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AUTOMATIC, FERSONALIZED ONLINE
INFORMATION AND PRODUCT SERVICES

CROSS-REFERENCE TC RELATED
APPLICATIONS

This application is a continoaticn application of U.S.
Non-Provisional application Ser. No. 0%557,975 fited Jun.
24y, 2000 now U.S. Pai. No. 6,981,040, This application
claims the henafit of 1).5. Noa-Pravisional application Ser,
No. 087597975 filed Fun, 20, 2000 mow U.S. Pat. No,

. 6,951,040 which claims the benefit of U.S. Provisional
Application No. 6(/173,392 filed Dec. 28, 1999, which are
both herein incorporated by reference.

FIELD OF THE INVENTION

This invention relates generally to methods for personsal-
izing a user's interaction with information in a computer
network. More particolardy, it relates to methods for pre-
dicting wser interest in docaments and products wsing a
leamning machine that is confinvally updated based on
actions of the user and similar users.

BACKGROUND ART

The amount of static and dynamic information available
today on the Internet is staggering, and continmes to prow
exponentially. Users searching for information, news, or

.products aed services are guickly overwhelmed by the
volume of information, much of it useless and wninferma-
tive. A varety of techniques have been developed fo orga-
nize, filter, and search for information of interest to a
particular user, Broadly, these methods can be divided into
ipformation filtering techoiques and coflaborative filtering
techniques. o

- Information filtering fechniques focus on the analysis o

item content and the development of a personal nser interest”

profile. In the simplest case, a user is characterized by a set
of documents, actions regarding previous documents, and
user-defined parameters, and new docnments are charzcter-
ized and compared with the user profile, For examgle, U.5.
Pat. No. 5,933,827, issued ta Cole et al., discloses o system
far identifying new web pages of interest to a user. The user
is characterized simply by a set of categories, and new
" documents are categorized and compared with the user’s
profile. TS, Pat.. No. 5,999,975, issued fo Kittaka et al,,
deseribes an online informaticn providing scheme that char-
acterizes vsers and documents by a set of aftribotes, which
are compared and updated hase on user selection of particu-
lar documents, U8, Pat. No, 6,006,218, issued to Breese et
al., discloses a mefhod for retrieving information based on a
‘user’s knowledge, in which the probability that a user
. alreudy knows of a document 15 calculated baged on nser-
selected parameters or popularity of the document. 11,5, Pat.
No. 5,754,539, issued to Herz et al., discloses a method for
identifying objects of interest to a nser based on stored user
profiles and target object profiles. Other techniques rate
documents using the TFIDF (term frequency, inverse docu-
ment frequency) measwre. Thenser is represented as a vector
of the most informative words in a set of user-associated
documents. New documents ate patsed to obtain a list of the
most informative words, and this list is compared fo the
user's vector to determine the wser's intersst in the new
document, .

Existing information filtering techniques suffer from 2
rumber of dmwbacks. Information retrieval is lypically a

i3

25

40

45

65

2

twa step prosess, collection followed by filtering; informa-
tion filtering techniques personalize only the second pari of
the process. They assume that ¢ach vserhas a personal filter,
and that every network document is presented to this filter.
This assumption is simply impractical given the current size
and growth of the Interne; the oumber of web documents is
expected to reach several billion in the next few years.
Furthermora, the dynamic hamre of the documents, eg,,
news sites that are continnally updated, makes ecllection of
documents ta be fillered later a challenpging task for any
system. User representations are alse relatively Kmited, for
example, inchxling only a list of informafive words or
products or vser-choscn parameters, and vse onfy a single
made of inferaction fo make decisions about different types
of documents and interaction modes. In addition, informa-
tion filtering techniques fypically allow for extremely primi-
live updating of a user profile, if any at all, based on wser
feedback to recommended documents. As a Gser's interests
change mpidly, most systems are incapable of providing
suificient personalization of a user’s experience.

Collahorative filteing methods, in contrast, build data-
bages of user opinions of availablejtems, and then predict a
user opinion based on the judgments of similar users.
Predictions typically require ofiline data maining of very
{arge databases fo recover association rules and patterns; a
signifieant amount of academic and industrial research is
focussed an developing more efficient and accurate data
mining techniques. The earliest collabotative filtering sys-
tems required explicit ratings by the users, but existing
systerns are implemented without the user’s knowledge by
observing user actions. Ratings are infered from, for
example, the smount of fime a user spends reading a
document or whether a user purchases a particular product.,
For example, an automalic personalization method is dis-
closed in B. Mobasher et al., "Automatic Persopalization
Through Web Usage Mining,” Technical Report TR29-010,
Departient of Computer Science, Depaul University, 1999,
Log files of documents requested by users are analyzed to
determine wsage pattems, and online recommendaticns of
pages to view are supplied to vsers based on the derived
patterns and ollier pages viewed during the current session.

Recently, a significant number of web sites have hegun
implementing; collaborative filtering techniques, primarily
for increasing the number and size of customer purchases,
For example, Amazoncom™ has a *“Customers Who
Bought" feature, which recommends books frequently pur-
chased by costomers whe also purchased a selected book, or
authors whose work is frequently purchased by customers
who purchased works of a selected author. This feature uses
a simple “shopping basket analysis™, items are considered to
be related only if they appear together in a virtual shopping
basket. Nel Perceptions, an offshoot of the Grouplens
project at the University of Minnesota, is a company that
provides collaborative filtering to a growing number of web
sites based on data muning of server logs and customer
transactions, according o predefined customer and product
clusters. ) . :

Numerous patents disclose improved collaborative filter-
ing systems. A method for item recommendation based an
antomated collaborative fltering is disclosed in U.S. Par.
Mo. 6,041,311, issned to Chislenko et al. Similasty factors
are maintained for users and for items, allowing predictions
based on opinions of other users. In an extension of standard
collaborative fiftering, item similarity factors allow predic-
trons to he made for a particnlar item that has nof yet been
rated, but that is similar to an item that has been rated. A
method for detenmnining the besl advertizements to show 10



Case 1:09-cv-00525-JJF Document 1-1  Filed o7 6/097 Page 64 of 79

US 7,320,031 B2

3

usems iy disclosed im ULS. Pat. No. 5,918,014, issued to
Robinsen. A user is shown a particular advertisement based
an the response of a4 commuunity of similar vsers to the
perlicular adverlisement. New ads are displayed randomly,
and the community interest is recorded if enoupgh users click
on the ads, A collaborative filtering system nsing a belief
network 15 disclosed in U.S, Pat. No. 5,704,317, issued to
Heckerman et al., and allows automatic clustering and use of
non-numerie aitribute values of items, A multi-level mind-
paal system for collaborative filtering is disclosed in U.S.
Pat. No. 6,028,161, issued 1o Lang et a], Hierarchies of users
are generaied containing clusters of users with similar
properties.

Collsborative filtering methads also snffer from a number
of drawbacks, chief of which is their inability 1o rate content
of an ifem or incorparate user context, They are based anly
on nser opinions; thus an item that bas never been rated
camnol ba recommended or evaluated. Similady, cbscure
items, which gre rated by only a few users, are unlikely to
be recammended, Purthermore, they require seorage of a
profile for every item, which is unfeasible when the items
are web pages, New items cannot be automatically added
inte the database, Changing patterns and association rules
are 0ot incorporated in real time, sinca the data mining is
performed offline. In addition, user clusters are also static
and cannot easily be wpdated dynamically.

Combinations of information filtering and collaborative
filtering techaniques have the potential fo supply the advan-
tages provided by both methods, For example, U.S. Pat. No.
5,867,799, issued to Lang et al., discloses an informalion

- filtering method fhat incarpotates both content-based filter
ing and collzborative filtering. However, as with content-
-based methods, the method requires every document to be
filtered as it amives from the network, and afso requires
starage of 2 profile of each document, Bath of these require-
ments are nofeasible for realistically large numbers of docu-
ments. An extension of this method, described in U.S. Pat.
No. 5,983,214, also to Lang et al., observes the actions of

users on content profiles represeing information entities, -

Incorporating coltaborative information requires that other
nsers have evalnated (he exact content profile for which a
rating is needed.

In summary, none of the existing pnor art methods
maintain sn adaplive content-based meodel of a user that
changes based on user behavior, allow for real-1ime updating
of the model, operate during the collection stage of infor-
" mation retrieval, can make recommendations for items or
dacuments that have never been evaluated, or model a user
based on different modes of intersciion.

CBIECTS AND ADVANTAGES

Accordingly, it is a primary object of the present invention
to provide g method of personalizing user interaction with
network dociments thal maintains an adaptive content-
based profile of the user.

Tt is another object of the invention to incorporate into the
profile user behavior during different modes of interaction
with information, thus allowing for cross-fertilization.
Learning about the user interests in one mode benefits all
other modes.

- It is a further object of the invention to provide a method
-that joinfly medels the user"s information needs and product
needs to provide stronget performance in both modes.

It is an additional object of the invention to pravide a
method that personalizes both the collection and fikering

4
stages of information retrieval to manage efficiently the
enormous menber of existing web documents,

Ii is another object of the invention to provide & method
for predicting user interest in an item that incorporates the
opinions of similar wsers without requiring storage and
matntenance of an ilem profile.

It is a further object of the invention to provide an
information personalization methed that models the uger as
a function independent of any specific representarion or data
siructure, and represents the user interest in a document or
product indeperdently of any specific user information need.

“This approach enables the addition of new k.mw]edge

sources into the wser model.
It is an additional object of the present invention to

provide a method based on Bayesian statistics that npdates -

the uvser profile based on both nepstive and positive
examples, )

Itis a further ohject of the invention to madel products by
analyzing all relevant knowledge sources, such as press
releases, reviews, and articles, so that a product can be
recommended even if 1t has never heen purchased or evalu-

" ated previonsly.

SUMMARY

Thess objects and advactages are allained by a compaler-
implemerted method for providing automatic, personalized
information scrvices to a vser. User interactions with o
computer are transparently monitored while the user is
engaged in nommal use of the computer, and monitorad
inkeracticns are used to update user-specific data files that
include a set of documents associated with the nser. Parem-

eters of a learning machine, whick define a User Model.

specific to the user, are estimated from the user-snecific data
files. Documents that are of inferest and documenis that are
not of interest to the user are treated distinetly in estimating
the pammeters, The pamumeters are ugsed to estimate a
probatility P(ukd)-that a document is of inierest to 1he user,
and the estimated probab:hty is then used to provide per-
sonalized information services to the user.

The prabability is estimated by analyzing propetties of The
document and applying them to the Jeaming machine. Docu-

- ments of mmlfiple distinct media types of analyzed, and

30

identificd properties inclade: the prohability that the doen-
ment is of inierest to users who are interested in parficular
topics, a topic classifier probability distribution, a product
model probability distribution, product feature wvelues
exiracted from the document, the document suthor, the
dacument age, a list of documents linked to the document,
the document language, number of users who bave accessed
the dovwment, number of vsers who have saved the docu-
ment in a favorite document list, and a Hst of users previ-
ously interested in the document, All properties are inde-
pendent of the particular ueer The product moded probability
distribution, which indicates the probability that the docu-
ment refers to particular products, is obtained by spplying
the document properties to a product model, a leaming
machine with product parameters characterizing particular
praducts. These product parameters are fhemsclves updated
based on the document properties and on the product model
prabahility disteibution, Product patameters are initialized
from a set of documents associated with each product.
User interactions are monilored during muhtiple disfinet
modes of user interaction with network data, including a
network searching mode, network navigation mode, net-

work browsing mode, email reading mode, email writing

mode, documen! writing mode, viewing “pushed” informa-
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tion mode, finding expert advice mode, and prodoet pur-
chasing mode, Based on the monitored interactions, param-
eters of the {eaming machine are updated. Learning machine
paraineters define varicus user-dependent functions of the
User Model, including o user tapic probability distribution
representing intercsts of the user in varous topics, a user
product probability disieibution representing interests of the
user in varjous produets, A wser produc feature probability
distribution representing interests of the user in various
features of each of the various products, a wehb site prob-
ability distribution representing interests of the mser m

various weh sites, a cluster probability distribution repre-.

senting similarity of the user to vsers in various clusters, and
a phrase mode! probability distribution representing inter-
ests of the nser in various phrases. Some of the user-
dependent fiunctions can be represemted as information
theory based measures tepresenting mutwal information
. berween the user and either phrases, fopics, products, fea-
tares, or web sites. The product and feature distributions can
alzo be used to recommend products to the user,

The User Model is initialized from documents provided
by the user, a web browser histary file, a weh browser
bookmarks Hle, ratings by the user of a set of documents, or
previous prodact purchases made by the user. Alternatively,
the User Model may be inifialized by selecting a set of’
predetermined parametets of a prototype user selected by the
user. Parameters of the prototype nser are updated based on
actions of users similar to the protofype user. The User
Madel ean be modified based on User Model medification
requests provided by the nser. In addition, the wser can
femporaly vse a User Model that is built from a set of
predetermined parameters of a profile seleeted hy the user.

Distances hetween nsers are calewlated to detsrmine simi-
lar users, wha are clustered into clusters of similar users.
Parameters detining the User Mode! may incinde the calen-
lated distances between the User Model and User Models of
nsers within the user’s cluster Users may also be clustered
based on calculated relative entropy values between User
Models of multiple vsers.

- A mumiber of ather prababilities can be caleulated, such as
a posterior probability P(uld,q) that (he document is of
interest to the user, given a search query submitied by the
user. Rstirnating the posterior probability includes estimat-
ing a probahility that the query is-expressed by the user with
an information need contained in the docirment. In addiiion,
the probability P{uld,con) that the dogument is of interest to
the nser during a current interaction session can be caleu-
lated. To do so, P(u,conld)P{conid) is calenkated, where con
. represents a sequence of inferactions during the curreni
interaction session or media content currently marked by the
user. A posterior probability P{uld,q,con) that the document
is of interest to the user, given a search query submitted
during a cumrent interaction session, can also he calenlated.

A vaziety of personalized information services are pro-
vided uging the estimated probabilities. In one application,
network documents are crawled and parsed for links, and
probable intezest of the user in the links is calculated using
the Jearning machine, Links likely to be of interest 1o the
user are followed. In apother application, the user identifies
a decument, and a score derived from the estimated prob-
abifity is provided to fhe user. In an additional application,
the uger is provided with a three-dimensional map indicating
user interest in each document of a hyperlinked document
collection. In a further application, an expert user is selected
from a group of ysers. The expert user has an expert User
Model that indicates a strong interest in a document assa-

ciaterd with # particular area of expertise. Another applica-
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tion includes parsing a viewed document for hyperlinks and
separaiely estimating for each hyperlink a probability that
the linked document is of interest to the user. In a farther
application, user interest information derived from the User
Mode] is seat to a third party web server that then custom-
izes its inferaction with the user. Finally, # set of nsers
interested in a document Is identified, and a maape of
interests for the identified users is calculated.

BRIEF DESCRIPTION OF THE FIGURES

FIG. 1 is a schematic diagram of a computer system in
which the present invention is implemented.

FIG. 2 45 a block diagram of a methed of the present
invention for providing personalized product and informa-
tion services o & user. '

FIG. 3 is a schematic diagram of knowledge sources used
ag inputs to the User Model and resuling autputs.

FIGS. 4A-4E illustrate tables that store different compos
nents and parameters of the User Model,

FIG. SA illustrates a cluster tree containing clusters of
wsers similar 1o a particular user.

FIG. 5B is a table that stores parametars of 2 user cluster
trea.

FI1G. 6A illustrates g preferred cluster tree for implement-
ing fuzzy or probabilistic clustering.

F1G. 6B is a table that stores parameters of a user fuzzy
cluster tree.

FIz. 7 illustraies a portion of a topic tres.

FIG. 8 is a table that stores nodes of the topic treg of FIG.
T :
- FIG. 9 is a table that stores the names of closters having
the most interest in nodes of the topic tree of FIG. 7, nsed

"{o jmplement the topic experts model.

FIG. 10 illustrates a portion of a product tree.

FIG. 11 is a table that stores nodes of the product tree of
HG. 10,

FIG, 12A. 35 a table that stores feature valiles of products
of the praduct tree of FIG. 10.

FIG. 12B is a table that stores patential values of produet

featmres associated with intermediate nodes of the produc
tree of FIG. 10, '

FIG. 13 is a schematic dizgram of the method of initial-
izing the User Model.

FIG. 14 Mustrates the user recently accessed buffer, which
tecards all user interactions with decuments.
" FIG. $5A is a tabla for storing sites that are candidates to
include in the user site distribution.

FIG. 15B is a table for storing words that are candidates
1 include in the nser ward distribution.

FIG. 16 is a table that records sll products the nser has
purchased.

Fi(. 17 is a schematic disgram of the method of applying

the User Model o new documests to estimate the probabil- -

ity of user interest in the document. -

FI1G. 18 is 2 block dizgram of the persomal crawler
application of the present invention.

FIG. 19 is a block diagram of the personal search appli-
cation of the present invention.

FIG. 20 is a bleck diagtam of the personal mavigation
application of the present invention.

FIG. 21 is a block diagam of the document harometer
application of the present invention.

FIG. 22 is a schematic diagram of the three-dimensional
map application of the present invention,
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DETAILED DESCRIPTION

Although the following deteiled description: containg
many specifics for the purposes of illustration, anyone of
ordinary skill in the art will appreciate that many variations
and alteratians to the following details are within the scope
of the invention, Accerdingly, the following preferred
embodiment of the invention is set forth withont any Joss of
generality to, and withonl imposing limitations upon, the
claimed invention,

The present invention, referred ta as Personal Web, pro-
vides antomatic, personalized information and product ser-
vices to a computer actwork user. In parlicnlar, Personal
Web is 3 usercontrolled, web-centric service that creates for
each user a personalized perspective pnd the ability to find
and copnect with information on the Iniernet, in computer
networks, and from unan experts that best matches his or
her inferests and needs. A computer system 10 implementing
Personal Web 12 is illustrated schematically in FIG. 1.
Personel Web %2 is siored on a central computer or server 14
on a compuater network, in this case the Internet 16, and
interacts with client machines 18, 240, 22, 24, 26 via client-
side software: Persanal Wek 12 may also be stored on more
than one central computers or servers that interact over the
netwark. The client-side softwere may be part of a web
browser, such as Netscape Navigator or Microsoft Internet
Explorer, configured 10 interact with Personal Web 12, or it
may be distinct fiom bt interacting with a client browser.
Five client machines are illustrated for simplicity, but Per-
somal Web 12 is infended to provide personalized web
services for a large nurber of clients simultaneously.

For all of the typical inferactions that a user has with &
computer network, such as the world wide web, Personal
Weh 12 provides a personalized version, Personal Web 12
stores for each user a User Model 13 that is continuously and
transparently updated based on fhe nser’s interaction with
the network, and which allows for personalization of all
interaction modes. The User Model represemts the user's
information and product interests; all information that is
presented to the user has been evaluated by the User Model
_ to beof inlerest ta the user. The 1Jser Model allows for cross

fertilization; that is, information that is learned ia one mode
of interaction is vsed 10 improve performance in all modes
- of inferaction. The User Model is described in detail helow.

Five examples of personalized inleraction modes pro-
vided by the present invention are illustrated e FIG. 1.
However, it is to be undersiood that the present inveniion
provides for personalization of all modes, and that the
following examples in no way limit the scope of the present
invention. Personal Web is active during all stages of infor-
“matinn processing, ncluding collection, retrieval, filtering,
routing, and query answering.

Client 18 performs a search using Personnl Web 12 by
submitting a uguery and receiving personalized search
results. The personal search feahure collects, indexes, and
filters documents, aud responds o the user query, all based
on the user profile stored in the User Model 13. For example,
e same query (e, “football game this weekend™ or
“opera™) submitted by a feenager in London and an adult
venture capitalist in Menlo Park returns different results
hased on the personality, interests, and demographics of
each user, By personalizing the collection phase, the present
invention does not require that afl network documents. be
filtered for a particular user, as does the prior art.

Client 20 browses the web aided by Personal Weh 12. In
browsing mode, the contents of a web sile are customized
according to the User Model 13, Personal Web interacts with
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a cooperating web site by supplying User Model informa-
tion, and s web page authored in a dynamic languepe (e.g.,
DHTML) is personatized to the user’s profile. In navigation
mode, a personal navigation aid sugpgests to the'user relevant
Fioks within the visited site or outside it given the context,
for example, the current wed page and previously visited
pages, and knowledpe of the user profile.

‘Cliemt 22 llustrates the find-an-expert mode of Personal
Web 12. The vser supplies an expert information or prodyst
need in the form of & sample web page or text string, and
Personal Wehb 12 locates an expert in the user's company,

.circle of friends, or outside groups that has the relevant

information and expertise, hased on the expert’s User Model
13, The located expert not only has the correct information,
but preseats it in a manner of most interest to Lhe user, for
example, focussing on technical rather than business details
of a product.

Client 24 uses the personal pushed informalion mode af
Personal Web 12. Personzl Web 12 collects and presents
petsonal information to a vser based on the User Mode] 13.
The pushed information iz not limited to a fixed or category
or tapic, it includes any information of interest to the user.
In communities, organizations, or groug o users, the pushed
information can include automatic routing and delivery of
newly created documents that are relevant to the users.

Finally, client 26 illustrates the product recommendation
mode of Personal Web 12. The user submits a query for
information about a product type, and Personal Web 12
locates the products and related Information that are most
relevant to the wser, hased on the Uscr Model 13. As
deseribed further below, product information is pathered
from afl available knmowledge sources, such as produci
mviews and press releases, and Personal Web 12 can ree-
ommend a product that has never been purchased or rated by
apy users.

All of the above features of Persanal Web 12 are based en
a User Model 13 that represents user interests in a docurpent
or product independently of any specific vser information
need, i.e., not related 1o a specific query, The User Model 13

) is a function that is developed and updated vsing a variety

of knowledge sources and thal is independent of a specific
representation or data strocture. The underlying mathemati-
cal framework of the modeling and training algorithnss
discussed below is based on Bayesian stafistics, apd in
particular on the optimization criterion of maxitnizing pos-
teriar probabilities. Ia this approach, the User Model is
updated Based on both positive and negative training
examples. For example, 5 search result at the top of the list
that is not visited by the user is a negative training example.

The User Model 13, with Hs associated representations, is
an implementation of a leaming machine. As defined in the
ari, a Yearning machine contains tunsble parameters that are
altered based on past experience. Personal Weh 12 storas
parameters thet define a User Model 13 for each user, and
the parameters are continnally updated based on monitored
wser interactions while the user 18 engaged in normel use of
a computer. While a specific embodiment of the learning

machine is discussed below, it is to be undemstood that any

model that i a learning machine is within the scope of the
present invention.

The preseni invention can be considered (o operate in
thres different modes: initiatization, npdating or dynamic
lesming, and application. In the initialization mode, a Usar
Model 13 is developed or trained based in part on a set of
nser-specific documents. The remaining two modes are
iltnstrated in the block diagram of FIG. 2. While the user is
engaged in normal use of a computer, Perapnal Web 12
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operates in the dynamic leaming mode to transparently
monitor user interactions with data (step 30) and update the
User Medel 13 to reflect the user’s cmrent inferests and
needs, Thisz updating ts pecformed by updating a set of
user-specific data files in step 32, and then vsing the data
files to update ihe parameters of the User Model 13 in step,
24. The user-specific dafa files inchnde a set of documents
and products associated with the user, and manitored aser
interactions with data. Finally, Personal Web 12 applies the
Uscr Model 13 to nnseen documents, which are first ana-
lyzed in step 36, to determine the wser’s intersst in the
. document (step 38), and performs a variety of services based
on the predicted user interest (step 40). In response 10 the
services provided, the vser perfarms a series of actions, and
these actions are in twn monitored to forther update the User
Maodel 13. ‘

The following ratation is used in describing the present
invention The user and his or her associzted representation
are denoted with 1, a user query with g, a document with d,
a product or service with p, a web site with s, topic with ¢,
and a term, meaning a word or phrase, with w. The term
*“document™ includes not just text, but any type of media,
mc]udJng, but not limited to, hypertext, database, spread-
sheet, imape, sonnd, and video, A single document may have
one or multiple distinct media types. Accordingly, the set of
all possible documents is I, the set of all users and groups
is U, the set of all products and serviees is P, etc. The user
information or product need is a subset of D or P. Probability
is denated with P, and a cluster of users or of clusiers with
c, with which function semantics are used. For example,
cfcfn)) is the cluster of clusters in which the user u is &
mentber {(“the grandfather cluster™). Mote that an explicit
notation of worid knowledge, such as dictionaries, atlases,
and other general knowledge sources, which can be used fo
. estimate the various posterior probabilities, Is omilted.

A dacument classifier is a function whose domain is any
document, as defined above, and whose range is the con-

- finous interval [0,1]. For example, a docnment classifier
may be a probability that a document d is of interest to a
particular user or a group of users. Specific document
classifiers of the present invention are oblained using the
User Model 13 and Grovp Model. The User Model 13
represenfs the user interest in a document independent of
any specific user information need. This estimation is vnique
10 each user, In strict mathematical terms, given a user u and
a document d, the User Model 13 estimates the probability

_ P(uid). P(u/d) is the probability of the event that the user u

is interested in the documept d, given everything that is
known about the document d. This classifier is extended to
include Pfuld,con), the prabability that a user is interested in
a piven document based on a user’s current context, for
example, the web pages visited during a current interaction
session.

The Growp or Cluster Model is a function that represents
the interest fevel of a group of users in a document inds-
pendently of any specific information need. For example, for
the group of wsers c(u), the mathematical netation of this
probability, which is defermined by applying the Group
Model to a deeument d, is P{c{u)id).

A schematic diagram of the User Madel is shown in FIG.
3, which illustmates the various knowledge sources (im

" circles} nsed as input fo the User Model. The knowledge
sources are nsed to initialize and update the User Model, so
that it can accurately take documnents and genemate values of
user interest in the documents, given the context of the nser
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the individual user level, while athers refer 1o agpregated
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data from a group of users, while still others gre independent
of alt users. Alsa illnsirated in FIG. 3 is the ability of the
User Model to estimate a user interest in a given product,
represented mathematically as the interest of a user in a
particular document, given that the document describes the
praduct:  P(useridocument, product described=p). As
explained further below, the long-term user interest in a
praduct is one of many probabilities incorporated into the
computation of nser interest in all documents, buk it can zlso
be incorporated inte estimation of a current vser interest in
a product.

Beginning at the botiem left of FIG. 3, User Data and
Actions inctude all user-dependent inputs to the Usar Model,
including user browser documents, wser-supplied docu-
ments, other user-supplied data, and nser actions, such as
browsing, searching, shopping, finding experts, and reading
news. Data and actions of similar usérs are also incorporated
into the User Madel by clustering all users into # tree of
clusters. Clustexing users allows estimation of user interests
based on the inferests of nsers similar to the wser For
example, if the user suddenly searches for information in an
area that is new to him or her, the User Model bomows
characteristics of User Models of users with similar inter-
ests. Topic classifiers are nsed to classify documcats anto-
matically into topics according to a predefined topic tee.
Similadly, product models determine fhe product or produet
categories, ifany, reterred to by a document. Product models
also extract relevant featnre of products from product-
related documents. The topic experts input pravides input af
wsers with a high interest in a particular topic, as measured
by their individual User Models. Finally, the User Model
incorporates world knowledge sources that are independent
of all users, such as databases of company names, yellow
pages, thesani, dietionaries, and atlases.

User Model Representations

Given the inputs siowa in FIG. 3, the User Model is &
function that may be implemented with any desired data
structure and that i not tied to any specific data structure or
representation. The following currently preferred embodi-
ment of abstract dala structures that represent the User
Model 13 is intended to flkostrmte, but not Iimit, the User
Model of the pregent invention. Some of the structures hold
data and knowledge at the level of individual users, while
others store appregated data for a gronp or cluster of msers,
Initialization of the various data stuchwes of the User
Model is described ia the foliowing seclion; the dehcnpunn
below is of the structuwres themselves.

User-dependent inputs are represented by components of
the User Model shown in FIGS. 4A-4E. These inputs are
shown as tables for illustration purposes, buf may he any
suitable dala structure. The user-dependeni componenis
include an informative word or phrase list, a web site
distribution, a veer topic distribufion, a user product distri-
bution, and a user product feature distribution. Each of these
user-dependent data structures can be thought of as a vector
of most informative or most feequent instances, along with
a measure representing 1ts importance to the user.

The informative wosd and phrass lisi of FIG. 4A contains
the most informative words and phreses found in user
documents, along with a measvre of each informative phrase
or ward’s importance to the user. As used herein, an *infor-
mative phrase” includes groups of words that are not con-
tipnous, but that appear together within a window of a
predefined number- of words. For example, if a wser is
inferested in the 1992 Melissa computer virss, fhen the
informative phrase mght include the words *virus,” “Mel-
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isga,” “security,” and “IT,” all appearing within a window of
"50 words. The seatence “The computer virus Melissa
chanped the seconty palicy of many IT departments” coz-
responds to this phrase.
" In addition ta the words and phrases, the [ist contains the
last access time of A document containing each word or
phrase and the fofal number of accessed documenis contain-
ing the words. One embodiment of the informative measure
is 0 word probability distribution P(wh) representing the
interest of 2 user u in a ward or phrase w, as measured by the
word's frequency in vser documents. Preferably, however,
the informative measurs is not simply a measure of the word
frequency in user docnments; cornmon words found in many
documents, such as “Internél,” provide little wformation
abolit the particular user’s interest. Rather, the informative
measure should be high for words that do not appear
frequently across the enfire set of documents, but whose
appearance indicates a strong likelihood of the user’s inter-
est in a document. A preferred embodiment uses the TFIDF
measure, described in Ricarde Baeza-Yates and Berthier
Ribeiro-Meto, Modern Infarmation Retrieval, Addison Wes-
ley, 1999, in which TF stands for term frequency, and IDF
stands for inverse document frequency. Mathematically, if
T denotes the frequency of the word w in user v documents,
ancl D,, denotes the mumber of documents conlajning the
woed w, then the importance of a word w to a user u is
proporfional to the product £, DD,
* A more preferred embodiment of the measure of each
- ward's importance uses 3 mathernatically sound and novel
implementation fased on information theary ptinciples. Ia
particular, the measure used ig the mutual information
_ between two random variahles representing the nser and the
waord or phrase. Mutual information is a measure of the
amount of information one random variable conlains about
another; a high degree of murual information between two
random varizhles fmplies that knowledge of one raidom
variable rednces the uncerlamly in the other randum vari-
able.

For the present invention, the concept of muinal jnfor-
mation is adapted to apply &0 probability distrbutions on
words and documents. Assume that there is & document in
which the user's interest must be ascertained. The following
two questions ean be asked: Does the phrase p appear in the
document?; and ¥s the document of interest to the user u?
Intuitively, knowing the answer to cne of the questions
reduces the uncertainty in answering the other question. Thet
is, if the word w appears in a different frequency in the
dacuments associated with the wser u from its frequency in
other documents, it helps reduce the uncertainty in deter-

" mining the interest of user v in the document.

" Through the concept of mutual information, infarmation
theary provides the mathemiatical tools to quantify this
intuition in a sound way. For a detailled explanation, see T.
Cover and 1. Thomss, Elements of Information Theory,
Wiley, 1991, In this embodiment of the informative mea-
sure, two indicalor variahles are defined 1, has a value of 1
when the word w appears in 2 web document and 0 when 1t
does not, and I, has a value of | when a web document is of

“interest to the user u and O when it dees not. The mrtual
information between the two random varigbles 1, and I, is
defined as:
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The probabilities in this formula are computed over a sei
of docurnents of interest to the user and a set of doénments
not of interest to the user. For example, consider a set of 100
documents of interest to the user, and a set of 900 documents
not of interest to the wser. Then P(i,=13=0.1, and P{i =0}~
0.9. Assume that in the combined set of 1000 documents,
150 contein the word “Bob.” Then P{i =1}0.15, and
P{i, =0)=0.285. In addition, assume that “Bob" appears in all
100 of the documents of interest to the user. P(1 1,,) has the
following four values:

[ [ Pl il
[} ] BSOF1000
o 1 S0/1000
1 0 O/1000
1 1 1001000

Using tﬁe above fonmula, the mutual information between
the user and word Bohb is:

100807 Toer} = B507 OG0 LogfB50/ 100K /(0852 0,951+ 504100 hogg
£50/1000/(0.15%2.51] 40/ 4000 loglDFLO00 /(0.1 +0.857] +
1007 100010g{1E0 1000 (0.15 +0.1)]

=016

. Muntual information is a preferted measure for selecting
the word and phrase list for each user. The chosen worcls and
phrases have the highest romual informeation.

The remaining User Model representations are analo-
pously defined using probability distributions or mumal
information. The web site distribution of FICE, 4B contains
a list of weh sites favored by the user aloag with a measure
of the importance of each site, Given the dynamic nature of
the Internet, in which individual documents ate constantly
being added and delefed, a site is defined throngh the first
hackslash (after the www). For example, the tmiform

resauece Jocator (URE) http://www.herring com/companies! -

2000 ., . . is considered as wwwherring.com. Sites are
truncated unless a specific area within a site is considered a
separate site; for example, www.cnn.com/health is consid-
ered to be a different site than www.cnncomfus. Such
specidl cases are decided experimenially based on the
amount of data available on each site and the principles of
data~driven  approsches, described in  Viadimir 3.
Cherkassky and Filip M. Mulier, Legrning from Datar
Coneepts, Theory, and Méthods, in Adaptive and Learning
Systems for Signal Processing Communications and Con-
trol, Simon Haykin, series editor, Wiley & Sons, March,
19498, Bach site has an importance measure, either a discrete

probability distribution, P(sh), representing the interest of

user 1 in a web site s, or the mufal information metric
defined sbove, I{1,; 1)), representing the mutual information
between the user u zod a site 5. The web site distribution alzo
contains the last access thme and number of accesses for each
site.
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FIG. 4C illustrates the user topic distribution, which
represents the interests of the nser in warious topics, The user
topic distributicn is determined ffom a hierarchical, user-
independent topic model, for example a topic tree such as
the Yahoo directory or the Open Directory Project, 2vailable
at bttp://dmoz.orgf. Each eniry in the trez has the following
foon: - :
Computersiintemety W WWiSearching

Web\Directories\Open Directory Project)

where the topic following a backslash is a child nede of the
topic preceding the backslash, The topic model 15 discussed
in more detail below.

For each node of the lopic tree, a probebility is defined
that specifies the user inferest in the topic. Bach level of the
topic medel is treated distinetly. For example, for the top
level of the topic model, there is a distribution in which

P )L b)=1,

the

where t, Tepresents the top level of topics and is the same get ;

of topics for each user, ¢.g., technology, business, health, etc.
P(1,l0) is the sum of the user probabilities on all top level
1opics. For each topic Jevel, L, represents specific interests of
each uger that are not part of any cammon inferest tapics, for
instance faorily and friends’ home pages. For lower topic
levels, every node in the iree Is represented in the user topic
distribution by a conditional probability disttibution. For
example, if the Techoology node sphits info [nfernet, Com-
munication, and Semiconductors, then the probability dis-
iribytion is of the form:-
P(Interncy, Technology)+P{Comrmunicationls, Teck-
nology)+P(Semiconductorsty, Technology)+F
- (f,lu, Technology)=l

Rather than probabilities, the mutnal information mefric
defined above may be used; I(I; I,) represents {he mudesl
mformation between the pser u and the fopic t. An exem-
plary data stracture shown in FIG. 4C for storing the nser
topic distribution contains, for each topic, the topic parent
nade, informative measure, last access time of documents
classified into the topic, and number of accesses of docn-
ments classified into the topic, Mot that the User Model
. contains an entry for every topic in the tree, some of which
have a user probability ar mumal information of zera.

The user preduct diswibution of FIG. 4D represents the
interests of the user in vardous products, ompanized in a
hierarchical, user-independent struciure such as a tree, in
" which individual products are located at the leaf nodes of the
tree. The product taxonemy is deseribed in further detail
below. The product taxonomy is similar to the topic tree
Fach entry in the tree has the following form:

Consumer Blectronics\Cameras\Webcams'3Com Home-

Conmecly

where a product ar product categery following a backslash
is a child node of a product category preceding the back-
* slash. :

For-each node of the product model, a probability is
defined that specifies ‘the wser interest in that particular
product or product category. Each level of the product mode]
is trealed distinetly. For example, for the top level of the
product hiemrchy, there 1s a distribution in which

Flp,b=1,

whete p, represents the top level of product categories and
is the seme for each user, ¢.g., consumer electronics, com-
puters, software, etc. For lower product caregory levels,
every nade in the tree is represenied in the wser product

14
distibution by a conditional probability distribution. For
example, if the Cameras node splits into Webcams and
Digital Cameras, then the probability distribution is of the
Torm: ‘
P{Webcamsht, Comemy)HP(Digila] Camerasky, Cam:
orag)=i - i

Rather than probabilities, the mutal information metric
defined above may be used. Then I{I; I} represents the
mutual information between the user u und the product ar
product categoryp. An exemplary dsta structure for storing
the user product distribution conteins, for each product, the
product ID, product parent node, nser probability, Jast pur-
chase lime of the product, number of product purchases, last
access ime of documents rejated to the product, and number
of related documents accessad,

Fir each product or category on which the user has 2
nonzerg probability, the User Model contains a user product
feature distribution an the relevant features, as shown in
FIG. 4E. Each product category has assaciated with it a list
of features, and the particular values relevant to the nser are
stored along with a measurc of the value’s importance, such

* a5 & probability P{fio,p) or nrutual information measure {1 ;

N1+

50

a5

L)- For example, Webcame have z feature Interface with
possible values Bihemet (10BaseT), Parallel, PC Card,
serial, UISH, and TV, Prohability values of each feature sum
to one; that is, :
P(Bthernety, [nterface, Webcem)+F(Paralleliy, Intar-

face, Wehonm)+P(PC Cardy, Interace, Web-

cam)+F(serialky, Trierface, WebcamHP{USBL,

Interface, Webcam)HP(T Vs, Iterfoce, Web-

cam)=1.

User probability distribations or nmiual information mea-
sures are stored for each feature value of each node. Note
that there is no user feature value distribution at the leaf
podss, since specific products kave particular valves of each
feature,

Finally, user-dependent components of the User Model
include clesters of users similar to the user. sers are
clustered into groups, forming a clusier tree. One embodi-
ment of a user cluster free, shawn ia FIG. SA, hard classifies
ugers into clusters that are further clustered. Bach useris a
member of one and only one cluster. For example, Bob is
clostered inte a closter c{u), which is further clustered into
closters of clusters, until the top level cluster is reached c(L).
The identity of the uses*s parent cluster and grandfather
cluster is stored as shown in FIG. 5B, and information about
the parent cluster is used as Input into the User Model. As
described befow, ‘clusters are computed directly from User
Models, and thus peed not have a predafined semantic
underpinning,

Preferably, the User Madel does not user hard clustering,
but rather uses soft or fuzzy clustering, also known as
probabilistic clustering, in which the vser helongs to more
than, one cluster according 10 a user chuster distribution
P(c(u)). FIG. 6A illugirates fiazzy clusters in g cluster hier-
archy, In this case, Bob belongs to four different clusters
according to the probability distribution shawn. Thus Bob is
most like the members of cluster C4, but still quite similar
to members of clusters C1, C2, C3, and C4. Fuzzy clustering
is vseful for capruring different interests of a user. For
example, a user may be 2 small business owner, & parent of
4 small child, and also an avid mountain biker, and therefore
need information for all three roles, Probabilistic clustering
is described in detail in the Ph.D. thesis of Steven J. Nowlar,
“Soft Competitive Adaptation: Neural Network Learning
Algotithius Based on Fitting Statistical Mixtures,” School of
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Computer Science, Carnegie Mellon University, Pitteburgh,
Pe., 1991. A suitable duly structhue for representing fuzzy
clusters is shown in FIG. 6B. Bach row stores the cluster or
wser ID, one parent [D, and the cluster probability, a measure
of similarity between the cluster or user and the parent
cluster.

Note that al! elements of an individual User Modef for a
nser v also apply to a closter of users c(u). Thos for exch
chuster, a Group Modet is stored containing an informative
word list, a site distdibution, a topic distribution, a group

-product distribution, and a group product feature distribu-
tion, each with apprapriate measures. For example, P{plc(u))
represents the inferest of a cluster ¢(u) in various products p.

The user-dependent User Model representations alsa
include a vuser peneral information table, which records
globat information describing the user, such as the User ID,
the number of global accesses, the number of accesscs
within a recent lime period, and pointers to ail nser data
structores.

Other knowledge sources of the User Madel are indepen-
dent of the user and all ather users. Topic classifiers are used
1o classify documents jinto (opics according fo a predefined

. topic free, an example of which is illustrted in FIG. 7. A
variety of topic trees are available on the web, such as the
Yahoo directory or Open Directory Project {(www.dmo-
z.org). A topic classifier is a mode! similat to the user model
.that ertimates the probability that a document belongs to a
fopic. Bvery node on the topic tree has a stored topic

- classifier. Thns the set of all topic classifiers compules a
probability disgrikution of all of the documents in the sef of
documents I) among the topic nodes. For examyle, the topic
¢lassifier in the oot nede in FIG. 7 estimates the posterior
probabilities P{id), where t represents the topic of document
d and is assigned values from the set {Arls, Business,
Health, News, Sciance, Society}. Similarly, the topic clas-
sifier for the Business node estimates the poslerior probabil-
jty P(tid, Business), where { represents the specific topic of

the document d within the Business category. Mathemati- -

cally, f¢his posterior probability i3 denoted P((d)

 =Business\Investing\lt(d)=Business, d), which represents the
probability that the subtopic of the document d within
Business i3 Investing, given that the topic is Business. The
topic tree is stored as shown in FIG. B, a table containing, for
each node, the topic 11}, depth level, topic parent ID, mumber
of child nodes, and topic 1D of the child nodes.

The topic experts model estimates the probability that a
document is of interest 1o users who are inferested in a
particuiar topie, independent of any specific user informa-
tion need, Bach node of the topic tree has, in addition to a
topic classifier, & correspending topic expert function. Note
that the topic classifier and topic expert function are inde-
pendeat; two documents can be about investing, but one of
high interest to expert users and the other of no interest to
expert users. The topic expert model can be considered an
evaluation of the quality of information in 2 given document.
The essumption behind the topic experts model is that the
degree of interest of a user in a given topic is his or her

" weight for predicting the quality or general interest level in
a documnent clagsified within the particular topic. Obvicusly
there are outliers to this assumption, for example, novice
users. Howewer, in genreral and averaged across many users,
this meastre is # good indicator of a general interest level in
a document, For every topic in the tree, a fist of the N
clusters with the most interest in the topic based on the
cluster fopic distribution is stored. The cluster topic distri-
bution s similar ta the nser topic distribution described
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above, but is averapged over all users in the cluster. An
ex.emp]ary data structure for storing the topic e.xperts model
is shown in FIG. 9.

Finally, a product model is stored for every node of a
product faxonomy free, llustrated in FIG, 10. Examples of
product taxonomy trees can be found at www.cnet.com and
www.productopia.com, among other Jocations. In any prod-
et taxonomy tree, the leat nodes, i.e., the bottom nodes of
the tree, correspond to particular products, while higher
nodes represent product categories. Product models are
similar to topic classifiers and User Models, and are nsed to
determine whether a document is relevant ko a. particnlar
product or product calegory. Thus a product model contains
a list of informative words, topics, and sites. The set of all
product models computes a probability distribution of all of
the documents in the set of docoments I among the product
nodes. For example, the product model in the raot node in
FIG. 10 estimates the posterior probabilities P{pld), where p
represents the product refered to in documeni d and s
assigned values fiom the set {Consumer Electronics, Cotmn-
puters, Software}. Similarly, the product model for the
Consumer Electronics node estimafes the posterior probabil-
ily P{pld, Consumer Electronics), where p represents the
product category of the docoment d within the Consumer
Flectronics category. Mathematically, this postetior prob-
ability is denoted P{p{d)=Consumer Electromics\CD
Players\p{d)=Consumer Electronics, d), which represents
the probability that the subproduct catégory of the document
d within Consumer Electronics is CD Players, given thatthe
pmduct category is Consumer Electromcs. The product tree
is stored as shown in PIG. 11, a table containing, for zach
nade, the wpic ID, depth level, topic parent 10, number of
child nodes, and topic ID of the child nedes.

Each node of the product tree has an assosiated product
feature list, which contains particular descriptive featores
relevant to the product or category. Nodes may heve asso-
giated feature valies; leaf nodes, which represent specific

products, have vales of all relevant product features. Prod- -

uet feature lists are determined by a human with knowledge
of the domain. However, feature values may be determined
automatically fonn relevant knowledge sources as explzined
belaw.

For example, in the product tree of FIG. 10, CD Players
is the parent nede of the particular CD players Sony CDP-
CX2a50 and Hamman Kardon CDR2. The product category
CD» Players has the following features: Brand, CD Capacity,

Digital Quiput, Plays Minidisc, and Price Raope. Fach-

feature has @ finite number of potential feature values; for
example, CD Capacity has potential feature values 1 Dise,
1-10 Discs, 10-50 Discs, or 50 Dises or Greater. Individual
products, the child nades of CD Players, have one vale of
each fealure. For exampte, the Scny CDP-CX350 has a 300
disc capacity, and thus a feature value nf 50 Discs or Greater.

Some product featnres are relevant to multiple product

categories. In this case, product features propagate as high -

up the product tree as possible. For example, digital cameras
have the following product features: PC Compatibility,
Macintosh Compatibility, Interfaces, Viewfinder Type, and
Price Range. Webcams have the following produet features:
PC Compatibility, Macintosh Compatibility, Interfaces,
Maximum Frames per Second, and Price Range. Common
features ure stored et the highest possible node of the tres;
thus features PC Compatibility, Macintosh Compatibility,
and Interfaces are swored at the Cameras aode, The Digital
Cameras node stares only product feature Viewfinder Type,
and the Webcams node stores only product feature Maxi-

mum Frames per Second. Note that product feature Price
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Ranpe is common to CI¥ Players and Cameras, and alsa
Personal Minidiscs, and thus is propagated np the tree and
stcred at node Consumer Electronics.

Individual products at leal nodes inherit relevant features
from all of their ancestor nodes. For example, Kodak CD280
inherits the feamre Viewfinder Type from its parent; PC
Compatibility, Macintosh Compatibility, and Interfaces
from its grandparent; and Price Range from iis great-
grandparent. A prodilct feature list is stored as shown in FIG.
124, and contgins, for each product ID, the asseciated
feature and its value, All potential feature values are stored
in a product featyre value list, as shown in FIG, 12B.

The systemn alsa includes a document database that
indexes alt documents I3, The document database records,
for each document, a document II3, the full location (the
URL: of the document), a pointer to data extracted from the
document, zud the last access time of the document by any
nser. A word database contains siatistics of eack word or
phrase from ail user documents, The word database containg
the word 1D, full word, and word frequency in all doczments
D, wsed in calculating informative measures for individual
users and clusters.

Initialization of User Model
The User Madel is initialized offline using characteriza-
tions of user helavior and/or a set of documents associated
"with the user. Exch data structure described above is created
during initialization. In other words, the relevant parameters
af the leamming machine are determined during initiatization,
and then continually updated onling during the update mode.
In one embodiment, the user documents for initializing
the User Model are identified by the user's web browser:
Most browsers contain files that store user information and
are nsed to minimize network access. In Imemet Explarer,
these files are known as faverites, cache, and history Hles,
Most commercial browsers, such as Netscape Navigator,
have equivalent functionality: for example, bookmarks are
equivalent to favarites, Users denote frequently-accessed
documents as bockmarks, allowing fhem te be retrieved
simply by sslection from the list of booksparks. The boak-
marks file includes for each listing its creation time, last
modification ‘time, Iast visit tine, and other information.
Bookmarks of docoments that have changed since the last
user access are preferably deleted from the set of wser
documeénts, The Internet Temporary folder confains all of the
web pages that the nser has opened recently (e.g., within the
. last 30 days). When a user views a web page, it is copied to
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80 are parsed snd separated into text, images and other
non-text media 88, and formatting. Further processing is
applied to the text, such as stemming and tokenization to
obtain a set of wonds and phrases 86, and information

“extraction. Through information extraction, links 90 to ather

documents, email addresses, mometary sums,- people’s
names, and company names are oblained. Processing is
performed using natumal language povessing tools such as
LingnistX® and keyward extraction tools such as Thing
Finder™, both prodeced by hoxight (www.inxight.com).
Further information en processing techniques can be found
in Christopber D. Manning and Hinrich Schutze, Founda-
tiors qf Statistical Narnwal Language Froeessing, MIT
Press, 1999. Additional processing is applied to images and
other non-text mesdia 88. For examnple, patfern recagnition
software detenmines the content of images, and avdio or
speech recognition software determines the content of madio.
Finally, document locations 94 are obtained, ’
Parsed portions of the docwnents and extracted informa-
tion are processed o initialize or update the user represen-
tations in the User Model. In step 26, user infonmative words
or phrases 98 arc oblained from documenl words and
phrases 86. In one embodiment, a frequency distrbution is
obtained to caleulate a TFIDF measure quantifying user
interest in words 98. Aliernatively, murual informatien is
calculated between the two indicator variables I, and T, as
explained ahove, The set of informative words 98 contains
wards with the highest probabilities or mutual information.
In step 100, the topic classifiers are applied to ail extracted
information and portions of documents 80 fo oblain &
probability distribution P(td) for each document on each
noede of the topic tree. As a result, each node has a set of
probabilities, one for each docurnent, which.is averaged to
obitain an overail topic node probability. The average prob-
abilities become the initial wser topic distdbution 102. If
desired, mutual information hetween the two indicator vari-
ables T, and 1, can be determined as explained above.
Stmilarty, in step 104, product medels are applied to all
extracted information from documents 30 to classify docu-
ments according to the product taxenomy tree. From user
purchase history 105, additional product probabilities are
obtained. Probabitities for each nede are combined, weight-
ing purchases and product-related documents appropriately,

' to cblain a wser produet distribution 106, Note that only

this folder and recorded in the cache file, which contains the

following fields: location (URL), first access Lime, and last
access time (most recent retrieval from cachg). Finaily, the
history file contains links to all pages that the user has
opened within a set time period.

Alternatively, the user supplies a set of documents, nat
included in any browser files, that represent his or het
inlerests. The User Model can also be initinlized from
informalion provided directly hy the user. Users may filk out
forms, answer questions, or play games-thet ascerisin user
© interests and preferences. The user may also rate his or her
interest in 2 set of documents provided.

User documents are anafyzed as shown in FIG. 13 to
. determine initial paremeaters for the various finctions of the
User Model. A similar analysis is used during updating of
the User Model. Note that during updating, both documents
that are of interest to the wser and docwments that are oot of
interest to the vser are analyzed and incorporated into the
User Model. 'The process is as follows. In a first step 82, the
format of documents 80 iy identified. In slep 84, documents

50
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some of doruments 80 contain product-relevant information
and are used to defermine the user product distribution 106,
Product maodels refurn probabilities of zero for documents
that are not product related. :

The user product feature distribution. 108 can be obtained
from different sources. I & user has a nonzero probahility for
5 particular product node, then the feature distribution an
that nade is obtained from its leaf nodes. For example, if one
of the user documents was classified into Kodak DC280 and
another into Nikon Coolpix 950, then the user produet
feature distribution for the Digital Cameras node has a
probability of 0.5 for the feature values corresponding to
each camera, Feature value distributions propagate through-
out the nser product feature distributions, For example, if the
two cameras are in the same price ranpe, $300-3400, then -
the probability of the value $300-3400 of the featre Price
Range is 1.0, which propagates up to the Cansnmer Elec-
teenics node (assuming that the nser has no other product-
relatad documeénts falling within Consumer Blectronics).

Alternatively, product feature vzlue distributions are
obtaiped only from products that the wser has purchased, and
not from product-related documents in the set of user
documents. Relevant feature values are distributed as high
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up the free as approprate. If the user has not purchased a
produict characterized by a particular feature, then that
feature has a zero probability. Altematively, the user may
explicitly specify his or her preferred feature values for each
preduct category in the user product disteibution. User-
supplied information may alse be combined with feature
value distributions obtained from documents or purchases.

Docnment locations 94 are analyzed (step 110} to obtain
the user site distibution §12., Analysis takes into aecount the
relative frequency of access of the sites within a recent time
period, weighted by factors including how recently a site
was accessed, whether it was kept in the favotites or
bookmarks file, and the number of different pages from a
single site that were accessed. Values of weighting factors
are optimized experimentally using jacldnifing and cross-
validation techniques described in H. Bourlard and M.
Morgan, Connectionist Speech Recognition: A Hybeid
Approach, Rluwer Academic Publishers, 1594,

Mot that there s typically overlap among the different
representalions of the User Model. For example, a news
document announcing the release of a new genemtion of
Microselt servers has relevant words Microsoft and server.
In addition, it is categorized within the prodoct taxanomy
imder Microsoft servers amdd the topic taxonomy under
computer hardvare. This document may affect the user’s
word list, product distribution, and topic distribution.

After the Uzer Maodels are initinlized for all users, cluster
mernbership can he obtained. Clusters confain users with a
high degree of similarity of interests and information needs.

20
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A large number of clnstering algorithms are available; for

examples, sec K. Pukunaga, Statistical Patiern Recognition,
Academic Press, 1990. As dizcussed ahove, users are pref-
erably soft clustered info more than ene cluster. Preferably,
the present invention uses an algorithm based cn the relative

-entropy measure from information theory, # measure of the -

distance befween two probability distributions on the same
event space, described in T, Cover and J. Thomas, Elements
of Information Theory, Chapter 2, Wiley, 1991. Clustering is
unsupervised. That is, clusters have no inherent sermantic
significance; while a cluster might contain users with a high
interest in mountain biking, the cluster ree has no knowl-
‘edpe of this fact. -

In a preferred embodiment, the relative entropy between
two User Modet distributions on a fixed set of documents
D, _, iscaleulsted D, is chosen as a good representn-
tion of the set of all docurments 1D, Distributions of similar
users have low relative entropy, and ail pairs of users within
a cluster have relative entropy below a threshold vahee, The
User Model of each user is applied to the documents fo
abtain a probabilily of interest of each wser in each document
in the set. The relative entropy between two user distribu-
tions for a single document is caleulated for each document
in the set, and then semmed across all documents.

The exacl mathematical computation of the relative
enlropy belween two users is as follows. An indicator
variable I, ;is assigned to 1 when a document d is of interest
1o & uset u and 0 when it is not. For two usersw, and u, and
for any document d, the relative entropy befween the cor-
respondmg distributions is:

P( !,a]
2d)”

Dltas Viad) = 3 Pl a¥oga
if
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For example, if P{u )=0.6 and P{u_ld)=0.9, then

Dl 2 04 Lop(0AH0.1H0.6 log(0.6/0.9).

The relative entropy can be converfed to a metric I that
obeys the triangle inequality:

DR =05 (D B HDGM)).

For any two users U, and W, and for each document in
me,;z, the metric I 1s compuied between the conrespond-
ing indicator variable distibutions on the document The
values for all document are summed, and this sum is the
distance metric for clustering users. This distance is defined
as; '

Distancefe , #3) = z U[I,rl,dj"ruz.dj).
4P inpie

An alternative clustering algorithm computes tite relative
entrapy between individual user disiributions in the User
Model, for example, between all informative word lists, site
distributions, ete., of each vser. The equations are similar fo
those shove, but compute relative entropy Based on indicator
variables such as T, which is assigned a vatue of 1 when
a word w is of interest 1e a user v, The calculated distances
hetween individual uger distributions on words, sites, 1opics,
and products ure summed to get an overall user distance.
This second algorithm is significantly less compuiationally
costly than the preferred algorithm above; selection of an
algorithm depends on available computing resources. In
gither case, relative entropy can also be computed between
a user and cluster of users.

Each claster has a Group or Cluster Model that is analo-
gous to a User Model. Cluster Models are generated by
averaging each component of its members” User Models.

" When fuzzy clusters are used, components are weighted by

a user's probability of membership in the cluster,

In some cases, initialization is performed without amy
nser-specific information. A user may not have a large
bookmarks file or cache, or may not want to disclose any
perconal information. For such wsers, prototype users are
supplied. A user can choose one or a combination of several
protatype User Models, such as the technologist, the art
lover, and the sporis fan, Predetermined parameters of the
selected protatype user are used to intiialize the User Model.
Users can also opt fo add onfy some parameters of a
prototype user to his or her existing User Model by chnosing
the prototype user’s distribution of topics, words, siies, elc.
Note that prototype vsers, unlike clusters, are semantically
meaningful, That is, protolype users are trained on a set of
documents selected to represent a particnlar interest. For thie

"rezson, prototype users are kuown s “hats’” as the user is

trying on the hat of a prototype user,

Users can also choose profiles on a temporary basis, for
a particular session only. For example, in 2 search for a
birthday present for his or her teenage daughter, a venture
capitalist from Menlo Park may be inlerested in informetion
most probably offered to teenagers, and hence may choose
a teenage girl profile for-the search session.

User-independent components are also initialized, The
topic classifiers are trained using the set of all possible
documents D. For example, I} may be the documents
classified by the Open Directory Project into its topic tree.
Topic classifiers are similar to a User Model, but with &
unimodz] topic distribution funetion (i.c., a topic mode] hag

a topic distribution valne of 1 for itself and O for all other
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fopic nodes). The sef of decuments sssociated with each leaf
node of the topic tree is parsed and anslyzed as with the user

model to obtain an informative ward list and site distribz- .

tion, When a topic classifier is applied to a new document,
the document’s words and location are compared with the
informative componénts of the topic classifier to obtain
P(tkl). This process is further explained below with reference
to computation of P{uid). Preferably, intermediate nodes of
the tree do not have asseciated wond list and site distribu-
tions. Rather, the measures for the word list and site distri-
bution of child nodes are used as input to the topic classifier
of their parent nodes. For example, the topic classifier for the
Business node of the topic tree of FIG. 7 has as its input the
score of the site of the document to be claszified according
to the site distributicms of the wpic models of its c¢hild nodes,
Employment, Indnsteies, and Investing, The classificy can be
any non-linear classifier such as one obtained by training a
Misltilayer Perceptron (MLP} nsing jackknifing and cross-
validation techniques, as described in H. Bourlard and M.
Morpan, Comnectionist Speech Recognition: A Hybrid
Approach, Kluwer Academic Publishers, 1994, It can be

_shown that 2 MLP can be trained 1o estimate posterior
probabilities; for details, see J. Hertz, A. Krogh, R. Palmer,
Introduction to The Theory of Neural Computation, Addi-
son-Wesley, 1991,

The topic. experls model is imtialized by locating for
evety node in the topic res the N clusters that are of the
same depth i (he user chuster tree as the user, and that have
the highest interest in the wpic, based on their cluster topic
distribution. The cluster topic disiribution P(tle(u)) is simply
an average of the ser topic digtriburion Ptie) for each nser
in the cluster. The topic expents model is used to determine
the joint probability thal a document and the topic under
consideration are of interest to any user, P(t.d). Using Bayes®
rule, this teom ¢an be approximated by considering the users
of the N most relevant clusters.

Pl d) = ) Pl 1, )P )P)
an

The fopic experts model is, therefore, not a distinet model,
but rather an ad hoc combination of user and cluster topic
distributions and topic models.

Product models are initialized similarly to User Models
and topic ¢lassifiers. Each leaf node in the product tree of
FIG. 10 has an associated get of documents that have been
manually classified according i the product faxopomsy.
These documents are used to train the product model ag
shown for the User Mode] in FIG. 13. As a result, each ieaf
node of the product tree containg a set of informative words,
& fopic distribution, and-a site disiribution. Bach node also
contains a list of featores relevant to that product, which is
determined manually. From the documents, values of the
. relévant features are extracted automatically using informa-

-- tion extraction fechniques to initialize the feature value list

for the product. For example, the value of the CD Capacity
is extracted from the document, Information extraction is
performed on unstuctured text, snch as HTML documents,
semi-strochured text, such as XML documents, and strue-
tured text, such as database tables. As with the fopic model,
1 nonlinear finetion such as a Multilayer Perceptron is nsed
1o train the product model.

Preferahly, as for topic classifiers, intermediate nodes of
the product tree do not have associated word lists, site
distributions, and fopic distributions. Ratfer, the measures

5

45

22
for the wonl list, site distribution, and topie distribution of
child nodes are nsed as input to the product models of their
parent nodes. Alternatively, each parent node may be trained
using the imion of all deguments of s child nodes.

Updafing the User Model :

The User Model is a dynamic entity that is refined and
updated hased on all user actions. User interactions with
network dala are transparently menitored while the user is
engaged in normal use of his or her compuier. Multiple
distingt modes of interaction of the user are monitored,
including network searching, network mavigation, network
browsing, email reading, email writing, document writing,
viewing pushed information, Anding expert advice, preduct
information searching, and product purchasing. As a resnlt
of the interactions, the sel of user documents and the
parameiers of each user representation in the User Model are
mopdified.

While any nonlinear fanction may be used in the User
Model (e.g., 3 Multilayer Percepiron}, a key feature of the
model is that the parameters are npdated hased on actoal user
reactions to documents. The difference between the pre-
dicted user interest in a document or prodnet and the aciual
user inlerest becomes the optimization criterion for training
the model.

Thraugh his or her actions, the iser creates positive and
negative patterns. Posilive examples are documents of inter-
est to a user: search yesults that are visited following 2 search
query, documents saved in the user favorites or bookmarks
file, web sites that the user visits independently of search
queries, efe. Negative examples are documents that are nat
of interest to the user, and include Search results that are
ignored althongh appear at the fop.of the search result,
deleted bookmarks, and ignored pushed news or email.
Conceptoally, positive and negative examples can be viewed
as additions to and subtractions from the wser data and
TE50UrTes.

Information about each document that the user views is
stored in a recently accessed huffer for subsequent analysis.
The recently sccessed birffer includes information about the
document #tself and information abont the user's interaction
with the document. One possible implementation of a buffer
ie iilusirated I FIG. 14; however, any suitible data structure
may be used. The recently-accessed buffer contains, for each
viewed document, a document identifier (e.g., its URLY; the
aceess time of the user interactipn with the document; the
inferaction type, such as search or navigation; the context,
such as the search query; and the degree of inferest, for
example, whether it was positive or negative, saved in the
bookmatks file, how long the user spent viewing the decu-
ment, or whether the user followed any links in fhe docu-
ment. Additionat information is recorded for different modes
of interaction with a document as discussed below.

A metric is determined for each decument to indicate
whether it is a positive, negative or neulral event; this metric
can potentiaily be any grads between 0 and 1, where 0 is a
congpletsly negative event, 1 ie a completely positive event,
and 0.5 is a peutral event. Previous user inferactions may be
considered in computing the metric; for example, a web site
hat the user accesses at 2 frequency greater than a prede-
termined threshold frequency is a positive example, After
each addition o or subtraction from the set of user dogu-
mexts, the document is parsed and analyzed as for the User
Moade] inifialization. Extracted in{ommation is incorporated
into the User Model.

Because the User Model is constantly and dynamically
updated, applying the initialization process for each updale
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is inefficient. Preferably, incremental leaming techniques are
used o update the User Model. Efcient incremental leam-
ing and vpdating techniques provide for incorporating new
ftems into existing stalistics, as long as sufficient statistics
are recorded. Details about incremental lesrning can be
found in P. Lee, Bayesian Statistics, Oxford University
Press, 1989,

Adier a document stored in tlle recenﬂy accassed bulfer is
parsed, parsed portions are stored in candidate tables. For
example, PIGS, 15A and 15B illustrate a user site candidate 1
table and user word candidate table, The user site candidate
table holds sites that are candidates to move into the user site
distribution of FIG. 4B. The site candidate table stores the
site name, i.e., the URL, unfil the first backslash, except for

special cases; the number of site accesses; and the time of 15

last access. The user word candidate table holds the words
or phrases that are candidates to move into the uset infor-

mative word list of FIG. 4A. It conlains a word or phrase 1D,
alfernate spellings {or misspellings) of the word, an infor-
malive grade, and a time of Tast access.

Negative examples provide words, sites, and topics that
cap be used in several ways. The measure of any item
cbtained from the negalive example may be reduced in the
user distribution. For example, if the negative example is

5
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- from a particuiar site that is in the user site distribution, then 25

the probability or mutal informetion of that site is
decreased. Alternatively, a ligt of informative negative items
may be stored. The negative items are obtained from nega-
© tive examples and are used to reduce the score of a document
" containing nepative items.

Documents are added to the buffer during all user modes
of interaction with the comprter, Interaction modes include
network searching, network navigation, network browsing,
email reading, email writing, docoment writing, viewing
*pushed”™ information, finding expért advice, and product
purchasing. Different iypes of information are siored in the
buffer for different modes, In network searching, search
queries are recorded and all search results added to the
buffer, alang with whether or not & link was followed and
access time for viewed search resulis. In netwod browsing,
the user brawses among linked documents, and each doku-
_ ment is added to the buffer; along with its interaction time.
In email reading mode, each piece of email is considered to
be a document ad is added to the buffer The type of
interaction with the emajl item, such as deleting, storing, or
forwarding, the sender of the email, and the recipient list are

30
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recorded, In email wriling mode, each piece of written email

is considered a document amd added to the buffer The
recipient of the email is recorded. Documents written during
document writing mode are added to the boffer. The vser’s
access time with each piece of pushed information and type
of interaction, such as saving or forwarding, sre recorded. In
finding expert adwice mode, the uger’s interest in expert
advice is recorded; interest may be measured by the inter-
action fime with an email from an expert, a vser’s direct
rating of the quafity of mformatlon teceived, ar other
suitsble measure,

During a product purchasing mode, a similar buffer is
created for purchased products, as shown in FIG. 16, All
purchased products are nsed to update the User Model. The
nser recently purchased products buffer recards for each
purchase the product 1D, parent node in the product tree,
purchase time, and purchase soarce. Purchased products ara
used to update the nser product distribution and user product
fearurs distribntien..

- If the vser feels that the User Maodlel is not an adeguate
representation of Wm or Her, the user may submil user
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modification requests. For example, the user may request
that specific web siles, topics, or phreses be added to or
deleted from the User Model.

User Models for pratotype users (hais) are also updated
tased on actiops of similar users. Obviously, it is desirable
for prototype User Models to reflect the current state of the
representative inferest. Wew web sites appear constantly, and
even new informative words appezr regularly, For example,
techno]u ey-related words are introduced and widely adopfed
O quite rpidly; the word list of the Techmologist hat should be
updated (o reflect such changes.

P‘mtmypc User Models are updated using actions that are
related fo the prototype. Actions include decuments, wser
reactions to documents, and produet purchases, There are
many ways to defeimine whether an action i3 relevant to the

- prototype user. A document that is a positive example for
many users (3.¢., a folloved search result or bookmarked
page) and also has a hiph probability of inlerest to the
prototype user is added to the set of prototype user docu-
ments. Actions of nsers or clusters who are similar to the
profotype user, as measured by the relative entropy between
individuat distnbutions (words, sites, ete.), ate incorporated
into the prototype User Model, Additions fo the prototype

User Model may be weighted by the relative entropy -

between the user performing the action and ibhe prototype
user. Aclions af expert nsers who have a high degree of
interest in topics also of inferest to the prototype user are
incorpotated into the prototype User Medsl.

Note that users who are trying on hats are not able 1o
change the prototype User Model. Their actions affect their
own User Models, but net the prototype User Model.
Updates to the pratotype User Model! are hased only on
actions of users who are oot currently trying on hats.

Product models are also conttnmally vpdated nsing mere-
mental learning techniques. As described below, the present
invention inciudes crawling network documents and evaln-
ating cach docnment against User Models, Crawled docu-
ments are also evaluated by product models, Dacuments that

40 are relevant to 4 particuiar product, as determined by the

computed probability P(pld), are used to update its product
model, If 2 document is determined fo be relevant, then each
camponent of the producl model s npdated accordingly. In
addition to the pamsing and analysis performed for wser

45 documenis, information extraction techniques nre employed

to derive feature values that are compared against featre
values of the produet model, and alsa incorporated into the
feature value list as necessary. New prodncts can be added
to the product free at any time, with characteristic product
featre values extracted from all relevant documents, Red-

evant documents for updating product models include prod-

uct releases, discussion group entries, product reviews, news
articles, or any other type of document,

By employing dynamically updated product models, the
present invention, in contrast with priar art systems, pro-
vides for deep analysis of all available product information
to create a rich representation of products. The interest of a
user in a product can therefore be defermined even if the
product has never heen purchased hefore, or if the product
has only beent purchased by a very small number of users.

Applying the User Model 1o Unseen Documents

The User Model is applied fo unseen documents io
determine the probability that a docament is of interest to the
nser, or the probability that a document is of intercst to a user
in a particular context. The basic functionality of this
determination is then used i the varicus applications
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described in subsequent sections to provide personalized
information and product services to the user.

“The process of estimating user intersst in a particylar
unseen document 120 is illustrated in FIG. 17. This process
has the following three steps:

1. Prepmcessing the document as for lmtlahtion (stcp

122).

2. Caleulating an individual score for the document for each
element of the user representation {e.g-, topic distribution,

- waord list),

3. Non-linearly combining (124) individual scores into one
score 126, the probability that ihe user is interested in the

- unseen document, Plukl).

‘The second step varies for each individual score. From the
parsed text, the words of the document 120 are intersected
with the words or phrases in the user informative waord fist
128. For every word or phrase in common, the stored mutual
information between the bwvo Indicator variables I, and I, is
- summed tn cbtain the word score. Alternatively, the TFIDF
associated with the word are averaged for every common
word or phrase. The location score is given by the probabil-
ity that the document site is of interest to the user, hased on
the wser site distribution 134.

The topic classifiers 132 are applied 1o document 120 to
determine the prohability that the document relates to a
particular topic, P(ild). The vser topic score is obtained by
compyting (he relative entropy between the topic distribu-
tion P(iid) and the nser topic distribution 134, Pihr). Afier
the document bas been classified into topics, the topic expert
models 136 are applied as described abave to determine a
score reflecting the interest of users that are experts in the
particular topics of this document.

Similarly, the prodoct models 138 are applied o docu-
ment 120 to determine which products or product categories
it describes, P(pkl). From the document product disteibution,
the product score is obtamed by computing the relative
entropy between the document product distribution and user
pracuct distribution 140, P{ph). For each product having a
nonzero vaiue of P(pid), its feature values are given by the
product model_ The user’s measures on each of these feature
values, found in the user product feature distribution 141,
are averaged to obtain a product feature score for each
relevant product. Product feature scores ane (hen averaged to
abtain an overall product feature score.

The closter models 142 of clusters to which the user
belengs are applied to the docoment to obtain P(e(u)d). This
proup model represents the average imterests of all nsers in
the cluster. Conceptually, the cluster model is chiained from
the union of alf the member nsers’ documents and product
purchases. Pmctically, the cluster madel is compoted {rom
the Tser Models by averaging the different distributions of
the individval User Modelg, and nat from the documents or
purchases themselves. Note that in a recursive way, all users
have some impact (relative to thetr simslarity to the user
under discussion) on the user score, given that P(c(u)id)) is
" estimated using P(c(c(e))kd) as a knowledge source, and so0
o,

" Finally, world knowledge (not shown} is an additional
knowledge source that represents the interest of an average
" wser in the document based only on a set of predefined

factors. World knowledge factors include facts or knowledge
_about the docnment, sach as links pointing to and from the

document or mefadata about the document, for example, its
auther, publisher, time of publication, age, or language. Alsc
included may be the nurmber of users who have aecessed the
document, raved it in a favorites list, or been previously
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interested in the document, World knowledge is represented .

as a probability between 0 and 1.

- In step 124, all individual scores are combined to abtain
4 composite vser scors 126 for doctment 120. Step 124 may
be performed by training a Muliilayer Perceptmn using

jackknifing and cross-validation techniques, as described in

H. Bourlard and N. Morgan, Connectionist Speech Recog-
nition: A Hybrid Approach, Khuwer Academic Publishers,

1994, It has been shown in J, Hertz et al., Introduction to The
Thevry of Newrel Comptetlon”, Addison-Wesley, 1991,
that a Multilayer Perceptmn can be trained to estimate
posterior prebabilities.

- The context of a user’s interaction ean be explicilly
represented in caleulating the nser interest in a document. it
is not feasible to update the uzer medel after every newly
viewed document or search, but the User Model can be
updated effectively instantaneously by incorporating the

context of user interactions, Confext includes content and

location of documents viewed during the current interaction
session. For example, if the user visits ten consecutive sites
pertaining lo computer security, then when the User Maodel
estimstes the interest of the user in a document sbout
computes secedty, 1t 13 higher than average. The probability
of user interest i a docuiment within the current conlext con
is given by:

H, cor| &)

Pas|d, com) = po—

In some applications, individual scores that are combined
in step 124 are themselves useful. In particular, the prob-
ability that a user is interested in a given product can be used
fo suggest product purchuses to & user. If a nser has previ-

ously purchased a product, then the User Medel contains a

distribution pn the product's featnres. If these features
propagate far up the product, tree, then they can be used to
estimale the probabilily that the user 5 interested in a
different type of product cheracterized by similar features.
For example, if the user purchases a digital camera that is
Windows compatible, then the bigh probability of this
compatibility feature value propagates up the tree to a higher
node. Clearly, all computer-related purchases for this user
sheuld be Windows commpatihle. Every product that is a
descendent of the node te which the value propagated can be
rated based on its compatibility, and Windows-compatible
produets have a higher pmbablhty of being of interest to the
user.

The long-term interest of a user in products, represenled
by P(ph), is distinct from the vser’s immediate interest in a
product p, represented as F{uld, product described=p). The
user’s immediste interest is the value used to recommerd
products ta a nser, Note that P(ph) does not incorparate the
user’s distribution on feature valnes. For example, consider
the problem of evaluating a user’s inferest in a particular
camera, the Nikon 320. The user has oever read any docu-
ments describing the Nikon 320, and so P(Nikon 320m)=0.
However, the user's feature distnbution for the Cameras
node indicates hiph user interest in all of the featwe values
characterizing the Nikon 320.

When a piven prodnct is evaluated by the User Model, the
follawing measures are combined fo obtair Puld, ‘provduct
described=p): the probabilities of the prodoct and its ances-
tor nodes from the user prodoct distribution, P{phr); an
average of probahilities of each featuré valne from the user
product feature distribution, P{fhu,p); o probability from the
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user's clusters™ product distribuitons, P(ple{n)); and an aver-
age of probabilifies of feature valves from the cluster®
product feature distributions, P(flc(u),p). The overal] product
score is determined by non-linearly enmbining al] measures.
The cluster modal is particularly usefui if the user does not
heve a featnre vatue distribution ap products in which the
user’s interest is being estimated.

Applications .

‘The basic function of estimating the probability that a user
is interested in a doeument or product is exploited to provide
different fypes of personalized services to the user. In each
type of service, the user’s response to the service provided
is monitored to obtain positive and negative examples that
are used to update the User Model, Example applications are
detailed below. However, it is to be uaderstood that alt
applications employing a trainable User Model as deseribed
abhove are within the scope of the present invention.

Persenal Search
In this application, both the collection and filtering, steps
of searching are personalized. A set of documents of inferest
to the user is collected, and then nsed as part of the domain
" for subsequent searches. The collected documents may also
be used as parl of (he user documenis to update the User
IModel, The callection step, referved 1o as Personal Crawler,
is iflustrated schematically in FIG. 18. A stack 170 is
inifialized with docurnents of high interest to the user, such
s documents in the bookmarks file or docnrnents specified
by the user. If necessary, the stack documents may be
selected by rating each document in the general document
- index according to the User Model. The term “stack” refers
to a pushdown stacl as deseribed in detwil in R. Sedgewick,
Algoritams In Ct+, Parts 1-4, Addison-Wesley, 1998,

- In step 172, the crawler selects a dovument from the top
of the stack to begin crawling. The document is parsed and
analyzed (step 174) to identify any links 1o other decuments.
1§ there are links {o other documents, each linked document
is scored using the User Model (174). If the linked document
is of interest {o the wser (178), i.e:, if Plufd) exceeds a
threshold level, then 1t is added to the stack in step 180, and

the cmawler contitmes crawling from the linked document

(s2ep 172). If the docurnent is not of interest to the user, then
the crawler selects the next docnment on the stack o

"econtinue crawling, ‘ _
The sibsequent searching step is illostrated in FIG. 19, In
response ta a query 190, a set of search results is located

. from the set containing all documents D and user dacuments

pbtained during personal crawling. The results are evaleated
using the User Model {194) and sorted in order of vsar
interest (196), so that the most interesting documents are
listed first, The user reaction 1o each document in the search
resulls is monitored. Monitored reactions include whether or
not a document was viewed or ignored and the time spent
viewing the document. Documents to which the user
responds positively are parsed and analyzed (200) and then
used to update the User Model (202) as described above.

The role of the User Moded in filtering the search results
in step 194 is based on Bayesian statistics and pattern
classification theory. According to pattern classification
theory, as detailed in R. Duda and P. Hart, Pattern Classi-
fication and Scene Analpsiz, Wiley, 1973, the optimal search
result is the one with the highest posterior probability. That
is, the optimal result is given hy: '
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Mg:{."(ul g d),

where I'(ulq,d) is the posterior probability of the event that
3 document d is of interest to a user u having an Information
need q. This probability can be expressed as: ;

Pgld, mPeld)

ferle ="l

The term P(uld) represents the user interest in the docu-
ment regardless of the ¢urrent information need, and is
calcylated using the User Model. The term Pqkl,u) repre-
sents the probahility that a wser u with an information need
of d expresses it in the form of a euery q. The term P(gld)
represents she probability that an average user with ‘sn
information need of d expresses it in the form of a guery q.
Oune possible implementation of the latter two terms uses the
Hidden Markev Model; degcribed in Christopher D. Man-
ning and Hinrich Schutre, Foundations of Statisiical Natu-
ral Language Processing, MIT Press, 1999,

Search resulls may also be filtered taking info account the
context of user interactions, such as content of a recently
viewed page or papes. When the context is included, the
relevant equation is: .

Plgld, o, comyl(is | d, cor)

Palg, d, con) = Ry 1d, cor)

where P(uld,con) iz as described above.

The Personal Crawler is aiso used o coilscl and index
documents for product models. Collected documents are
parsed and analyzed to update product models, particularty
the list of product feature values, which are extracted from
collected documents ueing information extraction tech-
niques.

In general, searches are performed to refrieve all docu-
ments from the set of indexed documents that maich the
search query. Altemetively, searches can be limited to prod-
uet-relaied docoments, based on cither the user's request, the
particnlar search query, or the user’s conlext: For example,
a user is interested in purchasing a new bicycle. In one
embodiment, the user selects a check-box or other graphical
device io indicate that only product-related documents
should be retrieved. When the box is not checked, a search
quety “bicycle” returns sites of bicycle clubs and newslet-
ters. When the box is checked, only documents that have a
nonzero product probability (P(pid)} on specific produets are
returned. Such documents include product pages from web
sites of bicycle manufacturers, product reviews, and discns-
sion group eniries evaluating specific bicycle models.

Alternatively, the search query itself is used to determine
the type of pages to retun. For example; a quety "bicycle™
apain returns sites of bicycle clubs and newsletters, How-
ever, a query “cannondale bicycle” or “cannondale™ returms
only product-refated pages for Cannondale bicycles. Alter-
natively, the user’s contexdt is used to defermine the type of
pages to retumm, If the last ten papes viewsd by the user are
product-related pages discussing Caonondale bicycles, then
the guery “bicycle™ retuns producl-related pages for all
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brands of bicyeles that are of interest to the vser, as deter-
mined by the User Model. In all thres possible embodi-
ments, within the allowable sulbset of documents, the entire
document is evaluated by the User Model to estimate the
probability that the user is interested in the document.

Searches may also be parformed for products directly, and
noi for product-related decuments. Results are ewaluated
vsing enly the user produoct disttibution, vser product feaure
distribution, and product and feature distributions of the
user’s clusters, as explained shove. In general, product
searches are performed oaly at the request of the user, for
example by sefecting a “product search” tab using a mouse
ar athee input device. A wser enters a product category and
perticular featire valies, and a list of prodocts that are
estimated %o be of high interest to the user is returned, The
uker is retuned some form of list of most interesting
products. The list may contain only the product narme, and
may include descmptions, links fo relevant decuments,
images, or any other appropriate information.

Personal Browsing and Navigation

" The present invention personalizes browsing and naviga-
tion in a variety of different ways. In the personal web sites
application, web sites located on third party servers are
written #n a script Janguage that enables dynamic, tailoring of
the site to the user interests. Parameters of the User Model
are transferred to the site when a user requests 2 particular
page, and only selected conienl or finks are displayed to the
uset In one embodiment, the site has different content
possibilities, and each possibility is evaluated by the User

. Model. For example, the CNN bome poge inciudes several
potential lead articles, and only the one that is most inter-
esting 1o the vser is displayed. In a second embodiment,
links on a page are shown only if the page to which they link
is of interest to the user. For example, following the fead
article on the CNN home page are links to related articles,
and only those of interest to the user are shown or high-

- lighted. One single article has a vadety of potential related
articles; a story on the Microsoft trial, for example, has
refated asticles exploring kepal, technicat, and financial tarmi-
fications, and only those meefing the vser’s information
needs are displayed.

The personal links application is illustrated in FIG. 20, In

" this application, the hyperlinks in 4 document being viewed
by the user are graphically altered, e, in their color, to
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- indicate the degree of inferest of the linked documents te the -

use. As 2 user views a document {step 210), the document is
parsed and analyzed (212) to locate hiyperlinks to other
documents. The hinked documents are located in step 214
(bul not shown to the user), and evaluated with the User
Model (214) to estimate the user’s Interest in each of the
linked documents. In step 2¥6, the graphical representation
of the linked documents is altered in accordance with the
score computed with the User Model. For example, the links
may be color coded, with red links being most interesting
" and Blue links being least interesting, changed in size, with
Jarge links being mast interesting, or changed in trapspar-
_ency, with uvninterssting links being faded. If the unser
follows one of the interesting Jinks (218}, then the process
is repeated for the newly viewed document (210).

The personal related pages application locates pages
related fo a viewed page. Upon the user's request (e.g., by
clicking a button with & mouse pointer), the related pages are

- digplayed. Related pages are selected from the set of user
documente cellected by the persenal erawler. Implementa-
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tion is similar to that of the persona) search application, with
the viewed page serving as the guery. Thus the relevant
equation becomes

Flpage | d. )Mz [d)

Flu| page, d)= TFioeze 1 d]

with P{pageld n} representing ihe nrobability that a user n
with an informaiion need of document d expresses it in the
form of the viewed poge page. P(pageld) represents the
probability that an average nser with an information need of
document d expresses it in the form of the viewed page page.
These temms can be calculated using the Hidden Markov
Model. .

Alternaiively, related pages or sites may be selected
according to the cluster model of clusters to which the yser
belangs. The most Yikely site navigation from the viewed
site, based on the behavior of the cluster members, is
displayed to nser upon reqoest.

Related pages are particularly usefil in safisfying product
mformation needs. For example, if the user is viewing a
product page of a specific printer on the manufacturer’s web
site, clicking the “related papes™ butten refurns pages com-
paring this printer fo other piinters, relevant newsgroup
discussions, or pages of comparable printers of different
manufacturers, All returned related pages have been evalo-
ated by the User Model to be of interest ta the user.

Find the Experts - )

In this applicatior, expert nsers are located who meet a
patticular information or product need of the user, Expert
users are users whose User Mode] indicates a hiph degree of’
interest in the information need of the vser. The information
need is expressed as a document or product that the vser
identifies as representing his or her need. In this context, a
dacmment may be a full document, a document excarpt,
including paragraphs, phrases, or words, the top result of a
search hased an a user query, or an email message requesting
help with & particular subject. From the pool of potential
experts, User Models are applied to the document or prod-
uet, and vsers whose probability of interest in the docoment
or produci exceeds a thresheld level are considered expert
users.

The pool of experts 15 specified either by the nser or in the
system. For example, the pool may include all company
employees or users wha have previously agreed to help and
advise other users. When users request expert advice about
a particular product, the expert may he chosen from the
product mannfaciurer or from nsers who have previously
purchased the product, or from users participating m dis-
cussion groups about the produst.

A protacal for linking users and identified experts is
defermined. For example, the expert receives an email
message requesting that he or she coptact the user in need of
agsistance. Alternatively, all user needs sre organized in a
taxenomy of advice topics, and an expet searches for
requests associated with his or her topic of expertise.

Personal News .

This applicaticn, also Xnown as personal pushed infor-
mation, uses the personal crawler illustrated in FIG. 18.
From &ll documents collected within a recent time period by
the user’s crawler or user's clusters” crawlers, the most
interesting ones are chosen according fo the User Model.
Collection scurces may also be decuments obtoined from
news wires of actions of other users. Documents are, sent 10
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the user in any suilable manner. For example, users receive
email messages containing URLs of interesting pages, or
links are displayed on a personal weh page that the user
visits.

Personalization Assistant

- Ustng, the User Model, the Personalization Assistant can
transform any services available on the web into personal-
ized sarvices, such as shopping assistants, chatting browsers,
or matchmalking assistants.

Document Bammete:

The document barometer, or Pape-O-Meter, application,

illustrated in FIG. 21, finds the average interest of a large
group of users in a document. The barcmeter can be used by
third parties, such ag markeling or public relations groups, to
analyze the interesl of user proups in seis of documents,
advertising, or sites, and then modify the documents or
target advertising at particular user groups. The application
can instead report a score for a single user's interest in a
dacument, allowing the nser to determine whether the sys-
tem is properly evaluating his or her inierest. If not, the vsar
. can make user modification requests for individual elements
of the User Model. From individual and average scores, the
application determines a specific user or users interested in
the document.

Referring to FIG. 21, a document 220 is parsed and
analyzed (222) and then evaluated according to a sef of N
. User Models 224 and 226 through 228. N includes amy
number greater than. or equal to ane. The resulting scores
from all User Models are combined and analyzed in step
230. In one embodiment, the apalysis locates users haviog
* maximum interest in document 220, or interest shove a
thrashold level, and returns a sorted-list of interested wsers
(232). Altematively, an average score for document 220 is
caleniated and returped (234). The average score may be for
all users or for users whose interest exceeds a threshold
imterest level. The range of interest levels among all vsers in
the group may zlsa be repored. -

An analogous product barometer calculates user interest
in a princt. The product barometer computes a score for an
individual user or group of users, or identifies nsers having
an interest in a product that excesds a threshold level. Third
party organizations user the product barometer to tarpet
marketing efforts to users who are highly likely o be
interested in particular products.

3D Map
F1G, 22 illustrates 4 three-dimensional (3D) map 240 of
_the present invention, in which rectangles represent docu-
ments and lines represent hyperlinks hetween documents. A
nger provides a set of hyperlinked documemts, and each
document is scored according to the User Model. An image
of 3D map 240 3s returned ta the user. 3D map 249 contains,
for each document, a score reflecting the probability of
interest of the wser in the document.

Praduct Recommendations

"A user’s online shopping experience can be personalized
by making nse of the user’s overall produet score described
ahove, P(uld, product described=p). Products that are of high
interest to the user are suggested to him or her for purchase.
When & user requests information for a specific product or
purchases a produet, related products are suggested (up-
sell). Related product categories are predetermined by a
“human, but individual prodocts within related categories are
evaluated by the User Mode] before being suggested to the
nser, The related products are given 10 the ussr in a list that
may conlain images, hyperlinks to documents, or any other

10
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suitable information. For example, when a wser purchases a
server, a list of relevant backup tapes are suggested to him
or her for purchase. Suggested products may have festure
values fhat are known 10 be of intersst o the user, or may
have been purchased by other members of the user's cluster
wha also purchased the server. Related product suggestions
may be made at any time, not only when a user purchases or
requests information about a particular product. Suggested
pinducts may be related to any previonsly purchased pmd—
uels.

Similarly, competing or cnmparable products are sng-
gested to the nser (cross-sell). When the user browses pages

- of a particular product, or begins to purchase a product,
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products within the same product category are evaluated ta
estimate the user’s mterest in them. Products that are highly
interesting to tho user are recommended. The user mighe
intend to porchase one product, but be shown products that
are more usefil or interesting fo him cr her

It wilt be clear to one skilled in the art that the above
emhodimenis may be altered in many ways without depart-
ing from the scope of the invention. Accordingly, the scope
of the nvention shonld be detenmined by the following
claims and their legal equivalens.

What is claimed is:

1. A computer-implementad method for providing avto-
matie, personahzed information services to a user u, the

. methed comprising:

a) transparently monitoring uset interactions with data

while the vser 15 engaged in normal nse of a computer;

* b} updating nser-specific data files, wherein the user-
specific data files inclwde documents of interest to the
wser 1 and documents that are not of interest to the vser
LY

) estimating parameters of a learning machine, wherein
the parameters define a User Model] specific to'the user
and wherein the parameters are estimated in part from
distinet freatment of the dacuments of interest and the
documents that are not of interest;

d) analyzing a document d having multiple distinct media

_ types to idenlify properties of the document; -

) eslimaling a probability P(uid) that an unseen docament
d is of interest io the vser 1, wherein the probability
P(ukd) is estimated by applying the identified propertics
of the dogument to the Jearning machine having the
parameters defined by the User Model; and

f) using the estimated probability to provide automatic,
personalized informatian services to the usen

2. The method of elaim 1 wherein transparently monitor- .

ing user interactions with data comprises moaiioring mul-
tiple distinct modes of user interaction with network data.

3. The method of claim 2 wherein the multiple distinct
modes of user interaetion comprise s made selected from the
group consisting, of a networlr searching mode, a network
navigatian mode, a network browsing mode, an email read-
ing mode, an email writing mode, a document writing mode,
a viewing “pushed” information mode, a finding expert
advice mode, and a produet purchasing mode.

4. A camputer-implementsd method for providing auto-
matic, perscnalized information services to a uger u, the
method comptising:

&) transpazently monitoring multiple distinct modes of
uset interaction with network daia while the user is
engaged in normal use of a computer, the multiple
distinct modes of wser interaction selected from the
group consisting of a network searching mode, 8 net-
work navigation mode, a network browsing mode, an
email reading mode, an emnail writing mode, a docn-
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ment writing ‘mode, a viewing “pushed” nformalion.
mode, a finding expert advice mode, and a product
purchasing mode;

b} vpdating user-specific data files, wherein the user-
specific data files comprise the monitored vser interac-
tions with the data and a sel af documents associated
with the user;

) estimating parameters of a learniog, machine, wherein

~ the parameters define a User Model specific to the user
and wherein the parameters are estimated in part from,

. the user-specific data files;

d) analyzing a document d to identify properties of the
docurment;

€) estimating a probability P(uid) that an unseen documesnt
d is of interest to the wser u, wherein the probahility
P(uld) is estimated by applying the identified properties

_of the document fo the leaning machine having the
parameters defined by the User Model; and

1) using the estimated probability to provide autematic, '

persenalized infomation services to the user.

5, A computer-inxplemented method for providing aute-
matie, persunaﬁzed information services 10 = oser u, the
method comprising:

a) transpazently mnmtonng; uger interactions w;th data

while the user is engaged in normal use of a compuier;

b} updating user-specific data files, wherein the user-
specific data files comprise the monitored user interac-
tions with the data apd a set of docuraents associated
with the user;

¢) estimating parameters of a leaming machine, wherein
the parameters define a User Model specific 1o the user

-and wherein the parameters are estimated in part from
the wser-specific data files, and in parf from product
parameters characterizing a product p;

J} apalyzing a document d to identify properties of the

 document; ] '

) estimeiing a probability P{ukd) that an ungeen document
d is of interest to the wser v, wherein the probability
P(uld) is estimated by applying the identified properties
of the document {o the learning machine having the
parameters defined by the User Maodel, and the product
parameters including an estimate of'a pmbqblhtv P(pl::l)
that unseen document d refers to product p; and

) nsing the estimated probability to provide automatic,
‘personalized inforiation services to the user.

6. The method of ¢laim 5 further comprises updating the
product parameters based on the identified properties of
document d and the estimated probability P(pid)

7. The method of claim § further comprising initializing
the product parameters based upon a set of documents
associated with the produst p.

B. A computer-implemented method for providing auto-
matie, personalized Information services to a user u, the
method compuising: :

a) wansparently monitoring user interactions with data

while the user is engaped in normal use of a computer;

b) -updating vser-specific data files, wherein the user

_ specific datu files comprise the monitored user interac-
licns with the data and a set of documents associated
with the user; ’

c) estimating parameters of 1 leaming machine, wherein
the paranteters define a User Model specific to the user
and wherein the parameters are estimated in part from

- the vser-specific data-files and the pammeters further

- define a user product probahility disteibution that P{phs)
representing mterests of the user 4 in vadons products
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p; and a vser product feature probability distibution
P(flu,p) representing interests of the user u in various
products p,

d) analyziog a document dto ldentlfy properties of the
document;

e) estimating a probability P{ukl) that the unseen decu-
ment d is of interest to the user u, wherein the prob-
ability P(uld} is estimated by applying the identified
properties of the decument 10 the learning machine

- having the parameters defined by the User Mode], and
defined by an estimated probability P(uid, product
described=p) that a document d that describes a produet
p is of inferest to the user v, wherein the probability is
estimated in part from the user product proability
distribution and the user product feature probability
distribution; and -

f) using the estimated probability to provide automatic,
personalized information services to the user.

9. The method of claim & further comprising recommend-
ing products to the user based cn the probability Pluld,
product described=p).

10. A computer-implemented method for providing aulo-
matic, pﬂrsnna]ized information services to a user u, the
methud comprising:

a) transparently monitaring user interactions with data

while the user is enpaged in nomnal wse of a computer;

b) updating user-specific data files, wherein the vser
specific data files comprise the monitored user interac-
tions with the data and a set of documents assm::ated
with the user;

¢) estimating, parameters of a leammg machine, whermn
the parameters define a User Model specific to the user
and wherein the parameters are estimated in part from
the user-specific data files;

d) crawling network documents, wherein the crawling
comprises parsing crawled documents for hnks, celeu-
lating probable nser interest in the parsed links nsing
the learningrnachine, and preferentially following tinks
likely to be of interest {0 the user u;

e} analyzing a document ¢ to identify properties of the
document;

1) estimaling a probability P(uid) that the unsees docu-
menf d is of interest to the vser u, wherein the prob-
ability P(uld) is estimated by applying the identified
properties of the document §0 the leaming machine
having the parameters defioed by the User Model; and

g) using the estimated probabilily to provide sutematic,
personalized informatton services to the user.

11, The method of claim 10 wherein the identified prop-
erfies of the document d comprise a user u-independent
property selected from the group consisting of:

a} a probability P{t,d) that the dociment d 15 of mnterest to

users interested in a fopic 6 . )

b) a topic classifier discrete probability distribution P(td);

c) a product mode] discrete probability distribution P(pld);

d) product feature values extracted from the document d;

e} an awuthor of the document d;

f] an age of the document 4

£) a list of documents linked to the document d;

h) a language of the document d;

i} a oumber of vsers wha have accessed the document d;

i} & number of users who have saved the document d in a
favorite document list; and

k) a list of users previously imterested in the docement d,
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