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HZ AntE 71719 HFo 2 Apple? Siri, Google? Google Now,
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2 AT gy 549 ws) Fhef] oFE dAAI} sAte] ARE 1
Hoto] U3} % w7 TAE Adstr] flete] =Y &Y nrtEIxe
29 (input—output hidden Markov model) 2] o}7|8E & HPst Fd S
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RARE, ol ATE et Ela op7| g 7h thE B ofye}t 2
u mt2 532 29 (Hidden Markov Model, HMM) & AR&-8F 1] %
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Log—linear 249 55 o]&3slo] &=} Ho|go #sto] EF/TAE 34
SEAIRE, 77 ARESE AR Soll A A7 ATk vER th Al A oA
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Zob & dolE AF & doly AL AFs: Folm vhah BEA
o2 Aol HEEe ol & dish A vt oF g
= vhehie ot 2

rlr

DC = {dl,dz, ...,dchl },
DC= bj3) 2 S22 b3 Y7, d= ¢ o3

TE 4 gstee 25A el e dstsd AR A8 le R
7 o] Hedl, oldd WMsE dist Wadta g ejsitt

® 3}x} (Speaker)

A= gt E olFo] Wrte T4 d=ola, wEE Auste FAo
ko ahe distel= oY stabEol 8T & AN B =RelAs 3
Al A &% (task—oriented) e AE 77| wiiEel tisgh= F B89 3}
Az o] FolA gitka Euh FE JRE AlFsts A i, ARE
A= 27 ek s 5o 2 A3 FelAd ARgstE HCRC
map task BE A= 24 oh) ARE A Fs= 3 Giver(G)7F 9, 4
HE Alegws 32 Follower(F) & o] Foix 3ty mizt7FA R live
chat WA= a5 Es e 3 Agent(A)7F iz, Aoluk =rt
&+ EZd 3 Client(O7F 90aL, SACTI-1 E8A= % Jus
Algshe sl ARl Wizard(W) 9F RS A3 v 34A User(U)
7F QAT

S ={A, B},
S 3} Fo FHE Al A A FHE AT 3B
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atof, gAESR o]Folxl st &

u=wiw, ...Wlul,

u 23, wis T, uo =5k EE ol wy o bidtol, w, eV

o © (Turn)

ool A W= shbe] BAo® offold 9lu
A9 olg ez AAN olopy] @tk itk F AW A £
w919 BHE olojuby A$ o]F "ot Folgh. WL st W

d Aol AgHTh

tUrn = Ujljyq - Ui|turn|-1

turn<< F, i= B A)F WS HE 3 ul FRseSE Y

Belw Foloh A&ols 23 i Aol Aol AW i3l Aol e
WekE s Age] WHey] wEel B =RelAt T B get
TR 0 B J)Fow Be @tk elw old# BAe



ksl o] oo olsto] wElel AUz dl-go] ®rh FE3 st EeA
oAl F5Ho] glo] @yt Eo] U A7t lo® olF e i
Zo g EHr},

® tlo] (Word)

shibe] Wl ofy i) dojz A ET oy d dojE2 i3}t o=
Ei7leld w3tE ERet7] d Adz Aol dn EHow Wb
FWEAL 71Fo 2 B (token) 07 Ui, BEES HAUAE AEE
TFE (stemming) 52 ARde] gle WolR A &sk= mAlolHd
(lemmatization) & F3 oA EZS @of(word) 2 & 5 YA &
ATeM e BEE 1 AAE dolE FEd S
S5 "ol® B Zlojnh Ed A oA @ol AMdhe SEFEAE
ol 9= & Zolgke B ho] ®2 dvE SFEEARE o
AHE Stk F7FH o2 ASRE o] whEoldl wol=2Ek Wl
C 2P o3k WolEs Roby AES o9 A (Vocabulary, V)
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e 13 o % (Dialogue Act)®
Austin®} Searleol] 2]slo] A AstE 3} o] & (speech act theory) [1,
N v“e= JidoR AR Wt fo = =& adle] ovlE %
st k= Zlo] ofd ojw et WLt FAETE viEpEA Tg dvs
o] 25 V1A 3}8] (speech act) & Aostx dwWsta Qltt. Elgeings
=8 e BoE dhbd o= Al AL 1o SR Ot R 9w
= Yehg= dx4 B9 (locutionary act) 9 Zell o] = A4 9

n = JelhglsE A2 A 39 (llocutionary act) &F U4 Yz A
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AEFH 94 : YesNo—Question 2 “%, 284" (Response—Yes)
(Locutionary Act)

AxuiA P4l Request—Answer > “$% A7) =z W7} 24"

N4 (Illocutionary Act) i = AL
@ [Per]:rz:‘;n;ﬂli] \rr) Give= Answer ‘/
I 2 3ol g A
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Ha Arpets EE Zheth oY Afols AAelA IRk dige
2 5H9S 7%t dxuld P2 Request—Answer (L

o= & 7 Stk ol thato] sARE YAl

S S WS UHS Asht HolmE AFH WS Give-

e
2
X
r (0]
=
nf

.

A A4 AF3 Y= Y2 Austind Searled

53] dist e dxulA AR Bt ouiE ddshs SHelA
sheat AR ZRgolt[19]. AfolH o

rlr
=
o,
>
[
jutit
1o
I
2
-3
=
&



Zw O AEst Hol shdlo] oy Ho] vEn. oF S “Aws”
shefo]l Qlow c(hstrlAglofA) FSof] thst diEstr] 7 st o %=t
Y= Zolvh a8 o]H gk th3}t o m= A AE HA ol uhet g lH
= 7t geksith. Ad o AFE-3F= HCRC map task WHa*]+= 1371
ol tigt Jr® o]Folx Qi Whe| Switchboard WA+ 220712
s} o)x® o]Foix Q. 1Ela o]yt dst ok sifolE s &
da Q= AETtel fJeiM vl 9% FY (coding) Aol SHA ElA
(tagging) ©] #tt.

® 7} (Expert)

ARbe WY AA tah JEE Wud 5 b Algeldan o

FA A9, g3} B5A (dialogue corpus) ] Y= ZF )3} (dialogue) d
7} BFef (utterance) u &) YHE AFAA d = (ug,uy, ..., up) (T 319/
Zo]) 2 Folx] i1, b3} 9% (dialogue act) da’} da = {aq,az,...,ay} M
& )3} &= ) ol Y, 2 B35} u o] el HisE Ok o F

= A

1 3 1] =L —
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23 dge 53 H £A4 29 oHE A

AFAA el FHea0 Ba gE BF BAS 4vng A
A dele YgE the E 1) AAE ssieh. o dlolel: HCRC map

task We A9 qlec3 W3l WS E zh= oA AR5 LS Aotk
el WMo 369 385 HW wolo] FE= right® EAW tlE} ok
ME Y& ‘acknowledge’ s} ‘ready’ 9= & & AUk oA H diF} o
B wAldME wds A4 FHE slole AxUA AL b=
T 7] wEe] @ojrt ot v st JrE Zte Aot wie §d
strb. o 2]gt wAIZE th3t o= FRel Qlo] Al o Aot F o
T3] dolvk ARReA = Gl EFsk7]7E ol i

Eo At e ol AferE @ Al HlEke] W3l AL

Z

Hoh mAEro = Al ik Al~Fle] ASR REel B
U 23tel thaiM = wolz=rh 5o Q7] wiitel o=
P gdo] Qluh o] ek 7|Ee] AES 3l A
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¥ 1 map task Z3X 2 s}t H3S qlec3? HsF2 oA

 EREENEEED . qet o
He | HE | HE | 79
19 28 G mmhmm acknowledge
29 G um uncodable
20 30 F so you have check
21 31 G well ready
32 G do you have an apache camp query_yn
22 33 F yeah got an apache camp reply_y
23 34 G okay acknowledge
but that's like at forty—five .
24 35 F explain
degrees south east
25 36 G right acknowledge
37 G okay then ready
qlec3 38 G right ready
39 G y.ou're goin.g to go below the instruct
diamond mine
26 40 F right acknowledge
27 41 G do you have a graveyard query_yn
28 42 F no no graveyard reply_n
29 43 G don't have a graveyard check
30 44 F no reply_n
31 45 G do you have a desert query_yn
32 46 F yes got a desert reply_y
which if i continue straight .
47 F explain

down past the diamond mine

14
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oA Ae3d] AEAQd ATt VERBMOBIL W% tste] 75.12%

WF ASES SAetrh B et B /N e oA gk

N
_OL
o
rlr
>
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~
30
3

the o2 LSA[18]15 AMgstel dist dugd &

ok o] AFrellA= w@ed] LSAothrt tigh daA oA d& F e of
2] FH AAES B4 AHdow FUkste] BiF AeS wEojdth
53] tishe] 474 (subtopic) ol d@shs tiste] A4 (game) FEE 2
Az F7F AFgalA HCRC map task THgxo 73.91%eh= A2 wh
ol Witk sHARE Al AEE ARESHA dks W AY Ade
47.09%% RolFrh T3 [2]oHE AY ARE AMESte] st o9&
WAE EdEd wdz 22 BeAo] dste] 74.9%¢= Hese &

oh SR o Fo AT AA ek AnES Aushs JFeA o

fl

(Neural Network), =4 nt=233 R d (Hidden Markov Model, HMM),
TBLE AFg-3le] 62~64%°] w7 Aes AUt [B1AA= gt v

59 2
of SgHolEE YolFn RV 4% S sdvh 53] datd &
o watel A X9 ol et A%, A Yurt Fod
HA 0% BRI o/ N% wate] A 91
A e AR A o gl Arel7] wFe] o] g8 5 gtk

!
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Ae7AAs Teke] @A HHE ol Y o] JRE
dlele = 7EaA RdS st A7l d7sR olgith oldd HduE
A Bde] wkgde RdE[22, 23, 25, 19]¢] AFH gkt =
b2 JHx RER Rdys 3 3 Agolt) o Rl thiks K
Abshs 78S diste dig 9= SFela, Baks s oo o)

AA] Fh= Aot o] M S w1 9= npE a2 29 (Markov Model,

ﬂJ

a3
2=
[

: — _
Dialogue @ (o) m\ — Py f”m

Act

Utterance U Uit {:\:itJ)
#d,,

29 3 m2a 2dd oy €

o] op7lgA e wEw ozt &% Ftel= o] gE (transition
probability) P(afa,._;) °l 23t izt =7l WIlsty WEEE
(emission probability) P(ucla,) el ¢ste] @37l Aol #dAdk 18y
3} s F2 w= dudS 19 Viterbi decoding &gl &S A}
goto] wato] 3= HA st o=E st

[25]& digtEs mEE &7] flste] FA(topic) ‘¥ g Jr HRE

o7l AFats FAlE Gl AFE 23, AYI 2 Adolth & dH] d%E WA
gFoX = FAoItk. 187] wEe LDAS -2 4] 29 (topic model) & F3ho] 7 ?_} FA 84
= 5=A=1



AREsteh Tea wske] YA EES W] W] flste] 2aAd B
(Log—linear model) & A}E-3tt}. o] mHlor= )3} a5 +
3} ool osiA WMErt o, wsh= FASE i o] we A A
7F e 7 7RI

Algorithm 1 Viterbi Decoding for MM/ HMM

Input : Transition matrix P(a¢|la;—,), emission matrix P(u;|a;),
initial state matrix P(a,|m,), dialogue d = uquy ... up_q Uy,

Output : The optimal path of dialogue act states @y, ay, ..., ar

1 initialize 81 170 Y1imar

2 for (i=1tom)do

3 i1 = P(urlay = i) * P(ay = ilmo)

4 end for

5 for(t=2toT)do

6 for (i =1tom)do

7 6ic = P(uclar = i) * maxy<jam (P(a; = ilag—q = j) * 8j1—1)
3 Yir = argmaxi<jem(P(ay = ila;—q = j) * 8j1—1)
9 end for

10 end for

11 ar = argmaxici=mbir

12 for(t=T—1to1)do

13 = l/Ja/H\l,tH

14 end for

15 returna;,a,, ..., ar

o5 UEhd ob7[ElA = T1¥ 4o RHH| St o] opF|HA = F
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A ol FAS o djak gl s Holrt Aelika, st 95 o
Al ol FAG o7 thgt eme] elsko] ol dofuth ¥ Wl
L s SRR ok FAC] AR JFL W A HAFE

.

Topic

Dialogue
Act

Utterance

o] el Al tf3} oJvuE FE3t7] $5te] Viterbi decoding &ilEls

& Agstol HA9) sl owE e @ o mue) Bowt: 4

Al sk AAE el M FAE olgE ¢ vk Aol 1F
7] gl o] A= o] FAl JRE AFEE v THgstel REE
AAEAT. 2 Aol o] FA BEE AA ARlM ol + 9l
71 wEel ti3 de A mE FA ARE WS skl FEekH] sk

o},

Dialogue @ /:;\ @ ceoe ar
Act - -
Utterance g g
~— #d

1% 5 SVM—HMMS®] o}7] €3]

k

[22, 23]M = &4 nf2ax Rdg WEgsto] X XWE 7] 7 (Support

19 s M EEw



Vector Machine, SVM) SVM#} A3gst SVM—-HMME #| A 3tt}, o] &

2o 7P wert digt gxE ARk Aol 1% 5% SVM-

HMME| op7|elx =z 137 33 1 Fej7F Akskeh. shAIRE Apo] i o & =
919 wtzzx wdeA e tigh oxrb wate] A dEdFs wAT

W oo] mdofAE 7ol whet et gt o R JEFdS T Aotk

a87] wige] el A tist e TS T ARt &

o] ztolZ lg Ay HAE g Wyl &Y

Viterbi decoding ¥ elF A7 thst or=s} tfgo] ¢ Hie= &4

e fAEZE veE Flo] oflet, gt owsh A

FHE AR vyths Folth. SVM-HMMelA A tig} 9% g

2 & daEE 20 AAE] v darg

Apolde zh e H 7] g 227t glthe Aela

tfalell B dlolElelA d5e SVM RHEe] Aighs

a2t duEFE 29 2~4WA FolA 7] FFE EXEE AMESA o4,

o] Ui digt ox9 SVM &9 oz %733}

=8 WA 2 e 7HAE @ 6F Ao

5 P(aglai—) @ SVM =9 gk P(aglu) S AH&stol 78alsto] Uit
oA gueF 13 zpolzh k. AHelA S ks A

WEgkE fale] o WEow SVM =¥ ks Agsitie a4

dol& &8l sk dolell 3o Hth(max) &S ARESHA @k, &
%

rl

C;‘ P
= rE
)
2z
.
LR
>, )
i

9

JRu B |\
rlr
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Be & Agomu mejst WAV Ak =E vhg BEA D ot o
T B4 sk w4 u sk SvMe] A4 wellE g Felok sk
o] vl B sttt

Algorithm 2 Modified Viterbi Decoding for SVM—HMM

Input :

Output :
1

O© 0 N O O s~ W N

S S
a1 == W N = O

Transition matrix P(a;|a;—1), SVM output matrix P(a;|u;),
dialogue d = ujuy ...ur_qurs,
The optimal path of dialogue act states @y, as, ..., ar
initialize 6117 Y1imar
for (i=1tom)do
6n1 = P(ay = iluy)
end for
for(t=2toT)do
for (i=1tom)do
8it = P(ay = ilug) * Xisjam(P(ar = ilag—y = j) * §jt-1)
Vi = argmaxicjem (P(ay = ilag-1 = j) * 8jc-1)
end for
end for
ar = argmax,<ismS;r
for(t=T—-1to1)do
a; = ‘l’a’t:l,tﬂ
end for

returna;, a,, ..., ar

21
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AA FEF= FU, ol dAstua sk At dAs] FFek ol
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A4 w2z 2d 74 A3 = £

4.1 ¥jZ3 A4
4.1.1 Adojnd

Aol 2l (language model) & o7} WA= FAS d5xo07 2
wepr, FRHA 9l Z]AM S Fofo| A Wol Aol Hrt
£3] wo] Abgste dojrde {1 7% (unigram) 3 v}o] 713 (bigram),
Egto] 1 (trigram) 5ol Stk FUIH dojRE2 whojt o7
glo] ol A7F 7HAE vlEel wep wolrt AdEEo] o]
dolE wreEna B Edolth, mlo]l ¥, Efo] 1 dojRdE FY
O BdoA who] Fhe] o]E #AZE ¥ F7 Hof o] whoo] gF)

=1
=

o,
B
_L/
mlo

= A&l

ol

o7} Ael ® stgo] Qebxw, of Raxe| whel wholzh AHEo] ol
L AlQle] 9lojE WEGT mi wdolth 53 3% dHolHe| we 5

language model) [14]°] =], o]+ HMo] = FAujt} 173k o
oJRE LMy & A3 9o} AHEAZE Qe AP qF AYse 28

P(qlLMg)°] =& =A7F HAo] HAE sh= Edolth. = olelst 7

st
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3} = 4T u Viterbi decoding &1 8]&S A&t} A9 A

dHow Aeol £4 7] Wil & =ZolMe gt ezt dAf
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maximum likelihood estimation) & AFg3slo] &5 FES 4 5 3
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Algorithm 3 Simple Dialogue Act Prediction

Input : Transition matrix P(a;|a;—1), language model—based
emission matrix P(u¢la;), current utterance u;, previous
dialogue act a;_4

Output : The predicted dialogue act

1 initialize da
2 da = argmax;<j<mP(a; = ila;_q1) * P(ut|la, = i)
3 return da

O 72 7)€ vpEFE BdoA 32 AHE Y oR Yo nd
oZ|EIAE Y=Y viExx ndy} v 2 JAA Aot}
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Ak gl g Eole S T 23] Aol dF= £ 19
=
T

U AP i3t kel 9=

Speaker
Dialogue /™
A ()
Utterance

J¥" 7 JAFEE I HYE ¢

o] RdlS Alg3to] gl JnE Faby] YIME e 4 19 AT
& (joint probability) & T-&fjoF stk
P(atl at—lrut; St_l,st)

= P(u¢lag, s¢) * P(aglac—1,S¢-1,5¢) T4 1
* P(az_1) * P(s¢—1) * P(s¢)

ol tAIHY AH a9t AE HAYE HWle]x|t YW E$ A (Bayesian
network) el =59 AFFES T3t A Zrh 183l o] A oflA]
27 323 3t 9% q 5 e Aolng AREgES HUee q

e Zow B 5 gk

argmaxq,P(ag, ag_1,Us, Se—1,S¢)
= argmaxatP(ut|at, S¢) * P(aglag_1, Se—1,S¢) h
* P(a;_1) * P(5¢—1) * P(s¢)

= argmaxatP(ut|at, s¢) * P(aglag—1, S¢-1,5¢) T4 3

—/l:}ji 2i1§j %Eﬁa]- —}l: %]\QAU%, atoﬂ 33_—6‘]—01] P(at_l)*P(St_l)*P(St)Jf:_;
4 oolmg AR 1oE 2% 4 38 9+ Ak olze v
B Puglay, s SHAZE Q1A SpA7F Hebaiak sk tidk o=
(e}

Fole o, 25E gyt dojrdz 2 5tk 5 deld Agd
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i
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o)Al 7t BHEE e Ak B 0012 P(ayay, se150)E

Aol whEt o=rk B FHeisle st HOlHE olgste] Hu -

P(utlas, s¢) = 1_[ P(wlag,s;)
Weut

#(w,a,s,) + 1 =24 4
aelar whste]l A EES Pua,s)S Trallok dhrk o] dA] gy hlo)
BE AMgstel Al $% 34 HE AT 53] a9 5,5 HFHA)

55 Alato] sty g3 Alo] HA] o= wolSof T
Zol 3lyel add—one smoothing 7S AFg3lo]

Algorithm 4 Proposed Dialogue Act Prediction

Input : Transition matrix P(a:|a;—1), language model—based
emission matrix P(ula;), current utterance u;, current
speaker s;, previous speaker s;_;, previous dialogue act
ag—1,

Output : The predicted dialogue act

1 initialize da
2 da = argmax,<j<mP(a; = ila;_y1,5¢, 5¢-1) * P(ucla, =i, s¢)
3 return da
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A5 & ds 87t

5.1 "3 &&=

Y 2207 vl5o]zl HCRC map task @Ex]°¢} Ak
o EYEFH #% Utz YE 438 live chat Te]°, tigl A
s So% SACTI-1(Simulated ASR-Channel:
Tourist Information, part 1) Z%Xx7E A}&3c} Map task T,
live chat @4, SACTI-1 Z%X8 &7 Fr= E 2] Fef=of 3l
ko % 2004 & 4 9%°] map task Ta A7t ThE T A of H]E}o]
st A A7177F o A distd B @s 5 2d disoh 7
AEE o AA IP Jds & vk 283 o8 Jee arE A9
B 5 @a-xof H]Ee] live chat® 139 7 H B

o

o] live chato] g 7|¥to g 7]2¥ @R x0]7] wjio] QElS} T
o] €] o]z Mul ofel FAG AME NA ol tha] o7 7pxe ok

of7b Wil WAL $Al, SRR 5 AW ol mds] wid

=

o3 A F7 o F5 ¢ T Ak AA 93] AFE AHEWE map
task®] st F7F W] wjdol] thE We el vlste] B o wWolw
o]FolA Sla& & T Stk IEla o] BEAES 54 EAE AL
37t sted A= 54 o] 9l Map taski= St Aol A& kst
ThE AFES Qbdlel]l wet BAA7EA] =2E wj7bA] o] Foj X = tigtE

® http://groups.inf.ed.ac.uk/maptask/
S arety e ATpAoA AT W do]El Y
" http://mi.eng.cam.ac.uk/projects/sacti/corpora/SACTI—1/

% % 9k



fjsko] FAZE ZElell A ool ESL thatdt MY WEe

&5 F

Zola, SACTI-1 o3 7tol= FAo] o Abgel distE
WOZ (Wizard—Of—02) ¥2-& &3ste] 7|=3) 2 Aot
¥ 2 map task T5-X ¢ live chat ¥5-X H|
HCRC
live chat SACTI-1
map task
st 7 128 152 144
ksl s 27,083 5,148 5,195
st Ft
a2 211.6 33.9 36.1
o3 A3 =7
(A e 2,137 3,367 1,534
A 1% A
(A7) 2 160,092 62,022 65,507
s A 2] & A =) &k A =gk
st 4 ) ) )
(task—oriented) (task—oriented) (task—oriented)
_ 2 2 2
X
A (giver, follower) (agent, client) (wizard, user)
s o= 4 13 18 14
ASR wo|= ¥ e e TS
03 7= we TS 22 &7 A= TS 22 &4
e (transcript) (chatting) (transcript)
kappa &#A G 0.83 0.51 —

A thst Al AED o8l YA E (wizard) &

A skaL, 74 (user) 7F sk AAES Aol ofyEl VAR Q1A EHA

Apgo] @
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d (phonetic confusion
model) # A2 S AFESFIL[26, 20] ©] REs ko= Y 2 =
& o= Ajdolgt @rEEt 28 kol ARE 4 69 wol 9
)& (Word Error Rate, WER) & AhHgsto] yepdtt. o]+ &1utE 73
W o]z A Aol o] ©@9]?l Levenshtein 7e]2 e 4 9l
t}. A4 (insertion), 214 (deletion), *%F(substitution) AAF AFL3F 3
FE WA oY 2 Uir HERE AatEoh

A

# of word insertions, deletions, and substitutions .
WER = T4 5
# of words

23l o] HlEeo] mef SACTI-1 ¥eAe 49 TEA=E s F 3
4. WER®] 0%%] none 13%, WER®| 32%<! low 1%, WER©°] 46%
?l Med 1%, WER®] 63%<! Hi Z1FCo® FEo] Hr}, o] o & FX
= WA AFRATE e ol

ojgdt woj=E wigo® AAE ATS s fA=S A= dE

g YA He AHE AWt vsd 2vh WA §A47 Eg s

olF EfAF7F HAER Elo]gg dtth. 18 il o] ¥AEE ASR 0]

= A2 Bl Yo] wol=2E J E

AAEE B fA9 3tE 73

sta o] Fgo] whEo] Hrh A $AESE fAQ Zolr] wFel 9]
%

A= @ Fhe] FAZF Be sk AAl Barh "lvh el ik o %
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B2 nd go|A] = gl x4}t Elo]g st B AE 9L o]2 ASR Lol % Al
A Bdof Yo wo]=7F fute HAE 25 AFESEY] skGStal o] &
o] A¥=E v)waf ot

o] 7} A= dstel] izt &=rF eiAe]l ol l=dl, map
tasks= 137019 ozt oEE Zta, live chate 18709 W3 <%,
SACTI-1< 14709 th3} o&%=F zh=th SACTI-1<> Traum©] A|qHet
conversation act[24]¢] speech act$®} grounding actE Farste] A

o] Fgltt. 13 s wsle] thste] ole] e dg s stH 4 9

=, & Aol A AAZ BdE g3 EE AT bgE % 3§,

4, 5= 7 A NA st gk v& Y FEAlA FojE oist
oo Avg 7IF Foh o] e 3 gk BAY A
Cohen? kappa #AF=Z YyeErd 4 2+, map taske 0.839] 11,
live chat2 0.51°|t}. o] =X ZX-E live chat®] map taskel H]3}o] Ej
AA o] Ho] & & & vk 283l SACTI-12 kappa 7&¥
AlF7b el vl A ekol E7]eHA] X ekl

oY,
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E 3 map task TEXA 9 s} x4 #s AW U FARE
% of
Dialogue Act °0 Description
Corpus
SIS AA3 9SS HolF= 3
Acknowledge 20.7% o =t _O st 3 15 °
SIS
oo} 2 44 Ugs AAlSH=
Reply_y 11.9% goj= mat
535t A Koo sl TFEUYH oA
Check 79% | ST oA Tete) =l
x'CX] = H+= 6§O = 'X6L
. FEV Y e 2 EoE Hel FHs
Align 6.6% o= mat
. ofv] Qe FNE ThAl LT A
Clarify 4% | oo 7\2; © T
e e PAH YHe ANE
Reply_n 3.3% L oo mat
Uncodable 0.1% 1270 i3} 9% &3HA] U= A
EY oA w3l qFS A A=
Instruct 15.8% jr i ]E]_ 1 e 1413
P92 =3
| SEW) olsalA %a el tiatel
Explain 8.0% gz ges mat
M2e FAZ gake] AR sEu
Ready 7 6% H ‘I“J : ﬂ%éﬁ}«lrl }EY
17_" o]-;q__ st_C'q::'—_ Lzsl—
Query_yn 6.5% /oty TS gt AHE 5T
Reply_w 3.4% Ao s sk FHE T3
Query_w 2.9% Aol Ais gt FHE T
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E 4 live chat T&F X2 o} oz st

29 3 SARE

% of .
Dialogue Act 00 Description
Corpus
PresentSolution 16.5% A9 S AA e WHE =
PresentProblem 10.8% TAE Ak BE T
OtherAnswer 8.9% Aol S ES = FYE
YNQuestion 7.3% /oty A5 st AAE 5T
Opening 4.5% 3tE Al&stE B9 E F
Closing 2.1% g3ls s 495 =39
5l7F A& E 3l QA=A E RISt
ConnectionCheck 1.7% m?; FE]TQJ« e ¥
A= 5t
3= ZA] H=712) 1= o=
Wait 17 | EE A EFA s 2
st
A 7F A o] o o o} %ggoi
ProblemSolved 0.6% m_(.sl R AR =
=
512 AXsly 9oL HolF: 3
Acknowledgement 13.8% EH§}EE .076 st Slers 4T
98 =
OtherStatement 10.7% Ao 1 FHE = YAE T
o] 71—,3_ H-;HFHQ_] 1;1-_% A A &=
YesAnswer 7.5% _]?EEU: _Lo ERA 1713t
gosE X3
OpenQuestion 6.8% Ao AEE st FAE T
TAZE AHAHA ke Y= W
ProblemNotSolved 2.3% 174 i =7 =3 4ee
As =T
ConfirmProblem 1.9% A ot FYE
ol o 7Z+e BAAO] IS A AE
NoAnswer 1.7% jq_no E m—_: AL dE A
- o‘v%'é‘ 7\‘61:
2 dogzzE w3s 3= 9=
Transfer 0.6% i}_ b b e 44
=g
StateCause 0.5% TAY FAES AFele FHE F
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¥ 5 SACTI-1 22Xx9 o3}t

oo #3 A U FAFR

Dialogue Act % of Descrinti
escription
(+Grounding Act) Corpus P
Request 28.6% AT =& 2HS 3t 9 E 7
A&, APAS] W, 83 e/ol
Inform 25.0% | Aol dg SHe ¢ sk
YNE EY
st2 stk olslsta e
ExplAck 18.4% obali o mat
ARl A, A7, A5E Al
Statelnterp 8.7% o] B goj= ma
| diste] Aa) g et B9 5
GreetingFarewell 6.4% o Wos G go= mat
, olslistal A k= AA AS
DisAck 4.3% olpl go)= mat
ReqAck7} A8YstA] ka1, 2orte
RejectOther 2.4% eqack7t AAe7| L, Anid S
o, WAL TS WAS £
ReqRepeat 1.6% WS o938t s
RespondNegate 1.4% ReqAckel ofgt 4%l ¢
RespondAffirm 1.3% ReqAckel digt Fg40 &7
iOZ§%°U7 = dlglE =
IncompleteUnknown 0.9% 21 ! =7t % a2 X
ArtliEalo] zF olslsl ¢ &L ok
UnsolicitedAffirm 0.6% jrﬂf ! EE-] Woran Sle=
= 9= =3
tistE A AFEAY, BAdE FH
HoldFloor 0.2% S glej= mat
Aol digtE meteal leA
RegAck 0.2% ot s mat
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52 HlnEd 9 /4¢3

FdRl Zero—R& 7]&A 1 Hlo]~Ekel (baseline) & ARES $htf 1
Za A ERel 9ol Asol Fa AU @Wol Agdt: Naive

Bayes (NB) & SVMS H]lw T2 o] &3t

v
)
[
(m
Y
i
=2
=
:é
>,
rlr

[8]1¢] A9~ A3 AE ARESth. = dste] e dolgd fyIH
(unigram) ¥} oJef] t]-&3st= WIS tidle] &4 F5%% 1dsts 24
(Boolean) ko= wpyro] EElg ShEAIZT o] oA thal of Adoh
ARl AAE AAE ;efskA] ekokrh mEh o] REljl NBg SVM
of F7tA o=z sxb FEe} thshne] Wit o Frea & e
oldo] 3} % ARE AT Frlsle] ndlS s AL o)y o}
% AHE A ol¥E pElste] oy AE WolE & AAW B AY

A= old Al it o=k WolFith ©]E NB(+S+DA) 9}
SVM(+S+DA) o7 B2t 81 o]59 F3& Weka zholH g’
£ Abgsle] &S 3Fivk 18]al CRE, LSA 29 58 ol AdeA
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Abstract

Noise Robust Dialogue Act Recognition for

Task-oriented Dialogues

Taeyeon Kim

School of Computer Science and Engineering
The Graduate School

Seoul National University

In spoken dialog system, e-mail summary system and thread summary system
development, dialogue act classifier plays an important role because the systems
depend on the performance of classifying dialogue acts of utterances, e-mails and
posts to improve completeness of the system. The dialogue act classification
problem is a well-known problem to assign the dialogue acts to utterances in a
conversation.

One of the main challenges in the development of robust dialog systems is
especially to deal with noisy input due to imperfect results from Automatic Speech
Recognition (ASR) module. The challenge in dialogue act recognition is the
mapping from noisy user utterances to dialogue acts. In this paper, to cope with
noisy utterances, we describe a noise robust generative model of task-oriented
conversation that captures both the speaker information and the dialogue act
associated with each utterance under the assumption that a speaker says about
something by using appropriate vocabulary with the aim of getting someone to do
somethings. The proposed model is based on Markov model and is modified to
reflect the assumption.

In the experiments, we evaluate the classification results by comparing them to the
simple Markov model and state-of-the-art SVM-HMM results. The proposed model
is a better conversation model than the simple Markov model and shows the
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competitive classification results in comparison with SVM-HMM in the task-
oriented HCRC map task corpus, live-chat corpus and SACTI-1 corpus. Results
based on SACTI-1 corpus which simulates ASR errors particularly show that the

proposed model is robust against noisy user utterances.

Keywords : Dialogue Act, Dialogue Act Classifier, Markov Model, SVM-HMM,
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