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Amazon.com 
 
"Our goal is to provide our 20 million users with 20 million  
different stores," Jeff Bezos explained at PC Expo 2000.  "We're  
the most customer-centric company on earth."  
 
Amazon.com personalization technology records what a shopper  
purchas es, rates, or views on the website and then matches that data  
to the aggregated purchases of other shoppers who have bought similar 
products. By comparing what an individual shopper has purchased to 
aggregates of what shoppers with similar tastes  
have purchased, Amazon.com can provide highly targeted, relevant,  
and interesting recommendations to our customers.  Features that use 
this technology on Amazon.com's website include New for You, Instant 
Recommendations, Gift Wizard, Recommendations Wizard, Similarity 
Explorer, Page You Made, "Customers who  
bought...", and personalized new releases. 
 
"I want to transport online bookselling back to the days of the small 
bookseller, who got to know you very well and would say  
things like, 'I know you like John Irving, and guess what, here's  
this new author, I think he's a lot like John Irving.'", said Jeff 
Bezos.  Of course, in Amazon.com's case, it's the technology, and  
not the antiquarian in the musty store, that remembers your likes  
and dislikes.  
 
Amazon.com (www.amazon.com) opened its virtual doors on the World Wide  
Web in July 1995 and today offers Earth's Biggest Selection, along with  
online auctions and free electronic greeting cards.  Amazon.com seeks  
to be the world's most customer-centric company, where customers can  
find and discover anything they might want to buy online. Amazon.com  
lists millions of unique items in categories such as electronics,  
kitchen and housewares, books, music, DVDs, videos, camera and photo 
items, toys, software, computer and video games,  
tools and hardware, outdoor living and wireless products.  
Amazon.com operates four international Web sites: www.amazon.fr,  
ww.amazon.co.uk, www.amazon.de and www.amazon.co.jp. 
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INTRODUCTION 
This paper provides a brief summary of research into 
interfaces and architectures for recommender systems, 
undertaken during 1994-98. A complete description can 
be found in [3].  
We consider specifically the text recommendation task: 
helping the user follow threads of interest by regularly 
recommending small sets of 6-10 documents.  Systems 
select a set of documents to present to the user, based on 
an induced user model; elicit feedback from the user 
(either explicit or implicit); and finally improve the user 
model given the feedback on the presented documents. 
RESEARCH ISSUES 
Two specific research issues are addressed by the research 
described here. 
First, how to exploit the overlap between users’ interests. 
In a system with multiple users, each with multiple topics 
of interest, resources can be allocated to serve areas where 
different users’ interests overlap. Users’ feedback can also 
be pooled—a collaborative strategy that can improve 
recommendations as well as reducing duplicated requests 
for user feedback. 
Second, how to decide upon the composition of 
recommendation sets. Techniques for choosing individual 
articles for recommendation are well known, but another 
important consideration is how to compose a set of such 
recommendations (e.g., the selection of articles for an 
edition of a personalized newspaper).  
COMBINING CONTENT-BASED AND 
COLLABORATIVE RECOMMENDATION 
Content-based recommendation requires analysis of the 
content of items. This poses several problems: only 
certain domains can be readily analyzed (text is much 
easier than music or restaurants); systems will often over-
specialize, only recommending items similar to those 
already rated highly. Collaborative recommendation 
instead computes similarity between users. As pointed out 
in [1], it avoids the problems of a pure content-based 
system. However it has its own shortcomings:  new items 
cannot be recommended until some user has rated them, 
making very dynamic domains difficult; users with 
unusual tastes will be served poorly; negative feedback 
about items will not guarantee similar items won’t be 
recommended again. 
The Fab system combined content-based and 
collaborative recommendation to eliminate disadvantages 
of using either approach alone. A pool of collection 
agents adaptively gathered Web pages matching topic 

profiles. Each user’s selection agent learned a personal 
user model and composed recommendation sets from the 
discoveries of the various collection agents and from other 
selection agents with similar models. The collection 
agents thus converged on areas of overlap between the 
users’ interests, and the selection agents served both 
content-based and collaborative recommendations. 
EXPLORATION vs. EXPLOITATION 
A large-scale simulation was constructed in order to study 
the effects of varying the “breadth” of a set of 
recommendations [2]: whether to recommend items 
similar to those that have already received positive 
feedback, or new items where the user’s reaction cannot 
be predicted. Experiments showed that an exploratory 
strategy increased the rate of learning user profiles, and 
the rate of adaptation to changing user interests, at the 
expense of showing users documents that are less often to 
do with their preferred topics.  The result of this research 
was a new affordance for the Fab system allowing users to 
navigate among “broad” and “narrow” recommendation 
sets. 
INTERFACES THAT CAPTURE IMPLICIT FEEDBACK 
The Slider system [4] took these ideas further. 
Overlapped, sliding panels allowed users to specify 
multiple topics of interest and interactively alter the 
proportions between them. In addition, the interface did 
not require explicit feedback from a user, but successfully 
learned user profiles by monitoring drag-and-drop, 
selection and deletion actions.  An “other news” topic was 
always available, showing items with the least overlap to 
those previously recommended. 
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For the past year Britannica.com, Inc. has been conducting extensive analysis of the web 
usage logs from the Britannica.com website to improve various characteristics of the site.  
At this time, researchers at Britannica are hoping to take this analysis further to begin 
recommending encyclopedia articles, news stories, products, etc. to the users of the site 
based on past and current user behaviors.   
 
Since this work is in the infantile stage, many aspects have not yet been defined.  It is 
expected, though, that Britannica researchers will t ake into account user clicks and 
queries in an attempt to identify related concepts.  These related concepts will be used to 
recommend web pages and products that may be of interest to a current user. 
 
Researchers involved with this work: 
 
Laura Mather 
lmather@us.britannica.com 
 
Kunal Sen 
ksen@us.britannica.com 
 
Britannica’s website: 
www.britannica.com 
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Our work spans theory and system development, and explores the use of a recommender system within multiple
media and tools. It builds on earlier experimentation with a contextually–specific recommender for the Web and local
file systems, Recer (Chalmers et al. 1998). Recer makes recommendations by comparing each person's ongoing context
with his or her past activity and/or the past activities of others. Past activity here is represented by a time-stamped log
of locations, documents, artefacts and people that each person has interacted with in all of the media we can: that
person’s path. Unlike most recommender systems, recommendations are specific to the ongoing context of the user,
draw upon only the most relevant periods of past activity, and combine physical locations, hypermedia ‘locations’ and
references, and locations in virtual environments. As discussed in (Chalmers 1999) and (Chalmers 2001), this approach
is based on a combination of aspects of urban design theory, the trails of Bush’s As We May Think, linguistics,
semiology and philosophy of language.

Most of our work is centred in the City project. While we will gradually extend the range of places and topics it
handles, the initial focal point is Charles Rennie Mackintosh, the architect, designer and artist. A rich body of ‘people,
places and things’ related to Mackintosh exists here in Glasgow, including his reconstructed house within the Hunterian
Gallery and Museum, the exhibition room devoted to his life and work within the Lighthouse Centre, and buildings he
designed, e.g. the Art School and the Lighthouse itself. The Hunterian and the Lighthouse have agreed to be partners
and test sites in this project, and in other related projects within the six year, eight site and £11,000,000 consortium
called ‘Equator’. Equator (www.equator.ac.uk) is an ‘interdisciplinary research collaboration’ funded by the UK’s
Engineering & Physical Sciences Research Council and involving computer scientists, sociologists, psychologists,
artists and designers. University College London, the Royal College of Art and the universities of Bristol, Glasgow,
Nottingham and Southampton are taking part in the City project, with Glasgow as lead.

We are combining mobile computers, hypermedia and virtual environments in one system, and tracking each
person’s activity in them all as a path. We allow each person to interact with others even if they are using quite
different media or combinations of media. We have found it useful to consider the many media, technologies and
spaces as one design medium, because each person’s experience depends on them all. People’s activity continually
combines and cuts across different media, interweaving those media and building up the patterns of association and use
that make meaning. How people act and work is determined by the full combination of media that they can use and
have used, and hence a narrow focus on only digital media as the paramount determinant of activity underrates the
influence of other media. Irrespective of the media involved in logging and display, our algorithms for searching,
matching and recommending do not rely on distinctions between these original media. They rely on their patterns of
co–occurrence in human activity and hence in common semiological use. It is this that lets recommendations bridge
across media usually held as separate in information systems, and lets us work with this everyday mix of types rather
than against it. For example, a person who has been looking at the original chairs and tables made by Mackintosh may
get recommendations of other physical artefacts to look at, but also of digital documents and virtual locations that
might be of interest. These recommendations may come from people who have never seen the physical furniture, but
have explored related digital information. One is offered information based on one’s current location and the route one
has recently taken, the information read and written, the artefacts one has shown an interest in—and how this activity
relates to the activity of earlier readers, authors and visitors. The past routes and paths of curators, designers, authors
and visitors are combined with current context to suggest recommendations for the immediate future.

We are creating a growing and evolving body of individuals’ paths or narratives through the people, places and
artefacts associated with the city of Glasgow. An initially static collection includes images, textual descriptions, and
references to locations in the city, to artefacts in museums and exhibitions, and to electronic resources such as web
pages and virtual 3D environments. Later, we will allow this body of information to grow as people use it, with their
paths making new associations between symbols and also adding in new symbols. City includes information access
based on objective bases, such as maps and search engines, and subjective bases, such as recommenders and
synchronous audio links. We have now integrated VR and PDA access to the Mackintosh Room, will integrate a
hypermedia interface within the next month, and the recommender within two months. We plan to demonstrate this
prototype by October 2001, with synchronous and asynchronous awareness across all three media supported, paths
interweaving symbols from all media and used as a resource for recommendations, and first experiences of non-
Equator people to report and discuss. We have recently begun a series of semi-structured interviews with curators and
exhibition designers in a number of UK museums, and a sociological study of related activity by city visitors and
residents. These studies will feed reflection on our first full prototype and the design of future systems.

[Chalmers 1998] Chalmers, M., K. Rodden & D. Brodbeck: The Order of Things: Activity–Centred Information Access, In
Proceedings of the 7th World Wide Web Conference, Brisbane.
[Chalmers 1999] Chalmers, M.: Informatics, Architecture and Language. In A. Munro, K. Höök & D. Benyon (eds.): Social
Navigation in Information Space, Springer, 1999.
[Chalmers 2001] Chalmers, M.: Awareness, Representation and Interpretation, to appear in J. Computer Supported Cooperative Work.





Web Link and Traffic Analysis for Recommendation
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The Web has two pervasive sources of activity that can
be useful for recommendation systems. One is the traffic
on the Web, reflected in individual user histories as well as
proxy and origin server usage logs. The second is in hy-
pertext link authoring. Both provide information that can
often be treated as a value judgment. A user who clicks on
a link, in effect, believes that there is some content of value
at the destination. The significance of link creation is thus
even stronger, as it reflects the judgment of the author (pre-
sumably) after viewing the target content and assessing it
to be of sufficient value to spend the time to make the con-
nection available to readers.

We have examined the relationship between the descrip-
tion of a page and its contents [4], and explored the value
of link analysis for search engine result ranking and com-
munity discovery [8], as well as tested for nepotistic links
that may influence such analysis [3].

Perhaps unlike most researchers in recommender sys-
tems, our interest is not only recommendation for human
usage, but also recommendation for systems. Adaptive
systems can then use those recommendations (from what-
ever source) to improve performance invisibly (unlike, for
example Letizia [10] or WebWatcher [9] which alter the
Web interface that is presented to the user). We are also
concerned with appropriate evaluation of such systems.

While in the past we have examined techniques to build
user models for user interfaces (such as the UNIX shell
[7]), in recent years we have concentrated on issues re-
lated to modeling Web users for pre-loading of Web con-
tent to improve user-perceived performance [11]. We have
proposed adaptive Web prefetching [1] which incorporates
prediction from multiple sources, including:

• individual user histories,
• workgroup histories from proxy cache hints (a form

of collaborative filtering),
• global user histories from origin server hints (again

collaborative filtering),
• predictions from analysis of recently viewed content

[6], and
• predictions from other available context, such as

bookmarks, e-mail and usenet news.

Evaluation of Web pre-loading systems can be difficult.
To that end, we have proposed [2] and implemented one

approach to evaluate prefetching proxy caches simulta-
neously, and built and validated [5] a detailed network
and caching simulator to estimate user latencies for test-
ing and comparing alternate history-based prefetching ap-
proaches.
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Eigentaste: A Constant Time Collaborative Filtering Algorithm 
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Eigentaste is a collaborative filtering algorithm that uses universal queries  to elicit real-
valued user ratings on a common set of items and applies principal component analysis 
(PCA) to the resulting dense subset of the ratings matrix.  PCA facilitates dimensionality 
reduction for offline clustering of users and rapid computation of recommendations.  For 
a database of  n users, standard nearest-neighbor techniques require O(n) processing time 
to compute recommendations, whereas Eigentaste requires O(1) (constant) time.  We 
compare Eigentaste to alternative algorithms using data from Jester, an online joke 
recommending system.  
 
Jester has collected approximately 2,500,000 ratings from 57,000 users.  We use the 
Normalized Mean Absolute Error (NMAE) measure to compare performance of different 
algorithms.  In the Appendix we use Uniform and Normal distribution models to derive 
analytic estimates of NMAE when predictions are random.  On the Jester dataset, 
Eigentaste computes recommendations two orders of magnitude faster with no loss of 
accuracy.    
 
 (The Jester dataset including ratings from approximately 18,000 anonymous users is 
available by request: contact goldberg@ieor.berkeley.edu with contact information and a 
description of intended research.)  
 
The joke recommending system Jester is available online at: 
http://eigentaste.berkeley.edu/ 
 
The book recommending system Sleeper is available online at: 
 
www.pmetrics.com 
 
A .pdf version of  our Information Retrieval Journal paper (July 2001) is available at:  
 
www.ieor.berkeley.edu/~goldberg/pubs/ 
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Summary 
I have been working on distributed annotation framework supporting collaborative 
filtering of any type of information. Currently, there exists the problem of validity and 
trust in recommendations placed on such systems. The framework provides a mechanism 
to build trust and reputation of the evaluators, as well as a reward model as an incentive 
for promoting evaluations. 
 
The framework consists of three important building blocks aiming to overcome existing 
recommender system limitations: annotation semantic categories, expertise rating of the 
annotators, and a credit transfer mechanism. A generic set of annotation semantic 
categories is defined in order to help classify the free text annotations and provide 
annotation structure. The notion of "expertise" is introduced in the framework to help 
identify experts in our system. The expertise level of evaluators and a mechanism to 
identify the usefulness of evaluations can be used to help determine the credibility of the 
information. Additionally, we propose a credit transfer model to overcome the cold-start 
problem which is the lack of initial evaluations by providing incentives to promote user 
participation. This model, a hybrid of the subscription and transaction models, uses 
electronic credits as rewards for evaluators who make early and useful annotations. 
        
The framework acts as a middleware allowing application developers to build various 
applications benefiting from the filtering process on top of it.  The future use of these 
applications in the integration of   recommender systems and Electronic Commerce is 
envisaged. For example, evaluators with credibility can earn community rewards.  Such 
rewards can be mapped to money while giving their evaluations to customers. Not only 
would the future recommender systems help users more efficiently filter the quality of 
information, it also would provide a new way for consultants or analysts to do their jobs. 
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Project Summary 
 
Our global interest lies in Information Filtering. In the Active Web Museum project, we are studying several issues 
related to the usage of collaborative filtering techniques  : 
• How to cope with the problem of insufficient data, in order to get reasonable performance even when little data 

is available, 
• How to mix collaborative and content-based prediction, 
• How to use prediction to personalize a web site. 
 
The Active Web Museum is a web site which uses both 
collaborative and content-based techniques to predict paintings of 
interest for the user. Paintings are organized along virtual 
corridors, and the prediction value is used to order paintings 
inside the corridor. The user has to log on the site, then, if this is 
the first visit, he is asked to evaluate a small number of paintings, 
then he is free to visit the museum. During his visit, he can get a 
closer look at some paintings, rate the picture, or continue visiting 
other corridors. Different corridors are constructed to visit 
paintings by painter, by epoch, or by color and texture similarity. 

The Active Web Museum is our web site, but we are also 
experimenting our methods on other available ratings databases. 
In particular, we are studying the automatic classification of users 
and objects, we have combined collaborative filtering with color 
and texture analysis of the painting. We have also proposed new 
evaluation schemes to measure the performance of the prediction 
in a user-oriented fashion. 
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The MITRE Corporation has developed three recommender systems for internal use. In contrast to
commercial systems that recommend products to consumers, our systems recommend knowledge to
individuals who are focused on performing their job tasks. One system, OWL, recommends new software
functionality to individual users based on the functionality the individual's peers have found valuable.
Another system, IURS, recommends URLs on the corporate Intranet to users; again based on the URLs the
individual's peers have found valuable. The third system, ExpertFinder, locates individuals having some
expertise, based on documents they have posted on the corporate Intranet.

In the OWL project (Linton & Schaefer, 2000) we instrumented an application (we instrumented Microsoft
Word, but the method would work with any application) and gathered usage data from as many as 50 users
at a time over a 3 year period. OWL compared the commands (by commands we mean cut, paste, file/open,
file/print, etc) used by each individual to those used by the whole group and recommended new learning to
each individual based on the difference between the individual’s and the group’s knowledge. The
knowledge of which commands were worth knowing was constructed by the natural workplace activities of
the group. It was not acquired by a conventional instructional design process nor transmitted by a human
instructor. This instructional approach - monitoring a groups' behavior and generating individualized
feedback - is now possible because monitoring is possible in the new networked workplace environment.
The concept is not unique, OWL recommends learning in the same manner that commercial websites such
as Amazon.com recommend purchases, but it is a radical departure from traditional instructional design,
development, and delivery methods.

The MITRE Intranet contains over 800,000 technical and administrative documents. Despite the presence
of links, search tools, keywords, and indexes, we suspect information is underutilized, resulting in
duplication of effort. For this reason we have developed the Intranet URL Recommender System (IURS), a
tool for information consumers. IURS determines which URLs - from a selected topic - one’s peers have
visited earlier and guides the user to them. If the user identifies him- or herself to IURS, it will report only
those URLs s/he has not already visited. Behind the IURS interface is a database of employee demographic
and computer ownership data and a large dataset of Intranet server logs that is updated daily. These same
data sources are also utilized by two other applications, one, on the Intranet portal, gives employees their
current 'Top 10' URL recommendations, another enables Intranet information providers to see the
demographics of their viewers.

The ExpertFinder system (Maybury, D'Amore, & House, forthcoming) helps workers find fellow
employees who are knowledgeable about a particular subject area (such as "data mining" or "XML”).
Individuals make their skills and knowledge known to the ExpertFinder (and therefore to others) by posting
work products that utilize their skills and knowledge, typically documents, on the MITRE Intranet.
ExpertFinder uses the existing search engine to find documents containing a user-specified keyword or
phrase (e.g., "software agents") and uses a commercially available name extraction tool to find authors and
names mentioned near the query terms within the documents. Each name is then weighted by several
factors and the results are presented to the user in ranked order.

Recommender systems can improve workers' informal learning by collaborative bootstrapping. The main
issues we have uncovered in this work are ensuring recommendation quality, developing reliable prototype
software, maintaining data quality, and working in a fast-changing environment.
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Recommender Systems Research at NTNU 
 
Our research focus is on using agents to represent mobile customers and services [3] to 
perform service and product recommendations among a set of peer agents [1], in addition to 
applying agents as a general approach for targeted advertisements [2]. 
 
Research Institution 
 
Department of Computer and Information Science (IDI), 
Norwegian University of Science and Technology (NTNU) 
IDI/NTNU, N-7491 Trondheim, Norway 
 
People 
Associate Professor Mihhail Matskin 
E-Mail misha@idi.ntnu.no  
Homepage URL http://www.idi.ntnu.no/~misha/  
Mobile +47 9 189-7334 
Dr. Matskin has works in agent technology, information systems, formal methods for 
software design and knowledge-based programming. His current research interests include 
telecommunication-based services, multi-agent system environments and agent-mediated e-
commerce.  
 
Ph.D. Student: Amund Tveit 
E-Mail amundt@idi.ntnu.no 
Homepage URL http://www.idi.ntnu.no/~amundt/  
Mobile +47 4 162-6572 
Amund Tveit’s research interests include agent-based software architecture, mobile 
commerce, recommender systems/collaborative filtering, information retrieval, web/data 
mining and mobile interface agents. 
 
Research Project 
 
Name         ElComAg - The Electronic Commercial Agents Project 
URLs                                  http://www.elcomag.com/  
                                http://www.jfipa.org/ 
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Intelligence, agents and multimedia (IAM) group 
One of the largest groups of its kind with over 80 
researchers, IAM focuses on the design and application of 
computing systems for complex information and knowledge 
processing tasks. 
IAM is a world leader in the key technologies of agent-
based computing, knowledge management, open 
hypermedia and pervasive computing and their application 
in the domains of digital libraries and grids. 
We see recommender systems as a way to bring together 
agent, user modelling and machine learning technologies, 
creating systems grounded in the real world that can 
provide useful service to real people. 

Past Recommender System Work 
The MEMOIR project 
The MEMOIR system [1] was an open framework 
supporting a set of agents and hypermedia link services. 
User web browsing trails allowed MEMOIR to recommend 
colleagues with similar interests. MEMOIR was installed 
and evaluated by two end-user organizations. 
Subsequent work moved from trails to bookmarks, 
introducing explicit annotation and replacing the underlying 
object-oriented database with agents implemented in 
Prolog. 

The QuIC project 
QuIC [2] explored the idea of dynamically adding multi-
destination links to web pages based on the context of the 
pages. Content-based web page analysis was performed to 
create a context and this context used to recommend the 
most similar linkbase. Contextual links were added from the 
recommended linkbase to the users web pages. 

The Quickstep project 
The Quickstep recommender system [3] explored the 
acquisition of user profiles by unobtrusive monitoring of 
browsing behaviour and application of supervised machine-
learning techniques. 
Specifically, Quickstep addressed the problem of 
researchers finding relevant on-line research papers from 
the Internet. A detailed user profile was built from both 
unobtrusive monitoring of URL browsing and relevance 
feedback on recommendations provided. Content-based and 
collaborative filtering techniques were applied to formulate 
the daily recommendations. 
Two identical experiments were conducted in order to 
evaluate its usefulness as a whole and test two profiling 
techniques. One profiling technique used a flat list of 

topics, the other an “is-a” ontological representation that 
allowed superclass interest to be inferred from more 
specific subclasses. 
Both empirical studies suggested that the ontological 
approach was superior. A third, identical trial is planned to 
allow more rigorous statistical analysis to be applied. 

Current Recommender System Work 
The Foxtrot project 
The Foxtrot recommender system is an evolution of the 
Quickstep system. It supports a searchable research paper 
database and offers recommendations based on observed 
behaviour and relevance feedback. 
The major difference is that interest profiles can be 
visualized, so feedback can be provided directly about a 
profile. It is expected that a dialogue with the “profiling 
agent” will improve the quality of the feedback and enhance 
the users feeling of control over the recommendation 
process. 
An experiment to measure the effectiveness of this 
enhanced feedback is to be conducted for 1 academic year, 
using about 150 undergraduates split into two groups. One 
group will be able to provide relevance feedback and direct 
profile feedback, the other just relevance feedback. The 
results will measure the comparative benefit direct feedback 
provides, and the overall effectiveness of such a 
recommender system. 

Contact details 
Stuart E. Middleton sem99r@ecs.soton.ac.uk 
Wendy Hall wh@ecs.soton.ac.uk 
Dave de Roure dder@ecs.soton.ac.uk 
Nigel R. Shadbolt nrs@ecs.soton.ac.uk 
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Summary

The self-description of websites and their hyper links referring to other sites
usually reflect solely the requirements, opinions and preferences of the respec-
tive site owners, there is no explicit relation to the information, service and
product offers of competing sites, and the assessment of the site by other users
is unknown as well. To provide a “socially enhanced” solution for this prob-
lem, our project works towards open multiagent systems which (in contrast
to usual filtering-oriented recommender systems) generate multi-dimensional,
semantic website ratings which explicitly weigh and combine the possibly con-
flicting opinions of interacting rating agents which compete in the assertion of
their individual ratings against others. These rating agents act as represen-
tatives of web surfers, interest communities, other web sites, private or public
organizations, and represent their individual ratings in an open discussion forum
which is attached to the rated web site. This forum is continuously observed
by a rating instance which computes semantically rich, social weighted general
ratings (of different abstraction levels) from the individual ratings as they show
themselves in the agents communications. In contrast to the results of sim-
ple majority voting based recommender systems, a general rating makes social
structures (like opinions, norms and roles) which emerge from communications
explicit instead of filtering them regarding a certain user profile. In addition
to the presentation of general ratings to the web surfer, these ratings can also
be queried by external information agents (like web spiders) and by the rating
agents themselves to improve their rating capabilities.
The described approach is based on the technical concept of the so-called Social
System Mirror (SSM) component, which derives and models the social struc-
tures of a multiagent system and makes them visible both to the agents and
to the application users. This concept is developed by the ConStruct project,
which makes use of sociological theories to construct architectures for large
adaptive multiagent systems (“artificial societies”) modelled after human so-
ciety. Take a look at our website for more information and related project
publications.
Keywords: Semantic web, multiagent systems, collaborative filtering, socionics
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At NEC ResearchInstitute,we are investigatingnew algo-
rithmsandapplicationsfor recommender systems.Wehavede-
velopedalgorithms bothfor thepurelycollaborative case,and
for combining collaborativeandcontent-baseddata.Weareac-
tively pursingtwo majorapplication areas:(1) recommending
papers from ResearchIndex (researchindex.org), anonline
digital library of nearly500,000 computer sciencepapers[1],
and(2) recommendingmusic.

Our collaboratorsincludeProfessorLyle Ungar, Alexandrin
Popescul,andAndrew I. Scheinfrom theUniversityof Penn-
sylvania;ProfessorJohnRiedl, DanCosley, andShyong Lam
from theUniversity of Minnesota; Dr. Eric Horvitz from Mi-
crosoft Research;AdamBerenzweigandDavid Birchfieldfrom
ColumbiaUniversity;andProfessorC.LeeGilesfromPennsyl-
vaniaStateUniversity.

Algorithms. Our personality diagnosis algorithm [3] is a
purecollaborative filtering algorithm basedon a probabilistic
model of how people rateitems.Thealgorithm empirically out-
performsseveral previousmethods ontheEachMovie database
of movie ratings,andon userprofile datacollectedfrom Re-
searchIndex. The probabilistic framework naturally supports
a varietyof descriptive measurements—in particular, we con-
sidertheapplicabilityof a valueof informationcomputation.

In otherwork [2], we examine someof thetheoretical foun-
dationsof collaborative filtering algorithms, applying andex-
tendingaxiomatizationsfrom socialchoicetheory.

Ourgeneralizedaspectmodels[4] offer a unifiedprobabilis-
tic framework for merging collaborativeandcontent-basedrec-
ommendations.Therelativeinfluenceof collaborationdataver-
suscontent dataemergesnaturally from thegivendatasources.
Experimentson datafrom ResearchIndex show that appropri-
atemixturemodelsincorporatingsecondary dataproducesig-
nificantlybetterquality recommenders thanstandardmethods.

Recommendersystemsthatrely solelyon collaborative data
fail when operating from a cold start—that is, when recom-
mending items(e.g.,first-run movies) that no memberof the
community hasyetseen.In apaperappearingat thisworkshop
[5], wedevelopseveralgenerativeprobabilistic modelsthatcir-
cumvent the cold-startproblem by merging multiple forms of
content andcollaborativedata.

We plan to continue to pursuemethods for combining con-
tentandcollaborative datausinggenerative probabilistic mod-
els. We arealsoexploring algorithms for usinggenreor other
clusteringinformation in recommendersystems.Additionally,

wearepursuingtoolsandtechniquesfor scalingandgeneraliz-
ing recommendationalgorithms to operateon massive anddy-
namic datasources.

Applications. We aredevelopinga generic framework to al-
low anyone to evaluaterecommendation algorithms usingRe-
searchIndex. Developerscanbuild on a skeletonclient which
handlescommunication with ResearchIndex andprovides in-
formationaboutuseractionsandsimilarity betweenresearch
papers.Wealsoprovideafully-functional recommenderengine
usingthepersonality diagnosisalgorithm describedabove. We
plantoevaluaterecommendersusingclick-through rates,which
provide a number of advantagesover standardmetricssuchas
meanabsoluteerror. Standardmetricsareoftenlimited in do-
mainswhereratingsareneitherprecisenor explicit, as is the
casewith ResearchIndex. Analyzing click-through ratescan
alsoprovideanaccuratepictureof how arecommenderimpacts
userbehavior. Click-throughis alsoa morerelevant metricfor
thee-commerceapplicationstypicalof recommendersystems.

We are also developing a music recommendation system,
Minnowmatch, which combines collaborative and content-
basedrecommendations. Minnowmatchusesanalysisof the
audio content of songs,aswell asexplicit andimplicit userrat-
ings.
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Description 
Altered Vista is a web based collaborative filtering tool that is geared toward educational 
web sites (both for students as well as teachers).  In its current form, users explicitly 
submit a detailed rating form for web sites and then request recommendations that are 
generated using a neighborhood based correlation approach.  The system has gone 
through several user trials and data for the most recent of these is available for download 
on the project site.  Preliminary findings suggest that this particular user population tends 
to rate with a ceiling effect.  While this results in extremely accurate predictions, these 
predictions do not outperform a simple non-personalized community average.   
 
Support 
This work reported is partially supported by a grant from the National Science 
Foundation (NSF NSDL DUE-0085855) and a Utah State University New Faculty Grant. 
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Description 
Several initiatives have sparked the creation of digital libraries of on-line learning 
resources, also called ‘learning objects’.  While these collections contain some excellent 
resources, there is little provision for embedding these objects into new curriculum.  
Instructional Architect (IA) is an NSF funded project in development at Utah State 
University, which supplies a service layer on top of digital libraries.  IA currently allows 
educational practitioners to search for learning objects and combine them into finished 
instruction.  Work is underway to use collaborative filtering in recommending learning 
objects to users of the system based on the assumption that use of a learning object is an 
implicit vote of preference for that specific resource.   
 
Support 
This work reported is partially supported by a grant from the National Science 
Foundation (NSF NSDL DUE-0085855). 
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We do Web usability solutions, and we use a number of machine learning 
approaches, including collaborative filtering, to predict elements of page and 
site design which will be most useful and usable to a target audience. 
Predictions are based initially on demographics, later on user feedback and 
survey results; so we're yet another group grappling with the problem of how 
best to mix demographics and recommendations. 
 
In a previous job, I wrote a collaborative filtering system to recommend 
colleges to high school students, based on the list of other colleges where 
they'd chosen to apply, for a Web-based college application service.  From 
holdout test set results, the filter outperformed demographic clustering 
predictions and unpersonalized recommendations. 
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The GroupLens Research group has been working on Recommender Systems since we began 
exploring collaborative filtering in 1992.  Our work has focused on two interlocking questions: 
what are the best interfaces for presenting recommender systems to users, and what are the best 
algorithms for producing recommendations.  In this work we have run two major research 
systems: the original GroupLens for Usenet news (currently on hiatus), and MovieLens, a 
recommender for movies (www.movielens.org) with over 95,000 users and 6.7 million ratings. 
 
In our research on interfaces we have recently been exploring new types of input from users that 
enable new ways to use recommenders, such as group recommenders, explanation systems, 
email-based recommenders, and ephemeral interest recommenders.  We will briefly discuss the 
first two of these here; please write us to learn about the others.   
 
Group recommenders make recommendations for items that are best for a whole group of people, 
though they may not be best for any one of the individuals.  For instance, the group recommender 
for MovieLens can help a group of people find a movie to go to.  The group recommendation is 
produced by combining individual recommendations with the goal of maximizing the “social 
good” for the group.  
 
Explanation systems for recommenders provide an interface for users to understand better how it 
is that the recommender works, and why the recommender is suggesting a certain item.  In 
MovieLens, our most common question is something along the lines of “Your recommendations 
are almost always exactly right.  MovieLens really understands me.  Therefore, how can you 
possibly think I would like The Shining?”  The explanation can point out that people the user has 
agreed with about other movies like The Shining, can list other movies that are rated similarly to 
The Shining, or can otherwise explain what MovieLens is “thinking”.   
 
In our research on algorithms we have been exploring dimension reduction techniques, including 
singular value decomposition, we have studied the sensitivity of nearest neighbor recommenders 
to the most important parameters that influence their behavior, we have studied the metrics that 
are used to measure recommenders, and we have explored item-based recommenders.  We will 
briefly discuss the first of those here. 
 
Dimension reduction techniques have potential for recommenders both because they reduce the 
search space for finding good neighbors, or good items to recommend, and because they may 
help uncover latent relationships between the users or items that might be hard to discover in the 
high-dimensional space of the recommenders.  Our research on singular value decomposition 
(SVD) has demonstrated that for some recommender tasks it offers much faster online 
performance, while producing reulsts that are as good as the best published results from other 
algorithms. 
 
We are proud of our former Ph.D. students who are now actively pursuing recommender systems 
research in universities: Mark Claypool at Worcester Polytechnic Institute, Jon Herlocker at 
Oregon State University, and Ben Schafer at the University of Northern Iowa. 
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Prior Work
As a member of the GroupLens Research Project at the University of Minnesota I conducted

research focusing on three aspects of recommender systems:
♦ A Taxonomy for Recommender Systems in Electronic Commerce

An analysis of how recommender systems have been applied in the field of electronic commerce was
conducted.  From this analysis, a taxomony for these systems was built, classifying them based on the
functional I/O, the recommendation method, and other design issues such as degree of personalization and
delivery method.  Additionally, we identified six application models for recommender systems in electronic
commerce.  Finally, we conducted an extensive survey of electronic commerce sites and considered
patterns related to which application models exist in which product domains.
♦ Filterbots

Information filtering agents (IF) and collaborative filtering (CF) both attempt to alleviate information
overload by identifying which items a user will find worthwhile.  Each of these techniques has advantages
and limitations.  This research demonstrated that the two can be beneficially combined.  A CF framework
was used to combine personal IF agents and the opinions of a community of users to produce better
recommendations than either agents or user can produce alone.  Additionally, it was concluded that a
personal CF system consisting solely of a user’s personal IF agents produced more accurate
recommendations than individual agents alone or the recommendations produced by other combination
techniques.
♦ Meta-recommender Systems

We have introduced a new class of recommender systems we classify as meta-recommender systems.
These systems provide users with personalized control over the generation of a single recommendation list
formed from the combination of rich recommendation data from multiple information sources and
recommendation techniques.

As part of this research, we have presented the design and implementation of a meta-recommender
framework named the MetaLens Recommendation Framework (MLRF). MLRF is based on an evaluation
system model used by an increasing number of Internet sites to help consumers find items of interest.
These sites allow consumers to identify a domain of purchase (i.e., a digital camera, computer, or
automobile) and narrow the list of products within that domain.  Consumers may indicate the features that
they would be interested in, and the importance of these features in their final decision.  Sites turn these
requirements into search queries, use information filtering techniques over the attributes of known products
in the category, and return ranked lists of “recommended” products.  MLRF extends this model by
evaluating how well individual consumers will like the items and including this evaluation in the
recommendation process.

Research surrounding MLRF has focused on user preferences in meta-recommendation format, user
perceived value of meta-recommenders, and usage analysis of three publicly available meta-recommenders
built within MLRF for the domain of movies. Analysis of public use of these systems demonstrates that
users like, and often prefer, these systems to more “traditional” recommenders.  While acceptance comes at
a slow pace, users who customized a system were more likely to return to use the system again.  Finally,
while the quantity and type of recommendation data preferred varies widely from user to user, analysis
demonstrates that users want access to as much recommendation data as possible.

Current/Future Work
Having recently graduated from the University of Minnesota, I am currently in the process of

establishing my research lab at the University of Northern Iowa.  Research plans for the immediate future
focus on interface and algorithmic issue for meta-recommenders.  These include the creation of modular
meta-recommenders, user-defined sources for recommendation data, interfaces for meta-recommendations
through direct manipulation, and metrics for comparing the “accuracy” of different algorithms for meta-
recommendations.


