B4as & B 6A W

I

2018 4E 6 A COMPUTER SCIENCE June 2018
o 3 Hg LY P4 M—: r—t—
HEEXAHBEMEZEBLREEZHR
FNERE XITHhER
(LExBE AR FREESEATAEFEK LiE 200240)
HOE OALARY MRELBORG. SREXAAT LS HERGAFRETFTRESES, AAOASRES

A RABELARAETREN AEHERKAAFKTHRME, 452 RA RE—FEATREFIELERHIER
Bwg AR L k., TR R A RAAB B A A8 AR word2vee B A 5 3 42 UK P 3935 2 4] 2 69 95 L X 3R,
AEYmEzATEANAE  RBOFEIARALETREEVREAEL GBS RAFIEABRNERNE SHRZHEY
RAm THATHERR,ARBFINFEEAE T AHNKELANE; RS AN ARLEAHREL AL ARFEFE
£, FREREAN IIRRETENLAGETOELEL T ARXG, FHLRAT FALE 500 Lo L RRER
R,

XEIR ALK IARE,REFI  ERALZM%L, word2vec

HEZESES TPIS3 XHEARIRE A

Research on Neural Network Clustering Algorithm for Short Text
SUN Zhao-ying LIU Gong-shen

(School of Electronic Information and Electrical Engineering, Shanghai Jiao Tong University, Shanghai 200240, China)
Abstract Short text has a small number of vocabularies and weak description of information, resulting in the characteris-
tics of high dimensionality,sparse features and noise interference. The existing clustering algorithms have low accuracy
and efficiency for the large-scale short text. A short text clustering algorithm based on deep learning convolution neural
network was proposed to solve this problem. The proposed clustering algorithm uses the word2vec model to learn the
potential semantic association between words in the short text,and the multidimensional vector to represent the single
word based on the large-scale corpus.and then the short text is also expressed as the multidimensional original vector
form. Using convolution neural network,the feature vector is extracted from the original vector of sparse and high di-
mension to the low-dimensional text vector with more effective characteristics. Finally, the traditional clustering algo-

rithm is used to cluster the short text. The proposed clustering method is feasible and effective for the reduction of text
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vector,and has achieved good short text clustering effect with F-measure of over 75%.
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