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Abstract. Wireless virtual reality (VR) is expected to be one of the
most pivotal applications in 5G and beyond, which provides an immer-
sive experience and will greatly renovate the way people communicate.
However, the challenges of VR service transmission to provide high qual-
ity of experience (QoE) and a huge data rate remain unsolved. In this
paper, we formulate an optimization of the mode selection and resource
allocation to maximize the QoE of VR users, aiming at the optimal
transmission of VR service based on the cloud-edge-end architecture.
Moreover, a distributed game theory based deep reinforcement learning
(DGTB-DRL) algorithm is proposed to solve the problem, which can
achieve a Nash equilibrium (NE) rapidly. The simulation results demon-
strate that the proposed method can achieve better performance in terms
of training efficiency, QoE utility values.

Keywords: Virtual reality · Reinforcement learning · Resource
allocation · Mobile edge network

1 Introduction

Based on the existing three service scenarios in wireless communication,
enhanced mobile broadband (eMBB), massive machine type communications
(mMTC) and ultra-reliable low latency communications (uRLLC), virtual real-
ity (VR) develops rapidly and is considered to be one of the most promising
application in the next generation, which will greatly renovate the way people
communicate [1]. With the growth of multiple access for various scenarios, video
applications represented by VR are required with an exponential increase of data
rate, which brings up challenges. It is foreseeable that the system capacity will
desire to be multiple 1000. Additionally, VR services are obliged to provide low
latency and high quality of experience (QoE) to prevent users from feeling dizzy.
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Benefit from mobile edge computing (MEC) which has been considered as
an essential network architecture for future wireless networks [2], many works
focused on reducing the amount of data transmission by delivering computation
and communication resources to the network edge. The authors in [3] introduced
MEC into the internet of things (IoT) network and proposed a deep reinforce-
ment learning (DRL) based scheme to optimize the communication and com-
puting resource allocation. To apply MEC in vehicle networks, [4] proposed to
utilize DRL to find the policies of computation offloading and resource allocation
in stochastic traffic and other uncertain communication conditions.

Additionally, there are dozens of works that concentrate on QoE optimization
of cross-layer transmission in the wireless network. The author in [5] proposed an
artificial intelligence (AI) aided joint bit rate selection and radio resource allo-
cation scheme in fog-computing based radio access networks (F-RANs) based on
multi-agent hierarchy DRL. [6] came up with an online learning method to solve
the fast device-to-device (D2D) clustering and mode selection joint problem in
both large-scale and small-scale scenarios, while [7] proposed a deep learning
approach with an adaptive VR framework to conquer association, offloading
and caching problem in real-time VR rendering tasks. To optimize VR con-
tent delivery while meeting high transmission rate requirements, [8] formed a
Lagrangian dual decomposition approach to solve multiple dimensional knap-
sack problem, which realized a communications-caching-computing tradeoff for
mobile VR devices.

However, there is little research to develop a distributed DRL method based
on game theory to solve the joint optimization issue. As the matter of fact,
the distributed learning methods have better flexibility and adaptability than
the centralized ones [7]. Taking the adaptation capability and the scalability
into account, in this paper, we focus on the transmission of VR service based
on the cloud-edge-end architecture and formulate a joint optimization of the
mode selection and resource allocation to maximize the QoE of all VR users.
Furthermore, we propose a distributed game theory based DRL (DGTB-DRL)
algorithm to conquer the above highly complex problem, which can achieve a
Nash equilibrium (NE) within less time. At last, the simulation results show the
superiority of the proposed method in terms of training efficiency, QoE utility
values.

The remainder of this paper is organized as follows. Section 2 and Sect. 3
introduce the system model and present the problem formulation. The proposed
algorithm is presented in Sect. 4. In Sect. 5, simulation results of the proposed
method are presented and analyzed. Finally, the conclusion is given in Sect. 6.

2 System Model

2.1 Network Model

In this paper, we consider a mobile edge network composed of Y cloud nodes, M
edge nodes and U user equipments as a cloud-edge-end collaborative framework,
as shown in Fig. 1. The original VR game resources are centrally managed by
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the cloud server on the cloud nodes. Equipped with edge servers, edge nodes
served as access points are distributedly deployed in the VR environment on a
large scale. End nodes are defined as VR headsets worn by real users.

Fig. 1. Cloud-edge-end VR system model.

Considering the different quality of service requirements and the computation
capabilities of different users, the VR user can choose three modes to transmit
the contents, (1) cloud mode, (2) edge mode, and (3) local mode. The cloud
nodes transmit the contents directly in cloud mode while the edge nodes serve
users simply in edge mode. Specially, there are F femto base stations (BS) for
short distance transmission in local mode. Therefore, we denotes the set of all
transmitting nodes by T N = {pn1, . . . , pny,mn1, . . . ,mnm, fn1, . . . , fnf}, with
the set of the transmitting nodes’ indices N = {0, 1, . . . , L − 1}, where L =
Y + M + F .

2.2 Communication Model

Assume that different transmitting nodes may associate with different sets of end
nodes with K shared orthogonal channels. A binary mode selection indicator
is given by V = {vl

i(t), i ∈ U , l ∈ N}, where U = {1, . . . , U}. And we have
vl

i(t) ∈ {0, 1}, where vl
i(t) = 1 indicates that the ith user selects the T N l as its

transmitting node and vl
i(t) = 0 otherwise. We assume that each user can only

choose one mode at any time, the following constraint should be met,

L−1∑

l=0

vl
i(t) ≤ 1,∀i ∈ U . (1)

Meanwhile, assume that spectrum resource is divided into K = {1, . . . , K}
channels for users. We denote a binary channel allocation indicator by C =
{ck

i (t), i ∈ U , k ∈ K}. We have ck
i (t) ∈ {0, 1}, where ck

i (t) = 1 indicates that the
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ith user select channel Ck at time t. Considering the limitation of simultaneous
transmission, we assume that each user can only choose one channel at any time,
the following constraint should be met,

K∑

k=1

ck
i (t) ≤ 1,∀i ∈ U . (2)

All transmitting nodes share the same downlink spectrum. At the same time,
to avoid interference between users, the spectrum is orthogonal allocated to each
client node under the edge node. Thus, there is interference among cloud nodes,
edge nodes and femto BSs. Let hk,l

i (t) be the channel gain between transmitting
node T N l and the ith user allocated channel Ck at time t. The received signal
to interference plus noise ratio (SINR) is given by

SINRk,l
i (t) =

vl
i(t)c

k
i (t)pk,l

i (t)hk,l
i (t)

Intk,l
i + σ2

, (3)

where pk,l
i (t) is the transmit power used on channel Ck gain between node T N l

and the ith user at time t, Intk,l
i =

∑
j �=l v

j
i (t)c

k
i (t)pk,l

i (t)hk,j
i (t) denotes the

interference and σ2 denotes the noise power.
As a result, the downlink data rate of the ith user from node T N l on channel

Ck can be calculated by

rk,l
i (t) = W log2

(
1 + SINRk,l

i (t)
)

, (4)

where W denoted the channel bandwidth.
For convenience, we focus on the chosen channel (the rate is abbreviated as

rl
i(t)) and assume that ql

i(t) denotes the total bits of transmission, the transmis-
sion time is given by

TRl
i(t) =

ql
i(t)

rl
i(t)

,∀i, l. (5)

Therefore, we have the total downlink data rate of the ith user which is expressed
by

ri(t) =
L−1∑

l=0

K∑

k=1

rk,l
i (t) =

L−1∑

l=0

K∑

k=1

W log2
(
1 + SINRk,l

i (t)
)

. (6)

2.3 Computing Model

In this system, the frame calculation of video rendering is also indispensable for
VR users. The computing task requested by users is scheduled by the servers
on the transmitting nodes. At time t, Cl

i(t) denotes the computational resource
which is assigned to the ith user from node T N l. Thus, the time consumed for
computing tasks is given by

TCl
i(t) =

Dl
i(t)

Cl
i(t)β

,∀i, l, (7)
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where Dl
i(t) denotes the data size at time t, β is the computation capacity of

the server per CPU cycle. Let Csum denote the total computational resource,
the following constraint should be met,

U∑

i=1

L−1∑

l=0

Cl
i(t) ≤ Csum. (8)

2.4 Quality of Experience Model

Most existing QoE model building methods rely on the prior assumption that
the QoE score and quality of service (QoS) parameters have specific mathe-
matical expressions. A commonly used model for QoE prediction is given by
a rational model with a logarithmic function, which is defined by network-level
parameters (packet loss rate) and application-level parameters (i.e., send bitrate,
frame rate). Based on [9], the time of video stalling should be kept at a low
level to enhance the user’s experience. We convert logarithm to linear weighting
and make a reasonable migration assumption. Similar to [10], the time-average
stalling probability is defined as

lim
t→∞

1
t

t−1∑

τ=0

1
LK

L−1∑

l=0

TCl
i(τ)

TRl
i(τ)

, (9)

and the time average bitrate is calculated by

lim
t→∞

1
t

t−1∑

τ=0

1
LK

L−1∑

l=0

K∑

k=1

rk,l
i (τ). (10)

In order to jointly consider the above factors, we define the average QoE for
the ith user at processing period t as

QoEi(t) =
1

LK

L−1∑

l=0

K∑

k=1

[
ω1r

k,l
i (τ) − ω2

TCl
i(τ)

TRl
i(τ)

]
, (11)

where ω1 and ω2 are non-negative weights representing the relative importance
of QoE.

3 Problem Formulation

Consider that all end nodes are desired to get the maximum transmission rate
from transmitting nodes while keeping a quite low latency. We assume that
the SINR of the ith user SINRi(t) should not be less than the minimum QoS
threshold ξi,

SINRi(t) =
L−1∑

l=0

K∑

k=1

SINRk,l
i (t) ≥ ξi, (12)
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Furthermore, taking transmission cost into consideration, we define λl as the
unit price of the T N l transmit power. Distinctly, λl has a negative correlation
with ω1. Thus, we make ω2 = λl.

Similarly, the ith user obtains the achieved profit which is given by ρi. We
have ω1 = ρi.

Our goal is to develop an effective joint mode selection and resource allocation
scheme to maximize the QoE of the VR users. The optimization problem can be
formulated as follows,

P0 : max
V,C

QoEi(t)

s.t.C1 :
L−1∑

l=0

vl
i(t) ≤ 1,

K∑

k=1

ck
i (t) ≤ 1,∀i ∈ U

C2 :
U∑

i=1

L−1∑

l=0

Cl
i(t) ≤ Csum

C3 :
L−1∑

l=0

K∑

k=1

SINRk,l
i (t) ≥ ξi,∀i ∈ U

(13)

where the first constraint C1 denotes the mode and the channel limitation. C2
limits the computation resource of computing servers, and the third constraint
C3 means that each user should achieve the minimum QoS threshold.

Sequentially, mode-selection action taken by users may consume cost, the
reward of the ith user should be given as the QoE utility minus the action-
selection cost Ψi, that is,

Ri(t) = QoEi(t) − Ψi (14)

where Ψi ≥ 0 acts as a punishment for the negative reward. To achieve the
minimum QoS of all users, the punishment should be set large enough. Besides,
the joint optimization problem is to maximize the long-term reward. We define
the long-term reward Φi as the weighted sum of the instantaneous rewards over
a finite period T . Hence, we can transfer P0 to P1 as

P1 : max
V,C

T−1∑

t=0

γtRi(t)

s.t.C1 :
L−1∑

l=0

vl
i(t) ≤ 1,

K∑

k=1

ck
i (t) ≤ 1,∀i ∈ U

C2 :
U∑

i=1

L−1∑

l=0

Cl
i(t) ≤ Csum

C3 :
L−1∑

l=0

K∑

k=1

SINRk,l
i (t) ≥ ξi,∀i ∈ U

(15)
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where γ ∈ [0, 1) denotes the discount rate to determine the weight of the future
reward. When γ = 0, we only focus on the immediate reward. γ ≤ 1 means that
future rewards are smaller than the rewards in the earlier periods.

4 DGTB-DRL for the Optimization Problem

In particular, it is worth noting that the action space of the issue increases
exponentially with the growth of the number of transmitting nodes and channels.
Owing to the non-convex and combinatorial characteristics, it is a great challenge
to find a globally optimal strategy for the joint mode selection and resource
allocation problem. Besides, the traditional centralized learning method may
need global information of all nodes to achieve the optimal solution. Hence, we
develop a distributed game theory based DRL (DGTB-DRL) method for the
optimization problem in the mobile edge network.

Suppose that all users do not know the network environment and the qual-
ity of transmitting nodes. At any time t, the reward of each user relies on the
current state of the network environment and the action of other users. Thus,
the learning game meets Markov property [11]. We formulate the joint optimiza-
tion problem as a regular Markov decision process (MDP). The corresponding
quadruple 〈S,Ai,P,Ri〉 is defined as follows.

1. State space S: For the sake of convenience, let s(t) denote the state of link
quality at time t,

s(t) = {s1(t), s2(t), . . . , sU (t)}, (16)

where si(t) ∈ {0, 1} is a binary indicator. si(t) = 1 means that the ith user
satisfies the minimum QoS threshold ξi and si(t) = 0 otherwise. It is critical
that the number of possible states is as large as 2U .

2. Action space Ai: Considering the uniqueness of chosen transmitting node
and channel for each user, we define the action space as

al
i(t) = {vl

i(t), c
l
i(t)}, (17)

where vl
i(t) ∈ {0, 1} and ck

i (t) ∈ {0, 1} are binary indicators and vl
i(t) ∈

{v0
i (t), . . . , v(L−1)

i (t)}, cki (t) ∈ {c1i (t), . . . , cK
i (t)}.

3. State transition probability P: The state is transferred by taking the action.
We have state transition probability as follows:

Pss′(�a) = P [St+1 = s′ | St = s,At = a] , (18)

where �a = (a1, . . . , aU )T is the joint action of all users.
4. Reward function Ri: When the ith user makes a decision and takes the

action al
i(t), it receives an immediate reward which is referred to (14). We have

Ri(t) ∈ {R1(t), . . . , RU (t)}. Assume that the whole system is stationary, the
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policy πi is defined as a time-invariant mapping S → Ai. According to formula-
tion (15), the long-term reward can be formulated as follows.

Ri(s, πi, π−i) =
T−1∑

t=0

γtRi(s(t), πi(t), π−i(t) | s(0)), (19)

where π−i = (π1, . . . , πi−1, πi+1, . . . , πU ) is the policy of the rest U − 1 agents.
Notice that the reward of each user depends not only on its decisions but

also on the decisions of other users. Therefore, the centralized optimization for
such complex problems is unsuitable. To conquer the above shortcoming, we
propose a distributed learning method. When the network changes dynamically,
the system needs to rerun the entire scheme to reach the Nash equilibrium (NE)
with traditional methods. Using the DGTB-DRL method proposed in this paper,
each user can predict the utility generated by each action from multiple states
with little consumption of computation and latency.

Hence, we formulate a stochastic game
〈
U , {Ai}i∈U , {Ri}i∈U

〉
that is

involved in all users, where the utility function of the game is equivalent to
Eq. (19) for convenience. Besides, (�ai,�a−i) ∈ Ai is defined as the feasible solu-
tion space of this game where �a−i are actions of the other users.

To solve the proposed problem, we used the pure-strategy NE theorem, that
is:

Ri

(
s,�a∗

i ,�a
∗
−i

)
≥ Ri

(
s,�ai,�a

∗
−i

)
, (20)

The game reaches its NE state if and only if the inequalities above stay true.
Next, we resort to the DRL method to obtain an NE strategy, where we

adopt the double-dueling DQN model to interact with the dynamic environment.
Figure 2 shows the procedure of the proposed method.

To solve the problem of overestimation in typical DQN, the online network
and the target network are linked up to calculate the target instead of using the
target network alone, which is the essence of double DQN [12]. The target is
expressed by

yi = Ri + γQ̂i

(
s′, arg max

ai∈Ai

Qi (s′, ai; θ) ; θ−
)

. (21)

Moreover, the dueling architecture [13] is introduced to improve the training
efficiency of DQN by estimating a part of the value of actions, which can be
expressed by

Q(s, a) = A(s, a) + V (s) (22)

The overall algorithm is illustrated in Algorithm1.
According to the increasing utility and the existence of its upper bound, the

purpose game will achieve convergence eventually within finite steps. Therefore,
the purpose DGTB-DRL algorithm can guarantee to achieve a pure strategy NE.
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Fig. 2. Deep reinforcement learning with double-dueling DQN model.

5 Simulation Results and Discussions

In this section, simulations are executed to evaluate the performance of the
proposed algorithm which shows the advantages of the proposed method in terms
of training efficiency and system utility. Similar to [14], we consider a mixed VR
scenario consisting of 2 cloud nodes, 8 edge nodes 30 end nodes whose correlated
transmission radiuses are 500 m, 100 m and 30 m, respectively. We conduct the
simulation on a 64-bit computer with 16 GB of RAM and Intel i7 1.8 GHz. The
other simulation parameters of the proposed solution are defined in Table 1.

Table 1. Simulation parameters.

Parameter Value

Channel bandwidth W 180MHz

Orthogonal channels K 20

Transmit power 40, 30, 20 dBm

Path loss model of cloud/edge node 34 + 40 log(d)

Spectral noise power density N0 −174 dBm/Hz

Minimum QoS threshold ξi 5 dB

Action-selection cost Ψi 0.001

Non-negative weight ω1 0.5

Non-negative weight ω2 0.0005
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Algorithm 1. DGTB-DRL for the optimization problem
Input: The list of allowed actions taken by all users.
Output: The strategy of all users that meets the QoS threshold.
1: Initialization
2: Initialize the replay memory D with capacity Lrp.

3: Initialize the online DQN Q and the target DQN Q̂ with θ− = θ.
4: Run:
5: while episode ≤ T1 (total episodes in a trial) do
6: Observe the network state s.
7: while step ≤ T2 (total steps in an episode) do

8: Each user selects an action ai using ε-greedy policy from Q̂.
9: Each user obtains the current immediate reward Ri .

10: Each user gets the new state s′ by communications and sets s ← s′.
11: Store transition tuple (s, ai, Ri, s

′) in D.

12: Update the online DQN Q and the target DQN Q̂.
13: Sample a mini-batch from D randomly.
14: Calculate the target based on (21).
15: Calculate the loss and minimize the loss function through gradient descent

16: Every T0 steps, update the target DQN Q̂ with θ− = θ
17: if the system state is s = (1, . . . , 1) then
18: Break.
19: end if
20: end while
21: end while
22: Return: The optimal allocation scheme, mode selection strategy and the total

reward.

In our experiments, the deep neural networks in DGTB-DRL are composed
of an input layer, 3 hidden layers and an output layer using the ReLU function
for activation function. We initialize 500 episodes and 500 steps for a trial, 8 for
mini-batch size and 500 for replay memory D. The ε-greedy policy is utilized
linearly with ε from 0 to 0.9.

5.1 Evaluation of Different Learning Parameters

Firstly, the proposed method is evaluated with various learning rates η. Figure 3
demonstrates the training efficiency with varying η. At the early phase of the
process, training steps are huge in all trials. As the number of episodes grows
up, training steps tend to converge with narrow fluctuation. Furthermore, as η
decreases, the speed of convergence increases that shows all users satisfy the QoS
threshold through exploration and exploitation. However, when η = 0.0001, the
learning convergence becomes unstable at the end of the process. Considering
comprehensive performance, η is hence chosen to be 0.01.

Next, we evaluate the performance of the proposed method with different
optimization strategies. As shown in Fig. 4, as well as learning rates, training
steps are very large in all cases at the early phase. As the number of episodes
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Fig. 3. Training steps of different learning rates η.

grows up, the RMSProp optimizer and Adagrad optimizer show better conver-
gence than Adam. Consequently, we choose the Adagrad optimization strategy
in our DGTB-DRL method.

Fig. 4. Training steps of different optimization strategies.

5.2 Simulation of Different Scenarios

Secondly, simulations of various scenarios are executed to verify the proposed
method. The number of end nodes is varied in this experiment. Figure 5 indicates
that the efficiency of the DGTB-DRL method is decreasing with the growth of
the number of users. Concretely, when U = 10 the speed of convergence is faster
than U = 20 and U = 30, which means that as U increases, it takes more time
for agents to get their optimal action vector and achieve the NE due to the
increase of interference.
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Fig. 5. Training steps with various numbers of end nodes.

Moreover, Fig. 6 demonstrates the performance of the DGTB-DRL method
with different minimum QoS thresholds of users ξi. When ξi = 0dB and ξi =
−5 dB, the curves of learning efficiency perform well. However, with the growth
of QoS requirements, more steps need to be tried for the proposed method to
meet users’ experience.

Fig. 6. Training steps with different minimum QoS thresholds of users.

5.3 Performance of Different Algorithms

Ultimately, the performance of training efficiency and total QoE utility value
of the DGTB-DRL method are compared with several mainstream optimization
algorithms which are presented in Figs. 7 and 8. For the convenience of compar-
ison, the curves of training steps in Fig. 7 are fitted. The proposed DGTB-DRL
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algorithm shows better performance in terms of training speed and convergence.
Moreover, the simple genetic algorithm (SGA) as the classic method to solve
the optimization problem is also considered with varying numbers of users. On
account of computational complexity, the experiment of SGA terminates at 30.
As the number of users increases, the total QoE utility increases in all optimiza-
tion methods. Specifically, three learning methods perform better than SGA and
achieve approximately the same QoE utility. However, the DQN method and Q-
learning method obtain less QoE utility when users of the system get higher,
which shows the superiority of the proposed DGTB-DRL method.

Fig. 7. Training steps of different learning methods.

Fig. 8. Total QoE utility of different optimization methods.
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6 Conclusion

In this paper, we focus on the transmission of VR services based on the cloud-
edge-end architecture towards future generation communication. Foremost, we
formulate a joint optimization of the mode selection and resource allocation to
maximize the QoE of VR users. Then we propose the DGTB-DRL algorithm
to conquer the high complexity problem, which can achieve a Nash equilibrium
(NE) and maintain the adaptation capability and scalability. The numerical
results show the superiority of the proposed method compared with prevalent
schemes in terms of training efficiency, QoE utility values.
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