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ABSTRACT

We consider the problem of designing distributed mecha-
nisms for joint congestion control and resource allocation in
spatial-reuse TDMA wireless networks. The design problem
is posed as a utility maximization subject to link rate con-
straints that involve both power allocation and transmission
scheduling over multiple time-slots. Starting from the per-
formance limits of a centralized optimization based on global
network information, we proceed systematically in the de-
velopment of distributed and transparent protocols. In the
process, we introduce a novel decomposition method for con-
vex optimization, establish its convergence for the utility
maximization problem and demonstrate how it suggests a
distributed solution based on flow control optimization and
incremental updates of the transmission schedule. We de-
velop a two-step procedure for finding the schedule updates
and suggest two schemes for distributed channel reservation
and power control under realistic interference models. Al-
though the final protocols are suboptimal, we isolate and
quantify the performance losses incurred by each simplifica-
tion and demonstrate strong performance in examples.

Categories and Subject Descriptors: C.2.1 [Computer-
Communication Networks]: Network Architecture and De-
sign; C.2.2 [Computer-Communication Networks]|: Network
Protocols.

General Terms: Algorithms, Theory.

Keywords: Ad hoc wireless networks, cross-layer design,
congestion control, convex optimization, mathematical de-
composition.

1. INTRODUCTION

Although the research on multi-hop wireless networks has
a long history [10, 11, 8], with some operational systems al-
ready on the market [3], emerging standards such as 802.11s
and 802.16 have the potential of allowing wireless network-
ing on a broader scale. The 802.16 WiMAX standard, for ex-
ample, defines the basic functionalities for establishing mesh
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networks under centralized or decentralized control. Such
networks could potentially be used to create flexible and
rapidly deployable wide-area wireless backhaul networks, of-
fering increased wireless coverage at relatively low cost.

A critical problem for traffic engineering in these systems,
and in multi-hop wireless networks in general, is the allo-
cation of resources, such as transmission opportunities, ra-
dio channels, and transmit powers to links so as to meet
performance objectives for the end-to-end transport rates.
Recently, a wide variety of optimization methods have been
suggested for computing the achievable performance of sys-
tems that coordinate multiple layers in the networking stack,
see e.g. [16] and the references therein. These centralized
schemes give insight into the performance benefits of coor-
dinating the different layers of the protocol stack, but are
quite far from the distributed resource management proto-
cols needed in practice. Centralized solutions tend to incur
large signalling overhead, introduce a single point-of-failure
(the network control node) and scale poorly with the num-
ber of network nodes. Moreover, many of the centralized
schemes are computationally demanding to execute.

Scheduling in wireless networks could either be static, dy-
namic or a combination thereof. In static scheduling, trans-
mission opportunities are assigned for long durations relative
to channel switching time. Typically, these schemes build up
a transmission schedule which allows different transmitters
access rights in different time slots. This traditional way
of operating wireless multi-hop networks (e.g., [3]) is rela-
tively easy to implement and requires moderate signalling
overhead. Dynamic allocation schemes, on the other hand,
update transmission rights very frequently. These schemes
have the potential of allowing the physical layer to be op-
portunistic and better exploit fading variations. The draw-
back is that interference-sensitive scheduling in multi-hop
networks requires significant signalling overhead and may
be hard to execute on a fast time-scale.

Focusing on static scheduling, this paper presents a dis-
tributed approach to joint end-to-end bandwidth sharing,
transmission schedule construction, and power control in
spatial-reuse TDMA (STDMA) wireless networks. Our ap-
proach falls into the framework of network utility maxi-
mization (e.g. [22, 6]), since we formulate the optimal net-
work operation as the solution of an optimization prob-
lem and apply mathematical decomposition techniques to
find distributed solution mechanisms. As noted by sev-
eral researchers (e.g., [28, 6, 5]), applying mathematical de-
composition techniques to wireless cross-layer optimization
problems will typically decompose the problem into three



subproblems: one source-rate problem to be executed at
end-nodes (which can be mapped onto the TCP algorithm)
one link-pricing algorithm to be executed by routers (corre-
sponding to an active queue management scheme) and one
resource allocation subproblem. Whether the resource allo-
cation problem can be solved distributively or not depends
on the channel model and the structure of the resource con-
straints. Distributed solutions have been found for orthogo-
nal channels with local [28] and network-wide [15] resource
constraints, interference-limited channels in the high SINR-
regime [6] and contention-based models [29, 5]. All these
methods perform a one-shot resource allocation based on
the current network state. None of them maintains a trans-
mission schedule with multiple time-slots.

Our development of distributed protocols relies on two
main technical contributions. First, noting that the stan-
dard approach of dual decomposition can not be used to
construct multiple time-slot schedules, we devise a novel
mathematical decomposition method that allow us to in-
crementally construct a schedule that provably converges to
the optimal. Based on this decomposition scheme, we de-
rive the basic functionalities that needs to be implemented
in sources, queues, and transmitters. The suggested pro-
tocols rely on end-to-end bandwidth sharing for a given
schedule on a fast time scale and incremental schedule up-
dates based on congestion levels on a slower time-scale. The
second technical contribution is a two-step procedure for
solving the congestion-weighted resource allocation prob-
lem under realistic interference models, including two novel
schemes for distributed power control and channel reser-
vation. We demonstrate how these schemes improve sig-
nificantly over other approaches proposed in the literature.
On the methodological side, we proceed systematically from
the performance limitations given by a centralized optimiza-
tion based on global information to two totally distributed,
but suboptimal, schemes that rely on local information only.
We isolate the performance losses incurred in each simpli-
fication step and demonstrate strong performance improve-
ments over existing approaches.

The paper is organized as follows: Section 2 describes the
our network model; Section 3 reviews the duality model for
TCP due to Low and Lapsley [22] and a centralized cross-
layer optimization for STDMA networks by Johansson and
Xiao [16]. Section 4 introduces the cross-decomposition ap-
proach and establishes its convergence, while Section 5 de-
scribes two distributed solutions to joint power control and
transmission scheduling for optimizing congestion-weighted
throughput. Section 6 discusses how the modules can be im-
plemented and combined into protocols for joint congestion
control and resource allocation. The proposed solutions are
evaluated and compared on a set of sample networks in Sec-
tion 7. Finally, Section 8 concludes the paper.

2. NETWORK MODEL

We consider a network formed by a set of nodes located at
fixed positions in the plane. Each node is assumed to have
infinite buffering capacity and can transmit, receive and re-
lay data to other nodes over wireless links. The network
performance depends on the interplay between end-to-end
rate selection, power control, and transmission scheduling.
A model for these dependencies will be developed next.

2.1 Network topology and network flows

We represent the network topology by a directed graph
with nodes labelled n = 1,..., N and links labelled | =
1,...,L. A link is represented by an ordered pair (i,7) of
distinct nodes. The presence of link (7,7) means that the
network is able to send data from node i to node j.

Nodes are assumed to always have data to send to the
other nodes, possibly via multi-hop routing. We label the
source-destination pairs by integers p = 1,..., P and let
sp denote the end-to-end rate for communication between
source-destination pair p. Associated with each pair p is
a utility function wu,(-), which describes the utility of the
pair to communicate at rate s, (see [17] for further details).
We assume that wu, is increasing and strictly concave, with
up — —00 as s, — 0. Data is assumed to be routed along
a single fixed path. The routing can then be specified by a
routing matriz R = [r;p] € REXF | with entries

.
lp—O

Letting ¢; denote the transmission rate of link I, ¢ = [¢]
be the vector of link-rates, the vector of total traffic across
links is given by Rs and the network flow model imposes the
following set of constraints on the end-to-end rate vector s

Rs<c¢ s>~ 0

if data between pair p is routed across link [
otherwise

2.2 Communications Model

The link rates depend on the medium access scheme, chan-
nel conditions and the allocation of radio resources, such as
transmit powers and time-slots, to the transmitters. In this
paper, we consider a system where all links share the same
frequency band, so that interference will occur when multi-
ple links transmit simultaneously. Moreover, we will assume
that nodes are equipped with omnidirectional antennas and
no multi-user detectors, so that nodes are limited to com-
municate with at most one other node at a time.

Let G be the direct link gain between the transmit-
ter of link m and the receiver of link I. We use the de-
terministic fading model Gim = Bimd,,,, where di., is the
physical distance between the transmitter of link m and the
receiver of link /, v is a constant path loss exponent whose
value depends on the compliance of territory, and B, is a
normalization constant which reflects the radio propagation
properties of the environment, but also allows us to account
for the effects of coding and spreading gain (in a CDMA
setting), and beam-forming, see e.g., [26, 16].

Let o; be the thermal noise power at the receiver of link [,
let P, be the power used by its own transmitter and define
the signal to noise and interference ratio (SINR) of link [ as

GuP

’YZ(P) o+ Zm#l Glum (1)
We view each link as a single-user Gaussian channel with
Shannon capacity ¢;(P) = W log(1+~,(P)), where W is the
system bandwidth. We assume that transmitters are subject
to simple power limits, 0 < P, < Pnax and that links offer
a single rate 7% = Wlog(1 + 7'9") when the SINR at its
receiver exceeds the threshold 7'9*. To be able to see this
effect we introduce the following rate allocation policy

rEL i y(P) > 4"
"= { 0, otherwise (2)




Thus, link [ may transmit at rate r?9* if the SINR level at
its receiver exceed the threshold, and stays silent otherwise.
This leads to a finite number of achievable link-rate vectors

k=1,...,K

where 7 € {0,7%8}. Although K may be as large as 2%,
interference and the restriction that nodes can communicate
with at most one other node at a time drastically reduces
the number of link-rate vectors that can be supported. By
time-sharing between the achievable link-rate vectors, we
can achieve the following polyhedral rate region

C—{c—Zakc(k)|ak20, Zakzl, k—l,...,K}
k

Here, the time-sharing coefficients ay represent the fraction
of schedule in which rate vector ¢® is activated. In the fol-
lowing, we will use the short-hand notation ¢ € C to denote
that c is an achievable long-term average link rate.

3. JOINT CONGESTION CONTROL
AND RESOURCE ALLOCATION

3.1 Optimization flow control

A mathematical formulation of a distributed end-to-end
flow control scheme over TCP /IP in wired networks has been
developed in [17, 22]. It is argued that the optimal network
operation solves the network utility maximization problem

C(k) = (7’1 .. .TL)

maximize Y up(sp)
subject to Rs =<c¢ (3)
s>~0

where the variables are collected in the end-to-end rate vec-
tor s, while the link capacity vector is assumed to be fixed.
If up () = log(+), the optimal solution yields a proportionally
fair allocation of end-to-end bandwidth [17].

A distributed solution to this problem can be derived via
dual decomposition. Introducing Lagrange multipliers A for
the capacity constraints we can form the Lagrangian

L(s,A) = up(sp) + Y _ Mler— Y ripsy) =
= Zup(sp) —dpSp + Z e

where g, = Y, rip A can be interpreted as the total conges-
tion price along route p. Since the Lagrangian is separable
in the end-to-end rates sp, the dual function

g(A) =sup L(s, A)
s~0
can be evaluated by letting sources optimize their rates indi-
vidually based on the total congestion price, i.e., by letting

Sp = argmax up(2) — gpz (4)

Moreover, the dual problem to (3)

minimize  g(})
subject to A =0

can be solved by the projected gradient iteration

+
)\l(k) + w® (Z rlps,(,k> — cl>:|

P

)\gk“) _

where {w®} is a step length sequence and [-]* denotes pro-
jection onto the positive orthant. Note that links can up-
date their congestion prices based on local information: if
the traffic across link [ exceeds capacity, the congestion price
increases; otherwise it decreases. Convergence of the dual
algorithm has been established in [22]. The distributed up-
dates of end-to-end rates and link prices can be mapped onto
the idealized operations of TCP clients and AQM schemes,
and it has been argued that running the appropriate TCP
and AQM protocols effectively amounts to letting the net-
work solve the utility maximization problem [22].

3.2 A cross-layer optimization formulation

Our interest is on distributed end-to-end flow control over
wireless networks, where the links capacities are not fixed a
priori, but depend in a non-trivial way on both MAC scheme
and the resource allocation. In the spirit of (3), the associ-
ated utility maximization problem can be formulated as

maximize ) up(sp)
subject to Rs <c¢ (5)
ceC s>=0

A centralized solution to this problem, combining dual de-
composition with a column generation procedure, has been
proposed in [16]. Since this procedure will be the basis for
our decentralized approach, we will review it briefly below.
Since C is a convex polyhedron, we can re-write (5) as

maximize Y up(sp)

subject to Rs <c¢
c=3r ape® s>0 (6)
S k=1 ax0

We refer to this optimization problem in variables s and « as
the full master problem. Although this is a convex optimiza-
tion problem (maximizing a concave function subject to lin-
ear constraints), this formulation is inconvenient for several
reasons. First, C may have a very large number of vertices
so explicit enumeration of these quickly becomes intractable
as the size of the network grows. Second, even when ex-
plicit enumeration is possible, (6) may have a large number
of variables and can be computationally expensive to solve
directly. To this end, consider a subset C* = {¢®) | k € K}
of extreme points of C, where K C {1,..., K},

maximize 37 up(sp)
subject to Rs <c

C= D hex QkC
rex Ok =1

®) g0 (7)
ar >0, kek

We call (7) the restricted master problem, since this formula-
tion optimizes over the restricted set of rate vectors ¢ € C*
where C* C C. The problem (7) is a restriction of the full
problem (5) and its solution provides a lower bound @iower Of
the optimal value uopt of the full problem. The column gen-
eration method allows us to sequentially improve the lower
bound by adding a new extreme point to C*, so that this set
gradually becomes a better approximation of (the relevant
parts of) C, and Uiower cOnVerges to Uopt.

The key for updating C* is the Lagrange duality. Let A
be the vector of Lagrange multipliers for the capacity con-
straints Rs =< ¢, and consider the Lagrangian

L(s,c,\) = ZuP(SP) —GpSp t Z A
P l



where, as in the previous section, ¢, = Y, rpAi. Let (s*, a*)
be an optimal solution to (7), so that ¢* = >3, agc®)
and let A\* be the associated Lagrange multipliers for the
capacity constraints. Since the constraints in (7) are affine,
feasibility of the restricted master problem implies strong
duality [4, 16] and that uiower can be expressed as

Ulower = L(S*v C*7 >\*) = Z sup uP(SP) - q;‘sp

» 5p>0

+ sup Z)\Z’cl
1

ceck

with ¢ = >, 7pA. We can estimate how far uiower is
from optimality by generating a corresponding upper bound.
This can be done by considering the dual formulation of (5).
More specifically, by weak duality, for any A > 0 the value

gA) = sup  L(s,c,A) = Z Sup up(sp) — qpSp
s>0,ceC(P) P sp>0
+ supZ e
cec 7

provides an upper bound to uecpt. In particular, we can
consider the bound due to \*

Uupper = Z sup up(sp) — qps + 51615 Z A c (8)
P ¢ l

sp=>0

The difference wupper — Ulower S€TVes as a measure of the
accuracy of the current solution. We consider (s*,a*) to
be the optimal solution of (6) if the difference drops below a
predefined threshold. If the current solution does not satisfy
the stopping criterion, we can conclude that C is not well
enough characterized by the extreme points in C*, and a new
vertex ¢®) must be added before the procedure is repeated.

When adding a new extreme point, we would like to choose
a vertex of C which allows ujower to improve as much as possi-
ble. If we view ujower as a function of ¢, A\* is a subgradient
of Uiower at ¢ [4, 16], so it is natural to add the extreme
point that solves

maximize A*T¢ )
subject to ce€C

We will call this problem the scheduling subproblem. Note
that this problem is solved at MAC level, and that each ex-
treme point c® corresponds to set of links that can transmit
simultaneously. Besides, the remaining part of equation (8)

maximize 3 up(sp) — qpsp (10)
subject to s, >0

is equivalent to the source subproblem in the optimization
flow control, and thus solved on the transport level. We will
call this problem the network subproblem.

The column generation algorithm can now be summarized
as follows. Given an initial set of vertices of C, we solve the
restricted master problem to get a lower bound on the per-
formance and the optimal Lagrange multipliers for the ca-
pacity constraints. To evaluate the upper bound, we solve
the scheduling and network subproblems. If the bounds are
sufficiently close, we terminate the algorithm. Otherwise,
we add the vertex generated by the scheduling subprob-
lem and start the next iteration. As shown in [16], this
algorithm converges to the optimal network configuration
(transmission groups, time slot fractions, transmit powers

and end-to-end rates) in a finite number of steps. More-
over, an interesting property of the optimal solution is that
the optimal schedule is obtained by time-sharing between at
most L+ 1 transmission groups (this is a direct consequence
of Carathéodory’s theorem, cf. [24]).

4. VERTICAL DECOMPOSITION

There are several features of the column generation method
that refrain us from making immediate use of it in solving
the joint congestion control and resource allocation problem:
firstly, the approach relies on a centralized solution to the re-
stricted master problem; secondly, the schedule is assumed
to have variable time-slot durations of arbitrary precision
(i.e., the durations are not restricted to be integer multiples
of a basic time slot length); and third, it assumes that we
can solve the scheduling subproblem to optimality, which re-
quires centralized information and is computationally hard.
In this section, we will remove the two first hurdles by intro-
ducing a distributed optimization scheme that builds up the
transmission schedule incrementally, adding a new transmis-
sion group in each iteration. Distributed transmission group
formation will be discussed in the following sections.

It is important to understand that the classical approach
of dual decomposition [22, 17] cannot be used for computing
a schedule. The main reason is that the dual function

g(\) = Z sup up(sp) — qpsp + supZ)\lcl
7 5p>0 cec 5

is linear in ¢; and will return a single transmission group in
each iteration. Since each transmission group only activates
a few links, many links will have zero rates until the next
iteration of the algorithm can be carried out by the system
and a new transmission group negotiated. Contrary to this,
we will develop a distributed scheme for computing, updat-
ing and maintaining a schedule with multiple time-slots.

4.1 A Cross Decomposition Approach

An alternative approach for solving the network utility
maximization problem can be developed by re-writing it as

maximize v(c)
subject to c€C

where
v(c) = {max > up(sp) | Rs < ¢, s = 0}

For a fixed link capacity vector ¢, the function v(c) can be
evaluated via the optimization flow control algorithm, i.e.,
by letting the optimization flow control scheme converge.
As shown in Appendix, under certain assumptions v(c) is
differentiable with respect to ¢ with derivative A, (the equi-
librium link price vector for the network flow subproblem).
Thus, in order to update the schedule and hence the link ca-
pacity vector ¢, it is natural to add the transmission group
computed by the scheduling subproblem

.. T
maximize Ae (11)
subject to ce€C

to the schedule. Effectively, this corresponds to a conditional
gradient step in the ascent direction of v(c) (see Appendix).
The augmented schedule is then applied to the system and
the optimization flow control scheme is run until conver-
gence before the procedure is repeated. Contrary to the



Algorithm 1 Cross Decomposition
1: Let k = ko and %) » 0.

2: loop

3:  Evaluate v(¢™™) by solving the optimization flow con-

trol problem (3), and let A*) be the associated equi-
librium link prices.

4:  Compute a new transmission group ¢**tY by solving
the scheduling subproblem (12) for A,

5:  Augment the schedule with this transmission group
and compute the associated ¢*+1).

6: Letk=k+ 1.

7: end loop

centralized approach, this scheme does not optimize time-
slot durations at each iteration, but simply augments the
schedule by new transmission groups. To describe the algo-
rithm in detail, let ¢(®) be the transmission group computed
in step k£ and let ) denote the average link-rate vector for
a schedule consisting of k time-slots of equal length, i.e.,

k
(®)
; c

For technical reasons (there must exist a p > 0 such that
&®) = p for all k) we have to add one more constraint to the
scheduling problem. This modified scheduling problem is

k) _

x| =

maximize (A®)T )
subject to ¥ e C (12)
e® = p

in the variable ¢*). The positive constant p can be chosen
to be arbitrarily close to zero. Simulations indicate that the
the computed average link-rates ™) never tend to zero, and
in practice the additional constraint on ¢*) appears unnec-
essary. Indeed, in all examples, we have used the original
scheduling subproblem (11) rather than its modified variant.

Our algorithm is summarized in Algorithm 1. An initial
schedule can, for example, be constructed by letting ko = L
and using a pure TDMA schedule.

This type of decomposition scheme falls into the class of
cross decomposition methods [13]. Relatively little is known
about the convergence of these methods, and no results
seems to be available in the literature about the convergence
of our scheme. The closest approach for which convergence
has been established seems to be mean value cross decom-
position [14]. In principle, these methods do not make use
of the most recent equilibrium link prices in each iteration,
but solves a scheduling subproblem based on the average
link price vector over all iterations. However, as demon-
strated in [12] (and confirmed below), these methods have
slower convergence than our proposed scheme.

THEOREM 4.1. Let u* be the optimal value of the central-
ized cross-layer design problem (5). Algorithm 1 converges

in the sense that limi_ oo V(E(k>) —ur.

PRrROOF. See Appendix. []

In contrast to the off-line algorithm presented in [16], which
converges in a finite number of steps, the convergence of the
cross-decomposition is only in the limit. Although we do
not have any hard complexity results for the algorithm, it

is closely related to Frank-Wolfe methods (e.g., [2]), which
require O(1/¢) iterations to reach an accuracy of €.

The practical performance of the cross decomposition ap-
proach for the sample 10-node/46-link network described
in Section 7 is illustrated in Figure 1. While the central-
ized algorithm with variable time-slot lengths converges in
a small number of iterations, the convergence of the cross-
decomposition approach is only in the limit. We can also
see that the suggested scheme appears to have a faster con-
vergence than the mean-value cross-decomposition.
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Figure 1: Lower bound trend with a large number
of extreme points.

The cross decomposition method suggests the following
sequential approach for solving the cross-layer design prob-
lem (5): based on an initial schedule with long-term average
rate ¢k0) 0, we run the optimization flow control until
convergence (this may require us to apply the schedule re-
peatedly). We will refer to this as the data transmission
phase. During a subsequent negotiation phase we try to
find the transmission group with largest congestion-weighted
throughput, and augment the schedule. The procedure is
then repeated with this revised schedule. Our theoretical
analysis applies to the case when we augment the schedule
indefinitely, while in practice one would like to use schedules
with limited frame length. We will not discuss these issues
in this paper, but refer to [25] for some possible approaches.

5. PRINCIPLES OF DISTRIBUTED
TRANSMISSION SCHEDULING

To make the joint congestion and resource allocation fully
distributed, the scheduling subproblem must be solved with-
out relying on a global controller and global network infor-
mation; each device must be able to decide whether to join
the time slot under negotiation or not, basing its decision
on local information only. Since the scheduling subproblem

maximize Y, ¢
subject to ceC

is linear in ¢;, an optimal solution can always be found as
a vertex of the capacity region, and solving the scheduling
subproblem thus amounts to finding the most advantageous
transmission group (and the associated power allocation P)
in a distributed way. The solutions that we propose share
the following two logical steps



1. Find a candidate transmission group that attempts to
maximize the objective function

Z )\lcl
l

while satisfying the primary constraints of activating
at most one incoming or outgoing link to each node.

2. Determine a power allocation that allows simultaneous
activation of the most advantageous subset of trans-
mitters in the candidate transmission group, while sat-
isfying the secondary interference constraints

M(P) > o'

This may require some links to leave the candidate set.
Any set of active transmitters that satisfies both pri-
mary and secondary interference constraints is called
a feasible transmission group.

The idea of the two-step procedure is to separate the combi-
natorial problem of distributing transmission rights to sat-
isfy the primary interference constraints from the problem of
adjusting transmit powers to combat secondary interference.

5.1 Forming candidate transmission groups

As shown in [11], a candidate transmission group with
maximum weighted throughput can be found in polyno-
mial time. However, these algorithms require global topol-
ogy information and, to the best of our knowledge, no dis-
tributed algorithm is known that solves the problem exactly
(cf. [27]).

We propose to use a greedy scheme where the link with
highest priority in a two-hop link neighborhood assigns itself
membership to the candidate set. To allow links to make
this decision, we assume that the transmitters of each link
forwards information about its link price to the receiving
node. Each node n maintains the maximum link price A,
on its incoming and outgoing links,

Ap = max A
1€Z(n)UO(n)

where Z(n) and O(n) denote the set of incoming and outgo-
ing links to node n, respectively. Neighboring nodes, in turn,
exchange information about their maximum link price Ap,.
Based on this information, each node n can decide whether
one of its outgoing links can join the candidate set or not.
Specifically, if [ is the link corresponding to A,, then node
n should let this link join the candidate group if I € O(n)
and if A\, = MaX,enUN (n) A

Before we proceed to discuss distributed solutions for form-
ing feasible transmission groups, it is instructive to inves-
tigate the performance losses that we incur by separating
the joint power control and scheduling subproblem into two
steps, as well as the performance loss due to the greedy for-
mation of candidate sets. The results of such an investiga-
tion for a sample network consisting of 10 nodes and 46 links
is shown in Figure 2. We can see a clear performance loss
(approximately, 4.7%) from introducing the two-step proce-
dure while the additional loss from using a greedy candidate
set formation relatively small (an additional 1.9%)

5.2 Forming feasible transmission groups

Once a link has identified itself as a member of the candi-
date set, it will start contending for transmission rights. We
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Figure 2: Performance as function of schedule length
for optimal scheduling and two-step scheduling with
optimal and greedy candidate set formation.

will consider two approaches in which links enter the trans-
mission group one-by-one, adjusting their transmit powers
to maximize the number of simultaneously active links. The
first approach is based on the scheme proposed by Muqat-
tash and Krunz [23], while the second one exploits the prop-
erties of distributed power control with active link protection
(DPC/ALP) algorithm of Bambos, Chen and Pottie [1].

5.2.1 Channel reservation via RTS-CTS

This scheme, which is based on [23], uses a channel ar-
chitecture where two non-overlapping frequency bands are
used for control and data transmissions, respectively. This
assumption allows a terminal to transmit and receive si-
multaneously over the data and control channels since no
interference can occur among them. As in the IEEE 802.11

Modified RTS
Frame Control | Duration | Receiver Ad.| Sender Ad. Max Allowed g
Power Pr
2ytes 2Byies 6 Bytes o Bytes 2Bytes Fbytes
Modified CTS Additional Field
Frame Control | Duration | Receiver Ad. Imcrf.crctlcc Nominal om|  FCS
Margin I |Power P

2Bytes 2 Bytes 6 Bytes 2Bytes 4Bytes

Figure 3: Structure of RTC-CTS packets.

standard, the channel access strategy exploits a reservation
mechanisms based on Request-to-Send (RT'S) and Clear-to-
Send (CTS) packets with the format shown in Figure 3.
Thus, by overhearing and decoding control packets, nodes
can collect relevant status information about their local sur-
rounding including the number of already active links in a
time slot, their transmission power and interference mar-
gins (i.e., the additional interference that already active re-
ceivers can tolerate). Furthermore, the control packets are
sent at maximum power to allow nodes to estimate path
gains. Specifically, assume that the transmitter of link [ can
decode a CTS-message sent by the receiver on link m, and
that the received power is P,,;. The transmitter of link [



can then estimate the path gain G,,; as
A T 1
m

sz Pmax

By exchanging RTS-CTS messages between transmitter
and receiver, links can decide if they can enter the trans-
mission group without causing too much interference to al-
ready active links in their local surroundings. To describe
the precise transmitter and receiver behavior, let [ be a link
in the candidate set, and denote its transmitter and receiver
by Tx; and Rx;, respectively. Tx; initiates the reservation
by sending an RTS packet which also informs the receiver
about the maximum power P; it can use without causing
too much interference at active links and without violating
its transmit power limits. This value is computed as

P; = min {Prax, {m

meLs G'ml

Here L, denotes the set of links for which the transmitter

has overheard RTS-CTS messages, I, is the announced in-

terference margin of link m and G,,; is the estimated path

gain between the transmitter of link [ and the receiver of
link m, see Figure 4.
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Figure 4: Estimates of interference caused by link [
on already active links m and n.

By listening to the control channel and keeping track of
local links that have succeeded in reserving transmission
rights, Rx; can estimate the interference fl that it will ex-
perience during the data transmission phase and deduce the
minimum transmit power P, that Rx; needs to use as

V& (01 + 1)

P, =
- Gu

Clearly, link [ can only receive transmission rights if P, < P
Although one could potentially use the above information
for power control, the original scheme by Mugattash and
Krunz uses fixed transmit power levels

tgt
7o

Gu

Here, the second term is simply the transmit power that is
needed to sustain the SINR target in the absence of interfer-
ence and ¢ is an additional factor used to allow for multi ac-
cess interference. The appropriate value of € depends on the
underlying technology; an approach for estimating e under
802.11 and a CA-CDMA scheme is described in [23]. When
the power levels are fixed to the nominal levels, P°™ < P,
means that the multiple access interference in the vicinity of
the receiver is grater than the one allowed by the link budget,
therefore the transmission over the link can not be activated

P = (14)

and Rx; replies with a negative CTS. If P, < P"™ < P,
then it is possible for Rx; to receive the signal of Tx; while
not disturbing any of the ongoing transmissions in its vicin-
ity. In this case, Rx; replies with a positive CTS message, in-
dicating that the transmitter should use the nominal power
P°™. In addition, the receiver computes the interference
margin I; via the relationship

GllPlnom -
o+ I +1

where I; is the current interference level at the receiver of
link [. A simple calculation gives that
71 = % — I — oy

We would like to emphasize that one of the main limi-
tations of the original channel reservation algorithm is the
high number of RTS-CTS control packet that needs to be
exchanged in a large network if all links participate in the
negotiation. In this case several collisions of control packets
could occur and the reservation mechanism becomes ineffec-
tive and could even fail [23]. Our approach alleviates this
problem by proceeding in two steps, so that only a small
subset of links (the candidate set) exchange RT'S-CTS con-
trol packets. This reduces the load on the control channel
and improves scalability of the approach.

There are several simple extensions to the original scheme
[23]. As discussed above, one could allow the receiver to
suggest an alternative power level if P°™ < P, < P;. Fur-
thermore, if it is known that the optimal power allocation
policy is to use maximum power or stay silent (as is the case
in ultra-wideband systems), one could remove the allowed
power field in the CTS message. However, none of these
extensions will be pursued in this paper.

5.2.2 Channel reservation via DPC/ALP

As an alternative to the RT'S-CTS based reservation mech-
anism, we will explore transmission group formation based
on the distributed power control with active link protec-
tion (DPC/ALP) algorithm [1]. The DPC/ALP algorithm
is an extension of the classical distributed power control al-
gorithms (e.g., [9]) which maintains the quality of service
of operational links (link quality protection) while allowing
inactive links to gradually power up in order to try to enter
the transmission group. As interference builds up, estab-
lished links sustain their quality while incoming ones may
be blocked and rejected channel access.

The original DPC/ALP algorithm was proposed for cellu-
lar systems. It exploits local measurements of SINRs at the
receivers and runs iteratively over a sequence of time slots.
To describe the algorithm in detail, we introduce A(j) and
Z(j7) as the set of active and inactive links at time j re-
spectively, and let 4;(j) be the measured SINR on link ! at
time j. The DPC/ALP algorithm operates by updating the
transmit powers P;(j) at time j according to

SP(j — )7 /m(g) ifle A(j—1)
P(j) = (13)
P (5 —1) ifleZ(j—1)

where § > 1 is a control parameter. Links change status
from inactive to active when their measured SINR exceeds
the target. Inactive nodes that consistently fail to observe
any SINR improvement enters a voluntary drop-out phase



and go silent (see [1] for details). Notice that the concepts
of local surrounding and local information do not play any
role here, since the admission control is based on effective
SINR measurements only.

In the cellular system model, links that enter the active
set remain active during the full call (or data transfer) du-
ration without regard to congestion levels in inactive links.
We will not use the DPC/ALP in this way, but only in the
negotiation phase when links in the candidate set contend
for transmission rights. The negotiation phase is initialized
by letting Zo equal the candidate set. Links then execute
the DPC/ALP algorithm for a short period of time, divided
into J mini-slots corresponding to the iteration times above.
At the end of such a period we get a feasible transmission
group Ask) which is assigned transmission rights for the slot
under negotiation. To increase the likelihood of forming a
transmission group with high congestion-weighted through-
put, we can let links toss a coin to decide whether to start
executing the DPC/ALP algorithm or to wait. By letting
the waiting probability be a decreasing function of the link
congestion level, highly loaded links will tend to start ramp-
ing up transmit powers before lightly loaded ones.

The DPC/ALP algorithm was developed for systems with
a relatively small number of links and could consume sub-
stantial amounts of energy if a large number of links would
use it to contend for transmission rights. The two-step pro-
cedure makes up for this issue by limiting the number of
links that are active in the power negotiation phase.

6. IMPLEMENTATION ASPECTS

The previous sections have derived the basic function-
alities needed to align transport and physical layers in S-
TDMA wireless multihop networks. These functionalities
include an end-to-end rate allocation based on link price
feedback, mechanisms for updating and maintaining a trans-
mission schedule including resource allocation to maximize
weighted throughput, and an active queue management al-
gorithm to coordinate transport and lower layers. These
modules could be implemented in several ways, on different
time-scales, and with slightly different overall goals.

One natural implementation is in terms of TCP/AQM on
the fast time-scale and incremental schedule updates on the
slow time-scale. As demonstrated in [21], most of the com-
mon TCP/AQM variants can be interpreted as distributed
methods for solving the optimization network flow prob-
lem (3). The cross decomposition method suggests the fol-
lowing distributed approach for solving the cross-layer de-
sign problem (5): based on an initial schedule with long-term
average rate ¢"°) ~ 0, we run the TCP/AQM scheme un-
til convergence (this may require us to apply the schedule
repeatedly). We will refer to this as the data transmission
phase. During a subsequent negotiation phase we apply a
distributed channel reservation scheme to find the transmis-
sion group with the largest congestion-weighted throughput,
and augment the schedule. The procedure is then repeated
with this revised schedule; see Figure 5. It is important
to note that no single node needs to have global knowledge
about the transmission schedule: each node only needs to
keep track of in what time slots it needs to activate its re-
ceivers and transmitters. Further, our theoretical analysis
applies to the case when we augment the schedule indefi-
nitely, while in practice one would like to use schedules with

Data
Transmission N ot und
Phas lew slot under
Step k ase negotitation

Negotiation
Phase

Step k+1

Figure 5: Augmenting the schedule: Each step, k,
consists of two phases: a data transmission phase,
in which data is transmitted until the optimization
flow control algorithm converges to yield A\(k); and
a negotiation phase, where transmission rights for
a new slot are negotiated on the control channel
while transmissions are continuing according to the
current schedule on the data channel. When the
negotiations are done, the new slot is added to the
schedule and the procedure continues with step k+1.

limited frame length. We will return to this issue in Sec-
tion 7 and demonstrate strong performance even when we
limit the schedule length and replace rather than add time-
slots to the frame.

Similarly to the case of TCP in fixed networks, practical
congestion control mechanisms will only work according to
the theoretical analysis for long-lived flows. One can argue
that the discrepancy is even larger in our case, since the the-
oretical analysis assumes that the rate allocation converges
before the schedule is updated. However, one should note
that the resource allocation and queue management schemes
act on aggregate traffic. If the aggregate traffic rates be-
tween wireless ingress and egress routers react on conges-
tion information similarly to (4), e.g. the aggregate rate
decreases with increasing congestion, the complete scheme
could be justified as jointly optimizing aggregate end-to-end
bandwidth and scheduling in the network (for some appro-
priate utility functions). For back-haul wireless networks,
this appears to be a reasonable assumption.

Alternatively, the proposed solution could be considered
as a signalling and negotiation scheme for proportionally
fair end-to-end bandwidth allocation between ingress and
egress routers. One then associate logarithmic utility func-
tions to each pair of source-destination nodes. Rather than
actually updating the end-to-end rates, routers signal rate
requests (updated according to the source-rate mechanism
in the optimization flow control), while nodes update link
prices based on rate requests rather than actual traffic. Af-
ter a number of iterations, the actual schedule is updated
by solving the link-price weighted throughput problem. We
will not investigate these schemes further here, but focus on
schemes that react on actual congestion levels.

7. EXAMPLES

We are now ready to evaluate the different variants of the
joint congestion control and S-TDMA scheduling developed
in the previous sections. These distributed schemes will
rely on cross-decomposition (TCP/AQM with incremental
schedule updates) combined with the heuristic algorithms
for distributed transmission scheduling and power control
described in Section 5. To achieve proportional fairness, we
will assume logarithmic utility functions throughout. We



Total utility %

Optimal solution 98.99 ——

Cross decomposition 95.41 —3.62
Mean value cross dec. 94.44 —4.59
Optimal subproblems 90.89 —8.18
Greedy candidate set 89.04 —10.06

Table 1: Performance losses of cross decomposition
and two-step procedure.

will isolate and quantify performance losses in detail for a
network consisting of 10 nodes and 46 links; statistics from a
larger set of network is summarized in the end of the section.

All networks are generated using the procedure described
in [16]. Since our channel reservation algorithms are heuris-
tic, secondary interference may cause the SINR to drop be-
low the threshold for certain links. When this happens, we
follow our model from Section 2 and allocate the link zero
rate, but note that the distributed algorithms would exhibit
better performance if links could resort to a lower link rate
in this case. It is important to note, however, that the pro-
portionally fair performance objective guarantees non-zero
end-to-end rate for all connections if the number of time
slots exceeds the number of network links.

7.1 Performance losses due to cross decompo-

sition and fixed time slot lengths

For easy reference, we begin by reviewing the results and
performance evaluations from Sections 4 and 5. The base
line for our evaluations is the performance of the centralized
optimization (5) based on global network information. An
optimal schedule can always be constructed that uses (at
most) L+ 1 transmission groups, but this is only true if the
system can support variable-length time slots. In contrast,
the cross decomposition approach allows us to incrementally
construct a schedule with fixed time slot lengths. As demon-
strated in Section 4, the cross decomposition approach re-
covers the optimal performance as the number of time slots
tend to infinity and appears to converge faster and more
stably than the mean-value cross decomposition. Table 1
shows the performances of the centralized approach, along
with the cross-decomposition approaches when the iteration
is aborted after 360 iterations.

7.2 Performance of the two-step scheduling

Our schemes for solving the joint transmission scheduling
and power allocation problem rely on a two-step procedure:
first we form a candidate set of links that satisfy the primary
interference constraints and then we let these links negotiate
transmit powers to arrive at a feasible transmission group.

Table 1 shows the performance of the cross decomposition
approach combined with the two-step procedure for trans-
mission scheduling (also in this case we abort the iteration
after 360 iterations). We observe a clear performance loss,
even when we solve the candidate formation and power al-
location subproblems to optimality based on global network
information. Moving from optimal candidate set formation
to a distributed greedy scheme based on local information
gives rise to another, although comparatively smaller, per-
formance loss, see Table 1.

7.3 Performance of the RTS-CTS scheme

We will now consider the performance of the complete
distributed solution based on TCP/AQM with incremental
schedule updates based on greedy candidate set formation
and RTS-CTS-based power allocation and channel reserva-
tion. The algorithm performs best when global information
is available at each node. However, as shown in Figure 6,
even when global information is available, the performance
stabilizes after a small number of iterations. One of the rea-
sons for this is the use of fixed transmit power levels which
may force links to stay silent even if they could enter the
transmission group without causing too much interference
on active links. When only very local information is avail-
able, collisions of data packets can occur due to erroneous
estimation of the external interference level. In this case, the
RST-CTS reservation scheme can not ensure an acceptable
performance and the total utility trend appears unstable.
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Figure 6: Total utility trend for RTS-CTS reserva-
tion mechanism and DPC/ALP.

7.4 Performance of the DPC/ALP approach

Next, we consider the distributed resource allocation when
the transmission group formation is performed using the
DPC/ALP approach. Figure 6 demonstrates that the dis-
tributed approach with DPC/ALP has a stable trend with
small, but consistent, performance improvements in each it-
eration. In general, our numerical experiments have shown a
better behavior of DPC/ALP in comparison with the RTS-
CTS mechanism, in particular when the latter is forced
to use local information only. The precise performance of
DPC/ALP and RST-CTS with global and local information
are shown in Table 2. The protocol based on DPC/ALP has
a total performance loss of 13.4% compared to the central-
ized solution, while the performance of RTS-CTS lies 17.1%
and 26.7% below the optimal.

7.5 Comparison with alternative approaches

Finally, we compare the performance our our schemes
with two alternative approaches: the optimal, variable time-
slot length TDMA schedule (i.e., the optimal solution when
spatial reuse of transmission opportunities is not supported)
and cross-decomposition using transmission group formation
based on a flow-contention graph (i.e., using a crude model
of the secondary interference in the transmission group for-
mation). Basically, in a flow contention graph, links can



Total utility %

Optimal solution 98.99 ——

DPC/ALP 85.85 —13.37
RTS-CTS global info 82.06 —17.10
RTS-CTS local info 72.64 —26.62

Table 2: Performance losses of distributed protocols.
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Figure 7: Comparison of total utility for optimal
and distributed schemes, compared to the alterna-
tive schemes of optimal TDMA and flow contention-
based scheduling for various values of the carrier
sensing range R (R = 1.3dp and R = 1.5dy), where
do corresponds to the maximum distance between a
pair of node in order to establish a link.

be simultaneously activated as long as they are not within
each other’s carrier sensing range [5, 29, 19]. The compar-
ison shown in Figure 7, reveals that the suggested schemes
improve significantly over the state-of-the art solutions. It
also demonstrates the significance of taking interference into
account when scheduling links: the graph-based algorithm
neglects secondary interference when making its scheduling
decisions. As a consequence it tries to activate too many
links, which results in too high interference levels and al-
lows very few (if any) links to meet their SINR targets.

7.6 Performance for a set of sample networks

We have evaluated the performance losses of distributed
scheduling with limited schedule length (the cross decompo-
sition approach with optimal solution to subproblems) and
of the distributed scheme based on DPC-ALP for a set of
10 randomly generated 10-node networks. In this case, the
performance loss of the cross decomposition ranged from
2 — 15% with an average of around 11.7%. The distributed
solution based on DPC-ALP came within 13 — 20% of the
optimal (centralized variable slot-length) performance, with
an average performance loss of 18.7%.

7.7 Rolling Horizon Optimization

The optimization problem described in Section 4 aug-
ments the schedule indefinitely and requires nodes to main-
tain a transmission schedule of ever-increasing length. An
alternative and more practical approach would be to main-
tain and update a schedule with finite length, say M trans-

Total utility %

Optimal solution 98.99 ——
Optimal resource allocation 97.66 —1.34
Distributed DPC/ALP 89.40 —9.68

Table 3: Performance losses using a rolling horizon
optimization.
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Figure 8: Rolling horizon optimization performance.

mission groups, and to sequentially replace the oldest ones
in a rolling horizon fashion. We refer to this approach as
rolling horizon optimization. Figure 8 shows the perfor-
mance of a rolling horizon optimization with both optimal
centralized transmission group formation and the DPC-ALP
scheme. The rolling horizon is fixed to M = 100 time slots.
As we can see, in the first case the rolling horizon scheme
approaches the optimal performance with a remarkable im-
provement in rapidity. This can be intuitively explained by
the fact that the initial TDMA slots are quickly replaced by
new STDMA transmission groups. In the second case we
also got a significant improvement in comparison with the
original algorithm. Table 3 summarizes the results.

8. CONCLUSIONS

We have considered the problem of joint congestion con-
trol and resource allocation in spatial-TDMA wireless net-
works. By posing the problem as a utility maximization
problem subject to link rate constraints which involve both
transmission scheduling and power allocation, we have pro-
ceeded systematically in our development of transparent and
distributed protocols. In the process, we have introduced
a novel decomposition method for convex optimization, es-
tablished its convergence for the utility maximization prob-
lem, and demonstrated how it suggests a distributed solu-
tion based on TCP/AQM on a fast time-scale and incremen-
tal updates of the transmission schedule on a slower time-
scale. We have developed a two-step procedure for finding
the schedule updates, and suggested two schemes for dis-
tributed channel reservation and power control under real-
istic interference models. Although the final protocols are
suboptimal, we have isolated and quantified the performance
losses incurred in each simplification step and demonstrated
strong improvements over the state-of-the art solutions.

There are many natural extensions to our work. The



equilibrium results presented in this paper should be com-
plemented with an analysis of the dynamical properties of
the distributed solution in the presence of network delays.
The algorithms have been derived under assumptions of sat-
urated traffic, i.e., considering bit-level rather than flow-
level performance. Although bit-level optimal policies tend
to work well also for stochastic traffic (see, e.g., [20]), a
queueing-theoretic analysis of the stability properties of the
scheme should be conducted. Further, detailed models of the
protocols suggested by our theoretical analysis should be de-
veloped and their practical performance should be evaluated
in network simulations under more realistic radio environ-
ments. In particular, it would be interesting to compare
the practical performance of solutions relying on dynamic
and static scheduling. On the one hand, dynamic schedul-
ing allows the physical layer to be opportunistic and could
harvest statistical multiplexing gains. On the other hand,
the interplay between opportunistic schedulers and trans-
port layer is non-trivial and careless combinations could re-
sult in lower performance than non-opportunistic use of the
channel [18]. Finally, we have only considered transmission
group formation for single-rate links. Since most modern ra-
dio technologies offer rate adaption, it would be interesting
to derive distributed methods for scheduling variable-rate
links. The computational experiments in [16] indicate that
the performance benefits of variable link rates could be sub-
stantial.
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APPENDIX
Convergence of the cross decomposition method

To prove convergence of the algorithm we need the following
additional assumptions: (1) all links are bottlenecks, (2) the
routing matrix has full row rank, and (3) that the scheduling
subproblem can be solved to optimality. The first assump-
tion can be fulfilled by requiring that all links have at least
one flow using only that link.

First we consider some basic properties of v(c) defined as

V(C Rs<c s>0 Z Up Sp
Also define the dual function, g(c, \), as

g(e,X) = max D Jup(sp) — A" (Rs — c)

LEMMA .1. For every positive capacity vector, there exists
a strict interior point 5 to (5) and strong duality holds.

PROOF. A strict interior point § satisfying § > 0 and
R5 < c can be constructed by setting the elements in 5 to

_ . q
= - = 0 =1,...,P
Sp mlmL e>0, p s s

where € is a small positive constant. Since a strict interior
point exists, Slater’s condition for constraint qualification is
satisfied, hence strong duality holds [2]. [

LEMMA .2. g(c, A) is concave and continuous in ¢ for all
A=0

PRrROOF. Follows since g(c, A) is linear in ¢. [

LEMMA .3. v(c) is concave, and subgradient to v(c) at
¢ is given by the optimal Lagrange multipliers, \*, for the
capacity constraint in the definition of v(c).

PROOF. See [2]. [
LEMMA .4. The optimal Lagrange multipliers \* for the

capacity constraint in the definition of v(c), with ¢ = p > 0,
are bounded and belong to a convezr and compact set A(p).

PRrROOF. Follows analogously to Problem 5.3.1 in [2]. [J

LEMMA .5. The optimal Lagrange multipliers \* for the
capacity constraint defining v(c) are unique.

ProoF. The Karush-Kuhn-Tucker (KKT) conditions are

u'(s*(e)) = R\ (e)
Rs*(c)=c

The latter expression holds by the assumption that all links
are bottlenecks. The observation that the source rate s*(c)
is unique since the objective functions are strictly concave
together with the fact that R has full row rank implies that
A*(c) is unique. [

THEOREM .6. v(c) is differentiable for all c € C,c = p =
0, and the derivative is \*(c).

PROOF. v(c) can now be expressed as
v(c) = min ma Up (s Rsfc min g(c, A

(¢) NEA(p) s>é(2 »(5p) )= /\€A<p)g( )
where the set A(p) is compact (Lemma .4), the optimal La-
grange multipliers A*(c) are unique (Lemma .5), and g(c, \)
is continuous and concave in ¢ for all A € A(p) (Lemma .2).

Furthermore, for every optimal Lagrange multiplier A*, g(-, \*)
is differentiable at ¢, i.e.,

789(0 ) 9 Zup s5) = NT(Rs* —¢) =\

Oc;

Now Danskin’s theorem [2] gives the desired result. [

REMARK 1. Since a p fulfilling ¢ = p > 0, can be found
for all ¢ € C,c > 0, the theorem above gives that v(c) is
differentiable for all c € C,c > 0.

LEMMA .7. The derivative of v(c) is continuous

ProoF. Using the KKT conditions and the implicit func-
tion theorem, it can be shown that A is differentiable with
respect to c¢. This means that A is continuous in ¢, and the
derivative is therefore continuous in c. See [2] for details. [

THEOREM .8. Let u* be the optimal value of the central-
ized cross-layer design problem (5). Algorithm 1 converges
in the sense that limy_ o v(@®) — u

PRrROOF. The update rule for %) can be re-written as

sty _ K

¢ =(1- wk)E(k) + wpc

where wy, = 1/(k + 1) and ¢ is found as the solution to the
congestion-weighted throughput problem
maximize AT¢
subject to ¢ €C
k) >p

Since A is a gradient of v(¢®) at ¢*), this is a conditional
gradient method with an open loop step-size rule [7] that
satisfies
Wk

wi + 1’
Since A* is continuous and the domain is compact (since
¢® e ¢ and &% > p), the derivative of v(*) is uniformly
continuous. By Theorem 1 in [7], limg— o c® = ¢* and

Wk41 = wo =1

limp 0o #(@®) = w*. Thus, Algorithm 1 converges to the
optimal solution. []



