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A Comparative Study on Chinese Word Clustering

WANG Bo, WANG Hou-Feng
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Abstract: This paper evaluates four unsupervised Chinese word clustering methods. They are maximum mutual information (MMI),
function word (FW), high frequent word (HFW), and word cluster (WC) Two evaluation measures, such as part-of-speech (POS) precision
and semantic precision, are employed. Testing results show that MMI reaches the best performance: 79.1% on POS precision and 49% on
semantic precision, while the other three exceed 50% and 30% respectively. Word clusters generated by the methods mentioned above are

introduced into alignment-based Chinese syntactic induction, improve the performance.
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Repeat
For every word w in corpus

Get the current cluster cur in which w is

For every cluster ¢ in corpus .

Calculate the increase of mutual information if word w is moved w from cur to ¢

Determine the target cluster tar to which if word w is moved from cur the mutual

information can increase fastest.

Move word w from cur to tar
Until no words are moved or the iteration time is above some pre-specified threshold.
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£2 SRHBEAEHLLEE

Method HFW(%) WC(%) FW(%) MMI(%)
POS Precision 53.09 51.09 62.61 79.09
Semantic Precision 26.78 32.63 36.68 49.75
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Fz4 BESINEPLESTRERER
Method FW(%) MMI(%) HFW(%) WC(%) NC(%)

Precision 28.18 28.19 28.39 28.01 27.58
Recall 46.54 46.70 46.62 46.62 46.38
FScore 35.11 35.15 35.29 35.00 35.00
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B3 B A M /NI IF BT AR SR, B O n ST R AR DL R ERA SR BRI R . ATk

o6 FRE B P RERETH, RN TEMARNELITE, REKI MM T7ER FB 775w k18 /%
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AESE, AESITHERERERET 1%.
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