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Abstract: Resource allocation in wireless networks is inherently complex, a problem intensified
in 5G by heterogeneous traffic classes and stringent quality of service (QoS) requirements. This
challenge poses significant difficulties for traditional scheduling methods. In this study, we ad-
dress these limitations using novel hybrid reinforcement learning (RL) architectures evaluated
in a dynamic and realistic network environment. We designed and implemented three hybrid
RL algorithms: Asynchronous Advantage Actor-Critic integrated with Proximal Policy Opti-
mization (A3C-PPO), A3C with Proximal Policy Optimization and Session Persistence (A3C-
PPO-Persistent), and A3C with Twin Delayed Deep Deterministic Policy Gradients (A3C-TD3).
These were compared against baseline A3C and Advantage Actor-Critic (A2C) approaches, as
well as traditional proportional fair (PF), maximum rate (MR), and Round Robin (RR) sched-
ulers. Simulations were performed in a challenging multicell environment with mobile user
equipment and bursty traffic flows across four network traffic types: ultra-low latency (ULL),
voice over IP (VoIP), vehicle-to-everything (V2X), and video streaming. Our hybrid RL sched-
ulers showed promising performance in this highly dynamic setting, with A3C-PPO achieving
the most balanced overall results, exhibiting 25%-40% lower average jitter and over four times
higher packet delivery ratio (PDR) than traditional schedulers under heavy loads. Our re-
sults indicate that hybrid RL methods, particularly A3C+PPO, can provide resilient adaptive
scheduling that can outperform both conventional techniques and standard RL algorithm models
in realistic 5G networks.
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1. Introduction

The evolution of wireless network technology toward 5G and beyond has enabled a variety
of new use cases that leverage the improvements afforded by higher throughput, lower latency,
and improved reliability (Bikkasani and Yerabolu, 2024; Tan et al., 2022) but have also brought
unprecedented complexity in resource management (Benmadani et al., 2025; Tsoulos et al., 2024;
Bozis et al., 2024; Carneiro et al., 2023; Gedikli et al., 2022) The fundamental differences in
the quality of service (QoS) requirements across the heterogeneous 5G traffic classes, such as
enhanced mobile broadband (eMBB), necessitate a high level of throughput (Ibrahim and Ali,
2021; Navarro-Ortiz et al., 2020); ultrareliable low-latency communications (URLLC), which
demands near-perfect reliability with sub-1 ms latency (Ibrahimi et al., 2024; Ibrahim and Ali,
2021); or massive machine-type communications (mMTC), which is meant to be traffic for high-
density low-power user equipment (UEs) (Ibrahim and Ali, 2021; Navarro-Ortiz et al., 2020).
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Artificial intelligence (AI) and machine learning (ML) are viable approaches for creating
effective and flexible network schedulers, with reinforcement learning (RL) recognized as the
preeminent type of ML for wireless resource management (Alanazi et al., 2025; Akyildiz et al.,
2024). Many popular deep reinforcement learning (DRL) algorithms, including asynchronous
advantage actor-critic (A3C) and advantage actor-critic (A2C), may experience training insta-
bility during high traffic events and can suffer from value estimation inaccuracies in continuous
action spaces (Raza et al., 2025; Del Rio et al., 2024). These challenges must be addressed in
the complex, time-varying traffic conditions of real-world 5G networks (Konstantoulas et al.,
2025). This suggests that there is significant potential for developing more sophisticated RL
approaches, particularly hybrid RL architectures that could better address the unique demands
of 5G resource allocation, as shown in the literature (Yan et al., 2025; Sanchez et al., 2022).

In this study, we designed, implemented, and rigorously tested a modular RL-based sched-
uler for 5G wireless networks, leveraging the A3C framework and multiple based hybrid al-
gorithms (A3C-TD3, A3C-PPO, and A3C-PPO-Persistent) to maintain QoS. Our approach
demonstrated transformative performance in high-congestion scenarios while revealing critical
trade-offs in scalability and traffic-type optimization while being deployed in an NS3 simulated
multi-cell environment with dynamic traffic patterns and diverse traffic types (ULL, VoIP, video,
and V2X).

1.1 Related work

Despite the progress made in wireless network research, the task of providing connectivity
to heterogeneous 5G networks while maintaining their stringent and varying QoS requirements
remains critical and requires further exploration (Guo and Xie, 2025; Bozis et al., 2024; Tsoulos
et al., 2024). Mollahasani et al., 2022 proposed two actor-critic-based network schedulers that
utilized an Advantage Actor-Critic (A2C) RL algorithm equipped with a multipart reward func-
tion, which included channel, delay, and URLLC priority, to perform resource allocation. Their
approach outperformed traditional network schedulers in several key metrics, including head-
of-the-line (HOL) delays and packet delivery ratio (PDR). Similarly, Wai et al., 2021 designed
a model that leverages RL models to perform resource allocation in a 5G network by utilizing
predictive analytics to anticipate varying conditions across the network. This work again signi-
fies RL’s ability to incorporate real-time feedback from its environment, enabling flexible and
dynamic RL-equipped schedulers.

Similar to Mollahasani et al., 2022, the authors in Alsenwi et al., 2021 designed an effective
scheduling model for eMBB and URLLC traffic in 5G networks using an optimization-based net-
work slicing approach. The authors employed a Gradient-Based Actor-Critic Learning (PGACL)
algorithm that demonstrated a high level of reliability after a relatively short learning period.
However, their approach was QoS-unaware and incorporated a high level of complexity.

In (Zhou et al., 2021) and (Elsayed and Erol-Kantarci, 2019), the authors used multiagent
RL to address the coexistence of heterogeneous traffic classes in 5G wireless networks. In (Zhou
et al., 2021), an RL algorithm was employed for inter-slice resource allocation in URLLC and
eMBB traffic with subordinate RL agents responsible for resource allocation within their re-
spective slices. Elsayed and Erol-Kantarci, 2019 employed a decentralized approach to learning,
with each next-generation Node B (gNB) adopting a Q-learning algorithm. The gNBs act as
agent networks, enabling each gNB to take actions and allocate joint power and resource blocks
to its attached UEs. Similar to Elsayed and Erol-Kantarci, 2019 and Zhou et al., 2021, Seid
et al., 2021 employed a multi-agent deep RL (MADRL)-based approach to address 5G network
resource allocation and scheduling. However, Seid et al., 2021 aimed to deploy unmanned aerial
vehicles Unmanned Aerial Vehicles (UAVs) as mobile edge base stations to offload the Internet
of Things (IoT) and massive machine-type communications (mMTC) resource allocation tasks.
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2. Methodology

Our simulated multicell 5G network was built using Network Simulator 3 (NS-3); the NS3-
GYM (Gawlowicz and Zubow, 2019) module was also utilized to implement our RL-enabled
scheduler. Furthermore, the 5G Lena module was used to model and implement 5G network
standards and mechanisms (Koutlia et al., 2022; Patriciello et al., 2019). Our simulation envi-
ronment was built to emulate a bursty traffic model with dynamic packet intervals to simulate
more realistic and time-varying network demands while accounting for path loss and shadowing.

We populated our network with the following four distinct user types representing some
main 5G network traffic categories:

1. Ultra-Low Latency (ULL): All packets of 512 bytes with low latency.
2. Voice over IP (VoIP): Small packets of 256 bytes with stringent delay requirements.
3. Video Streaming: Larger 4 KB packets with moderate latency tolerance.

4. Vehicle-to-Everything (V2X): Mobile UEs represented 10% of the total UE count in
every simulation and are represented in the results as part of the ULL traffic due to the
nature of their QoS requirements.

These traffic types were randomly assigned to UEs based on a weighted percentage algorithm
and allowed to connect to their closest gNB. The mobile V2X UEs were allowed to disconnect
and reconnect from the gNBs as they moved.

2.1 Dynamic packet intervals (DPIs)

As depicted in Figure 1, our simulated environment used a bursty traffic model to emulate
a more realistic time-varying network. This was achieved using exponentially distributed inter-
arrival times. Furthermore, to maintain fairness and comparability between runs, we used a
fixed average load () function for each traffic class (ULL, VoIP, Video, and V2X). the following
expression explains this approach:

titer = 5 (U), M

where tipger is the inter-arrival time, U ~ Uniform(0, 1), and A is the fixed average load. As
shown in Figure 1, this approach allows the following two states for every UE in the network:

1. Burst trafic when tipter < % leading to consecutive short intervals.
2. Idle period when tipter > % leading to sparse transmission.

The following probability density function governs this variability:

F(t) = xe ™, (2)

The proposed design allowed us to maintain a fixed average traffic load through runtime,
with periods of high burst density > tinter < E[t], which are counterbalanced by idle phases
> tinter > E[t], and governed by the following expression:

1 T
T /0 Ptransmit (t) dt = )\7 (3)

Where I;;qnsmit denotes a packet transmission event. This scenario ensures realistic environ-
mental conditions while maintaining consistency through a controlled variance, o2 = % These
spontaneous burst traffic transmission stress-test schedulers preserve comparability through
identical A\ values between the iterations.
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2.2 Reinforcement learning (RL) framework

In the early stages of this work, we tested two RL algorithms using the same reward func-
tion and the designed general network scheduler framework. The first RL algorithm that was
tested was Asynchronous Advantage Actor-Critic (A3C). A3C uses a parallel implementation
of the advantage actor-critic algorithm with multiple instances to increase efficiency and train-
ing stability (Mehta, 2020; Sewak, 2019). These instances computed policy and value updates
asynchronously through their own local network copies and then pushed gradient updates to a
shared global network (Mnih et al., 2016).

The second RL algorithm we tested was A2C, which used synchronous updates. Unlike
A3C’s decentralized approach, Advantage Actor-Critic (A2C) employs a single centralized co-
ordinator to aggregate gradients from all agents after identical environmental steps, updates its
global parameters, and then synchronizes all copies simultaneously (Sewak, 2019). Although
both algorithms are similar and effective in continuous environments (Mollahasani et al., 2022),
the asynchronous approach of A3C leads to better computational efficiency. Table 1 presents
the RL parameters of the two algorithms in our implementation.

Table 1 The shared RL parameters between A3C and A2C

Parameters A3C A2C

Number of neurons 256 x 2 Fully connected layers 256 x 2 Fully connected layers

Discount Factor 0.9 0.9

Exploration Strategy e-greedy Pure policy sampling (no e
greedy parameters)

A3C initial exploration (¢) 1.0 N/A

rate

A3C minimum exploration 0.01 N/A

rate (e-min)

A3C multiplicative decay 0.995 N/A

per update (e-decay)

Learning rate 0.01 0.01

Advantage Estimate § reward + Y*V(s')*(1 — done) — reward + ~*V(s') — V(s) (

V(s) V(s') = 0 if done )

Device CUDA Accelerated CUDA Accelerated (No paral-
lelism)

Steps per iteration 2500 2500

Iterations per test 50 50

The core RL parameters listed in Table 1 (discount factor v=0.9, learning rate «=0.01)
were selected based on established ranges commonly used for policy gradient methods and
continuous control environments (Ashraf et al., 2021). Focusing on the appropriate medium-
term consequences for our 5G autonomous control environment (Ashraf et al., 2021).

3. RL-MAC-Scheduler Operation

As previously discussed, the proposed scheduler uses an RL algorithm to enable dynamic
QoS-aware network scheduling. Figure 1 presents the various scheduler components, which are
further explained in the following section.

3.1 Reward function

Our model employs a multi-part reward function to guide exploration and learning. This
reward function can be divided into the following parts:
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Figure 1 Scheduler function flowchart

3.1.1 Throughput reward (TR)

The first part of the proposed reward function incentivizes efficiency maximization while
ensuring numerical stability. The core efficiency matrix (x) in Equation 5 specifies the ratio of
achieved downlink throughput to the theoretical maximum, where a small constant (e = 10(—6))
prevents division by zero during low-traffic periods. This value is transformed through a scaled
hyperbolic tangent function (“tanh” (3.0xx)) as described in Equation 4, which normalizes
learning by binding the reward value to [-1, 1]. Furthermore, the 3.0 multiplier enhances the
sensitivity around important thresholds, enabling the reward function to prioritize substantial
efficiency over marginal gains.

TR = tanh(3.0 x x) (4)

_ CurrentDLThroughput
~ Potential DLThroughput + €

()
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3.1.2 Stability reward

A stability reward (SR) was designed to minimize jitter by ensuring consistent resource
allocation. This was achieved using two complementary metrics. First, the resource block group
(RBG)-symbol stability component (o,44) in Equation 6 is used to quantify resource allocation
consistency by computing the difference between the RBG and OFDMA symbol utilization. If
orpg = 1, a perfect balance is achieved.

orpg = RBG — Symbol Stability (6)

RBGUtilisation _ SymbolUtilisation (M)
100 14

The second metric, MCSStability, is formulated in Equation 8 and evaluates the modulation
consistency from a normalized deviation midpoint.

Orpg — 1L —

MCS —15
MCSStability =1 — |28| (8)
Finally, we combined these two metrics through weighted summation, where the 0.6:0.4
weights reflected the greater emphasis placed on RBG symbol misalignment than MCS variations
in our scheduler. We found RBG symbol misalignment to be the most significant metric in our
environment. This is expressed in Equation 9:

SR = 0.6 X 0,4y + 0.4 x MCSStability (9)

3.1.3 Delay factor (DF)

To enforce an exponential penalty for approaching the packet delay budget (PDB), we im-
plemented a delay factor (DF'), which relies on the head-of-line delay ratio (HOLRatio) expressed
as.

HOLDelay
PDB + ¢

The head-of-line delay ratio normalizes the waiting time of the oldest unscheduled packet
against the specific PDB threshold of each traffic.

Equations 11 and 12 describe the design of the delay factor to introduce rapidly escalating
penalties. For instance, at 50% PDB (HOLRatio = 0.5), the reward could be reduced by
approximately 78%, whereas violations (HOLRatio > 1) could incur a near-total penalty, which
ensured proactive delay management even before any actual PDB breach occurred.

HOLRatio = (10)

DF = exp (—PenaltySharpness - HOLRatio) (11)

PenaltySharpness = 3.0 (12)

3.1.4 Delay penalty (DP)

As shown in the following expression, we applied a delay penalty (DP) to supplement our
DF by specifically penalizing violations using a quadratic term as seen in the expression below.

DP = (HOLRatio)? (13)

For example, Equation 13 indicates that the penalty for 2.0 HOLRatio is four times that of
a 1.0 violation. For important traffic classes, this design provides a ”big red emergency button”
mechanism.
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3.1.5 Complete reward function

The complete reward function incorporates all the previous parts into the following equation:

TotalReward = 04TW - TR+ 02SW - SR+ 0.6 DW - DF — 0.3 DP (14)

Here, unlike fixed-weight approaches, which often fail to balance competing objectives in
dynamic environments (Mao et al., 2025), our implementation prioritizes different QoS require-
ments by employing traffic type sensitive weighting, a method already proven to be effective
for multi-objective optimization in complex environments such as 5G networks (Yan et al.,
2026).Click or tap here to enter text. The TW scales according to traffic criticality: URLLC
(0.6), voice/VoIP (0.8), and other traffic (1.0). Similarly, the stability weight (SW) emphasizes
jitter-sensitive applications: URLLC (1.5), voice/VoIP (1.2), and other traffic (0.5). The DW
follows the same pattern as that of URLLC (1.2), voice/VoIP (0.8), and other traffic (0.4). These
dynamic weights and penalty sharpness parameters were tuned in accordance with established
HPO strategies common in RL research (Ashraf et al., 2021). We prioritized configurations that
maximized the expected cumulative reward while ensuring that the balance between throughput,
stability, and delay was not overfit to a single traffic scenario. The final selected values reflect
the relative priority of different aspects of QoS for different service classes, such as URLLC,
which requires a higher weight on delay and stability over raw throughput.

3.2 Observation space

The observation space of the proposed RL-enabled scheduler comprises nine normalized
metrics representing the current state of the network, as shown in Table 2. These metrics are
updated every 100 ms, allowing the scheduler to obtain an accurate and up-to-date view of the
current network conditions affecting UE traffic in the downlink direction.

Table 2 Observation space parameters

Metric Normalization Description

Current Throughput DL + 1000 Current downlink throughput (Mbps).

Average Throughput DL -+ 1000 Smoothed historical throughput (Mbps).

Potential Through- DL = 1000 Theoretical maximum throughput based on channel

put conditions.

HOL/PDB Ratio HOL / PDB  Head-of-line delay relative to packet delay budget.
DL CQI (CQI —5) = 10 Channel quality indicator (0-15), normalized to [0,1].
SINR SINR + 30 Signal-to-interference-plus-noise ratio (0-30 dB).
RBG Utilization -+ 100 Percentage of allocated resource block groups.
Symbol Utilization — + 14 OFDMA symbols allocated per slot (0-14).

MCS + 28 Modulation and coding scheme index (0-28).

3.3 Action space

The proposed RL-enabled scheduler controls scheduling decisions through four continu-
ously updated parameters (Actions 1-4), which dynamically adjust scheduling decisions. The
parameters are as follows:

3.3.1 Actions 1 & 2

The first two actions assigned by the scheduler control the priority weights of UEs dur-
ing downlink (DL) scheduling, such as assigning a higher weight to a URLLC user during a
congestion period.



International Journal of Technology 17(3) 866-882 (2026) 873

3.3.2 Action 3

The 3rd action was designed to scale the allocated RBGs and (OFDMA) symbols for the
UEs by assigning a value greater than 1 to increase resource intensity for some UEs or a value
lower than 1 to conserve resources.

3.3.3 Action 4

The 4th action was designed to discourage unfair resource starvation by penalizing the
system for every resource-starved UE by assigning a virtual penalty to prevent repeated neglect
of the same UE in subsequent transmission time intervals (TTIs). It aims to ensure fairness by
dynamically adapting resource allocation based on real-time network load and UE traffic types.
Based on the observation space values, the space values of these actions are updated every 100
ms to maximize the reward value obtained by the RL algorithm at the end of every TTI while
maintaining the A3C worker’s asynchronous updates.

4. Expansion to hybrid A3C algorithms

Based on the demonstrated stability and competitive performance of our foundational A3C
framework, we expanded our investigation beyond basic A3C and the well-explored A2C algo-
rithms. Although A2C 5G applications have been extensively documented in the existing liter-
ature (Paz-Perez et al., 2024; Mollahasani et al., 2022), we identified a significant opportunity
to advance the state-of-the-art by developing and evaluating a suite of hybrid A3C algorithms.
These hybrids were specifically designed to enhance the core A3C architecture by integrating
advanced RL techniques: Proximal Policy Optimization (PPO), Persistent Learning, and Twin
Delayed Deep Deterministic Policy Gradients (TD3) to address the performance limitations
in our A3C-based scheduler. This strategic focus on hybridizing A3C allowed us to leverage
its inherent parallelization advantages while also targeting performance gaps observed in our
simulations.

Additionally, both the base RL models and the proposed hybrid A3C models do add compu-
tational complexity primarily stemming from the neural network inference, which is not present
in traditional network schedulers; however, while this is a substantial cost, it is a one-time
per-decision cost and always performed within the 100 ms decision window.

4.1 A3C+PPO Hybrid: Stabilized Policy Optimization

The A3C+PPO hybrid integrated PPO mechanisms into our A3C framework to mitigate
training instability observed during high-congestion events, as it was designed for training deep
neural network policies in continuous action spaces (Samidi et al., 2024; Nahhas et al., 2022).
While still retaining A3C’s asynchronous worker architecture, it introduced the clipped surrogate
objective, which replaced A3C’s policy update with PPO’s clipped objective, as shown in the
following equation:

Leip(0) = E [min (r(0) A, clip (r(0),1 —¢,1+4¢€) A)] (15)

where r(0) is the probability ratio between new and old policies, A is the estimated advan-
tage, and €=0.2 is a clipping parameter. This limited policy updates, preventing large learning
steps.

4.2 A3C 4+ PPO + persistent learning hybrid: Cross-session training continuity

The A3C+PPO+Persistent variant was inspired by principles present in meta-learning al-
gorithms, wherein an agent’s ability to acquire new skills is improved by leveraging knowledge
gained from prior experience (Liu and Xu, 2025). Our design extends our basic A3C frame-
work with persistent state tracking functionality to enable continuous training across multiple
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sessions. Its design included the following;:

Continuous performance tracking: Lifetime performance indicators were logged to persistent
files, allowing the algorithm to track cumulative reward values and training progress over several
simulation sessions.

Session recovery: An error-handling system designed to handle common environmental
failures in our prolonged NS-3 simulations. This implementation included retry mechanisms
and model checkpoints to preserve training integrity across interruptions and system restarts.

4.3 A3C+TD3 Hybrid: Continuous Control Enhancement

To mitigate the value potential overestimation bias in our initial A3C model, which may
prevent agents from making the correct decision between exploration and exploitation (Li et
al., 2023), we designed the hybrid A3C-TD3 by integrating our initial model with TD3, an
effective algorithm for continuous action spaces that typically struggle with efficient environment
exploration and may suffer from slow convergence (Wu et al., 2022). However, when incorporated
into A3C, it has demonstrated the potential to alleviate this limitation (Wu et al., 2022). Some
of its key innovations include the following;:

Twin Critic Networks: Two independent critic networks were used to estimate the action
values. The minimum of the two Q-values was used for policy updates, theoretically reducing
overestimation that could lead to suboptimal scheduling decisions.

Delayed Policy Updates: The actor network was updated less frequently than the crit-
ics, and the target networks were updated using Polyak averaging (7 = 0.005). This delayed
synchronization further stabilized the training process.

Target Policy Smoothing: Gaussian noise was added to the target actions during critic
updates, acting as a regulator against overfitting to sharp Q-function peaks.

4.4 Algorithmic Differentiation Summary

Table 3 summarizes the core methodological distinctions between the four implemented
A3C-based algorithms.

Table 3 Comparative summary of A3C and hybrid algorithm features

Feature A3C A3C-PPO A3C-PPO-Persistent A3C-TD3

Policy Update Advantage Clipped surrogate Clipped  surrogate Twin delayed
gradients (e=0.2) (e=0.2) DDPG

Action  Sam- e-greedy + Gaussian + Gaussian + Clamp- Pure  Gaussian

pling Gaussian Clamping ing noise

Stability None Gradient clipping Gradient clipping 4+ Target smoothing

Mechanism Checkpointing

Exploration Multiplicative Adaptive o decay e-decay Covariance  an-

Schedule e-decay nealing

Critical Inno- Parallel work- Constrained pol- Session persistence Reduced value
vation ers icy updates & recovery bias

5. Simulation results

In this section, we present the results of our simulation experiment, which evaluated the
performance of the proposed RL-based network-scheduling approach. First, we present the
reward optimization performance of our A2C and A3C scheduler implementations across two
network scenarios, which formed the basis of our decision to implement hybrid A3C RIL-based
algorithms to further improve our scheduler’s performance. Next, we compared the final QoS
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simulation results of our A2C, A3C, and hybrid A3C models against three traditional schedulers:
proportional fair (PF), Round Robin (RR), and maximum rate (MR), under four different
network scenarios (30 UEs across 3 gNBs, 40 UEs across 4 gNBs, 50 UEs across 5 gNBs, and 60
UEs across 6 gNBs).

5.1 Jitter results

As shown in Figure 2, our comprehensive jitter analysis shows a clear trend: RL schedulers
outperform traditional schedulers under light loads, but this advantage is lost as the network
becomes congested. At low loads of 30 and 40 UEs, the RL schedulers demonstrated lower
jitter. For 30 UEs, the A3C-PPO scheduler achieved an average jitter of 0.82 ms, which is
a 41% improvement over the PF baseline (1.40 ms). This trend continued at 40 UEs, where
A3C-PPO (0.86 ms) improved by 55% over PF (1.90 ms). However, at 50 UEs, the traditional
schedulers proved to be far more stable. The MR scheduler delivered the best performance with
an average jitter of 0.22 ms, which is 59% better than that of the PF (0.54 ms). In contrast, the
RL schedulers showed significantly higher jitter; A3C-PPO averaged 0.92 ms (70% worse than
PF), and the base A3C model averaged 1.40 ms (159% worse than PF).

150

A3C

A2C

MR

RR

A3C-PPO
A3C-PPO-Persistent
A3C-TD3

PF Baseline

Better than PF

TSI

Percentage improvement vs PF (%)

-100~ . N L
-1004 \ \ -

\

-125 \

-150 \ N— .
-

-175 \ ’

—-200 \\ R4
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\

30 UEs 40 UEs 50 UEs 60 UEs
3 gNBs 4 gNBs 5 gNBs 6 gNBs

Network Scenario
Figure 2 Jitter percentage of improvement vs. PF
This performance gap persisted at 60 UEs. The traditional schedulers MR, RR, and PF
all maintained consistently low jitter, averaging between 0.90 and 0.91 ms. However, the RL

schedulers degraded further, with A3C-PPO averaging 1.50 ms (67% worse than PF) and the
base A3C model reaching 2.00 ms (122% worse than PF).

5.2 PDR results

As shown in Figure 3, the Packet Delivery Ratio (PDR) results highlight a critical strength
of our RL schedulers: consistent, high reliability under all network conditions, while traditional
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schedulers suffered severe degradation under congestion. All schedulers performed well at 30 and
40 UEs. The RL and traditional schedulers were closely matched at 30 UEs, with A3C-PPO
at 99.18% and PF at 99.33%. At 40 UEs, our RL schedulers took the lead, with A3C-PPO
maintaining 99.01% reliability, which is a 6% improvement over PF, which had dropped to
93.5%.

The most significant difference emerged at 50 UEs. Here, the traditional schedulers expe-
rienced a catastrophic performance drop. The PDR of PF collapsed to 16.8%, and the MR and
RR fell to 28.9% and 15.9%, respectively. In stark contrast, our RL schedulers maintained near-
perfect reliability, with A3C-PPO achieving 99.38% reliability, which is a 492% improvement
over the failing PF baseline.

Finally, at 60 UEs, the traditional schedulers recovered, and performance converged once
more. The PF scheduler achieved 99.33%, whereas our best RL model, A3C-PPO, delivered
99.30%.
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Figure 3 Percentage of improvement in PDR vs. PF

5.3 Delay results

As shown in Figure 4, the delay simulation results show a clear pattern, where traditional
schedulers are efficient under low congestion but collapse completely under load, whereas our RL
schedulers provide consistent, adaptive performance across all scenarios. Traditional schedulers
were significantly more efficient at 30 UEs. The PF scheduler maintained an average delay
of 6.8 ms. In comparison, our RL schedulers were slower, with the best-performing scheduler,
A3C-PPO, averaging 8.89 ms (31% higher than PF). This changed dramatically at 40 UEs.
While our RL schedulers maintained consistent delays between 10.7 and 10.9 ms, the traditional
schedulers suffered a catastrophic collapse, with the PF scheduler’s average delay skyrocketing to
180.2 ms. The catastrophic performance of the traditional scheduler continued at 50 UEs. The
RL schedulers again maintained low latency, with A3C-PPO achieving the best average delay
of 7.18 ms. Meanwhile, the PF scheduler became practically unusable, with an average delay of
945.6 ms. This represents a performance degradation of over 13,000% compared with the A3C-
PPO scheduler. At 60 UEs, the traditional schedulers recovered but were still outperformed.
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The PF scheduler averaged 9.0 ms, while our best RL scheduler, A3C-PPO, delivered a 10%
lower average delay of 8.1 ms.
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Figure 4 Delay percentage of improvement vs. PF

5.4 Throughput results

As shown in Figure 5, no scheduler managed to lead throughput in all categories. At 30
UEs, our RL schedulers demonstrated a clear advantage. The A3C-TD3 model achieved the
highest average throughput of 1.05 Mbps, which is an 114% improvement over the PF baseline,
which averaged 0.49 Mbps.

This advantage was reversed at 40 and 50 UEs, where traditional schedulers handled the
increased load more efficiently. At 40 UEs, the PF throughput increased to 2.63 Mbps, which
was 62%-66% higher than our RL schedulers (A3C-PPO: 1.00 Mbps, A3C: 0.89 Mbps). The
gap widened at 50 UEs, where PF achieved 4.15 Mbps, outperforming the best RL scheduler,
A3C-PPO-Persistent (1.27 Mbps), and others by 70%—79%.

However, at 60 UEs, our RL schedulers regained the performance lead. The A3C-PPO-
Persistent hybrid model achieved the highest average throughput at 1.47 Mbps, an 18% im-
provement over the PF scheduler, which averaged 1.24 Mbps.

6. Discussion

Our simulation results revealed a complex performance landscape where our RL-enabled
scheduler demonstrated significant and transformative advantages over traditional schedulers
but still fell short in certain metrics. Furthermore, each of our hybrid A3C-equipped variants
addressed specific limitations of the foundational A3C framework with varying degrees of success.

The A3C-PPO hybrid demonstrated the most consistent performance improvements. It
was particularly effective in maintaining a reliable PDR, with an overall average of 99.38%
at 50 UEs, which is an improvement of 492% over the catastrophic average of 16.8% for PF.
This represents a transformative advantage in reliability under load. While still managing to
deliver competitive jitter control, with an overall average of 0.82 ms at 30 UEs compared to
PF’s 1.40 ms, which is a 41% improvement. This general robustness can be attributed to the
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PPO’s clipped objective function, which was designed to train deep neural network policies in
continuous action spaces and is meant to constrain policy updates and prevent performance
collapse during high-congestion events (Samidi et al., 2024; Nahhas et al., 2022).
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MR

RR
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PF Baseline

vhheday
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Figure 5 Percentage of improvement vs. PF

The A3C-PPO-Persistent hybrid exhibited a high degree of performance volatility. Even
though it occasionally improved performance, such as achieving an 18% higher overall average
throughput (1.47 vs. 1.24) at 60 UEs, it suffered from inconsistent jitter performance, with an
overall average of 1.97 ms at 50 UEs, which is 70% worse than PF’s average of 0.54 ms. This
suggests that the persistent training mechanism, while enabling session recovery, introduced
additional variance in performance stability, which is a somewhat known challenge in meta-
reinforcement learning, where preserving knowledge across sessions may lead to interference and
instability when adapting to new instances of the same task (Hattori et al., 2023).

The A3C-TD3 hybrid achieved remarkable performance in particular scenarios, delivering
an 114% improvement in overall average throughput at 30 UEs over PF (1.05 vs. 0.49). This
shows that the twin-critic architecture addressed the value overestimation bias in our initial A3C
implementation. This bias could have impaired our model’s decision-making regarding when to
explore and when to exploit. However, it lacked overall consistency, particularly in terms of
jitter stability under congestion.

Notably, traditional schedulers still managed to surpass our RL-enabled scheduler under
certain conditions. At 50 UEs, MR (0.22 ms) and RR (0.58 ms) exhibited significantly superior
performance compared with the highest-performing RL model, A3C-PPO (0.92 ms), which was
70% less effective than PF (0.54 ms). This specific shortcoming under high load could stem from
an inherent trade-off in our multi-part reward function, where we strongly emphasize avoiding
delay budget violations to protect PDR, which may have come at the cost of higher jitter. Fur-
thermore, the exploding action space may have challenged the agent’s exploration strategy under
extreme congestions. Traditional schedulers also demonstrated superior throughput efficiency
under moderate loads, with RR achieving an average of 2.71 Mbps at 40 UEs and 3.75 Mbps at
50 UEs, in contrast to the best-performing RL-enabled schedulers, namely, A3C-PPO-Persistent
(1.27 Mbps) and A3C-PPO (1.00 Mbps). Nonetheless, the disastrous decline in reliability under
medium loads, such as PF’s average PDR falling to 16.8% at 50 UEs compared to 99.38% for
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A3C-PPO, underscores their intrinsic vulnerability in adaptive network contexts and highlights
the potential improvements offered by hybrid A3C algorithms.

7. Conclusions

In conclusion, among all the evaluated approaches, our A3C-PPO-equipped scheduler
emerged as the most balanced and reliable option, achieving an optimal balance between al-
gorithmic sophistication and practical stability. The integration of PPO’s clipped surrogate
objective addressed the training instability of the base A3C implementation by preventing de-
structive policy updates during high-congestion events. However, no implementation of our
RL-enabled scheduler managed to lead in every performance metric and was sometimes out-
performed by traditional schedulers, as seen in jitter at 50/60 UEs and throughput at 40/50
UEs. This proves that while our implementation has strengths worth pursuing, there is still
room for improvements in future works. One direction for future work could be exposing the
agent to even more complex environments and for longer iteration cycles, potentially allowing
for more robust policy refinement. Furthermore, implementing TD3’s twin-critic concept in the
A3C-PPO model could help combat possible value overestimation issues without sacrificing the
PPO’s improvements. Lastly, deployment feasibility relies on a few factors such as computa-
tional overhead, existing hardware and, decision latency and while much of that falls outside this
study’s scope, we can theorize that the primary practical challenge for real-world deployment
is ensuring the robustness and generalization of the RL policy across unseen, real-world traffic
distributions.
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