o U= ols =) e
=4 o o|sHE st 7[AHIetS
wapyadete § MY - ol
LMNE 24 o] olsE AHEATE AdolE WA £4
et o 2 qgor wot 72 Ang A4 Fgo
A B ek i, R R dEdolaet S g an ;j oo T ;szq}q] ]Eq(xlz
2 Al QlEH o] A0 gt =87t FeHEA = oﬁ“- ;E}Loﬂﬂﬁg‘o} /\};‘;}7} —&L;L Goke. 93]
3 0k o A% 9 e °
Zi ;}z}%o :]: o?i/\ 1_7 N X;EQ_, _Nlj °l ?Oj:ﬂ X Ado) HSLE Zlo]  “‘Show me flights from Seoul to
© Aol Aol WokE Sel /I e e ofjehe Aadle o2 thed) g
A Aole] s 2Heg oTols Ao Agte] .
e AL ol HAR SRE oA Agel ¢ OmE EHEH
Zﬂ‘?—fi}% A& %ZJEESJEH_H; _ (frame name= TFLIGHT type=void)
&7 ek Qe ol2E FEs] fleiMle /\}%}% (slot type= DA’ »ShowFlight{/slot)
ofl A& 7IAE olsiE 4= Sl B4 SOl = (slot type= NE  name= City )
= A delH® WEdshs Y, 5 24 <ol {slot name= DCity )Seoul{/sloty
olsfel Tgo] Wasith =, &4 Ao} olsket Al

LA A1) I3tz RE -rr-—]?'l ARE FE/F23
o o] F23} A7|= EAR 2% 8 5 U

=73 dof olgfol gt AF=1990WE 2Nt vl
DARPA7|HC] Ao 2 ATIS(Air Travel Information
Service) TR A E 9l Communicator TEZAEE 2410
2 ZgEo] $irh2,3l. 2719 &4 ol ol AlAF
2 Aula N AE7E AR EAT B o3
AL o] &8hz 2 7ete] RS o] &-skqith s}
]U}- 01 ﬁLX] XP/H H]_Q.O] =3 E}_LE___ /\ﬂlﬂ]i\_ oggq
o= o] ofge ol slck & 7|6 Yy
tigte s dige] dolgE o] 83 FAH 34 Q9
olFE A Eglen, AT A= 7IASE WEES
o]l &% =4 o o3 WHE L] 2FE EF
I Qi

£ A= &4 do olE A% ZA%E W
HE diste] &A% 3, o A FHH #E
olfES AN ENR §rt,

o
=

2. 3AH 3%

Qiof ofsf
21 20l = =#

+ F08Y
o] AL 2147 ZEeo} AT ATAY(AL7E BBALY
AR 7164 DEO 2 S H LU T

{slot name= ‘ACity’ >New York{/slot)
{/sloty
{/frame)

O

5% ARLE 7 frame, slot, valueZ
13 vhAlS A E(Case Frame)oldhil
oug FRas] Sl3t wE By F
SholTh4], of| oFef] tigt 91¢] ofl= FLIGHT 4
E2 Ao & 4 k. Zh slot(XML = 1) HEF d|o]
A7t E, value

E o] OHE’“OPU% o= e
L o) Fydt= AA groloh AREX; @k olxE

E ro14

UEhf= 38 (Dialog Act; DA) slot ShowFlight2}
L valueE 7HA W, Q)& ZH= 31f AL sk

R (Named Entity; NE) City slot0 2 EHET}
City slot2 2] ¢l DCityQ} =2HA] ACity= 550
A4 F2E AT olo] HTHE valuel 717}
Seoul?} New Yorke] H T},

A A o] o3 Fold W= E 3y
SO AAY &, F EAZR B8 oA Hs,
A QA7 5 Eo 9 AE P2 WS ARSARe] W
3t x&=, Y 2, 9 5 dAE AA, N8
vyt 39 72 A 0}04 st ] AjAglof HEgiet
o] AUy AREL vfgro R tist AAgle] -gHTh
(2" D,

'
o
=]
H

I



Automatic x Na&iigg:w
Speech  ——»
: C {Sequence
Recognizer i i

xy Dialog Act
| identifier
{Classification)

xy:
~—— Dialog Manager

N /

Sequence | Classification
Labeling Model Model
i (e.g. HMM, MEMM,
| CRFs, M3N)

(e.g. Naive Bayes,
MaxEnt, SVM)

olgtx Mgttt A= &4 Aol olsel AAE, 3

15 B4 89S x4 479 ojidEgds
y, z2 WY =HE ¥ fixoy9 5 gixozE FE
EA7F g, ol 7|ASy ok §old wt &
$(Classification) EA| = 9| ¥r},

e foh g= o2 EALS AdY, = A%
o)Ay WEH Haoth(E JloAe HEHE
oAz Z7)|R dith). T = gubEll 2R
Al goh= thEA HEe #HE it g & F
z2 B ZHojnHs], o] EAl= 8 WY xoF &
g "E yilolo] EXT FxE 7Yt 7| A%
Bopo|AE= 123 HF(Structured Classification),
223 K5(Structured Learning), #A 8}&(Relational
Learning) 59 o3 714 §o0i2 EHUH5,6,7]. & 37
o x4 BFE FYste K278 el

SHEHS x, y Aolof R UWHOE A F(Se-
quence), ET|(Tree), o] 1 =(Bipartite Graph)
5o 727t o]8d = U7l e obRd Fx27}
oty 7S ReEhl RE27|E 3t o] &
A durzEel BF7 B4 gof FYsich £ LoA=
A BAE ME P22, 3 ER Z2AE
e

AE 25 ol8et 24 7 S Ad o
E3(Sequence Labeling)ol2tal FET of7]oA 7|4
o Q] BEAl= i FEHS, x9F ofd MAY yi
7F FoEE W v E Cﬂ\%ﬂ—t— A7 9k A4 =
olEy AdnEEE FHEs] Y= AFH FX2E
Zre= XML #4& o83 22 AQ FH=E s

Show/O me/O flights/O from/O Seoul/Departure, City—B
to/O New/Arrival City—B York/Arrival, City—I

oluj skt oj4ke] wojz} mof ite] A

HE o]
2 45 QE=d(New York) ©olE &l B/1/O Q1 H

22 §2007.3 BRI A A25@ A3

g3t 7k FY Al X-B, X-1, 09 2
g2 3 =y, X-B: A XY AIF, X-IE
, 0= ojudt AAYE obdE et
W}y E3 AEF F27} BEShE o] Departure, City
9} Arrival City= T2 8128 FEHH

o

+ g e
oy 7pY HHo s He Al ©
AL thgat o] ¥4 3k solA e ARE
Mate BAR 4T = AT

y =argmax f(x, y,w)
yes

olff w AE H7} &< ro] metu|golrh, 59 E
2E ORE 3 gk 9] B8 Yoz Hu 2 1
ML f B Fit= EAlo] 234E& W72
old] 1A EBF EAle FoX &M F7- SojA
7§ 15 olgsle] 2|F ARE = BAV "ok
A4 A2E 2L WHe 54 ZRIYL woz
o dmelzos AgAes U 4 Ao &
o] BA1S 2J3)| Viterbi, Beam, A* Max—Sum &
= Eo| verg T4 7)HES] A8 4 SieHs),
Mol Al AT e Sie A Aol B
Al A2} Viterbi T 7ol oha 7heFs] ARt
12 v ax 2dg s v Mgl vkE o)A
yio Hout gJ3kg wh=r} Jhegh BE o] W
7.2 ZeE20) £5 |yl Fofsia A4 dojs
Tt B €A F7F Sk |y [FTY AR 2dd
ot 19 ok AxE 3dE AY 72 294 32
vebdt}, ojw) @A HolE sl ARt Al 2
B tu] =g 2718l 7h Holo] gt H7t
e wel a4 WG, AEE U()e ¢t
A7 Aol A il w=ojA A =ER9) o)
of that Bt PE ARHEE mHoA= U FE
2 5 gro] 7}Am), dutyo g2 v AstE Bt
& 7RI,

¥, (J,i) = Score(y, = J, Yy =%, =X)

1}

\ﬂaﬂgrﬁ:k_oﬁ
‘E‘I‘“Eﬁfl

e

Viterbi BHA1S W7l =2 gho] ol FRE
= Ex zrady guelgelth |y I*T 2719 9
4 5, t= 7z tAIRE AbelollA] H o) =3 g 1
of sjgte IElaE AR,

5,(j) = max ¥, (.06, (0

& (j)=argmax ¥, (j,00,,()

iy



15 YA PHoR

24 dol olsE I 72A B JEe JE
Hoz wA ggo] F|uhg T ek 12 BR =
W shasy] 98 oheTt 2L a4 dlold D7t

ol let,
D={x"y"|1<n< N}

ol HlolEle &Y <Y E¥(independent identically
distribution; i.i.d)ollA #F=H ot 71A3C S84
Aol ol E AT 7IAEE ‘.2-_1'-1-3]*——-] BEEE £
7 Hlolg DE 0|83t d& o {FE 4=
Sulg el we Feke Aol Hek. & AdAn
Ashe T2Y B2H MBS wE oled /14
Hgro g2 et

o B B

3.1 2ul glz3o 4l

2y 223X R2d(hidden Markov model; HMM)
£ 1970 o]F 54 Q4] EopolA g AFSEHd
Hgles, A% $EU pxy)E B7t ¥ (2
ARS8, 2% FE puxy)e= Hols Aol o) ot
S o] EsjE

b6, y) = P, MP,. ()
’ 2, 2P, ()
poxly)E = EE (observation probability), pw(y)

& #o| & (transition probability)e]etar BEc}k &
B e 4T O B BAGIAE B o
12 HMME ©]-83F grale g3t -2 4]o] Hrt

\__

T
)A/:argmaXpr(x, ‘y/)pw(yr ‘y/—l)

yes =1

HMM 3t 3442 24219 B8 pulx | o), puly) S
) 9% ZA(Maximum Likelihood Estimation)& At
451 ?‘3]‘ 2L s}, o7l dlo|E DA x,
y BE B3 sPestER ohg HAE Tt 23 W
TE AE Count T8 73| & 4 Qo)

count(x,, v, | D)

x [
pulx |y couni(y, | D)

COW”()’;:)’H ‘ D)

Py |y = count(y, ;| D)

HMMS 24 Q4] 4 53, 3u 23, 97 A
4 B4 59 Be BAGA 99 48R udelth
} T 5:1§1— Bl AL H25E
2 1 24 gws saelel Agshzy] of
SEEESRS

2 olgslof B BF AL F&
1.

3.2 Z|Cf E

55 BEAE gE3cs =4y 32 Y, 2
FgEHTE AL 8 pb 1 DE A OREE A
o] £& #AHo] Hri6]. ol WY& Discrimi-
native Modelo]2} 3t HMM3} Z2 Ag &8
0] €-3= W2l Generative Model®t & €},

o) ANEZ9)(Maximum Entropy) HE-& W2
2 Ao 44" gzl 2dE g oK
Ast Hopo A= 2R AE spEAOR AT
h. g de=y nde £ 57 EANS oF
o o] 723 BfF EYE FFA A A== A
JdE=y nlE23¥ TY(Maximum Entropy Markov
Model; MEMM)o|tH9], MEMM-2 yi. AEE y¢
Zof Q3 w= wE xof tshe] gubEl o <l
Exuo e g WEE o] &t ol B
# o]zl st ] 2 glojE]of tfsf Label BiasttAlE
of7|Al7l= wel QluHio]. ol#fdt EAEE i
3171 sl A 99 H=(Conditional Random Field;
CRF) mdlo] A= o rrx Be EAof A
SEh I8 32 77 FEA AYE A2 HEEE 1
Az mygo @ umwsh ZlolrhHiol

CRF mdo] T}E T mdd oE HE A
g T#TE o] g3tk Holth, CRFAE: 27K
e po(y | L Gibbs BEE3 78t th2 &
2 A% fgir

2o 7i{gt

=]

.
=

(&)

&4 do ol & Sfd 7 ASE | 23



(c) CRF

8 3 HE ME =Y

> W B0

it

p.(y|x)= ——ew proa
¥y

we shehule W, ok 54 o WMol
Aol Aikeh golt. CRF RS chab
Feature) 52 A3l A3 #o] 71538t ®

o &
o
rlo

RO foh pok m (e o,

o},
CRFE| B2 Hoj $% 338 olgalty 27
H2aeE ¢

XS
=
z
fr
i)
oo
i
N
i)

LL(w) = Y log p, (5 | x") =
m W™ ™)
YW,y - Y log Y o2

oju LL(w)i= Convex®<=7} Eof a7l EA3ict,
ot2hu|E wi Generalized Iterative Scaling, Improved

Iterative Sailing, Conjugate Gradient, Quasi—~Newton

24 §2007.3. ARAFE A A25A A3E

VLL(w) =" ¢(x", ") = > p, (" | x)p(x", y)

Gradient® 3}7] YA+ pely | x) TS T30
ok 3tp A Y TR Sum—ProductZ-& Forward—
Backward L1 E|&L o]Lste] &LFOT AAlo]
7Hs-3FH10].
3.3 OrXl 7|dt med

2 FAAE g4 7" 8E 7N 2dEde= o
£ ufA(Margin) 7|5te] Bdo] tfstoe] A7fsict, u}
A 7te] 2= HE ¢ pe HA H7L §¢
ScoreE ARS-BiTE

# = argmax Score(x, y) = argmax w’ ¢(x, y)
yes yes§

<

| Score®<E wol o Tist AF =A=2 7HY3H
.ot we dlole7t £EH g ke
A7 38}= Separating Hyperplane .2 3[AEc}t o}
719re] RdlojA= £5 2AIE fiA AY &
yot Aol ofd BE thE Fefiof disf ot
7ro A

O, 3 =l =l A= I
S 4 WESHE Score FE =

g
i

S oo B o g S
B

f >
o

Score(x, y)— Score(x,y) > 0,Vy = y

ol AY 2L G thEFHQ gaEFE
2 Perceptron ©] QItH12], y7} (+1,-1D)¢] o]zl g+&
ZHA kA 7PREla, yabs ARt 234 A A (Deci—

sion Boundary)&

[+ wig=0
"1 wig<0

£y

Perceptron 8h5-2 7+ kg dlojg o Wil H7HE
A3 F £4o] GasE WoE siejulE He

w0 = L (W)



Algorithm StructuredPerceptron
Input: Training examples (X1, y1:0)
Iliwe0
2 fori=l..1do
for n=1...N do
Yo¥ < argmax, W' ¢(x,yy)
if y.* #+ y, then
w e wt Ox, v~ dxny,)
end if
8. end for
9: end for
10t return w

Jd8 4 #28 ZRE 2I& Perceptron st&

Perceptron ¥112]&2 7[HA o g2 o7 HEE Ex|
BE Yo, olg Wi 2YsE oL 14
BR PR g 4RSS 1 49 i)

T o b3 7)uke] md2 A A vl vjEax
2do] qict. Hdj vpA vl 3T 2Y(Maximum Mar—
gin Markov Model; M3N)-2 X|A] #]€]| 7|#|(Support
Vector Machine; SVM)& ¥A3te] T3 BF &4
o] A-&3{ATHT. MINS &3t 2o 3 Bz

F2H B BAS g2,

min, Sl +CY T,

n=l j

sz WT¢(xn7yn)_wT¢(xn’j>)Zl(anynﬂ)’})_fn,j}

é:n,j' 20
M3N2- #&{3} ZAol A Aok 24 o) &4 FF
€ AUIRPeEd 12 BR EAE aggor &
29 StTh = MINE ohE AT e &4 W) o

M (loss—augmented search)E 3 3stct.

y=argmaxw’ ¢(x, y)+1(x,v,7)
yet

AF7A HFEAHQ] L2 BEF 7)o dhal &)
ST A7E B Qo dAE T2 EHS
A B2 VAIsky W Bl AT AEE T o, &
o kst 7ol
NIPS, ICML%-9] st3|5 #a1std wfebct,

1. 83 910 ofof AT Ol
2 BIE 7AES ol8e &4 dof olslel ¥
2 47 olrol thel ekl Avferet,
41 34 A @F0| Zzis By

£4 Ax7lel Zne Jeosm
Ak, Wby g4 Q4719 o

Rl 24 dlo] ols) A% Adto] G Zot ol
3 Ql4] 980 ZAU ALHS TAFE Ao] H2
AL o)4r F Shbolet,

0] ARl 84 QA4710] T ARE o] g
S gFoR ATt AW Qe el ol W
% o} Tt wodol obd a8z, A%y, 84 )
~EF o ge AUE AL Fert Ht ol
9 =

o
=2
a
D
ol
o
2o
[-'O'
ot
J>~
e
K
o
Y
2 o

42 MY A B 0|8

1 vt R slge] ofgt Ael Wy mae
o &Y w ZAIEE AHAQ WA FEI}T FEHb=
Zlofrt, ofHgt M TA(Global Dependency or Long—
distance Dependency) A= &3] A&2& {25 ©
w3 G FERE ASARE o A7 "o olg
sjdstr] Qe WoRes AZH L2E =UshA

H

sl A% ARE AFow FEshs WL6 5
o ol % gt

o (x,y,2)= Bl mddy s gk hix—y,z

ot A .

ol Raul HTolk olae e WA 2AL
5

Fdell digh A7 A=A e

55 4
4.4 HOlE| B5 2H U g HS
FAH VAR B, B3| 3k aigel st g
ME o] oS WA Atk AT &4 Aol
ol SF Az G ot &4 8t doly
g 2L ol uE dolg B3 247} WA
B Bk o) sast] $Ish WA Sk el
ol Bt A AAel FEHE b5 WS of
8% % 9tk oY ohet 75 WU Tk ool
O 47 AGATIE Y R 2] AT ololtt
528
B oA 24 ol ol 93 A W
T8 Aol ol E A 71AISHE | 25



He et &4 Aol o A= 723 £
F BEAE A2€ 5 9en, ol A% uFd /Y
S0 g7EE ok, =3 £F 2d% ol§ 8¢
At 71ASHE EokllA 2 S0 ds] A7
FAloltt. &4 ol ofsfiEete] ohd tFdt §&
ool 23 BF &irFol HgEe aE o
£ 222 7|3 £

1
gy

(1) Allen, J., Byron, D., Dzikovska, M., Fer-
guson, G., Galescu, L., and Stent, A., Toward
conversational human-computer interaction,
Al Magazine, 22(4) : 27-37, 2001.

(2) Price, P.J., Evaluation of spoken language
systems: the ATIS domain. DARPA Work-
shop on Speech and Natural Language, 1990.

(3] Walker, M., Rudnicky, A., Prasad, R., Aber-
deen, J., Bratt, E., Garofolo, J., Hastie, H.,
Le, A., Pellom, B., Potamianos, A., Pass-
onneau, R., Roukos, S., Sanders, G., Seneff,
S., Stallard, D., Darpa communicator: cross-
system results for the 2001. ICSLP, 2002.

(4] Fillmore, C. J., The case for case. In Bach
and Harms (Ed.): Universals in Linguistic
Theory. New York: Holt, Rinehart,
Winston, 1-88, 1968.

(5] Daumé I, H., Practical structured learning

and

techniques for natural language processing.
Ph.D Thesis, USC, 2006.

(6) Sutton, C., McCallum, A., An introduction
to conditional random fields for relational
learning. In Getoor, L., Taskar, B. (Eds.),
Introduction to Statistical Relational Learn-
ing. MIT Press, 2006.

(7] Taskar, B., Julien, S. L., Jordan, M. 1.,
Structured Prediction, Dual Extragradient
and Bregman Projections. JMLR 7(Jul)
1627-1653, 2006.

(8) Rabiner, L. R., A tutorial on hidden markov
models and selected applications in speech

26 §2007.3. AR5 A A25P A%

(9]

(10]

(11)

(12]

(13]

(14)

(16)

(17]

(18]

recognition. Proceedings of the IEEE 77(2),
257-286, 1989.

McCallum, A., Freitag, D., and Pereira, F.,
Maximum Entropy Markov Models for In-
formation Extraction and Segmentation. ICML,
2000.

Lafferty, J.. McCallum, A., Pereira, F.,
Conditional random fields: Probabilistic models
for segmenting and labeling sequence data.
ICML. pp. 282-289. 2001.

Nocedal, J., Wright, S. J., Numerical Opti-
mization. Springer, New York, 1999.
Collins, M. Discriminative Training Methods
for Hidden Markov Models: Theory and Ex-
periments with Perceptron Algorithms. EMNLP,
2002.

Hakkani-Tiir, D., Béchet, F., Riccardi, G.,
and Tur, G., Beyond ASR 1-Best: Using
Word Confusion Networks in Spoken Language
Understanding. Computer Speech and Lan-
guage. 20(4) : 495-514, 2006.

Jeong, M., Eun, J., Jung, S., and Lee, G.G.
An error—corrective language-model adaptation
for automatic speech recognition, Eurospeech,
2005.

He, Y., and Young, S., Semantic Process-
ing using the Hidden Vector State Model,
Computer Speech and Language, 19(1)
85-106, 2005.

Jeong, M., Lee, G. G., Exploiting non-local
features for spoken language understanding.
COLING/ACL, 2006. \

Jeong, M., and Lee. G.G., Jointly Predic-
ting Dialog Act and Named Entity for Spo-
ken Language Understanding, IEEE/ACL
Workshop on SLT, 2006.

Tur, G., Hakkani-Tur, D., Schapire, R. E.,
Combining active and semi-supervised learn-
ing for spoken language understanding. Speech
Communication, 45(2) : 171-186, 2005.



(=)
gnl_l"l'

EESE

5}
FHH

ol

SHAL

19993 ~2003.2 AE st 73
I3 ?j;Hl}

2003.3~2005.2 E3FEcfs)
A4 /\],

20053 ~& A Ea-T ) st
RER

THAJHok ; Language Understanding and Modeling,

Structured Prediction, Machine Learning for NLP

E-mail : stardust@postech.ac.kr

S
lﬂi okl
o

=1

AE R

-4

ol = uf

1984 A hsta el Febe shal

1986 A2 theti FEEFO} A4

. 1991 UCLA #3eshy) v}

1991.3~1991.9 UCLA 7Y

1991 ~1996 Z3}-Talcfstn 2l
1997~2003 Z3-Z oot B
2000~2001 Stanford CSLI ¢

2004~ ZIFFHSta Has

TAlEoF : Natural Language Processing, Speech Recognition and
Synthesis, Statistical Machine Translation, Question Answering and
Web/Text Mining, Spoken Dialog System

E-mail : gblee@postech.ac kr

A 2007 6 25¥€~27Y

R B

D ShedR 5
Z gt B )}
Ll

. http://www, kiss or kr/conference02/index. asp

O oUodoo
ox AN & o o
o b

&4 Ao ol g A 1A |27



