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Analysis of Autonomous Exploration Performance and Convergence
of Game NPCs Based on Genetic Algorithm Parameter Control
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Abstract Genetic Algorithm (GA) is a machine learning technique that searches for optimal solutions by
imitating biological natural selection and evolutionary principles, and is widely utilized in complex
optimization problems and Al-based pathfinding. This study maximizes the pathfinding performance of
non-player characters (NPCs) in games by applying this algorithm, and investigates its convergence
process and evolutionary characteristics through various scenarios. To this end, a fitness function
evaluating the distance to the target point, individual survival time, and final arrival status was
constructed in the Unity engine environment, and simulations of 100 generations per scenario were
repeated 30 times in total. The experimental results showed that as generations progressed, the average
and minimum distances to the destination decreased, showing a stable convergence trend, and the
number of individuals successfully reaching the target steadily increased. Through this, the autonomous
learning effect of the genetic algorithm in complex terrains was demonstrated, and the possibility of
developing into an adaptive model applying dynamic parameter adjustment techniques in the future was

confirmed.
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(Table 1> Gene

public struct Gene{
public float defaultAngle:
public float defaultSpeed:
public float goalAngle:
public float goalSpeed;
public float hazardAngle:
public float hazardSpeed:
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(Table 2) GA Algorithm

01:P « InitializeRandomPopulation()

02:WHILE termination condition is not met DO

03: EvaluateFitness(P)

04: Next_P < Empty List

05: WHILE size(Next_P) < size(P) DO

06:  P1(Parent1), P2(Parent2) — TournamentSelect(P)
07:  Child1,Child2« Crossover(P1, P2, CrossOverRate)
08: Child1, Child2 < Mutate(Child1, Child2, MutationRate)
09: Next_P.Add(Child1, Child2)

10: END WHILE

110 P < Next_P

12: END WHILE

13: RETURN P
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(Table 3) Fitness of Agent

PROCEDURE EvaluateFitness(agent)

01: t < agent.survivalTime / maxSessionTime

02: IF State(agent) == SUCCESS THEN

03: RETURN 10.0 + 5.0 * (1.0 - t)

04: IF State(agent) == DEAD THEN

05: RETURN 0.001 + 0.1 * t

06: G < Max(0, 1.0 - (Distance(agent, Goal) / MaxDistance))
07: H < Min(1.0, Distance(agent, NearestHazard) / SafeRadius)
08 RETURN 5.0 + 0.7 * G + 0.3 * H

END PROCEDURE

(Table 4= €73 UA] 7|4k o] dES] B {44
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(Table 4> Gene Action Selection Algorithm based
on Agent's Environment Recognition

PROCEDURE SelectGeneBehavior

01: IF Hazard is Detected THEN

02: Calculate index based on hazard distance
03: Set target to Hazard Avoidance Genelindex]
04: ELSE IF Goal is Detected THEN

05: Calculate index based on goal distance
06: Set target to Goal Approach Genelindex]
07: ELSE

08: Set target to Default Gene[middle]

09: END IF

END PROCEDURE
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(Table 5) Experimental Parameter

Group Population Selection rate Mutation rate
A 40 0.8 0.05
B 20 0.9 0.1
C 40 0.5 0.15
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