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Abstract

In thispapemwe attemptto gainanunderstandingf thebehaiour of useran amultipoint,interactve
communicationscenario.In particular we wish to understandhe dynamicsof userparticipationat a
sessiorlevel. We presentwide-areasession-leel tracesof the popularmultiplayer networked games
Quale andHalf-Life. Thesetraceswere gatheredby regularly polling 2256 gameseners locatedall
over the Internet,and queryingthe numberof playerspresentat eachsener and how long they had
beenplaying. We analysethree specificfeaturesof the data: the numberof playersin a game,the
interarrival times betweenplayersand the length of a players session. We find significanttime-of-
day and network externality effectsin the numberof players. Playerdurationtimesfit an exponential
distribution, while interarrival timesfit a heary-tailed distribution. The implicationsof our findingsare
discussedn the contet of provisioning andchaging for network quality of servicefor multipoint and
multicasttransmissionThis work is ongoing.

1 Introduction

In spiteof beinganactive researctareafor over a decademulticasthasyetto seelarge-scaledeployment.
This may be dueto a numberof factors,suchasthe lack of compellingmulticastapplicationspr the lack
of amethodfor multicastserviceprovidersto chagefor a multicastservice[10]. We arein the procesof
developinga pricing schemavhich allows efficientandpredictablechaging for multicast(initial detailsof
thisschemearedescribedn [15]). Oneproblemwith attemptingo chaigefor multiple-sourceapplications,
however, is the needfor predictableprices. If userssharethe costof a multiusertransmissionandthe
numberof userschangesas usersjoin and leave the sessionthe price paid per userwill alsochange.
We thereforeneedto understanchow usersbehae in multiuserscenariosf we areto engineerpricing
schemesghat will provide stableand predictableprices. Models for userbehaviour are also usefulin
designingpricing schemegor maximisingobjectvessuchasaggreyateutility or network utilisation,and
for understanding@ndproviding for network Quality of Service(QoS).

In asomevhat“chickenandegg” situation,the limited deploymentof multicastalsomeanghatthere
are few sourcesof datafrom which a modelfor userbehaiour canbe determined. A featureof our
intendedpricing schemas thatit shouldbe independentf the underlyingnetwork protocols.Thus,there
is no reasorwhy a modelfor multipoint userbehaviour needbe determinedrom IP multicastsessions.
Fromanend-usewriewpoint, thereis no functionaldifferencebetweeran IP multicastsessiorandseveral
unicaststreamsandsouserbehaiour shouldbe similar in both of thesemultipoint situations.Theremay
beadifferencein costandthis maybe usedasanincentive for theuseof multicast.

With theremoval of theabsoluterequiremenftor native IP multicastsession$n orderto provide multi-
point communicationsthe problemof creatinga modelfor multipoint behasiour becomesnoretractable.
Therearemary existing, andpopular multipoint applicationghatuseunicastrouting, for example,online



chatapplicationssuchas InternetRelay Chat(IRC), or multiusernetworked gamessuchas Quale. We
have choserto examinethelatterto determineuserbehaiour, andthusto determinethe requirementsor
pricing this behaviour andprovisioning network resources.

This paperis structuredasfollows. We discussour motivationfor choosinggamesasan application
and note previous work in Section2. Section3 describegshe methodologyusedfor gatheringdataand
summarise®ur results. Sections4, 5 and 6 analysethreeparticularaspectof the data,namelysession
membershipsessiondurationand userinterarrival times respectiely. Finally, Section7 concludesthe
paperanddiscussegpossibilitiesfor futureresearch.

2 Motivation

Multiplayer networked gamesare contributing to anincreasinglylarge proportionof network traffic [22].

Suchnetwork usageis likely to increasdurther now that consolesuchasthe Sega Dreamcastand Sory

Playstation2 featureEthernetand modemconnections.Gamesplayersare alreadywilling to pay extra
to getanimprovementin their playing experience as evidencedby specialistgaminghardware suchas
joysticks,mice,mousepadandevenfurniture. Gamepublishershave proposedcthaging playerspergame
via network delivery, ratherthanthe currentpracticeof chaging a one-of feefor the software[25], or by

chaging a fee per gamewith the opportunityfor playersto win money or prizes[29]. More interesting,
from a networking point of view, is the existenceof modemsmarketedasbeing speciallyoptimisedfor

gamed1], andsoftwaredesignedo determinenetwork characteristicef potentialgamessenerssuchas
delay[13]. Thesedevelopmentsndicatethatgamesplayersareinterestedn network QoS,andwould be
willing to payfor theability to improveit.

The gamesthat we study hereare of the type commonlyreferredto as FPS(First PersonShooter)
gamesPlayersconnecto a centralsener usingunicastUDP (or occasionallyTCP)flows. The maximum
numberof playersthatcanconnectto a sener is setarbitrarily by the sener administratoraccordingto
theamountof network traffic andCPUtime they wish the gamesenerto consumgfor the gamesstudied
here,this figure is typically setto 16 or 32 players). Players’actionsare transmittedfirst to the central
sener, which calculatesand maintainsthe overall stateof the gameandthentransmitsthis statebackto
theplayers.The generalbbjective of mostof thesegamesds to explorea commonvirtual world andkill as
mary of theotherplayersaspossible.

2.1 Previouswork

Multicast session®n the MBone are studiedby Almerothand Ammar [2]; thesesessiongreall single-
sourceand perhapgdo not reflectthe differentdynamicsof multiple-sourceapplications.Thereis along

historyof network andInternettraffic analysis(se€[24] for asurney). Themajority of this, however, looks
at paclet-level and network-level traces. In particular Bangunet al. [3] andBorella[5] both studythe
traffic patternsof multiplayergamesput do notexaminesession-leel userdynamicsandlimit thestudies
to local areanetwork traffic only. Althoughtheremay be interestingrelationshipetweerthe dataat the
pacletandsessionevels,for instancean termsof self-similarity, we do not considerthesein this study but

leave themfor possiblefuture work.

3 Methodology

Almerothand Ammar[2] show thatthe monitoringof IP multicastsessionss possiblethroughjoining a
sessiorandthenwatchingothersessiormembergoin andleave. Thisis impracticalfor networkedgames,
however, sinceto join agameimplies participation.As mostpeopleareonly capableof playingonegame
atatime,andonly for acertainnumberof hoursaday; thislimits thescopeof ary datacollection.Although
it is possibleto simulatea userthrougha scriptor program,such“bots” arefrowneduponby mary game
seneroperatorandgenerallyleadto theuserin questiorbeingbarredfrom thatsener. Furthermorethere
is adataintegrity problemin thatuserbehaiour mightdependbnthe numberof playersin agameandso
by joining agameto monitorit, we might affecttheresults.



Somegamesenersoffer a queryingmechanismwherebyspecificvariablesaboutgamestatuscanbe
retrieved. Sincejoining and continuouslymonitoring gamesseemedmpractical, polling and querying
gamesseners at regular intervals was determinedto be the next bestoption. By polling senersand
determininghenumberof playersat eachpoll, anapproximatiorof userbehaiour canbeobtained Many
networked gamesalsoallow the queryingof suchvariablesasplayers’nicknamesandthe amountof time
thatthey have beenplaying,andsothedurationof eachusers’sessiorcanalsobeestimatedTheaccuray
of thismethoddepend®n thefrequeng of polls. If thepollsaretoofarapart,thenary userswhojoin and
leave betweemolls will be missed.If the polls aretoo frequentthe amountof network traffic might have
aneffectonthesenersandperhapsaffect userbehaiour.

Datawere collectedusing the QStattool [27], which is a programdesignedo displaythe statusof
gamesseners,andwhich supportsalarge numberof online multiplayergames Of thesegamesthe game
Half-Life [14] wasdeterminedo bethe mostpopulargame andwasalsooneof thegameswhich supports
thereportingof a player's connectiortime, andsoit waschoserto concentrat®n playersof this game.

A list of 21931P address/porpairst of machinesrunning the Half-Life daemonwas obtainedfrom
a“mastersener’ athal f-1ife.west.won. net. Thislist is composedrom submissiondy sener
administratorsand/orautomaticregistrationby seners (dependingon the game). This list may also be
gueriedby userghroughthe applicationitself, or throughthe useof someof the aforementionegrograms
for determiningthe closesbr quickest-respondingamesener.

Senerswere polled using QStatat regularintervals (Figure 1). At eachpoll, the numberof players,
their chosennicknamesandthe numberof secondghat eachplayer had beenconnectedvere retrieved
(exampleoutputfrom QStatis shavn in Figure2). If aresponsavasnot receved from a sener, group
membershipvasassumedo bethe sameasatthe previoussuccessfupoll. Sincepolling took placeatthe
applicationlevel, we could not detectsucheventsasunsuccessfujoin attemptsasthesedo not register
in the game.We werealsolimited in that polling takesplacefrom a centralmachineat UCL, andsoary
network failuresthat existedsolely betweenJCL andthe gameseners(but not betweerthe gamesener
andthe players)would affect our results.
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Figurel: Datagatheringsetup

Serves | Game Frequency| Duration
O-l 2193 Half-Life 30min 1 week
O-ll | 35 Half-Life 5min 3days
O-lll | 22 Quale 5min 1 week
O-Iv | 3 Half-Life 5min 2 months
Oo-v |3 Qualelll Arena| 5min 2 months

Tablel: Obsenations

11t is not uncommonfor a singlemachineto run several senerson differentports; of our list of 2193seners, therewere1725
uniquelP addresses.



NAME: Merlin TIME 5710

NAME: [F.u.T] The LAWTIME: 5728
NAME: MagNETo [FH] TIME: 2176
NAME: Tomi N TI ME: 2409

NAME: [DEM Guybrush T. TIME: 8575
NAME: [.HoF.]Ben Kenobi TIME 1177
NAME: [ Thug] Tosh TIME: 142

NAMVE: TDMI_Sil van TI ME: 1540

NAME: @ul zak TIME: 874

NAMVE: [ DBK] Hanni bal TC TI ME: 954
NAME: [ STANDARD] Kill Dermon TIME: 1085
NAME: - =Phoeni x=- TIME: 5593

Figure2: ExampleQStatoutput

Severalsetsof obsenationsweretaken; the differencedetweernthese andthe labelsthatareusedin
this paperto referto them,areshowvn in Tablel. Thefirst setO-1 usedthe mastedist of Half-Life seners.
From this, the 35 most popularsenerswere selectedfor more detailedobsenation over one weelend
in O-11.

SetO-lll used22 Quale seners,theaddressesf whichwerealsoobtainedby queryingamasteisener.
Quale is an older game,introducedin 1996, which is why the numberof senersis somuchlower than
Half-Life, which first wenton salein 1998.Quale, however, is oneof the few gamedo allow thequerying
of players’IP addressesyhich maybe usefulfor determiningthe network topologiesandspatialanalysis
of gamesThe sourcecodéor the gameis freely available,sothis setof obsenationsmay prove usefulfor
futurework.

Thelastpair of obsenations,O-1V andO-V, comefrom two setsof senerswhich Microsoft Research
have beenrunningattheir sitein Cambridge UK. Usinga publiclist of senersprovedto have difficulties,
sincesomeof the IP addressesn the list were dynamicallyallocated(for instance usersrunninggame
senerson dial-up machines).It would appearthat the masterlist doesnot updatefrequentlyenoughto
eliminatethese,and so mary polls would end up targeting machineswhich were no longerrunning the
gamesener. Of the original list of 2193 addressesye found that 265 of thesewere never running the
senerduringthe courseof our polls. Thegameusedin O-V, Qualelll Arena doesnotallow thequerying
of playerduration. For this setof datawe assumehateachplayerjoined at the time of the poll at which
they arefirst noticed;this figurethushasaninaccurag of up to two poll periods.

3.1 Summary of observations

We obsenred a total of 1,757,539individual sessiongi.e., individual usersjoining and then leaving a
game). Table 2 shawvs someof the overall aspectf the data. We wereinterestedn examiningthree
specificfeaturesthe numberof participantdn agame theinterarrival time betweerparticipantsandhow
long a playerremainedn agame.

4 Session member ship

Figure 3(a) shaws the total numberof playersfor all the senersin O-1 andO-Ill to O-V, aggreyatedto a
one-weekperiod. Figure 3(b) shavs the numberof playersfor onesener from O-1V, againscaledto one
week. It canbeseerthatthenumberof participantsn a gameexhibits strongtime-of-dayeffects,peaking
in the middle of theday The strongsinusoidalpatternin the correlogramsn Figures3(c) and3(d) also
indicatesseasonavariation.

It canbeseerfrom Figure3(a)thatmid-Tuesdays anoutlier, with anunusuallylow numberof players.
This might have beendue,for instanceto a breakin network connectvity. This outlier wasremoved by
replacingthe datawith the averageof the sample®24 hoursbeforeand24 hoursafter.



Total joins Average Median Max interar- | Median du- | Max dura-
joins/server/hrinterarrival | rival (sec) ration (sec) | tion (sec)
(sec)
O-l 1510445 4.65 225 246171 1576 3165999
O-Il | 69961 27.76 70 17309 1098 66738
O-Ill | 37037 10.01 118 51706 618 410699
O-Iv | 23559 4.19 115 77843 612 2614737
O-vV | 5872 1.04 300 76800 901 403201
Table2: Summaryof results
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Figure3: Numberof users




Sincethetime-of-dayeffectis so clearly evident, it is possibleto do a simpleseasonatiecomposition
by subtractingeachobsenationfrom the meanvaluefor all the obsenationstaken at thattime of day[7].
Theresultsof thisareshawvn in Figure4, wherethe highersolid line representshe time-of-dayeffect, the
lower solidline theremainderandthedashedine theobseneddata. Threedaysarehigherthantheothers;
theseasonemight expect,areFridayto Sunday

Seasonal decomposition of members
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Figured: Seasonatlecompositiorof smoothednembershimata

4.1 Network externalities

It is acceptedhatthe value of a groupactivity to anindividual participantmay be relatedto the number
of participantsin thatgroup. This hasbeenquantifiedconjecturallyby engineersas Metcalfe’s Law (the
value of a network is proportionalto n?, wheren is the numberof users[23]), or morerecentlyasthe
Group-FormingLaw (thevalueof the Internetis proportionalto 2" [28]). Economistshowever, generally
referto theseeffectsas“positive consumption’or “network externalities”; for example,Katz and Shapiro
definenetwork externalitiesas“productsfor which the utility thata userderivesfrom consumptiorof the
goodincreasesvith thenumberof otheragentsconsuminghegood’ [18] Network externalitieshave most
commonlybeenstudiedin termsof standardisatiomandcompatibility (e.g.,the take-upandacceptancef
faxmachineg11]), althoughHenrietandMoulin [16] present costallocationschemédor networkswhere
userssharecostsaccordingto the network externalitiesthatareaccrued.

Onewould expectthat multiplayergameswould alsoexhibit network externalities. The purposeof a
networked multiplayergameis to participatewith otherpeople;if a userwishesto play againstelectronic
opponentgherewould be lessneedfor the networked aspectof the game(unless,for example,a user
wishedto play againsia far morepowerful computersuchasthe famouschesamatchedetweerKaspare
andIBM machines)ln generalhowever, it is reasonabléo assumehata givenparticipantn anetworked
gameis taking partbecausehey wish to interactwith otherremote humanusersand,therefore thattheir
utility is derived,to someextent,from the existenceandnumberof theseotherusers.

Figure5 shavs the temporalACF (autocorrelatiorfunction) of the correcteddatafrom Figure4, after
removing the time-of-dayeffect; this shavs the degreeto which the numberof playersin a subsequent
time period dependson the sessiormembershign the previous period. It canbe seenthat the level of
autocorrelatioris high, evenfor a large numberof time periods. Thus, as expected,thereappearto be
somenetwork externality effects.

Having obsenedthetime-of-dayandnetwork externality effects,we analysedhe sessiormembership
datausingtime-seriesanalysis.ARIMA (Autoregressie IntegratedMoving Average)models,introduced
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Figure5: Temporalautocorrelatiorin numberof players

by Box andJenking[6] area popularmeansof modellingtime seriesdata. An autorgyressve processs
definedas a serially dependenprocesswherebyelementsn a time seriescan be describedn termsof
previouselements:

X{ = qolxt_1+%xt_2+%)(t_3+...+$ (1)
A moving averageprocesss whereeachelemenin atime seriess affectedby pasterrors,independent
of theautorgressve process:

X=U+&—0& 1 -6, ,— 65 5—.. 2)

An ARIMA modelincorporatesoththe autorgjressve andmaoving averageprocessesSuchmodels
arereferredto asARIMA (p,d,q), wherep is the autorgressve parameterd the numberof differencing
passesequiredto make theinput seriesstationaryandq the moving averageparameterlf thetime series
hasa seasonatomponentadditionalseasonaparameterarerequired,andthe modelis referredto asan
ARIMA (p,d,q) x (P,D,Q)s model,whereP, D andQ representhe ARIMA parametersf the seasonal
componentands s the periodof the seasonality

For theaggregyatesessiormembershiglatafrom Figure4, thereis little to choosebetweera (1,1,1) x
(0,1,1),ganda(2,1,1) x (0,1,1),4 model(Figure6 shavs the diagnosticoutputfor the latter). Applying
thesetwo modelsto individual seners’ data, however, shaved thata (2,1,1) x (0,1,1) , modelis the
mostappropriate.Figure7 shavs the diagnosticsor onesener; the Box-Piercestatisticindicatesa high
goodnes®f fit.

A (2,1,1) x (0,1,1),4 modelincorporatedothnetwork externalities sincethe autorgressve compo-
nentmeanghat the numberof playersup to an hour prior to a playerjoining hasan effect on a players
decisionto join, andalsoincludesthetime-of-dayeffect throughthe seasona(0, 1, 1) ,; component.

Proportionalfairnesshasbecomea popularmetric for allocatingbandwidthbetweenflows on a con-
gestedink [19]. Thisreliesontheassumptiorof usershaving logarithmicutility functions. It is unclear
however, whetherthis sameunicastiogarithmicutility functionshouldbe assumedor a multicastor mul-
tipoint transmission.Chiu [8] shaws that proportionalfairnessmay producean “unfair” outcomein the
multicastcase andproposes weightedproportionallyfair solution,wheremulticastflows receve a band-
width shareweightedaccordingto the aggreyateutility of the downstreanmrecevers. Legoutet al. [20]
suggesthat this bandwidthsharemight relateeitherlinearly or logarithmicallyto the numberof down-
streamrecevers. The datapresentedheresupportshe latter suggestionsincethey imply thatit might be
moreappropriateo assumendividual utility functionswhich incorporatenetwork externalities.



Standardized Residuals residuals from (2,1,1)x(0,1,1) process
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Figure6: ARIMA diagnosticsand cumulatie periodograntor (2,1,1) x (0,1,1),4 modelon datafrom
Figure4

Standardized Residuals residuals from (2,1,1)x(0,1,1) process
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Figure7: ARIMA diagnosticandcumulative periodograndor (2,1,1) x (0,1, 1) ,g modelfor singlesener

Time-of-daypricing is commonlyusedfor pricing utilities suchaselectricity andtelephoneservice,
andhasbeenproposedasa simple,if suboptimalmethodfor pricing Internettraffic [21]. Thetime-of-day
effects obsened heremeanthat this might be appropriateon a perapplicationbasis,at leastfor games.
This mightalsohave implicationsfor network provisioning,wherebya network designedor gameswould
wantto beableto dealwith thepeaks.

5 User duration

Gamesenerstendto run continuously with usersjoining and leaving asthey wish. As suchit is not
meaningfulto discussthe overall sessiorduration,i.e., a whole game. Insteadwe examinethe duration
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Figure8: Durationof users game

of eachindividual sessionj.e., a users game. Figure 8 shows the durationof users’individual sessions
from O-I: it canbe seenthatthesedurationsvary quite widely, andthat mary gamedurationsarelower
than our polling period of five minutes. This might be dueto droppedconnectionspr usersbrowsing
gamedyy startinga sessiorio seewhatis goingonanddecidingthata particulargameis notto theirliking.
At the otherendof the spectrumthereareseverallong gamedurationsof over 24 hours. Thesemight be
“hardcore”gamersautomateglayers/botor userswho have mistalenly left their connectionsactive.

In Figure 9 we fit the userdurationdatafor two individual senersto a setof randomlygenerated
exponentially-distriluiteddata. The Quantile-Quantileplots show thatthis is an appropriateanodel. This
agreeswith thefindingsfor multicastsessionsn [2]. It is alsoknown thatsomesingle-usempplications,
suchasvoicetelephonecalls[4] fit anexponentialdistribution.

Sincewe hadalreadyobsenednetwork externalityeffectsin thenumberof players we expectedo find
acorrelationbetweerthedurationof a players sessiorandthenumberof playersin thatgame;agamewith
moreplayersmightbelik ely to leadto playersenjoying thegamemore,which shouldleadto themstaying
longer Surprisingly thereappeardo be no evidencefor this. Figure10(a)showvs a boxplotof the number
of playersatthestartof aplayer's sessioragainsthedurationof their sessionTheredoesnotseento bea
correlationandthemediandurationis relatively constantrrespectve of thenumberof players.Comparing
thedurationto theaveragenumberof playersoverthefirst hourof asessior(Figure10(b))shavedaslight
correlation but this wasinsignificant. This might indicatethatthe absolutenumberof playersin asession
is notnecessariladeterminanbf whena playerdecidego leave a sessionjt maybethebehaiour or skill
of the specificplayersthatis moreimportant,or acompletelyunrelatedactor

6 Interarrival times

Figure 11 shows the interarrival times betweenplayersfor one sener. As for duration, thereis large
variation. Unlike the durationdata,interarrival timesdo not appearto fit an exponentialdistribution, as
shavnin Figurel2.

Interarrival timesbetweerusersfor single-userlpplicationshave beenfoundto fit a Poissordistribu-
tion [12, 26]. Thisis unlikely to be the casefor multiuserapplications however, wherethe presenceof
otherusersmay alteruserbehaiour. Borella[5] findsthatfor gamespacletinterarrival timesarehighly
correlatedFigure13 shavsthatthis is alsotruefor playerinterarrivals;thereis significantautocorrelation
atshortlags,whichimpliesthatthearrival of someuserswill leadto othersarriving. Thus,theinterarrivals
do notfit theindependenéarrivalsof the Poissordistribution.

Heavy-taileddistributionshave beenobsenedfor Internetusagebehaiour, for examplein World Wide
Web usag€9] andaggreyateEthernetraffic [30]. Onemethodfor visualisinga heavy-tailed distribution
is a log-log complementanygistribution (LLCD) plot, wherethe complementancumulative distribution
is plotted on logarithmic axes. Linear behaiour in an LLCD plot indicatesa heavy-tailed distribution.
Figure 14(a) shavs sucha plot for the interarrival times, and linear behaiour can be obsened for the
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Figure9: Fitting anexponentialdistribution to userdurationdata

largerobsenations(Figure14(b)).
A morerigoroustestfor heary-tailed distributionsis the Hill estimatof17]. A distribution of variable
X is heary-tailedif
PX>x ~x%asx— o 0<a<2 (3)

TheHill estimatorcanbeusedto calculatea

i—k—1 -

wheren is thenumberof the obsenations,andk indicateshow mary of thelargestobsenationshave been
usedto calculated,. Figurel5showvsthatd is approximatelyl.15.

Comparingthe interarrival timesto the numberof playersin a sessionshonvs someevidenceof an
inverselyproportionalrelationship(Figure 16); asthe numberof playersin a sessiornincreasesthe inter
arrival timesdecrease This supportghe hypothesighatthe numberof playersis a determinanin other
players’'decisiongo join asession.

The high variationin userdurationandinterarrival times have severalimplicationsfor price stability
andprovisioningif the membersof a multicastgroup areto sharethe overall costof a sessioramongst
themseles. Theautocorrelationn the numberof playersandinterarrival timesmeanshatif theusersare
sharingthe costsof a sessionthis costwill snovball; new usersjoining will be followed by otherusers
joining (anduserswill join fasterasthe numberof usersincreases)leadingto rapid decreasei the cost
peruser andvice versafor whenusersleave. This could be rectified,for example,by only changingthe
price for eachuseron a periodicbasisratherthanwith eachjoin or leave. The autocorrelatiorseemso
exist for large lags, however, which meansthat the periodsof price reevaluationwould also have to be
large,andthis couldimpedethe efficiency of ary pricing scheme.

10
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Costsharingmay also changethe behaviour of players,sincewe have obsened that the numberof
playersin a sessioris notalargefactorin the utility recevedfrom agame.Oncenetwork pricing or QoS
area featureof networks, thenuserswill needto choosebetweemetwork flows dependingon the value
thatthey receive from eachapplication;in otherwords,they will attemptto maximisetheir utility given
theirindividual budgets.The priceof a sessiorthusbecomes factorin userbehaiour, andif thecostof a
sessioris sharedamongssessiormembersthenthe numberof playersin a sessiorwill becomea factor,
sinceit will be a determinanin the price of the session.Additionally, the numberof usersin a session
mightaffectthe QoS,which would becomeafurtherfactorfor users’behaiour.
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7 Conclusions and futurework

Therehasbeenlittle study of session-leel userbehaiour in large-scalemultiple-sourcescenarios. In
this paperwe have presentedtatisticalanalysisof several session-leel tracesof popularmultiplayernet-
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worked games.We have found thatthe numberof playersexhibits strongtime-of-dayandnetwork exter-
nality effects,andwe have fitted anappropriateARIMA model. Players’durationtimesfit anexponential
distribution, while interarrival timesfit a heary-tailed distribution. The numberof playersin a session
appeargo have a greatereffect on players’decisiongo join a sessiorratherthanleave. In mary respects
we have obsened similar behaiour to that seenfor multicastapplicationsdespitethe unicastnatureof
thesegamesThisimpliesthatin theabsencef appropriatenulticastdata,unicastmultipoint applications
areanappropriatesubstitute We have discussedhow theseresultscouldimpactpotentialmulticastpricing
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policiesandnetwork provisioning.

Networking researchinto multiplayergamesis still at an early stage,andthereis much future work
thatneedgo be carriedout. Understandingiserbehaviour is but onestagein creatingappropriatgricing
policies. It doesnot, for example helpusexplainwhatusersdesireor require.Futurework will investigate
the QoSrequirementdgor networked gamesijn particular concentratingon how the requirementshange
dependingonthe compositionof a sessiorandgroup.

We alsointendto look at paclet-level traffic statistics. Someof the resultspresentecherehave been
similar to thoseof previous paclet-level gamesstudies,andit will be interestingto conductsimultane-
ousanalysisat the paclet andsessiorievels, to determinewhetherthereis ary relationshipbetweenthe
behaiour atbothlevels. Thisis important,for example,if QoSprovisioningis to take placethroughcon-
gestionpricing, i.e., chaging usersfor the network congestiorthatthey cause Unfortunately mostof the
gameseneroperatorandISPsthatwe have spokento do notlog mary of theappropriatestatistics.Thus,
we arenow runningour own gamessenersin orderto collectpaclet-level data. Runningour own seners
presentsnary opportunitiesor furtherwork. Sincewe canlog the exacttimeswhenplayersconneciand
leave to the sener, we canbetterestimateheinaccurag of thepolling methodthatwe have usedhere.We
arealsousingthesegamessenersfor experimentalratherthancorrelationalstudy; for examplechanging
suchvariablesasnetwork delayin orderto determinehe effectson userbehaiour.

Thestudypresentetherehasonly lookedatonetypeof game the FPS Althoughwe examinetwo of the
mostpopulargameof this genre,it is notnecessarilyrue thattheseresultswill hold for otherFPSgames
andthis shouldbefurtherexamined.Moreover, othertypesof gamesfor instanceMMORPGs(Massvely
Multiplayer Online Role-PlayingGames)suchasEverquestarelik ely to exhibit differentuserbehaviour,
sincethe MMORPG canbeslightly slowver pacedandcaninvolvethousandsf usersconnectingo asingle
sener, ratherthanthelarge numberof smallgroupsin FPSgames.
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