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Automatic multi-document summarization based on
the latent Dirichlet topic allocation model
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(1. School of Information Management, Shandong Economic University, Ji’ nan 250014, China; 2. School of Computer Science and
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Abstract ; The representative problem of multi-document summarization using probabilistic topic models has begun
receiving considerable attention. A multi-document summarization method was proposed based on the latent
dirichlet allocation ( LDA) model, itself a model representative of probabilistic generative topic models. In this
method, the number of topics in the LDA model was determined by model perplexity, and the probabilistic sentence
distribution on topics and the probabilistic topic distribution on words were obtained by the Gibbs sampling method.
The importance of topics was determined by the sum of topic weights on all sentences. Two sentence-scoring meth-
ods were proposed, one based on sentence distribution and the other on topic distribution. Evaluated by the recall-
oriented understudy for gisting evaluation (ROUGE) metrics, results of the both proposed methods surpassed the
state-of-the-art SumBasic system and the other two LDA based summarization systems for all the ROUGE scores on
the DUC2002 generic multi-document summarization test set.
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Fig.1 Variation of perplexity on different number of topics

for the LDA model on the DUC2002 data set.
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Fig.2 The optimal number of topics for the LDA model de-
termined by perplexity on DUC 2002 data set.
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®1 SCHIKE 200 1R FE DUC2002 158 E £ £4BK) ROUGE &
Table 1 ROUGE-Scores of models on DUC2002 when summary length limited to 200 words

ROUGE #{&FiA] ROUGE 4= Fi ]
& = R-1 R-2 R-L R4 R-SU4 R-1 R-2 RLL R4 R-SW4
Unigram 4.6 12.9 37.6 12.6 17.3 29.4 10.4 27.9 8.5 12.1
SumBasic 4.9 9.8 3.5 9.7 14.9 30.9 7.4 29.6 6.0 10.2
Doc-LDA 43.4 153  39.1 14.6 19.4 32.2  13.3  30.0 10.9 14.6
KL-LDA 40.8 13.3 37.4 12.9 17.0 28.9 10.7 27.4 9.1 12.4
ProbGenSum 4.8 17.8 41.2 17.5 22.1 33.7 15.8 31.9 13.8 17.1
SentGenSum 45.2 17.8 41.4 17.2  21.9 34.8 15.6 32.8 13.7 17.2

2 G M T UKy 400 4~iF]EY 72 DUC2002
TERLE AR5 2] ROUGE 8. W3 1 fiZk 2
W R BCHE T LUR 2 SO R B i i A AR ALY
ROUGE {H#} A fr &7, X £ H s ROUGE & T H
[ 2R EPEI , ST SHE VR T BB . U
>4 400 i} SumBasic 5 Unigram BRI X IFIR 5K
B4 200 B} kA [F, 1B ProbGenSum 7E fif A
ROUGE {§ F 25 R ¥ kT SentGenSum, YiBA 4] F

A AR SentGenSum Xif T Az A JE SCRY i 2 HLAE AR
A AR R DU S, T B B9 2 A an g &
A AR BT KL-EUR R SCRIREEL ORI 23
REZ, MET 30 LDA BER SURH RERCR I
T AR Y. 78 SR B D 400 AMA A, BT 3
FEURRAY By SCHR 14 B 1R B 2 00 T 2 T 90 B ST
AE, AR A AR B R TR R R M BR AR AT R

R2 UHIKES 400 1R DUC2002 iE#E _E&HBK) ROUGE &
Table2 ROUGE-Scores of models on DUC2002 when summary length limited to 400 words

ROUGE #{&FiA] ROUGE 4= Fi ]
L R-1 R-2 R-L R4 R-SU4 R-1 R-2 RLL R4 R-SW4
Unigram 49.4 19.6 46.7 19.0 24.1 37.4 15.9 35.8 13.5 17.5
SumBasic 49.2 15.6 46.4 15.2  20.9 37.8 11.9  36.4 9.5 14.3
Doc-LDA 53.5 25.4 50.4 24.6 29.5 2.7 2.7  40.9 19.7 23.6
KL-LDA 47.0 19.0 4.8 18.8  23.6 33.3  16.1  32.4 13.7 17.0
ProbGenSum 53.7 26.9 50.8 26.3  30.9 43.7 24.5 4.6 21.7 25.3
SentGenSum 52.4  23.6 49.4 23.0 27.9 41.3  20.7 39.6 18.0  21.9

LI T AN SO F K E R T
3 AW T AR A MU AT EE. TR
E i, 5 Unigram #f ., SumBasic il 1] F & ¥ 48 )
¥, T 4 A4~ F AR AR 0 T 33K m) AR 3¢
A, R A FAREEEREN O FRESE R

BHYA T K B BT A R R A R A
(ProbGenSum ) 1 % T 304 i #E # A= A% B ( Doc-
LDA ) HREFR B B4 T4 o S AT, X R B D3I
AEFEA AT THE— TS ZT KL-BUER
UL RS (KL-LDA ) MIBe# T 8E Ry )1

x3 HEIFLEHIHPAFHEE
Table 3 Number of sentences in summary generated by each system

HERKE Unigram SumBasic  ProbGenSum SentGenSum Doc-LDA KL-LDA Reference
200 14. 80 17.15 6.15 8.03 6.15 9.58 8.53
400 25.14 30.69 12.41 15.59 11.98 19.42 16.59
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T IO E A Z MR R, UG H TR
PR ki L e NG S N S S e e il
SO A G — M SR A AR SR, 7 41, B RTFE )
T SRR R T )T eI A R B B, LU
B TAEd0RE % B A0 A ) T SR ME R B

SEM:

[1]RADEV D R, HOVY E, MCKEOWN K. Introduction to the
special issue on text summarization[ J]. Computational Lin-
guistics ,2002,28(4) :399-408.

[2]LEE J H, SUN P, AHN C M, et al. Automatic generic
document summarization based on non-negative matrix fac-
torization [ J]. Information Processing and Management,
2009,45(1) :20-34.

(3148, IREW, 5. ETRERMAEREION A3

WEARLT]. HEHEIR, 2007,30(11) :2048-2054.
XU Yongdong, XU Zhiming, WANG Xiaolong. Multi-docu-
ment automatic summarization technique based on informa-
tion fusion[ J]. Chinese Journal of Computers, 2007, 30
(11) :2048-2054.

[4]HIRAO T, ISOZAKI H, MAEDA E, et al. Extracting im-
portant sentences with support vector machines| C]//Proc of
the 19th International Conference on Computational Linguis-
tics. Taipei, China, 2002 1-7.

[5] NENKOVA A, VANDERWENDE L. The impact of fre-
quency on summarization; MSR-TR-2005-101 [ R]. Red-
mond, USA: Microsoft Research ,2005.

[6]LINC Y, HOVY E. The automated acquisition of topic sig-
natures FOR text summarization[ C]//Proc of the 18th In-
ternational Conference on Computational Linguistics. Sar-
brflcken, Germany,2000:271-278.

[7]JANTIQUEIRA L, Jr OLIVEIRA O N. A complex network
approach to text summarization [ J]. Information Science,
2009 (179) :584-599.

[8]WAN X J, YANG J W. Multi-document summarization u-
sing cluster-based link analysis[ C]//Proc of the 27th An-
nual International ACM SIGIR Conference on Research and

Development in Information Retrieval. Sheffield, UK,
2008 :299-306.

[9]HARABAGIU S, HICKL A, LACATUSU F. Satisfying in-
formation needs with multidocument summaries[ J]. Infor-
mation Processing and Management, 2007,43 (6):1619-
1642.

[10]BLEI D M, NG A Y, JORDAN M L. Latent Dirichlet allo-

cation[ J]. Journal of Machine Leaming Research, 2003
(3) :993-1022.

[11 ] HAGHIGHI A, VANDERWENDE L. Exploring content
models for multi-document summarization [ C ]//Human
Language Technologies: the Annual Conference of the
North American Chapter of the ACL Boulder. Colorado,
2009 :362-370.

[12] ARORA R, RAVINDRAN B. Latent Dirichlet allocation
based multi-document summarization [ C ]//Proc of the
Second Workshop on Analytics for Noisy Unstructured Text
data. Singapore, 2008 :91-97.

[13] ARORA R, RAVINDRAN B. Latent Dirichlet allocation
and singular value decomposition based multi-document
summarization [ C]//Proc of Eighth IEEE International
Conference on Data Mining. Pisa, Italy, 2008 .:713-718.

[14]CHEN Y T, CHEN B, WANG H M. A probabilistic gen-
erative framework for extractive broadcast news speech
summarization[ J]. IEEE Trans on Audio, Speech, and
Language Processing,2009,17(1) : 95-106.

[15]SHAFIEI M M, MILIOS E E. Latent Dirichlet co-cluste-
ring [ C]//Proceedings of the Sixth International Confer-
ence on Data Mining (ICDM). Hong Kong, China, 2006
542-551.

[16]CHANG Y L, CHIEN J T. Latent Dirichlet learning for
document summarization[ C]//IEEE International Confer-
ence on Acoustics, Speech, and Signal Processing. Tai-
pei, China, 2009:1689-1692.

[17]LIN C Y. ROUGE: a package for automatic evaluation of
summaries| C]//Workshop on Text Summarization Bran-
ches Out. [S. 1. ] ,Spain, 2004 ; 74-81.

[18 ]STEYVERS M, GRIFFITHS T. Probabilistic topic models
[ C]//Handbook of Latent Semantic Analysis. Laurence
Erlbaum, 2007.1-15.

[19]TEH Y W, JORDAN M I, BEAL M J, et al. Hierarchical
Dirichlet processes[ J]. Journal of the American Statistical
Association, 2006, 101 (476) :1566-1581.

[20]% X, X #,ZF 4. ETRIBEEHESHEE

I HEARLT]. B3R, 2004,30(6) :905-
910.
QIN Bing, LIU Ting, LI Sheng. Multi-document summari-
zation based on local topics identification and extraction
[J]. Acta Automatica Sinica, 2004,30(6) : 905-910.

[21]F &,.% B, A & % BT LDAKRMNIALS



- 176 - B ORE R & ¥ R ®5%

[ J]. HEHEIR, 2008.31(10) :1865-1873.
SHI Jing, HU Ming, SHI Xin, et al. Text segmentation
based on model LDA[ J]. Chinese Journal of Computers,
2008,31(10) :1865-1873.

fEEE T

0 %, 5,195 4, 8%, B A
TN, EBBTI T RSB S B0
ERERMAITHE. B EHF2 MERK
“863” il B, 1 MER ARES
L2 T E RESREMZME RS
B BT RE.

W W, %1981 4 B, T E
Bt BRIE S L. RREARR
310 &RE. Yalrl g, 55, 1985 4F 4, 18 - B 5L
&, FEBIFTT A MR A G

k.

55 1 ) 8% 550 4 A -5 [ Bx 4 X (ICNDC2010)

The First International Conference on Networking
and Distributed Computing

W5 RABAR R LRTTIEARRM IT AW ERARK S HT—RMEBANRE, BIERRE KRR
3G B E 4G RHUR K& BRG0PI 46 N A B E. O TR Tk F 2R R I FIFHA W4 5 2070 2 5 gk
RIGEMRREE, BAE T 2010 4810 A 21 HE24 BHEDERMNEDE—BRES AT EER2N. 2UER:
(D) A X ERSARRGE D, ERFHARNE RSHSFLFRE S ANERE . o HES; (2) &,
15 IP R T — AR R M4  RE MRS 46 BEHERSE; Q) AN ARE |, BEHFRETHS
BLF A s TRk N B LN AR S
— EXERE

AIES R EFARRG, RGN 3 032

L AAXABM ARG  RHMMKIERE, BETHE, AP, R A e w2 SHEERS,
R BRWNERG, o E, o RRER, SRBERGE, PREAEAR , RSB, 1750 AN AL, T R %5 2R,
MAHE, BRRSHHTE, RRNHARRE, BRRS RO RELE, B X% LM%, LR

2. W%EE: X3/ THENY, B/ BEMEHE, BEMNMNE, ZBEELME, +AXARBERE, TLRR
R, SR, I, 3G FIE BERILE , TR PLRPISE , EERPISREA , ZHARIL , TR S, R MY, MERAME
&, RENEEE, MEIRS REFMEEFRG, BRI, T—RAMY%, FEMBRETHN, HFMNE, ERE
RF%E,3G F1 4G TR, & XM EYIEE, BBhFITL P.

3. AN AR S REEE, LS REEHE, MR, S RREE, WRETHE S, S Ra4, M
S, 2R, B gAML, S, BT, REN SR TS, B2B, B2C, C2CHER, B THIT, B THF,
BT, WS ERIZE, L5V, AEML S, HRRTHS.

ZEXER

L BAREENIMATRITHNFMRRR AW LT, AR, REEERAFH SR, RARERRY¥AR
PrEEL A e

2. FrARESUARIE IO , XA BRI 5 T, B 478 A Word 8% PDF A& \HEIR. IB30EZ XA M FS
H8 http ; //www. inetdc. org/meeting/icndc2010/ ( page submission).

3. RN —ERA, BOFE—AMEET LIENFS ARk Bra ARie SOk 237 IEEE CPS )i, EI Fi ISTP
W®5I M, B IEEE CSDL Frigfy.

4. FrEIBISCRRARAT AT B FIRAZ R 4 hitps : //www. easychair. org/login. cgi? conf = iendc2010.

5. B EMEERERBL R icndc2010@ inetde. org

21 M ;http : //virgo. sourceforge. net/meeting/icndc2010/



	169.pdf
	170.pdf
	171.pdf
	172.pdf
	173.pdf
	174.pdf
	175.pdf
	176.pdf

