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Abstract— Distributed power control is an important issue in level is quantized into discrete values [4]. Therefore it is
wireless networks. Recently, due to the bursty nature of data not clear how to apply those power control algorithms into
communication, packet switching is used in cellular systems. In 5 yractical power-quantized system. Some previous work in
addition, majority of previous power control algorithm assume this directi be f dinls d 6], Di t
that the transmitter power level can take values in a continuous IS direc |on' can be found in [5] and [6]. Discrete poyver
domain. However, recent trends such as the GSM standard control algorlthms were developed based on conventional
and QUALCOMM's proposal to the 1S-95 standard use a finite continuous frameworkHowever, it is shown in [6] that by
number of discretized power levels. These motivate the need to simply “discretizing” the continuous power control algorithm,
investigate solutions for distributed discrete power control for the convergence and uniqueness of the continuous power

bursty transmission. We first note that, by simply discretizing trol lost. H di te t . trol
the previously proposed continuous power adaptation techniques control are lost.Hence, discrete transmission power contro

will not suffice. This is because, a simple discretization does not May need separate analysis convergenceand uniqueness

guarantee convergence and uniqueness. On the other hand, theissues. Without loss of generality, in this paper we focus on
conventional analytical model based on mean values may be toogone of the game theory framework for wireless data networks
optimistic and the analysis assuming that the data subscribers proposed in [3]. In order to alleviate some of the problems in

are always transmitting may be too pessimistic to evaluate = . . . L
the system performance. Therefore, we propose a probabilistic using previews, noncooperative power control strategies in the

power adaptation algorithm and analyze its theoretical properties guantized-power levels set-up, we propose a discrete stochastic
along with the numerical behavior for bursty transmission. learning power control.
ZV‘Z i \752;‘:";%?;; th(;ffgirzzrt?;?epﬁ\;vt?(;nC(Oong% ti(t)er?g\(/):fh:tythzn In traditional telephony systems, the calls have been circuit-
p?oposed stochas)t/ic learning po?/ver control algorﬁhm converges switched, meaning that the call occupies one channel throygh—
to a stable Nash equilibrium. Conditions when more than one ©ut the call. Due to the bursty nature of data communica-
stable Nash equilibrium may exist are also studied. Experimental tion this is inefficient, and instead packet switching can be
results are presented for several cases and the impact of dataused, where the data is divided into packets and transmitted
burstiness on the proposed algorithm is also concerned. independently. On the source level, data traffic is commonly
modelled by an ON/OFF source model. Different distributions
of ON/OFF-periods (e.g. exponential or heavy-tailed) have
Due to the increased demand for wireless services, efficigyden adopted for data communications. Some pioneering work
use of available resources is important. Power control whigfealing with bursty data transmissions is reported in [7]
mitigates unnecessary interference and saves the battery dif@el [8]. Because of the stochastic nature of our proposed
of mobile users is a useful technique. Naturally, on one haagjorithm, it can adapt well to the bursty data transmissions.
mobile users prefer to transmit at a lower power for a fixed
signal to interference ratios (SIR) and on the other hand,
for a given transmitter power, they prefer to obtain a better
SIR. This observation motivates a reformulation of the power
control problem using concepts from microeconomics and
game theory. The framework was originally proposed in [1] We first define the utility function for the power control
for voice traffic, where a utility function is defined for eactygame. Let the power vector = (y1,...,yn) € Y denote the
mobile user. The utility function reflects the user's preferencselected power levels of all the users, whgrec Y; is the
regarding the SIR and the transmitter power. This conceptfswer level selected by usgr Y is the strategy set for user
extended for power control in wireless data networks in [2] andY is the set of all power vectors. The resulting utility
and [3], where throughput per battery life is chosen as tivalue for thej* user isu;(y). To emphasize that thg”" user
utility function, which seems to be a practical metric. has control over its own powey; only, we use an alternative
In most of the previous studies, the transmitter power levebtationu;(y;,y_;), wherey_; denotes the vector consisting
can assume any continuous value in a domain. Howevefelements of/ other than thg'” element. The utility of user
in digital cellular system or future PCS systems, the powegrobtained by expending powegt can be expressed as [3],

I. INTRODUCTION

Il. PROBLEM FORMULATION

Utility Function and Noncooperative Power Control Game



Definition 1 The N-tuple of strategie®y, ..., p%/) is said to

u;(y;,y ;) = %f@)%, (1) be aNash equilibriumif for eachi, 1 <i < N, we have
. . . : J- gl(pgv"'ap?—lvpzqap?+1a"'ap([)\f)
where L is the information bits in frame (packets) fof > L P ; . .
bits at a rateR b/s usingy; Watts of power. The efficiency > 9" (PTs s Pi- 15 Pys PYi1s -+ P) ®)
function f(v) is defined asf(y) = (1 — 2P.)M, whereP, is V probability vector p; € [0,1]™.
the bit error rate (BER). For example, if non—coh%rent FSK| general, eactp? above will be a mixed strategy and we

modulation scheme is used, then we hd@e= 0.5¢~ 2z, and

-+ (SIR of userj) is defined as refer to (pg, ..., p%) satisfying Eq. (5) as a Nash equilibrium
j L

in mixed strategies. With this definition, when there is no
11,7 h;y; pure equilibrium as maybe the case in the discretfa. power
Vi = RS hyiX+ 0% (2)  control game, we can come to a mixed Nash equilibrium.
g I It is well known thatevery finite strategic-form game has
and we assume that transmissions are slotted and mob#esixed strategy equilibriunj10]. With this theory, there
have two modes of transmissions: on and off. J&tbe the always exists a Nash equilibrium in our formulation. A Nash
activity indicator for mobiles, i.e., X; € {0,1} and X; = 1  equilibrium is said to be impure strategies if(ps, ..., p%) is a
if and only if the mobile is active at a point in time. W is theNash equilibrium with eacp? being a unit probability vector.
available spread-spectrum bandwidth [Ha}, is the AWGN  The proposed algorithm used by each of the user is as given
power at the receiver [Watts], afd; } is the set of path gains below:

from the mobile to the base station. 1) Set the initial probability vectop;(0).

In the noncooperative power control game each user max-) At every time stepk, each active user chooses a power
imizes its own utility in a distributed fashion. Formally, the according to its action probability vectq;. Thus, the
NPG is expressed as: ith player chooses actiom; at instantk, based on the

probability distributionp, (k).

(NPG) mawzy, ey, u;(y;,y ;) for all j € N. @) 3) Each active player obtains a payoff based on the set of
all actions. The payoff to player is w;(k), which is
normalized.

) Each active player:] updates its action probability
according to the rule:

The solution of this NPG is given in the sense of thash
equilibrium [10]. The existence and uniqueness of the NPG
equilibrium has been shown in [3] for continuous power space
for mobile users.

B. Discrete Stochastic Learning Power Control Game pij(k+1) = pi(k) —bui(k)pi; (k) - a(k) #y;,
In the stochastic learning game, the mobile users act as pi(k+1) = pi(k) eruiz_p“(k) a(k) = yj,
players or learning agents who participate in the power control i = 1,..,N, j :Sfj._.’ m;. (6)

game. The objective of each player is to maximize its expected

payoff, which reflects the satisfaction of the players. And the ~ where0 < b < 1 is the step size, and, is normalized

payoff is measured in utility (e.g. Eq. (1)). The game is played  to lie in the interval(0, 1).

repeatedly to learn the optimal strategies. Each individual®) If p; converges, stop. Otherwise, go to step 2).

automata (or mobile user) may not be aware of the numberTiis update is known as linear reward-inactiang( ;) [9].

mobile users participating in the game, the strategies availablet P(k) = (p,(k),...,py(k)) denote the state of the

to the other users, and the responses for each possible play. gbwer strategies at instait Under this learning algorithm,

only information a player knows is its payoff after each play,P(k),k > 1} is a Markov processLi_; scheme is known

based on which, the player learns the optimum strategy. Tieebe c-optimal ¢ > 0), i.e., upon convergence, the solution

user’s strategy is defined in probability. A strategy for plajerdiscovered by this scheme will produce a value for the

is defined to be a probability vectpr = [p;1, ..., pim]’, Where objective function that is withir of the optimal value.

playeri chooses actiori (or power levely; ;) with probability We normalize the payoffu;} asu; = 1}3’?:"‘ 1=1,2,...,N,

pi;. Because each mobile user can only choose a power lewlere A = min;{u;} and B = maz;{u;}. u, is the utility of

from a finite discrete sef;; € Y; should be a finite discrete setuser:. In our system,A can just be set to 0 sinde< u;, Vi,

with dimensionm,;. Then we can define the expected payoffut it is not realistic to knowB in advance. So what we do

for playeri as g’ given by, for the normalization is that we update the maximum value

dynamically. That is, first we initializé3 = 0, then at instance

N k, if w;(k) > B, let B = @,(k), otherwise kee@ unchanged.

(4) We note that this normalization does not affect our theoretical

Hps-“’ results. ThisB is not the actual maximum value af, but is

o=t an overestimate value. But this is perhaps the best we can do
whered'(j1, ..., jn) = Elu;|player s chose without advance information. Alternatively, we could choose

action js,js € Ys,1 < s < NJ. B to be a large constant. But as one can imagine, choosing

g Py, PN) = Elug| ™" player employs strategy

J1--JN



B too large compared ta; will significantly decrease the By setting the left hand side of Eq. (9) and Eq. (10) to zero, we
convergence speed of the proposed algorithm sincewall can solve for thecritical point (e.g. (a*, 3*)) of the system,
will be small values. Although we introduced this dynamiand the corresponding constant solutign) = o*, 3(¢t) = 5%,
normalization in our algorithm, based on the above commentghich is called an equilibrium solution. We can easily see that
we assume in our theoretical analysis that the normalizatiah pure strategies here are equilibrium solutigrsince at a
has already been carried out. pure strategy, eithew = 0 or a = 1, which makesf;; = 0.
IIl. THEORETICAL ANALYSIS OF DISCRETESTOCHAsTIC  Similarly, =0 or 3 = 11s also an equilibrium solution from
LEARNING POWER CONTROL Eq. (19_)' ) i _ i i
. . . . Acritical point(z,, y,) is stable if any trajectory that begins

The proposed power control algorithm IS an terativie oy (within é-neighborhood of) the pointz,,y,) remains
StOCh"’?St'C process, so we need to charactenze the Iong_ 0 (withine-neighborhood of) this point. If all the trajecto-
b?ha"'of of this process. Our analysis resorts to an °fd'”"’H¥s that start near a stable critical point actually approach it as
differential equation (ODE) whose solution approximates thEe_> oo, then the critical point is asymptotically stable. Thus if

asymptotic behavior ofP(k) if the step size parameter the ODE has an asymptotically stable stationary point (critical

used. in Eq. (.6) IS ;uﬁ|C|entIy small. We can represent ”}f‘oint) Pe, then for all initial conditions sufficiently close to
learning algorithm given by Eq. (6) aB(k + 1) = P(k) + it, the proposed algorithm essentially convergesto
bG(P(k), alk), u(k)), wherea(k) = <a1(k)’.""aN(k))' .and Remark 3.1We know that [11] (a) all stationary points
u(k) = (u1(k),...,un(k)). Then we define a _funpt!qrf (critical points) that are not Nash equilibrium are unstable, and
as f(P) = E[G(P(k),a(k), u(k))|P(k) . P). With initial (b) all pure strategies that are strict Nash equilibria are asymp-
vectorP(0) = Py, the sequencéP(k)} will converge weakly, totically stable, which can be proved throudlyapunov’'s

P .
asb — 0, to P’ which is the solution of the ODE [12] stability theoren{14].
ap — £(P). P(0) = P 7 Theorem 1:The proposed algorithm will never converge to
f(P), P(0) = R @) . o
dt a point which is not a Nash equilibrium.

First we analyze a relatively simple two-player two-power proof sketch:Suppose that the proposed algorithm eventu-
level data transmission stochastic power control game. ThRy converges to a point ((ijwhich implies that point is stable),
game is defined by the following pair of game matricegat is not a Nash equilibrium. The equilibrium solutions of the

(general sum game): ODE (Eg. (9) and Eq. (10)) which characterize the long term
1 T c11 Cia behavior of the proposed algorithm are by definition stationary
R = To1 Tool|’ C= Co1  Coo (®) points. This implies that: (ii). the proposed algorithm will

specifying the utility payoffs for Fhe row player (user 1) and thgnlzoz(;?;eggoﬁnﬁ ThztSt;:ieonnaorty Egisnr:&e gtlﬁggu(rlrll) Z?epl);t?;te
column player (user 2) respectively. If the row player choosﬁ_ is contradictsRemark 3.1 (a) Therefore, the proposed '
power (action)i € {1,2} and the column playe:'r Choosesalgorithm will never converée to a point whi’ch is not a Nash
power j € {1,2} the payoff to the row player is;; and

- - ilibriumA
the payoff to the column player ig;. In addition, when only equi . _ .
user 1 is active the payoff is; ajnd only user 2 is active A sketch of the critical point set for a system, along with
the payoff isco;. Let 0 < o < 1 denote the probability of representative integral curves and their trajectories with arrows
the row pIayeericking actior and let0 < 8 < 1 denote indicatin_g the flow, is caI'Ied a phase p_Iane dia_gram. We use
the probability of the column player pickin_g actianAnd let these diagrams to obtain qualitative information about the

sm denote the probability of user 1 and user 2 are acti\%’mtion of the system, which is referred to as phase plane

", p3 : : . i
respectively. Then, we can express the differential equ('sltione}|:1a|y$'S [13_]' As Eq. (.9) "’?”_d Eq. (10) are nonlinear differential
uations, it makes it difficult to solve for the(t), 5(t))

Eq. (7) whose solution characterizes the long term behavfot: ) licitlv. B btain th ) : :
of the proposed algorithm explicitly as: trajectories explicitly. But we can obtain the trajectories using

numerical techniques. As we show later, the phase plane
diagram for («(t), 8(t)) shows that, when there is no limit

d d
fi1= % = d—? =p{"(a(l — @)E[u1|P, a1 = y11]+ cycle, the proposed algorithm will eventually converge to one
of the asymptotically stable points.
(1 - a)(=a)Elui|P,ar = y1a]) ymproticaly P
=" (a1 — ) [ps" (Bri1 + (1 = B)r12) + (1 — p3")rio) IV. NUMERICAL RESULTS
+(1 = a)(—a)[ps" (Bra1 + (1 — B)raz) + (1 — p3™)ra0]), In our simulation experiments, we use a single cell CDMA

(9) system. The path gains are obtained using the simple path
loss modelh; = K/dj where K = 0.097 is a constant.
= 2 _ 40 We also useM = 8Obits, L = Gdbits, W = 1MHz,
dt dt 82 = 5x 10~ 5 Watts, p = 1Watt, andR = 10*bits/sec. The
=p3"(B(1 = B)[p{" (er1 + (1 — a)ear) + (L = p?™)cor]  utility function given in Eq. (1) was used. First, we consider
+(1 = B)(=08)[p{" (12 + (1 — a@)caz) + (1 — pi™)co2))- the proposed algorithm in a discrete time environment with
(10) two possible power levels for two mobile users. We use this
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Fig. 1. Choice probability of the power strategies vs. number of iterations Fig. 2. The trajectory of ODE withx(0) = 3(0) = 0.5.
for two mobile users continuous transmission case with two power levels
{0.01Watts,0.1Watts}. Convergence of power strategies is seen to con-
verge to the optimal values.
For multiple user(N > 2), multiple power level case, the

existence of multiple equilibrium will be pronounced. If the

example to illustrate how the proposed algorithm works arfteterministic iterative algorithm proposed in [3] is used to
how the derived ODE’s (Eq. (9) and Eq. (10)) trajectoriesolve the discrete power level NPG, then depending on the
evolve. The two terminals are located dt = [300,600] initialization of the power levels, the algorithm may converge
meters from the base station. Both users have two pure powgrone of the pure equilibria or could oscillate between
strategiesY = {0.01Watts,0.1Watts}. The probability of them without convergence. This is because that deterministic
user 1 choosing power 0.01Watts at time slots (k) = algorithms work on the objective function space. On the other
p11(k), and choosing power 0.1Watts is— (k) = pio(k). hand, the proposed algorithm operates on the probability space
In the same fashion, the probability of user 2 choosing powafd for an unbiased initialization in probability, converges
0.01Watts is3(k) = po1(k), and choosing power 0.1Watts isto the best optimal equilibrium strategy. To illustrate this,
1 — B(k) = paa(k). We set the initial probabilities for(0) We construct an example withi" = ps" = 1 as follows.
and 5(0) equal to 0.5, and the step size paraméter 0.1. Let two terminals be located at = [300,600] meters from
For continuous transmission, whepg” = p3® = 1, we the base station. Both users have two pure power strategies
observe that the proposed algorithm converges to the solutir= {0.003Watts,0.975W atts}. let the probability of user
y1 = 0.01 andy, = 0.1, both with probability 1, as depicted 1 choosing power 0.003Watts b&k) = p11(k), and choosing
in Fig. 1, wherea — 1 and 3 — 0. And when for bursty power 0.975Watts bé — a(k). In the same fashion, let the
transmission, wherg?” = p3" = 1, the proposed algorithm probability of user 2 choosing power 0.003Watts i) =
converges to the solutiom = 0.01 andy, = 0.01, both with  p21(k), and choosing power 0.975Watts be 3(k). The game
probability 1. By solving theoretically for the Nash equilibriummatrices for this game are given below,
using game matrices (as given in Eq. (8)) for this power set, we
see that there is only a unique pure l_\lash equilibrium,because 19 6667 0.0019 . 1.3018  0.8205 .
(r11 — 721)(r12 — T22) > ()..'Thus, in this two-user FwojpowerR = [0.0082 0.0082] x10°,C = [0.0000 0.0224] 10%.
level case the Nash equilibrium in pure strategy is discovered
by the proposed algorithm. The trajectory of the solutions &ince(ri; — r21)(r12 — r22) < 0, (c11 — c12)(c21 — c22) < 0,
the ODE (Eq. (9) and Eqg. (10)) is shown in Fig 2, which iand (r;; — r21)(ci1 — c12) > 0, there are 2 pure equi-
obtained by numerical methods. Thes and¢’s in the ODE libria and 1 mixed equilibrium. As we can see, there are
were calculated using the utility function given by Eq. (Ltwo pure Nash equilibria paif2.667 x 10°,1.3018 x 10%)
The arrows show the flowing direction of the trajectory. Thiand (0.0082 x 10¢,0.0224 x 10*) with power strategy pair
trajectory of the ODE characterizes the long term behavior (3.003W atts, 0.003W atts) and (0.975W atts, 0.975W aits)
the stochastic learning process. We can notice that the curespectively. It is obvious that the first equilibrium is better
starts at the initialization poinfa(0) = 0.5,5(0) = 0.5) than the second one. So we would like the power control
and ultimately is attracted to the poit@ = 1,5 = 0) and algorithm to converge to the first one. Suppose we use the
point (o« = 1, 8 = 1) respectively for continuous transmissioriterative power control algorithm (NPG) proposed in [3] with
(9™ = p§™ = 1) and bursty transmissionp{” = p3” = 0.5). initial power strategy paif0.003W atts, 0.003W atts) which
This is the behavior we observe in our simulation results alseeans initially player one chooses power leQel03W atts
as seen in Fig. 1. and player two chooses power level003W atts, it will

As noted previously, when the power levels are discret®enverge to the first equilibrium, but with strategy pair
there could be more than one equilibrium consisting of bot.975W atts, 0.975Watts) it will converge to the sec-
pure and mixed strategies. For the two-user two-power levatd equilibrium. When with(0.975W atts, 0.003W atts) or
case, the game equilibrium can be classified into 3 categori@&003W atts, 0.975Watts) it will even not converge but
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Fig. 3. Evolution of power strategies (probabilities) for different initial values Fig. 4. Equilibrium transmitted power of userl and user2
of a(0) and 3(0). Convergence is seen to be robust to initializations.

proposed method evolves in probability space, thus may not
oscillate between two possible strategies. While using the ptge attracted by local maximum solutions. At each iteration,
posed algorithm, except for the extreme case where the initiat an individual mobile user only one feedback payoff from
power strategy probabilities are biased very much towartte base station is used to update the power strategies, which
the second equilibrium, it will converge to the first (bettergignificantly reduces the communication between base station
equilibrium. This is illustrated in Fig. 3. More specifically,and mobile users, and simplifies the control signaling. The
this figure shows the trajectories aft) and5(t) for different proposed algorithm is shown to converge to the Nash equilib-
initializations, «(0) and3(0). Here,«(t) is the probability of rium, robust to initial values and can handle bursty as well as
user 1 choosing its first power strate@y003W atts) and3(t) continuous data transmission.
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