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Personalized Proactive Information
Retrieval has Many Potential Markets

n You need to know new products related to yours

E.g., from the literature, web, or discussion groups,
news

n You want to know good restaurants in Santa
Cruz

n You want good movies for your family
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News/Messages/Discussions
About Stock?
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Potential Terrorist Alert?



Even If You Do Not Work...

Overwhelmed by information ....



Search Engines Can Help
But ... Not Enough!

n Search engine focus: user pulls
iInformation from the system using a
query

Short term information need (ad hoc search)

n The task: proactive system pushes

Information to the user without requiring
any explicit user query



Related Areas

Events tracking

Statistics, optimizatig atics
Business applications

Artificial Intelligence

Proactive Medical informatics

anguage processing nformation

chine learning & data mining

Human computer interaction

Database
Computer networks
Storage

Y Securit

Other SOE
professors



Two Major Approaches

n Task: will this user like the item (document,
movie, product, etc.)?

n Approach 1: collaborative filtering
n Approach 2: content based adaptive filtering
n The combination of both




Content Based Adaptive Filtering
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Build Proactive Information Retrieval System with
Desirable Characteristics

What can a software _
with human Our solution Unified

intelligence do? for a computer Framework
(desirable characteristics)

Use heuristics > Bayesian Prior \
Bayesian Active Bayesian

. > Graphical
Ask good Learning MoFc)jeIs
guestions /
Use context and , Graphical /]
implicit feedback Models
Learn from other ] Bayesian

Hierarchical
Models

users




Example: Learning from other Users based
on Hierarchical Bayesian Model

< A 4
Vs \\4

Sharing information
between users without
violating privacy

Q=(mS): profile ‘prior’

w: user profile (user model)
X: item

Y: rating

A user model w_, is a random sample from a distribution

n~N(mS?)

me\XmJ, ~N(Wm thS )
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Worrying About the Computation
Complexity of Hierarchical Bayesian?

n Evaluated on Netflix Data set
Number of Users: 480,189
Number of movies: 17,777
Number of ratings: 100,480,507
Dimension of w: 159,836 (unique words as features)

n Single CPU PC (2G memory, P4 3GHz)
n Running cost: 4 hours+ offline training

n Good performance when combined with collaborative
filtering approach

6.73% better than Netflix’'s own system on the task of
predicting user ratings



From Item Rating Prediction to Top

Ranking Lists

n Portfolio effect: good rating is not equivalent to a good
recommendation list

n Evaluation measures
Mean square error
At least one good recommendation in top K
Ratability: probability a user will provide more ratings

Adaptability: how algorithm changes in response to changes in
user model

Learning speed: how algorithm improves over time

n Other factors
Diversity
Appropriateness
Confidence
Contextual and social information



Other Research Projects in My Lab

n Peta Scale Distributed Search

n Faceted Search
Combine interactive navigation with search

n Natural Language Processing
Large-Scale Text Mining
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