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The use of dedicated corridors for Advanced Air Mobility (AAM) traffic is one of the
most commonly proposed pathways to integrating them into existing airspace operations.
Most prior research has focused on the design of networks of AAM corridors and conflict
resolution for aircraft within corridors. It is also generally believed that while attractive from
an implementation perspective, corridor-based operations may be inefficient, especially in the
absence of centralized traffic management.

In this paper, we show that contrary to this belief, it is possible for autonomous aircraft to
learn to self-organize into corridor flows in decentralized settings. We illustrate our approach
using scenarios in which fixed-wing aircraft need to safely and efficiently traverse (1) a single
corridor with metering after the exit, (2) a sequence of two consecutive corridors, and (3) a
corridor that splits into two. We find that in decentralized settings with only local information,
the aircraft are able to conform to the corridor boundaries more than 94% of the time and
reach their goal in a relatively efficient manner. Furthermore, tactical interventions to handle
violations of the separation minimum are needed only infrequently in low- and medium-density
settings. However, such tactical interventions become more frequently necessary only when
traffic density is high.

I. Nomenclature

𝑁 = number of agents
𝐷 = dimension of the state
𝑆 = state space of the environment
𝑝 = position of agents
𝜃 = heading of agent
𝑣 = speed of agent
𝜔 = angular velocity of agent
𝑎 = longitudinal acceleration
𝑂 = neighborhood observations
A = action space for agents
G = graph network formed by the entities in the environment
𝑃(𝑠′ |𝑠, 𝐴) = transition probability from 𝑠 to 𝑠′ given the joint action 𝐴

R = joint reward function
𝐶 = penalty applied
𝛾 = discount factor

II. Introduction

Corridor-based operations are widely regarded as one of the most promising approaches to integrating Advanced
Air Mobility (AAM) traffic into existing airspace systems [1–5]. Existing air traffic management procedures cannot

scale as the number of AAM operations grows, motivating the development of dedicated air corridors equipped with
technologies that can support the new entrants [6]. The increased adoption of the AAM corridor concept has motivated
work on the design, analysis, and even logistics of corridor-based AAM operations [7–9].
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The development of more automated approaches to air traffic management has been a long-standing area of research
due to the growth in air traffic demand over the past few decades and the resulting increase in ATC workload [10, 11].
Recently, the increase in onboard sensing and computing resources, the expectation that AAM aircraft will be highly
autonomous, and advances in artificial intelligence and machine learning (AI/ML) technologies have driven the study of
learning-based methods for AAM traffic management. In particular, the challenge of operating multiple autonomous
aircraft in the airspace has led to the consideration of Multi-agent Reinforcement Learning (MARL) as a solution
methodology in the AAM context. Prior work has used MARL approaches for inter-aircraft conflict resolution [12–14],
trajectory tracking [15], and demand-capacity balancing [16].

The projected increase in demand has also motivated the development of strategic air traffic management algorithms to
improve the efficiency of operations. While the desire to provide more flexibility to operators has motivated decentralized
or distributed solution approaches, the approaches have largely relied on the optimization of less-constrained 4D
trajectory-based operations [17, 18]. The rationale behind these works has been that the constraints imposed on
trajectories by AAM corridors can lead to very inefficient use of scarce airspace resources [17]. However, a potential
way to improve the efficiency of an aircraft flow through a corridor is through convoy formation, where vehicles
collectively maintain an optimal separation with the vehicles in front of and behind them, as they traverse the corridor.
Convoy formation or platooning has been studied in the context of railways [19], roadways [20, 21], and even AAM
[22], because of its potential to considerably reduce operator workload [23] and fuel [24].

The long-term vision is that Air Navigation Service Providers (e.g., the FAA) will not be responsible for providing
air traffic control (ATC) services within AAM corridors [1]. This vision raises the question of whether multiple
aircraft can autonomously navigate through dedicated corridor structures simultaneously in a safe and efficient manner,
without centralized coordination. To the best of our knowledge, there has been very limited work on the decentralized
coordination of traffic through AAM corridors. In [25], the authors proposed a Multi-Attribute Decision-Making
scheme for aircraft to maintain self-separation within a corridor. A Model Predictive Control (MPC) based centralized
approach to structured airspace networks was proposed in [26]. By contrast, [27] and [28] considered the problems of
coordination in merges and intersections, using MARL and a merge-assist strategy based on road traffic, respectively.
Finally, very recent work has developed a hybrid transformer-based MARL architecture for traffic coordination within
air corridors [29]; however, this work assumes simplified eVTOL dynamics (albeit in 3D) and that the aircraft within a
corridor traverse parallel to each other. In other words, inter-aircraft separation of the traffic passing through the corridor
is not considered.

Recently, we proposed InforMARL, a MARL architecture based on Graph Neural Networks (GNNs) that enables
multi-agent navigation and control in limited-information settings [30]. We also extended this approach to show that
agents could learn to balance fairness (load balancing between agents) and efficiency in a number of contexts, including
task coverage and formation [31]. In this paper, we address the following question: Can autonomous fixed-wing
aircraft learn to self-organize in a decentralized manner while traversing through AAM corridors?

We show that the answer to this question is yes, by developing a centralized training/decentralized execution
approach based on our prior work. We consider three canonical scenarios, shown in Fig. 1: (a) A single corridor
with a post-exit metering point that all aircraft must enter, traverse and exit; (b) two consecutive corridors, where the
aircraft must enter then exit each one in succession; and (c) a split, where the traffic enters and travels through a corridor
(Corridor 1 in Fig. 1c), exits it and then splits, with some aircraft entering Corridor 2 and the rest, Corridor 3. We
choose these configurations as they form the building blocks of general networks of air corridors.

Our simulations show that in all three corridor configurations, aircraft are able to conform to corridor boundaries
more than 94% of the time and reach their final goals in a timely manner, even in highly-congested environments. As
our approach does not set hard constraints on inter-aircraft separation minima, tactical interventions may be needed
when two aircraft approach within this specified value. Our experiments show that such tactical interventions are needed
less than 8% of the time in low- and medium-density environments, and about 17% of the time in highly-congested
environments with split corridors.

A. Outline
The remainder of this paper is organized as follows. Sec. III presents the models of agents, aircraft kinematics, and

environment. Sec. IV describes the MARL training setup, including the reward functions used. Sec. V presents our
experiments and discusses the key results, and we conclude in Sec. VI.
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Phase 1

Phase 2

Phase 3

Corridor

(a) Single corridor with post-exit metering
point

Corridor 1

Corridor 2

(b) Two consecutive corridors placed one
after another.

Corridor 1

Corridor 2 Corridor 3

(c) Split corridor, aircraft entering a single
corridor then splitting into two streams.

Fig. 1 Illustrations of corridor-based scenarios.

III. Models of environment and agents
In this section, we describe the environment and dynamics used in our MARL training setup.

A. Preliminaries
Our environment consists of aircraft modeled as agents, goals, and obstacles, following the InforMARL [30]

framework.
We model our system as a Decentralized Partially Observable Markov Decision Process (Dec-POMDP) defined by

the tuple ⟨𝑁, 𝑆, 𝑂,A,G, 𝑃, 𝑅, 𝛾⟩, where:
• 𝑁 is the number of agents
• 𝑠 ∈ 𝑆 = R𝑁×𝐷 is the state space of the environment, with 𝐷 as the dimension of the state
• 𝑜 (𝑖) = 𝑂 (𝑠 (𝑖) ) ∈ R𝑑 is the neighborhood observation for agent 𝑖
• 𝑎 (𝑖) ∈ A is the action space for agent 𝑖.
• 𝑔 (𝑖) ∈ G(𝑠; 𝑖) is the graph network formed by the entities in the environment with respect to agent 𝑖
• 𝑃(𝑠′ |𝑠, 𝐴) is the transition probability from 𝑠 to 𝑠′ given the joint action 𝐴

• 𝑅(𝑠, 𝐴) is the joint reward function
• 𝛾 ∈ [0, 1) is the discount factor

The objective is to find a policy Π =
(
𝜋 (1) , · · · , 𝜋 (𝑁 ) ) , where 𝜋

(𝑖)
𝜃

(
𝑎 (𝑖) |𝑜 (𝑖) , 𝑔 (𝑖) ) for agent 𝑖 selects action 𝑎 (𝑖) based

on its graph network 𝑔 (𝑖) and the neighborhood observation 𝑜 (𝑖) .

1. Agent dynamics
We represent the aircraft dynamics using the mathematical model of a fixed-wing aircraft:

¤𝑥 = 𝑣 cos 𝜃, ¤𝑦 = 𝑣 sin 𝜃, ¤𝜃 = 𝜔, ¤𝑣 = a, (1)

We define the agent state as 𝑠 (𝑖) = [𝑥; 𝑦; 𝜃, 𝑣], which are the x- and y-positions, heading, and speed of the agent,
respectively. The action space represents the angular velocity and longitudinal acceleration 𝑎 (𝑖) = [𝜔, a]. Each agent’s
speed is limited to the range of [𝑣min, 𝑣max]. Here, 𝑣max > 𝑣min > 0, and the agents cannot move in reverse. The action
space is defined as A = [−𝜔max, 𝜔max] × [amin, amax]. When an agent reaches a goal, it is marked as ‘done’, and the
agent is assumed to have stopped. When all agents arrive at their goals and are ‘done’, we end the episode and start the
next one.

B. Corridor discretization phases
We denote the corridors by rectangular lanes in the environment with length 𝐿, width 𝑤, and alignment angle

𝜃corridor. We divide the corridor navigation process into three phases for ease of representation.
1) Phase 1: Pre-corridor phase. Agents approach the corridor while maintaining inter-agent spacing and merge as

needed to enter the corridor.
2) Phase 2: In-corridor phase. Agents maintain the line formation and spacing within the corridor.
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3) Phase 3: Post-corridor phase. Agents exit and disperse toward their respective goals.

IV. Methodology
We investigate a structured environment MARL navigation problem. The agents are tasked with navigating from

one end of the environment to the other end. There exist corridors in the middle of the environment that act as a channel
for the agents to use while navigating from one half of the environment to the other. The agents must traverse these
corridors while maintaining a desired inter-agent separation. Once they cross the corridor, they have to arrive at the goal
with a specified metering rate. An example is shown in Fig. 1a. We train our models using three agents per episode.

A. Agent observations
Each agent’s local observation vector 𝑜 (𝑖) captures essential information about its own state, nearby agents, goals,

and its designated corridor. The agent’s heading, 𝜃, and speed, 𝑣, are recorded in a global frame of reference. The
relative positions of the assigned goal and the two nearest neighboring agents are provided in the agent’s body-fixed
reference frame, which is aligned with its heading direction. We incorporate the details of the corridor, such as the
agent’s normalized longitudinal distance from the entrance 𝑑entrance/𝐿 and exit 𝑑exit/𝐿, the lateral offset from the
centerline of the corridor 𝑑center/𝑤, the alignment of agent’s heading to the corridor Δ𝜃 = 𝜃agent − 𝜃corridor, and the
agent’s current phase 𝜙 ∈ {1, 2, 3} within the corridor. The final ego observation vector 𝑜 (𝑖) can be represented as
𝑜 (𝑖) = [𝜃𝑖 , 𝑣𝑖 , 𝑝goal1

𝑖
, 𝑝

n1
𝑖
, 𝑝

n2
𝑖
, 𝑑entrance

𝑖
/𝐿, 𝑑exit

𝑖
/𝐿, 𝑑center

𝑖
/𝑤,Δ𝜃, 𝜙𝑖].

Each agent also has its neighborhood information aggregated into a graph observation vector 𝑥 𝑗 , which is then
processed by a graph neural network (GNN). Through graph message passing, the GNN can encode and incorporate
information about agents and goals that lie beyond the agent’s direct sensing range, and allows the framework to scale
to any number of agents. For each agent 𝑖, 𝑥 (𝑖)

𝑗
= [𝑝 𝑗

𝑖
, 𝑣

𝑗

𝑖
, 𝑝

goal1 , 𝑗
𝑖

, entity_type(j)] where 𝑝
𝑗

𝑖
, 𝑣

𝑗

𝑖
, 𝑝

goal1 , 𝑗
𝑖

are the
relative position, velocity, and position of the nearest goal of the entity at node 𝑗 with respect to agent 𝑖, respectively.
The variable entity_type(j) ∈ {agent, goal} specifies the type of entity at node 𝑗 . When an agent is marked as
‘done’, we remove the agent from the graph to prevent it from being considered in any potential conflict calculations.

The combined input of the ego observation vector and the GNN-encoded output of neighborhood entities is provided
to the policy to produce an action.

B. Reward function design
During training time, each agent is given a reward at every time step. The reward function is designed based on the

following desired behaviors.

1. Separation maintenance
Reward for maintaining proper inter-agent spacing. To encourage agents to maintain an adequate inter-agent

distance, we measure how close an agent is to its nearest neighbors located in front and behind it and compare it to the
desired separation value (𝑑𝑠). Any inter-agent distance that is lower than this desired spacing value is penalized.

Rseparation =
∑︁

j∈{front,back}
max(0, 𝑑𝑠 − ∥𝑝 (𝑖) − 𝑝 ( 𝑗 ) ∥) (2)

2. Phase transitions
Reward encouraging agents to smoothly move between phases. At the start of the episode, each agent is in Phase 1

and is provided with information about its relative position with respect to the entrance of its current corridor. The agent
is provided with a continuous reward that is based on the distance to the corridor’s entrance, which incentivizes them to
move to the corridor. A small reward is added when the agent is near the corridor entrance to encourage heading angle
alignment. When the agent transitions into Phase 2, we provide a bonus reward for completing the transition and shift
the reward computation reference to the exit of the corridor. This incentivizes the agent to move toward the exit of the
corridor. We provide a similar bonus phase transition reward once an agent crosses the corridor. Once an agent is in
Phase 2, we provide it with a goal-reaching reward that is proportional to the distance to the agent’s chosen goal. At
each phase 𝜙 the reward can be computed as

Rphase(𝜙) = −∥𝑝corridor − 𝑝 (𝑖) ∥ + 𝜅Rtransition (3)

4

D
ow

nl
oa

de
d 

by
 M

IT
 L

ib
ra

ri
es

 o
n 

Fe
br

ua
ry

 2
4,

 2
02

6 
| h

ttp
://

ar
c.

ai
aa

.o
rg

 | 
D

O
I:

 1
0.

25
14

/6
.2

02
6-

02
36

 



𝜅 is set to 1 if the agent made the phase transition for the first time. To prevent agents from skipping the correct phase
transition order or trying to move in the reverse phase order, we penalize the agent with an incorrect phase transition
penalty −𝐶phase.

3. Conflict avoidance
Penalty for approaching too close to other agents or obstacles. We also penalize agents colliding with other agents

in the environment using a conflict penalty −𝐶conflict. This penalty is applied when the inter-agent separation becomes
lower than the desired minimum separation distance 𝑑𝑠 .

4. Goal reaching reward
Reward encouraging a quick approach to the goal. When an agent successfully reaches its goal (indicated by 𝜌), it

receives a one-time goal-reaching reward Rgoal. The indicator variable 𝜌 is 1 if the agent reached the assigned goal and
was previously not at the goal; otherwise, 0.

The overall reward provided to each agent at every time step then becomes,

Rtotal = Rseparation + Rphase(𝜙) + 𝜌Rgoal − 𝐶phase − 𝐶conflict (4)

This reward design ensures that the agents learn to maintain a desired separation while being able to follow the various
phases of the corridor and reach the desired goal.

V. Experiments and results

A. Parameter values
We consider the following parameters for the environment and aircraft kinematics. The parameter values are

chosen to broadly align with industry standards and proposed corridor designs [32–35]. We note that these particular
parameter values are chosen to merely demonstrate our methodology and can be changed as technology and standards
evolve. Additionally, the minimum inter-aircraft separation could be adjusted to a fuel-optimal (or some other preferred)
separation to achieve convoy formation in high-demand scenarios.

1) Minimum groundspeed, 𝑣min: 60 knots/s = 111 km/h
2) Maximum groundspeed, 𝑣max: 175 knots/s = 324 km/h
3) Minimum acceleration, 𝑎min: −1 m/s2

4) Maximum acceleration, 𝑎max: 2 m/s2

5) Maximum angular velocity, 𝜔max: 0.075 rad/s
6) Length of air corridor: between 2 km to 1.2 km
7) Width of air corridor: 0.6 km
8) Minimum inter-aircraft separation: 0.3 km
9) Goal threshold distance: 0.2 km

10) Metering rate at goal: 10 aircraft/min
11) Episode length: 150 s

B. Experimental setup
To evaluate our approach, we define the following test scenarios, each designed to assess different aspects of

corridor-based aircraft navigation.

1. Single corridor with post-exit metering point
In this scenario, illustrated in Fig. 1a, aircraft follow a structured, metered entry into a single corridor. The objective

is to evaluate how well the method regulates the flow of aircraft, ensuring smooth entry and maintaining safe separation
between them. This is the simplest scenario and serves as a baseline to verify that autonomously operated aircraft can
traverse a corridor and satisfy metering requirements at a point downstream.

For each episode, we define the air corridor to be at the center of the environment. We vary the initial position of
each aircraft for better generalization. Each aircraft is required to maintain the desired inter-aircraft separation minimum
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relative to all other aircraft. The vehicles are tasked to go to the goal at a fixed metering rate. Once the aircraft reaches
its goal, it is stopped and not considered for any further actions for that episode.

2. Two consecutive corridors
This scenario, as shown in Fig. 1b, increases complexity by requiring agents to traverse multiple consecutive

corridors. The agents are tasked with going through Corridor 1 first before entering the horizontal Corridor 2.
In each episode, each aircraft is provided with information about Corridor 1 via its local observations. Once the

aircraft traverses the first corridor, we provide information about the second corridor. This allows the multi-agent system
to be scaled up to multiple corridors through a simple repetition of the corridor setup. Once the aircraft crosses the
second corridor, it proceeds to its destination and comes to a stop there.

3. Split corridor
This scenario, depicted in Fig. 1c, adds to the previous scenario by dynamically allocating a second corridor to each

aircraft once it traverses Corridor 1. This scenario demonstrates the ability of our method to accommodate forks in the
route. In this scenario, every aircraft has a common goal of traversing through Corridor 1. As it exits the corridor, each
aircraft is randomly assigned to either Corridor 2 or Corridor 3. The aircraft stops when it reaches the goal at the end of
its assigned corridor.

C. Performance metrics
We run evaluations for each scenario for 100 randomly generated episodes. For each scenario, we consider traffic

flows with 3, 5, and 10 aircraft. We note that the corridors are either 1.6 or 3.2 km in length; consequently, the aircraft
counts correspond to low, medium, and very high density operations. We calculate the following performance metrics
for each scenario in our experiments.

1. Conformance to corridor boundaries (𝐶%)
This metric measures how well aircraft adhere to the designated corridor boundaries during their traversal.

Conformance is evaluated based on the deviation of an aircraft’s trajectory from the corridor boundaries, ensuring the
aircraft remains within the allowable corridor width. 𝐶% is calculated as the average percentage of time that each
aircraft stays within the corridor boundaries while traversing through it, averaged over all aircraft and 100 episodes. High
conformance to corridor boundaries is equivalent to the required navigation performance and reflects the effectiveness
of the AAM corridor definition.

2. Success rate (𝑆%)
Success rate represents the percentage of aircraft that successfully pass through the corridors and reach their assigned

goal within the length of the episode, i.e., 150 s. A high value of the success rate indicates better performance, as it
implies that the aircraft flies efficient routes.

3. Completion time per episode (𝑇 , s)
The time taken per episode is calculated based on how long it takes for all the aircraft in a scenario to reach their

goals. A lower value of 𝑇 is reflective of efficient navigation by all aircraft without unnecessary delays.

4. Violation of separation minimum (Δ𝑑, m)
Δ𝑑 is calculated as the amount by which the inter-aircraft separation minimum, which is assumed to be 300 m, is

violated. It is only considered when two aircraft come closer than the separation minimum; in these situations, Δ𝑑 is
given by the difference between the minimum and actual separations. For example, if two aircraft are 290 m apart, then
Δ𝑑 = 10 m. This metric quantifies how well aircraft satisfy the separation minima while traveling through corridors.
We report the mean and standard deviation of Δ𝑑 in meters, noting that the values are only averaged over instances when
a violation occurs. A lower value of Δ𝑑 is preferred. We note that in all our experiments, the inter-aircraft separation
never became zero, i.e., there were no collisions even without tactical deconfliction.

6

D
ow

nl
oa

de
d 

by
 M

IT
 L

ib
ra

ri
es

 o
n 

Fe
br

ua
ry

 2
4,

 2
02

6 
| h

ttp
://

ar
c.

ai
aa

.o
rg

 | 
D

O
I:

 1
0.

25
14

/6
.2

02
6-

02
36

 



t=0

t=30s

t=70s

t=86s

Fig. 2 Visualization of behaviors of 10 aircraft in the simple metered corridor scenario. The aircraft start from
the upper half of the environment and are tasked to navigate through the corridor and reach a point. The length
of the vertical corridor is 1.6 km. The arrows indicate aircraft positions and are not to scale.
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t=0

t=47s

t=80s

t=105s

Fig. 3 Visualization of behaviors of 10 aircraft with the two consecutive corridors scenario. The aircraft start
from the upper half of the environment and are tasked to navigate through both corridors. The length of the
first vertical corridor is 2.0 km. The length of the horizontal corridor is 1.2 km. The arrows indicate aircraft
positions and are not to scale.
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t=0

t=35s

t=80s

t=101s

Fig. 4 Visualization of behaviors of 10 aircraft in the split scenario where all aircraft enter the first corridor
and then split into two corridors. The length of the first vertical corridor is 2.0 km. The length of each horizontal
corridor is 1.2 km. The arrows indicate aircraft positions and are not to scale.
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5. Need for tactical intervention for deconfliction (𝐼%)
In practice, a tactical intervention will be activated any time that two aircraft approach each other closer than the

separation minimum. We therefore also calculate the need for such tactical intervention, 𝐼, as the average fraction of
time when aircraft within corridors have a separation violation relative to the total time they spend in corridors. As in
the case of Δ𝑑, a lower value of 𝐼 is preferred.

Table 1 shows these metrics for the three corridor scenarios described in Fig. 1.

Table 1 Performance metrics for the three corridor scenarios illustrated in Fig. 1. The metrics presented are
the conformance to corridor boundaries (𝐶%, higher is better), the success rate (𝑆%, higher is better), the average
completion time 𝑇 per episode in seconds (lower is better), the mean and standard deviation of the separation
distances when the minimum separation is violated (Δ𝑑 m, lower is better), and the fraction of time that a tactical
intervention for deconfliction is needed (𝐼%, lower is better). These performance metrics are defined in Sec. V C.
We consider environments with 3, 5, and 10 aircraft, representing low-, medium-, and high-density environments.

Scenario # agents Conformance, 𝐶 Success, 𝑆 Completion, 𝑇 Δ𝑑 Need for Tactical
(%) (%) (s) (m) Deconfliction, 𝐼 (%)

Single
3 99% 99% 60.5 0±36 1%
5 95% 94% 63.9 1±52 8%
10 94% 92% 86.1 97±50 14%

Consecutive
3 98% 98% 96.8 0±41 1%
5 95% 97% 99.9 8±56 6%
10 94% 83% 102.5 97±42 17%

Split
3 95% 90% 87.8 0±48 2%
5 95% 88% 91.5 31±53 7%
10 96% 87% 109.9 41±127 12%

D. Discussion
In all three scenarios, aircraft maintain high conformance to the corridor even when the total number of agents in the

system is modified. The single corridor with the post-exit metering point achieves high success rates while also resulting
in a lower violation of the separation minimum and the need for tactical intervention for deconfliction. Owing to the
simple environment structure, it also takes the shortest total time. As we increase the number of aircraft from what was
used in training to 5 and then 10 aircraft, as shown in Fig. 2, we observe a decrease in the corridor conformance and
increased violations of the separation minimum.

As we increase the complexity of the scenario, such as the consecutive and split corridor experiments, we observe a
lower success rate. Additionally, with an increased number of aircraft, the need for tactical intervention increases due to
congestion in the environment. Fig. 3 shows a series of time steps of an episode involving the consecutive corridor
scenario in a congested environment with ten aircraft. With the split corridor scenario (Fig. 4), the aircraft have multiple
options and have to follow their recommended corridors, which further increases the complexity. This impacts the
performance, as seen in the lower success rates across all numbers of agents.

VI. Conclusions and future work
In this work, we presented a method that enables autonomous fixed-wing aircraft to learn to self-organize while

traversing through AAM corridors in a decentralized manner. We modeled three scenarios involving aircraft traveling
through corridors with increasing levels of complexity. The simplest scenario involved aircraft traversing through a
single corridor with a post-exit metering point. We added consecutive corridors and split corridors and performed
experiments with varying numbers of aircraft to represent levels of congestion. Our results showed that aircraft are able
to conform to the corridor boundaries within the specified episode time. We also showed the requirements of tactical
interventions when aircraft violate the desired spacing minima.

Future work includes extending the corridor-based navigation to coverage tasks after traversing the corridor and
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considering a greater number of agents. Other interesting directions are generalizations to unseen environments and 3D
vehicle dynamics with dynamic corridor generation.
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