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Abstract

Various macroscopic optical properties that are not observable in conventional homogeneous media may be
realized in an optical metasurface by adjusting its sub-wavelength nanostructure. However, this requires precise
and effective designing of structures. Therefore, systematic design methodologies for nanophotonic structures
have garnered significant interest over the recent years. In this paper, we propose a deep-learning-based fast and
efficient inverse design method for nanophotonic metasurface structures. A 10 x 10 plasmonic nanohole array
structure perforated on an aluminum film was used to control both the amplitude and phase of the transmitted
light with a high contrast using a small number of structural variables. To identify the structure that induces a
desired field distribution, we constructed deep neural network (DNN) models that interconnected the structural
variables of the plasmonic nanohole array with those of the field distributions. The DNNs were trained using data
obtained via finite-difference time domain simulations. Moreover, we evaluated the performance of the proposed
inverse design method for several targets, e.g., a rectangular grid with randomly determined intensities on different
cells. The results confirmed an average cosine similarity of 0.86 for a field distribution at a focal length of 2,000

nm on a 4 x 4 grid with randomly determined intensities.
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Introduction

Modification of the electromagnetic field of a photon via sub-wavelength metallic or dielectric nanostructures
is expected to enable significant control over the properties of transmitted light. By adjusting the structural
variables of the individual meta-atoms on a metasurface, the local electromagnetic properties of the transmitted
or reflected light, e.g., its amplitude or phase, can be manipulated, thereby enabling full control over the entire

t!-3, This metasurface design strategy can be potentially applied in ultra-thin lenses*, optical analog

wavefron
computing®, invisibility cloaks®, and hologram displays’. However, the production of high-performance
metasurfaces is dependent on the development of design techniques capable of identifying optimal combinations
of microscopic structures of meta-atoms that will produce the desired macroscopic characteristics of light on the
entire metasurface. Consequently, systematic inverse design methodologies, including evolutionary algorithms?,

' and objective-first algorithms'?, have been extensively researched for

adjoint optimization techniques®!
metasurface designing. Most of the aforementioned design methodologies utilize iterative algorithms to identify
the structures that produce recursively better results by examining structures similar to that at the previous stage.
This approach produces a solution without the need to explore the entire design space. However, it is difficult to
guarantee that an optimal structure identified using such a recursive method would actually be a globally optimal

structure. Further, the requirement to repeat the entire iteration process for each target can increase latency,

limiting its dynamic application in devices such as radars or hologram displays.

Recently, non-iterative machine-learning-based inverse design methods of several types have been extensively
researched'*'®. In these methods, the machine learning models consist of calculation procedures and inertial
parameters that influence the calculation result, and the models are “trained” by fitting the inertial parameters to
minimize the error between the computed results and the given dataset. As a result, the model becomes capable
of identifying the solution almost immediately, unlike iterative algorithms. Further, such models can predict the
solutions even for points corresponding to absent data, thus requiring significantly smaller number of trials
compared to simple data-driven methods that are not based on machine learning models, e.g., Monte—Carlo
methods. Among the multiple machine learning models, deep neural network (DNN) models have garnered the
majority of interest for interpolating physics models and developing inverse design algorithms'7'°, By adjusting
several hyper-parameters, such as the number of layers or the number of neurons per layer, DNN models can be
flexibly optimized for each problem. Several studies have been published on the inverse design of metasurfaces

based on DNN models?*>*. However, in most of the recent reports, the role of the DNN model is limited to the



design of individual meta-atoms corresponding to local electromagnetic responses. Thus, additional procedures
are still required to identify the total combination of the local electromagnetic responses for a target macroscopic
field distribution. In addition, incorporating the interactions between meta-atoms in this process is difficult; thus,

the range of possible structures remains limited to those with weak interactions between meta-atoms.

In this paper, we propose a deep-learning-based inverse design method capable of designing the entire
metasurface structure, including the structural variables of each meta-atom simultaneously. The method utilizes
a "designer DNN" that lists the structural variables for a given target field distribution and a "simulator DNN"
that produces the field distribution corresponding to a given structure. Using the designer DNN, the overall
structure of the metasurface can be directly determined without implementing any iterative process.
Subsequently, the resultant field distribution obtained from the designed structure can be immediately predicted
and verified using the simulator DNN. Here, we demonstrate the application of the proposed method in
designing a metasurface consisting of 10 x 10 arrays of sub-wavelength holes, with different diameters,
perforated on a thin aluminum film. Owing to plasmonic resonances in individual holes or between the holes, the
nanohole structures perforated on metallic films are known to influence the light, passing through the structure,
with a very high contrast>>=3. By manipulating only the diameters of the holes, local optical properties, such as
the amplitude or phase, of the light transmitted through each hole can be modulated within a broad range (See
Supplemental Material 1), and then integrated to form diverse near field distributions using the proposed inverse
design method. Experimental results confirmed that when light of 650-nm wavelength was transmitted through
the metasurface containing nanohole arrays, the two-dimensional nearfield distributions over an area of 5.4 um
x 5.4 um at a distance of 500—5,000 nm from the surface could be controlled by adjusting the period of the
array, diameters of the holes, and source power. The proposed inverse design method has potential application
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in fields that require on-demand control of near field distributions, such as lithography**+3¢, photovoltaics®’ and

bio-detection’®.

Results

Figure 1a depicts a schematic of the metasurface structure, with nanohole arrays, and transmission of incident
light. In every simulation reported in this study, the metasurface was assumed to have been fabricated on a glass
substrate, and the incident light was assumed to be a normally incident plane wave polarized along the horizontal

axis of the nanohole array, with the source on the side of the substrate. Based on the analysis of a single-hole



structure (See Supplemental Material 1), a 10 x 10 array of holes (diameter of each hole: 100-325 nm) perforated
on an aluminum layer on a glass substrate, with period in the range of 375-550 nm, was considered as the
metasurface structure. The thickness of the aluminum layer was considered to be 150 nm, which is sufficient to
prevent the penetration of incident light without passing through the holes while providing sufficient phase shift
to the light transmitted through the holes. A two-dimensional distribution of electric-field energy density (g|E[?)
over an area of 5.4 um x 5.4 um at varying distances (z) from and parallel to the metasurface was considered as
field distribution to be controlled. The electric field distribution corresponding to each metasurface structure was
calculated via finite-difference time domain (FDTD) simulations. A full-vectorial complex near field distribution
(i.e., near field amplitudes) was obtained via Fourier transformation of the time-record of the electric field at each
pointona5.4 um X 5.4 um area at a distance of 325 nm from the metasurface, considering a gaussian plane wave,
corresponding to a 650-nm incident light, normally incident on the surface from the substrate side. Based in this
distribution, the electric-field energy density distributions at arbitrary distances (z) (i.e., Fresnel field intensities)
can be obtained using the Fresnel integral method. We ignored the area outside the designated 5.4 um x 5.4 um
region for the Fresnel integral as the aluminum layer was assumed to be sufficiently thick to prevent direct
penetration of light. Several simulations were performed on the structures randomly generated from the structural
variables, following the uniform distribution within the aforementioned range, to obtain the structure—field data

pairs for training the simulator and designer DNNs.

Figure 1b depicts a schematic of the internal structure, input variables, and output variables of the two DNN
models used in the proposed inverse design method. The simulator DNN receives the structural variables (array
period and diameters of each hole) as the input variables and returns the near field amplitudes as the output
variables. Subsequently, the Fresnel field intensities at arbitrary distances (z) are obtained using the Fresnel
integral method, based on the output of the simulator DNN. As illustrated in Figure 1b, the structure of the
simulator DNN consisted of two sequential layers with 8,000 neurons in each layer. The adjacent layers were
fully connected by a rectified linear unit (ReLU) activation function. The structure of the designer DNN
consisted of five sequential layers with 8,000 neurons in each layer, in which the adjacent layers were fully
connected by a ReLU activation function. The designer DNN receives the Fresnel field intensities over the 5.4
pm x 5.4 um area at a resolution of 108 x 108 corresponding to a specific distance (z) as the input variable and
returns the array period, diameters of the holes on the array, and source power that generates the given field

distribution as the output variables. The source power values were randomly generated to ensure that the



logarithms followed a normal distribution and were multiplied to the target Fresnel field intensities before each
iteration of the fitting process. This process enabled the inverse design method to reproduce similar field
distributions with varying absolute amplitudes by adjusting the source power, making the method capable of
addressing more diverse field distributions. We used the results obtained from 12,924 FDTD simulations to
develop the training dataset that was used to train both the simulator and designer DNN models, and used 1,292
results to generate the test dataset that was used to validate the two DNN models. During the training process,
the weight parameters of the neurons were optimized using the Adam algorithm to minimize the mean squared

errors between the output training data and the returned values corresponding to the input training data.

Figures 2a—f depict the nanohole array structures, near field amplitudes predicted using the simulator DNN
model, and near field amplitudes predicted using the FDTD simulations. As illustrated in Figures 2a—b, the
horizontal cross-sections of the metasurfaces were of irregular shapes because of the randomly generated array
period and diameters. The near field amplitudes of the light transmitted through these metasurfaces were
obtained using the simulator DNN, as depicted in Figures 2¢ and 2e. A comparison of the predicted fields with
the simulated fields (Figures 2d and 2f, respectively) revealed that, even in the case with the maximum MAE
out of the 1,292 test data cases, a good agreement is observed between the two. Thus, it was proved that the
simulator DNN can be used to verify the accurate generation of the field distribution corresponding to various
structures designed using the designer DNN, without performing complete FDTD simulations. Figure 2g
depicts the MAEs of the near field amplitudes predicted using the simulator DNNs that were trained using
varying quantities of data. When the number of training data points was considered to be small, the MAE of
the training data (i.e., training error) was significantly low, while that of the test data (i.e., test error) was high.
As the number of training data was increased, the training error increased, whereas the test error decreased,
indicating that the two values approached each other. This can be attributed to the overfitting of the model when
the number of training data is insufficient compared to the degrees of freedom of the model. Therefore, in order
to construct a simulator DNN that produces consistently accurate predictions on both the training and test data,

a large number of training data along with a high degree of freedom of the model are required simultaneously.

As the performance of an inverse design method should be evaluated in terms of the accuracy of reproduction
of the target distributions, we analyzed the differences between the target Fresnel field intensities and the
corresponding fields produced by the predicted structures (i.e., field MAE) as well as the differences between

the structures that originally produced the target fields and the corresponding predicted structures (i.e., structure



MAE). Figures 3a—b summarize the results obtained by training the designer DNN corresponding to target
Fresnel field intensities at z = 2,000 nm with various quantities of training data. As the number of training data
was increased, both the field and structure MAEs of the test data were observed to decrease. During this analysis,
we used the simulator DNN instead of full FDTD simulations to obtain the field distributions produced from
the predicted structures and to calculate the field MAE. Figures 3c—e depict some representative results for the
cases where the field MAEs were equal to the median, field MAEs equal to the 95 % percentile, and field MAEs
were maximum, respectively. For each given target field, the designer DNN returned the inverse-designed
structures. Then, the field distributions of the designed structures were predicted using the simulator DNN and
Fresnel integrals. In the cases where the field MAEs were equal to the median (Figure 3c) and 95 % percentile
(Figure 3d), both the predicted structures and fields exhibited good agreement with the original structures and
target fields. In the case with the maximum MAE (Figure 3e), although the structure was slightly different from
the original structure, the resultant field distribution exhibited reasonable agreement with the target distribution.
Moreover, the field distributions obtained using the simulator DNN were consistent with the results obtained

via full FDTD simulations.

However, the aforementioned favorable results on the test dataset are alone not sufficient proof of the
viability of the proposed inverse design method, because the test dataset is not representative of the overall
design space. In fact, although any simulated field distribution in the test dataset has a corresponding structure
that can reproduce itself, this is not a guaranteed condition for arbitrary field distributions. Therefore, further
experiments on the arbitrary target field distributions are required to evaluate the accuracy of reproduction of
the diverse field distributions properly. Accordingly, we first tested the performance of the designer DNN
corresponding to point-like target field distributions at varying positions and with varying numbers of points, as
illustrated in Figure 4. In the target distributions, each point target was represented by a circle with a diameter of
325 nm, which is half of the wavelength. The amplitude of each point target was selected by considering an
appropriate operation range. For single-point targets, the distributions corresponding to holes of varying diameters
yielded concentric circles that resembled an interference pattern around the target point, and the resulting field
distribution was also well focused at the center of the concentric circles, as depicted in Figures 4a—f. As illustrated
in Figures 4a—c, the diameters of the concentric circles increased with the increasing distance (z). Further, as
shown in Figures 4c—f, when the target point was displaced horizontally, the concentric pattern followed the

movement, ensuring the successful reproduction of the resultant field distributions at the edges of the target region.



Notably, the formation and subsequent movement of the concentric pattern appeared to cause constructive
interference at a given point, even though the designer DNN model was not trained about the interference principle.
In addition, when two points were simultaneously given at the target, a hole array structure was formed, with the
concentric circles corresponding to the two points overlapping each other. Moreover, when the distance between
the two points was increased, the centers of the concentric circles exhibited a similar movement, as depicted in

Figures 4g—h. Thus, the two points were observed to be well-expressed on the reproduced field distributions.

To investigate the effect of the distance between the target region and the metasurface (z), we considered
chessboard-like target field distributions (Figure Sa—c) and compared the results obtained using the designer
models trained corresponding to varying distances, as depicted in Figures 5d—i. The dependence of the structures
on the distance between the target region and the metasurface revealed that the shape of the hole diameter
distribution approached the target field distribution as the distance was decreased. In contrast, as the distance was
increased, the boundaries of the structural distribution became wider and more ambiguous, similar to a diffraction
interference pattern. Moreover, the designed structures corresponding to too small or too large distances did not
accurately reproduce the target patterns. The target field distribution was reproduced with the highest accuracy
when the distance was in the range of 1,500-2,000 nm. The results indicated that the distance between the target
region and the metasurface should be sufficiently large to ensure that the light transmitted through the holes
cooperatively interferes to enable an effective control over the field distribution. Simultaneously, the distance
should be sufficiently small to ensure a sensitive dependence of the optical path length on the horizontal

displacements in position, which affects the spatial resolution in the horizontal direction.

Finally, to consider a frame for the definition of an arbitrary target field distribution, we divided the target
area using a rectangular grid and randomly assigned field intensities to each cell of the grid. Figures 6a—c depict
the obtained results corresponding to the cases with median and maximum field MAEs among the 300 random
target distributions considered for 2 x 2, 3 x 3, and 4 x 4 grids, respectively. The field intensity at each grid
region was randomly generated from a uniform distribution in the range optimized for the best reproduction
performance. The distance between the region and the metasurface was set to 2,000 nm. The results indicated
that, in the cases of median and maximum field MAEs, the resulting field distribution corresponded closely to
the target field distribution, as illustrated in Figures 6a—c. Quantitatively, the average cosine similarities were
0.87, 0.83, and 0.86 corresponding to the 2 x 2, 3 x 3 and 4 x 4 grids, respectively. This is expected to serve

as a reference for future studies.



Conclusions

In this study, a deep-learning-based inverse design method for metasurfaces was proposed to manipulate the
field distributions of the transmitted light. To increase the diversity of the available field distributions efficiently
using a small number of structural variables, we considered a metasurface structure consisting of an array of
plasmonic nanoholes capable of profoundly influencing the amplitude and phase of the transmitted light. By
constructing a designer DNN model that directly interconnects the field distributions with the structural
variables of the metasurfaces, an optimal structure capable of reproducing a target field distribution was directly
obtained, without iterative trial and error processes. In addition, using the simulator DNN models, the field
distributions of the inverse-designed structures could be immediately verified without performing time-
consuming simulations. Consequently, we verified that the designer DNN models trained using sufficient
quantities of data can be used to identify the structures that accurately reproduce several types of target field
distributions, e.g., single point, multiple points, chessboard-like patterns, and randomly generated field
distributions on 2 x 2, 3 x 3  and 4 x 4 grids. The proposed inverse design method, combined with active
metasurfaces®, can be applied in dynamic processes that require on-demand electromagnetic wave manipulation,

40,41

such as beam steering*>*! and optical manipulation*’.
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Figure 1 | Overview. (a) Conceptual diagram of the structure and operation of the plasmonic nanohole array
metasurface. The red arrows indicate the loci of propagation of incident light. (b) Schematic diagram of the
simulator DNN model, the designer DNN model, and visualization of the definitions of the input and output
features.
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Figure 2 | Simulator DNN. (a-b) Cross-sectional views of the nanohole array structures. (c-f) Near field
amplitudes predicted using (c, e) the simulator DNN and (d, f) FDTD simulation. The complex vector
components are specified below each column in the figure. (a, ¢, d) Median MAE case and (b, e, f) Maximum
MAE among the structures in the test dataset. (g) MAEs of the outputs of the simulator DNNs trained using
various quantities of training data, which were averaged over the training dataset (red solid line), averaged over
the test dataset (black solid line), and the smallest and the largest MAEs corresponding to the test dataset (black
dashed lines).
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1. Characterization of the optical transmission through a single hole structure

Figure S1 summarizes characterization of the optical transmission through a single hole structure which is a
unit meta-atom of the overall meta-surface. The aluminum layer is on the glass substrate, and a plane-wave
polarized along the x direction is normally incident from the substrate side. Figure Sla-c summarizes phase and
amplitude (Ey) of the transmitted 650 nm light with varying hole-diameters and aluminum thickness. As shown
in Figure S2b, the contrast of amplitude depending on the diameter is very high, and the contrast increases as the
aluminum layer thickness increases. Also, as shown in Figure Slc, the degree of phase shift according to diameter
also increases as the aluminum thickness increases. In example, when the aluminum thickness is 150 nm, the

phase difference is 2.4 radian when the diameter is changed from 100 nm to 325 nm.

—a— Al thickness = 50 nm
—=»— Al thickness = 100 nm
—a— Al thickness = 150 nm

EJ° (a.u)

100 200 300 400 500 100 200 300 400 500
Hole diameter (nm) Hole diameter (nm)

Figure S1 | Light transmission through a single hole. (a) Simulated electric field (Ex) of the light (A = 650

nm) transmitted through single holes with various diameters (Aluminum layer thickness = 150 nm), normalized
by the reference amplitude without the aluminum structure. (b-c) Electric field intensities (|Ex?) (b), and phases

(c) at above A/2 from center of the holes with various diameters and aluminum thicknesses.



