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Abstract: With the rapid evolution of weapon systems towards precision and intelligence, unmanned aerial combat has
increasingly transitioned from close-range engagements to beyond-visual-range (BVR) operations. This paper
addresses the challenges of learning effective missile launch strategies in BVR air combat, where the long delay
between weapon launch and target hit leads to sparse and delayed reward problems. This paper first extends the multi-
agent proximal policy optimization (MAPPO) framework to incorporate expert rule-based launch control, resulting in
MAPPO with launch constraints (MAPPO-LC). This method ensures that missile launch decisions satisfy tactical
constraints on distance, altitude and timing while providing the learning process with a viable starting policy. Building
upon this baseline, this paper introduces MAPPO with reward return (MAPPO-RR), a reward return mechanism that
explicitly identifies missile launch and hit events as key decision nodes, and return the hit reward to the launch step.
This reward redistribution method mitigates the delayed reward problem, and significantly accelerates policy
convergence in multi-agent BVR scenarios. Experimental evaluation demonstrates that the MAPPO-RR algorithm
achieves a win rate exceeding 75% and exhibits a sampling efficiency over 55% higher than that of the baseline method.
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0 Introduction

Autonomous air combat (AAC) technology re-
fers to the capability of a fighter aircraft to acquire
battlefield situational information through onboard
sensing equipment and autonomously execute air
combat maneuvers based on observations. This is
achieved by generating tactical decisions and execut-
ing them through maneuver control actions. Among
these, the decision-making module, tasked with
generating optimal tactical actions in real-time under
highly dynamic and complex air combat scenarios,
constitutes the primary focus and challenge of AAC
research. Decision-making algorithms in air combat
can be categorized into four branches''': Game theo-

[2-3]

ry-based methods

[4-5] , ex-

, heuristic algorithms

pert knowledge-based approaches®”’, and neural
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network-based techniques.

With the advancement of reinforcement learn-
ing (RL) algorithms and their remarkable perfor-
mance in domains such as Atari and StarCraft, an
increasing number of researchers are exploring the
application of RL to autonomous air combat deci-
sion-making. Hu et al.'® proposed a novel dynamic
prioritized replay method, enabling agents to learn
tactical strategies from historical data, thereby en-
hancing the algorithm’s convergence speed. Liu et
al.'”’ addressed low training efficiency in proximal
policy optimization (PPO) by incorporating multi-
head attention and phased reward mechanisms. Liu
et al.'"” developed an air combat decision-making
method based on multi-agent proximal policy optimi-

zation (MAPPO) , specifically for beyond-visual-
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range (BVR) scenarios. To tackle the sparse re-
ward problem in traditional RL, they designed a
comprehensive reward function. Xu et al.'''" pro-
posed a RL method combining virtual opponent
modeling and value attention decomposition, ad-
dressing higher-order dynamics challenges and cred-
it assignment problems while demonstrating superi-
or performance in complex scenarios. Zhang et al.""*
presented an algorithm which uniquely combined pri-
or-based training with prior-free execution to accel-
erate training, ensure robust target reacquisition.
To capture temporal scale features in aerial combat

observations, Yang et al."™®

integrated long short-
term memory (LSTM) layers into neural net-
works, supplemented with delayed mput stacking
techniques, and further combined expert policies,
curiosity-driven reward mechanisms, and curricu-
lum learning to enhance adaptability and strategic
decision-making.

Han et al."* proposed the prioritized population
play with diversified partners (P3DP) method,
which enhanced the robustness of unmanned aerial
combat vehicle tactical maneuver decision-making
against diverse opponent strategies through historical
win-rate-based prioritized sampling, joint optimiza-
tion of individual and population entropy, and a part-
ner mechanism. Chen et al.""” proposed an attention-
based multi-agent actor-critic (AMAAC) algorithm
for unmanned aerial vehicle (UAV) decision-mak-
ing, and extending a missile hit probability-based ac-
tor-critic model to multi-UAV scenarios. A observa-
tions-of-fighters encoder (OFE) was introduced to
extend the algorithm to UAV combat scenarios of

different scales. Wang et al.''”

proposed a rule-driv-
en decision-making method enhanced by evolution-
ary game theory, aiming to improve interpretability
and competitiveness in one-versus-one (1vl) BVR
air combat.

Current research indicates that the RL algo-
rithm holds significant potential for application in
multi-agent cooperative air combat decision-making.
However, several issues remain in existing studies.
First, the realism of simulation environments is of-

ten insufficient. To reduce computational complexi-

ty, many studies simplify aircraft models and on-

board systems in simulations. For instance, some
studies simplify air combat by using 2D environ-

([17]

ments ', three-degree-of-freedom aircraft mod-

els'™, basic fire-control radar and automated attack

missile!!

. Second, the primary weapon in BVR air
combat scenarios is the medium-to-long-range mis-
sile. However, existing studies often handle missile
launch using either fixed expert strategies or launch
reward'"”). Methods based only on expert rules lack
adaptability, while approaches relying on immediate
launch rewards suffer from the delayed reward prob-
lem due to the long interval between launch and hit.
To address these challenges, this paper presents the
MAPPO with reward return (MAPPO-RR) algo-
rithm.

The key contributions of this work are as fol-
lows.

(1) A comprehensive framework is presented
to address challenges of autonomous UAV coordina-
tion in BVR air combat. To enhance the perfor-
mance of multi-agent RLL in BVR combat, expert
knowledge-based cooperative rules are designed as
adversarial strategies to guide RL training. We em-
ploy MAPPO as the foundational algorithm to con-
struct a centralized training with decentralized execu-
tion (CTDE) reinforcement learning framework.

(2) A missile launch constraint strategy MAP-
PO with launch constraints (MAPPO-L.C) is intro-
duced into the original MAPPO framework. By de-
termining launch permission based on distance,
flight altitude and cooldown, MAPPO-LC enables
the agent to perform reasonable offensive actions
during early training. This approach overcomes the
limitations of treating missile launch as a standard
action, mitigating ineffective early-stage policies
and facilitating the acquisition of positive rewards.

(3) MAPPO-RR, a reward reshaping mecha-
nism is introduced to address the delayed reward
problem by returning critical rewards to earlier deci-
sion points, thereby enhancing the agent’s ability to
learn key actions and improving overall training effi-
ciency. The proposed algorithm achieves a stable
win rate exceeding 75% against that of expert-level
strategies, demonstrating significant improvements
in both tactical success and training efficiency com-

pared to baseline methods.
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1 Simulation Environment

1.1 Combat model and scenarios

The BVR air combat simulation system de-
signed in this study utilizes a hybrid Python and
C++ programming approach. Aircraft and missile
dynamics are encapsulated in C+ -+, while the re-
maining components are implemented in Python.
The aircraft model in this study is based on the JSB-
Sim library. An open-source aircraft dynamics mod-
eling software is developed in C+ =+ . It defines the
six-degree-of-freedom full'-motion equations for the
F-16 fighter and is widely recognized and used in
both academic and industrial sectors.

To obtain strategies suitable for real combat
scenarios, a simulation environment that reflects re-
alistic conditions is constructed, as shown in Fig.1.
The multi-threaded simulation module enables paral-
lel simulation training for different combat tasks. In
this environment, agents interact with the simula-

tion to obtain observational data. Ego aircraft data

are gathered through sensors. Partner aircraft data
are transmitted via data links, and enemy aircraft in-
formation is captured by radars. These three types
of information are integrated to support agent deci-
sion-making.

The simulated battlefield is an unobstructed air-
space. Each of red and blue teams consists of two
unmanned F-16 fighters, with each aircraft carrying
six AIM-120D medium-to-long-range air-to-air mis-
siles. All aircraft are equipped with fire-control ra-
dars, electronic support measures and data links. At
the start of combat, early warning aircraft provide
both teams with situational information with noise.
To ensure a fair evaluation of algorithmic perfor-
mance, two teams are configured with identical ma-
neuvering and combat capabilities. Consequently,
the engagement outcomes are strictly dictated by
their respective decision-making methods where an
expert rule-based strategy versus a reinforcement
learning agent. The goal for both teams is to maxi-
mize enemy aircraft destruction while ensuring self-

alive to secure victory.

‘ Initialization : Combat environment, combat mission, agent decision model ‘

Multi-thread simulation module l
Jf A
- )
| Simulation environment ‘ Motion resolving [—*

l l l Interaction State /
‘Datalinkl ‘ Sensor ‘ ‘ Radar ‘ @l@ JSBSimreT;;eﬁng

Multi-agent RL algorithm

Partner Ego Enemy Control
info info info quantity
Agent decision model b 1(\:;11::(1:1\1’::
Observationl T Policy
| Expert knowledge | B |/
N\ Y, . ..
Continued trainin,
Multi-thread Multi-thread €
simulation data policy

Saving data

Fig.1 Framework of cooperative air combat simulation system

1.2 Expert opponent strategies for reinforce-

ment learning

The cooperative attack-defense strategy de-

signed in this paper is based on the basic theory of

BVR air combat. The attack strategy consists of
two parts: Missile launch and aircraft maneuvering.
For the missile launch strategy, a variable launch al-

titude is used based on the distance to the enemy.
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The launch command is given when the aircraft
reaches the permissible launch altitude. For the ma-
neuvering control strategy, it is divided into four
phases: Attack, attack-to-defense switch, defense

and defense-to-attack switch, as shown in Fig.2.

I Middle
guidance

Terminal
guidance

Program
guidance

s -~ 4

Attack-defense

Attack phase switching

Defence phase

Fig.2 Schematic diagram of each phase of BVR air combat

During the attack phase, priority is given to
maintain the aircraft at the missile launch altitude
while executing maneuvering actions to obtain a fa-
vorable attack angle. The aircraft approaches the en-
emy target and executes a climb maneuver to in-
crease the altitude, thereby expanding the missile’ s
firing range. Subsequently, by pitching up, it per-
forms a lofted missile launch for long-range attacks.
Before missile lock-on, the aircraft descends to a
low altitude to provide mid-course guidance for the
missile.

The attack-defense switch is triggered by one
of two conditions: (1) When the aircraft receives
a missile warning; and (2) when it runs out of
weapons. The dodge missile takes the highest pri-
ority in the decision-making process. Upon receiv-
ing a missile warning, the system immediately
switches to the defense phase and performs an eva-
sive maneuver, executing a barrel roll to turn and
face away from the missile’ s direction to avoid in-
terception.

In the defense phase, no missile launches are
allowed. Instead, the aircraft maneuvers to increase
distance from the enemy and attempts to approach
from the side to regain positional advantage. After
successfully evading the missile, the aircraft rapidly

flies away from the enemy to restore a favorable tac-

tical situation.

The defense-to-attack transition occurs when
the maximum duration of the defense phase is
reached and the aircraft still has remaining missiles.
At this point, the system transitions back to the at-
tack phase.

2 MAPPO-RR Algorithm Frame-

work

2.1 MAPPO algorithm introduction

In multir-UAV BVR air combat decision-mak-
ing, each UAV is modeled as an independent deci-
sion-making agent, and the air combat process is
treated as a finite-horizon decision-making problem
with incomplete situational information during en-
gagements. This scenario can be formulated as a de-
centralized partially observable Markov process
(Dec-POMDP)"™"".

A decentralized Markov process can be repre-

sented as {N,S,0,A,P,R,y), where N=

{1,2,---,n}, O denotes the observation space of
agents, and S describes the true state of the environ-
ment. At each time step, each agent selects an ac-
tion a;, according to its policy m; and local observa-
tion 0,,. A={A,, A,, ---, A,} denotes the set of ac-
tions available to all agents, and A, denotes the set
of actions available to agent i. The joint action u =
{a\,a,, -++,a,} denotes the combination of actions
chosen by all agents at time 7. The state transition
function P(s,.la,s,) denotes the probability that
the next state is s,., given the current state s, and
the joint action «,. R denotes the reward function,
and y 1s the discount factor, reflecting the impor-
tance of future rewards. The multi-agent decision
policy is expressed as a joint policy function
rr(u|.s'):]l[n,.( a,ls;). During each policy update, it
i=1
is essential to evaluate the rewards obtained by the
strategy. Solving the Dec-POMDP problem means
optimizing an objective function to identify the poli-

cy that m(uls) selects the optimal joint action u at

state s.
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In reinforcement learning, the actor-critic
framework integrates policy evaluation and policy
improvement, offering both robust performance and
flexibility that effectively speed up algorithm conver-
gence. Under this framework, we implement the ac-
tor and critic using two distinct neural networks, as
shown in Fig.3. Both architectures consist of a fea-
ture extraction layer, a gated recurrent unit (GRU)

for processing temporal dependencies, and a multi-

layer perceptron (MLP) to generate the final out-

puts.

( =\
P

9
hy = h_,— h,
Feature
extraction layer
0y, Sy U,
/

A *

(a) Actor network (b) Critic network

Fig.3 Algorithmic network structure

The actor network employs a policy function
with the objective of maximizing the expected cumu-
lative return, while the critic network uses a value
function to estimate the value of the current policy.
To alleviate the high variance associated with gradi-
ent estimation, an advantage function is introduced
to quantify the relative benefit of a given state-action
pair over the average performance.

Alo,a)=Ql0,a,)— Vo,) (D)

PPO'™ is a RL method based on the actor-crit-
ic framework. It effectively addresses the challenge
of selecting an appropriate learning rate during train-
ing. During updates, PPO computes the ratio of the
action probabilities under the new policy m,(alo,)
and old policy 7, (a,lo,) to control the extent of poli-
cy updates. PPO restricts policy changes by intro-
ducing a clip function to constrain this ratio. The ob-

jective function of PPO is presented as

Jeaw(0)=E,[min(r,(0)A,,clip(r,(0),1 —¢e, 1+
e)A,)] (2)
In this context, e denotes the clip coefficient
and the clip function constrains the ratio (@) be-
tween the new and the old policies within a predeter-
mined interval [1 —¢,1+ €] to ensure the algo-

rithm’s convergence.
2.2 State space and action space

For state space, both global and local observa-
tions are used. The critic network employs a 244-di-
mensional global observation for action evaluation,
while the actor network selects actions based on a
99-dimensional local observation.

For the 2v2 BVR air combat scenario, the
global observation includes complete state informa-
tion for all aircraft and missiles. Specifically, each
aircraft ego state includes id, position, attitude, ve-
locity, acceleration, radar and lock information,
and remaining missiles. The missile data are record-
ed for 24 missiles with each missile information
(ego id, target info, and lock info).

The local observation for each aircraft includes
information such as partner information, enemy in-
formation, ego missiles, enemy missile and radar
warning. Regarding enemy aircraft information,
when the radar cannot track the enemy aircraft, the
own aircraft receives status information with noise.
If aircraft locks enemy through radar, it receives the
real information.

For the action space, two agents share the
same action space and adopt a centralized training
with CTDE architecture. During training, a single
policy network is utilized, while during execution,
each agent makes independent decisions based on its
own observations. The selected actions will serve as
the top-level commands for the tactical controller,
which then passed to the lower maneuver layers to
control the aircraft’s posture. As shown in Table 1,
11 maneuvering actions are designed, including lev-
el flight, climbing, diving, turning and dodge mis-

siles, among others.
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Table 1 Action space

Maneuver code

Maneuver description

Level flight
Acceleration
Climb
Dive
Missile evasion
Sharp turn toward enemy

Turn toward enemy

Keep speed at 1 Mach
Accelerate to 2 Mach
Climb at a 30° angle
Dive at a —30° angle
Turn away from missile direction to evade
Perform a 6g horizontal turn toward the enemy target bearing

Perform a 4g horizontal turn toward the enemy target bearing

Sharp turn away from enemy
Turn away from enemy
Turn tangential to enemy

Offset toward enemy

Perform a 6g horizontal turn to face away from the enemy target bearing
Perform a 4g horizontal turn to face away from the enemy target bearing
Perform a 4g horizontal turn to a bearing perpendicular to the enemy target

Perform a 4g horizontal turn to a bearing =+ 30° relative to the enemy target

2.3 Reward function

In the combat mission scenario presented in
this paper, a fully cooperative environment is de-
signed, where all agents share the same reward
function. The reward function consists five compo-
nents: Death penalty, missile hit reward, guidance
reward, lock-on reward and missile warning re-
ward. The reward of agent 7 at time step 7 is

R(z” - R(die)alh + Riulﬁ) + Ri{lu)id + R(l(igk + R(wi:m (3)
The death rewards for the entire combat mis-
sion are designed as
—20 Agentiisshotdown
Riw=1—100
0 Otherwise

Agent i crashes (4)

To address the issue of sparse rewards, subjec-
tive rewards are assigned throughout the entire mis-
sile launch process. This encourages the aircraft to
acquire advantageous positions for missile launches
and assists the missile in locking onto the enemy

through the guidance process

(i) —
RI\iT — 2 I: Z[parcnl(m )= * il + ﬂguidcr(m )=i* rgllid:l (5)

meM,

where M is the set of missiles that successfully hit
a target during the episode; ry,= 40 the reward for
directly launching a missile that destroys an enemy;
Teia = 40 the reward for guiding a missile that de-
stroys an enemy; I the indicator function;
parent(m ) the missile’ s launching aircraft 1D; and
guider(m ) the aircraft to provide guidance for mis-
sile m.

For the guidance phase, to encourage the air-

craft to fly towards enemy for missile guidance, re-

wards are given when the aircraft successfully
guides the missile.

R;’;,Ll: 0, h,<<H, ord,> Dy,, guiding (6)

0 Otherwise
where A, i1s the altitude of UAV i; H,, = 6 000 m;
d; the missile-target distance; D, = 90 000 m and
J, = 0.000 5.

If a missile successfully locks on a target, a re-
ward is given, with an additional bonus for high
speed.

S, v.=3M

Riw=0,+1{" .
0 Otherwise

(7)

where 0,= 0.01 is the base lock reward; v,, the mis-
sile velocity; M the Mach speed unit; and §,= 0.2
the high-speed lock bonus.

For the dodge missile phase, if the number of
missile warnings is smaller than that of the previous
time step, it means that the missile evasion is suc-
cessfully achieved through maneuvering, so a re-
ward is given. If an incoming missile threat is detect-
ed, a penalty is proportionally applied to the current

load factor.

Aam MySrfe)v > W(l)
(i) |aE,I) 0
RV:'FH’H + — _/Qwam ° 1 - 5 W ! > O (8)
0 Otherwise

where ay., = 2.0 is the reward for a decrease in the
number of active missile warnings; M, the previ-
ous step’ s missile warning count; W'’ the current
missile warning count; B,..,— 0.02 the penalty scal-

ing factor; and a'" the aircraft overload.
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2.4 Missile launch constrain strategy

In a BVR air combat, due to the limited num-
ber of missiles, the number of decision-making
chance for the agent to launch a missile is limited. If
missile launches are treated solely as maneuver ac-
tions for exploration, the simulation inevitably re-
sults in multiple selections of the missile launch ac-
tion. As a result, all missile launches may be wast-
ed early in the episode, severely limiting the
agent’ s ability to explore the optimal state-action
space associated with successful combat outcomes.
When given the limited number of missiles, the
agent will struggle to learn how to effectively man-
age missile launches. Therefore, the missile launch
condition needs to be designed to improve the learn-
ing efficiency and stability of the RL algorithm.

In previous studies, a fixed missile launch inter-
val was typically used. This causes a problem that
during periods when missile launches is cooling
down, agent’s action decisions cannot be responded
or executed by the environment, which severely in-
terferes with the calculation of the agent’ s action
values, leading to a deviation in policy optimization
and affecting the convergence of the policy. Addi-
tionally, the policy tends to be relatively fixed, mak-

ing it easy for the opponent to find weakness.

10.5 = 100
b (o y d O T 165 < oy <100
0.9 25<d;, < 65
0 doin << 25

To overcome this problem, this paper designs
a missile launch strategy based on expert knowl-
edge, which called the MAPPO-LC algorithm. The
strategy includes a launch cool-down time and per-
missible launch altitude that changes with distance,
as it shown in Eq.(9). The closer the distance, the
shorter the cool-down time and the lower the per-
missible launch altitude. Once the aircraft’s state
meets these constraints, it will launch missiles to-
wards the enemy aircraft.

In the proposed MAPPO-L.C method, missile
launch decisions are limited by a set of constraints.
A launch is permitted only when four conditions are

simultaneously satisfied: (1) The elapsed time

which is counted since the previous launch exceeds
the predefined cool down interval, preventing exces-
sive firing frequency; (2) no missiles are currently
in the return or guidance state, ensuring resource
availability; (3) the ego platform’s altitude exceeds
the minimum allowable launch altitude; (4) the
number of launched missiles does not exceed the en-
emy number.

shoot, =1L, -, Iy, .—o* ][hw, =t () * TN s < N (10)

2.5 Delayed reward issue in missile launch

At the mission level in this study, the weapon,
a medium-to-long-range air-to-air missile, introduc-
es a significant delayed reward issue. In reinforce-
ment learning, an agent typically receives immedi-
ate rewards after executing an action. However, in a
BVR air combat, there exists a substantial delay be-
tween missile launch and target impact. During this
interval, the missile must complete a series of com-
plex maneuvers, launch, middle guidance and ter-
minal guidance, before it can effectively destroy the
enemy, at which point the hit reward is finally giv-
en. In classical reinforcement learning algorithms,
the hit reward is primarily allocated to the state-ac-
tion pair when the missile hits the target. Due to the
discount factor in the reward back-propagation, the
reward for missile launch is minimal, which makes
it ineffective in providing meaningful feedback for
timing the launch.

Based on the aforementioned problem, this pa-
per proposes a missile hit reward back-propagation
method through objective reward reshaping, com-
bined with a missile launch constraint strategy, re-
ferred to as the MAPPO-RR algorithm. At the mo-
ment of missile launch, the system records the
launcher’s information and launch time. If the mis-
sile finally destroy the target, the reward corre-
sponding to the launch time in the temporary data
pool is modified, with a portion of the reward ob-
tained at the hit moment being returned to the
launch time, as shown in Fig.4. Compared to the
baseline algorithm, the MAPPO-RR algorithm sig-
nificantly accelerates the convergence speed during

the training process.
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2.6 Hitreward return algorithm

MAPPO employs a global value function to
promote coordination among individual PPO agents.
Each agent generates actions based on its local ob-
servations and a shared policy to maximize the dis-
counted cumulative reward. The critic, utilizing a
value function based on global observations, evalu-
ates the value of actions chosen by the actor net-
work.

In the simulations presented in this paper, due
to the identical aircraft configuration and perfor-
mance, both agents share a single actor network.
The data obtained by each agent through interaction
with the environment is stored in a shared data pool
for network training. The shared data pool helps im-
prove the sample utilization efficiency.

The loss function for the actor network is de-
fined as

1 B n
7(5)2{3 ZZmin(rr(;,‘})AE-"),clip(ré,kf),1 — ¢,
n

im1kh=1
) I G g
1+8>A<f>J+U&Z;s[ng<os’>>] a1

The loss function for critic network is

J(®)=
ﬁZimaX (Vo (s*)— R, A (clip( Vg (519),
ni=i=
V(phk,(S(,'M)* €, V¢w(](_g(l,“)+ e)— Iéf)Z] (12)

where A} denotes the advantage function; S the en-
tropy of the policy; o the policy entropy coefficient;
R, the discount reward ; B the batch size; n the num-
ber of agents; and e the clipping coefficient. The
term /) =m,(a""| 0\*) /7, (@' |0}") is the proba-
bility ratio between the current and previous poli-

cies. 7 and % represent the sample index within the

mini-batch and the agent index, respectively. 0.4
and @, represent the parameters of the previous ac-
tor and critic networks, respectively.

The MAPPO-RR
based on the MAPPO algorithm to address the de-

layed reward problem in missile launching.

algorithm is developed

In a BVR air combat, long-range air-to-air mis-
siles are characterized by a significant time lag be-
tween the launch and the target steps. For a missile
m launched by agent 7, let

r,"" <z, A, L) —rr,"" (13)

If the hit event get reward R\, at 7', its ex-
pected contribution at the launch step is yA”‘Rﬁ,’if_,,,, ef-
fectively eliminating the advantage signal at launch,
making it difficult for the agent to learn missile
launching or offensive maneuvers, as shown in
Fig.4.

To enhance credit assignment at critical deci-
sion points, especially launch events, we apply re-
ward reshaping at the trajectory level. We define a
return switch for each hit event and launch event, re-
distributing part or all of the hit reward back to key

launch hit

time step in [ 7., 7. ]. Then the reshaped reward

for agent i is shown as

Al=r+ D I le=ort R, — Y T le=

WEH, meH,

o IR, (14)
where H, is the set of missiles whose hits generate
rewards for agent 7.

OV =F"tyVe(s,1)— Vols,) i=1 (15)
where 7" is the reshaping reward. Advantage values
near 7,/ are significantly increased, boosting sam-
pling and wupdates for launch maneuvers. The
pseudocode for the MAPPO-RR algorithm is as fol-
lows. And its framework is illustrated in Fig.5.

MAPPO-RR algorithm
Initial parameters for actor and critic network
T, 0, @
while step << max _step do

Initial data pool D=1}
For b=1 to buffer_size do

Initial recurrent neural network net parameters

Fort=1to Tdo

for agent i =1{1,2, .-, n } do

Actor network m(o}, hi_,; 0) produces action
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distribution and RNN parameter
Critic network V (s}, hi_1.v; @) produces state
value function and RNN parameter
select action a;
end for
Perform actions a!, receive r,, S, 1, 0,41
If missile is launched, record launch time z)™"
If missile hits, hit reward returns 7"’
Add [ 5,5 00 Tyy vy A 7y S50 0421 110 Doy
If terminate
Record the outcome of the battle
Store a total episode into the temporary data
pool D my
break
end for
Compute advantage and discount reward
Save data to data pool D =D U D,
end for
For mini-batch £={1, 2, ---, K } do
Randomly select mini-batch data & from D
Update the parameters of the RNN network
end for
Updated network parameters through Adam opti-
mizer

end while

[ BVR simulation environment ]

ai,t oi.t
sﬂ al’ rl
Docal Agent i
observation

¢ oi,t
Feature
extraction

[
| Temporary data storage list u

S, 4, R

¥

Actor network

D. (s, a) i Q.

Critic network

S,4,R

Fig.5 Reinforcement learning training framework

In the basic MAPPO framework, simulation
data is stored in the data pool in the form of state-ac-
tion pairs. Since this paper improves the reward re-
shaping for hits, a new data storage and extraction
method is designed. State-action pairs are temporari-

ly stored in a temporary list. When the simulation

episode reaches the termination condition (e.g., one
agent is completely destroyed) or the maximum sim-
ulation steps are reached, the data from the tempo-
rary list is then stored in the data pool as a complete
episode. The size of the data pool is represented by
the buffer size parameter, which denotes the num-
ber of complete episodes stored in the pool. During
training, data are selected in the form of state-action
pairs, and the mini-batch size represents the number
of state-action pairs chosen from the data pool for

each training step.
3 Simulation Results

3.1 Training parameter settings

The experimental environment is based on the
Ubuntu 20.04 system, with the computer’s CPU
being an AMD Ryzen 9 5950X and the GPU being
an NVIDIA RTX 4090. The modified algorithm in-
troduced in this paper, which includes missile
launch constraints, is referred to as MAPPO-LC.
The improved algorithm that incorporates missile
launch constraints and hit reward return is referred
to as MAPPO-RR. During training, the blue side
utilizes the multi-aircraft attack-defense strategy de-
signed in Section 1.2, while the red side uses the
MAPPO-LC, MAPPO-RR and the classical MAP-
PO algorithm. After training, a comparative analy-
sis of the success rates and performance of each al-
gorithm during the training process is conducted to
validate the effectiveness of algorithms designed in
this paper. Table 2 shows the hyperparameter set-
tings for the RL algorithms.

Table 2 RL parameter setting

Parameter Value
Parallel number 8
Episode length 4 500

Number of MLP layer 3
MLP layer dim 256
Learning rate S5e—4

Generalized advantage estimation discount factor 0.99

Clip parameter 0.025
PPO epoch 5
Hit reward return ratio 1
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3.2 Simulation results

An evaluation is performed every five training
cycles. During each evaluation, a 16 rounds of com-
bat are conducted, and the average reward from
these 16 rounds is recorded as the strategy’s aver-
age reward. The success rate is calculated by divid-
ing the number of victories by the total number of
battles. The results of each evaluation round are
plotted into reward function and success rate curves.
These results are then smoothed using the sliding
window method, with the smoothed outcomes de-

picted by the red curves in Fig.6.
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Fig.6 Training performance

As the number of training epoch increases, the
total average per round shows an upward trend, in-
dicating that the RL algorithm is learning a more ef-
fective combat strategy. The success rate also
shows an upward trend, with the average win rate
stabilizing above 75%. This fully demonstrates the
effectiveness of the RL algorithm in BVR air com-
bat decision-making. At the same time, the trend of
the success rate curve is consistent with that of the
reward function curve, indicating that the reward

function designed in this paper is reasonable and can

guide the agent to learn an effective air combat strat-
egy.

Further ablation experiments are conducted,
comparing the improved MAPPO-RR, MAPPO-
LC, and MAPPO algorithms under the same pa-
rameters and reward functions. Results are shown in
Fig.7, where the red curve is the win rate curve of
the improved MAPPO-RR algorithm, the blue
curve is the win rate curve of the improved MAP-
PO-LC algorithm, and the green curve is the win
rate curve of the MAPPO algorithm with fixed
launch intervals. Compared to the MAPPO algo-
rithm with fixed launch intervals, the launch restric-
tion strategy designed in this paper effectively im-
proves the agent’ s win rate, and the win rate ulti-
mately stabilizes above 70%. In contrast, the strate-
gy with fixed launch intervals achieves a maximum
win rate of around 45% , with large fluctuations in
the win rate, making it difficult to converge. This
fully verifies that the launch restriction strategy de-
signed in this paper can effectively reduce the deci-
sion-making burden of the RL algorithm. The intro-
duction of the prior knowledge-based launch restric-
tion strategy enhances operational effectiveness and
guides the agent to learn combat tactics in the BVR

air combat environment.

1.0 — MAPPO-RR
— MAPPO-LC
— MAPPO
0.8 |
£
& 0.6
3
§ 0.4}
7]
0.2F
0.0

00 02 04 06 08 1.0 1.2 14 1.6
Simulation step / 10
Fig.7 Comparison of the three algorithms’ winning

rate curves

When comparing the MAPPO-L.C algorithm,
which uses only missile launch restrictions, with the
MAPPO-RR algorithm that includes reward feed-
back for hits, the MAPPO-L.C algorithm reaches a
win rate of over 70% after 9X 10° training steps. In

contrast, the improved MAPPO-RR algorithm,
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with reward feedback for hits, achieves a win rate of
over 75% after just 4 < 10° training steps and gradu-
ally converges. This demonstrates a 55% improve-
ment in training speed compared to that of the algo-
rithm without reward feedback for hits. Fig.8 pres-
ents the win rate heatmap from 16-round pairwise
combat between algorithms, where EXPERT repre-
sents the expert strategy introduced in Section 1.2,
and cell values indicate the win rate of row algo-

rithms against column opponents.

EXPERT

MAPPO REENEY WA 6.25% 0.6

Agent (wins)

MAPPO-LC

Opponent (loses)

Fig.8 Head-to-head algorithm evaluation matrix

This fully demonstrates that the MAPPO-RR
algorithm proposed in this paper effectively address-
es the issue of delayed rewards, accelerates the con-
vergence speed, and ultimately enables the agent to
learn a combat strategy with a higher win rate.

In the simulation environment, the optimal
strategy trained by the RL algorithm is compared
with the fixed tactics for a 2v2 BVR air combat.
The win rates from 16 simulation confrontations are

shown in Table 3.

Table 3 Comparison of algorithm success rate

Algorithm Final success rate/ %

MAPPO 43.75
MAPPO-LC 75.00
MAPPO-RR 81.25

The above results fully demonstrate that the
proposed MAPPO-RR algorithm is an improve-

ment. In the face of sparse rewards and limited deci-

sion-making chances, the missile launch restriction
design based on expert knowledge in the MAPPO-
LC and the MAPPO-RR algorithm with reward
feedback for hits improves the success rate and the

convergence speed effectively.

3.3 MAPPO-RR strategy simulation perfor-

mance analysis

In the simulation replay of the strategy learned
by the reinforcement learning algorithm, the im-
proved MAPPO algorithm in this paper effectively
learns typical strategies for the BVR 2v2 multi-air-
craft combat, including shot before sight, coopera-
tive guidance and dodge missile.

(1) Shot before sight strategy. As shown in
Fig.9, when the red side detects the enemy first,
the agent climbs to gain altitude advantage, expands
the attack range and attacks the enemy. As it ap-
proaches, the agent lowers its altitude for low-alti-
tude guidance. The other red aircraft continues to
launch missiles while providing mid-course guidance
for those already in flight. This ensures that missiles
successfully achieve terminal lock-on and successful-

ly destroy the target.

(b) Mid-course guidance
Fig.9 Shot before sight strategy

(2) Cooperative guidance strategy. When en-
countering the enemy, the two red aircraft fly side-
by-side to avoid a head-on engagement. The left red

aircraft launches a missile to suppress the enemy on
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its side, while the right red aircraft maneuvers and
fires at the enemy on its side. As shown in Fig.10,
when the enemy enters the radar range, the left red
aircraft guides its missile and also coordinates guid-
ance for the missile from the friendly aircraft. The

red side successfully completes the BVR strike on

two aircraft of the blue side without any losses.

(a) Fly side-by-side (b) Friendly aircraft relay guidance
Fig.10 Cooperative guidance strategy

(3) Dodge missile strategy. When the red
side’s first wave of attack fails to destroy the blue
side, and the red side faces a missile launched by
the blue side, the agent learns dodge missile strate-
gy. Fig.11 shows the agent learns to reduce the alti-
tude and performs a barrel roll to evade the missile
by escaping from the missile’s velocity vector direc-
tion. The decision-making logic and maneuver per-
formance of the algorithm are clearly presented in

the replay of the RL algorithm’s effectiveness.

Fig.11 Dodge missile strategy

The simulation results, combined with the ba-
sic theory of the BVR air combat, provide a compre-
hensive explanation of the high success rate decision-

making process, proving that the RL algorithm de-

signed in this paper performs well in BVR air com-

bat missions.

4 Conclusions

In response to the challenges of sparse rewards
and a limited number of decision steps in the BVR
air combat, this paper introduces a Rl.-based coop-
erative decision-making algorithm for BVR team
engagements. To address the finite-decision-step
problem, we propose an enhanced MAPPO-LC al-
gorithm, which incorporates missile-launch cool
down intervals and aircraft state as launch con-
straints. This design significantly accelerates conver-
gence and improves win rates, offering a prelimi-
nary solution to decision-limited scenarios.

Furthermore, we develop a hit-reward objec-
tive reward return method MAPPO-RR, construct
a complete episode simulation data storage mecha-
nism. By identifying missile launch and hit events as
key nodes, this paper propagates the reward from
the time of hit back to the time of launch at the end
of each simulation, thus mitigating the delayed -re-
ward issue inherent in the prolonged decision inter-
val between launch and impact.

Experimental results demonstrate that MAP-
PO-RR algorithm, with hit-reward return, achieves
a stable win rate exceeding 75% , substantially high-
er than 43.7% achieved by the standard MAPPO,
and accelerates convergence by 55%. Ablation stud-
ies further confirm the superior performance of
MAPPO-RR in BVR air-combat tasks, outperform-
ing MAPPO in both win rate and convergence
speed.
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