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ABSTRACT
Multi-agent trajectory planning in safety-critical systems needs to
ensure safety while scaling to many agents. Sampling and optimiza-
tion methods often adapt slowly and scale poorly. Reinforcement
learning can improve adaptability, but it often violates safety con-
straints and suffers sample inefficiency. This work proposes IDDPG-
MAF, which integrates Independent Deep Deterministic Policy Gra-
dient (IDDPG) with a pre-trained Multi-head Action Filter Network
(MAF-Net). We first cast the problem as a constrainedmixed-integer
nonlinear program and then reformulate it as a constrained de-
centralized Markov decision process for real-time adaptability and
coordination. IDDPG enables scalable learning, while MAF-Net acts
as a differentiable safety filter that masks unsafe actions and penal-
izes suboptimal behaviors. The IDDPG-MAF method is adapted to
a complex multi-aircraft trajectory planning task under dynamic
thunderstorm cells. Experimental results show that IDDPG-MAF
achieves over 99% safe separation (vs. 82% for the state-of-the-art
baseline), 95.5% task success even under moderate uncertainty, and
scales safely to 45 aircraft in a compact spatiotemporal window,
effectively doubling the maximum capacity of current operations.
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1 INTRODUCTION
Real-time decision-making in safety-critical transportation systems,
such as air traffic management (ATM) [4], urban air mobility [37],
autonomous driving [42], and traffic light control [23] involves
complex challenges arising from operational constraints and en-
vironmental uncertainty. In the ATM domain, multi-aircraft tra-
jectory planning during dynamically evolving thunderstorms is a
representative case [10, 31], where parts of the airspace are inter-
mittently blocked. In such conditions, aircraft must simultaneously
adjust their trajectories within limited maneuvering space while
maintaining safe separation from one another. The presence of mul-
tiple aircraft in a confined region creates high-density interactions,
where the motion of each agent reshapes the feasible action space
of the others. This results in a non-stationary and highly coupled
decision space, especially under uncertainties.

Reinforcement learning (RL) has shown potential in addressing
such dynamic and sequential planning problems [4, 15, 48]. How-
ever, applying RL to safety-critical domains remains difficult due
to the need to satisfy operational constraints [24]. Most existing
RL methods for trajectory planning [32, 35] focus on reward maxi-
mization but lack mechanisms to enforce safety constraints. Fur-
thermore, RL in continuous spaces suffers from sample inefficiency
and frequently explores irrelevant or unsafe actions [40], impeding
learning and safety. Recent approaches, such as constrained RL
[45] and action masking [6], have contributed to addressing these
issues. However, many rely on non-differentiable or hard masking
components that disrupt the gradient flow and hinder stable policy
learning.

To address these challenges, this work proposes an IDDPG-MAF
method that integrates the Independent Deep Deterministic Policy
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Gradient (IDDPG) algorithm with a Multi-head Action Filter Net-
work (MAF-Net). IDDPG supports scalable policy learning, enabling
cooperative decision-making across multiple agents. MAF-Net is de-
signed as a pre-trained and gradient-preserving module that filters
unsafe and suboptimal actions based on time-dependent observa-
tions. By decoupling safety filtering from policy learning, MAF-Net
avoids disrupting the gradient flow and enhances learning stability
in continuous action spaces. The IDDPG-MAF method is adapted
to a complex multi-aircraft trajectory planning task, where multi-
ple high-speed aircraft agents must coordinate in real time, adapt
to dynamic thunderstorm movements, and maintain safe separa-
tion under uncertainties. Beyond aviation applications, MAF-Net
provides a generalizable module for other safety-critical systems
by serving as a safety layer that filters unsafe actions without in-
terfering with the learning process. The main contributions are
summarized as follows:

• We propose a Multi-Head Action Filter Network (MAF-Net)
that introduces a pre-trained and gradient-preserving action
filtering mechanism for continuous action spaces. Unlike
prior RL methods that rely on non-differentiable or hard
filters, MAF-Net enables real-time classification of actions
into unsafe, desired, and suboptimal categories, allowing
safe exploration without disrupting policy learning.
• We integrate MAF-Net with an IDDPG algorithm under a
constrained Decentralized Markov Decision Process (Dec-
MDP) framework. We then incorporate Constrained Policy
Optimization to enforce safety constraints while preserv-
ing scalable policy updates. This formulation provides in-
sights for the modeling of any other multi-robot collision-
avoidance and navigation tasks.
• We demonstrate the proposed IDDPG-MAF method in a
real-world multi-agent trajectory planning scenario under
uncertainty. Experimental results show that our method
outperforms baseline algorithms in constraint satisfaction,
learning efficiency, and scalability.

2 RELATEDWORKS
This section reviews traditional trajectory planning and reinforce-
ment learning methods, as well as recent advances in action mask-
ing and constrained reinforcement learning.

Traditional trajectory planning methods primarily use optimiza-
tion techniques to ensure safe separation [20, 34]. Early work [9]
introduced automated conflict detection tools, while later studies
incorporated probabilistic factors such as weather and trajectory
uncertainties. For example, Ng et al. [29] proposed a dynamic pro-
gramming for weather-dependent rerouting, Kamgarpour et al. [21]
developed constrained optimization models to guarantee safe tra-
jectories, and Maliah et al. [27] extended Conflict-Based Search to
minimize makespan in multi-agent path finding, enabling optimal
conflict resolution in time-critical tasks. Robust control method [13]
has also been employed to manage wind disturbances. However,
these approaches often suffer from high computational complexity,
making them unsuitable for real-time decision-making problems.

Reinforcement learning (RL) has been applied to trajectory plan-
ning as an effective alternative. Early efforts focused on single-
agent trajectory planningwith deepQ-learning [5], which improved

safety in dense traffic but relied on centralized control. Decentral-
ized approaches were later explored: Nguyen et al. [30] proposed
A-MCTS, a decentralized Monte Carlo Tree Search method resilient
to agent failures; Yan et al. [44] introduced TSCAL, a curriculum-
based MARL framework for UAV flocking; Diller et al. [8] modeled
drone–UGV cooperation as a convex program optimizing long-
horizon coordination and energy sharing; Pham et al. [36] devel-
opedmulti-agent DDPG for conflict resolution, enhancing efficiency
and scalability; and Hua et al. [18] proposed CAMP, a collaborative
attention-based MARL model for profiled vehicle routing. Other
works validated MARL in simulated environments [35] or empha-
sized alignment with human preferences [17]. Beyond coordination,
Zhao et al. [49] incorporated physics-informed models to improve
generalization and interpretability. Further decentralized models
leveraged local observations for agent cooperation in structured
environments [43, 47]. More generally, Zhu et al. [53] proposed a
unified type-based framework for single-agent planning in multi-
agent environments that formalizes the exploration–exploitation
trade-off. However, most of these approaches lack explicit safety
enforcement, which motivates recent interest in action masking
and constrained RL to integrate safety-aware filtering with efficient
policy learning.

Moss et al. [28] introduced adaptive constraints based on fail-
ure probabilities, while Zhong et al. [50] applied KL-based discrete
masking to eliminate redundant actions. Santana et al. [38] handled
chance-constrained POMDPs by propagating risk bounds in belief
space for discrete-action planning, while Yu et al. [46] and Ben-
Iwhiwhu et al. [2] proposed self-supervised and modulating masks.
Cheng et al. [6] (StateMask) and Wu et al. [43] (iterative masking)
improved interpretability and scalability in large spaces. Most meth-
ods, however, rely on discrete and non-differentiable filters. Stolz
et al. [40] extended masking to continuous domains via convex pro-
jections, improving efficiency in control tasks. Safety-constrained
RL integrates explicit constraints into policy optimization [24]. Yu
et al. [45] proposed a reachability-constrained method for feasible
set learning. Goodall et al. [14] developed a shielding approach to
verify adherence, and Zhou et al. [51] introduced uniformly con-
strained MDPs to reduce long-tail violations. When constraints are
unknown,Wachi et al. [41] designed a safe near-optimal MDP.More
recently, Liu et al. [25] leveraged large language models (LLMs) to
dynamically prune unsafe state-action pairs in unstructured envi-
ronments. Complementary to these algorithmic approaches, Shefin
et al. [39] proposed xSRL, a framework that integrates explainabil-
ity into safe RL to enhance trust and robustness. Despite progress,
action masking and constrained RL remain limited in safety-critical
domains with continuous action spaces, motivating our gradient-
preserving MAF-Net for multi-agent trajectory planning under
dynamic threats and uncertainties.

3 PROBLEM FORMULATION
Trajectory planning in safety-critical domains requires handling
multi-agent interactions, time-sensitive decisions, and dynamic
threats. Agents must coordinate in shared and constrained spaces
where the actions of one reshape the feasible options of others,
creating a highly coupled and non-stationary decision space. We
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study real-time rerouting of multiple aircraft to avoid evolving thun-
derstorm cells while maintaining safe separation. In regions with
limited air traffic control services, aircraft must make decentralized
decisions under uncertainty, requiring scalable coordination for
safety and efficiency.
Assumptions. (1) The environment is modeled in two dimensions
at a fixed flight level (RVSM operations) [19], since altitude changes
are rarely used for tactical rerouting and thunderstorm heights
often exceed the performance limits of civilian aircraft. (2) Aircraft
agents share state information (position, heading, speed, route) at
one-second intervals via onboard surveillance.

3.1 Mathematical Formulation
Notations: Let 𝐹 = {𝑓1, 𝑓2, . . . , 𝑓𝑛} denote the set of aircraft, and
𝑃𝑒𝑥𝑖𝑡 = {𝑝𝑒𝑥1 , 𝑝𝑒𝑥2 , . . . , 𝑝𝑒𝑥𝑙 } denote the set of exit waypoints’ po-
sition, 𝑝𝑒𝑥𝑙 ∈ R2 . Time is represented by the discrete set 𝑇 =

{𝑡0, 𝑡1, . . . , 𝑡final}, where 𝑡0 and 𝑡final are the rerouting start and end
time, respectively. The set of thunderstorm cells at time 𝑡 is denoted
by 𝑂 (𝑡) = {𝑜1 (𝑡), 𝑜2 (𝑡), . . . , 𝑜𝑘 (𝑡)}, with each cell’s centroid posi-
tion represented by 𝑝𝑂𝑘

(𝑡). The position of aircraft 𝑖 at time 𝑡 is
given by 𝑝𝑖 (𝑡) ∈ R2, corresponding to its latitude and longitude.
The minimum separation distance between aircraft is denoted by
𝑑
flight
min , and between aircraft and thunderstorm cells by 𝑑cellmin. Here
𝑅cellmajor_axis denotes the major-axis radius of the ellipse used to cap-
ture the irregular shape of the storm cell.

Decision variables: The heading change of aircraft 𝑖 at time
𝑡 is represented by the continuous variable Δℎ𝑖 (𝑡). The heading
direction 𝛼𝑖 (𝑡) is an artificial variable that accumulates heading
changes over time. The position 𝑝𝑖 (𝑡) is also an artificial variable
denoting the location of aircraft 𝑖 at 𝑡 .

Constrained optimization problem:

min
𝑛∑︁
𝑖=1

𝑡final∑︁
𝑡=𝑡0

∥𝑝𝑖 (𝑡 + 1) − 𝑝𝑖 (𝑡)∥ (1)

min
𝑛∑︁
𝑖=1

𝑡final∑︁
𝑡=𝑡0

����Δℎ𝑖 (𝑡)Δℎ

���� (2)

Subject to:

𝑃𝑟

(
∥𝑝𝑖 (𝑡) − 𝑝 𝑗 (𝑡)∥ < 𝑑flightmin

)
< 𝜖,∀𝑖, 𝑗 ∈ {1, . . . , 𝑛},

𝑖 ≠ 𝑗, ∀𝑡 ∈ 𝑇 (3)

𝑃𝑟

(
∥𝑝𝑖 (𝑡) − 𝑝𝑂𝑘

(𝑡)∥ < (𝑑cellmin + 𝑅
cell𝑘
major_axis)

)
< 𝜖,

∀𝑖 ∈ {1, . . . , 𝑛},∀𝑘 ∈ {1, . . . , 𝐾} ∀𝑡 ∈ 𝑇 (4)

𝑝𝑖 (𝑡final) ∈ 𝑃𝑒𝑥𝑖𝑡 , ∀𝑖 ∈ {1, . . . , 𝑛} (5)

𝑝𝑖 (𝑡 + 1) = 𝑝𝑖 (𝑡) + 𝑣𝑖 (𝑡)Δ𝑡
[
cos(𝛼𝑖 (𝑡 + 1))
sin(𝛼𝑖 (𝑡 + 1))

]
(1 + 𝑢) (6)

𝛼𝑖 (𝑡 + 1) = 𝛼𝑖 (𝑡) + Δℎ𝑖 (𝑡) (7)
The problem has two objectives: (i) minimize the total distance

from each aircraft’s start position 𝑝𝑖 (𝑡0) to its assigned exit way-
point 𝑝𝑖 (𝑡final) (Eq. 1); and (ii) minimize the number of heading

changes Δℎ𝑖 (𝑡) to reduce space complexity (Eq. 2). Here, Δℎ is a
constant threshold per time step, yielding the normalized term��� Δℎ𝑖 (𝑡 )Δℎ

��� ∈ [0, 1]. Chance constraints (Eq. 3 and Eq. 4) limit the prob-
ability that any aircraft pair 𝑓𝑖 , 𝑓𝑗 violates the minimum separation
with another aircraft or a thunderstorm cell, keeping the violation
probability below tolerance 𝜖 . Constraint (Eq. 5) requires each agent
to reach exactly one waypoint in 𝑃𝑒𝑥𝑖𝑡 , while permitting multiple
agents to share the same destination. The motion dynamics of each
agent are defined by position updates based on velocity 𝑣𝑖 (𝑡), head-
ing 𝛼𝑖 (𝑡), and time step Δ𝑡 (Eq. 6). The heading direction is updated
in Eq. 7 by adding Δℎ𝑖 (𝑡) to the current angle 𝛼𝑖 (𝑡).

Real-world position uncertainty is modeled as a dimensionless
multiplicative noise 𝑢 ∼ N(0, 𝜎2) applied to the per-step displace-
ment in Eq. 6. This yields a per-step position standard deviation of
𝜎 ∥𝑣𝑖 (𝑡)∥Δ𝑡 (in nautical miles), providing a direct mapping from 𝜎

to spatial error. The uncertainty represents real-world deviations
caused by surveillance errors, wind, or sensor noise. Although
penalty terms in Eq. 3–4 regulate probabilistic safety violations,
observation noise can still distort agents’ perception of the envi-
ronment. We vary 𝜎 to control uncertainty levels in experiments.

The problem is a multiobjective, non-linear, and non-convex
program with chance constraints [33], rendering it computationally
intractable and motivating our use of multi-agent reinforcement
learning for safe and cooperative multi-agent trajectory planning.

4 METHODOLOGY AND APPROACH
4.1 Constrained Dec-MDP
We reformulate the optimization problem as a Constrained De-
centralized Markov Decision Process (Constrained Dec-MDP), ex-
tending the Dec-MDP framework [3] to handle sequential decision-
making under chance-constrained safety requirements. Each air-
craft is modeled as an independent agent with local observations
and state transitions, while all agents collectively pursue a shared
objective subject to safety constraints.

A Constrained Dec-MDP for 𝑛 agents is defined by the tuple
(𝑆,𝐴, 𝑅, 𝑃,𝐶), where 𝑆 = 𝑆1 × · · · ×𝑆𝑛 and𝐴 = 𝐴1 × · · · ×𝐴𝑛 are the
joint state and action spaces, 𝑅 is the joint reward, 𝑃 = (𝑃1, . . . , 𝑃𝑛)
the transition functions, and 𝐶 = (𝐶1, . . . ,𝐶𝑛) the agent-specific
safety costs that capture violations such as the loss of separation
from other agents. The joint transition probability is given by:

𝑃 (𝑠1𝑡+1, . . . , 𝑠𝑛𝑡+1 | 𝑠1𝑡 , . . . , 𝑠𝑛𝑡 , 𝑎1𝑡 , . . . , 𝑎𝑛𝑡 )

=

𝑛∏
𝑖=1

𝑃𝑖 (𝑠𝑖𝑡+1 | 𝑠𝑖𝑡 , 𝑎𝑖𝑡 ) (8)

We adopt the standard transition factorization
∏

𝑖 𝑃𝑖 (𝑠𝑖𝑡+1 | 𝑠𝑖𝑡 , 𝑎𝑖𝑡 )
under CTDE [26]. Inter-agent coupling is captured via joint reward
𝑅, shared weather in observations, and safety costs 𝐶 , which we
find empirically sufficient for coordination in this task (see Sec. 5.1
for scalability and Sec. 5.3 for robustness under uncertainty).

4.1.1 State Space. For each aircraft 𝑖 at time 𝑡 , the state includes
position 𝑝𝑖 (𝑡) = [𝑥𝑖 (𝑡), 𝑦𝑖 (𝑡)], velocity 𝑣𝑖 (𝑡) = [𝑣𝑥𝑖 (𝑡), 𝑣𝑦𝑖 (𝑡)], and
thunderstorm cell information 𝑂 (𝑡). The state is represented as:

𝑠𝑖𝑡 = (𝑝𝑖 (𝑡), 𝑣𝑖 (𝑡),𝑂 (𝑡)) (9)
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4.1.2 Action Space. The action for each aircraft is the heading
change Δℎ𝑖 (𝑡), constrained to [−30◦, 30◦] per time step:

𝑎𝑖𝑡 = Δℎ𝑖 (𝑡) (10)

4.1.3 Reward Function. The reward is derived from the task objec-
tives and safety constraints, combining multiple components into
a unified formulation:

𝑟𝑖 (𝑡) =



𝑟dist𝑖 (𝑡), distance penalty (Eq. 1)
𝑟
heading
𝑖

(𝑡), heading change penalty (Eq. 2)
𝑟
sepa
𝑖
(𝑡), if separation violation occurs (Eq. 3)

𝑟 cell𝑖 (𝑡), if storm-cell violation occurs (Eq. 4)
𝑟 exit𝑖 (𝑡), if 𝑝𝑖 (𝑡) ∈ 𝑃exit (Eq. 5)

(11)

The distance term penalizes longer reroutes relative to the short-
est path and the heading term penalizes larger course changes,
both normalized to [0, 1]. Separation, storm-cell violation, and exit
rewards are binary, taking value 1 when a violation or goal reach
occurs and 0 otherwise.

The total reward for agent 𝑖 is calculated:

𝑟 total
𝑖 (𝑡 ) = 𝜔dist𝑟

dist
𝑖 (𝑡 ) + 𝜔heading𝑟

heading
𝑖 (𝑡 ) + 𝜔sepa𝑟

sepa
𝑖 (𝑡 )

+𝜔cell𝑟
cell
𝑖 (𝑡 ) + 𝜔exit𝑟

exit
𝑖 (𝑡 ) (12)

The weight vector is:

(𝜔dist, 𝜔heading, 𝜔sepa, 𝜔cell, 𝜔exit) = (−0.5,−1,−10,−8, 10) (13)

Negativeweights penalize long reroutes, frequent heading changes,
loss of separation, and storm incursions, while the positive way-
point reward encourages task completion. The weights were empir-
ically tuned to prioritize safety first, with efficiency as secondary.

4.2 IDDPG with Constrained Policy
Optimization

We employ an Independent Deep Deterministic Policy Gradient
(IDDPG) algorithm combinedwith Constrained Policy Optimization
(CPO) to solve the Constrained Dec-MDP.

4.2.1 IDDPG Algorithm Structure. The IDDPG method enables
each aircraft to learn an optimal policy using a shared actor-critic
architecture within a Centralized Training and Decentralized Ex-
ecution (CTDE) setup [26]. During training, a centralized critic
network 𝑄 (𝑠𝑡 , 𝑎𝑡 | 𝜃𝑄 ) evaluates the quality of actions of all agents
by leveraging global state information 𝑠𝑡 , which includes states of
all aircraft. This allows the critic to learn comprehensive value func-
tions, facilitating effective multi-agent coordination. In contrast,
each agent 𝑖 maintains a decentralized actor network 𝜇𝑖 (𝑠𝑖𝑡 | 𝜃 𝜇𝑖 ),
which maps its local state 𝑠𝑖𝑡 to a continuous action 𝑎𝑖𝑡 . During ex-
ecution, the actor networks operate independently, relying solely
on local observations to make decisions. The objective of IDDPG
for agent 𝑖 is to optimize the actor and critic networks to maximize
the expected cumulative reward, denoted as:

maxE

[
𝑇∑︁
𝑡=0

𝛾𝑟𝑖 (𝑡 )

]
(14)

where 𝛾 is the discount factor. The policy gradient and the critic
loss function are calculated as follows:

∇𝜃𝜇𝑖 𝐽 (𝜇𝑖 ) = E𝐷

[
∇𝑎𝑖𝑡𝑄 (𝑠𝑡 , 𝑎𝑡 | 𝜃

𝑄 )∇𝜃𝜇𝑖 𝜇𝑖 (𝑠𝑖𝑡 | 𝜃 𝜇𝑖 )
]

(15)

𝐿(𝜃𝑄 ) = E𝐷

[ (
𝑟𝑖 (𝑡 ) + 𝛾𝑄 ′ (𝑠𝑡+1, 𝜇′𝑖 (𝑠𝑖𝑡+1 | 𝜃 𝜇

′
𝑖 ) | 𝜃𝑄′ )

−𝑄 (𝑠𝑡 , 𝑎𝑡 | 𝜃𝑄 )
)2 ]

(16)

where E𝐷 is the expectation over the state action pairs sampled
from the experience replay buffer 𝐷 . Here, 𝜇′𝑖 and 𝑄

′ represent the
target actor and the critic networks, respectively.

4.2.2 Constrained Policy Optimization (CPO). To ensure the learned
policies respect chance constraints, the CPO introduces a constraint
term into the policy optimization process [1]. The constrained prob-
lem is formulated as follows.

max
𝜋

E

[
𝑇∑︁
𝑡=0

𝛾𝑟𝑖 (𝑡 )

]
subject to E

[
𝐶𝑖 (𝑡 )

]
< 𝜖 (17)

where𝐶𝑖 (𝑡 ) represents the expected cumulative cost of safety viola-
tions defined in Eq. 3 and Eq. 4. To incorporate the CPO problem
into policy learning, we adopt a Lagrangian-based formulation:

𝐿(𝜋, 𝜆) = E

[
𝑇∑︁
𝑡=0

𝛾𝑟𝑖 (𝑡 )

]
− 𝜆

(
E
[
𝐶𝑖 (𝑡 )

]
− 𝜖

)
(18)

Here, 𝜆 ≥ 0 is a Kühn–Tucker multiplier, which governs the
trade-off between reward maximization and constraint satisfaction,
corresponding to the inequality constraints on safety cost defined
in Eq. 3 and Eq. 4. The non-negativity constraint on 𝜆 ensures that
the constraint penalty is only applied when the expected safety cost
exceeds the predefined threshold 𝜖 , in line with the Karush–Kühn–
Tucker (KKT) conditions. The policy gradient update is therefore
augmented with the constraint term to ensure feasible and safe
policy improvement, defined as follows:

∇𝜃𝜇𝑖 𝐽 (𝜇𝑖 ) = E𝐷

[
∇𝑎𝑖𝑡𝑄 (𝑠𝑡 , 𝑎𝑡 | 𝜃

𝑄 )∇𝜃𝜇𝑖 𝜇𝑖 (𝑠𝑖𝑡 | 𝜃 𝜇𝑖 )

−𝜆∇𝜃𝜇𝑖𝐶𝑖 (𝑡 )
]

(19)

4.3 MAF-Net with Action Mask
To improve IDDPG in large continuous action spaces, a Multi-
head Action Filter Network (MAF-Net) is proposed with a time-
dependent action mask (Fig. 1). The mask partitions the action
space 𝐴mask

𝑡 into unsafe (𝐴unsafe
𝑡 ), desired (𝐴desired

𝑡 ), and undesired
(𝐴undesired

𝑡 ) actions based on real-time observations. MAF-Net pro-
cesses these via three heads: Head-1 projects unsafe actions to safe
alternatives (𝑎safe𝑡 ), Head-2 preserves desired actions (𝑎desired𝑡 ), and
Head-3 penalizes undesired actions. The filtered action 𝑎MAF

𝑡 is
stored in the replay buffer (𝑠𝑡 , 𝑎MAF

𝑡 , 𝑟𝑡 , 𝑠𝑡+1), so only safe and effi-
cient actions guide learning. As a differentiable module, MAF-Net
preserves gradient flow, improving training efficiency and stability.

4.3.1 Time-Dependent Action Mask. The time-dependent action
mask operates on the candidate absolute heading, computed from
the policy’s heading change as 𝛼cand𝑖 (𝑡) = (𝛼𝑖 (𝑡) + Δℎ𝑖 (𝑡)) mod
360◦, rather than on Δℎ𝑖 (𝑡) itself. We normalize 𝛼cand𝑖 (𝑡) to [−1, 1]
and partition this range into 12 equal bins of width 1/6 (30◦ each),
aligned with 12 sensor probes with a 30 NM detection radius. At
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each time step 𝑡 , actions are classified as: (1) Unsafe (𝐴unsafe
𝑡 ): lead-

ing to loss of separation with aircraft or storms, value 0. (2) Desired
(𝐴desired

𝑡 ): guiding toward the exit within a 30° buffer, value 1. (3) Un-
desired (𝐴undesired

𝑡 ): safe but outside the buffer, value 0.5. The mask
𝐴mask
𝑡 encodes these values as labels to pre-train MAF-Net, guiding

the network to classify actions and learn appropriate responses.

𝐴mask
𝑡 (𝑎𝑡 ) =


0, 𝑎𝑡 ∈ 𝐴unsafe

𝑡

1, 𝑎𝑡 ∈ 𝐴desired
𝑡

0.5, 𝑎𝑡 ∈ 𝐴undesired
𝑡

(20)

Environment

𝑎𝑡~𝜋 𝑎 | 𝑠𝑡
Sampling

RL agent (𝜋)

Time-

dependent 

action 

mask

Pre-trained MAF-Net ( ො𝜋)

𝑎𝑡
MAF~ ො𝜋 𝑎 | 𝑠𝑡

𝑎𝑡

𝑠𝑡

Head1: 𝑎𝑡 ∈ 𝐴𝑡
unsafe → 𝑎𝑡

safe

Head2: 𝑎𝑡 ∈ 𝐴𝑡
desired → 𝑎𝑡

desired

Head3: 𝑎𝑡 ∈ 𝐴𝑡
undesired → 𝑎𝑡

𝐴𝑡
mask Experience 

Replay

𝑠𝑡 , 𝑎𝑡
MAF,

𝑟𝑡 , 𝑠𝑡+1

Figure 1: Framework of pre-trained MAF-Net. Head-1
projects unsafe actions to safe ones, Head-2 preserves desired
actions, and Head-3 penalizes undesired actions, filtering ac-
tions to improve safety and efficiency.

4.3.2 MAF-Net Framework. MAF-Net is a pre-trained neural net-
work that filters unsafe and suboptimal actions using the time-
dependent mask𝐴mask

𝑡 . Pre-training decouples action filtering from
policy optimization, a strategy often adopted in complex models
[52] to improve stability and reduce computational overhead. Dur-
ing pre-training, random actions are fed into MAF-Net and mapped
to filtered outputs that satisfy safety and efficiency constraints [50].

(1) Head-1: Projects unsafe actions 𝑎𝑡 ∈ 𝐴unsafe
𝑡 to the nearest

safe alternative 𝑎safe𝑡 via a differentiable projection:

𝑎safe𝑡 = Proj
𝐴unsafe
𝑡
(𝑎𝑡 ) = arg min

𝑎∈𝐴safe
𝑡

(
1 − 1

𝑒 ∥𝑎−𝑎𝑡 ∥

)
, (21)

with loss
𝐿Head-1 = E

[
1 − 1

𝑒 ∥𝑎
safe
𝑡 −𝑎𝑡 ∥

]
. (22)

(2) Head-2: Preserves desired actions through identity mapping,
minimizing Mean Squared Error (MSE) with target 𝑎desired𝑡 :

𝐿Head-2 = E
[
∥𝑎desired𝑡 − 𝑎𝑡 ∥2

]
(23)

(3) Head-3: Penalizes undesired actions 𝑎𝑡 ∈ 𝐴undesired
𝑡 to discour-

age selection, with penalty

𝑅penalty (𝑎𝑡 ) = 𝜁 ∥𝑎 − 𝑎𝑡 ∥2, 𝑎 ∈ 𝐴undesired
𝑡 (24)

and loss
𝐿Head-3 = E

[
𝜁 ∥𝑎desired𝑡 − 𝑎𝑡 ∥2

]
. (25)

where 𝜁 is a penalty coefficient, set to 1 in this work to balance
safety compliance and learning exploration.

4.4 Combined Learning Policy
We integrate MAF-Net with IDDPG into a combined policy frame-
work IDDPG-MAF to enable safe and efficient learning. Although
Constrained Policy Optimization enforces safety constraints dur-
ing training, it does not guarantee safe actions during execution.
MAF-Net addresses this gap by filtering unsafe actions from the
IDDPG policy outputs based on time-dependent observations.

The IDDPG policy 𝑎𝑖 (𝑡) = 𝜇𝑖 (𝑠𝑖 (𝑡)) produces a raw action, which
is passed through MAF-Net along with a time-dependent action
mask 𝐴mask

𝑡 to produce a filtered action:

𝑎MAF
𝑖 (𝑡) =MAF𝜚 (𝑎𝑖 (𝑡), 𝑠𝑖 (𝑡), 𝐴mask

𝑡 ) (26)

This filtered action 𝑎MAF
𝑖 (𝑡), rather than the raw action, is exe-

cuted in the environment and stored in the replay buffer as part of
the experience tuple (𝑠𝑖 (𝑡), 𝑎MAF

𝑖 (𝑡), 𝑟𝑖 (𝑡), 𝑠𝑖 (𝑡+1)). During training,
the actor parameters 𝜃 𝜇𝑖 are updated using the constrained policy
gradient defined in Eq. 19. During learning, MAF-Net filters raw
actions while preserving differentiability, allowing gradients from
the critic loss to propagate through the filtered action back to the
actor network. The final actor update is:

𝜃
𝜇𝑖
new = 𝜃 𝜇𝑖 + 𝛼 (∇𝜃𝜇𝑖 𝐽 (𝜇𝑖 ) − 𝜆∇𝜃𝜇𝑖𝐶𝑖 (𝑡)) (27)

where 𝜃 𝜇𝑖 and 𝜃 𝜇𝑖new represent the current and updated parameters
of the actor network for agent 𝑖 , respectively; 𝛼 is the learning
rate; ∇𝜃𝜇𝑖 𝐽 (𝜇𝑖 ) is the gradient of the expected cumulative reward
with respect to the actor parameters; 𝜆 is a non-negative multiplier
that scales the penalty term; and ∇𝜃𝜇𝑖𝐶𝑖 (𝑡) is the gradient of the
expected constraint cost.

Algorithm 1 summarizes the integrated IDDPG-MAF train-
ing. At each timestep, the IDDPG policy 𝜇𝜃𝑖 outputs a raw action
𝑎𝑖 (𝑡). A time-dependent mask 𝐴mask

𝑡 , computed from real-time ob-
servations, together with 𝑎𝑖 (𝑡), is passed through MAF-Net to ob-
tain the filtered action 𝑎MAF

𝑖 (𝑡). Gaussian noise 𝜂 is then added
to 𝑎MAF

𝑖 (𝑡) to encourage policy exploration, and the resulting ac-
tion is executed, producing transition (𝑠𝑖 (𝑡 + 1), 𝑟𝑖 (𝑡)). Each tuple
(𝑠𝑖 (𝑡), 𝑎MAF

𝑖 (𝑡), 𝑟𝑖 (𝑡), 𝑠𝑖 (𝑡+1)) is stored in the replay buffer𝐷 . Policy
parameters 𝜃𝑖 are updated frommini-batches sampled from𝐷 using
Eq. 27, which balances reward maximization and constraint satis-
faction. MAF-Net remains fixed during training but continuously
shapes executed actions, enabling safe exploration and convergence
to effective, risk-aware policies in dynamic multi-agent settings.

5 EXPERIMENTAL RESULTS
We evaluate the proposed IDDPG-MAF methods on the safety-
critical task of multi-aircraft trajectory planning under dynamic
thunderstorms and position uncertainty, with comparisons against
the baseline methods FMT and DDPG for safe trajectory planning.
• Fast Marching Tree (FMT): A state-of-the-art cooperative
trajectory optimization algorithm that generates collision-
free paths by incrementally expanding a search tree in space-
time for aircraft rerouting in thunderstorms [16].
• Deep Deterministic Policy Gradient (DDPG): A widely
adopted model-free RL algorithm for continuous control.
It has been applied to aircraft conflict resolution tasks in
deterministic settings without weather dynamics [36]. We
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Algorithm 1 Training Setup of IDDPG-MAF
1: Input: Agent batch size 𝐵, replay buffer size 𝑁 , update fre-

quency 𝐶 , max. timesteps per episode 𝑇 , number of agents 𝑛,
pre-trained MAF𝜚 , policy params {𝜃𝑖 }𝑛𝑖=1, target policy params
{𝜃 ′𝑖 }𝑛𝑖=1, critic params 𝜙 , target critic params 𝜙 ′, soft-update
factor 𝜏 , learning rate 𝛼 , number of training episodes𝑀 .

2: Output: Trained actor parameters {𝜃𝑖 }𝑛𝑖=1
3: Initialise replay buffer as empty, 𝐷 ← ∅ (capacity 𝑁 )
4: Initialise critic 𝜙 , target critic 𝜙 ′
5: Initialise policies 𝜃𝑖 and target policies 𝜃 ′𝑖 , 𝑖 = 1, . . . , 𝑛
6: for episode = 1 to𝑀 do
7: Obtain initial states 𝑠𝑖 (0) for all agents 𝑖
8: for 𝑡 = 1 to 𝑇 do
9: for each agent 𝑖 = 1 to 𝑛 do
10: Select action: 𝑎𝑖 (𝑡) = 𝜇𝜃𝑖

(
𝑠𝑖 (𝑡)

)
11: Compute time-dependent mask: 𝐴mask

𝑡 =Mask(𝑠𝑖 (𝑡))
12: Filter action: 𝑎MAF

𝑖 (𝑡) =MAF𝜚 (𝑎𝑖 (𝑡), 𝑠𝑖 (𝑡), 𝐴mask
𝑡 )

13: Add exploration noise: 𝑎MAF
𝑖 (𝑡) = 𝑎MAF

𝑖 (𝑡) + 𝜂, 𝜂 ∼
N(0, 𝜖2)

14: Execute actions 𝑎MAF
𝑖 (𝑡) to obtain 𝑠𝑖 (𝑡 + 1) and 𝑟𝑖 (𝑡)

15: Store transition (𝑠𝑖 (𝑡), 𝑎MAF
𝑖 (𝑡), 𝑟𝑖 (𝑡), 𝑠𝑖 (𝑡 + 1)) into re-

ply buffer 𝐷
16: 𝑠𝑖 (𝑡) ← 𝑠𝑖 (𝑡 + 1)
17: Sample minibatch of size 𝐵 from 𝐷

18: Update each policy 𝜃𝑖 via loss (Eq. (15) and Eq. (27))
19: Update critic 𝜙 via loss (Eq. (16))
20: if 𝑡 mod 𝐶 = 0 then
21: Soft-update targets:
22: 𝜃 ′𝑖 ← 𝜏 𝜃𝑖 + (1 − 𝜏) 𝜃 ′𝑖

𝜙 ′ ← 𝜏 𝜙 + (1 − 𝜏) 𝜙 ′
23: end if
24: end for
25: end for
26: end for

adapted its structure to address problems with dynamic thun-
derstorms for a fair comparison.
• Independent DDPG (IDDPG): A decentralized multi-agent
version of DDPG that we propose in this research to improve
scalability and trajectory coordination.
• IDDPG with MAF-Net (IDDPG-MAF): An enhanced ver-
sion of IDDPG integrated with the MAF-Net for real-time
action filtering to improve safety and training efficiency.

All methods were trained and evaluated using a custom-built
simulator environment, where a 200 × 200 square nautical mile
(NM2) en route airspace was created (illustrated in Figure 2). Multi-
ple aircraft flew at a speed of 400 knots with a minimum separation
of 5 NM. Aircraft entered at randomized time intervals and aimed
to reach exit waypoints while avoiding dynamic thunderstorm cells
and other aircraft. The thunderstorm cells moved at speeds of 50–90
knots, with radii of 10–25 NM, updated every five time steps. Each
time step lasted 12 seconds, and simulations were capped at 150
steps (i.e., 30 minutes). Performance metrics included (1) Aircraft
loss of separation (LOS) rate, (2) Thunderstorm LOS rate, (3) Goal

reach rate, and (4) distance ratio (actual path / nominal straight-
line). The hyperparameters used in IDDPG-MAF are provided in
Table 1.

5.1 Effectiveness and Scalability of IDDPG-MAF
The experimental results, summarized in Table 2, demonstrate the
comparative performance of the four methods, and an illustra-
tion of multi-aircraft rerouting thunderstorms and other aircraft
is provided in Figure 2. The results show that the proposed ID-
DPGmethod consistently outperforms the state-of-the-art FMT and
DDPG models in terms of safety and goal reach rate. For aircraft
densities of 6 and 8, IDDPG achieves a 0% aircraft LOS rate, com-
pared to 12% and 17% for FMT, and 2% and 1% for DDPG. Similarly,
IDDPG reduces thunderstorm LOS rates to 2% and 5%, significantly
outperforming DDPG’s 8% and 15%, respectively. These results em-
phasize the scalability and robustness of IDDPG in multi-agent
cooperative decision-making, particularly under increased traffic
density and adverse weather conditions.

Table 1: Hyperparameters used in IDDPG-MAF.

Parameter Value
Batch size (𝐵) 512
Soft update rate (𝜏 ) 0.01
Target update frequency (𝐶) 1
Learning rate (𝛼 ) 0.0001
Discount factor (𝛾 ) 0.95
Replay buffer size (𝑁 ) 100000
Number of training episodes (𝑀) 20000
Max time steps per episode (𝑇 ) 150
Exploration noise (𝜖) 1→ 0.03

Figure 2: Illustration of multiple aircraft rerouting around
dynamic thunderstorm cells. Entry and exit waypoints are
marked by solid triangles and stars, respectively, which con-
nects by air route (AR). Thunderstorm cells are depicted as
evolving contours. The dashed lines represent the rerouted
trajectories, color-coded for individual aircraft agents. The
inset zooms into a critical area of the airspace, demonstrating
how conflicts were resolved by the proposed IDDPG-MAF.

The integration of MAF-Net into IDDPG results in significant
safety improvements, achieving a 0% aircraft LOS rate and reduc-
ing thunderstorm LOS rates to 1% or less across all tested aircraft
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density scenarios. These results highlight MAF-Net’s effectiveness
in filtering unsafe actions, ensuring adherence to safety constraints.
In addition to safety, IDDPG-MAF also achieves the highest goal
reach rates across all scenarios, with 100% at a density of 4 and
maintaining 99% at densities of 6 and 8. These findings show that
the proposed IDDPG outperforms FMT and DDPG in scalability, ro-
bustness, and trajectory optimization. The integration of MAF-Net
further reduces separation violations, demonstrating its potential
for safety-critical multi-robot conflict resolution tasks.

Our approach scales to 8 aircraft under dynamic thunderstorms,
significantly outperforming the baseline [16] at 4 aircraft. In cur-
rent operations, typical density per sector per flight level is be-
low 3, whereas multi-sector operations [12] require handling a
higher number of aircraft. To assess scalability, we evaluated larger
airspace structures (Table 3): across 100 tested scenarios, themethod
achieved 100% goal reach in smaller sectors (200×200–300×300NM2,
up to 12 aircraft) and 99% in larger airspace (600×600 NM2, 45 air-
craft), effectively doubling the maximum capacity of current prac-
tice and supporting future higher-demand concepts of operation.

Table 2: The proposed IDDPG-MAF outperforms baseline
algorithms in 100 runs under varying number of agents. The
rates of loss of separation (LOS) are represented as a com-
bined percentage (Aircraft/Thunderstorm).

No. of Aircraft Methods LOS Rate Goal Reach Rate

4

FMT 6% / 1% 93%
DDPG 0% / 3% 97%
IDDPG 0% / 1% 99%
IDDPG-MAF 0% / 0% 100%

6

FMT 12% / 1% 87%
DDPG 2% / 8% 90%
IDDPG 0% / 2% 98%
IDDPG-MAF 0% / 1% 99%

8

FMT 17% / 1% 82%
DDPG 1% / 15% 84%
IDDPG 0% / 5% 95%
IDDPG-MAF 0% / 1% 99%

5.2 Enhanced Performance of IDDPG-MAF
Figure 3 (a) and (b) present the benefits of integrating MAF-Net
with IDDPG for improved learning efficiency and safety. In Figure
3(a), IDDPG-MAF achieves faster convergence and an early reward
leap compared to IDDPG and DDPG, driven by MAF-Net’s ability
to filter unsafe actions and promote goal-oriented decisions early in
the training process. The reduced variance in IDDPG-MAF’s reward
curve reflects increased stability by eliminating irrelevant actions.
While IDDPG outperforms DDPG, IDDPG-MAF slightly surpasses
IDDPG, demonstrating its effectiveness in policy optimization. In
Figure 3(b), IDDPG-MAF maintains a total loss of separation (LOS)
rate below the acceptable risk threshold (𝜖 = 0.01 [28]) after 3,000
episodes and maintains this level throughout training. In contrast,
IDDPG reaches similar safety levels at 4,000 episodes but intermit-
tently exceeds the threshold after 14,000 episodes. DDPG lags sig-
nificantly in achieving safety compliance, reflecting its limitations
in satisfying constraints. Overall, IDDPG-MAF enhances learning

Table 3: Scalability over 100 test runs in larger pre-defined
airspace structure with increasing number of agents.

Airspace (NM2) No. of Aircraft Goal Reach Rate

200×200 5 99%
300×300 12 100%
400×400 20 99%
500×500 30 99%
600×600 45 99%

efficiency and stability, while ensuring consistent safety compli-
ance, making it a effective method for dynamic and safety-critical
multi-agent systems.

Figure 3: Training performance and safety adherence. (a)
Training curves illustrate the episodic reward over time for
DDPG, IDDPG, and the proposed IDDPG-MAF. IDDPG-MAF
achieves faster convergence and reduced variance compared
to baselines, indicating improved learning efficiency and
stability. (b) Safety adherence is evaluated by the total loss of
separation rate, where IDDPG-MAF consistently stays below
the risk threshold (𝜖 = 0.01).

5.3 Robustness under Uncertainty
We assess robustness by varying the noise standard deviation 𝜎
and analyzing its effect on safety, efficiency, and trajectory stability.
Table 4 reports model performance under different 𝜎 . As 𝜎 increases
from 0.0 to 1.0, aircraft and storm loss-of-separation (LOS) rates
rise, while goal reach drops from 99% to 75%. This trend reflects
growing positional drift that limits agents’ ability to maintain safe
separation and reach destinations. The model remains robust under
moderate noise: at 𝜎 = 0.5, goal reach remains 95.5% with only
1.5% aircraft LOS, confirming that probabilistic penalties in Eq. 3–4
effectively regulate safety. Beyond 𝜎 > 0.6, storm LOS increases
sharply, reaching 17.5% at 𝜎 = 1.0, indicating that excessive un-
certainty overwhelms avoidance capability. The distance ratio also
increases with 𝜎 , showing that aircraft adopt longer reroutes under
high uncertainty scenarios.

5.4 Ablation Analysis of MAF-Net
This ablation evaluates the contribution of each MAF-Net head
to the safety, efficiency, and learning performance of IDDPG. Five
models are trained under identical CTDE settings to isolate the
effects of different action-filtering mechanisms.
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Figure 4: Reward learning curves for IDDPG and IDDPG-MAF variants. Masked variants (MAF_H1/H2/H3) converge faster and
show lower variance than IDDPG, while MAF_Full is the most stable and later achieves the best safety–efficiency trade-off.

Table 4: Performance under different position uncertainty levels 𝜎 .

Uncertainty level 𝜎 0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

Aircraft LOS rate (%) 1.0 1.5 2.5 2.0 3.0 1.5 1.0 3.0 3.0 5.5 7.5
Storm LOS rate (%) 0.0 0.5 0.5 1.5 2.0 3.0 5.0 6.0 4.5 10.5 17.5
Goal reach rate (%) 99.0 98.0 97.0 96.5 95.0 95.5 94.0 91.0 92.5 84.0 75.0
Distance ratio (mean±SD) 1.33±0.32 1.34±0.33 1.33±0.33 1.35±0.33 1.36±0.35 1.40±0.33 1.47±0.35 1.47±0.39 1.59±0.40 1.55±0.46 1.64±0.47

Fig. 4 presents learning curves for five variants under identical
CTDE settings. Relative to IDDPG, IDDPG–MAF_H1 converges
faster (≈1k episodes) with lower variance, as Head 1 accelerates
learning by projecting unsafe actions to feasible 𝑎safe𝑡 and thereby
avoids unproductive exploration. By contrast, IDDPG–MAF_H2
and IDDPG–MAF_H3 converge more slowly (≈4k episodes) with
higher dispersion: without projection, identity preservation alone
(H2) provides limited corrective signal early in training, while pe-
nalization without projection or preservation (H3) can induce con-
servative detours. The full model (IDDPG–MAF_Full) is the most
stable and achieves the best return. Consistent with the curves, eval-
uation indicates that MAF_Full provides the best safety–efficiency
trade-off (aircraft LOS 0, storm LOS ≈ 1%, goal reach 99%, distance
ratio 1.08 ± 0.13), followed by MAF_H1 and MAF_H2; MAF_H3
underperforms on safety (storm LOS 8%). These results indicate
that single-head variants are not intended as standalone solutions;
rather, they demonstrate how safety projection (H1), preservation
(H2), and penalization (H3) contribute to safe exploration and con-
vergence when combined in MAF_Full. The ablation further reveals
sensitivity to mask specification and head composition. Future work
could explore adaptive head weighting and learned mask thresholds
for improved policy robustness.

6 CONCLUSIONS
This work proposes IDDPG-MAF, a constrained policy learning
framework that integrates Independent Deep Deterministic Policy
Gradient (IDDPG) with a pre-trained Multi-Head Action Filter Net-
work (MAF-Net) for decentralized multi-agent trajectory planning
under uncertainty. The framework is adapted to a complex multi-
aircraft trajectory planning task, where multiple high-speed aircraft
agents must coordinate in real time, adapt to dynamic thunderstorm
movements, andmaintain safe separation under uncertainties. Com-
pared with baseline methods, IDDPG-MAF achieves faster con-
vergence, lower reward variance, and consistently satisfies safety
constraints across various multi-aircraft planning test cases. More

broadly, this work contributes to constrained multi-agent reinforce-
ment learning by demonstrating how pre-trained safety-aware
modules can potentially be embedded into gradient-based policy
learning for safety-critical and real-time decision-making tasks.

The proposed IDDPG-MAF is an early simulation-based step
toward MARL with an integrated safety filter for multi-aircraft
rerouting under fast-evolving convective weather. Operationally, it
could provide an added safety layer by resolving conflicts beyond 5
nautical miles, reducing the likelihood of triggering the ACAS X
system that handles near mir-air collisions in 500 ft ranges [22]. It
could also serve as AI decision support for controllers in remote
regions and for pilots during coordinated storm avoidance.

Empirically, IDDPG-MAF converges reliably across the tested
scenarios, but shared-network training may become harder to sta-
bilize in more complex environments [7]. We also assume storm
tracks are observed without uncertainty; incorporating probabilis-
tic storm forecasts in decision making is an important next step.
In addition, MAF-Net currently relies on a rule-based action mask;
replacing it with more adaptive masking, for example using human
feedback [11] or large language models (LLMs) [52], may improve
generalization. Beyond aviation, extending IDDPG-MAF to coop-
erative multi-robot collision avoidance and navigation, such as
autonomous driving [42] and uncrewed aerial vehicles, can further
test its generality.
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