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Abstract: Metasurfaces generate desired electromagnetic wavefronts using sub-wavelength19

structures that are much thinner than conventional optical tools. However, their typical design20

method is based on trial-and-error, which is adversely inefficient in terms of the consumed21

time and computational power. This paper proposes and demonstrates deep learning-enabled22

rapid prediction of the full electromagnetic near-field response and inverse prediction of the23

metasurfaces from desired wavefronts to obtain direct and rapid designs. The proposed encoder-24

decoder neural network was tested for different metasurface design configurations. This approach25

overcomes the common issue of predicting only the transmission spectra, a critical limitation of26

the previous reports of deep learning-based solutions. Our deep learning-empowered near-field27

model can conveniently be used as a rapid simulation tool for metasurface analyses as well as for28

their direct rapid design.29

1. Introduction30

Metasurfaces are artificially designed electromagnetic (EM) structures that allow the realization31

and engineering of a desired wavefront profile using sub-wavelength metaunits. An array of32

different orientations of such metaunits, each of which essentially acts as a scatterer, form an33

optical structure that is ultra-thin compared to their counterpart conventional optical tools [1–5].34

The interactions of light with the sub-wavelength units make it possible to control the phase and35

magnitude of the scattered light [6,7]. Therefore, metasurfaces are competent optical devices that36

can be utilized for numerous tasks including image formation, focusing, optical vortex generation,37

spectroscopy, and augmented reality [8–10]. The metaunits composed of all-dielectric materials38

have been utilized in recent metasurface architectures. These dielectric metaunits are shown to39

yield minor losses across a wide range of frequencies compared to designs that adopt metal-based40

units [11–16].41

As much as metasurface designs offer benefits in terms of optical performance given their42

thickness, the design process can be cumbersome and is usually not straightforward. One of43

the main approaches in their design is to “phase-match” the responses of consecutive units as44

a designer seeks to achieve the “right interference” of the EM waves [17, 18]. However, this45



Fig. 1. Input-output representations of three metasurface design configurations selected
for this study. For the forward problem, the input is a cross-section nanopillar map
representing the metasurface geometry, and the output is a near-field electric field
response. The arrow between the input and output indicates the use of our proposed
neural network. For the inverse design problem, input-output relations are the opposite.

requires a repetitive process of trail and error. Also, the EM response of a surface may not be46

a direct superposition of the individual units but rather a collective EM response if there exist47

inter-coupling effects among the metaunits [19]. Thus, one typically needs to anticipate a design48

with intuition and optimize it with the metaunit set that is predefined in general or, alternatively,49

to propose an analytical solution for the model. Nevertheless, finding an analytical solution for50

an arbitrary design can be practically impossible. Moreover, the EM response of even a single51

metaunit may become unpredictable pretty quickly with minor changes in the geometry and52

materials of the units. These circumstances give rise to a strong motivation for the investigation of53

efficient tools cabaple of finding the EM response. Conventionally, iterative numerical methods54

and simulation techniques, including FEM (finite element method), FDTD (finite difference time55

domain), and FIT (finite integration technique) are utilized [20]. These methods provide accurate56

and reliable solutions even for complex structures. Nonetheless, they are basically brute force57

methods that require immense computational time and power in order to reach a solution [21,22].58

As the conventional metasurface design process relies on trial and error, the inefficiency of the59

numerical methods makes it considerably time-consuming for the designer, and thus, requires an60

experienced metasurface design specialist in most cases.61

In this paper, we propose and demonstrate a deep learning-based solution to overcome these62

disadvantages of conventional methods. Deep neural networks are machine learning models with63

multiple layers of computational units. These layers have non-linear activation functions, which64

make it possible for these models to extract highly non-linear relations between the input and65

output of a system. In the recent decade, many studies have been used to solve many scientific66

and engineering problems, including the prediction of the EM response of metasurfaces [23–27].67

However, these previous studies have their specific limitations. Previously, the analysis of the EM68

response of metasurfaces was focused only on the metaunits’ spectrum response. Additionally,69

they were limited to a small number of discrete metaunits. This decreases the total number70

of possible designs but makes it easier to generate a dataset and train a model. Moreover, the71

inter-coupling effects of the metastructures were generally fully omitted or confined to one axis72

of interaction only [27]. Overall, these previous studies do not provide full EM information73

for a complex and high degree-of-freedom (DOF) design that accounts for non-constrained74
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Fig. 2. (a) 3D illustration of a single nanopillar used as the metaunit. For the metaline
configuration, (b) the refractive index cross-section of an example positioning of
the nanopillars and (c) their EM near-field intensity map obtained by the numerical
simulation for the forward problem. For the triangular grid configuration, (d) the
refractive index cross-section of an example positioning of the nanopillars and (e) their
EM near-field intensity map obtained by the numerical simulation. (f) Illustration of
randomly-positioned nanopillars. (g) Illustration of circularly positioned nanopillars,
which will be used for the achromatic metalens design.

inter-coupling effects. Thus, they cannot offer a fully capable alternative for numerical solvers75

such as FDTD, for example, for the implementation of all-dielectric inter-coupled nanopillar76

fabrics.77

In this work, different than the previous literature, we introduce a multi-task deep neural78

network design to predict the complete phase map information for a high-DOF inter-coupled79

metasurface geometry (forward problem). In addition, we propose to use a single-task deep80

neural network with a similar architecture for the inverse design problem, in which the aim81

is to find the metasurface geometry from a given EM phase profile [28]. To the best of our82

knowledge, there exist no conventional tools or deep learning-based models for the solution83

of this inverse design problem, which makes our design the first to achieve such metasurface84

geometry prediction. Working with three types of metasurface design configurations, each of85

which has a different DOF (Fig. 1), our experiments revealed that the proposed neural networks86

showed high performance both for the forward and the inverse design problems.87

2. Method88

In this work, two main problems are studied: 1) the forward problem of EM near-field response89

prediction, in which the input is a cross-section map of a metasurface, and the output is an EM90

near-field intensity map and 2) the inverse design problem of metasurface geometry prediction,91

in which the input is an EM phase profile and the output is a metasurface geometry. Both of92

these prediction problems are addressed for three types of metasurface design configurations, as93

illustrated in Fig. 1, by designing deep neural networks.94

2.1. Metasurface Design Configurations95

The selected three configurations, with different DOFs, use different positioning of the fixed-size96

pillars of the same material. In our experiments, we fixed the size and the material type since one97

can achieve almost any desired phase profile by changing the positions of the pillars, and thus,98

their inter-coupling.99

In general, one may prefer metaunits that lead to devices and metasurface designs as efficient100

and broadband as possible. Although the metaunit designs that use the Panchartam-Berry phase101

approach produced promising results in recent years [29], the resulting devices suffer from low102

device efficiency and large lattice sizes in general. The lattice structures are forced to be large103

as it is mandatory to reduce inter-coupling effects between the metaunits. On the contrary,104

metalens structures that utilize the inter-coupling effects between the metaunits do not suffer105



Fig. 3. Schematic overview of the encoder and decoder architectures used in our
network designs. Each arrow corresponds to a network operation(s) distinguishable by
its color. The numbers on the top of each encoder/decoder block are the number of
feature maps used by the block. The height and width of the block’s input change with
the input image size selected for a particular configuration. Note that similar to this
illustration, our single-task design uses one decoder that uses the feature maps, which
are the outputs of the encoder (see Fig. 4). In our multi-task design, there are multiple
decoders that use the same feature maps learned by the shared encoder (see Fig. 5).

from significant lattice constraints and show great efficiency [27,30]. Despite the performance106

level of these designs, near the optimum device operating frequency, they tend to fail at providing107

the same efficiency over a broad spectrum [31]. Considering these undesired limitations, in our108

designs, we use a dielectric metaunit that has good inter-coupling and broadband efficiency over109

the 400-700 nm visible range. The 𝑇𝑖𝑂2 nanopillar optimized in Ref. [32] is adopted as our110

fundamental design block. These nanopillars have a radius of 45 nm and a height of 600 nm and111

are placed on top of a 𝑆𝑖𝑂2 substrate (Fig. 2a).112

The metaline configuration is used as a proof of concept, in which three pillars are aligned113

vertically. In other words, the simulated structure is a “metaline” that is periodic and infinite in one114

direction. In particular, the position of one pillar is fixed at the center of the cross-sectional area,115

and the other two meta pillars’ vertical distances to the center change in each input sample. The116

simulation data were collected at a wavelength of 550 nm. The resolution of a two-dimensional117

(2D) cross-sectional input image is set to 128×48 pixels. The pillars are represented on this118

input image as circles with a fixed radius. With the selected image resolution and the radius,119

this geometry of pillars ensures that the interactions between the pillars are confined to the120

vertical axis only. This reduces the problem’s complexity and DOF. In this work, we use this121

configuration to show that the inter-coupling effects between metapillars can be predicted with a122

deep neural network. An example positioning of the pillars and its EM near-field intensity map123

obtained by simulation are illustrated in Figs. 2b and 2c, respectively.124

In the triangular grid configuration, the pillars are randomly placed on a triangular grid,125

which limits the number of places that a pillar can be located (see Fig. S1). The lattice spacing is126

set to 5 nm, which is small enough to induce the coupling of the pillars from every direction. The127

coupling interactions between the pillars are, therefore, not restricted to one axis but effective128

in all directions. Likewise, the simulation data were collected at a wavelength of 550 nm. In129

this configuration, the input image size is fixed as 128×128. As a result of this fixed size, the130

number of randomly-located metapillars changes from one sample to another (in our experiments,131

this number varies from 10 to 27 due to the packing limit). Note that this configuration has132

the limitation of having a fixed total area, which will be relaxed in the next configuration. An133

example pillar positioning and its simulated map are given in Figs. 2d and 2e, respectively.134

The random pillar configuration is used for the case where there are no constraints on the135



number or position of the pillars and on the total simulation area. The random positioning of136

the pillars is illustrated in Fig. 2f. This configuration simulates the case where an arbitrarily137

large simulation area is chosen to calculate its EM near-field response. In our experiments,138

metapillars are randomly located across a simulation area of 2048×2048 pixels. This results in139

an average of 2950.7 ± 13.8 pillars in each simulation. Here it is worth noting that, although we140

fixed this simulation area in the experiments, our neural network design provides a generic and141

computationally feasible solution that can be applied to an arbitrarily selected area (please see142

Sec. 3.2 for the details). Furthermore, to show the applicability of this solution on different and143

multiple frequencies, for this configuration, we collected the simulation data at seven spectral144

points in the range of 400 and 700 nm; these points are equally spaced in the frequency domain.145

To solve this problem numerically with FDTD, the computational time may take prohibitively146

long for large simulation areas [33], making the simulation infeasible. On the other hand,147

the proposed neural network solution works much more efficiently, even for large areas. To148

demonstrate large-area simulation in a real-world application, the neural network trained for the149

random pillar configuration is transferred and fine-tuned to design an achromatic metalens [32],150

which is shown in Fig. 2g. With the selected pillar radius, this achromatic metalens design covers151

a simulation area of 1410×1410 pixels, different than the simulation area previously selected for152

the random pillar configuration. Nevertheless, the proposed approach is applicable.153

2.2. Deep Neural Network Designs154

This work uses deep neural networks with the U-Net architecture, which is a very well-known155

model in the field of computer vision [34]. This architecture is an encoder-decoder network, where156

the encoder accepts an image (a 2D map) as its input and the decoder generates another image that157

has the same resolution as the input image. In the forward problem, the input image is a binary158

map specifying the metasurface geometry. To acquire the input, refractive index cross-section159

maps just above the substrate are converted to binary maps to represent the metasurface. In these160

binary maps, the space (pixel positions) occupied by the pillars is represented with 1 (white), and161

the empty space (filled with air) is represented with 0 (black). The output of the forward problem162

is the EM near-field response, which is considered as a six-channel image containing the real and163

imaginary parts of the three Cartesian components of the vectorial electric field; i.e., Re(𝐸𝑥),164

Im(𝐸𝑥), Re(𝐸𝑦), Im(𝐸𝑦), Re(𝐸𝑧), and Im(𝐸𝑧). For the inverse design problem, the inputs and165

the outputs are the opposite of the forward problem.166

In order for the encoder-decoder network to generate (predict) an output from a given input,167

the encoder path extracts features directly on the input using a series of convolutional and pooling168

(downsampling) layers. The decoder path then constructs the output map from the extracted169

features by upsampling and convoluting them in consecutive layers. In the U-Net architecture, long-170

skip connections (concatenation operations) are added between the corresponding intermediate171

layers of the encoder and decoder paths to preserve details in this output construction. The172

schematic overview of the encoder and decoder architecture used in our network designs is173

sketched in Fig. 3.174

In our designs, the encoder path includes five consecutive blocks of two convolutions and175

one max pooling, whereas the decoder path consists of five consecutive blocks of upsampling,176

concatenation, and two convolutions. All convolutions use 3×3 filters and are followed by the177

rectified linear unit (ReLU) activation function. The dropout layer, with a factor of 0.2, is added178

after the first convolution to prevent overfitting. The pooling/upsampling layers use 2×2 filters.179

The number of feature maps used by the first encoder block is 32. This number is doubled after180

each pooling layer and halved after each upsampling layer. The block number is selected as five181

since it yields a sufficient field of view to extract coupling information between the pillars with182

the selected filter sizes and the image resolution. Note that this is one of the typical architectures183

used by the U-Net based models [34].184



Fig. 4. For the triangular grid configuration, the single-task neural network is designed
for the inverse design problem. Similar single-task networks are used for the metaline
and random pillar configurations.

In this work, we propose two neural network designs. The first one is a single-task network for185

the inverse design problem. This network has one encoder and one decoder since one-channel186

output map, representing the metasurface geometry, is estimated from multi-channel input maps,187

representing the Cartesian components in an EM phase profile (Fig. 4). The second one is a188

multi-task network designed for the forward problem to predict the real and imaginary parts of189

the Cartesian components of the EM near-field intensity map from the metasurface geometry.190

This network includes one shared encoder path and six decoder paths, one for predicting each191

real or imaginary part (Fig. 5). Here we use a multi-task network since the multi-task learning192

paradigm is known as an effective means to predict different but related tasks. Learning multiple193

tasks from a single shared encoder decreases the likelihood of overfitting since this requires194

learning a shared representation that works adequately well for all the tasks [35].195

The networks were designed and trained in Python using the Tensorflow framework. The196

network weights were optimized by backpropagation that used the categorical cross-entropy and197

mean squared error loss functions for the single-task and multi-task networks, respectively. The198

AdaDelta optimizer was used to adaptively adjust the learning rate. The training was performed199

on a GPU (GeForce RTX 2080). For the aforementioned three configurations, the training,200

validation, and test datasets were generated using the Lumerical FDTD solver. Refractive201

index monitors and frequency domain field monitors were used in the simulations to obtain the202

input-output pairs (see Table S1 and Fig. S2 for more training and data collection details).203

3. Results204

This section provides configuration-specific details of the network designs, separately for the205

forward and the inverse design problem. Besides, it presents quantitative and visual results206

obtained for each configuration.207



Fig. 5. For the triangular grid configuration, the multi-task neural network is designed
for the forward problem. Similar multi-task networks are used for the metaline and
random pillar configurations.

3.1. Forward Problem for Metaline and Triangular Grid Configurations208

The multi-task network design illustrated in Fig 5 was used to predict six-channel EM near-field209

response from metasurface geometry input maps. Subsequently, these six channels were used to210

calculate the corresponding EM near-field intensity map. Visual results obtained by the proposed211

network on three exemplary test set samples are illustrated in Figs. 6a-6c and Figs. 6d-6f for212

the metaline and triangular grid configurations, respectively. Additionally, for each sample, the213

mean squared error (MSE) was calculated between the EM near-field intensity (or irradiance)214

maps obtained by simulation and predicted by the proposed multi-task network. As the unit215

of irradiance is 𝑊/𝑚2, the MSE values are given in the unit of 𝑊2/𝑚4. For the metaline and216

triangular grid configurations, the MSEs averaged over test set samples were 1.29e-03±0.12e-03217

and 5.76e-07±0.02e-07, respectively. These low MSEs indicated that the maps were predicted218

quite accurately, as also supported by the visual results.219

3.2. Forward Problem for Random Pillar Configuration220

The random pillar configuration allows using an arbitrarily selected area and collecting simulated221

data at an arbitrary number of spectral points. Thus, we make two modifications to the network222

design and its use.223

First, the previous configurations were simulated for a single spectral point at a particular224

wavelength. Thus, we designed a multi-task network with six decoders, each of which predicted225

a real or an imaginary part of the Cartesian components of the EM near-field response. On the226

other hand, the random pillar configuration allows to simulate data at N different spectral points,227

which necessitates training 6×N decoders at the same time. In our design, this number would be228

42 for the selected seven spectral points. This would correspond to simultaneously optimizing229

the weights of a larger network, which required more training data and demanded more powerful230



(a) (b) (c) (d) (e) (f)

Fig. 6. For the metaline and triangular grid configurations, visual results obtained on
exemplary test set samples. For the metaline configuration, (a) metasurface geometry
maps and EM near-field intensity maps (b) obtained by simulation and (c) predicted by
the proposed multi-task network for the forward problem. The mean squared errors for
these three samples were 1.3e-03, 2.1e-03, and 2.4e-03, respectively. For the triangular
configuration, (a) metasurface geometry maps and EM near-field intensity maps (b)
obtained by simulation and (c) predicted by the proposed multi-task network for the
forward problem. The mean squared errors for these three samples were 5.8e-07,
2.5e-06, and 1.6e-06, respectively.

processors and larger memory resources. As a result, at some point, simultaneous training of all231

these decoders would become infeasible. To alleviate this problem, we used six independently232

trained multi-task networks, one for a real or an imaginary part of one Cartesian component of233

the EM near-field response. Each network has one encoder and multiple decoders, as given in234

Fig. 5. But this time, each decoder predicts a response obtained for one of the seven spectral235

points (see Fig. S3). The encoder and decoder architectures of these networks are the same as236

those given in Fig. 3.237

The second modification was to handle arbitrarily selected large simulation areas. To this end,238

we designed all networks to take 256×256 input tiles that were cropped out of a metasurface239

geometry map. Networks were trained on the tiles randomly cropped out of the training samples.240

Then, to predict the EM near-field intensity map of a test sample, we estimated the maps for241

overlapping tiles and averaged all predictions estimated for the same pixel. The overlapping tiles242

were obtained by sliding a window over the map with an increment of 64 pixels (Fig. 7) In our243

experiments, we only considered the predictions in the middle 128×128 section of each window.244

We made this choice as well as selected the tile size as 256 considering the inter-coupling effects245

between the pillars (see Sec. 3.3 for details). The increment size of 64 was small enough to246



Fig. 7. An illustration of estimating EM near-field and far-field responses in the random
pillar configuration by the sliding window approach.

make multiple predictions for the same pixel, but at the same time, large enough to cause only247

negligible speed-down in the computational time.248

In addition to analyzing the performance of our network on predicting EM near-field responses,249

we examined its effects on EM far-field response projections. To do so, we separately calculated250

the far-field response of the simulated and the predicted near-field response, using the Fresnel251

approximation, and compared these far-field responses visually and quantitatively. Note that one252

can calculate the EM far-field response by taking the convolution of the EM near-field response253

with the free space transfer function [36]. However, the analytical convolution integral makes254

calculations almost impossible for many cases except for the most simple diffraction geometries,255

and hence, one needs approximations. Also note that, in our experiments, we used the Fresnel256

approximation (see Fig. S4 and the explanation below it for more details) as it is one of the257

approximations that can be used in most cases but also contains fewer assumptions compared to258

the others [37].259

As aforementioned, for the random pillar configuration, data were simulated at seven spectral260

points, which were again equally spaced in the frequency domain, corresponding to the spectral261

range of 400-700 nm. For each spectral point, the mean squared error (MSE) between the262

maps obtained by simulation and predicted by the proposed multi-task neural network was263

calculated. Table 1 reports the average MSE calculated on the test set samples for each spectral264

point separately. As seen in this table, the errors were acceptably low, which also led to accurate265

visual results. For an example spectral point (with 535.3 THz frequency corresponding to 560266

nm wavelength), the visual results obtained on an exemplary test sample are given in Fig. 8. The267

visual results (EM near-field and far-field intensity maps obtained by simulation and prediction)268

on the same test sample for the other spectral points can be found in Fig. S5.269

For EM near-field intensity maps, it is quite important to predict the regions with localized270

electric field responses. In order to understand the effectiveness of our networks in predicting271

such peaks, we conducted an additional experiment: First, we compared the responses of the272

simulated and predicted EM near-field maps against a threshold and identified peak regions in273

each map as the pixels with responses greater than this threshold. Then, the overlapping peak274

regions in the simulated and predicted maps were considered as true positives and the precision,275

recall, and f-score metrics were calculated for quantitative evaluation. The visual and quantitative276

results of this experiment are shown in Fig. S6 and Table S2. These results indicated that our277
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Fig. 8. (a) An example of the refractive index cross-section of randomly-positioned
nanopillars. (b) Its EM near-field intensity map obtained by simulation. (c) The EM
far-field intensity map calculated from the simulated EM near-field intensity map using
the Fresnel approximation. (d) The refractive index cross-section estimated from the
EM near-field response by the proposed single-task network for the inverse design
problem. Here two red circles indicate the position of the missed pillar positions in this
estimation. (e) The EM near-field intensity map predicted by the proposed multi-task
network. (f) The EM far-field intensity map calculated from the predicted EM near-field
intensity map using the Fresnel approximation. Please note that near-field intensity
maps are shown using the parula colormap whereas far-field intensity maps are shown
using the jet colormap for better visualization.



Table 1. For the random pillar configuration, the mean squared error (MSE) for the
prediction of EM near-field and far-field intensity maps at different frequencies. These
results were the average MSEs obtained on the test set samples.

Frequency Wavelength Near-field Far-field

(THz) (nm) (MSE) (MSE)

428.3 700 5.0e-08 4.6e-06

481.8 622 8.0e-08 3.9e-06

535.3 560 1.8e-07 1.5e-07

588.9 509 2.0e-07 6.5e-07

642.4 467 4.3e-07 4.2e-10

695.9 430 4.7e-07 3.2e-07

749.5 400 5.6e-07 5.2e-08

networks were able to detect the peak regions with high accuracy, leading to f-scores greater than278

77.00 percent for the first six frequencies. For the seventh one, the f-score was 73.78 percent. We279

repeated this experiment for the EM far-field intensity prediction and its results are also reported280

in SI.281

3.3. Analysis of Tile Size Selection282

The electric field above a pillar is not determined by that pillar alone but also by pillars in its283

specified proximity (neighborhood) due to the intercoupling effect. In our experiments, we284

selected the tile size, considering this intercoupling effect, as follows:285

First, for each pillar 𝑝, the first k-th neighborhood was determined by constructing a graph on286

all pillars and visiting the other pillars starting from pillar 𝑝 by the breadth-first traversal. This287

graph was constructed considering all pillars as vertices and assigning graph edges between the288

pillars by Delaunay triangulation [38], which is a common way of constructing a planar graph.289

For an example refractive index cross-section map, red lines in Fig. 9b correspond to the edges290

of a graph constructed on the pillars shown in Fig. 9a by Delaunay triangulation. Two pillars291

(vertices) are called as immediate neighbors if they are the end points of the same triangle edge.292

The k-th order neighbors of pillar 𝑝 are defined as the pillars that are visited in the k-th hop of the293

breadth-first traversal starting from 𝑝 (in other words, the pillars that are k edges far away from294

pillar 𝑝). The k-th order neighbors of a selected pillar are illustrated in Fig. 9c.295

Then, the tile size was determined using an iterative method. At the beginning, a pillar296

was selected as the center, all other pillars were removed, and an FDTD simulation was run.297

The method would stop if the error between this simulation and the full simulation, containing298

thousands of pillars, was small enough. Otherwise, the pillars in the next neighborhood were299

also included, another FDTD simulation was run, and the error margin was calculated. In our300

experiments, we observed that the deviation from the full simulation was less than 1 percent301

after including the fourth-order neighbors (Fig. S7). Thus, we selected the tile size as 256×256302

that was adequately covers pillars in the fourth- to fifth-order neighborhood. Additionally, for303

pillars located towards the edges of a tile, this neighborhood information is not available in every304

direction. In order not to be negatively affected from such incomplete information, we decided305



(a) (b) (c)

Fig. 9. Illustration of determining the k-th neighborhood of a pillar. (a) Refractive index
cross-section map of randomly-placed pillars. (b) Graph edges (red lines) assigned by
Delaunay triangulation on the given pillars. (c) For the pillar indicated with red, the
k-th order neighbors determined by the breadth-first traversal on the graph.

(a) (b) (c) (d)

Fig. 10. For the metaline configuration, visual results obtained for the inverse design
problem. For an exemplary test set sample, (a) the original simulation design and (b)
the inverse design prediction. For another sample that was used to understand the
robustness of the network, (c) the original simulation design and (d) the inverse design
prediction.

to use only the predictions in the middle 128×128 section of each tile. Note that the selection306

of only the middle section would not cause incomplete predictions as the tiles were cropped by307

sliding windows with an increment of 64 pixels.308

3.4. Inverse Design Problem for Metaline and Triangular Grid Configurations309

The single-task network design illustrated in Fig. 4 was used to predict the metasurface geometry310

from the EM near-field intensity maps. The experiments revealed that the predictions were quite311

successful for both configurations. For the metaline and triangular grid configuration, the visual312

result predicted by the proposed network on an exemplary test set sample is depicted in Figs. 10313

and 11, respectively, together with the original simulation design that was used to create the EM314

near-field monitor data, which were the network inputs for this prediction. As also seen in these315

figures, a near-perfect prediction performance was achieved. Additionally, we designed a specific316

test for the metaline configuration to understand the robustness of its network on the positioning317

of the three pillars. This test aimed to investigate the performance of the geometry prediction318

when the three pillars were arbitrarily located. Fig. 10c shows such a test sample, which is much319



(a) (b)

Fig. 11. For the triangular grid, (a) the original simulation design of an exemplary test
set sample and (b) its inverse design prediction.

Table 2. For the inverse design prediction in the random pillar configuration, the
precision, recall, and f-score percentages obtained on the test set samples.

Precision Recall F-score

Sample 1 (Fig. 8) 98.90 99.08 98.99

Sample 2 (Fig. S8) 99.01 99.14 99.07

Sample 3 (Fig. S8) 98.87 99.01 98.94

Sample 4 (Fig. S8) 99.11 99.04 99.08

Sample 5 (Fig. S8) 99.29 99.42 99.35

more complex that the training set samples that allow only one-dimensional pillar positioning.320

As seen in Fig. 10d, the network successfully generalized learned interactions between pillars on321

even such arbitrarily located pillars.322

3.5. Inverse Design Problem for Random Pillar Configuration323

The single-task network was tested on five test set samples. The original simulation design324

and the prediction are given in Fig. 8 for the first sample, and in Fig. S8 for the others. For325

quantitative assessment, first, the number of true positive (TP) pillars was calculated comparing326

the pillars 𝑃 that were predicted by the network with the pillars 𝑆 in the original simulation327

design. A predicted pillar 𝑝𝑖 ∈ 𝑃 is true positive if its centroid was found inside 𝑠 𝑗 ∈ 𝑆 and if328

there exist no other predicted pillars whose centroids were found inside the same pillar 𝑠 𝑗 . Then,329

the precision=TP/|𝑃 |, recall=TP/|𝑆 |, and f-score metrics were calculated. The f-score metric is330

the harmonic mean of precision and recall. Table 2 reports these metrics for each test set sample331

separately. This table revealed that the inverse design prediction gave near-perfect performance332

scores.333

3.6. Verification on Achromatic Lens Design334

To assess the applicability of the proposed network designs on a real-world application, we335

conducted experiments on a specific achromatic metalens design given in [32], which consists of336



(a) (b) (c)

(d) (e) (f)

Fig. 12. (a) Refractive index cross-section of a circular achromatic metalens. (b)
Its EM near-field intensity map obtained by simulation. (c) EM far-field intensity
map calculated from the simulated EM near-field intensity map. (d) Refractive index
cross-section estimated from the EM near-field response by the proposed single-task
network for the inverse design problem. Here predictions are indicated as red circles
and the boundaries of pillars in the original design, shown in (a), are indicated as white
for comparison. (e) EM near-field intensity map predicted by the proposed multi-task
network. (f) EM far-field intensity map calculated from the predicted EM near-field
intensity map.

a periodically structured metasurface configuration (Fig. 12). To better predict the EM near-field337

intensity map from this specific geometry, we transferred the weights of the neural network338

pretrained for the random pillar configuration and fine-tuned these weights on new samples that339

also contained periodic and dense nanopillar structures. Next, the newly trained network was340

used to predict the EM near-field intensity map for the achromatic metalens design. This transfer341

learning is illustrated in Fig. 13. Here it is important to note that the new training samples were342

not cropped from any part of the achromatic metalens design but from synthetically generated343

structures containing pillars on a regular grid (one example is shown in Fig. 13). As a result,344

there existed no bias in the training samples towards overfitting this achromatic metalens design.345

For the achromatic metalens design displayed in Fig. 12a, the full EM near-field intensity maps346

obtained by simulation and predicted by the proposed neural network are illustrated in Figs. 12b347

and 12e, respectively. The MSE between these maps was 4.23e-07. The main assumptions of the348

Fresnel approximation were not satisfied for this particular application, and thus, another approach349

was necessary to calculate the far-field projections. To this end, we used the “farfieldexact3d”350

script method, available in the Lumerical FDTD solver [39], as follows. The predictions were fed351

to the FDTD environment again and labeled as near-field DFT monitor information. Then, the352

“farfieldexact3d” script method was called to calculate the EM far-field response at the desired353



Fig. 13. Illustration of transfer learning for achromatic metalens design prediction.

points on the 3D space. The same script method was utilized for the simulation data as well,354

and the EM far-field intensity maps found by the same procedure are compared. These maps355

are illustrated in Figs. 12c and 12f, for the simulation and prediction, respectively. The MSE356

between these far-field maps was 1.14e-07.357

Finally, we tested our inverse design prediction network on this achromatic metalens design.358

One predicted metasurface geometry map is shown in Fig. 12d. However, since inverse designs are359

not unique for the metasurface design process (i.e., since one can achieve the same EM response360

with different designs theoretically), we trained and tested multiple models. In Figs. 14a-14c,361

three different inverse designs (corresponding to three separate models) predicted for the same362

achromatic lens were illustrated. In all these three visuals, the first eight concentric circles were363

predicted at the same location as the pillars in the original design. However, the ninth layer was364

not predicted in any of these three runs; the inside of this missing layer turned out to be different365

for different runs.366

The EM far-field response at the focal plane of a circular lens is more important compared to the367

EM near-field response. Thus, all these three inverse models were simulated with the Lumerical368

FDTD solver to determine their EM near-field and far-field responses and the calculated EM369

far-field responses are presented in Figs. 14e-14g. The EM far-field intensity map of the original370

design is also given in Fig. 14d for comparison. As seen in these visuals, intensity distributions371

of the EM far-field responses were almost identical while focusing efficiency in the predictions372

was slightly lower than the original design. This might be attributed to the following: In a neural373

network design, it is very common to normalize the input data to enhance network learning. Thus,374

we followed the same approach in our experiments and trained the network on the normalized375

EM near-field responses. This normalization, however, did not take into consideration the impact376

of free-space propagation in a circular design on the EM near-field intensity predictions. Despite377

this limitation, the EM far-field responses across all three inverse designs displayed similar378

characteristics, regardless of their focusing efficiency differences.379

4. Discussion and Conclusion380

Our experiments revealed that encoder-decoder networks, with the U-Net architecture, proved381

to predict EM near-field responses and design metasurface configurations. Additionally, they382

showed to possess several advantages over iterative numerical methods as well as the other383

neural networks designed for similar tasks. First, the proposed network designs reduced the384

required computational time compared to the iterative numerical methods, which had to perform a385

complicated, computationally demanding, and time-consuming simulation for each EM near-field386

response. On the other hand, predicting these responses by a trained neural network was387

faster. Note that even though the network training could take more time, this training should be388

undertaken only once and it could be used for many predictions without further training.389

Second, compared to the previous neural networks implemented for metasurface design, our390

proposal of using an encoder-decoder network enabled to predict the full EM near-field intensity391



Fig. 14. (a)-(c) Three inverse designs predicted by three separately trained networks for
the same achromatic lens. (d) EM far-field intensity map calculated for the original
design. (e)-(g) EM far-field responses obtained by simulating the predicted inverse
designs, shown in (a)-(c), with the Lumerical FDTD solver.

map rather than just analyzing the transmission spectra, which only focus on one parameter.392

Thus, our proposal provided a full EM simulation result that could be analyzed and processed393

further. Third, our proposed encoder-decoder network design facilitated a systematic prediction394

of a metasurface pillar geometry, namely the inverse design problem. The traditional simulation395

tools and methods did not provide a direct inverse design prediction and relied heavily on the396

trial-and-error approach. Consequently, our innovative design strategy of directly mapping a397

corresponding EM near-field response to the metasurface design holds immense potential to398

revolutionize the design approach. Additionally, the inverse solution did not set any constraints399

on the total number and location of metaunits as well as the total simulation area. On the other400

hand, such constraints existed in previous studies for the inverse design of metasurfaces.401

In summary, this work introduced a novel deep learning approach for predicting the full402

EM near-field response of metasurfaces. It provided a complete solution for EM near-field403

responses, making it the first account of deep-learning approach in the literature to achieve this404

task. Moreover, this approach offered a solution for the inverse design problem, which aims to405

find the metasurface geometry from the corresponding EM near-field response, for the first time.406

The proposed approaches were faster and computationally less demanding than the traditional407

methods. Moreover, the type of the device, the operating frequency range, and the type of design408

geometry do not primarily affect the performance of our approach. Therefore, it is possible to409

apply the proposed approach in analyzing and designing different electromagnetic and photonic410

devices. One can explore these possibilities as future work.411
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