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Abstract

Metasurfaces have widespread applications in fifth-generation (5G) microwave communication.
Among the metasurface family, free-form metasurfaces excel in achieving intricate spectral re-
sponses compared to regular-shape counterparts. However, conventional numerical methods for
free-form metasurfaces are time-consuming and demand specialized expertise. Alternatively,
recent studies demonstrate that deep learning has great potential to accelerate and refine meta-
surface designs. Here, we present XGAN, an extended generative adversarial network (GAN)
with a surrogate for high-quality free-form metasurface designs. The proposed surrogate pro-
vides a physical constraint to XGAN so that XGAN can accurately generate metasurfaces mono-
lithically from input spectral responses. In comparative experiments involving 20000 free-form
metasurface designs, XGAN achieves 0.9734 average accuracy and is 500 times faster than the
conventional methodology. This method facilitates the metasurface library building for specific
spectral responses and can be extended to various inverse design problems, including optical
metamaterials, nanophotonic devices, and drug discovery.

Keywords: Fifth-generation (5G), free-form metasurfaces, generative adversarial network
(GAN), surrogate, inverse design.

1. Introduction1

This Metasurfaces, as the two-dimensional (2D) counterparts of metamaterials, enable the2

manipulation of electromagnetic (EM) behaviors, such as phases, amplitudes, and polarization3

of reflected/transmitted waves in space [1, 2, 3]. With the advent of fifth-generation (5G) wireless4

communication, metasurfaces have garnered considerable scientific and engineering interest due5

to the advantages of planar profile, easy integration, and low loss [4]. The concept of “digital6
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metamaterials” allowed for the coding of metasurfaces to achieve different EM responses [5, 6].7

The conventional metasurface design involves three steps: determining metasurface patterns by8

a metamaterial specialist, achieving the EM responses of patterns with the aid of full-wave EM9

simulators, and selecting the metasurface with desired EM responses. Nevertheless, the pattern10

design requires the expertise of a specialist. Moreover, the metasurface selection relies on trial11

and error [7], requiring tremendous iterative EM simulations to achieve a metasurface with a12

satisfactory spectral response. Consequently, there is a pressing need to quickly predict the EM13

responses of various digital patterns to facilitate rapid metasurfaces design [8, 9].14

Deep learning [10] has replaced a lot of manual work in metasurface design, such as meta-15

surface coding [11] and real-time response simulation [12]. The metasurface design involves16

forward modeling and inverse design [13, 14]. Forward modeling, also known as surrogate mod-17

eling, predicts EM response without EM simulation by using structural patterns as input [15, 16].18

On the other hand, inverse design quickly produces structural patterns with the input of EM re-19

sponse [17, 18]. This on-demand design method overcomes the limitations of traditional meth-20

ods, which are generally time-consuming, inefficient, and experience-dependent. Each meta-21

surface design exhibits a different degree of freedom (DOF), comprising input DOF, parameter22

DOF, and output DOF [19]. Our study focuses on the parameter DOF, as it aims to control the23

geometric parameters of complex metasurface structures to realize desired EM responses. Liu et24

al. [20] introduced deep learning as a substitute to solve the inverse design problem in photonics25

and optics, particularly for structure designs with high parameter DOF that are too intricate for26

traditional methods to handle. Deep learning models for inverse design can be categorized into27

discriminative models and generative models. Discriminative models capture the relationship be-28

tween structural patterns and optical responses, but cannot perfectly map an optical response to29

a unique set of design parameters due to multiple configurations of patterns corresponding to the30

same response. Thus, discriminative models are suitable for low DOF structure designs and can31

be implemented with fundamental network architectures such as fully convolutional networks32

(FCN) [21, 22] or convolutional neural networks (CNN) [23, 24]. As DOF continues growing33

to thousands and more, generative models become useful in reducing the design’s dimensional-34

ity and seeking relationships between structural patterns and optical responses for optimization.35

Generative adversarial networks (GANs) [25, 26] and variational autoencoders (VAEs) [27] are36

two commonly used deep generative models that capture the distribution of high-dimensional37

data and represent it in a reduced-dimensional latent space. The generative models can be jointly38

leveraged with discriminative models and optimization algorithms to accelerate the design pro-39

cess and locate global optimal solutions.40

Some studies have demonstrated the efficacy of using deep learning for synthesizing meta-41

surfaces with extra parameter DOF. Liu et al. [28] employed a GAN to produce patterns with42

arbitrary topology for desired input responses. They focused on the basic shapes of binary im-43

ages, including the classes of L-shape, circle, arc, square, rectangle, ellipse, and sector. Ma et44

al. [29] utilized VAEs to encode metamaterial patterns and optical responses into a shared latent45

space, allowing for the automatic clustering of similar patterns and responses. Candidate patterns46

were generated by sampling the latent space given requirements in the decoding process. Naseri47

and Hum [30] used a VAE to encode multilayer EM metasurfaces into latent vectors, which were48

searched using particle swarm optimization (PSO) [31] to find an optimum feature that closely49

matched the desired transmission coefficient. The obtained feature was then decoded by the VAE50

to obtain the metasurface design. An et al. [32] presented a GAN that generated metasurfaces51

to meet multifunctional design goals, producing free-form structures in a single design iteration52

instead of using iterative optimization. Dai et al. [33] combined a GAN with a CNN-based53
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forward model, to design free-form patterns with binary images, which could ensure that the54

spectral responses of generated patterns resembled the given input ones.55

Although these deep learning-assisted metasurface design methods emerge in the past few56

years, there exist the following limitations to be resolved. Firstly, most networks tackle some57

simple typical geometries with limited parameter DOF, such as square [28], H-shape [29], and58

circle [34]. These simple geometries impose constraints on the capacity of metasurfaces to ef-59

fectively produce desired responses [35]. Therefore, the generation of free-form geometries is60

necessary for providing high parameter DOF. Secondly, some networks produce metasurface61

designs that are memorized rather than generating novel solutions by learning the underlying62

design principles. Inverse design, as a one-to-many problem, can result in multiple patterns cor-63

responding to a specific response. Thirdly, based on research by Yla-Oijala et al. [36], achieving64

calculation convergence for the vertex-to-vertex structure in binary matrices requires a large con-65

dition number. However, existing networks often have insufficient condition parameters, leading66

to numerical calculation uncertainty.67

To address the above limitations, we conceptually propose an extended generative adversar-68

ial network guided by a pretrained surrogate, called XGAN. This network leverages a GAN for69

automatically designing free-form metasurface patterns that possess desired spectral responses.70

We also design a ternary coding strategy to mitigate the impact of vertex-to-vertex structure71

on calculation convergence. We treat the surrogate modeling as a 2D image encoding process72

that produces 1D features. To address this challenge, we draw inspiration from the contrastive73

language-image pretraining (CLIP) [37], which has demonstrated impressive performance in74

image-to-text mapping tasks by effectively leveraging large-scale, unstructured data. Although75

CLIP primarily focuses on aligning visual and textual representations, the ability of its image76

encoder to capture the semantics of unstructured data can be adapted to improve metasurface77

design tasks. We adopt a modified ResNet [38] with a multi-head attention model [39] to build78

the model, which is referred to as forward-ResNet (F-ResNet). We train the F-ResNet along-79

side a GAN to generate free-form ternary metasurface patterns capable of manipulating giga-80

hertz (GHz) waves, which helps mitigate non-uniqueness issues in metasurface inverse designs.81

With GAN’s rapid sampling capability, our XGAN model is competent to generate a thousand82

independent patterns in a second, with an accuracy of 0.9734. In this study, we developed eval-83

uation metrics to assess XGAN, namely model fitting metrics. Our comparative analysis shows84

that XGAN is exceptionally effective for metasurface inverse designs. Generating high-quality85

patterns that match desired responses is crucial in fields like optics, electronics, and materials86

science, especially in the context of 5G millimeter-wave chip integration regarding frequency-87

selective performance. XGAN holds tremendous potential to significantly impact these fields by88

delivering high-quality, easy-to-manufactured high-DOF metasurface variants.89

The contributions of this work are summarized as follows.90

1) Pioneer the use of image-to-text encoders to create a surrogate model capable of predicting91

the 1D spectral responses of 2D metasurface patterns.92

2) Innovatively leverage deep learning techniques to design ternary metasurface patterns, effec-93

tively mitigating the challenges posed by vertex-to-vertex structures and enhancing calcula-94

tion convergence.95

3) Design the surrogate model F-ResNet, which outperforms other CNN-based methods, offer-96

ing precise response predictions and maintaining adherence to essential physical constraints97

during the tuning of XGAN.98

4) Propose the XGAN inverse model, which achieves a remarkable 500-fold speed improve-99
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ment over traditional optimization methods like simulated annealing (SA). XGAN produces100

high-quality metasurface patterns that precisely match the desired spectral responses, when101

compared to alternative deep learning-based inverse models.102

5) XGAN can create new solutions based on learned design principles, overcoming the draw-103

back of tandem networks that rely on memorized metasurface designs.104

We start the rest of this paper by first reviewing the related work in Section 2. Then, the105

methodology of XGAN is elaborated in Section 3. Comparative experiments and evaluation106

results are presented in Section 4.107

2. Related Work108

2.1. Metasurface Inverse Design109

The inverse problem of deducing the geometric structure of a metasurface from a desired110

spectral response, is not easy to solve [15]. First, when a designer specifies a particular spectral111

response, it may not always be feasible to find metasurface patterns capable of achieving this re-112

sponse. Second, there is the one-to-many mapping problem [40, 41], meaning that many highly113

dissimilar geometric structures can yield remarkably similar spectral responses. Therefore, for a114

given set of desired spectral responses, there isn’t a unique solution, but rather multiple feasible115

metasurface designs that can achieve the same goal. This challenge arises because metasurfaces116

with different geometric structures can be designed by various sets of physical parameters. An117

ideal solution to this inverse problem should address two critical aspects: (i) ascertain the exis-118

tence of any valid solution and (ii) provide a set of designs that best approximate the specified119

response. Naseri et al. [42] utilized a response prediction tool to serve as a surrogate mod-120

els in the analysis and optimization of non-uniform metasurfaces. The integration of machine121

learning-based surrogate models with inverse models offers a promising solution to the one-to-122

many inverse design problem [16].123

2.2. Image-to-Text Mapping: CLIP124

An image-to-text encoder [43] is a type of neural network or model that takes an image as125

input and converts it into a textual representation or embedding. This technology is often used in126

the field of computer vision and natural language processing to bridge the gap between visual and127

textual information. It allows computers to understand and process images in a way that’s more128

compatible with natural language processing. Applications of image-to-text encoders include: 1)129

Image Captioning: Generating natural language descriptions for images [44]. 2) Image Retrieval:130

Searching for images using textual queries [45]. 3) Object Recognition: Identifying objects131

and their attributes in images [46]. 4) Visual Question Answering: Answering questions about132

images with natural language responses [47]. 5) Scene Understanding: Describing the scene,133

context, and relationships in an image using text [48]. Prominent models that perform image-134

to-text encoding include CLIP, where both images and text are processed in a shared model to135

understand their relationships. These models have wide-ranging applications in fields like image136

classification, image generation from textual descriptions, recommendation systems, and more.137

Although deep learning methods have been adopted in the area of metasurface design, to138

our knowledge, no researchers have attempted to employ image-to-text transformation in meta-139

surface inverse design. As a spectral response can be regarded as a special language or text to140

describe a metasurface pattern, we will demonstrate that image-to-text approach can be used to141

automatically realize the response prediction for a given metasurface pattern.142
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3. Methodology143

3.1. Overview144

There are two components in the metasurface design framework: one is the surrogate model145

(F-ResNet) that predict spectral responses from metasurface patterns, and the other is the inverse146

model (XGAN) that automatically generates patterns with desired spectral responses.147

3.2. Surrogate Model: F-ResNet148

Figure 1: The network of the forward/surrogate model F-ResNet.

The framework of F-ResNet is depicted in Figure 1. We approach the forward processing as a149

1D feature extraction task applied to a 2D image. Our forward model utilizes the image encoder150

from CLIP, which converts images into high-dimensional vector representations. The primary151

distinction between our work and the problems addressed by CLIP lies in the application domain152

and the specific task objectives. While CLIP is designed for aligning visual and textual repre-153

sentations in image-to-text tasks, our work focuses on leveraging its image encoding capabilities154

in the metasurface design task. Rather than directly applying CLIP to solve the same problems155

it was designed for, we leverage its image encoder as the foundation of our surrogate model.156

Specifically, we exploit the image encoder’s ability to encode the semantics of unstructured data,157

such as metasurface patterns, and represent them as responses. This specific adaptation and ap-158

plication of its image encoder distinguish our approach from the problems traditionally addressed159

by CLIP.160

The first step in our model is to employ ResNet50, a widely used CNN, to extract a feature161

map from the input image. This feature map captures high-level visual information, and then we162

flatten the feature map via linear projection. To generate the class embedding vector, we compute163

the mean of the flattened feature map. This process contributes to the improvement in model un-164

derstanding of the image content and category. To provide positional information, we introduce a165

learnable 1D position embedding vector. This position embedding is concatenated with the class166

embedding as a new feature vector, enabling the model to capture spatial relationships within the167

image. Next, we pass the augmented feature vector through a multi-head attention model with 16168

heads. This attention mechanism enhances the model’s capability to encode complex sequences169
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and capture semantic representations. Each attention head simultaneously attends to every part170

of the feature map, allowing for comprehensive and fine-grained analysis. Ultimately, the output171

of the surrogate model is considered as the extracted image feature, which serves as the response172

for the input image. This surrogate model works as a EM simulator, enabling us to accelerate the173

prediction of EM responses. Figure 1 provides a visual representation of the architecture of our174

surrogate model. During training, the loss function of our F-ResNet employs L1 loss:175

L f orward(c, c′) = L1(c, c′) (1)

where c and c′ represent the desired response and the generated response.176

3.3. Inverse Model: XGAN177

Figure 2: The modeling of XGAN. (a) The training processes of the generator and discriminator of XGAN. (b) The loss
functions of XGAN consist of the discriminator loss LD and the generator loss LG .

From different types of generative models, we choose GANs due to their ability to gener-178

ate high-quality samples and their fast sampling capabilities. The learning process of a GAN179

involves an adversarial game between two neural networks, a generator, and a discriminator180

(Figure 2a). During the training, the response c sampled from the training data is concatenated181

with a random noise z sampled from the Gaussian distribution N(µ, σ). This concatenated vector182

is fed into the generator and outputs a pattern xG which follows the distribution PG. When the183

generator is trained, xG is fed into the discriminator and F-ResNet, and their outputs are utilized184

to calculate the Sinkhorn distance LG
S inkhorn and response loss L1, respectively. When we train the185

discriminator, xG and xr are fed into the discriminator to compute the Sinkhorn distance LD
S inkhorn.186
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To deal with the issue of exploding and vanishing gradients, we gain a sample xpenalty from the187

distribution Ppenalty to calculate the gradient penalty Lpenalty[49]. As depicted in Figure 2b, the188

sample xpenalty is calculated by the linear interpolation of xr and xG.189

Figure 3: The generator of the proposed XGAN architecture

3.3.1. Generator Network G190

The detailed architecture of Generator is depicted in Figure 3. In the construction phase, the191

generator follows a specific sequence of layers and operations. This sequence involves generating192

patterns from a desired response vector of size 1×100 and random Gaussian noise of size 1×10.193

The construction process includes a linear layer, a parametric rectified linear unit (PReLU) layer194

[50] for introducing nonlinear fitting, and a reshape layer to create a 2D square matrix. To195

enhance the resolution to a 16×16 half-pattern size, an upscale block is employed, which consists196

of a convolutional layer, a batch-normalization layer, a pixel-shuffle layer [51], and a PReLU.197

The pixel-shuffle layer is responsible for upsampling the input, allowing for higher resolution198

and finer details in the synthesized pattern.199

To further refine the pattern synthesis, a residual block is incorporated. This block is com-200

posed of a sequence of layers: a convolutional layer, a batch-normalization layer, a PReLU layer,201

another convolutional layer, and another batch-normalization layer. Notably, this residual block202

incorporates a skip connection of ResNet50, connecting the input and output layers to alleviate203

the gradient vanishing problem. Following the residual block, the output passes through a con-204

volutional layer and a Tanh activation layer, limiting the output values to the range of [−1, 1]. To205

achieve a symmetric structure, the output of the Tanh layer is added to its transposed matrix. The206

resulting matrix is then multiplied by 0.5 to control the output matrix values within [−1, 1]. Fi-207

nally, a rounding function is applied to produce a ternary matrix representation of the generated208

image, with values {0, 0.5, 1}. By following this specific sequence of layers and operations, the209

generator can synthesize high-quality patterns that closely align with the desired response vector210

while incorporating random noise for added variation and diversity.211

3.3.2. Discriminator Network D212

In the discriminator architecture, the ternary pattern is provided as input. The input pattern is213

then fed into 2 blocks followed by a convolutional layer, a flatten layer, and an output layer. Each214

block comprises two convolution layers with interleaved Leaky Rectified Linear Unit (Leaky215
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ReLU) [52] activation layers. These convolution layers serve a dual purpose by extracting pattern216

features and achieving dimensionality reduction. Meanwhile, the Leaky ReLU activation layers217

introduce nonlinear fitting ability and facilitate the retention of relevant features. The flatten218

layer is utilized to reshape the input into the vector format representing the distributions of the219

input patterns.220

During XGAN training, the generator produces patterns with symmetric shapes, while the221

discriminator computes the distribution distances between real patterns and synthetic patterns.222

The pre-trained F-ResNet approximates the spectral response of the generated pattern. The gen-223

erator and the discriminator are trained sequentially: once the discriminator completes training224

on six batches, the parameter settings are updated and then fixed. Subsequently, the generator225

initiates training on a single batch. This training is guided by the updated discriminator as well226

as the pre-trained F-ResNet. Ultimately, the loss function of the generator is defined as227

LG = LG
S inkhorn + λ ∗ L1

= LS inkhorn(D(xG), 1) + λ ∗ L1(c, S (xG)),
(2)

where G, D, and S are the generator, the discriminator, and the pre-trained surrogate model F-228

ResNet, respectively. xG = G(c, z) represents the generated pattern xG by the generator with229

inputs of the desired response c and the random Gaussian noise z. LS inkhorn denotes the Sinkhorn230

distance [53], and λ is utilized to adjust the weights of losses.231

The loss function of the discriminator is computed by232

LD = LD
S inkhorn + γ ∗ Lpenalty

= LS inkhorn(D(xr),−1) + LS inkhorn(D(xG), 1)
+ γ ∗ Lpenalty.

(3)

Here, we utilize the gradient penalty Lpenalty [49] to constrain the Sinkhorn distance, and γ is233

utilized to adjust the weights of losses. The gradient penalty Lpenalty is defined as follows.234

Lpenalty = E
xpenalty∼Ppenalty

[(∥∇xpenalty D(xpenalty)∥2 − 1)2], (4)

where xpenalty obeys the distribution Ppenalty and is sampled via the following equation.235

xpenalty = ϵ ∗ xr + (1 − ϵ) ∗ xG, (5)

where, ϵ is utilized to adjust the weights of samples.236

4. Experiment237

4.1. Data Collection238

Figure 4a illustrates the discretization and coding of metasurface patterns. The physical239

dimensions of a metasurface on the 2D plane are both 5.4 mm. These metasurfaces are uniformly240

discretized as 32×32 matrices, which are 90◦ rotation symmetric and exhibit free-form shapes. In241

order to alleviate the impact of vertex-to-vertex structure, the coding sequence of the metasurface242

pattern equals to a ternary matrix, where ‘1’ means air, ‘0’ means square metal, and an additional243
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Figure 4: Data collection process. (a) Discretization and coding of the metasurface pattern. (b) The process of collecting
data based on Python-PEEC co-simulation. The collected data are utilized for training neural networks that replace the
manual work in forward and inverse processes.

‘0.5’ represents triangular metal. We use Python-PEEC co-simulation to prepare the dataset, as244

illustrated in Figure 4b. Python first produces a random symmetric matrix, and the partial element245

equivalent circuit (PEEC) method [54] then calculates the magnitude of the reflection coefficient246

of this matrix. We add the matrix and its corresponding response to our dataset. The magnitude247

of the reflection coefficient of the meta-surfaces will be sampled uniformly at 100 points between248

20 and 35 GHz, whose values range from -1 to 1. Our dataset consists of 200,000 samples, of249

which 180,000 are used for training and 20,000 for testing.250

4.2. Metasurface Design251

Figure 5: A sketch of metasurface design via XGAN.

Figure 5 depicts the metasurface design created with XGAN. During inference, we utilize252

only the generator of XGAN and remove its discriminator. To generate an initial metasurface253
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pattern, we feed a random noise following a Gaussian distribution and a target response into the254

generator. PEEC is adopted to calculate the response of this pattern. If the error between the255

calculated response and the target response is below a predetermined threshold, the initial design256

pattern becomes the final design. In this paper, the random noise distribution N(µ, σ) is set to257

N(0, 1).258

4.3. Implementation Details259

The code was executed on the Ubuntu 20.04.3 LTS operating system. The deep learning260

algorithm was implemented using the Anaconda platform with Python 3.7.11 and PyTorch 1.7.1.261

These models were trained on a consumer-grade desktop that was equipped with an NVIDIA262

GeForce RTX 3090 GPU.263

4.4. Training Parameters264

In this paper, we perform two group comparisons involving surrogate models and inverse265

models. For the surrogate models, we use a CNN as described in [33] to compare with our F-266

ResNet. The network settings, including kernel size, output channels, and stride, are detailed in267

[33]. For the inverse model comparisons, we evaluate WGAN-GP [49], InfoGAN [55], and SA268

[56] against our proposed XGAN.269

Table 1: Execution details used in the training of surrogate and inverse models.
CNN [33] F-ResNet WGAN-GP [49] InfoGAN [55] SA [56] XGAN

Software Pytorch Pytorch Pytorch Pytorch Pytorch Pytorch
Hardware GPU GPU GPU GPU GPU GPU
Training set size 180000 180000 180000 180000 NA 180000
Test set size 20000 20000 20000 20000 20000 20000
Optimizer Adam Adam Adam Adam NA Adam
learning rate 2e-4 2e-4 2e-4 2e-4 NA 2e-4
β1 0.5 0.5 0.5 0.5 NA 0.5
β2 0.999 0.999 0.999 0.999 NA 0.999
Batch size 256 256 256 256 NA 256
Epochs 1000 1000 10000 10000 1000 10000
Surrogate for training NA NA NA NA F-ResNet F-ResNet
Simulator for evaluation NA NA PEEC [54] PEEC [54] PEEC [54] PEEC [54]

Evaluation Metric Model Fitting Model Fitting Model Fitting Model Fitting Model Fitting Model Fitting
Metrics Metrics Metrics Metrics Metrics Metrics

The F-ResNet and XGAN models are optimized using Adam optimizers [57] with specific270

hyperparameters. The β1 and β2 values are set to 0.5 and 0.999, respectively, and a fixed learning271

rate of 0.0002 is used. Each network is equipped with its dedicated optimizer, and training is per-272

formed with a batch size of 256. The F-ResNet model is trained for a total of 1000 epochs, while273

the XGAN model is subjected to an extensive training regimen spanning 10000 epochs. During274

XGAN training, one epoch of generator training is interleaved with six epochs of discriminator275

training. Execution details used in the all comparative models are listed in Table 1. The training276

losses of F-ResNet and XGAN are depicted in Figure 6. As the generator loss and discriminator277

loss tend to be stable after 10000 epochs, this demonstrates that the adversarial losses of XGAN278

converge well.279

4.5. Model Fitting Metrics280

The fitting accuracy of our proposed XGAN is evaluated by four quantitative accuracy met-281

rics MAEave, ACCave, ACCmin and R2
ave. Specially, the calculation of ACCave and ACCmin follow282

the equations in the reference [33].283
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Figure 6: Training losses of the proposed models, including (a) F-ResNet loss in Eq. 1, (b) XGAN generator loss LG in
Eq. 2, and (c) XGAN discriminator loss LD in Eq. 3.

1) Assume that the mean absolute error of each design is defined as MAE, the average MAE284

of total m designs is computed by:285

MAEave =
1
m

m∑
i=1

MAE(m). (6)

2) The average accuracy of total designs is:286

ACCave = 1 −
1
2

MAEave. (7)

3) The minimum accuracy of total designs is:287

ACCmin = 1 −
1
2

max
1≤i≤m

MAE(i). (8)

4) Average R2 is defined as follows:288

R2
ave = 1 −

m∑
i=1

MS E(i)
Var(i)

, (9)

where the MS E and variance of each design are represented as MS E and Var.289

4.6. Experimental Results290

4.6.1. Prediction Performance for Surrogate Model F-ResNet291

The comparisons are made to evaluate the effectiveness of the surrogate models in accurately292

predicting the response values of the metasurface designs. In this section, we use the CNN-based293

surrogate model from our previous work [33] as a contrastive benchmark. Density heatmaps294

(with 20 bins) in Figure 7 are used to compare the performance of surrogate models (CNN,295

F-ResNet) in terms of MAE values. The comparisons are based on 20,000 testing datasets.296

Specifically, F-ResNet achieves MAE values generally below 0.05, whereas the CNN model297

only achieves this level of accuracy in half of the cases (see Figure 7). These results demonstrate298

the effectiveness of our proposed F-ResNet model for the given task. Regarding simulation299

times, Table 2 reveals that both CNN and F-ResNet, as deep learning methods, have relatively300

quick simulation times for a given case. In contrast, PEEC, a numerical EM simulator, can only301
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Figure 7: Density heatmaps (bins=20) of forward models (CNN, F-ResNet) comparisons regarding MAE.

simulate 1 to 3 patterns per minute. In terms of model fitting metrics, F-ResNet surpasses CNN302

in response prediction, as evidenced by superior performance in ACCave, ACCmin, MAEave, and303

R2.304

Figure 8: The polar plots of response accuracies for different network combinations (Legend meaning: [Inverse
Model+Surrogate Model]+Evaluation Simulator).

We integrate F-ResNet into various network configurations to assess its efficacy in predicting305

responses during XGAN training, and its performance as a simulation tool for XGAN evaluation.306

Our results are evaluated by using the model fitting metrics. As presented in Figure 8, incorpo-307

rating F-ResNet leads to improved XGAN performance, as opposed to using CNN. This finding308

is validated through evaluation, where PEEC or F-ResNet is used as a simulation tool.309
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Table 2: Accuracy and time cost for different forward and inverse models

Model Type Model Name ACCave ACCmin MAEave R2 Time/Second

Forward/Surrogate Model
CNN [33] 0.9644 0.6576 0.0712 0.8675 0.001
F-ResNet 0.9923 0.7636 0.0154 0.9869 0.001
PEEC [54] NA NA NA NA 20-60

Inverse Model

WGAN-GP [49] 0.8221 0.5338 0.3558 0.7251 0.0015
InfoGAN [55] 0.8321 0.6096 0.3358 0.6401 0.0015
SA [56] 0.8104 0.5335 0.3791 0.7638 0.75
XGAN 0.9734 0.7132 0.0533 0.9228 0.0015

4.6.2. XGAN Outperforms Existing Inverse Design Methods310

The experimental approaches for evaluating inverse design in this study include WGAN-GP311

[49], InfoGAN [55], the simulated annealing (SA) [56], and XGAN.312

Figure 9: Density heatmaps (bins=20) of response MAE for inverse models (WGAN-GP, InfoGAN, Simulated Anneal-
ing, and XGAN).

Quantitative Comparison: Figure 9 highlights the superior performance of XGAN com-313

pared to other contrastive methods regarding MAE. Specifically, the MAE values achieved by314

XGAN are generally below 0.1, whereas WGAN-GP and the SA have the highest MAE value of315

1, and InfoGAN has the highest value of 0.8. Table 2 provides the running time of each inverse316

model. During inference, the proposed XGAN model takes 0.0015 seconds to generate a solution317

for a given response.318

Qualitative Comparison: Figure 10a provides some metasurface designs encoded by WGAN-319

GP, InfoGAN, SA, and XGAN. These models are fed with the target responses, and the corre-320

sponding designed patterns are simulated by PEEC to obtain the actual responses. Our aim is321

to determine which model could generate the highest-quality patterns that accurately matched322

the target responses. Specifically, XGAN generates patterns with response MAEs below 0.1,323

whereas the other models fail to achieve the same level of accuracy (see Figure 10b). This324

finding indicates the proficiency of XGAN in generating patterns with desired responses. This325

superior performance can be attributed to the use of interpretable latent vectors from the XGAN326

and the response feedback mechanism from F-ResNet, which allow for condition control and327

precise refinement of the generated patterns. To sum up, XGAN showcases the distinctive ability328

to generate appropriate patterns based on input responses, setting it apart from other models that329

lack this unique capability.330
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Figure 10: Free-form metasurface design by various inverse models, including WGAN-GP, InfoGAN, Simulated An-
nealing (SA), and XGAN. (a) Model sample and original data visualization, when Gaussian noise is N(µ = 0, σ = 1)
and input responses are variable. (b) The MAE between the input response and the PEEC-simulated response of each
sample.

5. Conclusion331

In this paper, we present XGAN, a novel approach for the rapid and accurate realization332

of free-form metasurfaces. We combine ResNet50 with a multi-head attention model, named333

F-ResNet, to accurately predict the responses of metasurface patterns. F-ResNet exhibits im-334

pressive performance, achieving a prediction rate of 1000 patterns per second, with ACCave of335

0.99 and R2 of 0.98. This is 20000-60000 times faster than the conventional simulator PEEC,336

effectively replacing it as a surrogate simulation tool. XGAN includes a GAN for inverse design.337

To address the limitation of traditional GAN discriminators in capturing response relevance be-338

tween original and generated patterns, we integrate F-ResNet into the framework. F-ResNet339

acts as a constraint on XGAN training by connecting it with the generator. During the training,340

XGAN generates an initial pattern using input vectors, and iteratively refines it based on feedback341

from F-ResNet, ultimately achieving the desired response. To assess the efficiency of XGAN,342

we design model fitting metrics. XGAN achieves ACCave of 0.97 for 20000 designs in a single343

run, and produces a metasurface pattern in 0.0015 seconds, which is 500 times faster than the344

conventional optimization method SA. Overall, XGAN provides a fast and accurate approach for345

designing free-form metasurfaces to meet the response requirement. This makes XGAN suitable346

for various applications, including light manipulation and spectral selection.347
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