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Abstract— Autonomous maneuver decision in air combat is
a challenging task with high-dimensional state-action spaces
and nonlinear dynamics. Existing approaches are usually based
on online learning paradigms, which hinders their application
to real-world scenarios where online interactions, i.e., trial-
and-error, are impractical or dangerous. In this paper, we
explore the offline reinforcement learning framework for tac-
tical air combat. To this end, we first construct a large-scale
offline dataset of demonstrations from hand-designed planners,
humans, and expert policies using an interactive simulator.
A transformer-based architecture with a lightweight maneu-
ver pool is then proposed to store and retrieve information
for generating effective tactical maneuvers, while maintaining
the sequential modeling ability of the decision transformers.
The maneuver pool is structured in a key-value memory
space, where Kkey-value pairs are used for addressing and
reading the maneuver pool. We also propose pool diversity
and centralizing losses to learn our offline policy, boosting
the discriminative power of learned features from the offline
dataset. Our formulation allows us to learn maneuver-specific
feature prototypes, and to explicitly leverage such knowledge
during inference. Extensive experimental results and ablation
studies demonstrate the effectiveness and flexibility of the
proposed method, outperforming other offline baselines.

I. INTRODUCTION

Autonomous agents are widely utilized for surveillance,
reconnaissance, and search, requiring a high level of
decision-making capabilities to respond to complex and ever-
changing environments. It is thus essential to perform a wide
variety of missions accompanied by highly skilled and split-
second decisions. This capability has been often validated as
such in Atari games [1] where states were extracted from
pixel-level information. However, these environments are far
from being applicable to dynamic and complex real-world
tasks since 2D representations of the visual world are in-
volved only. Here, we consider a 6-degree of freedom (DOF)
flight simulation environment for playing a within visual
range (WVR) air combat. The task of air combat involves
flight dynamics models and high-dimensional continuous
states, and is composed of multiple tactical maneuvers, such
as pursuit curve, flat scissors, and defensive spiral [2]. These
properties pose significant challenges for accurate air combat
decision-making. To accomplish this task, the agent should
be able to perceive potentially uncertain surroundings, and
generalize over different engagement scenarios.
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Fig. 1: The flight manual [2] is a technical manual that describes the tactics
and its operating procedures. The beginning pilots are trained to learn this
knowledge so that they are able to complete various missions. We propose
a lightweight maneuver pool in the offline RL framework to mimic the
aforementioned procedure.

Various methods have been devised to address air combat
[3]-[14], which can broadly be divided into two categories:
Conventional planning and control methods and learning-
based methods. Conventional approaches [3]-[8] design rule-
based policies, typically using the basic fighter maneuver
(BFM) derived from human pilot experience [2]. For exam-
ple, Yang et al. [8] codify a behavior tree to choose a specific
maneuver in the BEM, followed by the pure pursuit algorithm
for calculating future trajectories that will move an aircraft.
While conventional methods permit the incorporation of
prior human knowledge in decision-making, they require
complex handcrafted rules for manually categorizing the type
of maneuvers and adjusting parameters.

On the other hand, learning-based methods [9]-[14] with
online reinforcement learning (RL) have been shown to be
among the most successful ones to solve air combat. Without
expert experience or supervision, online RL methods learn
to maximize a specified reward through actively interact-
ing with environments by taking actions and receiving re-
wards, and achieve superhuman performance [9]-[14]. These
methods have become increasingly popular thanks to their
ability to leverage high-capacity deep architectures, allowing
agents to make tactical decisions on complex domains. They
however suffer from sample inefficiency, and rely on active
data collection which involves the high cost and danger of
interacting with environments [15]. In addition, online meth-
ods have difficulty leveraging a static dataset of previously



collected trajectories for training [16]. Very recently, a new
paradigm called offline RL has been introduced to extract an
optimal policy from trajectories collected by a set of behavior
policies. A number of works have illustrated the power of this
paradigm for data-driven learning of policies in Atari game
[17], [18] and robotic manipulation [19]. However, to our
best knowledge no previous work has focused on utilizing
offline RL for the task of air combat.

In this paper, we present the offline RL framework to
determine appropriate maneuvers and actions in air combat.
To realize this, we first collect a diverse training dataset
from hand-designed controllers, humans, and online RL
algorithms with an interactive simulator, making it more
reflective of practical settings. We then adopt the decision
transformer [17], as a baseline architecture, to obtain a
sequence modeling objective for air combat. Next, we as-
sume that it is possible to extract additional meaningful
information from previously collected trajectories, similar
to the flight manual [2] contextualized from past human
experience. To implement this idea, we propose a lightweight
maneuver pool to record prototypical representations of
diverse maneuvers, reminiscent of the learned flight manual
(see Fig. 1). These are structured in a key-value memory
space, where individual keys in the pool are used in a
query mechanism to dynamically lookup a relevant maneu-
ver based on the input state history. Paired values act as
conditioning prompts that condition the decision transformer
on maneuver-specific instruction for determining the next
actions. We also present pool diversity and centralizing losses
to enhance the discriminative power of our maneuver pool.
Our formulation allows to learn maneuver-specific feature
prototypes, and to recall the most relevant features during
air combat maneuvering.

Our main contributions can be summarized as follows:

o We collect a large and diverse offline dataset generated
via hand-designed controllers, human demonstrators,
and expert policies for air combat, which can be used
to learn a policy without further interaction.

« Inspired by the flight manual [2], we propose a decision
transformer architecture with learnable and lightweight
maneuver pool, called maneuver-conditioned decision
transformer (M-DT). The maneuver pool conditions the
decision transformer on maneuver-specific instruction
for making in-flight decisions.

o We demonstrate the effectiveness and flexibility of the
M-DT with extensive experiments and ablation studies
on the high-fidelity flight simulation environment [20].

II. RELATED WORKS
A. Online RL for Air Combat

Online RL has become a standard technique for training
agents that solve the air combat task. Considerable efforts
have been dedicated to devising effective exploration tech-
niques for high-dimensional simulation environments. The
predominant approach, commonly referred to as the soft-
actor critic (SAC) [21] based method, employs stochastic

actors to ensure sample efficiency and sufficient exploration
[9]-[13]. In addition, hierarchical structures simplify the air
combat complexities, dividing decision-making into inner
and outer loops to model agents at various abstraction levels
[9], [10]. These methods effectively diminish the state-action
spaces to a comparatively smaller sub-space, thereby mit-
igating the necessity for extensive exploration. Meanwhile,
various strategies have been devised to prevent bias towards a
specific scenario, reflecting the diversity and variation in the
air combat environment. For instance, Li et al. [11] introduce
a self-play algorithm to collect a diverse set of sample data
generated by agents operating in different environments. Sev-
eral lines of research introduce a curriculum learning strategy
in online RL, which gradually increases the difficulty of the
task contributing to a more comprehensive understanding
of the range of scenarios encountered in air combat [13],
[14]. However, all the methods based on online RL require
active interactions with the environment to iteratively collect
a new set of experiences. This process is time-consuming and
presents challenges in effectively utilizing pre-collected static
data. In this paper, we investigate the offline RL framework
for air combat, which learns a policy from static datasets
without further interaction. This is valuable in our setting
since policies can be fine-tuned or updated using previously
collected data for better generalization.

B. Transformers in offline RL

Motivated by the remarkable success of transformer mod-
els in natural language processing (NLP) and computer
vision (CV), researchers have explored their applicability in
solving offline RL problems. The seminal work of decision
transformer (DT) [17] transforms the RL problem into a
sequence modeling problem by autoregressively generating
current actions conditioned on sequences of past states,
actions, and desired returns. Monastirsky et al. [22] demon-
strate the sim-to-real capabilities of DT in multi-goal object-
throwing scenarios with a robotic arm. Building on the
success of DT, subsequent research has emphasized its gen-
eralization capabilities to enhance multi-task and task adapta-
tion performance. The multi-game decision transformer [18]
extended DT to a multi-game setup, demonstrating its ability
to generalize to various Atari games with human-level perfor-
mance. Prompt-DT [23] designs the trajectory prompt, which
contains the few-shot demonstrations, and encodes task-
specific information to guide policy generation. Hyper-DT
[24] incorporates a hyper-network to generate task-specific
adaptation modules for DT based on task embeddings. These
methods need clear task boundaries to provide task-specific
demonstrations during training and testing. Thus, directly
applying Prompt-DT and Hyper-DT to air combat is non-
trivial since it is impossible to manually provide proper
demonstrations required for every time-step.

III. PREREQUISITES

A. Air Combat Environment

We are concerned with learning in a Markov decision
process (MDP) defined by the tuple (S, .4, P, R). The tuple
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is comprised of actions a € A, states s € S, transition
function P(s’|s,a), and reward function » = R(s,a). The
MDP environment for air combat is simulated by integrating
the JSBSim flight dynamics model (FDM), under the OpenAl
Gym interface [20]. The JSBSim is a high-fidelity open-
source FDM that is highly accurate for modeling the physics
of flight and aerodynamics, and is used to model realistic
state space S and transition function P. We consider the F-
16 aircraft as ego and opponent agents. In this setting, the
state at current time step ¢ is represented by s; = [s§, s9]. s¢
contains aircraft aerodynamic states of the ego agent as:

sg = [he7le7¢e796’¢e’we7ve7i)e]’ (1)

where h¢ is the altitude and [® denotes the remaining fuel.
(¢¢,0¢,¢°¢) are the roll, pitch, and yaw angles in the body
frame, respectively. w® = [wy,wy, W], v° = [V, vy, v,] and
0° = [0z, Vy, ;] denote the angular rate, the velocity, and
the acceleration vectors in the body frame, respectively. We

encode information of the opponent agent in s{ as:
sto = [)\d,ﬁﬂ%d, ,007,00], )

where (A4, €,m) are the deviation angle, aspect angle, and
angle-off as depicted in Fig. 2. d denotes the relative dis-
tance vector (radial distance, elevation angle, azimuth angle)
expressed using the spherical coordinates between the ego
and opponent agents. (v°, ©°) are the opponent’s velocity and
acceleration vectors in the ego’s body frame. We normalize
the state observation (s§,s?) to [—1,1]. The action space
contains four control commands of the F-16 aircraft as
follows:

at = [uaaueau’l‘vuth]) (3)

where (ugq, Ue, Uy, uy,) are the continuous-valued aileron,
elevator, rudder, and throttle commands, respectively. The
reward function r is a weighted summation of the several
factors as in [13]. It takes into account the damages, deviation
angle, aspect angle, and minimum altitude (see [13] for
more details). We set the maximum episode length and the
minimum aircraft height to 3,000 (5 minutes) and 1,000 feet,
respectively. The attack range is defined in Fig. 2, and
the damage estimation method is the same as that of the
AlphaDogfight Trial [9].

B. Decision Transformer

Decision Transformer (DT) treats offline RL as a se-
quential modeling problem which predicts the next actions
autoregressively using a causal self-attention mask [17]. It
models trajectories with tuples of state s;, action a;, and
return-to-go 7; gathered at different time steps. At current
timestep ¢, DT takes a sequence of trajectories 7y g, i.e., the

most recent H-step history as input, and outputs action a;
as follows:

Te,H = { Tt H4 15 St—H41, Gt— HA1, -5 T't5 St}

4
ay = DT(Tt’H). ( )

The return-to-go is obtained as 7; = ZtT,:tri during training,
where 7' is termination timesteps. At test time, we use
= G — E§/=o7’i where G is the target return for an
entire episode. DT concatenates the timestep embedding into
a trajectory token to encode sequential sequence information,
and is trained to predict a; by minimizing mean squared error
(MSE) loss when dealing with continuous action spaces.

IV. METHODS

In this section, we first describe our motivation and
the proposed method for learning policies that can apply
to air combat automatically. We then provide the training
procedure and our loss functions in detail. We follow two key
design principles: (1) learning maneuver-specific feature pro-
totypes as a privileged context using diverse offline datasets
and (2) imposing such knowledge into self-attention blocks
in DT, analogous to the flight training process of beginning
pilots using the flight manual [2] as depicted in Fig. 1.

A. Maneuver-Conditioned Decision Transformer

1) Overview: We show in Fig. 3 an overview of our
offline RL framework, called M-DT. It mainly consists of
four components: a query module (QM), maneuver pool,
maneuver injection module (MIM), and DT. We first define
a sequence of L-step state history s;_r 1. at timestep ¢:

St—L41:t = {St—L+1,8t—L; -, St }- )

The state encoder f consisting of embedding and linear
layers takes s;—ri1.t, and extracts query features q; =
f(st—r41.t). The query features are then used to retrieve and
update maneuver-specific information in the maneuver pool
with the QM. We feed the retrieved information and 7 g into
the DT module through the MIM for predicting the action a;.
The goal of MIM is to inject information from the maneuver
pool into intermediate features in DT for guided decision-
making. We train M-DT end-to-end without pretraining. At
test time, we decrement the target return by the achieved
reward repetitively until episode termination following [17].

2) Maneuver pool and conditioning: The maneuver pool
contains M items recording diverse prototypical patterns of
maneuvers. M is the parameter to model the variation of
maneuvers, which can vary according to the environment
and dynamics. In the flight manual [2], the maneuver is
manually categorized in the form of BFM (e.g., defensive
spiral and flat scissors), and recommended according to the
current state based on past human experiences. Contrarily,
we try to learn such knowledge from large offline datasets.
Each item consists of a pair of keys and values. The
individual key k; (z = 1,...,M) is used to address the
items, and also implicitly categorizes maneuver patterns.
It is a C-dimensional vector where C' is the embedding
dimension. Inspired by [25], we define the paired value as
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Fig. 3: Overview of M-DT for air combat. M-DT is built upon DT architecture. We augment DT by introducing a lightweight maneuver pool and a query
mechanism for guiding the decision process in DT. To this end, M-DT takes both 7 g and s;_1.¢, where s;_r,41.¢ is used to lookup value vectors
in the maneuver pool (Eq. (6)). The retrieved value vectors are then injected into self-attention blocks in DT through MIM (Eq. (7)).

a set of trainable vectors {I/f, o 1/3 K Vf,w uf” f f}szl. Each
set is associated with a query, key, value, and feed-forward
activation of each self-attention block b in DT. These vectors
parameterize maneuver-specific instructions, and act as a
privileged context for guiding the decision process in DT,
as illustrated in Fig. 3.

Next, we describe how to retrieve the appropriate value
according to q; computed from the state history s;_r41.1
(QM). Given a query q;, we measure the similarity between
q; and all keys to lookup the closest key k;:

K; = argmax cos(q¢, K;), (6)

r; €K

where cos(-, ) returns the cosine similarity. We denote the
set of all keys by K = {k1, K2, ..., kar }. The corresponding
value vectors {VJZ-)VQ, I/Jl?v K VJZ-)7V7 I/Jb, ¥ f}bB:1 are then retrieved.
We feed these vectors into DT through the MIM that ex-
ploits maneuver-specific information encoded in the retrieved
value, and explicitly injects to the features of each self-
attention block. We adopt (IA)® method [25] introduced in
the NLP literature to implement this injection. Note that
the attention block in DT is composed of two sequentially
connected self-attention and feed-forward layers. Using the
notation from [25], the overall process of MIM is:

(vQ©® Q)\(/I%K ® KT)) (v O V),
(fo @ReLU(Wlx))WQ,

where (Q, K, V') denotes query, key, and value in the self-
attention layer and © represents to element-wise multiplica-
tion. n is the normalization factor. W is the weight matrix
and z is the input for the feed-forward layers. In Eq. 7, the
indexes (j, b) of value are omitted for simplicity. We train the
maneuver pool with a large number of offline trajectories,
enabling the most representative features to be stored and
transferred to DT through the MIM. All values are initialized
to ones, and remain unchanged during the early stage of
training (warm-up). We initialize all keys to [—1, 1].

softmax <
(7N

B. Training

We train our M-DT using MSE, pool centralizing, and
pool diversity losses end-to-end. The warm-up strategy is

applied to the values in the maneuver pool, fully leveraging
the sequential modeling ability and high capacity of DT.
Given the ground-truth actions a; in offline trajectories, the
MSE loss makes the predicted actions a; from M-DT similar
to a; by penalizing the L2 distance:

Larse = |laf — ai?, ®)

where a; = M-DT (7 g, St—r+1.¢). It is important to store
representative and discriminative maneuver-specific features
in the pool. To this end, we add additional constraints includ-
ing the centralizing and diversity losses. The centralizing loss
encourages the queries to be close to the nearest key in the
maneuver pool as:

L:cent = —COS(Qta K’j)v (9)

where j is an index of the nearest key for g;, and is obtained
by solving Eq. 6 during training stage. It helps similar state
histories s;_r+1.+ to be mapped closely in the embedding
space of QM. The diversity loss aims to regularize key-value
pairs to become different from others, and prevent them from
being identical as follows:

L g3 = max(|| KK' -1 lF —xx,0)

(10)
+max(|| VVT =1 [ —xv,0),

where we denote the set of all values by V = {v;}M . Note
that here we apply the diversity loss for V to each self-
attention block b and feature (Q, K, V, f f) separately. || - ||»
is the Frobenius norm and x denotes a learnable vector that
controls the extent of overlap between pool items. Intuitively,
each key (or value) is trained to be orthogonal when yxk
(or xv) is close to 0. The overall objective of M-DT is a
weighted summation of all loss functions defined as:

Lan = Lyse + oLeent + BLaiw, (11)

where o and [ are the balancing parameters.

V. EXPERIMENTS

In this section, we commence by outlining the procedures
of constructing our offline dataset for air combat, along with
presenting implementation details. Next, we provide ablation
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Fig. 4: Combat scenarios are designed based on the difficulty associated with
initial geometric positions. Scenarios 1, 2, and 3 are employed to collect an
offline dataset and evaluate the proposed method. Randomized Scenario is
used for evaluation only. The superscripts e and o denote the ego and the
opponent agents, respectively.

studies to analyze the importance of components of M-DT.
Quantitative comparisons between ours and state-of-the-art
offline RL methods are then presented. Finally, we provide
a detailed analysis of the maneuvers generated by M-DT.

A. Experimental Setup

1) Combat Scenario: In the following, we design combat
scenarios to reflect the diversity and variation in the air
combat environment. Based on the flight manual, air combat
task has varying degrees of difficulty depending on the initial
geometric position between the ego and the opponent. We
detail combat scenarios in Fig. 4, each varying in difficulty
based on initial angle and energy level. For collecting offline
datasets, we design three scenarios: (1) Scenario 1, the
easiest situation, features equalized energy levels with the
ego agent having an angular advantage. (2) Scenario 2
equalizes energy levels again but places the ego agent at an
angular disadvantage. It indicates how effectively counter-
attacks are executed, and it may become less challenging
for experienced egos. (3) Scenario 3 places the ego at
a disadvantageous energy level with a neutral angle. In
each scenario, the ego and the opponent maintain uniform
postures, with distances |d| varying randomly from 4,000 to
9,000 ft between them. Initial altitudes of the ego and the
opponent agents (h¢, h°) vary within the range of 7,000 to
20,000 ft, satisfying scenario constraints. Additionally, we
introduce Randomized Scenario featuring randomized initial
attitude angles (¢, 8¢, ¥°, ¢°, 0°,1°) to evaluate agents with
initial geometric positions which are not encountered dur-
ing training. In this scenario, horizontal distances are set
randomly between 4,000 and 9,000 ft, and altitudes vary
independently within the range of 7,000 to 20,000 ft.

TABLE I: Statistics of our offline dataset used for training. Ry orm is the
normalized average return as defined in Eq. (12).

Data source Rnorm # of episodes # of samples
Human 51.96 112 0.14M
HDP 50.22 1,500 2.95M
Online RL 100 1,500 1.78M

()

Fig. 5: (a) Interactive simulator (b) A snapshot of the data collection
procedure, i.e., professional human pilot (top) vs HDP opponent (bottom).

2) Data Collection: To reflect the heterogeneous nature
of data collected in practice, we consider a set of behavior
policies for the ego agent: Human, Hand-designed policy
(HDP) [8], and Online RL [13]. During data collection, we
use Scenario 1 to 3 and fix the opponent agent to HDP.

Human. Human dataset is collected using an interactive
simulator equipped with stick, pedal, and throttle lever. It
allows human pilots to directly manipulate the ego aircraft.
Fig. 5 illustrates the simulator and provides an example of
the data collection procedure. Human dataset consists of a
total of 112 episodes (eight hour-long trajectories).

Hand-designed policy (HDP). We use the model of [8]
derived from a flight manual. It is based on a behavior tree
and pure pursuit algorithm, achieving superhuman perfor-
mance. The dataset is collected by generating 500 episodes
for each Scenario 1 to 3, ensuring that all maneuvers outline
in behavior tree are executed.

Online RL. We train an online agent by using the method
proposed in [13]. It is based on soft actor-critic (SAC) [21]
and curriculum learning. The agent is trained to engage
against the HDP opponent through online interactions with
the environment. The resulting agent is then used to collect
trajectory samples in Scenario 1 to 3. The collected dataset
used for offline training is summarized in Table 1. Note that
Randomized Scenario is not included in the training set.

3) Metrics: We report the averaged win rate (Win), lose
rate (Lose), remaining health of ego (Health), and damage
incurred by opponent (Damage). We also report R, orm by
normalizing average returns R roughly to the range between
0 and 100 following the protocol of [19]:

Rnorm = 100 x (R_Rrandom)/(Rexpert _Rrandom)~ (12)

A normalized average return of O corresponds to the average
returns (R,qndom) Of an agent taking actions at random
across the action space. A score of 100 corresponds to the
average returns (Rezper¢) of a domain-specific expert. In
our case, this is the performance of the online agent used
to collect Online RL dataset. During the evaluation, the
aforementioned metrics are measured over 100 episodes for
each scenario separately.
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4) Training Configuration: The proposed method is im-
plemented using the PyTorch framework. We set B, H, and
C to 8, 20, and 512, respectively for DT architecture. The
same configuration is used for all DT-based methods in the
comparisons. Our models are trained for 1,000,000 iterations
using the AdamW optimizer with weight decay of 1074,
and the learning rate of 10~*. The overall loss function in
Eq. 11 is minimized with o = 0.1 and 3 = 10~5. The hyper-
parameters (M and L) of maneuver pool are set to 40 and
20, respectively based on our ablation study. For evaluation,
we select the checkpoint based on validation performance in
Randomized Scenario across 100 validation seeds.

B. Ablation Study

1) Effect of Hyperparameters for M-DT: Recall that there
are two key hyperparameters: the size of the maneuver pool
M, and the state length L. Intuitively, M decides the total
number of maneuvers present in air combat, and L decides
the number of timesteps that are used to extract maneuver-
specific information. Increasing the M shows a positive
effect on performance as shown in Fig. 6(a), suggesting the
necessity of a sufficiently large M to encode every maneu-
ver in diverse engagement scenarios. Conversely, Fig. 6(b)
indicates that M-DT performs optimally with an L of 20
timesteps, implying that the best maneuvers are extracted
with 2 seconds of information. Taking fewer timesteps as
input led to worse performance due to a lack of perception
of the surrounding situation while taking more timesteps led
to a marginal performance drop.

2) Effect of Dataset Diversity: We demonstrate that our
method can result in better performance by integrating di-
verse data sources into the offline dataset. Table II (rows 1,
2, 6) compares the performance based on the specific datasets
utilized. Results demonstrate higher performance using the
full dataset compared to the expert dataset alone, providing
evidence that the model learns more effectively with varying
levels of data distribution. For example, the expert dataset
never incurs a penalty for falling while the non-expert dataset
does. Consequently, the final trained model accounts for this
distinction, exhibiting more anti-fall maneuvers. The analysis
of Table II (row 2) is described in Section V.D.

3) Effect of Loss Functions: Subsequently, we conduct ex-
periments to observe the effect of our proposed loss function.
To this end, we train M-DT with different combinations of
loss functions and present the results in Table II (rows 3-6).

TABLE II: Ablation studies on the utilized dataset and components of
objective functions. It presents the average performance in Randomized
Scenario across 100 different test seeds.

Dataset Objective

Rnorm ~ Win  Lose Health Damage
Online RL  HDP  Human Lcent  Lgin

v X X - - 64.63 69 21 74.84 68.04
X v v - - 53.53 61 27 78.76 38.17
X X 67.49 73 25 64.82 76.73

X v 69.06 76 16 66.53 74.11

v X 70.06 80 15 64.44 77.68

v v v v v 70.59 82 15 66.03 82.88

Applying each of the centralizing loss L..,; and the diversity
loss Lg4;, encourages M-DT to discriminate learned features
from the offline dataset, resulting in improved performance.
The performance is further improved when both L..,; and
Lgiv are applied simultaneously.

C. Comparison with Baselines

We compare the decision-making ability of M-DT with
various baselines, including both conventional and state-of-
the-art learning-based methods. Since there are no offline
RL methods dedicatedly designed for air combat, we re-
implement the existing methods on our environment using
source codes provided by the authors. For fair comparisons,
all the offline RL methods are implemented using the same
DT architecture as described in Section V-A.4, and are
trained until convergence.

o Hand-designed policy (HDP) [8]. This is the policy

used to collect our offline dataset (see Section V-A.2).

o Behavior cloning (BC). BC is trained only using
Online RL data in Table I, and is not conditioned on
the return-to-go. The result of BC helps show the effect
of return-to-go tokens in transformers.

o Decision transformer (DT) [17]. We train DT using
our offline dataset to show the effectiveness of M-DT.

e Prompt-DT [23]. Prompt-DT is a variant of DT, and
integrates task-specific information sampled from expert
policies into DT through prepending. It allows us to
compare the conditioning method of M-DT with that of
Prompt-DT for air combat.

o Hyper-DT [24]. We also compare another conditioning
method proposed in Hyper-DT. It leverages adapter
layers trained from expert demonstrations to insert task-
specific information to DT.
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Fig. 7: Validation curves of M-DT and other baselines. We report (a) Win
and (b) Rynorm in Randomized Scenario according to the number of training
iterations. All runs are shown with mean (curve) and standard deviation
(shaded area) computed over 100 different validation seeds.



TABLE III: Quantitative evaluation results of M-DT and other baselines. It presents the average performance in each scenario across 100 different test seeds.

Randomized Scenario Scenario 1

Method

Scenario 2 Scenario 3

Ryporm Win Lose Health Damage Ryporm Win Lose Health Damage Ryorm Win Lose Health Damage Ryporm Win Lose Health Damage
HDP [8] 50.85 28 33 70.21 27.43 71.20 48 0 64.96 45.79 26.85 3 53 54.39 33.10 52.61 28 37 66.86 36.92
BC 54.78 55 42 56.85 63.51 95.89 100 0 97.03 99.74 73.63 83 16 81.89 65.26 49.62 40 58 54.19 42.92
DT [17] 65.79 71 24 64.91 73.16 96.31 100 0 100.00 99.42 76.89 85 14 78.78 77.99 61.26 61 39 62.83 48.01
Prompt-DT [23] 65.55 65 25 61.53 74.19 99.49 100 0 98.95 99.76 76.53 87 8 87.95 71.57 61.92 65 27 66.51 48.82
Hyper-DT [24] 67.55 72 18 74.33 70.75 95.84 100 0 97.89 98.56 78.22 91 6 86.64 70.72 61.59 66 30 68.32 4547
M-DT 70.59 82 15 66.03 82.88 101.83 100 0 99.00 100.00 78.96 91 5 86.99 95.95 63.25 68 22 68.44 51.56
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Fig. 8: Learned flight maneuver. (a) t-SNE clustering of state embeddings for the ten most used maneuver keys. Similar maneuvers are clustered together
while dissimilar maneuvers are apart. (b) Trajectory graphs of Ego (M-DT, blue) and opponent (HDP, red) while performing the generated maneuvers.
(c) Snapshots of generated maneuvers along with graphs of deviation angle and incurred damage during maneuvers.

For Prompt-DT and Hyper-DT, we additionally construct the
demonstration dataset with the expert policy of [13]. Given
St—r+1:t,» we sample the most similar trajectory segment
from the demonstration dataset using the cosine similarity
since it is impossible to manually provide proper demon-
strations. The sampled trajectory segments are then used as
expert demonstrations for training Prompt-DT and Hyper-
DT. We also try using the stochastic sampling method as in
[23], but find performance to be worse.

Table III and Fig. 7 present the quantitative results of
M-DT and the compared methods. We find that Prompt-
DT and Hyper-DT show better performance than DT in in-
domain evaluation as in Table III(Scenario 1 to 3). Con-
trarily, we observe that their conditioning methods using
expert demonstrations do not generalize well at Randomized
Scenario, and the improvements are marginal as shown Fig.
7 and Table III(Randomized Scenario). Rather than directly
using expert demonstrations, M-DT learns maneuver-specific
feature prototypes, and deeply interacts with self-attention
blocks in DT, achieving consistent improvements across
various scenarios. These results validate the discriminative
power and generalization ability of M-DT in generating
appropriate maneuvers.

D. Maneuver Analysis

1) Contextualized Maneuvers Generated by M-DT:
For a deeper understanding of what the M-DT learns, we

visually examine how the maneuver pool selects the most
appropriate maneuver based on engagement circumstances,
as illustrated in Fig. 8. We sample state embeddings from
10 episodes in Randomized Scenario and cluster them into
two embedding-space dimensions using t-SNE. Fig. 8(a)
demonstrates that state embeddings are properly clustered for
corresponding keys and each key is appropriately separated.
Fig. 8(b) illustrates the trajectories of the mapped maneuvers.
When comparing these maneuvers to the BFM categorized
by fighter tactics [2], they resemble Rolling Scissors and Lag
Pursuit. We investigated the tactical impact of each maneuver
by analyzing the deviation angle and the inflicted damage
from the perspective of the blue aircraft (M-DT), as shown
in Fig. 8(c). The reduced deviation angle and increased
damage prove that each maneuver effectively provides a
tactical advantage.

2) M-DT without Online RL data: Since exploration is
necessary for online RL training, constructing offline datasets
using online RL agents may not be feasible due to poor
sample efficiency and safety [26]. To alleviate real-world
trial-and-error costs, we train M-DT using limited data
sources from human pilots and the HDP model that do
not require an online training process. Fig. 9(a) shows that
M-DT trained from the entire data sources performs more
aggressive and diversified maneuvers. Meanwhile, M-DT
trained without online RL data (53.53/61, Table II) obtains
better performance compared to HDP (50.85/28, Table III), in
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Fig. 9: Combating trajectories performed by M-DT with different data
sources but initialized under the same conditions. (a) M-DT generates
diverse maneuvers using offline data supported by Online RL agents,
achieving effective damage. (b) M-DT trained with near real-world data

sources performs cautious maneuvers while maintaining a low altitude and
keeping opponents within short range.

terms of R, and Win. Fig. 9(b) additionally demonstrates
its preference for safe maneuvers, aligning with the typical
behavior of humans or HDP in real-world scenarios where
riskier actions are generally avoided. These results indicate
that M-DT performs well even when trained on limited data
sources, suggesting the potential for real-world applications.

VI. CONCLUSION

In this paper, we presented M-DT, a novel offline RL
framework for decision-making in air combat. We first con-
structed a high-fidelity air combat simulation environment
and collected extensive datasets relevant to real-world air
combat scenarios. M-DT leverages DT architecture to obtain
its sequential modeling ability and maneuver pool which
records prototypical representations of diverse maneuvers.
By conditioning DT on maneuver-specific instruction, M-
DT successfully learns complex tactical maneuvers. The
experimental results demonstrate that M-DT is effective
across various engagement scenarios and outperforms other
offline RL baselines. Although we considered various dataset
collection procedures, all the data were obtained in the
simulation environment which may not capture the full
characteristics of real-world environments. In future work,
we will consider applying M-DT to real aircraft with more
diverse combat scenarios.
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