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7} BAE 27)9] HRYFE Z MRS A H2E | 1 B B4 #EE A7 5849 3 slsAel
ZItEE £k F shuolth. Wk, B AFE T4 #d ARG AWY 5 B2 4 )
HEES oz 7 dA YEYIE &85 2] 7Hx%ltﬂ F27 °l°ﬂ gt AsH7IE A=staA) sk
7 gM YEHT #H 7E F8 AFEC] FE2& 53 A AMAYE Al A gAS FE EXZ 3}
Ao, B dAT7s T4 AEFTE Bdo] e A4 NAE AA 9 %éé FEHoZ dv} 71E #d AT
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1. M FoIA A, AAd oy SAHIA, AR 2
)3} oA Z~HE AH| 28] ;A1 227717
T= AMdzle] AggH F= AAARA &o] FEI T} (Dong et al., 2014). X|4])7]
(google knowledge vault) ZZ A E S} vjo] 22 4 H7)&s oA 2ES tedl 2EF A
ZE| Bing AAlxle] 288 ALEE (Satori) R g sls Ao] olUe} omA oz Hast
TRAE T AWY AMe 93 x4 7 © g Ty, ol H2EV} JHAE AH e
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EAE EdHoz sy olg s 7| A}
olflE 4 Y= FH 2o ANAZI AHH
gt dAYAT7 AERENT, HZol= RDF

(Resource Description Framework) triple®} € =%}
o=l ALAY (World Wide Web Consortium,
W3C)o A THE ¢ LEE 2] 2oj¢l OWL (Web
Ontology Language) 52| tF= Ao (Markup
Language) T80l BEAo=R 83 Q)
t} (Etzioni et al., 2011). A2 o] Fo] 7 Al
o] A2 o] miag dojE HH LEEA

FHE Bl 7A} elrld oz A A

g 4 dE Fuz apac,

RDFLF OWL} 28 A4 58 & £25} 4]
o Fol7k AT, F A el e Rue} T e
£ 9l @ Ao B JRE s EYE Y
4e AW FEHO| Yk EYE TR @
d9le] ANYRE Gohhx, ge EdFo] A
2 AFHUA A4 do]ejulo]2el LEZA}
wEolAs] B LERAE TASE PHL
Aol A3 LERAE BEE P43} gy

Zoll ofaf A-s3tE W20l l=Hl, WordNeto]
U} Wikidata, 12 21 Freebase] & A&7} Het
A& o]&dted LEEAE THste WHS
A E FoF oA 2 SRS 2EEA
TE5E F Avhe ARo] o, o ke =
H &34 AIZE o] g o] Hrhe TRl o]
t} (Bollacker et al., 2008). 53] 2 Q3 x]2]7]
tlolE 7} W& el AAUAY, MEZE A
o] A&Ao|1 wWEA YA S Fokll A= A
ol A AA7IE FF87 o US dalst
o mebs, Aol AR 2EEAE TFEEHA
%1 AEskd A FEE
=3k ol E3] ATEHIYT (Lee and
Sohn, 2013; Kim, 2017; Kim and Lee, 2019).
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(Ontology Learning)©]2}al 3}, AR A
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FZ3h= S o] 20 (Navigli and Velardi, 2004;
Banko et al., 2007). ¥ 02 AR AR] 2~7]uf
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ko] EAS ZHA Eot (Etzioni et al., 2011).
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23t} (Socher et al, 2013; Nikel et al.,
2015). o9t 719 w4 A UESZ 2Y
2 o|n] EAJt= A 1] VA FES &
X2 A ok &, AR diolg o] A2 5
H Fox MAW ARE g5 Zdo 49zt
o7 &3t a8y B Aol = ol9f jE

ooy i bdooff po L
2|
Z
(@)
&
ojf
o
M e
-
<
4r
)
e
>
T
m
do
u

#43} BHo) whet Boivt gebd 5 Y A
Agners Aold AR B} ojH.
b @274 Le BAL W FAA
ol FA Ael7h BLsi,

B ATE AFoR ANYRE FETE 4
S A B 99 e AAE QA
o2 FHa] S8 7 WA YENDL BY
59 48403 AFHA T4 AAET #A
A4 AAY F% 58 AASLA Bk

B AT} AL o thed 2k A W

2, 2 ATE F4 EEET B8 Aol

ZERNH B Aojshd AXY Felx

A2 glo] ELE ol FE5E PUE

RAAGE, 74 FA RopAE Baksha 4

F ARES £8317] e 23y A4

3 2EAQ B EE Fuvt AT 5

o mebA B AT AT 14 B

29 AAYE Aold] Bt 2PToR E

=z o

e o

ofN oy 2
ol
-1

a
&) flro

d A AR

&—b;&r}mrﬁrlrrgHu%fﬂ%;&gﬂ;\emlom@%
=

)

W HA YE ;
Ath 712 e WA HEY a0 B o
oju] EASHE EelE doleluo] s Yol A
AE FEse BHog oozt 1t
AFANE AAHL E2lE olEuo] s
o] AL 223 Ae BHoT 2§
e PsAe AN A WA, o7t
=l bl

8 o



A

rz
ot

e
-

>

T =< I )
M et e

rL
=2
i)
2

mo> >
tlo I N
2 E
i 2 i
o 3

o)

H
rf i

B o2
e o

o
e rr
SL

L
:m

‘U B
o,
ol
o
Y
Nl _;

5<& $%&7] EXEMPLAROIA =2+
FZ3 ¥ (hand-crafted extraction rules)= 2|8
3 EfES FEIIAUTE (Fader et al, 2011;
Mesquita et al., 2013). ¥4 20133 Del Corro%}
Gemulla, &)1 20143 Schmidek®} Barbosa2]
Aol e BFS 725 EYERE HSAT
7] &old Tt FRoE A= AA S
Tl RY o LR/E Hasele A5 IS}
ST+ (Del Corro and Gemulla, 2013; Schmidek
and Barbosa, 2014). ©]¢} §-A}5HA] Mausam 5=
EE 727t FE TATRAA 1, 2, 384
of Hgste F4H T& TG HFET =0l

F kst He FEsIuA AT (Mausam, 2016).

Mesquita
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O

Banko &3 Schmitz 52 2 71H
1F WA 222 gpillglo] o] Fo
elo] AAEE HH S /\]_,_o}ga_ojq
3 54 =mQle] =3k A] o2 W8 I
E& A 3R T (Banko et al., 2007; Schmitz et
al,, 2012).
371 Aed
ZIA7} A ‘F
sl z]é,ﬁ

R}

.
A

H| 1 q]ch =
A ko) 2L B,
st AT7F A EHo ghek thEZ <l
2013 Socher 53 20153 Nickel 5ol 2]3] ©]
Foiz oﬂ:rLol‘:]' (Socher et al., 2013; Nikel et al.,
2015). 7 AT 27 AAZ|NE HolHE 334
A (tensor) 2 Aogth= FFHC] Utk 27
o] /WA o] shte] #A (relational edge)= A4
s EFZL 209 A 2LdF ke B
A 2oz mjFE 3x-Y FH e vlA F
Z2 HIstr]ol golstth. vut F AgolA A
st "lA o] FEj= Abol7) =T, Nickel 5

9] dAFolxe A3 EFE dloly A7t OP/}
o] Atz €A Lol T ] AAE F3 g A
o IA Foll wFEHH, o] A= 'lA &ojA
shte] ElZo] shtel A et B 9
u)gke}, o]of] Wkl Socher 59 ATolAME st
o] EF)Z A F Ao Ao 7HA = WE gL
o] WA Zoll WjBEH™, o= st EgZo]
shte] dA gt 7= FEE orldth od
Aolol] wal Nickel S& TR ElA oA &
om A4 = AdE FE3] S8l "A 9
Elglo]Alo]Ad  (factorization)©| 2l AR E
(latent model) S &-83ith WHH Socher

[e)
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=]



2 HA UEYT 78 T4 HEES RARHE £ GHo| BE o7

T "AC g JIFAEE 2E wE ElA TR =E FE3te] gropd & Q1S Aot whet
HES A Zd& &&3atn, ojn] 504 U+ Al JEoF A FAAFE7E FE2H ARE o8
EZE HolEHo]2E tEeR NEL == dto] EAE FE KoM 54 F53% B &
o] BAE Ttz st < FH2E E/78dE  UAvE, o= AR &
T Al Bt IR AXE FEIAT
I FES 5 AS Zlolth A Aot &&
3. d22d Wilol et tekd it Ao, & Al
Ae T2 B B A NESEY d-o] &
AEAA AFsHA %, AsAAFE=H #dd < FZH=E ARIgsle ERAUE s 53X
ATE OgFE £ AR R o)y 2 3tk
g o Lol HAERRY AXs FE3= ojgg H& 99 FHY FH HZES f
2ol A3 ZAE Wt 282 or Host AFg B2l o]t} (Epstein et al., 2009). 32 A5
7le 4A 4t d2ERRE 5% ETE U o Aozt o7t gA B2 253 g ol
olE7} #A A A S xFetar =Ttel tigk T EFsta ZIA7E Ass 7Ho AL a5
A oJito] A2 & o, ol oo & AT HZE W2As 11]"]'5}%1‘:]'. Z, “A5E 7t
Ak olfre EE dlolErt Aas Waxst 21 AF JZATY 71419 SEH AR SHEE
1T E Qe S Felga B e TwsHA ZEoE 71AVE Ass 7Htha 1t
g5 dolErzt {71 w&Eelth. Freebaselt T8 F Utk ete =g E Tl A9 A B
WordNet# | o]u| 2p P H ol o] ~5 & fr odFol g HZ2E WES AAT Zlojth
L31AY, AE7F A == Amazon Mechanical o] & 71Al9] AT KA o Fol A ZAE
Turk & &3 AgH¢E Py S &&at= 4 T3]t Al F3At.
5 AYstd A EE FE2L V|EHOE AHHAQl A2 FZoA e EFEL F 79
HIA = Shgo] A4S 7Rt webA] 2bs=]4 MAEI F WA Abele] AR AHo|dth
FE2 HAR o EAA O 43 Bt Ju B AFellAe EREY B4 HEe T
olFga, A3l W=ZR] ETjE Y XE ©olH F 2o g | gste] AR Al JHe] WAHOE
=9 WhEo] AR S 4 Utk TAE EZES A3t ol EfZ <ol
2 dAFolAe AAQ TeAY FEE A Ak F AR EC] dEtdo® AE #d
21o] ZHAA o Fol gk 2l glo] 2 ¥ o] AEt=, 5F F2 FEY HHAA
5o gk A& FEsta = Al gk e o F AAEl AE #Ee] vl Be
H7HE W3Rty Aol FAE A2V F Zlolth. o & &%, WAF I ALE (THAAD)Z}
2l o de| 2E= EQlo] &4k F534 #d = FHAEE dutdoEE ARAoR #d
B AAA WA e AAE 2gE 2 o] i H7| ofEE 4 oy, sHEilge}
< ZlojH, ol& o]&3dte] EAE T AR T T8 B E oHIEREA Zlo] A¥tE o
oA Elo] A5t T8 Ay AR} Atk wetA EEoA NE FEHES BAE
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URA - OfpF - 28F
Holahe e Y F5o) U FA BHAN  FEH AAYSS PO EIES B4
Hoks W F /iAE el 2e AdBAES TRIt= I, AR E ETES 7Y 1A U ESF A&
ojm)7} ek, sl 474% wRe FEAAT. F Mol E
B ATE 2UAY 74 NEES PxEd 2o vlsied, 22U MyAle] 4 A4
A F2E MABEES EYE FHE Hsst TEZ 839tk 7 Y2 E Yo 53 A
7 "A WESZ 2de SHAIL Sse o &AAE AAY e, e,c RYS AR
PRLTE A VBRI A 2320 B G T e 19) 70, Doet) S 2 ERES AHA
E3} o] AnT EATUFE B2 HE M 4 as ga nae Sads ouH @@l
o= S AR S BT SAEE AAT goige am e Aew, 989 2 8
TS AES mEA E ATelA TR A o g5 pe 2o 2e9s AHTEET
AERNAN Ae RAC AL EEM ez s A Aage v 53
B 2R AT Aol & sl of el F2E F AAT ol wer Y-k A=
WA Socher 57F Nickel 5] 71& 7= + 4 (One-hot Encoding)S E3l HEHSAZ|H, &
2 OfF] EASHE =B A A2E WS X o) 2qt elmeo) vl 32 WA REN
SRS SOl ST, £ UTAAE FAMN o 2 nza10) (0 Roes) 9 22 Wele) Ed)
ZHo] = g =2 sk A AlS
i;g}; ;:Zﬂ;ﬁ ;q]ti gﬁ—%%z‘s}_]_] j E‘ro]]:o f%z \ lgo’)‘é A1t} (Zhang et al., 2015; Turian et
Frojmdt A4 zolgta & < e A EY ’O]E_qﬂ] WA EoEd g, ARE
=4 (7H‘ﬂl 1-SE5-7NA2)E “JEE Ae =4 2 7d HA YEYD B¥S T2 (Liu e
S W QUHSE NS TSkl st , 2015). wE ®A VESAS 2y F 7Y
A} B I =B 5 vl % U= )
1o A S0 SIS g 548 91 @ ot @
229 o8 dmAcl AAPIAT] (NER, LA AdE o] A=AE WIsiH, o] &

Named Entity Recognition)?] ZZ7Z70} (KKMA)E
323t} (Lee et al., 2010).

S AA N YEYT ngo] FEHHT
(Figure 1). 718 Eg]Zol gt o] Bk} vt

(Table 1) lllustration for Graph Generation
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AAE =9 352 Socher 5o AFAF
3=

2} o] contrastive max-margin objective 3=
B3l o] Fo| AW, HA 3} HAAH X% Socher T
o] daAFNA AEIH L-BFGS (Limited-
memory Broyden-Fletcher-Goldfarb-Shanno) &3
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(Figure 1) Neural Tensor Network
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5600712 BEXEE %}%o}ﬁit} Z 5,6007 <]
YELE F A7 7|7e] Aulo SHD*‘G}L 2017
59 30¥HE 2017 119 249 Ajolo whai=
3,074709] B|lZEE TFUlolHE AREStaL,
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Ratio)2 ¥+ ¢F 69.3%E 7]
< FEIE FA A A
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(Table 2) Result of Empirical Study

Training Test
Period 2017.05.30. 2017.11.25.
eno ~ 2017.11.24 ~ 2018.05.21
Number of 3,074 2,526
Report
Average 82.2% 69.3%
Hit Ratio (2,469/3,074) (1,734/2,526)

Result of Empirical Study

3070 $2W )3 AE Avuw, 1GAA,
NobAEA, T3 B 37 F5Y =B
A R IUEZE FAT 5 9
(Figure 2). ©l&@ Azt 4} FE3tke] 214
o} A2 Ao WA 52 AU 483

2 % 9ok

¢ o

[SIE]
=

Number of Reports

—8— Hit Ratic

(Figure 2) Result of Empirical Study by Stocks
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Abstract

A Study on Knowledge Entity Extraction Method for
Individual Stocks Based on Neural Tensor Network

Yunseok Yang* - Hyun Jun Lee** - Kyong Joo Oh***

Selecting high-quality information that meets the interests and needs of users among the overflowing
contents is becoming more important as the generation continues. In the flood of information, efforts to
reflect the intention of the user in the search result better are being tried, rather than recognizing the
information request as a simple string. Also, large IT companies such as Google and Microsoft focus on
developing knowledge-based technologies including search engines which provide users with satisfaction
and convenience. Especially, the finance is one of the fields expected to have the usefulness and potential
of text data analysis because it’s constantly generating new information, and the earlier the information is,
the more valuable it is. Automatic knowledge extraction can be effective in areas where information flow
is vast, such as financial sector, and new information continues to emerge. However, there are several
practical difficulties faced by automatic knowledge extraction. First, there are difficulties in making corpus
from different fields with same algorithm, and it is difficult to extract good quality triple. Second, it
becomes more difficult to produce labeled text data by people if the extent and scope of knowledge
increases and patterns are constantly updated. Third, performance evaluation is difficult due to the
characteristics of unsupervised learning. Finally, problem definition for automatic knowledge extraction is
not easy because of ambiguous conceptual characteristics of knowledge.

So, in order to overcome limits described above and improve the semantic performance of
stock-related information searching, this study attempts to extract the knowledge entity by using neural
tensor network and evaluate the performance of them. Different from other references, the purpose of this
study is to extract knowledge entity which is related to individual stock items. Various but relatively simple
data processing methods are applied in the presented model to solve the problems of previous researches

and to enhance the effectiveness of the model. From these processes, this study has the following three
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significances. First, A practical and simple automatic knowledge extraction method that can be applied.
Second, the possibility of performance evaluation is presented through simple problem definition. Finally,
the expressiveness of the knowledge increased by generating input data on a sentence basis without
complex morphological analysis. The results of the empirical analysis and objective performance evaluation
method are also presented.

The empirical study to confirm the usefulness of the presented model, experts’ reports about
individual 30 stocks which are top 30 items based on frequency of publication from May 30, 2017 to May
21, 2018 are used. the total number of reports are 5,600, and 3,074 reports, which accounts about 55%
of the total, is designated as a training set, and other 45% of reports are designated as a testing set. Before
constructing the model, all reports of a training set are classified by stocks, and their entities are extracted
using named entity recognition tool which is the KKMA. for each stocks, top 100 entities based on
appearance frequency are selected, and become vectorized using one-hot encoding. After that, by using
neural tensor network, the same number of score functions as stocks are trained. Thus, if a new entity from
a testing set appears, we can try to calculate the score by putting it into every single score function, and
the stock of the function with the highest score is predicted as the related item with the entity. To evaluate
presented models, we confirm prediction power and determining whether the score functions are well
constructed by calculating hit ratio for all reports of testing set.

As a result of the empirical study, the presented model shows 69.3% hit accuracy for testing set
which consists of 2,526 reports. this hit ratio is meaningfully high despite of some constraints for
conducting research. Looking at the prediction performance of the model for each stocks, only 3 stocks,
which are LG ELECTRONICS, KiaMtr, and Mando, show extremely low performance than average. this
result maybe due to the interference effect with other similar items and generation of new knowledge.

In this paper, we propose a methodology to find out key entities or their combinations which are
necessary to search related information in accordance with the user’s investment intention. Graph data is
generated by using only the named entity recognition tool and applied to the neural tensor network without
learning corpus or word vectors for the field. From the empirical test, we confirm the effectiveness of the
presented model as described above. However, there also exist some limits and things to complement.
Representatively, the phenomenon that the model performance is especially bad for only some stocks shows
the need for further researches. Finally, through the empirical study, we confirmed that the learning method
presented in this study can be used for the purpose of matching the new text information semantically with

the related stocks.

Key Words : Natural Language Processing, Neural Tensor Network, knowledge Entity, Stock, Artificial

Intelligence
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