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Abstract

This paper studiesthe use of pricing as an incentive
medanismto encoulge private, self-inteestednodesto
participate in a public wirelessmeshnetworkand coop-
erate in the padet forwarding service Our focusis on
the “economicbehavior” of the networknodes—thepric-
ing and purchasingstrategies of the accesoint, wireless
relayingnodes,and clients. e usea “game theoietic ap-
proach” to analyzetheir interactionsfromone-hopo multi-
hopnetworkandwhenthenetworkhasan unlimitedor lim-
ited channelcapacity We showthat the accesspoint and
relaying wirelessnodeswill adopta simple yet optimal,
xed-rate pricing strategy in a multi-hop networkwith an
unlimitedcapacity Yet, the xed-rate pricing strategy fails
to be optimalin the limited capacitycase To this end,we
focusontheaccesgointadoptinga more practical “ xed-
rate, non-interruptedservice” modeland proposean algo-
rithm basedon the Markovian decisiontheoryto devisethe
optimalpricing strategy.

1 Intr oduction

The growing interestof wirelessmeshnetwork technol-
ogy togetherwith the growing popularity of wirelessnet-
work devicesat homes,of ces andpublic placesinducea
vision thatwhenwirelessmeshnetwork is deployedin the
public, we would have nearlyubiquitouswirelesscoverage
in urbanareas.Yet animportantquestionleft unanswered
is why privateaccesgointsandwirelessnodeswould par
ticipatein a public meshnetwork andactin a cooperatie
manner Connectvity in a meshnetwork relies on nodes
forwardingpacletsfor eachother, but relayingpacletsin-
curscoststo anode,in termsof reducedandwidth.enegy
consumption potential securityrisks, etc. In community
meshnetworks,cooperatiorcanbeassumedputin thepub-
lic domain,nodesin the network will be self-interestedor
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economicallyrational. Without incentves, we shouldnot
assumehesenodesto cooperate.

In this work, we study the useof pricing as a mecha-
nismto encourag@articipationandcooperatiorin a public
meshnetwork. As objectivesof mostnodeswould be to
accesdhe Internet,we take “Internetaccess asa service,
andhenceaccesgpointsarethe servicesellers.Any down-
streamwirelessnodesmay purchasethis service,for her
own consumptionor for resellingit to nodesfurtherdown-
stream. Transactionsnvolved mustbe on a peraccesda-
sis, usingtechnologysuchasthe PayWord micro-payment
schemd11, 9], which minimizesthe transactioroverhead.
Monthly prepaymentschemeor the like is impossibleas
nodeshereconcernedarenot reliableto provide consistent
servicein the long run. By this accesgprovision business,
participatingnodesgeneraterevenueto compensateheir
costsfor paclet forwarding. We investigatethe economic
behaior of differentnodesin thenetwork. In particular we
seekto answeltthesequestions:

e How will theaccespointanddifferentwirelessrelay-
ing nodessettheir pricesfor the service?

e Will their optimal pricing schemesbe complicated,
suchasthe accesgoint chaging a oating ratewith
time, which maydiscourageslientsfor theservice?

e Doesthe pricing mechanisnrequiresthird-party su-
pervision?

We believe answerdo thesequestionswill shedlight into
thedeploymentof public wirelessmeshnetworks.

Our analysisadoptsa gametheoreticapproachto nd
out the stratgies that the accessoints, relaying wireless
nodesandclientswill play throughoutthe bagainingpro-
cessat equilibrium. We focuson meshnetworks in which
thereis a single accesoint having the Internetconnec-
tivity, and every wirelessclient hasa single path toward
this accesgoint. Figure 1 shavs threeexamplesof such
atree-like network. We differentiatetwo casesn this set-
ting: (1) thewirelessnetwork andthe accesgoint's wired
uplink to the Internethave anunlimited capacity(or the ca-
pacity is sufciently largeto satisfyall demands)(2) the
network hasa limited capacity In eachcasewe rst look
at a one-hopnetwork depictedin Figurel1(a),in which all
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Figure 1. Various wireless mesh networks analyzed in this paper

clientscanreachthe accessoint directly; thenwe extend
it to the multi-hop caseasin Figure 1(c), in which clients
have to routethroughnumerousgelayingwirelessnodes or
resellersto the accesoint, in orderto receve the Inter
netaccesservice.Notethatthe one-hopcaseandtwo-hop
case(Figure1l(b)) underthe unlimited capacityassumption
are rst studiedn theseminalork by MusacchicandWal-
rand[10]. Studyingpricing underthe unlimited capacity
assumptions worthwhile,asit providesasymptoticresults
as the wired and wirelessnetwork capacitygo abundant,
which canbeforeseerdueto technologymaturity Thelim-
ited capacitymodeloffersamorerealisticinvestigationand
we expecttheaccespointto play aratherdifferentstrateyy
whenshecanonly sell her serviceto a limited numberof
clients. Adopting a tree-like network modelsimpli es the
problemandprovidesusthebasicpricing structurein wire-
lessmeshnetworks.

The contributions of this work are summarizedas fol-
lows. First, we generalizehe modelin [10] andshow that
it is only a specialcasewhenthe network hasan unlimited
capacity or equivalently, hasan adequatesupply of band-
width to meetall demanddrom clients. The elegantresults
in the unlimited capacitymodel—theaccesgpoint andre-
sellerschaginga“ xed rate’” atall time—nolongerapply
in the limited capacitycase.Secondlywe extendthe two-
hop caseof the unlimited capacitymodelin [10] to study
multi-hop networksin general.Third, in view of the x ed-
rate pricing strat@y beingnon-optimalwhenthe network
hasalimited capacitywe proposeamorepracticalchaging
policy, the * xed-rate, non-interruptedservicé, for wire-
lessInternetaccess.Underthis policy, we usethe policy-
iterationmethodfrom the Markovian decisiontheoryto de-
vise the optimal pricing strategy of the accesgoint. The
algorithmis madeapplicableto both the one-hopcaseand
themulti-hop caseof thelimited capacitymodel.

The balanceof this paperis asfollows. In Section2 we
discusshackgroundandrelatedresultsin [10], forming the
basisof our work. In Section3 we extend the unlimited
capacitymodelto the multi-hop caseby proposinganequi-

librium stratey pro le. In Sectiord we investigatehelim-
ited capacitymodel, shaving the previous equilibrium no
longerholds,thenwe presenthe x ed-ratenon-interrupted
servicemodelanddevisetheoptimalpricing stratgy of the
accespointusingtheMarkoviandecisiontheory We nish
the sectionwith ananalysisof the multi-hop case.Section
5 concludes.

2 RelatedWork and Background

While pricing in computernetwork hasbeenreceving
muchattentionfrom thecommunityfor years,only recently
study hasbeenconductedn wirelessnetwork, which has
differentcharacteristicrom traditionalwired network. For
wired network, researchersnainly focus on pricing as a
mechanismfor admissionand congestioncontrol [8, 5],
while our work focuseson pricing as an incentive sys-
tem andthe relatedeconomicissuesof wirelessnetworks.
Amongthe publishedresultsfocusingon wirelessnetwork,
the most relatedonesto our work are[10, 2, 1, 12]. In
[10Q], authorsonly studythe pricing issueunderthe unlim-
ited capacityassumption.In [2], authorsstudythe pricing
of wirelessnetwork but with theemphasi®nsearchindor a
stratgy-proofpricing mechanismlit providesonly limited
analysisapartfrom simple x ed-ratepricing. In [1], authors
adopta demand-and-supplframevork to analyzepricing
dynamicsin two-hop networks with one or more service
providers.In contrastourwork focuseson monopolymar
ketsin multi-hop networks andstudiesthe stratgic beha-
ior of theaccespoint, relayingnodesandclientswhichtar
getat payof maximizationbasedon their underlyingutil-
ity functions.In [12], authorsinvestigatepricingin general
wirelesscommunicatiometwork andaddresgperformance
issues.Our work placesthe problemscenaridn awireless
meshnetwork and studiespricing as an incentve mecha-
nismto stimulateparticipationandcooperation.

The seminal work by Musacchio and Walrand [10]
presentghe economicbehaior of wirelessnodesundera
speci ¢ network topology In particular they study“one-



hop” and “two-hop” wirelessnetworks using a gamethe-
oretic approachandprove that“ xed-rate pricing” is op-
timal to the accesspoint, given that clients have the so-
called“web browsing” utility function. Webbrowsingutil-
ity functionmodels for a client browsingtheweb, her util-
ity of having Internetaccess—thaetility grows proportion-
ally with the time shegainsaccesdnitially, and saturates
whensheno longerintendsto browse. Note that the anal-
ysis adoptedandthe resultsproven are only valid undera
strongassumptionithe network hasan unlimited capacity
i.e. the channelcapacityof the wirelessnetwork is unlim-
ited andtheaccesgointhasanunlimiteduplink bandwidth
to the Internet,or the accesoint providesno bandwidth
guarantego clients,while clientsvaluethe connectiorser
vice without consideringhe available bandwidth. This as-
sumptionallows the accessoint to admitin nitely mary
clients;the admissiorof oneclienthasno in uence onthe
admissiorof others.Thus,theaccespoint'stotalpro t can
be maximizedby separatelymaximizing her gain in each
interactionwith a client. In the one-hopcase a two-player
gamebetweerthe accesgpointanda singleclient abstracts
all detailsof the aggreyatedsystem;while in the two-hop
case,a three-playergameamongthe accesspoint, a sin-
gle relaying node, and a single client will do. Our work
relaxesthe unlimited capacityassumptiorand shows that
x ed-ratepricing is no longeroptimal to the accesgoint.
Themodeladoptedy [10] is hereaftetermedunlimitedca-
pacity model. In thefollowing, we rst presentherelated
results which sene asthe basisof ourwork.

2.1 Unlimited Capacity Model—One-hop
Case
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Figure 2. Game modeling of the one-hop case
with a slot price p; charged by the access
point

The one-hopcaseof the unlimited capacitymodel de-
scribesa wirelessnetwork whereall clients canreachthe
accesgoint directly (i.e., without the needof paclet for-
wardingby othernodes). The dynamicsamongthe access
point and the numerousclients is capturedusing a two-
player gamebetweenthe accesgpoint and a single client
asshowvn in Figure2. Time is divided into discreteslots.
At the beginning of eachtime slot ¢, the client requestgor
connectiorserviceovertheslotandtheaccespointreplies
with a slot price p;. The client choosego acceptthe price

andconnecto the accesgoint, or to rejectandleave. The
gameendsoncetheclientrejectsa slot price,andthe num-
ber of time slotsthe client connectss denotecby T'. The
clienthasawebbrowsingutility function:

F(T,7)=U -min(T, ),

wherer is adiscreterandomvariablerepresentinghenum-
ber of time slotsthe client intendsto connectand browse
theweb,andU is a continuousandomvariable represent-
ing theclient's utility of gaininglInternetaccessn onetime
slot. The client knows her valuesof U and 7, while the
accesgoint's prior knowledgeof themincludesonly their
probability distributions, obtainedfor examplefrom mar
ket survey.! Uponthe endof the game the client hasa net
payof of F(T, 1) — 23’21 pg, While the accesgoint hasa
prot of Zlept. Authorsin [10] prove thatthefollowing
stratgy pro le is aperfectBayesiarequilibrium(PBE)[3]:

e The client connectsor remainsconnectedn slot ¢ iff
t <randp; < U,

e The accesspoint chagesa non-decreasingrice se-
quence{p;} suchthat

pt € argmaxpP(U > p).
p

Therearetwo pointsto be notedhere. First, the client's
stratgy is hamedthe “myopic strategy’, for its sole de-
pendencen the immediateslot price. Second,t is often
the casethatthe accesgoint chaigesa “constant”,or x ed
price sequencesincethe expressionpP(U > p) is maxi-
mizedby a singlepricep* for mostdistributionsof U, and
thepricep* doesnotvary overtime slots.

2.2 Unlimited Capacity Model—Two-hop
Case
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Figure 3. Game modeling of the two-hop case
with a slot price ¢; charged by the access
point, and a slot price p; charged by the re-
seller

The two-hop casedescribeghe situationwhena client
is incapableof reachingtheaccesgpoint directly, but hasto

Lt will betrivial if U is deterministicto the accessoint. The access
pointwill chagetheclientaslotpriceof p = U, giventhattheclientwill
chooseo payandconnectratherthanto rejectthe price, while bothyield
herzeropayof.



routehertraf ¢ throughanintermediatewirelessnode,re-
ferredasthereseller Thegamenow involvesthreeplayers,
with theadditionalresellerasshovn in Figure3. At thebe-
ginningof eachtime slot ¢, theclientrequestservicefrom

thereseller Theresellerin turn requestsservicefrom the
accespoint, who repliesherwith a slot pricec;. Basedon
¢, theresellerdecideshow to chageandsendsa slot price
p; to theclient. The client choosedo acceptor rejectthe
price. If the client acceptgy, theresellerreplies“accept”
to the acces9oint; andvice versa. Whengameends,re-
sultedfrom the rst rejectionof a slot price by the client,
thenetpayof of theclientis F(T,7) — EtT:l p¢, while the
resellerandthe accesgoint have prot of ZtT:l(Pt —¢t)

and Zthl ¢ respectiely. Authorsin [10] prove thatthe
following strateyy pro le is aPBE:

e Theclient follows the myopic strateyy, connectingff
t <randp; <U;

e Theresellerpicksa price mark-upfunctionp*(c) that
satis esthe properties:

p*(c) € argmgX(p—C)P(U > p)
p*() > p*(c)

andchagesthepricep, = p*(c;) in slott;

Ve > ¢

e The accesspoint chagesa non-decreasingrice se-
quence{c¢;} suchthat

¢t € argmaxcP(U > p*(c)).
c

As in the one-hopcase,it is commonfor the accessoint
andthe resellerto adopta x ed-pricestrategy, sincemost
distributionsof U yield singlemaximizersof (p—c¢)P(U >
p) andeP(U > p*(c)) respectiely.

Themostimportantresultof [10] is the proof of the nat-
ural selectionof the x ed-ratepricing strateyy by the ac-
cesspointandthereseller without the needof contracten-
forcement.Fixed-ratepricing is appealingo customergor
its simplechaging schemeyvhile the exclusionof contract
enforcementllows the servicemechanisnto be on a pure
peerto-peerbasisand hencebe scalable.However, aswe
aregoing to shav in Section4, this resultonly appliesto
thefollowing specialsituations:

e The wirelessnetwork channeland the accesgoint's
uplink have anunlimited capacity or have a sufcient
capacityto meetall demands;

e The network hasa limited capacity but the access
point doesnot provide bandwidthguarantego clients;
while clients' valuationsof theserviceareindependent
to its quality.

It is obviousthatthe rst conditionis notalwaystrue,while
the secondcondition may not be realistic. In networks
wheretheabove conditionsdo nothold, thepricingandpur-
chasingstratgiesof nodesremainto beinvestigated.

3 Extensions to the Unlimited Capacity
Model—Multi-hop Case

In this section,we extendthe analysisunderthe unlim-
ited capacityassumptiorinto the multi-hop case which is
derivednaturallyfrom thetwo-hopcasein [10]. The multi-
hopcaseadescribegpricingdynamicsn amulti-hopwireless
network wherea client is at an arbitrary numberof hops
away from the accesgoint. We rst de ne the modeland
somenotations,thenproposea gamePBE. Resultsin this
sectionalsocontributeto the solutionto the multi-hop case
underthelimited capacitymodellaterin Section4.2.

Reseller2  Reseller 1 Client

Figure 4. Game modeling of the multi-hop
case

Themulti-hopcaseallows clientsto bearbitrarily n-hop
away from the accesgoint. Due to the unlimited capac-
ity assumptionye canabstracthe aggrejatedsystemto a
gameinvolving all nodeson the pathfrom a client to the
accesyoint. The gameinvolvesn+1 players:the access
point, n — 1 resellersandthe client, asshowvn in Figure4.
Theresellersareindexedfrom the client sideto the access
pointsideby 1 ton—1, while theaccesgointis indexedby
n. Procedure$or price negotiationareanalogougo thatin
thetwo-hopcase:ateachtime slott, accesgpointn chages
resellern—1 apricep}, whoin turn chagesresellern —2
a price p? ' andso on; in the end, the client receves a
price p} from resellerl. The net payof of the client is
F(T,1) — ZtT:lp% for a usageof T time slots. The net
payof for reselleri is Y1, (pi —pi*!),fori = 1,...,n-1,
andfor theaccesgoint, the payof is Ele py.

To determinghe optimalpricing anda perfectBayesian
equilibrium for the unlimited capacity multi-hop wireless
network, we proposethefollowing stratey pro le:

Strategy Pro le for Multi-hop WirelessMesh Network:

1. Theclientfollows the myopic stratgy, connectingff
t <7 andp; <U;

2. Reselleri, for all i € {1,...,n — 1}, picks a price
mark-upfunction pi*(pi*!) that satis es the proper



ties:
P () € argrr;gx[(p" —p™PU > m'(p"))]
pi*(pz’+1’) > pi*(pz’+1)

andchagesthepricepi = pi* (pit!) in time slott;
t t

vpi+1’ > pz'+1

3. Accesspoint n chages a non-decreasingrice se-
quence{p?} with

p} € argmax([p"P(U > m"(p"))],
o

wherethe functionmi(p?) is de nedfor alli € {1,...,n}
asfollows:
i/ i 1* 2*... i—1*(pi VZE 2,...,’”
m(p)é{pl(p (- (@) ))__1{ }
p i=1.
1)

The function m?(p?) representghe price receved by the
clientafterthepricep’ setby nodes is markedup by all its
downstreanresellers.

It canbeproventhattheabove stratey pro le isindeeda
PBE.Theprooffollows naturallyfrom the proof of thetwo-
hopcasePBEin [10]. Thecompleteproofis obtainablen
ourtechnicalreport[7].

4 Limited Capacity Model

The formulation of the unlimited capacitymodelrelies
on the assumptiorthat the wirelessnetwork channeland
theaccesgpoint's uplink have anunlimited capacity or the
accesgoint providesno bandwidthguaranteéo clients.In
this section,we considera morerealistic scenaricandin-
spectthe economicsn wirelessnetworksin which thereis
alimited network capacity Similar to the previoussection,
we bggin with a one-hopnetwork and shav why the pre-
vious one-hopcasePBE is not applicableunderthis new
setting.A substitutefor the accesserviceprovision model
named“ xed-rate non-interruptedservicé is hencepro-
posedand we provide an algorithmto obtain the optimal
stratgyy of theaccespointin its de ned strateyy space.The
analysiss nished with anextensionto themulti-hopcase.

4.1 One-hop Case

Here,we rst presenthenecessarynodi cationsto the
original unlimited capacitymodelandtransformit into the
limited capacityversion. The one-hopcaseof the limited
capacitymodelstill describes wirelessnetwork consisting
of anaccesgoint, plus clientswho reachthe accesgoint
directly. Thedistinctionbetweerthetwo modelsis thatthe
wirelessnetwork andthe accesgoint's uplink herehave a

Limited bandwidth Limited capacity

@ Access point [ Client
Figure 5. Network diagram with channel ca-
pacity for the one-hop case

limited capacity andthe accesgoint hasto assureclients

thatthey will haveacertainamountof dedicatedandwidth.
Thisimposeghe accespoint abandwidthconstrainon its

pro t maximizationproblem.Figure5 depictsthisscenario.
In our model, we limit the accesgpoint to admit at most
m > 0 clientsatatime. Any clientwhoarrivesattheaccess
point not beingimmediatelyseneddueto this limit will be

dropped.

Another addition to the original model is an explicit
client arrival processat the accesgoint. This is necessary
astheinteractionshetweerthe accespointandaclientare
now complicatedby the removal of the unlimited capac-
ity assumption—thgcannotbe summarizedy onesimple
two-playergame;the accesgoint mustdecideits strateyy
oneachoccasionpasednits systemconditionatthetime,
suchastheremainingcapacityfor admission We modelthe
client arrival behaior usinga Poissorinput processwith a
nite populationof clients.Eachclientarriveswith arate
at the accesgoint, andthereis a total of M clientsin the
population.

The last modi cation to the unlimited capacitymodel
is to transform it from a discrete-slotprocessinto a
continuous-timeprocessso as to easeour analysiswhen
matchedwith the client arrival model. In the continuous-
time version,the accesgoint chagesa particularclient a
price perunit time, or rate,p(t) attimet. ThevariablesT,
7 andU arecorverted,in thecontinuous-timeenseto rep-
resentheamountof time theclient connectstheamountof
time theclientintendsto connectandtheclient's utility of
the serviceperunit time respectrely. The continuous-time
webbrowsingutility functionof theclientthusremainsthe
sameasits previousform:

F(T,7) =U -min(T, 7).

The accesgoint still only knows the probability distribu-
tionsof U andr. Here,we furtherassumehatthe access
pointtakesr to beexponentiallydistributedwith meant / .
Ourformulationof thelimited capacitymodelis now com-
plete.It shouldbe clearto seethe correspondencleetween
our modeland the classicalM/M/m/m/M queuingsystem

[6].



Wefollow by giving asimplescenarido showv thatunder
thelimited capacitymodel,theaccesoint,on someocca-
sions,will chooseeitherto chage clientswith a variable
rate orto deliberatelydisconnectlients,ratherthanadopt-
ing a x ed-ratenon-interruptingstratey similarto theone
in the one-hopcasePBE of the unlimited capacitymodel
proposedn [10].

Lemmal A xed-rate non-interruptingstrategy is not at
all timeoptimalto theaccesgointunderthelimited capac-
ity model.

Proof: Considerthe scenariothat a new client arrives at
the accesgoint, whenit is at its full capacity Let pg be
the price of oneof the m connectectlientsis paying. The
accesspoint may announcea price po’ > po to the new
client. If the new client accepts,the accesspoint's best
responsés to disconnectheold clientpayingp, andadmit
the new one, unlessthe old client acceptsa raiseof price
from pg to py’. Thus,a x ed-rate non-interruptingstrateyy
is not the bestresponsef the accespoint at sometime of
theprocess. |

Although the accesgoint will wish to ceaseserviceto
clientsor increasehepriceovertimeto obtainhigherpro t,
it is reasonableao believe that clientswill be discouraged
from buying sucha kind of servicesinceit is unrealistic
to requireclientsto monitorthevaryingprice continuously
Thus,weinvestigatea morepracticalservicemodel,named
the" xed-rate non-interruptedservicé.

The x ed-rate non-interruptedervicemodelrequiresa
contractto be negotiatedbetweenthe accessoint and a
particularclient asfollows:

e The accesspoint provides connectionserviceto the
clientuntil theclientvoluntarily disconnects;

e Theclientpaysa x edratep for the service.Thetotal
payments p timesthedurationof theservice.

Note thatthe accesgoint is still allowedto announcedif-
ferent“ x ed rates” (or prices)to different clients under
this schemeput onceannouncedthis x edratecannotbe
changediuringthe courseof servicefor a particularclient.
A stratgy of theaccesgpointinvolvessettingthe chag-
ing rateto clientswho wantto be connected.The access
point can make her decisionbasedon a single parame-
ter, namely the numberof connectedclients in the sys-
tem. Adopting queuingsystemnotations,the numberof
connectectlientsin the systemis representedby the cur
rent “state”. For the M/M/m/m/M queuingsystem.,it has
m+ 1 states,from stateO to statem. At statek, for all
k € {0,...,m — 1}, theaccespoint hasto decidetherate
pi to chagethe next “to-be-admitted’client. No decision

hasto be madeat statem astheaccespointis atits full ca-
pacity. Thus,apolicy of theaccespointis completelychar
acterizedy thepriceor ratevectorg = (po,p1,- - -, Pm—1)-

With the x ed-ratenon-interruptedervicecontractwe
seethatclientswill playthefollowing strateyy to maximize
herpayof: connectheaccesgointiff U > p; disconnect
from the accesgoint attime ¢ = 7, with the assumption
thatclientswith U > p, utility perunit time not lessthan
chagedrate,will notdeliberatelyrejectthe rst presented
rateandwait until sherecevvesa lower rateat a latertime
whenthe accesoint is lesscongested.Also, for clients
rejectingthe rst presentedate,our Poissonclient arrival
processmay not accuratelymodel their possiblebehaior
of re-probingthe accessateafterward.

We now derive an expressionof the expectedprot per
unit time, or the gain, of the accesgoint in the long run
asa function of theratevectorp. The generalequilibrium
solutionfor birth-deathqueuingsystemg6] is employed.
Note that a transitionfrom statek to statek + 1, for all
k € {0,...,m —1}, requiresnotonly anarrival of aclient,
but also her willingnessto acceptthe chaged price py,
therefore the “arrival rate” of our modelis differentfrom
thatof the corventionalM/M/m/m/M queuingsystemby a
factorof P(U > py,) for eachstatek, k € {0,...,m — 1}.
Thetransitionratesof our modelare:

o [ MM-RPU ) k<m
L 0 otherwise
e = kup k=1,2,...,m.

With 7y, denotingthelimiting probabilitythatthe systemis
in statek, for all k € {0, ..., m}, they aregivenby

((2) 1 P > o)

i (0 () 3 P 2m)

T =

whereempty productis unity by corvention. For simpli-
cation, considerthat the accessoint earnsan expected
prot of p;/p immediatelywhena client connectsat state
k. Hencethegainof theaccesgointis

8
> o (5)

2 (=000 (2) TP > )

() MR roem)

(2)



The optimal policy of the accesgoint canbe obtained
by maximizing Eq. (2) over the rate vector 5. However,
usingclassicaloptimizationtechniquego derive a closed-
form solutionof the optimal policy requiressolving simul-
taneouson-linearequationsyhichis exceedinglycompli-
cated. Instead,we usethe policy-iteration methodin the
Markoviandecisiontheory[4] to determineheproperpric-
ing for theabove optimizationproblem.

The Policy-iteration Method: Thepolicy-iterationmethod
involves an iteration cycle of two parts: the value-
determinationoperationand the policy-impiovementrou-
tine. It usesthe notationg to denotethe gain of the sys-
tem, and introducesa set of relative valueswvy, for all
k € {0,1,...,m}, which hasthe physical meaningof
whichv; — v; is theincreasdn the gaincausedy starting
the systemin state; ratherthanin statej. Thealgorithmis
startedin the policy-improvementroutinewith all relative
valuesvy, setto 0.

The Value-determination Operation The value-
determinatioroperationevaluatesa policy p' generatedy
the policy-improvementroutine. It requiressolving the
following setof equationgor all relative valuesvy, andg
by settingv,, to zero:

g = AMP(U > po)vy — AMP(U > po)vo
FAMPU > po) ()
9 = MM —k)PU > pr)vk1
—(A(M = k)P(U > pg) + kp)vg + kpvg—1
XM =P 2 p) ()
k=1,2,...,m—1
g = —MUUpm + MUUm—1.

With the solution, the algorithm goes into the policy-
improvementroutine.

The Policy-impr ovement Routine Basedon the relative
valuesvy, obtainedfor the currentpolicy 7' in the value-
determinationoperation, the policy-improvementroutine
seeksto improve the currentpolicy by consideringalter
nativesin eachstate. It requiressolving the following sep-
arableoptimizationproblemwherethe designvariablesare

Po,P15---Pm—1-

max AMP(U > po)vi — AMP(U > po)vo
FAMP(U 2 po)(22)
max MM — k)P(U > p)vk41
—(MM = k)P(U 2 pg) + kp)vg + kpog—1
+AM - k)P(U > pi)(5)
k=1,2,...,m—1.
Whenthe client's utility rateU hasa uniform distribution

ontheintenal [a, b], onecanderive a closed-formsolution
for theoptimalratep,* for eachstatek. As anoptimalstate

rate p,* mustlie on the interval [a, b], we may substitute
P(U > px) with (b—p)/(b—a). Differentiationfollowed
by root nding yieldsthe optimalp;* for eachstatek:

« _ b= p(vkt1 — )
B 2

The solutionto the optimizationproblemthenforms a
new policy. If the differencebetweenthis new policy and
the previous policy is smallerthana pre-de nedthreshold,
the iteration processhascornvergedandthe (near)optimal
policy is found. Otherwise the algorithmgoesbackto the
value-determinatiooperationandthe new policy is evalu-
ated.

The policy-iteration method reducesthe prot maxi-
mizationproblemof theaccesgointto solvingsetsof m+1
simultaneoudinear equationsin the value-determination
operationandsetsof m independenbvne-dimensionadpti-
mizationproblemsin the policy-improvementoutine. The
computationatompleity is reducedascomparedvith the
standarchumericaloptimizationmethod),andit is shavn
in [4] thatthe above procedureguaranteghe corvergence
to thebestpolicy.

Herewe shav somenumericalresultsobtainedusingthe
policy-iterationmethod.Casesn which client's utility rate
U is uniformly distributedon|[0, 10], or normallydistributed
with a meanof 5 anda standardeviation of 1.67 arestud-
ied. Weillustratethestateratesgivenby thepolicy-iteration
methodwhenthe accesgoint cansupportm = 5 clients,
andtherearetotally M = 10 potentialclients who want
to receve the connectiorservice.We x thedepartureate
of client 4 to 1 andvary the arrival rate A from 0.2 to 10.
Figure6 shavstheresults.lt canbeobseredthatthe state-
dependenprice riseswith the numberof clientsin the ac-
cesspoint system: p; > p;, for all ¢« > j. This agrees
with the economicsenseghatwhenthe remainingresource,
or supply of servicedecreaseghe price increases.Also,
thestate-dependempticeriseswith increasing\, andthisis
logical asthearrival rate A representslemand.

Lastly, we nd in our experimentshatthe corvergence
rate of the policy-iterationmethodis aroundfour for vari-
ousproblemsizem, the numberof statepricesto be deter
mined,from 1 to 100. A detailedevaluationis documented
in our technicalreport[7]. Thealgorithmprovesto beef-
cientin ouraccespointpro t maximizationproblem.

Pk k=0,1,...,m—1.

4.2 Multi-hop Case

We now extendthe limited capacitymodelto the multi-
hop case.We make the assumptiorthatthe bandwidthbot-
tleneckis atthewirelesschannebne-hoparoundtheaccess
point, or at the accesgoint's uplink to the Internet,where
traf ¢ from all clientsin thewirelessmeshnetwork memes.
Hence,ary resellerwho haspurchasednternetaccesser
vice from her upstreanwill have adequatéandwidthfor
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her downstream.This situationis depictedin Figure7. In
comparisorwith themulti-hop casein the unlimited capac-
ity model,we seethatthebandwidthconstrainionly affects
the accessoint; for the resellerstheir stratgyiesonly de-
pendon the pricestheir respectie upstreamhops chage
them. Thus,any nodeapartfrom the accesgpoint will fol-
low herstratgy in the unlimited capacitymodelhere.

The focusof the multi-hop caseis to devise the optimal
pricing stratgy of the accesgoint, which involvesdeter
mining therespectie optimalpricesfor clientsfrom differ-
entdistancesat eachstate. Thus, for an accessoint with
capacitym, andwith the assumptiorthatthe mostdistant
clientsarriving attheaccesgointarefrom n hopsaway, a
policy of theaccesgoint canbe characterizetby the price
matrix P consistingof elementy;, k € {0,...,m — 1},
i € {1,...,n}, in which py; representshe price at statek
for aclienti-hopaway.

To easeanalysiswe modify theclientarrival processy
removing thefeatureof nite clientpopulation.Thisis nec-
essaryasanarrival processwith nite populationrequires
keepingtrackof thenumbersof admittedclientsat different
distanceswhich highly complicatesstateinformation. We
roll backto anarrival modeloriginatedfrom the M/M/m/m
gueuingsystem[6]. Assumingthe mostdistantclientsar

rive from adistanceof n hops,we useanarrival ratevector
X = (A1, A2,..., A,) to denotethe arrival ratesof clients
from differentdistancesin which \; denoteghearrival rate
of clientsi-hopaway. With p denotingthedepartureateof
aclientin the systemwe have thefollowing statetransition
rates:

N = | DL APUzmipr) k<m
ko= 0 otherwise
we = kp k=1,2,...,m.

The factor moderating);, the pure arrival rate of clients
i-hop away, is now P(U > m®(p;)), which is a simple
re ection from themulti-hopcasein the unlimited capacity
modelthatary stateratep,; chagedby theaccespointwill
bemarkedupby all i — 1 downstreanresellersasexpressed
by thefunctionm?(py;) in Eq. (1).

Further taking the simpli cation that the accesspoint
earnsanexpectedpro t of pg; /u immediatelywhenaclient
i-hopaway connectsat statek, we canagainusethepolicy-
iterationmethodto solve for the optimal pricing policy of
theaccesgoint, but with thefollowing changesThe setof
equationgo be solvedin thevalue-determinationperation
is updatedas:

g==<2)£@2m%w0m

i=1

. (Z ANP(U > m"<po,~))> vo

i=1

NP 2 mi o) (B

i=1

(Z AiPU > mi(pki))> Vk41

g =

i=1

- (Z XNP(U > m'(pri)) + ku) Uk

i=1
+hpog1 + > ANPU > mi(pki))(l%)
i=1
k=1,2,....m—-1

g = —MUVy + MUUm_1.

The set of optimization problems in the policy-
improvementroutineis updatedas:

max (Y1, MP(U > mZ(POz’))) v
— (X MP(U > mi(pos))) vo
+ 2 MP(U > m'(poi)) (52F)
max (Y, MPU > mz(pki_))) Ukt1
— (X MP(U > mi (i) + k) vy
+hpvp—1 + 3, MP(U > m' (pri)) (P2)
k=1,2,...,m—1,
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distrib utions

wherethedesigrvariablesarenow py;, k € {0,...,m—1},
i € {1,...,n}. Whenclient's utility rateU hasa uniform
distributionontheinterval [a, b], we againhasaclosed-form
solutionfor the optimalratep;* for clientsi-hop away for
eachstatek:

b— p(vkt1 — k)
2
k=0,1,...

PRt =
,m—1landi=1,2,...,n.

It canbe obsenedthat,whenU hasa uniform distribution,
optimalpricesfor clientsatdifferentdistancesarethe same
for eachstate.

The following shovs some numerical results of the
multi-hop case obtained by using the policy-iteration
method. Figure 8 essentiallyplots the resulting optimal
price matricesfor two cases.The rst casehastheclient's
utility rate U uniformly distributed on [0, 10]; the second
casehasU normally distributed with a meanof 5 and a
standarddeviation of 1.67. For both casesthe arrival rate
vectorX is (4,2, 1), thedepartureate is 1, andthecapac-
ity of theaccesgointm is 5. It canbeveri ed thatwhen
U is uniformly distributed,the optimal pricesfor clientsat
differentdistancest eachstateareidentical;while whenU
is normally distributed, the accesgoint tendsto chage a
lower pricefor clientsfurtheraway. As in theone-hopcase,
pricesrisewith the numberof admittedclients.

5 Conclusion

We have conductedh mathematicahnalysisof the eco-
nomicbehaior of nodesin awirelessmeshnetwork, when
they are making decisionto establishan Internetconnec-
tion service.Two scenariogreinvestigatedeitherthe net-
work hasan unlimited or limited channelcapacity For the
unlimited capacitycase,we extendthe analysisin [10] to
cover the multi-hop scenario.In the limited capacitycase,

we have provedthata x ed-ratepricing schemesimilar to

the one proposedn [10Q] is not optimal, or economically
bene cial, to the accesspoint. We further investigatea

more practical“ x ed-rate,non-interruptedservice” model
for chaging. To determinethe optimal pricefor this chag-

ing schemewe modelthe problemas a Markovian deci-
sion processand usethe ef cient policy-iteration method
to solve for the optimal pricing stratgy of theaccesgpoint.

Numericalresultsshav thatthestatepricefollowswith sup-
ply anddemand.
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