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A Survey on Task-Oriented Dialogue Systems

ZHAQO Yang-Yang WANG Zhen-Yu WANG Pei YANG Tian ZHANG Rui YIN Kai

(School of So ftware Engineering » South China University of Technology, Guangzhou 510000)

Abstract The human-machine dialogue system is the core technology in the field of artificial
intelligence. It is a new way of harmonious human-computer interaction, whose purpose is to
provide useful information and help for users by communicating with humans in a natural and
fluid language. In recent years, the breakthrough progress in deep learning technology has greatly
promoted the development of human-machine dialogue technology. Therefore, human-machine
dialogue technology has made substantial progress in various areas, including virtual personal
assistants, entertainment, emotional chaperone, and conversational recommendation. In this paper,
we first systematically describe the development process of human-machine dialogue system, and
divide the human-machine dialogue system into two types according to different application
scenarios, namely task-oriented dialogue systems and non-task-oriented dialogue systems. As a
key branch of human machine dialogue system, task-oriented dialogue systems provide a convenient
interface to help users complete tasks and have been used in a variety of applications. The non-task-
oriented dialogue systems, also called known as chat robot, are different from the task-oriented
dialogue systems. There are used in the open field scenarios and can handle a wide variety of
problems, relying on various information and ontology in the real world to solve those problems.

Secondly, from the perspectives of theoretical model, research progress, usability, problems and
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limitations, we analyze two main methods of task-oriented dialogue systems deeply, including
pipeline method and end-to-end method. For the pipeline method, there are three modules to be
introduced: Natural Language Understanding (NLU), Dialogue Management (DM), and Natural
Language Generation (NLG). In the last part of this section, we summarize the advantages and
disadvantages of the pipeline model. Among them, we divide the three tasks of the NLU module
into text classification problems and sequence labeling problems. We describe the technical
development of these two types of problems respectively, and finally summarize the current latest
technological developments and trends of NLU. In the DM section, we divide the DM into
dialogue state tracking (DST) task and dialogue policy learning (DPL) task. And we not only
analyze and compare the representative algorithms for deep learning and reinforcement learning
for DST and DP, but also describe the difficulties of the three challenging scenarios faced in the
DPL process. In the end of DM section, we summarize the latest solutions and ideas to difficulties
of the DM model in the task-oriented dialogue system. For the NLG module, we focus on the
analysis of the relevant traditional methods and the deep learning techniques, and compare and
analyze the two technologies. For the end-to-end method, there are two frameworks to build an
end-to-end dialogue system, including a framework based on supervised learning and a framework
of optimizing end-to-end dialog systems using reinforcement learning. At the end of this section,
we summarize the advantages and limitations of the end-to-end method. Finally, we summarize
the current issues that limit the development of task-oriented dialogue systems, and we discuss
some of the potential trends in the future development of task-oriented dialogue systems, including
low-resource task-oriented dialogue system, task-oriented dialogue system with domain adaptability
and task-oriented dialogue system with domain knowledge and common sense, enhancing the
understanding and reasoning ability of system.

Keywords dialogue system; task-oriented dialogue system; deep learning; reinforcement learning;
pipeline method; end-to-end method
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(Attention) HFA7 4 A FI i H 2 0] € R 1T AEHL
i ) 152 PR T K P SQuADLL 1 11 FpoAs [A]
NLP £ 55 rp i o Bl 25 A0S 93 15 H e 4 19 25 2R I
VT R TR 5 Y 1S R R LA ERNIE
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(Enhanced Representation from Knowledge Integra-
tion) , HAURTEA 2K NLP AT 45 4 BERT,
AN T8 5 HEI TS SORRLEE | i 25 SR 0 L1 Ik )
AT [ 25 DC T 45 O AR A5E 700 3 T RE VR R A 2 L AL
TETFA IR TR R OLT 456 W 2B AL, T DL 45
R AT 55 R — o TR

@ ZAEF 2 MiE R ). K28 NLU £ 4%
R BAT 55 ANHAOC 2 W 1 AN [6) A 55 22 B) i Bk 2R 22
St o N TR] AR I Ry ST B AT 55 AT )L AR S
AR R AT 55 A — R )l R R
S RO 2 AT 55 kR AE R A {5 T pl &
P 4 S BAN i 3 52 L % 22 AT S5 [ B AT IR
F AN [T 55 22 18] 2 =2 (G 5 B 4% & T A 4T 55 1
o] BUAOM 58 B . 6 T H A S U R8RS
SR NLU AL 55 iE 857 2] AATdEH E 2 X
3.1.2 XPiEEH

XoF T A L 0 T AR G 0 R 45 R A X
ARG M. DM Wi A2 AR & 3 =Jc
L e A T D O R (=) S W U Wl NV B
SEAE B AT AT M 20 A TROE AR G0 R BURY AR B Y
SNAE L H AL 45 36 [n) | 78 T AL N 58 DM AT 495 &
B N RS BR R RN AR X I R . R 4 ST
DM By Tr 1k I #EAT X .

(1) % 38 R 2 B g

Xof i PR A A — oK ¢ B 220 0% X 6 2 R el it R
Gk PR T — I 20 Sh VR A5 B0 B 454 . o] LLB AR A
AT ) U 4 A 5 0. DST LY A8 1 7E w, il
n—1 % X3 R ZS FAH B Y 2R 8 s VA R AL i
WO Y X IEARAS S, Ak T i O s 0 ok A
T DST A5 A XHEIRZS S, - R Ik DST % ¢ 5 %
[ DST ok % HA Pk . o8 ASR A1 NLU
R (P A A 4 A, T BB S EO8 IE R g Rk
PR P38 XL BT LA ASR T NLU #5558 % 4
N-best 511 3¢, DST 38 1 22 48 X% AS W 18 20 A1 5¢ 3 5k
f&1E ASR fil NLU 5 (% 45 5. #lan, % 5 BExF
FH P )& T I DST B4 1.

DST F %43 =Kk AT AT T
A i A TR 0 T ) ) A A AR

B F N TR 0 J7 3, an A BRR ZS HL (Finite
State Machine, FSM) 7% B A\ L 1l 5t & L4 Fr f 1Y
AR AR 2S5 78 0 45 18, 1 T 23 B30 sl MR 2 e 8 19
NLU A e fige A7 45 Je a0 47 4R 25 508 51 n ok 45 B
T/ MIT JUPITER R[5 B &%, fIH A Tk
20 55 A 0 s ) 3 v R S AR R R AT A
1996 4F , Pulman'™ & Bt BR 55 22 A X 35 IR 25 19 47
4b , Wang 25 AU F1Sun2g A B S 4R 1 T AT LU

&4 DMBRFRMHEIL

R JrikkR Jrika P

B &

ASR FI NLU (19 1551 45 352 3% A L&

wr ey E NG S E B B S RS S 11T U1 5 5 0
B RES NSRS B M TRAORE R L RE AL 00 a5
PO B S 3 1
UM NBest i MARUE: A IS BT BN TS 0 G 38 P T U 5 0 S
UESCSF vttt e AV ¢ S 0355 % R
S 5 50 IR 7 0 T 0 T 7 T3 T T
WL J7 3% 5 (AT L7 40 85 5 R
Pl A TRV BB SRR A AT e L
R T HERT T AL % 3 3 =
e T L1 40 A SRS R 0 7T
i A 1B GOIR A I oE A T3 T N o
B gy BSOS RIS TN i kit .
HERE s M g PR T R R S AR A2 25
hakady o PR ROROUR JURRUE G i 4745 0 2 it s bt S 0
(POMDP) H%ﬁt}é@%ﬂzwx%ﬂ A 1M 78 R i LR AL TSR B R
WO IR ) TP 5 B e ot oot o
WL TR L RS L AE TR M A b
[% % TR h e s s G 1 AEAE BRI R SR ST e 7
g RN LR B KR o ORI ) ‘
B BUR I BB 2% 5 T 17 0 e
TALII S T R oG04 S S
CLSTM) i DA 5 K JE 1 1 5 5 -
A L0 8 9 2 o B R B
WalE WS S
BEEN AWK b g R ST A
N dete T b B WL

@  https://github.com/PaddlePaddle/ LARK/ tree/ develop/ ERNIE
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% #)
o R ikdem ik 4B B P &5 5
4 WEERT LU E R T o
Wt %%ﬁ? Ly R 2 ﬁgi§$ﬁ§%%
AR 2 ) o
Bl A 5 5 B 5 e D0 s 7
, ) IR R T 2 B oA
al 425 RS> NP ¢ Hi'ﬁﬁ H 1=
figyepsy DAsser  BEBRREEBALTEIMIIOD o o i mor 59 R A B A R HUES U 4 FAT
(87 5 Y3 ) 1 " s 7, =L
YA 5 4 4L B B
AT 52 A AT AR A B AR
: EYER PSR | o R 1212 11 T
R S R S SR e e NS BT s gt 152 i
T~ (MDP) AL R
R Bk BRI P
S T L 56 A 3 s il
W W R ki 8 8 T AL B
WEEE Qs StademsmiEcesunppme ot RS S PR
- (DQN) % . epoch= 300, 1T % i 2 2 0. 7867, &’EAQQW&-T i A W2
TR ER A 15, 91, A T 41 15 % 10 #;Ewﬁ%
% 0. 222) A F T
U 5 0 B LS 2 TR
PP BOR BT ST AR D st -0 B 2
, FPT R AT RS AT ) Ak o o AT AUTER . s
X i i e e i e 3 s £l e A AL 7 o A 5 I F & 26 % E AR
- RE EE N E et e X fE IR AT AL 5 . S sp A L B R . -
W e (DDQ) S P I f v gy g TUPRFI VR G  0 BOECR A B0 FCH P
25 o o i 11k SRR ) A T BB DDQ 42 AR5
vepoch =300, F 5 BRI H 0.6000, gy n il oo
(L TR AL 16,04, N TAEHATE S5 o
IE 0. 326)
U 32 B B9 5 10
15 DDQ 3R |-, ) FE 4 5058 54
o DUNBCR RO SRR AL o0 o g 34 g
EN A LR f Ry 22 5 ettt I
Dyna-Q(DIQ)  JUMCRMAE DDQUE BT SUIOIE i D™
%t epoch =300, {1 4 I3 0. 7400, DUUTINE
SEI R RS L 13. 81, N TIEMT 55 kol
%O. 440)
T IRV E R R S P BEBIRE RSN 5 B A 1 L) X i
P L e E W KRN TELR S ST TR G FLER s 38 11 40 2% % % A0
IR ) TR R SR WU AT IR I o R O T T S A R B /N A L SO
w2 5] o ) P M 73 T 4.
. PR T ke 5 0 P 25 My Vo e 5 7 A DS B o
THERRNSE RS T A 3] SON I HRL 2 2 A4 iag g, o 0 0
: % T 5 45 A AT 45 FLAT 3 I S 4 KR T A o
TR 35 7 B ) 7
P REAS 22 M ASR FI NLU 551 i 5515 5 - -
BBQIH(BBQ g vy gims o Q o mskip Py T R
R I8 5 50 25 1 R 1
%5 FPAifiEE T DST # Rl
DST f% A DST #4 %
R 54T /P A NLU i th REEAR S B B S
Inform(price= {if ‘) 0.2 price={FF
F 5 Tt 14 B BB B s 2 )
- Inform(food= & K F]) 0.1 food =7 KF
FH P e T 1 kR
NullO) 0.7 none
R AR RN A7 Inform(food=ZE3K) 0.2 price={# F
AP e — A B R FE T Inform(food= 3 K F) 0.5 food =& AR F
NullO 0.3 food=2&3%
none
RGBT X2 Inform(food= & K F) 0.9 price=1{
AP ) NullO 0.1 food =7 KA
food=%Zz3¢

none
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B4~ ASR Hil NLU ) N-Best 51 320501075 2, A
Mif&IE ASR F1I NLU #8105 i 8. Hr. K2
R AT RN O ROR Ik S C AR S RN WU
REFH R E R A T REME R, LT T
S R L HARZ S B 45 8 2 56 60 TH 2 5 2 10 )
w55 X N A SR A 56 S B0 N Tl HoOG ik
H 2> ASR A NLU S5 g U §5 3= A HL = 15
DAEY TR 3 B AR 22 1 2 s A A A ) 1) 2 A
R R .

Az AR TR 2 DI 5 5 0 v 27 ) A DG BR 5 2%
B RE ST S T T X R A 1 4% A R 0 A A
R TSR . G T2 2 2] S5 B i Ao AR e G S —
ANGETHELAY L IF 5] AR A6 2 2 SRR R T S R
1) 45 A1 AE 353 A o 461 G D I 34 ) 2 58 4 T 08 0 5 7R
A AR (POMDP) 70 2 i gk A g 20 A 8 (1 3%
R TR T AR 7 . iz g5k vT DL A g i
PRI G, 9 0 T N AR 7 fH A gl A
BTG ASRUNLU S5 85 He 32 4l K 2 08 76 15 B 5
fIE s, TGV G i A5 R 0E 22 [ I AR 6 O R e A, R
BRI HEAT T N 0 B 4 0 37 AR 3, E SCBR g
BB A 1 3 F REARL

H AT 3 T ) 590 A 7R e B B A A R A A A
‘B DST M1 524155 45 5 R 24 ) 55 5 Lk AT
1 S 5 AE Lo DA X 6T i R 2 0 A A o AT
552 R R A L, ) 5 U 3% AL ASRONLU
SRR U AR AR, 2 2T S5 5 40 A DA X AR
RYHEAT AR AL . 5 5 1 40 ) %o 3 B A T 5 55 00 0
SE SRR A FH 8 58 BUH ST 250 28 Al A28
FFHE X R AN EE YL BR T TS R S SO TR AR A
T AT LAGS B R B 2 20 ) G U A 22 X 46T X i
I3 AT B A G B — A [ 48 0 R AE 1) 5 T 0 45
288, W0 B KO BB (Maximum Entropy Models,
MEM) ¥ W 4% HE J§ (Web-style Ranking)® 48 #i
RUKE A D 2R Al G B — A T 2 2 09 R A1E 1) 12
F Ny 2545,

BRI Z &b o B B R 7] R B AL (Markov Model,
MMD) S (CRFM #7580 RN R 58 B 4 AiE A
TP AR, X 8 T PL HR R AL — B b R b AR AR
TR ) 5t o AR B 4 B 3 AR oK T S T N
P14

S N R 8 iR R | B =
> BCE A R B B 2 i el R S &
W 2 7 AT R B 1 T BB 4 B — R SIHER A0 A 1)
1155 1% 07 1 Be 08 25 ) M B% AE 218 i) 3. g — ]

DA il 2R 22 450 B8 A P 110 A5 Y 2 22 T BT 4 PR RS B
SRR A0 e ) S A 1 B Ok 0 b Ak B R 4 3K
P18 5 A R S AR D fefF Jall oAy 5 A0 1 AR /D AT B
R IRER Y B e o 2. H BT K 2 807 60 L6
FI R B A 2% (1 % 5 B8, 2017 4R, Mrksie S AW
BT M A & B AR A (Neural Belief Tracker,
NBT) , i ib 7 57 A8 38 M 2 > 19 5o i i o v il X
S n) i, w DU — R R G IS 1
i 36 R AE XA Ry A . = T N M AR R AT B
T SCHE RN E SRR, A P R SRR T
S AR AE X VS BE i B AL B s bR SCEEBLRNE X
fift i 1] B 28 38 softmax JZ 77 Az e & HUll. 2018 4,
Lei % N4 T — Fh 3% 1 507 31 31 )7 3] (Single
Sequence-to-Sequence) F5 Bl [ HE 48 Sequicity HE
2R R X8 15 R S 0 AR ] RN BR O AE & B (Belief
span) » JX R AE & T S A5 I ) A 55 U X OE R ST RE S
FE S F 5 21 7 51 A A5 50 el ok W B sl Ak 2 ) R AT
Ak, B A R R, BRI T S80I
Ul /D N R [] 5% G0 1 A8 T 7 A B A K s T Ak
T RGBT AL

(2) X 15 SR W

X g AL AR DST Al i1 By % i AR 2 S, il i
T B Ao 1k S A 4R L R R GE S A BRI @, DP
REAY UL 25 € B AN HLXT 3 & 48 10 UK. DP A A 1]
DAL b W B 2 2] A2 ) RISy 2 2 A5 3,

WEBS 2 o) T B R TR E 0] 1% 5 A )
it b—2B A R SR AT B = )L i T DP
B 52 7 A8 S0 R 1 1 RN I B R I AT 55 Y A
TR B8 S5 M o D] I T TR T 0 37 SR s A U B A R X
T LM DA R 1) JFG At 95 B 3 {7 75 598 Ak 2% > 38 Wi AR
BERF LRI —RO0E 22 e R s fh 2%
M @ i — SR AT e pe 5R i B (Markov Decision
Process, MDP) , G4k f L 5 i A9 53 #2. MDP al L fi
RN HICH(S,A.P.R,

S A T REARAS (States) S BRIRAS4E

AEP TR RS 0 S 1E (Actions) £ A,
R g 4 5

PR AIRDS Z 8 1 B AR %, il Py, 3
RS s FRIEE @ 2 F R R ) B

R IR 25 A RS Z 0] 1) 26 5 4R A5 %) 68 7 [0 4
B2 il pK % (Reward Function). &R XN — >
{1 3% — AR S-3 13 (State- Action) X B — 4>
WRHE B R, RRIRE s FRIIME a KI5 M
a4 5
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v 2o TN T AR TR R TR BUE
Bl O~ 1. — M i I ) P SEE 4 AR T Ok B /), 3
B T 1) 2 TRl %T 24 i 1Y BT kB /D

DP 75 235 T H AR A S, Fa] 6 1 2l 18 >k i 5
Ircrey R TR B A 120 R A B Sl eR
il s FAT AT B0 3 R P Sl BT U AR A IE
JHL o 52 22 W) AR A 170 48 Jil L.

1% 48 1y 5in Ak 2% 2] 5 BEAE 3 2 U 5 B0 0 1% 0
T EAT SR AT Bl B AR AT AR 1] ok S 4k
He fe 1] 40 I ) B A SR o A RE R AT BT B 45 2R
W AE P 9 22 20 the 3 [) 3L o S Ak 2 2 i S0 56 4t 1K
i o R ARAT i 10 1) 2 Tl X B AL 7 SR A E AR
I E S SN ER: 2L & 6 | o ik ]
(Imitation Learning) % 5 I M f# P 22 4 e 3% )
R R A 2T (1 D B R E o 45 R MR 4R SR 5
FYL AT 27 2] DT NZRAT . S MR A m A
LR RREAR (st s oee s | s A FREARE LN —
ARES s MEAE a 094738

n:(si,ai,sé,aé,'",.s'f,n,ﬂ) @)
He BT A DIRZS -0 E Xl R A& BT 5 D
D= {(sysa;)+(sysas)(s35as3) 0} (2)
LS D H ARSI 2808 i RRAE SRR
S INERECHE b i bR 2 38 3 [l 091 3% 22 1 gl 4 o 28
B B L ok A5 B f Y SR AR B ) o )
B R AR AL 2 B BRI Y B BT R A R
i B K B AL i [R]RURS ) Kim 8 A9 T
APID B fiff o i ) 8 % J 154 & K 1 7 3
Bt LML, R 51 S LR 2% AR CAPD i
AT P A, HE G B 8L AR A — A 22 BB a4k
D = (Si v AD = 73 IR B — A% s Bl 45 D =
(S; A Bl =5 n AR 0 IR 25 -3 7 X
FEA I3 5 %58 T — AL AR 4 1 DIR S8 1
Sl IR I Sl A ek K0 P 5w 3 i — > 2
FVFAE IR 35 B 249 3 2% 1 o DA ORIE 4 5 & 50 IR
P B B J5 15 B B9 g2 — DA 29 R R A AL TR L
AggreVATe ByE b mT L /ME L RISA 125
WXt Dagger S HEAT T R C A £ 15
AT 2 T A 2] L S A AR AL 2 2] IR e
— . SRTASEAT] 2 S AL B SRR AR L T HLx 1
S ) WA R R S A% I 0 o M DA BRI A DG AT Sl B
. DRI S B 2 o) A T i — P IRR.

T X0 Aok 22 19 PR 2 B Bl VR A5 ) 5ik Ak 2 2T AR HE
AT R O R R 0 A% 5 9 4k o7 ~T 19 07 AR 7 A BR
T F AR SR I IR SR ZE B 52 4 rDULI i Stk Sy

W R B AL 2 ST Y T AR e i P IR 2 )
Ry S B 0 B B ORI bR T 5 Ak 2 2 B Y
WeSH B Minih 8 ANVl CNN 5 f£ 48 RL o
1) Q % ) (Q-Learning) """ BIL A LS & 42 1 T IR
JE Q M (Deep Q-Network, DQN) I, Hirr Q-2
BRI BT W2

O H R L ATCR ST 30 F A E H AR ek %L

Aq(ssa) =7r(s") + ymax, ¢ ' (s ,a") (3)
@ o 25 A5 1Y 7 B

q (sya)=q" ! Jr%[Aq(s,a)*qT*l (ssa)] ()

Q- FIEAFTES — 2o i TRIBEAFEA
Feb e P L R BOE AN A i gl Mk LAAS 3] P B B 5 4
T SRR /N RIS L 1A ) [ g, %) RS R
S (8] Y ) 800 AS B A5 2. 4 i Deepmind™'t 0%
FEH M DQN 4541 Q 2% WM (A Al 11y ik Al
TR E A R 550 5 19 005 B0COR L TR I &5 5 1 g 12 T i
(Memory Replay) HLiil Fl H #5 /4% (Target Network)
G546 AE Avari JiEXR B ARTE TR O RCR. DQN XF
Q F AT 5EHE

@O DQN FIH T CNN e JE 48 Ve & 17 1 pR %L

AR FRERBCH :qCsyas0) , 24 W 4% 45 ¥4 1
SE I 0 AR A R L.

@ DQN # Fiic 12 B #% I 2 5t Ak 77 ] 3 7. 6
RAE B REA FEAT A7 Al OF HLEAT BEAL R AR ST R T
J7 9 RE A 22 (] 8 S JR . 8 X6 ) 245 7 INF X 28 3
A BT, W55 3] P 480 5 A Tl — B ), O HL 44 2 b
AAC AL 2 SR A R BT 1) 2% o DT S5 R B vy 4 B 174 Je
RV L > SR 1) i 2 i P R Ak 2 2T

Q@ Xf T[] 22 73 552 19 TD fi 22 . DQN B & 1
FI AR 0 265 ok B0l Aab B ol FE A 2 o ok BS54

0,1=0,Fa[ r+ymax,q(s sa’ ;07 )—
q(ssa;0) Vg (s.a;0) (5)
H, r+ymax,q (s ,a’ ;0 )R TD B¥r.TD H iR
I 28 2 Ry 0 5 TR eRBCE T 1 I 45 7R O 6.

FERE LIRS o, Q-2 2] A1 DQN 3t F H AR {H W
KIS E BIREIERE T —RE TR K Q E1EN T
Xf ) Bl x5 B e Al TE ARG TR 7 AR O B D
#Z. NI, W Q-2 3 J7 : (Double Q-Learning)M™
BB . X Q-2 ) 53 0 K Sl A 1 8 5 A VE A R AT it
LIPS Q B — A Q sRBUH T ah R 4
F—THT QRE AL . B Q-2 TD Hix
NS

YR =9Q (s, sargmax QCs, 11 sa30,) 50, ) +r (6)
A, 0,78 1Y 2 H AR 45 19 2880 B 48 78 SRR
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(g — S B 0y, TR AL 1 19 28 AR Z 11 1 I 45 78 4
J3hh B AR Z A DQN $ i St (9 303k . i 40 5
A2 2T IR BE Q21 kTR Se R B 1 IR
Q P28 B 25 BRI TR Q I 41T B ik A

XF % R o ) AR R R M RV AR Y
X 8 1 22 IO AT SR T i O A kA

(1D BB R G

Xf T AL 2R X 1 AR BT o M LR A8 — A U 10 SR
1y S 3 AL PR L Ak 2 21 B R 1 (ageno) Vi 1

i | )

AN

S
(a) MESEH Ak

Wiy 325

Hiz

RG]

(c) JBIEDDQME S Ak 3]

55K N 30 B8 28 HLTE 2k % ) R W R — R 7
TEHO R AR A ZTAE BT R AT 2 30T R A
DA 2 30047 1) S . TRt 2B B A B KAk
S22 il 1) R W R 2 BT ) T A 1 2 AR 2 (]
AT RAF R ALE 8 5 FR O A (Exploitation) Fl
¥ & (Exploration). i@ i B 5 F B 3. DL & B
— > T SR S SR T A S B g e A T P B
AR5 5 2 A AT SERY  IF HoUSCBE oA & Gy
TEX LT 2Ca).

Wi

N

i
(b) Mt a2 ]

Pl

[ L Pk J—*[ﬁmﬁffﬁﬂ

i ¥ 2 1

LIV

e

3]
(d) BIEDIQME I Ak 3]

B2 TR AR 2] s 2 o HE 55 TR 15 SR fY) DU Ry ik

WL — g R T3 1 R 0 P R o AR
R AR AU ECHE DB TR B 2 o U k. R T A AL
A B N P A IR, B 0 e 22
S PR BE AR A PR RE % J7 3k X L T 1 2 (b)), R
. % Dyna-Q HEZE"" FIPE F Dyna-Q(Deep Dyna-
Q.DDQHEZE G 77 ¥k X BT 2 (e M3 & »
Su 55 AU AE DDQ M EE AR B L 2 A
Dyna-Q(Discriminative Deep Dyna-Q, D3Q) (iZ J7
IEXS T 2(d)) 5 R R DDQ YA S FER
1. B ¥ Dyna-Q B2 8 5 BT 55 B X 36 SR g o7
AT R G R . S T SR DDQ O BB Y =
JEMRA, #E D3Q Hh 37 B F RNN (19 45 51l 5 DA X 43
UL A 36 RS2 s P A 3 42 N A Y T R
D3Q 1l i B A 45 10 A4S B B, &l 2(d) iz

OF (=05 1t iR I 4 N R e I g
A JEL S A 0 I T SRS

Xl SR W 3 1 e /M 38 T ZE R BRIV, £(00)
AL s v B b 1 R AR

L) =Eourr—p [ (yi — Qlssa309))* ] (7)

vy, =r+ ymax, Q' (s ,a";00) (®)

@ SR B 27 ) R ] LS 22 0 ) AR ok 1

TR, ] B ARG SRR Csoanry SO A I SR8

P A T SO i g ALY T RO XS RS s A E e

MIENAE @ A H P 8 BB SR o 205~ il — A2

IR

h = tanh(W, (s,a) +b,) €))
r=W.,h+b, (10)
o = softmax(W_h +0b,) 1D

O AR T R G W B (Agent) VR 25 (State) \ % 5
(Reward) .81 1E ( Action) F1 #f 5% ( Environment) 11 %5 47 20
. R AR A IR AL A 2T RGO B RE B R IR B
HARZS S I AR PR SR 4R AL 0 e i 15 5 8 0 2% ) B — A4
B I8 B BN AE » ok de AR 0 14 22 il 1
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t = sigmoid(W,h +b,) (12
Q) HE G 2 2] 2 2] R o8 35 S 0] g DL IX A3 B A
2L RSN ET
A S A G A i A A 4D 830 I 4 7Y
SERAE « RS A% D Al R N m AAEASI 2k
RN o))

l S ) _ VRN
3 25 LogD(™) Hlog1=D(G() ) ] (13)

@ 24 ALK RE A T e 5 A R A 5 5 4%
A B e T 7 LT AR R AR X T SR

HAFFE 4 R M . D3Q il i 42 i Fl 3 R 9
JURSLAPL g A S (AT X0 SR o) RE S AT A AL
Faddt 2% 2] . H D3Q o 78 Ul 41 & b B A &t Al
B 2 AT R AL o 2 O 1 AT O RN
SR 14 DU B T35

i — Tl i ke i e a0 1 AR £ 2 ST L W T R
BRI R, Su SF AN — N PE S I HESE Ll it
By 2 2] R 3T aek AR AR AR e [ )1 2 %] SR s 5 4 Pl A
YL RNN g it 25 15 2% DL W B i 5 X 2R
i B2 [ G R KR E B ARG
XoF % SR L X i ) B RN 3 TR P I8t Y K
B, W 3 R, kA BRI T LS TE I 3 Y
ZEAN o AT I8 56 550 A B AN G ) XT3 e 5 B 1 4
TiE £ A 2 B 2 0 A N 2 D 2 — A L) K e 30
1012 M 4% (Bi-directional Long Short-Term Memory
Network, Bi- LSTM) 215 | fi FI i ] B2 gk )5 91 oy, F1
JGi 1 BT 5 By o 2R AR A B RAE £ e =1+, T

h = LSTMCFf, shy,) (14
h = LSTM(f, shi, 1) (15)

QQ, j} PURRE NI i)
S5t
?K ST s
Ymlthas
ZH

RN 28 kSR R d AR R AR T B A
NV
d = T; | h,sh, | (16)

HPHRERL RCo) B S — A 307 e X g —
A AT 55 I MR EE p (v d. D)
Forp D b 1 JE T o3 R AF RIS BT X A A
FEPE RCe) 23 Y 215 % ) 1 P 3R BUSC B S 2R )5 R
(8] — AN ik A 15 5 25 B8 B Xk 36 R WL 4 SR s SR
GP-SARSA 5 YN 4 1% 55 15 68 96 M d5e /N B8
F1R) %o T R A v 5 | s 6 L PR SRR A . B RO I Y
Jot it R L B2 e oR B0 S B UK il N I B
Jil (— 1D i JE e 2 Jilh 0 8 20 U F RC) XHT 55
SIS T I AE 2R BB 0% 1 2 B AR A5 e 1 B A L 3
T/ Xof 17 SR W 2 > T A R R P R A

(2) B A AE 55 B i

B T 4503 1 4 i R A2 AT 55 X 14l 19 i) AL % 3
T 2 2] 3 AE ik TR AL B AT 55 AL X TR B9 RS 29 o In)
R A Ty 1 A B0 N ) o il AT RITE 55 AR
AR LT A0 BE A S A TR S R, — 1 H

TERAE, )

MG HE R () |

P37 A% 2 T i AR T i DX 45 2 = ) 37 SR s 14 7 7

SR 2 SR AT PR 4 1K 38 B () 107 B 1909 0 B A B B
[B). AE 52 A AT 55 X0 v, W9 SR w2 > B B Bk
BEPE < 0T R A FRAR 2R AN (E A AT 55 X
VL )R 34 A B el BT A AT 55 R A i B AT 55
(R . H TR 2 0, 3 S AT 55 T A ST i e TRk
ST 55 75 TR IIR S 238 1) 22 Lb A 55 IR 28 3 ) 1 4
HGRMGZ. W, il TEAE S X E R T E 2R
A BETE L. I B2 A A 45 X35 2 Il HL A s o 2k A
A HE IR A SR 01 T ] M
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Background

As the core field of artificial intelligence, the dialogue
system aims to use the techniques of Automatic Speech
Recognition (ASR), Natural Language Understanding (NLU),
Dialogue Management (DM), Natural Language Generation
(NLG) and Text To Speech (TTS) to imitate the way of
humans talk and realize the information exchange between
humans and computers. In the past few decades, great progress
has been made in natural language processing technology and
voice technology at home and abroad, which has greatly
promoted the development of human-machine dialogue systems.
As a result, there have been many human-machine dialogue
systems with practical significance at home and abroad. At
present, foreign human-machine dialogue system research
has entered a relatively mature stage. In China, it was not
until the 1990s that the study of human-machine dialogue
system began to be attempted due to Chinese has the charac-
teristics of language complexity, more and freely positioned
function words, and flexible semantic transformation. The
domestic human-machine dialogue system mostly analyzes the
mechanism of the ALICE system, rewrites the structure of
the ALICE system, and writes the knowledge based using

the AIML language. In recent years, domestic human-machine

dialogue system research has made considerable progress,
such as the Benben robot of Harbin Institute of Technology
and the Qrobot of Tencent, which can achieve basic dialogue.

This paper introduces the development process and
division of human-machine dialogue systems, and summarizes
the frontier research methods of task-oriented dialogue system,
focusing on analyzing and comparing the representative
algorithms of deep learning technology and traditional
algorithms. Finally, Our paper discusses the issue of limiting
the development of task-based dialogue systems and high-
lights some future trends of task-oriented dialogue system,
with the hope of providing a valuable reference in its future
development.
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