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Latency Fairness for MEC-Enabled Cell-free massive MIMO:

ICA- and AI-based Approaches
Hieu V. Nguyen, Van-Phuc Bui, Mai T. P. Le, Vien Nguyen-Duy-Nhat, Hung Nguyen-Le, and Nghi H. Tran

Abstract—This paper investigates the latency minimization at
the network edge in mobile edge computing (MEC)-enabled Cell-
Free massive MIMO systems. We introduce a new edge comput-
ing model that integrates both task offloading and local execution.
To minimize overall system latency while considering power
allocation constraints, we formulate an optimization problem
aimed at reducing maximum computing time. This mixed-integer
non-convex problem is then reformulated into a more tractable
form, which is solved using an iterative convex approximation
method to achieve locally-optimal solutions. Additionally, we
propose a convolutional neural network-based algorithm as an
alternative solution to further improve system efficiency. Numer-
ical results are provided to validate the theoretical framework
and demonstrate the effectiveness of the proposed approaches
in accelerating the data processing in MEC-enabled cell-free
networks.

Index Terms—Cell-free, CNN, ICA, latency, mobile edge com-
puting, resource allocation.

I. INTRODUCTION

THE upcoming generation of mobile communication net-
works, commonly referred to as sixth generation (6G)

or NextG, is specifically designed to accommodate diverse
service types with stringent requirements for throughput, reli-
ability, and latency [1]. To address the challenges associated
with computation-intensive and latency-sensitive applications,
mobile edge computing (MEC) has emerged as a highly
promising solution [2]. MEC systems enable users to offload
resource-demanding tasks to nearby high-performance servers,
significantly reducing latency compared to traditional cloud-
based architectures [3].

Beyond conventional cellular massive multiple-input
multiple-output (mMIMO), cell-free (CF) mMIMO has
emerged as a key enabler for NextG networks due to
its potential for substantial improvements in spectral and
energy efficiency [4], [5]. In the context of MEC-enabled
systems, CF-mMIMO offers enhanced transmission rates
and scalability for large-scale user offloading. Despite its
advantages, research on MEC-CF systems remains limited
[6]–[9]. One of the earliest studies, by Mukherjee and Lee
[6], analyzed success probabilities-defined as the successful
completion of either communication or computation-using
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stochastic geometry and queueing theory. More recently,
works such as [7], [8] have addressed resource optimization
in MEC-CF networks, focusing on minimizing latency
and energy consumption through joint task offloading
and computational allocation. The study in [9] further
examines heuristic NOMA pairing for MEC CF-mMIMO in
a single-carrier setting.

Most prior studies have focused on optimizing data trans-
mission under latency assumptions of tens of milliseconds,
which are unrealistic for physical-layer implementations. In
practice, a channel coherence block spans only half of a one-
millisecond sub-frame, resulting in highly dynamic channel
conditions. Consequently, latency must be managed within
this coherence interval to ensure both spectral efficiency
and reliable data rates. To address this challenge, this work
investigates the latency optimization problem in a multi-
carrier MEC-enabled CF massive MIMO network, with a
particular emphasis on fairness under dense-user and fast-
fading conditions. The main contributions of this paper are
as follows:

• Novel Framework: We propose a new mathematical
framework that jointly integrates mobile edge comput-
ing (MEC) and resource sharing within a CF-mMIMO
architecture, with a core focus on latency fairness among
users. The problem is formulated as a min–max latency
optimization aiming to minimize the maximum comput-
ing latency across all users within the coherence time.
This ensures equitable service levels, where no user
experiences significantly higher latency than others. The
formulation captures practical physical-layer constraints
such as power allocation, dynamic offloading ratios, and
resource limits. It results in a hard-solving mixed-integer
non-convex (MINC) optimization problem class that re-
flects real-time edge processing requirements.

• Efficient Solution Methodology: We reformulate the
problem into a tractable form and solve it using an
iterative convex approximation (ICA) algorithm to obtain
locally optimal solutions under realistic constraints. To
further enhance scalability and inference speed, we design
a convolutional neural network (CNN)-based supervised
learning model that approximates the ICA solution. This
AI-based model enables fast adaptation to varying chan-
nel states and supports generalization across different
network configurations, facilitating practical deployment
in large-scale MEC-enabled wireless systems.

II. SYSTEM MODEL

In this work, we investigate a MEC-CF network with a high
density of users. The MEC-CF system operates in a time-
division duplexing (TDD) mode and is equipped with a set
M of M access points (APs), where the AP set is denoted as
M = {1, 2, . . . ,M}. These APs simultaneously serve a set K
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of K edge user equipments (EUEs), where K = {1, 2, . . . ,K}.
The total number of APs’ antennas is L =

∑
m∈M Lm,

where Lm is the number of antennas at AP m, while each
EUE has a single-antenna. All APs are connected to the CPU,
through perfect wide bandwidth backhaul links, which has a
sufficiently large capacities to serve all EUEs.

A. Data Transmission in MEC-CF Networks

At the CPU, the offloading data sent by an EUE is decoded
and processed by aggregating the received signals from all APs
through the uplink (UL) data broadcast. The data transmission
between the set of APs and EUEs occurs via N subcarriers
within a given resource block. To accelerate the computational
capacity of the EUEs, the MEC server equipped at the CPU
fetches the offloading data from the EUEs.

In this UL data transmission setting, without loss of gener-
ality (w.l.o.g), the channel response from EUE k, k ∈ K, to
AP m through subcarrier n, where n ∈ N = {1, 2, . . . , N},
is denoted by hm,k,n ∈ CLm×1. These channels are char-
acterized by both small-scale and large-scale fading, such
that hm,n,k = βm,kh̄m,n,k. Here, the large-scale fading βm,k

specifies the path loss and shadowing, while the small-scale
fading described by a vector h̄m,n,k of which each entry is
independently drawn from a circularly symmetric complex
Gaussian distributionn CN (0, 1).

Consider the data transmission from K EUEs to the AP
m, m ∈ M, for a given sub-carrier n, n ∈ N . First, the
transmitted signal xn ∈ CK×1 of K EUEs on sub-carrier n
can be expressed as a Hadamard product ◦, i.e.,

xn = αn ◦ (diag(pn)x̃n) , (1)
where pn ≜

[√
pn,1

√
pn,2 · · · √pn,K

]
is the power alloca-

tion vector, with pn,k being the power coefficient for EUE k
on sub-carrier n. The vector x̃n ∈ CK×1 is the concatenation
of transmitted symbols from K EUEs, of which the k-th
entry x̃n,k represents the message sent from EUE k on sub-
carrier n, with E

[
|x̃n,k|2

]
= 1. For resource allocation,

αn ≜ [αn,1 · · · αn,K ] is newly introduced as a binary variable
vector, where αn,k = 1 if EUE k is allocated to sub-carrier
n, and αn,k = 0 if otherwise.

Next, the received signal at AP m, denoted as rm,n ∈
CLm×1, can be represented as rm,n = Hm,nxn + zm,n,
where Hm,n ≜ [hm,n,1 hm,n,2 · · ·hm,n,K ] ∈ CLm×K is the
channel matrix between the EUEs and AP m on the sub-
carrier n. The term zm,n ∈ CM×1 represents the additive
white Gaussian noise (AWGN) at AP m for sub-carrier n,
where each element of zm,n follows CN (0, σ2

m).
We suppose that a linear receiver (e.g., MRC or matched fil-

ter) is locally adopted at the APs, the post-processed messages
from K UEs, denoted by yn ∈ CK×1, are thus expressed as

yn =
∑M

m=1
AH

m,nrm,n (2)
where Am,n ∈ CLm×K is the linear receiver at AP m on
the sub-carrier n, in which the column k is normalized as∑M

m=1 ∥aHm,n,kam,n,k∥2 = 1. From (1) and (2), one achieves
the corresponding signal-to-interference-plus-noise (SINR) for

decoding the message:

γn,k(αn,pn) =
αn,kpn,kP̄k|

∑M
m=1 a

H
m,n,khm,n,k|2

ϕn,k(αn,pn)
, (3)

where the interference-plus-noise is determined by

ϕn,k(αn,pn) ≜
∑K

k′=1,k′ ̸=k
αn,k′pn,k′ P̃n,k′ + σ̄2,

with P̃n,k′ ≜ P̄k|
∑M

m=1 a
H
m,n,khm,n,k′ |2, k ̸= k′. The

normalized transmit power and noise power at AP m is
represented as P̄k ≜ P max

k

minm∈M{σ2
m} and σ̄2 ≜

∑M
m=1 σ2

m

minm∈M{σ2
m} ,

where P max
k is the maximum transmit power of EUE k. Let

p ≜ [pT
1 · · ·pT

N ]T and α ≜ [αT
1 · · ·αT

N ]T , the achievable data
rate for the offloading process of EUE k can be formulated as

Rk(α,p) =
∑N

n=1
B log2 (1 + γn,k(αn,pn)) , (bits/s) (4)

with B the system bandwidth.

B. Edge Computing Model

To accelerate computing capability, we consider both local
computing and task offloading. Let Zk and Ck denote the
size (in bits) of the offloading data requested by EUE k and
the number of CPU cycles required to execute one bit of
that task, respectively. Additionally, fSER and fk represent the
computational frequencies at the MEC server and EUE k,
respectively. We define a new variable ρ ≜ [ρk]k∈K, where
0 ≤ ρk ≤ 1), which represents the offloading ratio for the
task of EUE k.

The data-processing request for EUE k involves a trade-off
between the amount of data processed locally and the portion
offloaded to the MEC server. The latencies at the edge and
MEC server1, denoted as τ lock and τ offk , are respectively given
by

τ lock (ρ) =
(1− ρk)ZkCk

fk
, (5)

τ offk (α,p,ρ) =
ρkZk

Rk(α,p)
+

ρkZkCk

fSER
. (6)

The overall latency of EUE k is therefore defined as
τ MECk = max

{
τ lock (ρ), τ offk (α,p,ρ)

}
, ∀k ∈ K. (7)

C. Problem Formulation

Once the computational latency within each coherent pro-
cessing block is reduced, the user experience in real-time
applications is significantly improved. This work aims at
enhancing the experience for a certain application through
making the latency fairness among the EUEs. Therefore, a
min-max optimization problem in reducing the execution time
for all users can be formulated as

minimize
α,p,ρ

max
k∈K

{τ MECk }, (8a)

s.t. αn,k ∈ {0, 1}, n ∈ N , k ∈ K, (8b)
pn,k ≥ 0, n ∈ N , k ∈ K, (8c)∑

n∈N
pn,k ≤ 1, k ∈ K, (8d)

0 ≤ ρk ≤ 1, k ∈ K. (8e)
Constraints (8b)-(8d) refers to resource and power allocation,
respectively. It should be emphasized that the power coefficient
pn,k is normalized as the ratio of transmit power used by
the EUE k over a predetermined maximum transmit power.

1We assume that the other delay (e.g., for queuing process) is a constant
parameter, and thus the latency at MEC server depends on the transmission
delay and processing time.
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Constraint (8e) restricts the normalized amount of offloading
data requested by EUE k. Hence, ρk ∈ [0, 1] in which
ρk = 0 and ρk = 1 specify the fully-local and fully-offloading
computing, respectively. Although the feasible set of problem
(8) is quasi-convex, it is extremely hard to be solved due
to the non-convex objective function and mixed-integer linear
constraints.

III. PROPOSED SOLUTION BASED ON ICA APPROACH
Given the non-convex and mixed-integer nature of prob-

lem (8), standard methods like Lagrangian relaxation or the
Alternating Direction Method of Multipliers (ADMM) often
struggle with feasibility and convergence under tight variable
coupling. To address this, we adopt the ICA method for its
simplicity, scalability, and ability to efficiently yield locally
optimal solutions—especially useful in latency-constrained
MEC systems requiring large-scale AI training data. To solve
the original problem, we propose a two-step approach for
efficiently finding the locally-optimal solution as below.
A. Reduction of Binary Variables

The optimization problem in (8) belongs to the category
of min-max programming, where the objective function takes
the form of a supremum involving non-convex functions.
Addressing this challenge involves transforming problem (8)
into an equivalent formulation, which can be expressed as
follows

minimize
α,p,ρ,t

t, (9a)

s.t. (8b) − (8e), (9b)
τ lock ≤ t, k ∈ K, (9c)
τ offk (α,p,ρ) ≤ t, k ∈ K. (9d)

Before solving problem (9), we consider the following
theorem.

Theorem 1: Let the feasible region of problem (9) be F ≜
{(α,p,ρ, t)|(9b)−(9d)}. The optimal solution of problem (9),
denoted as s∗ ≜ (α∗,p∗,ρ∗, t∗), can be found by solving a
relaxation problem:

minimize
α,p,ρ,t

t, (10a)

s.t. (8c) − (8e), (9c), (9d), (10b)
αn,k ∈ [0, 1] , n ∈ N , k ∈ K, (10c)

where the feasible set F̄ ≜ {(α,p,ρ, t)|(10b)− (10c)}. Then,
the optimal solution of (8) can be found in a tighter set

s∗ ∈ F̂ ≜
{
(α,p,ρ, t) ∈ F̄|α = 1

}
. (11)

Proof: Please see Appendix. □
By utilizing Theorem 1, we can find the optimal solution

for problem (9) through 2 steps:
• Assigning α = 1, the partially optimal solution ŝ∗ can

be calculated using the following problem:
ŝ∗ = argmin

ŝ∈F̂
t, (12)

where the feasible set F̂ ≜ {(p,ρ, t) ∈ (C)}, with the
set of constraints (C) is described as

(C) ⇔
{

(8c) − (8e), (9c),
τ offk (1,p,ρ) ≤ t, k ∈ K,

(13a)
(13b)

• α is then recovered using the optimal solution of p:

αn,k =

[
pn,k − ε

|pn,k − ε|

]+
, (14)

where ε is very small positive number.
It can be seen that constraints in (13a) are linear, but (13b)

is still non-convex. Therefore, the following part focuses on
addressing the non-convexity of (13b).

B. Addressing Non-convexity of Constraint (13b)

Before addressing constraint (13b), we introduce the two
functions and their first-order approximations applied to solve
problem (12). With given a convex quadratic-over-linear func-
tion f(x, y) = x2

y , x, y > 0, and a concave product function
g(x, y) =

√
xy, x, y > 0, the lower bound of f(x, y) and

upper bound of g(x, y) around an arbitrary point (x(i), y(i))
can be respectively derived as

f(x, y) ≥ 2x(i)

y(i)
x− (x(i))2

(y(i))2
y := f (i)(x, y), (15)

g(x, y) ≤
√

y(i)

2
√
x(i)

x+

√
x(i)

2
√
y(i)

y := g(i)(x, y). (16)

To convexify problem (12), constraint (13b) is first trans-
formed into the equivalent equations as follows.

(13b) ⇔



∑N

n=1
B log2 (1 + λk,n) ≥

1

µk
,

γk,n(1,p) ≥ λk,n,

Zkρkµk + ρk
ZkCk

fSER
≤ t.

(17a)

(17b)

(17c)

It can be seen that (17a) is convex, given by the fact that
log2 (1 + λk,n) is concave and 1

µk
is convex. In what follows,

we need to convexify (17b) and (17c).
Convexifying (17b) and (17c): We first introduce a new

variable φ ≜ {φn,k}n∈N ,k∈K. By applying (15), constraint
(17b) is then approximated to the following convex constraints:

(17b) ⇔

{
f (i)(

√
pn,k, φn,k) ≥ λk,n/P̃n,k, ∀n, k,

ϕn,k(1,pn) ≤ φn,k, ∀n, k.
(18a)
(18b)

By letting a new variable be ν ≜ {nk}k∈K and applying (16),
constraint (17c) is convexified as

(17c) ⇔

Zkµk +
ZkCk

fSER
≤ νk, ∀k,

g(i)(ρ2k, ν
2
k) ≤ t, ∀k.

(19a)

(19b)
Finally, the successive convex programming, in which each

sub-problem provides a minimum majorant at iteration i, is
formulated as

minimize
p,ρ,t,

λ,µ,ν,φ

t, s.t. (8c) − (8e), (9c), (17a), (18), (19),

where λ ≜ {λn,k}n∈N ,k∈K and µ ≜ {µk}k∈K.

Remark 1: The complexity of ICA-based algorithm is
determined using the number of variables and constraints.
Particularly, it takes O(

√
(NK + 2K)5(NK+K)2 log(1/ϵ))

where the term of log(1/ϵ) intuitively approximates the linear
convergence rate for the outer loop.

IV. PROPOSED SOLUTION BASED ON DATA-DRIVEN
POWER ALLOCATION

Although ICA-based method provides a locally optimal
solution with low-complexity execution, the new network
architectures with dense-user communication require the faster
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processing. Therefore, we now explore a novel AI-driven ap-
proach that leverages the ICA solution during training. In what
follows, we introduces a data-driven approach to optimize
power allocation (pk) in MEC-enabled CF-mMIMO networks.
The objective is to minimize the maximum computational
latency across all users (k ∈ K) subject to channel conditions
and power constraints as

min
α,p,ρ

max
k∈K

{τMEC
k (α,p,ρ)}. (20)

We propose a data-driven method that leverages the avail-
able channel state information (CSI), assumed to be perfectly
known, as the input to our learning model. Specifically, the
magnitude of the complex CSI is used as the primary feature,
defined as Xi = |Hi|, where Hi ≜ {Hn}n∈N is the
complex channel matrix for the i-th sample, and | · | represents
the element-wise magnitude operation. To ensure numerical
stability and facilitate efficient training, we apply min-max
normalization to each element of p over the range of minimum
and maximum values of p across all training samples. The
model is trained using supervised learning, where the goal is
to minimize the error between the predicted and ground-truth
(optimal) solutions. These labels are obtained from the ICA-
based algorithm, which guarantees locally optimal solutions
for the original optimization problem. The training loss is the
mean squared error (MSE), defined as

L(θ) = 1

S

∑S

i=1

(
spred
i − strue

i

)2

, (21)

where vector strue
i ≜ [vec(αi)

T vec(pi)
T vec(ρi)

T ]T is re-
sulted from the vectorization of ground-truth (optimal) so-
lution for the sample i, spred

i is the corresponding predic-
tions. To capture both spatial and temporal features of the
wireless environment, we adopt a hybrid CNN-Long Short-
Term Memory (LSTM) architecture. The CNN extracts spatial
patterns across users and subcarriers, while the LSTM models
temporal and structural variations. This design also enables
transfer learning, allowing models trained on CF-mMIMO to
be efficiently adapted to other architectures like conventional
mMIMO with minimal retraining.

The significant advantage offered by AI-based method is the
ability of extremely fast computation. We let ks, Bs and F be
the kernal size, mini-batch size, and the number of filters in
the convolutional layer, respectively. Hs×Ws is the size of the
activation map, while HLSTM is the number of LSTM hidden
units. With given Ns training samples, the computational
complexity per training epoch of the proposed CNN com-
bined with LSTM solution is O

(
Ns

Bs
(Fk2sHsWs +H2

LSTM)
)

,
specifically O(1.518 × 103Ns) for the given parameters.
During inference, the complexity reduces significantly to
O(Fk2sHsWs + H2

LSTM), approximately O(4.86 × 104), en-
abling sub-millisecond latency suitable for real-time MEC
scenarios.

V. NUMERICAL RESULTS AND DISCUSSIONS

A. Simulation Settings

To evaluate the proposed computational model and algo-
rithm, we conduct MATLAB simulations with 200 network
topologies and 1,000 channel realizations per topology. Each
topology comprises M single-antenna APs and K single-
antenna EUEs, randomly distributed within a 1-kilometer

radius. The system operates with a bandwidth of 20 MHz,
noise power spectral density of -174 dBm/Hz, and a maximum
EUE power budget of 10 dBm. The MEC server and EUEs
have computing frequencies of fSER = 5 GHz and fk = 1
GHz, respectively, with Ck = 103 cycles/bit, and Zk = 103

bits per task.
In the data-driven approach, a 2D convolutional layer (32 fil-

ters, kernel size 3) extracts features, followed by max-pooling,
flattening, and an LSTM layer (50 units) to model temporal
dependencies. The fully connected output layer predicts power
allocation for all users and antennas. The model, optimized
with the Adam algorithm and batch normalization, uses a
dataset of 200,000 samples split into 80% training and 20%
testing. We should emphasize that the dataset is independently
collected for the below ”BS-centered mMIMO” and ”CF-
mMIMO w/ local comp.” methods.
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Fig. 2. CDF with the number of EUEs K = {10, 20} and M = 64.

B. Performance Evaluation

The critical advantage of MEC-enabled CF-mMIMO is its
ability to serve a large number of EUEs across a wide area.
To evaluate its performance, we analyze the latency as the
number of EUEs varies (K = {10, 20, · · · , 50}) and compare
the proposed approach “CF-mMIMO with local computing”
(referred to as “CF-mMIMO w/ local comp.”) with two
alternative schemes:

• Traditional BS-centered mMIMO (“BS-centered
mMIMO”): An MEC server at the macrocell center
serves K EUEs, considering the offloading ratio.

• CF-mMIMO without local computing (“CF-mMIMO w/o
local comp.”): Inspired from the architecture in [10], this
scheme employs CF-mMIMO for MEC but offloads all
EUE data without local computing.

The proposed ICA-based algorithm is consistently developed
across all scenarios, regardless of network architecture or com-
putational technique. For comparison purpose, it is employed

This article has been accepted for publication in IEEE Communications Letters. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/LCOMM.2025.3581730

© 2025 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: Aalborg Universitetsbibliotek. Downloaded on June 26,2025 at 06:13:55 UTC from IEEE Xplore.  Restrictions apply. 



5

in all three schemes. As shown in Fig. 1, system performance
improves significantly with the CF-mMIMO network archi-
tecture. While the “BS-centered mMIMO” strategy outper-
forms “CF-mMIMO w/o local comp.” for a small number
of EUEs (K = {10, 20}), the performance advantage of CF-
mMIMO becomes more pronounced in dense-user networks
(K = {30, 40, 50}). Across all user densities, the proposed
scheme and algorithm (“CF-mMIMO w/ local comp.”) con-
sistently provide a substantial performance gain over the other
approaches. Remarkably, the fairness of latencies is evaluated
using Gini fairness index. Because fairness is sensitive to
network topology, we examine both conventional mMIMO and
CF-mMIMO with local computing. Our results show that CF-
mMIMO maintains high fairness even as in highly dense-user
network, i.e., the Gini index remains below 20% for 50 users.

Next, we assess the robustness of the proposed CNN in en-
hancing computing capabilities. Fig. 2 presents the Cumulative
Distribution Function (CDF), illustrating the effectiveness of
the AI-based method by evaluating the gap between the CNN
output and the optimal solutions. As expected, the proposed
CNN achieves results within a very small margin of the
ground truth, with a performance gap of less than 1%. More
interesting, we also perform cross-testing, feeding the input
data from “BS-centered mMIMO”into the CNN trained for
“CF-mMIMO w/ local computing”. The results confirm the
adaptability of the proposed CNN, demonstrating its ability to
generalize across different network topologies and outperform
“BS-centered mMIMO”.

VI. CONCLUSION

In this study, we present a novel edge computing model
based on a MEC-enabled CF-mMIMO network, integrating
both offloading and local execution time. The primary goal is
to improve system performance by minimizing data processing
latency for all EUEs. To address this optimization challenge,
we developed an ICA-based algorithm that guarantees at least
a locally optimal solution with low complexity. Additionally,
to accelerate the optimization process, we implemented a
hybrid learning model combining CNN and LSTM, using the
ICA-based method’s optimal solution as ground truth. The
numerical results demonstrate that both approaches deliver
substantial performance gains and maintain reliability, even
as the number of EUEs increases.

APPENDIX
PROOF OF THEOREM 1

First, we need to break the mixed-integer property of
problem (9) while remaining the optimality. To do this, the
feasible region of α is extended to the close interval [0, 1]
from binary set {0, 1}. Thus, the relaxation problem can be
rewritten as

minimize
α,p,ρ,t

t, (22a)

s.t. (8c) − (8e), (9c), (9d), (22b)
αn,k ∈ [0, 1] , n ∈ N , k ∈ K, (22c)

with the feasible set being F̄ ≜ {(α,p,ρ, t)|(22b) − (22c)}.
It is true that any optima s∗ ≜ (α∗,p∗,ρ∗, t∗) of problem
(9), for s∗ ∈ F ≜ {(α,p,ρ, t)|(9b) − (9d)}, belongs to the
feasible set F̄ , owing to F ⊂ F̄ . Consequently, the optimality
of (9) as well as that of the original problem (8) are hold. For

transformation and proof techniques, the feasible set should
be a connected set, and thus, a relaxation step is necessary to
tackle the feasible discrete set of integer variables.

Next, we consider the relationship between two variables
for resource allocation, i.e., α and p for channel and power
allocation, respectively. For simplicity, we let ᾱ ≜ α ◦ p (as
ᾱ ≡ (α,p)), with ᾱn,k being the entry at row n and column
k of ᾱ. Then, the objective value of problem (22) can be
formulated as
P ∗ = inf

s∈F̄
t = inf

s∈F̄
sup
(ᾱ,ρ)

{
max
k∈K

{
τ lock , τ offk (ᾱ,ρ)

}}
. (23)

From (6), τ offk (ᾱ,ρ) is inversely proportional to Rk(ᾱ),
while (23) indicates that P ∗ is obtained through
sup
(ᾱ,ρ)

τ offk (ᾱ,ρ), ∀k ∈ K. Recall (4), the primal value

is associated with inf
ᾱ

Rk(ᾱ), ∀k ∈ K, where ᾱn is the row
n of ᾱ. Connecting to the feasible set F of problem (9),
when αn,k → 1, γn,k(ᾱn) as well as P ∗ totally depend on
pn,k. To derive (11), we need to prove that the optimality still
holds even when α = 1. We assume, w.l.o.g, that the optima
in problem (22) is provided by

R∗
k(ᾱ) ∈

{
Rk(ᾱ) | ∃ᾱn,k = 0

}
. (24)

It is clear that ᾱn,k = 0 iff αn,k = 0 or pn,k = 0.
Therefore, if an optima contains ᾱ∗

n,k = 0, the optimality
is totally guaranteed with αn,k > 0 and pn,k = 0. This
leads to the fact that there exists an optimal solution with
αn,k = 1, ∀n ∈ N , k ∈ K, which completes the proof.
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