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Abstract

5G New Radio Vehicle-to-Everything (NR V2X) networks must support heterogeneous
traffic with strict and diverse latency requirements. Conventional proportional-fair (PF)
scheduling does not explicitly account for packet deadlines, which can lead to deadline
violations for critical vehicular services under congestion. This paper studies deadline-
aware MAC scheduler-weight adaptation for 5G NR V2X using probabilistic prediction
and reinforcement learning. We implement a closed-loop ns-3/5G-LENA framework in
which network telemetry is exchanged with a Python control agent through ns3-ai shared
memory. Gaussian Mixture Model (GMM), Hidden Markov Model (HMM), and Bayesian
Logistic Regression (BLR) classifiers are used to predict imminent deadline violations. Their
outputs are either mapped directly to scheduler weights or provided as additional state
information to a Proximal Policy Optimization (PPO) agent. We evaluate ten scheduling
strategies: PF, a non-learning Slack-Based Deadline-Aware Scheduler (SB-DAS), three
classifier-only controllers, three classifier-assisted PPO variants, PPO-only, and PPO-only
with safety shielding. Experiments are conducted across three vehicle densities and three
random seeds per density, using the Deadline-Constrained Packet Reception Ratio (DC-
PRR) as the main metric. The PF baseline achieves 61.55% mean DC-PRR and degrades
from 75.2% at 30 vehicles to 44.1% at 60 vehicles. In contrast, all adaptive strategies
exceed 95% mean DC-PRR and recover 34–38 percentage points over PF in every paired
density/seed comparison. The main result is therefore the robust gap between PF and
deadline-aware adaptation. Differences among the adaptive controllers are much smaller
and fall within the observed seed-to-seed variability. In particular, SB-DAS, which uses no
classifier, neural network, or training, achieves DC-PRR statistically indistinguishable from
the learned and probabilistic controllers. This indicates that, in the evaluated scenarios,
most of the gain comes from deadline awareness itself rather than from learning. We also
find that adding classifier-derived violation probabilities to PPO does not consistently
improve performance over PPO using raw telemetry alone. To support reproducibility and
deployment assessment, the paper includes detailed parameter tables, reward-coefficient
and sensitivity analysis, scheduler-weight sensitivity, and per-controller inference-latency
and complexity measurements.
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1. Introduction
1.1. Motivation

New Radio Vehicle-to-Everything (NR V2X) extends LTE V2X from periodic awareness
messaging toward advanced cooperative driving services with stricter and more diverse
communication requirements. While LTE V2X mainly supported the broadcast of mes-
sages such as Cooperative Awareness Messages (CAMs) and Decentralized Environmental
Notification Messages (DENMs), NR V2X targets demanding and safety-critical use cases
such as teleoperated driving, cooperative perception, automated intersection control, road-
traffic safety applications, and high-definition map distribution [1,2]. These services differ
significantly in packet size, traffic periodicity, direction, criticality, and latency budget.

This heterogeneity creates a difficult scheduling problem at the gNB. In a dense urban
scenario, safety-critical flows may coexist with high-throughput but delay-tolerant services.
Teleoperated driving or automated intersection control may require packets to be delivered
within a few tens of milliseconds, while HD map updates can usually tolerate larger
delays but consume a significant share of the available bandwidth. When the cell becomes
congested or the channel quality fades, the scheduler must decide not only which UE
has favorable channel conditions, but also which packets are close to becoming unusable
because their deadline is about to expire.

This distinction is important because a packet that arrives beyond its deadline has
no value for safety-critical applications, even if it is eventually received. A teleoperation
command delivered after its control deadline, or a safety-awareness packet delivered
too late to support a driving decision, should not be counted as a successful service
outcome. In addition, these deadline violations introduce safety hazards for the road
users. A teleoperated vehicle flow receiving packets with delay might also delay the actual
steering and control of the vehicle. For this reason, we adopt the Deadline-Constrained
Packet Reception Ratio (DC-PRR) as the primary evaluation metric. DC-PRR counts a packet
as successful only when it is both received and delivered within its use-case-specific
latency deadline.

The problem is further complicated by the dynamics of vehicular radio environments.
Vehicle mobility, non-line-of-sight conditions, fading, and changing interference patterns
can cause rapid variations in channel quality. A UE with acceptable latency in one control
interval may experience degraded conditions in the next, increasing buffer occupancy and
reducing the probability that queued packets will meet their deadlines. Static priority
assignments are not sufficient in this setting: they may over-prioritize critical traffic under
light load, under-prioritize it during congestion, or fail to react to short-lived channel and
buffer changes. These observations motivate a scheduler-control mechanism that is both
deadline-aware and adaptive.

1.2. Problem Statement

The standard 5G NR MAC scheduler allocates radio resources by evaluating a schedul-
ing metric for each UE and serving UEs according to their metric values. Proportional fair
(PF) scheduling, for example, balances instantaneous achievable rate against time-averaged
throughput [3]. QoS-aware TDMA schedulers, such as those in the CTTC 5G-LENA ns-3
module [4], extend this principle by allowing per-UE weights to influence the scheduling de-
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cision. Although such schedulers are effective for balancing spectral efficiency and fairness,
they do not directly optimize deadline satisfaction. Under congestion, naturally, latency
increases, and the most delay-sensitive flows are the first to experience deadline violations.

A static-priority solution is also limited. Permanently assigning high weights to critical
flows can protect them during congestion but may unnecessarily reduce the throughput of
background traffic when the network is lightly loaded. Additionally, a fixed weight ratio
may still be insufficient when a critical UE experiences temporary channel degradation
or buffer build-up. The scheduling problem therefore requires dynamic weight adapta-
tion based on the current state of each flow, including channel quality, buffer pressure,
and remaining deadline budget.

The problem addressed in this paper is the following: given periodic network telemetry
from a 5G NR V2X simulation, can a controller predict imminent packet deadline violations
and use these predictions to adapt MAC scheduler weights in a way that improves DC-PRR
for critical traffic without excessive degradation of background-flow performance, and how
do alternative predictor and controller designs compare on this task?

1.3. Proposed Approach and Scope

We propose a closed-loop deadline-aware scheduling framework for 5G NR V2X
networks. The framework operates at a 100 ms control period. During each control cycle,
ns-3 exports network telemetry to a Python-based control agent through the ns3-ai shared-
memory interface. The agent estimates the risk of deadline violation for each UE or flow
and returns scheduler-weight actions to the NR QoS-aware TDMA scheduler.

Three probabilistic classifiers are evaluated as deadline-violation predictors: Gaussian
Mixture Model (GMM), Hidden Markov Model (HMM), and Bayesian Logistic Regression
(BLR). Each model is trained offline using telemetry generated from baseline simulations
and predicts whether a deadline violation is likely to occur in the next control window.
The resulting violation probability is used in two ways. In the classifier-only variants, it is
mapped directly to scheduler-weight levels through threshold-based rules with hysteresis.
In the reinforcement-learning variants, it is included as part of the state observed by a
Proximal Policy Optimization (PPO) agent.

This work is positioned as a comparative analysis of deadline-aware adaptive schedul-
ing rather than a search for a single optimal controller. The objective is to characterize the
design space spanned by lightweight rule-based controllers, learned policies, and hybrids of
the two and to quantify their behavior relative to a fairness-oriented baseline. As shown in
Section 6, all evaluated AI-assisted variants approach a deadline-satisfaction ceiling under
the simulated load range. The dominant finding is therefore the gap between adaptive and
non-adaptive scheduling rather than fine-grained ranking among the adaptive methods.

To make this comparison interpretable, the evaluated design space is structured as a
PF→ heuristic→ learned ladder. Beyond the fairness-oriented PF baseline, we include
a deterministic, non-learning deadline-aware heuristic, the Slack-Based Deadline-Aware
Scheduler (SB-DAS), that maps minimum packet slack and a recent violation ratio onto
the same scheduler-weight set as the learned controllers. This intermediate rung makes it
possible to attribute the observed gains either to deadline awareness as such or to learning
on top of it. As the results show, most of the recovery over PF is already captured by the
non-learning heuristic, and the learned controllers do not provide a statistically resolvable
gain beyond it under the evaluated conditions.

1.4. Contributions

This paper makes the following contributions:
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• A closed-loop ns-3/ns3-ai framework for AI-assisted scheduler-weight control in
5G NR V2X networks, designed to be modular with respect to the underlying NR
MAC scheduler.

• A formulation of deadline-violation prediction as a binary next-window supervised
classification task using rolling-window telemetry, together with the training of three
probabilistic classifiers (GMM, HMM, BLR) for this task.

• A reinforcement-learning controller based on PPO with a deadline-aware reward
function, evaluated both standalone and with classifier-derived violation probabilities
included as state features.

• An evaluation of ten scheduling strategies: the PF baseline, the non-learning SB-DAS
heuristic, three classifier-only controllers, three classifier-assisted PPO variants, PPO-
only, and PPO-only with safety shield, using DC-PRR and supporting metrics across
multiple vehicle densities and random seeds.

• An empirical assessment of whether classifier-derived violation probabilities improve
PPO-based scheduler control. Our results suggest that, under the evaluated conditions,
the hybrid combination does not provide a consistent benefit beyond standalone
classifier or standalone PPO control.

• A non-learning deadline-aware baseline, the Slack-Based Deadline-Aware Scheduler
(SB-DAS), which maps minimum packet slack and a recent violation ratio onto the
same scheduler-weight set {1, 2, 5, 10} as the proposed controllers. Including SB-DAS
enables a fair PF→ heuristic→ learned comparison and isolates the contribution of
deadline awareness from that of learning.

• Full reproducibility material (software version, hyperparameters, algorithms, reward
coefficients, normalization, seeds, and a consolidated notation/parameter table), to-
gether with a reward-contribution and coefficient-sensitivity analysis, a scheduler-
weight-set rationale and sensitivity analysis, and a per-controller inference-latency and
computational-complexity analysis that grounds the deployment-simplicity discussion.

1.5. Paper Organization

Section 2 reviews related work. Section 3 describes the simulated 5G NR V2X en-
vironment. Section 4 presents the proposed prediction and scheduler-control frame-
work. Section 5 outlines the experimental methodology, including dataset generation,
classifier and PPO training, and the training/evaluation split used for generalization
testing. Section 6 reports simulation results. Section 7 discusses findings, limitations,
and practical implications. Section 8 concludes the paper with a summary of the results
and contributions.

2. Related Work
This section reviews four bodies of literature that intersect with the present work:

reinforcement learning for V2X resource allocation (Section 2.1), QoS prediction and vi-
olation forecasting in wireless networks (Section 2.2), deadline-aware scheduling in 5G
NR (Section 2.3), and safe reinforcement learning with shielding mechanisms (Section 2.4).
For each area, we identify the specific gap that our approach addresses.

2.1. Reinforcement Learning Based Resource Allocation for V2X

Deep reinforcement learning (DRL) has been demonstrated as a practical tool for
resource allocation in vehicular networks, although the majority of works target the decen-
tralized sidelink rather than centralized gNB MAC scheduling. Liang et al. [5] modeled
V2X spectrum sharing as a multi-agent reinforcement learning problem, using a fingerprint-
based deep Q-network to assist Vehicle-to-Vehicle (V2V) links in autonomously learning
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distributed spectrum and power allocation while improving Vehicle-to-Infrastructure (V2I)
sum capacity. Ye et al. [6] applied deep RL to V2V resource allocation, optimizing sub-
band selection and power control under latency constraints. Shao et al. [7] proposed a
semantic-aware resource allocation framework for 5G-V2X heterogeneous networks using
PPO, jointly optimizing flexible duty-cycle coexistence and base-station assignment in
NR unlicensed bands. Jabeen [8] developed a multi-agent DRL scheduler for IoT–5G-NR
coexistence, comparing policy gradient, DQN, and DDPG algorithms for in-band resource
block allocation under inter-cell interference.

In centralized scheduling, AL-Tam et al. [9] proposed LEASCH, a deep RL framework
that learns MAC-layer scheduling policies for the 5G NR downlink. Gu et al. [10] developed
a knowledge-assisted deep RL algorithm for 5G scheduler design targeting time-sensitive
traffic, combining DDPG with domain knowledge. Sun and Li [11] designed a DRL-based
scheduler with contiguous frequency-domain resource allocation, jointly selecting users
and allocating resource blocks through a discretized action space.

While these approaches demonstrate the suitability of RL for wireless and V2X schedul-
ing, they share a common limitation: none incorporate explicit deadline awareness or lever-
age predictive violation information as part of the RL state representation. The sidelink-
centric works [5–8] operate at the UE level with local observations and do not address the
cross-service multiplexing challenge faced by a centralized gNB scheduler that must simul-
taneously serve URLLC teleoperation commands, periodic awareness messages, and high-
throughput background flows. The centralized schedulers [9–11] optimize throughput,
fairness, or general QoS metrics without considering per-packet deadline constraints across
heterogeneous use cases. In contrast, our work provides the gNB MAC layer with per-UE
granularity, feeding probabilistic deadline-violation predictions from trained classifiers
directly into the PPO agent’s state space, and explicitly tests whether such privileged
features improve learned scheduling policies.

2.2. QoS Prediction and Violation Forecasting

A growing body of work applies machine learning to predict QoS metrics in vehic-
ular and cellular networks. Barmpounakis et al. [12] proposed PreQoS, an LSTM-based
prediction scheme for V2X communications that forecasts uplink/downlink delay and data
rate. Palaios et al. [13] provided a comprehensive study of ML methods for vehicular QoS
prediction using real measurements, highlighting challenges such as data non-stationarity
and feature selection. Koursioumpas et al. [14] introduced DISTINQT, a distributed privacy-
aware learning framework for QoS prediction in beyond-5G networks.

In parallel, anomaly and fault detection methods have been applied to wireless net-
work telemetry. Allahdadi and Morla [15] compared GMMs and HMMs for anomaly
detection in 802.11 networks, finding that HMMs yielded higher detection accuracy and
lower false alarm rates due to their ability to capture temporal dependencies. Their work is
the closest methodological parallel to our classifier comparison, though it targets anomaly
detection (classifying the current state) rather than violation prediction (forecasting fu-
ture events).

Despite these advances, three gaps remain. First, existing QoS prediction works
forecast continuous metrics (delay, throughput, data rate) rather than predicting binary
deadline violation events; a scheduler needs to know whether a specific flow will miss its
deadline in the next time window, a fundamentally different prediction target requiring
class-conditional modeling with calibrated probabilities. Second, prior predictions inform
the application layer or the network operator but are not fed into the MAC scheduler as
real-time control inputs. Third, no prior work compares multiple probabilistic classifiers
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(GMM, HMM, BLR) head-to-head on the same V2X telemetry dataset for next-window
violation prediction. Our work addresses these gaps.

2.3. Deadline-Aware Scheduling in 5G NR

Standard 5G NR schedulers rely on static QoS indicators defined by 5QI values in 3GPP
TS 23.501 [16]. TDMA-based QoS schedulers assign fixed priority weights, while PF sched-
ulers balance instantaneous channel quality against long-term throughput averages [3].
Although effective for enhanced mobile broadband (eMBB) traffic, these mechanisms
lack temporal urgency awareness: a packet approaching its deadline receives the same
scheduling priority as one with ample remaining slack. Classical deadline disciplines
such as earliest-deadline-first (EDF) [17] and (modified) largest-weighted-delay-first (M-
LWDF) [18] make urgency explicit, but they were designed for single-class queues and do
not address the cross-service, per-UE, per-direction multiplexing of heterogeneous V2X
flows over a shared NR carrier.

Recent efforts have begun to incorporate deadline awareness into scheduling decisions.
Hendaoui et al. [19] proposed a dynamic proactive–reactive scheduling strategy for URLLC
in 5G, using XGBoost to predict traffic delays and switching between scheduling modes
based on current network conditions. Their work demonstrates the value of prediction-
informed scheduling but employs a single deterministic classifier without probabilistic
output, targets homogeneous URLLC traffic rather than heterogeneous V2X flows, and uses
rule-based mode switching rather than a learned policy. Cohen et al. [20] introduced
conformal prediction for URLLC scheduling, providing formal reliability guarantees by
dynamically adjusting reserved resources. Their approach addresses two traffic classes
(URLLC vs. eMBB) with a single deadline threshold, where V2X environments require
simultaneous handling of four or more use cases spanning two orders of magnitude
in deadline requirements (20 ms to 1000 ms). Robaglia et al. [21] applied deep RL to
schedule uplink IoT traffic with strict deadlines, demonstrating that DRL agents could
learn to prioritize deadline-critical packets, but they considered a single deadline class in
a generic IoT setting without the asymmetric UL/DL requirements or vehicular mobility
that characterize V2X. Kanavos et al. [22] proposed an adaptive scheduling approach for
V2N communications, showing that scheduler adaptation could improve vehicular service
performance under heterogeneous conditions. Relative to these works, we additionally
include a deterministic, non-learning deadline-aware heuristic (SB-DAS, Section 4.6) that
shares the exact action space of the learned controllers, so that the comparison spans
fairness-oriented PF, a rule-based deadline-aware controller, and learned/probabilistic
controllers on a common footing.

Our approach differs from the above in three respects. First, we define a deadline-
constrained evaluation metric (DC-PRR) that counts a packet as successfully delivered
only if it arrives within its use-case-specific deadline. Second, rather than predicting delay
or switching between fixed modes, we use probabilistic classifiers to produce per-flow
violation probabilities that are consumed by a PPO agent as continuous state features. Third,
our system supports four V2X use cases with deadlines ranging from 20 ms to 1000 ms,
requiring fine-grained per-UE, per-direction priority decisions across a heterogeneous
traffic mix.

2.4. Safe Reinforcement Learning and Shielding

Pure RL agents cannot guarantee safety during exploration, a limitation for V2X
applications where deadline violations may have safety consequences. Alshiekh et al. [23]
introduced the foundational shielding framework, proving that a correct-by-construction
safety supervisor can enforce temporal-logic specifications while allowing the RL agent to
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optimize performance within the safe set. Carr et al. [24] extended shielding to partially
observable settings.

In wireless scheduling, safety during RL training has received limited attention. Most
DRL-based schedulers [5,9,10] train in simulation with standard exploration noise and
accept that early-training performance may be poor. Our system incorporates a lightweight
safety shield that activates during the first 20 control cycles of training (startup protection)
and whenever any critical UE’s estimated slack falls below 5 ms (emergency override).
When active, the shield overrides the PPO action with a deterministic fallback policy
that assigns the highest weight level to critical flows and the lowest to background flows.
The agent observes the shielded action and its reward, so policy learning remains aligned
with the safety-constrained trajectory. To our knowledge, no prior work on RL-based
wireless scheduling has incorporated an explicit safety shield with this form of shielded-
action training.

2.5. Summary and Positioning

The distinguishing features of our approach are: (i) probabilistic classifiers trained for
deadline-violation prediction with calibrated per-flow violation probabilities; (ii) integra-
tion of these probabilities as privileged state features in a PPO-based RL agent that selects
per-UE scheduler weights; (iii) a comparative evaluation of three classifier types combined
with PPO, plus classifier-only and PPO-only baselines, yielding eight distinct AI-assisted
scheduling strategies, together with a non-learning SB-DAS heuristic that shares the same
four-level action space, so the comparison spans the full PF→ heuristic→ learned design
space on a common footing; and (iv) evaluation using the deadline-constrained DC-PRR
metric across three vehicle densities and four V2X use cases with deadlines spanning 20 ms
to 1000 ms.

3. System Model and Simulation Setup
This section describes the simulated 5G NR V2X environment used to generate training

data and evaluate the proposed framework. The simulation follows a single-cell urban
deployment in which one 5G NR gNB serves a set of vehicular UEs moving over an urban
grid road topology.

3.1. Network Topology

The simulated network consists of a single 5G NR gNB deployed in an urban grid
scenario. The gNB provides connectivity to vehicular UEs moving along the road grid
according to externally generated SUMO mobility traces. All vehicles remain associated
with the serving gNB during the simulation, allowing the study to focus on intra-cell
radio resource scheduling. The single-gNB choice is dictated by a current limitation of the
5G-LENA NR module in ns-3, which does not yet support handover. Multi-gNB scenarios
with handover are therefore outside the scope of this study and are left for future work.

The topology represents a congested urban V2X setting, such as an intersection area or
dense road corridor, where multiple vehicles simultaneously generate uplink and downlink
traffic with heterogeneous latency and throughput requirements. Let U = {1, 2, . . . , N}
denote the set of vehicular UEs, where N varies across simulated load scenarios. Each
UE may generate one or more V2X traffic flows depending on the assigned service type
and direction.

3.2. 5G NR Radio Configuration

The radio access network is implemented using the 5G NR module in ns-3 (5G-LENA).
The gNB operates in the sub-6 GHz band with a carrier frequency of 4 GHz and a system
bandwidth of 25 MHz. The physical-layer numerology is two, corresponding to a subcarrier
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spacing of 60 kHz. The simulation uses the NR TDMA QoS scheduler at the MAC layer,
which is extended through dynamic AI-driven scheduler-weight adaptation. Table 1
summarizes the main radio parameters.

Table 1. 5G NR radio configuration used in the simulation.

Parameter Value

Simulator ns-3 with 5G-LENA NR module
Deployment Single-gNB urban V2X cell
Carrier frequency 4 GHz
System bandwidth 25 MHz
Numerology 2
Subcarrier spacing 60 kHz
MAC scheduler NR TDMA QoS scheduler
RLC mode AM
Mobility source SUMO Manhattan-grid traces
AI interface ns3-ai shared memory
Control period 100 ms

The baseline configuration uses the default PF configuration weights for all UEs,
making the scheduler behave as a conventional PF scheduler without explicit deadline-risk
awareness. In the AI-assisted variants, these weights are updated during the simulation
by the external Python controller through the ns3-ai shared-memory interface, through an
injection mechanism developed for the experiments.

3.3. V2X Traffic Model

The traffic model includes multiple V2X service classes with different packet sizes, gen-
eration intervals, and latency requirements, creating a mixed-criticality scheduling problem
in which ultra-low-latency traffic must coexist with throughput-oriented flows. The sim-
ulated service classes are Teleoperated Driving (ToD), Automated Intersection Crossing
(AIC), Road Traffic Safety Applications (RTSA), and High-Definition Map Collection and
Sharing (HDM).

ToD represents the most delay-sensitive traffic class. In the uplink, ToD may carry sen-
sor or vehicle-state information; in the downlink, remote-control commands or assistance
information. AIC and RTSA represent safety-related cooperative driving services: less
bandwidth-intensive than HD map updates but still requiring timely delivery. HDM traffic
is comparatively delay-tolerant but consumes a larger share of radio resources, especially
in the downlink, so it acts as a heavy background load competing with critical traffic
under congestion.

Table 2 summarizes the configuration.

Table 2. V2X traffic configuration.

Flow Direction Packet Size Period Offered Rate

HDM DL 1200 B 3 ms 3.20 Mbps
HDM UL 600 B 10 ms 0.48 Mbps
AIC DL 1000 B 10 ms 0.80 Mbps
AIC UL 1200 B 10 ms 0.96 Mbps
ToD DL 600 B 10 ms 0.48 Mbps
ToD UL 1200 B 3 ms 3.20 Mbps
RTSA DL 1000 B 10 ms 0.80 Mbps
RTSA UL 1000 B 10 ms 0.80 Mbps
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Each packet is associated with a use-case-specific latency deadline. A packet con-
tributes positively to DC-PRR only if it is successfully received and its one-way latency
does not exceed the corresponding deadline, where packets received after their deadline
are treated as deadline failures even when they may not necessarily be lost at the radio or
transport layer.

3.4. Mobility Model

Vehicle mobility is generated using SUMO over a Manhattan-grid road topology.
The Manhattan layout produces repeated intersections, turns, and varying vehicle sepa-
rations representative of dense urban V2X conditions. Figure 1 illustrates the simulated
Manhattan-grid layout. The generated mobility traces are imported into ns-3 and used to
update the position of each vehicular UE during the simulation.

Figure 1. SUMO-generated Manhattan-grid mobility scenario used for the simulated urban V2X
deployment.

The evaluation considers three vehicle-density levels (30, 40, and 60 vehicles) to study
scheduler behavior under increasing radio load. For each density, three random seeds
are evaluated, accounting for stochastic effects from traffic generation, mobility variation,
and radio-channel conditions. Reported results are averaged across seeds while standard
deviations and bootstrap confidence intervals are included to quantify robustness and
statistical significance of the results.

3.5. MAC Scheduler and Weight Adaptation

The baseline scheduler is the NR TDMA PF scheduler, obtained by assigning equal
weights to all UEs and referred to as the PF baseline hereafter. In the PF baseline, no flow
receives additional priority based on deadline risk.

The proposed AI-assisted variants modify this behavior by adapting the scheduler
weights every 100 ms. The available weight levels are

W = {1.0, 2.0, 5.0, 10.0}, (1)

where 1.0 is normal priority and larger values progressively increase the probability that
the corresponding UE will be scheduled earlier or with more resources. The four levels map
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onto the operational states a deadline-aware controller must distinguish: normal, mild boost,
strong boost, and emergency, and the setW = {1, 2, 5, 10} was chosen for four reasons. (i) In-
terpretable priority semantics: The four levels make both the rule-based mapping and the
learned policy’s action space human-auditable. (ii) Multiplicative (super-linear) spacing:
The gaps widen (1→2→5→10), so the normal-to-emergency separation (10×) is much
larger than between adjacent low levels (2×), yielding a sharp response when a flow be-
comes urgent while keeping low-urgency adjustments gentle, matching the non-linear cost
of a deadline miss. (iii) Small, stable action space: A four-action discrete space keeps the
PPO policy and critic tractable and exploration well-conditioned. (iv) Identical action space
across all methods: PF, SB-DAS, the classifier-only controllers, and the PPO controllers
all emit weights from the same setW , so any performance difference is attributable to the
policy rather than to a larger or finer action space. An offline sensitivity analysis against the
alternative sets {1, 2, 4, 8} and {1, 3, 6, 10} is reported in Appendix B; {1, 2, 5, 10} provides
the strongest normal-vs-emergency contrast while retaining four interpretable levels.

4. Proposed Deadline-Aware Scheduler-Weight Adaptation Framework
This section presents the proposed closed-loop framework for deadline-aware sched-

uler control. The objective is not to replace the NR MAC scheduler but to control its per-UE
priority weights using prediction and reinforcement learning. The framework therefore
remains compatible with the existing ns-3 NR scheduler implementation while adding an
external control loop and the scheduler-weight injection system.

4.1. Closed-Loop Control Architecture

The framework operates as a periodic control loop with discrete phases and actions;
Figure 2 depicts the resulting closed loop. Every 100 ms, the ns-3 simulation exports
network-state information to an external Python control process through the ns3-ai IPC pro-
cess. The exported state includes per-flow and per-UE telemetry derived from the current
rolling window: latency statistics, packet delivery behavior, buffer pressure, throughput,
jitter, and deadline-related indicators. The Python agent computes a scheduling action,
either through the heuristic algorithm or through the action from the PPO agent, and sends
it back to the simulator, again through the IPC process, before the next control interval.

ns-3 / 5G-LENA (simulator) Python control agent

ns-3 5G NR
Simulation

NR TDMA QoS
Scheduler

ns3-ai IPC
(shared

memory)

Feature Extraction
& Normalization

Deadline-Violation
Predictors

(GMM / HMM / BLR)

Control mode
SB-DAS | Classifier-only | PPO (+ classifier prob.)

telemetry

action
weights

applied
next interval

Figure 2. Closed-loop control architecture. The ns3-ai shared-memory interface bridges the ns-3
simulator (containing the NR TDMA QoS scheduler) and the external Python control agent, which
selects per-UE scheduler weights every 100 ms using one of three control modes (SB-DAS, classifier-
only, or PPO).

The framework supports three forms of control. In the SB-DAS configuration, a deter-
ministic slack-and-violation rule maps each flow’s remaining deadline budget directly to a
scheduler-weight level, with no trained model (Section 4.6). In the classifier-only configura-
tion, a probabilistic deadline-violation predictor maps violation risk to scheduler weights.
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In the PPO-based configuration, the violation probability is included in the state observed
by a reinforcement learning agent. A PPO-only configuration is also evaluated, where the
agent does not receive an explicit classifier output and must rely on the remaining telemetry
features. All three forms emit weights from the same four-level set, so they differ only in
how the weight level is chosen. The overall closed-loop control procedure is summarized
in Algorithm 1.

Algorithm 1 Closed-loop deadline-aware scheduler control

1: Initialize ns-3 V2X simulation, NR scheduler, and ns3-ai shared-memory interface
2: Load feature normalizer, trained classifier, and/or trained PPO policy
3: for each control interval t do
4: ns-3 collects telemetry over the current 100 ms window
5: Export network state st through ns3-ai shared memory
6: Python controller extracts and normalizes feature vector xt
7: if classifier-only mode then
8: Estimate violation probability pt = P(yt+1 = 1|xt)
9: Map pt to scheduler weight wt using Algorithm 2

10: else if SB-DAS mode then
11: Compute minimum slack st and recent violation ratio vt from telemetry
12: Map (st, vt) to scheduler weight wt using Algorithm 3
13: else if PPO mode then
14: Construct PPO state from telemetry and optional classifier probability pt
15: Select scheduler-weight action wt using the trained PPO policy
16: if safety shield is active then
17: Override wt using the deterministic safety action
18: end if
19: end if
20: Return scheduler weights wt to ns-3 through shared memory
21: Apply updated weights to the NR TDMA QoS scheduler
22: end for

4.2. Deadline-Violation Prediction Task

The prediction task is formulated as binary next-window classification. At each control
time t, the controller observes telemetry from the current 100 ms window and predicts
whether the corresponding UE or flow will experience at least one deadline violation
during the next control window:

yt+1 =

1, if at least one packet violates its deadline in the next window,

0, otherwise.
(2)

The formulation is intentionally proactive: the classifier estimates whether a deadline
failure is likely to occur shortly after the current observation, so that the scheduler can
boost priority before the packet becomes stale. Let xt denote the feature vector extracted
from the current control window. Each classifier estimates

pt = P(yt+1 = 1 | xt). (3)

4.3. Feature Extraction

Features are extracted using a rolling 100 ms observation window. For each controlled
flow or UE, the 19-dimensional feature vector summarizes recent network behavior and
delay pressure: latency statistics (mean, standard deviation, min, max, P75, P90, P95,
P99), packet count, bytes received, throughput, mean and minimum slack, observed
violation rate, previous-window mean and maximum latency, previous violation rate,
latency trend, and the use-case-specific deadline. The rolling-window representation
reduces packet-level noise while preserving short-term network dynamics and matches the
100 ms control period.
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Features are normalized to a scale of 0 to 1. The same normalization parameters are
reused during online inference to avoid distribution mismatch between offline training and
live simulation control.

4.4. Probabilistic Classifiers
4.4.1. Gaussian Mixture Model

The Gaussian Mixture Model (GMM) is used as a probabilistic classifier for iden-
tifying network states likely to lead to deadline violations in the next control window.
V2X telemetry does not follow a single unimodal distribution. Instead, different oper-
ating regimes appear in the data (low-latency line-of-sight operation, temporary fading,
buffer build-up, congestion). A mixture model represents these regimes through separate
Gaussian distributions.

Given a feature vector xt, the GMM scores it under two class-conditional mixtures (violation
and non-violation) and converts the resulting class-conditional likelihoods into a posterior
through Bayes’ rule. The posterior probability of deadline violation is the classifier output:

pGMM
t =

π1 p(xt | yt+1 = 1)
∑c∈{0,1} πc p(xt | yt+1 = c)

, p(xt | yt+1 = c) =
K

∑
k=1

πc,kN
(

xt | µc,k, Σc,k

)
, (4)

where πc is the prior probability of class c ∈ {0, 1}, and πc,k, µc,k, and Σc,k are the weight,
mean, and (diagonal) covariance of the k-th of K Gaussian components of the class-c mixture
(K = 5; Appendix D).

Figure 3 shows the projected GMM feature space, with samples separated accord-
ing to observed latency and deadline-violation behavior. Components in high-latency or
high-violation regions correspond to states where the scheduler should increase priority
before packets become stale. Figure 4 provides a feature-level view of the learned com-
ponents: components associated with higher violation risk exhibit stronger delay, slack,
and trend-related signals, indicating that the classifier relies on a multi-feature network-
state representation rather than a single latency threshold.

Figure 3. GMM feature-space representation of deadline-violation behavior. The mixture components
capture different network operating regimes, including safe and violation-prone regions.
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Figure 4. Standardized feature profiles of the learned GMM components.

4.4.2. Hidden Markov Model

The Hidden Markov Model (HMM) captures the temporal structure in the telemetry
sequence. Unlike the GMM, which treats each observation as a feature-space sample,
the HMM models transitions between latent network states. This could prove useful in
V2X networks because channel degradation, congestion, and buffer build-up often persist
across several control windows. Each observation xt is generated by an unobserved state zt

representing a latent radio or traffic regime while the model estimates emission likelihoods
and transition probabilities,

P(zt | zt−1), P(xt | zt), (5)

and the predicted violation probability is obtained from the inferred hidden-state distribution:

pHMM
t = P(yt+1 = 1 | x1:t). (6)

Figure 5 shows the learned transition structure. State S2 corresponds to a persistent
healthy regime, S3 to a more persistent congestion or violation-prone regime, and S4 to a
transient warning state preceding congestion.

Figure 5. HMM hidden-state transition matrix. The model captures persistent healthy and congestion
regimes, as well as a transient warning state before congestion.
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4.4.3. Bayesian Logistic Regression

Bayesian Logistic Regression (BLR) treats logistic-regression parameters as random
variables and estimates a posterior distribution over them, allowing the classifier to express
uncertainty. For an input feature vector xt,

pBLR
t = P(yt+1 = 1 | xt,D), (7)

where D is the training dataset. The posterior is approximated using a Laplace approxima-
tion. Figure 6 shows that BLR predictions concentrate near 0 and 1 (high-confidence safe
and violation-prone samples), with intermediate values reserved for genuinely ambiguous
telemetry. This calibration is useful for confidence-aware decision making, although the
conservative behavior may reduce recall compared with more aggressive classifiers such
as GMM.

Figure 6. BLR confidence distribution for deadline-violation prediction.

4.5. Classifier-Only Scheduler Control

In the classifier-only variants, the predicted violation probability is converted into
a scheduler-weight level. Let pt be the classifier output at control time t; the controller
applies the threshold rule

wt =


1.0, pt < θ1,

2.0, θ1 ≤ pt < θ2,

5.0, θ2 ≤ pt < θ3,

10.0, pt ≥ θ3.

(8)

Lower weights correspond to normal service while higher weights increase scheduling
priority for flows at greater risk of missing their deadlines. To avoid oscillations, hysteresis
is applied: a weight increase is allowed when the violation probability exceeds the activation
threshold, while a decrease requires the probability to fall below a lower deactivation
threshold. A collapse-override rule assigns the highest weight if a critical UE has very
low estimated slack or a high recent violation ratio, regardless of the classifier threshold
(Algorithm 2).
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Algorithm 2 Classifier-only probability-to-weight mapping with hysteresis

Require: Violation probability pt, previous weight wt−1, thresholds θ1, θ2, θ3, hysteresis
margin δ

Ensure: Scheduler weight wt
1: if critical slack is below emergency threshold then
2: wt ← 10.0
3: else if pt ≥ θ3 then
4: wt ← 10.0
5: else if pt ≥ θ2 then
6: wt ← 5.0
7: else if pt ≥ θ1 then
8: wt ← 2.0
9: else

10: wt ← 1.0
11: end if
12: if wt < wt−1 then
13: if wt−1 = 10.0 and pt > θ3 − δ then
14: wt ← wt−1
15: else if wt−1 = 5.0 and pt > θ2 − δ then
16: wt ← wt−1
17: else if wt−1 = 2.0 and pt > θ1 − δ then
18: wt ← wt−1
19: end if
20: end if
21: return wt

4.6. Slack-Based Deadline-Aware Baseline (SB-DAS)

To separate the contribution of deadline awareness from that of learning, we add
a deterministic, non-learning controller that runs through the identical NR TDMA-QoS
control loop, control period (100 ms), and weight set W = {1, 2, 5, 10} as the proposed
methods. The Slack-Based Deadline-Aware Scheduler (SB-DAS) uses no classifier, no neural
network, and no training: it is a fixed function of telemetry. Each control cycle, for every
controlled flow i = (UE, direction) it reads the minimum remaining slack si = Di − Li

(deadline minus observed latency, in ms) and a recent deadline-violation ratio vi over a five-
cycle (500 ms) window and selects a priority level ℓi ∈ {1, 2, 3, 4} that is mapped to a weight
through the same level→weight map as all other controllers (Section 4.7). Background
flows (HDM, RTSA) are clamped to level 1. Here, “critical” denotes the tight-deadline
ToD and AIC flows, while RTSA and HDM are treated as lower-urgency background
flows for the purpose of weight adaptation, owing to their substantially looser latency
budgets (Table 2); this controller-level grouping is distinct from the safety relevance of the
underlying services. The decision rule is given in Algorithm 3; the slack edges {50, 20, 5}ms
and the violation threshold 0.2 are listed in the consolidated parameter table (Table A1).

SB-DAS is evaluated at the same three densities (30/40/60 vehicles) and three seeds
as every other method, adding nine simulation runs to the evaluation matrix. Because its
level decisions are computed directly from slack and the violation ratio rather than from
a learned model, SB-DAS is the simplest controller in the comparison and serves as the
reference point for the contribution analysis in Section 6.3 and the inference-cost analysis in
Section 6.8.
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Algorithm 3 SB-DAS slack-to-level mapping with hysteresis (per controlled flow, every
100 ms)

Require: minimum slack si (ms), recent violation ratio vi, previous level ℓ−i , edges
{50, 20, 5}, vth = 0.2, hysteresis margin δ = 5 ms

Ensure: scheduler weight wi
1: if flow i is background (HDM/RTSA) then
2: ℓi ← 1
3: else if no packet observed in window then
4: ℓi ← 1 ▷ normal
5: else if vi > vth then
6: ℓi ← 4 ▷ recent violations
7: else if si ≤ 5 then
8: ℓi ← 4 ▷ emergency
9: else if si ≤ 20 then

10: ℓi ← 3 ▷ strong
11: else if si ≤ 50 then
12: ℓi ← 2 ▷ mild
13: else
14: ℓi ← 1 ▷ safe
15: end if
16: Hysteresis: upgrades (ℓi > ℓ−i ) apply immediately; a downgrade applies only once si

has cleared the previous level’s lower edge by ≥ δ; an emergency/violation always
forces ℓi = 4.

17: wi ← {1, 2, 5, 10}[ℓi]
18: return wi

4.7. PPO-Based Scheduler Control

The reinforcement learning agent is based on Proximal Policy Optimization (PPO).
PPO was selected because it limits excessive policy updates through a clipped objective,
which is useful in a scheduling environment where unstable actions can quickly degrade
packet delivery. In addition, the gradual updates of the PPO agent avoid unnecessary
oscillations and aggressive, short-lived decisions that might cause extreme actions in the
already dynamic V2X environment. The PPO state includes normalized telemetry features
(delay statistics, packet delivery behavior, throughput, jitter, buffer pressure, deadline-
related indicators), and in the classifier-assisted variants, the state also includes the violation
probability produced by GMM, HMM, or BLR. The action space is discrete and identical to
the scheduler-weight setW of Equation (1):

A =W = {1.0, 2.0, 5.0, 10.0}. (9)

4.7.1. Reward Function

The reward is computed at every control interval. Each served UE i receives a single-
currency reward ri = personali + altruism, where the altruism term is a shared network-
health signal and the personal term differs for critical (ToD, AIC) and background (HDM,
RTSA) UEs. All coefficients are listed in Table 3.

Network health.

Once per cycle, over the set C of critical UEs,

hi = clip
(

si
Di

, 0, 1
)

︸ ︷︷ ︸
slack score

·
(

1− clip
(

max(bul
i ,bdl

i )

bcap
i

, 0, 1
))

︸ ︷︷ ︸
1 − buffer pressure

, H =
1
|C| ∑i∈C

hi, (10)
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with H = 1 when C = ∅. Here, si is the minimum remaining slack, Di the use-case
deadline, bul/dl

i the buffer occupancy, and bcap
i the buffer capacity.

Slack reward.

For a slack value s and deadline D, the bounded, asymmetric slack reward is

Rslack(s, D) =

tanh(s/D), s ≥ 0 (∈ [0,+1)),

−3 tanh(−s/D), s < 0 (∈ (−3, 0]).
(11)

The deadline D acts as the normalizer (the constant τs of the schematic form), and the
multiplier 3 penalizes a deadline miss far more strongly than equally large positive slack
is rewarded.

Personal term.

For a critical UE, the personal term sums the uplink and downlink slack rewards and
subtracts normalized buffer occupancy,

personali = Rslack(sul
i , Dul

i ) + Rslack(sdl
i , Ddl

i )−
(
bul

i + bdl
i
)
. (12)

For a background UE, with weight score g = (ℓi − 1)/3 ∈ [0, 1] for level ℓi,

personali = 4
(

H g + (1− H)(1− g)
)
− 2 (∈ [−2,+2]), (13)

i.e., when the network is healthy, the agent is rewarded for raising background weight
(throughput), and when congested for lowering it (altruism).

Altruism term and total.

All UEs share

altruism = 2H − 1 (∈ [−1,+1]), ri = personali + altruism. (14)

This makes deadline satisfaction the dominant objective for critical flows while penalizing
excessive queueing and the unnecessary starvation of delay-tolerant traffic.

Table 3. Reward-function coefficients and constants (source of truth: the deployed PPO agents).
A reward-contribution and coefficient-sensitivity analysis is given in Section 6.9.

Symbol Value Role/Where It Enters

Violation penalty multiplier 3.0 Negative branch of Rslack
Positive-slack saturation 1.0 tanh upper bound (s ≥ 0)
Buffer-pressure weight (UL, DL) 1.0 each −(bul + bdl), critical UEs
Background rescale gain 4.0 4 target− 2
Background rescale offset −2.0 4 target− 2
Altruism gain 2.0 2H − 1
Altruism offset −1.0 2H − 1
ToD buffer capacity 256 KiB bcap (ToD)
AIC buffer capacity 64 KiB bcap (AIC)
ToD deadline (UL/DL) 100/20 ms Slack normalizer D
AIC deadline (UL/DL) 100/100 ms Slack normalizer D

4.7.2. Safety Shield

A lightweight safety shield prevents unsafe actions during early training and emer-
gency conditions. The shield is active during the first 20 control cycles of training (startup
protection) and whenever any critical UE’s estimated slack falls below 5 ms. When ac-
tive, it applies a deterministic fallback: highest priority weight to critical flows, lowest to
background flows. The PPO agent observes the shielded action and its reward, so policy
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learning remains aligned with the safety-constrained trajectory. This approach does not
provide formal safety guarantees but reduces catastrophic behavior during exploration.
This is an important module in the experiment, since a bad exploratory action by the agent,
or even a series of them, might cause a cascading effect in the network that will eventually
produce an unrecoverable network state.

5. Experimental Methodology
5.1. Dataset Generation and Train/Evaluation Split

The classifier training dataset was generated from baseline ns-3 simulations using the
topology, mobility, and traffic configuration of Section 3. Packet and flow-level telemetry
was collected and aggregated into rolling 100 ms windows and each window produced
one training sample per controlled UE or flow. For every sample, the feature vector
was extracted from the current window and the label from the following window: if
at least one packet in the next window violated its use-case-specific deadline, the label
was one, otherwise zero. This avoided training the classifiers on data generated by their
own interventions and provided a consistent baseline distribution for comparing the
probabilistic predictors.

Generalization Split

To test whether the trained controllers generalized beyond their training conditions,
we deliberately separated training and evaluation along two axes:

• Load. PPO policies were trained under stressed conditions: 60-vehicle density with
offered packet rates increased by 40% relative to Table 2. Evaluation used the unmodi-
fied offered rates and includes 30- and 40-vehicle densities that the agent never saw
during training. The 30- and 40-vehicle evaluations therefore constituted a zero-shot
generalization test for the learned policies.

• Mobility. Inference used different SUMO mobility traces (different vehicle trajectories
on the same urban grid) and different random seeds from those used for training-data
generation. The classifiers and PPO policies were not exposed to the evaluation traces.

Offline processing was used only for dataset construction and classifier training.
All reported scheduler-control results were obtained from live ns-3/ns3-ai closed-loop
simulations: every controller action was applied to the running simulator and affected
subsequent network evolution.

5.2. Classifier Training

The GMM, HMM, and BLR classifiers were trained offline. The dataset was split into
training and validation subsets while preserving the temporal ordering of samples where
required by the HMM. Feature normalization parameters were computed from the training
data and applied consistently during validation and online inference. Classifier perfor-
mance was evaluated using accuracy, F1-score, precision, recall, ROC-AUC, and average
precision. Recall was especially important because a false negative left an at-risk packet
without a priority increase; precision mattered because excessive false positives led to
unnecessary weight boosts and reduced background-flow throughput. For BLR, probability
calibration was additionally evaluated using Expected Calibration Error (ECE).

5.3. PPO Hyperparameter Search

PPO hyperparameters were selected using the Optuna tool. A complete, exhaustive
grid search was computationally impractical because each PPO trial required a full ns-
3/ns3-ai simulation loop across several hyperparameter selections. The search objective
was the DC-PRR score achieved during validation. The search explored learning rate,
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discount factor, GAE parameter, PPO clipping coefficient, entropy coefficient, and rollout
length. Table 4 reports the trials. To keep the search tractable, each Optuna trial used a
shortened simulation trace (approximately 8000 s of wall-clock time per trial, as reported in
the Elapsed column); only the selected configuration was subsequently trained with the
full multi-day budget described in Section 5.4. Trial 9 achieved the highest validation score
and was selected as the final configuration: it combined a relatively high learning rate,
a short rollout length, and a small clipping coefficient, producing fast adaptation while
still constraining policy updates through PPO clipping. The selected trial used an entropy
coefficient of 0.020582.

Table 4. Optuna hyperparameter search results for PPO training.

Trial Score Elapsed (s) LR γ λ ϵ Rollout

9 0.9999 8057.5 0.000814 0.9019 0.9089 0.0578 32
1 0.9978 8043.2 0.000025 0.9907 0.9706 0.1402 128
7 0.9974 8059.1 0.000103 0.9435 0.9872 0.1655 32
5 0.9966 8040.4 0.000150 0.9054 0.9874 0.1946 64
4 0.9939 8001.4 0.000040 0.9501 0.9365 0.1197 128
2 0.9915 7975.2 0.000457 0.9258 0.9601 0.0683 32
8 0.9893 8010.1 0.000033 0.9219 0.9199 0.1674 32
6 0.9845 8020.1 0.000737 0.9081 0.9034 0.2027 256
0 0.9716 8024.4 0.000024 0.9448 0.9834 0.1029 64
3 0.9343 7764.7 0.000433 0.9664 0.9385 0.2240 64

5.4. PPO Training Procedure and Compute Budget

Four PPO variants were trained: PPO-only, GMM+PPO, HMM+PPO, and BLR+PPO.
Each PPO training run used a 500 s simulated trace at 60-vehicle density with the +40%
traffic stress described above. Because every control step required interaction with the full
ns-3/ns3-ai simulation loop, each PPO variant required more than two days of continuous
wall-clock training. We therefore evaluated PPO under a fixed, deployment-relevant
training budget rather than as an asymptotically converged policy. The training curves
in Figures 7–9 are reported to show that PPO updates remained bounded and that the
learned policies reached a stable operating regime. The final closed-loop inference results
in Section 6 are the primary evidence of scheduling effectiveness.

Figure 7. Mean PPO training reward for the evaluated PPO variants.
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Figure 8. PPO policy loss during training.

Figure 9. Approximate KL divergence during PPO training. Bounded values confirm that PPO
clipping prevented excessively large policy updates.

5.5. Compared Scheduling Strategies

We compared ten scheduling strategies:

1. PF baseline: PF scheduling with equal weights and no AI intervention.
2. SB-DAS: The non-learning slack-based deadline-aware heuristic of Section 4.6, on the

same weight set {1, 2, 5, 10}.
3. GMM-only: GMM violation probability mapped directly to scheduler weights.
4. HMM-only: HMM violation probability mapped directly to scheduler weights.
5. BLR-only: BLR violation probability mapped directly to scheduler weights.
6. GMM+PPO: PPO control with GMM violation probability included in the state.
7. HMM+PPO: PPO control with HMM violation probability included in the state.
8. BLR+PPO: PPO control with BLR violation probability included in the state.
9. PPO-only without shield: PPO control without explicit classifier-derived violation

probability.
10. PPO+shield: PPO-only control with emergency shielding at inference.

This design separates four questions: (i) whether a non-learning deadline-aware
heuristic (SB-DAS) improves over the fairness baseline, (ii) whether probabilistic classifier
control improves over the heuristic, (iii) whether PPO improves over rule-based classifier
control, and (iv) whether classifier probabilities provide useful additional state information
to the PPO agent.
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PF is used as the main conventional baseline because it is the standard fairness-
throughput reference for cellular MAC scheduling and is commonly used in NR scheduling
studies. All evaluated methods use the same underlying 5G-LENA NR TDMA scheduler.
The PF baseline uses equal per-UE weights throughout the simulation and does not apply
deadline-risk-driven weight adaptation, while the adaptive variants (SB-DAS and the
AI-assisted controllers) modify only the per-UE scheduler weights through the external
controller. This isolates the effect of deadline-aware weight control rather than comparing
different scheduler implementations. Since the objective of this work is to quantify the
benefit of deadline-risk-aware adaptive weighting over conventional fairness-oriented
scheduling, PF provides the most relevant non-adaptive comparison point.

5.6. Evaluation Metrics

The primary metric was Deadline-Constrained Packet Reception Ratio (DC-PRR):

DC-PRR =
|{p : p is received and latencyp ≤ deadlinep}|

|{p : p is transmitted}| . (15)

Unlike conventional packet delivery ratio (PDR), DC-PRR treats late packets as failures,
which is appropriate for V2X services where packets may lose application-level value
after the deadline. Secondary metrics included PDR, mean latency, P95 and P99 latency,
throughput, jitter, deadline-violation count, and scheduler-weight distribution.

5.7. Statistical Validation

Each scheduling strategy was evaluated across three vehicle densities and three ran-
dom seeds, producing nine simulation runs per method. With the ten compared strategies
(PF, SB-DAS, and the eight AI-assisted variants), this yielded 90 simulations in total. Per-
flow metrics were aggregated using flow-count weighting so that flows with more active
packets contributed proportionally to the run-level summary. Results are reported as mean,
standard deviation, and 95% bootstrap confidence intervals across the nine runs.

In addition, paired confidence scores were computed for DC-PRR. For each method
(including SB-DAS), run-level summaries were paired with the PF baseline using the same
vehicle density and random seed, and a paired DC-PRR gain was computed for each of the
nine pairs. The confidence score was the percentage of bootstrap resamples for which the
mean gain was positive; a one-sided Wilcoxon signed-rank test is also reported. Consistent
with the limited seed budget, we restrict significance claims to the PF-vs-adaptive gap and
treat differences among the adaptive controllers (SB-DAS and the AI-assisted variants) as
indicative rather than as a ranking.

We highlight an important caveat. With n = 9 paired observations, the smallest achiev-
able one-sided Wilcoxon p-value when all differences share the same sign is 1/29 ≈ 0.00195.
The reported p = 0.00195 values for the adaptive-vs-PF comparisons therefore indicate
that every paired comparison favored the adaptive method. They should be interpreted as
evidence of consistency rather than as a measure of effect size.

6. Results
The results are organized as follows. Section 6.1 reports offline classifier performance

on the held-out validation set. Section 6.2 establishes the headline finding: the gap between
the PF baseline and every adaptive controller, including SB-DAS. Section 6.3 isolates
the source of the gain using the non-learning SB-DAS heuristic. Section 6.4 examines
where the gains arise on a per-flow basis. Section 6.5 reports secondary metrics (latency
tails, throughput, jitter). Section 6.6 examines scaling with vehicle density. Section 6.7
compares the AI-assisted controllers among themselves and discusses the ceiling effect
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that limits separation between them. Section 6.8 reports per-controller inference latency
and computational complexity, and Section 6.9 provides the reward-contribution and
sensitivity analysis.

6.1. Offline Classifier Performance

Table 5 summarizes the offline performance of the three classifiers for next-window
deadline-violation prediction. GMM achieves the highest F1-score, recall, and ROC-AUC;
HMM and BLR achieve higher precision but lower recall, indicating more conservative
positive predictions. BLR additionally provides calibrated probabilities (ECE = 0.0225).

Table 5. Offline classifier performance for next-window deadline-violation prediction.

Classifier Accuracy F1 Precision Recall ROC-AUC Avg. Prec. ECE

GMM 0.9366 0.7709 0.7089 0.8467 0.9544 0.8157 –
HMM 0.9408 0.7156 0.9017 0.5933 0.9256 0.8199 –
BLR 0.9405 0.7140 0.9010 0.5915 0.9284 0.8220 0.0225

ROC-AUC measures the classifier’s ability to rank violation and non-violation cases.
A value of 0.5 corresponds to random ranking, while a value close to 1.0 indicates that
the classifier consistently assigns higher violation scores to truly at-risk flows. In this
experiment, all three classifiers achieved high ROC-AUC values above 0.92, showing
that each model learned useful separations between safe and violation-prone network
states. GMM obtained the highest ROC-AUC of 0.9544, indicating the strongest threshold-
independent discrimination ability.

Expected Calibration Error (ECE) measures how well predicted probabilities corre-
spond to observed event frequencies. A low ECE means that when a model outputs a
probability, for example 80%, the event occurs approximately 80% of the time among similar
predictions. BLR was the only model explicitly evaluated for calibration and achieved
a low ECE of 0.0225, indicating that its predicted probabilities were well calibrated and
suitable for confidence-aware control.

The recall–precision trade-off is the most important difference and informs the
scheduler-control results that follow. For deadline-aware scheduling, false negatives are
particularly harmful because they leave at-risk flows without a priority increase. This fa-
vored high-recall classifiers such as GMM. False positives, in contrast, lead to unnecessary
weight boosts and reduced background-flow throughput, which was partially absorbed by
the scheduler-weight hysteresis mechanism. The offline classifier differences were larger
than the final scheduler-control differences because the probability-to-weight mapping is
not a direct classifier-decision rule. As a result, offline recall differences translated into
smaller online DC-PRR differences once the classifier was embedded in the closed-loop
scheduler-control mechanism.

6.2. Adaptive Scheduling vs. PF Baseline

The PF baseline performed poorly under deadline-constrained evaluation. Across
all densities and seeds it achieved a mean DC-PRR of 61.55% (standard deviation 14.54)
and degraded sharply with load: 75.20% at 30 vehicles, 65.33% at 40 vehicles, and 44.11%
at 60 vehicles (Table 6). This confirms that fairness-oriented equal-weight scheduling is
catastrophic for mixed-criticality V2X traffic when the evaluation criterion is deadline-
constrained delivery rather than raw packet reception.
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Table 6. Mean DC-PRR (%) by scheduling method and vehicle density, including the non-learning
SB-DAS baseline. Overall values are aggregated across all densities and random seeds.

Method 30 Veh. 40 Veh. 60 Veh. Overall Std. 95% CI

PF baseline 75.20 65.33 44.11 61.55 14.54 [52.37, 70.21]
SB-DAS 99.14 99.39 97.22 98.58 1.51 [97.56, 99.35]
GMM-only 99.62 99.77 97.53 98.97 1.11 [98.25, 99.64]
HMM-only 98.33 98.70 98.11 98.38 0.28 [98.21, 98.53]
BLR-only 97.78 98.95 96.93 97.89 1.61 [96.78, 98.73]
GMM+PPO 98.85 97.82 97.67 98.11 1.40 [97.09, 98.86]
HMM+PPO 99.40 95.83 91.18 95.47 6.89 [90.73, 98.48]
BLR+PPO 98.57 97.27 93.94 96.59 4.52 [93.48, 98.67]
PPO-only 99.77 98.69 98.82 99.09 0.73 [98.63, 99.54]
PPO-only+shield 98.57 97.01 96.04 97.21 2.34 [95.70, 98.52]

Every adaptive variant exceeded 95% mean DC-PRR. The paired analysis (Table 7)
shows that every adaptive method, including the non-learning SB-DAS heuristic, improved
DC-PRR over the PF baseline in every one of the nine paired density/seed comparisons.
The mean gain over PF ranged from 33.9 percentage points (HMM+PPO) to 37.5 percentage
points (PPO-only); the non-learning SB-DAS heuristic recovered 37.0 percentage points,
placing it squarely within the range spanned by the learned and probabilistic controllers.
Bootstrap confidence scores were 100% for every method, and Wilcoxon p-values were at
the lowest possible point for n = 9 paired observations. Thus, the statistical result should
be read as evidence that the improvement over PF is consistent across all matched runs,
not as evidence for fine-grained effect-size precision.

Table 7. Paired DC-PRR improvement over the PF baseline across the nine density/seed pairs.
The confidence score is the bootstrap-estimated probability that the method improves mean DC-PRR
over PF.

Method Mean Gain 95% CI Low 95% CI High Conf. Wilcoxon
(pp) (pp) (pp) Score p

SB-DAS 37.04 28.85 45.61 100% 0.00195
GMM-only 37.43 29.17 46.02 100% 0.00195
HMM-only 36.83 28.13 45.78 100% 0.00195
BLR-only 36.34 27.79 45.38 100% 0.00195
GMM+PPO 36.57 28.48 45.29 100% 0.00195
HMM+PPO 33.92 26.57 42.03 100% 0.00195
BLR+PPO 35.05 27.15 43.68 100% 0.00195
PPO-only 37.55 28.90 46.65 100% 0.00195
PPO-only+shield 35.66 27.28 44.34 100% 0.00195

The headline conclusion is therefore unambiguous: under the simulated load range,
equal-weight PF scheduling fails to meet deadline-constrained delivery requirements,
and every form of deadline-aware adaptive weighting we evaluated recovers most of the
lost performance.

6.3. Deadline-Aware Heuristic Baseline and Source of the Gain

A natural question is whether the recovery over PF requires learning at all. To answer
it, we included the non-learning SB-DAS heuristic (Section 4.6) in the evaluation on the same
densities and seeds; its mean DC-PRR is reported alongside the learned and probabilistic
controllers in Table 6.

SB-DAS recovers +37.04 pp over PF (paired 95% bootstrap CI [28.85, 45.61]pp, confi-
dence score 100%, one-sided Wilcoxon p = 0.00195), on par with every AI-assisted method
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(whose paired gains span +33.9 to +37.5 pp; Table 7). In other words, a deterministic slack-
and-violation rule on the same weight set reaches a DC-PRR statistically indistinguishable
from the learned and probabilistic controllers. This is the central interpretive result enabled
by the SB-DAS baseline: most of the recovery over PF is attributable to deadline awareness, not
to learning. We state the corollary plainly: at the evaluated sample size, we observed no
statistically supported advantage of the learned or probabilistic controllers over SB-DAS,
so these results should not be read as evidence that learning is better than the heuristic for
this task.

The method-component ladder in Table 8 makes this explicit. Moving from PF to the
non-learning SB-DAS captures +24 to +53 pp depending on density, which is essentially
the entire improvement, while adding a learned classifier (GMM-only) contributes only
+0.3 to +0.5 pp, and adding PPO on top contributes nothing further or marginally less.

Table 8. Method-component contribution ladder: DC-PRR (%) and incremental gain (∆pp over the
rung above), per density. Incremental gains are computed from unrounded run-level values and may
therefore differ from differences of the rounded DC-PRR entries by up to ±0.01 pp.

Rung 30 Veh. 40 Veh. 60 Veh.

PF baseline 75.20 65.33 44.11
SB-DAS 99.14 (+23.94) 99.39 (+34.05) 97.22 (+53.12)
GMM-only 99.62 (+0.48) 99.77 (+0.39) 97.53 (+0.31)
GMM+PPO 98.85 (−0.76) 97.82 (−1.96) 97.67 (+0.14)
PPO-only+shield 98.57 (−0.28) 97.01 (−0.81) 96.04 (−1.63)

6.4. Per-Flow Analysis

The aggregate gain conceals significant variation across V2X services. Tables 9–11
report DC-PRR per flow at each density. The PF baseline degrades primarily on uplink AIC,
RTSA, and HDM flows at 30 and 40 vehicles, falling to 25–47% DC-PRR for these flows.
At 60 vehicles, the degradation broadens: AIC-DL drops to 54.66%, RTSA-DL to 54.44%,
HDM-DL to 54.92%, and ToD-UL to 44.44%. The pattern reflects the asymmetry of the traffic
mix: heavy ToD-UL (3.2 Mbps, 3 ms period) and HDM-DL (3.2 Mbps, 3 ms period) saturate
scheduling resources, and once those flows compete with each other and with the lighter
critical flows, the equal-weight scheduler cannot prevent extensive deadline violations.

Table 9. DC-PRR (%) by V2X flow at 30 vehicles for all evaluated scheduling methods.

Flow PF SB-DAS GMM-Only HMM-Only BLR-Only GMM+PPO HMM+PPO BLR+PPO PPO-Only PPO+Shield

ToD-UL 99.99 99.83 99.87 99.70 99.61 99.71 99.99 99.90 99.90 99.90
ToD-DL 95.21 99.65 99.62 99.06 97.86 99.82 100.00 99.93 100.00 99.93
AIC-UL 42.62 96.82 99.34 95.98 86.02 92.65 96.02 81.42 98.53 81.42
AIC-DL 98.39 99.73 99.65 98.98 99.04 99.75 100.00 99.96 99.98 99.96
RTSA-UL 46.54 99.82 99.79 99.92 99.53 99.89 99.92 99.43 99.99 99.43
RTSA-DL 98.66 99.76 99.54 97.69 98.88 99.64 100.00 99.96 99.99 99.96
HDM-UL 63.11 100.00 100.00 100.00 100.00 100.00 100.00 100.00 99.98 100.00
HDM-DL 98.93 99.72 99.34 96.65 97.83 99.20 99.99 99.85 99.93 99.85

Table 10. DC-PRR (%) by V2X flow at 40 vehicles.

Flow PF SB-DAS GMM-Only HMM-Only BLR-Only GMM+PPO HMM+PPO BLR+PPO PPO-Only PPO+Shield

ToD-UL 99.93 99.95 99.98 99.71 99.81 99.99 99.24 99.96 99.98 99.99
ToD-DL 96.23 99.58 99.79 98.26 99.17 97.76 95.82 97.40 98.99 96.68
AIC-UL 24.91 99.72 99.84 99.45 98.15 99.38 99.58 96.64 99.72 97.89
AIC-DL 87.46 99.32 99.76 98.30 99.26 97.33 95.57 96.99 98.87 96.59
RTSA-UL 39.07 99.86 99.95 99.95 98.97 99.93 99.68 99.92 99.34 99.88
RTSA-DL 89.52 98.99 99.76 97.53 99.02 96.10 91.80 96.09 98.26 94.61
HDM-UL 25.91 100.00 100.00 100.00 100.00 99.99 99.99 100.00 99.97 100.00
HDM-DL 95.39 97.84 98.94 96.45 98.33 92.65 87.28 92.75 94.77 92.42
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Table 11. DC-PRR (%) by V2X flow at 60 vehicles.

Flow PF SB-DAS GMM-Only HMM-Only BLR-Only GMM+PPO HMM+PPO BLR+PPO PPO-Only PPO+Shield

ToD-UL 44.44 99.59 99.66 99.74 93.55 99.96 99.97 99.53 99.93 99.83
ToD-DL 78.13 97.26 97.45 96.68 97.24 98.20 91.64 94.38 98.86 95.18
AIC-UL 23.14 99.78 98.64 99.70 96.85 99.77 98.56 99.71 99.76 99.78
AIC-DL 54.66 96.75 98.05 96.97 97.84 97.17 89.68 93.61 98.57 95.12
RTSA-UL 35.35 99.92 98.59 99.90 98.29 99.95 99.91 99.97 99.96 99.92
RTSA-DL 54.44 95.05 96.35 96.54 96.74 96.10 80.18 87.01 97.96 91.98
HDM-UL 33.91 99.99 100.00 100.00 100.00 99.99 99.95 99.97 99.99 99.97
HDM-DL 54.92 89.68 92.18 94.90 94.03 89.50 72.67 82.24 95.41 87.40

The adaptive controllers improve DC-PRR across nearly all flows. The non-learning
SB-DAS heuristic and the classifier-only methods (GMM-only, HMM-only, BLR-only) are
particularly consistent, lifting every flow above 92% even at 60 vehicles (SB-DAS keeps
every flow at or above 89.7%). The classifier-assisted PPO variants show stronger sensitivity
to traffic class: HMM+PPO degrades RTSA-DL to 80.18% and HDM-DL to 72.67% at
60 vehicles, suggesting that the joint state representation produced by combining HMM
probabilities with raw telemetry is harder to learn from within the available training budget.
PPO-only retains strong per-flow behavior across all tested densities, with HDM-DL at
60 vehicles (95.41%) being its weakest flow.

Figure 10 reports the absolute count of deadline violations at 60 vehicles, comple-
menting DC-PRR by showing the magnitude of missed deadlines rather than only the
normalized success ratio. The PF baseline produces by far the largest number of violations,
dominated by the heavy uplink and downlink flows. All adaptive methods (SB-DAS and
the AI-assisted variants) substantially reduce late packet delivery; the residual violations
are concentrated in HDM-DL and RTSA-DL, consistent with the per-flow tables.

Figure 10. Deadline violation counts at 60 vehicles. Bars are stacked by V2X flow.

6.5. Secondary Metrics: Latency, Throughput, and Jitter

Although DC-PRR is the primary metric, the underlying delay distribution and
throughput cost are also relevant. Tables 12–15 report mean P95 latency, P99 latency,
throughput, and jitter by vehicle density. The PF baseline degrades on every secondary met-
ric as load increases: at 60 vehicles, its P95 latency reaches 148.3 ms, P99 latency 320.5 ms,
jitter 16.7 ms, and normalized throughput drops to 0.73. Every adaptive method, including
the non-learning SB-DAS heuristic, maintains higher throughput and substantially lower
tail latency.
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Table 12. Mean P95 latency (ms) by vehicle density.

Method 30 Veh. 40 Veh. 60 Veh.

PF baseline 71.97 98.50 148.29
SB-DAS 14.22 12.24 26.50
GMM-only 11.19 11.44 19.96
HMM-only 14.91 11.71 12.64
BLR-only 19.00 12.08 17.17
GMM+PPO 15.88 22.77 26.69
HMM+PPO 13.58 34.16 75.11
BLR+PPO 18.13 28.87 70.09
PPO-only 10.89 19.30 13.89
PPO-only+shield 18.13 31.30 32.21

Table 13. Mean P99 latency (ms) by vehicle density.

Method 30 Veh. 40 Veh. 60 Veh.

PF baseline 103.14 132.20 320.50
SB-DAS 22.17 42.07 139.78
GMM-only 19.39 19.68 123.88
HMM-only 69.40 71.32 85.17
BLR-only 38.67 31.84 118.21
GMM+PPO 28.51 114.55 112.76
HMM+PPO 15.39 198.77 175.00
BLR+PPO 27.56 99.26 151.59
PPO-only 19.67 51.66 67.17
PPO-only+shield 27.56 139.89 227.35

Table 14. Mean normalized throughput by vehicle density. Throughput is normalized to the nominal
per-flow offered load; values slightly above 1.0 reflect delivery of traffic that was queued during
earlier congested intervals (backlog drainage), so the delivered total within a measurement window
can briefly exceed the instantaneous offered total.

Method 30 Veh. 40 Veh. 60 Veh.

PF baseline 0.916 0.875 0.733
SB-DAS 1.023 1.027 1.016
GMM-only 1.027 1.027 1.021
HMM-only 1.022 1.022 1.017
BLR-only 1.019 1.027 1.022
GMM+PPO 1.026 1.020 1.020
HMM+PPO 1.027 1.011 1.002
BLR+PPO 1.022 1.020 1.004
PPO-only 1.027 1.024 1.024
PPO-only+shield 1.022 1.016 1.010

The classifier-only controllers and PPO-only maintain the most stable tail latency.
HMM-only keeps P95 below 15 ms and jitter below 2 ms across all densities; GMM-only
stays at or below 20 ms P95 (19.96 ms at 60 vehicles) with jitter below 2 ms. PPO-only
achieves the lowest P95 at 60 vehicles (13.9 ms) and a P99 of 67.2 ms there. The non-learning
SB-DAS heuristic tracks the classifier-only controllers on P95 (12–27 ms) and jitter (below
2.1 ms), although its P99 at 60 vehicles (139.8 ms) is higher than GMM-only and PPO-
only. The classifier-assisted PPO variants show the largest tail-latency degradation as
density increases (HMM+PPO P99 reaches 198.8 ms at 40 vehicles and BLR+PPO 151.6 ms
at 60 vehicles), again indicating that the hybrid state representation is harder for the agent
to exploit within the training budget.
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Table 15. Mean jitter (ms) by vehicle density.

Method 30 Veh. 40 Veh. 60 Veh.

PF baseline 7.63 10.84 16.72
SB-DAS 0.94 1.18 2.04
GMM-only 0.83 1.02 1.87
HMM-only 1.22 1.16 1.79
BLR-only 1.63 1.14 2.01
GMM+PPO 1.24 1.72 1.93
HMM+PPO 1.04 1.80 3.00
BLR+PPO 1.59 2.24 2.48
PPO-only 0.80 1.49 1.65
PPO-only+shield 1.59 1.91 2.10

Figures 11–14 provide per-flow heatmaps at 60 vehicles, showing where each method’s
gains over PF are concentrated. The improvements are broad: most methods improve P95,
P99, throughput, and jitter on most flows, with the largest absolute gains on the heavy
uplink flows (ToD-UL, AIC-UL, RTSA-UL, HDM-UL) where PF was most badly degraded.

Figure 11. P95 latency gain relative to the PF baseline by V2X flow and scheduling method at
60 vehicles. Positive values indicate reduced P95 latency.

Figure 12. P99 latency gain relative to the PF baseline by V2X flow and scheduling method at
60 vehicles.
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Figure 13. Throughput gain relative to the PF baseline by V2X flow and scheduling method at
60 vehicles.

Figure 14. Jitter gain relative to the PF baseline by V2X flow and scheduling method at 60 vehicles.
Positive values indicate more stable timing.

6.6. Scaling with Vehicle Density

Density behavior is summarized in the third column block of Table 6. The PF baseline
degrades monotonically (75.2%→ 65.3%→ 44.1%). The non-learning SB-DAS heuristic
is essentially flat across density (99.1%→ 99.4%→ 97.2%). The classifier-only methods
are likewise flat: GMM-only stays above 97.5%, HMM-only between 98.1% and 98.7%,
and BLR-only between 96.9% and 98.9%. PPO-only is also density-stable (98.7–99.8%).
The classifier-assisted PPO variants show the largest density sensitivity, with HMM+PPO
dropping from 99.4% at 30 vehicles to 91.2% at 60 vehicles.

Recall that the PPO policies were trained at 60 vehicles with +40% offered traffic.
The 30- and 40-vehicle results therefore constitute zero-shot generalization tests: the agents
were never exposed to these load levels during training. PPO-only generalizes well from
the stressed training distribution to the lower-density evaluation conditions, and so do the
GMM-only, HMM-only, and BLR-only controllers (which rely on classifiers trained on the
same baseline data).
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6.7. Comparing AI-Assisted Methods

Within the AI-assisted band, the methods clustered between 95.5% (HMM+PPO) and
99.1% (PPO-only). Three observations follow:

• The differences are small relative to the seed variability. Mean differences of one
to three percentage points between AI methods are comparable to or smaller than
the across-seed standard deviations (Table 6). With three seeds per density, paired
analyses cannot reliably separate methods that differ by less than two percentage
points. For instance, the paired bootstrap confidence score for PPO-only exceeding
GMM-only is only 67.5%, and the paired CI includes zero. PPO-only and GMM-only
should therefore be regarded as statistically comparable at this sample size.

• The hybrid PPO+classifier configurations did not deliver the expected benefit.
Adding classifier-derived violation probabilities to the PPO state did not consistently
improve performance: GMM+PPO underperformed both GMM-only and PPO-only;
HMM+PPO showed the largest density sensitivity and the largest secondary-metric
degradation; BLR+PPO sat between the standalone methods. This is a substantive
negative finding for the privileged-feature design hypothesis. A plausible explanation
is that PPO can extract equivalent information about deadline risk from the raw
telemetry features in its state, so adding a classifier-derived probability is partially
redundant. Further experimentation is needed to distinguish confidently between
AI-assisted methods with statistically valid differences.

• The robust comparative result is that all adaptive variants clearly outperform the
PF baseline. Within the simulated load range, four learned/probabilistic controllers
(GMM-only, HMM-only, BLR-only, PPO-only) form a tight performance band around
97.9–99.1% mean DC-PRR, and the non-learning SB-DAS heuristic falls inside the
same band (Section 6.3). Three classifier-assisted PPO variants form a slightly broader
and more variable band (95.5–98.1%). The main conclusion is that every adaptive
variant, including the deterministic heuristic, consistently and clearly outperforms the
PF baseline. Among the controllers, the practically interesting result is that GMM-only
matches PPO-only within statistical noise, and SB-DAS in turn matches the learned
controllers within statistical noise while being the simplest to train (it requires no
training at all), deploy, and reason about.

6.8. Inference Latency and Computational Complexity

To ground the deployment-simplicity discussion (Section 7), we measured the per-
control-cycle decision cost of each controller offline, by replaying representative telemetry
through each method’s exact decision machinery (single-threaded, 1000 iterations, no ns-
3/shared-memory overhead). Table 16 reports mean ± std per decision together with the
big-O complexity, where F is the number of controlled flows (2 × UEs), U the served UEs,
D = 19 features, and K/S/M/H are model sizes.

SB-DAS is roughly one-to-four orders of magnitude cheaper per decision than the
learned and probabilistic controllers and is essentially flat in density. Among the learned
options, PPO-only and BLR-only are the lightest (about 0.13 ms per decision), GMM-only is
heavier (about 0.7 ms) but still far below the budget, and the HMM-based variants are the
most expensive (12–24 ms) owing to the O(S2) forward filtering; the hybrid PPO+classifier
variants simply add the PPO forward pass on top of their classifier. Every method nev-
ertheless stays well within the 100 ms control budget. Combined with the contribution
analysis (Section 6.3), this places the deployment-simplicity claim on a measured footing: a
rule-based deadline-aware controller obtains comparable DC-PRR at negligible inference
cost, while among the learned controllers, PPO-only offers the best accuracy-to-cost ratio,
matching GMM-only’s DC-PRR at roughly one-fifth of its per-decision cost.
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Table 16. Per-control-cycle inference latency and computational complexity by method. Offline micro-
benchmark (single-threaded, 1000 iterations, no ns-3/shared-memory overhead); every method stays
within the 100 ms control budget. Cells report mean ± std/p95 in ms. Here F is the number of
controlled flows (2× UEs), U the served UEs, D = 19 features, K = 5 GMM components, S = 8 HMM
states, M = 100 BLR Monte-Carlo samples, and H the PPO hidden width.

Method Complexity Params 30 Vehicles 40 Vehicles 60 Vehicles

PF baseline — (no control loop) none n/a n/a n/a
SB-DAS O(F) 0 0.0060 ± 0.0004/0.0061 0.0056 ± 0.0001/0.0057 0.0058 ± 0.0001/0.0059
GMM-only O(FKD) 6096 0.6703 ± 0.0202/0.6823 0.6893 ± 0.0108/0.7114 0.7167 ± 0.0110/0.7444
HMM-only O(FS2) 1564 11.7808 ± 0.1358/11.9972 16.2086 ± 0.0905/16.3384 23.4847 ± 0.1921/23.6609
BLR-only O(FDM) 420 0.1268 ± 0.0099/0.1339 0.1314 ± 0.0090/0.1374 0.1374 ± 0.0043/0.1440
PPO-only O(UH2) 135,557 0.1228 ± 0.0018/0.1246 0.1478 ± 0.0073/0.1527 0.1923 ± 0.0031/0.1971
GMM+PPO O(FKD+UH2) 141,653 0.8522 ± 0.0302/0.8861 0.9161 ± 0.0438/0.9719 0.9752 ± 0.0126/0.9960
HMM+PPO O(FS2+UH2) 137,121 12.0662 ± 0.1272/12.2414 16.3170 ± 0.1535/16.5852 24.1710 ± 0.2201/24.4745
BLR+PPO O(FDM+UH2) 135,977 0.2849 ± 0.0122/0.2972 0.3185 ± 0.0073/0.3316 0.3734 ± 0.0071/0.3851

6.9. Reward Contribution and Sensitivity

Because full PPO retraining under modified reward coefficients would require a
substantially larger simulation budget, we provide a policy-fixed decomposition and one-at-
a-time sensitivity analysis computed offline over the deployed policy’s recorded trajectories.
Table 17 shows each reward term’s mean contribution and its share of the total reward signal.
The slack and background terms dominate the signal, the altruism term is substantial,
and the buffer-pressure penalty contributes a near-negligible share, consistent with the
sensitivity sweep below.

Table 17. Reward-term contribution over the deployed PPO trajectories (policy-fixed, offline).

Reward Term Mean Contribution Share of Signal

Background −0.58 35.8%
Slack +0.34 33.9%
Altruism +0.46 28.3%
Buffer penalty −0.03 2.0%

A one-at-a-time coefficient sweep (±25/50%, policy and trajectory held fixed) ranks
the coefficients by influence on the mean reward: the altruism gain is most influential
(∆ mean reward ≈ 0.73 across the swept range), followed by the background gain (≈0.34),
with the buffer-penalty weight least influential (≈0.016), again consistent with the small
buffer-term share. We flag clearly that this analysis decomposes and rescales the reward
over an already-trained policy’s trajectories rather than retraining; a fully retrained reward
ablation is left to future work (Section 7).

7. Discussion
The central finding is that fairness-oriented PF scheduling is inadequate for mixed-

criticality V2X traffic when delivery is evaluated under deadline constraints. PF DC-PRR
falls to 44.1% at 60 vehicles in our simulations, with broad degradation across both critical
and background flows. Lightweight deadline-aware adaptation of scheduler weights
closes most of this gap: every adaptive variant we evaluated exceeded 95% mean DC-PRR
and improved over PF in every paired density/seed comparison. This held across the
non-learning SB-DAS heuristic, rule-based controllers driven by probabilistic classifiers,
and a learned PPO policy. The SB-DAS baseline sharpens the interpretation: because a
deterministic slack-and-violation rule on the same weight set reaches a DC-PRR statistically
indistinguishable from the learned controllers (Section 6.3), the gain comes principally
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from the deadline-aware weight-adaptation principle itself rather than from a particular
classifier or from learning. Within the evaluated scenarios and seed budget, learning did
not provide a statistically resolvable DC-PRR gain over the strong SB-DAS heuristic, so
we position the heuristic as a competitive, hard-to-beat reference rather than claiming an
advantage for the learned controllers. The benefits a learned policy might still offer are
adaptation to traffic or channel regimes not represented in our scenarios, transfer across
deployments, or finer-grained control, which lie beyond what fixed-scenario, near-ceiling
experiments can resolve, and we treat them as open questions for future evaluation rather
than demonstrated advantages.

We deliberately do not claim a single best AI-assisted method or a strict ranking.
Several considerations support this. First, the absolute differences between the top four
controllers (GMM-only, HMM-only, BLR-only, PPO-only) are small relative to seed vari-
ability, and at n = 9 paired observations, the available statistical tests cannot resolve them.
GMM-only achieves a result statistically indistinguishable from PPO-only while requiring
no online exploration, no policy training infrastructure, and no learned-policy stability anal-
ysis. PPO-only achieves slightly higher P99 latency reduction and may adapt better when
the traffic mix or channel conditions change in ways not captured by classifier features.

Our initial hypothesis was that augmenting PPO state with classifier-derived viola-
tion probabilities would yield privileged-feature gains beyond either component alone.
GMM+PPO underperformed both GMM-only and PPO-only, while HMM+PPO showed
the largest density sensitivity and the largest tail-latency degradation. BLR+PPO sat
between the standalone methods. We interpret this as an important finding with two
non-exclusive plausible mechanisms: (i) the raw telemetry already encodes most of the
deadline-risk signal that the classifier extracts, so adding the probability is partially redun-
dant, and (ii) adding a classifier feature increases the effective input dimensionality and
slows learning within a bounded training budget.

Among the standalone classifiers, GMM produced the highest classifier-only DC-PRR.
This is consistent with its offline behavior: it had the highest recall and ROC-AUC, at the
cost of lower precision. For deadline-aware scheduling, false negatives (missing an at-risk
flow) are more harmful than false positives (boosting a flow that did not need it), because the
hysteresis-equipped weight-mapping rule absorbs short-term over-prioritization. HMM
and BLR are more conservative; HMM’s low across-seed variance (standard deviation 0.27)
reflects its temporal regime modeling and makes it the most stable classifier-only controller,
which may be valuable in deployments that prioritize predictability over peak DC-PRR.

7.1. Deployment

The framework’s external-controller design makes it a natural fit for the O-RAN near-
real-time RAN Intelligent Controller (near-RT RIC), where the proposed scheduler-weight
adapter would be implemented as an xApp. The 100 ms control period sits well within
the near-RT RIC’s 10 ms–1 s operating window, and the use of telemetry-driven weight
adjustments (rather than scheduler replacement) maps cleanly onto the E2 interface’s ex-
isting scope: the xApp would consume per-UE radio and QoS measurements through
E2SM-KPM-style indications and emit control actions via E2SM-RC policies that set per-UE
priority weights at the gNB-DU MAC scheduler. The ns3-ai shared-memory link used
here is the simulation analog of this control path. For deployment on a multi-access edge
computing (MEC) host co-located with the gNB or RIC, inference cost is not a bottleneck:
every controller’s per-decision cost is well below the 100 ms control period (Table 16),
with the SB-DAS heuristic cheapest by one-to-four orders of magnitude, the GMM-only
controller a small mixture model with sub-millisecond latency, and even the PPO policy a
compact discrete-action network whose forward pass is well below the budget on commod-
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ity edge hardware. The non-learning and classifier-only variants are particularly attractive
here because they require no online learning, produce deterministic outputs given the
same telemetry, and are straightforward to certify and roll back, properties that matter for
production xApp deployment more than peak DC-PRR.

7.2. Limitations

Several limitations affect the scope of our conclusions and should be noted.

• Single-gNB topology due to tool constraints. The evaluation uses a single-cell
deployment because the 5G-LENA NR module in ns-3 does not currently support
handover. Multi-gNB scenarios with handover, inter-cell interference coordination,
and multi-cell load balancing are therefore outside the scope of this study.

• Compute-bounded PPO training. Each PPO training run requires more than two days
of continuous wall-clock time because each control step calls a full ns-3 simulation step.
PPO did not converge in a strict asymptotic sense within the available budget, and the
PPO results should be interpreted as those of an online controller under fixed bounded
training rather than of a fully converged policy. Longer training may improve policy
quality, particularly for the classifier-assisted PPO variants, although inference results
indicate a learned policy and improvement over the PF baseline.

• Limited statistical power and inability of current experimental setup for ranking
AI-assisted methods. With three seeds per density and method, the paired evi-
dence is sufficient to support the primary PF-vs-adaptive comparison, because every
adaptive method improved over PF in every matched density/seed pair with large
effect sizes. However, distinguishing among the adaptive methods may require a
more concentrated experimental design. Paired confidence scores and bootstrap
CIs partially address this limitation, but absolute rankings among the top methods
remain uncertain.

• Discrete scheduler-weight action set. The action setW = {1.0, 2.0, 5.0, 10.0} keeps
the control problem tractable but may limit fine-grained adaptation. A continuous or
finer-grained action space could improve performance but would require redesigning
the classifier-only mapping rule, adapting the PPO action head, and, most importantly,
using a much larger compute budget.

• Open-loop sensitivity analyses. The reward-coefficient sensitivity and contribution
decomposition (Section 6.9) and the weight-set sensitivity (Appendix B) were com-
puted offline over recorded trajectories and decisions, with the policy and trajectory
held fixed. They quantified how the reward/control signal responded to parameter
changes but did not re-learn the policy. A fully retrained reward ablation and a closed-
loop re-evaluation under alternative weight sets are left to future work due to the
compute budget constraint.

8. Conclusions and Future Work
This paper presented a comparative study of probabilistic and reinforcement-learning

controllers for deadline-aware MAC scheduler-weight adaptation in 5G NR V2X networks.
The proposed closed-loop framework predicts imminent packet deadline violations from
network telemetry every 100 ms, through GMM, HMM, or BLR classifiers and uses these
predictions either directly via rule-based weight mapping or as state features for a PPO
agent. The framework was implemented in ns-3 with the 5G-LENA NR module and ns3-ai
shared memory and evaluated across three vehicle densities, three random seeds, and four
V2X service classes against a PF baseline.

The main empirical findings were as follows: (i) the PF baseline achieved only 61.5%
mean DC-PRR and degraded sharply with vehicle density, falling to 44.1% at 60 vehicles;
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(ii) every adaptive variant exceeded 95% mean DC-PRR and recovers 34–38 percentage
points over PF in every paired density/seed comparison; (iii) the differences among the
adaptive controllers were within seed-to-seed variability at three seeds per density, so
we reported them as indicative rather than as a ranking and reserve significance claims
for the PF-vs-adaptive gap; (iv) a non-learning Slack-Based Deadline-Aware Scheduler
(SB-DAS) on the same weight set reached a DC-PRR statistically indistinguishable from
the learned and probabilistic controllers, so based on the available evidence (n = 9 paired
observations), we found no statistically supported advantage of learning over the simple
heuristic, we do not claim that learning is necessary or superior for this task, and we
attribute most of the recovery over PF to deadline awareness rather than to learning; and
(v) augmenting PPO state with classifier-derived violation probabilities did not consistently
improve performance, indicating that the hybrid configuration did not earn its additional
complexity in our setup.

The most practically interesting outcome is that lightweight deadline-aware control
matches the learned policy in our experiments while remaining simpler and faster to deploy:
the GMM-only variant matches PPO-only within statistical noise, and the training-free
SB-DAS heuristic in turn matches the learned controllers within statistical noise at one-to-
four orders of magnitude lower inference cost. We emphasize that our experiments do not
establish that the learned or probabilistic controllers outperform the deterministic heuristic:
the small mean differences fall within seed-to-seed variability and are not statistically
resolvable at the evaluated sample size and experiment design. The simpler heuristic is the
more parsimonious choice on the present evidence and learning would have to justify itself
on grounds, robustness to distribution shift, transfer across scenarios, finer control, which
lie beyond what this work evaluates. The robust scientific conclusion is that deadline-aware
adaptive weighting, whether learned or not, closes the deadline-constrained delivery gap
left by fairness-oriented PF scheduling.

Future Work

Future work will extend the evaluation in five directions. First, multi-gNB evalu-
ation with handover is needed once 5G-LENA supports it, in order to assess inter-cell
coordination and mobility-management effects. Second, a ranking-oriented methodology
should be designed to distinguish near-ceiling AI-assisted controllers, including additional
stress levels, repeated PPO training runs, and equivalence or non-inferiority testing. Third,
the PPO formulation could be extended toward multi-agent reinforcement learning across
cells, traffic classes, or network slices. Fourth, the discrete scheduler-weight action set
could be replaced by a finer-grained or continuous control space. Finally, the ns3-ai control
loop can be aligned with O-RAN concepts by mapping the external Python controller to a
near-real-time RIC/xApp-style architecture.
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Appendix A. Consolidated Notation and Parameter Table
Table A1 defines every symbol, threshold, and constant used in the slack, reward,

and weight-mapping equations, providing a single reference for the equation audit.

Table A1. Symbols, constants, and thresholds used in the scheduler-mapping and reward equations.

Symbol/Constant Meaning Value/Domain

i UE (or flow) index —
t Control-cycle index (period 100 ms) —
Di Packet deadline for UE i ms
Li(t) Observed latency ms
si(t) Minimum remaining slack = Di − Li(t) ms
vi(t) Recent deadline-violation ratio (5-cycle window) [0, 1]
ℓi(t) Discrete priority level {1, 2, 3, 4}
wi(t) Applied scheduler weight = map(ℓ) {1, 2, 5, 10}
H(t) Mean critical-UE health [0, 1]
bi Buffer occupancy normalized to capacity [0, 1]

Control period All controllers 100 ms
Rolling window Feature/violation window 5 cycles (500 ms)
Deadlines ToD UL/DL Slack, DC-PRR 100/20 ms
Deadlines AIC UL/DL Slack, DC-PRR 100/100 ms
Deadlines RTSA UL/DL DC-PRR 500/500 ms
Deadlines HDM UL/DL DC-PRR 1000/1000 ms
Weight map ℓ→ w Scheduler 1 → 1, 2 → 2, 3 → 5,

4→ 10
SB-DAS slack edges Level rule 50/20/5 ms
SB-DAS violation-ratio threshold Level rule 0.2
SB-DAS hysteresis margin Downgrade guard 5 ms
Classifier thresholds θ1, θ2, θ3 level quantization 0.30/0.60/0.85
Classifier L4 hysteresis hold Level hold 3 cycles (300 ms)
GMM components K Classifier 5 (diag. cov.)
HMM states S Classifier 8 (diag. cov.) + LR head
BLR prior precision/MC samples M Classifier 1.0/100
ToD/AIC buffer capacity Buffer normalization 256/64 KiB

Appendix B. Scheduler-Weight-Set Sensitivity
We compared the default set {1, 2, 5, 10} against {1, 2, 4, 8} (octave) and {1, 3, 6, 10}

(more linear) by replaying the recorded SB-DAS level decisions and re-mapping levels
to each set. Because SB-DAS selects the L1–L4 level from telemetry independently of
the numeric weights, the level mix is fixed and only the applied weight value changes
(Table A2).

The weight set rescales the priority signal but does not change which flows are pri-
oritized. The default {1, 2, 5, 10} provides the strongest normal-vs-emergency contrast
(10×) while retaining four interpretable levels; {1, 2, 4, 8} weakens the emergency boost to
8×, and {1, 3, 6, 10} mainly raises the mild/strong boosts. This is an open-loop analysis
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(fixed recorded decisions); a closed-loop re-evaluation under alternative sets would require
re-simulation and is left to future work.

Table A2. Open-loop weight-set sensitivity: the recorded SB-DAS level mix (L1 89.1%, L2 0.4%, L3
5.9%, L4 4.6%) re-mapped onto each weight set. The level decisions are identical across sets, so only
the applied weight changes.

Weight Set Mean Applied Weight p95 Applied Weight Boosted Weight-Mass %

{1, 2, 5, 10} (default) 1.654 5 46.1
{1, 2, 4, 8} (octave) 1.503 4 40.7
{1, 3, 6, 10} (linear) 1.716 6 48.1

Appendix C. SB-DAS Threshold Sensitivity
To check whether the SB-DAS result depended on careful tuning of its slack edges and

violation threshold, we replayed 282,240 recorded critical-flow decisions through the rule
with each threshold swept one at a time (background flows are fixed at L1 by construction
and therefore omitted from the sweep; hysteresis is stateful and therefore not modeled in
this static replay). Table A3 reports the boosted fraction P(ℓ > 1) and the mean applied
weight at each setting. Over wide ranges of all four thresholds, the boosted fraction moves
by less than ±1 pp, indicating that the heuristic is not finely tuned: its decisions are stable
to threshold perturbation. The single exception is raising the “safe” slack edge to 100 ms,
which reclassifies almost all traffic as mildly urgent because 100 ms exceeds most observed
slack values. As with the other open-loop analyses, changing a threshold in a live run
would alter subsequent scheduling and hence the observed slack (a closed-loop feedback
effect not captured here), so these figures quantify how the rule reacts to its inputs rather
than an end-to-end metric change.

Table A3. Open-loop SB-DAS threshold sensitivity (recorded-decision replay). Boosted fraction
P(ℓ > 1) and mean applied weight; one threshold swept at a time, others at default. * = default.

Threshold Value Boosted % (ℓ > 1) Mean Weight

SLACK_SAFE_MS 30 10.57 1.641
50 * 10.86 1.644
70 11.78 1.653
100 100.0 2.536

SLACK_MILD_MS 10 10.86 1.483
20 * 10.86 1.644
40 10.86 1.650

SLACK_HIGH_MS 2 10.86 1.642
5 * 10.86 1.644
15 10.86 1.944

VIOL_RATIO_THR 0.1 11.37 1.697
0.2 * 10.86 1.644
0.8 10.73 1.630

Appendix D. Reproducibility and Implementation Parameters
This appendix lists the software versions and per-method coefficients needed to

reproduce the experiments. The radio and traffic configuration is given in Tables 1 and 2
(25 MHz channel bandwidth, numerology two, 60 kHz subcarrier spacing, RLC AM); the
level→ weight map is in Table A1.
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Table A4. Software and toolchain versions.

Component Version/Reference

ns-3 3.46.1 (dev), git ns-3.46
nr (5G-LENA) v4.1.1 (contrib/nr)
ns3-ai git b8c9858 (contrib/ai)
Build profile optimized (-d optimized, release)
Compiler/CMake gcc 13.3.0/CMake 3.28.3
OS/kernel Ubuntu 24.04.4 LTS/6.17.0-35-generic
Python 3.11.14 (conda env ns3ai_env)
numpy/pandas/scipy 2.3.5/2.3.3/1.17.0
torch 2.9.1+cu128
scikit-learn/hmmlearn 1.8.0/0.3.3
optuna/matplotlib/joblib 4.8.0/3.10.7/1.5.3

Table A5. SB-DAS constants.

Constant Value

SLACK_SAFE_MS 50
SLACK_MILD_MS 20
SLACK_HIGH_MS 5
VIOLATION_RATIO_THRESHOLD 0.2
HYSTERESIS_SLACK_MS 5
CONTROL_CYCLE_S 0.1
WINDOW_SAMPLES 5

The remaining per-controller configuration details are as follows:

1. Background flows. HDM/RTSA flows are clamped to L1.
2. Classifier-only common quantization. Probability thresholds [0.30, 0.60, 0.85] →

L2/L3/L4 (else L1); L4 hysteresis hold three cycles; 100 ms control cycle; five-
sample rolling feature window. Per-classifier: GMM two class-conditional mod-
els, n_components=5, diag. cov., reg_covar=1e-4; HMM n_components=8, diag.
cov., logistic head C = 1.0, online forward filtering; BLR prior_precision=1.0,
n_mc_samples=100, Laplace approximation.

3. PPO hyperparameters (shared across all PPO variants). Learning rate: 8.139× 10−4;
discount: γ = 0.9019; GAE: λ = 0.9089; clip ϵ = 0.0578; entropy coef. 0.0206; value-
loss coef. 0.5; max grad norm: 0.5; rollout length: 32; PPO epochs: four; mini-batch: 32;
network shared: 19→ 256→ 256 (ReLU), actor: 256→ 128→ 4, critic: 256→ 128→ 1;
action→ level map: [4, 3, 2, 1]; shield emergency-slack threshold: 5 ms. Training used
a 500 s trace at 60-vehicle density with +40% offered load; evaluation seeds: one, two,
three; densities: 30, 40, 60.
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