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Abstract: Metasurface has unusual light-matter interactions and possesses a distinctive capacity
to control the electromagnetic wave’s amplitude, phase, and polarization. It is challenging
to come up with a well-designed metasurface that supports the desired optical response. The
conventional design approach requires extensive parameter sweeps, trial-and-error in design
space, and hours of computational e orts and resources. Deep learning has recently gained
attention in optics and photonics and is increasingly being applied to solve design and optimization
problems. In this work, a framework consisting of a conditional generative adversarial network
and a residual network-based neural network simulator is presented that has been trained to
predict the geometry and transmission spectra of the metasurfaces within a moment. The
framework takes a set of transmitted complex electric elds. It can generate a potential candidate
metasurface unit cell corresponding to the user-de ned spectra. The simulator network can
predict the transmission spectra of metasurfaces with complex shapes and diverse geometries. The
framework has the potential to signi cantly accelerate the design and simulation of metasurfaces,
with promising applications in spectral ltering, polarization conversion, and beam shaping in
micro and nanoscale devices.
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Further distribution of this work must maintain attribution to the author(s) and the published article’s title,
journal citation, and DOI.

1. Introduction

Metasurfaces, ultra-thin, planar structure, compatible with standard fabrication techniques [1] and
it’s low dispersion pro le [2], leading to a wide range of fruitful applications, including at optics
[3 5], holography [6,7], polarization control [8 11], wavefront shaping [12,13], sensing and
imaging [14 18], and among others [19,20]. With appropriate material choice and meta-structure
design, altering the light matter interaction at the desired frequency is possible [21]. However,
such a well-designed metasurface is not easy to achieve. The design processes involve repetitive
parameter sweeps and extensive simulations [22]. The shape of the unit cell needs to be adjusted
many times to get closer to the desired responses [23]. This process depends on prior expertise,
and due to limitations in simulation power and time, a few design parameters are optimized to

nd an ideal structure. Also, the traditional design approaches are prone to human error, and
innovative thinking in metasurface design is still relatively uncommon [24].

In recent years, researchers have taken advantage of arti cial intelligence to solve design and
optimization problems in many elds of optics and photonics [25 28]. Deep learning, a subset
of machine learning, provides a data-driven methodology that can supplement conventional
techniques. An et al. [29] presented a convolutional neural network (CNN) [30] based model that
rapidly predicts transmission spectra of metasurfaces across 5 10 m wavelengths, incorporating
diverse geometries and material parameters. It outperforms traditional solvers in speed and
versatility. Reference [31] presents a fast and e  cient method for modeling metasurfaces and
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predicting S-parameters. The approach automates design using an 8 8 matrix to generate random
meta-pixels and successfully designs a triple-band metasurface absorber. Complex all-dielectric
metasurface modeling is demonstrated by Nadell et al. [32]. This model comprises a series
of fully connected layers that serve as an optimizer rather than a metasurface generator. The
process involves maintaining a similar metasurface structure while varying the height and radius
of the cylindrical shapes and the lattice period to achieve the design objectives. Teng et al. [33]
developed CNN-based models that can generate metasurfaces using a5 5 matrix and predict
re ection amplitude and phase within the 0.2 2 THz range. With the help of a genetic algorithm,
their model can e ciently and precisely generate target patterns within minutes. Liu et al. [34]
presented a hybrid inverse design framework using variational auto encoder (VAE) [35] and
evolution strategy (ES), the approach involved encoding the metasurface design and spectra
into a latent space using VAE and applying ES to search a latent vector from the latent space
that ts the design objectives. Recent studies highlight that inverse design approaches are more
e cient, faster, require fewer computational resources, and have less human involvement in
e cient metasurface design [36,37]. Despite all this recent progress, current inverse design
methods often remain limited in scope, either constrained to narrow geometric classes or reliant
on slow convergence, preventing general-purpose, on-demand metasurface design.

This work addresses a critical gap in metasurface design: the absence of a generalizable,
data-driven framework that supports diverse geometries and rapid convergence. By integrating
a conditional generative adversarial network (CGAN) with a neural network simulator, our
approach enables e cient inverse design of metasurfaces tailored to arbitrary user-de ned
spectral and polarization responses without requiring iterative simulations or trial-and-error
strategies. Among the many potential uses of the framework, we speci cally implement two
challenging examples: an optical Iter with a speci ¢ bandwidth and an arbitrary polarization
converter.

2. Materials and methods

The framework developed in this study is based on a data-driven approach to inversely design the
metasurfaces, which consists of three main sections: the generation of data sets, the conditional-
GAN [38], and the neural network(NN) simulator. The overview of the framework is presented in
Fig. 1, where the search algorithm works on the trained framework to look for metasurfaces based
on the user-de ned transmitted complex electric eld. Two-dimensional gold [39] metasurface
unit cells have been considered to validate the potential of the framework; the design parameters
and material choice are shown in the upper left corner of Fig. 1(a). The three main modules are
described in detail in the following sections.

2.1. Dataset preparation

A fundamental requirement for e ective neural network training is the creation of a large and
diverse dataset [40]. More than 20,000 geometric data points are created with the help of
algorithms to train the simulator, generator, and discriminator models. Some algorithms are
created using mathematical formulas to produce random geometries; the dataset size is raised
by methodically altering the formula parameters. Also, a random polygon generator is used to
create polygons with many sides to introduce diversity into the datasets. The MNIST [41] dataset
is included to help the model learn complex geometric features of handwritten digits. Lastly, an
algorithm is implemented to rescale geometric designs to a standard format after capturing them
from online sources. Geometric patterns are rotated and scaled across various sizes to enhance
the dataset and the model’s learning capacity. Some of the geometries are presented in Fig. 2(a).
The nite-di erence time-domain (FDTD) method [42] is performed to label the geometric data.
To reduce the complexity in the design space, a 64x64 pixel map for each geometry is considered.
Based on the presence of gold and air on the meta-structure, a map is constructed using 0 and 1.
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Fig. 1. Schematic diagram and description of the modules. (a) Material choice, design
parameters, geometric data samples, and the dataset generation. (b) A conditional-GAN
generates metasurfaces; it includes a generator, a discriminator, and search algorithms. (c)
NN simulator to predict transmission spectra.

An automated design and simulation algorithm is used to perform repetitive design and simulation
of the large datasets. The simulation is performed for both x- and y-polarized light and record
and save the complex transmitted electric eld Ej; (Exx, Exy, Eyy, and Eyy); here, i represents the
polarization state of incident light, and j represents the polarization state of transmitted light
for 16 wavelengths within 1200 to 1700 nm range. Figure 2(b) presents the work ow of the
mass dataset simulation process. The algorithm is readily adaptable to any material and complex
design space, with added capability to handle parameters such as metasurface thickness and
period.

Fig. 2. Generation of datasets. (a) Geometric data samples generated from di erent
algorithms. (b) Data labeling: metasurface design and simulation process ow.

2.2. Neural network simulator

A pre-trained neural network simulator has been added to the framework to expedite the inverse
design processes. The simulator is a residual network (ResNet-18) based CNN model [43] that
takes metasurface unit cells as input and predicts the transmitted complex electric eld within
milliseconds. To provide accurate prediction and avoid complexity in model’s parameters, 16
wavelength points within 1200 to 1700 nm region have been chosen and the simulator is capable
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of predicting 128-dimensional (D) data (64-real,64-imaginary) including Eyy, Exy, Eyy, and Eyx
with more then 90% accuracy.

The selection of ResNet-18 is driven by its strong capability to extract deep features from
freeform patterns. Unlike simpler convolutional networks, deep residual networks address
the gradient vanishing problem [44] through the use of residual blocks. The NN simulator
architecture is presented in Fig. 3. The residual blocks, shown as light blue boxes in the network
layout, help prevent the performance degradation that typically arises with increasing network
depth. By reformulating the learning task into tting residual mappings, the residual blocks
make training more e cient and improve overall accuracy.

n
Ls = E Ei B @
Nz

The mean squared error (MSE) loss [45] is considered to update the model parameters during
the training. For the simulator, MSE calculates the average of the squared di erences between
the predicted values (E) and the actual values (E), as described by the Eq. (1). The common
hyperparameters of the simulator model are presented in Table 1.

Fig. 3. Detailed architecture of the NN simulator along with the residual block.

Table 1. Hyperparameters for NN simulator, generator, and discriminator

Hyperparameter Simulator Generator & Discriminator
Batch size 16 16

Learning rate 0.0001 G =0.001, D =0.0001
Epoch 100 200

Optimizer Adamw Adam(0, 0.999)
Activation Function RelLU Leaky ReLU

Loss Function MSE Loss Lc=Ls+ Lpc

2.3. Generator and discriminator

The generator and discriminator models are combined to construct the CGAN architecture. The
generator is based on a transpose CNN. It takes 128D spectra and 50D noise vector to generate
a metasurface. The latent vector (noise) is sampled from a standard normal distribution to
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introduce randomness in the model. On the other hand, the discriminator takes the generated
metasurface and compares it with the true metasurface to provide a logit score, indicating whether
it’s a valid generation. Once it fails to di erentiate between the actual and generated data, it
means the generator can create a meta-structure that resembles the datasets. The generator and
discriminator models’ con gurations are shown in Fig. 4 with details of each layer. During
training, the generator receives loss feedback from the NN simulator and the discriminator
to update its parameters. The GANSs training works well in a way where, for each generator
update, the discriminator updates multiple times. The training process of Wasserstein GAN
[46] is followed to train the combined generator and discriminator model. Here in Eq. (2), Lp
represents the loss function for the discriminator with gradient penalty (GP). The rst two terms
correspond to the standard Wasserstein distance between the distributions of real data x and
generated samples %. The third term is the GP, weighted by the regularization coe cient C , and
GP enforces the 1-Lipschitz constraint by penalizing the gradient norm if it deviates from 1. The
term x refers to points sampled along straight lines between real and generated data samples.

Lp =E»D,&. ExDX.+C E krDxk 172 0
Lpc = E»D,X". 3)
Lc=Ls+ Lpc 4)

The loss from the simulator (Ls) and discriminator loss during generator updates (Lpg) help
to construct the loss of the generator. The loss Lp is used to update the discriminator only.
Equation (3) presents the loss of the discriminator during the generator updates that are derived
from the discriminator loss on the generated metasurface. Finally in Eq. (4), by combining the
Ls and Lpg with a factor , generator loss(Lg) is obtained.  adjusts the relative importance of
Ls and Lpg. The hyperparameters for the generator and discriminator models are presented in
the Table 1.

Fig. 4. Model architecture of the transposed CNN-based generator (top) and CNN-based
discriminator (bottom).

3. Results and discussion

The framework’s prediction accuracy, generation accuracy, and on-demand metasurface design
are analyzed in the following sections.
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3.1. Performance evaluation of trained NN simulator

Simulator plays a crucial part in the framework; its prediction accuracy guides the generator
to generate meaningful data. The purpose of the neural network simulator is not to replace
traditional numerical simulators like FDTD, but rather to introduce a time-convenient approach
in on-demand metasurface design. The proposed NN simulator is more than four order of
magnitude (59,100 times) faster than conventional method like FDTD in terms of simulation
time. In Fig. 5(a)-(d), the prediction accuracy for amplitude and phase of the transmitted light is
illustrated for the geometries that were not part of the training datasets, as the simulator predicts
the transmitted complex electric eld, the model can access the amplitude and phase indigenously.
The target lines represent the FDTD simulated amplitude and phase, and the scattered solid circle
and triangle represent the predicted amplitude and phase. Fig. 5(a) and (b) illustrate the amplitude
and phase prediction of a lune shape metasurface; it can be observed how closely the model’s
predictions match the actual transmission spectra for Eyx and E,y. Figure 5(c) and (d) represent
the prediction accuracy for a random polygon meta-structure, where the scattered plot closely
follows the solid line, indicating the high prediction accuracy. Overall, the model follows the real
curve rather well despite occasional minor variations, especially after a sudden drop or rise in
the actual spectra. In some cases, the model may over-predict or under-predict, even showing
a slight blue or red shift in the prediction, but it captures the overall trend of the transmission
spectra well. Sometimes the prediction accuracy falls drastically when the generated structure
has scattered and incomprehensible geometry. Prediction statistics on 150 test data samples are
shown in Fig. 5(e)-(f). The green scattered plot represents the predicted data points, and the red
scattered plot represents the actual data points for both Eyx and Eyy. For perfect accuracy, all
green dots would align precisely with the red dots along the diagonal. However, achieving such

awless forecasting is unrealistic in practical, real-world scenarios. Most of the green dots in
the scattered plot for both the Exx and Eyy closely trail the red dots, indicating that the model’s
predictions are accurate most of the time and t the actual data well.

Fig. 5. Prediction accuracy of the simulator model. (a) Amplitude prediction of a lune
shape metasurface for Exx and Exy. (b) Phase prediction of the lune shape metasurface for

xx and xy. () Amplitude prediction of a metasurface with a random polygon for Exx and
Exy. (d) Phase prediction of the metasurface with random polygon for xx and xy. (€)-(f)
Prediction statistics of Exx and Exy on 150 test datasets.
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3.2. Generation accuracy of trained CGAN

The CGAN is designed to generate a metasurface in response to a user-de ned spectrum, ensuring
meaningful generations. On average, the generator model is capable of generating a meta-atom
based on user-de ned spectra within 15-20 seconds on an RTX A4000 GPU machine. In Fig. 6,
four generated metasurfaces are presented to show the generation accuracy of the model. The
target lines represent the transmission spectra of the pre-designed metasurface, and the scattered
plots represent the transmission spectra of the generated metasurface, both of which were obtained
by FDTD simulation rather than the neural network simulator to provide better accuracy. In
Fig. 6(a), a known nanodisk metasurface unit cell’s transmission spectra was set as a target,
and we utilized a search algorithm to generate a metasurface that resembles the spectra. As a
result, the framework generates a metasurface with similar transmission spectra, but in shape, it
is quite similar to the nanodisk. In Fig. 6(b)-(d), we set three di erent transmission spectra as a
target; surprisingly, the generator generates a metasurface that is quite distinct from its target
structure and yet provides a similar optical response. It can be observed from these graphs that
minor mismatches occur, such as over-predict, under-predict, or minor shifts in the spectra, but
always follow the trend of the target spectra. Evaluation on 20 generated samples shows that
the generator model achieves a generation accuracy exceeding 85%. The generation accuracy
statistics are demonstrated in Fig. 6(e), where the red scattered plot represents the ground truth
and the green scattered plot represents the accuracy of the generated metasurfaces. It can be
observed from the statistics that the generator can produce meaningful outputs in response to the
given transmission spectra.

Fig. 6. Performance evaluation of the generator model in light of ground truth and generated
metasurface: (a) Random nano-disk. (b) Random MNIST digit ve. (c) Random L-shape
metasurface. (d) Random cross-shape metasurface. (e) Generation accuracy statistics on 20
ground truth datasets for the generator model.

3.3.  On-demand metasurface design
3.3.1. Optical lter

Furthermore, the framework can generate a metasurface based on user-de ned spectra. To extend
this idea further, the transmission spectra are designed like an optical band-pass or notch Iter
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within 1400 to 1500 nm. The trained framework uses the search algorithm to create a metasurface
that mimics the optical response. In Fig. 7(a), the target spectra is similar to a notch Iter where
the transmission within the 1400 to 1500 nm region is set to low, and the model generates a
metasurface whose optical response moderately follows the target spectra. Similarly, in Fig. 7(b),
the target spectrum is con gured like a band-pass Iter, maintaining high transmission in the
1400 to 1500 nm range, and the generator creates a metasurface with a transmitted spectrum that
exhibits relative agreement with the target spectrum. Among single-layered metallic metasurfaces,
itisrareto ndacon guration that accurately reproduces ultra-sharp spectral characteristics
such as abrupt transition [47]. Despite the absence of an exact solution, the framework produces
a meta-structure whose spectra align with the target spectra in key aspects such as bandwidth,
transmission level, and resonance wavelength.

Fig. 7. (a) Optical notch lter: The generated metasurface has low transmission in a speci ¢
wavelength range. (b) Optical band-pass Iter: The generated meta-structure shows high
transmission in a speci ¢ wavelength range.

3.3.2. Arbitrary polarization conversion

Furthermore, the search algorithm is redesigned to see its capability to identify metasurfaces with
arbitrary polarization control. Precise control and manipulation of polarization is indispensable
due to its high degree of freedom in controlling electromagnetic waves. Instead of directly
de ning the transmission spectra, we construct the search algorithm with the help of polarization
angle () and ellipticity ( ).
2jExxiiExy]
tan2 = % cos (5)
JExx]®  JExy]
2jExxjiExy]
= J.ZXX”. xy].2 ©6)
JExxj + |Exy)

As it can be seen from Eq. (5) and (6), the and directly linked with the E,y, Eyy, and
phase di erence( ) between them, the algorithm look for the prede ned speci c polarization
angle and ellipticity for each of the wavelength point and generate a metasurface with minimal
deviation. Here, 0 and 4< 4. Ellipticity = 0 corresponds to linearly
polarized light, whereas = 4 denotes circularly polarized light. In Fig. 8(a)-(d), the plots
represent the arbitrary rotation of polarization(15 , 30 , 45 , and 60 ) for x-polarized incident
light within the 1400 to 1500 nm range with angular resolution less than 2 . The corresponding
generated metasurfaces are also presented along with the individual plot. Figure 8(e) represents a

sin2
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polar plot comparing magnitudes at various polarization angles for 1433 nm incident x-polarized
light. It can be observed that for higher polarization rotation angle the simulated transmitted
intensity is low. The mechanism of the polarization rotator is to eliminate the electric eld in
the x-direction while increasing its orthogonal component in y-direction, the meta-atom with
large, designed rotation angle su er from low e ciency. Also, metallic structures are inherently
lossy. When the framework could not nd a structure that supports high x to y-polarization
conversion e ciency due to material constraint, it looks for a structure that serves the design
goal even with a lower transmitted intensity. Lastly, we utilized the search algorithm to look for a
metasurface that converts x-polarized light to circularly polarized (CP) light. We searched for a
metasurface for each wavelength within the 1200-1700 nm range, and the framework was able to
generate a potential metasurface for CP light generation. In Fig. 8(f), a candidate metasurface
for CP light is presented along with the polar plot for 1433 nm. The framework matched the
ellipticity for CP light with less than one degree angular resolution. It is worth mentioning that,
rather than targeting a single wavelength, the framework can generate metasurfaces that cover a
speci ¢ wavelength band. We have validated the model’s performance with gold metasurfaces.
Notably, gold is naturally lossy in the near-infrared (NIR) range [48]. Ohmic losses inherently
limit the applications of plasmonic metasurfaces. In comparison, all-dielectric metasurfaces
exhibit reduced absorption losses, yet scattering might be less [49].

Fig. 8. Generated metasurfaces show arbitrary polarization conversion within the 1400-
1500 nm range. (a)-(d): from x-polarized light to 15 , 30 , 45 , and 60 polarized light
(normalized). (e) Magnitude comparison with respect to di erent angles of polarization for
1433 nm incident x-polarized light. (f) from x-polarized light to circularly polarized light.

Here, we have reported the development of the inverse design framework and evaluated its
performance with numerical simulations, but metasurface fabrication is a key step to validate the
framework’s feasibility. To experimentally realize the metasurfaces, manufacturing tolerances
could present challenges. Since the generator produces random patterns that sometimes contain
complex features, we aim to incorporate algorithms that yield fabrication-friendly metasurfaces.
Such algorithms may include creating a pool of candidate meta-atoms for speci ¢ design goals
and selecting those that both satisfy the design requirements and exhibit simpler geometries
with smoother edges and fewer isolated features. Post-processing methods, such as denoising
and Fourier transform Itering [50], could also be used to reduce random isolated pixels and
smooth sharp edges. These small modi cations in the design space will not signi cantly a ect
the overall performance of the metasurfaces, as our primary interest lies in the far eld rather
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than in near- eld information. Possible fabrication steps and characterization procedures could
be found here [20].

3.4. Comparative study

Designing metasurfaces is one of the signi cant aspects of meta-optics. Conventional design
approaches are not fast enough and often lack creative design methodology. Researchers are
exploring parametric optimization and topology optimization, and in some cases, the use of
arti cial intelligence to achieve the desired optical response from metasurfaces. The use of genetic
algorithms (GA) has become relatively common nowadays to generate new structures, particularly
when variations in design topology are insu cient. Utilizing GANs in metasurface design
introduces diversity to the design space, but the limited number of geometries in the training
phase hinders their full potential. A comparison chart is presented in Table 2, where the recently
developed metasurface design framework is presented along with our proposed methodology.
Lower-pixelated design matrices, suchas5 5or 8 8, may generate thousands of structures, but
most are random and show limited potential as viable candidates. Some frameworks are limited
to a speci ¢ number of geometries and fail to converge when the generative network produces
metasurfaces outside the design space.

Table 2. Comparative analysis of our framework with existing design methods

Bandwidth Design Matrix Data classes Dataset size Method
0.2-02 THz [33] 5x5 - 70,000 CNN, GA
2-20 GHz [31] 8x8 - 2,000 MLP, Encoder
08-12 GHz [51] 32x32 03 10,000 CNN,GAN, GA
0.3-0.8 m[52] 64x64 11 23,381 DCGAN
400-700 nm [53] 64x64 21 200,000 VAE
1200-1700 nm 64x64 120 + 20,008 Resnet-18, CGAN

Di erent neural network architectures were adopted depending on speci ¢ application and their
convergence speed varies with di erent network architecture and design goal. Training time of a
neural network depends on several key factors such as number of layers in a network architecture,
size of training dataset, number of key features in the training dataset, type of activation function
used, and hyperparameters like learning rates, optimizer, batch size. Also, use of processing units
like GPUs can clearly reduce computation time rather than CPUs. For a framework with same
objective and network parameters, computational machine has signi cant impact on training time
and convergence speed. Here, in Table 3 we provide a detailed comparison with other inverse
design model in terms of convergence speed, accuracy, and device used in the computation to
present a rigorous comparison.

Table 3. Comparative analysis in terms of accuracy and convergence speed

Ref. Simulator performance Generation performance Machine
[33] Low MSE loss- 40,000 x faster Generation time 10 min RTX 3080
[31] Accuracy >90%, 200 x faster Acuuracy 76.5%, time 3.5 min CPU i5
[51] Accuracy 90% Generation time 30 min 2080 Ti
[52] Low MSE loss Low MSE loss RTX 3090
[53] Simulation time 3.2 sec High accuracy, 2 min CPU 9

This work Accuracy>90%,56,000xfaster Accuracy>85%,time<20sec A4000
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In comparison to available fast metasurface design frameworks, the proposed methodology
o ers a high degree of freedom in geometric classes, fast convergence, and accurate prediction in
metasurface design.

4. Conclusions

In conclusion, an inverse design framework implementing GANs and a ResNet-18-based neural
network simulator has been introduced. In a trained model, the generator can generate potential
metasurface candidates in response to user-de ned spectra, and the simulator network mimics the
conventional numerical simulator for a de nite design objective. The legitimacy of the framework
has been vetted with a gold metasurface within the optical communication wavelength band, with
possible use cases in optical Iters and polarization conversion. Also, by leveraging the same
framework, precise control over amplitude, phase, and polarization across a suitable wavelength
range paves the way for realizing vector holography. Moreover, the exible framework can readily
adapt to work with other metallic or dielectric materials across various wavelength regions. With
continued development, this framework presents a promising, time-e cient method for designing
and optimizing metasurfaces.
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