pp. 72-83, 24, 2023

20239 =t Eets] £ dEdEeEdd

£ Peg—In—Hole 242 93 GPU 7MY &
AlggolAd 7dt A&7 3 sty =d s

2
Folf gl 7]A g}
e-mail: stshin@dau.ac.kr

The Development of a Deep Reinforcement Learning Model via
GPU-based Robot Manipulator Simulation for a Peg-In-Hole Task

Sungtae Shin
Dept. of Mechanical Engineering, Dong-A University

B
o
N
ﬁ

soE —’:U}E ﬂEﬂoﬂ Eﬁsi 877t aEgEHA T2 Bl thgst X#%“H“gm TP 5 91
25 Ao 7= : 8 > =23 Ao 7%
E‘z} fEA = F/]‘)“X 715* 7}"‘% % %5& E% Aol 7|z o] BA o), ZH A5 ﬂ* el 7V =
AE o] gate] thkdlk 2 S FAlSta HkE Al EEo] S Faf A58k (Deep Remforcement Learning)
Agshes A7 s % 535]"7 Ak ZH 1% o] doll Wo] &85+ Gazebo2] ¢ CPUE o] &3l &

Edlo]Adshe W, NVIDIA Isaac Sime] 7% GPUE A838to] &8 d3& 1 ] oj gt} AFAsekE
—°r, e 71R] SR (value function)Y 3% 7FX]E42(Q function) ) }é HOH DNN(Deep Neural Network) =
4-3}=dl GPU°IA DNN 29 F&1& s17] $13] CPU-GPUZE |t Al dlolE] HFo s WEE Jo] A}
ol ASAslelse] E4 AIRES Fuske 98-S st oE %‘i } ] $1%l Isaac Sime GPU 718} =3
Al &9 ] ECPU GPU 7t Hlo|E] &3-S Folal Tt AlE#HolA $He] Bd }\]E‘Eﬂ old 752 g HEAst
o] Tl AIHS A S 9 3k NVIDIA RTX Ray Tracing= ©]-83F AP A9l 317 B AL} Isaac Sim]
5% Domain Randomizations -3H 7o Sk ASAE ey REle] EAS JHEs dleth ATl E HuE Y
o] Foj¥2 22l Peg-In-Hole 2+ —’Fsﬂ% ek 252 Alo] 7] S 8] GPU 718k 25 AlEd|o]EQl Isaac
Sime &-83to] Peg-In-Hole A& 913+ 71 &) 84 753 W8 £S5 3 "S- Ae)-237e] 457
& ARE TRt AFAsEE g shaete] A8e 25 Alo] vl digh WS vlEsta 2l

¢

o oM,

4,
-lei‘l

P
-‘N m

ém&i&rﬁ&mlorﬂ:\,‘:rré
ox
o
L

r\l

l‘

ra I-H o

e AE73es, GPU 71% 23 A &8 o4, Peg-In-Hole, Isaac Sim

[1] $4¢, “Asd =25 Wds A% 25 Algeoly 7
2 =

25183] =4, A33d Al

2

[2] Jack Collins, “A Review of Physics Simulators for
Robotic Applications”, IEEE Access, vol. 9, pp. 51416 -
51431, 2021.

[3] Viktor Makoviychuk, “Isaac Gym: High Performance
GPU-Based Physics Simulation For Robot Learning”,
arXiv:2108.10470, 2021.

— 1025 —



