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Jang-Won Lee, Ravi R. Mazumdar, and Ness B. Shroff

Abstract

In this paper, we present apportunistic power schedulingcheme, i.e., a joint time-slot and power
allocation scheme for downlink communication in wirelegstems. Unlike past works, we allow multiple
transmissions in a time-slot that could potentially indeefwith each other. These multiple transmissions are
allowed to achieve high system efficiency. Hence, it is ingatrto not only select the mobiles to be sched-
uled in a time-slot, but also to allocate an appropriatestr@iasion power level to these scheduled mobiles.
We model the time-varying wireless channel as a stochasticegs and formulate a stochastic optimization
problem that attempts to maximize the expected total systdity with general constraints on performance
or fairness. The power scheduling algorithm is obtained &ipgistochastic duality and implemented via

stochastic subgradient techniques.

|. INTRODUCTION

The continued increase in demand for wireless services Bhasvéhe scarcity of radio resources
makes it imperative to efficiently utilize network resowscé\ unique characteristic of wireless sys-

tems is that, due to fading and mobility, the wireless chaisrteme-varying and location-dependent.
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Although at first this appears to be a drawback, the variatiarthe channel condition can be ex-
ploited to improve network performance [1], [2], [3]. It iselt known that the system throughput
can be increased by giving a higher transmission prioritg toobile that is experiencing a better
channel condition (e.g., a mobile that is closer to a basesi). However, as pointed out in [1], [2],
[3], this naive strategy could result in a highly unfair resme allocation, thus potentially violating
the performance or Quality of Service (QoS) requirementafie mobiles. Hence, one has to care-
fully consider the trade-off between system efficiency aichEss among mobiles when scheduling
mobiles in wireless networks.

Recently, various “opportunistic” scheduling schemes tzeen developed for wireless networks
(see [1], [2], [3], [4], [5], [6], [7], [8] and references than). These schemes exploit the character-
istics of the changing wireless channel and at the same timede certain fairness or performance
guarantees. We can classify these scheduling schemesngsdiigier “single-server” scheduling or
“multi-server” scheduling based on the underlying muétipccess scheme used. In “single-server”
scheduling, only one mobile is served at a time (e.g., a Timesion Multiple Access (TDMA) type
of the multiple access scheme is used). For this class oflstihg schemes, a fixed power level is
allocated to the scheduled mobile in the current time-sti@nce, one only has to consider time-slot
allocation without taking into account power allocationarg mobiles. In contrast to “single-server”
scheduling, in “multi-server” scheduling, multiple madslican be served simultaneously (e.g., a Code
Division Multiple Access (CDMA) type of the multiple accessheme is used to allow simultaneous
user transmissions). For this class of scheduling scheimes;ansmission power of simultaneously
scheduled mobiles could, in general, interfere with eatierotHence, one must also consider the
problem of allocating power as well as choosing appropmaddiles for transmission in the time-
slot. Since the procedure to choose the candidate mobiléisftsmission in a time-slot is equivalent
to allocating zero power to unscheduled mobiles and pesgower to the scheduled mobiles in the
corresponding time-slot, we simply call this joint timetsand power allocatiopower scheduling

“Multi-server” transmission (e.g., CDMA) is adopted as a tiplé-access scheme in third gener-

ation systems [9] and continues to be a strong candidateufare generation systems. Further, as
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shown in [10] and [11], except when all mobiles require vaghtdata rates or experience poor chan-
nel conditions, we can improve system efficiency by simdtarsly transmitting to multiple mobiles.
The optimal number of these mobiles depends on the dynamstersyenvironment. This implies
that single-server scheduling can be inefficient becagselection is static in the sense of choosing
only onemobile to be scheduled in a given time-slot. In contrasthis paper, we will study the
opportunistic scheduling problem for “dynamic multi-servsystems, where the number of mobiles
selected for transmission can vary depending on the dynsystem characteristics.

Our work has similarity to works in [1], [2], [3], [4], [5], [Bin the sense that they model the
channel condition as a stochastic process and develop @pgisoscheduling strategies. However,
in [1], [2], [3], [4], “single-server” scheduling problenare studied. Hence, oniyobile selection
problems are considered (i.e., which mobiles should bedsdbd to transmit in a given time-slot)
without considering what power should be allocated to eaohil@ while in our problem, we must
decide which and how many mobiles should be scheduled antipelger level should be allocated
to each of the scheduled mobiles in a given tim-slot. In [&tis “multi-server” scheduling, in which
the number of scheduled mobiles is fixed in each time-sldtidisd. Moreover, since mobiles that are
selected for transmission are assumed to communicate mslagendent interfaces with each other,
only amobile selectioproblem is considered. In [6], a scheduling problem th&rafits to maximize
the total expected throughput with constraints on fairrsggb maximum total transmission power is
studied. Since multiple mobiles can be scheduled in a tilmteasid the total transmission power is
limited, both mobile selection and power allocation arestdered. However, in [6], each link is
assumed to be orthogonal and not to interfere with each.obhether, it is assumed that there is a
linear relationship between the scheduled rate and thempoovesumed. These assumptions are not
required in our work. Moreover, in [6], only utility basedr@ess is considered for scheduling, while,
in our work, more general types of constraints (e.g., mimmuerformance, utility based fairness,
and resource based fairness) can be easily accommodated.

The paper is organized as follows. In Section II, we intradtie system model. In Section I, we

present our scheduling algorithm with general fairnesseofgpmance constraints and in Section IV,
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we provide some examples for the constraints. In Section &/ discuss non-convexity issues. We

provide numerical results in Section VI and conclude in BacvIl.

1. SYSTEM MODEL

We focus on the downlink of a cell that consists of a singleebstation and// mobiles. We assume
that the wireless system is time-slotted. A time-slot in ®gstem is an arbitrary interval of time and
could consist of one packet or several packets. In eachglotemobiles are selected for transmission
and the transmission power for each selected mobile isrdeted. The base-station has a maximum
transmission power limitPy.

In wireless systems, the channel condition of each mobée (nterference, background noise, and
path gain) is time-varying and can be modeled as a stoctmstiess. We allow the channel condition
to vary across time-slots and model it as a stationary stticharocess. In a time-slot, the system is
assumed to be in one of several possible states, in whichstatehrepresents one of several possible
levels of channel conditions for all mobiles. Each statesak value from a finite sétl, 2, - - -, S},

We denote the probability that the system is in stags7,. We first define the “generic” signal

guality for mobile: when the system is in stateas

D NiGs,iPs,i
Vsi(Ps) = M : (1)
6Gs,i<2j:1 Ps,j - Ps,i) + Is,i

P, power allocation vector for all mobiles when the systenmistates.

P, ;. power allocation for mobilé when the system is in state

N;: aconstant for mobile

Gs;: path gain from the base-station to mohilrhen the system is in state

I, ;: background noise and intercell interference at mobiltnen the system is in state
0: orthogonality factor.

M:  number of mobiles in the cell.
'Note that this assumption is not restrictive, since in a real system, the@hzondition of a mobile is mapped into a level set with

a finite number of levels by using quantization.
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In this equation, ifV; = 1, then the signal quality metrig, ; represents the signal to interference and
noise ratio (SINR) for mobilé. If V; is the processing gain for mobilewhich is defined byV/R;,
whereW is the chip rate and; is the data rate, thefy,; represents the bit energy to interference
density ratio of mobile, (E}/I)); in the CDMA system, and itv; = W, then, ; = (E,/1y)s; R; of
mobilei in the CDMA system.

The utility functionU; represents the degree of mobikesatisfaction to the received signal quality.
It could, for example, represent the throughput, a functibthroughput, and the cost of power, etc.
We assume that the utility functiof;, is an increasing and continuous functionQf, bounded

above, and/;(0) = 0.

Remark 1: In some cases, the utility function could be a dtsdunction due to the discrete nature
of the rate adaptation. However, in this case, the optimiraproblem is formulated as an integer
optimization problem, which in general requires a much manmaplex algorithm than its continuous
counterpart. Hence, it would be a more appropriate approackdive the problem approximating the
discrete function with the continuous function rather thardirectly solve the integer optimization

problem. Hence, in this paper, we assume that the utilitytfandgs continuous.

Remark 2: In this paper, we assume that the base-station alWaygpackets to transmit to all
users, as in the most of the previous works [1], [2], [3], [4B]| [6]. In general, the base-station
is connected with the high speed Internet and the wirelessidimould be a bottleneck link in the
downlink communication. Hence, in most of the time, the Iste®n has packets to transmit to the

users and our assumption could be a good approximation to it.

[11. OPPORTUNISTICPOWER SCHEDULING

The goal of this paper is to obtain the power scheduling swlufior each mobile such that the
expected total system utility (i.e., the sum of the expect@dies of all mobiles) under appropriate
performance or fairness constraints is maximized. In tagdisn, we first study the problem with

general constraints and, in the next section, we will furtheestigate some relevant special cases.



The opportunistic power scheduling problem is formulated a
S M
(P)  max ) 7> Usi(Psy)
s=1 i=1

S
s.t. > mgsi(P) > K, i=1,2,--, M,

s=1

PseXsa 8:1,2,"'757

Whereps = (Ps,laPs,27"'7Ps,Al)a Xs = {(Is,17$s72a"'7I5,M) | Zij\ilxs,i < PTa 0 < Ts <

Pr,i=1,2- M}, U,(P.;)2

Ui(7vs.i(Ps2)), andr, is the probability that the system is in state
s. It is clear that to maximize the total system utility, thesbastation always has to transmit at its
maximum transmission power limit, i.65%, P,; = Pr [12], [13]. Hence, we can redefing ;( P,)

in (1) as
AN NiGs,i-Ps,i
B 0Gi(Pr — Ps;) + Is;

In this problem,zkf:1 ngsyi(]Bs) > K, could either be a performance or fairness constraint forilmob

st,i<Ps,i)

i. We assume thaf, ; is bounded. Even though the utility of a mobile depends onlyt®own power
scheduling (i.e., its own SINR), we allow the constraint ocheaobile to depend not only on its own

power scheduling but also on the power scheduling of ther otiodiles.

Remark 3: For simplicity, in this section, we assume tiaf( P ;) is a strictly concave function
andg, ;(P,) is a concave and continuous function. We will study the manergé case in Section V.

The power scheduling problem (P) is formulated as a stoichagtimization problem [14], [15].
We assume that there exists at least a feasible solutiontfieesolution that satisfies the constraints)
to the above problem. Note that if the problem has a relagrépmance or fairness constraint (such
as the utility based fairness constraint or the resourcedfsrness constraint discussed in the next
section), feasibility is always guaranteed. However, & gnoblem has an absolute constraint, such
as the minimum performance constraint studied in the neticse in general, we cannot guarantee
feasibility. In this case, feasibility can be achieved byatthg an appropriate admission control
strategy. The development of such a strategy is outsidecthygesof this paper. Instead, in this paper,
we assume that the system has an admission control polidgée ghat ensures feasibility and focus

on the scheduling problem.
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In problem (P), if we knew the underlying probability disution for the state of the system (i.e.,
s, Vs), the problem could be equivalent to a deterministic comvptimization problem that can
easily be solved. However, in practice, we do not have suatioai gnowledge. Thus, we need to
develop an algorithm that will work even without such a prlarowledge of the underlying proba-
bility distribution for the state of the system. To this emés consider the dual of problem (P) and
implement the power scheduling algorithm by using a staahasbgradient algorithm. We define a

Lagrangian function associated with problem (P) as

B S M M S _
L(ﬂ, P) = Z Ts Z Us,i(Ps,i) + Z ,Uz(z ’/ngs,i<Ps) - Kz)a
=1 i=1 s=1

s=1

whereP = (P, Py, -+, Ps) andji = (u1, pi2, - - -, tar). Then, the dual of problem (P) is defined as:

(D) minF()

7i>0
where
F(p) = L(p, P 2
() max L(z, P) )
andX = {(z1,%2, - Ts) | Ts € X, s = 1,2,---,S}. To solve problem (D), we first consider the

problem in (2). For a givep, the problem is separable irand, thus P(ji) maximizesL(j, P) if and

only if P(1z) = (Pi(1), Pa(), - -, Ps(j1)), where
M
Ps(ﬂ) - a’rggna;é {Z Us,i(Ps,i) + Migs,i(Ps)}7 s=1,2,--- 7S‘ (3)
s€EXs s
For a giveni and system state the problem in (3) is a deterministic convex optimizationlgem.
Hence, we can easily solve it without knowledge of the uryilegl probability distribution.
We now solve the dual problem (D). Note thats) is a convex function ofi and, thus, problem
(D) is a stochastic convex optimization problem. Hence, seaistochastic subgradient method [15],

[16], which is defined by the following iterative process:

Mgn-f—l) _ [Mz(n) _ a(n)vi(n)]-&-? i=1,2,--, M, (4)
where[a]* = max{0,a} andv™ is arandom variable. Let the sequence of solutipff, i), - - -, ™,
be generated by (4) and® = (v\"),v{", .-, v{?) be chosen such that

E{5™ | g © W . ) = aﬂp(ﬂ(n))’
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whered, F(1™) is a subgradient of*(jz) with respect toi at i = ™. Then, the vector™ is
called a stochastic subgradient/ofj:) with respect tqz at i = (™. In this case, by solving (4);™

converges tq:°, the optimal solution of problem (D), with probability 1,tiie following conditions

are satisfied:

E{[[s ][ | 5, p0, -} < )
for a constant and
a™ >0, 3 a™ =00, and Y (a™)? < cc. (6)
n=0 n=0

To apply the stochastic subgradient method to solve prolfl@nwe need to know a stochastic

subgradient of'(jz), 05 F'(i1). By Danskin’s Theorem [17]); F'(f1) is obtained by

OpF (1) = (dy,dy, - -+, dyr), (7)

where

S
d; = Zﬂsgs,i(ps(ﬂ)) - K, i= 1,2,-- - M,

s=1

andP, (i) = (P.1(11), Ps2(ji), - - -, Psas(12)) is a solution of the problem in (3). Hence, we can take
Uz(n) = gs<"),i(ps<”)(la(n))) - Ki> 1= 17 27 T M> (8)

wheres™ is an index of the system state at iteratiariThen, since we assume thgt. ; is bounded,
the condition in (5) is satisfied and, thus, the algorithmdindonverges to the optimal solution that
solves problem (D) with a sequence of step-sizes that stittfie conditions given in (6) such as
o™ = 1/n. Since the primal problem (problem (P)) is a convex optittimaproblem, there is no
duality gap between it and its dual (problem (D)). Hence algerithm also converges to the optimal
power scheduling. Note that our subgradient method doegsegoire knowledge of the underlying

probability distributionr,.



A. Problem with Separable Constraints

In many cases (see examples in the next section), the perfmeror fairness constraint; (P, ) for

each usef can be separable, i.e., the constraint can be represented as

gsz Ps Zaljgsz sg \V/ (9)

In this case, the problem in (3) can be rewritten by

M
Py(ji) = arg max {>_ U5 (fi, P.;)}, (10)
P.SGXS Z:1
where
M .
Ui, Poy) = Usi(Pog) + > pjaagh ;(Pas).- (11)

=1

For a giveni and system state Uad(u, P, ;) for useri can be represented as a function of its own
power allocation, as in the original utility function. Wellcaf“d(ﬂ, P, ;) the adjusted utility function
of mobilei. Hence, in this case, by solving (10), we obtain a power atioa that maximizes the sum
of the adjusted utilities/2¢(/, P, ;)'s, of all mobiles with a constraint only on the total transgion

power limit of the base-station.

B. Implementation

To implement the opportunistic power scheduling schemeh eaobile needs to inform the base-
station of its utility function when a call is initiated. Imeh time-slot, the base-station selects mobiles
to be currently scheduled and determines the transmissiaerplevel for these mobiles in the fol-
lowing way. In time-slotn, each mobile measures its path gain and interference, arus sbis
information to the base-station. By using the measured tla¢ahase-station can know the system
state in the time-slot and calculate the power allocatiastarein the time-slot””,, by solving the
problem in (3) withz = 4™ ands = s, wherez™ is obtained by (4) and™ is the system state
in the time-slot. Since for a givem™ and system stateé™, the problem in (3) is a deterministic con-
vex optimization problem, it can be easily solved by usirandard convex optimization techniques

such as Karush-Kuhn-Tucker (KKT) conditions and the dyahieorem. Further, based on the power
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allocation in the current time-slot, the value @f**!) for the next time-slot is updated by using a
stochastic subgradient method in (4).

If the constraint for each mobile is separable, as in theipusvsubsection, we can interpret the
power scheduling procedure as follows. As shown in the pres/subsection, by solving (10) in each
time-slot, power is allocated to mobiles such that the surthefadjusted utilities of the mobiles is
maximized without considering the performance or fairnassstraint of each mobile. In this case,
the constraint on each mobile can be achieved by the apptegijusted utility function (i.e., by the

appropriate;) for each mobile.

IV. EXAMPLES

In this section, we consider the following typical consttaithat are important in providing ade-
guate quality transmission to the mobiles. These are: thenmam performance constraint, the utility

based fairness constraint, and the resource based fagoessaint.

A. Minimum performance constraint

In this power scheduling problem, each mobhileas a constraint on its minimum expected utility,

C;, which is formulated as

S
Z'ﬂ_sUs,i(Ps,i) > OZ', 7= 17 2’ . M.
s=1

Hence,K; = C; andy, ;(Ps) is separable and represented by (9) with

1, ifi=j .
@jj = andgy,(Ps ;) = ‘
0, otherwise 0, otherwise

Usi(Ps;), ifi=j

Therefore, from (11), the adjusted utility function for nilebi is obtained by multiplying a weight

factor1 + p; to the original utility function as
U (B, Pog) = (14 1) Usi( Po).

Further, from (8), the stochastic subgradient is obtainetthé difference between the achieved utility

of the user in the current time-slot and its constraint as

0 = Uy 1 (Pyow :(B™)) = Ci.
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B. Utility Based Fairness Constraint
In this subsection, we consider an opportunistic power delrey problem in which each mobile
i is guaranteed to achieve at least a fractigrof the expected total system utility. This constraint is
formulated as
S S M
Z 7Ts(]s,i<Ps,i) — W; Z s Z Us,j(Ps,i> Z Oa
s=1 s=1 j=1

wherew; > 0, and>¥, w; < 1. Hence K; = 0 andg, ;(P,) is separable and represented by (9) with

1—w;, ifi=j )
Qi j = . andgs’i(PSJ) = USJ'(.PSJ‘).
—wj, otherwise

Again, from (11), we obtain the adjusted utility function
U;f(% Py ) 1 + i — Z Mjwj 2 )

which is obtained by multiplying a weight factor+ ; — Zj]‘il pjw; to the original utility function.

Further, from (8) the stochastic subgradient is obtained as

'Uz(n) = Us(”),i(Ps(”) — W Z U (n) 5(") )))7

which is the difference between the achieved utility of tlseruand its constraint based on power

allocation in the current time-slot.

C. Resource Based Fairness Constraint

Here, each mobile is guaranteed to consume resource (power) by an amountstiaateast;
fraction of the total amount of resource (i.&;, fraction of the total transmission power), which is
formulated by

S M S
ZWSPSJ — hiZmZP&j = ZWSPSJ- —hiPr>0,1=1,2,---, M,
s=1 s=1  j=1 s=1

whereh; > 0and>", h; < 1. Hence,K; = 0 andg, ;( P;) is separable and represented by (9) with
1—h, fi=j

;5 = andgg,i(Ps,j) =P ;.
—h;, otherwise
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From (8) and (11), the adjusted utility function for mobieabtained as
Ug,(zi(ﬁﬁ Ps,i) = Us,i(Ps,i) + ,uiPS,iv

which is achieved by adding an offset valug’; ; to the original utility function and the stochastic
subgradient is obtained as

o™ = Py (7™ — h; Pr,

which is the difference between the amount of power thatieated to the user in the current time-

slot and its constraint.

V. NON-CONVEXITY AND COMPLEXITY ISSUES

Thus far, we have developed an opportunistic power scheglalgorithm under a convex optimiza-
tion framework, i.e., we have assumed that is a strictly concave function and;(P,) is a concave
function. This allows us to use a dual approach to obtain piienal power scheduling solution, since
there is no duality gap between the primal and its dual. kghction, we will weaken this assumption
to reflect the fact that utility functions of interest may etconcave, but in fact sigmoidal [12], [13].
In this case, the problem could be a non-convex optimizatiahthere might be a duality gap between
the primal problem and its dual. Hence, the dual approachmoayesult in an optimal solution to
the primal problem. However, as we show in the next propmsitas the randomness in the system
increases, the duality gap decreases. Hence, as the raeg®minthe system increases (i.e., as we

have a finer granularity of the quantization for the chanoeldition of each mobile), we can achieve

a better approximation of the optimal power scheduling Hyisg the dual problem.

Proposition 1: Letup(P) be the optimal value of problem (P) and (D) be the optimal value of
the corresponding dual problem. diip, 7, >, Usi(Ps;) — 0 andsup, 7.g,,;(Ps) — 0asS — oo,
thensup(P) — inf(D) — 0 as.S — .

Proof: See Appendix. |

From this result, we deduce that when the randomness of #tersys large, the same power schedul-

ing algorithm that has been developed in this paper can lktas®btain a good approximation to the
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optimal solution.

Note that the main complexity of our algorithm comes fromt thha must solve the optimization
problem in (3), (or the problem in (10), if constraints arpa@ble) in each time-slot. If the problem
is convex, then it can be solved by using simple standardi#tiges such as a gradient projection
algorithm and a penalty approach. However, when we havecoanave utility functions, it is a non-
convex optimization problem, which is in general difficudtgolve. In our previous work [12], [13],
we have developed a power allocation algorithm by consideai similar problem to the problem in
(10) with three types of utility functions: concave, convard sigmoidal-like functions. This algo-
rithm provides asymptotically (in the number of mobilesjioal power allocation that is shown to
be a good approximation of the optimal power allocation evegh the moderate number of mobiles.
Hence, if the constraint for each user is separable and fbstad utility function of each user is rep-
resented by one of those three types of functions (this tionds satisfied for each power scheduling
in the previous section if the utility function of each usereépresented by one of those three types
of functions), we can obtain a good approximation of theroptisolution of the problem in (10) by
using the algorithm that we previously developed in [12B][IThe algorithm consists of two stages:
the mobile selection stage where the base-station seletitas and the power allocation stage where
the base-station allocates power to the selected mobilesscGmplexity of the mobile selection stage
is O(M) and at the power allocation stage, the problem is reducedstmple convex optimization

problem. Hence, our algorithm can be easily implemented.

VI. NUMERICAL RESULTS

In this section, we provide numerical results to illustredeious features of our power scheduling
scheme. We consider a CDMA system that consists of nine sqedise as in Fig. 1. We assume
that the base-station is located at the center of the celkant base-station always transmits at its
maximum transmission power limif?;. We focus on the center cell of the system. We model the

path gain from the base-station to mobilé&, ;, as

Gs,i - ! (12)
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wheret; is the distance from the base-station to mobjle: is a distance loss exponent, ang;
is a log-normally distributed random variable with mean @ &ariances? (dB), which represents
shadowing [18]. We lef’r = 10, a = 4, 6§ = 1, and the length of the side of the cell be 1000. We

assume that mobilehas a sigmoidal utility function that is non-concave andisressed by

1

Uitv) = el — b
where we set; = 1?5:;?” andd; = ;- for normalization (i.e./(0) = 0 andU(co) = 1). For each

experiment, we run the simulation program 1ér time-slots and provida™ in the last time-slot,
i.e., i) and the (time) average value of the utility for each mohijl&® and the average value of

the total system utilityl/%, which are defined as

104

1
Ut =—3%" R
7 104 = 7 Y

whereUi(”) is the achieved utility of mobilein time-slotn, and
o LT w
Ur = 1704 ;nzz:l U™,
where) is the number of mobiles.

In the first experiment, we simulate our opportunistic posehneduling scheme with minimum
performance constraints. We assume that there are five @sokith the same utility function. We set
a; = 1,b; =7, N; = 32, andC; = 0.503 for all mobiles, and> = 4 dB. We assume that mobite
has a fixed distance = 100 x ¢ from the base-station. Hence, mobile 1 is closest and m&hkise
farthest from the base-station. This implies that, in galhenobilei has a better channel condition
than mobilej, if i < j. We also compare the performance of our opportunistic p@skeduling
scheme with those of two other schemes. In the non-oppsttamiower scheduling scheme, in each
time-slot, power is allocated to each mobile so that theyexetthe same utility (however, the power
allocation is done such that this is the maximum possibléytialue). Hence, in this scheme, the
time-varying channel condition of each mobile is not exjgldi In the greedy power scheduling

scheme, in each time-slot, power is allocated to each mabilihat the system utility of the time-

slot can be maximized. This can be achieved by solving thelgnoin (10) with the original utility
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function for each mobile (i.ey; = 0, Vi) in each time-slot. Hence, in this scheme, the minimum
performance constraint of each mobile is not considered.

We provide the average utility of each mobile and the avetatg system utility for each power
scheduling scheme in Table I. As this table shows, in theamportunistic scheduling scheme, each
mobile achieves the same average utility. However, sindeds not exploit the time-varying channel
condition of each user, it results in the lowest averagd tytstem utility. The greedy scheduling
scheme provides the highest average total system utilityit lloes not satisfy the minimum perfor-
mance constraint for some mobiles (e.g., it violates thamum performance constraint for mobile
5). Compared with the other two schemes, our opportunisticepscheduling scheme satisfies the
minimum performance constraint of each mobile without aisicant loss of efficiency.

In Table I, we also provide the value @f for each mobilei in time-slot10%. The table shows
that 1, 12, andus converge to zero, as these correspond tqihealues of mobiles 1, 2, and 3, all
of which more than satisfy their minimum performance caaists. Howevery, andu; are strictly
positive as their corresponding mobiles just barely satiséir minimum performance constraints.
The reason for this result can be explained as follows. A&/shio the previous section, our algorithm
is equivalent to solving the problem in (10) in each time-#hat attempts to maximize the weighted
sum of all mobiles’ utilities without minimum performancertstraints. The constraints are satisfied
with an appropriate weight factor for each mobile. In thipesment, if each mobile has a unit
weight factor (i.e.u; = 0, Vi), the minimum performance constraint of mobile 5 cannotdisted
(see greedy scheduling in Table I). Hence, to satisfy thermim performance constraint of mobile
5, the weight factor of mobile 5 (i.ey;) must be increased. By increasing the weight factor, more
power can be scheduled to mobile 5, thus improving its peréorce. Further, since this violates
the minimum performance constraint of mobile 4, the weigtttdr of mobile 4 (i.e.yuy) is also
increased. In this case, since mobile 5 experiences a wheswel condition than mobile 4, mobile
5 needs a larger weight factor (i.e., a larger valug,pthan that of mobile 4 to meet its performance
constraint. However, for system efficiency, the weightdesiof mobiles 4 and 5 must be increased

up to the values with which their minimum performance caaists are barely satisfied. On the other
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hand, the weight factors for the other mobiles that satisgirtminimum performance constraints
with strict inequality are not increased, since their miammperformance constraints can be satisfied
even without increasing their weight factors.

In the second experiment, we simulate our opportunisticguascheduling scheme with utility
based fairness constraints considering the same systamtlees previous experiment. We provide
the results forw,; = 0.2 andw,; = 0.1 for each mobile, respectively. We also compare the perfooma
of our opportunistic power scheduling scheme with thoseeédy and non-opportunistic scheduling
schemes. Note that whern = 0.2, each mobile must achieve the same average utility and, blotis
our opportunistic power scheduling scheme and the non+tymistic power scheduling scheme have
the same fairness constraint.

We provide the average utility of each mobile and the avetaig system utility for each scheme
in Table 11l andu; of each mobile in the last time-slot for our opportunistic power schedgkkcheme
in Table 1V. As the results show, the greedy power schedwdaigeme does not satisfy the constraint
for some mobiles while it provides the highest average ®tatem utility. Wheno; = 0.2 for each
mobile, both our opportunistic power scheduling and nopesfunistic power scheduling satisfy the
constraint of each mobile. However, since our opportunistiwer scheduling scheme exploits the
variations of the channel condition, it provides a highesrage utility to each individual mobile and,
thus, a higher average total system utility than the nordppistic power scheduling scheme. In
our opportunistic power scheduling, the system with= 0.1 has a looser fairness constraint than the
system withw; = 0.2. Hence, the former has more freedom to use power to incrbassficiency of
the system than the latter, which results in the increadedmaverage total system utility.

Table IV shows that, as in the previous experiment, only heskthat barely satisfy their fairness
constraints have a positiye and to meet its constraint the mobile with a worse channalition has
a higher weight factor than the mobile with a better chanoatidion.

In the third experiment, we simulate our opportunistic sth@g scheme with resource based
fairness constraints. In this simulation, we assume that seobile has a different utility function but

the same distance from the base-station. Wé\set 32, a; = 1, andb; = 5 + ¢ for mobile:. In this
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case, in general, a mobile with a larger valuehofequires more power to achieve the same utility
than a mobile with a smaller value 6f. Hence, we can infer that mobiteis more efficient than
mobile j, if i < j. We provide the results for;, = 0.2 andh; = 0.15 for each mobile, respectively.
Note that wher; = 0.2, each mobile must be allocated the same amount of power sage/eWe
also compare the performance of our opportunistic poweedding scheme with those of greedy
and non-opportunistic scheduling schemes. In the non+typstic scheduling scheme, each mobile
is allocated a power oPr/M in each time-slot. Hence, it has the same fairness consaaiour
opportunistic power scheduling scheme with= 0.2. We provide the average utility of each mobile
and the average total system utility for each scheme in Tlaled the average allocated power level,

P¢, for each mobile in Table VI, which is defined as

po_ L
i = 17047;132 )
where P is the allocated power to mobilein time-slotn. We also providegi(1*") in Table VII.
These tables show similar results to those of previous @xpets.

In Fig. 2, we compare the performance of our opportunistiwgroscheduling and that of non-
opportunistic power scheduling by varying the standardad®n o of D,; in (12) for each con-
straint. A larger value ot implies a larger fluctuation of the path gain between the tecdnd
the base-station. For the simulation with minimum perfano®constraints, we first simulate the
non-opportunistic power scheduling and use the achiewiity utf each mobile in this scheduling
as the minimum performance constraint. For utility and vese based fairness constraints, we set
b; = 0.2 andh; = 0.2, respectively. Hence, for each setup, our opportunistwgpscheduling and
non-opportunistic power scheduling have the same constrihe results show that asincreases,
the performance gain of our opportunistic power schedwdeigemes over non-opportunistic schemes
increases. This implies that a larger fluctuation in the gath results in a larger advantage to our op-
portunistic power scheduling scheme, providing a great¢edom to exploit the time-varying channel
condition associated with each mobile.

Note that in the above experiments, the utility function atle mobile is normalized such that its

maximum value is set be one. Hence, in “single-server” sglwglschemes that have been developed
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in [1], [2], [3], [4], the average total system utility for ela constraint can be at most one, which is
much lower than that of our “multi-server” scheduling scteeriio further illustrate the advantage of
our “multi-server” scheduling scheme over a “single-sérngeheduling scheme, we compare their
performance in Tables VIII and IX. Here, both system havesame system parameters such as
the same bandwidth, the same cell size, and so on. In theles,take simulate each opportunistic
scheduling scheme with utility based fairness constrdiptgarying the distance of the mobiles from
the base-station. We generate five mobiles and;set 0.5, b; = 11, N; = 32, andw; = 0.2 for all
mobilei. Each mobile is located at the same distanfrem the base-station. As the distanogets
larger, the channel condition of each mobile gets worse. Odepare the average number of selected

mobiles in a time-slot{*) of each scheme, which is defined as

go— 1 g 5

S0t =T

whereS™ is the number of selected mobiles for transmission in tifoessin Table VIII, and the
average total system utility of each scheme in Table IX. Esalts indicate that our “multi-server”
scheduling scheme can adapt to various system environmgeruriirolling the number of selected
mobiles for simultaneous transmission in a time-slot. Asdhannel condition of each mobile gets
better, our scheme selects more mobiles for simultaneaunsrrission in a time-slot and, thus, pro-

vides higher system efficiency than the “single-server’esithing scheme.

VIlI. CONCLUSION

In this paper, we have developed an opportunistic powerdsdimg scheme in “multi-server” sys-
tems with general constraints on fairness or performandas §cheme exploits the time-varying
channel condition of each mobile and determines, in eace-silot, which and how many mobiles
should be scheduled for transmission and at what power. lgvelhave formulated the problem as a
stochastic optimization problem. But the main difficulty mhsng this problem is that, in practice,
we do not have a priory knowledge of the time-varying chaoelditions of mobiles. Hence, in this
paper, we have solved the problem by using stochastic guald a stochastic subgradient method,

and implemented the power scheduling algorithm that doesagoiire such a priori knowledge.
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The results show that our opportunistic power schedulirfies®e is more efficient than non-
opportunistic power scheduling that does not exploit theetivarying channel condition of each mo-
bile. Moreover, compared with a “single-server” schedylatheme, our “multi-server” scheduling
scheme provides higher system efficiency by controllingrtbmber of simultaneously scheduled
mobiles in a time-slot by adapting to the system environm&he results also show that as the vari-
ation of channel condition gets larger, the relative efficieof our opportunistic power scheduling
over non-opportunistic power scheduling increases. Whilesolution always achieves optimality
for concave utility functions, we have shown that even fan4goncave utility functions, as the vari-
ation of channel condition gets larger, our power schedutian provide a better approximation to
the optimal power scheduling. Therefore, the time-varyhgnnel condition of the mobile could be

beneficial to efficient and fair power scheduling, if it is appriately exploited.

APPENDIX

PROOF OFPROPOSITION1

Letfs(ps) =Ts z‘]\il Us,i(Ps,i)1 hs(ps) - Ws(gs,l( s)ags,Q(ps)a e ags,M(ps))1 andb = (Kl, KQ, ot 7KM)

Then, we can rewrite problem (P) as:

wax 3. £(P)
s=1
subjectto P, € X, s=1,2,---,8
S hs(Po) = b
The above is the same primal problem in Proposition 5.269hdhd we will prove this proposition in
a similar way to the proof of Proposition 5.26 in [19]. We casié/ show that the assumptions (A1)
and (A2) of Proposition 5.26 in [19] are satisfied, i.e., thexists at least one feasible solutiof, is
compact, and, andh, are continuous oX,. However, note that the assumption (A3) of Proposition
5.26in [19] may not be satisfied. Hence, the proof of Propwsh.26 in [19] is not directly applicable

for the proof of this proposition.

Since the assumptions (A1) and (A2) of Proposition 5.26 B Hre satisfied, from the proof of
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Proposition 5.26 in [19], there exist vectdré € X, P and scalars!, a2, - - - oM*2 such that
M+2 ]
E: aé:: 17Cd Eioaj ::1727"'7A{_%27
j=1
Z hs(Py) + Z aths(P)) > b,
s¢S j=1
and
B M+2 o
D fs(P) + > alfs(Pl) = inf(D),
¢S j=1

whereS is a subset of 1,2, - - -, S} with at mostM + 1 indices. By the definitions df, and f,, and
the assumption thatip, 7, >, U, :(P,;) — 0 andsup, 7.gs:(P;) — 0, asS — oo,

S

ZhS(Ps*) = ZhS(Ps*)"'ZhS(Ps*) - Zhs(ps*),
s=1 s¢S s¢8 s¢S
S — — — —_
ZfS(Ps*) = ZfS(P:)+ZfS(P:) - Zfs(P:),
s=1 sgS ¢S sgS
M+2 o M+2 o
> alhy(P!) — 0, and ) ol f,(P!) — 0,
j=1 Jj=1
assS — oo. Hence,
S 3 S 3
S ha(F) 2 b—c. |l = 0and Y £.(P7) — inf(D).
s=1 s=1

assS — oo. Further, by the weak duality theorem,
sup(P) < inf(D).

Hencesup(P) — inf(D) — 0, asS — oo.
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Fig. 1. Cellular network model.
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Fig. 2. The ratio of the total system utility of opportunistic power schedulingabdahnon-opportunistic power scheduling.

COMPARISON OFAVERAGE UTILITIES (WITH MINIMUM PERFORMANCE CONSTRAINTS).

TABLE |

Mobile

1

2

3

4

5

Total

Non-opportu

nistici 0.503

0.503

0.503

0.503

0.503

2.515

Our opportunistic| 0.975

0.963

0.805

0.502

0.505

3.750

Greedy

0.985

0.984

0.958

0.738

0.185

3.850

COMPARISON OFi; FOR EACH MOBILE (WITH MINIMUM PERFORMANCECONSTRAINTS).

TABLE Il

Mobile | 1

2|3

4

5

Hi 0

0|0

0.080

1.097




TABLE IlI

COMPARISON OFAVERAGE UTILITIES (WITH UTILITY BASED FAIRNESS CONSTRAINTS).

Mobile 1 2 3 4 5 Total
Non-opportunistic 0.503| 0.503| 0.503| 0.503| 0.503| 2.515
Our opportunistic; = 0.2) | 0.694| 0.694| 0.692| 0.694| 0.695| 3.469
Our opportunisticq; = 0.1) | 0.982| 0.979| 0.913| 0.564| 0.384| 3.822
Greedy 0.985| 0.984| 0.958| 0.738| 0.185| 3.850

TABLE IV

COMPARISON OFi; FOR EACH MOBILE (WITH UTILITY BASED FAIRNESS CONSTRAINTS).

Mobile 1 2 3 4 5
w; (w; =0.2) | 0.408| 0.416| 0.466| 0.738| 1.989
TABLE V

COMPARISON OFAVERAGE UTILITIES (WITH RESOURCEBASED FAIRNESS CONSTRAINTS).

Mobile 1 2 3 4 5 Total
Non-opportunistic fair 0.847| 0.716| 0.515| 0.305]| 0.146| 2.529
Our opportunistick; = 0.2) | 0.854| 0.787| 0.719| 0.647| 0.596| 3.603
Our opportunisticf; = 0.15) | 0.903| 0.868| 0.794| 0.602| 0.467 | 3.634
Greedy 0.916| 0.887| 0.835| 0.705| 0.304| 3.647




TABLE VI

COMPARISON OFAVERAGE POWER USAGES(WITH RESOURCEBASED FAIRNESS CONSTRAINTS).

Mobile 1 2 3 4 5 | Total
Non-opportunistic 2 2 2 2 2 10
Our opportunistic; = 0.2) | 2.002| 2.008| 1.994| 2.001| 1.993| 10
Our opportunistic; = 0.15) | 2.207| 2.280| 2.220| 1.785| 1.508| 10
Greedy 2.264| 2.353| 2.355| 2.082| 0.946| 10

TABLE VI

COMPARISON j1; FOR EACH MOBILE (WITH RESOURCEBASED FAIRNESS CONSTRAINTS).

COMPARISON OFAVERAGE NUMBERS OFSELECTED MOBILES AT A TIME-SLOT.

Mobile 1 2 3 4 5
wi (h; =0.2) | 4.785| 4.802| 4.813| 4.831| 4.852
wi (h; = 0.15) 0 0 0 0 0.019
TABLE VI

t 100 200 | 300| 400 | 500
Multi-server | 3 | 2.576| 2 | 1.982| 1.396
Single-server 1 1 1 1 1

TABLE IX

COMPARISON OFAVERAGE TOTAL SYSTEM UTILITIES.

t 100 | 200 | 300| 400 | 500
Multi-server | 2.769| 2.435| 2 | 1.974| 1.375
Single-server 1 1 1 1 0.998




