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Modeling and Analyzing Topic Evolution
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Abstract

BAI Liang'

ZHANG Wei-Ming®

Topic evolution of network public opinions is investigated. By treating topics as a set of correlated sub-topics,

a topic evolution model is proposed, consisting of sub-topic detection and correlation analysis. Furthermore, a sub-topic

detection algorithm based on OLDA is presented with Bayesian model selection for the appropriate topic numbers and

parameters estimation via Gibbs sampling. The correlations are further defined for analysis of topic evolution, including

emergence, extinction, development, merge and split of sub-topics. The method is experimentally verified to be efficient

for detecting topic evolution of network public opinions.
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BIATTAY. g Lok )@, wF N et 7 BA
BB AR F RS D BT R R B AR A AR (Dynamic
mixture model, DMM ) 375 ¢ Hsf 111 5T 135 1)
AT ISR . #5 LDA (Incremental latent
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Fig.1 Analysis process of topic evolution
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LI 3. XTI ¢ —n h RS T, i
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Ty, FAAET B T 5 T AL KT B e
BT T, WTm & T T 69, 439
BT JEN T FTE 15 R DRI FiE i AE, IR
TP RUTE JEN T (G ) R E AR

RIS M b R oy, AR T (R 1) IR
Jei ) SRI 1 UG AR W Ak oh 7%, 5 BV s ), T
(TR 1) DI 7~ U R AT A 2%, I3 B 0% 7 1% AN AT
EH ) SCI 718, BRI A B 7= A2 1 7l 457 T 1
J ] SR IR F 18 U A 2%, 36 W A% 18 U AP R I
IF) DI UG, B R T T

4 REE5SR

SEHG K FH NIPS s 5040 42 A 9 55 38 5 K
EEHY 2010 4F 9 25 38 [ 30 AT 1% 08 U A0 20 B, S
7t IBM XSERIES226 iz 45 %% b 2 s, 1%k %%
& CPU 4 Intel(R) XEON(TM) 3.00 GHz, WAFN
2.00 GB. 256 ¥ B A 7] w PR G R EUE A
0.5, MR HME e = —2.0.

4.1 EHT NIPS #iEEMIEm A

NIPS ##i 424 & H i T S04 43 B A 1
PR AR —, 2B AR 1988 4 ~ 2000
(s BALPER S (Neural information processing
systems, NIPS) 2 ilit SCEE LT 1866 FSCilik, %
B 58 T 3] ] A B B> T 5 ke, L
2532891 il (Word tokens), 14972 A~ME—k
L.

¥ NIPS BRI 0 13 AR, &) £
I SCARER e NIPS 2313055 F R 3R IR 18 SCRE k.
KM ELDA J7ikdb AT il @ Ak I, 19420458 11 55
1b2% 3] (Reinforcement learning) #H2¢, &£ I [A]
S AZ AR R IR B K — AR B R AN 3R 1 o,
I OLDA JjEftaas Rakar L.

& 1 Af W, ELDA J7 453 2 (1) 5 A0 2 5 AH 5%
T8 A5 B 1] Learning, HIH A 10 AN R A
Hh 1] Reinforcement F1 Learning JL[A] B, A
Eei &, OLDA J7ikANAT 6 AN TR A 40 2 S Bt il
Reinforcement 1 Learning.

XS FE AL (Support vector machine, SVM)



1694 H e ¥ 38 4%
#1 ELDA 5 OLDA Jjiklb#g
Table 1 Comparison of ELDA and OLDA on NIPS corpus
(a) ELDA: Topic 11 reinforcement learning
88 : information training state learning algorithm
89 : state learning reinforcement internal algorithm
90 : control model reinforcement learning arm
91: learning task state tasks rule
92 : learning state reinforcement task policy
93 : learning state reinforcement policy control
94 : learning state policy action reinforcement
95 : learning state reinforcement policy action
96 : learning state control policy reinforcement
97 : learning state policy reinforcement control
98 : state learning policy reinforcement action
99 : state learning policy action reinforcement
00 : state learning policy action time
(b) OLDA: Topic 12 reinforcement learning
88 : state learning system states time
89 : node system state rule learning
90 : state learning rule system node
91: learning state reinforcement system world
92 : state learning action task exploration
93 : learning state reinforcement control dynamic
94 : learning state optimal control dynamic
95 : learning state optimal action policy
96 : learning state action policy reinforcement
97 : learning state action reinforcement time
98 : state learning policy reinforcement optimal
99 : state learning policy action reinforcement
00 : state learning policy action reward

S A G, FRATTIRIAE &I ELDA J7 VA HU ¢
IR OLDA J7 2 R T I 7 H 2 28 1 1) v .
MM A B 1k 8 vk, ELDA J7yE s AN 28l &
Aiff o U5 LA, SR FH A e B A e B A ) 1l B AT
T A I, BIVRR 4 SCAGE SRR A A5 SO Tl il it
T IS P ] 91 H EIRE 26 i O, T skl B P 145 ) 75
TIAER.

5256 U — 0 M N 2K E (Perplexity) X}
ELDA #i#5 OLDA #AEAT T 241

> log P(wy)

deDtest

>, Ng

d€ Dtest

perplexity(Dyes;) = €xp { —

(9)
X FMAATER Diese, Na ACA d A5 BT

B, wy NICA d ARG

S EE S Y A R T DU A O AR AN ] i 2k
Al AERE AR T I B, DRI, PR R SR g
Reftl gy, BPBEAYGE R SO RBE 1. ELDA
B OLDA #EAY ((H A 8- B9[] 1 138 RS [ 22
50) HIRZEWE 2 Frok.

A LURBL, 4 SCARERARLI, 2505 00N ELDA
JiERR OLDA J7 i A BE T /N EAT 135 R LI
PERE T 4F.

4.2 MEHENEIENL ST
421 TFIREEELM

S 3t — 25 R AN 5 3 1 SR AR 1Y) 2010 4K
25 97 1 A DAy B SR AT A s A 0 . % AR
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& 25506 e oBrEARE, 34t 5066 913 ANEEI, 105
92 648 ANME—PERVC, XI5 12 AR F, S
J 6 N SCARBE A A % 2 BTk,

1000 —+—ELDA
—O0—OLDA
950—\D .
e N

o e
A 850
i

800

750

700 |

1 2 3 4 5 6 7 8 9 10 11 12 13

iialibey

2 ELDA KL OLDA BN FELL R
Fig.2 Comparison of perplexities of ELDA and OLDA
trained on NIPS
X2 HHEESIN Y] B R E

Table 2 Text configurations of the experiments

LRSIV S 1 AP S Y. S RLSTDS S 1.

11 2673 15 1760 #9 2585
12 2699 16 1178 410 2442
13 2700 47 2135 #11 2060
#4 1115 18 1195 #12 1998

SR ELDA J5iEn &[] i b SCARER AT
TG SR, Wk N T 71 R I 25 L, A
ELDA J7 V53047105 UK DL IR RS R 1250
ARG I IERI B ZAL

R A

WfF ARG, “RGeeh I 280 248
U R BN S e K ) T LA T A P AR B, A
ELDA J5 iE ) 15 AL (AR AE R 5 N TR
TS BURRAE A AE =AY () DL BB X E A
RIIAh ELDA J7 4 O 1 E A, 9 ok T A
THRESEI P { B, S w2, 508,
Y A1 ELDA J5 k4 7ih il {h [, g, e
2 WL, MY, U ELDA J7 v 115 i3 1E
7.

s Rk, S E R 10 K, AT A
H R 2 TV, £33 ELDA 7 vk iR
CLACFRIRE B CRE #2107, JF5 OLDA J7 vkl AT
T A, WA 3 Fron. SER o BINAR T s A
300 1400 P5APE LN OLDA J5 kAT ik R 3L
[k H, 43 5% B OLDA (300) 1 OLDA (400) J5

Precision =

(10)

.
# 3 ELDA 5 OLDA JriEki st (%)
Table 3 Comparison of ELDA and OLDA (%)

ELDA OLDA (300) OLDA (400)

R 87 78 85
Ty 83 74 73

[ PLRIL, ELDA Tk FRE AL T OLDA
R T ARG B, OLDA J7 VEFEAN R ) -1 it
ok E N RAE KNS, HIKT ELDA Jik.

4.2.2 EBAREK

N (1) s SR SR S (T i I (I AN 11 41 B
AU AR fE” G (AR SRR I S AH G TE ) Ry
1) 50 B A R I R, W] 3 TR, TEAR SCIEBE
TR F, AT AaRIE iR N, B3 h
RALTTHH T HVREAE I <o 7« il <kt
PN | AT R LR o

HIEH F
B [
FR R
Y A\
il | Ein =y By %3 W
S| e || oo el B LA
(a) 3% (b) 5454
(a) Split (b) Split and development
A
e B
e — T,
¥ "E B
e B oA
e ¥
v Rt e
*/\ \/
HhE
IS .
A B
(o) 47k (d) 74, gk 4 F

(c) Devel ¢ (d) Split, development, and
¢) Developmen
merge

B3 TR sl

Fig.3 Correlation analysis of sub-topicsm

Bl 3 AR EUCREAS 71 R IR Sk — 4l
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SRR, Flan, I 4 s R R
TP S ZONE A 5 b R <gE R, T A
A7 TFEE, KRB OA TR, 250 (WK 3 (a);
I 6 H P sl R, KA RN A 7
P “S M, R AW, KA, LiRFiE
BALERT TR 8 th Al R A “S M, AR F“W,
57 (WK 3(D)); BHE A 8 1l “I 15, Y
7 BT R IR 9 BRI A 11 R <TTEE,
WO« “HEIR, ML A CpREE, o (WL 3 (c));
1A 9 il “GlEr, BHS 1 5e R I A
10 Pl Y4, BHE R “Q0En, BRI A
11 i “BFn, BeR” T, i Y,
B REN “BHE, KE?, 5F AR i crh
[, Wi AR A 12 BAEIE R R E RET (I
K 3(d)).
4.2.3 EESRETL

AT R U TR A M2 0 T AN [ BN i)y 1 7
SREE AR, DA b TR S A DG Dl 45, LA AR
i 4 Fros.

0.040

0.035
0.030
0.025
0.020

ok

0.015
0.010

0.005 —/-\\/ | \\ /\\
2 4 6 8 10 1

0.000

2
AR F
Pl 4 o0 2 o 8 2 A S 135 R i P2 VA 1t 2k
Fig.4 Probability of Topic Expo 2010 over 12 slices

HP 4 FTRAG Y, i i o il U 2 L, o
JEAR A AT WS (KRS IR A 0l i 5 SR 2 LTt
20— BUINS [H) 2K VAR, A8 50 vy o 8 R 1F — BN (]
Ja, VBT R X0 R SR BAT RFE A
(I DGR, 0 266 T B AN 52 N I = 1 9 PR, R
X R F A REAT A A i RS, AR E R B
FAFIRUTIZHIG K, 50 4 B AR, FOE R+
SRAER, RIS L SR T BA A, F R
J SR A T B AR A A A e, A A 5 A R K
i [l %

5 it

AR SCHR T % AL oy A R R, S
SiEE)

a:
OLDA J5 vEH S 4 50 R b 47 718 Uk B, dl i

puA

PR R FE VA B A E 1R UL, IO 245 B
e B T B T R AT 9 1 e S IR
IINT T, R RAT I P 0% A AN A B SRR I 18
TR, R ST A T kAR 2R
E I LA SR, AR 1 R SCRTBLRE AT
KA LT U A ORI, S L T AR AE R SR
LS W2 I 0 AT 1 U A AT SR P AR A AR
M, AT UG R A 3k REAT 280k I 1% A N
AR BB TR AR AL, FEBEIER b, T — 2R T 5
DA R P B (R AR OP p 1l AR AR (1 4 R DL R i
TR AT P 20T I B 573K

Buit

ARSI AE TR ST knowceeans-ilda (http://
arbylon.net /resources.html) J&fili_F I, FF IR
S
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