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Abstract— Inverse design of optical metasurfaces typically 

relies on computationally expensive full-wave solvers that 

constrain the search for optimal designs. Neural-network 

surrogates can accelerate this process but are often built on 

finely sampled real-space grids, leading to unnecessarily high-

dimensional inputs and outputs. We instead introduce k-space 

resolved surrogate models that represent both permittivity and 

fields in a truncated Fourier basis determined from RCWA 

convergence. We validate the approach on an RGB color router 

inverse design, showing that the k-space surrogate reliably 

drives optimization toward high-efficiency metasurface 

consistent with full RCWA simulations. 

Keywords—Optical metasurface, inverse design, neural 

operator 

I. INTRODUCTION 

Designing optical metasurfaces with specified 
functionalities is a central challenge in nanophotonics, with 
applications ranging from flat optics and holography to 
imaging and beam shaping [1,2]. These devices rely on 
spatially varying arrangements of subwavelength “meta-
atoms” to tailor the amplitude, phase, and polarization of light. 
Therefore, inverse design—determining an optimal layout for 
a desired optical response—becomes a key task. 

State-of-the-art workflows [3,4] typically rely on global or 
local optimization algorithms coupled with rigorous 
electromagnetic solvers. These methods, such as Rigorous 
Coupled-Wave Analysis (RCWA) [5] or Finite Difference 
Time Domain (FDTD) [6], are accurate but computationally 
expensive. By changing the objective function or the design 
constraints, it usually requires re-running large batches of 
costly simulations, thereby limiting the range of designs that 
can be explored. 

Neural-network-based surrogate models, also known as 
neural operators [7], offer a way to alleviate this bottleneck by 
learning the mapping between the geometry of the 
metasurface and its optical response. These networks, trained 
from precomputed data, replace the full-wave solver inside the 
optimization loop [8,9]. A variety of model architectures have 
been proposed for operator learning, ranging from the use of 
distinct subnetworks in DeepONets [10], to cascades of 
convolutional kernels in CNOs [11], spectral convolutions in 
FNOs [12] that leverage Fourier truncation of the underlying 
function, and more recent transformer-based models such as 
Transolver [13], which benefit from efficient transformer 
blocks [14]. Following these two later approaches and based 
on the Fourier-space structure imposed by RCWA 
convergence, we propose a physically grounded 
representation for neural-network modeling of metasurfaces. 
We define an optimal sampling grid in reciprocal space by 
choosing the minimal set of spatial frequencies required for an 
accurate inverse design of the targeted application. This yields 
a compact description of both permittivity and its 
corresponding fields, then reducing input and output 
dimensionality without sacrificing accuracy. Using this 
physically efficient representation, we train a Vision 
Transformer (ViT)-based architecture [15] to predict the 
optical response, embedding RCWA-informed spectral 
content as a physically meaningful prior in the surrogate 
model (Fig. 1). 

We test our approach on the inverse design of a “color 
router” device [16,17]. This metasurface spatially separates 
optical signals of different wavelengths by focusing them onto 
distinct focal points. Such a functionality is highly sensitive to 
both amplitude and phase control and inter-pillar coupling. By 
replacing RCWA solver with our k-space surrogate model 
within the optimization loop, we obtain high-efficiency color 
routing at a substantially lower computational cost. Compared 

 

 

Fig. 1. Architecture for the simulation of optical metasurface leveraging Fourier space structure from RCWA and efficiency of neural networks surrogate 
models. The metasurface description is first truncated on a finite set of Fourier modes and fed into a Vision-Transformer-like architecture comprising 

patch embedding [15],  transformer blocks [14], and patch unembedding, after which the output field is predicted directly on this Fourier truncation. Both 

input and output are not directly in k-space, but inverse transformed back to real space. 
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with conventional RCWA-driven optimization, our method 
identifies high-performance designs more efficiently while 
preserving accuracy, demonstrating the practical relevance of 
the proposed framework. 

Finally, we analyze the key design choices underlying the 
proposed framework. In particular, we investigate how the 
database size affects prediction accuracy and optimization 
performance. This analysis confirms that maintaining high 
fidelity between the surrogate model and RCWA is of course 
essential for efficient and reliable optimization. 

II. K-SPACE RESOLVED SURROGATE MODEL 

The core idea of RCWA [5] is to represent both the 
permittivity distribution and the electromagnetic fields as 
Fourier series along the periodic directions, and to solve 
 axwell’s equations in t is  asis  For a periodic metasurface 
along the transverse plane, with in-plane coordinates 𝐫∥ =
(𝑥, 𝑦) the permittivity is written as  

 Insert here () 

where 𝐆  are the reciprocal lattice vectors and 𝜀𝐆(𝑧)   the 
Fourier coefficients. This series is then truncated to a finite 
number 𝑁  of Fourier modes 𝒢𝑁 . The maximum spatial 
frequency is set by this truncation and therefore determines 
the accuracy of the solution. In our surrogate model, we use 
this truncated reciprocal-space description directly restricted 
to the same set 𝒢𝑁 chosen to achieve sufficient accuracy for 
the numerical solution. The network then learns the mapping 
between the truncated permittivity and the electromagnetic 
field.  

We employ a Vision Transformer inspired archiecture 
(Fig. 1) to model the relationship between the metasurface 
input representation and the corresponding optical response. 
The network takes as input a two-channel image, where the 
two channels correspond to the real and imaginary parts of the 
complex permittivity 𝜀 . A periodic extension of 3 pixels is 
first applied on each boundary, designed to respect the 
periodic nature of the unit cell. The extended field is then 
partitioned into non-overlapping 5 × 5  patches, and each 
patch is linearly projected into a 128-dimensional token 
embedding. The core of the ViT consists of 6 Transformer 
blocks [14], each using 8 self-attention heads and a feed-
forward multilayer perceptron with 512 neurons. The latent 
representation is subsequently decoded back to the spatial 
domain through an unembedding layer to predict a two-
channel output corresponding to the real and imaginary parts 
of the electromagnetic field at the original resolution. The 
model is trained by minimizing the mean squared error (MSE) 
loss using the AdamW optimizer, with an initial learning rate 
of 3 × 10−4  and a cosine annealing schedule. To improve 
generalization, a dropout rate of 0.1 is applied throughout the 
network. Overall, the architecture contains 
approximately 1.2 × 106 trainable parameters.  

We fix the RCWA-informed Fourier truncation to 𝑁 =
29  modes, based on a prior convergence study. Trained 
for 500 epochs on a dataset of 48,000 randomly generated 
samples, varying the radii of the nano-scatterers, the proposed 
ViT-based models achieves a MSE of 3.20 × 10−2, 3.07 ×
10−2 , and 1.40 × 10−2 , with corresponding 𝑅2  scores 
of 96.7%, 96.9%, and 98.6% for the blue, green, and red 
wavelengths, respectively. These results demonstrate the 

ability of the model to accurately predict the optical response 
of the metasurface. 

III. COLOR ROUTER OPTIMIZATION 

We apply the proposed model to the inverse design of an 
RGB color router consisting of a 4 × 4 array of TiO2 circular 
nanopillars embedded in SiO2 . Such metasurface-based 
devices have been introduced as a promising alternative to 
conventional CMOS image sensors, which typically rely on 
microlenses placed above the pixel array [18]. By contrast, 
these planar optical elements enable compact and fully 
integrated spectral sorting at the pixel level by directly routing 
the different wavelengths to distinct locations on the focal 
plane. In this work, the objective is to optimize the geometry 
of the nanopillars so that three target wavelengths, 
corresponding to red, green, and blue, are focused on three 
separate focal spots with minimal crosstalk and high routing 
efficiency. 

For each wavelength, we use the trained ViT models 
within an NSGA-III [19] optimization loop. The loss function 
is expressed as  

 

 Insert here () 

 

where Sz is the Poynting vector at the target focal plane and 
W a weighting function. By choosing W a binarized matrix 

 

Fig. 2. Comparison of Pareto fronts (PF) obtained from surrogate-based 
(a) and RCWA-based (b) optimizations. In both cases, the PFs are 

evaluated using RCWA (blue) and the surrogate model (red), 

demonstrating the consistency of the surrogate in these two configurations. 

(c) is a flatten representation from the data in (a), and (d) from the data in 

(b), comparing the objective values for both configurations and thereby 

validating these results. Objective values are relative to the loss terms 

driving the optimization (eq. 2) 
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𝜀(𝐫∥, 𝑧) ≈ ∑ 𝜀𝐆
𝐆∈𝒢𝑁

(𝑧)𝑒𝑖𝐆⋅𝐫∥ , 

 

𝜀(𝐫∥, 𝑧) ≈ ∑ 𝜀𝐆
𝐆∈𝒢𝑁

(𝑧)𝑒𝑖𝐆⋅𝐫∥ , 

 

𝐿 =∑ ∬ Sz(𝜆) ⊙W(𝜆)
𝑥𝑦−𝑝𝑙𝑎𝑛𝑒

λ=R,G,B
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with ones over the targeted areas, this loss function is 
formulated to balance high transmission into the desired foci 
while maintaining a low optical crosstalk. 

Figure 2 compares the optimized Pareto Fronts (PF) 
obtained using two optimization strategies. The first relies on 
the proposed surrogate model, whereas the second performs 
the same optimization using direct RCWA evaluations. The 
final PF are visible in Fig. 2a and 2b respectively. Both PF are 
then recomputed using the other method to check the 
consistency of the surrogate model on these 2 approaches. The 
close alignment between the PF highlights the effectiveness of 
the surrogate model in the two scenarios. In the first case, 
when the model drives the optimization, it indeed finds 
efficient designs that are still consistent with RCWA 
simulations. In the second one, compared with the RCWA-
optimized PF, the surrogate remains highly accurate, 
demonstrating that the model reliably captures the design 
space. Figures 2c and 2d are in a flatten representation of these 
optimized PFs, comparing the objectives values computed by 
the full-wave solver against the predicted ones. Again, the 
strong fit close to 𝑦 = 𝑥  confirms the consistency of the 
model and its reliability for driving an optimization. 

We then pick one of the optimized designs found by the 
surrogate model. On this final design, as shown in Fig. 3, the 
surrogate predicts well-localized focal spots at the targeted 
positions with limited crosstalk. To validate this surrogate-
optimized design, we then compute from full-wave RCWA 
simulations the full Poynting vector. The close match between 
solver results and the model predictions, in terms of focal 
spots, intensities, and total power delivered to the target foci, 
confirms that the surrogate-based optimization reliably 
transfers to rigorous electromagnetic simulations. 

Finally, we assess the ability of the surrogate model to 
discover designs out of the database distribution: beyond those 
seen during the training. As shown in Fig. 4, the Pareto front 
extracted from the training database is compared with the one 
obtained through surrogate-based optimization. The 
surrogate-generated solutions consistently outperform the best 
designs present in the database, yielding a Pareto front that 
entirely dominates the database Pareto front. These results 
demonstrate that the model is able to identify new high-

performing designs while remaining consistent with full-wave 
RCWA validation 

IV. HIGH FIDELITY MODEL 

We next investigate the influence of the training-set size 
on the predictive performance of the surrogate model by 
considering nine different data splits, ranging 
from 10%  to 90%  of the database used for learning. The 
corresponding models are evaluated on the validation set 
using the 𝑅2  score, as reported in Fig. 5. As expected, the 
prediction performance improves as the amount of training 
data increases, in agreement with standard observations in 
deep learning [20] and, more specifically, transformer-based 
architectures [21]. However, an eventual saturation of this  
improvement (around 70/30 split) reveals the existence of a 
threshold beyond which additional data no longer provide a 
significant gain. This result indicates that the surrogate model 
captured the optical response of the design space with 
sufficient accuracy. 

The identified threshold provides a practical criterion for 
deciding whether a surrogate-assisted optimization is 
worthwhile. More specifically, the surrogate becomes 
advantageous when the number of full-wave simulations 
required by a conventional optimization exceeds the number 
of simulations needed to train an accurate surrogate. Since the 
training time of the neural network itself is negligible 
compared with the cost of full-wave simulations, this 
threshold is primarily determined by the cost of generating the 
training database. Conversely, if an optimization converges 
after only a small number of full-wave evaluations, direct 
simulation remains the most efficient approach. In practice, 
however, a surrogate is rarely trained for a single optimization 

 

Fig. 3. z-component of the Poynting vector (RGB) of an optimal color router 

selected on the Pareto Front after optimization with the surrogate model. (a) 
prediction from the surrogate network; (b) recomputed fields using RCWA.  

Mean absolute errors for red, green and blue are respectively 

5.7. 10−3, 5.5. 10−3  and 8.9. 10−3  .The small residual differences on the 

effective router design indicate an excellent agreement between the model 

and the full-wave RCWA simulations. 

  

  

 

Fig. 4. Comparison of Pareto fronts (PF) obtained from the surrogate-

based optimization (red) and the generated database (green). 
Corresponding hypervolumes are 2.11 and 1.96. The model-optimized PF 

dominating the database PF highilghts the perfomance of the model to 

optimize and generalize out of the database distribution while still being 

consistent with full-wave simulation. 
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Fig. 5. Accuracy of the surrogate models for different trainning/validation 

splits. Precision is measured with 𝑅2 score on validation set. Overall good 

accuracy is already reach with a few samples with a reached plateau after 

a certain point. 

 artition of training samples    

 
al
id
at
io
n

  
  ed

 reen
 lue

                  

245

© JSAP - Session_11-02 -



 

task. Once trained, the same model can be reused for multiple 
optimization campaigns involving different objective 
functions or optimization settings, allowing the initial training 
cost to be amortized over many design studies. 

We then investigate the sufficient level of accuracy 
required for reliable optimization. To this end, the comparison 
presented in Fig. 2d is repeated using surrogate models trained 
with different train/test splits, resulting in different prediction 
accuracies. For each model, the predicted PF are compared 
with the corresponding RCWA evaluations on both the 
database PF and the RCWA-optimized PF, considering the 
blue wavelength as the most challenging case (Fig. 6 a,b). A 
second-order polynomial fit is applied in each case, with the 
ideal relation corresponding to the line 𝑦 = 𝑥. 

As the prediction accuracy decreases, relatively to the 
different models, the fitted curves progressively deviate from 
the ideal agreement. This behavior is particularly strong in the 
high-performance region of the PF (left corner). Although this 
tail effect is visible on both PF, it is more pronounced for the 
post-optimization one, highlighting the increased sensitivity 
of optimized designs to prediction errors. Rather than relying 
solely on conventional prediction metrics, this analysis 
provides a practical criterion for assessing whether a surrogate 
has reached the accuracy required to reliably guide the 
optimization process. It also emphasizes that a surrogate 
intended for inverse design must remain accurate not only 
over the entire design space, but especially in the vicinity of 
the optimal solutions. 

V. CONCLUSION 

In conclusion, we have shown that encoding both the 
metasurface permittivity and the corresponding 
electromagnetic fields on an RCWA-defined k-space 
truncation provides an efficient and physically meaningful 
representation for surrogate modeling. This representation, 
combined with a Vision Transformer architecture, enables 
accurate prediction of the optical response while significantly 
reducing the computational cost of inverse design. Using the 

RGB color router as a representative example, we 
demonstrated that the proposed framework efficiently 
identifies high-performance metasurface designs, while 
remaining consistent with full-wave simulations. More 
broadly, this approach provides a practical methodology for 
accelerating the optimization of complex photonic devices 
through accurate surrogate models. 
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Fig. 6. Comparison of Pareto Fronts computed from RCWA solver against 

model prediction for different training/test repartition. Comparison is 
perfomed on the database PF (a) and the RCWA-optimized PF (b) for the 

blue wavelength. A second-order polynomial fit is applied for each models, 

ranging from lowest repartition (light blue) to highest repartition (dark 

blue). Close fit to 𝑦 = 𝑥 target on database PF with lose of accuracy in 

better optmized points in RCWA-optimized PF highilghts needs of highly 

accurate models to drive the optimization. 
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