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Abstract

Efficient resource allocation is critical for transportation hub operations, yet current schedul-
ing systems require substantial domain-specific customization when deployed across differ-
ent facilities. This paper presents a domain-adaptive deep reinforcement learning (DADRL)
framework that learns transferable optimization policies for dynamic resource allocation
across structurally similar transportation scheduling problems. The framework integrates
dual-level heterogeneous graph attention networks for separating constraint topology
from domain-specific features, hypergraph-based constraint modeling for capturing high-
order dependencies, and hierarchical policy decomposition that reduces computational
complexity from O(mnT) to O(m + n + T). Evaluated on realistic simulators modeling
airport gate assignment (Singapore Changi: 50 gates, 300-400 daily flights) and seaport
berth allocation (Singapore Port: 40 berths, 80-120 daily vessels), DADRL achieves 87.3%
resource utilization in airport operations and 86.3% in port operations, outperforming com-
mercial solvers under strict real-time constraints (Gurobi-MIP with 300 s time limit: 85.1%)
while operating 270 times faster (1.1 s versus 298 s per instance). Given unlimited time,
Gurobi achieves provably optimal solutions, but DADRL reaches 98.7% of this optimum in
1.1 s, making it suitable for time-critical operational scenarios where exact solvers are com-
putationally infeasible. Critically, policies trained exclusively on airport scenarios retain
92.4% performance when applied to ports without retraining, requiring only 800 adap-
tation steps compared to 13,200 for domain-specific training. The framework maintains
86.2% performance under operational disruptions and scales to problems three times larger
than training instances with only 7% degradation. These results demonstrate that learned
optimization principles can generalize across transportation scheduling problems sharing
common constraint structures, enabling rapid deployment of Al-based scheduling systems
across multi-modal transportation networks with minimal customization and reduced
implementation costs.

Keywords: deep reinforcement learning; meta-learning; combinatorial optimization;
cross-domain generalization; dynamic scheduling

1. Introduction

Combinatorial optimization in dynamic scheduling represents one of the most chal-
lenging problems at the intersection of operations research and artificial intelligence.
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From airport gate assignment to port berth allocation, from cloud computing resource
management to smart grid energy distribution, such problems are ubiquitous in the opera-
tion of critical infrastructure, directly impacting global economic efficiency and the daily
lives of billions of people. These problems share common characteristics: exponentially
growing decision spaces, complex and diverse constraint conditions, and the requirement
for near-optimal real-time decisions in highly uncertain dynamic environments. Despite
significant advances in exact algorithms and heuristic methods over half a century of oper-
ations research, existing approaches heavily rely on domain expertise, struggle to transfer
across different application scenarios, and suffer from severe computational inefficiency
when facing large-scale real-time problems.

Consider airport gate assignment and port berth allocation as exemplars—two seem-
ingly disparate problems that actually share identical mathematical structures. Both are
NP-hard dynamic resource allocation problems requiring optimal assignment of limited
resources to stochastically arriving demand entities under temporal window constraints,
and both face challenges of multi-objective trade-offs and cascading effects. Yet current
solutions rely almost entirely on domain-specific approaches. Airport operators employ
specialized gate assignment systems, port authorities use independently developed berth
scheduling software, and each system demands substantial human effort for algorithm
design, parameter tuning, and maintenance updates.

Modern metaheuristics such as Adaptive Large Neighborhood Search (ALNS) [1]
and genetic algorithms [2] demonstrate greater flexibility than hard-coded dispatching
rules, adapting to different constraint configurations through algorithmic parameters and
adaptive operator selection. However, even these sophisticated methods face significant
limitations in cross-domain transfer. Transferring a well-tuned ALNS configuration from
airport gate assignment to port berth allocation—despite their shared mathematical struc-
ture—typically requires redesigning neighborhood operators (e.g., replacing “swap adja-
cent gates” with “shift berth assignments”), re-specifying destruction and repair heuristics
to respect domain-specific constraints (tidal windows versus aircraft turnaround require-
ments), and recalibrating acceptance criteria and adaptive weights from scratch. Each
adaptation demands substantial domain expertise and empirical tuning. More critically,
when business models evolve or unexpected disruptions occur, these systems require expert
intervention for readjustment. This limited cross-domain adaptability, combined with the
need for problem-specific customization, constrains the scalable deployment of optimiza-
tion technologies across operationally diverse but structurally similar scheduling domains.

Deep reinforcement learning (DRL) has emerged as a promising paradigm to address
this impasse. Through end-to-end learning, DRL can directly acquire decision policies
from data without manual rule engineering. Recent years have witnessed breakthrough
successes of DRL in domains such as gaming and robotic control, with nascent applications
for combinatorial optimization problems. However, existing DRL methods face three
fundamental challenges when tackling dynamic scheduling problems:

1.  Insufficient generalization—most methods train for single problems and fail to transfer
to new scenarios.

2. Poor sample efficiency—the discrete high-dimensional action spaces in combina-
torial optimization render exploration extremely difficult, requiring massive data
for convergence.

3. Inadequate constraint handling—real-world scheduling involves both hard con-
straints (e.g., physical capacity limits) and soft constraints (e.g., service quality re-
quirements), and existing methods struggle to simultaneously guarantee feasibility
and optimization performance.
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This work introduces a cross-domain deep reinforcement learning framework that
addresses these limitations through explicit modeling of structural invariances. Our core
innovations include the following: a universal state representation mechanism that uni-
formly maps dynamic scheduling problems from different domains into an isomorphic
Markov Decision Process (MDP) space; a hierarchical attention network architecture that
adaptively captures problem-specific structural features and constraint relationships; a
constraint-aware reward shaping method that transforms hard constraints into differen-
tiable penalty signals, unifying feasibility guarantee with performance optimization; and
a meta-reinforcement learning training strategy that enables the model to learn universal
solution patterns from diverse problem instances, dramatically improving sample efficiency
and zero-shot transfer capability.

We validated our framework’s effectiveness on two real-world scenarios: airport gate
assignment and port berth allocation. Experimental results demonstrate that using only 5%
of domain knowledge, our method achieves performance comparable to expert systems
on gate assignment (optimization gap <3%) and outperforms state-of-the-art heuristics by
12-18% on berth allocation. More importantly, models trained on airport scenarios directly
applied to port scenarios achieve 92% performance retention without retraining, realizing
truly cross-domain transfer in combinatorial optimization for the first time. Furthermore,
our approach maintains stable performance when handling problem instances scaled to
three times the training size, exhibiting exceptional generalization capability. Through
ablation studies and visualization analysis, we reveal that the model automatically learns
abstract patterns of classical operations research heuristics (such as First-Fit and Best-Fit)
and develops superior decision strategies built upon this foundation.

This work not only provides a practical universal solver for dynamic scheduling
problems but, more importantly, demonstrates the potential for deep integration between
deep learning and operations research: by learning the intrinsic structure of problems
rather than surface features, Al systems can transfer knowledge across domains like
human experts. This paradigm shift holds significant implications for accelerating Al
deployment at scale in industrial optimization. Methodologically, our domain-agnostic
representation learning and constraint-aware training strategies offer new insights for
addressing other NP-hard combinatorial optimization problems, including vehicle routing,
production scheduling, and task assignment. As global infrastructure undergoes intelligent
transformation, autonomous learning, rapid deployment, and continuously optimizing
universal decision systems will become the core competitive advantage of next-generation
intelligent operations.

2. Related Works
2.1. Deep Reinforcement Learning for Combinatorial Optimization

The application of deep reinforcement learning (DRL) to combinatorial optimization
(CO) problems has emerged as a promising paradigm over the past decade. Pioneering
work by Vinyals et al. [3] introduced Pointer Networks, demonstrating that sequence-to-
sequence models with attention mechanisms could learn to solve routing problems such
as the Traveling Salesman Problem (TSP). Building upon this foundation, Kool et al. [4]
proposed the Attention Model, which employs graph attention networks to encode prob-
lem instances and generate solutions autoregressively, achieving competitive performance
on various vehicle routing problems. Subsequent research has explored diverse neural
architectures for CO, including graph convolutional networks for maximum cut prob-
lems [5], capsule networks for job shop scheduling [6], and transformer-based models for
bin packing [7].
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Despite these advances, existing DRL approaches for CO suffer from several funda-
mental limitations. First, the overwhelming majority of methods target static problem
instances where all information is known a priori [8,9], failing to address the dynamic
nature of real-world scheduling environments where tasks arrive online and system states
evolve continuously. Second, these approaches exhibit poor cross-domain generaliza-
tion—models trained on one problem type (e.g., vehicle routing) cannot effectively transfer
to structurally different problems (e.g., job shop scheduling) without substantial retrain-
ing [10,11]. Third, current graph-based representations typically assume homogeneous
node and edge types [12], making them inadequate for capturing the heterogeneous entities
and relationships inherent in diverse scheduling domains. Our work addresses these gaps
by introducing a domain-agnostic framework that operates effectively across structurally
distinct dynamic scheduling problems.

2.2. Dynamic Scheduling and Constraint Handling

Dynamic scheduling, characterized by the arrival of tasks over time and evolving
system states, has been extensively studied in operations research and manufacturing
systems. Traditional approaches rely heavily on dispatching rules (e.g., Earliest Due
Date, Shortest Processing Time) that provide computationally efficient heuristics but often
yield suboptimal solutions [13,14]. More sophisticated methods include mixed-integer
programming formulations [15], constraint programming [16], and metaheuristics such as
genetic algorithms [2] and simulated annealing [17]. Recent learning-based approaches
have attempted to train neural networks to predict effective dispatching rules [18,19] or to
directly output scheduling decisions [20,21].

A critical challenge in scheduling problems involves handling complex opera-
tional constraints, including precedence relationships, resource capacities, time win-
dows, and domain-specific restrictions. Existing learning methods typically address
constraints through one of three mechanisms: (1) hard-coded constraint checking in the
action space [22,23], limiting flexibility across domains; (2) penalty functions in the re-
ward signal [24,25], which can be difficult to calibrate and may not guarantee feasibil-
ity; or (3) problem-specific neural architectures designed for particular constraint struc-
tures [26,27], sacrificing generalizability.

Furthermore, most learning-based scheduling methods are inherently domain-specific,
exploiting particular structural properties of individual problem classes. For instance,
methods designed for job shop scheduling explicitly encode machine-operation relation-
ships [28,29], while those for vehicle routing embed spatial distance metrics [30,31]. This
specialization renders these approaches non-transferable to scheduling problems with
different underlying structures. Additionally, existing graph neural network representa-
tions struggle to capture high-order dependencies [32] and complex constraint patterns
that involve interactions among multiple entities simultaneously [33]. Our framework
overcomes these limitations by employing hypergraphs to explicitly and uniformly model
combinatorial constraints across diverse domains, and by learning structural invariances
through dual-level heterogeneous graph attention networks that generalize beyond domain-
specific features.

2.3. Cross-Domain Generalization and Meta-Learning

The pursuit of models that generalize across tasks and domains has been a central
theme in machine learning research. Meta-learning, or “learning to learn,” encompasses
techniques that enable rapid adaptation to new tasks with minimal additional training.
Model-Agnostic Meta-Learning (MAML) [34] and its variants [35,36] optimize for ini-
tialization parameters that can be quickly fine-tuned to novel tasks. In the context of
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reinforcement learning, meta-RL methods have been developed to learn policies that can
adapt to new MDPs within a task distribution [37,38].

Domain adaptation and transfer learning techniques aim to leverage knowledge from
source domains to improve performance in target domains with different data distribu-
tions [39,40]. These approaches have been successfully applied in computer vision [41]
and natural language processing [42], but their application to combinatorial optimization
and sequential decision-making remains relatively unexplored. Recent work has begun
investigating few-shot learning for optimization [43,44], where models trained on a set of
problem instances can quickly adapt to new instances with different characteristics.

However, existing meta-learning approaches for optimization typically operate within
a narrow problem family (e.g., different sizes or configurations of the same base prob-
lem) [43,45] rather than across fundamentally different problem structures. The challenges
of cross-domain generalization in scheduling are particularly acute due to the diverse
nature of entities (machines, jobs, vehicles, resources), heterogeneous constraint types,
and varying objective functions across domains. Moreover, traditional meta-learning
methods often require extensive interaction with each new task during adaptation [46],
limiting their sample efficiency in online scheduling scenarios where decisions must be
made rapidly.

Our work bridges this gap by integrating meta-learning with curriculum learning [47,48]
to progressively expose the model to scheduling problems of increasing complexity and
structural diversity. This approach enables our framework to extract domain-invariant
representations and develop generalizable decision-making strategies. By learning to
identify and exploit structural commonalities across diverse scheduling domains—such as
precedence constraints, resource competition, and temporal dependencies—our method
achieves unprecedented domain-agnostic performance while maintaining high sample
efficiency through rapid adaptation to new scheduling environments.

The key contributions of this paper are presented below:

1.  Dual-level heterogeneous graph attention networks that learn structural invariances
across domains with different entity types and relationships;

2. Hypergraph-based constraint modeling that provides a unified, explicit representation
of complex combinatorial constraints;

3.  Hierarchical policy decomposition that enables computationally tractable decision-
making in large-scale dynamic environments;

4. The synergistic combination of meta-learning and curriculum learning to achieve both
domain-agnostic generalization and sample-efficient adaptation.

Together, these contributions establish a new paradigm for learning-based optimiza-
tion that transcends domain boundaries while maintaining effectiveness in complex, dy-
namic scheduling scenarios.

3. Methods

Figure 1 provides a comprehensive overview of our DADRL framework. The pipeline
progresses through seven stages: (1) multi-domain data collection from structurally similar
but operationally distinct scheduling problems (airports, ports); (2) feature extraction and
alignment that normalizes domain-specific attributes into comparable representations;
(3,4) dual-level graph encoding that separates constraint topology (domain-invariant)
from entity features (domain-specific) using heterogeneous graphs and hypergraphs;
(5) hierarchical policy decomposition reducing action space complexity from O(mnT)
to O(m + n + T); (6) meta-learning with curriculum progression (foundation — general-
ization — robustness) and adversarial training; and (7) deployment to new domains with
minimal adaptation. The following subsections detail each component:

https://doi.org/10.3390/aerospace13010108


https://doi.org/10.3390/aerospace13010108

Aerospace 2026, 13, 108

6 of 45

Stage 1: Data Collection

Stage 3: Graph Encoding Stage 5: Hierarchical Policy Stage 6: Meta-Learning Stage 7: Deployment
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Figure 1. Conceptual framework of DADRL showing seven-stage pipeline from data collection to
deployment. Stages 1-2: Multi-domain data preprocessing and alignment. Stages 3—4: Dual-level
graph encoding separating constraint topology from entity features. Stage 5: Hierarchical policy
decomposition (Task — Resource — Time). Stage 6: Meta-learning with curriculum progression
(Foundation — Generalization — Robustness) and adversarial training. Stage 7: Cross-domain
deployment with validation feedback (dashed lines).

3.1. Problem Formulation

The control problem can be understood through a simple operational scenario: When
a flight arrives at an airport, the system must immediately decide which gate to assign it to
and for how long. This decision is made by observing the current state (which gates are
occupied, which flights are waiting), selecting an action (assign flight j to gate i at time f),
and receiving rewards based on efficiency and cost. The challenge is that each decision
constrains future options—assigning a large aircraft to a nearby gate now may force smaller
aircraft to use distant gates later.

Figure 2 illustrates one complete decision cycle at Singapore Changi Airport. At
t = 14:00, three flights await assignment. The controller observes available gates, selects
action (5Q212 — Gate A7, 16:30), updates gate occupancy, and transitions to the next state.
This process repeats continuously as new flights arrive.

The challenge of dynamic scheduling transcends individual domains—whether as-
signing aircraft to airport gates or allocating vessels to port berths, the underlying decision-
making structure shares fundamental similarities. We exploited this insight by formulating
diverse scheduling problems as a constrained Markov decision process (CMDP) with
domain-agnostic architecture [49,50]. Consider a problem set P = {Pl, b,..., Pn} com-
prising instances from fundamentally different operational contexts. Each instance P; is
characterized by the tuple (S, A, T, R, C, ), where the interplay between these components
captures the essence of sequential decision-making under constraints.

State space S. At any decision point f, the system state s; € S encapsulates
three critical information streams. First, a resource state matrix Ry € R"™*% de-
scribes m resources (gates or berths) with their capacity limitations, spatial configura-
tions, current occupancy, and temporal availability windows. For example, at Singapore
Changi: Gate_A7 = [capacity: A380, coordinates: (245, 112), status: occupied_until_15:30,
terminal: T3]. Second, a task state matrix T; € R™*d represents #; unassigned tasks
(flights or vessels) awaiting allocation, each characterized by arrival time, service duration,
priority level, and specific resource requirements. For example: Flight_SQ212 = [arrival:
16:30, type: A380, duration: 210 min, priority: high]. Third, an assignment history graph
Gt = (Wi, &) encodes the cascading consequences of past decisions through a directed
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acyclic graph, where vertices represent completed task-resource assignments and edges
capture how these assignments constrain future choices through temporal dependencies
and spatial conflicts.

[ Sequential Control Process: Airport Gate Assignment Example ]

Time t = 14:00 Action Selection

OBSERVE STATE s; SELECT ACTION a;

Resources (Gates): Decision: Assign which flight

e A7: Available (near terminal) to which gate?

e A9: Occupied until 15:30

e A12: Available (far terminal) e [ a; = (A7,50212,16:30) ]

e A15: Maintenance

“Assign SQ212 to Gate A7
Tasks (Pending Flights):

starting at 16:30”

. o
* $Q212: A380, arriving 16:30 L3ZU DI,
® 5Q455: B737, arriving 17:00 v A7 compatible with A380
e SQ617: B777, arriving 18:00 v High priority — near gate
\ Y, > Blocks A7 until 20:00

Time t = 14:01 (after action) State Transition

s N
NEW STATE s; REWARD R;
Resources: + High utilization (87%)
e A7: Occupied until 20:00 [SQ212] + Low cost (near gate)
e A9: Occupied until 15:30 — Future constraint (blocks A7)
e Al12: Available
e A15: Maintenance [ Total: R; = +8.3 ]
Tasks:
e 5Q455: B737, arriving 17:00 Next decision point:
® SQ617: B777, arriving 18:00 # = 15:30 (when A9 frees)
or new flight arrival
. J

Figure 2. One complete control cycle in dynamic resource allocation. The controller observes
the current state (available gates, pending flights), selects an assignment action, receives reward,
and transitions to a new state. This process repeats as new flights arrive and gates becomes available.

Action space A. Each action a; = (i, j, T) represents a concrete assignment decision: as-
sign task j to resource i at time 7. For example, a; = (Gate_A7, Flight_SQ212,16:30) means
“assign SQ212 to Gate A7 starting at 16:30.” Yet not all commitments are permissible—the
feasible action space A; C A contracts dynamically as hard constraints C"* eliminate physi-
cally impossible assignments (e.g., assigning A380 to a narrow-body gate, double-booking
a resource).
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Transition function 7. When action a; = (A7,5Q212,16:30) is executed, the environment
evolves according to s;11 = 7 (s, a;): Gate A7’s status updates to occupied_until_20:00,
50212 is removed from the pending queue, and new flights may arrive stochastically according
to A(t). This captures a fundamental reality of operational scheduling: decisions reshape
the problem itself, and new demands emerge unpredictably.

Reward function R. Real-world scheduling balances competing objectives that rarely
align perfectly. We decompose the reward signal into interpretable components:

R(St/ at) = K1 " Tefficiency (af) tag- rcost(at) taz- 7fairness(at) —B- Pconstraint(at/ CS) ey

Here, refficiency measures how effectively resources are utilized—idle gates represent
lost opportunity. The term 7ot quantifies operational expenses such as passenger walking
distance in airports or vessel waiting time in ports—tangible metrics affecting user experi-
ence and operational efficiency. Meanwhile, 7¢,1ness €Valuates allocation equity, preventing
systematic disadvantage to certain task classes. The penalty term pconstraint discourages
violations of soft constraints C*—preferences that should be honored when possible but
may occasionally be sacrificed for greater overall benefit. Weight parameters {«;, B} adapt
across domains, reflecting different operational priorities.

Constraint set C. We distinguish two constraint categories that play fundamentally
different roles. Hard constraints C"" represent physical laws and operational absolutes—a
gate cannot simultaneously host two aircraft, a vessel cannot dock at an occupied berth.
These are enforced strictly through action masking, eliminating infeasible options before
decisions are made. Soft constraints C* encode preferences and best practices—minimizing
transfer distances, balancing workload across resources—important but negotiable when
circumstances demand flexibility. These are handled through reward shaping, creating
incentives rather than absolute barriers.

Objective. The learning challenge becomes clear: discover a policy 71y : S — A(A)
that maximizes expected cumulative reward while guaranteeing perfect adherence to hard
constraints (7 = 1):

T
) 'th(st,at)] subject to  P(a; € Afeasible) — 1 ()

max Err,
0 =0

This formulation ensures the learned policy never violates physical constraints, even
as it learns to navigate the complex trade-offs inherent in multi-objective optimization.

3.2. State Representation Learning

A fundamental obstacle to cross-domain generalization lies in how different domains
represent information. Airport gates have spatial coordinates and terminal assignments;
port berths have depth restrictions and tidal windows. How can a single neural architec-
ture extract meaningful patterns from such heterogeneous data? Our solution rests on a
key insight: while surface features differ, the relational structure underlying scheduling
problems remains remarkably consistent. Resources relate to tasks through compatibility,
resources connect to neighboring resources spatially, and tasks conflict temporally when
they compete for the same resources. We developed a dual-level heterogeneous graph
attention network (DH-GAT) that learns from these relationships rather than raw features.

Entity-level encoding. We construct each state s as a heterogeneous graph H; = (VR U
VT, ERT y ERR Y ETT) [51,52], transforming the scheduling problem into a rich relational
structure. Resource nodes VR = {vf,...,0},} and task nodes VT = {v!, ..., 0! } form the
graph’s skeleton. Three edge types capture distinct relationship patterns: compatibility
edges ERT encode which tasks can feasibly use which resources, spatial adjacency edges ERR
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reflect geographic proximity between resources (enabling inference about congestion and
accessibility), and temporal conflict edges E7 identify tasks that vie for the same resources.
This graph representation enables information flow that mirrors real operational reasoning.
When deciding whether to assign a high-priority flight to a distant gate, the network can
propagate information about gate availability, task urgency, and the cascading impact on
nearby gates—much as a human dispatcher would consider multiple factors simultaneously.
Node features aggregate through type-aware attention mechanisms:

Y=ol L ¥ afwdn? ©)
PEP (jeN)

The attention weights zxf; emerge through multi-head attention [53], allowing the
network to focus on different relationship aspects:

L oP (LeakyReLU (aqf[%hi | W(Phi])) 4)
7 Trenr) exp (LeakyReLU (o] [Woh || Wl )

This mechanism learns what matters: in congested scenarios, spatial relationships
might dominate; during off-peak periods, cost minimization might take precedence.

Constraint-level encoding. Traditional graph neural networks excel at pairwise rela-
tionships but struggle with higher-order interactions—yet many constraints affect multiple
entities simultaneously. A capacity constraint does not merely link one task to one resource;
it creates competition among all tasks seeking that resource. We address this through a
constraint hypergraph H® = (V, E®), where hyperedges ¢¢ € E° connect all nodes jointly
affected by individual constraints. This representation makes constraint violations compu-
tationally visible: when the network considers assigning multiple tasks to a near-capacity
resource, the hypergraph structure forces these assignments to be evaluated jointly rather
than independently. Hypergraph convolution propagates this higher-order information:

H = o(D;2HOW,BT D, ' BWY") ©)

where incidence matrix B € {0,1}V/*/E‘l encodes which nodes participate in which con-
straints, and degree matrices D,, D, normalize the convolution. The result: each node’s
representation implicitly encodes how its assignment would affect constraint satisfac-
tion globally.

Feature alignment. Despite structural similarities, domains differ dramatically in
numerical scales; aircraft service times measure in tens of minutes, and vessel berthing
spans hours or days. Direct application of learned features across domains would fail catas-
trophically. We developed adaptive feature normalization (AFN) [54,55] to address this:

hi=v© (hi — u(hi))/o(hi) + B (6)

The learnable parameters y and B, aligned across domains through meta-learning,
effectively translate between numerical scales while preserving relational patterns. The net-
work learns to recognize “a resource nearing capacity” regardless of whether capacity is
measured in aircraft parking slots or vessel berths.
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3.3. Hierarchical Policy Architecture

A naive approach to action selection faces a combinatorial explosion. With m resources,
n tasks, and T possible time slots, the action space contains O(m x n x T) possibilities.
For realistic problem sizes (m = 50 resources, n = 100 tasks, T = 96 fifteen-minute inter-
vals), this yields over 480,000 actions—far too many for efficient learning. We recognized
that human schedulers do not evaluate all possibilities simultaneously. Instead, they de-
compose the problem: first identify which task is most urgent, then determine where to
assign it, finally decide when. This insight inspired our hierarchical policy decomposition
(HPD) [56,57], which reduces complexity from O(m x n x T) to O(m + n + T) through
sequential decision-making.

Task selection. The policy first determines which task demands immediate attention.
Based on global state embedding z; = MeanPool (H (L))—a compressed representation of
the entire system state—and individual task embeddings {h;}, we compute task selection
probabilities through attention [58]:

exp (z;thé/\/H) - m;
Z(]’E'ﬁ) exp (z;th]t,/\/E> . m]-/

)

Tlrask (]|St) =

The attention mechanism learns to balance multiple factors: task priority, time until
deadline, resource availability, and impact on future scheduling flexibility. The mask
m; € {0,1} ensures only available tasks are considered.

Resource allocation. With task j selected, the policy evaluates resource compatibility.
We compute task-resource compatibility scores that incorporate both entity-level features
and constraint-level information:

sij = MLP([R || ]| 5]) ®)

The constraint embedding efj, extracted from the constraint hypergraph, encodes
the violation risk of assignment (7, j)—effectively asking “what rules would we bend by
making this assignment?” This representation allows the network to anticipate constraint
conflicts before they occur. Resource selection follows:

eXP(Sij) - Mij

Tresource (1], 5t) = L (er) exp(syj) - my; ’

The network learns nuanced trade-offs: sometimes a slightly suboptimal resource
assignment now prevents severe conflicts later.

Temporal scheduling. Even with task j and resource i selected, timing matters crucially.
Assigning a vessel to berth immediately might block a high-priority arrival; delaying might
incur waiting costs. For the selected (i, j) pair, we choose optimal time within the feasible
window [Tmin, Tmax] Via a temporal value function:

Vz(i, j, ©) = MLPyime ([1] || bt || 9(7)]) (10)

where ¢(7) provides positional encoding of time, allowing the network to reason
about temporal patterns—rush hours, tidal cycles, and shift changes. We select 7% =
argmax(;eiy oo Vi (i, j, T), effectively forecasting which timing yields best long-term
outcomes.

Joint policy. These three stages compose into a complete action probability:

ﬂ@(at|st) = ntask(ﬂst) : ﬂresource(iU; St) ‘l[T =T" (11])] (11)
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This factorization proves more than a computational trick—it mirrors human decision-
making structures and dramatically improves sample efficiency by allowing the network
to learn each sub-problem independently while maintaining global coherence.

While we employ Task — Resource — Time decomposition for airport and port
scheduling, the hierarchical structure is configurable based on domain requirements.
The ordering choice should reflect operational priorities and constraint dependencies.
For time-critical domains with strict schedules—such as railway timetabling where depar-
ture times are predetermined—a Time — Task — Resource ordering may be more natural:
first select the time slot, then determine which train to schedule, and finally allocate plat-
form resources. Similarly, resource-constrained scenarios with limited critical assets (e.g.,
specialized medical equipment) might benefit from Resource — Task — Time decomposi-
tion. The key architectural contribution is the decomposition principle itself, which reduces
complexity from O(mnT) to O(m + n + T) regardless of ordering. Section 4.4 empirically
validates that Task — Resource — Time achieves optimal performance for dynamic arrival
scenarios where task urgency dominates.

3.4. Constraint-Aware Reward Shaping

The final goal of our approach lies in generalization: can a policy learned on airport
scheduling transfer to port operations? Can it adapt to airports with different layouts
and operational rules? Traditional deep reinforcement learning excels at mastering indi-
vidual tasks but struggles with transfer learning. We developed a distributionally robust
meta-learning (DRML) framework that treats domain adaptation as a core training objec-
tive rather than an afterthought. The key insight: by explicitly training the network to
rapidly adapt across diverse problems, we embed adaptability into the learned representa-
tions themselves.

Task distribution construction. We define a family of task distributions D = {Ds, ..., Dk},
where each Dy represents a distinct problem variant—different domains (airports versus
ports), different scales (small regional facilities versus major international hubs), or different
constraint configurations (strict versus relaxed policies). This diversity ensures the meta-
learned policy encounters and masters the full range of operational scenarios.

Inner loop adaptation. For each sampled task 1 ~ Dy, we perform rapid task-specific
fine-tuning. We collect trajectory batch By = {(si,a,7})} by executing the current policy,
then update parameters:

6}2 =60- DCVGLk(G) =0- DCVQ]EBk[— log 7'[9(51,}|St)At] (12)

The advantage function A;, computed via generalized advantage estimation (GAE) [59],
measures how much better action a; was compared to the expected value:

Ar= Y (YN '61, S =1+ AV (si41) — Vse) (13)
1=0

This inner loop asks: “Given our current general knowledge, how should we adjust for
this specific problem?” The limited adaptation steps (typically K = 5) force the network to
learn representations that transfer well rather than overfitting to individual tasks.

Outer-loop optimization. After adapting to each task, we evaluate performance on
held-out validation data and update the meta-parameters to improve post-adaptation
performance:
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K
0« 60— BV ) wili(6}) (14)
k=1

The innovation lies in adaptive task weighting wy, which emphasizes difficult tasks:

exp(7 - Difficulty, )

= ].
K Y x exp(n - Difficulty,,) (15)
Task difficulty captures two complementary aspects:
o Var(Lk) :l |A£easible|
Difficulty, = [ 1l-—— (16)
T L e A

The first term (variance-to-mean ratio) measures exploration difficulty—tasks where per-
formance is inconsistent require more attention. The second term (inverse feasibility ratio)
captures constraint tightness—problems with fewer feasible solutions demand more careful
learning. This adaptive weighting ensures the meta-learner does not simply average across
tasks but focuses on mastering the challenging cases that determine real-world performance.

Curriculum learning. Human expertise develops progressively—novices master fun-
damentals before tackling complex scenarios. We mirror this developmental trajectory
through three training stages:

¢  Foundation stage (0-30% of training): Small-scale instances (m, n < 20) with relaxed
constraints build basic scheduling competence—understanding resource-task compat-
ibility, temporal sequencing, and constraint satisfaction.

*  Generalization stage (30-70%): Mixed scales (20 < m,n < 50) with standard
constraints introduce cross-domain tasks, forcing the network to discover domain-
invariant patterns.

*  Robustness stage (70-100%): Large-scale instances (m, n > 50) with tight constraints
and adversarial perturbations test whether learned policies degrade gracefully un-
der pressure.

This progression ensures the network develops robust foundations before confronting
realistic complexity.

Distributionally robust optimization. Even with careful curriculum design, the training
distribution may not capture all operational scenarios. We enhance worst-case performance
through a conditional value-at-risk (CVaR) objective [60,61]:

i E.op[L(6;T 17
o o~ [L(6;7)] (17)

Here, U, (D) represents a Wasserstein ball—a set of distributions “close” to our training
distribution D but potentially more adversarial. By optimizing against this worst-case
distribution, implemented through adversarial training, the policy learns to handle not
just the problems it has seen but nearby problems it might encounter in deployment. This
robustness proves critical when deploying learned schedulers in real operations, where
unexpected scenarios inevitably arise. Algorithm 1 shows the steps of task generation for
distributionally robust training.

Human expertise develops progressively; novices master fundamentals before tackling
complex scenarios. We mirror this developmental trajectory through three training stages
(Table 1):
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Algorithm 1 Adversarial task generation for distributionally robust training

Require: Current policy 71y, training distribution D, Wasserstein radius p, perturbation

budget €

Ensure: Adversarial task set D,gy
1: Initialize D4y + @

2: Sample base tasks {1y,..., 73} ~ D

> B = 20 base instances

3: for each base task T7; do

4: % Stage 1: Identify vulnerable dimensions via gradient
5: Evaluate policy performance: J; = E, [R(7;)]
6: Compute sensitivity: g; = V¢ J; > gradient w.r.t. task parameters
7. Identify top-k vulnerable dimensions: Z, = argsort(|g;|)[: k] >k=3
8:
9: % Stage 2: Generate perturbations within operational bounds
10:  Initialize perturbed task 7/ « T
11: for each dimension d € 7, do
12: if d is arrival rate then
13: TA—TA-(14€) > Increase demand by 30%
14: else if d is service duration then
15: 7/.duration <— 7;.duration - (1 +¢€/2) > Extend turnaround
16: else if d is constraint tightness then
17: Reduce time windows: T/.[Tmin, Tmax] <= [Tmin + A, Tmax — 4]
18: >A= 0-2(Tmax — Tmin)
19: else if d is resource availability then
20: Randomly disable |0.1m] resources > Simulate maintenance
21: end if
22: end for
23:
24: % Stage 3: Verify Wasserstein distance constraint
25:  Compute Wy(7;, T/) via optimal transport
26: if Wo(1;,7/) < p then
27: Dagy <= Dagy U {Ti,}
28: else
29: Scale perturbation: 7/ < T; + W(Ti’ -T)
30: Dadv — Dadv U {Tzl}
31: end if
32: end for

33: return D, g4y

Table 1. Curriculum-learning-stage configurations.

Parameter Foundation Generalization = Robustness
(0-30%) (30-70%) (70-100%)
Problem Scale
Resources (m) 10-20 20-50 50-100
Tasks per day (1) 20-40 60-100 120-200
Episode length (T) 24h 24h 24h
Constraint Configuration
Capacity utilization target 60-70% 75-85% 85-95%
Time window flexibility +60 min +30 min +15 min
Constraint violation penalty Abase 2Apase 5Apase
Task Distribution
Domain mixing ratio 100% single 50% mixed 100% mixed
Disruption probability 0% 5% 10%
Adversarial instances 0% 0% 20%
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Table 1. Cont.
Parameter Foundation Generalization Robustness
(0-30%) (30-70%) (70-100%)
Training Hyperparameters (Constant Across Stages)
Learning rate 3x107*
Adaptation rate « 1x1073
Batch size 2048 trajectories
PPO clip € 0.2
Discount factor y 0.99
GAE A 0.95
Entropy coefficient c, 0.01
Value loss coefficient ¢, 0.5
Gradient clip norm 0.5

3.5. Training Algorithm

The complete training procedure integrates curriculum learning with meta-reinforcement
learning, creating a coherent developmental process (Algorithm 2). The algorithm adap-
tively weights tasks based on difficulty and employs distributionally robust optimization
every ten epochs to enhance worst-case performance.

Algorithm 2 Domain-agnostic meta-reinforcement learning training

Require: Task distributions D = {Dj, ..., D}, meta learning rate 5, adaptation rate a
Ensure: Meta-policy parameters 6
1: Initialize & ~ N(0,0?)
2: forepoch =1to E do
3: % Curriculum learning stage determination
stage < GetCurriculumStage(epoch)
Depoch < SampleTasks(D, stage)
for each task 7 ~ Depoch do
Sample trajectories By = {(s¢, at, ;) } using 7y
Compute advantages A; using GAE(A = 0.95)
9]/( — 60— DéVQLPPC)(Q,' Bk)
10: Sample validation trajectories Bz’al using 7y
11: L « ComputeLoss(6;; B,‘(’al)
12: Difficulty; + ComputeDifficulty(L"*', By)
13: end for
14: % Outer loop: Meta-policy update
15 w < AdaptiveWeighting({Difficulty, })
16: 6 < 0 — BV Ly wi L ()
17: if epoch mod 10 = 0 then

O PN G

18: % Distributional robustness training (see Algorithm 1)

19: D,qv < GenerateAdversarialTasks(6) > Generate worst-case tasks
20: 0 < 0 — BVCVaR(L(6; D,gy))

21: end if

22: end for

23: return 0

The algorithm operates in three interlocking phases per epoch. The inner loop
(lines 3-13) performs task-specific adaptation, rapidly tuning parameters to each sam-
pled problem while measuring adaptation difficulty. The outer loop (lines 14-17) updates
meta-parameters to improve adaptation efficiency, weighted by task difficulty to focus
learning on challenging scenarios. Periodic adversarial robustness training (lines 18-21)
stress-tests the policy against worst-case distributions, ensuring graceful performance
degradation rather than catastrophic failure when encountering novel scenarios.

3.6. Interpretability Enhancement

While neural networks achieve remarkable performance, their opacity creates ob-
stacles to real-world deployment. Operations managers reasonably ask: “Why did the
system make this assignment?” Regulators demand transparency. We developed two
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complementary approaches to interpretability that preserve performance while providing
human-comprehensible explanations.

Attention visualization. We extract decision-critical factors by generating attention
heatmaps A € R"*"™ [62,63] that reveal which resource-task relationships most strongly
influenced each decision:

omg(a = (i,j,T)s)\ ,,, (97me(als)
Ay = ( 0 a0 ) Y+ (gh;> Il (18)

These gradient-weighted activations highlight which resource features (location, ca-
pacity, current occupancy) and task features (priority, deadline, requirements) drove the
policy’s choice. In practice, this reveals interpretable patterns: during peak periods, the net-
work heavily weights resource proximity to reduce congestion; for urgent tasks, deadline
constraints dominate the decision calculus.

Policy distillation. Attention maps provide local explanations for individual decisions,
but operations managers seek general principles—simple rules they can understand and
audit. We distill the neural policy into symbolic rules through a two-stage process. First,
we train a symbolic regression model fsym : S — A to approximate the neural policy:

) KL(7o(-[s) || £(s))] +Q(I£1) (19)

fsym = argmin £ E(SNDreplay

The KL divergence term ensures the symbolic model mimics the neural policy’s
behavior, while complexity penalty Q(|f|) favors concise rules. Through genetic program-
ming [64]—evolving a population of candidate rule sets—we search for interpretable deci-
sion trees or if-then rules. Recent advances in symbolic regression [65] enable learning both
constraint predicates and their topological relationships. The distilled rules often capture
the policy’s essential strategy in remarkably simple terms. For instance, a distilled airport
gate assignment policy might yield: “If resource_utilization > 0.8 and task_priority = high,
then select nearest available resource; otherwise, select resource minimizing passenger
walking distance.” These rules prove accurate for approximately 85-90% of decisions, pro-
viding operations managers with actionable insights while preserving the option to invoke
the full neural policy for complex edge cases. This approach bridges the gap between
neural network performance and human interpretability, enabling deployment in regulated
industries where algorithmic transparency is mandatory.

3.7. Implementation Details

The value network Vj(s;) shares the dual-level graph encoder with the policy (parame-
ters Oshared) but uses a separate MLP head for value prediction. This ensures consistent state
representations while maintaining independent learning dynamics. The value function is
trained via temporal difference loss:

2
‘Cvalue = Esth [(V(P (St) - Vttarget) :| (20)

t

where V, arget Y2 o(7A)!6,; is the GAE target. Meta-learning applies to both policy and

value parameters, enabling rapid adaptation to new task distributions (Table 2).

Table 2. Value function prediction accuracy across tasks.

Metric Airport Port Cross-Domain
Mean Absolute Error (MAE) 32404 37405 41406
MAPE (%) 4.1% 4.6% 4.9%
Adaptation steps to <5% error 85 120 95
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The value head contains two layers with 128-dimensional hidden representations.
Value loss coefficient ¢, = 0.5 balances policy and value learning. Both policy and value
parameters undergo meta-learning, with shared encoder parameters 0gp,,,04 updated via
outer-loop optimization.

The graph encoder comprises four layers with 256-dimensional hidden representations,
chosen to balance expressiveness with computational efficiency. The policy head contains
three layers with 128-dimensional hidden representations, sufficient for capturing complex
decision surfaces while avoiding overfitting.

We employed a batch size of 2048 trajectories, providing stable gradient estimates
while maintaining computational feasibility. Generalized advantage estimation used
A =0.95 and discount factor ¢y = 0.99, balancing bias—variance trade-offs and empha-
sizing long-term consequences. Proximal policy optimization [66] parameters included
clipping coefficient ¢ = 0.2 (preventing destructive policy updates), value loss coefficient
¢y = 0.5 (balancing policy and value learning), and entropy regularization ¢, = 0.01
(encouraging exploration).

Inner-loop adaptation performed K = 5 gradient steps, with an adaptation rate of
a = 1 x 1073, allowing for meaningful task-specific adjustment without overfitting. Outer-
loop optimization used the learning rate § = 3 x 10~#, chosen through hyperparameter
search, to stabilize meta-learning dynamics.

Base penalty weights AP2¢ spanned [0.1,10] across constraint types, reflecting their
relative importance. Warning threshold € = 0.1 determined the transition between penalty
tiers, calibrated to typical constraint violation magnitudes.

We employed Adam optimizer [67] with f; = 0.9, B2 = 0.999, and a learning rate
warmup for 1000 steps (preventing early training instability) followed by cosine decay
(ensuring convergence). This schedule proved robust across problem domains.

State encoding complexity scales as O(L - (|V| + |E|) - d?), where L denotes GNN
layers and d represents hidden dimension—typically dominated by the graph convolution
operations. Hierarchical action generation achieves O(n + m + T) complexity after decom-
position, enabling real-time decision-making. Single forward passes require approximately
15 ms on NVIDIA GeForce RTX 3090 GPUs for realistic problem sizes (m = 50 resources,
n = 100 tasks). Full training converges after approximately 2 million environment steps,
requiring approximately 12 h on eight NVIDIA A100 GPUs—orders of magnitude faster
than prior approaches.

Scientific rigor demands careful quantification of uncertainty and statistical signifi-
cance. All experiments were repeated with five independent random seeds, controlling
for initialization effects and stochastic environment dynamics. We report the mean per-
formance with 95% confidence intervals computed via bootstrapping (10,000 samples),
providing distribution-free uncertainty estimates. Statistical significance was assessed us-
ing a two-sided Welch’s ¢-test, which relaxes equal variance assumptions, with Bonferroni
correction for multiple comparisons (family-wise error rate « = 0.05). This conserva-
tive approach guards against false discoveries when comparing multiple methods across
multiple metrics.

Ablation studies systematically removed individual components—entity-level encod-
ing, constraint-level encoding, hierarchical decomposition, adaptive weighting—measuring
performance degradation to validate each component’s contribution. These controlled
experiments reveal not merely that our method works, but why it works.

Cross-domain generalization was evaluated through leave-one-domain-out validation:
models trained on K — 1 domains were tested on the held-out domain, providing unbiased
estimates of transfer learning capability. This challenging evaluation protocol ensures that
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the reported performance reflects true generalization rather than memorization of training
scenarios—the ultimate test of a domain-agnostic approach.

4. Results
4.1. Experiments Setup

We developed high-fidelity simulators for two scheduling domains: airport gate assign-
ment (modeled on Singapore Changi Terminal 3 with 50 gates serving 300400 daily flights)
and port berth allocation (Singapore Port with 40 berths accommodating 80-120 daily
vessels). The key operational differences between these two domains are summarized in
Table 3. Both simulators incorporate realistic operational complexity—stochastic arrivals
following Poisson processes with time-varying intensity, service duration uncertainty (log-
normal distribution), disruption events (5-10% probability from delays and equipment
failures)—while optimizing multiple competing objectives including resource utilization,
operational costs (passenger walking distance, vessel waiting time), and service quality.

Table 3. Operational differences between airport and seaport simulators.

Dimension

Airport Simulator

Seaport Simulator

Temporal Model
Service Duration
Time Granularity

Discrete 15-min slots
Normal: y = 45 min, = 8 min
96 slots/day (fixed)

Continuous time
Lognormal: p = 6.2h,c =3.1h
Event-driven (variable)

Spatial Constraints

Wingspan interference (binary)
ICAO adjacency rules
2D terminal layout

Draft-depth matching (continuous)
Tidal windows (6 h cycles)
1D quay linear arrangement

Capacity Model

1 aircraft/gate (hard)
Apron conflicts (discrete zones)

1 vessel /berth + length constraints
Quay utilization (continuous meters)

Arrival Process
Predictability

Poisson: A(t) varies 2x (peak)
Scheduled £12 min (o)

Poisson: A(t) varies 5x (tidal)
Scheduled 485 min (0)

Objectives

Passenger walking distance
Transfer connection misses
Gate utilization (85-95%)

Vessel waiting cost ($500-2000/h)
Tugboat fees ($1500/operation)
Berth utilization (80-90%)

Hard Constraints

Aircraft-gate compatibility
Terminal assignment rules
Fire safety spacing (50 m)

Vessel draft < berth depth
Hazardous cargo separation (500 m)
Tidal depth windows

Soft Constraints

Airline preferences (gates)
Minimize towing operations

Shipping line preferences (berths)
Minimize repositioning

Disruption Model

Weather delays: Normal (12 min)

Gate equipment failures (5%)

Operational delays: Lognormal (85 min)

Crane failures (8%), tidal extremes

State Dimension
Feature Overlap

18 features/gate, 12/flight
6/18 shared (33%)

22 features/berth, 16/vessel
6/22 shared (27%)

Constraint Types

5 types (capacity, spatial,
temporal, priority, service)

7 types (capacity, depth, tidal,
length, hazmat, priority, service)

Key insight: Despite substantial operational differences—continuous vs. discrete time, lognormal vs. normal
distributions, 27-33% feature overlap, distinct constraint types—DADRL achieves 92.4% zero-shot transfer. This
validates that the framework learns structural invariants (resource contention, temporal precedence, and capacity
limits) rather than exploiting superficial simulator isomorphism. The domains share mathematical structure
(constrained assignment MDP) but differ fundamentally in implementation, dynamics, and objectives.

We generated problem instances across three complexity tiers: small-scale (1020 resources,
2040 tasks/day, 10,000 instances), medium-scale (30-50 resources, 60-100 tasks/day, 5000
instances), and large-scale (60-100 resources, 120-200 tasks/day, 2000 instances). To rigorously
test generalization, we created extra-large test sets (150 resources, 300 tasks, 500 instances) at
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2-3x training scale, and cross-domain transfer sets (1000 instances) combining novel constraints
and abnormal operational conditions.

We evaluate all methods across five key performance dimensions:

Resource Utilization (%): Measures the percentage of time during which resources are
productively occupied during the scheduling horizon, computed as follows:

yr 9
Utilization = ——°ccupied 1009 1)
m t(l)

i=1 "available

(@)

where m denotes the number of resources, ¢ occupied

represents the total time resource, i is
(i)

available
Higher utilization indicates more efficient resource usage.

assigned to tasks, and ¢ represents the total available time window for resource i.

Operational Cost (x10%): Quantifies domain-specific operational expenses normalized
to thousands of units. For airport scenarios, this includes passenger walking distance
(cost per meter) and aircraft towing expenses. For port scenarios, this encompasses vessel
waiting time costs and tugboat service fees. Computed as follows:

n

deadli
Cost = Z (Cdistance : d] + Cdelay max(O, T = T] e me) + Cservice) (22)
=

where 7 is the number of tasks; cgistances Cdelay, aNd Cservice are cost coefficients; d; is the
distance metric for task j; and 7; is the assigned time. Lower cost indicates better opera-
tional efficiency.

Task Completion Rate (%): Measures the percentage of tasks successfully scheduled
within their time windows and operational constraints:

Hj: 7 < T].deadlme A constraints satisfied }|

Completion = - x 100% (23)

Higher completion rates indicate better service quality and fewer disruptions.
Constraint Violation Rate (%): Quantifies the proportion of hard constraint violations
across all assignments:

L1 ¥ [assignment j violates C "

Violation = x 100% (24)

n
where J[ ] is the indicator function, and C" represents hard constraints. Zero violations
indicate complete feasibility—a mandatory requirement for operational deployment.

Computational Time (s): Measures the wall-clock time required to generate a complete
schedule for one problem instance, averaged over all test instances. This metric is critical for
real-time operational scenarios where decisions must be made within strict time windows.
Measured on identical hardware (NVIDIA A100 GPUs) to ensure fair comparison.

All reported metrics represent mean + standard deviation computed across five in-
dependent runs with different random seeds (seeds: 42, 123, 456, 789, 1024) to ensure
reproducibility. Statistical significance is assessed using two-sided Welch's t-tests with
Bonferroni correction (¢« = 0.05).

Our approach (DADRL) was benchmarked against eight representative methods:
classical heuristics (FCFS, Greedy-Best-Fit), metaheuristics (Genetic Algorithm, Adaptive
Large Neighborhood Search), commercial optimization (Gurobi-MIP with 300-s time limits),
and deep learning variants, including DRL-Single (trained independently per domain),
DRL-Multitask (soft parameter sharing across domains), and Meta-RL-Baseline (standard
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MAML without our constraint-aware and hierarchical innovations). Performance was
assessed across five dimensions—efficiency (resource utilization), cost (operational ex-
penses), quality (completion rate, delays), constraint satisfaction (hard/soft violations),
and robustness (degradation under disruptions).

All experiments ran on identical hardware (eight NVIDIA A100 GPUs, AMD EPYC
7763 CPUs) with each configuration repeated five times using independent random seeds.
We report mean performance with 95% confidence intervals computed via bootstrapping
(10,000 resamples), with statistical significance assessed through two-sided Welch's t-tests
and Bonferroni correction (¢ = 0.05). Cross-domain evaluation employed leave-one-
domain-out validation: models trained exclusively on airports were tested on ports without
fine-tuning (zero-shot transfer), then with limited adaptation (100-5000 steps) to measure
few-shot learning efficiency. We analyzed transferred knowledge through centered kernel
alignment (CKA) comparing neural representations across domains and t-SNE visualization
of learned state embeddings.

4.2. Single-Domain Performance Analysis

To establish DADRL'’s fundamental capabilities, we first evaluated performance on
single-domain benchmarks before examining cross-domain transfer. The objective is to
demonstrate whether DADRL's architectural design translates into measurable empirical
advantages over existing state-of-the-art methods.

Multi-Dimensional Performance Assessment. Resource allocation optimization re-
quires balancing multiple competing objectives. We developed a five-dimensional evalua-
tion framework encompassing efficiency (resource utilization), cost (normalized operational
expenditure), quality (task completion rate), constraint satisfaction, and computational
speed. Figure 3a presents radar chart comparisons across airport gate assignment scenarios
(40 gates, 80 daily flights). DADRL achieves a normalized composite score of 0.92 & 0.03,
significantly exceeding Meta-RL's 0.81 & 0.05 (¢ = 18.7, p < 0.001, Cohen’s d = 2.65). Criti-
cally, DADRL demonstrates balanced excellence across all dimensions—its radar polygon
encompasses the largest area, indicating superior overall capability without trading off
between objectives.

a b, Scale: Small
95
Efficiency
100%
90 .
50% -~ c ' e o
Speed i Y Cost —®— ALNS g f:_z_'*? Qm’
\ DADRL g 85 oq® v
N // —@— Gurobi-miP 804
S Meta-RL

75

" " T T T T T
Constraint Quality DADRL  Meta-RL DRL-Single Gurobi-MIP  ALNS
b, Scale: Medium b, Scale: Large
95 %
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®
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Figure 3. Multi-dimensional performance comparison and scale analysis. (a) Radar chart showing
normalized performance across five dimensions for medium-scale airport scenarios. (b1-b3) Violin
plots comparing utilization distributions across small, medium, and large problem scales.
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Table 4 provides detailed metrics for medium-scale scenarios (40 gates for airports,
35 berths for ports). DADRL achieves 87.3% utilization in airport scenarios, surpassing
Gurobi-MIP by 2.2 percentage points while operating 270x faster (1.1 s versus 298 s).
In port scenarios, DADRL reaches 86.3% utilization, exceeding ALNS by 2.7 percentage
points with comparable speed.

Table 4. Detailed performance metrics on medium-scale instances. Violation (%): Hard constraint
violations—DADRL achieves 0.0% via architectural action masking (Section 3.1, enforced feasibility by
design), while penalty-based methods (ALNS, DRL-Single) occasionally produce infeasible solutions
under strict time limits. Gurobi-MIP results obtained with 300 s time limit (see Table 5 for time—quality
trade-offs). Bold values indicate the results of the proposed method (DADRL).

Method Domain Utilization (%) Cost (x10%) Completion (%) Violation (%) Time (s)
FCFS Airport 724+21 238+12 942 +1.38 0.0 <0.1
Greedy-BF  Airport 79815 194 £09 97.6 £ 0.8 0.0 03+0.1
ALNS Airport 83.6 18 179+ 0.8 98.1 £ 0.6 03+02 67.8 £5.2
Gurobi-MIP  Airport 85.1+12 16.8 £ 0.7 99.2£0.3 0.0 2984 £ 12.6
DRL-Single  Airport 843+19 172+ 1.0 98.5 £ 0.7 01+0.1 0.8+02
Meta-RL Airport 862+ 14 16.5 £ 0.7 99.0+ 04 0.0 12£03
DADRL Airport 873+ 1.1 15.8 + 0.6 99.4 0.2 0.0 1.1+0.2
ALNS Port 83.6 £1.7 182+ 0.9 97.8 £0.7 04+02 713+ 6.1
Gurobi-MIP  Port 84.8+13 171+ 0.8 99.1 £04 0.0 312.7 £15.3
Meta-RL Port 859+15 16.8 £ 0.8 98.8 £0.5 0.0 1.3 £03
DADRL Port 86.3 £ 1.2 16.1 + 0.7 99.3 + 0.3 0.0 1.2 +£0.2

First, DADRL achieves comprehensive superiority across all quality metrics with
reduced variance (+1.1-1.2%) compared to stochastic methods, indicating robust perfor-
mance. Second, real-time computational performance (mean 1.1 s, maximum 1.8 s) enables
deployment in time-critical operations while maintaining quality superior to methods
requiring 270x more computation. Third, zero constraint violations across 10,000 test
episodes contrasts with ALNS (0.3-0.4% violations), eliminating costly manual corrections.
Fourth, cross-domain consistency is remarkable: only 1.0 percentage point separates airport
(87.3%) and port (86.3%) performance despite substantial differences in operational charac-
teristics, time scales, and objectives—suggesting successful abstraction of domain-invariant
combinatorial structure.

DADRL'’s 0.0% violation rate across all metrics results from action masking rather
than learned constraint satisfaction. As described in Section 3.1 (line 222), hard constraints
C" (capacity limits, physical incompatibilities, temporal conflicts) are enforced architec-
turally: the feasible action space AfaiPle C 4 is computed at each timestep, and infeasible
actions receive mask m;; = 0 in Equations (7) and (9) , preventing selection entirely. This
makes violations impossible by design, not evidence of superior learning. The design
choice is intentional—operational deployment of autonomous schedulers requires absolute
feasibility guarantees that stochastic learning alone cannot provide (even with penalty
functions, rare exploration can produce constraint violations). In contrast, ALNS (0.3-0.4%
violations) and DRL-Single (0.1% violations) employ penalty-based soft constraint han-
dling, occasionally generating infeasible solutions when time-limited search terminates
prematurely. The comparison demonstrates that DADRL's architectural enforcement pro-
vides stronger deployment safety than methods relying on learned or heuristic constraint
satisfaction. The 0.0% metric thus validates correct masking implementation rather than
learned perfection.

We carefully frame the comparison with Gurobi-MIP along two dimensions: optimality
and computational feasibility.
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Given unlimited time, Gurobi finds provably optimal solutions (objective value 453.2,
Table 5). DADRL achieves 98.7% of this optimal value (447.3), representing a 1.3% optimal-
ity gap—a small sacrifice for dramatically reduced computation time. This gap is acceptable
in practice, as operational schedules are subject to stochastic disruptions (weather delays,
equipment failures) that dwarf 1-2% planning deviations.

Table 5. Detailed comparison: DADRL vs. Gurobi under different constraints. Bold values indicate
the best performance. Colors indicate feasibility status: green denotes feasible, orange denotes
conditionally feasible, and red denotes infeasible.

. Objective Time Gap to Feasible for
Scenario Method Value (s) Optimal (%) Real-Time?
. Gurobi (optimal) 453.2 270.4 0.0% X
Medium-scale DADRL 4473 11 1.3% v

Gurobi (5 s cutoff) 398.7 5.0 12.0%
Time-limited (5 s) DADRL 447.3 1.1 1.3% v
DADRL advantage +12.2% —39s —10.7%
Laree-scal Gurobi (1 h timeout) 1247.8 3600 8.4% X
arge-scale DADRL 12053 2.3 11.8% v
Online arrival Gurobi (re-optimize) 382.1 47.3 15.6% X
DADRL (adaptive) 441.6 1.1 2.5% v

Gurobi requires 270.4 s average to reach optimality—prohibitive for real-time opera-
tions where gate assignments must be made within seconds of flight arrival announcements.
Under realistic time constraints (5 s deadline), Gurobi’s solution quality degrades to 398.7
(12.0% below optimal), while DADRL maintains 447.3 in 1.1 s. In this time-constrained
regime, DADRL outperforms Gurobi by 12.2% in objective value (Table 5, row 3).

For large-scale instances (100+ gates, 200+ daily flights), Gurobi exceeds 1 h computa-
tion with 8.4% remaining gap, whereas DADRL solves in 2.3 s with 11.8% gap. The 3.4%
gap difference is marginal compared to the 1565 x speedup.

DADRL is not a replacement for exact solvers in offline planning where optimality
is paramount and time is unconstrained. Rather, it targets online, time-critical scenarios
where exact solvers are computationally infeasible. The 245 x speedup with 1.3% optimality
sacrifice represents a favorable Pareto trade-off for operational deployment.

Bonferroni-corrected pairwise comparisons confirm DADRL significantly outperforms
all baselines (p < 0.001 for traditional methods; p < 0.05 for Meta-RL). Effect sizes range
from d = 1.24 (versus Meta-RL) to d = 4.82 (versus Greedy-BF), indicating substantial
practical differences.

Performance Scaling Analysis. Real-world deployment requires robust performance
across operational scales. Figure 3(b1-b3) compares performance on small (20 resources),
medium (40), and large (80) instances. DADRL maintains scale-invariant performance
at 86-88% utilization across all sizes (standard deviation < 1.5%; ANOVA: F(2,12) = 1.34,
p = 0.30). In contrast, Gurobi-MIP degrades from 86.2% (small) to 81.7% (large)—a 4.5 per-
centage point decline reflecting exponential computational complexity. Metaheuristics
remain stable at 79-84% but sacrifice quality for consistency. DRL-Single shows increased
variance at larger scales (£1.9% to £2.8%), suggesting generalization challenges that
DADRL overcomes through its meta-learning architecture.

These results establish DADRL's superior single-domain performance across solution
quality, computational efficiency, constraint satisfaction, robustness, and scale invariance.
The minimal cross-domain performance gap (1.0 percentage point) despite substantial
operational differences hints at learned domain-invariant optimization principles—a ca-
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pability we investigate mechanistically in Section 4.3 through representation analysis and
systematic cross-domain transfer experiments.

4.3. Cross-Domain Generalization: Mechanisms and Evidence

Having established DADRL's superior single-domain performance, we now investigate
the mechanisms enabling cross-domain generalization. This section examines why the method
transfers knowledge successfully across operationally distinct domains by analyzing learned
representations, constraint structures, adaptation dynamics, and distilled decision patterns.

Figure 4a presents t-SNE visualizations of learned state embeddings (256-dimensional
representations projected to 2D) comparing DRL-Single and DADRL. DRL-Single exhibits
clear spatial separation between airport states (clustered upper-left) and port states (clus-
tered lower-right), with between-domain variance (1.87) exceeding within-domain variance
(0.34) by 5.5-fold—quantified by a silhouette score of 0.72, indicating strong domain sep-
aration. In stark contrast, DADRL’s embeddings extensively overlap across domains,
with clustering following problem structure (high-load versus low-load scenarios) rather
than domain identity. Between-domain variance (0.53) approaches within-domain variance
(0.41), yielding a silhouette score of 0.19, indicating minimal domain separation. Semanti-
cally similar states exhibit high cross-domain alignment: “airport peak-hour” and “port
busy season” achieve a cosine similarity of 0.89, while “airport night low-traffic” and
“port off-season” reach 0.91. This demonstrates that DADRL learns to represent prob-
lems by abstract structure—resource contention patterns, constraint tightness, temporal
dynamics—rather than domain-specific surface features.
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Figure 4. Cross-domain generalization mechanisms. (a) t-SNE visualization of learned embeddings
comparing DRL-Single (left, domain-separated) and DADRL (right, domain-mixed). (b) Layer-wise
CKA similarity showing peak alignment (0.78) at middle layers. (c) Constraint similarity matrix
across domains with activation percentages. (d) Constraint activation versus cross-domain similarity.
(e) Target-domain performance distributions during adaptation for different methods.
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Figure 4b quantifies this phenomenon through layer-wise Centered Kernel Alignment
(CKA) analysis measuring cross-domain representation similarity across network depth.
DADRL exhibits a distinctive inverted-U trajectory: CKA rises from 0.42 at Layer 1 to
peak at 0.78 in Layer 5, then moderately decreases to 0.61 at Layer 8. This hierarchical
structure reveals that early layers (1-3) encode domain-specific surface features with
moderate similarity (CKA ~ 0.45), middle layers (4—6) abstract to structural invariants
achieving maximum alignment (CKA = 0.78), and late layers (7-8) partially re-specialize for
domain-specific output distributions (CKA = 0.61). Meta-RL achieves lower peak similarity
(0.68), while DRL-Single remains below 0.35 across all layers. DADRL’s peak CKA of
0.78 substantially exceeds typical values in vision transfer learning (0.4-0.6 for ImageNet-
based transfer), suggesting that our dual-level heterogeneous graph attention architecture
successfully guides the model toward structural abstraction by explicitly separating entity-
level features (domain-specific) from constraint-level topology (domain-invariant).

Beyond neural representations, we investigated whether airports and ports share
underlying constraint structures—a mathematical prerequisite for successful transfer in
constrained optimization. Figure 4c presents a constraint similarity matrix examining
five constraint types (capacity, spatial, temporal, priority, service quality) across domains.
Cross-domain analysis reveals that three constraint types exhibit high similarity: capacity
(0.83), spatial (0.79), and temporal (0.91). These three constraint classes account for 73% of
total constraint activations in both domains. Only priority constraints show substantial do-
main specificity (0.47), reflecting differing operational philosophies—passenger experience
optimization in airports versus vessel turnaround minimization in ports. This mathematical
structure sharing provides the foundation for transfer: the constraint hypergraph learns
to model the shared 73% through domain-invariant edge patterns, while adaptive nor-
malization handles the 27% domain-specific aspects. The architecture’s explicit separation
of constraint topology (hypergraph structure) from constraint parameters (node features)
enables this selective transfer mechanism.

Figure 4d visualizes fine-tuning trajectories in performance space, plotting source
domain (airport) versus target domain (port) performance during adaptation. DADRL’s
trajectory begins at (87.3%, 84.7%) in zero-shot configuration—notably, this 84.7% zero-
shot performance already exceeds DRL-Single’s performance after 5000 adaptation steps
(82.3%), validating the meta-learned initialization. The adaptation path follows a smooth,
nearly monotonic curve reaching (87.3%, 98.3%) after only 1000 steps, with source domain
performance remaining constant throughout—indicating absence of catastrophic forgetting.
In contrast, DRL-Single begins at (85.1%, 62.1%) and requires 15,000 steps along an erratic
trajectory to reach comparable performance, while Meta-RL requires 2000 steps and DRL-
Multitask needs 5000 steps.

Table 6 quantifies few-shot transfer performance across adaptation steps:

Table 6. Zero-shot and few-shot transfer performance. Bold values indicate the improvements of the
proposed method (DADRL) .

Model Zero-Shot 100-Shot 500-Shot 1k-Shot 5k-Shot 15k-Shot  Steps to 95%
DADRL 84.7% 91.2% 96.1% 98.3% 98.7% 98.9% 800
Meta-RL 81.7% 87.3% 92.8% 95.4% 97.1% 97.8% 1900
DRL-Multitask 76.3% 81.5% 87.9% 91.6% 95.8% 97.2% 4700
DRL-Single 62.1% 68.4% 75.7% 82.3% 91.2% 96.4% 13,200
Improvement +22.6 pp +22.8 pp +20.4 pp +16.0 pp +7.5 pp +2.5 pp 16.5%

The “Steps to 95%" metric reveals DADRL achieves operational-grade performance
16.5x faster than training from scratch—translating to approximately 30 min of adaptation
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(800 steps x 2 s per step) versus over 7 h for DRL-Single. This acceleration carries substantial
practical value for rapid deployment to new operational contexts.

To understand what decision-making knowledge DADRL transfers across domains,
we employed symbolic policy distillation by training decision trees to approximate the
neural policy and extracting interpretable rules.

Through multi-level analysis spanning neural representations, mathematical struc-
tures, transfer dynamics, and distilled knowledge, we demonstrate that DADRL’s cross-
domain generalization stems from learning structural invariants rather than surface features.
The 97.4% performance retention observed in Section 4.2 (maintaining 84.7% port perfor-
mance from 87.3% airport baseline) emerges from four synergistic mechanisms: (1) aligned
middle-layer representations achieving CKA similarity of 0.78, (2) shared constraint topol-
ogy accounting for 73% of operational constraints, (3) meta-learned initialization enabling
16.5x faster adaptation with smooth convergence trajectories, and (4) abstracted heuristic
patterns transferring as algorithmic principles applicable across domains. This mechanistic
understanding distinguishes our work from purely empirical transfer learning studies
and provides actionable architectural insights for designing future cross-domain optimiza-
tion systems.

4.4. Scalability and Sample Efficiency

Real-world deployment requires handling problems larger than training distributions
and learning efficiently from limited data. We systematically evaluate DADRL'’s scalability
across problem size, task density variations, and training efficiency.

Operational facilities frequently encounter scales exceeding training data—airports
expand terminals, ports add berths, and seasonal demand fluctuates. Figure 5a presents
performance across problem scales ranging from 20 to 150 resources (training scale: 40 re-
sources, marked by vertical dashed line). DADRL maintains 81.2% utilization at 120 re-
sources (3 training scale), representing only 7.0% degradation from training-scale per-
formance (87.3%). In contrast, DRL-Single exhibits 23.7% degradation at 1.5x scale (60 re-
sources), Gurobi shows 19.6% degradation at 2x scale (80 resources) when constrained to
300-s time limits (as specified in Section 4.1), and Meta-RL shows 12.4% degradation at
3x scale. Notably, DADRL’s confidence bands remain narrow (+1.2%) even at 150 resources,
while DRL-Single’s widen to £4.7%, indicating unstable extrapolation.

Figure 5b reveals architectural mechanisms underlying this scale robustness through
an ablation analysis. Hierarchical policy decomposition proves critical: its removal in-
creases 3 x scale degradation from 7.0% to 23.7% and causes computational time to explode
from 1.1 s to 47.3 s (43X increase). The hierarchical structure’s O(m + n + T) complexity
versus joint policy’s O(mnT) becomes decisive at large scales. Adaptive feature normaliza-
tion contributes substantially—removal increases degradation from 7.0% to 18.9%. This
component learns scale-invariant statistics (mean/variance over graph neighborhoods),
preventing distribution shift as graph size changes. Constraint hypergraph removal causes
degradation to 12.3% and introduces constraint violations (2.7% rate at 3x scale), demon-
strating that explicit constraint encoding maintains feasibility even as constraint counts
scale superlinearly with problem size.

Operational complexity varies with task arrival rates reflecting peak versus off-peak
periods, seasonal fluctuations, and special events. Figure 5c presents box plot analysis
across task arrival rate multipliers A spanning 0.5x to 2.0 x nominal rates. DADRL main-
tains stable median performance of 86.8-87.9% across all A values with narrow interquartile
range (IQR = 1.8-2.4%). Metaheuristics degrade substantially: at A = 2.0, genetic algorithms
drop to 75.1% median (12.3% degradation, IQR = 5.7%) and ALNS falls to 77.8% (8.7%
degradation, IQR = 4.2%). This occurs because combinatorial search spaces explode at high
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density, and fixed time budgets yield progressively lower-quality solutions. Both DADRL
and Meta-RL maintain performance consistency, but DADRL exhibits tighter distributions
(IOR ratio DADRL:Meta-RL = 1:1.8). Levene’s test confirms DADRL has significantly lower
variance than all baselines (p < 0.001), with variance ratio 3.2 x lower than Meta-RL. This

consistency enables reliable capacity planning in operational settings.
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Figure 5. Scalability and sample efficiency analysis. (a) Performance across problem scales from
20-150 resources (training scale: 40). DADRL maintains 81.2% at 3x scale with 7.0% degradation.
(b) Ablation study showing component contributions to scale robustness. (c) Performance stability
across task arrival rates (0.5x-2.0x). (d) Training convergence comparison; DADRL converges in
500 K steps (3.6x speedup). (e) Curriculum learning impact: reward progression and violation rates

across three training stages.
Figure 5d compares convergence trajectories across methods. DADRL converges at
approximately 500,000 steps achieving 95.2% of optimal performance in 6.2 h wall-clock

time, compared to Meta-RL (900,000 steps, 10.8 h), DRL-Multitask (1.1 M steps, 14.2 h),
and DRL-Single (1.8 M steps, 18.5 h). This represents a 3.6 x training speedup over single-

domain baseline (Table 7).

Table 7. Training efficiency and convergence speed.

Method Steps to 80% Steps to 90% Steps to Converge Wall-Clock Time Speedup
DRL-Single 1,200,000 1,650,000 1,800,000 18.5h 1.0x
DRL-Multitask 900,000 1,020,000 1,100,000 142h 1.3x
Meta-RL 600,000 820,000 900,000 10.8h 1.7 %
DADRL 330,000 450,000 500,000 6.2h 3.6 X

Table 8 addresses concerns about model complexity. We systematically remove each
component and measure degradation across four metrics: utilization (in-distribution per-
formance), zero-shot transfer, sample efficiency, and inference speed.

https://doi.org/10.3390/aerospace13010108


https://doi.org/10.3390/aerospace13010108

Aerospace 2026, 13, 108

26 of 45

Table 8. Comprehensive ablation study: component necessity analysis. Colors indicate real-time

feasibility: green for feasible, orange for time-limited, and red for infeasible.

Configuration Utilization Zero-Shot Convergence Inference Params
(%) Transfer (%) Steps (K) Time (ms) ™)
Full DADRL 873t 1.1 924 500 1.1 4.2
Graph Architecture Ablations
w/o Hypergraphs (Entity-GAT only) 84.1+15 58.2 620 0.9 3.8
— Impact —3.2% —34.2% +120K +0.2 ms —-04M
w/o Entity-GAT (Hypergraph only) 81.7 = 1.8 76.3 580 1.0 3.5
— Impact —5.6% —16.1% +80 K +0.1 ms —-0.7M
Homogeneous GNN (no dual-level) 794 + 2.1 48.7 750 0.8 29
— Impact —7.9% —43.7% +250 K +0.3 ms -1.3M
Policy Architecture Ablations
w /o Hierarchical Decomposition 831425 85.7 1800 47,300 8.5
— Impact —4.2% —6.7% +1300 K +47,299 ms +4.3M
Random Order (Time — Res — Task) 79.8 £23 81.4 890 1.6 42
— Impact —7.5% —11.0% +390 K +0.5 ms oM
Training Strategy Ablations
w /0 Meta-Learning (Standard PPO) 85.1+13 48.2 8200 1.1 42
— Impact —2.2% —44.2% +7700 K 0ms oM
w/o Curriculum (Random sampling) 82.6 £ 1.7 67.9 1350 1.1 42
— Impact —4.7% —24.5% +850 K 0 ms oM
w/0 CVaR (Standard risk-neutral) 86.2 £ 1.2 87.1 520 1.1 4.2
— Impact —1.1% —5.3% +20K 0 ms oM
Cumulative Removal (worst case)
All components removed 62.3 + 3.8 31.7 15,000+ 0.7 1.8
— Total degradation —25.0% —60.7% +14,500 K +0.4 ms —-24M

Figure 5e reveals training dynamics with and without curriculum learning across
three stages: Foundation (0-30%), Generalization (30-70%), and Robustness (70-100%).
With curriculum, the model maintains violation rates consistently below 0.5% and achieves
a smooth monotonic reward increase to a 87.3% final performance. Without curriculum,
violations peak at 18.3% early in training, reward trajectories plateau at 60-80% progress,
and the final performance reaches only 83.5% (4.7 percentage point gap), as detailed in
Table 9. Sample efficiency improves dramatically: curriculum training wastes less than
5% of samples on infeasible solutions, while non-curriculum wastes 60% of early samples.
Training stability also improves substantially, with a reward standard deviation of 3.2
versus 12.7 for non-curriculum training.

1.  Hypergraphs : Removing constraint hypergraphs causes the largest zero-shot degra-
dation (—34.2%), confirming they are essential for cross-domain transfer by encoding
shared topology.

2. Meta-learning: Removing meta-learning increases convergence from 500 K to 8200 K
steps (16.4x slower) and reduces zero-shot performance from 92.4% to 48.2%—catas-
trophic for cross-domain application.

3. Hierarchical decomposition: Removing hierarchical structure increases inference time
from 1.1 ms to 47.3 s (43,000 x slower)—completely infeasible for real-time deployment.

4. Curriculum learning: Without curriculum, convergence slows 2.7 x (1350 K vs. 500 K)
and zero-shot drops to 67.9% (—24.5%).

5. CVaR: Contributes +5.3% robustness on out-of-distribution scenarios—modest but
critical for safety-critical operations.

Removing all components degrades zero-shot performance by 60.7% (92.4% —
31.7%)—demonstrating that these are not redundant techniques but synergistic archi-
tectural necessities. Each component addresses a specific challenge (hypergraphs: topology
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extraction; meta-learning: sample efficiency; hierarchical: tractability; curriculum: gener-
alization; CVaR: robustness), and their combination is required to achieve cross-domain
transfer. Full DADRL uses 4.2 M parameters—modest compared to large language models
(billions). The “all removed” baseline uses only 1.8 M parameters but performs 25.0%
worse, showing that performance gains are not from the parameter count but from the
architectural design.

Table 9. Performance metrics across curriculum stages.

Stage

Utilization Domain Gap * Extreme Scenario **  Constraint Violations

Foundation (0-30%)
Generalization (30-70%)
Robustness (70-100%)

45% — 72% 21% — 15% 67% 8.3% — 2.1%
72% — 84% 15% — 6% 76% 2.1% — 0.5%
84% — 87.3% 6% — 3% 87.3% 0.5% — 0.0%

* Domain Gap = |Airport Performance — Port Performance|. ** Extreme Scenario = Performance on adversarial
instances.

The Foundation stage rapidly acquires basic allocation logic through small-scale,
relaxed-constraint instances, jumping from random baseline (45%) to competent perfor-
mance (72%). The Generalization stage introduces cross-domain mixing and moderate
constraints, progressively reducing domain gap from 21% to 6% as the model abstracts
domain-invariant patterns. The Robustness stage exposes the model to large-scale, tight-
constraint, and adversarial instances, hardening performance on tail distributions without
sacrificing average-case efficiency. This design reflects a key insight: constraint learn-
ing should precede performance optimization—early-stage relaxed constraints allow for
combinatorial space exploration without excessive penalty signals, establishing feasibility
intuitions before the curriculum tightens constraints and introduces adversarial cases.

DADRL demonstrates robust scalability across three critical dimensions: problem
size (7% degradation at 3 training scale versus 24% for single-domain methods), task
density (£2.1% variance across 4 x rate range versus 12% degradation for metaheuristics),
and sample efficiency (3.6 x faster convergence). These capabilities emerge from synergistic
architectural choices—hierarchical policies provide computational tractability at scale
(O(m + n + T) complexity), adaptive normalization handles distribution shifts across
problem sizes, constraint hypergraphs maintain feasibility under scaling, and meta-learning
with curriculum learning enables efficient knowledge acquisition across diverse problem
instances while reducing wasted samples from 60% to under 5%.

We further conducted an ablation study on hierarchical decomposition ordering com-
parison, as shown in Table 10. All experiments were conducted on medium-scale airport
scenarios (40 gates, 80 daily flights) with identical training hyperparameters. “Convergence”
indicates steps to reach 95% of final performance. Task — Resource — Time achieves su-
perior performance for dynamic arrival scenarios where task urgency and compatibility
constraints dominate. Time-first orderings may be preferable for fixed-schedule domains.

Table 10. Ablation study: hierarchical decomposition ordering comparison.

. - . e Convergence Inference L.
0, 0,

Ordering Decision Logic Utilization (%) (Steps) Time (ms) Violations (%)
Task — Resource — Time Which — Where — When 873+ 1.1 500 K 1.1 0.0

Task — Time — Resource Which — When — Where 85.7+14 620 K 1.3 0.2
Resource — Task — Time Where — Which — When 842+ 1.6 680 K 12 0.1
Resource — Time — Task Where — When — Which 829 + 1.8 750 K 14 0.3

Time — Task — Resource When — Which — Where 814 +£21 820 K 15 0.4

Time — Resource — Task When — Where — Which 798 +£23 890 K 1.6 0.6

Joint Policy (No Decomposition)  All simultaneously 83.1+25 1.8M 47.3 0.8
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4.5. Robustness to Disruptions

Operational deployment requires handling disruptions—equipment failures, weather
delays, demand surges—that violate training distribution assumptions. We evaluate ro-
bustness through discrete disruption events, real-time recovery dynamics, and out-of-
distribution generalization.

DADRL outperforms all baselines across all disruption types (Table 11, p < 0.01
for all comparisons). Even under multiple simultaneous disruptions, DADRL retains
greater than 80% performance—sufficient for operational viability. Rule-based methods
maintain 69-74% average retention but are limited by fixed logic, while DRL-Single drops
to 59% under multiple disruptions due to overfitting. DADRL's standard errors remain
lowest (2.3-3.5% range versus 4.2-6.2% for DRL-Single), indicating reliable performance
under uncertainty. This robustness stems from three mechanisms: real-time replanning
enabling dynamic re-optimization as states evolve, cascade-aware decisions that preserve
future decision space flexibility, and meta-learned adaptation from diverse training tasks
providing experience with distributional shifts.

Table 11. Performance under diverse disruption types (utilization %).

Disruption Type DADRL Meta-RL DRL-Single Greedy-BF ALNS

Delay Events 91.2 +£2.3% 85.7 £ 3.1% 754 +42% 78.3 £2.8% 82.1 +3.4%
Resource Failures 86.2 £ 2.8% 79.4 £ 3.6% 68.9 £5.1% 714 £ 3.2% 76.8 £ 3.9%
Demand Surge 83.5 £ 3.1% 76.8 = 4.2% 63.2 £ 5.8% 65.8 £ 4.1% 71.5 £ 4.5%
Constraint Tightening 87.9 +2.6% 81.2 + 3.4% 701 +4.7% 69.2 +3.5% 74.3 £ 4.1%
Multiple Disruptions 81.8 £ 3.5% 72.6 = 4.8% 59.3 £ 6.2% 58.7 £ 4.9% 65.4 £ 5.3%
Average Retention 86.2% 79.1% 67.4% 68.7% 74.0%

DADRL's small immediate impact suggests the cascade penalty mechanism created
“resilience margins” during normal operation. The 30 min faster recovery (Table 12) versus
DRL-Single’s 60 min translates to approximately 6-8 fewer delayed flights per disruption
event at large airports handling 300 flights daily.

Table 12. Temporal dynamics of disruption recovery.

Method Immediate Impact Steady-State Loss Recovery Time Replanning Frequency
DADRL —1.4% —0.5% 30 min Continuous (every 5 min)
Meta-RL —4.8% -1.2% 45 min Every 10 min
DRL-Single —-17.9% —1.2% 60 min Reactive (triggered)
Greedy-BF —10.5% 0% Instantaneous * N/ A (one-shot)

* Greedy’s “instantaneous” recovery simply reverts to its lower baseline without regaining disruption-
period losses.

DADRL maintains operational viability (Table 13) with all scenario medians exceed-
ing 76% and consistently tighter interquartile ranges (3.8-5.8%) compared to DRL-Single
(8.4-11.2%), indicating predictable behavior under uncertainty. Worst-case analysis reveals
DADRL’s “high floor”: the absolute worst instance across 500 OOD episodes achieves 68.1%
(versus DRL-Single’s 43.7%, which would cause operational failure), and the 5th percentile
performance reaches 71.4% (versus Meta-RL’s 58.2%). Bootstrapped 95% confidence inter-
vals confirm statistically significant differences: DADRL [78.9%, 81.3%], Meta-RL [70.1%,
72.9%], DRL-Single [55.8%, 59.2%] (p < 0.001).
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Table 13. Out-of-distribution (OOD) generalization performance (utilization %).
OOD Scenario DADRL Meta-RL DRL-Single DADRL Advantage
Ultra-High Density 78.3% (IQR: 5.1%) 64.7% (IQR: 8.3%)  51.2% (IQR: 11.2%) +13.6 pp
Ultra-Tight Constraints 81.5% (IQR: 4.3%) 71.8% (IQR: 6.7%) 58.6% (IQR: 9.8%) +9.7 pp
Heterogeneous Resources  83.7% (IQR: 3.8%) 76.2% (IQR: 5.9%) 62.3% (IQR: 8.4%) +7.5 pp
Long-Tail Distribution 80.1% (IQR: 4.6%) 73.4% (IQR: 6.2%) 60.8% (IQR: 9.1%) +6.7 pp
Adversarial Construction 76.9% (IQR: 5.8%) 71.3% (IQR: 6.1%) 54.7% (IQR: 10.3%) +5.6 pp
Average OOD Retention 80.1% 71.5% 57.5% +8.6 pp

Adpversarial instance analysis identified a boundary condition: in five instances where
Meta-RL outperformed DADRL (71.3% versus 64.8%), all tasks had highly overlapping time
windows (>95% overlap), creating discrete optimization problems resembling graph color-
ing. Meta-RL’s more conservative exploration strategy (policy entropy 0.34 versus DADRL’s
0.58) produces safer solutions in these extreme combinatorial scenarios. This identifies a
limitation where predominantly disclrete combinatorial problems with minimal continu-
ous optimization opportunity may benefit from more conservative exploration—discussed
further in Section 5 (Discussion).

OOD robustness mechanisms include adaptive normalization handling feature scale
shifts in heterogeneous scenarios, constraint hypergraph maintaining feasibility under
constraint tightening through explicit topological reasoning, meta-learning across 27 diverse
task distributions exposing broader variation, and curriculum learning’s final robustness
stage explicitly including adversarial instances.

DADRL demonstrates operational robustness through three validation approaches:
retaining 86.2% average performance across five disruption types, including multiple
simultaneous failures, recovering to 99.4% baseline within 30 min via continuous adaptive
replanning, and maintaining greater than 76% performance on out-of-distribution scenarios
spanning 3x density increases and 70% constraint tightening. The method’s high floor
(worst-case 68.1%) ensures operational safety while low variance (IQR < 6%) provides
predictability for capacity planning. These results validate that learned policies represent
robust generalizations of combinatorial scheduling principles rather than brittle overfits to
training distributions.

4.6. Theoretical Analysis of Performance Gains

We provide formal explanations for DADRL’s empirical superiority over baselines
through three complementary perspectives: sample efficiency, representation quality,
and computational tractability.

4.6.1. Sample Complexity Reduction via Meta-Learning

Proposition 1 (Meta-Learning Sample Efficiency ). Let T = {7, ..., 7} be a distribution of
tasks sharing common structure. Meta-learning with K source tasks and N samples per task achieves
e-optimal performance on a new task Tpep with O(Nadupt) samples, where Nagapr < Nscratch,
the samples required for training from scratch.

Proof. The meta-learned initialization 0* lies in a region of parameter space where the loss
landscape is favorable for rapid adaptation. By MAML’s optimality condition, 0* satisfies

0" = argminEx..1 [ £(0 — aVoL£(6; DY), DY) | (25)

https://doi.org/10.3390/aerospace13010108


https://doi.org/10.3390/aerospace13010108

Aerospace 2026, 13, 108

30 of 45

This implies ||VgL(0*; Dx,., )| is small for tasks Tnew near the training distribution, reduc-
ing the optimization path length. Formal analysis shows N,gapt = O(log(1/€)) versus
Ncrateh = O(1/€?) for standard RL (see Appendix A.1 for full proof). [

Empirical validation: Table 2 confirms this: DADRL achieves 95% performance in
800 adaptation steps versus 13,200 for DRL-Single—a 16.5 x reduction matching theoretical
predictions.

4.6.2. Cross-Domain Representation Alignment

Proposition 2 (Domain-Invariant Representation Quality). Let ¢ : S — R be the learned
encoder. If ¢ separates constraint structure from domain features via dual-level attention, then for
states s 4 (airport) and sp (port) with equivalent constraint topology:

||¢(SA) - ¢(SP)||2 < €align + €feature (26)

where €y, bounds topology encoding error and €gypyre bounds domain-specific variation.

Proof. The dual-level architecture factorizes representations:

(P (S) = (Pconstraint (gt) ©® (Pentity (Rt, Tt) (27)

where @© denotes concatenation. Constraint hypergraphs G; encode topology identically
across domains (capacity, temporal, and spatial constraints), yielding E[||¢constraint(S4) —
Peonstraint(5P) [|] < €align- Entity features, though domain-specific, are normalized via adap-
tive feature normalization (Equation (6)), bounding ||gentity (54) — Pentity (5P) || < €feature-
The result follows by triangle inequality. O

Empirical validation: Figure 2 shows a peak CKA similarity of 0.78 at middle layers,
substantially higher than entangled representations (DRL-Single: 0.31), confirming effective
structural alignment.

4.6.3. Computational Complexity Reduction

Proposition 3 (Hierarchical Decomposition Efficiency). The hierarchical policy decomposition
reduces action space complexity from O(mnT) to O(m + n + T), enabling tractable optimization
for large-scale problems.

Proof. Joint policy evaluation requires computing Q(s,a) for all 4 € A, where |A| =
O(mnT). Hierarchical decomposition factorizes:

7T(11|S) = ntask(j‘s) : nresource(iU/ S) : ntime(7|irj/ 5) (28)

Evaluating this requires the following:

e Task selection: O(n) forward passes;
*  Resource allocation (given j): O(m) forward passes;
e Time selection (given i, j): O(T) forward passes.

Total: O(n + m + T). For typical problem sizes (m = 50, n = 100, T = 96), joint evaluation
requires ~480,000 operations versus ~246 for hierarchical—a ~1951 x reduction. O

Empirical validation: Section 3.7 reports 15 ms inference time (hierarchical) versus
47.3 s (joint policy ablation)—a 3153 x speedup, validating theoretical predictions.

4.6.4. Unified Performance Advantage

Combining these three mechanisms explains DADRL’s empirical superiority:
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1.  Sample efficiency (Proposition 1): 16.5x faster convergence enables exploration of
diverse task distributions during meta-training, improving generalization.

2. Representation quality (Proposition 2): Aligned embeddings enable 92.4% zero-shot
transfer performance, versus 62.1% for entangled representations (Table 2).

3.  Computational tractability (Proposition 3): Real-time inference (1.1 s) enables deploy-
ment in time-critical operations where 270 s-delay solvers are infeasible.
These advantages compound: efficient sampling enables curriculum learning,

aligned representations enable meta-learning, and tractable inference enables large-scale

experimentation—creating a virtuous cycle absent in baselines.

4.7. Synergistic Mechanism: From Constraint Hypergraphs to Domain-Invariant Representations

We formalize the synergistic interaction between hypergraph-based constraint encod-
ing and curriculum learning that enables extraction of domain-invariant representations.
This mechanism explains why our framework generalizes across domains despite training
on heterogeneous data.

4.7.1. Mathematical Framework

Definition 1 (Constraint Topology). For a scheduling problem instance T, the constraint topology
G(t) = (V,E°) is a hypergraph where

o Vertices V = VRUVT represent resources and tasks;

*  Hyperedges e € E£° connect all entities jointly constrained by a single constraint;

* Edg e types O = {(Pcapucity/ ¢tempoml/ (Pspatial/ ¢priority/ ‘Pservice} categ: orize constraint classes.
Two instances, T, (airport) and Tp (port), share constraint topology if there exists an isomor-
phism, f : G(ta) — G(tp), preserving edge types:

G(7a) Zo G(tp) & 3f 1 P(ea) = ¢(f(ea)) Vea € & (29)

Definition 2 (Domain-Invariant Representation). A representation ¢ : S — R® is e-domain-
invariant if for all state pairs (s 4, sp) with isomorphic constraint topology:

G(sa) = G(sp) = [l¢(sa) —p(sp)[2 <€ (30)

Theorem 1 (Hypergraph-Induced Invariance). Hypergraph convolution (Equation (5)) with
curriculum learning achieves e-domain-invariant representations with

€ = €nyper + €curr + €feature (31)

where €pyper bounds hypergraph approximation error, €cyry bounds curriculum-induced alignment,
and €fapyre bounds residual domain-specific variation.

4.7.2. Proof of Theorem 1

We decompose the proof into three stages corresponding to the synergistic mechanisms.
Stage 1: Hypergraph Constraint Encoding (enyper)
Hypergraph convolution operates on constraint topology:

H*Y = o(D;2H W.BT D; ' BW, ) (32)

where incidence matrix B € {0, 1}W| %1€l encodes constraint structure: By, = 1 iff vertex v
participates in hyperedge e.

https://doi.org/10.3390/aerospace13010108


https://doi.org/10.3390/aerospace13010108

Aerospace 2026, 13, 108

32 0f 45

Lemma 1. For isomorphic hypergraphs G(sa) ¢ G(sp) with isomorphism f, hypergraph convo-
lution produces equivalent embeddings up to permutation:

HY =p-HY (33)

[

where P is the permutation matrix induced by f.

Proof of Lemma 1. By isomorphism, the incidence matrices are related by B4 = PBpP,
where P, P, are permutation matrices for vertices and hyperedges. Degree matrices satisfy
Dy = PD,pP" and D, 4 = P.D, pP, .

Substituting into the convolution:

H{\)= (D, }/*H")W. B\ D, } BAW,) (34)
= ¢((PDy,pP ") V/2(PH'))We(PBpP,) T (P.D, pP )" (PBpPe)W,) (35
= P-o(D, ¥ *H\)W.B} D, }BpW,) (36)
=P-H} (37)

By induction, H C([;g =P-H C(%,) for all layers L. Pooling with permutation-invariant
operations (e.g., mean, max) yields the following:

Pool(H'")) = Pool(P- H'Y)) = Pool(H.)) (38)

Thus, ||@const(54) — Peonst(sp)||2 = 0 in exact arithmetic. Numerical errors introduce
€hyper ~ 1076, [

Stage 2: Curriculum-Induced Alignment (€curr)

Curriculum learning progressively aligns representations through three mechanisms.

Mechanism 1: Foundation stage—topology extraction.

Training on small-scale, relaxed-constraint instances (m, n < 20, Table 1) forces the
network to learn constraint topology as the primary predictive signal, since

e  Limited entity diversity (~20 configurations) prevents overfitting to domain-specific
features;

*  Relaxed constraints (60-70% utilization) reduce penalty signals, making topology the
dominant gradient source.

Formally, the loss gradient decomposes

VGE(Q; T) = Vf)Etopology((Pconst) + v9£enﬁty(¢ent) (39)

strong signal weak signal

In foundation stage, |VeLiopologyll > [|VeLentity|l, biasing optimization toward
topology-sensitive parameters.

Mechanism 2: Generalization stage—domain mixing.

Introducing 50% cross-domain tasks (Table 1) creates optimization pressure for domain-
invariant features. The meta-learning objective becomes

L(0—aVL(®; D;fai“);mal)} (40)

1'1'1911’1 IETNDmixecl |:

where Dipixeq contains both airport and port instances.
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Lemma 2. Under domain mixing with meta-learning, the optimal representation ¢* minimizes
expected post-adaptation loss:

4)* = arg In(Pil’l ETA ~PA,TP~PP [E (¢TA; TA) + L (¢Tp; TPH (41)
where ¢ denotes adapted representation. This encourages learning shared structure.

Proof. Representations that capture domain-specific features require extensive adaptation
(7, # ¢rp), incurring high adaptation loss. Representations capturing shared topology
require minimal adaptation (¢r, ~ ¢, =~ ¢*), minimizing the objective. Gradient descent
biases toward the latter. [

Mechanism 3: Robustness stage—adversarial pressure.
Adversarial task generation (Algorithm 1) perturbs entity features while preserving

topology:
7' = Perturb(7;¢€) s.t. G(T') o G(7) (42)

Training on perturbed tasks enforces:
|¢(t") — ¢(7)|]2 < 6 despite ||Features(t’) — Features(7)||r = O(€) (43)

This forces the network to ignore feature variations, focusing on topology. Combining
three mechanisms:

€curr = €foundation T €mixing + €adversarial (44)
Empirically, Figure 2 shows CKA similarity rising from 0.42 (Layer 1) to 0.78 (Layer 5),
confirming progressive alignment.
Stage 3: Adaptive Feature Normalization (€feature)

Even with topology alignment, entity features retain domain-specific scales. AFN

(Equation (6)) normalizes
i hi - .”(hi )
1

=70 () +pB (45)

Lemma 3. With domain-shared (vy, B) learned via meta-learning, AFN bounds residual distance:
E[H‘Pent(sA) - (Pent(sP) ||2] < L(,p\/a * €norm (46)
where €norm = E[||(7, B) a — (77, B)pll2] and Ly is encoder Lipschitz constant.

Proof. By Lipschitz continuity of ¢ent and normalization properties (see Appendix A.2).
Setting €feature = L¢\/H - €norm and combining Stages 1-3:

||¢(SA) - (P(SP) ||2 < €hyper + Ecurr T Efeature (47)
O

4.7.3. Information-Theoretic Interpretation

We provide an alternative characterization via mutual information.

Definition 3 (Domain-Invariant Information). Define:

Tiopology: Information about constraint topology;
*  Liomain: Information about domain identity (airport vs. port).
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A representation ¢ is domain-invariant if
I(¢(S); Domain) ~ 0 while 1(¢(S);G) ~ H(G) (48)
where 1(-; ) denotes mutual information, and H(-) denotes entropy.
Proposition 4 (Information Bottleneck). Our framework implicitly solves
m;x I(¢(S);Y) — BL(¢(S); Domain) (49)

where Y is optimal action and B > 0 controls domain suppression.

Proof. Hypergraph encoding removes domain-specific edge weights, reducing
I(¢const; Domain). Curriculum mixing penalizes domain-specific features through adapta-
tion loss. AFN explicitly removes domain-identifying statistics. Combined, these mecha-
nisms decrease I(¢; Domain) while preserving task-relevant information I(¢;Y). [

Empirical Validation. Figure 2 shows t-SNE embeddings: DRL-Single separates by
domain (silhouette score 0.72), while DADRL mixes domains (silhouette 0.19), confirming
low I(¢; Domain).

4.7.4. Convergence Analysis

Theorem 2 (Curriculum Convergence to Invariance). Under curriculum learning with domain
mixing ratio p(t) increasing from 0 to 1 over training progress t € [0,1], the representation
converges to domain-invariance:

lim I(¢¢(S); Domain) = 0 (50)

t—1

Proof. The training objective at progress t is
L£4(0) = (1= () Erpinge [£(6;T)] + 0 () Ernpyiea [L£(6; 7)) (51)

As p(t) — 1, the objective becomes purely cross-domain. Representations minimizing
cross-domain loss must discard domain-identifying features (otherwise adaptation fails).
By variational characterization of mutual information, this drives I(¢; Domain) — 0. [

4.7.5. Synthesis: The Synergistic Cycle
The three components form a virtuous cycle:

1.  Hypergraphs provide topology-preserving encoding = enables recognition of struc-
tural similarity across domains.

2. Curriculum learning progressively exposes cross-domain instances = creates opti-
mization pressure for invariance.

3. Meta-learning optimizes for rapid adaptation = rewards shared representations over
domain-specific ones.

This explains the 92.4% zero-shot transfer (Table 2): hypergraphs extract shared struc-
ture, curriculum aligns representations, and meta-learning embeds adaptability—jointly
inducing domain-invariance that baseline methods lack.

5. Discussion and Future Direction

Our results challenge the prevailing assumption that effective neural combinato-
rial optimization requires domain-specific architectures trained on large problem-specific
datasets. DADRL's 97.4% performance retention across domains, compared to 72.0% for
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single-domain methods, demonstrates that principled architectural inductive biases enable
learning of transferable optimization principles. The key insight is explicit separation
of what varies across domains (entity features, objective weights) from what remains in-
variant (constraint topology, feasibility structure). This contrasts sharply with end-to-end
approaches that entangle domain-specific and structural information within monolithic
representations, limiting generalization.

The mechanistic analysis in Section 4.3 reveals that middle network layers (4-6) achieve
maximum cross-domain alignment (CKA = 0.78), while early and late layers retain do-
main specificity. This hierarchical abstraction pattern parallels findings in computer vision
transfer learning but with substantially higher alignment—suggesting that combinatorial
optimization problems exhibit richer structural invariance than visual recognition tasks.
The architectural choice to employ dual-level heterogeneous graphs with explicit constraint
hypergraphs appears crucial: ablation studies show that removing constraint-level reason-
ing reduces cross-domain retention from 97.4% to 86.1%, eliminating most transfer benefits.

5.1. Identified Limitations and Boundary Conditions

Three fundamental limitations warrant discussion. First, discrete-combinatorial adver-
sarial instances where Meta-RL occasionally outperforms DADRL (71.3% versus 64.8% in
specific cases) reveal a boundary condition. When problems exhibit > 95% time window
overlap, they become predominantly discrete graph-coloring-like, with minimal continuous
optimization structure. DADRL's higher exploration entropy (0.58 versus Meta-RL’s 0.34)
explores aggressively in continuous spaces but proves disadvantageous when the solution
space becomes predominantly discrete. This suggests a fundamental tension: architectures
optimized for continuous resource allocation may underperform on purely discrete assign-
ment. Future hybrid approaches might dynamically adjust exploration strategy based on
detected problem structure—employing conservative discrete search when overlap exceeds
thresholds, reverting to continuous optimization otherwise.

Second, constraint specification currently requires domain expertise. While the con-
straint hypergraph elegantly separates topology from parameters once specified, identifying
relevant constraint types (capacity, temporal, spatial) depends on human judgment. This
limits accessibility for practitioners lacking operations research background. Automated
constraint discovery through inverse reinforcement learning—inferring constraint struc-
ture from expert demonstrations or historical operational data—represents a promising
direction. Recent advances in program synthesis and neurosymbolic methods could enable
learning both constraint predicates and their topological relationships directly from data.

Third, dynamic online settings with evolving task characteristics remain challenging.
Our evaluation focuses on episodic scenarios where task distributions remain stationary
within episodes. Real-world operations exhibit longer-term non-stationarity—seasonal
demand patterns, gradual infrastructure changes, shifting operational priorities. While
meta-learning provides rapid adaptation to new distributions (800 steps), continuous online
learning without catastrophic forgetting requires different mechanisms. Elastic weight
consolidation, progressive neural networks, or memory-augmented architectures warrant
investigation for lifelong learning scenarios.

5.2. Practical Considerations and Deployment Challenges

DADRL maintains 81.2% utilization at 3x training scale (120 resources), but real-
world deployments may require 5-10x scaling. The extrapolation analysis suggests that
the hierarchical policy’s O(m + n + T) complexity enables further scaling, but empirical
validation at 200-400 resource scales is necessary. Preliminary experiments at 200 resources
(not included due to computational constraints) show 78.3% utilization—promising but
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representing 10.3% degradation. This suggests architectural modifications may be needed
for extreme scales: multi-level hierarchies (resource clusters, then individual assignments)
or hybrid approaches combining coarse neural policies with fine-grained traditional opti-
mization could address this gap.

While DADRL achieves 270x speedup over Gurobi-MIP (1.1 s versus 298 s), this
comparison involves Gurobi seeking certified optimality. For applications requiring only
feasible solutions, Gurobi can terminate earlier achieving comparable speed. The more rele-
vant comparison is solution quality at equivalent computational budgets: at 1 s time limits,
Gurobi achieves 79.4% utilization versus DADRL'’s 87.3%—a substantial 7.9 percentage
point advantage favoring neural approaches for time-critical scenarios. However, Gurobi
provides optimality gaps and certificates of solution quality, while neural methods offer no
such guarantees. Hybrid approaches combining neural heuristics for initial solutions with
brief Gurobi refinement might achieve both speed and certified bounds.

Despite strong empirical performance, theoretical characterization of cross-domain
generalization in neural combinatorial optimization remains limited. Classical VC dimen-
sion or Rademacher complexity frameworks inadequately capture structured generaliza-
tion across problem domains. Recent work on neural tangent kernels and infinite-width
limits may provide analytical tools, but extending these to reinforcement learning with
discrete action spaces and constraint satisfaction remains open. Developing sample com-
plexity bounds for meta-learning in constrained combinatorial problems—characterizing
how many source domains and episodes per domain suffice for successful target trans-
fer—would guide practical deployment decisions about required training data.

The demonstrated cross-domain transfer between airport gate assignment and port
berth allocation suggests broader applicability to problems sharing similar mathematical
structure: constrained assignment of discrete entities to limited resources under temporal
and spatial constraints. Manufacturing job shop scheduling, cloud computing resource
allocation, vehicle routing with time windows, and operating room scheduling all exhibit
this structure. However, each domain introduces unique considerations—manufacturing
involves precedence constraints and setup times, vehicle routing incorporates spatial
networks and capacity limits, and operating room scheduling requires staff availability coor-
dination. Systematic evaluation across a broader problem taxonomy would establish which
structural properties enable successful transfer and which require domain-specific adaptations.

Rather than positioning neural methods as replacements for established optimization
techniques, hybrid integration offers practical advantages. DADRL could serve as an
initial solution generator, providing high-quality starting points for exact methods like
branch-and-bound, dramatically reducing their search space. Conversely, traditional meth-
ods could verify neural solutions, detect infeasibilities, and provide optimality bounds.
This symbiotic relationship leverages neural methods’ speed and generalization against
exact methods” guarantees and theoretical rigor. Developing principled frameworks for
neural-symbolic integration in combinatorial optimization represents an important re-
search direction.

Resource allocation decisions carry fairness implications—airport gate assignments
affect passenger experience disparately across airlines and demographics, port berth alloca-
tions impact vessel operators differently based on size and cargo type. While our objective
functions incorporate priority-based preferences, they do not explicitly optimize for dis-
tributional fairness metrics. Extending DADRL to handle multi-objective optimization
balancing efficiency against equity measures (e.g., variance in service quality across user
groups) would enhance practical applicability in socially sensitive domains. Recent work
on fair machine learning and constrained policy optimization provides methodological
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starting points, though adapting these to combinatorial action spaces with hard constraints
remains nontrivial.

All evaluation uses simulated environments based on operational parameters from real
facilities but lacks deployment in actual operational systems. Real-world pilots face practi-
cal challenges beyond algorithmic performance: integration with legacy systems, human
operator trust and acceptance, regulatory compliance, liability for failures, and graceful
degradation under software errors. Establishing deployment pathways—perhaps starting
with offline decision support tools that suggest rather than execute assignments, pro-
gressing to supervised automation with human override, finally reaching autonomous
operation—requires collaboration with operational stakeholders and regulatory bodies.
Long-term field studies measuring not just performance metrics but also operator satisfac-
tion, system reliability, and edge-case handling would validate practical viability.

5.3. Future Directions

While our evaluation uses realistic simulations calibrated to operational data, real-
world deployment will expose additional challenges: sensor noise, communication delays,
human-operator interaction, and regulatory constraints not captured in simulation. A crit-
ical next step is production pilot deployment at partner airports and ports to validate
robustness under true operational conditions and identify domain-specific adaptations
required for safe integration into existing management systems.

Beyond transportation, our theoretical framework—combining hypergraph-based
constraint modeling with meta-reinforcement learning—offers a general paradigm for
tackling NP-hard combinatorial optimization via deep learning. Promising extensions
include job-shop scheduling, vehicle routing with time windows, and facility location
problems, where constraint topology similarly transcends domain specifics. Developing
rigorous approximation guarantees and worst-case performance bounds for learned policies
on these problem classes remains an important theoretical challenge.

6. Conclusions

We presented DADRL, a domain-adaptive deep reinforcement learning framework
that advances cross-domain resource allocation optimization through principled architec-
tural design. The method achieves 87.3% resource utilization on airport gate assignment
and 86.3% on port berth allocation, surpassing commercial solvers (Gurobi-MIP: 85.1%)
while operating 270x faster (1.1 s versus 298 s). Cross-domain evaluation reveals remark-
able generalization: DADRL maintains a 97.4% performance retention when transferred
between operationally distinct domains, compared to 72.0% for single-domain baselines—a
25.4 percentage point improvement attributable to learned structural invariants rather than
domain-specific heuristics.

Four synergistic mechanisms enable this capability. Dual-level heterogeneous graph
attention explicitly separates domain-invariant constraint topology from domain-specific
entity features, achieving peak cross-domain representation similarity (CKA = 0.78) in mid-
dle network layers. Hierarchical policy decomposition reduces computational complexity
from O(mnT) to O(m + n + T), enabling 7.0% performance degradation at 3x training scale
versus 23.7% for flat architectures. Meta-learning with constraint-aware rewards accelerates
adaptation 16.5x through structured exploration of feasible solution spaces. Curriculum
learning reduces wasted samples from 60% to under 5% while improving final performance
by 4.7 percentage points through progressive constraint tightening.

Robustness validation demonstrates operational viability under realistic disruptions:
86.2% average performance retention across five disruption types, 30-min recovery to 99.4%
baseline following resource failures, and 80.1% average retention on out-of-distribution sce-
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narios including 3x density increases and adversarially constructed instances. The method’s
high performance floor (worst-case 68.1%) ensures operational safety even under ex-
treme conditions.

Three contributions advance the field. Methodologically, we demonstrate that explicit
architectural inductive biases—separating constraint structure from problem features, de-
composing decision hierarchies, and meta-learning across task distributions—enable robust
cross-domain generalization in combinatorial optimization. This contrasts with end-to-end
approaches that achieve high single-domain performance but fail to transfer. Empirically,
we provide the first systematic characterization of cross-domain transfer mechanisms in
neural combinatorial optimization through layer-wise representation analysis, constraint
structure decomposition, and symbolic policy distillation. Practically, DADRL enables rapid
deployment to new operational contexts (800 adaptation steps versus 13,200 for retraining),
reducing implementation barriers for Al-driven optimization in real-world operations.

Identified limitations guide future research. The method exhibits reduced performance
on extreme discrete-combinatorial instances with minimal continuous optimization struc-
ture (adversarial scenarios: 76.9% versus Meta-RL’s 71.3% in specific cases), suggesting
potential value in hybrid architectures combining neural policies with symbolic reason-
ing for predominantly discrete problems. Constraint hypergraph construction currently
requires domain expertise to specify constraint types—automated constraint discovery
from operational data would enhance accessibility. Extending the framework to dynamic
online settings where task characteristics evolve over extended time horizons remains an
open challenge.

The demonstrated capability to learn transferable optimization principles across do-
mains suggests broader applicability beyond resource allocation. Manufacturing schedul-
ing, energy grid management, and logistics routing share similar mathematical struc-
tures—constrained assignment of discrete entities to limited resources under temporal and
spatial constraints. We anticipate that DADRL’s architectural principles—explicit constraint
modeling, hierarchical decomposition, and meta-learned adaptation—provide a generaliz-
able template for developing robust Al systems capable of cross-domain deployment in
complex operational environments where data scarcity, distribution shift, and real-time
requirements preclude domain-specific retraining.
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Appendix A. Theoretical Proofs
Appendix A.1. Proof of Proposition 1: Meta-Learning Sample Complexity

Theorem Al. Under standard assumptions (Lipschitz continuity of loss, smoothness of policy
class), meta-reinforcement learning achieves e-optimal policy with
Nadapt = O(log(1/€)) samples on a new task, compared to Nyarn = O(1/ €?) for standard RL.
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Assumption Al.

1. Lipschitz Loss: For all tasks T, the loss function satisfies | L(01;T) — L(62;T)| < L||61 — 62]|
for constant L > 0.

2. Smooth Gradients: |V L(61;T) — VL(02;T)|| < B||61 — 02|| for constant B > 0.

3. Bounded Variance: Policy gradient estimates satisfy E[||¢ — VL(6;7)||?] < o2 for constant
o> 0.

4. Task Similarity: New task Tyeqy satisfies Wo (Tnew, T) < p (Wasserstein distance bound).

Proof. We prove the result in three steps.
Step 1: Meta-learned initialization quality.
The meta-learning objective optimizes

0" = argmin B [ﬁ(e — &V L(6; Dirain); DX“I)] (A1)
By first-order optimality, 8" satisfies
Erwt | VoL (0" — aVoL (0% DE); DI)| =0 (A2)

For a new task Tpew within the Wasserstein ball, by Lipschitz continuity of the loss
with respect to task parameters:

[VoL(8"; Tnew) | [[VL(0"; Thew) — B [V L(87; T)]|| (A3)
<C- WZ(TneW/ T) < CP (A4)

where C depends on Lipschitz constant L and problem dimension. This shows the gradient
at initialization is small.

Step 2: Convergence rate from meta-initialization.

Starting from 6%, gradient descent updates

9k+l = Gk — DCV@E(G](; Tnew) (A5)
By smoothness :
2 ﬁ“z 2
L(6k11; Tnew) < L(Ok; Tnew) — &f| Vo L(; Tnew) ||~ + THV@C(Gk; Tnew) || (A6)

Settinga = 1/6:

1
L(6k+1; Tnew) < L0 Tnew) — 28 VoL (6 Trew)|I? (A7)
For strongly convex losses near the optimum (local strong convexity with parameter
u>0):
H Vo L(6k; Thew) H2 >2u [ﬁ(ek) Thew) — ﬁ(Gggsv) Tnew)] (A8)
Substituting:

£(9k+1; Tnew) — E(eggv; Tnew) < ( - Z) [ﬁ(ek; Tnew) - E(Gggwfv; Tnew)] (A9)

This gives exponential convergence:

k
L84 Trew) — L0 Toow) < (1 - Z) £(0%; Thew) — L0 o)) (AL0)
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To achieve e-optimality:

k
- V) < < (A11)
( ﬁ B ‘C(e*;THGW) - L(Gggva; Tnew)
Taking logarithms:
log ( L0 o)~ L O >

k2 = O(log(1/¢)) (A12)

o ()

Thus, Nagapt = O(log(1/¢€)).

Step 3: Standard RL sample complexity.

From random initialization 6y ~ N (0,03), the gradient may be arbitrarily oriented.
Standard policy gradient analysis shows that without favorable initialization, convergence
requires:

o2
Nscratch = O (62;12> (A13)
where ¢ is the gradient variance ().

Step 4: Sample complexity ratio.

The improvement factor is

Nicratch _ O(G_Z) B ( 1 ) Ald
Nadapt B O(log(l/e)) =0 €2 log(l/e) ( )

For € = 0.05 (95% optimal performance):

Nscratch ~ 400
Nadapt 22996

~ 133.6 (A15)

Our empirical observation (13,200 vs. 800 steps, ratio 16.5x) is conservative relative to
this theoretical bound, likely due to non-convexity and finite-sample effects. O

Appendix A.2. Proof of Proposition 2: Representation Alignment Bound

Theorem A2. Let ¢ : S — RY be the learned encoder with dual-level architecture. For states
sa ~ pa (airport) and sp ~ pp (port) with equivalent constraint topology G:

ESANPA,SPNPP[||¢(SA) - (P(SP)HZ'g(SA) = g(Sp)] < €align + €feature (Al6)

Assumption A2,
1. Factorized Architecture: ¢(s) = Peonst(Gt) ® Pent (R, Tt) where @ denotes concatenation.

2. Constraint Invariance: For states with identical topology, G(sa) = G(sp) = ||Peonst(G(54)) —

Peonst (G (sp))[| < €align-
3. Normalized Features: Adaptive feature normalization (Equation (6)) ensures ||xa4 — Xp||2 <
€norm after normalization.

Proof. Step 1: Decompose representation distance.
By the factorized architecture:

‘P(SA>:[(Pconst(g(sA))}(I)ent(RA/ TA)] (A17)
¢(5P):[¢Const(g(sp)); 47ent(RP/ TP)] (A18)
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where [-; -] denotes concatenation. The Euclidean distance satisfies

l¢(sa) — P(sp) 2= \/H‘Pconst(g(SA)) - ‘Pconst(g(SP))H% + || ¢ent(Ra, Ta) — 4’ent(RPrTP)H% (A19)
By triangle inequality:
[¢(sa) — @(sp)ll2 < l|Peonst(G(s54)) — Peonst (G (5P)) 12 + [|Pent(Ra, Ta) — Pent(Rp, Tp) |2 (A20)

Step 2: Bound constraint topology term.
Given G(s4) = G(sp) (equivalent topology), the hypergraph encoder produces nearly
identical embeddings:

H(Pconst(g(SA)) - ¢const(g(SP))||2 < ealign (A21)

where €, arises from numerical precision and stochastic dropout during training. Empir-
ically, hypergraph convolution (Equation (5)) produces deterministic outputs for identical
graph structures, yielding €,)ign ~ 10~° in practice.

Step 3: Bound entity feature term.

Entity features differ across domains (gates vs. berths, aircraft vs. vessels). How-
ever, adaptive feature normalization (AFN) ensures distributional alignment. For feature
vector x:

x:7®x;(];()x> +B (A22)

where (7, B) are learned domain-invariant parameters. After normalization:

[pent(Ra, Ta) = Pent(Rp, Tp)|12< Lpl|Ra — Rpl|r + Lyl T4 — Tp| (A23)
< LqJenorm (A24)

where Ly is the Lipschitz constant of the entity encoder (bounded by network architecture:
graph attention with bounded weights), and enorm quantifies residual feature differences
after normalization.

Define €geature := Lp€norm. Substituting into Step 1:

[¢(sa) — ¢p(sp)[l2 < €align T €feature (A25)

Step 4: Expectation over states.
Taking expectation over state distributions with matched topology:

Esy~pasp~pplll¢(sa) — ¢(sp)l2|G(s4) = G(sp)] (A26)
< E[ealign] + ]E[efeature] = €align + €feature (A27)

Empirical validation. Figure 2 (CKA analysis) shows middle-layer similarity of 0.78.
CKA relates to representation distance via:

_ lp(s4) "o (sp) 17
CRAE) 00 )) = o T g I90er) T4 (429

High CKA (0.78) implies small representation distance relative to norms, confirming
thebound. [

Appendix A.3. Proof of Proposition 3: Computational Complexity Reduction

Theorem A3. Hierarchical policy decomposition reduces per-step computational complexity from
O(mnT)toO(m+n—+T).
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Proof. Joint Policy Complexity.
Standard policy evaluation computes

ex s, a
Yaeaexp(Qo(s,a’))
where | A| = O(mnT) (all combinations of task j € {1,...,n}, resourcei € {1,...,m}, time
te{l,...,T}.
Computing the denominator requires
Cjoint = Z Ctorward (Sza) = O(mnT) - Corward (A30)
acA
where Cioward is the cost of one forward pass through the Q-network.
Hierarchical Policy Complexity.
The factorized policy computes
7t(als) = Trask (j18) * Tresource (il 8) * Time (T, ], 5) (A31)
Each component requires
- task task
Crask= Z Cfgiward (S) = O(I’l) ’ Cfgiward (A32)
j=1
m
Cresource= )_ Ciorward (5/1) = O(m) - Cigriad (A33)
i=1
Ctime= Z Cfgtx'lvxc;ard(sf l’]) = O(T) ) Cfé)rr{lv\c;ard (A34)
=1
Total hierarchical cost:
Chierarchical = Ctask + Cresource + Ctime = O(m +n+ T) : Cforward (A35)
0
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