1

Optimal Resource Allocation for Wireless Mesh
Networks

Yuan Xue, Yi Cui and Klara Nahrstedt

Vanderbilt University and University of lllinois at Urbar@hampaign
Email: {yuan. xue, yi.cui }@anderbilt.edu, klara@s. uiuc.edu

6.1 Introduction

Wireless networks enable ubiquitous information and caemjmnal resource ac-
cess, and become a popular networking solution. Recentlglass mesh networks
(WMN) [1, 2, 3, 4, 5, 6, 7] have attracted increasing attemtiod deployment as a
high-performance and low-cost solution to last-mile bimatt Internet access.

In this chapter, we study the problem @fsource allocatiorin wireless mesh
networks. Our goal is to design effective resource allocaslgorithms for wireless
mesh networks, which amptimalwith respect to resource utilization afadr across
different network access points. Compared with traditianaeline networks, the
unique characteristics of wireless mesh networks posd ghedlenges to such al-
gorithms. Particularly, the wireless interference isstimesh networks needs fresh
treatment: flows not only contend at the same wireless megbmr{contention in the
time domain), but also compete for the shared channel iféineyvithin the interfer-
ence ranges of each other (contention in the spatial dorriiig challenge calls for
a new resource allocation framework that could charaaédhe unique features of
wireless mesh networks.

To address this challenge, we present a price-based resallocation frame-
work for wireless mesh networks to achiesptimal resource utilization anéhir-
nessamong competing aggregated flows. In this chapter, we firstetrtbe resource
allocation problem as an optimization problem: given nelwesources with con-
strained capacities and a set of userg{ aggregated flows from access points of
mesh networks), one tries to allocate resources to eachruaevay that the overall
satisfaction (so calledtility) of all users are maximized. We show that such an opti-
mization goal could naturally lead to different fairnesgeatives when appropriate
utility functions are specified. We further present a piiesed distributed algorithm
which solves this optimization problem and thus provitéésandoptimalresource
allocation.

We instantiate the above generalized resource allocationdwork to the wire-
less mesh networks. The key challenge comes fronsttaged-medium multi-hop
nature of such networks, namely location-dependent ctinteand spatial reuse.
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Based on solid theoretical analysis, we show that a resaleteent in a multihop
wireless mesh network isfacet of the polytope defined by the independent set of the
conflict graph of this network, which could be approximatgdabmaximal clique
Thus we build our price-based resource allocation framkworthe notion ofnaxi-
mal cliquesin wireless mesh networks, as compared to individual linksaditional
wide-area wireline networks. We further present a priceedalistributed algorithm,
which is proven to converge to the global network optimunhwéspect to resource
allocation. The algorithm is validated and evaluated tgrosimulation study.

Our theoretical resource allocation framework of wirelpssh networks pos-
sesses great practical advantages. First, with the egolafiwireless signaling tech-
nology, medium access and routing protocols, the solupana of this problem may
keep reforming, but its nature of optimal resource allaratemains unchanged. A
good theoretical framework can effectively decouple theré¢ of the problem and
its other components (e.g., definition of network resousiog, the way it is assigned
to users), so that the basic problem formulation and itstesiumethodology sur-
vive. Second, perfect solutions often do not exist, sinadirfignthe optimal resource
allocation (optimal point in the solution space) is always@mely expensive, if not
impossible. When one designs practical solutions to apprate this optimal point,
the role of a theoretical framework becomes crucial as iiples philosophical guid-
ance of what is a good intuition.

The rest of this paper is organized as follows. Section @@duces the gener-
alized resource allocation framework. Section 6.3 ingtted this framework to the
case of wireless mesh network. Section 6.4 presents the-pased decentralized
resource allocation algorithm. Finally, we show simulati@sults in Section 6.5,
discuss related works in Section 6.6 and conclude in Se6titn

6.2 Price-based Resource Allocation Theoretical Framewér

In this section, we present the generalized price-basexdldhieal framework for re-
source allocation in the setting of an abstract network rhatle first formulate the
resource allocation problem as an optimization problemti#a show that a price-
based approach can provide a decentralized algorithmve #uik problem.

6.2.1 Resource Allocation: An Optimization Problem
An abstract network model

In our abstract network model, a network is represented esa@ esource elements
E. A resource element € E can be a wireline link, a shared wireless channel,
etc. Each element has a fixed and finite capa€ity Note that the most important
nature of a resource element is the independence of its itaapecifically, how
resources are allocated can not affect the capacity of areselement. In this sense,
a wireline link is a resource element, while a wireless limkot, as its capacity may
vary depending on the traffic in its neighborhood and thedulireg algorithm in use.
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Characterizing the resource elements in a wireless mesloriets an important yet
difficult issue, which will be elaborated in Section 6.3.

This network is shared by a set of flows.q, end-to-end aggregated flows in
mesh network}". A flow f € F has a rate ofs. f must traverse a sequence of
resource elements.€., the end-to-end path gf passes multiple links) to reach its
destination. LetR.; be the amount of resoureeused by a unit flow off, andy.
be the amount of traffic generated by all flows Ahthrough resource element
Obviouslyy. = ZfeF Re.rxzy. Note that the calculation oR.; depends on the
definition of resource element, which may vary for differgtes of networks.

Objective: maximizing aggregated utility

We associate each end-to-end flgwe F with a utility functionUy(xf) : Ry —
R, which represents the degree of satisfaction of its asatiend user. Here we
make the following assumptions abdif(x  ):

— AL On the interval0, co), the utility functionUy(-) is increasing, strictly con-
cave and continuously differentiable.
— A2.Uy is additive so that the aggregated utility of rate allocatio= (x¢, f €

F) is ZfeF Uf(xf).

We investigate the problem of optimal resource allocatiothe sense ofmax-
imizing the aggregated utility functioof all users, which is also referred to as the
social welfarein the literature. Formally, this objective is given as 6o,

maximize Y ~ Uy(zy)
fer

This optimization objective is of particular interest. A®will demonstrate
shortly, such an objective achieves Pareto optimality wétbpect to the resource
utilization, and also realizes different fairness modelsneluding proportional and
max-min fairness — when appropriate utility functions gredfied.

Constraint: resource element and its capacity

Recall that each elemente FE in the network has a finite capacity., andy. is
the amount of traffic generated by all flows ithrough resource elemeat The
constraints on resource capacities are given as follows,

Vee E,y. < C,

As R.y is the amount of resource used by a unit flow off, we havey. =
> rer Bep - xy. Thus the resource constraint is given as follows.

VeEE,ZRef-xf < C.
fEF
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or in concise form,

R-x<C

whereR = (R.y)|g|x|r| iS @ matrix with elemenk.; at rowe and columnf, and
xz=(zy,f€F),C =(C.e € E) are vectors of flow rates and resource capacities
respectively.

The definition of resource element and its capacity can vargifferent types
of networks. It is particularly hard to define for wireless shenetworks. In what
follows, we will illustrate the concept of resource elemantwo simple network
settings and present their resource constraints. Basdutea intuitive examples, we
will further define the resource model of a wireless mesh ogtvin Section 6.3,
which establishes the foundation of theoretical study @ouece allocation in this
type of network.

\\ flow 1
,’, flow 2
(a) Wireline network (b) Wireless network wnthout spatialise

Fig. 6.1.Resource elements in different networks.

Wireline networks

In wireline networks, flows only contend with each other éytshare the same
physical link. In this case, the resource elemens$ a wireline link, its resource
capacityC, is the link capacity. In this casd® can be understood as the routing
matrix defined as follows.

R, 1 if fpasses through
¢/ =) 0 otherwise

In the example shown in Fig. 6.1 (a), the constraints on nesoallocations of
flows 1 and 2 can be expressed as

10 Coac
01 <“’”1 > < | Che
11) \*2

Wireless networks without spatial reuse

We now consider a simple wireless network based on unit digglgmodel as
shown in Fig. 6.1 (b). All four nodes are within the transrimasange of each other
and have the same data transmission rate. Flow 1 and 2 notcontgnd at the
wireless link{c, d} which they both traverse, but also at the lifk ¢} and{b, ¢}
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which share the same wireless channel. Hence in this casayitkless channel
shared by these three links is the only resource elementsavbapacity i:yqn

— the wireless channel capacity. Since each flow passes tp® ihahis wireless
channel, thusk., = Ry, = 2. Then the constraint on resource allocation of flow
1 and2 can be expressed as

(22) (il) < Cehan

2

Putting things together

Summarizing above discussions, we formulate the resolimesation problem in a
generalized form as follows.

S : maximize Z Uys(xy) (6.1)

fer
subjecttoR-x < C (6.2)
x>0 (6.3)

The objective function in Eq. (6.1) maximizes the aggredatdity of all flows.
The constraint of the optimization problem (Inequality2)¢.comes from the re-
source constraint of the network. We now demonstrate tlyabptimizing towards
such an objective, botbptimal resource utilizatiomandfair resource allocatiormay
be achieved amongnd-to-endlows.

Pareto optimality

With respect to optimal resource utilization, we show tlinet tesource alloca-
tion is Pareto optimalf the optimization problen$ can be solved. Formally, Pareto
optimality is defined as follows.

Definition 1. (Pareto optimality) A rate allocatione = (zy, f € F) is Pareto
optimal, if it satisfies the following two conditions: (%)is feasiblej.e., > 0 and
R-x < Cj;and (2)Va’ which satisfiese’ > 0andR -z’ < C, if ' > x, then
' = x. In the second condition, The relation is defined such that, two vectars
andz’ satisfyz’ > z, ifand only if forall f € F, 2, > x.

Proposition 1. A rate allocationz is Pareto optimal, if it solves the proble#) with
increasing utility functiong/(z ), for f € F.

Proof. Let = be a solution to the proble®. If « is not Pareto optimal, then there
exists another vectat’ # x, which satisfiesR - ' < C andx’ > x. AsUy(-) is
ipcreasing, we have_thgt:feF Us(2y) > Zf_eF_ Us(x¢). This leads to a contradic-
tion, asz is the solution td and hence maximizes. ;. . Uy ().

Fairness
By choosing appropriate utility functions, the optimalaegce allocation can
implement different fairness models among the flows. Westithte this fact using
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two commonly adopted fairness modelgeighted proportionafairness andnax-
minfairness.

Definition 2. (weighted proportional fairness)A vector of ratesc = (zy, f € F)

is weighted proportionally fair with the vector of weights, if it satisfies the
following two conditions: (1) is feasiblej.e, x > 0 andR - x < C; and (2) for
any other feasible vectat’ = (x}, f € F), the aggregation of proportional changes
is zero or negative:

[
> wL <0
feF Ly

Proposition 2. A rate allocationz is weighted proportional fair with the weight vec-
tor wy, if and only if it solves the proble®, with Uy (zy) = wylogxy for f € F.

Proof. As shown in [8], by the optimality condition (6.1), this pragition can be
derived according to the following relation:

oU Tl —xf
o @)y — ) = wp=——= <0
! feF I

feEF

where the strict inequality follows from the strict condsnaf Uy.

Definition 3. (max-min fairness) A vector of ratese = (zf, f € F') is max-min
fair, if it satisfies the following two conditions: (%) is feasible,j.e., > 0 and
R -z < C;and (2) for anyf € F, increasingzy can not be achieved without
decreasing the fair share; of another flowf’ € F that satisfiescy > .

Proposition 3. A rate allocationz is max-min fair if and only if it solves the problem
S, withUy(zf) = —(—logxy)¢, ¢ — oo for f € F.

These results straightforwardly follow their counterpart wireline networks

[8].

6.2.2 Decentralized Solution: A Price-based Approach

We proceed to study the decentralized solution to the proSleso that the optimal
resource allocation can be achieved.

By assumptiorAl, the objective function o$ in Eq. (6.1) is differentiable and
strictly concave. In addition, the feasible region of theimgzation problem in In-
equality (6.2) is convex and compact. By non-linear optatian theory, there exists
a unique maximizing value of argumentfor the above optimization problem. Let
us consider the Lagrangian form of the optimization prob&m
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L(z;p) = Y Us(xy) + u"(C — Ra) (6.4)
fer
=Y (Us(zg) =25 Y peRes) + > pteCe
feF eclk ecE

wherep = (ue, e € E) is a vector of Lagrange multipliers. Given global knowledge
of utility functions,S is mathematically tractable. However, in practice, suabwkn
edge is unlikely to be available. In addition, it may be irdibée to compute and
allocate resources in a centralized fashion. Here we se@centtalized solution.
The key to decentralization is pricing.

In the Lagrangian form specified in Eq. (6.4), the Lagrangétipliers . may
be regarded as the implied cost, or #idow priceof a unit flow using resource
Such a price:, reflects the traffic loag. at the resource elementFlow f € F will
then be charged with a flow prices which is the sum of the costs of all resource
elements it uses, the cost of each resource element beipgdtect of its price and
the amount of resource used by a unit flowfohamely,

Af = Reppte
ecE

Based on the flow pricgy, flow f can make a self-optimized decision to adjust
its sending rate ;. The aggregated sending rate= ZfeF Ry - x5 of all flows in
resource elementin turn affects its price... To summarize, Fig. 6.2 illustrates the
price-based resource allocation framework. Here we deem@anponentin the di-
agram as abstract entities capable of computing and conwauting. This framework
involves no central authority and purely depends on localsiten of each compo-
nent and exchange of control signals among them. In each,@césource element
e calculates its loag., the total amount of flows passing through it, then derives it
penalty.. and sends it to all these flows. Meanwhile, a fléyon receiving prices
from all resource elements it traverses, derives its flowepkic, then adjusts flow
ratex . Such a cycle repeats itself, and finally converges to arlibgum point.

price price __penalty
A Aggregation | M,
\ Z Ref Me
e€E
flow resource
f element e
Load
aggregation
rate load
s LRy
Xy fer Ye

Fig. 6.2.Price-based Resource Allocation Framework.
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The presented framework is a generalized form of the framewmposed by
Kelly et al. in [9, 8] for wireline networks. As we will show iBection 6.4, such a
generalization is critical for us to study the resourcectmn problem in wireless
mesh networks. We list all notations introduced in Sectighe® follows.

Notation Definition

feF End-to-end flow in the network

eck Resource element of the network

= (xp,fEF) Rate vector of flowf € F'

C = (Ce,e€E) Capacity vector of resource element E

R = (Rey)|ex|F)| Resource constraint matrix

Us(xy) (f € F) Utility function of flow f € F

y=(ye,e € E) Aggregated traffic load at resource elemert F
w = (te,e € E) Price of resource elemeate £

Ar (f€F) Price of flowf € F

Table 6.1.Notations in Section 6.2

6.3 Resource Model of Multihop Wireless Mesh Networks

In this section, we study the resource model and identifyrésaurce elements of
a wireless mesh network. We consider a two-tier wirelesshmeswork shown in
Fig. 6.3. In this network, each end host accesses a locasapment (LAP). These
local access points, along with multiple stationary wissleouters, are also called
mesh nodes. These nodes communicate with each other ana fouiti-hop wire-
less backbone. This backbone network eventually forwasdstuaffic to the gateway
access points (GAPs) connected to the Internet via physicaline connection.

This chapter focuses on the resource allocation issue &lagis mesh backbone
network. The goal is to achieve fairness among local accesgsp In particular,
we consider a wireless mestackbonenetwork that consists of a set of nodd’s
The transmission of each noadg € N follows the unit disk graph model with a
transmission range af,. and an interference rangef,;, which can be larger than
diz.

To simplify the discussion, we only consider the scenari@mghmesh nodes
use the same wireless channel. Packet transmission in suetwark is subject to
location-dependent contention. Here we consider the pobtmodel proposed in
[10]. In this model, the transmission from nodgto n; (n;,n; € N) is successful
if (1) the distance between these two nodgssatisfies!;; < d.,, and (2) any node
ni € N, which is within the interference range of the receiving @ed (di; <
d;int), 1S NOt transmitting. This model can be further refined te tdase of IEEE
802.11-style MAC protocol, where the sending nagés also required to be free of
interference as it needs to receive the link layer acknogéetknt from the receiving
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- ’ gateway access point

Fig. 6.3.A Wireless Mesh Network Example.

noden;. Specifically, any node;, € N, which is within the interference range of
orn; (dij < dint Ordi; < ding), IS NOt transmitting. We model such a network as a
directional graptG = (N, L), whereL C N? denotes the set of wireless links.

Now let us consider aonflict graphG. = (V,, L.) of networkG [11]. A vertex
of the conflict graphv; € V. corresponds to a wireless link in the netwdrle
L. There exists an edge between two vertices if the transonissilong these two
wireless links contend with each other according to the alpsatocol model.

To illustrate these concepts, we show an example in Fig.Fégt 6.4 (a) gives
the network topology and the traffic used in the example. imékample, the trans-
mission and interference range of a nodeiem and550m respectivelya andb, ¢
andd, e and f are250m apart.b andc, d ande are300m apart. Thus the wireless
links {a, b} and{¢, d} contend with each other, also dlo, d} and{e, f}. But{a, b}
and{e, f} can transmit simultaneously. The conflict graph of this lese network
is shown in Fig. 6.4 (b).

6.3.1 Identifying Resource Elements

Now let us consider aimdependent set C V. of the graph... I can be represented
using a|V,|-dimensiorindependence vecteoy = (¢;,v; € V;), defined as follows.

L= 1 if Vj el
7771 0 otherwise

L7 can be regarded as a point iWadimensionalndependence spackn this space,
each dimension corresponds to a ventex V..

In the above example, besides the independent sets cogsisteach vertex it-
self, {{a,b}, {e, f}} is also an independent set. Let vertidesb}, {c,d}, {e, f}
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(O o O—®

{a,b} {c.d} {e.f}

(b) Conflict graph
{c.d}

(0,1,0)

(1,0,0) {a,b}

{ef} _0,0,1)

(1,0,1)

(c) Independent set polytope

Fig. 6.4.Resource model of multi-hop wireless network.

correspond to the three dimensions of the independence sthecfollowing inde-
pendence vectors are shown in Fig. 6.4 (t)0,0),(0, 1,0),(0,0, 1) and(1,0,1). A
special independence vector is the origin péihD, 0).

The picture also shows that a polytope is formed as the camuibof all points
corresponding to each independence vector, or in othersyoohvex combination
of all independence vectors. We call such a polytoperddependent set polytope
denoted ag. Let us consider &/.|-dimension vectog = (g;,v; € V.), whereg;
is the fraction of time during which link corresponding t@; is active. Vectolg is
schedulabléf there exists a collision-free MAC transmission schedhkg allocates
g; to link I which corresponds to;. The result of [11] shows that

Proposition 4. Vectorg = (g;, v; € V.) is schedulable if and only if it lies within
the independent set polytofg.

Reflected in Fig. 6.4 (c), all points within the polytoffie is schedulable. To
model the resource element from this concept, we considéatietsof the polytope
T, Note that we can get these facets by running any polynotinia-convex hull
algorithm[12] on all vertices of the polytope (independerectors). We collect all
facets into a seb. The plane that a face; € @ belongs to can be presented in the
following linear form.

! The facets that lie along the coordination plane are exdude
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[Vel
$ijq; — Zi =0
Jj=1
whereg,; and Z; are coefficients of the plane function. If we formula®einto a
matrix® = (¢4;)||x|v,| then the polytop&c can be represented in the following
vector form.
b-q< Z

whereZ = (Z;, ¢; € D).

When the data rates of all wireless links are the same, wesaah a rate the
capacity of the wireless channel and denote iCas,,,. If we scale the independent
set polytop€lc by Cenan, then under the ideal centralized MAC scheduling, this
polytope represents the solution space of our problemHheratords, avireless link
rate allocationy = (y;,! € L) is feasible, if the following condition holds.

b - Yy S Cchan -Z (65)
Let A = (Ajyr) x| r| be the routing matrix defined as follows,

A, — 1 ifflow f passes through wireless lihk
=7 0 otherwise

then it is easy to see that - x = y. Substituting Inequality (6.5) into the con-
straint of problens in (6.2), we can easily derive thft = - A andC = C.p4n-Z.
From these properties, we observe thath facetp; € ¢ can be regarded as a re-
source element with an independent capacity,.,, - Z;. Though the concept of
independent set has been used in the existing works to exiflerthroughput limit
of multihop wireless networks [14], the concept of facetsydEpendent set polytope
is never discussed. However, constructing the solutiooespg the formulation of
facets is critical to the development of a decentralizedrétigm.

4 {ac}

(0,1,00  (1,1,0)

0,1,1)

(1,1,1)

(1,0,0) {:,d}

{bc} _“0,0,1) (1,0,1)

Fig. 6.5.Solution space of wireline network in Fig. 6.1 (a)

As an interesting finding, we also notice that the wirelinévoek model is a
special case of this formulation. Take the network showrign 6.4 (a) as an exam-
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ple, since all links are independent from each other, angetudf the link sef_ is an
independent set. The resulting independent set polytojike éach dimension nor-
malized by the capacity of its corresponding link) is showfrig. 6.5. An important
property of this polytope is that it is @ube That means for each of its facets, the
plane it belongs to only intersects with one axis. Since eachrepresents a wireline
link, back to Inequality (6.5), this implies that (& = I, the identity matrix, thus
A=R,and (2)Z; = 1forany¢, € P.

Note that the above formulation could be easily extendelde@ase of heteroge-
neous wireless link data rates. We denote the wireless kit chtes using a vector
b = (b,l € L). Itis obvious thaty; = ¥ for v; which corresponds té. Let
b = (1/b;,1 € L). Itis obvious thaig = y - b'T. Thus the constraint for wireless
link rate allocation is give as follows.

by - b <Z

For simplicity, we only consider the homogeneous wirel@gs fate in the fol-
lowing discussions.

6.3.2 Approximating Resource Element

To this end, we have clearly identified the resource elenmrdamultinop wireless
mesh backbone network. However, applying this model to dseurce allocation
framework can still be difficult, as the problem of findingialependent sets is NP-
hard. Besides, this model assumes ideal MAC schedulingdifficult to be applied
for practical implementation in realistic wireless netwaettings, (e.g., with non-
ideal MAC algorithm such as IEEE 802.11), because the faufettse independent
set polytope of the contention graph lack the intuition tert@ped into any instance
in the physical wireless network, not to mention to be impated via distributed
algorithms.

To address this difficulty, we explore the approximation esaurce elements
by studying the upper bound of the resource constraint in kilmp wireless net-
work. Here we presentmaximal-clique-basedpproximation. Such an approxima-
tion gives a good intuitive explanation on the structurehs tesource element in
the physical network. Thus it can also facilitate the distteéd implementation of
resource allocation algorithms.

Ina graph, a complete subgraph is referred to@&jae A maximal cliqués de-
fined as a clique that is not contained in any other cliguesa contention graph, the
vertices in a maximal clique represent a maximal set of miytoantending wireless
links, along which at most one subflow may transmit at anyrgtume. Intuitively,
each maximal clique in a contention graph represents a nadxiistinct contention
region, since at most one subflow in the clique can transnasibptime, and adding

2 Note that themaximal cliquenas a different definition from th@aximum cliquef a graph,
which is the maximal clique with the largest number of vessicFinding the maximum
clique of a graph is a NP-complete problem, while enumegaihthe maximal cliques of
a graph can be solved in polynomial time [13].
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any other flows into this clique will introduce the possityilof simultaneous trans-
missions. We denote the set of all maximal clique&inasq.

Based on the above discussions, we have the following ssfgultate allocation
vectory:

Proposition 4. Rate allocatiory = (y;,! € L) is feasible, then the following condi-
tion is satisfied.

Ve € Q, Z Y < Cchan (66)
leV(e)

whereV (e) C L is the set of vertices in clique

Eq. (6.6) gives an upper bound on the rate allocations to thedegs links. Such
a bound may not be tight. First, there may exist no schedulgsassign rates to
the wireless links to achieve this bound. Such scenariodrapwhen the contention
graph has odd holes or odd anti-holes [14]. Second, for semtention graphs, even
if there exists an ideal centralized scheduling algorithat tan achieve this bound,
the distributed scheduling algorithms that employ carsensing multiple access
(e.g, IEEE 802.11) can not achieve this bound. To address theeaissues, we
introduceC,, theachievablechannel capacity at a cliqueso that ifZlEV(e) <
C. theny = (y;,1 € L) is feasible. To this end, we observe that a maximal cligue
can be regarded as an approximation of a resource eleméntaytcityC..

We now proceed to consider the resource constraint of aessahesh backbone
network using the maximal clique as the approximation ofrés®urce element. In
particular, we define a clique-flow matr® = {R.;}, whereR.; = |V (e) N L(f)|
represents the number of subflows that flfWas in the clique. If we treat a max-
imal clique as a resource element, then the clique-flow m#rrepresents the “re-
source usage pattern” of each flow. Let the ve@or= (C., e € @) be the vector
of achievable channel capacities in each of the cliquesstaints with respect to
rate allocations to end-to-end aggregated flows are pedénthe following propo-
sition.

Proposition 5. In a multi-hop wireless network = (V, L) with a set of flowd,
there exists a feasible rate allocatian= (zy, f € F), ifandonlyifR - = < C.

~

fl 1—=2—3—4—5
2 7—6—3
13 6—3—2—1

4 5—4

©Q-----0-----0
>

=0
~O
>0
“Q

(a) Network topology (b) Wireless link contention graph (dtx = dint) (c) Wireless link contention graph (2dtx = dint)

Fig. 6.6. Approximate resource model of multihop wireless network.
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We present an example to illustrate the above concepts @ators. Fig. 6.6(a)
shows the topology of the network, as well as its ongoing flolee correspond-
ing contention graph is shown in Fig. 6.6(b). In this exampteere are4 end-
to-end flowsf; = {{15 2}7 {25 3}7 {35 4}’ {45 5}}’ Ja = {{75 6}7 {65 3}}’ f3 =
{{6,3},{3,2},{2,1}} and fy = {{5,4}}. As such, in Fig. 6.6(b) there are three
maximal cliques in the contention graph: = {{1, 2}, {3,2},{3,4},{3,6}},e2 =
{{3.2},{3,4},{4,5}, {3,6}} andes = {{3,2},{3,4},{3,6},{6,7}}.

We usey;; to denote the aggregated ratetifsubflows along wireless linf, 5 }.

For exampley,2 = x1 + x3, y3¢ = x2 + x3. In each clique, the aggregated rate may
not exceed the corresponding channel capacity. That is

Y12 + Y32 + Y34 + y3e < C1 (6.7)
Y32 + Y34 + Yas + yse < C2 (6.8)
Y32 + Ysa + yse + yer < C3 (6.9)

When it comes to end-to-end flow rate allocation, the resocoostraintimposed
by shared wireless channels is as follows.

3130
3121 |- =z<C
2220

We collect notations introduced in this section into TaB. 6.

Notation Definition

n; €N Wireless node

l={ni,n;} € L |Wireless link connecting nodes andn;
dij Distance between nodes andn;
G=(N,L) Wireless network

G. = (N. = L, L.)|Conflict graph ofG

ICV, Independent set af.

tr = (15,v; € Ve) |Independence vector df

Te Independent set polytope 6f.

q = (gj,v; € Vo) |Active time scheduling vector for all links
= (y,l € L) Link flow scheduling vector

sb (¢ij)|#|x|v.| |Facet matrix of polytopdc

Z = (Z;, ¢; € @) |Facet coefficient vector of polytopg:

Cchan Wireless channel capacity

= (Rif)|)xr| |Routing matrix

Table 6.2.Notations in Sec. 6.3
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6.4 Price-based Resource Allocation Algorithm

We now present the decentralized algorithms for resouldoeatlon in multihop
wireless networks based on the theoretical framework iti@e6.2 and the resource
model in Section 6.3.

6.4.1 Price Model

We firstillustrate the concepts and components of the génedaesource allocation
framework in the setting of wireless mesh network. Recalt thresource element
e in multihop wireless networks is a set of wireless links defifby a facet of in-
dependent set polytopk, € @, which could be approximated by a maximal clique
e € Q. Thus the amount of traffig. at the resource elements the sum of traffic at
the wireless links that belong to the resource element

yezzyl

lce

As a wireless link may be the member of several resource element® define the
price of wireless link as follows

My = Z He
e:l€e

Thus the price of a flowf can be represented in two alternative ways.

Af =Y Regpc (6.10)
eck
= > m (6.11)
I:f passes

The first representation (6.10) can be explained as foll&esv f needs to pay for
all the resource elements it uses. For each resource elethertost is the product
of the number of wireless links thgttraverses in this resource element and its price.
In the second representation (6.11), flow price is the aggeelprice of all wireless
links it passes. Note that for each wireless link, its priche aggregated price of all
the resource elements that it belongs to.

6.4.2 Price-based Rate Limiting Algorithm

Assume that resource element priges= (u.,e € E) are generated appropriately
as a function of the loag = (y., e € FE) at these resource elements. We first study
how flows adjust their resource usages.

As presented in the theoretical framework in Section 6.2y ffoattempts to
maximize its net benefit.



16 Y. Xue, Y. Cui and K. Nahrstedt
max{Uy(ws) = As - xs}
A simple first-order condition establishes that

Up(xp) = Ay

Thus it adapts its rates to equalize the flow priae, Ay = > 5 peRey, With
a target valud/;(z ). Formally, the rate adaptation algorithm of flgiacan be rep-
resented in the following differential equation:

Gor0)=1(1- s Ym0 ) (6.12)
eEE
wherex¢(t) is the rate off at timet. The priceu.(t) = p(y.(t)) is a non-
negative, continuous and increasing function of the todfit y. = ZfeF Reyxy
at resource at timet. v is the amount of adjustment. Alternatively, it can be repre-
sented in the discrete time form:

sl =gl 4o (1= s Sl ) (619
f eEE
We now establish the stability of this algorlthm. Further st®w that, at equi-
librium each flow maximizes its own net benefit; moreover tlogvdl collectively
solve the relaxation of the original problem. This resufiosmally presented in the
following theorem.
Theorem 1 Let

ZUf xf Z/ ,ue ede

fer e€E

V() is a strictly concave function. Moreover, it is a Lyapunordtion for the
system of the differential equation Eq. (6.12). The unicalee/r that maximizes
V(x) is a stable point of the system, to which all trajectorieswage. In addition,
x is the unique equilibrium of the discrete time system sgekcify Eq. (6.13)

Proof. Observe that

0
gf) = Up(s) = Y pe(ye) Rey (6.14)
! ecE

Setting these derivatives to zero identifies the maximumthien

V(x) d:c
Z - f ®) (6.15)
feF f

2
=7 Z Uj Ly ( fl te(Ye) Res ) (6.16)

it Up(xy)
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establishes that(x(t)) is strictly increasing with, unlesse(t) = «*, the unique
x maximizingV(x). The functionV(x) is thus a Lyapunov function for the system
Eq. (6.12), which establishes the result of Theorem 1.

The presented rate adaptation algorithm can be implemexsteah ingress rate
limiting mechanism for aggregated flows at local accesstpaig in [15].

6.4.3 Discussion

The clique-based resource element definition is based oagtemption of ideal
MAC scheduling. Such a definition helps us to define the uppent of the so-
lution space of the resource allocation problem. Yet, irctica, MAC algorithms,
such as IEEE 802.11, can perform much worse than the idealAlse in order
to calculate the price of a clique, the mesh routers needmnuanicate with each
other to exchange their load, which may incur unnecessashead [16]. In recog-
nition of the hardness of this problem, here we present asteualgorithm for price
generation in IEEE 802.11-based networks. The main propb#gs algorithm is
to illustrate how the presented theoretical framework caapiplied to real network
settings.

Our approximation is based on two observations. First, duld characteristics
of conflict graph, the wireless links within a cliqgue are mligtly to be close to
each other geographically. Second, contention windowisi#feEE 802.11 can give
important hints for traffic load in the neighborhood. Basedhese observations, we
make the following approximation in the calculation. Firse consider a resource
elemente consists of a wireless linkand its neighborhood wireless linkswhich
has one node that is within the range of virtual carrier serseone node of’ can
hear the RTS or CTS sent from wireless lihiSecond, we use the contention win-
dow sizescw of the nodes connecting these links to infer the traffic &t thsource
element. Formally the price. of resource elementis generated as follows.

,ue(t) =p- m(ciue(t)v CiU) (6.17)

In Eq. (6.17),3 is a scaling factorw,(t) is the average contention window size
within resource element at timet. Nodes exchange the information of their con-
tention window sizes via piggybacking them onto RTS/CTSe@framescw is the
target contention window size, which is a tunable paranwdtris implementation.
An ideal target contention window size needs to be tunedrdaugthe node density
of the network. Functiom(cw.(t), cw) is defined as the probability that, (¢) is
larger thancw. It is easy to see that(cw,(t), cw) is an increasing function afw,
and a decreasing function oi.

6.5 Performance Evaluation

In this section, we evaluate the performance of our resa@lloeation algorithm. We
implement the algorithm based on the wireless extensions-2 In the simulation,
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the physical wireless channel capacitylidbps; the utility function iU (z¢) =
log(x ¢); the packet size i$000 bytes; the transmission range and interference range
are 250m and 550 respectively. We use static shortest path routing as théngu
protocol. The algorithm is simulated over two simple mestwoek topologies as
shown in Fig. 6.7. We study the performance of resource atiloc algorithm in
terms of system stability and fairness for flows with differlengths.

0-----0-----Q,
6

—s
N

Y
:O gateway
-

f2

- —_— f2
O==--0-----0r" f1 O-----0-----0-----0 Jateway
1 2 3 1 2 3 4

f1
(a) Flows with the same length (b) Flows with different lengths

Fig. 6.7.Simulation Topologies.

We first study the instantaneous behavior of the resouroeatlbn algorithm
and investigate the stability of the system with differegttings of parametey and
initial flow ratex ¢. In this experiment, our algorithm is simulated over theology
in Fig. 6.7(a). The default parameter values are set asisilp = 0.005, 8 = 10,
andz1(0) = z2(0) = 200K bps. Fig. 6.8 plots the instantaneous throughput of the
system with different initial sending rates (0) along with the optimal rates. The
results show that the system stabilizes around the optiate) mdependent of the
initial condition. The small fluctuations around the optimalue are caused by the
imprecise channel measurements and the communicatiog betaveen the flow
sources and the intermediate nodes where prices are gesherat

°
I
&
te(Mbps)
°
I
&
te(Mbps)
°
I
i

rate(Mbps)

0.2 0.2 0.2
015 - 015 H\ . 015 [t
01 e sk s ) o1 [l A SR on [TE s
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o o o

0 20 40 60 80 100 o 20 40 60 80 100 o 20 40 60 80 100
time(sec) time(sec) time(sec)
(@) z(0) = 20K bps (b) 2(0) = 200K bps (c) z(0) = 500K bps

Fig. 6.8.Instantaneous Throughput with Different Initial Sendinat&s.

Fig. 6.9 shows that the value afwill affect the stability and the convergence
rate of the algorithm. In particular, i is too large é.g, x = 0.005), the flow rates
always fluctuate. The value ef needs to be small enougk (0.002) to ensure the
stabilization of the system. On the other hand, the algarittill converge slower
with smallerx value.
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Fig. 6.9.Instantaneous Throughput with Different Valuesyof

fairness index

(a) fairness with symmetric flow (b) fairness with asymmetric flow

Fig. 6.10.Fairness.

We now proceed to show the fairness of our price-based rkteatibn. Recall
that when the utility function is set t6,(x;) = log(z), the price-based rate al-
location is able to achieve proportional fairness [17]. édere present some intu-
itive properties of proportional fairness. (1) If flowfs and f> share the same path
(uses the same amount of resources), ther= x5; (2) if flow f; uses more bot-
tleneck resources thafy, thenz; < x,. Specifically, if the prices of flowf; and
fo arex; and ko, then;—; = 2. To quantitatively study the property of fairness,
we define the fairness index in the single resource elemeet(cep spatial reuse) as

xT 2 . . .
I= w%fflp% whereH is the number of hops of the flow passes in this
€

channel. Note thaf € [0, 1]. Larger value ofl indicates better fairness. Fig. 6.10
plots the fairness index in the simulation scenario as showig. 6.7. We compare
our algorithm with TCP, which is shown to be unfair for endetad flows in wireless
backhaul mesh network [15]. The results show that our algorbutperforms TCP
in terms of fairness, independent of the valueg a@indciv.

6.6 Related Work

We compare and highlight the contributions of this work ghli of previous related
work.
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Existing research on WMN has focused on how to better utiliwe wireless
channel resource and enhance its performance. Propossidssinclude equipping
mesh nodes with multiple radios and distributing the wselbackbone traffic over
different channels, routing the traffic through differeaths [18, 19], or a joint solu-
tion of these two [20, 21]. These existing approaches ustalllinto two ends of the
spectrum. On one end of the spectrum are the heuristic Higwig.g, [21, 18]).
Although many of such approaches are adaptive to the dynamvitonments of
wireless networks, they lack the theoretical foundatioartalyze how well the net-
work performs globally€.g.,whether the network resource is fully utilized, whether
the flows share the network in a fair fashion). On the other @nthe spectrum,
there are theoretical studies that formulate these netplankning decisions into
optimization problemsd.g, [22, 23]). Yet these results usually make ideal assump-
tions and present centralized algorithms. None of them dalsstically considered
the highly dynamic and distributed nature of wireless mestwark environments.
Further, these existing solutions only apply to routing ahdnnel allocation, while
our work addresses the resource allocation and rate lighinoblem for wireless
mesh network.

The problem of optimal and fair resource allocation has lesg¢ensively studied
in the context of wireline networks, where pricing has beleows to be an effec-
tive approach€.g.,[9, 24, 25]). Our approach is similar to [9, 25], which sol¢iee
resource allocation problem using a penalty-based apprdéavertheless, the fun-
damental differences in contention models between mydtikiveless and wireline
networks deserve a fresh treatment to this topic. One ofitifdiphts of this work is
to propose a generalized theoretical framework of resoaltoeation that fits both
wireline and multihop wireless networks. Within this framark we show that the re-
source model of wireline network is just a special case, mgarison with multihop
wireless networks.

The problem of fair and effective resource allocation in tiholp wireless net-
works has also been previously studied, using MAC-layersielhieduling which tar-
gets onsingle-hopMAC layer flows [26, 27, 26, 28]. In comparison, this work stud
ies end-to-endnultihop flows in such networks. It can be shown that fair tese
allocation among single-hop flows may not be optimal for ivlubp flows, due to
the unawareness of bottlenecks and lack of coordinatiomgrapstream and down-
stream hops. Moreover, global optimal resource allocagimong multi-hop flows
can not be completely reached only by MAC-layer schedulivtgch is only based
on local information. In this context, the only remedialigan is to use prices as
signals to coordinate global resource allocation.

This work is also related to the work of [29] and [11], in thatlworks explore
the fundamental performance limit of a multihop wirelessvoek in presence of in-
terference. Yet our work is different from these works infibléowing aspects. First,
we seek to maximize the aggregated utility, which can be dimear function of
flow rates. Such an objective can achieve maximum througipaer different fair-
ness models by specifying appropriate utility functiorec@d, the solution space of
their approach is defined by routing [11] or joint schedulamgl routing [29], while
this work defines its solution space by rate control. Thiné,works of [29, 11] aim
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at deriving the limit of optimal throughput by centralizeld@rithms. This work fo-
cuses on how to achieve such a limit, by presenting a dedetialgorithm and a
distributed implementation.

The work of [30] provides an intuitive solution to improve PJairness via
neighborhood RED. Our work can be regarded as its theorattespretation. Our
early work in [16] also presents a resource allocation dlgar for multihop wire-
less networks. Compared to [16], this chapter presents & pracise and general
resource model from the view of independent set polytopeeleer, in terms of
resource allocation algorithm, [16] uses a dual approadbiwgrovides an exact so-
lution to the original resource allocation problem dirgcth contrast, the resource
allocation framework presented in this paper uses a pripyaiaach that solves the
relaxation of the original problem. We argue that this apptomay be more suit-
able for real deployment in multihop wireless mesh netwpaksthe prices can be
generated directly from channel conditions.

A collection of papers have studied the use of price in theedrof wireless
networks €.g, [31, 32]). In these papers, pricing has been used as a meohéor
optimal distributed power control. In addition, Li&b al. [33] use prices to provide
incentives for service allocation in wireless LANs. The waoff [34, 35] also uses
prices as incentives to encourage packet relays in multivicgless networks. Our
work is different from these works in that we apply pricingégulate resource usage
rather than providing incentives.

6.7 Summary

This chapter targets on the resource allocation problemirel®@gs mesh network.
What we desire is a generalized theoretical framework, ivbémn effectively capture
the common nature of these probleiins, they can all be categorized as constrained
non-linear optimization problem. Applying this generaliiAramework to the setting
of multihop wireless mesh backbone network, we find out thrasaurce element is
not a wireless link, but a facet of the polytope determinethblgpendent sets in the
conflict graph of the wireless network. Through this finding, are able to outline
the solution space of the resource allocation problem ieless mesh network, and
derive the corresponding decentralized algorithm. Theedaamework also provides
theoretical evidence to help judge the feasibility of @rigsolutions. We reveal that
the fundamental problem of TCP unfairness in multihop veissIinetworks lies in its
incorrect congestion signal€., price). Our work also offers theoretical validation to
recent-proposed solutions, such as neighborhood REDIRES]15].
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