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Design and Implementation of 3D Physics-Based Simulator for Reinforcement Learning

Keon Kuk Park

IT Convergence and Application Engineering
Pukyong National University

Abstract

In recent years, the development of deep artificial neural network technology has
made it possible to deal with high—dimensional information without domain knowledge.
As a result, reinforcement learning has been actively researched in the field of
solving problems by interacting with three-dimensional environment such as
autonomous vehicle driving and drone. Recent reinforcement learning studies have
been proving the wvalidity of the results through computer simulators such as
Bellemare's ALE and OpenAl's Gym. Learning and experimenting with a robotic agent
in the real world is due to financial losses such as damage, accidents, and data
collection costs. In the physical simulator, however, floating point or numerical
integration errors can cause errors in the physical engine and bugs in various
programs. The problem with these simulators is the agent can learn through physically
impossible movements in reality, which means that users need to visually check and
monitor them because wrong results are learned. It is also necessary to restore an
agent if it learns from the wrong information. However, the tools for implementing the
existing reinforcement learning environment do not provide functions related to
computer graphics and do not support the restoration function.

Therefore, in this paper, we provide an implementation method to visualize the
screen with computer graphics, which can be reinforcement learning, and a 3D
physics based simulator architecture to restore experience data and policy weights.
By providing the above architecture, it is possible to reduce the cost of simulator
implementation time and expect stable reinforcement learning through the restoration

function.
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3.2 Resource Manager

A%E U A9 $FE AU W5 BelHsd olg olgow
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-models ‘_id |
-images TG
-shaders 5 fd ( )7 _ 4
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+Load() :
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| +GetShader() 1% k-
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L _Model Image _J | N Sha}der
-index count -width
+LoadObject() -height +LoadShader()
= -channel +GenProgram()
+Loadlmage() F i

19 3-7 Resource Manager®] &2~ tho]o] 13
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3.3 Physics Manager
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3.3.2 Sensor
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3.3.3 Physics Manager # & @A

Physics Manager?] Alol&2 19 3-109 -t}

Physics Manager | | error
action — Apply # Step ‘# Generate ——— tensor

Action Simulator Tensor

719 3-10 Physics Manager®] 3} Alo] &

» Apply Action: Policy Scriptol] A A&k 35 kS 2AFA A z}of A|

489},

»  Step Simulator: 32 ¥gS 7jHto g RE MAS AAF o] ~H

tebs A&t o] w &8 A 2Tt A& ABF °olE error
= Environment Manager® A3t} error T 5+ Sy 3E9F
=

»  Generate Tensor: sensZH ¥ TensorE A3t Environment

KU

i

Manager® A& 3t}

_25_



3.4 Rendering Manager
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19 3-11 Rendering Manager 2] Az 7
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48] WEYAE wote] Rd mEgAE ds U
1 0 0 x
01 0 y
— 5 = 3.1
translate(x. y, z) 0 0 1 » (3.1)
0 0 0 1
1 0 0 0
. 0 cos@ —sing 0
= 3.2
rotate(pitch, 8) 0 E—rsd 0 (3.2)
0 0 0 1
cosd 0 sinf O
0 1 0 0
= 3.3
rotate(yaw, 6) ooy B ) (3.3)
0 0 0 1
cos@ —sinf 0 0
sinf cosf®@ 0 O
- 3.4
rotate(roll, 8) 0 0 170 (3.4)
0 0 0_—t

model matrix = translate(x,y, z) * rotate(pitch) * rotate(yaw) * rotate (roll)
(3.5)
3.4.2 Render Screen
R E Objects d#A o= FHIFH stdH #y® gl Object= 1¢

3-129F 22 AHHo|2~E 7FH Objectrttt T8 ¥ model = shader
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