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Abstract—Command and Control (C2) planning problems are
often difficult to address with conventional optimization methods
due to their complexity and inherent dynamicity. As a result,
practitioners often rely on manually crafted heuristics, which
are time-consuming to develop and require costly re-engineering
when requirements change. As an alternative, we investigate
Graph Reinforcement Learning (GRL) as a data-driven approach
for learning policies in a dynamic, multi-agent, graph-structured
planning problem. As a case study, we explore the Airlift Plan-
ning Problem (APP), in which multiple aircraft must transport
dynamically requested cargo under strict time windows, resource
constraints, and frequent disruptions in the flight network. We
model system states as per-aircraft sub-graphs, process them with
a Graph Neural Network, and train decentralized aircraft policies
using Multi-Agent Proximal Policy Optimization (MAPPO) with
shared parameters. To ensure stable training, we combine reward
shaping, dynamic action masking, and rule-based handling of
simple sub-tasks. Experiments on benchmark APP scenarios
show that the learned GRL policies are competitive with, and
often outperform, manually crafted heuristics.

This paper was originally presented at the International Con-
ference on Military Communication and Information Systems
(ICMCIS), organized by the Information Systems Technology
(IST) Scientific and Technical Committee, IST-224-RSY - the
ICMCIS, held in Bath, United Kingdom, 12-13 May 2026

Index Terms—Reinforcement Learning, Multi-Agent, Graph Neu-
ral Networks, Neural Combinatorial Optimization, Decision Sup-
port, Airlift Planning, Heuristics

I. INTRODUCTION

Command and Control (C2) environments are characterized
by high complexity, operational constraints, and significant
uncertainty. Problems arising in such settings can be addressed
with methods of the broader field of Operations Research,
such as optimization models, heuristics, and metaheuristics.
While these established approaches can be effective, applying
them to C2 problems is often challenging in practice. Exact
models may be impractical due to modeling effort and runtime
constraints, and hand-crafted heuristics require substantial
domain expertise and repeated tuning. When requirements
change, which is common in dynamic military environments,
these methods typically require significant re-engineering.

In the combinatorial optimization literature, Neural Com-
binatorial Optimization (NCO) [1], [2], also called Graph
Reinforcement Learning (GRL) [3], [4] has emerged as a data-
driven alternative that learns heuristics from a simulation via
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Reinforcement Learning (RL). Existing RL work from the
NCO literature has focused primarily on classic optimization
problems and on routing problems such as Vehicle Routing
Problems (VRP) [5]. In contrast, NCO/GRL approaches to
military C2 planning problems have received comparatively
little attention so far [6], [7].

In this paper, we study the application of GRL to a complex C2
problem, namely the Airlift Planning Problem (APP), which
exemplifies this research gap through its dynamic events, time-
critical requests, and resource constraints. The APP requires
dynamically managing the transport of numerous cargo items
to their destinations under tight time constraints using various
planes. Rapid decision-making is critical, especially given
frequent route disruptions and dynamic delivery orders. The
problem environment originates from the Airlift Challenge
developed by the Air Force Research Laboratory (AFRL) [8].

We model the APP state as a graph and process it with a Graph
Neural Network (GNN) to obtain agent-centric embeddings.
These embeddings are used to define a stochastic policy for
each aircraft, which is treated as an individual agent. The
shared network parameters are optimized with Multi-Agent
Proximal Policy Optimization (MAPPO) [9] using the trajec-
tories collected from all agents.

To make RL training reliable in this setting, we combine
several mechanisms that shape and constrain agent behavior.
Reward design is one important component. In addition, we
use action masking to remove actions that are infeasible or
clearly counter-productive, thereby reducing exploration noise.
We also employ a limited form of hybrid control, where
simple, unambiguous sub-tasks, such as unloading cargo upon
arrival at its destination, are handled by fixed rules instead of
being learned. Together, these mechanisms provide predictable
bounds on agent behavior: the reward guides the training
process, the mask constrains the action space, and fixed rules
cover trivial decisions that need not be learned.

Our contributions are as follows:

o Firstly, we demonstrate how to effectively address a
complex C2 planning problem, such as the APP, using
Graph Reinforcement Learning. This represents, to the
best of our knowledge, the first exploration of this tech-
nique in the airlift planning domain, which has previously



been addressed primarily through heuristic and classical
optimization approaches [8], [10].

« Secondly, we provide a detailed study of reward design
and action masking, demonstrating how these choices
influence performance and training stability.

o Finally, we evaluate whether GRL-learned policies can
outperform manually designed heuristics for the APP.

The remainder of the paper is structured as follows: Section
II introduces the APP in more detail. Section III summarizes
related literature and describes heuristics for the APP. Section
IV details our methodology. Section V presents the experi-
mental results and compares our approach to several heuristic
baselines. Finally, Section VI concludes with a summary and
an outlook on future research.

II. AIRLIFT PLANNING PROBLEM

The airlift planning problem (APP) involves efficiently trans-
porting cargo between airports under constraints such as fuel
limits, airport capacity, and route availability. The goal is to
deliver all cargo on time at minimal cost in a dynamic en-
vironment with delays, bottlenecks, and disruptions, requiring
rapid route recalculation [10], [11].

To address this problem, the AFRL designed an APP simulator
and created the Airlift Challenge!, a publicly hosted challenge
which was run in 2023 [10] and 2024 [8]. The authors also
made the simulator code publicly available?, which we use to
demonstrate our RL approach in this work.

The essence of a scenario in the APP can be illustrated as
shown in Figure 1. There is a pickup zone, containing airports
where cargo may appear, and a drop-off zone, where cargo
must be delivered to designated airports. Airports within each
zone are typically located close to one another.

Fig. 1: A simple example of an airlift scenario!: the green
square indicates the pickup zone where cargo appears, while
the yellow circle marks the drop-off zone.

Every cargo item is defined by an origin airport, a destination
airport, a soft deadline, a hard deadline, and a weight. The
soft deadline marks the point after which a small cost is
incurred for each unit of delay, while the hard deadline marks

Thttps://airliftchallenge.com/chapters/main.html
Zhttps://github.com/airlift-challenge/airlift

the time after which the cargo is treated as missed and no
longer contributes to the objective. Each aircraft type has a
defined maximum range, speed, and maximum cargo weight
it can carry. Airports themselves are subject to constraints
such as a capacity limit (the number of aircraft they can serve
simultaneously) and a processing time per aircraft. Airports are
categorized into three types: departure, transit, and destination
airports.

III. MANUAL HEURISTIC DESIGN

The APP, as introduced in Section II, poses a set of challenges
that fundamentally distinguish it from classical routing and
logistics optimization problems. Cargo requests arrive dynam-
ically over time and are subject to soft and hard deadlines,
while aircraft operate under heterogeneous constraints such as
limited range, speed, and cargo capacity. Airports introduce
additional coupling between agents through capacity limits and
processing times, creating congestion effects when multiple
aircraft arrive simultaneously. Furthermore, flight routes may
become temporarily unavailable due to malfunctions, and
future cargo demands are unknown at decision time. These
characteristics make it difficult to directly apply standard
formulations such as the Vehicle Routing Problem (VRP) [12]
or Pickup and Delivery Problems (PDP) [13]. Classical VRP
and PDP models typically assume a static setting with full
knowledge of all requests in advance and rely on centralized
planning over a fixed problem instance. In contrast, the APP
requires continuous online decision-making under uncertainty,
with multiple agents acting concurrently and influencing one
another through shared infrastructure. While there are dynamic
variants to these static problems, such as the Dynamic VRP
with Time Windows (DVRPTW) [14] or Dynamic PDP with
Time Windows (DPDPTW) [15], due to these many constraints
none of them are directly applicable to the APP without
substantial extensions.

As a result, successful approaches to the APP rely on heuris-
tic online policies that trade optimality for scalability and
robustness to dynamic change. This perspective is reflected
in prior work on the AFRL Airlift Challenge. In particular,
Kolen [16] shows that robust, lightweight heuristics are well
suited to dynamic airlift planning and serve as strong base-
lines for learning-based methods. The author proposes two
approaches: one uses a layered heuristic design that combines
shortest-path-based goal assignment, congestion-aware flight
scheduling, and greedy cargo loading; the other adopts a sim-
plified “build-fast” strategy that minimizes replanning, limits
the number of active aircraft to reduce airport congestion,
and often waits for disrupted routes to recover instead of
recomputing alternatives. [16]

Although this approach proved highly effective in practice,
the lack of publicly available implementation details prevents
direct comparison. Therefore, we focus on three Heuristics:

The Shortest Path (SP) heuristic represents a baseline routing
strategy given by the AFRL Team [8]. At each decision point,



Fig. 2: Illustrative shortest path routing in a simple airlift
network. All aircraft select the shortest path (red) between
pickup and delivery zone. The disruption (lightning) on this
path forces agents to replan, potentially leading to congestion
and cascading delays.

an aircraft selects its next destination based on the shortest
path to the current target, typically the pickup or drop-off
location associated with its assigned cargo. Decisions are
made independently by each agent without any anticipation
of congestion effects. If a route is unavailable the agent
will reroute to the next shortest path. An example of how
disruptions affect this method is shown in Fig. 2.

The Corridor-Based Routing Heuristic (CH) was our sub-
mission to the second iteration of the Airlift Challenge and
achieved 2nd place [8]. It coordinates aircraft by restricting
their movements to a set of pre-computed corridors through
the airlift network which are essentially k-shortest paths with
no overlapping edges outside the pickup and drop-off zones. A
corridor can then be understood as a path connecting specific
pickup nodes in the pickup zone to the drop-off zone and
serves as a stable routing structure during execution. The
agents are mapped to these corridors. By constraining agents to
these fixed corridors, CH reduces path overlap, alleviates air-
port congestion, and improves robustness to disruptions, while
maintaining a simple decentralized execution policy. Agents
are rerouted only if rerouting is faster than waiting. Cargo
loading is performed greedily based on urgency, measured
as the remaining time until the hard deadline. After delivery,
agents return to their assigned corridor origin. An example
of the superiority to the SP approach in case of disruption is
shown in Fig. 3.

The Decentralized Corridor Heuristic Adapted (CHA) is
a variant of the CH method. The key difference to CH is
that CHA removes the centralized corridor planning phase and
operates fully decentralized, with each agent selecting actions
solely based on its local observation. Unlike SP, congestion
awareness is explicit since agents consider node capacity and
local agent density when choosing routes, resulting in behavior
that retains similarities to the characteristics of corridor-based
planning such as CH. Loading of cargo is done in the same
manner as explained in CH.

Fig. 3: Illustrative corridor based routing in a simple airlift
scenario. The corridors (marked in purple, red, green) connect
the pickup and delivery zone. The same disruption as in Fig. 2
no longer triggers complete replanning and potential cascading
effects for all agents. Only the red corridor is affected.

Although scenarios with multiple aircraft-specific subgraphs
are considered in the Airlift Challenge [8], our experiments
focus on settings without explicit subgraph separation.

IV. GRAPH REINFORCEMENT LEARNING METHODOLOGY

Despite the original intent of the authors and the design of the
APP simulator to motivate RL-based solutions, no submitted
solution has successfully employed RL [8], [10]. This failure is
not specific to airlift planning, but reflects broader challenges
that arise when applying RL to complex planning problems.

The APP simulator exposes three related issues that we address
with our methodology. Firstly, the simulator defines complex,
composite state and action spaces that are incompatible with
most standard RL methods. We resolve this by transforming
the environment into a tractable Markov Decision Process
(MDP). Secondly, the simulator’s reward function is designed
to measure airlift performance rather than to facilitate RL
credit assignment, which, as we will see later, leads to
significant training issues. We address this by redesigning
the reward. Thirdly, the action space allows unconstrained
and operationally meaningless actions, which we mitigate
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Fig. 4: Overview of the multi-agent reinforcement learning
pipeline for the airlift environment.



through action masking and hybrid control that encodes basic
operational knowledge to guide learning.

Finally, we introduce a Graph Reinforcement Learning model
architecture that operates on the transformed environment.
The overall process of how the RL agents interact with the
environment is shown in Figure 4. Observations generated
by the Airlift environment are first encoded using a Graph
Transformer to produce per-agent representations, which are
then consumed by a MAPPO policy to generate actions. These
actions are post-processed to enforce operational constraints
before being executed in the environment, while a collector
aggregates trajectories, and shaped rewards for policy opti-
mization.

While some components and parameters of our approach are
specific to airlift planning, the overall design choices can serve
as a guideline for applying RL to other complex C2 planning
problems that face similar challenges.

A. Markov Decision Process Transformation

RL methods typically assume fixed-size state and action
spaces. This is not the case in the original APP simulator,
which makes the underlying MDP difficult to address using
standard RL techniques. Each action specifies a destination, an
optional list of cargo items to load or unload, and a priority.
The state includes a graph structure along with multiple
dynamic lists, such as the number of cargo items at each
node or inside each aircraft. These dynamic lists are the main
obstacle. Furthermore, not all state information is relevant for
every agent.

To address this, we construct a fixed-size observation and dis-
crete action space suitable for decentralized, partially observ-
able Markov decision processes (DEC-POMDP), similar to the
formulation in [9], based on the underlying Airlift MDP [8].
The resulting DEC-POMDP is defined as (S, A, O, R, P,n).

The global state space S encodes the full Airlift environment.
Each agent i € 1,...,n receives a local observation o(*) =
O(s, 1) derived from s € S. This observation is represented as
an agent subgraph G = (V) E®) with associated node
and edge features.

The key design choice in our observation model is to avoid
dynamic, variable-length lists (e.g., “list of agents present”
or “list of cargo items at a node”). Instead, every piece of
information is encoded with a fixed-size, bounded represen-
tation: quantities such as the fraction of agents at a node,
the fraction of cargo waiting, or the proportion of airport
workload are expressed as normalized scalars in the range
[0,1], while the earliest five cargo-pickup deadlines at an
airport are stored in the pre-allocated slots dy—d5. This yields
a compact observation space that can be processed efficiently
by graph neural networks while preserving all information
essential for high-level planning.

The full list of nodes and edge features follows:

1) Node features (per node in each agent’s sub-graph):

« agent_position: boolean value that indicates whether the
agent is currently located at the node.

o cargo_deadline: normalized value that reflects the ur-
gency of the cargo already loaded on the agent (values
close to 1 denote high urgency).

« amount_agents: normalized count of agents present at
the node.

« amount_cargo: normalized count of cargo items waiting
at the node.

« reachable: boolean value that indicates whether the node
lies within the agent’s current flight range.

o drop_off: boolean value that indicates that the node is the
destination of the cargo currently loaded on the agent.

« source: boolean value that indicates that the node belongs
to the pickup zone.

« destination: boolean value that indicates that the node
belongs to the drop-off zone.

e d1-dS: normalized values that store the earliest five
cargo-pickup deadlines at this airport.

« cargo_onboard: boolean value that indicates whether the
agent is carrying any cargo.

o airport_workload: normalized measure of the current
usage of the airport’s processing capacity.

« agent_state: encoding of the agent’s current state (PRO-
CESSING, READY, WAITING, MOVING).

« num_cargo_onboard: normalized count of cargo items
already loaded onto the agent.

o cargo_urgency: normalized scalar that grows as dead-
lines become closer; it is zero when the agent has no
cargo.

o time_elapsed: normalized representation of the current
timestep relative to the maximum possible deadline (iden-
tical for all nodes).

2) Edge features (per edge in each agent’s sub-graph):

o cost: normalized value that represents the travel cost of
traversing the edge.

o time: normalized value that indicates the travel time
required to fly the edge, taking distance and aircraft speed
into account.

« malfunction: boolean value that indicates whether the
edge is currently experiencing a malfunction.

« incident: boolean value that indicates whether the edge
is incident to the node where the agent is currently
positioned.

We define a discrete action space A by restricting agents to
choosing their next node from their current neighbors. The
joint action space is A = AM x ... x A, where the
individual action space for agent i is:

AW = {p e VO | (¢;,0) € ED}

with ¢; denoting agent ¢’s current node. Based on this action
space, agents do not explicitly choose cargo but instead we
use a fixed heuristic: if an agent is at a pickup node, it



automatically selects the cargo with the earliest hard deadline.
If an agent moves to drop-off node assigned by a cargo, it will
be automatically delivered.

The transition function P(s;41]|s¢, A) describes the probability
of doing a joint action A = (a(Y),... a(™) in state s; and
transitioning to state s;y;. In this transition function, the
state is updated including the plane positions, dynamic route
disruptions and cargo information.

B. Reward function design

The design of the reward function R is one of the most chal-
lenging aspects when defining a RL environment for a complex
problem. We begin by describing the original reward function
used in the Airlift Challenge. It combines four components: a
movement penalty proportional to the fuel cost of the flown
edge, a step-wise late-delivery penalty applied after the soft
deadline, a one-off penalty incurred when the hard deadline
is exceeded, and a small negative reward for issuing a “stay”
action. Overall, this formulation aims to minimise total flight
cost while avoiding late or missed deliveries.

In practice, this reward leads to two problematic behaviours
in RL training:

1) Firstly, because the late-delivery penalty is only applied
after the soft deadline, the agent receives a strong neg-
ative signal late in the episode, which makes it difficult
to attribute the failure to earlier decisions.

2) Secondly, the per-step movement cost incentivises agents
to hover on short back-and-forth routes with negligible
cost, even though no cargo is transported.

These issues motivated the design of the three alternative
reward configurations described next.

These reward configurations share the following main idea:
Let R denote the global reward function. At time step ¢ the
environment is in state s; and the joint action of all agents
is A; = {agl), ... ,agn)}. The total reward is the sum of the
individual-agent rewards:

ZR st,at

_ Z( move(z) +r dellvery( ) + Tfenalty(i)) )

SuAt

Thus each agent receives a per-step scalar that is the sum of

three components:

. r?ove(i): a directional movement penalty based on the
change in average distance to target or destination nodes.

p3vey (@), 5 positive incentive awarded when the agent

L]
t
successfully drops a cargo at its destination
B @), 2 small penalty for bottlenecks, waiting, or

simply for taking a time step.

Note, that only the terms that are enabled by a particular
reward configuration contribute to the final value. We use the
term reward throughout, with the understanding that it may
take negative values and thus also represent a cost.

Variant 1: Drop-off-only

Variant 1 is the simplest possible reward function that ad-
dresses the problematic avoidance of longer paths by not re-
warding movement at all. It also reverses the reward structure:
instead of assigning a penalty when a cargo deadline is missed,
we provide a positive reward when a delivery is successfully
completed. This makes credit attribution significantly easier.
Despite its simplicity, the reward sends a clear signal to the
learning agent about the primary objective, namely delivering
cargo.

We define the following reward terms:

move O
delivery if a cargo is delivered successfully,
Ty = .
otherwise,
penalty = 0.

All shaping terms are disabled; the agent receives a single
positive unit reward only when a cargo reaches its final airport.
No step cost, wait penalty, or movement penalty is applied.

Variant 2: Drop-Off + Constant Penalty Reward

In this reward configuration, the only positive signal is the
delivery reward, while every action (including “wait”) incurs
a constant cost. This follows a similar idea to the first reward
configuration, but signals the agent which trajectories are more
efficient based on the step cost.

We define the following reward terms:

7,,;1’10Ve — 07

delivery 1, cargo is delivered, )
T g

i 0, otherwise, @)
Tfenalty = —0.05 (small cost incurred every step).

Variant 3: Drop-Off + Directional Movement Reward

This reward configuration defines a directional signal that dis-
courages exploiting low-cost oscillations that reduce penalties,
as was possible in the original reward scheme. By making
movement costs negative, regardless of direction, the agent is
incentivized to minimize travel distance while still pursuing
deliveries, since the delivery reward is comparatively large.



We define the following reward terms:

1d
_E %a dnew < dold7
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_E (2 - dOld> ’ dnew > d01d7
cargo is delivered, 3)

Tdelivery o 37
t .
0, otherwise,

—0.10,
0,

Let dq denote the average Euclidean distance from the current
location to the set of target nodes, defined as pick-up locations
when empty, and drop-off locations when carrying cargo. Let
dnew denote the corresponding average distance after the move.
The ratio jﬁ therefore measures the directional effect of the
move: values greater than 1 indicate movement towards the
target nodes, while values below 1 indicate movement away
from them.

penalty _ agent waits,

t = .
otherwise.

The movement term is constructed to be always negative, so
that it acts as a penalty, but with a substantially larger magni-
tude when the move increases the distance to the relevant set.
When L‘“ > 1, the penalty is given by —1/4 d""‘, which lies
in[-1 OT and becomes milder as the move brlngs the aircraft
closer to the target. When d:‘i < 1, the penalty is instead
defined as "“ —2, which lies in (—2, —1). The constant offset
—2 ensures a ;strict separation between the two cases: any move
away from the target incurs a penalty more severe than any
move towards it, while preserving continuity at the boundary
=1,
The parameter x controls the overall magnitude of the move-
ment penalty, with x = 10 chosen to discourage wasteful
travel without dominating the learning signal. The parameter
A further amplifies the penalty for moves that increase the
distance to the relevant nodes, namely pick-up locations when
empty and drop-off locations when loaded. Setting A = 3
makes such moves roughly three times more costly than moves
in the correct direction, providing a clear directional cue while
still allowing some exploration.

C. Action Mask

The action space described in Section IV-A permits any
neighbour of the current node to be selected. In early exper-
iments we observed agents repeatedly traversing a low-cost
edge simply to avoid the high penalties associated with more
expensive edges, even when those costly moves would lead to
a delivery in the future. Reward shaping can mitigate such
behaviours partly, but a more direct approach is to prune
the set of actions at each step. We therefore introduce a
configurable action-masking layer that removes actions before
they are presented to the policy network. We implemented the
following options:

o Directional Action Mask: removes actions that do not
bring the agent strictly closer (using either the static or
dynamic distance matrix) to the current goal node set.
The goal is pickup when the aircraft is empty, and drop-
off when cargo is onboard.

o Dynamic Distance Matrix: when enabled, the direc-
tional action mask uses the current, time-varying distance
matrix that reflects temporary edge failures or congestion;
otherwise, a static precomputed matrix is used.

o Prevent Backtrack: disallows the move that would re-
turn the aircraft to the node it occupied in the previous
timestep, except when the agent chooses the explicit wait
action. This eliminates trivial oscillations.

« Wait Enabled: enables the explicit wait action, subject to
the Max Wait Steps limit and only when the agent is at a
pickup node or when all paths to any target are blocked.

o Max Wait Steps: caps the number of consecutive wait
actions an agent may execute.

However, we have to note that masking reduces the algorithm’s
exploration space and might lead to overly restricting the
actions spaces. This can lead to agents not finding optimal
routes in certain situations. Thus, we experiment with different
variants based on the above masking options.

D. Graph Reinforcement Learning Model Architecture

After defining the Markov Decision Process, we now describe
how the problem is addressed within a reinforcement learning
framework.

Reinforcement Learning (RL) studies how an agent can learn
a decision-making strategy through interaction with an envi-
ronment [17]. At each time step, the agent selects an action,
observes the resulting transition, and receives a reward signal
that guides learning. The agent’s behavior is defined by a
policy, which specifies a probability distribution over actions
conditioned on the agent’s observations.

Since our environment consists of multiple decision-making
entities, the problem falls within the scope of Multi-Agent
Reinforcement Learning (MARL) [18]. We model each plane
in the environment as an individual agent that interacts with
the shared environment and with other agents. In MARL, the
presence of multiple agents introduces additional challenges,
most notably non-stationarity from the perspective of each
agent, as well as the need to coordinate with others.

Several training and execution paradigms have been stud-
ied in MARL. In centralized training and execution (CTE),
both learning and action selection rely on globally shared
information and a central decision-making mechanism. In
decentralized training and execution (DTE), each agent learns
and acts independently based only on its local observations. A
commonly used intermediate paradigm is centralized training
with decentralized execution (CTDE), where learning can
exploit additional information during training, while policies
are executed independently using only local observations.



In this work, we adopt a training paradigm that lies between
decentralized training and execution and centralized training
with decentralized execution (i.e., between DTE and CTDE).
We employ a decentralized actor-critic architecture with pa-
rameter sharing based on Proximal Policy Optimization (PPO),
following the Multi-Agent PPO (MAPPO) formulation of Yu
et al. [9]. All agents share the same actor and critic networks,
and training is performed jointly using experiences collected
from all agents. Each agent is trained using individual reward
signals based on its own behavior. The critic is conditioned
only on agent-centric observations and actions and does not
take joint observations or joint actions as input. However, these
agent-centric observations include summarized information
about other agents in the environment, for example relative
positions in the underlying graph structure. As a result, training
leverages shared experience and structured information about
other agents without relying on a centralized global state or a
centralized critic, while execution remains fully decentralized.

To represent the graph-structured state for both actor and critic,
we use a Graph Neural Network (GNN) to compute node and
edge embeddings [19]. The GNN updates node features over
multiple message-passing layers by aggregating information
from neighboring nodes and incident edges, thereby creating
node embeddings. The last layer of the GNN maps the pre-
vious node embeddings to a scalar logit. Applying a Softmax
over these logits yields a stochastic policy over nodes, from
which the agent samples an action that is executed in the
environment.

At the core of our learning approach is PPO [20]. Starting from
random initialization, we update the shared policy parameters
using the per-agent rewards defined in Section IV-A. PPO
performs clipped policy-gradient updates that increase the
likelihood of actions with positive advantage estimates while
constraining the change in the policy between successive
updates [20]. In our multi-agent setting, the PPO objective
is optimized using trajectories collected from all agents, and
gradients are aggregated to update the shared actor and critic
parameters.

The concrete PPO implementation is based on our previous
work [7]. We also reuse the same overall GNN design, which
has proven robust across related graph decision problems. In
particular, we stack multiple Transformer Convolution layers
with residual connections for message passing [21]. Compared
to our earlier implementation, we additionally include an
explicit Kullback-Leibler (KL) divergence penalty between
the updated policy and the previous policy used to generate the
trajectories. Empirically, this stabilizes training in our multi-
agent setting.

V. EXPERIMENTS

A. Scenarios

Based on the APP simulator [8] (see Section II), we create the
following scenarios for our experiments:

Fig. 5: Graphs sampled from the simulator under the smaller
scenario AP30-A6-DM.

1) AP30-A6-S (Static). This scenario represents a fully
static planning problem with 30 airports and 6 aircraft
operating on a fixed route network without malfunctions.
All cargo tasks are available from the beginning of the
episode and no new tasks appear over time. Airport pro-
cessing capacity is tight, with only one aircraft handled
at a time, which creates local congestion. Deadlines are
relatively strict and fixed, making this scenario primarily
a test of static routing under capacity constraints.

2) AP30-A6-DM (Dynamic with malfunctions). This sce-
nario uses the same number of airports and aircraft as
the static case but introduces substantial dynamics and
uncertainty. A large initial backlog of cargo is present,
with additional cargo appearing stochastically during
the episode and becoming available at staggered times.
Routes can fail randomly and remain unavailable for
extended periods, requiring solutions to continuously
replan as the network and cargo demands change.

3) APS50-A9-DM (Dynamic with malfunctions). This sce-
nario scales the environment to 50 airports and 9 aircraft.
Route malfunctions are present as in the previous dy-
namic scenario, but the larger fleet and network allow
for more routing alternatives.

Fig. 6: Graphs sampled from the simulator under the larger
scenario Scenario AP50-A9-DM.



Figures 5 and 6 show two example graphs from two different
scenarios. Note, that the simulator is able to generate an
unlimited amount of different graphs based on a scenario
configuration. This allows us to train our RL model on a large
number of graphs, while we set specific hold-out seeds for
validation and testing.

B. Baselines

We use the baselines described in Section IIl and repeat a
short description here as a reminder:

1) Random: Each agent randomly chooses an available
action.

2) Shortest Path (SP): Each agent independently routes
cargo along the shortest path to its current target, with-
out considering congestion, agent interactions, or cargo
urgency.

3) Corridor-Based Routing Heuristic (CH): Agents are
centrally assigned to corridors and greedily transport the
most urgent cargo along these fixed routes, reducing
congestion through structured coordination.

4) Decentralized Corridor Heuristic Adapted (CHA):
CHA removes centralized corridor planning and operates
fully decentralized, with agents selecting routes and
cargo based on local observations, urgency, and capacity
information, leading to implicit coordination.

C. Experiment Definitions

Experiments 1 (Reward Design) and Experiment 2 (Action
Mask Design) aim to identify the best design choices for
reward and action masking. These experiments are run only on
scenario AP30-A6-DM. The results are then incorporated into
the final Experiment 3 (GRL vs. Heuristic Solutions), where
we compare the best RL approach against the manually de-
signed heuristic solutions from Section III across all scenarios.
All experiments use the MAPPO + GNN approach described
in Section IV-D. Across all experiments, we use the same
GRL setup: identical actor and critic networks, default PPO
hyperparameters [20], trajectories of 10,000 steps collected in
parallel from 16 collectors and processed in 6 minibatches,
and a 3-layer GNN with 128 hidden units per layer. Each
variant was trained with three random seeds for 5 million steps
and evaluated on 50 episodes (50 different graphs sampled
from the scenario’s graph distribution). Each training run took
roughly 5-6 hours.

We record the following metrics:

o Average score: Average episode score, which consists of
penalties for missed deliveries, lateness, and flight cost
[10] (Note: lower is better).

o Average missed deliveries: The number of deliveries
missed on average. We include this because it is easier
to compare and interpret than the average score (Note:
lower is better).

It is important to note that we do not have access to the optimal
solution for a generated problem instance. As a result, any

number of missed deliveries obtained by either a heuristic
baseline or our GRL approach represents the best known
solution available to us. In many scenarios, delivering all cargo
appears to be impossible, most likely due to strict deadlines
and capacity constraints. Consequently, a solution can still be
considered good even when it involves missed deliveries.

D. Results

TABLE I: Performance comparison of different reward con-
figurations.

Reward Avg missed Avg
Variant deliveries score
Original 48.25+£1.45 506.34 £+ 16.53
Drop-oft Only 11.59 +£4.23  137.45 +42.78
Drop-oft + Constant 9.03 +1.79 112.13 £19.15
Drop-off + Movement ~ 8.60 £ 1.76 106.14 4+ 18.41

1) Experiment I - Reward Design: In the first experiment
(see Table I), we tested the reward variants described in
Section IV-B. We used the dynamic action mask for these
experiments, as we expected this choice to yield the best
results. We observe that the original reward design is not well
suited for training. Even our simplest variant, which rewards
drop-offs only, significantly outperforms the original reward
design, which was not optimized for RL. Surprisingly, we
observed little difference between the Drop-off + Constant
and Drop-off + Movement variants. Apparently, computing
a directional movement penalty does not add much benefit
compared with the simpler constant penalty, which also gives
a clear signal to the agents.

2) Experiment 2 - Action Mask Design: In Experiment 2, we
chose the best reward variant from experiment 1 and then test
the following Action Mask variants:

1) Dynamic Mask Full (backtrack prevention enabled, wait
enabled and max wait steps of 5)

2) Dynamic Mask NW (backtrack prevention enabled, wait
disabled)

3) Dynamic Mask NB (backtrack prevention disabled, wait
enabled)

4) Static Mask Full (backtrack prevention enabled, wait
enabled and max wait steps of 5)

5) No Mask

From the results shown in Table II, it becomes clear that
action masking can significantly improve performance. The

TABLE II: Performance of different masking configurations.

Mask Avg missed Avg
Variant deliveries score
Dyn. Mask Full 8.60 £ 1.76 106.14 + 18.41
Dyn. Mask + NW  10.77 £2.55 130.53 £ 27.99
Dyn. Mask + NB 11.87 +£2.53  138.82 £ 25.62
Static Mask Full 9.46 £ 0.52 115.79 £ 5.91
No Mask 22.67 +5.41  248.58 + 57.69




TABLE III: Performance comparison of baseline heuristics and GRL algorithms across three scenarios with 50 test graphs
each. RL algorithms are run for three seeds and we report the mean and confidence interval. Since the optimal solution is
unknown, the reported results reflect the best solutions found by the evaluated methods, and zero missed deliveries may be

impossible for some graphs.

. AP30-A6-S AP30-A6-DM AP50-A9-DM
Algorithm
Avg Avg missed Avg Avg missed Avg Avg missed
score deliveries score deliveries score deliveries
Random 500.17 50.00 1646.65 164.52 1255.63 125.22
SP 314.71 30.36 1181.30 116.16 949.96 93.18
CH 251.09 24.76 134.09 11.28 248.78 21.64
CHA 211.08 20.16 175.90 14.20 430.82 40.06
MAPPO (Original Rew., No AM) 500.22 £ 0.09 50.00 4 0.00 1645.90 £+ 1.51 164.45 + 0.15 1255.84 4+ 0.03 125.24 4+ 0.00
MAPPO (Dir. M. Rew., Dyn. AM)  238.57 +16.08 23.13 +1.75 106.14 £+ 18.41 8.60 = 1.76 240.13 +17.09 21.76 £1.78

Full Dynamic Action Mask achieves an average score of
106.14, whereas the absence of masking results in 248.58.
Backtrack prevention and waiting also have a noticeable
positive effect on performance. Somewhat unexpectedly, the
static mask performs well when combined with backtrack
prevention and waiting, possibly because these additional
constraints already eliminate many suboptimal actions,
reducing the benefit of adapting the mask to time-varying
distances.

3) Experiment 3 - GRL vs. Heuristic Solutions: The final
experiment compares all solutions introduced in this paper.
We evaluate the four heuristic baselines from Section III, i.e.,
Random, Shortest-Path (SP), Corridor-Based Heuristic (CH),
and Decentralised Corridor Heuristic Adapted (CHA) against
two MAPPO configurations:

o MAPPO (Original Reward, No AM): a vanilla im-
plementation of MAPPO that uses the reward function
defined in the original APP benchmark and does not apply
any action masking. This configuration is included solely
as a check to demonstrate how much the reward shaping
and dynamic action-masking contribute to performance.

o MAPPO (Directional Movement Reward, Dynamic
AM): the configuration that combines the Directional
Movement reward (Section IV-B) with the Dynamic Ac-
tion Mask (Section IV-C). This is the best RL variant
identified in Experiments 1 and 2.

All results are reported in Table III. As expected, the Random
baseline rarely delivers any cargo. Shortest Path heuristic
improves on Random by routing each aircraft along the
static shortest path to its current target, yet it still suffers
heavily from congestion and capacity constraints, resulting in
considerably higher travel costs and a larger number of missed
deliveries than the more sophisticated heuristics.

Between the two corridor-based approaches we observe a
clear trade-off. In the static scenario (AP30-A6-S) the CHA
heuristic outperforms CH (211.08 vs. 251.09 average score;
20.16 vs. 24.76 missed deliveries). CHA routes each aircraft
along the globally shortest path as long as airport processing

capacities are not saturated, which yields more direct flights
and lower overall travel cost when the network is stable.
By contrast, CH deliberately spreads aircraft across multiple
pre-defined corridors to hedge against possible route failures.
In a static environment where disruptions are absent, this early
distribution introduces unnecessary detours. However, in the
dynamic scenarios (AP30-A6-DM and AP50-A9-DM) the ad-
vantage of corridor-based routing becomes apparent. CH out-
performs CHA in the larger dynamic scenario (AP50-A9-DM)
by roughly a factor of two in missed deliveries (21.64 for CH
versus 40.06 for CHA).

The vanilla MAPPO configuration (Original Reward, No AM)
fails to learn any useful behaviour: its performance mirrors
the Random baseline across all three scenarios (e.g. 500.22
score and 50.00 missed deliveries in the static scenario).
This collapse can be attributed to the original reward’s poor
credit-assignment properties and the unrestricted action space
(see Experiment 1 and 2).

When equipped with the Directional Movement reward and
the Dynamic Action Mask, MAPPO attains significantly better
results. In the static scenario (AP30-A6-S) the learned policy
reaches an average score of 238.57 +16.08 with 23.13 +1.75
missed deliveries, which is comparable to CHA (211.08 score,
20.16 missed) and substantially better than CH.

In the first dynamic scenario (AP30-A6-DM) MAPPO (Dir.
Move Reward, Dyn. AM) outperforms every heuristic base-
line, achieving the lowest average score (106.14 +£18.41) and
the fewest missed deliveries (8.60 +1.76). This demonstrates
that the GRL agent can successfully adapt to stochastic
cargo arrivals and route malfunctions, learning a coordinated
replanning strategy that surpasses the manually engineered
heuristics.

For the larger dynamic scenario (AP50-A9-DM) the MAPPO
configuration remains competitive: its average score (240.13
+17.09) and missed deliveries (21.76 +£1.78) are on par with
the best heuristic (CH, which attains 248.78 score and 21.64
missed deliveries). Importantly, the confidence intervals reveal
non-negligible variance across random seeds: in some runs
MAPPO performs slightly worse than the heuristics, while



in others it exceeds them. This seed-sensitivity suggests that
additional hyper-parameter tuning or longer training hori-
zons could improve training stability and further improve the
MAPPO approach.

VI. CONCLUSION AND OUTLOOK

This work investigated Graph Reinforcement Learning (GRL)
as a data-driven alternative to hand-crafted heuristics for
dynamic Command and Control planning, using the Airlift
Planning Problem (APP) as a case study. By modeling the
environment as per-aircraft sub-graphs, processing them with
a Graph Neural Network, and training decentralized policies
with Multi-Agent Proximal Policy Optimization and shared
parameters, we showed that GRL can handle stochastic cargo
arrivals, tight time windows, and network disruptions in a
multi-agent setting.

Beyond the specific APP domain, our results highlight design
principles for applying GRL in complex C2 environments. We
showed that carefully structured reward designs, combined
with dynamic action masking and rule-based handling of
simple sub-tasks, can improve training stability. This hybrid
control scheme constrains exploration to operationally mean-
ingful behaviors. Empirically, the learned GRL policies are
competitive with, and often outperform, manually designed
heuristics. These findings indicate that GRL can reduce re-
liance on manually engineered heuristics and provide adapt-
able decision-support in dynamic, graph-structured planning
problems.

Two directions are particularly relevant for future work. Firstly,
the current formulation relies on parameter sharing without
explicit inter-agent communication. Incorporating learnable
communication mechanisms could enable more structured co-
ordination under congestion and disruptions. Secondly, further
evaluation on larger and more diverse scenarios is required to
assess the scalability of the approach.
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