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Abstract—This paper investigates the power control problem
for the downlink of a non-orthogonal multiple access (NOMA)
system with two cells. The problem, called P-OPT, aims to
minimizes the total transmit power of the base stations subject
to the data rate requirements of the users. The feasibility and
optimality properties of P-OPT is first characterized. It is proved
that the feasible power region of P-OPT can be represented by the
feasible regions of four power control subproblems that constitute
a related optimization problem called Q-OPT. Furthermore,
the optimal solution to P-OPT can be obtained by solving the
corresponding instance of Q-OPT. A distributed algorithm to
solve Q-OPT is designed and the underlying iteration is shown to
be a standard interference function. According to Yates’s power
control framework, the algorithm always converges to the optimal
solution if exists. Numerical results validate the convergence
of the distributed algorithm and quantify the improvement of
NOMA over its orthogonal multiple access counterparts in terms
of power consumption and outage probability.

Index Terms—Non-orthogonal multiple access (NOMA), suc-
cessive interference cancellation (SIC), distributed power control.

I. INTRODUCTION

Because of the ever increasing demand of various mobile
services and applications, future cellular networks will face
great challenges including 1000-fold increase in system capac-
ity, higher spectral efficiency, and lower power consumption.
More effective radio access technologies to meet these require-
ments are therefore needed. Non-orthogonal multiple access
(NOMA) with successive interference cancellation (SIC) re-
ceivers is a promising technique for the 5G cellular systems
as it allows multiple users share the same time and frequency
resource, which brings a higher spectral efficiency [1].

NOMA was first proposed in 2013 as a new radio access
technology for future cellular systems [2]. Since then, it has
attracted considerable attentions [3], [4], [5], [6], [7], [8], [9],
[10]. While the superiority of NOMA over orthogonal multiple
access (OMA) schemes in a single cell is well known in
information theory, for practical systems including LTE and
LTE-Advanced cellular systems, it is shown in [3], [4] by
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realistic computer simulation that NOMA has better system-
level downlink performance in terms of user throughput than
orthogonal frequency division multiple access (OFDMA) and
single carrier frequency division multiple access (SC-FDMA).
In addition, analytical results in [5] show that a single-
cell NOMA downlink system has lower outage probability
and larger ergodic sum rate. Other works mentioned above
investigate the uplink of NOMA systems [6], [7] and multi-
antenna NOMA systems [8], [9], [10].

Since the downlink of NOMA systems is based on the
concept of SIC, power must be allocated properly so that
interfering signals can be correctly decoded and subtracted
from the received signal of some users. In the literature,
the existing power allocation strategies are heuristic and sub-
optimal. For example, fractional transmit power control is used
in [3], [4], which assigns power to a user according only to the
link gain of that user and do not consider joint optimization
among all users in different cells. In [5], power allocation in a
single-cell is performed in a fixed manner. To the best of our
knowledge, power control for multi-cell NOMA systems has
not been studied from an optimization perspective.

In this paper, we study the downlink power control problem
for a two-cell NOMA system. (The uplink problem is studied
in [11].) We formulate the problem mathematically as an
optimization problem called P-OPT, which aims to minimize
total transmit power of the two base stations while satisfying
the data rate requirements of all users. We first characterize
the conditions of feasibility and optimality of P-OPT. Second,
we induce from P-OPT another optimization problem called
Q-OPT and show that the feasible power region of P-OPT
can be represented by the feasible regions of four power
control subproblems of Q-OPT. Next, we show that the optimal
solution of P-OPT can be obtained via the optimal solution
of Q-OPT, and the latter can be determined by a distributed
power control algorithm, whose convergence is proved based
on Yates’s power control framework [12]. Finally, we show by
simulation that the NOMA system with power control signif-
icantly outperforms some power-controlled OMA schemes.

The rest of this paper is organized as follows: The two-
cell NOMA system model is introduced and the associated
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Fig. 1. The two-cell downlink NOMA system model

power control problem is formulated in Section II. Section III
presents the feasibility and optimality properties of the power
control problem in two theorems. In Section IV, a distributed
power control algorithm is designed and its convergence is
analyzed. In Section V, simulation results shows that power-
controlled NOMA outperforms its orthogonal counterparts. In
the last section, a conclusion is drawn.

II. PROBLEM FORMULATION

This paper considers the downlike of a NOMA system with
two cells. Each cell consists of one base station (BS) and two
users. We label the two cells as cells 1 and 2. Users 1 and 2
are attached to cell 1, while users 3 and 4 are attached to cell
2. The system model is shown in Fig. 1. For i ∈ {1, 2, 3, 4},
let gi be the link gain between user i and its attached BS, and
gi,j be the link gain from BS j to user i, where j = 1, 2. For
notational simplicity, we normalize the link gains and noise
power as follows: Let g̃i,j , gi,j/gi and ni , N/gi, where
N is the noise power at each receiver.

Consider the scenario in which each BS transmits indepen-
dent messages to its two attached users using superposition
coding. Let q1 , p1 + p2 be the total transmit power of BS 1,
where p1 and p2 are the powers of the signals for users 1
and 2, respectively. Similarly, let q2 , p3 + p4 be the total
transmit power of BS 2, where p3 and p4 are the powers used
for users 3 and 4, respectively. Let p , (p1, p2, p3, p4). For
i ∈ {1, 2, 3, 4}, let ri be the required data rate of user i.
Assume that the inter-cell interference is treated as additive
white Gaussian noise. Then each cell can be modeled as a two-
user Gaussian broadcast channel and SIC is applied within a
cell. Rate analysis on this model can be found in [13, Section
6.2].

We use a binary auxiliary variable, ai, to indicate the
decoding order in cell i, where i = 1, 2. For example, a1 = 1
if user 1 decodes its message by treating user 2 as noise, while
user 2 first decodes the message of user 1, subtracts it from its
received signal, and then decodes its own message. Otherwise,
a1 = 0. We define the indicator variable, a2, for cell 2 in the
same way. Since the decoding order in a cell depends on the

relative magnitude of the noise and inter-cell interference of
the two users in that cell, ai is a function of qj , where j 6= i,
and is given by

a1(q2) =

{
1, if n1 + q2g̃1,2 ≥ n2 + q2g̃2,2
0, if n1 + q2g̃1,2 < n2 + q2g̃2,2

(1)

a2(q1) =

{
1, if n3 + q1g̃3,1 ≥ n4 + q1g̃4,1
0, if n3 + q1g̃3,1 < n4 + q1g̃4,1

(2)

Let R1(p) and R2(p) be the achievable data rates of users 1
and 2, respectively. Define two auxiliary functions as follows:

R̃1(â1,p) ,

{
1
2 log2(1 + p1

n1+q2g̃1,2+p2
) if â1 = 1

1
2 log2(1 + p1

n1+q2g̃1,2
) if â1 = 0

(3)

R̃2(â1,p) ,

{
1
2 log2(1 + p2

n2+q2g̃2,2
) if â1 = 1

1
2 log2(1 + p2

n2+q2g̃2,2+p1
) if â1 = 0

(4)

Then according to [13, equation (6.22)], we have

Ri(p) = R̃i(a1(q2),p), for i = 1, 2. (5)

Similarly, we have

Ri(p) = R̃i(a2(q1),p), for i = 3, 4, (6)

where

R̃3(â2,p) ,

{
1
2 log2(1 + p3

n3+q1g̃3,1+p4
) if â2 = 1

1
2 log2(1 + p3

n3+q1g̃3,1
) if â2 = 0

(7)

R̃4(â2,p) ,

{
1
2 log2(1 + p4

n4+q1g̃4,1
) if â2 = 1

1
2 log2(1 + p4

n4+q1g̃4,1+p3
) if â2 = 0

(8)

The objective of this work is to minimize the total transmit
power with data rate constraints. Then the problem can be
formulated as follows:

min ||p||1 (9)

s.t.

Ri(p) ≥ ri, i = 1, 2, 3, 4, (10)
pi ≥ 0, i = 1, 2, 3, 4, (11)

where ||p||1 denotes the l1-norm of p, which is defined as
the sum of its individual components. We call this problem P-
OPT. Note that it is non-convex, since Ri(p)’s are non-convex
functions of the power vector. Furthermore, we let P ⊆ R4 be
the feasible power region of P-OPT, which means that p ∈ P
if and only if the above constraints are satisfied at p.

III. FEASIBILITY AND OPTIMALITY

In this section, we investigate the feasibility of the P-
OPT problem by analyzing a related optimization problem
called Q-OPT. Based on this new problem, we introduce
the concept of power control subproblems, which enables
us to characterize P by the Perron-Frobenius eigenvalues
of the matrices arising from the power control subproblems.
Furthermore, the uniqueness of the optimal solution to both
P-OPT and Q-OPT is proved.



Given the value of q2, let f(q2) be the minimum transmit
power of BS 1 to achieve the data rate requirements Ri(p) ≥
ri for i = 1, 2. Similarly, given the value of q1, let ϕ(q1) be
the minimum transmit power of BS 2 to achieve the data rate
requirements Ri(p) ≥ ri for i = 3, 4. Note that these two
functions are well defined, as can be seen from (5)-(10).

Let q , (q1, q2). Consider the following optimization
problem, which we call it Q-OPT:

min ||q||1 (12)

s.t.

q1 ≥ f(q2), (13)
q2 ≥ ϕ(q1), (14)
q1, q2 ≥ 0. (15)

We denote its feasible power region by Q ⊆ R2.
To simplify notations, we define γi , 22ri − 1, for i =

1, 2, 3, 4, which is the signal-to-interference-plus-noise ratio
(SINR) requirement of user i. Consider cell 1 first. If we fix
the value of â1, to achieve the data rate requirements of users
1 and 2 given below,

R̃1(â1,p) ≥ r1, (16)

R̃2(â1,p) ≥ r2, (17)

the minimum transmit power of BS 1, given q2 ≥ 0, is simply
the sum of p1 and p2 obtained by letting equality hold in the
above constraints, and is given by
f̃(â1, q2) ={

(22r1γ2g̃2,2 + γ1g̃1,2)q2 + 22r1γ2n2 + γ1n1 if â1 = 1
(22r2γ1g̃1,2 + γ2g̃2,2)q2 + 22r2γ1n1 + γ2n2 if â1 = 0

(18)
Similarly, given q1 ≥ 0, the minimum total transmit power

in cell 2 under the data rate constraints of users 3 and 4 is
given by
ϕ̃(â2, q1) ={

(22r3γ4g̃4,1 + γ3g̃3,1)q1 + 22r3γ4n4 + γ3n3 if â2 = 1
(22r4γ3g̃3,1 + γ4g̃4,1)q1 + 22r4γ3n3 + γ4n4 if â2 = 0

(19)

Lemma 1. With the aforementioned definitions, we have

f(q2) = min{f̃(0, q2), f̃(1, q2)} (20)

ϕ(q1) = min{ϕ̃(0, q1), ϕ̃(1, q1)} (21)

Proof: As SIC is applied at the receiver side, given any
value of q2, the value of f(q2) could only be f̃(1, q2) or
f̃(0, q2). To prove (20), we only need to compare f̃(1, q2)
with f̃(0, q2). It is easy to see that when a1(q2) = 1,

f̃(1, q2)− f̃(0, q2) = γ1γ2[q2(g̃2,2 − g̃1,2) + (n2 − n1)]

< 0,

where the last inequality follows from (3). Similarly, when
a1(q2) = 0, we can show that f̃(1, q2) > f̃(0, q2). Therefore,
we have (20). In the same way, we can prove (21).

Consider the following optimization problem with parame-
ters â1 and â2.

min ||q||1 (22)

s.t.

q1 ≥ f̃(â1, q2), (23)
q2 ≥ ϕ̃(â2, q1), (24)

q1, q2 ≥ 0. (25)

As â1 and â2 could be either 0 or 1, we have four such
problems in total. We call them power control subproblems,
as we will show later that they all belong to the classical power
control problem, which is well studied in the literature.

When the values of â1 and â2 are fixed, the power control
subproblem can be written in a well-known matrix form [14].
Each subproblem is two-dimensional, with the objective of
minimizing ||q||1, subject to

[I− B(â1, â2)]q ≥ ZDnu(â1, â2), (26)
q ≥ 0, (27)

where I is the 2× 2 identity matrix,

Z ,

(
γ1 γ2 0 0
0 0 γ3 γ4

)
, (28)

Dn is the 4× 4 diagonal matrix whose i-th diagonal element
is ni,

u(â1, â2) ,


(1− â1)γ2 + 1
â1γ1 + 1

(1− â2)γ4 + 1
â2γ3 + 1

 (29)

and

B(â1, â2) , ZG̃


0 (1− â1)γ2 + 1
0 â1γ1 + 1

(1− â2)γ4 + 1 0
â2γ3 + 1 0

 ,

(30)
where G̃ is the 4 × 4 matrix with diagonal elements
g1,2, g2,2, g3,1 and g4,1.

Lemma 2. Q is equal to the union of the feasible power region
of the four power control subproblems.

Proof: According to (13), (14) and (15), the feasible
power region of Q-OPT could be expressed as{

(q1, q2) : q1 ≥ f(q2), q2 ≥ ϕ(q1), q ≥ 0
}
. (31)

By Lemma 1, the above region can be rewritten as⋃
â1,â2∈{0,1}

{
(q1, q2) : q1 ≥ f̃(â1, q2), q2 ≥ ϕ̃(â2, q1), q ≥ 0

}
,

(32)
which proves the statement.

Before proceeding, we define a mapping Λ with domain Q
and co-domain P . Given (q1, q2) ∈ Q, we must have q1 ≥
f(q2) and q2 ≥ ϕ(q1). By the definition of f , we are able
to find p′1 and p′2 so that p′1 + p′2 = f(q2) ≤ q1 and the rate



constraints of users 1 and 2 are satisfied. Indeed, p′1 and p′2
can be uniquely determined by letting the rate constraints of
users 1 and 2 hold with equality. Let α = q1/(p

′
1 + p′2) ≥ 1

and (p1, p2) = α(p′1, p
′
2). It is clear that the rate constraints of

users 1 and 2 are satisfied at (p1, p2) as well, since the rates
of the two users will both increase by scaling up their power
levels. We then define (p3, p4) in a similar way. The mapping
Λ is defined such that Λ(q) , (p1, p2, p3, p4), which belongs
to P . We denote the range of Λ by P0, which is a subset of
P .

Furthermore, define another mapping Ψ : P → Q as
follows: Let Ψ(p1, p2, p3, p4) = (p1 + p2, p3 + p4). It is easy
to verify that (p1 + p2, p3 + p4) ∈ Q if (p1, p2, p3, p4) ∈ P . If
we restrict the domain of Ψ from P to P0, then we obtain the
inverse function of Λ. Note that both Λ and Ψ preserve the
l1-norm. With these definitions, the following result is almost
immediate:

Lemma 3. P-OPT is feasible if and only if Q-OPT is feasible.

Proof: If p ∈ P , then Ψ(p) ∈ Q. Conversely, if q ∈ Q,
then Λ(q) ∈ P .

Theorem 4. The P-OPT problem has feasible solutions if and
only if the Perron-Frobenius eigenvalue of B(â1, â2) is less
than 1 for some â1, â2 ∈ {0, 1}.

Proof: It is well known that a power control subproblem
has feasible solutions if and only if the Perron-Frobenius
eigenvalue of B(â1, â2) is less than 1 (e.g., [15]). The state-
ment then follows immediately from Lemmas 2 and 3.

Lemma 5.

a) The optimal solution to Q-OPT, if exists, satisfies the
inequality constraints in (13) and (14) with equality.

b) The optimal solution to P-OPT, if exists, satisfies the
inequality constraints in (10) with equality.

Proof: We prove (a) by contradiction. Let q∗ , (q∗1 , q
∗
2)

be an optimal solution to Q-OPT at which some BS satisfies
the inequality constraints with strict inequality. Without loss
of generality, let BS 1 be such a BS, which means q∗1 > f(q∗2)
and q∗2 ≥ ϕ(q∗1). Since ϕ is a strictly increasing function, we
can strictly reduce the value of q∗1 to q′1 ≥ f(q∗2) such that
q∗2 > ϕ(q′1), which contradicts that q∗ is optimal. Part (b) can
be proved by a similar argument, and the details are omitted.

Theorem 6. If Q-OPT is feasible, then it has a unique optimal
solution q∗. Furthermore, q∗ is a unique optimal solution to
one of the four power control subproblems.

Proof: If Q-OPT is feasible, then by Lemma 2, at least
one of the power control subproblems is feasible. It is well
known that if a power control subproblem is feasible, then it
has a unique optimal solution [15]. Since there are at most
four feasible sub-problems, there are at most four candidates
to consider. Among them, the one who has the minimum sum
power is an optimal solution to Q-OPT.

Now we come to prove the uniqueness of optimal solution
to Q-OPT. Let q∗ , (q∗1 , q

∗
2) and q′ , (q′1, q

′
2) be two distinct

optimal solutions. Without loss of generality, assume q∗1 > q′1.
Since ϕ(q1) is a strictly increasing function of q1, we have

ϕ(q∗1) > ϕ(q′1). (33)

According to Lemma 5(a), we have q∗2 = ϕ(q∗1) > ϕ(q′1) = q′2.
As a result, q∗1 + q∗2 > q′1 + q′2, which leads to a contradiction.

Lemma 7. The optimal value of Q-OPT is equal to the optimal
value of P-OPT.

Proof: Let p∗ and q∗ be optimal solutions to P-OPT and
Q-OPT, respectively. The statement follows from

||q∗||1 ≤ ||Ψ(p∗)||1 = ||p∗||1 ≤ ||Λ(q∗)||1 = ||q∗||1.

Theorem 8. If P-OPT is feasible, then it has a unique optimal
solution p∗ = Λ(q∗), where q∗ is the optimal solution to Q-
OPT.

Proof: If P-OPT is feasible, then by Lemma 3, Q-OPT
is also feasible. By Theorem 6, the optimal solution to Q-
OPT exists and is unique. Denote it by q∗. By Lemma 7,
p∗ , (p∗1, p

∗
2, p
∗
3, p
∗
4) = Λ(q∗) is an optimal solution.

Let p′ , (p′1, p
′
2, p
′
3, p
′
4) be another optimal solution to P-

OPT. By Lemma 7, Ψ(p′) is also optimal to Q-OPT and must
equal to q∗. Therefore, we must have p′1 + p′2 = p∗1 + p∗2 =
q∗1 and p′3 + p′4 = p∗3 + p∗4 = q∗2 . By Lemma 5(b), the rate
constraints of users 1 and 2 are met with equality. Given the
value of q∗2 , we must have p′1 = p∗1 and p′2 = p∗2. The same
argument shows that p′3 = p∗3 and p′4 = p∗4.

The above result shows that if we can solve Q-OPT, then
the optimal solution to P-OPT can be obtained by Λ. This
motivates the design of the distributed power control algorithm
in the next section.

IV. DISTRIBUTED POWER CONTROL ALGORITHM

In this section, we propose an iterative distributed power
control algorithm, which only requires some local channel
information at each BS. Given any instance of P-OPT that has
non-empty feasible power region, the algorithm is guaranteed
to converge, based on Yates’s power control framework in [12].

Let q(t)1 and q(t)2 be the transmit power of BS 1 and BS 2 at
iteration t, respectively. At each iteration t, each BS updates its
transmit power to meet the rate constraints of its two attached
users. Mathematically, the iterative algorithm can be stated as
follows:

q
(t)
1 = f(q

(t−1)
2 ) and q(t)2 = ϕ(q

(t−1)
1 ) (34)

According to [12], an iterative power control algorithm can
be expressed in the form

q(t) = I(q(t−1)), (35)



where I is called the interference function. Moreover, it is
said to be a standard interference function if it satisfies the
following three properties for all q ≥ 0:

1) Positivity: I(q) ≥ 0.
2) Monotonicity: If q ≥ q′, then I(q) ≥ I(q′).
3) Scalability: For all α > 1, then αI(q) ≥ I(αq).
In our proposed algorithm, I(q) takes the form

(I1(q), I2(q)), where

I1(q) = f(q2) = min{f̃(0, q2), f̃(1, q2)}, (36)
I2(q) = ϕ(q1) = min{ϕ̃(0, q1), ϕ̃(1, q1)}. (37)

Note that the second equality in each equation above follows
from Lemma 1. Our algorithm falls within the framework
in [12] and its convergence can be established as follows:

Theorem 9. Given any instance of Q-OPT that has feasi-
ble solutions and given any initial power vector q(0), the
distributed power control algorithm in (34) converges to the
unique optimal solution q∗ to that instance.

Proof: Since the given instance of Q-OPT, by Theorem 6,
a unique optimal solution q∗ exists. By Lemma 5(a), it satisfies
the inequality constraints in (13) and (14) with equality, and
is thus a fixed point of the iterative algorithm. For fixed value
of a, it can be seen from (18) and (19) that both f̃(a, q

(t−1)
2 )

and ϕ̃(a, q
(t−1)
1 ) are affine functions. It is easy to check that

they have the three aforementioned properties of standard
interference function. Since the minimum of two standard
functions is also standard [12, Theorem 5], both I1(q) and
I2(q) are standard, and hence I(q) is also standard. In other
words, the interference function in our distributed algorithm
is standard. According to [12, Theorem 2], the algorithm
converges to a unique fixed point. Since the fixed point is
unique, it must be the optimal solution q∗.

To solve a given instance of P-OPT, it is clear that we can
first solve the corresponding instance of Q-OPT in a distributed
manner. By 8, the optimal solution to P-OPT can then be
obtained by by applying Λ to q∗. This power control algorithm
is distributed in the sense that each BS only needs to know
some local information. Specifically, a BS needs to know the
the link gains between itself and each of its attached users, and
also the interference plus noise power of each of its attached
users. All these information can be measured or estimated
locally. Furthermore, after a BS obtains its transmit power,
it can obtain the transmit power to each of its two associated
users using local information, which means that the mapping
Λ can be done locally.

V. SIMULATION RESULTS

In this section, numerical results are presented to show
the performance of our distributed power control method. We
consider a NOMA system with two neighboring hexagonal
cells of radius 1000 m. Within each cell, there is one BS
located at the center and two users uniformly distributed inside
it. The system bandwidth is assumed to be W = 10 MHz
and the noise density is N0 = −174 dBm/Hz, so that the

Fig. 2. Convergence of the proposed distributed power control algorithm

noise power is given by N = WN0. We assume that each
user has the same target rate r, which means ri = r, for
i = 1, 2, 3, 4. Each link gain is comprised of three factors,
namely, the path loss, the shadow fading and the small-scale
fading. The path loss component depends on the distance
d between the transmitter and the receiver, and is given by
128.1+37.6 log10 d, where d is measured in terms of km. We
assume that there is correlation of shadowing among users in
the same cell. For i = 1, 2, the shadowing fading component of
user i is given by (Xi+X)/

√
2, where X1 and X2 and X are

independent and identical log-normal random variables [16].
The shadow fading components of the users in the second cell
is defined similarly. For the small-scale fading, we assume
that each user experiences independent Rayleigh fading with
variance 1.

Fig. 2 illustrates the convergence of our proposed distributed
power control algorithm in two arbitrary instances, with data
rate requirements of 6 Mbit/s and 10 Mbit/s and initial power
generated randomly. The x-axis is the number of iteration
times, while the y-axis indicates the transmit power of BSs. It
can be seen that the algorithm takes only a few iterations to
converge.

Fig. 3 compares the power consumption between the power-
controlled NOMA scheme with two orthogonal multiple ac-
cess schemes. In OMA scheme 1, we assume that users 1 and
3 share the same spectrum of bandwidth w while users 2 and 4
share the remaining spectrum of bandwidth W−w. The system
performance is then optimized by traditional power control and
by finding w in the range from 0 to W . In OMA scheme 2, we
optimize the pairing of users to share the same spectrum as
well. Again optimization on power and w is also performed. To
obtain the data points for each target rate, we generate a large
number of problem instances randomly until there are 10,000
of them in which the feasible regions of the three schemes are
all non-empty. We denote the number of problem instances
generated, which include both feasible and infeasible cases,
by Nsim. Each point in Fig. 3 is then obtained by averaging
over the 10,000 instances in which all the three schemes are



Fig. 3. Total transmit power versus data rate requirements

Fig. 4. Outage performance versus data rate requirements

feasible. It is clear that when the target rate increases, the total
transmit power of all schemes increase. NOMA outperforms
the other two schemes especially when the target rate is high.
For example, when r = 10 Mbit/s, NOMA saves power by
32% when compared with OMA scheme 2.

Fig. 4 compares the outage performance of the three
schemes. For each scheme, its outage probability is calculated
by dividing the number of infeasible problem instances by
Nsim, as described above. It is obvious that when the target
data rate increases, the outage probabilities of all the three
schemes increase. Besides, NOMA has a much lower outage
probability than the other two schemes.

VI. CONCLUSION

We investigate the power control problem for the NOMA
system with data rate requirement of the users taken into
account. The feasibility of the problem is characterized by
the Perron-Frobenius eigenvalues of the matrices arising from
the power control subproblems. A distributed power control
algorithm is proposed and its convergence is proved by
showing that the underlying iterative function is a standard

interference function. Simulation results show the advantage of
NOMA when compared with some orthogonal multiple access
schemes. Our results can also be generalized to the case with
arbitrary numbers of cells and users.
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