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A comparative topic model for words burstiness

TAN Wentang ,WANG Zhenwen ,YIN Fengjing ,GE Bin ,XIAO Weidong
(Science and Technology on Information Systems Engineering Laboratory, National University of Defense Technology, Changsha 410073 ,China)
Abstract ; State-of-the-art cross collections topic models suffer from the serious flaw that it cannot capture the tendency of words to appear in
bursts. Based on LDA ( Latent Dirichlet Allocation) ,a topic model CDCMLDA ( Cross-collection Dirichlet compound multinomial Latent Dirichlet
Allocation) , which models the burstiness phenomena of words using Dirichlet compound multinomial ( DCM) distribution, was proposed. A Monte
Carlo Expectation Maximization algorithm for model inference was presented. A variety of qualitative and quantitative evaluations of CDCMLDA

were performed, which shows that CDCMLDA not only discovers the common and unique aspects on topics, but also improves the model perplexity

compared with the two cross-collection topic models.
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Bt

L +a,) —Inl(a,)]

x2 HIESEHR

Tab.2 Description of experimental data

BR R SCABL R [E b Sl
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Tab.3 Topic evolution on Asia Tsunami reports of Reuters

T 1

nations countries debtbillion

T 2

British Foreign missing government

i 3

water city Indonesia aid food quake

Annan aid tsunami relief world

confirmed dead told disaster killed

supplies northern streets airport

2004 2005 2004 2005 2004 2005
Nations 0. 0463 tsunami 0. 06 disaster 0. 0298 coast 0. 027 water 0. 0415
debt 0.03173 countries 0.0342  global 0. 04 victims 0. 0272 survivors 0. 0273 coast 0. 027556

Brown 0.0194
countries 0. 0191
meeting 0. 0156
pounds 0.01548
Bank 0.013692
reconstruction
0.01369
Germany 0.013
Blair 0.012
Billion 0. 012
Britain 0. 012
moratorium 0. 01
aid 0.01113
world 0.011
Minister 0. 010
plan 0. 00985
Prime 0. 009725

Indonesia 0. 031
earthquake 0. 02
Reuters 0. 02455
hit 0. 02363
continued 0. 02
waves 0. 01964
Indian 0. 016983
Ocean0. 0141
cost 0.0126
triggered 0. 011
catastrophe 0. 01
system 0. 01
magnitude 0. 01
powerful 0. 0104
nations 0. 009
largest 0. 0094

economic 0. 007

warning 0. 033
effort 0. 0302
leaders0. 026
pledged 0. 025
continued 0. 0231
help 0.0210
humanitarian 0. 02
Aid 0.019

efforts 0. 017

But 0.015

Indian 0. 014
millions 0. 0141
including 0. 012
United 0. 0127
conference 0. 01
lives 0.0117

global 0. 0239
million 0. 023
world 0.0217
celebrations 0. 02
urged 0.0138
Britain 0. 01316
give 0.01263
called 0.01224
silence 0.01224
millions 0. 0122
asked 0.0117
site 0.0111
Minister 0. 0111
cancelled 0. 0111
city 0.010529
Asia 0.0103
children 0.0101

water 0. 0262
food 0. 023
said 0. 021

city 0. 021
capital 0.017
Indonesian
0.017

Sumatra 0. 015
airport 0. 015
lost 0.0149
quake 0.0134
area 0. 0133
injured 0. 0123
trying 0. 0108
tour 0. 0105
destroyed 0.010
supplies 0. 009

tsunami 0. 0221
people 0. 0187
ground 0. 0171
area 0.0165
wave 0.0158
quake 0.015
relatives 0. 013
fishermen 0.012
miles 0.0119
town 0.0108
swept 0.0103
debris 0. 0102
Madras 0. 0091
sea 0. 0089
inland 0. 0088
night 0. 008
flooded 0. 008
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Tab.4 Topic evolution on proceeding of NIPS between 2003 and 2004

Learning

prediction option time observation agent

history

slate

probability

i 1

predictions

environment tests algorithm current

Action

sequence

points

space

embedding nearest neighbor learning

dimensionality

i 2

data distance manifold local

reduction Euclidean linear algorithms

projection

TR 3

Model image Figure human motion

Representation

object

pose  Vision

Detection surface video similar texture

tracking visual segmentation

2003 2004 2003 2004 2003 2004
training 0. 081 feature 0. 0709 distance 0. 075 dimensional0. 032 image 0. 031 model 0. 0604
test 0. 0391 regression 0. 067 dimension 0. 044 components0. 021 object 0.013 image 0. 0232
prediction0. 037 space 0. 0642 method 0. 036 space 0. 021 model 0. 01 human 0. 0126
examples 0. 032 matrices 0. 04 manifold 0. 035 local 0.019 face 0. 0094 This 0. 0074
instance 0. 0315 data 0. 0313 reduction 0. 027 point 0. 019 detection 0. 0074 latent 0. 0074

Learning 0. 017
SVMs 0.0158
hand 0. 01516
threshold 0. 014
accuracy 0. 014
machine0. 0136
context 0. 0124
synthetic 0. 011
extended 0. 010
original 0. 0105
achieve 0.0103
noisy 0. 0101
boundary0. 008

factors 0. 02
dimensional0. 019
weighted 0. 018
infinite 0. 0174
variable 0.012
observation 0. 012
vector 0. 0115
mapping 0. 0107
synthetic 0. 0105
scaling 0. 0097
Lasso 0. 009
coordinates0. 008
predictions0. 0087

data 0. 0236
methods 0. 0226
nearest 0. 02201
database0. 01834
information0. 017
dataset 0. 016
mass 0. 0155
estimate 0. 014
interactions0. 012
types 0.012
motif 0. 011
amino 0. 01

plane 0. 01

vectors 0.018
analysis 0. 0156
distance 0. 0153
index 0.0147
projection 0. 0138
manifold 0. 0135
neighbors 0. 012
reduction 0. 0119
hand 0.0112
vertices 0. 01013
greedy 0. 0097
algorithms 0. 009
principal 0. 0092

appearance 0. 0069

features 0. 0069
pixels 0. 0065
pose 0.0065
recognition 0. 0061
local 0. 006
segmentationQ. 005
tracking 0. 0057
patches 0. 0054
Vision 0. 0048
single 0. 0048
surface 0. 0046
background0. 003

motion 0. 0068
Figure 0. 0058
parameters0. 0057
data 0. 0057
inference 0. 0056
object 0. 0053
generative(0. 0053
range 0. 0052
learned 0. 005
structure 0. 0046
mixture 0. 0044
level 0. 0042
hierarchical0. 003
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Tab.5 The comparison between the Blogs about London and Singapore

T 1
Airport train bus get take hours flight
check station luggage taxi Terminal

ticket leave

T 2
Good place great street area nice road

Restaurants food walk Pubs park music

i 3
Card know get bank pay money credit
phone using cash account fee charge

free service check

old shopping house bars

London Singapore London Singapore London Singapore
heathrow0. 015 transit 0.013 city 0.0145 place 0. 021 card 0. 020 card 0. 031
London0. 0149 city 0.0121 great 0. 0144 great 0.013 use 0.0192 use 0. 024
travel 0. 01 free 0. 0093 pubs 0. 01254 area 0.013 bank 0.018 know 0.019
station 0. 0099 immigration0. 009 nice 0. 0124 orchard 0.01 know 0. 016 money 0. 017
hours 0. 0092 singapore 0.0084  place 0.0116 street 0. 01 get 0.015 get 0.0144
tickets 0. 009 hour 0. 0076 music 0. 010 top 0.01 pay 0.013 pay 0.0135
day 0.0082 leave 0. 0069 area 0. 0093 food 0. 009 money 0.013 bank 0.012
flybudget0. 007 morning 0.0068  food 0. 0088 shopping0. 009 credit 0. 0127 credit 0. 012
book 0.007 customs 0.0059  old 0. 0086 nice 0. 007 phone 0. 012 cash 0.0112
guide 0.007 johore 0.0057 centre 0. 0084 style 0.007 number 0. 012 rate 0. 009
fiills 0. 007 catch 0. 0053 museum0. 0068 quay 0. 006 account 0. 011 service 0. 009
global 0. 0067 tour 0. 0048 town 0. 0064 centre 0. 006 charge 0. 0099 buy 0. 008
luggage 0. 006 arrive 0. 0047 south 0. 0059 building 0. 006 fee 0.0090 atm 0. 008
journey 0. 006 clear 0. 0046 tourists 0. 0057 plenty 0. 006 cash 0.0089 charge 0. 008
cost 0. 006 going 0. 0045 gardens 0.0056  bars 0. 006 free 0. 0088 account 0. 007
advance 0. 006 town 0. 0044 find 0. 00539 park 0.0058 give 0. 0081 safe 0.007
cheaper 0. 005 cab 0.0044 hill 0. 0053 house 0. 0056 using 0. 0079 local 0. 006
rail 0. 005 shuttle 0. 0044 top 0. 0053 beer 0. 0053 mobile 0. 0073 fee 0. 006

express 0. 005
service 0. 004

baggage 0. 0043
fare 0. 0042

bridge 0. 0052
river 0. 0051

corner 0. 0053
garden 0. 0049

find 0. 0069
check 0. 0069

exchange 0. 0067

countries 0. 006
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Tab.6 The comparison between the Blogs about London and Singapore by CCLDA

i 1 T 2 i 3

airport check time know airlines com good food want where know think area www stay cheap good night try budget

hotel take flights don fly station cheap time park nice free bit transport stuff hostel look london cheaper card etc

cost book flying hour journey

places street old night

website live search price

London Singapore London Singapore London Singapore
london 0. 081 airport 0. 060 london 0. 045 food 0.032 com 0. 045 good 0. 057
heathrow 0. 044 changi 0. 050 saturday 0. 024 mrt 0. 032 london 0. 031 place 0. 036
www 0.038 flight 0. 036 cold 0. 020 india 0. 029 hotel 0.019 find 0. 033
train 0. 037 taxi 0. 034 talk 0. 020 night 0. 029 know 0. 017 want 0. 032
global 0.030 terminal 0. 026 sitting 0. 020 zoo 0. 024 looking 0. 017 where 0. 024
flybudget 0. 029 budget 0. 025 baby 0.019 road 0. 020 get 0.016 time 0. 019
frills 0. 029 city 0. 0256 grey 0.019 sentosa 0. 019 bus 0.013 com 0.019
guide 0. 027 transit 0. 025 dream 0. 019 shopping 0. 019 find 0.013 bit 0. 018
manchester mrt 0. 021 lift 0. 018 orchard 0. 018 free 0.011 great 0. 01
0.016 air 0. 020 comin 0. 018 chinatown 0. 017 great 0.0105 lot 0.015
airlines 0. 015 hours 0.019 skirt 0.018 centre 0. 015 worth 0.010 money 0.015
cambridge 0.012  time 0. 019 heels 0.018 bugis 0. 013 birmingham going 0. 014
faq 0.0128 tiger 0. 018 drinkers 0. 018 quay 0.013 0.010 years 0. 013
lot 0.012 free 0.018 deals 0.017 eat 0.013 pay 0. 0097 look 0. 013
stansted 0. 011 immigration acid 0.017 great 0. 013 accommodation expensive 0. 012
bristol 0.011 0.0159 screaming 0. 017 try 0.012 0.009 things 0. 011
ryanair 0. 010 asia 0. 015 girl 0.017 cheap 0.012 expensive 0. 009 couple 0.011
gatwick 0.010 airline 0. 013 station 0.017 city 0.012 central 0. 008 maybe 0.011
pounds 0. 010 luggage 0. 013 door 0.017 safari 0. 011 house 0. 007 pretty 0.010
darwin 0.010 leave 0.0119 tube 0.017 walk 0.011 room 0. 007 available 0. 009
snow 0.0100 singapore 0. 011 pubs 0.013 good 0.010 cost 0. 008
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