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ABSTRACT

The demand for content such as multimedia services with high
performance (e.g., ultra-low latency) requirements has increased
significantly, posing heavy backhaul congestion in mobile networks.
The integration of Multi-access Edge Computing (MEC) and 5G
network is an emerging solution that alleviates the backhaul conges-
tion to meet the required network performance for user equipment
(UE). However, uncertainties due to user mobility cause the most
challenging barrier in deciding optimal content routes from Edge
Application Servers (EASs) to UEs, defined as the 5G component
selection problem. To this aim, we propose a novel learning-based
component selection solution for high-performance content deliv-
ery in 5G-enabled MEC that leads to minimum latency by reducing
frequent handovers.
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1 INTRODUCTION

Videos will make up to 79% of the global mobile data traffic by
2022 [5], which mostly require high performance networks for
content delivery to enhance the quality of experience (e.g., strict
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latency, service continuity) of users. Many efforts have been con-
ducted to meet the high performance requirements of the emerging
unprecedented traffic demands. In this regard, the fifth-generation
(5G) network is a promising technology suitable to meet the diverse
quality of service (QoS) requirements, such as ultra-low latency
and ultra-high reliability [6]. However, with the rapid growth of
mobile data traffic, 5G networks encounter significant challenges
in capacity-limited backhaul links [10]. In consideration of this
challenge, Multi-access Edge Computing (MEC) offers cloud advan-
tages at the edge of the network close to mobile devices and delivers
extremely low latency and high throughput [4, 7-9], which com-
plements 5G. Content delivery utilizing content caching at MEC is
an effective approach to better deal with the exceedingly growing
traffic over the mobile networks. Moreover, it can significantly de-
grade duplicated transmissions of the content from backhaul links
and thus improve experienced QoS for UEs. However, UEs’ high
mobility causes severe uncertainty in deciding the places to locate
the UEs’ most popular content and delivery routes.

The integration of 5G and MEC, called 5G-enabled MEC, includes
the 5G components and MEC servers (EAS). The 3GPP 5G RAN
architecture, which is recognized as NG-RAN, consists of radio base
stations called gNBs connected to the 5G core network (5GC) and
each other. The gNB component incorporates three main functional
modules: the Radio Unit (RU), the Distributed Unit (DU), and the
Centralized Unit (CU), which can be located separately or together
in various combinations. Furthermore, each gNB must be connected
to a PSA UPF to enable a UE to access the targeted content cached at
an EAS. In other words, the PSA UPF plays a key role in building the
content routing path between each UE and the content at an EAS.
The component selection problem in 5G-enabled MEC is composed
of selecting the best gNB, PSA UPF, and EAS to determine each
UE’s optimal routing path with minimum latency from a gNB to an
EAS with the content. However, the high mobility of UEs results in
multiple gNB allocations as their connected gNBs may change over
time based on the UEs’ new locations. This paper proposes an online
learning-based approach to solve the component selection problem
to minimize the content delivery latency for UEs in 5G-enabled
MEC in a reasonable time.

2 SYSTEM MODEL

The system model consists of a set of UEs N = {1,..., N}, a set of
gNBs G = {1,...,G}, and a set of EASs M = {1,..., M}. Since the
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Figure 1: Performance Analysis - Latency Components

PSA UPF is co-located with the EAS, PSA UPF i represents the PSA
UPF co-located with EAS i. Time horizon is defined as multiple time
slots shown by 7~ = {1,...,T}. Allocating a new PSA UPF leads
to relocating (rerouting) the previous PSA UPF to a new PSA UPF.
Therefore, we define the relocation latency of a PSA UPF from EAS i
to EAS j by r;;. Migration latency of a content from EAS i to EAS j
is denoted by s;;. Each UE n requests (requires) a content of size c/,
at time ¢. The transmission speeds between different components
of a 5G network are denoted by: d,ﬂg, dgd, dgc, dgi, and d;j. The
objective of the 5G component selection problem is formulated as

follows:
Minimize D= > 3" 3" 3" (phyirij + qhyjsi)+

teT neNieM jeM
(1)
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where pf”.j, q;ij, kfl gij AT€ the decision variables representing the
rerouting of PSA UPF from EAS i to EAS j for UE n at time slot ¢,
migration of content from EAS i to EAS j for UE n at time slot ¢,
and the content routing path consists of gNB g, PSA UPF i, EAS j
for UE n at time slot ¢, respectively.

3 QOS-AWARE 5G COMPONENT SELECTION
FOR CONTENT DELIVERY

We design a QoS-Aware 5G Component Selection for Content Deliv-
ery (Q-CSCD) to solve the component selection problem efficiently,
achieving a bounded performance. Q-CSCD learns the optimal
component selection online for UEs, including gNB, PSA UPF, and
EAS, to minimize latency for content delivery over time. Q-CSCD
is formulated as the Multi-Armed Bandit problem. In this regard,
Q-CSCD chooses an unselected routing path for every UE in its
proximity at each time slot and observes its average latency per
unit of the received content. During time slots with no new unse-
lected routing path for the UE, Q-CSCD selects a routing path that
has resulted in the minimum latency thus far for that UE. Q-CSCD
also lowers the complexity of learning by considering just routes
that could deliver the UE’s requested content and are in its closer
proximity. Q-CSCD applies a tradeoff between exploration and ex-
ploitation, where for each UE, it explores different routing paths to

learn a range of possible new latencies. At the same time, it gives a
chance to exploit a priori known optimal routing paths. Q-CSCD
is adopted from the UCBL1 strategy, which sets a balance between
exploration and exploitation [2, 3]. However, due to the online learn-
ing characteristics of Q-CSCD, it is inevitable to select suboptimal
paths and to have higher radio handover and content migrations
between EASs, especially at the beginning of the learning process.

4 EXPERIMENTAL RESULTS

We compare the performance of Q-CSCD with the following ap-
proaches: 1) Epsilon Greedy: this approach balances exploration
and exploitation by randomly choosing between exploration and
exploitation, and 2) Thompson Sampling: this approach uses Beta
distribution to prioritize choosing between paths. Our optimiza-
tion criterion is to minimize the experienced latency time of users,
composed of content delivery time and handover time (relocation
time and migration time). The experimental setup consists of a
a set of UEs scattered uniformly, while all components of a 5G
network are randomly scattered over the area according to a uni-
form distribution. Furthermore, we utilize ThousandEyes [1] to
model transmission speeds between different links in the 5G net-
work. We consider four different-size scenarios (Exp. 1 to Exp. 4)
for the experiments with the following configurations: (50 UEs, 7
gNBs, 2 PSA UPFs, and 2 EASs), (100 UEs, 8 gNBs, 3 PSA UPFs,
and 3 EASs), (150 UEs, 8 gNBs, 4 PSA UPFs, and 4 EASs), and (200
UEs, 10 gNBs, 5 PSA UPFs, and 5 EASs), respectively. The average
latency, handover time, and content delivery time for users per
time slot are presented in Fig. 1a, Fig. 1b, and Fig. 1c, respectively.
The results show Q-CSCD obtains significantly lower latency than
other learning-based approaches in all experiments.

5 CONCLUSION

We tackled the component selection problem for high performance
content delivery, which is a critical problem in 5G-enabled Multi-
access Edge Computing. We proposed a multi-armed bandit ap-
proach, called Q-CSCD, to learn the optimal 5G components that
leads to minimum experienced latency for UEs. As future work, we
plan to analyze the regret of our approach and investigate the im-
pact of different parameters on the results. We also plan to conduct
more intensive experiments to compare Q-CSCD with other recent
learning-based and prediction-based approaches.
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