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Abstract—With the growing demand for multimedia services,
Dynamic Adaptive Streaming over HTTP (DASH) has become a
key solution for delivering high-quality video content. In this work,
we consider an Edge-DASH scenario and formulate a joint opti-
mization problem that involves four critical aspects: bitrate alloca-
tion, user-to-server assignment, caching, and bandwidth allocation.
Due to the complexity of the joint problem, we decompose it into
sub-problems and address them separately. To solve the resulting
sub-problems, we employ deep reinforcement learning, specifically
the Deep Deterministic Policy Gradient (DDPG) method, for three
of them, and develop a heuristic solution for the fourth. Simula-
tion results demonstrate that our approach enhances performance
across multiple metrics, including improved video delivery, reduced
buffer underflow and overflow, and more efficient caching, which
collectively enable greater utilization of edge resources for stream-
ing. Moreover, we evaluated inference latency across edge and
cloud hardware, confirming sub- to few-millisecond performance
suitable for real-time deployment. This showcases the benefits of
combining learning-based and heuristic techniques to meet the
growing demand for adaptive video streaming in edge computing
environments.

Index Terms—Adaptive video streaming, DASH, edge com-
puting, caching, bitrate allocation, deep reinforcement learning.

I. INTRODUCTION

MOBILE video streaming is estimated to account for ap-
proximately 79% of Internet traffic by 2027, consuming

7.7 million petabytes of the total 9.7 million petabytes of data [1].
Devices and connections are accelerating faster than both popu-
lation and Internet users, where, according to the recent Ericsson
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mobility report, the number of global mobile subscriptions is
projected to reach 9.5 billion by 2031, up from 8.83 billion in
2025 [2]. A large amount of research has been conducted to de-
sign solutions to guarantee Internet users’ Quality of Experience
(QoE) in such a high video-demanding environment.

The heterogeneity of users’ demand in terms of network
conditions and various hardware/software specifications (e.g.,
device capability or energy status) raises challenges for video
service providers to provide satisfactory QoE to the users. By
resorting to the Adaptive Bit Rate (ABR) streaming technol-
ogy, Dynamic Adaptive Streaming over HTTP (DASH) has
been developed as a solution to overcome this issue [3]. In
DASH a video is divided into small-sized chunks with different
pre-transcoded bitrates. This allows users to watch videos with
different resolutions if they experience a low data rate or due to
their preferences. Different users may have diverse preferences
for video resolution metrics. For example, some users may
prefer a higher resolution, whereas others may expect a smooth
experience with slightly compromised video resolution. Hence,
a pure network-driven strategy would not be appropriate in
a mobile environment, and user preferences should be taken
into account in video streaming scenarios. The rate adaptation
decision can be made on the users’ side, where the users can
select an appropriate resolution/bitrate for each video chunk
based on some factors such as screen resolution, current or
predicted available bandwidth [4]. Then, based on a Bitrate
Allocation (BrA) scheme, appropriate bitrates can be associated
with each user considering their requested bitrate. However, BrA
does not guarantee smooth streaming for the user as long as
the user does not receive a sufficient data rate to download the
chunks in time. Hence, a smart Bandwidth Allocation (BA) to
the users is also crucial as it enables the users to download
the video chunks in their buffer and prevents stalling while
streaming.

Cloud computing has been widely used to support DASH
services, mainly to handle the heavy computation, storage, and
network demands of transcoding [5]. However, Cloud-DASH
suffers from inherent drawbacks: like other cloud-based ser-
vices, offloading to the cloud introduces high communication
latency [6], and directing large volumes of video traffic to the
core network increases congestion. Multi-access Edge Com-
puting (MEC) brings computation and storage closer to users
by co-locating edge servers with base stations [7]. DASH can
benefit from MEC’s ability to meet 5G’s stringent low-latency

© 2026 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see
https://creativecommons.org/licenses/by/4.0/

https://orcid.org/0000-0003-1360-6952
https://orcid.org/0009-0006-0767-7622
https://orcid.org/0000-0001-7338-1957
https://orcid.org/0000-0001-5545-8826
https://orcid.org/0000-0001-6570-2095
https://orcid.org/0000-0002-4593-1656
mailto:a.bozorgchenani@leeds.ac.uk
mailto:d.naseh@leeds.ac.uk
mailto:daniele.tarchi@unifi.it


13214 IEEE TRANSACTIONS ON MOBILE COMPUTING, VOL. 25, NO. 8, AUGUST 2026

Fig. 1. Coupling relationships among the four problems (BrA, BA, USA, and
CO) and their main constraints.

requirements. Streaming from the edge also reduces backhaul
load and provides more flexibility in selecting streaming sources.
Nonetheless, this requires an intelligent User-to-Server Alloca-
tion (USA) mechanism to route traffic across the edge–cloud
continuum, fully exploiting available resources. Similarly, ef-
fective edge streaming depends on a smart caching strategy that
accounts for correlations in users’ content demands.

A cache hit requires the requested chunk at the correct bi-
trate, making ABR-aware edge caching challenging. With ABR
streaming, it is not enough for a chunk to be cached—it must
be stored at the specific bitrate requested [8]. To mitigate this
under limited edge storage, we enable transcoding at the BSs,
reducing the need to cache all bitrate levels. However, caching
multiple versions incurs high storage overhead, while real-time
transcoding is computation-intensive and can quickly exhaust
MEC resources when many videos are processed concurrently.
Thus, an effective Caching Optimization (CO) mechanism and
bitrate delivery scheme is essential to properly balance cache
capacity and processing constraints.

To this aim, in this paper, we address four key and interrelated
problems, namely BrA, CO, USA, and BA. Through our inves-
tigation, we observed that these problems cannot be effectively
studied in isolation, as they are inherently dependent on one
another. Specifically, caching is performed based on users’ re-
quests, which in turn affects the BrA and USA; the BrA is further
constrained by the available computational resources required
for transcoding. Moreover, BrA and USA jointly impact the BA,
while the users’ buffer level ultimately limits the achievable
bitrate. Please refer to Fig. 1 for a more detailed view, which
illustrates the coupling among the four problems and their main
associated constraints.

We investigate combining the advantages of DASH and edge
caching to increase the QoE of the users in a mobile wireless
network. Due to the dynamicity of the environment in terms
of changes in the buffer level of the users, and the diversity of
videos, resolutions, and users’ demands, the formulated prob-
lem is hard to solve. Hence, we decouple the joint formulated
problem based on Tammer decomposition method into two sub-
problems and prove their NP-hardness and time complexity in
problem-solving. Then we exploit Deep Reinforcement Learn-
ing (DRL) algorithms to solve each of the two sub-problems. At
first, DRL is considered to solve the USA problem by enabling
dynamic selection of the optimal streaming source (small cell,
macro cell, or cloud) for each user. Simultaneously, it addresses
the BrA problem to ensure the delivery of the most appropriate
bitrate, thus enhancing user QoE. Later, on a larger time scale,
we address the CO problem and propose another DRL-based
mechanism to update the cache of the edge servers by predict-
ing the demanded videos and bitrate by users of a given area
regularly. Finally, a BA algorithm is proposed to maintain the
user buffer at an appropriate level, avoiding both underflow and
overflow. The main contributions in our work can be summarized
as:

1) We consider a reactive streaming approach in a 4-tier
network topology, where the clients/users can stream from
either the small cells, a Macro cell with a broader coverage
area, or the cloud. We also study caching strategies in the
small cell layer.

2) In this paper, we investigate four problems, i.e., a) USA, b)
BA, c) BrA, and d) CO, offering a distinctive contribution
that treats them in an integrated way while emphasizing
their mutual interdependencies.

3) We formulate the joint BrA–USA and edge CO problem
to optimize delivered bitrate in a multi-layer scenario. To
address the high complexity of this joint problem, we
decompose it into sub-problems and solve them iteratively,
enabling tractable and efficient optimization.

4) We develop a Deep Deterministic Policy Gradient
(DDPG)-based solution tailored to these sub-problems.
DDPG is well-suited to the continuous action space inher-
ent in this setting, and, to the best of our knowledge, has
not previously been applied here, making our approach
both novel and well justified.

5) We propose a BA method that leverages the outcomes of
the USA and BrA sub-problems to prevent buffer under-
flow, overflow, and playback stalling, thereby ensuring a
stable user experience.

6) The simulation results show that cache size and update
frequency affect performance of the CO, transcoding and
BrA improve over time, with computational capacity and
user load impacting their performance in the BrA-USA
problems, and the BA algorithm rapidly stabilises user
buffers. Finally, we demonstrate strong overall perfor-
mance when all four problems are addressed jointly.

The rest of the paper is structured as follows. Section II pro-
vides a review of the current state-of-the-art. The system model
is explained in Section III. Section IV elaborates on the problem
formulation. Section V initially breaks down the problem and
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subsequently details our learning solutions proposed for each
issue. In Section VI, we show the simulation results. Finally,
Section VII offers concluding remarks.

II. RELATED WORKS

In this section, we present a comprehensive literature review,
categorizing the works primarily into two domains: resource
allocation (including computing and storage allocation, BrA,
BA, USA) and Edge Caching.

A. Resource Allocation in Adaptive Video Streaming

Several works have coupled BrA and BA. In [4], the authors
have formulated an adaptive transcoding strategy in a mobile
environment considering BrA and bandwidth adjustment. They
have proposed a heuristic method for BrA after grouping the
users with similar bandwidths. Mehrabi et al. [9] designed a
greedy-based scheduling algorithm to periodically solve the
USA and BrA problem with the goal of load balancing consider-
ing various QoE metrics. However, these works are completely
network-driven and ignore the limitations that exist on the client
side and try to maximize the bitrate for all clients. Wei et al.
in [10] propose a quantum-inspired bitrate control method for
DASH to improve streaming quality. However, it overlooks
multi-tier networks and bandwidth allocation, limiting its ap-
plicability in complex environments.

Yang et al. [11] formulated a multi-dimensional edge re-
source allocation in a video streaming scenario. They proposed
a regression-based online learning algorithm to estimate the
user preferences for allocating edge caching, computing, and
bandwidth resources; nevertheless, they ignored most of the
important users’ QoE in a video streaming scenario. Ozfatura
et al. [12] studied the minimization of video streaming stalling
in a DASH-based multi-user scenario with varying wireless
channels. They proposed a scheduling algorithm for each time
slot to select a user for video streaming. However, they assumed
that edge servers can serve only one user at a time. In addition,
they ignored most of the other QoE issues and did not address
any of the BA or CO problems. Li et al. in [13] studied USA
and BrA in an ultra-dense network. They defined the cost of the
system as the delay in serving the user request. However, in a
streaming scenario, minimization of the delay is not essential,
while making sure that the users do not experience stalling due
to underflow and overflow is important. Bokani et al. in [14]
employed a Markov decision process to select the chunk quality
in a dynamic channel, however, they faced a high computational
complexity. Bayhan et al. in [15] studied BrA in WiFi Access
Points to enable cache delivery. They considered a proactive
approach for BrA while considering a tolerable difference in
comparison with the bitrate requested by the users. They pro-
posed a compositional Pareto-algebraic heuristic for the BrA
and another heuristic for the BA allocation. The model used in
this work has some similarities with ours; however, they have
not considered transcoding techniques, which have a significant
impact on users’ QoE, and also no CO is performed.

Guo et al. in [16] considered that multimedia packets with
similar requirements are assigned to the same QoS flow. They

proposed a Deep Q-Network (DQN) to allocate storage and
computing resources to each flow. The hybrid edge-cloud has
been considered in some of the works. Tao et al. in [17] pre-
sented a predictive adaptive streaming with edge-cloud-assisted
prediction of data rate in mobile networks. Their framework uses
slow fading to get the optimal risk allocation for a long-term
scheduling plan. Recent studies have examined adaptive video
streaming from various angles. Hayamizu et al. [18] proposed
a QoE-aware bitrate adaptation method for MPEG-DASH over
Information-Centric Networks, where bitrate selection depends
on bandwidth conditions and cached segments in intermediate
routers. However, higher bitrates are achieved mainly when
segments are cached, limited by router capacity, and the work
does not address BA or CO. Similarly, Zhong et al. [19] modeled
adaptive video streaming in cache-assisted mobile networks
as a multi-source multicast multi-rate problem and proposed
distributed algorithms for rate adaptation. While their method
optimizes user bitrates under link-capacity constraints, it as-
sumes fixed caching and overlooks cache management, USA,
and explicit bandwidth optimization.

In parallel, emulator-based approaches have emerged to
evaluate streaming performance. Esper et al. [20] developed
QoE-DASH, an open-source emulator extending goDASH with
network topology, caching, and user-context modeling for
DASH-based streaming in MEC settings. Although it enables
testing of caching and recommendation strategies, it focuses
on emulation rather than optimizing bitrate adaptation, BA,
caching, or USA. Khan et al. [21] proposed an edge-driven
multi-agent DRL framework that jointly optimizes BrA and
QoE fairness among users. While effective in balancing QoE
under bandwidth constraints, it does not explicitly optimize BA,
caching, or USA, emphasizing edge-level bitrate control. Simi-
larly, Lu et al. [22] introduced ABUV, a mobile video streaming
framework that jointly optimizes BrA and super-resolution de-
cisions using DRL to enhance quality and reduce energy use.
However, ABUV focuses solely on client-side adaptation with-
out addressing caching, BA, or multi-source streaming, limiting
its relevance to distributed or edge-assisted systems.

In our earlier work [23], we studied a joint USA and BrA prob-
lem using a DDPG-based solution. Building on that foundation,
this work significantly extends the problem scope by incorpo-
rating caching and BA, resulting in a more comprehensive and
realistic system model. By jointly considering all four aspects,
this work provides a more holistic and impactful solution for
edge-assisted adaptive video streaming.

B. Edge Caching in Adaptive Video Streaming

In [24], the authors have formulated a joint optimization of
QoE of users and backhaul traffic in an edge DASH scenario
where the edge servers harvest from the solar panels. They
proposed two heuristics for BrA and cache replacement. Similar
work has also been done in [25]. However, these two approaches
did not take into account MEC-enabled transcoding, which has
a high impact on the quality of adaptive streaming services.

Some works studied caching problems with a Scalable Video
Coding technique. Jedari et al. [26] have formulated a cache
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trading problem from an economic point of view, where content
providers compete to cache their content on network providers’
resources. They formulated a double-auction approach to max-
imize the profit of both sides by considering an SVC technique.
However, they have not studied the QoE of video streaming from
the user side, such as stalling. Zhang et al. in [27] investigated the
CO problem by combining the SVC technique and information-
centric wireless networks. Wu et al. [28] studied caching for
downlink video streaming using SVC. They proposed a heuristic
that caches both base and enhancement layers for popular videos,
and only the base layer for less popular ones. However, in
large-scale streaming, avoiding playback stalls requires explicit
buffer management. This critical aspect was simplified in their
work by assuming a fixed transmission deadline for each frame
instead.

Guo et al. [29] studied ABR streaming under time-varying
vehicular channels. They modelled BrA and BA at a small scale
and CO at a larger scale, proposing a Lyapunov-based solution to
maximize a weighted sum of video quality and backhaul savings.
However, their model overlooks several key QoE requirements.
Tran et al. [30] examined collaborative caching and request
scheduling, where content is delivered either from the serving BS
or via relaying. They used an LRU caching policy and proposed
an online heuristic that connects each user to the BS with
the highest processing resources. Yet, they did not incorporate
most user QoE factors and did not introduce a new caching
strategy.

Xenakis [31] investigates joint video BrA and edge caching
in MEC-empowered, slice-enabled 5G networks. The study
formulates a dynamic programming model to determine an
optimal fixed bitrate and cache placement strategy under given
rate and storage constraints, addressing the “oscillation dy-
namics” of traditional DASH. While effective in coordinating
bitrate and caching, it does not consider dynamic BA, USA,
or adaptive bitrate control across segments, and its reliance
on precise network state information limits its effectiveness
in dynamic environments. In [32] a solution that uses Media
Cloud is proposed considering a three-way trade-off between the
caching, transcoding, and bandwidth costs to minimize the total
operational cost for streaming video services on demand. By
considering coordination among local caches and different rate-
distortion behaviour of videos, Li et al. in [33] have proposed
a mobile cache placement framework for dynamic adaptive
video streaming. Han et al. in [34] studied the random content
placement technique in which the contents are stored according
to a probability distribution and optimize the probability of
successful transmission.

Some works have also studied the bitrate caching problem,
which is the main focus of our study. Pederson et al. in [8]
introduced a new client-driven ABR algorithm that uses the
characteristics of video frames through a table for rate selection.
They also proposed a heuristic to update the caching and content
quality selection to increase the caching capacity. However, they
only consider one cache entity, while in our work, we address
caching at several BSs on a larger scale. Zhang et al. in [35]
aimed to maximize QoE for mobile users due to the problem of
bitrate caching. However, they have assumed that the probability

TABLE I
COMPARISON OF THE MOST RELATED WORKS ON VIDEO STREAMING

of rates requested by users is known, which is not possible in
a vastly varying mobile environment. They have also focused
on a snapshot problem and have not considered a transcoding
technique. Tran et al. in [36] addressed the optimization of
the cached bitrate in a video streaming scenario. They have
assumed that each streamer can cache one maximum bitrate,
which should be optimized considering the cache storage and
computing constraints. They proposed an online iterative greedy
algorithm, which increases the cached bitrate until the comput-
ing and storage constraints allow.

ML-based solutions for caching have also been proposed in
some works. In [37], the authors proposed an ML-based solution
to predict the number and bitrate of the video segments requested
by users. However, their caching solution executes every run,
which adds a lot of overhead to the system. Raca et al. in [38]
studied the prediction of future throughput using radio metrics in
an adaptive video streaming scenario and proposed an ML-based
solution.

Table I summarizes some of the most important and relevant
research activities from different points of view. In Table I, we
listed the QoE metrics assessed in each study, depicted with
symbols: a) video bitrate, b) fairness in relation to bitrate, c)
start-up delay, d) stalling frequency, and e) bitrate fluctuations.
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The main problems that have been addressed are BrA,1 BA,
USA, and CO.

Despite the strong interdependence among the four problems
and their constraints (see Fig. 1), we observed that no prior study
has jointly formulated and optimized these components within a
unified framework. Understanding and optimizing these coupled
relationships are crucial for ensuring high user QoE and efficient
edge resource utilization, where a comprehensive solution to
Edge-DASH can only be achieved by jointly considering all
these interdependent components, as addressing them in iso-
lation would fail to capture the system’s true complexity and
operational dynamics. Our work is a holistic design that simul-
taneously redefines the system topology, introduces a novel joint
problem formulation, and develops customized optimization and
heuristic algorithms to address the resulting complexity. This
provides a realistic and comprehensive solution that reflects the
actual operational coupling in edge-DASH.

III. SYSTEM MODEL

A. Network Model

We consider a large-scale wireless network covering a geo-
graphical area with multiple BSs. MBSs provide wide-area cov-
erage and connect to the cloud through high-capacity backhaul
links, each equipped with a Macrocell Edge Server (MES) for
local storage and computation. For clarity, we focus on a region
with a single MBS, though the model extends naturally to mul-
tiple MBSs. Each macrocell contains S SBSs, each co-located
with a Small cell Edge Server (SES). The network supports
on-demand video streaming for distributed edge users (ECs)
who request videos at specific bitrates. SESs store selected video
content in multiple bitrates and serve them over HTTP, while the
MES stores all videos but only at their highest bitrate.

ECs may prefer specific bitrates for streaming due to factors
like low battery power or a limited data budget. Consequently,
our model employs a reactive approach: disregarding these
bitrate requests could lead to an unsatisfactory QoE. This is
justifiable because ECs generate their requests based on these
constraints, meaning those with limitations ask for lower bi-
trates, while others request higher ones.

There are N ECs randomly located in the area and sending
video streaming requests, where i represents the index of an EC,
U = {u1, . . . , ui, . . . , uN}. We consider that ECs are connected
to the nearest BS2 (in terms of signal strength). Let us define
V = {v1, . . . , vm, . . . , vM} as the set of all videos, where m
represents the index of a specific video. We envision that each
video is divided into K chunks, where each chunk k can be
encoded to different bitrate versions. The SESs are equipped
with transcoding functionality, enabling them to transcode a
video chunk with a certain bitrate to a lower bitrate. Each EC
can request to watch a chunk with one of the bitrate levels
O = {omin, . . . , o, . . . omax}, from the lowest to the highest. We

1BrA is sometimes also referred as bitrate selection, depending on whether it
was a user or network-driven selection

2The model can be further extended to a multi-access edge scenario, where
each EC can also select among the SESs for streaming, however, it is subject to
future investigation as it is not the focus of this work.

Fig. 2. The 4-tier network topology for multi-access video streaming.

Fig. 3. Time-Scale of the operations.

denote om,k as the bitrate of the kth chunk of the mth video.
The duration of chunks in each video is supposed to be the same
while it varies across different videos. We denote Lm as the
duration of any chunk in video m, which is typically between
2 to 10 seconds.

We denote rom,ki (t) as the bitrate request of the ith EC for
a video chunk at time instant t, which is shown with ri(t)
throughout the paper for the sake of simplicity in the nota-
tion. The set of requests of all ECs is denoted as R(t) =
{r1(t), . . . , ri(t), . . . , rN (t)}. The content that is later delivered
to the EC is shown with r̂i(t) ≡ r̂ôm,ki (t), which delivers the
bitrate ôm,k. Note that the bitrate delivered might be different
from that requested. Moreover, we define R̂(t) = [r̂i(t)]

N
i=1 as

the set of requests delivered. Since the encoding process is
inherently variable, the chunks might have different sizes. We
denote the average chunk size of a bitrate as Δom,k bits.
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The SESs provide storage and computation capabilities to
enable caching and transcoding at the network edge. Each SES
has a certain capacityCs enabling it to cache a certain number of
videos and chunks out of the totalM videos andK chunks. The
proposed 4-tier edge computing-assisted multi-access DASH
system for adaptive video streaming is illustrated in Fig. 2. As
seen in the figure, the caching is conducted in SESs. For instance,
the SES buffer enables it to cache v1, v3, and v5. Moreover, due
to capacity constraints, not all video bitrates can be cached in
the SES, and therefore, each chunk, if cached, is stored with a
certain bitrate.

B. Streaming Sources and Video Encoding

Each EC at time t requests a video chunk at a target bitrate and
can retrieve it from its SBS, the MBS, or the cloud. To maximize
QoE, an EC first checks its SBS: if the exact bitrate is cached,
it results in a direct edge hit; if only a higher-bitrate version is
available, the SBS can transcode it down. When the SBS stores a
lower bitrate than requested, does not cache the chunk, or when
accessing the MBS yields a higher QoE, the EC streams from
the MBS, which stores all videos only at the highest bitrate. If
neither SBS nor MBS can satisfy the QoE requirements, or cloud
access provides higher QoE, the EC retrieves the chunk from the
cloud, which stores all bitrates. The objective is to optimize the
delivered bitrate relative to the requested bitrate under these QoE
constraints.

C. Time-Scales of the Operations

We define here the operational time scale for ECs and SBSs.
Each video is divided into chunks, and while a single video
maintains a consistent chunk duration, this duration can vary
across different video titles. The ECs select the bitrate for the
next chunk at intervals roughly equal to that video’s chunk
duration. We refer to the moment when the EC chooses the
bitrate for the next chunk as the Bitrate Selection Point (BSP).
Since chunk durations differ between videos, the BSP interval
also varies and is specific to each video. We denote the BSP
of video vm as BSPm. Shorter chunks allow the EC to react
more quickly to changing network conditions by adjusting the
bitrate more often. However, this also increases the frequency of
requests and messages sent over the network. These variations
in network load and channel quality are handled by the BA
mechanism, which operates at a finer time scale than the EC’s
bitrate selection.

The SBS performs BA decisions at regular intervals known as
Decision Points (DPs). It has two main responsibilities: BrA and
BA. During BrA, the SBS considers the EC’s requested bitrate
at BSPm and decides which bitrate to assign for the next chunk.
During BA, the SBS determines how much bandwidth to allocate
to the EC based on the bitrate assigned at each DP. These two
processes are interconnected to ensure smooth video streaming.
Importantly, bitrate selection by ECs and BA by the SBS operate
on different time scales. Bitrate selection occurs less frequently
(on the order of seconds), while BA must react more quickly (on
the order of milliseconds). As shown in Fig. 3, the SBS performs
both BA and BrA at each DP, while ECs request bitrate updates

at their respective BSPm. We use a simple scheduling scheme3

to coordinate these operations.

IV. PROBLEM FORMULATION

To capture the QoE of ECs, various metrics have been consid-
ered, with video stalls significantly reducing satisfaction [39].
The video bitrate is also a key QoE factor, but it often con-
flicts with stall reduction: higher bitrates increase the risk of
stalling. Balancing these objectives is challenging, especially
when many ECs compete for limited edge resources. This work
aims to maximize EC satisfaction by optimizing the delivered
bitrate through efficient caching, BrA, and USA mechanisms,
all while considering edge resource constraints. In this section,
we introduce the key QoE parameters in our model, define our
objective, and formulate the optimization problem.

A. QoE Model

QoE has no single standard set of performance metrics [40],
and its evaluation remains an active research topic. A detailed
overview of QoE factors in adaptive streaming is provided
in [41]. Common metrics in multimedia systems include stalling
ratio, startup latency, bitrate switches, average bitrate, and fair-
ness in BrA [24], [42]. In reactive streaming, fairness and
bitrate-switch metrics are less relevant because ECs directly
request their desired bitrate, and frequent alternation between
bitrates naturally increases switch counts. Hence, these metrics
do not fit well in our reactive scenario. Instead, we focus on
stalling ratio alongside computing and storage constraints. Our
QoE definition for DASH streaming therefore emphasizes these
factors, with particular attention to caching and BrA.

We define the placement of kth chunk of mth video with
bitrate om,k on SES s with a binary variable xsom,k equal to 1 if
om,k is cached and zero otherwise. Then we define the caching
constraint on each SES as

M∑
m=1

K∑
k=1

O∑
o=1

Δom,k · xsom,k ≤ Cs ∀s (1)

which shows that the capacity of each SES is limited for caching.
The playback curve specifies the cumulative data required to
display the video without interruptions, which is a characteristic
of the video and independent of the underlying channel [17].
During playback, the DASH algorithm selects the bitrate of the
next chunk to minimize rebuffering and stalling, improving the
QoE of the ECs [3]. The selection of an appropriate bitrate is
mainly dependent on ECs’ preferences, device capabilities, and
network conditions.

To ensure smooth streaming without stalling or rebuffering,
we impose underflow and overflow constraints. Let uf(t) and
of(t) define the minimum and maximum data duration that
should be sent to the EC to avoid the buffer from experiencing
underflow and overflow. Since playback pauses only at chunk
transitions, an EC may experience underflow or stalling only
at transition points {0, Lm, . . . , kLm, . . . ,KLm}, known as
BSPs. We denote this stalling period or waiting time by the end

3More advanced scheduling mechanisms could be considered, but are beyond
the scope of this work.
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Fig. 4. The buffer level update of a typical EC at every time instant.

of chunk k with τk . As shown in Fig. 3, waiting occurs at the
end of chunk 1in v1 , and chunk 3in v2. Hence, the total waiting
time for an EC streaming K chunks is given by

∑K
k=0 τk. Note

that if a video is streamed smoothly, then τk = 0 for all chunks.
Let us define tk as the time that chunk k is successfully

downloaded andBi(t) as the buffered video duration in seconds
at the ith EC at time t. The dynamicity of the buffer occupancy
evolves over downloading or displaying the chunks as

Bi(t+ 1) = Bi(t)− Lm · 1{Psmk=1} + Lm · 1{Dsmk=1} (2)

where Pimk = 1 indicates that the chunk is displayed, and
Dimk = 1 indicates that if it is downloaded by ith EC. The buffer
increases byLm seconds after a chunk is downloaded at any time
tk, and decreases when a chunk with duration Lm is displayed.
Note that both increase and decrease in the buffer are checked
at every time instant.

For improving the QoE of the ECs, we need to ensure that the
EC’s buffer level does not go below zero, at each time instant.
Let us assume that there have beenK(t) chunks downloaded up
to time instant t. The buffer underflow can be avoided if

K(t)∑
k=1

(∫ tk

tk−1+τk−1

R(t)

Fk
dt

)
≥ t (3)

where Fk represents the display rate in the EC, R(t) is the
channel data rate depending on the corresponding streaming
source (either SBS, MBS or cloud) at the time instant t, and
τk is a non-zero value only if the EC experiences a stalling
after displaying chunk k. The term in parentheses shows the
ratio between the downloading rate and the display rate, where
a higher value of the ratio shows an increase in buffer occupancy.
At each time instant, the term on the left side should be greater
than t for smooth video streaming without stalling. Similarly, a
buffer overflow can occur at any time instant t after a chunk is
downloaded. Let us define B as the maximum buffer capacity,
then to avoid the occurrence of the overflow, the following should
hold

K(t)∑
k=1

(∫ tk

tk−1+τk−1

R(t)

Fk
dt

)
≤ B (4)

Fig. 4 shows the update of the buffer level for an EC. As seen
in the time instant t, one chunk is displayed, which is why the
buffer level decreases by an amount of Lm seconds. Moreover,
in the next time instant, the chunk k is successfully downloaded
and thus Lm seconds are added to the buffer. Additionally, we
can see the remaining buffer level of the EC to experience the
overflow.

We assume that the computing resources of the SESs for
transcoding are limited. Let us denote ηso as the computing
resource for transcoding a chunk with a cached bitrate to a
lower bitrate o by an SES. Hence, the consumption of computing
resources to transcode to lower bitrate levels is higher, i.e.,
ηso < ηso− if o− < o. Let Roi = 1 indicate if EC ith request, i.e.,
ri, requires transcoding to the requested bitrate o. The constraint
on transcoding computing resources is then given by:

Ns∑
i=1

O∑
o=1

ηso · Roi ≤ Ωs ∀s (5)

whereΩs is the maximum transcoding computing resource of an
SES at a time instant and Ns is the number of ECs allocated to
stream from SES s. We assume that the cloud has no limitations
in terms of computation capacity. The cost of a transcoding
chunk is regarded as the CPU usage on the cache servers.

B. Optimization Problem

Since each request can be served by the SBS, MBS, or
cloud, the USA decision is made per EC to prevent stalling
and satisfy QoE. USA is closely linked to BrA because the
chosen server must consider whether transcoding is needed.
Given edge limitations, all streaming options must be jointly
optimized to assign both the bitrate and the server. In some cases,
delivering a lower bitrate than requested is necessary to avoid
stalling, showing the trade-off between USA and QoE. Both
USA and BrA also depend on the SES cache state: better caching
enables more direct hits or low-cost transcoding at the edge.
Thus, caching, BrA, and USA are inherently interconnected,
with caching providing the key input to the other two decisions.

Considering the cache capacity constraint of each SES, only
a limited number of video chunks with a certain bitrate can be
cached in each SES. In this work, MES performs CO on the
SESs within its coverage, as it stores all videos and chunks at
the highest bitrate. Let Φs ∈ RM×K be the caching matrix of
sth SES and φmk = om,k · 1{Ismk=1} be an element of the matrix,
where Ismk is an indicator function which takes 1 if the kth chunk
of the mth video is cached at the sth SES. Each element of the
matrix takes either 0, if the chunk of the corresponding video
is not cached, or a value of om,k ∈ O, otherwise. Thus, Φs is
defined as

Φs =

⎛⎜⎜⎜⎜⎜⎜⎝

φ11 . . . φ1k . . . φ1K
...

. . .
...

. . .
...

φm1 . . . φmk . . . φmK
...

. . .
...

. . .
...

φM1 . . . φMk . . . φMK

⎞⎟⎟⎟⎟⎟⎟⎠ (6)
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which is a caching matrix showing the allocation of a bitrate
to each cached video chunk. To define the cost functions for
our problem, we exploit the Weber–Fechner law, which in
principle studies the relation between the actual change in a
physical stimulus and the perceived change by humans. User
satisfaction in terms of QoE has been shown in some areas,
such as communication systems and multimedia applications,
following logarithmic laws [35], [43]. Hence, we define the cost
function of the caching problem for each request as:

Λ(φmk , ri(t)) =

{
α log

max(φmk (t),ri(t))
min(φmk (t),ri(t))

ifIsmk = 1

Y Otherwise
(7)

where Y represents a high cost incurred when the requested
chunk is not cached. This implies that a cost is associated with a
mismatch between the requested and cached bitrates. The greater
the difference, the higher the cost, as closer cached bitrates
require fewer transcoding resources. Conversely, if the requested
chunk is entirely absent from the cache, a significant cost of Y is
incurred. Thereby, the overall caching cost function for an SES
covering Ns ECs can be formulated as

Λ̂s(Φs,Rs(t)) =
Ns∑
i=1

Λ(φmk , ri(t)) (8)

whereRs(t) is the set of requests of the assigned ECs.
In the USA problem, on the other hand, each EC is allocated to

a single server, either from SES, MES or cloud, for streaming.
Let us define ai,j as an element that shows where ui streams
from, where j stands for the index of the SES, MES or the
cloud. We define A ∈ RN×3 as the USA matrix for all ECs,
where

∑3
j=1 ai,j = 1. Given that we use a reactive approach

for BrA and that BrA and USA are performed jointly, we define
their joint cost function for each EC request as

Υφmk (r̂i(t), ri(t), ai,j) = α log
max (r̂i(t), ri(t))

min (r̂i(t), ri(t))
(9)

where α is a positive constant. This implies that bitrate differ-
ences at lower levels have a greater impact on cost than at higher
levels. As a result, this prioritizes minimizing losses at lower
bitrates, where dissatisfaction is more noticeable. Moreover,
the higher the difference between the requested and delivered
bitrates, the higher the cost. Thus, when r̂i(t) = ri(t), cost
is zero. Similarly, we define the overall joint BrA-USA cost
function for an SES covering Ns ECs as

Υ̂s
(
R̂s(t),Rs(t), A

)
=

Ns∑
i=1

Υφmk (r̂i(t), ri(t)) (10)

We can observe that the minimization of the cost functions
and the satisfaction of the QoE constraints (i.e., guaranteeing no
stalling and respecting the cache and computational capacities)
are interconnected. On the one hand, delivering and caching the
requested bitrates minimizes the cost functions. Conversely, the
computational resources for transcoding and cache capacity re-
sources at the SES are limited to deliver all ECs’ desired bitrates.
Hence, there exists a trade-off between the three problems. We

define the optimization problem as

P1 : minimize
R̂,ΦSES,A

{
T∑
t=1

N∑
i=1

(
Υφmk (r̂i(t), ri(t), ai,j)

+ Λ (φmk , ri(t))

)}
(11)

subject to

C1 : Eq. (1) ∀s (12)

C2 : Eq. (3) ∀ui ∈ U (13)

C3 : Eq. (4) ∀ui ∈ U (14)

C4 : Eq. (5) ∀s (15)

C5 :

K∑
k=0

τk ≤ TW ∀ui ∈ U (16)

C6 :

3∑
j=1

ai,j = 1, ∀ui ∈ U (17)

In (11), the objective is to minimize the deviation between the
requested bitrate and the delivered bitrate and the cached bitrate
for all ECs during the time horizon T . The optimization is
with respect to the caching matrix, the delivered bitrate vector
R̂, and the server assigned to streaming A. Constraint (12)
guarantees that the caching capacity limitation is respected for
each SES. Constraints (13) and (14) are the underflow and
overflow conditions for each EC. The computational constraint
for transcoding for each SES is shown in (15). The stalling
that each EC experiences during streaming should not exceed
the threshold TW, and this is shown in (16). Finally, the USA
condition that each EC streams either from the SBS, MBS or
cloud is shown in (17).

As seen, the caching, USA and BrA problems are inter-
connected. Minimizing (11) with respect to R̂ ideally leads
to R̂ = R̂, but this does not always satisfy the constraints,
sometimes resulting in cost function losses. Additionally, the
effectiveness of the BrA-USA policy is heavily dependent on the
caching matrix, highlighting the need for an intelligent caching
mechanism.

V. DRL-BASED AND HEURISTIC APPROACHES FOR THE JOINT

PROBLEM

A. Problem Decomposition and Analysis

Upon assessing the structure of P1 and the constraints
C1−C6, we can observe that by temporarily fixing the BrA
vector R̂ and the USA matrix A, the original complex prob-
lem can be decomposed into two sub-problems with separated
objectives and constraints by exploiting Tammer decomposition
method [44]. Let us denote

Υ =
T∑
t=1

N∑
i=1

(
Υφmk (r̂i(t), ri(t), ai,j) + Λ (φmk , ri(t))

)
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for the sake of notation simplicity. Accordingly, we first rewrite
P1 as an equivalent problem:

P̃1 : min
R̂,A

(
min
ΦSES

Υ

)
(18)

subject to C1−C6.
We can see that C1 and other constraints are decoupled from

each other; thus, solving P̃1 in (18) is equivalent to the joint
BrA-USA subproblem (P1.1) below, which minimizes the cost
function with a given cache matrix:

P1.1 : min
R̂,A

Υ∗ (19)

subject to C2−C6, where Υ∗ is the optimal cost function
which corresponds to the CO subproblem (P1.2) as follows:

P1.2 : Υ∗ = min
ΦSES

Υ (20)

subject to C1. Therefore, the original P1 has been decomposed
into two subproblems P1.1 and P1.2, namely, the joint BrA-
USA and CO. It should be noted that this decomposition does
not change the optimality of the solution [44], [45]. Hence, upon
obtaining the solutions to both P1.1 and P1.2, the solution to
the original problem P1 in (11) is found.

Considering ι as the number of chunks cached in all videos,
the solution space for the selection of videos and chunks for
a single SES is

(
M×K
ι

)
such that ι is in a feasible range with

respect to C1. Adding the combinations of the bitrate and USA
options, the solution space for each SES becomes

(
M×K
ι

)×
N
|O|
s ×N3

s . Expanding this space to all SESs, the solution space
becomes

(
M×K
ι

)×N |O|s ×N3
s × S for one specific value of ι.

The solution space becomes even larger considering different
values of ι. This corresponds to the number of possibilities to
check for the optimal solution to P1.2, which cannot be found
in a tractable time. In the following, we prove the NP-hardness
of P1.2.

Theorem 1: The problem P1.2 is NP-hard.
Proof: The NP-hardness of the problem P1.2 can be proven

at a given time slot via a polynomial-time reduction from 0-1
Knapsack problem to our problem. Given n items each with
xi copies, where xi ∈ {0, 1}, a 0-1 Knapsack problem aims at
maximizing the accumulated value of the selected items so that
their accumulated weight does not exceed Knapsack’s capacity
W .

We translate the instances of 0-1 Knapsack problem into those
of our problem by mapping the set of n items and their weights
to the set of [M ×K] chunks and their bitrates. A higher bitrate
reflects a higher cache occupancy (weight) of the respective
chunk (item). In addition, the value of each item could be mapped
to the negated value of the cost function in (9). Furthermore, we
map the weight W to the cache capacity Cs in our problem.
Besides, the mapping satisfies the constraint that at maximum
one copy of each chunk can be stored in the cache. It should be
noted that we aim to optimize the cache for all SESs, hence, this
procedure is done for each of the cache matrices of SESs. Now,
since 0-1 Knapsack problem is NP-hard [46], our CO problem in

P1.2 is also NP-hard, (i.e., we have the reduction 0-1 Knapsack
problem ∝ P1.2). This completes the proof. �

The optimization problem in P1.1 is a Mixed Integer Non-
linear Program (MINLP), where finding an optimal solution
requires exponential time complexity [47]. The MINLP property
of P1.1 stems from the non-linearity of the objective function
and the existence of both integer and non-integer constraints.
Intuitively, P1.1 can be solved by going through all combina-
tions of the BrA vector R̂ and USA options. Nevertheless, since
R̂ is an integer vector, and also considering the transcoding
operation and respecting the constraints, P1.1 can be difficult
to resolve. For instance, a degree of complexity arises from the
underflow and overflow constraints. Naturally, this means that
streaming from the edge should be fairly allocated to the ECs
such that when the buffer level is good enough for one EC, the EC
can be associated with the Macro or cloud level. Balancing the
buffer level among all ECs so that the underflow and overflow do
not occur requires additional complexity. The same complexity
can be observed in the transcoding constraint, which should be
allocated to the requests among all ECs in a fair manner. Given
the large number of variables that scale with the number of ECs
and SESs, our aim is to design a low-complexity, distributed
solution that remains practical while offering competitive per-
formance. To address this complexity, we propose DRL-based
algorithms capable of achieving millisecond-level computation
for the caching and BrA–USA decisions. Specifically, we de-
sign two feed-forward DRL-based Neural Networks (NN) that
take EC demand as input and output the corresponding BrA,
USA, and caching decisions. However, enforcing the C2−C6
constraints within DRL to solve P1.1 is complex and slows
down learning. Moreover, upon closer examination of P1.1, we
observe thatC2,C3 andC5 depend on the allocated bandwidth.
This allows us to reformulate P1.1 as:

P̃1.1 : min
R̂,A

Υ∗ + ζ(λ1h1 + λ2h2 + λ3h3) (21)

subject to C4 and C6, where

h1 = max

⎛⎝0, t−
K(t)∑
k=1

(∫ tk

tk−1+τk−1

R(t)

Fk
dt

)⎞⎠
h2 = max

⎛⎝0,

K(t)∑
k=1

(∫ tk

tk−1+τk−1

R(t)

Fk
dt

)
−B

⎞⎠
h3 = max

(
0,

K∑
k=0

τk − TW

)

Here, h1, h2, and h3 represent the penalty terms for violations
of the constraints C2, C3, and C5, respectively, while ζ serves
as a weighting factor for these violations. In this formulation,
DRL is used to minimize the primary objective Υ∗ without
explicitly enforcing C2, C3, and C5. To ensure that these
constraints are satisfied, a BA algorithm is introduced, which
adjusts R̂ andA to strictly enforce the feasibility. The following
three subsections detail the three phases involved in solving this
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problem, including the heuristic BA algorithm, the proposed
neural network (NN) architecture, and the training procedure.

B. Phase 1: Decentralized DDPG-Based DRL for Bitrate
Allocation

1) Preliminaries: We assume that each EC is associated with
the SES with the highest SINR. Among all ECs in a small cell,
some of them make a request in each time slot, and some others
are in the playback state and have already made their request in
the previous slot(s). Consider U0

s (t) as the set of ECs connected
to SES s and have no request, U1

s (t) as the set of ECs that have
a new request, and Us(t) as the set of all ECs connected to SES
s in slot t. Thus, we have |U0

s (t)|+ |U1
s (t)| = Ns.

We design a distributed DDPG-based DRL algorithm with
S actors located in SESs, each generating Ns BrA actions for
their associated ECs. We assume that each small cell comprises
an environmentE, a set of possible statesS , and a set of available
actions A, with a reward function r : S ×A −→ R. At each
time t, the SES observes the current state of the environment
E, st ∈ S , finds and executes an action at ∈ A according to a
policy function π. Based on the action taken, the SES receives
a scalar reward rt = r(st, at) ∈ R ⊆ R from the environment
that is proportional to the QoE, and finds itself in the next state
st+1 ∈ S according to a transition probability p(st+1|st, at).
The actor’s goal is to learn the optimal policy π∗ that maximizes
the expected long-term discounted reward from its actions, i.e.,
Rt =

∑T
i=t γ

(i−t) · r(si, ai), where γ ∈ [0, 1] is the discount
factor. In this paper, the DDPG-based DRL framework is based
on the Wolpertinger Policy [48].

The actor : The actor network finds a proto-actor â ∈ A from
the set of valid actions. The obtained proto-actor is based on
the decision policy of the network, which is updated after each
decision. Specifically, the actor network is defined as a function
parametrized by θμ, which maps the state S from the state space
to the action spaceA, according to the DDPG formulation. The
mapping provides a proto-actor â ∈ A for the current state and
network parameters, μ(s|θμ) = â.

K-Nearest neighbours (KNN) : The KNN component is used
to map the action â to a set of valid actions selected from
the action space A. This is particularly useful in reducing the
complexity of the DRL network in high-dimensional action
spaces. The set of actions returned by the KNN component
is denoted as Ak = gk(ât) where gk = arg minka∈A|a− â|2 is
a k-nearest-neighbor mapping from a continuous space to a
discrete set and returns the k actions in A that are closest to
â by L2 distance, i.e., |a− â|2, as stated in [48].

The critic : A critic network is used to refine the actor network
actions, by evaluating the expanded actions of the KNN and
choosing the action that provides the maximum Q-value, i.e.,
at = arg maxaj∈AkQ(st, aj). The deterministic target policy of
the critic network is defined as follows:

Q(st, aj |θQ) = Ert,st+1

[
r(st, aj) + γQ(st+1, at+1|θQ)

]
,

where θQ stands for the parameters of the critic network. The
critic network takes both the current state st and the next state

st+1 as input to calculate the Q value for each action in AK .
Then, the action with a maximum Q value is obtained, at =
arg maxaj∈AKQ(st, aj |θQ).

2) DRL-Based Solution for Decentralised BrA: In this sec-
tion, we introduce a DRL-based approach, named Bitrate Neural
Network (BNN), to solve the first term in P̃1.1. Using the
DDPG algorithm, a decentralised dynamic BrA policy will be
learned independently at each SES, which selects an action,
i.e., bitrate allocated to the EU, upon the observation of the
environment from its perspective. It must be noted that each
agent (i.e., SES) has no prior knowledge of the environment,
which means the number of ECs and statistics of bitrate demand
and wireless bandwidth are unknown to the agent, and thus the
learning process is model-free. The critic network V (x) and
the S actors πθi(os), with s = 1, 2, . . . , S are parametrized by
θ = {θc, θs, . . . , θS}.

The NN receives requests from theNs ECs of SBS s as input,
denoted by Rs(t) = {r1(t), . . . , rNs(t)}, and outputs the BrA
decision vector R̂s(t) = {r̂1(t), . . . , r̂Ns(t)}. It should be noted
that amongNs ECs only |U1

s (t)| ECs have a new demand at slot
t , and those with no new request will have an entry equal to 0in
Rs(t).

State Space: To reduce the overhead and make the DASH
system much more scalable, we assume that the state of each
agent is only determined by its local observation of the system,
and each agent finds the action independently from the other
agents. Full observation of the system includes the vector of
queue lengths (B(t)), transcoding capacity, and stalling time
at time t. From the perspective of the agent (SES), the state is
defined as ss,t = [W̄s,Bs(t), Ω̄s, T̄w], where ∗̄ represents the
status of each parameter w.r.t. its maximum capacity threshold,
and Bs(t) is the vector of the buffer level of the associated ECs.

Action Space: Based on the observed state of the system by
each agent s, an action matrix R̄s(t) ∈ RNs×ν is found, where ν
is the total number of possibilities for streaming from all servers
with or without transcoding. Since BNN addresses both BrA
and USA problems, we define ν = 2 + |O|, where 2 refers to
streaming from MBS or Cloud and the second term stands for
|O| possible options for streaming from the SBS, i.e., a direct
hit and |O − 1| options for transcoding. Each element of the
matrix R̄s(t) shows the probability of assigning each EC to a
bitrate available at the edge, the MES or the cloud shown in each
column. Later, the matrix R̄s(t) is converted to vector R̂s(t) ∈
R1×Ns by assigning the highest probable bitrate to each EC
using a Softmax function. Since the SES is the agent and it has to
make a decision forNs ECs and for each EC there is ν number of
actions, the action space is (Ns)ν . Moreover, since we are giving
probabilities to these actions, the action space becomes huge and
continuous. Unlike conventional DRL, which finds action from a
predefined discrete action space, applying the DDPG algorithm,
the BrA-USA problem can be greatly optimized in a continuous
action space to minimize the first term in P̃1.1.

Reward Function: The goal of each agent is reward-driven,
showing the importance of the reward function in the perfor-
mance of the DRL algorithms. To learn adaptive BrA-USA al-
location policies, we consider minimizing the objective function
P̃1.1, while meeting the constraints C4 and C6. Thus, the
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reward function must consider both the deviation in allocated
bitrate and the penalty for transcoding computing resource con-
straints. Specifically, we define the reward function rs,t for each
agent s at time t by

rs,t = −
(
ws,1 ·

Ns∑
i=1

(
Υφmk (r̂i(t), ri(t), ai,j)

)
+
∑
i∈Ns

ws,2 · ptrans
i (r̂i(t))

)
(22)

where ws,∗ is the non-negative weighted factor, and rs,t
4 is

the weighted sum of the instantaneous cost and the constraint
C4. We define the penalty function, ptrans

i , for the transcoding
computing resource constraint in C4:

ptrans
i (r̂i(t))=Er̂i

[
max

(
0,

Ns∑
i=1

O∑
o=1

ηso · Roi−Ωs
)]
∀i ∈ Ns.

Remark 1: The constraint C6 is considered in the algorithm
as a condition to be respected when performing the USA. Hence,
it is not added to the above reward function.

Remark 2: In practical deployments, some edge units may
function solely as storage nodes without local computational ca-
pability. In such cases, our framework models these storage-only
nodes by setting their computation capacity to zero, allowing the
BNN to avoid assigning processing tasks to them while the CO
module continues to exploit their storage for caching and content
delivery.

After choosing the valid action from the action space A
and calculating the observed reward, the critic network then
estimates the value function V (x), where x stands for the
observation of all agents, x = {o1, o2, . . . , oS}. At time t, after
the actions at = {a1,t, a2,t, . . . , aS,t} are found by the actor
networks, the agents will execute the actions in the environment
and send the environment to the critic. Feedback includes the
reward rt and the next instant observation xt+1. Then, the critic
network calculates the temporal difference (TD) error using
δπ,θ = rt + γV (xt+1)− V (xt). Updating the critic network is
performed by minimizing the least square TD difference, i.e.,
V ∗ = arg minV (δ

πθ)2, where V ∗ is the optimal value function.
The actor networks are updated using the policy gradient,

∇θsJ(θs) = Eπθs
[∇θs log πθs(os, as)δπθ] , (23)

where πθs(os, as) is the score of action as under the current
policy. Then, the actor network s is updated using the gradient
descent method as follows:

θs ←− θs + α∇θs log πθs(os, as)δπθ, (24)

where ∇θs = α∇θs log πθs(os, as)δπθ is the weighted differ-
ence of parameters in actor network s, and α is the learning
rate.

Fig. 5 shows the architecture of the decentralized BNNs. At
each iteration, each agent (i.e., SES) observes the state and the
EC’s request and finds a proto-actor âs,t. Then, each of the

4Both terms have been normalized.

Fig. 5. DDPG-based DRL actor/critic architecture.

proto-actors will be expanded into K actions using the KNN
component, and the critic network will select an action with
the highest Q value. Each possible action set can be denoted
as Ah = (â1K , â2K , . . ., âSK), where â1K is the action chosen
from the expanded set of SES S. In particular, we have KS

possible action combinations for all the SESs. The critic network
evaluates all the combinations, and actions with the highest
Q-value will be executed in the environment. Then the actors
and critic networks are updated accordingly.

The detailed training stages of the BNNs are explained in Al-
gorithm 1. To improve exploration performance, the interaction
of SES agents manually starts with a random initial state ss+1

and ends at a predefined maximum step Tmax for each episode.
At each time step t during an episode, each agent’s experience
tuple (ss,t, aa,t, rs,t, ss,t+1) will be stored in its experience
buffer Ms. Then, the agent’s actor and critic networks are
updated accordingly using a mini-batch of K experience tuples
{(si, ai, ri, s′i)} randomly sampled from the replay memory
Ms. After training of Emax episodes, the dynamic BrA policy
will be gradually and independently learned in each SES agent.

In the testing stage, each agent loads the actor-network pa-
rameters learned during training, initializes an empty buffer,
interacts with a randomly initialized environment, and selects
actions directly from the actor network based on the current
state. To further enhance performance, ResNet-inspired blocks
are introduced in the network to ensure efficient gradient flow,
allowing deeper networks without vanishing gradients. Further-
more, prioritized experience replay is used to replay high-value
experiences more frequently, boosting training efficiency. For
optimization, an adaptive learning rate scheduler is employed to
accelerate convergence. These techniques collectively enhance
the stability and accuracy of the BNN training process [49].

C. Phase 2: Heuristic-Based BA Algorithm

While ABR significantly improves ECs’ QoE, an EC in a
dynamic environment may still experience stalling if the BA is
inappropriate. For example, if ECs requesting the same chunk at
different bitrates are all assigned fixed bandwidth, a high-bitrate
request may suffer from insufficient downlink rate and buffer,
whereas a low-bitrate request would stream smoothly. Thus, BA
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Algorithm 1 : Training Stages of the BNNs.

Input: R(t) and ΦSES(t), ∀i ∈ N and s ∈ S.
1: for each agent s ∈ S do
2: Initialise the ResNet-based actor and critic networks’

parameters.
3: Initialize target networks θμ

′
s ←− θμs and θQ

′
s ←− θQs .

4: Initialize an empty experience memoryMs.
5: end for
6: for each episode e = 1, 2, . . ., Emax do
7: Generate an initial state ss,1 randomly for all s ∈ S.
8: for each step t = 1, 2, . . ., Tmax do
9: for each agent s ∈ S do
10: Determine the BrA action as,t given the EC’s

demand, using current policy network θμs and
exploration noise εμ.

11: Execute action as,t at each SES agent, receive
reward rs,t and observe the next state ss,t+1.

12: Store the tuple (ss,t, aa,t, rs,t, ss,t+1) into the
replay memoryMs.

13: Sample a mini-batch of K tuples fromMs.
14: Update the critic network by minimizing the

loss L with the samples:
L = 1

K

∑K
i=1(ri +maxa∈AQ(s′i, a|θQ

′
s )

−Q(si, ai|θQs ))2
15: Update the actor network using the sampled

policy gradient:
∇θμs J = 1

K

∑K
i=1∇aQ(si, a|θQs )|a=ai∇θμs μ(si|θμs )

16: end for
17: Send the BrA decision vector ˆRs(t) to the CoNN,

for all s ∈ S, and run Algorithm 2.
18: end for
19: if t mod δ = 0 then
20: Update the target networks by

θμ
′
s ←− τθμs + (1− τ)θμ′s and
θQ

′
s ←− τθQs + (1− τ)θQ′s .

21: end if
22: end for

is a key component, alongside ABR, in maintaining high QoE.
To measure the degree by which the BrA-USA decisions found
by each BNN violate the constraints C2, C3 and C5 in P1.1

(or the second term in P̃1.1), we define the BA cost function as

U(R̂s) =
∑
i∈Ns

ws,3 · pflow
i (r̂i(t)) +

∑
i∈Ns

ws,4 · pstall
i (r̂i(t))

(25)

which is the weighted sum of the constraints. We define the
penalty function, pflow

i , to measure the degree to which BrA
decisions found by the BNNs result in underflow and overflow
in the ECs buffers, as shown in C2,C3. We introduce some
buffer ranges [κ∗,min κ∗,max] to measure the proximity of the
buffer level to experience underflow or overflow. Let us define
the best range5 the buffer level can fall as δ0 = {b|κ0,min <

5For instance in a [40% 60%] of the buffer capacity.

b < κ0,max}, where b is the buffer level. Let us define a larger
range that is more exposed to stalling by δ1 = {b|κ1,min <
b < κ1,max, b /∈ δ0}. Similarly we define L ranges while Lth
range is δL = {b|κL,min < b < κL,max, b /∈ δ0 − δL−1}, where
κL,min < κL−1,min and κL,max > κL−1,max:

pflow
i (r̂i(t)) =

{
0 if Bi(t) ∈ δ0
L if Bi(t) ∈ δL (26)

where the selected bitrate has an impact on the chunk size in the
downlink. Then, we define pstall

i to measure the degree by which
the BrA-USA decisions found by the BNNs result in stalling
during streaming (constraint C5) as

pstall
i (r̂i(t)) = Er̂i

[
max

(
0,

K(t)∑
k=0

τk(r̂i)− Tw
)]

∀i ∈ Ns,

(27)

Remark 3: Only ECs streaming from SESs receive their
allocated bandwidth based on the proposed BA method, while
those streaming from the MBS or cloud receive a fixed band-
width. This highlights the dependency between the BA and USA
problems.

The proposed BA method, together with the BNN, ensures
that P1.1 is effectively addressed by handling resource allo-
cation through DRL while enforcing constraint satisfaction via
BA, achieving a balanced and feasible solution.

D. Phase 3: DDPG-Based DRL Solution for Caching
Mechanism

To optimize the placement of the videos on the SESs, we use a
centralised DDPG-based DRL network placed at the MBS. The
cache optimization network selects an action, i.e., the optimized
set of videos with the appropriate bitrate to cache at each of
the SESs, upon observation of the environment. The Caching
Optimization NN (CoNN) has the same structure as the BrA
network, with different state space, action space, and reward
functions defined as follows.

State Space: Full observation of the environment for the
cache-optimization DRL includes the matrix of videos and bi-
trates located at each SES (the latest update), Φ̄S, and the storage
space at the SESs, C(t), and is defined as sc,t = [Φ̄S, C(t)].

Action Space: Based on the agent’s observed system state in
the MBS, an action matrix decides which videos to cache on each
SES and at what bitrate. With M videos, K chunks per videos,
and upto omax bitrates per chunk, the action space (all combina-
tions of videos, chunks, and bitrates) becomes extremely large,
making exploration intractable. To deal with this complexity, we
consider a group of ψ chunks to be in a window represented as
Y1 = {vm,1 . . . vm,ψ}, where

∑Ψ
i=1 |Yi| = K, andΨ is the total

number of windows in a video. Therefore, we perform bitrate
caching over a window instead of per chunk, reducing the action
space. The problem then becomes twofold: (1) selecting which
videos to cache, and (2) choosing the bitrate for each window.
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We now redefine the cache matrix, the agent’s action, as:

Φ̄S =

⎛⎜⎝ φ̄11 · · · φ̄1ψ · · · φ̄1Ψ
...

...
...

...
...

φ̄M1 · · · φ̄Mψ · · · φ̄MΨ

⎞⎟⎠ (28)

where φ̄mψ = om,ψ · 1{Ismψ=1} where Ismψ is an indicator func-

tion which is 1 if the ψth window is cached at SES s. Thus, if
a video is going to be cached, there should be a decision on the
bitrate for each window.

Reward Function: To learn an adaptive cache optimization
policy, we consider minimizing the objective function P1.2,
while meeting the constraintC1. Thus, the reward function must
account for minimizing the difference between the requested and
cached bitrate, and a penalty function on exceeding the caching
capacity of the SESs. Specifically, we define the reward function
rc,t

6 for the cache optimization network at time t by

rc,t = −
(
wc,1 ·

N∑
i=1

(
Λ(φmk , ri(t))

)
+ wc,2 · pCap

i (r̂i(t))

)
(29)

where

pCap
i (r̂i(t))=Er̂i

[
max

(
0,

M∑
m=1

Ψ∑
i=1

O∑
o=1

Δom,i · xsom,i − Cs
)]

To enhance the performance and stability of the CoNN,
ResNet blocks with residual connections are introduced, allow-
ing deeper architectures while mitigating vanishing gradient
issues. Furthermore, layer normalization is applied at each layer
to ensure stable training, and dropout regularization is used to
prevent overfitting. The CoNN output uses a softmax function
to convert the values of the last hidden layer, generating the
caching decision matrix Φ̄S. Each element of Φ̄S, denoted as
φ̄mψ , shows the probability of caching the ψth window of video
m with bitrate om,ψ in SES s.

Fig. 6 shows the diagram of BNNs and CoNN working in
parallel. At each iteration, the BrA decision vectors found by the
BNNs, R̂s(t) for all s ∈ S, are sent to CoNN. To further improve
the accuracy of caching decisions, the CoNN employs an adap-
tive learning rate optimizer, ensuring faster convergence [50].
Based on the observed state and the BrA decision vectors
R̂s(t), the CoNN outputs the caching decision matrix Φ̄SES.
Then, the reward value rc,t = r(sc,t, aa,t) is determined and
the tuple (sc,t, aa,t, rc,t, sc,t+1) is saved in the CoNN memory
Mc. To avoid excessive bandwidth usage caused by constant
transferring of video segments between the SESs, the caching
algorithm, detailed in Algorithm 2, is executed with an optimized
frequency. Specifically, CoNN cache decisions only take place
every X iterations. In addition, prioritized experience replay is
integrated into the caching algorithm to ensure that high-priority
experiences are replayed more frequently, enhancing the quality
of training and decision-making.

6Both terms have been normalized.

Fig. 6. Overall architecture of CoNN-BNNs-environment interactions.

Fig. 7. DASH architecture.

E. Overview of the Operations and Deployment

In this work, we address four key challenges-CO, USA,
BrA, and BA-in video streaming services. Fig. 7 outlines the
requirements and sequence of these operations. CO is handled
at the MBS layer, while the other three are managed within each
SBS. The DRL methods adopted in both BNN and CoNN are
based on the DDPG algorithm, which allows continuous action
control in high-dimensional environments. ECs inU1

s (t) request
services from their associated SBS, which forwards requests to
its SES. The BNN then processes these using the SES cache and
state space, generating the USA-BrA decision matrix. The BA
module allocates bandwidth, with ECs receiving either a portion
based on the proposed BA approach or a fixed share from other
sources. The outputs of operations 2, 3, and 4 inform the ECs
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Algorithm 2 : Training Stages of the CoNN.

Input: R(t) for all i ∈ N , ΦSES(t), for all s ∈ S, and
R̂s(t) for all s ∈ S received from the BNNs.

1: Initialise the ResNet-based actor and critic networks’
parameters.

2: Initialize target networks θμ
′
s ←− θμs and θQ

′
c ←− θQc .

3: Initialize the empty experience memoryMc.
4: for each episode e = 1, 2, . . ., Emax do
5: Generate an initial state sc,1 randomly.
6: for each step t = 1, 2, . . ., Tmax do
7: Determine the caching allocation action ac,t using

current policy network θμc and exploration noise εμ.
8: if t mod X = 0 then
9: Execute the caching allocation action and

relocate videos on SESs.
10: end if
11: Determine the receive reward rc,t of action ac,t

and observe the next state sc,t+1.
12: Store the tuple (sc,t, ac,t, rc,t, sc,t+1) into the

replay memoryMc.
13: Sample a mini-batch of K tuples fromMc.
14: Update the critic network by minimizing the loss

L with the samples:
L = 1

K

∑K
i=1(ri +maxa∈AQ(s′i, a|θQ

′
c )

−Q(si, ai|θQc ))2
15: Update the actor network using the sampled

policy gradient:
∇θμc J = 1

K

∑K
i=1∇aQ(si, a|θQc )|a=ai

×∇θμc μ(si|θμc )
16: end for
17: if t mod δ = 0 then
18: Update the target networks by

θμ
′
c ←− τθμc + (1− τ)θμ′c and
θQ

′
c ←− τθQc + (1− τ)θQ′c .

19: end if
20: end for

Fig. 8. (a) Caching, capacity and joint CoNN rewards versus episodes,
(b) CoNN reward vs cache size, and (c) CoNN reward vs update frequency.

where to stream from, the available bitrate, and their bandwidth
allocation. ECs update their buffers for each slot upon successful
download or playback. Meanwhile, operation 1 (i.e., CO) runs
a CoNN every X slots to update the SES caching matrices.

TABLE II
THE VIDEO BITRATE FOR EACH RESOLUTION

The proposed framework is designed with a modular ar-
chitecture, where BA algorithm, CoNN and BNN operate au-
tonomously within their respective layer, enabling distributed
and scalable implementation (see Figs. 6 and 7). The BNN runs
locally at each SES, trained on local user data and network ob-
servations, without requiring central coordination. They also run
the lightweight BA algorithm, requiring no cross-layer synchro-
nization. The CoNN, though, runs on the MES as a supervisory
caching manager periodically updating cache states based on
aggregated request statistics received from the SESs, similar to
coordination mechanisms in Content Delivery Networks. This
update frequency can be tuned to network capabilities, ensuring
low communication overhead. The proposed framework can be
practically deployed on current MEC and cloud infrastructures
using containerized services and lightweight APIs. DRL com-
ponents at the Edge and Macro layers can run as independent
virtualized agents trained offline and updated asynchronously.
The system requires only metadata exchange between layers, en-
suring low communication overhead. The BA algorithm is han-
dled in real time through network-slicing APIs. This distributed
and service-oriented design enables incremental deployment on
current 5G and edge-cloud infrastructures without significant
reconfiguration.

VI. SIMULATION RESULTS

In this section, we present the simulation results generated
using Python under different settings. A single MBS is located
in the center of a circular area that covers 5 SBSs. We considered
ECs to be distributed in an area with a Poisson distribution with
an expected density of S/N ECs per cell.

SES cache capacity is set toCs = 10Gb, and the buffer length
of each EC (i.e., B ) is considered to be 100 s [17]. The cache
capacity at MES is enough to cache only the highest bitrate
for all videos (each video will have approximately 4.8 Gb). We
set TW = 20 s. We consider 10 videos, each of equal length of
10 minutes [51]. We also consider that different videos have
different chunk sizes in the range [4 6] s. We select the 6
most popular resolutions for traditional systems as 240P, 360P,
480P, 720P, 1080P, and 1440P. The bitrate ranges are listed in
Table II which are obtained from YouTube7 similar to [4]. We
characterize the popularity of videos using a Zipf-like distri-
bution and sort the videos in V in descending order of their
popularity Pm = {p1, . . . pi . . . , pM},

∑M
i=1 pi = 1, where pm

7https://support.google.com/youtube/answer/2853702?hl=en

https://support.google.com/youtube/answer/2853702{?}hl$=$en
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TABLE III
INFERENCE LATENCY OF THE DRL MODELS ACROSS COMPUTING PLATFORMS

represents the popularity of the ith rank video defined as

pi =
i−η∑M
j=1 j

−η (30)

where η = 0.8 is the popularity skewness of videos of V .
Hence, each EC selects a video based on its popularity. In a
heterogeneous environment, devices have different interests
in terms of bitrate selection. Hence, we consider each EC
uniformly at random selects one bitrate level for its videos;
however, with a 5% probability for each time slot, the selected
bitrate downgrades to a lower one due to various reasons (e.g.,
interference). Later, after BrA, one of the bitrates in the third
column of Table II is uniformly selected at random based on
the requested resolution. These different bitrate values for each
resolution represent different video content in different scenes.
We also assume ECs with a probability of 10% start streaming
from the first chunk, and with a 90% probability select a chunk
randomly from the middle of the video to show real-world-like
user behaviour. ECs download the chunks until the play-out
buffer is full; such an aggressive approach is also exploited on
YouTube [52].

The bandwidth is allocated to each EC after the USA and
the allocation of the bitrates, as explained in Section V-C. We
setWs = 40 MHz. The chunks are added to the buffer after they
are downloaded and the buffer decreases as the chunks are being
displayed. For processing capacity, we set Ωs = 30 GHz, which
is the maximum number of CPU cycles per second. The number
of CPU cycles per Byte has been established at 5900, based
on findings from the existing literature [51]. The termination
condition for an episode is when 80% of the ECs experience
overflow/underflow. In the following, we show the impact of
different parameters on the result. To ensure statistical reliability,
all DRL experiments were conducted using 20 independent
random seeds for the CoNN and 30 for the BNNs, with identical
hyperparameters and variations only in network initialization,
environment stochasticity, and exploration noise. The weighting
parameters for (22), (25), and (29) are determined using a two-
phase procedure consisting of root mean square-based scale nor-
malization followed by coarse grid search fine-tuning with re-
spect to the QoE metrics defined in Section IV-B. This approach

ensures balanced contributions of all reward components while
enabling controlled trade-offs among competing objectives.

A. CoNN Performance

Fig. 8(a) illustrates the joint CoNN reward, which consists
of the caching reward and the capacity reward. The CoNN
reward represents the reward obtained by the trained MBS in
updating the cache of the SBSs. As shown, the reward value
converges in less than 45 episodes. Fig. 8(b) demonstrates the
impact of cache size on CoNN reward. With a larger cache size,
more video chunks can be stored, increasing the likelihood that
the requested video chunks are available in the SBS cache.
This figure represents the CoNN performance over X steps.
Fig. 8(c) highlights the impact of the frequency of running
CoNN to update the SBS cache. Running CoNN with the highest
frequency results in the highest reward per iteration, while lower
frequencies, such as every 5 steps, yield a reduced reward. This
decrease occurs because some requests are missed, leading to
a lack of knowledge about intermediate requests, resulting in
higher errors. The error bars in Fig. 8(b) and (c) represent the
standard deviation across the 20 runs at each evaluation step.

B. BNN Performance

Fig. 9 illustrates the joint BNN reward and its components: the
BrA reward and the transcoding reward. The developed BNNs
are deployed across 5 SBSs, allowing us to observe the perfor-
mance of each SBS individually and the average performance
of all 5 SBSs in the final plot. As shown, all SBSs converge
after several episodes, with the average convergence occurring
around 150 episodes. The variation in convergence time across
the SBSs is influenced by factors such as the number of ECs
within each SBS and the diversity of requested videos.

Fig. 10(a) demonstrates the impact of computational capacity
on the joint BNN reward across the 5 SBSs and their average
reward. The increased computational capacity enables for more
transcoding, allowing the delivery of more suitable bitrates to
the ECs. This reduces the bitrate cost and, in turn, increases the
BNN reward. Fig. 10(b) examines the impact of the number of
ECs on the BNN reward. With fixed computational, caching, and
bandwidth capacities, a higher number of ECs leads to a greater
gap between the delivered and requested bitrates. This results in a
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Fig. 9. Bitrate, transcoding and joint BNN rewards versus episodes.

Fig. 10. Joint BNN reward versus: (a) Computation capacity, and (b) number
of users.

lower joint BNN reward. Across the BNN experiments (Figs. 9
and 10), the observed standard deviations remain consistently
low (all below 1% of the dynamic range), indicating strong
robustness to random initialization, which we attribute to the
ResNet-inspired architecture, prioritized experience replay, and
adaptive learning rate scheduling.

C. BA Performance

Fig. 11 illustrates the buffer utility in 5 SBSs, showing the
average buffer utility of all ECs within each SBS and all ECs
in the last plot. The figure depicts how buffer utility evolves
over simulation steps for buffer lengths ranging from 100 to 300

seconds, comparing Fair Bandwidth Allocation (FBA) and the
proposed BA algorithm.

The buffer utility peaks when the EC buffer levels reach 40–
60% of their capacity. For example, in Base Station 1, the buffer
utilities for capacities of 100, 200, and 300 seconds reach their
maximums at approximately 25, 40, and 50 steps, respectively.
FBA, which allocates bandwidth based on requested bitrates,
results in overloading, causing the buffer utility to drop back
to zero. In contrast, the BA algorithm is buffer-level-aware,
assigning a higher bandwidth at lower buffer levels and reducing
the bandwidth as the buffers approach overload, keeping the
buffer levels within the optimal 40–60% range.

Fig. 12 illustrates the stalling and the buffer utility components
across 5 SBSs, with the average across all SBSs shown in the
final plot. As previously described, the buffer utility starts at zero
and reaches its maximum when the BA algorithm maintains the
buffer level within 40–60% of its capacity (convergence time).

The stalling reward, on the other hand, exhibits a decreas-
ing trend. Initially, when the stalling constraint is not vio-
lated, the stalling reward is at its highest. However, as sim-
ulation steps progress, some ECs may experience stalling
due to empty buffers caused by long download times, which
in turn result from low allocated bandwidth. As the sim-
ulation continues, the BA algorithm improves performance,
stabilising the buffer levels of all ECs within the 40–60% range.
Consequently, stalling is eliminated, and both the buffer utility
and stalling reward converge at approximately the same time.
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Fig. 11. Buffer utility for different values of buffer length versus steps.

Fig. 12. Buffer and stalling rewards versus steps.

D. Inference Latency

To validate the deployment feasibility and latency of the
proposed DRL agents, we measured their inference performance
across hardware platforms representing the full spectrum from
edge devices to cloud infrastructure. As summarized in Table III,
both models demonstrate excellent real-time performance. The
BNN achieves sub-millisecond inference times on common
laptop-class CPUs (Intel i5/i7) that are representative of ca-
pable edge servers, making it highly suitable for the frequent
BrA-USA decisions. The CoNN also performs well on these
platforms with inference times under 5 ms, which is negligible
compared to its operational time scale of minutes. On cloud
GPUs/TPUs, both models achieve exceptional sub-millisecond
performance, demonstrating the scalability of our approach.
These results confirm that the computational overhead of our
DRL solutions does not hinder their practical deployment under
real-world latency constraints.

E. Overall Performance

To evaluate the performance of all developed algorithms
(BNNs, CoNN, and the BA algorithm) on overall QoE and the
studied KPIs, we present Fig. 13 for three NN steps: 20, 40, and
60. This figure illustrates how the QoE of ECs evolves over time.
The demonstration covers a small part of the network (10 ECs
served by one SBS, alongside the MBS and cloud), but similar
performance is observed across all SBSs and ECs. As shown in
Fig. 13(a), the BNN initially performs poorly due to errors in the
delivered bitrate compared to the requested bitrate, resulting in
only 50% QoS satisfaction. This improves to 70% and 100% in
Fig. 13(b) and (c), respectively. The impact of the BA algorithm
is evident in the buffer levels, with satisfaction increasing
from 40% to 70% and then 100% in the three figures. This
demonstrates the BA algorithm’s ability to dynamically allocate
bandwidth, effectively avoiding underflow and overflow.
CoNN’s performance is reflected in the MBS caching, with
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Fig. 13. Overall Performance after: (a) 20, (b) 40, and (c) 60 steps.

QoS satisfaction increasing from 20% to 80% over the steps.
Furthermore, the utilization of the streaming source improves
from 50% to 80%, a direct result of the improved caching at
the edge. For example, when EC 4 requests the 62nd chunk of
the first video in quality 6, the absence of this chunk at the edge
redirects the request to MBS, which stores all chunks at the
highest quality. Although caching satisfaction is not achieved
for this request, the continuum effectively delivers the required
bitrate, demonstrating the efficiency of the integrated algorithms.

VII. CONCLUSION AND FUTURE WORKS

In this work, we tackled the challenges of adaptive video
streaming in an edge-assisted DASH framework by formulating

a joint optimization problem encompassing bitrate allocation,
user-to-server assignment, caching, and bandwidth allocation.
Given the complexity of the overall problem, we decomposed
it into manageable sub-problems and employed DDPG to solve
three sub-problems with continuous action spaces (defined as
BNN and CoNN), and designed a heuristic approach for band-
width allocation.

In the simulations, we evaluated the performance of the
BNN- and CoNN-based approaches from multiple perspectives,
including the impact of cache size, cache update frequency,
convergence behaviour, computational capacity, and the number
of users. Additionally, we assessed the effectiveness of the BA
algorithm. Finally, we evaluated the overall performance of the
proposed solutions. As the number of decision steps increases,
we observe that: (a) video chunks and bitrates are cached more
efficiently based on user demand, (b) buffer underflows and
overflows are minimized, (c) streaming shifts closer to the edge,
and (d) a higher proportion of users receive their requested
video chunks and bitrates. This demonstrates a scalable and
effective solution for intelligent video delivery in Edge-DASH
environments.

Future extensions of this work could explore a collaborative
multi-agent reinforcement learning framework, where SESs can
share experiences to accelerate learning and improve global
resource utilization. Furthermore, incorporating user mobility
into the environment model would enable a more realistic eval-
uation of caching and delivery strategies under dynamic network
conditions, particularly in scenarios involving frequent han-
dovers. Finally, implementing and testing the proposed methods
using real-world network traces or on edge computing testbeds
would offer valuable insights into their practical feasibility and
performance in real deployments.
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