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Abstract – We consider information fusion an ‘active service’,
which aims to adapt the presentation of the information to the
user. Our work concerns the Internet, a scale-free small world
graph, with the tasks being the evaluation of documents, novelty
detection and collecting novel documents of ‘high value’ for the
sake of the user. This procedure calls for user-computer interac-
tion. To this end, four algorithms have been designed and are
under testing in various Internet environments. The weblog algo-
rithm utilizes competitive value-estimating agents and shatters the
Internet domain. Bottom-up clustering develops tree-structured
cluster hierarchies and alleviates navigation. Keyword extraction
chooses the best keywords that match subsets of the clusters. Link-
highlighting makes use of user reinforcement, ranks Internet doc-
uments and closes the loop: It provides feedback to the weblog
algorithm to improve value estimation and the shattering of the
domain. Details about the algorithms are provided.
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1 Introduction
Oneof thedriving forcesof informationfusioncomesfrom
thefrustrationthatweareunableto process,andunderstand
informationsurroundingus,althoughsomeportionof that
informationmaybeof extremelyhigh valueto us. It then
seemsreasonableto askif we coulddesignbettersoftware
to makecomputersto processtheinformationfor us. In our
view, therearetwo basicquestionsto beanswered.The�rst
oneis aboutthe processingof information. Whencanwe
saythat informationis processed?Assumethat we know
theanswerto this questionandthecomputermakesa per-
fect job, it `processes'all availableinformation. Thenwe
have our next question:How muchis thevalueof this pro-
cessedinformation for us? Can we useit? In our view,
informationis processedwhenit becomesamenable/ un-
derstandableto humanintelligence.In thiscase,thesecond
question– by de�nition – is also answered,becauseun-
derstandinginformationmeansthat we can tell its value.
This approachaimsa higherlevel of human-computerin-
teraction.Thecontrolremainsin humanhands,becausethe
computers̀goal' is to translatetheinformationfor theuser.
However, the computerbecomesan active andinteracting
partnerthat analyzesquestions,�nds out the conceptsthe
useris missingandshould`explain' thosesomehow.

Another level of interactionarisesby noticing that typ-
ical information is typically unimportant,whereasnovel

(not-yet-experienced)informationneedsto be quickly de-
tectedandformulatedin termsof known concepts.In most
cases,conceptdevelopmentfollows a particularroute: the
observationof novel phenomenaandthebelongingsimilar-
ity measures,learningof decisionsurfacesto categorizethe
novel phenomena,and– later – a betterunderstandingof
thephenomenaby establishingtheir components,i.e., their
(early)symptoms.Clearly, learningalgorithmsandhuman
intelligenceneedto collaboratehere. The solutionto this
complex problemis not seenat the momentandmay re-
quireabetterunderstandingof humanintelligence.̀ Mean-
while', ourgoalis to developanadaptivesystemthatworks
underuserreinforcementandfusesinformationto make it
amenablefor theuser. Our testareais apartiallyorganized
database,theInternet.

We are to develop an interactionloop, whereconcept
matching,conceptexplanationis in thefocusto enablehu-
manevaluation.Value,on theotherhand,maybecomethe
driving forceof informationreorganization.Observingthat
humanassociations,the structureof the Internetandmost
evolutionary systemshave scale-freestructures,we limit
ourselves to the matchingof scale-freestructures. Asso-
ciationschangefrom personto personandthematchingof
thestructuresmaybecomeuserdependent.

In what follows, an architectureshall be describedthat
aimsto optimizescale-freenetworks. First, Section2 ex-
plainsthebasicconcepts.Section3 reviews ourbasictools
of thematchingprocedure.Preliminaryresultsarealsopre-
sentedhere.Thediscussionsection(Section4) sketchesthe
architecturethatthesealgorithmsshallbeembeddedinto. It
is an interactingsystemthatservestheuserandworksun-
der userreinforcement.Conclusionsaredrawn in the last
section(Section5).

2 Scale free small worlds (SFSWs)
Thelast few yearshave witnessedtheevolution of a novel
andef�cient wayof describingcomplex interactivesystems
(CIS). The novel descriptionof CIS makesuseof graphs
with nodesand(directed)edges,representingconstituents
of the systemand the interactionsamongthem, respec-
tively. Classi�cationof CISsis basedonthestatisticalprop-
ertiesof thenetwork. Similarnetwork structuresemergein
many different �elds. Both thesesystemsand the corre-
spondingdynamicalmodelswhich de�ne theformationof



thesenetworksmaybeof fundamentalimportancetounder-
standthebehaviorsof CISs.Theinterestin CISsis boosted
by the intriguing similaritiesof biological, social,and in-
formationprocessingnetworks[1, 2, 3, 4, 5]. Theemerging
structuresshow scale-freesmallworld properties.

A graphis a scale-freenetwork if thenumberof incom-
ing (or outgoingor both) edgesfollows a power-law dis-
tribution (P(k) ∝ k−γ , wherek is integer, P(k) denotes
the probability that a vertex hask incoming(or outgoing,
or both) edgesand
 > 0). A graphis a small world net-
work if (i) its diameter, i.e. the averageminimal distance
betweentwo nodes,is proportionalto log(N ), whereN is
thenumberof nodesin thegraph,and(ii) its clusteringco-
ef�cient [1] doesnot convergeto 0:0 asN goesto in�nity ,
or alternatively its clusteringcoef�cient is larger with one
or two magnitudesthanthat of the correspondingrandom
network.

Most of the processes,which areconsideredevolution-
ary, seemto developand/orto co-occurin scale-freestruc-
tures. Importantly, semanticnetworksexhibit scale-free
structure,too [6].

3 Algorithms
Theweblog algorithmutilizescompetitivevalue-estimating
agentsandshattersthe Internet. Bottom-upclusteringde-
velopstree-structuredclusterhierarchiesandalleviatenav-
igation.Keyword extractionchoosesthebestkeywordsthat
matcha subsetof the clusters. Link-highlighting, which
makesuseof userreinforcementranksInternetdocuments
andclosestheloop: It providesfeedbackto theweblogal-
gorithm andenablesimproved valuebasedreorganization
of thedocuments.

3.1 Finding novel nodes of high clustering
coefficients

A particularfeatureof our taskis that novel nodesappear
within thescale-freeWWW. Thedirectconsequenceof the
scale-freepropertyis thattherearenumerousURLs or sets
of interlinkedURLs,which have a largenumberof incom-
ing links. Intelligentwebcrawlerscanbeeasilytrappedin
the neighborhoodof suchjunctionsas it hasbeenshown
previously [7, 8]. Our algorithmbuilds on competingin-
dividuals,the foragers, in a continuouslychangingworld,
wherethe rateof the emergenceof new resourcesis lim-
ited. Fitnessof theforagersis notdeterminedby us,�tness
is implicit. Similarconceptshavebeenstudiedin otherevo-
lutionarysystems,whereorganismscompetefor spaceand
resourcesand, unlike our foragers,cooperatethroughdi-
rectinteraction(see,e.g.,[9]). Ourforagersare`intelligent'
webcrawlerssincethey crawl by estimatingthe long-term
cumulatedpro�t using reinforcementlearning (see,e.g.,
[10]). The lack of explicit measureof �tness, the lack of
our controlover theenvironment,thevalueestimationex-
ecutedby theindividuals,andthelack of direct interaction
distinguishour work from most other studies. The algo-
rithm is detailedin Fig. 1(b).

Environment. The domainof our experimentswasthe
world wide web,which is scale-freeaccordingto our mea-

surements,too. Thedistributionsof bothincomingandout-
goinglinks show apower law distribution. (Fig. 1(a)).

Reward system. Foragersare searchingfor `food',
which is novel news, andthey sendthembackto the cen-
tral reinforcingagent,whichadministersrewardsandcosts.
Positive reward is deliveredonly to the �rst senderof a
given news item only if the document's time stampis not
olderthanadayaccordingto GMT. Thenrewardc+ is `pro-
vided'. Eachsendingof a document,costsc− for the for-
ager. The (immediate)pro�t is the differenceof rewards
andcostsatany givenstep(Fig. 1(b)).

Long term cumulated profit. (LTP) Immediatepro�t
is a myopic characterizationof an URL. Foragershave an
adaptive continuousvalueestimatorandfollow the policy
[10] that maximizesthe expectedLTP insteadof the im-
mediatepro�t. Policy andpro�t estimationareinterlinked
concepts:pro�t estimationdeterminesthepolicy, whereas
policy in�uences choicesand, in turn, the expectedLTP.
Here,choicesarebasedon thegreedyLTPpolicy: Thefor-
agervisits theURL, which belongsto thefrontier (seebe-
low) andhasthehighestestimatedLTP. VisitedURLsform
a path andeachpathis limited. At eachvisited page,the
foragerdownloadsthe neighboringdocumentsand deter-
mineswhethera documenthasa time stampof thecurrent
(actual)date.If it does,this documentis sentto thecenter
(thesedocumentswill bereferredas`sent'documents).

URL lists and decisions. The foragermaintainstwo
short-termmemorylists, oneto avoid loopsandanotherto
note the frontier, which containsthe URL's of pagesdi-
rectly accessiblefrom thevisitedpages,excludingthevis-
ited URLs themselves. A foragerhasa long-termmemory
component,the weblog, which is a limited list of URLs:
thosewhich have proved to be the beststartingpointsof
recentpaths.At thestartof a paththeforagermakesa ran-
dom choicefrom the �rst 10 elementsof the weblogand
visits thatURL. After a pathis �nished theforagerselects
anew startingpoint for thenext path.

For an URL `A', the cumulatedreward is the sum of
immediaterewardscollectedduring the pathafter visiting
URL `A'. Denotingthe cumulatedreward of URL `A' by
Rpath(A), whena pathis completed,thevalueof theURL
`A' , denotedby V(A) is estimatedasfollows:

Vnew(A) = (1 − � )Vold(A) + � Rpath(A):

If URL `A' did not have a valuebefore,thenVnew(A) is
setto Rpath(A). Thesevaluesarethenusedto updatethe
weblogafter eachpath. URLs areorderedby decreasing
valueandthelist is clippedto form thenew weblog.

Multiplying by bipartition, extinction and foraging
periods. Every forager can multiply by bipartition if it
achievesacertainrewardcollectingrate.Theweblogof the
parentis randomlyseparatedandpassedon to thedescen-
dants.On theotherhand,if theforager's rewardcollecting
ratefallsbelow thresholdthenit diesout.

Resultsareshown in Fig. 2. Time-lagbetweenpublish-
ing news and �nding thosedecreasesalreadyafter a few
days(seeFig. 2(a)): theratio of maximato minimaof the
curves increases;and also, fewer news publishedon Fri-
day were picked up on Saturday, a day late, during the



γ ~ -2.0

1 10 100

10
0

10
-5

10
-4

10
-3

10
-2

10
-1

log k

lo
g

 P
(k

)

A

B

(a) Power law

A

C

D

B

F

G

B

E

t t+1t-1start

+

-1 -1+100

+98

C

sent documents

central documents

immediate profit

(b) Reinforcement

Fig. 1: Scale-free Internet domain and the rewards
(A:) Log-log scaledistribution of the numberof (incom-
ing andoutgoing)links of all URLs foundduring the time
courseof investigation. Horizontalaxis: numberof edges
(logk). Verticalaxis: relativefrequency of numberof edges
at differentURLs (logP(k)). Black (gray) dotsrepresent
incoming(outgoing)edgesof URLs. Slopesof thestraight
lines−2:0± 0:3. Inset: methodof downloading.Thenews
foragervisits URL `A', downloadsthe not-yet-visitedpart
of theenvironment(documentsof URLs,whichURLshave
notbeenvisitedyetandarelinkedatURL 'A'). Download-
ing is followed by a decision,URL `B' is visited, down-
loadingstarts,andso on. Series̀ A', `B', `C' : : : is called
path. Black (grey) link: (not) in database.Solid (empty)
circle: (not) in database.
(B): Example. Empty (solid) circles: (not) novel doc-
uments. Positive (negative) numbers: reward and pro�t
(cost). Verticaldashedlines: consecutive time steps.Dots
on the (t + k)th dashedline: documentsavailableat time
stept + k−1. PathstartsatURL `A'. At start,documentsof
neighboringURLs `B', `C' and`D' aredownloaded.URL
`D' is visitednext; this timestepis denotedby t −1. Docu-
mentsof URLs`E', `F' and`G' aredownloaded.Document
of URL `G' hasanobsoletedate.Documentsof URLs `E'
and`F' aresentto thecenter. Documentof URL `F' isnovel
to thecenter. Pro�t 98 is receivedby theforager. URL `B'
is themostpromisingandis visitednext.
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Fig. 2: Experimental results
(a): Therateof sentandrewardeddocumentsshoweddaily
oscillations. Lighter (darker) gray curve: the ratio of re-
wardedto sent(rewardedto downloaded)documents.Hor-
izontal lines: averagevaluesof the two curvesduring two
workdays. Light (darker) gray regions: numberof for-
agersis 6 (numberof foragersincreasesfrom 14 to 18).
Division of work: (b,c) Horizontal axis in `month.day'
units. (b): Numberof sitesvisited by only one forager
relative to the numberof all visited sites in a �nite time
period(≈ 75mins ). Contribution of a singleforageris su-
perimposedon cumulatedcontributionsof older foragers.
Thedifferencebetween1.0 andtheupperboundaryof the
curvescorrespondsto theratioof sitesvisitedby morethan
oneforager. Duration: aboutthreedays. (c): Samefor 16
dayperiod.Theratio of differenttwo steptrajectoriesrela-
tive to all two steptrajectoriesconditionedthatthetwo step
trajectoriesstartfrom thesamesitevariesbetween70-80%
(notshown).

secondweekend of the experimentthan during the �rst.
Furthergains in downloadingspeedare indicatedby the
relative shift betweenlighter gray anddarker gray peaks.
The darker peaks(ratio rewarded/downloaded)keeptheir
maximaat aroundmidnight GMT, lighter peaks(ratio re-
warded/sent)shift to earlier timesby about6 hours. The
shift is due to changesin the numberof sentdocuments.
Theminimaof thisnumbershiftstoaround6:00P.M. GMT,
when it is around3:00 A.M. in Japan. (Identical dates
can be found for a 48 hour period centeredaroundnoon
GMT.) Maxima of the relevant documentsare at around
11:00P.M. GMT (around6:00P.M. ESTof theUS). Dur-
ing the�rst week,thehorizontallines(averagevaluesof the
correspondingcurvesduring2 workdays)arevery closeto
eachother. Both averagesincreasefor the secondweek.
The ratio of sentto reinforceddocumentsincreasesmore.
Thereis a darker grey region in the �gure. At the begin-
ning of this region, morecrawlers undergo multiplication
andtherelative shift of the two curvesbecomeslarger. At



theend,whenmultiplicationslowsdown, it is small.Later,
becauseof similar reasons,theshift increasesagain.

Division of work is illustratedby Fig. 2(b)- 2(c). Ac-
cordingto Fig. 2(c) largeproportionof thesitesarevisited
exclusively by not morethanoneforager. Only about40%
of the sitesis visited by morethanoneforager. Fig. 2(b)
demonstratesthat new foragers occupy their territories
quickly. Similar datawere found for few (2-4, Fig. 2(b))
and for many (22, Fig. 2(c)) foragers(upperboundaryis
aboutthesame).The�gures depictthecontributionsof in-
dividual foragers:asnew foragersstart, they quickly �nd
goodterrainswhile theolderonesstill keeptheir goodter-
ritories. Theenvironmentchangesvery quickly, cca. 1200
new URLswerefoundeveryday.

The ratio of different two step trajectoriesrelative to
all two steptrajectoriesconditionedthat the two steptra-
jectoriesstart from the samesite variesbetween70-80%
(not shown). Consideringthat the �rst step of the two-
stepstrajectoriesareevaluatedas`good' choicesby thefor-
agersthisratioshowsthatforagersexhibit different`behav-
iors'. Suchdifferencesshouldbe even more pronounced
if news of different kinds were searchedfor. In turn, a
relatively large numberof siteswere visited by different
foragersand if sites were visited by more than one for-
ager then they typically followed different paths. Dif-
ferencesbetweenhunting/foragingterritories and/or dif-
ferencesbetweenconsumedfood arecalledcompartmen-
talization(sometimescallednicheformation)The experi-
mentsdemonstratethat compartmentalization,is fast and
ef�cient in ouralgorithm.

We note that clusteringcoef�cients of elementsof the
weblogsweretypically high.

3.2 Making order in SFSWs and evaluating the
order quickly

Our bottom-upclustering(BUC) algorithmis a local pro-
cedurethat works by messagepassagesto neighbors,i.e.,
to nodesthatnodesaredirectly pointingonto. BUC trans-
forms a generalscale-freestructureinto a scale-freetree,
amenablefor humanintelligence. It is a hierarchicalag-
glomerative algorithmbasedon local decisions.At thebe-
ginning, every nodeis a different cluster. Eachof them
decidesif it is a centerof a clusteror if it belongsto one
of its neighbors.The decisionis basedon informationre-
questedfrom the neighbors. In turn, clustersare formed
aroundcenternodes.In thenext step,clustersareconsid-
eredasordinarynodes.Neighborsandtheir local informa-
tion arerecalculatedto maintainscale-freeproperties.We
have investigatedthespeedof theBUC algorithmby com-
paringit to our previous top-down clustering(TDC) algo-
rithm. (TDC is a typical top-down graphclusteringalgo-
rithm which usesglobal information. In this methodthe
nodeswhichhavethemostdisjunctsetof neighborsarethe
clustercenters. Other nodesbelongto the nearestcenter
node.)Runtimesof TDC andBUC arecomparedin Fig. 3.
BUC is very fast.

Our key assumptionis thata clusteringalgorithmshould
produceclusterscontainingdocumentsthat are relatedto
eachother:A subnetof theInternetcanbequali�ed on the
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Fig. 3: Run times of top-down and bottom-up cluster-
ings.
Comparisonsaremadeon small-world networksgenerated
by theWatts-Strogatzalgorithm. Horizontalaxis: Number
of nodesin network. Vertical axis: Time of clusteringin
secondsusingordinaryPCsTop row: Top-down clustering
(TDC). Right (Left): whenthebestparametersof similar-
ity andsizeare(not) known. NotethatTDC of 3600nodes
took 3 days(left) and cca. 3 hours(right). Middle row:
Bottom-upclustering(BUC). Left: estimatedrunningtime
on parallelPCs.Right: runningtime on a singlePC.Note:
The strongnon-lineardependenceof the left �gure is due
to nodesformedby BUC that have low clusteringcoef�-
cientsandareconnectedto mostothernodes.This canbe
avoidedby slight modi�cation of the algorithmthat keeps
scale-freeproperty. Bottomrow: Sameasmiddle row but
only for the�rst iterationof clustering.Thesedataprovide
an estimationof the runningtime of the algorithm,which
keepsscale-freefeatures(seenoteaboutmiddlerow).

basisof coherenceof documentsin theclusters.Theevalu-
ationof networkswasexecutedon thefollowing domains1:

1. American Heart Association (AHA):
http://www.americanheart.org. It is
well equippedwith keywordsandkeyphrases

2. Centerfor devicesandradiologicalhealth(General):
http://www.fda.gov/ cdrh/ index.html.
It is moderatelywell equippedwith keywords and
keyphrases

3. Collaborative Hypertext of Radiology (Radiology):
http://chorus.rad.mcw.edu. It is moder-
atelywell equippedwith keywordsandkeyphrases

We have usedthe keywordsconstructedby the expertsof
thedomain.We usedour keyword extractionmethodsand
measuredhow well the keywords representedtheir own
clusters.Explanationof the clustering�gures is provided
in Fig 4.

1Note that the clustering algorithm may spoil the coherence
of documents in the clusters. BUC – under certain conditions –
showed similar performance to TDC.
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Left: 4 clusters, 12 documents,10 keywords, occur-
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in clusters,grayscalecoloringshowedtherelative number
of documentscontainingthe below threshold(i.e., good)
keywordsfor 'OR' (i.e., at leastoneof thekeywords)and
for 'AND' (all keywordswithoutexception)relations.

Definitions. Occurrenceratio of a keyword in a cluster:
A documentcontainskeyword K or not. The numberof
documentsof clusterC containingkeyword K relative to
all documentsin that clusteris calledthe occurrenceratio
of keywordK in clusterC. Keywordsof a cluster: keyword
K belongsto clusterC if theoccurrenceratio of keyword
K is at its maximumin clusterC. In caseof a tie, ran-
dom choiceis madebetweenthe candidateclusters. The
maximumoccurrenceratio of keyword K is denotedby
rmax(K ). Threshold: Thresholdis a numberbetween0
and1. Representativekeywords: If maximumoccurrence
ratio of keyword K is achieved by clusterC, if threshold
is set to 0 ≤ � < 1 and if the occurrenceratio of key-
word K in eachclusterB 6= C is lower thanor equalto
� ∗ rmax(K ), thenwesaythatkeywordK is representative
to theclusterhierarchy at threshold� . Similarly, if theoc-
currenceratio of keyword K in a clusterB 6= C is higher
than� ∗ rmax(K ), thenwe saythatkeyword K is not rep-
resentative to theclusterhierarchy at threshold� . 100∗ � %
keyword: A keyword is called100∗ � % keyword, if it is
a representative keyword at threshold� . `AND' and `OR'
relationsof keywords: If documentD of clusterC contains
all representative keywordsof clusterC thenthedocument
is an`AND' document.Similarly, if documentD of cluster
C containsat leastoneof the representative keywordsof
clusterC thenthedocumentis an`OR' document.̀ AND'
and`OR' qualitiesof clusters: Thenumberof `AND' doc-
umentsof a clusterto thenumberof all documentsof that
clusteris calledthe`AND' quality of thecluster. Similarly
for the`OR' quality of a cluster. `AND' and`OR' qualities
of clustering: Thenumberof `AND' documentsof all clus-
tersrelative to the numberof all documentsof all clusters

is the `AND' quality of clustering. Similarly to the `OR'
qualityof clustering.

Different versions of the algorithm havebeentried. To
all methods,10differentrunswereexecutedto seethevari-
ances. We developedmethodsto balancethe size of the
clusters(Fig. 5).
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Fig. 5: Results of balanced clustering.
Threshold� : 0.3. Numberson the horizontalaxis: First
(secondandthird) 0 to 9 columns:AHA, GeneralandRa-
diology data-bases,respectively. Numberson the vertical
axis: Clusternumber. Thelargerthenumber, thelargerthe
clusteris. (a): Method`small clustersdo not count' (b):
Method`small clustersjoin closestrelative' (c)-(d): Clus-
tersizedistributionsin thedifferentrunsfor databasesAHA
(left), General(middle)andRadiology(right)

Thresholded(or balanced)clusteringalgorithm (TCA):



TCA makesuseof minimalclustersizeparameters. Given
a sequenceof clusteringphases,that clusteringis selected
in which therearethemostclusterswith sizelarger thans
andif morethanonesuchclusteringexists,thenfrom these
clusteringsthe oneis selectedin which therearethe least
clusterswith sizesmallerthans.

Smallclusters do not count: TCA wasused�rst. After
TCA hasstopped,all small clusterswerejoined to form a
singlecluster. Mutual informationbasedkeyphraseextrac-
tion wasappliedto the setof clustersformed. Keyphrase
evaluationusedthesekeyphraseson thesetof clustersnot
containingthejoinedone.

Smallclusters join closestrelative: TCA wasused�rst.
After TCA hasstopped,smallclusterswerejoinedto their
`closestrelative'. The closestrelative is determinedby
meansof the representative keywordsof clusterA - doc-
umentsof clusterB matrix. Theij th elementof thismatrix
is 1 (0) if the i th keyword of clusterA occurs(doesnot
occur)in the j th documentof clusterB . Theclosestrela-
tiveof clusterB amongstclustersA1; : : : ; An hasthemost
densematrix. Closestrelative of a small clusterwascho-
senfrom the set of large clusters. The small clusterwas
includedinto its closestrelative. This procedurewasfol-
lowedby keyphraseevaluation.

Thebalancedmethodsshow improvedclusteringproper-
ties. Representative keywordsarepresentin mediumand
large clusters,too for all threedatabases.Furtherproper-
tiesof keywordextractionfor differentInternetdomainsare
shown in Fig. 6
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Fig. 6: All words used for keyword extraction
First (secondandthird) 0 to 9 columns:AHA, Generaland
Radiologydata-bases,respectively. Numberson the ver-
tical axis: Thresholdvalues. Numbersin boxes: number
of representative key-wordschosenfrom all words. Gray
scale:ORqualitiesof clusteringatdifferentthresholds.

Similar resultswerefoundfor thecasewhenrepresenta-
tive key-wordswerechosenfrom all keywords(thewords
of keyphrasemetatags)of thedatabases.As it hasbeenex-
pectedon the basisof Fig. 6, our keywordsarebetteron
databaseRadiologythanon databaseAHA. Thekeywords
of databaseRadiologyandthestructureof thisdatabaseare
bettermatched.This couldbetheresultof thehighly spec-
i�ed �eld treatedby this Internetdomain. AHA is more
generalandis in betweendatabasesRadiologyandGeneral.

Also, databaseRadiologyis morefor specialists,whereas
thetwo otherdatabasesaremorefor thepublic.

3.3 Representing clusters: Keyword extraction

Keyword and keyphraseextraction algorithmswere used
for representingclustersand evaluating the ef�ciency of
clusteringalgorithms. Different methodswere tried, in-
cluding theKEA algorithm[11], wordsof the`keyphrase'
metatag,mutualinformationcomputedfor wordsandmu-
tual informationcomputedfor keywords. Computationof
mutualinformationwasappliedsimilarly to the technique
describedby Joachims[12]. It wasfound that mutual in-
formation is aboutas good or better than KEA with the
bottom-upclusteringalgorithm.

3.4 Adaptation to the user

The last componentof our algorithmsaims adaptationto
user: The algorithm highlights the links in the browser,
which mostprobablymatchthegoalof theuser. This way
we canhelp the userby restrictingthe numberof links to
choosefrom. Thegoalwasestimatedby therecentstepsof
theuser. Thealgorithmis basedon a setof text classi�ers
which have outputvaluescloseto +1 or −1. Output+1
(−1) meansthat theinput belongs(doesnot belong)to the
text classof theclassi�er, thatis, aclassi�er canbeseenas
anexpertof its class.

We have assumedthat the behavior of any usercanbe
approximatedby a relevance(or weight) vector W T =
(W1; : : : ; Wn). Theestimatedvalueof adocumentS is the
scalarproductof the output vector (ST = (S1; : : : ; Sn),
concatenatedfrom the outputsof the classi�ers) and the
weight vector, wheresuperscriptT denotestransposition.
The goal of the link highlighting systemis to optimizeits
weightsto theuser. Ourassumptionallowsus– in principle
– to adaptto a largenumberof users.To give a roughes-
timation, let usrestrictthechoiceof weightsto ±1. Then,
for n, the numberof possibleusersis 2n. Of course,the
real issueis not to increasen but to choosethe right text
classes.

Thelink highlightingtaskis to predictthenext decision
to bemadeby theuser. Two typesof questionscanbeasked
during the process.(i) Which is the next documentto be
chosenby theuser?(ii) If we rank the links, how goodis
this ranking?Weshallsaythatthegoodnessof our ranking
is90%onaverage,if onaverageonly10%of thedocuments
hasbeengivenbetterranksby the learningalgorithmthan
thedocumentselectedby theuser. That is, if goodnessof
ranking is above 90% then about10% of the documents
couldbehighlighted.

In our experimentsthe model user correspondedto a
classi�er. This classi�er wasexcludedfrom the classi�er
setusedby thelink highlightingalgorithm.Themodeluser
alwayschosethedocumentwhich hadthehighestsimilar-
ity valueaccordingto the singleclassi�er (seelater). The
link-highlighting systemhadto mix differentclassi�ersto
identify themodeluser. In someteststhemodelusercould
changethe topic of interestin order to test the speedof
adaptation.



We testedour methodwith differentkindsof classi�ers.
On a downloadedportion of the Geocitiesdatabase(i.e.,
90,000html documents)we separated50 basicclustersby
Boley's classi�cationmethod[13] known to performwell
on texts. For classi�cationof documentsin theclusters,the
probabilistic term frequency inversedocumentfrequency
(PrTFIDF) classi�cation method[12] was used. We de-
velopeda larger classi�er set by building context graphs
aroundtheBoley clusters,andtrainingclassi�ersto its one-
step,tow-step,etc.contexts [14] .

Differentadaptationalgorithmswerealsotried. Ourbest
method,VEMW technique,utilized moving window and
modulatedcorrectionsby theerrorof valueestimation.The
algorithmis asfollows:

� (t + 1) = W T (t) (S∗(t + 1) − S(t + 1)) (1)

W (t+1) =
(1 − � � (t + 1))W (t) + � � (t + 1)S(t + 1)
|(1 − � � (t + 1))W (t) + � � (t + 1)S(t + 1)|

;

(2)
where � was set to constantto follow online changes,
S∗(t + 1) is the bestselectionaccordingto the valuees-
timation,S(t + 1) is theselectionof theuser, and� (t + 1)
is thevalueestimationerrorcomputedatsurfstept + 1. It is
easyto seethattheestimatedvalueof theuserselectedlink
will be increasedby Eq. (2), providedthat theS vectorsat
eachsteparenormalized|S(t)| = 1 for t = 1; 2; :::. In this
case,W (t + 1)T S(t + 1) ≥ W (t)T S(t + 1).

Performanceson theInternetaredetailedin Fig. 7

4 Discussion
The algorithmsthat we have introducedor are using, in-
clude(i) fastorderingof Internetdomains,(ii) keywordex-
traction,(iii) novelty detection,and(iv) adaptationto and
interactionwith the user. This interactioncanassumedif-
ferentforms.Welist afew examples,whichcouldbeof use
for not-yet-seendomainsof theInternet.

1. The useradaptationalgorithm, as describedin sub-
section 3.4, develops a weight vector, which con-
tainssomeinformationabouttheuser's interest.This
weight vectorcanbe usedto �lter out a certainper-
centageof thedocuments.The remainingdocuments
canbereorganizedby thefastclusteringalgorithmand
canbepresentedto theuser. Having a setof possible
users,thedatabasecanbepre-�ltered by theappropri-
ateweightvectors.

2. The keyword extraction algorithm can provide key-
wordsfor documents,documentsetsandInternetdo-
mains. The BUC algorithm and keyword extraction
togethercanindicate,which portion of the novel do-
mainmaycontaincoherentinformation.

3. Pre-�ltering canbe executedby providing keywords,
`and', `or', `near',relationsamongstthem,andsoon.

4. Searchand pre-�ltering of novel documentsshould
be feasibleby combiningthe novelty detectingagent
communitywith oneor moreof thepre-�ltering meth-
ods.
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Fig. 7: Performances and individual cases.
(a): all Boley classesareusedfor userestimation,(b): the
user's Boley classis excludedfrom theestimation,and(c):
sameasb andthesetof classi�ersusedfor estimationis ex-
tendedby classi�ersbelongingto levelsof context graphs.
(d): Thebesthighlightingresulton theInternetfor thecase
(b) of this �gure, (c): highlightingwith theworstresulton
theInternetfor thesame,(d): case(a) of this �gure with a
userchangingbehaviors. Inset:fastadaptationatstepnum-
ber100. Uppercurves:performances.lower curves:value
estimationerrors.Errorbarsdenotevariances.

Thesetypesof interactionsarecertainlyof usefor top-
ics, which arewell known or at leastfamiliar to the user.
They couldbeof usefor topics,which theuseris unfamil-
iar with. However, importantinformationmay be �ltered
out by thesemethodsandcareis neededwhennovel top-
ics aresearchedfor. Novel topicsmight containwordsthat
wedonotunderstandor havedifferentmeaningsthenthose
we know. Theseare typical problems,realizedlong ago.
Theworstcasescenariois that(i) thematerialis nothaving
keywordsor it is having wrongkeywords,(ii) thematerial
is new andwe andour `experts' areunfamiliar with it. In
this case,novel methodsarein needthathave explanatory
powerandcanhelpin theunderstandingof thematerial.

Methodsthat have explanatorypower are rare. Oneof
themis the useof synonyms. Although for novel materi-
als synonyms may not be available in books,the domain
thatwe arelooking at, or novel contenton theInternetcan
reveal suchrelations. Suchalgorithmhasbeendeveloped
by Turney [15]. The most intriguing approachfor under-
standingunknown phrasesof unknown materialshasbeen
initiatedby Turney andLittman [16]. Theiralgorithmaims
to �nd analogiesto explain the meaningof a word in the
givencontext. In anotherpaperit is mentionedthatcombi-
nationof differentmodulescanbeof usefor thesynonym
andanalogyproblems[17]. In their work, they usestatis-
tical informationavailableon theInternetto provideexpla-
nations.Clearly, for a fastchangingworld andfor partially
orderedknowledge,this shouldbea usefulapproach,pro-



vided that thenew informationcanbe foundquickly, e.g.,
by thefastnovelty detectingalgorithm.

Novel knowledgeshouldalsobematchedto theknowl-
edgeof theuserandtheemphasisis to beontheinteraction.
In our approach,a setof algorithmsaremadeavailablefor
theuserthatcanrestructureand�lter novel informationac-
cordingto thecurrentknowledgeof theuser.

When the BUC algorithm is appliedto novel informa-
tion, the informationis reorganizedin a userfriendly hier-
archicalstructureandrepresentativekeywordsareprovided
for the parts. `Top-down' modi�cation of the structureis
possibleby meansof keyword-based�ltering, addingnew
links, deletingothers,andsoon. TheBUC algorithmis fast
andthis processis limited by theuser. We call this process
astop-downshatteringof information.

The eventualaim of coupledbottom-upclusteringand
top-down shatteringis (i) to usetheknowledgeof theuser,
(ii) to clusterdomainsandto characterizematerialsby key-
word extraction, (iii) to reorganizematerialsuponto user
reinforcement,e.g.,by gradingdocuments,selectingkey-
words,andsoon. Figure8 depictsthesetof ouralgorithms.

Fast reclustering

Collecting novel
nodes
with
high

clus-
tering coeffs

Keyword
extraction

User interaction:
new keywords

analogies, surfing

Fig. 8: Set of algorithms

5 Conclusion
We have combinedfour algorithms:(i) fastorderingof In-
ternetdomains,(ii) keyword extraction,(iii) novelty detec-
tion, and (iv) adaptationto and interactionwith the user.
Thesealgorithmsaim to form a loop for human-computer
interaction,which is to optimize user reinforcementand
searches,reorganizesfor the sake of the user. The indi-
vidual algorithmshave beentestedandwereef�cient. The
powerof thecombinationof thesealgorithmsremainsto be
shown.
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