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Deep Learning for the Design of Toroidal
Metasurfaces

Ting Chen, Tianyu Xiang, Tao Lei , and Mingxing Xu

Abstract—In recent years, the toroidal dipoles have had a pro-
found impact on several fields including electromagnetism. How-
ever, the on-demand design of toroidal metasurfaces is still a very
time-consuming process. In this paper, a method of neural net-
work simulating the nonlinear relationship between the structural
parameters of metasurfaces and its multipole scattered powers is
proposed based on a deep learning algorithm. The forward network
can quickly predict the scattered powers from input structural
parameters, which can achieve an accuracy comparable to the elec-
tromagnetic simulations. In addition, with the required scattering
spectrum as input, the appropriate parameters of the structure
could be automatically calculated and then output by the inverse
network which can achieve a low mean square error of 0.074 in
training set and 0.18 in the test set. Compared with the conventional
design process, the proposed deep learning model can guide the
design of the toroidal dipole metasurface faster and pave the way
for the rapid development of toroidal metasurfaces.

Index Terms—Scattered power, toroidal dipole, deep learning,
residual network, metasurface.

I. INTRODUCTION

TOROIDAL dipole (TD), a fundamental member of the
toroidal multipole family, was first proposed by Zel’dovich

[1] in 1958 to interpret the parity nonconservation in the weak
interaction. Unlike the conventional electric dipole (ED) and
magnetic dipole (MD), TD is created by a current flowing along
the meridian of a circular surface [2] as shown in the top right
corner of Fig. 1, which can confine electromagnetic field in a
small area and exhibits many special properties, such as circular
dichroism [3], high Q-factor [4], etc. TD metasurfaces usually
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Fig. 1. Schematic diagram of TD and the toroidal metasurface. Poloidal
currents flowing on a surface of a torus along its meridians create toroidal dipole
moment T, which can be seen as a closed loop of magnetic dipoles arranged
head-to-tail. Metal disc with a dumbbell-shaped aperture is the structural element
of toroidal metamaterial.

exhibit that the TD scattered power has been obviously enhanced
to a measurable range while the scattered power of ED is strongly
suppressed [5], [6]. In 2010, the resonant excitation of TD in
metamaterial had been first demonstrated [7]. Afterwards, TD
metasurfaces have attracted the attention of many researchers
and been applied to a variety of fields such as electromagneti-
cally induced transparency, highly sensitive sensors, modulators
and absorbers [8], [9], [10], [11], [12], [13].

However, designing metasurfaces with TD resonance is often
difficult. The traditional design methods of TD metasurfaces
usually utilize electromagnetic simulation software such as
HFSS, CST Microwave Studio, but the TD scattered power
is not intuitive in the simulation software and further calcula-
tions are required for each candidate object. In addition, the
conventional design approach involves a constant trial-and-error
search in a large number of candidates of metasurfaces. Once
the candidate object is changed, electromagnetic simulation and
the calculation of scattered power need to be performed again,
and the repetitive calculations require significant computational
resources and designer efforts. Therefore, it is an important
challenge of designing TD metasurfaces to obtain their multi-
pole scattering characteristics directly from the given structural
parameters of the metasurface that TD resonance evaluation can
be performed quickly. In addition, the TD response is heavily de-
pendent on the structural shape and size of the resonators. Con-
ventional methods for designing metasurface with TD response
and optimization still rely on the intuition, working experience
and expertise of researchers. How to obtain the corresponding
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structure quickly according to the given multipole scattered
power is the worthwhile research in the current.

Deep learning, a popular numerical computation method at
the moment, demonstrates a superior ability to learn complex
relationships between input and output data. Theoretically, deep
learning can solve any nonlinear problem and has been widely
used in areas such as pattern recognition, image processing,
robotics, and data mining. In recent years, deep learning has
been introduced to many physical systems by many scholars,
such as plasmonic nanostructure design [14], [15], [16], digital
coding metasurfaces [17], [18], intelligent metasurfaces [19] and
other systems [20], [21], [22], [23], [24], [25]. Deep learning
algorithms can easily learn the correlation between the structural
parameters and electromagnetic response of material replacing
the traditional time-consuming electromagnetic simulation and
avoiding the complicated Maxwell solution process [26].

In 2018, J. Peurifoy et al. [27] proposed a neural network
ANN that can approximate light scattering from multilayer
nanoparticles. The ANN takes the thickness of each layer of
nanoparticles as input and is able to output the transmission
spectrum with an average error of less than 3% at each point
after training. It is worth noting that the structure of the ANN
is fixed after training, even if the structural parameters of the
nanoparticles are changed the network structure does not need
to be retrained. In addition, the training time of ANN is only 50
seconds, and the prediction accuracy can reach more than 95%.
Compared with the traditional electromagnetic simulation, ANN
has the advantage of higher efficiency, which saves the time cost
of researchers to a large extent.

In 2019, S. So et al. [28] proposed a neural network with
devised loss function to learn the correlation between the ex-
tinction spectra of ED and MD and core-shell nanostructure
design. The neural network taking both material information
and structural parameters as inverse design output achieved the
on-demand design of independent ED and MD resonances. In
2020, L. Xu et al. [29] demonstrated the inverse design of a high
quality (Q) metasurface consisting of two nanorods using deep
learning, and the proposed tandem network can acquire high Q
resonances with specific desired spectral locations, linewidths,
and transmission amplitudes. However, the inverse design with
the structural parameters and scattering spectrums of TD meta-
surfaces, to the best of our knowledge, has not been demonstrated

In this paper, a data-driven forward neural network (FNN) is
innovatively applied to learn the nonlinear relationship between
structural parameters and ED, MD and TD scattered powers
in small sample data. Like most simulations do, the FNN is
able to predict the scattered powers of metasurfaces from the
design parameters. In addition, a reverse neural network (RNN)
is proposed to fast design TD metasurfaces, which can directly
obtain the appropriate metasurface from a given spectrum of
ED, MD and TD scattered powers. To demonstrate the predictive
capability of the proposed method, metasurfaces designs with
arbitrary TD resonance are exhibited and the corresponding
surface current and magnetic field distributions are simulated to
further verify the TD responses. Compared with the traditional
design method of parametric scanning and iterative verification,
this method saves a lot of time of designers by eliminating

TABLE I
THE RANGE OF THE FOUR GEOMETRIC PARAMETERS

the complex design and optimization process and provides an
efficient way to design TD metasurfaces on demand.

II. DESIGN GOAL AND SETUPS

To demonstrate the feasibility of deep learning in TD meta-
surface, a randomly selected target structure consists of a disc
resonator etched off a dumbbell shape is shown in Fig. 1. The
disc resonator is fabricated from a copper sheet of 0.035 mm
thickness and affixed to a dielectric substrate with permittivity εγ
= 6.5. The periodicity of the meta-atom (Px = Py) is fixed as 18
mm, and the geometric parameters r1, r2, a and d of the resonator
are selected as independent variables of this structure. Due to
the fixed period of the structure and the shape of the resonator,
parameters of the metal resonator are physically limited to the
range shown in Table I. In addition, as shown in Fig. 1, several
conditions are necessary in order to stay within the physical
limits of the metasurface, r1 > (2r2 + a) and d < 2r2.

When a beam of linearly y-polarized light enters the meta-
surface normally, the density of the conducting current under
different structures can be extracted from the electromagnetic
simulation results by changing the variables. And then the scat-
tered powers of the TD metasurface could be obtained according
to the multiple scattering theory [30].

And the radiated powers of multipoles can be calculated from
the following formulas:

I =
2ω2

3c3
|P |2 + 2ω4

3c3
|M |2 + 2ω6

3c5
|T |2 + ω6

5c5
|Qe|2

+
ω6

20c5
|Qm|2 + o (ω) (1)

where the moments of traditional ED and MD are respectively
represented as P and M, and the values can be obtained from the
following equations:

P =
1

iω
∫ jd3r (2)

M =
1

2c
∫ (r × j) d3r (3)

And the third term is the TD moment (T) form the follow:

T =
1

10c
∫ [(r · j) r + 2r2j

]
d3r (4)

The next fourth term expresses the radiated power of the
electric quadrupoles (Qe), and the fifth term is derived from
the magnetic quadrupoles (Qm). The last term indicates the
higher-order correction. In all the above equations, c represents
the speed of light, j is the current and r corresponds to the distance
vector from the origin to the point (x, y, z). In order to reduce
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Fig. 2. The two network architectures of FNN which is consisted with the
fully connected network (left) and residual blocks (right) respectively. We take
the four special parameters of the metasurface as the input of deep learning.
The deep learning network has six hidden layers, and each layer has a same of
neurons.

the dimension and simplify the design process, only three main
multipole scattering, ED, MD and TD, are considered in this
study.

To save sampling time, the structural parameters are sampled
at equal intervals using a joint simulation of CST and Python,
and the scattered spectrum is discretized into 201 equally spaced
points. In addition, the scattering spectra are processed with
a logarithmic function in order to improve the predictive and
inverse design capabilities of the network. Ultimately, a total of
2330 pairs of datasets are collected as the datasets for FNN and
RNN, and each entry of the datasets constitutes four structural
parameters and 201 spectral points of each of ED, MD and
TD scattered spectra at a frequency range from 4 to 20 GHz.
Furthermore, 80% of the total samples are randomly selected
from the datasets as the training set, while the remaining 20%
samples are divided into validating (10%), and test data sets
(10%). The validation set is used to evaluate the network after
each training epoch to avoid overfitting problems and determine
the best iteration number. After the training with the training
set, the network is checked by the test set. This analysis is done
by comparing the loss maps between the true and predicted
values.

III. DEEP LEARNING MODELS

A. Forward Neural Network

To achieve the forward prediction of the metasurface, we have
separately trained two network models with fully connected
layers and residual blocks. The fully connected neural network
structure is constructed as shown in the left of Fig. 2 and the other
network has introduced with residual blocks as shown in the right

TABLE II
THE RESULTS OF TWO NETWORK MODELS

of Fig. 2. Forward neural network (FNN) aims to learn mapping
from structural parameters to scattering properties (EDs, MDs
and TDs) by training with a small amount of data, so that the
scattering energies can be accurately predicted from a given
metasurface. Thus, the structural parameters are used as inputs
to the FNN, while the three scattered powers of ED, MD and TD
are output as results. The entire FNN consists of fully connected
(FC) layers including an input layer, an output layer and six
hidden layers.

At the same time, residual blocks of deep residual learning
framework are introduced as hidden layers to avoid the degra-
dation problem that occurs with increasing network depth [31].
The number of neurons in each layer is set to the same 603 to
ensure that the input X of the shortcut connections to match the
dimension of F(X). Each weight layer, except the output layer,
is nonlinearized with Rectified Linear Unit (ReLU). During
training, the network model is evaluated with a loss function,
which is usually expressed the difference between the predicted
value and the true value. The smaller the difference, the better
the fit of the network model. In the network, the loss function is
defined with the mean square error (MSE) from the follow:

MSE =

∑n
i=1 (Spre − Ssim)2

n
(5)

where n is the number of samples in the calculation process, Spre
is the scattered spectrum predicted by the neural network and
Ssim is the true spectrum given during training.

Besides, the optimizer Adam [32] is used in the training to
update the weights through the error back propagation process
to minimize the MSE. The training set is used to train the FNN
model, and after training, the test set consisted of samples that
have never been used in previous training steps has been used to
evaluate the model. Finally, we trained both the network models
with the same dataset, the number of hidden layers and the same
set of hyperparameters. And after 600 epochs, the results are
shown in the Table II.

As can be seen from the Table II, the training loss of the
network with the residual blocks is significantly lower than that
of the fully connected network by more than half, and the error
on the test set is 0.025 which is also much lower than 0.034 that
of the fully connected network indicating that the network with
residuals is able to predict the metasurface scattering spectrum
better. At the same time, the training process of the residual
network takes only 12 minutes, compared to 25 minutes for
the fully connected network, which makes the residual network
more efficient. Explicitly, the MSE of the training set can be
minimized to 0.012 and the MSE of the test set reaches 0.025.
The maximum MSE of the training set and test set are 0.087
and 0.156, respectively. Therefore, the residual network was
chosen as the FNN in the manuscript for the prediction of the
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Fig. 3. Evaluation of the FNN model. The solid line represents the result
obtained by CST simulation of the pre-selected structural parameters. The circles
represent the result obtained by the structural parameters predicted by the FNN
model; ED (red), MD (purple) and TD (green).

metasurface scattered spectra. And from the statistics, it can
claim that the proposed model FNN with the residual blocks can
learn well from the datasets and predict the scattered powers of
ED,MD and TD properly via the geometrical parameters.

For more intuitive illustration of the function, a set of the
structural parameters of TD metasurface are freely chosen to
obtain the corresponding scattering spectra through the predic-
tion of FNN and the numerical calculation of CST respectively,
and the results have been compared as shown in Fig. 3. The
comparison of the results shows that the FNN is well trained to
provide the scattering spectra of ED,MD and TD, which is very
similar to the simulation results for the given input structural
parameters. Compared with conventional methods for calculat-
ing electromagnetic multipole scattering, the proposed network
structure, once trained, is able to quickly predict the scattering
spectra of ED, MD and TD within a few seconds. Therefore, this
method can replace the traditional electromagnetic simulation
and scattered energy calculation and the designer can obtain the
excitation patterns of an arbitrary TD metasurface in a short
time.

B. Reverse Neural Network

In order to solve the inverse design problem of TD metasur-
faces, a reverse neural network (RNN) is constructed for the fast
design. As shown in the Fig. 4, the RNN consists of five layers of
processing units and the main function is to automatically design
TD metasurface with specific TD scattered power. The first three
layers are composed of residual blocks which can be used for
feature extraction of scattered powers of ED, MD and TD. The
respective residual block contains three one-dimensional convo-
lutional layers, and which one is a linear projection performed
by the shortcut connection as shown in Fig. 4. The last two layers
are all fully connected layers which are used to reduce the output
dimension to generate the eventual output data. The kernel size is

Fig. 4. Schematic diagram of RNN which is consisted with one-dimensional
convolutional residual network and two fully connected layers are joined after the
convolutional layer. The 201 spectral points of each ED, MD and TD scattered
spectra have been taken as the input of RNN and the four geometrical parameters
have been taken as outputs.

Fig. 5. The learning curve of the RNN.

1× 3, except for the convolutional layer in shortcut connections,
where the kernel size is 1 × 1. Similarly, each weight layer is
nonlinearized with the ReLU activation function. And the output
of the Layer3 is then flattened to be fed to the fully connected
layers from 250 dimensions to 4 dimensions which generates
the corresponding structural parameters of the TD metasurface.
The activation function ReLU is also associated with the output
layer to ensure the output is positive. The loss function is the
MSE between the predicted structural parameters and the target
structural parameters.

In order to improve the convergence rate, mini-batching is
used to help the RNN model not be trapped in local minima [33].
The optimized hyperparameters used in RNN are the learning
rate of 0.001 and a batch size of 20 respectively. Subsequently,
the training of RNN is completed via the training set and the
variation tendency of MSEs of the RNN during this training
process has been shown in Fig. 5 and the MSE is the mean
square error between the output values of structure parameters
with the true. As can be seen from Fig. 5, the MSE on the training
and validating sets gradually decreases as the number of the
epoch increases and reaches the minimum values of 0.074 and
0.16 respectively at 200 epochs without overfitting problems.
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Fig. 6. Test examples of the RNN inverse design using the samples in test set. The target scattered spectra (solid lines) and the scattered responses (circles)
obtained from the predicted design parameters; ED (red), MD (purple) and TD (green).

Fig. 7 (a)–(c) Spectra of random targets (solid lines) and the responses of the predicted TD metasurfaces (circles); ED (red), MD (purple) and TD (green).
(d)–(i) the surface current and magnetic field distributions of the predicational toroidal metamaterial.

In addition, the average MSE between predicted and target
responses of 233 test data sets is 0.18 quantitatively showing
that RNN indeed provide appropriate designs that have desired
optical properties.

As shown in Fig. 6, two examples of test results show that
the predicted parameters (8.2, 1, 5.5, 0.8 and 7.2, 3, 03.5) are
very close to the target metasurface (8.22, 0.98, 5.36, 0.74 and
6.9, 2.96, 0, 3.13). And the ED, MD and TD scattered powers

obtained from predicted designs (circles) show good agreement
with desired spectra (solid lines), especially for the TD and MD
responses. Therefore, it can be considered that the proposed
RNN is well trained to inversely design the parameters of TD
metasurface properly according to the target ED, MD and TD
responses.

Deep-learning-based inverse design is practically utilized to
find a structure, which reconstructs an input spectrum with
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specific purposes. To demonstrate the ability of the proposed
network to inversely design TD metasurfaces using user- re-
quired spectra, metasurfaces with arbitrary TD resonances are
engineered. As shown in the gray band in the solid line of Fig. 7,
the scattered spectrums with arbitrary TD resonances are used
as input of the method to automatically design the metasurfaces.
It takes only 2 seconds to batch design three user-required meta-
surfaces, which is much faster than the parameter optimization
process of previous work [34]. The parameters of the designed
metasurfaces are (5.9, 1.37, 2.9, 0.3), (6.29, 1.35, 1.63, 0.69)
and (7.15, 1.28, 1.63, 1.48) and the scattered spectra of ED, MD
and TD obtained from the predicted designs after numerical
calculations are shown as circles in Fig. 7. In addition, the MSEs
between the required spectra with the calculated are 0.023, 0.016
and 0.012 respectively.

As can be seen from the Fig. 7, the results of RNN prediction
are highly overlapping with the target scattering, and especially
the trends of EDs and TDs scattering are well fitted with the given
scattered spectra. Although there is a slight frequency shift at
the intersection of ED and TD scattering, the TD scattering still
remains dominant near the gray band. The accurate prediction
at different resonant frequencies indicates that the method can
achieve arbitrary TD resonance prediction at different target
frequencies. In addition, the TD mode is further demonstrated
by calculating the surface current and cross-sectional magnetic
field distribution at the resonance. According to the Fig. 7(d)–(f),
a pair of reverse flowing currents can be clearly observed inde-
pendently which can form a head-to-tail magnetic field, that is
the TD in the y-direction, as shown in Fig. 7(g)–(i).

To sum up, our networks model can make good predictions
of TD metasurfaces and further decrease the time-consuming
numerical simulations to calculate the scattered spectrums. Our
proposed model cannot obtain the S parameters at the same
time as the scattered spectrum is calculated. However, if a large
relevant dataset of metamaterials with S parameters is available,
the model will be able to get the connection between the scattered
spectra and S parameters, and successfully predict accurate TD
results.

IV. CONCLUSION

In conclusion, a method had been provided to inverse design
the structural parameters of TD metasurfaces based on inde-
pendently given ED, MD and TD spectra. Firstly, a forward
prediction network is designed with a fully connected network
based on residuals. After training, the scattered power can be
predicted according to the structural parameters provided by
the user quickly and approximates the numerical calculation
results with high accuracy. In addition, a convolutional residual
network is proposed for the inverse design of TD metasurfaces.
To show the capability of the RNN, a deep-learning-assisted
inverse design for TD resonance are specifically demonstrated.

Using this model to reversely design the TD metasurface
avoids the highly non-linear problem of solving the Maxwell
equation and the large amount of time wasted in traditional
numerical calculation methods which can predict the appropriate
structural parameters to meet user requirements based on an

arbitrary scattered power spectrum. We believe that the proposed
efficient inverse design method will provide new ideas for the
design and development of TD metasurfaces in the future.

REFERENCES

[1] I. Zel’Dovich, “Electromagnetic interaction with parity violation,” Sov. J.
Exp. Theor. Phys., vol. 6, pp. 1184–1186, 1958.

[2] T. Chen, T. Xiang, J. Wang, T. Lei, and F. Lu, “Double E-shaped toroidal
metasurface with high Q-factor Fano resonance and electromagnetically
induced transparency,” AIP Adv., vol. 11, no. 9, Sep. 2021, Art. no. 095011.

[3] T. A. Raybould et al., “Toroidal circular dichroism,” Phys. Rev. B, vol. 94,
no. 3, pp. 2–6, 2016.

[4] X. Luo, X. Li, T. Lang, X. Jing, and Z. Hong, “Excitation of high Q
toroidal dipole resonance in an all-dielectric metasurface,” Opt. Mater.
Exp., vol. 10, no. 2, pp. 358–368, 2020.

[5] T. Lei, T. Xiang, J. Wang, R. Zhou, and X. Zhu, “Dual-toroidal analog
EIT with metamaterial,” Appl. Phys. Exp., vol. 14, no. 6, Jun. 2021,
Art. no. 067001.

[6] S. Wang, S. Wang, X. Zhao, J. Zhu, Q. Li, and T. Chen, “Excitation of
electromagnetically induced transparency effect in asymmetrical planar
terahertz toroidal dipole metasurfaces,” J. Infrared, Millimeter, Terahertz
Waves, vol. 42, no. 1, pp. 40–49, 2021.

[7] T. Kaelberer, V. A. Fedotov, N. Papasimakis, D. P. Tsai, and N. I. Zheludev,
“Toroidal dipolar response in a metamaterial,” Science, vol. 330, no. 6010,
pp. 1510–1512, Dec. 2010.

[8] Z. Shen et al., “Electromagnetically induced transparency metamaterial
with strong toroidal dipole response,” Mater. Res. Exp., vol. 7, no. 3,
Mar. 2020, Art. no. 035802.

[9] D. Yan, M. Meng, J. Li, and X. Li, “Graphene-assisted narrow bandwidth
dual-band tunable terahertz metamaterial absorber,” Front. Phys., vol. 8,
Aug. 2020. Art. no. 306.

[10] A. Bhattacharya, K. M. Devi, T. Nguyen, and G. Kumar, “Actively tun-
able toroidal excitations in graphene based terahertz metamaterials,” Opt.
Commun., vol. 459, Nov. 2019, Art. no. 124919.

[11] Y. Chen and Y. Wang, “Electrically tunable toroidal Fano resonances of
symmetry-breaking dielectric metasurfaces using graphene in the infrared
region,” J. Opt., vol. 24, no. 4, Apr. 2022, Art. no. 044012.

[12] A. Ahmadivand et al., “Rapid detection of infectious envelope proteins
by magnetoplasmonic toroidal metasensors,” ACS Sensors, vol. 2, no. 9,
pp. 1359–1368, 2017.

[13] Y. Sun et al., “Toroidal dipole and magnetic multipole excitations from
the same nanostructure with different direction of electric dipole emitters,”
Appl. Phys. A Mater. Sci. Process., vol. 126, no. 3, pp. 1–7, 2020.

[14] Q. Wu et al., “Comparison of different neural network architectures for
plasmonic inverse design,” ACS Omega, vol. 6, no. 36, pp. 23076–23082,
Aug. 2021.

[15] I. Malkiel, M. Mrejen, A. Nagler, U. Arieli, L. Wolf, and H. Suchowski,
“Plasmonic nanostructure design and characterization via deep learning,”
Light Sci. Appl., vol. 7, no. 1, Sep. 2018. Art. no. 60 .

[16] X. Xu, C. Sun, Y. Li, J. Zhao, J. Han, and W. Huang, “An improved
tandem neural network for the inverse design of nanophotonics devices,”
Opt. Commun., vol. 481, Feb. 2021, Art. no. 126513.

[17] Q. Zhang et al., “Machine-learning designs of anisotropic digital coding
metasurfaces,” Adv. Theory Simul., vol. 2, no. 2, pp. 1–13, 2019.

[18] H. Lin et al., “Machine-learning-assisted inverse design of scattering
enhanced metasurface,” Opt. Exp., vol. 30, no. 2, 2022, Art. no. 3076.

[19] L. Li, H. Zhao, C. Liu, L. Li, and T. J. Cui, “Intelligent metasurfaces :
Control, communication and computing,” eLight, vol. 2, no. 1, May 2022.
Art. no. 7.

[20] Y. Deng, S. Ren, K. Fan, J. M. Malof, and W. J. Padilla, “Neural-adjoint
method for the inverse design of all-dielectric metasurfaces,” Opt. Exp.,
vol. 29, no. 5, 2021, Art. no. 7526.

[21] J. Ma et al., “Inverse design of broadband metasurface absorber based on
convolutional autoencoder network and inverse design network,” J. Phys.
D. Appl. Phys., vol. 53, no. 46, Nov. 2020, Art. no. 464002.

[22] J. Noh et al., “Design of a transmissive metasurface antenna using deep
neural networks,” Opt. Mater. Exp., vol. 11, no. 7, Jul. 2021, Art. no. 2310.

[23] J. Ines, N. Ammar, T. Aguili, and H. Baudrand, “An efficient algorithm
for electromagnetic scattering by a set of perfect conducting cylindrical
objects using the artificial neural network,” Int. J. RF Microw. Comput.
Eng., vol. 29, no. 4, pp. 1–12, 2019.



CHEN et al.: DEEP LEARNING FOR THE DESIGN OF TOROIDAL METASURFACES 8600207

[24] S. So, Y. Yang, T. Lee, and J. Rho, “On-demand design of spectrally
sensitive multiband absorbers using an artificial neural network,” Photon.
Res., vol. 9, no. 4, pp. B153–B158, Apr. 2021.

[25] F. Ghorbani, J. Shabanpour, S. Beyraghi, H. Soleimani, H. Oraizi, and M.
Soleimani, “A deep learning approach for inverse design of the metasurface
for dual-polarized waves,” Appl. Phys. A Mater. Sci. Process., vol. 127,
no. 11, pp. 1–7, 2021.

[26] W. Huang, Z. Wei, B. Tan, S. Yin, and W. Zhang, “Inverse engineering
of electromagnetically induced transparency in terahertz metamaterial
via deep learning,” J. Phys. D Appl. Phys., vol. 54, no. 13, Apr. 2021,
Art. no. 135102.

[27] B. G. DeLacy, J. D. Joannopoulos, M. Tegmark, and M. Soljačić,
“Nanophotonic particle simulation and inverse design using artificial
neural networks,” Sci. Adv., vol. 4, no. 6, pp. 1–8, Jun. 2018.

[28] S. So, J. Mun, and J. Rho, “Simultaneous inverse design of materials
and structures via deep learning: Demonstration of dipole resonance
engineering using core–shell nanoparticles,” ACS Appl. Mater. Interfaces,
vol. 11, no. 27, pp. 24264–24268, 2019.

[29] D. A. Smirnova et al., “Enhanced light-matter interactions in dielectric
nanostructures via machine-learning approach,” Adv. Photon., vol. 2, no. 2,
pp. 1–11, 2020.

[30] V. A. Fedotov, A. V. Rogacheva, V. Savinov, D. P. Tsai, and N. I. Zhe-
ludev, “Resonant transparency and non-trivial non-radiating excitations in
toroidal metamaterials,” Sci. Rep., vol. 3, pp. 1–5, 2013.

[31] K. He, X. Zhang, S. Ren, and J. Sun, “Deep residual learning for image
recognition,” in Proc. IEEE Comput. Soc. Conf. Comput. Vis. Pattern
Recognit., 2016, pp. 770–778.

[32] D. P. Kingma and J. L. Ba, “Adam: A method for stochastic optimization,”
in Proc. 3rd Int. Conf. Learn. Represented Track, 2015, pp. 1–15.

[33] H. T. Kollmann, D. W. Abueidda, S. Koric, E. Guleryuz, and N. A. Sobh,
“Deep learning for topology optimization of 2D metamaterials,” Mater.
Des., vol. 196, 2020, Art. no. 109098.

[34] T. Xiang, T. Lei, T. Chen, Z. Shen, and J. Zhang, “Low-loss dual-band
transparency metamaterial with toroidal dipole,” Mater. (Basel), vol. 15,
no. 14, Jul. 2022, Art. no. 5013.



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


