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7 .  ABSTRACT

A mcthod for providing antomatic, personalized infommalion
services 1o a computer user includes the following steps:
transparently menitoring user interactions with data during
narmal use of the compuler; updating wser-specific data files
incloding a set of userrelated documents; estimaling param-
eters of a learning machine that define a User Model specific
to the user, using the user-specific data files; analyzing a
document to identify its propertics; estimating the probabil-
ity that the user is interested in the document by applying the
document properties (o the paramsters of the User Model;

and providing porsonalized services based on the estimated

probability. Personalized services include persanalized
searches that relurn onby documents of inlerest fa the user,
personalized crawling for maintaioing an index of docu-
ments of interesi to the user; personalized navigation that
recommends interesting documents that are hyperlinked 1o
documents currently being viewed; and personalized news,
i which a thied parly server customized its interaclion with
the user. The User Model includes contimmally-updated
measures of user interest in words or phrases, wehb gites,
topics, products, and product features. The measures are

5,933,827 A 1990 Cols el al. ... wer TO7AQ updated based on both positive examples, such as docu-
5,964,839 A * 10/1999 Johnson ef al, 709224 ments the user bookmarks, and wegalive examples, such as
SO83,214 A 1171999 Tang et al. - T0Hl geprch results that the user does not follew. Users are
5991735 A < 1171999 Gerace ......... e T05/10 clustered into groups of similar nsers by calculating the
. 5099975 A 1%1999 Killaka et 8l. . R e betwoon User Models. |
6,000,218 A * 121999 Bresse ef al, cwuvicininn 7073
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Informative Word/Phrase List

Last Access MNumber of

Vegan 0.86 3/6/2000 12:22:41 173
Parasail 0.72 4/15/2000 18:51:27 220

Fig. 44

- . Web Site Distribution

Site ID Site , Last Access ~ |Number of
e Probability Time Accesses

Therring.com 0.61 5/1/2000 19:15:21 152
Java.com - 0.43 4/24/2000 3:16:18 460

Fig. 4B

User Topic Distribution

Topic - Last Access - |Number of
Probability Time Accesses

Computers | Industries 0.6 12/2/1999 1:21:22 74
Publishing Industries 0.31 1/2/2000 6:25:31 62

Fig. 4C

TopicID | Topic Parent
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Product Tree
Depth | Product | Number of .
Product ID Level | Parent ID Children Children
. | Consumer Digital Cameras,
Cameras 3. Electronics 2 Webcams
Consumer 5 To 3 CD Players, Cameras,
Electronics P ' Persanal Minidiscs
Fig. 11 -
Product Feature List
Product D Feature Value
Sony CDP-CX350| Brand Sony

Sony CDP-CX350{ CD Capacity | 50 Discs or Greater

Sony CDP-CX350]Digital Qutput Optical

Fig. 124

Product Feature Value I ist

Feature : Value

Digital Output Coaxial and Optical

Digital Output Coaxial
Digital Qutput| . Optical

Digital Qutput | No

Fig. 12B
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User Site Candidate Table
) Number of | Last Access
Site Nme | Access Time
' : 51272000
www.herring.com 157 1437-21
5/12/2000
ww.mweom | 162 15:08:21.
Fig. 154
User Word Candidate Table .
Word ID Word Spelling | Word Spelling gr‘;gi 'L?"t};";f:ess
. 4/16/200
Cytochrome Cytachrome Cytocrome 067 ] 7.10:01
|Hyperbilimbinemia Hyperbilirubinemia H)fperbilirubcnema 0.58 41%7{??4020
Fig. 15B
User Recently Purchased Products
Product 1D Parent | purchase Time Purchase Source
Node
Panasonic | o '
SI.-502 Discmans SIIIQOOO 16:01:04 ebyweb.com

VMES00A

Hitachi Camcordersl 5/3/2000 18:19:21)  supremevideo.com

. Fig. 16
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AUTOMATIC, PERSONALIZED ONLINE
INFORMATION AND FRODUCT SERVICES

CROSS-REFERENCE TO RELATED
APPLICATIONS

This application claims the benefit of U.S. Provisional
Application No. 60/173,392 filed Dec. 28, 1999, which is
herein incorporated by reference,

FIELD OF THE INVENTION

This invention relates generally o methods for personal-
izing a user’s interaction with information in a computer
network, Mare particularly, it relates to methods for pre-
dicting wser interest in decuments and products using a
leaming machioe that is continvally updated based on
actions of the nser and similar users,

BACKGROUND ART

The amounl of static and dynamic information available
today om the Tntemnet is staggering, aod continues to grow
exponentialty. Users ssarching for information, news, or
products and services are quickly overwhelned by the
volume of information, much of i1 useless and uninforma-
tive. A variety of techniques have been developed to orga-
nize, filter, and search for mformation of interest to a
particnlar user. Broadly, these methods can be divided into
information filtering tcchnigues and collaborative filtering
techniques. .

Information fillering technigues focus on the analysis of
flem content and the development of a personal user 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 documents are charactor-
ized and compared with the user profile. For example, U.S.
Pat. No. 5,933,827, issued ta Cole et al, discloses a system
for identifying new web papus of interest to 2 user. The user
is characterized simply by a set of categories, and pew
docuinents are categorized and compared with the user’s
profile. U8, Pat. Nao, 5,999,975, issusd w0 Kittakz et al.,

- describes an online information providing schere that char-
acterizes users and documents by a set of attributes, which
are compared and updated based on user selection of par-
ticolar doctments. U.S, Pat. No. 0,006,218, issued (o Brecse
¢1al., discloses a method for retreving information based on
a usee’s knowledpe, in which the probabilily that a user
already knows of a document is caleutated based on uvser-
selected parmeters or popularity of the document. U.S. Pal.
No. 5,754,939, issued (o Herz et al,, discloses a methad for
identifying objects of interest to a ussr based on stored user
profiles and target object profiles. Other lechniques rate
documents using the TFIDF (term frequency, inverse docu-
ment frequency) measire. The vser is represented as a vector
of the most informative words in a set of user-associated

“documents. New documents are parsed to obtain a list of the
most informative words, and this list 1s compared to the
user’s veclor lo determine the user’s interest in the new
dgcument.

Existing information filtering techmiques suffer from a
number of drawbacks. Information retrieval is typicelly a
two step process, collection followed by flterng; informa-
tion filtering techniques personalize only the second part of
the process. They assume that each user has a persanal filter,

. and that every network document s presented fo this filter,

This assumption is simply impractical given the currexnl size
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and growth of the Inlernet; the number of web documents is
expected to reach several billion in the mexi few years.
Furthermore, the dynamic nature of the documents, ¢.g.
news sites that are continually updated, makes collection of
docyments to be filiered later a challenging lesk for any
system. User representaiions are also relatively limited, for
example, including only 2 list of icfermative words or
products or user-chosen parameters, and uss only 2 single
mode of interaction to make decisions about different types
of documents and interzction modes. In addition, informa-
ficn fltering techniques typically allow for extremely primi-
tive updating of a user profile, if any at all, based on nser
feedback to recommended documents, As a vser’s interests
change rapidly, most systems are incapuble of providing
sufficient personalization of a user's experience.

Collaborative filtering methods, in contrast, build data-
bascs of user opinions of available items, and then predict a
user opinion based on the judgments of similar users.
Predictions Lypically requirs offline data mining of very
larpe databases lo recover association mtles and paiterns; &
significant amount of zcademic and industrial yescarch is
focussed on developing more efficient and acourale data
mining (echntques, The earliest coliaborative filtering sys-
tems required explicit ralings by the users, bul existing
systems are implemenied without the user’s knowledpe by
observing user actions. Ratings are infersed from, for
example, the amount of fime a user spends reading a
document or whether a user purchases a particplar product.
For example, an awlomalic personalization method is dis-
closed in B. Mobasher ef al., “Aulomatic Personalization
Through Web Usage Mining,” Technical Repoct TR92-010,
Department of Computer Science, Depaud University, 1999
Log files of documents requested by users are analyzed to
determine usage pattemns, and online recommendations of
pages to view are supplied to users based on the derived
patiemns apd ofber pages viewed donng the current session.

Recently,-a significant oumber of web sites have begun
implementing collaborative Bltering techniques, primarily .
for iocreasing the number and size of customer purchases.
For example, Amazen.com™ has a “Customers Who
Bough!” feature, which recommends books frequently pur.
chased by customers who slso purchased a selected book, or
authors whose work is frequently purchased by cuslomers
who purchaszd works of 4 selected author. This feature uses
a simple “shopping basket analysis™; items are considered to
be related only if they appear together in a virval shopping
basket. Nel Perceptions, an offsheot of the Grouplens
project at the University of Minnesola, 13 a company that
provides collaborative filtering to a prowing number of web
sites based on dala mining of server logs and customer
fransactions, pecording o predefined cusiomer and product
cluslers.

Numerous patents disclose improved collaborative Alter-
ing syslems. A method for dtem recommsndation based on
antomated collaborative filiering is disclosed in U.S. Pat.
No. 6,041,311, issued to Chislenka ef al. Similarity factors
are maintained for nsers and for items, allowing predictions
based oo opinions of ather users. In an extension of standard

- collaborative filtering, ilem similarity factors allow predic-

60

tions (o be made for a particular item that hag not yet been
rated, but thal is similar 10 an ilem that has heen rated. A
method for determining the best advertisements to show to
uscrs is disclosed in U5, Pat. No. 5,218,014, issued to
Robinson. A user is shown a particular advertisernent based
oo the response of a comomuity of similar users to ‘the
particular adveitisement. New ads are displayed randomly,
and the cororunily faterest is recorded if enough users click
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3
on the ads. A collaborafive filtering syslem using z belief
network is disclosed in U.S. Pat. No. 5,704,317, issued ta
Heckerman et al., and allows automatic clustering and use of
nop-sumeric attribute values of items. A multi-level mind-

pool system for collaborative filtering is disclosed in UG,

Pat. No. 6,029,161, issned to Lang et al. Hierarchics of users
are penerated containing clusters of wsers with similar
properties.

- Collaborative filtering methods alsa snffer from a number
.af drawbacks, chief of which is their inability 1o rate content
of an item or incorporate user confext. They are based only
an user opinions; thus an ifem that has never been rated
cannol be recommended o1 evalnated. Similarly, chacure
items, which are rated by only a fow users, are unlikely to
be recommended. Furthermore, they require storage of &
profile for every flem, which is unfeasible when the items
are ‘web pages, New items canmot be automatically added
into the database, Changing patterns and associalion rules
are not incorporated in real Hime, since the data mining is
performed offline. In addition, user clusters are also statlic
and cannot casily be updated dynamically, -

Combinations of informatieo filtering and collabarative
filtering techniques have the potential to supply the advan-

- tages provided by both methods, For example, U.S, Pat, No.
5,867,799, issued o Lanp ¢t al, discloses an information
filtering method that ineorporates both content-based filier-
ing and collaborative filtering. However, as with content-
based methods, the method mequires every document ta be
filtered as it amives from the network, and also requires
storage of a profile of each documeat, Both of these requice-
ments are unfeasible for realistically large numbers of docu-
menis. An extension of this wethod, described in U.S. Pat.
No. 5,983,214, also to Lang et al,, obscrves the actions of
users on content profiles representing information eatibies.
Incarporating collaborative information requires that other

‘users have evaluated the exact content profile for which 2
rating is needed, -

In summary, none of the existing prior art methods
maintain an adaptive content-based model of a user that
changes based on wser bebavior, allow for real-time wpdating
af the model, operale during the collection stage of infor-
mation retrizval, can make recommendations for items or
documents that have never heen evaluated, or model a user

- bascd on different modes of interaction.

OBIECTS AN ADVANTAGES

" Accordingly, it is 4 primary object of the present invention
to provide a methed of personalizing user interaciion wih
networiy documents that mainieins an adaptive content-
based profile of the user.

It is another abject of the invention to incorporate into the
profile user behavior during different modes of inleraction
with information, thus allowing for cross-ferfilization.
_ Learning about the wser interests in one mode benefits all
ather modes, |

It is & further object of the Invention to provide a methad
that jointly modelis the user’s information needs and product
needs 1o provide stronger performance in both moedes.

It is an additional object of the invention lo provide a
. method thal personalizes both the collection and Ghering
stages of information retrieval o manage efficiently the
enormous aumber of existing web documents.

1 is another abject of the invention 1o provide a method
for predicting user inlerest in an item that incorporates the
opinions of similar users withont requinng storage and
maintenance of an ilem prafile, ’
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It is a Furher object of the invention to provide an
information personalization method that models the nser as
1 function independent of any speeific represcatation or data
struciure, and represents the user interest in a document ar
product independently of apy specific user information need.
This approach enables the addition of pew knowledge
sources into the user model.

It is an additionnl object of the presen! invention 1o
provide 3 method based on Bayesian statistics that updaies
the user profile based on both nepative and positive
cxamples, .

Iris a further object of the jnvention to model products by
apafyzing all relevant knowledge sources, such as press
releases, reviews, and articles, so that a product can be
reepmmended even if it has never been purchased or evalu-
ated previously. .

SUMMARY

These objects and advantages are attained by a computer-
implemented method for providing autamatic, personalized
information services o a user. User interactions with a
computer are transparently monitored while the user is
engaged in Dormal use of the computer, znd monitored
interactioms are nsed to update user-specific data files that
include a set of documents associated with tbe user. Param-
efers of a learning machine, which dofine a User Modsl
specific to the user, are estimated from the user-specific data
flles, Documents that are of interest and docnments that are
nol of interest to the vser are treated distinetly in estimating
the parameeters. The paramelers are used o estimate a
probability P(ukd) (hat a document is of interest to the user,
and ihe estimmaled probabilily s then used to provide per-
sonalized informution services to the user.

The probability is estimated by analyzing properties of (he
document and applying them o the leaming machine, Docu-
ments of mulliple distine! media types of analyzed, and
identified properties include: the probability thal the docu-
ment is of interest to vsers who are inferested in particular
topics, 2 lapic classifier probability distributiorn, a product
model prabability disiribution, product feafure values
extracted from the document, the document author, the
document age, a list of documents linked to the document,
the docurnent language, number of users who have aceessed
the document, number of users who have saved the docu-
ment in a favorite document list, and a list of users previ-
ously interested in the docnment, All properties are inde-
pendent of the particular user. The product madel probability
distritution, which indicates the probability that the docu-
ment refers to particular products, is obrained by applying
the document properties lo a product model, a learning
machine with product parameters characlerizing particular
products. These praduct parameters ars themselves updated

based oo the document properlies and on the producl model |

probabitity distribution, Product parameters ar¢ initialized
from a set of documents associated with each product.
User inleractions are monitored during multiple distinet
modes of user interaction with network data, including a
network searching mode, network navigation mode, nel-
work browsing mode, amail reading wode, email writing
mode, docnment wriling mode, viewing “pushed” informa-
tton mode, finding expert advice mode, end product pur-
chasing mode. Based on the moniiored inlezactions, param-
efers of the learning machine are updated. Learming machine
parzmeters define various user-dependent fictions of the
User Madel, including a user topic probability distribition
representing interests of the user in various topics, a user
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pmduct probability distibntion representing interests of the
wser in various praduets, a user product featore probability
distribulion representing inlerests of the user in various

featnres of each of the various preducts, a web site prab- -

_ ability distribution representing interests of the user in
various web sites, a cluster probzbility distribution repre-
senfing similarity of the user to users in vardous clusters, and
a phrase model probability distribution representing infer-
esis of the wuser in various phrases. Some of the user-
dependent funclions can be represented as information
theory based measures represeniing mumal information
between the user and either phrases, topics, products, fea-
tures, or web sites, The product and feature disiributions can

-ajso be used to recommend products to the user.

The User Model is initialized from documenis provided
by the user, a web browser histery file, a web browser
bookmarks file, ratings by the user of a set of documens, or
previous product purchases made by the vser. Altsrnatively,
the User Model may be initialized by selecting a set of
predetermined parameters of a prototype user selected by the
wuser. Parameters of the prolotype user are updated based an
aclions af users similar to the proloiype user, The User
Mode] can be modified based on User Model modifieation
requests provided by the user In addition, the user can
temporarily use a User Model that is built from 2 set of

- predetermined parameters of a profile selecled by the user.

Distances between users are calculated io determine simi-
Tar users, who are clustered into clusters of similar users.
Parameters defining the User Madel may include the calcu-
Tated distances between the User Model and User Models of
users within the usec’s cluster. Users may alsa be chustered
based on caleulated relative ontropy values between User
Models of multiple users.

A number of other probabilities can be calenlated, such as
a posterior probability P(ekl,q) fhat the document is of

interest lo the user, given a search query submitied hy the .

user. Estimating the posterior probability includes estimat-
ing a probability that the query is cxpressed by the user wilh
an information need contained in the docement. In addition,
the probability F(uld,con) that the document is of interest to
the user during a curent inferaciion session can be calcu-
lated. To do s0, P{u,conld)/P({conld) is calcnlated, where con
represents a sequence of imteractions during the current
interaction session or media content currently marked by the
mser. Aposterior probability P{uid,qcon) that the document
is of interest to the wser, given a search query submitled
dueing a curtent jnlerastion session, can also be calculated.
‘A variety of personalized information services are pro-
vided using the estimated probabilitics. In one epplication,
network documents are crawled and parsed for links, and
probable interest of the user in the links is caleulated using
the learning machine. Links likely ta be of interest i the
nser are followed. In another application, the vser identifies
a document, and a score detived from the estimated prob-
_ ability is provided to the wser. In an additional spplication,
the user is pravided with a three-dimensional map indicating
wser inerest in each docwment of a hyperfinked document
. collection. In a further application, an expert nser is selected
from a group of usors. The expert vser fas an expert User
Moadel that indicates a strong interest in a document asso-
ciated with a particular area of expertise. Another applica-
ticn inchides parsing 2 viewed document for hyperlinks and
separately estimating for each hyperlink a probability that
the linked document is of interssi to the user. In a furiher
application, user interest information derived from the User
IModel 1s sent to a third party web server thal then custom-
izes ils interaction with the user. Finally, a set of users

10

15

20

25

30

A5

43

45

50

55

US 6,981,040 B1

6

interested in a document i ideotified, and z range of
interests for the identified useis is calculated.

BRIEF DESCRIPTION OF THE FIGURES

FIG. 1 is z schematic diagram of 2 computer system in
which the present fnvention is implemented.

FIG. 2 is a block dizgram of z method of the present
invention for providing personalized prodict and informa-
tion services to a user.

FIG. 3 is a schematic diagram of knowledge sources used
s inputs to the User Model and resulting cutpuis.

FIGS. 4A—4E illustrate tables that store different ecnmpo-
nents and parameters of the User Meodel.

FIG. 34 illustrates a cluster tree containing clusters of
nsers similar to a particular nser.

FIG. 58 is a table that stores parameters of a vser clester
Lree. .

FIG. 6A illustrales a preferred cluster tree for implement-
ing fuzzy or probabitistic clustering,

FIG. 6B is a table that stores parameters of a user fuzzy
cluster free.

FIG. 7 fllustrares a portion of 2 topic tres,

FIG. 8 75 a table that stores nodes of the tapic tres of FIG,

7 :

FIG. ¢ is a table that stores lhe names of cluslers having
the most interest in nades of the topie tree of FIG, 7, used
to implement (he lopic experts model.

. FIG. 10 illustrates a portion of a produst tree.

FIG. 11 is a fable thal stores podes of the product tree of
FIG. 10.

FIG. 12A is a table that stores feature values of products
of the yroduct tree of FIG. 10.

FIG. 128 is a table that stores potential vatues of product
features associated with inlermediate nodes of the produet
trec of FIG. 10,

FIG. 13 is a schematic diagram of Ihe method of initial-
izing the User Modsk

FIG, 14 illusiraies the user recently accessed buffer, which
records alf wser interactions with doenments.

FIG. 15A i5 a tabls for storing sites that are candidates 1o
inciude in the user site distribution, -

FIG. 15B is a table for atoring words that are candidates
to include in the user word distribuliap,

EIG. 16 iz a table that records all preduets the wser has
purchased,

FIG, 17 is a schematic diagram of the method of applying
the User Model to new docoments 10 cstimaic the probahil-
ity of user interest in the docement.

FIG. 18 is a block disgram of the personal crawler
application of the present invention.

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

FIG. 2% is a block diagram of the persomal navigation
application of the present invention.

-FIG. 21 is a block disgram of the docnment barometer
application of the present invention,

FIG. 22 is g schematic diagram of the three-dimensianal
map application of the present invention.

DETAILED DESCRIPTION

Although the following detailed” description contains
many specifics for the purposes of illustration, anyone of
ordinary skiil in the art will appreciale that many variations
and altetations to the following delails are withia the scope
of the invention. Accordingly, the following preferred
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cmbodiment of the invention i sel farth without any loss of
generality to, and without unposmg limitations wpon, the
claired invention.

The present inventivm, referred (o as Personal Web, pro-
Yides automatic, personalized information and product ser-
vices to 2 computer astwork user. In paricular, Personal
Web is 4 user-confrolled, wel-centcic service that ereates for
cach user a personalized perspective and the ability to find

" and conneet with information on the Intemet, in compuiter
networks, and from human experts that best matches his or
her interssts and needs. A computer system 14 implementing
Personal Web 12 is illusirated schematically in FIG. L.
Personal Web 12 is stored on 2 egatral computer or server 14
on a computer network, in this case the Inbernef X6, and
interacts with client machioes 18, 20, 22, 24, 26 via client-
side software. Persanal Web 12 may also be stored on mare
than one central computers or servers that interact over the

 network. The client-side scitware may be part of 2 web
browser, such as Netscape Navigator or Microsoft Internet
Explores, configured ta inferact with Personal Web 12, or it
may be distinet from bui interacting with a client browser.
Five clienl machives are illustrated for simplicity, but Per-
spnal Web 12 is intended to provide personalized web
services for a large number of clients sinultaneously. -

For all of the typical inferactions that a user has with o
computer network, such as the world wide weh, Personal

Web 12 provides a personalized version. Personal Web 12
stores for each user a User Model 13 that is contnuously and
transparectly updated based on the nser’s interaction with
the network, and which allows for personalization of all
interaction modes. The User Madel represents the vser's
informetion and produet interests; all information that is
presented to the user has been evaluated by the User Model
i be of interesl ta the user. The User Model allows for cross
fertilization; that is, information that is learned in one mode
of interaciion is used to improve performance in all modes
of interaction. The User Model is described in detsil below.

Five examples of personelized inferaction modes pro-
vided by the present invenlion sre illusiraled in FIG. 1.
However, it is (o be undersiood that the present invenlion
provides Jor personalization of all modes, and that (he
following examples in no way limit the scops of the preseni
invendion, Perscnal Web is active during all stages of infor-
mation processing, mcludmg callection, retrieval, ﬁltcnng,
ranting, and query answering.

Clmnt 18 performs a search using Personal Web 12 by
submitting a guery and receiving personalized search
results. The personal search featore eoilects, mdexes, and
filters docurnems, and responds to the user query, all based
on the user profile stored in the User Model 13. For example,
the same query {e.g., “football game this weekend” or
“opera™} submsitted by 2 (eenager in Landon and au adult

. venture capilalist in Menlo Park returns different results
based on the personality, interests, and demographics of
each user. By personalizing the collection phase, the present
_mvention dees not require that all network decuments be
filtered for a particalar user, as does the prior art.

_ Client 20 browses the web aided by Personal Web 12. In
browsing mode, the contents of 3 welb site are customized
according (o the User Model 13. Personal Web interacts with

-2 coaperating web site by supplying User Model informa-
lion, and a web page anthored in a dynamic langeage {(e.z.,
DHTML) is perscnalized to the user’s profile. In navigation
mode, a personal navigation aid sngpests to the user relevant
Iinks within the visited site or owlside it given the conlext,
for example, ihe current web page and previously visited

pages, and knowledge of the user profile.

10

20

25

kil

35

a5

50

55

60

65

B

Client 22 illustrates the find-an-expert made of Perscmal
Web 12, The user supplies an expert information or product
need in the form of a sample web page or text string, and
Personal Web 12 locates an expert in the user’s company,
circle of friends, or cutside groups that has the relevant
information and expertise, based on the expert’s User Model
The located expert not only has the corect information, but
presents il in a manner of most interest 1o the user, for
example, focussing on technical rather than business details
of a product,

Clicnt 24 uses the personal pushed information mode of
Personal Web 12. Personal Web 12 collects and presents
personal information to a user based on the User Mode] 13.
The pushed information is not hmited fo a fixed or calegory
or tople, but includes any information of interest to the vser.
In communilies, organtzations, ar group of users, the pushed
Information can iacludé auwtomatic routing and delivery of

-newly created documents that are relevant {o the users.

Einally, client 26 iflustrales the product recommendation
mode of Personal Web 12, The user submils a query for
information aboul a product type, and Persopal Web 12
locates the producis-and related information thal are most
relevanl fo the vser, based an the User Model 13. As
described farther below, product information is gathered
from all available koowledge sources, such ss product
reviews and press releases, and Personal Web 12 can rec-
ommerd a product that has never been purchased or rated by
any users.

All of the above features of Personal Web 12 are based on
2 User Model 13 that represents user ierests in a docoment
or product independently of any specific user information
need, Le., not related to a specific query, The User Maodel 13
is a function thal is developed and updated using a variety
of knowledge sources and that is independent of a specific
representation or data structure. The underlying mathemati-
cal framework of the modeling and training algorithms
discussed below is besed on Bayesian statislics, and in
particular on the optimization criterion of maximizing pos-
terior probabilities. Ju this appreach, the User Model is
updated based on both positive and negative training
examples. For example, a search resuli a1 the top of the lis
that is not visiled by the user is 1 negative training example.

The User Model 13, with ils associated representations, is
an implementation of a eaming machine. As defined in the
amt, a learning machine contains tunable parameters that are
altered hased on past experience. Personal Web 12 stores
paramelers that define a User Model 13 for each user, and
the paramelers are continually updated based an monitored
user interactions while the user is engaged in normal vee of
a computer. While a specific embodiment of (he learning
machine is discussed below, it is o be understood that any
mode] thal is a leaming machine s wxlhm the scope of the
present invention.

The presen! invention can be considered to operafe in
three different modes: initialization, npdating or dynamic
learing, and application, Tn the initialization mode, a User
Model 13 is developed or irained based in part on a set of
usgr-specific documents, The remaining two modes are
illustrated in the block diagram of FIG. 2. While the nser is
engaged in normal use of a compuler, Personal Web 12
opertes in the dynamic leaming mode to iransparently
mositor user interactions with data (step 30) and update the
User Model 13 (o reflect the user’s current inierests and
nceds. This updating is performed by vpdaling a set of
user-specific data files in step 32, and then vsing the data
files to npdate the parameters of the User Model 13 in step
34. The user-specific data files include a set of documents
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and products associated with the vser, and fuonttored user
inleraciions with data. Finally, Personal Web 12 applies the
Elser Model 13 to unseen documents, which are first ana-
Iyzed in siep 34, {0 determine the user’s interest in the
document (step 38), and performs a varely of services hased

- on the predicted nser interest (step 40). In response to the
services provided, the user performs a serfes of actions, and
these aclions are in tun monitored to foriher npdaie the User
Model 13.

The following notation is used in describing the present
invention. The user and his or her associated representation
are denoted with u, a user query with @, # document with d,
a product or service with p, a web site wilh s, topic with t,
and 2 term, meaning a word or phrase, wilth w. The term
“document” includes not just texi, bul any type of media,
incloding, but not limited to, Lypertext, dalabase, spread-
sheel, fmage, sound, and video. A single docurment may have
one or muitiple distinct media lypes, Accordingly, the set of
all possible documents s 1D, the set of all users and groups
is U, the set of all products and services is B, ete. The user
information or product need is a subset of D or P. Probability
is denoled with E, and & cluster of users or of cluslers with
¢, with which funciion semsntics are used. For example,
cfc{u)) is the cluster of ¢lusiers in which the user u is a
member (“the grandfather cluster™). Note that an explicit
polation of world knowledge, such as diclionaries, atlases,
and other general knowledge sources, which can be nsed to
eslimale the various posterior probabilities, is omifted.

A document classifier is a fnsction whose domain is any
document, as defined above, and whose range is the con-
tisuaus interval [0, 1]. ¥or example, a document classifier
may be a probability that a document 4 is of inferest to'a
particular user or a group of users. Specific decurnent
clagzifiers of the present invemtion are oblained using the
User Model 13 and Group Model, The User Model 13
represents the user interest in a document independent of
any specific user informaiion need. This estimation is umiqee
1a each user. In strict mathemmatical terms, given a user v and
2 document d, the User Model 13 estimates the probability
P(uld). P(uld) is the probability of the event thal the user u
is inierested in the document d, given everything that is

" known shoul the document d. This elassifier is extended to
inctude P(uld,can), the probabilily that a user is interested in

" 4 piven document based on 2 wvser’s current context, for
example, the web pages visited during a current interaction
session. . .

The Group or Clusier Model is a funciion that represents
the interest leve] of a group of users in 2 document inde-
pendently of any specific Information need. For example, for
the proup of users ofs), lbe methematical notation of this
probebility, which is detenmined by applying the Group
Model 10 2 document d, is Pe{u)ld).

A schematic diagram of the User Model is shown in FIG.
3, which illusirates the warows koowledge sources (in
circles) used as input 1o the User Model. The knowledge
spurces are used (o initialize and update the User Model, so
that it can accurately take documents and generate vahies of
user nferest in the documents, piven the context of the user
interacticn. Note that some of the knowledge sources are at
the individnal wser level, while others refer to aggregated
data fram a group of users, while still others are independent
of all users. Also illustrated in FIG. 3 is the ability of the
User Model 1o estimate a user injercst in a given produet,
represented mathematically as the interest of a user in a
parlicular document, given that the docwment describes the
producl: P(userddocument, product deseribed=p). - As
explained furlber below, the long-ferm user inlerest in a
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product s one of meny probabilities incorporated into the
computation of user interest in all documents, but it can also
be meorporated into estimavion of a corrent user interest in
a product, :

Beginning at the bottom Jefi of FIG. 3, User Data and
Actions include all user-dependent inputs fo the User Model,
inchuding user browser documents, user-supplied doeu-
ments, othee usersupphed data, and user aclions, such as
browsing, searching, shopping, finding. experts, and reading
news. Data and actions of similar users are also incarporated
into the User Model by clustering all users into a tree af
clusiers. Cluslering users allows estimation of user interests
based on the interests of users similar to the user. Far
example, if the wser suddenly searches for information in an
arca that is new to him or her, the User Model borrows
characteristics of User Madels of users with similar inter-
ests. Topic classifiers are used to classify documents zulo-
matically imo topics according to a predefined topic tree.
Similarly, product models determine the product or product
categories, if any, referzed to by a document, Prodoct models
also extract televant feature of praducts from preduci-
relzted decuments. The topic experts input provides input of
users with 2 high interest in a particular topls, 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, thesaur, dictionaries, and atlases.

User Model Representations

Given the ipputs shown in FIG. 3, the User Model is a
function that may be implemented with any desired data
struecture and that is not tied to any specific data structure or
representalion. The following carrently preferred embosdi-
ment of absiract date structores that represent the User
Modei 13 is intended o illustrate, but not Hmit, the User
Model of (he preseat invention. Soene of the structures hald
data and knowledge at the level of individual users, while
others slore aggregaled dala far a group or cluster of users.
Initialization ol the various data structures of the User
Moedel is described in the following section; the description
below is of the stiuctures themsslves.

User-dependent inpilis are represeated by eomponents of

the User Model shown in FIGS, 4A—4E. These inpuls are
shown as tables for illustration purposes, bul may be any
suitable data structure, The user-dependent compenents
include an informative word or phrase list, a web site
distribution, & user topic distribuiion, o user product distri-
bution, and a user product feature distribution, Bach of these
user-dependent data structuzes can be thought of as a vector
of most informative or most frequent instances, along with
a measure represenling its importance to the nser.

The informative word and phrase list of FIG. 4A conlains
the most informafive words and phrases found in user
documents, along with a measure of each informative phrase
ar word'’s importance Lo the user. As used herein, an “infor-
malive phrase” includes gronps of wards that are not eon-
tignous, bat that appear logether within a window of a
predefined nmmber of words., For example, if a user is
interested in the 1999 Melissa computer virus, ihen the
informative phrase might include the words *virms,” “Mel-
issa,” “seeurily,” and “1T,” all appearing within a window of
50 words. The semlence “The computcr virus Melissa
changed the security policy of many IT departments™ cor-
respondls 1o this phrase.

In addition 1a the words and phrases, the list contains the
last access time of a documment containing each word or
phrase and the total number of aceessed documents contain-
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ingr the words. Ooe embadiment of the informative coeasure
‘is a word probability distribution P{wiu) representing the
interest of a user uin a word or phrase w, as measured by the
word’s frequency in user documents, Preferably, however,
1h¢ infornrative meastre is not simply 4 measure of the word
frequency in user documents; common words found in many
docurncnts, such as “Ioternet,” provide little information
about the particular user’s interesl. Rather, the informative
measure should be higk for words thal do not appear
frequently across the entire set of documents, but whose
appearance indicates a strong likelibood of the user's inter-
est in & document. A preferred embadiment uses the TEIDE
measure, described in Ricardo Baeza-Yates and Berthier
Ribeira-Neto, Modern Inforation Retrievai, Addisan Wes-
ley, 1999, in which TF stands for term frequency, and IDF
stands for inverse document frequency. Mathemaltically, if
i, ., denotes the frequency of the word w in user u docn-

i

‘ments, and D,, denotes the number of documents containing
the word w, then the importance of a word w to 4 user uis
proportional to the product £, . -D/D,..

A more preferred embodiment of the measure of cach

* word’s importance uses a malhematically sound and novel
implernentation based on infarmalion theory principlss. In
pacticular, the measure used is the mutwal information
between {wo random variables representing the user and the
word or phrase. Mutual information is 4 measure of the
amount of information one randorm variable contains about
another; a high degree of mutual information between two
random variables implies that knowledge of one random
variable reduces the uncertainty'in the other random vari-
able.

* Far the preseat fovention, the copcapt of murual nfor-
mation is adapled 1o apply to probability distribmions on
words and documents. Assume that there is a document in

- which the nser’s interest raust be ascertained. The following
1wo quesiions can be asked: Does the phrase p appear in the

document?; and Is the document of interest to the user u?
Intuitively, knowing the answer to one of the guestions
reduces the uncertainty in answering the ather question. That
is, if the word w appears in a different frequency in the
documents associated with the user u from its frequency in

. other documents, 1t helps reduce the uncertainty in deter-
miming ihe interest of user u in the document. -

Through the concept of mutual information, inforrnation
theory provides the mathematical toels o quantify this
iniwition in 2 sound way. For a detailed explanation, see T.
Cover and J. Thaomas, Elements of Informaton Theory,
‘Wiley, 1991. In this embodimen! of the informative mea-
sure, two indicetor variables are defined. L, has a value of 1
when the word w appears in a web document and 0 when it

_ does not, and I, has a value of 1 when a web document is of

" interest to the user n and U when it does nat. The mutual
information between 1he two random varlables I, and 1, is
defined as:

fhild= 3. 3, Pim iﬂlu&%

IwElpiyEln

The probabilities in this formula are computed over a set
of documents of interest o (he user and a set of documents
not of interest ta the nser. For example, comsider a set of 100
documents of interest to the user, and 2 set of 900 documents
not of interest to the user. Then P(i,=1)=0.1, zod P{i =0}
=0.9. Assume that in the combined set of 1000 documents,
150 contain the word “Bob.” Then P(i,=1)}=0.15, and
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P(i,,=0)=0.85, In addilion, assume that “Bob™ appears in ail
100 of the documenis of interest 1o the user. P(i, .1,) has the
following four values:

i b Plic, i)
0 ) E50/1000
0 1 s0/1000
i 1] 0/1000
1 3

10041000

Using the above formula, the mitual information between
the user and word Bob is:

Hlautt Fur) = B50/1000 I [BS0/100040.85 = 0.9)]
S0/100D log [SI/LGOMD. 15 x0.99] +
D100 Log [G/1000 (0.1 # 0.65}] +

100/1000 log [100/100/40.45 «0.1)]
=[L186.

Mutuzl information is a preferred measure for seleclmg
the word and phrase Yist for each user. The chosen words and
phrases have the highest mutual informatior.

The remainiog User Model representations are analo-

gously defined using probability distributions or mmteal |

information. The web site distribution of FIG. 48 contains
a list of web sites Favorced by the nser along with a measuve
of the importance of each site. Given the dynamic natmre of
the Fnternet, in which individual dacumenls are constantly
being added and deleted, a site is defined through the fivat
backslash (after the www). For example, the uniform
resource locator {URL) hitps/fwww. herfog.com/compamnics/
2000 . . . is coosidered as www.herring.com. Sites are
truncaled vnless a specific arca within z site is considered a

separate site; for example, wwwr.cnn.com/health is consid-’

ered to be a differcnt site than www.etn.com/us. Such
special cases are decided experimentally based on the
amount of data available on each site and the principles of
datz-driven approaches, described I Vladimir S.
Cherkassky and Filip M. Mulier, Learsing from Data:
Concepis, Theory, and Methods, in Adaptive and Learning
Systerss for Signal Processing, Commurications and Con-
trol, Simon Haykin, scrics cditor, Wiley & Sons, March,
1998. Each site has ar imporlance measure, either a discrete
probability distribution, P(sh), represénting the interest of
user u in a web site s, or the mutual information metrdc
defined above, I{I; L), representing the mutual information
between the user u and a site s. The web site distnibution alsa
contains the last access time and number of accesses for each
site. .
FIG. 4C illusfrates the user topic distribution, which
represents the interests of the user in various topics. The nser
topic distribution is determined from a hierarchical, nser-
independent tapic model, for example a topic Wrec such as
the Yahoo directory or the Open Directory Project, available
at http://dmoz.org/ Bach entry in the trec has the following
form:

Computers\internet\WWW\Scarching the
Web\Directorief\Qpen Directory Projeety

where the topis following a backslash is a child nods of the
topic preceding the backslash, The topic model is discussed
in more deiail belaw.
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For each node of the topic tree, a probability is defined
that specifies the wser interesr in the topic: Each level of the
1opic model is treated distinctly. For example, for the tap
level of the topic model, there is a distribution in which

Bl JupP{f)=1,

where t, represents Lhe top level of topics and is the same set
of topics foe cachiuser, e.g., technology, business, healih, etc.
P (t;e) is the sum pf the user probabilities on all log level
topics, For sach topic level, 1, represents specific interests of
cach user thal are nof part of 20y common Inferest tapics, for
instance family and friends’ home pages. For lower topic
{evels, every node in the tree is represented in 1he nser topic
distribution by a conditional probahility distribution. For
example, if the Technology mode splits info Inoternet, Com-
munication, and Semiconduciors, then the probability dis-
* tribution is of the form:

P(Imemet Teehnology)+P(Communicalionts, Tech-

nology)+P{Semiconcuctursks, Teu.,hnulogy_]-lP
{tw, Technology =1

Rather than probabilities, the mueal information metric
defived above moay be used; I(L; 1) represents the mutual
information between the user u and the topic L An exem-
plary data structure shown in FIG. 4C for storing the user
topic disirfbulion coniains, for each lopic, the topic parem
node, informative measure, last access timms of documents
.classified into the topic, and number of accesses of docu-
menits classified into the topic. Nole that the User Model
contains an eniry for every topic in the tzee, some of which
have a user probability or mutual information of zero.

* The user product distribution of FIG. 4D represents the
_ interests of the user in various praducts, organized in a
hierarchical, nser-independent structure such es a iree, in
which individual products are Jocated at the leaf nodes of the
tree. The product taxonomy s described in further detail
-below, The produet taxenemy Is similar to the topie tree.
Each entry in the tree has the following form:

Consumer Electronics\Cameras\Webcams\3Com Hume-r

Connect

where a product or product category following a backslash
is a child ande of a produet category preceding the back-
" slash. .

For cach node of the product madel, a probability is
defined 1hal specifies the user interest in thal parlicnfar
product or praduct calegory. Bach lsvel of the product model
is wreated distinetly. For example, for the top Ievel of the
product hierarchy, there is a disidbution in which

Plakiel,

where p; represents the top level of product catepories and is
the sexe for each user, e.g., consumer electronics, compui-
ers, software, etc. For lower product calegory levels, cvery
node in the tree is represented in the user product distdbu-
tion by a conditional probability distributién. For example,
if the Cameras node splils into Webcams and Digital Cam-
eras, then the probability distribution is of the form:

P{Webcamslw Cameras HP{Digital
erag)=1

Camerasbr,Cam-

Rather than probabililies, the mutnel information metric
defined above may be used. Then I{l,; 1) represents the
mufual information between the user v and the product or

product eategary p. An exemplary data structure for storing ¢

the user praduct disiribution ¢ontains, for each produet, the
praduct ID, product pavent nade, user probability, lasi pur-
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chase time of the product, number of product purchases, last
access time of documents related 10 the product, zad oumber
of related documents accessed.

For ¢ach producl or catepory on which the user has a
nonzero probubility, the User Model contains 4 user product

- featare distribution an the relevanl features, as shown in

FIG. 4E. Each product calegory has associated with it a list
of features, and the particular values relevant to the user are
stored along with a measure of the value’s importance, such
as a probability P(fx,p) or mutnal informalion measere I{1;
L,). For example, Webeams have a featre Interface with
possible wvalues Ethemet (10BaseT), Parallel, PC Card,
serjal, SR, and TV, Pmbablhty values of each fealure sum
to one; that is,

P(Ethcrnnm;,Int:rt'n:e,Wehnnm)-lP(Paralle!fu,[nter-
Face, Webeam)+P(P CCazdiy, Tnlerface, Webeamy
+P(scriall,[ntecface, Webram P (U5 Bl Iuter-
facs, Webcam)+P(TVIu,Interfoce, Webcam)=1.

User probability distributions or mutual information mea-
sures are stored for each featere value of each node. Note
lhat there is no user feature vatue distribution at the leaf
nodes, since specific prodocts have particular values of cach
feature, )

Finally, user-dependent components of the User Model
include clusters of users similar 1o the user. Users are
clustered inlo groups, farmting a cluster tree. One embodi-
ment of a vser chuster tree, shown in FIG. SA, hard classifies
users into clusters (hat are furtber clustered: Bach user is a
member of one and only one chister. For example, Bob is
clustered inlo a cluster c{u), which s Further clustered into
clusters of clusters, until the top level cluster is reached c{0),
The identity of (he user's pavent cluster and grandfaiber
cluster is stored as shown in FIG. 5B, and information about
the parent cluster is used as input into the User Model. As
described below, clusters are computed dizectly from User
Madels, and thus nesed mot have a predefined semantic
underpinning.

Preferably, 1be User Mode! does not user hard clustering,
but rather wses sofl- or fuzzy clustering, also known as
probabilistic clustering, in which the user belongs to more
than one cluster according to a user cluster distribution

* Ple(u)}. FIG. §A illustrates fuzzy clusters in a chister hisc-

archy. In this case, Bob belongs to four different clusters
according te the probability disiribution shown. Thos Bob is
most like the members of cluster C4, bul shill guite similar

" to members of clusters C1, C2, €3, and C4. Fuzzy clustering

35

is useful for capturing different interests of a wuser, For
example, a user may be a small business owner, a parent of
2 small child, and also an avid mountain biker, and therefore
need information for ail three roles. Probabilistic clusiering
is described indetail in the Ph.D. thesis of Steven J. Nowlan,
“Sofl Competitive Adaptation: Neural Network Learning

Aldgorithms Based on Fitting Statistical Mixtures,” School of

Computer Science, Camegi¢c Mellon University, Pittsburgh,

- Pa., 1991. A suitable data stmchre for represgnting fuzzy

an

clusters is shown in FIG. 6B, Each row stores the chistér.or
user [, one parent ID, and the cluster probability, a measnre
of similarity between the cluster or user and the parent
cluster. ‘

Note that all elements of an individual User Medel for a
user m also apply to a cluster of ‘wsers e(u). Thus for cach
cluster, a Group Model is stored containing an informative
word list, a sife distibution, a topic distribution, a grouvp
produet distribution, and a group product featre distribu-
tion, each wilh appropriale measures, For example, P(ple{1)
represents the interest of a cluster c(u) in variows producte p,




Case 1:09-cv-U0525-JJF Document 1-1  Filed 07/16/09 Page 30 of 79

US 6,981,040 B1

15
The wvser-dependent User Model representations also
inclnde a wser general information iable, which recerds
glabal infarmaltion describing the user, such as the User ID,
the oumber of pglobal accesses, the number of accesses
wilhin a recent time period, and peinters to all user data
struchires. ’
- Other knowledpe sources of the User Model are indepen-
dent of the vser and alil other vsers. Topic classifiers are used
to classify documents jnto iopics accordiag t0 a predefined
topic tree, an example of which is fllustrated in FIG. 7. A
variety of lopic Irees are available on the web, such as the
Yahoo directary or Open Directory Project (www.dmo-
z.org). Atopic classifier is a mode] similar to the user medel
that estimates the probability that a document belongs 1o a
twpic. Bvery node on the topic {ee bas a siored topie
classifier, Thus the set of ail ropic classifiers computes a
probability distribution of all of the documents in the set of
. documents I} amang the tapic nodes. For example, the topic
classifier in the roct node in FIG, 7 estimates the posterior
" probabilities P(Hd), where t represenis the topic of docnment
d and is assigned values from the sel {Arts, Business,
Health, News, Science, Souviely}. Stilarly, the topic clas-
sifier for the Business nede estimates the posterior probabil-
ity P{tid, Business), where 1 represents the specific iopic of
the document d within the Business cafegory, Mathemati-
cally, this posterdor probability is depoted P((d}
- =Business\Investing\|i{d)=Business, d), which represents the
probability that the subtopic- of the document d within
Business is [nvesting, given that the topic is Business. The
topic tree is stored as shown i FIG, 8, a table containing, for
ench node, the topic ID, depth level, topic parent [, number
- of child nodes, and 1apic 1D of the child nodes.

The topic experts model estimates the probability that a
‘document is of interesl to users who are interesied in a
particular topic, independent of any specific pser informa-
tion need, Each node of the lopic tree has, in addition to a
topic classifier, a correspending topie expert function. Note
that the topic classifier and topic expert funclion are inde-
pendent; two documents can be about investing, but onc of
high interest to expert users and the olher of no inieres! to
expert users. The lopic expert mode] can be considered an
evaluation of the quality of informaticn in a given document.
Fhe assumption 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 peneral interest level in
a document classified within the particudar topic. Obviously
there are oulliers to this assumption, for example, novice
users. However, in general and averaged across many users,
this measure is 2 good indicater of a general interest level in
4 document, For every topic in the tree, a list of the ¥
clusters with the mos! interest in the topic based on the
cluster topic distribulion is sfored. The clusier lopic disiri-
bution is similsr 1o the user iopic distribution described
abave, but is averaged over all wsers in the cluster. An
exemplary data structure for storing the fopic experts model
is shown in FIG, 9. :

Finally, a produet mode] is stored for every node of a
product taxogomy iree, illustrated in FIG. 10. Examples of
product taxonomy trees can be found at www.cnet.com and
www.productapia.com, among other locatinos. In any prod-
uct laxonomy free, the leaf nodes, i.g, the bottom nodes of
the tree, correspond to particnlar products, while higher
nodes represcnt product categories. Product models are
similar 10 topic classifiers and User Medels, and are used to
determine whether a document js relevant to a particular
produet or product category. Thus a product model contains
a Iist of informalive words, lopics, and sites. The set of all
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product models computes a probability disteibution of all of
the docurments in the set of docnments D among the product
nodes. Bor example, the product model in the root node in
FIG. 10 estimates the posterior probabilities P(pld), where p
represents the product referred to in document d and is
assipned values from the set { Consutmer Edecironics, Cam-
puters, Sofiware}. Similarly, the product model for the
Consuroer Electronics node estimaies the posterior probabil -
ity P{pid, Consvmer Electronics), where p represenis the
product category of the document d within the Consumer
Electronics category. Mathematically, this posterior prob-
abitity is denoled P{p(d)=Consumer Electronics\CD
Plavers\ip(d)=Consumer Electronics, d), which represents
the probability that the subproduct categery of the document
d within Consumer Efecironics is CD Flajers, given that the
product calegory is Consumer Electronics. The product tree
is stored as shown in FIG, 11, a table contsining, for each
node, the topic ID, depth level, topie parent I}, number of
chitd nodes, and topic ID of the child nodes.

Each node of the product ree has an associated produck
feature list, which cooiains particular descriptive features
relevant ta the prodnet or category. Nodes may have asso-
cialed feature walves; leal nodes, which represent specific
praducis, have values of all relevant product features. Prod-
uct feature lists are determined by a human with knowledge
of the domain. However, feature values may be determined
automatically form relevant knowledpe sources as explained
helow.

For exampls, in the preduct tree of FIG. 10, CD Players
is the parenl node of the particular CI¥ players Sony COP-
CX350 and Harman Kardon CDR2. The product category
CD Players has the following features: Brand, CD Cupacity,
Digital Qutput, Plays Minidisc, -and Price Range. Each
feature fias a finite number of polential feature values;, for
example, CD Capacily has poteniial feature valaes 3 Disc,
1-10 Discs, 10-50 Discs, or 50 Discs or Greater, [ndividual
products, the child nodes of CD Players, have ane value of
each feature. For example, the Sany CDP-CX350 has a 300
disc capagity, and thus 2 feature valne of 50 Discs or Greater,

Some produci featues are relevant to multiple product
categores. [n this case, produet features propagate as high
up the produet (ree as possible. For example, digital cameras
have the following praduet featwres: PC Compatibility,
Macintosh Compatibikity, Inierfaces, Viewfinder Type, and
Price Range. Webcams have ibe following product features:
PC Compalibility, Maciniash Compatibility, Interfaces,
Maximum Frames per Second, and Price Range. Common
features are stored at the highest possible node of the troe;
thus features PC Compatibility, Macintosh Compatibility,
and Interfaces are stored at the Cameras node. The Digital
Cameras node stores only product featzre Viewfinder Type,
and the Webcams node stares only product Feature Maxi-
mum Frames per Second.

Nole that product feature Price Range is common to CD
Players 2nd Camerss, and also Personal Minidiscs, and thus
is propagated up the iree and stored at node Consnmer
Electronics. .

Individual products af leaf nodes inhesit relevant features
from all of their ancestor nodes. For example, Kodak CD280
inherits the feature Viewfinder Type from its parent; PC
Compatibility, Maciatosh Compatibility, and Inlerfaces
from ils grandparcnl; and Prce Range from ils great-
prandgparent. Aproduct featuee Iist is stored &5 shown in FIG.
124, and contains, for each prodict ID, the associaled
feature and ils value, All potential feature values are slored
io a product fealure value list, as shown in FIG. 128,
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The system also jpcludes & document database that
indexes all documents . The document database recards,
far each docoment, & document T0, the full location (the
URL of the document), a pointer to dals extracted from the

" document, and the last access time of the document by any
nser, A word dalabase contains statistics of each word er
phrase from all user documents. The word database contains
the word 1D, full word, and word frequency in all doenments

D, used in caleulating informalive measures for individual
users and clusters, ’

Initialization of User Model
The User Model is initialized offiine using characteriza-
tions of user behavior andfor a set of docnmenis assaciated
with the user. Bach dafa stracture described above Is created
during initializasfon. In other words, the relevant parameters
of the learning mechine are determined during initialization,
-and then continually updated online during the wpdate 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 used to minimize network access. In Internet Explores,
these files are kmown as favorites, cache, and history files.
Most commercial browsers, such 1s Netscape Navigator,
have equivalent fonctionality;, for example, bockmarks are
eguivalent to favorites. Users denote frequently-accessed
documents as bookmarks, allowing {hem (o be retrdeved
simply by selection from the list of bookmarks, The book-
marks file includes for each lsting its creation tims, last
modification time, last-vigit ime, and other information,
Bookmarks of documeants that have changed since the last
‘wser access are preferably deleted from the set of user
documents. The Internet Temporary folder contains all of the
web pages that the aser has cpened recently (s.g., within the
last 30 days). When a user views a web page, il is copicd to
this folder and recorded in the cache file, which contains the
following fields; location (IJRL), first access time, end last
acesss time {most weent retricval from cache). Finally, the

"“hislory file contains links ta all pages that (he user has

. opened within a sgt ime perind.

Alternatively, the user sepplics a set of documents, not
included in any browser files, that represent his or her
interests, The User Model can also be initialized from
information provided directly by the user, Users may 811 oy
forms, answér questions, or play games that zscorain wset
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tions of Statistical Noural Language Processing, MIT
Press, 1999. Additional pracessing is applied ko images and
cther non-iext media 88. For example, pattern recognition
software detenvines the coofent of images, and andio or
speech recopnition software determines the content of audio.
Finally, document locations 94 are obtained. )
Parsed portions of the documents and extracied informza-
tion are processed te inifialize or update the user represen-
tations in the Uzer Model. In siep 96, user informative words
or phrases 98 are obtained from docerment words and
phrases 86. Tn one embodiment, z frequency distribution is
obtained to calenlate a TFIDF measure quantifyiag user
interest in words 98. Alternatively, mutnal information is
caleunlated between the two indicator variables I, and I, as
explained above. The sel of informative words 98 contains
waords with the highest probabilities or mulual infermation.
Instep 100, the topic classifiers are applied o all extractod

‘information and portions of documents 80 ta obtain a

probability distribution P(id) for ¢ach docwment on each
nede of the topic tree. As a result, cach node has a set of
probabilities, one for each document, which is averaged to
abiain an overall 1opic node probability. The average prob-
abilities become the imitial vser topic distribwion 102, If

desired, mutual information between the iwo indicator vari-

ables I, and I, can be determined as explained above.
Similarly, in step 104, product models are applied 1o all

* extrzeted information from documents 80 to claseify docu-
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interests and prefercnces. The uscr may alse ratc his or her

interest in a set of documents provided.
User documents are analjzed as shown in FIG. 13 to

detersmine initial parameters for the various functions 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 user and documents that are not of
inferest (o the user are analyzed and incorparaied into the
User Model. The process is as follows. I a first step 82, the
formal of docements 80 is idenfified. In step 84, docoments
B0 are parsed and separated o lexl, images apnd other
non-text media 88, and formatting. Furiher processing is
applied to the toxl, such as stemming and tokenization Lo
abtain a2 sel of words and phrases 86, and information
exteachon. Through information extraction, links 20 o other
documents, email addresses, menetary snms, people’s
pames, and company names aré oblained. Processing is
performed using natural langnage processing tools such as
Linguist¥® and keyword exiraction lools such as Thing
Finder™, both produced by Ioxight {www.inxight.com).
Further information on processmg techniques can be found
in Chrislapher I, Manning and Hinrich Schutze, Founda-
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meals according to the produci taxonomy tree. From user
purchase history 105, additional product probabilities are
obtained. Frobabilities for each node are combined, weight-
ing purchases and produoct-related dociments appropriately,
to obiain a user product distribuiion 106. Note that only
some of documents 80 contain produci-relevant information
ard are used to determine the uer product distribution 106.
Product ntodels return probabilities of zero for documents
that are not preduct related.

The user product feature distribeiion 108 can be obtained
from different sources. If a user hes a nonzero probability for
a particular product node, then the featre distribution on

that node is olzained from its leaf nodes. For example, if one .

of the yser documenis was classified into Kodale DC280 and
anoiber into Nikon Coolpix 950, then the user product
feature distribution for the Digital Cameras node has a
probuability of 0.5 for the feature valvss comesponding 1o
cach camera, Feature value distributions propagate through-
put the user product feature disteibulions. For example, if the
two cameras are in the same price rangs, $300-5400, then
the probability of the vatue $300-§400 of the fealure Price
Range is 1.0, which propagates up to the Coamsumer Elec-
tronics node (zsseming 1hat the user has no other poduct-
related documents falling within Comsumer Electronics):
Alicrnatively, product feature valne distributions are

“pblzioed only from praducts that the nser has purchased, and

dol from product-related documents in the set of user
documenls. Relevani featere values are distributed as high
up the tree as appropriate, If the user has oot purchased a
product charactesized by a parficular featnre, then that
feature has a zero probabilily. Alternatively, the user may

- explicifly specify his or her prefecred feamre values for cach

product category in the wser product distribution. User-
supplied information may also be combined with feature
value distributions obtained from documents ot purchases.

Dacoment Tocations 94 are analyzed (step 1U0Y to obtain
the user site distribution 112. Anatysis fakes inlo account lhe
relative frequency of access of the sites within a recent ime
period, weighted by factors including how mcently a site
was accessed, whether it was kepl in the favorites or
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beokmatks file, and the number of different pages from a
_ sinple site that were accessed. Values of weighting factors
are optimized experimentaily using jackknifing snd cross-
validation techmiques described in 6. Bourlard and N.
- Morgan, Conmectionist Speech Recogniton: A Hybrid
Approach, Kluwer Academic Publishers, 1994.

Mote that there is typically overlap among the different
representaiions of the User Model. For example, a pews
document announcivg the release of & new pencration of
Micresoft servers has relevant words Microsofl and server.
In addition, il is calegorized within the product taxenanry
under Microsoft sesvers and the fopic taxonomy under
computer hardware. This dopwment may affect the user’s
word list, product distribuiion, and topic distribution.

~ After the User Models are inilialized for alf users, cluster
membership can be obtained, Clusiers contain nsers with a
high dearse of similarity af inferests and information needs.
A larpe number of clusfering alporithms are available; for
examples, see K. Fulanaga, Statlstical Patern Recognition,
Actdemic Press, 1590, As discussed above, users are pref-
crably soft clustered into mare than one cluster. Preferably,
the present invention uses an algorithm based on the relative
entropy measure from infomation theory, 4 measure of the
distance hetween two probability distributions on the same
event space, described in T. Cover and J. Thomas, Efeprents
of information Theory, Chapler 2, Wiley, 1991. Clusiering is
unsupervised. That is, clusters have no inberent semantic
sigaificance; while a cluster might contam vsers with a high
inferest in mounfain biling, the cluster fres has no knowl-

" ¢dge of this Tact.

In a preferred embodiment, the relative entropy between

two User Model disirbutions on a fixed set of docoments
D, mpte 18 calenlated. D, 5 chosen as 2 pood represen-
tation of the set of all documents D. Distributions of similar
users have low relative entropy, and all pairs of vsers wiihin
a cluster have relative entropy below a threshold value. The
User Model of each user is applied to the documents to
obtain a probability of intezest of each user in each document
- in the set. The relative entropy between two ussr distribu-
tions far a singles docnment is caleulated for each document
in the sei, and then summed across all doguments.

The exact mathematical comgmtation of the relative
enirepy belween two users 18 as follows, An indicator
variable I, ,is assigned to 1 when a document d s of interest
to a user u and 0 when it is not. For iwe vsers v, and v, and
for any docwment d, tie relative entropy between the cor-
responding distributions is:

Plivral
I fuia "‘ hau) .= ; Flu)lopy Fiod

For cxample, if P(u,ld)=0.6 and P(u,ld)=0.9, thert
- Dl W 220 Tog (0.4/0.1)+0.6 log (0.5/0.9%
The relative entropy can be converted to a metric D' that
obeys the triangle inequality:
D05 (T W+ DG ).

For any two users n, and 1,, and for each document in
1, ot the metzic D' is computed between the correspond-
ing mdicator variable distributions on the document. The
values for all documenl are summed, and this sum is the
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distance melric for clustering users. This distance s defined
as:

Distance(iy, &)= . D{huay v hunay)-
=D it

An alternative clustering algorithm computes the wlative
entropy between individual user distrfbutions in the User
Model, for example, between all informative word lists, site
distributions, etc., of each user. The equations are similar to
thnse above, but compute relative entropy hased on indicalor
variables such as L., which is assigned a value of 1 when
a ward w is of interest to a vser w. The caleulated distances
between individual user distributions ga wards, sites, topics,
and products are summed to get an overall user distance.
‘This second algorithm is significantly less computationally
costly than the preferred algorithm abowe; selection of an
alparithmn depends on available computing resources, In

either case, selative entropy can also be compuied between”

a user and cluster of users.

Each cluster has 2 Group or Cluster Maodel that is anala-
gous fo a User Model, Cluster Models are generaied by
averaging sach component of its members’ User Models.
Whea fuzzy <losiers are used, componenis are weighted by
a user’s prabahility of membership in the cluster.

In some cases, inilialization is performed without any

user-specific information. A user may nat bave a large
bookmarks fle or cache, or may not want o disclose any
personel information. For such users, protokype users are
supplied. A user can chaose one or 2 combination of several
profotype User Models, such as the technologist, the arl
lover, and the sports fan. Predetexmined parameters of (he
selected prototype user are used fo initialize the User Model.
Uscrs can also opt to add only some paramelers of a
prototype user & his or her existing User Model by choosing
the prototype nser’s distribution of topics, words, sites, etc.
Note that prototype users, uniike clusters, are semantically
meaningful, That is, prololype vsers are trained on a set of
dncuments selected fo epresent a particular interest. For this
reason, prototype uscrs are konown es “hats.” as the user is
tiving on the hal of a prolotype user.
- Users can also choose profiles on a temporary basis, for
a particular session ouly. Par example, in a search for a
birthday present for his or her teenepe daughter, a venture
capitalist from Menlo Park may be interested in information
most probadly offered to teenagers, and hence may choose
a teenage girl profile far the search session,

User-indepéndent components are also imitialized. The
topic’ classifiers are trained using the set of 21l possible
documenis D. For example, D may be the documents
cJassified by the Open Directory Project fnfo ils topic tres.
Tapic classifiers are similar to a User Model, bof wilth a
unimodal topic disitibution functon (1.¢., 2 topic model has
2 topic distribution valoe of 1 for itself amd O for all other
tapie nodes). The sot of documents associated with each Jeaf
node of the tapic tree is parsed and analyzed as with the user
model to obtain an informative word list and site distribu-
tion. When a topic classifier is applied to a sew docoment,
the decument’s words and location are comparcd with the
informative components of the topic classifier to obtain
P(td). This process is further explained below with reference
to computation of P(uld). Preferably, intermedinte nodes of
the tree do not have associaled word list and site distribu-
tions. Rather, the measures for the ward list and site distri-
bution of child nodes are used as input to the fopic classifier
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of their parent nades. For example, the (opic classiier for the
Business node of the lopic ires of FIG. 7 has as ils inpnl the
sgore of the site of the document to be classified according
ta the site distributions of the topic models of its child nodes,
Employment, Industres, and Investing. The classifier can be
any non-linear classifier such as one obtained by fraining a
Multilayer Perceptron (MLFP) using jackknifing and cross-
validation techniques, as described in H. Bourlard and N.
Morgan, Connectionist Speech Recagrition: A Hybrid
Approach, Kluwer Academic Publishers, 1994. It can be
shawn that a MLP can be trained to csftimate posterior
probabilities; for details, see I, Herlz, A. Krogh, R, Palmer,
Intvoduction te The Theory of Neural Computation, Add1~
‘son-Wesley, 1991,

The topic experts model is initialized by locating for
every node in Ihe topic tree the N clusters that are of the
same depth in the user cluster Lree s the user, and that have
the highesl inferest i 1he lopic, besed on their cluster topic

. distribution. The claster topic distribution P(tic(u)) is simply
an average of the nser topic distribution P{lu) for each user
in the éhuster. The topic experts model is used to determine
the joint probability that a document and the iopic under
consideration are of interest 1o any user, P{t,d). Using Bayes®
rufe, this term can be approximated by considering the users

“of the N most relevanl clusiers.

Pie, d)= 3 Plei [ 1, 1P| PL)
e

The topic experts model is, therefors, not & distinct madel,

* bal ralher an ad hoe combinalion of user and clusler tapic
distributions and lopic models.

. Produet models are initialized similarly to User Models
and 1opic ¢lassifiers. Bach loaf node in the product tree of
FIG. 10 has an associated sél of docuwments that have been

" manually ¢lassified according to the product taxonomy.
These docwnenis are used fo train the produoct model as
shown for the User Model in FIG, 13, As a resulf, each Jeaf
node of the product tree contains a set of informative words,

a topic distribution, and a site distribution. Each node also-

contains a list of features relevant 1o that product, which is
determined manually, From the documents, values of the
relevant features are extracied automatically using infarma-
fion extraction lechniques to initialize the feature value list
for the product. For example, the value of the CD Capacity
is exiracted from the decument. Information extraction is
pecformed on unstructured text, such as HTML docoments,
semi-slructured text, such as XML documents, and strue-
tared text, such as database tables. As with the topic model,
a nonlinear function such as 3 Multilayer Percepiron is used
to irain the prodoct modsl.

Preferably, &s for topic classifiers, intermediate nodes of
the product tree do nof have associated word lists, site
distributions, and topic distributions. Rather, the measnres
for the word list, site distribution, and topic distribution of
child nodes are used as input ta the product models of their
parent nodes. Allernatively, sach pacoat node may be trained
using the enion of zi] documents of its child nodes.

Updating the User Model :

The User Model is a dynamic entity thai is refined and
updated based on all user actions. User interactions with
network data are transparently monitored while the user is

.engaged in normal use of his or ber computer, Myliiple

distinc! medes of inleraction of the user are monitored,
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including network scarching, network navigation, network
browsing, c¢mail reading, cmail writing, document writing,
viewing pushed information, finding expert advice, product
informationt scarching, and product purchasing. As a result
of the interactions, the set of user documenis and the
parameters of cach vser representation in the User Model are
modified.

‘While any nonlinear function may be used in the User
Model (e.g., @ Multilayer Perceptron), a key feature of the
model fs that the parameters are wpdated based oo actual user
rcactions to documents. The difference between. the pre-
dicted wser interest in a document or product and the actual

- user interest becomes the optimization cnlarmn for traiping
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the model,

Throngh bis ar ber actions, the user creales positive and

negative pailerns. Positive examples are documents of inter-
est 1o & user: search results that are visited following a search
query, documnents saved in the user favorites or bookmarks
file, web siies that the user visits independently of search
queries, ete. Negative examples are documents that are oot
of ianterest to the nser, and inclede search results that ace
ignored although appear at the top of the search resuli,
deleted bookmarks, and ignored pushed eews or email.
Conceptually, positive and negative exaraples can be viewed
as additions to and subtractions from the uvser data and
eSOUICES.

Information about each docurnent thar the user views is
stored in a recently accessed buffer for subsequent analysis,
The recently accessed buifer includes information about the
document itsélf and information abont the user’s interaction
wifh 1he document. Cue passible implementation of a buffer
is illustrated in FIG, 14; hawever, any suitable data structure
may be nged, The recently-accessed buffer conlains, for each
viewed document, a document identifier (e.g., its URL); the
aceess time of the wser intezaction with the document; the
Inderacrion lype, such as search or navigation; the context,
such as the search query; and the degree of imicrest, for
example, whethicr it was positive or negative, saved in the
bookmarks file, how long the user spenl wewmg ithe docu-
ment, ar whether the wser followed any links iz the docu-
ment. Additional information is recorded for different modes
of interaction with « docurment as discussed below. .

A melne is determined for each document to indicate
whether it is a positive, negative ar neutra] event; this metric
can potentially be any grade between 0 and 1, where O is a
completely negalive event, 1 is a campletely positive ¢vent,
and (1.5 is 2 neutral event. Previous user interactions may be
considered in computing the metric; for example, a web site
thal the user accesses al a freguency greater than a prede-
termined threshold frequency is a posiive example, After
each addition o or subtraction from the set of user docu-
ments, the decument is parsed. and analyzed as for the User
Madlel initialization, Ext.racted information is {neorporated
into the User Model.

Because the User Model is constantly and dynamically
updated, applying the initialization process for each update
i5 inefficient. Preferably, incremental leamning techniques are
used Lo update the User Model: Efficient incremenlal learz-
ing and updating techniques pravide for incocporating new
ifems into existing stefistics, s long as sufficient statistics
are recorded. Details about incremental learning can be
found in P Lee, Baypesign Sra:m‘ﬂcs Onford University
Press, 1988,

After a doewment stored in the recently accessed buffer is
parsed, parsed portions are stored in candidate ables. For

- gxample, FIGS. 15A and 15B illustrzic a user site candidate

table and user word candidate table. The nser sile candidaie
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table holds sites that are candidates to move into the user site
distribution of FIG, 4B. The site cancidate table stores the
site nams, i.e., the URL until the first backslash, except for
special cases; the mumber of site accesses; and the Hme of
last access. The user word candidlate table holds the words
ar phreses that are candidates to move into the user infor-
mative word lis{ of FIG. 4A. Tt contains a word or phrase ID,
alrernate spe]]mgs {nr misspeliings) of the word, an infor-
mative grade, and a time of last access,

Negative examples provide words, sites, and topics thal
can be used in several ways. The measure of any item
obtained from the nepative example may be reduced in the
weer distribution. For example, if the negative example is
from a particular site that is in the yser site distribution, then
the probability or mutual information of that sie is
decreased. Alternatively, a Hst of informative negative itenas
may be stored. The nepative items arc cbisined from nega-

- tive examples and are wsed to reduce the scars of a document’

containing negalive items.

Documents are added to the buffer during all user modes
of inferaction with the campeter. Interaction modes include
nelwork searching, netwark navigation, nelwork browsing,
email reading, email writing, dorument wriling, viewing
“pushed” information, fnding expert adwvice, and product
purchasing, Different types of information are stored in the
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buffer for different modes. In network searching, search

gueries are recorded and all search resulis added to the
buffer, glong with whether or not a link was followed and
access, lime for viswed search results. In network browsing,
the user browses among linked docirmenis, and each docu-
ment is added fo the buffer, dlong with its interaction time.
I eroail reading mode, each picce of ematil is considered to
be a document and is added to the buffer. The type of
imteraction with the email item, such as deleting, storing, or
forwarding, the sender of the email, and the recipient list are
-recorded. In email writing mode, sach piece of written email
is considercd a document and added fo the buffer. The
recipient of the email is recorded. Documents written during
document writing mode are added 1o the buffer. The user’s
access fime with each piece of pushed information and type
- of interaction, such as saving or forwarding, are recorded. In
finding expert advice mode, the user's inferest in experl
advice is recorded; intercst may be measured by the inler-
aclion time with an email from an expert, a user’s direci
rating of the quality of fnformation received, or olher
suiiable measure,

During a produed purchasing mode, 4 similar buﬁ'ar is
created for purchased products, as shawn in FIG. 16. ATl
puichased products are used fo update the User Model. The
vser recently purchased products buffer records for each
purchase the product ID, parent node in the product tres,
-purchase time, and purchase sonrce. Purchased products are
used to update the user product distribution and user product
featnre distribution.

1t the user feels that the User Model is not an adequate
" representaton of him or her, the user may submit user

modification requests. For example, the user may request

1hat specific web sites, topics, or phrases be added to or

deleted from the User. Madel.

User Models for pratotype users (hats) are aiso updafed

. based on actions of similar users. Obviousty, it is desirable

for prototype User Models to reflect the current state of the

representative mierest, Now web sites appear constantly, and

" even new informative words appear regularly, For example,

lechnology-related words are introduced and widely adopted

quite rapidly; the word list of the Techaologist hat should be
“updated to reflect such charnges.
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Prototype User Models are updated using actions that are
related to the protolype. Actions include documents, user
reactions to documents, and product purchases. There ae
many ways to determine whether an action is relevant to the
prototype user. A document thal is a positive example for
many users (i.e., a followed search result or bookmarked
page) and also has a high probability of interest to the
prototype user is added Lo the set of prototype user doen-
ments, Actions of vsers or clusiers who are similar to the
prototype user, as measnred by the relative entropy betwecn
individual distrbutions {words, sites, eic.), are incorporated
inio the prototype User Model. Additions to the prototype

User Model may" be weighted by the relative enimpy .

between the user performing the action and the protofype
user, Aclions of experl users who bave a high degree of
interest in topics also of inferest to the prototype user are
incorporated into the profotype User Model.

Mote that users who are trying on hats are mot able to
change the prototype User Model Fheijr actions affect their
own User Models, but not the proiotype User Moadel.
Updates to the prototype User Model are based only oo
actions of vsers who are not currently trying on hats.

Product models are also continually npdated using incre-
mental learning techniques. As described below, the prosent
invention includes crawling network documents and evalu-

. ating each docwment against User Models. Crawled doci-
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ments are also svaluated by product models. Documents that
are relevant lo a particuler product, as defermined by the
computed probability P(pid), are used to update ils product
model. ¥ a document is determined to be relevant, then each
comporent of the product medel is updated accondingly. In
addition to the parsing and apalysis performed for user
documents, information extraction fechoiques are eraployed
to derive fealere values that are compared against feature
values of the product model, and also ncorporated nlo the
feature value list as necessary, New products can be added
1o the produci tres at any time, with characteristic product
feature values extracted from all relevant documents. Rel-
evant documents for updating product models include prad-
uet releascs, discussjon group entries, product reviews, ncws
articlos, or any other type of document.

By employing dynamicaily updated product models, the
present invention, i contrast with prior art systems, pro-
vides for deep analysis of all aveilable prodnct information
1o creals a rich represeniation of products. The interest of a
user in & product can therefore be determined even if the
product has never been purchased befors, or if the product
bias only been mirchased by a very small oumber of users.

Applying the User Mode] to Unseen Documents

The User Model is applied to unseen documents io
deternuine the probability that » document is of interest to the
user, of the probability that a documeni is of interest to a user
in a partticelar context, The basic functionality of this
determipation is them wsed I the various applications
described in subsequent sections o provide personalized
information and product sexvices to the user.

The praocess of estimalitg user inleresl in a particular
unssen document 124 is illustrated in FIG, 27, This process
has the following three steps:

1. Preprocessing the document as for mmahzalmn (step

122).

2. Calcrlaling an md.undualsmrc for the document for each
- element of the user representation (&g, lopic distribution,
- waord list).
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3. Non-linearly combining (124) individual scores into one
" score 124, the probability that the user Is interested in the
unseen document, P{uld).

The secand step vanes for each individual score. From the
parsed text, the words of the document 120 are intersected
with lthe words or phrases in the nser informative word list
128. For every word or phrzse in eomman, the stored mutual
information between the two indicator variables I, and I, is
summed 1o ¢btain the word score. Altematively, the TFIDF
associated with the word are averaged for every common
ward or phrase. The location score is given by the probabil-
ity that the document sile {s of interest Lo the user, based on
the user site distribution 130.

The topic classifiers 132 are applied to docunent 120 1o
defermine the probability that the document relates to
pariicular topic, P(id). The user topic score is oblained by
computing fhe relative entropy between the tapic distribu-
tion P{#d) and.the user topic distribution 134, Féllu). After
the document has been classified info lopics, the lopic cxpert
models 136 are applied as described above to determine &
score reflecting the inferest of users thal arc cxports in the
particular topics of this document.

Similarly, the product models 138 are applied to doou-
_ment 120 to determine which products or product categories
it describes, P(pld). From the docurnent product distribution,
the product score is obtained by computing the rclative
entropy betvween the document product distribution znd ussr
product distribution 140, P{plu). For each product having a
nonzero value of P{pd), its feature values are given by the
procuet modes. The user's measures on each of these feature
walues, foond in the user product feature distribution 141,
are averaged 10 ablain a product featire score for each
relevant product. Product feature scores are then averaged to
obtain ap gverall prodoct feature score.

The cluster models 142 of clusters to which (he user
belongs are applied to the docament to obtain P{e{w)ld). This
group model represents the average interests of all users o
-the cluster, Conceptually, the clisier model is cblained from
the unjon of all the member users’ documents and product
-purchases, Practically, the clusier model is computed from
the User Models by averaging the different distributions of
the individual User Models, and rot from 1he documents or
purchases themselves, Nole that in a recursive way, all users
* have some impact {relative to fheir similarily to the usor
under discussion) on the user score, given that P(clu)d)) is
estimaied using P(o(c{u))id) s a mowledge source, and so
on,

Finally, world knowledge (oot shown) is an addilional
" knowledge source that represents the interest of an average
user in the document based only on 2 set of predefined
factors. World knowledge factors include facts or knowledge
about the document, such as links poiniing 1o aod from the
document or metadate sbout the document, for example, its
. auther, publisher, time of publication, age, or language. Also
- included may be the number of users who have accessed the
document, saved it in a favoriles list, or been previously
inlerested in the document. World knowledge is represented
15 a probabilily between ¢ and 1.
In step 124, 21 individual scores are combined o oblain
2 composita user score 126 for document 120. Step 124 may
be performed by training a Multilayer Percephron using
jackkmifing and cross-validation techniques, as described in
H. Bourlard and N. Morgan, Connectionist Speech Recog-
nition: A Hybrid Approach, Kluwer Academic Publishers,
1994, 11 has been shown inJ. Herlz ef al., introduction to The
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Theory of Neural Compuiation”, Addison-Wesley, 1991,
that a Multilayer Perceptron can be trained 1o estimate
posterior probabilities.

The context of a vser’s interaction can be explicitly
Tepresented in caleulating the user interest in a document. It
is not feasible to update the user model after every newly
viewed document or search, but the User Model can be
updated effectively instamtancously by incorporaling the
confext of user interactions. Context includes content and
location of documents viewed during the current interaction
session. For example, if the user visits ten consecutive sites
perlaining to compitter security, then when the User Model
estimates the interest of the user in a document abous
computer secrity, it is higher thran average. The prabability
of user inferest in a documsnt within the current context con
is given b

Plu, con [ d}

Plul dy comy= Pleert| d)

In some applications, individnal scores that are combinad
in step 124 are themselves vseful, [n particular, the prob-
ability that a user is interested in a given product can be used
to suggest product purchases to a user. If a user has previ-
onsly purchased a prodhuct, then the User Medel contains a
distribubion oo lhe produci’s features. If thesc features
propagate far up the product tree, then they can be wsed 1o
estimafe the probability thal the user is interested in a
differem type of product characterized by similar features.
For example,-if the nser purchases a digital camecn, (haf is
Windows compatible, then the high probability of this
compalibility feature value propagates up the tree to a higher
node. Clearly, al! computer-related purchases for this user
should be Windows compatible. Bvery product that is a
descendent of the rode i which the value propagated can be
rated based on its compaiibility, and Windows-campatible
products have a higher prabability of being of interest to the
user. ‘

The long-term interest of 2 user in products, represented
by P(phu), is dissinet from the user's immediate interest in a
product p, represented as P(ukd, product described=p). The
user’s immediate intevest is the value vused to recommend
products.to a user. Note that P{plu) does not incorporate the
user’s distribution on feature values. For exeample, consider
the problem of evalnaling a user's inlerest in a parlicular
camera, the Nikon 320. The user has never read any docu-
ments deseribing the Nikon 320, and so P(Nikan 320m)=0.
However, the user’s feature disiribution for the Cameras
oode indicates high user imierest in alk of the featere values
characterizing the Nikon 320.

When a given product is evaluated by the User Model, the
follawing measares are combined to obtain P(uld, product
described=p): the probabilities of the product and its ances-
tor nodes from the user product disteibotion, P(phi); an
average of prebabilities of each Ieature value from the user
product featare distribution, P(Bu,p); a probability from the
vser’s clusters” product distributions, P(Ac(u),p); and an
averape of probabilities of feature values from the chuster’
product feature distributions, P{fic(u),p). The overall product
score is determined by non-lineaily combining all measures.
The cluster mode] is particularly usefil if the nser does not
have a feature value distribution an products in which the
user’s inferest is being estimated, .
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Applicalions

The basic finction of ¢stimating the probabilily that a user
is interested in a document er product is expleited to provide
different lypes of personatized services to the user. In cach
‘type of service, the user’s response Lo the service provided
is tnonitoted to obfain pesitive and negalive cxamples that
are used to npdate the User Model BExample applcations are
detailed below. However, it is to be understood that 2l
applications employing a trainable User Model as descrbed
above are wilhin (he scope of the present invenlion.

Personal Search

In (his application, boih the collection and fillering sleps
of searching are personalized, A set of documents of intercst
to the user is collected, and then used as part of the domain

- for subsequent searches. The collected documents may also.

be used as part of the user documents to updaie the User
Madel. The collection step, referred te as Personal Crawler,
is illustrafed schematically in FIG. 18. A stack 170 is
initiglized with documents of high inlorest fo the user, such
as documents in the bovkmarks file or documents specified
by the user If necessary, the stack documents may be
sclected by rating each document in the general docoment
index according to the User Model. The lerm “slack” refers
to a pushdown stack as described in detail in R. Sedgewick,
Algorithms in C++, Paris 1-4, Addison-Wesley, 1993.

In slep 172, the crawler selects a docbment from the lop
of the stack to begin ceawling, The documenl is parsed and
analyzed (step 174) to identify any links to other documents,
If there are links Lo olher documents, each iinked document
is scored using the User Model (176). If the linked docurnent
8 of interest to the user (178), ie., if P(uld) exceeds a
threshold level, then it is added to the stack in step 180, and
the crawler contimes crawling from the linked document
(step 172}. If the document is not of interest to the user, then
the crawler selects the mexl documeni on the slack o
continue crawling. .

The subsequent searching step is ilTustrated in FIG. 19. In
response 1o a gquery 190, 2 set of search results is located
from the set containing all documents D and user documents
obtained during persoeal crawling. The results are ¢valuated
~ -using the User Model (194) and sonied in order of user

interest (196), so that the mos! interesting docnments are
listed first, The user reaction to each documest in the search
results is monitored, Monitored reactions include whether or
not a docoment was viewed or ignored and the time spent
. viewing ihe documenl. Documents 1o 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 Model in filtering the search results
in step 194 is based on Bayesian statistics and patiern
classification theory. According to pattern eclassification
theory, as deiailed in R, Duda and P. Hart, Parzern Classi-
fication end Scene Analysis, Wiley, 1973, the optimal search
resull is (he one with the highest posterior probability. That
iz, the optimal result is given by:
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where P{vig,d) is the posterior probability of the event that
a document d fs of interest to 2 user U having 2n information
need . This probability can be expressed as:

Plgld, m)Pluld)

Rulgedd=——Z01%

The term P(uld) represents ihe user interest in the docu-
ment regardless of the enrrent information nsed, and is

calculated using the User Model. The ierm P(gidn) repre- -

sents the probability that a user u with an information need
of d expresses it in the form of a query q. The term Pgid)
represents the probability ihat an average user with an
information need of d expresses it in the form of a query g.
Owe possible implementation of the latter two terms uses the
Hidden Markov Model, deseribed in Christopher D, Man-
aing and Hinrich Schutze, Foundations of Statistical Nalu-
ral I.anguage Processing, MIT Press, 1999,

Search results may also be fillered taking into accovot the
contex! of user inleraclions, such as conlenl of z recently
viewed page or pages. When the contex! is included, the
relevant equation is; .

P | d, v, com)P{ | d, con)

Fele d e = —— o

where P(ukl,con) is as described above,
The Personal Crawler Is also used to colfect and index
documents for product models. Collected dacuments are

parsed and analyzed to update product models, pacticularly

lhe lis1 of produci feature values, which are extracled from
collected documents using informatioh exiraction tech-
niques.

In general, searches are performed to retxieve all docu-
ments from the set of indexed documents that match the
search query. Alternatively, searches can be limited to prod-
uet-related documents, based on either the user’s request, the
particular search query, or the user’s context. For example,
a nser is interested in purchasing a new bicycle. In one
embodiment, the nser sefects a check-box or other graphical
device fo indicate that only product-refated documents
shauld be retrieved. When the box is nol checked, a search
query “bicycle™ returns sites of bicycle clibs and newsfer-
ters. When the box is checked, only documents that have a
nonzero product probability (P(pkl}) on specific products are
returned. Such docwments include product pages from web
sites of bicycle munufacturers, product reviews, and discus-
sion group entries eveluating speeific bicycle models.

Alternatively, the search gquery itself is used to defermine
the Eype of peges to return. For exemple, 4 query “bicycle™
again refurns siles of bicycls clubs and newsletters, How-
ever, a query “cannondale bicycle™ or “cannondale™ returns
only product-related pages for Cannondale bicycles. Alter-
natively, the user’s conlext is used to detennine the type of
pages to retumn. If the lsst ten pages viewed by the user are
product-related pages discussing Cannondale bicycles, then
the query “bicycle” relurns product-related pages for all
brands of bieycles that are of interest ta the user, as deter-
mined by the User Model. In all three possible embodi-
ments, within the allowable subset of documents, the entire
documment is evahuated by the User Mode] fo estimaie the
probability that the user is interested {n ihe document.
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Searches may also be performed for products directly, and
oot for producl-related decuments. Resulls are evaluaied
using only the user product distribution, user product feature
distribution, and product and feature distributions of the
user’s closlers, as cxplained above, In general, product

_searches are performed only st the request of the user, for
exampie by selecting a **product search” lab using a mouse
or other input device. A user enters a product category and
particular feature values, and a Iist of products that are
eslimated to be of high inferest to the user is returmed. The
user is reterped some form of list of most inferesting
proxducts, The list may contain only the product name, and
may include descriptions, links to relevant documents,
images, or any other appropriate information.

Personal Browsing and Mavigation
The preseot invention personalizes browsing and naviga-
tion in a variely of different ways, In the personzl web sites
applieation, web sites located on thitd party servers are
written in a script language that enables dynamic tailoring of
the site to ibe user inlerests. Parameters of the User Model
are iransferred (o the sifs when a user requests & particular
. page, and only selected content or links are displayed 1o the
-user. In one cobodiment, the site bas differenl content
possihilities, and eachk possibility is evaluated by the User
Medel, For example, the CNN home page includes several
polential lead articles, and only the one thaf is most inler-
esting 10 (he user is displayed In a second ernbodiment,
links on a page are shown only if the page to which they link
is of interest {0 lhe user. Por example, following ihe lead
arlicle on the CNM home pape are links to related articles,
and only those of inferest lo the user are shown or high-
lighted. Onoe single article has a variety of patentisl related
articles; a story on the Microsefl trial, for example, has
relaled acticles exploring legal, technical, and financial rami-
fications, and only those meeting the user’s informalion
needs are displayed. '

The personal links application is flustrated in FIG. 2. In
this application, the hyperlinks i a docurment being viewed
by the user are graphically altered, e.g., in Lheir color, la
indicate the degree of interest of the linked documents 1o the
use. As & user views a document (step 210), the document is
parsed and amalyzed (212) io locals hypedinks fo other
documents. The linked documents are located m step 214
{but not shown to the uscr), and evaluated with the User
Model (214) 1o estimate the vser’s inferest in sach of the
linked documents. In step 216, the graphical representation
of the linked documenis is aliered in accordance with the
senme computed with the User Model. For example, the links
may be color coded, with red links being most interesting
and blue finks being least inlcresting, changed in size, with
Targe links bejng wosf interesting, or changed in transpar-
ency, with uninteresiing links being faded. If the user
follows cne of the interesting links (218), then the process
is repeated for (he newly viewed document (210).

The personal related pages application locates pages
related to a viewed pzge. Upon the user's request (e.g. by
clicking 2 buttpn with a monse poicter), the related pages are
displayed. Related pages are selected from the set of user
documents collected by fhe personal crawler. Implementa-
lion is simeilar to that of the personul search application, with
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the viewed page serving as the query. Thus the relevant
equalion becomes

Plpage | d, w)P(u| d)

8, ) = .
P page, d) Fipageld)

with P(pageld,n) representing the prohability that a user u
with an information need of document d expresses if in the
form of the viewed pape page. P(pageld) represents the
probability that an average user with an information need of
documen! d expresses it in the form of the viewed page page.
These terms can be calculated using the Hidden Markov
Model.

Aliernatively, related papes or sites may be selected
according to the cluster model of clusters to which the vser
belangs. The mosl likely site navigation from the viewed
site, based on the behaviar of the closter members, is
displayed to wser upon request.

Related pages are particalarly wseful in sansfymg producr,
information needs, For example, if the user is viewing a
preduct page of a specific priuter on the manufaciurer's web
site, clicking the “related pages™ button returns pages com-
paring this printer to other printers, Televanl newsgroup
discussions, or pages of comparable printers of different
manufaciurers, All returned related pages have been evalu-
ated by the User Model to be of inlerest to the wser.

Find the Experts

In this application, expert users are located who meel a
particular information or product need of the user. Expert
users are yscrs whose User Mode] indicates a high degree of
interest in the information need of the user. The information
peed i expressed as @ document of product that the user
identifies as representing his or her need. In this context, a
document may be a full document, a document excerpt,
including paragraphs, phrases, or words, the top result of a
search based on 4 user query, or an email message requesting
help with & particular subject. From the poal of potential
experts, User Models are applied to the dacument or piocd-
uct, 2nd users whaose prabahility of interest in the document
or product exceeds a threshold level are considered expert
1Se18.

The poal of experts is specified either by the user or in the
system. For example, the pool may include all company
employzes or users who have previousty agreed to help and
advise other users, When users request expert advice about
a particular product, the expert may be chozen from the
product manufaciurer or [rom users who have previcusly
purchased the produst, or from users participaling in dis-
cussion proups about the product,

A protoeed for linking vsers and identified experls is
determined. For example, the expert recelves an email

-message requesting thal he or she contact the user in need of

asgistance. Alternatively, all wser oeeds are organized is a
taxonomy of advice topics, and an expert searches for
reguests associated with his or her topic of experlise.

Personal Nows

This application, aleo known as personal push:sd nfor-
mation, uses the personal crawler fllustrated in FIG. 18.
From ell docurments collected within a recent ime period by
the user’s crawler or user’s clusters’ crawlers, the most
interesting ones are chosen according fo the User Model,
Collection sources may also be documents obtained from
news wires of actions of ofher users. Documents are sent to
the user in any swilable manoer. For example, users receive
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emsi] messages containing URLs of Inferesting pages, -or -

links are displayed on a personal web page that the usec
visits.

Pcr'ionahzalmn Assigtant

" Using the User Mode), the Personalizalion Ass:lstaul can
transform any services available or the web into personal-
ized services, such as shopping assistanis, chatting browsers,
or matchmaking assistants.

Document Barometer

The document barometer, or Fage-O-Meter, application,
illustrated in FIG. 21, finds the average interesi of a large
group of users in a document. The barometer can be used by
third parties, such as marketing or public relations groups, to
analyze the interest of user groups in sets of documenis,
advertising, or sites, and then modify the documents or
-target advertising at particular user proups, The application
can instead report a seore for a single nser’s inlerest in a
documenl, allowing the user fo determine whether the sys-
fem is properly evaluating his or her interest. If not, the user
can make user modification requests for individual elements
of the User Model. From individual and average scores, the
application delermines a specific user or users interested in
ihe documenl.

Referring to FIG, 2%, a domument 220 is parsed 2nd
analyzed (222) and then evaluated according to a set of N
User Models 224 and 226 through 228, N ioelodes any
number preater (han or equal to one, The resulting scores
from all User Maodels are combined and analyzed in step

' 230. In one embodiment, the analysis locates users having
maximura interest in document 224, or interest above a
threshoid level, and returns a sorted list of interesied users
(232). Alternaively, an aversge score for document 220 is
calcnlated and returned (234). The average score may be for
all users or for users whose interest exceeds u threshold
interesl tevel, The range of interest levels among all nsers in
the proup may also be reported.

An anulogous product bzrometer calculales user interest
in a product. The product barometer computes a score for an
individual user or gronp of users, or identifics wsers having
an inlerest in a produect thal exceeds a threshold level. Third
parly orpanizations oser the product barometer to target
marketing eflorts o users who are highly Iikely 1 be
interested in particular products.

3D Map

" FIG. 22 illustrates a three-dimensional (3D) map 240 of
-the present invention, in which rectanples represent docu-
menis and lines represent hyperlinks between documents. A
user provides a set of hypetlinked documents, and each
document is scored according to the User Model. An image
of 3D map 240 is returmed o the user, 31 map 240 contains,
for cach document, a scare reffecling the probab:hty of
inlerest of ths user in the docnment.

Product Recommendations
A user’s online shopping experience can be personatized
by making use of the user’s overall product score described
abave, P(uld, produst described=p), Products that are of high
interest fa the user are suggested to him or her for purchase,
‘When & user requests information for 4 specific product or
purchases a prodnet, relsted products are suggested (wp-
sell), Related product categaries are predstermined by a
human, but individual products within relaied cateporics are
evaluated by the User Model before being suggested to the
user. The related products are given to the user in a list thal
" mey contain images, hyperlinks to documents, or any oiher
suitable information. For example, when a user purchases 4
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server, a dst of relevani backup tapes are supgpested {o him
or her for purchase. Suggested preducts may have feature
valves that are known fo be of interest to the vset, or may
have been purchased by other members of the nser’s clester
wha akse purchased the server. Relaled product sugpestions
may be roade at any lime, not only when a nser purchases or
requests information about a particular product. Suggested
products may be related to any previously purchased prod-
ucts. ‘

Similarly, competing or comparable products are sug-
gested io the user (cross-sell), When the user browses pages
of a particular product, or begins to purchase a product,
products within the same product category are evaluated o
estimate the user's interest in (hem. Products that are highly
interesting to the user are recommended. The user might

. intend to purchase one product, but be shown products that
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re more useful or interesting Lo him or her,

It wili be clear 10 one skilled in the art that the above
embadiments may be altered in many ways without depari-
ing from the scope of the invention. Accordingly, the scope
of the mvention should be determined by the following
claims and their legal equivalents.

What is claimed is:

1. A computer-implemented method for providiog auto-
matic, personalized information services to a unser u, the
method comprising:

a) transparently monitoring user interactions with data

while the user is engaged in normal use of a2 computer;

b) updating user-specific dala files, wherein the user-
specific data files comprise the monitored aser interac-
tions with the data and a sel of dacuments associated
with the user;

) estimating paramelers of a learning machine, wherein
the parameters define a User Mode! specific fo the user
and wherein {he parzmnelers are estimated in parl from
the user-specific data files;

d) analyzing 2 document d to identify properties of the
document;

€) estimating a probability P{uid) that an unseen document
d is of interest to the user u, wherein the probability
F(uld} is eslimaled by applying the idendified properties
of the document lo the learning machine having the
paramsters defined by the User Model; and

f) using the estimatsd probability to provide aulomatic,
personalized informaiion services to the user.

2. The method of claim 1 whersin 1he nser-specific data
files include docymenls of interest to the user u and docu-
ments that are not of interest fo the user u, and wherein
estimating the parameters comprises distinet treatment of the
decuments of interest and the documents that are not of
interest.

3. The method of claim 1 wherein analyzing the document
d pravides for the analysis of documeats baving multipls
distinct media types.

4. The method of claim 1 wherein transparently monitor-
ing user interactions with data comprises manitoring mul-
tiple distinet modes of user interaciion with network data.

5. The method of claim 4 wherein the multiple distinct
modes of user interaction comprise a mode selected from the
group consisting of a neiwotk searching made, a network
navigation mode, a network browsing mode, an emait read-
ing mode, an email wriling mode, a document writing mode,
2 viewing “pushed” informalion mode, 2 fuding expert
advice mode, and a product purchasing mods.

6. The method of claim L further comprising crawling
network documents, wherein the crawling comprises parsing
crawled documents for links, cufeulating probable user inter-
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csl in the parsed links wsing the leamning machine, and
preferentially following links likely to be of intersst to the
user
* 7. The method of claim ¥ wherein thc identified propertics
of the document d compriss a user u-independent property
sclected from the group consisting of:
a) a probability P(t,d) that the document d is of Interest to
© users interesied in a tapic t; .
b} & topic clascifier discrate probability distribution F(id);
€) 2 product model discrele probability distribution P(pld);
. d) product feature values extracted from the document d;
"&) an author of the document d;
1) an age of the document d;
g) a list of documents linked to the document d
h) a language of the document d;
1) a mmmber of users who have accessed the document d;
) a number of users who have saved the documeni d in a
favorite document list; and
k) a list of users previously intecested in the document d.
8. The method aof claim 1 wherein the parameters of the
lesrming machine define a uvser u-dependent function
selected from the group consisting of;
© a) 2 wser lopic probability distribution P{thr) representing
inferests of the user u in various fopics ¢
b) & user pradyet prabability distrbution P{plu) represent-
ing interests of the user u in various products p;

©) a user product feature probability distdbution P{flu,p)

representing inierests of the user u in various features
. T of each of the vanious products p;
- &) a web site probability distcdbution P(sly) representing
interests of (be user u in various web sites s;

€) a cluster probability distribution P{c(u)u) representing
similarity of the user u 1o nsers io varions clusters c{u);

f) a phrase model probability distribution P(wir) repre-
senting interests of the user u in various phrases w;

£ an information theory based measure I(I,,; 1) repre-
senting mutual information between various phrases w
and the user u;

k) 2n information theary based measure KI: 1) repre-
senting mutpal information between various topics t
and the user u;

i} an information 1heory based measure I{L; I} represent-
ing muual information bt.lween vardous web siles s and
the vser u;

i} an informalion theory based measure KT, L) repre-
senting mutual information between various products p
and the user u; znd

k) an information theory based measure I{I; I,) repre-
senting muiyal information between various features £
of each of the vardous products p and the user u.

9, The method of claim 1 wherein the parameters of the

learning machine define:

" a) auser product probability distribution P(plu) represent-
- 1ng interesis of the user 1 in vardous products p; and
b) a user product feature probability distribution P(fi,p)

representing interests of (he user u in varions features
f of each of the various products p; and wherein the
method further comprises estimating a probability

" P{uld, product described=p) that a document d that
describes a product p is of interest to the user u, wherein
the prabability is estimated in part from the nser
“product prababitity distribution and the vser proguct
feature probability distribution,

10. The method of clzim 9 further Comprising recom-

mending products o the user based on the probability P(uid,

product deseribed=p).
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1. The method of claim 1 forther comprising estimating
a posterior probabiliey P(uld.q) that the docvment d is of
interest to the wser u, given a query g submitied by the user,

12, The method of claim 11 wherein eslimating the
posterior probability comprises cslimaling a probability
P{gld,w} that the query g is expressed by the user u with an
information need in the document d.

13. The meihod of claim 1 further comprising applying
the jdentified properties of the document d to a learning
machine having product parameters characterizing a product
1 to estimate a probability P(pd) that lhe docum:nr. d refers
o fhe product p.

14. The method of claim 13 further comprising updating
the product parameters based on ihe identified properties of
the document d and the estimated probability P(pid).

15. The method of clzim 13 further comprising initializing
the product parameters based on 4 set of documents assa-
clated with the pruduct p.

16. The method of cladm 1 further comprising clustering
multiple users into clusters of similar nsers, wherein the
clustering comprises calculating distances between User
Models, and selecting similar users based on the calculated
distances between User Models.

17, The method of claim 1 further comprising calculating
relative enfropy values between User Models of multiple
users, and clustering together users based on (he caleulated
relative entropy values.

18. The method of claim 1 wherein the parameters defin-
ing the User Model comprise calculated distances betweer
the User Mods! ard User Models of vsers similar fo the user,

19. The method of claim 1 furiker comprising selecting in
a group of users an expert user in an area of expertise,
wherein selecting the experl user comprises finding an
expert User Model among User Models of the group of
users, such that the expert User Model indicates a strong
interest of the expert user in & document associated with the
arca of expertise.

20. The method of elaim 1 further oompnsmg parsmg the
document d for hyperlinks, and separately estimating for
each of the hyperlinks a probability that the hypcrlmk isof
interesi (o ihe user u.

11. The method of ¢laim 1 further comprising sending io
a 1hird party web server user interest information derived
from the User Moded, whereby the third party web serrer
may customizé it$ interaclion with the nser

22. The meihod of claim 1 wherein the monitored user
mteractions include a sequence of interaction times,

23. The method of claim 1 further comprising initializieg
the User Model using information selected from the group
eonsisting of a set of documents provided by the user, a web
browser history file associated with the user, a web browser
bogkmarks file associated with the nser, ratings by the user
of a set of documents, and previous praduct purehases made
by the user.

24. The method of clzim 1 further comprising modrfymg
the User Model based on User Model modification requests
provided by the user.

25. The method of claim 1 furiher comprising providicg
to the user z score for a document identified by the user,
wherein the score {s derived from the estimaled probability.

26. The method of claim 1 further comprizing providing
to the user a 3D map of a hyper linked document collection,
wherein the 3D map indicales a nser interest in each docu-
ment.

27. The method of claim 1 further comprising lemporarily
using & User Model that is built from a set of predetermined
parameters of a profile selecled by the uzer. :
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28, The method of claim ® further comprising initalizing
the User Model by selecting a sel of predetermined param-
etcrs of a protoiype user selected by the user.

29. The method of claim 28 further eomprising updating
the predetermined parameters of the prototype user based on
actions of vsers similar to the prototype user.

30. The method of claim 1 further comprising identifying
a set af wsers interested in the decument d. -

31. The method of claim 30 fusther comprising caleulat-
ing a range of inlercsts in the docurnent & for the identified
soi of users.

32. A program stora.gc device accn-aiblﬂ by a ceniral
compuler, tangibly embodying a program of iostructions
executable by the centrul computer to perform method sleps
for providing awlomatic, personalized information services
1o & user u, {he method steps comprising:

a) transparcotly monitoring user inferactions with daia
while the user is engaged in normal use of a clicnt
compuler in communication with the central compuier;

b) updating user-specific data files, whercin the user-
specific data files comprise the monitored vser inferac-

tions with the dala and & set of documenis essociated

with ke user;

¢) estimating parameters of 2 Jearniog machine, wherein
the paramelers define 2 User Model specific to the user
aml wherein the parameiers are eslimated 1 In part from
the user-specific data files;

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

- @) eslimating a probability P{uid) that an unseen documenl
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il is of interest to the user v, wherein the probability -

P(uld) is estimated by applying the identified properties
of the docwment to the leaming machine having the
parameters defined by the User Model; and

f) using the estimated probabl]lty to provide automatic,

persanalized information serviges to the user.

33. The program siorage device of claim 32 wherein the
user-specific data files include documents of inlerest to the
user u and documers that are not of interest o the user u,
and wherein esfimating the parameters compiises distinct
treatment of the documents of inlerest and the documenis

“that are oot of interest.

34. The propram storage device of claim 32 wherein
analyzing the document d provides for the amalysis af
dacuments having multiple dislinet media lypes.

35, The program storage device of claim 32 wherein
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transparently moritoring user infersctions with data com- -

* prises monitoring multiple distinct modes of user interaction
with network data.

36. The program storage device of claim 35 wherein the
multiple distinct modes of user interaction comprise a mode
selected from the group consisling of a netwaork searching
mode, a network navigation mode, a network browsing
mode, an email reading mode, an email writing mode, a

 document writing mode, a viewing “pushed” information
mode, a finding expert advice mode, and a praduct purchas-
ing mode.

37. The program storage device of claim 32 wherein the
method steps further comprise crawling newwork documents,
wherein the crawling comprises parsing crawled documents
for links, calculating probable user infercst in the parsed
links using the learning machine, and preferentially follow-
ing links likely lo be of interest to 1he user.

38. The pragram storage device of claim 32 whercin the
identified properties of the document d comprise a user
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u-independent property selected from the group consisting
of: -

a) a prabability P(t.d) that the document d is of interest 10
users interested in a topic 1

b} a topic classifier discrets probability disiribution P(ud);

©) a product model discrets probability distribution P(pkl);

d) product feafure values exiracted from the document d;

¢) an author of the document d;

1) an age of the document d;

&) a list of deenments linked to the document d;

1) a language of the document d;

1) 2 number of users who have aceessed the docoment d;

1) 2 mumber of users who have saved the document d ip 2
favorite docurnent list; and

k) a list of users previously interested in the dacument 4.

39. The propram storage device of claim 32 wherein the

parameters of the leaming mechine define a user n-depen-
dent function selected from the gronp consisting of

&) & user topic probability distribution P(thi) representing
nterests of the user u in various topics 1;

b) a user product probability distribution P{p!u) represent-
ing interesis of fhe user u in various products p;

¢} 4 user product feature probabilily disiribution P{fup)
representing interests of the user u in varions features
f of each of the warious products p;

d) a web site probability distribution P(shu) representing
interests of the wser u in varivus web sifes s

¢} a cluster probabilily distribution P{c(u)i) representing
similarity of the user u o users in various clusters c{u);

i) a phrase model prabability distcbution P{wle) repre-
senting inferests of the user v in various phrases w;

g) an information theory based messure I(T,; 1) repre-
senting mutnal informalion between various phrases w
and the user u;

B) an information theory based measure I(T; 1) repre-
senting mutnal information between various topies 1
and the user w;

i} an information theory based measure I{I; 1) represent-
ing mutua] information between varions web gites = and
the wser u;

j} an information theory based measure 1(L; 1) repre-
senting muiual information between various praducts p
acd the user v and

k) an information theory based measure K1z 1) repre-
senting mutval information between varicus features £
of each of the various products p and the user u.

40. The program storage device of claim 32 wherein the

parameters of the learning machine define:

a) a user product probahbility distribution Ppht) represent-
ing interests of the user w in various products p; and

b) 2 user product feature probability distribution P(flu,p)
representing interests of the wser u in vatious fealunss
f of each of the various products p;

and wherein the method steps further comprise esnmatu]g a
probability P(uld, product described=p) that a document d

that describes & product p is of interest to the nser u, wherein

the probability is estimated in part the user product prob-
ability distribution and the wser preduct faaturc probability
distribution.

41. The program slorage device of claim 40 wherein the
method sieps forther comprise recommending products to
the wuser besed on the probability P(uid, product
described=p).

42. The program slorage device of claim 32 wherein the
method steps further comprise eslimaling a posterior prob-
ability P(uld,q) that the document d s of interest to the user
u, given a query gq submilled by the user.




