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Abstract

Word sense disambiguation (WSD) isadifficult
problem in natura language processing. In this
paper, a sememe co-occurrence frequency
based WSD method was introduced. In this
method, Hownet was used as our information
source , and a co-occurrence freguency
database of sememes was congtructed and then
used for WSD. The experimentd result showed
that this method is successful.

Keywords

word sense disambiguation, Hownet, sememe,
co-occurrence

1. Introduction

Word sense disambiguation (WSD) is one of
the most difficult problemsin NLP It is hepful
and in some instances required for such
applications as machine trandation, information
retrievd, content and thematic andyss,
hypertext navigation and so on. The problem of
WSD weas first put forward in 1949. And then
in the following decades researchers adopted
many methods to solve the problem of
automatic  word sense  disambiguation,
including:1) Al-based method, 2) knowledge-
based method and 3) corpus-based method.”
Although some useful results have been got, the
problem of word sense disambiguation is far
from being solved.

The difficult of WSD is as follow: 1)

Evduation of word sense disambiguation
systemsis not yet sandardized. 2) The potential
for WSD varies by task. 3) Adequady large
sense-tagged data sets are difficult to obtain. 4)
The fidd has narrowed down approaches, but
only alittle. @
In this paper, we use a gatistica based method
to solve the problem of automatic word sense
disambiguation™ In this method, a new
knowledge base-----Hownet!*® was use as
knowledge resources. And instead of words, the
sememes which are defined in Hownet were
used to get the datigtica figure. By doing this,
the problem of data sparseness was solved to a
large degree.

2. A Brief Introduction Of Hownet

Hownet is a knowledge base which was
relessed recently on Internet. In Hownet, the
concept which were represented by Chinese or
English words were described and the relaions
between concepts and the attributes of concepts
were reveded. In this paper, we use Chinese
knowledge base, which is an important part of
Hownet, as the resource of our disambiguation.
The format of thisfileisasfollow:

W_X =word

E_X = some examples of thisword
G_X=the posof thisword

DEF= the definition of thisword
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A important concept used in Hownet that
we must introduce is sememe. In Hownet,
sememes refer to some basic unit of senses.
They are used to describe al the entries in
Hownet and there are more than 1,500 sememe
al together.

3. Sense Co-occurrence Frequency

Database

It is wdl known that some words tend to
co-occur frequently with some words than with
otherd6]. Similarly, some meaning of words
tend to co-occur more often with some meaning
of words than with others. If we can got the
relaions of word meanings quantitatively, it
would have some hdp on word sense
disambiguation. In Hownet, dl words are
defined with limited sememes and the
combination of sememes is fixed. If we make
datigic on the co-occurrence frequency of
sememe S0 as to reflect the co-occurrence of

words, the problem of data sparseness would be
solved to a large degree. Based on the above
thought, we built a sense co-occurrence
frequency database to disambiguate word
Senses.

3.1 The Preprocessing Of Hownet

The Hownet we downloaded from Internet isin
the form of plain text. It is not convenient for
computer to use and it must been converted into
adatabase. In the database, each lexica entry is
converted into a record. The formdization
description of the recordsis asfollow:

<lexicd entry> = <NO.><morphology>
<part-of-speech><definition>

Where NO. is the corresponding number of
thislexica entry in Hownet. And the definition
is composed of severd sememes (short for SU)
which were divided by comma. In addition, we
have deleted the English sememes in order to
saving space and speeding up the processing.
Here are some examples after preprocessing:

NO. Morphology  Part-of-speech definition

21424 &b ADJ BHEXLEE R
18888 7N ADJ BMHE TR IR 5=
18889 7N Vv mE

18887 7N \Y% 2

18890 7N N X

3.2 The Creation Of Sememe Co-occurrence
Frequency Database

The sememe co-occurrence frequency database
Is the basic of sense disambiguation. Now we
will introduce it briefly.

The sememe co-occurrence frequency
database is atable of two dimenson. Each item
corresponding to the co-occurrence frequency
of apair of sememes.

Before  introducing  the  sememe
co-occurrence frequency database, we gave the
following definition:

Definiton: suppose word W has m sense
items in hownet, and the corresponding

definition of each senseitemis: yu, Yi2, ... Yig),
Vo1, Yoo, oeu Yo eee YmuYn2e oo Ym(rm)
respectively.  We cal {ywyo, ... Yimla

sememe set of W(short for SS), and call {{ v,
Yiz, oo Yaeb{ Yor Ye2o cew Y} e

{ Ym1,Yne, -+ Ympm}}the sememe expansion of
W (short for SE).

For example, in the above mentioned
example, theword “£4+” hasonly one sense
item. The corresponding sememe set of this



sense item is  {JEVE(E, A0 4,R ) and the
sememe expansion of  “f&Fh” is {{JEPEAHE,
b8, R )Y . Theword “38”  hasfour sense
items, and the corresponding sememe set of
eechitemis {EVEE A 35, (i), K
i) and {&3k %} respectively. The sememe
expansion of word “¥R” is {{JEMEAH LR,
WasY B k), (&K%

When building the sememe co-occurrence
frequency database, the corpus is segmented
first and each word is tagged with its sememe
expansion in Hownet. Then for each unique
pair of words co-occurred in a sentence (here a
sentence is a string of characters delimited by
punctuations.), the co-occurrence daa of
sememes which belong to the definition of each
words respectivdly were collect. When
collecting coOoccurrence data, we adopt a
principle that every par of word which
co-occurred in a sentence should have equa
contribution to the sememe co-occurrence data
regardless of the number of sense items of this
word and the length of the definition. Moreover,
the contribution of a word should be evenly
distributed between al the senses of aword and
the contribution of a sense should been evenly
distributed between dl the sememe in a sense.
The dgorithm isasfollow:

Linitid each cdl in the sememe
co-occurrence frequency database(short for
SCFD) with O.

2.For each sentence Sin training corpus, do
3-7.

3.For each word in sentense S, tag the
sememe expanson to it.

4For each wunique par

expansion (SE;, SE), do5-7.

5.For each sememe SUjyy, in each sememe
set SSiy in SE;, do 6-7.

6.For each sememe SUj, in each sememe
st SS,inSE, do 7.

7.Increase the vaue of cdl SCFD(SUimy,
SUjng) and SCFD(SUjngq, SUinyp) by the product

of sememe

of W(SUinp) and W(SUjng). Where w(SUyy,) is
weight of SU,y, given by
1

Y s

It can be concluded from the above
agorithm that the SCFD are symmetricd. In

order to saving space and speeding up the
processing, we only savethosecdls (SU;,SU;)

that satisfying SU;<SU;.

3.3 The Sememe Co-occurrence Frequency
Database Based Disambiguation M ethod

3.3.1 The Sememe Co-occurrence Frequency
Based Scoring M ethod

When disambiguate a polysemous word, we
given the following equation as the score of a
sense item of the polysemous word and the
context containing this polysemous word. The
context of the word is the sentence containing
thisword.

score(S,C)
= score(SS,C') — score(SS, Global SS)

Where S is a sense item of polysemouse
word W, C is the context containing W, SS is
the corresponding sememe sat of S, C' isthe set
of sememe expansion of words in C and
Globd$SS is the sememe st that containing all
of the sememe defined in Hownet.
score(SS,C') = score(SS, SE')/|C'| )

gsefc

for any sememe sat SS and sememe
expansonset C'.

score(SS, SE') = QSB(E score(SS,SS') (3)

@)

for any sememe st SS and sememe
expanson SE'.

score(SS, SS') = S; score(SS, SU )/|SS|

(4)
for any sememe set SSand SS'.



score(SS, U') = S; score(SU,SU')/|SS|

®)
for any sememe set SS and sememe SU'.
score(SU, U =1(SU,UY) (6)
for any sememe SU and SU’.
N f(SU,SU")IN?
1 (SU,J") =log, 7
e CUFTCI I

Where f(SU,SU’) is the co-occurrence

frequency corresponding to sememe pair (SU,

SU’) in SCFD. And for g(SU) and N, we have

the following equation:

g(U)= 3 f(SU,SU) ®)
N= § f(U,su) /2 9)

In equation (7), the mutud-information-
like measure deviated from the dardard
mutua-information measure by multiple a extra
multiplicative factor N, thisis because that the
scae of the corpus is not large enough that the

mutua-information of some sememes pairs
would be negtive if it was not normdized by a
extra multiplicative factor N. In equation (9),
the sum of f(SU,SU") was divided by 2, thisis

because for each par of sememes
Zf(SU,SU') isincrease by 2.
osuO0su’

When disambiguation, we tag the sememe
T tha saisfying the following equation to
polysemous word W.

T =argmax score(S,C) (10)
S

3.32 The Creation Of Mutual Information
Database

We have created a mutual information database
according to (7),(8) and(9) Here is some
examples:

The examples in table 1 have a high mutua
information. The sememe pairs in this table
have certain semantic relations. While the
examples in table 2 have a low mutud
information. And the sememe pairs in thistable
have no patency semantic relations.

Table 1: example of sememe pairs which have a high mutual information

Sememe 1 | Sememe 2 MutualfInform Sememe 1 | Sememe 2 MutualTInforma
ation tion
i . IR 33. 811057 L B 27. 418417
5/ ESIN 29. 441937 Bk T 27. 234630
Je i 28. 024560 USE] i 27. 093292
i i 28. 023521 18 4F b3 26. 984521
FQEE st 27. 571478 e i 26. 710478
Table 2: example of sememe pairs which have a low mutual information
Sememe 1 | Sememe 2 MutualfInform Sememe 1 | Sememe 2 MutualTInforma
ation tion
i B 8. 693242 “1E FR 9.171023
TAE 22 8. 754611 ) i3 9. 357734
% 8.793914 UKjEE iR 9. 448947
H1E Y 9.121846 FERE A H 9. 528801
Bl Y 9. 150412 3 Fk 9. 599495

It can been concluded from table 1 and

table 2 that the mutua information can reflect



the tightness of semantic relaions.

4. Experiment And Analysis

We did the experiment on a corpus of 10,000
charactersfrom People's Dialy.

Firgtly, the corpus is segmented, and then
the sememe co-occurrence frequecny database
and mutual information database is created. In
the mutud-information deatabase, there is
709,496 data items corresponding to different
sememes pairs. In order to speeding up the
processing, the mutud-information database
was sorted and indexed according to the firgt
two bytes of each sememe pair. At lagt the

experiment of disambiguation of some
polysemous words was done. Here is two
examples:

Example 1: 4= |44 [ WIJIPUT| 2 | 44 | 568
| Bk B 5V Z | F T [

Example 2: X |/&| Fitk| e | A4E | Bk | 1|
Sl kA | R [ e | ERL | &

We use the following eugation to access the
accuracy ratio of disambiguation:

the number of correctlytagged examples

accuracy ratio=

(11)

the experimental result is shown in table 4.

Table3: Two examples that disambiguate using sememe co—occurrence frequency database

thetotal number of examplesintesting set

.. The score of sense items and | The score of sense items and
The definition of e omr
€ e 2 the context of word “Z&” in | the context of word “Z£” in
word “Z
example 1 example 2
P 14. 459068 8. 659968
G 9. 817648 10. 817648
HiE & 7. 415986 12. 415986
FH JCE -0. 134779 -0. 134779
WS FEH RV AR -0. 818518 -0. 818518
IR A 14. 459068 12. 415986
HEE 2E G Hig =
Table 4: the experiment result
Total number of testing | The number of correctly | Accurracy
examples tagged examples ratio
Cloe test 100 75 75%
Open test 100 71 1%
The disambiguation method introduced
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solved in alarge degree.
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the laborious hand tagging of training corpus.

(3) This method can been easly applied
to other kind of corpus.
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