sE{bFE & Sim2Real # AW ZAlRIEIR T O RIS EKENDERA

— BH B &8 &F-Aa 8 E-BE ¥ F-HMEKFLE B E AL

Application of Reinforcement Learning and Sim2Real to AI Control Technology

for Manufacturing Equipment

T. Nitawaki, R. Shiratori, Y. Tabata, Y. Kasai, and K. Kurosawa

IAEATHMIZHE T LOELE BT —HEATHOIHA SIUI LD TV S, ZHUSEWRIEZREIC BT 2 AT O 0
THMFLE T o TWAh, DI TIZ2015ED 5 T4 — 75— v 7 &AW AIEM O BT 72158 20 TE Th
D, MAETEANOBEAZ EICHY L TE AR CEEEERE OS82 AT & 5 A L AT o 8 FH#iPH 4 JE K L 725
BNZDOWTHAT 5.

In recent years, Al technology has made remarkable advancements and has been increasingly utilized in various sectors
of society. As a result, expectations for the application of Al technology in the manufacturing industry have also grown.
Our company has been actively pursuing the implementation of Al technology using deep learning since 2015, and we have
achieved successful integration in inspection processes, among other areas. This paper aims to describe a case study
where Al technology was introduced in the field of device control, expanding the scope of its application.
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Fig 1. Al system development roadmap.
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Fig 2. Image of Reinforcement Learning.
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Fig 8. Learning Models in Reinforcement Learning.

DL — LBk
F=E /
(I gy i
7‘5)} LSz P, | BLEE

= S0 B 'iﬂ
A

LS «IEIII
R

QE-TEB gy Tk

S EFBEAR .
OE—AEHK

H Ij:-_ f \\§E @q:§1m % %#%’l‘ét

[ wa
%D%-- ﬁ&@mtﬂ C—LES | s
iR N ZREH

I\

. =)L

QFELER | & - BLS
BN — 1TEN
fEeRALY T b~
K9 s#fbFEFEARHRO 71— LK

Fig 9. Comparison of Workflow Before and After Introducing Reinforcement Learning.

@FE—ERE

3. 6 EREANOBILFEEH BER.G Y 7 M2 Bl R EA S & RO A e o2& BT O
RIETII3SH CTHE LM EANHTROBLFEEAT Ay —T7o—A%SuEL, SWEEEOMYHELE, #Hl
x EBR OB EET 9 250 HAIZOWTHHAT 2. HROSZIFIY) BRI L7z, 2B, ¥ IaLb—FLH
MOIC i b EAR O 70— E /Ry, MPOUF B, Y8OFLIIobh & OKEFREHRA 2 < Gtk B Bh#.G
B3A vy =72 —A%ELTWD, 31FHTHRHD, LD TN TY) XL THFLDPIRETH B Z & D HRZA

L ¥ ZFRNE BT GEsk B EBRR-O & FE0E 5 2 16k BB &L, Zh, 0Yih 0Zho3mhz s bt EHAION R E LT
DV 7 PHFET B, BALFBAREAICH 2D, HERHA W5,

37



2024 7 v 7

4. §F {f

(1) FEL & AL 00
FERRORGEFEE 2 I\ THALAE T O OB 2 fERE
b7z, FEFC, MILEEHROIIOWT, PORH S X
O Uil RO CEGH 2 17 - 72, WEGHE T, ~NA b7
AL IREE S Z8h % £25 um, 0 Y#hz £025°, 0 Z#h%
05 OHEPAT T ¥ & A2 F 5 L7z fiE 2 KR & LA
DEE T % T TORR &8 T RO ROV TTE)
G EBRALFEEH L CTENENEFM S 5. 2 OFFli T3,
B72 5 10BHH O PIWIRRE 2 2 L T8RO & R bas 38 5O

THRUDE LI 5 &) 1T%E LT

B101 &l OFNHIIRFE T D3 i & FH LR 0 BIFR & 7R
LCWa. &7 7 708MIsH % &Mo$wiE, Wik
EBTOLMOTNELZRLTBY), 0DAMEANA b %H
WIRETH B, T72, MEEIFRCA5E T 5 5 £ TOHRLEE

B

120

® FHHL
. ® BILFHHL

80

40 L |

EEENE L
-
®

E
» e

zih g [um]

>

120

G [RV]
@
[
°

40 ® [ ]

il
e

0.3 0.2 0.1 0 0.1 0.2 0.3
Oy gy [ ]

®
(3

120

80 *
e®

40 L ®

FOER (1]
®

0.6 04 0.2 0 0.2 04 0.6
Oz iy g [ ]

E10 Koo MR T O3 v & LR,
(a) z#h, (b) Oyih, (c) O zih& FCRER.
Fig 10. Amount of Deviation and Alignment Time for
Each Axis: (a) z-axis, (b) 6 y-axis,

(c) 6 z-axis, and Alignment Time.

7 B 551375

MZRLTBHOTENEDS, FOERIEE Y. 7oy b
THPREE ORI O IR & 2 OWIRED & O F LK
MaRLTBY, FEHOEEL MO T
RLTWS, ZORDSFEFHL L R L iy EHHlo0
FOEEFHCROTE T L TwD 2 & bns.

H1LZ & OFIRETOThE LEFLE THO Y — A
WOBBERY. Z0r I 7K, &7 70
FEOMPIRETOZMOTNEZRL TV A, W<
DOFHIREN HFLET LIS TOE — AlE% 71 v b
LTED, IV EPE = AR E =212 > Tw
5. ZORH S EILEE R AT T B L & B L CH O
FRFERELEICBWZ b2 b, 22008E25, T
RO & IR USRS 0, T DR A3 < R SE AR R
D EOFRERTHLTETWDL I L 2R TE .

1200 -

1160 VSRR L

[um]

=
'

1120

K — Al

108 e 2° ‘e

1040

1200
"E 1160

3

E 1120

<

| :
N 1080 > o
1040

0.3 02 0.1 0 0.1 0.2 0.3
Oy i3kt [° ]

1200 ®

1160

[um]

=
(]

1120

_Am

1080

<
®

1040
0.6 04 02 0 0.2 04 0.6
Oz 3 e [° ]

11 ZEOWPIRE TCOTNEETOE THOE—AIE.
(a) z#h, (b) Oy#h, (c) OzHhe ¥ — A0,

Fig 11. Amount of Deviation and Beam Width after
Alignment for Each Axis: (a) z-axis, (b) 6 y-axis,
(¢) 0 z-axis, and Beam Width.

38



5 b & Sim2Real & F V> 72 ATHIEIEA O #E R E A~ #

1400 — —
E) o FEFHL SR R L
35 1300 PR ABEFL O KILFRDOFEY
jini:: |
% 1200 5 .
JJ 1100 O s e, @, ¢

1000

0 20 40 60 30

ALt [F0]
B2 FERIZBIT D0 EBROT LR L E— 2RO R 4%
Fig 12. Relationship between Alignment Time and Beam
Width in Lens Alignment Experiments on the
Actual System.

(2) FEFRL, PERABIG, RILEEHE OO

feVC, FEIFEC, EREEERLC, SLEERO OO
el & R ORE RO B2 F2hE L 72, 121230 & B —
LMEZ2RITHIIZ 7Ty b L72#ERZRT. SORER I3
WHDRL, FE- ARG TP RVIROEREF R
50T, ZOMIZBEWTETISEV ST SR Trlkie
ThHILZELTVA. FHLHEORE Y — 7 —13F
WEEZRLTEY, RUKRZRT. POEHIZOWT
FEY A X798, PER HBYERH013263F0, SRALEE FH L
3145 TH o 72, ¥ — AMRIZO W TFBH#HL 1311036
um, PEK HBFH 0311712 um, 5RALSAE 01310932
umTdH o 72, AR PO TBRO, TR EBRO &
B L, FEEE 2 OESERRICZ o7z D EoFErs, FH
AL, DERBEBERO L EL T, LB AIO B2
Ml 52 N TET.

O A EHEL 220 TR L72REREETOFEE I
B9 2EB LUBAH TR LERE LY IaL - L
DF vy THEEHRL, REFEENOMLTEAIOE
Az ER L7z E72, 31EITR L2 6Ek BB L O E
TfEE L, ARORM OB X OO/ ROM B L
Vo LRI SN TV .

R4 FERRIIBT B FCEBRKE RO
Table 4. Average Results of Lens Alignment Experiments
on the Actual System.

U [#5] Y — Al [mm]
B 579 1103.6
E=EIELEN 26.3 11712
SRALEEE B 14.5 1093.2

5 &IV

PLEREO BRHEICHE T 2 ATERSES & LT, @il
8 L Sim2Real & L > AFHCIZ#EH L 72 FH B 2 #ir L7z
BB ENOAIHOBEH IR TLE L B4 THH)
THbH. TEERL, HEREEHO LR R OO LB E
e, RALERP OO ERH TR TH 5 2 & 2MEREL
7. BEAHTIIZ oM ORERENDEAZ T T Lk
ARFrEBLTNL. £Kd, EIZE < DA %@
HL, FELOHREHTIZNEZRZ TN,

SEH

D) HEAR, CHBEE Fv >y Fyv s vy, "AlLHE
#FE L, EFNZT 2B E" 7Y 7 7 H#R
No.134, pp. 41 - 52, July 2021.

2) HBE, CHBEE Fyv> Fovr vy, BIEREP,
BEAK, " b FH - Sim2Real & F VW 72 S SEAND AL
HilfEE ", SSIT 2022,

3) Tatsuo Akiyama, “Practical Use Case of Reinforcement
Learning and Sim-to-Real Transfer for Manufacturing” ,
NVIDIA GTC 2023.

4) D. Silver, et al., “Deterministic policy gradient
algorithms,” Proceedings of the 31st International Conf.
on Machine Learning, vol. 32, pp. 387 - 395, June 2014.

5) V. Mnih, K. Kavukcuoglu, D. Silver, A. A. Rusu, J.
Veness, M. G. Bellemare, A. Graves, M. Riedmiller, A. K.
Fidjeland, G. Ostrovski, S. Petersen, C. Beattie, A. Sadik,
1. Antonoglou, H. King, D. Kumaran, D. Wierstra, S.
Legg and D. Hassabis, “Human-level control through
deep reinforcement learning,” Nature, vol. 518, pp. 529 -
533, Feb. 2015.

6) mA 5 7T v MHEHAIOFER" | B, Vole3,
No.1, pp. 33 - 36, 2020.

7) S. Daftry, J. A. Bagnell, and M. Hebert, “Learning
transferable policies for monocular reactive mav
control,” in International Symposium on Experimental
Robotics, 2016.

8) J. Tobin, R. Fong, A. Ray, J. Schneider, W. Zaremba,
and P. Abbeel, " Domain randomization for transferring
deep neural networks fromsimulation to the real
world,” in IEEE/RS]J International Conference on
Intelligent Robots and Systems, 2017.

9) B. Balaji, S. Mallya, S. Genc, S. Gupta, L. Dirac, V.
Khare, G. Roy, T. Sun, Y. Tao, B. Townsend, E. Calleja,

39



2024 7 v 7

S. Muralidhara and D. Karuppasamy, ‘DeepRacer:
Autonomous Racing Platform for Experimentation with
Sim2Real Reinforcement Learning,” in IEEE
International Conference on Robotics and Automation,
2020.

10) T. Mingxing and Le. Quoc, “EfficientNet; Rethinking
Model Scaling for Convolutional Neural Networks,”
Proceedings of the 36th International Conference on
Machine Learning, vol. 97, pp. 6105 - 6114, 2019.

11) Z. Wang, T. Schaul, M. Hessel, H. Hasselt, M. Lanctot
and N. Freitas, ‘Dueling Network Architectures for
Deep Reinforcement Learning,” Proceedings of the
33rd International Conference on Machine Learning,
vol. 48, pp. 1995 - 2003, 2016.

12) C. Xiao, P. Lu and Q. He, “Flying Through a Narrow
Gap Using End-to-End Deep Reinforcement Learning
Augmented With Curriculum Learning and Sim2Real,”
IEEE Transactions on Neural Networks and Learning
Systems, 2021.

13) L. Liu, H. Jiang, P. He, W. Chen, X. Liu, J. Gao and J.
Han, “On the Variance of the Adaptive Learning Rate
and Beyond,” ICLR 2020.

40





