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Introduction
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Metasurface
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meta-: transcending, encompassing

“Flat Optics”: 2D Structure that Manipulate the Light

Alexander V. Kildishev, et al. Science 15, 339 (2013)

𝑬 = 𝑨 ∙ 𝒆𝒙𝒑 𝒊 𝒌𝒛 ∙ 𝒛 + 𝝋 𝝎 ෝ𝒚

Can control amplitude, wavenumber, phase, and polarization

Subwavelength Scale (Laterally, Vertically)



𝐱𝟎

Design region 𝜖 𝐱

Optimization of Metasurface
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Incident wave

Figure of Merit

max
𝜖,𝜇

𝐹(𝐄,𝐇, 𝜔)

Constraint: Maxwell Equations

𝜕𝐃

𝜕𝑡

𝛻 ∙ 𝜇𝐇 = 0

𝛻 × 𝐇 = 𝐉 +

−
𝜕𝐁

𝜕𝑡
𝛻 × 𝐄 =

subject to 𝛻 ∙ 𝜖𝐄 = 𝜌



Optimization of Metasurface: Conventional Approaches
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Trust RegionParticle Swarm

Genetic AlgorithmBayesianBrute-force

argmax
𝑥

𝑓(𝑥)



Machine Learning for Optical Devices
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John Peurifoy, et al. Sci. Adv. 4, 6 (2018)

Mohammad H. Tahersima, et al. Sci. Rep. 9, 1368 (2019)



Machine Learning for Optical Devices
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Takashi Asano, et al. Opt. Express. 26, 25 (2018)

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



Machine Learning for Optical Devices
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Federico Capasso
Father of metasurface

“Even though as a physicist I tend to be a bit uncomfortable with the fact 
that AI 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.”



Research Objective
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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



Problem Setting: Diffraction Grating
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Compact Disk Spectrum Division

Periodic Structure
splits the incident light into plane waves

has crystal momentum
2𝜋

𝑝

sin𝜃𝑚 = sin𝜃𝑖 +𝑚 (𝑚 = 0,±1,±2,… )

Diffraction Equation

𝑘∥ = 𝑘∥
0 +𝑚 (𝑚 = 0,±1,±2,… )

𝒎 = 𝟎, 𝒎 = ±𝟏 : Dominant

2𝜋

𝑝
𝜆

𝑝



Problem Setting: Metagrating
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Deflection Efficiency

Input Condition

Output

Wavelength

Structure Shape

Angle of Deflection

Silicon metagratings for Beam Deflection of +1 Diffraction Order  

Large Parameter Space(~2𝑛)

Previous Research Results for Benchmarking and Quantitative Comparison

Free-form Optimization

• Si 
• Air

[+1 +1 +1 +1 +1 … -1]

1 X n Vector

+1 Si 
-1 Air

n cells

Top View

325nm



Problem Setting: Other Works
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Adjoint Method: physical gradient-based topology optimization

Initialize each pixel with grayscale
dielectric permittivity values

Discretize into small pixels

∆(FoM)

∆𝜀
Iteratively modify the permittivity
values to improve FoM and binarize

Christopher M. Lalau-Keraly, et al. Opt. Express. 21, 18 (2013)

∆(FoM)

∆𝜀
= 𝑅𝑒[𝑬𝑎𝑑𝑗(𝑥) ∙ 𝑬𝑜𝑙𝑑(𝑥)]



Problem Setting: Other Works
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Combination of GAN and Physical Gradient

Nanophotonics, 9, 5 (2019)

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

ACS Nano, 13, 8 (2019)

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

*number of cell: 256

Nano  Lett., 19, 8 (2019)



Methodology
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Reinforcement Learning: Schematics
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Agent

Environment

State

Reward

Next State

Action

Sequential Decision Making through Trial and Error

Policy

State → Action → Reward, Next State

× 𝑛Episode



Reinforcement Learning: Setting
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Deep Q Network

Q value  (value of actions)

𝑠1

𝑠2

𝑞1 : flip 1st cell

𝑞2 : flip 2nd cell

𝑞3 : do nothing and terminate

Reward

𝑟 = efficiency 3

Action

Flip of a cell

or Doing Nothing

State

[+1 +1 +1 +1 +1 … -1]

+1 Si 
-1 Air

Initial State: All-1s



Reinforcement Learning: Examples
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Reinforcement Learning: Prior Research
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All-dielectric nanostructure using silicon rods and anti-reflective layer

Spacing between disks (L): 5 – 500 nm; step size: 5 nm; (99 steps)

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

Nanodisks thickness (NT): 5 – 500 nm; step size: 5 nm; (99 steps)
Number of cases: 𝟑. 𝟔 × 𝟏𝟎𝟕(~𝟐𝟐𝟓)

Nanodisks diameter (D): 10 – 500 nm; step size: 5 nm; (98 steps)
Iman Sajedian, et al. Opt. Express, 27, 4 (2019)



Results
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Target Condition

20

325nm

1039nm

• Si 
• Air

Wavelength: 900 nm 

Deflection Angle: 60°



Brute-force Search
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Number 
of Cells

Number of Cases
Number of Cases

(Permutation Degeneracy Eliminated)
Theoretical 
Maximum

1 21 = 2 21/1 = 2 0

2 22 = 4 22/2 = 2 0.088

3 23 = 8 23/3 ≅2 0.067

4 24 = 16 24/4 = 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 ≅ 1.0 × 103 210/10 ≅ 102 0.412

11 211 ≅ 2.0 × 103 211/11 ≅ 186 0.497

12 212 ≅ 4.1 × 103 212/12 ≅ 341 0.618

13 213 ≅ 8.2 × 103 213/13 ≅ 630 0.694

14 214 ≅ 1.6 × 104 214/14 ≅ 1.1 × 103 0.829

15 215 ≅ 3.3 × 104 215/15 ≅ 2.2 × 103 0.851

16 216 ≅ 6.6 × 104 216/16 ≅ 4.1 × 103 0.848

Permutation Degeneracy
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Optimization Results
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Trial and Error

Converged to 
Optimum

Episode Length

Optimized Structure

Optimized Efficiency

Efficiency

0.829

Episode Number

*(= theoretical maximum)

0.8

0.6

0.2

0.4

0 1250 2500 3750 5000 6250 7500 8750 10000

0.0

0 1250 2500 3750 5000 6250 7500 8750 10000

Episode Number

2

14

12

10

8

6

4 Converged to 
7 steps



Step 1 (action : 3)

Step 2 (action : 6)

Step 3 (action : 1)

Step 4 (action : 13)

Step 5 (action : 9)

Step 6 (action : 2)

Step 7 (action : 14)

Optimization Results
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Saved Network for 14 cells
Initial State: All-Ones Initial State: Random

Step 1 (action : 8)

Step 2 (action : 9)

Step 3 (action : 11)

Step 4 (action : 3)

Step 5 (action : 5)

Step 6 (action : 6)

Step 7 (action : 1)



Challenge: Increasing the Number of Cells
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Cell Number Number of Cases
Number of Cases

(Permutation Degeneracy Eliminated)
Theoretical Maximum

14 214 ≅ 1.6 × 104 214/14 ≅ 1.2 × 103 0.829

32 232 ≅ 4.2 × 109 232/32 ≅ 1.3 × 108
practically impossible to acquire

64 264 ≅ 1.8 × 1019 264/64 ≅ 2.9 × 1017

Solution 1:  Increase Maximum Memory Size

Replay Memory

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

Agent

Save the data

Randomly sample the data



Challenge: Increasing the Number of Cells
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Solution 2: Target Q Network & Soft Update

Q Network: learns the state & Q function relation

Q functionState

Target Q Network: makes the decision

Target Q functionState

Update per some episodes

𝑇𝜔 = 𝑀𝜔 × 𝜏 + 𝑇𝜔 × 1 − 𝜏 (𝜏 = 0.1)

( 𝑇𝜔: Target Q Network Weight / 𝑀𝜔: Q Network Weight ) 



Challenge: Increasing the Number of Cells
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Solution 3: More Exploration

𝜀-greedy exploration

0 500 1000 1500 2000 2500 3000 3500 4000

0.0

0.2

0.4

0.6

0.8

1.0

Episode Number

𝜀

Hyperparameter 𝜀

Random Variable 𝑐𝑜𝑖𝑛 ~ 𝑈 0, 1

if ቊ
𝜀 < 𝑐𝑜𝑖𝑛 ∶ Choose action chosen by network

𝜀 > 𝑐𝑜𝑖𝑛 ∶ Choose random action

Reduce the decreasing rate of 𝜀

Enlarge the episode number of exploration



Optimization Results
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Cell 
Number

Number of Cases
Number of Cases

(Permutation Degeneracy Eliminated)
Theoretical 
Maximum

Results Minimum Data Usage Data Efficiency

14 214 ≅ 1.6 × 104 214/14 ≅ 1.2 × 103 82.9% 82.9% ≅ 2 × 104 ≅ 6.0 × 10−2

32 232 ≅ 4.2 × 109 232/32 ≅ 1.3 × 108
-

98.5% ≅ 3.1 × 105 ≅ 4.1 × 102

64 264 ≅ 1.8 × 1019 264/64 ≅ 2.9 × 1017 99.4% ≅ 1.2 × 106 ≅ 1.5 × 1011

Optimized Structure ● Si
○ Air

14 cells

32 cells

64 cells



Efficiency Iteration Compared with Greedy Algorithm
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Greedy Algorithm

Algorithm Comparison of 14 cells
eff: 0

Iteration of Saved Neural Network for 14 cells

eff: 0.036

eff: 0.321

eff: 0.573

eff: 0.394

eff: 0.742

eff: 0.829

eff: 0.829



Efficiency Iteration Compared with Greedy Algorithm
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Algorithm Comparison of 32 cells Algorithm Comparison of 64 cells
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Performance Comparison with Other Works
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1) Nano Lett. 19, 8(2019) & Nanophotonics 9, 5 (2019)
2) Opt. Express 28, 9 (2020)

64 cells, Wavelength: 900nm, Deflection Angle: 60°



Validation of Optimized Result
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FEM Simulation Result

Deflection Efficiency: 99.4% Diffraction Order

Diffraction Order Validation

64 cells, Wavelength: 900nm, Deflection Angle: 60°
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Conventional

Best of Brute-force method
(95.3%)

Best of GLOnet-GAN (2019)
(97.2%)

Our Work

Best of 14 cell
(82.9%)

Best of 32 cell
(98.5%)

Best of 64 cell
(99.4%)

Optimized Structure Shape Validation
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● Si
○ Air

Wavelength: 900nm, Deflection Angle: 60°



1) Nano Lett. 19, 8(2019) & Nanophotonics 9, 5 (2019)
2) Opt. Express 28, 9 (2020)

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

Wavelength: 1100nm / Deflection Angle: 60° Wavelength: 900nm / Deflection Angle: 70°
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Conclusion
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• 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



Further Work
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• Increasing the number of cells

–64 → 128 → 256 

– Transfer Learning

• 2D Design

–256 X 256 Cells Design ( ≅ 1019723 number of cases)

–Data encoding via Convolutional Neural Network(CNN)


