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Search is a means to the end of finishing a task
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Example Task 1: Comparing News Articles
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Example Task 2: Compare Customer Reviews

IBM Laptop APPLE Laptop DELL Laptop
Reviews Reviews Reviews
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Hard disk é é é
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Which laptop to buy?
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Example Task 3:
ldentify Emerging Research Topics

—Sensor Networks

—Structured data, XML

—Webdata What 6s hot in dat/ablase
—Data Streams |

—Ranking, Top-K
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Example Task 4: Analysis of Topic Diffusion

One Week
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How did a discussion of a topic in blogs spread?
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Sample Task 5:
Opinion Analysis on Blog Articles

Tom Hanks, who is m
favorite movie star act
the leading role.

Quer y ¥ndd@o d e

Y protesting... will lose
your faith by

watching the movie. — Positive

—Negative

... SO sick of people

d book t t making such a big deal |
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Questions

A Can we model all these analysis problems in a
general way? Yes!

A Can we solve these problems with a unified Yes!
approach? |

A How can we bring users into the loop?  Yes!

Solutions: Statistical Topic Models
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Rest of the talk

A Overview of Statistical Topic Models

A Contextual Probabilistic Latent Semantic
Analysis (CPLSA)

A Text Analysis Enabled by CPLSA
A From Search Engines to Analysis Engines
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What is a Statistical LM?

A A probability distribution over word sequences
i p (Taday is Wednesdayj 0.001
I p (Taday Wednesdayas) 0.0000000000001
I p (Tle eigenvalue is positi/g® 0.00001

A Context/topic dependent!

A Can also be regarded as a probabilistic
mechani sm for ngenerati|l
a nhgenerativeo model
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The Simplest Language Model
(Unigram Model)

A Generate a piece of text by generating each
word independently

A Thus, p(w; W, ... w,)=p(w,)p(w,) é p ()w
A Parameters: {p(W;)} pw,) +é + p)EMN is voc. size)

A Essentially a multinomial distribution over
words

A A piece of text can be regarded as a sample
drawn according to this word distribution
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Text Generation with Unigram LM

(Unigram) Language Modelg  Sampling

> Document d
p(w|q)

=

text 0.2

mining 0.1 o
Tonic 1 assocation 0.01 uu:> Text mining
opic 1. clustering 0.02 paper
Textmining |é

food 0.00001

e Given q, p(d| g) varies according to d
é
i~ - food 0.25 "
Topllch2. utrition 0.1 " Food nutrition
Healt healthy 0.05 - paper
diet 0.02
é
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Estimation of Unigram LM

(Unigram) Language Model g Estimation

Document
p(w| q)=7 -—

é text 10
10/100—ptext ? ., mining 5
5/100 —rMmining association 3 T

: otal #words

3/100 —*assocation ?
21100 —* database ? 4mmm | database3 |,

é algorithm 2

—bquery ? €

1/100 q, y query 1

€ efficient 1

74

language model as topic representation?

. 3
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Language Model as Text Representation:
Early Work

A 1961: H. P. L u h neéardy idea of using relative
frequency to represent text [Luhn 61]

A 1976: Robertson & Sparck Jones 6 BI R

[Robertson & Sparck Jones 76]

A1989: Wong & Yaods wor K
distribution representation [Wong & Yao 89]

Luhn H. P (1961) The automatic derivation of information retri@radlodementgrom
machinereadable texts. In A. Kent (Ednformation Retrieval and Machine Translation
Vol. 3,Pt2., pp. 10211028.

S. Robertson and Kparcklones. (1976Relevance Weighting of Search Terd#sSIS, 27,
129-146.

S. K. M. Wong and YYdo (1989)A probability distribution model for information
retrieval.Information Processing and Managemge6(1):39-53.
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Language Model as Text Representation:
Two Important Milestones in 1998~1999

A 1998: Language model for retrieval (i.e., query
likelihood scoring [Ponte & Croft 98] (and also
Independently [ Hiemstra & Kraaij 99])

A 1999: Probabilistic Latent Semantic Analysis
(PLSA) [Hofmann 99]

J. M. Ponte and W. B. Croft. A language modeling approach to information
retrieval. InProceedings of ACRIGIR 199%ages 27281.

D.Hiemstraand W.Kraaij TwentyOne at TREZ. Adhoc and Croskanguage
track, InProceedings of the Seventh TREtrievalConference (TRE, 1999.
Thomas Hofmann: Probabilistic Latent Semantic Analysis1999289296
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Probabilistic Latent Semantic Analysis (PLSA)

%%%@%

P(w) = § P(z=i)P(w|Topig) music of

movie 0.10
harry 0.09 - potter 1o

potter 0.05 | TOPIC 2
actress 0.04

music 0.02 Harry Potter

ipod 0.15

nano 0.08 ]
music 0.05 | Topic1
download 0.02

apple 0.01 Apple iPod
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Parameter Estimation

A Maximizing data likelihood:

L =argmax,_log(P(Data| Model)) Prior set by users

A Parameter Estimation using EM algorithm

ijpod ?

nano ? Guess the affiliation

music 2 I downloaded
download 7 the music of
apple ?

the  movie

movie ? _ harry potter to
harry ? Estimate the params

potter  ? my ipod nano
actress ?

music ?
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Context Features of a Document

Weblog Article

Author

X source

Time Location
Aut hor 6s Occupation
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A General View of Context

papers written in
1998 [ ElAal&a &a @& 1998
1999 % % %
s & 6 é A Partition of documents
= 2 El A Any combination of
2005 = context features
\ (metadata) can define
2006 % papers written by a context
Bruce Croft

WWW SIGIR ACL KDD SIGMOD
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Empower PLSA with Context [mei & zhai 06]

A Make topics depend on context variables

A Text is generated from a contextualized PLSA
model (CPLSA)

A Fitting such a model to text enables a wide
range of analysis tasks involving topics and
context

QiaozhuMei, ChengXian@hai A Mixture Model for Contextual Text Mining
Proceedings of the 2006 ACM SIGKDD International Conference on Knowledge
Discovery and Data MiningKDD'06), pages 64%55
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Contextual Probabilistic Latent Semantics
Analysis

Viewl View2 View3 Choose atheme
Themes Draw a word fi of
— [ N ( N ( ) government 0.3 to the hurricane
Ove ¢ response 0.2.. primarily consisted of
9 of its
>

t o é& Thsaut-inoit al
ion from the Gulf

donate 0.1

[ ]
: relief 0.05 xico & appr
o . help 0.02 annual
production and the shut-
city 0.2 in gas productioné Ov er
Ne new 0.1 sevagaty countries pledged
Or ' ry donations or

orleans 0.05 .

istance. é

v

AN J

Texas July sociolo
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Choose a view
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coverages: ee Choose a

Coverage
\_ Texas July 2005 document J

/
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Comparing News Articles
Iraq War (30 articles) vs. Afghan War (26 articles)

The common theme 1 ndicates t hat nUni ted Nat
f
Cluster 1 Cluster 2 Cluster 3
united 0.04 killed 0.035 e
Common nations 0.04 month 0.032
Theme é deaths 0.023
e
Irag n 0.03 troops 0.016 e
Weapons 0.02 hoon 0.015
Theme Inspections 0.02 sanches 0.012
e e
Northern 0.04 taleban 0.026 e
alliance 0.04 rumsfeld 0.02
kabul 0.03 hotel 0.012
Atghan taleban 0.025 front 0.011
Them / aid 0.02 e
/\ e
v K
Collection-s peci fic themes indicate different rol
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Spatiotemporal Patterns in Blog Articles

AQuery= fiHurricane Katrinao
A Topics in the results:

Government Response New Orleans Oil Price Praying and Blessing Aid and Donation Personal
bush 0.071 city 0.063 price 0.077 god 0.141 donate 0.120 i 0.405
president 0.061 orleans 0.054 oil 0.064 pray 0.047 relief 0.076 my 0.116
federal 0.051 new 0.034 gas 0.045 prayer 0.041 red 0.070 me 0.060
government 0.047 louisiana 0.023 increase 0.020 love 0.030 cross 0.065 am 0.029
fema 0.047 flood 0.022 product 0.020 life 0.025 help 0.050 think 0.015
administrate 0.023 evacuate 0.021  fuel 0.018 bless 0.025 victim 0.036 feel 0.012
response 0.020 storm 0.017 company 0.018 lord 0.017 organize 0.022 know 0.011
brown 0.019 resident 0.016 energy 0.017 jesus 0.016 effort 0.020 something 0.007
blame 0.017 center 0.016 market 0.016 will 0.013 fund 0.019 guess 0.007
governor 0.014 rescue 0.012 gasoline 0.012 faith 0.012 volunteer 0.019 myself 0.006

A Spatiotemporal patterns
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33. 3 0830 oas ek A= i) 08T 103
Time

(a) Theme life cycles in Texas
(Hurricane Katrina)

I I
—=- Forids

=8 Loulsiana
2. —— T=xas

—a— Washingion
bl

OEiEd nane i gkl 0520
Time

(b) Theme “New Orleans” over states
(Hurricane Katrina)

fe Cycl es

New Orleans

price 0.0772
oil 0.0643
gas 0.0454
increase 0.0210
product 0.0203
fuel 0.0188
company 0.0182
e

e

city 0.0634
orleans 0.0541
new 0.0342
“louisiana 0.0235
flood 0.0227
evacuate 0.0211
storm 0.0177
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Theme Snapshots (nH

Week2: The discussion moves towards the north and west

Weekl: The theme is the strongest along the Gulf of Mexico Week3: The theme distributes more uniformly over the states

(a) Weekl: 08/23-08 /29

Thema 1 f/

Covernment Rosponsa —_

bush T.07IG3Td
presidant O.0GI004Z
fodaral 0.0514114
gowarn 00476077
Tama U.047d607
administrate 00233003
response 00208351
Brown 0.01D0E73
Blame U.0170033
govarnor 0.0142153

(d) Week Four: 09/13-09/19 ie) Week Five: 09,/20-09/26

Week4: The theme is again strong along the east coast and the Gulf of Mexico

Week5: The theme fades out in most states
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Theme Life Cycles (KDD Papers)

gene 0.0173
0.02 expressions 0.0096
——Biology Data | "
0018 | ——BidlogyDala | > probability 0.0081

—— Web Information

£ 0.016 \ _— —— Time Series r,nlcroarray 0.0038
,-GE) 0014 | ommmimsl \ —o— Classification &

5 o = Associaion Rule| - | Marketing0.0087
%,0'012 | —— Clustering / customer 0.0086

g 0.01 | USSINESS model 0.0079

% 0.008 | business 0.0048

= 0.006 | e

£ .

5 0.004 ¢ rules 0.0142

association 0.0064
support 0.0053
e

0.002

1999 2000 2001 2002 2003 2004
Time (year)
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Theme Evolution Graph: KDD

1999 2000 2001 2002 2003 2004 T
web 0.009
SVM 0.007| | classificai mixture 0.005
criteria 0.007 tion 0.007 L_{random 0.006

classificai 7 features0.006 cluster 0.006
tion  0.006 topic  0.005 clustering 0.005 \

linear 0.005 € variables 0.005
/ é é topic 0.010
mixture 0.008
decision 0.006 LDA 0.006
tree 0.006 é semantic
classifier 0.005 Classifica 0.005
class 0.005+ - tion 0.015 Informa é
Bayes 0.005 text 0.013 -tion 0.012
é unlabeled 0.012 web  0.010
document 0.008| | social 0.008
labeled 0.008 retrieval 0.007
& |earning 0.007 distance 0.005
i é é networks 0.004
€ é
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I

Multi-Faceted Sentiment Summary

(guery=nDa

Vi nci

Neutral

Positive

Negative

... Ron Howards selection of
Tom Hanks to play Robert
Langdon.

Tom Hanks stars in the
movie,who can be mad at
that?

But the movie might get
delayed, and even killed off if
he loses.

Directed by: Ron Howard

Tom Hanks, who is my

protesting ... will lose your faith

é

Face_:t 1: | Writing credits: Akiva favorite movie star act the | by ... watching the movie.

Movie Goldsman ... leading role.
After watching the movie | Anybody is interested in ... SO sick of people making
went online and some it? such a big deal about a
research on ... FICTION book and movie.
| remembered when i first Awesome book. ... SO sick of people making
read the book, | finished the such a big deal about a
book in two days. FICTION book and movie.

Facet 2:

Book I 6m readi ng A D|aSo $till angoad boGkotal e g This controversy book cause
NOW. past time. lots conflict in west society.
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Separate Theme Sentiment Dynamics
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Event Impact Analysis: IR Research

xml 0.0678

vector 0.0514 email 0.0197

concept 0.0298 model 0.0191

| extend  0.0297 collect  0.0187
Theme: model  0.0291 judgment 0.0102 SIGIR papers

rank 0.0097
subtopic  0.0079

retrieval models Space 0.0236
boolean 0.0151

function 0.0123

term 0.1599 feedback 0.0077 °
relevance 0.0752 e ; Publication of the|pape
weight 0.0660 1992 ! model i ng approach to i nfc
feedback 0.0372 i . - year
independence 0.0311 _— ' 1998 .
model 0.0310| | Starting of the TREC conferences '

model 0.1687

frequent 0.0233

robabilistic 0.0188 ” language  0.0753
5ocument 0.0173 probabilist 0.0778 : estimate 0.0520

model 0.0432 parameter 0.0281

e

logic 0.0404 distribution 0.0268
ir 0.0338 i probable 0.0205
boolean  0.0281 | smooth 0.0198
algebra  0.0200 : markov 0.0137
estimate  0.0119 likelihood 0.0059
weight  0.0111 é

e
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Many Other Variations

A Latent Dirichlet Allocation (LDA) [Blei et al. 03]

I Impose priors on topic choices and word distributions
I Make PLSA a generative model

A Many variants of LDA!

A In practice, LDA and PLSA variants tend to work
equally well for text analysis [Luetal. 11]

[Bleiet al. 02] DBlei A. Ng, and M. Jordabatentdirichletallocation In T G
Dietterich S. Becker, and Ghahramanieditors, Advances in Neural Information
Processing Systems 14, Cambridge, MA, 2002. MIT. Press

YueLu,QiaozhuMei, ChengXianghai Investigating Task Performance of
Probabilistic Topic ModetsAn Empirical Study of PLSA and LUbfarmation
Retrieva) vol. 14, no. 2, April, 2011.
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Other Uses of Topic Models for Text Analysis

A Topic analysis on social networks [Mei et al. 08]
A Opinion Integration [Lu & Zhai 08]
A Latent Aspect Rating Analysis [wangetal. 10]

QiaozhuMei, DengCaj Duo ZhangChengXiang@hai Topic Modeling with Network
RegularizationProceedings of the World Wide Conference 2008VW'08), pages 1041
110.

YueLu,ChengXianghai Opinion Integration Through Senrsupervised Topic Modeling
Proceedings of the World Wide Conference 2008VW'08), pages 1211.30.

HongningWang,YueLu,ChengXian@hai Latent Aspect Rating Analysis on Review Text
Data: A Rating Regression Approaéhroceedings of the 17th ACM SIGKDD International
Conference on Knowledge Discovery and Data M{(fBdp'1Q, pages 11824, 2010.
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Topic Modeling + Social Networks:

who work together on what?

Authors writing about the same topic form a community

Separation of 3 research communities: IR, ML, Web

Topic Model + Social Network

Topic Model Only

33
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Topic Model for Opinion Integration

How to digest all?

¥ The wall
Displaying 5 of 190,45,

Brifh Pita (N
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pretty. Than|
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Justin Royal (no netwark) wrote

2 it
L 4 Lowsl 501 guess you feel the same way ahout
L 4 S Ohanma??77777772377 He has ) chance of winring in the GE so

Advanced Blog Search
Preferences

| hillary clintan

Hillary Rodham

Frorm Wikipedia, the free encyd
[Redirected from Hillary clinton

Hillary Diane Rodham Clii
from Mew York, and a candig
She is married to Bill Clinton|
of the United States from 199

Rodham Clinton Mews

On Hillary Clinton
8 hours agn by Thomas Hawk

David Brooks has an interesting editorial on
Times. Brooks suggests that by continuing tg
Demacratic nomination, that the damage cal
Thomnas Hawk's Digital Cannection - hitp./shi

A native of lllinois, Hillary Ro
address as the first student {
began her career as a lawye
as a Congressional legal counsel, she moved to Arkansas in
1975, She was later named the first fernale partner at Rose L

Blog Search SETA
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Two Kinds of Opinions

How to benefit from both?

SRA

wWikipedia article
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2 NQ& |NIBrdn disgussions
uBlog articles

«Well-structured
uEasy to access

uRepresent the majority
oJp to date

cMaybe biased
oOutdated soon
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Generate an Integrative Summary
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Methods

A Semi-Supervised Probabilistic Latent Semantic
Analysis (PLSA)

I The aspects extracted from expert reviews serve as clues
to define a conjugate prior on topics

I Maximum a Posteriori (MAP) estimation

I Repeated applications of PLSA to integrate and align
opinions in blog articles to expert review

Keynote at SIGIR 2011, July 26, 2011, Beijing, China



Results: Product (IPhone)

A Opinion Integration with review aspects

You can make
emergency calls, but
you can't use an

rated battery lif
hours talk time 24
hours of music

playback,/ hours of

X Y S U K 2rfvakindtre NJ
erged on the
past few weeks,
iInvolve tinkering
GAOUK GKS At K2

eature
Up to8 Hours of Talk
Time 6 Hours of
Internet Use,/ Hours

video playback, and 6 of VideoPlayback or
hours on Internet use.24 Hours of Audio

Playback

Playing relatively high bitrate
VGA H.264 videos, our iPhong
lasted almost exactly freaking
hoursof continuous playback
with ¢ nd WiFi on (but

Blueto

ﬂ ™ A Tﬁ
The
LS L LLU T h
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Results: Product (IPhone)

A Opinions on extra aspects

15 You may have heard ofSig : w5 S IZ
allows you toactivate your phone he
ITunes rigamarole.

13 Ciscohas owned therademark

the name IPhoné" since

2000, when it acquired Inf ., which
originally registered the na
13 With the imminent availabil | iPhone, g

look at 10 things current smartphones like thiekia N95have

been abl thiehone can't currently
match...
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Results: Product (IPhone)

A Support statistics for review aspects

160 -

140 {134

120

100 +

80 -

40
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Latent Aspect Rating Analysis

Hotel Palomar Chicago: Traveler Reviews

Grat location+spacious room =happy traveler HOW tO |nfer aSpeCt ratlngs‘

OO0

leos_10[=] 3 contributions My ratings for this hotel
Boston EE®®0 Value EEE®D Service
: 1 @@@@@ Rooms ®EE@E) Sleep Quality
Jul 11, 2010 | Trip type: Couples | NEW @E@@®® Location
) i mm@®) Cleanliness
Stayed for a weekend in July. Walked everywhere, enjoyed the comfy

bed and quiet hallways. more

terrific service and gorgeous facility

C000

ahickling =] 1 contribution

Greensboro, North Carolina My ratings for this hotel
Jul 7, 2010 | Trip type: Family |wew ' ‘ @@EEO Value Serviee
' ' Rooms Sleep Quality
I stayed at the Palomar with my voung daughter for three nights June '(':':l":at'i:_'”
17-20, 2010 and absolutely loved the hotel. The room was one of the saniiness

nicest I've ever stayed in (My daughter loved the Fuji jetted tub so
much that she wanted to take 2 baths a day!) in terms of decor,
design, and size. (It compared favorably to... more

How to infer aspect weights?

[ 20k @ Aiz"_% dzS
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Solution: Latent Rating Regression Model

Aspect Segmentation + Latent Rating Regression
Reviews + overall ratings Aspect segments iTerm weights i Aspect Ratingi Aspect Weight
location:1 ! 0.0

Loved, Loved, Loved it |

:—Iolj'ell-"alor‘narchicago ( amaZing:l ® 09 i i
i L ceeee bl 0.1 * 1.3 % 0.2

|

- "‘ ' Tifplace @ 3 contributions I

' % Queens, New York anyWhere:l I
| o 03

|

|

|

|

Jul 7, 2010 | Trip type: Friends getaway :
0.1 !

|

|

4 person found this review helpful room.: 1
A friend and I stayed at the Hotel Palomar for the fourth of July i .
Weekend. The hotel was very nice. The location was amazing. We n|Ce|¥. 1 d 07 | l 8
could walk almost anywhere. The roompuyasyery nicely annointed and - “
the bed=rras-somorromiortzble. Eventhough the bathroom door did not appOInte ’ l O . 1 '
close all the way, it was still pretty private. My friend and I were not Comfortable' 1

liked the Sangria durT T TE-CoTRTt=ToTTh ' 0.9

|

|

|

They were soooo nice and accomodating from my boy D money at the . . I
dcme&er fr|en§Grgg in ! nice. 1 06 :
|

|

housekeeping and my other friend Ricky. Any questions or reguest we . I-

had were answered and fulfilled. They had us smiling and laughing the accom mOdatlngr 1 O . 8
whole time. We really appreciated all the information they provided us I . 1

with about where to go and what to do. When I come back to Chicago smiie:

|
I will definitely stay at the Palomar again. I am sure there are other friendliness. l I O ' 7 ‘ 3 ’ 8

nice hotels in Chicago but I am not sure if you would get the same 0 8 :
|
|

|
|
the living room. But what I liked best about the Palomar was the staff. 1
|
|

0.6

level of friendliness and aftentiveness from their staff, If you stay at i !
the hotel and the doorman D is there tell him that G Money sent yvou. attentlveness- 1 I

.
*
Lol. I 0.9 :

Topic model for aspect discovery
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Aspect-Based Opinion Summarization

Table 6: Aspect-based Comparative Summarization (Hotel Max in Seattle)

| Aspect | Summary | Rating |
Truly unique character and a great location at a reasonable price Hotel Max was an excellent 31
Value choice for our recent three night stay in Seattle.
Overall not a negative experience, however considering that the hotel industry is very much 1.7
in the impressing business there was a lot of room for improvement.
We chose this hotel because there was a Travelzoo deal where the Queen of Art room was 3.7
Room $139.00/night.
Heating system is a window AC unit that has to be shut off at night or guests will roast. 1.2
The location ,a short walk to downtown and Pike Place market , made the hotel a good 3.5
Location choice.
when you visit a big metropolitan city, be prepared to hear a little traffic outside! 2.1
You can pay for wireless by the day or use the complimentary Internet in the business center 97
Business Service | behind the lobby though.
My only complaint 1s the daily charge for internet access when you can pretty much connect 0.9
to wireless on the streets anymore.

Y™ A T Y .
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Reviewer Behavior Analysis & Personalized
Ranking of Entities

Table 4: User behavior analysis

Expensive Hotel Cheap Hotel ’People like cheaf
People like Aspect 0 Star | 3 Star ii}lsg hotels because of
: Value 0.134 0.148 0.171 0.093
expensive hotel§ g om 0098 | 0.169 - 0.121 | good value
because of ] Location 0.171 | 0.074 | 0.161 | 0.082
good service [ness 0 1 0.163 0.116 0.294
Service | 0.251 0.101 0.101 0.049
S ——
Table 10: Personalized Hotel Ranking i
Query: 0.9 value Hotel ?{1“5111?; Price Location
0.1 others Majestic Colonial 5.0 339 Punta Cana
Agua Resort 5.0 753 Punta Cana
- i Majestic Elegance 5.0 537 Punta Cana
Non-Personalized —> Grand Palladium 5.0 277 Punta Cana
Iberostar 5.0 157 Punta Cana
Elan Hotel Modern 5.0 216 Los Angeles
Marriott San Juan Resort 4.0 354 San Juan
Personalized QPunt.a Cana Club 5.0 409 Punta Cana
Comfort Inn 5.0 155 Boston .
Hotel Commonwealth 4.5 313 Boston

L A YO
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How can we extend a search engine to
leverage topic models for text analysis?

How should we extend a search engine to
support text analysis in general?
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Analysis Engine based on Topic Models
(s.4

o

Search + Analysis Interface

] g

Query Information Synthesis
@ ‘ Comparison
Summarization
[ FGSTA2NRT |
Search
Engine f
Topic
’ Models
N— S
0pg) ==
~~ —

ﬂ r\“ A Tdﬁ .
e and Inf i y b y .
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Beyond Search:
Toward a General Analysis Engine

e@lﬁw mmm) Task Completion

Search mmm) Information Synthesis & Analysis

Decision Making
Search 2 = Learnlng
X J

j”[ Viseye} Tlmah Keynote at SIGIR 2011, July 26, 2011, Beijing, China
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Challenges in Building a General Analysis Engine

AWhat is a Atasko and how c
task? (task vs. intent vs. information needs)

A How to design a task specification language?

A How do we design a set of general analysis
operators to accommodate many different tasks?

A What does ranking mean in an analysis engine
(ranking terms, documents, topics, operators)?

A What should the user interface look like?

A How can we seamlessly integrate search and
analysis?

A How should we evaluate an analysis engine?

A é
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Analysis Operators

=0 @ (B

\ i Union

J " Ranki gj Topic Ll
g if an Ing ﬁ l [EXE,

il nﬂjﬂhﬂlﬂﬂk Interpret

nnnnnnnnn

ﬁ Compare
ﬁ —) | ymﬂw iy

” ¥ \ A T ﬁ |
L/ A LL - 0 T h Keynote at SIGIR 2011, July 26, 2011, Beijing, China




Examples of Specific Operators

AC={ D1 Dn}é,
A Select Operator

I Querying(Q): CA S
I Browsing: CA' S

A Split

S,

SSk sub&Pof C é |

i Categorization (supervised): CA S1, S&k €,
i Clustering (unsupervised): CA S1, S3&k e,

A Interpret
I CXxXgqAS
A Ranking
I gXx SiIA ordered Si

A i J
aaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaa Keynote at SIGIR 2011 July 26. 2011 Beijing China
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Compound Analysis Operator:
Comparison of K Topics

Select
Topic 1

= ]

\ Compare -

Select /

Topic k

= ]

Interpret(Compare{ Sf SOG6¢mMXZ/ 0T JTKPHSOI

[0 I
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Compound Analysis Operator: Split and Compare

Split ﬁ
@ p X \ Compare

ﬁ\)— _____

= (J

S

I, ,mwm"Mm"_

Interpret(Comparegplit(S,K),C)

ﬂ AT .
) . - i 2 .
LIl Ad D 7;‘,:1iif:?:f?iif.',’ﬂi?liZ‘.&L",‘.‘ijn":::’““"T n Keynote at SIGIR 2011, July 26, 2011, Beijing, China 59




BeeSpace System

SarmaM.S. et al. (2011 BeeSpacélavigator: exploratory analysis of gene function using semantic inde
of biological literatureNucleic Acids Resear@011, 18, doi:10.1093nhar/gkr285.

? Filter Cluster Summarize Analyze

i List View Table View
Sysfem 3 - . .
| Filter, Cluster, Summarize, Analyze
David Genes: ) y y
tone
ottavio %

L] space A .E; Space B
Persistent Workspace-- -3 ,
. I & Amy Toth =2 & Amy Toth
[ m: aggression | Dm: aggression
m: aggressien U Drosophila melanogaste Dm: aggression U Drosophila melanogasts
T’ Rename Qperations nificant Concepts m: aggression * Drosophila melancgaste| = Dm: aggression * Drosophila melanogaste| =

Size TrrEEE r-:us.ophfla melanogaster: a:.c& . Drnsnph.lla melanogaster: a'.!u:e .
le - dpp, tky, deca; 11080 razophila melanogaster: Ace : behavior Drozophila melanogaster: Ace : behavior
g ) - cancept rozophila melanogaster usp, b, Ace. & Drosophila melanogaster: usp, b, Ace. e

e == niverse - aggression - AchE Universe - aggression - AchE
ifera : venom 181 niverse - aggression: Ace Universe - aggression: Ace
le: gses. myovi, b 4 i = & Avinash Cheekoth = & Avinash Cheekoth

insectinsecta 69311 = & BioSpace BioSpace = B, BioSpace BioSpace
la melanogaster: . 408 = 1 Erielle Fischman = x Brielle Fischman

Reference - 2010 14 = 1 Bruce Schalz ) x Bruce Schalz

Reference - Sep 3320 = & chris Fields = & Chris Fields

x - = 1 David Arcoleo - ) 1 David Arcoleo &

maturation S00 Fl 111 P 4 T 3
la melanogasier: [ 422
la melznogaster I 83 [ Close ] [ ] Intersection] & Diﬁerence] [ &2 Union ] [ “I\ concept switch]

raging 293
insect - #weight] 27779

et s 1 LYUGSNESOUAZ2YS 5ATF

insect insecta 4 28026
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Automation-Confidence (AC) Tradeoftf

Automation of task ?)al
Deliver Actionable ‘ *
Knowledge

I Multi-Resolution !
| . . |
Information Delivery |

Return Raw
Search Results
Confidence In service

BE
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Automation-Generality (AG) Tradeoff

Automation of task Goal

Complete support for ‘ *

special tasks

Operator-Based
1 Analysis Engine |

Scalability/Generality

1"\
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Automation-Confidence Tradeoff: Dining Analogy

Serve RawFood Serve Cooked Dishes

Need furtherprocessing,

but flexiblefor making different dishes ~ D'rectlyuseful for a task,

.dzi 62dzf R 0S g2NBRS
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Automation-Generality Tradeoff: Dining Analogy
2 KIGQa G0KS NAIKG LI N¥ RA 3

Buffet Paradigm Food Court Paradigm

Basic Components + Infinite Combination Finite Choices of Complete Packages

Keynote at SIGIR 2011, July 26, 2011, Beijing, China 57



Summary

A Statistical topic models are promising general tools
for supporting text analysis

A Next-generation search engines should go beyond
search to seamlessly support text analysis and
better help users complete their tasks

A Many challenges to be solved:

Task modeling

Task specification language
New analysis operators
New ranking models

New interface issues

New evaluation challenges

Automation-Generality (AG) tradeoff & Automation-Confidence
(AC) tradeoff
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Looki ng Ahead

Text Analysis/Mining

N

‘ TN

o L YR

: 20 ¢ B+ S X

e '~ Natural Language

)‘ (77 2 vt B - Al

3 s { e % 7.‘.-‘. A5 b o ?_
3 g ; % “ 1
. 4 p (1 y

Processi ng/

nformation Retrieval
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Thank You!

Questions/Comments?



