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Abstract. With the further development of 5G technology, large-scale machine-
type communication technology has become the key to realize the interconnection
of massive terminals. However, when massive terminals initiate the random access
process at the same time, it will cause serious network congestion, especially in
the application scenario where multiple types of terminals coexist. Severe net-
work congestion will definitely affect the access delay and packet loss rate of
delay-sensitive terminals. It is necessary to design a reasonable competition res-
olution mechanism to alleviate network congestion. Therefore, this paper pro-
poses a random access optimization algorithm for multi-type terminals based on
deep reinforcement learning. By introducing a priority design into the distributed
queue access mechanism, the access opportunities of delay-sensitive terminals are
expanded and the probability of collisions is reduced. An optimization algorithm
based on the deep Q-learning network is proposed to dynamically adjust the num-
ber of preambles exclusively used by high-priority terminals, so as to reduce the
influence of resource monopoly on the delay-tolerant terminals and minimizes
conflicts as much as possible. In different load scenarios, the proposed algorithm
is compared with existing competition resolution mechanisms and methods, and
the practicability and effectiveness of the proposed method in solving the key
problem of massive multi-type terminal coexistence are proved.

Keywords: Massive Machine-type Communication - Random Access - Deep
Reinforcement Learning - DQN

1 Introduction

With the further development of the Sth mobile communication network (5G), 5G appli-
cation scenarios are divided into enhanced mobile broadband (eMBB) scenarios, massive
machine type communication (mMTC) scenarios, and low-latency and high-reliability
(uRLLC) scenarios according to user’s demand for communication technology. Among
them, mMTC as the key technology to realize the Internet of Everything, can realize
the communication between massive intelligent terminals without human intervention
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[1]. The random access (RA) process is a basic and very important process in the wire-
less communication process. Its main functions include terminals initial access, uplink
resources allocation, and uplink synchronization recovery [2]. In the traditional RA pro-
cess, the terminal requests access by passing the preamble for identity authentication
and synchronization to the base station, but when multiple terminals select the same
preamble in the same RA cycle, resource conflict will occur. At this time, the terminals
that have contention conflicts need to determine their retransmission time through a cer-
tain contention resolution mechanism. Therefore, it is important to design an efficient
and reliable contention resolution control strategy and optimization algorithm, which is
of profound significance for increasing the system capacity and promoting the further
development of communication technology [3].

The research on the contention resolution mechanism in the RA process has been
extensively discussed in the academic community. Through specific flow control meth-
ods, a large number of access requests are dispersed in the time domain as much as
possible, so as to reduce the access congestion of the Physical Random Access Chan-
nel (PRACH) and the probability of terminal conflict, and reduce the possibility of
congestion. Literature [4] proposes a queue-aware access control method based on the
Access Class Barring (ACB) mechanism, which dynamically allocates the ACB factor
for access control by sensing the length of the buffer queue of the device. Literature
[5] proposes a sliding backoff window access control method to alleviate the network
congestion caused by large-scale access, and dynamically adjusts the size of the backoff
window by sensing the utilization rate of the data queue, which effectively improves
the problem of packet loss caused by multiple retransmissions. Literature [6] applies
the distributed queue mechanism to the LTE system, which reduced the probability of
secondary collisions in the retransmission process by large-scale discrete grouping of
conflicting devices in the time domain. It also proposes how to add queue information to
the PRACH, which laid the foundation for the better application of the distributed queue
random access mechanism to wireless communication technology. However, the existing
random access contention resolution mechanism inevitably encounters problems such
as high access delay and high packet loss rate when the number of requesting access
devices is large. A new algorithm is needed to optimize the original access mechanism.

Since Deep Reinforcement Learning (DRL) has obvious advantages in resource allo-
cation and decision optimization, it is an ideal tool for solving dynamic resource planning
problems. Literature [7] uses a multi-agent deep Q-learning network with shared param-
eters to design a single conflict control strategy for all machine-type communication
devices, so as to meet the differentiated needs of different types of devices and reduce
signaling overhead. In reference [8], a back-off access scheme based on AHP-AC was
designed. Firstly, the analytic hierarchy process (AHP) was used to obtain the Quality of
Service (QoS) requirements from different types of users and group them, then through
the Actor - Critic algorithm dynamically allocate back-off time slots in order to max-
imize the access success rate of devices while meeting the individual communication
needs of devices. Literature [9] proposes an autonomous back-off access congestion
control algorithm based on Q-learning. By solving the optimal access number and his-
torical access conflict probability, the device can analyze the current environment before
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accessing and actively make back-off decisions, which can effectively improve network
energy efficiency and spectrum efficiency.

However, with the large-scale increase of machine-type communication devices,
the access types and working environments are more complex. The effectiveness and
optimization performance of the above solutions are greatly reduced. Therefore, it is nec-
essary to design a solution that can adapt to large-scale multi-type data terminal access
method of the scene. Based on the distributed queue mechanism, this paper proposes a
priority distributed queue random access control strategy based on the deep reinforce-
ment learning algorithm. The base station can allocate exclusive preamble resources for
high-priority terminals according to the type of terminal requesting access, and dynami-
cally adjust the number of exclusive preambles through learning experience. This method
can meet the communication requirements of various types of data terminals in a large-
scale multi-type data terminal access scenario. It reduces the average access delay and
average energy consumption, and increases the system capacity.

2 System Model

2.1 Scenario Description

In this paper, we consider a single cell scenario where multiple types of data terminals
coexist. As shown in Fig. 1, multiple data terminals are evenly distributed in the cell,
which are divided into uRLLC type data terminals (UTDTs) and mMTC type data termi-
nals (MTDTs). The system prioritizes terminals based on their sensitivity to delay. When
the service arrives at the terminal for data transfer, the terminal may perform a four-step
random access attempt as each RA opportunity (RAO) arrives. It is assumed that when
the first RAO arrives, M terminals receive the service data and initiate a RA process at
the same time, where the number of UTDTs is m and the number of MTDTS is n. The
RAO contains N preambles for data terminals competition access, and the remaining
time slots are used for data transmission.

In a RAO period, in order to shorten the access delay of UTDTs as much as pos-
sible and reduce the data packet discarding caused by access blocking, UTDTs can
select all preamble resources for random access process, while MTDTs can only share
some preamble resources with some UTDTs. When multiple terminals select the same
preamble to initiate an access request to the base station, it means that the terminals
have access conflicts and cannot successfully access the network. When the next RAO
arrives, the conflicting data terminals will continue to send access requests to the base
station according to a certain contention resolution mechanism [10].
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Fig. 1. Single-cell wireless communication system where multiple types of terminals coexist.

2.2 Priority-Based Distributed Queue Random Access Control Strategy

The distributed queue random access mechanism is often used in star topology network
with a single coordinator or base station and a large number of data terminals. The basic
idea is to introduce a contention queue to solve the conflict problem in the RA process.
However, massive multiple types of terminals often coexist in many large-scale access
application scenarios, so the base station or coordinator is required to allocate access
resources reasonably based on the type and status of the terminal requesting access to
ensure that the data delivery of UTDTs satisfies the basic requirements of low latency
and high reliability application scenarios. Therefore, based on the traditional distributed
queue mechanism, and a priority-based random access control strategy for distributed
queues is proposed in this paper.

N2 N4

RAO1 N1 NS
N3 N6
; ; NS
RAO2 N2 0 N3 RAO3 0 N6 N4
RAO4 0 N5 N6
CRQI CRQ2 CRQ3 CRQ4
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Fig. 2. Schematic diagram of priority-based distributed queue random access control strategy.
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As shown in the Fig. 2, a total of 4 access opportunities are displayed from top
to bottom, and they are sequenced in the time domain. Each long rectangle represents
a RAO, and each RAO contains 3 random access resources. Among them, resource
NO.1 is the exclusive access resource of UTDTs, and other resources are shared by
UTDTs and MTDTs. Assuming that when the first RAO arrives, there are 6 terminals
participating in the RA process, then an access resource is randomly selected to transfer
to the base station in line with the priority principle. In the figure, two access resources
have resource conflicts because they are selected by multiple data terminals. In this
case, terminals that select the same resource are organized into a terminal group, and
are added to the contention resolution queue (CRQ), when the next RAO arriving, the
terminal group at the head of the CRQ queue is awakened and joins in the next RA
process. In particular, when the number of terminal requests for access is greater than
the maximum number of retransmissions tolerated by the system, the access request
process will be regarded as a failure, thus the data packet will be discarded and the data
terminal will enter a sleep state until the next transmission task arrives.

By introducing the above priority access idea, on the one hand, the access opportu-
nities of UTDTs can be expanded and the access delay cost caused by resource conflicts
can be reduced. On the other hand, because the terminal at the head of the CRQ queue
can get the retransmission opportunity first in the following RAO, even if UTDTs have
resource conflicts, it can also get the retransmission opportunity and sufficient access
resources first in the following competitive resolution phase, which will reduce the prob-
ability of secondary conflicts and decrease the additional access delay cost and packet
loss rate to a certain extent.

Terminal Base station
- Y it the retransmission N Msgl:Preambles passing
Access failure -
limit?
Activate the Tirst set of Msg2: Access response
terminals in CRQ and % flio?
wait for the next RAO coess contiich:
Y
Wait for the N TRQ length = 07 Update the position of N Msg3: Terminal access
next RAO ength =2 the terminal in the queue Y -
f v
Obtain the competition Get the contention The number of Msg4: Competition solve
» queue information from queue information T issi
Msg2 and set the priority from Msg2 41 e |

Fig. 3. The general access process of the priority-based distributed queue access mechanism

Figure 3 shows the complete access process of the priority-based distributed queue
access mechanism. Before the terminal initiates an access request, it will listen to the
SIB signal broadcast by the base station. The base station will inform the terminal of
the preamble sequence and the idleness of the contention resolution queue. The random
access process will continue only the contention queue is empty, otherwise the terminal
will be suspended and wait for the RAO number of the current contention resolution
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queue length before initiating an access request. After the terminal successfully selects
the preamble sequence to transmit Msg1 to the base station, the base station will decode
the received preamble and perform collision detection. Based on the distributed queue
access mechanism, the base station will add access resource identifier ¢_id of the access
resource that conflicts in this access cycle and contention queue length CRQ_length to
the Msg?2 feedback to the terminal. The terminal confirms whether it has a conflict and
its relative position in the contention resolution queue according to the identification.
Meanwhile, the terminal can judge its specific position in the queue according to the
queue length [11].

3 Problem Description

As mentioned above, under the priority-based distributed queues random access mech-
anism, UTDTSs can obtain more access opportunities and retransmission opportunities
after conflicts. This mechanism can effectively reduce the conflict resolution delay and
packet loss rate of UTDTs. However, with the continuous advancement of the RA pro-
cess, if the proportion of UTDTs exclusively accessing resources is too large, it will
inevitably lead to large-scale conflicts of MTDTSs, resulting in a serious decline in the
performance of the competition resolution queue handling conflicts. Therefore, further
control measures are required for the priority-based distributed queue random access
mechanism.

3.1 Delay Model

Assume that the number of preambles available in a single RA opportunity is N and
the number of terminals that initiate the RA process when the first access opportunity
artives is M. Rmax (M, N) represents the time slot length required for M terminals to for
all N preamble resources to successfully execute the random access procedure. Suppose
that in an RAO, k of the N preambles conflict, and n; terminal selects the k th conflict-
ing preamble resource. According to the distributed queue mechanism, the conflicting
terminals will be divided into k terminal groups, and complete random access attempts
in the next k RAOs until no multiple terminals select the same preamble resource for
random access attempts. Therefore, based on the above analysis of the distributed queue
random access process, the total time slot length required is as follows:

N k
Runaox(M,N) =14 3" P(kini...m) x (1+ ) Rmax(ni, N)) (1)

k=0ny...n; i=1

Among them, “1” indicates the first RAO, Riax (1;, N) indicates the sum of RAOs
required by the conflicting terminal groups corresponding to the k conflicting preambles
in the first RAO to complete the random access process in the next RAO, P(k; ny ... ng)
indicates the probability that k access resources conflict, and there are ny terminals select
the conflicting resource. The sum of all possible situations is the amount of RAO required
for M terminals to contend for N preambles to complete the RA process, which is the
total slot length required for contention resolution.
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Furthermore, after the first RAO, the conflicting terminals are separated into k ter-
minal groups, which join the contention resolution queue and wait until the new RAO
arrives to participate in the subsequent RA process. Therefore, in the subsequent access
process, the terminal groups are independent of each other. Simplifying the repeated
situation in the original model theory, the low-complexity theoretical model of the total
time slot length required to complete the RA process is obtained as:

M 1 ~i M—i

_ clci (N —1) -

Rnax (M, N) =1+ ) | == X Rmax (i, N) )
i=2

Then the average number of retransmissions of the termina, that is, multiplied by the
proportion of the terminal groups to the total number of terminals when calculating the
total time slot [12, 13]:

M A1 ~i M—i .
_ CyCL (N —1) - i
Rav(MsN):1+§ Al MNM XRmax(lvN)XM 3)
i=2

According to the priority-based distributed queue random access mechanism
described in Sect. 2, combining the priority mechanism with the above delay model,
it can be obtained that when the system allows UTDTs to monopolize p preambles, the
time slot lengths required for m UTDTs and n MTDTs to complete the RA process are
respectively:

Ty = Rinax(@m, p) + Runax (1 — a)ym, (N — p)) “4)

Ty = Riax (1 — &)m +n, (N — p)) )

a is the probability of selecting an exclusive preamble in m UTDTs for random access
process.
Therefore, the overall access delay of the system T is:

T=Ty+Ty (6)

3.2 Energy Consumption Model

For machine-type communication terminals, the main energy consumption comes from
the signaling overhead of information interaction with the base station during uplink data
transmission. The energy consumption for receiving downlink data and idle periods is
very limited. Based on the distributed queue random access mechanism, terminals have
four states during the RA process: idle state, listening state, backoff state and access state.
When the terminal is idle before generating a demand for uplink data transmission, no
energy consumption will be generated at this time. The terminal periodically monitors
whether there is synchronization information from the base station. When the terminal
has an uplink data transmission requirement, the terminal enters the listening state,
and obtains the specific parameter configuration of this RA opportunity by listening
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to the broadcast signal transmitting from the base station. At the same time, terminals
listen to Msg 2 to obtain the terminal group in the current CRQ access status. If the
terminal competes successfully during the access process, it will enter the access state
and successfully uploads data packets to the base station. If the competition fails, it will
enter the backoff state, that is, the terminal will queue up in the competition queue. Then
the terminal will always be in an idle state until the next access attempt [14].

Access state

CRQ is not
empty

Device
activation

Backoff
state

Listening
state

Idle state

End of backoff

Fig. 4. Terminal access state transition diagram

Assuming that the number of terminals trying to access in a random access process
is M, the number of UTDTs is m, the number of MTDTs is n, and the number of pream-
bles is N. According to the priority-based distributed queue random access mechanism
described above, the first RAO is regarded as the first layer for all terminals to complete
the random access process, and the conflicting terminals are divided into several terminal
groups to form the nodes of the following layer. So, the average access success rate of
each type of terminal in the i th layer can be calculated as:

Py = (1 — Ly 7
v =0~ )
Py i) = (1 = ——y™"! ®)
M= T a=pnN

Among them, p represents the proportion of the preamble exclusively owned by
UTDTs, m(i) represents the average number of UTDTs in the i th layer, and n(i) repre-
sents the average number of MTDTs in the i th layer. Afterwards, the average number
of each type terminals participating in each layer can be calculated from the number of
conflicting terminals in the previous layer:

[1— PU((i;_. D]-m(@ —1) ©)
(-1

[l -PyG—1D]-nG—-1)
Gi—-1

m:

n@i) = (10)
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wherein, m(i — 1) is the average number of UTDTs conflicts in the (i-1) th layer nodes;
n(i — 1) is the average number of MTDTs conflicts in the i-1th layer nodes; G(i — 1)
represents the discrete number of the (i-1) th layer terminal group, and G(i — 1) =
m(i — 1) + n(i — 1), which can be obtained from the contention queue information
transmitted downlink by the base station. Therefore, the number of nodes in the i th
layer can be calculated as:

1 i=1
R@) = 11
® {R(i—l)-G(i—l),i>1 (1D
Assuming that the last layer is i, then when [1 — P(ir — 1)] - M (ir — 1) < 1, there
will be no new conflicting terminals, and the average number of times to enter the frame
listening state can be obtained:

ir
Y RG) -G —i+ 1)
K== - (12)
L RGO

Therefore, the average energy consumption of the terminal processing the RA process
can be calculated as:

E=Y[Ruax(mj.N) + Rox(j, N = p)) - Eg
J
+ (Rav(mj, N) + Ray(nj, N — p)) - (Ea — Ep)

mj + n;

+(K(mj, N) + K(nj, N = p)) - (Ey — Ep)] - 13)

Among them, Ep, Ex, E4 is the energy consumption of the terminal in the back-off
state, the listening state, and the access state.

3.3 Optimization Problem

In order to minimize the access delay and energy consumption of data terminals in the RA
process, this paper studies the strategy optimization under the priority-based distributed
queue random access mechanism. It can be expressed as:

In’}n Taverages Eaverage (14)
s.t. 0 < pexciusive <N (15)
TU = Tmax (16)

Ry _av < Rmax a7
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Ry _av < Rmax (18)

Among them, formula (15) is the constraint on the number of UTDTs exclusive
preambles, formula (16) is the constraint on the delay of UTDTs disposing random
access process and the Trax denotes the maximum tolerance experiment of UTDTs,
formula (17) and formula (18) are the constraints on the number of retransmissions
after UTDTs conflicts and the constraint on the number of retransmissions after MTDTs
conflicts and the Ry, denotes the maximum number of retransmissions tolerated by the
system.

The transformation of data terminals between various types of states has strong
randomness, and the probability of state transition is determined by the results of terminal
access in the previous stage. Therefore, the process of using distributed queues to dispose
random access can be fitted as a Markov decision process. Deep reinforcement learning
can obtain the optimal strategy without using complex mathematical analysis methods,
and has a good processing ability for the strategy optimization problem of the priority-
based distributed queue random access mechanism in complex situations.

4 Multi-type Terminals Random Access Optimization Algorithm
Based on DQN

4.1 DQN Algorithm Framework and Neural Network

The Deep Q-Learning Network (DQN) algorithm is a classic different-strategy temporal
difference algorithm in the deep reinforcement learning algorithm. It uses the neural
network approximation function to learn the optimal strategy, and is often used in low-
dimensional discrete action spaces optimization problem. This paper proposes to realize
the dynamic division of access resources in the priority distributed queue random access
mechanism based on DQN, so as to solve the above optimization problems.

The DQN algorithm framework is shown in Fig. 5, which is mainly composed of
agents, environments, experience playback pools, loss functions, value networks and
target networks. As the Q-Learning algorithm is an off-policy algorithm, by introducing
the experience playback mechanism, the experience samples of the agent at each moment
are stored in the experience playback pool, which can reduce the correlation between
experiences and make the neural network convergence is more efficient. In addition,
the DQN algorithm calculates the Q value through two neural networks with the same
structure but different parameters, in which the value network is used to calculate the Q
value of strategy selection and iterative update, and the target network is used to calculate
the Q value of the next state in the TD target, which can keep the training process stable
and speed up the convergence.
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Fig. 5. DQN algorithm structure

(s,a,7,5)

First, the algorithm randomly selects an initial state s; and selects an action a; with
a e-greedy strategy based on the value of the current state. Then the agent acts on the
environment, gets a reward 7, and the next state s;11. The resulting state transformation
quadruple [s,, az, 1y, s,+1], which contains states, actions, rewards, and next-moment
states, is stored in the experience return pool. At the beginning of each training, the Q
value of the state will be updated and the update formula of the Q value is:

Qkr1(s1: @) = Qulsis ap) +1[ Risa +y max Qu(sin. @) = Qo) | (19)

where, 1 is the learning rate, R, is the reward obtained from the experience playback
pool, and vy is the discount factor. When the capacity in the experience playback pool is
large enough, a certain number of state transitions are randomly extracted from it and
calculate the target Q value Q4o 0f the current state:

Qrarget = Ri + 7 max Qi(si,ai, 07) (20)

Among them, g; is the action that maximizes the Q value of the target network, and
0~ is the parameter of the target network. Then use the loss function to calculate the
mean square error cost between the target network and the value network:

1
Loss(0) = 3 [Qrarger — O(si> i 0)1? (1)

Then DQN updates the network parameters 6 through the gradient descent method,
and copies the parameters to the target network after every certain length of steps. The
gradient descent formula is as follows:

Orr1 =06 + E[Qtargez — QC(sts ar; Qt)]vQ(Sz, ar; 6r) (22)

4.2 Basic Flow of Multi-type Terminals Random Access Optimization Algorithm
Based on DQN

Inorder to realize the RA processing of data terminals and minimize energy consumption,
the state space, action space and reward function of DRL are designed based on the
system model established in this paper, as follows:
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e State space: In the process of data terminals implementing the priority-based dis-
tributed queue random access mechanism, the delay of the random access process
is related to the number of various terminals, the number of preambles exclusive to
UTDTs and the length of the contention resolution queue. The expression of the state
space is: s(t) = [U ), M), P, LCRQ], where U (t) and M (¢) represent the number
of UTDTs and MTDTs participating in this RAO, P denotes the number of exclusive
preambles of UTDTs, and L¢g( represents the length of the current contention queue.

e Action space: In order to reduce the processing delay and energy consumption
in the access process and ensure the access priority of UTDTs, we will dynam-
ically adjust the number of exclusive preamble resource for ensuring the prior-
ity access of UTDTs and the access success rate of MTDTs in this RAO is
improved under the premise of priority. The expression of the action space is:
a(t)y=[P—-2,P—-1,P,P+1,P+2].

e Reward function: In a RAO, the main evaluation indicators affecting the delay and
energy consumption of the access process include the access success rate of UTDTs
and MTDTs, the length variation of CRQ and the number of lost packets. In order
to ensure the access delay and energy consumption, and satisfy the constraints of
the access delay and retransmission times of UTDTs and MTDTs in Eqgs. (16), (17)
and (18), the reward r,sp and ry,;, are designed. In addition, when the length of the
contention resolution queue is longer after one RAO, that is, the resource conflict is
more intense, a penalty rcrp is set. When a packet loss occurs in this RAO, set a
penalty 7,4 So the expression of the reward function is: 7(¢) = rusp + F'msp +7cro +

Tloss-

Based on the above design, the RA optimization algorithm process of the priority
distributed queue based on DQN proposed in this paper is shown in Algorithm 1 (Table 1):

Table 1. The training and learning process of optimization algorithm

Algorithm 1 Multi-type Terminals Random Access Optimization Algorithm Based
on DON

1: Initialize the parameters of DQN network and RA process

2: Initialize the state s(t) through the message passing network;

3: Loop

4:fori=1:1:epoch

5: The base station selects an action a(t) according to the e-greedy strategy and reserves part

of the preambles for UTDTs

6: Calculate the reward after performing the RA process, and update the CQR

7: Get the next state s(t+1)

8: Put the experience data (s(t), a(t), 1, s(t+1)) into the experience playback pool

9: Calculate the loss function and update the target network parameters

10: Minimize the loss function, update the network parameters &

11: End the loop
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S Simulation Results

In this paper, a personal computer is used to verify the performance of the proposed
optimization algorithm. The simulated software environment is Python 3.6 and the sim-
ulated hardware platform is personal computer with Intel Core i5-12500H 2.50 GHz
processor and 16 GB memory. Assuming that 500 terminals are uniformly distributed
in a single base station cell with a radius of 500 m, among which there are 200 UTDTs
and 300 MTDTs. In one RAO, the terminals perform the RA process by competing for
20 preamble sequences and the maximum number of retransmissions tolerated by the
system is 7. It is assumed that the system simulation adopts the collision channel model,
that is, there is no transmission error caused by the imperfect wireless channel in the
process of signaling interaction and data transmission between the terminal and the base
station. Other parameter designs about the optimization algorithm are shown in Table 2.

Table 2. DQN algorithm design parameters

Parameter Value
Number of training rounds 5000
Learning rate o 0.0001
Discount factor gamma 0.99
Experience playback pool length 5000
Parameter update cycle 150 steps
Network layers 2

Max ¢ 0.9

Simulation results are provided below to verify the performance of the proposed
DQL based random access optimization algorithm for priority distributed queues. In the
results, refer to the scheme as “DQN —-PADQ”.

Figure 6 describes the convergence of the DQN-PADQ algorithm, where the abscissa
is the number of model training times and the ordinate is the value of the model loss
function. It can be seen that as the number of trainings increases, the loss function value
gradually approaches the local optimal solution. When the number of trainings is close to
175,000 times, the model basically converges. Figure 7 shows the changes in the delay,
number of retransmissions, and energy consumption of the data terminal as the number
of iterations increases, where the abscissa is the number of model training times and
the ordinate is the reward function value of the model, system access delay, the average
number of retransmissions and system average energy consumption. It can be seen that
with the number of training increases, the performance of key indicators in all aspects
of the system gradually tends to the local optimal solution.
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Fig. 6. The relationship between the number of training times and the value of the loss function
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Fig. 7. Relationship between training times and performance indicators

In addition, in order to show the optimization performance of DQN-PADQ algo-
rithm, this paper also considers the key performance comparisons between DQN-PADQ
algorithm and ACB mechanism, Back-off mechanism, DQ mechanism and PSO-DQ
algorithm. The ACB mechanism incorporates a limiting factor to restrict the number
of access requests during each RAO arrival. By implementing a backoff window, the
collision terminal is granted the ability to select a specific time within the window for
initiating subsequent access attempts. DQ mechanism serves as an inherent distributed
queue mechanism that categorizes colliding terminals into groups and enqueues them
in contention resolution queues, resolving conflicts upon subsequent RAO arrivals. The
PSO-DQ algorithm combines particle swarm optimization with the distributed queue
mechanism to determine an optimal grouping method and minimize average system
delays.
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Figure 8 shows a comparison chart of the terminals average access delay under
different access mechanisms and optimization algorithms, where the abscissa is the
number of terminals and the ordinate is the average access delay. When the number
of terminals is at a small level, the delay of the access process under the five access
mechanisms has little difference. When the number of terminals continues to increase,
the access delay of the five access mechanisms is significantly improved. But the growth
of ACB or Back-off mechanism is more prominent, while the growth of the average delay
of the three access mechanisms based on distributed queues is relatively stable, which
is because distributed queue discretized the conflict terminals in the time domain by the
queue-type queue. The probability of secondary collisions of the terminals is reduced, so
the average delay increases relatively slowly. At the same time, comparing three access
mechanisms and optimization algorithms based on distributed queues, it is obvious
that the DQN-PADQ algorithm performs better in delay optimization. By dynamically
adjusting the number of preambles exclusive to UTDTs, it can not only guarantee the
delay and reliability requirements of UTDTs, but greatly alleviate the access conflict
of MTDTs. The above results show that when the number of data terminals requesting
access is large, the DQN-PADQ algorithm can reduce the average access delay more
effectively.
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Fig. 8. Comparison of average access delay

Figure 9 shows the comparison of the average number of terminal requests under
different access mechanisms and optimization algorithms, which reflects the ability to
handle congestion to a certain extent, where the horizontal coordinate is the number of
terminals and the vertical coordinate is the average number of requests. As shown in the
figure, with the increasing number of requests for access, the average number of terminals
requests under the five access mechanisms has an upward trend. But the average number
of requests for terminals under the ACB or Back-off mechanism increases significantly,
even approaching the maximum number of retransmissions tolerated by the system.
The average number of terminal requests increases relatively stable under the access
mechanism and optimization algorithm based on distributed queues. The distributed
queue mechanism effectively partitions conflicting terminals into discrete groups during
the first RAO, resulting in a significant reduction in the number of participating terminals
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during subsequent RAOs. Simultaneously, prioritization constraints enable UTDTs to
not only have priority for secondary access but also provide them with a wider range of
preamble resources to choose from. Consequently, the system experiences fewer average
access requests. In comparison, the DQN-PADQ algorithm can keep the average number
of requests is kept at about 3.5 times when 3000 terminals initiate access at the same
time. It shows that the DQN-PADQ algorithm can more effectively reduce the average
number of access requests of terminals in the access process.
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Fig. 9. Comparison of average number of access requests

Figure 10 shows a comparison of the average energy consumption of terminals
under different access mechanisms and optimization algorithms, where the abscissa is
the number of terminals and the ordinate is the average energy consumption. Obviously,
as the number of access requests continues to increase, the average energy consumption
of terminals under all access mechanisms increases. However, in scenarios with different
numbers of terminals, the average energy consumption of terminals under the ACB or
Back-off mechanism is always higher than that of the other three comparison schemes.
The terminal’s access state transition diagram in Fig. 4 reveals that the primary source
of additional energy consumption during the access process is the transition between the
backoff state and the listening state. However, due to the significant reduction in average
terminal access requests achieved by implementing a distributed queue mechanism,
this extra energy consumption is minimized, resulting in lower average system access
energy consumption. Among the three access mechanisms and optimization algorithms
based on distributed queue, the optimization effect of the DQN-PADQ algorithm is
obviously better than the other two schemes. The above results prove the superiority of
the DQN-PADQ algorithm in optimizing the average energy consumption in the access
process.
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6 Conclusion

This paper considers the large-scale random access process of data terminals, and the goal
is to reduce the average access delay and access energy consumption in a large number
of coexistence scenarios of multi-types terminals through the priority design. In order to
solve the problem that excessive resource monopoly affects the access performance of
MTDTs, which affects the overall system performance during the access process, this
paper proposes a priority distributed queue random access algorithm based on DRL. The
simulation results show that the control strategy and its optimization algorithm proposed
in this paper can effectively reduce the average access delay and energy consumption
of the whole system, and its performance is more prominent than the same type of
algorithms.
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