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 A B S T R A C T

Reinforcement learning (RL) is a method that has been studied extensively for the task of conflict-resolution 
and separation management within air traffic control, offering advantages over analytical methods. One key 
challenge associated with RL for this task is the construction of the input vector. Because the number of 
agents in the airspace varies, methods that can handle dynamic number of agents are required. Various 
methods exist, for example, selecting a fixed number of aircraft, or using methods such as recurrent neural 
networks or attention to encode the information. Multiple studies have shown promising results using these 
encoder methods, however, studies comparing these methods are limited and the results remain inconclusive 
on which method works better. To address this issue, this paper compares different input encoding methods: 
three different attention methods – scaled dot-product, additive and context aware attention – and long short-
term memory (LSTM) with three different sorting strategies. These methods are used as input encoders for 
different models trained with the Soft Actor–Critic algorithm for separation management in high traffic density 
scenarios. It is found that additive attention is the most effective at increasing the total safety and maximizing 
path efficiency, outperforming the commonly used scaled dot-product attention and LSTM. Additionally, it is 
shown that the order of the input sequence significantly impacts the performance of the LSTM based input 
encoder. This is in contrast with the attention methods, which are sequence-independent and therefore do not 
suffer from biases introduced by the order of the input sequence.
1. Introduction

The increasing scale and complexity of civilian air traffic have 
placed growing demands on modern air traffic control/management 
(ATC/ATM) systems. As global aviation continues to expand, managing 
busy airspaces efficiently and safely has become more challenging, 
especially with the current, largely manual, ATC procedures. To address 
these challenges and reduce the workload of human controllers, there 
is a strong incentive to investigate higher levels of automation for 
ATC operations, as mentioned in the European ATM Master Plan (Un-
dertaking et al., 2016). One promising method for achieving these 
higher levels of automation is the use of (Multi-Agent) Reinforcement 
Learning (RL/MARL), a branch of machine learning that focuses on 
sequential decision-making problems, with models learning to map 
states to actions in order to maximize an accumulated reward (Barto, 
2021).

RL has demonstrated to be successful in various sequential decision-
making domains, such as video games, robotics, and even for training 
large language models (LLMs) like Generative Pre-Trained Transform-
ers (GPTs), improving their interactions with humans (Achiam et al., 
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2023). Within the field of ATC, RL has shown a lot of promising 
results within the area of Conflict Resolution (CR) and separation 
management, which is the process of ensuring safe distances between 
different aircraft (Wang et al., 2022; Razzaghi et al., 2024)

Compared to many traditional RL applications, separation manage-
ment in ATC has a very specific characteristic: the number of aircraft 
within a given airspace is not likely to be constant, resulting in a 
size-varying state space. This poses a problem for conventional RL 
algorithms that rely on neural networks expecting inputs of fixed size. 
This requires alterations to the strategies used for constructing the input 
vector.

One approach is to focus solely on one-to-one conflicts, reducing the 
problem to a more isolated, simple representation. The learned policies 
can then be applied to aircraft when they are getting too close, ignoring 
surrounding aircraft (Pham et al., 2019). Other studies have instead 
focused on keeping the number of aircraft in the airspace constant. 
Limiting the study to smaller numbers of aircraft to ensure that the 
state space does not become too large (Wang et al., 2019; Wen et al., 
2019). This however, severely limits the scalability of the trained model 
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Fig. 1. (a.) illustration of an intrusion, when two aircraft violate the required separation minima. (b.) illustration of a conflict, when the relative velocity of two aircraft predicts 
an intrusion in the future.
to environments where the number of aircraft does not match that of 
the training scenarios.

A slightly more flexible approach is to select a fixed number of 
aircraft to be included in the state vector, based on some selection 
criteria, such as distance or time to closest point of approach. Many 
studies have shown that this strategy is effective (Ribeiro et al., 2022a; 
Groot et al., 2024a; Li et al., 2019). However, a downside presents 
itself in the determination of the importance of the aircraft, which 
can be non-trivial in certain scenarios such as parallel or head-on 
conflicts. Additionally, this strategy formally changes the problem to a 
Partially Observable MDP (POMDP), and requires an additional method 
for constructing the state vector when the total number of aircraft in 
the airspace is lower than the fixed number used for training.

An alternative approach for constructing the input state vector that 
has shown promising results, without introducing partial observability, 
is using Recurrent Neural Networks (RNNs) (Brittain and Wei, 2021; 
Dalmau and Allard, 2020). RNNs process the agents (i.e. aircraft) in the 
environment sequentially, aggregating the information into a hidden 
state. This hidden state is then used as the input vector for the RL 
model. However, using RNNs for this purpose has a potential limitation: 
they are heavily dependent on the order of the input sequence. Because 
of this, the output of the RNN network, and thus the input vector 
to the model, differs depending on the order in which the aircraft in 
the environment are presented to the RNN network. This sequence 
dependence can result in the forgetting of earlier elements in longer 
sequences, introducing biases based on the method used for ordering 
the sequence and changes performance when the order of the input 
sequence is altered. While this is a known shortcoming, there are to 
date no studies that have quantified this impact. Moreover, because 
RNNs sequentially loop through the data, they cannot effectively use 
hardware optimized for parallel processing.

To address the last issue, Vaswani et al. (2017), investigated if a 
technique called attention can be used as an alternative to RNNs for 
processing sequential data, specifically for natural language process-
ing (NLP) purposes. This attention-based network architecture, called 
the Transformer, not only significantly decreased training time when 
compared with RNNs, but also outperformed these RNN-based models 
on various benchmarks. Additionally, these methods that focus solely 
on attention are naturally sequence-independent, and normally include 
additional sequence encoding layers. This property can be advanta-
geous when using attention for input encoding in MARL applications, 
as it does not generate the biases introduced by the order of the input 
sequence present in RNNs.

Because of these advantages, several studies have investigated atte-
ntion-based methods for input encoding in RL for ATC applications 
(Brittain et al., 2020, 2024; Deniz et al., 2024; Groot et al., 2023). 
These studies have primarily looked at one specific type of attention; 
scaled dot-product attention. While this method obtains state-of-the-art 
2 
performance on NLP tasks, other attention methods such as additive at-
tention do exist (Bahdanau et al., 2014). Considering the large domain 
differences between input encoding for separation assurance with RL 
and NLP, it warrants the investigation between these methods for this 
domain.

In addition, few studies have directly compared attention with RNN-
based architectures for this task. For example, Brittain et al. found that 
scaled dot-product attention outperformed long short-term memory 
(LSTM) architectures (Brittain et al., 2020), while Deniz et al. reported 
the opposite, with LSTM obtaining better performance (Deniz et al., 
2024). Furthermore, both studies were limited to simple scenarios with 
fixed airway structures and a discrete action space limited to speed 
changes. As a result, the total interaction between all aircraft in the 
airspace is limited, making the encoding of ‘important’ aircraft more 
trivial. As such, these scenarios might not fully reflect the maximum 
requirements of a high traffic density environment with mixed inter-
actions, leaving the question which input encoding strategy is more 
effective partially unanswered.

The aim of this study is therefore to answer two open questions for 
reinforcement learning applications in ATC.

1. How does the performance of attention based methods compare 
with LSTM for the task of input encoding?

2. How much does the input sequence order for LSTM influence the 
final performance of the model?

The remainder of this paper will first introduce the problem of 
conflict resolution and its associated definitions. Next, it will detail the 
methods employed in this study: the Soft Actor–Critic reinforcement 
learning algorithm, the Long Short-Term Memory RNN, and various 
attention mechanisms. This is followed by a section on the experimental 
setup and a combined results and discussion section, highlighting the 
differences between the methods.

2. Aircraft conflict resolution and separation management

The main focus of this study is on the efficacy of different input state 
encoders at facilitating the task of tactical separation management in 
ATC through RL. To provide the necessary background information for 
understanding the remainder of this paper, this section will explain the 
concepts of intrusions and conflicts.

2.1. Intrusions

An intrusion, also called Loss-of-Separation, is an event in which 
two aircraft violate predefined separation minima, and is considered 
a serious breach of safety. These separation minima are defined based 
on uncertainties in the positions (state) of the aircraft. It is therefore 
essential that the number of intrusions is minimized to limit the chance 
of a collision. An example of an intrusion is shown in Fig.  1a. For the 
purpose of this study a separation minimum of 5NM is used, which is 
commonly used in en-route airspace.



D.J. Groot et al. Engineering Applications of Artiϧcial Intelligence 159 (2025) 111592 
Fig. 2. Overview of the six network architectures used to construct the input vector ℎ from the environment’s state. The methods are: (1) Scaled Dot-Product Attention, (2) 
Additive Attention, (3) Context-Aware Attention, (4) Randomly Sorted LSTM, (5) Ascending Distance LSTM, (6) Descending Distance LSTM.
2.2. Conflicts

In this study, the term conflict refers to a predicted intrusion based 
on a linear extrapolation of the current state of the aircraft (state-based 
conflict detection). An example of a conflict is provided in Fig.  1b.

2.3. Tactical separation management

Once a conflict is detected it is important that this is resolved 
to ensure that no intrusion happens. Analytical methods, such as the 
modified voltage potential (MVP) algorithm, determine the shortest 
way out of the conflict for aircraft currently in conflict within a given 
time-window (Hoekstra et al., 2002). With reinforcement learning, 
however, it is possible to have the model learn when to act, dynamically 
changing the length of this time-window (Ribeiro et al., 2022b) or even 
acting when no conflict is detected to increase safety margins (Groot 
et al., 2024a). This gives reinforcement learning an advantage over 
analytical methods under certain conditions. In this study the approach 
used is similar as that in Groot et al. (2024a), which allows the agents 
to deviate from their nominal path even when not in conflict.

3. Methodology

3.1. Soft Actor-Critic

For this study the Soft Actor–Critic (SAC) RL algorithm (Haarnoja 
et al., 2018) is used to train the models, as it has been shown to 
be effective at the task of CR with RL and has been combined with 
attention networks before (Groot et al., 2023). SAC is an off-policy 
RL algorithm that trains two different types of networks, a stochastic 
actor network (policy 𝛱) that is used for mapping states to actions, 
and the critic networks, 𝑄. These critic networks estimate the expected 
sum of rewards, also called the return, for the current state, action, 
and policy. This expected return is then used to update the policy 
in the direction of higher returns. For the purpose of this study the 
actor and critic networks all use a fully connected neural network 
of 2 layers and 256 neurons and the actor network is shared for all 
agents in the environment. To construct the input vector, h, for these 
neural networks, six different methods have been implemented: three 
attention-based methods (Section 3.2) and three LSTM-based methods 
(Section 3.3). Additionally, the actor network only uses the state of the 
environment to construct the input. The critic on the other hand also 
uses the agent’s actions in the input. A summary of the total network 
architectures used is given in Fig.  2.

The hyperparameters used are given in Table  1. Notable changes to 
the original hyperparameters of Haarnoja et al. are the larger batch size 
of 2048 and discount factor 𝛾 of 0.99, which were found to increase the 
stability of training, resulting in higher asymptotic performance of the 
models.
3 
Table 1
Hyperparameters used for the SAC algorithm.
 Parameter Value 
 Optimizer Adam 
 Alpha Learnrate 3e−4  
 Actor Learnrate 3e−4  
 Critic Learnrate 3e−3  
 Discount factor (𝛾) 0.99  
 Memory buffer size 20e6  
 Sample size 2048  
 Smoothing coefficient (𝜏) 5e−3  
 Network update frequency 8  

3.2. Attention mechanisms

Attention mechanisms were first introduced by Bahdanau et al. to 
enhance the performance of Recurrent Neural Networks (RNNs) when 
processing longer sequences (Bahdanau et al., 2014). These mecha-
nisms work by determining attention scores for all elements in the 
sequence by comparing these elements. The input sequence is then 
weighted with these attention scores before being used as an input 
for the RNN, ensuring that more important elements are given higher 
weights, which in turn increases their contribution to the output vector 
of the RNN.

In 2017, Vaswani et al. proposed to use attention mechanisms 
as a stand-alone method instead, leading to significant reductions in 
training costs while also improving on the state of the art in machine 
translation tasks (Vaswani et al., 2017). This work also introduced 
an attention mechanism known as scaled dot-product attention, which 
demonstrated comparable performance to additive attention in ma-
chine translation tasks, but with lower computational requirements. 
However, unlike machine translation, MARL often involves physical 
state representations in the input. As an example consider two aircraft 
flying on orthogonal paths. In this case the two aircraft can be on a 
collision course, depending on the direction of the velocity and the 
current aircraft positional states. Because the dot-product between two 
orthogonal vectors is zero, using a naive (unweighted) dot-product 
attention method for these two vectors would result in an attention 
score of zero. In contrast, additive attention would result in an attention 
score based on the relative velocity of these aircraft, which carries 
more physical information. It is therefore hypothesized that additive 
attention may outperform scaled dot-product attention when applied 
to input encoding for MARL-based conflict resolution.

In both of these attention mechanisms, the attention weights are 
computed using a Query 𝑄 and Key 𝐾. These weights are then mul-
tiplied with the Value 𝑉  to determine the contribution of the input 
to the hidden state ℎ. When these attention methods are used to 
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encode the environment from the perspective of a single agent (the 
ownship, i.e., the aircraft making the decision), 𝑄 is calculated using 
the ownship’s observation 𝑋, while 𝐾 and 𝑉  are calculated using 
the relative observations of the other agents, 𝑌 . However, since the 
relation between 𝑄 and 𝐾 is reduced to a scalar attention weight, more 
complex relations between 𝑋 and 𝑌  may be lost. To identify whether 
this reduction affects performance, this paper proposes an additional 
attention method specific for MARL-based separation management: 
context aware attention. Context aware attention is based on additive 
attention, but computes 𝑉  using both 𝑋 and 𝑌 , potentially allowing 𝑉
to capture the relationship between the ownship and other agents more 
effectively.

In summary, this paper evaluates three different attention mecha-
nisms: scaled dot-product (SD) attention (Vaswani et al., 2017), addi-
tive (ADD) attention (Bahdanau et al., 2014) and the proposed context 
aware (CA) attention. All of these methods adhere to the multi-head 
attention network structure introduced by Vaswani et al. with minor 
variations. The remainder of this section details the implementation 
and specific differences among these methods.

First the Query, 𝑄𝑖, Key, 𝐾𝑖, and Value, 𝑉𝑖, matrices for each 
head ‘i’ are calculated using the ownship’s observation 𝑋 and relative 
observations 𝑌 , and their respective (trainable) weight matrices 𝑊𝑄𝑖, 
𝑊𝑉 𝑖, 𝑊𝐾𝑖 according to Eq.  (1). One exception for the calculation of 
𝑉𝑖 is for the CA attention method, which aims to capture the relation 
between 𝑋 and 𝑌  in 𝑉  using Eq.  (2). 
𝑄𝑖 = 𝑋𝑊𝑄𝑖

, 𝐾𝑖 = 𝑌𝑊𝐾𝑖
, 𝑉𝑖 = 𝑌𝑊𝑉𝑖 (1)

𝑉𝑖 = Concat(𝑋, 𝑌 )𝑊𝑉𝑖 (2)

These matrices are then used to determine the per-head attention 
vector. For the SD attention Eq.  (3) is used, whereas for ADD and CA 
attention, Eq.  (4) is used. 

Attention(𝑄,𝐾, 𝑉 ) = softmax
(

𝑄𝐾⊤
√

𝑑𝑘

)

𝑉 (3)

Attention(𝑄,𝐾, 𝑉 ) = softmax (tanh(𝑄 +𝐾 + 𝑏))𝑉 (4)

Finally the different heads are concatenated to create the entire 
multi-head attention vector, ℎ, as per Eqs.  (5) and (6). For each of these 
heads, a different set of weights, 𝑊 , is used, allowing each head to 
learn to focus on different things. For all experiments in this paper, a 
total of three heads are used, where each head is the same size as 𝑌 . 
head𝑖 = Attention(𝑄𝑖, 𝐾𝑖, 𝑉𝑖) (5)

ℎ = Concat(head1,head2,head3) (6)

This resulting vector, ℎ, then serves as the fixed length input vector 
encoding the state of the other agents in the environment for the fully 
connected neural network described in Section 3.1.

3.3. LSTM

The Long Short-Term Memory (LSTM) network is a specific type of 
RNN that was developed to better deal with long term dependencies in 
a sequence (Hochreiter, 1997). An LSTM network does this by adding 
an additional cell state, 𝑐𝑡, on top of the conventional hidden/output 
state. This cell state can store information from earlier in the sequence 
through forget and input gates. An illustration of such an LSTM block 
is given in Fig.  3. The remainder of this section will elaborate on the 
specific implementation of LSTM for this paper and the corresponding 
equations.

Because LSTM networks process inputs sequentially, the order of 
the input sequence influences the network’s output, introducing biases 
that can negatively impact model performance. To evaluate the extent 
of this effect, three different sorting strategies for the input sequence 
4 
Y, which contains the relative states of the other agents in the envi-
ronment, are used, each representing a different assumption about the 
decision relevance of nearby aircraft. Here, decision relevance refers to 
the likelihood that a given aircraft will influence the agent’s decision-
making, for example, nearby aircraft are more likely to be relevant than 
distant ones.

• Random LSTM - For the Random LSTM method, the input se-
quence 𝑌  is randomly shuffled. Ensuring that the decision rele-
vance of a drawn sample 𝑦 is not correlated with its position in 
the sequence.

• Ascending LSTM - For the Ascending LSTM method the input 
sequence is sorted from furthest away to closest, aiming to create 
a positive correlation between the decision relevance and posi-
tion in the sequence, placing more relevant aircraft later in the 
sequence.

• Descending LSTM - For the Descending LSTM method the input 
sequence is sorted from closest aircraft to furthest. This places less 
relevant aircraft later in the sequence.

The implementation of the LSTM is based on the Pytorch implemen-
tation (Paszke et al., 2019) and follows the update rules for determining 
the new cell and hidden state in accordance with the schematics illus-
trated in Fig.  3. First the forget gate, 𝑓𝑡, and input gate, 𝑖𝑡, are calculated 
using Eqs.  (7) and (8) respectively. Here 𝜎 is the sigmoid activation 
function, ℎ𝑡−1 is the resulting hidden state from the previous element 
in the sequence and is a vector of zeros for 𝑡 = 0, and finally 𝑦𝑡 ∈ 𝑌  is 
the current input to the LSTM drawn from the sorted input sequence 
𝑌 . The 𝑊 s and 𝑏s are trainable weights and biases respectively. The 
resulting forget and input gates are vectors equal to the size of the cell 
state, and are strictly between 0 and 1 through the sigmoid function. 
This allows the network to selectively remove and add elements to the 
cell state. 
𝑓𝑡 = 𝜎(𝑊𝑓ℎ ⋅ ℎ𝑡−1 +𝑊𝑓𝑦 ⋅ 𝑦𝑡 + 𝑏𝑓 ) (7)

𝑖𝑡 = 𝜎(𝑊𝑖ℎ ⋅ ℎ𝑡−1 +𝑊𝑖𝑦 ⋅ 𝑦𝑡 + 𝑏𝑖) (8)

Then, a candidate cell state, 𝑐𝑡 is generated using Eq.  (9), which 
represents the information from the previous hidden state, ℎ𝑡−1, and 
input state, 𝑦𝑡, should be added to the new cell state 𝑐𝑡. The information 
from the previous cell state, 𝑐𝑡−1 and the candidate cell state are then 
multiplied with the forget and input gate, and summed according to Eq. 
(10) to obtain the new cell state. 
𝑐𝑡 = tanh(𝑊𝑐ℎ ⋅ ℎ𝑡−1 +𝑊𝑐𝑦𝑦𝑡 + 𝑏𝑐 ) (9)

𝑐𝑡 = 𝑓𝑡 ⋅ 𝑐𝑡−1 + 𝑖𝑡 ⋅ 𝑐𝑡 (10)

Finally, 𝑥𝑡, ℎ𝑡−1, and 𝑐𝑡 are combined using Eq.  (11) to obtain the 
new hidden state, ℎ𝑡. This process is then repeated until all inputs 
states, 𝑦𝑡 ∈ 𝑌 , have been passed through the network, after which the 
most recent hidden state, ℎ, is used as the output for the network. 
ℎ𝑡 = 𝜎(𝑊𝑜ℎ ⋅ ℎ𝑡−1 +𝑊𝑜𝑦 ⋅ 𝑦𝑡 + 𝑏𝑜) ⋅ tanh(𝑐𝑡) (11)

To ensure a fair comparison between both methods, both the hid-
den, and cell state of the LSTM are of size 3 ⋅ ‖𝑌 ‖, matching the size of 
the ℎ vector resulting from three heads for the attention methods.

4. Simulation experiment

For training and evaluating of the models corresponding the differ-
ent methods introduced in Section 3, randomly generated air traffic 
scenarios are used. This section first outlines the rules used for the 
random creation of these scenarios, followed by a description of the 
ATCenv simulator used in the experiments. Next, the Markov Decision 
Process (MDP) formalization of the MARL task is given. Finally, the 
dependent variables used for evaluating the models performance are 
explained.
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Fig. 3. Update rules for the LSTM block. Equations in text corresponding to the operations in the illustration are given between brackets.
4.1. Simulation scenario

The simulation scenarios are designed to test the models’ efficacy 
for conflict resolution and intrusion free multi-agent navigation. To do 
this random polygons of size 10 000 km2±10% are generated to serve as 
the airspace sector. This airspace sector is then filled with 20 spatially 
separated aircraft,1 each with a corresponding destination and their 
heading initialized such that it faces in the direction of their destina-
tion. Because both the shape of the airspace, and the initial conditions 
of the aircraft are randomly generated, the models encounter a large 
diversity of traffic scenarios during training, and never train on the 
same scenario twice. The final combination of sector size and number 
of aircraft leads to higher traffic densities than normally expected in the 
airspace. This higher traffic density is beneficial for the training of the 
models, as it has been shown that the efficacy of RL method training 
increases at higher traffic densities (Groot et al., 2024a). This effect can 
be attributed to the fact that at lower traffic densities intrusion events 
are sparse, resulting in many update steps to the network that do not 
correspond to intrusion events. Higher traffic densities also increase 
the difficulty of the task, better highlighting differences between the 
different methods. Fig.  4 shows an example initial state following 
these rules. In this figure, the circles correspond to half the radius of 
minimum separation, meaning that if two circles overlap there is an 
intrusion.

4.2. Simulator: ATCenv

The simulator used to run the scenarios is based on ATCenv.2 AT-
Cenv was originally created by Eurocontrol for a reinforcement learning 
competition for separation management, and does not consider aircraft 
dynamics. Instead, the states are linearly propagated in time with a 
time-step of 5 s and any changes to the states are applied directly. 
This allows models to be evaluated solely on the quality of their paths 
and the interaction between the different agents, similar to the Multi 
Particle Environments commonly used for MARL studies (Lowe et al., 
2017), without also having to learn underlying aircraft dynamics.

1 Note that this number of agents is constant due to the requirements 
related to the memory buffer and matrix operations used during batched 
training of the networks. The methods, however, work with any number of 
agents after training, when the memory buffer and batch operations are no 
longer required.

2 Source code for the original ATCenv is available at: ‘‘https://github.
com/ramondalmau/atcenv’’. The version used for this paper can be found at: 
‘‘https://github.com/jangroter/atcenv/tree/attention_study’’.
5 
Fig. 4. Example initial conditions for the traffic scenarios. Circles represent half of the 
separation requirements, e.g. when the circles overlap there is an intrusions.

4.3. Markov decision process formulation

In this section, the Markov Decision Process (MDP) used to model 
the MARL task within the air traffic control scenarios is defined. Any 
MDP is characterized by the tuple ( ,, ,), where  represents the 
state space,  the action space,  the transition probabilities, and  the 
reward function. For the purpose of this study  is fully encompassed in 
the used simulator, ATCenv, and therefore not further elaborated upon. 
The remainder of this section detail the other components of the MDP, 
including the observation vectors X and Y representing .

4.3.1. Observation vectors X and Y
The observation vectors 𝑋 and 𝑌  are used to represent the en-

vironments state  from the perspective of each agent, as it was 
shown that using representations of the environment relative to each 
agent improves learning speed and overall performance of the trained 
models (Groot et al., 2023). Here 𝑋 represents the ownship state, and 
𝑌  represents the agents state relative to the ownship. The contents of 

https://github.com/ramondalmau/atcenv
https://github.com/ramondalmau/atcenv
https://github.com/jangroter/atcenv/tree/attention_study
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Table 2
Features included in the observation vectors 𝑋 and 𝑌 .
 Variable Description  
 X 𝑥𝑖 x position  
 𝑦𝑖 y position  
 𝑣𝑥𝑖 Speed in the x direction  
 𝑣𝑦𝑖 Speed in the y direction  
 𝑣𝑖 Total aircraft speed  
 cos(𝛿𝑖) Cosine of the track deviation 𝛿  
 sin(𝛿𝑖) Sine of the track deviation 𝛿  
 Y 𝑥𝑖,𝑗 Relative x position  
 𝑦𝑖,𝑗 Relative y position  
 𝑣𝑥𝑖,𝑗 Relative speed in the x direction 
 𝑣𝑦𝑖,𝑗 Relative speed in the y direction 
 𝑑𝑖,𝑗 Distance between the aircraft  

Table 3
Action bounds for the different available actions to the RL methods.
 Action Bounds  
 Heading [−25◦, +25◦]  
 Speed [−50 m∕s, +50 m/s] bounded by [200 m∕s, 250 m/s] 

Fig. 5. Illustration of the drift angle 𝛿 for a single agent.

these vectors are given in Table  2. Additionally, all the values in these 
vectors are normalized to help with stability during the initial phases 
of training.

4.3.2. Action space
The action space  of the environment is continuous and allows for 

2 types of actions per agent per time-step, a heading change and a speed 
change. The bounds of these actions are given in Table  3. It is noted 
that the values given in this table are not realistic considering actual 
aircraft dynamics, however, they are used to allow for more flexibility 
in the paths generated by the agents, resulting in the performance only 
being evaluated on the quality of the paths, and not the understanding 
of the environment dynamics.

4.3.3. Reward function
The reward function  is built up out of two components, and is 

strictly negative. The total reward function can be seen in Eq.  (12). The 
first part of the equation penalizes the drift, 𝛿, of the agent with respect 
to its destination. This drift is also illustrated in Fig.  5. The second part 
of the equation is a simple boolean operation which equals 0 when the 
aircraft is intrusion-free and −1 if the aircraft is not. The magnitude of 
the weight 𝑤𝑑𝑟𝑖𝑓 𝑡 is set at −0.1 and the drift angle 𝛿 is represented in 
radians. This ratio was determined through empirical tests, focusing on 
a trade-off between safety and efficiency, and is identical to that used 
in previous research (Groot et al., 2023). 

 = 𝑤𝑑𝑟𝑖𝑓 𝑡 ⋅ |𝛿| +
{

−1 if intrusion
0 if not intrusion (12)
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4.4. Dependent variables

The dependent variables are the measures used to evaluate the per-
formance of the different methods and are based on the reward, number 
of intrusions, average track deviation and required computation time of 
the different methods.

4.4.1. Total reward
The total reward, or return, shows the average reward obtained 

by each of the agents over a single episode. Because the reward is 
used to train the critic, and hence the policy, it directly relates to 
the performance of the method and is considered the most important 
parameter when discussing the performance of the different methods.

4.4.2. Total number of intrusions
Given that the reward function in this study comprises two compo-

nents, track deviation and intrusions, different methods may achieve 
similar overall rewards through different policies. Therefore, it is im-
portant to evaluate the individual components contributing to the 
reward.

The total number of intrusions directly relates to the safety of the 
learned policy. Since effective CR relies on an accurate representation 
of the surrounding state, the intrusion metric also serves as an indicator 
of the effectiveness of the input state encoder method used.

4.4.3. Average track deviation
Average track deviation is used as a measure for path efficiency of 

the different policies. It is measured at every time-step as the absolute 
difference in degrees with respect to the shortest path.

4.4.4. Computation time
The final measure used for evaluating the performance of each 

method is the computation time. The computation time is measured 
as the amount of time required to run a single episode (run on Apple 
M2 with 8 GB RAM). This is an important parameter, as it relates to 
the amount of training that can be done in a finite time window.

5. Results & discussion

5.1. Total rewards

Fig.  6 shows the evolution of the episodic rewards for the different 
methods. This figure clearly shows that the LSTM based methods using 
the Descending and Random sorting strategies obtain lower rewards 
than the other methods, highlighting the importance of the sorting 
strategy used for the input sequence to LSTM based methods. For 
comparison, when the Ascending sorting strategy is used, the total sum 
of rewards for the LSTM based method is comparable to the highest 
scoring Attention based methods, ADD and CA attention.

It is also shown that LSTM-based methods under the appropriate 
sorting conditions (Ascending LSTM) outperform SD attention. This 
is in agreement with the findings of Deniz et al. who showed that 
LSTM outperforms attention methods for input encoding on a similar 
task (Deniz et al., 2024). However, this clear performance gap is not 
visible for Ascending LSTM and the other two attention methods, with 
Ascending LSTM trailing behind the other methods for the first 3000 
episodes of training before reaching comparable sum of rewards. To 
better show the distribution of episodic returns, the kernel density 
estimates (KDE) of the sum of rewards for the last 1000 episodes 
are shown in Fig.  7a. Because LSTM Descending and Random are 
performing significantly worse than the other methods, they have been 
left out of Fig.  7 for clarity, allowing more focus on the methods that are 
comparable in performance. From this figure it can be observed that the 
mode of the KDE for the ADD method is closer to zero than for the other 
methods, indicating consistently higher returns. Additionally, both the 
left and the right tail of the distributions are matching for the CA, ADD 
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Fig. 6. Evolution of the rewards (moving average of window size 500) for the attention and LSTM-based methods for a fixed random seed.
Fig. 7. Kernel density estimates of the (a) Sum of Rewards, (b) Total Number of Intrusions and (c) Average Track Deviation for the last 1000 episodes of the SD, CA, ADD 
and LSTM Ascending methods. The KDEs are generated using Scott’s rule (Scott, 2015) with a bandwidth factor of 0.5. Additionally, the values are scaled using log(1+x) before 
generating the KDE and then converted back to the original scale to deal with the strictly positive (intrusions and track) and negative (rewards) bounds of the distributions.
and LSTM Ascending methods, with SD being a clear outlier. Because 
of this, the higher sum of rewards observed in Fig.  6 for ADD, can be 
attributed to the mode being located closer to zero, and not because of 
outliers or long tails of the other methods affecting their means.

To highlight these performance differences, the highest return ob-
served over an average of 100 episode for the different methods is 
shown in Table  4. Here it can clearly be seen that ADD Attention ob-
tains the highest performance, followed by CA Attention and Ascending 
LSTM. This challenges the hypothesis that computing the value 𝑉  from 
both the ownship’s observation 𝑋 and the observations of other agents 
𝑌  leads to better performance than ADD attention.

Finally, to investigate the performance differences between the dif-
ferent attention methods, the experiments were rerun for three different 
random seeds. Fig.  8 presents the results of these experiments, and 
shows the median and IQR of the results. Interestingly, SD Atten-
tion has a relatively narrow IQR, which indicates that the method is 
relatively robust with respect to different traffic scenarios used for 
training. Nevertheless, the performance is almost strictly lower than 
that of additive attention, indicating lower asymptotic performance. 
The opposite is observed for CA Attention, whose spread is much wider, 
and is widening towards the end of training. It can also be observed that 
the spread is wider on both sides of the median, which suggests that 
the method is capable of obtaining a high performance, but is lacking 
stability during training. Future research should investigate if changes 
can be made to CA Attention to resolve this issue or whether ADD 
Attention should be used for Attention-based input encoding for MARL 
applications.
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Table 4
Returns observed during training for the different methods (fixed random seed).
 Method Max return (ao100) Episode 
 Scaled dot-product attention −2.95 3738  
 Additive attention −2.23 4252  
 Context-aware attention −2.40 4503  
 LSTM ascending −2.41 4309  
 LSTM descending −8.56 4652  
 LSTM random −8.16 4498  
 Reference values
 No drift policy 20.11 –  
 Random policy 21.99 –  

5.2. Total number of intrusions

Fig.  9 shows the total number of intrusions observed during training 
for the different methods. Similar to the sum of rewards depicted in 
Fig.  6, the Descending and Random sorting strategies for the LSTM 
methods perform less effectively compared to the other methods. The 
remaining four methods display similar patterns, with a sharp decline 
in the number of intrusions during the initial training phase (first 
500–1000 episodes), followed by a stabilization phase where there is 
minimal reduction, or even an increase, in the number of intrusions. 
An exception to this pattern is seen in the Ascending LSTM method, 
which shows two additional phases of improvement around the 2000 
and 3000 episode marks, eventually converging to a similar number of 
intrusions as the ADD and CA attention methods. Notably, this stabiliza-
tion phase reveals a significant difference between the SD attention and 
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Fig. 8. Detail of the Median and IQR of the reward for the three attention based methods for three different seeds. Context-Aware attention in orange to highlight the larger 
spread associated with that method.
Table 5
Intrusions observed during training for the different methods (fixed random seed).
 Method Min intrusions (ao100) Episode 
 Scaled dot-product attention 1.10 3746  
 Additive attention 0.61 2154  
 Context-aware attention 0.62 1040  
 LSTM ascending 0.65 4342  
 LSTM descending 2.40 4639  
 LSTM random 2.47 4541  
 Reference values
 No drift policy 20.11 –  
 Random policy 21.99 –  

the other two attention methods, as the total number of intrusions for 
the former is almost twice as high. Because a complete representation 
of the other agents’ states is required to effectively reduce the number 
of intrusions, this suggests that SD attention is less effective at encoding 
the states of the other agents into the input vector when compared 
with the other methods. This hypothesis is further strengthened by Fig. 
7b, indicated by the differences of the peaks at zero intrusions for the 
different methods. This shows that the number of episodes that achieve 
a total of zero intrusions for the SD method is less than half than that 
of the other listed methods.

It is possible to gather additional information by examining the 
lowest number of intrusions observed during training, shown in Table 
5. This table shows that the lowest number of intrusions are obtained by 
the ADD and CA attention methods, however, these results are obtained 
very early on in training, at episodes 2154 and 1040 respectively. 
When comparing these points to the episodes of highest rewards, 4252 
and 4503, it becomes clear that the methods converge to policies 
that prioritize lower track deviations at the cost of more intrusions. 
Consequently, it is difficult to determine which of the three methods – 
ADD Attention, CA attention, or Ascending LSTM – is best at encoding 
the state of the environment, as minimizing track deviation does not 
necessarily require effective state encoding. While this outcome is 
undesirable, it is an inherent consequence of modeling the reward 
function as a bi-criterion problem, resulting in a trade-off between 
safety and efficiency.

5.3. Average track deviation

Fig.  10 shows the average track deviation during training. In con-
trast with the intrusions shown in Fig.  9, the track deviation reduces 
8 
Table 6
Track deviation observed during training for the different methods (fixed random
seed).
 Method Min track deviation (◦) (ao100) Episode 
 Scaled dot-product attention 6.72 4719  
 Additive attention 5.58 4265  
 Context-aware attention 6.03 4734  
 LSTM ascending 6.29 4189  
 LSTM descending 22.57 4684  
 LSTM random 20.87 4020  
 Reference values
 No drift policy 0.00 –  
 Random policy 54.15 –  

more gradually, which can be explained by the initial large contribu-
tion of the number of intrusions on the total sum of rewards. Once 
a significant reduction in the number of intrusions is observed, the 
track deviation starts to decrease, as its relative contribution to the 
return increases. This also explains the relatively high track deviation 
associated with the Descending and Random LSTM methods.

Looking at the lowest obtained track deviations in Table  6, it is 
found that the ADD Attention method also obtain the lowest average 
track deviation. This is also shown in Fig.  7c, which shows a shift 
in the direction of zero for the KDE for the ADD method, showing 
that more episodes are completed with lower track deviations. This is 
interesting, as conflict resolution maneuvers require deviating from the 
path, thus it would be expected that less intrusions means lower path 
efficiency. However, the opposite is observed. This pattern, where path 
deviation is highly correlated with the number of intrusions, is observed 
for all of the methods, and is in line with the results of previous 
work (Groot et al., 2023). This seems to indicate that the effectiveness 
of the input encoder allows for more efficient solutions, leading to 
both fewer intrusions and lower track deviations. Based on this it can 
be concluded that ADD Attention is likely the best choice out of the 
evaluated methods for input state encoding for MARL applications.

5.4. Computation time

The final results evaluated are the computation times associated 
with the different methods, shown in Table  7. These results correspond 
with those of Vaswani et al. (2017), with SD attention performing the 
fastest, followed by ADD attention and LSTM as last. Considering that 
CA attention is identical to ADD attention with the exception of an 
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Fig. 9. Evolution of the total number of intrusions (averaged over 100 episodes) for the attention and LSTM-based methods for a fixed random seed.
Fig. 10. Evolution of the average track deviation (averaged over 100 episodes) for the attention and LSTM-based methods for a fixed random seed.
additional operation to compute the Value token, it was expected that 
CA attention has higher computational requirements than ADD atten-
tion. Finally, there is a big difference between the attention methods 
and LSTM during training, which highlight an additional advantage of 
Attention methods over LSTM for MARL applications. Because MARL 
often requires many time-steps, limiting the duration required for 
training allows for more models to be trained in the same time frame, 
leading to faster development and progress in the field.

For systems with a larger number of agents, LSTM or other RNN 
based methods might, in theory, outperform attention based methods, 
considering that the computational requirements for RNN based meth-
ods scale linearly, 𝑂(𝑛), with the sequence length, whereas they scale 
quadratically, 𝑂(𝑛2), for attention based methods. In practice, however, 
attention based methods are highly parallelizable and require minimal 
sequential operations, allowing them to benefit from optimized hard-
ware more than RNN based methods (Vaswani et al., 2017). Future 
studies should investigate if there is indeed an inflection point in the 
number of agents where RNN based methods are computationally more 
efficient than attention based methods.
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Table 7
Average episode duration for the different methods during training and evaluation of 
the models.
 Method Training episode 

duration (s)
Evaluation episode 
duration (s)

 

 Scaled dot-product attention 11.67 0.46  
 Additive attention 13.82 0.50  
 Context-aware attention 15.18 0.50  
 LSTM 62.71 0.64  
 Reference values
 No drift policy – 0.40  

6. Conclusions and future works

This paper studied the efficacy of various attention methods and 
LSTM strategies when applied to variable input vector length encod-
ing in Reinforcement Learning for Conflict-Resolution in Air Traffic 
Control. This research mainly aimed to answer the following questions:



D.J. Groot et al. Engineering Applications of Artiϧcial Intelligence 159 (2025) 111592 
1. How does the performance of attention based methods compare 
with LSTM for the task of input encoding?

2. How much does the input sequence order for LSTM influence the 
final performance of the model?

To answer the first question, three different attention methods were 
evaluated and compared with an LSTM based input encoder: scaled dot-
product (SD), additive (ADD), and a novel context-aware (CA) attention 
method. The performance of CA and ADD attention is comparable in 
all categories; total return, number of intrusions, and track deviation. 
However, it was found that CA attention has a larger spread in its 
performance when evaluated over multiple seeds, indicating that the 
method is less robust to variations in the training scenarios. It can 
therefore be worthwhile to investigate if alterations to the method can 
be made to improve the stability, enhancing the potential performance. 
Additionally, the slightly higher performance of ADD attention indi-
cates that constructing the Value, V, using only the other agents’ state 
is sufficient for learning a proper input encoding, while resulting in 
lower computational requirements.

The study also found that the maximum total return of the LSTM 
method (−2.41) is comparable to that of the attention methods (−2.95 
SD, −2.23 ADD, −2.40 CA) when the input sequence is sorted such 
that the distance of the other aircraft with respect to the ownship 
decreases. However, for other sorting strategies, the LSTM method 
suffered from significant drops in maximum return (−8.16 for random 
sort, −8.56 for descending distance sort), showing that it is important 
to carefully consider the input sequence order when using LSTM as 
an input encoder. One limition of the study from the LSTM method 
in this study is the used sorting method. By sorting on distance, head 
on conflicts might incorrectly be classified as having a low decision 
importance, although the distance is rapidly decreasing. Instead of 
sorting on distance, future work should also study different sorting 
strategies, such as sorting on time until the closest point of approach, 
or severity of the predicted conflicts.

Based on the results, we recommend using ADD attention for input 
encoding in MARL-based conflict resolution. It achieves comparable 
safety performance to other methods – measured by the average num-
ber of intrusions (0.61 for ADD vs. 0.62 for CA and 0.65 for LSTM) – 
while maintaining higher path efficiency, indicated by lower average 
track deviation (5.58◦ for ADD vs. 6.03◦ for CA and 6.23◦ for LSTM). 
Because of this it also results in the highest overall return (−2.23 for 
ADD vs. −2.40 for CA and −2.41 for LSTM).

In contrast, the results for SD-attention were consistently lower, 
with a maximum return of −2.95, an intrusion rate of 1.10, and an 
average track deviation of 6.72◦. One thing that was observed for 
all methods was that initially the total number of intrusions dropped 
rapidly, before going up in favor of efficiency. This could be a direct 
result from the used reward function, however, future research should 
investigate if safety guarantees can be obtained by for example using 
techniques used in the fields of safe RL or multi-objective RL.

As this study did not explore the influence of the number of at-
tention heads, head size, or the number of attention blocks, it is 
recommended that future work investigates whether performance can 
be improved further and whether the ranking of methods remains 
consistent across different hyperparameter settings.

Furthermore, because attention-based encoders are not sequence-
dependent, they offer greater robustness and lower computational costs 
due to parallelization (11.67 s–15.18 s per training episode, compared 
to 62.71 s for LSTM-based methods). This further supports the use of 
attention-based methods for input encoding in future applications.

Finally, because this study used a simple simulator that did not 
include aircraft dynamics, future studies should investigate if the meth-
ods presented in this paper also work in environments that do include 
dynamics and operational constraints, such as BlueSky-Gym (Groot 
et al., 2024b).
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Appendix. Wilcoxon signed-rank test and Cohen’s d effect size.

From Fig.  7a it can be observed that the distribution of the total sum 
of rewards is not normally distributed, but negatively skewed. Further, 
the samples generated are paired, e.g. the episodes/scenarios used for 
evaluation are the same for all methods. Because of this, the Wilcoxon 
signed-rank test is used for the statistical analysis for the last 1000 
episodes for each of the methods.

The resulting p-values for these tests are shown in Table  8. Addi-
tionally, the Cohen’s d effect size is shown in Table  9 and shows the 
relative differences of the magnitude. Finally, to identify consistency 
of the methods, Table  10 shows the percentage in how many scenarios 
one method outperformed the other, without looking at the magnitude 
of the differences.
Table 8
p-values resulting from the Wilcoxon signed-rank test for the last 1000 episodes for 
the different methods.
 SD ADD CA LSTM  
 SD – 6.41e−81 5.07e−50 2.54e−50 
 ADD 6.41e−81 – 7.05e−13 1.15e−13 
 CA 5.07e−50 7.05e−13 – 0.39  
 LSTM 2.54e−50 1.15e−13 0.39 –  
Table 9
Cohen’s d effect size for the last 1000 episodes for the different methods.
 SD ADD CA LSTM 
 SD – −0.66 −0.47 −0.50 
 ADD 0.66 – 0.19 0.19  
 CA 0.47 −0.19 – −0.01 
 LSTM 0.50 −0.19 0.01 –  
Table 10
Percentage of episodes the total return was higher than the compared method for the 
last 1000 episodes for the different methods.
 SD ADD CA LSTM 
 SD – 31.4 36.6 36.6  
 ADD 68.6 – 55.9 56.6  
 CA 63.4 44.1 – 50.5  
 LSTM 63.4 43.4 49.5 –  
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Data availability

Code is available through the github link mentioned in the paper.
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