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Abstract— Distributed wireless mesh network technology is
ready for public deployment in the near future. Yet without an
incentive system, one should not assume private, self-imésted
wireless nodes would participate in such a public network ad
cooperate in the packet forwarding service. This paper stuiés
the use of pricing as an incentive mechanism to stimulate
participation and collaboration in public wireless mesh neéworks.
Our focus is on the “economic behavior” of the network nodes—
the pricing and purchasing strategies of the access point,iveless
relaying nodes, and clients. We use a “game theoretic approf”
to analyze their interactions from one-hop to multi-hop netvorks
and when the network has an unlimited or limited channel
capacity. The important results we show are that the accessomt
and relaying wireless nodes will adopt a simple, yet optimalfixed-
rate pricing strategy in a multi-hop network with an unlimit ed
capacity. Yet, the access price grows quickly with the hop dtance
between a client and the access point, which may limit the
“scalability” of the wireless mesh network. In the case that
the network has a limited capacity, the optimal strategy forthe
access point is to vary the access charge and may even inteptu
service to connecting clients. To this end, we focus on the @ess
point adopting a non-self-enforcing but more practical “fixed-
rate, non-interrupted service” model, and propose an algaithm
based on the Markovian decision theory to devise the optimal
pricing strategy. Results show that the scalability of a nework
with a limited capacity is upper bound by one with an unlimited
capacity. We believe this work will shed light on the deployrent
and pricing issues of distributed public wireless mesh neterks.
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in a mesh network relies on nodes forwarding packets for
each other, but relaying packets incurs costs to a node, in
terms of reduced bandwidth, energy consumption, potential
security risks, etc. In community, experimental or profaig
mesh networks, cooperation can be assumed, but in order that
wireless mesh network goes beyond community borders and
provides ubiquitous wireless coverage to the general publi
we have to take note that nodes in the network will be private,
self-interested, or economically rational. Without intess,

one should not assume these nodes to cooperate.

In this work, we study the use of pricing as a mechanism
to stimulate participation and collaboration in a publicstme
network. As the objective of most nodes would be to access
the Internet, we takelfiternet accessas a service, and hence
access points are the service sellers. Any downstreamesgel
nodes may purchase this service, for her own consumption, or
for reselling it to nodes further downstream. Transactiors
volved must be on a per-access basis, using technology such a
the PayWord micro-payment scheme [1], [2], which minimizes
the transaction overhead. Monthly prepayment scheme (such
as those implemented in proprietary wireless mesh access
networks) or the like is impossible as nodes here concerned
are not reliable to provide consistent service in the long ru
By this access provision business, participating nodesiges
revenue to compensate their costs for packet forwarding. We

Keywords: Wireless networks, economics, game theory, estigate the pricing and purchasing behavior of différe

Markov decision process.

|. Introduction

nodes in the network. We seek to answer these questions:

How will the access point and different wireless relaying
nodes set their prices for the service?

In recent years, we have seen a growing interest of wireless
mesh network technology, and simultaneously the growing
popularity of wireless network devices, at homes, officed an
public places such as cafes, malls and hotels. The two inaluce ,
vision when wireless mesh network technology is deployed in
the public, we would have nearly ubiquitous wireless cogera
in large urban areas, provided that a vast number of private,
wireless access points and devices participate in such b mes
network. Another justification of using the mesh technology
is to bring Internet access to developing areas where wired
network infrastructure is not readily available.

Yet an important question left unanswered is why privat

Will their optimal pricing schemes be complicated, such
as the access point charging a floating rate with time,
which may discourage clients for the service?

How many clients can afford the price and eventually
receive the Internet service?

Do we need third-party supervision to enforce the price?
Is it economically scalable to extend the network in a
multi-hop fashion? Will the price charged to a distant
client be too high after the relaying nodes add in their
costs and desired gains?

We believe answers to these questions will shed light on the
lﬁeployment of public wireless mesh networks.

access points and wireless nodes would participate in apu

mesh network and act in a cooperative manner. Connectivity

Our analysis adopts a game theoretic approach to find out

the strategies that the access points, relaying wireledesio
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equilibrium. We focus on mesh networks in which there is
a single access point having the Internet connectivity, and
every wireless client has a single path toward this acceiss.po
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Fig. 1. Various wireless mesh networks analyzed in this pape

Figure 1 shows three examples of such a tree-like networkulti-hop case by proposing an equilibrium strategy profile
We differentiate two cases in this setting: (1) the wirelesnd analyze its scaling issue. In Section IV we investigage t
network and the access point’s wired uplink to the Internéinited capacity model, showing the previous equilibrium n
have an unlimited capacity (or the capacity is sufficierdlge longer holds, then we present the fixed-rate, non-inteedipt
to satisfy all demands); (2) the network has a limited cagaciservice model and devise the optimal pricing strategy of
In each case, we first look at a one-hop network depictedtime access point using the Markovian decision theory. We
Figure 1(a), in which all clients can reach the access poifinish the section with an analysis of the multi-hop case and
directly; then we extend it to the multi-hop case as in Figusme observations on the network scaling issue of the kimite
1(c), in which clients have to route through numerous relgyi capacity model. Section V concludes.

wireless nodes, or resellers, to the access point, in oaer t

receive the Internet access service. Note that the one-ds® ¢ Il. Related Work and Background

and two-hop case (Figure 1(b)) under the unlimited capacityPriCing in computer networks has been receiving much

assumption are first studied in the seminal in [3]. StUdin”E:(&tention from the community recently. Research efforteeha
pricing under the unlimited capacity assumption is wortheyh first been made on pricing in wired networks, and then
as it provides asymptotic results as the wired and Wireleﬁ‘?wireless hotspot networks, wireless ad-hoc networks and
network capacity go abundant, which can be foreseen du ffeless mesh networks. Our work differs from existing work
technqlo_gy mqturi'Fy. The limited capacity model offer_s areno mainly in two ways. First, our paper focuses on multi-
realistic Investigation, and we expect the access pointap p,hop wireless mesh networks and investigates whether denera
a rather different strategy when she can only sell her Sl"'rv'ygricing mechanisms are effective to provide incentivesuitdb

toa Iimited _n_umber of clients. Adopti_ng a tree-like r_'etW_Or_%uch networks in a scalable fashion. Second, as to answer
model S'”?p"f'_es the problem and prowdes_ us the basic W'Clthe first guestion, we model the utility of all wireless nodes
structure in wireless mesh networks. As discussed lateu)tse and allow the theoretically largest action space in theimgic

in tree-like networks will serve as building blocks for prig game. Each selfish node will then maximize her own utility

structure in networks with a general topology. in the game, and the pricing equilibrium resulted is studed
The contributions of this work are summarized as foIIow§ive insights to the practical design of public wireless mes
First, we generalize the model in [3] and show that it is onljetworks which exploit pricing as an incentive system.
a special case when the network has an unlimited capacity, OPricing in wired networks has been studied by MacKie-
equivalently, has an adequate supply of bandwidth to méet glasonet al. [4] and Kelly et al. [5]. They investigate the use
demands from clients. The elegant results in the Unl|m|tQ‘ﬂ pricing as a method to regu'ate network traffic in view of
capacity model—the access point and resellers charging:ghgestion and promote network efficiency. In [6], Paschgli
“fixed raté at all time—no longer apply in the limited capacityand Liu further prove that in a network with many small users,
case. Secondly, we extend the tWO-hOp case of the UnllmltﬁgnC pricing is asymptotica”y Opt|ma| In [7] Campo&iﬁéz
capacity model in [3] to the multi-hop case, and concludgnd Patek present, when the assumption of many small users
that sparseness of nodes in a wireless mesh network resyfigs not hold, a computational procedure for optimal static
in low economic Scalabi“ty of the network. Th|rd, in VieWpricing in response to real-time client arrivals and dap’aﬂ
of the fixed-rate pricing strategy being non-optimal whee thn [8] Viterbo and Chiasserini study a similar issue but pkac
network has a limited capacity, we propose a more practi¢fe problem scenario in a wireless network. In [9], the argho
charging policy, the fixed-rate, non-interrupted servitefor present a distributed pricing scheme to eliminate anomaly
wireless Internet access. Under this policy, we use thepoli when multiple overlays interact with each other.
iteration method from the Markovian decision theory to deV| A number of researchers have investiga‘ted pricing in wire-
the optimal pricing strategy of the access point. The aljori |ess networks as a mechanism to promote participation and
is made applicable to both the one-hop case and the multi-h@yperation in packet forwarding among wireless cliergigi
case of the limited capacity model. different modeling approaches and under different assump-
The balance of this paper is as follows. In Section Il wions. Friedman and Parkes study a strategy-proof VCG fixed-
discuss background and related results in [3]. In Sectibn Hate pricing scheme for WiFi and wireless ad-hoc networks
we study the unlimited capacity model with explicit client’ [10]. Chenet al. propose pricing mechanisms for different
utility distributions in its one-hop case, then extend itth@ multi-hop network structures based on a demand-and-supply



market model [11]. Anderegg and Eidenbenz develop a VCG
routing protocol which achieves truthfulness from wirsles Access point Client

clients and cost efficiency by assuming a selfish relaying T

node will forward a packet if her cost of forwarding is .

covered [12]. Musacchio and Walrand shows that fixed-rate

pricing is optimal in a WiFi network when users have &ig. 2. Game modeling of the one-hop case with a slot piceharged by
“web browsing utility”, under the assumption that the netf® 3¢cess point
work has an unlimited capacity [3]. Zhongt al. propose

a cooperation-optimal routing and forwarding protocol for

wireless ad-hoc networks, which integrates VCG mechanism

and cryptographic technique [13]. In [14], Wagagal. present

a multicast routing protocol for wireless networks without

using VCG mechanism. The protocol guarantees truthfulness

from clients. In [15], [16], the authors present an inceativ

mechanism and service differentiation policy so as to pmemd:ig. 3. A uniform distribution of client’s per-slot utility/, with shaded area
ibuti in P2P K representing? (U > p*), the expected proportion of connecting clients when
contribution in networks. the access point charges at price

The seminal work by Musacchio and Walrand [3] presents
the economic behavior of wireless nodes under a specific
network topology. In particular, they study “one-hop” anghoint directly (i.e., without the need of packet forwarding
“two-hop” wireless networks using a game theoretic appnpacther nodes). The dynamics among the access point and the
and prove that fixed-rate pricing is optimal to the access numerous clients is captured using a two-player game betwee
point, given that clients have the so-called “web browsinghe access point and a single client as shown in Figure 2. Time
utility function. Web browsing utility function models, fo s divided into discrete slots. At the beginning of each time
a client browsing the web, her utility of having Internesiot ¢, the client requests for connection service over the slot
access—the utility grows proportionally with the time shand the access point replies with a slot prige The client
gains access initially, and saturates when she no longardst chooses to accept the price and connect to the access point,
to browse' Note that the analysis adopted and the resuls to reject and leave. The game ends once the client rejects a
proven are only valid under a strong assumption: the netwasiot price, and the number of time slots the client connests i
has anunlimited capacity, i.e. the channel capacity of thelenoted byI". The client has a web browsing utility function:
wireless network is unlimited and the access point has an
unlimited uplink bandwidth to the Internet, or the access F(T,7)=U -min(T, 1),
point provides no bandwidth guarantee to clients, whilertk h is adi d iabl tina th b
value the connection service without considering the atel WRErer1s a Iscrete random variablespresenting fhe number

of time slots the client intends to connect and browse the

bandwidth. This assumption allows the access point to admit . : . .
web, andU is a continuous random variableepresenting

infinitely many clients; the admission of one client has nﬁ]e client’s utility of gaining Internet access in one timets

influence on the admission of others. Thus, the access soirJIIhe client knows her values df and + while the access

totgl proflt can be m_aX|m|;ed by_ separately maximizing h%roint’s prior knowledge of them includes only their proldapi
gain in each interaction with a client. In the one-hop case, @

) : ‘distributions, obtained for example from market survegure
two-player game between the access point and a single cllgnsé

. o epicts one possible distribution of client’'s per-slaii
abstracts all details of the aggregated system; while ifitoe U—apuniform dri)stribution At the end of the ga?ne the?:rltient
hop case, a three-player game among the access point, @ sngI ' '

T . .
relaying node, and a single client will do. Our work relaxe S a net payoff of(T’, 7) — 3, pr, while the access point

X T A .
the unlimited capacity assumption and shows that fixed—raﬁ%ls a profitoh,_, p;. Authors in [3] prove that the following

pricing is no longer optimal to the access point. The modgl ey 1S .a perfect Bayesian equ.lllbrlum (PBE) EN]: .
adopted by [3] is hereafter termed unlimited capacity model * The client connects or remains connected in gloff

In the following, we first present the related results, which ¢ <7 andp; < U; _ _
serve as the basis of our work. « The access point charges a non-decreasing price sequence

{p:} such thatp, € arg max, pP(U > p).

There are three points to be noted here. First, the client's
strategy is hamed thentyopic strategy for its sole depen-

The one-hop case of the unlimited capacity model describgsnce on the immediate slot price. Second, it is often the
a wireless network where all clients can reach the accesgse that the access point charges a “constant”, or fixed pric

sequence, since the expressidi(U > p) is maximized by a
1In [3] the authors also study another type of utility funaticalled the “file d P }/dh( - p) y

transfer” utility function. It models the case in which aetit is downloading single pricep™ for m_OSt dlstrlbuthns o/, and the pricep”

a file, who must remain connected before the download is fdish order to  does not vary over time slots. Third, the quanfityU > p*),

earn any utility. The f_unction is like a step fu_nction. As tgthors in [3_] point a5 shaded in Figure 3 for a uniform distribution @f has a
out that such utility is uncommon today since software fowdloading or . . . .

sharing large files often provides the “resume” functiontosken download, physpa_tl meaning of the eXpeCted proportion (_)f clients who
we will not further the analysis with this utility in our work are willing to pay and connect to the access point at the PBE.

uniform pdff(u)

A. Unlimited Capacity Model—One-hop Case



This is because each instance of price negotiation between show in Section IV, this result only applies to the following
access point and a client at the first time slot can be takspecial situations:

as a Bernoulli trial with a probability of>(U > p*) that ~ , The wireless network channel and the access point's
the negotiation is a success. Withindependent negotiations uplink have an unlimited capacity, or have a sufficient
with n clients, the number of successes is a binomial random capacity to meet all demands;

variable with an expected value ofP(U > p*). Hence the , The network has a limited capacity, but the access point
expected proportion of clients willing to pay and conne@& th  does not provide bandwidth guarantee to clients; while

access point is?(U > p*). clients’ valuations of the service are independent to its
quality.
B. Unlimited Capacity Model—Two-hop Case Clearly, the first condition is not always true while the seto

condition may not be realistic. For networks where the above
conditions do not hold, the pricing and purchasing stra®gi

@« T 0] : o
_ _ remain to be investigated.
Access point Reseller Client Remark: It is shown in [3] that a one-hop or two-hop wireless
G D mesh network in which the network has an unlimited capacity,

clients will be charged at a fixed rate by the access point or

Fig. 4. Game modeling of the two-hop case with a slot priceharged by €laying wireless nodes.
the access point, and a slot prige charged by the reseller

[1l. Extensions to the Unlimited Capacity Model

The two-hop case describes the situation when a client iSThe game theoretic modeling in [3] provides a useful
incapable of reaching the access point directly, but hasuter methodology to analyze the pricing dynamics in a wireless
her traffic through an intermediate wireless node, refea®d mesh network: one in which either the network has an unlim-
the reseller. The game now involves three players, with they canacity, or clients do not differentiate servicesitfedent
additional reseller, as shown in Figure 4. At the beginning §,nq\idths but only require an Internet access. In thisect

each time slot, the client requests service from the reselle\r;Ve provide a methodology which offers a more comprehensive

The reseller in turn requests service from the access po%’alysis. We first examine the game PBE in its one-hop case
who replies her with a slot price,. Based o, the reseller

! X : with various probability distributions of client’s pereslutility
decides how to charge and sends a slot ppice the client. 17 fo15wed by a natural extension of the analysis into the

The client chooses to accept or reject the price. If the C"eﬂwulti-hop case. We then discuss some important network

acceptyy, the reseller replies “accept” to the access point; anglyjing issues in the economic perspective of such a network
vice versa. When game ends, resulted from the first rejection

of a slot price by the client, the net payoff of the client is . . )
F(T,7)-3.F_, p,, while the reseller and the access point have: Optimal Pricing for the One-hop Case under Various
profit of 3 ,_, (p+ — ¢;) and Zthl ¢; respectively. Authors in Utility Distributions
[3] prove that the following strategy profile is a PBE: In [3], authors provide generalized perfect Bayesian equi-
« The client follows the myopic strategy, connectingtiff libria, applicable for any arbitrary distribution of cligs per-
7 andp; < U: slot utility U, for both the one-hop and two-hop case. It
« The reseller picks a price mark-up functign(c) that would be hglpful_ to_anglyze the one-hop case PBE with some
satisfies the properties: samplle. utility d|st_r|but|ons before moving on to the more
sophisticated multi-hop case. In the following, we studg th

p*(c) € argmax(p—c)P(U > p) one-hop case PBE with the uniform utility distribution, fts
. . P , mathematical tractability to obtain closed-form resuatscl the
pr(c) = p(e) Ve > e normal utility distributior?, for its realistic representation of

a real-world market. In particular, we are interested taabt

and charges the prigg = p*(¢;) in slot ¢; ) . i . . :
« The access point charges a non-decreasing price sequé%cethe optimal price per slot, with which the access point

such thate _eP(U > p*(c)). ma_ximizeSpP(U > p); and also the qua_ntit;P(U > p*),
{edd ¢ € argmax, cP(U 2 p*(c)) which physically represents the proportion of clients who

As in the one-hop case, it is common for the access poilits \jlling to pay the pricer* so as to obtain the wireless
and the reseller to adopt a fixed-price strategy, since meSfnection.

distributions ofU yield single maximizers ofp—c)P(U > p) Consider the case that the client’s per-slot utilifyhas a

andcP(U = p*(c)) respectively. uniform distribution on the interva, b] with « < b. Any price
The most important result of [3] is the proof of the naturghyer than, would be accepted by a client, so the access point

selection of the fixed-rate pricing strategy by the acce$stpo.n set a price at which outperforms all such prices. Any

and the reseller, without the need of contract enforcement.

Fixed-rate pricing is appealing to customers for its simple2when we use the normal utility distribution, the “tail” ofetrprobability

charging scheme: while the exclusion of contract enforggmelensity function which falls in the negative region is natricated. A client
' having a negative utility physically represents, for extamp user who is not

a"O\_NS the service mechanism to be on a pure peer'tQ'pﬁﬁJrested in browsing the web, and the access servicedmalicost to her,
basis and hence be scalable. However, as we are goingsueh as the cost on battery usage.
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Fig. 5. Expected profit per slot per cliem®(U > p)) vs. pricep

o _ . ~ B. Optimal Pricing for Multi-hop Wireless Network
price higher thar would be rejected by a client, hence a price

. ) We now extend the unlimited capacity analysis into the
higher thanb yields zero expected payoff. Thus we are Surr%ulti-hop case, which is derived naturally from the two-hop

that the optimal price for the access point lies on the iralerv . ; . . .o

. . . o case in [3]. The multi-hop case describes pricing dynanmics i
[a, b]. With this assumption, we may write: . . S .

a multi-hop wireless network where a client is at an arbjtrar
b—p number of hops away from the access point. We first define
b a> . (1)  the model and some notations, then propose a game PBE, and
follow it by examples under various distributions of clisnt

Differentiating Eq. (1) withp and equate it to zero yield theper-slot utility. Results in this section also contributethe

pP(UZp)—p(

unique PBE pricep* set by the access point: solution to the multi-hop case under the limited capacitgleio
later in Section IV-B.
« | b/2 ifa<b/2
P =1 a otherwise. ® b A A U
Access poinh  Resellem-1 Reseller2 Reseller1  Client
The price sequencp,} is hence dixedsequence withy, = e A
p* for all time slott. At the PBE pricep*, the proportion of
connecting clients is: Fig. 6. Game modeling of the multi-hop case
. 2 if a <b/2 . . o
PU >p*) =4 20-a) i The multi-hop case allows clients to be arbitrarityhop
- 1 otherwise.

away from the access point. Due to the unlimited capacity

The closed-form results can be confirmed with the numeric%?sumptlon’ we can abstract the aggregat_ed system to a game
volving all nodes on the path from a client to the access

examples in Figure 5(a) and Table IlI-A, which test foul ™! t Th vol Lol “th int_1
uniform distributions of U on the interval[2,10], [4,10], point. The game Involves+1 players: the access point;-

[6,10] and [5, 11] respectively. Figure 5(a) plots the functionrese”ers and the client. as shown in Figure 6. The resdllers

pP(U > p), or the expected profit per slot for the access poir{pdexed from the client side to the access point side by 1 to

against for the four different distributions. It can be observed while the access point is indexed by Procedures for

that each curve is composed of three parts: on the interaic® n_egotlat|0n are analqgous to that in the two-hop _Gmse:
[0, a], the function grows linearly wittp, since a price below egch t|m_e slot, access poink charges _reserlll?g—l a pr|ce.
a will definitely be accepted by a client; da, b], the curve has Pi who in turn charges re.sellezr—2 a pricepy and so on;

a single maximization point, at whight is located; or{b, sc), in the end, the chept receives a prlpganron: reseller 1. The
the function has zero value since no client will be willing tcpet, payoff of the client is"(T’, 7) — Zéz,lpt Tfor a usalgr? of
pay a price higher thah. Except for the third distribution, 2 ime slots. The net payoff for reselleds 5, _, (pi —pi""),
uniform on [6,10], all distributions havea < b/2 and p* forTz :nL ...,n—1, and for the access point, the payoff is
at b/2, which are classified as normal cases. The remainiﬁvgtzl Pt . . . .
distribution hag* ata, contributing the boundary case, @s 10 detérmine the optimal pricing and a perfect Bayesian
is at the boundary of, b]. equilibrium for the unlimited capacity, multi-hop wirekes

When the utility U has a normal distribution, closed-network' we propose th8trategy Profile 1 S
form results are no longer tractable and one has to res t can be proven that the above strategy profile is indeed a

to numerical analysis. Four different normal distributcere 8 E. The proof follows naturally from the proof of the two-

used and the results are illustrated in Figure 5(b) and Talg\gp case PBE in [3]. The complete proof is obtainable in our
[lI-A. The curves again possess the three-part charatiteriée(:hmcalI report [18F. . .

as discussed above, but there are no discrete boundarie-gO see how the .PBE of the game m_the m”'“,'h"p case
between the composing parts due to the smoothness of W_%‘ks, let us consider examples in which client's per-slot

CumUIat'_Ve_ d_en5|t¥ func.tlonlof nF)rma_I dlst.rlbutlon. Noteat 3The proof is also included in the appendix of this manuschipt the
the maximizing pricep* is still unique in this case. completeness of presentation only.



Strategy Profile 1 For Multi-hop Wireless Mesh Network Now we look at reseller 2. Reseller 1 will charge aif
(1) The client follows the myopic strategy, connectingif€ = the condition(p? + b)/2 < a is satisfied. This condition can

andp} < U; be re-written agp? < 2a — b, and hence we see that reseller
(2) Reseller, forall i € {1,...,n—1}, picks a price mark-up 2 should not pick any price lower thalu — b, as reseller 1
functionpi” (p*!) that satisfies the properties: will charge the client at prica anyway. In a similar fashion

i inl i it S il as we analyze reseller 1, we assume reseller 2's optimad pric
P € argnﬁx[(p PEOPU Zm ()] (2) p?" € [2a — b, b]. With this assumption, reseller 1 will price

. e ) ) 2% 2% T
> (pz+1/) > pi (pith) vpitt s pitl @3) uPp by (p*” + b)/2. Hence we write:
icg = (pit1) in ti . 2 _ 3 2,2 o 50— +b)/2
and charges the priggl = p* (p;"") in time slot¢; (p* —p*)P(U > m?*(p°)) = (p° — p°)(———

).
(3) Access pointn charges a non-decreasing price sequence b-a
{p?} with p} € argmax,-[p"P(U > m"(p"))], where the Adopting the previous optimization technique, we have =

functionm‘(p’) is defined for alli € {1,...,n} as follows:  (p>+b)/2, and as we do tp'", we need to modify the optimal
£ ox TN . price of reseller 2 to:
mi(pi) 2 {20600 ) Vi {2, 0] _
p ! i=1. 2a — b if (p3+0)/2<2a—b
(4) p* =4 PP +0)/2 if (p° +b)/2 € [2a—-1bb]
The functionm!(p?) represents the price received by the client b otherwise.

after the pricep’ set by nodei is marked up by all its

We can iterate this process upstream through the numerous
downstream resellers.

resellers. If, for node, every downstream resellgradopts the
price mark-up strategy’” = (p’*! 4 b)/2, we can express:

(271 = 1)b + pt

utility U is uniformly and normally distributed. At the PBE 1

of each of the following examples, the expressjéP(U > p =m'(p') = 9i—1 vie{l,...,n}.
m?@:)) 's maximized by a single" and (p' —p")P(U > Note that this result also holds for access pointOne can
m'(p')) is maximized by a singlg*, foralli € {1,....,n—1}.  find that for every resellef, i € {1,...,n— 1}. In particular,

For convenience, we use the notatiph’ to denote the if (pit14b)/2 < (2 1)a— (2071 —1)b, thenp™ = (2 1)a—
maximizing price of node, foralli € {1,...,n}. At thel*PBE, (201 — 1)b. If (pit! +b)/2 € [(271)a— (201 —1)b,b], then
the price sequencip; } of each node is fixed atp; = p* for i* _ (p™+! + b)/2. For other caseg’” = b.
all time slott. Generally speaking, evaluation pf" for each Finally, access point should charge reseller—1 at least
nodei involves a recursive iteration process. In the special Cag@i—1), — (27—1 — 1)b. Assumingp”™* € [(2"~)a — (271 —
thatU is uni_fi)rmly distributed, one can obtain a closed-forr@)b’ b], we may write:
solution ofp’" for each node. - N e 1

Let us first consider the case tfiatis a uniform distribution. p"P(U >m"(p")) = pn(b — (2 —Db+p")/2 ),

Theorem 1: In the multi-hop case of the unlimited capacity b—a

model, whenU is uniformly distributed on the intervak,b] giving

with ¢ < b, access point: will charge resellern — 1 at it (on—1\,_(on—1_ 1)<
p"* = b/2 at the PBE, independent of the path length p”*z{%fl)a_ (2n-1 — 1) gtf?erwis)g (2 1)b=<b/2

toward the client, given that the “normal case” condition (6)

(2" a— (2" —1)b < b/2is .satils*figd. _ Due to the choice of™* by access poink, each reseller
Proof: Reseller*ls optimal price' " is to b_e paid by the i, for all i € {1,...,n — 1}, marks up upstream price by
client. Hencep'™ must be no less thaa as in the one-hop P = (p1 +b)/2, and hence we have the following explicit

case. Also, a price ob yields zero payoff as will any price form of the PBE price of reseller, for all i € {1,...,n—1}:

greater tharb. Thus, we assumg'” lies on the intervala, b]. it neitl e ont 1

With this assumption, we may write: i J(2 —1)b/2 if (2" a— (2" =1)b<b/2
. (271)a — (2071 —1)b  otherwise.

b—p
1.2 > ml(pl)) = (pl — 2 @
@ =p)PU2m @) =~ b—a - @ A case satisfying the conditio2”')a — (2"~ —1)b < b/2
Differentiating the above equation with and equating the is classified as anormal case else aboundary case The
result to zero yieldp'™ = (p? + b)/2. If (p*> +b)/2 > b, it boundary case corresponds to one in which reseller 1
means that reseller 2 charges reseller 1 with psice- b. We ~ charges the client a fixed prigé ™ = a, at the boundary of
assume reseller 1 picks the pripé = b in this case as the the intervalja,b]. It can be observed from Eq. (6) that, in
client will not connect anyway. Ifp? +b)/2 < a, it happens normal cases, access poinalways charges a fixed priég2,
that Eqg. (5) has no stationary point on the interab], and independent ofi, which is the path length toward the clief.
hence the maximum point is at the boundary and must be at
a. We modify the optimal price of reseller 1 as follows: The above results can be confirmed with numerical exam-
a if (02 +0)/2<a ples depicted in Figure 7 and 8. We define

P ={ @ b)y2 i (02 )2 € (ol wi( i)é{piP(UZmi(Pi” o i=nm
b otherwise. P= (p* — pt ) P(U > mi(ph)) Vie{l,..,n—1}.



The functionw®(p?) is the one to be maximized by nod N 0
i in the PBE, with her choice of the price she charges | o '
downstream hop. Furthermore! (p') includes the PBE price _ ’ . o a
p't1" and the PBE aggregated price mark-up functioffp?) / o

in its expression. These curves thus show how a nbd

PBE price p
N

PBE price p
N

picks the pricep’” to maximizew'(p*), assuming all other s e ) ~n=z

nodes play their respective PBE strategies. Figure 7 p e e
e 4 ; = 0

w'(p') againstp’ for each nodei in the four-hop case. In * n niw2nsma s ns nonoln-2 e nid n-s -6 -7

particular, Figure 7(a) shows a normal case wWithuniformly
distributed on[0, 10]; Figure 7(b) shows a boundary case with
U uniformly distributed on[9.5,10]. Figure 8(a) shows the Fig. 8. PBE prices in cases of different path lengths
PBE pricep’” of each nodei in the 2-hop, 4-hop and 8-
hop case with/ uniformly distributed on0, 10]. The curves
coincide with each other as suggested by Eqg. (6) and

For a client locatedh-hop away from the access point, th
probability that she accepts the prig€” and connects is

1 b i n—1
P(UZpl*):{?(m) if 2"~(a —b)+b<b/2

(a) U uniformly distributed (b) U normally distributed

—e—Access pointn (i = n)
-8 -Reseller n-1 (i=n-1)
—x= Reseller n-2 (i = n-2)|

—e—Access pointn (i = n)
25 -8 -Reseller n-1 (i=n-1)
-x= Reseller n-2 (i = n-2)|

N
o

N

Relative expected payoff w(p")
e b

Relative expected payoff w(p")
N
@

otherwise. 05 05
. . . (8) 0 1 2 3 4 - —5::6 7 8 0 1 2 3 4 5 6 7 8
Notice that in a boundary case, the client always acce, _ Path length n Path length n
the price. Another quantity of interest is the expected ffayo (a) U uniformly distributed (b) U normally distributed

of each node. The expected payoff of each nedsan be

compared throughv’(p*”), which has a physical meaning
of nodei's expected profit at the first time slot. It can be
expressed as:

Fig. 9. Relative expected payoff of nodes with varying pathgth

system to encourage nodes to participate and grow the mesh

w™(p™*) = p"*P(U >m"(p"™*)) = p"*PU > pl*) network in a multi-hop fashion. The quantities concernesl ar
B #(%) if 271 (a—b)+b<b/2 thhe probablhty.that adcllent, attarlharbltr?ry dklstance,elTn:s "
@ )a—b)+b otherwise, er access price and connects the network, as well as the
population distribution of clients. Let. be the radius (in terms
and similarly, for alli € {1,...,n —1}: of number of hops) of the effective multi-hop wireless natkvo
PN e i i established by the access point, such that a client locaded m
w(pt) =" —p ZP(U =m'(p")) thann. hops away from the access point will connect with
_ { s (5) if 2" 1(a—b)+b<b/2  a probability less than a threshold. In the case that/ is
2i=1(b - a) otherwise. uniformly distributed, from Eg. (8)z. can be derived as:

Figure 9(a) plotaw’(p'*) of access point and the next two ne = [lo |
resellersn —1 and n—2 with varying path lengthn, when N 82 Hb—a)"
U is uniformly distributed on[0, 10]. It is observed that an
upstream node always earns more than a downstream n
does, and the expected payoff of a node falls with increasi
n, meaning that a node earns less when the client is furth . . )

of a successful connection will fall below half for clients

away from the access point. ; " h - while the latter tells that th
When U is normally distributed, one can analyze numerg. MOre than one hop away, whiie the ‘atier 1ells that the
robability even falls below ten percent for clients at more

cally to check if the economic properties still hold as whet th h | Thi | effecti work radius i
U is uniformly distributed. Figure 7(c), 8(b) and 9(b) give an three hops away: 'his smail efieclive network radius 1s

associated graphical plots whéhis normally distributed with not surprising as Eq. (8) reveals the probablhty that z_md:lle
meany — 5 and standard deviation = 1.67. Notice that connects to the network decreases exponentially with path

in Figure 8(b), the curves for the different path lengtmo lengthn, unless the condition for a boundary case is satisfied.

longer coincide. Figure 9(b) shows that the previous cIainI\\gOte that the boundary case condition can be re-written as

about expected payoff of nodes still hold in this example. n > logy(b/(b — a))_' Thus whena is close to_b, meaning
that the access point and resellers are relatively suretabou

client's per-slot utility, the effective network radius large.

C. The Issue on Network Scaling In Figure 10, we show the probability that a client is willing
In the previous section, we present the analysis of pricitig connect P(U > p'™)) against different, the length of the
dynamics in the multi-hop case when uniform and normaktwork path. From the figure, one can observe that a similar

distributions of U are assumed. Here, we investigate theonclusion can be drawn whén is normally distributed.
scalability issue of the described multi-hop wireless melwv ~ Though the probability that a client who is-hop away
By scalability, we mean the ability of pricing as an inceativfrom the access point and is willing to connect to the network

QL example, withU' uniformly distributed on [0,10], a
eshold of H = 0.5 yields n, = 1 while H = 0.1
lds n. = 3. The former case tells that the probability
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Fig. 7. A measure of expected profit per slot per client ((?)) vs. pricep® for different nodes in the four-hop case

=

weswow C to 0 asn approaches infinity, hence shows that the intuition

—e— Uniform on [0,10]

| 's Incorrect.
x \ —+— Normal (14=9.75,0=0.08)
: S The poor scaling performance of the pricing mechanism
\ | is related to the tree-like topology of the network under
analysis. The multi-hop case of the unlimited capacity nhode
describes a situation in which the client has a single route
toward the access point. This constitutes a monopoly market
‘ ‘ between each node on the path and its downstream hop. The
123 456 78 910 monopoly market gives each upstream node the price setting
Access point—client distance n . .. . .. .
ability to maximize her profit and this introduces economic
Fig. 10. Probability that a client who is-hop away and is willing to connect iN€fficiency. With pricing competition, economic scalatyil
under different distributions off/ improves. Consider the network in Figure 12(a). The client
has two paths toward the access point. Reseller A and B are
under pricing competition against each other. A brief lodk a
the case shows that the two resellers will lower their prices
for the client until their costs to provide the connectiorvize
are reached, which are identical and equal to the price ligat t

o
©
-

o o
> o
/

Client connecting probability P(U = p*")
o
N

o

Clients 1 hop away access point charges them. Thus, the access point effgctive
€D Clients 2 hops away sees the client as a first-hop client and the client enjoysca pr
€D Clients 3 hops away reduced to the normal first-hop price. The pricing structifre

this network can be obtained by a simple extension of the
Fig. 11. A simple client population model one-hop case in a tree-like network. The network in Figure

12(b) shows similar properties. All resellers except thetice

one are under pricing competition. Only the central reselle
decreases with increasing, should the access point anchas an opportunity to mark up the price from her upstream.
resellers think that they can still make a profit with distanthe access point thus effectively sees the client as a second
clients since a larger value of implies a larger coverage hop client and the client enjoys a reduced price. This nétwor
of potential clients? One can show that this argumenmtas degenerates to the two-hop case in a tree-like network I&imi
true. Consider a Simple client population model, in WhinargumentS can be app“ed to the case in which a Chehbp
clients are evenly populated geographically, the arriedé r away has more than one path to the access point. The important
of clients in a particular region is proportional to its araad |esson of the above analysis is that economic scalabilitgt of
the wireless signal results in a mesh network where clients\greless mesh network is linked with the density of nodes.
different hop distances locate in areas formed by coneentgparseness introduces a large number of monopolized links
circular boundaries, as in Figure 11, with the access p@intiﬁ clients’ selectable paths to the access point, resuiﬁng
the center. The following expression approximates theva@rri jow economic scalabilitydenseness introduces pricing com-
rate of chents who are-hop away the access point and accepetitions among nodes, apparently results in higher ecanom
price p'*, whenU is uniformly distributed and constitutes ascalability. Moreover, our results in pricing structuretiee-
normal case: like networks may serve as building blocks for the general
om— 1 < b\ ) pricing structure in networks of other topologies. In paurtar,

L(n) = (mn*=m(n—1)*)A-P(U Zpl*) = "on T nodes under pricing competition may not have an opportunity
to mark up the price from the upstream. After taking out
where A is the arrival rate of clients per unit area. Thehose nodes, the pricing structure may resemble that irea tre

connection rate as a function of hop distané€n), tends like network. Pricing and scaling for networks with pricing



Reseller A Reseller Reseller

____________________ A .«--""'&""~~-‘ l,_,..-v&v-...\
.4 ____________________ >&‘ ____________________ >E| .4» ..... ‘&4 _____ '&4» ..... ‘&4 _____ vl:l
Access point Client Access point Reseller Client
Reseller B Reseller Reseller
(a) Network A (b) Network B
Fig. 12. Two networks with pricing competition involved
competition involved remain as our future work. a bandwidth constraint on its profit maximization problem.

Remark: In a multi-hop wireless mesh network in which therigure 13 depicts this scenario. In our model, we limit the
network has an unlimited capacity, clients will be charged access point to admit at most > 0 clients at a time. The

a fixed rate. However, if the network is sparse and each cliar@pacitym is a design knob of the access point. She has to
has only one single route to the access point, the access paealuate stochastically the bandwidth demand of clients an
will not be affordable to most distant clients. It is conadad the effect of multiplexing clients’ traffic so as to set thght
that sparseness of nodes in a wireless mesh network redueeto provide to clients the bandwidth guarantee. Any client

its economic scalability. who arrives at the access point not being immediately served
due to this capacity limit will be dropped.
IV. Limited Capacity Model Another addition to the original model is an explicit client

arrival process at the access point. This is necessary as

The formulation of the unlimited capacity model reI|e§h interactions between the access point and a client are

on the assumption that the wireless network channel an . . :
N . I ) now complicated by the removal of the unlimited capacity
the access point’s uplink have an unlimited capacity, or the

access point provides no bandwidth guarantee to clients a‘ssumption—they cannot be summarized by one simple two-
: P P : 9 . i 'pl'?:\yer game; the access point must decide its strategy dn eac
this section, we consider a more realistic scenario anckitsp

the oricing and purchasing strategies of nodes in wireleogcaSion’ based on its system condition at the time, sudieas t
P g purc Y 9 : L Pemaining capacity for admission. We model the client atriv
networks with a limited network capacity. Similar to th : . . . : . i
ehavior using a Poisson input process with a finite pomrati

previous sect!on, we begin with a one-_hop netwo_rk and ShOvlvclients. Each client arrives with a rakeat the access point,
why the previous one-hop case PBE is not applicable uncge

. . : . € UNGHd there is a total oM clients in the population.
this new setting. A substitute for the access service piavis bop

. o The last modification to the unlimited capacity model is
model named fixed-rate, non-interrupted servités hence ; . . .

) : ; ._tg transform it from a discrete-slot process into a contiraio

proposed and we provide an algorithm to obtain the optim : )
R . ime process so as to ease our analysis when matched with the
strategy of the access point in its defined strategy space, ; : ; .
e . . ' cliént arrival model. In the continuous-time version, ticeess
The analysis is finished with an extension to the multl-h(;S

. L oint charges a particular client a price per unit time, de,ra
case, and some observations on the network scaling issu . . :

i - . p(t) at time¢. The variablesl’, - and U are converted, in
networks with a limited capacity.

the continuous-time sense, to represent the amount of time
the client connects, the amount of time the client intends
A. One-hop Case to connect, and the client’s utility of the service per unit
time respectively. The continuous-time web browsing tytili
function of the client thus remains the same as its previous
form of F(T,7) = U - min(T, 7). The access point still
only knows the probability distributions dff and r. Here,

we further assume that the access point takée be expo-
nentially distributed with mea /..* Our formulation of the

@ Access point [ Client limited capacity model is now complete. It should be clear to
see the correspondence between our model and the classical
M/M/m/m/M queuing system [19].

Here, we first present the necessary modifications to theLet us give a simple scenario to show that under the limited

original unlimited capacity model and transform it into th&apactty '_“Ode" the access point, on some occasions, will
limited capacity version. The one-hop case of the Iimitegpqose elther_ to charge _chents with variable ratg or to_
capacity model still describes a wireless network comgisti ellberate]y dlscor_mect clients, rather than adopting edfix .
of an access point, plus clients who reach the access p({I . non-mterrqptlng strategy for th? one-hop case PEA wi
directly. The distinction between the two models is that the imited capgcny model prgposed n [31 .
wireless network and the access point’s uplink here havé'%{nma 1 A fixed-rate, non-lntgrruptmg strategy_ls not at aI_I
limited capacity, and the access point has to assure clieats time optimal to the access point under the limited capacity
they will have a certain amount of dedicated bandwidth, Whic ,_ ) . -

This assumption allows us to conduct a “mean analysis” ofsiymtem.

is the premise o.f- clients .haVing_ th_e bandwidth indEpend% analysis can be extended and made more realistic by testhgiques
web browsing utility function. This imposes the access poiauch as the “Method of Stages”.

Limited bandwidth Limited capacity

Fig. 13. Network diagram with channel capacity for the oog-lsase
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model. model, it is tempting for the nodes to break the contract for
Proof: Consider the case that a new client arrives at thehigher profit, as how the revenue is shared has nothing to
access point, when it is at its full capacity. Le§ be the do with customer satisfaction. To enforce this contracg, th
price of one of then connected clients is paying. The accessverhead will be high, while for the fixed-rate, non-interted
point may announce a pricey’ > po to the new client. If service model, it is not. Secondly, the slight deviation fud t
the new client accepts, the access point’s best response ifixed-rate, non-interrupted service model from the origina
disconnect the old client paying, and admit the new one, version also means that it is a harder problem to solve in
unless the old client accepts a raise of price fragmto po’. comparison to those which put even more restrictions on the
Thus, a fixed-rate, non-interrupting strategy is not thet bgsricing scheme, such as requiring a common fixed rate to all
response of the access point. B clients. With the methodology to analyze the fixed-rate,-non
interrupted service model, we can also solve simpler proble
Although the access point wishes to cease service to clieitstances using the same approach.
or increase the price over time to obtain higher profit, ieia-r A strategy of the access point under the fixed-rate, non-
sonable to believe that clients will be discouraged fromithgy interrupted service model involves setting the chargirtg ta
such a kind of service since it is unrealistic to requirerdeto clients who want to be connected. The access point can make
monitor the varying price continuously. Thus, we invesiiga her decision based on a single parameter, namely, the number
service model named thé&iXed-rate, non-interrupted servite of connected clients in the system. Adopting queuing system
which is more likely to be adopted in practice. notations, the number of connected clients in the system
The fixed-rate, non-interrupted service model requiresisi represented by the current “state”. For the M/M/m/m/M
contract to be enforced between the access point andyweuing system, it has: 41 states, from state 0 to state
particular client as follows: m. At statek, for all k € {0,...,m — 1}, the access point
« The access point provides connection service to the clidrds to decide the ratg, to charge the next “to-be-admitted”
until the client voluntarily disconnects; client. No decision has to be made at stateas the access
« The client pays a fixed rate for the service. The total point is at its full capacity. Thus, a policy of the access
payment isp times the duration of the service. point is completely characterized by the price or rate vecto
Note that the access point is still allowed to announcewiffe 7 = (o, D1, .- Pm—1)-
“fixed rates” (or prices) to different clients under this sate, With the fixed-rate, non-interrupted service contract, ee s
but once announced, this fixed rate cannot be changed duripgt clients will play the following strategy to maximizerhe
the course of service for a particular client. payoff, (a) connect the access pointiff> p, (b) disconnect
The fixed-rate, non-interrupted service contract can be grem the access point at time = 7, with the assumption
forced in numerous ways. A common approach is to establisithat clients withU' > p, utility per unit time not less than
third party contract enforcement agent in the system. @liercharged rate, will not deliberately reject the first presdrrate
will report to the enforcement agent on misbehavior of thend wait until she receives a lower rate at a later time when
access point, seeking the offender to be punished. Thetgen#ile access point is less congested. Also, for clients iagpct
is to be set heavy enough such that the access point will nottge first presented rate, our Poisson client arrival pronesg
for short-term benefit of disconnecting clients or raisihgit not accurately model their possible behavior of re-proltive
rates. Another approach is to distribute standardizedvsoft access rate afterward.
to nodes participating in the wireless mesh network, which We now derive an expression of the expected profit per
conforms to the service contract. The owner of the accessit time, or the gain, of the access point in the long run
point will not have the knowledge to tweak the software sas a function of the rate vectgl. The general equilibrium
as to avoid contract enforcement, just like that most Ireernsolution for birth-death queuing systems [19] is employed.
users will not change the transmission control protocolRyCNote that a transition from staté to statek + 1, for all
in their operating systems so as to obtain a higher throughpli € {0, ..., m—1}, requires not only an arrival of a client, but
Compared to the pricing model in [3], the fixed-rate, noralso her willingness to accept the charged pgigetherefore,
interrupted service model has the disadvantage that iiinesju the “arrival rate” of our model is different from that of the
contract enforcement, i.e. it is not self-enforcing. Thiexe conventional M/M/m/m/M queuing system by a factor of
wide variety of pricing models which are not self-enforcingP (U > py) for each staté, k € {0,...,m—1}. The transition
Among them, we pick and investigate the fixed-rate, nomates of our model are:

interrupted service model for two reasons. First, the fixed- B MM —k)P(U >p;) k<m
rate, non-interrupted service model is driven by the fair ** — 0 otherwise
expectation of customers on Internet access service, and i v = ku k=1,2,...,m.

one in its category which deviates the least from the origina ) L . )
self-enforcing pricing model. This implies that there wik W|th m, denoting the limiting probability that the system is
minimal incentives for the access point to break the servifeStatek, for all k € {0,...,m}, we have

contract and use a floating rate, which is against the will (M)(&)kl‘[kflp(U > )
of customers. For comparison, consider a pricing model in - k/\np =0 =P

a multi-hop network which requires revenue be split evenly b s (M)(A)jnjfl P > p)
among the access point and the relaying nodes. In such a =0\ \j/\n i=0 = Pi
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where empty product is unity by convention. For simplificadlgorithm 2 The policy-iteration method
tion, consider that the access point earns an expected pfofiRequire: A >0, >0, m >0 andM > 0
pr/p immediately when a client connects at state Hence, Ensure: optimal pricing policyp

the gain of the access point is 1: p < arbitrary value
2: for all k£ such thatd < k <m do
m—1
Pk 3 v <=0
p)= Z Ak (ﬁ) 4: end for
k=0 5: loop
VL 6 e
Zk o |Pe(M—R)(} )(u) [Timo P(UZpi) Cod=p .
_ @ T {The policy-improvement routirje
k . . . . . .
m [ A k—1 8: solve the following optimization problem with design
2 o P(U>p; .
2o {(’“)(“) [izo P _p)] variablespg, p1, ..., Pm_1:
The optimal policy of the access point can be obtainethax AM P(U >pg)v1—AM P(U > pg)vo+AM P(U )(%),
by maximizing Eq.(9) over the rate vectpr However, us-
Y 9 2409) " max A(M — K)P(U > p)eess — (M — K)P(U > py) +

ing classical optimization techniques to derive a clos@aAf

solution of the optimal policy requires solving simultanso ku)vg + kpvg_1 A(M — k)P(U > pk)(

non-linear equations, which is complicated. Instead, vecthis for k — 1 _—

policy-iteration methodn the Markovian decision theory [20] Ty

to determine the pricing for the above optimization problem o:  if not the first iteration ang’— 7 < predefined threshold
The policy-iteration method is given in Algorithm 2. It in- then

volves an iteration cycle of two parts: tipelicy-improvement 10: return o

routine and thevalue-determination operationit uses the 11: end if

notationg to denote the gain of the system, and introduce®: {The value-determination operatipn

)

’_'t|§

a set of relative valuesy, for all £ € {0,1,...,m}, which 13 v, <0
has the physical meaning of whiel — v; is the increase in 14: solve the following set of equations for
the gain caused by starting the system in statather than Vo, V1, -+, Um_1 andg:

in statej. The algorithm is started in the policy-improvement Po
routine with all relative values,, set to 0. g=AMP(U > po)vi =AM P(U > po)vo+AM P(U = po)( u)

The policy-improvement routine is to improve the currenty— (M —k)P(U > pr)vier — MM —k)P(U > pg)+ku) vk

policy by considering alternatives in each state, basechen t - Phy ¢ B
relative valuesvy, either set to O initially, or obtained in +k“”k—1+/\(M_k)P(U—pk)(;) ork=1,..,m-l,

the value-determination operation for the current poficfit g = —muv,, + muv,—1.
requires solving a separable optimization problem wheee th

design variables argy, p1,. .. pm_1, as shown in Algorithm 15 €nd loop

2. The solution to this optimization then forms a new poligy.

the difference between this new policy and the previouscgoli

in the iteration cycle is smaller than a pre-defined threhofor each statek:

the iteration process has converged and the (near-)optimal « b= p(vps1r —or)
policy is found. Otherwise, the algorithm goes into the ealu Pr = 2

determination operation and the new policy is evaluated.  The policy-iteration method reduces the profit maximizatio
The value-determination operation evaluates a pgligen- problem of the access point to solving setsiof- 1 simultane-
erated by the policy-improvement routine. It requires B@V ous linear equations in the value-determination operatiod
a set of equations, given in Algorithm 2, for and all sets ofm independent one-dimensional optimization problems
relative valuesvy, by settingv,, to zero. With the solution, in the policy-improvement routine. The computational com-
the algorithm loops back into the policy-improvement rogti plexity is reduced (as compared with the standard numerical
It is worth noticing that when the client’s utility rat& optimization method), and it is shown in [20] that the above
has a uniform distribution on the interval, b], there exists procedures guarantee the convergence to the best policy.
a closed-form solution for the optimization problem in the Here we show some numerical results obtained using the
policy-improvement routine, i.e. the optimal raig* for each policy-iteration method. Cases in which client’s utilitgte U
statek. As an optimal state ratg,* must lie on the interval is uniformly distributed orj0, 10], or normally distributed with
[a,b], we may substitute®(U > p;) with (b — pi)/(b—a). a mean of 5 and a standard deviation of 1.67 are studied. We
Differentiation followed by root finding yields the optimai* illustrate the state rates given by the policy-iterationthmod
when the access point can support= 5 clients, and there
5This simplification helps reduce the state space of the maddlis an are totally M = 10 potential clients who want to receive the
gpproxima_tion of the original probl_em. An exact solutiom dze (_)btai_ned by connection service. We fix the departure rate of clienb 1
including in the state space the information on the rate edieimt in the and vary the arrival rate from 0.2 to 10. Figure 14 shows

system is paying, and the use of “in-state reward” insteathefimmediate .
expected profit “state transition reward” [20]. the results. It can be observed that the state-dependext pri

k=0,1,....,m— 1.
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3 e a6 0 R 10 Fig. 16. Network diagram with channel capacity for the mhtip case
(a) U uniformly distributed (b) U normally distributed
all clients in the wireless mesh network merges. Hence, any
reseller who has purchased Internet access service from her
upstream will have adequate bandwidth for her downstream.
— This situation is depicted in Figure 16. In comparison with
eometo the multi-hop case in the unlimited capacity model, we see
that the bandwidth constraint only affects the access pfuint
the resellers, their strategies only depend on the priceis th
respective upstream hops charge them. Thus, any node apart
from the access point will follow her strategy in the unliedt
capacity model here.

The focus of the multi-hop case is to devise the optimal
(@) U uniformly distributed (b) U normally distributed pricing strategy of the access point, which involves deberm
ing the respective optimal prices for clients from differen
distances at each state. Thus, for an access point withitapac
m, and with the assumption that the most distant clients
arriving at the access point are fromhops away, a policy

rises with the number of clients in the access point systeff: the access point can be characterized by the price matrix
pi > p;, foralli > j. This agrees with the economic sense th& = [pxi], k € {0,...,m — 1}, i € {1,...,n}, in which py;
when the remaining resource, or supply, of service decseag€presents the price at stdtefor a clienti-hop away.

the price increases. Also, the state-dependent price wigths ~ To ease analysis, we modify the client arrival process
increasing), and this is logical as the arrival raterepresents by removing the feature of finite client population. This is
demand. Figure 15 gives the probability that a client isimgll necessary, as an arrival process with finite populationiresju

to accept the offered price and connects to the system. ItkReping track of the numbers of admitted clients at differen
given by the following expression: distances, which highly complicates state information. We
roll back to an arrival model originated from the M/M/m/m

Fig. 14. State-dependent price with varying arrival rate
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Fig. 15. Probability that a client is willing to connect witlarying arrival
rate and different client population sizes

m—1 . . . . .
P(An arrived client connecls— Z W P(U > pp). gueuing s_ystem [19]. Assuming the most d|s_tant clientwvarri
P from a distance ofn hops, we use an arrival rate vector

A = (A, A2,...,\,) to denote the arrival rates of clients
The setting is the same as in the previous case, except thatiygen different distances, in which,; denotes the arrival rate
repeat with different client population, settidd to 5, 10 and of clients i-hop away. Withu denoting the departure rate of
15. We see that the probability drops with the arrival rate. ly client in the system, we have the following state transitio
addition, its value is always lower for a larger populatidhe ates:
result agrees with the intuition that with higher demand for n ,
the service, the probability for a successful purchasesdrop ), { Yimg MPU 2 m (i) k <m

Lastly, we find in our experiments that the policy-iteration 0 otherwise
method takes on average four iterations to converge to tie opfts = ki k=12....m

mal pricing policy, for various problem size (the number of The factor moderating;, the pure arrival rate of clientshop
state prices to be determined) from 1 to 100. The convergenggay is nowP(U > mi(ps)), which is a simple reflection
condition is that policies in two con_secutive ite_rationEﬁeiib_y from the multi-hop case in the unlimited capacity model that
less than 0.0_Ol for every state price. A detailed gvaluaﬂonany state ratey,; charged by the access point will be marked
documented in our technical report [18]. The algorithm BSV 5 by all i — 1 downstream resellers, as expressed by the
to be efficient in our access point profit maximization prole f,ction mi(p:) in Eq. (4).

Further taking the simplification that the access point arn
B. Multi-hop Case an expected profit opx; /. immediately when a client-hop

away connects at stat&, we can again use the policy-iteration

We now extend the limited capacity model to the muIti-hoR] thod to solve for the optimal pricing policy of the access
case. We make the assumption that the bandwidth bottleneck P P g policy

is at the WWeless_ Channe_l one-hop around the access .pomt, @This simplification is again an approximation techniquedduce the state
at the access point’s uplink to the Internet, where traffierfr space as in the one-hop case.



13

point, but with the following changes. The set of equatians ;
be solved in the value-determination operation is updased

=)
=)

n n & | e &
; ; 3 Rt - 8
g = lz )\iP(Uzml(pOi))]vl— [Z AZP(Uzml(pol))] [ g. 5 ﬁgo\ g. 5
4 b g 4
Poi '
+ZAP U > m'(poi)) (=), . L .
12 1 2 3 1 2 3
=1 Client's hop distance i Client’s hop distance i
g= [Z)‘ P U>m (pk ))‘| Vpa1 (a) U uniformly distributed (b) U normally distributed
= i +
1=1 Fig. 17. Price matrix with different utility rate distridons

v + kpvg—1 15

- [i NP(U > m' (pri)) + kp

+Z)\iP(U > mi(p,ﬂ-))(f%) fork=1,...,m—1,

<
|
_
State 4 price p,,;

g = —MpVm + MUy 1.

The set of optimization problems in the policy-improvement
I‘OUtIne |S updated as. 0 %:Olrst ho;(c)hem arg\?al rate)\o 100

max li /\iP(UZmi (p()i))] v— [i /\iP(UZmi (pm))] Fig. 18. Prices converge with increasing arrival rate ot-tagp clients
=1 =1
+Z NP(U > m (pol))(l)m ), of proxi_mate clients_ increase_s. Thi_s is illustrated in FegW8.
The arrival rate of first-hop clients increases from 1 to 90e T
remaining clients are from two hops away and arrive with a
vgate of 10. Departure ratg is fixed at 1. The access point
has a capacityn of 5. U is normally distributed with a mean
n , Dhi of 5 and a standard deviation of 1.67. It can be observed that
+hpvp1 + > NPU > W(sz‘))( )for k =1, ..,m—byrices for first-hop and second-hop clients at state 4 cgever
=1 with increasing);.
where the design variables are nepw, k € {0, . -1},
i € {1,...,n}. When clients utility ratel/ has a unlform C. Scalability of Networks with a Limited Capacity

dlstrlbut|0n on the intervala, b], we again has a closed-form .
solution for the optimal rate;;* for clientsi-hop away for I_n the limited capacny_mode_l, we denvg th‘? opt|_mal pricing
each state:: policy of the access point using the policy-iteration metho
which provides numerical results but not closed-form state
Pri*= b — (V41 — r) k=0,.m—1andi=1,.,n Prices. Though the lack of closed-form results hinders us
2 from analytically deducing the scalability of networks hwit
One can observed that whén has a uniform distribution, a limited capacity, we can observe that when the access point
optimal prices for clients at different distances are thmesa has a capacity constraint to fulfill, the access (stateeprghe
for each state. sets are always higher than those when she has an unlimited
The following shows some numerical results of the multeapacity. In short, as the network capacity increases,ttie s
hop case obtained by using the policy-iteration methodufigig prices the access point sets decrease, and approach the flat
17 essentially plots the resulting optimal price matrieestfvo rate in a network with an unlimited capacity. Hence, we can
cases. The first case has the client’s utility reteuniformly conclude that the scalability of a network with a limited
distributed on[0, 10]; the second case hd$ normally dis- capacity is upper bound by the scalability of a network of
tributed with a mean of 5 and a standard deviation of 1.67. Fitre same topology but with an unlimited capacity.
both cases, the arrival rate vectdiis (4,2, 1), the departure Remark: In a wireless mesh network with a limited capacity,
ratep is 1, and the capacity of the access peoinis 5. It can be clients will not be charged at a fixed rate without contract
shown that whef/ is uniformly distributed, the optimal pricesenforcement. With the “fixed-rate, non-interrupted sesVic
for clients at different distances at each state are idalnticcontract, the access point will charge according to the arou
while whenU is normally distributed, the access point tendsf remaining network capacity. The “state price” can be
to charge a lower price for clients further away. As in thebtained by the efficient policy-iteration method and isrfdu
one-hop case, prices rise with the number of admitted dienthat it grows with a decrease in remaining admission quota.
When U is normally distributed, prices for distant clientsThe scalability of a network with a limited capacity is alvgay
are lower than prices for clients closer to the access poifdgwer than that of a network of the same topology but with
however, the prices tend to converge when the arrival raa unlimited capacity.

i=1

> NP(U =m' (pri))
i=1

Z)\ P(U >m (pg;) ) Hep
=1

max Ukt T—
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V. Conclusion [14] W. Wang, X.-Y. Li, and Y. Wang, “Truthful multicast rog in selfish

. . . wireless networks,” irProc. Tenth Annual International Conference on

We have conductgd a ma_thematlcal analysis of the economic pgpiie Computing and Networking (MobiCom'08ept. 2004
behavior of nodes in a wireless mesh network, when thesp] T. Ma, Sam C.M. Lee, John C.S. Lui, and D. K. Yau, “A game
are making a decision to establish an Internet connection theoretic approach to provide incentive and service difféation in

. . . . d: either th &t p2p networks,” iNACM Sigmetrics/Performance Conferen@904.

Service. TV.VO. scenarios are Investigate - eiher the N&tWq{e; ___ “incentive and service differentiation in P2P netks: A game
has an unlimited or limited channel capacity. First we pnese  theoretic approach,” ifo appear in IEEE/ACM Transactions on Net-
specific examples of the one-hop case of the unlimited cgpaci _. Working _

del with . distributi f cli , lotlitti. W [17] D. Fudenberg and J. Tirol&ame Theory MIT Press, 1991, ch. 8.
model, with various |st_r| utions o C|_ents per-slotliti We  {1g1 R . Lam, D.-M. Chiu, and John C.S. Lui, “On the accesiipg
then extend the analysis to the multi-hop case and show that
the price of the access service grows quickly as the service

issues of wireless mesh networks,” The Chinese Univ. of Héogg,
. UL . 19] L. Kleinrock, [ tems John Wiley & Sons, 1975, ch. 3.
path length increases. The implication is that it becom ] einrock, Queueing systems John Wiley & Sons ¢

Tech. Rep.
unaffordable for distant clients (i.e., many hops away from

] R. A. Howard, Dynamic Programming and Markov ProcessesMIT

Press and John Wiley & Sons, 1960, ch. 8.

the access point) and the wireless mesh network may not be

economically scalable. In the limited capacity case, weehav

proved that a fixed-rate pricing scheme similar to the on

APPENDIX
A Proof of the Strategy Profile for Multi-hop Wireless

proposed in [3] is not optimal, or ecqnom|cally beneflcu'?ll, Mesh Network being a PBE
to the access point. We further investigate a more practical _ _ _
“fixed-rate, non-interrupted service” model for chargifig. ~ To show the strategy profile for multi-hop wireless mesh
determine the optimal price for this charging scheme, wietwork is a PBE, we first need the_*foll_owmg lemma.
model the problem as a Markovian decision process and begxma 2: There exists a functiop’” (p'*!), for all i €
the efficient policy-iteration method to solve for the optim {1,...,n — 1} that satisfies properties of Eq. (2) and (3).
pricing strategy of the access point. Numerical resultssshd®roof: The proof is generic for all € {1,...,n —1}. Define
that the state price follows with supply and demand, and the , . o

. T . .. L (pz _ pZ_H)P(U > mz(pz))
economic scalability of a network with a limited capacity is = '

We find p** (pit!) by construction. Set

Ypitt (D7)
lower than one with an unlimited capacity.
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the PBE. At the beginning of time slot 1, the expected payaskt arg max,» [p" P(U > m™(p™))] maximizes Eq. (13), can

of access point adopting a price sequende}} is be re-used here to show such sequence also maximizes Eq.
oo (15). Thus it is proved that access poiti$ strategy remains
JI{prh) = Zpgp([] > I{I}ax }mn(pz))p(T >t). optimal in any continuation game.
ue{l,...,t

t=1 We now prove the strategy of reselleis the best response

. . (13) against the PBE strategies of other players. The proof is
In the notationJ}*({p}}), the superscript denotes the node generic for alli € {1,...,n — 1}, and is similar to that

index of access poinki, and the subscript 1 denotes thg,. access point. At the beginning of time slot 1, reseller

time slot index at which the expected payoff is evaluated., iches to choose a price sequengé} to maximize her
Access pointn’s objective is to choose a price SeqUeNCgynected payoff:

{p?} which maximizes Eg. (13). We see that such sequence
must be a non-decreasing sequence. The reason is two-fold.

First, the functionm™ (p™) is monotonically non-decreasing, /i ({pi}: {pi*'}) = >_ |(p} — pi*")

since the price mark-up functions™ (p'*!) for all reseller t=1

i, i € {1,...,n — 1}, are _monotonically non-decreasing. P(U > max m'(p.))P(t > t)} (16)
Hence, for any sequencgp?} in which there exists au u€{l,...t}

such thatp? < p" ,, we can define a new non-decreasing . . ) .
sequence(pr} with pP = max(p?, ....p") and we would which is also dependent on the price sequefigg '} her
have J2({pr}) > J7({pr}). Define S* be the set of non- upstream resellei + 1 charges her. Consider a modified

decreasing price sequences. The expected payoff of accygctive:

pointn under non-decreasing price sequences can be expressed .
as Ji{pi}: i) £ ) (i — i) PWU > mi (p)) P(r > ).
ad t=1
T wpyes+ (i) = D piP(U = m"(p)) P(r > t). S )
t=1 We see that the functiop’” (p*!), which satisfies property

) ) ) (1_4) 2), maximizes Eq. (17) because the sum is separable and can
Each term in the summation of Eq. (14) is a function gbe maximized term by term. Further check the relationship

a different pricepy’, so the entire sum can be maximizeetyeen the original objective and the modified one:
by independently maximizing each term. Thus, the optimal

strategy of access point at the start of time slot 1 is to JHLpi Ve it < Ji(fpit: [pit] 18
choose each in the setarg max,» [p" P(U > m™(p"))] and idpi i) < Jilipd v ) (18)
form a price sequencgp}} € ST.

It remains to show that access poiti¢ strategy is optimal
in any continuation game beginning at an arbitrary time slot  yi| . iV ity — il i [+l 19
At slot s, access point chooses a subsequent price sequence1|{p'}65+({pt}’ W) = Jilppess (pidi fpi 7)), (19)
{pp};2 . to maximize her expected payoff from slobnward:

and

where ST is the set of non-decreasing price sequences.
- 0 Eq. (18) and (19) imply that a non-decreasing price se-
Te{piz) =) [p?P(U > max m" (py)[U=m"(p¢_1))  quence maximizing/i ({pi}; {pi*'}) would also maximize
ue{s,...,t} ; . itl . .
Ji({pi};{pi""}). As access point charges a non-decreasing
P(r >tlr > 9)|. price sequence, and each upstream resglifar all ¢ € {i +
e 1,...,n—1}, uses a monotonically non-decreasing price mark-
For any price sequencfpy},_, which has prices less thanup function, the price sequendp: ™'} received by resellei
pr_y, Jr({max(p, p?_1)}2,) = Jr({pi'},_,). Thus access is a non-decreasing sequence. Thus the fungpiop’*?),
point n should select on-going slot prices no less thdn,. which satisfies property (3), yields a non-decreasing price

t=s

Assumingp;; > py_, for all u > s, we may write sequencep!}, maximizing the original expected payoff Eq.
I 1 (16).
JI{pihZ,s) = PU = m" () )P(r > 3) Next we show tha_t res_ellez'r’s strategy remain_s the best
o response in all continuation games. At an arbitrary slot
Z [p?P(U > max m"(p"))P(r>t)|(15) reselleri's expected payoff from slot onward with a price
— u€{s,...,t} sequencep; }° ., is:
Eq. (15) has a structure that parallels to Eqg. (13), with the oo
exception of scaling factor TP s ) = Y [k - piHPU 2
1 t=s
P(U = m™(p;_1))P(r > 5)’ max m'(p,)|[U 2 m'(py 1)) P(7 2 t]r 2 5)|. (20)
ueqs,...,t

which is unrelated to the optimality of prices chosen fott slo
s onward. Thus the argument which is used to show thatEa. (20) suggests that reselleshould only consider charging
non-decreasing price sequence with elements chosen in phiees no less thapi , onward. Assuming: > pi , for all



u > s, We may write

Js({pt}t:s’ {pt+1}t:s) - P(U Z ml(pzsfl))P(T Z S)
> [(pi —pHPU > L m'(py,) P (1 > t)} (21)

t=s

Eq. (21) has a structure that parallels to Eqg. (16) with the
exception of scaling factor

1
PUZmi(pi_1))P(r > 5)’

which is unrelated to the optimality of prices chosen froot sl

s onward. Thus the argument used to show the PBE strategy
of reselleri is optimal at slot 1 can be re-used here to show
it remains optimal in any continuation game.

Lastly, the client receives a non-decreasing price seaquenc
{pi}, resulted from access points choice of non-decreasing
prices, and monotonically non-decreasing price mark-up
functions of all resellers. Hence, her best response at any
time of the game is the myopic strategy. |
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