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Abstract - This paper investigates the delay optimization problem in
multi-carrier cell-free massive MIMO (CF-mMIMO) networks
integrated with mobile edge computing (MEC), utilizing non-
orthogonal multiple access (NOMA) techniques to exploit channel
correlation among user groups. The authors propose a Greedy-NOMA
pairing algorithm based on channel correlation to determine the
optimal user pairs, thereby enhancing the efficiency of successive
interference cancellation across multiple frequency channels. The
objective is to minimize the maximum delay via a nonlinear
optimization problem that jointly considers multi-channel power
allocation and computational offloading ratios. The proposed solution
consists of two steps: (i) user pairing using the Greedy-NOMA
algorithm, and (ii) solving the resulting non-convex problem via
successive convex approximation (SCA). Simulation results
demonstrate a significant reduction in latency, achieving an
improvement of up to 13.5% compared to conventional random
NOMA and CF-mMIMO methods, thereby confirming the feasibility
of the proposed approach for 5G/6G networks.

Key words - CF-mMIMO; mobile edge computing; successive
convex approximation; NOMA pairing; latency optimization

1. Introduction

In the context of fifth-generation (5G) and future sixth-
generation (6G) mobile networks, the requirements for ultra-
low latency, high throughput, and massive connectivity are
becoming increasingly critical [1], [2]. Numerous real-time
applications, such as autonomous vehicle control,
augmented reality, and remote surgery, demand end-to-end
latency of only a few milliseconds or even less.

To meet these stringent requirements, the cell-free
massive MIMO (CF-mMIMO) architecture has been
proposed as a promising solution to overcome the
limitations of conventional cellular networks [3]. Instead
of relying on fixed base stations, CF-mMIMO deploys a
large number of distributed access points (APs) connected
to a central processing unit. Recent studies have
demonstrated that CF-mMIMO can significantly enhance
spectral efficiency and reduce inter-cell interference
compared to traditional cellular networks [4].

Alongside CF-mMIMO, mobile edge computing
(MEC) technology has been developed to minimize
processing latency by placing computational resources
closer to end users [5]. According to [6], integrating MEC

Tém tit - Bai bao nay nghién ctru bai toan téi wu hoa do tré
trong mang cell-free massive MIMO (CF-mMIMO) da song
mang tich hop dién toan bién di dong (MEC) ung dung k¥ thuat
da truy cdp khong truc giao (NOMA) dé khai thac tuong quan
kénh truyén giita cac nhom nguoi ding. Nhom tac gia dé xut
thuat toan ghép cap NOMA tham lam (Greedy-NOMA) dya trén
tuong quan kénh, xdc dinh cdp ngudi dung ti wu nham nang
cao hidu qua khr nhidu lién tiép trén nhiéu kénh tin s6. Muc
tiéu 1a giam thiéu do tré 16n nhat thong qua bai toan tdi wu phi
tuyén, két hop phéan b() cong sudt da kénh va ty 18 chuyén tai
tinh toan. Giai phap gdm hai buédc: (i) ghép cap nguoi dung bang
Greedy-NOMA, va (ii) str dung phuong phép xap xi 15i lién tlep
(SCA) dé giai bai toan khong 16i. Két qua mo phong cho thiy,
d6 tré giam dang ké, cai thién dén 13,5% so v6i phuong phap
NOMA ngiu nhién va CF-mMIMO théng thudng, khing dinh
tinh kha thi cho mang 5G/6G.

Tir‘kh(’)a - (;ell-free massive MIMQ; dién toan bif:n di dong; xép
xi 101 lién tiép; ghép cap NOMA; toi uu hoa do tre

into CF-mMIMO systems enables user equipment (UE) to
offload resource-intensive tasks to edge nodes, thereby
substantially reducing response time and energy
consumption. Recent works such as [7] and [8] have
proposed optimal models for computational resource
allocation in CF-mMIMO networks combined with MEC.
However, these studies have not fully addressed the aspect
of latency optimization.

To further enhance system performance, non-
orthogonal multiple access (NOMA) technology has been
proposed for integration into CF-mMIMO systems [9].
Unlike traditional orthogonal access methods, NOMA
allows multiple users to share the same time-frequency
resources through power domain multiplexing. The
efficiency of NOMA largely depends on the user pairing
algorithm, especially in large-scale networks [10], [11].

Recent studies have proposed various solutions to
minimize latency in next-generation wireless systems.
Bennis et al. [12] introduced resource allocation
optimization methods for ultra-low latency networks,
focusing on achieving high reliability. Although this
solution provides an important foundation, it does not
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jointly consider both transmission and computation
latency, resulting in limited performance in edge
computing environments. Dinh et al. [13] proposed a
priority-based MEC task scheduling approach combined
with frequency scaling, which is effective in scenarios with
non-uniform  workloads but suffers significant
performance  degradation in  dense  multi-user
environments, particularly as the number of UEs increases.

Mao et al. [14] investigated the trade-off between
power and latency in multi-user MEC systems and
developed a joint optimization method for
communication and computation resources. However,
this solution has high computational complexity and does
not exploit the advantages of the CF-mMIMO
architecture. In the context of NOMA, Dang and
colleagues [10], [11] proposed optimal user pairing
methods for CF-mMIMO systems supporting NOMA.
These works focus on throughput maximization but do
not address latency optimization when combined with
MEC. Thai et al. [15] proposed a solution to balance
latency and energy consumption in CF-mMIMO systems
with NOMA and MEC support; however, this approach
uses random NOMA pairing and considers only single-
channel scenarios.

Although each of these technologies has demonstrated
individual benefits, the effective integration of all three -
CF-mMIMO, MEC, and NOMA - remains a significant
research challenge. Existing works are still limited in
simultaneously addressing three critical issues: (1) joint
optimization of transmission and computation latencys;
(2) development of efficient NOMA user pairing algorithms,
particularly for CF-mMIMO environments; and (3) scalable
solutions for multi-channel systems with many users.
Notably, prior studies such as [15], [16] mainly focus on
energy optimization or latency-energy trade-offs, while
transmission and computation aspects are often considered
separately, lacking a unified model that accounts for both
factors in multi-channel scenarios.

Therefore, this paper aims to optimize the maximum
latency by employing a greedy pairing method for
CF-mMIMO systems based on channel correlation, and by
jointly optimizing transmit power and computational
offloading ratios for MEC protocols. This approach is
intended to improve performance compared to previously
proposed methods, particularly in scenarios with a large
number of users and stringent latency requirements.

Contributions of the paper

This paper aims to optimize latency in multicarrier CF-
mMIMO systems integrated with MEC and NOMA, with
the main contributions summarized as follows:

® Propose a Greedy-NOMA pairing algorithm based
on the highest channel correlation, optimizing successive
interference cancellation (SIC) efficiency on each
subcarrier, thereby improving data rates and reducing
transmission latency.

e Formulate a nonlinear optimization problem that
jointly considers both multicarrier transmission latency
and computation latency, subject to transmit power and

offloading ratio constraints for the CF-mMIMO-MEC
system.

e Combine the Greedy-NOMA algorithm for optimal
user pairing with the successive convex approximation
(SCA) method to solve the proposed non-convex resource
allocation problem.

e Evaluate the effectiveness of the proposed approach
through Monte Carlo simulations and comparisons with
existing solutions. Numerical results demonstrate that our
method significantly reduces latency while maintaining
stability as the system scales.

Notations

Table 1 presents the mathematical symbols and
operators used throughout the paper.

Table 1. Symbols and operators

Symbol Description
h¥ Hermitian conjugate
Ih|? Vector norm squared
A\ B,AUB | Setdifference, set union
0, € Empty set, set membership
<,arg max Vector inequality, argument of maximum

Complex vector space, complex normal

Mx1
¢ CN(0.1) distribution

SCA convergence threshold, "defined as"
symbol

€,

2. System Model
2.1. CF-mMIMO network model

The research considers an uplink CF-mMIMO system
as illustrated in Figure 1. The system comprises M single-
antenna APs distributed over a coverage area of
size D X D serving K UE pairs over N frequency channel.
Each pair consists of two UEs sharing the same channel
resource via power-domain NOMA. The APs are
connected to a Central Processing Unit (CPU) through
high-capacity backhaul links. The CPU also acts as an
MEC server, providing computing resources for
offloaded tasks from the UEs. Each UE can transmit data
over one or more channels and has two options for task
processing: (i) local computation on the device, or (ii)
offloading tasks to the MEC server at the CPU. The
offloading decision depends on channel conditions, task
size, and available computational resources.
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Figure 1. CF-mMIMO system model combining MEC and NOMA
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In this system model, APs are assumed to only perform
basic signal transmission/reception and maximum ratio
combining (MRC). Other signal processing techniques,
such as SIC, NOMA pairing, resource allocation, and
computation processing, are executed centrally at the CPU.

This architecture simplifies AP design, reduces
deployment costs, and enables more efficient global
optimization.

2.2. Channel model

The wireless channel between AP m and UE k on the
n-th channel, denoted as h,, ,, », is modeled as:

hmnk gmnk\/ﬁmk' (1)
where:  gpmnr ~ CN(0,1) represents the small-scale

Rayleigh fading, fB,,, denotes the large-scale fading,
defined as:
B = == 2)
m,k
here, d,, \, is the distance between AP m and UE k, « is the
path-loss exponent.

It is assumed that the small-scale fading g, 5 is
independent across space (i.e., between different APs and
UEs) and frequency (i.e., across different channels), while
the large-scale fading f,,; remains constant for all
channels for each AP-UE pair.

The overall channel vector from all APs to UE k on
channel n is given by:

T
Rang] € CM¥ 3)

2.3. NOMA pairing and resource allocation

In uplink NOMA, paired UEs share the same time-
frequency resources and are distinguished at the receiver
by different power allocations. Specifically, a SIC receiver
is used to remove the stronger UE’s signal from the
received mixture before decoding the weaker UE’s signal.
To enhance NOMA performance, instead of random
pairing, the authors employ a greedy-NOMA pairing
strategy based on channel characteristics.

hn,k = [hl,n,k' h2,n,k' sy

Assume UE k; and k, are paired for SIC and share
channel n, where the signal from UE k; is decoded before
that of UE k,. The allocated powers for these UEs are
denoted as Py, and Py, respectively. The received signal
at AP m is:

Ynm = hm,n,k1 ’Pn,klxn,kl + hm,n,kz ’Pn,kzxn,kz

+ leglik(hm,n,k/ﬂ/ Pn,kllxn,kll +
hm,n,klzwl Pn,klzxn,klz) + Zn, (4)
where x,, ., and x,, ., are the transmitted signals of UEs k;
and k, , z, is additive white Gaussian noise (AWGN) with
zero mean and variance o2
At the CPU, the signal-to-interference-plus-noise ratio
(SINR) for decoding UE £;1’s signal is given by:

2
Pn,k1|2%:1 Am,n,kq hm,n,k1| (5)

SINR,x, =

2 2’
m=1|am,n,k1hm,n,k2| Pnk,+INy+og

where

K 2
INy £ X0k =1 (|am,n,k1hm,n,k'1| Pn,k’1 +

2
Pn,k'2>

denotes interference from other UE pairs. The combining
coefficients ap, k., are based on MRC.

|am.n,k1 hm,n,ké

After successfully decoding and subtracting UE k;’s
signal using SIC, the SINR for UE k, is:

M 2
_ Pnk, |Zm:1 Ammnky hm.n.kzl

SINR, 4, = N 102 ) (6)
where
K M
a 2
= Z Z (|am,n,k2hm,n,k’1| Pn,k’l
k'#k m=1 5
+ |am,n,k2hm,n,k’2| Pn,k'Z )
2.4. Delay and data rate model
The total delay for UE k can be expressed as:
Lk = max{Ltrans,kx + Lcomp,kx}
— max {kaDkx n kaDkakx}, ()
ka fserv
with x € {1,2}. Where, Lyungk, and Legmpi, are the

transmission delay and computation delay, respectively.
Queueing delay is considered negligible compared to
transmission and computation delays and thus is omitted in
(7). px, € [0,1] is the offloading ratio, Dy_(bit) is the task
size, Cy, is the number of CPU cycles required per bit, and
fserv 18 the processing frequency of the MEC server.

The achievable data rate for UE k, on channel n is
given by the Shannon formula:

Ry, = Blog, (14 SINR,, ), (8)

where B is the bandwidth of each channel.

The total data rate for UE k, across all channels is:
= Yn=1Rnp, )

3. Delay optimization problem description

Let the sets of power allocation variables and

offloading ratios be denoted as p = {P"'kx}neN KEHxe(1,2)

and p = {p"'kx}nE]V‘,kEJC,xE{l,Z}’ respectively. The delay

optimization problem is formulated as follows:

min max L 10
{p.p} k=1, k (10)
st 0< Z Pase, < PO, Vk, (10a)
n=1

N
Z ey < PV, (10b)

n=1
0p=x1 (10¢)

Constraints (10a) and (10b) ensure that the transmit
power of each UE does not exceed its maximum allowable
power. Constraint (10c) guarantees that the offloading ratio
remains within the valid range.
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4. Proposed two-step algorithm for delay optimization
4.1. Greedy-NOMA pairing

First, this paper proposes a greedy-NOMA pairing
algorithm to determine pairs of UEs that will use the SIC
technique. In CF-mMIMO systems, APs often apply the
MRC technique to leverage local computation capabilities.
However, this can result in substantial interference
between UEs with highly correlated channels.

To address this, the authors define two sets:
o P: the set of paired UEs,
o U: the set of unpaired UEs.

In each iteration i of the algorithm, the two UEs in set
U with the highest channel correlation are paired and
moved to set P.

The greedy pairing algorithm is detailed in Algorithm
1 below.
Algorithm 1: Greedy-NOMA pairing
1: Inmitialize: Unpaired UE set U = {1,2,...,2K},
Paired UEset P = @
: While |U| > 1 do
. Calculate the channel correlation matrix C with
elements:

W N

N LY

U e

4: Find the pair (i*,j*) = arg max C;;
,JEU,i#]

5: Pair UE i* and j*

6: Update U = U\ {i*,j*}, P =P u{@i*j")}

7: end while

8: return the set of UE pairs P

4.2. Delay optimization via SCA and computational
complexity

After determining the NOMA pairs, the authors solve
the optimization problem (10) using the SCA algorithm
[13].

Regarding the computational complexity of this two-
step algorithm, it is easy to see that the complexity of
the Greedy-NOMA algorithm is O(K?), since it requires
calculating a 2K X 2K channel correlation matrix
and finding the largest element in this matrix. For the
SCA algorithm, each SCA iteration needs to solve a
convex problem of size K, which typically costs

0 ((VZCZ'S + c3) log G)), where v =2K(N +1) and

¢ = 4K + 1 are the numbers of variables and constraints,
respectively, with 2K being the number of users, and
€ is the convergence threshold. Substituting these
values, the overall complexity per iteration is
O(K*>(N + 1)%log (1/€)).

The SCA algorithm guarantees convergence to a local
optimum of the original non-convex problem. This is
ensured by the fact that each iteration of the SCA method
either improves or maintains the objective function value,
thus ensuring monotonic convergence.

5. Performance analysis
5.1. Simulation setup and evaluation methodology
5.1.1. Simulation setup

In this section, the authors evaluate the performance of
the proposed solution through Monte Carlo numerical
simulations. The system parameters are configured based
on practical deployments of 5G/6G networks, as detailed
in Table 2. To ensure statistical reliability, each scenario is
simulated from 1,000 to several thousand times with
random user locations and channel realizations.

To assess the effectiveness of the proposed two-step
algorithm (Greedy-NOMA + SCA), the authors compare it
with two baseline schemes:

o Random-NOMA: UEs are randomly paired, after which
SCA is applied to optimize power and transmission rates.

e Conventional CF-mMIMO: Each UE exclusively
uses separate channel resources (NOMA is not applied), and
power and transmission rates are optimized using SCA.

Table 2. Simulation parameter settings

Parameter Value
Simulation area 1km X 1 km
Number of APs (M) 64
Number of UEs (2K) [10, 20, 30, 40, 50]
Number of channels (N) [2,4, 6]
Bandwidth 20 MHz
Noise power —174 dBm/Hz

5.1.2. Evaluation method

To thoroughly analyze system performance, the authors
use the cumulative distribution function (CDF) of delay.
The CDF allows us to evaluate not only the average value
but also the entire probability distribution of delay,
providing a comprehensive view of the system's ability to
meet various delay requirements.

The explicit mathematical expression of the CDF is
defined as follows:

F) =PrL <D =3k 320 1(Ly, <1), (1)

where F; (1) is the cumulative distribution function of
the delay L, [ is the considered delay threshold, Ly is the
delay of user k, (with x € {1,2} for each NOMA pair),
1(-) is the indicator function, which equals 1 if the
condition inside is true and 0 otherwise, 2K is the total
number of users in the system.

From the Monte Carlo simulation, the empirical CDF is
calculated as follows:

B =5 B
Ny

cx2K “i=1

KaX2a (LY <0, (2
where F; (1) is the estimated CDF from the simulation, Nj;¢
is the number of Monte Carlo simulation runs, and
Lg}c is the delay of user k, in the i-th simulation run.

5.2. Convergence analysis of the SCA algorithm

Figure 2 illustrates the convergence speed of the SCA
algorithm  with  different channel configurations
N = {2,4,6}, 20 UEs, and various MEC processing
frequency settings. The results show that the algorithm
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converges rapidly within approximately 4-5 iterations for
all configurations. The number of channels N significantly
affects both the starting point and the final convergence
value, with increasing N from 2 to 6 reducing the initial
delay from 1.8x107%*s to 1.56x107*s at
fserv = 5 GHz. However, the improvement diminishes
according to the “law of diminishing returns”.

2104
. .
fogn=5CHZ N =2

2 T T

It is evident that the Greedy-NOMA method delivers
superior performance compared to the other architectures.
At the 80% user threshold, this solution achieves a delay
of 1.78 x 10™*s, which is lower than both Random-
NOMA (1.82 x 10™*s) and conventional CF-mMIMO
(1.83 x 107*s). Notably, at a delay level of 1.7 X 107 *s,
the proposed method serves 70% of users, far surpassing
Random-NOMA (50%) and conventional CF-mMIMO
(45%). These results demonstrate the effectiveness of
the Greedy-NOMA pairing algorithm in improving system

Toupy™ 10GHZ N =2 | |
- i =5GHz N=4

Sery
_._fSw: 10GHz, N =4
6L —A Ty, =5GHz N=6 |

~ e £ = 10GHZ, N =6

~
Rl S S S Y S S |

1.8

Iterations

Figure 2. Convergence analysis of the SCA algorithm

In addition, the MEC processing frequency has a more
substantial impact: increasing it from 5 GHz to 10 GHz
reduces the converged delay from 1.43 X 10™*s to
0.83 x 10™*s (a 42% improvement) for N = 2. Notably,
at fierv = 10 GHz, the configurations with N = 4 and
N = 6 achieve performance equivalent to N = 2,
indicating that when computational resources are
sufficiently large, increasing the number of channels
does not provide significant benefits. The convergence
curves decrease monotonically, with the most significant
improvement observed in the first three iterations,
demonstrating the effectiveness of the SCA method in

quickly finding a locally optimal solution under various

system conditions.
5.3. System delay evaluation

5.3.1. Delay distribution analysis
Figure 3 compares the delay of the three methods using
CDF with the configuration N =2, 20 UEs, and

fserv = 5 GHz.

1 T T T
CF-mMIMO
—=-—=- Random.NOMA-based CF-mMIMO
osk —— Greedy NOMA-based CF-mMIMO 7
06}
L
=]
&}
04}
02
0 ] | ] |
14 1.5 1.6 1.7 1.8 1.9 2
%10

Latency(s)

Figure 3. Comparison of delay CDF between network
architectures

delay.
5.3.2. Impact of the number of channels

Figure 4 analyzes the impact of the number of channels

N = {2,4,6} on the average delay with 20 UEs and
fserv = 5 GHz for the proposed Greedy-NOMA method.
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Figure 4. Effect of number of channels N = {2,4,6} on
system delay
The results show that the number of channels
significantly affects system performance. Specifically,
increasing N from 2 to 4, reduces the median delay from
1.8x107%*s to 1.62x107*s (a 10% improvement).
Further increasing to N = 6, the median delay continues to
decrease to 1.52 X 10™*s (an additional 6% improvement).
This “diminishing returns” trend suggests the need to
balance performance and spectral resource efficiency.
Notably, at the delay threshold of 1.6 X 10™*s, only
about 30% of users achieve this with N = 2, while this
figure rises to 80% with N = 4 and nearly 100% with
N = 6. At the same time, the spread of the distribution also
narrows as the number of channels increases, indicating
higher fairness among users.

This improvement mechanism stems from UEs being
able to distribute tasks over more channels, leveraging
frequency diversity. These results are significant for
system design: N =4 may represent a good balance
between performance and resource efficiency for low-
latency applications in 5G/6G networks.

5.3.3. Scalability with respect to the number of users
Figure 5 provides a detailed analysis of the system's
scalability as the number of users increases from 10 to 50,
with N = 2 and various MEC processing frequency levels.
At 10 users, the delays are 1.5 X 10™*s, 1.2 x 10™*s and
1.1 X 10™*s corresponding to frequencies of 5 GHz,
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7.5 GHz, and 10 GHz, respectively. As the number of users
increases to 50, the delays rise significantly to
2.45x107%s, 2.1x 107*s and 1.85 x 10~ *s for the
respective frequency levels. Additionally, two significant
trends are clearly observed. First, the delay increases with
the number of users, as shown by the upward slope of
all curves. Second, higher serving frequencies result in
significantly lower delays at every user count, with the
10 GHz frequency curve consistently at the bottom and
the 5 GHz curve always at the top.

These results clearly confirm the benefits of using
higher frequencies to minimize system delay, especially as
network scale increases. At 50 users, increasing the
frequency from 5 GHz to 10 GHz reduces the delay by
approximately 24.5%, which is a significant improvement
for applications requiring low latency.

10

——1, =5CH:
22| | —m—Ty,, =750CHz

24

f,, = 10GHz
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Latency (s)
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1 L L | | | L | ,
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Figure 5. Effect of number of users on system delay with
number of channels N = 2 and fger, = {5,7.5,10}GHz

6. Conclusion

This paper has proposed a solution combining Greedy-
NOMA pairing and SCA to optimize latency in
CF-mMIMO networks integrated with MEC. Simulation
results show that this method reduces latency by up to
13.5% compared to conventional CF-mMIMO and by
8.7% compared to random NOMA pairing. The algorithm
converges quickly after 4-5 iterations and achieves the
lowest latency of 0.83 X 10™*s at an MEC processing
frequency of 10 GHz. When the number of users increases
from 10 to 50, the latency only increases by 60%,
demonstrating good scalability. Future work will focus on
researching more optimal pairing methods or integrating
machine learning for dynamic optimization, developing
adaptive mechanisms for mobile environments, and
expanding the model to simultaneously consider multiple
QoS indicators, further enhancing the effectiveness of the
solution in practical deployments of next-generation
5G/6G wireless networks.
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