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The manifold learning algorithm’s application in the
Chinese text clustering

WANG Hong-yuan, FENG Lei, FENG Yan, CHENG Qi-cai
(Changzhou Key Laboratory for Process Perception and Interconnected Technology, School of Information Science and

Engineering, Changzhou University, Changzhou 213164, China)

Abstract: According to the euclidean distance, the original LLE (locally linear embedding) algorithm chooses the
neighborhood. If the data was originated from multiple classes, the correct neighborhood relationship could not be ob-
tained. In order to solve this problem, an improved MLLE ( modified LLE) was proposed. In MLLE algorithm, the
distance matrix was modified, which could make the distance longger between classes and smaller within classes, and so

could make the neighborhood in one class as far as possible. The test of Chinese text clustering showed that the MLLE

algorithm could improve the clustering visualization and the recognition rate.
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Fig.2 The visualization figures for several algorithms

HiE 2(a) ((b) \(c) ATLAF i, PCA 1k ISO-
MAP 35 Al LLE 595 AN RER: 4 Je8dla o8 e T,
BT RNEBIG, ARSI R 1 N ARG 5 T
ML (d) Y52 50 25 50l LAFE A BF 52 42 1 Y
MLLE-LDA 53 i St U Kdls e Ot R4 3 1
ARG B T AR

4 MLLE-LDA T A%47 5|

4.1 B|NFERANXEWILBRFAR

XA 5 b B B 5t 6 A 7 7 By I3 — 1k, 15
F—N43AF 0 F 1 Z (B 400 x 72 641 4 (1) SCA
— FAOETRIHE B . B JE A LLE $EA 7[5 4k 4 214G 2]
—~400 x 10 FYRFAEAE 5, 2R ) 8 3 538 LB IE
PR A 2] B R AR R B R B 90 % 18 MR 4E | 1M 10%
VERINZRAE , Pl F LDA K AH R (9 RRAE B 28 2
A, e A KNN S04 325, 459 B I 10 2605
2 I 5 A A A AT AR, LU IR AR 1

1 AFITESRNIER
Table 1 The classification accuracy for several algorithms

e 1 2 3 4 5 6 7 8 9 10 i
NImrsr2% 0.5150 0.5225 0.5200 0.5200 0.4975 0.5075 0.5275 0.5125 0.5175 0.5250 0.5165
LLE 0.3000 0.4000 0.2750 0.3750 0.2750 0.2000 0.3750 0.3750 0.3250 0.3750 0.3275
ISOMAP 0.7632 0.7368 0.6842 0.7632 0.6486 0.6053 0.7179 0.6579 0.5897 0.5846 0.6751
PCA 0.7000 0.7500 0.6500 0.8000 0.7250 0.8250 0.6250 0.6500 0.7500 0.6250 0.7100
MLLE + LDA 0.8500 0.6750 0.7500 0.8500 0.8000 0.8250 0.8500 0.8000 0.8750 0.8750 0.8150
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Fig.3 The recognition rate distribution for the studied
algorithms
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