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Abstract—Modern vehicles increasingly rely on distributed
computing platforms that exchange large volumes of sensor
and control data with strict timing requirements. Ensuring that
this traffic meets its deadlines over Ethernet-based in-vehicle
networks requires Time-Sensitive Networking (TSN) and, in
particular, effective configuration of the Time-Aware Shaper
(TAS). However, generating and updating TAS schedules that
remain valid as traffic patterns evolve is an NP-hard problem
that traditional optimization or heuristic methods address only
partially.

This paper introduces a Deep Reinforcement Learning (DRL)
scheduler that learns to configure TAS schedules directly from
network state while preserving standard compliance through
analytical validation. The proposed DRL scheduler encodes the
scenario (network topology and workload) of the in-vehicle
network using a Graph Neural Network (GNN) and learns
scheduling policies that balance deadline satisfaction, latency, and
resource utilization. Evaluation on a comprehensive benchmark
shows that the proposed approach consistently outperforms
state-of-the-art heuristics and a topology-specific DRL baseline,
achieving higher success rate and lower delay while maintaining
efficient bandwidth use. Once trained, it can adapt to new traffic
scenarios within milliseconds, demonstrating the potential of the
DRL-based scheduler as a foundation for adaptive and reliable
communication in next-generation software-defined vehicles.

Index Terms—Adaptive scheduling, Automotive Ethernet, Deep
Reinforcement Learning, Graph Neural Networks, In-Vehicle
Networks, Proximal Policy Optimization, Time-Aware Shaper,
Time-Sensitive Networking

I. INTRODUCTION

Software is rapidly becoming the defining feature of modern
automobiles. As perception, decision-making, and control mi-
grate to networked computing platforms, vehicles must process
sensor and control data with tight timing requirements to
deliver safety, energy-aware operation, and a refined user ex-
perience [1], [2]. In this setting, the in-vehicle network (IVN)
is the vehicle’s nervous system; its design and configuration
directly determine whether critical signals arrive on time and
whether resources are used efficiently [3].

Time-Sensitive Networking (TSN) [4] has emerged as the
foundation for IVNs because it combines support for stream-
ing data, deterministic delivery, bounded latency, and high
reliability with Ethernet bandwidth and support for mixed
traffic classes [5]. Within TSN, the Time-Aware Shaper (TAS),
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defined by the IEEE 802.1Qbv standard [6], uses a Gate Con-
trol List (GCL) per switch port to open and close per-queue
transmission windows in a periodic fashion, aligned to global
time. By isolating time-triggered traffic from interference
and by structuring access to the medium in globally aligned
cycles, TAS enables safety-critical flows to meet deadlines
while keeping the network well utilized. These properties are
essential in vehicles that operate under changing conditions
and tight resource budgets.

The challenge is that computing valid and high-quality
TAS schedules is NP-hard [7]. Yet, they must be recomputed
as traffic evolves, because in-vehicle workloads can change
dynamically during operation [2]. Sudden bursts in perception
streams combined with shifting control loops and evolving
topology updates occur in ways that can quickly invalidate
static plans [8]. Valid schedules must be quantized to the
time base, insert guard bands, enforce time-triggered windows
(referred to as ‘segments’), and coordinate many ports and
queues over each cycle. The combinatorial search space grows
with the topology size, the number of streams, and the number
of traffic classes. This creates a persistent tension between
real-time adaptability and strict timing guarantees [9].

In software-defined vehicles, network scenarios evolve as
software updates introduce new sensing and control func-
tions, functionalities change dynamically at runtime, and after-
market modifications are applied [10]. Following the system-
scenario-based design paradigm [11], we interpret network
scenarios in the TSN context as being induced by the com-
bination of network topology and workload. These structural
factors jointly determine the set of runtime operating condi-
tions and their associated performance trade-offs. The network
topology represents the physical devices and communication
links, while the workload represents the collection of traffic
streams generated over the topology. In practical IVNs, work-
load characteristics may vary frequently at runtime due to
dynamic application behavior, whereas topology changes are
comparatively rare and typically occur only due to hardware
reconfiguration, failures, or after-market modifications.

Our previous work [23] introduced a DRL scheduler that
selects gate control parameters from observed network state,
trained with Proximal Policy Optimization (PPO) and a reward
shaped by deadline satisfaction, latency, and link utilization
computed via analytic delay evaluation. That study improved
success rate and latency over an Earliest Deadline First (EDF)
baseline across multiple scenario classes and demonstrated
online adaptiveness. At the same time, opportunities remained
to expose network scenarios more directly to the neural
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network and to reduce action complexity.
This paper1 advances this work into a framework that is

scenario-aware, robust against scenario changes and modest
topology changes, better scalable, more reliable, and easier to
deploy. The contributions compared to [23] are as follows.
• Scenario-aware state encoding: We design a graph neural
network (GNN) [24] that aggregates node and link-level fea-
tures into a global embedding representing both network topol-
ogy and traffic workload. This encoding exposes structural
properties of the IVN to the policy and enables generaliza-
tion across varying scenarios, including substantial workload
variations and moderate topology changes. Compared to our
prior work, the GNN-based representation improves resulting
schedules (in terms of success rate and delay) while reducing
the sensitivity to topology modifications.
• Topology-independent action design with constraint-
preserving GCL synthesis: We reformulate TAS control
as a structured, phase-based action space that is invariant
to network size and port-level dimensionality. This abstrac-
tion preserves sufficient expressiveness for feasible schedule
generation while eliminating the topology-dependent action
dimensionality present in prior PPO-based TAS schedulers.
This reduces decision complexity and enables scalable pol-
icy learning across different network scenarios. To bridge
the gap between this high-level action representation and
IEEE 802.1Qbv-compliant per-port GCLs, we introduce a
deterministic, standards-aware compiler that maps abstract
phase allocations into valid GCL configurations while en-
forcing feasibility constraints by construction. Together, this
design decouples learning from low-level schedule synthesis
and guarantees standard compliance without constraining the
policy optimization process.
• Staged scenario evaluation with topology variation:
We conduct a staged evaluation across progressively harder
network scenarios by increasing traffic load, tightening timing
constraints, and introducing moderate topology modifications.
This structured progression enables quantitative assessment of
generalization under both dynamic workload conditions and
small topology changes.

Fig. 1 illustrates the high-level idea of this work. Part (a)
shows the training loop, where scenarios from the scenario
pool are processed by the environment, which contains the
analytic evaluation framework. Given the current scenario,
the environment produces the corresponding network state
representation, which is encoded by the GNN into graph
embeddings and provided to the DRL scheduler. The agent
outputs a scheduling action, which is compiled into per-port
GCLs and passed back to the evaluation framework inside the
environment. This framework evaluates the resulting schedule
and computes the corresponding reward values, success rate,
delay, and utilization.

Part (b) shows the runtime phase, where the trained agent
receives a new scenario, the GNN encodes its graph struc-
ture, and the agent produces the corresponding action. The
resulting schedule is verified for validity before deployment.

1The source code of the work described in this paper is avaialble open
source via the TU/e ES GitHub repository (https://github.com/TUE-EE-ES).

Fig. 1: High-level overview of the proposed framework.
(a) Training loop. (b) Runtime deployment.

If the analytic validation detects deadline misses, a higher-
level supervisory controller can take corrective actions such
as reverting to the last verified configuration, temporarily
blocking non-critical traffic, or activating a predefined fallback
schedule to ensure continued safe and deterministic operation.
The design and implementation of this higher-level controller
are beyond the scope of this work.

Compared to our earlier work, the extended framework
achieves higher scheduling success rates and more efficient
training through faster convergence and reduced action com-
plexity. Its scenario-aware GNN encoder and compact template
action also provide strong adaptability to unseen network
scenarios at runtime.

The remainder of the paper is organized as follows. Sec-
tion II reviews prior work on TAS scheduling and positions
our contribution. Section III formalizes the scheduling problem
and the network and traffic models. Section IV presents the
DRL scheduler, including the scenario-aware encoder, com-
pact template action, and deterministic compiler. Section V de-
scribes the experimental setup and reports results. Section VI
concludes the paper and outlines directions for future work.

II. RELATED WORK

Prior work on TAS scheduling pursued exact optimization,
heuristic construction, and learning-based control, each ap-
proach offering different trade-offs between validity, solution
quality, and adaptability. A recent benchmark [12] compares
some influential offline algorithms and documents systematic
trade-offs among runtime, success rate, latency, and GCL
length. We draw on these findings to frame our design and
select strong baselines.

Heuristics are attractive for fast construction and support
for frequent recomputation [13]. Tabu search [14] and related
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list-based refinements minimize flow time under a no-wait
model and often find first solutions rapidly, but can miss
valid cases in tight settings and may require longer runs for
improvement. Move to Front tabling (M2F) [15] discretizes
time and produces very short GCLs with back to back trans-
missions, but introduces queueing delays that raise latency
in larger instances. A Greedy Randomized Adaptive Search
Procedure (GRASP) [16] builds solutions with a randomized
greedy constructor and improves them by local search, which
increases schedulability at the cost of higher latency due to
queuing and sensitivity to parameter tuning.

The exact methods provide correctness by construction and
can certify infeasibility. The no-wait integer linear program
(NoWait-ILP) [17] achieves minimal latencies, but its runtime
grows quickly with problem size. An incremental satisfiability
modulo theories (SMT) [18] formulation supports multiple
traffic classes; a decomposition variant that groups streams into
subsets improves scalability. It is the only exact method in the
benchmark [12] that consistently handles very large instances,
although it may trade some schedulability for speed. Overall,
exact models deliver strong guarantees and low latency when
they finish, yet their scalability limits restrict online use.

Learning-based techniques have recently been explored for
different optimization tasks in TSN. For instance, [19] inves-
tigates DRL for wireless TSN, where the objective is multi-
link selection and deterministic time-slot allocation in a WiFi-
based architecture. Although this work incorporates a wireless
time-aware shaper, its optimization focus is on assigning flows
to predefined wireless time slots and selecting transmission
links, rather than directly generating GCLs for Ethernet TAS
scheduling. Similarly, [20] applies reinforcement learning to
the joint routing and scheduling problem with reliability guar-
antees. The proposed approach primarily optimizes redundant
path selection and performs time-slot allocation along selected
routes, with the main objective of improving load balancing
and reliability.

Regarding DRL-based approaches that directly target TAS
scheduling, recent works address different formulations of the
problem. In particular, [21] focuses on constrained modifi-
cations of existing schedules using a restricted action space,
limiting scalability and structural generalization. DeepSched-
uler [22] performs fine-grained time-slot assignment on in-
dividual links through sequential flow ordering and greedy
slot allocation, operating at a different abstraction level from
IEEE 802.1Qbv TAS by allocating discrete transmission slots
rather than synthesizing standard-compliant GCL windows.

Our prior work [23] directly configures TAS parame-
ters using DRL, demonstrating improved scheduling quality
compared to EDF. However, it relies on topology-specific
action spaces, which fundamentally prevents generalization
even under minor topology variations. For the experimental
comparisons in this paper, we retrained this prior model for
each evaluated topology instance to enable direct and fair
performance assessment.

III. SCHEDULING PROBLEM

This section formally defines the TAS scheduling problem
for IVNs. We first outline the network and traffic models, then

describe the timing and validity constraints, and finally present
the optimization objective and associated challenges.

A. Network Model

We model the IVN as a time-sensitive Ethernet-based com-
munication fabric that interconnects a set of Electronic Control
Units (ECUs), computers, sensors, actuators, and switches.
The network can be represented as a directed graph:

G = (V,E), (1)

where V (vertices) denotes the set of network devices and E
(edges) denotes the set of directed communication links [25].
Each node v ∈ V can represent either:

• An end system or ECU, such as a sensor, camera,
controller, or central computing unit that transmits or
receives frames.

• A switch or gateway, responsible for forwarding frames
between ports according to their assigned scheduling
configuration.

Each directed edge e ∈ E is defined as

e = (vsrc
e , vdst

e , be), (2)

where vsrc
e ∈ V and vdst

e ∈ V denote the source and destination
nodes of the link, respectively, and be denotes the available
bandwidth.

B. Traffic Model

Let S = {s1, s2, . . . , sn} denote the set of all Time
Triggered (TT) streams that coexist in the network at a given
time [26]. Each stream s ∈ S represents a periodic data flow
generated by a talker and received by a listener2. Each TT
stream s is formally defined as:

s = (vtalker,s, vlistener,s, Ts, nf,s, trelease,s, fs, ds), (3)

where:
• vtalker,s ∈ V is the talker, i.e., the source node that

generates frames of stream s.
• vlistener,s ∈ V is the listener, i.e., the destination node that

receives the frames of stream s.
• Ts is the period of the stream, representing the time after

which its complete frame-release pattern repeats.
• nf,s is the number of frames transmitted in each period.
• trelease,s =

[
trelease,s(1), . . . , trelease,s(nf,s)

]
is the vector

of release times within one period, where trelease,s(i)
denotes the release time of the i-th frame relative to the
beginning of the period (1 ≤ i ≤ nf,s).

• fs is the frame size in bytes, typically ranging from a few
tens of bytes to the Ethernet maximum of 1518 bytes.

• ds is the end-to-end deadline of the stream, representing
the maximum allowable delay between the release of a
frame at the talker and its reception by the listener.

2Although the TSN standard supports multiple listeners per talker, it
is common practice for streaming communication to support only unicast
streams with a single listener. Multicast transmission can be represented by
decomposing each multicast stream into multiple unicast streams.
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Each stream therefore periodically generates a sequence of
time-stamped frames that must traverse the network along a
fixed route from talker to listener, as specified in the scenario
definition, subject to TAS scheduling. When multiple streams
share network resources, their timing requirements collectively
determine the scheduling complexity.

C. TAS Model

TAS is a traffic shaping mechanism designed to provide
deterministic transmission in TSN. TAS operates by allocating
precisely defined time windows during which specific traffic
classes or queues are permitted to transmit. By aligning these
transmission opportunities across all nodes in the network,
TAS guarantees that critical traffic (e.g., control or sensor
data) can traverse the network with bounded latency and no
interference from lower-priority or best-effort traffic.

At each egress port, TAS divides the transmission buffers
into multiple priority queues, denoted as {Q1, Q2, . . . , Qp},
where Q1 typically represents the highest-priority class and
Qp the lowest. There is a one-to-one mapping between traffic
classes and queues. A transmission gate is associated with
each queue and can be either open (allowing transmission) or
closed (blocking transmission). The state of these gates over
time is defined by a GCL.

A GCL specifies a cyclic schedule that determines when
each queue is allowed to transmit. It is organized as a repeating
cycle of duration Tcycle, partitioned into non-overlapping time
segments ∆1,∆2, . . . ,∆m, where m denotes the number
of time segments within one TAS cycle. Each segment ∆i

corresponds to a continuous time window in the cycle during
which a subset of queues, possibly none of them, is allowed
to transmit.

The GCL configuration for a given port can therefore be
represented as a binary matrix X = [xij ]m×p, where:

xij =

{
1, if the gate of Qj is open during segment ∆i,

0, otherwise.
(4)

Hence, the complete GCL for a port can be expressed as a table
structure, as shown in Table I, where each row corresponds to
a time segment ∆i and each column represents a queue Qj .

TABLE I: Structure of a GCL

Time Segment Q1 Q2 · · · Qp

∆1 x11 x12 · · · x1p

∆2 x21 x22 · · · x2p

...
...

...
. . .

...
∆m xm1 xm2 · · · xmp

When a queue’s gate is open, frames stored in that queue
can be transmitted according to their internal First-In, First-
Out (FIFO) order. If multiple queues are open simultaneously,
the hardware transmission selection typically follows priority-
based arbitration, ensuring that higher-priority queues are
served first. Conversely, when the gate of a queue is closed,
no frame from that queue may be transmitted, even if the link
is idle [27].

The precise alignment of GCLs across all switches and
ECUs is crucial for achieving deterministic end-to-end perfor-
mance. By coordinating the open/closed intervals along each
frame’s route, TAS ensures that frames can traverse multiple
hops without unnecessary waiting time, minimizing jitter and
guaranteeing that deadlines are met.

Because different streams in the network may have distinct
transmission periods Ts, the TAS cycle time Tcycle is typically
chosen as the least common multiple of all stream periods.
This ensures that the entire network schedule repeats deter-
ministically after every Tcycle.

D. Timing and Validity Constraints

In a TAS-based network, each frame must not only meet
its end-to-end deadline but also comply with the transmission
windows defined by the GCLs along its path. All network
devices are time-synchronized (using IEEE 802.1AS [28]) to
ensure consistent operation of these time-triggered schedules.

Let tstart,s(k) denote the start time of the k-th period of
stream s, and tdelivery,s(i, k) the time at which the i-th frame
in that period reaches its destination. The end-to-end delay of
each transmitted frame is defined as:

Ds(i, k) = tdelivery,s(i, k)−
(
tstart,s(k) + trelease,s(i)

)
. (5)

Each frame must therefore satisfy Ds(i, k) ≤ ds. Because
multiple streams share network resources such as links and
queues, these timing relations become interdependent across
hops. The overall schedule must ensure that all streams meet
their deadlines under the combined effect of GCL timing,
link bandwidths, and propagation delays. This interdependence
forms a coupled temporal constraint system, where the validity
of one stream depends on the alignment of others sharing the
same network resources.

E. Optimization Objective

The goal is to compute, for every egress port, a GCL that
satisfies the end-to-end timing constraint and optimizes overall
performance. The decision variables are the per-segment gate
states xij ∈ {0, 1}, number of segments m, and the segment
durations that form the TAS cycle. The optimization objectives
are the following.

Maximizing deadline satisfaction: For a given scenario,
the primary objective is to maximize the number of frames
that meet their end-to-end deadlines. Let δs,i = 1 if frame i
of stream s meets its deadline and δs,i = 0 otherwise. The
success rate is then defined as

SR =

∑
s∈S

∑nf,s

i=1 δs,i∑
s∈S nf,s

× 100%, (6)

and the objective is to maximize SR.
Delay minimization: Among all valid schedules, another

objective is to minimize the aggregate end-to-end delay across
all frames. Since the schedule repeats in cycles, we consider
only the first cycle to compute the average delay.

D =
1∑

s∈S nf,s

∑
s∈S

nf,s∑
i=1

Ds(i, 1). (7)
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Maximizing resource efficiency: We measure how ef-
fectively links are used during the time they are allocated
for transmission by the GCLs. For each link e ∈ E, let
OccupiedTimee be the total time the link actually transmits
within a cycle, and AllocatedTimee the total time at least one
permitting gate is open on that link. The overall utilization is

OU =

∑
e∈E OccupiedTimee∑
e∈E AllocatedTimee

× 100%, (8)

with complementary average idle time equal to 100% - OU.
This definition ensures that a high OU reflects how well

those allocated windows are actually used for transmissions,
and indirectly how much time is allocated by the GCLs [23].

F. Adaptive Scheduling

The literature recognizes several definitions and catego-
rizations of scheduling algorithms, such as offline versus on-
line, static versus dynamic, and adaptive versus non-adaptive
scheduling. For example, in [29], offline scheduling is defined
as the case where all tasks and their parameters are fully
known in advance and the complete schedule is precomputed
before runtime, while online scheduling refers to scenarios
where the scheduler must make decisions at runtime with
incomplete or evolving information. In this work, we adopt
the definition of adaptive scheduling from [30]. A scheduler
is considered adaptive if it can dynamically generate or update
schedules during runtime in response to changes in traffic,
topology, or new application requests, and can do so within
an acceptable computation time.

In summary, the TAS scheduling problem for IVNs is to
determine, for every egress port in the network, a valid GCL
that ensures all time-triggered streams meet their end-to-end
deadlines while minimizing overall latency and maximizing
link utilization. For adaptive scheduling, a key challenge is to
derive schedules within very short time frames.

IV. DEEP REINFORCEMENT LEARNING SCHEDULER

This section introduces the overall architecture of the
proposed DRL-based scheduler and explains how its main
components interact. The proposed scheduler uses a feedback
(closed) loop: the policy generates a high-level schedule
template, that is compiled into per-port GCLs that satisfy
IEEE 802.1Qbv timing rules, and scored on deadline success,
latency, and utilization. This score is used to update the
policy. The scheduler structure is modular, separating learning,
compilation, and evaluation, as illustrated in Fig. 1.

A. Evaluation Environment

The evaluation environment is part of the learning envi-
ronment that consists of three components: the evaluation
environment, a reward calculator, and a state calculator. The
evaluation environment builds on a unified network perfor-
mance model that provides a fair and consistent evaluation for
all schedulers. Fig. 2 illustrates how the network performance
model, which serves as the evaluation environment, interfaces
with the scheduler plug-ins used in this study. All schedulers

Fig. 2: Integration of scheduler plug-ins with the evaluation
environment.

are implemented as plug-ins that generate their own GCLs.
These GCLs, together with the network topology and traffic
scenario, are provided as inputs to the model, which executes a
cycle-accurate TAS simulation. The model then evaluates the
schedules and produces key performance metrics, including
the success rate, average delay, and overall utilization. This
evaluation module is powered by the INSIM application
[31], which provides the underlying network analysis engine
and ensures that all schedulers are tested under identical
assumptions and timing semantics.

Inputs: The environment receives three inputs: (i) the net-
work topology G = (V,E) and link parameters defined in (2),
(ii) the set of periodic streams S = {s1, . . . , sn} as defined
in (3), and (iii) the corresponding per-port GCLs generated by
the scheduler under test.

Functionality: Each stream s has a fixed path from its talker
to its listener. The environment simulates frame transmissions
along these paths. For each link e = (u, v, be), the transmission
time of one frame is τs,e = 8fs

be
, where fs is in bytes and be

in bits per second.
The environment simulates frame transmission during one

cycle. It tracks the delivery time tdelivery,s(i) of each frame i,
whether the frame meets its deadline, and how long each link
is active or idle under the generated GCLs.

Outputs and Metrics: The model reports the three metrics
SR, D, and OU defined in Sec. III-E.

B. DRL scheduler

Several DRL architectures could, in principle, be applied
to the TAS scheduling problem, such as value-based meth-
ods [32], policy-gradient approaches [33], actor–critic vari-
ants [34], deterministic continuous-control algorithms [35],
and entropy-regularized off-policy techniques [36]. We choose
PPO [37] because it balances stability and simplicity for
our “compile–simulate–score” loop. PPO is on-policy (no
replay buffer), uses clipped updates that are easy to tune, and
naturally emits our mixed action outputs (positive segment
durations and traffic class budgets, see below, via simple
heads). Its built-in entropy term encourages exploration in the
combinatorial schedule space, and it integrates cleanly with
our GNN encoder and batched scenario evaluation. In practice,
it yields reliable improvements in deadline success and latency
while keeping utilization high.
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PPO is an actor–critic method. The actor is the policy
πθ(act | a), parameterized with parameters θ, that maps (net-
work and traffic) states a to a probability distribution over
actions act. The system state is the GNN-encoded represen-
tation of the network scenario at hand. The precise definitions
of system states and scheduling actions are elaborated below,
in Section IV-D. The critic is a scalar baseline Jϕ(a) with
parameters ϕ; it predicts the expected return from state a and
reduces the variance of the policy gradient. Let a and a′ denote
the current and next network state, respectively. Similarly,
θ and θ′ denote the policy parameters before and after the
update, and ϕ and ϕ′ denote the critic parameters before and
after the update. Training proceeds in short cycles:

1) Collect rollouts. For each state a in the rollout episode,
sample an action act from the policy distribution πθ(·|a),
compile it to GCLs, simulate the resulting schedule, and
obtain the next state a′ together with the corresponding
reward r(a′) (detailed in Sec. IV-E).

2) Estimate advantages. For each (a, act), compute
Adv(a, act), as specified below, which measures how
much the selected action performed better or worse than
the critic’s baseline prediction Jϕ(a).

3) Constrain the update. PPO uses a clipped probability
ratio between the updated policy πθ′ and the old policy
πθ to prevent large policy shifts in a single update of
the policy parameters θ′, yielding stable learning with
minimal tuning.

4) Compute importance ratio. To control the magnitude
of policy updates, PPO introduces an importance ratio
ρ(a, act; θ, θ′) that measures how the probability of
selecting action act changes between the new policy θ′

and the policy used to collect the rollout data.
5) Update the critic. Fit Jϕ′ by updating parameters ϕ′

to the observed empirical returns so that subsequent ad-
vantage estimates become well centered and less noisy.

The advantage and importance ratio are defined as:

Adv(a, act) = r(a′)− Jϕ(a), (9)

ρ(a, act; θ, θ′) =
πθ′(act | a)
πθ(act | a)

, (10)

where r(a′) is the reward for the next state a′, Jϕ(a) is the
critic’s estimated value for state a, πθ′(act | a) is the updated
policy, and πθ(act | a) is the previous policy before the update.

With a minibatch M of rollout samples, the PPO objective
that we maximize is

LPPO(θ
′, ϕ′) = E(a,act)∈M

[
min

(
ρ(a, act; θ, θ′)Adv(a, act),

clip
(
ρ(a, act; θ, θ′), 1− ϵ, 1 + ϵ

)
Adv(a, act)

)]
− β Ea∈M

[
γ(πθ′(·|a))

]
− λEa∈M

[
(Jϕ′(a)− r(a′))2

]
.

(11)
Here, ϵ is the clipping parameter, γ(·) denotes the policy

entropy (scaled by β), and λ weights the critic loss. Each
minibatch M contains a collection of rollout samples gath-
ered from multiple scenarios in parallel, representing diverse

network states and traffic configurations. This batching ensures
that every PPO update reflects an average behavior across
different conditions, improving learning stability.

C. GNN Encoder

The policy employs a scenario-aware encoder that trans-
forms the IVN graph into compact, learnable representations.
The encoder is implemented as a Graph Neural Network
(GNN) that aggregates structural and traffic information across
the graph and streams defined in (1)–(3). This embedding
provides each network node with a summary of its position,
role, and communication load in the IVN. In our implemen-
tation, the GNN encoder consists of three message-passing
layers with hidden embedding size of 128 per node. Each layer
applies a ReLU activation and layer normalization, followed
by residual aggregation to stabilize training. We observed that
using fewer than three layers limited the DRL scheduler’s
ability to capture multi-hop dependencies, while deeper con-
figurations caused over-smoothing and slower convergence of
the PPO training without noticeable performance gain. The
chosen depth provides a good balance between representation
capacity and computational efficiency for IVN topologies.

Input Features: Each node v ∈ V (either a switch or an end
system) is initialized with a feature vector fvv ∈ Rdv contain-
ing: (i) one-hot indicator of its type or role (switch, controller,
sensor, and actuator), (ii) normalized in-degree and out-degree,
and (iii) an estimated load derived from the number of streams
traversing that node. Each directed link (u, v) ∈ E carries an
edge feature vector η(u,v) ∈ Rde that includes normalized
link capacity, relative utilization, normalized node depths, and
indicators of the transmitter and receiver types. Here, dv and
de denote the dimensions of the node and edge feature vectors,
respectively. These input features enable the GNN to encode
both topological and traffic-related properties of the network.

Message Passing and Aggregation: The encoder consists of
(L = 3) message-passing layers that iteratively refine node
embeddings by combining local features with information
from their neighbors. Let h(ℓ)

v denote the embedding of node
v at layer ℓ, initialized as h

(0)
v = fvv . At each layer, node

states are updated according to:

h(ℓ+1)
v = σ

W (ℓ)
s h(ℓ)

v +
∑

(u,v)∈E

MLP(ℓ)
(
[h(ℓ)

u ∥η(u,v)]
) ,

(12)
where W

(ℓ)
s is a learnable Rdv × Rdv self-projection matrix

that preserves and transforms each node’s own embedding
across layers, MLP(ℓ) : Rdv+de → Rdv is a small multi-layer
perceptron network that produces edge-conditioned vectors
from neighboring nodes, [·∥·] denotes concatenation, and σ(·)
is the ReLU activation function. Layer normalization is applied
after each update to improve stability. After L layers, each
node embedding h

(L)
v summarizes both its local characteristics

and multi-hop connectivity context.

D. State, Action Representation, and GCL Compiler

The DRL scheduler operates on graph-structured states and
outputs a compact scheduling template that is later com-
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piled into per-port GCLs. This separation allows the learning
module to explore high-level allocation strategies while a
deterministic compiler generates IEEE 802.1Qbv compliant
GCLs.

State Representation: The policy needs a state description
that captures both the global topology and the local transmis-
sion context of each queue. To achieve this, the GNN encoder
provides a scenario-aware embedding for every node, which
is extended with queue- and scenario-specific features.

For each node v, the encoder outputs an embedding h
(L)
v

that summarizes its structural and traffic context. For every
queue Qv,ip,c (on node v, port index ip, and traffic class c), a
feature vector is constructed as:

zv,ip,c = [h(L)
v ∥Qv,ip,c ∥yg ], (13)

where Qv,ip,c encodes local queue attributes (priority, nor-
malized load, and the total number of active queues of the
queue’s port) and yg is a global context vector summarizing
scenario statistics, namely the number of streams, number of
ports, number of queues (p), average stream period, normal-
ized Tcycle, and minimum deadline.

The overall system state a, which serves as the input to
the PPO policy described in Section IV-B, is the set of all
zv,ip,c across queues and ports, ensuring that each scheduling
decision reflects both its local conditions and the global
network status.

Action Representation: The action defines a compact tem-
plate that globally synchronizes transmission opportunities in a
TAS cycle. Let K denote the number of transmission phases
per TAS cycle. This value is the same for all ports and all
scenarios. The DRL scheduler does not decide K; it only
decides how the cycle is partitioned into phases and how these
phases are shared among traffic classes.

The agent outputs two parameter sets. The first is a vector
τ = [τ1, . . . , τK ] of non-negative values, where each entry
represents the relative length of one phase. The compiler scales
these values so that the resulting K phase durations add up
exactly to the TAS cycle length Tcycle. This defines a global
partitioning of the cycle into K consecutive phases with well-
defined start and end times, shared by all ports.

The second output is a K×p class-budget matrix B = [bi,c],
with bi,c ∈ [0, 1] indicating the fraction of phase i reserved for
traffic class c (Recall from Sec. III-C that there are p traffic
classes.). If the fractions for a given phase do not sum to one,
gates are closed for the remaining part of the phase.

The choice of K determines the temporal resolution of the
schedule template and is an implementation decision. We use
K = 5 in our experiments as it offers a good trade-off between
schedule flexibility and training efficiency. Larger values can
be used if finer-grained control is desired.

An important observation is that the resulting action space,
consisting of τ and B pairs, is independent of the number of
ports and queues, meaning it has much lower dimensionality
than an action space consisting of per-port GCLs. The TSN
standard defines up to eight traffic classes. This implies an
action dimensionality of (K + 1) × p, which in our imple-
mentation is 6 × 8. Available TAS-capable switches support
different maximum numbers of time segments per cycle in

their GCLs. Reported implementations support a wide range
of maximum GCL sizes, typically between 8 and 1024 entries,
depending on the hardware platform and configuration [40].
This corresponds to per-port GCL dimensions between 8× 8
and 1024×8 (time slots by traffic classes). Directly generating
GCLs as outputs, one for every port in the network, results in
an action space that is an order of magnitude larger than in
our approach.

GCL Compiler: A deterministic TAS compiler converts
the template (τ ,B) into concrete per-port GCLs. It first
computes the phase durations and boundaries from τ . Then,
for each phase and traffic class, it allocates a GCL time
segment ∆ whose length equals the class fraction bi,c mul-
tiplied by the phase duration. For a given port, only the
queues corresponding to an active traffic class receive such a
segment; other queues remain closed. In this way, the compiler
always produces IEEE 802.1Qbv-compliant GCLs, while the
DRL scheduler operates only on high-level phase and budget
parameters.

As an example, assume Tcycle = 100 µs, K = 5 phases,
and p = 8 traffic classes. Suppose the agent outputs τ =
[1, 1, 1, 1, 1] and

B =


1.0 0 0 0 0 0 0 0
0 1.0 0 0 0 0 0 0
0.5 0.5 0 0 0 0 0 0
0 0 0 0 0 0 0 0
0.5 0 0.5 0 0 0 0 0

 .

The entries of τ are relative lengths. The compiler first
computes the weight W =

∑5
k=1 τk = 5 and gives phase i a

duration τi
W Tcycle. Since all τi are 1, each phase has duration

100/5 = 20 µs, so the phases together cover [0, 100 µs).
From B, the compiler derives the class windows in each

phase. For example, in phase 3 (time interval [40, 60) µs)
class 1 receives 0.5×20 µs = 10 µs and class 2 also receives
10 µs. In phase 4, all entries in the corresponding row of B are
zero, so all gates are closed in that phase. In phase 5, class 1
and class 3 each receive 0.5× 20 µs = 10 µs.

The port in the example implements only traffic classes
1, 2, and 3. The compiler constructs the following GCL for
that port, using seven consecutive segments that cover the full
cycle, one segment in phase 1, one in phase 2, two in phase
3, none in phase 4, and two in phase 5:

Segment Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8

∆1 = [0, 20) 1 0 0 0 0 0 0 0
∆2 = [20, 40) 0 1 0 0 0 0 0 0
∆3 = [40, 50) 1 0 0 0 0 0 0 0
∆4 = [50, 60) 0 1 0 0 0 0 0 0
∆5 = [60, 80) 0 0 0 0 0 0 0 0
∆6 = [80, 90) 1 0 0 0 0 0 0 0
∆7 = [90, 100) 0 0 1 0 0 0 0 0

During ∆5, all queues are closed. For inactive queues, all
entries in the corresponding column are set to zero.

E. Reward Function

The reward function guides the agent toward schedules
that jointly improve deadline satisfaction, latency, and link
utilization. For a given state a, being the GNN-encoding of
a specific scenario, the agent produces a scheduling action
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that is compiled into per-port GCLs, resulting in a new
network configuration corresponding to the resulting state
a′. Specifically, each action is compiled into per-port GCLs,
transforming the system state from a to a′. The corresponding
configuration is evaluated by the environment to obtain the
success rate, delay, and overall utilization, denoted respectively
as SR, D, and OU , as defined in Section III-E. The scalar
reward provided to the agent after each evaluation, the r(a′)
value in the advantage computation of Eq. (9) and the PPO
objective of Eq. (11), is a weighted combination of these three
objectives, α1SR− α2D + α3OU , where α1, α2, α3 > 0 are
scalar coefficients controlling the relative influence of each
term. The first term rewards schedulers that deliver a higher
fraction of frames within their deadlines, the second penalizes
longer delays, and the third promotes efficient utilization of
open transmission windows. All metrics are normalized to the
range [0, 1] to ensure numerical stability and consistent scaling
across scenarios. The influence of reward weight selection is
analyzed in Section V-E.

F. Complexity

The computational complexity of the proposed DRL sched-
uler can be analyzed separately for the inference and training
phases.

During inference, the GNN encoder performs L = 3
message-passing layers over the network graph G = (V,E),
processing each node and edge at every layer. Since L,
dv , and de are fixed hyperparameters, the inference cost
scales linearly with the number of nodes |V | and edges |E|.
The policy head produces an action of fixed dimensionality
(K + 1) · p = 48, independent of topology size, and the
deterministic GCL compiler maps this template to per-port
GCLs in time proportional to the number of ports. Overall, the
time and memory complexity of a single scheduling decision
are O(|V |+|E|) and O(|V |·dv+|E|·de), respectively, making
inference fast and well suited for runtime configuration.

After a a schedule is generated, it will be validated by the
analytical evaluation module, which tracks frame transmis-
sions across all streams s ∈ S and links in E. This step scales
with the number of streams and network size in both time and
memory.

During training, each episode combines a GNN forward
pass with analytical validation over a minibatch (M) of
scenarios, so memory scales as O(|M| · (|V | · dv + |E| · de)).
This cost is incurred entirely offline; once trained, the agent
generates scheduling decisions in a single forward pass.

V. EXPERIMENTS AND RESULTS

This section evaluates the performance, scalability, and
adaptability of the proposed DRL scheduler. We assess its
ability to generate valid high-quality TAS schedules under
diverse traffic conditions and compare it with established
heuristic and DRL-based baselines.

First, we analyze the runtimes of the baseline heuristic and
DRL-based solvers and the proposed DRL method to assess
their degree of adaptivity and to identify suitable hyperparam-
eter settings for two of the reference algorithms that keep their

runtimes similar to the DRL runtime. Then, we compare all
schedulers in terms of schedule quality (success rate, average
end-to-end delay, and overall utilization) across increasingly
challenging test scenarios. Finally, we conduct two additional
studies: (i) an analysis of the effect of reward weight selection
on performance trade-offs, and (ii) a component ablation study
to quantify the individual effect of the GNN encoder and the
compact action design.

A. Experimental Setup

To train and evaluate the proposed scheduler, we generated a
comprehensive set of 360 synthetic TAS scenarios. Out of the
360 generated scenarios, 300 were used for training the DRL
scheduler and 60 were reserved for testing and comparison.
The test set was selected such that it spans the full range
of complexity levels. Each scenario represents a complete in-
vehicle network instance with defined topology, traffic flows,
and timing requirements.

The scenarios were produced automatically using a dedi-
cated generator that incrementally increases complexity while
ensuring that all periods and deadlines remain physically
feasible with respect to the network topology, link capacities,
and frame sizes. For every traffic flow, the generator calculates
the minimum possible transmission time along its path and
ensures that both the stream period and deadline are large
enough to make real-time transmission achievable.

Scenario difficulty grows gradually through several mech-
anisms. At each step, additional traffic flows are introduced
between sensors, zone controllers, and the central computer,
frame sizes are increased, deadlines are tightened, and re-
lease times are varied to create overlapping transmissions
and congestion on shared links. Early scenarios therefore
represent light and easily schedulable workloads, whereas later
ones contain dense and highly interdependent communication
patterns that more strongly challenge the schedulers. Table II
summarizes the key characteristics of the test scenarios across
different difficulty stages. In TSN applications, a stream is
typically classified as time-critical if its deadline-to-period
ratio is less than 0.5 [39]. We follow the same definition in
this table.

All algorithms were evaluated using the analytical simula-
tion framework described in Section IV-A. Experiments were
implemented in the INSIM engine [31] and executed on a
machine with an Intel Core i7-13700H CPU, 16 GB RAM,
and an NVIDIA RTX A1000 6GB GPU running on windows.
The proposed DRL scheduler required approximately 1500
training episodes to achieve stable convergence, corresponding
to about 2–3 hours of training time on the specified hardware.
Fig. 3 illustrates the episode reward over time, where results
are averaged over five independent runs with different random
seeds and smoothed using a moving average with a window
size of 50 episodes.

The PPO loss hyperparameters are set as follows: the
clipping parameter is ϵ = 0.2, the critic loss weight is λ = 0.5,
and the entropy regularization coefficient β is linearly annealed
from 0.01 to 0.001 during training to encourage exploration
in early stages and stabilize convergence.
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TABLE II: Detailed specifications of test scenarios across staged complexity levels

Scenario ID Topology Description Number of Streams Time-Critical (%)
1–12 6 Zones, 6 Zone Switches, 6 Zone Controllers, 1 Central Switch,

1 Central Computer, 18 Sensors/Actuators
12–59 0–10

13–24 6 Zones, 6 Zone Switches, 6 Zone Controllers, 1 Central Switch,
1 Central Computer, 20 Sensors/Actuators

64–117 10–20

25–36 6 Zones, 6 Zone Switches, 6 Zone Controllers, 1 Central Switch,
1 Central Computer, 22 Sensors/Actuators

121–177 20–25

37–48 6 Zones, 6 Zone Switches, 6 Zone Controllers, 1 Central Switch,
1 Central Computer, 24 Sensors/Actuators

183–255 25–28

49–60 6 Zones, 6 Zone Switches, 6 Zone Controllers, 1 Central Switch,
1 Central Computer, 26 Sensors/Actuators

262–351 28–31
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Fig. 3: Learning curve of the proposed DRL scheduler (50-
episode moving average and averaged over five random seeds).

B. Baseline Algorithms

Based on the adaptiveness definition provided in Section III,
this study focuses on comparing algorithms that can generate
schedules under changing network conditions. Exact optimiza-
tion approaches such as ILP or SMT solvers, while capable
of finding optimal schedules for static configurations, are
excluded from our comparison due to their high computational
cost and limited runtime adaptability. Instead, we evaluate
methods that can construct or update valid GCLs within
practical time bounds.

Among heuristic schedulers, two algorithms have demon-
strated strong performance in recent benchmarking studies
of TAS scheduling [12]: the Greedy Randomized Adaptive
Search Procedure and Tabu Search. In addition to these, we
also include the EDF scheduler [38] as a lightweight reference
algorithm as it provides very fast scheduling decisions, mak-
ing it relevant when evaluating adaptiveness where runtime
efficiency and rapid reconfiguration are key. Beyond heuristic
baselines, we also evaluate against our prior DRL-based TAS
scheduler [23].

1) EDF: EDF prioritizes frames based on their deadlines
and transmits those with the earliest deadlines first. It offers
extremely low computational cost and fast decision making,
which makes it suitable as a baseline for adaptivity evaluation.

2) GRASP: The GRASP scheduler constructs initial valid
schedules through a randomized greedy procedure and then
refines them by local search. Its stochastic element helps
escape local minima and explore diverse valid solutions, while
its adaptive construction ensures moderate runtime scalability.

3) Tabu Search: The Tabu scheduler iteratively explores
neighboring schedules while maintaining a short-term memory
of visited configurations to prevent cycling. It efficiently
improves schedule quality through guided local exploration
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0.00

0.25

0.50

0.75

1.00

1.25

1.50

D
e
c
is

io
n
 T

im
e
 [

s
]

Fig. 4: Distribution of scheduling decision times across all 60
test scenarios for each algorithm.

and has been shown to outperform many earlier heuristic
approaches on large-scale TAS instances.

4) Legecy DRL-based TAS Scheduler: The DRL scheduler
proposed in [23] (referred to in this work as Legacy-DRL)
directly generates TAS parameters using a flat state represen-
tation and a port-based action space. Its action dimensionality
is explicitly tied to the number of ports in the network, which
fundamentally restricts structural generalization and prevents
operation under topology changes. For this study, we trained
five independent instances of this agent, one per evaluated
topology, to enable direct performance comparison with the
proposed scenario-aware framework.

Together, these four baselines represent different levels of
adaptiveness and computational complexity, providing a sound
basis for assessment of the proposed DRL-based scheduler in
terms of runtime efficiency and scheduling quality.

C. Adaptivity and Inference Time Analysis

According to the definition provided in Section III, all five
evaluated algorithms are adaptive, as they can generate new
TAS schedules when network or traffic conditions change.
However, their degree of adaptivity also depends on how
quickly they can recompute a valid schedule. To analyze this
property, we measured the inference time of each scheduler
across all 60 test scenarios. The distributions of these results
are presented in Fig. 4 as box plots. The central orange
line in each plot indicates the median value, the box height
represents the interquartile range (IQR) between the 25th
and 75th percentiles, and the green triangle marks the mean.
Whiskers show the spread of data within 1.5 times the IQR,
and individual circles represent outliers beyond this range.

As shown, the DRL, Legacy-DRL and EDF schedulers
exhibit consistently low inference times close to zero, as they
compute schedules in a single forward pass without iterative
optimization. This property makes them highly adaptive and
suitable for runtime reconfiguration. In contrast, the GRASP
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Fig. 5: Distribution of performance metrics across all 60 test scenarios for DRL, GRASP, Tabu, and EDF schedulers. (a) Success
rate, (b) average end-to-end delay, and (c) overall utilization. For GRASP and Tabu, results are averaged over 30 independent
runs with different random seeds.

and Tabu schedulers rely on iterative search procedures whose
runtime depends on the number of iterations and the size of the
local or neighborhood search. To illustrate this dependency,
two configurations of each algorithm were analyzed. For
GRASP, the first configuration, referred to as GRASP-Short,
uses 30 global iterations and 15 local refinements per iteration,
while the second configuration, GRASP-Long, increases these
numbers to 90 and 45, respectively. Similarly, Tabu-Short
uses 10 iterations with a neighborhood size of 3, whereas
Tabu-Long extends these to 50 iterations and a neighborhood
size of 30. The results show that increasing these parameters
significantly raises the computation time and its variability
across scenarios. The longer variants are less adaptive due
to their higher decision latency. Nevertheless, we compare
our DRL scheduler with both the short and long instances
of GRASP and Tabu, because runtimes up to several seconds
may be acceptable, depending on the use case.

D. Results and Discussion

The performance comparison of the schedulers across the
60 test scenarios is shown in Fig. 5. Subfigures (a)–(c) present
the distribution of success rate, average end-to-end delay, and
overall utilization, respectively, following the box-plot con-
ventions introduced in Section V-C. For GRASP and Tabu, the
reported results are obtained by averaging over 30 independent
runs with different random seeds to reduce stochastic variation
and provide a fair statistical basis.

The results indicate that the proposed DRL scheduler
achieves consistently higher success rates and lower average
delay while maintaining reasonable link utilization across
all scenarios. GRASP and Tabu show a larger dispersion in
performance due to their randomized local search mechanisms
and sensitivity to initialization. Tabu provides better results
with more iterations and larger neighborhoods. GRASP-Long
does not improve over GRASP-Short. The EDF baseline shows
the lowest success rate and the highest delay, reflecting its
limits in handling contention and network dependencies.

Compared to Legacy-DRL, the proposed scheduler gener-
ally attains higher success rates in complex scenarios, whereas
Legacy-DRL occasionally achieves higher overall utilization.

This behavior can be attributed to the different action space
designs. While Legacy-DRL directly manipulates per-port
GCL parameters and can tightly pack transmission windows
to maximize utilization, the proposed template-based phase
abstraction prioritizes global coordination and deadline sat-
isfaction. As a result, improved schedulability may in some
cases come at the cost of reduced utilization efficiency. A more
detailed analysis of this trade-off is provided in Section V-E.

Fig. 6 provides a per-scenario view of the performance
trends across the 60 test scenarios. Subfigures (a)–(c) illustrate
the evolution of success rate, average delay, and overall
utilization, respectively, as scenario complexity increases.

The results show that the DRL scheduler maintains a nearly
constant and high success rate throughout all scenarios, indi-
cating that the learned policy adapts reliably even as network
load grows. In contrast, the heuristic baselines exhibit larger
fluctuations due to the randomized search and initialization
sensitivity. As the number of streams and their path overlaps
increase, both GRASP and Tabu begin to lose validity for some
flows, resulting in visible drops in success rate and a corre-
sponding decline in utilization efficiency. The EDF scheduler
shows the lowest success rate in dense scenarios. Legacy-DRL
demonstrates competitive success rate in simpler scenarios
but exhibits reduced performance in complex scenarios. The
more abstract phase-based action design of the DRL scheduler
proposed in this paper makes it easier to find feasible schedules
for a wider variety of encountered scenarios.

In terms of delay, DRL consistently achieves the lowest
average delay, followed by GRASP and Tabu, and finally
EDF. The smooth profile of the DRL curve suggests that the
policy produces well-aligned transmission windows across all
nodes, minimizing waiting times at intermediate switches. The
heuristic approaches exhibit more pronounced variability.

Overall utilization shows a generally increasing trend as
the traffic load grows. In easier scenarios, all algorithms
achieve similar utilization, and in some cases the heuristics
reach slightly higher values than the DRL scheduler. As
scenarios grow more demanding, DRL maintains a stable
and competitive level of utilization with higher success rates
and lower delays. The DRL scheduler effectively balances
resource use and timing performance across different network
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Fig. 6: Per-scenario comparison of DRL, GRASP, Tabu, and
EDF schedulers across all 60 test scenarios. (a) Success rate,
(b) average end-to-end delay, and (c) overall utilization. For
GRASP and Tabu, results are averaged over 30 independent
runs with different random seeds.

conditions. Legacy-DRL achieves higher overall utilization
due to its direct per-port action design.

Regarding the output validity, all algorithms are evaluated
through the analytical model described in Section IV-A. This
evaluation layer checks every generated schedule against the
timing, queueing, and transmission constraints of the TAS
standard.

In a practical deployment, an invalid schedule should trigger
a higher-level supervisory mechanism within the vehicle’s
network management system. This supervisory layer should
enforce corrective actions, such as temporarily blocking non-
critical traffic, adjusting control loop rates, or switching to a
fallback schedule to maintain safety and determinism.

E. Effect of Reward Weights

To evaluate the influence of reward weighting on schedul-
ing behavior, we trained three independent instances of the
proposed DRL scheduler using different reward coefficient
configurations. The first configuration, referred to as Balanced,
employs weights (α1, α2, α3) = (3.0, 0.15, 3.0) for success
rate, average delay, and overall utilization, respectively. This
configuration is used throughout Section V-D and Section
V-F. The second configuration, denoted as SR-Priority, em-
phasizes deadline satisfaction and low delay with weights
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Fig. 7: Per-scenario comparison of the three reward-weight
configurations of the proposed DRL scheduler across all test
scenarios. (a) Success rate, (b) average end-to-end delay, and
(c) overall utilization.

(5.0, 1.0, 0.5). In this setting, both timing-related weights
are increased relative to utilization. The third configuration,
denoted as OU-Priority, prioritizes resource efficiency using
weights (1.0, 0.5, 5.0). In this case, the weights of both success
rate and delay are reduced, reflecting a shift away from strict
timing optimality toward higher bandwidth utilization.

Fig. 7 illustrates the results for the three trained agents,
with respect to success rates, average end-to-end delay, and
overall utilization across scenarios. For clearer comparison of
trade-offs, we additionally include the results of the Legacy-
DRL baseline in this figure. The SR-Priority DRL sched-
uler achieves the highest success rate in most scenarios.
However, this improvement comes at the cost of reduced
overall utilization, indicating increased idle time within al-
located transmission windows. In contrast, the OU-Priority
DRL scheduler attains the highest utilization but exhibits the
lowest success rate, showing that aggressively maximizing
bandwidth efficiency can adversely impact schedulability. The
Balanced configuration lies between these extremes, providing
a favorable compromise between success rate and resource
utilization. Notably, as observed in the figure, the OU-Priority
configuration achieves overall utilization values close to those
of Legacy-DRL, while outperforming it in terms of success
rate across all scenarios. Moreover, the proposed framework
preserves this performance without topology-specific retrain-
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Fig. 8: Per-scenario comparison of Legacy-DRL, Legacy-
DRL+GNN, and the proposed DRL framework across all test
scenarios. (a) Success rate, (b) average end-to-end delay, and
(c) overall utilization.

ing.

F. Component Ablation Study

To analyze the effect of each architectural component in
the proposed framework, we conducted an ablation study by
training three different DRL scheduler variants.

The first variant corresponds to the Legacy-DRL baseline
described in Section V-B. This scheduler employs a flat state
representation without scenario-aware encoding and utilizes a
direct per-port action space for TAS configuration, making it
impossible to handle topology changes. As discussed earlier,
separate instances of this scheduler were trained for each of
the five evaluated network topologies.

The second variant, denoted as Legacy-DRL+GNN, aug-
ments the Legacy-DRL architecture with the proposed GNN-
based scenario-aware state encoder while retaining the original
per-port action representation. This configuration isolates the
impact of the GNN encoder on scheduling performance.

The third variant corresponds to the complete proposed
framework, referred to as Legacy-DRL+GNN+Compact Ac-
tion. This scheduler integrates all components introduced in
this paper, including the scenario-aware GNN encoder, the
compact phase-based action representation, and the deter-
ministic IEEE 802.1Qbv-compliant GCL compiler, enabling
topology-independent operation.

Fig. 8 compares the performance of the three scheduler vari-
ants across all test scenarios. Incorporating the GNN encoder
significantly improves success rate and reduces average end-
to-end delay, while having only a minor impact on overall
utilization. Introducing the compact action abstraction and
GCL compiler further enhances schedulability and latency
performance by removing topology sensitivity and promoting
global coordination across ports. However, this improvement
comes at the cost of a reduction in OU.

Overall, the ablation results reveal a trade-off between
maximizing utilization and achieving robust deadline satisfac-
tion across varying scenarios. While scenario-aware encoding
and compact action design substantially improve scheduling
reliability and delay performance, tighter per-port control can
in some cases yield higher utilization.

VI. CONCLUSION

This paper presented a scenario-aware DRL scheduling
agent for TAS in IVNs. The approach combines a GNN
encoder with a compact policy representation trained using
the PPO algorithm. It learns to allocate transmission opportu-
nities in a manner that satisfies strict timing constraints while
balancing high link utilization and low latency.

Experimental evaluation demonstrates that the proposed
DRL scheduler outperforms representative heuristic baselines,
namely GRASP and Tabu Search, as well as the Legacy-
DRL baseline, in terms of success rate and average delay.
Across a wide range of scenarios with increasing complexity,
the learned policy maintains a high success rate and stable
performance, showing a strong generalization to unseen net-
work scenarios. Its inference time is negligible compared to
iterative search methods, making it suitable for adaptive or
online reconfiguration in software-defined vehicles.

The analytical evaluation framework ensures that all algo-
rithms were tested under identical timing semantics and pro-
vides guaranteed validation of the generated schedules. This
integration of learning-based decision making with formal
analytical verification represents an important step toward safe
and adaptive real-time communication systems.

Although the proposed framework ensures that all generated
schedules are analytically validated for standard compliance,
a higher-level supervisory mechanism is still required in
practical deployments to handle situations where the DRL
scheduler fails to produce a feasible configuration within strict
timing constraints. Moreover, while the structured compact
action space removes the fixed-topology limitation of prior
DRL approaches and improves schedulability under complex
scenarios, it reduces direct fine-grained per-port control, which
can lead to a modest decrease in overall link utilization
compared to topology-specific DRL schedulers.

Future work may extend this framework to support multi-
agent scheduling across distributed switches, integrate traffic
prediction for proactive adaptation, and explore hardware-in-
the-loop validation in automotive prototypes.

ACKNOWLEDGMENT

This work received funding from the European Chips Joint
Undertaking under Framework Partnership Agreement No

This article has been accepted for publication in IEEE Internet of Things Journal. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/JIOT.2026.3695413

© 2026 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: Eindhoven University of Technology. Downloaded on May 26,2026 at 07:06:50 UTC from IEEE Xplore.  Restrictions apply. 



KARIMI et al.: FAST TIME-AWARE SHAPER SCHEDULING FOR IN-VEHICLE NETWORKS VIA DEEP REINFORCEMENT LEARNING 13

101139789 (HAL4SDV).

REFERENCES

[1] Z. Liu, W. Zhang, and F. Zhao, “Impact, Challenges and Prospect of
Software-Defined Vehicles,” Automotive Innovation, vol. 5, no. 2, pp.
180–194, 2022.

[2] Y. Peng, B. Shi, T. Jiang, X. Tu, D. Xu, and K. Hua, “A Survey on
In-Vehicle Time-Sensitive Networking,” IEEE IoT Journal, vol. 10, no.
16, pp. 14375–14396, 2023.

[3] Y. Xu, J. Shang, and H. Tang, “Recent Trends of In-Vehicle Time Sen-
sitive Networking Technologies, Applications and Challenges,” China
Communications, vol. 20, no. 11, pp. 30–55, 2023.

[4] J. Farkas, L. Lo Bello, and C. Gunther, “Time-Sensitive Networking
Standards,” IEEE Communications Standards Magazine, vol. 2, no. 2,
pp. 20–21, 2018.

[5] W. Kong, M. Nabi, and K. Goossens, “Run-time Per-Class Routing of
AVB Flows in In-Vehicle TSN via Composable Delay Analysis,” in
VTC2022-Spring, 2022, pp. 1–7.

[6] “IEEE Standard for Local and Metropolitan Area Networks—Bridges
and Bridged Networks - Amendment 25: Enhancements for Scheduled
Traffic,” IEEE Std 802.1Qbv-2015 (Amendment to IEEE Std 802.1Q-
2014 as amended by IEEE Std 802.1Qca-2015, IEEE Std 802.1Qcd-
2015, and IEEE Std 802.1Q-2014/Cor 1-2015), pp. 1–57, 2016.

[7] Y. Zhang, J. Wu, M. Liu, and A. Tan, “TSN-Based Routing and
Scheduling Scheme for Industrial Internet of Things in Underground
Mining,” Eng. Appl. Artif. Intell., vol. 115, p. 105314, 2022.

[8] L. Lo Bello, G. Patti, and G. Vasta, “Assessments of Real-Time
Communications over TSN Automotive Networks,” Electronics, vol. 10,
no. 5, p. 556, 2021.
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[14] F. Dürr and N. G. Nayak, “No-Wait Packet Scheduling for IEEE Time-
Sensitive Networks (TSN),” in RTNS, 2016.

[15] X. Jin et al., “Real-Time Scheduling of Massive Data in Time Sensitive
Networks With a Limited Number of Schedule Entries,” IEEE Access,
vol. 8, pp. 6751–6767, 2020.
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