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Abstract— The Differentiated Services framework (DiffServ) has been
proposedto provide multiple Quality of Service (QoS)classesover IP net-
works. A network supporting multiple classesof service also requires a
differentiated pricing structure. In this work, we proposea pricing algo-
rithm in a DiffServ environment basedon the cost of providing different
levels of quality of service to different classes,and on long-term average
user resource demand of a service class. We also integrate the proposed
service-dependentpricing schemewith a dynamic pricing and service ne-
gotiation environment by considering a dynamic and congestion-sensitive
pricing component.Pricing network servicesdynamically basedon the level
of service, usage,and congestionallows a more competitive price to be of-
fered,allowsthe network to beusedmoreefficiently, and providesa natural
and equitable incentive for applications to adapt their service requestsac-
cording to network conditions. Wedevelopa simulation framework to com-
pare the performanceof a network supporting congestion-sensitive pricing
and adaptive service negotiation to that of a network with a static pricing
policy. Adaptive usersadapt to price changesby adjusting their sending
rate or selectinga different service class.We alsodevelop the demandbe-
havior of adaptive usersbasedon a physically reasonableuser utility func-
tion. Simulation resultsshow that a congestion-sensitive pricing policy cou-
pled with userrate adaptation is ableto control congestionand allowsa ser-
viceclassto meetits performanceassurancesunder largeor bursty offered
loads,evenwithout explicit admissioncontrol. Usersareable to maintain a
stableexpenditure,and allowing usersto migrate betweenserviceclassesin
responseto price increasesfurther stabilizesthe individual service prices.
When admissioncontrol is enforced, congestion-sensitive pricing still pro-
vides an advantage in terms of a much lower connectionblocking rate at
high loads.

I . INTRODUCTION

The DifferentiatedServicesframework (Dif fServ) [1] has
beenproposedto provide multiple Quality of Service(QoS)
classesover IP networks. Two types of Per-Hop-Behavior
(PHB) are proposed:ExpeditedForwarding (EF) [2] andAs-
suredForwarding(AF) [3]. The EF PHB is definedasa for-
warding treatmentwhere the departurerate of an aggregate’s
packets from any DiffServ nodemust equalor exceeda con-
figurablerate. For AF service,four classeswith threelevelsof
dropprecedencein eachclassaredefinedfor generaluse.

A network supportingmultipleclassesof servicealsorequires
a differentiatedpricing structureto allocatetraffic to different
classes,ratherthantheflat-feepricing modeladoptedby virtu-
ally all currentInternetservices.While network tariff structures
areoftendominatedby serviceproviders’ policiesandmarket-
ing argumentsratherthancosts,we believe it is worthwhile to
understandanddevelopacost-basedpricingstructureasaguide
for actualpricing. In economicallyviable models,the differ-
encein thechargebetweendifferentserviceclasseswould pre-
sumablydependon the differencein performancebetweenthe
classes,and shouldtake into accountthe average(long-term)
demandfor eachclass. In general,the level of forwardingas-
suranceof an IP packet in DiffServ dependson the amountof
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resourcesallocatedto a classthepacket belongsto, thecurrent
loadof theclass,andin caseof congestionwithin theclass,the
dropprecedenceof thepacket. Also,whenmultipleservicesare
availableatdifferentprices,usersshouldbeableto demandpar-
ticularservices,signalthenetwork to provisionaccordingto the
requestedquality, andgenerateaccountingandbilling records.
One of the two main goalsof our work is to develop a pric-
ing schemein a DiffServenvironmentbasedon thecostof pro-
viding differentlevelsof quality of serviceto differentclasses,
andon long-termdemand.Insteadof purely relying on either
engineeringor economicmechanismto managethe network,
we integrateour pricing strategy with the network provision-
ing. Our pricing schemereflectsthedifferentiationin resource
provisioningfor differentforwardingassurancesandalsoserves
asa meansto distributeusertraffic to differentserviceclasses.
In our framework, thenetwork canalsoenforceQoSandensure
the expectedperformanceof a serviceclassby restrictingthe
loadof theclassto its targetlevel throughadmissioncontrol.

Dif fServsupportsserviceswhich involvea traffic contractor
servicelevel agreement(SLA) betweenthe userand the net-
work. If the agreement,including price negotiation and re-
sourceallocationareset statically (beforetransmission),pric-
ing, resourceallocationandadmissioncontrolpolicies(if any)
have to be conservative to be able to meetQoSassurancesin
thepresenceof network traffic dynamics.Pricingnetwork ser-
vicesdynamicallybasedonthelevel of service,usage,andcon-
gestionallows a morecompetitive price to be offered,andal-
lowsthenetwork to beusedmoreefficiently. Differentiatedand
congestion-sensitive pricing also provides a naturaland equi-
tableincentivefor applicationsto adapttheirservicecontractac-
cordingto network conditions.A numberof adaptationschemes
havebeenproposedfor multimediaapplicationsto dynamically
regulatethesourcebandwidthaccordingto theexistingnetwork
conditions(a survey of this work is givenin [4]).

The secondmain goal of our work is to integrate the pro-
posedservice-dependentpricingschemewith adynamicpricing
and servicenegotiation environment. This increasesnetwork
resourceutilization andavoids high call blocking rate. In this
environment,servicepriceshavea congestion-sensitivecompo-
nentin additionto the long-term,relatively staticprice. Upon
congestion,the network can adjust congestionprice periodi-
cally on the time scaleof a minuteor longer, encouragingthe
adaptation-capableapplicationsto adapttheir sendingratesor
selecta differentserviceclass. Sincethe time periodbetween
price adjustmentsis relatively long, the network transmission
delayhasnegligible impacton thesystemperformance.

A userhasachoiceof adaptingits servicerequestonly atses-
sionsetupor periodicallyduringa session.With bothstaticand
dynamicpricing components,our proposedmodel allows the



network operatorto createdifferent trade-offs betweenblock-
ing admissionsand raising congestionprices to motivate the
rate andserviceadaptationof applicationsto the varying net-
work conditions,technologiesandplatforms.Applicationsmay
chooseservicesthatprovide a fixedprice,andfixedservicepa-
rametersduring the durationof service. Generally, the long-
term averagecharge for fixed-priceserviceis highersincethe
network providerwill adda risk premium.Userswith stringent
bandwidthandQoS requirementscanmaintaina high quality
by payingmore,while adaptation-capableapplicationscanad-
just their servicerequestsin responseto price increasesduring
congestion.In this paper, we develop the demandbehavior of
adaptiveusersbasedonaphysicallyreasonableuserutility func-
tion.

In oursimulations,pricesandservicesarenegotiatedthrough
aResourceNegotiationandPricing(RNAP) protocolandarchi-
tecture,presentedin earlierwork [5]. RNAP enablestheuserto
selectfrom availablenetwork serviceswith differentQoSprop-
ertiesandre-negotiatecontractedservices,andenablesthenet-
work to dynamicallyformulateservicepricesandcommunicate
currentpricesto theuser. In RNAP, resourcecommitmentscan
bemadefor short“negotiation”intervals,insteadof indefinitely,
andpricesmayvary for eachinterval. In thesimulationwork of
thispaper, wefocusonthestudyof theperformanceof adaptive
applicationsin adifferentiatedserviceenvironment,andassume
all applicationsareadaptation-capableandwill adapttheir re-
questsperiodically if congestion-sensitive pricing is enforced.
Our earlierstudies[6] indicatethatthesystemperformancecan
beimprovedsignificantlyevenif only a smallproportionof the
usersadapt.Wealsoshowedin [6] thatif usersadapttheservice
requestsat sessionsetupinsteadof every smallertime interval,
thesystemperformancereducesonly slightly.

UsingRNAP andanextendedversionof anexistingDiffServ
implementation,wedevelopasimulationframework to compare
the performanceof a network supportingcongestion-sensitive
pricing and adaptive servicenegotiation to that of a network
with a staticpricing policy. We alsostudy the stability of the
dynamicpricing andservicenegotiationmechanisms.We eval-
uatethesystemperformanceandperceivedbenefit(or value-for-
money) underthe dynamicandstatic systems.We alsostudy
the relative effects on systemperformanceof rate adaptation,
dynamicloadbalancingbetweenserviceclassesandadmission
control. Although the simulation framework is basedon the
RNAP model, we try to derive resultsand conclusionsappli-
cableto staticandcongestion-drivendynamicpricing schemes
in general.

This paperis organizedas follows. SectionII developsa
physically realistic user utility function to representuser de-
mandbehavior in responseto price changes.SectionIII dis-
cussesour proposedpricing model in detail. SectionIV sum-
marizesour earlierwork on RNAP andexplainshow it could
supporttheproposedpricing algorithmsin a DiffServenviron-
ment. In sectionV we describeour simulationmodel,and in
sectionVI we discusssimulationresults.We describesomere-
latedwork in sectionVII, andsummarizeour work in section
VIII.

I I . USER APPLICATION ADAPTATION

In anetwork with congestion-dependentpricinganddynamic
resourcenegotiation,adaptiveapplicationswith a budgetcon-

straintwill tend to adjusttheir servicerequestsin responseto
price variationsat sessionsetupor during a session. We as-
sumethatthepreferencesor willingnessto payof a userwill be
representedquantitatively througha utility function. The util-
ity function representsthe perceived monetaryvalue (say, 15
cents/minute)providedby asetof transmissionparameters(e.g.,
sendingrateandQoSparameters).

Althoughwe focuson adaptive applicationsastheonesbest
suitedto a dynamicpricing environment,our framework does
not requireadaptationcapability. Applicationsmaychooseser-
vicesthatprovideafixedpriceandfixedserviceparametersdur-
ing the durationof service. Generally, the long-termaverage
cost for a fixed-priceservicewill be higher, sinceit usesnet-
work resourceslessefficiently. Alternatively, applicationsmay
usea servicewith usage-sensitive pricing, andmaintaina high
QoSlevel, payinga higherchargeduringcongestion.

Adaptationcanbeperformedat differenttime scales.In the
simplestform, thebandwidthof theapplicationis constantand
independentof the network condition. Examplesincludecom-
monstreamingapplicationsthatsimply attemptto senddataor
reserve a givenbandwidth.Many applicationscanadjusttheir
resourcedemandatthetimeof sessioncreation.For reservation-
basedsystems,OPWA [7] canbeusedto find out theavailable
bandwidth.For best-effort systems,the endsystemmay know
its networkaccessbandwidthandthusavoid requestinga1 Mb/s
streamwhenconnectedvia a28.8kb/smodem.

Truly adaptiveapplicationscanadjusttheir resourceusageon
several differenttime-scales,with time scalesof minutes,sec-
ondsto severaltensof secondsandon theorderof a round-trip
time. As far aswe know, adjustablereservationson any time
scalehavenotbeenstudiedextensively. A lot of recentresearch
on multimediaadaptationsis basedon best-effort service,with
signalingmechanismssuchaspacketlossratesfor feedback[4].
For example,lossratescanbe determinedfrom RTP informa-
tion [8], which is distributedon theorderof five to severaltens
of secondsfor modest-sizereceiver groups. Dataapplications
caneasilyadjusttheir rateevery round-triptime. However, ad-
justmentsmorefrequentthaneveryminuteor soarelikely to be
perceptuallyannoying to multimediaapplications.In thispaper,
weconsidertheadaptationon timescalesof aminuteor longer,
i.e. oncea session.

We considera setof userapplications,requiredto perform
a taskor mission(for example,a video conference,consisting
of audio and video). The userwould like to determinea set
of transmissionparameters(sendingrateandQoSparameters)
from which it can derive the maximumbenefit towardscom-
pletingthemission,subjectto hisbudget.Consumersin thereal
world generallytry to obtain the bestpossible“value” for the
money they pay, subjectto their budgetconstraintsandmini-
mumquality requirements;in otherwords,consumersmaypre-
fer lower quality at a lower price if they perceive this asmeet-
ing their requirementsandofferingbettervalue.Intuitively, this
seemsto be a reasonablemodel in a network with QoS sup-
port,wherea userpaysfor the level of QoShereceives. In our
case,the “value for money” obtainedby the usercorresponds
to the surplusbetweenthe utility ������� with a particularsetof
transmissionparametersandthechargeauserhasto payfor ob-
taining that service.Thegoalof the adaptationis to maximize
this surplus,subjectto the budgetconstraintandthe minimum
andmaximumQoSrequirementsof theuser.



Wenow considerthesimultaneousadaptationof transmission
parametersof a setof 	 applicationsperforminga singletask.
ThetransmissionbandwidthandQoSparametersfor eachappli-
cationareselectedandadaptedsoasto maximizethemission-
wide“value”perceivedby theuser, asrepresentedby thesurplus
of the total utility, 
� , over the total cost. We canthink of the
adaptationprocessasthe allocationanddynamicre-allocation
of a finite amountof resourcesbetweenthe applications. For
example,in orderto maximizetheoverall valueof a videocon-
ference,thetotalamountof resourcesneedto bedistributedbe-
tweenaudio and video. The audio applicationmay be given
higherpreferenceandweight, andwhen thereis a scarcityof
resources,thebandwidthandQoSparametersfor videomaybe
reduced.

In this paper, we make the simplifying assumptionthat for
eachapplication,a utility functioncanbedefinedasa function
only of thetransmissionparametersof thatapplication,indepen-
dentof thetransmissionparametersof otherapplications.Since
we considerutility to beequivalentto a certainmonetaryvalue,
we canwrite the total utility of a taskasthe sumof individual
applicationutilities:

��� ����� ��� � ��� �����������! "�!�#���%$&$(')�
(1)

where*,+ is thefunctionof thetransmission(-/.�0�1�2 ) andquality
of serviceparameter( 34.�1�0�2 ) tuple for the 576�8 application.The
optimizationof surpluscanbewrittenas

max
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where*,+K +ML and *,+KON�P representthe minimumandmaximum
transmissionrequirementsfor stream5 , Q<RC+ is the costof the
serviceselectedfor stream5 atrequestedtransmissionparameter*,+ , and S is the budgetof the userover a time unit (e.g.,per
minuteor persecond).

In practice,theapplicationutility is likely to belearntandin-
dicatedby usersatdiscretebandwidths,atoneor a few levelsof
lossanddelay, possiblycorrespondingto a subsetof theavail-
ableservices.At the currentstageof research,somepossible
servicesareguaranteed[9] andcontrolled-loadservice[10] un-
der theIntServmodel,andExpeditedForwarding(EF) [2] and
AssuredForwarding(AF) [3] underDiffServ. In this case,it is
convenientto representtheutility asapiecewiselinearfunction
of bandwidth(or asa setof suchfunctions,onefor eachlevel
of lossanddelay).A simplifiedalgorithmis proposedin [11] to
searchfor theoptimalservicerequestsin sucha framework.

At a fixed valueof lossanddelay, we canmake somegen-
eral assumptionsaboutthe utility function asa function of the
bandwidth(can be equivalentbandwidth[12]). A userappli-
cationgenerallyhasa minimum requirementfor the transmis-
sionbandwidth.It alsoassociatesacertainminimumvaluewith
a task,which may be regardedasan “opportunity” value,and
this is the perceived utility when the applicationreceives just
theminimumrequiredbandwidth.A usermaydecideto termi-
natetheapplicationif it cannotobtaintheminimumbandwidth,
or whenthe pricechargedis higherthanthe opportunityvalue

derived from keepingthe connectionalive. User experiments
reportedin the literature[13][14] suggestthat utility functions
typically follow a modelof diminishingreturnsto scale,thatis,
themarginal utility asa functionof bandwidthdiminisheswith
increasingbandwidth.Also, asshown in [15], theoptimalsolu-
tion is proportionallyfair1 whenall userutilities arelogarithmic.
As users’preferencesarenormallyconcave functionsof band-
width whenthe lossanddelayarefixed, andalso to track the
opporunityvaluea userreservesfor minimum transmission,a
utility functioncanberepresentedas:� � ? $TU�WVYX[Z]\(^#_ ?? E � (3)

where ����`>� denotestheutility at a particularbandwidth̀ , ` K
representsthe minimumbandwidththe applicationrequires,a
representsthe sensitivity of the utility to bandwidth,and �Yb is
themonetary“opportunity” thattheuserperceivesat thelowest
bandwidthlevel (̀ min). Eventhoughwe assumea logarithmic
form for theutility functionin this paper, similar resultsareob-
tainedwith otherconcaveforms[16].

Theutility function is alsosensitive to network transmission
parameterssuchaslossanddelay. In our work, we rely on the
experimentalresultsin [17] which show that users’perceived
quality for interactive audiodecreasesalmostlinearly with ei-
therdelayor loss,with a minimum acceptablequality require-
ment. More subjective testsare neededfor other application
types.Currently, we assumea similar lineardependencefor all
applications.Accordingly, we representthe utility function of
anapplicationas:� � ? $Tc�dVYXeZf\(^#_ ?? E 9<g:hjik9egml n��
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where prq and pts representrespectively the user’s sensitivity to
delay and loss. In somecases,the user’s perceived sensitiv-
ity maydependon thebandwidthused.For example,tolerance
to delayandlosswill be differentfor differentspeechcodecs.
Sincewearenotassumingany particularapplicationmodel,we
assumeusers’delayandlosssensitivity arebandwidthindepen-
dentin oursimulations.A userwith ahighersensitivity to delay
or losswill tendto selecta higherserviceclassratherthanre-
questmorebandwidth.If theutilities of all theapplicationsare
representedin theformatof equation4, theoptimizationprocess
for a usertaskwith multipleapplicationscanberepresentedas:
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where ~ + is the price (which is the summationof the conges-
tion priceandusageprice to bedescribedin SectionIII) of the
serviceclassselectedby the application5 , � + and � + arere-
spectively the lossanddelayboundof an application5 , above
which the applicationno longer functionsusefully. Note that
theloss �M+ anddelay �t+ of aserviceclass5 canbeobtainedfrom
theserviceannouncementof theprovider. Theoptimizationof
equation5 will only beperformedover theserviceclassesthat�
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�?  � ?d� $ is proportionallyfair if it is feasible,andif for

any otherfeasiblevector
�?�� , the aggregateof proportionalchangesis zeroor

negative: � JC���� JC�J � @��
.



canprovidethelevel of lossanddelaybelow theQoSboundsof
a correspondingapplication.

Theutility for eachuserapplicationis a functionof theband-
width, delay, andloss. It is possibleto representtheabove op-
timization problemasa Lagrangianandfind the optimal total
usersurplus(gainedfrom all the applications)directly by op-
timizing over differentdelay, lossandbandwidthfor different
applications. However, to avoid the computationcomplexity,
weassumetheavailability of only a few differentlossanddelay
levelscorrespondingto differentserviceclassesandaccordingly
useamoreheuristicmethod.

The optimization involves assigninga serviceclassand a
bandwidthto eachapplication5 . For eachclassassignment,the
correspondinglossanddelayan applicationwill experienceis
known anddeterminedby theclassassignedto theapplication.
The total usersurplusassociatedwith a classassignmentcan
hencebeobtainedby optimizingover thebandwidthallocations
only, and the bandwidthallocatedfor an application 5 can be
representedas:

? �  Z
�
x � � (6)

wherea<+ representsthemoney auserwouldspendfor anappli-
cation5 basedon its perceivedvalueandis independentof class
assignment,and ~W+ is the serviceprice of the classassignedto
application5 andwill changewhena differentclassis assigned
to the application. The above bandwidthdistribution is calcu-
latedfor all possibleserviceclassassignments(constrainedby
applicationrequirementsand budget),and the one giving the
highesttotal surplusis selectedastheoptimalsolution.

If thereareno serviceclassassignmentsfor which the opti-
mal distribution of equation6 canbe obtainedat a costbelow
thebudget,thetotal budgetis first distributedto thecomponent
applicationsaccordingto theirrelativebandwidthsensitivity a + .
Thatis, eachapplicationreceivesa budgetshareS7+ suchthatA � �A Z �

� Z ��� (7)

Eachapplicationis then allocateda service 5 and bandwidth`�+����7�1 � which maximizesits individual surplusaccordingto
equation4.

Note that a user’s decisionwill not be impactedby other
user’s individual decision,althoughthe total demandof all the
usersfor a serviceclassin thepreviouspriceupdatecycle may
modify thecongestionprice(to bediscussedin thenext section)
of theserviceclass.In this section,we have shown how a user
canadaptits requestin responseto price change.In reality, a
usermaybeoffereda constantandcheaperprice(ascompared
to theonesthatpreferconstantservicerate)for a serviceclass,
but will needto adaptits sendingrateat thesameratio that the
pricewouldhavebeenincreasedwhencongestionhappens.This
is supportedby equation6.

Thediscussionsofarassumesthateachprice ~ + is thecostper
unit averagebandwidth.A pricebasedon unit equivalentband-
width [18] maybefairersinceit takesintoaccounttheburstiness
of usertraffic. In thiscase,theuseradaptationof thesourcerate
is morecomplicated.If effectivebandwidthis used,ausercould
calculateanew averagebandwidthwhenthepriceincreases.Al-
ternatively, it could introduceadditionalbuffering at thesource

to reduceits burstiness,at thecostof ahigherdelay, thusreduc-
ing theeffectivebandwidth.

I I I . PRICING STRATEGIES

A few pricing schemesarewidely usedin theInternettoday
[19]: access-rate-dependentcharge (AC), volume-dependent
charge (V), or the combinationof the both (AC-V). An AC
chargingschemeis usuallyoneof two types:allowing unlimited
use,or allowing limited durationof connection,andcharging a
per-hour fee for additionalconnectiontime. Similarly, AC-V
chargingschemesnormallyallow someamountof volumeto be
transmittedfor afixedaccessfee,andthenimposeaper-volume
charge.Althoughtime-of-daydependentchargingis commonly
usedin telephonenetworks, it is not generallyusedin the cur-
rentInternet.

The current predominantform of Internet pricing in the
United Statesis access-rate-dependentflat charge. A flat rate
charge,althoughsimpleto implement,is notefficientandforces
light usersto subsidizeheavy usersasshown, for example,by
the INDEX experimentsat UC Berkeley [20]. Due to the lack
of aproperpricingmodel,theproviderscannotgenerateenough
revenuefrom the network serviceto sustainthe enormousin-
vestmentrequiredto providetheservice.And serviceproviders
cannotsupportservicedifferentiationand any QoS guarantee
that is requiredby someof the new Internetapplications,such
asreal-timemultimediaapplications.Userexperiments[21] in-
dicatethat usage-basedpricing is a fair way to charge people
andallocatenetwork resources.Althoughthereis a preference
for acheapbesteffort service,userswantto beableto choosea
highqualityof servicefor importanttasksandarewilling to pay
for it [22]. Bothconnectiontimeandthetransmittedvolumere-
flect theusageof thenetwork. Chargingbasedon connect-time
only works whenresourcedemandsper time unit are roughly
uniform. Sincethis is not thecasefor Internetapplicationsand
acrossthe rangeof accessspeeds,we only considervolume-
basedcharging.

In this paper, we study two kinds of volume-basedpricing:
a fixed-price(FP) policy with a fixed unit volume price, and
a congestion-price-basedadaptive service(CPA) in which the
unit volumepricehasa congestion-sensitivecomponent.In the
fixed price model,the network chargesthe userper volumeof
datatransmitted,independentof thecongestionstateof thenet-
work. Theper-bytechargecanbethesamefor all serviceclasses
(“flat”, FP-FL),dependon the serviceclass(FP-S),dependon
thetimeof day(FP-T)or acombinationof time-of-dayandser-
viceclass(FP-S-T).

If the pricedoesnot dependon thecongestionconditionsin
the network, customerswith lessbandwidth-sensitive applica-
tionshave no motivationto reducetheir traffic asnetwork con-
gestionincreases.As a result,eithertheservicerequestblock-
ing ratewill increaseat thecall admissioncontrol level, or the
packet delayanddroppingratewill increaseat thequeueman-
agementlevel. Having a congestion-dependentcomponentin
theservicepriceprovidesa monetaryincentive for adaptiveap-
plicationsto adapttheir serviceclassand/orsendingratesac-
cordingto network conditions. In periodsof resourcescarcity,
quality sensitive applicationscanmaintaintheir resourcelevels
by payingmore,andrelatively quality-insensitive applications
will reducetheir sendingratesor changeto a lowerclassof ser-
vice. The total price consistsof a congestion-dependentcom-



ponentanda fixed volume-basedcharge. The charge in CPA
hasthe samefour charging modesasin FP, giving the pricing
modelsCP-FL,CP-S,CP-T, CP-S-T.

Thepurposeof thispaperis to developpricingalgorithmsfor
efficient resourceprovisioning andservicedifferentiation,and
studytheirperformancein anenvironmentthatenablesnetwork
engineeringcontrolandwith traffic dynamics.We thereforefo-
cuson theFP-SandCP-Smodels.

A. ProposedPricing Scheme

We assumethat routerssupportmultiple serviceclassesand
that eachrouter is partitionedto provide a separatelink band-
width andbuffer spacefor eachservice,ateachport. Weusethe
framework of thecompetitive market model[23]. Thecompet-
itive market modeldefinestwo kindsof agents:consumersand
producers.Consumersseekresourcesfrom producers,andpro-
ducerscreateor own theresources.Theexchangerateof a re-
sourceis calledits price.Theroutersareconsideredtheproduc-
ersandown the link bandwidthandbuffer spacefor eachout-
put port. Theflows (individual flows or aggregateof flows) are
consideredconsumerswhoconsumeresources.Thecongestion-
dependentcomponentof theserviceprice is computedperiodi-
cally, with a pricecomputationinterval � . Thetotaldemandfor
link bandwidthis basedontheaggregatebandwidthreservedon
the link for a price computationinterval, andthe total demand
for the buffer spaceat an outputport is the averagebuffer oc-
cupancy during the interval. The supplybandwidthandbuffer
spaceneednot be equalto the installedcapacity;instead,they
arethetargetedbandwidthandbufferspaceutilization. Thecon-
gestionprice will be levied oncethe total demandexceedsa
provider-setfractionof theavailablebandwidthor buffer space.
We now discussthe formulationof the fixedcharge,which we
decomposeinto holdingcharge andusage charge, andthe for-
mulationof thecongestioncharge.

A.1 HoldingCharge

If admissioncontrol is enforced,the applicationsadmitted
into the network will imposean opportunitycostby depriving
otherapplicationsof theopportunityto beadmitted,evenif the
resourcesare not actually being used. If a particularflow or
flow-aggregatedoesnotcompletelyutilize theresources(buffer
spaceor bandwidth)setasidefor it, theschedulergenerallyal-
lowstheresourcesto beusedby excesstraffic from alowerlevel
of service.Theholdingchargereflectsthecostimposedby users
notutilizing resourcessetasidefor them.It is determinedbased
ontherevenuelostby theproviderbecauseinsteadof sellingthe
allottedresourcesat theusagepriceof thegivenservicelevel (if
all of thereservedresourceswereconsumed)it sellstheunused
partof theresourcesat theusagepriceof a lower servicelevel.
The holding price (~W�8 ) of a serviceclass� is thereforeset to
reflectthedifferencebetweentheusagepricefor thatclassand
theusageprice for thenext lower serviceclassandcanberep-
resentedas: xr� �"Hxr��k9ex�� � �� � (8)

Theholdingcharge � + �8 �M�"� whena customer5 reservesband-
width �m+ � �M�"� from class� duringtimeperiod� is givenby:� � �� � � $�Hx�� � � � � � � � $�� � 9<  � � � � $)$)� (9)

where� � is thelengthof negotiationinterval for class� , ¡ + � ���"�
is the traffic sentby user 5 over the period � , and �¢+ � ���"�M� �<£¡d+ � �M�"� is the bandwidthnot usedby the user. �m+ � �M�"� canbe a
bandwidthrequirementspecifiedexplicitly by the customer5 ,
or estimatedfrom the traffic specificationand servicerequest
of thecustomer. Note thata userthatdoesnot usetheresource
reservedshouldnotbechargedmorethantheusagechargewhen
his transmissionconsumesthesameamountof resources.That
is, theholdingpriceshouldnot behigherthantheusageprice.

A.2 UsageCharge

Theusagechargeis determinedby theactualresourcescon-
sumed,theaverageuserdemand,thelevel of serviceguaranteed
to the user, and the elasticity of the traffic. The usageprice
(~d¤ ) will be setsuchthat it allows a retail network to recover
thecostof thepurchasefrom thewholesalemarket,andvarious
fixedcostsassociatedwith theservice.In a network supporting
multipleclassesof service,thedifferencein thechargebetween
differentserviceclasseswould presumablydependon the dif-
ferencein performancebetweentheclasses.Themodelwecon-
sideris a network supporting¥ classesof services,the service
pricefor class� is ~ �¤ , thelongtimeuserbandwidthdemandfor
class� is known (e.g.,throughstatistics)andcanberepresented
as̀ � . Theprovider’sdecisionproblemis to choosetheoptimal
pricesfor eachclassthatoptimizeits profit:

uOv#w�7¦ § �©¨� ? � x � �k9<ª
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whereQ is thebandwidthavailability of thenetwork, and ¬Y��Q�
is thenetwork bandwidthcostduringoneunit of time.

If weassumetheusershavetheutility functionsof SectionII,
thetotal demandof serviceclass� canberepresentedasa con-
stantelasticitymodel: ` � �¯® ��° ~ �¤ , whichvariesinverselywith
thepriceof theserviceclass.® � reflectsthetotalwillingnessto
payof usersbelongingto serviceclass� .
Servicepricing for differentiatedservice

DiffServsupportsSLA negotiationbetweentheuserandthe
network. An SLA generallyincludestraffic parameters,which
describethe user’s traffic profile, andperformanceparameters,
which characterizethe level of performancethat the network
promisesto provide to the conformingpart of the user’s traf-
fic. A widely useddescriptorfor a user’s traffic profile con-
sistsof a peakrate, a sustainablerate, and a maximumburst
tolerance.ThegenerallyconsideredQoSparametersaredelay
andloss. Mechanisms,suchasweightedfair queuing(WFQ)
[24][25][26] andclassbasedqueuing(CBQ) [27] canbe used
to provision resourcesfor differentserviceclasses.In general,
a classwith lower load leadsto lower delay expectation. A
higherlevel of serviceclassis expectedto havea loweraverage
load,andhenceloweraveragedelay. If wedonotconsiderfixed
costsdueto provider’spoliciesandbusinessoperations(which
canbea fixed item amortizedover time), charging servicesin-
verselyproportionalto their individual expectedload seemsto



reasonablyreflectthecostof providing theservicesandthedif-
ferencesbetweentheir performance.Denotingthe equilibrium
unit bandwidthprice at a nodeunderfull utilization by ~ � N . + 2 ,
and the expectedutilization of serviceclass� by ± � , the unit
bandwidthprice for serviceclass � can then be estimatedas~ �¤ �²~ � N . + 2 ° ± � . The effective bandwidthconsumptionof an
applicationwith ratè�+ � canberepresentedas̀�+ �r° ± � . For con-
stantelasticitydemand,̀ � �³® ��° ~ �¤ , the effective bandwidth
consumptionis ® ��° ��~ �¤ ± � � . Thenthe price optimizationprob-
lemof equation10 canbewrittenas

uOv#w� ¦ § � ¨ �
´ �x � � x�� �k9eª

� ;«$(')�µx���© x¢¶ I � � �· � �
subjectto:

¨�
´ �x � � · � @B; � (11)

TheLagrangianfor theproblemcanberepresentedas

u"v#w¸ �]¨� ´ � Xe¹
� ;º9 ¨� ´ �x ¶ I � � � $:9eª

� ;«$�' � (12)

Theoptimalsolutionis:

x ¶ I � � �  ¨� ´ �; �µx���  x¢¶ I � � �· �  ¨� ´ �; · � � (13)

The bandwidthprovisionedfor a serviceclass � will then be
givenby ® ��° ~ � N . + 2 , andis proportionalto totaluserwillingness
to pay for thatclass.Note thateventhoughtheobjective func-
tion of equation11 no longerdependson usageprice if a con-
stantdemandfunction is assumed,the impactof usageprice is
reflectedthroughtheconstraintfunction. Theserviceselection
of a userwill beaffectedbothby thepricesandservicequality
of differentclasses.Smallpricedifferencemaynot leadusersto
migratebetweenclasses.Oncea userselectsa servicelevel, we
assumetheamountof resourcestheuserrequiresonly depends
on thepriceof theselectedclass.Also, theusagepriceandre-
sourceprovisioningof a classwill beadjustedover longertime
scales,dependingon the long-termtotal averageuserdemand
of differentclasses.Sothelong-termaverageuserdemandwill
mainly dependon the price of the selectedclass. As we will
seelater, in short-term,individual userscanbe encouragedto
migratebetweenclassesdueto traffic dynamicsandcongestion
pricing.

Theusagecharge �7+ �¤ �M�"� for class� overa period� in which¡T+ � ���"� bytesweretransmittedis givenby

� � �� � � $THxr��   � � � � $ � (14)

Initially, theusagepricesaresetbasedon historicdata.The
pricescan be variedaccordingto the usagepatternsobserved
overa long-termperiod.

A.3 CongestionCharge

A simpleusage-basedchargingschememonitorsthedatavol-
umetransmittedandchargesusersbasedon their averagerate.
Charging accordingto themeanrate,althoughencouragingthe

userto usenetwork bandwidthmore efficiently, doesnot dis-
courageusersfrom selectingloosetraffic contractsand send-
ing the worst-casetraffic allowed by their contract,which cre-
ateproblemsfor network traffic management.An appropriate
pricing schemeshouldprovide usersincentives to selecttraf-
fic contractsthatreflecttheir actualneeds.Effective bandwidth
[12][28] and pricing basedon effective bandwidth[18] have
beenproposedin a multiple-service-classenvironment. How-
ever, effective bandwidthnormallyaccountsfor theworst-case
traffic subjectto the traffic profile of theSLA. Hence,thecon-
tract for typical usershasan effective bandwidthmuch larger
thanthemeanrate,andprovisioningbasedon equivalentband-
width is not economicallyefficient in a DiffServ environment.
In addition,performanceguaranteesin DiffServarequalitative
andcanbe very loose. This may make it difficult to evaluate
theequivalentbandwidth.SinceDiffServdoesnot allocatere-
sourcesto applicationsbasedon their effective bandwidth,but
only provideusersanaverageperformancereflectingtheservice
level, it appearsunfair to chargeusersbasedon their effective
bandwidthwhich canbe derived from the userprofile declara-
tion or throughusertraffic measurements.

To encourageusersto reducetheir resourcerequirements
undernetwork resourcecontention,we proposean additional
congestion-sensitive price componentunder theseconditions.
The generalnetwork resourcesconsideredare bandwidthand
buffer space.Two kinds of congestionpricing canbe consid-
ered: pricing when the expectedload bound is exceeded,or
pricing when buffer occupancy reachescertain level. In the
first case,whentheaveragedemandfor a certainclassexceeds
a threshold,an additionalcongestionprice is chargedover all
usersof thatclass.

In the caseof priority dropping for AF class, the drop-
ping precedenceis only consideredwhenthebuffer occupancy
reachesdifferent thresholds.Wheneachthresholdis reached,
userpacketswith thecorrespondingprecedencelevelbegin to be
droppedwith a certainprobability, anduserswith higherprece-
dencelevelsarechargedtheadditionalbuffer price. Therefore,
the higherprecedenceuserspay the sumof buffer pricescor-
respondingto all the exceededthresholds.During congestion,
lower precedenceuserswill suffer lost packets,or reducetheir
rate,or smoothentheir traffic at thesource(at thecostof higher
delaydueto buffering), or changeto a higherprecedenceand
paya higherprice.

Both kindsof congestionpricefor a serviceclasscanbecal-
culatedasan iterative tâtonnementprocess[23], which imple-
mentsthe welfare theory in a competitive market. The price
change,upwardwhenaggregateuserdemandexceedsresource
supplyanddownward whendemandis lower thanthe supply,
drivesthedemandandsupplytowardsequilibrium.

In this paper, we considerpricing basedon the load level of
a serviceclass.Congestionpricefor aninterval � canbecalcu-
latedthroughaniterative tâtonnementprocessas:x�� � � � $T uO»(¼ �(½¾xr� � � � 9À¿#$ÁXeÂ � � ? � 9 · �� $�Ã · �� ���¢Ä�Å/�!x��EÆI7J ')� (15)

wherè � and±d� Ç representthecurrenttotalofferednetwork load
andtargetbandwidthutilization for serviceclass� respectively,È � is a factorusedto adjusttheconvergencespeed2, and ~ �KON�P
is thehighestcongestionpricethatcanbeapplied.É

For an integral controller, higher control gain
Â

leadsto a fasterresponse
of the congestionprice

x �
. However, large valuesof

Â
can causeexcessive



Equation15 follows the integral control law [29] to drive
the userdemandtowardsthe targetbandwidthutilization. The
routerbeginsto applythecongestionchargeonly whenthetotal
demandexceedsthe supply. Even after the congestionis re-
moved,a non-zero,but graduallydecreasingcongestioncharge
is applieduntil it falls to zeroto protectagainstfurtherconges-
tion. The maximumcongestionprice is boundedby the ~ �KON�P .
Whena serviceclassneedsadmissioncontrol,all new arrivals
arerejectedwhenthe price reaches~ �KON�P . If ~ �2 reaches~ �KON�P
frequently, it indicatesthat more resourcesareneededfor the
correspondingservice,or usagepricefor aclassneedsto bead-
justedto reflectthe new demandstatistics.For a period � , the
total congestionchargeis givenby� � �� � � $��xr� � � � $�  � � � � $ � (16)

Basedon the price formulation strategy describedabove, a
routerarrivesat a cost structurefor a particularflow or flow-
aggregateat the end of eachprice updateinterval. The total
chargefor a sessionis givenby

� � �� ËÊFtÌ � � x � �
� � � � � � $Í� � 9e  � � � � $&$ÁX � x � �OXex � � � � $)$�  � � � � $(')� (17)

where Î is thetotalnumberof intervalsspannedby a session.
In somecases,thenetwork maysettheusagechargeto zero,

imposinga holdingchargefor reservingresourcesonly, and/or
a congestionchargeduringresourcecontention.Also, thehold-
ing chargewould besetto zerofor serviceswithout explicit re-
sourcereservationor admissioncontrol,for example,besteffort
service.

Even thoughwe have introduceda pricing model that con-
sistsof differentpricing components,theendusersonly needs
to know the total price of a serviceclass. At servicerequest
time, a usercanassumeit will useall the resourcerequested,
andhencetheholdingchargewill bezero. Therefore,network
only needsto announcethe price of a serviceclassas the to-
tal of usageprice and congestionprice. As both usageprice
andcongestionpricearevolumedependent,theusercanusethe
equationpresentedin SectionII to calaculateits servicerequests
accordingly.

B. SystemStabilityandNetworkDynamics

Application adaptationas well as applicationsenteringand
leaving the network lead to resourcere-allocationand possi-
bly adjustmentof serviceprices.There-negotiationof network
serviceswill generallybe driven by price or userrequirement
changes.In our proposedpricing strategy, threeprice compo-
nentsareconsidered:holdingprice (~ 8 ), usageprice (~W¤ ), and
congestionprice(~ 2 ). For aspecificnetwork provider, thehold-
ing price (~ 8 ) andusageprice (~d¤ ) for a particularserviceare
fixed or changeinfrequently. Hence,only the stability of the
congestionpriceneedsto beconsidered.We show thestability
of ourpricingalgorithmin theappendix.

Sincethe userdemandwill changeasusersjoin and leave,
a new stableprice may be reachedas the total userdemand

oscillationor instabilities.Also, if minimumandmaximumlimits areseton the
congestionprice(say, zeroand

x
max respectively), setting

Â
too high canforcex��

into oneof thelimit states.AssumeÏ is thelargesterrorthatoccursin closed-
loop operation;to avoid forcing

x��
into a limit state,

Â
shouldbesetno higher

than
�

maxÐ .

changes.In our proof of price stability, the userresourcere-
questsareassumedto beknown instantaneously. For a network
with transmissiondelay, thisassumptionmaynotbetrue.How-
ever, we studythepricingmodelsin theenvironmentwherethe
network adjustspricing periodicallyin thetime scaleof minute
or longer. Sincethe time periodbetweenprice adjustmentsis
relatively long, the network transmissiondelay hasnegligible
impacton the systemperformanceandstability, which is con-
firmedby oursimulations.

On the other hand,even thoughthe network can reachsta-
bility for any fixedsetof bandwidthrequirements,thestability
canbe disturbedwhennew applicationsenterthe network and
existing applicationsleave thenetwork. In addition,bandwidth
adaptationby a numberof userssharingthe samelink band-
width can also lead to the oscillation of the systemprice and
userrequests,beforethedemandandsupplyreachequilibrium.

In the corenetwork, oscillatorybehavior canbe minimized
by allocatingresourcesin blocks,reducingthefrequency of re-
sourcere-allocationandhencepriceadjustment.Theresources
negotiatedwill beincrementedor decrementedwith somemin-
imum granularity. Whenthe sumof userrequestsapproaches
theresourcesreservedfor theaggregate,anadditionalblock of
resourcescanbereserved. Similarly, theresourcesreservedare
decrementedin blocks as the requestedbandwidthdecreases.
The larger the block, the lessfrequentlythe resourcesneedto
bere-negotiated,but a higherholdingcostmaybe incurredfor
resourcesunder-utilized. In our work, we alsouseda pricead-
justmentthresholdparameterÑ � for aserviceclass� to limit the
frequency with whichthepriceis updated.Thecongestionprice
isupdatedif thecalculatedpriceincrementexceedsÑ � ~ �2 �M� £[Ò � .

IV. RESOURCE NEGOTIATION THROUGH RNAP

The pricing algorithmsandadaptationframework presented
in this paperdo not dependon any particularnetwork architec-
ture or protocol. However in this paper, we simulatedour re-
sultsin anenvironmentsupportingdynamicservicenegotiation
throughtheResourceNegotiationandPricingprotocol(RNAP)
[5][?], usinga centralized(RNAP-C) network managementar-
chitecture. We first briefly review the RNAP framework, and
thendescribethepricingandchargeformulationprocessused.

We assumethat the network providesserviceswith certain
QoScharacteristicsto userapplications,andchargespricesfor
theseservices.Theservicepricesmayvarywith theavailability
of network resources.Network resourcesareobtainedby user
applicationsthroughnegotiationbetweentheHostResourceNe-
gotiator(HRN) on the userside,anda Network ResourceNe-
gotiator(NRN) actingon behalfof thenetwork. TheHRN ne-
gotiatesonbehalfof oneor multipleapplicationsbelongingto a
multimediasystem.Theusersknow thefixedservicepricesfor
differentserviceclasses.In addition,in an RNAP session,the
NRN periodicallyprovidestheHRN updatedcongestionprices
for a set of servicesthrougha Quotationmessage.Basedon
this informationandcurrentapplicationrequirements,theHRN
determinestheoptimal transmissionbandwidthandservicepa-
rametersfor eachapplication.It re-negotiatesthecontractedser-
vicesby sendinga Reservemessageto theNRN, andreceiving
aCommitmessageasconfirmationor denial.

TheHRN only interactswith thelocalNRN. If its application
flows traversemultiple domains,to reducetheoverheaddueto
per-flow RNAP messageprocessingandstorage,we considera
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sink-treebasedaggregationschemeas shown in Fig. 1. The
aggregationandde-aggregationentitiesare NRNs. At an ag-
gregatingNRN ‘a’ or ‘c’, the aggregateReservemessagewill
be formedandsentdomainby domaintowardsthe destination
domainNRN ‘b’. Multiple levelsof aggregationcanoccur, so
that aggregatemessagesare aggregatedin turn, resultingin a
progressively thicker aggregate“pipe” towardsthe root of the
sink-tree. The addressof the destinationdomainNRN is lo-
catedthroughDNS SRV [?]. In addition, the accessdomain
NRN encapsulatesthe per flow Reservemessageswith UDP
packet headersandtunnelsthemdirectly to thedestinationdo-
mainNRN ‘b’ to reserveresourcesin thedestinationdomain.

ThedestinationdomainNRN sendsaCommitmessages“hop
by hop” (eachhopis onedomain)upstreamtowardsthesource
in responseto an aggregateReservemessage.The intermedi-
atedomainNRNs will deaggregatethe messageprogressively
asanaggregateresponsemessagepassesby. They will mapthe
aggregate-level pricing andcharging(returnedby theaggregate
sessionQuotationandCommitmessages)to pricesandcharges
for thecorrespondingdeaggregatedmessagesbasedonthelocal
policy. All the per-flow responsemessagesare tunneledfrom
destinationdomaindirectly to theaccessdomainof thesource.
Thereis a similar messageflow for RNAP Quotationmessages
in the upstreamdirection. With aggregation, the RNAP mes-
sagesareprocessedat muchlarger granularityin the corenet-
works.

TheNRN maintainslocal stateinformationfor a domainfor
charging andotherpurposes.It makesthe admissiondecision
anddecidesthepricefor a service,basedon theservicespecifi-
cationsalone,or by alsotakinginto accountroutingandconfig-
urationpoliciesandnetwork load. In the latter case,the NRN
sits at a router that belongsto a link-staterouting domain(for
exampleanOSPFarea)andhasanidenticallink statedatabase
asotherroutersin thedomain.This allows it to calculateall the
routingtablesof all otherroutersin thedomainusingDijkstra’s

algorithm.
TheNRN maintainsa domainrouting tablewhich finds any

flow routethateitherendsin its own domain,or usesits domain
asa transitdomain(Fig. 2). Thedomainrouting tablewill be
updatedwhenever the link statedatabaseis changed.A NRN
alsomaintainsa resourcetable,which allows it to keeptrackof
theavailability anddynamicusageof theresources(bandwidth,
buffer space).In general,the resourcetablestoresresourcein-
formation for eachserviceprovided at a router. The resource
tableallows the NRN to computea local price for eachrouter
(for instance,usingtheusage-basedpricingstrategydescribedin
SectionIII). For aparticularservicerequest,theNRN first looks
up thepathon which resourcesarerequestedusingthedomain
routingtable,andthenusestheper-routerpricesto computethe
accumulatedprice alongthis path. The resourcetablealsofa-
cilitatesmonitoringandprovisioningof resourcesat therouters.
To enablethe NRN to collect resourceinformation, routersin
the domainperiodically report local stateinformation (for in-
stance,averagebuffer occupancy andbandwidthutilization) to
theNRN. In this paper, weextendCOPS[30] for this purpose.

To computethe charge for a flow, ingressroutersmaintain
per-flow (or aggregatedflow from neighboringdomain)statein-
formationaboutthe datavolumetransmittedduring a negotia-
tion period. This informationis periodicallytransmittedto the
NRN, allowing theNRN to computethechargefor theperiod.

A network domainmanagesits own pricing scheme(which
maybecongestionsensitive or static)independentof otherdo-
mains,andwill have its own per unit resourcecostsfor each
class. When an userflow traversesmultiple domains,RNAP
messagingcollatespricing and billing information from each
domainanddeterminethetotalprice/chargefor theuser.

V. SIMULATION MODEL

In thissection,wedescribeoursimulationmodelfor theCPA
andFPpolicies.We simulatea singleDiffServservicedomain,
underwhich resourcesarenot explicitly reservedfor eachflow.
Wesimulatetheserviceperformancewith or withoutadmission
control from the domain. User resourcerequirementsarede-
claredexplicitly throughRNAP, allowing admissioncontrol to
be enforcedif requiredin an experiment. The individual and
totaluserresourcedemandsarealsoobtainedthroughmeasure-
ment.Priceandnetwork statisticsaresignaledto usersthrough
RNAP.

We usedthenetworksimulator[31] environmentto simulate
two network topologies,shown in Fig. 3 andFig. 4. Topology1
containstwo backbonenodes,six accessnodes,andtwenty-four
endnodes.Topologytwo containsfive backbonenodes,fifteen
accessnodes,andsixty endnodes.Topologytwo wasalsoused
in [32]. All links arefull duplex andpoint-to-point. The links
connectingthebackbonenodesare3 Mb/s,thelinks connecting
theaccessnodesto thebackbonenodesare2 Mb/s,andthelinks
connectingthe endnodesto the accessnodesare1 Mb/s. At
eachendnode,thereis afixednumberÎ . of sendingusers.We
usetopology1 in mostof our simulationsto allow congestion
to besimulatedat a singlebottlenecknode,andusetopology2
to illustratetheCPA performanceunderamoregeneralnetwork
topology[33].

We modified the DiffServ moduledevelopedby SeanMur-
phy to supportdynamicSLA negotiation,andmonitor theuser
traffic at ingresspoint. A Weighted-Round-Robinscheduleris
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modeledat eachnode,with weightsdistributedequallyamong
EF, AF, andBest Effort (BE) classes.Although the DiffServ
proposalsmention four AF classeswith three levels of drop
precedencein each,weonly simulatedoneAF classto makethe
simulationslessresource-intensive,sincethisdoesnotaffectthe
generalresultsin any way. Threedifferentbuffer management
algorithmsareusedfor differentDiffServclasses- tail-dropping
for EF, RED-with-In-Out[34] for AF, andRandomEarlyDetec-
tion [35] for theBE traffic. Thedefaultqueuelengthfor EF, AF
andBE aresetrespectively to 50, 100,200packets. Otherpa-
rametersareset to the default valuesin the networksimulator
implementation.

A combinationof exponentialon-off andParetoon-off traffic
sourcesareusedin thesimulation.Unlessotherwisespecified,
thetraffic consistsof 50%of eachfor all theserviceclasses,and
theon time andoff time arebothsetto 0.5seconds.Theshape
parameterfor Paretosourcesis setto 1.5.Themeanpacketsize
is setto 200bytes.Thetraffic conditionersareconfiguredwith
one profile for eachtraffic source,with peakrate and bucket
sizesetto theon-off sourcepeakrateandmaximumamountof
traffic sentduringanon periodrespectively for bothEFandAF
classes.

We alsocharacterizethe systemload by burst index andof-
fered load. The burst index is definedasOffTime/(OnTime +
OffTime) for both typesof on-off sources.Theofferedloadfor
a serviceclassis definedasthe ratio betweenthe total userre-
sourcerequirementfor a servicetype,andthe configuredclass
capacityat the bottleneck.Underthe FP policy, the total user
resourcerequirementis also the actualresourcedemandfrom
all the users.Underthe CPA policy, the total userresourcere-
quirementis what the total resourcedemandwould be if there
wereno resourcecontentionat the bottleneckandthe network
did not imposeanadditionalcongestion-dependentprice.

User requestsare generatedaccordingto a Poissonarrival
processandthelifetime of eachflow is exponentiallydistributed
with anaveragelengthof 10 minutes.In topology1, usersfrom
thesendersideindependentlyinitialize unidirectionalflows to-
wardsrandomlyselectedreceiversideendnodes.Î . flowswill
beinitializedatonenode.At most Ò#ã Î . flows(60sessionswith

Îf. set to 5) canrun simultaneouslyin the whole network. In
topology2, all the usersinitialize unidirectionalflows towards
randomlyselectedendnodes.At mostämåTÎ . users(360sessions
with Î . setto 6) areallowedto runsimultaneouslyin thewhole
network.

For easeof understanding,all pricesin this sectionaregiven
in termsof priceperminuteof a 64kb/stransmission,currently
equivalentto a telephonecall. The basicprice chargedby the
FP policy, andthe basicusageprice chargedby CPA (~ � N . + 2 ),
are both set to $0.08/min. We set the target averageload of
the EF classat 40%, the AF classat 60%, and the BE class
at 90%. Therefore,basedon the pricing strategy proposedin
SectionIII, the usageprice for EF, AF andBE classesareset
respectively as$0.20/min,$0.13/min,and$0.089/min. When
admissioncontrol is enforced,the holding price for the CPA
policy is correspondinglyset to $0.067/minfor EF class,and
$0.044/minfor AF class.

Congestionpricing is appliedwheninstantaneoususageex-
ceedsthe target load thresholdof eachclassor when the loss
or delayexceedsÒ�°Cæ of the boundsat a nodeassociatedwith
theclass(delayboundof 2 ms,5 ms,and100msrespectively
for EF, AF, andBE, andlossboundsof Ò å�çdè , Ò å�çdé and Ò å�çdê
respectively). Thepriceadjustmentprocedureis alsocontrolled
by a pair of parameters,thepriceadjustmentstep È from equa-
tion 15 andthepriceadjustmentthresholdparameterÑ , defined
in SectionIII. Unlessotherwisespecified,valuesof È �ëåTì å¢ä
and Ñ�íå�ì åmî areused.

Theusersareassumedto have thegeneralform of theutility
functionshown in SectionII. At thebeginningof eachexperi-
ment,theuserpopulationis dividedinto usersof theEF, AF and
BE classes,althoughin someexperimentsthey areallowed to
adaptto pricechangesby switchingto a differentclass.

For EF users,the elasticity factor factor a (which is also
theuser’s willingnessto pay), is uniformly distributedbetween
$0.13/minand$0.40/minfor a 64 kb/sbandwidth.For AF and
BE users,it is uniformly distributed between$0.09/minand
$0.26/min,and$0.06/minand$0.18/minrespectively. Themin-
imumdelayandlossrequirementsfor eachtypeof usersareset
to bethesameastheexpectedperformanceboundof thecorre-
spondingserviceclass.Theopportunitycostparameter�Yb is set
to theamountauseris willing to payfor its minimumbandwidth
requirement,andis hencegivenby � b �ï~ 8 +Mð 8 �ñ` K +ML , where~ 8 +Mð 8 is the maximumprice the userwill pay beforeterminat-
ing his connectionaltogether. Usersre-negotiatetheir resource
requirementswith aperiodof 30secondsin all theexperiments.
Thetotalsimulationtimefor eachexperimentis 20,000seconds.

We usea numberof engineeringand economicmetrics to
evaluateour experiments.The engineeringmetricsincludethe
averagetraffic arrival rateat thebottleneck,theaveragepacket
delay, the averagepacket lossrate,andthe userrequestblock-
ing probability. The averagesare computedas exponentially
weightedmoving averages.Theeconomicperformancemetrics
includethe averageuserbenefit(the perceived valueobtained
by usersbasedon their utility functions),the end-to-endprice
for eachserviceclass.

VI . RESULTS AND DISCUSSION

In this section,we simulatethe FP policy and CPA policy
underidenticaltraffic conditions,andcomparetherelative per-
formance.



For easeof presentation,a singletraffic parameterfor theAF
classwasvariedin eachexperiment,andits effect on CPA and
FPpolicy performancewasstudied.We conductedfour groups
of experiments.In thefirst andsecondgroups,wevary theload
burstinessand averageload respectively of the AF class,and
evaluatethe improvementsgiven by CPA over FP. In the third
experiment,incentive driven traffic migration betweenclasses
is shown to improvetheoverall systemperformance.In thelast
experiment,we show that admissioncontrol to a serviceclass
is critical in maintainingexpectedperformancelevels.Combin-
ing admissioncontrol with userserviceadaptationeffectively
reducestherequestblockingrate.

A. Effectof Traffic Burstiness

We first comparethe performanceof FP and CPA policies
asthe burst index of AF classincreases,at a constantaverage
offeredloadof 60%.

Fig. 5 (a) shows that the averageAF price increasesunder
CPA dueto the increasingcongestionprice asthe burst index
exceeds0.4. In response,the AF traffic backsoff. Fig. 5 (a)
alsoshows thatthestandarddeviation in theAF priceincreases
with theburstindex, indicatinggreaterfluctuationsin theprice.
Fig. 5 (b) shows thedynamicvariationof theAF classpriceat
threedifferentlevelsof burstiness,confirmingthis trend.

Fig. 5 (c) and (d) show that underFP policy the average
packet delay and loss of the AF classincreasesharplyas the
burst index exceeds0.4. As a resultof theusertraffic back-off
underCPA thedelayandlossof AF classarewell controlledbe-
low therespective performanceboundsof 5 msand Ò å çdé up to
a burstindex of 0.8.Theaverageuserbenefitfor CPA (Fig. 5 f)
decreasesdueto thereductionof bandwidth,but remainshigher
thanthat of the FP policy. Thereis alsoa smallerdegradation
in the performanceof the BE classat high burst indices. This
appearsto be becausethe BE classoperatesundera relatively
high load,andthereforeborrows bandwidthfrom the AF class
whentheAF classis lightly loaded.It canno longerdosowhen
theAF traffic burstinessincreases.

The resultsin this sectionindicatethat theCPA policy takes
advantageof applicationadaptivity for significantgainsin net-
work performance,and perceived userbenefit, relative to the
fixed-pricepolicy. The congestion-basedpricing is stableand
effective.

B. Effectof Traffic Load

In thissimulation,wekeeptheloadandburstinessof EFclass
andBE classandtheburstindex of theAF classat their default
values,andvary the offeredloadof AF class.TheaverageAF
price underCPA is seento increasewith offeredload (Fig. 6
(a)). The standarddeviation of the price shows an increaseto
a certainlevel and then a decrease.Initially, the price devia-
tion increasesdueto themoreaggressivecongestioncontrol.At
heavy loads,theincreasedmultiplexingof userdemandsmooths
thetotaldemand,andthereforereducesfluctuationsin theprice.
Fig. 6 (e) shows that the actualarrival rateof AF underCPA
backsoff asusersadaptto thehigherprice.

Figs. 6 (c) and(d) show that the delayandlossof AF class
underFPquickly increasesaftertheofferedloadincreasesabove
0.6 andapproachesthe provisionedcapacity. As a result, the
performanceboundsfor AF classcan no longerbe met. The
highAF loadalsodegradesBE performance.This is apparently

becauseBE operatesat a high load (0.9) and tendsto borrow
bandwidthfrom AF andEF whenthe latter classesare lightly
loaded.

Figs. 6 (c), (d), and (e) show that CPA coupledwith user
adaptationis ableto control congestionandmaintainthe total
traffic loadof a serviceclassat thetargetedlevel, andhenceal-
lowstheserviceclassto meettheexpectedperformancebounds.
Similar to ourobservationin SectionVI-A, if thenominalprice
of thesystemcorrectlyreflectlong-termuserdemand,dynamic
pricingdrivenservicere-negotiationcaneffectively limits short-
termfluctuationsin load. Usageprice of a classshouldbe ad-
justedif persistenthighuserdemandexist for a service.

C. LoadBalancebetweenClasses

As seenfrom theprevioussection,theperformanceof aclass
will suffer if the load into that classis too high. In general,a
userunderCPA policy will selectaserviceclasswhichprovides
it thehighestbenefitbasedonthepriceandperformanceparam-
etersof aclassasannouncedby theproviders.Theperformance
parametersaregenerallybasedon long-termstatistics. In this
section,we assumethat a usercanlearnfrom network perfor-
mancedatareceived over a short period, and selectthe class
thatwould provide the highestbenefitbasedon theuserutility
function, network performancestatisticsand serviceprice, as
discussedin SectionII.

In this simulation,theEF andBE classesareloadedat 30%
and80%respectively. Whentheloadof AF classincreases,the
performanceof AF classdegradesandcongestionprice is in-
voked.In response,someapplicationsswitchfrom theAF class
to theEFclass,whichprovidesbetterperformanceguarantee,or
BE class,whichallowsit morebandwidthatacheaperprice.As
theresultof this re-selection,the loadis betterbalancedacross
classes,andoverallperformanceof thesystemimproves(Fig. 7
(c) and(d)). Fig. 7 (a) shows thatwith loadbalancingin com-
bination with adaptationwithin a single class,the congestion
priceneedsto be invokedmuchlessoften thanwith adaptation
within aclassonly, asin Fig. 6 (b). Theproportionof migrating
traffic is shown in Fig. 7 (b). We seeeven whena small por-
tion of usersselectotherserviceclasses,theperformanceof the
over-loadedclassis greatlyimproved.

D. Effectof AdmissionControl

We have seenthat theperformanceof a classcannot beex-
pectedwithout any admissioncontrol. In this section,we com-
paretheperformanceof FPandCPA for a network with admis-
sioncontrol for EF andAF class.Theadmissionthresholdfor
eachclassis setto 1.5 timesthetargetloadto increasetheeffi-
ciency of thenetwork.

With admissioncontrol, the performanceof EF and AF
classesarewell controlled(Fig. 8 c andd). However, dueto the
burstinessof thetraffic, theblockingrateunderFPis high even
ata verysmallofferedload(Fig. 8 b), andincreasesalmostlin-
earlyastheofferedloadincreasesbeyond0.6. With congestion
controlandservicecontractre-negotiation,theblockingrateof
CPA is seento beup to 30 timessmallerthanthatundertheFP
policy, andactuallystartsto decreaseafterreachingamaximum
at offered load 0.8. This is becausethe price adjustmentstep
is proportionalto the excessbandwidthabove the targeteduti-
lization andincreasesprogressively fasterwith offeredload at
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Fig. 5. SystemdynamicsunderCPA with increasein AF traffic burst index: (a) priceaverageandstandarddeviation of AF class;(b) variationover time of AF
classprice. Performancemetricsof CPA andFPpoliciesasa functionof burstindex for classes:(c) averagepacket delay;(d) averagepacket loss;(e) average
traffic arrival rate;(f) averageuserbenefit.

higherloads,andtheuserbandwidthrequestdecreasespropor-
tionally with the priceaccordingto the generalutility function
of SectionII. Comparedto SectionVI-B, theaveragepriceun-
derCPA (Fig. 8 a) is boundedto a smallervalueat highoffered
loads,andhasa smallerfluctuation.

The resultsindicate that admissioncontrol is important in
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 adaptation,thenetwork is moreefficiently
used.With admissioncontrol,thedynamicsof thenetwork price
canalsobebettercontrolled,sothatusershave a morereliable
expectationof theprice.

VI I . 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 usersatisfaction
level) of a groupof usersis maximized.Theseapproachesnor-
mally rely on a centralizedoptimizationprocess,which does
not scale.Also, someof thealgorithmsassumetheknowledge
of theuser’sutility functions,which is generallynot practical.

Theoreticalframeworksof congestionpricing have beendis-
cussedthoroughlyby several authors[15][40][41][42]. Kelly
et al [15] andLow et al [40] show how selfishusers,seekingto
maximizetheirown netbenefit,canbegiventheright incentives
soasto globally optimizethesocialbenefit.ECN-basedmark-
ing hasbeenproposedin [41] to convey congestioninformation
backto theendsystems,andtheresultingsystemconvergesto
an optimal systemstateaslong asall utility curvesarestrictly
concave. Insteadof only marking the packets, the authorsin
[42] proposedassigningeachpacket a price to reflectthe con-
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Fig. 6. SystemdynamicsunderCPA with increasein AF offeredload: (a) averageandstandarddeviation of AF classprice; (b) variationover time of AF class
price. Performancemetricsof CPA andFPpoliciesasa functionof AF offeredload: (c) averagepacket delay;(d) averagepacket loss;(e) averagebottleneck
traffic arrival rate;(f) averageuserbenefit.

gestionof thenetwork. Theseschemesassumenetwork services
arebest-effort, andrely on a puremarket mechanismto maxi-
mizesocialbenefit.It is alsonotclearwhetherall thetheoretical
resultshold in thepresenceof transmissiondelayat thescaleof
a largenetwork.

Severalauction-basedmechanismshavebeenstudiedto elicit
truthfully reporteduserutility functionsandencouragetheeffi-
cientutilizationof scarcenetwork resources.In the“smartmar-
ket” model[43], eachpacketheadercontainsabid field, andthe
packet is admittedif thebid exceedsthecurrentcutoff amount,
determinedby the marginal congestioncosts. The mechanism
only provides a priority relative to other users,and is not an
absolutepromiseof service.Issuesthatneedto beaddressedin-
cludeaccountingcomplexity, serviceinterruptionsduringtraffic
peaks,anduserresponseto fluctuationsin price. Themodelin
[44] supportsmultiplelevelsof QoSguarantees.Theimplemen-
tationschemeis againcalled“smartmarket”, alsocalled“gener-

alizedVickrey auction(GVA)”. GVA extendstheideaof [43] to
allow agentsto have preferencesover morethanoneitem, and
morethanoneunit of the item. The optimal solutionrequires
substantialcomputation,which increasespolynomiallywith the
numberof users,andthenumberof optimizationsincreaseslin-
early with the numberof users. The progressive secondprice
auction(PSP)schemeproposedby Semretet al [45] extends
thetraditionalsinglenon-divisible objectauctionto thealloca-
tions of arbitrarysharesof the total availableresource.Yuksel
andKalyanaraman[46] investigatedthe implementationissues
of the smartmarket modelandproposeda strategy for imple-
mentingsmartmarketpricing in DiffServframework.

In [47][48][49][50], the resourcesare priced to reflect de-
mandandsupply. However, themethodsin [47][48][50] rely on
onwell-definedsourcesmodelsandcannotadaptwell to chang-
ing traffic demands.Similar to ourwork, theschemein [49] also
takesinto accountnetwork dynamics(sessionjoin or leave)and
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Fig. 7. Performancemetricsof CPA andFPpolicieswith traffic migrationbetweenclasses:(a) variationover time of AF classprice; (b) ratio of AF classtraffic
migratingthroughclassre-selection;(c) averagepacket delayof all classes;(d) averagepacket lossof all classes.
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Fig. 8. SystemdynamicsunderCPA with admissioncontrol asAF offered load increases:(a) averageandstandarddeviation of AF classprice. Performance
metricsof CPA andFPpolicieswith admissioncontrolasa functionof AF offeredload: (b) userrequestsblockingrate;(c) averagepacket delay;(d) average
packet loss.



sourcetraffic characteristics,and allows different equilibrium
pricesover differenttime periods.However, congestionis only
consideredduringadmissioncontrol,andthestudyis restricted
to asingleserviceclass.

The study in [51] demonstratesthrough experimentsthat
comparedto traditionalflat pricing,service-classsensitivepric-
ing resultsin highernetwork performance.ParisMetro Pricing
(PMP) [52] schemepartitionsthe network into logically sep-
aratedchannelswith different prices. It is expectedthat the
higher-pricedclasseswill have lessload andwill provide bet-
ter service.Thebehavior of PMPunderequilibriumconditions
is consideredandcomparedwith a uniclasspricing systemin
[53][54]. Marbach[55] analyzedtheequilibriumof sucha sys-
tem using non-cooperative gametheory. Altmann et al [56]
considereda similar framework basedon queuingtheory and
experiments.The PMP-relatedwork consideredthe impactof
differentialpricingon therelativeperformanceof thesystemas
aresultof userselfselectionprocess.Thereis howevernoguar-
anteeon theservicequalitydeliveredateachpriority level.

A setof othergame-theoreticalgorithmshavebeenproposed
for multi-classQoSprovision. In [57], packetsaremarkedac-
cording to customer’s QoSrequirements.Without associating
any price with a serviceclass,the costsincurredto customers
arepurelyperformancerelated.Theauthorsin [58] studiedthe
dimensioningof network capacityfor differentserviceclasses,
while Mandjes[59] andMarbach[60] studiedthestaticpricing
schemebasedonthepriority classes.Marbach[60] extendedthe
numberof classesfrom two [59] to a finite numberandshowed
how pricing decisionswould affect the link performanceand
revenue.However, asshown in Marbach[60], the strict prior-
ity schedulingcanleadto atwo-level servicewhichdoesnotal-
low multi-classQoSprovisioning.Thework of ShuandVaraiya
[61] generalizedtheideain [43] to supportauctionsfor different
servicelevels. The in-profile traffic is chargedflat fee without
specifiinghow the price can be determined,while out-profile
traffic is charged congestionprice basedon an auction-based
admissioncontrolalgorithmandtreateddifferentlyfor different
userbids.

Kumaranet al. [62] describedthe utility maximizationby
usersandrevenueoptimizationby serviceprovidersbasedon
the quantitative admissioncontrol modelproposedin [63][64].
The equivalentbandwidthestimationin [63][64] is undervery
specificassumptionsaboutthe traffic, and the analysisis also
constrainedto two classes,with usersin thesameclassassumed
to havethesamebandwidthrequirements.Thispreventstheap-
plicationof theresultsto ageneralnetworkserviceenvironment.
O’Donnelletal [65] borrowedtheframework in [42] andcalcu-
lateda pricefor eachpacket basedon bandwidthconsumption,
servicelevel, andbuffer occupancy, which may result in high
implementationcost.

Jordan[66] proposedadjustingbandwidthandbuffer alloca-
tionsbetweenclassesin a network with reservation-basedQoS
to guaranteethetargetdelayandloss.In ourwork, we assumed
the resourceprovisioning for classesdoesnot needto be ad-
justedunlesslonger-termnetwork performancecannot be en-
sured. In a short-term,our pricing schemesmotivateuserre-
questadaptationsto gain the target serviceperformance.Our
proposedmodelcould hencejointly work with that of [66], in
different time scales.Pricing for DiffServ hasalsobeenstud-
ied in [18] throughequivalentbandwidth.As hasbeenpointed

outearlier, equivalentbandwidthmaybetooconservativefor re-
sourceprovisioningin a DiffServenvironment,andhencepric-
ing basedon equivalentbandwidthmaynot befair to theusers.
Also, it is not trivial for usersto adapttheir requirementsdy-
namicallyto meettheir equivalentbandwidthconstraints.

In general,theliteraturework onnetwork pricing is restricted
to theoreticalissues,andtheresultsarenot easilyapplicableto
realnetworks. We have designeda pricing algorithmthat takes
into accountthecurrentInternetserviceinfrastructure,andcon-
sidereddifferentserviceclasses,the long-termusertraffic de-
mand,andshort-termnetwork dynamics.Thealgorithmallows
the network to optimizeprofit, andalsoallows a userto select
serviceflexibly basedon its preferencesandto maximizeits to-
tal netbenefit.Also, theliteraturegenerallydoesnot enterinto
detailsaboutthe negotiationprocessandthe network architec-
ture,andmechanismsfor collectingandcommunicatingprices.
Weaddresstheseissuesby integratingourpricingalgorithmin a
resourcenegotiationframework with pricing andbilling mech-
anisms.

By puttingour pricing algorithmin aninfrastructureconsist-
ing of bothstaticanddynamicpricing components,our model
allows a network provider to play differentperformancetrade-
offs andsupportdifferentbusinessmodels.Theliteraturework
on network economicsnormally focuson studyingthe perfor-
mancedueto puremarket mechanisms.However, we consider
economicapproacha meansto motivatemoreefficient network
resourceusageand also emphasizethe engineeringapproach
asa meansto enforcenetwork serviceassurance.That is, our
model gives usersthe options for network servicesbasedon
their individual valuationof the transmissions,and also pro-
vides engineeringcontrol to restrict the load of a classto its
target level whenaneconomicapproachis not enoughfor pro-
viding expectedservice(for example,not enoughuserswould
adapttheir servicerequirementswhencongestionhappens)or
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 bothpricedifferentiationandserviceadaptation,
andadmissioncontrol andqueuemanagement,to regulatethe
traffic loadof a serviceclass.Our resultsindicatethat theper-
formanceof the systemsupportedby botheconomicandengi-
neeringmechanismsis superiorto thatmanagedby usingonly
oneof themeans.

VI I I . SUMMARY

In this work, we have developeda reasonablycompleteDiff-
Servpricing model.We haveproposeda pricestructurefor dif-
ferent serviceclassesin DiffServ basedon their relative per-
formance,long-termdemand,andshort-termfluctuationsin de-
mand. We have integratedthis pricing model into a dynamic
servicenegotiationenvironmentin whichservicepricesincrease
in responseto congestion,andusersadaptto price increasesby
adaptingtheir sendingrateand/orchoiceof service. We have
alsomodeledthedemandbehavior of adaptiveusersbasedon a
physicallyreasonableuserutility function.

Oursimulationresultsshow thatdifferentserviceclassespro-
videdifferentlevelsof serviceonly whenthey operateat differ-
ent targetutilization. In theabsenceof explicit admissioncon-
trol, aserviceclassloadedbeyondits targetutilization(underei-



thersustainedor burstyloads)no longermeetsits expectedper-
formancelevels.Undertheseconditions,a congestion-sensitive
pricingpolicy (CPA) coupledwith userrateadaptationis ableto
control congestionandallow a serviceclassto meetits perfor-
manceassurancesunderlargeor burstyofferedloads.Userssee
areasonablystableservicepriceandareableto maintainavery
stableexpenditure.Allowing usersto migratebetweenservice
classesin responseto price increaseandnetwork performance
furtherstabilizestheindividualservicepriceswhile maintaining
thesystemperformance.

When admissioncontrol is enforcedfor eachclass,perfor-
manceboundscanbemetwith a fixedserviceprice. However,
in this case,the CPA policy provides a greatly reducedcon-
nectionblocking rateat high loadsby driving down individual
bandwidthrequests,resultingin a higheroverall usersatisfac-
tion. Comparedto the CPA policy without admissioncontrol,
theservicepriceis furtherstabilizedin this case.

In this paper, we assumethat usersdo not have the option
of choosinga differentpathor provider, reflectingcurrentnet-
work reality. However, pricingin thepresenceof competitionor
alternativepathsremainsaninterestingopenissue.

APPENDIX

The adaptationof the proposedcongestionprice follows the
tâtonnementprocessfor an equilibrium. The price will be
quotedupwardor downward,dependingon whetheror not de-
mandexceedssupply, until thedemandandsupplyreachequi-
librium anda stableprice ~ 0 is located.

Sincedemandis afunctionof price,wecandenotedemandas*ò��~�� . For a network serviceclass,thetargetedresourcesupply
is fixed and is denotedas ± Ç . Supposethe rate of changeof
price movesdirectly with excessdemand,ó��M~ô�<�ï*ò��~�� £ ± Ç
asfollows: xCõ� iCxiCö Hª

� � � x¢$Á9 · � $TBª � ÷ � x¢$)$)� (18)

where ¬Wø«ùúå , and ¬Y��å��f�ûå . Theprice changedrivesthe de-
mandandsupplytowardsequilibrium. If the tâtonnementpro-
cessis successful,themechanismin equation18will generatea
pathof priceswhichwill approach~ 0 asü increases:\ »(uý(þ©ÿ x

� ö�$�Bx �
(19)

If equation18 holds for any initial price ~ and ~ 0 is unique,
the systemis calledglobally stable. If thereis more thanone
equilibrium-pricevector, thenif ~ô�Mü�� reachesany of the ~ 0 ’s,the
modelis called locally stable. We only considerlocal stability
in our system,whereequation19 holdsfor all prices~ in some
neighborhoodof ~ 0 . To prove that the local price stability ex-
ists,thefunction ¬Y�jóB�M~��7� canberepresentedby a Taylor series
expansion:iCxiCö Hª

� ÷ � x � $&$ÁX<ª õ � ÷ � x¢$&$Í÷ õ � x � $ � x"9<x � $mX������
(20)

The higher order termsare negligible in comparisonwith the
first-orderterm in equation20, as long as only local stability
is considered.Since ó��M~ 0 �<� å by the definition of price, the
equation20 canbewrittenas:i�xi�ö Hª¢õ

� ÷ � x¢$&$Í÷ õ � xk9ex � $
(21)

Thesolutionof this equationis:

x � ö�$THx � X � x V 9<x � $ �����	�
����� ��� ���  ý � (22)

where~ b is any initial price.
Theassertionof stability requiresthattheexponentialtermin

equation22 approacheszeroas ü���� . Since ¬Wø�� å , so the
stabilityassertionrequires÷ õ H�4� � x¢$��[� � (23)

In a reasonablenetwork system,userdemandwill decreaseas
the price increases,so *�1m��~����ëå . As our congestionprice in
equation15 follows equation18, this provesthatour proposed
pricewill reachstabilityastimesincreases.
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