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FILED

et

IN THE UNITED STATES DISTRICT COURT FOR THE
EASTERN DISTRICT OF VIRGINIA
(ALEXANDRIA DIVISION)

L -3 P 3 3¢
’D:w%/& CLER}( Us BISTRICT COURT

) i ALEXANDRIA, VIRGINIA
LYCOS, INC,, ) D:v’/?ﬁ% .
) e WY /C;Néfvaf}(_ DIsc
Plaintiff, ) Cesvpe
)
V. )}  Civil ActionNo. 2/ 070,03 R8BS
) e Jes
TIVO, INC,, ) COMPLAINT FOR PATENT
NETFLIX, INC., and ) INFRINGEMENT AND DEMAND
BLOCKBUSTER, INC. ) FOR JURY TRIAL
)
Defendants )
)

Plaintiff Lycos, Inc. (“Lycos”), by and through its attorneys, respectfully alleges as
follows:

Parties

L. Plaintiff Lycos is a corporation organized and existing under the laws of Virginia
having its principal place of business at 100 Fifth Avenue, Waltham, Massachusetts 02451.

2. Lycos is a provider of a variety of online services and is the owner of U.S. Patent
Nos. 5,867,799 and 5,983,214, which relate to information filtering technology.

3. Upon information and belief, Defendant TiVo, Inc. (“TiV0”) ts a Delaware
Corporation having an office and principal place of business at 2160 Gold Street, P.O. Box 2160,
Alviso, California 95002.

4, Upon information and belief, Defendant Netflix, Inc. (“Netflix”) is a Delaware
Corporation having an office and principal place of business at 100 Winchester Circle, Los

Gatos, California, 95032.
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5. Upon information and belief, Defendant Blockbuster, Inc. (“Blockbuster”) is a
Delaware Corporation having an office and principal place of business at 1201 Elm Street,
Dallas, Texas 75270.

Jurisdiction and Venue

6. This is an action arising under the patent laws of the United States, 35 US.C. §
101 et seq. This Court has subject matter jurisdiction under 28 U.S.C. §§ 1331 and 1338(a).

7. Upon information and belief, products and methods covered by U.S. Patent Nos.
5,867,799 and 5,983,214 have been made, used, sold, offered for sale, and/or imported into the
United States by Defendant TiVo, and TiVo has aided and abetted the practice of inventions
covered by those Patents in the United States.

8. Upon information and belief, Defendant TiVo voluntarily places into the stream
of United States commerce products that are covered by U.S. Patent Nos. 5,867,799 and
5,983,214, and/or that facilitate practice by customers in this judicial district of inventions
covered by U.S. Patent Nos. 5,867,799 and 5,983,214, conscious that Virginia, including this
judicial district, was the likely destination of a substantial quantity of such products.

9. Upon information and belief, Defendant TiVo maintains continuous and
systematic contacts with Virginia and this judicial district.

10. Upon information and belief, Defendant TiVo is subject to personal jurisdiction in
this district because it purposefully engaged in activities that gave rise to this claim for patent
infringement and which were directed at residents of Virginia and this judicial district.

11. Upon information and beltef Defendant Netflix manufactures, uses, sells, and/or
offers for sale in the United States systems and methods that include filtering technology covered

by U.S. Patent Nos. 5,867,799 and 5,983,214,
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12, Upon information and belief, Defendant Netflix voluntarily places into the stream
of United States commerce systems and methods that are covered by U.S. Patent Nos. 5,867,799
and 5,983,214, and/or facilitate practice by customers in this judicial district of inventions
covered by U.S. Patent Nos. 5,867,799 and 5,983,214, conscious that Virginia, including this
judicial district, was the likely source of a substantial number of customers for and/or users of
such products and methods.

13.  Upon information and belief, Defendant Netflix maintains continuous and
systematic contacts with Virginia and this judicial district.

14.  Upon information and belief, Defendant Netflix maintains a place of business in
the Commonwealth of Virginia.

15.  Upon information and belief, Defendant Netflix is subject to personal jurisdiction
in this district because it purposefully engaged in activities that gave rise to this claim for patent
infringement and which were directed at residents of Virginia and this judicial district.

16. Upon information and belief Defendant Blockbuster manufactures, uses, sells,
and/or offers for sale in the United States systems and methods that inciude filtering technology
covered by U.S. Patent Nos. 5,867,799 and 5,983,214,

17. Upon information and belief, Defendant Blockbuster voluntarily places into the
stream of United States commerce systems and methods that are covered by U.S. Patent Nos.
5,867,799 and 5,983,214, and/or facilitate practice by customers in this judicial district of
inventions covered by U.S. Patent Nos. 5,867,799 and 5,983,214, conscious that Virginia,
including this judicial district, was the likely source of a substantial number of customers for

and/or users of such products and methods.
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18.  Upon information and belief, Defendant Blockbuster maintains continuous and
systematic contacts with Virginia and this judicial district.

19.  Upon information and belief, Defendant Blockbuster maintains numerous places
of business in the Commonwealth of Virginia, including this judicial district.

20.  Upon information and belief, Defendant Blockbuster is subject to personal
jurisdiction in this district because it purposefully engaged in activities that gave rise to this
claim for patent infringement and which were directed at residents of Virginia and this judicial
district.

21.  Upon information and belief, Defendants TiVo, Netflix, and Blockbuster are
corporations that reside in this district for purposes of 28 U.S.C. §§ 1391(c) and 1400(b).

22, Upon information and belief, venue for this civil action in this judicial district is

proper under 28 U.S.C. §§ 1391(b), 1391(c}, and 1400(b).

First Count
(Patent Infringement of United States Patent No. 5,867,799)
35 U.S.C §§ 271 et seq.

23. On February 2, 1999, United States Patent No. 5,867,799 (“the ‘799 Patent”),
entitled “Information System and Method for Filtering a Massive Flow of Information Entities to
Meet User Information Classification Needs” was duly and legally issued to Andrew K. Lang
and Donald M. Kosak.

24, Lycos is the owner of all rights, title, and interest in and to the ‘799 Patent and is

entitled to sue for past and future infringement.
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25, Upon information and belief, Defendant TiVo manufactures, uses, sells, imports,
and/or offers for sale products that include information filtering technology that infringes one or
more claims of the “799 Patent.

26.  Upon information and belief, Defendant TiVo has infringed, has induced others to
infringe, and/or has committed acts of contributory infringement regarding one or more claims of
the ‘799 Patent.

27.  Upon information and belief, Defendant TiVo’s infringing activities in the United
States include the manufacture, use, sale, importation, and/or offer for sale of products
incorporating filtering technology covered by one or more claims of the ‘799 Patent, including at
least Digital Video Recorders (“DVR”) such as Series2 DVR (Model Nos. TCD540080,
TCD649080, TCD649180), Series3 DVR (Model No. TCD648250B), and DirecTV HD DVR
(Model. No. HR10-250).

28. Upon information and belief, Defendant Netflix manufactures, uses, sells, and/or
offers for sale products and services that include filtering technology covered by one or more
claims of the ‘799 Patent.

29. Upon information and belief, Defendant Netflix has infringed, has induced others
to infringe, and/or has committed acts of contributory infringement regarding one or more claims
of the ‘799 Patent.

30. Upon information and belief, Defendant Netflix’s infringing activities in the
United States include an online DVD rental service (www.netflix.com) that incorporates

information filtering technology covered by one or more claims of the ‘799 Patent.



Case 1:07-cv-11469-MLW  Document 38-4  Filed 08/09/2007 Page 6 of 32

31. Upon information and belief, Defendant Blockbuster manufactures, uses, sells,
and/or offers for sale products and services that include filtering technology covered by one or
more claims of the ‘799 Patent.

32.  Upon information and belief, Defendant Blockbuster has infringed, has induced
others to infringe, and/or has committed acts of contributory infringement regarding one or more
claims of the “799 Patent.

33.  Upon information and belief, Defendant Blockbuster’s infringing activities in the
United States include an online DVD rental service (www.blockbuster.com) that incorporates
information filtering technology covered by one or more claims of the ‘799 Patent.

34. Upon information and belief, Defendants TiVo, Netflix, and Blockbuster will
continue to willfully infringe the ‘799 Patent unless enjoined by this Court.

35 As a consequence of infringing activities by Defendants TiVo, Netflix, and
Blockbuster complained of herein, Lycos has been irreparably harmed and damaged in an

amount not yet determined.

Second Count
(Patent Infringement of United States Patent No. 5,983,214)
35 U.S.C 8§ 271 et seq.

36. On November 9, 1999, United States Patent No. 5,983,214 (“the ‘214 Patent™),
entitled “System and Method Employing Individual User Content-Based Data and User
Collaboration Feedback Data to Evaluate the Content of an Information Entity in a Large

Information Communication Network” was duly and legally issued to Andrew K. Lang and

Donald M. Kosak.
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37. Lycos is the owner of all rights, title, and interest in and to the ‘214 Patent and is
entitled to sue for past and future infringement.

38.  Upon information and belief, Defendant TiVo manufactures, uses, sells, imports,
and/or offers for sale products that include information filtering technology that infringes one or
more claims of the 214 Patent.

39. Upon information and belief, Defendant TiVo has infringed, has induced others to
infringe, and/or has committed acts of contributory infringement regarding one or more claims of
the ‘214 Patent.

40.  Upon information and belief, Defendant TiVo’s infringing activities in the United
States include the manufacture, use, sale, importation, and/or offers for sale of products
incorporating filtering technology covered by one or more claims of the ‘214 Patent, including at
least Digital Video Recorders (“DVR”) such as Series2 DVR (Model Nos. TCD540080,
TCD649080, TCD649180), Series3 DVR (Model No. TCD648250B), and DirecTV HD DVR
(Model. No. HR10-250).

41. Upon information and belief, Defendant Netflix manufactures, uses, sells, and/or
offers for sale products and services that include filtering technology covered by one or more
claims of the ‘214 Patent.

42.  Upon information and belief, Defendant Netflix has infringed, has induced others
to infringe, and/or has committed acts of contributory infringement regarding one or more claims
of the ‘214 Patent.

43, Upon information and belief, Defendant Netflix’s infringing activities in the
United States include an online DVD rental service (www.netflix.com) that incorporates

information filtering technology covered by one or more claims of the ‘214 Patent.



Case 1:07-cv-11469-MLW  Document 38-4  Filed 08/09/2007 Page 8 of 32

44, Upon information and belief, Defendant Blockbuster manufactures, uses, sells,
and/or offers for sale products and services that include filtering technology covered by one or
more claims of the ‘214 Patent.

45, Upon information and belief, Defendant Blockbuster has infringed, has induced
others to infringe, and/or has committed acts of contributory infringement regarding one or more
claims of the ‘214 Patent.

46,  Upon information and belief, Defendant Blockbuster’s infringing activities in the
United States include an online DVD rental service (www blockbuster.com) that incorporates
information filtering technology covered by one or more claims of the ‘214 Patent.

47. Upon information and belief, Defendants TiVo, Netflix, and Blockbuster will
continue to willfully infringe the ‘214 Patent unless enjoined by this Court.

48. As a consequence of infringing activities by Defendants TiVo, Netflix, and
Blockbuster complained of herein, Lycos has been irreparably harmed and damaged in an

amount not yet determined.

Reguested Relief

WHEREFORE Lycos prays for judgment against Defendants TiVo, Netflix, and
Blockbuster as follows:

a. Declare that Defendants TiVo, Netflix, and Blockbuster have infringed, actively
induced infringement and/or committed acts of contributory infringement with respect to one or
claims of the ‘799 and ‘214 patents;

b, Order Defendants TiVo, Netflix, and Blockbuster to account for and pay to Lycos

all damages caused to Lycos by reason of infringement of the ‘799 and ‘214 patents;
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c. Enjoin Defendants TiVo, Netflix, and Blockbuster, their officers, agents,
employees, privies, successors, and assigns, and those acting in concert or participation with
them, from infringing the ‘799 and ‘214 patents;

d. Grant Lycos prejudgment and post judgment interest on the damages caused by to
it by reason of Defendants TiVo, Netflix, and Blockbuster infringement of the ‘799 and ‘214
patents;

e. Award Lycos treble damages pursuant to 35 U.S.C. § 284,

e Grant Lycos reasonable attorney fees pursuant to 35 U.S.C. § 285; and

f Grant Lycos such other and further relief as the case may require and the Court

may deem just and proper, together with costs in this action.
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Jury Demand

Lycos demands a jury trial on all issues triable to jury in this matter.

Dated: January 2, 2007 Respectfully Submitted,

0l ] Facd]

foel M. Freed (Va. Bar No. 065553'

Raphael V. Lupo

Brian E. Ferguson

Anish R. Desai

McDermott Will & Emery LLP
600 13th Street NW
Washington, D.C. 20005

(202) 756-8000

Counsel for Plaintiff
Lycos, Inc.

WDC99 1329523-1.057077.0036

-10-
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1

INFORMATION SYSTEM AND METHOD
FOR FILTERING A MASSIVE FLOW OF
INFORMATION ENTITIES TO MEET USER
INFORMATION CLASSIFICATION NEEDS

BACKGROUND OF THE INVENTION

1. Field of the Invention

This invention relates to an apparatus, method, and com-
puter program product for information filtering, in a com-
puter system receiving a data stream from a computer
network.

2. Description of the Relevant Art

Recent developments in computer networking, pardicu-
larly with regard to global computer intemetworking, offer
vast amounts of stored and dynamic information 1o ioter-
ested uscrs. Indeed, some estimate that hundreds of thou-
sands of news articles stream through the global internet-
work each day, and that the total oumber of files transferred
through the global internetwork (hereinafter “network™) is in
the millions. As computer technology evolves, and as more
users participate in this form of communication, the amounl
of information available on the network will be staggering.

Although databases are relatively static and can be
searched using conventional network search engines, current
information fillering schemes are ill-suited to thoroughly
search the massive, dynamic stream of new information
passing through the network each day.

Presently, the information is organized, if at all, 1o the
extent that only skilled, persistent, and lucky, researchers
can ferret out meaningful information. Nevertheless, signifi-
cant amounts of information may go unnoticed. For
example, because most existing information filiering
schemes focus on locating textual articles, information in
other forms—visual, audio, multimedia, and patierned
data-——may be overlooked completely. From the perspective
of some users, a few items of meaningful “information” can
be obscured by the volume of irrelevant data streaming
through the network. Often, the information obtained is
inconsistent over a community of like-minded researchers
because of the nearly-infinite individual differences in con-
ceptualization and vocabulary within the community. These
inconsistencies exist with both the content of the informa-
tion and the manner in which a search for the content is
performed. Furthermore, the credibility of the author, the
accuracy, and quality of a given article’s content, and thus
the article’s “usefulness,” often are questionable.

‘The problem of information overload can be more acuie
for persons Involved in multidisciplinary endeavors, e.g.,
medicine, law, and marketing, who are charged with moni-
toring developments in diverse professional domains. There
are many reasons why users want 1o communicate with sach
other about specific things as they find networked resources.
However, drawing attention to articles of common interest to
a commuunity of rescarchers, or workgroup, often requires a
separatc intervention, such as a telephone call, electronic
mail, and the like.

Often, membership in a workgroup or commupity is
sharply defined, and workers in one physical community
may be unaware of interesting developments in other work-
groups or communitics, whether or not the communities are
similar, This isolation may be at the expense of serendipitous
discoveries that can arise from parallel developments in
unrclated or marginally-related fields.

Adding to the complexity of the information filtering
problem is that an individual user’s interests may shift over
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time, as may those of a community, and many existing
information filtering schemes are unable to accept shifts in
the individual’s interest, the community’s interest, or both.
Furthermore, information flow usually is unidirectional to
the user, and little characterization of secondary user, or
group, interests, e.g., the consumer preferences of users
primarily interested in molecular biology or cenology, is
derived and used to provide targeted marketing to those
users/consumers, and to follow changing demographic
trends.

Typically, identifying new information is effecled by
monitoring all articles in a data stream, selecting those
arlicles having a specific topic, and searching through all of
the selected articles, perhaps thousands, each day. One
example is where users interact with a web browser to
retrieve documents from various document servers on the
network. Given the increasing impracticality of this brute-
force approach, the heterogenous nature of “information” on
the plobal internetwork, and the growing complexity of
social interactions that are evolving concurrently with nel-
working technology, there have been several attempts to
address some of the foregoing problems by using adaptive
information (iltering systems.

In one approach, the information filtering is geared
woward content-based filtering. Here, the information filter-
ing system examines the user’s patterns of keywords, and
semantic and contextual information, 10 map information to
a user’s interests, This approach does pot provide a mecha-
nism for collaberative activities within a group.

Another approach uses intelligent software agents to learn
a user’s behavior, i.e., “watching over the shoulder,” regard-
ing cerlain types of textual information, for example, elec-
tronic mail messages. [o this scheme, the agents offer 1o tuke
action, e.g., delete the message, forward it, etc., on the basis
of the user’s prior responses to the content of that certain
information. Also, this scheme provides a minor degree of
inter-agent collaboration by allowing one agent to draw
upon the experience of other ageats, typically for the pur-
pose of initialization. However, cach agent is constrained to
develop its expertise in a particular domain within the
limited range of the type of information. Also, the passive
feedback nature of the “over-the-shoulder” approach can
place an unacceptable burden on the system'’s learner, reduc-
ing information throughput and decreasing the efficiency
and usefulness of the overall system. Also, sysiematic errors
can be introduced into the passive feedback error, and the
aclual response of the user may be misinterpreted.

Another approach uses content-based filiering to select
documents for a user to read, and supports inter-user col-
laboration by permitting the users io a defined group to
annotate the selected documenis. Annotations tend o take as
many forms as there are users, placing the emphasis on
characterizing, maintaining, and manipulating a group of
diverse annotations, or “meta-documents,” from different
users in conjunction with the original decument. Collabo-
ration is achieved by ¢nabling the flters of other users (o
access the annotations. While this approach is useful to the
extent that other users can receive a deeper understanding of
the comments and crilicism provided by a particelar user, the
costs include the additional computer effort required to
implement such collaboration over large, diverse groups
and, more importantly, the extra lime required for cach user
1o review the comments and criticism of the annotations of
the others. Also, annotation sharing and filtering are ham-
pered by the variety in vocabulary and conceptualization
AMONgE USEIS.

Yet another approach employs collaborative filters to help
users make choices based on the opinions of other users. The
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method employs raling servers to gather and disseminate
ratings. A rating server predicts a score, or rating, based on
the heuristic that people who agreed in the past will probably
agree again. This system is typically limited to the homog-
encus stream of text-based news articles, does little content-
filtering, and can not accommeodate heterogenous informa-
tion.

Other projects have explored individual features such as
market-trading optimization lechniques for prioritizing
incoming messages; rule-based agents for recognizing
uscr’s usage patierns and suggesting new fillering patterns o
the user; and personal-adapiive recommendation systems
using exil-questions for rating documents and creating
shared recommendations; and the like. In each case, the
collaborative and content-based aspects of information fil-
lering are noi integraled, and the fillers are not equipped 1o
deal with heterogenous dala streams.

Many information filtering systems use a weighted aver-
age technique for user information feedback that, for
example, extracts all of the ratings for an article and takes a
simple weighted average over all of the ratings to predict
whether an article is relevant to a particular user. Simple
weighted averaging, however, lends to destroy the informa-
tion conient contained in the ratings, unless a relatively
sophisticated approach is used for the functions generating
the simple weighted averages. Little impact is given (o
factors such as credibility, personal preferences, and the like,
which factors tend to be irreversibly blurred during the
averaging process. Simple weighted averages, then, can be
lacking when one desires to develop information filters that
are weli-fitled o a particular community and the specific
interests of a user unless innovative methods are employed
to preserve at least some of the relevant information.

What is needed then is an apparatus and method for
infermation fillering in 4 computer system receiving a data
stream from a computer network in which entities of infor-
mation relevant to the uset, or “informoens,” are extracted
from the data stream using content-based and collaborative
filtering. Such a system would employ an adaptive content
filter and an adaptive collaborative filter which are inte-
grated to the extent that an individual user can be a unique
member client of multiple communities with each commu-
nily including multiple member clients sharing similar inter-
ests,

The system also would implement adaptive credibility
filtering, providing member clients with a measure of infor-
mon credibility, as judged by other member clicnts in the
community. The system also may implement recommenda-
ticn filtering and consultation filtering. Furtbermore, Lhe
system would be preferred to be self-optimizing in that the
adaptive filters used in the system would seek optimal values
for the function intended by the filter, e.g., collaboration,
content analysis, credibility, etc.

3. Citation of Relevant Publications

In the context of the foregoing description of the relevant
art, and of the description of the present invention which
follows, the following publications can be considered to be
relevant;

Susan Dumais, et al. Using Lalent Semantic Analysis to
Improve Access to Textual Information, In Proceedings of
CHI-88 Conference on Human Factors in Computing Sys-
tems. (1988, New York: ACM)

David Evans et zl. A Summary of the CLARIT Project.
Technical Report, Laboratory for Computational
Linguistics, Carnegie-Mellon University, September 1991.

G. Fischer and C. Stevens. Information Access in
Complex, Poorly Structured Information Spaces. In Pro-
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SUMMARY OF THE INVENTION

The invention herein provides a method for information
filtering in a computer system receiving a data stream from
a computer nelwork, Embedded in the data stream arc raw
informons, with at least one of the raw informons being of
interest to the wser. The user is a member client of a
community. The method includes the steps of providing a
dynamic informon characterization having a plurality of
profiles encoded therein, the plurality of profiles including
an adaptive content profile and an adaptive collaboration
profile; adaptively filtering the raw informons responsive to
the dynamic informon characterization, producing a pro-
posed informon thereby; presenting the proposed informon
o the user; receiving a feedback profile from the user,
responsive to the proposed informon; adapting at least one
of the adaptive content profile and the adaptive collaboration
profile responsive to the feedback profile; and updating the
dynamic informen characterization responsive 1o the previ-
ous step of adapting. The method is an interactive,
distributed, adaptive filtering method which includes com-
munity filtering and client filtering. This fillering respec-
tively produces a community profile and a member client
profile, Each of the community filtering and client filtering
can be responsive to the adaptive content profile and the
adaptive collaboration profile. Furthermore, the dynamic
informon characterization is adapied in response to the
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community profile, the member client profile, or both. The
dynamic informon characterization includes a prefiltering
profile, an adaptive broker filtering profile, and a member
client profile, Also, adaptively filtering includes the steps of
prefiltering the data stream according to the prefiltering
profile, thereby extracting a plurality of raw informons from
the data stream, the prefiltering profile being responsive to
the adaptive content profile; filtering the raw informons
according to the adaptive broker profile, the adaptive broker
profile inchiding the adaptive collaborative profile and the
adaptive content profile; and client user filtering the raw
informons according to an adaptive member client profile,
thereby extracting the proposed informon.

Another embodiment of the method provides the steps of
pariitioning each user into a plurality of member clients,
each member client having a unique member client profile,
cach profile having 2 plurality of client attributes; grouping
member clients to form a plurality of communities, each
commuaity including selected clients of the plurality. of
member clients, selected client attributes of the selected
clients being comparable to others of the selected clients
thereby providing each community with a community pro-
fil¢ having commoen clicnt attribules; predicting at leasi one
community profile for each communily using first prediction
criteria; predicting at least one member client profile for the
client in a community using sccond prediction criteria;
extracting the raw informons from the data stream, each of
the raw informons having an informon content; selecting
proposed informons from the raw informons, the proposed
informons being correlated with at least one of the common
client attributes and the member client attributes; providing
the proposed informons to the user; receiving user feedback
in response to the proposed informons; and updating at least
one of the first and second prediclion criteria responsive (o
the user feedback. The method also can include the step of
prefiltering the data stream using the predicted community
profile, with the predicted community profile identifying the
raw informons in the data stream.

In addition, the step of selecting can include filtering the
raw informons using an adaptive content filter responsive to
the informon content; filtering the raw informons using an
adaptive collaboration filter respensive to the common client
attributes for the respective community; and filtering the raw
informons using an adaptive member client filter responsive
to the unique member client profile.

The method also can include one or more of the steps of
credibility filtering, recommendation filtering, and consul-
tation filtering the raw informon responsive to the feedback
profile and providing a respective adaptive recommendation
profile and adaptive consultation profile. The step of prefil-
tering includes the step of creating a plurality of mode-
invariant concept components for each of the raw infor-
mons; and the step of filtering the raw informons includes
the steps of (1) concept-based indexing of each of the
mode-invariant concepts inlo a collection of indexed infor-
mons; and {2) creating the community profile from the
collection of indexed informons.

Ope embodiment of the present invention provides an
information filtering apparatus in a computer sysiem receiv-
ing a data stream from a computer network, the data stream
having raw informons embedded therein. The apparatus
includes an extraction means for identifying and exiracting
the raw informons from the data stream, each of the infor-
mons having informon conient, at least one of the raw
informons being of interest lo a user having a user profile,
the user being a member of a network community having a
community profile, at least a portion of each of the user
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profile and the community profile creating an adaptive
collaboration profile, the extracting means being coupled to
the computer network. The apparatus also includes filter
means for adaptively filtering the raw informons responsive
to the adaptive collaboration profile and an adapiive content
profile and producing a proposed informon thereby, the
informon content being filtered according to the adaptive
content profile, the filter means being coupled with the
extraction means. Additionally, the apparatus includes com-
munication means for conveying the proposed informon to
the user and receiving a fecdback response therefrom, with
the feedback response corresponding to a feedback profile,
the communication means being coupled with the filier
means.

Profile adaptation is accomplished by a first adaptation
means for adapting at least one of the collaboration profile
and the content profile responsive to the feedback profile, the
first adaptation means being coupled to the filter means. The
first adaptation means includes a prediction means for
predicting a response of the user 10 a proposed informon, the
prediction means receiving a plurality of temporally-spaced
feedback profiles and predicting at least a portion of a future
one of the adaptive collaboration profile and the adaptive
content profile in response thereto. Also included are com-
puter storage means for storing the adaptive collaborative
profile and the adaptive content profile, the storage means
being coupled to the filter means.

The apparatus also includes second adaptation means for
adapting at least one of the user profile responsive to at least
one of the community profile and the adaptive content
profile, and the community profile responsive to at least one
of the user profile and the content profile, and the content
profile responsive to at least one of the user profile and the
community profile. It is preferred that the prediction means
is a self-optimizing prediction means using a preselected
leamning technique, and that learning technique ipcludes at
least one of a top-key-word-selection leamning technique, a
nearest-neighbor learning technique, a term-weighting
learning technique, a probabilistic learning technique, and a
neural network learning technique.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1 is an diagrammatic representation of an embodi-
ment of an information filtering apparatus according to the
present invention.

FIG. 2 is an diagrammatic representation of another
embodiment of an information filtering apparatus according
to the present invention.

FIG. 3 is a flow diagram for an embodiment of an
information filtering method according to the present inven-
tion.

FIG. 4 is a flow diagram for another embodiment of an
information filtering method according to the present inven-
tiom.

FIG. 5 is a llow diagram for yet another embodiment of
an information filtering method according to the present
invention.

FIG. 6 is an illustration of a three-component-input model
and profile with associated predictors.

FIG. 7 is an illustration of a mindpool hierarchy.

DETAILED DESCRIPTION OF THE
EMBODIMENTS

The invention herein provides an apparatus and method
for information fillering in a compuler system receiving a
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data stream from a computer network, in which entities of
information relevant to the user, or “informons,” are
extracted from the data siream using content-based and
collaborative filtering. The invention is both interactive and
distributed in structure and method. It is interactive in that
communication is substantially bi-directional at each level
of the invention. It {s distributed in that all or part of the
information filier can include a purely hierarchical (up-and-
down/parent-child) structure or method, a purely parailet
(peer-ta-peer) structure or method, or a combination of
hierachical and parallel structures and method. The inven-
tion also provides a computer program product that imple-
ments sclected embodiments of the apparatus and method.

As used herein, the term “informon”™ comprehends an
information entity of potential or actual interest to a par-
ticular user, In general, informons can be heterogenous in
nature and can be all or part of a textual, a visual, or an audio
eatily. Also, informons can be composed of a combination of
the aforementioned entities, thereby being a multimedia
entity. Furthermore, an informon can be an entity of pat-
terned dala, such as a data file containing a digilal repre-
sentation of signals and can be a combination of any of the
previously-mentioned entities. Althcugh some of the data in
a data stream, including informons, may be included in an
informon, not all data is relevant to a user, and is not within
the definition of an informon. By analogy, an Informon may
be considered to be a “signal,” and the total data stream may
be considered to be “signal+nocise.” Therefore, an informa-
tion filtering apparatus is analogous 10 other types of signal
filters in that it is designed to separate the “signal” from the
“noisg.”

Alse as used herein, the term “user” is an individual in
communicalion with the network. Because an individual
user can be interested in multiple categories of information,
the user can be considered to be multiple clients each having
a unique profile, or sct of attributes. Each member client
profile, then, is representative of a particular group of user
preferences. Collectively, the member client profiles asso-
ciated with cach user is the user profile. The present inven-
tion can apply the leamed knowledge of one of a user’s
member ¢licnts o others of the user’s member clients, so
that the importance of the learned knowledge, ¢.g., the user’s
preference for a particular author in one interest area as
represented by the member client, can increase the impor-
tance of that particular factor, A’s authorship, for others of
the user’s member clients. Each of the clients of cne user can
be associated with the individual clients of other users
insofar as the profiles of the respective clients have similar
attributes. A “community” is a group of clients, cailed
member clients, that have similar member client profiles,
i.e., that share a subset of attributes or interests. In general,
the subset of shared attributes forms the community profile
for a given community and is representative of the commu-
nity norms, or common client attributes,

The “relevance” of a particular informon broadly
describes how well it satisfies the user’s information need.
‘The more relevant an informon is o a user, the higher the
“signal” content. The less relevant the informon, the higher
the “noise” content. Clearly, the notion of what is relevant to
a particular user can vary over time and with context, and the
user can find the relevance of a particular informon limited
to only a few of the user’s potentially vast interest areas.
Because a user’s interests typically change slowly, relative
to the data stream, it is preferred to use adaptive procedures
to track the user’s current interests and follow them over
time. Provision, too, is preferred to be made for sudden
changes in interest, e.g., taking up antiquarian sword col-
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lecting and discontinuing stamp collecting, so that the
method and apparatus track the evolution of “relevance” o
a user and the communities of which the user is 2 member.
In general, information filtering is the process of selecting
the information that a users wishes 10 see, i.e., informons,
from a large amount of data. Content-based filtering is a
process of fltering by extracting features from the informon,
¢.g., the text of a document, to determine the informon’s
relevance. Collaborative filtering, on the other hand, is the
process of filtering informons, e.g., documents, by deter-
mining what informons other users with similar interests or
needs found to be relevant.

The invention employs adaptive content-based filters and
adaptive collaborative filters, which respectively include,
and respond to, an adaptive content profile and an adaptive
collaboration profile. As used herein, the term “content-
based filter” means a filter in which content data, such as key
words, is used in performing the filtering process. In a
collaborative filter, other user data is used in performing the
filtering process. A collaborative filter is also sometimes
referred to as a “content” filter since it ultimalely performs
the task of finding an object or document having content
relevant to the content desired by a user. If there are some
instances herein where the term “content filter” is uscd as
distinguished from a collaborative filter, it is intended that
the term “content filter” mean “content-based filter.” The
adaptive filters cach are preferred to include at least a portion
of & community filter for each community serviced by the
apparatus, and a portion of a member client filter for each
member client of the serviced communities. For this reason,
the adaptive filtering is disiributed in that each of the
community fillers perform adaptive collaborative filtering
and adaptive content filtering, even if on different levels, and
even if many fillers exist on a given level. The integrated
filtering permits an individual user to be a unique member
client of multiple communities, with each community
including multiple member clients sharing similar interests,
The adaptive features permit the interests of member clients
and entire communities to change gradually over time. Also
a meinber client has the ability to indicate a sudden change
in preference, €.g., the member client remains a collector but
is no longer interested in coin collecting.

The invention also implements adaptive credibility
fillering, providing member clients with a measure of infor-
mon credibility, as judged by other member clients in the
community. For example, a new member client in a first
community, having ne ¢redibility, can inject an informon
into the data flow, thereby providing other member clients in
other communities with the proposed informon, based on the
respective community profile and member client profiles. If
the other member clients believe the content of the informon
io be credible, the adaptive credibility profile will reflect a
growing credibility, Conversely, feedback profiles from
informoen recipients that indicate a lack of credibility cause
the adaptive credibility profile, for the informon author, to
reflect untrustworthiness. However, the growth and declina-
tion of credibility are not “purely democratic,” in the sense
that one’s credibility is susceptible to the bias ol others’
perceplions, so the growth or declinalion of one’s credibility
is generally proportional to how the credibility of the new
member client is viewed by other member clients,

Member clients can put their respective reputations “on
the line,” and engage in spirited discussions which can be
refereed by other interested member clieats. The credibility
profile further can be partitioned to permit separate cred-
ibility sub-profiles for the credibility of the content of the
informon, the author, the author’s community, the reviewers,
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and the like, and can be fed back to discussion participants,
reviewers, and observers to monitor the responses of others
to the debatc. The adaptive credibility profiles for those
member clients with top credibility ratings in their commu-
nilies may be used to establish those member clients as
“experts” in their respective communities.

With this functionality, additional featurcs can be
implemented, including, for example, “instant polling” on a
matter of political or consumer interest. [n conjunction with
both content and collaborative fillering, credibility fillering,
and the resulting adaptive credibility profiles, alsc may be
used to produce other features, such as on-line consultation
and recommendation services. Although the “experts” in the
commusaities most closely related to the topic can be
afforded special status as such, member clients from other
communities also can participate in the consultation or
recommendation process.

In one embodiment of the consultation service, eredibility
filtering can be augmented to include consultation filtering.
With this feature, a member client can transmit an informon
to the network with a request for guidance on an issue, for
gxample, caring for a sick tropical fish. Other member
clients can respond to the requester with informons related
to the topic, e¢.g., suggestions for water temperature and
antibiotics. The informons of the responders can include
their respective credibility profiles, community membership,
and professional or avocational affiliations. The requester
can provide feedback to each of the responders, including a
raling of the credibility of the responder on the particular
topic. Additionally, the responders can accrue quality poiots,
valuc tokens, or “info bucks,” as apportioned by the
requester, in return for useful guidance.

Similarly, one embodiment of an on-line recommendation
service uses recommendation filtering and adaptive recom-
mendation profiles to give member clients recommendations
on matters as diverse as local avio mechanics and world-
class medieval armor refurbishers. In this embodiment, the
requester can lransmit the informon to the network bearing
the request for recommendation, Other member clients can
respond 1o the requesier with informons having specific
recommendations or disrecommendations, advice, etc. As
with the consultation service, the informons of the respond-
ers can be augmented 1o include their respective credibility
profiles, community membership, and professional or avo-
cational affiliations. A rating of each recommendation pro-
vided by a responder, relative to other responders’
recommendations, also can be supplicd. The requester can
provide feedback to each of the responders, including a
rating of the credibility of the responder on the particular
topic, or the quality of the recommendation. As before, the
responders can accrue quality points, value tokens, or “info
bucks,” as apportioned by the requester, in return for the
useful recommendation.

Furthermore, certain embodiments of the invention are
preferred to be self-optimizing in that some or all of the
adaptive filters used in the system dynamically seek optimal
values for the function intended by the filter, ¢.g., content
analysis, collaboration, credibility, reliability, ete.

The invention herein is capable of identifying the prefer-
ences of individual member clients and communities, pro-
viding direct and inferential consumer preference
information, and tracking shifts in the preferences whether
the shifts be gradual or sudden. The consumer preference
information can be used to target particular consumer pref-
erence groups, or cohorts, and provide members of the
cobort with targeted informons relevant o their consumer
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preferences. This information also may be used to follow
demographical shifts so that activities relying on accurate
demographical data, such as retail marketing, can use the
consumer preference information to anticipate evolving con-
sumer needs in a timely manner.

To provide a basis for adaptation, it is preferred that each
raw informon be processed into a standardized vector, which
may be on the order of 20,000 to 100,000 tokens long. The
leaming and optimization methods that ultimately are cho-
sen are preferred to be substantially robust to the problems
which can be presented by such high-dimensional input
spaces. Dimensionality reduction using methods such as the
singular value decomposition (SVD), or auto-encoding neu-
ral networks attempt to reduce the size of the space while
initially retaining the information contained in the original
representation, However, the SVD can lose information
during the transformation and may give inferior results. Two
adaptation/learning metheds that are presently preferred
include the TE-IDF techrnique and the MDL technique.

TF-1DF is a weighting scheme that gives cmphasis to the
weighting parameters for more important terms in an infor-
mon. TF represents “Term frequency,” or the number of
times a particular term occurs in a given informon. This is
one of the factor used in developing the weighting. IDF
represents “inverse-document-frequency,” which is a mea-
sure of how often a particular term has a cross-appearance
in a group of informens. Typically, common words have a
low IDF, and unique terms will have a high IDF,

The TF-IDF weighting technique employs two empirical
observations regarding text. First, the more times a token t
appears in a document d (called the term frequency, or tf, ),
the more likely it is thai 1 is relevant to the topic of d.
Second, the more times t occurs throughout all documents
(called the document frequency or df), the more poorly 1
discriminates between documents. For a given document,
these two terms can be combined inte weights by multiply-
ing the tf by the inverse of the df {i.e., idf) for each wken.
Often, the logarithm of tf or idf is laken in order to
de-emphasize the increases in weight for larger values.

Onc weight used for token t in document d is:

wit dy=tf,.4 1og{I¥|/df;)

where N is the entire set of documents. The way in which
TF-IDF vectors are compared also takes advantage of the
domain. Because documents usually contain only a small
fraction of the total vocabulary, the significance of a word
appearing is much greater than of it not appearing. To
emphasize the stronger information content in a word
appearing, the cosine of the angle between vectors is used to
measure the similarity between them. The effect of this
cosine similarity metric can be better understood by the
following example. Suppose two documents each contain a
single word, but the words are different. The similarity of the
documents then would be zero, because the cosine of the
angle between two perpendicular vectors is zero. A more
unbiased learning technique that did not take advantage of
this domain feature usually would group the two documents
as being very similar because all but two of the elemeats in
the lengthy vectors agreed (i.e. they were zero).

Using TF-IDF and the cosine similarity metric, there are
many ways to then classify documents into calcgories, as
recognized by a skilled artisan, For example, any of the
family of nearest-neighbor techniques could be used. In the
present invention, the informons in each category can be
converted into TF-IDF vectors, normalized to unit length,
and then averaged lo get a prototype vector for the category.
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The advantages to taking this approach include an increased
speed of computation and a more compact representation. To
classify a new document, the document can be compared
with each prototype vector and given a predicted rating
based on the cosipe similarities to each category rating. In
this step, the results can be converted from a categorization
procedure to a continuous value, using a linear regression.

Probabilistic techniques consider the probability that a
particular ierm, or concept, that aceurs in an informon, or
that the informon satisfies the user’s information need.
Minimum description length, or MDL, is a probabilistic
technique that attempts to minimize the description length of
an entire data set, The MDL principle can be applied to
measure the overall “quality™ and “cost” of a predicted data
set, of model, and to optimize both quality and cost, striking
a balance between the quality of the prediction and the
complexity cost for achieving that quality.

The Minimum Description Length (MDL) Principle pro-
vides an information-theoretic framework for balancing the
tradeoff berween model complexity and training ervor. In the
present invention’s domain, this tradeoff involves how io
weight each token'’s importance and how to decide which
tokens should be left out of the model for not having enough
discriminatory power. The MDL principle is based Bayes’
Rule:

F(DIfp(H)
PUH|D) = -
Generally, it is desirable to find hypothesis H that maximizes
p(H|D), iL.e. the probability of H given the observed data D.
By Bayes” Rule, this is cquivalent to maximizing p(D{H)p
(H)/p(D), because p(D)) is essentially independent of H,
p(D|H)p(H) can be maximized; or, equivalently,

~log (p(D\H))~log (p(H))

can be maximized from information thecry principles, ~tog,
(p(X)) is equal to the size in bits of encoding event X in an
optimal binary code. Therefore, the MDL interpretation of
the above expression is that, to find the most probable
kypothesis given the data, the hypaothesis which minimizes
the total encoding length should be found. This encoding
length is equal to the number of bits required to encode the
hypothesis, plus the bits required to encode the data given
the hypothesis. Given a decument I} with token vector T,
{containing 1, non-zero unique tokens in the informon) and
training data D,,.,,, the most probable category ¢, for d is
that which minimizes the bits needed to encode T, plus C,:

arg max [p{e)Tada,Dirain)] =

<i

arg min [log{p(Tdeita,Dirain}) — l0g(Plele,Drain))]

<

‘The data independence assumption is that the probability of
the daia in an informon or document, given its length and
category, is the product of the individual token probabilities,
is

PTG, ol F D i)

where t, , is a binary value indicating whether or oot the
token 1 occurred at least once in document d.

Generally, one way 1o derive a probability estimate for (,
while avoiding a computationally expensive oplimization
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siep for the model parameters is to compute the following
additional statistics from the training data, and use them as
the parameters in the model:

fi= Iy
JjenN

Where {, is the number of documents containing token i, and
]

Where 1, is a correlation estimate [0-1] between 1, , and 1.
Each statistic can be computed for each concept, and for

the total across all concepts. The objective is to establish a

general “background” distribution for each token, and a

category-specilfic distribution. If the token distribution is a

simple binomial, independent of document length

Ploa=OlleD=1-tLc ¥,

However, if the token probability is dependent on document
length, the following approximation is valid.

i

plamidad =] 1-day Z 4
JENTex]

The above two distributions can then be combined in a
mixture model by weighting them with t, , to provide:

fr

i

Pt = OlLexD = (1 = ey N x| 1=tgeq/ I
& ey & &N

By hypothesizing that each token either truly has a special-
ized distribution for a category, or that the token is unretated
to that category and just exhibits random background
fluctuations, the MDL criteria for making the decision
betwecn these hypotheses is to choose the category-specific
hypothesis if the total bits saved in using this hypothesis, or
total bits=

Totalbits= I ~log(ph ) - [~log(p(tfucy)]
dech

is greater than the complexity cost of including the extra
category-specific parameters,
An additional pragmatic advantage to this probabilistic
mode] choice is that when the logs are laken of the prob-
abilities to get costs in bits, the probability calculation for
cach article’s words becomes a simple, linear one that can be
compuied in Of1,), rather than the longer O{|dictionary]).
"This is due to the ability to precompute the sum of the bits
required 1o encode no words occurring. From this sum the
bits required for an actual document can quickly be com-
puted.
One method for learning at least one of the TF-IDF and
the MDL approaches can employ the following steps:
1. Divide the articles into training and unseen test sels,
2. Parse the training articles, throwing out tokens oecurring
less than a preselected threshold.
3. For TF-IDF, also throw out the F most frequent tokeas
over the entire training sct.
4. Compute 1; and r,, for each loken.
5. For TF-IDF, compute the term weights, normalize the
weight vector for each informon A, and find the average
of the vectors for each rating category M.
For MDL, decide for each token t and category ¢ whether
to use p(t/L,c)=p(t/l), or use a community dependent model

«
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for when 1 occurs in ¢. Then pre-compute the encoding
lengths for no tokens occurring for informons in each
community.

. For TF-IDF, compule the similarity of each training
informon to each rating category prototype using, for
example, the cosine similarity metric.

8. For MDL, compute the similarity of each training infor-
mon to each rating category by taldng the inverse of the
number of bits needed to encode T, under the communi-
ty’s probabilistic model.

. Using the similarily measurements computed in steps 7 or
8 on the training data, compute a linear regression from
rating community similarities to continuous rating pre-
dictions.

10. Apply the model obtained in steps 7-9 similarly to test

informons.

FIG. 1 illustrates one embodiment of an information
filtering apparatus 1 according to the invention herein. In
general, a data stream is conveyed through network 3, which
can be a global intemnetwork. A skilled artisan would rec-
ognize that apparatus 1 can be used with other types of
networks, including, for example, an enterprise-wide
network, or “intranet.”” Using network 3, User #1 (5) can
communicate with other users, for example, User #2 (7) and
User #3 (9}, and also with distributed network resources
such as resource #1 (11) and resource #2 (13).

Apparatus 1 is preferred to be part of computer system 16,
although User #1 (5) is not required to be the sole user of
compuler system 16. In opme preseat embodiment, it is
preferred that computer system 16 having information filter
apparatus 1 therein filters information for a plurality of
users. One application for apparatus 1, for example, could be
that user 5 and similar users may be subscribers 1o a
commercial information fillering service, which can be
provided by the owner of computer system 16.

Extraction means 17 can be coupled with, and receives
data stream 15 from, netwerk 3. Extraction means 17 can
identify and extract raw informons 19 from data stream I5.
Each of the raw informons 19 has an information content.
Lxtraction means 17 uses an adaptive content filter, and al
least part of the adaptive content profile, to analyze the data
siream for the presence of raw informons. Raw informons
are those data entities whase content identifies them as being
“in the ballpark,” or of potential interest to a community
coupled o apparatus 1. Extraction means 17 can remove
duplicate informons, even if the informons armrive from
different sources, so that user resources are not wasted by
handling and viewing repetitive and cumulative information.
Extraction means 17 also can use at least part of a commu-
nity profile and a user profile for User #1 (5) to determine
whether the informon content is relevant to the community
of which User #1 is a part.

Filter means 21 adaptively fillers raw informons 1% and
produces proposed informons 23 which are conveyed to
User #1 (5) by communication means 25. A proposed
informon is a selected raw informon that, based upon the
respective member client and community profiles, is pre-
dicted to be of particular interest to a member client of User
5. Filter means 21 can include a plurality of community
filters 27a,b and a plurality of member client filters 28a-¢,
each respectively having commupity and member client
profiles. When raw informons 19 are filtered by filter means
21, those informons that are predicted to be suitable for a
particular member client of a particular community, e.g.,
User #1 (5), responsive to the respeclive community and
member client profiles, are conveyed thereto. Where such is
desired, filter means 21 also can include a credibility filter
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which enables means 21 to perform credibility filtering of
raw informons 19 according to a credibility profile.

It is preferred that the adaptive filtering performed within
filter means 21 by the plurality of filters 27a,b, 284—¢, and
35, use a self-optimizing adaptive filtering so that each of the
parameters processed by filters 27a,b, 28a—¢, and 385, is
driven continually to respective values corresponding to a
minimal error for each individual parameter. Self-
optimization encourages a dynamic, marketplace-like opera-
tion of the system, in that those entities having the most
desirable value, e.g., highest credibility, lowest predicted
error, etc., are favored to prevail.

Self-optimization can be effected according to respective
preselected self-optimizing adaptation technique including,
for example, one or more of a top-key-word-selection adap-
tation technique, a nearest-neighbor adaptation technique, a
term-weighting adaptation technique, a probabilistic adap-
tation technique, and a neural network learning technique. In
one present embodiment of the invention, the term-
weighting adaptation technique is preferred to be a TF-IDF
technique and the probabilistic adaptation technique is pre-
ferred to be a MDL technique.

When user 5 receives proposed informon 23 from appa-
ratus 1, user 5 is provided with multiple feedback queries
along with the proposed informon. By answering, uscr 5
creates a feedback profile that corresponds to feedback
response 29, User feedback response 29 can be active
feedback, passive feedback, or a combination. Active feed-
back can include the user’s numerical rating for an
informon, hints, and indices. Hints can include like or dislike
of an author, and informon source and timeliness, Indices
can include credibility, agreement with content or author,
bumor, or value. Feedback response 29 provides an actual
response to proposed informon 23, which is a measure of the
relevance of the proposed informon to the information need
of user 5. Such relevance feedback attempts to improve the
performance for a particular profile by modifying the
profiles, based on feedback response 29.

A predicled response anticipated by adaplive filtering
means 21 can be compared to the actual feedback response
29 of user 5§ by first adaptation means 30, which derives a
prediction error. First adaptation means 30 also can include
prediction meauns 33, which collects a nmumber of temporally-
spaced feedback responses, to update the adaptive collabo-
ration profile, the adaptive content profile, or both, with an
adapted future prediction 34, in order to minimize subse-
quent prediction errors by the respective adaptive collabo-
ration filter and adaptive content filter.

In one embodiment of the invention herein, it is preferred
that prediction means 33 be a self-optimizing prediction
means using a preselected learning technique. Such tech-
niques can include, for example, one or more of a top-key-
word-selection learning technique, 4 nearest-neighbor learo-
ing technique, a term-weighting learning technique, and a
probabilistic learning technique. First adaptation means 30
also can include a neural network therein and employ a
neural network learning technique for adaptation and pre-
diction. In one present embodiment of the invention, the
term-weighting leamning technique is preferred to be a
TF-1DF technique and the probabilistic learning technique is
preferred to be & MDL learning technique.

First adaptation mcans 30 further can include second
adaptation means 32 for adapting at least one of the adaptive
collaboration profiles, the adaptive content profiles, the
community profile, and the user profile, responsive to at
least one of the other profiles. In this manner, trends attrib-
utable to individual member clients, individual users, amd
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individual communitics in one domain of system 16 can be
recognized by, and influence, similar entities in other
domains (molding of agent “minds™), contained within
system 16 to the extent that the respective entities share
common attributes,

Apparatus 1 also can include a computer slorage means
3 for storing the profiles, including the adaptive content
profile and the adaptive collaboration profile. Additional
tread-tracking information can be stored for later retrieval in
storage means 31, or may be conveyed to nmetwork 3 for
remote analysis, for example, by User #2 (7).

FIG. 2 illustrates another preferred embodiment of infor-
mation filtering apparatus 50, in computer system 51, Appa-
ratus 50 can include first processor 52, second processors
53a,b, third processors 64a—d, and a fourth processor 55, to
effect the desired information filtering. First processor 52
can be coupled to, and receive a data stream 56 from,
network 57, First processor 52 can serve as a pre-processor
by extracting raw informons 58 from data stream 56 respon-
sive 1o preprocessing profile 49 and conveying informons 58
1o second processors 53a,b.

Because of the inconsisiencies presented by the nearly-
infinite individual differences in the modes of
conceptualization, expression, and vocabulary among users,
cven within a community of coineiding interests, similar
notions can be described with vastly different terms and
connotations, greatly complicating informon characteriza-
tion. Mode variations can be even greater belween disparate
communities, discouraging interaction and knowledge-
sharing among communities. Theretore, it is particularly
preferred that processor 52 create a mode-invariant repre-
sentation for each raw informon, thus allowing fast, accurate
informon characterization and collaborative filtering. Mode-
invariant representations tend to facilitate relevant informon
selection and distribution within and among communities,
thereby promoting knowledge-sharing, thereby benefitting
the group of interlinked communities, i.., a society, as well.

First processor 52 also can be used to prevent duplicate
informons, e.g., the same information from different
sources, from further penctrating, and thus consuming the
resources of, the fillering process. Other processors 53,4,b,
54a—d, also may be used to perform the duplicale informa-
tion elimination function, but additionally may measure the
differences between the existing informon and new infor-
mons. That difference between the content of the informon
the previous time the user reviewed it and the content of the
informen in its present form is the “delta” of interest.
Processors 53a,b, 54a—d may climinaie the informon from
further processing, or direct the new, altered informon to the
member client, in the event that nalure or extent of the
change exceeds a “delta” threshold. In general, from the
notion of exceeding a presclected delta threshold, one may
infer that the informon has changed to the extent that the
change is interesting to the user. The nature of this change
can be shared among all of a user’s member clients. This
delea threshold can be preselected by the user, or by the
preselected learning technique. Such processing, or “delta
learning” can be accomplished by second processors 53a,b,
alone or in concert with third processors 54a—d. Indeed,
third processor 84a—d can be the locus for delta learning,
where processors 54a—d adapts a delta learning profile for
each member client of the community, i.¢. user, thus antici-
pating those changes in existing informons thal the user may
find “interesting,”

Second processors 53a,b can filter raw informons 58 and
extract proposed community informons 594,b therefrom.
Informons 59¢,b are those predicted by processors 53a,b to
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be relevant to the respective communities, in response (o
community profiles 48a,b that are unique to the communi-
ties. Although only two second processors 53a,b are shown
in FIG. 2, system 51 can be scaled to support many more
processors, and communities, It is presently preferred that
second processors 53g¢,b extract community informons
5%a,b using a two-step process. Where processor 52 has
generated mode-invariant concept representations of the raw
informons, processor 53a,b can perform concept-based
indexing, and then provide detailed community filtering of
cach informon.

Third processors 54a—d can receive community infor-
mons 592,b from processors $3a,b, and extract proposed
member client informons 6la—d therefrom, responsive to
unique member client profiles 62a—d for respeclive ones of
member clients §3e—4. Each user can be represented by
multiple member clients in multiplc communities. For
example, cach of users 644, b can maintain interests in each
of the communities serviced by respective sccond processors
53a,b, and each receive separate member client informons
616,¢ and 6la,d, respectively.

Each member chient 63a—d provides respective member
clicnt feedback 65a—d to fourth processor 55, responsive to
the proposed member client informons 61a—4. Based upon
the member clicnl feedback 68¢~d, processor 55 updales at
least one of the preprocessing profile 49, community profiles
48a,b and member client profiles 62a—d. Also, processor 55
adapts at least one of the adaptive content profile 68 and the
adaptive collaboration profile 69, responsive to profiles 49,
48g,b, and 62a—d.

Fourth proccssor 85 can include a plurality of adaptive
filters 66a—d for cach of the aforementioned profiles and
computer storage therefor. It is preferred that the plurality of
adaptive filters 66a—d be self-oplimizing adaptive filters.
Self-optimization can be effected according to a preselected
self-optimizing adaptation technique including, for example,
one or more of a top-key-word-selection adaptation
wechnique, a pearest-neighbor adapiation technique, a term-
weighting adaptation lechnique, and a probabilistic adapia-
tion techmique, Any of the adaptive filters 664—d may
include a newral network. In one present embodiment of the
invention, the term-weighiing adaptation technique is pre-
ferred to be a TE-IDF technique and the probabilistic adap-
tation technique is preferred to be a MDL technique.

An artisan would recognize that one or more of the
processors 52-55 could be combined functionally so that the
actual number of processors used in the apparatus 50 could
be less than, or greater than, that illustrated in FIG. 2, For
example, in one embodiment of the present invention, first
processor 52 can be in a single microcomputer workstation,
with processors 53-55 being implemented in additional
respective microcomputer systems. Suitable microcomputer
systems can include those based upon the Intel® Pentium-
Pro™ microprocessor. In fact, the flexibility of design
presented by the invention allows for extensive scalability of
apparatus 50, in which the number of users, and the com-
munitics supported may be easily expanded by adding
suitable processors. As described in the context of FIG. 1,
the interrelation of the several adaptive profiles and respec-
tive filters allow trends attributable 1o individual member
clients, individual users, and individual communities in one
domain of systern 51 to be recognized by, and influence,
similar entities in other domains, of system 51 to the extent
that the respective entities in the different domains share
common attributes.

The invention herein alse comprehends a method 100 for
information filtering in a computer system, as illustrated in
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FIG. 3, which includes providing a dypamic informon
characterization (step 105) having a plurality of profiles
encoded therein, including an adaptive content profile and
an adaptive collaboration profile; and adaptively filtering the
raw informons (step 110) responsive to the dynamic infor-
mon characterization, thereby producing a proposed infor-
mon. The method continues by presenting the proposed
informon to the user (step 115) and receiving a feedback
profile from the user (step 120), responsive to the proposed
informon. Also, the method includes adapting at least one of
the adaptive content profile (step 125) and the adaptive
collaboration profile responsive to the feedback profile; and
updating the dynamic informon characterization (step 130)
responsive thereto.

The adaptive filtering (step 110) in method 100 can be
machine distributed adaptive filtering that includes commu-
nity filtering (substep 135), using a community profile for
each community, and client filtering (substep 140), similarly
using a member client profile for each member client of each
community. It is preferred that the fillering in substeps 135
and 140 be responsive to the adaptive content profile and the
adaptive collaboration profile. Method 100 comprehends
servicing multiple communities and multiple users. In turn,
cach user may be represented by multiple member clients,
with each client having a unique member client profile and
being a member of a selected community. It is prelcrred that
updating the dynamic informon characterization (step 130)
further include predicling selected subsequent member cli-
ent responses (step 150).

Method 100 can also include credibility filtering (step
155) of the raw informoons responsive to an adaptive cred-
ibility profile and updating the credibility profile (step 160)
responsive to the user feedback profile. Method 100 further
can include creating a consumer profile (step 165) respon-
sive to the user feedhack profile. In general, the consumer
profile is representative of predetermined consumer prefer-
ence criteria relative to the communities of which the user is
a member client. Yurthermore, grouping selected ones (step
170) of the users into a preference cohort, respousive to the
preselected consumer preference criteria, can facilitale pro-
viding a targeted informon (step 175), such as an
advertisernent, to the preference cohort.

FIG. 4 iliustrates yet another preferred method embodi-
ment of the invention herein. In general, method 200
includes partitioning (step 205) each user into multiple
member clients, each having a unique member client profile
with multiple client attributes and grouping member clienis
(step 210) to form multiple communities with each member
client in a particnlar community sharing selected client
attributes with other member clieats, thereby providing each
communily with a unique community profile having com-
mon client attributes.

Methad 200 continues by predicting a community profile
(step 215) for each community using first prediction criteria,
and predicting a member client profile (step 220) for a
member client in a particular community using second
prediction crileria. Method 200 also includes the steps of
extracting raw informons (step 225) from a data stream and
selecting proposed informons (step 230) from raw infor-
mons. The proposed informons generally are correlated with
one or more of the common client attributes of a community,
and of the member client attributes of the particular member
client to whom the proposed informon is offered. After
providing the proposed informons to the user (step 235),
receiving user feedback (step 240) in response to the pro-
posed informons permits the updating of the first and second
prediction criteria (step 245) responsive to the user feed-
back.
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Method 200 further may include prefiltering the data
stream (step 250) using the predicted community profile,
with the predicted community profile identifying the raw
informons in the data stream.

Step 230 of selecting proposed informons can include
filtering the raw informons using an adaptive content filter
(step 255) responsive to the informon content; filtering the
raw informons using an adaplive collaboration filter (step
260) responsive to the common client attributes for the
pertaining community; and filtering the raw informons using
an adaptive member client filter (sicp 265) responsive to the
unique member client profile.

It is preferred that updating the first and second prediction
criteria (step 245) employ a self-optimizing adaptation
technique, including, for example, one or more of a top-
key-word-selection adaptation technique, a nearest-neighbor
adaptation technique, a term-weighting adaptation
technique, and a probabilistic adaptation technique. It is
further preferred that the term-weighting adaptation tech-
nique be a TF-IDF technique and the probabilistic adapta-
tion technique be a minimum description length technique,

In a most preferred embodiment, illustrated in FIG. 5, the
information fillering method according to the present inven-
tion provides rapid, efficient data reduction and routing, or
filtering, to the appropriaie member client. The method 300
includes parsing the data stream into tokens (step 301);
creating a mode-invariant (MT) profile of the informon (step
305); selecting the most appropriate communities for each
informon, based on the MI profile, using concept-based
indexing (step 310); detailed analysis (siep 315) of each
informon with regard to its fit within each community;
climinating poor-fitting informons (step 320); detailed fil-
tering of each informon relative to fit for each member client
(step 325); eliminating poor-fitting informons (step 330);
presenting the informon to the member client/user (step
335); and obtaining the member client/user response, includ-
ing multiple ratings for different facets of the user’s response
to the informon (step 340).

In the present invention, it is preferred that coherent
portions of the data stream, i.e., potential raw informons, be
first parsed (step 301) into generalized words, called tokens.
Tokens include punctuativn and other specialized symbols
that may be part of the structure found in the article headers.
For example, in addition to typical words such as “seminar”
counting as tokens, the punctuation mark “$” and the symbol
“Newsgroup:comp.ai” are also tokens. Using noun phrases
as tokens also can be useful.

Next a vector of token counts for the document is created.
This vector is the size of the total vocabulary, with zeros for
tokens not cccurring in the document. Using this type of
vector is sometimes called the bag-of-words model. While
the bag-of-words model does not capture the order of the
tokens in the document, which may be needed for linguistic
or syatactic analysis, it captures most of the information
needed for filtering purposes.

Although, it is common in information retrieval systems
lo group the tokens together by their common linguistic
rools, called stemming, as a next step it is preferred in the
present invention that the tokens be left in ibeir unstememed
form, In this form, the tokens are amenable to being clas-
sified into mode-invariant concept components.

Creating a mode-invariant profile (siep 305), C, includes
creating a conceptual representation for each informon, A,
that is invariant with respect to the form-of-expression, e.g.,
vocabulary and conceptualization. Each community can
consist of a “Meta-U-Zine™” collection, M, of informons.
Based upon profile C, the appropriate communities, if any,
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for each informon in the data stream are selected by concept-
based indexing (step 310) into each M. That is, for each
concept € that describes A, pul A into a queuc Q,,, for each
M which is related to C. It is preferred that there is a list of
Ms that is stored for cach concept and that can be easily
index-searched. Each A that is determined to be a poor fit for
a particular M is eliminated from further processing. Once
A has been matched with a particular M, a more complex
community profile P,, is developed and maintained for each
M (step 315). If A has fallen into Q,, then A is analyzed to
determinec whether il matches P, sirongly enough to be
retained or “weeded” cut (step 325) at this stage.

Each A for a particular M is sent to each user's personat
agent, or member client U ol M, for additional analysis
based on the member client’s profile (step 325). Each A that
fits U’s interests sufficiently is selected for U's personal
informon, or “U-Zine,” collection, Z. Poor-fitting informons
are eliminated from placement in Z (step 330). This user-
level stage of analysis and selection may be performed on a
centralized server site or on the user’s computer.

Next, the proposed informons are presented to user U
(step 335) for review. User U reads and rates each selected
A found in Z (step 340). The feedback from U can consist
of a rating for how “interesting” U found A to be, as well as
one of more of the following:

Opinion feedback: Did U agree, disagree, or have no

opinion regarding the position of A?

Credibility Feedback: Did U [ind the facts, logic, sources,

and quotes in A to be truthful and credible or not?

Informon Qualities: How does the user rate the informons

qualities, for example, “interestingness,” credibility,
funniness, content value, writing quality, violence
content, sexual content, profanity level, business
importance, scientific merit, surprise/unexpecteduness
of information content, artistic quality, dramatic appeal,
entertainment value, trendiness/importance to future
directions, and opinion agreement.

Specific Reason Feedback: Why did the user like or

dislike A?

Because of the auwthority?

Because of the source?

Because A is out-of-date {e.g, weather report from 3
weeks ago)?

Because the information contained in A has been seen
already? (Le., the problem of duplicate information
delivery)

Categorization Feedback: Did U liked AT Was it placed

within the correct M and Z7

Such multi-faceted feedback queries can produce rich feed-
back profiles from U that can be used to adapi each of the
profiles used in the filtering process to some optimal oper-
aling point.

One embodiment of creating a MI profile (step 305) for
each concept can include concept profiling, creation, and
optimization. Broad descriptors ¢an be used to creale a
substantially-invariant concept profile, ideally without the
word choice used to express concept C. A concept profile
can include positive concept clues (PCC) and negalive
coneept clues (NCC). The PCC and NCC can be combined
by a processor to create a measure-of-fit that can be com-
pared to a predetermined threshold. If the combined effect of
the PCC and NCC exceeds the predetermined threshold,
then informon A can be assumed to be related to concept C;
otherwise it is eliminated from further processing. PCCis a
set of words, phrases, and other features, such as the source
or the author, each with an associated weight, that tend to be
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in A which contains C. In contrast, NCC is a set of words,
phrases, and other features, such as the scurce or the author,
each with an associated weight that tend to make it more
unlikely that A is contained in C. For example, if the term
“car” is in A, then it is likely to be about automobiles.
However, if the phrase “bumper car” also is in A, then it is
more likely that A related to amusement parks. Therefore,
“bumper car” would fall into the profile of negative concept
clues for the concept “automobile.”

Typically, concept profile C can be created by one or more
means. First, C can be explicitly created by user U. Second,
C can be created by an electronic thesaurus or similar device
that can catalog and select from a set of concepts and the
words that can be associated with that concept. Third, C can
be created by using co-occurrence information that can be
generated by analyzing the content of an informon. This
means uses the fact that related features of a concept tend to
occur more often within the same document than in geaeral.
Fourth, C can be created by the analysis of collections, H, of
A that have been rated by one or more U. Combinations of
features that tend to occur repeatedly in 11 can be grouped
together as PCC for the analysis of a new concept. Also, an
A that one or more U have raled and determined not 1o be
within a particular Z can be used for the extraction of NCC.,

Concept profiles can be optimized or learned continually
after their creation, wilh the objective that nearly all As that
Us have found interesting, and belonging in M, should pass
the predetermined threshold of at least one C that can serve
as an index inlo M. Anoiher objective of concepl profile
management is that, for each A that does not fall into any of
the one or more M that are indexed by C, the breadih of C
is adjusted to preserve the first objective, insofar as possible.
For example, if C’s threshold is exceeded for a given A, C’s
breadth can be narrowed by reducing PCC, increasing NCC,
or both, aor by increasing the threshold for C.

In the next stage of filtering, one embodiment of content-
based indexing takes an A thal has been processed into the
set of C that describe it, and determine which M should
accept the article for subsequent filtering, for example,
detailed indexing of incoming A. It is preferred that a data
structure including a database be used, so that the vector of
Ms, that are related to any concept C, may be looked-up.
Furthermore, when a Z is created by U, the concept clues
given by U to the information filter can be used to determine
a sct of likely concepts C that describe what U is seeking.
For example, if U types in “basketball” as a likely word in
the associated Z, then all concepts that have a high positive
weight for the word “basketball” are associated with the new
Z. If no such concepts C scem to pre-exist, an entirely new
cancept C is created that is endowed with the clues U has
given as the starting profile.

To augment the effectiveness of concept-based indexing,
it is preferred to provide continual optimization learning. In
general, when a concept C no longer uniquely triggers any
documents that have been classified and liked by member
clients U in a particular community M, then that M is
removed from (he list of M indexed into by C. Also, when
there appears to be significant overlap between articles
fitting concept C, and articles that have been classified by
users as belonging to M, and if C does not currently index
into M, then M can be added to the list of M indexed into
by C. The foregoing heuristic for expanding the concepts C
that are covered by M, can potentially make M too broad
and, thus, accept too many articles. Therefore, it further is
preferred that a reasonable but arbitrary limit is set on the
conceptual size covered by M.

With regard to the detailed analysis of each informon A
wilh respect to the community profile for each M, each A
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must pass through this analysis for each U subscribing to a
particular M, ie., for each member clieat in a particular
communily. After A has passed that stage, it is then filtered
at 4 more personal, member client level for each of those
users. The profile and filtering process are very similar for
both the community level and the member client level,
except that at the community level, the empirical data
obtained is for all U who subseribed to M, and not merely
an individual U. Other information about the individual U
can be used to help the filter, such as what U thinks of what
a particular author writes in other Zs that the user reads, and
articles that can't be used for the group-level M processing,

IIG. 6 illustrates the development of a profile, and its
associated predictors. Typically, regarding the structure of a
profile 404, the information input into the structure can be
divided into three broad categories: (1) Structured Feature
Information (SFT) 405; (2) Unstructured Feature Informa-
tion (UFT) 410; and (3) Collaborative Input {CT) 415. Fea-
tures derived from combinations of these three types act as
additional peer-level inputs for the next level of the rating
prediction function, called (4) Correlated-Feature, Error-
Correction Units (CFECU) 420. From inputs 405, 410, 415,
420, learning funclions 425a— can be applied 10 gel two
computed functions 426a—d, 428a-d of the inputs. These
two functions are the Independent Rating Predictors (IRP)
426a—d, and the associated Uncertainty Prediclors (UP)
428a-d. IRPs 426a—d can be weighted by dividing them by
their respective UPs 4284—d, 50 thal the more certain an IRP
4264—d is, the higher its weight. Each weighied IRP 4294-d
is brought together with other IRPs 429a—¢ in a combinaticn

function 427s-d. This combination function 427a-d can be 3

from a simple, weighted, additive function to a far more
complex neural network function. The results from this are
normalized by the total uncertainty across all UPs, from
Certain=zero to Uncertain=infinity, and combined using the
Certainty Weighting Function (CWF) 430. Once the CWF
430 has combined the IRPs 4262, it is preferred that result
432 be shaped via a monotonically increasing function, to
map lo the range and distribution of the actual ratings. This
funclion is called the Complete Rating Predictor (CRP) 432,

SFI 405 can include vectors of authors, sources, and other
features of informon A that may be influential in determining
Lhe degree to which A falls into the calegories in a given M.
UF1 410 can include vectors of important words, phrases,
and concepts that help to determine the degree to which A
[alls into a given M. Vectors can exist for different canonical
parts of A. For example, individual vectors may be provided
for subject/headings, content body, related information in
other referenced informons, and the like. It is preferred that
a positive and negative vector exists for each canonical part.

CI 415 is received from other Us who already have seen
A and have rated it. The input used for Ci 415 can include,
for example, “interestingness,” credibility, funniness, con-
lent value, writing quality, violence content, sexual content,
profanity level, business importance, scientific merit,
surprise/unexpectedness of information content, artistic
quality, dramatic appeal, entertainment value, trendiness/
imporiance to future directions, and opinion agreement.
Each CFECU 420 is a unit that can detect sets of specific
feature combinations which are ¢xceptions in combination.
For example, author X’s articles are generally disliked in the
Z for woodworking, except when X writes about lathes.
When an informon authored by X contains the concept of
“lathes,” then the appropriate CFECU 420 is triggered to
signal that this is an exception, and accordingly a signal is
sent to offset the general negative signal otherwise triggered
because of the general dislike for X’s informons in the
woodworking Z.
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As an example, the form of Strucwred Feature Informa-
tion (SFI) 405 can include fields such as Author, Source,
Information-Type, and other ficlds previously identified to
be of particular value in the analysis. For simplicity, the
cxemplary SF, below, accounts only for the Author field.
For this example, assume three authors A, B, and C, have
collectively submitted 10 articles that have been read, and
have been rated as in TABLE 1 (following the text of this
specification). In the accompanying rating scheme, a rating
can vary between 1 and 5, with 5 indicating a “most
interesting” article. If four new articies (11, 12, 13, 14) arrive
that have not yet been rated, and, in addition 1o authers A,
B, C, and a new author I has contributed, a simple IRP for
the Author field, that just takes sums of the averages, would
be as follows:

[RP (author} = weighted sum of

avemge (ratings given the author so far)

average (ralings given the author so far in this M)

average {ratings given all authors so far in this M)

average (ratings given all authors)

average (ratings given the author so far by a particular
user U)*

average (ratings given the author so far in this M by a
particular user UY*

avetage {zatings given all suthors so far in this M by a
particular user L)”

average (ratings given zll authors by a particular
user)”

=(if for a petsonzl Z)

‘The purpose of the weighted sum is to make use of broader,
more general statistics, when strong statistics for a particular
user reading an informon by a particular author, within a
particular Z may not yet be available. When stronger sta-
tistics are avaitable, the broader terms cae be eliminated by
using smaller weights. This weighting scheme is similar to
that used for creating CWFs 430, for the profiles as a whole.
Some of the averages may be left out in the actual storage
of the profile if, for example, an author’s average rating for
a particular M is not “significantly” different from the
average for the author across all Ms. Here, “significance” is
used is in a statistical sense, and frameworks such as the
Minimum Description Length (MDL.) Principle can be used
to determine when to store or use a more “local” componeni
of the IRP. As a simple example, the following IRP employs
only two of the above terms:

IRP (author) = weighted sum of
averuge (ratings given Lbis suthor so far in this M)
average (ratings given all authors 8o far in this M)

Table 2 gives the values attained for the four new articles.

Uncertainty Predictors (UP) 428q—/ can be handled
according to the underlying data distribution assumptions. It
is generally important to the uncertainty prediction that it
should approach zero {0) as the IRPs 426a—d become an
exact prediction, and should approach infinity when there is
no knowledge available to determine the value of an IRP. As
an ¢xample, the variance of the rating can be estimated as the
UP. As recognized by a skilled artisan, combining the
variances from the components of the IRP can be done using
several other methods as well, depending upon the theoreti-
cal assumptions used and the computational efficiency
desired. In the present example, shown in Table 3, the
minimum of the variances of the components can be used.
In the alternative, the UP 428a—! can be realized by:
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An cxample of Unstructured Feature Information (UEY)
410 can include entitics such as text body, video/image
captions, song lyrics, subject/titles, reviews/annotations, and
image/audic-extracted features, and the like, Using an exem-
plary entity of & text body, a sample of ten (10) articles that
each have some number of 4 words, or tokens, contained
therewithin are listed in TABLE 4. As before, a raiing can be
from 1 to 5, with a rating of 5 indicating “most interesting.”
This vector can be any weighting scheme for tokens that
allows for comparison between a group of collected
documents, or informons, and a document, or informon,
under question.

As previously mentioned, positive and negative vectors
can provide a weighted average of the informons, according
to their rating by user U. The weighting scheme can be based
on empirical observations of those informons that produce
minimal error through an optimizaticn process. Continuing
in the example, weighting values for the positive can be:

Rating 5 4 3 2 1

Weight 10 09 0.4 01 0o

Similarly, the negative vector can use a weighting scheme in
the opposite “direction”:

Rating 5 4 3 2 1

Weight 0.0 0.1 0.4 Q9 1.0

Using a TF-IDF scheme, the following token vectors can be
obtained:

Token 1 Token 2 Token 3 Token 4
Positive 271 0.56 0.33 Q.0
Negative 0.30 0.43 0.60 0.83

in the case where four new documents come in to the
information filter, the documents are then compared with the
profile vector.

For the purposes of the example herein, only the TF-IDF
represcnlation and the cosine similarity metric, ie., the
normalized dot product, will be used. TABLE 5 illustrates
the oceurrences of each exemplary token, TABLE 6 illus-
tratcs the corresponding similarity vector representations
using a TF-IDF scheme. The similarity measure produces a
result between 0.0-1.0 that is preferred to be remapped to an
IRP. This remapping function could be as simple as a linear
regression, or a one-node neural net. Here, a simple linear
transformation is used, where

IRP(pos)=1+(SIM(pos))x4
and
IRP(neg)=5-(SIM(pos))x4

TABLE 7 illustrates both IRP(pos) and IRP(neg), along with
respective positive and negative squared-error, using the 14
articles, or informons, read and rated thus far in the ongoing
cxamples.
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It is preferred that an estimate of the uncertainty resulting
from a positive or negative IRP be made, and a complex
ncural net approach could be used. However, a simpler
methed, useful for this example, is simply to repeat the same
process that was used for the IRP but, instead of predicting
the rating, it is preferred to predict the squared-error, given
the feature vector. The exact square-error values can be used
as the informon weights, instead of using a rating-weight
lookup table. A more optimal mapping function could also
be computed, if indicated by the application.

Token 1 Token2  Token 3 Token 4
IRP poe. vector 16.68 873 12.89 1127
IRP neg. vector 15.20 847 427 5.04

The UPs then can be computed in a manner similar to the
IRP’s: comparisons with the actual document vectors can be
made to get a similarity measure, and then a mapping
function can be used to get an UP.

Making effective use of collaborative input (CI) from
other users U is a difficult problem because of the following
seven issues. First, there generally is no a priori knowledge
regarding which users already will have rated an informon
A, before making a prediction for a user U, who hasn’t yet
read informon A. Therefore, a model for prediction must be
operational no maiter which subset of the inputs happen to
be available, if any, at a given time. Second, computational
cfficiency must be maintained in light of a potentially very
large set of users and informons, Third, incremental updates
of rating predictions often are desired, as more feedback is
reporied from users regarding an informon. Fourth, in learn-
ing good models for making rating predictions, only very
sparse data typically is available for each users rating of each
document. Thus, a large “missing data” problem must be
dealt with effectively.

Fifth, most potential solutions fo the CI problem require
independence assumptions that, when grossly violated, give
very poor results, As an example of an independence
assumption violation, assume that ten users of a collabora-
tive filtering system, called the “B-Team,” always rate all
articles exactly in the same way, for example, because they
think very much alike. Further assume that user A’s ratings
are correlated with the B-Team at the 0.5 level, and are
correlated with user C at the 0.9 level. Now, suppose user C
reads an article and rales it a “5”. Based on that C's rating,
it is reasonable to predict that A’s rating alsc might be a “5”.
Further, suppose that a member of the B-Team reads the
article, and rates it a “2”. Existing collaborative filtering
methods are likely to predict that A’s rating R, would be:

R y=(D.9x5.+0.5x2)/(0.9+0.5)=3.93

In principle, if other members of the B-Team then read and
rate the article, it should not affect the prediction of A’s
rating, R ,, because it is known that other B-Team members
always rate the article with the same value as the first
member of the B-Team, However, the prediction for A by
existing collaborative filtering schemes would tend to give
10 times the weight to the “2” rating, and would be:

R ym(0.9%5+10%0. 5% 2)/{0.9+10%0.5)=2.46

Existing ¢ollaborative filtering schemes do not work well in
this case because B-Team's ratings are not independent, and
have a correlation among one another of 1. The information
filter according to the present invention can recognize and
compensate for such inter-user correlation.
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Sixth, information about the commuaity of people is
known, other than each user’s ratings of informons. This
information can include the present topics the users like,
what authors the users like, etc, This information can make
the system more ecffective when it is vsed for learning
stronger associations between community members. For
example, because Users A and B in a particular community
M bave never yet read and rated an informon in common, no
carrelation between their likes and dislikes can be made,
based on common ratings alone. However, users A and B
have both read and liked several informons authored by the
same author, X, although Users A and B each read a
distinctly different Zs. Such information can be vsed to make
the inference that there is a possible relationship between
user A’s interests and user B’s interests. For the most part,
existing collaborative filtering systems can not take advan-
tage of this knowledge.

Seventh, information about the informon under consider-
ation also is known, in addition to the ratings given it so far.
For example, from knowing that informon A is about the
concept of “gardening”, better use can be made of which
users’ ratings are more relevant in the context of the infor-
mation in the informon. If user B’s rating agrees with user
D’s rating of articles when the subject is about “politics”, but
B’s ratings agree more with user I} when informon A is
about “gardening”, then the relationship between User B's
ratings and User D's ratings are preferred to be emphasized
i a greater extent than the relationship between User B and
User C when making predictions about informon A.

With regard to the aforcmentivned fourth, sixth and
scventh issues namely, making effective use of sparse, but
known, information about the comenunity and the informon,
it is possible {0 determine the influence of user A’s rating of
an informon on the predicted rating of the informon for a
second user, B. For example, where user A and user B have
read and rated in common a certain number of informouns,
the influence of uscr A’s rating of informon D on the
predicted rating of informon D for user B can be defined by
a relationship that has two components. First, there can be a
common “mindset,” S,,, between user A and user B and
informon D, that may be expressed as:

M wprofile(A)xprofile{B)xDacumentProfile(D).

Second, a correlation may be taken between user A’s past
ratings and user B’s past ratings with respect to informons
that are similar to D. This correlation can be taken by
weighting all informons E that A and B have rated in
common by the similarity of E to D, Sg,:

Spp=Weighted _Correlation(ratings{Aj,ratings(B))

Each of the examples can be weighted by W, =weight for
rating pair (rating(A,D),rating(B,D))=DocumentProfile(E)x
DocumentProfile (13)

Note that the “X" in the above equation may not be a mere
muitiplication or cross-product, but rather be a method for
comparing the similarity between the profiles. Next, the
similarity of the member client profiles and informon con-
tent profiles can be compared. A neural network could be
used to learn how to compare profiles so that the error in
predicted ratings is minimized. However, the invention can
be embodied with use of a simple cosine simiiarity metric,
like that previously considered in connection with Unstruc-
tured Feature Information (UFT) can be used.

The method used preferably includes more than just the
tokens, such as the author and other SFI; and, it is preferred
that the three veclors for component also are able 1o be
compared. SFIs may be handled by transforming them into
an entity that can be treated in a comparable way to token
frequencies thal can be mulliplied in the standard token
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frequency comparison method, which would be recognized
by a skilled artisan.
Continuing in the ongoing example, the Author field may
be used. Where user A and user B have rated authors K and
L, the token frequency vector may appear as follows:

Avg, Rating Avg. Rating Avg, Rating

Given lo #1n Given to #in Given to #in
Author K sample  Author L  sample Author M sample
User
A 31 21 12 5 N/A 9
B 4 1 13 7 5 2

Further, the author component of the member client profiles
of user A and user B may be compared by taking a special
weighted correlation of each author under comparison. In
general, the weight is a function F of the sample sizes for
user A's and user B's rating of the author, where F is the
product of a monolonically-increasing function of the
sample size for each of user A and user B. Also, a simple
function G of whether the informon I} is by the author or not
is used, This function can be: G=¢ if so, and Gap<q if not,
where p and q are optimized constraints according to the
domain of the filtering system. When there has been no
rating of an author by a user, then the function of the zero
sample size is positive. This is because the fact that the user
did not rcad anything by the author can signify some
indication that the anthor might not produce an informon
which would be highly rated by the user. In this cass, the
exacl value is an increasing function H of the total articles
read by a particular user so far, because it becomes more
likely that the user is intentionally avoiding reading infor-
mons by that author with each subsequent article that has
been read but is not prepared by the author. In general, the
exact weighting function and parameters can be empirically
derived rather than theoretically derived, and so is chosen by
the optimization of the overall rating prediction functions.
Continuing in the present example, a correlation can be
computed with the following weights for the authors K, L
and M.

Author Weight

K F (21, 1, not author)
= log {21 + 1) x log (1 + 1) x G (not auther)
= 0.04
L F (5, 7, author or D)
= log (5 + 1) x log (7 + 1) x G (author)
= 0.70
M F (0.2, not author)
= H (26) x log (2 + 1) x G (not suthor)
= 0.02

It is preferred that the logarithm be used as the
monotonically-increasing function and that p=1, q=0.1. Also
used are H=log{sample_ size*0.1) and an assumed rating,
for those authors who are unrated by a user, lo the value of
“2." The correlation for the author SFI can be mapped to a
non-zero range, so that it can be included in the cosine
similarity metric. This mapping can be provided by a simple
one-ncuron acural network, or a linear Function such as,
(correlation+1) *P,. Where the P, is an optimized param-
eter used to produce the predicled ratings with the lowest
error in the given domain for filtering,.

An artisan skilled in information retrieval would recog-
nize thai there are numerous methods that can be used to
¢ffect informon comparisons, particularly document com-
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