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Abstract—The evolution toward Beyond 5G networks introduces
stringent requirements for intelligent Radio Resource Management
(RRM) capable of jointly optimizing Quality of Experience
(QoE) and resource utilization under highly dynamic conditions.
This paper proposes a predictive QoE-driven RRM framework
built upon an Al-enabled Network Digital Twin (NDT), which
operates as a high-fidelity replica of the physical network to
support proactive and efficient system-level resource allocation.
The proposed approach integrates a Deep Learning (DL)-based
module for forecasting future objective QoE metrics, namely
Mean Opinion Score (MOS) values, with a Deep Reinforcement
Learning (DRL) agent for dynamic Physical Resource Block
(PRB) allocation. By incorporating predicted QoE levels over
a finite horizon into the DRL agent’s state representation,
the framework enables foresighted and policy-aware resource
management while reducing synchronization overhead between the
NDT and the physical infrastructure. Extensive simulations under
heterogeneous traffic loads and QoE policies demonstrate that
the proposed approach maintains high median QoE levels while
adaptively regulating resource utilization, avoiding the systematic
saturation observed with baseline static schedulers. The results
further highlight stable learning behavior across DRL variants and
confirm real-time feasibility with limited computational overhead.

Index Terms—Quality of Experience (QoE), Radio Resource
Management (RRM), Network Digital Twin (NDT), Artificial
Intelligence (AI), 5G and Beyond Networks

I. INTRODUCTION

HE 6" Generation (6G) of mobile networks is expected

to revolutionize the telecommunications landscape, pro-
viding unprecedented data rates, ultra-low latency, massive
connectivity, and enhanced energy efficiency thanks to the
introduction of new paradigms like Artificial Intelligence (AI)-
native architectures and Digital Twin (DT)/Network Digital
Twin (NDT) concepts for real-time monitoring and intelligent
decision-making processes [1], [2]. Building on 5% Generation
(5G) foundations, Beyond 5G and 6G networks aim to deliver
peak data rates exceeding 1 Tbps, support for extreme mobility,
and highly reliable communications, thus enabling novel
applications such as Extended Reality (XR) and holographic
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telepresence. In addition to high-mobility and reliability, 6G
is envisioned to enhance resilience, security, and privacy,
integrating Terrestrial Networks (TNs) and Non-Terrestrial
Networks (NTNs) for global and ubiquitous coverage [3].
In this context, physical layer impairments such as signal
interference can degrade the reliability of performance metrics
and, consequently, the perceived Quality of Experience (QoE).
Recent works on physics-guided Al and cognitive lightweight
models for edge devices highlight the importance of robust
interference-aware designs in next-generation mobile networks
[4]-[7]. Moreover, channel-aware and multi-antenna optimiza-
tion techniques, including beamforming and antenna-position
optimization, are expected to further improve adaptive and
QoE-aware resource management in future 6G systems [8]. In
these technological advances, human-oriented services and user-
centered design have become a critical focus for the research
community. In addition to Quality of Service (QoS) parameters,
QoE is crucial to reflect the actual satisfaction/dissatisfaction
and perceived quality experienced by mobile users. This shift
towards QoE-driven Radio Resource Management (RRM) and
network optimization aligns with 6G’s increasing demand
for personalized, adaptive, and context-aware services, where
perceived quality defines the user experience [9], [10].

Over the years, numerous strategies have been developed
to properly allocate network resources and enhance QoS/QoE,
mainly by considering throughput and latency. Except for
traditional mathematical approaches [11]-[13], most strategies
leverage Al techniques, including Machine Learning (ML),
Deep Learning (DL), Reinforcement Learning (RL), and Deep
Reinforcement Learning (DRL). Among them, RL and DRL
are widely adopted for QoS/QoE optimization, although many
works do not fully account for QoE and mobility [14]-[23]
(see Section II and Table I). Also ML and DL techniques,
exclusively [24] or in conjunction with DRL [25], are exploited
for a predictive QoS/QoE-driven resource allocation. Recent
Open-RAN (O-RAN) advances enable xApps and rApps
within Radio Access Network (RAN) Intelligent Controllers
(RANSs) to perform dynamic Physical Resource Block (PRB)
allocation and spectrum management at multiple timescales
[26]-[28]. Unfortunately, these contributions often overlook
QOE — particularly from a system-wide perspective — radio-
level aspects, and user mobility. As a result, they adopt a
static view of the physical network infrastructure, one that
neither adapts to current network conditions nor anticipates
future states, potentially leading to system failures. Conversely,
DT/NDT technology could significantly improve resource
allocation in Beyond 5G networks [29]. In particular, in the
network context, NDTs can play a pivotal role by creating
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high-fidelity digital replicas of physical networks. These digital
replicas provide a virtual testing environment for Al-based
optimization algorithms, allowing for proactive, data-driven
decision-making without disrupting live services and operations.
Specifically, Al-based NDTs can dynamically adjust network
configurations to optimize QoS, predict user behavior, and
allocate resources efficiently [1], [29]. Several works [30]—
[38] show the benefits of DT/NDT for QoS-driven resource
allocation aided by Al techniques to enhance decision-making
processes within physical networks. Nevertheless, they do
not propose QoE-driven approaches to effectively consider
user satisfaction levels. An NDT-enhanced QoE optimization
framework for adaptive video streaming in IoV networks has
been recently proposed in [39], where short-term bandwidth
prediction and DRL-based bitrate adaptation are performed
at the application layer. However, the optimization remains
user-centric and service-specific, without addressing radio-level
resource allocation or system-wide QoE management.

To address these gaps, this paper proposes a predictive
QoE-driven RRM framework built upon an Al-enabled NDT.
Unlike prior NDT-assisted RRM works [30]-[39], which mainly
optimize QoS objectives, operate at the application layer,
or treat synchronization as fixed, the proposed framework
jointly combines: (i) system-wide QoE optimization at PRB
level; (ii) Long Short-Term Memory (LSTM)-based multi-
step Mean Opinion Score (MOS) prediction within the NDT;
(iii) policy-aware DRL driven by predicted QoE; and (iv)
adaptive synchronization to reduce signaling overhead while
preserving prediction accuracy. The novelty lies in the co-design
of these modules into a unified, proactive, and policy-aware
RRM framework. The main contributions are summarized as
follows:

o System-level QoE optimization at radio level: Unlike
existing works focusing on per-user QoS or application-
level QoE adaptation, we formulate a system-wide QoE
maximization problem for PRB allocation, explicitly
accounting for user mobility and congestion.

o Joint DL-DRL integration: The proposed framework
integrates a DL-based QoE predictor with a DRL-based
PRB allocation agent. In particular, it exploits an LSTM-
based DL architecture to effectively extract temporal
dependencies of QoS and QoE metrics [40]. A DRL
agent uses the predicted future QoE levels for intelligently
allocating PRBs. Different DRL algorithms are considered,
i.e., Dueling Deep Q-Network (Dueling DQN) for effective
learning compared to the widely adopted Deep Q-Network
(DQN) and Double Deep Q-Network (Double DQN) [41]
(also used in similar contexts [21], [22]).

o Policy-aware QoE-resource utilization trade-off with ob-
Jjective metrics: Objective QoE metrics (i.e., MOS values
[42], [43] derived from QoS parameters) are estimated
directly within the NDT, ensuring privacy-preserving and
system-level evaluation. Configurable QoE policies (High,
Balanced, Conservative) regulate the trade-off between
perceived quality and resource utilization.

o Experimental and comprehensive system-level evalua-
tion: Using a 5G-compliant vehicular dataset [44], we

demonstrate that the proposed framework maintains high
QoE levels under increasing traffic loads while avoiding
systematic saturation (differently from baseline schedulers
with static allocation of PRBs), achieving stable learning
behavior and real-time feasibility.

The proposed framework significantly extends our very pre-
liminary work in [45] by designing an NDT-assisted proactive
RRM architecture, formalizing the DRL-based PRB allocation
problem, and providing an extensive system-level evaluation
under heterogeneous traffic and policy configurations. Note
that, by exploiting multi-step MOS prediction, synchronization
between the NDT and the physical network can be performed
periodically rather than at every time slot, reducing signaling
overhead while preserving prediction accuracy. Also different
prediction horizons are analyzed to find the most suitable
one in terms of both synchronization savings and prediction
performance.

The remainder of the paper is organized as follows. Section II
reviews related work. Section III presents the system model and
problem formulation. Section IV describes the implementation
and experimental results. Section V concludes the paper.

II. RELATED WORK

Resource management and allocation in 5G and 6G networks
have long been central research topics for both industry and
academia [46]. Traditional solutions have largely relied on
heuristics, geometric models, and combinatorial optimization
to address resource scheduling and mobility. For example, the
contribution in [11], [13] propose QoS-driven schedulers with
latency constraints, while [12] applies Voronoi-based schedul-
ing for QoE-oriented allocation. However, these approaches
remain mostly reactive and do not explicitly anticipate future
network states.

The transition toward 6G has accelerated interest in Al-
driven resource allocation, as 6G is expected to be Al-native,
with intelligence integrated by design to manage networks,
optimize resources, and support autonomous operations [1].
This is particularly relevant in high-mobility environments
such as vehicular networks, where rapid mobility, QoS/QoE
guarantees, and context awareness are critical. Within this
context, RL and DRL have emerged as powerful tools for
adaptive resource management. Q-learning and DQN have been
widely used for dynamic resource allocation in datacenters,
edge computing, O-RAN, vehicular, and Unmanned Aerial
Vehicle (UAV) networks [14]-[20]. Other works [21], [22]
explicitly target QoE optimization using RL/DRL and objective
metrics such as MOS. However, they mainly rely on the
current network state and do not jointly exploit mobility-aware
prediction and system-level QoE.

In a related direction, the work in [23] proposes a QoE-driven
scheduler based on application-aware PRB pre-allocation and
load balancing. However, it relies on static per-class allocation
and does not exploit predictive models or NDT-assisted system-
level QoE optimization. The contribution in [24] exploits a
regression-based latent factor model for resource management
based on QoS and subjective QoE preferences; however, no
objective or predictive QoE metrics are considered. More recent
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TABLE I
COMPARISON WITH OTHER CONTRIBUTIONS PERFORMING QOS-DRIVEN RESOURCE ALLOCATION IN 5SG AND BEYOND NETWORKS.
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studies combine DL and DRL to introduce prediction and
foresight into resource allocation. For example, [25] uses LSTM
predictors to forecast traffic or user preferences and guide
asynchronous advantage actor-critic agents toward proactive
allocation decisions. However, this approach focuses on traffic
dynamics and QoS requirements, without explicitly modeling
predictive, system-level QoE in mobile scenarios.

In open and disaggregated RAN architectures, recent O-
RAN works investigate Al-driven XxApp/rApp orchestration for
spectrum and PRB management. Specifically, the contribution
in [26] combines LSTM-based traffic prediction and graph-
based PRB assignment. Service Level Agreement (SLA)-
aware slice-level optimization and DRL-based xApp conflict
management are studied in [27] and [28], respectively. However,
these works mainly optimize QoS, orchestration, or conflict-
resolution objectives, rather than predictive system-level QoE-
driven RRM.

The most advanced research line on 6G leverages DT and
NDT paradigms to enhance predictive decision-making and
enable autonomous operation [1]. The contributions in [30]-
[33] employ DTs synchronized with real-time data to anticipate
mobility, traffic, or network states, feeding these insights to
DRL agents for task offloading and resource allocation in edge
or slicing contexts. Along this line, recent works investigate
DT/NDT-assisted resource management in 5G/6G networks.
Specifically, the contribution in [36] addresses relay selection,
UAV trajectory, and bandwidth allocation. Mobility prediction
and multi-agent RL for data-rate and NDT synchronization
control are combined in [37], while RAN NDTs for per-
gNB allocation for tele-operated driving are exploited in [38].
However, these works target delay, data-rate, synchronization-
fidelity, or service-specific objectives, not predictive system-
level QoE-driven RRM based on MOS forecasting.

Recent works [34], [35] have also investigated the joint
optimization of network slicing and DT synchronization in
Internet of Vehicle (IoV) scenarios. The contribution in [34]
jointly optimizes slice-level resource allocation and DT-server

association, while the one in [35] co-optimizes DT placement
and short-term resource allocation. However, both pursue QoS-
driven or utility-based objectives, not predictive system-level
QoE-driven RRM.

Recently, an NDT-enhanced QoE optimization framework for
adaptive video streaming in IoV networks has been proposed
in [39]. In that work, a Gated Recurrent Unit (GRU)-based
predictor forecasts short-term bandwidth fluctuations, enabling
proactive bitrate adaptation through a Proximal Policy Opti-
mization (PPO)-based learning framework. Although objective
QoE metrics are considered, the optimization remains user-
centric and application-specific, as it targets adaptive video
streaming above the radio access layer. Consequently, radio-
level resource allocation and system-wide QoE optimization
are not addressed.

This work addresses these gaps by integrating DL, DRL, and
NDT technologies to proactively allocate radio resources in
vehicular 5G and Beyond networks. Unlike existing DT/NDT-
based solutions, including [39], the proposed framework targets
system-level QoE optimization at PRB level, using objective
and predicted MOS values [42], [43]. Specifically, the NDT
estimates current objective QoE metrics from user-level QoS
parameters and predicts future QoE through a DL-based MOS
Prediction Module. These predictions are exploited by the DRL
Resource Planner to enable adaptive radio resource allocation
under dynamic network conditions and user mobility. Different
prediction horizons are also analyzed to quantify the trade-off
between accuracy and NDT synchronization overhead.

To conclude, Table I summarizes the positioning of the
reviewed contributions performing QoS/QoE-driven resource
allocation in 5G and Beyond networks, while highlighting
the main differences with respect to the proposed approach. It
emerges that, to the best of the authors’ knowledge, no existing
contribution jointly addresses system-level QoE-driven radio
resource allocation in mobile networks by exploiting DL, DRL,
and NDT technologies while explicitly considering objective
and predictive QoE metrics.
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Main blocks of the proposed RRM framework: network data from the physical infrastructure are processed by the NDT Builder and the MOS Prediction

Module to generate QoE-aware NDT instances. These instances are consumed by the Resource Manager, which is guided by the Policy Manager and employs
a DRL-based Resource Planner to compute the resource allocation scheme fed back to the physical infrastructure.

III. REFERENCE SCENARIO AND PROBLEM FORMULATION

The reference scenario consists of multiple vehicles, i.e.,
mobile users, moving within a geographical area served by a
set of fixed base stations, i.e., gNodeBs (gNBs), deployed in the
physical infrastructure. Let b; denote the ¢-th base station in the
set B= {bl, ba,...,bp ¢. Each vehicle is identified according
to the base station it is currently associated with. Specifically,
v;,; denotes the j-th vehicle connected to b;. The set of vehicles
served by b; is denoted by V; = { } and |V;]
represents its cardinality.

Each base station b; has a total set of available radio
resources P; with cardinality |P;|, i.e., the PRBs assigned
to the tenant infrastructure at b; for a given service [47].

At the application layer each supported service is associated
with a target data rate d; g . If the achieved throughput, which
can vary depending on network conditions and resource avail-
ability, is insufficient, the Packet Loss Rate (PLR) experienced
by the j-th vehicle served by the ¢-th base station increases
and the resulting QoE level degrades. Therefore, the tenant’s
objective is the dynamic allocation of radio resources to
maximize the overall system QoE over time. Without loss
of generality, the proposed study focuses on vehicles receiving
multimedia content (e.g., adaptive video streams) from a single
tenant. However, the approach can be easily extended to more
complex scenarios involving multiple and coexisting tenants.

Fig. 1 shows the main blocks of the proposed framework. To
enable predictive and proactive RRM, the Physical Infrastruc-
ture periodically shares network status information with its digi-
tal replica, i.e., the NDT, in the Tenant Infrastructure. In order to
reflect network conditions over time, the physical infrastructure
is monitored on a time-slotted basis. Time is divided into
consecutive slots of duration At(k) = t(k)—t(k—1), where k
denotes the time slot index. The NDT Builder is synchronized at
discrete time instants and leverages collected Communication
Performance Metrics (CPMs), including QoE indicators, to

V1,i5,V2/45--+,VV,i

predict network behavior over a prediction horizon H [48],
[49]. The MOS Prediction Module operates on the digital replica
to forecast future QoE indicators. The resulting NDT Instances
(aggregated and privacy-preserving representations of current
and predicted QoE level) are then consumed by the Resource
Manager, which is guided by the Policy Manager to run
the DRL Resource Planner Module. It computes the resource
allocation scheme that is finally applied to the physical network.
More insights on the NDT, the MOS prediction, and the DRL
Resource Planner will be provided in Section III-A, III-B and
III-C, respectively. Note that details on communication and
information exchange between the physical infrastructure and
the NDT are out of the scope of this contribution.

To facilitate the understanding of the adopted notation, a
summary of the main symbols is reported in Table II.

A. Design of the NDT

As mentioned before, the NDT collects, aligns, and stores the
CPMs of vehicles in V; attached to b; for predictive resource
management over the adopted prediction horizon H.

At each time slot k, the physical infrastructure measures,
for each vehicle v; ;, the average transmission data rate d; ; (k)
and the average PLR [; ; (k). In particular, for the average PLR
1;:(k), the physical infrastructure collects the historical se-

quence of the average PLR values £, ;(k) = {l:(z/)) k=0 <

P < k:} experienced by the vehicle v;; over the observation
window W, with k£ — ¥ <) < k, to send them to the NDT at
the time of synchronization. Based on these collected metrics,
the NDT estimates the QoE level perceived by each vehicle
through objective indicators, namely the historical sequence
of the MOS values M, ;(k)={m;;(¢):k—T¥ <3 < k}
experienced by the vehicle v;; over W. These observations
are used for predictive purposes over the horizon H, i.e., for
future time slots n with k+1 <n < k+ H. Fig. 2 shows
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TABLE II
LIST OF THE MAIN ADOPTED NOTATION

Symbol Description

b; i-th base station

B Set of base stations

V)i j-th vehicle connected to b;

Vi Set of vehicles attached to b;

Vil Number of vehicles attached to b;

Pi Set of total available PRBs at b;

[P Total number of PRBs at b;

k Current time slot index

v Observation window

P Past time slot index within the observation window,
k—U<y<h

H Prediction Horizon

n Future time slot index within the prediction horizon,
k+1<n<k+H

d; (k) Average data rate of vj; at k

lji(k) Average Packet Loss Rate of v;; at k

75,4(k) Play-out communication delay of v; ; at k

mj (k)  MOS value of v;; at k

d;f’i Target data rate of vj;

dmaer System-level maximum target data rate

M i(k) Historical MOS values in the observation window W

;-1 (k) Predicted MOS values over the prediction horizon H

S) DL model of the MOS Prediction Module

F;(k) Matrix of CPMs for b; at k
pj,i(k) Amount of PRBs assigned to v; ; at k
pi(n) Total PRBs allocated by b; at i
V;r Subset of V; requesting resource increase
o Resource adjustment step size
s55,i(k) DRL state associated with v, ; at k
aji(k) DRL action (0, 1, or 2) associated with v; ; at k
A Action direction indicator equal to —1, 0, or 41
w(-) Ordering function based on ascending MOS
R;(k) Reward of b; at k
rff F(n)  QoB-related reward component
T;'ff n) Resource-related reward component
qr, Lower MOS threshold for QoE policy
qo Upper MOS threshold for QoE policy
Li(n) Normalized base station load at n
Lj i(n) Fraction of PRBs assigned to v; ; at n
pis(n) Resource-consumption cost of v; ; at 7
o Trade-off weight between QoE and resource efficiency
Observation Window ¥ NDT' Prediction Horizon H = NDT
k-¥Y<y<k SYNC k+1<n<k+H sy
Al Al
1 | | | | |
| I I I I I 1

k=W k—(¥-1) k=1 k

At(k) = t(k) —t(k — 1)

k+1 k+H

Fig. 2. Temporal structure: observations in the observation window ¥ span
k — W <1 <k, while predictions in the prediction horizon H are generated
for k +1 < n < k+ H. Moreover, synchronization between the physical
infrastructure and the NDT (i.e., NDT sync) occurs every H time slots.

the observation window W, the prediction horizon H, and the
related indices.

Also the radio resources p; ; (k) assigned to the vehicle v, ;
in V; during the actual time slot k£ are collected and stored in
CPMs. Obviously, -, p;.i(k) < Pi.

Formally, F;(k) represents the CPMs at the k-th time slot
and is defined as Fj(k) : T — R x R?Y+2 where 7 C R
represents the time domain (e.g., discrete time slots), R refers
to the space associated with the set of vehicles V;, and R2¥+2

is related to the considered features among the possible CPMs,
including actual data rate, average PLR history and MOS
history for the past and actual slots in W, and actual allocated
radio resources. At each synchronization instant, the NDT
stores for each base station b; the set of observed CPMs in

dy,i(k), L1, (k), My:(k),p1,:(k)
Fy(k) = : (1)

dv.i(k), ﬁv,z‘(k?); MV,i(k)vpV,i(k)

Thanks to the prediction over H, synchronization between
the physical infrastructure and the NDT occurs every H time
slots, i.e., at k, k+ H, k + 2H, etc. (see Fig. 2 for greater
clarity).

Between two synchronization instants, the NDT relies on
predicted CPM evolution without acquiring additional real
measurements. Consequently, synchronization with the physical
infrastructure occurs once every H time slots, through a
single application-layer message conveying the predicted MOS
values for all active users. Each message consists of a fixed
protocol overhead (transport, network, link-layer headers, and
application metadata) and a variable payload proportional to
the prediction horizon H, as it carries H predicted MOS
values per user. Therefore, the number of synchronization
packets decreases approximately proportionally to H, while
the corresponding byte savings exhibit diminishing returns due
to the fixed header overhead, which limits additional gains for
large horizons H. The quantitative impact of this trade-off is
evaluated in Section IV-D.

An important aspect to highlight is that, based on the
collected metrics, the NDT estimates objective QoE levels
through MOS values, following established QoE modeling
approaches [22], [42], [43] (more details in Appendix). For
each vehicle v; ;, the MOS value m, ;(k) is computed as:

my,i(k) = exp (1.576 — (4.188 .107%. iji(k)) +
— (2
— (5.766 - 10*2.zjd(k)))’

where m; ;(k) represents the perceived QoE level, 7; ;(k)
is the play-out delay related to the specific service (stored in
the NDT), and [; ;(k) denotes the average PLR of the vehicle
vj;,;. The MOS values range from 1 to 5 and are based on a
continuous exponential function that guarantees smooth and
fine-grained mapping of the QoS parameters (delay and PLR)
onto the QoE indicator. The selected exponential MOS model
provides a smooth mapping of delay and packet loss into
perceived QoE and is consistent with established multimedia
service evaluations.

The NDT instances supplied to the tenant are aggregated and
privacy-preserving by design: they expose system-level QoE
indicators and their predicted evolution over the horizon H,
while avoiding the disclosure of fine-grained user identities or
exact geographical locations. This data minimization ensures
tenant isolation and reduces uplink signaling and vehicle-
side computations. These synchronized and abstracted CPMs
constitute the input to the MOS Prediction and DRL Resource
Planner Modules described in the following subsections.
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B. Design of the MOS Prediction Module

The NDT integrates a predictive MOS estimation module
aimed at forecasting the future QoE level for each vehicle
v;; using DL. Before detailing its operation, it is important
to underline that the perceived QoE level depends both on
application-level factors (e.g., source bitrate, resolution) and
on radio-layer conditions (achieved data rate). Ideally, in a
specific time slot, if a vehicle receives enough radio resources
to download all the required data within a target delay, the QoE
level primarily depends on the original multimedia content.
However, in realistic conditions, two main factors can degrade
the actual QoE level. Firstly, radio resources are inherently
limited. Consequently, the amount of radio resources allocated
to a given vehicle may be insufficient (particularly in congested
network conditions) to sustain the target data rate required for
uninterrupted media delivery. Secondly, the data rate achievable
with a fixed amount of radio resources is influenced by the
selected Modulation and Coding Scheme (MCS), which itself
depends on the instantaneous channel quality perceived by
the vehicle v; ;. Due to mobility and environmental variability,
channel conditions fluctuate over time, leading to variations in
the effective data rate and, therefore, in the perceived QoE level,
even when the allocated resources remain unchanged. The MOS
Prediction Module accounts for these effects by leveraging
historical MOS observations, which implicitly capture past
channel and resource dynamics. Specifically, given the MOS
history M ;(k), the adopted DL model © predicts the MOS
values over the prediction horizon H for each vehicle in the
set V; served by the base station b;. It outputs:

M},i(k)z{m“( ) : k’—i—1<n<k+H}

3)

= @(ijz(k)>, V’Uj’i eV
These predicted MOS values M ; (k) are fed to the Resource
Manager to enable foresighted RRM: by anticipating QoE
degradations, the DRL agent in the DRL Resource Planner
can take proactive decisions instead of merely reacting to
instantaneous measurements. Implementation details of the DL
architecture are reported in Section IV-C.

C. Design of the DRL Resource Planner Module

In addition to the MOS Prediction Module, the Resource
Manager of the tenant integrates a DRL Resource Planner
Module responsible for the RRM strategy to be implemented
in the physical infrastructure, by dynamically and optimally
allocating the available radio resources P; among the set of
vehicles V; served by the base station b;. At each decision
step k (corresponding to the time slot), the DRL agent of
the DRL Resource Planner Module determines the number of
radio resources p; ;(n) to be allocated to each vehicle over the
prediction horizon H, ie., forn e {k+1,...,k+ H}. The
objective is to jointly maximize the cumulative predicted QoE
level and minimize radio resource consumption, achieving a
system-level QoE-efficiency trade-off:

6
k+H
Z > [mham) =P )], Vb €B
ity = 2
subject to ij () <P Vb, eBVne{k+1,...,k+H}
pj7i(77) > 0,Vv,;,;€V;,Vn € {k—i—l, ey k+H}
“)

d'e
where piF(n) = Li(n) - Lj,i(n) - dniﬁ captures the resource-
consumption cost of vehicle v;; at time slot 7, combining
the normalized base station load L;(n), the fractional resource

footprint L; ;(n) = 2Ll Z(") , and the service demand ratio d‘fnix,
and p > 0 is a trade- off welght between QoE maximization
and resource efficiency. The predicted MOS values mN(n)
are provided by the MOS Prediction Module and stored in

Note that the number of radio resources to be assigned to
vehicles is constrained by the maximum number of resources
that the base station can allocate, i.e., P;, and that the number
of radio resources per vehicle p; ;(n) cannot be negative. The
resulting decision-making framework enables the tenant to
dynamically adjust resource allocation by leveraging both
historical data (provided by the NDT Builder) and predicted
network conditions (generated by the MOS Prediction Module).

State and Action Space. The state s; ;(k) in the state space
S associated with vehicle v;; at time slot k is defined as:

sji(k) = [mji(k), M} (k),pji(k) (5)
which includes the current MOS value m; ;(k), the estimated
MOS values M, ;(k) for the next time slots 7 in the horizon
H, and currently allocated amount of radio resources p; ;(k).
A denotes the action space defining the decisions of the DRL
agent at decision step k.

The action a;;(k) € A, associated with vehicle v;;,
determines the adjustment applied to the current resource
allocation p; ;(k) over the prediction horizon H. Specifically,
the DRL agent selects one of three possible actions, namely
decrease, maintain, or increase the current allocation p; ; (k)
by a fixed step size o. The resulting allocation is therefore
computed as:

= p;.i(k) + Apja(k),
where the adjustment
Apj,i(k) =0 (a’j,i(k) —1), ajyi(k) € {07 1, 2}’

corresponds to decrease (a; ;(k) = 0), maintain (a;;(k) = 1),
and increase (a; (k) = 2) actions, respectively. Note that the
DRL agent selects the action a; ; (k) based on the predicted QoE
values over the horizon H, determining the adjustment Ap; ; (k)
applied to the current allocation. Therefore, the prediction
horizon provides foresight to the resource allocation decision,
while the same adjustment is evaluated over all future slots
n € {k+1,...,k + H}. The resulting allocation is then
enforced through the capacity-aware feasibility check. This two-
timescale design enables adaptive resource management without

pj,i(1) Vnef{k+1,...k+ H}, (6)
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requiring NDT synchronization at every time slot. However,
the total allocated resources cannot exceed the available PRB
budget P; of base station b;. Therefore, a capacity-aware
execution mechanism is applied to ensure feasibility.

First, all decrease actions are always accepted. Let p;(n) =
ZUM pj.i(n) denote the total PRBs allocated at time slot
n before enforcing the capacity constraint. After applying
all decreases, the intermediate allocation becomes p?(n) =

Pi(M) 42 0, :ap; . (k)<0 APji(k). The residual capacity is then
computed as ((n) = max{0, P; — p{(n)}.

Second, increase actions are admitted only if sufficient resid-
ual capacity remains. Vehicles requesting additional resources
form the set V;"={v;; € V;: Apj (k) > 0}. The vehicles in
V." are ordered in ascending MOS value through the ordering
function 7(+), thus prioritizing vehicles experiencing lower QoE.
Increase requests are then processed sequentially according
to this ordering. For each vehicle v (,,) ;, the requested incre-
ment Apr(,,;(k) is granted if the residual capacity satisfies
Apr(ny,i(k) <((k). In this case, the allocation is updated and
the residual capacity is reduced accordingly. Otherwise, the
request is rejected and the corresponding action is downgraded
to maintain (i.e., Apr(n),;(k) < 0). This procedure guarantees
that the final allocation satisfies the resource constraint in
(4) while prioritizing vehicles experiencing lower QoE. The
capacity-aware mechanism is dominated by sorting vehicles
according to QoE before admitting resource-increase actions.
Further details on complexity are in Appendix C.

Reward. The DRL agent receives a reward R;(k) € R at
each decision step k for each base station b;, associated with
the transition from state s;;(k) after executing action a; ;(k).

The reward is designed to jointly promote high QoE levels,
expressed through MOS values, and efficient utilization of
radio resources. To capture these two objectives, the reward
function is defined as the sum of a QoE-oriented component
and a resource-efficiency component:

k+H

)= > (B m) +rsm),

vji n=k+1

N

where T]Q? (n) denotes the reward component associated with

the QoE level of vehicle v;; through the predicted MOS
value m; ; (1), and 73 (n) represents the reward component
accounting for the cost incurred by vehicle v;; in terms of
radio resource consumption.

More specifically, the QoE reward component r?f By is

defined as a piecewise function of predicted MOS values

m’; ;(n) and selected action adjustment Ap; ;(k):

Th, m; () <qr A aji(k) =2

—Tm, M) <qr A aji(k) =1

—rp,  mii(n) <qr A aji(k) =0

Ty qr <mf () <quw A aji(k) =2
T?ZOE(U) =97 qr. <mj;(n) <quw N aji(k) =1

—Tmy qr <mf;(m) <qm A aji(k) =0

Tmy M) > qu N aji(k) =0

Th; m; () = qu A aji(k)=1

~Tm, M) >qr A aji(k) =2

®)
where g7, and gz, which correspond to low and high QoE levels,
denote the QoE thresholds defined by the Policy Manager,
enabling a policy-aware framework. To generalize the validity
of the approach regardless of the numerical values adopted to
define the reward, the variables r},, r,,, and r; are considered,
depending on whether the reward to be given is high, medium
or low, respectively. When the MOS value falls below ¢z,
actions increasing resources are strongly rewarded to rapidly
recover service quality, while resource reductions are penalized.
In an intermediate QoE regime (i.e., between ¢ and qp),
the reward encourages cautious adjustments, discouraging
unnecessary resource reductions while still allowing moderate
increases. Conversely, when MOS exceeds qp, the reward
favors conservative resource usage by discouraging unnecessary
resource increases.
The resource reward component 3% (1) associated with the
vehicle resource consumption is deﬁned as:

d’,
ris () = —Li(n) - Lji(n) - ( j;i?) A

It penalizes radio resource consumption as a function of
both the serving base station load and the relative resource
footprint of each vehicle. Specifically, the term L;(n) captures
the normalized base station load at time slot 7, reflecting
the congestion level, while L;;(n) = %m quantifies the
fraction of radio resources allocated to vehicle v; ;. The factor

d*® () . . ..
< accounts for the service requirements by normalizing

the target data rate with respect to the maximum achievable
rate, assigning higher cost to more demanding services. Finally,
A € {—1,0,+41} encodes the direction of the allocation adjust-
ment (to decrease, maintain, or increase resources, respectively).
The negative sign in (9) is justified by the following: resource
increases (A = +1) are penalized, while decreases (A = —1)
yield a positive contribution, rewarding conservative behavior
when QoE is satisfactory. This is consistent with the resource-
efficiency objective in (4). Overall, this formulation discourages
aggressive resource increases under high-load conditions and
promotes conservative and resource-efficient decisions.

By combining both reward components TQOE( ) and 735 (),
the DRL agent learns a dynamic trade off between user-
centric performance and system-level efficiency according to
the selected policy, adapting its behavior and decisions to both
the experienced QoE level and the current network load.
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IV. IMPLEMENTATION AND RESULTS

This section describes the implementation details and
presents the main results of the proposed predictive QoE-driven
RRM strategy, focusing on a multimedia streaming service.
Although the evaluation targets this specific use case, the whole
approach can be readily extended to heterogeneous services
by adapting the corresponding implementation settings.

A. Hardware and Software Setup

The proposed approach was implemented and evaluated on
a workstation equipped with an AMD EPYC 9454P processor
(48 cores, 96 threads, up to 3.81 GHz), 512 GB DDRS5 ECC
RAM, and an NVIDIA L40S GPU. The system runs Ubuntu
24.04 on a Lenovo ThinkSystem SR655 V3 platform. The
MOS Prediction and DRL Resource Planner modules were
developed using PyTorch [50], a widely adopted open-source
Al framework in the scientific community, leveraging GPU
acceleration for training and inference.

B. Dataset

To effectively represent a 5G and Beyond scenario, featuring
base stations, mobile users/vehicles, and associated CPMs,
the 5G-QoERA dataset, originally developed by the authors
and presented in [44], is adopted. The dataset advances the
study of QoS and QoE in the era of 5G and Beyond networks,
by enabling the evaluation of QoE in 5G New Radio (NR)
environments. It integrates real mobility traces of taxis in
Rome, real base station locations, and Radio Environment Maps
(REMs), enabling the estimation of achievable throughput under
varying PRB allocations and channel conditions. In particular,
for each time slot k, the achieved data rate d; ;(k) experienced
by vehicle v;; depends on its distance from base station b,
and on the allocated resources p; ;(k). Based on d;,(k) and
the target data rate d;?i, the corresponding PLR l:(k) and
MOS value m; ;(k) are computed. Complexity considerations
are summarized for all the terms of the framework modules in
Section IV-E and detailed in Appendix C.

The original 5G-QoERA dataset provides QoS/QoE-related
measurements with a temporal granularity of 15s. To support
real-time streaming services and resource management at finer
granularity, the dataset has been enhanced to 1s resolution
through structured resampling and interpolation applied inde-
pendently to each vehicle trajectory. Therefore, At(k)=Ls is
considered.

To more realistically simulate the network conditions under
real-time streaming, a constant play-out communication delay
of 7; (k) = 400ms is considered, following worst-case delay
assumptions from [51], [52]. This choice enables the estimation
of the minimum MOS value under severe network impairments
and the identification of the delay threshold beyond which the
perceived video quality degrades to unacceptable levels.

All the above CPMs are stored within the NDT as F;(k) for
each base station b; and then used by the Resource Manager.

Fig. 3a illustrates example mobility traces of vehicles v7 1,
vg,1, and v11,1 associated with base station b;. Fig. 3b reports
the corresponding MOS evolution over time, i.e., m; 1 (k) for 60
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Fig. 3. (a) Mobility traces of 3 example vehicles (j=7, 8, 11) served by the
base station b1, and (b) MOS values m 1 (k) over time with 5 PRBs.

example time slots, when a fixed number of PRBs is considered,
i.e., 5 for each time slot k, by considering different target data
rate values d;f]i ranging from 500 to 4000 kbps. As can be seen,
according to their distance from the base station, the considered
vehicles (with 57 = 7,8, 11) experience different MOS values.
In each j-th subplot, the color scale represents the QoE in
terms of MOS. For low and moderate target data rates (up
to approximately 1500 kbps), all vehicles achieve consistently
high MOS values (close to the maximum value) over the entire
observation interval, indicating that the allocated resources
are sufficient regardless of mobility conditions. As the target
data rate increases, performance degradation becomes evident
and highly dependent on user-specific channel conditions and
mobility patterns.

Overall, Fig. 3 highlights that, under fixed resource allocation,
increasing the target data rate results in heterogeneous QoE
outcomes across users. This motivates the need for adaptive,
predictive, QoE-driven resource management strategies capable
of jointly accounting for user mobility, channel variability, and
service requirements.

C. Implementation of the MOS Prediction Module

The DL-based MOS Prediction Module is implemented as
a Recurrent Neural Network (RNN) based on stacked LSTM
layers, designed to capture the temporal dynamics of user QoE
level. The model exploits an observation window ¥ = 20 with

Mia(k) = {mgik = 20),myi(k = 19),....,myq(k) }, and
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Fig. 4. Architecture of the LSTM-based MOS Prediction Module.

TABLE III
PREDICTION HORIZON H: SYNCHRONIZATION OVERHEAD VS. MSE.

H Pkts Sav. Pkts [%] Bytes Sav. Bytes [%] Pred. MSE [#]
1 1000 0.0 806 000 0.0 0.013
5 200 80.0 353200 56.1 0.044
10 100 90.0 296 600 63.2 0.103
15 67 93.3 279122 65.3 0.167

outputs the predicted MOS values of vehicles in the horizon H,
e MY (k) = Ll (b + 1), . oml (k + H)}. The choice
of ¥ = 20 reflects a trade-off between capturing relevant
temporal correlations in the MOS evolution and limiting model
complexity. With the adopted temporal resolution of 1s, this
corresponds to a 20 s observation window, which is sufficient to
capture the short-term QoE dynamics typical of high-mobility
vehicular environments. Different window sizes were evaluated
during model design: shorter sequences resulted in higher
prediction errors, whereas longer ones provided negligible
accuracy improvements while increasing computational cost.
Therefore, ¥ = 20 was selected as a suitable configuration
that preserves real-time responsiveness for predictive resource
management [53], [54].

The architecture of the LSTM-based MOS Prediction Mod-
ule, illustrated in Fig. 4, consists of two stacked LSTM layers
with 60 hidden units each, followed by a fully connected layer
producing H predicted MOS values in M’ (k). It is worth
noting that changing the prediction horizon H affects only
the dimension of the output layer, while the LSTM backbone
remains unchanged. Consequently, the number of trainable
parameters and the computational cost increase linearly with
H due to the output fully connected layer. Moreover, different
LSTM configurations (e.g., varying hidden sizes and number of
layers) were evaluated during model design, and the architecture
adopted in this work achieved the best performance and was
therefore selected.

DL Training Setup. The LSTM-based MOS Prediction
Module is trained using MOS values of vehicles collected from
four distinct base stations. The dataset is split into 80% training
and 20% validation sets. Training is performed using the Adam
optimizer with learning rate 10~% for up to 100 epochs. Early
stopping (patience = 10 epochs, minimum improvement 10~°)
is adopted to prevent overfitting. The MOS Prediction Module
is configured to minimize the Mean Square Error (MSE).

The per-time-slot runtime complexity of MOS estimation is
summarized in Section IV-E and detailed in Appendix C.

DL Performance vs. Prediction Horizon. Fig. 5 reports the
training and validation MSE for different prediction horizons
(H =5 and H =15). As expected, the prediction error increases
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Fig. 5. MSE for (a) H = 5, and (b) H = 15 of the LSTM-based MOS
Prediction Module vs number of epochs.

with larger horizons, approximately by one order of magnitude
when moving from H = 5 to H = 15. The reported curves
show that the proposed MOS Prediction Module achieves very
low MSE values and converges rapidly to stable solutions within
a limited number of training epochs. These results indicate that
shorter prediction horizons provide significantly lower MSE,
with I = 5 offering a favorable accuracy-horizon trade-off.
The system-level implications of different values of H in terms
of synchronization overhead are analyzed in Section IV-D.
The predicted MOS values are provided to the DRL Resource
Planner and incorporated into the DRL agent state, enabling
proactive QoE-driven resource allocation (see Section IV-E).

D. Prediction Horizon Analysis

The prediction horizon analysis considers 1000 time slots
and H € {1,5,10,15}, with H = 1 as no multi-step prediction
case, assuming |V;| = 60 vehicles. Each synchronization event
involves the transmission of a packet composed of a fixed
protocol overhead (86 bytes, including TCP/IPv4, Ethernet
headers, and application-layer metadata) and a variable payload
(depending on H) containing predicted MOS values.

Table III reports the total synchronization overhead in
terms of packets and the overall transmitted bytes for each
H (numbers and percentages) and the corresponding MSE
(at the last epoch) for each considered prediction horizon
H. Packet reduction scales approximately with H, yielding
substantial signaling savings. However, byte savings exhibit
diminishing returns for large H. In particular, increasing H
from 5 to 15 provides limited additional savings compared to
the gain obtained from H =1 to H =5. These results indicate
that moderate prediction horizons already capture most of
the communication-efficiency gains, without requiring long
forecasting windows.

From a system-level perspective, reducing synchronization
frequency lowers control-plane overhead and improves scalabil-
ity. In large-scale deployments with multiple base stations and
tenants, when jointly considering prediction accuracy, moderate
horizons (e.g., H =5) can capture most signaling benefits while
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TABLE IV
MOS THRESHOLDS FOR THE DRL-BASED POLICIES.
Policy qg qr
QoE High 4.0 34
QoE Balanced 3.8 3.0

QoE Conservative 34 2.6

avoiding the substantial increase in MSE observed for larger
H. Therefore, in the following analysis, the prediction horizon
is set to H =5.

The synchronization runtime overhead is summarized in
Section IV-E.

E. Implementation of the DRL Resource Planner Module

This subsection evaluates how effectively the DRL agent
approximates the optimization problem defined in (4), analyz-
ing learning stability, value convergence, and computational
feasibility. At each decision step k, the agent selects actions
from A, corresponding to incremental adjustments of the radio
resources p; ; assigned to each vehicle v;; over the prediction
horizon H.

As defined in (5), the state s;;(k) associated with vehicle
v;,; includes the current MOS value m, ;(k), the predicted
MOS M, ;(k) provided by the MOS Prediction Module, and
the currently allocated radio resources p;;(k). This state
representation allows the agent to account for both current
and predicted QoE conditions.

Regarding the reward formulation, the QoE-related compo-
nent parameters in (8) are set to r, = 0.25, r,, = 0.1, and
r; = 0. For the resource-related term in (9), the maximum data
rate is fixed to d™** = 8000 kbps, while the vehicle-specific
target data rate dz-f]i may vary across users. The maximum
allocable PRBs at base station b;, i.e., |P;], is treated as a
variable parameter to evaluate performance under different
resource availability conditions.

QoE Policy and DRL Setup. The Policy Manager can
configure the QoE policies. Three QoE policies are considered,
namely QoE High, QoE Balanced, and QoE Conservative,
defined by different threshold pairs (qg, qz,) as reported in
Table IV. These policies are evaluated in combination with three
widely adopted value-based DRL architectures: DQN, Double
DQN [21], [22], and Dueling DQN [18], [19], [41]. The training
process spans 1000 episodes, with periodic checkpointing.
Further implementation details of the selected best-performing
DRL architecture (Dueling DQN) are provided in Appendix B.

Motivated by predictive resource-management works based
on learning-aided forecasting [25], [37], [39], we isolate the
MOS Prediction Module through an ablation study. The result-
ing configuration, i.e., Dueling DQN without MOS Prediction,
denoted as OnlyDuelingDQN, uses the same architecture and
training setup as the full model but removes the predicted MOS
sequence from the DRL state.

1) Reward Analysis: Fig. 6 depicts the evolution of the
reward R;(k) over the training episodes for DQN, Double
DQN, and Dueling DQN, evaluated under the three QoE
policies defined in Table IV.
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Fig. 6. Reward evolution for b; over training episodes for DQN, Double
DQN, Dueling DQN, and OnlyDuelingDQN under different QoE policies.

Across all configurations, the learning process exhibits a
consistent pattern: an initial exploration phase followed by
progressive improvement and convergence toward stable reward
values. The limited variance in the final episodes indicates
stable convergence for all considered architectures. Note that
similar trends are observed for the other base stations.

A closer inspection shows that the QoE High policy results
in a more challenging learning task due to its aggressive
resource allocation strategy. In this regime, Double DQN
exhibits higher reward variability, while standard DQN achieves
smoother convergence and Dueling DQN provides the most
stable training dynamics. Under the QoE Balanced policy,
all architectures converge to comparable asymptotic rewards,
although Double DQN still displays higher fluctuations. In
the QoE Conservative case, the control problem becomes less
complex and all approaches rapidly converge to nearly identical
final rewards.

Overall, the results indicate that the selected QoE policy has
a stronger impact on learning dynamics than the specific DRL
architecture in terms of asymptotic performance. Architectural
differences mainly affect training stability, with Double DQN
showing higher variability and Dueling DQN providing the
most consistent convergence behavior.

Furthermore, OnlyDuelingDQN exhibits reward trajectories
close to the full Dueling DQN across all QoE policies,
confirming that training stability is preserved without the
predictive component.

2) Q-values Analysis: Fig. 7 reports the evolution of the
average action-value estimates (i.e., Q) across training episodes
for the considered DRL architectures under different QoE
policies.

For all architectures and QoE policies, the Q-values exhibit
rapid growth during early training followed by gradual stabi-
lization, confirming convergence of the learned value functions.

Under QoE High and QoE Balanced policies, the Q-
value trajectories of DQN, Double DQN, and Dueling DQN
largely overlap, indicating comparable asymptotic action-value
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Fig. 7. Average Q-value evolution over training episodes for DQN, Double
DQN, Dueling DQN, and OnlyDuelingDQN under different QoE policies.

[—DQN —Double DQN —Dueling DQN - OnlyDuelingDQN]|

. QoE High
*
E 0.04
A 0.02
=0 e - =
0 200 400 600 800 1000
. QoE Balanced
3*
ig 0.04
~ 0.02f A L
B e oo e et
0 200 400 600 800 1000
QoE Conservative
400 600 800 1000
Episode [#]

Fig. 8. Temporal-Difference (TD) loss evolution during training for DQN,
Double DQN, Dueling DQN, and OnlyDuelingDQN under different QoE
policies.

estimates. However, Double DQN displays slightly higher
variability during early training. Similar behavior is observed
under the QoE Conservative policy, where minor differences
are confined to the transient phase.

These findings suggest that all architectures learn consistent
value functions, and that differences observed in reward
evolution are mainly due to training stability rather than
discrepancies in asymptotic Q-value estimation.

Notably, the OnlyDuelingDQN variant achieves Q-value esti-
mates largely overlapping with those of the full Dueling DQN,
further supporting the robustness of the Dueling architecture
independently of the MOS prediction input.

3) Temporal Difference Loss: Fig. 8 shows the evolution of
the Temporal-Difference (TD) loss during training, providing
insight into the stability of Q-function updates. Note that, in
value-based RL, the TD loss measures the Bellman error and

TABLE V
COMPUTATIONAL AND TEMPORAL COMPLEXITY OF THE CONSIDERED DRL
ARCHITECTURES.

Architecture Params [#] Memory [MB] FLOPs [#] Latency [ms]

DQN 20483 0.081 40448 0.036

Double DQN 20483 0.081 40448 0.036

Dueling DQN 37124 0.146 73472 0.075
TABLE VI

PER-TIME-SLOT RUNTIME COMPLEXITY OF THE PROPOSED FRAMEWORK.

Module Term Complexity
MOS Estimation Cnios o(|vil)
NDT
Synchronization Cone O(IVi| ¥/H)
LSTM MOS , 2
Prediction Crsv O(Vi| Wny b /H)
DRL Inference CpRL O(|Vi| d]%QN)
Capacity-Aware
En?orce}r/nem Ceapacity O(|Vi| log |Vs])

- 2
Total Ceot o (m |d2ont V2L Ly, [ log Vs \)

guides the update of the Q-network parameters [55].

In all scenarios, the TD loss starts at relatively high
values and rapidly decreases, eventually stabilizing, indicating
progressive reduction of the Bellman error and convergence of
the learning process. Under the QoE High and QoE Balanced
policies, Double DQN exhibits more pronounced oscillations
during the transient phase, reflecting less stable Q-value
updates. In contrast, DQN and especially Dueling DQN display
smoother and more regular TD loss trajectories. In the QoE
Conservative case, all architectures converge to similarly low
TD loss values, with differences mainly limited to early training
episodes. To summarize, the TD loss analysis confirms stable
convergence across all approaches, while highlighting that
Dueling DQN provides the most consistent training dynamics.

The OnlyDuelingDQN configuration exhibits TD loss dynam-
ics closely matching those of the full Dueling DQN, indicating
that the convergence behavior of the Dueling architecture is
not significantly affected by the presence or absence of the
MOS Prediction Module.

Complexity. Table V reports the computational and temporal
complexity of the considered DRL architectures after training
with 1000 episodes. DQN and Double DQN share the same
network architecture and therefore exhibit identical computa-
tional complexity, i.e., the same number of parameters, memory
footprint, and floating-point operations per second (FLOPs)
per inference. Dueling DQN introduces an additional value-
advantage stream, resulting in a moderate increase in parameters
and FLOPs. However, the overall model size remains limited,
i.e., 0.146 MB. Regarding the temporal complexity, all DRL
architectures achieve sub-millisecond inference latency, with
median latency around 0.036 ms for DQN and Double DQN
and approximately 0.075 ms for Dueling DQN, without
significant long-tail effects.

Overall, the additional complexity introduced by Dueling
DOQN is marginal. Since performance differences mainly affect
training stability rather than asymptotic reward, all considered
architectures are suitable for real-time QoE-aware control. The
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TABLE VII
DISTRIBUTION OF VEHICLES ACROSS TARGET DATA RATE d;gl CLASSES
FOR THE ANALYZED SCENARIOS.

\EIDQN T DoubleDQN [ DuelingDQN ' 10OnlyDuelingDQN CIBaseline\

dif [kbps] V1| =30 |Vi| =60 [Vi| =90
1200 4 8 10
1500 3 6 10
2000 5 10 20
2500 6 12 23
3000 6 12 15
4000 6 12 12

measured inference latency remains well below the Near-Real-
Time RIC control timescales, i.e., 10 ms—1s [56], confirming
feasibility within O-RAN frameworks.

More generally, the total per-time-slot complexity is sum-
marized in Table VI and detailed in Appendix C.

F. Performance on QoE and Resource Utilization

The performance of the proposed RRM framework is
evaluated in terms of QoE and resource utilization under
increasing traffic load. Three scenarios are considered with
[V1] = 30, 60, and 90 vehicles served by base station b;. The
distribution of vehicles across different target data rate classes
d' is reported in Table VII.

The three QoE policies regulate the scheduler operating point
by controlling the trade-off between MOS maximization and
resource efficiency. QoE High prioritizes MOS maximization
at the expense of higher resource utilization. QoE Balanced
provides an intermediate trade-off between QoE and load. QoE
Conservative prioritizes resource savings while tolerating a
limited QoE degradation.

For each scenario, multiple resource budgets are evaluated,
ranging from reduced configurations up to the full budget of
819 PRBs (i.e., 30%, 50%, 70%, and 100% of the maximum ca-
pacity |P1]). Only feasible configurations satisfying a minimum
allocation of 5 PRBs per vehicle are considered. Consequently,
the evaluated budgets are: 30%, 50%, 70%, and 100% of |P; |
for |Vi| = 30; 50%, 70%, and 100% of |P;| for |V1| = 60;
and 70% and 100% of |P;]| for |V1| = 90.

As a benchmark, a baseline scheduler that uniformly dis-
tributes PRBs among vehicles and assigns residual resources via
round-robin is also evaluated. This provides a direct comparison
between static allocation and adaptive DRL-based scheduling.

Performance is assessed through the distribution of the
average MOS values m; 1 and the average normalized load
factor L, across all time slots k under the QoE High, Balanced,
and Conservative policies. The results are illustrated through
boxplots, where the central mark indicates the median and the
bottom and top edges of the box indicate the 25! and 75"
percentiles, respectively.

1) Scenario with 30 vehicles: In the lightly loaded regime
(30 vehicles), DQN and Double DQN architectures achieve
median MOS values close to 4 under all policies (Fig. 9a).

The results show that Dueling DQN most clearly reflects the
intended policy behavior. Under QoE High, it prioritizes MOS
maximization; under QoE Balanced, it reduces resource alloca-
tion while preserving near-maximum MOS values; under QoE
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Fig. 9. Scenario with 30 vehicles: distribution of (a) the average MOS values
and (b) the average normalized load over all considered time slots k under
the QoE High, Balanced, and Conservative policies, for DQN, Double DQN,
Dueling DQN, OnlyDuelingDQN (without MOS Prediction), and the Baseline.

Conservative, resource savings become more pronounced with
only minor QoE degradation. The baseline scheduler achieves
comparable median MOS values but exhibits larger variability,
reflecting the lack of adaptive correction mechanisms.

The load behavior clearly highlights the effect of policy
enforcement (Fig. 9b). While the baseline consistently satu-
rates the available resources, Dueling DQN most coherently
translates policy intent: high resource utilization under QoE
High, progressively reduced load under Balanced, and the
lowest resource utilization under the Conservative policy, with
only limited MOS degradation.

In contrast, OnlyDuelingDQN, which operates without the
MOS Prediction Module, fails to differentiate its behavior
across policies: MOS distribution and resource utilization re-
main nearly invariant, confirming that the predictive component
is essential for effective policy enforcement.

2) Scenario with 60 vehicles: Fig. 10a shows the distribution
of MOS values for the scenario with 60 vehicles. Although
median MOS values remain close to 4 under all policies,
variability increases compared with the 30-vehicle case.

More pronounced differences appear in load behavior
(Fig. 10b). All DRL-based approaches adapt resource utilization
according to the selected policy, but the degree of load
differentiation varies across DRL architectures. Under the
Balanced and Conservative policies, Dueling DQN shows a
more consistent reduction in median load compared with the
QoE High configuration. In contrast, Double DQN exhibits
higher variability and less stable adjustment patterns.

Overall, Dueling DQN demonstrates a more coherent align-
ment between policy objectives and load dynamics also in this
medium-load scenario.

The same policy-insensitive behavior observed for Only-
DuelingDQN in the lighter-load scenario persists here, with
MOS values and load distributions remaining largely unchanged
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Fig. 10. Scenario with 60 vehicles: distribution of (a) the average MOS values
and (b) the average normalized load over all considered time slots k under
the QoE High, Balanced, and Conservative policies, for DQN, Double DQN,
Dueling DQN, OnlyDuelingDQN (without MOS Prediction), and the Baseline.
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Fig. 11. Scenario with 90 vehicles: distribution of (a) the average MOS values

and (b) the average normalized load over all considered time slots k under
the QoE High, Balanced, and Conservative policies, for DQN, Double DQN,
Dueling DQN, OnlyDuelingDQN (without MOS Prediction), and the Baseline.

across the three QoE policies.

3) Scenario with 90 vehicles: In the scenario with 90
vehicles, the QoE-resource trade-off becomes more critical.
While median MOS remains around 4 across policies, lower-
tail dispersion increases significantly (Fig. 11a). The baseline
scheduler further confirms that static allocation struggles to
ensure homogeneous QoE under heavy load. Among the DRL-
based architectures, Dueling DQN better contains the MOS
variability, especially under the Conservative policy.

Also in this scenario, architectural differences are amplified
in load behavior (Fig. 11b). Under the QoE High policy, all
DRL schedulers operate at high utilization levels, as expected.

Under Balanced and Conservative policies, Dueling DQN
achieves the most systematic reduction in resource utilization
while preserving QoE, whereas DQN and Double DQN exhibit
higher medians and variability. Thus, the advantage of the
Dueling DQN architecture becomes particularly evident under
heavy traffic conditions.

OnlyDuelingDQN confirms its inability to adapt to different
policy configurations: its MOS and load profiles remain
substantially undifferentiated across all three policies, even
under the more demanding 90-vehicle scenario, underscoring
the critical role of the LSTM-based MOS prediction in enabling
policy-aware resource control.

To conclude, the obtained results show that predictive DL-
based QoE estimation combined with DRL-based scheduling
enables proactive and policy-controllable RRM. Moderate
prediction horizons (e.g., H = 5) provide most synchronization
savings without significant prediction loss. Asymptotic rewards
are comparable across DRL architectures, although Dueling
DQN is more stable. The OnlyDuelingDQN ablation confirms
that predictive QoE information is essential for policy-aware
RRM: without it, QoE and load distributions remain almost
insensitive to the selected policy despite similar convergence.

V. CONCLUSION

This work proposed a predictive Quality of Experience
(QoE)-driven Radio Resource Management framework for
5G and Beyond networks based on an Artificial Intelligence-
enabled Network Digital Twin. By integrating Deep Learning
(DL)-based multi-step forecasting of objective QoE metrics
(Mean Opinion Score) with Deep Reinforcement Learning
(DRL)-based radio-level allocation (Physical Resource Blocks),
the framework enables proactive, policy-aware, and scalable
resource management. Focusing on a vehicular scenario,
simulation results show that the approach maintains high QoE
levels under increasing traffic loads while adaptively regulating
resource utilization and avoiding the systematic saturation
typical of static schedulers. Among the evaluated DRL variants,
Dueling DQN exhibits the most stable policy enforcement under
congestion. Overall, the results confirm that predictive QoE
modeling with DRL-based allocation enhances both user and
system-level quality performance, supporting scalable Al-native
radio resource management for future 6G networks.

Future work will extend the framework to multi-tenant and
multi-service scenarios with more heterogeneous traffic patterns
and mobility dynamics, as well as investigate adaptive NDT
synchronization strategies. Additionally, future investigations
will address physical-layer robustness by accounting for
interference effects on CPM reliability and NDT predictive
accuracy, and will study the transferability of the LSTM-based
QoE predictor to heterogeneous mobility profiles through fine-
tuning or transfer learning. Moreover, extending the NDT with
channel state information to jointly optimize PRB allocation
and physical-layer controls, such as beamforming and antenna-
position optimization, represents a promising direction for
practical 5G/6G deployments.



IEEE TRANSACTIONS ON NETWORK AND SERVICE MANAGEMENT

APPENDIX
A. MOS Model Selection

Although standardized models such as ITU-T G.1070 [57]
exist, they require detailed codec and application-level param-
eters not directly controllable at the network layer. Moreover,
preliminary evaluations showed limited sensitivity to gradual
PLR variations, resulting in step-like MOS behavior.

For this reason, the continuous QoE model in [58] was
adopted, as it provides smoother degradation dynamics and is
suitable for fine-grained QoE-aware resource allocation in 5G
and Beyond scenarios. However, the framework is independent
of the specific MOS formulation and can incorporate alternative
or learned QoE models without architectural changes.

B. DRL: Dueling DON Formulation

The DRL agent adopts a Dueling DQN architecture [41],
which decomposes the action-value function into a state-value
component and an advantage component. The resulting action-
value function is expressed as:

Q(s4,i(k), aji(k)) = V(sz‘( ) +A(Sji( ), aji(k))+

E , 33,

|A| deA
(10)
where  V(s;;(k)) denotes the state-value function,
A(sji(k),a;:(k)) represents the advantage associated

with selecting action a;;(k) in state s;,(k), and |A]| is
the cardinality of the action space .A. The subtraction
of the mean advantage ensures the identifiability of the
value and advantage components. The target used to
update the network parameters at time slot k is defined as:
y(k) = R;(k) +7maxa/EAQ(sj,i(k+ 1),a’,¢), where R;(k)
is the reward obtained after performing the selected action,
v is the discount factor, and ¢ denotes the parameters of the
target network.

Exploration is handled through an e-greedy strategy with
linear decay, while experience replay is employed to decorrelate
samples and stabilize the training process.

C. Per-Time-Slot Runtime Complexity

To assess the real-time feasibility of the proposed framework,
we analyze the per-time-slot runtime complexity of each
constituent module: MOS estimation, NDT synchronization,
LSTM-based MOS prediction, DRL inference, and capacity-
aware PRB enforcement. Throughout the analysis, |V;| denotes
the number of vehicles served by base station b;, U is the
observation window length, H is the prediction horizon, h is
the LSTM hidden size, ny, is the number of stacked LSTM
layers, |.A| is the cardinality of the DRL action space, and
dpon is the hidden-layer width of the Dueling DQN network.

1) MOS Estimation: At each time slot k, the NDT Builder
computes the instantaneous MOS value m;;(k) for every
vehicle v;; € V; according to the objective QoE model [58].
Since the MOS evaluation requires a constant number of
arithmetic operations, its complexity per vehicle is O(1).
Therefore, the overall per-slot complexity is Cyos = O(|Vi|).

2) NDT Synchronization: The NDT Builder is synchronized
once every H time slots by leveraging the MOS predictions
generated by the LSTM module. During each synchronization
event, CPMs for all vehicles are exchanged between the
physical infrastructure and the NDT, including historical PLR
and MOS sequences of length W, together with current data
rate and the currently allocated PRBs.

The synchronization payload therefore scales as O(|V;|¥),
while the number of synchronization events over a window of
T slots is Nyyne = [T/H] .

Without multi-step prediction (/{=1) the NDT would require
T synchronization events; with horizon H this reduces to
[T/HY, yielding an approximate saving of (1 —1/H)-100 %
in synchronization packets. The resulting amortized per-slot
synchronization overhead is Cgyne = O % . For the
adopted configuration (¥=20, H=5), this corresponds to a
four-fold reduction in synchronization events compared with
the H = 1 baseline, as discussed in Section IV-C (Table III).

3) LSTM-based MOS Prediction: The MOS Prediction
Module employs a stacked LSTM architecture with nj, layers
of hidden size hg, followed by a fully connected output layer
generating H predicted MOS values (see Fig. 4 of the main
manuscript). The number of trainable parameters scales as
Ng:(’)(n,;-hi—i—hs-H).

The forward inference complexity over an observation
window of length ¥ is Cstm = O((|Vi] - ¥ - ny, - h2)/H) .

The factor 1/H accounts for the deferred synchronization
policy. For the adopted configuration (¥ = 20, ny, = 2, hy =
60, H = 5), the inference complexity remains lightweight and
compatible with real-time execution.

4) DRL Inference: At each decision step k, the DRL agent
performs one forward pass for each active vehicle to select the
PRB adjustment action.

The DRL state dimension scales with the prediction horizon
H, since the predicted MOS sequence is included in the
state representation. Assuming a hidden-layer width dpgn,
the complexity of a single forward inference is CHid =
(’)(din - dpoN + d%QN) = (’)(d%QN).

Extending the inference to all vehicles yields Cprr =

o(|vil - d%QN) This corresponds to 73 472 FLOPs per vehicle
inference, in agreement with the measured sub-millisecond
latency reported in Table V.

5) Capacity-Aware Enforcement: After the DRL agent
proposes raw actions for all vehicles, the Capacity-Aware
Enforcement mechanism projects the resulting allocation onto
the feasible set defined by the PRB budget constraint.

Vehicles requesting additional PRBs are sorted according to
ascending MOS values to prioritize lower-QoE users. Since the
dominant operation is the sorting step, the overall complexity
i Ceapacity = O(|Vi|log |V;]), even if secondary with respect
to the learning inference.

6) Total Per-Time-Slot Complexity: The overall per-time-
slot complexity of the proposed framework, i.e., Cyo in the last
row of Table VI, is mainly dominated by DRL inference and
LSTM prediction.

For fixed model hyperparameters, the dominant neural-
network terms scale linearly with |V;|, while capacity-aware
enforcement adds a lower-order sorting term. The deferred
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synchronization policy reduces the LSTM-related cost by
a factor H. In multi-tenant deployments, complexity scales
linearly with the number of tenants when using independent
DRL agents. The measured sub-millisecond inference latency
confirms real-time feasibility in O-RAN and Beyond-5G
systems.
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