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ABSTRACT

The succes®f personainformationagentsdependn their abil-
ity to provide task-rel@antinformation. This papemresentdVord-
Sieve, anew algorithmthatgeneratesontext descriptiongo guide
documenindexing andretrieval. WordSieve exploits information
aboutthesequencef accessedocumentso identify wordswhich
indicatea shift in context. We have testedWordSieve in apersonal
informationagent,Calvin, which monitorsa users documentac-
cess,generates representationf the users taskcontext, indexes
the resourcesonsulted,and presentsecommendationfor other
resourceghat were consultedin similar prior contets. In initial
experimentsWordSieve outperformgermfrequency/imersedocu-
mentfrequencyat matchingdocumentgo hand-codedrectorrep-
resentationsf thetaskcontets in which they wereoriginally con-
sulted,wherethetaskcontet representationaretermvectorsrep-
resentinga specificsearchtaskgivento theuser

1. INTRODUCTION

By monitoringthe userto infer ataskcontext, personalnforma-
tion agentscanassistusersin intelligent ways, suchas perform-
ing autonomousveb searchespr suggestindknowledgeresources
thatwereusefulin similar pastcontets. We areinvestigatinghowv
personainformationagentscancapturecontetual informationas
usersseekinformation,andcanusethatinformationto suggeste-
sourcegonsultedn similar contets in the past.

To provide real-timecontet-basedretrieval, we have developed
a new algorithm, WordSieve, which generatevector representa-
tions of documentsas the useraccesseshem without requiring
comprehense statisticsaboutword distributionsin thedocuments
accessednsteadworking with arelatively smallmemory(in cur
renttests atmost650uniquewords),it identifiestask-specifidey-
wordsfrom documentaccessequencesNordSieve exploits infor-
mationthe userprovidesimplicitly by virtue of accessingimilar
documentgogether It doesthis by building accesgrofileswhich
identify termsoccurringfrequentlyin sequencesf documentac-
cesseandwhich areexpectedto be usefulfor distinguishingsets
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of documentselatedto the sametask. In this way, WordSieve ex-
ploits extra knowledgeaboutthe documentaccessontet to gen-
erateindicesthatreflectthetaskcontext.

In ourexperiments\WordSie/e outperformedermfrequeng/inverse
documenfrequeny (TFIDF) [9], a popularindexing algorithm,at
matchingdocumentgo hand-codedrector representationsf the
task contets in which they were originally consulted wherethe
task contet representationare term vectorsrepresentinga spe-
cific searchtaskgivento theuser This papempresentdVordSiee’s
architectureandperformance.

2. WORDSIEVE

WordSieve identifiestask-specifitermsandgeneratesepresen-
tationsof documentgeflectingboth their contentandthe context
in which they wereconsulted.WordSieve identifiesboundariesn
usertasksfrom implicit information—thecharacteristicef docu-
mentaccessubsequences—anlgscribegasksby keywordsthat
areusefulin distinguishinghosesubsequence3o illustrate,con-
sidera usersearchinghe web first for informationaboutgenetic
algorithms,thenfor someothersubject. The term “genetic” is a
goodtask-specifiderm sinceit occursfrequentlyfor a certainpe-
riod of time, andthenstopsoccurring. In doing so, “genetic” ef-
fectively sgmentshedocumenticcessemto two groups thefirst
groupprobablyrelatedto “genetic’ (Notethattheterm“genetic”
neednot occurin all thedocumentsaccesseth the sequenceand
thattheremaybe someoverlapbetweertasksastransitionsoccur).

WordSieve representsiseraccesgatternsn a 3-layerarchitec-
ture, the lowestlayer reflectingthe frequeng of words currently
occurringin adocumenstreamandthe uppertwo layersreflecting
a useraccesgrofile. Eachlayerconsistoof a setof units, eachof
whichcorrespondt awordfrom theinputtext stream WordSieve
usesa competitve learningalgorithmto assignkeywordsto units
while the documentstreampasseghroughit. The goal of Word-
Sieve is to identify keywordsthat occurfrequentlyduring a given
task,but infrequentlyduring othertasks.WordSiese’s information
flow is shawvnin figure 1, andthefunctionof eachayeris described
below.

2.1 Layer 1- Most FrequentWords

Thebottomlayer(1) performsinitial processing@nthetext stream.
Throughacompetitive learningprocessthis layerassignghe units
in this layerto the mostfrequentlyoccurringwords. In the current
implementationthis layercontainsl50units,soit canbe sensitve
to only 150 uniquewordsat a time. The numberof unitsin this
layeris significant becausét is acompetitve network. If thereare
toomary units,thereis notenoughcompetitionandit will notiden-
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Figure 1: Information flow in WordSieve

tify the correctwords. If therearetoo few units, the competition
is so greatthatit will notlearnall the words needed. The algo-
rithm appeargo work well underareasonablyarge rangeof layer
sizes,but we have not yet conducteca comprehense analysisof
theeffectsof changingthelayersize.

Words are assignedo units asfollows: Eachof the 150 units
is associateavith auniqueword. As thedocumentsreread,each
termpasseshroughthebottomlayerin theorderin whichit occurs
in thedocumentl!f thewordis alreadyassociateavith aunitin the
layer, the excitementof that unit is increasedby a value a (see
belaw). If the word is not associatedvith any term, it is givena
chanceto “take over” arandomlychoserunit. Thetermtakesover
the choserunit with a probabilityof 0.0001(e — 100)?, wheree s
the excitementof the unit andhasa rangeof 0 to 100. The chance
of “taking over” theunit thusdecreasewith the excitementof that
unit. Also, thevaluesof all theunitsdecayataratep.

2.2 Layers2and 3 - Partition Words

Ohviously, not all of the frequentlyoccurringwordsare of use
in characterizinghecontet. Termssuchas“the;” “and; andother
commonwordsoccurfrequentlyin mary documentsegardlesof
the contet. Layer 1 learnsfrequentlyoccurringwords,including
both context-determiningwords and commonwordswith low in-
formationcontent.Layers2 and3 determinevhich of thesewords
characteriz¢he contet.

The uppertwo layers(2 and3) arecontinuouslypresentedvith
the stateof the unitsin the bottomlayer Eachupperlayer con-
tains 500 units, which arepairedsuchthatunitsin bothlayersare
sensitizedto the samewords. Layer 2 detectswords that occur
frequentlyin successie documents.Layer 3 detectswhich of the
wordsin layer 2 tendto not occurfor long periodsof time. Each
unitis associatewith two values:excitementandpriming. In layer
2, aunit's priming increasewhile its word is presentin layer 1.
The unit's excitementincreasessa function of the priming. Ex-
citementandpriming will decaywhentheword is absent.In layer
3, almostthe oppositehappens:the priming increaseavhile the
word is absenin level 1. The excitementchangessa function of
thepriming.

Levels 2 and 3 build up useraccesgrofiles. Whenthe excite-
mentvaluesof correspondingermsin layers2 and3 aremultiplied
togetherthe termswith highervaluestendto be the termswhich

occurfrequentlyfor discreteperiodsof timein theusersdocument
accessesSuchtermscancharacteriz@ usersinformation-seeking
task,asis shavn in thenext section.

3. APPLYING WORDSIEVE IN CALVIN

WordSieve wastestedn Calvin,apersonalnformationagentve
aredeveloping[6]. CalvinusesWordSieve to suggestask-releant
resource$o usersasthey brovsedocumentsWhenauseraccesses
adocumentCalvin passedts contentshroughWordSieve. Based
onthisinformation,WordSieve updateshecurrentcontext anduser
accesrofile in real time, while the useris engagedn the task.
The useraccesgrofile is persistenficrossusersessionsallowing
Calvinto learnuserbrowsing patterngn multiple contets. Calvin
storesprofilesfor ary numberof usersjoadingindividual profiles
whentheuserlogsinto Calvinwith anameandpassword.

4. PERFORMANCE

To evaluatethe performancef WordSieve, we performedanex-
perimentto testits ability to matcha documentto a hand-coded
vector representationf the web searchtask during which it was
consulted.In particular we wantedto seehow closelyWordSiere
couldcorrelatea documento the original searchtaskgivento the
user To testthis, sevenusergcomputersciencegraduatestudents)
wereasledto bronvsethelnternetfor twentyminuteseachwhile be-
ing monitoredby Calvin. For thefirst tenminutes they wereasled
to find documentson the WWW thatwereabout“The useof ge-
neticalgorithmsin artificial life.” For the secondenminutes they
wereasledto searchor informationabout“T ropical butterfliesin
Southeasfsia’ The usersweregiven no restrictionson how to
find thepages.They wereonly instructedthatthe documentsnust
beloadedinto thewebbrowserprovidedto them.

Useraccesrofileswere developedfrom this databy passing
eachsetof datathroughWordSieve threetimes(in the orderorigi-
nally brovsedby the user)to simulateonehourof brawsing?

Two termvectorsweregeneratedor eachdocumentpneusing
WordSieve, and one using TFIDF. To provide a searchtask char
acterizationyectorswerecreatedo representhe taskdescription
givento the users. The WordSievze and TFIDF vectorsfrom each
documentverecomparedo their associatetaskdescription.

In our experimentsWordSie/e generatedndices(i.e. termvec-
tors)for documentsvhichwerereliablymorestronglycorrelatedo

theoriginaltaskdescriptiorthanthoseproducedy TFIDF (F(1,82)=91.1,

repeated-measuresNOVA). This generallyheld acrossvarious
subsetof the data. The averageTFIDF similarity was0.145and
the averageWordSieve similarity was 0.224. This suggestghat
WordSieve is performingbetterat generatingprofilesthatreflecta
userstask.

In the experimentspresentedthe taskswere quite distinct. We
have not yet conductedexperimentson browsing wherethe tasks
overlap. However, if the tasksoverlapped,the keywords which
overlappedvould betreatedbothby TFIDF andWordSieve asnon-
discriminatorsand would have relatively low valuesin the term
vectorsgeneratedandthe non-overlappingkeywords would have
relatively high values. Becausehesetermswould have similar
effectson both algorithms,we expectthat performancevould be
equallyaffectedin bothalgorithmsandthatthe conclusionf the
comparisorwould bethe similar.

WordSieve learnsaboutcontexts astheuserswitchesasks.In the

twenty minutesof browsing, the userswitchedtasksonly onetime.

By repeatingthe sequencef documentsmultiple task switches
weresimulated.



NumDocs | Standardeviation Mean ANOVA
TFIDF WordSiee | TFIDF  WordSieve Diff F  Significant
Overall 381 0.142 0.170| 0.145 0.224| +54.48%| 91.14 Yes
Userl 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
By User 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
0-1000 112 | 0.114 0.209 | 0.097 0.213| +119.59%| 71.30 Yes
Document 1001-2000 67 0.106 0.142| 0.133 0.214| +60.90% | 15.51 Yes
Length 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

Table 1: Comparisonof TFIDF and WordSieve

5. MODELING IN RELATED WORK

Otheragentshave beendesignedo monitorusertasksandsug-
gestresourceso users.Somesuchagentsareableto make much
morespecificsuggestionthanWordSiee is able,usuallyattheex-
penseof needinga specificdomainmodel,suchaspre-createdat-
egories.Lumiereis anexampleof suchanagentapporach[5]. An-
otherexamplefocusedninformationretrieval is foundin Chen[3].
Otheragentsdo not requirea specificdomainmodeland suggest
documentshasedon vector comparisonswith currentdocument
content[7, 2, 8]. Someagentsuseexplicit feedbackto enhance
contetual information[4, 1]. Oneof theadwantage®f WordSiere
is thatit doesnot requireuserfeedback. However, if desired,it
couldbemodifiedto take utilize suchinformation.

6. PERSPECTIVESAND FUTURE WORK

WordSieve is mostappropriatefor agentswhich monitor ongo-
ing userdocumenticcessesatherthanfor batchdocumentndex-
ing. Althoughit doesnot needto remembenor referto previously
accessedocumentdo build a useraccesgrofile, it doesneedthe
documentgo be presentedn a sequencén which the userwould
actuallyaccesshem.Thisis notaproblemin areal-timeagenten-
vironment,but would bein alarge,unoganizedcorpus.Although
TFIDF doesnothavethislimitation, it cannottake advantageof the
orderof documenusewhenthatinformationis available.

7. CONCLUSIONS

In this paper we have presentedNVordSieve, an algorithm for
indexing documentdor personaiinformationagents. WordSieve
builds a contet profile by readingthedocumentsheuseraccesses
and extracting termswhich tend to partition the users browsing
behaior into discretetasks,in orderto generatecontet-sensitve
indicesthatcanbeusedto suggestelevantdocumentén thefuture.
In our experiments WordSieve outperformsTFIDF at generating
indicesthatassociatelocumentsvith explicit taskdescriptionghat
weregivento the userto guidebrowsing, but were unavailableto
both programswvhenthey generatedheir indices. We believe that
automatectontext-basedindexing techniquessuchas WordSieve
arepotentiallyusefulfor in mary differentkinds of environments
wherepersonalnformationagentsamustassistusersin organizing
andappropriatelyetrieving digital resources.
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