1000-9825/2002/13(06)1082-08 ©2002 Journa of Software Vol.13, No.6
*
1 1
( 100080)
E-mail: songl @public3.bta.net.cn; bai @ict.ac.cn
http://www.ict.ac.cn
, , k-NN(k=1) ,
10 )
83.13%
: TP391 A
. , 14.8%, ,
420611, :
2 , (information
retrieval) , 29% 34.2%, 3,
) (classification). \
. [4] [5]
Naive-Bayed® 1 Exemplar-Based Learning'® (4 ,
s [9] [10]
; (word space) ,
(vector space model)
* : 2000-08-01; : 2001-03-26
(69773008); 863 (863-306-2D02-01-3);
973 (G1998030510)
(972 ), , . , ;o (1956 ), .
, , , ) v (1989 ), b
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112 schutzel 314 , : [1]
Schutze!*4 ,
(sense words) ,
D : , :
2 : :
©) : :
4 :
(5) k-NN(k=1) , ;
1 , 1.1 , 12
2 3
1
[11]
. , (query)
(document) . ,
11
(query) :
(document), (document) (query) . ,
(vector space model)!*2 ’
111
) n , (inverted index) ,
D=<Wterm_1:Wtefm_2:Wterm_3v~~~therm_n>~
tf.idfl%, (1)
tf, log(N/n, +0.01
W, = 1 x!0g(N/n, ) . (1)
I3, llog(N/n, +0.01)]
(1) Wik ¢ D K it < 0 ;log(N/n+0.01) ¢ K
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, N M ( K :
1)
(1) :
1.1.2
(query) (document) cosine , (2):
t
Zqu Wy,
sm(Q,D) = ——= @)
t 2 t ( )2
\/Z(ij) . Wa,
j=1 j=1
tf.idf .
, tf.idf
1.2
1.21
122 ~ 124 ; 125
, 1.2.6
122
(word matrix). , :
123
) 5000 (
5 000 ) ,
: (entropy), (3) H(D);,
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()  ZewP(V)xH(DIV)

IGp=H(D)—2ycvpP(V)xH(DV).

; (

3)

©)
©) H(D)
H(D)=—24oP(d)xl0g,P(d), 4
fre(d
P(d) __|fre(d)] (5)
2. fre(d)]
2.ilfre(d) 5000 sfre(d)] < )
(focus-word)
(wd_g,wd_7,wd_g,wd_s,wd_g,wd_s,wd_p,wd_;, focus-word,wd,,wd,,,wd.3,wd. 4,wd.s,wd,s,wd.7,Wd,g),
1.
Tablel Information gain of every position of context
1
L eft context Right context
Position Information gain Position Information gain
wd_; 3.979 875 226 272 497 wd.q 4,005 737 046 263 377
wd_, 2.800 943 865 861 443 wd., 2.931 834 057 123 61
wd_3 2.183 287 198 587 985 wd,3 2.287 020 518 109 051
wd 4 1.709 504 251 213 968 W4 1.810 530 959 811 459
wd_s 1.361 637 860 661 606 wd.s 1.437 952 775 004 01
wd_g 1.074 606 203 376 334 wdss 1.137 979 746 437 988
wd_; 0.304 606 203 376 334 wd7 0.821 330 432 383498 7
wd_g 0.298 992 304 039 87 wd.g 0.419 472 048 769 573 4
6
(query) )
(document) ,
] , tf.idf
(1), 1) Wik
( i > | K i o< i ) ;10g(N/n+0.01)
K N ( K
+6
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W_g,W_5,W_4,W_3,W_p,W_1, POlYySEMOUS-WOI 0, W1, W.2, Wi 3,Wy2, Wy 5,Wyg,
Vpolysemous—word:<Wterm_1:Wterm_ztherm_S: . therm_n> .
, Wherm term i
1.2.3 , : (6):
0 other
W(term i)={ . ) (6)
weight( pos) term_i
term i ,
term ie{W_g,W_5,W_s,W_3,W_2,W_1,Wy1,Wip,Wi3,Wss,Wy5,Wsg},
term i Wierm_i=V\EI ght(pos); Wierm j=0. Weight(pos) term i
( 1), 1.2.3
cosine ( (2)).
1.2.6
k-NN (k=1)
, (D
:(2) ,
[1] (
3 .
1) : ;
2 6 ;
(3 ,
67.25% 75.07%,
2
21
(1) 6
2
(3) ;
4)
10
(1) 1996 1997
2 5 ;
(3 1996 :
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22

(4) : :
Table2 Experimental data and results
2
Sense Examples Sense-Words and number of examples Number of sense Accuracy (%)
examples Average (%)
sl ~ (710)/  (1658) 438
s2 ~ (38)/ (748) 24 7283
s3 ~ (1762)/  (839) 220
s4 ~ @/  (2197) 6
sl ~ (1805)/  (27) 240
s2 ~ (771)/  (1840) 55 78.71
s3 ~ (32 45 (4 166
sl ~ (2033)/  (86) 488
s2 ~ (2233)/  (146) 143 90.39
s3 ~ 4/ 1)/ (5 21
sl ~ (931)/  (1000)/  (7624) 1873 8911
2 ~ (18)/  (485) 305 )
s1 ~ @y (12)/ (133)/ (1532) 934 75.07 83.13
2 ~ (1365)/  (2929) 1663 ]
sl ~ (2564)/ (266) 389
s2 ~ (44)/ (2233) 3 9213
sl ~ (16) 9
s2 N (6)/ (4)/ (1007) 67 78.97
s1 ~ (387)/ (182) 30 875
s2 ~, 3)/ (@] (131) 2
sl ~ (86) (24 (10 36
s2 ~ v/ (12) 2 86.84
s1 ~ 2/ (11137)/ (2746) 86
s2 2 ~ (642)/  (1448) 2 79.78
s3 ~ (825)/ (72) 1
: (1 5
3( (g 7% ) [ s
Table3 Results of the experiment in reference [1]
3 [1]
Polysemous words Sense ID Accuracy (%)
Dk17/ba06/al 03 81.7
ih02/hg18/hj66 70.6
Jdo6/di20/hj59 68.9
Hc11/hi14/jd03 73.4
ed43/eb37 70.1
1) tf idf ,
&)
©)
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[16]

i, ,Schutzel™ (word
sense discrimination) , . ,

k-NN
(k=1)

) : ;

8%.
@ : ,

S W : tf.idf
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Abstract: WSD (word sense disambiguation) based on supervised machine learning made a great progress, but
it is hard to deal with large-scale WSD because of its ‘big’ labor cost. An unsupervised WSD method is provided in
this paper to solve this problem. Only under the knowledge database of sense-words, this method formulates the
sense-words and polysemous words in vector space, and based on k-NN (k=1) it calculates the similarity between
them to disambiguate polysemous words. The average accuracy is 83.13% for 10 polysemous words in open test by
this method.

Key words:  word sense disambiguation; unsupervised approach; sense-word; weight of context position; vector space
model
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