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Abstract 

 
  Non-orthogonal Multiple Access (NOMA) is a promising technology for improving spectral efficiency 

in wireless communication systems. In this paper, we employ the NOMA method to the random access 

(RA) communication system to enhance the sum throughput. To this end, we propose a reinforcement 

learning-based (RL) algorithm to obtain an optimal transmission action for each user. The simulation 

results show that the proposed method can significantly improve the system throughput and is much 

higher than the traditional methods. 

 

 

Ⅰ. Introduction 

The power-domain NOMA technique has been widely 

used in mobile communication systems to improve 

spectral efficiency [1]. In [2], an uplink NOMA RA 

protocol was proposed for unmanned aerial vehicle 

communications and the throughput of the proposed 

algorithm can achieve 0.5869 (packets/slot). In [3], two 

Non-Orthogonal RA techniques were proposed for 5G 

mobile communication networks and the maximum 

throughput can exceed 0.7 (packets/slot). However, [2] 

and [3] only consider two power levels. To this end, 

multilevel target powers were considered for NOMA 

uplink RA systems [4]. This is a significant throughput 

improvement compared to the traditional RA protocol 

such as Slotted-ALOHA 0.368 (packets/slot). 

The existing works do not solve the collision problem 

altogether. In this paper, we proposed a novel RL-

based NOMA RA protocol, where each time slot can be 

fully utilized. Moreover, the maximum throughput can 

be up to L (packets/slot) due to the NOMA technique, 

where L denotes the number of power levels.   

 

Ⅱ. System Model 

We consider a multi-user uplink RA system, where 

the time domain is divided into frames. The number of 

time slots in each frame is defined as the least common 

multiple (LCM) of 𝑁𝑚𝑖𝑛, 𝑁𝑚𝑖𝑛 + 1,…, 𝑁𝑚𝑎𝑥, where 𝑁𝑚𝑖𝑛  

and 𝑁𝑚𝑎𝑥  represent the minimum and the maximum 

number of users, respectively. A frame is further 

divided into a number of subframes, each of which has 

k time slots for k ∈ {𝑁𝑚𝑖𝑛,𝑁𝑚𝑖𝑛 + 1,…,𝑁𝑚𝑎𝑥}. Thus, the 

number of subframes in a frame is LCM(𝑁𝑚𝑖𝑛 ,𝑁𝑚𝑖𝑛 +

1,…,𝑁𝑚𝑎𝑥)/k. Each user can transmit its data packet to 

the 𝑙 − 𝑡ℎ slot of every subframe, where 𝑙 ∈ {1,2, … , k}.  

 

 

Fig. 1. Example of NOMA RA problem 

In this paper, we apply the NOMA technique to the 

RA system. Let M denotes the number of power levels. 

Before transmitting the packet, each user selects a 

predefined power 𝑃𝑖 , 𝑖 ∈ {1,2,… ,𝑀} . We assume that 

𝑃1 > 𝑃2 > ⋯ > 𝑃𝑀. Channel inversion is employed so 

that the received power can be the target power level 

and the base station (BS) decodes the received packets 

with the successive interference cancellation (SIC). 

The BS can successfully decode the received signals if 

the following conditions hold. First of all, a signal can 

be always successfully decoded if only one packet is 

received in a time slot with 𝑃𝑖. Secondly, if more than 

one packet is received in a time slot, a packet with 𝑃𝑖 

can be successfully decoded if signal-to-interference 

noise ratio (SINR) satisfies 

 

User action

N = 3, 𝑁𝑚𝑖𝑛 = 3, 𝑁𝑚𝑎𝑥= 3

User 1

User 2

User 3

{    , 𝑙  2 , 𝑃1}

{    , 𝑙  2 , 𝑃2}

{    , 𝑙   , 𝑃1}

Successful Successful
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𝑃𝑖

∑ 𝑃𝑗
𝐿
𝑗=𝑖+1  + 𝑛0

≥ 𝛾,        (1)     

where 𝑛0 and 𝛾 represent noise power and the SINR 

threshold, respectively. Fig. 1 shows an example of the 

NOMA RA problem when 𝑁  𝑁𝑚𝑖𝑛  𝑁𝑚𝑎𝑥   , where 

𝑁 denotes the number of users in the NOMA RA system. 

We assume that the BS decodes the received packets 

in decreasing order of power. In other words, the BS 

first decodes the packets with the highest power and 

the other signals treat as interference. After a packet 

is decoded, it is removed from the superimposed signal 

by SIC technology. Then, the BS decodes the packet 

with the second-highest power. In addition, if more 

than one packet is received with 𝑃𝑖, all of them cannot 

be decoded due to power collision, and the BS cannot 

decode the packet with 𝑃𝑗 for 𝑗 > 𝑖 as well. 

 

Ⅲ. Reinforcement Learning Method 

In this paper, we define the action a𝑛 of user n as 

the slot index in a subframe and the power selected, 

i.e., {(k, 𝑙), 𝑃𝑖}. Since our goal is to achieve maximum 

throughput, we define the instant reward function of the 

user n as 

                  r𝑛  𝑥R − 𝑦C,                (2)             

where 𝑥 and 𝑦 denote the number of successes and 

failures in a frame, respectively. A positive reward R 

is given if a successful transmission occurs, and a 

negative reward (or cost) −C is given, otherwise. 

  The Upper Confidence Bound (UCB) algorithm is 

used in this problem [5], in which each action is 

assigned a confidence bonus term, as below: 

   𝑎𝑛(𝑡)  𝑎𝑟𝑔𝑚𝑎𝑥𝑎 {𝑎̅𝑛,𝑎(𝑡)  +  𝛿√
ln 𝑡

𝑐𝑛,𝑎(𝑡)
},  (3) 

where 𝑎̅𝑛,𝑎(𝑡) and 𝑐𝑛,𝑎(𝑡) denote the user n’s average 

reward of action a and the number of times that action 

a is visited by user n up to frame t, respectively. δ >

0 represents the degree of exploration. 

 

Ⅳ. Simulation Results 

 
Fig. 2. Average throughput of UCB and ε-greedy algorithms. 

Throughout the simulation, we set R  1, C  2, δ  

1, 𝛾  0.2, 𝑁   , 𝑁𝑚𝑖𝑛  1 and 𝑁𝑚𝑎𝑥   . In Fig. 2, we 

show the impact of the different power levels on the 

average throughput (packets/slot) of the proposed 

method during the learning phase. After sufficient 

learning, it can be seen that the throughput of the UCB 

algorithm is 2 (packets/slot) when L  2 , 3 

(packets/slot) if L   . Therefore, we can also infer that 

the maximum throughput of the proposed method can 

be up to L (packets/slot). In contrast to the Slotted-

ALOHA and [3], our method can significantly improve 

the system throughput. Also, we can see that the UCB 

algorithm outperforms the ε-greedy algorithm because 

it achieves the best trade-off between exploration and 

exploitation. The ε-greedy shows a low throughput 

because when an optimal action is found, the 

exploration of other sub-optimal or non-optimal 

actions does not stop and is still explored with 

probability ε.  

 

Ⅴ. Conclusion 

In this paper, we proposed a NOMA RA protocol to 

improve the system sum throughput. To obtain an 

optimal transmission policy, we proposed the UCB-

based multi-agent RL algorithm for the users to 

exercise. The simulation results showed that more than 

one packet can be transmitted per slot due to the NOMA.  
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