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Abstiact— The Differentiated Sewices framework (DiffServ) has been
proposedto provide multiple Quality of Sewice (QoS)classesver IP net-
works. A network supporting multiple classesof sewice also requires a
differ entiated pricing structure. In this work, we proposea pricing algo-
rithm in a DiffServ ernvironment basedon the cost of providing different
levels of quality of sewice to different classesand on long-term average
user resouice demand of a sewvice class. We also integrate the proposed
sewice-dependentpricing schemewith a dynamic pricing and sewice ne-
gotiation ervironment by considering a dynamic and congestion-sensitie
pricing component.Pricing network sewicesdynamically basedonthe level
of sewice, usage,and congestionallows a more competitive price to be of-
fered, allowsthe network to be usedmore efficiently, and providesa natural
and equitable incentive for applications to adapt their sewice requestsac-
cording to network conditions. We develop a simulation framework to com-
pare the performance of a network supporting congestion-sensitie pricing
and adaptive sewice negotiation to that of a network with a static pricing
policy. Adaptive usersadapt to price changesby adjusting their sending
rate or selectinga different sewice class. We also develop the demand be-
havior of adaptive usersbasedon a physically reasonableuser utility func-
tion. Simulation resultsshow that a congestion-sensitie pricing policy cou-
pled with userrate adaptation is ableto control congestionand allows a ser
vice classto meetits performance assurancesainder large or bursty offered
loads, evenwithout explicit admissioncontrol. Usersare ableto maintain a
stableexpenditure, and allowing usersto migrate betweensewice classesn
responseo price increasedurther stabilizesthe individual sewice prices.
When admissioncontrol is enforced, congestion-sensitie pricing still pro-
vides an advantagein terms of a much lower connectionblocking rate at
high loads.

|. INTRODUCTION

The DifferentiatedServicesframewnork (DiffServ) [1] has
beenproposedto provide multiple Quality of Service (QoS)
classesover IP networks. Two types of PerHop-Behaior
(PHB) are proposed:ExpeditedForwarding (EF) [2] and As-
suredForwarding (AF) [3]. The EF PHB is definedasa for-
warding treatmentwhere the departurerate of an aggrejates
pacletsfrom ary DiffServ node mustequalor exceeda con-
figurablerate. For AF service four classewith threelevels of
dropprecedencen eachclassaredefinedfor generaluse.

A network supportingnultiple classe®f servicealsorequires
a differentiatedpricing structureto allocatetraffic to different
classesratherthanthe flat-fee pricing modeladoptedby virtu-
ally all currentinternetservicesWhile network tariff structures
areoftendominatedby serviceproviders’ policiesandmarket-
ing agumentsratherthancosts,we believe it is worthwhile to
understan@nddevelopacost-basegricing structureasaguide
for actualpricing. In economicallyviable models,the differ-
encein the chage betweendifferentserviceclassesvould pre-
sumablydependon the differencein performancebetweenthe
classesand shouldtake into accountthe average(long-term)
demandfor eachclass. In generalthe level of forwardingas-
suranceof an IP pacletin DiffServ dependson the amountof
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resourcesllocatedto a classthe paclet belongsto, the current
load of the class,andin caseof congestiorwithin the class the
dropprecedencef thepaclet. Also, whenmultiple servicesare
availableatdifferentprices,usersshouldbe ableto demandhar
ticular servicessignalthe network to provisionaccordingo the
requestedjuality, and generateaccountingandbilling records.
One of the two main goalsof our work is to develop a pric-
ing schemean a DiffServervironmentbasedon the costof pro-
viding differentlevels of quality of serviceto differentclasses,
andon long-termdemand. Insteadof purely relying on either
engineeringor economicmechanismo managethe network,
we integrateour pricing strateyy with the network provision-
ing. Our pricing schemereflectsthe differentiationin resource
provisioningfor differentforwardingassuranceandalsosenes
asa meango distribute usertraffic to differentserviceclasses.
In ourframework, the network canalsoenforceQoSandensure
the expectedperformanceof a serviceclassby restrictingthe
loadof theclassto its targetlevel throughadmissiorcontrol.

DiffServsupportsserviceswvhich involve atraffic contractor
servicelevel agreemen(SLA) betweenthe userand the net-
work. If the agreementjncluding price negotiation and re-
sourceallocationare set statically (beforetransmission) pric-
ing, resourceallocationandadmissioncontrol policies(if ary)
have to be consenrative to be ableto meetQoS assurancem
the presencef network traffic dynamics.Pricing network ser
vicesdynamicallybasecbnthelevel of serviceusageandcon-
gestionallows a more competitive price to be offered,andal-
lowsthe network to be usedmoreefficiently. Differentiatecand
congestion-sensiteé pricing also provides a naturaland equi-
tableincentivefor applicationdo adaptheir servicecontractac-
cordingto network conditions.A numberof adaptatiorschemes
have beenproposedor multimediaapplicationgo dynamically
regulatethe sourcebandwidthaccordingo the existing network
conditions(a surwey of thiswork is givenin [4]).

The secondmain goal of our work is to integratethe pro-
posedservice-dependepricing schemavith adynamicpricing
and servicenegotiation ervironment. This increasesetwork
resourceutilization andavoids high call blocking rate. In this
ervironment,servicepriceshave a congestion-sensite compo-
nentin additionto the long-term,relatively staticprice. Upon
congestion,the network can adjust congestionprice periodi-
cally on thetime scaleof a minute or longer, encouraginghe
adaptation-capablapplicationsto adapttheir sendingratesor
selecta differentserviceclass. Sincethe time period between
price adjustmentds relatively long, the network transmission
delayhasngjligible impacton the systemperformance.

A userhasachoiceof adaptingts servicerequesbnly atses-
sionsetupor periodicallyduringa sessionWith bothstaticand
dynamicpricing componentspur proposedmodel allows the



network operatorto createdifferenttrade-ofs betweenblock-
ing admissionsand raising congestionpricesto motivate the
rate and serviceadaptationof applicationsto the varying net-
work conditions technologiesndplatforms.Applicationsmay
chooseserviceghatprovide a fixed price,andfixed servicepa-
rametersduring the durationof service. Generally the long-
term averagechage for fixed-priceserviceis highersincethe
network providerwill addarisk premium.Userswith stringent
bandwidthand QoS requirementan maintaina high quality
by payingmore,while adaptation-capablapplicationscanad-
just their servicerequestsn responseo price increasesluring
congestion.In this paper we develop the demandbehaior of
adaptveusershasenaphysicallyreasonableserutility func-
tion.

In our simulations pricesandservicesarenegotiatedthrough
aResourcaéNegotiationandPricing (RNAP) protocolandarchi-
tecture presentedn earlierwork [5]. RNAP enablegheuserto
selectfrom availablenetwork serviceswith differentQoSprop-
ertiesandre-ngyotiatecontractedservicesandenableshe net-
work to dynamicallyformulateservicepricesandcommunicate
currentpricesto theuser In RNAP, resourcecommitmentscan
bemadefor short“negotiation”intervals,insteadof indefinitely,
andpricesmayvary for eachinterval. In the simulationwork of
this paperwe focusonthe studyof the performancef adaptve
applicationsn adifferentiatedserviceervironmentandassume
all applicationsare adaptation-capablandwill adapttheir re-
questsperiodically if congestion-sensite pricing is enforced.
Our earlierstudieg6] indicatethatthe systemperformancean
beimprovedsignificantlyevenif only a smallproportionof the
usersadapt.We alsoshavedin [6] thatif usersadapttheservice
requestsat sessiorsetupinsteadof every smallertime interval,
the systemperformanceeduceonly slightly.

Using RNAP andanextendedversionof anexisting DiffServ
implementationwe developasimulationframewnork to compare
the performanceof a network supportingcongestion-sensite
pricing and adaptve servicenegotiationto that of a network
with a static pricing policy. We also study the stability of the
dynamicpricing andservicenegotiationmechanismsWe eval-
uatethesystenmperformanceandpercevedbenefit(or value-for
mongy) underthe dynamicand static systems. We also study
the relative effects on systemperformanceof rate adaptation,
dynamicload balancingbetweerserviceclasseandadmission
control. Although the simulationframework is basedon the
RNAP model, we try to derive resultsand conclusionsappli-
cableto staticand congestion-driendynamicpricing schemes
in general.

This paperis organizedas follows. Sectionll developsa
physically realistic user utility function to representuser de-
mandbehaior in responsdo price changes. Sectionlll dis-
cusseur proposedpricing modelin detail. SectionlV sum-
marizesour earlierwork on RNAP and explainshow it could
supportthe proposedoricing algorithmsin a DiffServ environ-
ment. In sectionV we describeour simulationmodel,andin
sectionVI we discusssimulationresults.We describesomere-
latedwork in sectionVII, and summarizeour work in section
VIII.

I1. USER APPLICATION ADAPTATION

In anetwork with congestion-dependepticing anddynamic
resourcenegotiation, adaptiveapplicationswith a budgetcon-

straintwill tendto adjusttheir servicerequestsn responsdo
price variationsat sessionsetupor during a session. We as-
sumethatthe preferencesr willingnessto payof a userwill be
representedjuantitatvely througha utility function The util-
ity function representghe perceved monetaryvalue (say 15
cents/minuteprovidedby asetof transmissiomparameterge.g.,
sendingateandQoSparameters).

Althoughwe focuson adaptve applicationsasthe onesbest
suitedto a dynamicpricing ervironment,our framewvork does
not requireadaptatiorcapability Applicationsmay chooseser
vicesthatprovide afixedpriceandfixedserviceparametergur-
ing the durationof service. Generally the long-termaverage
costfor a fixed-priceservicewill be higher, sinceit usesnet-
work resourcedessefficiently. Alternatively, applicationamay
usea servicewith usage-sensite pricing, andmaintaina high
QoSlevel, payinga higherchageduringcongestion.

Adaptationcanbe performedat differenttime scales.In the
simplestform, the bandwidthof the applicationis constanand
independenbf the network condition. Examplesncludecom-
mon streamingapplicationghat simply attemptto senddataor
resene a given bandwidth. Many applicationscanadjusttheir
resourcelemandatthetime of sessiorcreation.For resenation-
basedsystemsOPWA [7] canbe usedto find out the available
bandwidth. For best-efort systemsthe end systemmay know
its network acces®andwidthandthusavoid requesting 1 Mb/s
streamwhenconnectedria a 28.8kb/smodem.

Truly adaptive applicationanadjusttheir resourcaisageon
several differenttime-scaleswith time scalesof minutes,sec-
ondsto severaltensof secondsindon the orderof a round-trip
time. As far aswe know, adjustableresenationson ary time
scalehave not beenstudiedextensvely. A lot of recentresearch
on multimediaadaptationss basedon best-efort service,with
signalingmechanismsuchaspacletlossratesfor feedbacK4].
For example,lossratescanbe determinedrom RTP informa-
tion [8], which is distributedon the orderof five to severaltens
of seconddor modest-sizeecever groups. Dataapplications
caneasilyadjusttheir rateevery round-triptime. However, ad-
justmentanorefrequentthanevery minuteor soarelikely to be
perceptuallyannging to multimediaapplicationsin this paper
we considertthe adaptatioron time scaleof a minuteor longer,
i.e. onceasession.

We considera setof userapplications,requiredto perform
ataskor mission(for example,a video conferencegconsisting
of audio andvideo). The userwould like to determinea set
of transmissiorparametergsendingrate and QoS parameters)
from which it can derive the maximum benefittowards com-
pletingthe mission,subjectto his budget.Consumerén thereal
world generallytry to obtainthe bestpossible“value” for the
mone they pay, subjectto their budgetconstraintsand mini-
mumquality requirementsin otherwords,consumersnaypre-
fer lower quality at a lower priceif they perceve this asmeet-
ing their requirementandoffering bettervalue. Intuitively, this
seemsto be a reasonablanodelin a network with QoS sup-
port, wherea userpaysfor the level of QoShereceves. In our
case,the “value for mong/” obtainedby the usercorresponds
to the surplusbetweenthe utility U(-) with a particularsetof
transmissioparameterandthe chageauserhasto payfor ob-
taining that service. The goal of the adaptatioris to maximize
this surplus,subjectto the budgetconstraintand the minimum
andmaximumQoSrequirement®f theuser



We now considetthesimultaneousidaptatiorof transmission
parameter®f a setof I applicationsperforminga singletask.
ThetransmissioandwidthandQoSparameterfor eachappli-
cationareselectecandadaptedso asto maximizethe mission-
wide“value”percevedby theuser asrepresentelly thesurplus
of the total utility, U, over the total cost. We canthink of the
adaptatiorprocessasthe allocationand dynamicre-allocation
of a finite amountof resourcesetweenthe applications. For
example,in orderto maximizethe overall valueof a videocon-
ferencethetotalamountof resourceseedto bedistributedbe-
tweenaudio and video. The audio applicationmay be given
higher preferenceand weight, and whenthereis a scarcity of
resourcesthe bandwidthandQoSparameter$or videomaybe
reduced.

In this paper we make the simplifying assumptiorthat for
eachapplication,a utility functioncanbe definedasa function
only of thetransmissiomparametersf thatapplicationjndepen-
dentof thetransmissiomparametersf otherapplications Since
we considerutility to beequivalentto a certainmonetaryvalue,
we canwrite thetotal utility of ataskasthe sumof individual
applicationutilities:

U= Z[Ul (Xi (Tspec; Rspec))l, (1)

3

where X is thefunction of thetransmissior{Zs.,.) andquality
of serviceparamete(R,.) tuple for the i;;, application. The
optimizationof surpluscanbewritten as

maxZ[Ui(Xi) — Cot(XY)]

i

S.t.ZCOi(azi) <b, Xi
[3

whereX/ . and X/ .. representhe minimumandmaximum
transmissiorrequirementdor streami, Co’ is the costof the
serviceselectedor streami atrequestedransmissiomparameter
X', andb is the budgetof the userover a time unit (e.qg., per
minuteor persecond).

In practice theapplicationutility is likely to belearntandin-
dicatedby usersatdiscretebandwidthsatoneor afew levelsof
lossanddelay possiblycorrespondindo a subsetwf the avail-
able services. At the currentstageof researchsomepossible
servicesareguaranteed®] andcontrolled-loadservice[10] un-
derthe IntServmodel,and ExpeditedForwarding (EF) [2] and
AssuredForwarding(AF) [3] underDiffServ. In this case,t is
corvenientto representhe utility asapiecaviselinearfunction
of bandwidth(or asa setof suchfunctions,onefor eachlevel
of lossanddelay).A simplifiedalgorithmis proposedn [11] to
searchor the optimal servicerequestsn suchaframework.

At afixed value of lossanddelay we can make somegen-
eral assumptionsboutthe utility function asa function of the
bandwidth(can be equialentbandwidth[12]). A userappli-
cationgenerallyhasa minimum requiremenfor the transmis-
sionbandwidth.It alsoassociatea certainminimumvaluewith
a task, which may be regardedas an “opportunity” value,and
this is the perceved utility whenthe applicationrecevesjust
the minimum requiredbandwidth.A usermay decideto termi-
natetheapplicationif it cannotobtaintheminimumbandwidth,
or whenthe price chagedis higherthanthe opportunityvalue
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derived from keepingthe connectionalive. User experiments
reportedin the literature[13][14] suggesthat utility functions
typically follow a modelof diminishingreturnsto scale thatis,
themaminal utility asa functionof bandwidthdiminisheswith
increasingbandwidth.Also, asshown in [15], the optimal solu-
tionis proportionallyfair' whenall userutilities arelogarithmic.
As users’preferencesire normally concave functionsof band-
width whenthe lossand delay arefixed, and alsoto track the
opporunityvalue a userreseresfor minimum transmissiona
utility functioncanberepresenteds:

x

U(z) = Uy + wlog

©))
Im

whereU (x) denoteghe utility ata particularbandwidthz, .,

representshe minimum bandwidththe applicationrequires,w

representshe sensitvity of the utility to bandwidth,andUj is
themonetary‘opportunity” thatthe userpercevesatthelowest
bandwidthlevel (zmin). Eventhoughwe assumea logarithmic
form for the utility functionin this paper similar resultsareob-
tainedwith otherconcare forms[16].

The utility functionis alsosensitve to network transmission
parametersuchaslossanddelay In our work, we rely onthe
experimentalresultsin [17] which shav that users’perceved
quality for interactive audio decreasesalmostlinearly with ei-
therdelayor loss, with a minimum acceptablejuality require-
ment. More subjectie testsare neededfor other application
types. Currently we assumea similar lineardependencéor all
applications. Accordingly, we representhe utility function of
anapplicationas:

U(z) = Up + wlog wi —kgd—kyl, for > am, @)

wherek, andk; representespectiely the users sensitvity to
delayandloss. In somecases.the users perceved sensitv-
ity may dependon the bandwidthused.For exampletolerance
to delayandlosswill be differentfor differentspeechcodecs.
Sincewe arenotassumingary particularapplicationmodel,we
assumaisers'delayandlosssensitvity arebandwidthindepen-
dentin our simulations A userwith ahighersensitvity to delay
or losswill tendto selecta higherserviceclassratherthanre-
questmorebandwidth.If the utilities of all the applicationsare
representeth theformatof equationd, theoptimizationprocess
for ausertaskwith multiple applicationscanberepresenteds:

. . 7: . . .. . .
max Z[Ué + w'log ;T — kydt — kjI* — pa’]
m

k3

s.t. Zpimi <b,
i

wherep’ is the price (which is the summationof the conges-
tion price andusageprice to be describedn Sectionlll) of the
serviceclassselectedby the application: , D? and L’ arere-
spectvely the lossanddelay boundof an application:, above
which the applicationno longer functionsusefully Note that
thelossi’ anddelayd’ of aserviceclassi canbeobtainedrom
the serviceannouncemerdf the provider. The optimizationof
equation5 will only be performedover the serviceclasseghat

o >ah, d<Di, <L, Vi, (5

A vectorof ratesé: = (z*) is proportionallyfair if it is feasible,andif for
ary otherfeasiblevector s, the aggrgateof proportionalchangess zeroor
<o.

k
T, —T
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canprovidethelevel of lossanddelaybelon the QoSboundsof
acorrespondingpplication.

Theutility for eachuserapplicationis afunctionof theband-
width, delay andloss. It is possibleto representhe above op-
timization problemasa Lagrangianandfind the optimal total
usersurplus(gainedfrom all the applications)directly by op-
timizing over differentdelay loss and bandwidthfor different
applications. However, to avoid the computationcomplexity,
we assumeheavailability of only afew differentlossanddelay
levelscorrespondingo differentserviceclassesandaccordingly
useamoreheuristicmethod.

The optimization involves assigninga serviceclassand a
bandwidthto eachapplicationi. For eachclassassignmentthe
correspondindoss anddelay an applicationwill experiencels
known anddeterminedy the classassignedo the application.
The total usersurplusassociatedvith a classassignmentan
hencebe obtainedby optimizingoverthe bandwidthallocations
only, and the bandwidthallocatedfor an application: canbe
representeds:

(6)

wherew’ representshemoney auserwould spendor anappli-
cationi basednits percevedvalueandis independenof class
assignmentandyp’ is the serviceprice of the classassignedo
application; andwill changewhena differentclassis assigned
to the application. The above bandwidthdistribution is calcu-
latedfor all possibleserviceclassassignmentgconstrainedy
applicationrequirementsand budget), and the one giving the
highesttotal surplusis selectedasthe optimalsolution.

If thereareno serviceclassassignment$or which the opti-
mal distribution of equation6 canbe obtainedat a costbelon
thebudget,thetotal budgetis first distributedto the component
applicationsaccordingo theirrelative bandwidthsensitvity w?.
Thatis, eachapplicationreceivesa budgetshareb’ suchthat

wl

kak.

Eachapplicationis then allocateda servicei and bandwidth
b = Z— which maximizesits individual surplusaccordingto
equatiord.

Note that a users decisionwill not be impactedby other
users individual decision,althoughthe total demandof all the
usersfor a serviceclassin the previous price updatecycle may
modify thecongestiorprice (to bediscussedh thenext section)
of the serviceclass.In this section,we have shovn how a user
canadaptits requestin responsdo price change.In reality, a
usermay be offereda constantandcheapeprice (ascompared
to the onesthat preferconstanservicerate)for a serviceclass,
but will needto adaptits sendingrateat the sameratio thatthe
pricewouldhave beenincreasedvhencongestioappensThis
is supportedy equationg.

Thediscussiorsofarassumethateachpricep’ is thecostper
unit averagebandwidth.A price basedon unit equivalentband-
width [18] maybefairersinceit takesinto accountheburstiness
of usertraffic. In this casethe useradaptatiorof thesourcerate
is morecomplicatedlf effectivebandwidthis usedausercould
calculateanew averagebandwidthwhenthepriceincreasesAl-
ternatively, it couldintroduceadditionalbuffering at the source

bt =b (7)

to reduceits burstinessat the costof a higherdelay thusreduc-
ing the effective bandwidth.

I1l. PRICING STRATEGIES

A few pricing schemearewidely usedin the Internettoday
[19]: access-rate-dependeadhage (AC), volume-dependent
chage (V), or the combinationof the both (AC-V). An AC
chagingschemas usuallyoneof two types:allowing unlimited
use,or allowing limited durationof connectionandchaging a
perhour fee for additionalconnectiontime. Similarly, AC-V
chagingschemesiormallyallow someamountof volumeto be
transmittedor afixedaccesgee,andthenimposea pervolume
chage. Althoughtime-of-daydependenthagingis commonly
usedin telephonenetworks, it is not generallyusedin the cur-
rentinternet.

The current predominantform of Internet pricing in the
United Statesis access-rate-dependdftat chage. A flat rate
chage,althoughsimpleto implements notefficientandforces
light usersto subsidizeheary usersasshown, for example,by
the INDEX experimentsat UC Berkeley [20]. Dueto the lack
of aproperpricingmodel,the providerscannotgeneratenough
revenuefrom the network serviceto sustainthe enormousin-
vestmentequiredto provide the service.And serviceproviders
cannotsupportservicedifferentiationand ary QoS guarantee
thatis requiredby someof the new Internetapplications,such
asreal-timemultimediaapplications Userexperimentg21] in-
dicatethat usage-basegricing is a fair way to chage people
andallocatenetwork resourcesAlthoughthereis a preference
for acheapbesteffort serviceuserswantto beableto choosea
high quality of servicefor importanttasksandarewilling to pay
for it [22]. Both connectiortime andthetransmittedsolumere-
flectthe usageof the network. Chaging basedon connect-time
only works whenresourcedemandsper time unit are roughly
uniform. Sincethis is not the casefor Internetapplicationsand
acrossthe rangeof accessspeedswe only considervolume-
basedchaging.

In this paper we studytwo kinds of volume-basegricing:
a fixed-price(FP) policy with a fixed unit volume price, and
a congestion-price-baseatiaptve service(CRA) in which the
unit volumeprice hasa congestion-sensite componentlin the
fixed price model, the network chagesthe userpervolume of
datatransmittedjndependentf the congestiorstateof the net-
work. Theperbytechagecanbethesameor all serviceclasses
(“flat”, FP-FL),dependon the serviceclass(FP-S),dependon
thetime of day (FP-T)or acombinationof time-of-dayandser
vice class(FP-S-T).

If the price doesnot dependon the congestiorconditionsin
the network, customerswith lessbandwidth-sensitie applica-
tions have no motivationto reducetheir traffic asnetwork con-
gestionincreasesAs a result,eitherthe servicerequestblock-
ing ratewill increaseat the call admissioncontrollevel, or the
paclet delayanddroppingratewill increaseat the queueman-
agementievel. Having a congestion-dependexbmponentn
theserviceprice providesa monetaryincentive for adaptve ap-
plicationsto adapttheir serviceclassand/orsendingratesac-
cordingto network conditions. In periodsof resourcescarcity
quality sensitve applicationscanmaintaintheir resourcdevels
by payingmore, andrelatively quality-insensitie applications
will reducetheir sendingratesor changeto alower classof ser
vice. Thetotal price consistsof a congestion-dependenbm-



ponentand a fixed volume-basedhage. The chagein CFA
hasthe samefour chaging modesasin FR, giving the pricing
modelsCP-FL,CP-S,CP-T, CP-S-T

The purposeof this paperis to developpricing algorithmsfor
efficient resourceprovisioning and servicedifferentiation,and
studytheir performancén anervironmentthatenablesetwork
engineeringontrolandwith traffic dynamics.We thereforefo-
cusonthe FP-SandCP-Smodels.

A. ProposedPricing Scheme

We assumehat routerssupportmultiple serviceclassesand
that eachrouteris partitionedto provide a separatdink band-
width andbuffer spacefor eachservice ateachport. We usethe
framawork of the competitve market model[23]. The compet-
itive market modeldefinestwo kinds of agents:.consumersand
producers Consumerseekresourcesrom producersandpro-
ducerscreateor own theresourcesThe exchangerateof a re-
sourceds calledits price. Theroutersareconsideredhe produc-
ersandown the link bandwidthandbuffer spacefor eachout-
put port. Theflows (individual flows or aggreyateof flows) are
considerectonsumersvho consumeesourcesThecongestion-
dependentomponenbf the servicepriceis computedperiodi-
cally, with a pricecomputatiorinterval 7. Thetotal demandor
link bandwidthis basedntheaggrejatebandwidthresenedon
the link for a price computationinterval, andthe total demand
for the buffer spaceat an outputport is the averagebuffer oc-
cupang duringtheinterval. The supply bandwidthand buffer
spaceneednot be equalto the installedcapacity;instead they
arethetargetecbandwidthandbuffer spacautilization. Thecon-
gestionprice will be levied oncethe total demandexceedsa
provider-setfraction of the availablebandwidthor buffer space.
We now discusgthe formulationof the fixed chage, which we
decomposénto holding charge andusage charge, andthe for-
mulationof the congestioncharge.

A.1 Holding Chage

If admissioncontrol is enforced,the applicationsadmitted
into the network will imposean opportunitycostby depriving
otherapplicationof the opportunityto be admitted,evenif the
resourcesare not actually being used. If a particularflow or
flow-aggreyatedoesnot completelyutilize theresourcegbuffer
spaceor bandwidth)setasidefor it, the scheduleigenerallyal-
lowstheresourceso beusedby excesdraffic from alowerlevel
of service.Theholdingchagereflectshecostimposedy users
notutilizing resourcesetasidefor them. It is determinedased
ontherevenudostby the providerbecausénsteadof sellingthe
allottedresourcesttheusageprice of the givenservicelevel (if
all of theresenedresourcesvereconsumed)t sellstheunused
partof the resourcest the usageprice of alower servicelevel.
The holding price (p;) of a serviceclass; is thereforesetto
reflectthe differencebetweerthe usageprice for thatclassand
the usageprice for the next lower serviceclassandcanbe rep-
resenteds:

pl = vl —pi (8

Theholdingchagec,’ (n) whena customeri resenesband-

width % (n) from class;j duringtime periodn is givenby:
e (n) = p},(r' (n)r? — v (n)),

©)

wherer/ is thelengthof negotiationinterval for classj, v/ (n)
is the traffic sentby useri over the periodn, and r* (n)77 —
v%(n) is the bandwidthnot usedby the user % (n) canbe a
bandwidthrequirementspecifiedexplicitly by the customer:,
or estimatedfrom the traffic specificationand servicerequest
of the customer Note thata userthatdoesnot usethe resource
resenedshouldnotbechagedmorethantheusagechagewhen
his transmissiorconsumeshe sameamountof resourcesThat
is, the holding price shouldnot be higherthanthe usageprice.

A.2 UsageChage

The usagechageis determinedyy the actualresourceson-
sumedtheaverageuserdemandthelevel of serviceguaranteed
to the user and the elasticity of the traffic. The usageprice
(pu) Will be setsuchthatit allows a retail network to recover
thecostof the purchasdrom thewholesalemarket, andvarious
fixed costsassociateavith the service.In a network supporting
multiple classe®f service thedifferencen the chagebetween
differentserviceclassesvould presumablydependon the dif-
ferencen performancéetweerthe classesThemodelwe con-
sideris a network supportingJ classe®f servicesthe service
pricefor class;j is pJ,, thelongtime userbandwidthdemandor
classj is known (e.g.,throughstatisticslandcanberepresented
asz’. Theprovider'sdecisionproblemis to choosethe optimal
pricesfor eachclassthatoptimizeits profit;

J
max[) _pl, — F(C)),

J
subjectto: ij <,
J

(10)

whereC is thebandwidthavailability of the network, and f (C')
is the network bandwidthcostduringoneunit of time.

If we assumeheusershave theutility functionsof Sectionll,
thetotal demandof serviceclass;j canberepresentedsa con-
stantelasticitymodel: 2/ = A7 /pJ, which variesinverselywith
thepriceof theserviceclass.A7 reflectsthetotal willingnessto
payof usersbelongingto serviceclass;.

Servicepricing for differentiatedservice

DiffServsupportsSLA negotiationbetweenthe userandthe
network. An SLA generallyincludestraffic parameterswhich
describethe users traffic profile, and performanceparameters,
which characterizehe level of performancethat the network
promisesto provide to the conformingpart of the users traf-
fic. A widely useddescriptorfor a users traffic profile con-
sistsof a peakrate, a sustainableate, and a maximumburst
tolerance.The generallyconsideredQoS parametersredelay
andloss. Mechanismssuchasweightedfair queuing(WFQ)
[24][25][26] and classbasedqueuing(CBQ) [27] canbe used
to provision resourcedor differentserviceclasses.In general,
a classwith lower load leadsto lower delay expectation. A
higherlevel of serviceclassis expectedo have alower average
load,andhencdower averagedelay If we donotconsideffixed
costsdueto provider’s policiesandbusinessoperationgwhich
canbe a fixed item amortizedover time), chaging servicesn-
verselyproportionalto their individual expectedioad seemgo



reasonablyeflectthe costof providing the servicesandthe dif-

ferencedetweertheir performance.Denotingthe equilibrium
unit bandwidthprice at a nodeunderfull utilization by pyasic,

and the expectedutilization of serviceclassj by p7, the unit
bandwidthprice for serviceclass;j canthen be estimatedas
) = peasic/p’. The effective bandwidthconsumptionof an
applicationwith ratez® canberepresentedsz® /p’. For con-
stantelasticitydemand,z/ = A7 /pi, the effective bandwidth
consumptioris A7 /(pJ p?). Thenthe price optimizationprob-
lem of equationl0 canbewritten as

DPuasic
: b

J .
AT .
max[» —pl —f(O), pl=
Pl ; P, “ “

pJ
J Aj
subjectto: Z — < C. (11)
J .
7 PupPj
The Lagrangiarfor the problemcanberepresenteds
T Y
max Al 4 \(C - =2 — f(O)]. 12
ax}_ AT+ X(C - ) = F(O) (12)
J
The optimalsolutionis:
J 4 J 45
Phasic = 2 A pl, = Dhasic _ 2, (13)
basic C ’ u pj ij -

The bandwidthprovisionedfor a serviceclass; will thenbe
givenby A7 /py.sic, andis proportionatto total userwillingness
to pay for thatclass. Note that eventhoughthe objective func-
tion of equationll no longerdependn usagepriceif a con-
stantdemandfunctionis assumedthe impactof usagepriceis
reflectedthroughthe constraintfunction. The serviceselection
of auserwill beaffectedbothby the pricesandservicequality
of differentclassesSmallpricedifferencemaynotleaduserso
migratebetweerclassesOncea userselectsa servicelevel, we
assumehe amountof resourceshe userrequiresonly depends
on the price of the selectectlass.Also, the usageprice andre-
sourceprovisioningof a classwill be adjustedoverlongertime
scales,dependingon the long-termtotal averageuserdemand
of differentclassesSothelong-termaverageuserdemandwill
mainly dependon the price of the selectedclass. As we will
seelater, in short-term,individual userscan be encouragedo
migratebetweerclasseglueto traffic dynamicsandcongestion
pricing.

Theusagechageci/ (n) for classj overaperiodn in which
v% (n) bytesweretransmitteds givenby

& (n) = pho™ (). (14)

Initially, the usagepricesare setbasedon historic data. The
pricescan be varied accordingto the usagepatternsobsened
overalong-termperiod.

A.3 CongestiorChage

A simpleusage-basechaging schemeamonitorsthedatavol-
umetransmittedand chaigesusersbasedon their averagerate.
Chaging accordingto the meanrate,althoughencouraginghe

userto usenetwork bandwidthmore efficiently, doesnot dis-
courageusersfrom selectingloosetraffic contractsand send-
ing the worst-casdraffic allowed by their contract,which cre-
ate problemsfor network traffic managementAn appropriate
pricing schemeshould provide usersincentivesto selecttraf-
fic contractghatreflecttheir actualneeds.Effective bandwidth
[12][28] and pricing basedon effective bandwidth[18] have
beenproposedn a multiple-service-clasgrvironment. How-
ever, effective bandwidthnormally accountdor the worst-case
traffic subjectto the traffic profile of the SLA. Hence,the con-
tract for typical usershasan effective bandwidthmuch larger
thanthe meanrate,andprovisioningbasedon equivalentband-
width is not economicallyefficient in a DiffServ ervironment.
In addition, performanceguarantee#n DiffServarequalitative
and canbe very loose. This may malke it difficult to evaluate
the equialentbandwidth. SinceDiffServ doesnot allocatere-
sourcego applicationsbasedon their effective bandwidth,but
only provide usersanaverageperformanceeflectingtheservice
level, it appearaunfair to chaige usersbasedon their effective
bandwidthwhich canbe derived from the userprofile declara-
tion or throughusertraffic measurements.

To encourageusersto reducetheir resourcerequirements
under network resourcecontention,we proposean additional
congestion-sensitée price componentunder theseconditions.
The generalnetwork resourcesconsideredare bandwidthand
buffer space. Two kinds of congestiorpricing can be consid-
ered: pricing when the expectedload boundis exceeded,or
pricing when buffer occupang reachescertainlevel. In the
first case whenthe averagedemandor a certainclassexceeds
a threshold,an additionalcongestionprice is chaiged over all
usersof thatclass.

In the caseof priority dropping for AF class, the drop-
ping precedencés only consideredvhenthe buffer occupang
reachedifferentthresholds. When eachthresholdis reached,
userpacletswith thecorrespondingrecedenckevel beginto be
droppedwith a certainprobability, anduserswith higherprece-
dencelevelsarechagedthe additionalbuffer price. Therefore,
the higherprecedenceiserspay the sum of buffer pricescor
respondingo all the exceededhresholds.During congestion,
lower precedenceserswill suffer lost paclets,or reducetheir
rate,or smoothertheirtraffic atthe source(atthe costof higher
delaydueto buffering), or changeto a higherprecedencand
paya higherprice.

Both kinds of congestiorprice for a serviceclasscanbe cal-
culatedasan iterative tatonnemenprocesq23], which imple-
mentsthe welfare theory in a competitve market. The price
changeupwardwhenaggreyateuserdemandexceedsesource
supply and downward when demandis lower thanthe supply
drivesthedemandandsupplytowardsequilibrium.

In this paper we considerpricing basedon the load level of
aserviceclass.Congestiompricefor aninterval n canbecalcu-
latedthroughaniterative titonnemenprocessas:

pi(n) = min[{pi(n — 1) + o7 (27 — pl)/pL, 0}, Phuaal,

wherex/ andp’ representhecurrenttotal offerednetwork load
andtargetbandwidthutilization for serviceclass; respectiely,
o’ is afactorusedto adjustthe corvergencespeed, andp?, ..
is the highestcongestiompricethatcanbe applied.

(15)

2For anintegral controller higher control gain o leadsto a fasterresponse
of the congestionprice p.. However, large valuesof o can causeexcessie



Equation 15 follows the integral control law [29] to drive
the userdemandtiowardsthe target bandwidthutilization. The
routerbeginsto applythecongestiorchageonly whenthetotal
demandexceedsthe supply Even after the congestionis re-
moved,a non-zero put graduallydecreasingongestiorchage
is applieduntil it falls to zeroto protectagainstfurther conges-
tion. The maximumcongestiorpriceis boundedby the p/, ...
Whena serviceclassneedsadmissioncontrol, all new arrivals
arerejectedwhenthe price reaches?, ... If pl reache®?, ..
frequently it indicatesthat more resourcesare neededfor the
correspondingervice or usagepricefor a classneedgo bead-
justedto reflectthe new demandstatistics. For a periodn, the

total congestiorchageis givenby

¢ (n) = pl(n)o¥ (n).

Basedon the price formulation stratgy describedabove, a

router arrives at a cost structurefor a particularflow or flow-

aggrejateat the end of eachprice updateinterval. The total
chagefor asessioris givenby

(16)

N
o = I = () + (G + PN ()], (D)

whereN is thetotal numberof intervalsspannedy a session.

In somecasesthe network may setthe usagechageto zero,
imposinga holding chage for reservingresource®nly, and/or
acongestiorchaigeduring resourcecontention Also, the hold-
ing chagewould be setto zerofor servicesvithout explicit re-
sourceresenationor admissiorcontrol,for example besteffort
service.

Even thoughwe have introduceda pricing modelthat con-
sistsof differentpricing componentsthe endusersonly needs
to know the total price of a serviceclass. At servicerequest
time, a usercanassumat will useall the resourcerequested,
andhencethe holding chage will be zero. Therefore network
only needsto announcehe price of a serviceclassasthe to-
tal of usageprice and congestionprice. As both usageprice
andcongestiorpricearevolumedependentheusercanusethe
equatiorpresentedh Sectionll to calaculatets servicerequests
accordingly

B. SystenStabilityand NetworkDynamics

Application adaptationas well as applicationsenteringand
leaving the network lead to resourcere-allocationand possi-
bly adjustmentf serviceprices. There-neyotiationof network
serviceswill generallybe driven by price or userrequirement
changes.In our proposedpricing strateyy, threeprice compo-
nentsare consideredholding price (py,), usageprice (p,,), and
congestiorprice(p.). For aspecificnetwork provider, the hold-
ing price (p,) andusageprice (p,,) for a particularserviceare
fixed or changeinfrequently Hence,only the stability of the
congestiorprice needsto be considered We show the stability
of our pricing algorithmin the appendix.

Sincethe userdemandwill changeas usersjoin andleave,
a new stableprice may be reachedas the total userdemand

oscillationor instabilities.Also, if minimumandmaximumlimits aresetonthe
congestiorprice (say zeroandpmax respectiely), settingo too high canforce
pc into oneof thelimit states Assumee is thelargesterrorthatoccursin closed-
loop operation;to avoid forcing p. into a limit state,c shouldbe setno higher
than Zmax

€

changes.In our proof of price stability, the userresourcere-
questareassumedo be known instantaneouslyFor a network
with transmissiordelay this assumptionmay not betrue. How-
ever, we studythe pricing modelsin the ervironmentwherethe
network adjustspricing periodicallyin thetime scaleof minute
or longer Sincethe time period betweenprice adjustmentss
relatively long, the network transmissiordelay hasnegligible
impacton the systemperformanceand stability, which is con-
firmedby our simulations.

On the other hand, even thoughthe network canreachsta-
bility for ary fixed setof bandwidthrequirementsthe stability
canbe disturbedwhennew applicationsenterthe network and
existing applicationdeave the network. In addition,bandwidth
adaptationby a numberof userssharingthe samelink band-
width canalsoleadto the oscillation of the systemprice and
userrequestsbeforethe demandandsupplyreachequilibrium.

In the core network, oscillatory behaior canbe minimized
by allocatingresourcesn blocks,reducingthefrequeny of re-
sourcere-allocationandhenceprice adjustment.Theresources
negotiatedwill be incrementedr decrementedvith somemin-
imum granularity Whenthe sum of userrequestsapproaches
theresourcesesenedfor the aggreyate,an additionalblock of
resourcesanberesened. Similarly, theresourceseseredare
decrementedn blocks as the requestedhandwidthdecreases.
The largerthe block, the lessfrequentlythe resourcesieedto
be re-negyotiated,but a higherholding costmay be incurredfor
resourcesinderutilized. In our work, we alsouseda price ad-
justmentthresholdparametet for aserviceclass; to limit the
frequeng with whichthepriceis updated.Thecongestiorprice
is updatedf thecalculatecpriceincremenexceed9’ p/ (n—1).

I'V. RESOURCE NEGOTIATION THROUGH RNAP

The pricing algorithmsand adaptatiorframework presented
in this paperdo not dependon ary particularnetwork architec-
ture or protocol. However in this paper we simulatedour re-
sultsin anervironmentsupportingdynamicservicenegotiation
throughthe ResourceéNegotiationandPricing protocol(RNAP)
[51[?], usinga centralized RNAP-C) network managemenéar-
chitecture. We first briefly review the RNAP framework, and
thendescribethe pricing andchageformulationprocesaused.

We assumethat the network provides serviceswith certain
QoScharacteristic$o userapplicationsandchagespricesfor
theseservicesTheservicepricesmayvary with the availability
of network resources Network resourcesre obtainedby user
applicationghroughnegotiationbetweertheHostResourcéNe-
gotiator(HRN) on the userside,anda Network ResourceNe-
gotiator(NRN) actingon behalfof the network. The HRN ne-
gotiateson behalfof oneor multiple applicationselongingto a
multimediasystem.The usersknow thefixed servicepricesfor
differentserviceclasses.In addition,in an RNAP sessionthe
NRN periodicallyprovidesthe HRN updatedcongestiomrices
for a setof servicesthrougha Quotationmessage.Basedon
thisinformationandcurrentapplicationrequirementsthe HRN
determineghe optimaltransmissiorbandwidthandservicepa-
rametergor eachapplication.It re-neyotiateghecontracteder
vicesby sendinga Reservanessagéo the NRN, andreceving
a Commitmessagasconfirmationor denial.

TheHRN only interactswith thelocal NRN. If its application
flows traversemultiple domainsto reducethe overheaddueto
perflow RNAP messag@rocessingandstoragewe considera
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sink-treebasedaggreationschemeas shovn in Fig. 1. The
aggreyationand de-aggrgationentitiesare NRNs. At an ag-
gregatingNRN ‘a’ or ‘c’, the aggrgyateReservemessagawill
be formedand sentdomainby domaintowardsthe destination
domainNRN ‘b’. Multiple levels of aggreyationcanoccut so
that aggrejatemessagesare aggrgyatedin turn, resultingin a
progressiely thicker aggreyate“pipe” towardsthe root of the
sink-tree. The addressof the destinationdomainNRN is lo-
catedthroughDNS SRV [?]. In addition, the accessddomain
NRN encapsulatethe per flow Reservemessagesvith UDP
paclet headersandtunnelsthemdirectly to the destinationdo-
mainNRN ‘b’ to reseneresourcedn thedestinatiordomain.

ThedestinatiordomainNRN sendsa Commitmessagethop
by hop” (eachhopis onedomain)upstreamtowardsthe source
in responsdo an aggrejateReservemessage.The intermedi-
atedomainNRNs will deaggrgatethe messagerogressiely
asanaggrejateresponsenessag@assedy. They will mapthe
aggrejate-level pricing andchaging (returnedby the aggreyate
sessiorQuotationandCommitmessagedp pricesandchages
for thecorrespondingleaggrgatedmessagebasednthelocal
policy. All the perflow responsenessageare tunneledfrom
destinationrdomaindirectly to the accesslomainof the source.
Thereis a similar messagdow for RNAP Quotationmessages
in the upstreamdirection. With aggreyation,the RNAP mes-
sagesare processe@t muchlarger granularityin the core net-
works.

The NRN maintaindocal stateinformationfor a domainfor
chaging and other purposes.It makesthe admissiondecision
anddecideghe pricefor a service basedn the servicespecifi-
cationsalone,or by alsotakinginto accountoutingandconfig-
uration policiesand network load. In the latter case the NRN
sits at a routerthat belongsto a link-staterouting domain(for
examplean OSPFarea)andhasanidenticallink statedatabase
asotherroutersin thedomain.This allowsit to calculateall the
routingtablesof all otherroutersin the domainusingDijkstra’s

algorithm.

The NRN maintainsa domainrouting table which finds ary
flow routethateitherendsin its own domain,or usesits domain
asa transitdomain(Fig. 2). Thedomainroutingtablewill be
updatedwhenever the link statedatabases changed.A NRN
alsomaintainsa resourcdable,which allows it to keeptrack of
theavailability anddynamicusageof theresourcegbandwidth,
buffer space).In general the resourceable storesresourcen-
formationfor eachserviceprovided at a router The resource
tableallows the NRN to computea local price for eachrouter
(for instanceusingtheusage-basegricing strateyy describedn
Sectionlll). ForaparticularservicerequesttheNRN firstlooks
up the pathon which resourcearerequestedisingthe domain
routingtable,andthenusesthe perrouterpricesto computethe
accumulatedrice alongthis path. The resourcetablealsofa-
cilitatesmonitoringandprovisioningof resourcesttherouters.
To enablethe NRN to collect resourceinformation, routersin
the domainperiodically reportlocal stateinformation (for in-
stance averagebuffer occupang andbandwidthutilization) to
theNRN. In this paperwe extend COPS[30] for this purpose.

To computethe chage for a flow, ingressroutersmaintain
perflow (or aggreyatediow from neighboringdomain)statein-
formationaboutthe datavolume transmittedduring a negotia-
tion period. This informationis periodicallytransmittecto the
NRN, allowing the NRN to computethe chaigefor the period.

A network domainmanagests own pricing scheme(which
may be congestiorsensitve or static)independenbf otherdo-
mains,and will have its own per unit resourcecostsfor each
class. When an userflow traversesmultiple domains,RNAP
messagingeollatespricing and billing information from each
domainanddeterminethetotal price/chagefor the user

V. SIMULATION MODEL

In this sectionwe describeour simulationmodelfor the CFA
andFP policies. We simulatea singleDiffServ servicedomain,
underwhich resourcesrenot explicitly reseredfor eachflow.
We simulatethe serviceperformancevith or withoutadmission
control from the domain. Userresourcerequirementsare de-
claredexplicitly throughRNAP, allowing admissioncontrol to
be enforcedif requiredin an experiment. The individual and
totaluserresourcalemandsrealsoobtainedthroughmeasure-
ment. Priceandnetwork statisticsaresignaledto usersthrough
RNAP.

We usedthe networksimulator[31] ervironmentto simulate
two network topologiesshawnin Fig. 3 andFig. 4. Topology1l
containgwo backboneodes six accesmodesandtwenty-four
endnodes.Topologytwo containsfive backbonenodes fifteen
accessiodes andsixty endnodes.Topologytwo wasalsoused
in [32]. All links arefull duplex andpoint-to-point. The links
connectinghebackbonenodesare3 Mb/s, thelinks connecting
theaccessiodegdo thebackboneodesare2 Mb/s, andthelinks
connectingthe end nodesto the accessodesare 1 Mb/s. At
eachendnode thereis afixednumberN, of sendingusers.We
usetopology 1 in mostof our simulationsto allow congestion
to be simulatedat a singlebottlenecknode,andusetopology 2
toillustratethe CPA performanceinderamoregenerahetwork
topology[33].

We modified the DiffServ module developedby SeanMur-
phy to supportdynamicSLA negotiation,and monitorthe user
traffic at ingresspoint. A Weighted-Round-Robischeduleiis
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modeledat eachnode,with weightsdistributedequallyamong
EF, AF, and Best Effort (BE) classes. Although the DiffServ
proposalsmentionfour AF classeswith threelevels of drop
precedence eachwe only simulatedoneAF classto makethe
simulationdessresource-intense, sincethis doesnotaffectthe
generalresultsin ary way. Threedifferentbuffer management
algorithmsareusedfor differentDiffServclasses tail-dropping
for EF, RED-with-In-Out[34] for AF, andRandonEarly Detec-
tion [35] for the BE traffic. Thedefaultqueudengthfor EF, AF
andBE aresetrespectiely to 50, 100, 200 packets. Otherpa-
rametersare setto the default valuesin the networksimulator
implementation.

A combinationof exponentialon-off andParetoon-off traffic
sourcesare usedin the simulation. Unlessotherwisespecified,
thetraffic consistof 50%of eachfor all theserviceclassesand
the ontime andoff time areboth setto 0.5 secondsThe shape
parametefor Paretosourcess setto 1.5. Themeanpacletsize
is setto 200 bytes. Thetraffic conditionersare configuredwith
one profile for eachtraffic source,with peakrate and bucket
sizesetto the on-off sourcepeakrateandmaximumamountof
traffic sentduringanon periodrespectrely for bothEF andAF
classes.

We alsocharacterizahe systemload by burst index and of-
fered load. The burstindex is definedas OffTime/(OnTme +
OffTime) for bothtypesof on-off sources.The offeredload for
a serviceclassis definedasthe ratio betweenrthe total userre-
sourcerequiremenftor a servicetype, andthe configuredclass
capacityat the bottleneck. Underthe FP policy, the total user
resourcerequiremenis alsothe actualresourcedemandfrom
all the users.Underthe CPA policy, the total userresourcere-
guirementis what the total resourcedemandwould beif there
were no resourcecontentionat the bottleneckandthe network
did notimposeanadditionalcongestion-dependeptice.

User requestsare generatedaccordingto a Poissonarrival
processandthelifetime of eachflow is exponentiallydistributed
with anaveragdengthof 10 minutes.In topology1, usersfrom
the sendesideindependentlynitialize unidirectionalflows to-
wardsrandomlyselectedecever sideendnodes.N flows will
beinitialized atonenode.At most12N; flows (60 sessionsvith

N setto 5) canrun simultaneouslyin the whole network. In
topology 2, all the usersinitialize unidirectionalflows towards
randomlyselectecendnodes. At most60N; userg360sessions
with N, setto 6) areallowedto run simultaneouslyn thewhole
network.

For easeof understandingall pricesin this sectionaregiven
in termsof price perminuteof a 64 kb/stransmissiongurrently
equialentto a telephonecall. The basicprice chagedby the
FP policy, andthe basicusageprice chagedby CPA (ppasic),
are both setto $0.08/min. We setthe tamget averageload of
the EF classat 40%, the AF classat 60%, and the BE class
at 90%. Therefore,basedon the pricing stratgy proposedn
Sectionlll, the usageprice for EF, AF andBE classesare set
respectiely as $0.20/min,$0.13/min,and $0.089/min. When
admissioncontrol is enforced,the holding price for the CPA
policy is correspondinglysetto $0.067/minfor EF class,and
$0.044/minfor AF class.

Congestiorpricing is appliedwheninstantaneousisageex-
ceedsthe target load thresholdof eachclassor whenthe loss
or delay exceedsl /3 of the boundsat a nodeassociatedvith
the class(delayboundof 2 ms, 5 ms,and 100 ms respectiely
for EF, AF, andBE, andlossboundsof 1076, 10~4 and 102
respectiely). The priceadjustmenproceduras alsocontrolled
by a pair of parametersthe price adjustmenstepo from equa-
tion 15 andthe price adjustmenthresholdparametep, defined
in Sectionlll. Unlessotherwisespecified valuesof o = 0.06
andf = 0.05 areused.

Theusersareassumedo have the generalform of the utility
functionshawn in Sectionll. At the beginning of eachexperi-
ment,theuserpopulationis dividedinto usersof theEF, AF and
BE classesalthoughin someexperimentsthey are allowed to
adaptto price changedy switchingto a differentclass.

For EF users,the elasticity factor factor w (which is also
theusers willingnessto pay), is uniformly distributedbetween
$0.13/minand$0.40/minfor a 64 kb/s bandwidth. For AF and
BE users, it is uniformly distributed between$0.09/minand
$0.26/min,and$0.06/minand$0.18/minrespectrely. Themin-
imum delayandlossrequirement$or eachtype of usersareset
to bethe sameasthe expectedperformancéoundof the corre-
spondingserviceclass.Theopportunitycostparametet/, is set
totheamountauseris willing to payfor its minimumbandwidth
requirementandis hencegivenby Uy = phigh - Zmin, Where
Dhigh IS the maximumprice the userwill pay beforeterminat-
ing his connectioraltogether Usersre-ngyotiatetheir resource
requirementsvith a periodof 30 secondsn all theexperiments.
Thetotal simulationtime for eachexperiments 20,000seconds.

We use a numberof engineeringand economicmetricsto
evaluateour experiments.The engineeringmetricsincludethe
averagetraffic arrival rateat the bottleneck the averagepaclet
delay the averagepaclet lossrate,andthe userrequestblock-
ing probability The averagesare computedas exponentially
weightedmoving averages.The economigperformancametrics
include the averageuserbenefit(the perceved value obtained
by usersbasedon their utility functions),the end-to-endorice
for eachserviceclass.

V1. RESULTS AND DISCUSSION

In this section,we simulatethe FP policy and CFA policy
underidenticaltraffic conditions,andcomparethe relative per
formance.



For easeof presentationa singletraffic parametefor the AF
classwasvariedin eachexperiment,andits effecton CPA and
FP policy performancavasstudied.We conductedour groups
of experimentsln thefirst andsecondgroups,we vary theload
burstinessand averageload respectiely of the AF class,and
evaluatethe improvementsgiven by CPA over FP. In the third
experiment,incentive driven traffic migration betweenclasses
is shawvn to improve the overall systemperformanceln thelast
experiment,we shav that admissioncontrol to a serviceclass
is critical in maintainingexpectedperformancdevels. Combin-
ing admissioncontrol with userserviceadaptationeffectively
reducegherequesblockingrate.

A. Effectof Traffic Burstiness

We first comparethe performanceof FP and CFA policies
asthe burstindex of AF classincreasesat a constantaverage
offeredloadof 60%.

Fig. 5 (a) shows that the averageAF price increasesinder
CPA dueto the increasingcongestiorprice asthe burstindex
exceedsD.4. In responsethe AF traffic backsoff. Fig. 5 (a)
alsoshaws thatthe standardieviationin the AF priceincreases
with the burstindex, indicatinggreaterfluctuationsin the price.
Fig. 5 (b) shows the dynamicvariationof the AF classprice at
threedifferentlevels of burstinessgonfirmingthis trend.

Fig. 5 (c) and (d) shav that under FP policy the average
paclet delay and loss of the AF classincreasesharplyasthe
burstindex exceed).4. As aresultof the usertraffic back-of
underCPA thedelayandlossof AF classarewell controlledbe-
low the respectie performancéoundsof 5 msand10~* upto
aburstindex of 0.8. Theaverageuserbenefitfor CPA (Fig. 5f)
decreasedueto thereductionof bandwidth but remainshigher
thanthat of the FP policy. Thereis alsoa smallerdegradation
in the performanceof the BE classat high burstindices. This
appeargo be becausdhe BE classoperatesundera relatively
high load, andthereforeborrons bandwidthfrom the AF class
whenthe AF classis lightly loaded.It cannolongerdo sowhen
the AF traffic burstinessncreases.

The resultsin this sectionindicatethatthe CFA policy takes
adwantageof applicationadaptvity for significantgainsin net-
work performanceand perceved user benefit, relative to the
fixed-pricepolicy. The congestion-basegricing is stableand
effective.

B. Effectof Traffic Load

In this simulation,we keeptheloadandburstinesof EF class
andBE classandthe burstindex of the AF classattheir default
values,andvary the offeredload of AF class. The averageAF
price underCFA is seento increasewith offeredload (Fig. 6
(a)). The standarddeviation of the price shawvs an increaseto
a certainlevel andthen a decrease.Initially, the price devia-
tion increaseslueto the moreaggressie congestiorcontrol. At
heavy loads theincreasednultiplexing of userdemandsmooths
thetotaldemandandthereforereducedluctuationsn theprice.
Fig. 6 (e) shavs thatthe actualarrival rate of AF underCRA
backsoff asusersadaptto the higherprice.

Figs. 6 (c) and(d) showv thatthe delayandlossof AF class
underFPquickly increasesftertheofferedloadincreasesbove
0.6 and approacheshe provisionedcapacity As a result, the
performanceboundsfor AF classcanno longerbe met. The
high AF loadalsodegradesBE performanceThisis apparently

becauseBE operatesat a high load (0.9) andtendsto borron
bandwidthfrom AF and EF whenthe latter classesre lightly
loaded.

Figs. 6 (c), (d), and (e) shav that CPA coupledwith user
adaptationis ableto control congestiorand maintainthe total
traffic load of a serviceclassat the targetedevel, andhenceal-
lowstheserviceclassto meettheexpectedperformancdounds.
Similarto our obsenationin SectionVI-A, if thenominalprice
of the systemcorrectlyreflectlong-termuserdemandgdynamic
pricingdrivenservicere-ngyotiationcaneffectively limits short-
termfluctuationsin load. Usageprice of a classshouldbe ad-
justedif persistenhigh userdemancdexist for aservice.

C. LoadBalancebetweerClasses

As seerfrom the previoussection the performancef aclass
will suffer if the load into that classis too high. In general,a
userunderCPA policy will selectaserviceclasswhich provides
it thehighestbenefitbasednthepriceandperformancgaram-
etersof aclassasannouncedby theproviders. The performance
parametersare generallybasedon long-termstatistics. In this
section,we assumehat a usercanlearnfrom network perfor
mancedatareceved over a short period, and selectthe class
thatwould provide the highestbenefitbasedon the userutility
function, network performancestatisticsand serviceprice, as
discussedn Sectionll.

In this simulation,the EF and BE classesareloadedat 30%
and80%respectiely. Whentheload of AF classincreasesthe
performanceof AF classdegradesand congestionprice is in-
voked. In responsesomeapplicationsswitchfrom the AF class
tothe EF classwhich providesbetterperformancguaranteegr
BE classwhichallowsit morebandwidthatacheapeprice. As
theresultof this re-selectiontheloadis betterbalancedacross
classesandoverall performancef the systemimproves(Fig. 7
(c) and(d)). Fig. 7 (a) shaws thatwith load balancingin com-
bination with adaptationwithin a single class,the congestion
price needso beinvoked muchlessoftenthanwith adaptation
within aclassonly, asin Fig. 6 (b). The proportionof migrating
traffic is shovn in Fig. 7 (b). We seeevenwhena small por-
tion of usersselectotherserviceclassesthe performancef the
overloadedclassis greatlyimproved.

D. Effectof AdmissionControl

We have seenthatthe performanceof a classcannot be ex-
pectedwithout any admissiorcontrol. In this section,we com-
parethe performanceof FPandCPA for a network with admis-
sion control for EF and AF class. The admissionthresholdfor
eachclassis setto 1.5timesthetargetloadto increasehe effi-
cieng of thenetwork.

With admissioncontrol, the performanceof EF and AF
classesarewell controlled(Fig. 8 c andd). However, dueto the
burstinesf thetraffic, the blockingrateunderFPis high even
atavery smallofferedload (Fig. 8 b), andincreasesimostlin-
earlyasthe offeredloadincrease®eyond0.6. With congestion
controlandservicecontractre-neyotiation,the blocking rate of
CRA is seento be up to 30 timessmallerthanthatunderthe FP
policy, andactuallystartsto decreasafterreachingg maximum
at offeredload 0.8. This is becausehe price adjustmentstep
is proportionalto the excessbandwidthabove the targeteduti-
lization andincreasegprogressiely fasterwith offeredload at
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higherloads,andthe userbandwidthrequestdecreasepropor
tionally with the price accordingto the generalutility function
of Sectionll. Comparedo SectionVI-B, the averageprice un-
derCPA (Fig. 8 a) is boundedo a smallervalueat high offered
loads,andhasa smallerfluctuation.

The resultsindicate that admissioncontrol is importantin
maintainingthe expectedperformanceof a class. However,
admissioncontrol by itself may lead to a high blocking rate
due to the network dynamics. By combiningadmissioncon-
trol with usertraffic adaptationthe network is moreefficiently
used.With admissiorcontrol,thedynamicsof thenetwork price
canalsobe bettercontrolled,sothatusershave a morereliable
expectationof the price.

VIl. RELATED WORK

Microeconomic principles have been applied to various
network traffic managementproblems. The studies in

[36][37][38][39][ 15] are basedon a maximizationprocessto

determinethe optimal resourceallocationsuchthat the utility

(a function that mapsa resourceamountto a usersatisaction
level) of a groupof usersis maximized.Theseapproachesor-

mally rely on a centralizedoptimization processwhich does
not scale. Also, someof the algorithmsassumehe knowledge
of theusers utility functions,whichis generallynot practical.

Theoreticaframenorks of congestiorpricing have beendis-
cussedthoroughlyby several authors[15][40][41][42]. Kelly
etal [15] andLow etal [40] shav how selfishusers seekingto
maximizetheirown netbenefit,canbegiventherightincentves
soasto globally optimizethe socialbenefit. ECN-basednark-
ing hasbeenproposedn [41] to corvey congestiorinformation
backto the endsystemsandthe resultingsystemcorvergesto
an optimal systemstateaslong asall utility curvesarestrictly
concae. Insteadof only marking the paclets, the authorsin
[42] proposedassigningeachpaclet a price to reflectthe con-
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gestionof thenetwork. Theseschemesissumenetwork services
arebest-efort, andrely on a pure market mechanisnto maxi-
mizesocialbenefit.It is alsonot clearwhetherall thetheoretical
resultshold in the presencef transmissiordelayatthe scaleof
alargenetwork.

Severalauction-basedechanismbsave beenstudiedto elicit
truthfully reporteduserutility functionsandencouragéehe effi-
cientutilization of scarcenetwork resourcesln the“smartmar
ket” model[43], eachpacketheadercontainsabid field, andthe
pacletis admittedif the bid exceedshe currentcutoff amount,
determinecby the mamginal congestiorcosts. The mechanism
only provides a priority relative to other users,andis not an
absolutepromiseof service.lssueghatneedto beaddresseh-
cludeaccountingcompleity, serviceinterruptionsduringtraffic
peaks.anduserresponséo fluctuationsin price. The modelin
[44] supportanultiple levelsof QoSguaranteesTheimplemen-
tationschemas againcalled“smartmarket”, alsocalled“gener

alizedVickrey auction(GVA)". GVA extendstheideaof [43] to
allow agentsto have preferencesver morethanoneitem, and
morethanone unit of the item. The optimal solutionrequires
substantiatomputationwhich increase@olynomiallywith the
numberof usersandthe numberof optimizationancreasedin-
early with the numberof users. The progressie secondprice
auction (PSP)schemeproposedby Semretet al [45] extends
thetraditional single non-disible objectauctionto the alloca-
tions of arbitrary sharesf the total availableresource.Yuksel
andKalyanaramarj46] investigatedhe implementationssues
of the smartmarket modeland proposech strateyy for imple-
mentingsmartmarket pricing in DiffServframenork.

In [47][48][49][50], the resourcesare priced to reflect de-
mandandsupply However, themethodsn [47][48][50] rely on
onwell-definedsourcesnodelsandcannotadaptwell to chang-
ing traffic demandsSimilarto ourwork, theschemen [49] also
takesinto accounmnetwork dynamicg(sessioroin or leave) and
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sourcetraffic characteristicsand allows different equilibrium
pricesover differenttime periods.However, congestioris only
considerediuringadmissiorcontrol,andthe studyis restricted
to asingleserviceclass.

The study in [51] demonstrateghrough experimentsthat
comparedo traditionalflat pricing, service-classensitve pric-
ing resultsin highernetwork performanceParis Metro Pricing
(PMP) [52] schemepartitionsthe network into logically sep-
aratedchannelswith different prices. It is expectedthat the
higherpriced classeswill have lessload andwill provide bet-
ter service.The behaiior of PMP underequilibrium conditions
is considerecand comparedwith a uniclasspricing systemin
[53][54]. Marbach[55] analyzedhe equilibrium of sucha sys-
tem using non-cooperatie gametheory Altmann et al [56]
considereda similar frameavork basedon queuingtheory and
experiments. The PMP-relatedvork consideredhe impactof
differentialpricing on therelative performanceof the systemas
aresultof userselfselectionprocessThereis howevernoguar
anteeon the servicequality deliveredat eachpriority level.

A setof othergame-theoretialgorithmshave beenproposed
for multi-classQoS provision. In [57], pacletsare marked ac-
cordingto customers QoS requirements.Without associating
ary price with a serviceclass,the costsincurredto customers
arepurely performanceelated. The authorsin [58] studiedthe
dimensioningof network capacityfor differentserviceclasses,
while Mandjes[59] andMarbach[60] studiedthe staticpricing
scheméasednthepriority classesMarbach60] extendedhe
numberof classegrom two [59] to afinite numberandshoved
how pricing decisionswould affect the link performanceand
revenue. However, asshavn in Marbach([60], the strict prior-
ity schedulingcanleadto atwo-level servicewhich doesnotal-
low multi-classQoSprovisioning. Thework of ShuandVaraiya
[61] generalizedheideain [43] to supportauctiondor different
servicelevels. Thein-profile traffic is chagedflat fee without
specifinghow the price can be determined while out-profile
traffic is chaiged congestionprice basedon an auction-based
admissiorcontrolalgorithmandtreateddifferentlyfor different
userbids.

Kumaranet al. [62] describedthe utility maximizationby
usersand revenueoptimizationby serviceproviders basedon
the quantitatve admissioncontrol modelproposedn [63][64].
The equivalentbandwidthestimationin [63][64] is undervery
specificassumptiongboutthe traffic, and the analysisis also
constrainedo two classeswith userdn thesameclassassumed
to have the samebandwidthrequirementsThis preventsthe ap-
plicationof theresultsto agenerahetwork serviceenvironment.
O’Donnelletal [65] borrovedtheframework in [42] andcalcu-
lateda pricefor eachpaclet basedon bandwidthconsumption,
servicelevel, and buffer occupanyg, which may resultin high
implementatiorcost.

Jordan[66] proposedadjustingbandwidthandbuffer alloca-
tions betweerclassesn a network with resenation-basedoS
to guaranteghetargetdelayandloss.In our work, we assumed
the resourceprovisioning for classedoesnot needto be ad-
justedunlesslongerterm network performancecannot be en-
sured. In a short-term,our pricing schemesnotivate userre-
guestadaptationgo gain the target serviceperformance.Our
proposedmodel could hencejointly work with that of [66], in
differenttime scales. Pricing for DiffServ hasalsobeenstud-
ied in [18] throughequivalentbandwidth. As hasbeenpointed

outearlier equivalentbandwidthmaybetoo conserativefor re-

sourceprovisioningin a DiffServervironment,andhencepric-

ing basedn equivalentbandwidthmay not be fair to the users.
Also, it is not trivial for usersto adapttheir requirementsly-

namicallyto meettheir equivalentbandwidthconstraints.

In generaltheliteraturework on network pricingis restricted
to theoreticalissuesandtheresultsarenot easilyapplicableto
real networks. We have designeda pricing algorithmthattakes
into accounthecurrentinternetserviceinfrastructureandcon-
sidereddifferentserviceclassesthe long-termusertraffic de-
mand,andshort-termnetwork dynamics.The algorithmallows
the network to optimize profit, and alsoallows a userto select
serviceflexibly basednits preferenceandto maximizeits to-
tal netbenefit. Also, the literaturegenerallydoesnot enterinto
detailsaboutthe negotiationprocessandthe network architec-
ture,andmechanismgor collectingandcommunicatingprices.
We addresshesdssuedy integratingour pricingalgorithmin a
resourcenegotiationframework with pricing andbilling mech-
anisms.

By putting our pricing algorithmin aninfrastructureconsist-
ing of both staticanddynamicpricing componentspur model
allows a network provider to play differentperformancerade-
offs andsupportdifferentbusinesanodels. The literaturework
on network economicanormally focus on studyingthe perfor
mancedueto pure market mechanismsHowever, we consider
economicapproacha meango motivatemoreefficient network
resourceusageand also emphasizethe engineeringapproach
asa meansto enforcenetwork serviceassuranceThatis, our
model gives usersthe optionsfor network servicesbasedon
their individual valuation of the transmissionsand also pro-
vides engineeringcontrol to restrict the load of a classto its
targetlevel whenaneconomicapproachs not enoughfor pro-
viding expectedservice(for example,not enoughuserswould
adapttheir servicerequirementsvhen congestiorhappens)r
not supportedby a network. Our pricing model enablesdif-
ferentservicelevelsthroughpricedifferentiationandadmission
control, and also usescongestionprice as a signal to control
network traffic dynamics.We have studiedthe performanceof
a systemwith both price differentiationandserviceadaptation,
and admissioncontrol and queuemanagemento regulatethe
traffic load of a serviceclass. Our resultsindicatethatthe per
formanceof the systemsupportedoy both economicandengi-
neeringmechanismsés superiorto that managecy usingonly
oneof themeans.

VIIl. SUMMARY

In this work, we have developeda reasonablyompleteDiff-
Servpricing model. We have proposeda price structurefor dif-
ferent serviceclassesn DiffServ basedon their relative per
formance)ong-termdemandandshort-termfluctuationsin de-
mand. We have integratedthis pricing modelinto a dynamic
servicenegotiationervironmentin whichservicepricesincrease
in responseo congestionandusersadaptto price increasedy
adaptingtheir sendingrate and/orchoiceof service. We have
alsomodeledthe demandbehaior of adaptve usershasecona
physicallyreasonableserutility function.

Oursimulationresultsshav thatdifferentserviceclassegro-
vide differentlevelsof serviceonly whenthey operateat differ-
enttargetutilization. In the absencef explicit admissioncon-
trol, aserviceclasdoadedbeyondits targetutilization (underei-



thersustainedr burstyloads)no longermeetsts expectedper
formancelevels. Undertheseconditions,a congestion-sensite
pricing policy (CFA) coupledwith userrateadaptations ableto
control congestiorandallow a serviceclassto meetits perfor
manceassurancesnderlargeor burstyofferedloads.Userssee
areasonabltableserviceprice andareableto maintainavery
stableexpenditure. Allowing usersto migratebetweenservice
classesn responsedo price increaseand network performance
furtherstabilizegheindividual servicepriceswhile maintaining
thesystemperformance.

When admissioncontrol is enforcedfor eachclass, perfor
manceboundscanbe metwith afixed serviceprice. However,
in this case,the CPA policy provides a greatly reducedcon-
nectionblocking rate at high loadsby driving down individual
bandwidthrequestsresultingin a higheroverall usersatistc-
tion. Comparedo the CPA policy without admissioncontrol,
theservicepriceis furtherstabilizedin this case.

In this paper we assumehat usersdo not have the option
of choosinga differentpathor provider, reflectingcurrentnet-
work reality. However, pricingin thepresencef competitionor
alternatve pathsremainsaninterestingopenissue.

APPENDIX

The adaptatiorof the proposedcongestiorprice follows the
tatonnementprocessfor an equilibrium. The price will be
guotedupward or downward, dependingon whetheror not de-
mandexceedssupply until the demandandsupplyreachequi-
librium anda stableprice p® is located.

Sincedemands afunctionof price,we candenotedemandas
X (p). For anetwork serviceclass the targetedresourcesupply
is fixed and is denotedas p*. Supposethe rate of changeof
price movesdirectly with excessdemand,E(p) = X (p) — p*
asfollows:

o

P= = f(X(p) — p*) = f(E(p)),

where f’ > 0, and f(0) = 0. The price changedrivesthe de-
mandandsupplytowardsequilibrium. If the taitonnemenpro-
cesds successfulthemechanisnin equationl8 will generatea
pathof priceswhichwill approachpy® ast increases:

(18)

lim p(t) = p°© (19)

t—o0

If equation18 holds for ary initial price p and p° is unique,
the systemis called globally stable. If thereis morethanone
equilibrium-pricevector, thenif p(t) reachesry of thep®’s,the
modelis calledlocally stable We only considerocal stability
in our systemwhereequation19 holdsfor all pricesp in some
neighborhoodof p°. To prove thatthe local price stability ex-

ists,thefunction f(F(p)) canberepresentety a Taylor series
expansion:

% = f(E(@®)) + [ (E®)E ()0 —p°) + -+ (20)

The higher ordertermsare nggligible in comparisorwith the
first-orderterm in equation20, aslong asonly local stability
is considered.Since E(p®) = 0 by the definition of price, the

equation20 canbewritten as:
dp _ I e
5 = L E@)E (@ -p°)

The solutionof this equationis:

1)

p(t) = p + (p° — p)ell EEIEDE (22)
wherep? is ary initial price.

Theassertiorof stability requireshattheexponentiaktermin
equation22 approachegeroast — oo. Sincef’ > 0, sothe
stability assertiorrequires

E = Xp(p) < 0. (23)

In areasonablametwork system,userdemandwill decreaseas
the priceincreasesso X,,(p) < 0. As our congestiorpricein
equationl5 follows equationl8, this provesthat our proposed
pricewill reachstability astimesincreases.
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