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Abstract For the purpose of implementing automatic Chinese word sense tagging, this

paper presents a new method for word sense disambiguation based on unsupervised ma-

chine learning strategies. Four models of word sense disambiguation are built and compared.

The model with two unsupervised machine learning strategies and selecting contextual fea-

tures using dependence grammar obtains the best performance. And it can be trained with

large-scale corpus to deal with the problem of data sparseness. In addition, it has such char-

acteristics as high accuracy, high speed, easy extension and so on. Thus this technique is

competent for word sense tagging on large-scale real-world text.

Key words Sense tagging, unsupervised learning algorithm, naive Bayesian model, de-
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!�H�9��x3�8�H�$Z�-	Hnwf�s��-GR�O\℄7��H�#s>C[1,2]
.7��!��)RoPR��s|1�/~iZsT4�-tP�p-GR�O\sVsK I#�,9��q5m�v{E�tLRoPs7�!�<5�fRoqas'-SK>%#KI/$�H�ls℄O�lsjZ�H�lsx3�Z!�fT4�-L/X>rm�Zsg�tP[3,4]

, js/Z!��mK)
5V�L/�rr=Zs�Z℄�-tP��
HL�=as%(RoPs�J�%(Rosrr�#alsK>%#>9�b�g
tLaL�%(RosHlT4�->9�MJX$g�m/Z!�s8K℄>C�O�lsT4�-!�1,XLK>%#sRo�I/g
QsVaL�ygRos�f℄�Z��EHtK)
5V�L/�#//Z!�Dm;1m�/K[s�y�O�lsT4�-!�$b��9He(�sH�R�0!�[5]�x3IÆT�!�[6]℄nlN��}!�[7,8] ww��aL�H�)�T4%#�#7C%#,�5�Uo�Zs!���H'[mtL�'��}℄,\H�sWR�HT4%#w!��/!�7CO�lsx3�Z;��I/YaL�Ro�-	r>T4�-�j�GLO�K>%#%(Ro��I/
?K>%#Ro#�salK>Y	�KI/rr��;�sT4�-�j�6f7CaL��fRo�$ �m
5V�L/s�`�t`�aL�ygH�)��H-	%#�t:�GL7CO�lsx3�Z!���fRosW\℄L�I/<5%#s�#L3�}�kr�fLWsR��}9HiZ�Uo��t`:8>CsV (R�wJ�1W�6-�G��G`ww) sH�T4%#�
2 wN�)���vQ
o�\-4TsT4s=Us��H5S91sX_HR�n.5�(
LW�T4OX_HsI℄I/)*3�nj��Y4 (sk, Vcontext) W(o*8T4�+� Vcontext (o sksX_HTRs}`�fH�^�X_HI/s*8<,�$I/s*8<F�^Æs*8$r�*ÆW��C�*8�4TsT4�*8<,sX_H13Em��HC�'��}g
*�O�lsT4�-��CT4s-	%#LR�
2.1 GC=
vn�hR�}fT4�-SG��-4TsX_H9�,{$l�,9tLj8
\�+*s�<,�-4Ts#HX_H9�*8 “Tf (Bag of words)”, g�<,�\fL_sR��T4 D℄Tqsh���
+�sTf�sTqih
b�T4�-s*8�}s$ZL/��'��}sT4$ZZ\s��f,�X_Hn._-4T�8T4L
s3|�,
j9H5a3�3|sT49�5I�~CsT4�/Z\ICBn(o��RP P (s′|V ) > P (sk|V ), sk 6= s′, ��1
j s′ �5I�sT4�+� V sX_Hn. (�TR}`), sk s-4TsL3T4$l�P �3|�GL,{$l (�X_H�sTR) ��sih
bs��}�T4$l sk ℄,{$l}` V ��se`3|IC_
sBn���

P (V, sk) = P (V |sk)× P (sk) = P ({vj |vj in V }|sk)× P (sk) = P (sk)
∏

vj in V

P (vj |sk) (1)Bn (1) ��vj sX_H V �s�*8T��'�3|�}��\ w �-4T�sk ℄ s′ $*s w sj8T4�+� s′ s5��C�sT4�V sT w f<,�sX_HTR�
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2.2 ��HJ��wO�HkCsO�l�Z!��Tj4$�Q�+*�`C HowNet DiT4nl
+��`C�'��}DiWRO�lsT4$Z3�
2.2.1 ℄odNDLJBfYh�WR�H%#℄7�kC�jP HowNet(2D9 “�> ”, � http://www.keenage.com);L�8TRs#HI�T4�57��HowNet ��U 17,000�83��T4LirIF^�S?�RPkCx"
l8asT43�})�T4%#���l��Sa��m!#T4%#��#�HowNet�s3�)�tk$Z�CT4ZDiT4%#}�
lr�#L���f HowNet ���T4O3�HIs4Z�*�sLl4`1W (4Z}`) #vT43���x84Z}`�D�*8 “4l ”, G DEF (o ($1s*8T43�), RTR
“,C ” s*83�#v “DEF=aValue|����correctness|~S�accurate|(�desired| i”.� HowNet sT(℄3�#v)�tks4ZO\�I/Y�DiLartCsT4nl�DiT4nlSG�<591;S� DEF )�16O\�R5B>4l�s|*84Z�� DEF s�#,{�k�#,{s “�� ” �“��� ” �“
l ” �“
l� ” f�o#>X#,{��|�84Z��Hf HowNet �DisR4nl��U 1278 8T4Z��E(og�Ro�TRs#HR43��I/9��H)�T4%#s,5��m#L:9��H�R4nl�T4Z��m ID \��/\�fT44ZSG�<5ae��-	`E��r*.ss�x"O\,1s��4TsT4)�m`,��s`,m
HowNet �s"\ (NO.), T4O DEF **�>�O\6e�4TsT4
l�Hm��
2.2.2 [
=
vn�J��H��?k�'��}��-4T:8T4 (sk) f,�X_Hn. (Vcontext) L
s3�3|
P (sk|Vcontext)9�T4A;,5�f��X��#�qa�3| P (sk)℄3�3| P (vj |sk),G�f�H%#T4sRo (�LT4�-LRW��/RoI/D�`Ro) �OYrr-4TsT4zX�$1O���La�3| P (sk) ℄3�3| P (vj |sk). �#sf.%#T4sRo���Ls P (sk) �℄ P (vj |sk) �$p�)RoL�sm�sW\s1$��`$j�#/xfrr3|sT4yg$2s+���>/�+��s�T4yg$2s*�7�F��RosL�`a�x�F��`�+Lyg���Ros&
�`Z�x8F��$1`K��x�7�Xs+�;�H*82o�RP�EfO%#T4sRo�F�L P (sk) �℄ P (vj |sk) ��1rrmT4s+�$2�Y�CL�D�T4s"�℄A;��t*�!���EY`Ro�F�La�3| P (sk) �℄3�3| P (vj |sk)��s�H##AsLR�*ÆM�`Ro�HIA9FsT4%#zX�(1XrrT4sa��j���
�x"s`Ro��LT4�jsr>�f1O��dm�+g1G�Wf`RoN�Tb�I9�sT4zX�-4TsT4$2I/5SF��+�{rr�Ro��HT4zX�-4TsT4$2sD�s�<5zX��s5a<Z\��LDC�s$2�>/7>Cb$2�#/��mF�-4Ts3|$2��H.L*8
\�̀r 1. f�*8,�sX_Hn. (Vcontext), -4T w s�*8T4L
sxpCw�f7�X%	s%Xiw���

c(s1, Vcontext) = c(s2, Vcontext) = · · · = c(sk, Vcontext) = c(w, Vcontext)/k (2)Bn� c(sk, Vcontext) (o-4TR w s*8T4 sk ℄+X_H}` Vcontext f�*ga�C6L
s%��c(w, Vcontext ) �-4TL
s%���Ro)�O�l�ZsI�1fL�/
\dWsCb$2s�gs�b1K�s''�bQ1�`(�kf�fRo�Gb{F��*8Tsfd�x�CbsT4$2
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�Ro�
<816sT��+�>sT4Z�H 1278 8�T��,L
s%|℄1RT4�,L
s%|5�xpl�5�s7� P�-4TsT4$21j1eCb�^Æb1C
��x�T4$2s1C
~sygH�s-G(
�38�njsa,W�ÆR_�\ wi, wj s�fRo�L
f16<,�sL3j8-4T (1h�X_H), <5#;3���:T4L
s%��u c(wi) = m, c(wj) = n; i, j, m, n = 1, 2, 3, · · ·

wi H 3 8T4 si1, si2, si3; wj H 2 8T4 sj1, sj2;l c(si1) = c(si2) = c(si3) = m/3; c(sj1) = c(sj2) = n/2;RP si3 = sj1;l c(si3) = c(sj1) = m/3 + n/2;GL si3, sj1 si6sT4�wi sw wj seXL
�m	mT4 sj1(si3) L
s�|��L wi, wj W��+:8T4L
s%�1eiw�Cb$2sKm''�`m1$��)RoL�sma�9O�fs<,m��x�$j�`W`b��5�l�-4TsT4$2<Lyg$2 (�1C
'').RPRoL�3Ea�T4℄X_HTRC
sX
�(
L��TR�H�^#sI℄�aR�QT℄�T�*T℄	T�	T℄�T��ws�w℄^#I℄�T4℄X_HTRs^#I℄RP7�+C
X
1��'lC
X
1Z�^#I℄s7U�AmX_H�-4TT4_�ds7U�I/� �T4)�~C"��5S�aL�Ros7��Z�I/rpT4O+X_HTRs^#I℄�Y�-	r>WR-	T4%#s�j�
2.2.3 
z|_��QO�a�9
�b�C(�+��
 M wLT4s28
�0 < M 6 1278; r
 N �TRs28
�0 < N 6 53335. | 1 r�y:8T4L
sX
 c(sk), | 2 rp N + 1 r�y sk 6+X_HTR vj C
sX
 c(sk, vj), +� 0 < k 6 M, 0 < j 6 N , )�7��Z�6�(�s:Y�C 0 )�Kmj��L�8<,L
sTR wi,u%sT4� {si1, si2, · · · , sih},X_H� {vi1, vi2, · · · , vil},+� i = 1, 2, 3, · · · , 0 < h < M, 0 < l < N .RP wi f<,L
 1 X�lH�wi : c(si1) = c(si2) = · · · = c(sih) = 1/h, wi f(��>s h 8T4sL
X
�	 1/h; c(sih, vi1) = c(sih, vi2) = · · · = c(sih, vil) = 1/h, (� sih�>sX_HL
sX
�	 1/h.�aL�Ros7� �e�1I/`C(�s
5$*��3| P (sk), P (vj |sk), �bT4%#���#s “P (sk)− P (vj |sk)” 9
(�

P (sk), P (vj |sk) s��BnR_�
P (sk) =

c(sk)
m

∑

k=1

c(sk)

(3)

P (vj |sk) =
c(sk, vj)

c(sk)
(4)�L-4T w s�8T4�`C�'�Bn$*�� Score, ,��ar/C�5`tT4�

2.2.4 ��H���J EM wO
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sO�lx3�Zsg�tP��H6f7C EM ��[7] DimT4�-�}�,)��ug��f`Ro�$I/C EM ���T4$2)�F��Y�g
O�lsx3�Z!��Kmsfd��Kmj3|9
 P (vj |sk), Ge<5 EM ���wF� P (vj |sk). f��Kmj�e�X_H1HmKm$Z�/ PI/9�_*3�e��s�f
5�Ge�wF�9
 P (vj |sk), kr�};�
5s�G�5a�EM�����*3����}�G�
s�sm	s�#//�e��s��3�s�G�1eÆbs$j (m	).tL�'��}s EM ��F� P (vj |sk) ℄ P (sk) sSGR_�
1) AuZ/L3�Kmj9
 P (vj |sk) ℄ P (sk); 1 6 j 6 J ; 1 6 k 6 K. Kmje�3|�

P (sk) ℄ P (vj |sk) �TRsT4℄X_H)�mX$Z�GWI/��LX_H Ccontextf;�R��} model 3�_s3| P (C|model). GLh8X_H��s3�
bs�
P (C|model) wLh8X_H3| P (ci) sF{�1 6 i 6 I.

P (C|model) =
I

∏

i=1

P (ci) =
I

∏

i=1

K
∑

k=1

P (ci|sk)P (sk) (5)

log[P (C|model)] = log

I
∏

i=1

P (ci) = log

I
∏

i=1

K
∑

k=1

P (ci|sk)P (sk) =

I
∑

i=1

log

K
∑

k=1

P (ci|sk)P (sk) (6)

2) E - W�<5 ci ℄ sk ��3�3| P (ci|sk).

hik =
P (ci|sk)

K
∑

k=1

P (ci|sk)

(7)<5�'�
\�
P (ci|sk) =

∏

vj in ci

P (vj |sk) (8)

3) M - W�<55a�GF��w�� P (vj |sk) ℄ P (sk),

P (vi|sk) =

I
∑

i=1

∑

ci: vj in ci

hik

Zj

(9)+� ∑

ci: vj in ci

s�U vj sX_H2℄�Zj sN*jB
�
Zj =

K
∑

k=1

I
∑

i=1

∑

ci: vj in ci

hik (10)
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P (sk) =

I
∑

i=1

hik

K
∑

k=1

I
∑

i=1

hik

(11)k P (C|model) s�1ema�4��e���`C��Ls P (vj |sk) ℄ P (sk) Di�'��}�
s(wi) = argmax

sk

[

log P (sk) +
∑

vj∈Ci

log P (vj |sk) (12)

2.3 y���
Bayesian�}fT4$ZX�
j-4TsX_H9�,{$l�,9 Näıve Bayesian�}^�H,{
j��}8<,�-4Ts#HX_HTR�O*a:s9�,{$l��G-4Tfk6<,�
j��T4℄+8JL
sX_HHI℄�j,1s#HsX_HTR��-4TT4$ls>�H_�d�TR��sH�^#H7U�$�T4��s_�d-G$Har�*�qgX<,�TR��\f)�vH�^#℄R�Ie���'�
\Bg�mxvR�XszX��m
0 Näıve �}s13��H`C,\H� (Dependency grammar,

DG)
[9] WC�-4TO+X_H�TR�\fs,\I℄�
jO-4TH,\I℄sX_HTR��}s,{nl v(wi), +� wi (o,{TL
f<,�| i 8E��,\R�5S$TR�hE�:E$��s,\I℄�o+<� D��s<,�	Ts�#+$E$s�yE$��%�℄B1�+$L_E$s�#�#H��#E$�/��,\I℄Y�L�#E$��g��Ros,\$T PoaR_ (a<a-S$T℄T�%#).,\$T PCVY4(o� (Ai,←, Aj), +� Ai s�#E$�Aj s��#E$���,\L Ai. /a<s,\$T PR_�a<�[1] r_ /nm [2] � /vg [3] & /r [4] 72 /t [5] ; /p [6] N /r [7] ` /vg [8] m /ut

[9] *8 /m [10] �m /ng [11]./wj

([1] r_�→, [2] �) ([2] ��←, [7] `) ([3] &�→, [7] `) ([4] 72�→, [7] `)

([5] ;�→, [7] `) ([5] ;�←, [6] N) ([7] `�←, [8] m) ([7] `�←, [10] �m)

([9] *8�→, [10] �m),5,\H�$Ts P�/a<�N	
j { ��&�72�;�m��m } 9�-4T “` ” sX_H,{$l�� {v(w2), v(w3), v(w4), v(w5), v(w8), v(w10)}; 
j { r_�` } �-4T “� ” s,{$l

j { `�N } �-4T “; ” s,{$l�+� “�m
” ℄ “` ” sR4�8iI�L
f “` ” J!| 4 8E�X��;[=+sTR “N ” ℄
“*8 ” �W��Mf:�-Sx"sO\�-4T “` ” s,{$lY 9 8 (%�M:)�Zp 6 8��FzgT�,{$l)*3�Zp 4 8�:�	T�-4TT4s"�9C1a�fg�SG�#a��	T�Gee.>,{T�<,�:E$BHs,\I℄
lA*ba��R	TE$6+$E$DEs,\I℄*Æ����T��QT�*Tw+$E$\fs,\I℄
Z*v�5Zs1*8�
3 i!Q"R+�
3.1 t��bV�m=z/℄7sT4%#stP�g��7C��!�DiT4�-�}��} 17ChR�'��} (NB); �} 2 7C�'��}O,\H�$Ti `s!� (NB +
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DG); �} 3 7C EM ��O�'��}i `s!� (EM + NB); �} 4 7C�'��}� EM ��O,\H�$Ti `s!� (NB + EM + DG).�H#kCshR�'��} (�} 1: NB) s�u6H 2.2.3 '[s!�D�s��} 2 f�} 1 stNX7C,\H�$T)�X_H,{
j��} 3 s3|9
F�7C 2.2.4 '[s EM ���R��}7C�'��}��} 4sg
SG�6 38�}��,d�9
F�$j8SG�|*SG�7C�}
1 s!�7�,��L9
 P (vj |sk) ℄ P (sk); |�SG��|*SGrps9
 P (vj |sk)℄ P (sk) 9� EM ��sK�)��e���5�C�9
 P (vj |sk) ℄ P (sk) s���}
4 �$7Cm,\H�$T!��X_H,{T)�m
j��Hsg�Hj8�s�+*)*�fRosL��=z Ps?j
+���:8�}s�-����W��H\�m�4g��|*47C 30 <Ts�fRo�$EjR�Ctrain−1(�U 15 <T) ℄ Ctrain−2(�U 30 <T), ,9 Ctrain−1 ∈ Ctrain−2. =zRo�
5000 8-G< (�U 38,9288TR�qa)�K>T4%#℄s�9�%('�Ro), g� P�( 1. ) 1 �9��uh !Q�v

Table 1 The comparison of the experimental results in four models�gSp U5&$t�D} (%)sense-tagging accuracy�~ 1 �~ 2 �~ 3 �~ 4

Ctrain−1 74.69 85.02 75.12 86.98

Ctrain−1 76.97 86.11 75.82 87.26�$ >{SpA 5000 =�Baseline72.59%|�47C�U 400 <TCaL�s�fRo��} 1 )�=z�)*�fRoL�?j=z PsL{�9�( 2. ) 2 �� 1 uh !Q
Table 2 The experiment result of any size training corpus – training model 1�gÆ6 (=U) 2.0 5.0 10.0 20.0 100.0 400.0�D} (%) 71.92 73.52 74.15 75.36 80.01 79.92�$ >{SpA 5000 =�Baseline72.59%g���m=MJs�ÆH�g
s�8�}s����#H*89u℄��#Fs

Baseline. GL�6�LWRsT4%#�o�H7*sT�*\℄'�Ro����/ P�HI���#/�H9uHe [10] �7s!���kC5�hsT4%#!�rpsg� P9� Baseline. -4Ts:8T4f,�sRo�L
s%|ar16�
j5a3|T4s5�hsT4%#!��I/9� Baseline. �HkCs 5000 <=zRo9HK>%#sT4�I/7�L-4T:8T4s$2;S�/W�5���L Baselinesg� P�9�X
sg�
5�|V47CL��uwA~msRo (� 30 <TsRo$Ear1ws 6 R) �f�} 2 ℄�} 4, )*3F��fRo�xj8�}s?j�9�( 3.) 3 TqM����u�k
Table 3 The influence of the size of training corpus on WSD model�gÆ6 (=U) 5.0 10.0 15.0 20.0 25.0 30�D} (%)

�~ 2 84.04 84.54 85.02 85.46 86.02 86.11�~ 4 84.63 85.35 86.98 87.06 87.14 87.26�$ >{SpA 5000 =�Baseline72.59%
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3.2 bVS��xl( 1 �s
5s|*4g�s P�G/(I/EL 4 8�}sg� P�5L
Baseline, �Æ�H7CsO�l�Z;�s8gI�s�+��} 1 7C�hsO�l�Z;��~C|�E_p 76.97%, 5L Baseline 4 8
$��,9/�}�)�fRosma��-~C|b�.5��ÆaL�s�fRo�1W/�}s�-��sbH`s��} 2 f�} 1 stNX)*37C,\H��X_H,{T)�
j�}te$b��m(+ 9 8
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