20156 Erlstad 23| =2 H22A H|132(2015, 4)

CRF & °|&& FolZ&E 7484 ATEF7IHY

o gk, FERlx, Al x, 1% 5]+

*Hw Al AR 25
e-mail : jrheel7@deepcumen.com

Classification of Essay Discourse Elements Using Conditional
Random Fields

John Rhee*, Dong-Min Kwak*, Sewon Park*, Jin-Hee, Um*
*DeepCumen Al Research Group

2

B ATNE 29 THL2E FEaE I}
@ e 2o 4 B O 4ae 33, 49
9EE G442 F A waste] AAson
Eol ATsle] 9= AR
Fe e wolt olfl il BASL

SUle) f olehel 9 EE A=
e B 2t 242 8 A
gon /1E ATAs, aga e g

1. ME

=& ETS7F F3etes A o=m vid oAM=
10 7t Agxeo] shAlo] Euk Alg 42 Reading,
Listening, Speaking, Writing .2 o] Fo 4 lor & x|
ETS oM erater o AFEAFAIETHS A=t
@ EoQAI A Aol AbEstar Stk
ETS e-rater ©] ol Alo] A4S F 8 T/ A4
< o]&3ste] Atet HEFE dAS5sked oA =
o] A (organization)o] 7Fd =& AgF22%) S F=
Aoz WA oAole] A& EAstEH oA
o] 9] A @ A (discourse element) 52 Ztolof 3t} ETS
A A= ©]Z introductory material, thesis, main idea,
supporting idea, —L2] 3L conclusion &2 “g2jsl™ $]9]
TALAEE BT ZtE dAol7t g & et
oA o)y dt FAHQAES o]&3te] dAole A
g, BEA SO AFAd 5A4S w4 9
r} Bl

NE AFAAE FHLLE FHA/] 8 2ol

R4

AR g0 EUAS 74T generative RES E3
A o Aol S meg g

AT E Fo] st TS 7] HeliAE
Qhol FA 8 AEo] FAHAQl AAE 7 Aolgt
S 7FASAL time-series RS o] gdlo] o] =
Stk of7]el H&EojA dHolEHE mugd I
} ¢l discriminative =221 CRF ¢ A%5o] 7%
U Aolghs 7HgE sta oy Haleld ¢ag
S o] &3t FAHLAE EFIIATL

N m fo  rjr |4
N
[

ol FWa7] gl 2 gel A B
ol dlolel 27, 4 ol M AR
N, 5FNNE 29 2%E AAEH 6
3 g5 AT HAE A,

(i
- 2
-
b
=
w
ot

2. HEHAT

TAHLAE F58te = AEE 2000 ) ZukEE
2006 A7kA] F2 ETS ol A 2 333kdch. 7)ol &=
T2 YRl ERVIE ol &l F5eE = AlET}
21 21T}, Burstein <= Naive Bayes = ©]-83| 4] Thesis
4S5 3= d 9lo] A 043 9 F-score 7} LhgkThE
3k o Alo] 2] Thesis ¢ Conclusion 2 C5.0 E& &

o] &3 EFatH = A= 27 054,08 9] F-
score 2 H LM

T3 805 time-series RS o] 83 H7hg
Ab#| 2= TOEFL 9] e-rater 7} Q1o T8 A|2ES
ol g3tel FHanT FEFYE o AlzEelAE
time-series 223} AWk EF7]E Eete] ARE-Sklt
Time-series 9 4 8429 n-gram & 53
p(xly)S =% 3k generative RS A5} o
AW B F B €50 EFE AMEEAL o] F
mdleje] Fxw EFE Jdsiglen o5 o] &3
intro, thesis, main idea, supporting idea, conclusion =
EHF8k= d 2ol 0.85 9] F-score 2 o] Fof W) M
A7 Burstein & T LAE FSE AWTE
THARE o gaA o AnA, Bo] 4L
stetshe Wwgos A5 APstm Yokl

- 787 -



20154 &A|skagtEr

Tl ®223 M15(2015. 4)

Trox
|_

CRF 2] 2000 Wt Zykeo] &AL}
gulglon dugEHS AUfstE =Fo] & et

Atk CRF & time-series =¥ Fo| A&
discriminative 3+ A A& =31 1o} dlo]E o sl

S99 49 @ Bast flok olel @ ol§w 7
Aol =AY dEel BPAS MY 4 flE

dlolgel el s HMM Bt Aso] & vthe
7 0] %"54513}.[8]

A Al ]O] HE 243
sentence parsing < #|°ll CRF & %
generative Rdrt Asol Z
U Aok B a9l o] sentiment & 718 ©)
1o 4 CRF 7} Naive Bayes XU} Ad%5°] e AL
BHolxoh B mpeko 2 Noun Phrase Chunking & 3=
Eﬂ 1014 CRF 7} th& Zarg] ol vla) Aol
%O}E‘r% AL By
H AFo A= CRF 7| time-series &2 o] H 4|
discriminative .2l o] 2}i= o] do] FA 4 FFI
Akt Zlolgtal Hal o] 7|Ee A Ay, a8l

te dauEFEe] A vl
3. Hlolg

2= Ty 7 ot 2 EE fAlolEE
&l HE 1969 719 S cllAlelE o] &du. 7
of Aleell thefA = a2 Gt A/HbAlL F419
HI7MAE0] 2t &S th eS|s(ts), main idea(mi), “12] il
supporting idea(si)= % 31t} Thesis &= ol Alo] 7}

AAH o2 F43sH= 24, mainidea &= thesis &
S 3= 7], 18] AL supporting idea = main
idea & AW 3sI= AR Gopgion ofut
Fiolx skl e 49 unknown(unk) o =

A28kt

unk ts ts

mil milsilsilsilsil
silsil

mi2 si2 si2 si2 si2 si2
si2

unk unk

<2d 1> o Alo] £ i oA

2 1A shue] ol Aol A g kel T
AAE B 5 Utk
7F el Aol el BrhaEd el
FrrEdom 7k FhH e )4 Tablel ¥
Zorrt.
<® 1> 3484 3%
| v | A B | A% |

ts 2825 si2 8856

2122 341

9355 931

2118 11957

T

st 7] A=
I e

<™ 2> 7.

S =

Ae F230m o) Jﬂom
o] 2 time-series

30 et ot

AT N A4

2. B3¢ AL dehie 2
ex: O]J/} 7]’0, A

3. B 24 AR A4
ex:$-1<x<1$, x 7} 1o 2H5Td+=E A

4 TER A5 A A7)

ex: B g, =73 e L

R, B AT AL A8

v“':% HE, + o] +4Hs .

6. %94 THA 84 A o545 714 AH4)
ex: 34713 EA} 9 A}, R AL

7. 744 unigram Wo] EA of 7 (48 7He] AHA)
ex: third, finally...

A e A4

Hu

u?ir{n

14
o [‘E
E }01'

P

<19 3>AREH 24

& 187he] Aol ALEF o HMM, GMM, NB
of A% A AFTE IR wol Aol Wabe o

- 788 -




20154 &A|skagtEr

=28 HI223 HM|15(2015, 4)

AT} ol HEHEE7] 9138 A K o] 5 (Information gain)<
3l 9 daFEY Avs M Eole AE e A
(10 ME A7gstar AFEsFsiTt.

TOEFL djAlo]e] FA4d 84 Alo]9]
Rd=slr] 913 CRF & ©]&3F3lt
FAl o7 wdgEn feature function

of we} e el D,

CRF za’u

<19 4>CRF 29 32

HMM ¥ 22 gejo] wdS % &st7] 98] 19
5° FEl= Hol = CRFE o] &3te] LA ATt A
A3slsl7] Y= L-BFGS & o] 239 o™ inference
= 9@l forward-backward <i1e]& S AF&-3FI T

<712 5> Time-series @0 A} 17>

A8S 13yst7] 98 HMM, CRF, ZL2] 3L Decision
Tree(DT)= Mallet 2to]B g & o] &3 #&3t3om
Naive Bayes(NB), Logistic Regression(LR), Gaussian
Mixture Model(GMM)+: weka ZholB 2 g]E AM-&3}S
t}. B E 2132 10-fold cross validation < ©]-83lo] A
54 A7k,

5. A3}

-4 CRF & &3 A= 7|=9 AHdE 5 7}
T Adeol =2 AlxgF vusdr), o] FRA|H

2 oY YnYEFES U AsHolthl

<3 2> >)Z3 32 CRF Y F-score ¥ 1

CRF | Voting System
Ts 0.712 | 0.73
Mi 0.893 | 0.76
Si 0.910 | 0.91
Overall | 0.892 | 0.85

7159 yeb e Al2Hlo| H]’EH CRF 7} Aol
o= e gl F e dn 57 CRF & H]
STAS Rt

<® 3>CRF & 92 2328 %9 F-score ¥ X
GMM | NB HMM | LR DT CRF

Ts 0.556 | 0.608 | 0.673 | 0.740 | 0.727 | 0.745

mil | 0.547 | 0.324 | 0.779 | 0.925 | 0.925 | 0.937

sil 0.463 | 0.585 | 0.415 | 0.898 | 0.898 | 0.922

mi2 | 0.04 0.631 | 0.183 | 0.914 | 0.914 | 0.920

Si2 0.32 0.0 0.607 | 0.891 | 0.891 | 0.906

mi3 | 0.009 | 0.0 0.796 | 0.847 | 0.847 | 0.851

si3 0.046 | 0.0 0.032 | 0.816 | 0.816 | 0.836

Unk | 0.448 | 0.731 | 0.806 | 0.806 | 0.806 | 0.822

total | 0.396 | 0.554 | 0.609 | 0.852 | 0.856 | 0.872

%35 HU CRF & 3 7484 450 7H
T AS & Ak E=d B dagFo] HA
o= mi3, si3 o Wig Aol WA yte HE
g = o o= ool wet 3 e F=
shA] = ollAlo]l k= 3lo] “’L‘O] SA o= Aol
3 F53%} AT CRF & H|&3t discriminative $F
RAEL dvkor RE Aol diE] 124 e
o] AFsitte= S gl F ATk

npxuto 2 FujEA = oA 2 AN
generative & ZFol| A= HMM ©], discriminative =%
oAM= CRF 7} 7F¢ Aseol =te et =,
generative model, discriminative model Wol A= time-

series =29 Also] Aul BE olygl=Rul Aol

o g A8 gad £ 2

6. Za}

6.1 Time-Series vs. Non Time-Series
2o FAR27 £AH I

A&l ZF Aol ule] —‘%Xbl TA =]

¥ U4 CRF o HMM & %83 4% ¥

A3}7}h vhgiet

<E4> 3HY FHE AR AT 45w

HMM | CRF
Normal | 0.7650 | 0.872
Random | 0.3750 | 0.7163

=& =S Hrkl A HMM & dub o]
5ol, C

Asol, CRF & A9-ol& 16% o]/ Apol7t vhgre
H oolg Fl S olAlele] ALY} o AR
=M FFE Teves Ae & 5 0

6.2 Generative vs. Discriminative

AES dstHA S7FA] SolAFakS  time-series
Rdol HMM o] ¥4 5 %} gFEY dso] ¥
oAHXttE= Holu, ATk ¥ 3 & B generative &2
o] AwurA o= discriminative @ KX T} Aol "oz

o PN
o= A1E 5 5 9

argmaxyp(x|y)p(y)°l

A
Generative =21 A5

- 789 -



201514 =St B3] =2X! H|223 M[15(2015, 4)

71wk}, whekA p(x| )% FaloF 3t o)== dolHE Manning. Efficient, Feature-Based, Conditional Random
2dggor = AL gu|st). dlolgle A o] Field Parsing. Proceedings of ACL-08: HLT, pages 959-
WolA2 wug 0}7] oE AW o= 7+A3}a}ly) 967. 2008 _ .

< ,g Zro] ZAR BB EYXS 745 [10] Yi I\_/Ia_o. Guy Lebar)on. Sequential Models for Sentiment
; PB] LR 6 b 2ol = e S ree Prediction Proceedings of the ICML Workshop on

Learning in Structured Output Spaces 2006

[11] Sha, Fei. Pereira, Fernando. Shallow Parsing with
Conditional Random Fields. In Proceedings of the 2003
Human Language Technology Conference and North
American Chapter of the Association for Computational
Linguistics. 2003

p(Ck, X1, X2,. .., xn) = p(C)p(x1, X2, ..., Xn|Ck)
= p(Cx)p(x1|Ck)p(x2]x1, Ck)...
2 p(C)p(x1|C)P(x2ICy) - - . p(Xn|Ck)
<a¥ 6> 27E 3Fo =HA

 Hset 59420 Ad S oy
olo Wl discriminative E 22 argmaxyp(y[x)°ll 7|
Wt witel] dlolHel thgh 7PEE skA et
ol olF = A dlolHE FI FEH AHHES
discriminative = ¥-& o] &3l FA sk o] o A e}
 discriminative 2.2 ©] generative RREHT A%F
o] o & e RS Hws 2 9}
6.3 F¥F AT IA

FgFol= ts, mi, si R ooplE FrpH o
introductory material, conclusion &< F71%< T4 &
A EFE dSete slo] AT A 2 Aotk
B3 RBM, SVM 59| F7F4 Q1 dare]Fate] e
AW B BEAE FH RS ATHAE 2 Aotk

ok
o

g

[1] Yigal Attali. Jill Burstein. Automated Essay Scoring With
e-rater V.2. The Journal of Technology, Learning, and
Assessment Volume 4, Number 3. February 2006

[2] Jill Burstein. Martin Chodorow. Claudia Leacock.
Automated Essay Evaluation: The Criterion Online
Writing Service Al Magazine Volume 25 Number 3 2004

[3] Derrick Higgins. Jill Burstein. Daniel Marcu. Claudia
Gentile. Evaluating Multiple Aspects of Coherence in
Student Essays. Handbook of Automated Essay
Evaluation: Current Applications and New Directions.
267-280 2013

[4] Jill Burstein. Finding the WRITE Stuff: Automatic
Identification of Discourse Structure in Student Essays.
IEEE Computer Society. 2003.

[5] Jill Burstein. Daniel Marcu. Slava Andreyev. Towards
Automatic Classification of Discourse Elements in
Essays. In Proceedings of ACL-01 2001

[6] Jill Burstein. Daniel Marcu. A Machine Learning
Approach for ldentification of Thesis and Conclusion
Statements in Student Essays. Computer and the
Humanities 37: 455-467. 2003

[7] Charles Sutton. Andrew McCallum. An Introduction to
Conditional Random Fields for Relational Learning.

[8] John Lafferty. Andrew McCallum. Fernando Pereira.
Conditional Random Fields: Probabilistic Models for
Segmenting and Labeling Sequence Data. Proceedings of
the 18th International Conference on Machine Learning
2001

[9] Jennry Rose Finkel. Alex Kleeman. Christopher D.

- 790 -





