5 3 T )2 KR Ak 24 2T Ak SR . Paul %%
NS AR A 2 2] 3k F L R 4y i 2 24 AT 55
27 H bR AR5 X 267 H bR 1 5 2 il eR 45 T
AT 2 ) S ) B AR 1. Pateria 28 NNV 4R T —
it 35 F - H AR B 0 B30 7 % o AQ 3 38 o % H AR E
HEAT YA, M D F H AR 2Z 0] 3% 42 55 1R 19 5] 8. Peng
NSV IR T H AR 0951 AR % U 2 5 7 B O
IER:DIIEANE g5z
2.5 ETHEBRRELES

R A A AR AR 2E ) Tk 5 A (Model
Free) (i af Ak 2% > AR HLE o8 5 IR 5% 58 Bk 24 2] {H R
ook R S8 R R s ) B S B
g 1 SR B2 B8 o i B S ) A e A
HIACHT 2 5 5 Y. 3 TR (Model-Based) 11 ik £k 2%
2 HESE T — A IR AR IR AT DL AE % A B AR
R EAT T I8A 1 7E LS A8 Pl i AR . 3k
TR 1) i Ak 2] BN TE AR A 11 T B e R
FLA B R AR A I 3400 mT DR 24 20 31 (0 38 5%
TR A AR DL S AR 4R AT U1 .

1 5L TR ) 5 Ak 2% 2] MDP () Bt 4 (S, A,
P.R.y)H RES S EE A A A 7 v &g X
LIRSS PRI R AR W B e )
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IR0 7 2R G 2 5 Ak 2% 2] O SN2 L, W] 3l 2o %
¥ 1 7 X E R G115 2R 28 e 4 A0 58 70 4 Jil R 5
SGE 1 TR Y SR . R T A R Y i Ak 2 )
A% 0 J2 A S A UL A 58 ) ABE TR . R A0 gt ) A Y g f
FHRIE O A SO o 28, — 2R 2 85 B, i 2
AR R A AR R 2 4 T PR B R A B AR
HRAE 27 > B BB AL — R 90 9 SR 98 J5 o B 1k
BEHEIT R B 3R 58 1 A L3 5o, i MPC (Model
Predictive Control) #5155 — % JL 6] $£ 19 38 .,
T L A ) A Y AR R LT R A B L 2R S R
LD 1 KR R AT 5 W B A BB B PEAL L 2 O ik
EF Dyna "™ {15 B2 HA B0 TE RE AL IS
SCHEL TR TR Y SR AL A 2] R @ AR AL R T 2
A BV AR 15 21 0 g o 5 S PR B AE H
3 BN 5 B 31X 25 (0 49 4 A 00 488 AU JF O B2 AE
SEWE B = . VAML (Value- Aware Model
Learning) 15 11 X6 44 2 1) I 158 45 A0 30 47 16 Ak L 8%
{EL bR B A5 B JE A BIRE TR (1% 2 >, i 20 1% R A A 1Y
R 27 ) 1) B 2D {H o6 B T 22 7 de /AL Voelcker
S5 OO 2 i R R B (R R R R A B Oy
R 22 0 R BRER i A5 AR R R A AR S S VR X |2 )
R HETR.

B TR SR AL AR o) A — Se L A AR B
Ve L AR IR R AR L AT AT RS | A P N AT i R
M. AH LT 258 T MDP (1) 3l g 2 SR, i o] 76 FR 5%
BEBLE A BB 09 A 1 P R 40 ) O 4 i 4
TR AN B R AR SR A A B R

3 ETRUFIFESXESENE
R g

RS T AT 55 RN A SR Y 55 AL 2 ) AR
AR 43 5 T A [ A 5 A 2 2 S T S0 38 SR 119
Jr s RIS E AL X s Py SR A 2. E e,
I 4 L T oK BOE I AT 55 B E SR s R 5 L A A
BET RSP BE AU AE 55 BURS 5 SRS s 5 N 4R T =
Ui AL 2 > 1 A 55 TR 0F 378 308 s AR A8 2R 1 5 £ 2
IR AT 55 TR X0 0 S s Fi i+ A G 2 T 0 R 2
AR AT: 55 B0 376 SR s
3.1 BT E & HIE i B9 XA R A

X 7t SRS 2 T A8 T vk AT 55 UG AR ST
RO A 22— e MR 0 R A BRI A 2 B0 X 3 AR
AR A T8 A 5 A > XS B JE T R
SO0 AT P X 0 SR I G e UL Q (L eR BOR FR B Eh A
BRI B AR T T 5 25 X8 3l A i AR 35 I A~ T THT

5 L T R BS00E AT R X TE SR o ) s (1) R
I AT R T R B AT Y 58 A 2 2] T bk R AR
R 5 (2) I5CA i T« 8 A T R BIOE I A i A
> T 5 T Bk AT Tl AR X 3 SR . T T
AT 4.

ERIEE. A T o ROE I 19 58 1L 24 > T
TR AR T AW %R T ik BRI Q {H R L
DQN 13T Q (i ok B0 UL 19 — Fb 28 875 7k L 6
BT DQN 4 77 75 I T 00 305 3 2 — Rl 5 R L
753 B 4 JE 7R T T DQN ST 5K figk 4T 3 5
g — B A o s xRS o ISR
Bhih "R 3RS 2w E W 4 A P (O
PRI HEAT 2 B ARAF L0 Csvasrs s ) B 250
4L 19 265 A 22 380 3t R A AR S - B AR X Csaa) o H AR
TEL P28 R AE s X RL I T — RS o7 B R KRR S
{EAE 9 B bR W45 04 Q {F R K. I A1 25 A {E M 28 1 Q
(H PR BT IR ZZ IR LR 2800, 7 2 Rk UG
b fEL 9 28 S S AT 2 1 2500 =0.

( B ><—
A A

B

ZH0 Qs, a; 0) max Qs as 07)

HbRE M 45

4 T DQN FE SR AR I e i

FAI AT 55 24 % 3% SR s 2 2% F DQN 5k b A
HBL Wang % AUV & TR JE T DQN iy 55 1%
EXF % AW R A PEBE L 3 7 DDQN  Dueling 73 i
DQN H1c &% M i DQN. 78 = Fl Bi 4k . f %
BRSO VT 0T AN AL AR LT b A I, 52
RACR K Dueling M43 A DQN ¥ fig UG B 4f 1Y
ROR T HE R R B Ah AR X SRS R R
IR SCRE T3 T a 0 R 1 DQN Hkag i
L Ml 4R T X3 SR 2 o B PR RE.L SR LA 5T O
BEA % PEE TR IR A 1 I )L Zhao S5 T B R
B3R A AT RE 2 A8 23 WU Y . Al AT TR DQN Y
TRIE M 22 I 2 358 0 T Ak RO 2 #2204 R i T
DRQN. I 45 5 Wi 2 > PEAT X35 HEmg 2 ~] o7 ik
BAEG ) DQN Sk AL, % B3] DQN A7 Al
T Q IR, Tian 58 AW 4@ 1 T — A fif th DQN
SRR Wb RN s DA ETIDO R A S I (R (N
R Q E AR/ Q {H Z [B] 4R 2 — V15 2 40 -
SR R R B R W 2 2 B AR S i
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WIZF S HOT AR BN Q (H.

X8, % R AU —F 3 F DQN 1 #
TR Rl 58 4 b e T 3 SR W v (1 RS ] [ R, — e X}
T R (1 BF 52 3 T DQN il & B k. 1 Cao 4
UL R A B[R] B 2% 2 B SE R A LA RN RS 4
56 (7 FH 3 6 22 10 kg oF 37 SR W 2 = 4 AL T 2 1) X
AR TR R (14 S it 4 L. 3 5 48 06 1o i B 3T 2
fifp P 1 G5 58k Ak 2 >J vh 52l i i A9 — FOW O k.
Zhao S5 NGl A AR 2 3] R HE 0 AR TR R 2 A A
T TS A Sy 2 A R (10 42 ) B 3 2 W %
AR Y 2 2] B R o A A T Ok 2 HE A R TR AR
75 30 B URFE IS T 24w U A i R R I
A RE 27 A AR O ERRR IR . 2 5 o b AT 4 H 3
() 4 JR) BR R L 0] DUAE 5 OR [) B X i o s 2 210
Zhang % N R @ T — A 0047 O VEAL 28 T VAR
PP A BB AE - 4R ) B VA5 45 B0 B9 3 4 Bl A BIR
TR W2 2 L DR R PR A Sh AR B i A K
TR AR i H i 28 0 /R 32 B R G B VR TR
A 5E M 5 %28 7 vk 5 BT A% b e SCVEAL . Wang 45
NI F Dueling I 45 44 552 05 9 1 X6 TR 2548
R 38 3 2 2 2] SR AR SR L AT B AE AR
JRE Bl 5 A AR & B k. Zhang %
B P E BRSO R 2] B A R RS AR
H PRI R TR 3 o AL 2 o B R, S G 4% A 22 il
b S R Y U T B R RO, IR R TR AL
2 > B0 R W ] BEFE VI R B E D RO L T B
W4 s Madusanka 88 NS T — R A BOURR 9
D7 1% s SR FH 3T 52 il 1) A vk o R LA X AT R
PEAT O e HE P o G T T 1 o N 25 B0 d 4 a2 AT
25 G OB R S L4 G )AL B B9850k 5 DQN 4
FRIATES A B T8 A SO A TR
il FAIEF DQN J7 i 2 2J AT 45 B X6} 3% 5K W& . TR A 1
Jr e RS O R . R 1 MRS T 3 T bR
BT 1A AT: 55 106 375 5 s 11 O ke o5

®1 ETEHRHELINESETIERE
SCHik e AR

SCHRL32. 71, 73] 60 R 45 K R XE ZENE A I 4k R
s 67 DQN. Ducling, 155 FEIL, TSR L
E 4y 7 DQN.DRQN. & %F 35 42 06 8 57 B 70 [y e

ST I g sy [ i R R, 530 B
%{‘ﬁ HO AL, P,
iH
o SCHRCT4. 76 81006 BOB 1 b P 10 BRI f 1 o
e NP ENE TR WA 7T ST P
g R RRZR ZEARE DA R WA S
HOE 2 J900 KT BB T AR A5

HIH S LRI W BT A

W BRI, BLEL.

3.2 EFIRERH ERXHE R B

JE T oK ER0E ST Y AT 55 B0 3 R G 5 42 S
BRI B A TR 4 T X 8 SR 2 ) i P BE. B IR B OR
W Aol FEE 7 12 2 R T R BT SR AL A ) T iR B B
PR A 2R T BT DL 3] R AL B SR T
R 5 11 5 A 2 T AE X IS S v A 8 0
FEATHREBE T SR M A6 BE A 7 122 00 s (1) HHE A, B
F T R MR FE XS SR M 5 (2) R AL T
SR A B 5 L SRR il AR O RS

BEREEE. T A0SR R X I R
XK Ty AE A2C Bk B AT k. Fatemi 55
AR T — IR A2C R 2% L A bR B 24 i
RS HE R BN — RSB R B 2 22 AT TZE B 2R
BRI TS AN L2 3 K00 D) Ak R 2 e BB 1 AR E
Zhao 5 AW HE Y — FioaT 8 T 0 SR m B Oy i
T8 DAL B0 1) B T SR W 178 % 3 AR B G A 1 B 1 A
T UG S W 1 1) L. A (VT A = b 5 56 0 T G2 i
IR R R, — 2 A R R SO T U R R
TRIFATHLB AT 2 M LRI IR E Y 4
I TSl Bl A R Y B A LR A 2T A
LR T BRI TR W 0 s A QB TR B SR A
[i) B g 85 7R () R B 5% %, LCPO (Loop-Clipping
Policy Optimisation) # %155 3§ % 375 % 305 v J6 8% 1Y
SIAEFEAT Y B 8 5k 3 AR TG 20 30 1 1 A0 e fol 75 3R g
AL B ISP 25 5 4615t THF A2C & 5 [
T (A2C Experience Replay, A2CER) B &1 3h
VEREAE T /A ARG rh R B O 53 1O 5 2R Malviya
FN I F A2CER $EA7 4 35 SR 2 2] B0 E T
TE X SRS E A R

BRE B, JL TR M b B 5 e B R A 5
AT SR Li S NN 2 5 0 e 2 4l —
AN 8 AR A IR ) 4 T T R i 2 A T
I 38 3 B S A Sy SR Y 2 D AR S R A B B
FhEm A B 35 T 5 g RS B i PPO (Proximal Policy
Optimization) 58 4% 2] J5 ¥ v LA$R 5 0] 1 5K i 1)
% 2], Shah 58 N9 F P BRI 2 1 5 M 88
B B o i B E T 3 A Bt B R OR
W o AH BE TR Sl AR S 45 28 3 22 Dl ml DA x 3 AR B0 B
PR 27 2] 3B 1 58 L. Su B NS T S A R E
AT T4 B, Sl e W B A o0 DA 3 E s b I
Hh R A L SRS e T SRS B S 7 v AT L Ml AT Ry
SR Ao JBE 5 v o A M B o o) 2 S e R R M e )
T 1 A 75 S B 1 45 2R X A ok X s ), HL AT
REAFAE a0t 19 X 35 bR 25 AN B A= G 35 79 W) )i Peng
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AE NE L AR R I 2 1 SR B T X A2C
B WL R AR BRI Zr— A F 50 2 SR 5 K A
g G B A2C Bk T Sl B QR A 2
T LR M3 1E. Cordier 5 A HE T N H BT
AL e ZE 7 B o o 2 BE DL 35 SR+ L R
Kot A QRIS 77 68 3 w8 1 % 3h A 52 06 36 ik
FNEAE AT LABE U R0 46 i RO PR RE. 3% 2 e i T Ak
TR MR JEE 1) AT 55 R X SR T A O D RS AL

2 EFEMEENTESEEER

ik i e
grpye SCHRCS2-85 TAERUR SCHUAFXE (90, MELL R E 2
B g WO RIS BT P 58 % R R

e SR B TR
Pl CHk[37.49.86-887 FHEFETE I b HE A 15
fHxf o WA @IS BER B ASECH N
iR qopr UEOT T mBURACGL e i
Wt o P T Ay 1 3

I

3.3 ETRERENZIIIE R

R R AR S FE AR SR RS SRR ROCR F AT
AL X5 T & 22 AT 55 A I (B I R s S8 T R
M 2D 33X 23 380 35 AR R I ME FE L AT 3 O
PERE Y AFRE . 2 U A2 ) v] Ll i 23 i H bR L3
VE 2 (] AR 75 25 8] R 28 fif 3 R (] . H b 76 X0 135 5
[ RN PSR B N R AR S ]
EHEBERENTFESWAEG WE L2 R Tk
FEFALSS . N ERISEFESEN T2 M E )2 1T 55
R W R AR il 5 RS I TR AT 5
T2 R g WAR G T 55 CH A5 22 20 gh 1, I 82l
TBPEIE KA. 5 R TR TR Rk >
Xof il SR I 1 — R HE L.

F /P RS

i
X I 3t
1k 4 i

TS "

A

TR LEM
A

HiE e

A
WESEIR X
5 kTR UCHR AL > 0F U HEmE i) — B HE 22

B#R R, Peng 55 A5 B T8 TUAE 42 91l 25 4
WAL AT T — > 4 R IR 2 B A T T A R

28 XFAT 55 Z 00 R 4 0 2 (R LR P B AR
B S YNNG RPN €/ TR R U N k== BT R i
FEHL. Wang 55 N5 fi FH 328 350 AE 42 [+ bob 8 A5 % 145 O
W R ORTE AR 2 R T T @R I SR T
J2 5 s - AT 3 AR B B X A PR E T
SR AR — Sk TR T — A R AR
— AR X PR A A B ] R AR AR AR 25 RS TN
FRA . Tiwari 48 NW0KE 2 WAk > T3 F
X T ARG 12 I 4 35, b 22 5K s 4 32 BT Y 3
1T, 2SR TR BB AE ] 4038 K AE AR A ] X
PG HEAT 4325 DA GR il IR 245 25 ] K5 300 2 il 7 i
7] . 2 5 B AN [6) F P i 7 1 R RR J& — A 1Y, Saha
FANCTER P B E LTS . bR A 3 R
77 e P R R 2SR TRt g 1, 3L
PR E A Y FF B Ar. 3T F B A8 092 0O 6 3R
W 272 2] T B S OB R IR I B AR RS
AU 43 2 AR AT X 35 3R W 2% 2. b Ak, Chen 5%
NE R Pl 2 R b 2 O 44 5 40 T A 0 U2 O TR B i
o2 2] th Z 2 AL o3 f2 i T BT ERIAE R 2
VORI R o b2 SR W 12 WSOTR A8 =2 ) A 1) LR AR
5 NIZ A T 2 VR, S0 50 UE Al AT B L A
TUAE X 375 e W L A5 47 i A% 8 M. Tang 48 A0V 3
FRL R TG B A2 4 P AR AT — A
JZ 06 I 22 R 2 L F e B P T H AR, SR G
12 YR AL 2 2 A Ak X 1 SR

e E 4 . Casanueva &5 A\ 5L T 3 g5k
fb2% ) (Feudal RL) ¥ %W 3 fif P8 43 o b J2 g
PEBEEBMIMET 4, T2 R N )2 % F 0 3l
Ve 74 vh SR BBl 1 o A 49 38 19 285 4 1 19 155 8 A
AR A 0] I AE B — )2l AN [7) 1 il JBCIR 28 i A7 ke
FALZABATE ANk ) TR X &7
M RS B2 R AR Y 2% X 8%, Geishauser %
NI T R A A AL B R T A B R 2% L O
W FLAE R N2l B f 1 A m) L sh A s [R) 43 i
STIRUNASE 27 K (HIUE LR ey | I ) R (O R TR =@
TETRZ B A S 1 4 2 5 BORE R I AL 46 DA fift
19 J0 2 > 2 1E B Sh A

FEF )2 YR AR 2 20 % 1 SR T AR R
RO AT EWE S B E0E AN T 5 5
HEEFAE. BAh T E R AL 2 T 14T 55 BN
R PR 5 2 T il ) AF 5 0 AN . 6 T R R 3 9
Sl 2 R 5 AL 2 2 e RS A R] b IO T B Y R
HT LIS E SCHk[21,97]. 3 3 Ak TR T 2Rk
22 AT 55 TG SRS AL A 5 A 2.
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%3 EFERBUSINESUIERR
Sk 1 4 F A
SCIRC61,64,90-93) BT MIRAEHE, % T-ahE X
SEFHUE SR R RER T AR
oy Hip DFSEUECES R ESERL ECRUE.
S e BB .
J2 0 U 90 1R
i A5 0 H L
E; ¥ H 45
e SRR L9495 % % A S MR TUZ S 748
we M EXSER T WS mESA SR
“ i) BO S FAk. G A T2
51 A 1 1F i
k.

3.4 ETHEBBRUFININIERE

A ¢ IR R TR R Y i A 2 >0 0 A R AT 55
TS 5 SR HEAT 70 28 s — ST E AR LR Sl A5 1 T 3R
WA TH o 55— I A RS DL RS0 Al o X 3 R g =
) AT 55 TR 37 SR R 3 TR TR 114 5 A 27 > 1 A7
— /> AR IR R SRS R AU S P Y 2 B S
B » HFAR I B 14 22 90 Kl e E B 24 o) L T
FHA HERES LK 6. L, B 4% H
T2 0T 4R T X 3k 54 e A5 TR0 0 1) S ik B AR TR i SR
TP SRR AU 22 56 FH T 4 T 37 SR i A .

N N Bt

gy 2>
A

i 75 XFEBIE
Y »\'

HEM &%

Y

AR
2]

Pl 6o A T A A B B

LT A RS A B S P ) 8 6 50 A X
M. Peng 55 A4 1 % Dyna-Q (Deep Dyna-
Q.DDQ)™™ [ 77 » AL 52 X 75 B4 i Y P A8 HL
F18y 28 30 TP R — A 5 T I B A 8 IR 8% i i SRR
AR B 2 5. 5 AU T R L L1 DQN
AHE B 42 56 4% A BE AT FIAE AR B & Huang %5
NS FE T 3R AT 1 B SIS B M R W
75 2 i FURAY 5 A iR AL 3 L AR5 ik
S A 27 > A e R BB R 5 H L DT A2 X
Mg 7 2 AH I DDQ B AR S =5 B i A A DL 0
IR 5T S 1 4SS 400 28 30 1 A 2 ™ 52 e HE M BB Su 5§
AP T D3Q (Discriminative Deep Dyna-Q,

D3Q) Bk & — R FU ) DDQ. A5 106 R 4
S AR T — A g TR DX 20 B4 28 36
S P g AR ) 45 ARSI S A R B A A AU
BAE A 2w T 2000 35 SR s . {H 2, D3Q B A i
JEAS [s) DI 25 B 5 A 80 %ok 46 4L 28 3 1 AN [ 5 5K, HL
D3Q X HIF H bR AT — B SR R L 2 BUR ISR AE AL
AL Wu 55 NPT Switch-DDQL A T —
A3 2 R B Bl P 780 1 I 25 08 A (] B B e 1
HA AR SRR 2 5, SR SR AL h g n T —
A B RAE RS L LR 5 AT R 8 A PR RS-
Ve 2 8] p A A 46 5. Zhang % AV #E DDQ
PR S UL AR T — B R T IR R
BCS-DDQ(Budget-Conscious Scheduling-Based Deep
Dyna-Q) 5, Mg 1 — >4 sy P B2 4% JH TAEA A
I R B B 23 TG 195 8 6 500 T 2R IR IR R Y
FHP bR IR A 0 28 56 o O 368 0o g A 4 1 45 Ok bR
JE A - AR 3 04k A 2 1 AT N-HILSE B R IROEL
P 4wl 5 OB R S8 BAE AR 2 0. A L S
VIR AR B EAT IS T B RO

Ak 25 18 3 3 T DDQ Y X 17 5 s A A 3R I
AR 4D 28 0[] B 52 P P 52 B v 3R I 8 3 02 25 )
1, OPPA (OPPosite Agent Awareness) & 7%
7 HE AL 28 T Y SRR R R — S P AL g L
SR FRSEAG T 60 W R Bl A o AT 45 5 SR g A Y
TN =3 fE. OPPA W51 &8 T M3 2l 1 i 4 3
Yy e b g, Zhang 58 AN A E T PR AL A
TH SRR, I AR 4 SR e A R A A s 2 4 A i
S I A RSN 22 G L K JE K LS A I R DL 2 0
iy A B SR AR e LR AT ) 22 D i 2T i
FIRI o A58 A4 00 305 3 s F 5 22 4R v T A A 4
FEA BORT R A 22 30 b T A B R 454 B AT ik
8 BIF 58X A8 2D B AN ) 1 i A 2 T 5 12l A 30
TR Bk v A SR 2P 4R T X g e )
RE. 3 4 BB TR 0 5 Ak 2 A AT 55 B X iR
SR Y DL H A 2

F4 BETHEINBUEIMEESEIERMR
TR L AR

SCHR[15,98-10213  Hn T AT B KRN E
T gy F DDQ #ERL, MR R AR SCH RS EY

BB g SO B — B HRTHERE. MO AR

ik Ol 3 i 2 4 K UL OB 1

23] 59 2 MR K I fit

X1 SCHRL 78D ¥4 WM PO LI B 1 D i 3T

W S 0T R BTN S A

WESME menyshiE . Hodi» HE fiE e
BAE.
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3.5 BT HBENLE I RIHE R

W58 1k 2% 2 (Inverse Reinforcement Learning,
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AT S . RO T 2 S X 1 R Y
SR e (D AR A s (2) ¥ s (3) FF HRL
T RGP, K] 8 JEIR T 22 40 sk 4 Jily Y s 1) B AR
SO 3T HRL $2 7+ 2 88 Gt aE vl =% & 5.

HUR1 idk2

I
e

e UL
Rl B

R X HE
S

P8 2 U I X i SR W 1) B A ST B

GRS . 2 0 TR o R — B R
K I A 1l 22 A B ATUIERR A (51, T3 T H FH 4 AT
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[F] £ Uk, B A [A] 19 DQNs #4711 %% . 21> DQN's
Z [R) AT DUAH B A 4G L sl G W BT 4540 5 Al AT AR 31
AN [R] 50 358 P AR AU 32 9% 00 I 5 R S T 3 R Y 4 el N
PR SR, th T A% P& Y U LD L X AR
i R AE B 3 400 1 =X AT H 2 A [ 4 R i 52 X
R 2w, A AT ik HE DL 3E . Mendez 5§
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X IR 2 B R O X i AR g B2 It AL Zorrilla &
N0 B e g T AL L B IE T AR A RT LA
12 G S 22 > . Zhang 28 APV Eh AR A
R E 2B R R A2 S HE S I HE SRR G
2 2] Z RS XE R S FoR IR HE AT 2 RO I R w2
2. RAE IS B RS R AE S — Rl A Z R E B
PR T 1140 X T4 S 27 20 AL 2% R F 5% 18 A G 35 /0. X

T AL X R G, H 2SR LA
AL H T BEE L I A TR A A il
GEZUENENSE IR & IS 0PI 2 PPN
WA BAEARRIE— Ik, K 6 BT A A
HR AR R AT X 3G SR W 2 o Y 7 1k

R 6 ZESHIIERE

ik e 5 K
ppg s XRLI26120,181] BERBGEIRE AR IE & %
Sl o BAREGERSE (RREAGEE BOERES.
&t R £ 5.
M SOROIBOTMA BB BB RS AR K 4 4 3
sl U0 RRERGEAS.  EREAARE BOPRES. A
Lo5emn. Mk,

4.3 SREBHXIEF S

BEF 5 Ak 2 2] 1 X 1% 5 W 7 — 4> MDP SR AR
fesemg xCals) BT EXIHIRE s T K0 « 46
RBZA T — DA MMl 1E o . T 2 A0 3 0 X 5 3R
B ) [ s A e 22 A B 3 AR AL 2 — A 3R L
FHMARSES M B EES . 5 — 0
R fo R AL I BT dn 2 bt i, A — > 2
38R 18 X 3 H S A — A AR AT X R — AR, 4540 B
BRSO U % T8 RS A R i A S o 4R R
SE B« fc 2SR W A Ak ok B R [ 45 340 2] R 1
il 2Z Fide KA. AR H A 5 2 A IR R 2 ) B
AR B B I 0 08 A7 T AS BT A 4k B Utk 2 AR B
(86T 5 S s B8 R P [ 1. 2 AR Y iR Ak 2 )
SR T DA R B 22 [ ) 56 2R 0 L U 2 A 46 (1D 58
SUMER (2 FERTE 41 L () BEA PME XA 5 4 1)
FCA) BEAPME A 58 4 199 SR H AT 5 5 i
M I8 R AAN % B8 T 58 S UME T 1 Z2 AR A AL, 2 4%
P35 R Mg S AR AR S WL 10, Hodp -
B2 18] W] BLRE R AT A8 L, 38 3 — A TRV I 45 ok Ak
HRAS [ AR HL 22 18] (g U RIS 4 E R

R MHRIREN

TRIHMLE

XHEEE

P10 2 AR SO0 7 S g ) — R R

s e, 2 ACHN 3 3 s o fie o P AR L fiE
B TE AN TR AQHE 1 2 > fig 1. B Xk SR g



6 3] o AgSE . ST R AL T B AT 55 B I SR IS T T 45 i 1215

ZACH B9 W 5T 38 o o8 & PR A B9 J7 U EE AT Lin 45
NI UK 22 A Y iR Ak A 2T I B AT 55 B 3
P AR TR tabs Y A S E DR A Ry i DR A8
KT — A~ B 5E B H b i H T 8 — 0 T 3)
Y. ZGACEIEAL T B9 B AR F 8 A SR XS
Bl AT NS W AvE 2 | D DA AV i S B
Mg B B R EAT IR IR, Z J5 Takanobu 55 A
TE 22 45U 11 B0 4R 180T R Lia 55 AU AR L T
. SRl 7 T A 9 7 98 A EE T A% 8 0 SR
o7 JH A DL 20 1) 3%+ B 05 Mgk H A6 401 i 22 1 T
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(4 Pk BE A R PEAG 35 bi CoF 35 3 W 1) — B PE Al O K 2
WL5.2 719 NZEPFAl 1 48 b A 45 TF A5 15 5 10 3
P 3 BUYE VAR B T ) R R H bR Y i A A B
BT M ZREESE. P BLES 1 f & R —
AN AT 55 B Bk 2E S R GE, Ok B B
JAST TR g A S PR A R — A BRAR IR A

JEBUA I B g R S A B L A
71T AR X T3 AR B AR AT 58 L B AR 1 % i S s 7 AR . fHL
S JH PRI AN B ST P 22 ) 25 Y 3k T g
22 G FR A XS 5 g 45 . Dhingra 28 A" IEH] T
U028 N1 G5 A o 35 AR R A R B S P R AT DA B A
TE IR 5 22 5. A 02 FH P B AL 78 R 2 801 00 1 #F
Pr i SR P A L B E T P LA S R
TiFf L L 07 3K [ S WA TR A BT A T R TR s 7 7 R
b FH P ASE L8 14 £ .

5.2 HERBEHIES

XF 5 SR W B PP A A 6] T B R TR S B R B SRR
& AR B PEAG T 2 0T SR I 1 DY A B 22 M OC T X
T 11 ) 3 ROF- 8 6 G e AL BT A R
FLAE P PEAL 7 20, 20 0 2 B 3 i PEAl A28 1 9
Aili. H1 T B A B Pk RS — 7 S5 5 v R R 2 A
P PEAL TR A E0 5 29 M. o, B s PG FE A AT -

(1) %5 B9 83 2 (Dialog Success Rate). Z27E1k%
JE AT BRXS TR ECT S F UK T BT A 3 SR 2 75 0 2.

(2) X (49 % il {f ( Dialog Reward). J& 78 % &
A B XS TE AR BT o X R al 22012 Jily 1) ~F- 4 1.

(3) - ¥ % 4 $ (Dialog Turns). 278 E 1Y
A FRATTEFEECT 6 38 B2 B~ B8 AR 4k

(4) FilIT 3R (Book Rate). J& F T PFAl X 15 14 2
/BT TG PR 201 %

(5) P i B ) (User Satisfaction). 8 % & 1F
LA X 50 W rp i — > E SR bR L AR A DU B R IR
rh i T I AR AR B A5 A MR S TP i .
RGBSR A U (B A AR P it

S RV DO BT PO Ry R S I R 4 iR
FCTRC X T8 s B/ N U0 B 2 X T SR W R R .
K VEATEARA

(D) X% 3 /5 g (Dialog Success/Failure).
AR bR I EL S P AT 55 H A e A 58 . et
LI T 2 W ) o) 7 B TSR D 2R R R

(2) i B B 1A 24 M (Response Appropriateness
Score). T %t i 8] 52 A 1 2 0k L 77 2L 45 G A
A — R AT Z AR AR T N BCE 5 i R O
B0 13530 5 IR N 7EXT 3 H FROR AR E A Y A 4
S 1 W2 0R 58 A AN IA Y Bl R A

(3) P i B ) (User Satisfaction). i o H 3¢
FH P 32 LR 36 300 47 096 2 B VPAN L 38 AR 4318
20 TR ARHR A 18] A2 3k R A A P SR I PE A g
2 W4y AR
5.3 FAMHEE

T A RAT: 55 RUXT IS 2R 4852 B BOR B2 1Y G 1
PRHE T U A 55 5 JF K — 2e X iR T L X 2
1 L BRI T Ak 1 %o 7 SR W 14 5 2 R 0 A Y
 Pydial ' & — A~ 56 7 F 5 4k 2% 20 X i 5w 1 °F-
G AR AL T 2w UL L, I DQNLA2C
FFNE Actor-Critic Bk, HET, 1% & B2 40 3
Pydial3. 0, fH )&, % ¥ & X A K15 5 MMM E KRG
=R B . Parl ATV 2 Facebook T 1y —
A= XX R B. B %O B RS T
25 PR 4R L A 45 (0] 225 L R CB0OR AT 55 2D X 3% B0
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B SRR NI AT 55 6 4 B 3 AR | () 25 AE. 7EI%F
& LT LIS A A e AR TR E P A SRS R
Giny A, Rasal'™ 1 Plato ' J& — Fh i F 4=
PR G O O & R TR AR R
XA R G AT 6 IF A $ AR R 0 B
4 5 B H 5 R AL . CRSLabt ™) J& — A F T
XTI HETR R GE -5 AL 7 6 i B AR S I A5 7R
HeFF LR AE . BEF PyTorch S8, $2 41 Y X 4 5K W
ST 3 BERL T W 0l R AR R T I R
fR. LEGOEval "™ J& — A X 3% i 374l R 48, Ao iF
WFFE N B3 5 48 3 ok S 2 b + B H AL 28 A (Amazon
Mechanical Turk, AMT) b %35 I & VA4l 1F 5.

ConvLab-" & — > 32 15 3t 3] 3 1) 22 450 38 6F 35 °F 55
H I R 2 H A4 L SRR AR R BT AR 4R RS Y
DA 200 370 R A BB DAl 8 3 SR Y DA S
J5 . iZ A BA 3 HY T ConvLab-2"1. ConvLab-2 {1k
THEZEM By AN Fe M, O X5 2R G0 1 45 > B
FEAE T OB R BLAY  JF H SRR TE 2 B BE B L SRR
) o R B 7 3k XS R 8. H AT, ConvLab-3"7
T4 A Ai AT Z i RA RA 284, B
i — T g 2. TaskMADY & —ANMT 55 5 ] 1
ZRSNTET- G IR 25 B o H A SR R
I G AT, ot R 7 ROk SRR KA
AL 8 s T L H A XTI A i E .

®8 MNERBP-—LERANNEEES

g & T A MINIEF b
Pydial (1667 ST — S m fk 2 o) Bk, A4 DQN, Python 8 3C : https://aclanthology. org/P17-4013/
¥ AC.A2C %, tensorflow & otk http: //pydial. org
Parl ATC167] A5 0] 245 L TF 03 L AT 55 20 X o Y B B Python 3¢ : https: //aclanthology. org/D17-2014/
¢ B B P IS SR i 2R 45 MR Y F- & Hbh - http: //parl. ai
Rasal168] FEHRIE S B R S A B, AR Pyth & 3 https: //arxiv. org/abs/1712. 05181
o Ly A A X R yron -4 Mtk https. //github. com/RasaHQ/rasa
s T OB . 83 : https://arxiv. org/abs/2001. 06463
ey CHEESRRUBI MR T 7 (R % e X, hitps. //arxiv. org/abs e -
Plato e N R Python S & b hik . https: //github. com/uber-research/plato-research
R A XTHE R4 . o
dialogue-system
. B e v e - Python it 3 ; https://aclanthology. org/2021. acl-demo. 22/
[170] HoT Z s f A ol
CRSLab FATFXTUGHEAR R o TSR B PyTorch  -ZHuHk: https.//github. com/RUCAIBox/CRSLab
LEGOEval (1710 X EAT R G T IEAT AMT 2 5 1Y Python £ 3C : https: //aclanthology. org/2021. acl-demo. 38/
v i Flask ¥ ik https: //github. com/yooli23/LEGOEval
Convlabgr & 2 OISR 2 1) — 4 X3 F 5. 32 Python 3¢« https: //arxiv. org/pdf/2211. 17148, pdf
onvia Fi s VA L 4045 PPO.DDPG %% . PyTorch “F £ Hudik : hteps. //github. com/ConvLab/ConvLab-3/

ZRES N G SO R O 1

— [175]
TaskMADL! A 2%

JavaScript
Node. js

W3 : ttps://dl acm. org/doi/10. 1145/3477495. 3531679
& H ik : https://github. com/grill-lab/ TaskMAD

F AT 55 24 X8 35 SR W 12 AN T 0 L i) 5 90 4 L AT:
55 BRI E B AR p Bl A = R B AL, — 2 i
FAZE R B AT AHLAT 5 2R O 4R . PR 2 -
B35 B4 . 53 oh — Tl 2 3 ok B 52 L op i) S AT
G5 WSCHE B AN LT L R RN T ML AR L X 2B 4R
FRZ R K- AR5 B I — Fh R B 5 T L4
BLER 28 B A O 15 B8, B ATAE 55 BN s R g —
S UL B R 4R A1 5 CrossWOZH™ | MulttWOZH
5. CrossWOZ & — > Z Uy vh SCR 46 L R BE R
AT EHEAA-ASTiE. Muld WOZ 78 X3 15 5 1% 47 4,
HHHAL, EES T 298, HArd & %3
MultiWOZ 2. 4. 3 9 45t 1 —SE A [a] i FH 28 00 1) A
55 BUXS W B AR AR SO g AT A 4 OF g T B
LY.
AR SR — 26 F F 5 Ak 2 2] 1Y 4 M Bk R AT
JEIREATTEA R Bt 88 sk iy PR RE DAL 352 3
TR 22 . 3 10 45 A A AN ) 54l 4

i
PN
iin

AR RE L PR AR R R R R T R E R AR B IS
TR R, N el PIE H . 7 Microsoft Dialogue
Challenge movie 3t #g 4 I, MCTS-DDUMY B 48 T
IR RCR X e i T HAE A 7SR R MR &
R IL A 5 2 1 B8, Adversarial A2CH 513k
TEZEE 4 IR AU T MCTS-DDU 52 1y &%
B, ¥E Microsoft Dialogue Challenge Taxi ¢ #i% 4
b DPAVES HRAG T S5 5 1 50 R A 1 3 A A
2J AR B % 9 47 b A% 2] ) 4 R L VACLYT A
Microsoft Dialogue Challenge Restaurant £({& 4 I
R B HAE H e B % | VACL JE A BB
DPAV B4, @75 ) VACL & 4% 1% 55. HRLagent™ "
FIAITE Frames $0408 8 B i X5 305 il 2 38 fe v (H
Xt i 4 AR O 24 36 5 42 i 3 ES-DDQ M A A 2%
XA AL TR A i RO T B B b A BE I A — B A
MultiWoz 2. 0 54 I . DQN(GAN-VAE) ™ it 13
T e R AN 3R 0. 985, HEAF- 250 i e B IR R TE
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BRI KAE (11 04) s MADPL! ™ ) % 14 1 B 5 4 X6 i
BRI 0. 921, FEIXHE R ECH 7. 62. 78 MulitWOZ
2. 1 44 | HRLGH 6 A28 2 5 3% 6 A0 B 9 76
I WO B AR, 78 DSTC2 i 4 1, 2016 448
1 BatchDA2C™ 45 7Y B i BUAG S 1F 1 20 % L (0 3

AR T S 25 %5 18 46 K0ORD S 259 b & 2 . B A, X g
W T T 1 R BCHE 4B R MultiWOZ fil Microsoft
Dialogue Challenge. A [f] ff 5 5 ¥ 358 X 4% 45 8 114
RES A — 7 (52 L X8 17 SR (1 B 58 N 5% 7044 X b
S WV AR AR R B T L.

*9 EFEINEHIEE
s A ] N Ik LUK PN ek
XEE R : 5012 W
KA 22 45088, 114 SCAT LR A1 KHE#E45: 84 692 https: //direct. mit. edu/tacl/article/doi/

CrossWOZ76] 2020 4F

5 BTG B 4 9 K

attraction,restaurant

SRR 16,9

10.1162/tacl _a_00314/96453/CrossWOZ-

MultiwOZ1771 2018 4E

Fit) 401 3k £ 355 95 ) A A hotel - metro. taxi B P A-Large-Scale-Chinese-Cross-Domain-Task
B8 N NAERARAE. X v A% 72 A

I ANEL: 5 https://github. com/thu-coai/CrossWOZ
WETHEERT M 2900 6%

s % AN A s H spital , : o

%Z ‘,)(z',z%zﬁl Uﬁﬁﬂ’]?‘f Att‘racnon‘ Hospital X L - 8438 https://aclanthology.org/2022.sigdial-
TR 4 e A i Police, Hotel | SRR AL 115424 1.34/
MultiWOZ 2,0, 4 2018 Restaurant, ey o

AR AR H R B T RUAR
2 MultiWOZ 2. 4(2022
KR R DRS: DIINEPORT]
NS RPNV BT 4
k.

Taxi | Train

TR 13,68
X

AL 25
GURAEL T

B A -

https://github. com/budzianowski/mul-
tiwoz (MultiWOZ 2. 0)

https://github. com/smartyfh/ MultiWOZ-
2.4 (MultiWOZ 2. 4)

Movie: X i B : 2890
%t@ : 11 3 ’{ﬁ 29

] R B
Microsoft 0 A G B S AR ij;;aflrant’X¢‘£*m*ﬁ * https://arxiv. org/pdf/1807. 11125, pdf
Dialogue 2018 4 £, EEHIIT.  Movie,Restaurant, o5 ] ' 114 4 30 Bln e .
“ha [178] 5% i ; i . . AN : H ‘E:\ N /i ) / Lul-ms .
Challenge BITHITMBHETTT.  Taxi WL X HLR 3004 h}t‘f[lJls,/, github. com/xiul-msr/e2e_dialog_
R 115 M 29 chatienge
[ 5'S
o R AL .
i H Wizard-of-Oz 77 % X‘hﬁﬂ‘@é 1369 "
) — S5 B TR 19 e
9 e i ) 2R SRR R 14. 60 https: //aclanthology. org/ W17-5526/
Frames''0) 2017 4 44, 40 & A B A0 18 NSt e e i b
BUTHIAE %1 s At BT AR AR BT IS 5'q Kk«
ﬁﬁl% i AL, 61 http://datasets. maluuba. com/Frames
PR HURAK: 2
B,
TR S U 5 e ,
% y NP https://aclanthol . L12-1157/
LEGOST 2012 4 TEPREUE I Levs Goo e oy XHRMLEL, 200 ;&ﬁi% Jacanthology. ore/
- NIRFERRGEMN : A- A N R X 1% 6 4. 4885 ) ) » oo
o https://www. ultes. eu/ressources/lego
PIRTIE &/ .
spoken-dialogue- corpus/
X% R SRR R TR AL XU HAL : 1612 S
W4, DSTC2 Ji 1T 55 T X484 23 354 hit ./ /aclanthology, org/W14-4337. pd
] e STRE BN A AT AT TR AR 145 e 8- one P
DSTC2 2014 4 . . Houa e ik
Shifh - B AL & ANJEAT  restaurant Vs R http://camdial. org/ ~mh521/dstc/ 5
llﬁ(%’ﬁﬁ G N-HL *ﬂé']/l\ﬁ :,8 hllp;~ //github: Corr;/mallhen//d;lc -
RORrACE IAEL: 1 ’
2 G AL
Banks, Buses
~Buses, i ML 16 10
WEPAER 4, Reddit  Calendar,Events, ;:Iflif;g{ ' ,11(2591;24 B
Fl MetaLWOz, H 1 Flights. Homes. WiAuRs: https: //arxiv. org/pdf/2002. 01359, pdf
SGDU#I 2020 4£ MetaLWOz J {F % 7 Hotels,Media. ﬁgxﬂﬁfﬁ 204 LVE/iE
STE KPS S A-HLXFIE Movies, Music, ;;2\%5(%214 https://github. com/google-research-
B d. RentalCars, Travel, “;bﬁ /I\%( 16 datasets/ dstc8-schema-guided-dialogue
Restaurants, Weather he :
RideSharing, Services
PRI E : 4 2K W
A2 F b SRR e SEAR : 67 Fh http://www. sdspeople. fudan. edu. cn/
. LR PE T LA R,/ » p T RAER : 10FE zywei/paper/liu-acl2018. pdf
T8k 59 12 VAN, = /
gseflﬁil 2018 4 LI RILE g R ORI e 2.15). U heeps: //aclanthology. org/P18-2033. pdf
BT 12 W BI85 - REMEAA R (L. T, HEsk.
AT IR SR 4. /INLIETE (2. 56) /ML https: //github. com/fantasySE/Dialogue-

FRER2.8D)

System-for- Automatic-Diagnosis
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EAiS R AT [R] e Gk EITE NN B
XGRS : 11434
X HL: 167234 S
1] A 55 09 X155 69 K TR AR 14 63 hitps‘.. //paperswithcode. com/ paper/emo-
mw‘ T LA b I 19 EA S il W < S woz:a'*largv séalv corpL;sfan(/iflabol/ling
EmoWOZIH 2022 4 BBRHE. JEF MuliWOZ - oo o ;fﬁlﬁl KL 214 SR
&I AL % TDF fo 44 4 Qjﬁbj(/[\%l 16 htt:’s: ,/.,/zenodo. org/record/6506504 #.
84 I AR TR E. WS TR g, P e
L EN LR Y
YRR A
X i RS : 1024196
. X \/LX‘ N . 20 AN .
. AT AURHL L 55 I j?:/ﬁX}ftg;gg 2 1;l":/;tics-//arxiv‘ org/pdf/1911. 09969. pdf
JDDCHSST 2020 4 UREERY B IS IR 45 FR SO 4B BT R 4 Ec'ithﬁﬁ%ﬁ:% i«‘ﬂﬁ‘% '
T Tk : S
BRI A RSB A 289 http://jddc. jd. com/auth_environment
WE P
e e X1 A5
S0 T AR B Bedroay
e 1T - AL . 24 000(fF 45 1,
.45 0 X4 i B8 B L
\ N . fE55 2 4155 4),48000 B
LA 11 Al 0 X8 ; o / )
i L 22 , (E% 3. 1% 5 https://arxiv. org/pdf/1706. 07503. pdf
O b A T R N P R e T T
o = r'ffl“.L,,,,T, 1T o B s https://github. com/ chaitjo/ personalized-
BT BT R i 4 e P B £ KB dialo
ER T, Sy e
6(fL% 1 AT5 2 5 D,
180(f£45 3 fL5%5)
X IE BASE . YN ZR4E (950)
JHTRT S 2 B3 MR (450) G HFHE (334)
XU A A5 8 R IR B BT BT T8 3 Bl (o B B
Vis- %EJJ WLJ %‘ B @‘ {ﬁ_ 1@‘ 2GS ’*%/J%‘E‘ T ) ) _ hllps; //link. springer. com/ article/10.1007/
SentiVa (271 2020 AEOIERAR ARG B AR SCR (IO EMRIH . 5 F GRS . 12559-020-00769.7
B JEARR o 5 FEE (BN S (VA= 1 i) ﬁ&ﬁ%*é}ﬁ
AL P AR e B AL 4 BEML A% 1500 5k noE
[N & T HEAEL: 1286
WBE
B J7 12 W G 5 i £ [l e
SIS AL 55 LA 10 L‘itps. //www. sciencedirect. com/
Code-mixed W RE A P s AR - . X 1 LA < 3005 S S o
. T . ; s /a /S
Medical 2023 4 A EE 3 B BE 57 ff];;zbj [ 7 R Ak SHEE LR 29204 g;;;,.qrude/pn S0885230822000729
Dataset!187] B £ 0 s s TR R AR 9. 7T AR .
a g e meg o - https://github.com/suman101112/Code-
S T L R4 GERESGEE AL Mixed-TOD-Medical-Dataset
30 U % 0 ‘
F 10 HAFEENZAFTEMMERE
ik RFAEy HER AR A PAEITE S PONT BB - 3555 i e A TR AN TR G & R 20
Microsoft Dial Movie: 0. 429 Movie: 29. 02 Movie: —2. 03 Movie: 0. 390
VACLL77] 2022 4 DQN (‘}TIIOSO 1alogue Restaurant; 0. 4256  Restaurant; 24. 14 Restaurant; —2.76  Restaurant; 0. 280
Aatienge Taxi ; 0. 6513 Taxi ; 19. 62 Taxi ; 19. 80 Taxi ; 0. 440
Microsoft Dial Movie: 0. 80 Movie: 50
DPAV [32] 2022 4F  DQN . 1crosolt Lalogue Restaurant: 0. 31 — Restaurant: 21 —
Challenge . O
Taxi ; 0. 68 Taxi; 55
MCTS-DDU™) 2020 4 Dueling  hicrosoft Dialogue 0.9314 12.13 55.87 -
Challenge (movie)
ACLDQNT! 20214 DQN  erosoft Dialogue 0. 8055 17. 22 19. 05 0. 526
Challenge (movie)
LHUA™® 2020 4 DQN D‘/Ilcr()soft Dlalogue 0.799 - - -
Challenge (movie)
Movie- ticket . - . - . .
ES-DDQ 1) 2021 4 DDQ Booking (movie) ; Movie: 0. 7581 Movie: 18. 55 Movie: 41. 10 Movie: 0. 727

Frames

Frames: 0. 4763

Frames: 21. 06 Frames: 6. 36 Frames: 0. 429
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CEE)
Bk KRB HERl A AETE S MR R B R SPURTIE Y SERDEIER IR O R A 36O
HRLagent!6") 2017 4 HRL Frames 0. 632 43.0 33. 20 0. 750
pDQ'! 20184 DN Merosoft Dialogue 0. 7840 19. 94 45.11 —
Challenge (movie)
DPPOLS! 20234 PPO Microsoft Dialogue 0. 8693 17. 32 56. 65 —
Challenge (movie)
- DDQ+  Microsoft Dialogue
2 ()99] - _
D3Q 2018 4E LSTM Challenge (movie) 0. 7400 13. 81 42. 89
. DDQ-+  Microsoft Dialogue
< . [100] X 2 . _
Switch-DDQ 2019 4F LSTM Challenge (movie) 0. 780 12. 21 48. 49
BCS-DDQUOU 2020 4F  DDQ  herosoft Dialogue 0. 7629 16. 20 4. 45 -
Challenge (movie)
Adversarial ) A2C+ Microsoft Dialogue Y o
A2C9) 20184 AN Challenge (movie) 0- 875 13.52 593
MADPL3%] 2020 4% A2C MultiWOZ 2. 0 0.921 7.62 — 0. 833
Domin2: 0. 980 Domin2: 5. 82 Domin2: 66. 71
JOIEL37] 2021 4 DQN MultiWwOZ 2. 0 Domin4; 0. 940 Domin4 ; 8. 45 Domin4: 50. 59 0. 880 (%% {£)
Domin7:; 0. 910 Domin7; 9. 45 Domin7; 40. 82
GDPLL7] 2019 4F IRL MultitWOZ 2. 0 0. 865 7. 64 1.4 0. 7500
Act-VRNNE! 2020 45 PG MultiWOZ 2. 0 0. 867 7.90 - -
o - . A2C .
ACGOS ) 2022 4 (AG) MultiWOZ 2. 0 0. 817 14. 80 — —
- MultiWwOZ 2. 0 MultiWoz 2. 0: 0. 847
[90] : _ _ _
HDNO 2021 4 HRL MultiWOZ 2. 1 MultiWoz 2. 1. 0. 830
DQN(GAN- DQN+ . B
VAR 202046 C30T MultiWoZ 2.0 0. 985 11. 04
OPPAL78] 2020 4F DQN MultiWwOZ 2. 0 0. 816 8. 47 — 0. 750
HRLGH24] 2023 4F HRL MultiWwOZ 2. 1 0.928 13.1 — —
BatchDA2C2] 2016 4F A2C DSTC2 — 4. 05 0.73 —
o PG+
T 1067 > — — —
ALTD 2018 4F BIGRU DSTC2 0. 588

5.4 KIEESHRBEEMNIERE

A 2022 4£ 11 H OpenAl % fi ChatGPT® D)3k,
KiE S A (Large Language Models, LLMs) 7E %}
T B R R TR IR AT RS SR A 4
ChatGPT. LLaMAM®)  PaLM-29 | Sparrow® DJ ]
A BRSO —F 5. X R KE F AL (8] I 0E A,
PR Z R TF TS 5 BEAL, B AT & TE T O R i
FH PR 25 B 5K L IEASTH 0] T8 28 AU AT: 55 % 7 AR 1Y
[l 25— A S

1555 1) 1 R0 5 R B 2 T [ Ry A 55 1 — 36
XoF AR R, BT AT () BF 5T 40 . TOD-Bert™™) 3% F #i |
URTE S B AL H AT 55 5 ] 1Y X R R e HORE X iR
SR 1 XS 1l Bl A 0 1) & AR 2 A A g 2 () AL
SOLOISTM 5t F GPT-2 7E Wi/ 5t b A7 I 4%
B2 T HIP H bR A0 B0 St BRI AR B B 7E 58 IR AE
1T 55 s S AR A I R 2 2% 8 ki 8 /E. SPACE
AN E A SRIE T AR VTR RIS L B ARTE E AR

— PR BB L T % SR ) i i 5 AR Sl 1 T —
FH T A Bk i [ 52 1 i, AR Joi 2 — o R Ak 1Y
I Med-PaL. M & — AN BRI [0 25 40U i1 KT8 &5
BERY, LT Pal.M-2 BEATH A L 2 — b i 1) i 1) 5
I B B B ORI J T OR G R
A 55 U X 35 R 8 A 77 B 5 IR B 2 1) i 4 G
MG — (O A R B AT X AR R e G TR R
Z 1) B A e SRR AR5 I T I A BB S BB R
IR TR A B 5t MR DL 2 JR BR

AR FBREEE T kT A T L5
TR U SR W A KT TR G iy AR FRATTAR 15 2
T I AT 55 B I R A = 2 2 2 1 &
WA BT Al T 2 4 R S L A

https://openai. com/blog/chatgpt

https://ai. google/discover/palm2
https://www.deepmind. com/blog/building-safer-dialogue-
agents
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AT RS A B T2 AR AR 7 458 3
ST R

6 KREMEAME

AT R AT 55 RN IS SR W IO T R kR L R
S — ST SR Ak A ) BRI S AR TR Ak
2T 1R 6F 5 SR RE A LA T 22 SR 1Y) A 45 iR
R W% B JR 7 T S A v R TR, SR AR SR A AR 21
RIS J7 I TE R KA ik — 2P R R

(1) e Ak 2y 20 F2 AR 1 %0 37 3w

58 Ak 2% ) BV H N FH A i S L A AT 55 B X
T, R AR A3 18] | ) VR 2 (A1 i 4 S5 el 5 oy
R T L 22 5 e R 0 358, P A0 2R 858 A 1) i Ak 2 > A TR
T B0 SR WL B AR R I AS RE R B AR RUR.
G, — a2 o B A A TE SR AR AR AL W B
B I SR AR A ] L 3k 5 Ak 24 2 B AT 55 B iR
SR AR SR THT I R A% G 5 Ak 2 ) 2 RLi ) . e A L 3K
A5 2 b DG T X 175 5 s

O A5 A 27 > F e AR Y i — 2R A IR
b s — BT I 1Y s AL 27 T B RN B e R R Ak A
PR A TR A DAAEAT: 45 05 375 o g o 7= A o HL 4
PR W 23 02 3 A S A — AW 5E  Tl He
ZACI SR AL 2% 2T T 25 5 TS A BE B I A IR AT: 55 AU
T AR AH R B D T R A AR XSRS TP &
WL

@ e F 1R 1) i Ak 2 2T 1 1 — 25 1 A« ik AR
TR Xof i o s BFF 7 S AR P AR 3L T DDQ I FvA
b B TE AT AR P RO R 5 G 1 SR e M R R
AN T B o A0 R TR R Ty kL DR A HSCHE R AR
B R EMEAEAE T 2 T se b, Bb A, 72 IR B BE HL
P A BRI B AN B 2 M RS 3 43 o] O 4 4
P AR B A R AT 1) X 17 SR W A SR A AE
Pk

(O TR JZ5 TR X 17 5 Wk A AE < o RS ok X 175 5 i 1]
DAV B BB 22 S Re AR o, kg g — YOk i S —
ANBERY T gt FE A A B AR b A R AR A
b DA - b 7 i R P R OR O L kAl s it vy
BT 220 U SRR R B 2 2] BR SR S B, L nT LA
b5 v SR fige AL A Sk JUT A AH O A 55 CH bR ok 52
L. R 254 P B R 2 K R RRAE A B DL
XoF 1% SR 2 > SR R AT L.

(2) Z2 4035} 17 o s

H BT » 22 S0 A T 3 SR I T A T IR AR FRATD

EER 2GR 2 RS AL FRES R
R A 2] SE L ORI AT IS AS | AR b 2 2] 22 4
3850 4D X5 T R R R — S A% 0 [ AL T AR U 2 B R 6 ()
B KRR T EIEF L RE®m ik, Wik, AT
R FE R AT LI

@ L4088 1 A7 Ak 22 TR 10 R 25 3 1 45 1)
By E R iAo il as S AR A S W R
02 MR AT R Rk SR AL S AR A
Hra .

@ HEh R, FE I BEEE T L XL %M
TR 22 41 355 0] i SR W 22 Jify A2 3R ] A AR AR J2 3L 1T A0
ik i 2 S R BERR 68 B 2 > Mz 8 A N 5
B BUR IR A ) 1 7 SR B BHE 5 AT ek >
LRERN T RLH EREWA ik — LR,

(O #4555 — 1) 22 4003800 1 3 s A 2. 4503 il
[7) 2 H R 22 400 Y I R O 2K A R AR A g
7 R TR] 0 3 45 R H A D — AN G — il
B HELREAS [ 35 I Hb R B 2 U A N TEE R
T AE S TR) B4 R L s B 36 AR L 2 3 4 5 0
2 ) S W

(3) Z AR5 X7 SR s

Z RIS A A RS B MR E
R LA T AN AT A 22 5 6] O (RS
G TSR, DL ] 2 2 SR B Z Y
A DG DA A i A E SR WS DR SR A R i — D
. A 35 IRF ANLZE B K Z RS2 H 2
fESRAMAIE SRR EZ Mk S EE
RS A G 0 4 4 [n) 8L, 071 7 [ 1 A 45 31 78 40 1)
WEFE. F3 A AEAT 55 B X i v o 22 50 25 1) 3000 42 ot ik
Z AN ECEMREERA R, X thfE—E
PR BE b BHLAG T 32 80038 0 i — 20 Wi 5o TR M A A 2 A
A5 AT 55 7856 175 B304l 45 BB A8 i b 22 450385 %o 115 O I 1Y)
W%,

(4) Z2 A0 H X375 5 ms

H HT . 22 QB (04T 55 000375 55 W 45 22 L 56 TE AR
B2 (6] 0 DR 38 3 43 2 mOHR 0 Ak B AR R S AE TR
A2 ACH SR 1T . 2 A0 H A BF 5 I AR BR T
FRBLZ ] BME AT A AFAE LR LA B 58 7 1]

O 7 Z A FYME L. BUA 1 248 31X 15 56 s 8
ZACH A PME L AS 2 il = 25 pEAS TR AR B A R )
PR = BEANAICEZ A2 DORTS: 1 - s N i k7
Gy Z2AC ALY A B 1 0 A B A 5 v RN — 2P
P& T X 3R W 1 1 g

@ 2R 4 b B B 7 I = % R AN TR



6 3] o AgSE . ST R AL T B AT 55 B I SR IS T T 45 i 1223

B Z 8] (9 5 4 56 28 Horp — A T D2 Al ] O i —
MEAEA TIEMFREGE. AT C8f — L8}
FER N T A o i A7 o AR A 2R
JER R BPIRZS R - MUTIT A A 5 4 R 2 AQ B
W — AR5 1. % 2 ACHEZ 8] 107 1R R
Al B T A RE I 19 2 AU — A

© PR sE G 30 A7 1) Z QB 5. 5 T 2 AU
Z IR 5T 4 FPME 56 A L A R A I Ae ) 2 A0
— ol B Syl P A 5 3 SR L I T B A ) AR S RE
AR B 23 Bt » HL A T X3 AR A 9 AN W 22 4k An o] 2584
M A ) A Ta] FQBHGH R 285 Y e 55 5 2% o AT B 4 il
o AP AR B A SRS T 1.

(5) LA X3 SR g

S o IR S BN T RE 0 AR B F 7 HL A 0
5 BE 7 A0 15 SRS 5 S A BIL XT3 B9 e R S 2 AR
(75 . A A X 3 SR s A9 F 5 L, AT R A7 AE LA
DT I EAHETE.

O Z Hirry k. Xtk al 68 2 N o8 24~ H A5 i
R R N R A R R B R IR R b
o XA 22 B 10 1 B0 23 SIS X 3 AR
A REZ ML R B B A S IR B9 07 T B
(9 AR S BT BE 1 - OF BE LR/ i AU 55 P st
P75 H N — IR TE T 150 2 72 BSGnAr A 280 5-4K
— IR AL AR DR 5 58 5 BE 8 [ I T P TR AR S
LA AL P 9 2 H AR

@ A A R WL A7 TE B BIE ST LA IR o 2l
A 1R 6 4% CLLA IR e R il S 303 i) AU 482 w25 FH P il
B AR IR LU A B 1 2 18] P B kAT O 2
F P HHE R AAT AR, S0 BUA IR 58 AR
17 JAE DAy M B 15 5 ok A0 R X8 3% T P P A9 U A2 A
VP ARG, HATIE B BE S8R T S 1R 2ok
e 8 1 A A L DA A B R o S A i SR 1 R
BL. BT LA SRR Sl A R SR Y S i S O & g AR
SRR SR 2l A1) A B T R 0 O SR 1 1

@ AR P IEAE X3 e 7. H 25 30 B8 0 AT 55
TR S0F it SR W 217 A P e A 4 =z — S Bl A o 2 1 A1k
. AL AR AT LS XA [ B T G S (2 Y
P i G- ) A Ak 1) Sh A WL AT )22 4
PRy el 52 (R A7 AR B B SR TR A — dLAH LR o
A ARARLARY [ 52— AN AR S 5 17 S QAT 925 41 240 L 1
8 FH P Al e+ Lk X 3 A L R AR P 7 A A 1 B X
T

BEA AN TR B 2 5] v B 52 SUBIEE a3k tis Fn 24X
2 W AT A5 T RS AR 22 (6] f) 17 S

B Z RS Z AR A 0 TR AR ES
AL PIE S R R A HL AT A — 2 42 4
4 it e

7T BESRE

R SO T Al 27 T AT 55 BN 375 5K I £ 47 25
A5 T o XT3 BT SR e R A Ao S BOR
PEAT 328 A 28 1 T SR v B R R A 2 T R
o b T ENTR U H R R 7E e BE Rl b 2 T a4k
2 BORITIE A GO SR o A 3 B T R RE I
PR T8 SR IS L 5 T SRS o B2 1 0 T SR L R TR R
P o 19 X B SR W R AR TR 58 A 2 2 X ik SR
Fe T A o BN T SN HE R AR SO AR ]
BRI AT 55 TR 6F 5 SR W Lo i 2 UL RS
22 A AN LA X 35 SR F i+ A 28 08 B SRS 4 P
RN A NS 45 SR 8 DA LA B Oxk 35 SR g S 5 AT 55
TUXHE R GRS N 5 RO [RI 0 £ B B 45 T 4E
5 TR0 X i SR W 9 R R T 507 1)

FI AT AHLXH 35 1 A T DR A 1Y B BE » 45 i Xt
WG N JZ AT FEARK L B 25 Rl B AR ™
P8 5 L R 2 T 5 | R B 22 A T 5 3 I A% . 5
for o e — Ry N2 o) i R R Sk WE S AR T
S8 P T FR X3 SR S A R T N BILA 3 U it — 2
K.

2 % X #

[1] Zhao Yang-Yang, Wang Zhen-Yu, Wang Pei, et al. A survey
on task-oriented dialogue systems. Chinese Journal of Com-
puters, 2020, 43(10);: 1862-1896(in Chinese)

GRIAYE, FRT . M. AT 5 B R E MR LR, R
LR » 2020, 43(10): 1862-1896)

[2] NiJ, Young T, Pandelea V, et al. Recent advances in deep
learning based dialogue systems: A systematic survey. Artificial
Intelligence Review, 2023, 56 3055-3155

[3] Zhang Z, Takanobu R, Zhu Q. et al. Recent advances and
challenges in task-oriented dialog systems. Science China
Technological Sciences, 2020, 63(10): 2011-2027

[4] Chen Y N, Celikyilmaz A, Hakkani-Tiir D. Deep learning
for dialogue systems//Proceedings of the 55th Annual Meeting
of the Association for Computational Linguistics: Tutorial
Abstracts. Vancouver, Canada, 2017 8-14

[5] Chen L, Chen Z, Tan B, et al. AgentGraph: Toward universal
dialogue management with structured deep reinforcement
learning. IEEE/ACM Transactions on Audio Speech and
Language Processing, 2019, 27(9): 1378-1391



1224 it

s

i 2024 4F

[6]

(7]

(8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

Su P H, Budzianowski P, Ultes S, et al. Sample-efficient
actor-critic reinforcement learning with supervised data for
dialogue management//Proceedings of the 18th Annual SIGdial
Meeting on Discourse and Dialogue. Saarbriicken, Germany,
2017 147-157

Varges S, Quarteroni S, Riccardi G, et al. Leveraging POMDPs
trained with user simulations and rule-based dialogue man-
agement in a spoken dialogue system//Proceedings of the
SIGDIAL 2009 Conference. London, UK, 2009: 156-159
Goddeau D, Brill E, Glass ] R, et al. GALAXY: A human-
language interface to on-line travel information//Proceedings
of the International Conference on Spoken Language Processing.
Yokohama, Japan, 1994. 707-710

Huang Min-Lie, Zhu Xiao-Yan. A finite state automata
approach based on slot-feature for dialogue management in
spoken dialogue system. Chinese Journal of Computers, 2004,
27(8): 1092-1101(in Chinese)

CRERFN, AR/ X i 48 B vp 6 7 M 45 AE A BROR S B sl
B S, LR, 2004, 27¢8) ¢ 1092-1101)

Gasic M, Kim D, Tsiakoulis P, Breslin C, et al. Incremental
on-line adaptation of POMDP-based dialogue managers to ex-

tended domains//Proceedings of the International Speech

Communication Association. Singapore, 2014 14-18
Lemon O, Pietquin O. Machine learning for spoken dialogue
systems//Proceedings of the 8th Annual Conference of the
International Speech Communication Association, Interspeech.
Anvers, Belgium, 2007; 1761-1764

Levin E, Pieraccini R, Eckert W, Learning dialogue strategies
within the Markov decision process framework//Proceedings
of the IEEE Workshop on Automatic Speech Recognition
and Understanding Proceedings. Santa Barbara, USA, 1997.
72-79

Young B S, Gas M, Thomson B, et al. POMDP-based
statistical spoken dialog systems: A review. Proceedings of
the IEEE. 2013, 101(5): 1160-1179

Shang L, Lu Z, Li H. Neural responding machine for short-
text conversation//Proceedings of the 53rd Annual Meeting
of the Association for Computational Linguistics and the 7th
International Joint Conference on Natural Language Processing.

Beijing, China, 2015. 1577-1586

Peng B, Li X, Gao J, et al. Deep Dyna-Q: Integrating planning
for task-completion dialogue policy learning//Proceedings of the
56th Annual Meeting of the Association for Computational
Linguistics. Melbourne, Australia, 2018 2182-2192
ZhaoY J. Li Y L, Lin M. A review of the research on
Journal of

dialogue management of task-oriented systems.

Physics: Conference Series, 2019, 1267(1): 012025
Dai Y, Yu H, Jiang Y. et al. A survey on dialog manage-

ment: Recent advances and challenges. arXiv preprint arXiv:

2005. 02233, 2021
Kwan W-C, Wang H, Wang H, et al. A survey on recent

advances and challenges in reinforcement learning methods for
task-oriented dialogue policy learning. Machine Intelligence

Research, 2023, 20. 318-334

[20]

[21]

[22]

[23]

[24]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

Sutton R S, An

Introduction. USA: MIT Press, 2018

Barto A G. Reinforcement Learning:

Bellman R. Some problems in the theory of dynamic program-
ming. Econometrica, 1954, 22(1): 37-48
Hutsebaut-Buysse M, Mets K, Latré S. Hierarchical
reinforcement learning: A survey and open research challenges.
Machine Learning and Knowledge Extraction, 2022, 4(1).
172-221

Zou Wei, Ge Ling., Liu Yu-Shao. Reinforcement Learning.
Beijing: Tsinghua University Press, 2020(in Chinese)

CiRfl . @2, XA, SR, dbat. TR WA,
2020)

Liu W, Wang Z, Liu X, et al. A survey of deep neural
network architectures and their applications. Neurocomputing,
2017, 234. 11-26

Mousavi S S, Schukat M, Howley E. Deep reinforcement
learning: An overview//Proceedings of the SAI Intelligent
Systems Conference. London, UK, 2018 426-440

MIT Technology Review. 10 Breakthrough Technologies
Archive. https://www. technologyreview. com/

Li Y. Deep reinforcement learning: An overview. arXiv
preprint arXiv:1701. 07274, 2018

Mnih V., Kavukcuoglu K, Silver D, et al. Human-level
control through deep reinforcement learning. Nature, 2015,
518: 529-533

Xiao Y, Hoffman J, Xia T, et al. Deep reinforcement learning
with double Q-learning//Proceedings of the 30th AAAI
Conference on Artificial Intelligence. Phoenix, Arizona,
USA, 2016: 2094-2100

Ansehel O, Baram N, Shimkin N. Averaged-DQN: Variance
reduction and stabilization for deep reinforcement learning//
Proceedings of the 34th International Conference on Machine
Learning. 2017, 70.: 176-185
Lan Q, Pan Y, Fyshe A, et al. Maxmin Q-learning:
Controlling the estimation bias of Q-learning. arXiv preprint
arXiv:2002. 06487, 2021

Kuznetsov A, Shvechikov P, Grishin A, et al. Controlling
overestimation bias with truncated mixture of continuous
distributional quantile critics//Proceedings of the 37th Inter-
national Conference on Machine Learning. Vienna, Australia,
2020 5556-5566

Tian C, Yin W, Moens M F. Anti-overestimation dialogue
policy learning for task-completion dialogue system//Proceedings
of the Association for Computational Linguistics;: NAACL
Findings. Seattle, USA, 2022 565-577

Yarats D, Zhang A, Kostrikov I, et al. Improving sample
efficiency in model-free reinforcement learning from images//
Proceedings of the 35th AAAI Conference on Artificial Intel-
ligence. Vancouver, Canada, 2021; 10674-10681

Tokic M. Adaptive e-greedy exploration in reinforcement
learning based on value differences//Proceedings of the Annual

Conference on Artificial Intelligence. Berlin, Germany, 2010

203-210



63 73

R8T BB AL ST HY AT 55 TR X 47 SR W T 90 45 3

1225

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

Badia A P, Piot B, Kapturowski S, et al. Agent57: Outper-
forming the Atari human benchmark//Proceedings of the
37th International Conference on Machine Learning. Vienna,
Australia, 2020, 484-494
Lipton Z, Li X, Gao J, et al. BBQ-networks: Efficient
exploration in deep reinforcement learning for task-oriented
dialogue systems//Proceedings of the 32nd AAAI Conference
on Artificial Intelligence. Louisiana, USA, 2018, 32(1):
5237-5244

LiZ, Lee S, Peng B, et al. Guided dialogue policy learning
without adversarial learning in the loop//Proceedings of the
2020 Conference on Empirical Methods in Natural Language
Processing: Findings. 2020 2308-2317

Pong V, Gu S, Dalal M, et al. Temporal difference models:
Model-free deep RL for model-based control//Proceedings of
the 6th International Conference on Learning Representations.
Vancouver, Canada, 2018, 1-14
Ladosz P, Weng L, Kim M, et al. Exploration in deep
reinforcement learning: A survey. Information Fusion, 2022,
85: 1-22

Wang Z, Schaul T, Hessel M, et al. Dueling network archi-
tectures for deep reinforcement learning//Proceedings of the
33rd International Conference on Machine Learning. New
York, USA, 2016, 48: 1995-2003

Bellemare M G, Dabney W, Munos R. A distributional
perspective on reinforcement learning//Proceedings of the
34th International Conference on Machine Learning. Sydney,
Australia, 2017 693-711

Hessel M, Modayil J, Van Hasselt H, et al. Rainbow:
Combining improvements in DQN//Proceedings of the 32nd
AAALI Conference on Artificial Intelligence. Louisiana, USA,
2018. 3215-3222

Sutton R S, McAllester D, Singh S, et al. Policy gradient
methods for reinforcement learning with function approxima-
tion. Advances in Neural Information Processing Systems,
2000 1057-1063

Schulman J, Levine S, Moritz P, et al. Trust region policy
optimization//Proceedings of the 32nd International Conference
on Machine Learning. Lille, France, 2015: 1889-1897
Silver D, Lever G, Heess N, et al. Deterministic policy
gradient algorithms//Proceedings of the 31st International
Conference on Machine Learning. Beijing, China, 2014 . 605-
619

Lillicrap T P, Hunt J J, Pritzel A, et al. Continuous control
with deep reinforcement learning. arXiv preprint arXiv:1509.
02971, 2019

Fujimoto S, Van Hoof H, Meger D. Addressing function
approximation error in actor-critic methods//Proceedings of
the 35th International Conference on Machine Learning.
Stockholm, Sweden, 2018, 4. 2587-2601
Haarnoja T, Zhou A, Abbeel P, et al. Soft actor-critic:

Off-policy maximum entropy deep reinforcement learning

with a stochastic actor//Proceedings of the 35th International

[49]

[51]

[52]

[53]

[55]

[56]

[58]

[59]

[60]

[61]

[62]

Conference on Machine Learning. Stockholm, Sweden, 2018,
5: 2976-2989

Peng B, Li X, GaoJ, et al. Adversarial advantage actor-critic
model for task-completion dialogue policy learning//Proceedings
of the IEEE International Conference on Acoustics, Speech
and Signal Processing. Calgary, Canada, 2018: 6149-6153
Mnih V, Badia A P, Mirza M, et al. Asynchronous methods
for deep reinforcement learning//Proceedings of the 33rd
International Conference on Machine Learning. New York,
USA, 2016 1928-1937

Fujimoto S, Meger D, Precup D. Off-policy deep reinforce-
ment learning without exploration//Proceedings of the 36th
International Conference on Machine Learning. California,
USA, 2019: 3599-3609

Vezhnevets A S, Osindero S, Schaul T, et al. FeUdal networks
for hierarchical reinforcement learning//Proceedings of the
34th International Conference on Machine Learning. Sydney,
Australia, 2017, 7. 5409-5418
Nachum O, Tang H, Lu X, et al. Why does hierarchy
(sometimes) work so well in reinforcement learning? arXiv
preprint arXiv:1909. 10618, 2019

Baykal-Gursoy M. Semi-Markov decision processes. Wiley
Encyclopedia of Operations Research and Management Science.

John Wiley & Sons, Inc. , 2010. 1-9
Sutton R S, Precup D, Singh S. Between MDPs and Semi-
MDPs: A framework for temporal abstraction in RL. Artificial
Intelligence, 1999, 112(1); 181-211
Bacon P, Harb J, Precup D. The option-critic architecture//
Proceedings of the 31st AAAI Conference on Artificial Intel-

ligence. California, USA, 2017 1726-1734

Machado M C, Bellemare M G, Bowling M. A Laplacian
framework for option discovery in reinforcement learning//
Proceedings of the 34th International Conference on Machine
Learning. Sydney, Australia, 2017, 5. 3567-3582

Zhang J, Yu H, Xu W. Hierarchical reinforcement learning
by discovering intrinsic options. arXiv preprint arXiv:2101.
06521, 2022

Jin M, Ma Z, Jin K, et al. Creativity of Al. Automatic
symbolic option discovery for facilitating deep reinforcement
learning//Proceedings of the 36th AAAI Conference on Artificial
Intelligence. 2022, 36: 7042-7050

Kulkarni T D, Narasimhan K R, Saeedi A. Hierarchical deep
reinforcement learning: Integrating temporal abstraction and
intrinsic motivation//Proceedings of the 30th Conference on
Neural Information Processing Systems. Barcelona, Spain,
2016 3682-3690

Tang D, Li X, Gao J, et al. Subgoal discovery for hierarchical
dialogue policy learning//Proceedings of the 2018 Conference
on Empirical Methods in Natural LLanguage Processing. Brussels,
Belgium, 2018 2298-2309

Paul S, van Baar J, Roy-Chowdhury A K. Learning from
trajectories via subgoal discovery//Proceedings of the 33rd Con-
ference on Neural Information Processing Systems. Vancouver,

Canada, 2019, 32; 1-11



1226 it

s

i 2024 4F

[63]

[64]

[65]

[66]

[67]

[68]

[69]

[70]

[71]

[72]

[73]

[74]

Pateria S, Subagdja B, Tan A H, et al. Value-based subgoal
discovery and path planning for reaching long-horizon goals.
IEEE Transactions on Neural Networks and Learning Systems,
2023; 1-13

Peng B, Li X, Li L, et al. Composite task-completion
dialogue policy learning via hierarchical deep reinforcement
learning/ /Proceedings of the Conference on Empirical Methods
in Natural Language Processing. Copenhagen, Denmark,
2017 2231-2240

Luo F-M, Xu T, Lai H, et al.

arXiv preprint arXiv: 2206. 09328,

A survey on model-based
reinforcement learning.
2022

Koller T, Berkenkamp F, Turchetta M, et al. Learning-
based model predictive control for safe exploration. Annual
Review of Control, Robotics, and Autonomous Systems,
2020, 3: 269-296

Sutton R S. Integrated architectures for learning, planning,
and reacting based on approximating dynamic programming//
Proceedings of the Seventh International Conference. Austin,
USA, 1990. 216-224

Lambert N, Amos B, Yadan O, et al. Objective mismatch
in model-based reinforcement learning//Proceedings of the
Machine Learning Research. Berkeley, USA, 2020, 120:
1-16

Farahmand A M, Barreto A M S, Nikovski D N. Value-
aware loss function for model-based reinforcement learning
amir-massoud//Proceedings of the 20th International Confer-
ence on Artificial Intelligence and Statistics. Lauderdale,
USA, 2017, 54 1486-1494

Voelcker C, Liao V, Garg A, et al. Value gradient weighted
model-based reinforcement learning//Proceedings of the 10th
International Conference on Learning Representations. 2022
1-19

Wang Y A, Chen Y N. Dialogue environments are different
from games: Investigating variants of deep Q-networks for
dialogue policy//Proceedings of the 2019 IEEE Automatic
Speech Recognition and Understanding Workshop. Singapore,
2019. 1070-1076

Pathak D, Agrawal P, Efros A A, et al. Curiosity-driven
exploration by self-supervised prediction//Proceedings of the
IEEE Computer Society Conference on Computer Vision and
Pattern Recognition Workshops. Honolulu, USA, 2017.
488-489

Zhao T, Eskenazi M. Towards end-to-end learning for dialog
state tracking and management using deep reinforcement learning
//Proceedings of the Conference 17th Annual Meeting of the
Special Interest Group on Discourse and Dialogue. Los Angeles,
USA, 2016 1-10

Cao Y, Lu K, Chen X, et al. Adaptive dialog policy learning
with hindsight and user modeling//Proceedings of the Con-
ference 21st Annual Meeting of the Special Interest Group on

Discourse and Dialogue. 2020: 329-338

[76]

[77]

[78]

[79]

[80]

[81]

[82]

[83]

[84]

[85]

[86]

Andrychowicz M, Wolski F, Ray A, et al. Hindsight experi-
ence replay//Proceedings of the Advances in Neural Informa-
tion Processing Systems. CA, USA, 2017. 5048-5058

Zhao Y, Wang Z, Huang Z. Automatic curriculum learning
with over-repetition penalty for dialogue policy learning//
Proceedings of the 35th AAAI Conference on Artificial Intel-
ligence. 2021: 14540-14548

Zhao Y, Qin H, Zhu C, et al. A versatile adaptive curriculum
learning framework for task-oriented dialogue policy learning//
Proceedings of the Association for Computational Linguistics:
NAACL. Seattle, USA, 2022. 711-723

Zhang Z, Liao L, Zhu X, et al. Learning goal-oriented
dialogue policy with opposite agent awareness//Proceedings
of the 1st Conference of the Asia-Pacific Chapter of the
Association for Computational Linguistics and the 10th Inter-
national Joint Conference on Natural Language Processing.
Suzhou, China, 2020 122-132

Wang S, Zhou K, Lai K, et al. Task-completion dialogue
policy learning via Monte Carlo tree search with dueling
network//Proceedings of the Conference on Empirical Methods
in Natural Language Processing. 2020: 3461-3471

Zhang H, Zeng Z, Lu K, et al. Efficient dialog policy
learning by reasoning with contextual knowledge//Proceedings
of the 36th AAAI Conference on Artificial Intelligence. 2022
11667-11675

Madusanka T, Langappuli D, Welmilla T, et al. Dialog
policy optimization for low resource setting using self-play
and reward based sampling//Proceedings of the 34th Pacific
Asia Conference on Language, Information and Computation.
Hanoi, Vietnam, 2020.: 178-187

Fatemi M, Asri L El, Schulz H, et al. Policy networks with
two-stage training for dialogue systems//Proceedings of the
Conference 17th Annual Meeting of the Special Interest Group
on Discourse and Dialogue. Los Angeles, USA, 2016: 101-
110

Zhao R, Tresp V. Improving goal-oriented visual dialog
agents via advanced recurrent nets with tempered policy
gradient//Proceedings of the IJCAI 2018 Workshop Linguistic
and Cognitive Approaches to Dialog Agents. Stockholm,
Sweden, 2018, 1-7

Wu Y-C, Rasmussen C E. Clipping loops for sample-efficient
dialogue policy optimisation//Proceedings of the North
American Chapter of the Association for Computational
Linguistics. 2021; 3420-3428

al.

Malviya S, Kumar P, Namasudra S, et Experience

replay-based deep reinforcement learning for dialogue
management optimisation. ACM Transactions on Asian and
Low-Resource Language Information Processing, to appear

Shah P, Hakkani-Tiir D, Heck L. Interactive reinforcement
learning for task-oriented dialogue management//Proceedings
of the Workshop on Deep Learning for Action and Interaction.

Barcelona, Spain, 2016



63

o AgSE . ST R AL T B AT 55 B I SR IS T T 45 i

1227

[87]

[88]

[89]

[90]

[91]

[92]

[93]

[94]

[95]

[96]

[97]

(98]

[99]

Su P-H, Gasic M, Mrksic N, et al. Continuously learning
neural dialogue management. arXiv preprint arXiv: 1606.
02689, 2016

Cordier T, Urvoy T, Rojas-Barahona . M, et al. Diluted
near-optimal expert demonstrations for guiding dialogue
stochastic policy optimisation. arXiv preprint arXiv: 2012,
04687, 2020

Padmakumar A, Mooney R J. Dialog policy learning for
joint clarification and active learning queries//Proceedings of
the 35th AAAI Conference on Artificial Intelligence. 2021
13604-13612

Wang J, Zhang Y, Kim T-K, et al. Modelling hierarchical
structure between dialogue policy and natural language
generator with option framework for task-oriented dialogue
system. arXiv preprint arXiv:2006. 06814, 2021

Tiwari A, Saha S, Bhattacharyya P. A knowledge infused
context driven dialogue agent for disease diagnosis using
hierarchical reinforcement learning. Knowledge-Based Systems.,
2022, 242. 108292

Saha T, Gupta D, Saha S, et al. A hierarchical approach
for efficient multi-intent dialogue policy learning. Multimedia
Tools and Applications, 2021, 80(28-29): 35025-35050
Chen Z, Liu X, Chen L, et al. Structured hierarchical
dialogue policy with graph neural networks//Proceedings of
the National Conference on Man-Machine Speech Communi-
cation. Santa Fe, USA, 2022, 264-277

Casanueva I, Budzianowski P, Su P H, et al. Feudal
reinforcement learning for dialogue management in large
domains//Proceedings of the Conference of the North
American Chapter of the Association for Computational
Linguistics: Human Language Technologies. New Orleans,
USA, 2018 714-719

Geishauser C, Hu S, Lin H, et al. What does the user
want ? Information gain for hierarchical dialogue policy
optimisation//Proceedings of the IEEE Automatic Speech
Recognition and Understanding Workshop. Cartagena,
Colombia, 2021: 969-976

Jong N K, Hester T, Stone P. The utility of temporal
abstraction in reinforcement learning//Proceedings of the
International Joint Conference on Autonomous Agents and
Multiagent Systems. Estoril, Portugal, 2008: 299-306
Pateria S, Subagdja B, Tan A H, et al. Hierarchical rein-
forcement learning: A comprehensive survey. ACM Computing
Surveys, 2021, 54(5). 1-35

Huang C. Cao B. Learning dialogue policy efficiently through
Dyna proximal policy optimization//Proceedings of the Inter-
national Conference on Collaborative Computing: Networking,
Applications and Worksharing. Hangzhou, China, 2022.
396-414

Su S, Li X, Gao J, et al. Discriminative deep Dyna-Q:
Robust planning for dialogue policy learning//Proceedings
of the 2018 Conference on Empirical Methods in Natural

Language Processing. Brussels, Belgium, 2018. 3813-3823

[100]

[101]

[102]

[103]

[104]

[105]

[106]

[107]

[108]

[109]

[110]

[111]

Wu Y., Li X, LiuJ, et al. Switch-based active deep Dyna-
Q: Efficient adaptive planning for task-completion dialogue
policy learning//Proceedings of the 33rd AAAI Conference
on Artificial Intelligence. Hawaii, USA, 2019. 7289-7296

Zhang Z, Li X, Gao J, et al. Budgeted policy learning for
task-oriented dialogue systems//Proceedings of the Conference
57th Annual Meeting of the Association for Computational

Linguistics. Florence, Italy, 2020. 3742-3751

Zhang M, Shinozaki T. DNN-rule hybrid Dyna-Q for sample-
efficient task-oriented dialog policy learning//Proceedings of
the Asia-Pacific Signal and Information Processing Association
Annual Summit and Conference. Chiang Mai, Thailand,

2022 1428-1434

Arora S, Doshi P, Elsevier B V. A survey of inverse
reinforcement learning: Challenges, methods and progress.

Artificial Intelligence, 2021, 297 103500

Moshinsky M. Algorithms for inverse reinforcement learning
//Proceedings of the 17th International Conference on Machine

Learning. California, USA, 2000: 663-670

Fu J, Luo K, Levine S. Learning robust rewards with
adversarial inverse reinforcement learning//Proceedings of
the 6th International Conference on Learning Representations,

Vancouver, Canada, 2018; 1-15

Liu B, Lane I. Adversarial learning of task-oriented neural
dialog models//Proceedings of the Conference 19th Annual
Meeting of the Special Interest Group on Discourse and

Dialogue. Melbourne, Australia, 2018. 350-359

Takanobu R, Zhu H, Huang M. Guided dialog policy
learning: Reward estimation for multi-domain task-oriented
dialog//Proceedings of the Conference on Empirical Methods
in Natural Language Processing and 9th International Joint
Conference on Natural Language Processing. Hong Kong,

China, 2019: 100-110

Hou Z, Liu B, Zhao R, et al. Imperfect also deserves
reward: Multi-level and sequential reward modeling for better
dialog management//Proceedings of the North American
Chapter of the Association for Computational Linguistics.

2021: 2993-3001

Huang X, Qi J, Sun Y, et al. Semi-supervised dialogue
policy learning via stochastic reward estimation//Proceedings
of the 58th Annual Meeting of the Association for Computa-
tional Linguistics. 2020; 660-670

Gasi¢c M, Mrksi¢ N, Su P-H, et al. Policy committee for

adaptation in multi-domain spoken dialogue systems//
Proceedings of the IEEE Workshop on Automatic Speech
Recognition and Understanding. Scottsdale, USA, 2015:

806-812
Cuayahuitl H, Yu S, Williamson A, et al. Scaling up deep
reinforcement learning for multi-domain dialogue systems//

Proceedings of the International Joint Conference on Neural

Networks. Anchorage, USA, 2017 3339-3346



1228

it ®

i 2024 4F

[112]

[113]

[114]

[115]

[116]

[117]

[118]

[119]

[120]

[121]

[122]

[123]

[124]

Mendez J A, Liu B. Reinforcement learning of multi-domain
dialog policies via action embeddings. arXiv:2207. 00468v1,
2022

Peng S, Ji F, Lin Z, et al. MTSS: Learn from multiple
domain teachers and become a multi-domain dialogue expert//
Proceedings of the 34th AAAI Conference on Artificial
Intelligence. New York, USA, 2020;: 8608-8615

Zhao M, Wang L, Jiang Z, et al. Multi-task learning with
graph attention networks for multi-domain task-oriented
dialogue systems. Knowledge-Based Systems, 2023, 259:
110069

Cordier T, Urvoy T, Leféevre F, et al. Graph neural net-
work policies and imitation learning for multi-domain task-
oriented dialogues//Proceedings of the 23rd Annual Meeting
of the Special Interest Group on Discourse and Dialogue
(SigDial). Edinburgh., UK, 2022. 91-100

Cordier T, Urvoy T, Lefevre F, et al. Few-shot structured
policy learning for multi-domain and multi-task dialogues//
Proceedings of the 17th Conference of the European Chapter
of the Association for Computational Linguistics. Dubrovnik,
Croatia, 2023: 432-441

Rohmatillah M, Chien J T. Causal confusion reduction for
robust multi-domain dialogue policy//Proceedings of the Annual
Conference of the International Speech Communication
Association. 2021, 5. 3761-3765

Wu CS, Socher R, Xiong C. Global-to-local memory pointer
networks for task-oriented dialogue. arXiv preprint arXiv:
1901. 04713, 2019

Qin L, Xu X, Che W, et al. Dynamic fusion network for
multi-domain end-to-end task-oriented dialog//Proceedings
of the 58th Annual Meeting of the Association for Computa-
tional Linguistics. 2020; 6344-6354

Jeon H, Lee G G. DORA: Towards policy optimization for
task-oriented dialogue system with efficient context. Computer
Speech and Language, 2022, 72; 101310

Devlin J, Chang M-W, Lee K, et al. BERT: Pre-training
of deep bidirectional transformers for language understanding
//Proceedings of the North American Chapter of the Asso-
ciation for Computational Linguistics; Human Language
Technologies. Minneapolis, USA, 2019 4171-4186

Wang H, Wang H, Wang Z, et al. Integrating pretrained
language model for dialogue policy evaluation//Proceedings
of the IEEE International Conference on Acoustics, Speech
and Signal Processing. Singapore, 2022: 6692-6696

Saha T, Gupta D, Saha S, et al. Towards integrated
dialogue policy learning for multiple domains and intents using
hierarchical deep reinforcement learning. Expert Systems
with Applications, 2020, 162.: 113650
Rohmatillah M, Chien J-T. Hierarchical reinforcement
learning with guidance for multi-domain dialogue policy.
IEEE/ACM Transactions on Audio, Speech, and Language
Processing., 2023, 31 748-761

[126]

[127]

[128]

[129]

[130]

[131]

[132]

[133]

[135]

[136]

[137]

[138]

Zhao T. ReinForest: Multi-domain dialogue management
using hierarchical policies and knowledge ontology. https://
api. semanticscholar. org/CorpusID: 15445108, 2016

Liao L, Ma Y, He X, et al. Knowledge-aware multimodal
dialogue systems//Proceedings of the 26th ACM Multimedia
Conference. New York, USA, 2018. 801-809

Saha T, Saha S, Bhattacharyya P. Towards sentiment-
aware multi-modal dialogue policy learning. Cognitive Com-
putation, 2020, 14(1). 246-260
Tiwari A, Saha T, Saha S, et al. Multi-modal dialogue
policy learning for dynamic and co-operative goal setting//
Proceedings of the International Joint Conference on Neural
Networks. Shenzhen, China, 2021, 1-8

Tiwari A, Manthena M, Saha S, et al. Dr. can see: Towards
a multi-modal disease diagnosis virtual assistant//Proceedings
of the 31st ACM International Conference on Information &
Knowledge Management. Atlanta, USA, 2022. 1935-1944
Zorrilla A L. Torres M 1, Cuayahuitl H. Audio embedding-
aware dialogue policy learning. TEEE/ACM Transactions on
Audio Speech and Language Processing, 2023, 31;: 525-538
Zhang J, Zhao T, Yu Z. Multimodal hierarchical reinforce-
dialog//

Proceedings of the Conference 19th Annual Meeting of the

ment learning policy for task-oriented visual
Special Interest Group on Discourse and Dialogue. Melbourne,
Australia, 2018: 140-150

Deng Y, Li Y, Ding B, et al. Leveraging long short-term
user preference in conversational recommendation via multi-
agent reinforcement learning. IEEE Transactions on Knowl-
edge and Data Engineering, 2022, 35(11): 11541-11555
Naghizadeh P, Gorlatova M, Lan A S, et al. Hurts to be
too early: Benefits and drawbacks of communication in
multi-agent learning//Proceedings of the IEEE INFOCOM.
Paris, France, 2019: 622-630

Liu B, Lane L. Tterative policy learning in end-to-end train-
able task-oriented neural dialog models//Proceedings of the
IEEE International Conference on Acoustics, Speech, and
Signal Processing. Okinawa, Japan, 2017. 482-489
Takanobu R, Liang R, Huang M. Multi-agent task-oriented
dialog policy learning with role-aware reward decomposition//
Proceedings of the 58th Annual Meeting of the Association
for Computational Linguistics. 2020: 625-638

Zhuang Y, Yu T, Wu J, et al. Spatial-temporal aligned
multi-agent learning for visual dialog systems//Proceedings
of the 30th ACM International Conference on Multimedia.
Lisbon, Portugal, 2022. 482-490

Wang H, Wong K F. A collaborative multi-agent reinforce-
ment learning framework for dialog action decomposition//
Proceedings of the 2021 Conference on Empirical Methods in
Natural Language Processing. 2021 7882-7889

Papangelis A, Wang Y C, Molino P, et al. Collaborative
multi-agent dialogue model training via reinforcement learning

//Proceedings of the Conference the 20th Annual Meeting



63

o AgSE . ST R AL T B AT 55 B I SR IS T T 45 i

1229

[139]

[140]

[141]

[142]

[143]

[144]

[145]

[146]

[147]

[148]

[149]

[150]

[151]

of the Special Interest Group Discourse Dialogue. Stockholm,
Sweden, 2019: 92-102

Tiwari A, Saha T, Saha S, et al. A persona aware persua-
sive dialogue policy for dynamic and co-operative goal setting.
Expert Systems with Applications, 2022, 195: 116303

Gu S, Kuba J] G, Wen M, et al. Multi-agent constrained
policy optimisation. arXiv preprint arXiv:2110. 02793, 2022
Liu K, Picard R. Embedded empathy in continuous, inter-
active health assessment//Proceedings of the CHI Workshop
on Challenges in Health Assessment. Portland, USA, 2005
1-4

Valentini S, Orsingher C, Polyakova A. Customers’ emotions
in service failure and recovery: A meta-analysis. Marketing
Letters, 2020, 31;: 199-216

Broekens J. Emotion and reinforcement: Affective facial
expressions facilitate robot learning//Proceedings of the
Artifical Intelligence for Human Computing: ICMI 2006 and
IJCAI 2007 International Workshops. Banff, Canada, 2007
113-132

Song S, Wang C, Chen H, et al. An emotional comfort
framework for improving user satisfaction in E-commerce
customer service Chatbots//Proceedings of the 2021 Confer-
ence of the North American Chapter of the Association for
Computational Linguistics; Human Language Technologies:
Industry Papers., 2021: 130-137

Bui T H, Zwiers J, Poel M, et al. Affective dialogue man-
agement using factored POMDPs. Interactive Collaborative
Information Systems, 2010, 281: 207-236

Shi W, Yu Z. Sentiment adaptive end-to-end dialog systems
//Proceedings of the 56th Annual Meeting of the Association
for Computational Linguistics. Melbourne, Australia, 2018.
1509-1519

Li W, Shao W, Ji S, et al. BIERU: Bidirectional emotional
recurrent unit for conversational sentiment analysis. Neuro-
computing, 2022, 467 73-82

Zhang R, Wang Z, Zheng M, et al. Emotion-sensitive deep
Dyna-Q learning for task-completion dialogue policy learning.
Neurocomputing, 2021, 459. 122-130

TuQ, LiY, CuiJ, et al. MISC: A mixed strategy-aware
model integrating COMET for emotional support conversation
//Proceedings of the 60th Annual Meeting of the Association
for Computational Linguistics. Dublin, Ireland, 2022. 308-
319

Saha T, Gupta D, Saha S, et al. Emotion aided dialogue act
classification for task-independent conversations in a multi-
modal framework. Cognitive Computation, 2021, 13(2):
277-289

Wang W, Zhang J, Zhang H, et al. A teacher-student
framework for maintainable dialog manager//Proceedings
of the 2018 Conference on Empirical Methods in Natural

Language Processing. Brussels, Belgium, 2018 3803-3812

[152]

[153]

[154]

[155]

[156]

[157]

[158]

[159]

[160]

[161]

[162]

[163]

Chen Y N, Hakkani-Tiir D, He X. Zero-shot learning of
intent embeddings for expansion by convolutional deep
structured semantic models//Proceedings of the IEEE Inter-
national Conference on Acoustics, Speech and Signal
Processing. Shanghai, China, 2016: 6045-6049

Siddique A B, Magbool M H, Taywade K, et al. Personali-
zing task-oriented dialog systems via zero-shot generalizable
reward function//Proceedings of the International Conference
on Information and Knowledge Management. Atlanta, USA,
2022, 1787-1797

Pei J, Ren P, De Rijke M. A cooperative memory network
for personalized task-oriented dialogue systems with incom-
plete user profiles//The Web Conference 2021-Proceedings
of the World Wide Web Conference. Singapore, 2021: 1552-
1561

Bihani G, Rayz J T. Fuzzy classification of multi-intent
utterances//Proceedings of the North American Fuzzy
Information Processing Society Annual Conference. 2022:
37-51

Shi C, Chen Q, Sha L, et al. We know what you will ask:
A dialogue system for multi-intent switch and prediction//
Proceedings of the Natural Language Processing and Chinese
Computing. Dunhuang, China, 2019: 93-104

Li X, Lipton Z C, Dhingra B, et al. A user simulator for
task-completion dialogues. arXiv preprint arXiv: 1612,
05688, 2017

Schatzmann J, Thomson B, Weilhammer K, et al. Agenda-
based user simulation for bootstrapping a POMDP dialogue
system//Proceedings of the North American Chapter of the
Association of Computational Linguistics. New York, USA,
2007 149-152

Jain A, Pecune F, Matsuyama Y. et al. A user simulator
architecture for socially-aware conversational agents//Proceedings
of the 18th International Conference on Intelligent Virtual
Agents. Sydney. Australia, 2018. 133-140

Liu H, Ou Z, Huang Y, et al. Jointly reinforced user
simulator and task-oriented dialog system with simplified
generative architecture. arXiv preprint arXiv: 2210. 06706,
2022

Radford A, Wu J, Child R, et al. Language models are
unsupervised multitask learners. https://api. semanticscholar.
org/CorpusID: 160025533, 2019

Kreyssig F L, Casanueva I, Budzianowski P, et al. Neural
user simulation for corpus-based policy optimisation for
spoken dialogue systems//Proceedings of the 19th Annual
Meeting of the Special Interest Group on Discourse and
Dialogue. Melbourne, Australia, 2018; 60-69

Shi W, Qian K, Wang X, et al. How to build user simula-
tors to train RI-based dialog systems//Proceedings of the
Conference on Empirical Methods in Natural Language
Processing and the 9th International Joint Conference on

Natural Language Processing. Hong Kong, China, 2019:
1990-2000



1230 02 - U VI A - (¢ 2024 4F
[164] Dhingra B, Li L, Li X, et al. Towards end-to-end reinforce- tional experimentation//Proceedings of the 45th International

[165]

[166]

[167]

[168]

[169]

[170]

[171]

[172]

[173]

[174]

[175]

ment learning of dialogue agents for information access//
Proceedings of the 55th Annual Meeting of the Association
for Computational Linguistics. Vancouver, Canada, 2017
484-495

Sun W, Zhang S, Balog K. et al. Simulating user satisfac-
tion for the evaluation of task-oriented dialogue systems//
Proceedings of the 44th International ACM SIGIR Conference
on Research and Development in Information Retrieval.
2021: 2499-2506

Ultes S, Rojas-Barahona L., SuP H, et al. Pydial: A multi-
domain statistical dialogue system toolkit//Proceedings of
the System Demonstrations 55th Annual Meeting of the
Association for Computational Linguistics. Vancouver, Canada,
2017 73-78

Miller A H, Feng W, Fisch A, et al. ParlAl. A dialog
research software platform//Proceedings of the 2017 Confer-
ence on Empirical Methods in Natural Language Processing:
System Demonstrations. Copenhagen, Denmark, 2017 79-84
Bocklisch T, Faulkner J, Pawlowski N, et al. Rasa: Open
source language understanding and dialogue management.
arXiv preprint arXiv:1712. 05181, 2017

Papangelis A, Namazifar M, Khatri C, et al. Plato dialogue
system: A flexible conversational AI research platform.
arXiv:2001. 06463. 2020

Zhou K, Wang X, Zhou Y, et al. CRSLab: An open-source
toolkit for building conversational recommender system//
Proceedings of the 59th Annual Meeting of the Association
for Computational Linguistics and the 11th International
Joint Conference on Natural Language Processing: System
Demonstrations. 2021: 185-193

Li Y., Arnold J, Yan F, et al. LEGOEval: An open-source
toolkit for dialogue system evaluation via crowdsourcing//
Proceedings of the 59th Annual Meeting of the Association
for Computational Linguistics and the 11th International
Joint Conference on Natural Language Processing: System
Demonstrations. 2021 317-324

Lee S, Zhu Q, Takanobu R, et al. ConvlLab: Multi-domain
end-to-end dialog system platform//Proceedings of the 57th
Annual Meeting of the Association for Computational
Linguistics: System Demonstrations. Florence, Italy, 2019.
64-69

Zhu Q, Zhang Z, Fang Y, et al. ConvLab-2: An open-

source toolkit for building, evaluating, and diagnosing
dialogue systems//Proceedings of the 58th Annual Meeting
of the Association for Computational Linguistics. 2020
142-149

Zhu Q. Geishauser C, Lin H, et al. ConvLab-3: A flexible
dialogue system toolkit based on a unified data format, arXiv
preprint arXiv;2211. 17148, 2022

Speggiorin A, Dalton J, Leuski A. TaskMAD: A platform

for multimodal task-centric knowledge-grounded conversa-

[176]

[177]

[178]

[179]

[180]

[181]

[182]

[183]

[184]

[185]

[186]

[187]

[188]

ACM SIGIR Conference on Research and Development in
Information Retrieval. Madrid, Spain, 2022, 3240-3244
Zhu Q, Huang K, Zhang Z, et al. CrossWOZ: A large-
scale Chinese cross-domain task-oriented dialogue dataset.
Transactions of the Association for Computational Linguistics.,
2020, 8: 281-295

Budzianowski P, Wen T H, Tseng B H, et al. MultiWOZ—
A large-scale multi-domain wizard-of-oz dataset for task-
oriented dialogue modelling//Proceedings of the 2018 Confer-
ence on Empirical Methods in Natural Language Processing.
Brussels, Belgium, 2018. 5016-5026

Budzianowski P, Wen T-H, Tseng B-H, et al. Microsoft
dialogue challenge: Building end-to-end task-completion
dialogue systems. arXiv preprint arXiv:1807. 11125, 2018
Asri L El, Fine E. Frames: A corpus for adding memory
to goal-oriented dialogue systems//Proceedings of the 18th
SIGdial
Saarbriicken, Germany, 2017 207-219
Schmitt A, Ultes S,

Annual Meeting on Discourse and Dialogue.
Minker W. A parameterized and
annotated spoken dialog corpus of the CMU let’s go bus
information system//Proceedings of the 8th International
Conference on Language Resources and Evaluation. Istanbul,
Turkey, 2012 3369-3373

Henderson M, Thomson B, Williams J. The second dialog
state tracking challenge//Proceedings of the 15th Annual
Meeting of the Special Interest Group on Discourse and
Dialogue. Philadelphia, USA, 2014 . 263-272

Rastogi A, Zang X, Sunkara S, et al. Schema-guided
dialogue state tracking task at DSTCS8. arXiv preprint arXiv:
2002. 01359, 2020

Wei Z, Liu Q, Peng B, et al. Task-oriented dialogue system
for automatic diagnosis//Proceedings of the 56th Annual
Meeting of the Association for Computational Linguistics.
Melbourne, Australia, 2018. 201-207

Feng S, Lubis N, Geishauser C, et al. EmoWOZ: A large-
scale corpus and labelling scheme for emotion recognition in
task-oriented dialogue systems//Proceedings of the Language
Resources and Evaluation Conference. Marseille, France,
2022. 4096-4113

Chen M, Liu R, Shen L, et al. The JDDC corpus: A large-
scale multi-turn Chinese dialogue dataset for E-commerce
customer service//Proceedings of the 12th International
Conference on Language Resources and Evaluation. Marseille,
France, 2020; 459-466

Joshi C K, Mi F, Faltings B. Personalization in goal-oriented
dialog. arXiv preprint arXiv:1706. 07503, 2017

Dowlagar S, Mamidi R. A code-mixed task-oriented dialog
dataset for medical domain. Computer Speech and Language,
2023, 78. 101449

Touvron H, Lavril T, Izacard G, et al. LLaMA: Open and
efficient foundation language models. arXiv preprint arXiv:

2302. 13971, 2023



6 34 o EEF . BT RR AL A S AT 55 TUXE R A 5T 45k 1231

[189] Wu CS, Hoi S, Socher R, et al. TOD-BERT: Pre-trained [193] Qiu Y, Member S, Jin Y, et al. Improving sample efficiency
natural language understanding for task-oriented dialogue// of multi-agent reinforcement learning with non-expert policy
Proceedings of the Conference on Empirical Methods in for flocking control. IEEE Internet of Things Journal, 2023,
Natural Language Processing. 2020: 917-929 10(16): 14014-14027

[190] Peng B, Li C, LiJ, et al. SOLOIST: Building task bots [194] Howard N, Cambria E. Intention awareness: Improving
at scale with transfer learning and machine teaching. Trans- upon situation awareness in human-centric environments.
actions of the Association for Computational Linguistics, Human-Centric Computing and Information Sciences, 2013,
2021, 9. 807-824 3(: 1-17

[191] He W, Dai Y, Yang M. et al. Unified dialog model pre- [195] Sodhani S, Faramarzi M, Mehta S V, et al. An introduction
training for task-oriented dialog understanding and generation to lifelong supervised learning. arXiv preprint arXiv: 2207,
//Proceedings of the 45th International ACM SIGIR Conference 04354, 2022
on Research and Development in Information Retrieval. [196] Ma Y, Nguyen K L, Xing F Z, et al. A survey on empa-
Madrid, Spain, 2022 187-200 thetic dialogue systems. Information Fusion, 2020, 64.

[192] Singhal K, Azizi S, Tu T, et al. Large language models 50-70

encode clinical knowledge. Nature, 2023, 620 172-180

XU Kai, Ph.D. candidate. His
main research interests include task-
based dialogue policy, reinforcement

learning and deep reinforcement learning.

WANG Zhen-Yu, Ph. D., professor, Ph. D supervisor.
His main research interests include natural language processing,

dialogue systems and deep reinforcement learning.

Background

Task-oriented dialogue systems are designed to help
users solve domain-specific tasks, dialogue policy is a core
component of task-oriented dialogue systems based on the
pipeline approach. In the pipeline-based method, the dialogue
policy takes the dialogue state and generates dialogue actions
for natural language generation. The development of dialogue
policy has seen rule-based dialogue policy, supervised learning-
based dialogue policy, and reinforcement learning-based
dialogue policy. Rule-based and supervised learning dialogue
policies have the advantage of being easy to analyze and
debug. However, they are relatively inflexible and poorly
scalable due to their high dependence on expert interaction.
Moreover, speech recognition and natural language under-
standing will inevitably be inaccurate, which makes dialogue
policies usually based more on reinforcement learning modeling.
In recent years, with the emergence of deep learning, combi-
ning deep learning and reinforcement learning has become a

first choice for dialogue policy learning, and a large number
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of studies have implemented dialogue policy based on deep
reinforcement learning techniques. The emergence of new
techniques and methods in the field of dialogue policy is
particularly prolific, and there is an imperative demand to
review and summarize the frontier research methods of task-
oriented dialogue policy.

In this paper, we introduce the reinforcement learning
methods that are commonly used in dialogue policy and
summarize the current frontier methods of task-oriented
dialogue policy. We present the current state of research on
reinforcement learning-based dialogue policies on technology-
based and application-based perspectives, respectively. Finally,
we discuss the limitations of dialogue policy and indicate
some future trends, intending to provide a valuable reference
for its future development.
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