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Abstract— This paper analyzes distributed asynchronous
power and rate control for wireless ad hoc networks with
stochastic channels. In contrast to conventional cellular systems,
all network transmitters are assumed to be independent of any
management infrastructure and, importantly, to have the freedom
to choose theirown arbitrary control rules, using as input only
the information on local interference and achieved signal-to-
interference and noise ratio (S INR). This approach respects link’s
different local network conditions and preferences on quality of
service. With the purpose of finding network-wide acceptable
equilibria for such an individually defined power/rate allocation
dynamics, we discuss an entirely general asynchronous and
distributed algorithm, whereby stochastic channels are assumed.
Moreover, optimum admission scheme for linear/linearized mod-
els is given. Numerical simulations show the efficiency of our
approach to allocate comparably higher S INRs in random ad
hoc networks with changing topologies and user density.

Index Terms— Ad hoc networks, power and rate control,
distributed, asynchronous, equilibrium, convergence.

I. I

The concept of designing wireless communication networks
without a centralized aid of backbone controllers (cell base
stations), which facilitate and carry out network management
on a local cell level, is attractive from the economical and
practical point of view. The interest in such ad hoc networks
stems among others from their ability to provide flexible,
rapidly deployable and fully distributed wireless networking
[1] such as in disaster rescue or military applications.

The choice for independence from expensive and slowly
deployable vulnerable base stations however requires their
substitution by distributed control algorithms, carried out by
network usersthemselves. Preferably not only distributed, but
also asynchronous control mechanisms are needed in view of
difficulties with achieving a network-wide synchronization.

This paper proposes a new approach to the classical power
and rate control problem, whereby we assume the challenging
context of above introduced ad hoc networks, requiring its
implementation by means of collective decision-making. What
makes this a difficult task is besides the need for distributivity
and asynchrony also the fact that communication channels
have a stochastic nature and ad hoc network users are generally
non-cooperative and selfish. The latter commonplace assump-
tion suggests users’ tendency to use higher power outputs
to overcome experienced co-channel interference from others
and maximize their immediate quality of service (QoS) profits
disregarding however the harms caused by one’s own power.

This work is supported in part by the21st Century COE ProgramGrant No.
14213201 and Grant No. 16206040, both from Japan Society forPromotion
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II. RW  S  R

Cutting this vicious circle, which ultimately degrades the
performance of the entire ad hoc network, calls for algorithmic
rules for power/rate control, which would be beneficial to all
and hence persuade rational network users to follow them.

One approach to this issue consists in solving problems
of maximizing a minimumS INR ratio [2] or satisfying
targetS INR levels with a minimum total transmit power [3].
Recent works inspired e.g. by [4] have then tried to apply
game-theoretic QoS maximization to the field of dynamic
optimization of resources allocation and to solve among others
the possible divergence of early algorithms. These works,
however, often depart from strongly application dependent
system models and not surprisingly offer results with low
mathematical generality or practical universality.

In this paper, we develop a novel “best-response” approach
to distributed power and rate control for multihop ad hoc
communication systems supporting several frequency bands
and having stochastic channels. In our model, each active link
(i.e., independent single-hop transmission) adjusts periodically
and asynchronously its transmit power and rate, determining
their values using respectivelybest-responseandtransmit rate
assignmentfunctions with the information on local co-channel
interference and achievedS INR as inputs. Importantly, we
leave up to links themselves to design the particular realization
of these update functions according to their (slowly) varying
preferences or needs in order to match variable service re-
quirements and changing local network conditions.

As for novelty, the present paper develops our own prior
work [5], which we thus consider as the closest reference.
Therein, we have studiedpowercontrol with invariable best-
response functions from agame-theoreticpoint of view
assumingdeterministicchannel gains. In this contribution, we
present a more complex case ofpower and ratecontrol with
possibly slowly varying best-response and rate assignment
functions usingstochastic approximationto deal with the
effects of random channels gains. Nevertheless, our work is
done on apurely theoretical level and focuses on analytical
clarity and simplicity without making any technical assump-
tion, which further delimits it from other prior publications.

The following text first defines in Section III our power/rate
control model and then discusses in Section IV the problem of
the convergence of its dynamics to Nash equilibria assuming
stochastic channels. In Section V, we focus more on linear
(linearized) control system model and present as a result an
optimum admission control scheme for this case. Numerical
simulations are given in Section VI, followed by conclusion.



III. S M

When analyzing a general wireless ad hoc network using
data relaying over multihop connections on multiple frequency
bands, we employ a decomposition of the network into orthog-
onal frequency bands [6] and study with no loss of generality
only the reduced problem of isolated resources management in
a single channel network (CDMA or FDMA) with concurrent
interference, caused byN simultaneously active links. Let

[

hi j

]

be theN × N channel gain matrix, wherebyhi j is the channel
gain from the transmitter of linkj to the receiver of linki.

We think of power/rate control as of individual decision-
making in a non-cooperative environment, whereby each net-
work link i performs its power/rate control updates periodically
with periodT in time instancestki for integerk. We generally
assume an asynchronous power/rate control withtki , tkj for all
links i and j , i (other links than linki are denoted by−i).

Links adjust their transmit powersσi with respect to ex-
perienced co-channel interference using their so-called best-
response functionsβRX

i ≥ 0 [5], describing mathematically
the value of the most desirable received powerhiiσi at link
i’s receiver (RX) necessary to overcome a given interference
∑

j,i hi jσ j = hT
−iσ−i from other interfering linksj , i (−i) in

order to achieve an acceptable connection, e.g., an acceptable
S INRi . Boldface notation denotes vectors and matrices.

As individual links may possibly have different preferences
on S INRi for considered interference values, each link defines
its own function βRX

i independently from others and based
solely on its own individual preferences or QoS needs. Func-
tions βRX

i are therefore generally different among each other.
Link i’s transmitter (TX) adjusts concurrently with its trans-

mit power also its transmit data rate̺i based on a so-called
rate assignment functionRTX

i ≥ 0, which assigns preferred
data rates toS INRi achieved at the receiver. LikewiseβRX

i ,
RTX

i is assumed to be linki’s particular choice too.
We formulate similarly to [5] the above distributed

power/rate control model as a strategic game in order to
incorporate into our model the fact that in the above scheme all
network links take independently their best available actions
(power/rate updates with respect toβRX

i and RTX
i ) to pursue

their own individual objectives (choice ofβRX
i andRTX

i ) using
only the information on mutual interference and achieved
S INRi . What makes this a strategic game is that what is best
for one link, in general, depends upon other links’ actions.

SettingβTX
i (σ−i)

def
= 1

hii
βRX

i

(

hT
−iσ−i

)

to be the transmitter TX
based best-response function, we formally redefine our system
model as a non-cooperative gameG = {I , σi , βi} [7] with
these three elements (in the next we omit for clarity TX in

βTX
i andRTX

i and if possible also the ubiquitoustki in σ
tki
i ):

1) a setI of N active links i ∈ I , I = {1, ...,N} (game
players), simultaneously accessing the shared medium;

2) a transmit powerσ ∈ Σi (game strategy) for each linki,
whereΣi ∈ ℜ

1+ defines the power profile of linki;
3) link i’s best-response functionβi : Σ−i → Σi (transmit

power update rule), assigning a powerσi ∈ Σi to each
opponent links playσ−i ∈ Σ−i ;

whereinΣ−i with elementsσ−i represents the strategy profile
of opponent links−i, given by the Cartesian product ofΣ j

for all j ∈ I and j , i. Σ with elementsσ denotes the
strategy profile of the entire power control game, given by the
Cartesian product ofΣi for all i ∈ I .

Note that transmit powerσi is the only strategy in our game-
theoretic model formulation, because knowing all powersσi

and functionsRi is sufficient to uniquely derive links’S INRs
and thus their corresponding data rates. Reaching a network-
wide equilibrium by the power control process therefore
implies also a stabilization of the rate adjustment process.

IV. S  N E U S
C

The main contribution of our work consists in analyz-
ing how to distributively and asynchronously find suitable
solutions to the gameG under the real-life assumption of
stochastic communication channelshi j . It is certainly natural to
require such solutions to be stable power vectors ˆσ allocated
by individual links such that every linki’s transmit power
is optimally adapted to interference from other links with
respect to givenβi , i.e., σ̂i = βi(σ̂−i) for each link. Taking an
insight of game-theory, this formulation in fact mathematically
corresponds to the definition of Nash equilibrium [7].

In order to be able to use the Nash equilibrium concept
within the discussed power/rate control framework, we must
assume two mild restrictions onΣ and βi . Let for all i ∈ I

(i) each link’s i strategy profileΣi be a non-empty, compact
and convex set of real numbersℜ1 and (ii) βi be a globally
Lipschitz in the strategy spaceΣ (bounded first derivative).
The motivation for this is that one can show using Brouwer’s
fixed point theorem [8] that under such assumptions the game
G alwaysadmits at least one Nash equilibrium ˆσ ∈ Σ.

So solvingG boils down to a distributed and asynchronous
search for zero root(s) ˆσ of the functionf (σ) = β (σ) − σ

having available only periodical observations of interference,
i.e.,β (σ), whereβ is the Cartesian product ofβi onΣ. Yet un-
der the presence of noiseǫ in channels,β (σ) becomes noisy,
which accordingly results into noisy observations [f (σ) + ǫ]
of f (σ). To mitigate this problem, a recursivesynchronous
algorithm (time indexk instead oftki ) has been proposed in
[9] to find a sought-for root ˆσ under stochastic conditions:

σk+1 = σk + ak
[

f
(

σk
)

+ ǫk
]

, (1)

whereak is the algorithmic step size. This algorithm has been
used for example in [3] to improve a poor performance of
the classical Foschini-Miljevic algorithm in noisy channels,
which allocates minimum transmit powers for satisfying hard
constraints onS INRi .

In our work however, we have alternatively focused on mod-
ifying a more elaborate stochastic approximation algorithm
from [10] to fit to our specific purposes. As a result, the next
paragraph presents an algorithm that not only allows for a
distributive search for an equilibrium ˆσ under noise as in the
case of Eq. (1), but also solves the problem ofasynchronous
convergence to potentiallymultiple equilibria of G , weakens
noise conditions compared to [3] and importantly allows an
iteration restart if the estimate of ˆσ departs out ofΣ.

Suppose periodical, but asynchronous transmit power up-
dates as defined in the system model. Then the proposed



algorithm consists in letting every link perform its power
update actions at time instancestki based on the following
recursive formula, whose only input is the information on

interference from asynchronously updated transmit powersσ
tki
−i

and which is defined for some initial transmit powerσ
t0i
i ∈ Σi :

σ
tki +T
i =

(

σ
tki
i + ak

i y
tki
i

)

L[(

σ
tki
i +ak

i y
tki
i

)

∈Σi

] + σ∗i L
[(

σ
tki
i +ak

i y
tki
i

)

<Σi

] (2)

The termy
tki
i = fi

(

σ
tki
−i

)

+ǫ
tki
i represents noisy observations of the

function fi = βi

(

σ
tki
−i

)

−σ
tki
i having Nash equilibrium (equilibria)

as its zero root(s). The logical function L[statement] in Eq. (2)
is equal to 1 if itsstatementis true and becomes 0 otherwise,

whereby if one candidate valueσ
tki +T
i = σ

tki
i + ak

i y
tki
i of the

estimated equilibrium component ˆσi at time tki + T exits from
the predefined transmit power profileΣi , the search for the
equilibrium σ̂ is generally pulled back to the pre-specified
point σ∗ ∈ Σ and restarted from this new initial value.

In order to describe the convergence conditions of Eq. (2),
we must make the following assumption on noiseǫ.

Assumption 1:For any convergent subsequence{σ
tni
i } of

{σ
tki
i }, any i ∈ I and anyθk ∈ [0, θ]

lim sup
θ→0

lim sup
k→∞

1
θ

∣

∣

∣

∣

∣

∣

∣

∣

m(n,θk)∧r(i,gn
i +1)

∑

s=n

as
i ǫ

ts
i

i

∣

∣

∣

∣

∣

∣

∣

∣

= 0, (3)

where “∧” denotes the minimum betweenm(n, θk) = inf {l ≥
n,

∑l
s=n as

i > θk} and r (i, l) = inf {k > 0,gk
i = l}, wherebygk

i
is a virtual truncations countergk+1

i = gk
i + L[(

σ
tki
i +ak

i y
tki
i

)

<Σi

] with

g0
i = 0 ∀i. � Then we state:
Theorem 1:Assume a non-cooperative power control game

G = {I ;σi ; βi} as defined in the system model and letβ

be globally Lipschitz functionsβ : Σ → Σ in a non-empty
compact and convex strategy spaceΣ, whereby the setJ =
{σ̂ ∈ Σ : f (σ̂) = β (σ̂) − σ̂ = 0} denotes a set of isolated
Nash equilibria ˆσ of G for givenf , resp.β. Let links’ transmit

powersσ
tki
i be periodically updated at time instancestki based

on Eq. (2) with an initial valueσ
t0i
i and for σ∗i < max[Σi ],

whereby each link iterates Eq. (2) with its own step-sizeak
i

such thatak
i > 0, ak

i

k→∞
−−−−→ 0,

∑∞
k=0 ak

i = ∞ and

0 < dmin
i ≤ lim inf

k→∞

ak
i

ak
j,i

≤ lim sup
k→∞

ak
i

ak
j,i

≤ dmax
i a.s. (4)

for some dmin
i and dmax

i . Then if there exist scalar twice
continuously differentiable functionv : Σ→ℜ1 such that

sup
di∈[dmin

i ,d
max
i ]

[

fT diag(1,d2, . . . ,dN) gradv
]

< 0, (5)

for all σ ∈ Σ\ J andv (σ∗) < infσ:σi=max[Σi ]; σ j≤max[Σ j,i] v (σ) is
true together with theAssumption 1on noiseǫi , it holds that

dist
[

σtki , J
] k→∞
−−−−→ 0 a.s. (6)

for dist
[

σtki , J
]

= inf {‖σtki − σ̂‖ ∀σ̂ ∈ J}. �1

1The proofs of the theorems stated herein are provided in the extended
journal version of the paper.

Apart of verifying the noise assumption for some particular
channel type of interest, all the other assumptions of the above
theorem are not very complicated. Importantly, we observe that
the functionv is not required to be non-negative as in the case
of the Lyapunov functionV, needed for assuring power control
stability in [5]. So a candidate function forv can be found
e.g. by means of a functiongi = gradi v for all i such that (i)

figi < 0 and (ii)
[

∂gi

∂σ j

]

is symmetric (recall thatg is a gradient
of a scalar functionv if and only if g’s Jacobian matrix is
symmetric). In contrary to [5], it is not necessary to search
for g such that it also holds that (iii)v =

∫

σ

0
g (τ ) dτ > 0.

V. P  R C  L  L
B-R F

While this method for generating functionsv is straightfor-
ward and applicable to general power control, it may not be
always practical as the analytical form ofβi can be complicated
or defined numerically. Let us therefore restrict our attention
to a simplified system model, whose best-response functions
βi are assumed to be linear (linearized) functions in the form
βi =

(

Ai + Bih
T
−iσ−i

)

/hii for Ai , Bi ∈ ℜ
1. We naturally assume

continuous differentiability ofβ at equilibriumσ̂ in the case
of linearizing a nonlinear power control dynamics around ˆσ

with approximate linear functions having slopesB′i =
∂βi (σ)
∂(hT

−iσ−i) .
Two important power/rate control schemes can be modeled

in such a way. First, ifAi > 0 and Bi < 0, then each
link’s preferences onS INRi decrease inverse proportionally
with increasing interference. In such a case, links can take
advantage of high-power high-speed transmissions for lower
interference levels and use rather slow, but energy saving
transmissions for higher interference. If interference exceeds
the thresholdAi/Bi , link i becomes passive and waits for
better channel conditions while saving its power budget (this
implements a receiver-based admission control of CSMA/CA
kind). Secondly, ifAi = 0 andBi > 0, then the system model
represents a network with hard constraints onS INR[12].

Defining matrix B =
[

L[ i, j] Bi hi j / hii

]

, we assumeB
to be a nonsingular and irreducible matrix, since different
active links have disjoint positions in the network. Assuming
for simplicity all hi j = const as a result of interference data
averaging and/or slow mobility, we can state the next theorem:

Theorem 2:Assume in accordance with the system model
a non-cooperative power control gameG = {I ;σi ; βi} having
linear or linearizedβi =

(

Ai + Bih
T
−iσ−i

)

/hii for Ai , Bi ∈ ℜ
1

and∀i ∈ I . Then the gameG has a unique Nash equilibrium
σ̂ and its best-response power control dynamics

1) converges globally asymptotically to ˆσ;
2) diverges globally from ˆσ;

if it holds that
1) hii > |Bi |

∑

j,i hi j for all i;
2) hii < |Bi |

∑

j,i hi j for somei or at least oneB’s eigen-
value |λi (B)| = 1 corresponds to a Jordan cell with
dimension more than 1;

respectively, whereby the speed of convergence of Eq. (2) in
case (1) or its divergence in case (2) is exponential.�

This theorem in fact defines an optimum admission control
scheme on the data link layer, which is cross-layer optimized



with the power and rate control of the underlying physical
layer in terms of assuring its network-wide convergence.
Moreover, it supplements the admission control implicit toour
system model and characterized by the interference threshold
Ai/Bi . Note also the theorem’s relation to the network layer
through the parameterAi , which can be adaptively adjusted
for networking and routing purposes so that linki’s transmit
power is allocated correspondingly to its geometrical length.

Evidently, usingTheorem 2, each link can determineinde-
pendentlyfrom others, whether its transmission, under given
channel conditionshii andh−i and with a best-response func-
tion characterized byAi and Bi , would affect the convergence
process of the whole network. Advantageously, all of these
parameters arelocally available information for linki.

Following the admission rule of case (1) by all links assures
that the power/rate control converges globally and asymptoti-
cally with an exponential motion to a unique Nash equilibrium
for any initial condition. In contrary, a transmission violating
the admission control as in case (2) results into an undesirable
exponential divergence of transmit power allocation.

In order to propose similarly toTheorem 1an asynchronous
and distributed solution tonoisy power/rate control (hi j ,

const) with linear best-response functions, we have further
developed Theorem 2 and showed that implementing its
admission control scheme is in fact equivalent to assuring
convergence conditions of Eq. (2). Although the proof requires
several consecutive steps, it is not very hard to derive the
following substantially simplified version ofTheorem 1:

Theorem 3:Assume a non-cooperative power control game
G = {I ;σi ; βi} as defined in the system model having linear
or linearizedβi =

(

Ai + Bih
T
−iσ−i

)

/hii for Ai , Bi ∈ ℜ
1 and

∀i ∈ I . Let each link update its transmit powerσ
tki
i at time

instancestki based on Eq. (2) with an initial valueσ
t0i
i and for

σ∗i < max[Σi ] using its own step-sizeak
i such thatak

i > 0,

ak
i

k→∞
−−−−→ 0,

∑∞
k=0 ak

i = ∞ and

0 < dmin
i ≤ lim inf

k→∞

ak
i

ak
j,i

≤ lim sup
k→∞

ak
i

ak
j,i

≤ dmax
i a.s. (7)

for somedmin
i anddmax

i . Then if hii > |Bi |
∑

j,i hi j for all i and

theAssumption 1on noiseǫi is true, it holds that‖σtki −σ̂‖
k→∞
−−−−→

0 a.s., wherebyσ̂ is the unique equilibrium ofG . �
By the nature of stochastic approximation, the particular

choice of the algorithmic step-sizeak
i plays a key role in

a well-known tradeoff between the algorithmic convergence
rate and error distance of the allocated power vector from
the optimum equilibrium vector. A step-size with bigger
magnitude would in general imply faster convergence with
lower precision of the equilibrium estimate, whereby a smaller
magnitude step-size allows reaching the equilibrium without
larger oscillations around it, but the convergence rate would
be accordingly slower. Detailed numerical simulations, related
to said step-size choice trade-off, can be found e.g. in [13].

In this context [3] also proposes to use a constant step-size
in order be able to track down time-varying equilibria and
respond to admission events in the network. Such an approach
however offers only convergence in distribution.

VI. N R

In the next, we show that the proposed approach to power
and rate control has the potential to allocate comparably
betterS INRs in large and densely populated ad hoc networks.
The focus onS INR is necessary, because our approach to
power/rate control is driven solely by adaptation to local co-
channel interference, whereas many fundamental formulas of
the information theory depend onS INR, i.e., on theratio of
the received powerhiiσi and the actual interferencehT

−iσ−i .
Assume a square area of 10 km× 10 km with the number of

stationary links varying from 1 to 100, whereby their length
is set to 100 m in order to enhance the interpretability of
the following simulations (results hold also for the general
case). All links update in an asynchronous and distributive
way their powers using for simplicity the same linear best-
response functionsβi (σ−i) = hii Pmax − hT

−iσ−i , whereby the
network maximum transmit powerPmax is set to 1 W. This
scheme corresponds to the usage of “bursty” high-speed high-
power transmissions in low interference conditions and vice
versa as discussed at the beginning of Section V. Channels
gainshi j exhibit a path loss with exponentα = 3.5. Optimum
admission control fromTheorem 2is used to assure stability.

We compare equilibriumS INRs of this “proposed algo-
rithm”, representing our framework, withS INRs allocated
by a “constant received power” algorithm, inspired vaguely
by [14]. This comparison algorithm (i) allocates every link’s
transmit power such that all receivers receive thesamepower,
whereby for a precisely-defined and fair comparison (ii) said
equal received powers are such that the sum of all transmit
powers used by the comparison algorithm is equal to the sum
of all equilibrium powers, allocated by the proposed algorithm.

In the first simulation scenario, we vary the total number
of active and uniformly randomly distributed links in the
network, starting from 1 and ending by 100, and compare
the performance of both said algorithms in terms of allocated
S INRs. Fig. 1 depicts histograms of maximum achieved
S INR differences between the proposed algorithm and the
comparison one, whereby each curve represents a different
number of active links.

We observe that the growing link density in the network
(and thus worse interference conditions) implies a shift ofthe
differential histogram curves in the direction ofpositivevalues,
which means an increasingimprovementof S INRs by the
proposed algorithm with respect to the comparison algorithm
under worsening interference conditions.

The observed large improvement difference between sparse
and dense networks lies in the fact that in rather sparse
networks the interference can be significantly heterogeneous.
Simulatedsamebest-response functions then allocate mutually
more different powers, which lays the ground for a significant
local S INR improvements. Whereas in denser networks, the
interference is more homogenous and allocated powers com-
parable. ConsequentlyS INRs are also more balanced, yielding
finally only lower improvement possibilities.

Our second simulation scenario evaluates, how the proposed
algorithm can improve links’S INRs if the randomness of
simulated network topologies varies. We simulate this change
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Fig. 1. Histogram of maximum achievedS INR differences between the
proposed and comparison algorithms. Eight cases of increasing number of
active links in the network are illustrated, each obtained from over 104 random
topologies.

as a continuous transition from regular grid-like topologies
(0% randomness) to uniformly randomly distributed topologies
(100% randomness). More precisely, we imagine a regular
grid with 10 rows and 10 columns superposed over the
whole network area, whereby the geometric center points of
our 100 links are positioned uniformly randomly into virtual
square deviation areas centered on the grid’s intersections.
During a simulation run the deviation area size is progressively
increased, starting from zero (only the grid intersectionswith
zero surface are comprised) and ending by a case, allowing
positioning of links anywhere into the whole network area and
generating thus fully uniformly random topologies.

Fig. 2 shows four histograms of maximum achievedS INRs
differences between the proposed algorithm and the compari-
son one for four representative levels of topological random-
ness - 0%, 70%, 80% and 100%. We can again observe a
progressive shift ofS INRdifferences to the positive side of
each histogram’ x-axis in response to increasing topological
randomness, which proves a better comparativeS INR al-
location performance of the proposed algorithm in random
topologies.

Both algorithms allocate practically the sameS INRs in
regular topologies with homogenous grid-like layout (see the
zero centeredS INR differences for 0% randomness in Fig.
2). This is due to the fact that all links have the same best-
response functions and the proposed algorithm thus allocates
to each link the same transmit power reflecting a homogenous
interference between equidistant links (the influence of their
angular orientations averages out). When the network topology
starts to be more random, the average networkS INRimproves
similarly to the first simulation scenario.

The above data therefore represent a comprehensible evi-
dence that our concept of adaptively adjusting transmit powers
based on mutual interference is more advantageous in terms
of allocatedS INRthan the compared strategy of maintaining
a constant received power.

VII. C

In this work, we studied distributed asynchronous power
and rate control for ad hoc networks with stochastic channels
using general best-response and rate assignment functions
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Fig. 2. Histogram of maximum achievedS INR differences between the
proposed and comparison algorithms. Four cases of increasingtopological
randomness in a network with 100 active links are shown, each obtained
from over 104 random topologies.

from a game-theoretical point of view. Restricting our model
by only minimal necessary mathematical assumptions, we
showed conditions for convergence of such a power and rate
control dynamics to Nash equilibria, whereby our analysis
is entirely general and application independent. In addition,
optimum admission control scheme for linear/linearized con-
trol models was shown as an application of our framework,
together with proving the potential of our approach to provide
for a satisfactory and comparably betterS INRallocation by
means of numerical simulations. Our current research includes
modifying the above framework for modeling power and rate
control in channels with state-dependent noise.
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