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Abstract. The artificial intelligence training of the terminal clients is mostly
limited by the insufficient computing power and energy shortage of the client itself,
as well as the client’s offline andmalfunction, which lead to the terminal intelligent
training consuming a large amount of system time. A trusted server is introduced
in this scenario, which allows the training tasks of terminal clients to be offloaded
to the edge server, to solve this problem. Firstly, a joint optimization model of
computation offloading and resource allocation for federated training in mobile
edge networks is established. Then the optimization problem is transformed into a
Markov process, and the DQN algorithm is applied to obtain the optimal decision.
Large amounts of simulation results show that the proposed algorithm reduces the
training delay of terminal clients effectively.
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1 Introduction

In recent years, with the widely used of IoT applications, the demand for network band-
widths brought by the transmission of massive data and the increasing real-time demand
from mobile users have brought grand challenges to data transmission and data process-
ing of the cloud server. Therefore, the framework that marginalizes computing has come
into being. Mobile Edge Computing (MEC) sets up edge servers on the edge of the net-
work to provide computing services for terminal devices and assist clients in completing
interactive intelligence training.

With the arising of large amounts of research on edge computing, the optimization
strategies of task offloading and resource allocation [1] have become research hotspots as
the key to edge computing technology. The joint optimization problems of task offloading
and resource allocation aremostly in the form ofMixed Integer Non-Liner Programming
(MINLP) with the complexity of NP-hard. A large number of papers solve the problem
based on convex optimization theory [2–4]. In addition to the convex optimization theory,
some researchers use heuristic algorithms such as genetic algorithm, particle swarm
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optimization algorithm, and ant colony algorithm [5] or game theory [6, 7], such as
alliance game and Stackelberg theory to optimize the computation offloading strategies
in edge computing.

Machine learning which has become very hot in recent years also provides a new
solution to this optimization problem. Deep Reinforcement Learning (DRL) integrates
the perceptive expression ability of neural networks [8] and the decision ability of rein-
forcement learning [9] and has received more attention on the joint optimization of
computation offloading and resource allocation [10–15].

Computation offloading problems can be divided into local executing, partial offload-
ing, and full offloading. Different from previous data processing tasks, artificial intelli-
gence training generally prefers not to divide the training data. Therefore, training tasks
of terminal clients are either executed locally or completely offloaded to the edge server.

At the same time, the artificial intelligence training of the terminal clients is mostly
limited by the insufficient computing power and energy shortage of the client itself, as
well as the client’s offline andmalfunction, which lead to the terminal intelligent training
consuming a large amount of system time. To alleviate this pressure, this paper proposes
a trusted training assistance strategy. A deep reinforcement learning algorithm is used to
solve the joint optimization problem of computation offloading and resource allocation.
Large amounts of simulation results show that this method is effective and stable in
reducing system delay.

The main innovations of this paper are summarized as follows:

(1) A joint optimization model of computation offloading and resource allocation for
federated training in mobile edge networks is established.

(2) The optimization problem is transformed into a Markov process, and the optimal
decision is solved by using the DQN algorithm. Large amounts of simulation results
verify that our algorithm is effective and much more time-saving compared with
several baseline algorithms.

The remaining contents are arranged as follows. In Section II, we present the system
model. In Section III, a joint optimization algorithm of computation offloading and
resource allocation based on DQN is introduced. Section IV presents the experimental
results and analyses in detail. At last, we give a conclusion of our work in Section V.

2 System Model

In this paper, a trusted server is considered, which is used to assist the terminal clients’
training tasks. The system consists of an edge server and N mobile intelligent clients.
Artificial intelligence training can be performed on every terminal client. Orthogonal
frequency division multiple access technology is adopted to communicate between the
edge server and terminal client.
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2.1 Communication Model

The wireless transmission rate between client n and edge server is expressed as Eq. 1.

rupn = Bn
B

b
log2(1 + pnhn

δ2
) (1)

where Bn denotes the number of unit bandwidth between client n and edge server. B
denotes the system bandwidth and b is the total number of unit bandwidth. Every client
can occupy serval unit bandwidths, while every unit bandwidth can only be occupied
by one client. pn denotes the transmit power of client n in the upload link. hn denotes
the channel gain at a reference distance d = 1m. δ2 denotes the noise power. Given the
transmission rate and the data size of offloading tasks, the transmission delay can be
written as Eq. 2.

tupn = Dn

rupn
(2)

where Dn denotes the data size of every training epoch with its unit being bits.
Correspondingly, the communication energy consumption can be presented as Eq. 3.

eupn = tupn · pn (3)

2.2 Computation Model

In our system, training tasks can only be executed locally or all be offloaded to the edge
server. When the data generated by client n is offloaded to the edge server, it is processed
at the edge server and the calculation time is shown in Eq. 4.

tMEC
n = ϕn

fn
(4)

where fn denotes the computing capacity that client n allocated from the edge server, its
unit is cycles/s. ϕn = Dn · r，r denotes the number of CPU cycles required to process
each bit of data.

When the tasks is executed locally on client n, the calculation time is expressed in
Eq. 5.

tIOTn = ϕn

f IOTn
(5)

where f IOTn denotes the calculated frequency of client n and the energy consumption of
client n can be presented as Eq. 6.

eIOTn = k ·
(ϕn

T

)2 · ϕn (6)

where k denotes the effective switching capacitance determined by the chip structure.
Therefore, the time consumed on training the data of client n can be presented as Eq. 7.

tn = αn ·
(
tupn + tMEC

n

)
+ (1 − αn) · tIOTn (7)
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When the data of client n executes locally, we set αn = 0, while it is offloaded and
trained to the edge server, αn = 1.

Since the edge server can support the entire data processing, we do not think about
the energy consumption of the edge server. The energy consumption of client n is defined
as Eq. 8.

en = αn · eupn + (1 − αn) · eIOTn (8)

2.3 Problem Formulation

Based on the communication and computation model, the optimization problem in the
trusted server-assisted edge intelligent training system is formulated. Tomake full use of
the limited client energy, computing resources, and bandwidth resources, we optimize
task offloading and resource allocation jointly in the system intending tominimize system
delay. Specifically, the optimization problem can be expressed as follows:

MinBn,fn,αn

M∑
m=1

N∑
n=1

Tn(m) (9a)

∑N

n=1
Fn,m ≤ FMECm = {1, 2, . . . ,M } (9b)

∑N

n=1
Bn,m ≤ Bm = {1, 2, . . . ,M } (9c)

∑M

m=1
En,m ≤ Estart

n n = {1, 2, . . . ,N } (9d)

αn = {0, 1} (9e)

where (9a) is our optimization object. There are M steps in each training epoch. Con-
straint (9b) guarantees that the computing frequencies allocated to all the clients should
not be beyond the computation capability of the edge server. Constraint (9c) guarantees
that the bandwidth allocated to all the clients should not be beyond system bandwidth.
Constraint (9d) guarantees that no client will run out of power in M steps. Constraint
(9e) guarantees that the training task can only be executed locally or be offloaded fully
to the edge server.

3 DQN-Based Computation Offloading and Resource Allocation
Optimization

Deep reinforcement learning combines deep learning and reinforcement learning. It
uses deep neural networks to identify high-dimensional data effectively, making rein-
forcement learning algorithmsmore effective in processing high-dimensional state space
tasks. In this paper,we convert the optimization problem into aMarkov decision problem.
Firstly, we need to determine the state space, action space, and reward function.
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3.1 State Space

In the mth step, the state of the agent contains the basic information of all clients,
the current resource allocation and offloading condition. The state of the agent can be
expressed as Eq. 10.

Sm = {en,m,Bn,m,Fn,m, flagn,m} (10)

where n ∈ {1,2, 3...,N }, en,m denotes the remaining energy of client n in the mth step.
Bn,m Denotes the allocated bandwidth in this system of client n in the mth step. Fn,m

Denotes the allocated computation capability of client n in the mth step from the edge
server. flagn,m Denotes the flag of data offloading of client n in the mth step.

3.2 Action Space

In themth step, the agent action includes the decision of computation offloading and the
decision of resource allocation. The agent action can be expressed as Eq. 11.

Am = {�Bn,m,�Fn,m,�flagn,m} (11)

where n ∈ {1,2, 3...,N },�Bn,m denotes the variation of the bandwidth allocated to client
n in the mth step. �Fn,m denotes the variation of the computation capability allocated
to client n in the mth step. �flagn,m denotes the flag of task offloading of client n in the
mth step.

3.3 Reward Function

For the agent, when performing each action in a certain state, we can obtain a corre-
sponding reward value, which will guide the learning direction of the agent. The agent
will enter the t + 1 after performing At from the state of St . According to At and St+1,
the corresponding reward value Rt+1 can be obtained. In general, the reward function
is related to the optimization goal. In this scenario, our objective of the joint optimiza-
tion of computation offloading and resource allocation is to minimize the model training
delay, while the target of reinforcement learning is tomaximize the long-term cumulative
reward. The reward function in the mth step is defined as Eq. 12.

Rt = 1

max{Tn} (12)

where Tn = αn • (tupn + tMEC
n ) + (1 − αn) • tIOTn , n ∈ {1,2, 3, . . . ,N }.
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3.4 Dqn

DQN algorithm calculates Q value based on Q-learning and uses a neural network to
simulate Q function. After we gather sufficient training samples, the samples in the cache
pool are used to train the neural network parameters of the Q function, and the neural
network gradually approaches the actual Q function after continuous iterations.

The algorithm adopts the approximate action function Q (s, a, w) output by two fully
connected layers (32 nodes in the first hidden layer, 64 nodes in the second hidden layer)
to approximate the real action-value function qπ (s, a).

Q(s, a,w) ≈ qπ (s, a) (13)

In general, we determine the loss function L(w) first, then calculate its gradient
and update the parameter w by gradient descent or other optimization methods. DQN
constructs the loss function of the network based on the Q-Learning algorithm.

L(w) = Eπw

[(
r + γmaxa,Q

(
s′, a′,w

) − Q(s, a,w)
)2] (14)

where w is the network parameters, r + γmaxa′Q
(
s′, a′, w

)
is the target Q value, and

Q (s, a, w) is the predicted Q value.

Target Network. DQN calculates the target Q value using a dedicated target network
instead of the pre-updated Q network. Since the Q value of the target network remains
Unchanged for a while, the correlation between the Predicted Q value and the target Q
value is reduced to a certain extent, and the possibility of loss oscillation and divergence
is reduced during training, Which fully guarantees the training time and improves the
stability of the algorithm. The formula for calculating the DQN loss function L(w) under
dual network architecture is Defined as Eq. 15.

L(w) = Eπw [(r + γmaxa,Q(s′, a′,w′) − Q(s, a,w))2] (15)

Experience Replay. The input samples are required to be independent and equally
distributed from each other in deep learning, while samples are often associated and
non-static in reinforcement learning. If we train the model with the associated data
directly, problems such as the difficulty of convergence and continuous fluctuation of
the loss value will be caused.

There goes the detailed process of the DQN algorithm in algorithm 1.
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4 Results and Analysis

4.1 Simulation Setting

In this section, the effectiveness of the proposed DQN-based resource allocation and
computation offloading scheme is verified. The simulation environment is Python 3.8.8
and Pytorch 1.9.1. In the experiment, the amount of data to be trained for each step is
set as 200Mbits, and the computation capability of the edge server is set as 40GHz. The
other parameters are listed in Table 1.

To verify the effectiveness of our algorithm, we compare it with the other three
baseline algorithms.

Random. Whether the samples of each client are offloaded, the amount of the allocated
system bandwidth and the amount of allocated computation capability from the edge
server are determined randomly.
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Table 1. Table captions should be placed above the tables.

Symbols Means Values

K the number of clients 3

b the number of unit bandwidth 8

r the number of CPU cycles required to process each bit of data 1000

h the channel gain at a reference distance d = 1m −30dB

p uplink transmission power 1W

δ2 noise power −100dBm

s the influence factor of chip structure on CPU processing 10−25

F the computing frequencies of the edge server 40GHz

Local-Only. Samples of all clients train locally.

Offload-Only. Samples of all clients train in the edge server.

4.2 Simulation Results and Discussions

Parametric Analysis. Firstly, we conduct large amounts of experiments to explore the
optimal hyperparameters in our resource allocation and computation offloading scheme
based on the DQN Algorithm. The convergence curves of the proposed algorithm under
different learning rates are shown in error! reference source not found.When the learning
rate is 0.001, It is difficult to converge with the optimization process oscillating back
and forth next to the optimal value. We obtain the convergence curves in the other two
cases, but when the learning rate is 0.00001, the convergence rate is slower than that
with the learning Rate is 0.0001 (Fig. 1).

Performance comparison. Figure 2 Shows the curves of system delay from four
different computation offloading and resource allocation schemes.As shown inFig. 2, the
delay of local-only is fixed.Due to the limitation of system transmission bandwidth or the
computation capability supplied by the edge server, the delay of theOffload-only scheme
is large. Andwith the increase of system resources, the delay ofOffload-only schemewill
decrease significantly. The system delay of the random scheme is distributed randomly.
The scheme based on DQN has strong learning and decision-making ability, and its
curve tends to converge after training hundreds of epochs. Meanwhile, the minimum
system delay can be obtained by the DQN algorithm compared with other algorithms.



Computation Offloading and Resource Allocation for Edge Intelligence 197

Fig. 1. Curves under different learning rates.

Fig. 2. Comparison of different algorithm.

5 Conclusion

In this paper, a trusted server is introduced in the edge intelligent computing scenario,
which allows the training tasks of terminal clients to be offloaded to the edge server,
to solve the problem of limited energy and computation capability of terminal clients.
Firstly, a joint optimization model of computation offloading and resource allocation for
federated training inmobile edge networks is established. Then the optimization problem
is transformed into a Markov process, and the DQN algorithm is applied to obtain
the optimal decision. Simulation results show that the proposed algorithm effectively
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reduces the training delay of terminal clients. More effort will be put into other deep
reinforcement learning algorithms in the next step, to solve the computation offloading
and resource allocation.
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