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Background  and Goals  
Recommenders  5 
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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

Scope  of  Recommenders  6 
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Purely Editorial Recommenders
Content Filtering Recommenders
Collaborative Filtering Recommenders
Demographically Based Recommenders
Utility-Based Recommenders
Knowledge-Based Recommenders
Hybrid Recommenders
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Wide Range of  Algorithms  7 
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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

Why "Advanced  Topics"?  8 

·  There is more to recommendation research than 
just increasing accuracy while using basically the 
same methods 

·  The topics of this tutorial concern: 

·  Relatively little�explored  recommendation 
settings and problems 

·  Acceptance and usability issues that do not 
concern accuracy 
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Goals  9 

·  Gain an active understanding of a representative 
set of current developments in recommender 
systems 

·  Be better able to 

·  ... conduct cutting�edge  research in this area 

·  ... work more effectively with the currently 
widespread recommendation technology 

Outline  10 

Reminder of basic concepts 
·  Collaborative Filtering: Basic Methods 
·  Other Approaches to Recommendation: Overview 

Advanced topics 
·  Recommending to Groups 
·  Recommenders and the Social Web 
·  Exploitation of The User's Episodic Memory 
·  Security and Privacy in Recommenders 
·  Recommendation of Sequences of Actions 
·  Recommendation of Coherent Item Sets 
·  Framework for Analyzing Usability Challenges 
·  Critique�Based  Recommenders 
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A Bit  of  History  
Collaborative  Filtering  11 
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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  CF 12 
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C
F

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
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Usenet  Interface  13 

Usenet In terface

ACF Blossomed  14 
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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!
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Presenters  15 

John Riedl 

·  Collaborative computing 

Anthony Jameson 

·  User modeling 

Disclaimers 

·  ... 

About  You 16 
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…

Where you’re from

Your experience with recommenders

What you want to get out of this tutorial
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Illustration  
Collaborative  Filtering  Algorithms  17 
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Non-Personalized Summary Statistics

K-Nearest Neighbor
� user-user
� item-item

Dimensionality Reduction

Content + Collaborative Filtering
Graph Techniques

Clustering
Classifier Learning

CF Classic:  K-Nearest  Neighbor  User-User  18 

C
F

C
l
a
s
s
i
c
:

K
-
N
e
a
r
e
s
t

N
e
i
g
h
b
o
r

U
s
e
r
-
U
s
e
r

C.F. Engine

Ratings Correlations
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CF Classic:  Submit  Ratings  19 
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C.F. Engine

Ratings Correlations

ratings

CF Classic:  Store  Ratings  20 
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C.F. Engine

Ratings Correlations

ratings
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CF Classic:  Compute  Correlations  21 
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C.F. Engine

Ratings Correlations

pairwisecorr.

CF Classic:  Request  Recommendations  22 
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C.F. Engine

Ratings Correlations

request
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CF Classic:  Identify  Neighbors  23 
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C.F. Engine

Ratings Correlations

find good …

Neighborhood

CF Classic:  Select  Items;  Predict  Ratings  24 

C
F

C
l
a
s
s
i
c
:

S
e
l
e
c
t

I
t
e
m
s
;

P
r
e
d
i
c
t

R
a
t
i
n
g
s

C.F. Engine

Ratings Correlations
Neighborhood

predictions
recommendations
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User-User  CF 
Understanding  the Computation  (1) 25 
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Understanding  the Computation  (3) 27 
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Understanding  the Computation  (5) 29 
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Understanding  the Computation  (7) 31 
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MovieLens  Examples  
MovieLens  32 

ML-home
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MovieLens  SciFi  Search  33 

ML-scif i- search

MovieLens  List  34 

ML-clist
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MovieLens  Rate 35 

ML-rate

MovieLens  Search  36 

ML-search



37 Collaborative Filtering: Basic Methods / MovieLens Examples 38 

MovieLens  Buddies  37 

ML-budd ies

Item-Item  CF 
Another  Challenge:  Sparsity  38 

An other Challenge:  Sparsit y

Many E-commerce applications have 
many more customers than products

Many customers have no relationship
Most products have some relationship
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Synonymy  39 

Synon ym y

l Similar products treated differently
l Have skim milk?  Want whole milk too?

l Increases apparent sparsity

l Results in poor quality

Item�Item  Collaborative  Filtering  (1) 40 

Item-Item  Collaborat ive Filter ing
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Item�Item  Collaborative  Filtering  (2) 41 
Item-Item  Collaborat ive Filter ing
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Item�Item  Collaborative  Filtering  (3) 42 
Item-Item  Collaborat ive Filter ing
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Item Similarities  43 
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Item�Item  Discussion  45 

Item-Item  Discu ssion

Good quality, in sparse situations
Promising for incremental model building

� Small quality degradation
� Big performance gain
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Fundamental  Approaches  
Five Basic  Techniques  (1) 47 
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U / I = sets of users / items U / I  = an individual user / item 

Technique Typical 
Background 

Typical Input Typical 
Process 

Collabora­ 
tive 

Ratings from 
U of items in 
I 

Ratings from 
U of items in 
I 

Identify users 
in U similar to 
U, and 
extrapolate 
from their 
ratings of I  

Content­ 
based 

Features of 
items in I 

U's ratings of 
items in I 

Generate a 
classifier that 
fits U's rating 
behavior and 
use it on I  

Five Basic  Techniques  (2) 48 

Technique Typical 
background 

Typical Input Typical 
Process 

Demo­ 
graphic 

Demographic 
information 
about U and 
their ratings 
of items in I 

Demographic 
information 
about U 

Identify users 
that are 
demographi­ 
cally similar 
to U, and 
extrapolate 
from their 
ratings of I  

Utility­ 
based 

Features of 
items in I 

A utility 
function over 
items in I that 
describes 
U's 
preferences 

Apply the 
function to 
the items and 
determine I 's 
rank 
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Five Basic  Techniques  (3) 49 

Technique Typical 
background 

Typical Input Typical 
Process 

Knowledge-  
based 

Features of 
items in I; 
knowledge of 
how these 
items meet a 
user's needs 

A description 
of U's needs 
or interests 

Infer a match 
between I  
and U's 
need. 

Pros  and Cons:  Big  Picture  50 

Five approaches to recommendation and their typical 
positive (above) and negative (below) aspects, 
according to Burke (2002) 
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Collaborative  Filtering:  Pros  and Cons  51 
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Demographic  Methods:  Pros  and Cons  53 
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Knowledge�Based  Methods:  Pros  and Cons  55 
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Hybrid  Methods  
Importance  of  Hybrids  56 

Because the various techniques have partly 
complementary strengths and weaknesses, hybrids 
combining two or more techniques are being explored 
increasingly 
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RAMP�UP  
PROBLEM 

GRAY SHEEP 
PROBLEM 

QUALITY 
DEPENDENT ON 

LARGE 
HISTORICAL 
DATA SET 

STABILITY  VS. 
PLASTICITY 
PROBLEM 

MUST GATHER 
DEMOGRAPHIC 
INFORMATION 

USER MUST 
INPUT UTILITY 

FUNCTION 

SUGGESTION 
ABILITY  STATIC 

(DOES NOT 
LEARN) 

KNOWLEDGE 
ENGINEERING 

REQUIRED 
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Hybridization  Methods  (1) 57 
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Weighted 

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

Switching 

·  The system switches between recommendation 
techniques depending on the current situation 

Hybridization  Methods  (2) 58 

Mixed 

·  Recommendations from several different 
recommenders are presented at the same time 

·  Þ  Amazon's web pages 

Feature combination 

·  Features from different recommendation data 
sources are thrown together into a single 
recommendation algorithm 
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Hybridization  Methods  (3) 59 

Cascade 

·  One recommender refines the recommendations 
given by another 

·  Þ  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 

Hybridization  Methods  (4) 60 

Meta-level  

·  The model learned by one recommender is used 
as input to another 
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Functions  and Issues  
What's  Wrong  With  This  Form?  61 
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Web / News Pages 62 

System Reference (Examples of) 
Groups of Users 

Items recommended 

Let's Browse Lieberman et al. 
(1999) 

Persons browsing the web 
together 

Web pages 

G.A.I.N Pizzutilo et al. 
(2005) 

Persons viewing a wall 
display or information 
kiosk 

News items 

I�Spy  Smyth et al. 
(2005) 

Employees of a company Web pages 

References 
Lieberman, H., Van Dyke, N., & Vivacqua, A. (1999). Let's Browse: A collaborative Web browsing agent. In M. 
Maybury (Ed.), IUI99: International Conference on Intelligent User Interfaces (pp. 65�68).  New York: ACM. 
Pizzutilo, S., De Carolis, B., Cozzolongo, G., & Ambruoso, F. (2005). Group modeling in a public space: 
Methods, techniques and experiences. Proceedings of WSEAS AIC 05, Malta, pp. 175�180.  
Smyth, B., Balfe, E., Freyne, J., Briggs, P., Coyle, M., & Boydell, O. (2005). Exploiting query repetition and 
regularity in an adaptive community�based  web search engine. User Modeling and User-Adapted  Interaction, 
14(5), 383�423.  
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Tourist  Attractions  (1) 63 

System Reference (Examples of) 
Groups of Users 

Items recommended 

Intrigue Ardissono et al. 
(2003) 

Tourists Sightseing tours 

CATS McCarthy et al. 
(2006) 

Friends planning a 
vacation 

Vacation packages 

Travel Decision 
Forum 

Jameson (2004) Friends planning a 
vacation 

Criteria for choosing 
a vacation package 

Group Modeler Kay and Niu 
(2005) 

Persons visiting a museum 
together 

Information about 
exhibits 

Pocket 
RestaurantFinder 

McCarthy (2002) Colleagues going out to 
dine together 

Restaurants 

References 
Þ  next slide 

Tourist  Attractions  (2) 64 

References 
Ardissono, L., Goy, A., Petrone, G., Segnan, M., & Torasso, P. (2003). INTRIGUE: Personalized 
recommendation of tourist attractions for desktop and handset devices. Applied Artificial Intelligence, 17(8�9),  
687�714.  
McCarthy, K., Salamó, M., Coyle, L., McGinty, L., Smyth, B., & Nixon, P. (2006). Group recommender 
systems: A critiquing�based  approach. In C. Paris & C. Sidner (Eds.), IUI 2006: International Conference on 
Intelligent User Interfaces (pp. 267�269).  New York: ACM. 
Jameson, A. (2004). More than the sum of its members: Challenges for group recommender systems. 
Proceedings of the International Working Conference on Advanced Visual Interfaces, Gallipoli, Italy, pp. 
48�54.  
Kay, J., & Niu, W. (2005). Adapting information delivery to groups of people. In (Ed.), Proceedings of the first 
international workshop on new technologies for personalized information access at the tenth international 
conference on user modeling. Edinburgh. 
McCarthy, J. (2002). Pocket RestaurantFinder: A situated recommender system for groups. Proceedings of 
the Workshop on Mobile Ad-Hoc  Communication at the 2002 ACM Conference on Human Factors in 
Computer Systems, Minneapolis. 
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Music  Tracks  65 

System Reference (Examples of) 
Groups of Users 

Items recommended 

MusicFX McCarthy and 
Anagnost (1998) 

Persons working out in a 
gym 

Music stations 

Flytrap Crossen et al. 
(2002) 

Persons using a public 
area of a building 

Music tracks to be 
played 

In�vehicle  
multimedia 
recommender 

Yu et al. (2005) Passengers in a vehicle Multimedia items to 
be played 

Adaptive Radio Chao et al. 
(2005) 

Colleagues working 
together in an office 

Songs to be played 
on the radio 

References 
McCarthy, J., & Anagnost, T. (1998). MusicFX: An arbiter of group preferences for computer supported 
collaborative workouts. Proceedings of the 1998 Conference on Computer-Supported  Cooperative Work, pp. 
363�372.  
Crossen, A., Budzik, J., & Hammond, K. (2002). Flytrap: Intelligent group music recommendation. In Y. Gil & 
D. Leake (Eds.), IUI 2002: International Conference on Intelligent User Interfaces (pp. 184�185).  New York: 
ACM. 
Yu, Z., Zhou, X., & Zhang, D. (2005). An adaptive in�vehicle  multimedia recommender for group users. 
Proceedings of the IEEE 62nd Semiannual Vehicular Technology Conference, Dallas. 
Chao, D., Balthrop, J., & Forrest, S. (2005). Adaptive Radio: Achieving consensus using negative preferences. 
Proceedings of the 2005 International Acm Siggroup Conference on Supporting Group Work, pp. 120�123.  

Television  Programs  and Movies  66 

System Reference (Examples of) 
Groups of Users 

Items recommended 

FIT Goren�Bar  and 
Glinansky (2002) 

Family members watching 
TV together 

TV programs 

TV program 
recommender 

Yu et al. (2006) TV viewers Sequences of TV 
programs 

PolyLens O'Connor et al. 
(2001) 

Persons planning to go to 
a movie together 

Movies 

References 
Goren�Bar,  D., & Glinansky, O. (2002). Family stereotyping �  A model to filter TV programs for multiple 
viewers. Proceedings of the Workshop on Personalization in Future TV at the Conference on Adaptive 
Hypermedia and Adaptive Web-Based  Systems, Malaga, Spain. 
Yu, Z., Zhou, X., Hao, Y., & Gu, J. (2006). TV program recommendation for multiple viewers based on user 
profile merging. User Modeling and User-Adapted  Interaction, 16(1), 63�82.  
O'Connor, M., Cosley, D., Konstan, J., & Riedl, J. (2001). PolyLens: A recommender system for groups of 
users. In W. Prinz, M. Jarke, Y. Rogers, K. Schmidt, & V. Wulf (Eds.), Proceedings of the Seventh European 
Conference on Computer-Supported  Cooperative Work. Dordrecht, The Netherlands: Kluwer. 
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Overview  of  Issues  67 

How do you have to handle a group differently than 
an individual when: 

1. ... the members specify their preferences? 

2. ... the system generates recommendations? 

3. ... the system presents recommendations to the 
members? 

4. ... the members decide which recommendation (if 
any) to accept? 

Specification  of  Preferences  
New Issue  68 

Subtask of the recommender system 
·  The system acquires information about the 

members' preferences 

Difference from recommendation to 
individuals 
·  If members specify their preferences explicitly, it 

may be desirable for them to be able to examine 
each other's preference specifications 

General issue raised 
·  What benefits and drawbacks can such 

examination have, and how can it be supported by 
the system? 
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Travel  Decision  Forum:  Overview  69 

Collaborative  Preference  Specification  70 
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Benefits  and Drawback  71 

Benefits 

·  Saving of effort 

·  Learning from other 
members 

·  Taking into account 
attitudes and 
anticipated behavior of 
other members 

·  Encouraging 
assimilation 

Drawback 

·  Facilitation of 
manipulation 

·  (See next section) 

Overview  of  CATS 72 

M
cC

ar
th

y,
 K

., 
S

al
am

ó,
 M

., 
C

oy
le

, L
., 

M
cG

in
ty

, L
., 

S
m

yt
h,

 B
., 

&
 N

ix
on

, P
. 

(2
00

6)
. G

ro
up

 r
ec

om
m

en
de

r 
sy

st
em

s:
 A

 c
rit

iq
ui

ng
�b

as
ed

 a
pp

ro
ac

h.
 In

 C
. 

P
ar

is
 &

 C
. S

id
ne

r 
(E

ds
.)

, I
U

I 2
00

6:
 In

te
rn

at
io

na
l C

on
fe

re
nc

e 
on

 In
te

lli
ge

nt
 

U
se

r 
In

te
rf

ac
es

 (
pp

. 2
67

�2
69

).
 N

ew
 Y

or
k:

 A
C

M
. 



73 Recommending to Groups / Generation of Recommendations 74 

Generation  of  Recommendations  
New Issue  73 

Subtask of the recommender system 
·  The system generates recommendations 

Difference from recommendation to 
individuals 
·  Some procedure for predicting the suitability of 

items for a group as a whole must be applied 

General issue raised 
·  What conditions might such a procedure be 

required to fulfill; and what kinds of procedure tend 
to fulfill these conditions? 

Approaches  to  Aggregation  74 

(In order of increasing frequency of use:) 

1. Merging of recommendations made for individuals 

2. Aggregation of ratings for individuals 

3. Construction of group preference models 
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Display  of  Recommendations  in  PolyLens  75 

Merging  of  Recommendations  76 

1. For eachmember��� :
–For eachcandidate��� , predicttherating ���

� of ��� by ��� .
–Selectthesetof candidates	

� with thehighestpredicted
ratings�
�

� for ��� .
2. Recommend�

�

	

� , theunionof thesetof candidateswith
thehighestpredictedratingsfor eachmember.

+ Easy to implement given a recommender for 
individuals 

+ Explanations are straightforward 

�  No consideration of suitability for the entire group 
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Aggregation  of  Ratings  77 

1. For eachcandidate��
 :
–For eachmember��� predicttherating �

�� of ��
 by ��� .
–Computeanaggregaterating ��
 from theset ���

���� .

2. Recommendthe set of candidateswith the highestpre-
dictedratings ��
 .

+ Easy to implement given a recommender for 
individuals 

�  (See advantages of next approach) 

Group  Preference  Models  78 

1. Constructa preferencemodel � thatrepresentsthepref-
erencesof thegroupasawhole.

2. For eachcandidate��� , use � to predictthe rating ��� for
thegroupasawhole.

3. Recommendthe set of candidateswith the highestpre-
dictedratings ��� .

+ It may be more natural to communicate and reason 
about models than about individual items ... 
... if items are numerous or not yet known 
... if differences among group members concern 
general preferences 

+ Privacy: Data about individuals does not have to be 
stored 
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Goals  and Procedures  for  Aggregation  79 

·  Maximizing average satisfaction 

·  Minimizing misery 

·  Ensuring some degree of fairness 

·  Treating group members differently where 
appropriate 

·  Discouraging manipulation of the recommendation 
mechanism 

·  Ensuring comprehensibility and acceptability 

How to Manipulate  MusicFX?  80 
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3�

37
2.

 Hate it Don't mind it Love it
Hot Country

Hate it Don't mind it Love it
50's Oldies

Hate it Don't mind it Love it
Alternative Rock

(91 genres)
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Providing  Multiple  Aggregation  Procedures  81 

Approaches  to  Sequences  of  Decisions  82 

  Approach to treating a sequence of decisions 
Criterion Independently As one complex 

decision 
Individually but with 

consideration of 
other decisions 

Computational 
complexity 

+ �  +/�  

Comprehensibility + �  +/�  
Appropriateness of 
evaluation criteria 

�  + +/�  

Ability to take into 
account actual 
results of individual 
decisions 

�  �  + 

Applicability when 
decisions and 
members involved 
are not known in 
advance 

+ �  +/�  

Ability to take into 
account additional 
ordering constrains 

�  + +/�  
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When to Deal With  These Complexities?  83 

1. The system's designers and/or deployers may 
specify an appropriate means of handling each 
problem 

2. The system's users may select a suitable 
preference aggregation method for each decision 

3. Users can take any remaining factors into account 
when evaluating specific recommendations and 
negotiating about the final decision 

Presentation  of  Recommendations  
New Issue  84 

Subtask of the recommender system 
·  The system presents recommendations to the 

members 

Difference from recommendation to 
individuals 
·  The (possibly different) suitability of a solution for 

the individual members becomes an important 
aspect of a solution 

General issue raised 
·  How can relevant information about suitability for 

individual members be presented effectively? 
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Screen  Shot  of  Let's  Browse  85 

Intrigue's  Main Explanation  Method  86 
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Part  of  a Visualization  from  Flytrap  87 

Performances  of  Representatives  (1) 88 
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Performances  of  Representatives  (2) 89 

Performances  of  Representatives  (3) 90 
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Arriving  at a Final  Decision  
New Issue  91 

Subtask of the recommender system 
·  The system helps the members arrive at a 

consensus about which recommendation (if any) to 
accept 

Difference from recommendation to 
individuals 
·  The final decision is not necessarily made by a 

single person; negotiation may be required 

General issue raised 
·  How can the system facilitate the necessary 

communication among group members? 

How to Avoid  the Issue  92 

1. The system makes decision by itself 

·  Þ  MusicFX 

2. One member makes the decision 

·  Þ  Intrigue 

3. The members discuss the recommendations via 
conventional channels 

·  Þ  PolyLens 

·  Any measures taken to enhance mutual 
awareness of preferences should make such 
discussion more effective 
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Empowering  of  Representatives  93 
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Introduction  
Credits  95 

Credits

Think different (Ludford et al., CHI04)

Who can review? (Cosley et al., CHI05)

Quality models and intelligent task
routing (Cosley et al., CHI06)

Tagging (Sen et al., CSCW06)

Value of Information (Rashid et al, CHI06 short)

Dan Cosley, Ph.D. 2006 (et al.)

Overview  96 
Overview

Online community research matters
Design for contribution
Design for member maintenance

 Quality: Contribution review and value of
information

 Quantity: Intelligent task routing
 Convergence: Tagging
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Online  Community  Benefits  97 
Online Co mmunity Benefits

Pew Internet: millions of CyberGroupies
 Information

 Fun
 Social connections

 Emotional support
 Education

Putnam’s Bowling Alone (Putnam 2000)

Online  Community  Research  98 
Online Co mmunity Research

Quality of communication (Sproull & Kiesler 1986)

Relationship formation (Parks & Floyd 1996)

Economics (Friedman & Resnick 2001)

Kinds of community
(Hiltz 1997, Schiano & White 1998, Preece 1999)

General design principles (Kollock 1996, Preece 2000)

Design for contribution?
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Amazon:  Inviting  Contribution  99 

Amazon: the good and bad in inviting contribut ion

And get
personal

recognition
…mmm

I could be
on the list, make

a difference
…aaah

Nine thousand? No
one will care about
the two reviews I
was going to write

…*sigh*

He looks kinda
dorky, too.
…I’m outta

here.

Communitylab  100 
CommunityLab

ITR grant: UMinn, UMich, CMU
Social science to increase contributions

 Accessible to designers
 Mid-level theory

 Algorithms, interfaces, toolkits

What social science?
 Economics (Ledyard 1995, Dawes & Thaler 1988)

 Social psychology (Latané et al. 1979, Karau & Williams 1993)
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Think  Different  101 
Think Different
(Ludford,Cosley,etal.,CHI04)

Contributions must matter (Karau and Williams 1993)

 Pick relevant items to a discussion

 Find items few members have rated

Form several small groups
 Tell some groups about uniqueness
 Hypothesis (confirmed): more posts

Welcoming  / Mentoring  102 

Welcoming/mentoring

� � �� � � �� 	


 � � � � � �� 	
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Moderation  / Review  103 

Moderation/Review


 
 � � � � 
 � � � � � � �� �

Construction  104 

Constructi on

� � ��� �� 	 �	 � � � � �� � � � � � � � �
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Member�Maintained  Community  105 
Member- maintained community

Broad notion of online community
 People interacting online

 Directly or indirectly

Member-maintained
 Normally, few perform upkeep (Butler et al. 2005)

 Why not many?

The Virtues  of  the Many 106 
The virtues of the many

Scale (Slashdot 2003)

Speed (Viégas et al. 2004)

Robustness against change
Direction-setting (but, see Dibbel 1998 on LambdaMOO)
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Fundamental  Challenges  107 

Fundamental Challenges

Quality of contributions
 Designing review mechanisms

 Who can review, when?
 Value of Information

Quantity of contributions
 Helping people find tasks

 Intelligent task routing

Agreement
 Tagging

Editing  Movies  in  MovieLens  
Our Platform:  Movielens  108 

Our platfor m: MovieLens

(search screenshot)
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Editing  Movie  Information  Task 109 

Editing movie infor mation task

(edit iface screenshot)

Designing  Contribution  Review  110 
Designing contribution review

Editorial oversight improves quality
 Journalism

 Peer review

Wikipedia foregrounds questions
 Who can review?
 When to review?
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Who Can Review?  111 
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Who can r eview?
(Cosleyetal.,CHI05)

Can peers do as well as experts?
Task: add movies to MovieLens
Hypothesis: Review increases motivation
Design: 3 x 2

 Level of review

 Visibility of mechanism

Who Can Review  Overview  112 

Who can r eview overview
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Contribution  Quality  113 

� � ���� 	 �� � � � �� �� � � � � �� � �� � � � � �	 � �
�� � � � � � � � �� � � �� � � �� ��� � � � � �� �

� � � � �
� � � � � � �

� � �� � � � � � �

� � � � � �	 � � �� � � � �� � �� �

When to Review  114 
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When to r eview
(Cosleyetal.,CHI2006)

Should contributions be visible before
they are reviewed?
 The sausage factory

Task: editing movies
 Pre-review

 Post-review (“Wiki-like”)
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Temporal  Trends  115 

Wiki vs. pre-review effect on quality over time
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Modeling  Review  Timing  116 
Modeling r eview ti ming

Multiple ways of knowing
Increase generality
Value simplicity (Axelrod 1985)

 Many assumptions, clearly stated

 Assumptions = design opportunities
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Value Changes  Over  Time 117 
Value changes over ti me

DB value = sum of item values
Value changes over time
Some work helps, some hurts

tttt BGVV -+=+1

Modeling  Wiki�Like's  Behavior  118 
Modeling Wiki- like’s behavior

DB value = sum of item values
Value changes over time
Some work helps, some hurts

Tasks become harder to find as the
database reaches its maximum value

bg tttt PPVV --+=+ )1(1

� � � � � � � �� � �� 	 �
 � � �
 
 
 �� � �� � �
 �
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Pre�Review  Imposes  Costs  119 
Pre- review i mposes cos ts

Some work is wasted
Two people per completed contribution

Prediction: Wiki-like adds value faster

bg
bg
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Equilibrium  Is the Same 120 
Equilibriu m is the same

Long-term, pre-review = Wiki-like
 Again, provable

 But, Wiki-like gets there faster

Contributors determine value
 Not surprising, but¼ surprising!
 But, mechanism might affect contributors

Needs to be validated
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Graph  of  Model  Vs. Data 121 

Graph of model vs. data

Predicted versus actual increases in quality
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Helping  People  Find  Tasks  
Helping  People  Find  Tasks  122 

Helping people find tasks

How do people find tasks now?
How can we help?
How does it work?
What does it mean for communities?
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Randomly  123 
How do people find tasks?

Randomly

Chronologically  124 
How do people find tasks?

Randomly
Chronologically
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Community  Needs 125 
How do people find tasks?

Randomly
Chronologically
Community needs

Alphabetically  126 
How do people find tasks?

Randomly
Chronologically
Community needs
Alphabetically



127 Recommenders and the Social Web / Helping People Find Tasks 128 

Intelligent  Task Routing  127 
Intelligent task routing
(Cosleyetal.,CHI06)

People often work on their interests
Match people with tasks they'll like
Reduce cost

Constraints  on Algorithms  128 
Constraints on al gorithms

Realistic to implement
Representative of current practice
Leverage our existing assets
Theoretical backing
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The Collective  Effort  Model  129 
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The collec tive effort model ( Karau&Williams1993)
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The Experiment  130 
The experi ment

Count
 Number of editors, contributions
 Total quality improvement
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Edits,  by Strategy  131 

Edits, by Strategy

Neditors, Nedits, and Nfields by strategy

0

50

100

150

200
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Number of editors Number of edits Fields filled in

Metric

C
o

u
n

t

HighPred

RareRated

NeedsWork

Random

Rare rated: dominant
High prediction: lousy

Needs work: bang for buck

Random: not bad here

Rated needs work?

What Does It Mean? 132 
What does it mean?

Choose work people want to do
 Slashdot: choose stories people read

 Discussion forums: ask people to reply to
posts similar to those they've made

Learn about your members
 Not necessarily recommending

Have some notion of needing work



133 Recommenders and the Social Web / Helping People Find Tasks 134 

ITR in  Wikipedia  (in  Progress)  133 
ITR in Wi kipedia
(in progress)

People tag articles with work types
“Rated” is very bad here
So, recommend based on edit history

 Text-based

 Link-following
 User-user CF

Articles  You Might  Like  to  Edit  134 
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ITR in  Wikipedia  (in  Progress)  135 
ITR in Wi kipedia
(in progress)

Basic smarts beats dumb
Better algorithms would be fun

 Use categories for similarity? (Ziegler et al. 2005)

 Recommend in context? (Cosley et al. 2002)

 Chain recommenders? (Burke 2002, McNee et al. 2002)

Other plans even better?
 Wikipedia is socially rich
 America's Funniest Experimental Bloopers

Voice  V2 Interface  136 

VOICE v2 interface
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Voice  Results  137 

VOICE Results
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Tagging  
Tagging,  Communities,  Vocabulary,  Evolution  138 

tagging, co mmuni ties,
vocabular y, evolution

Shilad Sen

S. Lam, D. Cosley, A. Rashid, D. Frankowski,
F. Harper, J. Osterhouse, J. Riedl

GroupLens Research
University of Minnesota Dept. of Computer

Science
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Flickr  Popular  Tags 139 

Flickr Popular Tags

Picture  of  a Baby  From  Flickr  140 

Picture of a Baby from Fl ickr
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Tagging  Background  141 

Tagging Background

A tag is a free-form word or phrase
used to describe an object

Although users may tag for selfish
reasons, other people benefit
from their tags

tags: dayton,
graffiti, ohio,

spray_paint, tag

from flickr.com:

Tag-based information can be more flexible,
intuitive and scalable than traditional ontologies

Research  Questions  142 
Research Questi ons

How do tagging vocabularies evolve?

Can we control vocabulary evolution?

Are specific types of vocabularies more or
less valuable to the community?
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Tagging  in  Movielens  143 
Tagging in MovieLens $%$� �&'

Movielens  Tagging  Goals  144 

MovieLens Taggi ng Goal s
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Adding  Tags in  Movielens  145 

Adding Tags in M ovieLens

Experimental  Data 146 

Experi mental Data

38,30911,433tag
applications

7,7263,623unique tag
phrases

2020
(13.5%)

630
(18.8%)

Users

13 months29 daysPeriod

Saturation? Tag phrases? Tag applications?
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Tag Classes  147 

Tag Classes

Factual

 Top: action, drama, comedy, disney, teen, james bond

 64% of tag applications

Subjective

 Top: classic, chick flick, funny, overrated, girlie movie

 22% of tag applications

Personal

 Top: bibliothek, in netflix queue, settled, dvd, my dvds

 11% of tag applications

Research  Questions  148 
Research Questi ons

How do tagging vocabularies evolve?

Can we control vocabulary evolution?

Are specific types of vocabularies more or
less valuable to the community?
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Influence  in  Tagging  149 

Influence i n Taggi ng

Tag Class  Similarities  150 
Tag Class Si milarities
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Research  Questions  151 
Research Questi ons

How do tagging vocabularies evolve?

Can we control vocabulary evolution?

Are specific types of vocabularies more or
less valuable to the community?

Can We Affect  Vocabulary?  152 

Can We Affect Vocabulary?

Four experimental groups

Each group's set of tags were
maintained separately

Experimental groups use different
tag selection algorithms to show
community tags for a movie.
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Unshared  Selection  Algorithm  153 

Unshared Selecti on Algorithm

Tags for Pulp Fiction in the unshared group:

classic film

bibliothek

interesting new way of film

� 1 �� � 
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Shared  Selection  Algorithm  154 

Shared Selection Algorithm
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John Travolta, need to buy,
tarantino (2), tarantino is god (3),

this is the weirdest movie I ever liked
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buddy movie, tarantino,
this is the weirdest movie I ever liked
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Shared�Pop  Selection  Algorithm  155 

Shared- Pop Selection Algorithm

Tags for Pulp Fiction in the shared-pop group:

90s, crime (2), dialogue,
drama (2), hilarity,

hit men (2), John Travolta (2),
murder, Quentin Tarantino (4),

Samuel L., Samuel L. Jackson,
ultra-violence, USA

� � � ��� � �
� � � �

Quentin Tarantino (4), drama (2),
hit men (2)
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Shared�Rec  Selection  Algorithm  156 

Shared- RecSelection Algorith m

Tags for Pulp Fiction in the shared-rec group:

� � � ��� � �
� � � �

action,
comedy, dvd

(2), dvd-r,
great, mob,

off-beat,
quirky (2),

surreal,
tarantino (7),
theater, vhs

surrealsurreal
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Vocabularies  Evolve  Differently!  157 

Vocabulari es Evolve Differently!

factual

subjective
personal

unshared

shared-recshared-pop

shared

Relative tag class proportions over time:

Research  Questions  158 

Research Questi ons

How do tagging vocabularies evolve?

Can we control vocabulary evolution?

Are specific types of vocabularies more or
less valuable to the community?
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Vocabulary  Value 159 Vocabular y Value

Post-experiment user survey (365 users)
 Asked general questions about tagging

 I create my own tags to have fun. (agree/disagree)
 Overall, I think the tagging features help me express my

opinions.
 etc¼

 Asked users about specific applications of tags to
movies:

 Overall I would like to see the tag “phone booth” for the The
Matrix.

 I think the tag “ultra-violence” helps me decide whether or not to
watch Pulp Fiction.

 etc¼

Value of  Factual  Tags 160 
Value of F actual Tags:

Regarding the tag ªanime” for ªSpirited Away”:

This is a great tag, because it has no bias associated
with it, it merely gives more information about the
genre of the movie. Great tag..

Taggers agreed that factual tags are:
 Useful overall (56% agreement)
 Useful for learning about movies (60%)
 Useful for finding movies (59%)
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Value of  Subjective  Tags 161 
Value of Subjective Tags :

Regarding the tag ªsurrealº for “Eternal Sunshine of
the Spotless Mindº

…ºsurrealº is appropriate.

and from another user¼

…somebody saying a movie is "funny" or "surreal"
doesn©t tell me anything - because I don©t know whether
their tastes are similar to mine.

44% agreement subjective tags were useful, but¼
87% agreement users’ own subjective tags helped

express their opinions.

Value of  Personal  Tags 162 
Value of Personal Tags:

Regarding the tag ªMy DVDsº for ªDawn of the
Deadº:

The person who created this tag was either
clueless that the tag would be shared or
didn©t care. Either way, how does it help a
single other person on the planet to know
that this film is in his DVD collection?

17% agreement that personal tags were useful,
but..

87% agreement that personal tags helpful in
organizing for the taggers themselves
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Tag Selection  Algorithm  163 
Tag select ion algorithm

Unshared encourages personal tags
Showing users more tags leads to more

vocabulary reuse
Can folksonomy be encouraged?
Users do not like seeing other people's

personal tags

Conclusion  164 
Conclusion

Post experiment usage:
 33,238 tag applications by 1759 users

Recap:
 Users tag similarly to:

è How they have tagged in the past
è The community tags they have seen

 Vocabulary formation is a ªvolatileº process

 Different tag classes have very different utilities
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Open Questions  / Future  Work  165 
Open Questions / Future Work

Are the tag-class differences between
experimental groups deterministic?

Would more complex tagging models better
capture tagging behavior?

How can a system distinguish between ªgoodº
tags and ªbadº tags?

Collaborative  Tagging  Systems  166 

The Structure of Collaborative Tagging
Systems

Scott A. Golder and Bernardo A.
Huberman

- Analysis of Del.icio.us data
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Huberman:  del.icio.us  Tag Usage 167 

Huberman del.icio.us
tag usage, by users

Huberman:  Percentage  of  Tags Used 168 

Huberman:
percentage of tags
used for a single

URL, by tag
applications

Percentage of use of a collection of tags
Applied to a single del.icio.us URL
Stabilizes over time; Polya’s urn?
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Tag Frequency  Graph  169 

from Patterns and Inconsistencies in Collaborative Tagging
Systems: An Examination of Tagging Practices, by
Margaret E.I. Kipp and D. Grant Campbell

Note the non power law character: the first seven tags seem
special

Tagging  Takeaways  170 
Tagging Takeaways

Ontology evolution is critical sense-
making activity

Recommenders influence ontology



171 Recommenders and the Social Web / Tagging 172 

Recommenders  and Social  Web:  Takeaways  171 
Recommenders and The Social Web: Takeaw ays

Member maintenance is interesting
Intelligent task routing works
Recommenders influence community

evolution
Modeling can inform design

 Intuition bruised on review timing

The collective effort model is useful
for design
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Introduction  
What Is Recomindation?  173 

Recommendation:

"Try these:"

Recomindation:

"The one you drank
last night while
watching Lorraine's
solo dancing"

"Similar to the one 
you enjoyed at the 
PERVASIVE 2006
banquet"

Recomindation  in  Specter  
The Basic  Idea 174 
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·  One function of the personal assistant Specter is to 
provide an augmented memory that helps the user 
to bridge the gap between ... 
·  ... experience with product search on the web 
·  ... shopping in physical stores 

·  �  Not to be confused with providing access to web 
in stores 
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Recording  the User's  Experiences  175 

• SPECTER observes the user browsing Amazon.com and fills her
personal journal with observations – including guesses about
evaluations

Offering  Reminders  176 

• The user enters a shop; SPECTER offers memory-related
information concerning this shop
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Starting  With  a Familiar  Item 177 

• The user submits examples of CDs she is familiar with to
the store in order to retrieve similar CDs

Starting  With  an Unfamiliar  Item 178 

• The user discovers a CD she is not familiar with and asks
to be shown similar CDs that she has encountered
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Open Queries  179 
Recom indat i on (2)

• Information offered on entry to store /
available via query at any time

– “What products (in this store) have
I seen so far and evaluated
positively?”

– “What products (in this store) are
similar to ones that I’ve evaluated
positively?”

� Both functions frequently used
and well received

Queries  About  Specific  Items  180 
Recom indat i on (3)

• Information offered for a given
product encountered (1)
– “How did I evaluate this product

earlier?”
� Sometimes used, but own memory

often sufficed

– “How much did it cost in other places
where I saw it?”

� Very often used, much appreciated

– (For unfamiliar product:) “What
similar products am I familiar with?”

� Sometimes used and appreciated;
only possible with system’s help;
takes getting used to because of
novelty
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Queries  About  Past  Experiences  181 
Recom indat i on (4)

• Information offered for a given
product encountered (2)
– “What events have I been involved

in that concerned this product?”
� Seldom used and appreciated

• Limitations:
– Own memory often adequate

» (Events from distant past hard
to include in a study)

– More fine-grained information than
is needed for shopping

Results  in  More Detail  
Reminders  of  Prices  (1) 182 
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Reminders  of  Prices  (2) 183 

Memory StoreSpecter

How much did this CD cost
in the other places?

Never Often
0

4

8

12

16

How often asked Sources used

Average number of invocations in SPECTER: 7.9 
Average rating of usefulness (1�5):  4.6 

Reminders  of  Positively  Rated CDs (1) 184 
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Reminders  of  Positively  Rated CDs (2) 185 

0

4

8

12

16

How often asked Sources used

Which CDs that I have seen so far were
particularly interesting?

Never Often Specter Memory Store

Average number of invocations in SPECTER: 4.0 
Average rating of usefulness (1�5):  4.6 

Reminders  of  Own Ratings  (1) 186 
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Reminders  of  Own Ratings  (2) 187 

Never Often StoreMemorySpecter

How often asked Sources used
How did I evaluate this CD / these CDs?

0

4

8

12

16

Average rating of usefulness (1�5):  4.1 

Pointers  to  Similar  CDs in  Memory  (1) 188 
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Pointers  to  Similar  CDs in  Memory  (2) 189 

0

4

8

12

How often asked Sources used
What similar CDs have I seen before?

Never Often Memory StoreSpecter

Average number of invocations in SPECTER: 0.9 
Average rating of usefulness (1�5):  2.5 

Reminders  of  Specific  Experiences  (1) 190 
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Reminders  of  Specific  Experiences  (2) 191 

Memory StoreSpecter
0

4

8

12

How often asked Sources used
What experiences did I have that are related to this CD

(involving the movie)?

Never Often

Average number of invocations in SPECTER: 0.4 
Average rating of usefulness (1�5):  1.9 

Reminders  in  Store:  Global  Ratings  192 

0%

40%

20%

60%

Very bad Very good

of SPECTER?
What is your global opinion

0%

40%

20%

60%

during your shopping?
Do you think that SPECTER helped you

Not at all A lot

0%

40%

20%

60%

your shopping if you had a PDA?
Would you like to use SPECTER for

Not at all A lot Not at all A lot
0%

40%

20%

60%

Did Specter help you find it?
[For each of the 6 CDs selected:]



193 Security and Privacy in Recommenders / Sabotage 194 

Sabotage  
Do You Trust  Your  Recommendations?  193 

Do You Trust Your Recomm endat i ons? An Expl orat io n of Security and Pr ivacy Issues i n Reco mmen der Systems

Shyong K ªTonyº Lam
Dan Frankowski
John Riedl

An Exploration  of  Security  and Privacy  
Issues  in  Recommender  Systems  

Structure  194 
Structure

Sabotage
Exposure
Bias

What has been tried
Opportunities for solutions
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Collaborative  Filtering  Algorithms  195 

Collaborat ive Filtering Al gorith ms

Non-Personalized Summary Statistics
K-Nearest Neighbor
Dimensionality Reduction
Content + Collaborative Filtering
Graph Techniques
Clustering
Classifier Learning

Recommender  Model  196 

Recommender M odel
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Sabotage  197 

Sabotage

1. Can outsiders change
recommendations?

2. Can they be detected?
3. Can they be stopped?

Shilling  Recommender  Systems  198 

Shilling Recommender Systems for Fun and 
Profit 

Lam et al. (WWW 2004) 
Shilling R ecommender Systems For F un and Profit
(Lam et al. WW W 2004)

Simulate Users with False Ratings
Cause Recommender System to
Falsely Recommend Items
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Sony  Fake News Critic  199 

Sony Fake News Critic

"This year's
hottest new star!"

Hollow Man

“onehell
of asca

ry ride”

TheAnimal
“another winner!”

Amazon  Robertson  Shilled  200 

Amazon R obertson shill ed
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What Is Known  About  Shilling  201 
What is Known about Shi lling

Robustness of Collaborative Filtering
O’Mahony (TOIT 2004)

- Attacks appear to work

Unfair Ratings in Reputation Systems
Dellarocas (EC 2000)

- Attacks may be common

Self-Selection, Slipping, Salvaging, Slacking, and
Stoning: The Impacts of Negative Feedback at eBay
Khopkar et al., ACM EC ’05

- ªStoningº appears in practice!

Predictions  Perturb  Perception  202 

Predictions Perturb Perception ( Cosley CHI '03)
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Opportunities  203 
Opportunit ies

Can algorithms be created that prevent
shilling?

Proofs of complexity of shilling?
Private information => Harder shilling

Less cheap pseudonyms to prevent
shilling (anti-aliasing?)

Exposure  
Exposure  204 

Exposure

1. Can users be identified from the personal
recommendation data?

2. Can the datasets be redacted to protect
the users?

3. Can the users be warned in time?
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Risk  of  Information  Exposure  (SIGIR '06) 205 

Risk of Infor mation Exposure (SIGIR ‘06)

Sparse
Dataset 1:
private

YOU

Sparse
Dataset 2:
public

YOU

+ +

= Your private
data revealed!

Combining algs

Keep private
information
within domain!

Dataset  206 

Anonymized Dataset

-Released 2003

-Dataset of 1 million
ratings for research

-Some demographic
data, but no identifiers

-Public: anyone can
download
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Public  Evaluations  of  Movies  207 

MovieLens Forums

-Started June 2005

-Users talk about movies

-Public: on the web, no login to read

-Can people identify these users
in our anonymized dataset?

Example  Sparse  Relation  Spaces  208 
Example Sparse Relation Spaces

 Customer purchase data from Target
 Songs played from iTunes
 Articles edited in Wikipedia
 Yahoo! might read eBay forums
 Research papers cited in a paper (or review)
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Story:  Finding  Medical  Records  (1) 209 

Former Governor of Massachusetts

Story: Finding Medical R ecords (Sweeney 2002)

Sex

date
Birth

ZIP
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Story:  Finding  Medical  Records  (2) 210 

Zip
Birthdate

Sex

Story: Finding Medical R ecords (Sweeney 2002)

Medical Data
Ethnicity
Visit Date
Diagnosis
Procedure
Medication
Total Charge

Voter List
Name
Address
Date registered
Party affiliation
Date last voted

Zip
Birthdate

Sex

Former Governer of Massachussetts!
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Related  Work  211 

Related W ork

Anonymizing datasets: k-anonymity
 Sweeney 2002

Privacy-preserving data mining
 Verykios et al 2004, Agrawal et al 2000, ¼

Privacy-preserving recommender systems
 Polat et al 2003, Berkovsky et al 2005,

Ramakrishnan et al 2001

Text mining of user comments
 Drenner et al 2006, Dave et al 2003, Pang

et al 2002

RQ1: Risks  of  Dataset  Release 212 
RQ1: Risks of Dataset R elease

RQ1: What are risks to user privacy
when releasing a dataset?

RESULT: 1-ident rate of 31%
Ignores rating values entirely!
Can do even better if text analysis

produces rating value
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RQ2: Altering  the Dataset  213 
RQ2: ALTERING THE DATASET

How can dataset owners alter the
dataset they release to preserve user
privacy?

Perturbation: change rating values
 Oops, Scoring doesn't need values

Generalization: group items (e.g., genre)
 Dataset becomes less useful

Suppression: hide data
 We'll try this

Dropping  Items  214 

Database-level suppression curves

0

0.1

0.2

0.3

0.4

0.5

0.6

0 0.2 0.4 0.6 0.8 1

Fraction of items suppressed

F
ra

ct
io

n
of

us
er

s
1-

id
en

tif
ie

d

•Drop 88% of items to protect
current users against 1-
identification!

•88% of items => 28% ratings
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RQ3: Self  Defense  215 
RQ3: SELF DEFENSE

RQ3: How can users protect their own
privacy?
 Hard for users to protect themselves by

suppress mentions

 Possible (though not perfect) for users to
misdirect by mentioning movies they have
not rated

Misdirecting  216 

User 1-identification vs. number of misdirecting mentions
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Rare, rated>=1
Rare, rated>=16
Rare, rated>=1024
Rare, rated>=8192
Popular

·Rarely-rated items don't misdirect!

·Popular items do
better, though 1-
ident isn't zero

·Better to misdirect to a
large crowd

·Rarely-rated items
are identifying;
popular items are
misdirecting
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Estimating  Value 217 

VOICE 2 Screen shot
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Can VOI Reduce  Exposure?  218 
Can VOI Reduce Exposure?

We can estimate the value of each rating
(SIAM DM 2005)

Users will respond by providing more
valuable information (CHI '06 short)

Does removing low value ratings protect
privacy?
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Future  Work  219 
Future Work

Model re-identification in sparse relation spaces
mathematically rigorously

Investigate more algorithms (re-identification
and privacy protection)
 Arms race between re-identifiers and privacy

protectors
 Danger of ªdata in the wildº

Information theory of Value of Information

Bias  
Bias  220 

Bias

1. Do the owners of recommenders
misuse the recommendations?

2. Can users tell?
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Bias  Examples  221 

Bias Exa mples

• Profit motive: Leather gloves? You'd like
a Mercedes!

· Recommend in-stock items: long tail

Google  222 

GOOGLE
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Launch:  Cat Stevens  223 

Launch Cat Stevens

Amazon  Explanation  224 

Amazon Explanat ion
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Where Are the Profiles?  225 

Where are the Pr ofiles?

Web client

Web server

Smart Card

PDA

Encrypt

Opportunities  226 
Opportunit ies

Better decentralized recommenders.

What evidence could convince a user
that recommendations are unbiased?

Can that evidence be proven to be
honest?
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Privacy  Risks  and Opportunities  227 
Privacy Ri sks and Opportunities

Sabotage
Secure Pseudonyms
Detection
Secure Algorithms?

Exposure
Computed Limited Information?
Conversations and Privacy?

Bias
P2P Recommenders (+ Laws!)
Proven Explanations?
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Introduction  
Introduction  229 
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General claims 
·  Most recommenders make recommendations 

concerning one decision at a time 
·  But it is often worthwhile to consider 

recommendations concerning sequences of actions 

Example 
·  Traditional web�page  recommender: 

·  "Which web pages would U be interested in 
now?" 

·  Web�page  recommender that plans ahead: 
·  If I recommend page P and U in fact visits it, 

which pages that are directly linked to P could I 
then recommend ... ? 

Example  Problem  (1) 230 
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Example  Problem  (2) 231 

One Solution  (1) 232 

Map 

Sorry, we don't
have that!

1
3

5

7

26

1

2

3

4

5

6

7

4

1st
Fl.

START

Newspapers, Flowers

Bread CDs

CDs

Bread, Flowers

Newspapers, CDs, Electrical Goods, Flowers

Flowers2nd
Fl.

Shopping guide 

Gee, that's easy!
I just need to follow

the recommendations!
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One Solution  (2) 233 

The decision�theoretic  shopping guide 

·  The shopper specifies at the beginning her 
interests in particular (types of) products 
·  "A Quiet Comfort noise canceling headset" 
·  "A novel for my teenaged daughter" 

·  The system computes a policy: 
·  At each point in time, it directs the shopper to a 

promising store, taking into account: 
1. the current location 
2. the products found so far 
3. the shopper's time pressure 

Example  of  Part  of  a Policy  234 

If 

·  The user has just left Bakery Kohl 

·  And s/he has so far found (only) the newspaper 
and the stationery 

·  And there are between 10 and 12 minutes left 

Then 

·  Direct the user to the Thalia book store 
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A Tested  Prototype  
Direction  to  Walk  In 235 
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Overview  Map 236 



237 Recommendation of Sequences of Actions / A Tested Prototype 238 

Photo  of  Upcoming  Store  237 

Study  in  Shopping  Mall:  Method  238 

·  The localization infrastructure was simulated by the 
experimenter (Wizard of Oz) 

·  21 subjects from different social groups 

·  Each shopped for 20 minutes with 25 Euros after 
specifying what they wanted to buy in 6 categories: 

·  Some bread, a book, a gift item, some fruit, a 
magazine, some stationery 
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Objective  Results  239 

(b) Time to finish despite
not having bought all 6 items

(a) Time needed to buy all 6 items

< 14 18 to 2016 to 1814 to 1615 to 20< 10 10 to 15

Time (minutes)Time (minutes)
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·  All 21 subjects got back to the exit on time 

·  5 did so only after being instructed by the system to 
skip the final item (a relatively expensive gift) 

·  Some of these could probably have gotten the 
gift if they had second�guessed  the system 

Subjective  Results  240 
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Explanation  and Control  
Control  and Comprehension  241 

·  Why do users sometimes want more control and 
understanding? 
·  So that they can override the system's 

recommendations 
They have information that the system lacks 
They see that the system's model is too limited 

·  What do they need? 
·  Robust response by the system when they 

deviate from a recommendation 
Þ  Given by the basic algorithm 

·  Ability to second�guess  the system in an 
informed way 
Þ  Requires explanations by the system 

Explanations:  Implementation  242 
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Explanations:  When Presented  243 

Difference between best and second�best options:

Small Medium Large

Explanations:  Results  244 

Results 
·  5 subjects used the system with explanations 
·  They generally approved of the basic idea 
·  But most said that they had too little time to look at 

the explanations and preferred to follow the 
recommendations blindly 

Remaining open issue 
·  Tension between 

·  Desire to second�guess  the system 
·  Difficulty of understanding the system's 

recommendations well enough while attending to 
the environment 
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AI Background  (1) 245 

Underlying formalism 
·  Markov Decision Processes 

Typical application areas 
1. Robot planning 

·  Problems are often similar to the one discussed 
above 
Though there is in general no adaptation to 
properties of a particular person 

2. Dialog management in spoken dialog systems 
·  Emphasis on learning a small number of suitable 

dialog strategies, as opposed to deriving a 
strategy in a given situation 

AI Background  (2) 246 

Two Overview articles 

·  Blythe, J. (1999). Decision�theoretic  planning. AI 
Magazine, 20(2), 37�54.  

·  Boutilier, C., Dean, T., & Hanks, S. (1999). 
Decision�theoretic  planning: Structural 
assumptions and computational leverage. Journal 
of Artificial Intelligence Research, 11, 1�94.  
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Other  Systems  
An On�Line  Book  Store  247 
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Another  Shopping  Guide  (1) 248 
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Another  Shopping  Guide  (2) 249 

Another  Shopping  Guide  (3) 250 
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Overall  Evaluation  
Strengths  (1) 251 

Advantage relative to methods for making 
single decisions 

·  Maximize expected utility of entire sequence of 
system actions (e.g., recommendations, web page 
presentations) 

Advantage relative to classical planning 

·  Explicitly take into account utilities and uncertainty 
about outcomes of actions 

Strengths  (2) 252 

Practical side effect 

·  Once a policy has been computed, minimal 
computational resources may be required for its 
execution or presentation to the use 

·  For example, it can be transmitted to a 
resource�limited  mobile device before the first 
action is taken 
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Limitations  253 
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·  Computational complexity can be a serious 
problem 
·  Especially if the system receives only partial 

feedback on the relevant consequences of its 
actions (partially observable Markov Decision 
Processes) 

·  Ways of reducing planning complexity have been 
a topic of research (see, e.g., Plutowski, 2003) 

·  Learning the necessary parameters may be difficult 

·  Usability requirements are sometimes incompatible 
with straightforward application of the planning 
techniques 
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Diversity:  Introduction  
Improving  Recommendation  Diversity  255 

Improving Recommendation Diversity 
Improving Recommendation Di versity

Keith Bradley and Barry Smyth
2001 Irish Conference on AI

Formulas  256 
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Bounded  Random  Selection  257 
Bounded Random Select ion

Select k at random from among b*k
Simple, and good baseline

Quality  258 
Quality

Quality of a result set considers both
prediction and diversity

Greedy Selection: next choice is next
highest score
- diversity with respect to partial result set

Bounded Greedy Selection: only search
b*k ªbestº subset
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Results  259 
Results

The improved algorithms improve
diversity

Most important for small values of k
> mobile?

Tuning of the metric is important

Topic  Diversification  260 

Improving Recommendation Lists Through 
Topic Diversification 

Improvin g Reco mmen dat ion Lists t hroug h Topi c Diver sif icat i on

Ziegler, McNee, Konstan, Lausen
Metric considering intra-list similarity
Applied to recommendations of research

papers
User satisfaction peaks, then ebbs as

diversity increases
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Playlist  Diversity  
Measuring  Playlist  Diversity  261 

Measuring Playlist Diversity for 
Recommendation Systems 

Measurin g Playli st Diversity f or Recommendat io n Systems

Proceedings of the 1st ACM workshop on
Audio and music computing, Multimedia
2006

Malcolm Slaney Yahoo! Research Labs,
Sunnyvale, CA

William White Yahoo! Music, Santa
Monica, CA

Approach:  Acoustical  Classification  262 
Approach: Acoust ical Cl assification

Describe song by 24 acoustic dimensions
Cluster songs by appearance on playlists

(multi-class Support Vector Machine)
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Percent  Correct  Genre Classification  263 

Percent correct genre cl assification

Use 11
dims to
classify
genres
with SVM

Results  264 
Results

Playlists have different diversity on each
dimension => people seem to value
diversity

Playlist diversity smaller than genre
diversity => people also want similarity
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Enhancing  Digital  Libraries  
Enhancing  Digital  Libraries  265 

Enhancing Digital Libraries with TechLens+

Roberto Torres, Mara Abel

UFRGS – Porto Alegre- Brazil

Sean McNee, Joseph Konstan, John Riedl

University of Minnesota

Why a Hybrid  Approach?  266 3 WHY A HYBRID APPROAC H?

Eliminate both techniques’ weaknesses.

Content-dependent
Non-use of quality and taste

Over-specialization

No first-rater problem
No sparsity problem

Content-based
Filtering

First-rater
Sparsity problem

Content-independent
Use of quality and taste

Serendipity

Collaborative
Filtering

DisadvantagesAdvantages

Two types of algorithms: Baseline and Hybrid
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Baseline  Algorithms  267 
3.1 Baseli ne Algorithms

Only Collaborative Filtering

Only Content-Based Filtering

Pure-CF: standard User-User Knn-algorithm

Pure-CBF: standard text similarity recommendation.

CBF-Separated: recommend similar paper to the active's paper
citations

Hybrid  Algorithms  (1) 268 
3.2 Hybrid Algorithms

Burke’s Taxonomy [Burke 2002]

- Taxonomy of hybrid recommender techniques

- Listed seven different ways to combine recommenders:

Weighted, Switching, Cascade, Feature Combination, Feature
Augmentation, Mixed and Meta-level
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Hybrid  Algorithms  (2) 269 
3.2 Hybrid Algorithms

Feature Augmentation

Mixed

Validation  Experiments  270 

Paper: Combining Collaborative Filtering with Personal Agents to find Better Recommendations

4. Validati on Experi ments
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Conclusions  271 

5. Conclus ions

- CF and CBF can be successfully combined

- Different algorithms for different kinds of papers

- Users with different levels of experience perceive
research papers recommendations differently

- Applicable to any scientific domain

Summary:  Recommender  Diversity  272 
Summary: Reco mmender Diversity

Simple approaches yield improvements
that users notice

Mechanisms support variety of
approaches to diversity

Satisfaction is application specific
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Basic  Concepts  
A Familiar  Example  System  273 
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·  Recommendations are an important part of 
amazon.com's online store 

·  They appear in a variety of forms 

Diminished  Controllability  274 

The user may not have enough control over the 
system 
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Poor  Comprehensibility  and Predictability  275 

The user may not understand adequately how the 
system works �  or be able to predict what it will do 

Obtrusiveness  276 

!

?
?

The system may distract the user with too many (or 
poorly timed) messages and input requirements 
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Diminished  System  Competence  277 

The system may perform actions that are so poorly 
adapted to actual facts about the user that the user 
is distracted and/or impeded 

Infringement  of  Privacy  278 

The system may create situations in which 
information that the user would prefer to keep 
private is made available to others 
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Diminished  Breadth  of  Experience  279 

The system may restrict the user's attention 
excessively 

Amazon's  Recommendations  
Sticking  Close  to  Familiar  Items  280 

Recommended items are often very similar to items previously 
purchased or rated highly 
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Usability  Threats  and Design  Strategies  281 
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Tradeoffs:  Basic  Concepts  283 
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Expanded Design

Space

Lim
ited Design Space

Tradeoff  Concerning  Breadth  of  Experience  284 

Maximize
accuracy

Find unexpected

user likes
items that the

Aim for some
accuracy 
and diversity

Maximize
diversity
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Setting  Privacy  Parameters  285 

The user can set some privacy�relevant  parameters 

Controlling  Storage  and Use of  Data 286 

The user can control which purchased items will be used for 
recommendation 

�  but information on purchased items cannot be deleted 
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Using  Data From  a Short  Time Frame 287 

The use of data concerning the current task or session is sometimes 
viewed as less threatening to privacy 

Accessing  the Privacy  Policy  (1) 288 
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Not finding a link to amazon.com's privacy policy, this user tried the 
search facility 
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Accessing  the Privacy  Policy  (2) 289 

These passages reflect some typical properties of privacy policies 
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Tradeoff  Concerning  Privacy  293 

Be vaguely

privacy 
policies

aware of 

Work with P3P
user agent

!

?
?

!

?
?

!

?
?

!

?
?

Ignore privacy
policies

Study full
privacy 
policies

Consult con�
textualized
privacy policies

Options  for  the Motivated  User  294 

The motivated user can supply a great deal of information to improve 
recommendation quality 
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Learning  More 295 

The interested user can access a great deal of information about the 
recommendation methods used 
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Preference  for  Controlled  Updating?  301 

Study design 
·  18 subjects were given the knowledge necessary 

to work like potential conference attendees 
·  Each subject worked with 3 versions of the hotlist: 

·  Without recommendations 
·  With controlled updating of recommendations 
·  With automatic updating of recommendations 

Relevant subjective ratings 
·  For each style of updating of recommendations: 

·  "If you were to continue working with this version 
of the hotlist, would you prefer to use the 
recommendations or to turn them off?" 

Desire  to  Use Recommendations  302 
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Advantages  of  Two Updating  Styles  (1) 303 

Controlled updating: 
1. The user's feeling of control over the interaction 

with the system is enhanced 

2. The user can follow up on more than one 
recommendation in a given set 

3. System response times can be faster because of 
less frequent updating 

4. The user can restrict updates to situations in which 
the system's model of her interests is assumed to 
have useful accuracy 

5. A smaller amount of irrelevant text appears in the 
hotlist 

Advantages  of  Two Updating  Styles  (2) 304 

Automatic updating: 

1. The user cannot overlook the availability of the 
recommendation feature 

2. The user is regularly reminded that new 
recommendations are available 

3. The user is spared the effort of clicking on a button 
to obtain new recommendations 

4. The recommendations displayed always reflect the 
system's most complete model of the user's 
interests 
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Results  of  a Second  Study  306 

·  Some drawbacks of automatic updating were 
eliminated through the interface improvements 

·  Preferences generally shifted toward automatic 
updating 

·  But there were still large differences in preferences 
concerning almost all aspects of the interaction 
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Tradeoff  Concerning  Control  of  Adaptation  307 
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[Automatic updating]

Update recommendations

Execute changes

[Automatic updating]

Update recommendations

Execute changes
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Basic  Concepts  
Compound  Critiques  311 

Compound Critiques for Conversational 
Recommender Systems 

Compou nd Crit iques f or Co nversat ional Recom mender Systems

Smyth, McGinty, Reilly, McCarthy
Web Intelligence '04

Quikshop.Com  Example  312 

Quikshop.com example
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Follow  Up on Qwikshop  313 

Follow up on Qwi kshop

Generating  Critiques  (1) 314 
Generating Critiques

Difficult for users to generate

Apriori algorithm to select critiques
Select potential compound critiques

Present user with small set of the best ones
� Low support the overall winner (among algs

with sufficient support)

� 40%-70% reduction in user cycles (best case)
� only offline tests run
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Generating  Critiques  (2) 315 

Generating Diverse Compound Critiques 
Generat in g Diverse Co mpou nd Crit iques

AI Review, Nov 2005
Demonstrates that applying diversity

ideas leads to more useful critiques!

A Comparative  Study  
A Comparative  Study  316 

A Comparat ive Stud y of Co mpoun d Crit i que Generat io n in C onversat ional Reco mmen der Sys tems

Jiyong Zhang and Pearl Pu
Adaptive Hypermedia 2006
Multi-Attribute Utility Theory vs. Apriori for

Compound Critiques
Simulations suggest win for MAUT

A Comparative Study of Compound Critique 
Generation in Conversational Recommender 
Systems 
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Unit  vs.  Compound  Critiques  317 

Unit vs. co mpound critiques

From  Case to  Critique  318 
From Case- >Critique

After each critique cycle, reweight
attributes
 Better: multiple by beta

 Worse: divide by beta

· Form set of best critiques based on
attribute importance

· Lather, Rinse, Repeat
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Summary  319 
Summary

Recommender Conversation is a powerful
idea

Compelling, though success limited to
date

Compound critiquing may be solution in
search of an application

Need for careful user studies


