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Abstract—Action masking is a well-known technique in hard-
constrained RL for multi-access edge computing (MEC) orches-
tration that improves training efficiency by preventing infeasible
decisions. However, it optimizes reward while externalizing fea-
sibility logic from the policy, including resource capabilities and
migration constraints. This paper studies this trade-off in an
MEC-enabled Vehicle-to-Everything (V2X) setting by comparing
two matched training regimes: one that removes infeasible actions
before decision-making and one that learns feasibility through
penalty-driven interaction. To analyze the basis of decision-
making, we apply SHAP and introduce feasibility-aware metrics,
including the Feasibility Attribution Ratio (FAR) and the Opti-
mization Attribution Ratio (OAR). We then evaluate robustness
to shifts in the feasibility set, such as increased demand or
reduced MEC capacity. The results show that the unmasked
model is more affected by feasibility-related constraints and more
resilient when feasibility conditions shift, whereas the masked
model improves convergence but is less stable under stress. These
findings suggest that reward optimization alone is insufficient
to assess trustworthy MEC-RL and motivate an evaluation
protocol that combines performance metrics with explanation
and robustness checks.

I. INTRODUCTION

Reinforcement learning (RL) is increasingly studied as a
framework for sequential decision-making in 5G/6G networks,
with applications ranging from service placement and task
offloading to routing and multi-access edge computing (MEC)
orchestration [1], [2]. These applications share a common
structure: at each step, an RL policy must select an action
based on resource capacities, latency budgets, and the current
network state, which may change between consecutive deci-
sions. Training optimizes a scalar reward signal that captures
objectives such as resource efficiency and request acceptance.
However, high cumulative reward during training does not
necessarily mean that the policy encodes the problem’s feasi-
bility structure; a policy may consistently select valid actions
without attending to the state features that determine why
those actions are valid. Determining whether a policy has
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internalized this structure, rather than relying on external
mechanisms such as action masking that restrict its choices,
is key to ensuring operator trust under deployment, especially
in conditions unseen during training.
The most common mechanism for enforcing feasibility in
constrained networking RL is action masking, which filters
infeasible actions before the policy samples from the action
space. This approach is effective and often necessary because it
prevents infeasible decisions and improves training efficiency.
However, despite its effectiveness, it may also distort the
learning problem [3]. This is because when infeasible actions
are systematically excluded from interaction, the policy re-
ceives less direct corrective feedback about why those actions
are invalid and therefore has less incentive to internalize the
feasibility constraints. As a result, part of the constraint logic
is offloaded to the external mechanism rather than handled by
the policy itself.
This can be problematic in operational settings, where the
feasible action set may shift due to traffic surges or tighter
service requirements. Under such perturbations, the key ques-
tion is not only whether a policy achieved high training reward,
but whether it learned to be aware of the state variables that
govern valid decision-making. In most networking RL studies,
policies are evaluated mainly through aggregate indicators
such as reward, convergence, and acceptance ratio. Whether
successful policies actually encode feasibility-relevant struc-
ture, or succeed mainly because infeasible behavior is filtered
externally, remains insufficiently examined.
In this paper, we investigate feasibility-relevant awareness in
a MEC-enabled V2X environment, a representative setting in
which sequential application-offloading decisions must satisfy
coupled compute, communication, and delay constraints under
dynamic conditions [4], [5]. We develop two matched RL
agents that solve the same task under the same reward formu-
lation: one uses hard invalid-action masking, while the other
acts over the full action space and learns feasibility through
penalty-driven interaction. To quantify how these regimes
shape the learned policy structure, we use SHAP-based fea-
ture attribution (SVERL) as a diagnostic probe of policy
behavior rather than as a post-hoc visualization tool [6]. We
group state features into feasibility-related and optimization-
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Fig. 1: Proposed workflow for the masked-vs.-unmasked MEC-RL study. A VEC environment provides the same decision task to two matched agents: a
hard-masked policy and an unmasked penalty-based policy. After training, both agents are analyzed on a shared evaluation-state set using SHAP. Feature
attributions are grouped into feasibility-related and optimization-related components to compute FAR, OAR, which are then connected to robustness under
feasibility-set perturbations for trustworthiness assessment.

related sets, measure the policy’s dependence on these sets,
and test whether these attribution patterns are reflected in
robustness under shifts in the feasible action set, including
host-capacity reduction and increased demand. Our results
show that hard masking improves convergence and nominal
reward but reduces the policy’s reliance on feasibility-defining
features, whereas the unmasked regime develops stronger
constraint awareness and incurs smaller performance loss
under feasibility-set shifts unseen during training, suggesting
that reward alone is insufficient to assess trustworthiness in
deployed MEC-RL policies.

II. RELATED WORK

RL for constrained network control: RL has become a standard
approach for sequential decision problems in next-generation
networks, with recent surveys documenting its widespread
use in MEC task offloading, resource management, and edge
orchestration [2]. Representative studies include deep RL
(DRL) for delay-sensitive task offloading in MEC [7], multi-
agent RL for hybrid-decision-space task offloading in MEC
[8], and DRL-based latency-aware slicing in O-RAN [9]. This
literature demonstrates the maturity of RL for network con-
trol, evaluation while remains predominantly on performance,
focusing on reward, latency, and acceptance ratio.

Within RL, action masking is a common strategy for pre-
venting agents from selecting infeasible actions in constrained
environments. Prior work shows that this mechanism is partic-
ularly important when the number of invalid actions is large [3]
and when performance gains are required [10]. However, its
effect on what the policy learns about environment feasibility
remains underexplored, particularly in networking RL, where
masking is often treated as an implementation detail rather
than as a factor that may shape how the agent learns feasibility-
relevant structure.

Explainability for networking RL: DRL models remain
largely opaque, which weakens operators’ trust in their de-
ployment for safety- and performance-critical network-control
tasks. This has increased interest in explainable reinforcement
learning (XRL), where the objective is not only to improve
human understanding of learned policies, but also to support
reliable use in operational settings. Surveys such as [11] orga-
nize this literature into several main families, including policy
summarization and saliency- or attribution-based explanation

methods. In [12], SHAP is applied to multi-agent DRL for
V2X resource allocation, enabling feature selection and model
reduction, whereas [5] improves interpretability in vehicular
network slicing by combining attention with Shapley-value
supervision. While [13] focuses on explaining the behavior
of an RL agent for network slice admission control, existing
approaches are used mainly to describe learned behavior after
training rather than to analyze how specific training choices
affect what the agent internalizes.

Position of this work: Our work lies at the intersection
of MEC-oriented RL, constrained RL, and XRL. As in
prior MEC-RL studies, we consider a sequential network-
control problem; as in constrained RL, feasibility must be
respected during decision making; and as in XRL, we use
post-hoc feature attribution to inspect learned policies. The
main contribution of this paper is to investigate how feasibility
handling mechanism in RL for constrained network control
problems influences performance under stringent requirements
not captured during training.

We show that hard masking improves convergence and
reward, but reduces the policy’s reliance on feasibility-relevant
features, while unmasked training leads to stronger depen-
dence on constraint-relevant features and more robust behavior
under feasibility-set shifts. These results provide direct ev-
idence that trustworthiness in MEC-oriented RL cannot be
assessed from reward alone, and instead requires evaluating
both what the policy attends to and how it behaves when
feasibility conditions change.

III. SYSTEM MODEL AND RL FORMULATION

This section introduces the vehicular MEC environment
(III-A), formulates the RL decision problem (III-B), defines
the two training regimes (III-C), and presents the feature
partition and trust-oriented evaluation metrics (III-D, III-E).

A. Vehicular MEC Environment
Fig. 1 shows a schematic representation of the framework. We
consider a vehicular edge computing (VEC) environment (left
panel of Fig. 1) in which a set of vehicles V = {v1, . . . , vn}
travel along a highway segment served by roadside base
stations (gNodeBs), each co-located with a MEC host from the
set M = {m1, . . . ,mh}. The deployment follows the ETSI
MEC reference architecture [14]. Each vehicle runs a safety-
critical sensing application [4] that must be offloaded to a



MEC host for real-time processing. A centralized orchestrator
assigns each vehicle’s task to a suitable host based on resource
availability, proximity, and load conditions.

Decisions are made sequentially following a consecutive
set of events: at each event e, a vehicle vi either initiates a
new offloading request or requests migration due to mobility,
and the orchestrator selects a target host mj via the binary
assignment xe

ij ∈ {0, 1}. Each MEC host mj ∈ M is char-
acterized by a set of resources k ∈ R = {CPU,RAM,Disk}.
We denote by Cmax

j,k and ρej,k the maximum capacity and the
remaining capacity of resource k for MEC mj at event e,
respectively. Similarly, each vehicle vi ∈ V requires Qe

i,k

units of resource k. The overall objective is to maximize
the number of successfully served vehicles while balancing
load and minimizing latency. A complete specification of the
environment, including the safety application, traffic model,
and full optimization formulation, is provided in [4].

B. MDP Formulation
We model the environment as a Markov decision pro-
cess with state-dependent action constraints: MDP =
(S, A, T , Rw, C) where S is the state space, A is the
full discrete action space, T is the transition function, Rw

is the reward function, and C : S → 2A is the feasibility
constraint function that maps each state to the subset of valid
actions. At each decision event e, the agent observes se ∈ S,
selects ae ∈ A, and receives reward re ∈ Rw.

State space: The state matrix at event e aggregates three
information groups:

se =
[
V info
i , V req

i︸ ︷︷ ︸
requesting vehicle

, Minfo︸ ︷︷ ︸
all hosts

]
(1)

Where, V info
i = (vidi , vpi , v

s
i , v

h
i , v

m
i , vdi ) captures the re-

questing vehicles’ ID, position, speed, heading, current host
assignment, and distances to all hosts, respectively. V req

i =
(Qe

i,1, Q
e
i,2, Q

e
i,3) encodes its resource requirements. In ad-

dition, Minfo contains information about MECs. A MEC
mj ∈ M is described by the tuple (mid

j ,mc
j ,m

l
j), where

mid
j is the MEC ID, mc

j = (ρej,1, ρ
e
j,2, ρ

e
j,3) are the available

resources and ml
j is the load level of mj in the current event e.

The total dimension of the flattened state vector is 6|M|+10.

Action space: The agent selects ae ∈ A = {0, 1, . . . ,M},
where the first M − 1 actions represent MEC host indexes,
while last action corresponds to drop the request.

Action Feasibility constraints: The feasible set C(se) ⊆ A is
defined by two conditions:

xe−1
ij ≤ 1− xe

ij , (2)∑
i∈V xe

ij Q
e
i,k ≤ ρej,k, ∀k ∈ R. (3)

Constraint (2) enforces the migration decision rule of the
environment, ensuring that an already assigned request is not
kept on the same host when a migration decision is triggered.
Constraint (3) ensures that aggregate resource demand does
not exceed the available capacity of the selected host either
when a vehicle requests a new offloading request or when a

migration is triggered. An action ae belongs to C(se) if and
only if both constraints are satisfied.
Reward: The reward function is designed to guide the agent
toward selecting MEC hosts that are simultaneously resource-
feasible, load-balanced, and geographically close to the re-
questing vehicle, mirroring the joint optimization objectives
of MEC orchestration in vehicular settings [4]. For feasible
actions, the reward aggregates a base bonus Rs, a clipped
load-variance reduction rel = ϕ(∆Vare(L)), where L =
(ml

1, . . . ,m
l
h) encouraging balanced load among MEC hosts,

and a proximity-mobility term red = −d̂e + cos(θe) favoring
nearby hosts aligned with the vehicle’s heading; where d̂e

corresponds to the distance/proximity to MEC hosts and θe

to the angle between the vehicle velocity (heading) and the
vector pointing to the selected MEC.

re =


Rs + rel + red, if ae ∈ C(se),
rpen, if ae /∈ C(se),
rdrop, if C(se) = ∅

(4)

where rpen is a penalty (negative value) in case of selecting
an infeasible action (unmasked agent) and rdrop is a negative
reward in case there is no feasible action. Please note that this
reward becomes null if there is no feasible actions and the
agent decides to drop the request. The treatment of infeasible
actions depends on the training regime described next. This
distinction is central to our study, since the same MEC
decision problem can be solved either by externally enforcing
feasibility through C(se) or by requiring the policy to learn
feasibility-relevant regularities from interaction.

C. Training Regimes
The objective of this study is to examine how the way
feasibility is enforced during training influences how much
an RL policy learns about the environment’s constraints. For
a rigorous evaluation, feasibility handling must be the only
factor that differs between the compared agents. To this end,
we instantiate two matched training regimes over the same
MDP (Fig. 1). The policy architecture, optimizer, and all
training parameters are fixed; the regimes differ only in how
the agent is exposed to C(se) during learning.
Regime M (Hard Mask): The agent is trained using Mask-
ablePPO [3]. At each step, the environment computes C(se)
and constructs a binary mask m(se) ∈ {0, 1}M , where m = 1
iff j ∈ C(se). Infeasible actions receive logit −∞ before the
softmax, so πM (policy) assigns them zero probability. As a
result, the policy cannot select an infeasible action and there-
fore receives no learning signal from violating the feasibility
constraints. This regime may improve learning efficiency and
nominal performance (reward), but it also externalizes part of
the decision logic through an oracle-like constraint filter.
Regime U (Unmasked + Penalty): The agent is trained using
standard PPO [15] over the full action space A, without any
masking. When the agent selects ae /∈ C(se), the environment
returns a fixed penalty rpen < 0, the network state remains
unchanged, and the episode continues. The agent must there-
fore learn, through trial and error, which regions of the state



TABLE I: Partition of state features into feasibility (Ffeas) and optimization
(Fopt) groups.

Group Features

Ffeas Vehicle info: Current MEC assignment (vhi )
Vehicle req.: CPU/RAM/Disk demand (Qi,k)
MEC host: Index (mid

j ), Avail. CPU/RAM/Disk (ρj,k)

Fopt Vehicle info: Position (vpi ), Speed (vsi ), Heading (vmi ),
Distances to hosts (vdi )

MEC host: Load level (ml
j )

space are associated with infeasible decisions and how they
affect returns.

The central hypothesis is that these two regimes, despite
solving the same task under the same reward, can produce
policies with different internal structures. When feasibility
is enforced externally, the policy may achieve high reward
without learning to attend to the state features that govern
action validity, making it more brittle when the feasible set
shifts due to capacity reduction, host unavailability, or demand
surges that exceed training conditions.

D. Feature Partition
We partition the state variables into roles in decision-making
before computing feature attribution.1The objective of this
partition is to distinguish features that govern action feasibility
from those that mainly affect action quality. Tab. I details each
group. This distinction is essential for our analysis: it allows
us to interpret attribution scores not only in terms of which
inputs influence a decision, but also in terms of what kind
of reasoning the policy relies on. In particular, a policy that
assigns more attribution mass to feasibility-related features can
be interpreted as relying more strongly on constraint-relevant
information, whereas a policy dominated by optimization-
related features may be relying more on reward refinement.
Accordingly, we define two feature groups:

• Feasibility features (Ffeas): variables that determine
whether an action satisfies constraints (2)–(3). These
include the MEC host index mid

j , the available host
resources ρej,k, the vehicle’s current MEC assignment,
and the vehicle’s resource requirements Qesi,k. These
variables directly govern whether a candidate assignment
is admissible.

• Optimization features (Fopt): variables that influence
the reward of a feasible decision without determining
validity itself. These include vehicle motion and loca-
tion descriptors, vehicle-to-host distances, and host load
indicators. These variables shape which feasible action is
preferable, rather than which actions are allowed.

E. Evaluation Metrics
For a collected evaluation dataset D, we compute the SHAP
values ϕp(s

e) for all state features p in 6|M|+10. We define
the following metrics:

1This partition is functional rather than strictly disjoint: it assigns each
feature to the role it primarily plays in the decision structure (constraints
described above).

TABLE II: Simulation and training parameters.

Parameter Value

Environment
MEC hosts (h) / Vehicles (n) [2, 5] / [5, 30]
Vehicle speed / Request lifetime U(40, 140) km/h / U(30, 180) s
Road length / Simuation time 20 km / 200 s

Training
Regime M / Regime U MaskablePPO / PPO
Policy network / Learning rate MLP [128, 128, 128] / 3×10−4

Timesteps / Seeds per regime ≥500K / 5

Feasibility Attribution Ratio (FAR): Measures the fraction
of total attribution mass on feasibility-relevant features Ffeas.
While FAR is the average over samples in the evaluation
dataset.

FAR(se) =

∑
f∈Ffeas

|ϕf (s
e)|∑

p |ϕp(se)|
, FAR =

1

|D|

|D|∑
s=1

FAR(se) (5)

Optimization Attribution Ratio (OAR): Measures the fraction
of total attribution mass on optimization-relevant features
Fopt. While OAR is the average over samples in the states
set. By construction, OAR is the complement of FAR.

OAR(se) =

∑
o∈Fopt

|ϕo(s
e)|∑

p |ϕp(se)|
, OAR =

1

|D|

|D|∑
s=1

OAR(se) (6)

IV. RESULTS AND ANALYSIS

This section evaluates the two regimes from three comple-
mentary perspectives: (i) learning efficiency under nominal
conditions, (ii) attribution analysis of policies under different
regimes, and (iii) robustness to shifts in the feasible action set.
We compare convergence and invalid-action rates to assess
training efficiency, analyze feature attributions to quantify
reliance on Ffeas versus Fopt, and examine whether these
differences translate into robustness under deployment-time
deviations. The main simulation and training parameters are
reported in Tab. II. We denote by U and M , the RL agents
trained under regimes U and M , respectively.

A. Training Convergence
Fig. 2 compares the learning dynamics of the RL agents
trained under both regimes over 1.5× 106 training timesteps.
The top panel reports the mean episodic reward, while the
bottom panel shows the invalid-action rate. A clear separation
emerges between the two regimes. As expected, M converges
substantially faster, reaching a stable reward plateau after
approximately 5× 105 timesteps, whereas U requires roughly
9×105 timesteps to stabilize. In addition to faster convergence,
M attains a higher final reward level, fluctuating around 280,
while U stabilizes closer to 240–250. This confirms that
hard masking improves both training efficiency and nominal
optimization performance. The lower panel clarifies the source
of this difference. By construction, M maintains an invalid-
action rate of 0 throughout training, since infeasible actions
are removed from the policy’s choice set before sampling. In
contrast, U initially selects infeasible actions very frequently,
with an invalid-action rate peaking near 65%, because it must
discover feasibility constraints through interaction alone. As



Fig. 2: Mean episodic reward and invalid-action rates of RL agents under both
training regimes.

training proceeds, this rate decreases steadily and approaches
a low residual level of about 3%, showing that the unmasked
policy gradually learns to avoid infeasible decisions without
external filtering. The slower reward improvement of U is
therefore not incidental, but reflects the additional exploration
cost of learning feasibility structure directly from experience.

Takeaway 1: Masking accelerates convergence by eliminat-
ing infeasible exploration, whereas unmasked training con-
verges more slowly because the agent must learn feasibility
through interaction.

B. Attribution Patterns and Feasibility Awareness
We next examine how RL agents trained under the two
different regimes differ in the type of information they rely
on. Tab. III reports FAR and OAR across both regimes. The
main result is immediate: Agent U exhibits a higher FAR
(0.597±0.027 vs. 0.519±0.056) than agent M . In other words,
when infeasible actions are not removed a priori, the learned
policy allocates a larger share of its attribution to features that
govern feasibility. This is consistent with a policy that must
internalize constraint-relevant structure rather than relying on
an external mask to enforce it. Fig. 3 provides a feature-group
view of this result by plotting mean absolute SHAP values
of the various features when the RL agent is trained under
each regime. The features are partitioned into Ffeas and Fopt

categories. The largest contrast appears in the Ffeas features,
especially MEC identity & capacity, which is the most influ-
ential group under both regimes but receives larger attribution
under regime U. Smaller attribution is given to current MEC
and N MEC, with U still having higher attribution than M
for the same sets of features. These variables directly affect
host admissibility; thus, their stronger influence for U indicates
greater sensitivity to the structure of the feasible action set.
By contrast, the regime M places relatively more emphasis
on Fopt components compared with U , especially vehicle
kinematics, while MEC distance & load remains important
in both regimes. This pattern is consistent with the role of
masking: once infeasible actions are filtered out externally, the
policy can focus more on ranking the remaining valid actions
according to performance-related criteria.

Takeaway 2: External masking shifts part of the feasibility
reasoning out of the policy. By contrast, unmasked training

TABLE III: Feasibility and Optimization Attribution Ratios

Metric Agent M Agent U

FAR 0.519± 0.056 0.597± 0.027
OAR 0.481± 0.056 0.403± 0.027

Fig. 3: SHAP Attribution Profile

places more attribution on constraint-defining features, thus
internalizing the structure of feasible decision making. This,
in turn, gives greater confidence in its deployment robustness,
since operational changes in capacity, availability, or delay are
more likely to be reflected in the policy’s own decision process
rather than handled only by an external mask.

C. Robustness Under Scaling Shift
We now evaluate whether agents trained under both regimes
remain reliable under scaling shifts (unseen perturbations
during training). To this end, we introduce two scaling changes
at test time and measure the resulting acceptance ratio, which
is the ratio of the assigned tasks to the total requested tasks in
an episode. In the first, the number of MEC hosts is increased
beyond the training range while keeping the total system
capacity fixed; thus, capacity becomes distributed across a
larger number of hosts, making individual host feasibility more
restrictive. In the second, the number of vehicles is increased,
which raises the request load and therefore the demand rate
on the system. In both cases, remaining parameters are kept
fixed. The gray-highlighted region in Fig. 4 indicates the train-
ing range, while the remaining points correspond to unseen
operating conditions. Fig. 4 shows a clear pattern. Within or
near training range (2 to 6 MECs), M achieves slightly higher
acceptance than agent U, consistent with the advantage of
masking when the test conditions closely match the training
regime. However, once the environment moves into harder and
unseen settings (7 MECs or higher), this advantage reverses.
Under MEC scaling, the acceptance ratio of M drops sharply
beyond the training range, whereas U degrades more gradually.
A similar transition appears under vehicle scaling: as the
number of requests increases, both regimes deteriorate, but
the decline is steeper for M , while U maintains a consistently
higher acceptance ratio in the high-load region. These results
indicate that the masked policy is more brittle under scaling
shift, even though it performs better under nominal conditions.
Fig. 5 shows FAR and OAR for increasing number of MECs.
Results show that U remains remarkably stable: FAR stays
close to 0.58–0.60. In contrast, M exhibits substantially larger
fluctuations, with OAR becoming more erratic as the test



Fig. 4: Acceptance Ratio vs. Number of MECs and Vehicles

scenario becomes more demanding. This indicates that the
unmasked policy maintains a consistent reliance on feasibility-
relevant features even under unseen scaling, whereas the
masked policy changes its attribution profile more noticeably
when the operating conditions shift.
Moreover, U shows a higher robustness, because its decisions
remain anchored to the same class of constraint-defining cues
under stress, which increases confidence in its suitability for
deployment. By contrast, M benefits from external feasibility
enforcement under nominal conditions, yet its internal decision
basis appears less stable once the environment becomes more
demanding, making it less reliable despite its stronger in-range
performance. The results reveal a consistent trade-off: Hard
masking improves learning speed and reward by preventing
infeasible exploration, but it also reduces the incentive for
the policy to rely on Ffeas. U incurs a higher training cost,
yet develops a more feasibility-aware attribution profile and
preserves that profile more consistently under unseen scal-
ing shifts. As a result, it degrades more gracefully when
feasibility conditions become more demanding. Takeaway 3:
Hard masking improves nominal performance, but it does not
necessarily produce the more deployment-trustworthy policy.
Under unseen scaling shifts, unmasked training allows to
retain a more stable feasibility-oriented attribution profile and
degrades more gracefully in acceptance ratio, which provides
stronger evidence of robustness in operational settings.
Together, these three takeaways form a coherent picture: mask-
ing buys efficiency at the cost of internalizing constraint struc-
ture, and this cost only becomes visible under deployment-time
stress. Trustworthy MEC-RL, therefore, requires evaluating
not only how fast and how well a policy learns, but what
it learns to rely on. These results reveal a trade-off between
nominal efficiency and deployment robustness: masking im-
proves training safety and efficiency, whereas unmasked train-
ing yields stronger internal feasibility modeling and greater
robustness under shift. While shown here only in a vehicular
MEC setting, similar trade-offs may arise in other constrained
RL problems with externally enforced feasibility.

V. CONCLUSION

In this work, we examined the trade-off between nominal
performance and internal constraint reasoning in MEC-RL,
through a controlled comparison between hard-masked and
unmasked training regimes in a V2X environment. Using
SHAP-based attribution alongside the proposed FAR and OAR
metrics, we find that masking accelerates convergence and

Fig. 5: FAR/OAR vs. Number of MECs

eliminates infeasible exploration, but externalizes feasibility
logic rather than encoding it within the policy. The unmasked
regime, despite lower nominal reward, exhibits stronger at-
tribution to feasibility-defining features and maintains more
stable behavior under shifts in the feasible action set. These
results indicate that reward and convergence metrics alone
are insufficient to characterize trustworthy MEC-RL policies,
and support an evaluation protocol that integrates performance
measures with attribution analysis and robustness assessment.
A useful extension would be to examine alternative feature
partitions to assess how robust the attribution-based conclu-
sions are to alternative group definitions.
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