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Abstract
We present a new method for automatic classification of Chinese unknown verbs.
The method employs the instance-based categorization using the k-nearest neighbor
method for the classification. The accuracy of the classifier is about 70.92%.
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Word,;,Word,

HowNetSimScore(Words, Wordz) = maxHowNetSimScore(Word: — Entryx, Wordz — Entryy)



(is-arelation)

HowNetSimScore(Wordh — Entryx, Word: — Entryy)
= wi1* PrimaryScore(Sems.: M Semy.a)
+W2* Secondary Score((Sem.z...Semx, n), (Semy 2...Semy, m))

(1997:270)
(Information Content)
Sem ( ) Entropy(System)-Entropy(Sem)
(1997)

PrimaryScore(Semx.1n Semy 1)
= InformationContent (Semx1 N Semy.1)/Entropy (System)
= (Entropy(System) — Entropy (Semx.1 ~ Semy.1))/Entropy (System)

Secondary Score{(Semx.z...Sermx n ), (Semy 2...Semy, m))

_ [(Z M ax((InformationContent(Sem.  ~ Semy. /Entropy(System) (n 4))]]

i=2 j={1.m}

= [(Zn: M ax ((Entropy(System)— Entropy(Semx,i ~ semy, ;))/ Entropy(a/stem))J/ (n- 1)]

i=2 j={1..m}

(n>=m)
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i={VA,VAC,VB,VC,VCL, NaNb A, P }

Categoryi =< freq(parent noder), freg(parent nodez),...freq(parent node ), freq (sibling nodex),
freq(sibling nodez),..., freq(sibling noden ) >
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CategoryScore(Categoryi , Category, ) =

Category: e Category;

‘Categoryi * Categoryj‘
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VH VA 0.674
VH VC 0.611
VH VD 0.643
VH VE 0.540
VH VG 0.591
VH VH 1.000
VH VI 0.736
VH VJ 0.655
VH VHC 0.852
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If Word= wordbase; +wordbase,+wordbases...+wordbase,
Sim(Wordynknown, YWOr dknown)

=weight;* Sim(wordbase; -ynknown, WOrdbase: -known)

+wei ght,* Sim(wordbasey-unknown, WOrdbases-known)

+...

+wei ght,* Sim(wordbasen.unknown, WOrdbasen-known)
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=w1* Score;+w,* Score,

=w* HowNetSimScore(Basg ,Basg)

+wy* Category Score(category(Base)),category(Basg))
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K-value
(0.1,0.9) (0.8,0.2) 58.59%
(0.1,0.9) (0.8,0.2) 2 65.12%
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(0.2,0.9) (0.8,0.2) 60 70.71%
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(0.2,0.9 (0.8,0.2) 90 70.18%
(0.2,0.9) (0.8,0.2) 100 70.07%
(0.2,0.9 (0.8,0.2) 200 68.81%




VH VA
VC VD
VC VA
VH VC
vVC VH
VC VG
VC VA

96

34




4-3-1

,0O,VH
,0O,VH

VH
vV N VA
VH

VH




4-3-2

verb+ verb;
verb+
verb; verbi+
) VC ( )
VC ( )

verb;

4-3-3

VJ

VA VH 43




vC VJ 17
VA VC 17
VH VJ 3
vC VD 13
VA VH
VH VA

VH

VA




K
6.
« 9305
1993
-« 9601 mee
1996
— o« 9502/9804
1998
<
» 1998 47-60
«
1993
«
> 1994 203-222
« FAQ
2000
<
» 1996

»

«

»

1-29

»

70.92%

»

»

»

» <

»

1997 283-305
1984



« » 1988
<http://www.keenage.com> 2000
<http:// www. keenage.com > 2000
« » 1980
« FAQ »
< > 2000 135-156

Chen, Chao-Jan, Ming-Hung Bai and Keh-Jiann Chen. “ Category Guessing for
Chinese Unknown Words,” Proceedings of the Natural Language Processing
Pacific Rim Symposium, 1997, pp. 35-40.

Chen, Keh-Jiann and Ming-Hong Bai. “Unknown Word Detection for Chinese by a
Corpus-based Learning Method,” Computational Linguistics and Chinese
Language Processing vol3 no. 1, 1998, pp. 27-44.

---. “Knowledge Extraction for Identification of Chinese Organization Names,”
Proceedings of the second Chinese L anguage Processing Workshop, 2000, pp.
15-21.

Li, Charles and Sandra Thompson. “Mandarin Chinese: A Functional Reference
Grammar”. Berkeley: University of California Press, 1981.

Resnik, Philip. “Using Information Content to Evaluate Semantic Similarity in a
Taxonomy,” Proceedings of the 14th International Joint Conference on Artificial
Intelligence, 1995, pp. 448-453.

---. “Semantic Similarity in a Taxonomy: An Information-Based Measure and its
Application to Problems of Ambiguity in Natural Language,” Journal of
Artificia Intelligence Research X1, 1998, pp. 95-130.

Resnik, Philip and Mona Diab. Measuring Verbal Similarity. Technical Report:
LAMP-TR-047//UMIACS-TR-2000-40/CS-TR-4149/M DA -9049-6C-1250.
University of Maryland, College Park, 2000.

Sproat Richard and Shilin Shih. “A Corpus-Based Analysis of Mandarin Nominal
Root Compound,” Journal of East Asian Linguistics 5, 1996, pp. 49-71.



Weischedel, Ralph, Marie Meteer, Richard Schwartz, Lance Ramshaw and Jeff
Palmucci. “ Coping with Ambiguity and Unknown Words through Probalistic
Model,” Computational Linguistics 19, 1993, pp. 359-382.



vC | VCL VA VH vC VH
vC VA VH VA VC | VHC
VA vC VC VH VC | VCL VH VvJ
VH VA VC VH VH VC VA vC
\Ye VD VH VA VH VvC VI VA
VvC VA VH VA VH VA VA VvC
VH vC vC VA VE VG VH vC
vC VH VA VH vC VH VA VH
vC VG VH VA vC VD VH vC
vC VA vC | VCL vC VA vC VA
vC VH VCL | VC vVC \Al vVC | VvCL
vVC \Al VA VvC VH VA VH VE
VA vC VC | VCL VHC | VH A vC
vC VA VA VH VC | VCL VH VA
VH vC vC VA VH VA VH VvC
VH VA VH vC VCL | VC VH VvC
VH vC vC VA VH VA vC VE
vC VH vC VD VH VvC VA vC
VH VA VC VH VH VA VvC VH
VH VC VC VH VH VC VvC VA
VA VH VH VA VA | VCL A vC
VvC | VCL VH VA VCL | VC VA vC
VA vC VH VA vC VA vC VvJ
vC VH vC VH VH VI VA vC
VI VA A VH VH VA VA vC
VH VvC VD VvC VA VE vC VH
VA vC VA VH vVC VA VvC VA
VE VC VC VA VG VC VA vC
VH vC VH VC VG vC VA vC
VH vC VA VH VvC VA vC | VCL
VH VA VA VH vC VA VA vC
VCL | VC VH vC vC VH VA vC
VA VH VH VA VA VH VA VH
VC | VHC VH VvC VA | VCL VH VA
vC VH VC VH vVC VA VvC VH
VH VC VC Al vVC VA vVC | VvCL




VA vC VE VH VA vC
VA VH VH VA vC VE
vVC VG VA VC vVC VA
VH Al VH VA VA VH
VH VA VA vC vC VvJ
VA | VCL VA VH vC VA
vC VA VH VA vC VH
VA VE VA VH VI VH
VH VA VH VA vC VH
vC A VH VA VA VH
vVC VE VA VC vVC VH
VC | VCL vVC VA VA VH
VA vC vC VH VH vC
vC VH vC VH vC VH
VA | VCL vC VvJ VA VH
VA vC VA VH VH VA
vC VD VA VH VE VA
vC VH VA VvC VA VH
vVC \Al VH VA vVC VH
VH Al VA VH VH VA
vC VH \A vC
VA VH VH VA
vC VH VH VA
vC VI VH VA
vC VH vC VA
vC A vC VH
VA VC VA | VCL
VCL | VC vVC VA
VA vC VA VH
VH VA VA VH
vC VH VA VH
VA | VHC VA VH
VA VH VE VH
VH VA VH VA
VA VH vVC VA
VH VA VH VA
vC VH vC VA




