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“Arts” “Budgets” “Children” “Education”
NEW MILLION CHILDREN SCHOOL
FILM TAX WOMEN STUDENTS
SHOW PROGRAM PEOPLE SCHOOLS
MUSIC BUDGET CHILD EDUCATION
MOVIE  BILLION YEARS TEACHERS ]\ j]
PLAY FEDERAL FAMILIES HIGH )
MUSICAL  YEAR WORK PUBLIC Kiﬁ’i AN
BEST SPENDING PARENTS TEACHER =™
ACTOR NEW SAYS BENNETT
FIRST STATE FAMILY MANIGAT
YORK PLAN WELFARE NAMPHY
OPERA MONEY MEN STATE
THEATER PROGRAMS PERCENT PRESIDENT
ACTRESS GOVERNMENT CARE ELEMENTARY
LOVE CONGRESS LIFE HAITI
The William Randolph Hearst Foundation will give $1.25 million to Lincoln Center, Metropoli-
tan Opera Co..New York Philharmonic and Juilliard School. “Our board felt that we had a
real opportunity to make a mark on the future of the performing arts with these crants an act
every bit as important as our traditional areas of support in health, medical research. education
and the social services”” Hearst Foundation President Randolph A. Hearst said Monday in
innouncing the grants. Lincoln Center’s share will be $200.000 for its new building. which
will house young artists and provide new public facilities. The Metropolitan Opera Co. and
New York Philharmonic will receive $400.000 each. The Juilliard School. where music and
the performing arts are taught. will get $250.000. The Hearst Foundation. a leading supporter
of the Lincoln Center Consolidated Corporate Fund. will make its usual annual $100.00C
donation, too.
Figure 8: An example article from the AP corpus. Each color codes a different factor from which
the word is putatively generated.
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D. Blei, A. Ng, M. Jordan, Latent Dirichlet Allocation, JIMLR2003
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1881 1880 1900 1910 1820 1930 1940 19850 1960 1970 1980 1990 2000
force mation magnet force atom ray energy energy radiat electron eleciron electran state
energy force electric magnet theory measure measure radiat energy energy energy atom energy
mation magnet measure theory electron enargy electron ray electron atom particle energy electron
differ energy force electric energy theory light electron measure measure field structur magnet
light = measure —= theory = atom  measure —= light = aiom = measure = ray ™ radial —= radiat field —= field

measure differ system system ray wave particle atom atom field moadel madel atom
magnet direct mation measure electr radiat ray particle field ray atom state system
direct line line line ling atom radiat two two model twa two twa
matter result point energy force electric point light particle particle ray magnet guantum
result | L light | | differ body value value theory absorpt observe magnet measure ray physic |

"Atomic Physics"

electron

guantum

1881 On Matter as a form of Energy
1892 Non-Euclidean Geometry
1900 On Kathode Rays and Some Related Phenomena
1917 “"Keep Your Eye on the Ball"
1920 The Arrangement of Atoms in Some Common Metals

1933 Studies in Nuclear Physics

1943 Aristotle, Newton, Einstein. Il
1950 Instrumentation for Radioactivity

1965 Lasers

1975 Particle Physics: Evidence for Magnetic Monopole Obtained
1985 Fermilab Tests its Antiproton Factory

1999 Quantum Computing with Electrons Floating on Liguid Helium

T T T T T I T
1880 1900 1920 1940 1960 1980 2000

D. Blei, J. Lafferty, Dynamic Topic Models, ICML2006




[L. Cao and L. Fei-Fel. Spatlally coherent
latent topic model for concurrent object
segmentation and classification . ICCV2007]
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7000

—— Smoothed Unigram
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D. Blei, A. Ng, M. Jordan, Latent Dirichlet Allocation, JIMLR2003
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— T.lwata, T. Yamada, N. Ueda, “Probabilistic Latent Semantic
Visualization: Topic Model for Visualizing Documents,” KDD2008
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— T. lwata, S. Watanabe, T. Yamada, N. Ueda, "Topic Tracking
Model for Analyzing Consumer Purchase Behavior,” IJCAI2009
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— T. lwata, T. Yamada, N. Ueda, "Modeling Social Annotation Data
with Content Relevance using a Topic Model," NIPS2009
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— T. lwata, T. Yamada, Y. Sakurai, N. Ueda, "Online Multiscale
Dynamic Topic Models,* KDD2010
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Purchase behavior model

item user time
% ﬁﬁt%

YE - 1—H

BHEiE B

Bt A —Hub B RiZEAT AFESR

1982

items i

L Michael Jackson

Beatles

- Z} users

Deep purple

Madonna

high

low
20




Purchase behavior model

item user time
% ﬁﬁt%

Bt A —Hub B i T EAT AESR

1993

A

Michael Jackson

Beatles

Deep purple

Madonna
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Purchase behavior model

item user time
% ﬁﬁt%

FFZltiCc 1A —Huh ERizBAT SR

2009
Al B | C
Michael Jackson
Beatles
Deep purple

Madonna




Purchase behavior model

item user time
%Hjﬁﬁgy

Bt A —Hub B i T EAT AESR

2009
A| B | C
Michael Jackson
Beatles
Deen nurnle
KT A—B =1 x BB X FLIH
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Topic model
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Bayesian extension
« Latent Dirichlet Allocation (LDA)
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Bayesian extension

« Latent Dirichlet Allocation (LDA)
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Topic Tracking Model (TTM)
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Incorporate the dynamics of interests
o BRDEFIDHHNEEDEKIZIKTE

o HIZEFIH M (Dirichlet) >=FE M EHEIC
User: u
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mean: previous interests ¢t-1,u

precision: at,u R () — B 14
(A—HHEEMAEN L 5L N
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Incorporate the dynamics of trends
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Online inference
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Stochastic EM

E-step: collapsed Gibbs sampling of topic z

Nt k\j T Ctu®t—1uk Nt ki\i T Pt kblt—1.k,

Pz = k| X, Zp i, 81,041, 04, B;)
< tydi\gs ¥t—1y i1, ¢, My ’
\ n't_u\j + Q¢ nt,k:\j un ﬁt.k’-

M-step: maximum likelihood of «, f8

Zz (;Bt—l,u.,z(lp(n't:-u,,z + Q':t;u..(;gt—l,u.:z) — \I}(th,-u(;gt—lgu..,z))
kI’(n'l‘.-,'u.. _|_ Q'ft,-u) — kp(aft,'u-)

Zi ét—l,z,z’-(qj(nt,z:i + Bt,zét—l,z,’é) — \Ij(ﬁt,zét—l,z:i))
\p(nt,z _I_ /%z) I \Ij(ﬁfz)

¢ ,U — Oy U

Bt,z — 61%,2

Estimate ¢ and 6 after the iteration of EM steps
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Capturing long term dependences
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Graphical models of TTM
and related models

Topic

n

-l Ny —»

U

T

6
(o)

Q;E Interest persistency Dynamic
@ a0 User interests Model
Gaussia
_ latent topic
11
|) purchased item
. > /1 # purchased items
4 M Y MA——|
U U% # users
7 9\ o ¢ 0 Item trends
Trend persistency
A Z‘ﬁ # topics Gaussian|
t-1 t [Blei et al.,

ICMLOS6]

N

Dynamic
Mixture
Model
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[Wel etal.,
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Movie

Experiments

— 110 days, 70,122 users, 7,469 items
— 11,243,935 transactions

Cartoon
— 151 days, 143,212 users, 206 items

— 12,64

2,505 transactions

ELEE T i

— LDAa
— LDAO
— LDAO

I: BEETOT—3ZFEEI[FEH
nline: LDADQZA US4 FE R
ne: BETHDT—3NHEFEIZ[EH
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Average N-best accuracies (%)

(a) movie

N LDAall

LDAonline

LDAone TTMI

TTMI10

[ 1.21(0.61) 1.08(0.54) 1.91 (0.78) 2.22 (0.91)
2 2.18(0.79) 2.00 (0.78) 3.52 (1.22) 3.99 (1.33)
3 3.06(1.04) 2.81 (1.02) 5.04 (1.64) 5.60 (1.75)
4 3.90 (1.27) 3.56 (1.24) 6.24 (1.90) 6.82 (2.01)
5 470 (1.51) 4.26 (1.44) 7.37 (2.20) 7.92 (2.26)

(b) cartoon

4.47
6.35
7.82

9.20 |

2.46((0.92)
(1.36)
(1.85)
(2.15)

(2.42)

N LDAall LDAonline LDAone

TTMI

TTMIO

nh B W N —

27.0 (33)
37.3 (3.6)

6.0 (3.5)
35.1 (4.2)
437 (3.9) 41.1 (4.8)
485 (4.0) 458 (5.1)
524 (42) 49.6(5.4)

248 (45) 2638 (42)
32.4(4.9) 342 (4.5)
37.2(5.3) 39.8 (4.6)
40.9 (5.3) 44.5 (4.6)
44.1 (5.4) 48.5 (4.6)

30.5
39.9
435.9
50.6

54.4

(.4)
(3.5)
(3.3)
(3.2)
(3.0)




Average computational time (sec)

LDAall LDAopline LDAone TTM1 TTMI0

movie 12,3803  523.7 503.2 4553 7070
cartoon 12,528.4  663.2 674.6 6339 9369

e LDAAIIXETHOT—2%&FEBIH-HEtEEX

« TTM10IZ1H#71-Y100,0008EE M 5755 T—42T
#9125 T EAIRE

o TTMTIIKEFIEB I LIERICETE =&
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Examples of trend persistency S
for each day
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Trend analysis in Delicious tags

o DeliciousT—% (2005/115'52008/3)
CY— STy —Y—E R e—
- WEES—Y = =i
— 1888 H'(user, tag, time) M55
—- 378, 15,4661—%, 14,5864%

S

e 2008/11MDKREwYY

politics,obama,election,election2008,mccain

mobile,iphone,google,microsoft,android

web?2.0,twitter,socialmedia,tools,socialnetworking

mac,iphone,osx,software,apple
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Topic “politics”

2007/8 politics,economics,history,news,culture

2007/9 politics,economics,history,news,war

2007/10 politics,economics,history,news,law

2007/11 politics,economics,history,media,news
2007/12 politics,economics,history,religion,government
2008/1 politics,economics,history,government,media

., . . e Ty +
2008/2 politics,economics,history,obama,gov June/3/2008 Obama

2008/3 politics,economics,history,obama,war| yas named the
2008/4 politics,economics,history,media,gove presumptive nominee.

2008/5 politics,economics, history,culture,govemment

2008/6 politics,obama,economics,history,law AUGUSUZ?’?&’? r':/'cr(]:a(;”

_ . . announce at he na
2008/7 politics,economics,obama,history,law) q,,cen paiin as his
2008/8 pol|t|cs,obama,econom|cs,hlstory,% running mate.

2008/9 politics,mccain,palin,election,obama 042008 the U.s.
2008/10 politics,o0bama,election,mccain,econ? presidential Election

2008/11 politics,obama,election,election2008,mccain 39



Topic “web2.0”

2007/1 web?2.0,social,community,search, ,google,video,internet,secondlife,rss
2007/2 web2.0,community,social,video,rss, ,google,search,tools,yahoo

2007/3 web2.0,community,social, ,twitter,collaboration,google,search,rss,video
2007/4 web2.0,community,social, ,video,google,twitter,collaboration,rss,search
2007/5 web?2.0,community,social,search,video,google, ,twitter,tools,socialnetworl
2007/6 web2.0,community,social,video,facebook, ,tools,google,socialnetworking,
2007/7 web?2.0,facebook,community,socialnetworking,social, ,tools,video,google,
2007/8 web?2.0,social,socialnetworking,facebook,community,video, ,google,tools,
2007/9 web?2.0,facebook,socialnetworking,social,google,community,tools, ,video,
2007/10 web2.0,facebook,socialnetworking,social,google,community, ,video,tools
2007/11 web2.0,facebook,socialnetworking,social,google,community,advertising,opensot
2007/12 web2.0,facebook,socialnetworking,social,google, twitter,community,vide
2008/1 web?2.0,socialnetworking,facebook,twitter,social,socialmedia, ,tools,comir
2008/2 web?2.0,socialnetworking,twitter,social,community,google,socialmedia,facebook,tc
2008/3 web2.0,twitter,socialnetworking,social,socialmedia,community, ,Sfacebook.
2008/4 web2.0,twitter,socialnetworking,social,socialmedia, ,tools,community,face
2008/5 web2.0,twitter,socialnetworking,social,socialmedia,community,tools, face
2008/6 web2.0,twitter,socialnetworking,socialmedia,social,tools, ,community,face
2008/7 web?2.0,twitter,socialmedia,socialnetworking,social,tools, ,community,goo
2008/8 web2.0,twitter,tools,socialmedia,socialnetworking,social, ,search,faceboo
2008/9 web2.0,twitter,socialmedia,socialnetworking,tools,social,google, ,search,t
2008/10 web?2.0,twitter,socialmedia,tools,socialnetworking,social, ,marketung,goo
2008/11 web2.0,twitter,socialmedia,tools,socialnetworking,social,facebook,microblogginc
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» Teh et al., Hierarchical Dirichlet processes, Journal of the
American Statistical Association, 2006

« Morinaga and Yamanishi, Tracking Dynamics of Topic
Trends using a Finite Mixture Model, KDD2004
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