I. INTRODUCTION

Power control in wireless networks provides multiple ben-
efits. It mitigates multiple access interference (MAI) and
reduces power consumption at nodes, thereby enhancing both
system capacity and battery life. Beginning with the classical
result of Foschini-Miljanic [1], power control has been an
active area of research. See [2], [3] and references therein.

Uplink power control for cellular systems is a well-studied
problem [4], [5]. However, due to the absence of a central
co-ordinating entity, distributed power control in an ad-hoc
network is a much harder problem. It is further complicated
by the fact that the interference is responsive (to the actions of
the transmitter) in nature. Any change in transmit power on a
link induces fluctuations in interference experienced by other
links. This causes other links to change their power levels,
which in turn affects the interference on the original link (and
eventually its power). An optimal power control policy would
thus involve a joint design over all links in the network. Such
an approach, apart from being rather complex, defeats in spirit
our quest for a distributed power control algorithm.

Initial studies like those in [1] focused on power control
in networks with “continuous” traffic streams (for example,
voice). The behavior of packet based networks is quite dif-
ferent in that transmitter activity tends to be intermittent and

often bursty in nature. In [6], the authors studied the problem
of quality-of-service (QoS) sensitive power controlled multiple
access (PCMA) for packetized non-real-time data.

Designing QoS aware power control policies for support-
ing packetized real-time services like multimedia streaming
provides further challenges and is a relatively under-studied
problem. Real-time packets are associated with stringent dead-
lines. Power control or scheduling policies that merely provide
average delay guarantees are not good enough to support
deadline constrained traffic. The authors in [6] made an
attempt to extend their model for non-real-time traffic to solve
the problem of power control for real-time multimedia traffic.
However, they incorporated the deadlines of all packets in the
queue into the system state, which led to a tremendous increase
in complexity.

Multimedia packets in a queue exhibit strong temporal
correlation in that they reside in the queue in increasing
order of respective deadlines. It is more important for packets
to satisfy differential deadline constraints relative to packets
preceding them in the queue, as opposed to absolute deadline
constraints. We refer to these differential deadlines as inter-
packet deadlines (IPD). An IPD based characterization of
multimedia traffic is very flexible and drastically reduces
model complexity. We used this notion in [7] in the context of
scheduling for downlink real-time traffic in a wireless cellular
network.

The problem of power control for real-time traffic involves
optimizing two competing objectives: (a) minimizing the num-
ber of packets dropped due to missed deadlines, and (b)
expending as little power as possible per transmission. The
objectives are at loggerheads, since a low transmit power level
would imply low probability of successful packet transmission
and therefore a higher packet drop rate (or lower QoS), and
vice-versa. We refer to this trade-off as the power v/s QoS
trade-off for wireless networks. Trade-offs for non-real-time
traffic were investigated in [6], [8]. We focus on the real-time
traffic case.

A. Organization of the paper

In Section II, we formulate the problem of power control
for real-time packet data in a mathematical framework under
the assumption of unresponsive interference. The problem is
posed as a dynamic program (DP) [9] in Section III. We






by the probability density q(B). Under the i.i.d interference
model, the DP equations for d > 1 get modified as follows:

Vi) = inf {p+ [1-s(p.0)] [ V(@ 1,1},
deN\{1},ieZ. (3

The DP equations for d = 1 stay unaltered. To simplify
notation, we introduce the sequence X(d) given by

/V(d—l,i’)q(di’) od>1
x@={ 7 i @
0 ;o d=0.

The DP equations can now be compactly expressed as

V(d,i) = ggg{pp—s(p, i)X(d)} +X(d),deN,ieZ

¢(p.d.i)
@)
Thus, the optimal transmit power in state (d,i) is a
constrained minimizer of the function @(p,d,i) = pp —

s(p, 1)X(d) on the set p € [0, Pmax] in the presence of a peak
power constraint, and on the set p € [0, 00) otherwise.

B. The success probability function s(p, 1)

The packet success probability s(p,i) can be expressed
as a function of a single parameter p/i, the signal-to-noise
plus interference ratio (SINR) experienced at the receiver.
Henceforth, we make the dependence on p/i more explicit
by expressing S(p, ) as s(p/i). For any well designed system,
s(p/i) is a strictly increasing function of p/i. Also, for most
systems of interest, S(p/i) is either a concave or sigmoidal
function [10]. In this paper, we focus on the former case. We
make the following assumptions on S(p/i) to aid technical
analysis:

(a) First three derivatives exist are are continuous.

(b) Monotone increasing, that is, s'(p/i) > 0. 3

(c) Strictly concave, that is, s”(p/i) < 0.

(d) lim s(p/i)=0and lim s(p/i)=1.

p/i—0 p/i—o0

IV. THE OPTIMAL TRANSMISSION POLICY
A. Dependence on i for fixed d

Since pp and —s(p/i) are convex functions of p and
X (d) > 0 (easily shown via induction), @(p, d, i) is a convex
function of p for fixed i and d. Consequently, the unconstrained
minimizer of @(p, d, i), denoted by p,,(d, i), is unique. It is the
point at which the derivative of @(p, d, i) vanishes, and hence
is a solution to the equation

s'(p/i) =

Three cases can arise:

(@) Ppyu(d,i) € [0, Pmax]: In this case, p (d, i) = py(d, ).
(b) py(d, 1) > pmax: In this case, p (d, I)
(c) py(d,i) <O0: In this case, p (d, i) =

X(d)’ ©

pmax

3The derivatives of f(z) w.r.t z are denoted by f’(x), f"(x), f"(z) etc.

The conclusions in the latter two cases follow from the
convexity of @. The different cases are depicted in Figure 1.
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Fig. 1. Cases (a), (b) and (c) from Section IV-A: The function ¢ and its
unconstrained minimizer

By assumption (b), s’(p/i) is a decreasing function. If
pi/ZX(d) > s'(0), the unconstrained minimizer is necessarily
negative, which corresponds to case (c) above. Thus, for each
d, there exists i, (d) = s'(0)X(d)/u such that the optimal
transmit power is zero for all i > ip,,. This yields the
following form for the optimal power control policy:

p (d I) _ min {pmax-pu(dy |)} ;i< |max(d)

' 0 ;1> i (d).
We now state two important structural properties of the cost-
to-go function and optimal power control policy.

Lemma 1: For fixed d, V (d, 1) satisfies the following: (a)

(7

V(d,i) = X(d) Vi > i, and (b) linév (d,i) = 0.
11—
Sketch of Proof: See the Appendix. |

d,i)=0.
Sketch of Proof: See the Appendix. |

Since s’(p/i) is a continuous, monotone decreasing and
strictly positive function on [0,00) (by assumption) it has
an inverse function (s')~! that is continuous and monotone
decreasing. Assuming Pmax = 0o for now, from (6) and (7)

p (d,i) = i(s) " (X“(:j)> , 8)

for i € [0, imax]. It follows that p (d, i) is also a continuous
function of i. We now invoke the inverse function theorem for
the function s’(p/i) to conclude that (s’) ! is differentiable on
(0,00). This immediately implies differentiability of p (d, i)
on (0, imgy ). Finally, we invoke Rolle’s theorem in conjunction
with (7) and Lemma 2 to conclude that there exists at least one
ig € (0, imax) (possibly non-unique) such that [p (d,i)]" = 0.
One way of ensuring uniqueness of i is to establish concavity
of p (d, i) as a function of i, on (0, iy ). Lemma 3 provides
condition(s) for concavity.

Lemma 2: _1iII(1) p (
1—

Lemma 3: p (d,i) is a strictly concave function of i on
(0,imax) if the success probability function s(-) satisfies
s'(x)s”(x) < [s”(X)]?, V x € Ry.

Sketch of Proof: See the Appendix. |

If we assume S”/(X) > 0 (true in several cases), the
condition can be reduced to [s'(X)]? < K|s”(X)| ¥V X € Ry,
for some K > 0. See the (sketch of) proof for details.



B. Dependence on d for fixed i

We now examine the dependence of the optimal policy on
deadline d for fixed interference i.

Lemma 4: X(d) is a monotone decreasing function of d.
Sketch of Proof: See the Appendix. |

Lemma 5: p (d,1) is a monotone decreasing function of d
for fixed i.

Sketch of Proof: The result follows from Lemma 4, the
monotonicity of (s')~! and equation (8). [ |

To summarize, we have demonstrated that the optimal trans-
mit power p (d, i) is a strictly concave function of i for fixed
d (under qualifying conditions), and a monotone decreasing
function of d for fixed i. Also, for fixed d, p (d,i) = 0 in
the limit i — 0 and also for 1 > i,y (d). That is, the optimal
transmit power level first increases and then decreases with
increasing interference.

C. Comparisons with Foschini-Miljanic (FM) power control

Assuming the condition of Lemma 3 holds, we can identify
three distinct regimes of operation (similar to [6]).

(a) Aggressive phase: i € [0,ip] - Optimal transmit power

increases with increasing interference.

(b) Soft backoff phase: i € (ig,imax] - Optimal transmit

power decreases with increasing interference.

(c) Hard backoff phase: 1 € (imax,o0) - Optimal policy is

to not transmit.

The FM policy always operates in the aggressive phase.
For the optimal power control policy, the SINR p (d,i)/i
decreases with increasing interference. This can be deduced
from (11), since s”(p (d,1)/i) < 0, X(d) > 0 and hence
[p (d,)/1)] < 0. This is in contrast to the FM policy
where the goal is to maintain a constant SINR, regardless
of interference. A glance at (12) indicates that the optimal
transmit power comprises of two terms - the first term (Ci)
varies linearly with interference, while the second term is
possibly non-linear and concave. C could be positive or
negative. For the FM policy, the optimal transmit power is
always of the form Ci, with C > 0.

D. Examples

There exist a rich class of parameterized families of func-
tions which satisfy the assumptions we have made on S(p/i).
These functions can be used to model success probability
functions of real systems (which are typically obtained em-
pirically). We cite some examples:

(@ s(x)=1 —exp (—=6x%), 3 >0, a e (0,1].

X
b) s(X) = , B>=0, 0,1].
) s(x) = 575 B>0. v € (0.1]

(c) s(x) = tanh(nx), n > 0.

All three parameterized forms cited above satisfy the con-
dition of Lemma 3. In addition, (a) and (b) also satisfy
s”/(x) > 0. For o = 1 in (a) and y = 1 in (b), we can obtain

Aggressive phase

Soft backoff phase

Optimal transmit power — p*(d,i)

Hard backoff phase

4
Interference (i)

Fig. 2. Optimal power level p*(d,4) v/s interference (i) for different
deadlines (d) and s(p/i) = 1 — e~ %P/, The different modes of operation
are depicted. Note how imax decreases monotonically with d

the optimal power control policy in semi-analytical form. For
instance, for (a) with o = 1 we get

p (0= bg (PS0) o (R00)

The optimal policy for various i and d is depicted in Figure
2.

V. HEURISTIC SCHEDULING POLICIES

We have fully characterized the optimal power control pol-
icy under the i.i.d unresponsive interference assumption. How-
ever, in a multiple access environment where nodes behave
independently of each other, the interference is temporally
correlated and responsive in nature. We will leverage intuition
gained from the structural properties of the optimal solution
for the model we studied to design heuristic power control
policies for a realistic responsive interference scenario. It is
reasonable to assume that a transmitter has knowledge of
interference observed on the link in the previous time-slot
via feedback from the receiver. For a typical link, denote
by in the interference observed in the N time-slot. In the
(n + 1)t time-slot, the transmitter chooses its power based
on the assumption that the interference will not change in the
next time-slot. This leads to the following heuristic policy:

Sy min {pmax- pu(d! In)} ) In < imax(d)
pn+1(d' In) - { 0 ; ih > imaX(d)l
i 9
where p,(d, in) satisfies s'(p,(d, in)/in) = ;(3)

VI. SIMULATION RESULTS

We evaluate the performance of the proposed power con-
trol policy via simulations. We consider a network with 6
symmetric links. The channel gain from transmitters to their
associated receivers is normalized to 1, while the gain from
transmitters to all other receivers is set to a > 0. A larger value
of a indicates a higher degree of multiple access interference.
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Fig. 3. Power Control v/s QoS Trade-off for proposed policy and FM policy

Packets arrive at each transmitter according to a Bernoulli
process with parameter 1/6. A packet that arrives to an empty
queue has a deadline of 4 slots. A packet that was already
residing in the queue, upon coming to the head of the queue
inherits a deadline of 4 slots plus the residual TTE of its just
departed predecessor (see example in Section II-B). We model
the probability of successful transmission by the function
s(p/i) = 1 — e 125P/i The sequence X (d) is modeled as
X(d) = M+Vd, d € N, where A > 0 is the packet dropping
cost*. Finally, pmax is set to 5 and | is set to 1.

We consider two performance metrics - average transmit
power per packet (successful or dropped) and average packet
drop rate. Both averages are over all queues. For the proposed
policy, we generate the power control v/s QoS trade-off
curve (discussed in Section I) by varying A. We could have
accomplished the same by varying Y. The curve for a = 1
(high interference) is depicted in Figure 3. It is contrasted with
the trade-off curve for FM power control, which is generated
by varying the target SINR y 7. Observe that the proposed
power control policy offers a significantly better trade-off, and
requires 4dB lower power on an average to achieve a 10%
packet drop rate.

Figure 4 depicts the additional power required when using
FM power control (with respect to the proposed policy)
to achieve a 10% packet drop rate, for varying levels of
interference. We note that the disparity between FM and the
proposed policy increases as the level of interference in the
network increases. In the high interference regime, the backoff
modes of the proposed policy play a crucial role in regulating
access to the shared wireless channel, especially with very
high transmit power. Traditional FM type power control poli-
cies lack this feature, and their combative approach towards
interference migitation leads to their downfall. The simulation

“The choice is somewhat arbitrary. While the exact form of X (d) depends
on the probability distribution of interference (which is unknown), we preserve
two key properties - X (1) = X and X (d) a decreasing function of d.

SRecall that the FM algorithm is given by pX,; = min{pmax, Y*in }.
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Fig. 4. Average power savings of proposed policy over FM policy (for 10%
packet drop rate)

results strongly support our case for a deadline aware and
interference friendly power control policy for supporting real-
time traffic in an interference limited environment.

VII. CONCLUSIONS

In this paper, we employ a dynamic programming frame-
work to design power control policies for supporting real-time
multimedia traffic in ad-hoc wireless networks. In terms of
modeling, our work can thought of as a natural extension
to the work in [6]. We employ the clever notion of inter-
packet deadlines based characterization of multimedia traffic
to immensely simplify the state-space of the DP. We study
properties of the optimal power control policy under the
assumption of “unresponsive” interference and provide a semi-
analytical solution that can easily be used to design heuristic
power control policies for a “responsive” interference scenario.
Similar to the results in [6], we demonstrate (in a much
more rigorous fashion) that the optimal policy comprises
of three distinct modes of operation - “aggressive”, “soft
backoff” and “hard backoff”. This is in stark contrast to the
benchmark Foschini-Miljanic power control policy [1] (and
its variants), where the transmitter always operates in “ag-
gressive” mode. In conjunction with power-aware scheduling
and routing strategies, the proposed power control schemes can
provide significant performance gains for real-time multimedia
communication over wireless networks. It would be interesting
to compare the proposed policy with an optimal policy that
involves a joint design over all nodes in the network, with the
assumption of responsive interference.
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APPENDIX

A. Sketch of Proof of Lemma 1
(a) By definition,

V(d, i) =pp (d,i)+[1—s(p (d,i)/i)]X(d).

Use (7) and assumption (d) on s(p/i) to conclude that
s(p (d,i)/i) = 0V i > ipax. It follows that V (d,i) =
X(d) Vi > imax-

(b) Since s(p/i) € [0,1] V p/i, it follows that pp —
s(p/1)X(d) € [up — X(d), pp]. This implies

i - i > — =— .
inf {up — s(p/1)X(d)} = inf {up — X(d)} = —X(d)
This also holds in the limiting case of i — 0. Now,

inf {p — s(p/DX(d)} < pp — s(p/i)X(d) ¥V p > 0.

In particular, choose p = /i on the right hand side and
let i — 0. Thus, s(p/i) = s(1/+/i) — 1. This gives

lim ing {pp — s(p/i)X(d)} < —X(d).

i—0p>
We conclude _lirr(l) ir>ng {up — s(p/i)X(d)} = —X(d) and
i—0p>
hence limV (d, i) = 0.

i—0

B. Sketch of Proof of Lemma 2
Suppose _lirr(l)p (d, i) = pg # 0. We know from Lemma 1:
11—

1—0

For any pg # 0, we have _lin}) po/i = oo, and hence
1—

_1irr(1)s(p0/i) = 1. This gives ppy — X (d) + X(d) = 0. Since

11—

K = 0, we conclude py = 0, which leads to a contradiction.

C. Sketch of Proof of Lemma 3
i

From (6) and (7), Sl(p (d, |)/|) = m, Vie [O, imax].
Differentiate both sides and re-arrange terms to get
(d,i) Hi

p (i) - P

i X(d)s”(p (d,i)/i)’ (19

lim V/ (d,i) = lim [1p (d,1) —s(p (d, i)/D)X (d)+X(d) = 0.

This is a Bernoulli differential equation that can be trans-
formed into the following first order ordinary differential
equation (by using an integration factor technique):

p(di)]" n
= e @ 0
Integrating both sides (w.r.t i) yields
L i di’
v =cit i [ goanmy 02

where C is some constant satisfying boundary conditions.

Differentiate twice (w.r.t i) to obtain

D (d,i)]" = 2 ~ Wis”(p (d,i)/i)
P X@s o @) X (e (d AP

For p (d, i) to be concave, we must have [p (d,i)]” <0Vie

(0, imax ). Combined with (6) and (7), this yields the condition

s'(p (d,i)/)s"(p (d.i)/i) <2[s"(p (d,D)/D)]*.  (13)

Denote y(d,i) = p (d,i)/i, the SINR experienced at the
receiver if the optimal power control policy is employed. From
the proof of Lemma 1 it is easy to see that lim y(d, 1) = oc.
Also, from (6) and (7), y(d,i) = 0 V i > lipa. Thus,
there exists a one-to-one mapping from y(d, i) to [0, oc0) for
i € [0, ima]. This implies that we can reduce the condition in
(13) to s'(x)s"(x) < 2[s"”(x)]?, thereby completing the proof.

Recall that s'(X) > 0, since S(X) is monotone increasing

and s”(x) < 0 since S(X) is concave. If s"/(X) > 0, we
: . S
can re-write the condition as Integration yields S7(x) <K,
[s"(0))? N
where K = — 5'0) > (. Since s”(x) < 0, we conclude

[s’(X)]? < K|s”(X)|, as claimed. Two more steps of integration
lead to the following condition:

s(X) < Klog <1 + S/(:())X> = f(x).

It is easy to check that f'(0) = s'(0), ¥/(0) = s”(0) and
f(x) <0V x € R,. Thus, s is upper bounded by a concave
monotone increasing function f, which has the same first two
derivatives as S at 0.

D. Sketch of Proof of Lemma 4

By definition, V (d, 1) = pp (d,i)+[1—s(p (d,1)/i)]X
Differentiate both sides w.r.t i to get

V/(d, i) = ulp (d, D))" —s'(p (d,)/i)[p (d,)/i]".

. d,i L
We use (6) to get V'(d, i) = w > 0. Thus, V (d, i) is
a strictly increasing function of i for fixed d and i € [0, imax]-
We invoke Lemma 1 to conclude 0 < V (d,i) < X(d) Vi €
[0, imax) and V (d, i) = X(d) V i > ipax. Let Zy = [0, imax)

and Zo = [imax, 00). Using the definition of X (d) we have

/IIV(d— 1,i")q(di") +/12

(d—1)q(di") +
I1 Iz

X(d—1)

(d).

X(d) = V(d-—1,i")q(di")

A

(d — 1)g(di")



