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| Mewsurface

“Flat Optics”: 2D Structure that Manipulate the Light
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I Optimization of Metasurface

Incident wave
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I Optimization of Metasurface: Conventional Approaches

argmax f (x)
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Machine Learning for Optical Devices

Hidden NN versus numerical nonlinear optimization
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I Machine Learning for Optical Devices
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Takashi Asano, et al. Opt. Express. 26, 25 (2018)

Convolution neural network
(Extract features from images)

Convolution +
2D Image of Batch normalization +
Relu activation

Convolution +
Batch normalization + layer
Relu activation

Pooling

the structure

Fully connected

JLAB | KAIST

Extracted
features

Two horizontal
rectangles

One vertical
rectangle

Covered area

Random structure

Absorption spectra
0.4
- Simulation

Deep learning

0.3 'Al
f

Al

02- VA
0.1 / \
0 “'—'/, T T

800 1,200 1,600

Wavelength (nm)
Iman Sajedian, et al. Microsyst. Nanoeng. 5, 27 (2018)

7




I Machine Learning for Optical Devices

“Even though as a physicist | tend to be a bit uncomfortable with the fact

that Al will have more and more (impact), but it is a fact.
The future will be a lot of combining of Artificial Intelligence including

Machine Learning with Optics.”

Federico Capasso
Father of metasurface
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I Research Objective

Freeform Optimization of Metasurface using Reinforcement Learning

Freeform design has a large parameter space that limits the performance of
conventional approaches

Reinforcement Learning is proficient at searching the optimum condition in complex
parameter space (i.e. Computer Games)

There are rare study cases of applying Reinforcement Learning to Metasurface, and
especially, no case for freeform Metasurface
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I Problem Setting: Diffraction Grating

period: p I

=
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Compact Disk

o splits the incident light into plane waves
Periodic Structure 27
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Diffraction Equation
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I Problem Setting: Metagrating

Silicon metagratings for Beam Deflection of +1 Diffraction Order

Input Condition . o _T_OB view _ © 1XnVector _i
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Deflection Efficiency

Free-form Optimization
Large Parameter Space(~2")

Previous Research Results for Benchmarking and Quantitative Comparison
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I Problem Setting: Other Works

Adjoint Method: physical gradient-based topology optimization

| |
Discretize into small pixels | | I I | I I | I | | |
Initialize each pixel with grayscale G
dielectric permittivity values I I N N N N N R N . A(FoM)
Iteratively modify the permittivity G ) Ne
values to improve FoM and binarize | IEEGNGN_1T__ 1T _ 1T 1S

Q
:'L;:z:::c%vcr which € can be
A(FoM)

T Re[E®Y (x) - E°¢(x)]

Dipole with intensity 32 .
€odV E(x,) o

Adjoint simulation:

Direct simulation:

I
i
I
i
i
I
|
I
|
|
!

E°'¥(x) calculated in 02 E* (x) calculated in 02

Christopher M. Lalau-Keraly, et al. Opt. Express. 21, 18 (2013)
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I Problem Setting: Other Works

Moise z

Random

*number of cell: 256

Update of device structure based on
Global Population of Physical Gradients
(GLOnet)

Nano Lett., 19, 8 (2019)
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Additional data for GAN training

Application of Generative Adversarial Network(GAN)
for random data generation

ACS Nano, 13, 8 (2019)
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Electric field
in forward simulation
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Electric field
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Backpropagation

Combination of GAN and Physical Gradient

Nanophotonics, 9, 5 (2019)
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Methodology
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I Reinforcement Learning: Schematics

Sequential Decision Making through Trial and Error

Action
O
Episode /\ Environment Xn
Reward
Agent
State - Next State

State - Action - Reward, Next State

JLAB | KAIST 15




I Reinforcement Learning: Setting

State Action Reward
[+1+1 +1 +1 +1 ... -1] Flip of a cell

+1Si

1 Air r = (efficiency)?

Initial State: All-1s

or Doing Nothing

Q value (value of actions)

qq : flip 1st cell
S1
Deep Q Network q, : flip 2nd cell

Sy

g3 : do nothing and terminate
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I Reinforcement Learning: Examples
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I Reinforcement Learning: Prior Research
All-dielectric nanostructure using silicon rods and anti-reflective layer
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Neural Network

New State

Iman Sajedian, et al. Opt. Express, 27, 4 (2019)

Nanodisks diameter (D): 10 — 500 nm; step size: 5 nm; (98 steps)

Spacing between disks (L): 5 — 500 nm; step size: 5 nm; (99 steps) Number of cases: 3.6 X 107(,,225)
Nanodisks thickness (/' 7): 5 — 500 nm; step size: 5 nm; (99 steps)

Antireflective layer thickness (AT): 10 — 200 nm, step size: 5 nm; (38 steps)

JLAB | KAIST 18




Results
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Target Condition

Wavelength: 900 nm
Deflection Angle: 60°

1039nm

e Sj
Air

Air Grating

TM mode Incidence

JLAB | KAIST 20




Brute-force Search

Number Number of Cases Number of Cases Theoretical
of Cells (Permutation Degeneracy Eliminated) Maximum Perm utation De enerac
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|E .\./.
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Optimization Results

Trial and Error  Efficiency Episode Length
. 14 -
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Optimized Structure . I I I
Optimized Efficiency 0.829*(= theoretical maximum)
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Optimization Results

Step 1 (action :
Step 2 (action :
Step 3 (action :
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Challenge: Increasing the Number of Cells

Cell Number Number of Cases .Number of Cases .. Theoretical Maximum
(Permutation Degeneracy Eliminated)
14 214 = 1.6 x 10* 214/14 = 1.2 x 103 0.829
32 232 =42 x%x10° 232/32 = 1.3 x 108 _ _ _ _
- ot = 18 % 1019 260 /64 = 2.9 x 107 practically impossible to acquire

Solution 1: Increase Maximum Memory Size

/ Save the data \

Replay Memory Agent

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

wndomly sample the data/
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Challenge: Increasing the Number of Cells

Solution 2: Target Q Network & Soft Update

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

O
O

O
O

— A

Update per some episodes

State Q function State Target Q function

To=MwXt+Twox(1—-1) (r=0.1)
(Tw: Target Q Network Weight / Mw: Q Network Weight )

JLAB | KAIST 25




Challenge: Increasing the Number of Cells

Solution 3: More Exploration

e-greedy exploration

Hyperparameter ¢

Random Variable coin ~ U(0,1)

[ € > coin : Choose random action
i . :
¢ < coin : Choose action chosen by network

Reduce the decreasing rate of ¢

Enlarge the episode number of exploration
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Optimization Results

Nucnemltlper Number of Cases (Permutat::l:\rrl')bezre:ircaacsye;iminate d) Tl\::z::iﬁl Results Minimum Data Usage Data Efficiency
14 214 = 1.6 x 10* 214/14 = 1.2 x 103 82.9% 82.9% =~ 2 x 10* =~ 6.0 X 1072
32 232 = 42 x 10° 232 /32 = 1.3 x 108 98.5% =~ 3.1 x 10° =~ 4,1 x 102
64 264 = 1.8 x 101° 26%/64 = 2.9 x 1017 - 99.4% ~ 1.2 x 10° ~ 1.5 x 101

14 cells . I I I
- . ® Si
Optimized Structure 32 cells .l |I"II O Air
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Efficiency Iteration Compared with Greedy Algorithm

Greedy Algorithm
eff
Bl o
[T o2
A ) @ mes) [N ]
[l o1
Iteration of Saved Neural Network for 14 cells Algorithm Comparison of 14 cells
eff: 0 Lo Efficiency by Iteration
eff: 0.036
0.8 A
eff: 0.321 /
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eff: 0.394 £ o4
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0.2 1
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Iteration

JLAB | KAIST




Efficiency Iteration Compared with Greedy Algorithm

Algorithm Comparison of 32 cells Algorithm Comparison of 64 cells
Lo Efficiency by Iteration Lo Efficiency by Iteration
0.8 - 0.8 - /\/‘W
> 0.6 > 0.6 -
c c
@ o
5 0.4 - 7 0.4 |
0.2 - 0.2 -
—— Neural Network —— Neural Network
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0.0 I L) L] ] L) I L] 0.0 I 1 Ll T 1 L) L)
0 5 10 15 20 25 30 0 10 20 30 40 50 60
Iteration Iteration
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Performance Comparison with Other Works

64 cells, Wavelength: 900nm, Deflection Angle: 60°
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1) Nano Lett. 19, 8(2019) & Nanophotonics 9, 5 (2019)
2) Opt. Express 28, 9 (2020)
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Validation of Optimized Result

FEM Simulation Result

Deflection
Efficiency

i ' 1]
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Deflection Efficiency: 99.4%
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Optimized Structure Shape Validation

Wavelength: 900nm, Deflection Angle: 60°

Best of Brute-force method
(95.3%)
Best of GLOnet-GAN (2019) l I I I I
97.2%
( ‘) @ Si
O Air
Best of 14 cell
(82.9%)
Best of 32 cell
Best of 64 cell
(99.4%)

Conventional
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Structure Optimization in Other Input Conditions

64-cell Optimization with the Same Hyperparameter Condition
[Original Condition] Wavelength: 900nm / Deflection Angle: 60°

86.7% 95.0%

©
o

100 -

[ ] Brute-force?
ok =
I | cLonetcaneoi9)

[ ] OurWork

95 -

o]
[8)]

[T

nn|lnl|||I|uu||||n“..... ........... uHHHHﬂnnm

Wavelength: 1100nm / Deflection Angle: 60° Wavelength: 900nm / Deflection Angle: 70°
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1) Nano Lett. 19, 8(2019) & Nanophotonics 9, 5 (2019)
2) Opt. Express 28, 9 (2020)

JLAB | KAIST 33




Conclusion

* Reinforcement Learning, especially Deep Q Network, showed its performance for
designing the free-form structure

* The performance of the optimized structure was better than other works with
same condition

* The network showed its robustness about other input conditions
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Further Work

* Increasing the number of cells
—64 - 128 - 256
—Transfer Learning

e 2D Design

—256 X 256 Cells Design ( = 1019723 number of cases)
— Data encoding via Convolutional Neural Network(CNN)
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