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1. Introduction

Autonomous decision-making for air combat is
becoming increasingly critical, as engagements
require fast, high-quality decisions under un-
certainty, often involving multiple adversaries
and coordination requirements. This push is
strengthened by next-generation air systems
that rely on Al and teaming with autonomous
UAVs [1, 2|. In this landscape, Deep Reinforce-
ment Learning (RL) is a promising approach for
learning adaptive behaviors in complex, adver-
sarial settings [3, 4].

Within Visual Range (WVR) combat, collo-
quially known as dogfighting, is a demanding
benchmark: fights unfold at short distances and
high angular rates, where small timing and ge-
ometry changes can decide the outcome. An
agent must control the aircraft continuously, re-
spect flight-envelope and safety limits, and plan
against an opponent that actively reacts and
counters.

This thesis develops and evaluates RL-based
dogfighting agents with an emphasis on repro-
ducible benchmarking and a clear split between
prototyping and realism. First, modular Gym-
nasium [5] toy-model environments are used to
prototype observations, actions, and rewards,

and to benchmark standard RL algorithms on
key sub-tasks (interception, tracking, pursuit).
Second, the same pipeline is transferred to a
high-fidelity JSBSim [6] setup with realistic 6-
DoF dynamics and constraints.

In this thesis, we explore a unified and modu-
lar framework for reinforcement learning in au-
tonomous aerial combat, designed to support re-
producible experimentation. The objective is
not to impose predefined control strategies or
expert-driven behaviors, but rather to investi-
gate whether meaningful and effective behav-
iors can emerge directly from pure reinforcement
learning.

2. Methods Overview

This work uses a standard RL formulation based
on a Markov Decision Process (MDP), where
the agent maps observations to actions to max-
imize expected return (Figure 1). Neural poli-
cies and value functions are represented with ac-
tor—critic architectures: MLPs are used by de-
fault, while recurrent memory is adopted when
temporal context is needed. Implemented meth-
ods across the toy-model environments and the
JSBSim stage are:
e PPO (on-policy) |7]
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e TD3 (off-policy) 8]
e SAC (off-policy, entropy-regularized) [9]
e rPPO with LSTM (on-policy) [10]
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Figure 1: Visual representation of an MDP.

3. Toy Model

A first stage uses custom Gymnasium toy-model
environments to prototype the full RL pipeline
under fast and controllable simulation. Each en-
vironment isolates a key capability and increases
complexity step by step, so that observation de-
sign, action parameterization, reward shaping,
and training stability can be validated before
moving to high-fidelity flight dynamics.
The toy-model roadmap includes:
e FollowPoint: minimal 3D point reaching
with kinematic updates
e FollowTrajectory: tracking a moving target
along randomized 3D Bézier paths to stress
generalization
e Tag: two-agent pursuit—evasion with warm-
start and Frozen Opponent Self-Play
e Fight: a simplified dogfight task with tac-
tical geometry, including standard track-
ing angles and a Weapon Engagement Zone
(WEZ) concept, plus hit/win signals.
Across these tasks, the toy stage enables rapid
debugging and ablation studies while keeping
the interfaces consistent with the later JSBSim
setup.

4. JSBSim Simulator

JSBSim is used as the realistic validation
stage of the framework, based on a physics-
based 6-DoF rigid-body aircraft model (F-16).
The simulator integrates coupled translational
and rotational dynamics, expressed through
standard reference frames and attitude angles
(roll-pitch—yaw), as illustrated in Figure 2. In

this setting, control is no longer kinematic: aero-
dynamic coupling, actuator limits, and delayed
responses make the learning problem signifi-
cantly harder and closer to real flight.
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Figure 2: Reference frames and attitude angles
used to describe a 6-DoF rigid-body aircraft mo-

tion [2].

To connect RL to the aircraft, the agent out-
puts continuous commands that are mapped to
primary control surfaces and throttle. In partic-
ular, the action vector is:

a = [aileron g, elevator g, rudder,q, throttle 4]

with normalized ranges for surfaces and a con-
strained throttle range to avoid extreme regimes.
The role and deflection logic of the surfaces
is summarized in the Figure 3 (ailerons modu-
late roll, elevator changes pitch, rudder modifies

yaw).

Figure 3: Main aircraft control surfaces and
their typical deflection directions.

The agent observes a fixed, shared state repre-
sentation across tasks to keep comparisons con-
sistent. The observation is a 20-dimensional
vector including position, attitude, velocities in
both NED and body frames, calibrated airspeed,



accelerations, aerodynamic angles (Angle of At-
tack «, Sideslip Angle ), and angular rates
(p,q,r). This design supports both single-agent
flight tasks and multi-agent dogfighting without
introducing task-specific shortcuts.

For dogfighting, the simulator also relies on stan-
dard combat-geometry angles (shown in Fig-
ure 4), such as ATA, AA, and HCA, which com-
pactly describe line-of-sight alignment, tail as-
pect, and heading crossing. These variables are
used both as evaluation metrics and (in the fully
observable setting) as explicit inputs to reduce
ambiguity in credit assignment.
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Figure 4: Visualization of tactical tracking an-
gles in air-combat geometry.
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Figure 5: Block diagram showing the full mod-
ular framework. Colored blocks represent mod-
ular components.

To support reproducibility and fair algorithmic
comparison, we developed the framework shown
in Fig. 5, which emphasizes modularity and
plug-and-play integration.

5. Environments

All ToyModel environments were analyzed, as
well as several environments from the JSBSim
model. However, for brevity, this document fo-
cuses only on the two most relevant ones.

5.1. FollowPoint

FollowPoint is a single-agent guidance task used
to validate goal-reaching under realistic 6-DoF
dynamics. The aircraft must reach a randomly
generated fixed 3D target while staying within
altitude bounds; success is defined by a distance
threshold, and failures are triggered by leaving
the safe altitude band or by exceeding the step
budget.

The reward is mainly an error-penalization shap-
ing that combines altitude error, heading error,
attitude leveling, and normalized distance, with
sparse terminal events for success/failure. The
final reward is:
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This dense reward penalizes altitude, head-
ing, roll/pitch, and distance errors, each as a
weighted term.

5.2. Dogfight

Dogfight is the main benchmark of the thesis:
two agents fight in a realistic 3D WVR setting
with JSBSim F-16 dynamics. The environment
uses multiple initial combat scenarios to reduce
overfitting to a single opening geometry, explic-
itly studying reward coupling (Zerosum vs Non-
Zerosum). No curriculum or imitation learning
is used: behaviors must emerge from reward-
driven Frozen Opponent Self-Play [11] under full
aircraft constraints.

Two reward formulations are considered for the
JSBSim dogfight task. A Zerosum version,



which enforces strict competition by construc-
tion:

adv(t) = tanh(a (so(t) — s1(2))).

(= Rerash +Rerash) if crashg(t) A —crash; (t),
(+Rcrdsh —Rerash) if —~crasho(t) A crash; (t),
(0,0 if crashg(t) A crash; (¢),
(0,

(ro(t), m(t)) = ) if killp(£) A killy (£),

=

(ad\ (f) + Ryin, 7adv(t) - ka) if killg(l) A =Kkilly (t),
(ad\ (t) — Ry, 7adv(t) + ka) if “kﬂlf)(t) A killy (t),
(adv(t), —adv(t)) otherwise,

with s;(t),7 € {0,1} being the per-agent dense
score, and a Non-Zerosum version, which com-
bines engagement, safety, and outcome terms to
improve training stability:

rB(t) = rPe(t) + 9o (t) + VA (8) 4+ P (2)

ri(t) = M() 1) + (1) + 1)

(2

o rfeath () p 2 (1) + i (t) + i 1)

which combines an engagement part and sev-
eral safety/regularization terms. The engage-
ment reward includes rbase (geometry shaping:
preferred range, LOS positioning and nose align-
ment), 71 (reward for reducing distance),
erEZ (bonus if you are in WEZ and penalty if
the opponent is), and r¥i!! (sparse hit/destroy
event). On top of that, it adds 2! (penalize un-
safe altitudes and sinking while low), rf&" (dis-
courage disengagement), "V (penalize excessive

roll/inversion), rtime (small per-step time cost),

plus rdmg and r?eath to penalize taking damage

and belng destroyed.

6. Remarkable Results
6.1. FollowPoint

In this experiment, three PPO-based variants
are compared: standard PPO, a recurrent PPO
(rPPO), and a Multi-Frame PPO (MFPPO)
baseline that stacks observations over time.
Training trends show a consistent learning pat-
tern across methods: as experience accumulates,
mean episode reward increases while the mean
final distance to the target decreases, indicat-
ing that the agent progressively learns a viable
closed-loop guidance strategy (Fig. 6). Among
the compared approaches, MFPPO reaches

higher rewards earlier and reduces final distance
more decisively during the early-to-mid training
phase, suggesting that explicit temporal context
through frame stacking improves short-horizon
prediction of target-relative dynamics.
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Figure 6: FollowPoint training reward and final
distance from target.

rPPO follows a similar trajectory, with slightly
slower early gains but a steadier progression,
consistent with the role of recurrent memory in
filtering short-term observation noise and stabi-
lizing control. Standard PPO remains systemat-
ically behind, with slower and noisier improve-
ment and a weaker reduction in final distance,
indicating that single-step observations can be
insufficient to consistently infer turning dynam-
ics in this flight-control setting.

Success rate increases for all methods, but it
grows earlier and becomes higher for MFPPO
and rPPO, while PPO lags and shows larger
variability (Fig. 7). At the same time, crash rate
rapidly collapses toward zero after the initial ex-
ploration phase for every method, implying that
catastrophic failures are mostly confined to the
beginning of training.
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Figure 7: Success and crash rates in Follow-

Point.

After basic stability is learned, the timeout
rate rises sharply early on (the agent remains
controlled but does not reach the target fast
enough), and then decreases more for MFPPO
and rPPO than for PPO. Both policy and value



losses decay rapidly from initial peaks and then
settle into a lower-variance regime, with rPPO
showing especially regular loss behavior in prac-
tice.

Evaluation results (Table 1) confirm the ad-
vantage of temporal context. Over 100 deter-
ministic evaluation episodes, rPPO and MF-
PPO achieve higher average reward and better
accuracy-oriented metrics than PPO.

The number of steps per episode is similar across
methods in this setup, so the main improvement
is expressed as higher success and better final
positioning rather than shorter episodes. Frame
stacking (MFPPO) improves early learning and
target approach quality, while recurrent memory
(rPPO) achieves comparable or better final per-
formance with smoother, more realistic control
behavior. This distinction is relevant for down-
stream use in flight tasks, where achieving the
objective with fewer oscillations and less control
“chatter” is an important practical requirement.

Figure 8: FollowPoint evaluation episode.

6.2. Dogfight

The Dogfight setting considers a fully observ-
able air-combat scenario in JSBSim, where each
agent receives a complete description of the en-
gagement state. Training is carried out with the
Non-Zerosum reward formulation, adopted be-
cause prior experiments indicated that it pro-
vides a more effective learning signal than strict
Zerosum shaping in this environment.

The base reward over training (Fig. 9) remains
noisy, which is expected in a dogfight setting
where small timing and geometry differences can

lead to abrupt regime changes. The Weapon En-
gagement Zone (WEZ) reward and the kill re-
ward show increasingly frequent and persistent
activation (Fig. 10), which indicates that, with
sufficient training time, the agent is not only sur-
viving or maneuvering, but repeatedly reaching
geometries associated with weapon-effective po-
sitioning and, in some cases, converting them
into terminal outcomes.
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Figure 9: Dogfight base reward.
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Figure 10: Dogfight engagement rewards.

The HP trends show an increasing asymmetry
between the two agents over training. This sug-
gests that the self-play process can converge to-
ward a regime where one policy gains a system-
atic advantage that the counterpart does not
fully counterbalance. In practical terms, this is
consistent with the emergence of a “dominant”
behavior under the current training alternation
and reward structure. At the same time, tacti-
cal geometry indicators show wide fluctuations,
reflecting the sensitivity of dogfight dynamics to
maneuver timing, closure rate, and relative turn-
ing performance.

Over 10 deterministic evaluation episodes (Ta-
ble 2), Agent 0 achieves substantially higher shot

Algorithm  Avg Reward  Steps/episode |  Avg distance |  Success ratio [%] 1
PPO 942.3 4+ 710.6 791.9 £ 287.5  2457.8 £ 1920.1 28.0 + 45.1
MFPPO 1377.2 £533.6  791.3 + 275.7  1849.1 4+ 2258.6 44.0 £ 49.9
rPPO 1485.8 £ 330.8  791.1 & 287.7  1435.6 &+ 1376.5 44.0 £+ 49.9

Table 1: FollowPoint results.



counts than Agent 1, with the reward values
also reflecting this asymmetry, consistent with a
learned dominance pattern. These quantitative
results indicate that the training leads to poli-
cies that not only reach weapon-effective states
but can repeatedly capitalize on them to pro-
duce damage events. This is a central outcome
for the thesis, because it represents a transition
from unstable or indecisive short-horizon behav-
iors to episodes where engagements are closed
more decisively and more repeatably.

Figure 11: Dogfight evaluation episode.

These results show that selecting a Non-Zerosum
shaping objective enables actionable dogfight
behavior, and extending training time consol-
idates this behavior into measurable offensive
effectiveness under self-play, particularly when
the observation is fully informative. The main
limitation visible in the results is the emergence
of a strong asymmetry between the two agents,
suggesting that long-horizon self-play may con-
verge to a dominant policy pair rather than a
balanced equilibrium. Nevertheless, this experi-
ment provides the clearest evidence that the pro-
posed JSBSim-based pipeline can produce long-
horizon engagement behaviors with consistent
damage outcomes, moving beyond mere surviv-
ability toward fully emergent combat interac-
tions.

7. Conclusions

This thesis investigated Deep Reinforcement
Learning (DRL) for autonomous aerial com-
bat through a two-stage pipeline that moves
from controlled toy-model environments to high-

fidelity JSBSim simulation. The main result is
that much of the ambiguity commonly found in
prior air-combat RL work can be reduced by
using our proposed modular and reproducible
benchmarking setup, where tasks, observation
variants, reward functions, training configura-
tions, and evaluation protocols are explicitly
separated and interchangeable. This structure
makes comparisons more inspectable and re-
peatable, and it supports systematic ablations
rather than relying on isolated “win-rate” style
outcomes.

The toy-model experiments showed that with
well-shaped rewards and episode design, pursuit
and tracking can be learned reliably under fixed
seeds and standardized metrics. Moving to JS-
BSim stressed the same pipeline under realis-
tic 6-DOF dynamics: meaningful behaviors still
emerged, but robustness and generalization be-
came the main bottlenecks, with strong sensi-
tivity to initialization, scenarios, rewards, and
opponent non-stationarity. These issues mirror
known challenges in the literature, such as re-
ward brittleness, partial observability, and un-
stable self-play.

A key contribution of the work is the supporting
infrastructure itself. Reproducibility is treated
as a primary requirement via clean baselines,
containerized execution, structured experiment
tracking, systematic checkpointing, and detailed
logging that enables analysis of trajectories and
emergent behavior rather than only aggregate
scores. As a result, the thesis provides a con-
crete reference framework to evaluate methods
under consistent interfaces and comparable met-
rics, and to make remaining challenges explicit
and measurable.

Future work should prioritize stabilizing adver-
sarial training and improving tactical perfor-
mance in JSBSim. Promising directions include
league-based training with PFSP to reduce non-
stationarity, and a hierarchical policy that sepa-
rates high-level intent from low-level continuous
control.

Algorithm Reward (0) © Reward (1) 1+  Shots Landed (0) 1 Shots Landed (1) 1

rPPO 0.082 £ 0.549 -0.850 4 0.791

15.0 £ 4.1 1.7+ 1.6

Table 2: Dogfight results.
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