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Abstract

Web documents have grown to 29.7billions Feb. 2007. Probably more

than 30billions documents are there at now.

We need part of speech detecting, context analysis and semantic
analysis for using these electronic documents and also understanding
efficiently. All these techniques are needed disambiguating sentence
boundary or detecting end of sentence. But lots of definitions of
sentence give us confusing while detecting sentence boundaries.
Generally we use punctuation mark for finding sentence boundary, but
there are many sentences which does not have punctuation mark or
using punctuation marks wrongly. So we need more sophisticated

solution for solving sentence boundary disambiguation.

This paper suggests general purpose sentence boundary detection
system which uses language statistical information gained from corpus
like syllables or lengths around sentence boundary. Besides I tried to
use general purpose features which 1s not related with special domain

or language.

I tried to learn features through using machine learning techniques
empirically. also experimented for two kinds of language Korean and
English to confirm the general purpose system. Finally we found out
that these features are applied to both languages.

There 1is little modifications for experiments with before, and

reasonable result came out.
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lo]ar HHo] & gEo] 08td, JIEZT k2 0o] Hrh[21]
Lo T — ¥ 2 dEZY Zo wE W3
T A EZI Ay
s SE olABATf oiLte] 2
-:.- ] 'll ==
ost / \ srireny 2l 2ol 3te 42
a 1/ !
1/ \'-., 2E QIAEHATL ZF SA
/ Entropy ==
1 of $8 SUs 28
; P S S S S S II". Zt Zefjao & =50 A
0.0 0.5 .o | |Entropy]| <1
. Hotx| e A9

1% 1 Binary Entropy Function

= Arel5e slolA AYe A=y glol WA HAE ol
& AR glolv] ofelst gol FF % vk

Gain(S. A) = Entropy(S) oz

I'"|'|-'I'-"~:.|.: b
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ID3 (Examples, Target_attribute, Attributes)
Examples: the training examples
Target_attribute: the attribute whose value is to be predicated by the tree
Attributes: a list of other attributes that may be tested by the learned
decision tree
Create a Root node for the tree
If all Examples are positive, Return the single—node tree Root, with label = +
If all Examples are negative, Return the single—node tree Root, with label = -
If Attributes is empty, Return the single—node tree Root, with label = most
common value of Target_attribute in Examples
Otherwise Begin
A <- the attribute from Attributes that best* classifies Examples
The decision attribute for Root <— A
For each possible value, v;, of A,
Add a new tree branch below Root, corresponding to the test A = v;
Let Examples,; be the subset of Examples that have value v; for A
If Examples,; is empty
Then below this new branch add a leaf node with label = most
common value of Target_attribute in Examples
Else below this new branch add the subtree
ID3 (Examples, Target_attribute, Attributes — {A})
End
Return root
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Churloek

Rain

Sunny Ohvercast

Humidiry Wiss Wind
High Naormal Strong Weak
Ne ¥es

No Yex

1% 2 Decision Tree, Play Tennis

IF (Outlook=Sunny) and (Humidity=High)

THEN PlayTennis=No
IF (Outlook=Sunny) and (Humidity=Normal)

THEN PlayTennis=Yes

2.3.2.2 423} 7}#] =] 7]

@D Pre-prunning: Eg] AA =Tl 7K X7 & 53

@ Post-prunning: Eg]E AA 3 o] F o, 7[R 7|=
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U2 49 JRol59 EAN ol o]yt gho] 7MY FQs3k £40
2 AeidEn, ol tpHEe] kS Atk AlAFT] AdA AFEE
I A= ol GainRatioo] T}
. L Gain(S. 4)
GainRatio( S. A) = ) :

Splitinformation(S. A)

GainzkS Splitinformation©. = A f3t 3+ ko] GainRatio©]t}.
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t}A], SplitiInformation< ¢ollA 5% NEZYE F5t= 2
FrAbgHe, AEZT O] 544 teke s 7H A= JdEZ Y
7ol Zrolx| A ut 03} 14}ole] zlo] AMAE R GainRatios T+
wjo thH ] ke A9 =AFHT[21].

2.3.25  BAS 3k e Ev BEYA dHeolHe A

ot A7 2D = e, gkel mhA /li=(Missing) =3
g gk, wAolY AAY Bad Fe2 o] ¢A(Outlien ] & 7HA
AW &7 (Error) Z28]al £A43E Alelol A M =Zbol] & dlolH
£ 7H+= EY A (Inconsistent)d] 4-5-7F ATH[7].

# 3 Ho|y FZR/Ol ULE Het

Hlols E Aoy

=etMst gk | Binning
(Missing) 7H dubMol o2 hA (Hdgt, sYat 3)
Regression
CHE HM S0l FAIE 22 A
Heuristic
=277 2 M2

Classification

M £ 9| “unknown” #ULE EF
32 Clustering
(Outlier, Error) Y E£= MAHLH olo|H o|ate] aFe| ColE{Th MEH)
=LA Heuristic
(Inconsistent) 71& =2 HIOIHE ALS
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2.4 A=

2.4.1 Weka

WEKAY University of Waikato oAl 7% =pu}r|wte] 7] A&k

& EFRAGUIINS BHE 7 dE ol 2E A w ok, =
 oEas dolErtelyd TR R 2udE R /W 52
43 F7k TRl Jbss, ovl FAR FEE FuAF 5L T

WSl ALglE S olTh24].

2.4.1.1 ARFF Format

Weka + WHxeo J=dolg x™<¢l ARFF (Attribute Relation
File Format)& AF&3l=d AFEHS oo} Zo[24].

H 4 ARFF Format Notation

Notation Description Examples
% =M % sentence boundary detection
@relation HolE &g M9 | @relation sentence_boundary_detection
@attribute EM87d @attribute { enum, numeric, string }
@data st& O ol &

% The weather data
% This example was copied from Witten and Frank's data mining book
@relation weather

@attribute outlook { sunny, overcast, rainy }
@attribute temperature numeric

34




@attribute humidity numeric
@attribute windy { TRUE, FALSE }
@attribute play { yes, no }

@data

sunny, 85, 85, FALSE, no
sunny, 80, 90, TRUE, no
overcast, 83, 86, FALSE, yes
rainy, 68, 80, FALSE, yes
sunny, 69, 70, FALSE, yes
rainy, 75, 80, FALSE, yes
sunny, 75, 70, TRUE, yes
overcast, 72, 90, TRUE, yes

Sy

obeiz @ol EAAA 142 1% ARFF clAlolth. AgH
e & 10, AYELY S48 NG TN Fug,

1
BAge] 4% Y BAge] 4% FEZ wastel At

{

@relation SentenceBoundary—weka.filters.supervised.instance.Resample—no—
replacement

@attribute punct-type {0t&l &Z, =7 =
@attribute prefix—-pos {P_FE ,D =0, 8FAt, At 7| Eb}
@attribute suffix-pos { et=2,01& E 22%, 22U %, 2 =20], 5K}, =X, 7| EF}
@attribute prefix—syllable—prob numeric

@attribute suffix—syllable—prob numeric

@attribute prefix-token—prob numeric

@attribute suffix—-token—prob numeric

@attribute prefix—size numeric

@attribute suffix—size numeric

@attribute sentence—boundary? {yes,no}

@data

Ol& = 8=, 8H=2,0.958653,0.844741,0.903459,0.777778,23,41,3,6,yes
ol&l &# 5t=2,8H=2,0.958653,0.794043,0.888563,0.683558,10,32,6,3,yes
ol&l & 5= ,8H=2,0.958653,0.826597,0.903459,0.918239,50,21,3,6,yes
ol&l &E 5=, 8H=2,0.958653,0.922689,0.903459,0.909185,12,23,3,6,yes
ol&l &E ot=2,8t=2,0.958653,0.922689,0.888563,0.815845,15,23,6,3,yes
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4.2.2.1 MED g5

HEHY =
Classifier Precision Recall F-measure
BayesNet 96.2% 91.7% 93.9%
NaiveBayes 95.4% 87.8% 91.5%
Logistic 96.5% 97.7% 97.1%
g@ﬂgggﬁ; 95.7% 97% 96.4%

kNN 95.4% 96.3% 95.8%
AdaBoost 93.4% 95.3% 94.4%
Dagging 95.2% 96.3% 95.7%
Decorate 96.7% 96.6% 96.6%
LogitBoost 94.7% 95% 94.9%
ADTree 94.2% 96.4% 95.3%
Bagging 96.6% 98.4% 97.5%
J48(C4.5) 97% (2" 96.9% 96.4%
Random 96.8% (3") 98.1% 97.4%

Forest
LibSVM 96.7% (4™) 97% 96.6%
Maxent 97.5% (1% 98% 97.8%

1. ZAEA

Q® HAIES 7o =2 31 49 4 719 Classifier A €]
W, B4/ 94e A Adg wrks AoEol

43



jor

]
i
AR
2l x| %
2|l o | ©v | &S|
m (o)} (o)} a
=]
R S B
Szl
0 (2] 0 a
R (o)} N = =
=
Sl s|g|s
Sl TS5 |5
2] 2] 0 o)
m (@)} (@) a =
A
S|l s | @le. =
b= < |2 &2 §
= |5 $% 5
2| » @) = >
@ — S o <
m .m 0 aF M
O 1| 2 |

<
g
_ﬂyl
T

@ 1,000 A7F HA &= SEAF A 1o 100 wi7F A= g

—~
10

{|m

mil
;T

)A

4.2.3 775 78

A A 2% St Maximum Entropy 7

A xf=

Ay

o

1
[e)

3

1.

44



4.2.4 Wall Street Journal I3 o] tjst A3

npx 7R 2 3452 10-Fold Cross Validation &% 3}l o™, 54

d B4olA A 2 AEE FHsAn

1. AdZ3}

H 8 Wall Street Journal I A0] CHst A Z T}

Classifier Precision Recall F-measure
J48(C4.5) 97.8% 96.8% 97.3%
Random 98.2% 97.8% 98%
Forest
Maxent 98.6% 97.4% 98%

Heuristic = F7}8tA &1% =& AH%5S UeHozEH
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B 9 JIES/4o xpHo st ds4dd ot
Removed Precision Recall F-measure
Feature
Complete Set N o o
(All Features) 97.5% 98.2% 97.8%
Base Set 92% 93.6% 92.8%
(Punctuation) (-5.5%) (4.6%) (-5%)
Prefix-token-tvpe 97.4% 98% 97.7%
yP (-0.1%) (-0.2%) (-0.1%)
97.4% o o
Suffix-token-type (-0.1%) 98.2% 97.8%
Prefix-syllable 97.5% 98.2% 97.8%
97.6% 97.9% o
Suffix-syllable (+0.1%) (:0.3%) 97.8%
97.8% 97.9% o
Prefix-token (+0.3%) (:0.3%) 97.8%
97.3% 97.6% 97.4%
Suffix-token (-0.2%) (-0.6%) (-0.4%)
Prefix-token- 96.4% 98.4% 97.4%
length (-1.1%) (+0.2%) (-0.4%)
_ _ o 0,
Suffix-token 97.30A) 98.3% 97 8%
length (-0.2%) (+0.1%)
1. Adead S AAsta AR A, /F ESY Ao
EFY 78, 774 vo2 T4 9IS 1
2. WhHe] F X gF oo BEE Fo AFe o3|8 AHEE
S "ol = dAds Bl
4.2.6.1 7]19%7F o= RS A AL A
H 10 7|0{£7t HoiX|= XHE HA = A€
Features Precision Recall F-measure
12 features 98% 98.9% 98.4%
10 features 98.5% 98.1% 98.4%
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