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Abstract

As airport operations expand and ground handling becomes more complex, airport vehicle
scheduling has evolved into a system-level decision problem constrained by operational
rules, task dependencies, and resource availability. However, existing approaches largely
rely on statistical correlation modeling and lack explicit representations of operational
semantics and feasibility constraints, resulting in limited executability and poor cross-
scenario robustness. To address this issue, we propose the Semantic-Constrained Planning
Network (SCP-Net), which adopts a compile-first, plan-later paradigm by embedding
operational semantics directly into the scheduling process. SCP-Net introduces an Opera-
tional Semantic Compiler (OSC) that encodes key flight task attributes, including service
types, operational phases, and time windows, into a structured dependency representation,
explicitly modeling task dependencies and task–vehicle feasibility relations. Based on this
representation, a Constraint-Gated Planner (CGP) integrates operational dependencies and
resource constraints through feasibility-aware gating, ensuring that planning is always con-
ducted within valid operational regions. Through this design, SCP-Net directly generates
schedules that are structurally consistent, semantically valid, and executable. Experimental
results demonstrate that SCP-Net outperforms baseline methods in terms of executabil-
ity, constraint violation rate, and cross-scenario stability, highlighting the effectiveness of
explicit semantic modeling and constraint-driven planning for airport vehicle scheduling.

Keywords: airport vehicle scheduling; semantic-aware planning; constraint-guided
decision making; structured dependency modeling; deep learning

1. Introduction
With the continuous expansion of airport operational scale, ground handling activities

exhibit increasing complexity in task types, execution sequences, and resource coordi-
nation [1–4]. As a critical component of ground operations, airport vehicle scheduling
must coordinate multiple task types and resources in dynamic environments to ensure the
efficiency and stability of flight operations [5–7].

In recent years, scheduling methods based on deep learning and reinforcement learn-
ing have been widely applied to airport vehicle and ground service scheduling tasks.
Related studies typically model the scheduling process as a state-to-decision mapping,
generating scheduling solutions by learning patterns from historical data [8,9]. Under fixed
scenarios or idealized conditions, such methods can improve efficiency and reduce costs
and have therefore gradually become an important research direction in this field. However,
from the perspective of real-world airport operations, these approaches still suffer from
notable limitations [10,11].
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On the one hand, most existing methods are centered on numerical state represen-
tations and mainly capture statistical correlations among tasks, vehicles, and time, while
paying limited attention to the explicit modeling of task operational semantics [12,13]. For
example, differences in the roles of various service tasks within the flight support process,
precedence dependencies among tasks, and matching constraints between vehicle capabili-
ties and service types are often encoded indirectly in high-dimensional features or reward
signals [14]. This modeling paradigm requires the model to learn complex operational rules
solely from data, which makes it sensitive to rule changes or data distribution shifts.

On the other hand, to enforce the feasibility of scheduling results, existing methods
commonly rely on complex reward designs, penalty terms, or post hoc rule-based repair
mechanisms [15–17]. These strategies increase model design complexity and make hy-
perparameter tuning more difficult, while also decouple scheduling constraints from the
decision-making process itself, as constraints do not genuinely participate in decision
computation [18]. In practical applications, this generate-then-repair workflow often fails
to guarantee stable executability of scheduling solutions under complex constraints [19,20].
Therefore, it is necessary to develop a new modeling paradigm that allows scheduling mod-
els to explicitly perceive operational semantics and constraint structures during decision
making, providing more direct structural support for stable and reasonable scheduling
solutions [21].

To address the limitations of existing learning-based scheduling methods, where se-
mantic information is often modeled implicitly and constraints rarely participate directly
in decision computation, we propose the Operational Semantic Compiler (OSC) module.
The OSC compiles raw flight and task data into structured and computable semantic
representations. Unlike approaches that rely only on graph structures or attention mecha-
nisms to model task correlations, the OSC uniformly encodes key operational attributes
(e.g., service types, flight phases, and time windows) and explicitly builds task dependency
relationships. This process forms an internal structured representation that reflects airport
operational logic. As a result, the model can make decisions based on operational roles and
priority relations, rather than approximating complex rules through statistical correlations
or implicit feature aggregation.

Based on this semantic foundation, we further design a mechanism to continuously
integrate constraints during schedule generation. Specifically, we propose the Constraint-
Gated Planner (CGP) module. In CGP, operational dependencies and resource feasibility
are directly embedded into decision score computation, instead of being treated as separate
feasibility checks or post hoc repair steps. At each scheduling step, CGP dynamically
evaluates whether candidate decisions are executable. It then restricts planning to a feasible
solution space and performs continuous search within it, thereby filtering out infeasi-
ble solutions during decision generation. This constraint-aware planning paradigm is
fundamentally different from methods that rely only on attention weight adjustment or
posterior rule filtering, and it significantly enhances the executability and stability of the
generated schedules.

The contributions of this paper are summarized as follows:

(1) A semantics-driven scheduling modeling paradigm is proposed, which explicitly
captures task semantics and operational dependency relationships in airport vehicle
scheduling through structured representations.

(2) A constraint-gated planning mechanism is designed, enabling operational constraints
to participate endogenously in scheduling decision computation rather than relying
on post hoc rule-based repairs.
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(3) An end-to-end deep learning-based scheduling model is constructed, providing a new
modeling framework for addressing executability and stability challenges in airport
vehicle scheduling under complex constraints.

2. Related Work
2.1. Airport Scheduling with Reinforcement Learning

In recent years, reinforcement learning has been widely applied to airport opera-
tional scheduling and ground control problems. Most studies model scheduling as a
Markov decision process and learn policies through interaction with the environment.
Varnousfaderani et al. [22] proposed a deep reinforcement learning-based vehicle schedul-
ing algorithm for advanced air mobility, using dual dueling Q-networks to maximize air
taxi revenue in both single-agent and multi-agent settings. This work shows the potential
of reinforcement learning in complex scheduling tasks. However, its decision-making
process depends heavily on reward function design, and operational rules are learned
implicitly rather than explicitly represented during training. Ali et al. [23] later applied
deep reinforcement learning to pushback rate control for mixed-mode runways. Their
simulations indicate improvements in airside congestion and fuel consumption. However,
this line of work focuses mainly on high-level traffic control, and has limited ability to
model detailed task dependencies and resource matching relationships.

In energy- and resource-related scheduling, Al Mehadi and Watson [24] combined rein-
forcement learning with mixed-integer programming for electric vehicle charging in airport
parking facilities. They analyzed trade-offs between efficiency and revenue under different
strategies. However, this method mainly addresses energy allocation, where constraints
are explicitly defined by an external optimization model. The reinforcement learning
component itself still lacks explicit modeling of operational semantics. Caranti et al. [25]
applied deep reinforcement learning to flight arrival sequencing, enabling dynamic priority
management and improving key metrics under uncertainty. Nevertheless, their study
focuses on flight sequencing rather than ground vehicle scheduling, and does not explicitly
represent structural task dependencies. Similarly, Luo and Chen [26] used DQN for dy-
namic logistics scheduling and showed that reinforcement learning outperforms traditional
methods in complex environments. However, scheduling is still treated as a state–action
mapping, with relatively coarse representations of rules and dependency structures.

2.2. Learning-Based Task Allocation and Planning

Beyond reinforcement learning, several studies have applied machine learning and opti-
mization methods to airport task allocation and path planning problems. Shadman et al. [27]
proposed a bi-objective model that combines machine learning-based prediction with ro-
bust optimization for gate assignment under taxi-time uncertainty. By explicitly modeling
uncertain parameters, their approach improves assignment stability. However, this method
mainly addresses static or semi-static allocation problems and offers limited support for the
continuous decision-making required in vehicle scheduling. Liu and Ding [28] integrated
an improved Q-learning method with model predictive control for airport vehicle path
replanning and obstacle avoidance. Their work emphasizes control precision and real-time
response. However, it mainly focuses on vehicle motion control, and the scheduling logic
still relies on externally defined rules.

In broader vehicle and automated guided vehicle (AGV) contexts, Yuan et al. [29]
studied AGV path planning using multi-agent deep Q-networks and incorporated conflict
resolution into the scheduling process. Nevertheless, their approach centers on path-level
coordination, while task semantics and service phases are not systematically modeled.
Ajayi [30] proposed a multi-layer optimization framework for sustainable airport oper-

https://doi.org/10.3390/app16052536

https://doi.org/10.3390/app16052536


Appl. Sci. 2026, 16, 2536 4 of 16

ations, using machine learning to predict energy demand and support electric taxiing
and charging planning. Although this study addresses system-level energy optimization,
it does not directly consider task-level scheduling decisions. Dapaza [31] applied deep
reinforcement learning to advanced air mobility communication and scheduling, jointly
optimizing spectrum allocation and flight tasks through multi-agent models. While this
work shows the scalability of learning-based approaches in complex systems, its scheduling
objectives and constraint structures are substantially different from those in airport ground
vehicle scheduling.

2.3. Constrained Planning Methods

In recent years, neuro-symbolic methods and diffusion models have brought new
perspectives to constrained planning and sequential decision-making. These studies em-
phasize that explicit constraint modeling is crucial for improving feasibility and safety
in complex scheduling tasks. Christopher et al. [32] integrated symbolic optimization
into the generative process and showed that embedding constraints directly into decision
computation improves safety in critical applications. This idea is particularly relevant
to airport vehicle scheduling, where strict operational and safety rules must be satisfied.
However, such methods usually depend on iterative sampling and optimization, which
leads to high computational costs and makes them difficult to scale to large, discrete airport
scheduling problems with complex temporal dependencies. Jung et al. [33] further argued
that constraints should be incorporated directly into the planning process, rather than
enforced through post hoc correction. However, their framework is mainly designed for
continuous control tasks and has limited ability to represent discrete task dependencies
and resource matching relationships.

In sequential decision-making research, Núñez Molina [34] improved constraint aware-
ness using a neuro-symbolic planning architecture. Their results suggest that introducing
explicit semantic rules can enhance decision stability, which is closely related to model-
ing service phases and task ordering in airport vehicle scheduling. Nevertheless, these
approaches often rely on predefined symbolic rules, which reduces flexibility in dynamic
operational environments.

In industrial scheduling, Fang et al. [35] applied generative models to handle inte-
ger constraints, showing the potential of generative approaches for complex scheduling
problems. However, their method focuses on offline optimization and does not support
dynamic task dependencies or real-time scheduling decisions.

3. Proposed Method
To overcome the limitations of existing airport vehicle scheduling methods in explicitly

modeling task dependencies and resource feasibility under complex operational rules,
which often lead to low executability and weak cross-scenario stability, we propose an
end-to-end scheduling framework based on operational semantic constraints, called the
Semantic-Constrained Planning Network (SCP-Net). The overall workflow of the proposed
framework is shown in Figure 1.

Given flight information, task lists, and vehicle states within a rolling time window,
the model first maps the raw inputs into a task set T and a vehicle set V, and extracts task
semantics si, spatial attributes xi, and vehicle capability descriptors uv. The Operational
Semantic Compiler then jointly encodes this information to generate compact semantic
representations of tasks ei, and further infers inter-task operational dependencies Aij as well
as the task–vehicle feasibility matrix F, thereby constructing a structured planning graph
G. Based on G, the Constraint-Gated Planner takes the partially generated schedule P as a
condition and incrementally computes scheduling preferences over candidate task–vehicle
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pairs. Through feasibility gating, operational dependencies and resource constraints are
dynamically injected into the decision-making process, yielding a constraint-aware decision
distribution p(i, v | P), from which the complete scheduling plan is generated sequentially.

Figure 1. Overall architecture of the proposed Semantic-Constrained Planning Network.

3.1. Operational Semantic Compiler

The Operational Semantic Compiler aims to transform raw flight, task, and resource
states into a computable, structured dependency representation, enabling the scheduling
model to plan under explicit operational semantic constraints rather than relying solely on
statistical correlations.

Let the task set within a rolling decision window be T = {1, . . . , N} and the vehicle set
be V = {1, . . . , M}. For each task i ∈ T, we unify its semantic attributes—such as service
type, associated flight phase, time window, and priority—into a semantic vector si, and
combine it with its spatial attributes xi to construct a compact semantic representation ei of
task i, as shown in Equation (1):

ei = ϕ(si) + ψ(xi) ∈ Rd (1)

Here, ϕ(·) and ψ(·) are learnable encoding functions for semantic fields and spatial
attributes, respectively, implemented as single-layer MLPs with non-shared parameters.

Based on the semantic representations of a task pair (i, j), i.e.,
(
ei, ej

)
, and their time-

window difference ∆tij, we learn the latent operational dependency rij between tasks, as
defined in Equation (2):

lij = fθ

([
ei; ej; ∆tij

])
, rij = softmax

(
lij
)

(2)

where fθ(·) is a fully connected scoring function. To explicitly inject operational depen-
dencies into the structural representation, we gate the relation distribution using the
time-window constraint ∆tij, yielding a structured dependency representation between
tasks, as shown in Equation (3):

Aij = ∑k ·rij[k]·Wk ⊙ Γ
(
∆tij

)
(3)

where Wk denotes the projection parameters for relation type k, Γ(·) is a feasibility gat-
ing function based on the time window, and Aij constitutes the structural edge in the
dependency graph.
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Beyond inter-task dependencies, the compiler further characterizes the capability-
matching relationship between tasks and vehicles to constrain the executable domain of
subsequent scheduling decisions, as formulated in Equation (4):

Fiv = σ
(

gη([ei; uv])
)

(4)

where uv represents the capability and state descriptor of vehicle v, and Fiv ∈ (0, 1) indicates
the soft feasibility of assigning task i to vehicle v.

Finally, the Operational Semantic Compiler outputs a structured planning graph G,
which jointly encodes task semantics, inter-task dependencies, and task–vehicle feasibil-
ity, thereby providing explicit and computable operational semantic constraints for the
subsequent planning module, as summarized in Equation (5):

G =
(
T, {ei},

{
Aij

}
, F
)

(5)

3.2. Constraint-Gated Planner

Based on the structured planning graph G, we further propose a Constraint-Gated
Planner to generate executable scheduling solutions. The core idea is to inject operational
constraints directly into the decision computation during planning, rather than performing
post hoc repairs at the output stage.

Unlike approaches that generate schedules solely based on attention or scoring mech-
anisms, this module explicitly restricts the valid search space at each decision step by
constructing a feasibility gate Giv, thereby enabling continuous planning within a con-
strained feasible domain.

Let the set of unscheduled tasks in the current rolling window be Tu ⊆ T, and denote
the partially generated schedule as P, which is initialized as an empty set. At each planning
step, the model first computes an unconstrained preference score ziv for each candidate
task–vehicle pair (i, v). This score reflects scheduling preference under the current context
without directly encoding hard constraints, as shown in Equation (6):

ziv = hω(ei, uv, P) (6)

where hω(·) is a learnable fully connected planning network. Its inputs include the compact
task semantic representation ei, the vehicle state representation uv, and the current partial
plan P; the output ziv denotes the unconstrained preference score for assigning task i to
vehicle v.

To explicitly incorporate operational constraints into the planning process, we con-
struct a feasibility gate Giv based on the dependency graph

{
Aij

}
and the task–vehicle

feasibility matrix F, which characterizes the executability of a decision under the current
state, as defined in Equation (7):

Giv = Fiv·∏ j∈Tu ·Γ
(
Aji, P

)
(7)

where Γ(·) denotes a dependency-consistency gating function that checks whether the
prerequisite dependencies of task i have been satisfied in the current partial schedule P. In
airport vehicle scheduling, task–vehicle feasibility and task dependency satisfaction exhibit
a “necessary condition” property, meaning that if any critical constraint is not satisfied,
the corresponding decision is infeasible under the current state; therefore, a multiplicative
gating formulation is adopted.
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The gating term is then combined with the unconstrained preference score to obtain
the final constraint-aware decision score z̃iv, as shown in Equation (8):

z̃iv = ziv + log(Giv + ϵ) (8)

where ε is a numerical stability hyperparameter. Based on this score, the planner normalizes
over candidates to select the next scheduling decision, gradually expanding the schedule,
as given in Equation (9):

p(i, v | P) = softmax(z̃iv) (9)

Here, p(i, v | P) denotes the conditional probability of assigning task i to vehicle v as
the next decision, given the current partial schedule P.

By introducing feasibility gating directly into the decision computation, constraints no
longer exist merely as external rules or penalty signals, but instead participate explicitly in
the formation of scheduling probabilities. This mechanism enables the planner to naturally
generate schedules that satisfy operational constraints during both training and inference,
thereby significantly improving executability and cross-scenario stability.

3.3. Loss Functions

We use two supervised objectives to complete training: Equation (10) constrains the
sequential consistency of scheduling decisions, while Equation (11) improves the prediction
accuracy of operational dependency structures.

Lassign = −∑T
t=1 log p

(
i*t , v*

t | Pt−1

)
(10)

where t denotes the t-th step of rolling planning, Pt−1 is the partially generated scheduling
plan up to the previous step, p(i, v | Pt−1) is obtained by normalizing the constraint-aware
scores z̃iv from the constraint-gated planner, and (i∗t , v∗t ) is the corresponding ground-truth
task–vehicle assignment in the supervised scheduling sequence.

Ldep = −∑N
i=1 ∑N

j=1 ∑k∈R yij[k]log rij[k] (11)

where rij = softmax
(
lij
)

is the task dependency distribution predicted by the operational
semantic compiler, and yij denotes the supervised dependency labels. The final supervised
objective is given in Equation (12):

L = Lassign + λLdep (12)

where λ is a balancing coefficient.

4. Experiments
4.1. Experimental Setup and Environment

We implemented the model and conducted a series of experiments on a unified
platform to evaluate its performance. The operating system is Windows 11, equipped with
an Intel Core i9-12900K processor, 64 GB DDR4 system memory, and an NVIDIA GeForce
RTX 3090 GPU. SCP-Net is implemented in Python 3.9 using PyTorch 2.0.1 as the deep
learning framework.

During training, the dimension d of task semantic representations in SCP-Net is fixed
to 128. Both the semantic encoding network and the spatial encoding network in the
Operational Semantic Compiler adopt a single-layer fully connected structure with ReLU
activation. The decision scoring network in the Constraint-Gated Planner also follows a
single-layer fully connected design. The batch size is set to 32, and the total number of
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training epochs is 150. Model parameters are optimized using the Adam optimizer with
a fixed learning rate of 1 × 10−3, β1 = 0.9, β2 = 0.999, and a weight decay of 1 × 10−5.
Dropout is applied after all fully connected layers with a ratio of 0.2. The weighting
coefficient λ in the loss function is set to 0.5, and the numerical stability term ϵ is set to
1 × 10−8.

4.2. Datasets and Evaluation Metrics

To systematically evaluate scheduling performance under different operational condi-
tions, we adopt two airport ground service vehicle scheduling datasets with complementary
characteristics. The first is a manually constructed synthetic benchmark dataset, AGSO-
Bench [36], which includes four types of simulated airport configurations with different
operational scales, exhibiting significant differences in daily flight volume, number of gates,
and the scale of baggage and cargo handling facilities. Multiple independent instances
are generated for each configuration. The data are organized at the flight level, recording
flight arrival times, flight types, and parking durations. At the task level, required ground
service operations, execution order constraints, and time-window limitations are provided.
Vehicle constraints are modeled through capacity and service capability. Scheduling labels
consist of feasible vehicle–task assignment solutions along with corresponding completion
times and resource utilization information. The flight time distribution follows realistic
24 h airport operation patterns.

The second dataset, SZX-Real [37], is constructed based on a digital twin framework,
integrating real airport operational data with simulation-generated data. By introducing
disturbances such as flight delays, service duration fluctuations, and vehicle failures, it
forms an event-driven temporal data structure to support continuous online rescheduling.
The labels correspond to adaptive vehicle reassignment and service sequence adjustments
under disturbed conditions. The data distribution changes over time and shows strong
non-stationary characteristics.

In addition, we evaluate model performance from three complementary perspectives.
Feasible Schedule Ratio (FSR) measures the proportion of generated schedules that satisfy
all time, resource, and operational constraints, directly reflecting the model’s ability to
produce executable solutions. Average Constraint Violations (ACV) quantifies the average
number of semantic, resource, or temporal constraint violations per schedule, providing a
fine-grained assessment of the severity and frequency of infeasible decisions. Performance
Variance (PV) across scenarios evaluates the stability of model performance under varying
airport scales, flight densities, and random seeds, capturing the robustness and consistency
of the scheduling policy across heterogeneous operational conditions.

4.3. Results and Analysis
4.3.1. Comparative Experiments

We compare the proposed SCP-Net with representative state-of-the-art methods on the
AGSO-Bench and SZX-Real datasets, and the experimental results are reported in Table 1.

Overall, SCP-Net achieves the best performance on both datasets. DQN-based meth-
ods show low feasible schedule ratios and many constraint violations. These methods
usually rely on limited state features and discrete action spaces, where constraints are only
indirectly enforced through reward functions. When the number of constraints increases or
the scenario changes, they struggle to adjust their decision structure in time, which makes
them more likely to generate infeasible schedules. Although these models have relatively
low computational complexity, their limited capacity restricts their ability to encode rich
operational semantics, leading to poor executability in complex settings.
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Table 1. Performance comparison between the proposed SCP-Net and representative methods on the
AGSO-Bench and SZX-Real datasets.

Method
AGSO-Bench SZX-Real

GFLOPs Params (M)FSR (%) ↑ ACV ↓ PV ↓ FSR (%) ↑ ACV ↓ PV ↓
DQN-Refuel [2] 78.42 1.87 0.093 71.36 2.43 0.128 1.8 3.5
Neural AGH [4] 83.65 1.42 0.071 75.82 2.01 0.104 4.2 9.2
PSO-QL-ARS [5] 81.73 1.58 0.079 73.94 2.18 0.112 3.0 6.1

GNN-DQN-JSSP [11] 84.21 1.36 0.066 77.10 1.92 0.097 7.8 14.8
MAMBA-Attn [16] 86.05 1.21 0.058 79.56 1.74 0.089 11.2 23.6

SCP-Net (Ours) 92.48 0.54 0.031 88.31 0.79 0.042 13.5 28.1

Neural AGH and GNN-DQN-JSSP partially improve task relationship modeling by
introducing graph structures or attention mechanisms. However, their constraint repre-
sentations are still implicitly embedded in features or loss functions, and they lack explicit
feasibility control during decision making. These models require higher computational
cost than basic DQN methods because of graph propagation and relational modeling. Yet,
without constraint-aware decision gating, they achieve only moderate improvements in
feasibility and stability, especially under dense dependencies or real-time disturbances.

MAMBA-Attn performs better than traditional reinforcement learning methods on
both metrics, suggesting that sequence modeling and attention mechanisms help capture
temporal correlations in scheduling. However, this improvement comes with increased
computational complexity, reflected in higher GFLOPs and parameter counts. Since op-
erational dependencies and resource constraints do not directly participate in decision
computation, the model still produces a noticeable number of violating decisions in high-
constraint scenarios.

In contrast, SCP-Net significantly increases the feasible schedule ratio and reduces
the average number of constraint violations to the lowest level on both datasets. Although
SCP-Net introduces additional computational cost, its overall complexity remains moderate
and comparable to advanced sequence-based models. More importantly, the performance
gains come from two principled design strategies rather than simple model scaling. First,
the Operational Semantic Compiler explicitly transforms task semantics and operational
dependencies into structured representations, so the model does not need to learn complex
rules implicitly through excessive parameters. Second, the Constraint-Gated Planner inte-
grates feasibility gating directly into the decision computation process, allowing constraints
to influence decision probabilities and actively prevent infeasible solutions during genera-
tion. As a result, SCP-Net achieves a better balance between executability, stability, and
computational efficiency, and maintains robust scheduling performance under complex
constraints and dynamic disturbances.

4.3.2. Hyperparameter Analysis

To analyze the impact of the semantic representation dimension d on model perfor-
mance, we conduct a hyperparameter study, and the results are shown in Figure 2.

It can be observed that when d increases from 64 to 128, the feasible schedule ratio
on both datasets steadily improves, while the average number of constraint violations and
performance variance across scenarios decrease. This suggests that a larger representation
capacity helps the Operational Semantic Compiler encode task semantics and dependen-
cies more reliably, and allows the Constraint-Gated Planner to make clearer feasibility
distinctions during decision making, thereby reducing infeasible assignments and con-
straint conflicts. However, when d is further increased to 192, the improvement trend stops.
Instead, a slight performance drop and higher variance appear on SZX-Real. This indicates
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that overly large representation dimensions introduce redundant parameters, making the
model more likely to learn unstable preference patterns under dynamic disturbances. As a
result, the feasibility gating mechanism becomes less discriminative for candidate decisions,
leading to smaller gains in feasible schedule ratio and greater fluctuations across scenarios.

 

Figure 2. Sensitivity study of semantic embedding dimension d on AGSO-Bench and SZX-Real.

In addition, we further analyze the weighting coefficient λ in the loss function, and
the experimental results are shown in Figure 3.

Figure 3. Sensitivity of λ in the loss function on AGSO-Bench and SZX-Real.

It can be observed that the overall performance is optimal when λ is set to 0.5. When λ

is too small, training is almost dominated by Lassign, leading to insufficient learning of the
dependency distribution rij. As a result, the structural consistency of the gating term Giv

is weakened, which manifests as a higher number of constraint violations and increased
cross-scenario variability. Conversely, when λ is too large, the model overly emphasizes
fitting dependency prediction, strengthening the influence of Ldep on parameter updates.
This suppresses the planner’s optimization of sequence assignment objectives, causing a
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drift in which the predicted structure more closely matches the training labels while the
allocation becomes less aligned with the current state. Ultimately, this leads to a decline in
FSR and degraded stability.

4.3.3. Ablation Study

To verify the roles of the two core components in SCP-Net, we conduct ablation
experiments by removing or replacing specific modules while keeping the remaining
architecture unchanged, so as to evaluate the contribution of each component. The results
are reported in Table 2.

Table 2. Ablation results of SCP-Net on AGSO-Bench and SZX-Real.

Variant
AGSO-Bench SZX-Real

FSR (%) ↑ ACV ↓ PV ↓ FSR (%) ↑ ACV ↓ PV ↓
w/o OSC

(no dependency graph, no F) 84.92 1.29 0.074 77.63 1.85 0.101

w/o CGP
(no gate, preference-only planner) 86.47 1.11 0.068 79.54 1.62 0.092

w/OSC
(remove time-window gate Γ(∆t)) 89.18 0.82 0.049 83.60 1.13 0.061

w/CGP
(remove dependency-consistency gate

Γ
(
Aji, P

)
)

90.12 0.76 0.041 85.64 1.10 0.060

SCP-Net (Full) 92.48 0.54 0.031 88.31 0.79 0.042

From the ablation results, it can be observed that the complete SCP-Net achieves
the best overall performance on both datasets. On AGSO-Bench, the full model attains
a scheduling feasibility rate of 92.48, an average constraint violation count of 0.54, and a
cross-scenario performance variance of 0.031; on SZX-Real, the corresponding values are
88.31, 0.79, and 0.042, respectively, indicating strong executability and stability.

In contrast, removing the Operational Semantic Compiler (OSC) leads to a clear
performance degradation: on AGSO-Bench, the feasibility rate drops to 84.92, the violation
count increases to 1.29, and the variance rises to 0.074; a similar trend is observed on SZX-
Real, with a feasibility rate of 77.63, a violation count of 1.85, and a variance of 0.101. These
results show that without explicitly modeling task semantics and operational dependencies,
the planner is more likely to generate schedules that violate constraints.

When OSC is retained but the Constraint-Gated Planner (CGP) is removed, the perfor-
mance is better than that of completely removing OSC, yet still significantly worse than the
full model. On AGSO-Bench, the feasibility rate is 86.47, the violation count is 1.11, and the
variance is 0.068; on SZX-Real, the corresponding values are 79.54, 1.62, and 0.092. This
suggests that if constraints exist only implicitly and do not directly participate in decision
score computation, the model struggles to maintain stable feasible decisions under complex
dependency interactions or dynamic disturbances.

Further fine-grained ablation results indicate that removing either time-window
gating or dependency-consistency gating leads to moderate performance drops. When
time-window gating is removed, the violation count rises to 0.82 on AGSO-Bench and
1.13 on SZX-Real, and performance variance also increases on both datasets. Removing
dependency-consistency gating performs better than completely removing CGP, but it
still fails to match the full model in feasible schedule ratio and violation control. These
results show that time-feasibility constraints and task-dependency constraints play com-
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plementary roles, and removing either one reduces the model’s overall understanding of
operational rules.

4.3.4. Visualization Experiments

To further understand the behavioral differences of various methods under complex
constraint conditions, we analyze task dependency prediction heatmaps for DQN-Refuel,
MAMBA-Attn, and SCP-Net under two representative operational scenarios, as shown in
Figure 4.

 

Figure 4. Visualization of predicted task dependency maps under moderate (Scenario-A) and high-
constraint (Scenario-B) conditions. Each heatmap shows the predicted dependency strength between
task pairs, while blue markers denote ground-truth dependencies.
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Under Scenario-A (moderate constraints), DQN-Refuel exhibits a highly dispersed
dependency prediction pattern. Although responses appear near some ground-truth de-
pendencies, prediction strength spreads widely across the matrix, with non-dependent
regions also receiving moderate responses. This indicates that the method primarily relies
on reward signals to indirectly learn task relationships, making it difficult to form clear
structural distinctions. Even under relatively low constraint pressure, its representation of
task precedence remains ambiguous.

In the same scenario, MAMBA-Attn shows partial structural convergence, as high-
response regions begin to focus on true dependencies. This suggests that sequence modeling
and attention mechanisms can capture local temporal correlations. However, the predicted
regions are still relatively broad, and dependency boundaries are not clearly defined. Some
non-critical task pairs also show high responses, which indicates that constraint information
is not explicitly used to filter predictions during modeling.

In contrast, SCP-Net produces a much more compact structural pattern in Scenario-A.
High-intensity responses are almost entirely concentrated around ground-truth dependency
points, while other regions remain close to zero. This demonstrates that, through structured
representations generated by operational semantic compilation, the model can clearly
distinguish task dependencies even under low-complexity conditions, thereby reducing
interference from irrelevant dependencies.

Under Scenario-B (high constraints), the differences between methods become more
evident. The heatmap of DQN-Refuel becomes almost uniform, with high-response areas
spreading widely. True dependencies are hard to distinguish from the background, show-
ing that the model struggles to maintain stable dependency representations when many
constraints are stacked together. Although MAMBA-Attn can still detect some true depen-
dencies, its overall structure deteriorates significantly. Many medium-strength responses
appear in non-dependent regions, suggesting that its implicit modeling lacks effective
feasibility control under high-constraint conditions.

SCP-Net, however, continues to maintain a clear dependency structure under high
constraints. Prediction strength remains highly concentrated on true dependency locations,
while infeasible regions are strongly suppressed and background regions exhibit consis-
tently low responses. This suggests that operational dependencies are not merely learned
passively through statistical correlations, but are continuously constrained during planning
via semantic compilation and constraint-gated mechanisms, enabling SCP-Net to preserve
structural consistency as dependency complexity increases.

5. Discussion
In SCP-Net, the Constraint-Gated Planner uses a multiplicative feasibility gating mech-

anism to enforce both operational dependencies and task–vehicle feasibility during decision
making. This design effectively suppresses clearly infeasible assignments. However, it may
also introduce some conservativeness in boundary cases. Specifically, when a task has a
long dependency chain, the combined effect of multiple gating factors can significantly
reduce its decision score, even if its prerequisite tasks are nearly completed and it will
soon become executable. As a result, the task may be deprioritized too early, despite being
practically feasible in the near future.

Similarly, when task–vehicle feasibility is represented by soft scores that are relatively
low but still within an acceptable range (e.g., when a vehicle is about to become available
or minor temporal adjustments could satisfy the constraints), multiplicative gating can
amplify the combined suppressive effect of multiple soft constraints, thereby reducing
exploration of these borderline-feasible candidates. As a result, although the mechanism
improves overall schedule executability, it may also compress the search space around
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boundary-feasible solutions under high uncertainty or tightly coupled temporal conditions,
causing the planning behavior to exhibit a certain degree of conservativeness.

6. Conclusions
To address the challenge of ensuring both executability and cross-scenario stability

in airport vehicle scheduling under complex operational rules and dynamic disturbances,
we propose the Semantic-Constrained Planning Network (SCP-Net). SCP-Net follows a
“compile-first, plan-later” strategy, which integrates operational semantics and feasibility
constraints directly into the scheduling process. Specifically, SCP-Net uses an Operational
Semantic Compiler (OSC) to explicitly transform task semantics, task dependencies, and
task–vehicle feasibility into structured representations. It then introduces a Constraint-
Gated Planner (CGP) to apply feasibility gating during decision making. This design allows
the model to generate scheduling decisions within a constrained feasible space, thereby
reducing infeasible assignments and constraint conflicts.

Across two complementary benchmarks, AGSO-Bench and SZX-Real, SCP-Net
achieves the best overall performance. Comparative results show that SCP-Net attains
scheduling feasibility rates of 92.48% and 88.31% on the two datasets, respectively, while
reducing the average constraint violation counts to 0.54 and 0.79, and achieving the lowest
performance variance in cross-scenario stability metrics. Compared with reinforcement
learning methods that rely on reward-based indirect constraints, and sequence/attention-
based methods that primarily depend on implicit feature fusion, SCP-Net maintains more
stable feasible decisions under high-constraint and non-stationary disturbance conditions.
This demonstrates that explicit operational semantic modeling and constraint-gated plan-
ning can more directly suppress the generation of infeasible allocations.

Further hyperparameter and ablation experiments confirm the importance of the key
design choices. A moderate semantic representation dimension improves dependency
encoding and strengthens feasibility discrimination during planning. In contrast, removing
either OSC or CGP results in lower feasible schedule ratios, more constraint violations,
and reduced stability. In addition, dependency-consistency gating and time-window gat-
ing show complementary benefits in high-constraint scenarios, and removing either one
weakens the model’s overall understanding of operational rules. Visualization results
further demonstrate that SCP-Net produces dependency predictions that are more con-
centrated around ground-truth relations with lower background noise, especially under
high-constraint conditions. This reflects the continuous constraining effect of its structured
semantic compilation and feasibility gating mechanisms.

Despite the significant improvements in executability and stability, SCP-Net has a
limitation inherent to its mechanism. The multiplicative feasibility gating in CGP may
introduce overly strong suppression when dependency chains are long or soft feasibility
scores are low, causing some borderline-feasible candidate decisions to be prematurely
down-weighted. This can reduce the exploration space and introduce a degree of conserva-
tiveness. Future work will explore smoother gating calibration strategies and incorporate
dependency confidence estimation and hierarchical constraint handling, enabling the model
to better adapt to complex disturbances and boundary-feasible solutions while maintaining
low violation rates.
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