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Section 1: Model implementation

Section 1.1: Material refractive index
In our material database, we selected 18 different materials (Fig. 1(d)) that are widely accessible in many micro/nanofab-
rication facilities. We experimentally deposited a single layer on silicon substrate and measured their refractive index us-

ing ellipsometer. Their refractive index is given in Fig. S1.

n 5 Refractive index (real part) u 10 Refractive index (imag part)

6
x
4
2
Ot , , , , , , 0 2
400 500 600 700 800 900 1000 1100 400 500 600 700 800 900 1000 1100
Wavelength (nm) Wavelength (nm)

Fig. S1 | Measured refractive index real part (a) and imaginary part (b) for 18 different materials considered.

Section 1.2: Dataset generation

The measured refractive index is used for simulation during dataset generation. The training dataset and validation
dataset consist of 10M and 1M randomly generated samples (we use glass substrate), respectively. Here, the random-
ness comes from three aspects: material, thickness and the total number of layers. Materials are uniformly sampled from
material database and thickness is also uniformly sampled from 10 nm to 500 nm with 10 nm discretization. In addition,
we make sure that nearby two layers have different materials. When sampling the total number of layers, considering
that the number of possible structures increases exponentially as the total number of layers increases, we sample the
number of layers with increasing ratios. We plot the histogram of our generated samples based on the number of layers

in Fig. S2(a). Figure S2(b) gives a histogram of the total number of possible structures.
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Fig. S2 | (a) Histogram of number of generated training data w.r.t. number of layers. (b) Histogram of number of allowable structures w.r.t. num-
ber of layers, which follows an exponential distribution. For the multilayer structure with twenty layers, the total number of allowable structures

reaches 10%.
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After the structure is sampled, transfer matrix methods® (TMM) is used to simulated the reflection and transmission
spectrum. It took ~1200 h to simulate all 10 M structures on a single CPU and can be faster with parallel computing. It
also took ~12 GB to store the generated dataset. We give four examples of generated structures and simulated spectra in
Fig. S3.

H Structure examples in the training datasets

Structure 1: [MgQ_490", 'HfO2_450', 'ITO_470', 'ZnO_20']

Structure 2: [ZnS_270', 'Al203_260', 'Ta205_140', 'ZnSe_90', 'Ta205_220', 'Si3N4_160', 'Zn0O_30]

Structure 3: [HfO2_420, 'Si02_230', 'AIN_310", MgF2_160', ITO_200, 'MgF2_430', 'Al_120','Ge_400', 'ZnS_370", 'TiN_90',
"Ta205_400', 'Al_180", 'TiN_380', 'Ti0O2_270','Si02_290]

Structure 4: ['TiO2_360', 'Ta205_440', 'TIN_450',"Si3N4_320', 'MgO_260", 'HfO2_300', 'AI203_460', 'ZnS_230', 'Ta205_140',
ITO_140", 'Al_440','ZnS_130', 'ZnSe_110", ITO_310', 'MgF2_80', ITO_30', 'Si02_30','MgO_80', 'Ge_120', 'ZnSe_10']

100 F . 100 F -
n Structure 1 < Reflection Structure 2 © Reflection
Transmission Transmission
80 80
= 60r = 60r
o o
c o
2 2
o + o -
L 40 L 40 %
i im} R
20 o 20| o 000 v N S W 0000
Foost % 000 ¥
Ot Rl . . L 0Ot . . . . . . . .
400 500 600 700 800 900 1000 1100 400 500 600 700 800 900 1000 1100
Wavelength (nm) Wavelength (nm)
n 100F Structure 3 < Reflection H 100F Structure 4 < Reflection
Transmission Transmission
80t AN N 80r
;\; I A e ~ e ;\_o\ X
Z 60r X 60f
o o
c c
2 2
o F oA -
2 40 2 40
L | i}
20 ’ | x: 20t
400 500 600 700 800 900 1000 1100 400 500 600 700 800 900 1000 1100
Wavelength (nm) Wavelength (nm)

Fig. S3 | Four examples in the training dataset. Structures are given in (a) and their transmission and reflection spectrum are given in (b, e).

Section 1.3: Model architecture and training details

We summarize the hyperparameters used in OptoGPT in Table S1. We use KL divergence as our training loss, with the
goal of recovering the input structures from the probability distribution. During training, we use Adam optimizer and
warmup procedure. The residual dropout and label smoothing are also used to provide regularization during training.
The training loss curve is given in Fig. S4.

240062-S3


https://doi.org/10.29026/oea.2024.240062

Ma TG et al. Opto-Electron Adv 7, 240062 (2024) https://doi.org/10.29026/0ea.2024.240062

Table S1 | Hyperparameters of our OptoGPT.

Hyperparameters Values
Spectrum dimension 142
Spectrum embedding Fully connected layers: 142-142-1024
Dimension of hidden representation 1024
Number of decoder blocks (N) 6
Number of attention heads (H) 8
Context Length (K) 22
Dropout rate (p) 0.1
Batch size 1000
Label smoothing (&) 0.1
Learning rate (Ir) 0.0001
Learning rate decay Linear warmup and cosine decay (see code for details)
Optimizer Adam optimizer (81 = 0.9, B2 = 0.98,6 = 10°)
Size of model 58 M
Dataset size 10 M
Training epochs ~200
Training time ~2 week
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Fig. S4 | Training and validation loss curve. The validation loss is lower than training loss. This is because we are using regularization
techniques (e.g., dropout) during training process.

Section 1.4: Visualization of multi-head self-attention

When human reads, usually we do not try to memorize all the words in a sentence. Instead, we selectively focus on these
words that are important to form a basic understanding of this sentence. Self-attention is a mechanism that relates each
single word with all the other words inside this sentence and selectively focus on several words that are important, simi-
lar to how human reads. Multi-head attention allows the model to focus on different aspects. To have a better under-
standing, in Fig. S5, we give a visualization of the attention map for the following structure:

['Si02_240, "Ta205_90, 'SiO2_130, 'TiO2_80, 'MgF2_140, 'HfO2_80, 'SiO2_130, 'Ta205_100', 'SiO2_130,
‘Ta205_480', 'Si02_160', "Ta205_490']

This structure has twelve layers with alternating high-low refractive index profile, similar to the distributed brag re-
flector (DBR). The attention map is a matrix where each row corresponds to how much attention a single token should
be put to other tokens in this sequence. The number of ‘000’ corresponds to the token of ‘BOS’ (stands for beginning of
sequence). It is a common token placed in front of the sequence of structure tokens and used in many other trans-
former models®2. The number of ‘013’ corresponds to the token of ‘EOS’ (stands for end of sequence). Other numbers in
front of each token specify its relative position in this multilayer structure. Usually, it is difficult to understand the phys-
ical meaning of each attention map because these machine learning models are black-box. Therefore, we only show at-
tention maps of head 1, head 2 and head 4 in the first decoder block as they may have some meanings. We notice that
attention map for head 2 and head 4 focus more in the layers right below and right above, while head 1 focuses more on
the long-term alternating relationship (corresponding to the alternating high-low refractive index profile).
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Fig. S5 | Multi-head attention map for the structure ['SiO02_240'", 'Ta205_90', 'SiO2_130', 'TiO2_80', 'MgF2_140', 'HfO2_80', 'SiO2_130',
'Ta205_100', 'Si02_130', 'Ta205_480', 'Si02_160', 'Ta205_490'], which has a high-low index profile. The values at each matrix element are

their attention w.r.t each other tokens (normalized to 1).

Section 2: Model performance

Section 2.1: Structure finetuning details

Since we discretize the thickness by 10 nm gap from 10 nm to 500 nm in our training data, the designed structures from
our model will also have such discretization. 10 nm gap can be useful for some fabrication tools which cannot guarantee
accurate deposition thickness, but may not be sufficient for other tools with high precision deposition, e.g., vacuum de-
position. Therefore, we run a thickness finetuning (see Fig. S6(a)) by only optimizing the thickness with the goal of min-
imizing the Mean Absolute Error (MAE) of spectrum. For the structural color application, we minimize the visual color
difference (denoted as AE, see Section 2.3). We use the Limited-memory BFGS method® to finetune the thickness and
use the designed thickness from our model as the optimization starting point.

In Fig. S6(b, c), we give one example of finetuning the structure 2 in Fig. 4(d) in the main text. The finetuning pro-
cess (see solid line in Fig. S6(b)) is fast and quickly converges in less than 20 iterations because our model provides a
good starting point for optimization. As a comparison, we run the same optimization algorithm but starting from some
random points. We simplify the optimization task by using the same materials in structure 2 and only optimize the
thickness. We run the optimization five times by starting from five different random points. Dashed lines in Fig. S6(b)
show results of convergence and spectrum performance at each iteration. We can find that none of five optimizations
show better spectrum performance than our finetuning.

Considering that Limited-memory BFGS method is a local optimization which depends on the starting points, we
compare our finetuning with the particle swarm optimization (PSO), which is an advanced global optimization method.
We also run five different optimizations starting from some random initial points. On average, it takes PSO 60 itera-
tions to reach the same performance as our designed structure 3. None of these optimizations exceed the performance
of finetuning. In other words, the design performance of our model before finetuning is equivalent to running the opti-

mization algorithms for 60 iterations, which saves a lot of time and effort.
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Fig. S6 | Details of finetuning the thickness. (a) The procedure of finetuning. We only optimize the thickness by setting the designed structure
as the starting point for optimization. (b) Compares the converge rate of finetuning v.s. optimization from scratch using the same Limited-memory
BFGS method. (c) Compares the converge rate of finetuning v.s. optimization from scratch using the particle swarm optimization (PSO). Finetun-
ing gives a better performance and is faster (converges within 20 iterations) than designing from scratch.

Section 2.2: More examples of inverse design in the validation dataset

In Fig. S7, we give two more inverse design examples to visualize the design performance in the validation dataset. Simi-
lar to Fig. 4(d) in the main text, we show the target structure that corresponds to the designed spectrum in the valida-
tion dataset, the closest structure in the training dataset, five designed structures and the finetuned structure. The MAE

in the last column denotes the spectrum performance.

H 100 " RTarget - R-Closest — R-Designed — R-Finetuned 100 F RTarget  R-Closest - R-Designed - R-Finetuned
T-Target T-Closest T-Designed T-Finetuned T-Target T-Closest T-Designed T-Finetuned
80} . 8o}
S S
> 60 r . > 60 r
5 / 5
g 4of A / g 407 f
w FAR B W 3 m VLI {
20} " \; Y 20t 7 UYL
0t ; : proattiaser ; vy ot R . , , .
400 500 600 700 800 900 1000 1100 400 500 600 700 800 900 1000 1100
Wavelength (nm) Wavelength (nm)

Target [ZnSe_300, 'TiO2_140, 'TiN_2007 ! Target [Ti02_210,'Si3N4_300',"MgF2_70",'Si02_310', 'AIN_460", "HfO2_250', 'SiC2_110','ZnS_300", 'Si3N4_70',
9 ‘TiO2_420,'ZnS_60, AIN |_480",'TiO2_180',"ITO_4807]

'ZnSe_300, 'Ta205_150", 'TiN_280','Al_480","AIN_180, 'HfO2_480',"Ta205_170, N
Closest [ZnSeE_D ,m,;s 250, MgOI 0, TIN50, Tz 4T0] - 0.0083 [Si3N4_100, 'HfO2_180", ZnO_40",'Al203_340’ 'HfO2_290 'AI203_20', MgO_270, 'TIO2_340’

Closest L0k B0,'TO_40, ZnSe_50, ZnS_290''AI203_10, 1TO_450] 0.0578

; [lén":: :gg -ﬁﬂ-;g.] ZN5_420, Ge_360,'MgF2_TIT','Ge_360) :—3;;; 1 |'T02 230", 'MgO_40', 'TiOZ_110", 'MgO_280', 'Hf02_340', 'Ta205_180','Si02_100, ZnS_290", 0.0352
Designed 3 [ZnSe_ 440 AL B0, ZnS._480] G TO_3307,'TiO2_330,,1TO_150°,'2n0, 360", Si3N4_380°, MgF2_30,'Si3N4_410", MgO 3007
4 [ZnSe_440 ‘A0 'ZnS_460, 'Ge_370','SI_280, ZnS_480, MgF2_70,'S_280] 00288 2 [Ta205_240,"AI203_44D, TIO2_250, 'Si3N4_460, HIO2_150, MgF2_110, ZnS_d50'AI203_480,  0.0422
5. [ZnSa_400.ITO_40,, TiN_70'."ZnSa_440, Ge_401 0.0200 "Ti02_380','ITO_280','MgO_440]
Designed 3 [TiD2_220,'AIN_290"MaF2_130,'Al203_240', 'Ta205_420','TiO2_230,'SI02_100, Ta205_330, 0.0445
Finetuned  From design 1: [ZnSe_423''Ag_22','ZnS_41%,'Ge_360','MgF2_169' 'Ge_35¢] 0.0149 'ITO_420','ZnS_370', 'TiO2_4207]
4 [TI02_210, Zn0_310’ 'MgF2_380, 'AlN_440', Ta205_260, 'SI02_110, Zn$_300, I TO_360, 0.0461
'Mg©_240','Ti02_370''ITO_120', 'ZnO_4701]
5:[TiO2_230, 'Si3N4_280, MgF2_370""'AIN_440', Ta205_260,'Si02_120/, 'ZnS_300' MgO_300, 0.0584

‘ITQ_380", ZnSe 30, Ti02_490, 1TO_1201

Fromdesign1: [TIO2_225','MgO_414' ‘TiO2_118,'MgO_277, 'HfO2_336', Ta2056_181,'Si02_102,

Finetuned 75 301! '170_337, Ti02_333,1TO_163, 'Zn0_367, 'SI3N4 386, MgF2_22, 'Si3N4_413, 'MgO_396]

0.0266

Fig. S7 | Two more examples for the inverse design from the validation dataset. (a, c) are the spectrum performance and (b, d) give the de-
tails of designed and finetuned structures.
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Section 2.3: Designing structural color
Because our target spectrum (400 nm to 1100 nm) covers both visible region and near infrared region, it is possible to
use our model to design structural color. Here, we select LAB as our color space. There are many other color spaces in-
cluding RGB, xyY, XYZ. We do not use those color spaces because LAB space is uniform, which makes it convenient to
define the color difference®. We use the AE to determine the performance of color accuracy. A lower AE value indi-
cates greater color accuracy, while a higher AE value means a significant color mismatch. Usually, when AE < 2, it is vi-
sually difficult for human to distinguish the color difference. During inverse design, we first convert the LAB color to
spectrum from 400 nm to 1100 nm using a proposed algorithm, then we modify this spectrum to fit for our model’s de-
sign input. This method can be used to design for both transmissive and reflective structural color.
Section 2.3.1: Convert spectrum to color

For a given spectrum S (1), we first calculate the CIE 1931 XYZ color using:

X :%Iix W) I()S(A)dA
1 2

Y:—L)’/(A)I(A)S(A) da

7— %j:z(mu)su) A

where X (1), (1) ,z (1)are the color matching functions (shown in Fig. S8), I (1) is the relative spectral power distribu-
tion of the illuminating light source (we use ‘D65’). K is a normalizing factor. The [A,, ;] is the visible spectrum range

and we use 400 nm - 800 nm in our case. LAB is then calculated by doing a conversion from XYZ.
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Fig. S8 | The color matching functions for 'CIE 1931 2 Degree Standard Observer'.

Section 2.3.2: Convert color to spectrum using optimization

Consider a three-dimensional color target LAB e = [L, a, b], we want to convert the color to the 71-dimensional spec-
trum S = [s3,, 81,5 - - - » S1, ], where A, A, ..., A, = 400 nm, 410 nm, . .., 1100 nm. We treat this as an optimization task
with two different goals. The first goal is to make the color of the spectrum S as close to the target color as possible. The
second goal is to make the spectrum smooth enough since abrupt jumps in spectrum is not physical. We use particle
swarm optimization (PSO) to convert color to spectrum S by minimizing the loss:

d’s
Loss (5) = AE (LABua, LABS) +a% Y < o, ) |

where LAB;s is the color of the converted spectrum. Notice that when calculating color, we only use the portion of visi-
ble wavelength from 400 nm to 800 nm. The second term is the second order derivative of spectrum w.r.t. the wave-
length from 400 nm to 1100 nm, which quantifies the smoothness of spectrum. « is a factor that balances the loss of col-
or accuracy and smoothness. In Fig. S9, we give one example of converting yellow color to spectrum under different «
factors. Notice that the converted spectrum is less smooth when « is smaller.
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Fig. S9 | lllustration of converting LAB color to spectrum using different a factor. As a increases, the spectrum is smoother.

Section 2.3.3: More examples of structural color inverse design
In Fig. S10 (a—d), we detailed two more examples of designing the green structural color for both reflective type (a, b)

and transmissive type (c, d). The LAB of the green color target is [70, —80, 0]. First, we obtain the converted spectrum

from the LAB value using the optimization algorithm described above. Since our model takes in both reflection and

transmission spectrum, we add extra modification to this converted spectrum. In detail, when designing the reflective

type, we set the reflection spectrum to be the converted spectrum and set transmission spectrum to be 0 (see (a)). When

designing the transmissive type, we set transmission to be the converted spectrum and set the reflection spectrum to be

one minus the transmission spectrum (see (c)). Finally, these modified reflection and transmission spectrum are feed to
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Fig. $10 | One design example with detailed color-to-spectrum conversion for reflective (a, b) and transmissive (c, d) type colors. More design

examples without these details are shown in (e) and (f) for reflective and transmissive type color, respectively.

240062-58



https://doi.org/10.29026/oea.2024.240062

Ma TG et al. Opto-Electron Adv 7, 240062 (2024) https://doi.org/10.29026/0ea.2024.240062

our model for inverse design. We also compare the spectrum performance and color difference in (a) and (c). The de-
tailed structures of the closest in the dataset, the designed structure and finetuned structure are given in (b) and (d).
More design examples given in (e-f) and we only give the color visualization results for simplicity.

Section 2.4: More examples of designing absorbers

Figure S11 gives more examples of designing perfect absorber in 400-1100 nm. To design a perfect absorber, we set both
transmission and reflection in the target spectrum to be zero. This is because absorption = 100% - transmission — reflec-
tion, and a perfect absorber requires 100% absorption. We show five different designs in (c) as well as their absorption
spectrum in (a-b). Specifically, structure 1 follows the material arrangement reported in Ref.5* while structure 2 follows
the material arrangement considered in Ref.%. Their spectra are given in (a). This is done by adding a design constraint
on the material arrangement in the first several layers, similar to the constraint 4 in Fig. 6 in the main text. In ref.**, the
designed structure for the perfect absorber is MgF, 95.6 nm/SiO; 14.7 nm/Al,O3 76.5 nm/TiO, 48.0 nm/Si 14.2 nm/Ge
12.0 nm/Ti. In ref.%, the designed structure for the perfect absorber is MgF; 118 nm/TiO, 56 nm/Si 32 nm/Ge 33 nm/Cr
200 nm/Glass. Even though that 1) materials we are using may have different refractive index, 2) we do not have Ti or
Cr in our material and 3) we only use spectrum inside 400-1100 nm, our model can still give similar thickness design
for these layers with common materials. In (b), the design 3-5 actually exhibit better absorption performance (~98% ab-
sorption on average) than design 1 and 2 in 400-1100 nm. A future work with a close examination into these designs
can possibly reveal how to design a perfect absorber.

H Perfect absorber n Perfect absorber
100 F _Q’.f.f"'!"f;Hmmwz:ﬁ'_“dﬁwt’?;j{- REe00eeE 100 [ Gepopesesnames R IS,
OO 00 - :
80 80
S S A-Target
S 60f — ATarget S 60F  ACiosest
2 A-Closest 2 A-Design 3
2 40 A-DeSign ! 2 40 - A-Design 4
2 r < A-Design 2 Q ro h
= E A-Design 5
20 20
(0] . . . . . . . (0] . . . . . . .
400 500 600 700 800 900 1000 1100 400 500 600 700 800 900 1000 1100
Wavelength (nm) Wavelength (nm)

['Si02_90", ITO_90', ‘TiO2_360'", ‘ZnSe_330', ‘Si_440', 'Ti02_230', 'ZnS_290", 'Si_10', 'Ge_230", 'Al_220', ‘MgF2_380', 'ZnS_430', ‘ZnSe_260',

Closest Zn0_320", 'Ge_370', 'ZnSe_480', TiN_1301] g2ss
Design 1: [MgF2_100', 'Si02_10', 'AI203_90', "Ti02_50', 'Si_490', 'Ge_420", ‘TiN_410] 0.0344
Design 2: [MgF2_90', 'TiO2_50', 'Si_480", ‘Ge_380", TiN_340'] 0.0358
Desianed Design 3 [Si02_ 90", 'ITO_70, 'ZnS_480", 'Si_370', 'Ge_220', 'Si_470', 'MF2_340, 'ZnS_460", ‘ZnSe_260' 'Si_260', 'ZnSe_490", 'Ag_420] 0.0120
Ig Design 4: [AI203_80', "ITO_50', 'ZnS_410", TO_480', TO_480" 'ZnS. 490, ‘Si_410', ZnS_500", 'Ge 90 0.0247
Design 5: ['SiO2_90", '"AIN_B0", 'ZnS_500', 'ZnS_420', 'Si_440', 'Ge_310', 'ITO_220', 'ZnSe_370', 'MgF2_340', 'ZnSe_370', 'ZnS_500', 'TiO2_420", 0.0139

'Ag_450]

Fig. S11 | Examples of inverse design perfect absorbers in 400—1100 nm. We give five more designs, with spectrum comparisons shown in
(a—b) and structures shown in (c).

In addition, our model can be used to design for arbitrary absorbers. The target arbitrary absorption spectrum is ran-
domly selected from the validation dataset, by doing a calculation of absorption = 100% - transmission - reflection.
When converting this arbitrary absorption spectrum to our model input, we set the target transmission spectrum to be
zero and target reflection = 100% - target absorption. We give two examples of arbitrary absorber. Their spectra are il-
lustrated in Fig. S12(a-b), and the designed and finetuned structures are given in Fig. S12(c-d).
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E n Arbitrary absorber 2
100 F 100F =
80 80 |
;\? A-T ;\; A-T: t
= 60} A-Target . 60— A-Targe
) : A-Clogsest é‘ - A-Closest
_5 —< A-Designed K} - A-Designed
S 40 -+ A-Finetuned 2 401 A-Finetuned
¥ i
20 20 +
400 500 600 700 800 900 1000 1100 400 500 600 700 800 900 1000 1100
Wavelength (nm) Wavelength (nm)
[MgF2_490', 'ZnS_460', 'Si_250', 'AI203_360', 'ITO_230", 'Si_380", ITO_90", 'MgF2_50', 'HfO2_340', 'Ag_430', 'Al_270', 'Si3N4_470', "ITO_100',
Closest ZnS_20, 'Ge_60', ZnSe_1801] 0.0252
Designed ['AI203_420', 'ZnS_500', 'MgO_170', "ITO_370', 'ZnS_500", 'ZnSe_420, 'SI02_170', 'ZnSe_260', 'Ag_2607] 0.0164
Finetuned [AI203_421', 'ZnS_498', 'MgO_174','[TO_371', 'ZnS_482', 'ZnSe_411', 'Si02_175' 'ZnSe_284', 'Ag_259] 0.0126

['AI203_460', 'ZnS_460", 'Ag_130', 'Al_230", 'Ta205_450', 'Ge_450", 'MgF2_150', 'ZnS_500", 'Ag_240', 'ZnSe_110', 'SiO2_160', 'ZnSe_90', 'AI203_220',

Closest ‘TIN_370", 'Ag_270", 'Ta205_250", 'ITO_130', 'HfO2_310", 'TiN_240", 'Si3N4_90"] 0.0308
Designed [Al203_470", 'ZnS_450', 'Ag_60', ITO_220', 'ZnS_250", 'Si_270] 0.0254
Finetuned [Al203_468", 'ZnS_451', 'Ag_60', ITO_220', 'ZnS_249', 'Si_269] 0.0250

Fig. S12 | Two examples of design arbitrary absorbers in 400-1100 nm. The spectrum performance is given in (a—b), and structures are giv-
en in (c—d), respectively.

Section 2.5: More examples of designing filters
Examples are given for band-notch filters centered at different wavelength.

H Band-notch filter at 700 nm n Band-notch filter at 900 nm
100 F , 100
:_I._)}g:.{;_{-\‘\‘?;_:. /‘«v‘).'\ % s I
80k N9 < 80k
—— R-Target b1t
—_ T-Target =
S X
< 60 - R-Closest g 60
¢C>>‘ ----- T-Closest g
ko] —<— R-Designed 2
;:_) 40 T-Designed £ 40
w —— R-Finetuned w
T-Finetuned
20 - 20
@
a8
0 . . . . : ; Ot . . . P——— ; .
400 500 600 700 800 900 1000 1100 400 500 600 700 800 900 1000 1100
Wavelength (nm) Wavelength (nm)
oses AI203_420', 'Si3N4_20", 'TiO2_20", Ta205_390", 'MgF2_330', "HfO2_410', 'Si02_80", MgF2_ ]
Cl t [AI203_420", 'Si3N4_20', 'TiO2_20', Ta205_390", "MgF2_330’, 'HfO2_410", 'Si02_80", 'MF2_3307 0.1622
esign ['Si02_490', 'AI203_220", 'Ta205_230", 'Si02_360', 'Ta205_250', 'Al203_310", 'Ta205_270", 'AIl203_310", 'Ta205_430', 'MgO_280', 'HfO2_410] )
i 0.1483
Finetuned ['Si02_473, 'Al203_226", 'Ta205_237" 'Si02_351, 'Ta205_249', 'Al203_323", 'Ta205_247', 'AlR03_317", 'Ta205_428', 'MgO_285', 'HfO2_436] 0.1368
[AI203_460", "MgF2_420", 'AIN_70', 'Ta205_80', 'Mg0_330’, 'MgF2_30", ‘Ta205_140', 'HiG2_270", Ta205_240, 'Hi02_220', Ta205_100", "MgQ_350",
Closest '5i02. 3601 0.1306
. [ARO3_70, 'HIO2_110', "AIN_460", 'MgO_350', Ta205_140", "MgO_390", 'AIN_460", 'Ta205_330', 'Al203_460", 'HiO2_500", 'MgO_410', 'Ta205_120"
Designed "MgO_350', "Ta205_340", 'Si02_190', 'MgO_480', 'Ta205_130", 'MgF2_480'] 0.1845
) [AIR03_96', 'HiO2_114', "AIN_423", 'MgO_372, Ta205_132, 'MgO_388", 'AIN_483', Ta205_305', 'Al203_458", 'Hi02_500", 'MgO_411", 'Ta205_135'
Finetuned "MgO_351", "Ta205_308", 'Si02_210', 'MgO_415, Ta205_176", 'MgF2_482] 0.1667

Fig. $13 | More examples of inverse design band-notch filters at 700 nm (a) and 900 nm (b) and structure are given in (c—d), respectively.
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Section 2.6: More examples of designing broadband reflector
Examples are given for broadband reflections centered at different wavelength and different number of bands.

H High reflection in 600-900 nm n Double high reflection in 500-600 nm, 800-1000 nm
100 f ] 100 | |
. A | P -
= N [ oo |
L e § L
80 j‘ : 80 —— R-Target
s T-Target 3 T-Target
< 60r ) R-Closest < ol - R-Closest
g Vi T-Closest oy T-Closest
3 h R-Designed | §& - R-Designed
a% 40+ \ T-Designed S 40t T-Designed
i ¢ _I?-FFinetuneéi b + R-Finetuned
-Finetune _Fi
20L& 20l 'I".‘Ilzll'.netuned
0 T E— L L L L L 0 C_1 n n L n L L
400 500 600 700 800 900 1000 1100 400 600 700 800 900 1000 1100
Wavelength (nm) Wavelength (nm)

Closest [MgF2_250, 'TiO2_240', 'HfO2_50', 'MgF2_140', ‘Ti02_100", 'Ta205_150', 'MgF2_500', 'AIN_80', 'Si02_340", 'Hf02_2407 0.3248
Designed [MgF2_250', 'TiO2_80", 'MgF2_140', 'HfO2_80', 'MgF2_130', 'TiO2_90', 'MgF2_140', 'Ta205_490', 'MgF2_170", 'HfO2_500 0.1641
Finetuned [MgF2_252', 'TiO2_87", "MgF2_131', '"HfO2_79', 'MgF2_132', 'TiO2_77", '"MgF2_14T', 'Ta205_495%', 'MgF2_167", 'HfO2_4957 0.1445

Closest [MgO_20, 'AIN_340', 'SiO2_110', 'ZnO_70', 'SiO2_230', "Ta205_80', 'Si02_1101 0.3294
Designed L“,é‘;;’f;?;‘,".‘.jli";‘_’fggq"" "MgF2_490', 'TiO2_60', 'AI203_250", 'Ta205_60', 'MgF2_490', 'HfO2_320', 'MgF2_470', 'Ta205_90', 'SiO2_460', 0.2428

. [AI203_318', 'Ta205_81', 'MaF2_477", 'Ti02_76', 'Al203_212', 'Ta205_77', 'MgF2_461', 'HfO2_299', 'MgF2_467', 'Ta205_92', 'Si02_454',

Finetuned Hf02_330", MgF2_500] 0.1970

Fig. $14 | More examples of inverse design broadband reflector. We give the details for the task “High Reflection in 600-900 nm”, “Double
High Reflection in 500-600 nm, 800-1000 nm” here. Their structures are given in (c—d), respectively.
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Section 3: Design flexibility

Section 3.1: Results of thickness finetuning when designing FP resonator

Finetuned results for the designed structures in Fig. 6 in main text are given here. The peak position of the designed
structures may deviate from the design target due to discretized thickens. The thickness finetuning can remove such
limitations and make the inverse design more accurate.

H100- n100- B} >

80 7 Constraint 1 80} ﬂ\\ Constraint 2
< R-Target e —— R-Target
< 60t T-Target < 60f T-Target
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e 40 | —— R-Finetuned: e 40 | < R-Finetune
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20t : 20+
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é 40 + < R-Finetuned| || é 40 [ —<— R-Finetuned,  #
i} T-Finetuned 4 i} T-Finetuned i

20 i 20 AL

A w7 h
0 - Ivn»~-rT!"I'Tﬂ" N ’r’>"-I~v0¢vv—»vvlw&--vvwauﬁlcﬁ-»ﬁ.oﬁ--lpbst-o‘--pl 0 - rw"“f”‘ N ““.*v‘4¢- | G R )
400 500 600 700 800 900 1000 1100 400 500 600 700 800 900 1000 1100

Wavelength (nm) Wavelength (nm)

Constraint 1 [Si02_100', 'Ag_30', 'AIN_110", 'Ag_501] Finetuned: ['Si02_71', 'Ag_29', 'AIN_107", 'Ag_52'] 0.0129  0.0071
Constraint 2 [Ag_30", 'Al203_150', 'Al_30', 'MgF2_4007]  Finetuned: [Ag_28','Al203_146', 'Al_23", 'MgF2_441] 0.0175 0.0105
Constraint 3 [Si3N4_60", 'Ag_40', 'AI203_140', 'Ag_507  Finetuned: ['Si3N4_60', 'Ag_40', 'Al203_140', 'Ag_501 0.0186 0.0138
Constraint 4 [Ag_30", 'Si3N4_100", 'Ag_40'] Finetuned: [Ag_21', 'Si3N4_97', 'Ag_511] 0.0175  0.0049

Fig. S15 | Detailed results of finetuning designs with constraints in Fig. 6 in the main text. (a—d) shows the spectrum of finetuned struc-
tures with constraints 1—4, respectively. (e) shows the detailed structures and spectrum performance.
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Section 3.2: Another example of design flexibility: designing structural color
We use another example of designing a transmissive-type orange structural color to demonstrate the design flexibility.
Details of designed structures and finetuned structures are also given.

n Constraint 1: Constraint 2: Constraint 3: Constraint 4:

Designed

Finetuned

Design restriction Structures
Target An orange reflective structural color with LAB = [70, 40, 80] -
. [ZnO_150", "TiN_50', "Ta205_12C, 'Al_70", 'Ag_30', "MgF2_30", 'Si_170, 'Zn0_180", 'ITO_420', 'HfO2_500",
Closest in data ‘AI203_40" 'ZnS_260', 'Ag_270', 'Si_340', ‘TiN_480', ‘ZnSe_107] 43
Constraint 1: Designed: [Zn0_70', 'SI02_60', 'ZnSe_40', 'SIO2_80', 'ZnSe_40', 'SIO2_60', 'TiO2_60', 'MgF2_50] 33
Fix the first layer to be 70 nm ZnQ  Finetuned: [ZnG_50' 'SI02_82' 'ZnSe_31' 'SIO2_106', 'ZnSe_30','Si02_82', TiO2_45. MgF2_91] 33
Constraint 2: Designed: [ZnSe_30", 'MgF2_60', 'ZnSe_40", 'MgF2_110", 'ZnSe_40', 'MgF2_240', 'Hf02_80'] 37
Limit the first layer in [10, 200] nm  Finetuned: [ZnSe_25, 'MgF2_92' ZnSe_24' 'MgF2_117, ‘ZnSe_4, MgF2_267, 'H02_60] 21
Constraint 3: Designed: [TiO2_60, 'Si02_50', *TiO2_60', 'SI02_60", 'Ti02_50', 'Si02_100", "Ti02_50', 'Si02_80', "Ti02_160]] 63
Only use SiO2 and TiOz Finetuned: [TiO2_49','SIO2_80', 'TiO2_ 49, 'Si02_81', 'TiO2_49' 'Si02_81', 'TiO2_49', 'Si02_79', 'Ti02_137] 45
Constraint 4:
Specify the material at each layer t0  Dpesigned: [Tio2 60", 'MgF2_ 250" 'Znse 40", 'Si02_100", 'ZnSe_1301] 37
be TiO,/MgF,/ZnSe/SiO,/ZnSe and  Finetuned: [TiO2_48', WgF2_262' ZnSe_45' 'Si02_79' ZnSe_134] 27

design the thickness only

Fig. $16 | Another example of design flexibility for transmissive orange structural color. Here we consider four different constraints “1: Fix
the first layer to be 70 nm ZnO”, “2: Limit the first layer in [10, 200] nm”, “3: Only use SiO2 and TiO”", “4: Specify the material at each layer to be
TiO2/MgF2/ZnSe/SiO2/ZnSe and design the thickness only”. The results of color impression are given in (a). The designed structures are given in

(b).
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Section 4: Generalization ability

Section 4.1: Finetuning model for different angles and polarization using smaller training set

The inverse design performance of pretrained model and finetuned model on the angled-resolved spectrum with differ-
ent polarizations are compared here. Since the pretrained model is trained on 0° incident spectrum, it does not perform
well when designing for angled spectrum. The distribution of MAE moves to the right side as the incident angle of de-
signed spectrum increases.
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Fig. 17 | Histogram of inverse design performance on different angles (10°-80°) and polarization states (s-pol, p-pol, and un-pol) for
pretrained model and finetuned model. The pretrained model is the original model trained on a large 10M dataset with normal incident spec-
trum, while the finetuned model is finetuned on a smaller 1M dataset with specified angle and polarization state. Based on the high MAE, we can
see that the pretrained model is bad for angled/polarized spectrum inverse design. However, after finetuning, they exhibit much better design per-
formance, which can be verified by the small MAE.
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Section 4.2: More examples for mixed sampling
Examples are given for simultaneously designing multiple spectrums at different incident angles and polarization states.

H 100 f 100

sof A/VV/ XS & X 4 . sor oI\ /Y 7 XA S Wy
g 60 L4/ Y —— R-Target (0°, s-pol) g 60l _— R-Targiét (30°, s-pol)
§ o T-Target (0°, s-pol) § - T-Target (30°, s-pol)
2 —o— R-Designed (0°, s-pol) 2 —o— R-Designed (30°, s-pol)
£ 407 T-Designed (0°, s-pol) e 40T ~— T-Designed (30°, s-pol)
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Fig. S18 | Two more examples for designing structures that can satisfy multiple angles and polarization states simultaneously. (a) De-
signing for both 0° s-polarized spectrum and 30° s-polarized spectrum. (b) Designing for both 0° un-polarized spectrum and 50° un-polarized
spectrum.
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Section 5: More discussions

Section 5.1: Data and code availability

We believe our model can facilitate researchers and engineers working in multilayer thin structures in many aspects.
Upon publication, we will post our training data for others to explore other designs of multilayer structures. Due to
patent filing, we are restricted to share our code at this point; but could become available at a later time.

Section 5.2: Limitations of our model

As mentioned in the discussion in the main text, our model is trained on a limited dataset, where the spectrum region
and types, material, thickness, number of layers are restricted. Therefore, at this moment, there are some applications
that our model cannot deal with. For example, designing for radiative cooling (requires spectrum coverage to 2 pm). In
addition, our dataset (107) is also small compared to the enormous size of possible structure (10%). Therefore, we can-
not expect the model can always perform well when designing for different spectra. In Fig. S17, we give one such exam-
ple for designing “band-pass filter at 750 nm” where our model completely fails. The big difference of the spectrum
from the closest structure in the training dataset confirms that our training dataset does not contain sufficient data for
our model to learn.

Band pass filter in 750 nm

100 F XA
__80r ‘ ’
X _I?-_;_I’argett b ks

60 b -Targe
g R-Clogsest I
5 T-Closest 51
‘s 40 < R-Designed ?
E T-Designed

20

0 -

4(I)0 560 660 760 860 960 10.00 11.00
Wavelength (nm)

Fig. S19 | One example when our model fails to give a structure for the “band-pass filter in 750 nm”. The target spectrum requires a trans-

mission at 750 nm while the designed structure does not have any transmission. The closest structure in the dataset also does not have trans-

mission, which means this type of spectrum target is outside of our training dataset. This is because our training dataset is still small (107) com-

pared to the total possible structures (10%).
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Section 5.3: Comparison of our model with existing methods
In Table S2, we compare our model with existing methods from five aspects:

1. Versatile for different types of structures: design the total number of layers, material arrangements and thickness si-
multaneously.

2. Versatile for design targets: quickly adapt to different design targets without restarting the design process.

3. Generalized to angled incidence and polarizations: to suit for a wider range of application situations with different
angled incidence and polarization states.

4. Multiple design: In principle, we can always get different designs if we restart the optimization process or retrain
the model from different random points. It is desirable that the method can intuitively give multiple designs without do-
ing so.

5. Flexible design: to incorporate different design constraints without restarting the optimization process or retrain-
ing the model.

From the table, we can see that our model demonstrates promising performance outperforming existing methods.

Table S2 | Comparison of our method with existing methods. [@: GLOnet is based on optimization and OML-PPO is based on reinforce-
ment learning so they do not need training data. I: The model size (number of parameter) is not provided in the original paper or code

repository, so we estimate it based on their model architecture.

Methods Model Training Demonstrated Versatile for Versatile for Generalized to Multiple Flexible

size (M) dataset size (M) design targets structures? design targets? angles and pol? design? design?
PSO ref.s7 --- - Filters No No No No No
Genetic algorith ref.s® - --- Antireflection coatings No No No No No
Needle optimization  ref.° - - Optical coatings No No No No No
Memetic optimization ref.5"° -— - Radiative cooling Yes No No No No
GLOnet ref.s11s812 ~0.2 ---lal Optical transfer function Yes No No No No
OML-PPO EiE | =08 -l Absorber Yes No No Yes No
Tandem network ref.s14  ~0.201 ~0.5 Transmission No Yes No No No
GAN ref.s15  ~1.10 ~0.05 Structural color No Yes No Yes No
MDN ref.816517  ~3 6l ~0.1 Transmission No Yes No Yes No
MST ref.s® ~14 ~0.14 Absorber No Yes No No No
OptoGPT (Ours) ~56 ~10 Multiple Yes Yes Yes Yes Yes
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