39 2 ( ) Vol. 39 No.?2
2015 3 Journal of Jiangxi Normal University( Natural Science) Mar. 2015

: 1000-5862(2015) 02-0117-07

1 2%
(1. 200433; 2. 201203)
- TP 391 TA DOI: 10. 16357 /j. cnki. issn1000-5862. 2015. 02. 02
12
N 13
. Voigt "
1-6 79
10
11 1800
200
120150246
(61472088)

(19729



118 ( ) 2015
15
2
1 2 C .G, c, G,
True PMI(C, C,) >0
1.1 IsWord( C,C,) = [ e (€ )
False PMI(C, C,) <6

2

( Point-wise mutual information)

. PMI
2 . PMI
PMI

1.2
PMI

PMI(C, C,) =log(P(C, C)/(P(C)P(C,))) o
log(#( C, C,) /#(C,)#(C,)) .

0 2
( 1. 1
2 . 7
2

2 PMI

PMI 1
1.3
2
PMI
2
2



2 119
1
. { . )
<< >> “ ”
2 N 2
N 100 200 300 400
PMI + Frequency  0.960 0 0.9550 0.947 0 0.942 5 3
Frequency 0.7500 0.7500 0.6730 0.6225
2
2.1
FudanNLP 0
50
4
for(i = 0;i < len( sent) ;) 4
if i = = len(sent) - 1: FudanNLP
sent 1 0.641 0. 851
if sent i +sent 1 +1 0. 606 0.995
sent i+ 1 0.938 0. 851
o F 0.736 0.917
1 =1+2
else: 2.2
sent 1 ( Topic
i =1 +1. Model)



120

( ) 2015
1
2
2
Blei i
d K
3
d K 5 LDA LDA
; 5 10 20 30
d l LDA 260.3 130.3 65.2 43.5
LDA 291.2 145.5 72.6 48.4
K
plw) = Xplwilz =K plz =) K-> 6
18
6
- — (1)
R
plz = k\:w) = p(iwl oc r?l‘.)j’ B
plz,, w)  moi+ VB
MU topic 6
nfn.)—ll + K * a
(0, ) topic 8
kol
@( 9,” k) .
ngt) B TR topic 11
= — 0, i 5
P nl?) o+ VB ' nl?) + Ka
13 topic 16
: ( »
( » ¢ »
N 900
2 873 49 403 1555 6
42 700 100
: K =2 o 427 ( Time Tick) [/
S0/K B = 0.01 Time Tick
5 3 0.07(

1/K) .



) 121
4 2 111 »
8
16 ”
( »
3 19
4
2.3
. 1/10
0
= 13 2»
04- 2 AI A2
K
Distance( A, A,) = 2 ( Oﬁl - 91;2) g
=0
A, A,
7 A,
A,
( 35).

1920



122

) 2015

7
A, A, Distance( A, A,) A, A, Distance( A, A,)
0.067 8 0.066 9
0.072 0 0.0719
0.0753 0.072°5
0.0753 0.0727
0.077 1 0.077 5
0.066 9 0.114 2
0.067 0 0.117 6
0.068 3 0.1215
0.072 3 0.1380
0.077 1 0.1399
2001 37(5) :7274933.
2 .
J. 2010 46(4) :226-
229.
3 .
I 2006 20( 6) : 61-68.
4
. 2009 45
(22) :129431.
5 McFarland Daniel A Christopher D et al. Differentiating
language usage through topic models J . Poetics 2013
41(6) : 607-625.
6 Stamatatos Efstathios. A survey of modern authorship at—
( ) tribution methods J . Journal of the American Society for
Information Science and Technology 2009 60( 3) : 538-
556.
7 .
J. 2010( 3) : 427-437.
(PMI) 8 He Jing Zhou Ming Jiang Long. Generating Chinese
classical poemswith statistical machine translation models
C //Proceedings of the Twenty-Sixth AAAI Conference
on Artificial Intelligence 2012.
9 Zhang Xingxing Mirella Lapata. Chinese poetry generation
with recurrent neural networks C // Proceedings of
EMNLP 2014: 670-680.
10 Elson David Nicholas Dames et al. Extracting social
networks from literary fiction C //Proceedings of the
’ 48th Annual Meeting of the Association for Computational
( A ) Linguistics 2010: 138147.
11 Hughes James M Nicholas J Foti et al. Quantitative pat—
terns of stylistic influence in the evolution of literature
J . Proceedings of the National Academy of Sciences
2012 109( 20) : 7682-7686.
] . 12 Kao Justine Dan Jurafsky. A computational analysis of



2 : 123

style affect and imagery in contemporary poetry C // toolkit for Chinese natural language processing C //Pro—
NAACL Workshop on Computational Linguistics for Litera— ceedings of the 51st Annual Meeting of the Association for
ture 2012. Computational Linguistics 2013: 49-54.

13 Voigt Rob Dan Jurafsky. Tradition and modernity in 20th 17 Blei David M Andrew Ng et al. Latent dirichletalloca—
century Chinese poetry C //NAACL Second Workshop tion J . Journal of Machine Learning Research 2003
on Computational Linguistics for Literature 2013. (3):9934022.

14 Church Kenneth William Gale et al. Using statistics in 18  Grififths Thomas L. MarkSteyvers. Finding scientific topics
lexical analysis C //Uri Zernik Lexical Acquisition: Ex— J . Proceedings of the National Academy of Sciences
ploiting On-Line Resources to Build a Lexicon. Hillsdale 2004 101( 1) : 5228-5235.

NJ: Lawrence Erlbaum 1991:15-64. 19 . M .

15 . 2011.

J. 2007 21(2): 20 Luo Yuming. A concise history of Chinese literature C .
52-57. Koninklijke Brill NV Leiden: Netherlands 2011.

16 Qiu Xipeng Qi Zhang Huang Xuanjing. FudanNLP: A

The Statistical Modeling and Macro—Analysis of Chinese Classical Poetry
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2. School of Computer Science Fudan University Shanghai 201203 China)

Abstract: Modeling literary texts with natural language processing technology has become a popular topic of compu—
tational linguistics in recent years. the vocabulary of Chinese classical poetry by combining point-wise mutual infor—
mation ( PMI) method and frequency threshold has been extracted. Based on the extracted poetic vocabulary a heu-
ristic forward maximum matching algorithm to segment the poems has been used. In order to model the poetry latent
dirichlet allocation ( topic model) based on which we also put forward explorative analysis of the literature evolu—
tion and poet network has been used. The experiments on the corpus of All-Tang poetry indicate that topic model is
an explanatory statistical model of the Chinese classical poetry. While proving the existed evolution theory of Chi-
nese literature the statistical model also provides insightful macro-analysis from a new perspective in addition to
the traditional methodology of Chinese literature research.

Key words: Chinese classical poetry; statistical modeling; word segmentation; topic model



