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(Figure 1) Proposed Information Extraction Methodology

(Table 1) Document Collection & Proper Document Classification
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n x (k+1) representation of sentence
(word embedding + key vector)

olo|lo|lae|le|ae

k }

Key Vector

n: # of words in sentence
k: # of dimension in word vector
h: size of vector

Conv Layer with multiple
filter widths and feature maps

Fully Connected Layer with

Max-Pooling dropout and softmax output

Dropout

.

-

(Figure 2) Architecture of Confidence Calculation Model Based on Convolutional Neural Network
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(Table 2) Proper Sentence Classification

Source

Proper Sentence Classification Method

Wikipedia

Naver Encyclopedia

Include “Predicate” in Sentence

Naver News Include “Subject” and “Predicate” in Sentence
AEE 3L A0l Q7] wlZelth =k ull B AL 27 89,7803, 76,0033 315
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(Table 3) Data set of Proper Sentence Confidence Measure Model
Sentences Train Validation Test Total
Good Sentences 64,709 7,115 17,956 89,780
Bad Sentences 54,655 6,147 15,201 76,003
Ratio 2% 8% 20% 100%

(Table 4) Training Parameters Proper Sentence Confidence Measure Model

Embedding Size Filter Size # of Filters

Learning Rate Batch Size Drop Out Rate

128

128 34,5

—4 128 0.5

1xe
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(Table 5) Train Performance of Proper Sentence Confidence Measure Model

Label Precision Recall F1-Score Support Accuracy
Bad 0.8764 0.8763 0.8763 54,655
0.8867
Good 0.8956 0.8956 0.8956 64,709

(Table 6) Validation Performance of Proper Sentence Confidence Measure Model

Label Precision Recall F1-Score Support Accuracy

Bad 0.7571 0.7651 0.7611 6,147
0.7773

Good 0.7952 0.7879 0.7915 7,115

(Table 7) Test Performance of Proper Sentence Confidence Measure Model

Label Precision Recall F1-Score Support Accuracy

Bad 0.7566 0.7860 0.7710 15,201
0.7859

Good 0.8127 0.7859 0.7991 17,956

27 Jepf 3 Qo). AgEg A S4nd do) £ wlolE g A4 $iskd, 9171

71
e FHE dolH Ao 89.56%, 89.56%.

88.67%2] AU =9} AH L,
=& folg *ioﬂ*ﬂ 79.52%, 78.79%,
AT HsS HoF

FA

77.73%2] AUE, AdE
Atk = HAE
78.59%, 78.59%2] ALUE, AH

, A58

dlolE

2 77 negFYT

AT AL R

Aol A 81.27%,
& AgE A

=
to} infobox ] %‘é %A(
B

y-Value)e} ¢]7]4 3}

i 1__
A RS, 2 B 3 = wors
2 Hepae) £4-gk 1% B 67 sl

ol Geldrt &4e] Az

&4 &

F2Y 73-F <init:Key>,

ZHRRY A9 <middleKey>, WFAI2

2 dAFolxe &4
oA, &89 AXB R 7|RkeE gh&
}7] €3+ Bi-directional LSTM-CRF &3]

H

wre) A2 B mae stk 4

d-2t(Key-Value)o] &}

4

[l

[¢]

120

BHO A <endKey>, a0 AXFEY A
<init:Value>, 42| F7H7-2Y 73 <middle:Value>,
el PR B2 79 <end:Value>, &34
grol obd el 7§ <No> 2hi S 87 &
o AT 39 I:ﬂoE



RIA0I~ TS 212

2 9 HE|2A HIFH MM FE FE AIZHO| Y

Qutput Layer

A‘I
\ ' |
+— L5TM LSTiM LETM [t I', L5TM  —
. \ \ \ II'llII [ X I'.lll
Hidden Layer | . ,
M LETM o LETH I‘II",I.- LSTM LSTM "\ LSTM -
\ \
‘n/ \ \/ / \/
Input Layer
E [ ' L E [ 3
Ward POE . Digit Pradicate | . .
First Last Predicate Predicate’
Lookup Cime-hot ‘Word Unit
Table Wector .‘:::Erg[ .::?{g[ Wector Wegtor \\I.‘;E:g :EE:"";
WE=2 WS=2) WS=2) WS=2 N

(Figure 3) Architecture of the Query’s Predicate Based Information Extraction Model

Feature Type

(Table 8) Feature Description of Bi-directional LSTM CRF Model

Feature

Description

Word Vector Feature

Word embedding
(window size = 2)

Embeddings of the word

Syntactic Feature

Word Morpheme
(window size = 2)

Morpheme of the word

Last Word Whether it is last word of the sentence
First Word Whether it is first word of the sentence
Digit Word

(window size = 2)

Unit Word of Query’s Predicate

Whether it is digit word

Query’s Predicate
Feature

(window size = 2)

Whether it is unit word of the query’s predicate

Query’s Predicate Word

Whether it is word of the query’s predicate

Expected Answer Type of Query’s Predicate

Expected answer type feature of the query’s predicate

Zo]e] A &o](Predicate)d B 7Rk AR F=
wdo] AZE Yep 1 2™, <Figure 3>

AR 3%

2d-S 7¥3l=0 &-&% Bi-directional

LSTM-CRF Ed9] AAEo HAAME A3
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o] Aol gt &HA-Fh(Key-Value)E FE3h=

Bi-directional LSTM-CRF7]5F A|HE 2~ 7] 24

B2 ARSFE RAS 7T AR FE B
g2 4 3(Input Layer) >4 Z(Hidden

Layer), % Z(Output Layer) 2 T&5 =4, 4
A= 13 #E 2= (Word Vector Feature;
<Figure 3> FEMo=z d), ¥ A=
(Syntactic Feature; <Figure 3>2] 402 % ¥),
Aolo] A&o] AH(Query’s Predicate Feature;
<Figure 3>¢] HoMoz FFH YRS 7|wto g
ZF ol 5 B3 ofuf, o] 3] HlE| A& o
39 E)(window size=2)E 2|V|3le], ¥ A2
o139 FEA AHH(window size=2), 7} @&
o] 49| wiAEt ©@oflA] o7 A WA tho
1A A RS Yeid= HH, 72 ol Eo] Akl
A g EE YeElY = W E(window size=2)E L}E+
Wit iRt 2, dojol Mgo] A 7 &
o7} Ao AMzofol that TAH R st

2] o H(window size=2), Z 2] &0l 3|
”ﬂhmﬂ &k o35, Zejo] Agofo] tigt 7]
t=Es T HolE Bl WEE oudnt 4
el 7 whoje
A =HH, wpAte® &
Solol] e &4 ARE
& Aol Azolg <]
IAHRE on)), ko

AT ARE 2
)7 E T 9] Score H
HF= 4 ﬂcg ﬂwdq

R

hu 1__

bi-directional

o M

o

e BE7} lT“Q'E] As
IE vhg "ot 2 AT
Aol 7l 10520, ¥
71 F)oll thated, Ao gk g

2] A o] H<Table 9>) 0.2 A F
H oo S9AHR EA AFEE gAY 0}

528 ARE 2ASE FAY

(Table 9) Post Processing Dictionary

Index Query’s Predicate Unit Dictionary
1 Release Date, Opening Day, Birth Day, ... year, month, day, ...
2 Length, Height, Diameter, Radius, ... cm, m, km, ...
3 Weight kg, g ton, ..
4 Speed, Maximum Speed km/h, m/h, ...
5 Population people
6 Age, Life Span age, year, month, day, ...
7 Size cm, m, km, cm?, m?2, km?,---
8 Area cm?,m?, km?, -
9 Price Won, Dollar
10 Blood Type A, B, AB, O
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ARFE mdolA ZEd Ao tist Fr tlolE] A& FE3h=t E8F U
= A48 RS T, ©9 AR F=HEHAS <Table 11>= FJRFE 2do &4 vglu|g
7S g e A94E w3 " 2 A g Ad9sia ok 2 Aol 1003k &
AMe Aol Azo] ZHEE] 1052l ¥ o Y& 8L, 5+ et BGEE, 256
A, &=, 27] )l tisted, A&l thg 2 o] x| =7, 0.59] =FoFS HlES HErER
A RE vE] o] FH<Table 9>) . EA F ARt Shero] g3kt B ATelxe 4
A AY T4 o gAE EA4 d5E E““o} & tlolE Ao AEE(SHE HAE £
o, B4 FE28 JEE BAS = TAE HHASS 7|E02 SEFEE  FH(early
EEE AT stopping) T WHES B3 HHY FHAES
FAE FAHE AR o]F F2E A2 A ZeR =
T 2309 ARFE ~F0E FHI FE 2 <Table 12>, <Table 13>, <Table 14> HHF
F AR 32 23708 224, AF AR F & 2do| T4, A% H2E A%5S 474 Yet
Z 2395 53 &t FEAH] NIEE HUt U ok ARSFE 2de THg Holg Ao
&+ Ao A B 99.22%, 99.11%2] A=} AdE A
58 RAFA 98.64%2] A =(HIE A
332 HEEE 29 @z H B vE 4%)S RAFA =3 74%
Table 1058 AH=Z walo Sasy] o  © GNCTH AAIX 92.45%, 92.11%, 82.75%¢] %
SR8 vlolE AL Al ol F oA ¢ Sem B ARE FAE Ao vofz
o) WolEl7t S H e on, o]% 2% HAE Qom, ]AE Aol A 92.57%, 91.93%, 82.81%
HolE AL TEabot BLEYT, FE 64%, o F A=, Bt AL, A= A5 B
l6%s] Hlolel 2zt EA g wlole] A, WEe T A

(Table 10) Data Set Description for Information Extraction Model

Sentences Train Validation Test Total
Frequency 52,587 13,146 16,494 82,227
Ratio 64% 16% 20% 100%

(Table 11) Training Parameters Proper Information Extraction Model

Embedding Size

Learning Rate

Batch Size

Drop Out Rate

128

5xe 4

128

0.5
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(Table 12) Train Performance of Information Extraction Model

Label Precision Recall F1-Score Support
middle:Key 1.0000 1.0000 1.0000 100
middle: Value 0.9767 0.9979 0.9872 26,727
end:Key 1.0000 1.0000 1.0000 2,090
end:Value 0.9783 0.9979 0.9880 28,583
init:Key 1.0000 1.0000 1.0000 52,587
init: Value 0.9994 0.9993 0.9993 52,587
avg/total 0.9992 0.9991 0.9956 162,671
Accuracy(Ratio of correctly tagged sentence): 98.64%
(Table 13) Train Performance of Information Extraction Model
Label Precision Recall F1-Score Support
middle:Key 1.0000 1.0000 1.0000 29
middle: Value 0.8629 0.8647 0.8638 6,622
end:Key 1.0000 1.0000 1.0000 504
end:Value 0.8629 0.8743 0.8680 7,086
init:Key 1.0000 1.0000 1.0000 13,146
init: Value 09111 0.8927 0.9018 13,146
avg/total 0.9245 0.9211 0.9228 40,533
Accuracy(Ratio of correctly tagged sentence): 82.75%
(Table 14) Test Performance of Information Extraction Model
Label Precision Recall F1-Score Support
middle:Key 1.0000 1.0000 1.0000 31
middle: Value 0.8590 0.8587 0.8588 8,321
end:Key 1.0000 1.0000 1.0000 639
end:Value 0.8686 0.8739 0.8712 8,983
init:Key 1.0000 0.9999 1.0000 16,434
init:Value 0.9132 0.8910 0.9020 16,434
avg/total 0.9257 0.9193 0.9225 50,842

Accuracy(Ratio of correctly tagged sentence): 82.81%
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ot

E AFoA AstE ARFE ndo A
< 97} 3] Ysbed, sK 2EFe] thEd AF
As =97 AR Fol =1 tlolH 40072
Zgato, 91713 o}, vlojw WAL, Yoy
223 A2 RE FHE HABY EAET
B Zojo i3k SntE ARE F=3) WA 4

o AT AljF 22| AT HIHE S,
Ao 7} hxoflA F2H AR AT} 7}
A we 4% 118 AAseon, ARFE &
A 3AT Wu and Weld(2007)2] =2-g Hjo]
ZRlo = MA st H%]olia}ol zﬂOPH 2,
Wu and Weld(2007)3} A|¢te &

3 ofAtE wdo] AJ=S Hlw

l

[ o

4.1 M5t B HolE

AR 3% 299 A%g F7s7] 98 sK
Ay F Uity AFAs 297 NUGUAA &=
HE AR Ao 21 F 400208 AT
<Table 15> A% W7} do| dlojgle] Ao g
ol 2 =g} 7F vlFS Yepdth A8k
dol 2+ Aol =84 U FEo] 99
TVede) 7|#ES ng o g FRE = 9t o

9 =84 SHA mE TFE: 1) H 3 9 (Proper
Query), 2) F23t A 9](Improper Query). 23 &
o= AR dige] Jhesithal dHE=
o g omsiH, R dol= JAd o] 4k
I & Hl=g ARl dojol A, ngA A e
£ ordt. W7k Aol welHAl 4007d0l= A
oot FAE 7} 7t 3897, 110 o] F
A 9lom] 2} HFo] 9725%, 2T5%EA, =

HolAu vl H <l o7t EAH o Aot &
oo gl 7hsdel W 7 1) £/ 7 A
°](Answerable Query), 2) AN E7}F #HI
(Unfindable Query), 3) % &7} #HI
(Unanswerable Query). &5 7Fs 29+ s &
°oE T3l & Oﬂ:rL"ﬂ/ﬂ :rLia A Az A =

el blolE Al 40074011% $97bs Ao, A4
71 Ao, S/ E7F A9 A4 2744, 1044
270 o]FolA glom, Zt HFL 68.50%,
26.00%, 5.50%5A4, EA|E 0] Q= Aot}

(Table 15) Query Set Description

Answerable Unfindable Unanswerable '
Total Ratio
Query Query Query
Proper Query 274 104 11 389 97.25%
Improper Query 0 0 11 11 2.75%
Total 274 104 22 400
Ratio 68.50% 26.00% 5.50%
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<Table 16>= A RO HRFZ &
SA8t7] % EsWES Asta gk de
of Wk Aol AAl FAe EAste A¢
(Actual: True)®}t 1832 %2 74-$(Actual: False)

W1 70

2 TR 5 Qov, Yol BHA EAHA
e ASE 1 At AM #b A

(Unfindable Query)?l 749 % E7F 49
(Unanswerable Query)?l 4% oAl 88
UTE EZ AHFZ A|2Ho] o 53 = A
7} EA5l= 7 $(Predicted: True)t &4 1A
Y= 74-9(Predicted: False)Z FA| T-EE T, o
ARt EASHE A oA 2 A

3

79(Correct)?} E8 ARE FZ3}
(Incorrect) 2 F-EH Tt}
7% True Positive Correct Answer(TPCA),

FZ% 7% True Positive Incorrect

Answer(TPIA), RE FE3A £ 79 False
Positive Answer(FPA)Z TEH T =3 Aol
TAEA e Aol A A B Aol i)

Unfindable(FPAur), ARE FZE3HA] £33 7%
True Positive Answer & Unfindable(TPAur)E -
EHTh npA o 2 o] EASHA] v A
ANA I E7F dojd tis) ARE
<~ False Positive Answer & Unanswerable(FPAux),
HARE FZF3A HE3 H9: True Positive
Answer & Unanswerable(TPAu4) 2 75 T}
ojFA T EFHFH 7 A(<Table 16>
HZ)2 <Table 17>} 2o] ARFE HAeS H
7vekr] 9%k ARE V‘]'O]'**Eﬂ %HE}- B
AT HE At
22 e A9 d5 A
‘(Recall), F1-Score
&ot, 2o Xy
= @QE(Accuracy)
st
A Ago] EAlske A5-9 dF AEs

(Precisiongy,, = TPCA/(TPCA+ TPIA + FPAyp

553 7

(Precmon), A

+FPAUA)) s ndo AR F xZ= Ay &
A A4 &S HARE 2E3 HIFTS on|T
o 2ol Agel EAlsh: Aol ARe

(Recallyy,, = TPCA/(TPCA + TPIA +FNA)) A

4RE F%3 7% False Positive Answer &
T= T alse ositive Swer
s ° S BAe] Aol ZASE A5 F mdo|
(Table 16) Confusion Matrix for Proposed Information Extraction
Actual: False
Actual: True Unfindable Unanswerable
Query Query
Correct True Positive Correct Answer False Positive False Positive
(TPC4) Answer & Answer &
Predicted: True i ) |
True Positive Incorrect Answer Unfindable Unanswerable
Incorrect (TPI4) (FPAur) (FPAuy)
True Positive True Positive
. False Positive Answer Answer & Answer &
Predicted: Fal:
edicted: alse (FPA) Unfindable Unanswerable
(TPAur) (TPAus)
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(Table 17) Evaluation Metric for Proposed Information Extraction

Metric

Formula

Precisiong e

TPCA

TPCA + TPIA + FPAys + FPAy,

Recallpyye

TPCA
TPCA+TPIA+FNA

F1 — Scorer,qye

2 x Precisiongye * Recallryye

Precisionyyye + Recallpyye

Precisionggge

TPAyp + TPAy,
FNA + TPAy + TPAy,

Recallggse

TPAyr +TPAya

FPAyp + TPAyp + FPAy, + TPAy,

F1 — Scoreggise

2 * Precisionggse * Recallpq e

Precisionggse + Recallpgge

TPCA + TPAyp + TPAy,

Accuracy

TPCA + TPIA + FNA + FPAyy + TPAyy + FPAy, + TPAy,

g ARE B2 HFS ofuaT

A0 Agol AT e A5 5 4
W & (Precisionggse = (TPAyr + TPAy,) [(FNA +
TPAyr + TPAyp)) 852 Rdo] AR 3= A3
7F e A T AAR Age] £A4d EAEHA
%2 HFS ongrh. EAJol Ado] EAlst
2] A= AL Ad H-&(Recallpgise = (TPAyr +
TPAys)/(FPAyp + TPAyr + FPAys + TPAy,))
e AA A AEo] SASHA = A5
T RdoX FRE FE5HA] &2 HIFS 9]
Cias

A9 A= 7399 Fl-Score

(F1—Scorerpye = (2 * Precisiongyye * Recallyyye)/

g0l

(Precisionryy, + Recallr,e)), AEo] EA3}4|
¥ B9 Fl-Score A%
(2 * Precisionggse * Recallpgse) /(Precisionggse
+ Recallpqise) S 242 Ako] &A= 299

EAHA B2 B9 AF AL=e AdE A

(F1— Scorepgise =

59 P HS ou|git) npx|Eto 2 mdlo]
Q35 (Accuracy = (TPCA+ TPAyp +TPAy,) /
(TPCA + TPIA + FNA + FPAyp + TPAyg + FPAy,

+TPAy) A5E R3S EEYL A9
F % Agel 2AY AT S ARE F30
Ao Aol BANA e A HUE FF

<Table 18>, <Table 19>, <Table 20>+ Z}Z+ ¢
719 o}, vlolw @M FALH, YolH FEREH
TFHE BAE &85t 400712 Aefio tisl
AR FZ AT Hlo]~ g9l =Y KYLIN(Wu
and Weld(2007)), & <AFolA Atehs 2d,
KYLINZ A td =S 3 &85t X =+
ZAIKYLINO A HRFZ A7} gls 75, Xil
FHE RIS A8y AeHIt ARE [ofsta
AT
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(Table 18) Performance Measure on Wikipedia

Actual: True Actual: False
Proposed KYLIN + Proposed KYLIN+
KYLIN Model Proposed Model KYLIN Model Proposed Model
Precision 87.23% 60.00% 70.08% 59.49% 61.87% 69.25%
Recall 21.92% 25.66% 43.85% 98.59% 92.95% 92.01%
35.95% 53.94% 74.29% 79.09%
- 0, 0,
Fl-Score 35.04% (+0.91%) (+18.90%) 74.20% (+0.90%) (+4.89%)
KYLIN: 62.75%
Accuracy Proposed Model: 61.50%(-1.25%)
KYLIN + Proposed Model: 69.50%(+6.75%)
(Table 19) Performance Measure on Naver Encyclopedia
Actual: True Actual: False
Proposed KYLIN + Proposed KYLIN+
KYLIN KYLIN
Model Proposed Model Model Proposed Model
Precision 90.19% 64.91% 70.54% 52.14% 58.39% 65.74%
Recall 21.10% 33.94% 47.24% 100.00% 91.75% 91.75%
44.57% 56.59% 71.36% 76.60%
- 0, 0,
Fl-Score 34.20% (+10.37%) (+22.40%) 68.54% (+2.82%) (+8.06%)
KYLIN: 57.00%
Accuracy Proposed Model: 60.25%(+3.25%)
KYLIN + Proposed Model: 67.50%(+10.50%)
(Table 20) Performance Measure on Naver News
Actual: True Actual: False
Proposed KYLIN + Proposed KYLIN+
KYLIN Model Proposed Model KYLIN Model Proposed Model
Precision 100.00% 48.57% 49.29% 78.64% 89.69% 89.96%
Recall 2.29% 39.08% 40.22% 100.00% 94.56% 94.56%
43.34% 44.30% 92.06% 92.21%
_ 0, 0
Fl-Score 4:49% (+38.82%) (+38.81%) 88.04% (+4.02%) (+4.17%)
KYLIN: 78.75%
Accuracy Proposed Model: 82.50%(+3.75%)

KYLIN + Proposed Model: 82.75%(+4.30%)

128




R AHo|A SHES 2IF HEISA HIFE ZM0MS HE FE AILHS Y

er

(Table 21) Performance Measure on Multi Source

Actual: True Actual: False
Proposed KYLIN + Proposed KYLIN+
KYLIN Model Proposed Model KYLIN Model Proposed Model
Precision 89.47% 64.49% 69.80% 36.73% 47.61% 55.55%
Recall 18.61% 39.78% 51.45% 100.00% 87.30% 87.30%
49.20% 59.24% 61.62% 67.90%
- 0, 0,
Fl-Score 30.81% (+18.49%) (+28.43%) 53.73% (+7.90%) (+14.17%)
KYLIN: 44.25%
Accuracy Proposed Model: 54.75%(+10.50%)
KYLIN + Proposed Model: 62.75%(+18.50%)

9)7)|F e} AxBRES] ARZEZE Ay
(<Table 18>)9} & 3}e], KYLINT} Hlwale] A
te 2do] F1—Scorerrue’dse 0.91% &3 <Table 21> 97|30}, d|ojw MpAbA,
H A em, F1— Scoregqse, Accuracy, A5 2 Yolw R HEAAS BT 383 A9
7} 0.90% &4k, 125% 742 =190tk 12 W] KYLIN, A9k 22, KYLINT A9k 228 &7
2Rl 2l Atd B 9 &8 79, L8 ARFI AF}E ot vk 4
F1 —Scorerrye, F1 — Scorepgise, Accuracy 242t SRS Rl P IRE P FESRERY) DA SIRE PP T
18.90%, 4.89%, 6.75% 7350l T Ak FOR AR FZ Ay}t EAEA o o

vlold WA A~RRE ARFE A Ah2dA FHE FESE IHE A"

(<Table 19>), KYLIN 223} Hlwalo], Aotd st om, KYLIN Ajte =dS 34 &

F1 — Scorepqise, Accuracy 242}t 38.81%, 4.17%,
430% ).

W~

oo I do [» id

29| F1—Scorerrye, F1— Scoreggse, Accuracy
50l 7 10.37%, 2.82%, 3.25% A=
o, KYLIN 293} Aetd wdS 37 &
&3 A9 A F¥ A=/ o FEY MG
(F1 — Scoreryye, F1 — Scoregqise, Accuracy 212}
22.40%, 8.06%, 10.50% 7).

Yol w2 AXERE ARFE A
(<Table 20>), KYLIN®| H|3}o, #|Qtel mdlo
F1 — Scoreryye, F1 — Scorepgse, Accuracy A
o] Z}7} 38.82%, 4.02%, 3.75% FAEHAOH,
KYLINZ Ate 228 A &85 45 4%
% ATt o Stk HJATHEL — Scoreryye,

L H

-
o

g 73-F, KYLIN 9]7]9HoLKYLIN H|ojH
FAPA-KYLIN vlolH 722k Be] 9f7]
Ftjol-ARbE me] voly WMIAAA-AFEH
2dlo] Yol w29 $AEEE o A
H 2do] YR F2ANT} §le A5 the A
=90 228 ndg JRE FE3}E FHZ
A 28-S FA3FY T KYLIN 2o} Aokd =dd
9] F1 — Scoreryye, F1 — Scorepqise, Accuracy %3
5ol 18.49%, 7.90%, 10.50% FFEJoH,
KYLINZ} A¢td 2d-S 34 &85 49, A5
& A= SUist HIJATHFL - Scoreryye,
F1 — Scoregqise, Accuracy ZH2} 28.43%, 14.17%,
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Abstract

Development of Information Extraction System
from Multi Source Unstructured Documents for
Knowledge Base Expansion

Hyunseung Choi* * Mintae Kim* + Wooju Kim** - Dongwook Shin*** - Yong Hun Lee***

In this paper, we propose a methodology to extract answer information about queries from various
types of unstructured documents collected from multi-sources existing on web in order to expand
knowledge base. The proposed methodology is divided into the following steps. 1) Collect relevant
documents from Wikipedia, Naver encyclopedia, and Naver news sources for “subject-predicate” separated
queries and classify the proper documents. 2) Determine whether the sentence is suitable for extracting
information and derive the confidence. 3) Based on the predicate feature, extract the information in the
proper sentence and derive the overall confidence of the information extraction result.

In order to evaluate the performance of the information extraction system, we selected 400 queries
from the artificial intelligence speaker of SK-Telecom. Compared with the baseline model, it is confirmed
that it shows higher performance index than the existing model.

The contribution of this study is that we develop a sequence tagging model based on bi-directional
LSTM-CRF using the predicate feature of the query, with this we developed a robust model that can
maintain high recall performance even in various types of unstructured documents collected from multiple
sources. The problem of information extraction for knowledge base extension should take into account
heterogeneous characteristics of source-specific document types. The proposed methodology proved to
extract information effectively from various types of unstructured documents compared to the baseline
model. There is a limitation in previous research that the performance is poor when extracting information
about the document type that is different from the training data.

In addition, this study can prevent unnecessary information extraction attempts from the documents

* Department of Industrial Engineering, Yonsei University
** Corresponding Author: Wooju Kim
Department of Industrial Engineering, Yonsei University
50, Yonsei-ro, Seodaemun-gu, Seoul, Republic of Korea
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that do not include the answer information through the process for predicting the suitability of information
extraction of documents and sentences before the information extraction step. It is meaningful that we
provided a method that precision performance can be maintained even in actual web environment. The
information extraction problem for the knowledge base expansion has the characteristic that it can not
guarantee whether the document includes the correct answer because it is aimed at the unstructured
document existing in the real web. When the question answering is performed on a real web, previous
machine reading comprehension studies has a limitation that it shows a low level of precision because it
frequently attempts to extract an answer even in a document in which there is no correct answer. The policy
that predicts the suitability of document and sentence information extraction is meaningful in that it
contributes to maintaining the performance of information extraction even in real web environment.

The limitations of this study and future research directions are as follows. First, it is a problem
related to data preprocessing. In this study, the unit of knowledge extraction is classified through the
morphological analysis based on the open source Konlpy python package, and the information extraction
result can be improperly performed because morphological analysis is not performed properly. To enhance
the performance of information extraction results, it is necessary to develop an advanced morpheme
analyzer.

Second, it is a problem of entity ambiguity. The information extraction system of this study can not
distinguish the same name that has different intention. If several people with the same name appear in the
news, the system may not extract information about the intended query. In future research, it is necessary
to take measures to identify the person with the same name.

Third, it is a problem of evaluation query data. In this study, we selected 400 of user queries
collected from SK Telecom 's interactive artificial intelligent speaker to evaluate the performance of the
information extraction system. n this study, we developed evaluation data set using 800 documents (400
questions * 7 articles per question (1 Wikipedia, 3 Naver encyclopedia, 3 Naver news) by judging whether
a correct answer is included or not. To ensure the external validity of the study, it is desirable to use more
queries to determine the performance of the system. This is a costly activity that must be done manually.
Future research needs to evaluate the system for more queries. It is also necessary to develop a Korean
benchmark data set of information extraction system for queries from multi-source web documents to build

an environment that can evaluate the results more objectively.

Key Words : Information Extraction, Question Answering System, Machine Reading Comprehension,
Bi-directional LSTM-CRF, Knowledge Base
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