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Abstract— We consider the question of distributed rate opti- works, since the feasible rate region can be represented by
mization in a wireless random access network, with the goalfo g set of simple, separable, convex constraints, globaity fa
achieving global fairness objectives. Since the wirelessadium rates are attainable via distributed approaches. In cemtre

is broadcast in nature, a MAC (Medium Access Control) . . o . .
protocol is essential to reduce collisions and ensure higlystem link rate or link capacity in a wireless ad hoc network is not a

throughput. For random access MAC protocols, the feasibleate  fixed quantity, and its value depends upon the MAC protocols
region is typically a complex, non-convex and non-separabl and parameters used. In random access MAC protocols, the
function of the MAC protocol parameters, like the transmisson  feasible rate region is typically a complex, non-convex and
probabilities or back-off window sizes. These factors makehe non-separable function of MAC protocol parameters, such

question of distributed rate optimization in a wireless rardom t S babiliti back-off wind i-esisTh
access network a complex one, and imply that cross-layer as transmission probabilities or back-olt window sizesis

coordination is necessary to attain end-to-end fairness. implies that for random access wireless networks, devetppi
Despite its complexity, significant progress has been made distributed approaches that attain globally fair ratesnis i

in recent years towards addressing this question for certal  general a difficult problem.

fairness measures. In this paper, we summarize our recent Despite the complexity of the problem, significant progress

results in designing distributed approaches in a random acess . - . -
ad hoc network, with the goal of achieving proportional and has been made in recent years towards solving this question

max-min fairness at the link layer, and for the end-to-end for certain important special cases. The goal of this paper
sessions. We also pose some open questions on this topic thais to survey our recent results on this topic, and outline

are currently being investigated. some open issues. The paper is organized as follows. Section
2 describes the system model for an ad hoc network with

h | bandwidth i i irel random access. Section 3 discusses approaches for aitainin
Channel bandwidth is a scarce resource in a wireless aghnqrional fairness at the link layer, as well as for ead-t

hoc network. The wireless medium is broadcast in nature,4 sessions. In Section 4. we show how max-min fairness
and Medium Access Control (MAC) is e;sentlal for efﬂu_entcan be provided at the link layer. All algorithms in this pape
use of the network. A MAC protocol defines rules by which,,, e implemented in a distributed manner, and converge to

nodes regulate their transmission onto the shared broadcgg, gionhally optimal solution. Section 5 concludes the pape
channel. The objective is to red_uce coII|S|ons_, to ensugl r_u with a discussion of some open questions on this topic.
system throughput, and to distribute the available bantiwid

fairly among the competing nodes. Il. SYSTEM MODEL

Fairness is a key consideration in designing MAC pro- A yireless network can be modeled as an undirected graph
tocols. One of the most widely used fairness notions is thg _ (N,E), where N and E respectively denote the set

max-minfairness metric[1]. The objective, stated simply, is tt odesand the set of undirecteddges An edge exists

maximize the minimum rate allocation over all links or end,anveen two nodes if and only if they can receive each
users. prever, t_he appropriateness of max-rpin fairness a$,qr's signals (we assume a symmetric hearing matrix).
a bandwidth-sharing objective has been questioned rgceni{yie that there are|E| possible communication pairs, but
and an alternative fairness measupegportional faimess, o1y 4 subset of these may be actively communicating. The
has been proposed [3]. Rate allocations are proportionally of active communication pairs is represented by thefset o
fair if they maximize sum of the logarithmic values of theanS’ L. Each link (i, ]) € L is always backlogged. Without

rate allocations over all links or end-users. This Obj&Ctiv|osq of generality we assume that all the nodes share a single
may be viewed as that of maximizing the overall utility of,,;-ajass channel of unit capacity.

rate allocations, where the utility functions are logarith For any nodg, the set of’s neighborsK; = {j: (i, j) € L}

In natyre. represents the set of nodes that can recéwesignals.
Rate optimization in wireline networks has been extengq, any nodei, the set ofout-neighborsof i, O; = {j:

sively researched in recent years [4], [5]. In wireline net(u) € L} C K;, represents the set of neighbors to which

This work was supported by the National Science Foundatimleugrants ! '_S Send'ng. trafflc.. AI_SQ’ for any nodg the set ofin-
ECS-0330203 and CNS-0448316. neighborsof i, li = {j: (j,i) € L} CK;, represents the set of
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neighbors from which is receiving traffic. A transmission B. Proportional Fairness for End-to-End Sessions
fr.om nodei rgaches all of's neighbors. Each n.ode has & We now consider providing proportional fairness for end-
s!ngle transceiver. Thus, & node can not transmit gnd "€CEY-end sessions in a multi-hop Aloha network. The problem
S|multatneous_ly. We do nkottassume ?r;ly (_:fapture,t;w.e., I]Odec n be formulated as a nonlinear optimization problem,
can not recelve any packet Successiully It more man one @y, mavimizes the utility of all sessions rates while the
its neighbors are transmitting simultaneously. Thergfare link capacity constraints are satisfied. The rate optinorat
transmission in link(i, j) € L is successful if and only if no

. - . . 7 bl b d as follows:
node inKjU{j}\{i}, transmits during the transmission onProRiem can be posed as Toflows

(i,])- P: max Seslog(ys),

We focus on random access wireless networks, and use St YeesihYs<Xj(p) V(i,j) €L, @)
the slotted Aloha model [1] for modeling interference and ys=>0 Vse S
throughput. In this model, transmits a packet with proba- p € Ps.

bility P in a slot. Ifi does not have an outgoing edge, i.e., ] ) ]
O = ¢, then R = 0. Oncei decides to transmit in a slot, Where ys is the rate for sessios € S The first set of
it selects a destinatiope O; with probability p; /R, where ~constraints are the link capacity constraints. He3g, j)
S jco, Pi = B. Therefore, in each slot, a packet is transmitted€notes the set of sessions that use |ing), andx;;(p)
on link (i, j) with probability p;j. Let p = (pj, (i,j) L) be represents the capacity (rate) of lirik j), and is given by
the vector of transmission probabilities on all edges, &ntd 1(1)- The second set of constraints ensure that the sessé ra
P; denote the feasible region fer i.e. Py = {p:0<p; < @are non-negative, and the _th|_rd ensures thid feasible. _
1,Y(i,}) €L,R =Y jco, Pi,0< PR <1,Vi € N}. Then, the rate Note that th.e_ rate optimization p_roblem couple_s link
or throughput on linki, j), x;j, is given by attempt probabilities at the link layer with end-to-endsies
rates at the transport layer, and is not a convex program. It
X (p) = pij(1—P)) |—| (1-R), pePs. (1) Iis worth noting here that our end-to-end fair rate allogatio
keKj\{i} question is closely related to the cross-layer optimizatio
problem considered in [8], in which the session rates (trans
Note that(1—Pj) Mkek;\(i}(1— R in (1) is the probability port layer) must be jointly optimized with the transmission
that a packet transmitted on lirfk j) is successfully received powers (physical layer), to attain end-to-end fairnesdsyoa
at j. 1) Dual-Based Algorithminstead of solving the problem
P directly, we consider the version of the end-to-end pro-
[1l. PROPORTIONAL FAIRNESS portionally fair rate optimization question where eaclklin
capacity (rate) is parameterized:
A. Proportional Fairness at the Link Layer R
P: max Yglog(ys),

The problem of attaining proportional fairness for link St Sesip)Ys <% V(i i) eL, )

rates is to compute the link attempt probabilities so as to

maximize the sum of the logarithmic utilities of all link e, ¥s20 vses

e, In the above formulationy;; the rate on link(i,j), is
p* = argmax z log (% (p)), (2) assumed to be a given constant, while representing the
PEPr ( fTeL end-to-end session rates, are variables whose values meed t
be determined optimally.
wherex;j (p) is given in (1). Note that the optimum value éfis a function ork, where
The optimal attempt probability in any link, j) € L, as % is the vector of all link rates in the network, i®= {X; :
defined in (2), is given by (details in [6]) (i,j) € L}. We defineU (%) as the optimum value i®, i.e.,
* 1 3 ~

pij—m- (3) U(i)_max{ZIog(ys) SE;j)yséqu,(i,j)eL}. (6)

Note that thepy, as given above, satisfies the constraints Since link rates irP in turn is a function of link attempt
0< pi*j <1 and 0< P* < 1. Also note that a node can babiliti defind] ~ U h -
compute its optimal attempt probabilities if it knows theProPa .||_|e_s, we definel (p) = U(x(p)). where X(p) =
number of its in-neighbors and the number of its neighboréXij (p): (i,]) € L). ThereforeP can be rewritten as
in-neighbors. A node can determine the latter as follows. P: max G (p),

When the network is formed, or when the network topology st. pePs.

changes due to the joining, leaving or movement of nodes,

each node broadcasts the number of its in-neighbors to allWe solve (7) by updating as below

node in its transmission range. Therefore, this algoritlam c

be implemented in a distributed manner, with only a small pi(j”H) — pi(j”> +a ¥ AXM OXSt( (), 8)

()

. . st A
amount of local information exchange. (sheL 0 pij



whereaq is the step size%s; is computed using the following log(x;(p)) for link | = (i, j) € L. (13) is rewritten as

formula ~
max S esUs(w),

1-R) N @A-R) ift=j,s=i, st g(w)<0 Wlel, (14)
keKe\{s} weW.
OXst _pStkeKﬂ{s}(l_ R ift=isel, whereW represent the region in whighe Ps.
apj | _ _ _ . _ . We can transfer the constraints into the objective by using
Psi(1 H)keKlt_{{s}(l Ro i teki,sel\{i}, the “exact penalty” method. The unconstrained problem is
0 otherwise, max  YesUs(W) — K 3o max{0,g;(w)}, (15)
9) st weWw,

andAif(") is the optimum solution to the dual problem Bf

- wherek, the “penalty scaling factor”, is a positive constant.
whens = x(p"), i.e., penary g P

Note that the termnkmax{0,g,(w)} can be interpreted as
the penalty associated with the violation of the capacity
constraint of linkl, and it is called “exact penalty” since
o , the set of optimal solutions to (15) coincides with the set of
In (10), A = (4 : (i,]) € L) is the vector of Lagrange mul- o ima solutions to (14) wher is greater than a certain
tipliers for the capacity constraints on the wireless linkSihreshold value 2].

yt: (¥s:s G(g)( is)\)th_e t‘r’]eCtlf’r of thefendt-_to-erld sr(]assion We now solve(15) using the subgradient method. Let
rates, and?("(y,A) is the Lagrange function oP when  (n) (n) i
%=x(p™"). Note thatZ"(y,7) is given by pj” andz" denote the values gfij andz at thenth step

A = argminmax.Z ™ (y, ). (10)
A>0 Yy

respectively, angp(™ = (pi(j”), (i,j) € L). Let XMW = x(p™)

- ) denote the link rate vector at iteratiom For each link

Z (y,)\):zglog(ys)— > Al > ¥s—x |- (A1) (i, j) L, define the “link congestion indicator” for link, j)
se )

(Lo)et Asesh] at thenth iteration,&(", as
We then solvey™ from P when = x(p™), i.e., . ™ n)
gV =1 0 I Yecsip® <X, (16)
. I O el 1 otherwise
= argmax 0 < Xij ,(i,]) € . _ . .
Y gyzo S;; o) %;’j)ys_x.,(p »0D We updatezs and pj; using their subgradients,
- . . (12) . (n)
Intuitively, the procedure described above adjusts link Zén+1> :zé">+y 1_Kez<sn)2(i,j)€L(s) & (17)
attempt probabilities in the gradient direction, and theme S resi _)ezﬁ”)
putes the optimal session rates at the given link capacities St
in an iterative manner. Then the link attempt probabilities (1) " gs(p O%st, (n)
are adjusted according; as a result, link capacities change Pj =P VYK z NOR 0—p--(p ) (18)
in such a way that the aggregate utility of the end-to-end (st)eL Xst !

sessions can be increased further. If we{[gf (a),y™ (a)} wherey is the step size, ang is defined in (9)

denote th_e sequence of vectors of I|r_1k attempt probahnlltu_a Since € (= y) is interpretéd as the rate of sessian

and session rates by fo_llovv_lng the iterative procedu_re_s in & in (17) can be interpreted as the fraction of the

(8)-(12) where the step size @5 we can show that the limit Xresi € o i )

point of {p™ (a),y™ (a)} is the globally optimal solution to overall trafgl):: onnllnk(l, J_) contributed by sessios -

the problemP, whena is sufficiently small (proof in [11]). In (_15_3)’_0_;3?}@( )) depicts how .the attempt pr(_)bablhty_on
2) Primal-Based Algorithm:Although (4) appears to be !Nk (i, ]) impacts the rate on links;t), and this term is

a non-convex problem, it can be shown to be equivalent ¥§€ighted by the inverse of the rate on lift).

the convex program stated below (see proof in [11]): We can show that, following the procedure based on the
subgradient method, the session rates and link attempt prob
max Y sesZs, abilities “converge to a neighborhood around the optimum?”,
s.t. Iog(zses(i,j)eZS) —log(xj(p)) <0, V(i,j)eL, and the size of the neighborhood becomes arbitrarily small

p € Ps. with decreasing step-size (proof in [11]).

(13) 3) Comparison of the AlgorithmsBoth dual- and primal-
wherez is interpreted as the logarithm of the session ratased algorithms solve the end-to-end proportional fagne
Vs, i.€.,Zs = log(ys). in a distributed manner. From a practical viewpoint, each

In order to solve (13), we first transfer the link capacityalgorithm has certain advantages over the other.
constraints to the objective, and then solve the uncomsidai  In the dual-based algorithm, the separation between the
problem by the subgradient method. transport layer and the link layer is better maintained.oAls
Denotez = (z,s€ S), andw = (p,z). Define Us(w) = note that the dual-based algorithm has embedded loops and
z; for sessions€ S, and defineg (w) = Iog(zses(i,j)eZS) — works in two time scales. In the inner loop (at a smaller



time scale), the transport layer searches for the optimal 2) Dual Method: We solve (20) using the dual method.
session rates and link prices (dual variables), and in therou The Lagrangian of (20) is given by
loop (at a larger time scale), the link layer adjusts the link

attempt probabilities and thereby updates the link ratese N Z(p,uu,A) = 1 z uﬁ+ Z z Ajj st(Ujj — Ust)
that the convergence process at the transport layer (inner Zifme (D)€L (sHES;;

loop) can be time consuming in some cases, and this may + z Lij (Uij —log(xij (p))), (21)
slow down the overall convergence. In contrast, the primal- (i.)eL

based algorithm shows lesser modularity than the dualebas\%
algorithm. Updates occur at the transport layer and at tthe |i Denoteu = (ui, (i, ) € L), g = (i, (i,]) € L), and A =
layer at the same time scale, and information is exchang%gl__ LG D) e_L (gvt) ,EJ <) ',I'hue_dugij ;‘ur;Jction ié@(p 0 B

1),Sty \!y AN 1) )+ ) -

between dlfferent_layers at a faster time-scale than thtten min.Z (p,u, 11,1 ), and the dual problem is max(p,u). It is
dual-based algorithm. In terms of the overall convergenceu A

speed, however, the two algorithms are quite comparabgesily seen that at the optimukri andp*, the corresponding
[11]. p andu is the solution to the primal problem.
Minimizing (21) with respect tg, u, we obtain

here ujj and Ajj st are Lagrange multipliers.

IV. MAX-MIN FAIRNESS AT THELINK LAYER

Before discussing the approaches to provide max-min pij = Hi (22)
fairness at the link layer for a random access ad hoc network, Z) Hik + Z Hii + Z Z ~ Hi
we introduce in the notion of directed link graph which keO kel kekilehd (i}

captures the interference relationship between all theslin  and
an Aloha ad hoc network. As we will see later in this section, Ui — —{jj if &G >0 (23)
the directed link graph also determines how the max-min L 0] if g <0

rate of a link compares with that that of any other link in
the network. wheredij = Hij + 3 steg; (Aij.st— Asti)

A directed link graph GL = (Vi,EL), is a graph where | T.he dual problem can then be solved gsing gradieqt pro-
each vertex stands for a link in the original network. Theréectlon method, where the Lagrange multipliers are adfliste

is a directed edge from link, j) to link (s;t) in the directed In the direction of the gradierif(p, u):
link graph if and only if a successful transmission on link 09 17
(s,t) requires that link(i, j) be silent. If there is a directed Aijst(N+1) = {)\ij,st(n)erw] = [Aij st(n) 4y (Ui —Ust)] "
edge from(i, j) to link (s,t), then link (i, j) and(s,t) is said st (24)

to be aneighborsof each other. Note that the notion of a +

neighbor represents a symmetric relationship, i.e(sif) is  Hi(N+1)= [Hij (n)+ VW} = [ () + y(uj —log(x; (p)]

a neighbor of(i, j), then(i, j) is also a neighbor ofs,t) ! (25)

We first focus on attaining a weaker notion of max-mirHere, y > 0 is the step size, and]* = max{z 0}.

fairness, in which only the minimum link rate is maximized. |f we let {p(" u(} denote the sequence generated by
We then discuss an approach for maximizing the link rategliowing the procedure stated in (22)-(25), we can show
in a lexicographicmanner. that the limit point of this sequence is an optimal solution

A. Maximizing the Minimum Rate at the Link Layer to (20) wheny is sufficiently small [9]. _
1) Problem Formulation and the Equivalent Convex Pro- 3) Subgradient Methodwe can also solve (20) using the

gram: The question of maximizing the minimum link rateSUbgr‘_’jldlent rnethod. N ., T
can be posed as follows: Define the “link congestion indicator” for linki, j) at step

n, &, as
max X,
st X< pij(1—Py) Miek;\ iy (1—R) V(i) €L, (19) (m _ [ 0 if uj <log(x;(p)), (26)
p € Ps, 1 1 otherwise

wherex corresponds to the minimum link rate. It is worth z5o define the “link relation indicator” for linki, j) and its
noting that this problem is non-convex and non-separableheighboring link(s,t) at stepn v as

Although (19) is not a convex program, it is equivalent to ISt

the following convex program [9]: (n) 0 whenujj < ug
Vijst = { 1 h W (27)
m|n 1_ z u2 ’ W enu” > uSt.
ij )
2(i,j)eE o We can updatepj and uj using their subgradients, as
st uj <log(xj(p)) ¥(i,j)eL, (20)  follows:
Uij < Ust V(i,j)eL V(st) € &,
p € Py, 1
| | AR ur =y e 5 (vl v ) e )
wheregj is the set of neighbors of link, j) in the directed (st)egj

link graph. 28)



L” - Y kel e((% + Dken z|e|k\{i}£((|rj)k> Next we define the notion of lottleneclink, which will

» be used in describing our solution procedure. Intuitivaly,
(29) link is said to be a bottleneck for the problem defined in (19)
h . i is th . if the minimum link rate in the network decreases when the
WRHETEK'IS a positive consta_nt, anylis the step size. capacity of that link decreases by any positive amount. More
e can show that, _foIIO\_/vmg the procedur_e based on thI%rmally, a bottleneck link is defined as follows. Considwes t
subgradient method given in (26)-(2@)andu will converge following problem, which is formed from (19) by introducing

to a neighborhood around the optimum, and the size of ti}f erturbation in the constraint corresponding to liaky):
neighborhood becomes arbitrarily small with decreasieg st perurbation | I ponding to ljokv):

n+1

(n+1) (n)
pi; =p; +YK
] 1 pi(jn) 1- F,i(n)

size (see the proof in [9]). max X,
. - : _ _ st X< pw(1=R)Mkeknfiy (1 —R) — ¢,
B. Maximizing the Minimum Link Rates Lexicographically X < Pij (1= P)) ek \ gy (1= PO ¥(i, §) € L\ {(u,v)}
— j ) ) 3
In the commonly used notion of max-min fairness [1], the p € Ps.
minimum rates are maximized in a lexicographic manner. (30)

More specifically, a max-min fair rate allocation algorithm The optimal value of (30) is a function f and we denote
should maximize the minimum rate, then maximize thétasU;(€). Note thatl;,(0) is actually the optimal objective
second minimum rate, then maximize the third minimunyalue in (19). We define linKu,v) as a bottleneck link if
rate, and so on. The notion of (lexicographic) max-mity,(€) < Uy (0) for any positivee.
fairness can be defined more formally as follows. ket 2) Multi-Step Solution ProcedureWe start with solving
(xij,(i,]) € L) denote the vector of rates for all links in the problem defined in (19), which maximizes the minimum
the active communication sdt (also referred to as the link rate in the network. Refer to Section IV-A for the dis-
allocation vecto), andX be the allocation vectox sorted tributed implementation. At the optimum, we shall identify
in nondecreasing order. An allocation veckaris said to be the bottleneck links, and fix their attempt probabilitiesoen
lexicographically greatetthan another allocation vectar, on this bottleneck link identification step is discusseérat
denoted by, = x», if the first non-zero component &f —X, Let L; denote the set of bottleneck links identified at this
is positive. Consequently, an allocation veotgiis said to be step. It is worth noting thafu,v) is a bottleneck link if and
lexicographically no less thathan another allocation vector only if all other links in its strongly connected component
X2, denoted byx; = Xo, if X3 —%» =0, or the first non-zero are also bottleneck links. Moreover, (ifi,v) is a bottleneck
component ofX; — X, is positive. A rate allocation is said link, and (s,;t) ~ (i, j), then(s;t) (and every other link in
to be (lexicographic) max-min fair if the correspondingerat its strongly connected component) is also a bottleneck link
allocation vector is lexicographically no less than anyeoth These facts imply that, once a bottleneck link is identified,
feasible rate allocation vector. can identify one or more strongly connected components (in
1) Background and DefinitionsWe use the notation the directed link graph) that consist only of bottlenecksin
(i,j) ~ (s,t) to denote that there is a path from ligkj) to  As discussed shortly, this allows us to reduce the number
link (s,t) in the directed link graph. We can then show thedf steps the procedure has to run, thereby speeding up the
following property (see [12] for proof): ifi, ) ~» (st) in  overall convergence time.

the directed link graph, thexj < xg, wherex; andxg; are In the next step, we solve (19) assuming fixed attempt
the lexicographic max-min fair rates for lirfk, j) and(s,t), probabilities for all bottleneck links identified in the preus
respectively. step, i.e. only the attempt probabilities of linkslin L, are

In the directed link graptG, = (Vi,EL), a strongly con- considered variables. After the optimal solution is obeain
nected componeri$ a maximal set of vertice8 C V. such we again identify the set of bottleneck links, denoted.as
that for every pair of vertices andv in C, we have bottlv~»  and fix their attempt probabilities to their optimal values;
u andu ~ v, that is, verticesl andv are reachable from each therefore, the attempt probabilities for these links remai
other. Therefore, from the above property we have that all tHixed in the subsequent steps. The value of the objective
links belonging to the same strongly connected componentfdnction at optimality represents the second minimum rate
the directed link graph have the same (lexicographic) maia the optimal (lexicographic) max-min rate vector.
min fair rate value at the optimum. This also implies that if The above procedure is repeated until the attempt proba-
the entire directed link graph consists of a single stronglpilities of all links have been fixed, i.e., when every linksha
connected component, then the (lexicographic) max-min fabeen identified as a bottleneck link in one of the steps.
rates can be obtained using the procedure for maximizing Let x* and p* denote the vector of link rates and link
the minimum rate, as described in Section IV-A. attempt probabilities solved by the above procedure. We

Next we show how for a general network (for whichcan then show (see [12] for the proof) that is the
the directed link graph may consist of multiple strongly(lexicographic) max-min fair rate allocation. Alsp; is the
connected components), the (lexicographic) max-min ratenique link attempt probabilities that attain the optinstes.
can be obtained through solving a sequence of convexNote that the number of steps in the solution procedure
optimization problems, each of which is similar in naturementioned above is, in the worst case, equal to the number
to the problem discussed in Section IV-A. of strongly connected components in the directed link graph



Recall that each step requires solving a convex problesuch cases is currently under investigation. Note that én th
similar to (19) (which can be solved in a distributed mannecontext of the link layer, ‘local topology’ would typically
using the procedures described in Section IV-A), and a botefer to the network topology within a few hops of a
tleneck link identification procedure. It is possible toritiey  node; in the context of end-to-end sessions, the same term
whether a specific link is a bottleneck or not in a fullymay refer to the network topology in the neighborhood of
distributed manner, using the basic definition of a botitdéne all nodes on the end-to-end path of a session. Attaining
link, as described above. However, this does not directlgl le the exact optimum under such stringent constraints on the
to a very efficient solution procedure for identifying the sedegree of coordination/communication may be difficult; a
of bottleneck links. Therefore, development of an efficientess ambitious yet practically significant goal would be to
distributed algorithm for identifying the bottleneck lislat attain a solution that is provably close the optimum.
any step of the algorithm remains an open question. The only fairness metrics we have considered so far are
max-min and proportional fairness. While these represent
the two most popular fairness metrics, it remains to be seen

Our research results has been able to answer sevendiether and how our results can be extended to other fairness
interesting questions on how globally fair rates in a randommetrics, like those that can be defined in terms of a general
access wireless network can be attained through distdbuteoncave utility maximization problem [3], [4], [5].
approaches. However, there are quite a few important ques-Finally, note that the wireless transmission and interfer-
tions that remain unanswered, and merit further investigat ence model that we have considered here follows the simple

As discussed Section IV-B, the identification of the bottleAloha protocol. Random access protocols that employ garrie
neck links is a key component of the solution procedure fosensing are significantly more complex to model, analyze and
finding the max-min fair rates. Therefore, in order to depelooptimize. In a recent work [10], we have modeled (under
an efficient distributed solution procedure for attainitg t certain simplifying assumptions) a CSMA/CA protocol with
max-min fair rates, bottleneck links must be identified effifixed back-off window sizes. We have also used some of our
ciently. It is tempting to hypothesize here that the bottlekh insights and results obtained from our study of the Aloha
links are those which are active in the optimal solution ofnodel, to optimize the back-off window sizes. Whether our
(19), or those that have non-zero optimal dual variablesnalysis and optimization techniques can be extendedeiurth
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