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Abstract—We discuss the design of robust protocols that despite poor
knowledge about network connectivity achieve consistent performance.
Optimal routes and schedules are obtained to (i) maximize a social
network utility subject to a variance constraint; and (ii) minimize a
variance cost subject to a minimum yield. Corresponding optimiza-
tion problems are formulated and shown to be convex under mild
conditions usually satisfied in practice. Protocols are obtained relying
on dual decomposition algorithms that compute the solution of these
optimization problems in a distributed manner. The resulting protocols
yield utilities that come close to the prescribed requirement even when
channel estimates are rough.

[. INTRODUCTION

In a wireless ad-hoc network the determination of routes and
schedules is complicated by the difficulty of acquiring knowledge
about network connectivity. Because of the rapidly changing topol-
ogy, it is likely that user terminals have access only to information
regarding their immediate neighborhood. Even information about
neighbors, e.g., achievable rates in a one-hop radius, is difficult to
acquire. In practice, decisions about packet’s transmission have to
be made based on rough estimates of network connectivity. In this
context, the design of robust protocols that despite poor knowl-
edge about network connectivity achieve consistent performance
becomes of interest.

In a wireless ad-hoc network, packet scheduling and routing
are fundamental problems. The scheduling problem answers the
question of how should terminals divide their transmission time
among the different information flows they are serving. The routing
problem deals with finding a convenient next hop for the packets
of the scheduled flow. The landmark work in [7], [8] offers a
joint solution to these three problems through the “back-pressure”
algorithm whereby routing-scheduling decisions are based on the
difference between queue lengths of adjacent terminals. The back-
pressure algorithm, however, requires perfect knowledge of the
achievable rates between any pair of terminals.

In [5] and [6] we have advocated stochastic routing and schedul-
ing protocols. The idea is to forward packets at random according
to probabilities that are then chosen to optimize pertinent criteria.
The context in these works is to cope with channel reliability issues
in line with the contributions of e.g., [3] and [4]. Nonetheless, it
is apparent that random packet forwarding can be leveraged to
deal with uncertain knowledge of network connectivity. By divid-
ing traffic between different routes, stochastic routing-scheduling
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protocols reduce the effect of channel estimation errors. While
complete cancellation of these is unlikely, it is certainly possible
to make end-to-end communication rates less sensitive to channel
estimation errors.

The goal of this paper is to design robust routing-scheduling
protocols. In particular, we will define two different kinds of
optimal routes and schedules:

Maximum utility. A social rate utility is maximized subject to a
constraint in the maximum allowable variance. These proto-
cols are rate optimal while guaranteeing a bounded departure
from the optimal yield.

Minimum variance. A variance cost is minimized subject to a
minimum required rate utility. These protocols aim at pro-
viding a minimum quality of service while minimizing the
uncertainty brought about by channel estimation errors.

Both of these problems will be formulated (Section II) and
their tractability discussed (Section III). We will show that under
mild constraints in the utility functions the resulting optimiza-
tion problems are convex (Section III-A). Even though convexity
ensures problem tractability, the communication cost associated
with collecting reliability estimates at a central location followed
by percolation of the optimal routing matrix may be prohibitive.
This motivates the introduction of routing protocols based on local
communications only that as time progresses converge to the opti-
mal routing matrix (Section IV). We finally present corroborating
simulations (Section V) and conclude the paper (Section VI).

II. PROBLEM FORMULATION

Consider a wireless ad-hoc network with J terminals {Ui}le
collaborating to support a set of ongoing communications. Without
loss of generality, suppose that the first K terminals {Up}f_;
are destinations of packets randomly generated at other terminals,
with pr; denoting the rate at which U; generates packets whose
intended destination is Ujy. To exemplify notation consider a
network with J/2 bidirectional communications between pairs of
nodes U, Uy(;). In this case we would have that: i) every node
is a destination, i.e., K = J; ii) the arrival rate is null except
for communicating pairs, i.e., pr; = 0 when k # k(¢); and iii)
arrival rates pg; # 0 if and only if p;x # 0. In general, some
nodes may not be receiving packets in which case K < J; some
U}, node may receive packets from more than one source implying
that pi; # 0 for more than one 7; and some U; node may not be
sending packets resulting in py; = 0, V k. We assume that the
random processes generating packets are stationary and define the
vectors px := [pr1,...,prs]” of rates with destination Uj. We
further convene prr = 0.
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Network connectivity is described by the pairwise rates R;; that
are defined as the rate at which U; can transmit packets to U;. We
arrange these probabilities in the reliability matrix R with (3, 5)-
th entry R;;. The matrix R is a function of the transmitted power
and other parameters pertaining to the physical and medium access
layers but is assumed given for our purposes. With a certain margin
of error, elements R;; of R can be measured by channel probing
as will be discussed in Section II-B.

A. Stochastic routing-scheduling and queue stability

At each time slot, a terminal U; that decides to transmit a packet
is faced with a scheduling and a routing decision. Of the intended
destinations {Uk}§:1’k¢i, node U; has to decide which one it
is going to serve, i.e., schedule, in the current slot. Given that
it chooses to send a packet whose final destination is Uy, node
Ui chooses a convenient next hop {U;}/_, ;;, i.e, U; routes the
packet through Uj;.

These are modelled jointly through T%;; that denotes the prob-
ability of U; scheduling Uy, and routing the packet through
U;. Consequently, at any slot, say the n-th, U; selects a final
destination Uy, and a next hop U; with the pair (Uy,U;) chosen
with probability T},;. Packets are then moved from U; to U; at a
rate R;;. Since we are assuming that in any slot U; cannot serve
more than one node we have that

K J
ZZTkijSL Vi #k. ey
k=1 1i=1
Note that the sum of probabilities is allowed to be less than one
so that some probability can be assigned for not transmission at
all. We also have Tyr; = 0, V j and T} = 0, V ¢, respectively
meaning that a destination Uy, does not forward its own packets and
that U; does not route packets through itself. For future reference
define the matrix Ty € R7*7, with (i, )-th element T};.

To characterize the evolution of packets through the network
define a third matrix K with elements Kj;; denoting the rate at
which packets with final destination U, move from U;’s to Uj’s
queue. This rate is the product of the rate T};; at which the pair
of destination and next hop (Ui, Uj) is chosen by U; and the rate
R;; at which packets are communicated in such case. Therefore,
for 4 # j it holds

Kyij = TiijRij, i # J. 2

Given a set of rates {px}r_; and a set of scheduling-routing
matrices {T}+_; the question arises of whether all queues in
the network are stable. To ensure such stability it is sufficient to
require that for all queues the aggregate arrival rates are smaller
than the aggregate departure rate. Consider the queue at U; for
packets with final destination Uj. The aggregate departure rate of
the queue is the sum of the rates at which packets are forwarded
to other terminals, i.e., Z]LL i Brij. The aggregate arrival rate
is the sum of the rates at which packets are forwarded from other
terminals, i.e., Z;}:l’#i Kiji, plus the rate py; at which packets
are generated at U;. To ensure stable ques it thus must hold

J J
Pri + Z Kiji = Z K 3)

i=Li#i =L

For a set of routing-scheduling matrices {T%}~_,, the constraints
in (1), (2) and (3) define a set of rates {px }1_; that ensure stability

of all queues. The {px}i ; set is such that if any rate py; is
increased, at least one queue in the network becomes unstable.

From (3) an expression for the rates {px }1; can be obtained.
Ideally, this could be used as the basis to find routing matrices
{T | satisfying some optimality criteria. Unfortunately, we
do not have access to the rates R;; but to estimates of it. This
motivates the robust routing-scheduling problems that we formulate
next.

B. Robust routes and schedules

To model the fact that the transmission rates R;; are estimated,
we consider that they are random with known mean and variance:

Rij := B(Ri;) @
N 2
i =E |:<Rij - R¢j> :| >0

implying that the rate in (3) is also random. We further assume
that reliability estimates are never perfect, i.e., X;; > 0 whenever
Rij # 0. Rate means are grouped in the matrix R with elements
Rij and rate variances in the matrix 3 with elements ;.

The goal here is to design robust routing algorithms that are
defined as follows:

(P1) Maximize a social utility function of the rates’ expected value
E(pr;) subject to a constraint in the maximum tolerable
variance var(pk;)

{TiHS, =argmax fo [{E(pu)}, ] S
St Gm [{var(pki)}m} < gom m € [1, M]

where fo {E(p;ﬂ)}}“} denotes the mean social utility and

Im [{var(pki)}k L} for m € [1, M] describe M prescribed
tolerances on variance utilities. The constraints (1)-(3) as well
as other ones describing mean and variances to be derived
later on are implicit to the problem (6).

(P2) Minimize a social cost function of the variances var(pk;)
subject to a minimum requirement on a function of the
expected rate E(pg;):

{T;}r_, =argmin go [{var(pki)}kﬂ_] (6)
st fm [{Bloe)} ] = fom m € [1,M]

for m € describe

where fp, [{E(p’”)}kz]
M  pre-specified mean

[1, M]
rate utility requirements and

Jo [{var(pki)} X Z] the social variance cost.

The goal of this paper is to: (i) compute the means E(pg;)
and variances var[py;] as functions of R, {T%}5_; and 3; (ii)
establish cases in which (5) and (6) are convex optimization
problems; and (iii) introduce a distributed implementation of (5)-
(6).

III. ROBUST ROUTING-SCHEDULING OPTIMIZATION PROBLEMS

To compute the mean and variance of p in terms of R and =,
start by substituting (2) in (3) and reorder terms in the latter to
obtain

J J
Pri = Z RijTyij — Z RjiTyji @)
=157 j=1#i
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which shows that p is a linear function of the reliability matrix R.

Since R is usually sparse many terms in the sum in (7) are null.
To make this explicit, we define the set ¢(i) := {j : Ri; > 0; j #
i, j € [1,J]}, representing the indices of terminals {U;}7_, that
are able to receive packets from U;. Likewise, define (i) := {j :
Rj; > 0; j #14, j €[1,J]} as the set of indices corresponding
to terminals {U; }Jle whose transmission can be received by U;.
We can thus rewrite (7) as

Pki = Z RijThi; —

jee(i)

Z RjiTkj; ®)
jer()

To further simplify notation define 7; := R;.(;) and 8; := R,(;);
containing the non-zero elements of the ¢-th row and column of
R, respectively. In the same way define tx; := T} ;,c(;) and t} :=
T r(i),s to write

Pri =T thi — S, th,. )

From (9) we can readily express E(pgi) in terms of the mean
R := E(R) in (4). Noting that E(r;) = E(R; ¢(;)) = R ¢(;) and
E(si) = E(R,(;),;) = Ry(;),; we can take expected value in (9)

to obtain

E(pri) = Ri ciytri — RlG) ithi = 7 tri — 8]t (10)

where we defined ¥; := Ri,c(i) and §; := ﬁr(w,i.

The rate variance var(pk;) can be analogously expressed in
terms of the ¥;; in (4). Indeed, using the variance definition
var(pr:) = E [(pkl fE(p;m-))2] and the fact that link rate
estimates I?;; are assumed independent it follows readily that

varlori] = Y TS+ Y Tes¥ (1)
jee(i) Jjer(y)
To simplify notation define the vectors a; := 3; .(;j and b; :=

3,(i),;- Define then the diagonal matrices A; := diag(a;) and
B; := diag(b;) so that (12) can be rewritten as

var(pri] = thiAitei + t,;Bz‘t;ﬂi (12)

A. Convexity of robust routing problems

Substituting (10) and (12) into (5) and (6), we obtain an
optimization problem that can, in principle, be solved to obtain the
optimal matrices {T}}& ;. Solving these optimization problems
might, or might not be tractable. Under proper conditions however,
we can guarantee that (5) and (6) are convex, as we assert in the
following proposition.

Proposition 1 Consider the optimal robust routing problems in
(5) and (6) and assume that (hl) the functions fp, f{E(p;ﬂ)}kz]
[0, M]; and (h2) the functions
Im [{var(pki)}k,i] are convex and nondecreasing in each argu-

are concave for m €

ment for m € [0, M. Then, the optimization problems in (5) and
(6) are convex.

Proof: Since matrices Ty, are constrained by a set of linear
inequalities [cf. (1)], to prove that the problem in (5) is convex, it

suffices to prove that: 1) go {var(pki)} & J is a convex function
of the routing matrices {T%}~_1; and ii) fr, [{E(p;ﬂ)}k l] for
m € [1, M] is a concave function of ka}le. Correspondingly,

(6) will be convex as long as: iii) fo {E(p’“)}m is a concave

function of {T}£_;; and iv) gm [{Vaur(pki)}lC Z] for i € [1, M]
is a convex function of {T.}f_;. Thus, the claim follows if
(c) fi {E(p;ﬂ)}kl] is a concave function of {Tk}le; and

(c2) gi {var(pki)}k’i} is a convex function of {Tj}_; for
m € [0, M].

The latter follows from the composition rules of convex analysis
[2, Sec.3.2.4]. Indeed, E[pk;] is a linear function of ti; and
t},;. Composition of the concave function f, [{E(pkl)} kl] [cf.
(h1)] with the linear functions E[p;] [cf. (10)], yields a concave
function implying (cl). To prove (c2) recall that var(pg;) is a
positive definite quadratic form with variables tx; and t},, and thus
convex (indeed, strictly convex). The composition of the convex
and nondecreasing in each argument function g., [{var(pki)} kl]
[cf. (h2)] with the convex function var(pk;) [cf. (12)] is convex
establishing (c2). [ |
Under the (mild) restrictions (h1) and (h2) on the utility functions
fm [{E(p;ﬂ)}}“] and cost functions g, {var(pki)}k’i}, Propo-
sition (1) ensures tractability of (5) and (6). Consequently, interior
point methods can be used to solve these problems with affordable
complexity in the order O(J3%).

The conditions (hl) and (h2) are satisfied in many practical
cases. Some examples are given next.

Maximum rate utility with bounded variance. A typical example
of a problem of the form in (P1) is to consider the maximization
of a weighted sum of rates ), , wriE(pr:). The variance of the
individual rates is further upper bounded by a certain tolerance vo;
yielding the problem

max > we (#brs — 87t ) (13)
P
sit.  var(pri) < voki, tri >0, Zt{il <1

k

The functions fo [{E(p’“)}kz] = me;ﬂE(ka) and

Jki [{var(pm-)}l€ 1] = var(py;) satisfy the hypotheses (hl) and
(h2) of Propositi(;n 1 proving that the problem in (13) is convex.
This can be verified by noting that the argument to be optimized
is a linear function of the tx; and t;, and that the constraint
var(pri) < vok; is a positive definite quadratic form on tx; and
th;.

Different rate utilities can be used in the argument of (13). E.g.,
the minimum rate utility miny ; [E(pr:] = ming,; (8] tes — 87 th;)
is considered a fairer alternative since it maximizes the rate
of the least favored terminal. The sum of logarithms utility
> ki log[E(pri)] = 32, ; log (87 te; — 87 t},,), is regarded as an
intermediate point between weighted sum and minimum rate.

Minimum variance with rate guarantees. Alternatively, we may
aim to comply with a minimum rate requirement pox; for each
source-destination pair U;, Uy, while minimizing, e.g., the sum of
variances. The problem in this case is

. T

min Z th Aty 4t/ 5Bt 14
ik

AT AT T

st B tei — 8 thi > poki, b >0, Ztkil <1
k
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It is easy to verify that the functions in (14) satisfy (h1) and (h2)
the convexity of the problem then follows from Proposition 1. If the
R estimate were perfect, (14) would guarantee rates pox;. In the
presence of estimation uncertainty, (14) attempts the same while, in
some sense, maximizing the likelihood of this actually happening.

We have shown that finding the optimal solution to (5)-(6)
incurs affordable computational complexity. However, it requires
all reliability estimates R and variances 3, to be available at a
central location, so that the optimization problem can be solved and
the optimal routing matrices {TZ}szl distributed to the individual
nodes. The drawbacks of this centralized approach are: i) a large
communication cost to collect R and 3 and to distribute {TYE
ii) considerable delay to compute {Tj}7_;; and iii) mismatch
with the lack of infrastructure typical of ad-hoc networks. These
motivates distributed algorithms that we pursue next.

IV. ROBUST ROUTING PROTOCOLS

To develop a robust routing protocol, we introduce iterative
algorithms to solve (P1) and (P2) in a distributed fashion. In such
distributed algorithm Uj is interested in computing a sequence of
iterates ty;(n) such that as n — oo we have lim,—oc tri(n) =
tii, with {t},;}r,; denoting the solution of a problem of the

form (P1) or (P2) for given functions fn, {{E(p;ﬂ)}kl] and

Im L{Var(pki)}k,i] .

Throughout this section we assume that

[A1] Terminal U; can communicate with U; if and only if U; can
communicate with U;, i.e., R;; # 0 if and only if Rj; # 0.

A distributed algorithm can be developed using dual decomposi-
tion techniques. For simplicity of exposition we concentrate on the
problem in (14). A distributed optimization algorithm separates the
original problem in J sub-problems involving variables t; only.
Even though the objective of the optimization problem in (14)
is a summation of quadratic functions that depend on the local
variables t; and the constraints tx; > 0 and Zk t{il < 1 depend
on ty; only, such separation cannot be achieved for the problem
in (14). Indeed, the constraints f'iTtM — éﬁtﬂm > pok: involve the
local variables ty;, and the variables t}; that contains transmission
probabilities corresponding to U;’s neighboring terminals.

This hurdle can be overcome by resorting to the dual problem.
Define vectors of Lagrange multipliers Ar := [Ag1,...,Axs]”
with the multiplier \i; associated with the constraint #] ty; —
8tt},; > pow: and write the Lagrangian:

L {tritr,i, {Au}e) = (15)
Z thi Aty + t/ziBit;m‘ + ki (pok-i — ]t + §;‘Ft;m>
ik

that is defined over the set {tx; : tx; >0, >, t5;1 < 1}.

The dual function is then defined as

q({Ak}e) =

min
{trittri>0, T4 tT,1<1}

L ({tri}r,i {Ae}e) . (16)

Since the problem in (14) is convex strong duality holds and the
optimal value of (14) can be found as maxyx, >0} ¢ ({A&}x).
An interesting observation is that the Lagrangian can be sepa-
rated in J “local” Lagrangian containing tx; variables only. This
property also allows a separable computation of the gradient of the

dual function. These two properties are introduced in the following
proposition.

Proposition 2 Define the vectors Ay; := Ay () containing the
multipliers of U;’s neighbors associated with final destination Uy,
and the diagonal matrix Ay; := \i;1—diag(A\};). Define then the
local Lagrangian:

Li ({tris i, Ajibr) = Z 2th Aty — f';‘-FAkitki + AkiPoki-

k
("
We then have that

(i) The (global) Lagrangian L ({tki}k,i, {Ak}r) in (16) is the
sum of the local Lagrangians L; ({tki, A\wi, X; J1) in (17),
ie.,

L {tritr,i, {Au}r) = Z L; ({tkh)\ki,)\;ﬂ}k) . (18)
(ii) Let

tkz({)\k}k) = arg min L ({tki}k,ia {Ak}k)

{triz0, Ty tf1<1},
19
be the arguments minimizing the Lagrangian in (16) for

given multipliers {Ai}r. Then ti;({Ar}r) is the argument
minimizing the local Lagrangian, i.e.,

tri ({Ax}r) = arg min Li ({bri, Akis Akitr) -

{tri>0, Ty tT1<1},

(20
(iit) The derivative of the dual function with respect to \y; is given
by
9q ({Ax )

EDY = Poki — f‘ﬁtki({Ak}k) + §;rt;m({)\k}k) 21
ki

with tri({ Ak }x) and t,;({ i }r) the solutions of (20).

Proof: Consider the sum of the local Lagrangians in (17) and
use the definition of Ag; := A\i;I — diag(\},;) to write.

D Li ({bnis Meis Ak i) = o)

Z 24 At + Mipoki — Akify thi + f‘fidiag()\ﬁci)tki

ki

The sum of the first terms in (22) is equivalent to

Z 2tk Aty = Z Z 2% Tii;
ki

k,i jec(i)
kyi jec(i) kyi jec(q)

= Z tis Aite; + tlziBit;m‘ (23)
ki

where in the first equality we used the definition of A;; in the
second equality we separated the sums and used the assumption
c(i) = r(i); and in the third equality we used the definitions of
Ai and Bi.
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The sum of the last terms in (22) can be written as
> il diag M)tk = Y Y Ak Ry Thas
ki ki jec(i)

= Akj Z RijTyi;

k,j i€c(j)
=3 s8] thy (24)
k,j

where in the first equality we use the definitions of # and t4;; in
the second equality we interchange the order of summations and
use the assumption ¢(z) = 7(2); and in the last equality we use the
definitions of 8} and t.

Substituting (23) and (24) in (22) we obtain

7L ({bhis Akis A }i) = (25)
Z t; Astri + t/ziBit;m‘ + Akipoki — Auifs thi & Akr8T thy.
ki

Since the right hand sides of (25) and (16) coincide, (18) follows.

To prove (20) use (18) to write the optimal argument

trq ({Ak}k) as
tri ({Ar}te) = arg

min
520, zkt%—;ﬁlfl}k i

Li ({ri, Mei, A bi) -

(26)

The only term in the summation in (26) that contains ty; is
Li ({tki, Aki, Ak; bi) from where (20) follows.

To obtain the result in (21) note that since A ; is positive definite
(A; is a diagonal matrix with strictly positive elements) it is
invertible. Thus, for any set {\} there exists unique minimizers
tri ({Ak}e) of £ ({tri}k,i, {\c}x). The result then follows from
Danskin’s Theorem, [1, pp. 737] stating that: i) if there is a unique
Lagrangian minimizer — i.e., a unique set {tx; ({Ax}x)}x,: solving
(16) — the dual function is differentiable; and ii) the derivative of
the dual function with respect to Ag; is given by the constraint
violations poxs — Pitr: ({ e }x) + 87 th; ({ Ak }x)- u
Using the separability properties described by Proposition 2 we can
propose a distributed routing protocol. Indeed, since a gradient of
the dual function can be computed using local and neighboring
iterates, we can define a routing protocol by using a gradient
ascent algorithm on the dual function. The routing protocol and the
corresponding optimality claim is presented in the next proposition

Proposition 3 Consider a routing protocol in which terminal U;
updates local primal and dual iterates denoted by ti;(n) and
Aii(n) respectively. The iterates are updated according to the
following rules:

[P1] Receive dual iterates \j;(n) from neighboring terminals
{Us}iee
[P2] Update the local primal iterates ti;(n) using

tri(n) = [A;1 (8:(n)1 + Aw)] T @7

where H+ denotes projection to the nonnegative orthant and
8:(n) > 0 is chosen so that 3", t};(n)1 = 1. If for making
S thi(n)1 = Lit is required that 6;(n) < 0 we set §;(n) =
0.

[P3] Transmit the primal iterates tr;(n) to neighboring terminals
{Ui}tieet-

[P4] Receive primal iterates t;(n) from neighboring terminals

{Uj}j €c(i)
[P5] Update the local dual iterates using

Aki(n+1) = [)\kz(n) +c (pom‘ — titri(n) + §1Tt;m(”))J " .
3)

(
with ¢ > 0 a properly selected step size.
[P6] Transmit the dual iterates \i;(n + 1) to neighboring termi-
nals {U;}jec(iy-

For sufficiently small step size ¢, as n — 00, the local iterates
tri(n) converge to the optimal robust routes tj; solving the
optimization problem in (14), i.e.,

lim tki(n) =tz

n—oo

(29

Proof: Start by noting that (27) is the solution of the local
Lagrangian optimization in (17), i.e., tx:(n) in (27) is such that

tri(n) = ar min L; ti7)\¢,)\'i . 30
wi(n) g{tkizo, LTy ({this Akis Akite) - (30)
Thus, according to (21) we have
dq ({\ A .
OalAI) _ gy, fltwan) + 87t D

Consequently, the iteration in (28) is tantamount to gradient ascent
for optimizing ¢ ({A}), implying that for sufficiently small ¢

HILH;O Aki(n) = Ag; (32)
with {A;}r = argmaxix, >0}, ¢ ({Ax}x). But since the dual
function is differentiable, convergence of Ax;(n) implies conver-
gence of ti;(n).

Steps [P1] and [P6] simply ensure that dual iterates are properly
communicated and received. Steps [P3] and [P4] do the same for
the primal iterates. u
The distributed routing protocol [P1]-[P6] overcomes the limi-
tations of a centralized implementation detailed at the end of
Section III. Indeed, note that the proposed protocol i) requires
communication with one-hop neighbors only, and ii) relies on
knowledge of R;; estimates and variances that either U; or U;’s
neighbors have available. Interestingly, there is no optimality
penalty associated with this reduction in communication cost. The
optimal routing matrix solving (14) and its corresponding optimal
utility are eventually achieved by [P1]-[P6].

V. SIMULATIONS

We consider a wireless ad-hoc network with J = 100 nodes
randomly deployed in a rectangle of dimensions 5Km. x 3Km..
To determine the average rate at which terminals can communicate
with each other we let terminals transmit at random with proba-
bility 0.2. In every slot, consider the indicator variable e;(n) = 1
if U; transmitted in the n-th slot and e;(n) = 0 otherwise. Letting
p; denote the transmission power of U; and h;;(n) the gain in the
channel U; — Uj at the n-th time slot. We have

hij(n)pi
o+ (1/5) ZlJ:I,l;éi er(n)hi;(n)p:
where ~;;(n) denotes the instantaneous SINR in the U; — Uj
link for the slot n, o; = —90db the noise power at Uj;, and S =

32 the spreading gain common to all nodes in the network. The
channels h;;(n) are assumed Rayleigh distributed with mean h;;,

Yij(n) = (33)
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Fig. 1. Convergence of the algorithms in Proposition 3 to the required
rates pg(;) ; = 0.2 for a set of 10 representative communicating pairs. Not
all of the rates converge to py(;),; = 0.2 because of the mismatch between

the actual R and the measured R. However, while the estimates have a
25% error, the achieved rates are within 5% of the required rate.

known at the receiver end, and independent across terminals and
time. The mean channel power obeys an exponential pathloss law
hi; = kd(U;, U;)™ where d(U;, U;) denotes the distance between
U; and Uj, and k = 1 and o = 3.4 are constants. By convention,
hii(n) = +oo to ensure that U; does not transmit and receive

simultaneously.

With the SINR ~;;(n) in (33) a capacity achieving code
achieves a rate R;;(n) = log[l + 7i;(n)]. Each R;; element
of the matrix R is the time average of R;;j(n), ie., Rij =
limy oo (1/N) 25:1 R;;(n). The rates are then normalized so
that the maximum rate R;; is equal to one. Every U; node wants
to deliver packets to a randomly chosen destination at a rate
Pr(iy,: = 0.2,

The Rij estimates are randomly generated according to a uni-
form distribution in [(1 — 0.25)R;j, (1 + 0.25)R;;]. This entails
a 25% uncertainty in reliability estimates. The variance of the
estimates is £;; = (0.5R7;)/12.

The convergence of the algorithms in Proposition 3 to the
required rates pr(;),; = 0.2 is illustrated in Fig. 1 for a set of
10 representative communicating pairs. Interpreting convergence
as the point at which the achieved rate is 90% of the required
rate (pg(;),i(n) = 0.18 in the example) the protocol converges in
between 20 to 40 iterations.

Note that not all of the rates converge to py(;),; = 0.2. This is
because of the mismatch between the actual R and the measured
R. However, by minimizing the sum of the variances of py(;),;
the variation of the achieved rates is greatly reduced. While the
estimates have a 25% error, the achieved rates are within 5% of
the required rate.

The type of routes achieved by the protocol in Proposition 3 is
illustrated in Fig. 2. Note how the packets are divided among a
large number of neighbors.
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Fig. 2. Number of packets handled by each nodes in 500 time slots. The
communication between the node marked with the blue (left) triangle to
the node marked by the green (right) triangle is showcased.

VI. CONCLUSIONS

We introduced robust routing-scheduling protocols for wireless
ad-hoc networks that reduce the uncertainty on network utility
yield due to channel estimation errors. The protocols were defined
as solutions of optimization problems that either maximize an
average social network utility subject to a variance constraint;
or, alternatively, minimize a variance cost subject to a minimum
required rate yield. Conditions under which these problems are
convex were found and shown to be not very restrictive. A dis-
tributed implementation based on dual decomposition techniques
was then proposed. Although the communication cost to compute
the optimal routes is thus significantly reduced, it was shown that
there is no performance penalty with respect to optimal routes
computed by a centralized algorithm.

Simulations corroborated that even with rough channel estimates
— with up to 25% error — actual and prescribed utility yields turn
out very close — within 5% of each other.
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