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Abstract—Optimal tile-based bitrate allocation improves the
Quality of Experience (QoE) for adaptive 360° video streaming
across multiple clients in heterogeneous network environments;
however, it is challenging as it implies accurate viewport pre-
diction, finest tile-based bitrate reservation, and maintaining
QoE fairness, particularly under constrained network conditions.
This paper proposes a strategy named EDGE360, that em-
ploys an edge-driven Multi-Agent Deep Reinforcement Learning
(MADRL) solution for rate adaptation to improve the joint QoE
in DASH-based rich media content delivery based on adaptive
viewport prediction and Video Multi-method Assessment Fusion
(VMAF) corresponding tiling granularity selection. Cooperative
strategies among agents in the central critic network are crucial
for addressing the complexity of network instances at the edge
and optimizing media streaming bitrate assignment in multiple-
client scenarios. Therefore, EDGE360 aims to implement the
Counterfactual Multi-Agent Policy Gradients (COMA) based
on 5G network traces to train agents in policies that optimize
individual client QoE and fairness among clients, resulting in
an improved rich streaming experience. At the edge, a tile-
based quality monitor evaluates viewport trajectories, buffer
status, and network throughput, employing deep learning to
forecast optimal tile bitrate allocation, which is formulated as
an MDP and solved with MADRL. Based on extensive experi-
mentation, EDGE360 surpasses state-of-the-art adaptive bitrate
algorithms by achieving the highest average reward, outperform-
ing RAPT360, 360SRL, and BOLA360 by 8.12%, 11.86%, and
18.00%, respectively, demonstrating superior convergence and
refinement.

Index Terms—MPEG DASH, QoE Fairness, Bitrate adapta-
tion, Edge Computing, Deep Reinforcement Learning

I. INTRODUCTION

HE rapid growth of immersive multimedia technologies,

notably 360° virtual reality (VR) video streaming, has
influenced how individuals interact with rich media content
[1]. These applications necessitate an extremely high Qual-
ity of Experience (QoE), since they immerse consumers in
fully interactive worlds with a wide field of view. How-
ever, providing such high-fidelity VR video across numerous
clients with varying network circumstances presents consid-
erable constraints. Providing continuous streaming, control-
ling bandwidth, and ensuring adequate quality distribution
across clients become critical considerations, especially in
bandwidth-constrained contexts. Furthermore, the widespread
implementation of HTTP-based adaptive streaming (HAS)

with sophisticated adaptive bitrate adaptation (ABR) tech-
niques has substantially enhanced individual client QoE [2].
However, client-centric ABR solutions overlook the larger
context of shared bandwidth constraints, resulting in compet-
itive situations between clients and accompanying disparities,
unfairness, and ineffective bandwidth utilization. The growing
world of latency-sensitive rich media content delivery across
5G and beyond networks complicates guaranteeing fair QoE
distribution across multiple clients.

Edge-based ABR has become a vital enabler for efficient
real-time 360° VR video delivery. By processing data closer
to users, edge computing reduces latency and offloads com-
putation from centralized clouds, addressing the high resource
demands of VR streaming. It facilitates localized, dynamic rate
adaptation essential for bandwidth-efficient and real-time QoE
optimization in 360° video systems. Unlike traditional cloud
centers, edge nodes reside near end users and execute advanced
DRL-based algorithms [3[]-[5] to predict network conditions
and manage client requests for precise QoE control. This
paradigm reduces transmission redundancy and bandwidth bot-
tlenecks [6], [[7]]. However, current edge solutions still struggle
with accurate network prediction, viewport forecasting, and
client state awareness for optimal ABR decisions, especially
under multi-client scenarios.

Furthermore, adaptive 360° video streaming divides each
frame into smaller units or tiles that can be delivered at varying
bitrates depending on the user’s viewport. Accurate viewport
prediction is critical because it allows the system to dedicate
more resources to tiles in the user’s FoV while lowering the
quality of tiles in peripheral regions and, hence, bandwidth
usage. In [8]], the authors proposed a user-aware viewport pre-
diction technique that combines tile-based adaptation and QoE
measurements for more precise bandwidth allocation in 360°
video streaming. This tile-based rate adaptation is critical for
providing a seamless and immersive experience, but it brings
challenges such as efficient bitrate allocation, error-prone long-
term prediction, managing numerous clients, and guaranteeing
fair quality distribution. Multi-user immersive VR experiences
present additional complexities in synchronization, latency,
and bandwidth contention, particularly within wireless and
edge-assisted environments [9].

To address the aforementioned challenges, EDGE360 pro-
poses to use edge-assisted Multi-Agent Deep Reinforcement
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Learning (MADRL) to perform localized decision-making and
rate adaptation in order to improve individual as well as
collective QoE. EDGE360’s key development is the applica-
tion of Counterfactual Multi-Agent Policy Gradients (COMA)
[10] to train agents in policies that optimize bitrate allocation
based on viewport prediction, tile quality assessment with
Video Multi-method Assessment Fusion (VMAF) scores [11]],
and overall client fairness. COMA is well-suited for this
role because it addresses the multi-agent credit assignment
challenge by analyzing each agent’s value to the global reward,
as opposed to standard DRL systems such as A3C [12] or
DDOQN [13]], which are based on single-agent conditions.
Furthermore, COMA lowers agent interference by focusing
on counterfactual incentives, making it more successful in
settings with complex interdependence, such as optimizing
joint QoE in multi-client settings. This cooperative, multi-
agent technique is well-suited for complicated, multi-client
settings in heterogeneous 5G and Beyond networks.

Furthermore, standard ABR algorithms, which are usually

centralized, have limits when dealing with highly dynamic and
resource-intensive media 360° video. They frequently fail to
compensate for the various network circumstances and device
capabilities in current video streaming situations. EDGE360
overcomes these restrictions by evaluating viewport feedback
and network information in real-time, resulting in much lower
latency and improved bitrate allocation efficiency. This study
also describes a tile-based quality monitor at the edge that
dynamically uses client buffer status, network performance,
and other QoE variables to anticipate and allot appropriate bi-
trates to distinct tiles. EDGE360’s deep reinforcement learning
architecture reformulates the adaptive bitrate selection problem
in 360° VR video streaming as a Markov Decision Process
(MDP), enabling context-aware decisions that are highly re-
sponsive to fluctuating network conditions and dynamic user
viewport behaviours.

The main contributions of this paper are as follows:

o We introduce EDGE360, a novel edge-assisted MADRL
framework designed for adaptive tile-wise bitrate man-
agement in multi-user 360° VR video streaming. Unlike
previous approaches, EDGE360 incorporates fairness as a
primary optimization goal by integrating both individual
deviation-based penalties and the global Jain’s fairness
index into the COMA policy gradient algorithm. This en-
sures equity in both personalized and system-wide QoE.
Through the use of COMA’s counterfactual advantage es-
timation, EDGE360 effectively isolates the impact of each
agent on global performance. This enables more accurate
credit assignment and cooperative behavior, leading to
substantial improvements in fairness when compared to
traditional independent actor-critic DRL frameworks.

e We employ a VMAF-guided video quality monitoring
approach that incorporates a tile-size granularity-aware
dynamic adjustment of region-specific bitrate allocations
based on long-short-term memory (LSTM)-driven view-
port prediction. This method of region-aware adaptation
enhances bandwidth efficiency and perceptual signifi-
cance by assigning fine, medium, and coarse tile granular-
ities to the viewport, marginal, and background regions,

respectively. This approach ensures optimal video quality
delivery within real-time operational constraints.

o We model the streaming problem as a cooperative MDP,
with distributed actor networks generating parallelised,
client-specific actions while communicating with a cen-
tralised critic. This decentralised execution architecture
enables scalability, low-latency inference, and resilience
in high-density multi-client environments, as demon-
strated by comprehensive ablation, sensitivity, and scala-
bility evaluation.

II. RELATED WORKS

Extensive research has been undertaken in the realm of
adaptive rich media streaming and client QoE, emphasizing
improving multimedia transmission efficiency by employing
machine learning-based ABR techniques. A lot of research
investigates the challenges of multi-client bandwidth conges-
tion and suggests customized bitrate adaptation techniques for
different network scenarios. These works focus on three key
deployment paradigms for bitrate optimization agents intended
to improve QoE: server-side, client-side, and network-assisted
solutions. Each of these paradigms offers valuable insights
into improving transmission efficiency for multimedia trans-
mission. This section highlights the most recent advances in
each of these three techniques.

A. Server-Side ABR Streaming Approaches

Multimedia content can be sent by servers with multiple
bitrate versions and encoded so that clients can request the
requisite chunks. Zou et al. [[14]] addressed streaming tile-based
360° videos to several viewers who share network resources
using server-side rate adaptation. The study optimizes tile
rate allocation using a non-linear optimization problem to
minimize visual distortion while taking into account transmis-
sion constraints and user-specific requirements. They applied
a CNN-based viewpoint prediction framework and a Laplace
probability for error modelling to achieve near-optimal QoE
performance. In order to maximize effectiveness and QoE
fairness, Altamimi et al. [[I15] developed and implemented
a client-server side DRL-based ABR solution for adaptive
video streaming. Also, Yuan et al. [[16] presented an end-to-
end method that divides bottleneck bandwidth among users
according to mobility and QoE characteristics to maximize
mobile video streaming and QoE fairness in heterogeneous
networks. Currently, server-side infrastructure is not widely
used for collaborative QoE augmentation techniques, mainly
because estimating bottleneck capacities across many access
networks is challenging. Moreover, the implementation of real-
time traffic management for a significant number of clients
has serious computing costs at the server end, making these
practices not viable from an economic standpoint and low
latency multimedia applications.

B. Client-Side ABR Streaming Approaches

Clients in 360° video streaming dynamically adapt tile
quality based on viewport prediction and network conditions,
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Fig. 1: EDGE360 video streaming architecture which comprises a CDN server, smart edges, and multiple rich media clients.

making tile-based rate adaptation attractive for its scalability
and deployment ease. Client-side tile-based streaming with
viewport adaptation has been extensively explored, notably in
heuristic designs like FLARE [17]], which allocate tile bitrates
based on predicted viewports to enhance bandwidth efficiency.
However, this design lacks multi-user coordination and re-
silience under variable 5G conditions, limiting its scalability
and QoE stability. 360SRL [18]], which serves as a baseline
approach here, introduces a sequential RL approach using
DDQN to tackle the exponential action space in tile-based
360° streaming. While it improves tile decision efficiency, it
lacks a region-prioritized strategy with an effective perceptual
quality VMAF metric and does not integrate collaborative
multi-agent reward structures for fairness. RAPT360 [2], a
baseline approach here, utilizes an A3C-based RL framework
with LSTM to capture temporal features and predict user head
movement. RAPT360 makes independent bitrate decisions
for each tile without enforcing spatial consistency leads to
incoherent visual quality across adjacent tiles, resulting in
noticeable quality flicker and reduced perceptual smoothness.
It lacks multi-user coordination, limiting its effectiveness in
optimizing QoE in fairness-sensitive streaming environments.
Li et al. [[19] proposed a multi-agent reinforcement learning
strategy for fair bandwidth distribution among concurrent 360°
video users, incorporating rebuffering, viewport trajectory, and
video quality preferences. To address head motion uncertainty,
Wang et al. [20] introduced a MADRL-based ABR framework
using a multi-modal spatio-temporal attention transformer for
viewpoint prediction, significantly improving QoE but remain-
ing sensitive to abrupt motion changes. BOLA360. [21] is a
heuristic baseline buffer-driven online ABR algorithm model,
aiming to maximize QoE by optimizing tile downloads within
the user’s field of view (FoV). However, it lacks predictive
viewport modeling, perceptual quality metrics, region-aware
tiling, and multi-user coordination, limiting its performance in
dynamic streaming scenarios. Although client-side solutions
are easily deployable without server or network modifications,
they lack global context across users, making them suboptimal
for complex, latency-sensitive content. These limitations un-
derline the need for scalable approaches that jointly consider
multi-client dynamics and avoid preference biases that may
compromise QoE fairness.

C. Network-Assisted ABR Streaming Approaches:

Network-assisted techniques are essential for scalable 360°
video streaming, addressing high bandwidth demands and
multi-user dynamics. Such strategies enhance user engagement
and delivery efficiency by leveraging network insights. Bi et
al. [22] proposed a two-stage ABR scheme with FoV tile
prediction and pre-caching in MEC environments, using a
dual-agent DRL framework to adapt bitrates against wire-
less fading and prediction errors. Similarly, [23] introduced
a reinforcement learning-based MEC framework integrating
time-series FoV prediction and bitrate adaptation to reduce
bandwidth costs and improve streaming reliability. However,
these methods primarily target single-user scenarios, limiting
scalability in multi-user contexts. Shi et al. [24] developed
a meta-RL-based edge analytics framework to address dy-
namic QoE trends, but it also lacks multi-user coordination.
More recent work [25]-[28] explored MADRL-based edge
ABR strategies to jointly optimize QoE and fairness. De-
spite promising results, these approaches often underperform
under high user loads and do not incorporate rich media
characteristics. In contrast, our edge-based solution employs a
COMA MADRL framework and VMAF-driven tile adaptation
to support scalable, real-time 360° streaming for multiple
users, delivering superior QoE and fairness.

III. PROPOSED EDGE360 SYSTEM DESIGN
A. Overview

Fig. [1] illustrates the EDGE360 architecture for adaptive
360° VR streaming to multiple clients via an intelligent edge
node. Using a multi-agent DRL-based ABR algorithm, the
edge leverages client-specific data viewport prediction, buffer
status, and bandwidth to ensure seamless playback and optimal
video quality. Acting as an intermediary to the central 360°
video server, the edge dynamically responds to network and
client variations to maintain high QoE. The system comprises
three core components: clients, the intelligent edge, and the
VR video server.

1) Clients: Each client in the EDGE360 system represents
an end-user device that can stream and request VR content,
such as a 360° viewer or VR headset. Leveraging a RESTful
interface, the client requests particular segments of the 360°
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video from the smart edge. To optimize the streaming experi-
ence, each client periodically provides status information to the
edge by employing the Client State Information (CSI) module.
This client state data comprises clients’ throughput, buffer
status, and viewport trajectories. Throughput data provides
dynamic bitrate adaptation based on network circumstances,
resulting in smoother viewing. Buffer status allows modifying
video quality to avoid disruptions, whereas viewport trajecto-
ries enable the edge to prioritize high-quality tiles inside the
client’s field of view. This real-time status data is critical for
the edge of optimizing resource allocation and maximizing
QoE across multiple clients.

2) EDGE360: In the EDGE360 architecture, the intelligent
edge serves as the central processing unit that handles client
requests, performs adaptive bitrate streaming, and delivers
optimized 360° video content. It leverages client-specific vari-
ables, such as viewport prediction, buffer status, and band-
width availability, to make latency-aware, resource-efficient
quality decisions. A core function of the edge is 360° video
tiling and quality monitoring. The video is divided into spatial
tiles, enabling selective quality adaptation: higher resolution is
assigned to tiles within the client’s viewport, and lower quality
to peripheral tiles. To assess tile quality, the edge employs a
VMAF-based quality monitor, which evaluates perceptual met-
rics like sharpness, contrast, and structural fidelity. This tile-
specific VMAF-driven adaptation ensures high visual quality
in the field of view while conserving bandwidth by reducing
quality in non-visible regions.

The COMA policy network is a specialized MADRL model
implanted at the edge that manages cooperative decision-
making for adaptive streaming. To carry out this task, the
EDGE360 system generates a state S; for each client session
based on real-time data. In the COMA framework, each client
serves as a separate agent with its actor-network that learns
a policy 7, (an | sn), where a,, denotes actions like bitrate
and tile quality selection for the current video chunk C;. After
selecting the action a;, the system updates the state to Sj.i
based on an updated CSI module and a tiles-based quality
monitor. The actor-network then repeats the process with this
updated state for the next chunk Cj,;.

This strategy iteratively tries to maximize reward r (s;, a;)
in given current network circumstances. A central critic net-
work assesses collective agent performance by computing
the reward r (s, a;), incorporating measures such as video
optimal streaming, tiled-chunk quality, and re-buffering mini-
mization. The critic network computes an Advantage Function
0 = An(s,an) = Uj(s,an) = 2 ™ (ay, | 8) Un (s,a7,),
where Uj (s,a,) is the value-action function of actor n,
and Za, 7 (al, | $) Uy (s,al,) is a baseline to identify the
expected value of alternative actions resulting in isolating the
influence of action a,, on overall performance. This function
0 evaluates the efficiency of each agent’s actions in terms of
rewards, leading the system toward optimal resource allocation
and adaptability across multiple clients.

Moreover, one of the edge’s principal functions is to main-
tain a cache of video chunks. This cache momentarily caches
frequently visited video items, reducing the need to send
multiple queries to the central 360° video server. Whenever

a client requests a video chunk, the edge node initially
determines if it is accessible in the cache. If it is, the chunk
is provided directly to the client, which results in quicker
response times and less network demand for the central server.
This caching approach is convenient when multiple viewers
request overlapping content, since it allows for an effective
reprise of cached video segments.

3) 360° Video Server: The rich VR 360° video server is
the primary source of 360° video material and includes a rich
content repository with multiple quality levels (high, medium,
and low) for each video tile. Whenever the desired video
chunk cannot be located in the edge’s cache, the edge node
retrieves it from the server, suggesting the quality required
based on the COMA policy recommendations. The server
dynamically reacts to client requests by supplying the appro-
priate video quality to ensure each client achieves the highest
degree of detail to enhance the viewing experience. The server
allows the edge to scale effectively by transmitting only the
required quality levels for each tile rather than an entire video
with maximum quality. The server optimizes the bandwidth
consumption and minimizes redundant data transmission by
keeping a repository with split quality levels.

IV. EDGE360-DRIVEN BITRATE ADAPTATION AND QOE
COMPUTATION

A. QoE Model Design

EDGE360’s adaptive 360° streaming across multiple clients
optimises fluctuating QoE factors while ensuring fairness.
Clients request tiles based on expected viewports, and the
network must use bandwidth effectively to reduce rebuffering
and latency. EDGE360 integrates tile-level utility based on
viewport relevance and content complexity, inspired by per-
ceptual insights provided in [29]], which highlight saliency-
aware quality adaptation. ABR decisions are influenced by
COMA, which was chosen over alternatives such as A3C and
DDQN for its ability to provide counterfactual advantages
that segregate each agent’s contribution to the overall reward.
This enables fine-grained credit assignment and coordinated
policy learning, both of which are crucial when utilising shared
bandwidth and cache constraints. Decentralised actor networks
determine per-client bitrates, while a centralised critic assesses
the global state. EDGE360 calculates QoE for a multi-client
scenario in steps, beginning with the network throughput
distribution and moving through tile granularity, video quality
switches, buffer dynamics, and delay, eventually combining
these aspects into a comprehensive QoE metric. A detailed
breakdown of the QoE model components and derivations is
provided in Appendix A.

B. QoE Calculation

In EDGE360, client-specific QoE estimation is essential for
assessing streaming performance. The QoE model integrates
factors such as effective tile quality, viewport enhancement,
quality switches, rebuffering, and latency, key to ensuring a
smooth and immersive experience under network variability.
These metrics support fairness and effectiveness in multi-client
scenarios. For client n at time ¢, QoE is estimated as follows:
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Edge360: Region-Based Adaptive Tiling with Fine, Average, and Coarse Granularities
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Fig. 2: (a) shows the segmentation of a 360° video frame into three spatial regions: Viewport (F,) with fine-grained tiles,
Marginal (F,,) with average-grained tiles, and Background (F;) with coarse-grained tiles. (b)—(d) illustrate region-specific
tiling, where finer tiles are allocated to high-priority regions for perceptual quality, and coarser tiles to low-priority areas for
bitrate efficiency. This demonstrates EDGE360’s hierarchical tiling strategy for optimizing 360° VR streaming.

QoE,(t) = Qu(t) —a-AQ;x(t) = B-pn(t) — - Du(t) (1)

Here, Q,(t) represents the aggregated perceptual quality for
the predicted viewport tiles, as introduced in Eq. [A.T1} Eq.
AQ; ,(t) tracks the variance in tile quality between
segments and is penalized by «. Quality stability reduces
visual interruptions, improving the viewing experience [30].

As defined in Eq. |A.15| p,, () indicates a rebuffering event
for client n at time ¢, with its duration given by d,,(¢). Their
product models the stall penalty in QoE, weighted by [
to discourage frequent and prolonged playback interruptions.

Latency D, (t) was introduced in Eq. as the sum of
transmission delay and processing delay and is weighted by
¢. This term highlights the significance of response time in
adaptive streaming, particularly in a multi-client immersive
environment. To evaluate the system-wide QoE level, the ag-
gregated QoE was defined as Q&En(t), measuring the overall
QoE across all clients i.e., QoFE,(t) ~ 227:1 QoE,(t).
This metric gives a system-wide (global) perspective on video
quality and adaptation efficiency.

C. Fairness Assessment

To ensure fairness in resource allocation among multiple
clients, Jain’s Fairness Index is used as a well-established
metric to quantify the equality of QoE across all clients. For
N clients, the fairness index at time ¢ is defined as:

(5

n=1

)

]:—Jain(t) =

- @)
NS QoEA(t)
n=1

Here, QoE,,(t) denotes the perceived quality of experience
of client n at time ¢, which incorporates viewport-aware
video quality, rebuffering impact, delay penalties, and quality
switches. A Jain’s index value close to 1 indicates an equitable
QoE distribution among clients, whereas lower values reflect
increasing disparity.

This formulation aligns with EDGE360’s goal to not only
optimize individual client performance but also ensure system-
wide fairness in perceived video quality, avoiding resource bias
and improving overall user satisfaction across diverse network

and client conditions [31]], [32].

D. EDGE360 Reward Function

The EDGE360 reward function is introduced to help op-
timise each client’s QoE while preserving fairness across
multiple clients in a resource-shared network. The reward
function is preferable for adaptive streaming in a multi-client
setting as it takes into account the QoE of each client, the
consistency of QoE among clients, and fairness. The compact
reward function for client n at time t is as follows:

' ’QoEn(t) - QoEn(t)kavg‘
QOEmax,n(t) - QOEmin,n(t)
A Fram(t),Vk=1,2,...,N

In this context, € functions as a local fairness penalty term,
which quantifies the divergence of client n’s instantaneous
QoE from the moving average QoE of other clients, denoted
as QoF, (t)’“avg. This term imposes penalties for significant
discrepancies between individual clients within short temporal
intervals, and is standardized using the observed maximum
and minimum QOoE values for the client, represented by
Q0Fmaxn(t) and QoFEwin .y (t), respectively. Furthermore, a
global fairness measure across all clients is imposed via the
term ]:'Jain(t), specifically Jain’s Fairness Index, which is
computed based on system-wide QoE distributions at time
t and weighted according to A. While the local penalty
promotes fairness among proximate clients within a rolling
time window, the global term ensures prolonged equity in
bandwidth distribution across all clients.

Together, these two fairness components allow EDGE360 to
achieve both short-term fairness responsiveness and long-term
global balance, maintaining efficient and fair system operation
under dynamic network conditions.

Rn(t) = QoE,(t) — || (3)

E. Adaptive Bitrate Allocation for Predicted Regions in
EDGE360

In EDGE360, efficient bitrate allocation is essential for
delivering high-quality 360° video streaming while optimizing
bandwidth usage. To accomplish this, each video frame is
partitioned into three predicted regions: the viewport region
(Fv), marginal region (Fm), and background region (Fb),
prioritized based on their relevance to the user’s FoV. The
adaptive tiling mechanism assigns optimized bitrates R j, k?,
Rj, k™, and Rj, k® to the respective tiles in each region,
balancing visual quality with bandwidth efficiency.
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The available bitrate set, R = R1,Ra,..., R, provides
discrete options for allocation across the three regions. The
complete tile set is defined as 77 = TV, T™,T®, where
each subset corresponds to a specific region. Tiles in 71"
(viewport) are assigned the highest priority and bitrate to
preserve fine visual quality. Tiles in 77" (marginal) lie adjacent
to the viewport and receive intermediate bitrates to maintain
contextual continuity. Lastly, 7 (background) tiles are outside
the immediate FoV and are allocated the lowest bitrates to con-
serve bandwidth. This hierarchical structure enables EDGE360
to focus resources where they matter most enhancing the
user’s perceived quality in the FoV while efficiently managing
network load across peripheral regions.

As shown in Fig. [J] the viewport region F, (red el-
lipse) receives fine-grained, high-resolution tiles to prioritize
user focus. The marginal region F,, (yellow rectangle) is
streamed with moderate granularity, while the background
F uses coarse tiles to conserve bandwidth. Fig. [] illustrates
EDGE360’s bitrate allocation for three test videos (Sunset,
Alaska, and Beach), assigning 18-20 Mbps to F,,, 8—12 Mbps
to F,, and 2.5-4 Mbps to Fj}, balancing visual quality and
bandwidth efficiency across regions.

Algorithms 1, parts 1 and 2, present the detailed proce-
dure of the proposed viewport-aware adaptive tiling scheme
in EDGE360. The algorithm returns the tile set T =
{T?,T™,T"}, where each subset corresponds to a different
viewport-aware region: T (viewport tiles) forms the predicted
user viewport, 7™ (marginal tiles) covers adjacent areas with
moderate granularity, and 7 (background tiles) consists of
lower-priority tiles beyond the predicted FoV. These selected
tiles collectively reconstruct a complete video chunk, ensuring
optimized visual quality and efficient bandwidth utilization in
EDGE360.

This systematic approach ensures efficient bandwidth uti-
lization while maintaining high-quality streaming for the user’s
viewport. By dynamically adjusting bitrates and calculating
total file sizes based on tile regions and priorities, EDGE360
achieves an optimal balance between visual quality and re-
source constraints. This method enables the system to adapt
to varying network conditions and user demands dynamically,
ensuring improved QoE.

V. EDGE360 RATE ADAPTATION AND PROBLEM
FORMULATION

In the EDGE360 adaptive streaming framework, each client
selects optimal tiled-region bitrates per adaptation span to
maximize aggregated QoE and ensure immersive 360° VR ex-
periences. Leveraging the COMA framework [33]], EDGE360
jointly optimizes rate adaptation across multiple clients by
balancing individual demands with system-wide fairness un-
der dynamic network and viewport conditions. As shown in
Fig. Bl COMA integrates both local (e.g., throughput, bitrate,
viewport probability, quality scores) and global (e.g., predicted
viewport maps, average QoE, chunk size, fairness, delay, edge
cache usage) state inputs within a MADRL setup to learn
effective streaming actions.

The EDGE360 optimization problem may be represented
quantitatively as follows:
Problem P1:
arg max Z QoFE,

n€(l,N]

EDGE360’s aim for problem P1 is to determine the opti-
mum bitrate and tile quality selection approach with optimal
policy #* : S - A — [0,1], that maximizes the projected
long-term discounted QoE while taking into consideration the
limitations of view-port and tiled-based 360° video streaming
in multi-client scenarios.

A. Foundation of MDP

A discrete-time  finite Markov  Decision Process
(MDP) represented by M, is defined by a 7-tuple
(87 {On}n€N7 {Aﬂ}n€N7 1 {TH}HENv Y5 PO, H)’ which
serves as the foundation for modeling decision-making in
dynamic environments where multiple agents engage with
both the environment and each other. Here, N represents
the set of agents, and each agent makes individual decisions
while interacting with a shared environment. This formulation
indicates the action space A, of agent n and the state
space of the environment by S as they encompass both
global and local information that influences decision-making.
However, in multi-agent systems each agent usually have
access to partial observations of this state space which is
denoted by {Op}nen, where O, represents the specific
set of observations available to agent n. Such partial
accessibility translates the MDP into a Partially Observable
Markov Decision Process (POMDP), which reflects the
actual constraints that agents encounter in real-world systems.
A, = {a¥,a™, ab} represents the set of actions the agent n
can take and a?, a', a¥ are actions for viewport, marginal,
and background tiles, respectively. The transition dynamics
are defined by the deterministic function f : S x A — S5,
which specifies the next state s’ to which the environment
will transition when an action a is performed in the current
state s. The f accounts for joint actions of all agents (clients)
and actions that affect the global state, especially regarding
network throughput, buffer states, and tile quality switches.
The reward for taking an action a in state s is given by the
bounded reward function r : § x A — R. It incorporates the
discount factor v(0 < v < 1) to balance the importance of
current and future rewards. The initial state distribution can
be determined using the formula pg : S — RT, it reflects
the initial conditions of network throughput, buffer states,
and video quality across all clients, where H represents the
horizon length or the length of the decision-making trajectory.
Furthermore, since each EDGE360 agent perceives a partial
view of the global state S, the framework is a POMDP [34].
COMA’s centralized critic calculates counterfactual baselines
to influence individual agents’ actor strategies, maximizing
their value to the shared global reward. The objective of the
POMDP framework for the agent n is to find the optimal
policy 7 : § — A, that maximizes the cumulative long-term
discounted reward. This can mathematically be represented as
R = Zio ~t - 7y, where 7 is the reward at time ¢ and 7 is
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a discount factor that balances the significance of immediate
versus future rewards. Consequently, the edge-based optimal
bitrate selection problem can be redesigned as:

Problem P2:

“)

max E
{Trn }nEN

H
Z'Yt - Ry | {ﬂ-n}neN
t=0
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Algorithm 1: Part 1: Input/Output Processing and
Hierarchical Tile Selection with Bitrate Allocation
Input : Predicted Head Rotation F, dividing the frame into three
regions:
Fu: Viewport Region (high priority),
Fm: Marginal Region (moderate priority),
Fp: Background Region (low priority),
Network Throughput W, (t), Buffer Status By, (t), Set of
Available Bitrates R = {R1, R, ..., Rar}, and Neural Network
Inputs.
Output: Tile set T, € T = {T%,T™,T*} with optimized
bitrates 'R;ﬁk,V)c € {v,m,b}.

1 Initialization: 7% = 0, T™ = 0, T® = (.;

2 Hierarchical Tile Selection with Bitrate Allocation:
3 foreach rile T} 1, do

4 if T ), N Fy # 0 then

5 ‘ Tj,k — 17, R;,k — Ry, €R;
6 end if

7 if T, N Fr # 0 then

8 if G; 1.(t) = a then

9 ‘ Tje—T™, R < Rm eR;
10 end if

1 ifg]k()_cthen

12 | Subdivide(T} ) = T/}

13 end if

14 end if

15 if T; ;, N Fp # 0 then

16 if G; 1 (t) = c then

iy | Subdivide(T? ) = 7}

18 end if

19 if G; 1(t) = a then

20 ‘ Subdivide(77"},) = T} ,.:

21 end if

2 Ty TP, le’,’k +— Ry € R;
23 end if

24 end foreach

25 Tile Merging for Compression:

26 if all fine-grained viewport tiles T,
to the same subset then

27 ‘ Merge T} . € TV into a medium-grained tile TJT’”k ;

28 end if

29 else if all medium-grained marginal tiles T; , € T™ within a
region belong to the same subset then

30 ‘ Merge T}, € T™ into a background tile T]l?,k

31 end if

32 else

33 \ Maintain the current tiling structure.;

34 end if

.k € TV within a region belong

The P2 goal is to collaboratively optimize the policies of all
agents in the EDGE360 framework to maximize the predicted
cumulative discounted global reward across all clients in a
multi-agent scenario.

B. State Formulation for EDGE360 Adaptive 360° Streaming

In the multi-client EDGE360 architecture, the MDP is mod-
ified into a Markov game [35] to handle interactions among
multiple agents and the environment. Each client behaves
as an independent actor, requesting video tiles, and their
collective decisions impact global state changes. The com-
plicated dynamics of adaptive 360° video streaming, such as
viewport prediction, tile-based adaptation, and limited network
resources, require a precise state definition. The state of a
client n requesting a video chunk C; is defined as follows:

s§ = (A3, W AT uf, i AQY L P k1))
5)

n
g,k J 17

Algorithm 1: Part 2: State Preparation, EDGE360
Evaluation, and Cache Management

State Preparation for EDGE360:
Local States: Throughput history Wy, (¢) (Eq. ,
VMAF scores V; i (t) with tile granularity
G k(t) (Eq. [A.5),
Q1]1a11ty transls AQ; 1 (t) (Eq. m
Buffer status By, (t) (Eq. ??).
Global States: Viewport maps P (4, k,t) (Eq. -
aggregated QoE QoEn (Eq , rebuffering events
pn(t) (Eq. ), Latency Dn (T (Eq m
10 EDGE360 Evaluation:
11 Combine local and global states in the central critic to evaluate

Q(s, a) (Eq.[8)-:

12 Each actor network selects actions (tile bitrates R;.( k) for TV, T™,
T? to maximize QoE.;

e X T U R W =

13 Dynamic Bitrate Adaptation:
14 if Wiy (t) < Wi min, where AR: bitrate reduction step for
non-viewport tiles then

15 if R?,k > Ryin then

16 ‘ Reduce bitrate: R?’,k = Rl]’k — AR;

17 end if

18 if Rmk > Ryin then

19 ‘ Reduce bitrate: R’Jﬂk = R;’fk — AR;

20 end if

21 if R}”k < Ryax then

2 ‘ Maintain highest bitrate: ’R;’ & = Rmax;

23 end if

24 end if

25 Edge Cache Integration:

26 foreach T); , € T = {T%, T™,T"} do

27 if T} 1, is available in the edge cache then

28 Retrleve T} x with its assigned quality and corresponding
data size Uj , (Eq. -

29 end if

30 else

31 Request T . from the video server based on its region:

o Viewport (7T): High quality, data size U T Eq.]A. 8
e Marginal (7"): Moderate quality, data size U 4

o Background (7®): Low quality, data size U]b (Eq

Store the retrieved Tj, , in the edge cache.;
32 end if

33 end foreach

34 return T = {T%, T™, T} with bitrates R

This state represents numerous facets of the client’s in-
teraction with the system. In a multi-client scenario, each
client’s local state s serves the joint global state S; =
{s},s3,...,sN}. COMA’s centralized critic utilizes S; to opti-
mize resource allocation, guarantee fairness, and maximize the
client’s QoE. The historical network throughput, presented as
hi = {hJ=* ... hi~'}, incorporates the average throughput
measurements over the past y chunks, representing recent net-
work performance to assist bitrate adaptation. Similarly, w? =
{wi™#, ..., wl=1} contains the downloading instances of the
previous u chunks, providing insights regarding transmission
efficiency and network variability. The historical data retrieval
rate is expressed as A7 = {A}_ 1}, indicating the
pace at which prior chunks were downloaded.

This metric helps to monitor network consistency and
guide bitrate adaptation, resulting in smooth playback while
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preventing unnecessary rebuffering. The required chunk C;
tile sizes are represented as uff) = [}, u7y, ul ", where
uj g, Uy, and u; i correspond to the viewport, marginal, and
background regions, respectively. Each tile size is set for mul-
tiple bitrate levels, such as uf, = {u} ,(R1),...,uj  (Rm)}
, which enables the solution to change quality granularity
swiftly. Similarly, d7, = [dY,,d7,d} ] records spherical
distortions associated with these tiles, indicating spatial quality
drop between regions.

The past chunk’s video quality denoted as V=1, serves
as a reference point to ensure quality consistency. The buffer
occupancy metric BJ assesses the client’s playback buffer
during a chunk request C; and is crucial for smooth playing
and avoiding re-buffering occurrences. The quality switching
penalty AQY, adjusts for disruptive quality variations, result-
ing in seamless transitions between video quality levels. The
viewport probability mapping model P?(j, k, t) anticipates the
likelihood of tile (j,k) being viewed based on the client’s
viewport trajectory, allowing for prioritized resource alloca-
tion.

C. Actor-Central Critic Policy Training for EDGE360

In the EDGE360 architecture, the actor and central critic
network leverage the COMA approach to handle the chal-
lenges of multi-client adaptive streaming in a partially observ-
able setting. The technique merges client-specific decisions
with global optimization via a POMDP framework, resulting
in an effective resource allocation and improved QoE for all
rich users.

1) Actor Policy Approximation: The actor policy for each
client is parameterized by ¢,,, representing the weights of the
actor network. This network produces a probability distribu-
tion over possible actions, such as bitrate allocation and tile
quality selection. The distribution is computed using a softmax
function:

Tn(ay | 8) = Softmax(d(s; ¢n)) (6)

where, ¢(+) is the feature extraction function that transforms
the observable state s into a latent representation, while ¢,
denotes the trainable parameters of the actor network for client
n. This allows the policy to dynamically adapt to client-
specific requirements, such as viewport movement, network
fluctuations, and buffer conditions, while being influenced by
the shared global environment. global environment.

2) Central Critic State-Value Function: The state-value
function which determines the predicted cumulative reward
setting up from a particular global state s is assessed by the
centralized critic. It is represented as:

H
Z’th(s, a)
t=0

where, R(s,a) is the global reward aggregating QoE tracks
across all clients, «y is the discount factor harmonising current
and future rewards, and H 1is the decision horizon. This
function provides a global view by taking into account all
agents’ combined states and actions, coordinating their actions
with system objectives.

Ve(s) =E , (7

3) Advantage Function for Central Critic: In order to en-
hance actor training, the central critic evaluates the advantage
function, which compares the effectiveness of an agent’s action
to a counterfactual baseline. This is stated as follows:

N
An(sa an) = Q(Sva) - Z Wn(an | S)Q(‘S? a—n) (8)

Here, a denotes the joint action vector of all agents, i.e.,
a = (a1, az,...,an), while a~™ represents the set of actions
taken by all agents except agent n. The state-action value
function is represented by Q(s,a), and the counterfactual
baseline by (Q(s,a”™) which minimizes the contribution of
agent n by marginalizing over its actions. The counterfactual
baseline Q(s,a™") estimates the global reward by marginal-
izing agent n’s action while keeping other agents’ actions
fixed. This formulation is crucial for EDGE360 with multiple
agents, as the advantage function enables each agent to focus
on optimizing its unique contribution to the global reward,
guaranteeing fairness and efficient resource allocation for each
client.

4) Actor Policy Gradient Update: In EDGE360, the actor
policy gradient update is critical for enhancing each client’s
actor network. The policy gradient approach updates the
actor networks, which promotes actions that result in higher
expected rewards. The actor policy gradient update can be
expressed as:

Ve, J(on) =E[An(s,a0)V,, logma(an | 5)] (9

Here, function A,,(s,a,) measures the comparative advan-
tage of an action compared to its baseline. This allows the actor
network to maximize its distinct value to the shared global
reward. This recurrent refinement guarantees that the policy
responds dynamically to variations in network circumstances,
such as bandwidth fluctuations and viewport trajectories, while
also optimizing the QoE for each client. This strategy com-
bines local decision-making with global system objectives by
using COMA’s multi-agent framework.

5) Entropy Regularization: to stimulate exploration while
avoiding early convergent to suboptimal policies, the actor
objective incorporates entropy regularisation as follows:

H(m,) = —Zﬂn(an | $)logmp(an | $) (10)
An

where, H(m,) measures the randomness of the policy’s
action decision. A higher entropy number implies a more
exploratory perspective, whereas a lower entropy indicates a
more predictable behavior. Entropy regularization encourages
diversity in action choices, ensuring that agents explore differ-
ent bitrate allocation and tile quality ways across the viewport,
marginal, and non-viewport regions. The updated actor objec-
tive, which includes entropy regularization becomes:

Vo J'(¢n) =E [V, (An(s, an)log my(ay | s) +nH (7))
(1D

The updated actor objective gradient, denoted by
V. J'(¢n), incorporates an entropy regularization term
scaled by the tunable parameter 7, which balances exploration
and exploitation. This regularized formulation is especially
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important in EDGE360, where agents must adapt to dynamic
network states and diverse viewport trajectories in a multi-
client, tile-based streaming environment.

6) Critic Network Loss Function: The critic network is
trained to reduce temporal difference (TD) errors, which
improves the accuracy of value assessments. The loss function
is stated as follows:

LW) =E [(V(s) = (r V()] (12

Here, V.(s) is the predicted value of the current state s, r
is the immediate reward obtained following action, and V,(s")
is the estimated value of the next state s’. The discount factor
() determines the relevance of future rewards compared to
immediate ones. By minimizing this loss function, the critic
network learns to deliver precise value estimations, allowing
the centralized critic in EDGE360’s COMA system to develop
effective counterfactual advantage functions.

EDGE360’s actor central critic system integrates these
components, i.e. m,(a, | 5), Vo(s), An(s,an), Ve, J(n),
H(my,), Vo, J' (¢n), L(¥), aligning client-specific edge-based
adaptations with global QoE optimization. The COMA-based
centralized critic ensures fairness, while actor networks dy-
namically adapt to local conditions, allowing for efficient and
adaptable 360° video streaming in multi-agent settings.

VI. IMPLEMENTATION AND EVALUATION

A. Simulation Settings

To evaluate the performance of the proposed EDGE360
algorithm, we built a Python-based simulator with the PyTorch
framework [36]]. The simulator was built on an Ubuntu 24.04
machine with a 64-bit Intel Core i7-8550 U CPU (1.8 GHz
quad-core, turbo boost up to 4GHz) and 16 GB RAM.

EDGE360’s COMA DRL-based rate adaptation technique
employs a single centralized critic network as well as several
independent actor networks, with each client in a multi-client
streaming situation acting as an autonomous agent. Unlike
independent DRL approaches like A3C and DDQN, which
rely on decentralized learning, COMA combines centralized
training and decentralized execution to provide optimum col-
laborative policy acquisition for viewport-based bitrate se-
lection while remaining fair between different clients. To
simulate realistic multi-client streaming scenarios aligned with
5G network conditions, EDGE360 is evaluated with increasing
number of clients: 16, 32, and 64 concurrent users, respec-
tively. Each actor network is mapped to a unique client and
independently performs tile-wise bitrate allocation decisions.
The architecture supports decentralized execution, allowing
each actor to operate with local observations that include
viewport probability maps, buffer states, and past bitrate ac-
tions. Simultaneously, the client’s observation space inherently
captures the viewport, marginal, and background regions, en-
abling fine-grained control over spatial adaptation. This region-
aware, modular structure not only supports accurate per-user
decisions but also facilitates scalable operation, as validated in
our scalability experiments. Even with 64 clients, EDGE360
maintains acceptable levels of QoE, fairness, and rebuffering,

demonstrating its robustness in high-density streaming envi-
ronments.

Each network of client-specific actors selects bitrates based
on local information such as viewport probability visualiza-
tions, network performance, buffer occupancy, and history
bitrate decisions, where the actor policy gradient update
Vo, J(¢n) Eq. @) optimizes policy learning by adjusting
actions that result in higher expected rewards. These actor
networks consist of an input layer and two fully connected
(FC) layers, with the first layer comprising 128 neurons and
the second containing 64 neurons, both with ReLU activation.
The output layer implements a Softmax activation function
o(s; on) Eq. (0) to generate action probabilities that decide
the bitrate of each client’s tiles in the viewport, marginal,
and background regions. The critic examines the state action
value function Q(s,a) and compares the impact of each
agent’s action with a counterfactual baseline Q(s,a™™) using
an advantage function A, (s, a,) Eq. (8) rather than directly
calculating a Q value in a linear activation output layer. The
counterfactual baseline marginalizes the contribution of the
agent n’s to global reward by marginalizing its activities.
Taking into account future rewards over a broader horizon, the
discount factor set to v = 0.99 ensures long-term optimization.
Using the Adam optimizer for effective convergence, the
learning rate is set at 1 x 10~ for actor networks and 5 x 1073
for critic networks. To avoid early convergence to suboptimal
policies, the entropy regularisation factor H(m,) Eq.
is initialized at 0.99 and decays exponentially at a rate of
0.995 every 102 iterations in the COMA DRL framework for
exploration.

B. Viewport Dataset

To model the user viewport dynamics in EDGE360, we
used a publicly available viewport dataset that includes head
rotation traces from 153 volunteers while watching various
360° videos [37]. These traces, sampled at 10 Hz (i.e., 10
samples per second), offer high temporal resolution to support
fine-grained head movement prediction.

EDGE360 adopts a LSTM-based deep learning model for
viewport prediction due to its ability to learn long-range
temporal dependencies inherent in user head motion. In con-
trast to CNN-based methods that often struggle with tem-
poral modeling [38], the LSTM network captures sequential
user interactions effectively and enables forecasting of the
future viewport center using historical rotation data. Addi-
tionally, EDGE360 integrates a Laplace-based probabilistic
viewport expansion scheme, which estimates tile-wise proba-
bility around the predicted center, exponentially decaying with
distance. This allows for perceptually guided bitrate allocation,
favoring high-probability tiles.

Although attention-based and transformer-based architec-
tures have recently shown strong predictive capabilities in
such domains [39], however, LSTM was chosen for its bal-
ance of accuracy and computational efficiency in real-time
applications. Transformers, while potentially more accurate,
often involve higher inference latency and parameter overhead,
making them less practical for edge-based scenarios with
resource constraints.
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Fig. 8: Log-scaled rebuffering penalty for three test videos
(Sunset, Alaska, and Beach) for different adaptive streaming
techniques (EDGE360, 360SRL, RAPT360, and BOLA360),
with error bars representing + one standard deviation.

The prediction model was quantitatively evaluated using the
Mean Absolute Error (MAE) and viewport hit rate metrics.
The average MAE across all test users was 5.0°, and the
average viewport hit rate exceeded 90%, indicating strong
predictive accuracy. These metrics validate the use of the
LSTM model in combination with the Laplace-based expan-
sion strategy employed in EDGE360.

Furthermore, Fig. [I0] quantifies the system’s sensitivity
to viewport prediction error through an ablation study. To
simulate degraded prediction accuracy, we injected controlled
Gaussian noise into the predicted viewport coordinates and
evaluated the resulting impact on EDGE360 performance.
The LSTM-based viewport predictor used in our framework
achieved a MAE of 5.1°, a hit rate within 5° of 89%, and
an Fl-score of 0.92 for FoV classification. As the injected
MAE increases from 5° to 25°, the normalized average QoE
steadily declines from 0.85 to 0.70, indicating an 18% loss
in perceptual quality due to misallocated bitrate and increased
stall events. Jain’s fairness index similarly falls from 0.90 to
0.74, demonstrating imbalanced quality across users, as the
COMA reward function dynamically reallocates bandwidth
to clients with poor predictions via the deviation term |e|.
Rebuffering emerges as the dominant penalty beyond 15°
MAE, where stall time per chunk increases from 0.07s to
0.21s, surpassing the penalty from quality switches.

This comprehensive degradation across all three dimensions
QoE, fairness, and rebuffering, highlights the pivotal role of
accurate, low-latency viewport prediction. EDGE360 main-
tains high QoE and fairness as long as the prediction MAE
remains below 20°, validating the choice of an efficient LSTM
+ Laplace PDF model over heavier attention-based alternatives
in real-time VR scenarios.

C. Rich Video Dataset and Network Traces

To ensure robustness across diverse 360° content, we em-
ploy the public dataset [40]], comprising videos of vary-
ing durations (37-668s) and spatio-temporal complexity. The
COMA-MADRL model was trained on the full dataset. For
evaluation, we selected three representative videos Beach,
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Fig. 9: CDF vs. unfairness for different streaming strategies
ensuring balanced resource allocation across clients.
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Fig. 10: Sensitivity analysis of EDGE360 for viewport pre-
diction error, showing the impact on normalized QoE, Jain’s
fairness index, and average rebuffering time per chunk.

Sunset, and Alaska and exhibiting varying degrees of motion,
texture, and scene complexity corresponding to low, average,
and high VMAF profiles, covering a broad range of motion
and visual detail to validate EDGE360’s adaptability. Each
video presents unique challenges: Beach features rapid motion
and dynamic transitions, Sunset contains static-to-moderate
scene shifts, and Alaska captures high spatial fidelity with
minimal movement. This selection ensures that performance is
tested across a diverse set of real-world conditions, validating
the robustness of EDGE360’s adaptation strategy. To provide
adaptive 360° video streaming, we deploy the DASH360
tool, which divides each video into spatially adaptable tiled
representations while optimizing bandwidth allocation based
on viewport likelihood. DASH360 separates videos into three
levels of tile granularity: coarse-grained (1024 x 1024 pixels),
medium-grained (512 x 512 pixels), and fine-grained (256
x 256 pixels) to ensure effective bitrate distribution across
regions. After tiling, the videos are encoded in HEVC/H.265
employing FFmpeg [41] and transformed into 2 seconds
MPEG-DASH chunks with MP4Box [42]. Tile of each gran-
ularity is then pre-transcoded into VMAF-optimized bitrates
based on its probability of being viewed, ensuring perceptual
quality is maintained in high-priority viewing regions. The
encoded content comprises 11 unique bitrates, i.e., 2.5, 4.0,
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Fig. 11: Comparison of the CDF vs. normalized average chunk QoE for sessions simulated on three test videos employing

different adaptive streaming strategies.

5.0, 8.0, 10.0, 12.5, 15.0, 17.5, 20.0, 22.5, 25.0 Mbps, which
essentially aligns with the 5.0-20.0 Mbps range proposed by
3GPP for 360° video streaming [43]]. To measure perceptual
video quality, we use the VMAF-360° models [44]. All three
test videos, Sunset, Alaska, and Beach, have a resolution of
4096 x 2160 (4K) and a duration of 89, 234, and 138 seconds,
respectively.

We employ a public 5G network trace dataset [45] gathered
from operating 5G networks, mimicking different degrees of
bandwidth fluctuation, to assess adaptive multi-agent 360°
video streaming under realistic network conditions. These
traces show three main network modes: disturbed (660 Mbps,
moderate variations), unstable (585 Mbps, large fluctuations),
and stable (734 Mbps, minimum changes). Each client in
the EDGE360 multi-agent architecture functions as a distinct
RL agent, using real-time throughput observations to make
adaptive decisions regarding bitrate selection and viewport
tile prioritization. The 5G traces function as a shared net-
work environment that influences the fairness of bandwidth
distribution among multiple clients and dynamically influences
the agents’ adaptation approaches. Fine-grained viewport tiles
are guaranteed high bitrates (14-20 Mbps) through collabora-
tive decision-making, whereas background (2.5-8 Mbps) and
marginal (8—12 Mbps) tiles are resource-efficiently assigned
lower bitrates. EDGE360 uses 5G transmission to reduce
rebuffering, improve multi-user QoE, and dynamically adjust
to fluctuating network circumstances.

D. Results and Analysis

This section compares EDGE360 with other adaptive
streaming techniques and thoroughly studies EDGE360’s per-
formance across various assessment measures. Evaluations
include VMAF scores for different bitrate levels and tile
sizes, chunk-wise QoE switches, rebuffering penalties, re-
source allocation fairness, and training convergence trends.
This shows how EDGE360’s optimization architecture impacts
adaptive learning, rebuffering, and video quality switches,
demonstrating its ability to achieve high QoE and network
efficiency across various 360° video content.

Fig. 5] shows the relationship between bitrate (Mbps) and
VMAF scores for both 2D and 360° video content in three

test videos (Sunset, Alaska, and Beach). The 2D video shows
a clear trend, with rising bitrate resulting in an increasing rise
in VMAF scores, implying improved video quality. This trend
is predicted since greater bitrates improve encoding efficiency,
reduce compression artefacts, and improve perceived qual-
ity. Notwithstanding the trend of rising bitrate, 360° videos
continually have lower VMAF scores than 2D videos. This
disparity comes from the intrinsic complexity of 360° details,
which requires substantially more data to reach the same visual
quality as 2D video.

The three 360° test videos exhibit different VMAF trends
across bitrate values due to their distinct spatial and temporal
complexity. Sunset, with the highest spatial complexity con-
tent, requires a higher bitrate to maintain a good VMAF score,
placing it ahead of Beach and Alaska at higher bitrates owing
to rich visuals that involve more encoding resources. Alaska,
with the highest temporal complexity, imposes challenges to
adaptation since fast motion demands precise viewport pre-
diction for persistent video quality. Beach, with low temporal
and moderate spatial complexity, has a smoother quality trend
but falls behind Sunset in VMAF scores. The compression
inefficiencies of 360° videos, attributed to vast FoV and di-
verse environments, underline the need for proficient adaptive
streaming such as EDGE360 that optimizes quality variation
dynamically while minimizing rebuffering.

Fig. [0] illustrates the relationship between tile size and
average VMAF score for the three 360° test videos: Sunset,
Alaska, and Beach. A rise in tile granularity from 4x2 to
16x8 improves VMAF scores for all videos, demonstrating
the advantages of finer-grained tiling for higher video quality.
Sunset typically gets the best VMAF ratings because of its
high spatial complexity and moderate temporal complexity,
which benefits from higher bitrate allocation at finer tile
resolutions. Despite its higher temporal and moderate spatial
complexity, Alaska follows a similar pattern, although with
a bit lower scores due to motion-induced compression ineffi-
ciencies. Beach, with moderate spatial complexity and little
temporal variation, has the lowest VMAF growth but still
benefits from finer tile segmentation. The error bars demon-
strate that quality fluctuates and narrows as tile resolutions
grow, indicating improved consistency at higher granularity.
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Fig. 12: Variations in chunk-wise QoE values for adaptive streaming strategies, randomly selected from three test video session

simulations.

Employing adaptive streaming optimization algorithms, the
graph properly represents the impact of tile size on perceived
video quality.

Fig. [7] demonstrates that EDGE360 outperforms other tile-
aware viewport-based adaptive streaming strategies by con-
sistently achieving the greatest QoE across all test videos.
The greatest improvement over BOLA360 is shown with
EDGE360, which offers greater QoE for Sunset, Alaska,
and Beach by 22.97%, 18.94%, and 24.33%, respectively.
Lower QoE results from BOLA360’s buffer-based adaptation’s
inability to effectively optimize viewport-aware streaming.
EDGE360’s QoE for Sunset, Alaska, and Beach is 11.16%,
13.03%, and 11.34% higher than 360SRL, respectively,
demonstrating its resilience when handling high-motion and
spatially diverse video content. Against RAPT360, EDGE360
stays ahead, particularly in Beach (7.18%), Alaska (9.50%),
and Sunset (9.90%), demonstrating its efficiency in adapting
to varying video characteristics, dynamic viewport trajectories,
and network conditions. EDGE360’s improved performance is
primarily due to its adaptive viewport-aware tiling approach,
which allocates bandwidth appropriately depending on view-
port prediction and content complexity.

EDGE360 dynamically prioritizes tiles in the user’s view-
port, guaranteeing efficient bitrate allocation while retaining
excellent perceptual quality. This is particularly pertinent for
videos like Sunset, which have high spatial complexity and
require high bitrates. Alaska also has high temporal complexity
and requires swift adaptation to motion changes. EDGE360
provides an improved balanced trade-off between quality
enhancement and rebuffering minimization by utilizing the
MARL approach, resulting in considerably enhanced QoE
across different test videos compared to state-of-the-art solu-
tions. To reinforce generalizability and comprehensiveness, we
extend our evaluation to include nine 360° videos with diverse
spatial-temporal characteristics (see Appendix B, Fig.
and assess performance under three real-world 5G network
conditions: stable, disturbed, and unstable (see Appendix B,
Fig. B.2). These extended test video results demonstrate the
robustness of EDGE360 across content diversity and dynamic
bandwidth fluctuations.

Fig. presents the log-scaled rebuffering penalty for
EDGE360, 360SRL, RAPT360, and BOLA360 over three test

videos. EDGE360 consistently attains the lowest rebuffering
penalties by utilising predictive adaptation based on COMA
reinforcement learning, which allows for efficient bitrate al-
location and viewport-aware tile prioritization. In contrast,
BOLA360 suffers the most penalty, notably in Sunset and
Alaska, where its entirely buffer-based adaptability struggles
with significant spatial and temporal complexity, resulting
in frequent rebuffering occurrences. It is worth noting that
reducing rebuffering does not always result in higher video
quality. Some techniques, such as RAPT360, provide lower
rebuffering penalties, especially in Sunset, but struggle to
adequately optimize perceptual quality, whereas 360SRL per-
forms ineffectively concerning rebuffering reduction and video
quality enhancement. EDGE360 finds a balance by minimizing
rebuffering while maintaining excellent visual quality via
MARL-based decision-making that adjusts to both network
fluctuations and viewport variations. In Beach, wherein tem-
poral complexity is lower, each approach faces less cost, but
BOLA360 continues to perform poorly owing to its reactive
nature. EDGE360’s ability to strike intelligent trade-offs be-
tween improvement in quality and rebuffering minimization
makes it a more effective adaptive 360° streaming solution in
terms of delivering a seamless viewing experience.

Fig. 0] demonstrates EDGE360’s improved fairness in re-
source allocation, with the curve hitting higher values at lower
unfairness levels. This displays its MARL-based optimization,
which balances QoE across clients. 360SRL and RAPT360
are moderately fair, while BOLA360 is the most unfair owing
to its buffer-based adaptation, which prioritizes rebuffering
avoidance over fair resource allocation. These findings are con-
sistent with Jain’s Fairness Index (Eq. [2) concepts presented
in the above section. EDGE360 significantly reduces QoE
disparities, guaranteeing consistent and proportionate quality
adaptation across each client. EDGE360 (COMA) outperforms
RAPT360 (A3C) and 360SRL (DDQN) by employing a
centralized critic to ensure enhanced fairness and effective
utilization of resources among clients. Dynamically optimizing
viewport-based tile-aware streaming avoids severe QoE shifts,
making it excellent for multi-client adaptive streaming use
cases. To precisely explain the difference in performance,
we present the cumulative distribution function (CDF) vs.
normalized average chunk QoE curves in Fig. [T1]
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The CDF curves for EDGE360 proceed more to the right
than other techniques, showing that a more significant pro-
portion of session chunks retain high QoE levels. In contrast,
360SRL and RAPT360 have intermediate QoE distributions,
with slopes ranging between EDGE360 and BOLA360. This
implies that while these strategies can attain reasonable QoE
levels, their learning-based adaptations underperform in opti-
mising quality under evolving network and content scenarios.
BOLA360 has the steepest and most leftward-shifted CDF
curves, indicating an inability to maintain high QoE. These
results support EDGE360’s COMA-based MARL optimisa-
tion, which improves viewport-aware adaptation and bitrate
allocation, providing consistent, high-quality streaming across
a range of video characteristics.

Fig. shows the chunk-wise QoE transitions over mul-
tiple adaptive streaming techniques (EDGE360, 360SRL,
RAPT360, and BOLA360) in three test videos: Beach, Sun-
set, and Alaska. These results highlight how each technique
controls video quality over time, demonstrating its capacity
to maintain stability while adapting to network changes. All
testing evaluations were conducted under unstable 5G network
trace conditions to emulate real-world dynamic bandwidth
scenarios. EDGE360 displays strong QoE performance, de-
livering excellent and consistent chunk-wise quality. This
strengthens its advantage over other adaptive streaming strate-
gies, particularly in dealing with the challenges of viewport-
based tile-aware 360° video streaming under dynamic network
circumstances. With very little variation, EDGE360 consis-
tently maintains the most constant QoE across all videos,
remaining above 75-85 in Beach and 80 above in Sunset. On
the other hand, RAPT360 and 360SRL struggle with bitrate
fluctuations and rapid adjustments to video motions, seeing
sporadic decreases (such as chunks 20, 35, and 50 in Beach
and chunks 15 and 42 in Sunsetr). With significant dips at
chunks 5, 23, and 45 in Beach, 10, 27, and 50 in Sunset,
and 12, 32, and 48 in Alaska, BOLA360 exhibits the lowest
performance, underscoring its incapacity to manage varying
situations. Although every approach is challenged by Alaska,
which has the most temporal complexity, EDGE360 still
performs better, exhibiting only slight deviations at chunks 30
and 45, whilst RAPT360 and 360SRL have difficulties with
motion-heavy regions.

Fig. [13] depicts the learning process of different adaptive
streaming techniques across 50 epochs, emphasizing their
potential for optimizing reward values. EDGE360 has the
highest final average reward, surpassing 360SRL, RAPT360,
and BOLA360 by 11.86%, 8.12%, and 18.00%, respectively,
demonstrating EDGE360’s higher level of convergence and
refinement. EDGE360’s COMA-based MARL framework em-
ploys a centralized critic with an advantage function, allowing
for more accurate credit assignment to individual agents.
This alleviates the multi-agent credit assignment challenge by
discriminating between beneficial joint actions and suboptimal
actions. Unlike DDQN, which encounters Q-value networks
collapse to effectively approximate the true action-value func-
tion, and A3C, which is struggling with partial observability
and scalability issues, COMA uses an actor-critic architecture
with policy gradients to ensure stable learning and effective
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Fig. 15: Comparison of QoE, fairness, and rebuffering time
across state-of-the-art ABR streaming schemes.

adaptation to dynamic network circumstances. The centralized
critic in COMA allows agents to make coordinated decisions,
avoiding the solitary suboptimal updates. This results in more
rapid convergence, less inconsistent policy updates and ul-
timately superior decision-making in a multi-client adaptive
streaming environment.

1) Ablation Study and Comparative Evaluation: To evalu-
ate the individual impact of each core module in EDGE360,
an ablation study was performed by selectively disabling one
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Fig. 16: Sensitivity of EDGE360 to reward weight A\, showing
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component at a time and measuring changes in normalized
QoE, Jain’s fairness index, and rebuffering time per chunk.
As shown in Fig. the full EDGE360 configuration achieves
the best performance across all metrics.

The deactivation of COMA-MADRL leads to a substantial
deterioration of performance, resulting in a reduction in fair-
ness from 0.90 to 0.67, which constitutes a 23% decrease,
and an increase in rebuffering time from 0.07 s/chunk to
0.26 s/chunk. This underscores the fundamental importance
of COMA’s counterfactual advantage function in facilitating
cooperative bitrate decisions and equitable resource allocation
in multi-agent environments.

Disabling the VMAF-driven granularity reduces fairness
from 0.90 to 0.81 and QoE from 0.86 to 0.76, due to perceptual
quality misalignment and inefficient tile prioritization. The
removal of this module also increases rebuffering time to
0.18 s/chunk, reflecting wasted bandwidth on exchanging data
associated with less relevant regions. Disabling edge caching
leads to network-induced stalls and delivery delays, lowering
QoE to 0.69 and fairness to 0.77, with rebuffering increasing
to 0.21 s/chunk due to the reliance on remote content sources.
Lastly, removing the hierarchical tiling strategy and applying
uniform granularity results in fairness dropping to 0.77 and
QoE to 0.68, with rebuffering rising to 0.17 s/chunk. This
indicates degraded spatial bandwidth efficiency and poorer
adaptation to viewport importance.

These results validate EDGE360’s modular design: each
component contributes significantly to maintaining high-
quality, fair, and stall-resilient 360° video streaming.

Fig. (15| provides a comparative analysis of EDGE360 and
benchmark methodologies (BOLA360, 360SRL, RAPT360)
with respect to three principal performance metrics: normal-
ized QoE, Jain’s fairness index, and the average rebuffering du-
ration per segment. EDGE360 demonstrates superior perfor-
mance over state-of-the-art benchmarks (BOLA360, 360SRL,
RAPT360) across all principal metrics, achieving a 26.8%
enhancement in QoE, a 55.2% increase in fairness, and a
70.8% reduction in rebuffering time compared to BOLA360; a
16.4% advancement in QoE, a 30.4% improvement in fairness,
and a 65% decrease in rebuffering relative to 360SRL; as
well as a 7.6% elevation in QoE, a 21.6% betterment in
fairness, and a 56.3% diminution in rebuffering time than
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Fig. 17: Scalability of EDGE360 under increasing client load:
slight QoE and fairness decline due to bandwidth contention,
with low rebuffering maintained by decentralized actors and
region-aware tiling.

RAPT360. These findings underscore the effectiveness of the
COMA-driven multi-agent coordination, hierarchical region-
based tiling, and decentralized actor execution, affirming the
framework’s real-time adaptability and fairness awareness un-
der various streaming conditions. The implementation of the
COMA framework plays a crucial role, as it addresses the
multi-agent credit assignment challenge by calculating per-
agent counterfactual baselines that elucidate the influence of
individual actions on the global reward, substantially enhanc-
ing fairness among clients and promoting more stable and
equitable learning among agents. In contrast, other method-
ologies such as 360SRL and RAPT360 lack cooperative co-
ordination among agents, leading to uneven QoE distribution
and increased rebuffering.

2) Hyperparameter Tuning and Sensitivity Analysis: To en-
sure the optimal performance of the COMA-MADRL frame-
work within EDGE360, a systematic hyperparameter tuning
process was employed. The actor and critic networks were
trained utilizing the Adam optimizer, with learning rates of
1 x 107% and 5 x 1072 respectively. To manage the trade-
off between exploration and exploitation, the entropy reg-
ularization coefficient was initialized at 0.99 and subjected
to an exponential decay by a factor of 0.995 every 103
iterations. Furthermore, early stopping was implemented to
mitigate overfitting and to guarantee generalization across a
variety of client conditions.

We evaluated the sensitivity of EDGE360 to the reward
weight A, which governs the trade-off between maximizing
user QoE and promoting fairness. Fig. [16| shows the variation
in normalized QoE, Jain’s fairness index, and rebuffering
time as A ranges from 0.5 to 1.6. Increasing A consistently
improves fairness, peaking at A = 1.2 with a fairness index
of 0.90. At this point, normalized QoE also reaches 0.87, and
average rebuffering drops to 0.07 s/chunk. Beyond this point,
however, overemphasis on fairness leads to QoE degradation
and increased buffering.

While the fairness index exceeds normalized QoE numer-
ically, this does not imply superior perceptual quality. Jain’s
index measures the equity of QoE distribution, while QoE
itself reflects the average user-perceived experience, which
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TABLE [I: Optimized per-decision runtime breakdown of
EDGE360 at the edge server under varying client loads

Module [ Runtime (ms)
16 Clients

LSTM-based Viewport Prediction 1.8

VMAF-based Tile Prioritization 2.0

QoE and Utility Evaluation 1.2

Actor Network Inference 1.9

Total Runtime 6.9
32 Clients

Actor Network Inference 3.8

Total Runtime 8.8
64 Clients

Actor Network Inference 7.7

Total Runtime 12.7

may still vary across clients due to video complexity or
network heterogeneity. This distinction emphasizes the need
for balanced optimization.

This analysis substantiates the design of the reward function
and underscores the significance of adjusting A to maintain
a balance between fairness and QoE. Additional parameters,
such as « = 0.9, 8 = 1.5, ¢ = 3.5, and |e] = 0.8,
were empirically optimized through a grid search to guarantee
training stability and dynamic robust learning.

3) Scalability and Real-Time Feasibility: Fig.|l]|illustrates
the scalability performance of EDGE360 as the number of
clients increases from 16 to 64, reflecting typical high-density
5G streaming scenarios. Three critical performance metrics are
evaluated: normalized average QoE, Jain’s fairness index, and
average rebuffering time per chunk.

As depicted in Fig. an increase in the client count
from 16 to 64 results in a moderate deterioration in both
normalized QoE and fairness. Specifically, the normalized QoE
declines from 0.87 to 0.81, eventually reaching 0.77, while the
fairness index reduces from 0.92 to 0.84 and subsequently to
0.80. This degradation is predominantly attributed to elevated
bandwidth contention among clients utilizing shared wireless
access points and edge resources. As a greater number of
users concurrently stream high-resolution 360° video content,
adaptive mismatches and compromises in bitrate occur with
increased frequency.

Despite these challenges, EDGE360 maintains stable re-
buffering behavior. The average rebuffering time increases
from 0.076s/chunk at 16 clients to 0.10s and 0.14 s at 32 and
64 clients, respectively. This resilience is enabled by two archi-
tectural enablers: (i) decentralized actor networks, where each
client adapts independently based on its local observations,
eliminating centralized inference delays, and (ii) region-aware
hierarchical tiling, which intelligently assigns finer granularity
to viewports and coarser tiles to peripheral regions, optimizing
bandwidth use across the multi-client environment.

Table |l presents the average per-decision runtime break-
down of EDGE360, measured on an edge server. The overall
processing pipeline comprises viewport prediction via LSTM,
tile prioritization using pre-computed VMAF scores, QoE
utility evaluation, and inference by parallel actor networks.

While the first three stages of the EDGE360 pipeline
viewport prediction, tile prioritization, and QoE evaluation

16

exhibit fixed latency regardless of the number of clients,
their cumulative runtime is significantly optimized, totaling
approximately 5.0 ms. In contrast, the actor network inference
latency scales linearly with the number of clients but remains
lightweight at 0.12 ms per client due to model quantization and
efficient design. It is important to note that the centralized
critic network in COMA introduces computational overhead
only during training and is not active during inference. As
a result, the final per-decision runtime at the edge is further
reduced, as only the decentralized actor networks are executed.
Owing to this modular and parallel architecture, the total
per-decision latency remains well within real-time constraints
even under the heaviest load of 64 concurrent clients, the
overall decision latency stays below 13 ms. This is significantly
lower than the typical 2-second video chunk duration, ensuring
compliance with ultra-low latency requirements for real-time
VR streaming over 5G networks.

This responsiveness enables scalable and real-time bitrate
adaptation for high-resolution 360° VR streaming in 5G edge
environments. Notably, real-time VR systems require motion-
to-photon latency below 20ms and ideally under 15ms to
prevent discomfort and maintain immersion [46]]. Our opti-
mized EDGE360 architecture achieves an end-to-end per-
client decision latency consistently under 13 ms, even when
supporting up to 64 concurrent clients. This meets the ultra-
low latency demands of interactive VR experiences. Moreover,
prior research shows that maintaining latency below 15-20 ms
can enable up to a fivefold reduction in bitrate for foveated VR
video streaming, whereas latencies exceeding 45 ms severely
reduce such efficiency gains [47]. Thus, the designed low-
latency pipeline of EDGE360 ensures perceptual fidelity and
real-time responsiveness, which are necessary for delivering
immersive media over next-generation networks.

VII. CONCLUSIONS AND FUTURE WORK

This study presents EDGE360, a COMA-based MADRL
framework for edge-driven, viewport-aware, tile-adaptive 360°
video streaming. Designed to maximize both client QoE and
fairness under heterogeneous network conditions, EDGE360
leverages VMAF-based granularity selection and viewport pre-
diction to intelligently distribute bitrates across tiles, resulting
in a more effective DASH-based streaming experience. Un-
like prior schemes, RAPT360 (A3C-based), 360SRL (DDQN-
based), and BOLA360 (buffer-based) EDGE360 utilize a
centralized critic with decentralized actors to coordinate bitrate
adaptation across multiple clients, enhancing learning stabil-
ity, fairness, and efficiency. Its integration of edge caching
and deep-learning-based viewport prediction further reduces
latency and rebuffering, improving adaptability in dynamic 5G
conditions. Extensive evaluations demonstrate that EDGE360
achieves 8.12%, 11.86%, and 18.00% higher average rewards
than RAPT360, 360SRL, and BOLA360, respectively.

Future work will explore multi-step COMA learning, en-
abling the centralized critic to model long-term temporal
dependencies and improve proactive bitrate selection in re-
sponse to network and viewport variations. We also aim to
extend EDGE360 with hierarchical COMA, creating a multi-
level decision architecture where the edge server optimizes
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rate adaptation between the video server and multiple clients.
Finally, cost-efficiency will be addressed by dynamically pri-
oritizing and reducing tile transmission based on predicted
viewports, making adaptive 360° streaming more scalable in
diverse network environments.
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