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[Abstract]

This study developed a long-range attack military simulation for an adversarial multiagent environment using MADDPG and
CTDE to explore cooperative behaviors and combat strategy learning among agents. Two teams—an offensive Blue Team and a
defensive Red Team—learned cooperative and competitive behaviors. The centralized Critic network leveraged team-wide
information for training, whereas the decentralized Actor networks made real-time independent decisions. Experimental results
indicate that the Blue Team’s offensive strategy outperformed in terms of reward convergence speed and win rates, whereas the
Red Team’s defensive strategy exhibited slower learning progress due to the reward design challenges and instability in the Critic
network. This study highlights the importance of reward structure design, reinforcement of cooperative behaviors, and strategic
adaptability. Future research may focus on improving reward mechanisms, diversifying training scenarios, and extending

reinforcement learning algorithms.
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Table 1. Combat Strategies Algorithm
Initialize environment with env_size and N,

eam
agnets per team Initialize MADDPG agents for both
teams (Blue team, Red team) with learning rates
Set each agent’s initial health

Ir and Ir

actor critic

HP=100, movement speed SOLDIFER_SPEED,
and projectile speed PROJECTILE_SPEED

Reset: Reset environment and agent positions
Initialize agent rewards r; _, and projectiles

Action Selection: Select action a;_m,(s;) using
actor network for each agent in the blue team Select
action a; _m, (s J-) using actor network for each agent

in the red team

Environment Update: Update position of each
agent:

pos, (t+1) =pos,;(t) +a; ¥
SOLDIER_SPEED

where a; is the selected action, and pos; represents

the position of agent 4. Update positions of all
projectiles:
pos,(t+1) =pos,(t) + PROJECTILE_SPEED

X d

where d is the unit vector in the direction of the
Handle
projectiles:

target. collisions between agents and

HP;(t+1) = HP;(t)— AHP
if hit by a projectile

Firing Projectiles: Fire projectile from agent 4%

2F EF
=k

I:I:I'L:

L™ HE| of|o|ME ZTAL Al E2]|0[H0] A 2| MADDPGS2} CTDE &#&

targeting closest enemy:

min
j € enemies

target = arg I pos;_pos; |

update last_fire_time

Reward Calculation: Calculate reward r; for each

agent in the blue team based on:

T; =_ad(i,enemy) +

B I(distance (i,5) < Qevop) T Touccess

IeT

where d; opemy, 1S the distance to the nearest
enemy, and 7T represents reward for a

success

successful attack. Calculate reward T for each agent

in the red team based on:

+,BZ I(distance (j,k) < d

k=]

rj=+adj,enemy coop)

+ Tdefense

where d

jenemy 1S distance to the nearest enemy,

and represents reward for successful

Tdefense
defense.
Store (s;,a;,r;,s; ,done)in replay buffer for each

agent ¢in both teams

Step: Perform a step in the environment with given
actions:

Fire Projectiles: At time ¢, if
t—last_fire_time = T}, fire projectiles from
agents targeting the closest enemy:

min
j € enemies

target = arg I POS; _pos; I

Update last_fire_time
Blue Team Agent Movement: For each agent ¢ in
blue team:
a. Find the closest enemy agent in the red team,
closest_enemy
b.if Il pos;—closest_enemy.position | <100 :
» Find nearby allies within distance 100
» If nearby allies exist, calculate:

closest_enemy.position—pos;

a;<— —
|l closest_enemy.position— pos; |

= Move agent 4 according to a;
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= Continue to the next agent

c. Otherwise, move agent ¢ according to the

selected action a;

¢ Red Team Agent Movement: For each agent j in
red team:
a.if HP; <
» Find the closest enemy agent in the blue team,
closest_enemy
w if
direction away from the enemy:

closet_enemy exists, calculate the

direction_away<—pos;— closest_enemy.position

wif || direction_away || > 0, update:

direction_away
Il direction_away |

a;—
b. Otherwise, find nearby weak allies within
distance 100.
c. If nearby weak ally exists calculate:

target

ally-POSItLON — pos;

e . .
7|l target,y,-position —pos; |
d. Find nearby allies within distance 100
e. If nearby allies exists, calculate the average
position of nearby allies and agent j:
(EkEallies + {5} Posk)
lallies +{j}

f. Calculate the direction to the average

avg_position <«

position:

direction_to_avg
|| direction_to_avg ||

. €
a]

g. if || direction_to_avg || > 0, update.

h. Move agent j according to a;.

» Projectile Movement and Collision Handling: Move
projectiles and handle collisions Handle agent
collisions

« Agent Removal: Remove agents that have reached
their goal or are dead from blue team and red team

* Reward Calculation: Calculate rewards r_i for blue
team and r_j for red team using centralized reward
function

o For each agent 7in blue team:
mIf AP, >0 and

[ pos; —closest,, ., -position [ <100:7,

http://dx.doi.org/10.9728/dcs.2025.26.2.511

516

r, < r,+20 (Additional reward for attempting
an attack)
critic network by

* Training Update: Update

minimizing TD error:
L¢ - F [( Q(p(si)aj) - (ri +7Q¢ (571’704,” )))2}
where @, is the target critic network. Update actor

network to maximize expected return:
J(0) = ElQ,(s;my(s;))]

The actor network is updated to maximize the
value @, as estimated by the Critic.
Calculate and store training metrics (e.g., critic
loss, average reward)

Output training progress, win/loss statistics, and
reward metrics
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Table 2. Combat agent hyperparameters

Hyperparameter Value
Environment size 300%300
Agent # in team 5
Projectile Speed 10
Agent Movement Speed 1
Agent HP(Health Point) 100

Blue Team: 0.0015
Red Team: 0.0003
Blue Team: 0.0015
Red Team: 0.0008
Blue Team: 0.92

Actor Learning Rate (Ir_actor)

Critic Learning Rate (Ir_critic)

Gamma

Red Team: 0.95
Batch_Size 32
Update Repetition # 5

Fire Interval 3.0 (seconds)

Co-op Compensation Distance up to 100

# of Episodes 600
Distance of Projectile Hit 1.5

Dense (64, RelLU) x 2
Output Layer (Softmax)

Dense (64, RelLU) x 2,
Output Layer (Linear)

Neural Network Architecture(Actor)

Neural Network Architecture(Critic)
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