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Abstract. The comples structureof the Web requiresdecentralisedadaptve

mechanismefficiently providing accesgo local andglobal capacitiesTo facili-

tatethedevelopmeniof suchmechanismst seemgeasonabléo build clustersof

machineswith similar structuresandinterestsin suchamannercommunitiesof

machinescanbe built. In acommunity every machinecontritutesto the overall

successhrougha division of managemenvork anda respectre collaboration.
This article presentandanalysesxperimentakesultsfor algorithmsoptimising
serviceresponsdimesin acommunity It extendspreviously publishedresultson

theWandeer optimisationalgorithm;we describevariationsof theWandeer and
presensimulationresultsof thesevariations.

1 Intr oduction

Thelnternetrepresenta large pool of resourcesHowever, theseresourcearedifficult
to accessFurthermorethe sheersizeof the Internetmakesit difficult, if not outright
impossibleto keeptrack of all theseresourcesOne promisingsolutionapproachs to
manageheinformationaboutresourcesisingself-omganizingandadaptie information
baseg5].

Thereare currently mary projectsundervay which usethis approach1, 2,4, 3].
One suchprojectis the Web OperatingSystem(WOS) [3, 6] which is built to sup-
port communitiesof client and sener machinesThesemachinesdo not only sharea
commoncommunicatiorcontext, but alsosetsof similar parameterandinterestsThe
WOS is an openmiddlewvaresolutionallowing for software servicesto be distributed
over the Internet. The WOS infrastructureprovidesthe tools to searchfor andprepare
all the necessaryesourceghat fulfil the desiredcharacteristicfor a servicerequest
(e.g.,performancestoragegtc.).

In the WOS context, a community or WOSnet,is a setof WOS nodesrequesting
or providing a specificservice.This implies that there exists a dichotomy: within a
community nodesareeithersenersor clients.By client,we meannodesrequestinghe
serviceofferedin acommunity By sener, we meannodesproviding theserviceoffered
in acommunity Needlesdo say WOS nodesmay participatein mary communityand
maythereforebebothsenerandclient.



A WOShnetis dynamicallyformed; nodesmay dynamicallyjoin andleave a com-
munity. The WOSnetevolvesthroughthe locationand executionactiities performed
by the differentWOS nodes.The knowledgeaboutthe WOSnet,accumulatedhrough
theseactiities, is storedby the nodesin warehousesThesewarehousearethe nodes
knowledgecenter For example,a servicelocationrequestwill leave its resultin the
warehouse®f the nodesvisited. In general,servicelocation requestsare processed
usingmessagehains transmittedn parallel[7].

In [8] we presentecindanalysedxperimentalresultsfor two algorithmsoptimis-
ing serviceresponsgimesin acommunity namelythe WhipandWandeer algorithms.
This paperextendthis previous work; it presentsandanalyzesvariationsof the Wan-
derer algorithm.The simulationervironmentis briefly describedn Section2. We also
definethe notion of network communityoptimisationand we describethe Wandeer
algorithm,onwhich theresultspresentedhereinarebasedWe alsoexplainin thatsec-
tion why variationsare necessaryin Section3, we introducethe differentvariations
developedandanalysehem,basedon simulationresults.Finally, Section4 concludes
the paperwith adiscussiorof theapproach.

2 Simulating Communities

We developedatool to simulatethe behaior of acommunity[8]. Theserviceprovided
by thecommunityis asimpledatatransferservice Basically clientnodesequestdata
transferandsener nodesprovide the requestediata. The simulationtool represents
WOSnetasarandomlygeneratedyraphof nodesplacedin a 2D grid. Eachnodehas
awarehouseontainingthe list of sener nodesit knows, alongwith a measureof the
quality of that node.The quality of the serviceis measuredy the responsdime for
a servicerequestof client ¢ to sener s, denotedt(c, s). For simplicity, we assume
t(c,s) = 1/b(c,s), whereb(c, s) is the bandwidthbetweerclient ¢ andsener s. We
estimateb(c, s) by usingthe euclidiandistancebetweenclient ¢ andsener s in the
simulationplane.

A simulationis dividedin cycles.Within eachcycle, the numberof requestsnade
by aclientincreasedinearly. As the numberof requestsncreasessenershave more
difficulty in fulfilling all therequestseceired,andmaythereforerejectrequests.

At ary point during the simulation,a client may becomeunsatisfiedwith the re-
sponsdime of its currentsener or mayevenseehisrequestejected Whenthis occurs,
the client will seeka bettersener to fulfil his requestsThis is what we call a com-
munityoptimisation The goal of the optimisationis to minimisethe responseime for
eachclient. To achiese this goal, the optimisationprocessreorganiseghe community
by selectinga moresuitablesener for thatclient. It doesso by recursvely searching
for sener nodesthe client doesnot know yet andby inspectingthe warehousentries
at eachsener visited. During this processhe warehousesearchedire updated thus
dynamicallyrestructuringhevirtual network or community

Many differentparametersanbe controlledby the simulationtool:

— theproportionof nodesactingasseners,
— the maximumnumberof entriesin the warehousdi.e., the length of the list of
seners),



— thenumberof cyclesin a simulation,
— thedurationof acycle, calculatedn units of time (ut).

2.1 Evaluation of Optimisation Algorithms

Differentalgorithmsmay be definedto performthe optimisationprocessin orderto
comparehesealgorithms we usedifferentmeasures.

— Theeffectivenesof thealgorithm(FE) is theratio
E = rayail/Tmin * 100,

whererg,,) is theaverageresponsd¢ime of requestsif all theclientsof thenetwork
launchexactly onerequessimultaneoushandtheclientsareusingthe sener with
the largestbandwidthin the network, and ryj, is the averageresponsdime of
requestsif all theclientsof thenetwork launchexactly onerequessimultaneously
andthe clientsare usingthe sener with the largestbandwidththat the algorithm
wasableto find. Theeffectivenessneasurethedistancebetweertheconfiguration
obtainedwith thealgorithmandthe optimalattainableconfiguration.

— Thecorvergencetime of the algorithm(t,) is the time requiredfor reachingrmin.
It is measuredhn ut.

2.2 The Wanderer Algorithm

TheWandeer algorithm[6] is basedon the transmissiorof a messagenameda wan-
derer from nodeto node.A wandererw is a tuple (¢, k,1, h), wherec is the list of
clientsfor which the optimisationis performed, is the list of senersvisited (k for
knowledge)/ is theidentifier of the nodeon which thewanderercurrentlyis located(!
for location),andh is the hopcountof that message Giventhat S is the setof sener
node,C' is the setof client nodes,and L is an undefinedidentifier, we canformally
definethe setof all possiblewvandererdV as

W CP(C)xP(S)x(SUul)xN

Thereforec € P(C), k € P(S),l € SU L,andh € N.

TheWandeer algorithmis launchecdby aclientevery time it wishesto find abetter
sener. It proceedsn threedistinct stagesinitialisation, searchandupdatestagesAt
the initialisation stage, the wandereris initialised by the client: ¢ containsthe client
launchingthewandererk containghelist of senersknown by theclient,l containghe
identifier of thefirst senerto visit, andh is setto 0. At the search stage, thewanderer
is sentto thenodeidentifiedby I. Oncethere,k is updatedwvith new informationabout
seners,foundonthecurrentnode.Thevalueof [ is setto theidentifierof thenext node
to visit, if ary. The valueof h is incrementedIt then proceedswith the searchstage,
until all nodesin k arevisited. At theupdatestege, theclient selectshenodein & with
the shortesresponsdime. Formally, we have:

! Thehopcounth is definedfor completenesbut is not usedherein.



Let ¢q: clientlaunchingthewanderer

Let ¢, : theclientlist ¢ of wanderemw.

Let k,,: theknowledgelist k& of wanderemw.

Let [,,: thelocationl of wanderemw.

Let h,,: thehopcounth of wanderemw.

Let k.appendk’): appendknowledgek’ to knowledgek.

Let n.next(k): basedon the informationavailablein the warehousef noden €

S U C andon k, returnsthe next nodeto visit, if ary; returns_L otherwise.
Let c.updatdk): updatethewarehous®f client ¢ usingknowledgek.

A-Initialisation stage

Let ¢y < {co}

Let ky, < 0

Let [, + co.next(ky,)
Let hy, < 0

B-Searclstage

While I, # L
“Send”wanderemw to nodel,,
kw < ky.appendcontentof thelocal warehouse)
Ly + ly.next(k,,)
hy < hy +1
End-While

C-Updatestage

For eachc € ¢,
c.updaték,,)
End-For

A wandererhasbeendefinedas a tuple or datastructureupon which the above
algorithmis executed.Sincethe algorithmincludescommunicationj.e. sendingthe
tupleto anothemodewherethe samealgorithmis executed onemight alsodefinethe
tupletogethemwith thealgorithmasan entity thatmigratesfrom nodeto node.At each
node,thetupleis updatedusingthatnodeslocal information. Therefore the wanderer
tuple could,togethemwith the codeof the algorithm,be implementedasmobile agent.
In the following sectionswe usesometimegatherthe notion of agentfor reasonof
simplicity of explanation.

3 Variations of the Wanderer Algorithm

From previous simulations[8], we obsened that the Wandeeer algorithmis very ef-
fective, even when varying all the simulation parameterslt turnsout, however, that
its corvergencetime changegreatly dependingon thesesameparametersThe algo-
rithm is alsovery demandingn termsof computationatesourcessincea wanderelis



sentfrom nodeto node,it requiresesource®n every nodeit visits. The quantityof re-
sourcesequiredis proportionalto thenumberof wanderergurrentlyin thenetwork. In
alarger network, thatnumbercanbe extremelyhigh. As a consequencehe Wandeer
algorithmmay createnetwork congestion.

The main differencebetweenthe Wandeeer algorithm and its variationsis coop-
eration.The main goal of the cooperations to eliminatethe problemscreatedby the
original Wandeer algorithmdescribedn the previous section,suchasthe computa-
tional resourcesequired,network congestiongtc. We introducedtwo main strateies
to alleviatetheseeffects:sharingandmerging.

Sharing. We definesharingasan exchangeof knowledgein k. The processof shar
ing happengluring the searchstage(at the end of the loop) whenthereis morethan
onewandereron the samenode.Wheneer two wandereraneetat a hode,they will
exchangeanformation.Eachwanderemill exchangeatmostonceon eachnodevisited.
Formally, we candefinethe procesof sharingasfollows:

Let w.sharingk,k’): the sharingfunctionof wanderenw.

If (Iy = lw)
kyw < w.sharingk,,, k)
ky + w'.sharingk,, ky)
End-If

As shown in Figure 1, wandererdV1 and W8, comingfrom differentnodes meet
onnodeS4.Beforechoosinghenext nodeto visit, they sharetheirinformation.Before
sharing kw1 ={S3,54} andkws={S2,S4}. After sharing bothwandererhave exactly
the samecontentsthatis kwi=kws={S2,S3,S4}, andboth wanderersontinuetheir
searchprocesswith thatknowledge.

WL, Wanderer of
Client node C1

W8, Wanderer of
Client node C8
— WL path

—> W8 path

Fig. 1. WanderersSharinglnformation



Merging We definemeiging asanoperationrwhereonewandereitakesall the knowl-
edgeof anothewanderetbeforedestrying thatwandererAs is the casewith sharing,
meming alsohappenat the endof the searchstageloop, whenthereis morethanone
wandereron the samenode.Furthermoremerging is not automatic Differentcriteria
may be usedto determinewhethermeiging shouldoccuror not. Eachwandererwill
mergeat mostonceon eachvisited node.Formally, we candefinethe procesof memg-
ing asfollows:

Let w.meging(): the merging functionof wanderemw.
Let n.criterion(w, w'): a booleanfunction indicatingif wandereras andw’ can
meimgeon noden.

If [(ly = lw) A Ly .criterion(w, w')]
kw +— w.meging(k.y, k)
hy < max(hqy, hy)
W+ W\uw

End-If

As shavn in Figure2, wanderersN1 andW8, comingfrom differentnodes meet
onnodeS4.Beforechoosinghenext nodeto visit, they verify if it is possibleto meige.
WandereMW1 initiatesthe negotiationandboth wanderersagreeto merge. This corre-
spondgto the evaluationof the memge conditiondescribedabove. ThusW8 is memged
with W1. Before meming, kw1={S3, S4} and cw;={C1}, while kws={S2,S4} and
cws = {C8}. After memging, wandereW1 remainswith kw; = {S2,S3,S4} andew:
= {C1,C8}, andwandereW8 is destryed.

. WL, Wanderer ¢
Cient node

W8, Wanderer c
Client node

— W path
—> W8 path

Fig. 2. Wandererdvierging

Basedon thosetwo stratgjies, differentvariationsof the Wandeker algorithmare
defined.Thesevariationscanbe brokeninto threecategories:

1. thesharecategyory, wherewanderersharetheir knowledge,



2. thememecategory, wherewanderersnemgewith the otherwanderers,
3. the mixed catgyory, wherewanderersithersharetheir knowledgeor merge with
otherwandererslependingon differentparameters.

We testedeachvariationunderthe sameconditionsand network configurationas
the original Wandeer algorithm:the network comprise2,000nodes of which 2% are
seners.We ranfrom 5 to 20 simulationsfor eachexperimentalparameterTheresults
from the different variationsare comparedto the resultsobtainedfrom the original
Wandeker algorithm,allowing usto asseshe effect of sharingandmerging.

3.1 Sharecategory

Thereis only onevariationin this cateyory: theWandeer-Shae. In this algorithm,the

wandereusesthe sharingstratgyy, asdescribedn Sect.3, i.e., attheendof the search
stageloop, it triesto shareits knowledgewith otherwanderergpresenton the current
node.Theresultsfrom the simulationarepresentedn Table1 andcanbe summarized
asfollows:

Table 1. Comparisorof the Wandererandthe WandereiShareAlgorithms (2000nodes;2 % of
senernodes)

E (%)t (ut)]t; (U)K, (%) K. (%) N; | Ko
Wandeer| 99.81 44082.11 100 o -
Wshae |99.61 380384 27.67 72.333.1718.25

— Theefficieng (E) of theWandeer-Shaeis almostidenticalto thatof theWandeer
algorithm. This may be explainedby the fact that both algorithmsdo a complete
searchthroughthe network. Furthermorethe Wandeer-Shae doesnot try to re-
ducethe numberof wanderersn the network.

— Thecorvergencdime (t.) of theWandeer-Shae algorithm(380ut) is 14% lower
thanthatof the Wandeer algorithm (440 ut). Recallthatthe client nodeperforms
its warehouseipdateonly oncethewanderehasfinishedits network walk-through.
By sharinginformation,the searchtakeslesstime sincethe wandererglo notneed
to visit thewhole network.

— Mostof theinformationaboutthe senersis exchangedratherthanbeinggathered.
An averageof 72% of the wanderer$ knowledgeis exchanged K.), while only
28% is gathered K ;).

— As adirectconsequencef sharing the averagelife spanof thewanderergt;) has
decreasetly 53%, from 82.11ut to 38.46ut.

— A wanderewill shareinformation3.17timesonaverage(N,). Eachtime it shares
informationit obtainsknowledgeabout18.25nodes(K).

Sharingcreatesan unexpectedproblemthat we call the seach path corvergence
problem.When analyzingthe path usedby the wandererswe realizethat eachtime



two wanderersharedata,they tendto visit the samenodeafterthe sharing.Thereason
for this corvergenceis thatall wanderersisethe sameselectionprocessthey usethe

datagatheredo decidewhich nodeto visit next. After sharingtheir knowledge,the

internaldataof bothwandererss exactly the same . Thus,with the sameselectionpro-

cessandthe sameinput, they endup makingthe samedecision.As a result,thereis a

high probability of network congestionNetwork congestioroccursearlierwith alarge

network, becaus¢he numberof wanderersncreasegroportionallywith the numberof

clientnodeswhichin turnincreaseshenumberof shares.

3.2 Mergecategory

We have developedhreevariationsn theMergecatagory, theWandeer-Merge-Random
Wandeer-Merge-Select and Wandeer-Merge-Nodealgorithms.In thesealgorithms,
thewanderemusesthe meming stratgyy, asdescribedn Sect.3, Thesevariationsdiffer
in theway wandererslecideto meigewith otherwanderersi.e., then.criterion(w, w')
function. In the Wandeer-Merge-Randomalgorithm, the wandereragentdecidesto
memgerandomly usingabinomialprobability. In theWandeer-Merge-Selecalgorithm,
the wanderers decisionto memgeis madeaccordingto the similarity with otherwan-
derers.The similarity refersto numberof nodesthattwo wandererdiave in common;
if two wandererdave visited the samenodes their similarity would be 100%. In the
Wandeer-Merge-Nodealgorithm, the wandereragentdecidesto meige basedon the
numberof wandereragentson the currentnode.In this case,merging occursonly if
thereis morethana certainnumberof wanderemagentsonanode.

Wanderer-Mer ge-RandomAlgorithm. For this variation,we looked at how the al-
gorithm’s behaior changesvhen changingthe probability to meige. We testedwith
probabilitiesvarying from 25% to 100%. Table 2 presentghe results,which canbe
summarizeasfollows:

Table 2. Comparisonof the Wandererand the WandereiMerge-RandomAlgorithms (2000
nodes;2 % of sener nodes)

E (%)[t. (ut)[t; D] N Ky (%) Ko (%)] Nom | Km
Wandeer 99.81 44082.1127.90 100 o — | -
W-Merge-R(25%) | 99.84 440/57.8617.62 74.84 25.12 4.8020.09
W-Merge-R(50%) | 99.92 420/54.6710.97 75.24 24.7417.9119.82
W-Merge-R(75%) | 99.96 40056.27 5.81 73.07 26.9329.0521.54
W-Merge-R(100%)| 99.91 400/59.03 5.44 70.7§ 29.2436.9923.38

— Theefficiencgy (E) of theWandeer-Merge-Randonalgorithmdoesnot differ from
Wandeer algorithm. This resultfollows from the completesearcthof the network.

— The corvergencetime (t.) of the Wandeer-Merge-Randomalgorithmis about20
to 40 ut fasterthantheWandeer. Theincreaseseemdo dependon the probability
to memge.



— Thenumberof wanderersn the network (V,,) for theWandeer-Merge-Randonis
muchsmallerthanfor the Wandeer. Furthermoreijt decreasesignificantlyasthe
probabilityto memeincreasesThisis alogical outcomeof meming.

— Whenvaryingtheprobabilityto memge,we obserethatthe averagdife of wander
ers(t;) decreaseantil the probabilityreache$0% andthenincreasesgain.

This lastobsenationmay be explainedby the factthatwhenthe probabilityis less
than50%, thereis a higherprobabilitythatthe knowledgeobtainedthroughmemingis
notyetknown, while thatprobabilitydecreasewhentheprobabilityto mergeincreases.
This is confirmedby the knowledgeexchangedvhenmenging (K.). Furthermoreas
moremergesoccur, moretime is spentupdatingclientnodesin ¢,, .

Finally, if two wandererdhave alreadyvisited the samenodes,meming doesnot
acceleratehe searchprocessThis effectis shavn in Table2 wherewe canseethatthe
numberof memges(,,) increasesignificantlywith the probability to memge, but the
informationexchangecht eachmeige (K ,,,) remaingrelatively stable.

Wanderer-Mer ge-SelectAlgorithm  For this variation, we looked at how the algo-
rithm’s behaior changesvhenchanginghedegreeof similarity requiredto memge.We
testedwith similarity degreesvarying from 25% to 100%. We obtainecdthe following
results(Table3):

Table 3. Comparisorof the Wanderetandthe WandererfMerge-SeleciAlgorithms (2000nodes;
2% of senernodes)

E (%)[te W)t (U0)] No K, (%) K. )] Nm | Knm
Wandeer 99.8] 440 82.1127.99 100 o - | -
W-Merge-S(25%) | 99.01 440 60.81 4.95 78.05 21.9941.1417.5§
W-Merge-S(50%) | 98.80 420/57.75 6.87 84.44 15.5623.5012.45
W-Merge-S(75%) | 99.65 420/57.8916.67 84.24 15.74 7.4112.59
W-Merge-S(100%)| 99.66 420/80.2827.03 91.66 8.34 0.57 3.8Q

— Theefficiengy (E) of the Wandeer-Merge-Selectlgorithmis similar to the Wan-
derer algorithm.

— Thecorvergenceime (t.) is constanbut slightly faster(20 ut) thanthe\Wandeer.

— Asweincreasahedegreeof similarity requiredto memge,thenumberof wanderers
in the network (V,,) increasessignificantly while the numberof memges(N,,)
decreases.

— We alsoobsenethattheamountof dataexchanged K .) decreaseasthe degreeof
similarity increasesindeed whentwo wanderersnemge andthe degreeof similar-
ity requiredis 50% or more,theknowledgegainedby meigingis necessarilyower
than50%.

— Thehighertherequireddegreeof similarity, the moredifficult it is to meme.

— Thelife spanof thewanderergt;) in this algorithmfollows a patternsimilar to that
of theWandeer-Merge-Randonalgorithm.



10

Whentherequireddegreeof similarity is high, meiging occursin two situations:

1. Merging occursat a very early stageof the searchwhenwandererstill have very
little data.lt is theneasierto find otherwanderersvith similar content.

2. Merging occursmuchlater duringthe searchstage Wanderersieedto visit more
nodesbeforememing, otherwisethey do notreachtherequiredsimilarity degree.

However, neithersituationhelpsin acceleratinghe searchpecausehe knowledge
exchangeddy meiging is not significantenoughto have animpacton the corvergence
time. In the extremecasewherethe similarity is very high (around100%), the wan-
dererscannoteven cooperateTherefore,in orderto have reasonableesultswith the
algorithm,we needfor therequiredsimilarity degreeto below. In addition,thetime to
evaluatesimilarity increasesvhentherequiredsimilarity increases.

Wanderer-Merge-NodeAlgorithm  For this variation, we looked at how the algo-
rithm’s behaior changeswvhen changingthe numberof wanderersrequiredbefore
meming canoccur We testedwith the numberof wanderersmeededvarying from 5
to 80, which is from 10% to 160% of the “maximum” numberof wanderersn the
network. Sincethe distribution of wandererdollows a normaldistribution, thereis no
maximumvalue.In mostcaseshowever (99% of thetime; seeFig. 3), this numberis
lessthan50. For simplicity, we fix thatmaximumto 50 wanderers.
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Fig. 3. ProbabilityDistribution of the Numberof Wanderersn the Network (2000nodes)

Resultsareillustratedin Table4 andcanbe summarizedasfollows:

— Theefficiency (E) of thealgorithmis againvery high.
— As the two othervariationsof this cateyory, this algorithmhasa significanteffect
onthe populationof wanderersn the network (N,,).
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Table 4. Comparisorof the Wandererandthe WandereiMerge-NodeAlgorithms (2000nodes;
2% of senernodes)

E (%)[t. (ut)[t; D] No K, (%) K. (%)] Nom | Km
Wandeer 99.81] 44082.1127.90 100 o — | -

W-Merge-N (5) | 99.67 460 53.63 5.65 68.73 31.2725.4325.02
W-Merge-N (10)| 99.23 400 49.5¢ 7.06 67.94 32.0612.8§25.64
W-Merge-N (20)| 97.34 380 52.5911.99 65.57 34.48 4.3227.59
W-Merge-N (30)| 99.6 440 59.3917.39 62.99 37.01 1.9729.61
W-Merge-N (40)| 99.76 420 70.2423.04 70.37 29.63 0.7523.7¢
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 99.2§ 0.75 0.02 0.60
W-Merge-N (80)| 99.87 400 81.4327.67 100 o o o

Whenthenumberof wanderersequiredto memgereached00%, thereis almostno
chancethatmemging will occur Thus,without memging, the algorithmbehaesexactly
like the original Wandeer algorithm. Therefore the requirednumberof wanderergo
merge shouldalwaysbe lessthan100% of the maximumnumberof wanderersn the
network.

The most significanteffect of using the numberof wandererson the nodeas a
parametenf meming is that the numberof wandererqN,,) is efficiently controlled
whenthe requirednumberof nodesfor merging is small. However, the reductionis
not efficient whenthat numberis too small. For instance whenthe requirednumber
of wandererss 5, the reductionis aboutthe sameaswhenthatrequirednumberis 10.
Furthermorewhenthatrequirednumberis too small, the averagdife span(t;) andthe
corvergencetime (t.) alsoincreaseThe reasonis that sincememgeshappentoo of-
ten, the time saved by meiging is not sufficient to compensat¢he extra time spentat
updatingthe startingnodes.

Wealsowouldlik e to pointoutthatwhentherequirednumberof nodesor meming
is too small, merging becomesunrealisticfor the sener nodeandthe network. Since
the quantity of wanderergproducedby client nodesis so large, it cannotbe reduced
evenwhena large numberof memgesoccur In addition,the merging procesconsumes
alot of computationatesource®n the sener node.Therefore whenwe have a large
numberof memges the senernodemay spendoo muchresource$or memging, instead
of answeringclients’ requests.

Theperformancef thealgorithmstronglydependsn therequirednumberof wan-
derergo memge.This numbershouldbebetweer80% and50% of the maximumnum-
berof wanderersn the network. Theselevels shouldyield goodperformanceA value
smallerthan30% or higherthan50% would yield a degradationof performance.

3.3 Mixed category

Thegoalof themixedalgorithmsis to combinethe advantage ®f sharingandmeming.
Whenever thereis morethanonewandereron a node,eithermeging or sharingwill

occur, basedon a selectioncriterion. Formally, algorithmsof the mixed category work
asfollows:
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If [(ly = lw) A Ly .criterion(w, w')]
kyw — w.meging(ky, kw)
hy < max(hqy, hy)
W« W\uw'
Else-If (I, = ly)
ky < w.sharingky,, k')
ky + w'.sharingk,, k)
End-If

We have developedthreedifferentalgorithmsin this category, which arethe cross-
productof thesharingandmeming variationsithe Wandeer-Mixed-Randonalgorithm,
the Wandeer-Mixed-Selectlgorithm,andthe Wandeer-Mixed-Nodealgorithm.As is
the casewith algorithmsof the merge category, thesealgorithmsare differentiatedby
theway they decidewhich strateyy (sharingor meming) to apply(i.e., evaluatingfunc-
tion n.criterion(w, w')).

The Wandeer-Mixed-Randonalgorithm selectssharingor memging usinga bino-
mial randomvariable. The Wandeer-Mixed-Selectlgorithmwill chooseto shareor
meme basedon the similarity of wanderersFinally, The Wandeer-Merge-Nodealgo-
rithm makesthatdecisionbasedn the numberof wanderersurrentlyon the node.

Wanderer-Mixed-Random Algorithm For thiscombinationwe lookedhow thealgo-
rithm’sbehaior changesvhenchangingheratio of the stratgyy chosenThealgorithm
appliesmeming with probability p andsharingwith probability 1 — p. Thetestsused
probabilitiesp rangingfrom 20% to 80%. Theresultsobtainedarepresentedh Table5
andcanbesummarizeasfollows:

— Theefficiencgy (E) of theWandeer-Mixed-Randonflgorithmis similar to thepre-
viousvariationsof theWandeer algorithm.

— Thecorvergencdime (t.) is comparabléo theoneobtainedy theWandeer-Shae
algorithm. It thusappearghatthe sharingeffect, wherewanderersio not needto
visit all thenodesdominateswith regardto the corvergencetime.

— Increasinghememe probability leavesthe amountof dataobtainedthroughmeig-
ing (K,,) fairly constant.On the other hand,the information gainedby sharing
(K ;) increasewith increasingmerge probability p. This is dueto the increased
eliminationof redundantnformationby meming.

— Thenumberof wanderersn the network (IV,,,) is governedby the meigingcompo-
nentof the strategyy andtherefordower thanfor theWandeer andWandeer-shaie
algorithms.

With this algorithm, we obsene thatthe combinationof the two strategjiesyields
goodresultssincebothstratgiesarefocusedndistinctareaSharingfocuseontheex-
changeof knowledgeandwill maximizeknowledgeexchanged K. ). Merging focuses
on the control of the population(V,,); it will minimizetherisk of network congestion
andreducecomputatiorresourcesieededy the algorithm.
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Table 5. Comparisonof the Wandererand the WandereiMix ed-RandomAlgorithms (2000
nodes;2 % of sener nodes)

E (%)[te (ut)[t; (U] Nu |K, (%)[Ke (%) Non | Kom | Ns | Ks
Wandeer 99.81] 44082.1127.9 100 of - [ - | - -
W-Shae 99.6] 38038.4622.671 27.64 7231 — | — [3.1718.2§
W-Merge-R(50%)| 99.94 42054.6110.97 75.24 24.7417.9119.83 — | -

W-Mixed-R(20%)| 99.74 400(49.5¢ 7.76 85.60 14.4q 7.4112.500.43 3.55
W-Mixed-R(40%)| 99.24 400 45.3§10.7q 79.13 20.87 3.8113.370.89 6.79
W-Mixed-R(50%)| 99.1 380 44.5612.54 73.93 26.07 2.8213.961.15 8.43
W-Mixed-R(60%)| 99.21 400 42.514.70 66.91 33.09 1.8914.641.4710.02
W-Mixed-R(80%)| 99.3§ 40040.1418.95 46.19 53.81 0.6711.042.1713.74

The Wanderer-Mixed-SelectAlgorithm For this combinationwe lookedat how the
algorithm’s behaior changeswvhen changingthe ratio of merging and sharing.The
degreeof similarity to decideuponmerging variesfrom 25% to 100%. If thereis no
meming, the sharingstrateyy applies.Theresultspresentedn Table6 aresummarized
asfollows:

— Theefficiencgy (E) is of thesameorderasfor the otherstratayies.

— Thetimetolive of wanderergt;) is closerto theresultsobtainedwvith theWandeer-
Shae algorithmandthusbetterthanin the caseof the Wandeer-Merge-Selectl-
gorithm.

— Sharingincreasesheknowledgeexchanged K .) andthelife time of thewanderers
(t;) decreaseaccordingly

Table 6. Comparisorof the Wandererandthe WandererMix ed-SelectAlgorithms (2000nodes;
2% of senernodes)

E (%)[t. O[t; U] Ny K, (B)K. (%) Nm | Km | Ns | Ks
Wandeer 99.81] 44082.1127.99 100 o -] - - -
W-Shae 99.61 380 38.4622.67 27.69 72.3] — | — [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 40.8319.5§ 42.0§ 57.950.94 7.902.2417.18
W-Mixed-S(100%)| 99.84 380 39.1322.84 38.33 61.670.17 0.772.8017.35

This algorithmdealswith the “late meme problem” of the Wandeer-Merge-Select
algorithm,whereit becomesnoredifficult to memge asthe similarity degreeincreases.
Whentwo wanderergneeton the samenodeanddo not have sufficient similarity, they
sharetheir datain the caseof the mixed strat@y. After exchanginginformation, they
have the sameknowledgeandwill thustendto choosethe samenext node.In sucha
case,however, thesetwo wandereraneetagainon the next node, but this time their
knowledgeis identical. Thereforea meige occurs.This meansthat wanderersalways
endup meming. After the first sharing,the wanderers knowledgeis nearlythe same,



14

so0 a merge occurssooneror later. Therefore the thresholdmustbe high in orderto
achie goodresults.However, it shouldnot be too high, otherwisethe algorithmwill
bereducedo the Wandeer-Shae algorithm.In someway, this algorithmalsocorrects
the searchpath corvergenceproblem:sinceonly the wanderersvho have a high de-
greeof similarity will meige,the algorithmcontrolsthe wanderempopulation(V,,) by
eliminatingthe “uselessdoubles.

The Wanderer-Mixed-Node Algorithm For this caseof combiningmergingandshar
ing, we variedthe numberof wanderergsequiredfor memging. Again, this numberwas
variedfrom 5 to 80 wandererspr from 10% to 160% of the “maximum” numberof
wandereron the network. If the numberof the wandererson a nodeis higherthan
thenumberrequired thenwanderersill memge,otherwisethey will shareknowledge.
Table7 summarizesheresultsobtainedn this simulation.

Table 7. Comparisorof the Wandererandthe WandereiMix ed-NodeAlgorithms (2000nodes;
2% of senernodes)

E (%)t U)[t; (UD)] Nu [K, (%) Ke (%) N | Km | Ns | Ks
Wandeer 99.8] 44082.1127.90 100 o - | - [ = -
W-Shae 99.6] 38038.4622.671 27.6§ 7231 - | - |3.1718.2§
W-Mixed-N(10) 99.21 380 44.7Q 9.3§ 72.43 27.57 3.52 14.941.03 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 38.74 61.30 0.32 6.312.7015.28
W-Mixed-N(40) 99.73 400 38.4122.04 29.53 70.47 0.06 1.203.0518.09
W-Mixed-N(50)| 99.77 400 38.3022.91 27.4§ 7252 0.01 0.123.1618.32
W-Mixed-N(60)| 99.69 400 38.3022.91 27.4§ 72.55<0.01<0.013.1818.25
W-Mixed-N(70) 99.83 400 38.2923.20 26.8¢ 73.20 0|  0[3.1518.59

— Theefficiency (E) is similarto all the otheralgorithmvariations.

— Thenumberof wanderergV,,) is slightly lowerthanfor theWandeer-Shae algo-
rithm.

— The sameobsenationswith regardto the choiceof the numberof wandererge-
quiredfor memging (comparedo the “maximumnumber”of nodes)yield asfor the
Wandeer-Merge-Nodealgorithm.If thatnumberis too high, no merge occursand
thealgorithmbehaeslik e theWandeer-Shae.

Theapplicationof theWandeer-Merge-NodeandWandeer-Mixed-Nodealgorithm
requiresthe “maximum number”of nodesin the network to be known in orderto de-
terminethe correctnumberof nodesfor taking the meiging decision.However, in a
completelydecentralizedystemasthe WOS, this information, the “maximum num-
ber” of nodesjs not available.This suggestso introducea mechanisnfor guessingr
approximatinghat numberlocally at eachnode,basedon the local informationgath-
eredovertime.
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4 Discussion

This work is relatedto the optimisationof communities.In previous experimentson
theWandeeer algorithm[8], we shavedthatalthoughthis algorithmcould easilyadapt
to changesn the network and shaved high and constantefficiency, it requiredlarge
amountsof computationahndcommunicationmesourcesk-urthermorethelife spanof
wandereragentsis very large. In this paper we presented/ariationsof the Wandeer
algorithmandanalyzedwhetherthesevariationsresolhed the problemsobsened with
the original Wandeer. In orderto addresgheselimitations, we optedfor cooperation
amongwandererlgentsWe have focusedon two stratgyiesof cooperationsharingand
meming.Both stratgieshave theiradvantagesinddisadwantagesSharingincreaseshe
gainof knowledge but may createnetwork congestiorbecaus®f thepathconvergence
problem Mergingdecreasethe populationof wanderersf thenetwork, but only shavs
smallincreasesf performancedn somecasesperformancemayevendecreasd-rom
our obsenations,we concludethat the mostappropriatesolutionis a combinationof
bothstratgieswith a carefulselectionof threshold$etweersharingandmeming. The
resultsobtainedwith the mixed Wandeer algorithmsindicate that the resource the
performancendcongestiorproblemscanbe satishctorily resohed.
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