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Abstract. Edge computing alleviates the network congestion and
latency pressure on the remote cloud as well as the computation stress on
end devices. However, facing numerous tasks, how to effectively allocate
and manage the resources of edge servers is of great significance, which
affects both the benefits of service providers and Quality of Service (QoS)
of users. This paper proposes a resource allocation model based on Deep
Reinforcement Learning (DRL) and Generative Adversarial Networks (G
AN)(RADEAN). It considers the future resource occupancy of edge
servers, and applies multi-replay memory with priority to eliminate
the interaction between experiences and improve sampling efficiency.
We maximize the average resource utilization of edge servers while
ensuring the average transmission latency (ATL) and average execution
time (AET) of tasks in a long-term view. Specifically, based on the state
which consists the predicted resource occupation output by GAN, the
current resource usage status of edge servers and the characteristics of
the task queue, DRL agent makes resource allocation decision for each
task. We conduct experiments using real-world data trace, and show
that RADEAN outperforms traditional and state-of-the-art models with
great generalization, reaching the maximum performance improvement
of 48.21% compared with MMRA. The ATL and AET of tasks are also
presented to reflect the QoS guarantee. Ablation experiments prove the
effectiveness of multi-replay memory and priority sub-modules.
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1 Introduction

Recently, the number of Internet of Things (IoT) terminals increases exponen-
tially and is expected to reach 125 billion by 2030 [1]. Substantial delay-sensitive
and computing-intensive tasks, such as Augmented Reality (AR), Virtual Real-
ity (VR) and target detection, bring huge challenges to task execution corre-
spondingly. Multiple edge clouds cooperate for processing tasks, reducing task
execution delay, data transmission security and backhaul impact in remote cloud
and the computing pressure on end devices.

An overloaded CPU will cause long execution delay, which is unacceptable
for latency-sensitive tasks. Compared with the remote cloud, the conditions of
computing resource allocation in edge are more complicated. First, the compu-
tation resource capacities, storage space and processing speed of edge servers are
relatively limited. Second, the heterogeneity and dynamics of end-user devices
and edge nodes determine that the resource allocation in edge is NP-hard [2].
User tasks from various hardware specifications with different objectives, archi-
tectures, and communication protocols, etc. Edge clouds with various coverage
areas are equipped with different edge servers, conducting diverse strategies of
resource allocation. Third, the mobility of users between multiple edge clouds
involves the release and reallocation of resources. Putting these all together cre-
ates a more serious challenge for resource allocation in edge.

For each task submitted by users, the resource allocation manager in the edge
server decides how many computing resources are going to be assigned to this
task and how long it is allowed to occupy resources. If the task is allocated few
computing resources, its increased occupation time may cause task congestion.
The waiting and completion delay of tasks will raise accordingly, which is poten-
tially fatal for latency-sensitive tasks. However, assigning too many computing
resources to a certain task may result in resource deficit for others. In this case,
these tasks must be migrated to other edge clouds or even remote clouds for
execution. Task migration brings extensive transmission time, protracted execu-
tion latency and high migration cost, thereby reducing the Quality of Service
(QoS) for users. Therefore, it’s an urgent problem that how to allocate and
schedule resources in edge servers to achieve high resource utilization, improve
the efficiency of service providers, and guarantee users’ QoS in the meantime.

Some previous works involved in resource allocation focused on the cost [3,4],
energy consumption [5] and latency [6]. The research with the optimization
goal of resource utilization [7] ignored the impact of future resource usage of
edge servers. Applying Deep Reinforcement Learning (DRL) in resource man-
agement [8,9] makes up for the shortcoming of the high computation cost of tra-
ditional approaches such as heuristic [10] and meta-heuristic [3,11] algorithms.
Most DRL methods enhance the performance by improving the model structure
during training process, but ignore the optimization from the perspective of task
characteristic analysis. In fact, a job contains multiple tasks with dependencies,
and the generation and requests of tasks are correlated with time series to a
certain extent. Therefore, facing the dynamic and predictable nature of task
offloading, the resource utilization of edge servers can be predicted based on the
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historical system data, so as to make better resource allocation decisions. The
semi-supervised method Generative Adversarial Networks (GAN) performs con-
frontational training without requiring a large number of training samples and
prior knowledge. It generates clearer data and establishes description model to
enhance the prediction effect, behaving well for time series prediction in work-
load forecast [12], financial prediction [13] and other fields. Hence, we choose
GAN to estimate the future resource condition and assist the resource alloca-
tion decisions for DRL agent. Moreover, we build an improved DRL approach to
adjust the resource allocation strategy through the trial-return feedback mech-
anism. It tracks the obtained reward for resource allocation decisions and feeds
back to the agent for policy adjustment, which is more robust and adaptable in
edge to achieve the long-term maximum average resource utilization.

Taking the above factors into consideration, we propose a Resource
Allocation model based on Deep Reinforcement Learning and Generative
Adversarial Networks (RADEAN). We apply GAN to predict the future resource
utilization of edge servers, and make resource allocation decisions through a
multi-replay memory DRL agent with priority to maximize the long-term aver-
age resource utilization. Meanwhile, we guarantee the transmission latency and
execution time of tasks to ensure the users’ QoS. The contributions are as follows:

– We propose a RADEAN model for efficient resource allocation, which uses
an improved Deep Q Network (DQN) with multiple replay buffers to reduce
the interaction between multiple samples, and prioritize samples to further
promote the decision performance of the proposed model.

– We apply GAN to forecast the CPU resource usage of the next episode,
exploiting the semi-supervised learning to enhance prediction accuracy and
considering it as one of bases for better resource allocation decisions.

– We conduct experiments on real-data sets, validating that RADEAN exceeds
traditional and advanced resource allocation methods with great generality
while ensuring transmission latency and execution time. The ablation exper-
iments prove the effectiveness of multi-replay memory and priority settings.

2 Related Work

Resource allocation refers to assigning the task sets with different QoS require-
ments to densely distributed edge/fog nodes, which is determined to achieve the
goals of improved resource utilization, decreased energy consumption, makespan,
and cost, or lower task calculation latency [14]. We present several methods for
resource allocation in edge computing.

Traditional: LF Bittencourt et al. [15] used three different policies to conduct
resource management based on application characteristics. J Lin [16] introduced
Lyapunov optimization to propose a dynamic resource scheme to minimize cost
and maximize system utility. A hybrid market-based resource transaction mecha-
nism was established in [17] to maximize utility. But these methods were complex
with high computational cost and unable to obtain optimal solutions.
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Heuristic and Meta-heuristic: Studies applied a multi-criteria-based pol-
icy [18] and a heuristic-based [10] resource allocation scheme. Meta-heuristic
approaches dealt with various constraints caused by heuristic methods. Some
work suggested game-theoretic resource management techniques to minimize
infrastructure energy consumption and costs [3]. While the other developed algo-
rithms to determine the Stackelberg equilibrium and chose the best resource
demand strategy [11]. Such mechanisms were prone to fall into local minima.

Deep and Reinforcement Learning: Authors utilized an LSTM-based algo-
rithm [5] and multiple parallel deep neural networks [19] for resource manage-
ment in edge. Reinforcement learning (RL) had stronger self-improvement ability
than deep learning. Researchers exploited the actor-critic reinforcement learn-
ing [20] and a parameterized DQN [6] to solve the joint decision-making issue,
minimizing the average end-to-end latency. A DRL-based resource allocation
scheme with minimum computing cost was created in [4]. None of them studied
the impact of future resource conditions on allocation decisions.

Hybrid: Several hybrid approaches combing other algorithms with DRL were
employed for resource allocation. Heuristic and meta-heuristic algorithms were
incorporated with RL in [21] and [22], respectively. And in [23], a recurrent neural
network-based long short-term memory combined with DRL was completed. We
also apply a hybrid method, which uses an improved DQN and GAN to achieve
the maximum long-term average resource utilization.

3 Problem Definition
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Fig. 1. The scenario of resource allocation in edge computing.

As shown in Fig. 1, it is a typical cloud-edge-end three-layer architecture. In
intelligent driving application scenario, various smart devices such as self-driving
cars, continuously offload tasks to the edge layer for certain computing resource
requests from edge servers. The edge layer includes multiple edge clouds, which
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is usually equipped with multiple edge servers. The Task Queue in the edge
server stores tasks from terminal devices and their execution locations are deter-
mined by Task Control and Dispatching agent. If the edge server cannot meet the
resource requirements of the tasks currently, tasks will be migrated to another
edge server or forwarded to the remote cloud for procession. The Resource Mon-
itor observes the edge server’s resource usage. Based on the resource utilization
status, the Resource Allocation Manager runs the resource allocation strategy
to assign its own resources to all tasks on this server to meet user demands.
The edge clouds cooperate with the remote cloud, which handles the tasks that
can not be processed due to computation limitation of the edge layer. Also, the
remote cloud defines and adjusts AI reasoning model, being responsible for uni-
fied operation management, manual review and persistent storage of key data. It
makes the entire system more efficient and supportable for richer applications.

Unreasonable resource allocation mechanisms affect users’ QoS and interests
of service providers. If a task is allocated too few computing resources, its exe-
cution time will increase. And there will be a congestion in the task queue due
to numerous unfinished tasks, which greatly raises the overall latency of tasks.
Besides, the resources that could have been used will be idle instead, reducing the
resource utilization of the edge server. If too many computing resources are allo-
cated to a task, it may lead to resource deficit and data migration for other tasks.
The subsequent increased data migration costs and transmission delay greatly
influence latency-sensitive tasks especially. Higher latency will cause tasks such
as target detection not be able to get feedback in time, which is detrimental
both to users and service providers.

Assume that within a period of time, a total of V jobs are received from
the view of the edge server. The job set is expressed as J � {j1, j2, . . . , jV }.
Each job jv, jv ∈ J contains multiple tasks and each task includes multiple
instances. There are N tasks in all and they are stored in the Task Queue
Q � {q1, q2, . . . , qN}, according to their arrival time and following the First In
First Out (FIFO) principle. For each task qn, qn ∈ Q, the profile of each task
is qn = (cn, ωn, ρn, ξn), where cn means the amount of requested computing
resources, ωn and ρn are the number of instances and data volume carried by
qn, respectively. The symbol ξn represents the deadline request of task qn.

For simplicity, we only consider computing resources here. Set the computing
resource capacity of an edge server as K, and the length of the sliding time
window as H. The Resource Monitor observes the resource usage and pays close
attention to a matrix M with size K × H. Each row of M represents the state
of a certain computing resource from current time to H timesteps in the future,
m(k, :) = {mk,1,mk,2, . . . ,mk,h, . . . ,mk,H}, k ∈ {1, 2, . . . ,K}. Each column of
M depicts the status of all computing resources at the current timestep, m(:
, h) = {m1,h,m2,h, . . . ,mk,h, . . . ,mK,h}, h ∈ {1, 2, . . . ,H}. Each unit mk,h ∈
{0, 1} indicates the usage of the computing unit of the k-th row at h-th timestep,
where 1 means that the resource is already occupied, while 0 reveals not. M is a
matrix of all 0 s initially, illustrating that all computing resources are available.
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Table 1. Table of notations and representations

Type Nota. Representations

Job J the set of jobs

jv the v-th job in job set J
V the total number of jobs

Task qn the n-th task

cn the amount of requested computing resources of task qn

ωn the number of instances carried by task qn

ρn the data volume carried by task qn

ξn the deadline request of task qn

ln the time offset of task qn relative to the sliding window

dn the execution duration time of task qn

N the total number of tasks

Edge
Server

K the quantity of computing resource capacity

M the observation resource matrix of the edge server

GAN ye the real resource utilization at episode e

ỹe+1 the predicted resource utilization at episode e + 1

F the length of prediction series

DRL Q the task queue

QA the observation task sub-queue

L the length of task queue Q
H the length of sliding window

an the action (resource allocation decision) of task qn

s the current state of the edge server

rn the reward after performing action an

s′ the next state after performing an

At timestep t, we make a resource allocation decision an for each task qn,
determining how many resources it will be allocated per unit timestep. Its exe-
cution duration time dn can be calculated as dn = cn/an. Next, under the least
time offset, we search for an all 0 s sub-matrix with size an × dn in the current
sliding window and set all values in the sub-matrix to 1, indicating that the cor-
responding resources are allocated to task qn. After that, the resource utilization
of the edge server will be updated to ut accordingly. The sliding window moves
forward by a timestep. The specific length of each time unit can be determined
in terms of actual application conditions. As shown in (1), given a certain period
of time including T timesteps, our goal is to maximize the average resource uti-
lization of the edge server in a long-term view, while ensuring the completion
time of tasks for users’ QoS. The sum of the resource requests of all tasks on an
edge server cannot exceed its resource capacity limitation.
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Π(T ) = arg max
1
T

T∑

t=1

ut, s.t.
∑

c < K. (1)

Relevant notations and representations are shown in Table 1. A few points to
note: First, the task requests submitted by users are completely offloaded from
end devices to the edge server for execution, including all the carried data. All
instances carried by the task execute in parallel. Second, we suppose that once
the task starts, it will not be interrupted due to any reason, such as the termina-
tion of hardware factors, forced surrender of resources for higher-priority tasks,
power failure, network connection interruption and so on. Third, the execution
locations of tasks that have already begun are not allowed to change, nor are
they allowed to migrate between multiple edge clouds or multiple edge servers.

4 Proposed Model

In this section, we first introduce the workflow of the proposed RADEAN, and
then present the GAN-based computing resource prediction module and DRL-
based resource allocation module.
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Fig. 2. The framework of RADEAN
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The workflow of RADEAN is shown as Fig. 2. Tasks are sorted in the Task
Queue according their arriving time and performed following FIFO principle.
The tasks sequentially passed through the Task Control module, which is respon-
sible for judging whether the task meets the basic conditions for execution on
this edge server. If the deadline requirement of the task cannot been met under
infinite resources, the task will be rejected. Otherwise, the task enters the Can-
didate Queue. The Resource Monitor supervises the server’s resource usage. We
select a sub-queue QA from the Candidate Queue, the size of which is A. The
DRL-based agent decides the amount of allocated computing resources per time
unit to the task and its start time, according to the current resource status,
task sub-queue state and future resource utilization predicted by GAN. Then,
the edge server checks whether the resource allocation requirement can be sat-
isfied in the current sliding widow (sufficient computing resources and qualified
all-zero sub-matrix to avoid prolonged waiting time). If so, the task is processed
immediately. Otherwise, the task is migrated for execution.

When task is assigned relevant computing resources, the resource condition
of the edge server modifies accordingly. The Resource Monitor calculates the
resource utilization of the current sliding window, and feeds it back to the agent
as a reward for resource allocation strategy adjustment. Then the sliding window
moves forward one timestep, preparing for the next task’s resource allocation.

We decouple the time into two phases, episode and timestep. There are E
episodes in total and one episode contains A multiple timesteps. Resource allo-
cation is executed for a task at each timestep. GAN predicts the future resource
occupation ỹe+1 of the next episode e + 1, which is performed only after an
episode ends. The GAN is trained in advance and only the Generator is used to
conduct the online resource utilization prediction when making resource alloca-
tion decisions. The resource utilization records of the sliding window at different
moments form a time series. And the Generator is trained offline and regularly
updated through the Discriminator and these new data.

Tasks in edge are dynamic and heterogeneous. They are submitted from
various applications with different resource requests and optimization subjects,
arriving in arbitrary time and order. This makes the future resource occupancy
has great uncertainty, which in turn affects the resource allocation decision and
execution of tasks, influencing users’ QoS. Consequently, it is meaningful to pre-
dict the future computing resource utilization. GAN is suitable and qualified
for resource prediction: Firstly, for characterizing resource workload, one of the
challenges of an effective fitting process is the prior selection of the model type,
such as normal distribution [12]. While GAN does not require prior knowledge or
assumptions about the sample distribution and underlying models themselves.
It performs effective model descriptions based on the sample data, and esti-
mate appropriate parameters. Secondly, GAN mines the information behind the
resource utilization data, which is far richer than that expressed by sparse labels.
It generates clearer and more real data according to the characteristics of the
historical resource utilization trace of edge server and is superior to traditional
neural network classification and feature extraction. Finally, the production cost
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of the sample set is very high, while GAN can perform semi-supervised learning
based on a small amount of trace data instead of massive data to train networks
and complex models. The adversarial training between the Generator and the
Discriminator further improves the prediction effect of the Generator.

GAN provides the more accurate predicted resource utilization of edge
servers, contributing a more valuable state input for DRL to enhance resource
allocation strategies and improve the overall system performance. DRL does not
require manually labeled training samples and complication operations to obtain
optimization results. It acquires resource utilization data from the Resource
Monitor for training and adjusts the strategy based on feedback. For achiev-
ing the long-term maximum average resource utilization, DRL is more robust
and adaptable to dynamic edge environment, benefiting both users and service
providers.

Although the replay memory setting solves the problem of increased compu-
tational complexity and storage cost of Q-learning due to exponential number of
states and actions, there are mutual influences between samples [8]. Therefore,
we propose an improved DQN model, which puts transition samples into differ-
ent replay buffers with various parameters according to the predicted resource
occupancy values to achieve better exploration. It saves the space to store train-
ing data, ensures the diversity of samples, and eliminates the mutual sample
influences to enhance data efficiency and training effect. Moreover, transitions
may be more or less surprising, redundant than expected, and may not even be
immediately useful to the agent. The key to the effectiveness of relevant transi-
tions lies in the mass of highly redundant failure [24]. So it is not efficient enough
to sample uniformly in replay buffers. We apply prioritized sampling to further
improve the utilization of samples, reduce the number of training iterations, and
promote the performance of the decision model.

4.1 Resource Prediction Based on GAN

GAN is pre-trained and its parameters are updated regularly using the his-
torical resource trace. It includes a Generator and a Discriminator. In online
prediction at episode e, the Generator predicts the resource utilization per-
cent of episode e + 1, using the historical trace series of previous F moments,
yr = {ye−F+1, . . . , ye−1, ye}. In offline training, the predicted result ỹe+1 is com-
bined with the real sequence yr to form yG = {ye−F+1, . . . , ye−1, ye, ỹe+1}. There
is another real trace yG′ = {ye−F+1, . . . , ye−1, ye, ye+1}, in which ye+1 is the
real resource utilization of episode e + 1. The two series yG and yG′ are input
into the Discriminator to be distinguished. The networks continue training until
the Discriminator cannot recognize the real data and generated ones. At this
time, the Generator can obtain the data distribution and accurately predict the
computing resource occupancy. Here, the Discriminator differentiates the entire
sequence rather than the single resource utilization at episode e + 1, ye+1 and
ỹe+1. This design better captures the correlation between ye+1 and the sequence
information [13]. As (2) shows, the output of Long Short-Term Memory (LSTM)
is input into a fully connected layer to obtain the prediction result in Generator,
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G(yr) = ỹe+1 = δ(Wg(yr) + b), (2)

where g(·) is the output of LSTM, δ means the ReLU activation function, W
and b are the weights and bias in the fully connected layer, respectively. A Multi
Layer Perceptron (MLP) including three fully connected layers is regarded as
the Discriminator and Leaky ReLU is applied as the activation function between
hidden layers. As shown in (3), Sigmoid function is used in the output layer,

D(yG) = σ(f(yG)),D(yG′) = σ(f(yG′)), (3)

where f(·) is the output of connected layers and σ is activation function. Both
networks are trained using Binary Cross Entropy Loss and the value function
in (4) shows the difference between real resource utilization and generated ones,

minGmaxDV (G,D) = E(logD(yG′)) + E[log(1 − D(yG))]. (4)

Compared to the simple use of LSTM, this adversarial training method
improves the accuracy of prediction. We set F = 4, using the resource occu-
pancy rate of the previous 4 episodes to predict the next one. The real usage
trace of 3 machines is chosen randomly from Cluster-trace-v20181, with a total
of 64946 sequences. It is divided to a training and a test set according to the
ratio of 8:2. The number of neurons in the hidden layer of Generator is 512. The
initial historical resource utilization of GAN is randomly generated. As shown
in Fig. 3, we select 200 prediction results in the training and test sets. It can
be seen that GAN can accurately predict the resource utilization at the next
moment.
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Fig. 3. Resource utilization prediction results by GAN

4.2 Resource Allocation Based on DRL

In our design, the DRL agent acts as the Resource Allocation Manager, and the
Resource Monitor is treated as the environment. Based on the observed states
of resource usage and task queue in the edge server, the agent makes resource
allocation actions, determining the amount of allocated resources for each task.
Then the Resource Monitor modifies the resource condition and feeds the reward
back to the agent to adjust the resource allocation strategy accordingly.
1 https://github.com/alibaba/clusterdata/.

https://github.com/alibaba/clusterdata/
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State: The current state s is a triplet s = (M,Y,QA), where M represents the
current computing resource matrix of the edge server, Y describes the predicted
computing resource matrix of the next episode, and QA means the observation
of the task sub-queue. The size of M is K × H and the size of Y is K × 1.
The output computing resource utilization of the GAN is ỹe+1 ∈ [0, 1]. We mark
the values of the first ỹe+1 × K units as 1 to indicate the predicted resource
occupancy condition at the next episode. The original dimension of QA is A×4.
Each task contains four features including the number of instances, the carried
data volume, the amount of requested computing resources and the deadline
limitation. In order to unify the dimensions, we transpose QA and expand its
dimension to K × 4. Therefore, the dimension of state s is K × (H + 1 + 4).

Action: The action a indicates the amount of computing resources allocated
to the task qn per time unit. We filter the action values output by the network
to ensure its effectiveness [8]. The value of action an must be a divisor of the
requested resource cn, that is cn(modan) = 0. When using the ε-greedy algo-
rithm, the action an randomly selects a value that be divisible by cn. If the
optimal value output by the network is not exactly divisible, we select the divi-
sor closest to the output as the action. The resource occupation time dn can be
calculated correspondingly and the start time ln is the least time offset under
the condition that the available resource sub-matrix for allocation is all 0 s.

Reward: Our goal is to maximize the average resource utilization in a time
period from a long-term perspective. Hence, after the task is allocated resources
at time t, we use the current resource utilization within the sliding window of
the edge server to represent the reward r = ut.

The improved DQN includes three replay buffers with priority. We conduct
resource utilization prediction at each episode instead of each timestep, avoid-
ing frequent prediction of GAN, and update the sample priority only in current
buffer, decreasing the time complexity of the algorithm. At timestep t, based on
the current state s, task qn is assigned resources according to action a = an,
acquiring the next state s′. We store the transition (s′, a, r, s) in these three
buffers according to the value of predicted resource utilization ỹe+1. Different
values of ε is applied for the ε-greedy algorithm in various buffers. Besides, we
adopt TD-error as the sampling priority to enhance the original uniform sam-
pling method, which represents the difference between the action value output
by the current value function and the estimated ones. Higher TD-error indicates
that the output of the current value function is less accurate, implying that there
is still more information can be learned and larger space for improvement in the
prediction accuracy from this sample. So the sample will be assigned higher pri-
ority. Data structure SumTree is used to implement proportional prioritization,
whose complexity is only O(logn) [24]. To ensure that every stored transition
can be sampled, the new transition will be given a large priority.
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Algorithm 1. Algorithm of RADEAN
1: Initialize Network Q with θ and Target Q-network Q′ with θ′ = θ′; Initialize

replay buffers B1, B2, B3 with same size ζ and different parameters ε1, ε2, ε3;
Mini-batch λ; Average reward Ravg, Reward sum Rsum; Average execution time
Pavg; Execution time sum Psum; Average transmission latency Zavg; Transmission
latency sum Zsum; Timestep T ; Task num N ; Step ς; Edge server capacity K;
Sliding window length H; Data transmission speed η; Task sub-queue length A;

2: Set initial values of GAN prediction windows
3: Put jobs into priority queue Q according to arriving time
4: for e = 0 to E do
5: obtain current task qn at timestep t; N+=1
6: Task control according to ξn
7: get the predicted resource utilization ỹe+1 from GAN
8: Choose replay buffer Bi according to ỹe+1

9: Form current state s = (M, Y, QA)
10: With probability εi choose an randomly
11: Otherwise an = arg max Q(s, a; θ)
12: Filter and choose valid an

13: Get duration time dn = cn/an

14: if no enough resource in H for qn then
15: Migrate qn; Zsum+ = 2 × (ρn/η)
16: else
17: T+=1; Perform action a = an; Get reward r = ut

18: Gain updated resource matrix M′

19: Rsum+ = r; Psum+ = dn; Zsum+ = (ρn/η)
20: Sliding window forwards one timestep
21: Form new state s′ = (M′, Y, QA)
22: Store Transitions (s′, a, r, s) to Bi

23: Sample a mini-batch of transitions (sj+1, aj , rj , sj) from Bi

24:

QTarget =

{
rj , for terminal sj+1,

rj + γ max
a′ Q′(sj+1, a

′; θ′), otw.

25: Compute TD-error ϕj = QTarget − Q(sj , aj , θ)
26: Update transition priority pj ← |ϕj |+ ε
27: Perform a gradient descent step on Loss value
28: end if
29: Every ς steps, update Q′ using θ′ = θ
30: end for
31: return Ravg = Rsum/T ; Pavg = Psum/T ; Zavg = Zsum/N ;

In the improved DQN, the Target Q-network Q′ computes target Q-value
QTarget = r+γ max

a′
Q′(s′, a′; θ′), where γ indicates the impact of further moments

on present. The loss is calculated as L(θ) = E[(QTarget−Q(s, a; θ))2]. As shown in
Algorithm 1, we first conduct task control and apply GAN to predict the future
resource utilization (Lines 6–7). After selecting the replay buffer and obtain-
ing current state, the ε-greedy algorithm is used to perform exploration and
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exploitation (Lines 8–11). An action is randomly generated under probability εi
in replay buffer Bi, otherwise the action with the maximum value function is
selected. The value of εi keeps decreasing during the training process. Then we
filter the valid values to determine action a (Line 12). When the resource alloca-
tion decision of task qn is determined, we judge if there are enough resources in
the observation window for qn (Line 14). If not, we migrate the task to a near-
est selected server in other edge clouds or the remote cloud, during which the
transmission time of the task is at least twice that of executed on the local edge
server (Line 15). Otherwise, the action is performed, the resources are allocated.
The agent obtains the corresponding reward and the status of system is modi-
fied (Lines 17–21). The transition (s′, a, r, s) are distributed to different buffers
according to the predicted resource utilization ỹe+1 (Line 22). Every time we
select a mini-batch with size λ to update the network, which performs iterative
update with reduced complexity (Line 23). TD-error is computed to update the
transition priority, and ε is used to ensure the value of transition priority is non-
zero (Lines 25–26). The parameters of the Q network are utilized to update the
Target-Q network every ς steps, which eliminates the divergence and oscillations
during update (Line 29). Finally we compute and return the average resource
utilization, average execution time and average transmission latency (Line 31).

5 Experiments

5.1 Experiments Setup

We deployed the simulation environment on the machine (2 CPU with 1 cores,
type: Intel(R) Xeon(R) CPU E5-2650 v4 @ 2.20 GHz, 48 GB memory) installed
with Linux 5.4.0 system. All models are implemented by Python 3.8.10. Because
preprocessed cloud task records can be used for experiments in edge [25], we
select dataset Cluster-trace-v2018 (See Footnote 1), containing task execution
and server status trace of 4000 machines in 8 days. We randomly choose the
attributes of one server as a reference for edge server property settings. A job in
this dataset contains multiple tasks, and each task includes multiple instances.
The scheduling unit is task in our experimental design and five different test
data sets of 10 jobs (50 tasks), 50 jobs (178 tasks), 100 jobs (357 tasks), 200 jobs
(773 tasks), and 500 jobs (1827 tasks) are tested. In order to verify the perfor-
mance of the RADEAN model, the following methods are selected as baselines
for comparison.

– Multi-Replay Memory-based Resource Allocation (MMRA): DRL with mul-
tiple replay buffers determines the resource allocation amount of tasks. The
resource request of the next task is applied to calculate the resource utilization
of the edge server at the next moment [8].

– Deep Reinforcement Learning-based Resource Allocation (DeepRA): It
directly uses the ordinary DQN with a single replay buffer without prior-
ity for resource allocation and excludes resource prediction [9].
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– Resource Precedence (RP): Within the scope of edge server computing
resource capacity, it allocates the most available resources to meet the
resource requests of tasks as many as possible [8].

5.2 Experiments Results and Analysis

Basic Experiments. Firstly, the computing resource capacity of the edge
server is set to 48, half of the machine capacity in Cluster-trace-v2018 (See
Footnote 1). Then we test the Average Resource Utilization (ARU) of differ-
ent models to demonstrate the improved performance of RADEAN on resource
utilization. At the same time, we present the Average Transmission Latency
(ATL), the Average Execution Time (AET) and Migration Percent (MP) of
tasks to measure the models’ guarantee of QoS. All results are the average of
five experimental operations.

It can be seen from Fig. 4(a), the ARU of RADEAN is highest for task sets
of different scales. The effect of RP is the worst and the ARU of RADEAN is 4
times that of RP when job set is 200. Because RP allocates as many available
resources as possible based on the task’s request. At this time, the execution
time of the task is the shortest, which confirms the result in Fig. 4(b) that the
AET of RP is much lower than that of other models. The reason is that when the
sliding window moves forward, the previous tasks may have been finished and
will not occupy the resources in the current sliding window, gaining lower ARU.
However, by using other three models, tasks will occupy several consecutive time
units, thereby obtaining higher ARU and longer AET.

(a) The ARU for various jobs
(b) The AET for various jobs

Fig. 4. Experiment results when K is 48

DeepRA only makes resource decisions based on current resource status
and task queue, ignoring the future resource utilization. RADEAN outperforms
DeepRA by 58.08% on 10 job set and 17.08%–18.34% on others. Compared
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with DeepRA, MMRA has better ARU performance, because MMRA not only
considers future resource occupancy, but also uses multiple buffers to eliminate
the interaction between experiences. But RADEAN still has a maximum perfor-
mance improvement of 19.32% than MMRA when job set is 10. The reason is
that the future resource utilization of MMRA is only obtained by the resource
request of the next task in the task queue. It ignores the resource requests of
subsequent tasks and the distribution of the resource utilization time series of
the edge server, only accomplishing a short-term sub-optimal decision result.

RADEAN applies GAN to predict the resource utilization, considering previ-
ous a few timesteps of historical data comprehensively. It better mines the hidden
information behind the training samples and captures the correlation between
the resource utilization at the next moment and the previous time series. The
adversarial learning between the Generator and Discriminator further improves
the prediction accuracy. Moreover, RADEAN assigns different priorities to sam-
ples, which makes better use of rare and important experience information and
achieves higher ARU in a long-term view.

As displayed in Fig. 4(b), apart from RP, RADEAN has the minimum AET
on 50 jobs and has near AET with MMRA and DeepRA on other data sets. In
Table 2, we see the ATL results of various models. RADEAN is closest to the
optimal results of RP when job sets are 100 and 500, and achieves the best ATL
on the rest. Hence, RADEAN attains excellent ARU with acceptable AET and
ATL, ensuring the users’ QoS and indicating its great generalization.

Table 2. The ATL and MP on various job sets

Cap. Model Job

ATL (s) MP (%)

10 50 100 200 500 10 50 100 200 500

K = 48 RADEAN 1.245 1.196 1.669 1.753 1.849 19.20 23.37 62.96 76.51 85.90

DeepRA 1.302 1.212 1.706 1.759 1.872 24.00 24.72 67.45 78.29 88.16

MMRA 1.309 1.225 1.687 1.760 1.875 26.00 24.83 64.87 77.33 88.47

RP 1.716 1.207 1.554 1.844 1.823 58.00 24.72 52.10 85.90 83.14

K = 96 RADEAN 1.196 1.048 1.390 1.521 1.784 14.40 7.98 36.25 53.68 79.29

DeepRA 1.192 1.065 1.436 1.570 1.929 14.80 9.66 40.39 58.47 79.69

MMRA 1.233 1.054 1.421 1.567 1.792 17.20 8.65 38.99 58.14 80.08

RP 1.061 0.965 1.202 0.993 1.767 2.00 0.00 18.21 0.00 77.39

We also analyze the migration percentage of the tasks in Table 2. When K is
48, we see that the outcomes of RADEAN are near to the best results RP on job
set 100 and 500, and RADEAN has the least migration amount in other cases.
The increase in the task migration ratio leads to a growth in data transmission
delay, which corresponds exactly to the ATL results in Table 2. RADEAN not
only reduces ATL, ensuring users’ QoS, but also decreases the migration of task
data, cutting down the cost of task migration. We find that when the number of
tasks is large enough, the resources of the edge server can no longer meet task
requirements, which leads to a very high percent of task migration. Therefore, we



272 Z. Yu et al.

increase the resource capacity configuration of the edge server, and then proceed
to verify the performance of the proposed model.

Table 3. New results on two new task sets

Task Num ARU (%) AET (s) ATL (s) MP (%)

178 5.31 0.966 1.024 0.56

773 13.07 0.998 1.213 21.34

Extended Experiments. We set the resource capacity of edge server to be 96,
the same as the configuration of the selected machine in the data trace. In Fig. 5,
it can be seen that the ARU of RADEAN is still higher than other baselines,
achieving the same level of AET of tasks as other models except RP. Compared
with MMRA, RADEAN has the largest performance improvement of 48.21%
when job set is 10. Besides, when K = 96 in Table 2, RP has the least ATL.
Because setting larger resource capacity satisfies the resource requests for more
tasks when resource precedence mechanism is adopted, reducing task migration
and ATL. RADEAN accomplishes the sub-optimal solution. Also, as Table 2
displays, the migration ratio of tasks decreases after we raise the edge server
resource capacity. When the job numbers are 50 and 200, the ARUs of RP are
extremely low in Fig. 5(a) and the migration percent of RP is 0 in Table 2. We
analyze that this is because the resource requests of most tasks in these two data
sets are far lower than the resource capacity of the edge server. Therefore, tasks
are allocated with maximum resources and processed quickly, achieving very
short execution duration time. There are few resources occupied by unfinished
tasks in the sliding window, thereby gaining extremely small ARU. As Table 3
shows, we randomly sample another two new task sets with same size, and find
the ARUs of RP increase, which verifies our explanation.

(a) The ARU for various jobs
(b) The AET for various jobs

Fig. 5. Experiment results when K is 96
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Besides, in Fig. 6, we display the sample distribution in various replay buffers
when the numbers of migration in RADEAN and MMRA models are the least
among five experimental results. The tasks performed by RADEAN are the
same as or higher than MMRA’s. Moreover, it can be seen that regardless of the
capacity of computing resources, experiences will be stored in three reply buffers
of RADEAN. While MMRA stores all samples in one of the three replay buffers
in all cases. These results prove that the proposed model RADEAN distributes
samples into various buffers more evenly compared with MMRA. And it better
predicts the resource utilization of edge server from a long-term view, separates
the experiences, and reduces the interaction between them.

Ablation Study. In order to verify the impact of multi-replay memory and sam-
pling priority settings in RADEAN on resource allocation decisions, we conduct
ablation experiments, which use GAN to predict the future resource utilization.
The relevant models are described as follows:

– GM: Resource Allocation Model with GAN and Multiple Non-priority Replay
Buffers (GM). It verifies the influence of the priority in replay buffers.

– GSP: Resource Allocation model with GAN and a Single Replay Buffer with
Priority (GSP). It certifies the significance of multi-replay memory.

– GS: Resource Allocation Model with GAN and a Single Non-priority Replay
Buffer (GS), proving the impact of both priority and multi-replay memory.

(a) The results when K=48 (b) The results when K=96

Fig. 6. Sample distribution on various cases

As shown in Fig. 7, GS has the worst effect and RADEAN has the best results.
The maximum performance enhancement of RADEAN reaches 74.40% compared
with GS when K=48 and job set is 10. This shows that setting multi-replay
memory and adding priorities improve the performance of resource allocation.
Multiple replay buffers reduce the mutual influence between samples, thereby
enhancing the training effect. So RADEAN obtains higher ARU in the long-
term view. By assigning different weights for samples, those experiences which
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are more important and useful for resource allocation decisions have a greater
chance of being sampled. This design further advances the model effect. The ARU
of GSP is slightly higher than that of GM, indicating that priority has a higher
enhancement than multi-replay memory. The performance improvements of GSP
and GM are 4.55%–37.09% and 2.61%–30.26% compared with GS, respectively.

(a) The ARU result when K=48 (b) The ARU result when K=96

Fig. 7. The ARU ablation experiment results

(a) The AET when K=48 (b) The AET when K=96

Fig. 8. The AET ablation experiment results
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Table 4. The ATL and MP ablation results on various job sets

Cap. Model Job

ATL (s) MP (%)

10 50 100 200 500 10 50 100 200 500

K = 48 RADEAN 1.245 1.196 1.669 1.753 1.849 19.20 23.37 62.96 76.51 85.90

GM 1.277 1.209 1.687 1.763 1.866 22.00 23.82 64.76 77.64 87.56

GSP 1.279 1.214 1.695 1.760 1.864 21.60 24.72 65.71 77.25 87.35

GS 1.284 1.212 1.694 1.761 1.867 22.80 25.28 66.67 78.58 87.74

K = 96 RADEAN 1.196 1.048 1.390 1.521 1.784 14.40 7.98 36.25 53.68 79.29

GM 1.215 1.067 1.441 1.501 1.782 16.00 10.45 40.62 54.13 80.14

GSP 1.216 1.054 1.404 1.536 1.789 16.00 9.89 37.31 55.16 79.83

GS 1.226 1.077 1.450 1.546 1.792 16.80 10.90 41.68 56.22 80.14

(a) The results when K=48 (b) The results when K

Fig. 9. Sample distribution ablation results

In Fig. 8, the AET of RADEAN is close to or slightly higher than other
ablation models. But a higher ARU is realized with the acceptable time increase.
From Table 4, we can see that RADEAN gets the smallest migration percent of
tasks in all conditions and GS has the worst results. Also, RADEAN has the
optimal ATL results almost in all conditions, and GS has the highest ATL. This is
because GS lacks a multi-replay memory design, which leads to mutual influence
between samples. The uniform sampling method of GS further reduces the effect
of resource allocation decisions, leading to an increase in the MP of tasks and
ATL. We also count the number of samples in different replay buffers when GM
and RADEAN migrate the least number of tasks among the five experiments.
As Fig. 9 displays, RADEAN distributes samples more evenly to different buffers
compared with GM. What’s more, RADEAN executes more tasks, which reduces
the MP and migration cost of tasks.

6 Conclusion

Performing resource allocation efficiently of the edge server is of great significance
both to users and service providers. In this paper, we have proposed a model
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named RADEAN, which uses an improved deep reinforcement learning of mul-
tiple replay buffers with priority for resource allocation. Combined the resource
utilization rate predicted by GAN, current resource usage and task queue status
together, DRL makes resource allocation decisions for tasks. We have conducted
experiments on real-word data. The results prove that RADEAN obtains higher
average resource utilization with generalization than traditional and state-of-
the-art methods under acceptable task execution time and transmission latency,
reaching the maximum performance improvement of 48.21% over MMRA. The
ablation experiments confirm the effectiveness of the multi-replay memory and
priority settings to improve the resource allocation performance.
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