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Abstract
The ﬁfth generation of the cellular network (5G) has been introduced in recent years. It has brought out various types
of applications required ultra-low latency (URLLC) and high bandwidth, i.e, Augmented Reality (AR), Virtual Reality (VR).
These kinds of applications consumed a large number of resources, i.e, communication, computation resource, etc. Thus,
the Multi-access Edge Computing server may run-out of resources due to the high demand of users. Therefore, caching
is one of the solutions to save computational or communication resources. In this paper, we propose a framework to
optimize caching strategy for AR content at the user equipment, i.e, AR gear, smartphone. The optimization problem is the
combinatorial category, thus, we propose an equivalent problem based on the Alternating Direction Method of Multipliers
(ADMM). We then, validate our proposed method with numerical results with a different setting in Julia language.

1

I NTRODUCTION

The remarkable prevalence of 5G has enabled various types of VR/AR applications for end-user devices. In which, VR application required URLLC,
and high bandwidth i.e, less than 20ms delay,
6GBs/s bandwidth [1]. However, due to the limitation of the physical resource of current technology,
the MEC cannot serve all demand from the end-user
(UE). The more number of demand leads to a high
probability of the problem of network congestion
or MEC overload. Thus, the quality-of-service (
QoS) might lose, and demand of UE can not be
served. Several works in [2], [3], [4], [5] propose
methods of proactive caching to reduce computational resources utilization as well as service delay.
However, the most popular of AR application is
3600 video content, and, has a very limited study
on optimizing streaming performance. The different
between 3600 video content and regular video is
lead to many challenging. For example, each chunk
of regular video only has 1200 scene but 3600 video
including at least 5 scenes for each chunk i.e, main
scene, left scene, right scene, down scene, and up
scene (illustrate in Fig. 1). In order to optimize the
performance of streaming 3600 video, we have to
decide which part of the chunk will be served in
the high quality, and which chunk will be served
in lower quality. Thus, we can save bandwidth
by reducing the total number of content size on
transferring from BS to UE.
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Fig. 1: Illustration of our system model.

2

S YSTEM

MODEL

In this paper, we consider a network area consisting a single base station equipped MEC capability; a 3600 video content V, with a sequence
of chunks for each time slot denoted as V =
{V (1), V (2), . . . , V (t), . . . , V (T )}, where T (seconds)
is the length of V. Each time slot t ∈ T , s(t) =
{sc (t), sl (t), sr (t), su (t), sd (t)} is a positive tuple represent for the size of chunks V (t), i.e, sl (t) is the left
side, sr (t) is the left side, sc (t) is the central, su (t)
is the upside, and, sd (t) is the downside (illustrate
in Fig. 1). In 3600 video content, UE cannot watch
all scenes at once. Each time slot, UE can watch
at most one scene because of human eye ability
only can view the maximum 1200 . Therefore, at
a single time slot t, only the central scene will
display with the highest quality, and the remaining
sides are display or load with lower quality or blur.
Thus, we can save the bandwidth to transfer content
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V (t) from the MEC to the UE. Moreover, based
on this property the MEC can make a decision in
which chunk will be served at a higher quality than
the other chunks. The more number of chunks is
displayed at the lower quality the more bandwidth
can be saved. However, the Quality-of-Experience
(QoE) may reduce because of the wrong decision
made by the BS. It means the scene UE watching
is served at a lower quality than expected. Thus,
the MEC needs to optimization scheme in order to
improve the QoE, and, reduce total data trafﬁc in
the network. In the next section, we present our
proposed method and solution approach.

3

P ROBLEM F ORMULATION

Let p(t) = {pc (t), pl (t), pr (t), pu (t), pd (t)} be the popularity of scenes at time slot t. p(t) can be modeled
follow the Zipf distribution with parameter α(t),
1/k α(t)
pk =  M
.
α(t)
m=1 1/m

(1)

Furthermore, we assume that the transition probability from time slot t to t + 1 is independent
identically distribution (i.i.d). On the other hand,
in the content centric network (CCN), most of the
utility functions are measured via mean-opinionscore (MOS). MOS is measuring the satisfaction
of end-users via direct asking about UE satisfy
with video perception. However, this approach is
costly and hard to obtain in reality. Therefore, we
approximate the utility function under the linear
scale of the logarithm function Hence, the expected
utility of chunk V (t) is calculated as follows:
E(t) = pT (t)u(t), ∀t ∈ T.

(2)

where u(t) = [log(sc (t)), . . . , log(sd (t))]. Let x(t) =
{xc (t), xl (t), xr (t), xu (t), xd (t)} be decision variables
of the BS according to each side of chunk, respectively. We then formulate the optimization problem
as follows:
T



max
x

u(t) ◦ p(t)

T

x(t),

total expected utility of the system. Subject to the
constraint (C1) represent for the storage capacity
of UE. It means that each time slot only some of
the chunk can be buffered at user equipment and
not exceed the total capacity. Constraint (C2) is
the URLLC requirement. In which, the transmission
delay is less then or equal to maximum acceptable
delay lmax = 20(ms). Due to binary variables x(t)
the problem in (3) fall into combinatorial category,
thus, obtain an optimal solution is intractable. We
then propose an equivalent problem by relaxing the
binary variable in to continuous variables and apply
the ADMM method [6] to achieve an optimal solution via iterative algorithm. Firstly, we introduce a
new auxiliary variable z(t) such that x(t) = z(t).
Then rewrite an equivalent problem as follows:
max
x

T


f (x(t)) + g(z(t))

s.t.

(4b)
T

C1 :s(t) x(t) ≤ S, ∀t ∈ T,
T

T

C2 :1 s(t) /rmax (t) ≤ lmax , ∀t ∈ T,
C3 :x(t) = z(t), ∀t ∈ T,
T

C4 :1 x(t) = 1, ∀t ∈ T,

C1 :s(t) x(t) ≤ S, ∀t ∈ T,
T

C2 :1 s(t)/rmax (t) ≤ lmax , ∀t ∈ T,
5

x(t) ∈ B , x ∈ B

5×T

(3c)
(3d)

.

(4d)
(4e)
(4f)

where x(t) = {xl (t), xr (t), xu (t), xd (t), xc (t)}, ∀t ∈ T.
We then re-write feasible set of (4):
D = {x|x ∈ R5 , (C1), (C2), (C4), 0 ≤ x ≤ 1}.

(5)

And, g(z(t)) is a projection function of z(t) onto set
D, where

0,
if z(t) ∈ D,
g(z(t)) = ΠD (z(t)) =
(6)
−∞, otherwise.
Based on (4), (5), and (6), the ADMM-equivalent
problem can be formulated as:
T


max
x

f (x(t)) + g(z(t))

(7a)

t=1

s.t.
x(t) = z(t), ∀t ∈ T,

(3a)
(3b)

T

(4c)

x(t) ∈ R5 , x ∈ R5×T , 0 ≤ x(t), z(t) ≤ 1.

(7b)
(7c)

x ∈ D.

t=1

s.t.

(4a)

t=1

Following the ADMM method, the Lagrangian
function can be formulated as follows:
T



Lρ (x, z, λ) =
f (x(t)) + g(z(t)) + λT x(t) − z(t)
t=1

where ◦ in (3a) is the element-wise product of
two vectors u, and, p. The objective is maximize
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ρ
+ ||x(t) − z(t)||22 .
2

(8)
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Algorithm 1 ADMM-based Algorithm
Input: V, T, p, s, K ;
Output: Maximum expected utility;
1: Initialize x(t)0 , z(t)0 , λ0 , ρ ← 0.5;
2: for k ∈ K do
3:
Update sequence variables x, z, λ in (9), (10),
(11), respectively;
4:
Update the objective function in (4);
5: end for

Based on (8), the sequence update of primal variable
x, the auxiliary variable z, and the Lagrangian
multiplier λ can be formulated as follows:
x(t)k+1 = arg min{−f (x(t)) + λk,T x(t) − zk (t)
ρ
+ ||x(t) − zk (t)||22 }.
2

(9)

We then propose an iterative algorithm describe in
Alg. 1 to solve the problem in (4).

N UMERICAL

5

C ONCLUSION

In this paper, we proposed a distributed approach
for VR content streaming in 5G network. The optimization problem is an combinatorial family, we
then apply the ADMM method to obtain an optimal
solution with the same performance in centralized
scheme. By applying this scheme, we can saved
the total data trafﬁc in the network and avoid the
network congestion problem.
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