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Abstract

Freeform optimization technology of metasurface has received great interest in the photonics community due to
its broad applicability. Recently, there was great progress in the field utilizing Computer Vision technology,
mostly based on Generative Adversarial Network (GAN). Meanwhile, the emergence of Deep Q-learning
technique from the Reinforcement Learning (RL) field has opened the possibility of optimization in a domain
space with a large number of cases. In the dissertation, a Deep Q network that optimizes a 1D free-form wave
deflector metasurface is proposed and discussed. The neural network found the optimized structure with similar
or better performance than the state-of-the-art results. Additionally, the technology showed its robustness on

change of condition, proving the possibility to be applied to general problems.
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WP REH S Fate] 54 dHe 359 A& AAE 5 len, did gk 27 AdEH 7HA]
3 (state value function) B &-§ 7}x E<F(action value function)ebil E&|™ vh53 o,

v:(8) = Ex[G¢|S: = ]

qﬂ'(sﬂ a) - Eﬂ[Gt|St =35,A; = a]

n

A F5E stebehn WA g BAS Ads sed, BA a2 2 % b v
AHAE A= rediction) 02, dele] o] thatel 2 geje] A et Aolrh,
WAL Aol(controDE, AFe] FAS wAse Aolvh wep A FAsk A A §4E

vrAstd v ‘el MDPE A Pl L 3ot

—n

2.4.2 ¥iqt v A (Bel lman Equation)

My A AA AR A3 AE ] A NS AWSHE 6 o] YA
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Wl vy Ao wul 7)) ¥4 A (Bellman expectation equation) 2wk & ®A A (Bel lman

optimality equation) & 1} T},
HA e 7FA] gk diste] #uk g WAA S fESHE ua3 2o,

Ur(8) = Ex[Riy1 + YRti2 + -+ | St = 9]
Vr(8) = Ex[Riy1 +Y¥(Ripa +-++) | St = 3]
Ur(8) = Ex[Ryy1 + YEx(G11) | S = 8]
Ur(8) = Ex[Rer1 + Yor(Se11) | St = s

Y% M gool dstel® e WHoR TF F Ak,

My A9 pgAe A4 4N F5E W) A% AAHA duAFoR, AH A FE

’

v.(s) = max R + v Z P, (s)

s'eS

q«(s,a) =72 + fyz Pg, max g, (s',a)

s'eS

Al A= 2El ZE] (model-free), & #74o] tish 2e ARE o F gle
Aol dukAolz]  wiEe], A F A WHoer  FAlE  sZst
AMZH (sampling) S Foteo] BAL FFte oz o]y 3 WHES 2 7HE 2 (Monte—Carlo)
Holgtar HEd, = 3 JIxE B dATolN 83 A7k} <5 (Temporal-Difference

learning) ©. &, T} A A t}Er},



2.4.3 A|7tx} 8+ (Temporal-Difference Learning, TD Learning)
N7 S FehaAl s e WA FE% ¥ A g 9 Folnd delEae
WAolLh, ol fiste] Sl el BEA(ID target)S AA qe] HolF Folhrhe

ok
1>
o
it

ol Est BARER Gk, =9 A3 Y A g5e) dejelE wAe e

m
n

V(St) < V (St) + a(Rer1 + YV (St41) — V (S))

gk Alofoll Al Al AJFEA

s e Bakel sbset.

L%

Ea
]

o
2]
ofo
et
%
e
rir
o
o,
o
-3
rir

Biie

=5

=
o

AHgtow

Vv (St) +~V (St) + o (RH—l + ’Ym(IZL'V (St+1) -V (St))

2.4.4 734 (Q Learning)

B oToAE 24,35 HIEE PHOR WE AR GLE he gol Pulol st

Q(se,a¢) = Q(s4,a1) +mx (Rt+1 + ’meXQ(SHl:a) - Q(Staﬂt))

o
=
v
L
o,
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rlr
o
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o
g
2
rlo
riot
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=
ol
ok
s
rlr
o,
o
7
=
>
o
=
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=
1=
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@
=
o
e
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2.4.5 X173 (Neural Network)e} © FF2'd(Deep Q Learning)

rl
=
)
ol
rlo
2
o
ol
ftlo
offt
o
o
i
&
Ll
td
S
>
ol
rlr
O+
o
o
%
(o3
i)
%,

¥ 4 E 2 (perceptron) &
I oA R d=Egke] A8 At (linear
combination) & H]A&3sFEQl FAl dh=(activation function)S 2A7}stE HWHAS wEr). Q

19 U ES 79

t
E
<
r2
W
o

{0

[¢]

s BAREE YEYITE o F Y EYIT(Deep Q Network)dbil FHEr}.
E] 3

Aeel g 54 BB A G4 gl
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f(IﬂUl + Tows + b)

T2

X
ol
-
o

}(gradient descent) W& w=m |

=
ATl = FE el A (optimizer) & A3t &85 = =0l I AHEEH AT

g

Convolution Convolution Fully connected Fully connec

B-oce o
o] Ei\ =
o] @

o
BEGBEAREED:

<

a
P ——
.
nAB
(o] (=)

O

O
Tl
(] =] (e [e]

Figure 8. & 7 WESI3 =8 A2 ofEt2] A [20]

W MEADE 20150 T2 AL TS =R(200904 46749] oekel AL EAD
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7] 17 A B AHE Adels 2GS
A= QFF ste BAg Feadon, e
AAFE st g Ed el M (replay buffer) B EFA WES] A (target network)E 833t}
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=
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< AbEleE T

1414 ¢l (analytical)

S

289

o

gz F=2 o]it4(discrete) o]

Adjoint MethodZS A ¢shH w]

)
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&7} (gradient
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3.1.1 Particle Swarm Optimization

Particle Swarm HZ 3= A& A2l (empirical) ¢17-7]¥F(population-based) <&

o)
o
on
ol
Nm

3] 7<)

BEE

ek

F7H(parameter space)ol A

SPESE L=

g,

e

713k

=

o=

el

9|

=73

44

Q1]

REEE

g AT R 7o

-2

3.1.2 BOBYQA algorithm

el

Fortran ¥1oje] B F® (subroutine, &% %k

1
.

BOBYQA

"
mr
ol
Njn

U2, 54 gtg(objective function)?]

—~
o

13 A 2F(constraint) ol A

9]

Aspol

&
o

=
=

73 Al (bound)

ba ol

S

27 PR 24}

17 (gradient descent )3}

71e¢7] &

Els

lez]
S

| Qo
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3.1.3 Genetic Algorithm
4 a1 F(genetic algorithm)> #Ae] slapgol| 7IHkek H =3} 7jyo|t}, Hx AYFE9

gE VEeR AdE AAEAN 12 AT AxE 7= AE "ws WAae 2830

o

R oR QAstl A MASE Bovel W Wil A4 59 3P GA SueFol B8

gt

3.1.4 Adjoint Method

Adjoint method® E&]% ITAEEZ 7|wtom xxe] FxE HAsstE w24 &5 shitoltt.

284 agddE i gAe 2xE e FAR Urau oo FAES Folshd
5 & % v Add, o] wW fFHEe] ug

Ae A WMSg(F2 71e7D)S ALsHZ17E olfth. Adjoint methode HAF718He] AIZEA

2A4E g8st T A7 e go= no dA §d @S ek WAtk o

Ll
2o
o
—n

Region over which € can be

designed

A(FoM)

Ao = Re[E*Y (x) - E*(x)]

®

x Dipole with intensity EQ
0 €V B (x;) Xo

Direct simulation: Adjoint simulation:

E°'(x) calculated in

A e ——

E*Y (x) calculated in 0

Figure 9. Adjoint method2| A= 51 A4HA] [21]
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3.2 A" A AZADL(Direct Neural Network) &8 A}#|

[€) 1l
AN 4 gt Aoy, sAHS duHlxyozw wo fgolHE "oz = A 9 g
3lo] 3 32} ) E] (hyperparameter) Z4do] I Q3tth= A, 1g A&EHolx] gL FUFE

UEbl= el @AI7F slvks Aoluk. ofefl Aol A ®olZzo]

Aol olg Blom, $ =io] v AAMAE FuE I g,

3.2.1 49 7= WEERY F5E& A5 A

@ (b)
Convolution neural network Random structure Absorption spectra
(Extract features from images) 04 )
= Simulation
e i Extracted Deep leaming
onvolution + features |
2D Image of Batch normalization + Convolution + Fully connected Tio horizontal =
the structure Relu activation E'ak;‘h ‘"mmfal'z?mn * e rectan, \esd I\
elu activation gies 024 N

Pooling Pooling

One vertical

LB® - /¥\

0.1+ /
80O 1,200 1,600
Wavelength (nm)

Figure 10. (a) 2At@ T#ZRERH HEIHEHS E42 5= CNN & & (b) 22le F+x0

Lot AlEgfold Zitet Hald o= 2ol =i [22]

2019%d Iman Sajedian & A& Convolution Neural Network(CNN) % Recurrent Neural
Network(RNN)S Z&3sle] 239 Fx2<9 dHElxHd tiste] F4 2FHEHS oF3= b

BAESHAT. N2 oA Z5E 23 FRE Fhs= u &&HJen, @d dHolH=
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3.2.2 % Fx9 Y YAt 3t At oS ALE

(a)

Hidden NN versus numerical nonlinear optimization

Inpus Output —Duwied (4 45 81 6238 50 48 59)
———- Humerical {49 54 54 54 15 54 5351)
NN {49 45 50 62 38 50 48 58)

y

500
Wavelength (nm)

Figure 11. (a) Lt UXto| = A

Z2IE oI5 21t (o

AARE A&, 2E 9] dHolEE A& (sampling)ste] &&3lSod % 38t w2
A e FE SE(1x vvhHE A AWRE dFsh= d AFsido. E=g T)E
HEQ T F%E2 §X3 A= AAIF(backpropagation)s D&sled AXAAZS Fdst= o
Attt ol& st 93k kel st YHHS SF WaR At HEYAY
lossoll kg gto=a s 2ol Hxghs 93 w74 dHd3] 5 5+ des it

Input
Input

-3

- Typredicted

4

— = Typeeiied

Kirse 5 = = Rpiedicted

Transmission [%]

T

K an [omem—
¥.Topology  eiffem—nverse Design X: Transanission

3 15% [ 145 155 155
Wavelength [jem] Wavelength [im]

Figure 12. (a) SOI &Xt 7|& CHe| S A%t A o

5 2 geAof 28t WY (b) Fut: A BIANEE =2 HHEE 0SS A1t [24]
2019\ Mohammad T. Tahersima <] 7% FDID AlEd ol WAe] Alte] o A= A&
A3 Y3l A= 2174 (deep neural network)S &-&3fe] 43 AHE Yo Y= FF9
A o] EAk= Silicon-On-Insulator (SOI) 71¥F A= vl 7] (power splitter)e] 33} REg-&
| Sok= ol AEstaltr. o W A xR fJEEier HEFAE A4 We] dFS ResNetol

VY. HYF ARG EH GuA0] BEHe] 54 YFore Fing AgE wHw
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3.2.4 J AR (Photonic Crystal)®] Y= T+ (Nano Cavity) 7+F A A Ald

(a) Convolution Fully Connected (b) .
I I
" Qpy = 4.1 10°, .
Georo = 158107 _ |
‘ |
21 ceg) LY
o T
0 . -
'Ptiﬁﬁﬁ%:"|
L 7/ |
=4 |

=1.5(1n)°

I')L-;nra camant 1 nm

O[R0{ Tl 2YHT HESRR

babg S xHst 2t 25

(=]

2018 Takashi Asano <] 2F< TZo sty Q factorE HA3Ist=
Aastatt. sld HAIE st 1000709 Y= o] Ao QAo EAjstE dHolHAS

FH|dle] AEFEHA A AD(convolutional neural network)S E33 dl 719 Z(layer)o =

L

o] Folxl AWl HHAAT. I71H ARFAH AARe FLA 5L welsh yEYaw
Y el 91X @A Q factorsl WAE sl ZeHTh. AF WAL A)E

dole el A48t T yulale] @ 4 2& 719 Q factorS BAFE © AT

3.3 GAN(Generative Adversarial Network) &€ A}d]

Device ggngraﬁon Device filtering and
topology refinement
Iteration 1
Input: BOOY T | [ { Output:
Desired =— > e e — Device
(A 8) 400} I f design

1
| 1 ! | Final Design
0 '.___LI__L
a 40 80
Absolute efficiency (%)

Additional data for GAN training

Figure 14. 2At3 TEt2|0|E &HTH7|9| X[H0| GANS &% AtEel = [10]
20199 Jiaqi Jiang ¢ A2 2219 dWElzd o] ¥ (metagrating) 3HEF7](beam deflector)]
AA] GANS 83} ct. GANS Al o] &(game theory)ol A3t AAI AF(generator) %
HEAH(discriminator) Al7dwel AARS Fotol Axke] HeS Mdes WAeln. Ly
GAN®] =Zo] 7]& dolgAla wHzakArt thE uolEAle] A 7, T EAlE
el dsts Wakdol e EA PG, wekd Axs AAE A 72 T A9 s st
ol

l

7188t ) (topology refinenent)® 714 thA A dlolE S FA e WAL

SECIE S TS

oft
off

/\x}

E
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3.4 297 a8y A E(Physical Gradient) A& Ald]

HERsEH e A waled 7|eS A&she FAAA, AR xA9 7Y §lol B HelHE
gaslo] BAZ AU 5o S0l MG/l ] dojeel FEo] WrTA.
ol w2 deoly #am&olgte

mlo

M

Ade Az A3 olE A3ty fs A=}
FRHAE=Y, 2 F thEFHQ AtdlE Adjoint Methode] HEA AXES E35to] WEYIE

SHEA71E Aol

Forward simulation

Genaraled Mr e/'
index profile n Grating ' . I .

il ol | T =N
SN J\mmmslm-{\mmn
l ¢ Air e

Naise z Grating. i -I n

Si0; i

Gradient of
ficl 4

Figure 15. 1At@ FEHE7| OEfOYO|E Fxo| Z X3
=o|¥ 2t ES 283 GLOnete EH [9]

201991 Jiagi Jiang ¢ AFRLE oo FRE JMHAE aAke Hue s s @
w=o]= ¥WE(random noise vector)E AAFe] Ay JigwrE AT, dld #Yy Jde
A% 2 (generator) WIE o] == oH, g WEYJAA )0 EFH F(deconvolutional
layer)S AA AAE 220 7F-A1¢t E (Gaussian filter)E 713 235 22 A AT,
o83 A AAEE Az FRES FJYA Adjoint methodE S FH, AXEE JAEFH
Hr)AdE(gradient) S FH o] 2129 lossol] wFdEtdnt. oS Este] AR U EYA
g4el ARE sh&o wkgdetA HAa, 71 ¥ %S dolH a&3 =4

Bgol naHAY. AR ST ENTES GLonet o2 BT

M

r1r

X
b
o,
olr
o

uft o

3.5 AN B9 ImttlEs] £ Hg Al

Electric field
in forward simulation

Generator E™d (x) Loss function
EM dEff
=g |—=Fi = solver \ > g= — —* lxag)
ox
A
E™ (x)
Electric field

in adjoint simulation

Backpropagation

Figure 16. GAN ddXt HESRZO F2[H JZC|AEE HES Atdl [13

GLOnet®] &S vFolwd, 71E8] GANOl oA%E A4 2ol didte] =24 agHIES
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rr

off

3=} A s Aedxe

Mo
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o
32
O

} 20193 Jiagi Jiang ¢ A7 &

F3to] 719 Adjoint Method Wh¥] ¥ 2 A8 @A3S BST),

ofl
us
z
>,
o

3.6 do]¥H {353} (Data Encoding) A& Al

| b 5 | .
o(x,y)=0

d

fo(xy) € {0, 13V Pe(x,y) = emf ) Pe(kx, ky) = F(pe(x,7))
Encode
Bi | Level set Sparse
naryimage function representation
IFT
Decode .
fa(oy) = —ang($a(xy))  $a(xy)=F ok ky)) Pa (ke ky)

Figure 17. Xt 10| CHSE H|O[H f=ot 8l HR st Y [26]

Al 2o dloly 7IHE HAsl] Qlo] Al fxo we EFLEE Sy % oA vE=s
Q9 ¥ sfyolt}. 20201 Zhaocheng Liu €] AFRAL 7|58t H 5 3}(topological encoding)

WAl S EFslo] P FEZE sparse representation®® WA TE. o] AL AHH o] Eof A
71E AR T B2 FES WASYE H9do] Jhed AdS &8 Ae® ) olXl(binary)
TZEE dEFel ztow nptol Y A 2 dolg =7F(data augmentation)o] &8I 4
A== 3. sl o= FEo M3 (Fourier transform)¥} level set <7} &85},

3.7 Metanet: AAAA d|o]E]lH o)~ (Global Database)d] A AL

Metanet Contribute Code

Filter Metagratings ? Metagratings
R IRl 20 Freciorm Deflector + Angle Wavelength Thickness Efficiency
Material Type: 2 Polycrystal Silicon v B0 9000 325 09623

60.0 2000 325 09641
Angle Range: 60 60 60.0 900.0 325 09718
600 3000 225 09362
Wavelength Range: 900 900
600 2000 325 09362
Thikne < R 600 2000 325 09699
60.0 900.0 325 0.9441
ER 93 600 3000 325 09639
600 %000 225 09576
Polarization: ~ ----—---- v
60.0 900.0 325 0.9570
RGO Gl Onet i 600 9000 325 09198
O N 600 9000 325 09384
600 2000 325 09651
60.0 %000 325 0929
Download Filtered 600 9000 325 09371

Figure 18. Metanet2| G|O|E{H|O]A Atd [27]
dlolg e oo CIFAR, MNIST S 7]F dlo]glHo]~7} glo] UEY TS A%S nlas=
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Aol AFHOR T
FEHoE Wise BARL

A8 (centralized) dlo]g o]~ F=go gt Ht
gzl el HelEuel sl

stoh. 2y Fa fxe HA3 5o doly #sks A
7o 2 4HS wkel dlo]E] Al o]

Metanet (http://metanet.stanford.edu)<

Sk g el A
Stk Bo| k. whebA] o]t
o2 20204 Jiaqi Jiang ¢ A7HE&
Al F3} AT

O

o

BlcH

APl B = bk 72 R BE, e

AA el &

83k F= o] Al (GLOnet )7} A F = ATt

3.8 AH 7|3s+d FZ(Fixed Geometrical Structure)ol] th3+
(b)
¥ Reward
L wE
g iE

NI . . 5 EE

S

Neural Network

New State
Figure 19. (a) &%} & 3 58 7|6tetA Li2t0|HE B F HEXIQ YHIUCE E&= 24
T (b) sy ZEO| oo M2 X|HUAM ZLStH XXNZ0| =E2st= aPd [15]

20199 Iman Sajedian ¢ AT o F 9 7= dFQ] NS Wb xEA4 0 9
gkl 7S AAStE FAA U=tz dwEIEHY FHAH3b #Fgeigitt. Y WHES
Foto] 7 Az diske] 90009l A (step)Wholl 3450%F 7hx]e] Ao 4 tellA HAES
Elgshe o=
3.9 7]1€& & Atdd W &4
Fold AT Al ER BAsiRH, FAxe] AA FEokoA malzyyg @ YdHdS &83 Ald )
W SE2 Frbskal vl oA VEAH o R deolH wAHoR Qg HldolE At s)dta
StA sld dielHE Alojste dlolH #3(data science) 7|&o] wlg wWE £ WAL
A7) wiEoltt., HA AFE FEdhe AFRE 23 Fxeo WERWS AEFH w4
YE Y T (Convolutional Neural Network)ell 7|wtsle] F7Fe] =424 EH(local feature)S
FZ5te dlolH dWd (embedding) WAS A83F= Fo] Ul Zlo=x FJAFHIJTE. FF
ZNed Fod odte] Fax TRV O MYEsiEa & EFAS UME AoR AEH7] 4,
AZke] Aoz MAGY] oHHXT=E FHoA HHES 8= FAE AEHFE Fo=
ArgE ).

22



A 4 ZA AA

4.1 A4 Ms

WA A A A e AL 13 A A5 Autete] 92 B4 ztrg 2EA7]E
W e} 12 o] Bl (metagrating) %o HHslolth, ol 912 sl Fwsr} Aspae] 2
wluke Exlale] Al wel o]y ZAxld] o)a 3| Ho| waysA Hr}.

o,

%

Si

———

Figure 20. =X 2Xto| 7R

g x5 FET Ao Metanet[27]6A4] #|F% RETICOLO[18] A~~E 83k Al Ed oA
SEg FEaAh Y 2o 4% AFE QA gin) 59 2ERe] 2H G|, oA
YA A7) o] 2d 5k A7) gt o R o ¢ vk, Azl diste] iEgtow AAE

T A 24 dAe B, 2d 4w, agar Ao fxo|th. o] Foll &zke] &7}
AHsl el Y FRE ALY 41, F1FS -12 FF 0 MHR ool gt

Air Grating N e s e e e e R Sl e e SR S R

|nput Condition Top View i 1 X n Vector :

Wavelength :

£ Defle 325nm [#14+1+1 4141 .. -1]

Structure Shape “Theels : :

' I

o Si j +15i |

Output Air ‘ -1 Air :

s s i o e S e L e e s iy

Deflection Efficiency

Figure 21. |83 ZH 2] 2A
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4.2 F71, 4] <
14 S2el o 5o Aa
of wel F7] Aolst e

=°l,
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/\7(?5
=

=
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1300nme] 4%-2] 121 325nm

& F7] Fxe| F7] eld] eE

1] O
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A Fxe AAsoln 2) We Ay TS

A&}7] ol ot

7}A 21

4%

zr

ki
s

gk webd 53
Fdel A Adratolch. 2749
971 waeln o]zle] rxe] Wgte] Y
Zpo] ol 325nmz A A=,
e =Fo] Wew Aaie] =L

3L T
71A %A

o

—

o= 4.3.1

i)

=
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1=
RS

N

d

¢

-

o] & Jianji Yang,
Aess A3 HA FA=
2L 3 (500nm ~ 1300nm)o] = =

B

1800

1000
Metagrating thickness h (nm)

600 1400

Figure 22. 7t &M 8 2 XM oM 2t 2H| 14t =2|H0| M2 2E [28]
13 71& B NBAOIA A3t 24
4.3.1 RCFA = #4
Metanet[27]o] A& github ZE=  FolA RCWA AlE#HoolHd ddst= MATLAB ZE=%E
Bk, 89 2= 2714 aE B Ao F8E.
« 2o F: 325m
« 3|4 zt4(diffraction order): 40
o 729 F7](period): (wavelength)/sin(angle)
c 2718 EdE 1
< LS E tdbe] FHE 1.45
o A F2] =-E: dispersion relationo @ A4t
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4.3.2 Metanet H|o]E|H|o]A vl HF

71E =39 Azt Ao Hlal F4E 7] AdiA s AlEdeld 9] Fddel i Aol
= delHE 494 W AlEdeld Z2add

I Qa3lty, olZ ¢35Fe] Metanet[27]94] A& s}
£

g
sto] FAFre] =4 a&S vusltt. g 23k Table 1o HeEbAH

Table 1. Metanet H|O[E{2| XA XE 221 45 Zut

Simulation Data from Original Authors Reproduced Result
Defisction Wavelength | Thickness | Deflection
Angle . . Structure
] [nm] [nm] Efficiency
60.0 900.0 325 0.9718 .I I I. ‘ 0.9719
@®Si
Deflecti C/Air
etlection Wavelength | Thickness | Deflection
Angle . . Structure
°1 [nm] [nm] Efficiency
60.0 1100.0 325 0.8048 I I II. 0.8048
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M
il
fol
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i
gl
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e
P
rr

pou)
o
ol

rO

=)
3t
O

HAstE Fdsy] G V1= FI[9, 10164 ST axtel Wi HHs dis g]lsta
Ak 71E £38& Adjoint methodoll 71Wheh &= s} Atg wWlxwa R g&3shlct.

A Adjoint-based topology optimizatio%n C B Adjoint-based topology optimization X% The highest efficiency
1300 - Il Conditional GLOnet optimization X% The highest efficiency
1200 9

90 g =
= 5 80% i 69% 80%
E 1100 | 2 E 82% 70%, || 85%
= 1000 - PEE g I
2 o S - ‘ ‘
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NE BAE 2640 WEEAe AHHsE FAolt. et 2256 ke F9e FolA
A7) A9 Rt B UF B 49 $2 st 2nz 2o Pyes Hgshs
gel @A ek, A mal, olud sd WAel AEeA @g shsgel wor EE 1
oFE setelr] olfth. webd Y EAIZ 2wEA wE Best Atk b AuHelw
BEE PHS A 5 Fole Aotk oA A EAY EH3 (complexity)s FHAAIA
Ad 7hede ol Aol doy, HESNA 9o Wi s ge AT A2 9§ g2 A
7R gRe A gatrlele LA stk A7
WA FxE (Brute-force) B oJAs] 17l AFE 16707FA Ao oA HY EES
spelatgint. of & 1) Aol JiHow He 4 o & AES e A ¢ 5 U
Table 2. FXAHE FMO| o[AHg & 7i+0f E =tf =& M Z1f
Number NisrberofCases Number of Cases Theoretical
of Cells (Permutation Degeneracy Eliminated) Maximum

1 2t=2 21/1=2 0

2 22=4 22/2=2 0.088

3 23=8 23/3 =2 0.067

4 2* =16 2%/4=4 0.088

5 25=32 25/5=6 0.154

6 26 =64 26/6 =11 0.316

7 27 =128 27/7 =18 0.289

8 28 =256 28/8 =32 0.353

9 29 =512 29/9 = 57 0.444

10 210 = 1.0x 103 210/10 = 102 0.412

11 211 =2.0x 103 211/11 = 186 0.497

12 212 =41 %103 212 /12 = 341 0.618

13 213 =82x 1083 213 /13 = 630 0.694

14 2 = 1.6 x 10* 21 /14 = 1.1 x 103 0.829

15 215 =33 x 10* 215715 = 2.2 x 103 0.851

16 216 = 6.6 x 10* 216/16 = 4.1 x 103 0.848
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w Aol Al dedtE Fetks Ao AR A adge 248 fste] HAx=

A9 A%E UAZ FAA AH5E A=A,

5.1.1 Z3tsts ZHdYa A

1A 71 Al 2.4 AR 2l Aol sjdshe A 2] AAVE daskgit.

State Action Reward
[+1+1+1+1+1 .. -1] Flip of a cell
+15i o .
-1 Air r = (efficiency)
I
Initial State: All-1s or Doing Nothing

Figure 27. Zotets Zeae 74 24 &7
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HA A (state)= 710 AFd mbel o]l Aol 414, ¥TITe] -lol dTFE= =

dAsl=d, FAH] e 5.1.2

rr

BEO41S 7

s
-
BN
it

4ug Qs 27 7=

o A5 A s M "= A 52 oud A= HHA @a odyiEs
Z % (termination)dts= Ao 2 A3t tt. o7|A ZFRo| B3 FA ) ALSS 5.1.2 A A
/\

3kt
AL W\ & a8 AAly #ge=z Aosidoh. sid #tel B FAIAHQD olf+= 5.1.2
ol A~E(episode)d] Zolx= Ao sz HAAFIEY, oJAL X7 FRAA HA AR

Ao wgats] ANAE Aol A9 A8l AFNF NIk 5] WRolm, oldA A
125

- MEA] A= HAdd =2str] fste] H4 4

U ES A= Figure 289 Wb wpel gho] g 744 o< 7|to= A4 P55 2AHsh= d

U E9 A (deep Q network) = A3ttt AA 7|9k YIEAZ s WEY]AL] A& o 7HA

g 5 ol A7t AW, AP MEALZE £58 A5S BVl oF FAgnat o 3
F a9,

Qvalue (value of actions)

q4 : flip 1st cell

51
Deep Q Network gy : flip 2nd cell
S2

g3 : do nothingand terminate

A9 9 7 dEAIE QEgon PEE oFE 74 A Bdd dYsh:s gl £E DS
wou HdUgtow 7 A2 AME A9l A% AT YYD o © A9 Furt sht @

Aol ZeZol AR, wAY RYe ZARe o AL &H @3 omis

flo

Gl
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memory()

N [

buffer_limit = 1,000,000

batch_size=32

sample

s,a,rs'

If memory.size >5000
train() X5

(instance)  (instance) /\
q_target() al) s
sio,

Episode length: n_cell

class Qnet(): i

sample_action()

Adam optimizer
(learning rate:0.0005)

Figure 29. 73 T Q| A
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@ stold et E e FHe o g

=g AHse P 23
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H

D Y4AF sso 9, 24 7
2) 271 #+%, B (revard), T8 =4

3) 72 UAH(discount factor)

4) A M3 oy as o]

5 T d¥ar= Sl

6) Q Networkoell| 4] Target Network@ 2] UHo]E 7]

7) Soft Update H]& (1)

8) Epsilon 4 7]

9) &5o]l A A E = A W H (replay buffer) W W22 A7) (memory size)
10) A4 W e A7]

11) 2% (learning rate) % optimizer =¥

L
iy

12)

L
iy

5] 2=
35

13)

jus)
==
2

7] (batch size)
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At A ololdES] Hes

R AAE %7] AE (initial state), HAH(reward), £ Z(termination)”’} & HAol|t}. E&

dotes FES s Fol MR Fd¥Hel 2 As

GA At ANFHOE FFS FAW, AT A /A L2t oo 4AE

(e
2
B
N

| Ael(initial state)™ 3d AG-olA WEEHY %27] FF2& 9n|sitt. WA 24T
AL z7] F2E5 13" FHE uAHTA] =& FFEZH Zh(stochastic variable) & YHE

Zolth, sld ZE A= A WH(replay buffer)E &8st 7zt ~®l(step)ol ozl

i

Az AB3A (time correlation) §lo] dlo]AEE 8tGA|7]7] o] Z7] o FEZH<
845 98 FaAo] AA &Y. B 27| 725 DAFOERMN Zybid doldET He=
Hgo]l FFHog sGHE ads AR, dFs g5S HaAe 1g" 27 FRE
AAsh= Aol Adsith. wepaA E AFelA = B Aol 19 #e THAE(RE 74 Aol

Si9l) FxE 27 PR Agst,

B (reward)®] ¢ &2e] 2 WE § 580 @e Huistslr] flete] &g kel AlAlE
groz AdAslth o714 el grel AlAlwe THE AL 19l Tk el 9FS Adistet
| 7W7be g& Hdistslr] $lgelt

h}

(reward) = (efficiency after flip)3

P o wFS Fr Qe wHomE Fx e AL WA RaA HAN, w£@
Al Efo] volAE AB@A TRNA 54 A4S FPE A9)o] P HoE fel(dna
28% A HE D@ A% AW Aga wEA AT By
gsel JHoR & FYYL AT + Utk ABHoRE wge] g HEO Hold
B Zlo AgsE 2 94 & WgelXu AAE 124 se ENA HES 2 e
Fs A de dold = 94 Fse AL HARAT. T 44 A% 2

PN
T
27 24 Bekel AP WP & AAITE 94 AT ABE £ UL Aow
t}

ZH (termination)? Fojx= E AFoA do]dES 35S Y vl 23 24
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HAH7| 2 dtf, FEoANE A9 ‘done_mask’ @1 EEE J|EAHo= FALSE e IHAE

= 2(flag)E AAstar g AdS A8 Al TRIER & v =5 si3itt.

T

n}

w3 done_maskE Q ke Alxle] wrdstgth. o] AL ‘Do nothing' & F:383 o]F Qzko] =L
A= e WA 7] fstolth. wpxEe 83t actiond] 7HAE AALE o Ao m=Ew

e 2o

B
=
o
N
b
~
o
=
@
=
@
w
“
=
aQy
=
=-
=)
p—
i
o

Q =7 +T X maxQ' x (done_mask)

1 (if not done)

(where (done_mask) = { 0  (ifdone) )

5.1.3 2173 AA
14 o] HAsE flste] | 7 UIEH A(deep Q network)e] FZdpetv]Ele] 2HE 353t
UE T 7hER (veight) MG dh5e] Ea4da 2 Adio] 9y wEe &Y

layer)o] 7A=¢t A& & =

Ay HEAH o 7= Figure 30 3 Z

o
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5.2 A o] F7td g AA

14 A9 2ol @ HH3 olF o Be AFe A2 A g
Sev o ge el U AMEE FYsks Qe AeuE 3w Qo oy
b ASRAem FAAA Hm, 32 AdARHE olgd Hu mee 9t s AdHom

2AhsEAE Aol ol2A Brh. Table 3¢ ol TAE e Rold,

o
R
=2
=
ob
2
B

Table 3. & 2| S7t0f| ME B2 = A O[2Y AU 2=

N f
Cell Number Number of Cases i SMBSFRHESees - Theoretical Maximum
(Permutation Degeneracy Eliminated)

14 214 = 1.6 x 10* 21%/14 = 1.2 x 103 0.829
32 232 = 4.2 x 10° 232/32 = 1.3 x 10°
64 264 = 1.8 x 10%° 20%/64 = 2.9 x 107

I

practically impossible to acquire

upehA Aol Ajarh ool weEh g detvy Sof WErh dash) dd. E

ool AE oleld WakE MM % AFW TR WS BaA Agstug .

5.2.1 w7/ W3}

WA vk il S (hyperparameter)®] W3S gt HASLE A|=T F vk 7EHow
AlcelDel 7F golvdA Ao flip 7F S71eHAl H™ ARA oz ovi= Zol(episode
length) & 83 Ao F=wtg Z7iskA ¥},

w3 Aol = Fbel] webd g IAH(discount factor)el # W3l A sk, wrek
AREflip) Ao F7F Avkd 724 Qs vhe gor dAHd & FHAS /A F
S Zlolth. shAt 74 1AV Ui Avkd RS 3717F FAlE AER Zeld A7} 9lth,
Table 4% ol9A=el 74 die] =egs ) Folxl 4] <dxtel] whe} B FalAE @<
UERdTh, S Eell wh2W 7]Eo] e 0.99] A9 0.98 H 0.999] H]E] zAB 9] Aol v}

S o} Z= 0]
= AN

a

facs

Table 4. Zt AFIO|A Z+4| QIXtof e} AN F8iX|= 3t

Discount Factor 0.9 Discount Factor 0.98 Discount Factor 0.99
Step 32 0.932 = 0.034 0.983%2 = 0.52 0.9932 = (.72
Step 64 0.9%% =1.2x 1073 0.98%* = 0.27 0.99%* = 0.53
Step 128 0.9128 =14 x10°° 0.98'28 = 0.075 0.99128 = (.28
Step 256 0.9256 = 1.9 x 10712 0.98256 = 57 x 1072 0.99256 = 0.076
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EE ] AT A A A AT Be BA AN E dSAE Zol7k 11 544 Zuriel

BANES SASH o] % S(exploration)s & F U ¥ Al Al EA g o] ¢

g

didE flate] 715 14 AolA 0.9 9 74 Ao = 0.98 = A st 333

Foll met o Wzl 2719 F7hF 2ot B A E | St
HEY IS st&o gZd o] WE Y (replay memory, replay buffer)E &83}9 2™ FIFO(First
In, First Out) WA& &8sttt g Z@o] WEe = 3 25S A do|dETZE 259 Ao

G (s, a1, $1E AR Aol BEYSE PAS A oL oA U 29

5
ol

9
o
¥
s
o|\
)
ol

ko] A1 A#A(time correlation)S WlAISHZ] fAstoltt. AEHI= AME9 T WA

Abo] Z(batch size)oll ¢ste] AA AT}

Replay Memory Agent
LITTT T

Sample: {state, action, reward, next state}

Randomly sample the data

Figure 31. 2|S20] 22| X oiF HZ2|0f HO|HE MYsts L4

Shltrain) AN & el sdeleh S 4E Het Pd 94 BEHULG. olAL

Wel Gk FbshE el Bamsh SEEA O we delest Besde A% i)
SIRIE, Z1E 1804 5 H% ST A3 el Efe] Frhehe Ae HAT & 9l

sk 7]Eof skl PSS flste] B 5 UlES A(target Q network)7F =4 EHATEH o] A
T WEHAQ network)7} sl 49 1) ZHiet Q o #HAE viA fdelER ] FA
2) HA ol g s HriE dof vk wAE siAst] fstelth. oA ], dd

FAZE W 2gvhe dskets Ae BAATE FEas] wEel ool AL HAste] Mze
e FAY B F UENLE =QE Zeltk o] AxgdA F UENIE e Q Bel
BAE Shstn epl F dEAIE A Q #hE AT BB duse e v, 97

NG emas)eie i e B dES 0] BAEE 34 S nhec,

N
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Q Network: learns the state & Q function relation Target Q Network: makes the decision

State O Q function State Q Target Q function
O O

Update per some episodes

Figure 32. 7 UERIAL EtA 7 HEYJIS AL
Aol 7F WA g gulelEe F7] Al MEE Jhetdlvh. 2 717 sold Al §3o]
5

SolupAul 4ol meAE BAE 9] W] AYHeE

TS B S UE A F UEYAE QUEE & W SU9A0R JMFEAE BAShE AR
T UEYAS] 7IE #s dFE 4% A2 F HEAZY s Wd'she Bae] By
org A oltt, s WAL soft update Bt EelE WA o w2 olgje} e AL wETH o 7] A

Hked w] gl sl FEhe WA e ZECA 0.19 e A3t
Tw=MwxT1T+Twx (1-7) (r=0.1)

(Tw: Target Q Network Weight / Mw: Q Network Weight )
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coin ~ U(0, 1)

i € > coin: Choose random action
& < coin: Choose action chosen by network

B
ofy

FHbell= 71E

1o

S-27t sjAstaat s BAE g Zutde B ©§9S @ol dhu
&g

A4g %
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AQwel FxE 14 A FAE fA%5 A9 Azl we A A Fol wMEE A

Aoz WAtk dlF Sof 3249 3% S ue} 32, 64, 64, 33749 FHOE o] FolA

NBFE FE AARS SN AW Ao b Holwe W wesl A wHow
sidel Brke BAe g WE FH(ayen F R FO A9 H_Y ghol s Mz
ot vk B Rt dY px UEADL FEE A5S By wRel oA

AR WHOoE Fxo WMFE Ast: PAS BEAG.
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A6 23

6.1 23} 9.

B Aol v geld 22 el FH I (Wave Deflector)e] A7l

UESZ(Deep Q Network)e] TS &3 HAHI}E FPs1qlnt. dld WAL +

Fel(state) 2 ok 54 A(cel)O] AL (flip) 929 P (action) A F
7t ~®l(step)oll A D 7o HUEE AAH WAooz e oag o

B4 v e Aeo 22 x5 AAE.

o AFHA oA A A= 20199 9 20200 FHo] HnE TUe 279

27] oiv] U Aes GAslen, FEM & 7IEF AlE#EolAd A = RCWA

o

ER B ATAAAA 542 dENLE E 234 Auelel 4w

713 (robustness) S B+t AL #elstdt).
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6.2 7| =71( 900mm, 60° ) M9 B4 && 23 H 24
& AelMe Ve 9 2dS AAbRe] s 900mm B =A Ak 60" 2 AdASH. &
Aol M= g 230l ek HAs 3 2 AdE A st g,
6.2.1 712 T2(14)NH9) A= g A
Trial and Error  Efficiency Episode Length
0.8 A 1 141
-" Wwww 'y 1y .
0.6 Converged to 104 l
Optimum O
04 : il ﬂwl
0.2 A 4 Converged to
2 7 steps
0.0
0 1250 2500 3750 5000 6250 7500 8750 10000 0 1250 2500 13750 5000 6250 7500 8750 10000
Episode Number Episode Number
Figure 35. U E®A 2| st50f 2 4d 2Xel & #Hal (R1F) 8
ofmaE=0| ZO| e} (LER)
WA 140 sk MEQAL Sreis AN A4 2xe &8 d¥as oz
Wkl a2 Figure 35¢9F k. &2 a9 A ZRbe AgHeE 73 5 HH sl
gste AS &9  Qdn. ®=3 olyas Aol A9 HAFHomE HA AR 2
Tl sdel EEEE A% S0 & Atk oA 27 FERAA A Tz mdst Az
BRER, o5 T fldte] UMEYJAS 7teAE Aet nAste] 725 JHEer Ja
el RS wEela, o Adks Figure 363 2.

Saved Network for 14 cells

Initial State: All-Ones Initial State: Random

Step 1 (action :

Step 2 (action :

Step 3 (action :

Step 4 (action :

Step 5 (action :

Step 6 (action :

Step 7 (action :

Figure 36. U E®/A2| 7IEXE A

E Step 1 (action :
i Step 2 (action :
E Step 3 (action :
E Step 4 (action :
Step 5 (action :
Step 6 (action :

E Step 7 (action :
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E
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WA 27 FRE BT 12 F A$Figure 36 9%) %27 FxolA HAH T2 =4I
4iA g5s FHaked, oA o3k v A il dYA=E TR ol gt
TR 27 7E2E ded® F A5 (Figure 36 LE%F) olo Z#le] HH F=xo =23 A
el 5 Ak, oA HolHE Stud w A3HA AuAds wiAsky] fste]l =Fl(step)
G2 ES FASY] wEeltt. thAl e, UEAE oAt RA A 7] Folzl
T-Zoll diste] o] ARE(trajectory)E WA HEIR FV|HOoR FHA Hes W=

rr

6.2.2 A J|] Sk wE E3t 24
BoAgdAe Ao $8 A Feld JEagon A o b sbgel ue Ao

WatE 2.

Table 5. 14, 32, 64’20f Cist 229 &= % OIO|H =&

Cell Number of Cases Theoretical o -
Number Number of Cases (Permutation Degeneracy Eliminated) | Maximum Results | Minimum Data Usage Data Efficiency
14 2% = 1.6 x 10* 214/14 = 1.2x 103 82.9% 82.9% =2 x10* =6.0x1072
32 232 =42x%x10° 232/32 = 1.3 x 108 98.5% =3.1x10° = 4.1 x 10?
64 264 = 1.8 x 10*° 2% /64 = 2,9 x 1017 99.4% = 1.2 x10° =1.5x 10"
Table 5olX= Z42F 14, 32, 64719 Aol disto] H#H3 Ayt 3 Holg a&s deEliid.

1
WA HAstd adgke) A Ao 7F SvrekdaAM kst 6478 A9 7] 100%])
M g 3ES Ve As A g o 23 HolY a8 A a8l =gs]7A
FHE Ha AEYolA SIFE ol &ste] Fed, Ml AdAE wkd dloly d&o] Al

b F7RREA FAS Bk A% 9T + Atk oAe FAUEAA} dnHow

<

E

o

Bol o s BAH we o Aeld o mEA 7

el
Hol= Aow sfded ¢ vk, HAskd &Ake] 2= Figure 379 WERAT.

@ Si

Figure 37. &9| =0 & %|X3tEl X

0;
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6.2.3 7|1 £8 Aot Hlu 4

w ATelA A A e A Frxel diste] HASE FAd Ay, AT wHUENA F

3270 5 64410 A5 7] Ate) Ao Holde AHE @A, dF 2= Table 601

UERATE. 91714 Brute-force: ¢ B& Holy AAS B 1 F AYAEZ 7ot IS
H

olngtr}y, Eold whet M2 Table 69 W3t HHoz HAGRe] 7]& £3 ¥

uful

HA3 oA B Ve deEE GolgE VIR AAH R B 2T e ol

Table 6. 7|Z =212 ZiK?l) & = A0l =Xt Zupot2)e| H|u

Best of Brute-force method
(95.3%)
Best of GLOnet-GAN (2019) . I I I I
97.2%
197.2%) | ®si
' O Air
Best of 14 cell
(82.9%)
Best of 32 cell
Our Work
Best of 64 cell
(99.4%)

3 1 ZZ Figure 389 JERN AT,
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[ ] Brute-force?

95 [ ] GLOnet(2019)"
[ ] GLOnet-GAN(2019)"
[ ] Our Work
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