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Abstract— This paper Introduces a robust approach to stochastic
multi-hop routing for wireless networks when the quality of links is
modelled through a reliability matrix R. Yielding to the practical
constraint. that link reliabilities have to be measured, we consider
that R is random with known mean and variance. Thus, network
utilities are also random quantities. Robust routing algorithms are
then introduced to maximize an average utility subject to a variance
constraint; or, alternatively, to minimize variance subject to a minimum
utility yield. We prove that both problems can be solved by convex
programming techniques. We further show that the robust routing
optimization problems exhibit a separable structure enabling the
proposal of routing protocols based on communication with one-hop
neighbors only. Although the communication cost to compute the
optimal routes is thus significantly reduced, we show that there is
no performance penalty with respect to optimal routes computed by
a centralized algorithm.
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[. INTRODUCTION

The design of a routing algorithm can be likened to finding a
path between an origin-destination {OD) pair which is optimal in a
certain sense. In wired networks, this can be almost always reduced
to the problem of finding the shortest path route between the OD
pair using a properly defined cost, i.e., distance, between individual
hops. In multi-hop wireless networks, shortest path routing is
certainly a useful approach, see e.g.. [10] and references therein.
However, the defimtion of a link in a wireless network is somewhat
arbitrary, because there is no tangible connection among nodes.

To be specific, let F:; denote the probability that a packet
transmmitted by the j-th user U; is correctly decoded by the i-th
user U;. In a wired network the reliability F;; is either very close
to 1, if there is a link between U; and U, or 0, if there is not. In
a wireless network, the whole range of E;; values is possible, as
testified by experimental measurements [1]. To deal with links of
intermediate reliabilities, a number of works have advocated link
metrics that depend on K;;, e.g.. [7]. In particular, the link cost
1/Ry; that penalizes but does not preclude the use of unreliable
links has found widespread acceptance [5]. An alternative approach
to shortest path routing is to formulate routing algorithms as
network utility optimization problems based on the matrix R with
entries Fi;. It has been recently shown that many routing schemes
can be formulated as convex optimization problems thus ensur-
ing algorithmic tractability [8]. Furthermore, dual decomposition
techniques can be used to solve these optimization problems in a
distributed manner [9]; see also [6], [4].
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As matrix R 1s not a prion known, it must be estimated in
practice. For instance, U; can estimate F;; by computing the ratio
of the number of acknowledgements received from I7; over the total
number of transmitted packets. Regardless of the specific estimator
used, routing decisions must be taken based on the estimated R.
Thus, the optimal network utility — expressed in terms of R — is
itself an estimate of the real utility. In this context, a problem of
inferest here is to formulate routing problems taking info account
the uncertainty in network utility induced by the uncertainty in
reliability estimates. Finding routes that exhibit robustness against
estimation errors is the problem addressed in this paper.

In particular, we develop routing algorithms so that: (P1) the
variance of a network utility is mimimized subject to a constraint
in the utility; and (P2) a network utility is maximized subject to
a constraint in its variance (Section II). The problem of finding
optimal robust routes may or may not be tractable. Conditions
ensuring convexity — thus tractability — of the problems considered
are introduced in Section I11. Tt turns out that the class of mean and
variance utilities ensuring convexity of the optimization problem
includes many cases of practical interest (Section III-A). Even
though convexity ensures problem tractability, the communication
cost associated with collecting reliability estimates at a cemtral
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 optimal routing matrix (Section IV). We finally
present corroborating simulations (Section V) and conclude the
paper (Section V).

II. PROBLEM FORMULATION

Consider a group of J wireless terminals {I/;}/_, that col-
laborate in routing packets to any out of a set of Jup access
points (AP) {Uj}jijipl. At any given time slot, U; services a
packet with rate p; that we assume is determined by the medium
access control (MAC) layer. If it decides to send a packet, U;
would transmit it to U/; with probability T;;. Instead of a routing
table, stochastic routing algorithms search for an optimal matrix of
probabilities T &€ R F7api ¥+ ap) with entries T:;. To model
the evolution of packets through the network we introduce a matrix
K e RYUH =0+ ee) guch that K;; denotes the probability of
a packet moving from U;’s to U;’s queue. Since the packet moves
from ;s to U;’s queue if and only IJ; transmits it to U, and U
correctly receives it, we have that

for i # 34, (0

Further, note that since T and K are stochastic matrices we have
TT1 = 1 and K¥1 = 1, where 1 denotes the (J+ .J,,) x 1 vector
of all ones. To simplify notation, define the set X = {K : K;; =
Ty Ryfor i £ 5, TT1 = 1,KT1 = 1} of feasible matrices K

Ky =Ty Ry
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that can be implemented — by proper selection of T — in a network
described by R. Note that X is a convex polyhedron.

Packet arrivals at {/; are modeled as a stationary random process
with rate p;. In addition to its own packets, U/; receives packets
from other nodes for a total arrival rate A;. A sufficient condition
for stability (i.e., for the number of packets in the j-th queue to
be bounded with probability 1) is A; < ;. Upon defining vectors
2= [pia“pr]T: = [Fl'lan':,‘u'J]T and A = [Alaﬂ'a}‘J]T:
it can be further proved that all queues will be stable so long as
the p vector of arrival rates satisfies [8]

p=({I—-Ky)A, forsome A&][0,u] (2)

where Ky denotes the J x J upper left sub-matrix of K. The
description of the stable rate region in (2) involves a bilinear
fimction of the problem variables K and T'. It can be proven [8]
that an alternative characterization is

p=(1-Ko)l, T 1< 3

The set of feasible K matrices changes accordingly to K := {K :
Ky = TyRyfor i #£ j,TT1 < p,KT1 = 1}. Since (3)
is a characterization in terms of linear functions of the problem
variables, it is more tractable from an optimization perspective.

To model the fact that R is estimated, we consider that R is
random with known mean and variance:

R = E(R) ()

Biyiyinie = E[(Riy5y — Hiygy W Rigge — Higga)] > 0
implying that the rate in (3) is also random. We further assume that
reliability estimates are mever perfect, ie, Xy;:; > 0 whenever

B 5 # 0. Our goal here is to design robust routing algorithms that
we define as follows:

(P1) Maximize a function of the expected value E(p) = E[{I —
Ko)1] subject to a constraint in the maximum tolerable
variance var(p) = var[{I — Ko)1]'

T" = agmax fol[B( - Ko)1]] (5
st gi[var[(d — Ko)1]] < gos i € [1, M]
where {g:[var(p)|, go:}#%, describes M prescribed toler-
ances on variance utilities.
(P2) Minimize a function of the varance var(p) subject to a
minimum requirement on a function of E{p); i.e., we seck
T — aIg max go [var[(1 — Ko)1]] {®)
st fi[E[(I - Ko)1]] > for i€ [ N]
where {f3[R(p)], foi )

rate utility requirements.

L, describes N pre-specified mean

The goal of this paper is to: (i) compute the mean E{p) and
variance var|p| as functions of R, T and X, ; 405,; and (ii)
establish cases in which (6) and (5) are convex; (i) identify
conditions for (6) and (5) to be equivalent, and (iv) introduce a
distributed implementation of {6)-(5).

'For a random vector v we adopt the notation var(v) to denote a
vector with components [var(v)]; = E[(z; — E(v;))?]. This is to be
distinguished from the covariance matrix Cov(v) := E[(v —E{(v))T {v—
E(v))]. The two are related by var(v) = tr|Cov(v)].

III. OpTIMAL RORUST ROUTES

To compute the mean and variance of p in terms of R and
i1 51,079, Start by noting that the j-th compenent of p can be
written as [cf. (3)]

J+Jap J
pj_leKﬂ_ Z K — Z K )
i=1,15#] i=1477

where in the second equality we replaced 1 —K;; = Ej*ff; ; K

which follows from K being a stochastic matrix. We can now use
the constraint in (1) to write

T+ Tap

> RuTy; -
i=1

which shows that p is a lincar function of the reliability matrix R..

Since R is usually sparse many terms in the sum in (8) are
null. To make this explicit, we define the set o(7) := {¢ : Ry >
0; 1 £ 4, i €1, J+ Jupl}, representing the indices of terminals
{Ui}ijjljw that are able to decede U;’s transmission with non-
zero probability. Likewise, define »(j) = {i : Ry > 0; 7 #£
j, i € [1,J]} as the set of indices corresponding to terrminals
{0}, whose transmission can be decoded by ¥/; with nonzero
probability. We can thus rewrite (8) as

Z T’ZJR” - Z Rj'a.Tj'E. (9)

icc(f) icr(f)

To further simplify notation define r; = Ry ,; and s; =

R; ;) containing the non-zero elements of the j-th column and

row of R, respectively In the same way define ¢; := T4 ; and
t) = Ty ey to write

J
Z RyuTy (8)
=1

(10)

From (10) we can readily express E(p;) in terms of the mean
R := E(R) in (4). Noting that E{r;) = E(R.),j) = R

_ Ty Tt
pj—l"jtjfsjtj.

R4

and E(s;) = E{(R; o)) = R o4y We can take expected value in
{10} to obtain
E(,Oj) = Rc(g),jth — Ric(g)t; = f“?tj — g?t; (1 1)

where we defined T; := Rc(j%j and &; = Rj,c(j).

The rate variance var(p;) can be analogously expressed in terms
of the ¥4 s05, in (4). Indeed, upon defining the covariance
matrices Cov(r;) := E[(r; — #;)(r; — #;)7] and Cov(s;) :=
E[(s; — &;)(s; — 807 and the cross-covariance Clov(r;, s;) =
E[(r; — £;)(s; — 8;)7] we can write
var(p;)= t?COV(I"j Yoy — Qt?Cov(rj, s;0th + t;'TCOV(Sj It

(12)
The (i, k)-th entry of Cov(r;) is given by [Cov(r;)|u = Zij ;.
Likewise, we have [COV(Sj)]ik = Ejz’,jk and [COV(rj,Sj)]?;k =
;,4%. For future reference, note that the rate variance in (12) is
a positive defimte quadratic form in the transmission probabilities
(t, t5)

A particular case of practical relevance is when the estimation
of R is carried out componentwise, e.g, when F;; is estimated by
U; as the ratio between the number of acknowledgements received
from U; and the number of packets sent to U;. In this case the £;
estimates are independent implying that E[( Ry, 3, — Ry 5 ) (Rig sy —
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Riyi)] = B30 a95 = 0 for (in,51) # (i2, j2). Thus, the cross-
covariance Cov(r;,s;) = 0 and the covariances Cowv(r;) and
Cov(s;) are diagonal. We have

J+Top J
varlp;] = > TSy + > Thi%y (13)
i=1 i=1

where we defined Zij = E[(Rij — _ffij)Q] = Zij,ij-

A. Convexity of robust routing problems

Substituting (11) and (12) (or (13) if the FK;; estimates are
independent) into (6) and (5), we obtain an optimization problem
that can, in principle, be solved to obtain the optimal routing matrix
T*. Solving these optimization problems might, or might not be
tractable. Under proper conditions however, we can guarantee that
(6) and (5) are convex, as we assert in the following proposition.

Proposition 1 Consider the optimal robust routing problems in (0)
and (5) and assume that (hl) the fimctions f;[E(p)] are concave
Jor i € [0, N] and (h2) the finctions g;[var(p)| are convex and
nondecreasing in each argument. Then, the optimization problems
in (6) and (5) are convex.

Proof: Since T is constrained by a set of linear inequalities
(TT1 < g and T > 0, to prove that the problem in (6) is convex,
it suffices to prove that: 1) go[var(p)] is a convex function of the
routing matrix T, and ii) f;[E(p)] for ¢ € [1, N] is a concave
finction of T. Correspondingly, (5) will be convex as long as:
iil) fo[E{p)] is a concave function of T; and iv) g;[var{p)] for
i € [1, N] a convex function of T. Thus, the claim follows if (¢1)
fi[E(p)] is a concave function of T and (c¢2) g;[var(p)] a convex
function of T for ¢ € [0, N].

The latter follows from the composition rules of convex analysis
[3, Sec.3.2.4]. Indeed, E[p] is a linear function of T. Composition
of the concave function f;[E(p)] [¢f. (h1)] with the linear function
Elp] [¢f (11)], vields a concave fimction implying (cl). To
prove (¢2) recall that var(p;) is a positive definite quadratic form
with variables t;, and thus convex (indeed, strictly convex). The
composition of the convex and nondecreasing in cach argument
finction g;[var(p)] [cf. (h2)] with the convex function var{p;)
[ef. (12)] is convex establishing (c2). |

Under (mild) restrictions on the utility functions f;[E(p)] and
gi[var(p)], Proposition (1) ensures tractability of (6) and (5).
Consequently, interior point methods can be used to solve these
problems with affordable complexity in the order Q(J%%).

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 w? E(p). The variance of the individual
rates is further upper bounded by a certain tolerance vp; yielding
the problem

7
«T 2Tt
max E wy (rj t; —8; tj)
i=1

t; >0, t; 1<y, je[LJ]

(14)

st var(p;) < voy,

The functions fo[E(p)] = w” E(p) and g;[var(p)] = var(p;)
satisfy the hypothesis (h1) and (h2) of Proposition 1 proving that

the problem in (14) is convex. This can be vernfied by noting that
the argument to be optimized is a linear function of the t;, and
that the constraint var(p;) < wg; is a positive definite quadratic
form on t;.

Different rate ufilities can be used in the argument of
(14). E.g, the minimum rate utility minep i[E{ps)] =
mingepy, 5 (¥ t; — 87 t}) is consider a fair alternative since it
maximizes the rate of the least favored terminal. The sum of
logarithms utility 377_, log[E{p;)] = S37_, log (¥]t; —57t)),
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 pp; for each
terminal {/;, while minimizing the norm of the variance vector,
ie.,

min  |[var(p)||

ERR

(15)

=T =T T .
Bty — 85t > pjo, b 20, 1<y, je (L]

Any norm verifies (hl) and (h2) of Proposition 1 establishing
the convexity of the problem in (15). As a particular case, for
the l-norm we have ||var(p)|: = Zj var{p;) because vari-
ances are always non-negative. For the oo-norm, ||[var(p)|.. =
max (1,7 var(p;). If the R estimate were perfect, (15) would
guarantee rates { po; }7— ;. In the presence of estimation uncertainty,
{15) 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
the entire reliability estimate R and all the variances Y4141 0. tO
be available at a central location, so that the optimization problem
can be solved and the optimal routing matrix T* distributed to
the individual nodes. The drawbacks of this centralized approach
are: i) a large communication cost to collect R and X, 4, 4y, and
to distribute T*; 11) considerable delay to compute T*; and iii)
lack of resilience to changes in the statistics of R. These motivates
distributed algorithms that we pursue next.

IV. ROBUST ROUTING PROTQCOLS

To develop a robust routing protocol, we introduce iterative
algorithms to solve (P1) and (P2) in a distributed fashion. In such
distributed algorithm I7; is interested in computing a sequence of
iterates t;(n) such that as n — oo we have lim, . t;(n) = t},
with {t3}7_, denoting the solution of a problem of the form (P1)
or (P2) for given functions f;(F(p)) and g;(var(p)).

Throughout this section we assume that

[A1] Terminal U; can decode U/; with non-zero probability if and
orly if the probability of U/; decoding U; is also non-zero,

ie, Ry # 0if and only if By £ 0.
[A2] The reliability estimates Ry; are independent, ie., E[(R:, 4 —
Ry g )(Rigge — Riggo)] = Bipgyiage = 0 for 41,1 7 42, Jo.
A distributed algorithm can be developed using dual decomposi-
tion techniques. For simplicity of exposition we concentrate on the
problem in (6) with go[var(p)] = 3" var(p;), and f;[E(p)] =
E(p;) for j € [1,J]. This problems amounts to minimizing the
sum of rate variances while satisfying a (expected) rate requirement
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po; for terminal U;. We further assume that the E;; estimates are
independent so that we can write the sum of variances as [¢f. (13)]:

N
o[var{p)] —Evar pi) (18}
J+Tap T
=303 ) S + > (wsT) S
j=1 | =t i=1
Rearranging terms in (16) and defining the constants
ip = 2458 for ie[1,J] (17

iy = piSy for ¢ € [T+ 1,7+ Jap]

it is easy to see that we can write go[var{p)] =
J+Jap 2 . .
Zj C > im FoyTi. We emphasize that being 2y the
variance of the R;; estimate the constant «;; is readily available
at U;.
Substituting the «;; definitions in (16) into (17), and the result
in (15) we obtain

J
Z tgAjtj
=1

st t; =0

(18)

T T ~ % -
61 <y Bt -85t >0y Vi

where 4; = diag{a,
entries are c(;, ;.

A distributed optimization algorithm separates the original prob-
lem in J sub-problems involving variables t; only. Even though
the objective of the optimization problem in (18) is a summation
of quadratic functions that depend on the local variables t; and
the constraints t; > 0 and t?l < py depend on t; omly, such
separation carmot be achieved for the problem in (18). Indeed, the
constraints 5 t; —85t} > po; involve the local variable t;, and the
variable t} that contains transmission probabilities corresponding
to U;’s neighbon'ng terminals.

This problem can be overcome by resorting to the dual problem.
Define a vector of Lagrange multipliers ~ := [yi,...,v;]7 with
the multiplier ~; associated with the constraint f“?tj — é?tg > poj
and write the Lagrangian:

7 7
= Zt?Ajtj + nyj (,aoj — 't + éth)
=1 =1

(14}» @ diagonal matrix whose diagonal

£({t:}i=1,7)

(19
that is defined over the set {t; : t; > 0,t5 1 < p;}.
The dual function is then defined as
alv) = min L{{ts}1,7). (20)

{tyit; 2067 1<}

Since the problem in (18) is convex strong duality holds and the
optimal value of (18) can be found as max-=o g(~y).

An interesting observation is that the Lagrangian can be sepa-
rated in J “local” Lagrangian containing t; variables omly. This
property also allows a separable computation of the gradient of the
dual fimction. These two properties are introduced in the following
proposition.

Proposition 2 Define the vector ‘y; = oy containing the
multipliers of Uji’s neighbors and the diagonal matrix T'; =

;1 — diag(~}). Define then the local Lagrangian:
T T
L5675, 75) = 5 Aty — 75 Tyt + 5005

We then have that

3y

(i) The (global) Lagrangian L({t;}]_,~) is the sum of the
local Lagrangians in (21), ie.,

J
L({tj}:i;la‘y Z L4( tja’Yﬁ:’fj (22)
i=1

(#) Let t3(v) := aIgmln{t 20, 87y 3y ({t}f 1L,Y) be
the arguments minimizing the Lagmngmn in (20) for a given
multiplier ~y. Then t;(~) is the argument minimizing the local
Lagrangian, i.e.,

min  L;(t;, ). (23)

t(v) = arg ir
520, 67 1<y

(iii) The derivative of the dudl fumction with respect to v; is given

by
a(v)
Ov;
with t;(v) and t5{(~) the solutions of (23).

= po; — 't (v) + § 5 () (24)

Proof: Consider the sum of the local Lagrangians in (21) and use
the definition of I'; := ;I — diag{~}) to write.

N N
Z (b, v,y =Dt Agty +yipos —yiEi s (25)
=1 5=1
N
+Y #diag(v))t
5=1
The last sum in (25) can be written as
erdla,g vyt = Z Z iR Tis
i=lige(f)
7
z’:l ice
I
=D wait (26)

=1
where in the first equality we use the defimtions of f'g and t;; in
the second equality we interchange the order of summations and
use the assumption (j) = r(7); and in the last equality we use
the definitions of & and t}.

Substituting (26) in (25) we obtain
J
T ~T ~T
N Lty v v = Dt Agts + vipor — )ty St
=1 =1
27

Since the right hand sides of (27) and (20) coincide, (22) follows.
To prove (23) use (22) to write the optimal argument t;{~) as

J

min (2 8)

t; = ar
3(7) g{t =0, tT1<,uJ i

Z’f’ tJa’YJa‘Yj
i=1

The only term in the summation in (28) that contains t; is
L£;(t5,7v;,~5) from where (23) follows.
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To obtain the result in (24) note that since A ; is positive definite
(A; is a diagonal matrix with strictly positive elements) it is
invertible. Thus, for any ~ there exists a unique minimizer t;{~) of
£({t;}]_,. The result then follows from Danskin’s Theorem, [2,
pp. 737] stating that: 1) if there is a unique Lagrangian minimizer
—i.e., a unique set {t;{y)}/=, solving (20) — the dual function
is differentiable; and ii) the derivative of the dual function with
respect to +y; is given by po; — 2745 () + 37 t4 (7). |

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 t;(n) and v;(n)
respectively. The iterates are updated according to the following
rules:

[P1] Receive dual iterates ~i{n) from neighboring terminals
{Ushseatsy-

Update the local primal iterates t;(n) using

bl = 3 [45" st + 1))

(P2]
(29)

where |7 denotes projection to the nonnegative orthant and
8;(n) > 0 is chosen so that t] (n)1 = p;. If for making
tT(n)1 = p; we require §;(n) < 0 we set §;(n) = 0.
Transmit the primal iterates t;(n) to neighboring terminals
Wikieets)

Receive primal iterates t;(n) from neighboring ferminals
{Ushieetsy

Update the local dual iterates using

Y+ 1) = [Hm) + e (pog — #ts(n) + 8

[P3

—_

[P4

—

[P5

—_

Tt (m)) |
(30)

with ¢ > 0 a properly selected step size.
Transmit the dual iterate v(r+ 1) to neighboring terminals
1Uitieetn

For sufficiently small step size ¢, as n — oo, the local
iterates t;(n) converge to the optimal robust routes t}
the optimization problem in (18), ie.,

[P6]

solving

lim t;{n) =1t} (31)

Proof: Start by noting that (29) is the solution of the local
Lagrangian optimization in (21), i.e., t;(n) in (29} is such that
tj(n)=arg  min  L;(t;,y(n)). (32)
t; =0, tg“1< 5

Thus, according to (24) we have

é

P oy =5 + 87 ) (33)

2

Consequently, the iteration in (30) is tantamount to gradient ascent
for optimizing g[{~)], implying that for sufficiently small ¢

Jim y{n) =} (34)
with v* := [yi,..., 7] = argmax..q g(+). But since the dual
finction is differentiable, convergence of ~;(n) implies conver-
gence of t;(n).
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Fig. 1. Representation of network reliability estimates R, the color index
represents the value of K;; (J = 120 nodes shown as dots and Jop =9
APs shown as boxes).

Steps [P1] and [P6] simply enswure that dual iterates are properly
commumnicated and received. Steps [P3] and [P4] do the same for
the primal iterates. [ |

The distributed routing protocol [P1]-[P6] overcomes the lim-
itations of a centralized implementation detailed at the end of
Section TII. Indeed, note that the proposed protocol i) requires
communication with one-hop neighbors only, and ii) relies on
knowledge of F;; 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 (18) and its corresponding optimal
ufility are eventually achieved by [P1]-[P6].

V. SIMULATIONS

We present simulation results for the problem in (18). We
consider a network with 120 user terminals randomly placed within
a rectangle area of size 5000m x 3500m. The nodes collaborate
to forward packets to 9 APs. We set all the requested rates
to po; = 0.2. We form R using the empirical distribution in
[1] and then generate the R-ij estimates uniformly distributed
n [(1 — 0.25)Ry;, (1 + 0.25)R;;]. This entails a 25% uncer-
tainty in reliability estimates. The variance of the estimates is
By = (0.5RF)/12. The resulting estimated matrix R is shown
schematically in Fig. 1.

After running the robust routing protocol defined in proposition 3
for 200 iterations, we obtained the optimal routing matrix T shown
in Fig. 2. We see that nodes split their traffic in different routes,
ensuring less sensibility of network utility to estimation errors.

An alternative representation of the data flow throughout the
network, is shown in Fig 3 where we plot the inbound traffic
{green dots) and outbound traffic (red circles) of each node. We
see that near sach AP, there are many nodes with large inbound
traffic. This again indicates that nodes farther away from the AP are
splitting their traffic between many different routes. For any node,
the difference between the red dot and the green circle depicts the
data rate of that node.

To study the convergence rate of our algorithm, we define the
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Fig. 2. Optimal robust routing matrix T' obtained as a solution of (18).
Nodes use different routes to reduce the variance of the estimated rates.
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Fig. 3. The inbound traffic of each terminal is proportional to the size of
the green dot. The outbound traffic is represented by the red circle (R is
shown in the background).

residual as

e(k) == |[v{k + 1) — (K2

which is an indicator of the optimality of the dual iterates. The
evolution of e(k) is shown in Fig. 4. The algorithm converges
slowly at the beginning, but once it gets close enough to the
optimum the convergence rate is very fast.

(35)

VI. CONCLUSIONS

We introduced a robust approach to stochastic routing in wireless
multi-hop networks. Since in any practical implementation link
performance metrics have to be estimated we posed problems
in which average rate utilities (given as functions of estimated
performance metrics) are maximized. To ensure robustness against
estimation errors we further constraint variance utilities (expressed
as functions of the estimator’s variances) to lic within a certain
region.

Convergence

log , flltill}

0 100 200 300 400 500 600
Iteration k

Fig. 4. Convergence rate of the robust routing protocol [PL]-[P6] of
Proposition 3.

From a practical point of view, we showed that the optimization
problems involved are convex, and thus can be solved efficiently us-
ing interior point methods. Furthermore, using dual decomposition
and associated computational methods, we developed a distributed
solution to the robust routing problem.
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