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Abstract. With the development of smart grids and active distribution
networks (ADNSs), reliable and low-latency communication is the key to
advanced applications such as energy management and situation aware-
ness (SA). However, with the increasing amount of data and location
information to be collected, ensuring the real-time transmission of sam-
pling data has become a challenge. In addition, the operating environ-
ment of ADNs is complex, and external interference will affect the relia-
bility of transmission. In particular, the occurrence of power emergencies
is random, and the high reliability of emergency data transmission caused
by emergencies has attracted much attention. Although repeated data
transmission in 5G machine-type communication (MTC) can improve the
reliability, how to dynamically allocate communication resources accord-
ing to the transmitted data and external interference remains a prob-
lem. To this end, we propose a scheme of repeated data transmission to
eliminate the influence of external interference on the outage probability
of emergency data transmission. Our scheme is modeled as a dynamic
programming problem to maximize the energy efficiency. First, external
interference is considered in the calculation of the transmission outage
probability of smart meters (SMs), and the number of repeated transmis-
sions of emergency data is placed in the position of the index, which is
determined by reaching the target outage probability. Then, to allocate
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dynamic resource in real time in a changing environment, we propose
a deep reinforcement learning method, which has fast computing speed,
can more quickly allocate resources and reduce the delay of data trans-
mission. Simulation results have verified the superiority of the proposed
scheme.

Keywords: Situation awareness - Reliable and low-delay data
communication *+ Resource allocation * Deep reinforcement learning

1 Introduction

An active distribution network (ADN) can actively use the adjustable resources
in the distribution network to achieve active planning, management and control
services. Its purpose is to solve the problem of grid compatibility and renewable
resource consumption. An ADN has two key components: I) massive informa-
tion collection and II) effective monitoring and accurate diagnosis [1]. Figure 1
describes a structure of ADN. Advanced metering infrastructure (AMI) is com-
posed of many SMs to collect a tremendous amount of data in real time. Simulta-
neously, ADNs require rapid detection of system events (including system faults
and power quality fluctuations) to achieve comprehensive situation awareness
(SA), which can be used to monitor and identify normal and abnormal activi-
ties of ADN [2]. With the increasing demand of ADNs for situation awareness
(SA), how to effectively transmit monitoring data (especially emergency data
generated by emergencies) is a significant research topic [3].
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Fig. 1. A typical ADN structure.

Compared with the traditional communication mode, the 5G communica-
tion transmission speed is improved, the reliability is more significant, and the
energy consumption is reduced. Therefore, we choose to apply 5G communi-
cation in AMI for information transmission. However, massive short messages
in 5G uplink make it very difficult to schedule and allocate resources (such as
time-frequency resources and modulation and coding schemes). In addition, the
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occurrence of system failures, power quality fluctuations and other emergencies
is random. Low delay and high reliability of emergency data transmission are
the keys to ensuring the realization of SA in ADNs. On the one hand, using
grant-free scheduling can reduce delay instead of scheduling based on the long-
term evolution (LTE) grant-based scheduling method because waiting for grants
will increase delay [4]. In this type of fast uplink access without grants, there
is no need to send scheduling requests or wait for scheduling grants [5]. On the
other, repeated transmission of data is the key factor to improve the reliability
performance [4], but using the classic hybrid automatic repeat request (HARQ)
retransmission process will introduce additional delay [4]. Therefore, to ensure
the reliability of transmission, we repeatedly transmit the emergency data to
the instrument data management system (MDMS) without waiting for grant or
sending repeated requests. In other words, in data transmission, multiple copies
of emergency data are simultaneously transmitted to eliminate the impact of
interference on the transmission outage probability. Massive data must be trans-
mitted, and emergency data must be repeatedly transmitted, which requires
real-time resource allocation. This paper proposes a resource allocation method
based on deep reinforcement learning, which combines with a neural network to
speed up the calculation speed, more quickly allocate the resource and reduce
the transmission delay.

In 5G networks, high reliability and low delay are the most stringent require-
ments for communication. In the 3rd-Generation Partnership Project (3GPP)
standard, a general URLLC requirement is 99.999% target reliability with 1-ms
(two-way) user-plane latency [6]. The reliability here is defined as the percent-
age of packets that are correctly received within the delay budget. Decreasing
the transmission time interval (T'TI) length is an efficient method to shorten the
latency in the system [7,8]. However, there is a contradiction between low latency
and ultra-high reliability. This paper proposes a resource-scheduling method for
the repeated transmission of emergency data. This method belongs to grand-
free scheduling, i.e., it sends multiple copies of the same packet without waiting
for acknowledgment (ACK). Waiting for ACK will increase the delay, and the
interference in the transmission process will affect the reliability of communi-
cation. Therefore, our method reduces the delay by not waiting for ACK and
improves the reliability by increasing the number of emergency data repeated
transmissions.

For 5G communication, it is difficult to simultaneously satisfy the require-
ments of maximal reliability and minimal total resource consumption of data
transmission. To maximize the reliability of data scheduling, we consider that in
the case of external interference, we can reduce the transmission outage prob-
ability of SMs by repeatedly transmitting the emergency data. To reduce the
total resource consumption, we establish the energy efficiency formula of the
transmission process with the parameters of data packet size, repeated trans-
mission times, SM transmission power and selection of MTC. Then, we model
the resource allocation as a dynamic programming problem with the objective
function of maximizing the energy efficiency. The Lagrange multiplier method
can be used to solve the problem [9]. However, the parameters of data packet
size and repeated transmission times are also time-varying. How to adaptively
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allocate resources according to the dynamic changes of parameters is also a diffi-
cult problem. Therefore, we attempt to use deep reinforcement learning to solve
the resource allocation problem of 5G networks. The trained deep reinforcement
learning model can quickly solve the problem of resource allocation to achieve
resource allocation and scheduling under time-varying conditions. The results
show that our method is superior in reliability and calculation speed.

Our contributions are as follows:

1) For emergency data, we propose an algorithm to calculate the number of
data repeated transmissions. The algorithm considers noise interference, path
loss, and the outage probability of SMs to minimize the number of data
transmission repeats while satisfying the target reliability.

2) Aiming at the resource allocation and scheduling problem of a 5G commu-
nication network, a deep reinforcement learning method is proposed. This
method can allocate and schedule resources in real time according to the net-
work time variance and reduce the total resource consumption to the greatest
extent.

3) Extensive simulations are conducted. The simulation results prove the supe-
riority of the designed system and method and provide a new method for 5G
communication network resource allocation and scheduling.

The remainder of this paper is organized as follows. Section 2 summarizes the
related literature on wireless resource allocation and event detection. Section 3
introduces the system model. Section 4 models the problem. Section 5 uses rein-
forcement learning to allocate and schedule resources. In Sect. 6, we perform
simulations and experiments to verify the effectiveness of our proposed frame-
work. Finally, we summarize the entire paper in Sect. 7.

2 Related Work

A 5G communication network has the characteristics of a large structure and
complex interference, which introduces higher requirements for the reliability and
low delay of wireless transmission. To satisfy the requirements of low delay and
high reliability of wireless communication, we must make full use of scarce band-
width resources through an appropriate resource allocation algorithm, which can
also reduce the energy consumption.

The resource allocation in MTCs is mainly to optimize the allocation of
wireless resources in terms of transmission power, time slot, and spectrum.
Researchers have proposed many methods for this work. According to the users
are mobile and the SMs are static, a two-stage wireless resource allocation
method is proposed to maximize the total rate of cellular users while obtain-
ing the minimum transmission power [10]. The method uses machine-to-machine
(M2M) communication between the SMs. In [11], a cloud-fog-based model was
proposed. This model attempts to summarize the general algorithm for different
types of computing services for resource management to achieve load balancing
between requests and services. A spectrum allocation technique is designed to
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set the minimum BER threshold and evaluate the availability of white holes in
unlicensed bands [12]. A wireless resource management technology based on an
LTE-A network was proposed [13] to realize automatic meter reading and prevent
overload of cellular base stations. However, these resource allocation methods do
not consider MCS assignment or the emergency transmission problem in the case
of interference.

Reasonable resource allocation is very important to improve the system per-
formance. For example, a 5G-based framework is proposed to reasonably reserve
RBS for emergency data and realize the energy-saving resource optimal alloca-
tion method [9]. In this method, the resource allocation problem is transformed
into a univariate integer programming problem; then, the dual problem is con-
structed by using Lagrange duality theory. The results show that compared with
the traditional greedy algorithm, this algorithm better maximizes the energy
efficiency. Although MCS assignment and emergency data transmission are con-
sidered in the above method, the reliability of emergency data transmission and
dynamic real-time resource allocation are not considered.

To solve the real-time problem of resource allocation, some studies adopt
deep reinforcement learning methods. In [14], a real-time adaptive computing
resource allocation strategy was designed. In [15], resource allocation methods
based on Q-learning and deep reinforcement learning were proposed, but these
methods only analyze the real-time performance of resource allocation and do not
consider the reliability of resource allocation, i.e., the emergency transmission
problem caused by emergencies. Moreover, the Q-learning algorithm will produce
a large state space and action space, which greatly increases the computational
complexity of the problem.

Because these methods cannot simultaneously satisfy the requirements of
high-reliability and low-delay communication, we propose a data scheduling and
resource allocation solution for 5G MTC based on deep reinforcement learning.
We can improve the reliability of transmission through repeated transmission
of emergency data. In addition, we use deep reinforcement learning to achieve
dynamic real-time resource allocation and reduce the total resource consumption
to maximize the energy efficiency.

3 System Model

AMTI is an important component of ADN. To realize the SA of an ADN, we
accessed the 5G network to a single-cell uplink channel in AMI. The network
structure is shown in Fig. 2. In AMI applications, we assume that all spectrum
resources can be allocated to the SMs for 5G uplink data transmission, and the
data collected by each sensor in the sampling period can only be sent in a single
slot. In addition, because the sampling time of each sensor is much smaller than
the 5G time slot, it can be ignored. Simultaneously, we assume that when the
sensor detects an emergency, the additional packets containing the emergency
event occurrence flag must be immediately sent by SMs.

As shown in Fig.3, the resource allocation of the 5G network is in the
time and frequency domains [16]. In the time domain, the time slot is the
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Fig. 2. Network structure (8 is the number of repeat transmission times of emergency
data).

smallest unit, which contains 14 OFDM symbols. In the frequency domain, the
system bandwidth consists of several subchannels, and each subchannel includes
12 consecutive subcarriers. Each resource block (RB) occupies a time slot and a
subchannel as the basic unit of data transmission. In addition, 5G NR supports
multiple subcarrier spacings and diverse transmission bandwidths. Table 1 shows
different transmission bandwidths and corresponding slot durations [17].
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Fig. 3. 5G-based resource block structure in our framework.

‘ For DSe*

According to [18], the next generation of SMs is equipped with voltage sen-
sors, current sensors, and temperature and humidity sensors, which can be used
to monitor different types of emergencies. We collect the data sent by SMs
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in a gNB, including the data generated by normal power activities and emer-
gency data generated by emergencies. When an emergency occurs, in the data
repeated transmission scheme, the number of emergency data repeats is deter-
mined according to the average signal-to-noise ratio and the outage probability
of SMs; appropriate resource blocks are allocated for normal data packets and
emergency data packets that must be repeated in 5G wireless resources. The
optimal allocation decision can usually be obtained by solving an optimization
problem. However, due to the huge search space and long solving time of this
type of resource allocation and scheduling problem, it cannot keep up with the
rapid change of sampling data. Therefore, we use the DRL agent to make real-
time allocation decisions by collecting the sensor location and packet length
information.

4 Problem Formulation

4.1 Repeated Data Transmission Analysis

In this section, we discuss how to reduce the outage probability of SMs [19]
by increasing the time of emergency data repeat transmission [ in the case of
interference. As shown in (1), with the increase in 3, the outage probability of
SMs will gradually decrease.

B

M) <a (1)

_ (=T
P, =[0.05(1 +erf(0.1 (0\/5

loga
]

7= o005+ erf(01 = ()] .

In Egs. (1) and (2), o and a are fixed parameters, v is the signal-to-noise
ratio threshold, er f(-) is the error function, and 7 is the average signal-to-noise
ratio of the sensor. Additionally:

In Eq. (3), Pi(n) is the transmit power of the nth sensor, A is the path loss
exponent, dy is the reference distance from the system to the base station, and d
is the actual distance from the system to the base station. N is the interference
variance, which includes thermal noise Ny and other interference Ni. In other
words, the change in interference will affect the number of repetitions.

4.2 Problem Formulation

In an AMI application system of ADN, it is assumed that there are N SMs, each
SM has K sensors, and the emergency packets must be repeatedly transmitted;
i.e., there are L(L = N x K) packets to allocate resources, including a, emergency
packets that need to repeatedly transmit. To maximize the energy efficiency and
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optimize the resource allocation, we take the maximal ratio of the size of all
transmitted data (bytes) to the energy consumed by all RBs (joules) as the
objective function to form problem PO:

maxFE =

L—ac

Z ZZ xlmtXDSlmt)

I=1 m=1t=1
B ac M T

+ ZZ Z Z TB,ac,m,t X D‘Sﬁ,ae,m,t)]
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where z;,,+ is a binary variable. When data DS are transmitted at time
slot ¢ with MCS selection m, x; ., = 1; otherwise, x;m, = 0. Py, is the
transmission power when transmitting normal data DJS; at time slot ¢ with
MCS selection m. Ry, is the transport block size (TBS) at time slot ¢ with
MCS selection m. 3 is the number of data repeated transmission. Additionally,
when the emergency data DSg g, m,+ are transmitted at time slot ¢ with MCS
selection m, zg,q4.,m,+ = 1; otherwise, 23 4..m.+ = 0. Pg.q_,m, is the transmission
power when transmitting emergency data DSg3 4, m,: at time slot ¢ with MCS
selection m. Rg,q, m,: is the TBS at time slot ¢ with MCS selection m.

The constraints are as follows:
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Constraint (5) is the power control model of the cellular network uplink chan-
nel [20], where « is the path-loss compensation factor that can be set from 0.0 to
1.0 in steps of 0.1. PL,, is the downlink path loss measured by the base station,
and it can be considered a constant value for fixed SMs; IoT is interference over
thermal, which can be ignored in our system. SI/NR is the signal-to-noise ratio
(SINR) requirement of MCS selection m.

Constraint (6) indicates that the total power consumed by each packet is less
than the maximum transmission power of each SM.

Constraint (7) indicates that the number of RBs in each time slot must be
less than Y.

Constraint (8) indicates that each data packet can only have one MCS selec-
tion and transmission in a single slot.

Constraint (9) indicates that  is a binary variable.

Clearly, PO is a complex mixed integer programming problem, which takes a
long time to solve. In addition, to solve PO, we must calculate the parameter of
data repetition times, so we cannot obtain the solution in a short time. Therefore,
we use the deep reinforcement learning method based on the actor-critic (AC)
algorithm to build a real-time scheduling and resource allocation framework.
First, the data sent by SMs are classified; then, parameters such as the distance
from SM to gNB and the number of emergency data repeats are collected. Finally,
the data packet and its related parameters are input into the neural network to
output the decision results.

5 Deep Reinforcement Learning Assisted Scheduling and
Resource Allocation

In this section, we will introduce the structure of our proposed deep reinforce-
ment learning method for scheduling and resource allocation based on a pointer
network. This method is a low-complexity approximation method and can be
used to solve our problems.

5.1 Pointer Network

To solve our problem, this paper proposes a scheduling resource allocation algo-
rithm based on a pointer network. The basis of the pointer network is the seq2seq
framework [21,22]. Seq2seq is an encoder-decoder structure network, and both its
input and output are a sequence. The encoder transforms a variable-length signal
sequence into a fixed-length vector expression, the decoder transforms the fixed-
length vector into a variable-length target signal sequence, and the conditional
probability p(Y'| X, 7) solves the output sequence. Here, X = x1, x5, - ,x, is the
input sequence, Y = y1,y2, - ,Ym is the output sequence, and the conditional
probability conforms to the probability chain rule, which can be expressed as:

I

p(YIX;7) = [ [ pwilyrs 91, X) (10)
i=1
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The resource allocation problem of the 5G single-cell uplink channel in this
paper is also a mapping problem and requires that the input sequence and output
sequence of the pointer network are exactly identical, but the sequence order
changes. Therefore, we add an attention mechanism [23] to seq2seq to form a
new pointer network structure (see Fig. 4).

< |
| < |
< | ]

e e
l
‘ o
\\_\_
i
£
i

1 y2 y3
The calculation when decodmg‘ J tanh(, -, + W, -d.),
W =1if i#x, for all j<i, j=1,..M (7;is the number corresponding to

the output result of the strategy 77 at

. time j
—o0, otherwise »

PO, 1315 V200005 Y005 X30) = soft max(u,)

The pointer network stops when the RBs of 5G module in one
sampling period T are used up

Fig. 4. Pointer network architecture.

The conditional probability model of the attention mechanism is established
as follows:

vl - tanh(W, - e + Wq - d;),
ut=Sif i#m for all j<i  for j=1,..,.M (11)

—00, otherwise
p(yi|y17"'7yi—17X) = SOfthLCC(U’L) (]‘2)

where e; and d; are the jth and ith hidden layer outputs of the time sequence,
respectively; vT, W, and W, are parameters of the neural network that can be
trained; m; is the number that corresponds to the output result of strategy =
at time j. The result of the softmax function is a probability distribution, i.e.,
the weight assigned to the input sequence. The probability distribution can be
used as a pointer to the input sequence so that when predicting the elements, we
can find the element with the largest weight in the input sequence. According to
11, to ensure that our model only points to the unselected packets, we set the
logits of selected package to —oo. During decoding, the pointer network points
to the packet in the input packet and stops when the 5G-based resources are
exhausted.
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5.2 Beam Search

In the decoding process, for reducing the time complexity of the decoding trun-
cation and improving the accuracy, we use the beam search method to decode;
i.e., in each step of the decoding stage, according to the probability distribution
calculated by softmax, we reserve the top h optimal sequences. A larger h cor-
responds to a higher calculation cost, but the relative accuracy also improves.
The decoding process is described in Algorithm 1.

5.3 Problem Redefinition

Considering the proposed dynamic programming problem of resource allocation
in this paper, we combine reinforcement learning with a deep neural network
and propose a neural combination optimization model. The model builds a pol-
icy network based on the pointer network to output the policy of the problem.
To estimate the expected value of the objective function and reduce the gradient
variance, an estimation network is constructed. A reinforcement learning frame-
work actor-critic network based on a strategy gradient is used to train model
parameters instead of a supervised manner.

For problem P0, we assume that the sensor captures L(L = N X K) pack—
ets. The 3D parameter sequence of L data packets z = {(DS;, i, Z)L 1 in
one sampling period T is given. If the data is generated by emergencies, [;
is calculated by the formula in Sect.4.1. Otherwise, 8; = 1. The optimization
objective of the model is to learn random strategy p(w|x) to output the 5G
uplink channel resource allocation result with higher energy efficiency under the
condition of a given three-dimensional parameter sequence of M data packets
7 = (s1,a1, 82,02, ..., ST, aT). 0 represents the data packet that is output by the
pointer network selecting the MTC and time slot at time j. a; = {R;, P;}, R;
and P; are the transport block size (TBS) and transmission power at a certain
time slot with MCS selection. s; depends on the state of the previous time s;_1,
MTC and time slot selected by the data packet, which is output by pointer net-
work a; at time j. The following reward is defined to evaluate the action under
a state: We express the energy efficiency formula as the value function r(w) of
the model.

[(DS; + R;) x P} (13)

Mc

D
r(m) = Z [DS; x Pj]
i=1 i=1
Among them, D is the number of selected output packets of the pointer net-
work among M data packets, D.S; is the data packet size, P; is the transmission
power, and R; is the transport block size in one MCS and a specific time slot.
We sample the data transmitted through SMs for a sampling period to fit the
parameters.
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Algorithm 1:Beam Search

Procedure decoding(Number of steps g = 0,hash_table = start, BEAM = start)

1. While BEAM # ¢ do

2. SET=¢

3. For each state in BEAM do

4. For each successor of state do

5. if successor == goal Return g + 1
6. SET = SET U {successor}

7. end for

8. end for

9. end

10. BEAM# ¢

11. g=g+1

12. While(BEAM# ¢) and (B >| BEAM|) do
13. state = successor in SET with smallest h value

14. SET = SET \ {state}
15. if state ¢ hash_table

16. if hash_table is full Return co
17. hash_table = hash_table U {state}
18. hash_table = hash_table U {state}
19. end

20. Return oo
21.end Procedure

5.4 Optimize Using the Strategy Gradient

The iterative process of traditional reinforcement learning methods must collect
a large amount of data to update the strategy gradient. However, in many com-
plex real scenes, it is difficult to obtain massive training data, so local optimal
solutions emerge. This problem can be solved by using the strategy gradient
method based on the AC framework to optimize the parameters of the pointer
network. The AC-based strategy gradient algorithm is divided into two parts:
the actor network selects a behavior based on probability, the critic network
determines the score of behavior based on the actor’s behavior, and the actor
modifies the probability of selecting behavior according to the critic’s score. The
policy gradient network can only be updated at the end of the round. Each step
of the selection affects the network, so an array is required to store the state,
probability distribution of the next selection action, and reward of the selection
action. At the end of the round, parameters  update to 6;1.

First, the actor network is introduced. Because the parameters and repeated
transmission times of the packets are different, the order of RBs allocated to the
packets by agents is not necessarily identical. We assume that strategy m will
lead the agent along path © = (s1, a1, $2, a9, ..., ST, ar).

po(m) = p(s1) [ [ polaclse)p(sisalse, ar) (14)
t=1
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r(m) is the value function, which is a random variable. If the expectation of
the reward is obtained, then (15):

L(0) = Ernpy(myr(m) = Y _ r(m)po () (15)
To find the optimal parameters 6, let (16):
max L(6) = max Z r(m)pe () (16)

Calculate the gradient of the objective function as shown in (17):

VL©) = 3 r(x)Vpo(r)

=" r(m)po(m) vp]:i:)r) (17)

= Z ) Viogpe ()

The calculation of the gradient is converted to solving for the expectation of
r(m)Py(m)Viogpe(m). Then, the Monte Carlo method can be used for approxi-
mate estimation to obtain the B sampling results of the current strategy m, and
we have (18):

VJ(@) = E,,r,vpg(ﬂ.) [T(W)Pg (W)Vlogpg (W)]
B

Z (7" Py(n")Viogpe(r*)

Q

Wl =

(18)

T;
Z ") Viogpe(a|s})

D:J\
H'Mm

Since the sum of the actions taken and the probability is 1, there may be
a situation in which the probability value of a good action decreases, and the
probability of a bad action increases after normalization. Therefore, it is neces-
sary to introduce a baseline b to make VL(#) positive and negative and rewrite
it as shown in (19):

— b VZOQPG(at|St) (19)

MH

1
=3 Z
i=1 t:l

Then, the parameters are optimized by using the strategy gradient method
and stochastic gradient ascending method. The gradient of (19) is confirmed

using the well-known REINFORCE algorithm [24]:
A common baseline choice is the exponential moving average of network
rewards over time. Using parameter benchmarks to estimate the expected
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resource size Fr.p, ()7 () can usually improve learning. Therefore, an auxiliary
network was introduced, which is called the critic network, whose parameters
are 6,. The critical network uses the mean square error of objective predictions
Erpy(my7(m) and actual resource D(6,) to train with stochastic gradient ascent,
as shown in (20):

B
1
D(0,) = 5 D _ 1l bo, = Enpy(myr(m) |5 (20)
i=1

Critical network structure for resource allocation: First, we map the input
sequence to baseline prediction by,. The critic network consists of three network
modules: (1) an LSTM encoder, (2) an LSTM process block, and (3) a neural
network decoder. The encoder of this network has an exactly identical structure
to the pointer network encoder, and it encodes the input sequence into a sequence
of latent storage states and hidden states. A process block of a critic network,
such as [21], is essentially an attention mechanism. At the end of the process
block, the hidden state obtained by the neural network decoder is decoded into
the baseline prediction. Our training algorithm is described in Algorithm 2:

5.5 Resource Scheduling Framework

This paper proposes a resource allocation algorithm based on reinforcement
learning. The algorithm framework is shown in Fig.5. First, sample data con-
taining interference signals are sampled at time t, and these data are sent to
the 5G network by SMs. The 5G network will classify normal data and emer-
gency data according to the additional data packet with emergency data flags.

Algorithm 2:Actor-Critic

Procedure Train(number of training steps T',batch
size B, training set S)
Input actor network pg, (7|s) and critical network V5, (s)
1.Initialize actor network and critical network parameters 6,, 6,
2. For i € [1,T] do
3. s1,82,..., 8B ~ Samplelnput(S)
4. m,mo,...,mp ~ SampleSolution((ps, (.|5)))
5 bl,bz,...,bB ~ (ng(s)
6. Update actor network parameters 0,:
Vo, J — & Ei1(L(m|5i) — bo,, (s1))Vo,logpe, (i|s:)
0p — Adam(0p, Ve, J)
7. Calculate the objective function value of the critical network:
L(0,) — % 20 llbo, (56) — L(milsi)l[3
8. Update critical network parameters 6,:
9. 0, — Adam(6,,Ve,L)
10.End for
11.Return 6,,6,




Deep Reinforcement Learning-Based Resource Allocation 53

For one sampling

period T DRL architecture

Operating action a.in
5G uplink channel
Parameters serialization
— Selected
B Input = — 5 » Actor » peared ——» Output
Ve {0s, B1,d)iaa 1o
_ . ‘
Emergency event detected e
Ly N il
- L(&%E‘Z‘;mw )=y s Doe (el 1) Actor_loss
sensors : ‘
DO =3B 6@ E
interference T B 3
B Critic_loss
e | !
e
et o 2
erence L critic —»{b,, (5,) —

Fig. 5. Algorithm framework-based deep reinforcement learning.

In the case of interference, the number of repeated transmissions of emergency
data [ is determined by Formulas 1, 2 and 3 in Sect. 4.1. Finally, the number of
repeated transmissions (3, packet size DS, and distance between SM and gNB d
are taken as the input of the pointer network in deep reinforcement learning, and
the maximum energy efficiency is the objective function. Through the training
of samples, the output of the pointer network is the result of resource allocation.

6 Simulation

6.1 Setup

In this section, we will evaluate the performance of the scheduling algorithm.
An AMI application consists of massive SMs, a 5G communication network for
information interaction with gNB, and an MDMS. Table 1 lists different config-
urations of the 5G network system bandwidth and subcarrier interval [17]. We
set the system bandwidth and subcarrier interval to 20 MHz and 15 kHz, respec-
tively. Accordingly, the number of subchannels Y is 106, and the duration of
each time slot is 1 ms. Detailed parameters for simulation are listed in Table 2.
In addition, there are 16 MCS options in the channel, and each MCS corresponds
to different TBS and SINR ranges [25], as shown in Table 3.

Table 1. Transmission bandwidth configuration and time slot duration

Time slot duration | SCS (kHz) | 10 MHz | 15 MHz | 20 MHz | ... | 100 MHz

NRB NRB NRB ... NRB
1 ms 15 52 79 106 ...|N/A
0.5 ms 30 24 38 51 .. | 273

0.25 ms 60 11 18 24 .. 135
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Table 2. Simulation parameters

Parameters Values

Number of packets, M 50-500

Network topology Random deployment
Maximum transmission power, Pz 23 dBm

Path loss model, PLy 13.6 4+ 35 x lgd(dB)
Sampling period of sensors, T} 100-500 ms

Reference distance from SM to gNB, dp | 50 m
Actual distance from SM to gNB, d 50-500 m

Sampling data size, DK 300-500 bytes
Observation period, T' 500 ms

SNR threshold 40 dB

o 2

Outage probability threshold, a 0.01

Path loss exponent, A 2

Thermal noise variance, Ny 1dB

We assume that all SMs can detect emergency events in ADNs, and the
events detected depend on the type of sensor installed, such as the voltage sag
that can be detected by the voltage sensor. Combined with the collected data
samples, the method in [9] is used to calculate the number of emergency data in
a unit time slot. Then, we reduce the outage probability of SMs by increasing
the number of repeat transfers of emergency data; i.e., we determine the number
of repeat transfers according to the threshold of outage probability.

In the experiment, we set the relevant parameters of the deep reinforcement
learning model, and the batch size is 128; i.e., we use a small batch of 128
sequences, including 128 hidden LSTM units, and embed J parameters of each
packet into 128 dimensional space. The initial learning rate is 1074, and the
optimization reduction coefficient is 0.96 per 5000 steps. We use Adam optimizer
to train the model.

6.2 Experiment Result

To evaluate our proposed algorithm, we compare the deep reinforcement learn-
ing algorithm with the optimal Lagrangian algorithm and greedy algorithm. The
optimal Lagrange algorithm transforms the problem into the optimal program-
ming problem in the mathematical model to obtain the global optimal solution.
In theory, the greedy algorithm does not consider global optimization and only
considers the local optimal selection. The results show that the calculation result
of this method is close to the optimal value, which verifies the correctness of the
algorithm and is obviously better than that of the greedy algorithm. We provide
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Fig. 6. Energy efficiency comparison of three algorithms. (a) N=4; (b) N=8.
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Fig. 7. Energy efficiency under interference. (a) N=4, L =2300; (b) N=8, L =300.

the simulation results in terms of energy efficiency, scheduling time, and resource
allocation ratio.

Table4 compares the operation time between deep reinforcement learning
and the traditional Lagrange multiplier method for the same scale problem. The
method based on deep reinforcement learning has a much shorter running time
than the optimal Lagrange multiplier method, which can be applied to real-time
scenes.

Figure 6, we compare the experimental results of our proposed method and
two other methods: the optimal Lagrange multiplier method and the greedy
algorithm. The results show that the computational results of this method are
close to optimal, which verifies the correctness of the algorithm and is obviously
better than that of the greedy algorithm. In addition, with the increase in number
of packets, the calculation results of the greedy algorithm significantly decrease,
while the calculation results of the other two algorithms fluctuate; thus, the
greedy algorithm has a worse effect than other algorithms. However, our deep
reinforcement learning algorithm performs well at different scales.
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Table 3. TBS and SINR range of each MCS

Index | Modulation | TBS (bits) | SINR range (dB)
0 QPSK 56 (-9, -17]

1 | QPSK 72 (—7,-5]

2 | QPSK 104 (—5, -3

3 | QPSK 120 (—3,—1]

4 QPSK 136 (—1,1]

5 | QPSK 144 (1, 3]

6 | QPSK 208 (3, 5]

7 16QAM | 280 (5,7]

8 |16QAM 336 (7,8.5]

9 16QAM 408 (8.5,10]
10 | 64QAM 440 (10,11.5]
11 64QAM 488 (11.5,13.5]
12 |64QAM 520 (13.5, 15]
13 |64QAM | 552 (15,17]
14 |64QAM | 584 (17,19.5]
15 64QAM 616 (19.5, inf]

Table 4. Running time of different methods

M (Number of data packets) | DRL based | Lagrange
M=50 0.19s 15.08s
M =100 0.82s 27.89s
M =200 2.03s 182.64s
M =300 10.83s 901.07s

Figure 7 compares the energy efficiency of the optimal Lagrange multiplier
method, deep reinforcement learning algorithm and greedy algorithm when the
number of SMS is different and the number of packets is fixed. The results show
that with the increase of interference, the energy efficiency of the three algo-
rithms shows a downward trend, but the decline speed of deep reinforcement
learning is lower than that of the other two algorithms. When the external inter-
ference N1 > 3, the energy efficiency of deep reinforcement learning algorithm
is greater than that of the best Lagrangian algorithm, which shows that the
deep reinforcement learning algorithm in this paper has strong anti-interference
ability.

Figure 8 shows the target value changes of multi-round training for the same
datasets under different batch training sizes. The results show that for a larger
batch training size, the convergence of the pointer network is better, the training
time is shorter, and the optimal value can be more quickly calculated.
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Figure9 shows the change in training target values of the same data set
under different learning rates. The results show that at a higher learning rate, the
convergence is better, but the computational stability is worse. A smaller learning
rate corresponds to better computational stability but a slower convergence rate.

7 Conclusion

This paper proposes a data repeat transmission scheme and uses a deep reinforce-
ment learning method for resource allocation. To realize the SA of ADNs, data
transmission must satisfy the requirements of low latency and high reliability. A
framework based on 5G is proposed. First, by increasing the number of repeated



58

Q. Li et al.

transmissions of emergency data generated by emergencies, the impact of exter-
nal interference on the transmission interruption is eliminated to improve the
transmission reliability. Then, with massive and real-time data, the 5G uplink
resource allocation is modeled as a dynamic programming problem to maximize
the energy efficiency, and the deep reinforcement learning method is used to
solve the problem to improve the calculation speed and reduce the transmission
delay. In addition, we compare the performance of the algorithm with other typ-
ical algorithms. The experimental results show that the algorithm can improve
the calculation speed and provide nearly optimal transmission energy efficiency.
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