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ABSTRACT This paper introduces reconfiguration mechanisms for a Sth Generation (5G) Medium Access
Control (MAC) scheduler, which uses Deep Reinforcement Learning (DRL) and is deployed as an xApp
within the RAN Intelligent Controller (RIC) framework. The objective is to optimize the allocation of
radio resources in 5G networks, seeking to meet Quality of Service (QoS) requirements while minimizing
resource consumption. To this end, we propose the dynamic adjustment of configurable parameters in
a Lyapunov-based scheduler, which addresses the challenges posed by the highly dynamic network
environment, and the need to meet multiple QoS objectives. The DRL agent dynamically reconfigures the
scheduling by leveraging Integrated Sensing and Communications (ISAC)-provided sensing data alongside
conventional communication metrics. Exploiting the adaptability of DRL, our solution can effectively
respond to fluctuating network conditions, thereby continuously enhancing scheduling decisions in real
time. The proposal is evaluated through comprehensive simulations conducted over ns-3 5G-LENA, which
demonstrate notable improvements in QoS performance and resource efficiency. In the analyzed scenarios,
our proposed scheduling solution achieves a 30% reduction in radio resource utilization while maintaining
full compliance with QoS requirements. These results highlight the great potential of exploiting DRL and
sensing data to optimize MAC scheduling in modern wireless communication systems, offering a scalable
and adaptive solution for 5G and future 6G networks.

INDEX TERMS 5G, ISAC, DRL, RIC, QoS, Lyapunov, ns-3.

. INTRODUCTION

ISTORICALLY, Radio Access Networks (RANSs) have

been deployed using a closed, opaque model, with
proprietary hardware, software, and interfaces [1]. With
the emergence of 5th Generation (5G) networks and the
widespread adoption of 5G New Radio (NR), RANs
have begun to adopt a more open architecture. Specifi-
cally, the Open Radio Access Network (O-RAN) Alliance
fostered the development of a new RAN architecture fol-
lowing a non-proprietary approach [2]. The basic idea
of O-RAN is to use standardized and open interfaces
for all communications between hardware and software

components. This ensures interoperability across different
vendors.

O-RAN introduces two different RAN management solu-
tions: 1) one closer to real-time tasks, named Near-Real Time
RAN Intelligent Controller (Near-Real Time RIC); and ii) a
second one with more loose time constraints, named Non-
Real Time RAN Intelligent Controller (Non-Real Time RIC).
The RIC is a set of software elements that interact with the
RAN to gather information and send control commands [3].
A primary feature of RICs is their ability to allow developers
to deploy services or applications that interact directly with
the RAN. In particular, near-real time RAN applications are
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the so-called xApps, while applications close to non-real time
tasks are named rApps.

xApps and rApps can control a variety of mechanisms
within O-RAN. Among these, one key mechanism at the
access elements, to ensure appropriate Quality of Service
(QoS) levels, is Medium Access Control (MAC) scheduling,
which determines the distribution of radio resources among
different traffic flows. While 5G NR provides the necessary
architectural support, including xApp-based control, it leaves
the design of the particular Medium Access Control (MAC)
scheduling algorithms open. Thus, deploying effective sched-
ulers that align with the new QoS management framework
introduced by 5G is of paramount importance.

A fundamental element of the 5G QoS framework is
the concept of QoS flows, each given a 5G QoS Identifier
(5QD). The 5QI establishes QoS requirements for each traffic
flow, encompassing parameters such as latency, reliability,
priority, and allowing the definition of a Guaranteed Flow Bit
Rate (GFBR). The categorization of traffic into a number of
flows with distinct QoS characteristics enables more granular
control over resource allocation in 5G NR. For instance,
flows with a higher 5QI priority may be allocated additional
resources to meet strict latency or reliability requirements,
which are crucial for applications such as eXtended Reality
(XR). This differentiation enables the network to adapt its
configuration to appropriately tackle varying demands and
service requirements.

Nevertheless, attaining this degree of QoS consistency
would require a MAC scheduler, that oversees resource
distribution in real time, to balance the necessities of highly
heterogeneous flows. It is therefore critical to develop sched-
ulers that align with the QoS framework, to realize the full
potential of 5G and so ensure that diverse applications and
services receive appropriate resource prioritization.

Very recently, Integrated Sensing and Communications
(ISAC) has emerged as a key research focus for 5G and
future 6G, unifying communication and sensing in a single
framework [4]. The communication network itself functions
as a large-scale sensor, where network elements transmit
and receive wireless signals, leveraging their transmission,
reflection, and scattering to sense and interpret the physical
environment more effectively. This enables advanced services
such as high-precision positioning, passive object detection
and tracking, and motion recognition extracted from wireless
signals. At the same time, sensing capabilities might be used
to optimize and improve communication performance.

Based on our prior work [5], in this work we substantially
extend Reinforcement-Based Intelligent Scheduling (RBIS)
as a MAC scheduling solution for 5G O-RAN, based on
the combination of Lyapunov optimization and Deep Rein-
forcement Learning (DRL) within an ISAC-enabled scenario.
RBIS combines the capacity of Lyapunov optimization theory
to address a dynamic optimization of the MAC scheduling
process based on stability guarantees, with the potential
of DRL to generalize and adapt scheduling decisions to
evolving network states by learning from past actions and
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exploiting real-time information obtained through user and
environmental sensing.
The contributions of this paper are:

e Building upon our prior hierarchical MAC scheduling
framework [5], we introduce the integration of ISAC-
derived sensing data into the DRL state space, enabling
the DRL agent to anticipate channel quality degradations
due to obstacles and proactively adjust per-UE schedul-
ing weights.

e We define the integration of the proposed solution
within the O-RAN architecture, where the DRL agent
is deployed as an xApp at the RIC. The DRL agent is
trained online through a real-time REST API interface
between the ns-3 simulator and the emulated xApp.

e The proposed MAC scheduler is implemented within
the ns-3 5G-LENA [6] framework and shown to guar-
antee the required data rate while optimizing resource
utilization under realistic conditions, including a
3GPP-compliant propagation model and dynamic UE
mobility. A comprehensive performance evaluation
benchmarks RBIS against state-of-the-art scheduling
algorithms and a comparative analysis of different DRL
approaches are provided. The implementation of the
MAC scheduler in ns-3, along with an emulated xApp,
is publicly available through a repository.

The rest of the paper is structured as follows. Section II
discusses prior work on MAC scheduling, QoS management,
and ISAC, emphasizing the gaps we address in this paper.
Section III provides the necessary background on QoS man-
agement in 5G and the O-RAN architecture, serving as a
foundation for the proposed approach. Section IV introduces
RBIS, our proposed scheduler, which exploits DRL to refine
its operation. Its performance is discussed in Section V,
which also validates the correct operation of our proposed
solution, by means of an extensive experiment campaign over
realistic setups, based on ns3 5G-LENA. Finally, Section VII
concludes the paper and provides an outlook of our future
work.

Il. RELATED WORK
The authors in [7] present a thorough survey of the most

widespread MAC schedulers in the literature. They highlight
that one of the main limitations of the widely implemented
Round Robin (RR) algorithm is its rigid approach to fairness.
To address this limitation, several channel-aware scheduling
strategies have emerged. For example, the Maximum Rate
(MR) scheduler fosters users with the highest Modulation
and Coding Scheme (MCS), while the best Channel Qual-
ity Indicator (CQI) scheduler allocates resources based on
channel quality. On the other hand, the Proportional Fairness
(PF) algorithm was proposed to better balance resource
distribution. While these schemes lead to either increased
spectral efficiency or resource consumption, the latest propos-
als have paid attention to meeting specific QoS requirements.

1 https://github.com/timat-unican/RBIS
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Furthermore, the PF metric has been extensively used as
a configurable parameter in various scheduling solutions.
For instance, [8] introduces a demand-based PF scheduler
that prioritizes users with lower data rate requirements and
favorable channel conditions to enhance user satisfaction.
In [9], a generalized PF approach is proposed to balance
throughput and fairness, discussing how tuning the PF metric
affects both targets and emphasizing the critical role of MAC
scheduling in QoS satisfaction and energy efficiency. More
recently, [10] combines the PF metric with 5QI parameters
to explicitly guide resource allocation, with the proposed
scheduler evaluated in ns-3 against conventional schemes.

Research on applying Lyapunov optimization to MAC
scheduling across various network contexts is relatively lim-
ited. In [11], a MAC and power adaptation framework based
on Lyapunov stochastic optimization is introduced. The for-
mulation distinguishes between stochastic and deterministic
problems: the former is solved through convex optimiza-
tion, whereas the latter relies on max-weight scheduling or
non-cooperative game theory. This modular design enables
adaptability across different MAC configurations with tunable
parameters, achieving optimal network utility and supporting
distributed beam scheduling. However, appropriate tuning
of these parameters is not addressed in the paper, and are
assumed to be fixed during network configuration. Lyapunov
methods have also been applied to other radio resource man-
agement problems in 5G slicing scenarios. In [12], resources
are dynamically allocated among multiple network slices to
meet heterogeneous requirements. A different direction is
pursued in [13], where a zero-latency MAC protocol for
cyber-physical systems is developed. Instead of suppress-
ing interference, the scheme exploits it to improve remote
state estimation. Closed-form stability conditions derived
via Lyapunov theory confirm scalability and robust system
performance. Finally, [14] applies the drift-plus-penalty algo-
rithm to 5G scheduling, addressing RB allocation and packet
drop control. This approach minimizes long-term packet
losses while guaranteeing queue stability, bounded delays,
and GFBR compliance through admission control. These
methods require network managers to manually tune the
Lyapunov system to the needs of the network, which can
prove complex.

There is a growing interest in applying Artificial Intel-
ligence (AI) to 5G NR. The authors in [15] present a
framework combining Lyapunov optimization and DRL
for online computation offloading in mobile-edge comput-
ing networks. Similarly, other works [16], [17] introduce
Lyapunov-guided DRL models to realize the trade-off
between a penalty (e.g., energy consumption) and queue
stabilization. In these approaches, the Lyapunov objective
function transforms a long-term objective optimization prob-
lem into subproblems that are directly used as the DRL
reward signal, so that the DRL agent learns a policy that
minimizes the Lyapunov objective itself. Furthermore, [18]
proposes a Reinforcement Learning (RL) scheduler that uses
various resource allocation policies to minimize latency and
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packet drop rate and so satisfy QoS requirements. The authors
conclude that the application of a single scheduling rule is
ineffective in meeting the objectives of dynamic network
conditions and heterogeneous traffic types, requiring more
complex systems.

Recent research on Al focuses on techniques for resource
management at higher layers, where systems can toler-
ate greater latency in decision-making processes [19]. The
application of these algorithms for lower-level resource
management and slot-level scheduling poses significant chal-
lenges, due to timing constraints and the limited or outdated
feedback. For instance, [20] introduced a random forest
model to predict user modulation and MCS, effectively
removing the reliance on the Channel State Indicator (CSI)
feedback scheme. In another study, [21] used an Machine
Learning (ML) algorithm to forecast buffer occupancy and
CQI values in the MAC scheduler, based on historical data.
This work proposed leveraging one-time resource allocation
for a certain time interval through Prediction Based Schedul-
ing (PBS), to save Physical Downlink Control Channel
(PDCCH) resources and reduce resource allocation time.
However, this approach operates under the assumption that
the channel remains stable, without significant fluctuations,
during the allocated periods. Additionally, traditional RL
methods, such as Q-learning and Policy Gradient, are often
limited to situations with small discrete action spaces. As
the number of active users increases, an optimization scheme
using a discrete action space becomes increasingly complex
and challenging [22]. The growing interest in applying Al
to RAN control naturally aligns with the principles of the
O-RAN architecture. O-RAN explicitly promotes intelli-
gent, data-driven control through standardized interfaces and
the deployment of rApps and xApps within the Non-RT
and Near-RT RIC, respectively, enabling the integration of
advanced learning-based methods into operational networks
[23], [24].

ISAC technology is recognized as a key breakthrough for
optimizing resource allocation and enabling mutual benefits
between radar sensing and wireless communications. Several
studies have considered optimizing the integration of sensing
and communications by providing sufficient resources to each
[4]. However, very few works, at the time of writing, leverage
sensing information to directly enhance communications. The
proposed ISAC scheme in [25] exploits sensing capabilities to
monitor channel dynamics, identify blockages, and track user
mobility, thereby enabling fast and reliable handovers along
with adaptive beam switching. Moreover, in [26], [27], and
[28], the authors propose leveraging ISAC-provided sensing
data, such as target position and speed estimates, to enhance
communication in the Internet of Vehicles (IoV).

To the best of our knowledge, no other work has specifi-
cally addressed the online configuration of a MAC scheduler
based on Lyapunov optimization in 5G/6G networks using
a hierarchical, two-timescale architecture. In other works,
the application of DRL is restricted to the selection of
alternative scheduling rules or to address subproblems within
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a predefined scheduling policy. Other approaches lever-
age Lyapunov-guided DRL, using the Lyapunov objective
function to guide the agent learning through the reward,
while RBIS uses DRL to periodically adapt the Lyapunov
objective itself. RBIS leverages the potential advantages
of integrating DRL with dynamic configuration schemes,
which would lead to more responsive and efficient scheduling
decisions. As a result, the Lyapunov objective remains the
core optimization criterion of the underlying MAC sched-
uler, while the DRL agent operates at a higher timescale.
This design turns Lyapunov optimization into a configurable
mechanism whose parameters are adapted by DRL over
long windows (~1 second), instead of collapsing Lyapunov
control and DRL into a single slot-level policy (< 1 ms).
Consequently, the DRL agent has the required time to make
decisions, which are tailored to the scheduler and aligned
with specific QoS requirements. Time constraint challenges
are then effectively addressed by enabling the scheduler to
be the responsible of handling the most demanding real-time
decisions. Furthermore, while several works have addressed
the joint optimization of sensing and communications, few
works exploit sensing information to enhance communication
performance. Advances in ISAC technology now provide
high-quality information on user positions, obstacles, and
other relevant context. The application of sensing data to
MAC scheduling in 5G/6G networks, however, remains unex-
plored. By exposing such information to a DRL-based xApp,
our approach introduces a novel mechanism for real-time
resource allocation that jointly leverages network metrics and
sensing insights to improve both QoS and resource efficiency.

lll. BACKGROUND
This section provides the technical foundations to understand

our approach, covering the QoS management in 5G NR and
the fundamentals of the O-RAN architecture.

A. QOS MANAGEMENT WITHIN 5G NR
A major advancement in 5G QoS management is the clearer
and more practical separation of responsibilities between
the Core Network (CN) and the RAN [29]. The User Plan
Function (UPF) enables Service Data Flows (SDFs) to be
mapped onto QoS flows. As a result, the QoS flow represents
the finest level of granularity for QoS differentiation within
the PDU session. All user-plane traffic within a session that
shares the same QoS Flow Identifier (QFI) is grouped under
a single QoS flow profile, which specifies how the traffic
should be handled. This profile is identified by a standardized
5QI [29], which defines its resource type, Guaranteed Bit
Rate (GBR) or Non-GBR, along with other parameters like
priority and delay budget. This allows the RAN to understand
the flow’s requirements without needing complex signaling.
For GBR flows, one key parameter is the GFBR, which
specifies the minimum bit rate that the network guarantees
for a given QoS flow over a defined averaging time window.
This ensures that the QoS flow consistently attains the
required throughput, meeting the performance needs of the
corresponding application or service.
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FIGURE 1. 5G RAN and CN QoS management decoupling through UPF mapping of
SDF onto QoS flows.

QoS flows can be constructed from SDFs using either
a one-to-one or many-to-one mapping, as illustrated in
Figure 1. For example, in XR sessions, the many-to-one
mapping is preferred, combining all application-generated
SDFs into a single flow to maintain uniform QoS. The
Service Data Adaption Protocol (SDAP) manages these flows
and supports both mapping strategies, adapting to the specific
requirements of different services.

B. O-RAN ARCHITECTURE AND XAPPS

The O-RAN architecture, specified by the O-RAN Alliance,
establishes an open, intelligent, and disaggregated paradigm
for cellular networks [30]. As shown in Figure 2, it decom-
poses the traditional RAN into functional entities, such as
the O-RU, O-DU, O-CU-UP, and O-CU-CP, interconnected
through standardized interfaces [1]. This disaggregation facil-
itates fine-grained control and optimization through RIC. The
Near-Real Time RIC, which operates within near-real-time
control loops (10ms to 1s), communicates with the gNB via
the E2 interface and hosts custom logic applications known
as xApps. Conversely, the Non-Real Time RIC supports
non-real-time optimization (greater than 1s) via the Ol
interface [30].

The primary role of the Near-Real-Time RIC (highlighted
in purplish in Figure 2) is to execute control and optimization
tasks at a near-real-time scale. To achieve this, the Near-RT
RIC hosts a set of xApps — lightweight microservices
designed to perform specific, tightly scoped control functions
[31]. These xApps interact directly with the RAN through
standardized interfaces, enabling functionalities such as net-
work slicing, mobility management, interference mitigation,
and retransmission monitoring.

IV. SYSTEM MODEL

This section introduces the proposed architecture and
scheduling solution. First, it outlines the overall O-RAN-
based architecture, and how it is enhanced with ISAC

5027



VILLEGAS et al.: ISAC-ASSISTED DRL FOR DYNAMIC MAC SCHEDULER RECONFIGURATION IN O-RAN

02
Non—RT .
O-Cloud rApp| |rApp| |rApp
(RAN Host)
o1
<> f \
(00 ::3) y1 | Near-RT o1
(00 =23 xApp | [xApp| |xApp
\ y
(ocu L o-cu ) ocu El locul), |
up cp cp
Flc* “ Fl-u || Fl¢* “ Fl-u
Co )| Co)
|
IO-FH o FH
g ) | oo
v
3GPP interface \rﬁ gNy QNB r-\/
» S
O-RAN Alliance

i oo V oo oo
FIGURE 2. O-RAN Architecture with RIC components and standardized interfaces.

capabilities, discussing how sensing data is made available
to the network. Then, it describes the RBIS MAC sched-
uler, outlining its configurable parameters and their role to
keep traffic queues stability, meeting QoS requirements, and
minimizing resource usage. Finally, it introduces the DRL
agent, deployed as an XxApp, which dynamically reconfigures
the scheduler by tuning its parameters, leveraging network
conditions and sensing data.

A. PROPOSED ARCHITECTURE

Figure 3 provides the overview of the proposed architecture.
The scheduler is responsible of the RB allocation among
UEs, considering the RLC queues and the GFBR, by main-
taining the stability of virtual queues (scale of millisecond),
with the additional goal of using resources efficiently. In this
context, RBIS is deployed as an O-RAN xApp, enabling the
reconfiguration of the scheduler in real time (scale of second).

Several metrics are continuously collected from the RAN,
such as the throughput achieved by each UE, the occupancy
of their RLC buffers, and the resource utilization resulting
from previous MAC scheduling decisions. These metrics
provide a real-time view of the network conditions and
the users’ traffic dynamics. The MAC scheduler leverages
this information to make slot-level RB allocation decisions,
aiming to satisfy the QoS requirements defined by the GFBR,
while maintaining fairness among users and an efficient
utilization of radio resources.

Moreover, ISAC features are exploited, enabling dedicated
sensing devices [32] or integrated sensing functions within
the base stations [4] to estimate the position and mobility
patterns of users, as well as detect the presence of obstacles
and environmental blockages that may impact signal propa-
gation. This additional layer of context-awareness enhances
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FIGURE 3. Overview of the proposed 5G O-RAN MAC scheduling architecture.

the scheduler’s situational understanding, allowing it to antic-
ipate variations in channel quality and to proactively adapt
the resource allocation.

The aforementioned RAN information, together with the
sensing data, is transmitted from the RAN to the near-
real-time RIC through the E2 interface. There, it becomes
available to the xApp, where the DRL agent exploits this
multi-source information to dynamically optimize the MAC
scheduler configuration. By continuously learning from both
communication and sensing feedback, the xApp enables the
network to respond to rapid variations in traffic demand,
user mobility, and radio conditions, ultimately improving
throughput, stability, and overall spectral efficiency.

B. DRIFT-PLUS-PENALTY SCHEDULING

In the following we will focus on downlink scheduling, but
a similar approach can be straightforwardly applied to the
uplink. For the remainder of this section, Table 1 provides
a notation summary, where elements are listed in order of
appearance within the paper. Let N represent the set of
Radio Link Control (RLC) queues. A QoS flow is mapped
to a corresponding RLC entity (or queue), which ensures
the QoS parameters are respected. We define I, as the
GFBR value of the n” flow. The Drift-Plus-Penalty (DPP)
scheduler originally proposed in [33] aims to maintain the
stability of the traffic queues, while ensuring the GFBR and
an efficient resource utilization. To achieve this, a decision
regarding the Resource Block (RB) allocation is made by
DPP within a given slot time. The duration of this slot, ¢, and
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TABLE 1. List of formulation notations.

Notation Meaning
N Set of RLC queues
T (t) GFBR value for the nt" flow at time slot ¢
t Time slot in the Lyapunov formulation
A Available resources
Qn(t) Backlog of the nt queue at time slot ¢
an(t) Number of RBs assigned to the nt" flow at time slot ¢
an(t) Incoming traffic at the n*" queue at time slot ¢
bn (t) Outgoing traffic at the n*" queue at time slot ¢
w(t) General random parameters (e.g., Signal to Interference and
Noise Ratio (SINR)) at time slot ¢
Gn(t) Virtual throughput queue for the nt” flow at time slot ¢
Dy (t) Throughput deficit for the nt" flow at time slot ¢
pn(t) Throughput obtained by the n*" flow at time slot ¢
14 Parameter that adjusts the importance of resource efficiency
wQ, Parameter that adjusts the importance of stabilizing the RLC
queue for the nt flow
wa, Parameter that adjusts the importance of stabilizing virtual
throughput queues for the nt flow
T Time step for the DRL agent
T Maximum number of time steps
S Space state
A Action space
S(r) State of the environment at time step 7
A(T) Action taken by the agent at time step T
R(S(7),A(7)) Reward given to the agent for taking action A(7) in state

5(7)
Policy of the agent: probability distribution of choosing
action A(T) given state S(7)

¥ Reward discount rate
G(7) Discounted return at time step
V(m,s) State-value function for policy pi and state s
Q(m,s,a) Action-value function for policy pi, state s, and action a
@] Observation space
Mp MCS used for the n'" flow
A Available Physical Resource Blocks (PRBs)
Qn Average buffer size for the nth flow
Gn Average virtual queue size for the nt flow
Py Channel degradation prediction for the nt" flow
T Weighting factor for throughput in the reward function
B Reward bonus for satisfying the throughput requirement
I{thpu/zl) Indicator function for assessing the fulfillment of the

throughput requirement

the amount of available resources, denoted as A, depend on
the configuration of the system, particularly the numerology
and the bandwidth.

Let Q,(t) denote the backlog of the n* queue at time slot
t, and a,(t) the scheduling decision, i.e. the number of RBs
assigned to the n flow. The traffic arrivals at the n® queue
are represented by a,(f) and, in general, the outgoing traffic
can be defined as b,(t) = f)n(a(t), w(t)), where w(t) holds for
general random parameters, such as the SINR. Consequently,
the dynamics of the traffic queues are described by Eq. 1.

On(r 4 1) = max{Qn(7) — bu(1), 0} 4 an(?) 6]

The average window time, defined by the 5QI, indicates
the time over which the GFBR shall be calculated. The
default value for GBR and Delay-Critical GBR resource types
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is set at 2 seconds for each standardized 5QI value. The
scheduling decisions are made in much shorter time units,
order of milliseconds, and the throughput requirement is
thus defined as a time average objective in DPP. For this
purpose, a virtual throughput queue, G,(f), is defined as
follows: G, (t + 1) = max{G,(¢) + D,(t), 0}. It depends on the
throughput deficit D, (¢) = I';, — p,(?), where p,(¢) corresponds
to the throughput obtained at the current slot, considering the
scheduling decision and the SINR. As described in [33], the
resulting problem can be tackled using the min drift-plus-
penalty algorithm, which boils down to solving Problem 1 at
every slot.

Problem 1:
min vneZNan(n + gwgn Qu(Olan(t) = by(0)]
+w Y Gu(t)Dy(1) )
st Y @) < ’iN Vi 3)
bn,j?rf) < Q.(t) VYneN,Vt 4)

The first term of the objective function in Problem 1, the
penalty, implies the minimization of the allocated resources.
The second and third terms correspond to the so-called drift.
The objective is to keep this drift as small as possible, thereby
reducing the delay and ensuring that throughput requirements
are met, while minimizing the resource usage via the penalty
term. Furthermore, some configurable parameters are intro-
duced. These are: V, which adjusts the importance given to
resource efficiency; and wgp and wg, which do the same for
the goal of stabilizing RLC and virtual throughput queues,
respectively.

The optimal values of these weights depend on the flow
characteristics and the scenario. For instance, in the event of
high traffic rates, the algorithm may prioritize the stabiliza-
tion of RLC queues over GFBR compliance. Consequently,
increasing wg in the objective function could be seen as
a strategy to enhance the performance. On the other hand,
if the system capacity is enough to meet the needs of all
traffic flows, it may be a better policy to adjust the value
of V according to the other weights. This fosters minimum
resource usage, while ensuring GFBR and traffic queue
stability.

Figure 4 illustrates the average throughput achieved by
some UEs sending XR traffic. In particular, the figure shows
the throughput observed by Virtual Reality (VR) and Cloud
Gaming (CG) UEs for various illustrative and static configu-
rations using the DPP scheduler. The specific configuration in
question, i.e. a combination of V, wy and wg, implies a dis-
tinct set of allocations and adjustments that influence resource
distribution, throughput, and latency management. Therefore,
every configuration parameter is designed to prioritize the
optimization of a particular Key Performance Indicator (KPI).
Dashed lines on Figure 4 correspond to throughput targets for
each traffic type, i.e. their GFBR. Besides, channel conditions
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FIGURE 4. Example of throughput performance upon different configurations.

were worsened within the time interval highlighted by the
shaded area (between seconds 40 and 80). Furthermore, red
circles, A, B and C, correspond to some regions where
the behavior of the scheduler is most noticeably affected
by the particular scheduler configuration. We argue that
an appropriate reconfiguration in these regions might help
to mitigate abrupt changes in the performance, caused by
unexpected and random variations in the environment, such
as channel degradation, or changes in user demands, in terms
of either traffic volume or QoS requirements. As an example,
increasing the wg parameter leads to a throughput flattening
in region C, thereby enhancing the overall performance.
Given the considerable number of potential configurations
and the intricacy of their real-time scenario-specific adjust-
ment, the deployment of a DRL agent to smartly configure
the scheduling policy, enabling a more efficient selection
process, would allow the system to autonomously adapt, and
so achieve an optimal performance.

Let £ = {G, Q} denote the set of queue types for each
user, and @(7) the global queue state matrix, where @ﬁ(t)
represents the queue backlog of type k € K for the n-th UE
at time slot ¢ (i.e., @f(t) = G,(1) and @,?(t) = 0,(1)). The
parameters (V, w%, and w?) are positive weights that satisfy
the following bounds. For notational simplicity, we use w to
represent both w® and w?.

0 < Viin S V(1) £ Vipax < 0 )

0 < Wnin £ Wi(1) < Wpax < 0, Vi, t (6)

Consider the weighted quadratic Lyapunov function
LO®) = 13N 3 ok (0Ok@?. Let AL(r) = E[L(r +
1) - L) | G)(t)] denote the conditional Lyapunov drift.

Since the weights (V, wX(t)) are piecewise constant, within
each update interval the one-slot drift satisfies the following
bound for some constant By < oo:

N
ALG) < By + E[ > OG0, - )

n=1

N
+ 2 W20 0UD(an(t) = bu(0) | @(r)] )
n=1
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In each time slot ¢, the scheduler observes the current state
and parameters, and selects an action a(f), which determines
the rates r,(¢) and b, (), to minimize the following expression:

N
> WG (1)1 = ra(1)

n=1

N N
+ 3 0200 @) = ba(0) + VD) D ) (8)
n=1 n=1

Assume the average arrival rates lie strictly inside the

capacity region. Comparing the scheduler’s action to that

of a stationary optimal policy (which exists by the capacity

assumption), and leveraging the lower bound on weights

(Wk(f) > wWmin), We obtain the drift inequality valid for all
¢t within an update interval:

N N
AL(t) + V(E [Z (1) | @(:)} <B-€e) Y 0kn (9

n=1 kelkC

n=1

for constants B,e > 0 that depend on Wy, Wmax and the
capacity slack. The constant B is sufficiently large to absorb
the penalty term V(¢) ZnN:I a,(t), noting that V(f) < Vi <
co. Even when Vi, = 0 is allowed, the algorithm reduces to
the max-weight policy, preserving the negative drift compo-
nent —€)_ ©X (1) necessary for stability.

At the boundaries of these update intervals, the change in
weights w’,;(t) introduces a discontinuity in L(0(¢)). However,
since 0 < Wpin < W) < Wmay < oo, the value of the
Lyapunov function is simply scaled by a finite factor. These
finite jumps occur only when the weights are updated.

Summing over t =0,...,T — 1, dividing by 7T, and letting
T — oo, the contribution of these finite boundary jumps
vanishes (scales as 1/K, where K is the update interval
length, e.g., K = 1000). Consequently, the queues remain
strongly stable and the time-average total queue size satisfies:

. 1 T-1 N .
lim sup - ZO Zl 2 E[@N] < CVinax  (10)

for some constant C < co (i.e., O(Vp) backlog). Moreover,
the time-average throughput satisfies 7, > r}, and the penalty
is within O(1/Vyiy) of the optimum (or the system yields
O(1) backlog if V = 0). These bounds are insensitive to the

initial condition @(0).

C. REINFORCEMENT-BASED INTELLIGENT
SCHEDULING

This section introduces RBIS, as an efficient solution to the
problem depicted in Section I'V-B. First, we briefly introduce
the theoretical framework behind DRL and some of its basic
concepts. We then discuss how it fits within the system
model. Finally, we describe the specifics and technical details
on how RBIS integrates DRL.

The learning process in DRL can be described as a Markov
Decision Process (MDP), a mathematical model that defines
the interactions of a DRL system with a given environment
and how it can be steered towards interactions deemed
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better [34]. An MDP can be structured as a decision-making
algorithm, known as the agent, and an environment that
the agent must interact with. The agent interacts with the
environment by making decisions at discrete time steps:
7 € 0,1,...,7. The environment comprises a state space
S, that defines every possible representation of its status
(i.e., all possible values of all metrics deemed relevant to
the environment), and an action space A, entailing all the
possible decisions the agent can make.

At each time step 7, the agent is given, as input, a certain
state S(1) € S, i.e., a representation of the specific situation
of the environment. Based on this state, the agent takes an
action A(t) € A. This action entails making a decision,
moving the environment to a new state S(r + 1) € S and, as
a result, receiving a reward R(S (1), A(t)) € R. This reward is
the result of a reward function, which evaluates the fitness of
the action for the given state, i.e., how good or bad the action
is, considering the current state: R : S X A — R. The reward
allows the agent to learn, steering its decisions to maximize
the reward obtained over time.

Formally, the goal of the agent is to define a policy
m(A(7)|S (1)) that describes the probability distribution of
choosing the action A(7) given the state S (), maximizing the
total reward. Nonetheless, it is common to use the discounted
reward function for this purpose, which uses a discount rate
parameter (y € [0, 1]) to benefit agents that took good deci-
sions in the past. Formally, the discounted return for a time
step G(7) is defined as G(7) = Z,{T:O(ykR(S (t+k),A(t+k)).
Based on these definitions, DRL also leverages the state-
value function, which defines the expected discounted return
the agent gets by applying the policy 7 from state s onwards.
Formally, the state-value function for state s and policy m
is defined as V(m,s) = E;[G(T)|S(r) = s]. Finally, it is
also necessary to define the action-value function, i.e., the
expected discounted return from applying action a in state
s, and following policy 7 onwards, or formally: Q(x, s,a) =
E:[G(T)|S (1) = s5,A(7) = a]. The objective of DRL is to learn
a policy & that is as close to the optimal one as possible.
DRL can thus be used for two different goals: learning a
policy &, in which case the objective is to approximate the
optimal policy, or learning the function Q(z, s, @), thus trying
to approximate the optimal policy by choosing the actions
that would maximize the learned Q-value.

To adapt the aforementioned problem for DRL, we need
to define how its elements and the underlying system model
map into an MDP. The first aspect to model is the observation
space O, which is a subspace of the state space that defines
the parts of the environment the agent is able to observe.
Formally, O C S, and hence, O(t) € S(r)Vr € [0,7]. In
this specific problem, the agent is allowed to observe the
complete state space, and hence, O = S. The state comprises
the number of RLC queues N = |A| € N that exist in the
scenario, the MCS used for each of the flows M,,, the GFBR
for each flow I',(7), the total number of available PRBs A,
the average buffer size for each flow Q,, the average size of
the virtual queues defined by the DPP scheduler G,, and a
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channel degradation prediction based on sensing information
of UE and obstacle positions P, (as detailed in Section IV-D).
S can thus be formally defined as:

S:{Mi9ri7AisQiaGi5Pi|i:1’°"»N} (11)

The objective of the DRL agent is to adjust the values
of the three weights of the min drift-plus-penalty algorithm,
namely, V, wg, and wg. Hence, an action taken by the agent
represents a set of values given to each of these three weights,
respectively. Formally, the action space A is defined as:

A={V,wp,wg |i=1,....N} (12)

The final element to map from the problem domain to
the MDP is the reward function R(S(7),A(7)). The DRL
agent receives a reward based on the average throughput
and resource efficiency achieved after the min drift-plus-
penalty algorithm is executed with the weights previously
chosen by the DRL agent. The specific reward function
leveraged by the DRL agent combines the average value
of the throughput across all flows with the fraction of free
PRBs. Both rewards have been normalized between 0 and 0.5,
leading to an overall reward between O and 1. Furthermore,
to lead the agent towards desired states and ensure it does
not take defective decisions (e.g., not assigning resources
to maximize free PRBs), the resource efficiency part of
the reward is not considered unless the GFBR is achieved.
Formally, R(S (1), A(7)) is defined as follows:

R(S (1), A(T))

1 On

neN
+[B+(1—T—B)(P-ZQ%ﬁﬁ)}4mmﬁn 13)

where P is a weighting factor controlling the contribution of

the throughput term, and B is a reward bonus that provides

an additional incentive when the throughput requirement is

satisfied. The indicator function 1z, 1) is defined as:
LY armin(1,22

1, if NT(F) =1,

0, otherwise

(14)

LiRypu=1}

Hence, we propose a two-timescale architecture combining
the DPP scheduler with a high-level DRL agent. The DPP
scheduler operates every slot using the current parameters
(V(®),w(t)). The high-level (slow timescale) DRL agent
updates these parameters every K slots (e.g., K = 1000).

The DRL action space is restricted to the compact set
P 2 [Viin, Vinax] X [Wmin, wmax]2N~ Since every (V,w) € P
induces a stabilizing DPP policy with a uniform drift bound
(€ = €nin > 0), the overall policy guarantees global stability
and O(Vp,x) backlog scaling regardless of the DRL agent’s
exploration or specific decisions.

Furthermore, the formulation acts as a fundamental fail-
safe. Although the DRL agent typically allows physical
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queue weights to settle at the lower bound wpi, (as nei-
ther Q,(t) nor delay is explicitly in the reward), strong
stability is inherently preserved.The underlying drift term
Zyzl w20, > Zgzl WminQ,(f) ensures that if phys-
ical backlogs grow significantly, this term dominates the
minimization objective. This forces the scheduler to service
the queues and prevents unbounded growth, fulfilling the
O(Vimax) guarantee regardless of the high-level throughput
optimization goals.

To instantiate this high-level DRL agent, we carefully
considered the characteristics of the underlying hierarchi-
cal scheduling problem and its discrete action space P.
Specifically, we selected two distinct algorithms to drive
the weight-adaptation process: Deep Q-Network (DQN) and
Proximal Policy Optimization (PPO).

DQN was chosen as a highly sample-efficient, Off-Policy
baseline. Because the current environment features sporadic
and rare critical events, such as sudden channel fading caused
by users’ mobility, an algorithm utilizing an Experience
Replay Buffer is theoretically well-suited to store and reuse
these rare transitions, preventing the agent from discarding
crucial states. Conversely, PPO is a well-known On-Policy
actor-critic method. A major concern when applying DRL
to network scheduling is the risk of policy collapse during
training. PPO mitigates this through its clipped surrogate
objective, which theoretically prevents destructively large
policy updates. We selected PPO to test whether this mathe-
matically guaranteed training stability translates into a more
consistent weight-tuning performance within the compact
set P. The specific implementation details for both agents,
including the corresponding neural network architectures,
hyperparameter selection methodology, and all their config-
uration parameters are detailed in Section V, which also
discusses their performance.

D. ISAC-ASSISTED SCHEDULING
The proposed architecture integrates ISAC capabilities
directly into the MAC layer scheduling process. Traditional
reactive schedulers struggle to maintain QoS requirements in
dynamic 5G environments, where user mobility and physical
obstacles frequently cause severe and sudden Line of Sight
(LoS) blockages. To mitigate this, the RBIS framework
leverages sensing data, and specifically, sensing-based loca-
tion information, to provide the scheduler with predictive
environmental awareness.

Within our system model, the ISAC functionality provides
a continuous stream of sensing information regarding the
physical environment. We assume that the exact positions
of static physical obstacles are known a priori, which is a
realistic premise in controlled or well-mapped deployments
such as industrial environments, smart factories, or indoor
warehouses. To abstract this sensing capability into a predic-
tive variable P, for each UE n, the system leverages a sliding
window of the UE’s historical positions to estimate its current
movement trajectory. By projecting this trajectory forward,
the system evaluates whether the UE is heading towards a
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“high-probability blockage zone”: a region where the LoS
signal from the gNB is completely obstructed by a known
obstacle. If the projected path intersects with this shadowed
area, the boolean indicator P, is triggered to true.

The integration of this predictive sensing data fundamen-
tally shifts the weight-adaptation behavior from a reactive
to a proactive paradigm. Without sensing data, the scheduler
increases the priority of a UE (i.e., by increasing wo and/or
wg) and relaxes the global V parameter (to reduce the penalty
on RB consumption) only after observing a backlog buildup
or a delayed MCS update caused by a sudden channel degra-
dation. By that time, attempting to stabilize the rapid growth
of both physical and virtual queues requires a significant
amount of RBs due to the poor channel state. Conversely, by
incorporating P, into the DRL state space, the DRL agent
learns to anticipate impending capacity drops and adjust the
Lyapunov parameters (V, wg,, and wg,) beforehand.

V. EVALUATION

This section discusses simulation results that validates the
proposed scheduling solution, whose performance is com-
pared with that of alternative solutions from the literature.

A. EVALUATION SETUP

The simulations have been performed on a server with an
Intel® Xeon® E3-1241 v3 processor (4 cores, 8 threads)
running at 3.50 GHz, with 32 GB of DDR3 RAM (4 x 8 GB,
1600 MHz), under Ubuntu 20.04.6 LTS.

The evaluation focuses on a single-cell scenario, consistent
with the intra-cell scope of the proposed MAC scheduling
framework. Specifically, it consists of a single gNB and four
UEs, all within the same beam. Simulations of the RAN
are carried out using ns-3 5G-LENA v4.1, a comprehensive
framework that offers accurate and detailed modeling of the
5G NR PHY and MAC layers. The DPP MAC scheduler was
previously integrated within 5G-LENA in [33]. All simulated
UEs generate mixed 3GPP XR traffic, including two UEs
configured with VR services and two with CG traffic. XR
traffic is selected due to its stringent QoS requirements,
and the two distinct traffic types capture variability in net-
work behavior. The VR traffic comprises high-bandwidth
and low-latency video streams for immersive virtual environ-
ments, characterized by high resolution and stringent delay
requirements. Meanwhile, the CG traffic models workloads
involving computation offloading to a remote server, where
low-latency and reliable connectivity between the UE and
cloud are critical. Both traffic types exhibit different statistical
characteristics, including packet sizes, inter-arrival times,
and burstiness, creating challenging demands on the RAN.
Table 2 summarizes the main characteristics of the configured
XR traffic. Moreover, Table 3 summarizes the configuration
parameters of the considered scenario. Extending the evalu-
ation to larger scenarios is left as future work, as discussed
in Section VI.

The objective is to satisfy the specific QoS requirements
of each XR UE, while minimizing the consumption of
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TABLE 2. Configuration of the XR traffic.

Virtual Reality traffic

Cloud Gaming traffic

#Applications (UEs) 2 #Applications (UEs) 2
Number of flows Number of flows 1
5QI value 87 5QI value 3

Average rate offered
FPS 60

10 Mbps

Average rate offered
FPS 60

10 Mbps

Guaranteed Bit Rate 2 Mbps Guaranteed Bit Rate 4 Mbps

TABLE 3. Configuration of the evaluation setup.

Parameter Value

Numerology (1) 0

Carrier frequency 6 GHz

Bandwidth 20 MHz

gNB Tx power 41 dBm

UE Tx power 23 dBm

gNB antenna height 25 m

UE antenna height 1.5 m

¢gNB antenna array 1 TXRU: 4 x 8 (3GPP elements)

gNB antenna element gain 8 dBi

UE antenna array 1 TXRU: 1 x 1 (isotropic element)

UE antenna element gain 0 dBi

gNB noise figure 5 dB

UE noise figure 7 dB

Building width 2 m

Building length 2 m

Building height 10 m

Noise power spectral density —174 dBm/Hz

Propagation model 3GPP

Duplexing mode TDD

TDD pattern DDDDDDU

PDCP discarding timer
Mobility pattern

5 ms for 5QI = 87, 50 ms for 5QI = 3
RandomWalk2dMobilityModel

radio resources to promote an efficient use of the avail-
able spectrum. To this end, the MAC scheduler handles
the RB allocation, while an xApp is deployed to further
enhance the scheduling process. Specifically, a DRL agent
is trained online at the xApp to optimize the MAC scheduler
performance by tuning its configurable parameters. These
parameters control the relative weighting of three key objec-
tives: stabilizing traffic queues, meeting QoS requirements
and minimizing RB usage. The agent periodically receives
configuration requests for the scheduler, while continuously
learning and refining its policy to meet the stringent QoS
demands of XR services and maximize spectral efficiency. In
particular, a constant period of 1 second of simulated time is
considered for the weights updates.

Communication between the emulated RAN (5G-LENA)
and the xApp is performed via a REST API that emulates a
real RIC interface. This design not only enables online train-
ing of the DRL agent with real-time feedback from the RAN,
but also decouples the xApp from the network infrastructure,
allowing seamless experimentation in simulators as well as
deployment in operational testbeds.
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TABLE 4. Key hyperparameters for DRL algorithms.

Hyperparameter PPO DQN
Network Architecture

Policy Network (pi) [64, 64] [64, 64]
Value Network (vf) [64, 64] N/A
Activation Function Tanh ReLU
Common Parameters

Learning Rate 3x 1074 1x1074
Discount Factor () 0.99 0.99
Batch Size 128 64
PPO Specific

Number of Steps (nsteps) 1280 N/A
Number of Epochs 20 N/A
Clip Range 0.2 N/A
GAE Parameter (\) 0.95 N/A
Entropy Coefficient 0.01 N/A
Value Function Coef. 0.5 N/A
Max Gradient Norm 0.5 N/A
DQN Specific

Replay Buffer Size N/A 50,000
Learning Starts N/A 1,000
Target Update Interval N/A 1,000 steps
Train Frequency N/A 4 steps
Exploration (€) N/A 1.0 — 0.02
Exploration Fraction N/A 0.1 (10%)

The DRL agents were implemented using the Stable-
Baselines3 library? operating within a custom Gymnasium
environment. For the DQN agent, we utilized the default
MlpPolicy, which consists of two fully connected hidden
layers with 64 neurons each and ReLU activation functions.
For the PPO agent, the neural network architecture was
explicitly defined with decoupled actor (policy) and critic
(value) networks. Both the policy (pi) and value (vf) branches
consist of two hidden layers with 64 neurons each, utilizing
the Tanh activation function.

The hyperparameter selection methodology is based on
empirical tuning. We initialized the parameters using the
established robust default values provided by the Stable-
Baselines3 framework, which offers reliable implementations
of widely used DRL algorithms [35]. Subsequently, we
conducted preliminary experiments to manually fine-tune
critical parameters, such as the learning rate, batch size,
and exploration fractions, adapting them to the specific
time scales and state-space dynamics of our hierarchical
scheduling environment. The final values, which ensured
stable convergence without excessive policy oscillations, are
summarized in Table 4.

To evaluate the ISAC-assisted scheduling framework, the
simulation environment incorporates dynamic UE mobility,
using the RandomWalk2dMobilityModel and fixed physical

thtps://github.com/DLR—RM/stable—baselines3
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FIGURE 5. Latency overhead in the scheduler reconfiguration process.

obstacles, exploiting the ns-3 buildings module, which are
capable of causing LoS blockages that severely degrade
channel quality. While the simulator inherently tracks the
exact instantaneous coordinates of all nodes, our framework
abstracts this precise positioning information into a predic-
tive boolean indicator, P,, which flags whether a UE is
projected to enter a high-probability blockage zone, based
on its recent trajectory. Because the UEs follow stochastic
mobility patterns with random changes in direction, these
trajectory-based predictions are naturally imperfect. They
inherently contain estimation errors, including false positives
and missed detections.

Consequently, the DRL agent does not train on perfect
environmental knowledge, but rather on noisy, imperfect
forecasts. This forces the agent to learn a robust policy
capable of extracting meaningful scheduling gains despite
unreliable sensing cues. While this binary representation is a
simplified abstraction, it effectively captures the stochastic
uncertainty necessary to validate the ISAC integration at
the MAC layer. Future evaluations in operational testbeds
will further expose the system to raw hardware measurement
noise.

B. OPERATIONAL VALIDATION

Figure 5 depicts the time required by RBIS to take a decision,
i.e., for the DRL agent to take a step. It is critical to be
as quick as possible, as this allows RBIS to react to the
status of the RAN and adjust the MAC scheduling within a
sensible time interval. The analysis considers the decision-
making times of RBIS both during and after training, as
well as the request and response times between the emulated
xApp and the RAN, where the former provides the state
metrics and receives the scheduler configuration in return.
The delay in each case is represented using boxplots, where
the lower and upper edges of each box correspond to the 25th
and 75th percentiles, respectively. The whiskers extend up
to 1.5 times the Inter Quartile Range (IQR), approximately
covering the range between the 2nd and 98th percentiles.
Filled circles within each boxplot denote the average time.
As can be seen, the average latency to obtain the requested
action stays in all tests below 5 ms, even in the worst case
(PPO in the training phase), which is a reasonable behavior,
considering that reconfigurations occur on a time scale of
seconds.
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FIGURE 6. Comparison of the reward obtained over time.

TABLE 5. Reward statistics.

Agent Trained Sensing | Mean Median STD Min - Max
Rand - - 0.38 0.20 024 0.10 - 0.92
PPO - v 0.69 0.71 0.07 0.18-0.73
PPO v v 0.70 0.71 0.03 0.56 - 0.73
DQN - - 0.71 0.75 0.13  0.14-091
DQN v - 0.70 0.75 0.12  0.19-091
DQN - v 0.81 0.78 0.12  0.14 - 091
DQN v v 0.82 0.90 0.09 0.70 - 091

Figure 6 compares the reward over time obtained with
three agents: DQN, PPO, and a random tuning baseline,
where the values of V, w,, and w, are randomly selected.
For DQN, both state configurations, with and without sensing
data are included. In contrast, for PPO, only the configuration
using sensing information is shown, as the differences were
negligible. For clarity, the plotted data correspond to a
moving average computed every 100 steps.

As can be seen, all agents converge after approximately
10,000 steps. During the initial training phase, RBIS is not
yet ready for decision-making, making early comparisons
with other methods, such as reward evaluation, unfair. How-
ever, once fully trained, RBIS can be effectively compared
to random-based tuning. The random-based agent achieves
rewards with an average of 0.37, a median of 0.20, and
a standard deviation of 0.24. Note that the average reward
remains below 0.5, with 7 = 0.2 and B = 0.3, indicating
that the GFBR requirement is not consistently satisfied, as
described in Section IV-C. It is worth noting that a reward
below 0.5 (T + B) evinces that the GFBR is not satisfied.
In contrast, RBIS achieves a narrower reward range, with
an average reward of 0.81 for DQN with sensing, and
0.71 and 0.69 for DQN without sensing and PPO with
sensing, respectively. RBIS using DQN with sensing also
shows a median reward of 0.78 and strong stability, with
a standard deviation of 0.12. All these statistics are reported
in Table 5, which also includes results for the trained models,
representing the agents’ best learned policies. For the training
agents, the statistics are computed after convergence. As
observed, higher rewards are achieved with the pretrained
models, which skip the exploration phase and therefore
exhibit more stable and consistent performance. However,
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lower minimum rewards, 0.19, are obtained by the trained
DQN without sensing data, which can be attributed to the
lack of environmental awareness, which prevents the agent
from anticipating throughput drops when a UE temporarily
moves behind an obstacle.

The results highlight a significant performance disparity
between DQN and PPO, and particularly between Off-
Policy and On-Policy learning paradigms. This difference
is attributable to their fundamentally distinct approaches to
leveraging past experiences to learn, which is a critical
factor in an environment with a vast and diverse state space,
where brief events, such as channel degradations caused by
environmental obstacles, may occur too infrequently to be
effectively learned by On-Policy methods.

The PPO agent, representative of On-Policy learning,
shows a premature convergence to a safe, suboptimal pol-
icy. This behavior is characteristic of algorithms that learn
exclusively from data generated by the current policy. In
an environment with a wide array of possible state con-
figurations, many of which represent common or simple
scenarios, the agent quickly learns a competent baseline
strategy. However, rare but critical experiences, such as
discovering a high-reward opportunity may exist. Once the
policy is updated, this valuable data is discarded. The
agent’s policy, now dominated by the more frequently
encountered “safe” states, is unlikely to deliberately recreate
the conditions for these low-frequency, high-reward scenar-
ios. Consequently, the agent struggles to assign sufficient
importance to these critical events and fails to escape the
suboptimal strategy. Indeed, even after extensive hyperparam-
eter tuning aimed at enforcing exploration (via the entropy
coefficient) and amplifying the learning signal (by increas-
ing the training epochs per data batch), the agent’s ability
to escape the suboptimal strategy remained significantly
limited.

In contrast, the Off-Policy DQN agent demonstrates
markedly superior sample efficiency, enabling it to discover
the globally optimal policy. Its advantage stems from the use
of an Experience Replay Buffer, which stores a rich history of
transitions from all regions of the state space it had previously
explored. When a rare event occurs, this critical transition
is not discarded, but is stored at the buffer. By repeatedly
sampling this experience during subsequent training steps, the
DQN agent effectively amplifies the learning signal of these
infrequent but crucial events. This allows it to learn their true
value, even if its current policy would not visit them often.
This decoupling of experience collection from the learning
update makes Off-Policy methods inherently more robust and
efficient for this particular scenario.

C. EVALUATION RESULTS

Initial results correspond to a synthetic scenario where chan-
nel conditions degrade in a controlled manner whenever a UE
becomes obstructed by an obstacle. In this case, the sensing
information that anticipates channel degradation is assumed
to be perfectly reliable.
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FIGURE 8. Comparison of the average number of RBs allocated to each UE.

Figures 7 and 8 illustrate the achieved throughput and
resource usage, respectively. Both metrics are represented
using boxplots, with circles indicating the mean values. Each
boxplot corresponds to a single UE, and each color represents
a different scheduler: PF, QoS-aware [10], or the DPP sched-
uler enhanced with 1-second dynamic reconfiguration via the
xApp. The figures compare results obtained for the four UEs,
showing the average values over the temporal window in
which a new configuration is applied, i.e., every 1 second.
For DPP, the figures depict results for its two variants: one
that utilizes sensing data and one that operates without it.

As shown in Figure 7, all schedulers meet the minimum
throughput requirement (GFBR), which is 2 Mbps for VR
UEs and 4 Mbps for CG UEs. The difference lies in the DPP
scheduler, which achieves lower throughput while carefully
ensuring that the GFBR is satisfied. This controlled reduction
in throughput allows a significant reduction in resource usage,
as illustrated in Figure 8.

The reduction in RB usage is more clearly illustrated in
Figure 9, which depicts the average number of RBs allocated
per slot by each scheduler. The RBIS requires up to 36.61%
fewer RBs compared to the other solutions in the current
scenario, while simultaneously ensuring that the throughput
requirements specified by the QoS profiles of each traffic
flow are fully met. Notably, this significant RB reduction is
observed even when the scheduler operates without sensing
information to predict channel degradations.

To further evaluate the schedulers under more realistic
conditions, a second set of results is presented. This scenario
employs the 3GPP propagation model together with the
ns-3 buildings module to simulate obstacle-induced signal
attenuation and blockage effects. Furthermore, the Ran-
domWalk2dMobilityModel is used to mimic UEs’ mobility,
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FIGURE 11. MCS per UE under 3GPP channel and random mobility models over
time.

which, combined with the environmental obstacles, creates
a highly dynamic and challenging radio environment, as
illustrated by the SINR map in Figure 10. In the figure, the
effect of the three obstacles is evident, and the random paths
of the 4 UEs are overlaid to show their movement through
these varying channel conditions. To further emphasize the
temporal impact of the channel, Figure 11 shows the evolu-
tion of the MCS for each UE throughout the simulation.

In this setup, the evolution of the channel is fully stochastic
and beyond control. The sensing data is used to predict the
future UE trajectory based on its historical positions, which,
as expected, introduces inaccuracies due to the random nature
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FIGURE 14. Average number of RBs allocated per slot and unsatisfied GFBR rate
under 3GPP channel and random mobility models.

of the mobility model. This configuration allows assessing the
scheduler’s performance in a realistic and highly dynamic
environment.

Similarly to the previous results, Figures 12 and 13 show
the average throughput and RBs allocation, respectively.
As expected, RBIS is the only scheduler that attempts to
increase resource efficiency. Unfortunately, inaccuracies in
the predicted trajectories of the UEs occasionally lead to
temporary violations of the GFBR.

Finally, Figure 14 illustrates the achieved resource effi-
ciency, which in this case is influenced by errors in UE
mobility prediction and the inherent variability of the chan-
nel model. While the previous, more controlled scenario
(Figure 9) showed an RB-per-slot reduction of nearly 37%,
a significant 29.29% reduction is observed under these more
realistic conditions. In contrast, the XApp operating without
sensing data, unaffected by the random mobility model
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(as it does not perform mobility predictions), maintains a
similar level of RB reduction, as expected. Additionally, a
static-tuning DPP baseline is included in this scenario to
highlight the impact of DRL-based dynamic reconfigurations.
Specifically, two static configurations are evaluated: one that
prioritizes queue stability while relaxing resource efficiency,
and another that maximizes resource reduction at the expense
of stability. Furthermore, Figure 14 includes a second set of
lightly colored bars depicting the unsatisfied GFBR (i.e., the
percentage of times the 1-second average throughput falls
below the GFBR). As expected, the more “aggressive” DPP
configuration achieves the highest reduction in RB usage;
however, this comes at the expense of a 26.93% of unsatis-
fied GFBR. The remaining approaches satisfy the GFBR in
almost all circumstances, with the exception of RBIS with
sensing, which exhibits an unsatisfied GFBR rate of 6.49%.
This occurs because the sensing-assisted DRL agent learns
to risk more aggressive resource reductions, occasionally
making suboptimal decisions when sensing mismatches mask
true channel degradations.

VI. FUTURE EXPERIMENTAL VALIDATION

To bridge the gap between simulation and practical deploy-
ment, our immediate future work focuses on evaluating the
RBIS framework within a real-world O-RAN testbed. To this
end, we plan to integrate the DPP MAC scheduler imple-
mented in OAI and the DRL xApp deployed via FlexRIC
with a mmWave ISAC hardware platform [32].

This hardware platform is built upon a mmWave Software-
Defined Radio (SDR) architecture, featuring an AMD
ZCUI111 evaluation board and dual phased-array antennas
for precise beam steering. It is capable of bidirectional data
transmission at rates up to 5.8 Gbps, alongside monostatic
radar detection that provides a range resolution of 6.7 cm.
Operating at a sensing rate of 100 Hz, the subsystem captures
channel estimations across 63 angular beams and 1024 sub-
carriers. Through an inverse Fast Fourier Transform, these
raw measurements are continuously processed into high-
fidelity environmental heatmaps, represented as 63 x 128
matrices mapping angle and range.

In our upcoming experimental phase, this raw, high-
dimensional sensing data will enhance the results obtained
from our current simulation setup. Processing these real-
world environmental heatmaps directly at the Near-RT RIC
will definitively validate the framework’s capability to learn
and execute robust scheduling policies despite the inherent
imperfections and hardware noise characteristic of physical
ISAC systems.

VIl. CONCLUSION

In this paper we have presented RBIS, which promotes the
use of DRL for real-time 5G MAC scheduler reconfiguration.
The proposed approach leverages the strengths of DRL and
ISAC-provided sensing data to adaptively adjust the behavior
of a MAC scheduler to optimize resource allocation between
users with a wide variety of QoS requirements.
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To assess the feasibility of our proposed solution, we have
conducted experiments in a 5G cell populated with XR UEs,
using a multi-objective Lyapunov-based MAC scheduler to
manage available resources. The simulation results evince the
robustness of our proposal, which consistently finds optimal
configurations for the MAC scheduler. Furthermore, RBIS
mitigates the risk of scheduler malfunction due to suboptimal
configurations, which can arise from channel variability or
the distinct user demands. Potential errors in the predictions
derived from the sensing information, resulting from more
realistic channel propagation and mobility models, were also
considered, showing that the scheduler remains robust even
under these situations. In addition, we have also studied the
overhead imposed by the DRL agent, and we have seen that
it is kept at reasonable levels, thus ensuring the applicability
of the scheduling policy.

In our upcoming work, we plan to extend the evaluation
using more complex network scenarios. Furthermore, we
intend to further explore enhancements in the reward function
to balance additional network objectives, such as delay,
by primarily tuning the weight wp to keep queuing time
below a specific target. Furthermore, we also aim to deploy
RBIS in real-world testbeds, integrating the xApp within
operational O-RAN environments using SDRs. A primary
objective of this transition will be to evaluate the robust-
ness and adaptability of the DRL agent when exposed to
raw measurement noise, radar clutter, and hardware-specific
estimation errors inherent to physical sensing equipment.
Additionally, we plan to thoroughly analyze scalability, as
both the observation and action spaces grow linearly with
the number of active data flows (O(N)). This experimental
deployment will enable us to fully assess the performance
of the DRL-based MAC scheduler under realistic conditions,
including actual network dynamics, hardware constraints, and
end-to-end latency considerations, thereby bridging the gap
between simulation and practical deployment.
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