2017 4 264 3 W i E R 4 N H

http://www.c-s-a.org.cn

E T mGum i M & riRiCiE XARUE &
o, PRI
(h IS PRI ST BF ST, Wt 610036)

O ARG T wordnet (RN TE SCRMBLE VHAF0J7 ik A B S il Sl AR Ganli, UK TR bR SO
RIAE, FEH T A AR R 28 A SRS TSk, T B R L TR-T RS S
SERES S RN R T A R R AR R 2% B0, S T I K B AR K R 2 R S 4 ] Y 1R T ST B
J, 3BT SRS, 950K Y], 1 Finkelstein [1) 353 a4 b, ASCEIERENS SRARLUAL G2 )5 VL TE AT
A N AR SCHAUE.

REEIR: T SO A, WUsAIRM St PR AR G wordnet; BRI SR UEN

-

Measuring Semantic Similarity of Words Based on Traffic F ield\Knowledge Network
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Abstract: The traditional way‘of caiculating word semantic similarity is based on wordnet structure, which has a huge
gap between physieal ‘concept and abstract concept, and only considering concepts’ hyponymy. To solve the problem, a
novel word similarity calculation algorithm based on traffic field words relation network is proposed in the paper. 10
kinds of concept relationships, including concepts of hyponymy, tool-tool object relationship, standard parts-overall and
so on, are used to build traffic words knowledge network. Then modified average path length parameter is used to
calculate words’ semantic similarity, which accords with people’s judgement. The experiment based on Finkelstein’s 353
word pairs shows that the algorithm achieves more accurate word semantic similarity.
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