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Low-Complexity and Distributed Energy
Minimization in Multi-hop Wireless Networks

Longbi Lin, Xiaojun Lin, Member, IEEE and Ness B. Shroffi-ellow, IEEE

Abstract— In this work, we study the problem of minimizing
the total power consumption in a multi-hop wireless network
subject to a given offered load. It is well-known that the
total power consumption of multi-hop wireless networks can
be substantially reduced by jointly optimizing power control,
link scheduling, and routing. However, the known optimal cross-
layer solution to this problem is centralized, and with high
computational complexity. In this paper, we develop a low-
complexity and distributed algorithm that is provably power-
efficient. In particular, under the node exclusive interference
model and with suitable assumptions on the power-rate funaébn,
we can show that the total power consumption of our algorithm
is at most (24 ¢)-times as large as the power consumption of the
optimal (but centralized and complex) algorithm, wheree is an
arbitrarily small positive constant. Our algorithm is not o nly the
first such distributed solution with provable performance bound,
but its power-efficiency ratio is also tighter than that of arother
sub-optimal centralized algorithm in the literature.

Index Terms— Energy Aware Routing, Duality, Mathematical
Programming/Optimization, Cross-Layer Optimization.

I. INTRODUCTION

power sources, the transmission power of the communication
links may still need to be properly controlled, e.g., due to
health or regulatory concerns.

In this work, we are interested in the problem of minimizing
the total power consumption of a multi-hop wireless network
subject to a given offered load. The authors of [6], [7] depel
general solutions to minimize the total power consumption
of the network by jointly optimizing power control, link
scheduling, and routing. Although the algorithms in [6]] [7
could be implemented in a distributed fashion when each link
has an orthogonal channel, in general the algorithms there
require centralized computation and high complexity when
links interfere with each other. In this paper, we proposew n
low-complexity and distributed solution to this problemden
a widely-used interference model, called the node-exatusi
interference model. Using this model, the work in [8] de-
veloped a centralized solution that yielded-approximation
ratio (i.e., the resultant power consumption is within atdac
of 3 from the optimal power consumption). In contrast, in this
paper, we will obtain &2+ ¢)-approximation algorithm that is

There has been significant recent interest in developifgly distributed, wheres > 0 is an arbitrarily small constant.

control protocols for multi-hop wireless networks. Manyhp

In a more recent work [9], the authors also develop low-

cations can benefit from the deployment of these networks. fgmplexity sub-optimal energy minimization algorithmsttwi
instance, sensors can form multi-hop wireless sensor mesvoprovable efficiency ratios, under a more general model with

[2] for a variety of applications, such as habitat monitgramd

multi-receiver diversity. However, the solution in [9] aa@p's

the management of sewer overflow events [3]. Vehicles cgfl achieve worse power-efficiency ratios than the solution i
form multi-hop wireless networks to exchange safety messaghis paper. (For example, its approximation-ratio incesas

and traffic information [4]. Wireless LAN devices can formas the node-degree increases even under the node-exclusive
multi-hop mesh networks to provide wireless broadbandsecenterference model.)

[5].

Our solution approach is inspired by the recent progress in

A key issue in developing control protocols for multi-using imperfect scheduling algorithms to develop distéblu
hop wireless networks is to reduce the energy or powgfoss-layer congestion control and scheduling algoritiims

consumption. This is obviously an important issue for brgitte

multi-hop wireless networks [10]-[12]. We first formulateest

powered networks since the power consumption often limighergy minimization problem into a special form that natyra
the lifetime of the network. Even for networks with access tleads to a distributed solution. We then map the solution to
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corresponding components of the cross-layer control pobto
and rigorously establish the stability and power-efficient
the protocol.

Our work is also related to the study of energy-aware routing
protocols for minimizing energy consumption and extending
network lifetime [13]-[17]. These works assume that the
system capacity is battery-limited instead of interfeeenc
limited and therefore do not consider scheduling congain
In contrast, our work explicitly considers scheduling njbj
with power control and routing.

The intellectual contribution of this work is summarized as
follows:

o We develop a low-complexity and distributed joint rout-
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ing, power control, and scheduling algorithm for multi-

hop wireless networks with provable power-efficiency 1 M
ratio. Further, our algorithm can guarantee a better powef(?) min 7 5 Mlim i Z Z he(Re(m)), Q)
efficiency level than some existing centralized algorithms ' T TlecE
o To the best of our knowledge, our solution cannot be subjectto  R.(m) < a. for all e andm,
obtained by extending the known optimal solution in the R(m) satisfies the node-exclusive

literature [6], [7]. Instead, we develop an optimization ap

T constraint for all time-slot 2
proach to the energy minimization problem that naturally s, ()

leads to distributed solutiohsWe also develop rigorous d . 1
. . . - - 1 S Re )
techniques for proving the stability and power-efficiency d;)fe Mese M 1nZ:1 (m)
of the resulted control protocol. for all links e 3)
The rest of this paper is organized as follows: in Section II, Z — Z =Ty >0,
we present the system model and formulate the energy mini- cEN, (v) cEN; (v)
mization problem. We present the solution in Section Ilid an for all d € D and nodes # d, (4)

discuss how to map the algorithm to different network protoc , , ,
components in Section IV. In Section V, we present olfhere fie(m),m = 1,2....is the ratS assigned to link adt
main analytical results on the stability and power-efficien Ume slotm, E(m) = [R.(m)], f = [f¢] and the quantity/;

of the proposed protocol. Numerical results are provided fa" Pe interpreted as the average data rate orrlialfocated
Section VI. Then. we conclude in Section VII. for destinationd. The objective function in (1) corresponds

to the long-term average energy consumed by all links. The
constraints in (3) require that the long-term average datia, r
determined by the power allocation, should be able to suppor
Il. PROBLEM FORMULATION the total average data rate (., %) on each link. The
constraints in (4) require that the total outgoing flow of a

We model a wireless multi-hop network by a directed grad?’Pde should be able to support the t(_)tal _incoming flow plus
G(V, E), whereV is the set of vertices representing the nodeg?e IocaIIy-generated flow, for all destinations. In thet res
and E is the set of edges representing the communicatidif Paper, we will refer to the above problem as Problen (
links. We useN, (v) and N;(v) to denote the sets of outgoing 1. SOLUTION METHODOLOGY
and incoming links of node, respectively. Their unioV (v) L L
forms the set of all links incident on node A. Approximating the Energy Minimization Problem

The system is time-slotted. We adopt the following node- 1n€ optimal solutions developed in [6], [7] could be used

exclusive interference model that is used to characterize F© Solve Problem ). However, their solutions contain a
CDMA and UWB system with perfect orthogonal spreadingcheduling componentwith high computational complexity.
codes and low power-spectrum density [11], [L8]-[20]. und@rder to compute at which power and at what time eachdink
this model, a node can only receive from or transmit ghould be_ ac_:tlvgted, these s.olut|ons peed to solve a complex
at most one node at any time-slot. Further, each link is 9/0Pal optimization problem in each time-siot. ,
power-controlled. That is, if the node-exclusive inteeisge !N tis paper, in order to obtain a low-complexity and

constraint is satisfied, we assume that the possible data f4Stributed solution, we take a different approach. We first

R, of link e is a function of its own power assignmept. approximate £) by another optimization problem that is

We usep. = he(R.) to denote the power consumption fmeasier to solve. The following Lemma [8] provides the first
supporting data rate of. on link e. For every linke, it is step in this direction.

assumed thak.(-) is a non-decreasing and convex function
on [0, a.] satisfyingh.(0) = 0, wherea, is the maximum rate ) .
[0, ] fyingh. (0) e solves Problems) such that for all time-slots: when linke

supported on linke. An example ofh.(-) is the power-rate ) . -
relationship in an Additive White Gaussian Noise (AWGN$S activated the instantaneous data raftg(m) is independent

channel. of m

Each packet may take multiple hops to be delivered from Lemma 1 follows from the convexity of the functidn.(-)

source to destination. Lef,; denote the long-term averag 8]. According to this lemma, we only need to consider
data rate of the flow that needs to be supported from sou ﬁ%se solutions for which thére exists a single valig,
nodew to destination nodé. We useD to denote the set of .| ., thatR.(m) = R. holds for all time-slotsm when

destinations. S . link e is activated.As a result,limy—.oo 27 S, Re(m)
The joint energy minimization problem is now formulategg equal to the product of?. and the fraction of time that

as follows: link e is activated. Therefore, by (3), the objective function of
Problem §) can now be written as

Lemma 1:There exists a power-optimal solution that

>aep £
1We note however that the solutions in [6], [7] are for moreegahsystem Z ﬂhe(Re),
models than the node-exclusive interference model studiehlis paper. ccE Re
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d
where % is the fraction of time-slots that link is the objective function in (6) can be approximated by

activated. S
Further, using the results from low-complexity schedul- Z %he(}%e)
ing [10]-[12], we have ) ¢
. : H 2
o Fact 1: In the optimal solution to+), we must have - Z Noln2 Z n Ny ln 2(Z R ®)
> fé cee L %¢ aep 2Woe deD
> % <1, for all nodesv € V. L. _ _ _
ceN () e Let (f, R) be the optimal solution to Problem (A) with= 1.

o Itis evident that(f, (24 ¢)R), wheres = 1/(3—-n)—2/isa
« Fact 2: Under the node-exclusive interference model, ifaasible solution to Problem (A) witlf = L ~ 7. According
5 .
d to (8), this feasible solution results in power consumptioat
ZdED fe 1 . . . .
> =5 <3 " for all nodesv € V, is (approximately) at most2 + ¢) times the optimal value

e€N(v) of Problem (A) with 3 = 1. Since the optimal value of
wheren > 0 is an arbitrarily small positive constant,”roblem (A) with5 = 1 is a lower bound on the minimum
then a maximal schedule [10]-[12] can be computed suBRWer from Problem«), we conclude that, if we can solve

a ithg — 1 _effici -
that each link is activated foLd;D Je fraction of time- Problem (A) with/3 = 7, the power-efficiency ratio of the

i-
slots. We will discuss more about the role of maximarleSUItlng solution is upper-bounded k¥ + ).
scheduling in our solution in Section IV-B.

Remark: Problem formulation (A) also appears in [8].
} However, our solution is different from this point on. As
Based on these two facts, in the rest of the paper, we Willentioned earlier, their solution is a centralized onettfarn

replace the scheduling constraints (2) by because of some additional approximation steps, the power
Suen 4 efficiency ratio of the solution in [8] i$ (assuming the same
Z =5 < B, forallveV. (5) second-order approximation of the power-rate functionras i
eEN(v) © (8)). In contrast, in this paper we will convert Problem (A)

Problem ¢) can then be approximated by the followingto a convex form, which allow_s us to de_velop a distributed
solution with a better power-efficiency ratio Bf+ .

roblem:

P In the rest of the paper, we assume that Problem (A) is

) >aen /L strictly feasible for somes = 1/2 — 5, i.e., there exists
(A) R Z R, he(Re), (6) (f, R) € X such that the constraints (4) and (5) are satisfied

: cck with strict inequality. Note that in practice this assuroptcan

subjectto  (4) and (5) . . e )
L easily be satisfied by picking the maximum data rate¢o be
(f.R) € X, sufficiently large.
where X = {(ffR) : 0 < R. < a./f¢

> . .
0, for all links e and destinationg}. B. Handling the Non-Conyex!ty ) )

also produces natural bounds for proving the power effigien€>) aré non-convex. Problems of this type are considere@to b
ratio of our solution. Indeed, solving (A) with = 1 provides a difficult in general. To overcome this difficulty, the follamg

lower bound on the minimum power of Problem),(while 3 = change of variable is performed:

N . : P

5 —mn,n > 0 provides an upper bound. Hence, if we can solve > aep fé :

Problem (A) with3 = 2 — n, we can then obtain a solution te = R, for all links e € E.

with a provable power-efficiency ratio. This efficiency oati T
can be derived by assuming a second-order approximationf8
the power-rate functiorh.(-) as in [8]. Specifically, assume
that the data raté. in an AWGN channel is given by

parametefr. can be interpreted as tifraction of time-slots
which link e is activated. Due to the constraint (5), there is
no loss of optimality by assuming that < 1 for each linke.
Later in Section IV-A, we will interpret. also as theoffered
OePe load on link e. The latter interpretation will become more
NOW] ’ appropriate in Section IV-A when we deal with(m) for each
time-slot in the dual solution. With this change of varighie

R. = W log, [1 +

Whe_reW s th? available_ bandwidthy, is the chann_el gain can denote the long-term average power consumption otlink

of link e, Ny is the noise spectral density, and is the as a function oft andf —[f%.d e D], ie.© (f t) =

transmission power. The power-rate functibp(R.) is then b (Saen ¢ © Oe T de]:, H ’ 'I B fe he’fe _

given by che (=422, for t. > 0. To define the value of the function

O, for t. = 0, note thaty_ ., f/t. = Re < a.. Hence, the
Pe = he(Re) = NoW (QRS/W _ 1) _ (7) only feasible point whert. = 0 is when}_, ., f¢ is also
Oc equal to0. Let

Using a second-order approximation, Y, = {(fe,te) . f4>0, forallde D:0<t, <1:

SR IW o 1 4 Beln2 1 R?In*2 > fd<acte}. 9)

w 2 w2’ deD
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We can then define the functi(ﬂae(ﬁ,te) on the domairy,  (13), respectively. For ease of notation, we defjfie= 0, for

as all d. By rearranging the order of the summations, the above
B 0 - equation can be transformed into the following:
Ge(feate) = { ’ Yaep fe ) ’ (10) o
tehe( T ), 0<te <1. L(f, ,ﬁ,@
Note that this definition ensures that the functién is = Zce(ﬁie) _52/‘1) + Z Z(quvd)7
continuous on its domain. e E eV eV deD
Let¢ = [te,e € E], and letY denote the Cartesian product

of Y, for all e, i.e., where

_ PR opd inationg- > >
Y = {(f,f): fE>0, for al; edgese and destinationg; Ce(forte) = Oc(forte) + (Hue) + Hr(e) e

0<t.<1, Z 18 < act., for all edgese}. . Z(qg(e) . (J‘Ti(e))féiv (15)
deb deD

Using the above notation, Problem (A) can be transformed
into and z(e) and r(e) are the transmitting node and receiving

node, respectively, of link.
The dual objective function is then

(B) min Y O.(fi.te), (11)
fi . . P
_ o D(i,§) = min L(f#0,Q),
subject to Z te < /3, for all nodesv € V, (12) (F.ey
e€N(v) R
= _‘IniIl Ce(f67te) _ﬁ Moy
> e Y foTuzo S|, oS
e€N,(v) e€N;(v) d
for all d € D and nodes # d, (13) +;/ dGZD(quvd)’ (16)

(fH)eY.

whereY, is given by (9). In other words, the minimization

We emphasize that Problem (A) and Problem (B) are equif e | agrangian can now be decomposed into minimization
alent. We now show that Problem (B) is a convex progrand,pnroplems for each link. Note that all the information

WT_ need tg.e';ollowmghlefrlnma}. ¢ . -0 needed in minimizing:e(ﬁ,te) is local to link e.
emma 2: Assume that(r) is a convex function om > 0. The dual optimization problem is

Let
0, t=0,
H(f,t)—{ th(1), > 0. (14) (C) max D(fi, 7). (17)

[i>0,g>0
i 0= 0 < . .
;hfr;f(g’?tliaﬁo convex on the domafil = {(f,t) : 0 < Let ©* denote the optimal solution to Problem (B). Assum-
- == ing that the primal problem (B) is strictly feasible, the t8la
ondition can be verified. We can then conclude that there is

The proof is available in our online technical report [ZlﬁO duality gap as in standard results [22, Chapter 5.2.35[p22

and is related to theerspectiveof the functionh(r) [22, ' ,
Chapter 3.2.6, p89]. From Lemma 2, each te@m(f.,t.) Theorem 3:(Strong Duahty) . ) )
in the objective function of Problem (B) is convex, and hence ASSUme that Problem (B) is strictly feasible (and hence its
the entire problem is a convex program. We can then use %%nmal value©™ is finite.) Then there is no duality gap, i.e.,

following duality approach to solve the problem. = maXﬂzo,Ezo.D(ﬁa 7). . o
The next step is to solve the dual problem in a distributed

fashion. We can show thd®(ji, ¢) is concave and a subgradi-

C. Distributed Algorithm Based on Lagrange Duality o . ~
, _entofD(-,-) at (i, q) is given by the following vectog such
To use the duality approach to solve Problem (B), we firgtt the components af are given by

form the Lagrangian:

L(.ﬁf;ﬁv(j) [g]llv = Z te—ﬁa
e€N(v)
= D Ofut)+ D | > te—p @y = D A Ta= > S
ecE veV e€N(v) e€N;(v) e€N,(v)
+ Z Z ¢ Z FE4+ Ty — Z e, Wheref and ¢ solve (16). We can then use the following
eV deD cEN (v) €N, (v) subgradient-ascent method to solve the dual problem.

whereji = [p,,v € V] > 0andq = [¢},v € V,d € D] > Distributed Energy Minimization Algorithm
0 are the Lagrange multipliers for the constraints (12) and At each iterationm,
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1) Atlink e, the data ratqi and the link assignment, A. Routing, Power Control and Link Assignment

are determined by: In Step 1 of the Distributed Energy Minimization Algo-
(ﬁ(m),te(m)) = argmin ce(ﬁ,te,m) rithm, each link solves (18) by minimizing.(f., te, m). We
(fete)EYe now investigate the structure of this minimization probjem

and we will show that this step corresponds to the routing,
power control and link-assignment protocol components. We
first introduce the following transformation:

= argmin {@e (]?67 te)
(ferte)EYe

+ (Mm(e) (m) + Hr(e) (m))te

fé(m) = RE(m)te(m). (21)
- Z(Qg(e) (m) — qg(e) (m))f;i - (18) ) . . .
deD Recall thatf¢(m) is an estimate (at iteration) of the average
2) At nodew, the dual variables are updated by: data rate on link allocated for destinatiod, andt.(m) is an
4 estimate (at iteratiom) of the fraction of time-slots that link
is activated. ThusR?(m) can be viewed as an estimate of the
po(m+1) = ¢ po(m) + am Z te(m) = instantaneous data rate allocated on linkor destinationd.
eeN(v) 19 Substituting the above equation intg(f.,t.,m), we have
(19) (dropping the time indexn when there is no source of
; ., a confusion):
gy (m + 1) =1 %(m) + am Z fe( + Toa Ce(feste) = tele(Re), (22)
e€N;(v) R N
+ whereR, = [Rd,d € D], andl.(R.) is defined as
Z fg(m) ) (20) le( = Z Rd /Lz(e + ,Ur(e))
e€N,(v) deD
where{a,,} is a sequence of positive stepsizes. _ Z [(qg(e) _ Qf(e))Rg} ) (23)

deD

Remark:In the above algorithm, we use the same stepsize
for updating Z and f at each iteration. This is simply for Sincet, > 0, to minimize (22), we should first minimize
I.(R.) as a function ofR, over0 < > aep RE < ac. Note

ease of notation: the stepsizes can be different for each deat function, () takes as input parameter the sum of the
e

variable. data rates allocated for all the destinations on this limk. |
The above exercise of using Lagrange duality is standar
her words, from the viewpoint of power consumption, it is

However, there are a number of questions that are not & nd|fferent to which destination the data rate is allocdtadas
swered by the above algorithm alone. First, how does t‘w

ong as the total data rate is the same. Further, we can ieterp
algorithm translate to practical network protocol compus@ 4(m) in (20) as thebacklogat nodev for destinationd (since
Second, note that the primal problem is not strictly conve g

Specifically, the objective function of Problem (B) contaim It'captures the cumulative difference between the inpetaatd
output rate at node for destinationd). Then, the minimum
linear term (see (10)). Hence, the dual objective funct®n i

of l.(R.) is attained wherall the data rates are allocated to
not always differentiable. In practice, in order to dynaatic . . ) o .
o the destination with the maximum positive backlog diffeeen
track the changes of the network condition (e.g., as theeaxdfe other words, if we let
load ¢ changes), it is typical that a constant stepsize is usea
As a consequence of the lack of differentiability of the dual d= argmax(qj(e) — qf(e)% (24)
objective function, the algorithm will not always be able to deD

converge to a single operating point. Rather, the dual bkt then to find the optimal value df., we should letR? = 0 for

11,(m) and g (m) could oscillate around their corresponding,;, # d. With this observation, the minimization éf(R.)

optimal values. Further, even if the dual variables areex:loEan be reduced to a minimization problem of a single-vaeiabl
to the optimal values, the primal variablggm) and #(m) function, i.e..

may not. Hence, it is not immediately clear what level o

performance this algorithm will be able to achieve. In the min le(Re) = he(Re) + (ta(e) + tar(e))
next two sections, we will carefully address these question ~ 0Sftesae
and quantify the performance levels of the resulting proftoc _ max(qd( - qd( )| Re. (25)

deD

IV. MAPPING TONETWORK PROTOCOL COMPONENTS Let R, (m) denote th fimal solution to (25). Wi "
. . . I . Let R.(m) denote the optimal solution to . We can then
In this section, we will map the Distributed Energy Min et Ri(m) — R.(m) if d — d, and R%(m) = 0, otherwise.

imization Algorithm to various protocol components. Récal . - d

that in each iteratiomn the Distributed Energy Minimization Eor example, ific (v) . exp(z) —1, andmaxge p (7 e (m) =

Algorithm updates the variable§m), i(m), fi(m) andq(m) 9 (m)) > 0, then RZ(m) = [log(q{,,(m) - Ao (M)

according to Equations (18)-(20). We will basically idénti and R?¢(m) = 0 for all other destinationg # d.

iteration m with time-slot m, and use the values of these Now thatﬁe has been chosen to minimiig(ﬁie) in (23),

variables as the control decisiontahe-slotm. the next step is to determine the valuetpfover the interval
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[0,1] to minimize c.(f.,t.) = t.l.(R.). Clearly, the optimal interfere with each other, and hence cannot all be activated

t. value is immediately in time-slotn. A scheduling algorithm is then
1, if l(Re(m)) <0 needed to schedule (at least some of) these links for aotivat
te(m) = { 0’ if le(Re(m)) > 0’ (26) at a later time. In particular, for each lirkand each time-slot

m such thatt.(m) = 1, defined.(m) > m as the time-

Note that among the three terms @&f(R.) in (25), the slot when the scheduling algorithm can actually activate th
term h.(R.) can be viewed as thpower costdue to power link e for this particular link-assignment instance. For obvious
consumption; the terry., .y (m)+u,)(m))t. can be viewed reasons, we require a one-to-one mapping from each time-
as thescheduling costdue to the constraint on the frac-slot m with t.(m) = 1 to é.(m), and a natural ordering of
tion of the time each link can be scheduled; and the terfp(m) such thats.(m) < d.(m2) for everym; < msy and
ZdeD(qg(e) (m) — qf(e) (m))f2 can be viewed as thetility ¢.(m;) = t.(ms) = 1. Hence, the inverse mapping 6f(m)
of transporting data on link. Hence, according to (26) weis well-defined, and we denote it dy ! (m). For those time-
will assignt.(m) = 1 only whenthe utility of transporting slotsm when link e is not activated, they do not correspond
data to next hop is no smaller than the power cost plus the any time-slotm’ with ¢.(m’) = 1 and 6.(m') = m. In
scheduling cost Substituting into (21), the values ¢f(m) this case, we definé;'(m) = —1. Consider the following
can then be set ag’(m) = R.(m) if t.(m) =1 andd = d, equation,
and f¢(m) = 0, otherwise. ; J ;

So far we have derived the values §fm) and f(m) at ~ @u(m+1) = {Qi(m) + am [T

iterationm according to (18). We now use the values of these +
variables as the control of the various protocol componients 1 3" d(5; (m)) — > f4(8, () - (27)
time-slotm. The minimization ofc.(f., t.,m) on each link €Ny (v) €Ny (v)

then naturally translates into the following protocol camp

nents. At each time-slot, Itis easy to see that when,, = a andQ?(0) = 0, Q¢ (m)/«

1) Routing: Choose only the rova(m) with maximum Provides an upper bound on the r_eaI gqueue maintained at node
positive backlog difference (cf. (24)). This is the flow? for Packets destined to node(Itis an upper bound because
that should receive service. the actual number of incoming packets to nadare less than

2) Power control: ChooseR. (m) to minimize l.(R.(m)) ©OF €aual 10 - cy. () fE(07(m)).) Note that here we have
in (25). Then,h.(R.(m)) is the power assignment thatused the convention thaf?(—1) = 0 for all d ande, which
link e should use, andk.(m) is the corresponding datalS consistent with the value of?(m) for those time-slots
rate assigned to link when it is turned on. whent.(m) = 0. Thus, we need to design an algorithm for

3) Link assignment: Choose #.(m) to minimize determinings.(m) such that: (i) the real queues are bounded;
te(m)le(Re(m)) in such a way thatt.(m) takes and (ii) the energy consumption is close to the minimum value
its maximum valuel if the optimall.(R.(m)) is less Of Problem (B).
than or equal to0; and 0 otherwise. This determines We address this problem by mapping it to a scheduling
the amount of time that link should be on. problem for stability (similar to those in [10], [11], [236])

Therefore, when linke is turned on (by the schedulingas follows. Consider a virtual system with the same topology

component to be discussed in Section IV-B), it will the@S the_ original system, except that eaclh linkhas a ”r_"t
use the power leveh, (R, (m)) (and the corresponding datac@pacity. Whenever, (m) = 1, we offer a virtual packet with

rate R.(m)) to transfer packets for destinatiaifim) from its YNt length to linke. Hence, the process(m),m = 1,2, ...
transmitting node to its receiving node in the correspogdiﬁepresents the virtual offered load to_IlkV_\le let each virtual
time-slot. (Note that each link will carry packets for atsho packet remember the time-slot that it arrives. Note thateund
one destination at each time-slot.) Once the decisions of the node-exclusive interference model, at any time slot the
the above protocol components are determined based on [ffSiPle schedule must be a matching. (A matching of a graph
dual variablesy,(m) and ¢¢(m), these dual variables arelS @ subset of the links such that no two links share a common
w{m), . ST .
then updated according to (19) and (20). The only remainiﬁ‘é’de') At each time-slotn, once a matching in the virtual
problem, however, is that not all links with.(m) = 1 can

system is chosen, each matched linkwill then serve one
be activated immediately because they may violate the nod&iual packet. In /the original system, this service copresls
exclusive interference constraints. We next addressgbigei  © asSigningdc(m’) = m, wherem'’ is the arrival time-slot
of the head-of-line virtual packet just served. In other dgr

. ) ) in the original system linke is activated at time-slotn, and

B. The Maximal-Matching Scheduling Component we use the value of¢(m') to serve packets on link at this
As we have seen thus far, the duality approach exploits ttime-slotm.

problem structure and decomposes the primal problem intoWith this construction, the amount of backlog and the
sub-problems that immediately translate to protocol compdelay in the virtual system then correspond to the number of
nents. However, in the above discussions, although we hdivk-assignments pending to be scheduled and the schegdulin
considered the scheduling constraint in the form of (12), wielay, respectively, in the original system. Intuitivelfywe
have not studied the actual schedule of activating the lihks can design a scheduling algorithm that can keep the backlog
particular, the links that are assignedm) = 1 may in fact and delay of the virtual system to be bounded, then the real
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queueQ?(m) will be bounded as long as the dual variablethat the average number of rounds required to compute a

q%(m) are bounded. Further, such a bounded scheduling defagiximal matching i€ (log |E|), where|E| is the total number

will not alter the long-term average power consumption.igThof links in the network. We refer the readers to [27], [28] for

argument will be made precise in Section V-B.) more details on the distributed implementation of maximal
In this paper, we are interested in a simple scheduling algechedules.

rithm called maximal-matchingThis algorithm will schedule By combining the Distributed Energy Minimization Algo-

a matching with backlogged links such that no more linksthm and the maximal matching scheduling policy, we then

can be added without violating the node-exclusive interfee obtain a cross-layer protocol for energy-minimizationjethis

constraint. More precisely, denote the virtual backlogirit | summarized as follows. In this protocol, we use the coneenti

e as that the computation at each link is carried out at the
m—1 m—1 transmitting node:(e). We also implement the virtual backlog
Ve(m) = Z Lir(s)=1} — Z L5t (a)2o1)- at link e as a FIFO queue.
s=1 s=1

Clearly, v.(m) > 0 for all m. Let #(m) = [v.(m)]. Denote Distribute_d Energy Minimization Protocol
M(m) as the actual set of links that are scheduled in the At €ach time-slotn, _
virtual system at time-slot.. Then, for the maximal-matching 1) Each node exchanges the valye, (m) andgg (m) with

scheduling policy, at least one of the following statememtst its immediate neighbors (that share a common link).
be true. For any link that has non-zero virtual backlog (i.e., 2) Link e finds the flowd(im) with the maximum positive
Ve(m) > 1): backlog difference in (24).

. eithere € M(m); 3) Link e calculates the rate assignmeRt(m) that min-

imizes l.(R.(m)) in (25). The corresponding power
assignment is theh.(R.(m)).
4) A virtual packet with the informatiod(m) and R.(m)
is appended to the end of the virtual queue at link
The algorithm in [27] is used to compute a maximal
matching among those links with positive virtual back-
logs.
Ve(m + 1) = ve(m) + te(m) — Licepmm)}- (28) 6) For each linke that is chosen in the maximal matching,

. ) remove one virtual packet from the head of the virtual
Let A, denote the average number of packets that arrive to link  gueue at linke. Let m’ denote the time-slot that this

e in the virtual system. It is well-known that, under the node-  yjrtyal packet arrived.
exclusive interference model, when the offered load sefisfi  7) |ink e then uses the valud(m’) and R.(m’) as the

2 cen() Ae < 1/2 for all nodesv, then maximal-matching is routing and power control decision at time-stot
guaranteed to produce a schedule such that the virtualdmckl g) Each nodev updates the dual variables, and ¢?
at each link does not grow to infinity. In the Distributed Eger according to (19) and (20). h

Minimization Algorithm, if we chooses = 1/2 — ) for some
n > 0, then as long as the dual variahle(m) is bounded, it
implies that the long-term offered-load to the virtual gyst
satisfies) .. y(,) Ae < B for all nodesv. Hence, the virtual

o Orl € M(m) for some interfering link € N(z(e));
e Orl € M(m) for some interfering link € N(r(e));

wherex(e) andr(e) are the transmitting node and receiving
node, respectively, of link. (Note that links with zero virtual )
backlog are not scheduled.) The evolution of the virtual
backlogv,(m) is then given by

Note that to carry out the above control protocol, each
link only needs to know the dual-variables at its end-points

backloa of each link under the maximal matehing policy wil urther, to update the dual variables, each node only needs t
<109 nicu . Xl 1ING POTICY Wik vy the control decisions at the links incident to it. Takin
be finite. As we will show in Section V, we will then obtain.

a scheduling algorithm that both keeps the real qu@fien) into gccount the_ over_head of the d_lstrlbuted implemenabio
. g maximal matching (discussed earlier), the number of messag
bounded, and achieves power-efficiency close to the salut

of Problem (B) 'hat each node needs to exchange with its immediate neighbor
Th : 'I ichi heduli oy i 0o i in each iteration is of the orded(Xlog |E|) whereX is the
€ maximai-maiching scheduling policy 1S easy 10 Mg ayimum node-degree. In the next section, we will carefully

plement. Essentially, if linke is backlogged (in the virtual uantif o -
. . . y the stability and power-efficiency of the crosgea
system) and its neighbors have not been scheduled, thea li otocol proposed above.

itself should be scheduled. The maximal-matching scheduli
policy can be implemented in a distributed fashion using the
algorithm in [27]. This algorithm proceeds in rounds, whiere
each round it computes a (not necessarily maximal) matchingIn this section, we will answer the following two questions.
and then proceeds to the next round by removing those linksst, can the protocol developed in Section IV support the o
that either have been matched or that have a neighboring lfieked load given by7¢]? Second, what is the power-efficiency
that is matched. The algorithm terminates when there are ofothe proposed cross-layer control protocol? We note that
links left. Then, the union of the matchings found in all rdsn these questions cannot be answered by standard results in
form a maximal matching. In each round, the algorithm onlgonvex optimization and duality theory alone. The reason is
requires each node to exchange a small amount of contbelcause the introduction of the maximal-matching schaduli
messages with neighboring nodes. The result of [27] shoasmponent in Section IV-B leads to some complication in

V. PERFORMANCEANALYSIS
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analyzing the dynamics of the protocol. In particular, & linvariablesfd(m) andt.(m) is close to the minimal valu®* of
with t.(m) = 1 may need to be activated at a later tim&roblem (B). In other words, even though the primal variable
5.(m). This delayed activation leads to a discrepancy betwegfi(m), {(m)) may not converge, by usingf(m),(m)) for

the value ofg?(m) and that of the real queue. For ease adach time-slotn, the long-term average of the resultant power
exposition, in this section we will first ignore the maximaleonsumption is arbitrarily close 1©*. Finally, Theorem 4 re-
matching scheduling component, and study the propertiesvefals a tradeoff between power-efficiency and the converyen
the control variableg?(m) andt.(m) computed by (18)-(20) speed (depending on the step-sige A smallera will drive
under the assumption that all links with(m) = 1 can be the average power-consumption closeito, although it will
activated immediately in time-slat.. We then remove this take a larger number of iterations before (31) holds.
unrealistic assumption, and relate the propertieg’dfn) and
t.(m) to the actual performance of the protocol when th

maximal-matching scheduling component is used. 8. Stability and Power-Efficiency with the Maximal-Matdhin

Scheduling Component

Theorem 4 establishes the stability and optimality of the
primal variablesf?(m) andt.(m). However, as we discussed

Since the algorithm in (18)-(20) is a standard subgradierjt the beginning of this section, due to the delayed-adtinat
ascent algorithm for the dual problem, we would expect thgf the links, there is a discrepancy between the real quetie an
the dual variables will converge to a neighborhood of somge value ofs?(m). Hence, in order to ensure that the offered
optimal value. However, the primal variablgg(m),t(m)) load [T%] is supported, we must prove that the real-queue is
will likely oscillate. For examplet.(m) is either0 or 1  stable. Further, we must show that the delayed-activatfon o
according to Equation (26). A natural question to ask then e links does not change the average energy consumption in
the following: In what sense are the primal variable§ (m)  the system. Towards this end, we first show that the delay in

A. Properties off¢(m) andt.(m) with Constant Stepsizes

andt.(m) optimal? activating the links is bounded.
The following theorem answers this question. Recall that| emma 5: Assume that the positive stepsizes are fixed,
©* is the minimum value of Problem (B). Let i.e., a,, = « for all time-slotsm, where0 < o < ap and

2 ag Is given in Theorem 4. Lef); be the bound on the dual
W =4|E*+|V|+8 (Z a€> +2 Z Z T2, (29) variablesyu,(m) for all nodesv and time-slotsn. (Note that

ccE veV deD such a bound exists due to Theorem 4). Let
Theorem 4:Let the stepsizes in the Distributed Energy Ty = _ 1601 = >IN,
Minimization Algorithm be equal to a constant, i.e,,, = «, a(1/2 - ) eV

o 3l me sy, Lt 8 be e s ) 0 25 Then o any ke and anyn with (1) = 1 th ity
. ~ - . . activating the linke is no greater thafy, i.e.

mingz- gvea ||(4, @) — (%, ¢°)||. Given anye > 0, there exists

someag > 0 such that, for any < @y and any initial implicit Se(m) —m < Tp.

costs (4i(0), ¢(0)), there exists a time\l, such that for all  The proof is provided in Appendix B. To obtain the above

m > Mo, upper bound on the delay, we have assumed that, for each
d((fi(m),q(m)), @) <e. (30) link e with a positive virtual backlog, either link or only one

of its neighboring links must be scheduled. As a result, the

delay bound in Lemma 5 increases to infinity/aapproaches

1 . N 1/2. In practice, it is possible that maximal matching can pick

— DN Oc(felr) te(r) < O +aW. (31)  two neighboring links of linke at the same time. Hence, as

we observe in the simulation results in Section VI, the dctua

(%elay is often much smaller than the above bound.

We can now state the main result of this section.

Theorem 6:Assume that the positive stepsizes, are

ed, i.e.,a,, = « for all time-slotsm, where0 < a < ag

dand Qo is given in Theorem 4. Lefs; be the bound on the

al variablesg?(m) for all v, d andm. (Note that such a

und exists due to Theorem 4.) With the maximal-matching

Further, for anym > 2“£0LI0) ' we have

The proofTofl'Fﬁgorem 4 is provided in Appendix A. It show:
that, when stepsizes are small, the dual variables evéntu
converge to within a small neighborhood of the optimal dual
solution. Note that under the assumption that all links WitP
t.(m) = 1 can be activated immediately in time-siot, the X
boundness of?(m) immediately implies that the offered loa
[T4] are supported by the protocol. In other words, accordinﬁ%

to (20), . ) .
0 (20) scheduling policy stated earlier, the real que@é$m) at all
mifl Z ., ., Z ., nodes must be bounded at all time-slots by
fe(s)+Tv - fe(s) _
s=m e€N;(v) e€N,(v) Qg(m) <@3+ aT0[2 Z e + T;;i]v

must be bounded for all time-slots and for all ; > 0. e€No(v)

Hence, the constraint in (4) is satisfied when we tgkein where T} is the maximum delay given in Lemma 5. Hence,
(4) as the long-term average ¢f'(m). Further, Theorem 4 the offered-loadT?] is supported by the cross-layer control
shows that the power consumption determined by the prinmabtocol. Further, the long-term average energy consumpti
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TABLE | 22
THE TWO FLOWS SUPPORTED BY THE NETWORK
source | destination | data rate paths
flow 1 1 7 250 kbps 1-7, 1-2-7
flow 2 3 6 500 kbps | 3-2-6, 3-4-5-6 %
7
3
o
s
1 3 4 e~
p
2
08y —— Distributed Algorithm
- - Offline Computation
7 . 6 0 2000 4000 6000 8000 10000 12000

Iterations

Fig. 2. Power consumption from distributed algorithm anélircf
computation.cc = 0.1.
2.2 T

S —a=0.03
s N - - - a=0.05(|
- - a=0.08||
a=0.1
—a=0.3 {

Total Power (mW)
-
N

o
©

o 2000 4000 6000 8000 10000 12000
Iterations

Fig. 1. Network topology

Fig. 3. Power consumption from distributed algorithm as vhkie
of « varies from0.03 to 0.5.

is no greater tha®* + oW, where©* is the minimal value
of Problem (B), andV is the constant defined in Theorem 4. For each setting, offline computation is carried out to find
The proof is in Appendix C. According to the discussion ithe minimum value®* of Problem (B), which is given by
Section IlI-A, by takings = %—77- we then obtain a distributed the dashed line in Figure 2. The power consumption from
solution whose power-efficiency ratio is upper-bounded hijie proposed distributed algorithm is shown as the solid
(2+4¢), wheree =1/(3 —n) — 2. line in the same figure, where we have chosen= 0.1.
This simulation result shows that our proposed solution is
capable of achieving the near-optimal power-consumptién
in a distributed manner, and automatically tracking thernea
We first simulate a simple 7-node network (see top figure #ptimal operating point once the system parameters change.
Figure 1). The rate-power function is of the following form:  To illustrate the tradeoff between convergence speed and
oup power-efficiency as the stepsizevaries, we also simulate the
Neme/] , distributed algorithm for different values of. As we can see
0 from Fig. 3, whenx increases fron.03 to 0.5, the algorithm
whereW = 1.0 MHz is the available bandwidthy;. = 1.6 x  converges faster, although the power-consumption ineseas
1013 is the channel gain of link, Ny = 1.6 x 10~ mW/Hz slightly whena is large. Nonetheless, for the rangecothat
is the noise spectral density, is the transmission power, andwe simulated, the power-consumption levels are all close to
R, is the resultant instantaneous data rate of {inkhe power- the value©*.
rate functionh.(-) is then given by (7). This network supports We also plot the evolution of dual variables at selected
two flows, as shown in Table I. links whena = 0.03 anda = 0.1 (see Fig. 4 and Fig. 5,
The node-exclusive interference model is considered, afgspectively). We can observe a similar tradeoff between
we usef = (0.5 — 10~*) in Problem (B). To show that convergence speed and accuracy for the dual variables.
our proposed solution can adapt to variations in the inputAs we discussed in Section V-A, in general the primal
parameters, we apply the following changes in the systes@riablesk?(m), t.(m) andf¢(m) do not converge. In Fig. 6-
setting. At iterationt = 4000, the channel gairv(; ;) of Fig. 8, we plot their time-averaged values (over a moving
the direct link between node and node7 is decreased from window of 200 iterations). We can infer the change in the
1.6x10-'3 t00.4x 10~ 13, At iterationt = 8000s, the data rate routing and scheduling decisions from Fig. 8:
of flow 2 (from node3 to node6) is reduced fromb00 kbps « In the initial state, flowl concentrates on the minimum
to 250 kbps. energy path, namely, linK1,7) (see the solid line in

VI. NUMERICAL RESULTS

R. = Wlog, [1 +
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Fig. 6. Instantaneous data ratggd) for different flows on four linksa =  Fig. 9. Power consumption from distributed algorithm forigger network.
0.1 The value ofa varies from0.05 to 0.3.

Fig 8). We then simulate the distributed algorithm on a bigger
At iteration ¢t = 4000, the channel gaimw, 7) reduces network (see the bottom topology in Fig. 1). The channel
by 75%, and part of flowl is shifted to pathl — 2 — 7 gains and rate-power functions are chosen as before. There
(the dotted line). Since the scheduling capacity of n@deare four flows from sourcé; to destinationD,, i = 1,2, 3,4,

is saturated, a larger percentage of flows then routed respectively. The data rate of each flow280kbps. In the
through path3 — 4 — 5 — 6 in the optimal solution (the middle of the simulation, the noise density in the shaded
dash-dotted line). area is increased by four times. In Fig. 9, we plotted the
At iteration ¢ = 8000, the traffic that the network haspower-consumption for three values@fAgain, the algorithm

to support between node and node6 reduces (flow2 converges close to the optimal operating point, and the powe
is reduced ta250 kbps). As a consequence, part of thefficiency improves whei is smaller.

scheduling capacity of node is freed, and more of Finally, in Fig. 10 we plot the sum of the virtual queues
flow 1 takes pathl — 2 — 7 to reduce the overall power v.(m) (for the bigger network) due to the maximal matching
consumption (the dotted line). scheduling component. We can see that the virtual queues are



LIN, ET. AL.: LOW-COMPLEXITY AND DISTRIBUTED ENERGY MINIMIZATION IN MULTI-HOP WIRELESS NETWORKS 11

100

o APPENDIX
sl ] A. Proof of Theorem 4

g 70t ] The proof technique here is similar to [7]. First, note thnmt t

2 60} ] subgradient of the dual objective function is bounded bseau

g ol 1 0 < t.(m) < 1 and f4(m) < act.(m) < a.. Given any

5 40 1 e > 0, define the set.,» = {(i,q)|d((i,7),®) < £/2}.

z 30W Using the results of [29, Lemma 8.2.1 and Proposition 8.2.2,
20} p471-473], if the stepsize is sufficiently small, whenever the
10} ] vector of dual variablegii(m), g(m)) is outside the seb, ,,

R T T S e T | it will move closer to®, and hence will eventually enter the
Iterations x10° set®. ,. Further, once the vector of dual variables is in the

set ./, at the next iteration it can move away froin /,
by at most a distance proportional 40 Hence, by (possibly)
further decreasing the stepsize we can ensure that the dual
variables will never leave the s@k.. This proves the first

in fact very small (the sum is around 30) even thouih= 51t of the Theorem. Note that it implies that the sequence
1/2 — 10~* is close to1/2. The average scheduling delay{(ﬁ(m) G(m))} is bounded.

(not plotted) is less thah time-slots over all links, with the "~ 15 show (31), we consider the following Lyapunov function:
maximum scheduling delay less thah time-slots during the

entire simulation. Hence, we observe that the schedulifyde Vv (ji(m), ¢(m)) = 1 E E [¢d(m))? + 1 E w2 (m).
) ) . 2 v 2 v
due to the maximal matching scheduling component tends to vEV deD vev

be much smaller than the bound given in Lemma 5.

Fig. 10. The sum of the virtual queues over all links of thegleignetwork.

The subgradient oD (i, ¢) at time-slotm can be written as

| VII. CONcLUSION o Ape(m) = Y te(m) = 6,
In this paper, we propose a joint power control, link eEN(v)
scheduling, and routing algorithm to minimize the power-con d _ d _ d
sumption in multi-hop wireless networks. The known cross- Agy(m) = Z fe(m) + Tug Z fe(m).

layer solution to this problem is centralized, and with high eEN:(v) eE€No(v)

computational complexity. In contrast, our algorithm is-di ~ Using the above notation along with (19) and (20), the
tributed, and with low computational complexity. We eststbl one-step drift of the Lyapunov function can be calculated as
the power-efficiency ratio of our solution, and show that th@llows:

performance bound of our solution, achieved in a distribute Vii(m +1).dm+ 1)) — V(i o
manner, is provably tighter than a centralized solutionhia t 1 (ilm +1), g(m + 1)) (QH(m)’q(m))
literature. > {[Mv(m) + alpy(m)]” — uﬁ(m)}
) oo 2
As in related works on cross-layer control and optimization veEV
of wireless networks [12], our solution borrows extensivel 1 d Ag 2 1.4 2}
the techniques from convex optimization and duality theory +2 Z Z [q” (m) + alqy (m)] [q” (m)]

. . . VdeD
However, we often observe that straightforward applicegio verae

d d
of optimization theory may not produce a control protocol = ¢ Z po(m)Apy (m) + a Z Z ¢ (m)Agy (m)

that is directly usable in real systems. For example, for the vev , veV deD
problem that we studied in this paper, duality theory leads +O‘_W(m) (32)
to a solution in (18)-(20) where the interference constsin 2 ’

could in fact be violated. Hence, additional modification ofwhere

the solution is needed. One of the main contributions of the 9 d 9

paper is to design an easy-to-implement scheduling compone Wi(m) = Z(A“”(m)) * Z Z(Aqv (m))"

that accounts for the interference constraints, and tofuére vey vevden

quantify the stability and power-efficiency of the resujtin Sincet.(m) is bounded byl, and )", , f¢(m) is bounded
protocol. Our simulation results verify that the proposedly a., we can boundV (m) by

distributed solution can compute and track the near-optima W (m)

operating point whenever the system parameters change. For )
future work, we plan to extend the results to more general
- (z |N<v>|) 2 (Y Y m)
veV vEV eeN(v) dED

2

interference models, e.g., the bi-directional equal-paonedel
used in [23]-[26].
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Addinga ) .p O.(f.(m),t.(m)) to both sides of (32), we
have,
V(ji(m + 1), g(m + 1)) V(ji(m), q(m))
+a Y Oc(fo(m), te(m))
eckl
< D " Oc(felm) te(m)) + > o (m) Ay (m)
ecE veV
+Z qu JAGL(m) | + o*W /2
veV deD

aD(f(m), g(m)) + a*W /2

(from (16) and (18))

< a®* +a*W/2,

where in the last step we have used Theorem 3.
Summing the above inequality over = 0,1,2,...

and dividing both sides by/, we have

V(M +1), (M + 1)) = V(4(0), 4(0))

< a®* +a’W/2. (33)

Let I

2V (4(0), 4(0))
a?W '

Then for all M > M;(«), we will have

1 M .
M Z Z ee(fe(m)vte(

The result of Theorem 4 then follows.

M1 (Oé) =

m)) < O* +aW.

B. Proof of Lemma 5

We first show that.(m) in (28) is bounded for alk and
m. From Theorem 4, we know that,(m) is bounded for all
nodesv and all time-slotsm. Let this bound b&);. Using
(19), we then have, for any,

% > Mv(m+71)_ﬂv(m)
« - «
m—+71—1
> > DD tls) -8
s=m eeN (v)
Hence,
m—+71—1
S3D DD SRAC Y P
7’1
s=m  ecN(v)

2Q1

Lete = 1 — 8. Since < 1/2, by choosingr; > %4, we
can have
m—+71—1 1
Z >t <501-¢ (34)
s=m  ecN(v)

for all time-slotm.
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Next, define the Lyapunov function

2
%Z ( Z Ve(m)) .
eeN (v)

veV
Note that this Lyapunov function is standard in proving the
stability of maximal-matching [10]. LefAv.(m) = ve(m +
1) — ve(m). According to Equation (28) that governs the
evolution of 7/, we can compute the,-step drift of U(-) as

U@(m+ 7)) — U@(m))
m—+711—1
< Dvelm) 3| X w9+ Y
ecE s=m leN(z(e)) leN(r(e))
- Z Luemes)yy — Z 1{16/\4(5)}] + Mi(m),
lEN (z(e)) leN(r(e))
where
2
1 T1 1
My(m) < QZ{Z > |Auem+k|]
veV | k=0 eeN(v)
7’12 2 A 17
< TZUV(U” = M.

veV

Note that for any linke with v.(m) > 7 + 1, we must have
ve(s) > 1for s=m,m+1,..,m+ 7. Hence, according to
the definition of maximal-matching,

Z loemes)y + Z Liemey = 1,
leN (z(e)) leN(r(e))

(35)

for s = m,m+ 1,...m + 1. Therefore, by letting\/o(m) =
Ml(m) + 71 ZBGE I/e(m)l{l,c(m)g.,.l}, we have

U(@(m +m)) - U(#(m))
m-+71—1
< Dwelm) X | DL ml+ >
ecE s=m leN(z(e)) leN(r(e))
+M2(m)v
< —em Yy ve(m) + Ma(m),
eeE

where in the last step we have used (34). Note fiatm)
is bounded by

Ms(m) < My + %|E| < 7? Z IN(v)[?
veV

£ M.

In other words, wheneved . v.(m) is greater than
2Ms/(emy), the value ofU (7(m)) must decrease im steps.
This implies thatU ((m)) must be bounded for ak, and
hence allv.(m) must also be bounded for all linksand all
time-slotsm. Specifically, we have,

D, wmlmy+ >

leN (z(e)) leN(r(e))

4 M,

€T1

v (m) £ 0,

<

for all e andm.
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Finally, let K be the smallest integer that is greater than owhereMs(m) < 2T DoeeN, (v) Be £ M;. We then have, for
equal toQ2/(er1). Suppos&.(m) —m > K7 for somee all 0 <, <m,
andm. We must then have

m—1
d dis—1 dis—1
ve(s) > 1, fors=m,m+1,...m+ K. (36) _Z T+ Z fe(de(s)) = Z fe(0:(s))
S=m—Tz e€N;(v) eEN,(v)

According to the definition of maximal-matching, it implies iy
that (35) holds for altn < s < m + K7. Using (34) again, = Z ) T+ Z THO)
we can show that, becaus&r; > -, in K7 time-slots the s=m—r2=To eENi(v)
virtual queues at link and at all links next t@ will be empty. - -
This contradicts to (36). Hence, the del&y(m) — m must - Z FAs) | + Ms + T
be bounded by, for all e andm. Letting Ty = K7, the e€N,(v)

resuilt of the lemma then follows with From the proof of Theorem 4, we know thgl(m) is bounded

_ Q- 16Q: for all v,d andm. Let this bound byQs. Then, using (20),
Ty = Kns <a Tljns €3 Z [N (v)]*. we must have, for any; > 0,
eV
@ . gimtm)—gim)
a e}
m—+73—1
> d digy _ d
C. Proof of Theorem 6 = Z T, + Z fe(s) Z fe(s)
s=m e€N;(v) €N, (v)

We first show that the real queues are bounded. %{Jbstituting into (37), we must have
Lemma 5, the delay in activating the links is bounded by ’
a numberT. Consider Equation (27). Recall th@(m)/a Qd(m) m—1

v

provides an upper bound on the real queue maintained at node—— <  sup Z Ty + Z O E)))

v for packets destined to node Hence, it suffices to show “ O0ST2SM s —r, e€N;(v)
that Q¢(m) is bounded for all nodes, destinationsd and
time-slotsm. For any time-slotm, assumingQ?(0) = 0 for DR HORO))
all v andd, we then have €N, (v)
m—1
m—1
Qi(m) d dfs—1 < sup Z Ty + Z f(s)
=2 < osu Ty + e (0, (s - Ta<m | ‘
o 0§T21:S)m s:;a eGNZ(v) ! ( ( )) s s=m=r2=To eEN:i(v)
d v dr
_ — As)| + Mz + TIT,
- Y sete)|. e 2 Ji)| + Mot Ty
e€EN,(v)
e€EN,(v) Q
) < 234 M+ T,
Sinced.(m) — m < Ty, we have, for alll < 7 < m, @
The first part of the theorem then follows. Further, sinc& lin
m—1 - activations are delayed, the true energy consumption in any
ST AT Ns) interval [1,m] is bounded from above by
s=m—T2 e€N,;(v) m
m—1 g
Oc(fe(T),te(T)).
< DD ), ;EZE

=m—7o—Ty eEN;
sl eEN () Hence, the second part of Theorem 6 follows from the second

where we have adopted the convention tftm) = 0 for all Part of Theorem 4.
m < 0. Similarly, we have, for alD < 7, < m,
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