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Abstract - Integrating mobile edge computing (MEC) and non-

orthogonal multiple access (NOMA) into cell-free massive MIMO 

(CF-mMIMO) networks is a potential approach for ultra‐reliable and 

low-latency communication (URLLC) 6G. However, in dense 

deployments, underlay device-to-device (D2D) communication 

introduces heterogeneous spatial interference, rendering successive 

interference cancellation (SIC) based on channel gain and degrading 

NOMA performance. This paper examines resource allocation and 

partial computational offloading to maximize the total NOMA-CF-

mMIMO MEC sum rate under latency and power constraints, and 

proposes a flexible offloading framework with SIC criteria based on 

the effective channel-to-interference ratio (ECIR). The NP-hard non-

convex problem is solved using an alternating optimization (AO) 

algorithm combining ECIR-based NOMA-SIC pairing and 

successive convex approximation (SCA). Simulations show that the 

proposed method converges rapidly and consistently achieves a 

superior sum rate over conventional benchmarks, even under dense 

D2D interference. 

 Tóm tắt - Tích hợp điện toán biên di động (MEC) và đa truy 

nhập phi trực giao (NOMA) vào mạng MIMO quy mô lớn phi 

tế bào (CF-mMIMO) là hướng tiềm năng cho truyền thông 

siêu tin cậy độ trễ thấp (URLLC) 6G. Tuy nhiên, trong triển 

khai dày đặc, truyền thông thiết bị–đến–thiết bị (D2D) dạng 

lớp nền gây nhiễu không gian không đồng nhất, làm vô hiệu 

hóa điều kiện triệt nhiễu nối tiếp (SIC) dựa trên độ lợi kênh và 

suy giảm hiệu năng NOMA. Bài báo xét cấp phát tài nguyên 

và giảm tải tính toán một phần nhằm tối đa hóa tổng tốc độ 

dưới ràng buộc độ trễ và công suất, với khung giảm tải linh 

hoạt và tiêu chí SIC dựa trên tỷ số kênh trên nhiễu hiệu dụng 

(ECIR). Bài toán phi lồi NP-khó được giải bằng thuật toán tối 

ưu hóa luân phiên (AO) kết hợp ghép cặp theo ECIR và xấp xỉ 

lồi liên tiếp (SCA). Mô phỏng cho thấy phương pháp đề xuất 

hội tụ nhanh và đạt tổng tốc độ vượt trội so với các phương 

pháp tham chiếu, kể cả khi nhiễu D2D dày đặc. 

Key words - Cell-free massive MIMO; mobile edge computing; 

non-orthogonal multiple access; D2D interference; partial 

offloading; successive convex approximation. 
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đa truy nhập phi trực giao; nhiễu D2D; giảm tải một phần; xấp xỉ 

lồi liên tiếp. 

1. Introduction 

The proliferation of computation-intensive and delay-

sensitive applications - such as augmented reality (AR), 

autonomous vehicles, and the Industrial Internet of Things 

(IIoT) - is imposing unprecedented challenges on sixth-

generation (6G) wireless networks. In addition to the 

requirements for massive connectivity and ultra-high 

spectral efficiency, these applications also demand 

extremely stringent end-to-end latency. In this context, 

mobile edge computing (MEC) has emerged as an 

important architectural advancement: by bringing cloud-

like computing resources to the network edge, MEC 

enables computation offloading for user equipment (UEs), 

thereby significantly reducing transmission latency as well 

as UE energy consumption [1], [2], [3]. 

In parallel with MEC, the cell-free massive multiple-

input multiple-output (CF-mMIMO) architecture is 

regarded as a breakthrough at the physical layer, enabling 

the inherent cell-boundary limitations of conventional 

cellular architectures to be overcome. In CF-mMIMO, a 

large number of geographically distributed access points 

(APs) cooperate with one another through high-capacity 

fronthaul links to jointly serve multiple UEs over the same 

time–frequency resource block. 

By exploiting favorable propagation conditions and 

macro-diversity, CF-mMIMO can effectively suppress 

inter-cell interference and provide uniform quality of 

service (QoS) to all UEs [4]. This characteristic makes CF-

mMIMO a particularly suitable access architecture for 

MEC deployment [5], [6]. 

1.1. Background and motivation 

To expand massive connectivity capability and enhance 

spectral efficiency in the CF-mMIMO architecture, non-

orthogonal multiple access (NOMA) has attracted 

considerable research attention [7], [8]. By combining 

superposition coding at the transmitter with successive 

interference cancellation (SIC) at the receiver, NOMA 

allows multiple UEs to share the same radio resource 

block. In addition, in practical 6G networks, device-to-

device (D2D) communications are often deployed as an 

underlay spectrum-sharing layer to exploit spectrum 

resources more efficiently and enhance connectivity 

capability [9], [10]. 

The underlay deployment of D2D communications 

creates local and spatially heterogeneous interference at 

the APs of the CF-mMIMO network. In single-carrier 

NOMA-CF-mMIMO systems - where all NOMA clusters 
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share the same frequency band - the conventional SIC 

ordering strategy, which relies solely on large-scale 

fading or unconditional channel gain [11], is no longer 

suitable in a spatially varying D2D interference 

environment. A UE with a very favorable channel to the 

cooperating APs may still experience strong local D2D 

interference, leading to SIC decoding errors and severe 

error propagation [12]. Furthermore, when the uplink 

becomes congested due to D2D interference, forcing UEs 

to offload their entire computational tasks to the MEC 

server inevitably leads to violations of latency constraints 

[13], [14]. Therefore, simultaneously managing D2D 

interference and satisfying stringent MEC latency 

constraints in NOMA-CF-mMIMO systems remains an 

open and critical problem. 

1.2. Related work and research gap 

The integration of MEC and CF-mMIMO has recently 

been actively investigated. Mukherjee and Lee [5] 

proposed an edge-computing-enabled CF-mMIMO 

framework and analyzed the probability of successful edge 

computation using stochastic geometry tools. Interdonato 

and Buzzi [6] examined the joint allocation of uplink 

transmit power and remote computing resources through 

multi-objective optimization to balance energy 

consumption and spectral efficiency. The latency–energy 

trade-off in MEC-enabled NOMA-CF-mMIMO systems 

was investigated in more detail in our previous work [14], 

and a Greedy-NOMA pairing strategy for multicarrier 

NOMA-CF-mMIMO was proposed in [15]. Along the 

direction of NOMA integration, Bashar et al. [7] studied an 

adaptive NOMA/OMA mode-switching mechanism in CF-

mMIMO, while Dang et al. [16] proposed a user-pairing 

strategy based on inner approximation for NOMA-CF-

mMIMO systems. However, most of these studies assume 

an interference-free environment from secondary networks 

and mainly target latency minimization or power 

minimization rather than sum-rate maximization. 

In another research direction, resource allocation in 

D2D spectrum-sharing NOMA cellular networks was 

investigated in [17], and pilot reuse strategies for D2D-

underlaid massive MIMO were proposed in [12]. However, 

these studies are limited to co-located antenna structures 

and therefore do not reflect the distributed signal reception 

nature of CF-mMIMO, nor do they consider the stringent 

latency constraints imposed by MEC. To the best of the 

authors’ knowledge, the problem of combining partial 

computation offloading with D2D-interfered NOMA-CF-

mMIMO - especially the design of an SIC criterion that 

explicitly accounts for spatial D2D interference - remains 

a significant research gap. 

1.3. Contributions of this paper 

This paper proposes a joint optimization framework for 

radio resource allocation and partial computation 

offloading in a single-carrier NOMA-CF-mMIMO 

network in the presence of underlay D2D links. The main 

contributions are summarized as follows: 

● Novel problem formulation: We formulate a sum-

rate maximization problem that can adapt to D2D 

interference by adjusting the offloading ratio: when D2D 

interference degrades the uplink capacity, the system 

proactively increases the local computation ratio to avoid 

uplink congestion and satisfy stringent latency constraints. 

● ECIR-based SIC ordering: We introduce the 

effective channel-to-interference ratio (ECIR), which is 

specifically designed for single-carrier CF-mMIMO. This 

parameter jointly incorporates the cooperative beamforming 

gain after maximum-ratio combining (MRC) and the spatial 

distribution characteristics of heterogeneous D2D 

interference, thereby providing a robust SIC ordering 

criterion that faithfully reflects the actual reception 

conditions at the CPU. This is a fundamental distinction 

from conventional methods that rely solely on channel gain. 

● Efficient AO-SCA algorithm: To solve the highly 

complex and non-convex mixed-integer nonlinear 

programming (MINLP) problem, we propose an alternating 

optimization (AO) algorithm combined with successive 

convex approximation (SCA) [9], which enables the original 

problem to be decomposed into tractable subproblems and 

guarantees monotonic convergence. 

● Complexity analysis and numerical validation: 

We provide a step-by-step computational complexity 

analysis of the algorithm. Monte Carlo simulation results 

show that the proposed ECIR-NOMA technique achieves 

a stable sum-rate improvement of approximately 1.0–1.8% 

compared with the Random-NOMA and No-NOMA 

benchmark systems, while converging to 99% of the 

steady-state sum-rate value within only 10–15 iterations. 

1.4. Paper organization and notation 

The remainder of this paper is organized as follows. 

Section 2 presents the system model. Section 3 formulates 

the optimization problem. Section 4 details the proposed 

AO-SCA algorithm. Section 5 discusses the simulation 

results, and Section 6 concludes the paper. 

Notation: Bold lowercase and uppercase letters denote 

vectors and matrices, respectively; (∙)𝑇 and (∙)𝐻 denote the 

transpose and conjugate transpose, respectively; ∣∣⋅∣∣ 
represents the Euclidean norm; 𝒞𝒩(0, 𝜎2) denotes a 

circularly symmetric complex Gaussian distribution with 

zero mean and variance 𝜎2; ∣⋅∣ denotes the absolute value 

of a complex scalar; 𝔼[⋅] is the expectation operator; 

𝟏{⋅} is the indicator function. 

2. System model 

2.1. Network architecture and channel model 

We consider the uplink of a single-carrier CF-mMIMO 

MEC system consisting of 𝑀 distributed single-antenna 

APs and 𝐾 single-antenna UEs, with 𝑀 ≫ 𝐾 as illustrated 

in Figure 1. We assume that the APs are connected to the 

CPU through ultra-wideband optical fiber links; hence, the 

fronthaul latency is negligible compared with the wireless 

transmission latency and computational processing 

latency. An underlay layer consisting of 𝐷 D2D 

transmitter–receiver pairs shares the same uplink 

bandwidth 𝐵, creating spatially dependent interference at 

the APs. Let 𝒦 ≜ {1,… , 𝐾} and 𝒟 ≜ {1,… , 𝐷} denote the 

sets of UEs and D2D transmitters, respectively. 
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Figure 1. Architecture of the uplink single-carrier  

NOMA-CF-mMIMO network integrated with MEC under  

D2D underlay interference 

The channel coefficient between UE 𝑘 and AP 𝑚 is 

modeled as ℎ𝑚𝑘 = √𝛽𝑚𝑘ℎ̃𝑚𝑘, where 𝛽𝑚𝑘 represents large-

scale fading, including path loss and shadowing, and 

ℎ̃𝑚𝑘 ∼ 𝒞𝒩(0,1) denotes small-scale Rayleigh fading. 

Similarly, the interference channel from the 𝑑-th D2D 

transmitter to AP 𝑚 is given by 𝑔𝑚𝑑 = √𝛼𝑚𝑑𝑔̃𝑚𝑑, with 

𝑔̃𝑚𝑑 ∼ 𝒞𝒩(0,1). 

2.2. Uplink transmission and MRC combining 

In the uplink, all 𝐾 UEs and 𝐷 D2D pairs transmit 

simultaneously over the same frequency band. The 

aggregate baseband signal received at AP 𝑚 is given by 

𝑦𝑚 =∑ √𝑃𝑘
𝐾

𝑘=1
ℎ𝑚𝑘𝑠𝑘 +∑ √𝑃𝑑

𝐷

𝑑=1
𝑔𝑚𝑑𝑥𝑑 + 𝑛𝑚, (1) 

where, 𝑃𝑘 ∈ [0, 𝑃max] and 𝑃𝑑 denote the transmit powers, 

in watts, of UE 𝑘 and D2D transmitter 𝑑, respectively; 𝑠𝑘 

and 𝑥𝑑 are normalized data symbols satisfying 𝔼[∣ 𝑠𝑘 ∣
2] =

1 and 𝔼[∣ 𝑥𝑑 ∣
2] = 1; and 𝑛𝑚 ∼ 𝒞𝒩(0, 𝜎

2) is the additive 

white Gaussian noise (AWGN) at AP 𝑚. 

In this study, the transmit powers of the D2D 

transmitters are assumed to be fixed at given reference 

levels, corresponding to underlay D2D traffic that is 

scheduled and allocated spectrum independently of the 

cellular system, and thus they are not included in the set of 

optimization variables. Under this assumption, D2D 

interference appears to the CF-mMIMO system as an 

uncontrollable spatially structured background 

interference, while the transmission rates of the D2D links 

are preserved by the separate power allocation policy of the 

D2D layer. 

The APs forward the received signal samples {𝑦𝑚}𝑚=1
𝑀  

to the CPU, where maximum-ratio combining (MRC) is  

then applied to separate the signal of each UE. Let  
𝐡𝑘 = [ℎ1𝑘 , … , ℎ𝑀𝑘]

𝑇 ∈ ℂ𝑀 denote the aggregate channel 

vector of UE 𝑘 and let 𝐠𝑑 = [𝑔1𝑑 , … , 𝑔𝑀𝑑]
𝑇 ∈ ℂ𝑀 denote 

the aggregate D2D channel vector. The MRC combining 

vector is 𝐯𝑘 = 𝐡𝑘. The effective channel gain after 

combining from UE 𝑗 to the combiner of UE 𝑘 is defined as: 

𝐻𝑘,𝑗 ≜∣ 𝐯𝑘
𝐻𝐡𝑘 ∣

2 𝟏{𝑗 = 𝑘}+∣ 𝐯𝑘
𝐻𝐡𝑗 ∣

2 𝟏{𝑗 ≠ 𝑘}, (2) 

and the effective D2D interference gain is defined as 

𝐺𝑘,𝑑 ≜∣ 𝐯𝑘
𝐻𝐠𝑑 ∣

2.    (3) 

2.3. NOMA pairing and ECIR-based SIC model 

To mitigate multi-user interference, the UEs are 

grouped into NOMA clusters of size two. Let 𝑋𝑖,𝑗 ∈ {0,1} 

denote the binary pairing indicator variable: 𝑋𝑖,𝑗 = 1 if UE 

𝑖 and 𝑗 form a cluster, and 𝑋𝑖,𝑗 = 0 otherwise. Let 𝜋(𝑘) ∈

{1,2} denote the SIC decoding order of UE 𝑘 in its cluster, 

where 𝜋(𝑘) = 1 indicates that UE 𝑘 is decoded first, while 

the signal from its cluster partner is still treated as 

interference, and 𝜋(𝑘) = 2 indicates that it is decoded 

second, after the signal of its partner has been removed. 

In the presence of local D2D interference, conventional 

SIC ordering based on channel gain is no longer reliable. 

Therefore, we define the effective channel-to-interference 

ratio (ECIR) for UE 𝑘 at the CPU as 

𝜂𝑘 ≜
𝐻𝑘,𝑘

∑ 𝑃𝑑
𝐷
𝑑=1 𝐺𝑘,𝑑+𝜎

2∣∣𝐯𝑘∣∣
2
.   (4) 

During SIC decoding at the CPU, UE 𝑘 is affected by 

two types of interference: intra-cluster interference and 

inter-cluster interference. The signal-to-interference-plus-

noise ratio (SINR) of UE 𝑘 is given by 

𝛾𝑘(𝐏, 𝐗, 𝜋) =
𝑃𝑘𝐻𝑘,𝑘

∑ 𝑃𝑗
𝑗∈ℐ𝑘

𝐻𝑘,𝑗+∑ 𝑃𝑑
𝐷
𝑑=1 𝐺𝑘,𝑑+𝜎

2∣∣𝐯𝑘∣∣
2

⏟                
≜Θ𝑘

, (5) 

where Θ𝑘 denotes the aggregate D2D interference and the 

amplified noise component at the combiner, and ℐ𝑘 is the 

set of UEs causing intra-cluster interference to UE 𝑘. This 

set is determined by the pairing matrix X and the decoding-

order vector π: a UE 𝑗 belongs to the interference set of UE 

𝑘 if and only if UE 𝑗 is in the same cluster as UE 𝑘 and is 

decoded after UE 𝑘, meaning that the signal of UE j has 

not yet been removed at the time UE k is decoded. 

Therefore, the dependence of 𝛾𝑘 on 𝐗 and 𝜋 in (5) is 

reflected through the selection of this intra-cluster 

interference set. 

The achievable uplink data rate of UE k is given by 

𝑅𝑘(𝐏, 𝐗, 𝜋) = 𝐵log2(1 + 𝛾𝑘(𝐏, 𝐗, 𝜋)).  (6) 

2.4. Partial computation offloading model 

Each UE k intends to execute a computational task 

parameterized by the tuple 𝑈𝑘 ≜ (𝐿𝑘 , 𝐶𝑘, 𝑇𝑘
max), where 𝐿𝑘 

is the input data size, in bits, 𝐶𝑘 denotes the number of CPU 

cycles required per input bit, and 𝑇𝑘
max is the stringent 

latency deadline. We adopt a partial offloading architecture 

in which a variable fraction 𝛽𝑘 ∈ [0,1] of the task is 

processed locally, while the remaining fraction (1−𝛽𝑘) is 

offloaded through the CF-mMIMO uplink to the MEC 

server co-located with the CPU. 

The local computation latency depends on the local 

CPU frequency 𝑓𝑘
loc and is given by 

𝑇𝑘
loc =

𝛽𝑘𝐿𝑘𝐶𝑘

𝑓𝑘
loc .     (7)  

The edge computation latency includes both the 

transmission latency and the execution latency at the MEC 

server. Under a fixed allocation policy that ensures 
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fairness, we allocate the total MEC CPU capacity 𝐹CPU 

equally among all 𝐾 UEs, that is, the MEC CPU frequency 

assigned to UE 𝑘 is 𝑓𝑘
MEC ≜ 𝐹CPU/𝐾. The edge-side 

latency is then calculated as 

𝑇𝑘
off =

(1−𝛽𝑘)𝐿𝑘

𝑅𝑘
+

(1−𝛽𝑘)𝐿𝑘𝐶𝑘
𝐹CPU
𝐾

.   (8) 

To ensure that the task is completed before its deadline, 

and assuming that local and edge computations are 

performed in parallel, with the dominant component 

determining the latency, the overall latency constraint is 

given by 

max{𝑇𝑘
loc, 𝑇𝑘

off} ≤ 𝑇𝑘
max   (9) 

3. Problem formulation 

The objective of the problem is to maximize the system 

sum rate by jointly optimizing the NOMA pairing  

matrix 𝐗 = [𝑋𝑖,𝑗], the SIC decoding-order vector 

𝜋 = [𝜋(1), … , 𝜋(𝐾)]𝑇, the local computation ratio vector 

𝛽 = [𝛽1, … , 𝛽𝐾]
𝑇, and the transmit power vector 

𝐏 = [𝑃1, … , 𝑃𝐾]
𝑇. Substituting (7)–(9) into the system 

sum-rate expression, we obtain 

(P1):      max
𝐗,𝜋,𝛽,𝐏

  ∑𝑅𝑘

𝐾

𝑘=1

(𝐏, 𝐗, 𝜋) 
 

(10a) 

 s. t.     
𝛽𝑘𝐿𝑘𝐶𝑘

𝑓𝑘
loc ≤ 𝑇𝑘

max,  ∀𝑘 ∈ 𝒦, (10b) 

           
(1−𝛽𝑘)𝐿𝑘

𝑅𝑘
+
(1−𝛽𝑘)𝐿𝑘𝐶𝑘

𝑓𝑘
MEC ≤ 𝑇𝑘

max,  ∀𝑘 ∈ 𝒦, (10c) 

           0 ≤ 𝑃𝑘 ≤ 𝑃max,  ∀𝑘 ∈ 𝒦, 

           0 ≼ 𝛽 ≼ 1, 

           𝑋𝑖,𝑗 ∈ {0,1},  𝜋(𝑘) ∈ {1,2},  ∀𝑖, 𝑗, 𝑘. 

(10d) 

(10e) 

(10f) 

Problem (P1) is a mixed-integer nonlinear programming 

(MINLP) problem. Finding its globally optimal solution is 

NP-hard due to the binary and permutation variables in 

(10f), the tight coupling between 𝛽𝑘 and 𝑅𝑘 in the fractional 

constraint (10c), and the non-convex multi-user interference 

components embedded in 𝑅𝑘 through 𝛾𝑘. 

Task feasibility condition: For problem (P1) to have a 

feasible solution, the task parameters must satisfy the 

condition 𝑇𝑘
max(𝑓𝑘

loc + 𝑓𝑘
MEC) ≥ 𝐿𝑘𝐶𝑘 for all 𝑘 ∈ 𝐾, i.e., 

the aggregate cooperative computing capability, consisting 

of the local CPU and the edge CPU allocated to the UE, 

must be sufficient to complete the task within the deadline. 

When this condition is violated, there exists no 𝛽𝑘 ∈ [0,1] 
and 𝑅𝑘 > 0 that can simultaneously satisfy both (10b) and 

(10c). Throughout the following analysis, we assume that 

the task feasibility condition is guaranteed for all UEs. 

4. Proposed alternating optimization algorithm 

To handle the intractability of problem (P1), we 

decompose the original problem into three tractable 

subproblems and solve them iteratively within an 

alternating optimization (AO) framework. 

4.1. Subproblem 1: ECIR-based NOMA pairing and SIC 

ordering 

For SIC to operate effectively, UEs with clearly distinct 

effective channel conditions should be paired together. Using 

the proposed ECIR parameter 𝜂𝑘 in (4), we sort all 𝐾 UEs in 

descending order such that 𝜂𝜎(1) ≥ 𝜂𝜎(2) ≥ ⋯ ≥ 𝜂𝜎(𝐾), 

where 𝜎(⋅) denotes the sorted index mapping. 

A strong–weak greedy pairing algorithm is applied: the 

UE with the highest ECIR is paired with the UE with the 

lowest ECIR. Within each pair (𝑖, 𝑗) with 𝜂𝑖 > 𝜂𝑗, to 

ensure successful SIC and mitigate error propagation, UE 

𝑖, i.e., the UE with the stronger ECIR, is decoded first while 

the signal of UE 𝑗 remains present, namely  

𝜋(𝑖) = 1, whereas UE 𝑗 is decoded last after the 

interference from UE 𝑖 has been removed, namely 

𝜋(𝑗) = 2. This step determines 𝐗 and 𝜋, and consequently 

identifies the interfering-user set ℐ𝑘. 

4.2. Subproblem 2: Local computation allocation 

Given the transmit power vector 𝐏 and a fixed pairing 

structure, the rate 𝑅𝑘 is determined. To reduce the 

transmission burden on the CF-mMIMO uplink congested 

by D2D interference, the system should maximize the local 

computation ratio 𝛽𝑘. From constraint (10b), the upper 

bound of 𝛽𝑘 imposed by the local-processing latency limit 

is 𝑇𝑘
max𝑓𝑘

loc/(𝐿𝑘𝐶𝑘). Therefore, we choose 

𝛽𝑘
⋆ = min (1,

𝑇𝑘
max𝑓𝑘

loc

𝐿𝑘𝐶𝑘
).    (11) 

Optimality remark: The choice in (11) is not merely 

heuristic but is in fact optimal for problem (P1). Specifically, 

βk does not appear in the objective function (10a) and only 

participates in the latency constraints (10b)–(10c); 

meanwhile, Rk
req(βk) in (12) is monotonically decreasing 

with respect to βk. Therefore, maximizing βk is equivalent to 

minimizing the lower bound Rk
req, thereby maximally 

expanding the feasible region of the power allocation 

problem and ensuring that the achieved sum rate is no 

smaller than that of any alternative scheme with a lower βk. 

Given 𝛽𝑘
⋆, constraint (10c) imposes the following 

minimum uplink data-rate requirement: 

𝑅𝑘
req
= {

0, if 𝛽𝑘
⋆ = 1,

(1−𝛽𝑘
⋆)𝐿𝑘

𝑇𝑘
max−

(1−𝛽𝑘
⋆)𝐿𝑘𝐶𝑘
𝐹CPU
𝐾

, otherwise,  (12) 

This serves as a lower-bound QoS requirement for the 

subsequent power control step. When 𝛽𝑘
⋆ = 1, the UE 

processes its entire task locally, and the uplink 

transmission rate is not constrained by latency, being 

limited only by 𝑃max. 

4.3. Subproblem 3: SCA-based transmit power control 

Given 𝐗, 𝜋, 𝛽⋆, and 𝑅𝑘
req

 from the previous 

subproblems, problem (P1) reduces to the following 

transmit power control problem: 

max
𝐏
    ∑ 𝑅𝑘

𝐾

𝑘=1
(𝐏)                                                            

 s.t.     𝑅𝑘(𝐏) ≥ 𝑅𝑘
req
, ∀𝑘 ∈ 𝒦,                                (13)

    0 ≤ 𝑃𝑘 ≤ 𝑃max, ∀𝑘 ∈ 𝒦.                              (14)

 

The objective function is non-convex due to the 

interference components embedded in 𝛾𝑘. We exploit the 

fact that 𝑅𝑘(𝐏) can be decomposed as the difference of two 

concave (DC) functions: 
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𝑅𝑘(𝐏) = 𝐴𝑘(𝐏) − 𝐵𝑘(𝐏),   (15) 

where 

𝐴𝑘(𝐏) = 𝐵log2(∑ 𝑃𝑗𝑗∈{𝑘}∪ℐ𝑘
𝐻𝑘,𝑗 + Θ𝑘), (16) 

𝐵𝑘(𝐏) = 𝐵log2(∑ 𝑃𝑗𝑗∈ℐ𝑘
𝐻𝑘,𝑗 + Θ𝑘).  (17) 

Both 𝐴𝑘 and 𝐵𝑘 are concave functions with respect to 𝐏. 

To linearize the subtracted component 𝐵𝑘, we apply the first-

order Taylor expansion at the feasible point 𝐏(𝑡) in the 𝑡-th 

iteration, yielding the following global linear upper bound: 

𝐵𝑘(𝐏) ≤ 𝐵̃𝑘(𝐏) ≜ 𝐵𝑘(𝐏
(𝑡)) +∑ ∇𝑗𝑗∈ℐ𝑘

𝐵𝑘(𝐏
(𝑡))(𝑃𝑗 − 𝑃𝑗

(𝑡)
)  

(18) 

where the partial derivative is given by 

∇𝑗𝐵𝑘(𝐏
(𝑡)) =

𝐵

ln 2
⋅

𝐻𝑘,𝑗

∑ 𝑃𝑖
(𝑡)

𝑖∈ℐ𝑘

𝐻𝑘,𝑖+Θ𝑘
.  (19) 

Replacing 𝐵𝑘 with the linear surrogate function 𝐵̃𝑘 

creates a global lower bound for the transmission rate, 

given by 𝑅̃𝑘(𝐏) ≜ 𝐴𝑘(𝐏) − 𝐵̃𝑘(𝐏). Then, in the 𝑡-th 

iteration, problem (13)–(14) is approximated by the 

following convex problem: 

(P
SCA

(𝑡)
):    max

     𝐏
                 

  ∑ 𝑅̃𝑘
𝐾

𝑘=1
(𝐏)                                                            

 s.t.     𝑅̃𝑘(𝐏) ≥ 𝑅𝑘
req
, 0 ≤ 𝑃𝑘 ≤ 𝑃max, ∀𝑘,                  (20)

 

This convex problem can be efficiently solved using 

standard interior-point solvers, such as the CVX toolbox. 

4.4. Complexity analysis 

In each AO iteration, the ECIR sorting step has a 

complexity of 𝒪(𝐾log 𝐾), the greedy pairing step has a 

complexity of 𝒪(𝐾) and the local computation allocation 

step has a complexity of 𝒪(𝐾). The convex subproblem in 

each SCA iteration has K optimization variables, 

corresponding to the power vector P and 3K constraints, 

consisting of K minimum-rate constraints and 2K power-

bound constraints. Solving this problem using a standard 

primal–dual interior-point method, such as the SDPT3 

solver integrated in CVX, has a complexity of 

𝒪(𝐾3.5log(1/𝜖)). 

Therefore, the overall complexity of the algorithm is 

𝒪(𝐼conv ⋅ 𝐾
3.5log(1/𝜖)), where 𝐼conv is the number of AO 

iterations required for convergence. The above bound 

corresponds to the cost of solving one convex problem; 

since each AO step includes an SCA loop, with each SCA 

iteration solving exactly one convex problem, the total 

computational cost of the algorithm is given by the product 

of the number of AO iterations, the average number of 

SCA iterations within each AO step, and the complexity of 

solving one convex problem as stated above. 

5. Simulation results 

5.1. Simulation setup 

The performance of the proposed ECIR-NOMA 

technique is evaluated through Monte Carlo simulations. 

The UEs and D2D transmitters are uniformly distributed 

within a coverage area of 1 km × 1 km with a minimum 

AP–UE distance of 𝑟min = 10 m. Large-scale fading is 

modeled according to the 3GPP path-loss standard. The 

main simulation parameters are summarized in Table 1. 

Each data point in the result figures is averaged over 1,000 

independent channel realizations; this number of samples 

is sufficiently large to reduce the 95% confidence interval 

of the average sum rate to below the performance gap 

among the compared techniques, thereby ensuring the 

statistical reliability of the results. 

For comparison, we consider two benchmark systems: 

● No-NOMA: The UEs are served individually, 

without clustering; hence, no intra-cluster interference 

exists. 

● Random-NOMA: The UEs are paired into clusters 

according to a uniform random distribution. 

Table 1. Simulation parameter settings 

Parameter Value 

Coverage area 1000 × 1000 𝑚2 

Number of APs (𝑀) 32 

Number of UEs (𝐾) 10 (default) 

Number of D2D pairs (𝐷) 4 (default) 

System bandwidth (𝐵) 20 MHz 

Noise power spectral density (𝑁0) −174 dBm/Hz 

Path-loss model 35.3 + 37.6log10(𝑑) dB 

MEC CPU frequency (𝐹CPU) 7.5 GHz 

Local CPU frequency (𝑓𝑘
loc) 2.0 GHz 

CPU cycles per bit (𝐶𝑘) 1000 cycles/bit 

Task size (𝐿𝑘) 0.1 – 0.5 Mbit 

Maximum task latency (𝑇𝑘
max) 200 ms 

5.2. Performance evaluation 

Sum rate versus D2D density: Figure 2 shows the 

system sum rate versus the number of D2D pairs, with the 

default configuration 𝑀 = 32, 𝐾 = 10. As 𝐷 increases 

from 0 to 10, the sum rates of all techniques gradually 

decrease due to the increasing spatially heterogeneous 

D2D interference. The proposed ECIR-NOMA technique 

consistently outperforms both benchmark techniques over 

the entire range of 𝐷, achieving a sum-rate improvement of 

approximately 1.06%–1.16% over No-NOMA and 0.73%–

0.78% over Random-NOMA. This relative performance 

gap slightly widens as 𝐷 increases, confirming that ECIR-

based SIC ordering, by explicitly accounting for the spatial 

distribution characteristics of D2D interference, can 

preserve the benefits of NOMA in interference-rich 

environments where conventional pairing methods are 

prone to failure. 

The widening performance gap can be explained as 

follows: as the number of D2D pairs increases, the 

interference at the APs becomes stronger and more spatially 

uneven, causing SIC ordering criteria based solely on 

channel gain to increasingly select incorrect decoding 

orders. For example, a UE with a large channel gain may still 

suffer from severe D2D interference and thus may not be 

suitable for early decoding. In contrast, ECIR directly uses 

the actual signal-to-interference-plus-noise condition at the 

combiner, thereby maintaining a near-optimal ordering even 

under severe interference. This is why its relative gain 

increases precisely in the high-interference regime. 
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Figure 2. System sum rate versus the number of D2D pairs 

Sum rate versus the number of UEs: Figure 3 shows 

the system sum rate versus the number of UEs, 

𝐾 ∈ {6, 8, … , 20}, with the number of D2D pairs fixed at 

𝐷 = 4. As 𝐾 increases, the sum rate naturally increases due 

to the multi-user aggregation effect, although the SINR of 

each UE decreases as intra-system interference becomes 

denser. ECIR-NOMA maintains its advantage over the 

entire range of 𝐾, achieving a 1.00%–1.76% improvement 

over No-NOMA. Notably, the performance gap widens at 

moderate values of 𝐾, namely 𝐾 = 10–20, where NOMA 

provides its most pronounced benefit: the number of UEs 

is sufficiently large for pairing to be meaningful, while 

cluster congestion has not yet become dominant. 

In the large-UE regime, the gap narrows for two 

reasons: (i) intra-cluster interference and inter-user 

interference increase rapidly, saturating the separation gain 

of NOMA across all techniques; and (ii) the shared MEC 

computing resource, where (𝑓𝑘
MEC ≜ 𝐹CPU/𝐾 decreases 

with K) together with the latency budget, becomes a 

bottleneck, limiting the additional rate gain that optimized 

pairing can exploit. 

 

Figure 3. Effect of the number of UEs on the system sum rate 

Algorithm convergence: Figure 4 shows the sum rate 

versus the number of iterations for a typical channel 

realization with 𝑀 = 32, 𝐾 = 10, 𝐷 = 4. The proposed 

ECIR-NOMA algorithm converges rapidly and stably: it 

reaches approximately 95% of the steady-state sum-rate 

value after only the first 5 iterations and exceeds 99% by 

the 10th iteration, which is consistent with the theoretically 

guaranteed monotonic improvement property of SCA. The 

two benchmark systems, Random-NOMA and No-NOMA, 

also converge at a similar speed but settle at significantly 

lower sum-rate values, thereby reinforcing the validity of 

the ECIR-based pairing criterion. The fast convergence 

speed, requiring only 10–15 iterations, makes the proposed 

algorithm particularly suitable for MEC deployment 

scenarios with real-time constraints. 

The observed monotonic improvement stems from the 

structure of the algorithm: each subproblem in the AO 

loop, including pairing, computation allocation, and power 

control, either improves or maintains the objective value, 

while the concave surrogate function used in SCA is 

always a lower bound of the true rate and is tightened after 

each iteration. Therefore, the sum rate does not decrease 

across iterations and converges to a stationary point. 

 

Figure 4. Convergence behavior of the proposed AO-SCA 

algorithm, with M = 32, K = 10, and D = 4 D2D pairs 

6. Conclusion 

This paper studied the problem of joint resource 

allocation and partial computation offloading in a single-

carrier NOMA-CF-mMIMO MEC network under D2D 

spectrum-sharing interference. We showed that the 

performance of conventional channel-gain-based NOMA 

pairing degrades significantly in the presence of spatially 

dependent interference, and therefore proposed ECIR as a 

robust SIC ordering criterion that explicitly accounts for 

the D2D interference component at the output of the MRC 

combiner. A uniform MEC resource allocation policy 

among UEs was adopted to simplify the optimization 

process while preserving problem feasibility. 

To solve the resulting non-convex MINLP problem, we 

developed a lightweight AO-SCA algorithm with a per-

iteration complexity of 𝒪(𝐾3.5log(1/𝜖)). Numerical 

simulation results confirmed that the proposed ECIR-

NOMA technique reaches 99% of the steady-state sum-rate 

value within only 10–15 iterations and consistently 

outperforms the two benchmark systems, namely No-

NOMA and Random-NOMA, while maintaining its 

advantage even under high-density D2D interference. 

Future work will extend this solution framework to 

multicarrier system configurations and environments with 

imperfect channel state information, where the tight 

coupling between the radio layer and the MEC layer 

becomes particularly important. 
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