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Abstract—Extended reality offers unprecedented
learning and training occasions, and unique challenges
related not only to throughput and delay, but also to the
characteristic spatial concentration of trainees. We have
developed an algorithm for eXtended reality oriented
Orchestration of Access Resources (X-OAR) grounding
on next generation network technologies. X-OAR is
designed to efficiently allocate edge computing facili-
ties and cooperatively scheduled radio access network
resources for extended reality applications. Building
on the 3GPP guidelines on quality of experience in
XR services, X-OAR meets the stringent XR delay
requirements by leveraging edge and radio resources
and employing cooperative scheduling within the radio
access network. We introduce a graph model of the
X-OAR optimization problem, and we present the X-
OAR greedy algorithm, that reduces the orchestration
complexity and the dependency on user subscription
information. Experimental results show that X-OAR,
with its cooperative scheduling technique, outperforms
state-of-the-art competitors in terms of XR quality of
experience. X-OAR paves the way for further studies
extending the system orchestration to the application
layer and the related resource charging policy.

Index Terms—5G NR, Edge Computing, Extended
Reality, Joint Allocation, Cooperative Scheduling.

I. INTRODUCTION

The proliferation of personal and mobile devices
equipped with enhanced processing and network-
ing capabilities has facilitated the realization of ex-
tended reality (XR) in various innovative domains.
5G technologies open new frontiers for immersive
multimedia services by enabling shared experiences
among geographically dispersed users [1]. At the
same time the mobile edge computing (MEC) offered
by 5G networks will allow mobile devices to rely
on nearby processing facilities for low-latency real-
time processing of video streams. By offloading com-
putationally intensive tasks to nearby edge facilities,
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Agreement 101092851 XR2LEARN project.
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heat generation and battery drain on the mobile XR
devices can be avoided and traded off with energy
consumption at the resource side. Thus, the scarce
energy at the user is preserved at the expenses of
a heavier network energy load. Such technological
advances enable the development of XR applica-
tions beyond the typical gaming and entertainment
domains, towards the educational domain [2], [3].
By enabling the experience of remote situations [1],
these technologies pave the way for effective training
such as remote surgery or firefighting [4]. However,
the effectiveness of immersive multimedia lies in
high data throughput and minimal latency, which are
crucial to ensure a satisfactory Quality of Experience
(QoE) [5]. In some cases, XR education and training
applications often require simultaneous, coordinated
interaction of multiple users, relying on significant
amount of low-latency traffic. This can lead to net-
work congestion, especially when multiple users are
simultaneously connected to a single base station or
serviced by the same edge processing server at the
same time [6]. In other cases, XR training scenarios
are characterised by a high density of devices requir-
ing significant radio access network (RAN) and/or
edge processing capacity, for durations well beyond
a few seconds (time slots) to hours. XR learning
scenarios well fit ad-hoc designed 5G standalone
infrastructures equipped with user charging points.
The herein developed orchestration scheme tackles
this case but straightforwardly generalizes to a wider
spectrum of applications, where further energy or
interference issues shall be accounted for.

Recently, several attempts at joint allocation of
radio and computing resources have been proposed,
usually involving different servers [7]-[9]. Existing
solutions do not fully capitalize on the fact that the
user may be covered by multiple radio access points.
Radio transmission from nearby access points is typ-
ically considered as an interference, e.g., tackled by
MIMO transmission design [10]. Recent research on
vehicular networks with multiple access points with
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Fig. 1: XR training scenario: multiple base stations
with overlapping coverage and edge servers located
geographically close to each other allowing each user
to connect to one or more access points and edge
servers. X-OAR uses cooperative scheduling both in
the RAN and at the edge.

overlapping radio coverage, has shown advantages
in terms of resource allocation [11]-[13]. Herein,
we exploit the multiple base stations coverage by
cooperative radio resource scheduling available in 5G
and beyond networks [14], [15]. We also assume that
users can offload different tasks, such as rendering
different views with overlay information, to one or
more geographically accessible servers [16], [17].

We present here the eXtended reality oriented
Orchestration of Access Resources (X-OAR) method
for XR training groups of users that may fall under
the overlapping coverage of different Radio Access
Network (RAN) base stations, and may be pro-
vided with shared Mobile Edge Computing (MEC)
resources. The X-OAR method pursues throughput
guarantees and delay minimisation at the application
layer leveraging cooperative capabilities offered by
5G network function virtualization both at the RAN
and at the edge [14], [15], [18], [19].

To derive X-OAR, we first formulate the problem
with target delay and throughput requirements, as-
suming cooperative RAN scheduling at different base
stations and MEC scheduling at different servers. We
then derive X-OAR as a greedy allocation policy
that induces users to use resources from multiple
suppliers (either base stations or servers), addressing
radio access and edge computing server resource
orchestration. The main novel contributions of the
paper are as follows:

o X-OAR explicitly targets a spatially dense, low-
latency XR user environment;

¢ X-OAR uses radio cooperative scheduling be-
tween different base stations, in parallel with
multi-server resource orchestration.

Numerical simulations validate that X-OAR outper-
forms state-of-the-art solutions in 3GPP-compliant
realistic scenarios by exploiting the flexibility of next-
generation networks.
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The paper is organised as follows: after reviewing
the XR training services in Section II, we outline the
orchestration policy in Section III and present the
X-OAR method in detail in Section IV. Numerical
simulations in Section V demonstrate the superiority
of X-OAR over current solutions. Sec. VI concludes
the paper and discusses future research directions.

II. XR ENHANCED EDUCATION SERVICE
ARCHITECTURE

We consider XR education and training scenarios
where one or more groups of people operate mobile
XR devices and interact within and across groups.
The network traffic and processing capacity require-
ments of each user are different due to the individual
devices and the personalised XR application being
run. The interactions between users have strict delay
requirements [20] and require increased throughput
in both up-link and down-link. In such scenarios, the
orchestration goal is to deliver high quality services
to XR users that are training under different critical
scenarios [21].

While processing and transmitting immersive video
streams for education and training, video QoE in-
dexing techniques, such as buffer occupancy or es-
timated throughput, cannot be used. Due to their
interactive, low-delay nature, XR services have delay
requirements so stringent that the transmission of
lost packets is avoided [22]. Table I summarises the
expected throughput © (Mbps) and Packet Delay
Budget (PDB) (ms) for Augmented Reality (AR), Vir-
tual Reality (VR), and Control Gesture (CG) for XR
services [22]. For comparison sake, the throughput
and PDB of mobile voice traffic services are also
shown. In the following, we characterise the QoE of
XR service in terms of user delay and throughput;
further quality features tailored to the user profile and
service content are currently under investigation [23].

TABLE I: Expected throughput © (Mbps) and Packet
Delay Budget (PDB) (ms) for Augmented Reality
(AR), Virtual Reality (VR), Control Gesture (CG) XR
services and for Mobile video services (source: [22]).

AR VR CG Mobile video

© (Mbps) 30-45 30-45 8-30 10-30
PDB (ms) 10 10 15 40

Given such challenging QoE constraints, the de-
velopment of specific resource allocation strategies is
required. Many efforts have been proposed trying to
address resource allocation in networks with stringent
requirements, including digital twins of networks,
as described in [24], which provide valuable insight
into resource allocation and end-to-end quality metric
calculation. The relevant literature addresses RAN
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resource allocation and data throughput on the XR
application layer [25], [26], while the impact of MEC
resources on XR frame rendering and processing
offloading is an open research topic [27].

We consider XR education/training scenarios
where the users are remotely connected to a control
room that streams data to the training scene based on
scenario-specific criteria that can change dynamically
as an education/training session evolves. The training
area can be connected by multiple base stations, with
5G standalone connectivity. Unlike traditional ap-
proaches that rely on single base station coverage for
XR service provisioning, X-OAR introduces a novel
graph-based model and greedy algorithm that signif-
icantly improves the quality of experience by taking
full advantage of 3GPP and 5G New Radio flexible
resource allocation, where the multi-cell MAC/PHY
layer constraints (bandguard, resource block alloca-
tion distance) can be cooperatively managed on a
milliseconds time scale, as in [15].

X-OAR addresses the cooperative scheduling ar-
chitecture at a higher functional level, and the X-
OAR solution can drive the lower level cooperative
scheduling [15], which operates at a finer temporal
scale and takes into account radio interference or
overlapping of allocated resources, e.g. when two
users share the same resource block at the intersection
of the two base stations serving them.

III. XR-ORIENTED ORCHESTRATION OF ACCESS
RESOURCES (X-OAR): METHODOLOGY

The objective of X-OAR is to optimize user QoE
by orchestrating RAN and MEC resources. The main
quality parameters considered here with respect to
the XR application are data throughput and temporal
XR fluidity, which are directly related to the packet
delay at the application layer. The data throughput is
usually determined at the application layer [28], and
it is assumed here as an input constraint. The delays
generated by the allocated RAN and MEC resources
both contribute to the delay experienced by the user.
Therefore, in X-OAR we adopt a symmetric model of
the RAN and MEC sides of the allocation problem, as
shown in Fig. 2. This model, which takes into account
the actual coverage of multiple base stations’ and the
availability of edge computing servers, addresses the
scenario of XR training services, where a large num-
ber of XR users with high throughput requirements
are located in high-density areas.

The orchestration problem can be abstracted by a
graph whose nodes represent the base stations, the
edge servers and the users while the links represent
an assignment of a user to a base station and an edge
server. The links are characterised using i) spectral
efficiency for the radio side, since the channel quality
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EDGE-SERVER

)
Fig. 2: Graph model of the correspondences between
users and the different resources.

metric affects the throughput achieved by the amount
of bandwidth allocated, and ii) a computational ef-
ficiency for the edge resources, to characterise the
effectiveness of the offload. In the following, let [N be
the number of users, M the number of base stations
and P the number of edge computing servers, both
managed by an integrated manager (IM), e.g. the
infrastructure provider in [15], [24], [29].

We assume that the execution of an XR application
is divided into time slots of equal length. In the 7-th
time slot, the n-th user transmits/receives packets of
different traffic types, i.e., AR, VR, CG and Mobile
video. Let 6,,[i] denote the throughput requested by
the n-th user at the 7-th time slot, including audio
data and control gesture data. Let W (6,,[7]) denote
the computational load, depending on the complexity,
of the XR content. We assume here that computation
load is connected to throughput, and introduce the
weight p such that W (0,,[7]) =p- 0,,[7]. Without loss
of generality, in the sequel we consider the allocation
for a single time slot, thus for simplicity dropping 7.

The n-th user quality profile @, is character-
ized by the minimum requested throughput Hy(;mm)
and maximum tolerated delay olmaz) e Qn
o) 957””’,55;’”“””)). Assuming that the throughput
0, 1s selected at the apFIipation layer so as to meet
the requirement 6,, > 6{m™) we focus on the delay
of the n-th user and express it as the sum of the
RAN and MEC delays, both related to the n-th user
required throughput 6,,; specifically, the RAN delay
0, and the MEC delay d,, contribute to a fraction ¢,
and (1 —¢,) of the total delay d;,;, respectively.

Depending on their locations, the users are covered
by one or more base stations, with different spectral
efficiencies; we denote the spectral efficiency between
the m-th base station and the n-th user by nﬁm),
where n,(Lm) vanishes in the limit case when the user is
outside the coverage of the base station. Furthermore,
each user has potential access to a subset of servers
depending on their subscription profile. We charac-
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terise the server accessibility and the processing and
rendering capabilities [30] by a scalar computational
efficiency parameter. The computational efficiency
between the p-th edge server and the n-th user is
denoted by ﬂ,(lp ), which is zero in the limit case when
the user has no subscription access to the server.
The RAN bandwidth allocated by the m-th base
station to the n-th user is denoted as B]' and the
allocated MEC computational capacity of the p-th
edge server as C? so as to meet the user quality
profile @Q),,. The delay is formulated as follows:

0, W(b,,)

on = + ey
M— m m P—
E :m:()l Br(L ). 777(L ) E :p:()l 07(lp) . ’SL )

From the above equation we can see that the n-th
user delay §,, jointly depends on the effective RAN
throughput

M-1
Bn — Z 777(7,"0 . B7(1m)
m=0

and the effective MEC computational effort

P-1
C, = Z @(zp) .C?gp)
p=0

We aim to optimize the RAN and MEC resource
allocation:

n

(B<m>,---,c,<f>---)

so as to minimize the overall delay

min
BI™...c®

N—-1
> 60 (B, Cn) )
n=0

under the constraints over the actual base stations’
bandwidths and servers’ capacities:

N—1
ST B < By, mefo,...,M~1}

o 3)
S o <)y, pedo,...,P-1}
n=0

For a given user’s throughput request 6,, the delay 4,
is obtained by a family of pairs of effective bandwidth
and capacity values (B,,,C,,). Fig.3 depicts different
examples of the delays versus the effective bandwidth
and capacity B,C allocated for different users: the
yellow points in the plots represent the set of pairs
(Bpn,Cn), n=0,---,N—1 that should be jointly
optimized. It is therefore up to the Integrated Manager
(IM), responsible for the orchestration [29], to select
an optimal set of pairs (B,,,C,),Vn € [0, N—1].
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IV. X-OAR GREEDY ALGORITHM

An optimal cooperative resource allocation requires
a global knowledge of the QoE requirements of the
users along with their locations. Since each service
provider has its own physical infrastructure and sub-
scription policy, e.g., providing the user with access
to different resources, the integrated manager may
not have contemporary and updated access to such
information.

In this section we introduce the X-OAR greedy
solution that handles the allocation of the RAN and
MEC separately by a two-tier algorithm as illustrated
in Fig. 3. The first stage initializes the allocation by
separately accounting for the quality constraint and
identifying a Minimum Allocated Resources (MAR)
point for each user. Then, if the MAR solution
violates either a resource or a quality constraint, a
selected set of heavily demanding users undergoes a
resource adaptation till the constraints are met.

A. Initialization

At the initialization step, the starting set of the
Minimum Allocated Resources (MAR) point for each
user is calculated by symmetrically distributing the
delay contributions on the RAN and MEC stages, i.e.,

BMAR)  5(MAR)
0, 0, 2

for n € {0,...,N — 1}. Fig.3 depicts the delay

0, versus the effective computational capacity C,

and bandwidth 5, for different users. The delay
constraint implied by the user quality profile @, =

6(maz)

n

<9n,67(1mm)) is identified by an iso-level curve of

the plane (B,,,C,) corresponding to the maximum
tolerable delay value. The pair (BﬁLMAR),CﬁLMAR) is
the intersection of the first quadrant bisector with the
delay level curve at o(maz) /2.

Based on the users’ and base stations positions
we construct a matrix of spectral efficiencies. We

represent the coverage by the M x N matrix Agan:

0 M—1
NURrA
ARaN = “4)
(0) (M—1)
IN-1 - N-1

whose (m,n)-th element equals the spectral effi-
ciency ™ of the channel between the n-th user
and the m-th base station. The same approach can be
used for the computational efficiencies, we construct

the P x N matrix Apgc:
0 P-1
ORI
Amec = : : (5

0) (P-1)
N—-1 N—-1
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BW BW

to ty

BW BW

tnN—2 tN-1

Fig. 3: Delay §,, versus effective computational capacity C,, and bandwidth B,, for different users. X-OAR
solution of (2) corresponds to a set of (B,,C,) pairs (yellow points); the X-OAR greedy method firstly
equates the delays of the RAN and MEC stages and then adapt them till system constraints are met.

whose (p,n)-th element represent the computational
efficiency Br(f ) of the p-th server with respect to the
n-th user.

Thanks to the symmetric problem structure, once
the target effective RAN throughput and MEC com-
putational effort, namely B,,, C,,, forn € {0,... N —
1}, are set, the optimization problem decouples as
follows. Let us introduce the vectors collecting the
unknown target allocations:

0
aBgv)_17

b:[B(()O)7... ~-~,BéM71),~-~
c= [C(SO),...,01(3)_1,...,C(SP*”,...,CJ(VP_;”] ,
(N
of size M N x 1 and PN x 1, respectively. Then, we
formulate the bandwidth resource allocation problem
as the following linear system, where ® denotes the
Khatri-Rao (column-wise Kronecker) product:

B(()MAR)

(Apan O In)" b = (8)

VAR
BT

under the constraints on the base stations capacity

(0)
Bror
(Im©1y) b= : €))

(M-1
BTOT )

The same linear problem applies to the computa-
tional capacity allocation:

c (()MAR)

(Avpc ©In)" -c= (10)

MAR
ety

under the constraint on the edge server’s capacity
(0)
Cror

(Ip®1ly)-c= (1

-
C"E“OT )
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B. Adaptation

After the initialization phase, it may occur that the
solution based on the MAR set of pairs, obtained
by requiring an equal balance between the RAN and
MEC delays, violates certain capacity constraint. This
may occur, for instance, when a user undergoes a
high competition by neighbouring users on the RAN
bandwidth resources, while the associated servers are
not fully loaded. In this case, we improve the overall
system performance by changing the delay contri-
bution balance to relax the RAN delay requirement
while restricting the MEC delay requirement. This is
illustrated in Fig.3, where we recognize that, instead
of assuming t, = 0.5, the two components of the
delay (1) can be balanced differently. For the n-th
user, the pair (B,,C,) is associated to a trade-off
parameter ¢,, that represents the balance between the
delay contribution of each resource, namely

5tot 5tot

gn ’ 077,

the trade-off parameter t,, controls the normalized
slope of the straight line that connects the origin of
the axis (0,0) and the pair in Fig.3. In this light, the
optimization solution associated to N pairs (8,,,Cp,),
actually corresponds to identifying an optimal vector
of trade-off parameters t = {to,%1,...,tn_1} SO as
to meet the problem constraints.

The greedy X-OAR stems from this observation
and can be formulated as follows: after solving the
linear problem for equal transmission and computing
delays, i.e., the MAR solution ¢,, = 0.5 for all the
users, the allocation is adapted in the following steps:

B, =ty

Co = (1-t,,)

S1 checking if the constraints
B™ < Bigy, ) < Cry

are met for all m and p;

S2 if the constraints are violated on the m-th base
station or on the p-th server, selecting the most
resource demanding (heavy) user;
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S3 transferring the heavy users’ load to other avail-
able resources and
sharing the released bandwidth and capacity

among all the active users.

S4

In more detail, for the i-th overloaded resource
(either a base station or a server) let the j-th users
with the highest requested throughput 0; be selected.
Then, the t; value is adjusted to reduce the demand
on the overloaded resource. If there is no available
complementary resource, e.g. MEC resource in the
case of RAN overload, to address the constraint, users
are dropped based on their requested throughput 6,
starting with the highest, until the constraint is met.
Dropping all the heavy users will avoid overload
but also release resources. The released resources are
distributed equally among connected users to improve
their perceived quality.

C. Further considerations

The X-OAR greedy algorithm disregards any ap-
plication layer rate, because while buffer-based or
throughput rate adaptation plays an important role in
the development of mobile streaming services [31],
the development of XR-appropriate adaptation is still
an open research question [32].

Furthermore, we assume that each user can, in
principle, be connected to all covering base stations;
however, this comes at the cost of increased sig-
naling and user profile sharing, leading to a trade-
off between coverage optimisation and orchestration
complexity and flexibility. We address this trade-off
by setting a maximum number of base stations to
which users can be connected. For the same reason,
we also limit the number of servers to which each user
is connected. In addition, the computational efficiency
weight W(0,,) highlights the dependency of the delay
on the amount of data offloaded; thus, it includes
both the offload latency due to transmission and the
computational latency [20].

Lastly, the total energy consumed at the user’s
device includes the energy consumed at the device
for computation, transmission and offloading, as well
as for the idle state. It is assumed that the XR data is
processed at the edge in the downlink, for example
for network assisted rendering. If the MEC server
is co-located with the base station the computation
task is performed during data transmission from the
base station to the network, and from the mobile
user’s point of view there is no additional trans-
mission energy consumption. However, the energy
consumption in the network increases; the detailed
analysis of the energy cost in the network depends on
the geographical location of the edge servers. In the
common case where each base station includes edge
computing server facilities, the in-network energy
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Fig. 4: Simulation topology Example (Firefighters
case): clusters of XR training users are concentrated
in an area served by different RAN access points

transmission is virtually negligible. Otherwise, the
energy cost depends on the actual geographical server
deployments. We leave a full analysis of energy
consumption to future studies.

V. EXPERIMENTAL EVALUATION

Variable | Description Value
Bmaz Maximum Bandwidth 200[M H z]
Cmaz Maximum 5|/GH?z]

Computational
Capacity
Dirap Environment size 100—1000[m|
N Number of Users 30—1000
M Number of Base Sta- 3—15
tions
P Number of Edge 2-5
Servers
777(17”) Spectral Efficiency 25—35[bps/ H z|
57(1;: ) Computational 3 — 5bps/Hz]
Efficiency
p Computational weight p=0..8
R Base Station Trans- | [0.1—0.3] Dasqp[m]
mission Radius
t(0) Initial Trade-off 0.5
Lps Max Linked BS 3—5
Nyo Montecarlo runs 10

TABLE II: Experimental evaluation parameters

We validate the effectiveness of X-OAR by nu-
merical experiments that replicate various scenarios.
We compare X-OAR with the proportional algorithm
(Prop) in [33], which allocates the bandwidth achiev-
ing the minimum average user delay for a given
BS bandwidth amount, without exploiting cooperative
scheduling. We demonstrate that X-OAR achieves
better performance in terms of application layer
packet delay and percentage of users served thanks
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to its flexible, cooperative, resource orchestration
strategy.

We considered two characteristic scenarios: the first
scenario involves the training of future firefighters [4].
The new recruits are trained to scenarios that often
cannot be replicated, so XR can be used to simu-
late challenging situations. We considered a scenario
where a control room could control sensors in the
training camp and visualise the entire scene. The
members of the control room and the trainees in
the training camp are equipped with XR devices.
The control room and the outdoor training camp
are connected by multiple base stations with 5G
standalone connectivity.

For the second scenario, we considered differ-
ent groups of medical students simulating a remote
surgery. Each group of students is placed in a different
room, the operating room is equipped with sensors
and cameras and a number of participating nurses are
also equipped with XR equipment. The students use
the XR equipment to carry out the surgical operation,
and track in high precision the movement of the
hands. This is a worst case scenario, where the XR
training takes place in a restricted area under the
coverage of only one B, and cooperative scheduling
is hindered.

In both the scenarios, we consider a square area of
side Dprqp = 1000m where M base stations (BSs)
are located; the users in the area are also associated to
P edge servers (ESs). The BSs have a finite coverage
given by a radius R, with equal maximum capacity
constraint of Bﬁ:’fm = Bnaz, m = 0,--- M —1,
and a spectral efficiency depending on the users’
positions. The ESs have maximum capacity constraint
Cr(,f()m = Chaz, p=0,--- P—1 and an efficiency p.
The user requests are generated in time slots of s,
and they are detected by an Integrated Manager (IM)
that implements the greedy algorithm of Sec.IV. The
algorithm modifies the trade-off parameter ¢,, of each
user, checking if there is any user that needs to be
dropped out. All the simulation parameters can be
found in Table II.

The packet sizes are distributed according to a
truncated Gaussian distribution as in [22]. The packet
play-out time is constant, and 6,, follows a truncated
Gaussian distribution, too. The users generate AR,
VR, CG and Mobile video traffic characterized by
different constraints as in Table I.

We evaluate the QoE performance of the X-OAR
greedy algorithm by following the 3GPP guidelines,
where the user QoE is quantified in terms of target
packet delay budget and throughput. This reflects
the XR application need for low latency: packets
delays which exceed a certain threshold- about 10
ms according to 3GPP guidelines- heavily affect the
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Fig. 5: Weighted Topology: the colors of the points
represent the user delays and the users-to-base-
stations connection.

perceived quality of the user. The X-OAR greedy
method addresses both RAN and MEC allocation
with assigned QoE constraint, by leveraging coop-
erative RAN scheduling.

We provide a visual example of X-OAR princi-
ples and performance in Fig. 5, obtained using the
parameters in Tab. II. Each point represents a user,
and its color represents the experienced delay: we
recognize that users covered and cooperatively served
by different base stations achieve smaller delays than
users covered by a single base station. The effect is
more visible on heavy loaded base stations (upper
right part of the plot) than on less crowded areas
(lower left part of the plot).

Delay per user type
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Fig. 6: Boxplots of average values and quartiles of the
delays observed on different class of traffics for the
greedy X-OAR (Greedy) and proportional (Prop) [33]
algorithm. The red horizontal bars represent the max-
imum delay per class

In the simulations, we set the maximum number of
servers to which a user can be subscribed to. For the
time span of the simulation, each user is randomly
linked to a number of servers less or equal to this
maximum. From a technical standpoint, the Ciqz
parameter is the same for all servers at 5GHz (assum-
ing a Xeon CPU), and the computational efficiencies,
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ranging from 3 to 5, are fixed for the duration of the
simulation.

The user resources are allocated using the X-OAR
method. For each kind of traffic, we collect the
users’ delays over Ny = 10 Montecarlo runs. The
boxplots in Fig 6 show the average values and the
quartiles of the delays observed for different class of
traffics using the greedy X-OAR algorithm (Greedy)
and the suitable proportional algorithm (Prop) in [33].
The red horizontal bars represent the maximum tol-
erated delay per each class, and the related mean per
user throughput is also reported: we recognize that
the strictest delay requirements are met in the AR and
VR classes. The Mobile Class is more delay tolerant.
Using X-OAR, the packet delay budget is achieved
for all the three classes; noticeably, even the AR and
VR heavier traffic classes face a delay below the
budget, whereas the proportional algorithm in [33]
fails to meet these constraints. The reason why X-
OAR succeeds is that it allows a larger delay on the
Mobile traffic class, fully exploiting the looser packet
delay budget conditions.

Fig. 7 provides further insight on X-OAR action,
plotting: the average per user delay (left axis) and
the percentage of users that meet the packet delay
budget -satisfied users- (right axis) as a function of the
maximum number of covering base stations to which
a user can connect. In situations where resources
are limited, X-OAR leverages cooperative scheduling
and having more stations available for connection
significantly enhances user satisfaction and reduces
average delay. Even with few (e.g. 2) base stations
the X-OAR Greedy algorithm satisfies more than
80% of the users, whereas the allocation in [33]
remains under 60% of satisfied users. Fig. 7 com-
pares the performances in different conditions. The
MedSchool scenario hinders cooperative scheduling
and its performance are observed for a number of
cooperative base stations equal to one. The delay of
the Greedy algorithm (blue solid line) is half of the
delay achieved by the allocation in [33] (proportional,
red solid line). The number of users satisfied by the
Greedy algorithm (blue dashed line) is also higher
than that of proportional (red dashed line). When a
larger number of BS is adopted, as in the FireFighters
scenario, the overall bandwidth increases; X-OAR
exploits the cooperative scheduling systematically
outperforms the method in [33], definitely increasing
the number of satisfied user.

Tab. III reports the fairness of X-OAR over dif-
ferent traffic classes. X-OAR guarantees the fairness,
which remains above 0.9 over all the traffic classes,
and in most cases it outperforms the competitor.

Finally, we observe that the performance of the X-
OAR algorithm depends the overall bandwidth and
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of satisfied users (right axis) versus the maximum
number of cooperative base stations per user for X-
OAR (blu lines) and [33] (red lines).

TABLE III: Fairness of X-OAR Greedy algorithm for
different traffic classes.

Use Case Greedy  Proportional
Mobile video  0.9130 0.9415
AR 0.9643 0.9580
VR 0.9635 0.9565
CG 0.9506 0.9279

the number of users. Fig.8 plots the average delay as
a function of the number of users, i.e. of the RAN
load. The X-OAR delay is stable, and the advantage
over conventional methods increases with the load.

VI. CONCLUSION AND FUTURE WORK

In this paper, we presented a novel approach to
resource orchestration for high throughput, low la-
tency, XR educational and training services, which
often risk causing access network overload due to
the spatial concentration of users. Our novel method,
X-0OAR, combines radio access cooperative schedul-
ing and computational capacity allocation, enhancing
XR user quality of experience compared to state-
of-the-art solutions. X-OAR resorts to an Integrated
Manager for intelligent resource allocation, fully
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Fig. 8: Average delay, over all the users and the traffic
classes, versus the number of users
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leveraging cooperative scheduling available in next-
generation networks. X-OAR adopts a graph based
problem representation, setting the stage for a graph
neural network-based, data-driven implementation.
Future work will extend resource orchestration to
cooperative XR rate adaptation and resource charging
policy, laying the groundwork for a Digital Twin of
XR training frameworks.
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