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Fig.1 network topology of LDA latent topics
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Table 1| Comparing LDA with the other algarithms
k EREE DYwt- 35 P % LDA
MW HERZ HIRL  HIRD  HMIRZ HMIRL  BWRD  HIRZ  MIRL  HERD
100 24.5% 9.5% -1.86 18.5% 9.6% -2.01 19.4% 7.8% -2.08
500 8.3% 8.6% -2.47 9.2% 6.8% ~2.54 11.7% 5.8% -2.49
1 000 8.7% 5.2% -2.70  6.5% 5.6% ~-2.81 8.2% 3.4% -2.94
2 000 4.9% 3.6% -3.17 5.8% 4.6% -2.96 5.3% 2.0% -3.42
3 000 5.1% 3.1% -3.22 3.9% 4.8% -3.14 3.6% 1.6% -3.73
5 000 5.8% 4.1% -3.02 3.3% 3.9% -3.33 2.0% 1.2% -4.17
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Web Text Classification based on LDA Model

MENG Hai-tao' ,CHEN Si* ,ZHOU Rui?
1. School of Information Technology Yancheng of Institute Technology, Jiangsu Yancheng 224051, China;
(2. International Department Beijing Daxing No. 1 Middle School, Beijing 102600, China )

Abstract: A kind of web text classification is put forward on the basis of LDA model. Latent Dirichlet Allocation (LDA) is an
unsupervised topic learning model which extracts latent topics from text data. Parameters are estimated with Gibbs sampling of
MCMC and the word probability is rep d. Thus different latent topics are associated with observable words. Contrasting to
SVM and Bayesian Network, the result in the experiment shows that LDA has the better perfoxm—anoe than any other algorithm.
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Research and Practice of VRP Based on the
Improved K — means and Ant Colony Algorithm

ZHU Jin-xin
(School of Department of Experiment Teaching, Yancheng Institute of technology, Jiangsu Yancheng 224051, China)

Abstract ;A study is made on VRP. To avoid long ~ time searching ,precocity and stagnation and tendency to local optimization of
traditional ant colony algorithm. First, improved K — means is applied to divide regions of customs, ant colony algorithm is ap-
plied to solve the problem in each region. Experiments indicate that the proposed method has good performance.
Keywords: VRP; Ant Colony Algorithm; Clustering Analysis; improved K — means
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