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Abstract—This work deals with the problem of distributed
resource allocation in MIMO MC MAC networks. The assign-
ment between users and subcarriers is allocated together with
the users’ transmit powers for energy efficiency maximization,
by means of a novel approach which merges the popular Dinkel-
bach’s algorithm with stable matching. A distributed algorithm
is presented, which can be implemented in a fully decentralized
way. The algorithm has low computational complexity which
comes at the price of weaker optimality properties. Additionally,
a novel energy consumption model, which explicitly accounts
for the energy consumption due to feedback transmissions, is
employed and it is shown that the proposed distributed algorithm
can improve the energy efficiency compared to state of the art
centralized resource allocation algorithms.

I. INTRODUCTION

Due to sustainable growth and environmental concerns, the
energy consumption of future wireless networks must be kept
at today’s level, but on the other hand, the demand for new
and performing wireless applications requires 1000x higher
data-rates compared to present systems. This means that the
bit/Joule energy efficiency [1], defined as the ratio between the
rate and the consumed power, must increase by a factor 1000,
too. In the paper, we focus on multiple-input multiple-output
(MIMO) multi-carrier (MC) multiple access channel (MAC)
networks where a set of resource blocks and transmit powers
needs to be allocated to users.

A comprehensive survey on distributed resource allocation
in wireless networks is [2]. In [3] a distributed resource
allocation algorithm for heterogeneous wireless networks with
multi-homing devices is presented. Similarly, for heteroge-
neous networks, [4] shows that a clever scheduling of the users
to the available resource blocks can significantly improve the
overall system performance.

One canonical tool which has been widely used for dis-
tributed resource allocation is game theory. Distributed re-
source allocation by means of non-cooperative game theory is
studied in [5], whereas [6], and [7], [8], [9] employ coalitional
games and bargaining theory, respectively. Overviews of game-
theoretic approaches for distributed resource allocation are pro-
vided in [10], [11], [12]. In the context of distributed, energy-
efficient resource allocation in MC systems, game theory has
been used in [13] for the uplink of an OFMDA network. A
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non-cooperative game is formulated which is shown to have
a unique Nash equilibrium. In [14], the results of [13] are
extended to relay-assisted MIMO networks, proposing an in-
terference neutralization approach. A potential-game approach
is proposed in [15] for MIMO MC networks, which optimizes
the product of the mobile users’ individual energy efficien-
cies. A framework for distributed energy-efficient allocation is
developed in [16], using quasi-variational-inequality theory to
analyze non-cooperative games. Another approach is used in
[17] for energy efficiency maximization in the cognitive radio
MAC. In [18], [19], generalized games are used to include QoS
constraints in the energy-efficient resource allocation problem.

Compared to more traditional game-theoretic approaches,
the use of matching theory is more suited to the analysis
of mixed-integer subcarrier assignment problems [20], [21],
[22]. It lends itself to a fully distributed implementation, with
lower feedback requirements than game-theoretic methods, by
employing the carrier-sense multiple-access (CSMA) protocol.
This important fact was shown in [23] for the distributed
auction method, and in [24] for the stable matching approach.
These studies focus on sum-rate maximization, extending to
the multi-channel case the use of the CSMA protocol, which
was first proposed for optimization purposes in [25], [26],
[27], in the context of sensor networks. The idea is to let
the multiple access users simultaneously monitor the available
multiple channels, applying the CSMA protocol with a utility-
dependent back-off function to avoid collisions.

Up to now, most research effort in this field has focused
only on rate optimization problems, while an energy-efficiency
analysis is still missing. Motivated by this background, this
work considers a MIMO MC MAC, developing a distributed
power and subcarrier allocation algorithm for energy efficiency
maximization. The BS and the UEs work in a master slave
mode, where the BS collects minimal amount of information
from the mobile units and responds by sending a parameter.
The UEs use this parameter to solve a local problem using a
fully distributed protocol based on CSMA. We merge fractional
programming theory with the framework of stable matchings.
The resulting algorithm requires very limited feedback over-
head requirements, has very low computational complexity,
and exhibits near-optimal performance. Additionally, a novel
power consumption model is developed, to account for the
energy consumption due to feedback transmissions. Interest-
ingly, numerical results show that when the feedback power
is taken into account, the proposed distributed algorithm can
outperform centralized approaches.



II. SYSTEM MODEL AND PROBLEM STATEMENT

Consider a single-cell MIMO MC MAC with N users
and K available resource blocks. Each user is equipped with
NT antennas, whereas NR antennas are deployed at the BS.
Each user is allowed to transmit over one resource block, and
each resource block can be assigned to only one user. Let B
represent the bandwidth of each resource block and σ2 the
thermal noise power at the BS. Denote by Qn,k and Hn,k the
NT ×NT transmit covariance matrix and the NR×NT prop-
agation channel of user n over resource block k, respectively.
Finally, define αn,k as the binary variable which equals 1 if
user n transmits on resource block k, and 0 otherwise. Given
this notation, the n-th user’s achievable rate on resource block
k is equal to Rn,k = αn,kB log2

∣∣∣INR
+ ρHn,kQn,kH

H
n,k

∣∣∣,
with ρ = 1/σ2, and the corresponding consumed power is
given by Pn,k = αn,k(µn,ktr

(
Qn,k

)
+ θn), wherein µn,k is

the inverse of the amplifier efficiency on resource block k,
while θn is the static power dissipated in all other hardware
blocks. The system global energy efficiency (GEE) is defined
as the ratio between the system achievable sum-rate and total
power consumption [1], [28], namely:

GEE =
B
∑N

n=1

∑K
k=1 αn,k log2
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H
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∑K
k=1 αn,k(µn,ktr(Qn,k) + θn)
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(1)
From a physical standpoint, the GEE in (1) is measured in
bit/Joule and represents the system energy-efficient benefit-cost
ratio in terms of amount of bits that can be reliably transmitted
per Joule of consumed energy.

The goal of this work is to develop distributed and low-
complexity resource allocation algorithms to jointly allocate
the assignment variables {αn,k}n,k of the n users to the
k available resource blocks, as well as the users’ transmit
covariance matrices {Qn,k}n,k, in order to maximize (1).
Mathematically, the problem is formulated as the mixed-
integer optimization program:

max
α,Q�0

B
∑N

n=1

∑K
k=1 αn,k log2

∣∣∣INR
+ ρHn,kQn,kH

H
n,k

∣∣∣∑N
n=1

∑K
k=1 αn,k(µn,ktr(Qn,k) + θn)

(2a)

s.t.
∑K

k=1 αn,k = 1 ,∀ n = 1, . . . , N (2b)∑N
n=1 αn,k = 1 ,∀ k = 1, . . . ,K (2c)

αn,k ∈ {0, 1} ∀ k = 1, . . . ,K , n = 1, . . . , N (2d)
tr(Qn,k) ≤ Pmaxn ,∀ k, n = 1, . . . ,K,N , (2e)

wherein α = {αn,k}n,k and Q = {Qn,k}n,k, with k =
1, . . . ,K and n = 1, . . . , N . In (2), Constraints (2b) and (2c)
ensure that each resource block is assigned to only one user
and that each user transmits on only one resource block, and
(2e) is a per-user maximum power constraint. Problem (2) falls
within the framework of fractional programming theory [29],
[1].

Each user n has knowledge of its own local channels over
the available subcarriers {Hn,k}Kk=1 and possibly of global
system parameters broadcasted by the BS. Instead, user n has
no access to the channels of other users H`,k, ` 6= n, k =
1, . . . ,K, and to the covariance matrices allocated by the other
users Q`,k, ` 6= n, k = 1, . . . ,K.

III. DISTRIBUTED GEE MAXIMIZATION

From [30] we have the following proposition:

Proposition 1: Consider Problem (2) and denote by F its
feasible set. Define the auxiliary function F : λ ∈ R→ F (λ)
as

F (λ)= max
(α,Q)∈F

N∑
n=1

K∑
k=1

Rn,k(Qn,k, αn,k)−λPn,k(Qn,k, αn,k).

(3)
Then, a pair (α∗,Q∗) is a global solution of (2) if and only if
F (λ∗) = 0, with λ∗ being the maximum value of the objective
of (2), i.e. λ∗ = GEE(α∗,Q∗).

The proof can be found in [31]. Proposition 1 establishes, that
solving (2) is equivalent to finding the zero of the auxiliary
function F (λ). This can be accomplished by the well-known
Dinkelbach’s algorithm [30].

At first sight, using Dinkelbach’s algorithm does not seem
to make (2) easier, since it requires to solve a sequence of
mixed-integer problems of the form of (3). However, unlike the
fractional form in (2), the sum-based objective in (3) allows
one to decouple the contribution of the different users.

A. Optimal covariance matrix allocation

For any (n, k) the optimal covariance matrix Qn,k is the
solution of the convex problem:

max
Qn,k

B log2

∣∣∣INR
+ ρHn,kQn,kH

H
n,k

∣∣∣− λµn,ktr
(
Qn,k

)
(4a)

s.t. tr
(
Qn,k

)
≤ Pmaxn

, Qn,k � 0 , (4b)

where the inessential constant −λθn has been neglected.
Denoting by UHn,k

ΛHn,k
V H

Hn,k
the singular value decom-

position of Hn,k, the solution of (4) is obtained as Q∗n,k =

V Hn,k
diag(q1,n,k, . . . , qNT ,n,k)V H

Hn,k
, wherein {qi,n,k}NT

i=1
are obtained as the solution of a water-filling-like problem [32].
Then, the resulting problem with respect to α is

max
α

N∑
n=1

K∑
k=1

αn,k

[
B log2

∣∣∣INR
+ ρHn,kQ

∗
n,kH

H
n,k

∣∣∣
−λ(µn,ktr

(
Q∗n,k

)
+ θn)

]
, (5)

subject to (2b), (2c), and (2d). Otherwise stated, (3) has been
reduced from a joint maximization with respect to (α,Q), to
a maximization only with respect to α.

B. Distributed GEE maximization by stable matching

Consider again Problem (5) and define

un,k = B log2

∣∣∣INR
+ ρHn,kQ

∗
n,kH

H
n,k

∣∣∣− λµn,ktr
(
Q∗n,k

)
,

(6)
for all k = 1, . . . ,K and n = 1, . . . , N . Define the set of users
N = {1, . . . , N} and the set of subcarriers K = {1, . . . ,K}.
Each user n prefers to be matched to the subcarrier k which
maximizes un,k over K. At the same time, each subcarrier
should be matched with the user n which maximizes un,k
over the set of users N .



Each user has preferences on the resources based on local
information. The utility of user n ∈ N on resource k ∈ K
was defined in (6) as un,k. Based on this value, each user has
a preference relation �n over the subsets of resources. The
resources have a preference relation, which, for the case at
hand, is based on the very same utility un,k. This preference
relation is denoted by P k. A matching market is completely
defined by the tuple (N ,K,�n,P k). If the same utility
function determines both preference lists (as in our case), an
easier representation is to replace the preference relations with
the utility matrix U = {un,k}n,k and obtain (N ,K,U).

A matching is defined as a proper many-to-one assignment
of resources to users under a quota constraint qn for each
user n ∈ N . The matching µ is blocked by resource k and
user n if resource k strictly prefers n to µ(k) and either (i) n
strictly prefers k to some k′ ∈ µ(n) or (ii) |µ(n)| < qn and k
is acceptable to n. A matching is individually rational if for
each resource k ∈ K it holds µ(k)Pkk or µ(k) = k and for
each user n ∈ N it holds (i) |µ(n)| ≤ qn and (ii) k �n k for
every k ∈ µ(n). A matching is stable [33] if it is individually
rational and not blocked.

1) GEE maximization algorithm: If the preferences of all
users and subcarriers are uniquely determined by a single
matrix, a unique stable matching exists [24, Proposition V.1].
Thus, denoted by A the set of all possible assignments, we can
define the function S : (U , λ) ∈ RN×K × R+ → S(U , λ) ∈
A, which maps a preference matrix U and a parameter λ
to the corresponding stable matching S(U , λ). Denote the
denominator of the objective function of a single link j as
g(αj ,Qj) and the numerator as f(αk,Qj). Then, the overall
resource allocation algorithm can be formally stated as in
Algorithm 1.

Algorithm 1 Dinkelbach’s method with stable matching
Set 0 < ε < 1; j = 0; λj = 0; λj−1 = −1;
while F̄ (λj) ≥ ε do

Compute Q∗j by (4) and U from (6);
ᾱj = S(U , λj);
F̄ (λj) = f(ᾱj ,Q

∗
j )− λjg(ᾱj ,Q

∗
j );

λj+1 =
f(ᾱj ,Q

∗
j )

g(ᾱj ,Q
∗
j )

;

j = j + 1;
end while

Proposition 2: Algorithm 1 either generates a monotoni-
cally increasing sequence {λj}j , or terminates with a λj such
that F (λj) ≤ λj

∑N
n=1 θn.

The proof can be found in [31]. In each iteration of Algorithm
1, the mobiles compute the stable subcarrier assignment, which
can be accomplished in a fully decentralized fashion by means
of the multichannel CSMA protocol [24]. The resulting values
of f and g are fed back to the BS, which updates and feeds
back the new λ. As for the computational complexity of
Algorithm 1, it is O(I(KN log(N)+KNNT ), which is lower
than for the distributed auction Algorithm in [34].

IV. FEEDBACK-AWARE GEE MAXIMIZATION

Transmitting feedback signals requires the use of additional
energy, which is not accounted for in the power consumption

model in the denominator of (1). One channel coherence block
has length Tc. During this time, at first the GEE maximization
algorithm (centralized or distributed) is run, and then the actual
data transmission starts and lasts until the end of the coherence
block. Denoting by To the duration of the resource allocation
phase, and by Ef the total energy consumption due to the
feedback required by the resource allocation algorithm, (1) can
be generalized to include feedback power consumption as

(Tc − To)W
N∑

n=1

K∑
k=1

αn,k log2

∣∣∣INR
+ ρHn,kQn,kH

H
n,k

∣∣∣
(Tc − To)

∑N
n=1

K∑
k=1

αn,kµn,ktr
(
Qn,k

)
+ Tc

N∑
n=1

θn + Ef

.

(7)
A direct and important implication of using the new GEE
model, is that the GEE in (7) achieved by a centralized
approach is no longer guaranteed to be always better than
that achieved by a distributed approach, as would be the case
without considering Ef . Indeed, since a centralized approach
requires more feedback than a distributed one, the term Ef

will be lower when a distributed approach is used.

We assume that feedback transmissions are performed on
an equivalent single-antenna dedicated channel with propa-
gation coefficient hf and bandwidth Wf . Let us denote by
Tmax the maximum time allotted to carry out the feedback
transmission, by Bf the number of bits to be fed back, and by
pf the power used for the feedback transmission. Therefore,
the energy Ef consumed to feedback the Bf bits is

Ef = tfpf = tf
σ2

h2f

(
2

Bf
Wf tf − 1

)
. (8)

Lemma 1: The feedback energy Ef in (8) is monotonically
decreasing for tf > 0. As a result, Ef is minimized when the
feedback transmission time is t∗f = Tmax.

The proof can be found in [31]. In the distributed case, two
feedback slots per iteration of the algorithm are required, one
for the mobiles to feedback the values of f and g, and one for
the BS to feedback the updated λ. Thus, assuming that each
real number is encoded by b bits:

Ef,d =

I∑
i=1

(
N∑

n=1

T
(1)
max,n,i

σ2

h2f,n

(
2

2b

WfT
(1)
max,n,i − 1

)

+
N∑

n=1

T
(2)
max,n,i

σ2

h2f,n,BS

(
2

b

WfT
(2)
max,n,i − 1

))
,

where I is the number of iterations required for the algorithm
to converge, hf,n and hf,n,BS are the feedback channels
between user n and the BS and vice versa, while T

(1)
max,n,i

and T (2)
max,n,i are the duration of the first and second feedback

slot for user n in iteration i of the algorithm.

Instead, for the centralized case we have

Ef,c =
N∑

n=1

T (1)
max,n

σ2

h2f,n

(
2

2NRNT Kb

WfT
(1)
max,n − 1

)

+
N∑

n=1

T (2)
max,n

σ2

h2f,n,BS

(
2

NT (NT +1)Nb+dlog2(K)e

WfT
(2)
max,n − 1

)
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Fig. 1. η = 3.5 (left), η = 2 (right); NT = NR = 3, N = K = 10;
Achieved GEE versus Pmax for: (a) Dinkelbach auction from [34]; (b)
Proposed Algorithm 1; (c) Centralized global optimum; (d) Covariance op-
timization for fixed assignment.

where we have accounted for the fact that an Hermitian matrix
has NT (NT + 1)/2 free complex variables and that an integer
in the set {1, 2, . . . ,K} can be represented by dlog2(K)e bits.

V. NUMERICAL RESULTS

In our numerical simulations we have considered the uplink
of a cellular system in which users are randomly placed in a
circular area of radius R = 500 m and the service BS is placed
at the center of the area to cover. Each user is equipped with
NT = 3 antennas, and NR = 3 antennas are deployed at the
BS. The system parameters have been set as in typical LTE
systems [35]. Specifically, the receive noise power has been
generated as σ2 = N0BF , wherein N0 = −174 dBm/Hz is
the noise power spectral density, B = 180 kHz is the commu-
nication bandwidth, and F = 3 dB is the receiver noise figure.
All power amplifier efficiency factors and static circuit power
consumption terms have been assumed equal across users and
sub-carriers, namely µn,k = 3.8, θn = −20 dBW, for all
k, n. The channel from the generic user n to the BS over sub-
carrier k has been generated asHn,k = h(dn, η)Σn,k, wherein
Σn,k is a realization of an NR × NT random matrix with
independent zero-mean and unit-variance complex Gaussian
entries, which accounts for the fast fading between user n
and the BS over sub-carrier k, whereas h(dn, η) is a scalar
coefficient modeling the path-loss as a function of the distance
dn between user n and the BS, and of the power decay factor
η. In particular, the path-loss model in [36] has been used,
considering different values of η, as detailed in the following.
All numerical illustrations have been obtained by averaging
over 103 independent system scenarios.

In Fig. 1, we have considered N = 10 users, K = 10
resource blocks. The left illustration considers η = 3.5, while
the right illustration considers η = 2. The maximum feasible
transmit power has been assumed equal for all users and the
achieved GEE versus Pmax is illustrated for the following
schemes: (a) Assignment and covariance matrix optimization
by the distributed auction algorithm described in [34]; (b)
Assignment and covariance matrix optimization by the pro-
posed distributed Algorithm 1; (c) Cooperative assignment

Pmax [dBm]
-20 -10 0 10 20

[M
b
it
/J

]

10

20

30

40

50

60

70

80

90

100

110
Tc = 50 ms

Distributed Algorithm 2
Distributed Algorithm 3
Centralized allocation

Pmax [dBm]
-20 -10 0 10 20

[M
b
it
/J

]

20

30

40

50

60

70

80

90

100

110

120
Tc = 100 ms

Distributed Algorithm 2
Distributed Algorithm 3
Centralized allocation

Fig. 2. Tc = 50ms (left), Tc = 100ms (right); NT = NR = 3, N =
K = 10, η = 3.5; Achieved GEE versus Pmax for: (a) Dinkelbach auction
from [34]; (b) Proposed Algorithm 1; (c) Centralized global optimum.

and covariance matrix optimization by centralized solution of
Problem (3) in each iteration of Dinkelbach’s algorithm; (d)
GEE maximization by covariance matrix optimization for a
fixed random assignment. A complexity comparison of the
algorithms reported in this section can be found in [31].

The results indicate that Schemes (a) and (b) significantly
outperform Scheme (d), thereby showing that the proposed
schemes achieve significantly better performance compared
to naive assignment schemes. Moreover, Algorithm 1 based
on stable matchings suffers a limited gap compared to the
centralized implementation and to the distributed, but more
complex, distributed auction algorithm.

Fig. 2 compares Schemes (a), (b), and (c) of Fig. 1
according to the GEE definition in (7). In the left illustration
of Fig. 2, we set Tc = 50 ms and To = 0.1Tc. Then, for the
distributed Algorithms auction from [34] and the centralized
Dinkelbach, we assumed feedback slots of equal duration, i.e.
Tmax,n,i = To/2I , for all i, n. As for the centralized Algo-
rithm, we set Tmax,n = To/2 for all n, to account for the two
required feedback slots. Remarkably, Fig. 2 confirms that the
centralized Algorithm can be outperformed by the distributed
Algorithms, when the energy consumed for feedback purposes
is included in the analysis. Next, in the right illustration of Fig.
2 we consider a similar scenario but with Tc = 100 ms. We
see that increasing Tc reduces the gap between distributed and
centralized allocation.

VI. CONCLUSION

This work has dealt with the problem of distributed re-
source allocation in MIMO MC MAC networks. A distributed
algorithm has been proposed, which combines the popular
Dinkelbach’s algorithm with stable matchings. The distributed
algorithm has been compared to the centralized global opti-
mum also explicitly accounting for the energy consumption
due to feedback overheads. Numerical results indicate that
the proposed algorithm performs close to the global optimum
when the additional feedback energy consumption is not
considered, and it outperforms the centralized implementation
when feedback energy consumption is included in the analysis.
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