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Abstract—Deep reinforcement learning (DRL) has been used
very successfully for a variety of applications in the field of
vehicular networking. We investigate the generalizability of a DRL-
based scheduling approach for task offloading in vehicular edge
computing (VEC). We propose a hybrid scheduling policy that
combines heuristic task prioritization with a learned DQN-based
resource selection. Two deep Q-learning (DQN) architectures
are compared: a conventional multilayer perceptron (MLP)
with fixed-size inputs; and a permutation-invariant architecture
that uses a lightweight transformer encoder. Trained exclusively
on a simple straight-road scenario, the permutation-invariant
DQN achieves perfect selection of the fastest processing vehicle
when tested in an unseen realistic scenario. In contrast, the
MLP-based DQN suffers severe degradation due to positional
bias and padding artifacts. Results demonstrate that set-based,
permutation-invariant representations are essential for sample
efficiency and generalization in VEC environments with high
variability.

I. INTRODUCTION

The recent surge of computation-intensive applications such
as autonomous driving, generative AI, and extended reality
(XR) services has significantly increased the demand for
low-latency and high-throughput computing and networking
resources [1]. Initially, traditional distributed computing archi-
tectures like cloud and edge computing have been instrumental
in addressing this demand [2]. Nevertheless, their scalability
is often constrained by inherent limitations, including high
latency in cloud environments and deployment and maintenance
costs in edge infrastructures [3]. As a result, research has
shifted toward novel, more dynamic, distributed computing
paradigms that can leverage available computing resources
more opportunistically.

In this context, vehicular edge computing (VEC) has emerged
as a promising solution that aims to utilize on-board vehicle
resources and nearby edge infrastructure to perform distributed
processing of computational tasks [4]. By grouping vehicles
into clusters known as vehicular micro cloud (VMC) [5],
vehicles can collaboratively share, offload, and process compu-
tational workloads. Therefore, vehicles do not only consume
services but also act as mobile compute nodes capable of
providing services. This paradigm enables scalable, on-demand
computing that extends beyond static cloud infrastructure,
effectively transforming vehicles into mobile edge nodes [6].

However, the inherent mobility and spatiotemporal dynamics
of the road traffic lead to highly variable resource availability
and communication conditions. This variability complicates

task scheduling and resource management, as it requires
systems to adapt continuously to changing network topologies,
link qualities, and processing capacities [6]. This shift in
paradigm, where demand for resources and their availability are
both dynamic and unpredictable, requires the development of
advanced resource management strategies that can operate
effectively in such environments. Traditional optimization-
based methods often fail to meet these requirements, as they
rely on static approaches that do not hold in realistic vehicular
environments [7].

Machine learning (ML), and particularly deep reinforcement
learning (DRL), has been widely adopted as a means to address
these challenges [8], [9], [10], [11], [12]. By learning policies
from historical and real-time data, DRL-based agents can
adapt to complex and non-stationary vehicular environments,
providing flexible and efficient decision-making for task
offloading and scheduling. Nevertheless, many of the works
in this domain typically utilize fully connected (dense) neural
architectures, such as multilayer perceptron (MLP), as function
approximators for DRL algorithms. While effective in small-
scale or stationary settings, such architectures struggle to
generalize across diverse vehicular contexts, where system
dynamics vary continuously.

To address this gap, this paper investigates the generalization
capabilities of RL-based task scheduling in VEC. Specifically,
we build upon our previous work based on deep Q-learning
(DQN) [13] with dense neural architecture, and introduce
a transformer-enhanced model that integrates self-attention
mechanisms. Our objective is to enhance policy transferability
and robustness, enabling RL agents trained under specific
scenarios to generalize effectively to unseen configurations
involving different vehicular densities, mobility patterns, and
communication conditions.

Our contributions can be summarized as follows:
• We propose a transformer-enhanced reinforcement learn-

ing (RL) framework that leverages self-attention mecha-
nisms, enabling agents trained in simplified environments
to generalize effectively when deployed in more complex
scenarios.

• We conduct, to the best of our knowledge, the first
evaluation of RL generalization in realistic VEC scenarios.

• Our experiments provide first insights into the generaliza-
tion behavior of attention-based RL architectures under
different road traffic and computational load dynamics.



II. RELATED WORK

ML-based approaches, particularly DRL, have been exten-
sively explored for resource management in VEC, including
computation offloading [7], [8], [11], [12], communication
resource allocation [9], and content caching [10].

Liu et al. [8] proposed a cooperative task offloading
framework to address resource utilization, latency and energy
consumption in mobile edge computing (MEC). Their method
combines multi-agent asynchronous DRL (i.e., MADQN and
MADDPG) for discrete server selection and continuous re-
source allocation, respectively. Additionally, an offline-trained
transformer model is used to predict future task arrival times
and computational demands.

Similarly, Han et al. [7] propose the Distributed Transformer-
based Actor-Critic (DTAC) algorithm, that integrates the trans-
former architecture into an actor-critic framework to manage
a hybrid high-dimensional action space consisting of discrete
offloading decisions and continuous resource allocation. The
paper introduces a decentralized transfer learning (TL) method
to mitigate the signaling overhead inherent in centralized
approaches. This approach adapts a converged centralized
model into a distributed framework where individual user
equipments (UEs) can independently manage resources based
solely on local information.

Geng et al. [11] propose a multi-agent DRL framework
for VEC, where idle vehicular resources act as temporary
edge nodes. Their approach incorporates convolutional and
recurrent layers to process spatio-temporal features, while
tasks are modeled as a directed acyclic graph (DAG) to
capture complex subtask dependencies. Li et al. [12] focus on
MEC systems where large-scale information exchange incurs
significant overhead. To address this, the authors propose a
distributed cooperative RL algorithm that integrates an attention
mechanism to identify active users and allocate resources
accordingly, along with a communication module that shares
action intentions among dynamically formed user groups to
reduce long-term task delay.

Ju et al. [9] propose a computation offloading scheme for
VEC environments that jointly considers processing delay and
communication security under spectrum sharing constraints. In
their system, vehicles offload computation tasks to a roadside
mobile server while reusing spectrum allocated to vehicle-
to-vehicle (V2V) communication for vehicle-to-infrastructure
(V2I) transmission. Security is ensured through physical layer
security mechanisms. The joint optimization of spectrum access
selection, transmit power control, and computation resource
allocation is formulated as a multi-agent collaborative decision
process and solved using a multi-agent DRL approach based
on the double DQN (DDQN) algorithm. Each vehicle acts as
an autonomous agent that locally observes channel conditions,
interference levels, computation resource availability, and task
characteristics, and selects a joint action accordingly.

In [10], the authors propose a content caching–assisted VEC
framework aimed at mitigating repeated task offloading and
enabling the reuse of popular computation results. To address

challenges arising from irregular vehicular network topologies
and uncertain environmental dynamics, they introduce a multi-
agent RL scheme based on graph attention mechanisms. By
integrating features from neighboring nodes, the proposed
approach captures spatial relationships among vehicles and
enhances cooperative caching decisions in dynamic VEC
environments.

Overall, while these studies demonstrate the effectiveness of
DRL for adaptive resource management in VEC, they largely
overlook the complexity of training and deploying learning-
based solutions in highly dynamic settings. Most evaluations
are conducted in simplified or homogeneous scenarios, with
limited discussion of scalability, convergence behavior, or
policy generalization across heterogeneous traffic conditions
and network topologies. Given the inherent mobility and
volatility of vehicular edge environments, efficient training
and robust generalization of RL-based policies remain critical
and underexplored challenges.

III. SYSTEM MODEL

Conceptually, we follow the system model for task offloading
described in [14]. In our setup, we consider a VEC envi-
ronment composed of a dynamic set of vehicles denoted by
V = {v1, v2, . . . , vN}, where each vehicle vi ∈ V is equipped
with an on-board computational unit, such as a CPU or GPU,
which we characterize by its processing capacity rather than its
specific architecture. Vehicles follow realistic mobility patterns
and may dynamically enter or leave the scenario as traffic
conditions evolve. To enable localized computation and task
offloading, vehicles are organized into VMCs, which act as
distributed edge computing infrastructures close to where data
and computation requests are generated.

A. Vehicular Microcloud (VMC)

A VMC is defined as a logical cluster of nearby vehicles
that collaboratively provide computation, storage [15] and
communication resources within a localized area (see Figure 1).
We assume that VMCs exist readily or form spontaneously in
areas with high vehicle density, such as intersections, parking
lots, or charging stations, where vehicles naturally accumulate
or remain for extended periods. Although individual vehicles
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Figure 1. Task offloading in a VMC. Vehicles can generate, exchange and
process tasks.



are mobile, the VMC itself is spatially static and anchored
to its corresponding region of interest; however, it evolves
dynamically as members join or leave.

To facilitate collaboration within a VMC m, the set of
vehicles Vm ⊆ V need to communicate with each other
(via V2X protocols such as IEEE 802.11bd [16] and C-
V2X [17]) to enable task offloading and cooperative execution.
For the purpose of this study, however, we abstract away the
underlying channel dynamics and assume seamless one-hop
communication among the vehicles within a VMC.

B. Computation Model

1) Vehicles: Each vehicle functions as both a task producer
and a task consumer. Specifically, a vehicle can generate
computational tasks that must be processed within a deadline,
while also serving as a computational node capable of executing
tasks locally or handling tasks offloaded by neighboring
vehicles within the same VMC. The computation power of a
vehicle is characterized by its processing capacity Pi. At any
given time, a vehicle is either idle (i.e., available to execute
a new task) or busy (i.e., currently processing a task). Each
vehicle has a processing queue with a capacity of one, allowing
it to execute only a single task at a time. The set of idle vehicles
at time t is denoted by

Vidle(t) = {vi ∈ V | vi is not processing a task at time t}.
(1)

Vehicles generate tasks periodically but with heterogeneous
rates. Specifically, for each vehicle, the inter-arrival time
between two consecutive tasks is fixed and equal to Tgap,
where Tgap is sampled once at initialization from a distribution
defined in the corresponding workload (cf. Section V-B).

2) Tasks: A task τj is represented by the tuple:

τj = {Aj , Dj , κj , sj}, (2)

where Aj is the arrival time, Dj is the deadline, κj denotes
the computational complexity (in required CPU cycles), and
sj identifies the source vehicle. Tasks can either be executed
locally by their originating vehicle or offloaded to idle vehicles
within the same VMC: vi ∈ Vm. Tasks are non-preemptible
once execution begins, and since vehicles have a processing
queue of capacity one, new tasks must wait until the vehicle
becomes idle. The execution time required by vehicle vi to
process task τj is given by:

T proc
ij =

κj

Pi
. (3)

Tasks that exceed their deadlines (t > Aj +Dj) are discarded.

C. Scheduler and Policies

A centralized scheduler operates within the VMC, assuming
a logical central entity (e.g., a lead vehicle or roadside
unit) with global visibility over all idle vehicles Vidle and
pending tasks Tactive. This entity continuously monitors the
system state at discrete simulation steps and is responsible
for matching computational tasks to idle vehicles to optimize
performance objectives, such as maximizing the number of

tasks completed before their deadlines or minimizing average
task latency. The short-term stability of communication links
and vehicle presence enables the scheduler to assume quasi-
stationary network conditions when optimizing task-vehicle
assignments. At each decision step t, the scheduler observes the
current system state st, which includes the set of idle vehicles
Vidle ⊆ Vt and the set of active (unassigned) tasks Tactive ⊆ Tt,
where Vt and Tt denote the vehicles and tasks present in the
VMC at time t, respectively.

The scheduler implements a policy π : S → A that selects
an action at based on the current system state st. Thus, the
scheduling decision at time t is given by

at = π(st). (4)

An action at ∈ A is defined as a tuple (v∗i , τ
∗
j ), which

corresponds to assigning an active task τ∗j ∈ Tactive to an
idle vehicle v∗i ∈ Vidle:

at = (v∗i , τ
∗
j ). (5)

If no feasible assignment exists (e.g., no idle vehicles are
available or all tasks have expired deadlines), the scheduler
outputs at = ∅. We do not explicitly account for assignment
costs (e.g., communication or energy overhead); scheduling
decisions are evaluated solely through the defined reward
function (cf. Section IV-3).

The scheduler implements two main classes of policies
(cf. Section IV-A): (i) heuristic-based policies that rely on
deterministic rules to prioritize assignments (e.g., earliest
deadline first, lowest complexity, random task selection); and
(ii) RL-based policies (e.g., DQN) that learn assignment of
tasks and vehicles via repeated interaction with the environment,
aiming to maximize long-term cumulative rewards. A hybrid
variant, combining heuristic and RL policies is also possible.

IV. REINFORCEMENT LEARNING SETUP

To solve the dynamic task-vehicle assignment in a VMC, we
model the problem as a Markov decision process (MDP) and
and solve it using a DRL approach based on deep Q-learning.
We implement a hybrid scheduling policy that decouples task
prioritization from resource assignment. In the first stage, a
heuristic (e.g., Earliest Deadline First) pre-selects a task from
the task queue; then, the DQN agent performs the actual
resource assignment.

1) State Space: At each decision step t, the scheduler
observes the current system state st, which comprises the
features of the selected task and the set of available (idle)
vehicles. Formally, the state is represented as:

st =
{
fτ ,FVidle(t)

}
, (6)

where:
• fτ ∈ R2 is the feature vector of the current task τj =
{Aj , Dj , κj , sj}:

fτ = [κj , Dj ]
⊤
.



• FVidle(t) ∈ RNidle×1 is a matrix stacking the processing
capacities of all idle vehicles:

FVidle(t) =
[
Pi1 , Pi2 , . . . , PiNidle

]⊤
,

where Nidle = |Vidle(t)|.
The state space is heterogeneous and variable-sized due to the
dynamic number of idle vehicles.

2) Action Space: The action space is discrete and time-
varying. At each decision step t, after a task has been pre-
selected, the agent must decide which idle vehicle (if any)
should execute it.

Let Vidle(t) = {v1, v2, . . . , vNidle(t)} be the set of currently
idle vehicles with cardinality Nidle(t). The agent can either
assign the task to one of the idle vehicles, or output the null
action (no assignment) when assignment is not beneficial.

Formally, the action space is defined as:

A(t) = {0, 1, . . . , Nidle(t)− 1} ∪ {∅}, (7)

where action at = k (k = 0, . . . , Nidle(t)− 1) means assigning
the current task to the k-th vehicle in the current ordering of
Vidle(t), and at = ∅ means that the task is not assigned to any
vehicle at this step.

3) Reward Function: The reward signal rt is designed to
promote timely and efficient task completion while penalizing
suboptimal (or invalid) assignments. Let v∗ = vik be the
vehicle selected via action at, and let T comp = t+

κj

Pik
be the

estimated completion time. The reward is defined as:

rt =


2.0, if at = a∗ and T comp ≤ Aj +Dj ,

0.0, if at = a∗ but T comp > Aj +Dj ,

−10.0, otherwise,
(8)

where a∗ = argmaxi∈Vidle(t) Pi is the oracle action selecting
the vehicle with maximum processing power. The agent is
penalized for selecting any vehicle that is not the fastest
available, even if that vehicle would still complete the task
before the deadline. The motivation behind this design is to
guide the agent toward selecting the best available vehicle,
as such resources may be limited. In vehicular microclouds,
high-capacity vehicles are scarce and valuable shared assets;
prioritizing their selection enables more efficient overall system
utilization.

4) Transition Dynamics: Upon executing action at, the
environment transitions as follows:

• The assigned task τj is removed from the pending set
Tactive.

• The selected vehicle becomes busy until completion
(queue capacity = 1).

• Time advances to the next decision step (depending on
task arrival or vehicle availability).

• The episode terminates when t = Tduration, the simulation
horizon.

The next state st+1 reflects updated idle vehicle set and the
next heuristically pre-selected task.

Table I
COMPARISON OF THE TWO DQN IMPLEMENTATIONS

Feature MLP-DQN PI-DQN

Observation space Fixed-length vector Dictionary +
variable-length sequence

State encoding [nidle, κ̂j , D̂j ,P] fτ ∈ R2 and
{Pi | vi ∈ Vidle}

Padding / masking Zero-padding to Nmax No padding (native
sequences)

Network input size Constant Variable (Nidle)

Architecture Fully connected MLP
with 2 hidden layers

Single-layer Transformer
encoder + shared MLP

Action masking Explicit masking
(Q = −∞)

Implicit (argmax over
valid vehicles)

A. MLP-based DQN vs. Permutation-Invariant DQN

In the remainder of this work, we focus on the RL-based
policies. Specifically, to study the generalization capability of
the RL agent, we implement two DQN variants that share the
same objective but differ in state representation and neural
architecture.

1) MLP-DQN: For multilayer perceptron (MLP)-based DQN
(MLP-DQN), we adopt our previous implementation [13]. The
Q-network is implemented as a fully connected MLP with two
hidden layers, and outputs Q-values for a fixed action space of
size Nmax (corresponding to an upper bound on the number of
idle vehicles). Since fully connected MLP architectures require
fixed-size input and output spaces, we employ a padded state
representation and action masking to accommodate the variable
number of available vehicles. Specifically, the state s is defined
as a fixed-length vector: s = [nidle, κ̂j , D̂j ,P], where nidle is
the number of idle vehicles, κ̂j and D̂j are the normalized
task features, and P is a vector of processing capacities Pi of
idle vehicles, zero-padded up to Nmax. During action selection,
invalid actions corresponding to padded or unavailable vehicle
entries are masked by assigning their Q-values to −∞, ensuring
they are excluded from the maximization operation.

2) PI-DQN: For permutation-invariant DQN (PI-DQN) we
adopt a set-based state representation that naturally accom-
modates a variable number of idle vehicles. Task features
are first embedded into a latent space and replicated across
all vehicle entries, then concatenated with each vehicle’s
processing capacity to form a set of task-vehicle tokens. These
tokens are processed by a single-layer Transformer encoder
with one attention head and model dimension dmodel = 256,
enabling context-aware interactions among vehicles while
preserving permutation invariance. The resulting representations
are passed through a shared MLP to produce one Q-value per
idle vehicle, corresponding directly to the available actions.
Since Q-values are computed only for existing vehicles, neither
state padding nor explicit action masking is required. This
architecture follows the deep sets principle, ensuring that the
learned policy is invariant to permutations of vehicle ordering
and it uses self-attention to model interactions among vehicles.



(a) Scenario 1: Five-way intersection; Ap-
prox. center: 49.6133°N, 6.1199°E); Bound-
ing box: (6460,7190)–(6540,7255).

(b) Scenario 2: Complex four-leg intersec-
tion; Approx. center: 49.6164°N, 6.0984°E;
Bounding box: (4865,7560)–(5040,7707).

(c) Scenario 3: Medium-sized roundabout;
Approx. center 49.6064°N, 6.1063°E);
Bounding box: (5390,6420)–(5580,6590).

Figure 2. Definition of the ROIs used as test scenarios, showing real-world coordinates (WGS84 standard) and bounding box definitions according to SUMO
coordinates: (minx,miny)− (maxx,maxy).
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Figure 3. Learning performance of the RL agent with different DQN variants.

V. EVALUATION

To evaluate the generalization capability of the proposed
RL-based scheduler, we train both DQN variants (MLP-DQN
and PI-DQN) on a simple synthetic scenario and test them
zero-shot on three more complex, previously unseen real-world
traffic scenarios with three distinct workload configurations.
Our evaluation focuses on robustness to (i) changes in traffic
topology and vehicle density and (ii) shifts in workload
characteristics.

A. Training Scenario and Setup

The training scenario consists of a simple two-lane bidirec-
tional straight road where vehicles travel at constant speed.
At most 16 vehicles are simultaneously present, remaining
below the capacity limit of Nmax = 20 used during training.
This limit is selected as a conservative upper bound on the
average number of idle vehicles observed across training and
evaluation scenarios. It ensures a fixed action dimensionality for
the MLP-DQN while safely exceeding the maximum vehicle
count encountered during training. This setting induces a small
and relatively stable VMC, allowing agents to learn an effective
resource selection policy (according to the reward function,
cf. Section IV-3) without exposure to large-scale variability.
Computational tasks for the training scenario are generated
with the distributions defined for the training workload in
Table II. Both the MLP-DQN and PI-DQN agents are trained
for 2000 episodes using an identical set of hyperparameters,
summarized in Table III.

Table II
PARAMETER DISTRIBUTIONS FOR DIFFERENT WORKLOADS

Parameter Training WL Test WL

Task complexity (κj ) U(1, 7) U(12, 15)
Task deadline (Dj ) U(1, 6) U(2, 6)
Vehicle proc. power (Pi) U(1, 4) U(7, 10)
Task inter-arrival (Tgap) U(2, 4) U(2, 4) / U(6, 8)∗

∗Note: We also deploy Test WL∗ (same as WL, but Tgap ∼ U(6, 8)).

Table III
TRAINING HYPERPARAMETERS FOR THE DRL AGENT

Hyperparameter Value

Number of training episodes 2000
Replay buffer capacity 100,000
Batch size 32
Discount factor (γ) 0.99
Optimizer Adam
Learning rate 10−3

ϵ-greedy exploration Exp. decay (1.0 to 0.1)
ϵ-decay rate 0.008
Target network update frequency 10 steps

B. Test Scenarios and Workload Configurations

We evaluate the agents’ generalization ability across three
different region of interests (ROIs) from the LuST scenario [18].
As shown in Figure 2, each test scenario features a distinct
road topology and induces different traffic dynamics:

• Scenario 1: Five-way intersection simulated during morn-
ing rush hour (06:10). The region exhibits high vehicle



density and complex merging patterns (Figure 2a).
• Scenario 2: Complex four-leg intersection simulated

during afternoon peak traffic (17:00), with significant
congestion and turning movements (Figure 2b).

• Scenario 3: Medium-sized roundabout and adjacent roads,
simulated under midday traffic conditions (12:00), featur-
ing moderate flow and frequent lane changes (Figure 2c).

Figure 3 illustrates the traffic demand across scenarios; The
number of vehicles per scenario is shown as a time series
(Figure 3a), and as the aggregate distribution across multiple
simulation runs for each scenario (Figure 3b).

For each scenario, we test the MLP-DQN and PI-DQN in
different workload regimes (summarized in Table II):

• Training WL (Workload 1): Task complexity, deadlines,
vehicle processing power, and task arrival rates follow
the same distributions as used during training. This
workload serves as a baseline and isolates the effect of
increased traffic complexity and larger VMC sizes in
unseen scenarios.

• Test WL (Workload 2): Tasks have higher computational
complexity, with κj ∼ U(12, 15), while vehicles have
higher processing capabilities, with Pi ∼ U(7, 10). Task
arrival rates are identical to those used during training.
This workload evaluates robustness to simultaneous shifts
in task difficulty and resource capacity, representing
a more demanding operating regime. By keeping the
total number of tasks comparable to the training setup,
this workload decouples workload intensity from task
frequency, enabling a controlled analysis of how changes
in task and vehicle characteristics alone affect the agents’
decision-making behavior.

• Test WL∗ (Workload 3): Task complexity and vehicle
processing power follow the high-demand distributions of
Test WL, while tasks arrive less frequently due to longer
inter-arrival times. Larger values of Tgap correspond to
lower task generation rates and, thus, lower system load.

Note: the workload parameters are expressed as unit-less
scalars to capture relative changes in task complexity (κj), task
deadline (Dj), vehicle processing power (Pi), and task inter-
arrival time (Tgap). This abstraction enables a clean evaluation
of policy robustness under controlled distributional shifts, so
the results are not influenced by details of particular hardware
or exact timing.

Each configuration is evaluated over five independent sim-
ulation runs of 1200 s. To ensure statistical validity, vehicle
mobility traces and workload parameters are randomized across
different runs. All experiments are conducted with VE-SIM,1

our open-source framework that integrates SimPy (discrete-
event simulation), SUMO (microscopic road traffic simulation),
and PyTorch (ML framework).

C. Results and Analysis

As shown in Figure 4, PI-DQN exhibits a better learning
performance: it converges faster and achieves higher episodic

1https://github.com/agnmmd/ve-sim
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(c) Scenario 1, Test WL∗.

Figure 5. Aggregate of agent’s action selections over multiple simulation runs
in Scenario 1 under training and test workloads.

reward (∼450) compared to MLP-DQN (∼100). The perfor-
mance difference, even in the simple training environment,
shows the limitation of (padded and) fixed-size representations:
a significant fraction of the MLP network’s capacity is spent on
learning to ignore irrelevant entries, hindering sample efficiency
and final policy quality.

Figure 5 illustrates the action selection patterns of both
approaches across training and test workloads in Scenario 1.
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(c) Scenario 1 / Test WL∗.
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(d) Scenario 2 / Training WL.
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(e) Scenario 2 / Test WL.
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(f) Scenario 2 / Test WL∗.
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(g) Scenario 3 / Training WL.
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(h) Scenario 3 / Test WL.
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(i) Scenario 3 / Test WL∗.

Figure 6. Ratio of decisions in the unseen intersection scenario where the agent selected the actual fastest available vehicle (oracle action).

During training (Figure 5a), both MLP-DQN and PI-DQN
exhibit relatively similar selection distributions, with both
approaches concentrating their selections on lower-indexed
actions (vehicles). However, the critical difference emerges
during test deployment with unseen workloads (Figure 5b):
MLP-DQN develops a pronounced positional bias, favoring
vehicles at indices 0-3 while almost entirely neglecting vehicles
beyond index 12. In contrast, PI-DQN maintains a more
balanced distribution, spreading selections across a broader
range of vehicles with notably less concentration on specific
indices. When evaluating on Test WL∗ (Figure 5c), which fea-
tures lower system load, MLP-DQN’s positional bias becomes
even more extreme, while PI-DQN continues to distribute
selections more uniformly. This demonstrates that despite zero-
padding and action masking, MLP-DQN learns correlations
with positional encodings during training that fail to generalize
to new workload patterns and worsen under reduced system

load. PI-DQN’s attention-based set processing architecture
successfully eliminates these ordering artifacts, resulting in
more robust generalization and fairer vehicle utilization across
diverse distribution shifts between training and test conditions.
Similar results are observed for Scenario 2 and 3.

Figure 6 quantifies agents’ decision quality by measuring
the fraction of times an agent correctly selected the best
available resource, i.e., fastest processing vehicle (oracle action)
across all three scenarios and workload conditions. The results
reveal a strong difference in generalization capability: During
training workload deployment (Figures 6a, 6d and 6g), MLP-
DQN already exhibits suboptimal performance with success
rates of 84.6 %, 69.0 % and 72.8 % in Scenarios 1, 2, and 3,
respectively, indicating incomplete learning even on the training
distribution. Meanwhile, PI-DQN achieves perfect 100 % oracle
selection across all scenarios.

The performance gap degrades further under Test WL
(Figures 6b, 6e and 6h), where MLP-DQN’s success rate



decreases to 56.2 %, 40.0 %, and 42.7 % across the three
scenarios. This severe degradation occurs despite the agent
having been trained with action masking and zero-padding,
confirming that the learned positional correlations fail when
dealing with distribution shifts in task complexity and vehicle
capabilities. PI-DQN maintains perfect 100 % accuracy across
all test scenarios.

The difference in performance between the two approaches
is most pronounced under Test WL∗ (Figures 6c, 6f and 6i).
Here, MLP-DQN’s decision quality deteriorates even further
to 30.3 %, 18.3 %, and 18.6 %, representing an substantial
performance decrease compared to training. This extreme
degradation under reduced load occurs because: (i) with
more idle vehicles, action masking imposes fewer constraints,
allowing the agent to freely exploit its positional preferences,
and (ii) infrequent task arrivals provide sparse feedback, giving
insufficient signal to correct the learned position-based strategy.
Again, PI-DQN demonstrates perfect oracle selection across
all scenarios.

These results demonstrate that the permutation-invariant
architecture produces a policy that is highly robust to: (i)
unseen traffic patterns and varying VMC sizes, (ii) substantial
shifts in task complexity and vehicle processing capabilities,
and (iii) changes in system load and task arrival intensity.
The consistent 100 % oracle selection by PI-DQN across all
tested conditions indicates that once permutation invariance is
properly achieved through the attention-based set processing.

VI. CONCLUSION

In this paper, we investigated the generalization capability
of two DRL-based task-offloading schedulers in VEC environ-
ments. We demonstrated that conventional MLP-based DQN
architectures fail to generalize when deployed under previously
unseen configurations.

Extensive evaluation across three realistic vehicular sce-
narios and different workload regimes, showed that MLP-
DQN’s oracle action selection rate degrades dramatically, from
approximately 70–85 % on training workloads to as low as
18–30 % under test conditions. By replacing the fixed-size
MLP with a lightweight permutation-invariant transformer-
based approach, we achieved 100% oracle selection across all
tested scenarios. The attention-based set processing eliminates
ordering artifacts, enabling the policy to generalize robustly to
unseen vehicular densities, mobility patterns, and system loads
without retraining.

In future work, we plan to extend this approach to joint
task–vehicle assignment and decentralized multi-agent schedul-
ing under incomplete state information and realistic commu-
nication constraints. We also aim to refine the computational
model to better account for the real-world VMC dynamics,
evaluate the computational overhead of the proposed scheduler,
and further compare our approach with other state-of-the-art
methods.
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