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ABSTRACT
Thesuccessof personalinformationagentsdependson their abil-
ity to provide task-relevantinformation.ThispaperpresentsWord-
Sieve,anew algorithmthatgeneratescontext descriptionsto guide
documentindexing andretrieval. WordSieve exploits information
aboutthesequenceof accesseddocumentsto identify wordswhich
indicateashift in context. Wehave testedWordSieve in apersonal
informationagent,Calvin, which monitorsa user’s documentac-
cess,generatesa representationof theuser’s taskcontext, indexes
the resourcesconsulted,andpresentsrecommendationsfor other
resourcesthat wereconsultedin similar prior contexts. In initial
experiments,WordSieveoutperformstermfrequency/inversedocu-
mentfrequencyat matchingdocumentsto hand-codedvectorrep-
resentationsof thetaskcontexts in which they wereoriginally con-
sulted,wherethetaskcontext representationsaretermvectorsrep-
resentingaspecificsearchtaskgivento theuser.

1. INTRODUCTION
By monitoringtheuserto infer a taskcontext, personalinforma-

tion agentscanassistusersin intelligent ways,suchasperform-
ing autonomouswebsearches,or suggestingknowledgeresources
thatwereusefulin similarpastcontexts. Weareinvestigatinghow
personalinformationagentscancapturecontextual informationas
usersseekinformation,andcanusethatinformationto suggestre-
sourcesconsultedin similarcontexts in thepast.

To provide real-timecontext-basedretrieval, we have developed
a new algorithm,WordSieve, which generatesvector representa-
tions of documentsas the useraccessesthem without requiring
comprehensive statisticsaboutworddistributionsin thedocuments
accessed.Instead,workingwith a relatively smallmemory(in cur-
renttests,atmost650uniquewords),it identifiestask-specifickey-
wordsfrom documentaccesssequences.WordSieveexploits infor-
mationthe userprovidesimplicitly by virtue of accessingsimilar
documentstogether. It doesthis by building accessprofileswhich
identify termsoccurringfrequentlyin sequencesof documentac-
cessesandwhich areexpectedto beusefulfor distinguishingsets
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of documentsrelatedto thesametask. In this way, WordSieve ex-
ploits extra knowledgeaboutthedocumentaccesscontext to gen-
erateindicesthatreflectthetaskcontext.

In ourexperiments,WordSieveoutperformedtermfrequency/inverse
documentfrequency (TFIDF) [9], apopularindexing algorithm,at
matchingdocumentsto hand-codedvector representationsof the
taskcontexts in which they wereoriginally consulted,wherethe
task context representationsare term vectorsrepresentinga spe-
cific searchtaskgivento theuser. ThispaperpresentsWordSieve’s
architectureandperformance.

2. WORDSIEVE
WordSieve identifiestask-specifictermsandgeneratesrepresen-

tationsof documentsreflectingboth their contentandthe context
in which they wereconsulted.WordSieve identifiesboundariesin
usertasksfrom implicit information—thecharacteristicsof docu-
mentaccesssubsequences—anddescribestasksby keywordsthat
areusefulin distinguishingthosesubsequences.To illustrate,con-
sidera usersearchingthe web first for informationaboutgenetic
algorithms,thenfor someothersubject. The term “genetic” is a
goodtask-specifictermsinceit occursfrequentlyfor a certainpe-
riod of time, andthenstopsoccurring. In doing so, “genetic” ef-
fectively segmentsthedocumentaccessesinto two groups,thefirst
groupprobablyrelatedto “genetic.” (Note that theterm“genetic”
neednot occurin all thedocumentsaccessedin thesequence,and
thattheremaybesomeoverlapbetweentasksastransitionsoccur).

WordSieve representsuseraccesspatternsin a 3-layerarchitec-
ture, the lowest layer reflectingthe frequency of wordscurrently
occurringin adocumentstreamandtheuppertwo layersreflecting
a useraccessprofile. Eachlayerconsistsof a setof units,eachof
whichcorrespondsto awordfromtheinputtext stream.WordSieve
usesa competitive learningalgorithmto assignkeywordsto units
while the documentstreampassesthroughit. The goal of Word-
Sieve is to identify keywordsthatoccurfrequentlyduringa given
task,but infrequentlyduringothertasks.WordSieve’s information
flow is shown in figure1,andthefunctionof eachlayeris described
below.

2.1 Layer 1 - Most FrequentWords
Thebottomlayer(1)performsinitial processingonthetext stream.

Throughacompetitive learningprocess,this layerassignstheunits
in this layerto themostfrequentlyoccurringwords.In thecurrent
implementation,this layercontains150units,soit canbesensitive
to only 150 uniquewordsat a time. The numberof units in this
layeris significant,becauseit is acompetitivenetwork. If thereare
toomany units,thereis notenoughcompetitionandit will notiden-



Figure1: Inf ormation flow in WordSieve

tify the correctwords. If therearetoo few units, the competition
is so greatthat it will not learnall the wordsneeded.The algo-
rithm appearsto work well undera reasonablylargerangeof layer
sizes,but we have not yet conducteda comprehensive analysisof
theeffectsof changingthelayersize.

Wordsareassignedto units as follows: Eachof the 150 units
is associatedwith auniqueword. As thedocumentsareread,each
termpassesthroughthebottomlayerin theorderin whichit occurs
in thedocument.If theword is alreadyassociatedwith aunit in the
layer, the excitementof that unit is increasedby a value � (see
below). If the word is not associatedwith any term, it is given a
chanceto “takeover” a randomlychosenunit. Thetermtakesover
thechosenunit with aprobabilityof
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theexcitementof theunit andhasa rangeof 0 to 100. Thechance
of “taking over” theunit thusdecreaseswith theexcitementof that
unit. Also, thevaluesof all theunitsdecayata rate � .

2.2 Layers 2 and 3 - Partition Words
Obviously, not all of the frequentlyoccurringwordsareof use

in characterizingthecontext. Termssuchas“the,” “and,” andother
commonwordsoccurfrequentlyin many documentsregardlessof
the context. Layer1 learnsfrequentlyoccurringwords,including
both context-determiningwordsandcommonwordswith low in-
formationcontent.Layers2 and3 determinewhichof thesewords
characterizethecontext.

Theuppertwo layers(2 and3) arecontinuouslypresentedwith
the stateof the units in the bottomlayer. Eachupperlayer con-
tains500units,which arepairedsuchthatunits in both layersare
sensitizedto the samewords. Layer 2 detectswords that occur
frequentlyin successive documents.Layer3 detectswhich of the
wordsin layer2 tendto not occurfor long periodsof time. Each
unit is associatedwith twovalues:excitementandpriming. In layer
2, a unit’s priming increaseswhile its word is presentin layer 1.
The unit’s excitementincreasesasa functionof the priming. Ex-
citementandprimingwill decaywhentheword is absent.In layer
3, almostthe oppositehappens:the priming increaseswhile the
word is absentin level 1. Theexcitementchangesasa functionof
thepriming.

Levels 2 and3 build up useraccessprofiles. Whenthe excite-
mentvaluesof correspondingtermsin layers2 and3 aremultiplied
together, the termswith highervaluestendto be the termswhich

occurfrequentlyfor discreteperiodsof timein theuser’sdocument
accesses.Suchtermscancharacterizeauser’s information-seeking
task,asis shown in thenext section.

3. APPLYING WORDSIEVE IN CALVIN
WordSievewastestedin Calvin,apersonalinformationagentwe

aredeveloping[6]. CalvinusesWordSieve to suggesttask-relevant
resourcesto usersasthey browsedocuments.Whenauseraccesses
a document,Calvin passesits contentsthroughWordSieve. Based
onthisinformation,WordSieveupdatesthecurrentcontext anduser
accessprofile in real time, while the useris engagedin the task.
Theuseraccessprofile is persistentacrossusersessions,allowing
Calvin to learnuserbrowsingpatternsin multiplecontexts. Calvin
storesprofilesfor any numberof users,loadingindividual profiles
whentheuserlogsinto Calvinwith anameandpassword.

4. PERFORMANCE
To evaluatetheperformanceof WordSieve,weperformedanex-

perimentto test its ability to matcha documentto a hand-coded
vector representationof the web searchtaskduring which it was
consulted.In particular, we wantedto seehow closelyWordSieve
couldcorrelatea documentto theoriginal searchtaskgivento the
user. To testthis,sevenusers(computersciencegraduatestudents)
wereaskedto browsetheInternetfor twentyminuteseachwhilebe-
ing monitoredby Calvin. For thefirst tenminutes,they wereasked
to find documentson the WWW that wereabout“The useof ge-
neticalgorithmsin artificial life.” For thesecondtenminutes,they
wereaskedto searchfor informationabout“Tropicalbutterfliesin
SoutheastAsia.” The usersweregiven no restrictionson how to
find thepages.They wereonly instructedthatthedocumentsmust
beloadedinto thewebbrowserprovidedto them.

Useraccessprofilesweredevelopedfrom this databy passing
eachsetof datathroughWordSieve threetimes(in theorderorigi-
nally browsedby theuser)to simulateonehourof browsing.1

Two termvectorsweregeneratedfor eachdocument,oneusing
WordSieve, andoneusingTFIDF. To provide a searchtaskchar-
acterization,vectorswerecreatedto representthetaskdescription
given to the users.The WordSieve andTFIDF vectorsfrom each
documentwerecomparedto theirassociatedtaskdescription.

In our experiments,WordSieve generatedindices(i.e. termvec-
tors)for documentswhichwerereliablymorestronglycorrelatedto
theoriginaltaskdescriptionthanthoseproducedbyTFIDF(F(1,82)=91.1,
repeated-measuresANOVA). This generallyheld acrossvarious
subsetsof the data. TheaverageTFIDF similarity was0.145and
the averageWordSieve similarity was 0.224. This suggeststhat
WordSieve is performingbetterat generatingprofilesthatreflecta
user’s task.

In the experimentspresented,the taskswerequitedistinct. We
have not yet conductedexperimentson browsing wherethe tasks
overlap. However, if the tasksoverlapped,the keywords which
overlappedwouldbetreatedbothby TFIDF andWordSieveasnon-
discriminatorsand would have relatively low valuesin the term
vectorsgenerated,andthe non-overlappingkeywordswould have
relatively high values. Becausethesetermswould have similar
effectson both algorithms,we expect that performancewould be
equallyaffectedin bothalgorithmsandthattheconclusionsof the
comparisonwouldbethesimilar.

�
WordSieve learnsaboutcontextsastheuserswitchestasks.In the

twentyminutesof browsing,theuserswitchedtasksonly onetime.
By repeatingthe sequenceof documents,multiple task switches
weresimulated.



NumDocs StandardDeviation Mean ANOVA
TFIDF WordSieve TFIDF WordSieve Diff F Significant

Overall 381 0.142 0.170 0.145 0.224 +54.48% 91.14 Yes

By User

User1 64 0.130 0.121 0.142 0.182 +28.17% 6.66 Yes
User2 44 0.138 0.137 0.161 0.166 +3.11% 0.04 No
User3 44 0.146 0.108 0.132 0.119 -9.85% 0.38 No
User4 47 0.100 0.158 0.124 0.177 +42.74% 12.03 Yes
User5 87 0.117 0.147 0.117 0.277 +136.75% 117.24 Yes
User6 62 0.194 0.225 0.207 0.353 +70.53% 28.31 Yes
User7 33 0.138 0.122 0.128 0.210 +64.06% 7.80 Yes

By Query Genetic 161 0.157 0.191 0.172 0.273 +58.72% 59.20 Yes
Butterfly 220 0.126 0.142 0.124 0.188 +51.61% 35.76 Yes

Document
Length

0-1000 112 0.114 0.209 0.097 0.213 +119.59% 71.30 Yes
1001-2000 67 0.106 0.142 0.133 0.214 +60.90% 15.51 Yes
2001-3000 50 0.144 0.154 0.147 0.224 +52.38% 11.62 Yes
3001-4000 49 0.197 0.165 0.298 0.270 -9.40% 1.20 No
4001-4999 103 0.108 0.146 0.130 0.221 +70.00% 37.74 Yes

Table1: Comparisonof TFIDF and WordSieve

5. MODELING IN RELATED WORK
Otheragentshave beendesignedto monitorusertasksandsug-

gestresourcesto users.Somesuchagentsareableto make much
morespecificsuggestionsthanWordSieveis able,usuallyat theex-
penseof needingaspecificdomainmodel,suchaspre-createdcat-
egories.Lumiereis anexampleof suchanagentapporach[5]. An-
otherexamplefocusedoninformationretrieval is foundin Chen[3].
Otheragentsdo not requirea specificdomainmodelandsuggest
documentsbasedon vector comparisonswith currentdocument
content[7, 2, 8]. Someagentsuseexplicit feedbackto enhance
contextual information[4, 1]. Oneof theadvantagesof WordSieve
is that it doesnot requireuserfeedback. However, if desired,it
couldbemodifiedto take utilize suchinformation.

6. PERSPECTIVESAND FUTURE WORK
WordSieve is mostappropriatefor agentswhich monitorongo-

ing userdocumentaccesses,ratherthanfor batchdocumentindex-
ing. Althoughit doesnot needto rememberor refer to previously
accesseddocumentsto build a useraccessprofile, it doesneedthe
documentsto bepresentedin a sequencein which theuserwould
actuallyaccessthem.This is notaproblemin areal-timeagenten-
vironment,but would bein a large,unorganizedcorpus.Although
TFIDF doesnothavethislimitation, it cannottakeadvantageof the
orderof documentusewhenthatinformationis available.

7. CONCLUSIONS
In this paper, we have presentedWordSieve, an algorithm for

indexing documentsfor personalinformationagents.WordSieve
buildsacontext profileby readingthedocumentstheuseraccesses
and extracting termswhich tend to partition the user’s browsing
behavior into discretetasks,in orderto generatecontext-sensitive
indicesthatcanbeusedto suggestrelevantdocumentsin thefuture.
In our experiments,WordSieve outperformsTFIDF at generating
indicesthatassociatedocumentswith explicit taskdescriptionsthat
weregiven to the userto guidebrowsing,but wereunavailableto
bothprogramswhenthey generatedtheir indices.We believe that
automatedcontext-basedindexing techniquessuchasWordSieve
arepotentiallyusefulfor in many differentkindsof environments
wherepersonalinformationagentsmustassistusersin organizing
andappropriatelyretrieving digital resources.

8. REFERENCES
[1] E. Bloedorn,I. Mani, andT. R. MacMillan. Representational

issuesin machinelearningof userprofiles.In Proceedingsof

theThirteenthNationalConferenceon Artificial Intelligence
andEighthInnovativeApplicationsof Artificial Intelligence
Conference, 1996.

[2] J.BudzikandJ.K. Hammond.Watson:Anticipatingand
contextualizinginformationneeds.In Proceedingsof the
Sixty-secondAnnualMeetingof theAmericanSocietyfor
InformationScience, Medford,NJ,1999.InformationToday,
Inc.

[3] H. ChenandS.T. Dumais.Bringingorderto theweb:
automaticallycategorizingsearchresults.In Proceedingsof
CHI’00, HumanFactors in ComputingSystems, pages
145–152,2000.

[4] W. W. Cohen.Learningrulesthatclassifye-mail.In Papers
fromtheAAAISpringSymposiumonMachineLearningin
InformationAccess, pages18–25,1996.

[5] E. Horvitz, J.Breese,D. Heckerman,D. Hovel, and
K. Rommelse.Inferring thegoalsandneedsof softwareusers.
In Proceedingsof theFourteenthConferenceon Uncertainty
in Artificial Intelligence, pages256–265,1998.

[6] D. Leake,T. Bauer, A. Maguitman,andD. Wilson.Capture,
storageandreuseof lessonsaboutinformationresources:
Supportingtask-basedinformationsearch.In Proceedingsof
theAAAI-2000Workshopon IntelligentLessonsLearned
Systems, MenloPark,CA, 2000.AAAI Press.

[7] H. Lieberman,N. V. Dyke,andA. Vivacqua.Let’sbrowse:A
collaborativewebbrowsingagent.In Proceedingsof the1999
internationalconferenceon Intelligentuserinterfaces, pages
65–68,1999.

[8] B. J.Rhodes.Margin notes:Building acontextually aware
associativememory. In Proceedingsof the2000international
conferenceon Intelligentuserinterfaces, pages219–224,Jan
2000.

[9] G. Salton.AutomaticText Processing:TheTransformation,
Analysis,andRetrieval of InformationbyComputer.
Addison-Wesley Seriesin ComputerScience.
Addison-Wesley PublishingCompany, Inc.,1989.


