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Hint
If you click on the slide number for any entry in this table of contents, you will be taken to the corresponding slide.

You can also use the bookmarks (which will normally appear in the left-hand window) for the same purpose.
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What Are Recommender Systems?
s @ Preview

What Is Personalized Recommendation?

Goals of this Tutorial

Brief History of Recommender Systems

The Problem: Overload 6



Tips
To see entire pages, with two slides each, or to print the slides, use the normal Acrobat Reader icons menu commands, and scrollbars.

To read the slides on-line, don't use these things, but click instead on the slides themselves:
  
1. If necessary, reshape the Acrobat Reader window so that it is about the same shape as a single slide.

2. To jump to the next slide, click anywhere on the MAIN PART of the current slide (below the line under the title).  Note: The first click may simply recenter the current slide; in that case click again to get the next slide.

3. To go back to the previous slide, click ABOVE the line under the title.

4. To read a marginal note without having to turn your head, double-click on the white note icon above it.

5. Pieces of text in light blue (e.g., URLs) are hyperlinks.
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7 Too much stuff!

Too many messages!

Too many journal articles!

Too many movies!

Too much content!

Recommenders

Tools to help identify worthwhile stuff
Filtering interfaces
E-mail filters, clipping services
Recommendation interfaces
Suggestion lists, “top-n,” offers and promotions
Prediction interfaces
Evaluate candidates, predicted ratings
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Scope of Recommenders

Purely Editorial Recommenders
Content Filtering Recommenders
Collaborative Filtering Recommenders
Demographically Based Recommenders
Utility-Based Recommenders
Knowledge-Based Recommenders
Hybrid Recommenders

Wide Range of Algorithms 10

Simple Keyword Vector Matches

Pure Nearest-Neighbor Collaborative Filtering
Machine Learning on Content or Ratings
Exploitation of Demographic Data

Application of User-Specified Value Functions
Leveraging of Domain Knowledge

Various Ways of Combining Algorithms
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12

Tutorial Goals and Outline
11 Goals

When you leave, you should ...

Understand recommender systems and their
application

Know enough about recommender systems
technology to evaluate application ideas

Be familiar with a variety of recommendation
algorithms

See where recommender systems have been,
and where they are going

Outline

12

Introduction: Applications and Interfaces
Collaborative Filtering Algorithms
Other Al Techniques

Looking Ahead: Recommender Issues
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History of Recommender Systems
13 The Early Years

Why cave dwellers survived
Critics, critics, everywhere

How editors are like cave dwellers

Information Retrieval 14

Static content base
Invest time in indexing content
Dynamic information need
Queries presented in “real time”

Common approach: TFIDF
Rank documents by term overlap
Rank terms by frequency
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16

15 Information Filtering

Reverse assumptions from IR
Static information need
Dynamic content base

Invest effort in modeling user need
Hand-created “profile”
Machine learned profile
Feedback/updates

Pass new content through filters

Collaborative Filtering

16

Premise
Information needs more complex than
keywords or topics: quality and taste
Small Community: Manual

Tapestry — database of content &
comments

Active CF — easy mechanisms for
forwarding content to relevant readers
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17 Automated CF

The GroupLens Project (CSCW '94)

ACF for Usenet News
users rate items
users are correlated with other users
personal predictions for unrated items
Nearest-Neighbor Approach
find people with history of agreement
assume stable tastes

Usenet Interface 18

| ki |
| ki |

Operations apply to current selection or cursor position

__Iivext unread [Hex frrey | | Post | Gripe |

v it chil #
This article is great, I'd like to see more like this one!
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20

19 ACF Blossomed

1995

Ringo (later Firefly)
Bellcore Video Recommender

1996 Recommender Systems Workshop

Early commercialization
Agents Inc. (later Firefly)
Net Perceptions
new issues of scale and performance!

Today

20

Broad research community
live research systems

substantial integration among:
collaborative filtering
machine learning
non-ML information filtering

popular topic with Al researchers

Increasing commercial application
available commercial tools
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Introductions
21 Presenters

John Riedl

Collaborative computing
Joe Konstan

Human-computer interaction

Anthony Jameson
User modeling

Disclaimers ...

About You 22

Where you're from
Your experience with recommenders

What you want to get out of this tutorial



23  Introduction and Application Space / Recommender Application Space

24

Recommender Application Space
23 Recommender Application Space

Dimensions of Analysis
Domain
Purpose
Whose Opinion
Personalization Level
Privacy and Trustworthiness
Interfaces
<Algorithms Inside>

Domains of Recommendation

24

Content to Commerce
News, information, “text”
Products, vendors, bundles
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25 Google: Content Example

half.com 26
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28

27 Purposes of Recommendation

The recommendations themselves
Sales
Information

Education of user/customer

Build a community of users/customers
around products or content

Buy.com Customers Also Bought

28
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29 OWL Ti PS
WL Tips =l
Date 9303
Wiord Commands Comments Pricrity

EditFind | IUSE Find more ko search For text in File IBB
EditDeletetyord | ILearn the shortcut keys to delete words IB?
FormatUndetline | ITry using underlining For Formatting bext IBEI
FileClose | ITr';.f different ways ko close wour file |?4
EditReplace | |Llse Replace mare Far Finding and replacing kbext I?E
WiewZ oom | ILearn b ko enlarge or reduce the display IEu'EI
Wi showwall | |F‘.’I-m|:|re than average use for Show All commar IE?
FormatBulletsandhumbering | ILearn by ko aukomatically add bullets and numk IE-4
Tools'YWordCounk | IUSE Word Count bo look up statistics on files IEI
WiewPage | IUSE Page Lawvout ko view files before printing IS?

User MOS375 oL Wersion 5.0c oL Help |

Epinions Sienna Overview 30
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31 ReferralWeb

Whose Opinion? 32

“Experts”

Ordinary “phoaks”

People like you
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33 Wine.com Expert Recommendations

Priceline.com Screenshot 34
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35 PHOAKS

Personalization Level 36

Generic
Everyone receives same recommendations
Demographic
Matches a target group
Ephemeral
Matches current activity
Persistent
Matches long-term interests
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37 Lands' End

Brooks Brothers 38
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39 CDNOW Album Advisor

CDNOW Album Advisor Recommendations s
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41 My CDNOW

Privacy and Trustworthiness 42

Who knows what about me?
Personal information revealed
|dentity
Deniability of preferences

Is the recommendation honest?

Biases built-in by operator
“business rules”

Vulnerability to external manipulation



43  Introduction and Application Space / Recommender Application Space 44

43 Interfaces

Types of Output

Predictions

Recommendations

Filtering

Organic vs. explicit presentation
Types of Input

Explicit

Implicit
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Introduction

a7 Collaborative Filtering

Premise

Information needs more complex than
keywords or topics: quality and taste

Small Community: Manual

Tapestry — database of content &
comments

Active CF — easy mechanisms for
forwarding content to relevant readers

Automated Collaborative Filtering

48

The GroupLens Project (CSCW '94)
Users like recommendations
Recommendations change behavior

Users willing to share data to get
recommendations

Ringo (CHI '95)
Community building in recommenders

PHOAKS (CSCW '96)
Implicit ratings in recommenders
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Non-Personalized Summary Statistics
49 Collaborative Filtering Algorithms

Non-Personalized Summary Statistics
K-Nearest Neighbor

Dimensionality Reduction

Content + Collaborative Filtering
Graph Technigues

Clustering

Classifier Learning

Teaming Up to Find Cheap Travel 50

Expedia.com saves “data it gathers
anyway” to turn every travel searcher
Into a set of eyes helping other
customers.

(Mostly) no cost to helper

Valuable information that is otherwise hard
to acquire

Little processing, lots of collaboration
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51 Expedia Fare Compare #1

Expedia Fare Compare #2 52
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53 Zagat Guide San Jose Overview

Zagat Guide Detall 54
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ss Zagat: IS Non-Personalized Good Enough?

What happened to my favorite guide?
They let you rate the restaurants!

What should be done?

Personalized guides, from the people who
“know good restaurants!”

K-Nearest-Neighbor:  User-User
Collaborative Filtering Algorithms 56

Non-Personalized Summary Statistics
K-Nearest Neighbor

user-user

item-item
Dimensionality Reduction
Content + Collaborative Filtering
Graph Techniques
Clustering
Classifier Learning
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s7 CF Classic: K-Nearest Neighbor User-User
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59 CF Classic: Store Ratings

CF Classic: Compute Correlations 60
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ss CF Classic: Request Recommendations

¢ &
(

CF Classic: Identify Neighbors 62

e & &
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s CF Classic: Select Items; Predict Ratings

P

predictions
recommendations 4
.

i

Neighborhood

Understanding the Computation 1) 64
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65 Understanding the Computation )
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67 Understanding the Computation *)
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69 Understanding the Computation (©)
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7 MovieLens Home

MovieLens Comedy (D) 72
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7 MovieLens Comedy ()

MovieLens Rate 74
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75 MovieLens Search ()

MovieLens Search @ 76
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77 MovieLens Buddies

User User Collaborative Filtering @) 78

Target

‘ 1 ‘ Customer
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79 User User Collaborative Filtering (@

Target
Customer

User User Collaborative Filtering ©) 80

Target
Customer

Weighted
Sum
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82

81 A Challenge: E Commerce Scale

Millions of Products
Millions of Customers
Thousands of Clicks per Second

Scalability!

Another Challenge: Sparsity

82

Many customers have no relationship
Many products have no relationship
Synonymy

Similar products treated differently

Increases sparsity, loss of transitivity
Results in poor quality
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K Nearest Neighbor:  Item Item
83 Collaborative Filtering Algorithms

Non-Personalized Summary Statistics
K-Nearest Neighbor

user-user

item-item
Dimensionality Reduction
Content + Collaborative Filtering
Graph Techniques
Clustering
Classifier Learning

Item Item Collaborative Filtering @) 84
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85 ltem Item Collaborative Filtering ()
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Collaborative Filtering: Techniques / K Nearest Neighbor: Item Item

88

87

ltem Similarities

R

R)

R

ltem Item Matrix Formulation

88

/

Target
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generation

\

Approximation
based on linear
regression
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89 ltem Item Discussion

Good quality, in sparse situations

Promising for incremental model building
Small quality degradation
Big performance gain

Dimensionality Reduction
Collaborative Filtering Algorithms %

Non-Personalized Summary Statistics
K-Nearest Neighbor

Dimensionality Reduction
Singular Value Decomposition
Factor Analysis

Content + Collaborative Filtering
Graph Techniques

Clustering

Classifier Learning
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o1 Dimensionality Reduction

Latent Semantic Indexing
Used by the IR community
Worked well with the vector space model
Used Singular Value Decomposition (SVD)
Main Idea
Term-document matching in feature space
Captures latent association
Reduced space is less-noisy

SVD: Mathematical Background %2

mXn mXk KX K KXn

The reconstructed matrix R, = U,.S.V,/ isthe closest
rank-k matrix to the original matrix R.
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93 SVD for Collaborative Filtering

1. Low dimensional representation
O(rH n) storage requirement

[
- kxn

mx k Bl . =) 2 Direct
mx n Prediction
Singular Value Decomposition 94

Reduce dimensionality of problem
Results in small, fast model
Richer Neighbor Network

Incremental Update
Folding in
Model Update
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96

Other Algorithms
% Collaborative Filtering Algorithms

Non-Personalized Summary Statistics
K-Nearest Neighbor
Dimensionality Reduction

Content + Collaborative Filtering
Graph Techniques

Horting: Navigate Similarity Graph
Clustering
Classifier Learning

Rule-Induction Learning
Bayesian Belief Networks
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Collaborative Filtering: Issues

o7 Section Contents
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Confidence and Explanation
99 Issues in Collaborative Filtering

Confidence and Explanation
Recommending for Groups
Reducing Rating Effort

New Items and Users

Some “Grand Challenges”

The Confidence Challenge

100

Why should users believe recommendations?

When should users believe them?
Approaches
Confidence indicators

Explain the recommendations
Reveal data, process
Corroborating data, track record

Offer opportunity to correct mistaken data
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101 A Simple Confidence Display

Explanation Studies 102

Pilot study of explanation feature
Users liked explain

Unclear whether they become more
effective decision-makers

Comprehensive study of different
explanation approaches
Wide variation of effectiveness
Some explanations hurt decision-making
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103

Most Compelling Interfaces

Number of Neighbors

Your Neighbors€Ratings for this

25

20

15

10

Movie
23
7
3 |
1® and 2® 3@ 4® and 5@
Rating

Less Compelling

» Simple visual
representations of
neighbors ratings

e Statement of strong
previous performance
“MovieLens has predicted
correctly 80% of the time
for you”

Interfaces 104

* Anything with even minimal

complexity
- More than two dimensions

» Any use of statistical

terminology
- Correlation, variance, etc.
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106

105 Explanation: Key Lessons

Persuasion vs. Information

Complex explanations often don’t work

Users often have wrong mental models

We don’t sit in a room picking movie
recommendations!

Amazon Improve Your Recommendations

106
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107 Amazon Explanation

Launch Explanation 108
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110

Recommending for Groups
109 Issues in Collaborative Filtering

Confidence and Explanation
Recommending for Groups
Reducing Rating Effort

New Items and Users

Some “Grand Challenges”

Recommending for Groups

110

Problem: People watch movies together

Solution: A recommender for groups
Issues
Group formation, rules, composition

Recommender algorithm for groups
User interface
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111 Goals

Explore group recommender design space

See if users would want and use a group
recommender, at least for movies

Study behavior changes in group members
group vs. other users
new users via groups vs. other new users

Learn lessons about group recommenders

Design Issues 112

Characteristics of groups
public or private
many or few
permanent or ephemeral
Formation and evolution of groups
joining policy
administration and rights
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113 Design Issues @

What is a group recommendation?
group user vs. combined individuals
social good functions

Privacy and interface issues
control over joining groups
withholding and recommendations

balancing between info overload and
support

PolyLens 114

Design choices

private, small, administered, invited groups
combine individual recs with minimum misery
high-information interface with opt-out

External invitations added by popular demand
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115 Field Test Results and Lessons

Users like and use group recommenders
groups have value for all members

groups can help with outreach to new
members

Users trade privacy for utility

Groups are both permanent and
ephemeral

Users must be able to find each other

Subsequent Redesign 116

Move from groups to buddies
Hybrid permanent/ephemeral
Lower overhead for subgroups

Support e-mail based invitation
Viral marketing
No need for ML logins

Remove most privacy settings

Buddy model supports person-to-person rather
than person-to-group
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117 MovieLens Buddies

Reducing Rating Effort
Issues in Collaborative Filtering 118

Confidence and Explanation
Recommending for Groups
Reducing Rating Effort

New Items and Users

Some “Grand Challenges”
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119 Overview

Gather “Work Product” Data

Less User Effort

Faster Start-Up

Potentially More Accurate

Google 120

« Ranks pages based on incoming links

 Links from higher ranked pages matter
more

« Combines text analysis with importance
to decide which pages to show you

e Runs on network of thousands of PCs!

» Works to be hard to trick (e.g., citation
trading)
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121 Google

PHOAKS @) 122

Read Usenet news to find web sites!
Implicit ratings
Filter URLSs to find endorsements

Create top-n lists of web sites for a Usenet
newsgroup community

Links to endorsements (with age shown)
Tested against hand-maintained FAQ lists
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124

123 PHOAKS )

MITRE's OWL (D)

124

Recommender for word processors
Monitored word processor command use
Identified common patterns of use
Recommended commands to learn
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125 MITRE's OWL @
OWL Tips |
Date 930095

Wiard Commands Comments Pricrity:

EditFind | ILlse Find more to search For text in File IES

EditDeletetyord | ILearn the shortout kews to delete words IB?

FarratUndetline | ITr';.f using underlining Far Farrmatking bext IBIZI

FileClose | ITry different wawvs to close wour File |?4

EditReplace | ILIse Feplace more for finding and replacing text I?Z

WiewZ oom | ILearn hiowy ko enlarge or reduce the display IE-'E!

Wiewshowall | IF‘.’I-mDre than average use for Show All commar IE-?

FormatBulletsandrurmbering | ILearn hiowy bo automatically add bullets and numk IE-4

Tools'WordCaunk | ILIse W'ard Count to look up skatistics on files IE-I

WiewPage | ILIse Page Lavout to wview files before printing IS?

User MOGSTS WYL YWersion 5.0c OWL Help |

New Items and Users
Issues in Collaborative Filtering 126

Confidence and Explanation
Recommending for Groups
Reducing Rating Effort

New Items and Users

Some “Grand Challenges”
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128

127 Recommending New Items?

Collaborative filtering cannot recommend
new items: no one has rated them

« Random
e Content analysis
 Filterbots

What About New Users?

128

Collaborative filtering cannot match new
users: they have rated nothing
Provide average ratings
User agents collect implicit ratings [Wastfi]
Put users in categories [Haddaway et al.]

Carefully select items for users to rate
[Pennock & Horvitz, Kohrs & Merialdo]



129 Collaborative Filtering: Issues / New ltems and Users 130

129 Goals for New Users

===p User effort
User satisfaction

===) Recommendation accuracy
System utility

Value of Rating Opportunity 130
* Popularity
. Pop*En?
High * [tem-Ité¢m
Likelihood [
Clas.sique 6g PopEXt
Ran(.jom
Low
Likelihood @ .
Missing values
Binary or 1-5
Entropy -

Low Info Vaue High Info Vaue
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131 Selling Demographics: DoubleClick

Ad delivery service
Inventory management problem
“value” of a page view

Collect demographic information across sites
Use to choose ads to show on new site
Cookies on browser

Consumer resistance
Ignored
But eventually too expensive to continue

Selling Demographics: Angara 132

Service to sell demographics of “new”
user to web sites

Personalize to first-time user

Claimed substantial improvements in
purchase rates

Out of business in Web bust (merged with
Personify)
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133 Brooks Brothers

Selling Demographics: Lessons Learned 1

Customers hate cross-site tracking

Sharing data about millions of customers
IS expensive

Effective solutions will require privacy
protection and data reduction
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Grand Challenges
135 Issues in Collaborative Filtering

Confidence and Explanation
Recommending for Groups
Reducing Rating Effort

New Items and Users

Some “Grand Challenges”

Two Grand Challenges 136

Diminishing Marginal Returns

Why today’s recommenders won't be
enough ten years from now

Temporal Recommendation
Beyond reacting ...
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137 CF Under Diminishing Returns

Original goal of CF was to help people sift
through the junk to find the good stuff.

Today, there may be so much good stuff that
you need to sift even more.

Certain types of content yield diminishing
returns, even with high quality

Portfolios of Content 138

What if my recommender knows which articles
I've read, and can identify articles by topic?

What if it sees that | experience marginal
returns from reading similar articles on a
topic?

Could we downgrade some articles based on
“lack of new content?” Could we discover
which articles using collaborative filtering?
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139 Temporal Collaborative Filtering

Today’s CF systems may expire or
degrade ratings, but do little to detect or
predict changes in preference.

Ripe area with lots of commercial
applications ...

Wine for the Time 140

Evolving taste — can we help a wine newcomer
build her palate? Could we identify wines
that take her a step or two beyond her current
ones? Can we do so by augmenting regular
collaborative filtering with temporal models?
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Overview of Recommendation Techniques

143 Five Basic Techniques @
E Technique Typical Typical Input Typical Process
2.3 Background
“§§§ Collaborative  Ratings from U of Ratings from U of Identify users in
o653 items in | items in | U similar to U,
Se3 and extrapolate
825 from their ratings
,‘Ef_% of |
‘_Egé Content- Features of items U's ratings of Generate a
&S based in | items in | classifier that fits
seg U's rating
g=L behavior and use
°2E it on |
g% £8 Demographic Demographic Demographic Identify users that
g%ég information about information about are
0235 U and their U demographically
SECY ratings of items in similar to U, and
80 ¢ I extrapolate from
2289 their ratings of |
£2%E U /1= sets of users / items U /| = an individual user / item
Five Basic Techniques @ 144
Technique Typical Typical Input Typical Process
background
Utility- Features of items A utility function  Apply the function
based in | over items in | to the items and
that describes determine I's
U's preferences rank
Knowledge- Features of items A description of  Infer a match
based in I; knowledge of U's needs or between | and
how these items interests U's need.
meet a user's
needs

U/ | = sets of users / items U /| = an individual
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Pros and Cons: Preview
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Five approaches to recommendation and their typical positive (above)
and negative (below) aspects, according to Burke (2002)

Collaborative Filtering

Collaborative Filtering: Pros and Cons
. 146
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Content Based Methods
147 Pazzani's Restaurant Study

Users
44 students at the University of California at Irvine

ltems

58 restaurants in Orange County, California
each as described on a web page

Content of typical description
- Short overview, cuisine, atmosphere, location, detailed menu

Ratings
"Would you like to eat at this restaurant?" (+ or )
Each user rated each restaurant
Overall, 53.4% of all ratings were +

In each experiment, half of the ratings of each user were randomly
deleted

The experiments discussed in this section are described in detail in: Pazzani
M. (1999). A framework for collaborative, content based and demographic

filtering. Artificial Intelligence Review, 13, 393 408.
http://www.ics.uci.edu/~pazzani/Publications/Publications.html

Recommendation Via Text Classification @ s

Algorithm
- WINNOW (Blum et al., 1995)

Features of restaurant descriptions

Presence vs. absence of each possible word (or pairs of adjacent
words) occurring in the text

- Terms associated with liking for one user:
farm, sirloin, private, milk, exquisitely
prime rib, old English, charbroiled served

Basic prediction formula

U is expected to like a restaurant r iff

2.

Blum, A., Hellerstein, L., & Littlestone, N. (1995). Learning in the presence of

finitely or infinitely many irrelevant attributes. Journal of Computer and

System Sciences, 50(1), 32 40.
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149 Recommendation Via Text Classification ©)

Adjusting weights for each individual U
- Set all word weights to 1.0

In each iteration through all documents

- For each document

If document is incorrectly predicted to be liked,
divide the weight of each word in the document by 2

If document is incorrectly predicted to be disliked,
multiply the weight of each word in the document by 2

- Stop when the weights no longer change

Accuracy Results 150
Type of Method Computation Accuracy
Content based WINNOW's classification 61.2% (£ 0.56%)
index for restaurants
Person person Weighted average of other 67.9% (£ 0.58%)
CF users' ratings
Item item CF Weighted average of other 59.8% (£ 1.00%)
restaurants' ratings
*Demographic WINNOW's classification 57.5% (+ 0.76%)
index for users
*Collaboration by  (See section "Hybrid 70.1% (£ 0.60%)
content Methods")
*Combination of Sum of "votes" of the above 72.1% (x 0.44%)
all methods methods

Note: Accuracy is measured as the average percentage of the top 3
recommendations that the user actually rated positively. The 95%
confidence interval for the accuracy is shown in parentheses. Methods
marked with a * are discussed in later sections.
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151 Content Based Methods: Pros and Cons
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Demographic Methods
Demographic Prediction in Restaurant Study is

Source of demographic data
Words in users' web home pages

Computation
Analogous to content based prediction:

For each restaurant R use WINNOW to learn a classifier for users

Input: U's home page
Classification question: Will U like R?

Accuracy results
57.5% ( 0.76) of top 3 recommendations were liked



data from 20,000 users, but it is no longer available. See Krulwich, B. (1997).

Lifestyle Finder: Intelligent user profiling using large scale demographic

The Lifestyle Finder was freely available on the web long enough to collect
data. Al Magazine, 18(2), 37 45
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The Lifestyle Finder (1)

Elicitation

The Lifestyle Finder, in the form of a clairvoyant named Waldo,
elicits demographic information in a playful fashion that does not
require U to supply identifying information

93% of the users surveyed agreed that the Lifestyle Finder's
questions did not invade their privacy

Exploitation

. After U has answered a few lifestyle related questions, the Lifestyle

Finder's presents its guess about the demographic cluster to which
U belongs

It then recommends web pages with information about products that
should be of interest to persons within this cluster

The Lifestyle Finder @ 154

Procedure of "demographic generalization”

The Lifestyle Finder assigns U to one or more of 62 demographic
clusters from a commercial demographic system employed for
consumer marketing

If U's answers match more than one cluster, the predictions that are
common to all matched clusters form the basis for recommendations
for U

Smay ask further questions that efficiently narrow down the set of
possible clusters for U

Evaluation

Users gave positive responses to more than 40% of the web pages
recommended in this way, compared with about 30% of the
randomly recommended pages

This level of accuracy is lower than that attainable through other
methods

- This method is accordingly proposed as a complement to
methods that require more input from each user
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Demographic Methods: Pros and Cons
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Utility Based Methods
Automated Travel Assistant Domain

156

Example of dialog ultimately desired

| want to fly from Seattle to Newark next Tuesday

afternoon.

Agent: I've got a United flight at 3:30pm for $500 and an
American flight at 12:30pm for $520.

| can't leave before 3:00pm but | do prefer American.

| have another American flight through Denver at 4:00pm
for $530.

Client: That's pretty expensive. I'd be willing to go on a later
flight or another airline if it'd be much cheaper.

Client:

Client:

Agent:

Agent: The cheapest flight is USAIir at 8pm for $490.

Client: In that case, the American flight is fine.

& C. Tasso (Eds.), User modeling: Proceedings of the Sixth International

Con'ference, UM97 (pp. 67 78). Vienna: Springer Wien New York

http://www.cs.uni sb.de/UM97/
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157 Candidate Critique Agents

Goals of a Candidate Critique Agent

. Suggest optimal and near optimal solutions on the basis of Ss
current model of U's preferences

- Elicit and refine the user model

- Perhaps by displaying bad candidates to encourage U to refine
her criteria

Indicate the range of available solutions in the dataset

Style of interaction
. Spresents a short, carefully selected list of candidate solutions to U

U either
- accepts one of these options or
- critiques one or more of them

. Critiques provide additional information about U's preferences,
which lead to new and better candidates

Formalization 158

Definition of a problem domain

In terms of a predefined set of attributes:

- Each attribute takes on values from an underlying set:

" dom

- A candidate solution can be described with a tuple of the form:

Example in the travel domain
- Dataset: all currently available flights

- Attributes of each flight:
- Cost, airline, departure and arrival cities, time and date of travel,



Slide based on a screen shot from the Automated Travel Assistant
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150 Formalization

Representation of preferences
U's preferences: soft constraints on the values of attributes
Constraint function:

dom

0 = "fully satisfied", 1 = "fully unsatisfied"

Simplifying assumption here

Preferences are additive independent:

- A preference concerning one attribute does not depend on the
level of any other attribute

Formalization ©)

Departure time:

A Very important
Best
Important
Worst |:| Normal
2am 8am 2pm 8pm 2am Vi Unimportant
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161 Formalization @

User model

where C. is a constraint and w;, is the weight, a real number in [0,1], of
constraint C,

Error of a candidate solution

Simplest Control Algorithm 162

=

. U specifies initial constraints

N

. Sdisplays the N solutions that best satisfy U's constraints
3. If U accepts one of these solutions, finish

4. U critiques these solutions by
- adding or modifying constraints and/or

- changing previously specified weights

o1

. Goto Step 2
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s Improvements on Simplest Algorithm @)

1. Start with some default preferences

Examples

.U is moderately price sensitive

. U prefers fewer stops to more stops

. U prefers to fly on as few different airlines as possible
Benefit

- Most Us get better suggestions without having to specify these

preferences

2. Do not show dominated candidates

Principle

- Do not present a candidate if some other presented candidate
satisfies each of U's assumed constraints at least as well (and for at
least one constraint, better)

Benefit
. U is not shown candidates that he is unlikely to choose

Improvements on Simplest Algorithm @

3. Present significantly different candidates

Formalization
- The attribute values of objects 1 and 2 are significantly different iff:

Benefit

- A varied set of candidates is more likely to elicit significant new
constraints from U

- E.g., "no afternoon flights"
4. Present extreme candidates
Examples

- Cheapest possible flight
- Nonstop flight (if any) that best satisfies U's other constraints

Benefit
. U gets a better overview of the full range of possibilities
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165 Example Interaction @)

U states that he wishes to travel between San Jose and Philadelphia,
leaving any time on September 25 and returning any time on October 6

Best Trips:

San Jose Philadelphia San Jose $503
{American}

San Jose Philadelphia San Jose $523
{USAIr}

San Jose Philadelphia San Jose $503
{American}

Cheapest Trip:

San Jose Philadelphia San Jose $353
{USAIr, Reno Airr,
United}

Best Nonstop:
None

Example Interaction 166

Being interested in nonstops, U modifies the preference concerning the
departure city, stating that San Francisco is almost as acceptable as
San Jose

Best Trips:

San Francisco Philadelphia San Francisco  $518
{USAir}

San Francisco Philadelphia San Francisco  $518
{United}

San Francisco Philadelphia San Francisco  $513
{United}

Cheapest Trip:

San Francisco Philadelphia San Francisco  $318
{America West}

Best Nonstop:

San Francisco Philadelphia San Francisco  $518
{USAir}
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167

Example Interaction ©)

It occurs to U that he prefers United to USAIr, so he modifies his airline
preference accordingly
Best Trips:

San Francisco Philadelphia
{United}

San Francisco Philadelphia
{United}

San Jose Philadelphia
{United}

San Francisco  $518

San Francisco  $518

San Jose $503

Cheapest Trip:

San Francisco Philadelphia San Francisco  $348
{America West,
United}

Best Nonstop:

San Francisco Philadelphia
{United}

San Francisco  $518

Utility Based Methods: Pros and Cons
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taken was conducted at http://www.buy.com in December, 2000. The system

is no longer available at that site. Publication: Lucente, M. (2000).

|
Conversational interfaces for e commerce applications. Communications of

the ACM, 43(9), 59 61.
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Knowledge Based Methods
169 The Notebook Expert (1)

Here, Sstarts by asking about the features that U would like

In some cases, Sstarts with a question about how U intends to use the
notebook (see the examples on the slide below)

The Notebook Expert (@ 170

As we can see in the Quick Summary on the right, the vague
specification "a lot of memory" (see the previous slide) was translated
into the internal specification "> 64 Megabyte"



171 Other Al Techniques / Knowledge Based Methods 172

17 The Notebook Expert )

The Notebook Expert can deal with user inputs of the following types,
among others:

Statements about the Specification of preferences
planned use of the system - | want a cheap notebook
| travel a lot - | plan to spend around
| need a laptop for school $2000
| need a laptop for - Show me a notebook with a
accounting big screen
| do desktop publishing - Show me a really fast laptop

| trade in stocks, shares, computer

options and futures

| play games on the
computer

| need a laptop for graphics

Show me one for
spreadsheets

Questions about concepts
- What is USB?
- What is a sound card?

Entree and the FindMe Family 172

Context

Burke and his colleagues developed several related systems that
are based on the FindMe approach to recommendation

- The basic principles are illustrated here with the restaurant
recommendation system Entree, which was available on the for
several years

ARV MM A S

I

Specification of preferences
. At the beginning of a session, U has two options:

1. U specifies her preferences by choosing a few properties of
restaurants

2. U enters the name of some other restaurant that she knows (in
Chicago or another city) which exemplifies her preferences

it~ b Bl S

assisted Browsing. IEEE’Expert, 12(4), 32 40.

TEITT Ay T

Criticism of the initial results
Spresents some restaurants that correspond to U's specifications
U can then specify how the set of candidates can be improved

Burke, R. (2001). Knowledge based recommender systems. Encyclopedia

of Library and Information Science, 69.
http://cbeblade.fullerton.edu/~rburke/pubs/

=TIy TR



173 Other Al Techniques / Knowledge Based Methods 174

173 Entree: Examples (1)

U specifies her interests

Entree: Examples @ 174

Soffers an initial result, further results, and an opportunity to
criticize the results
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175 Entree: Examples ©)

U would prefer a similar restaurant with
South American cuisine

Entree: Examples @ 176

Faced with this result, U clicks on the button "Creative" in order to find a
similar but more creative restaurant
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177 Entree: Examples ©)

By now the set of candidates has been reduced to a single restaurant

FindMe:Key Methods () 178

This example illustrates some of the methods that are applied in the
FindMe approach:

Retrieval by similarity

1. At first, U specifies either
... an example product; or
... a small set of attributes that correspond to various goals
- Examples: "cuisine" = "French", "style" = "casual"
2. Sorders all of the products in the database according to their
similarity to the given example or attribute set
For each goal, a similarity metric has to be defined

For example, Sneeds to know how similar French and Japanese
cuisine are

Defining these similarity metrics is one of the main tasks that has
to be handled when a system like Entree is introduced in a new
domain
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179 FindMe:Key Methods (2)

Different orderings of goals

- When restaurants are sorted, the various goals are taken into
account in a particular order
Example:

- First they are sorted in terms of the similarity of their cuisine to
U's specification

- Then restaurants that are equally similar with respect to cuisine
are sorted with respect to "atmosphere”

- Assumption here: cuisine is a more important criterion than
atmosphere

Handling differences among users in the importance of goals

- In some of the FindMe systems, U can specify the relative
importance of the goals herself

- She can choose from several prespecified "retrieval strategies”
(e.g., "Money is no object")

FindMe:Key Methods ©) 180

Criticizing (tweaking) of the candidate restaurants by U

After a critique by U, Ssimply removes from the candidate set all
restaurants that do not satisfy the specified constraint

- Example: All restaurant that are not "more creative" than the most
recently suggested one

Use of familiar concepts

Smakes it possible for U to employ concepts that are more familiar
and less concrete than the attributes stored in the database (e.g.,
casual)
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181

FindMe:Key Methods *)

Explaining conflicts among specifications

U may sometimes specify a combination of desired attributes that
(almost) never occurs

Example from the automobile domain: powerful motor combined
with low gas consumption

In this case Scalls attention to the conflict

Note: This functionality is not realized in Entree, but it is realized
in the related system Car Navigator (Burke et al., 1997)

Burke, R., Hammond, K., & Young, B. (1997). The FindMe approach to

assisted browsing. IEEE Expert, 12(4), 32 40.
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This classification of hybridization methods was introduced in Table 11l of:
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Hybrid Methods
183 Importance of Hybrids
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Because the various techniques have partly complementary strengths
and weaknesses, hybrids combining two or more techniques are being

explored increasingly

Hybridization Methods ) 184

Weighted

The scores (or votes) of several recommendation techniques are
combined together to produce a single recommendation

P Combination of all 5 methods in the restaurant study

Switching

The system switches between recommendation techniques
depending on the current situation

P NewsDude's shortterm and long term models (see below)

Mixed

Recommendations from several different recommenders are
presented at the same time

Burke, R. (2002). Hybrid recommender systems: Survey and experiments.

User Modeling and User Adapted Interaction, 12(4), 331 370.

P Amazon's web pages



Pazzani, M. (1999). A framework for collaborative, content based and

demographic filtering. Artificial Intelligence Review, 13, 393 408.
http://lwww.ics.uci.edu/~pazzani/Publications/Publications.html
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185 Hybridization Methods @)

Feature combination

Features from different recommendation data sources are thrown
together into a single recommendation algorithm

P Case based recommendation: Use both item features and
responses of other users

Cascade
One recommender refines the recommendations given by another
P Content based restaurant recommendation + tie breaking on the
basis of responses of similar users

Feature augmentation
Output from one technique is used as an input feature to another
P Augmentation of collaborative filtering with recommender agents
(see below)

Meta level
The model learned by one recommender is used as input to another
P Collaboration by content in restaurant study (see below)

Meta Level Combination in Restaurant Studyiss

Computation for "collaboration by content"
User attributes yielded by the content based recommender:
- Weights of terms in U's content based profile

... after elimination of terms found to have little value for
classification

Finding neighbors of U
- As with the collaborative filtering computation,
but using the term weights instead of the ratings

Accuracy results
70.1% ( 0.60%) of top 3 recommendations were liked

Advantages
Over normal collaborative filtering:
- More information for computation of similarity among users
Over pure content based filtering:
- Sensitive to other users' overall evaluation



personal agents for better recommendations. Proceedings of the Sixteenth
National Conference on Artificial Intelligence, Orlando, FL, pp. 439 446.

Herlocker, J., & Riedl, J. (1999). Combining collaborative filtering with
http://www.cs.umn.edu/Research/GroupLens/research.html
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157 Weighted Hybrid in Restaurant Study

Computation

- All of the five methods used in the restaurant study were applied
simultaneously

For each prediction:

- For each method:
The 5 highest rated restaurants are determined
The restaurant with the Nth highest rating gets 6 N points

- The total rating of a restaurant is determined by the sum of its
points

Accuracy results
72.1% ( 0.44%) of top 3 recommendations were liked

P the best results of this study

Feature Augmentation: CF + Agents (D g

'S !:E!)Innl Agents
Opinions of Users and Users
N Only Combined
E EE E Multiple

Collection
of Agents Agents

Good et al. (1999) compared various combinations of individual
recommending agents and collaborative filtering methods



Billsus, D., & Pazzani, M. (1999). A hybrid user model for news story
classification. In J. Kay (Ed.), UM99, User modeling: Proceedings of the
Seventh International Conference (pp. 99 108). Vienna: Springer Wien New
York. http://www.ics.uci.edu/~pazzani/Publications/Publications.html
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1w Feature Augmentation: CF + Agents )

Inclusion of other methods as neighbors
Realize one or more other methods as "agents"

Include the agents as "neighbors" in the collaborative filtering, along
with real users

- Allow the collaborative algorithm to determine, for each U, what
weight to give to these agents' predictions

Switching: A News Story Recommender (D) 1

Function of NewsDude

The system NewsDude selects news stories for presentation in
accordance with its models of U's long term and short term
interests

Short term model based on nearest neighbor algorithm

Each new story is compared with the previously stored stories that
have been rated by U

- Similarity metric: cosine of angle between TF IDF vectors

- A story is recommended if it is:
- ... similar to stories that have been positively rated
- ... but not too similar to any previously rated story

If a story is not sufficiently similar to any previously rated story, the
long term model is used for recommendation
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11 Switching: A News Story Recommender (2)

Long term model based on Naive Bayes classifier

- Basic equation:

interestingword word

interesting word interesting

- Intuitive formulation

"A story is likely to be interesting to U
if it contains words that occur frequently in stories that are
interesting to U"

Switching: A News Story Recommender @) 1o

Benefits of nearest neighbor in this context

1. Short ramp up time

- A prediction can sometimes be made about a story even if only
one similar story has been rated previously by U

2. Tracking of short term interests

- Example: U may now be intensely interested in following a
particular developing story

3. Taking into account special cases

- Example: U has already heard (almost) exactly the same story

Evaluation

- Empirical comparisons confirmed that the hybrid user model
performed better than either of its components alone
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Explanation and Confidence
195 Amazon.com

Broad collection of recommenders

Lots of use of purchase data
But what if it was a gift?
What if you didn’t like it?
What if your account is shared?
Makes this data visible
Improve your recommendations
Explain a recommendation

Amazon Improve Your Recommendations

196
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197 Amazon Explanation

Organic Interfaces
Launching Organic Interfaces 198

Launch.yahoo.com — a truly personal
radio station

Observes play limits

Mixes different inputs, different
recommenders

Kill a song — once and forever
Nice information on why a song is playing
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100 LaunchCast ()

LaunchCast 200
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201 LaunchCast ©)

LaunchCast ¢ 202
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Privacy
203 Privacy versus Personalization

Some Stories 204

CDNow email
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205 Privacy Issues in CF Algorithms

Actual user identity isn’t needed
A pseudonym works fine

A session ID plus a profile can work
Challenges helping others

Noise can add deniability

Adding some random ratings doesn’t seem to hurt
much

Still have inference problem

Gee, Xmen got a recommendation, and then John
bought the product!

P3P from W3C 206

Web Server :> Personalization

Profile Parser

Engine
Profile Privacy
Data Policy
I:> A——
SE)e =

Profile
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207 Microsoft Hailstorm

P3P approach to Privacy
Microsoft volunteers to keep the profiles

Consumer response?
Noone cares

Business response!
Not with our customers!

Where Are the Profiles? 208

Web client

Smart Card
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Consumers vs. Marketers
209 Recommender System for User

Find what | want
Know | will like it
Trust system to help me

Team up with my friends to defeat evil
marketers

Recommender System for Marketer

210

Show people what they will buy
Learn what people want so you have it

Learn how much they want it so you
charge as much as possible
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211 Who Will Prevail?

Who is deploying recommender systems?
Who has the money?

Consumers will react if tricked

Alternatives exist, and will be deployed if
necessary

Trust and Usability 212

Recommendation is essentially task-
based
Tricky issues of balance and focus

Correctness vs. Value
Diversity

People notice poor or manipulated
recommendations (Amazon, MovielLens)

Interfaces are evolving
More integrated into task flow
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213 The Golden Rule

“The one who has the gold, makes the rules.”

Price Bots

Junglee (Excite), Jango (Amazon), MySimon
Opinion Leaders

Deja.com (Half.com), Asklda (Best Buy), Epinions
Recommenders

Owned by businesses

lda @) 214
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215 lda (2)

lda (3) 216
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217 lda (4)

lda () 218
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219 lda (6)

lda (7) 220
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221 lda (8)

lda (©) 222
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Recommendations Unplugged
223 Wherever

R

/“

WMLLens Login () 224
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225 WMLLens Login

WMLLens Password 226
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227 WMLLens Menu

WMLLens Comedies 208
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229 Kiosks

Alienware PC® Now Offered
on Best Buy ~"Computer
Creation Stations©

Blockbuster
customer identity
privacy issues
Music Store
sampling versus “listening”

Increasing Cross Sell 230

With Net
With traditional Per ceptions

cross-s4l| realtime
methods recommendations

Avg Cross-Sell Value $19.50* 60%
higher
Cross Sell Success Rate 9.8% 50%

higher

* Converted from British Pounds
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231 Call Centers

Inbound
‘screen-pops”
Legacy systems
appropriateness

Outbound
Predict who will buy
Predict what they will buy
Predict when to contact them
Online campaign management

Mail

232

Personalize offers
What is appropriate?
Who?
What?
What price?
Vulnerable?
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233 Recommendations Unplugged

@)

What good
movies
are close by?

O

What movie
Should |
see?

Experimental questions
*How do users interact?

*What usage patterns?

*What happens as users gain
experience?

*How do different modalities
compare?

Wireless PDA *How does usage compare with

web?

What DVD
Should |

Avant Go

Recommender Systems Status
Recommender Systems Status 234

Becoming necessary for e-commerce
Create value for businesses
Create value for customers

Many open research problems
Technology
Deployment and Interfaces
Effectiveness
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Commercial Tools
235 Tools

Data mining for offline analytics

Campaign management so marketer has
something to do

Personalization for real-time decision-making

Dynamic content for Web site Dynamic Content
+ Personalization

Approach: Goals, Relate to Recommender
Systems, Sample Vendors

Commercial Tools: Goals (U

236

Data Campaign Personalize Dynamic
Mining Mgmt Content

« Analyze customer and traffic data to drive
business decisions

» Simplify deployment of analytic solutions

» “Close the loop” between the marketer and
the customer
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237 Commercial Tools: Goals @

Data Campaign Dynamic

Personalize

(O
Mining Mgmt Content fg%\
* Run inbound and outbound campaigns ‘CITE{?).J
» Derive more revenue from customers &

» Evaluate campaign performance

Commercial Tools: Goals 3 238

Data Campaign

. Dynamic O,
Mining Mgmt Personalize Content fg_\g&\
[EE

« Recommend products or content to site _@/fa‘,
visitors C

* Help customers find value from site
o Create strong relationships with
customers
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230 Commercial Tools: Goals ¢
€
Data Campaign : Dynamic O,
Mining Mgmt Personalize Content 1 L_\;L\_\

 Produce HTML content from database (ﬂ;/ y

« Simplify authoring, editing, and

management of site
» Support interactivity and
personalization

Tools: Relate to Personalization

(1) 240

Data
Mining

Campaign
Mgmt

Personalize

Dynamic
Content

« Similar analytic techniques
» Migrating towards real-time solutions
» Lessons learned: human-in-the-loop

stops the loop

e
\\\
Yl
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241 Tools: Relate to Personalization
@)
Data Campaign : Dynamic O,
Mining Mgmt Personalize Content fL_fE\
L
» Choose people to campaign at ﬂ;—/\
* Choose products to offer S
* Work “for” rather than “at” customers
Tools: Relate to Personalization ©) 242
3
Data Campaign . Dynamic O,
Mining Mgmt Personalize Content f\__} \

« Recommender systems can be used to
personalize

» Personalization has very broad
meaning: “Hello John” to “I know what
you did last summer”

B
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243 Tools: Relate to Personalization @

Data Campaign

. Dynamic O,
Mining Mgmt Personalize Content fgb\//g\
BN

» Often provide simple rules to decide W
how to deliver content S

» Other vendors must work in dynamic
content environment

Sample Vendors (1) 244
Q)
Data Campaign : Dynamic v
Mining Mgmt Personalize Content f\_gﬁ?‘%\
« digiMine (Usama Fayyad) Qﬂ;/\

» Accrue (+NeoVista)
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245 Sample Vendors
€
Data Campaign . Dynamic v
Mining Mgmt Personalize Content f\__}?\
) 6\\%’
« E.piphany (www.epiphany.com) ﬂ;/ .
» Broadbase (www.broadbase.com) S
Sample Vendors ) 246

Data Campaign Personalize Dynamic fJQ

Mining Mgmt Content \__4\_\
6%‘"
« Net Perceptions (+KD1) ﬂ;/

(www.netperceptions.com) & -

» LikeMinds (+Andromedia)
(www.macromedia.com)
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247 Sample Vendors 4

Data Campaign | |, ol || Dynamic ff{@\

Mining Mgmt Content [N
.
« Vignette (+ DataSage) ﬂ;/ \
(www.vignette.com) &
o ATG (www.atg.com)
H0|y Gralil 248

Combine technologies across entire
spectrum
Data mining for offline analytics

Campaign management to drive marketing
decisions to customers

Personalization for real-time decision-
making

Dynamic content for Web site
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Further Resources
249 Web Page for Tutorial Participants

- The following web page contains supplementary material for this
tutorial:

- http://dfki.de/~jameson/ijcai03 tutorial

- Types of supplementary material

- An annotated bibliography listing many of the key articles in this
field

- Links to electronic versions of selected articles

- Links to interesting recommender systems that are accessible via
the web



