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Cognitive Technology in Task-Oriented Dialogue Systems — Concepts, Advances
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Abstract Human-machine dialogue system is a human-machine interaction system which treats the machine as
a cognitive agent. With the advances of computing hardware and software as well as the booming of mobile
internet, cognitive dialogue system, which can deal with uncertain interactive information, attracts great interest.
The paper argues that task-oriented dialogue system consists of three layers: physical layer, control layer and
application layer. 10 technology, cognitive technology and knowledge management are corresponding techniques.
Cognitive technology is a new middle ware technology recently emerging with the need of instant natural
human-machine conversation. Its goal is to make machine a cognitive agent capable of understanding, learning,
guiding and adapting. For this purpose, deep and robust understanding, inference based on uncertain information,
policy optimization, adaptation and influential information generation are required. This paper is a position paper
of cognitive technology. The scope and content of cognitive technology in dialogue systems is introduced.

Relevant techniques are reviewed and future research direction are also discussed.
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W, M RS N RAN IR . X FPHELL R 1)
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() 2L St B 1T 45 [35] . N-Best I AL FRIHEZE A Jit
L ATCAEMOE T N AN T RGN 66 1 o 2
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figt, FH P BT DATEVE SOOI 2 IR T 43 i B ER
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HLAS 27 2] UAR 22 b o 1) B A BRI S V2408 n] LAY
F[45]. — et STVA LR AR B Ok, i 15 1A
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D m(alb) =1. grixpF kiR o,
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[501, W& FIHLE AT b 1y FLHEMT 51155

S TR A T2 5T TR 1 TR
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HA[52) AL L [53] 1K) POMDP SSAR AL S48 B4
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R 53 0 B 10™ LA 261, Sk i A et A
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ST LU R VR OB AT @, SRt B AR
A7 IHEAT A0, REAN S B (9T AT 15000 R LR
IRBLIRAT . RAFHAT T 401, KSHi) POMDP
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M, ELSERT S AN B B 2 AL
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%, POMDP [{SME AL AR TT T . XHFIA
TR R MME54]. fEX—HER T,
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IS 0055 5 0 0 B RS D DL AT
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I R A KB4 [56], X772 0T LUK S 56 4R
A 5N HAE U5 e P 58w 10 e o m] LU
PORCSIOE R, HN TR AT AR, AT REAE
AR IIHIARAT A I8 2K

P04 B[RV 1R 28 Ao 1) R e e SR
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AT A NG RAEAT B0 IX LERIURT R 20T
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IR R, AR RI[53,57] ZbEF
DAAL[S8] [ ARER LA [49]55 55 .
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REMAEE 2153, i GGG R4
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REFME T ERE), M BRI ETRER
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DAAS B 4] LLS AT FARAC B IpLES R
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SRR E BLER IR, JEHGE MBI IR 1L
HAREEMEM.

J PR G A I b S AT LUNRHS R 8 L
ACH MR AR G, X PGSR, AR
R THENUP AR TR RNy . & BEAT DA HTAR
A 5E T LA AN ESCHR 9Kl (K7 SO R 2
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Bl 3 APERSEEEERNRELRE
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HH P HbREH AR s 3 & EE 2 TMaE, X
FEP A B E — MAR EEAE I o D B IR SRS £ )
L, WEREAR M T — RIHIE, AT ER K
(PR [64,65] VUM% [66]5555. 1Tk, %
T UFE (agenda) (ARIY[62] K o fg, aniismit
2%2] (Inverse Reinforcement Learning, IRL) [67]%
e B2 AL T

FH P RSEAULAS (0 1 B PR 40 R LR 1 100 14 &
e TR RE R 73 BRI S PR IR o P AL 2
TR BE VAL AL 2 — NI 8, H Rrd e — 2L
(1 R FR[68]. PietquinfiHastie[69]42 H T —4
L T P B B P RE VAN T s e S0 2 1 T
. AL LBHILET, FHZAREBEIE
PR o R BER 4 [l il Y Skt & ] - 4 2%
X P A (R 00 B8 7 [70], KL 25 6 et B SE6)
I R P R R e R o 1 Bl A 4 A
PHEI[66,68], fT555C /0% XJ 1k I [A) AP35 4 i 45
Fehs vl DL A i F P RO 1) R A 1 E [66][68]
SEEE . Pietquin®i A [69]6 H P BRSSP HEAT T
Zrak, JERIEREVEO VAT 2 N R R RS (R
AR AR dRR (R BN 0HE
JARINGREED o
33 XRERGEN KL

X SR ANAZ 3 R 2 ) R N KR E AR Y
BRERESLARIL, AT IR S 1 S R LA
X BB M AEAS R B P LA XS B st i) 1 id
VA [EIE= S N I o855 O o= et B B VA ' NS

PLTTERE RG], 0T & i A\ s 1)
N EFRTEA DR P BRI, SR RSS
L, TR E T BT S SO PERE . X
& TR AL, dEMeE . S M SR
SRR O N RO T U FE Y . FE H AN
T VUM SR G I TR OB, AL FE R AEAY
v FEOCI A A e, 41 CMLLR, BLK
MBS HEAT HIE N A, U1 MAP. MLLR 254%
A, PEN BENKT R, — &5 BENIIZEAR,
U CAT. SAT %%, WMglediett, 1ol m
R TR, MK N2 WEER[T1]. i85
R L 3 I 2 S R o Aol o DR R 98 8 5 ) B
i 163 3 FH P 40 A PR BT B 4 o A T 1B AR AR
ARG, M AR A R T IR
FRIVREE RTREIA T, LR 21T, fEik
FEEFRIE O N O R, sk S e, —Hi

PR R R, ML o BT S B U
RAFEESB BB E LR, W B IEN
AR 7y ZE(H TGN SIS, MAP
HOE N A, AR N 2 IRk [72]. (HAE
SRR 75 2RI S R S N A B R TI, TEA
B U 28 48 Hh b A7 70 46 (0 54 O AR 0 B ks i ) 2
IS 38 AR B R B HE A, ke
P R PE TR 1 3 N R AR I A 1 O N A
), AHORIIWE A T ETT, (MR EFA, HAE
Xl RGHESE N AT R iR 3

BRI A, NAERE LR s 20 i A T
— SRR HIEN, SRS B SR ORT XUA
G4, DI T HAR . 0Tl R G 1%
T HIE DY R AR A I R S .
THET HMM [ & & A, X8 B iE M
APIRTAT KT KRS IR 11 38 B 7 v K A 1
P FIE N YR, 1 CMLLR, MAPLLR %5, #
FKWNHA S INGER[73], AR, W TEE LI
ARG T ISR, AT S ik,
Wb RS AE R [7A]5E, BAF S TN A
(PI5R I o

PLE “HIEN” BIS—BOE e — A0 A
P PRI I, R 0 BT I A, R Ao
WEP “HE”, N AIRE ) A, X
PAILTE R BRI BB b 22 S I A, X
WEFCHI Ty . 2012 AP B B BER R AT 7 HESR (W
PARLANCE it H, HSRXJ 1 RS AEMR I AC B 5 45
2 SR s I, JREE TRk A T R
X —IF RIS, il sems M A TR
. BN [751 R T BEAL I 46 0] 1 55 Hs
I AL 0 FH P AS BT E B S e, Rk
KB TSNS . X BT TIT R T ORE R
T, SR T RN GAS B 563 .
34 FEXNEBEREEE

XU BB () i R R R A R R AT
s R ILEAR Ry R IE (S S 0 R e s SR
B, EEARE FARE S AR, T A L e
556 . — AN EAINARE RGN S TEE R
W EREAA N EARE S AR GEER s,
DAL T i JE A 2 PRI 9t A2 DA e AR (AT 5 Y s

H AR SCA B AR T B R Ui AT A T 7
(IR, T A BEAE RO S ST it
i, QAT B SR T B AR SCA A R A O 1)
o a7 R AR 7 20T DU T SCA . (Canned Text)
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SRR TS, XS R FUR ST R de
AR FERE, AR/, AW Rk
B SCARTIRIZT[76].  SEAF G A AR s VEATS AR
JE ST T 2 W75, il inPenman[77) HIKPML[ 78]
FHR AR B ORI EVEIR G vk 83, AT
F IR & B e —— R REE 52, AHES
S HTRE, BEAIESEE, FISEBR ARG Rk
AR s BRIET RN 2 4k, Ak, FET4HN
J7 g R T EAL, B liNitrogen FH et AR AT
R oEms, 99 FE S A TR VR AR I LA i A2
i N LSRR AT B ) T [79] 0 SCAS A AT 1) B %2
TEA N 2T LS IL[80]:

Hlgs A il B AR FFEE A U AL
(g Ik, wI LR B R A, Rk T
B AE BAMOEA 2 B — B OR8] 1
w82]. Klifg (i) S RgraRis, AN
A Z IL[83].

4 INFNEL AN XS TE R GEAR KI5 TT (0]

b A B Bl T R AR, A5 28 LR NG 3R
GLOAARE L NK AR TR, KB A
SRNMLAS 757 SRR B ke o B B AL
T R EE S TARR A I L ARTE SRS, X
BRSNS B AT, AU B BIIR
WRIRAS . o IXRELRMLA AT “IAFN AR et
RsE A HIAZHIRe S, PRI AR DG IRA R AR 1)
WA I AE o AWLAZ BLFFE I — AN B AT, a0
FRMF R EAR CLRTF, AR FEABRRKR
J&, AL, TRESZEE. JOREHELLSE )7 A
TG VF 2 Pkl o
4.1 POMDP#ZEY RIS 1%

POMDP S WA HITHE A H SEIE T Aff o M1 4
U S I E S I AT, e IR RS A
SE T BEAT B Aff 1 M R AR O Tk 2% ST M St
MY T3 VA A 5 U B RT LA B4 0K B 1R HE
PR BTG . WIET TR, POMDP il FEtk k5 2%,
SERR S T A S AT LA . BARIX— T
) A BR R RS, (A 2 PR AT AR A i e
® TS FRRAS MM E X

LS TR 45 OGS AR H AR WA, HAEA

0 DiMarco  Chrysanne. Natural language

https://cs.uwaterloo.ca/~jchampai/CohenClass.en.pdf

generation.

PAETE DT, RSB IFEA I AT 50 AT
SBEE CUVBE PEREAED), I m RESZ BT AN
H B A 2 A R, i A BRI A T PR S
% )& POMDP BEMS SEBR A MR HE . X — Bkl
JR b TR EANTAS b, O S P SRS R
28

o CREE TS B IREIRE T E

POMDP )5 2= AR A FHL A TR ¥ 1K
N TELSEA AT S T PR T 51k, R A
AT ) POMDP 544 F 5 10 2 FL RS A 51 FH (1) 3 22 A
Fo RETWRNLIERIA TS R 54T 5%
RS HRK A E RS IR EEA A TR, X2
POMDP [ [FIAZ Co ) il X3 — i, PR 2
2% ) (R 5 R A i SR kg TR ) AR B AT B
2RI U S 56 R g 37 PR R R OIR S BB
AR, BB RS I NI IS geit24 21 7
o ALY 7 ) A0k, PRI (1) 45 44 2% 3] (structured
learning) CVATFEIKERE, ARWUTH, T
I DK 50 1) 5 1) 2 21 K5 0] RiE R POMDP IR 252 W) [ 4
P I TR SR Ui, B BRI
PR ERAT i 5 h A7 B A ST I ) e — AN
g, ExX—EE T, BEERSREAHZET N
T2 3K, AR A A S T A 2 2 i (1 27 > By
i, XA B IR IR BRI R R
® {rkH ) Hilkk

POMDP ', Sl St it ft 75 24T 5k
BT WIRIEREA,  IXAF A3 S0 (1) 2% S e, W
RERGERIET, — BN fE s iE o . R, A
HIBE TR — AN BRI 2 v] LLAE LR ik fb . [
Uk, SEBLLELR 2 S AL, AN BRI T 1),
T 3K 35 757 2 2R 40 S WS (1 2% ) w] DA 2t =X ) 5 =X
P AT . POMDP SR (1) PRLId A £ I 25 75 B0 I
PIANTTTHIIRESE: AR L, X R R
YOl s NREAR AT B R SRS I 2R, S HLEs R
[/ NREAR 2 SIANTR], IR B /NREAR 2 3] T AT 5L
S )M AR B 2 S HESE R RETF . —SURt bl R
R, g R, ORI SUIX A ) [75],
H A TR B BAR O . 55— T T 2 R
SRR R, R N R .

POMDP [FJEEAMUARILAE SR AAL b, Aqk
HEAb 2 92 BR i — AN 5T o NI A LAHE REEH
IEAT R HE T B A ANE X X RS, HR
(MR GEBe vk AT A S T e e % AR 1 X
THURUREE S e, BB AR R . SR, ECSE AL
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AR, A HIREAR R I Bk
RIUFTITE SCIFIAAR G R AT, 1K LAl 25 4 (1) A%
AR KI5 e v SCERAR RIS sk anfel 5 H
JURAZH A, 22 310X 88 AR e AR R
TRA WA, JE “UEIRED)” N
AL KT PR, —MECATAT AR S S R A A4
5 S I A NS BT, 5 AT S
AAREE S Tk, M RGN B 3
(A5 B AR Bl B R AR IR 27 > o
4.2 IERFEITAFAER R R T

MAEBR I, SHE R G 10 Z AR GHRY)
15 180 PR A BUSGAE T BRI bR (Il S i
Ol SURTHER R . AR UL ), T2k
T POMDP (PN EISR T4 Ay th 78 e 2
N AR M AT o K = R PEA, A g ik
XU R EEAR P e TEA R R IIL TR R . 1R A 0n)
HRIESAHINARY, XS IR &R e (15
X RIS S A RN A TR . H TR R
GEVPAL B =B P RS L AR
B o P REAUEE T DLs R R B AS, A
M) 2 HI35], HILAT B J7 U SR PR
AIREAIRRZE R AR R FR LI %N 01 0l i
N D% I8 AR SR P RIATIINA, XL 2 |
N DRI 2 A (R SR N0 1 REE IR RE, 18 v
MR AEL 248 Amazon Mechanical Turk st V2 4F
FI[84]. HH TIX L] F B IE H IR 72T S5
EHAT o 5 RS AE FS S IR R ZE 80, ABATTXS
RGN EMPEAG RS BRI, XA B
IR S W B [75]. dee T R U 2 e s
FURPEI, i CMU [ AAE R GEvHI[4T], HAR55))
SRIGIR T, A . RINFNIRN 1 RAE T K
JEE AL IR T B 22 B B A B A B

POMDP ] AMZ vt el 3 ik s 2 > SI
PR IR BN SRS 27 2], I A7 R e B v Tk
EIX—HEZE T HA 2 R AT o 615 RSV
FEFRARANDCA TIRAT T A fE, 38 DIRE]H R £
FERBA A GEvH I ZRIP SRS FLE A 3. 2 b,
AT IR PR RS B 2 W R B, (XM 30
FEFRSZATSS . FH . MBS £ Jy 1 s,
HARMER R IR AT, T INER, B Wi
B (RIRIFFE R FH & AR T L RS . — R AL BT
SR JE R — R VU R AE UG e &
(P PR, X PR “PARADISE” HEZL[85].
HAT, A& R 1A HOE ) 2 A & W vF

WRFESRAR, BB TS, T B e T HEAE
IR SRS AN AR S R S VPG R, G2
TEANFC IR B AT ek 20E SCRAR I SE B & s
X UEPg, PR AT ) S B SR A S e
5 EE A S B R AL [ R, 8 G P N S
ARG AT — Pl AR TR . B — I,
RN BN T IR S, 700 R H & Fh 245
A AT JEORE A [P e R i 1) R AR

4.3 HERGRIANBERE

“CHRAZH” FENNEHE R H bR,
ARG BAEFH 25 5. B T RTIR I AR A8
HIF M A 2240, R 16 2 Gont e 7 1 1)
4% SR AR 1 BT 1 Bk e o

12 45 (RS U RN A% 38 S N8 11 AR A8 B AN T e
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T 1E[86,87] /iR 51[88,89]. 1 &3RiL[90]5%
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(2, AT A S (R U B 6 e 2
TCRIIMNIAT S, FFBEAT 23R JWF TR [IRS I o) 4
KT IE RGN TR BERE o U ILAE AR R BRI SR
ST IE RS, HEAEAE RS T AV 8k
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A BHEAZ L g U TE . XIS RS H AR,
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FIBTER, HAR K RGNS AT IS e 3 T H 52 1L
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Background

This paper reviews the cognitive technology in human
machine dialogue systems, in particular, spoken dialogue
systems. It is a disciplinary topic covering human-machine
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technology. The key issue to address is how to build a
cognitive agent for task-oriented conversational
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on uncertain information, policy optimization, adaptation and
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knowledge management are corresponding techniques. As far
as we know, this is the first work to introduce and define a
independent “cognitive control layer” for human machine
interaction. The scope and content is introduced in detail.
Relevant emerging techniques are reviewed and future research
direction are also discussed. International researchers have
performed small scale research on the above research topics
individually. However, systematic research and research on
large-scale tasks or big data are still open problems.
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speech recognition, statistical speech understanding, robust
tracking of dialogue states and the building of real world
speech recognition and spoken dialogue systems. This paper
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