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[Abstract]

Object destruction simulation, a versatile technology used across various game genres, is considered a core element in
three-dimensional game development. Object destruction simulation requires complex calculations, greatly impacting the
performance when applied to realistic destruction simulations in games. Therefore, many 3D games either demand high-end
computing resources or employ simplified destruction simulations that lack realistic forces or directions when external power
applied to objects.

This research uses reinforcement learning to alleviate the difficulty of implementing complex calculations and enable a broader
range of expressions in object destruction. Through reinforcement learning, developers can adjust hyperparameters to train the
desired forms of destruction directly. This approach enables for the application of diverse destruction simulations in 3D games,
going beyond simple realistic destruction effects.
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Table 1. Basic components of reinforcement learning

Component Description
Agent The subject of learning
) The environment where learning
Environment
takes place
State The state of the environment
) The agent’s action based on the
Action
state
Reward Thg reward given based on the
action
2-2 ML-Agents Toolkit
Actions

State, Rewards
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Table 2. Core methods of Agent class
Method

Description

Called once at the start to set up

Initialize() agent—specific variables.

Used to gather environment
data (observations) for the
agent's decision—making.

CollectObservations(VectorSens
or sensor)

OnActionRecieved(ActionBuffer
s actionBuffers)

Executes agent actions received
from the neural network.

Called at the start of each new
episode to reset agent states or
environment.

OnEpisodeBegin

Defines manual (non—-ML)
controls for testing the agent
without training.

Heuristics(in ActionBuffers
actionsOut)
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Table 2. Algorithms comparison

Feature PPO SAC POCA
Learning o o S
method On-policy Off—policy Off—policy
Leaming Stable with Stable with Stable‘thlroggh
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regularization critic updates
Sample ) )
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. Continuous, Multi-agent,
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environments ; :
action environments
Multi-agent Limited Limited Strong
support
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Table 4. Software versions explanation

Software Version
Unity 2022.3.28f1
ML-Agent Package Release 21

Python 3.9.13
Pytorch 2.4.0+cpu

Tensorflow 2171
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Table 5. Amount of rewards of agent

Distance from target Vector
(Normalized)

7~6
6~5
5~4 1
4~2
2~1
1~0

Rewards (Normalized)
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