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Abstract—The transition toward Al-native 6G networks
requires intelligent, adaptive, and reliable control mechanisms
capable of handling highly dynamic and heterogeneous envi-
ronments. In this context, reinforcement learning has emerged
as a promising approach for optimizing network performance.
However, existing works often focus on algorithmic design while
overlooking critical aspects such as experimental rigor, reward
formulation, and reproducibility, which can significantly impact
the validity of the results. This paper proposes a Digital Twin-
based Deep Reinforcement Learning framework for adaptive
scheduling in 5G networks, where the twin is implemented as
a simulation-driven proxy. Within this framework, a Deep Q-
Network agent dynamically selects transmission interval con-
figurations to jointly optimize key Quality of Service metrics. A
key contribution of this work lies in the systematic identification
and correction of critical experimental issues, including reward
degeneracy and hidden coupling between control variables,
which are often neglected in RL-based networking studies.
To ensure robustness, the proposed approach incorporates
multi-seed statistical evaluation, providing reproducible and
reliable performance assessment. Experimental results demon-
strate that the proposed DRL agent consistently converges
toward the optimal scheduling configuration and achieves stable
performance across multiple runs, outperforming a tabular Q-
learning baseline.
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I. INTRODUCTION

The evolution toward Al-native 6G networks introduces
major challenges in managing heterogeneous services with
conflicting Quality of Service requirements. Traditional op-
timization methods struggle to maintain performance under
highly dynamic and multi-objective conditions [1].

Digital Twin has emerged as a key enabler for autonomous
network management, providing a real-time virtual represen-
tation of the physical system and enabling closed-loop con-
trol through continuous observation and adaptation. Within
this paradigm, Deep Reinforcement Learning offers an effec-
tive approach for learning optimal control policies directly
from interaction with complex environments. Prior works
have demonstrated the benefits of DRL for scheduling and
resource allocation in wireless systems, improving through-
put-latency trade-offs and adapting to dynamic conditions

(2], [3], [4].

Rachid Zagrouba
LIMTIC Laboratory
University of Tunis El Manar
Ariana, Tunisia
rachid.zagrouba@isi.utm.tn

Ezzeddine Zagrouba
LIMTIC Laboratory
University of Tunis El Manar
Ariana, Tunisia
ezzedine.zagrouba@isi.utm.tn

However, despite these advances, a critical gap remains.
Most existing studies focus on algorithmic performance
while overlooking experimental rigor. Issues such as reward
mis-specification, hidden coupling between variables, and
lack of statistical validation can lead to unreliable conclu-
sions, particularly in simulation-based environments [5].

To address this limitation, we propose a Digital Twin-
based abstraction-driven closed-loop DRL framework for
adaptive scheduling in 5G/6G networks. The proposed ap-
proach enforces strict control over the experimental pipeline,
including proper isolation of variables, a balanced QoS-
aware reward formulation, and multi-seed evaluation. A Q-
learning baseline and a Deep Q-Network are implemented
within the closed-loop control framework, demonstrating
stable convergence and improved performance compared to
static baselines.

The main contributions of this paper are summarized as
follows:

e« We propose a Digital Twin-based closed-loop DRL
framework for adaptive scheduling in 5G/6G networks,
where the twin is implemented as a simulation-driven
proxy.

o We design a reproducible experimental pipeline with
controlled environment settings and multi-seed statisti-
cal validation.

e We introduce a QoS-aware reward formulation that
ensures stable learning and avoids degenerate behavior.

o We provide a comprehensive evaluation demonstrating
convergence, robustness, and improved performance
over tabular baselines.

Overall, this work demonstrates that the success of DRL
in wireless networks depends not only on the learning
algorithm, but also on the reliability of the experimental
framework. By integrating DRL within a Digital Twin-based
closed-loop control framework, where the twin is imple-
mented as a simulation-driven proxy, the proposed approach
provides both a methodological contribution and a proof-of-
concept for adaptive scheduling in Al-native 6G systems.

The remainder of this paper is organized as follows. Sec-
tion II reviews related works. Section III presents the System
Model. Section IV introduces the Proposed Digital Twin-
Based closed-loop DRL Architecture. Section V discusses
the Results, followed by a Conclusion and Future Work.



TABLE I

COMPARISON OF EXISTING WORKS AND THE PROPOSED DIGITAL TWIN-BASED CLOSED-LOOP DRL FRAMEWORK

Study Year Digital Twin DRL QoS Metrics Closed-loop Statistical Vali-
dation

Ogenyi et al. [6] 2025 Conceptual No General No No

Huang et al. [7] 2025 Yes Partial General Partial No
(Architectural)

Kim et al. [9]; Benmadani | 2025 No Yes Throughput / Delay Yes Limited

et al. [10]

Tong et al. [12] 2025 No Yes QoS-aware Yes Limited

Lahza et al. [11] 2026 Yes Yes General Yes No

Tang et al. [13] 2025 Yes (proxy) Yes General Yes No

Cheng et al. [14] 2024 Yes Yes General Partial No

Sha et al. [15] 2026 Yes Yes Delay/Energy Yes Limited

Proposed Work 2026 Digital Twin | Yes (DQN) Throughput, Delay, | Yes Multi-seed +
proxy Jitter, Loss CI95

II. RELATED WORKS

Recent research in intelligent wireless networking con-
verges toward three main directions: Al-native 6G archi-
tectures, Digital Twin -enabled management, and deep re-
inforcement learning for scheduling. While each has been
extensively studied, their integration—especially under rig-
orous experimental validation—remains limited. This section
reviews these directions and positions our contribution.
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2)

3)

Al-native 6G and Intelligent Network Control
The transition to 6G is increasingly characterized by
Al-native design, where intelligence becomes an in-
trinsic component of network operation rather than
an external optimization tool. Recent studies high-
light the need for autonomous, context-aware, and
self-optimizing control loops to handle heterogeneous
service demands. In this context, Ogenyi et al. [6]
emphasize that adaptive decision-making and edge
intelligence will be central to 6G systems.

Digital Twin for Network Management Digital Twin
technology is emerging as a key enabler for 6G net-
work control. Beyond visualization, DT is increasingly
viewed as an active control layer supporting monitor-
ing, prediction, and decision-making. Huang et al. [7]
propose a DT-based self-evolving 6G framework with
multi-scale prediction and strategy generation. Simi-
larly, recent works highlight DT as a core environment
for Al-driven optimization, where network states are
mirrored and analyzed before applying control actions,
Sengendo et al. [8]. Recent works of Cheng et al.
[14] have also explored the use of Digital Twin to
enhance reinforcement learning-based network control.
DT-assisted learning frameworks improve convergence
and enable safer exploration in dynamic network en-
vironments.

DRL for Scheduling and Resource Allocation DRL
has shown strong potential for sequential decision-
making in wireless systems. Prior work demonstrates
its effectiveness in joint scheduling and resource allo-
cation under dynamic conditions, improving through-

4)

5)

put and interference management, Kim et al. [9]. Other
studies focus on delay-sensitive scenarios, showing
that DRL can outperform static heuristics in balancing
throughput-latency trade-offs, Benmadani et al. [10].
Sha et al. [15] demonstrate the effectiveness of DRL
for scheduling in complex systems, where advanced
models capture spatiotemporal dependencies and opti-
mize delay-sensitive performance.

Convergence of Digital Twin and Reinforcement
Learning Recent work explores the integration of
DT and RL, highlighting its potential for structured
and stable learning. DT-driven learning environments
have been shown to enhance optimization processes
in communication systems, particularly for admission
control and dynamic resource management, Lahza et
al. [11]. Additionally, studies on continual RL for DT
synchronization demonstrate the relevance of learning-
based control for maintaining consistency between
physical and virtual systems under dynamic conditions,
Tong et al.[12]. Recent advances further highlight the
integration of Digital Twin and reinforcement learning
for dynamic scheduling. For instance, Tang et al. [13]
proposed a Digital Twin-driven reinforcement learning
framework that improves scheduling efficiency under
uncertainty through adaptive decision-making.
Positioning of the Present Work This work differs
from existing studies in three key aspects. First, it
integrates DT and DRL into a unified closed-loop
scheduling framework, where the simulation-driven
abstraction serves as an operational state abstraction
rather than a passive model. Second, it explicitly
addresses experimental validity by identifying and cor-
recting issues such as reward mis-specification and ac-
tion—scenario coupling. Third, it incorporates dataset-
aligned validation and multi-seed statistical evaluation,
which remain uncommon in current literature. Over-
all, this paper not only demonstrates the effective-
ness of DRL for scheduling but also shows how a
Digital Twin-based architecture, implemented through



a simulation-driven proxy, enables more structured,
reproducible, and reliable learning-based network con-
trol.

As shown in Table I, existing works either focus on Digital
Twin architectures without rigorous learning validation, or
on DRL-based scheduling without considering structured
twin-based control. Moreover, statistical validation is often
missing. In contrast, the proposed framework integrates DRL
within a Simulation-driven closed-loop framework archi-
tecture while ensuring reproducibility through multi-seed
evaluation and confidence interval analysis.

ITII. SYSTEM MODEL
A. Physical Network Representation

We consider a single-cell 5G network modeled using
Simu5G as a high-fidelity emulator. The system consists of
a gNB serving multiple UEs generating UDP video traffic,
which is sensitive to throughput, delay, and packet loss. In
our setup, ten UEs operate over a 20-second horizon. To en-
sure meaningful decision-making, network observations are
aggregated over fixed 4-second windows, balancing respon-
siveness and statistical stability. The primary control variable
is the application-layer transmission interval (sendInterval),
which directly influences traffic load and QoS. Smaller
intervals increase throughput but risk congestion, while larger
intervals reduce load at the cost of underutilization.

B. Digital Twin Abstraction

The system is interpreted within a Digital Twin abstrac-
tion, where Simu5G acts as a virtual replica of the network.
The Digital Twin, implemented as a simulation-driven proxy,
performs three main functions:

o State Mirroring: the twin continuously reflects the
current state of the network based on observed QoS
metrics.

o State Aggregation: raw measurements are processed
and aggregated over time windows to produce a com-
pact and stable state representation.

« State Exposure: the resulting state is provided to the
decision engine for policy optimization.

At each decision step ¢, the DT maintains the state:

St = [dtajtaTtaEt] (1)

where d;, j;, 7, and {; denote delay, jitter, throughput,
and packet loss, respectively. This representation captures
QoS trade-offs essential for scheduling.

The DT operates in a closed observation loop, continu-
ously updating the state based on system evolution, enabling
adaptive control.

C. Control Interface and Action Space

The decision engine interacts with the network through a
discrete action space:

A = {10,15,20,30,40} ms )

Each action defines a transmission interval configuration.
This discrete design simplifies learning while preserving
interpretability and practical relevance.

D. Closed-Loop Interaction

The system operates as a feedback loop:
Observe — Mirror — Decide — Act — Observe (3)

This formulation transforms scheduling into a sequential
decision-making process, enabling continuous adaptation to
network dynamics.

E. Modeling Assumptions

The simplified single-cell setup is intentionally designed
to isolate the impact of scheduling decisions and avoid
confounding effects. This controlled environment enables
clear causal analysis between actions and QoS outcomes.
However, future extensions will consider multi-cell interfer-
ence, mobility, and heterogeneous traffic.

IV. PROPOSED DIGITAL TWIN-BASED CLOSED-LOOP
DRL ARCHITECTURE

The proposed framework is designed as a Digital Twin-
based closed-loop control framework where observation,
state abstraction, learning, and actuation are integrated into
a unified pipeline. Unlike conventional approaches, the ar-
chitecture explicitly separates representation, decision, and
execution, ensuring interpretability, reproducibility, and scal-
ability. At a high level, the system operates as a con-
tinuous perception—decision—action loop, where the Digital
Twin proxy maintains a synchronized representation of the
network, and the DRL agent optimizes scheduling decisions
based on this abstraction.

A. Data Acquisition and State Construction

The acquisition layer transforms raw network mea-
surements into a stable state representation. QoS metrics
(throughput, delay, jitter, packet loss) are aggregated over
time windows to reduce stochastic variability while preserv-
ing system dynamics. This mapping ensures a consistent and
reproducible state space for learning.

B. Digital Twin Core

The Digital Twin maintains a virtual representation of the
network state:
st = [dt, ji, ¢, U] 4)

Beyond state mirroring, the DT ensures temporal continu-
ity and provides an abstraction interface between the physical
system and the DRL agent. In this work, the DT is im-
plemented as a simulation-driven proxy, enabling controlled
experimentation while preserving architectural validity.

C. DRL Decision Engine

The discrete action space is intentionally chosen to ensure
interpretability and stable learning. While continuous control
(e.g., via PPO or SAC) could enable finer optimization, this
work focuses on validating the learning framework before
extending to higher-dimensional control. The DRL agent
learns a control policy based on the DT state, approximating:

Q(s1,a;0) (&)



with actions selected as:

a; = argmax Q(st, a; 6) (6)
The action space remains discrete and interpretable:
A = {10, 15, 20, 30,40} ms @)
The reward function balances QoS metrics:
R; =0.000017 —10d; —5j; — 24 (8)

All QoS metrics are normalized prior to reward computation
to ensure comparable scales and stable learning behavior. The
selected weights reflect latency-sensitive traffic requirements,
prioritizing delay and jitter over throughput. We empirically
verified that the learned policy remains stable under reason-
able variations of these weights, indicating robustness of the
reward formulation.

D. Closed-Loop Control
The system operates as a feedback loop:

Network — Observation — DT — DRL — Action — Network

€))

This transforms scheduling into a sequential decision

process, capturing the dynamic behavior of wireless systems.

Empirically, the system converges toward stable policies,
prioritizing low-delay configurations.

E. Implications for Al-native 6G

The proposed architecture reflects a shift toward Al-native
network design, where the Digital Twin provides structured
system representation and DRL enables adaptive control.
This separation enhances interoperability, reproducibility,
and scalability, and can be extended with advanced capa-
bilities such as prediction or multi-agent coordination.

Overall, the framework demonstrates how a Digital Twin-
based closed-loop DRL architecture can enable structured
and reliable optimization in next-generation wireless net-
works.

V. RESULTS AND DISCUSSION
A. Performance Comparison

We evaluate the proposed DRL-based scheduling approach
against static configurations and a tabular Q-learning baseline
under the same simulation conditions. Static configurations
correspond to fixed transmission intervals (10 ms, 15 ms,
20 ms, 30 ms, and 40 ms), while Q-learning operates on a
discretized state space.

Fig. 1 presents the performance comparison in terms of
mean reward with 95% confidence intervals. The proposed
DQN achieves a mean reward of 6.724, outperforming Q-
learning (5.44) and approaching the best static configuration
(10 ms = 8.17). While the static 10 ms configuration pro-
vides an upper performance bound, it lacks adaptability to
varying network conditions. In contrast, the proposed DQN
dynamically adjusts its decisions, enabling a better trade-off
between performance and flexibility. The performance gap
between DQN and Q-learning highlights the advantage of
deep function approximation in capturing complex relation-
ships between QoS metrics and scheduling decisions.

Performance Comparison with Confidence Intervals
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Fig. 1.  Performance comparison of the proposed DQN approach and
baselines with 95% confidence intervals.
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Fig. 2. Learning curve of the DQN agent based on real training data.

B. Learning Convergence and Statistical Validation

To evaluate the stability and convergence of the learning
process, we analyze both the evolution of the reward during
training and the variability across multiple independent runs.

Fig. 2 shows the evolution of the reward over training
episodes. The learning curve demonstrates rapid stabilization
and low variance, indicating that the DQN agent converges
toward a consistent policy without oscillatory behavior. This
confirms that the reward formulation provides a stable learn-
ing signal and avoids divergence.

To further assess robustness, a multi-seed evaluation is
conducted using three independent runs. The results are sum-
marized in Table II and illustrated in Fig. 3. The proposed
DQN achieves a mean reward of 6.724 with a standard
deviation of 0.099 and a 95% confidence interval of 0.112,
indicating low variability across runs. This confirms that
the learned policy is stable and not sensitive to stochastic
initialization. Such statistical validation is often missing in
RL-based networking studies, yet it is essential for ensuring



Multi-seed Stability Analysis
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Fig. 3. Multi-seed stability analysis of the learned DQN policy
TABLE I
PERFORMANCE COMPARISON (MEAN REWARD)
Method Mean Std CI95 Interpretation
DQN 6.724 | 0.099 0.112 Best RL
Q-learning 5.44 ~0.12 | ~0.14 Limited
Static (10 ms) 8.17 0 0 Upper Bound
Static (20 ms) 6.78 0 0 Near Optimal
Static (40 ms) -0.52 0 0 Poor

reproducibility and reliability.

C. Dataset Validation

To further validate the learned policy, we perform dataset-
driven evaluation using 1000 samples aligned with the sim-
ulator scale. After preprocessing, 60.1% of the states match
the discretization used in the learning process. Policy replay
on these known states shows that the learned agent con-
sistently selects low-latency actions, particularly the 10 ms
configuration, which corresponds to the optimal scheduling
strategy observed in simulation.

This result confirms that the learned policy is not only ef-
fective within the simulation environment but also consistent
with realistic traffic patterns.

D. Q-learning Retraining After Scenario Correction

After protocol correction, a new Q-learning retraining
session was run. Over 30 iterations, the final replay showed
an overall average reward of 5.444, with a maximum of
5.520 and a minimum of 5.208. The agent selected action 0
(10 ms) eight times, action 1 (20 ms) seventeen times, and
action 2 (40 ms) five times. This means that the agent had
already learned to partially avoid the 40 ms action but had not
yet fully converged to a pure policy. The per-action analysis
then clarified the actual policy behavior. The average reward
observed for 10 ms was 5.4984; for 20 ms, 5.4876; and for
40 ms, 5.2084. The best choice in this corrected scenario was
therefore 10 ms, with 20 ms as a close but slightly inferior
solution, and 40 ms as a clearly degraded action. To analyze
policy behavior, the action distribution analysis shows that

the agent predominantly selects near-optimal configurations
while avoiding degraded actions.

Fig. 4 illustrates the action distribution observed during
Q-learning retraining, confirming the predominance of near-
optimal actions and the avoidance of degraded configura-
tions.

E. Discussion
The results highlight three key observations:

1) The DQN agent consistently converges toward the 10
ms transmission interval, indicating that the learning
process successfully captures the underlying relation-
ship between scheduling decisions and QoS perfor-
mance.

2) The comparison with Q-learning demonstrates the ad-
vantage of DRL in handling continuous and noisy
state spaces. The DQN achieves higher performance
and faster convergence due to its ability to generalize
across similar states.

3) The combination of multi-seed evaluation and dataset
validation provides strong evidence of robustness and
reproducibility, which are critical requirements for
applying RL in practical network systems.

We observed degenerate behavior where the agent converged
to a fixed action regardless of the state. This was caused by
improper reward scaling and hidden coupling between traffic
generation and scheduling parameters. We addressed this
by normalizing QoS metrics and isolating control variables,
which resulted in stable convergence.

F. Limitations

This study relies on a simplified simulation environment
without mobility, multi-cell interference, or heterogeneous
traffic. Moreover, the Digital Twin is implemented as a
simulation-driven proxy and does not rely on real-time
synchronization with a physical system. While these assump-
tions enable controlled experimentation, they limit direct
applicability to real-world 6G systems.

VI. CONCLUSION AND FUTURE WORK

This paper presented a Digital Twin-based closed-loop
DRL framework for adaptive scheduling in 5G/6G networks,
where learning-based decision-making is embedded within a
structured control loop. Unlike conventional approaches that
focus solely on algorithmic performance, the proposed work
emphasizes the importance of methodological rigor, includ-
ing controlled environment design, reward formulation, and
statistical validation. The study demonstrated that integrating
a Deep Q-Network agent within a Digital Twin abstraction
enables effective optimization of QoS metrics, including
throughput, delay, jitter, and packet loss. The results show
that the proposed DRL agent converges toward near-optimal
scheduling decisions and achieves stable performance across
multiple seeds, outperforming a tabular Q-learning baseline
while maintaining robustness. A key contribution of this
work lies in identifying and addressing critical experimental
issues that can compromise RL-based evaluations, such as
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Fig. 4. Q-learning results on the corrected scenario with 10 units: average reward per action and selection frequency

improper reward scaling and hidden coupling between vari-
ables. By resolving these challenges, the proposed framework
establishes a more reliable and reproducible pipeline for
applying reinforcement learning in wireless networks. While
the current implementation relies on a simulation-driven
proxy rather than real-time synchronization with a physical
system, it captures the essential principles of closed-loop
learning-based control. This makes the framework a suitable
proof-of-concept for future extensions toward more realistic
and operational settings. Future work will focus on extend-
ing the framework to multi-cell environments, incorporating
heterogeneous traffic and mobility, and exploring continuous
control methods such as PPO and SAC. In summary, this
work demonstrates that the effectiveness of DRL in wireless
networks depends not only on the learning algorithm, but also
on the design of the experimental framework, providing a
solid foundation for future research in Al-native 6G network
control.
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