988 RIS = A

3 Ade F8
371 Fof o7t
A F=
(Extraction of Relationships

between Scientific Terms based
on Composite Kernels)

Ham’ zHes’
{Sung-Pil Choi) (Yun-Soo Choi)
Haga" oM

(Chang-Hoo Jeong) (Sung-Hyon Myaeng)

8 ¢ B =84 ¥ FE Ef] Adlconvo-
lution parse tree kerneDd}, & Eola dehle % J)
A 7ol #AE F Z Agse FA AT g
AFHE T8 4= 9=y A Hel(WordNet syn-
sets vector) A8 F&3ta] Har|ERol AREo] 719
DA 2L ARSATE B =R H4g vl A%
BoHE dsi A At BE 2g4E %%5}%‘1003 242}
9] 2HA nit} VE9 HT WEE E‘ﬂr
HojFgirk &3] KREC 2008 ZHA CH’AWE g A%
Agola, 71Ee AT +E ¥ ﬁ‘éiﬂr FAL A ‘!‘1
El(verb synsets vector)®E 7 A&§ P #do] v
A 52 QA% FIE% FL Yz ok ole 3%%
Eo]7} A BA FS0A Pol EEIHYE A A
ARG o] A FEd FEAske 4 B FR(FA
2 EA Aol E Mg 88 ARYE AESHE U

Y= A & A Y, TR AY, 3EF 7E

Ef #Ag, 9= A4 A, AA g

E!

-0} BEE 2000 §RAFHEREAANM EF AL E Y At
Flggol golgt BAl 49 Ao Y =EE W4 A4

t 3 a4 AN e AT ARAEATA AT
spchoi @kisti.re. kr
armian@kisti.re kr

oA g dsar|ed R PEUled T 97

chjeong@kisti.re.kr

O FAB Y - AFErIe Au 25
myaeng@kaist.ac kr
E=ERS 120098 8Y 13¥
Aabers ¢ 20099 109 14

Copyright©2009 #5t3 Batebs) 1 7|9l Eajolut @8 X A, of A2
29 AH) TE 45 dF BAE B2 OAY AR AZE HAPUTH

o) W, AR AR sio 2 ALY & glon) A HeojAe] ¥ sl X

2 gz A gajsfol Tt of fjo] BAog BA), wiE, &% HE 5 RE

fale] ARG s Aol dslal AR #7HE A v 8§ X Eflok

ik,

ARYND =R AFE) 44 L a8 A58 A125(2009.12)

FEo 24 9 #E A 159 A 12 Q00912

Abstract In this paper, we attempted to extract
binary relations between terminologies using composite
kernels consisting of convolution parse tree kernels and
WordNet verb synset vector kernels which explain the
semantic relationships between two entities in a sentence.
In order to evaluate the performance of our system, we
used three domain specific test collections. The experi-
mental results demonstrate the superiority of our system
in all the targeted collection. Especially, the increase in
the effectiveness on KREC 2008, 8% in F1, shows that
the core contexts around the entities play an important
role in boosting the entire performance of relation extraction.
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