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Semantic similarity measurement based
on low-dimensional sense vector model

CAI Yuanyuan, LU Wei
(School of Software Engineering . Beijing Jiaotong University . Beijing 100044, China)

Abstract: Semantic similarity measurement enables the improvement of information retrieval in terms of
accuracy and efficiency, so it has become one of the core components in text processing. To solve the
problem of lexical ambiguity like polysemy, a sense vector model based on vector composition was
proposed, which integrates knowledge base with corpus by fusing multiple semantic features derived from
both of them. This model focuses on the continuous distributed word vectors and the inherent semantic
properties in WordNet. Firstly, the continuous word vectors were trained from a textual corpus in advance
by the neural network language model in deep learning. Then multiple semantic information and
relationship information were extracted from WordNet to augment original vectors and generate sense

vectors for words. Hence, the semantic similarity between concepts can be measured by the similarity of
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sense vectors. The experimental results on benchmark indicate that this measure outperforms state-of-the-

art measures based on either WordNet or corpora.

Compared with the measures based on original

distributed word vectors, the proposed measure has an improvement of Pearson correlation coefficient

(7.5%). The outstanding results also show the contribution of multiple feature fusion to measuring the

conceptual semantic similarity.

Key words: sense vector; feature fusion; distributed word embedding; semantic similarity
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Fig. 1 IS-A relationship ofnoun coast in WordNet 3. 0
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Tab. 1 Results of individual feature vectors on RG-65
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Tab. 2 Results of a couple of concatenate
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@ http://nltk. googlecode. com/svn/trunk/nltk_data/index. xml
@ http://www. ota. ox. ac. uk/
® http://word2vec. googlecode. com/svn/trunk
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SR A TE LF BB X —45E 5 58
2 i3 M &5ie—2L

R3 WENHFFEEBHRFRIEE RG-65 EHIER
Tab.3 Results of summation of two feature
vectors on RG-65

T SURFE FHICREL Ytz o
HAxiA (w) A X () 0.776 200 6
o), TN 0.781 200 4
[ S (), H5E (@) 0. 800 300 7
WX (), TN  0.815 200 6
HFRiA (w) , FIN (D) 0. 857 500 3
HARiE (o) s f55(a) 0. 875 500 4

KIS 4 2o SURRE 1) SR AR

HET V(w) V() V(). V), ik T £
A 3 TCAH ARG 4 TCAL A W 24 i Al () 2
BB AERE 500 FIGT 3 B, 2 30 45 3 1) ) &=
#i15 V() V()5 V(w) Z a1 R eSS T
0. 893 AYFRAT 25 S o AR T JH A SCHR h $2 10 A9 B 1t
2. 3R 4 iR, SCHRES-6 1 52 T WordNet F#iE ]
1 1 AR RLBE B B AR, SCik [ 7-8 ] S Bk F WordNet
RV A 2 k. I H A T3 T AR TR 2 )
TN FEAMELS FE (HESE 500, %7 11 3)0. 818, FRAi 14 H 11y
FYLETE RG-65 B4 i e R R B E T
7.5%.

£ RG-65 BasE i sc i 45 R AR ST
B BE 0 S o SORM T R R T
WordNet B977 ¥ DA M 356 F JR 4R ] 0] & 09 J7 v A

1M T ] B 4 1 ] e A S 4R AR TR ) R S T
ERZEUEREMRS A TR&EE TR -FE
PRI SCARRIPE B 5 5 T v . (A —FE 1 2
[e] St 4R D7 20 T v B 1 S ) Y R A A T
SEVEVER].
x4 ZIFENFHEREMEME RG-65 EHER
Tab. 4 Results of summation of multiple

feature vectors on RG-65

BEE T FHICREL
Patwardhan"® 0. 797
Liu™ 0. 810
Pirro'™ 0. 829
Gaot® 0. 863
H 51 () s FIMD L HSE (@) 0. 893

4 it

ARSCHE Y T —FhFE TR SC ) 78 SCHL
PRk SSM-SV. T2 TAR 1S - OFE Tk 4 17
[ o A 2 O] ) B O MR 2 1 1) S )
AR T — 1] 22 SR R S S SCTE R A 1A
WordNet i S Mif LOCRF R RN
g RSB T 8 SRR Y 8 B Rk J= 1L 643 3L
.

FIRERF W] X — T I AE RG-65 Xdla Pr 4
LT A B9 T TR SCREIR B AR AL B R T 0
VLA EE T 1) 48 19 2230 SCRAIE A Rl 5 A B TR i T A
LR B A HERf R, T — 2 AT AL Tl UL & 45—
AR 8 B 22 SCIR) AR JROR I 224> SCIT A [] S i) ]
SRS AR A TR T SCTe) i AT LU, T AR
FEABARE JEE H AT 55 v S8 IEASE TR P A 25 P R R 3 B4
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A bR SCRA R 3 5 R R Y 0 il SR AR 3 A2 A AT
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