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Topic Evolution Based on LDA and Topic Association

CHUKeMing, LI Fang
(School of Electronic, Information and Electrical Engineering, Shanghai Jiaotong U niversity,

Shanghai 200240, China)

Abstract: Topic evolution will help people to learn information quickly. In this paper, a method was pro-
posed to discover topic s evolution over time by topic detection and relating topics in different time peri
ods. The method applies LDA model on temporal documents to extract topics. T he number of topics in dif
ferent time periods is different. Relating topics in consecutive time periods is based on Jenserr Shannon di-
vergence and features similarity. Experiments show that the method can detect new topics and describe
topic’ s evolution over time effectively. It not only shows that the topics evolve with time, but also that the
content of topics change with time.
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Tab.1 NPC & CPPCC corpus Tab. 4 Comparison of topic words
( )
2007 6 127 30 402 Baseline 2007~ 2009( 173) s s s s s s
2008 12 755 54431 ’ >
2009 4377 26 877 2007(98) , . .
2 NIPS o
Tab.2 NIPS conference document collection 2008(42) ’ ’ ’ ’ ’ ’
2009(95) s , , s 5 s
2003N1PS 194 18 127
2004N1IPS 206 18 497 - :
2005NIPS 205 19 295 , ) ) B ) ) ) (
2006NIPS 202 20 342 , , s ) , s ), 2009
2007NTPS 217 21360 ( , , ,
2008NIPS 245 23988 , s , s ),
Baseline
2.2 Baseline 2.3.2 EAMXEK (2008~ 2009
Baseline ) ,
LDA ’ 5 , Jenserr Shannon divergence
[7] ,
. ' s
Q= i ; A]‘-l (4) Tab. 5 Recall and precision for relating topics
D t 1 t Jenser Shannon divergence(  0.5) 0,93 0.52
d ( 0. 4) 0.87 0.62
2.3 (A= 0.6) 0.93 0.63
2.3.1 &I [6], 2007~
2009 R 3 2.3.3 ERAEAR 2007 2008
3 2008 2009 ,
Tab.3 Topic number for NPC & CPPCC corpus (0.46) : 1
Baseline 3
2007 250 150 ’ P
2008 250 180 ? 2009 ?
2009 250 160
, Baseline
Baseline, () 2007
, 2008 , )
“ 7, 2007 2008 ;2008 , 2009
~ 2009 R , ;2007
4 s R , Baseline
4 ,
, , 6
. 3 ,
, 2007 ( , 7
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Fig.1 Topic strength evolution over time 2007 104( , ’ , ’ ,
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Tab.6 Content change for real estate topic

(8 )
(59) 2007 s s s s s
(6) 2008 | , | , , , . ) ,
(14) 2008 : . . . ,
(17) 2008 , N , s s
(48) 2009 : : . . . ) ,
(76) 2009 | , .
7 ( 6

Tab.7 Related degree of topics in Tab. 6

2008( 6) 2008( 14) 2008(17)
2007( 59) 0.775 0. 665 0.521
2009( 48) 0. 859 0. 387 0.326
2009( 76) 0. 349 0.771 0.617
9

R 122,

2 2 2 2 2 2 2 2

, ) 0.92,

2.4 NIPS
2.4.1 &I 2003~ 2008N IPS

8, 9 )

8 NIPS
Tab.8 Topic number for NIPS corpus
Baseline Baseline
2003 95 45 2006 95 50
2004 95 50 2007 95 50
2005 95 45 2008 95 60
9 , 2006N1IPS ('spectral)

,2007

25 lasso( lasso, sparse, regression, comr
pressed, source, variables, approach, energy),

8 topic model(topic, topics, LDA, document,

words, documents, word, dirichlet, code, varia-

tional)

cluster

Tab.9 Comparison of topic words for“ cluster’

Baseline 2003~ 2008

2003 NIPS

2004 NIPS

2005 NIPS

2006 NIPS

2007 NIPS

2008 NIPS

clustering,
clustering,
clustering,
clustering,
clustering,
clustering,

clustering,

cluster, clusters, data, spectral, algorithm, points, partition, normalized, similarity

clusters, cluster, cost, data,

partition, features, algorithm, centers, distance

cluster, clusters, mixture, alignment, data, simples, time, guassian, pairwise

cluster, clusters, affinity, games, similarity, normalized, graph, propagation, spectral

cluster, clusters, spectral, helicopter, density, margin, maximum, measure, points

cluster, clusters, matrix, universum, data, K- means, points, trace, problem

cluster, clusters, target, quality, tasks, load, spectral, dual, measures
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Fig.2 Topic strength evolution over time

NIPS
2007 29( sample,

variance, monte, carlo, samples, error, dataset,
2008
sense, subspace, SVD, sampling, node, dictiona

0. 49,

strati, relative, sampling) 5(error,

ry, tree, kernel, query)
, 2

3

(1

[2]

[3]

[4]

[3]

[ 6]

[7]

LDA

(1) ;

(2) )

(3)

BleiD M, Ng A Y, Jordan M I. Latent dirichlet allo-
cation[ J] . Journal of Machine Leaming Research, 2003
(3):9331022.
Wang X, McCallum A. Topicover time: A nom mark
ov continuous time model of topical trends[ C]// ACM
SIGKDD 2006. Philadelphia, USA:[s. n. |, 2006: 424
433.
Hall D, Jurafsky D, Manning C D. Studying the his
tory of ideas using topic models[ C]// Proceedings of the
2008 Conference on Empirical Methods in Natural
Language Processing. Waikiki, Honolulu, Huaw aii:
[s.n. ], 2008: 363 371.
Blei D M, Lafferty J D. Dynamic topic models| C]//
Proceedings of the 23rd Intemational Conference on
Machine Learning. Pittsburgh, Pernsylvania: [s.n.],
2006: 113 120.
Alsumait L., Barbara D, Domeniconi C. Oir line LDA:
Adaptive topic models for mining text streams with
applications to topic detection and tracking|[ C]//In
ICDM. Pisa, ltaly:[s.n. ], 2008:312.
Griffiths T L, Steyvers M. Finding scientific topics
[J]. Proc Natl Acad Sci USA, 2004, 101 ( Suppl 1):
5228 5235.

, . LDA [C]//

5 . :[s.n.],2009.



