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HE WEB HAS PROVED ITSELF A CITESEER, AN AUTOMATIC GENERATOR OF DIGITAL
boon to scientific publication. It let

researchers disseminate their reports faster ~ LIBRARIES OF SCIENTIFIC LITERATURE, USES SOPHISTICATED

and at lower cost than ever before, gregly ACQUISITION, PARSING, AND PRESENTATION METHODS TO
increasing the number and diversity of eas-

ily available publications. At the same time, ELIMINATE MOST OF THE MANUAL EFFORT OF FINDING
however, the acceleration of publication has USEFUL PUBLICATIONS ON THE WEB

increased the perceived information over-
load for researchers attempting to keep
abreast of relevant research in rapidlynformation-filtering and knowledge-discoyv- this source to build a digital library and pro-
advancing fields. ery functions that keep users up-to-date |ovides useful tools for finding literature in this

Scientific literature on the Web makes upelevant research. CiteSeer uses a three-stdtdpary. This stage uses several heuristics that

a massive, noisy, disorganized databaserocess: database creation and feature exirdane the process to the internal organizatig

n
Unlike large, single-source databases sudion, personalized filtering of new publica- of scientific literature, and it sets the stage
]

as a corporate customer database, the Wébns, and personalized adaptation and diger more sophisticated adaptive filtering anc
database draws from many sources, epdovery of interesting research and trendsliscovery.

diversity, most records in this database
irrelevant to an individual researcher. Furand useful discoveries tune the informati
thermore, the database is constantly growinfijtering.

in content and changing in organization. All

these characteristics make the Web a diffi-

cult domain for knowledge discovery. Database creation and

To quickly and easily gather useful knowl- feature extraction
edge from such a database, users nee

vision. After downloading a document, Cite-
Seer extracts the raw text and parses it to fi

in a local database.

help of an information-filtering system th t The body of scientific literature on the Instead of simple template matching, Citer

fields common to most research papers: title
abstract, word frequencies, and citation list.
Then itindexes these features and places them

mmation filtering affects what is discovered,Web publications in a general research area—
fior example, neural networks or computer

automatically extracts only relevant record®Veb spreads over many sites. It is usually iBeer uses sophisticated algorithms to parse a

as they appear in a stream of incomin@ormats such as PostScript or PDF that angide variety of research paper formats. Fq
records! To this end, we have developed theypically not indexed by Web search enginessxample, a reliable method for identifying g
CiteSeer digital library systeACiteSeer, a| and it is organized differently at each sitepaper’s title involves finding the largest font
custom-digital-library generator, performsCiteSeer’s first stage extracts features frorn the first page. Also, citations to one pape
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might be in diferent formas, depending on
the citing pper, so CiteSeer uses alithms
that reliably identify them as the same cita
tion.3 Because both a par and citdons to
that pagper might be in the dabasetitle and
author mé&ching and other heisgtics can
automaically tie a pper to its cittions.This
allows CiteSeer touild a full graph of citing
and cited ppers.

CiteSeer povides a wariety of stdic
seaching and bowsing caabilities tha
grealy reduce the ébrt required to perbrm
a literature suwey.* Beyond tiaditional ley-
word seach of the tet and citéions, Cite-
Seer povides fcilities for browsing forward
and bakward through citdion links, letting
the userihd both paers thd cite a gven ati-
cle,and ppers tha a gven aticle cites. Cite
Seer gtracts and summies citéion con
texts to facilitate quid appraisal of ppers,
identifies self-citéions,and gves stéistics
including the mmber of citdons for ea
paoer

Usels can peidrm seaches on dwn-
loaded documents using Cite Sednbwser
based intedce For example Figure 1 illus
trates a seah for citaions of an author
named Minsk. A CiteSeer user pesfmed
this quey on a small dabase of computer
science ppers (gpproximately 200,000 doe
uments containing 2.8 million ciians).

As another gample suppose the user
wishes to ind pgers eout supparvec
tor madines in the same thbase Cite-
Seerresponds to the quefsuppot vector
machine” with a list of ppers ranked by
number of citéions,as Fgure 2a shws.A
user inteested in the gaer“Training Sup
port Vector Madiines:anApplication to Face
Detection”can doose the Details link tceg
more information. Hgure 2b shass the frst
pat of these details.

Personalized filtering

CiteSeer uses a mamal pofile repre-
senting a uses’reseach interests to @k and
recommend elevant reseach. CiteSeer
examines the local puisation deabase to
find nev pgpers tha might be inteesting to
the user and al&s the user Y e-mail or
through aweb-based inteefce The pofile
adapts to the uses’reseach inteests though
a feedbak system using maml profile
adjustment and maine leaning. To mod
ify the profile, CiteSeer wtches the uses’
browsing behsior and the uses’ responses

CiteSeer

Home Options Edit Profile Recommend Documents Help Add Documents Feedback About

Find:

I Search Citations Order by: |_Citations

FIMax: 50 FtFicld: Any m

| Search Indexed Articles Order by: |_Citations [FIMax: [ 10 [FlFietd: [ any 7]

Searching for minsky in Computer Science (200314 documents 2829529 citations total).
1276 citations found. Retrieval may take several seconds...
Click on the [Context] links to see the citing documents and the context of the citations. Track All

Documents
373 distinct articles found.
First 50 articles Next 50

Citations

[hosts] (self) Article
Minsky, M. (1975). A Framework for Representing Knowledge. In: The Psychology of
116 [82] Computer Vision. Winston, P. H. (Ed). New York: McGrawHill. Context Bib Related

Track Check

101 [57] (1) Minsky, M.L. 1986. The Society of Mind. Simon and Schuster: NY, NY. Context Bib

Related Track Check

92 [57] geometry. Context Bib Related Track Check

74 [46] M. Minsky, Computation: Finite and Infinite Machines. Prentice-Hall, 1967. Context
Bib Related Track Check

56 [38] Quillian, ML.R. (1968). Semantic Memory. In: Semantic Information Processing.

(Section Deleted)

Year of Publication of Cited Articles

Minsky, M.,& Papert, S. (1969). Perceptrons: An introduction to computational

Hunber of Citations
=
1)
=4

1954 1958 1962 1966 1970 1974 1978 1982 1986 1990 1994 1998
Self-citations are not included in the graph or the main number of citations.

ResearchIndex - www.researchindex.com - NEC Research Institute 1997, 1998, 1999.

Year

Figure 1. Results of a CiteSeer query for citations of “Minsky.”

to its ecommendtions. These modita-
tions might esult in ner recommendéons,
to which the user gain responds. Oer
time, this leaning g/cle endles CiteSee
to find relevant pagers moe accuately and
reliably.

Profile creaion. While using CiteSeesWeb
interface uses contibute to their pofiles
either plicitly by marually editing the po-
file or implicitly by browsing the desbase
Either action aeaes or modies pofile com
ponents w call pseudodocumentahich
represent uses' reseach interests. Pseudo
documents & placeholdexfor a set of &lues
representingéaures (often onf a single éa
ture or a éw feaures) etracted fom pubdi-
caions.Which feaures to etract to brm a
pseudodocument is an aetieseach aea>®
CiteSeer uses a hetgeneous set o
pseudodocuments ilutling fegures sub as
keywords, URLS, citations, word vectoss,

and citaion vectoss. Evidence suggsts tha
this set is ma paverful than ag single ep-
resenttion.’”8 For example reseach shavs
tha retrieval based on citeons often has lit
tle overlap with retrieval based ondywords?
Thus,a users pofile consists of a seb of
different types of pseudodocuments. Idiad
tion to a Baure \valug ead pseudodocument
d has a weightwg corresponding to its id-
ence For example high positve w, values
mean the pseudodocument iseayvgood
example of the uses’inteest,and a ngative
value indicges an item the useronld avoid.
Figure 3 shavs CiteSees user &cility for
explicitly creding a pofile. From thisWeb
page, a user can atlor modify the inuence
of keyword or URL feaure \alues br con
straint madching. The user can also modify
the infuence of citdons or ppers peviously
specifed while browsing For the eample
profile shavn hee, the user selected thieadk
Relaed Documents link inigure 2b
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CiteSeer

Chtatiorns Indexing

Home Options Edit Profile Recommend Documents HelpAdd Documents Feedback About
Find: | |

|01der by: | Citations [¥IMax: | 50 |viField: | Any I+]

I Search Indexed Articles |Order by: |_Citations [*IMax: [ 10 [v]Field: [ any [*]

Searching for phrase support vector machine in Computer Science (200314 documents 2829529
citations total).

74 documents found. Retrieving documents...
You can use the Field: option to restrict matches to the title or header.

Ordering by the number of citations (authorities).

First 10 documents Next 10

I Search Citations

Machi

Details Context 57: Training Support Vector : an Appli to Face Detection (1997)
Edgar Osuna Robert Freund Federico Girosi Center for Biological and Computational Learning and
Operations Research Center Massachusetts Institute of Technology Cambridge, MA, 02139, U.S.A.
ftp:/ftp.ai.mit.edu/pub/cbcl/cvpro7-face.ps.gz

Details Context 19.5: Simplified Support Vector Decision Rules (1996) Chris J.C. Burges Bell
Laboratories, Lucent Technologies Room 4G-302, 101 Crawford’s Corner Road Holmdel, NJ 07733-3030
cjcb@big.att.com

http://svm.research.bell-labs.com/./papers/ml96.ps.gz

Details Context 16: Generalization Performance of Support Vector Machines and Other Pattern
Classifiers (1998) Generic author design sample pages 1998/04/10 13:50 1 Peter Bartlett Australian
National University Peter.Bartlett @keating.anu.edu.au John Shawe-Taylor Royal Holloway, University of
London j.shawe-tay

... [2] Bartlett P., Shawe-Taylor J., (1998). Generalization Performance of Support Vector Machines and
Other Pattern Classifiers. Advances in Kernel Methods Support Vector...
http://wwwsyseng.anu.edu.au/~bartlett/papers/TR98b.ps.Z

(Section Deleted)

(b)

Training Support Vector Machines: an Application to Face
Detection (1997)

Edgar Osuna

Robert Freund
Federico Girosi

Center for Biological and Computational Learning and
Operations Research Center
Massachusetts Institute of Technology
Cambridge, MA, 02139, U.S.A.

ftp://ftp.ai.mit.edu/pub/cbel/cvpr97-face.ps.gz Context Source HTML View Image Full Text PS
Track Related Documents Site Documents Correct

Abstract: We investigate the application of Support Vector Machines (SVMs) in computer vision. SVM is
a learning technique developed by V. Vapnik and his team (AT&T Bell Labs.) that can be seen as a new
method for training polynomial, neural network, or Radial Basis Functions classifiers. The decision
surfaces are found by solving a linearly constrained quadratic programming problem. This optimization
problem is challenging because the quadratic form is completely dense and the memory requirements grow
with the square of the number of data points. We present a decomposition algorithm that guarantees global
optimality, and can be used to train SVM’s over very large data sets. The main idea behind the
decomposition is the iterative solution of sub-problems and the evaluation of optimality conditions which
are used both to generate improved iterative values, and also establish the stopping criteria for the
algorithm. We present experimental results of our implementation of SVM, and demonstrate the ...

Active bibliography (related documents):

Details Context 0.38: Support Vector Machines: Training and Applications (1997) M: husetts
Institute Of Technology Artificial Intelligence Laboratory Center For Biological And Computational
Learning Department Of Brain And Cognitive Sciences A.I. Memo No. 1602 March, 1997 C.B.C.L Paper
No. 144 Edgar E. Osuna,

Details Context 0.16: Face Detection with In-Plane Rotation: Early Concepts and Preliminary
Results (1997) Shumeet Baluja Justsystem Pittsburgh Research Center 4616 Henry Street Pittsburgh, PA
15213 School of Computer Science Carnegie Mellon University Pittsburgh, PA 15213 baluja@jprc.com

Citations made in this document:

Details Context [1] G. Burel and D. Carel. Detection and localization of faces on digital images. Pattern
Recognition Letters, 15:963--967, 1994.

Details Context [2] C.J.C. Burges. Simplified support vector decision rules. In International Conference
on Machine Learning, pages 71--77. 1996.

Details Context [3]C. Cortes and V. Vapnik. Support vector networks. Machine Learning, 20:1--25,
1995.

(Section Deleted)

Figure 2. (a) The first few results of a CiteSeer query for documents containing the term “support vector machine”; (b)

the top part of the document details for the first paper listed in Figure 2a.

The interestingness of ne papers. Cite-
Seer teds a nev pgoerd* in the ddabase as
a pseudodocument withedures core-
sponding to the union of thedure types in
the uses piofile D. CiteSeer compas this
pseudodocument with those in thefie to
find a level of similaity 15(d*), which rep-
resents the eer’s inteestingness orete-
vance to the useWe calcule inteesting
ness as the @ighted sum

Lp(@)= 3 wyRy(d, )
diD

where Ry(d, d*) is the similaity or relaed
ness beteen pseudodocumehin the uses
profile and the n& pgoer pseudodocument
d*. We weight eab relaedness measeity
the pofile pseudodocumerst’ influence
CiteSeer ecommends e papers with
1p(d*) greder than a céain theshold Cur
rently, this thieshold is setta small positie
number but we plan to allev user adjust
mentsas desdbed laer.

The elatedness measeRy(d, d*) de-
pends on the type of pseudodocuments bei
compaed For example the user can egte
pseudodocuments agpicitly specifed key-
words,citations,and other constint values.
For a constiint,the apropriate relaedness
measue is a simple ero or one depending
on whether the ng pgper maches the con
straint.Although constaint-based similaty
is usefula user often ants toihd paers tha
are relaed even if they do not méch a gven
constaint. In other wrds,the user wuld like
simply to sa, “Tell me dout nev pgers
related to thesexasting ppers”

A measue tha ceptures this idea ofala-
edness isommon citéon x inverse docu
ment fequeng—the sum of the werse fie-
quencies of the common dii@ns betveen
two pgers* CCIDF is similar to bilio-
graphic coupling and is pdy anal@ous to
the word-vectorbased measarcalledterm
frequeng x inverse document équeny
(TFIDF).1% See the sidear for moe details
on theseelaedness meases.

Recommending paers.Once CiteSeer er
ates a pofile, it pefiodically or on demand
cheds its daabase 6r nev pgpers it should
recommend to the usétrsends sutrecom
mendaions ty e-mail if the user so dess
and pesents them laen the userrmoses the
Recommend Documents links Fgure 4
shavs. The iecommendéon ranks paers by
theirlp(d*) values and irlades an xplana
tion for ead recommend@on. In Fgure 4,

ng
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the plandion is thd the ecommended
document iselaed to a pper in the pofile:
“Training Suppar Vector Madines: an
Application to Face Detectiofi.The user can
view, download ignore, or adl ary recom
mended pper to the user pfile.

Profile adaptivity. CiteSeer adats pofiles
to better epresent usar' interests ly modify-
ing the pseudodocumeneightsw. It does
this in thee ways: obseving user behdor
during daabase bowsing allowing marual
adjustmentand leaning from useresponses
to recommendions. CiteSeer can use/eal
types of user actions as implicit indiicas of
interest!! These intude viewing details,
downloading a pper, and &plicitly acding or
removing a pper to or fom the pofile. For
example by viewing a pper’s details (as in
Figure 2b),the user adls a CCIDF pseudo
document ér tha pgper to the pofile. Eath
user actiorby on pseudodocumeditinitial-
izes or ads to thadocumens influence \y)
an amount coesponding to the intesting
ness(ky) indicated by tha action.Table 1 lists
the eldivea(ly) values of thearous types of
actionsWe set thesealues in an ad hoc man
ner, and thg are fixed in the cuent CiteSeer
implement&ion. We consider the special case
of explicitly adding to or modifying pseudo
documents to be a maal adjustment of the

CiteSeer

Edit Personal Tracking Profile

Preferences

Name: | Kurt D. Bollacker

Home Options Edit Profile Recommend Documents Help Add Documents Feedback About

Tick off tracked items to delete them. New keyword items (separated by commas) may be added. To find
new related documents and citations, click on the Track link wherever they are displayed. The
‘Interestingness’ level for each item may be set. Negative values indicate items to avoid. Some items
displayed may have been ‘learned’ as being interesting and not explicitly chosen.

This information is optional, but an e-mail address is required for recovery of your profile if your cookies
are damaged and (obviously) e-mail notification of new interesting papers.

E-mail Address:

kurt@research.nj.nec.com

Notify me of new papers by e-mail v|

Document Body Queries to Track:
Interest in This Query
Always Fl

Add Body Queries:

support vector machine

URL:s to Track:
Add URLSs to Track:

Citations to Track:

Interest in This Citation
Medium Positive

Documents to Track:

Interest in This Document

[]

High Positive

Update Profile

K. Bollacker, S. Lawrence, and C. L. Giles.
CiteSeer: An autonomous web agent for automatic
retrieval and identification of interesting
publications. In Agents *98, 1998.

Training Support Vector Machines: an
Application to Face Detection (1997) Edgar Osuna
Robert Freund Federico Girosi Center for Biological
and Computational Learning and Operations
Research Center Massachusetts Institute of
Technology Cambridge, MA, 02139, U.S.A.

profile. However, marual adjustments of the
v values ae also allaved

After recommending documedt, Cite-
Seer obsees the uses'response and uptes

Figure 3. A CiteSeer user profile. Users can create components and manually adjust the influence of components to

reflect their interests.

the weight for eat pseudodocumedin pro-
file D accodingly. The updée wile is

Wy 0wy + na(ly-) Ry(d, d*)

wherenis a leaning rate andRy(d, d*) is the
relaedness measaifor the specit type of
pseudodocumertt This simple upde le
has seeral useful popeties:

* Weights on pseudodocumentsttiean
tribute to @od ecommendions incease
and veights on pseudodocumentst i@
tribute to badecommendidons decease
The systens overall precision andecall
threshold adpt to user needs implicyt!
and automtcally. If the theshold is too
low, CiteSeer ecommends too0 mgn
irrelevant documentswhich the user
ignores,thus lavering thew values and
in tum raising the theshold If the theesh
old is too highthe systemecommends

CiteSeer

Home Options Edit Profile Recommend Documents Help Add Documents Feedback About

New Recommended Papers

To track new recommended papers, click on the Track Related checkbox and use the Add Checked
Documents To Profile button below. These documents will not be recommended again.

Relevance Why Relevant?

Related to paper : Training Support
Vector Machines: an Application to Face
Detection

0.954

R, "

ded D
Support Vector Machines: Training and
Applications (1997) Massachusetts Institute
Of Technology Artificial Intelligence
Laboratory Center For Biological And
Computational Learning Department Of Brain
And Cogpnitive Sciences A.l. Memo No. 1602
March, 1997 C.B.C.L Paper No. 144 Edgar
E. Osuna,

Details Track Related |

Clear Recommendations and Add Checked Documents To Profile

too few documentsthus encowaging the
user to ad more pseudodocuments.

Figure 4. A new-paper recommendation. Recommendations include the paper’s I,(d*) value—in this case, 0.954—
and an explanation of why the paper is recommended.
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e The updée wle weights the infience of
different elaedness meases sparately.

As a esult,CiteSeer can use documern

in the pofile tha are inteesting in ony
some vays—for example their citaion

lists—to ind good candidee documents

using ony those vays. Reléedness mea
sures thacorrelae pooty with a(ky) will
tend to hae little influence

e The updée mule uses bothxplicit and
implicit feedbak from the userExplicit
feedbak is much easier to use and neo
accuete, although nuch hader to acqui
than implicit eedbak.

e The model is computanally scaldle.
The costs of intestingness calcuians
and pofile upddes ae linear with the
profile’s siz and do not inease with the
databases siz.

e Developes can easyl add new related
ness meases and caesponding pseu
dodocument types to the system.

Personalized knowledge
discovery

Potentially, CiteSeers piofile adativity
through mamoal adjustment and mhine
leaming can povide moe than a \ay to find
and ecommend better pars. Once a -
file is well tuned to a uses’'inteests knowl-
edge discwery techniques should makit
possibe to find nev reseach concets and
trends thaamight inteest the user

New concepts. CiteSeer inaases the gights
of pseudodocuments theontibute gedaly
or often to @od recommend@ons. Corela
tions betveen these highlweighted pseu
dodocumenta&lues and otheefure values
extracted fom the same peers might eveal
interesting ne concets. For example Cite-
Seer could sugest author names theorre-
late highly with citations made ¥ pgpers in
the usess piofile but aie not alead/ pat of
a constaint-based pseudodocument. If t
user @rees with the sugestion,this nev

knowledge could be adeed to the uses’pio-
file to improve futule ecommenddons.
ts

Changes with time Over time a users inter

ests might bange and gow, requiing moe

frequent and mersubstantial updes of the
profile than its initial tuning to a speidfinter-

est. Rpels the user atkd to the pfile from

a nev reseach ara might be uralated to
existing paoers in the pofile. This would tend
to result in nultiple intelest dustess, which

able to discwer.

New reseach areas.The usess piofile might
not contain autharor keywords with which
CiteSeer can disger pgers from a poten
tially interesting nev reseach area.These
papers, however, probably cite peviously
pubished eseath. If some of these ciians
refer to paers in the uses piofile or shav
sufiicient relatedness to pzers in the pofile,

CiteSeer canecommend the me pgers.
Thus,citation-based éaures can be ingtr

mental in disceering nev reseatch trends.

LTHOUGH CITESEER HASAL -
read/ informally proved itself \ery useful
(the demonsttion system has sexd mit
lions of requests)wve hare much work to do.
We plan to érmally evaluge hav well the
user pofiles lean and epresent bangs in
user inteests.This evaluaion will include
techniques sule as coss-alidation using
random patitioning of the pofile into train-
ing and test sets of pseudodocuments.

To provide better identi€ation of peson
ally important leseach trendswe intend to
explore moe sophisticeed anasis and
knowledge discwery techniques. Br exam
ple, we might tea a CiteSeer dabase as 3
helirected gaph in which citaions ae ed@s

traditional dusteting tediniques should be

and paers ae nodes. Citigon graph anay-

Table 1. A paper’s interestingness as determined by user actions on that paper.

User action by

Document interestingness a(b,)

Explicitly added to profile
Downloaded

Viewed details

Ignored

Removed from profile

Very high positive
High positive
Moderate positive
Low negative

Set to zero

sis could esult in betterglaedness meases
or in the disceety of stuctural fegures sub
as citéion diques ty mgpping to an author
citation graph. Also, technolagies sut as
collaborative filtering might incease Cite
Seers avility to find intelesting paers tha
would otherwise be missed

A demonstation CiteSeer dabase of
more than 250,000 computer scienesgath
papers containing mar than thee million
citations is pulicly available & csindec.com.
We encouege you to use this &e sevice and
provide us €edbak. =
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Research paper relatedness measures

When a ne candidée per ppeas, CiteSeer mst decide Wwether to ecommend it to the
user If the paer is suficiently similar to the collection of pseudodocuments making up a
users piofile, CiteSeer considsrit related and ecommends it. Genalty, Ry(d, d*) measues
relaedness beteen pseudodocumethand candidizz document*. Ead of the bllowing
relaedness meases is speci€ to the type of pseudodocumeat fvhich CiteSeer uses it.

Constraint-based elatednessCiteSeer uses conaint-basedelaedness with pseudodocu
ments in the file tha are not patrof a pger. For example a user spediés the tem “suppot
vector mabine” as a lkeyword. The pseudodocumedthat represents this spedigtion is an
artificial document thighas this kyword as its onl fedure. If a candidée documenti* con-
tains this leyword, Ry(d, d*) is unity; otherwiseit is zero.

TFIDF: word vector relatednessAutomadic retrieval systems commonkreg a document as
a collection of vards dout which we can gther stéistics. For example we can measerthe
frequenyg of eat unique verd stem. \Word stemming tiempts to mech words by removing
common endings—efr example removing “ing” and“ed” from“publishing” and“published”)
We tract a gaure vectorWWp and use it as a pseudodocuneeint which eat component is
the frequeny of a word stem in the document.

An often-useddrm of this measuristerm frequeng x inverse documentéqueng.® In this
scheme the fedure set is a \ector of word frequencies wighted ly their rarity over a docu
ment collection. Le§ sg tha W is the set of all uniqueavds in the CiteSeer tibaseIn
pseudodocumert let the fequeng of ead word stens befy,, and let the amber of documents
in the déabase containing steabens. In document, let the highest ten frequeng be fy__ .
OneTFIDF schemé calculdes a vord weight vector elementvysas

0
n

Do5+05f %og =
N

EFEI

O

where N is the total amber of documents dF TFIDF, the elaedness measeibased on the
[W|-dimensional gctor ofwgsvalues is

Rd(d, d*) = Wd D/Vd*

Citation-based rlatednessCiteSeer uses common titas to estimg documentalaedness.
Our pemise is thiif two scientifc papers cite some of the samespious pullications, the two
papers might be elaed A very obscue cited vork is a moe paverful indicaor than a citaon

to a well-known and often-cited puication. The measw& we callcommon citdon x inverse
document fequeny measues this kind ofelaedness.Let’s sy tha f; is the fequeny of a
citationi in the CiteSeer dabase G = 1f; is the iverse flequenyg, andC is the \ector of these
inverse flequenciesiVe letg; be a Boolean inditar of whether pseudodocumeshtontaing,
andXy be the esulting Booleanector We defne the CCIDF elaedness of a canditiapseude
document* and pseudodocumedin the pofile as

Ri(d,d) =

wheretr() is the tace function and is the outer prduct.

tr(Xd X Xd’) oc
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