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Abstract. The complex structureof the Web requiresdecentralised,adaptive
mechanismsefficiently providing accessto local andglobalcapacities.To facili-
tatethedevelopmentof suchmechanisms,it seemsreasonableto build clustersof
machineswith similarstructuresandinterests.In suchamanner, communitiesof
machinescanbebuilt. In a community, every machinecontributesto theoverall
successthrougha division of managementwork anda respective collaboration.
This articlepresentsandanalysesexperimentalresultsfor algorithmsoptimising
serviceresponsetimesin acommunity. It extendspreviouslypublishedresultson
theWanderer optimisationalgorithm;wedescribevariationsof theWanderer and
presentsimulationresultsof thesevariations.

1 Intr oduction

TheInternetrepresentsa largepoolof resources.However, theseresourcesaredifficult
to access.Furthermore,the sheersizeof the Internetmakesit difficult, if not outright
impossibleto keeptrackof all theseresources.Onepromisingsolutionapproachis to
managetheinformationaboutresourcesusingself-organizingandadaptiveinformation
bases[5].

Thereare currently many projectsunderway which usethis approach[1, 2,4,3].
One suchproject is the Web OperatingSystem(WOS) [3, 6] which is built to sup-
port communitiesof client andserver machines.Thesemachinesdo not only sharea
commoncommunicationcontext, but alsosetsof similar parametersandinterests.The
WOS is an openmiddlewaresolutionallowing for softwareservicesto be distributed
over theInternet.TheWOSinfrastructureprovidesthetools to searchfor andprepare
all the necessaryresourcesthat fulfil the desiredcharacteristicsfor a servicerequest
(e.g.,performance,storage,etc.).

In the WOS context, a community, or WOSnet,is a setof WOS nodesrequesting
or providing a specificservice.This implies that thereexists a dichotomy:within a
community, nodesareeitherserversor clients.By client,wemeannodesrequestingthe
serviceofferedin acommunity. By server, wemeannodesproviding theserviceoffered
in a community. Needlessto say, WOSnodesmayparticipatein many communityand
maythereforebebothserverandclient.
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A WOSnetis dynamicallyformed;nodesmaydynamicallyjoin andleave a com-
munity. The WOSnetevolvesthroughthe locationandexecutionactivities performed
by thedifferentWOSnodes.TheknowledgeabouttheWOSnet,accumulatedthrough
theseactivities, is storedby thenodesin warehouses. Thesewarehousesarethenode’s
knowledgecenter. For example,a servicelocationrequestwill leave its result in the
warehousesof the nodesvisited. In general,servicelocation requestsare processed
usingmessagechains,transmittedin parallel[7].

In [8] we presentedandanalysedexperimentalresultsfor two algorithmsoptimis-
ing serviceresponsetimesin acommunity, namelytheWhipandWanderer algorithms.
This paperextendthis previouswork; it presentsandanalyzesvariationsof the Wan-
derer algorithm.Thesimulationenvironmentis briefly describedin Section2. We also
definethe notion of network communityoptimisationandwe describethe Wanderer
algorithm,on which theresultspresentedhereinarebased.We alsoexplain in thatsec-
tion why variationsarenecessary. In Section3, we introducethe differentvariations
developedandanalysethem,basedon simulationresults.Finally, Section4 concludes
thepaperwith adiscussionof theapproach.

2 Simulating Communities

Wedevelopedatool to simulatethebehavior of acommunity[8]. Theserviceprovided
by thecommunityis asimpledatatransferservice.Basically, clientnodesrequestadata
transferandserver nodesprovide the requesteddata.Thesimulationtool representsa
WOSnetasa randomlygeneratedgraphof nodesplacedin a 2D grid. Eachnodehas
a warehousecontainingthe list of server nodesit knows, alongwith a measureof the
quality of that node.The quality of the serviceis measuredby the responsetime for
a servicerequestof client � to server � , denoted�
	������� . For simplicity, we assume
�
	��������������	������� , where �	������� is the bandwidthbetweenclient � andserver � . We
estimate�	������� by using the euclidiandistancebetweenclient � andserver � in the
simulationplane.

A simulationis divided in cycles.Within eachcycle, thenumberof requestsmade
by a client increaseslinearly. As the numberof requestsincreases,servershave more
difficulty in fulfilling all therequestsreceived,andmaythereforerejectrequests.

At any point during the simulation,a client may becomeunsatisfiedwith the re-
sponsetimeof its currentserveror mayevenseehisrequestrejected.Whenthisoccurs,
the client will seeka betterserver to fulfil his requests.This is what we call a com-
munityoptimisation. Thegoalof theoptimisationis to minimisetheresponsetime for
eachclient. To achieve this goal, the optimisationprocessreorganisesthe community
by selectinga moresuitableserver for that client. It doesso by recursively searching
for server nodestheclient doesnot know yet andby inspectingthewarehouseentries
at eachserver visited.During this processthe warehousessearchedareupdated,thus
dynamicallyrestructuringthevirtual network or community.

Many differentparameterscanbecontrolledby thesimulationtool:

– theproportionof nodesactingasservers,
– the maximumnumberof entriesin the warehouse(i.e., the length of the list of

servers),
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– thenumberof cyclesin a simulation,
– thedurationof acycle,calculatedin unitsof time(ut).

2.1 Evaluation of Optimisation Algorithms

Differentalgorithmsmay be definedto performthe optimisationprocess.In orderto
comparethesealgorithms,weusedifferentmeasures.

– Theeffectivenessof thealgorithm( � ) is theratio

����� avail �� min � �! " #�
where� avail is theaverageresponsetimeof requests,if all theclientsof thenetwork
launchexactlyonerequestsimultaneouslyandtheclientsareusingtheserverwith
the largestbandwidthin the network, and � min is the averageresponsetime of
requests,if all theclientsof thenetwork launchexactlyonerequestsimultaneously
andthe clientsareusingthe server with the largestbandwidththat the algorithm
wasableto find.Theeffectivenessmeasuresthedistancebetweentheconfiguration
obtainedwith thealgorithmandtheoptimalattainableconfiguration.

– Theconvergencetime of thealgorithm( �%$ ) is thetime requiredfor reaching� min.
It is measuredin ut.

2.2 The Wanderer Algorithm

TheWanderer algorithm[6] is basedon thetransmissionof a message,nameda wan-
derer, from nodeto node.A wanderer& is a tuple 	����'(�*)%��+,� , where � is the list of
clients for which the optimisationis performed,' is the list of serversvisited ( ' for
knowledge),) is theidentifierof thenodeon which thewanderercurrentlyis located( )
for location),and + is thehopcountof thatmessage1. Giventhat - is thesetof server
node, . is the setof client nodes,and / is an undefinedidentifier, we canformally
definethesetof all possiblewanderers0 as

021435	6.7�98:35	�-;�98<	�->=?/@�A8>BDC
Therefore,�FE:35	�.7� , ':E535	6-;� , )GE?->=?/ , and +>E?B .

TheWanderer algorithmis launchedby aclientevery time it wishesto find abetter
server. It proceedsin threedistinct stages:initialisation,search,andupdatestages.At
the initialisation stage, the wandereris initialised by the client: � containsthe client
launchingthewanderer, ' containsthelist of serversknown by theclient, ) containsthe
identifierof thefirst server to visit, and + is setto 0. At thesearch stage, thewanderer
is sentto thenodeidentifiedby ) . Oncethere,' is updatedwith new informationabout
servers,foundonthecurrentnode.Thevalueof ) is setto theidentifierof thenext node
to visit, if any. The valueof + is incremented.It thenproceedswith the searchstage,
until all nodesin ' arevisited.At theupdatestage, theclient selectsthenodein ' with
theshortestresponsetime.Formally, we have:

1 ThehopcountH is definedfor completenessbut is notusedherein.
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Let �JI : client launchingthewanderer.
Let �
K : theclient list � of wanderer& .
Let 'LK : theknowledgelist ' of wanderer& .
Let ) K : thelocation ) of wanderer& .
Let + K : thehopcount+ of wanderer& .
Let ' .append	�'NMO� : appendsknowledge'NM to knowledge' .
Let P .next( ' ): basedon the informationavailablein the warehouseof node PQE

-R=>. andon ' , returnsthenext nodeto visit, if any; returns/ otherwise.
Let � .update	�'#� : updatethewarehouseof client � usingknowledge' .
A-Initialisationstage

Let �
KTSVU��JI�W
Let 'LK<SYX
Let ) K SZ� I .next( ' K )
Let + K SZ 
B-Searchstage

While ) K\[�Q/
“Send” wanderer& to node)]K
'"KTS^'LK .append(contentof thelocal warehouse)
)]K<SZ)]K .next( '"K )
+_KTS^+`K>a��

End-While

C-Updatestage

For each �FE?� K
� .update( ' K )

End-For

A wandererhasbeendefinedas a tuple or datastructureupon which the above
algorithm is executed.Sincethe algorithm includescommunication,i.e. sendingthe
tupleto anothernodewherethesamealgorithmis executed,onemight alsodefinethe
tupletogetherwith thealgorithmasanentity thatmigratesfrom nodeto node.At each
node,thetuple is updatedusingthatnodeslocal information.Therefore,thewanderer
tuplecould,togetherwith thecodeof thealgorithm,be implementedasmobileagent.
In the following sections,we usesometimesratherthe notion of agentfor reasonsof
simplicity of explanation.

3 Variations of the Wanderer Algorithm

From previous simulations[8], we observed that the Wanderer algorithm is very ef-
fective, even when varying all the simulationparameters.It turnsout, however, that
its convergencetime changesgreatlydependingon thesesameparameters.The algo-
rithm is alsovery demandingin termsof computationalresources;sincea wandereris
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sentfrom nodeto node,it requiresresourcesoneverynodeit visits.Thequantityof re-
sourcesrequiredis proportionalto thenumberof wandererscurrentlyin thenetwork. In
a largernetwork, thatnumbercanbeextremelyhigh.As a consequence,theWanderer
algorithmmaycreatenetwork congestion.

The main differencebetweenthe Wanderer algorithm and its variationsis coop-
eration.The main goal of the cooperationis to eliminatethe problemscreatedby the
original Wanderer algorithmdescribedin the previous section,suchas the computa-
tional resourcesrequired,network congestion,etc.We introducedtwo mainstrategies
to alleviatetheseeffects:sharingandmerging.

Sharing. We definesharingasan exchangeof knowledgein ' . Theprocessof shar-
ing happensduring the searchstage(at the endof the loop) whenthereis morethan
onewandereron the samenode.Whenever two wanderersmeetat a node,they will
exchangeinformation.Eachwandererwill exchangeatmostonceoneachnodevisited.
Formally, we candefinetheprocessof sharingasfollows:

Let & .sharing(k,k’): thesharingfunctionof wanderer& .

If 	�)]KT�b)]Kdc��
'"KTSZ& .sharing( 'LKD��'"K c )
' Kdc SZ&eM .sharing( ' K ��' Kdc )

End-If

As shown in Figure1, wanderersW1 andW8, comingfrom differentnodes,meet
onnodeS4.Beforechoosingthenext nodeto visit, they sharetheir information.Before
sharing,'�f � = U S3,S4W and '�fhg = U S2,S4W . After sharing,bothwanderershaveexactly
thesamecontents,that is 'f � = 'fig = U S2,S3,S4W , andbothwandererscontinuetheir
searchprocesswith thatknowledge.

C1C8

S7

S3

S5

S2

S4

S6

W1
cW1 = {C1}
kW1 = ∅
h = 0

W1
cW1 = {C1}
kW1 = {S3}
h = 1

W1
cW1 = {C1}
kW1 = {S3,S4,S2}
h = 2

W1
cW1 = {C1}
kW1 = {S3,S4,S2,S7}
h = 3

W8
cW8 = {C8}
kW8 = ∅
h = 0

W8
cW8 = {C8}
kW8 = {S2}
h = 1

W8
cW8 = {C8}
kW8 = {S2,S4,S3}
h = 2

W8
cW8 = {C8}
kW8 = {S2,S4,S3,S5}
h = 3

Sn Server

WOS arc

Cn Client

W1, Wanderer of
Client node C1

W8, Wanderer of
Client node C8

W1 path

W8 path

 

Fig.1. WanderersSharingInformation
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Merging We definemerging asanoperationwhereonewanderertakesall theknowl-
edgeof anotherwandererbeforedestroying thatwanderer. As is thecasewith sharing,
merging alsohappensat theendof thesearchstageloop,whenthereis morethanone
wandereron the samenode.Furthermore,merging is not automatic.Differentcriteria
may be usedto determinewhethermerging shouldoccuror not. Eachwandererwill
mergeatmostonceoneachvisitednode.Formally, wecandefinetheprocessof merg-
ing asfollows:

Let & .merging(): themerging functionof wanderer& .
Let P .criterion( &j�%&eM ): a booleanfunction indicatingif wanderers& and &eM can

mergeon nodeP .

If kO	�)]KT�b)]Kdc��ml:)]K .criterion 	n&j�*&eM]�po
'"KTSZ& .merging( 'LKD��'"Kdc )
+_KTSZqir�s(	6+`KA��+`Kdc��
0tSY0vuD&eM

End-If

As shown in Figure2, wanderersW1 andW8, comingfrom differentnodes,meet
onnodeS4.Beforechoosingthenext nodeto visit, they verify if it is possibleto merge.
WandererW1 initiatesthenegotiationandbothwanderersagreeto merge.This corre-
spondsto the evaluationof the mergeconditiondescribedabove. ThusW8 is merged
with W1. Beforemerging, ' f � = U S3, S4W and � f � = U C1W , while ' fhg = U S2,S4W and
��fhg = U C8W . After merging,wandererW1 remains,with 'f � = U S2,S3,S4W and ��f �
= U C1,C8W , andwandererW8 is destroyed.

C1C8

S7

S3

S5

S2

S4

S6

W1
cW1 = {C1}
kW1 = ∅
h = 0

W1
cW1 = {C1}
kW1 = {S3}
h = 1

cW1 = {C1,C8}
ls = {C1, C8}
kW1 = {S3,S4,S2}
h = 2

W1
cW1 = {C1,C8}
kW1 = {S3,S4,S2,S7}
h = 3

W8
cW1 = {C8}
kW8 = ∅
h = 0

W8
cW1 = {C8}
kW8 = {S2}
h = 1

Sn Server

WOS arc

Cn Client

W1, Wanderer of
Client node C1

W8, Wanderer of
Client node C8

W1 path

W8 path


Fig.2. WanderersMerging

Basedon thosetwo strategies,differentvariationsof the Wanderer algorithmare
defined.Thesevariationscanbebrokeninto threecategories:

1. thesharecategory, wherewandererssharetheir knowledge,
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2. themergecategory, wherewanderersmergewith theotherwanderers,
3. the mixedcategory, wherewandererseithersharetheir knowledgeor mergewith

otherwanderersdependingon differentparameters.

We testedeachvariationunderthe sameconditionsandnetwork configurationas
theoriginalWanderer algorithm:thenetwork comprises2,000nodes,of which 2% are
servers.We ranfrom 5 to 20 simulationsfor eachexperimentalparameter. Theresults
from the different variationsare comparedto the resultsobtainedfrom the original
Wanderer algorithm,allowing usto assesstheeffectof sharingandmerging.

3.1 Sharecategory

Thereis only onevariationin this category: theWanderer-Share. In this algorithm,the
wandererusesthesharingstrategy, asdescribedin Sect.3, i.e.,at theendof thesearch
stageloop, it tries to shareits knowledgewith otherwandererspresenton the current
node.Theresultsfrom thesimulationarepresentedin Table1 andcanbesummarized
asfollows:

Table 1. Comparisonof theWandererandtheWanderer-ShareAlgorithms(2000nodes;2% of
server nodes)

w
(%) x6y (ut) x{z (ut) |@} (%) |7~ (%) ��� |7�

Wanderer 99.81 440 82.11 100 0 – –
W-share 99.61 380 38.46 27.67 72.333.1718.25

– Theefficiency ( � ) of theWanderer-Shareis almostidenticalto thatof theWanderer
algorithm.This may be explainedby the fact that both algorithmsdo a complete
searchthroughthe network. Furthermore,the Wanderer-Share doesnot try to re-
ducethenumberof wanderersin thenetwork.

– Theconvergencetime( �%$ ) of theWanderer-Sharealgorithm(380ut) is 14% lower
thanthatof theWanderer algorithm(440ut). Recallthat theclient nodeperforms
its warehouseupdateonly oncethewandererhasfinishedits network walk-through.
By sharinginformation,thesearchtakeslesstime sincethewanderersdo not need
to visit thewholenetwork.

– Mostof theinformationabouttheserversis exchanged,ratherthanbeinggathered.
An averageof 72% of the wanderer’s knowledgeis exchanged( �5� ), while only
28% is gathered( ��� ).

– As a directconsequenceof sharing,theaveragelife spanof thewanderers( �{� ) has
decreasedby 53%, from 82.11ut to 38.46ut.

– A wandererwill shareinformation3.17timesonaverage( ��� ). Eachtime it shares
informationit obtainsknowledgeabout18.25nodes( �5� ).

Sharingcreatesan unexpectedproblemthat we call the search path convergence
problem.Whenanalyzingthe pathusedby the wanderers,we realizethat eachtime
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two wandererssharedata,they tendto visit thesamenodeafterthesharing.Thereason
for this convergenceis thatall wanderersusethesameselectionprocess:they usethe
datagatheredto decidewhich nodeto visit next. After sharingtheir knowledge,the
internaldataof bothwanderersis exactly thesame.Thus,with thesameselectionpro-
cessandthesameinput, they endup makingthesamedecision.As a result,thereis a
highprobabilityof network congestion.Network congestionoccursearlierwith a large
network, becausethenumberof wanderersincreasesproportionallywith thenumberof
clientnodes,which in turn increasesthenumberof shares.

3.2 Mergecategory

Wehavedevelopedthreevariationsin theMergecategory, theWanderer-Merge-Random,
Wanderer-Merge-Select, and Wanderer-Merge-Nodealgorithms.In thesealgorithms,
thewandererusesthemergingstrategy, asdescribedin Sect.3, Thesevariationsdiffer
in theway wanderersdecideto mergewith otherwanderers,i.e., the P .criterion( &j�*&eM )
function. In the Wanderer-Merge-Randomalgorithm, the wandereragentdecidesto
mergerandomly,usingabinomialprobability. In theWanderer-Merge-Selectalgorithm,
the wanderer’s decisionto merge is madeaccordingto the similarity with otherwan-
derers.Thesimilarity refersto numberof nodesthat two wanderershave in common;
if two wanderershave visited the samenodes,their similarity would be 100%. In the
Wanderer-Merge-Nodealgorithm,the wandereragentdecidesto merge basedon the
numberof wandereragentson the currentnode.In this case,merging occursonly if
thereis morethana certainnumberof wandereragentson a node.

Wanderer-Merge-RandomAlgorithm. For this variation,we lookedat how the al-
gorithm’s behavior changeswhenchangingthe probability to merge. We testedwith
probabilitiesvarying from 25% to 100%. Table2 presentsthe results,which canbe
summarizedasfollows:

Table 2. Comparisonof the Wandererand the Wanderer-Merge-RandomAlgorithms (2000
nodes;2% of server nodes)

w
(%) xpy (ut) xpz (ut) ��� |@} (%) |7~ (%) �e� |7�

Wanderer 99.81 440 82.1127.90 100 0 – –
W-Merge-R(25%) 99.84 440 57.8617.62 74.88 25.12 4.8020.09
W-Merge-R(50%) 99.92 420 54.6710.97 75.22 24.7817.9119.82
W-Merge-R(75%) 99.96 400 56.27 5.81 73.07 26.9329.0521.54
W-Merge-R(100%) 99.91 400 59.03 5.44 70.78 29.2236.9923.38

– Theefficiency ( � ) of theWanderer-Merge-Randomalgorithmdoesnot differ from
Wanderer algorithm.This resultfollows from thecompletesearchof thenetwork.

– Theconvergencetime ( �%$ ) of theWanderer-Merge-Randomalgorithmis about20
to 40 ut fasterthantheWanderer. Theincreaseseemsto dependon theprobability
to merge.
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– Thenumberof wanderersin thenetwork ( ��K ) for theWanderer-Merge-Randomis
muchsmallerthanfor theWanderer. Furthermore,it decreasessignificantlyasthe
probabilityto mergeincreases.This is a logical outcomeof merging.

– Whenvaryingtheprobabilityto merge,weobservethattheaveragelife of wander-
ers( � � ) decreasesuntil theprobabilityreaches50% andthenincreasesagain.

This lastobservationmaybeexplainedby thefact thatwhentheprobability is less
than50%, thereis ahigherprobabilitythattheknowledgeobtainedthroughmergingis
notyetknown,while thatprobabilitydecreaseswhentheprobabilityto mergeincreases.
This is confirmedby the knowledgeexchangedwhenmerging ( � � ). Furthermore,as
moremergesoccur, moretime is spentupdatingclientnodesin �
K .

Finally, if two wanderershave alreadyvisited the samenodes,merging doesnot
acceleratethesearchprocess.Thiseffect is shown in Table2 wherewecanseethatthe
numberof merges( ��� ) increasessignificantlywith the probability to merge,but the
informationexchangedat eachmerge( ��� ) remainsrelatively stable.

Wanderer-Merge-SelectAlgorithm For this variation,we looked at how the algo-
rithm’sbehavior changeswhenchangingthedegreeof similarity requiredto merge.We
testedwith similarity degreesvaryingfrom 25% to 100%. We obtainedthefollowing
results(Table3):

Table 3. Comparisonof theWandererandtheWanderer-Merge-SelectAlgorithms(2000nodes;
2% of server nodes)

w
(%) xpy (ut) x{z (ut) ��� |@} (%) |7~ (%) ��� |7�

Wanderer 99.81 440 82.1127.90 100 0 – –
W-Merge-S(25%) 99.01 440 60.81 4.95 78.05 21.9541.1417.56
W-Merge-S(50%) 98.80 420 57.75 6.87 84.44 15.5623.5012.45
W-Merge-S(75%) 99.65 420 57.8516.67 84.26 15.74 7.4112.59
W-Merge-S(100%) 99.66 420 80.2827.03 91.66 8.34 0.57 3.80

– Theefficiency ( � ) of theWanderer-Merge-Selectalgorithmis similar to theWan-
derer algorithm.

– Theconvergencetime( �%$ ) is constantbut slightly faster(20 ut) thantheWanderer.
– As weincreasethedegreeof similarity requiredto merge,thenumberof wanderers

in the network ( ��K ) increasessignificantly, while the numberof merges( ��� )
decreases.

– Wealsoobservethattheamountof dataexchanged( �5� ) decreasesasthedegreeof
similarity increases.Indeed,whentwo wanderersmergeandthedegreeof similar-
ity requiredis 50% or more,theknowledgegainedby mergingis necessarilylower
than50%.

– Thehighertherequireddegreeof similarity, themoredifficult it is to merge.
– Thelife spanof thewanderers( �{� ) in thisalgorithmfollowsapatternsimilar to that

of theWanderer-Merge-Randomalgorithm.
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Whentherequireddegreeof similarity is high,mergingoccursin two situations:

1. Merging occursat a very earlystageof thesearch,whenwanderersstill have very
little data.It is theneasierto find otherwandererswith similar content.

2. Merging occursmuchlaterduring the searchstage.Wanderersneedto visit more
nodesbeforemerging,otherwisethey do not reachtherequiredsimilarity degree.

However, neithersituationhelpsin acceleratingthesearch,becausetheknowledge
exchangedby merging is not significantenoughto have animpacton theconvergence
time. In the extremecasewherethe similarity is very high (around100%), the wan-
dererscannoteven cooperate.Therefore,in order to have reasonableresultswith the
algorithm,weneedfor therequiredsimilarity degreeto below. In addition,thetime to
evaluatesimilarity increaseswhentherequiredsimilarity increases.

Wanderer-Merge-NodeAlgorithm For this variation,we looked at how the algo-
rithm’s behavior changeswhen changingthe numberof wanderersrequiredbefore
merging canoccur. We testedwith the numberof wanderersneededvarying from 5
to 80, which is from 10% to 160% of the “maximum” numberof wanderersin the
network. Sincethedistribution of wanderersfollows a normaldistribution, thereis no
maximumvalue.In mostcaseshowever (99% of the time; seeFig. 3), this numberis
lessthan50.For simplicity, wefix thatmaximumto 50 wanderers.
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Fig.3. ProbabilityDistributionof theNumberof Wanderersin theNetwork (2000nodes)

Resultsareillustratedin Table4 andcanbesummarizedasfollows:

– Theefficiency ( � ) of thealgorithmis againveryhigh.
– As thetwo othervariationsof this category, this algorithmhasa significanteffect

on thepopulationof wanderersin thenetwork ( ��K ).



Optimisationof DistributedCommunitiesUsingCooperative Strategies 11

Table 4. Comparisonof theWandererandtheWanderer-Merge-NodeAlgorithms(2000nodes;
2% of server nodes)

w
(%) x6y (ut) x{z (ut) ��� |@} (%) |7~ (%) ��� |7�

Wanderer 99.81 440 82.1127.90 100 0 – –
W-Merge-N (5) 99.67 460 53.63 5.65 68.73 31.2725.4225.02
W-Merge-N (10) 99.23 400 49.58 7.06 67.94 32.0612.8825.65
W-Merge-N (20) 97.34 380 52.5911.99 65.52 34.48 4.3227.59
W-Merge-N (30) 99.60 440 59.3917.39 62.99 37.01 1.9729.61
W-Merge-N (40) 99.76 420 70.2423.02 70.37 29.63 0.7523.70
W-Merge-N (50) 99.87 400 79.5026.71 91.66 8.34 0.19 6.67
W-Merge-N (60) 99.89 420 80.5427.34 99.25 0.75 0.02 0.60
W-Merge-N (80) 99.87 400 81.4327.62 100 0 0 0

Whenthenumberof wanderersrequiredto mergereaches100%, thereis almostno
chancethatmerging will occur. Thus,without merging, thealgorithmbehavesexactly
like the original Wanderer algorithm.Therefore,the requirednumberof wanderersto
mergeshouldalwaysbe lessthan100% of themaximumnumberof wanderersin the
network.

The most significanteffect of using the numberof wandererson the nodeas a
parameterof merging is that the numberof wanderers( ��K ) is efficiently controlled
when the requirednumberof nodesfor merging is small. However, the reductionis
not efficient whenthat numberis too small. For instance,whenthe requirednumber
of wanderersis 5, thereductionis aboutthesameaswhenthatrequirednumberis 10.
Furthermore,whenthatrequirednumberis too small,theaveragelife span( � � ) andthe
convergencetime ( � $ ) also increase.The reasonis that sincemergeshappentoo of-
ten, the time saved by merging is not sufficient to compensatethe extra time spentat
updatingthestartingnodes.

Wealsowould liketo pointout thatwhentherequirednumberof nodesfor merging
is too small,merging becomesunrealisticfor the server nodeandthe network. Since
the quantityof wanderersproducedby client nodesis so large, it cannotbe reduced
evenwhena largenumberof mergesoccur. In addition,themergingprocessconsumes
a lot of computationalresourceson the server node.Therefore,whenwe have a large
numberof merges,theservernodemayspendtoo muchresourcesfor merging, instead
of answeringclients’ requests.

Theperformanceof thealgorithmstronglydependsontherequirednumberof wan-
derersto merge.Thisnumbershouldbebetween30% and50% of themaximumnum-
berof wanderersin thenetwork. Theselevelsshouldyield goodperformance.A value
smallerthan30% or higherthan50% wouldyield a degradationof performance.

3.3 Mixed category

Thegoalof themixedalgorithmsis to combinetheadvantagesof sharingandmerging.
Whenever thereis morethanonewandereron a node,eithermerging or sharingwill
occur, basedon a selectioncriterion.Formally, algorithmsof themixedcategory work
asfollows:
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If kO	�)]KT�b)]Kdc��ml:)]K .criterion 	n&j�*&eM]�po
'"KTSZ& .merging( 'LKD��'"Kdc )
+_KTSZqir�s(	6+`KA��+`K c �
0tSY0vuD&eM

Else-If 	�) K �b) Kdc �
' K SZ& .sharing( ' K ��' K c )
' K cmSZ&eM .sharing( ' K ��' K c )

End-If

We have developedthreedifferentalgorithmsin this category, which arethecross-
productof thesharingandmergingvariations:theWanderer-Mixed-Randomalgorithm,
theWanderer-Mixed-Selectalgorithm,andtheWanderer-Mixed-Nodealgorithm.As is
the casewith algorithmsof themergecategory, thesealgorithmsaredifferentiatedby
theway they decidewhichstrategy (sharingor merging) to apply(i.e.,evaluatingfunc-
tion P .criterion( &j�%&eM )).

The Wanderer-Mixed-Randomalgorithmselectssharingor merging usinga bino-
mial randomvariable.The Wanderer-Mixed-Selectalgorithmwill chooseto shareor
mergebasedon thesimilarity of wanderers.Finally, TheWanderer-Merge-Nodealgo-
rithm makesthatdecisionbasedon thenumberof wandererscurrentlyon thenode.

Wanderer-Mixed-RandomAlgorithm For thiscombination,welookedhow thealgo-
rithm’sbehavior changeswhenchangingtheratioof thestrategy chosen.Thealgorithm
appliesmerging with probability � andsharingwith probability ����� . The testsused
probabilities� rangingfrom 20% to 80%.Theresultsobtainedarepresentedin Table5
andcanbesummarizedasfollows:

– Theefficiency ( � ) of theWanderer-Mixed-RandomAlgorithmis similar to thepre-
viousvariationsof theWanderer algorithm.

– Theconvergencetime( �%$ ) is comparableto theoneobtainedby theWanderer-Share
algorithm.It thusappearsthat thesharingeffect, wherewanderersdo not needto
visit all thenodes,dominateswith regardto theconvergencetime.

– Increasingthemergeprobabilityleavestheamountof dataobtainedthroughmerg-
ing ( � � ) fairly constant.On the other hand,the information gainedby sharing
( � � ) increaseswith increasingmerge probability � . This is due to the increased
eliminationof redundantinformationby merging.

– Thenumberof wanderersin thenetwork ( ��K ) is governedby themergingcompo-
nentof thestrategy andthereforelower thanfor theWanderer andWanderer-share
algorithms.

With this algorithm,we observe that the combinationof the two strategiesyields
goodresultssincebothstrategiesarefocusedondistinctarea.Sharingfocusesontheex-
changeof knowledgeandwill maximizeknowledgeexchanged( �5� ). Merging focuses
on thecontrolof thepopulation( ��K ); it will minimizetherisk of network congestion
andreducecomputationresourcesneededby thealgorithm.
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Table 5. Comparisonof the Wandererand the Wanderer-Mixed-RandomAlgorithms (2000
nodes;2% of server nodes)

w
(%) x y (ut) x{z (ut) � � | } (%) | ~ (%) � � | � � � | �

Wanderer 99.81 440 82.1127.90 100 0 – – – –
W-Share 99.61 380 38.4622.67 27.68 72.31 – – 3.1718.25
W-Merge-R(50%) 99.92 420 54.6710.97 75.22 24.7817.9119.82 – –
W-Mixed-R(20%) 99.78 400 49.56 7.76 85.60 14.40 7.4112.500.43 3.55
W-Mixed-R(40%) 99.25 400 45.3810.70 79.13 20.87 3.8113.320.89 6.79
W-Mixed-R(50%) 99.10 380 44.5612.52 73.93 26.07 2.8213.961.15 8.43
W-Mixed-R(60%) 99.21 400 42.5614.70 66.91 33.09 1.8914.681.4710.02
W-Mixed-R(80%) 99.38 400 40.1418.95 46.19 53.81 0.6711.082.1713.74

The Wanderer-Mixed-SelectAlgorithm For this combination,we lookedat how the
algorithm’s behavior changeswhen changingthe ratio of merging and sharing.The
degreeof similarity to decideuponmerging variesfrom 25% to 100%. If thereis no
merging, thesharingstrategy applies.Theresultspresentedin Table6 aresummarized
asfollows:

– Theefficiency ( � ) is of thesameorderasfor theotherstrategies.
– Thetimeto liveof wanderers( �{� ) iscloserto theresultsobtainedwith theWanderer-

Share algorithmandthusbetterthanin thecaseof theWanderer-Merge-Selectal-
gorithm.

– Sharingincreasestheknowledgeexchanged( � � ) andthelife timeof thewanderers
( � � ) decreasesaccordingly.

Table 6. Comparisonof theWandererandtheWanderer-Mixed-SelectAlgorithms(2000nodes;
2% of server nodes)

w
(%) x6y (ut) xpz (ut) �e� |@} (%) |7~ (%) ��� |7� �e� |7�

Wanderer 99.81 440 82.1127.90 100 0 – – – –
W-Share 99.61 380 38.4622.67 27.68 72.31 – – 3.1718.25
W-Mixed-S(25%) 99.60 400 46.37 9.21 77.05 22.954.9011.290.84 8.41
W-Mixed-S(50%) 98.03 420 42.6615.35 50.32 49.681.89 9.931.8216.38
W-Mixed-S(75%) 99.66 400 40.8319.58 42.05 57.950.94 7.902.2417.18
W-Mixed-S(100%) 99.84 380 39.1322.88 38.33 61.670.17 0.772.8017.35

This algorithmdealswith the“late mergeproblem”of theWanderer-Merge-Select
algorithm,whereit becomesmoredifficult to mergeasthesimilarity degreeincreases.
Whentwo wanderersmeeton thesamenodeanddo not havesufficient similarity, they
sharetheir datain the caseof the mixedstrategy. After exchanginginformation,they
have the sameknowledgeandwill thustendto choosethe samenext node.In sucha
case,however, thesetwo wanderersmeetagainon the next node,but this time their
knowledgeis identical.Thereforea merge occurs.This meansthat wanderersalways
endup merging. After the first sharing,the wanderer’s knowledgeis nearlythe same,
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so a merge occurssooneror later. Therefore,the thresholdmustbe high in order to
achive goodresults.However, it shouldnot be too high, otherwisethe algorithmwill
bereducedto theWanderer-Sharealgorithm.In someway, this algorithmalsocorrects
the searchpathconvergenceproblem:sinceonly the wandererswho have a high de-
greeof similarity will merge,thealgorithmcontrolsthewandererpopulation( � K ) by
eliminatingthe“uselessdoubles.”

The Wanderer-Mixed-NodeAlgorithm For thiscaseof combiningmergingandshar-
ing, we variedthenumberof wanderersrequiredfor merging.Again, this numberwas
variedfrom 5 to 80 wanderers,or from 10% to 160% of the “maximum” numberof
wandererson the network. If the numberof the wandererson a nodeis higher than
thenumberrequired,thenwandererswill merge,otherwisethey will shareknowledge.
Table7 summarizestheresultsobtainedin thissimulation.

Table 7. Comparisonof theWandererandtheWanderer-Mixed-NodeAlgorithms(2000nodes;
2% of server nodes)

w
(%) x y (ut) x z (ut) � � | } (%) | ~ (%) � � | � � � | �

Wanderer 99.81 440 82.1127.90 100 0 – – – –
W-Share 99.61 380 38.4622.67 27.68 72.31 – – 3.1718.25
W-Mixed-N(10) 99.21 380 44.70 9.38 72.43 27.57 3.52 14.981.03 6.87
W-Mixed-N(20) 99.57 360 39.4815.27 46.00 54.00 1.04 17.862.0012.67
W-Mixed-N(30) 99.49 400 37.7019.43 38.70 61.30 0.32 6.312.7015.28
W-Mixed-N(40) 99.73 400 38.4122.02 29.53 70.47 0.06 1.203.0518.09
W-Mixed-N(50) 99.77 400 38.3022.91 27.48 72.52 0.01 0.123.1618.32
W-Mixed-N(60) 99.69 400 38.3022.91 27.45 72.55 � 0.01 � 0.013.1818.25
W-Mixed-N(70) 99.83 400 38.2923.20 26.80 73.20 0 0 3.1518.59

– Theefficiency ( � ) is similar to all theotheralgorithmvariations.
– Thenumberof wanderers( ��K ) is slightly lower thanfor theWanderer-Sharealgo-

rithm.
– The sameobservationswith regardto the choiceof the numberof wanderersre-

quiredfor merging(comparedto the“maximumnumber”of nodes)yield asfor the
Wanderer-Merge-Nodealgorithm.If thatnumberis too high,no mergeoccursand
thealgorithmbehaveslike theWanderer-Share.

Theapplicationof theWanderer-Merge-NodeandWanderer-Mixed-Nodealgorithm
requiresthe “maximum number”of nodesin thenetwork to be known in orderto de-
terminethe correctnumberof nodesfor taking the merging decision.However, in a
completelydecentralizedsystemasthe WOS, this information,the “maximum num-
ber” of nodes,is not available.This suggeststo introducea mechanismfor guessingor
approximatingthatnumberlocally at eachnode,basedon the local informationgath-
eredover time.
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4 Discussion

This work is relatedto the optimisationof communities.In previous experimentson
theWanderer algorithm[8], we showedthatalthoughthis algorithmcouldeasilyadapt
to changesin the network andshowed high andconstantefficiency, it requiredlarge
amountsof computationalandcommunicationresources.Furthermore,thelife spanof
wandereragentsis very large. In this paper, we presentedvariationsof the Wanderer
algorithmandanalyzedwhetherthesevariationsresolvedtheproblemsobservedwith
the original Wanderer. In orderto addresstheselimitations,we optedfor cooperation
amongwandereragents.Wehavefocusedontwo strategiesof cooperation:sharingand
merging.Bothstrategieshavetheiradvantagesanddisadvantages.Sharingincreasesthe
gainof knowledge,but maycreatenetwork congestionbecauseof thepathconvergence
problem.Mergingdecreasesthepopulationof wanderersof thenetwork,but onlyshows
smallincreasesof performances;in somecases,performancesmayevendecrease.From
our observations,we concludethat the mostappropriatesolutionis a combinationof
bothstrategieswith acarefulselectionof thresholdsbetweensharingandmerging.The
resultsobtainedwith the mixed Wanderer algorithmsindicatethat the resource,the
performanceandcongestionproblemscanbesatisfactorily resolved.
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