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Abstract - This paper addresses the challenge of minimizing 

latency in massive multiple-input multiple-output (mMIMO) 

networks integrated with mobile edge computing (MEC) and 

non-orthogonal multiple access (NOMA). To reduce the latency 

for MEC-enabled mMIMO, we propose a novel NOMA-based 

pairing strategy, named linear bottleneck assignment problem 

(LBAP), that leverages channel correlation to facilitate the 

successive interference cancellation (SIC) technique. A two-step 

optimization framework is proposed: (i) a user pairing algorithm 

based on LBAP is executed, and then (ii) a resource allocation 

method utilizing the successive convex approximation (SCA) 

technique is applied to solve the resulting non-convex problem. 

Simulation results demonstrate that the proposed framework 

significantly outperforms not only the traditional mMIMO system 

but also the greedy NOMA pairing in terms of computational 

latency for MEC, making it a practical candidate for next-

generation low-latency wireless systems. 

Key words - Massive MIMO; MEC; NOMA pairing; latency 

optimization; successive convex approximation. 

1. Introduction 

The evolution toward fifth-generation (5G) and 

upcoming sixth-generation (6G) wireless systems has 

intensified the demand for ultra-low latency, high 

throughput, and massive device connectivity [1], [2]. 

Emerging applications such as autonomous driving, 

augmented reality, and remote surgery impose strict latency 

constraints, often in the order of a few milliseconds. 

To meet these stringent requirements, massive MIMO 

(mMIMO) has been considered as a 5G architecture that 

overcomes limitations of conventional cellular 

deployments [3]. Furthermore, mobile edge computing 

(MEC) enables low-latency processing by relocating 

computation tasks closer to user equipment (UE) [4]. The 

integration of MEC with mMIMO allows UEs to offload 

computationally intensive tasks to edge nodes, effectively 

reducing response time and energy consumption in a wide 

range of application [5]–[8]. 

Further performance gains can be realized by 

incorporating non-orthogonal multiple access (NOMA) 

into mMIMO systems [9]. NOMA enables multiple users 

to share the same time-frequency resources via power-

domain multiplexing, significantly improving spectral 

efficiency. However, system performance is heavily 

influenced by the user pairing strategy, particularly in 

large-scale deployments [10], [11]. 

Despite the individual benefits of mMIMO, MEC, and 

NOMA, their joint optimization - especially for worst-case 

latency minimization - remains underexplored. Existing 

works have primarily focused on energy-latency trade-offs 

or resource allocation without addressing maximum 

latency concerns [12], [13]. 

In this context, we propose a joint solution for worst-

case latency minimization in MEC-enabled mMIMO 

networks employing linear bottleneck assignment problem 

(LBAP) for NOMA user pairing. Our contributions are 

summarized as follows: 

- A LBAP NOMA pairing algorithm based on channel 

correlation is introduced to replace traditional random 

pairing, enhancing SIC effectiveness. 

- A latency-aware optimization model is formulated, 

capturing both transmission and computation delays under 

power and offloading constraints. 

- A two-step solution is proposed, combining NOMA 

pairing with a low-complexity SCA-based algorithm to 

solve the non-convex latency minimization problem. 

- Simulation results validate the proposed method’s 

efficiency in reducing system latency and achieving rapid 

convergence compared to conventional approaches. 

2. Preliminaries 

2.1. MEC-Enabled massive MIMO 

We consider an uplink MEC-based mMIMO system, 

where the single-antenna EUEs are enabled to offload 

their computation tasks to the MEC server located at the 

BS. The BS equipped with M antennas is responsible for 

handling all the messages and executing the task 

offloading sent from EUEs. In this work, we propose to 

adopt a NOMA technique where multiple UEs share the 

same time-frequency resources through power-domain 

multiplexing. Thus, this model allows us to enhance 

spectral efficiency, as well as reducing interference and 

latency. 

Without loss of generality, we let 2K denote the number 

of EUEs in a cellular mMIMO system. One EUE is paired 

with the other to employ the SIC technique as the NOMA 

principle. The UEs are randomly distributed across the 

coverage area and paired with the others, sharing the same 

resource block. 
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2.2. Channel Model 

The wireless channel between the BS and EUE kx, 

𝑘 ∈ 𝒦 ≜  {1, 2, . . . , 𝐾}, 𝑥 ∈ {1, 2}, is modeled as: 

𝐡𝑘𝑥
= √β𝑘𝑥

𝐠𝑘𝑥
,    (1) 

where the entries of 𝐠𝑘𝑥
∼ 𝒞𝒩(0,1) represents small-scale 

Rayleigh fading, while the large-scale fading 𝛽𝑘𝑥
 is  

defined as: 

𝛽𝑘𝑥
= 𝑑𝑘𝑥

−𝛼 ,     (2) 

where 𝑑𝑘𝑥
 is the distance between the BS and EUE 𝑘𝑥, 𝛼 

is the path loss exponent. 

2.3. Notations 

Table 1 summarizes the main notations used in the 

paper, including network parameters, decision variables, 

and several operators. 

Table 1. Notations and descriptions 

Notation Description 

𝑀 The number of antennas at the BS  

K The number of EUE pairs 

𝐡𝑘𝑥
 Channel vector between BS and EUE kx 

𝛽𝑘𝑥
 

Path loss (large-scale fading) between the BS 

and EUE kx 

𝐠𝑘𝑥
 Fading Rayleigh, 𝑔𝑚,𝑘 ∼ 𝒞𝒩(0,1) 

𝑑𝑘𝑥
 Distance between BS m and EUE kx 

𝛼 Path-loss exponent 

𝑃𝑘1
, 𝑃𝑘2

 Transmit power of EUE k1 and k2 in pair k 

𝑃𝑘1

𝑚𝑎𝑥, 𝑃𝑘2

𝑚𝑎𝑥 Maximum transmit power of EUE 𝑘1 and 𝑘2 

𝐷𝑘𝑥
 Task size (in bits) for EUE kx 

𝐶𝑘𝑥
 The number of CPU cycles per bit for EUE kx 

𝜌𝑘 Offloading ratio of EUE k's task 

𝑓serv CPU frequency of the MEC server 

𝑅𝑘𝑥
 Data rate achieved by EUE kx 

𝐿𝑘𝑥
 Total delay of EUE kx 

𝐿max Maximum tolerable delay 

2.4. NOMA Pairing and Data Transmission 

By applying NOMA principle, all EUEs reuse the same 

time-frequency resource. SIC technique is applied to the 

pairs of EUEs. 

Consider the pair k of EUE 𝑘1 and 𝑘2, the message of 

EUE 𝑘1 with the strong channel is decoded in priority, 

and then it is removed from the received signal before 

decoding the message of EUE 𝑘2. Power coefficients 

allocated to EUE 𝑘1 and 𝑘2 are 𝑃𝑘1
 and 𝑃𝑘2

, respectively. 

By applying SIC, received signals used for decoding the 

messages of EUE 𝑘1 and 𝑘2 are respectively determined 

as follows. 

𝐲𝑘1
= 𝐡𝑘1√𝑃𝑘1

𝑥𝑘1
+ 𝐡𝑘2√𝑃𝑘2

𝑥𝑘2

+ ∑ 𝐡𝑘′
1√𝑃𝑘′

1
𝑥𝑘′

1
+ 𝐡𝑘′

2√𝑃𝑘′
2
𝑥𝑘′

2

𝐾
𝑘′=1,𝑘′≠𝑘

+ 𝐧BS,

,

   (3) 

𝐲𝑘2
= 𝐡𝑘2√𝑃𝑘2

𝑥𝑘2
+ ∑ 𝐡𝑘′

1√𝑃𝑘′
1
𝑥𝑘′

1

𝐾

𝑘′=1,𝑘′≠𝑘

+  𝐡𝑘′
2√𝑃𝑘′

2
𝑥𝑘′

2
+ 𝐧BS,

 

  (4) 

where 𝑥𝑘1
and 𝑥𝑘2

 are the desired messages transmitted 

from EUEs 𝑘1 and 𝑘2, respectively. 𝐧BS is the additive 

white Gaussian noise (AWGN) vector of which each entry 

follows ∼ 𝒞𝒩(0, 𝜎2). 

The Signal-to-Interference-Plus-Noise Ratios (SINRs) 

for decoding EUE 𝑘1 and 𝑘2 can be respectively 

formulated as 

SINR𝑘1
=

𝑃𝑘1|𝐚𝑘1𝐡𝑘1|
2

𝑃𝑘2|𝐚𝑘1𝐡𝑘2|
2

+IN1+𝜎2
,   (5) 

SINR𝑘2
=

𝑃𝑘2|𝐚𝑘2𝐡𝑘2|
2

IN2+𝜎2 ,    (6) 

where 𝐚𝑘1
=  𝐡𝑘1

𝐻  and 𝐚𝑘2
= 𝐡𝑘2

𝐻  are the receiver vectors, 

and the interference IN1 and IN2 are respectively given as 

IN1 ≜ ∑  𝐾
𝑘′≠𝑘 (𝑃𝑘′

1
|𝐚𝑘1

𝐡𝑘1
′ |

2

+ 𝑃𝑘′
2 

|𝐚𝑘1
𝐡𝑘2

′ |
2

), (7) 

IN1 ≜ ∑  𝐾
𝑘′≠𝑘 (𝑃𝑘′

1
|𝐚𝑘2

𝐡𝑘1
′ |

2

+ 𝑃𝑘′
2 

|𝐚𝑘2
𝐡𝑘2

′ |
2

). (8) 

3. Latency Optimization Problem 

3.1. Data Rate and Latency 

From (5) and (6), the achievable rate of EUE kx is 

computed by 

𝑅𝑘𝑥
= B log2(1 + SINR𝑘𝑥

),   (9) 

where B is the system bandwidth. Then, the latency of EUE 

𝑘𝑥 includes transmission delay, computing delay, and 

queue delay. Since the queue delay is considered as a given 

value, we omit this term without any effect on the problem. 

Therefore, the total latency of EUE pair 𝑘 can be expressed 

as 

𝐿𝑘 = max
𝑥

{𝐿trans,𝑘𝑥
+ 𝐿comp,𝑘𝑥

}   

= max
𝑥

{
𝜌𝑘𝑥𝐷𝑘𝑥

𝑅𝑘𝑥

+
𝜌𝑘𝑥𝐷𝑘𝑥𝐶𝑘𝑥

𝑓serv 
},      (10) 

where 𝐿trans,𝑘𝑥
 and 𝐿comp,𝑘𝑥

 are the transmission delay and 

computing delay, respectively. The variable 𝜌𝑘𝑥
∈ [0,1] is 

the offloading ratio. 𝐷𝑘𝑥
 is the size (in bits) of the 

offloading task, while 𝐶𝑘𝑥
 and 𝑓serv represent the resource 

and frequency to process the data at the MEC server. 

3.2. Latency Minimization Problem Formulation 

We formulate the latency optimization problem for 

the mMIMO system with MEC and NOMA. Our 

objective is to minimize the maximum latency 

experienced by any user in the network, focusing on the 

worst-case scenario. Mathematically, the problem can be 

formulated as: 

min
{𝑃𝑘𝑥 ,𝜌𝑘𝑥}

     max
 𝑘=1,…,𝐾

  𝐿𝑘            (11a) 

s.t.                0 ≤ 𝑃𝑘1
≤ 𝑃𝑘1

𝑚𝑎𝑥 , ∀𝑘        (11b) 



ISSN 1859-1531 - THE UNIVERSITY OF DANANG - JOURNAL OF SCIENCE AND TECHNOLOGY, VOL. 23, NO. 9D, 2025 71 

 

                     0 ≤ 𝑃𝑘2
≤ 𝑃𝑘2

𝑚𝑎𝑥 , ∀𝑘       (11c) 

                     𝟎 ⪯ 𝝆 ⪯ 𝟏       (11d) 

Constraints (11b) and (11c) ensure that the transmit power 

of each EUE does not exceed its maximum allowable limit. 

Constraint (11d) enforces that the offloading ratio stays 

within the valid range of 0 to 1. The optimization problem 

presented above is challenging due to its non-convex 

nature. The function 𝑅𝑘 in the latency expression depends 

non-linearly on the transmit power 𝑃𝑘 and is affected by 

cross-interference between EUEs in the NOMA system. 

Consequently, the term 
𝜌𝑘𝑥𝐷𝑘𝑥

𝑅𝑘𝑥

 becomes non-convex with 

respect to the decision variables (𝑃𝑘𝑥
, 𝜌𝑘𝑥

). Furthermore, 

the min-max structure of the objective function adds 

another layer of complexity. To address the min-max 

structure, we introduce an auxiliary variable 𝜏 and 

transform problem (11) into: 

min
{𝑃𝑘,𝜌𝑘},𝜏

       𝜏               (12a) 

s.t.            𝐿𝑘 ≤ 𝜏, ∀𝑘,         (12b) 

            (11b) − (11d).    (12c) 

However, the constraint 𝐿𝑘 ≤ 𝜏 remains non-convex 

due to the non-convex function Lk. It is further challenging 

that the strategy of EUE pairing has a large effect on the 

latency minimization problem. Therefore, we propose an 

efficient pairing scheme before solving problem (12). 

4. Two-Step Algorithm for NOMA pairing and 

resource allocation 

To improve the NOMA-based resource allocation for 

MEC-enabled mMIMO network, we propose the two-step 

algorithm: (1) we propose the linear bottleneck assignment 

problem (LBAP) for NOMA pairing; and then (2) we 

propose a fast transformation to apply SCA framework for 

the resource allocation to achieve the minimal latency as 

solving problem (12). 

4.1. Proposed Linear Bottleneck Assignment Problem 

(LBAP) for NOMA Pairing Algorithm 

We propose an LBAP-based NOMA pairing for which 

SIC is applied efficiently. In mMIMO systems, the BS 

typically employs the maximum ratio combining (MRC) 

scheme to reduce the complexity for decoding the 

messages from EUEs. However, this approach may lead to 

substantial interference between UEs with highly 

correlated channels. To address this issue, we first define 

two sets of K EUEs: K EUEs with the better channel 

conditions in the first set 𝒱1, and the other K EUEs in the 

second set 𝒱2. Moreover, we define a new set containing 

all the channel correlation values between two EUEs with 

one EUE from 𝒱1 and the other from 𝒱2. The channel 

correlation between UEs 𝑖 ∈ 𝒱1 and 𝑗 ∈ 𝒱2 is calculated as 

𝐶𝑖,𝑗 =
|𝐡𝑖

𝐻𝐡𝑗|
2

‖𝐡𝑖‖2‖∣𝐡𝑗‖
2.        (13) 

This metric ranges from 0 (orthogonal channels) to 1 

(perfectly correlated channels), providing a measure of 

spatial correlation between channel vectors. By letting 

 ℰ = {𝐶𝑖,𝑗}, the LBAP-based NOMA pairing algorithm is 

executed using the combination of the binary search and 

maximum matching on the bipartite graph  
𝒢 = (𝒱1 ∪ 𝒱2, ℰ). 

4.2. Latency Optimization using SCA 

Following the identification of NOMA pairs, we obtain 

problem (9). To tackle the non-convexity, we apply the 

successive convex approximation (SCA) method. First,  

we expand the constraint  𝐿𝑘 ≤ 𝜏 as: 

𝜌𝑘𝑥𝐷𝑘𝑥

𝑅𝑘𝑥

+
𝜌𝑘𝑥𝐷𝑘𝑥𝐶𝑘𝑥

𝑓serv 
≤ 𝜏. ∀𝑘 ∈ 𝒦, 𝑥 ∈ {1,2}.  (14) 

By introducing the variable substitution 𝜏𝑘̅𝑥
=

1

𝑅𝑘𝑥

, we 

rewrite this as: 

𝐷𝑘𝑥
𝜌𝑘𝑥

𝜏𝑘̅𝑥
+

𝜌𝑘𝑥𝐷𝑘𝑥𝐶𝑘𝑥

𝑓serv 
≤ 𝜏, ∀𝑘, 𝑥. (15) 

The product 𝜌𝑘𝑥
𝜏𝑘̅𝑥

 remains non-convex. To address this, 

we introduce the upper bound of the product function as 

𝜌𝑘𝑥
𝜏𝑘̅𝑥

≤
𝜌𝑘𝑥

(𝑛)

2𝜏𝑘̅𝑥

(𝑛)
𝜏𝑘̅𝑥

2 +
𝜏𝑘̅𝑥

(𝑛)

2𝜌𝑘𝑥

(𝑛)
𝜌𝑘𝑥

2 : = 𝐹(𝑛)(𝜌𝑘𝑥
𝜏̅𝑘𝑥

), ∀𝑘, 𝑥, 

  (16) 

where 𝜌̅𝑘𝑥

(𝑛)
 represents the value of 𝜌̅𝑘𝑥

 at the 𝑛-th iteration. 

The transformed convex problem becomes: 

min
𝑃𝑘,𝜌𝑘,𝜏,𝜏̅

𝜏                     (17a)

 𝐷𝑘𝑥
𝐹(𝑛)(𝜌𝑘𝑥

𝜏𝑘̅𝑥
)

 +
𝜌𝑘𝑥

𝐷𝑘𝑥
𝐶𝑘𝑥

𝑓serv 

≤ 𝜏, ∀𝑘, 𝑥
                    (17b)

(11b) − (11d).                     (17c)

 

It can be seen that problem (17) is convex and can be 

efficiently solved using standard convex optimization 

tools. 

The procedure of SCA framework for solving (11) is 

summarized in Algorithm 1. 

Algorithm 1: SCA for Latency Minimization in (11) 

1: Input: EUE pairs and system parameters, 𝜖 = 10−3. 

2: Output: Optimal power allocation 𝑷∗ and offloading 

ratios 𝝆∗. 
 

Initialization: 

3: Set iteration counter 𝑛 ←  0. 

4: Generate feasible starting point: 

(𝑃(0), 𝜌(0), 𝜏(0), 𝜏̅(0)). 

5: Repeat 

6: Linearize non-convex constraints around current point to 

form convex subproblem. 

7: Solve convex subproblem (17) to obtain the solution 

(𝑃𝑠𝑜𝑙 , 𝜌𝑠𝑜𝑙 , 𝜏𝑠𝑜𝑙 , 𝜏̅𝑠𝑜𝑙). 

8: Update the solution: 

(𝑃(𝑛+1), 𝜌(𝑛+1), 𝜏(𝑛+1), 𝜏̅(𝑛+1))

← (𝑃𝑠𝑜𝑙 , 𝜌𝑠𝑜𝑙 , 𝜏𝑠𝑜𝑙 , 𝜏̅𝑠𝑜𝑙). 

9: Compute new objective value 𝜏(𝑛+1). 

10: 𝑛 ← 𝑛 + 1. 

11: Until |𝜏(𝑛) − 𝜏(𝑛−1)| < 𝜖 

12: Return (𝑃∗, 𝜌∗) = (𝑃(𝑛), 𝜌(𝑛)). 
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4.3. Complexity and Convergence Analysis 

The LBAP-based NOMA pairing algorithm has a 

complexity of 𝒪(𝐾3𝑙𝑜𝑔𝐾2), as it requires calculating a 

channel correlation matrix of size 2𝐾 × 2𝐾 and finding the 

maximum matching. 

For the SCA algorithm, each iteration involves solving 

a convex problem of size 𝐾, which typically costs 

𝒪((v2c2.5 + c3.5)log (1/𝜖)), where v = 4𝐾 + 1 và  

c = 6𝐾 are the number of variables and constraints, 

respectively, and 𝜖 is the convergence threshold. 

5. Performance Analysis 

5.1. Simulation setup 

The performance of the proposed solution is evaluated 

via Monte Carlo simulations. The system parameters are 

configured in accordance with practical 5G/6G network 

deployments, as summarized in Table 2. To validate the 

effectiveness of the proposed scheme, we compare the 

proposed LBAP-based user pairing NOMA mMIMO 

architecture with other two benchmark strategies: 

- Greedy-based NOMA pairing mMIMO where user 

pairing is computed by the famous greedy scheme (the 

highest channel correlation is paired at first), and 

- Traditional mMIMO without NOMA (the MRC 

receiver is applied to directly decode the messages). 

Table 2. Simulation Parameter Configuration 

Parameter  Value 

Simulation area 1 km × 1 km 

Number of BSs (𝑀) 64 

Number of EUEs (2𝐾) [10, 20, 30] 

Bandwidth 20 MHz 

Noise power spectral density  −174 dBm/Hz 

Maximum transmit power (𝑃𝑘𝑥

𝑚𝑎𝑥) 10 dBm 

MEC server CPU frequency(𝑓serv) 5 GHz 

Path-loss exponent (𝛼) 3.7 

Task size, 𝐷𝑘𝑥
 1Kb 

5.2. Convergence analysis of SCA algorithm 

 

Figure 1. Convergence speed comparison of  

the SCA algorithm under three different number of users 

Figure 1 illustrates the convergence behavior of the 

proposed SCA-based optimization algorithm under three 

different different number of users. At 2𝐾 = 10,  

the algorithm starts with a delay of approximately 

2.6 × 10−4𝑠 and converges to 1.43 × 10−4𝑠 after  

6 iterations. Even when the initial delays can be different 

with 2𝐾 = {20, 30} decrease to 1.99 × 10−4𝑠 and 

1.3 × 10−4𝑠, respectively, and the final values still 

converge at around 1.43 × 10−4𝑠. Notably, all 

configurations exhibit fast convergence, requiring only 

5–6 iterations to reach a steady state, demonstrating the 

effectiveness of the proposed algorithm. 

5.3. System latency assessment 

5.3.1. Delay distribution analysis 

The cumulative distribution function (CDF) of the 

system delay illustrated in Figure 2 demonstrates the 

superior performance of the proposed LBAP NOMA-

based mMIMO architecture compared to other schemes. At 

the 80th percentile user threshold, the proposed approach 

achieves a delay of 1.56 × 10−4𝑠, which is lower than that 

of the Greedy NOMA pairing and traditional mMIMO. 

These results validate the effectiveness of the LBAP 

NOMA-based pairing algorithm in improving system 

delay performance. 

 

Figure 2. Comparison of delay CDF between network 

architectures 

6. Conclusion 

This paper has presented a novel joint optimization 

framework that integrates LBAP NOMA-based user 

pairing with the successive convex approximation (SCA) 

method to minimize the latency in mMIMO networks with 

MEC support. By leveraging channel correlation for user 

pairing and adopting an efficient two-step optimization 

strategy, the proposed solution achieves notable 

improvements in both latency reduction and scalability 

compared to traditional mMIMO and greedy pairing 

approaches. 

Simulation results confirm that the proposed scheme is 

particularly effective at high MEC processing frequencies, 

achieving a minimum latency of 1.43 × 10−4 seconds at 

5 GHz. Even as the user population increases from 10 to 

30, the system maintains performance robustness, 

highlighting its scalability potential. 

Nonetheless, the effectiveness of the proposed 

approach heavily depends on the availability of edge 
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processing resources, highlighting the importance of robust 

and scalable MEC infrastructure. Moreover, practical 

deployment may encounter challenges such as multi-

carrier environments and strong channel correlations 

among users, which could impact performance. 

Future work will investigate advanced user clustering 

strategies, including learning-based approaches for 

dynamic and context-aware optimization. Additional 

research directions include developing adaptive 

mechanisms to effectively handle user mobility and 

extending the framework to jointly optimize multiple 

quality-of-service (QoS) requirements. These efforts aim 

to enhance the practicality and robustness of the proposed 

scheme for real-world 5G and next-generation 6G wireless 

networks. 
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