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Abstract

Subwavelength photonic structures and metamaterials provide revolutionary
approaches for controlling light. The inverse design methods proposed for fabricable
subwavelength structures are vital for the development of new photonic devices. However,
most existing inverse design methods cannot realise direct mapping from optical properties
to photonic structures; instead, they rely on forward simulation methods to perform
iterative optimization. In this study, we exploit the powerful generative abilities of artificial
intelligence and propose a practical inverse design method based on latent diffusion models.
Our method directly maps the optical properties to structures without requiring forward
simulation and iterative optimization. In this case, the given optical properties can serve as
‘prompts’ and guide the constructed model to ‘draw’ the required photonic structures
correctly. Simulations and experiments show that our direct-mapping-based inverse design
method can generate fabricable subwavelength photonic structures with high fidelity while
following the given optical properties, such as the transmission power, phase, and
polarisation responses. This may influence the methods used for optical design and
significantly accelerate the research and manufacturing of new photonic devices.
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Introduction

Subwavelength structures such as photonic crystals and metamaterials have led to
revolutionary approaches to light-field regulation'™. Because these subwavelength
structures cannot be analytically modelled using geometric or wave optics, conventional
design approaches are mainly achieved by selecting an optimal match from a predefined
library with a limited design space®® of photonic structures based on forward simulation.
The newly developed inverse design approaches’ can significantly enlarge the design space
and have shown powerful capabilities in generating less intuitive but more effective

photonic structures!®!!

. However, because existing inverse design strategies usually
transform an inverse design problem into an optimization problem and obtain the optimal
design using iterative algorithms'?>!'®, the generated photonic structure in each iteration
must be forward modelled using numerical simulation methods, such as the finite-
difference time domain (FDTD)!?, which is computationally expensive. In addition, these
inverse design methods potentially face the common problems encountered by
optimization algorithms that involve convergence, efficiency, and global optima.

To overcome the limitations of optimization-based inverse design algorithms, several
attempts have been made to train deep neural networks (DNNs) and achieve direct mapping
from optical properties to photonic structures*’-3*. Recent research on artificial intelligence

(Al)-generated content?>

and Al for science has shown great potential for DNNs in various
practical fields, such as the generation of realistic images®®, chatbots®’, medicine®®,
chemical research®®, and mechanical research*’. To realise practical Al for optics, the gap
between optical physics and neural network parameters must be bridged. Although the
most advanced Al-based inverse design methods have demonstrated significant
improvements, they still encounter substantial challenges in practice, such as the

nonuniqueness or existence of solutions, fabrication constraints, limited generalisability,

and different distributions of input data between training and deployment. Therefore, they
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are usually implemented in a predefined and limited design space, in which the inverse
problem is a one-to-one mapping®®?*. In summary, the lack of effective and accelerated
design methods has become a major concern for the further development of new photonic
devices!10,

In this study, we propose an inverse design method to achieve direct mapping from
optical properties to photonic structures based on a latent diffusion model (LDM)?¢, named
Al-generated photonics (AIGP). We exploit the powerful image-synthesis ability of
diffusion models*!**? to enlarge the search space and design new photonic structures. In this
case, the given optical properties can serve as ‘text prompts’ and guide the model to ‘draw’
the required photonic structures. To achieve such direct mapping, we devised an encoding
method for optical properties and designed a prompt encoder network to solve the
nonuniqueness problem and provide an interface for designing photonic structures on
demand. In addition, a fast forward prediction network is proposed to accelerate the
simulation process significantly and realise end-to-end training. We also present a training
dataset containing arbitrary shapes that enables as large a design space as possible while
meeting the fabrication limits. Compared with existing methods, AIGP addresses key
challenges in inverse design, including the nonuniqueness problem, handling unseen inputs,
and eliminating the need for iterative optimization. By solving these long-standing issues,
a new perspective on photonic design through deep generative models is provided.
Moreover, the diffusion network is much easier to train and more powerful than generative
adversarial networks*. It can be easily scaled to large sizes and provides strong generative
capabilities. In addition, the diffusion network can generate freeform shapes with various
topologies. The prompt encoder network addresses the gap between abstract design
demands and realistic optical properties. A more detailed comparison with existing studies

is provided in Supplementary Note 1.

Because photonic devices are generally composed of individual subwavelength
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structures or arrays of building blocks, which are usually referred to as meta-atoms™>44-48,

we illustrate the powerful direct mapping capabilities of our method with an example of
designing meta-atoms from given transmission power, phase, and polarisation properties.
Moreover, our method can be easily generalised to other photonic inverse design problems
via transfer learning. It can greatly inspire and accelerate the development of various
photonic devices and applications such as optical computing, metalenses, hyperspectral

imaging chips, structural colours, and beam splitters.
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Fig. 1 Schematics of inverse design methods. a. Optimization-based inverse design
methods usually model only the forward prediction process and execute iterative
optimization algorithms to obtain an inverse design result. In contrast, direct-mapping-
based inverse design methods aim to model the inverse problem of forward prediction
directly. b. The framework of our proposed direct-mapping inverse design method is based
on latent diffusion. It mainly consists of an image encoder-decoder network (multilayer

perceptron; MLP), a forward prediction network, a prompt encoder-decoder network, and



a latent diffusion network. Note that only the image decoder, prompt encoder, and latent

diffusion are required at inference.

Results and Discussion
Direct-mapping inverse design via LDM

Assuming that the given photonic structure is x and the corresponding optical
property is y, optimization-based inverse design methods model the forward prediction

process f(+) such that y = f(x) and perform the inverse design procedure by solving

the optimization problem X = minimize ||y — f(z)||. As shown in Fig. la, for
Z

optimization-based inverse design, the optimization process usually requires a large
number of iterative calculations, which is computationally expensive. In contrast, the
direct-mapping-based inverse design method attempts to model the inverse function of f (-
) such that the inverse design result X = f~1(y) can be directly obtained without any
iterations. The implementation of this inverse function is shown in Fig. 1b. A
subwavelength structure can be described by its geometry, which is usually parameterised
by binary-valued pixels that indicate different materials, such as silicon and air. To
accelerate the diffusion process and reduce the number of required network parameters, we
adopt the latent diffusion’® strategy, which encodes the target geometry into a set of latent
parameters to reduce the dimensionality of the design parameters significantly and perform
the diffusion process in the latent space. The latent parameters generated by the diffusion
network are finally decoded using the image decoder network to obtain the design results.
The implementation details of our diffusion network and the image encoder-decoder
network are described in the Methods section.

As shown in Fig. 1b, in addition to the latent diffusion network and image encoder-
decoder network, a forward prediction network and prompt encoder-decoder network are

included in our inverse design framework. Although forward prediction is not required in
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the direct-mapping-based inverse design process, it is required to generate input data during
the training process. Therefore, to accelerate the forward prediction process, we propose a
DNN-based forward prediction network to replace the numerical simulation method and
train the diffusion network efficiently.

The prompt encoder network is proposed to perform fuzzy searches because we may
not be able to determine a photonic structure that matches the given optical property exactly;
however, we attempt to identify compatible solutions in most cases. The prompt encoder
network is trained to encode only the required key features of the input optical properties
while ignoring other irrelevant details via self-supervised learning. The encoded results
function as conditional controls for the diffusion process and guide the diffusion network
to generate subwavelength structures that match the required key features. More
specifically, assuming that the prompt encoder network is g(-), its output v = g(y)
indicates the reduced properties that contain only key features such as the working band,
cutoff frequency, and resonance point of the optical properties. In this manner, the diffusion
network is not trained to model £ = f~1(y), but rather, to model £ = f~1(g~1(v)).
Notably, v = g(y) is designed as a many-to-one mapping because the optical properties
such as the transmission responses of different meta-atoms may have the same key features.
Therefore, our inverse design method can solve the nonuniqueness problem in a free rather
than limited design space by learning the one-to-many mapping function g~ 1(-).
Moreover, only the key features, instead of all accurate optical properties, can be sent to
the inverse design algorithm. The prompt encoder network can accept abstract inputs,
enabling fuzzy searches and providing an interface for on-demand inverse design. Our
method is data driven, and the input training dataset is vital for its performance because
this dataset determines the search space. Therefore, the training dataset is expected to
contain two-dimensional (2D) geometries that are as arbitrary as possible. With reference

to the freeform shape generation method*’, we design an algorithm to build a dataset of
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arbitrary shapes that satisfies the imposed fabrication limits. These arbitrary shapes provide
a much larger design space than shapes generated from predefined parameters, thereby
enabling the inverse design of subwavelength structures with complex and superior
functions.

To evaluate the capabilities of our direct-mapping inverse design, the principles and
experiments of our inverse method are demonstrated via the design of meta-atoms, which
are widely adopted in metasurfaces with various functions®!>#463 Specifically, we use
meta-atoms based on a silicon-on-insulator (SOI) with a 220-nm-thick silicon layer as an
example and train the network to produce an inverse design subject to the given optical
response. We also show that our inverse design method can be easily converted to design
meta-atoms based on other materials, such as the commonly used 600-nm-thick TiO> layers
on SiO> substrates. Detailed results of the inverse TiO; meta-atom design process are
provided in Supplementary Note 2. Because numerical simulations are time consuming,
the transmission properties of every meta-atom can be quickly and accurately predicted
using the designed forward prediction network using only a small number of simulated
meta-atoms as training samples. Although our inverse design method contains several
different networks, which will be further discussed in the following sections, only the
image decoder, prompt encoder, and latent diffusion networks are required for inference

purposes. The training protocol is described in the Methods section.

Forward prediction network based on Transformer model

Our forward prediction network builds on the Vision Transformer’! model. As shown
in Fig. 2a, we sliced the 2D geometry of the target meta-atom into 16 X 16 patches; this
strategy is similar to the mesh process in an FDTD simulation. The other network details
are provided in Supplementary Note 3. The network predicts the complex-valued

transmission response of the meta-atom under horizontally polarised incident light. The
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network outputs the real and imaginary parts of the complex-valued transmission response,
which can be further converted into the transmission power and phase spectra.

To study the performance of our forward prediction network, we employed it in a
parameter-sweeping task. Parameter sweeps are commonly utilised in meta-atom design
tasks to determine the optimal design parameters. We swept the period of the meta-atom
shown in Fig. 2a from 300 to 700 nm. The transmission power and phase spectra predicted
by our network for different periods are shown in Fig. 2b. We also present the prediction
results obtained with a period of p = 550 nm in Fig. 2c for comparison with the FDTD
simulation results. The network predictions and simulation results were almost identical.
Whereas the FDTD method may require over 10° iterations to achieve simulation precision,
our forward prediction network is a noniterative and end-to-end method, which
significantly reduces the computational cost while maintaining high precision. Therefore,
the proposed method is approximately 2000 times faster than the FDTD simulation strategy,
and can be even faster when accelerated by a GPU. Additional test results and details are

provided in Supplementary Note 4.
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Fig. 2 Forward prediction network and its prediction results. a. The network is
based on the Vision Transformer model. The 2D geometry of the meta-atom was sliced into

several patches and sent to the network as input; this strategy is similar to the mesh process
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in FDTD simulations. The period of the meta-atom was also used as input. b. The predicted
transmission power and phase responses of the meta-atom are shown in a. The period
parameter was swept from 300 to 700 nm. ¢. This subfigure shows the predicted results
obtained with a period of p = 550 nm, which are indicated by the grey dashed lines in b.
The prediction fit well with the FDTD simulation results. d. The attention maps of the
Transformer block displayed some similarities to the electric field distribution at several

wavelengths.

After training, the forward prediction network is fixed to train the diffusion network.
Its performance indicates its significant potential for quickly obtaining the transmission
responses of meta-atoms. Similar DNN-based fast forward prediction strategies have been
adopted in previous works!'7?%2*32 However, existing approaches usually use predefined
parameters, such as the radius and width, as inputs. Therefore, the constructed DNN can
only be applied to certain regular geometries. Our prediction network is designed to
perform forward predictions for arbitrary shapes. It does not make any assumptions
regarding the geometries of the subwavelength structures, thereby attaining better
generalisability. This method can be an efficient alternative tool for replacing numerical
simulations in studies involving metasurfaces and subwavelength structures. Furthermore,
the forward prediction network has four Transformer blocks, each of which can output an
attention map generated by the self-attention mechanism. Analysing these attention maps
provides a possible means of understanding black-box DNN models. For example, by
studying the attention maps produced by our network, we found that the first Transformer
block mainly extracts the interrelationships between contiguous patches, which are
comprehensible because the light field is typically localised in subwavelength structures.
The second block attempts to analyse the interactions between nonadjacent patches, which

may facilitate the study of nonlocal light fields. The second attention map exhibits some
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similarities with the electrical-field distribution at certain wavelengths, as shown in Fig. 2d.

The attention maps are further analysed in Supplementary Note 5.

Prompt encoder network trained using self-supervised learning

As mentioned previously, a prompt encoder network is vital for solving
nonuniqueness problems. We propose a self-supervised learning strategy inspired by
masked autoencoders® for training a network that satisfies these requirements. As shown
in Fig. 3a, the input of the prompt encoder network is the masking property, which is
acquired by applying a certain mask to the input. Thus, some spectral bands of the
transmission response are masked (where mask = 0) and unseen by the network. Only
the unmasked (where mask = 1) bands are accepted by the network and encoded. By
utilising this strategy, the insignificant parts of the optical properties of interest can be
masked and the prompt encoder network is guided to output the reduced key features, rather

than the entire set of precise features.
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of the property is seen by the network. An additional prompt decoder network is adopted
to train the prompt encoder network via self-supervised learning. b. Different inverse
design results that are subjected to the same input property and mask are shown in a. The
proposed prompt encoder enables such a one-to-many mapping to solve the nonuniqueness

problem.

To train a high-performance prompt encoder network, another decoder network that
enables self-supervised learning is required. The decoder network G~ !(-) attempts to
recover the entire precise property according to the reduced key features v. In this case,

g 1(") is designed as a one-to-one mapping rather than a one-to-many mapping to ensure
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the uniqueness of its output. Self-supervised learning can be achieved by minimising the
mean squared error between the one-to-one pairs of the input property y and recovered
property y. The detailed training strategy, network architecture, and testing results are
presented in Supplementary Note 6. The training dataset includes several realistic
transmission responses simulated using FDTD and handcrafted transmission responses,
including ideal filter responses, resonance peaks, and random Fourier and Gaussian curves.
In this manner, the prompt encoder is trained to accept both realistic and abstract data. After
performing self-supervised learning, the decoder network is discarded and the encoder
network is fixed to train the diffusion network. Given the design target (input property and
mask) shown in Fig. 3a, after encoding is performed through the prompt encoder network,
the latent diffusion network can be guided to generate various design results (Fig. 3b). Each
result presents a possible solution to the inverse design problem, indicating that the
proposed prompt encoder enables one-to-many mapping to solve the nonuniqueness
problem. Further ablation studies on the prompt encoder network are described in

Supplementary Note 12.

Inverse design results produced by the diffusion network

After preparing the forward and prompt encoder networks, the diffusion network can
be trained effectively trained. The workflow of the inverse design process is presented in
Supplementary Note 17. To test the direct-mapping-based inverse design ability, we first
attempted to map a full-band precise realistic transmission power response to its
corresponding meta-atom, as shown in Fig. 4a. The 2D geometry and period of the meta-
atom were generated directly by the diffusion network, and forward prediction was not
required. We simulated the transmission responses of the generated meta-atoms using
FDTD and the results are shown as green curves. The simulated transmission responses fit

the design targets well. The results indicate significant inverse design performance. Fig. 4b
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displays the working process of the latent diffusion network. After several denoising and
diffusion steps, the required meta-atom was directly generated to satisfy the given
transmission power properties as well as meet the imposed fabrication requirements.
Notably, some delicate structures that were too small to be fabricated were automatically
eliminated because our training dataset is designed to ensure that the generated shapes
satisfy the required fabrication constraints.

C4 symmetry is an important property because meta-atoms with C4 symmetry are
polarisation insensitive**. Our diffusion network can also be controlled to generate meta-
atoms with or without C4 symmetry constraints. Fig. 4c shows the inverse design of a meta-
atom with C4 symmetry. The design results also meet the expectations. In addition, several
uninteresting bands can be masked and meta-atoms that satisfy the given transmission-
power properties in a certain band can be generated. Examples are shown in Fig. 4d and
4e. These results indicate that the masking strategy and prompt encoder network provide a

flexible format for the input design target.
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transmission responses. g. Examples of inversely designed meta-atoms produced according
to the transmission responses that are induced under different polarisation conditions. h.
Example of an inversely designed meta-atom constructed according to the transmission

phase responses.

In general, the precise transmission-power response is not fully understood. Instead,
we can provide only abstract design parameters. Fig. 4f shows an example of designing a
longwave-pass filter. The cutoff wavelength is expected to be approximately 750 nm, and
the working band is 650-800 nm. These specifications can easily be converted into the
input property (blue curve) and input mask (orange curve), as shown in Fig. 4f, which can
be accepted by the prompt encoder network. We can then obtain the inverse design result,
which is also shown in Fig. 4f. The results demonstrate the fuzzy search ability of the
proposed inverse design method. Such an ideal filter cannot be achieved using a 220-nm-
thick silicon meta-atom. However, our diftusion network attempts to generate solutions
that satisfy these requirements as far as possible. The performance of the meta-atom
generated by our method was also verified using an FDTD simulation. A further analysis
of the physical mechanisms of AIGP is provided in Supplementary Note 13.

To demonstrate the inverse design capabilities of the diffusion network further, we
also employed the network to design bandstop and bandpass filters. The results are
presented in Supplementary Note 8. Compared with traditional design methods such as
parameter sweeping, our inverse design methods can reliably generate the required meta-
atoms. This can significantly accelerate and simplify the design of subwavelength
structures. For example, to detect a red fluorescent protein in a bioluminescent area, the
best approach would be to design a polarisation-independent matched filter. Our diffusion
network can directly map the fluorescence spectrum to the meta-atoms within a few

seconds (Supplementary Note 9).
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In addition to mapping the transmission-power spectrum to the meta-atom, we can
achieve direct mapping from the polarisation properties or transmission-phase spectrum to
the meta-atom. Fig. 4g shows an example of designing a meta-atom with high-power
transmission for horizontally polarised light and low-power transmission for vertically
polarised light at a certain wavelength A,. This inverse design ability can be utilised to
design a polariser or polarisation beam splitter. Fig. 4h shows another example of designing
a meta-atom that produces the same transmission responses at two different wavelengths
A1 and A,; this is useful for designing phase modulation devices that work at multiple
wavelengths. These results indicate the significant potential of our inverse design method
for various applications. A more technical analysis of the latent diffusion network is

provided in Supplementary Note 7.

Fabrication and measurement results of direct-mapping inverse-designed structures
Fig. 4b shows that the diffusion network attempts to generate fabricable
subwavelength structures, which is essential for the inverse design method. The fabrication
limits are learned by the network during the training process. To test the robustness of the
designed results and investigate the actual performance of our method, we designed and
fabricated various subwavelength photonic structures, as shown in Fig. 5. First, we mapped
various transmission-power responses into meta-atoms directly. We encoded a painting of
sunflowers on a chip by designing 64 different structural colours. The inverse design
method was fine-tuned using transfer learning to generate meta-atoms based on silicon-on-
sapphire (SOS) with a 230-nanometer-thick silicon layer. A C4-symmetry meta-atom
achieved each pixel in the painting. Using our method, we mapped the desired transmission
responses at three different wavelengths (623, 528, and 461 nm for red, green, and blue,
respectively) to the meta-atoms. The paint was observed directly under a microscope (Fig.

5a). Here, the colour of the sapphire substrate and the fabrication error (approximately 10
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nm) resulted in slight chromatism between the design target and the measurements. A
detailed study of fabrication errors is presented in Supplementary Note 16.

We then attempted to design a longwave-pass filter with relatively high transmission
in the 700~800 nm bands and low transmission in the 600~700 nm bands. The design target
indicated by the green dashed curve in Fig. 5b is an ideal filter that is impossible to
implement in practice. However, the proposed method could still provide an approximate
solution, as indicated by the blue curves. We fabricated a direct-mapping inverse-designed
meta-atom and measured its transmission spectrum, which is indicated by the red dotted
curve.

Finally, we employed the inverse design method to generate meta-atoms according to
the given polarisation response (Fig. 5c). We designed three different meta-atoms and
encoded two different patterns into two different polarisation directions at the same
wavelength (620 nm). The fabricated chip could present different patterns under

horizontally and vertically polarised light, as shown in Fig. 5d.
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wavelength of 620 nm by the three inverse-designed meta-atoms.

The measurement results demonstrate the practical capabilities of the proposed
inverse design method. This method can generate the desired meta-atoms without iterative
optimization. The results also show that our method can be easily generalised to design
subwavelength structures of other materials through transfer learning. Moreover, the
diffusion model learns the fabrication limits during training. Thus, the generated structures
are fabricable. Further details regarding the design and testing of these structures can be

found in Supplementary Note 10.

Conclusions

We have proposed a direct-mapping-based inverse design method named AIGP based
on a diffusion model. Whereas most existing inverse design methods are based on
combinations of optimization algorithms and forward prediction strategies, our inverse
design achieves direct mapping from optical properties to photonic structures, thus
providing the inverse function of forward prediction. Powered by this direct mapping
technique, the proposed method realises a fast inverse design process without requiring
forward prediction or iterative optimization. Moreover, our inverse design method is more
practical than other approaches because it provides an on-demand interface for accepting
abstract design parameters as inputs, rather than precise optical properties. We achieved
direct mapping from the transmission power, phase, and polarisation responses to
fabricable meta-atoms and verified several inverse design results through fabrication. We
also discuss how to perform an inverse design that simultaneously constrains both the
amplitude and phase in Supplementary Note 18. Our method can significantly accelerate
the development and manufacture of various subwavelength photonic devices.

One of the greatest difficulties encountered when utilising such direct-mapping-based
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inverse design is the uncertainty of the solution, which may not be unique or may not even
exist. To resolve this issue, we introduced a novel framework based on an LDM enhanced
by a dedicated prompt encoder network to enable one-to-many mapping and fuzzy search
capabilities. If a solution does not exist, our method attempts to design a structure that
satisfies the requirements as far as possible via a fuzzy search. However, if the given
property is impossible to realise and no close solution can be obtained, such as in the design
of a 220-nm-thick silicon meta-atom with high transmission at approximately 400 nm, the
diffusion network may generate random outputs because the training dataset does not
contain such impossible matching; therefore, the network does not learn to map such an
input. Fortunately, our forward prediction network can be used to evaluate the inverse
design results rapidly. Therefore, the confidence of the inverse design results can be
determined without further simulations.

In this study, we focused on the inverse design of fabricable meta-atoms. Although
meta-atoms have wide applications in various photonic devices, they are relatively small-
scale photonic structural units, and are typically studied under periodic boundary
conditions. Other photonic devices such as high-performance metalenses require the design
of large-scale photonic structures to overcome the limitations of periodic meta-atoms. Our
method still has the potential to solve such large-scale inverse design problems because
these large-scale structures can also be described by their geometries and compressed by
the image encoder network to reduce the number of required design parameters. LDMs are
also efficient in generating large-scale images. In addition, our method can be used to
design subwavelength structures based on multiple input properties. It is only necessary to
modify the prompt encoder network; that is, change the length and dimension of the input
feature vector. In this manner, different required properties can be concatenated into a
single vector and the diffusion process can also be controlled.

Moreover, our method has significant potential for scaling up to large models. The
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prompt encoder and forward prediction networks are based on the Transformer, which is
the basic building block in large language models such as ChatGPT. The image encoder
and diffusion networks are built on the LDM, which has also already been scaled up by
stable diffusion. Therefore, our work indicates that Transformer-based and generative
deep-learning models offer significant potential for photonics research. Given sufficient
training data, it is possible to achieve a large photonics model. This may inspire future Al

techniques and research and further empower Al in photonics.

Methods
Implementation of latent diffusion network

The overall architecture of our denoising diffusion model was built on the LDM?>¢. We
made some modifications and improvements such that the LDM was suitable for
generating meta-atoms with limited training data, and adopted the TensorFlow>
framework to implement all DNN models. The core of our solution is the generation
mechanism of the diffusion model. In addition to the target optical response y, the model
uses a random latent variable € as input. Whereas y alone maps to multiple structures
{X1s X1, eees Xp}, €ach pair (y, €;) is designed to map uniquely to a specific solution xy.
This transforms an 1ll-posed one-to-many problem into a well-defined one-to-one mapping,
which a neural network can effectively learn. In practice, by sampling different €, users
can generate a diverse set of structures that satisfy the same target response.

We briefly introduce our denoising diffusion model, and more technical details can be
found in the ‘Code availability’ section. First, the 2D geometry of the target meta-atom was
described by a binary image with a size of 256 X 256. The period of the meta-atom was
normalised to the range of (0, 1] and multiplied by the binary image. The image encoder-

decoder network is based on a CNN with residual connections and a self-attention
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mechanism. The image encoder/decoder can encode/decode the image to/from a latent
space with a size of 32 X 32 X 2. Denoising diffusion was conducted in the latent space
to reduce the incurred computational cost significantly. The diffusion network is based on
the U-Net architecture with cross-attention to introduce conditional control. The sampling
strategy used in our diffusion process was DDIM*?, and we adopted a continuous diffusion
time, which embeds the noise and signal rates into the diffusion network. In this manner,
the number of sampling steps can be changed dynamically at the time of inference. In our
experiments, we found that 20 steps were sufficient to generate the required meta-atom

effectively.

Freeform meta-atom generation and simulation

The proposed direct mapping algorithm is presented in contrast to existing iterative
optimization algorithms. Such a direct mapping cannot be achieved using analytical models.
Therefore, we attempted to fit the inverse function of the forward simulation using a data-
driven method in which a training dataset is required. A significant computational cost is
required to generate such a dataset. However, this computational effort is exerted only once.
Once the inverse function is established by training, we can map any transmittance to meta-
atoms directly without iterative optimization or forward simulation. The training dataset
directly determines the search space of the diffusion network. It is vital to train a high-
performance inverse design model and ensure that the subwavelength structures generated
by the diffusion network satisfy the imposed fabrication limits. We generated
approximately 200,000 shapes as arbitrarily as possible with and without the C4 symmetry
constraint. The shapes were then randomly split into training and testing sets in a ratio of
9:1. The periods of the meta-atoms were between 300 and 700 nm. The minimum radius
of curvature of the shapes was restricted to 45 nm to satisfy the fabrication limits. If we

sampled the period at 10 nm intervals from 300 to 700 nm, we would obtain 41 different
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values. We combined these period values with 200,000 different shapes to obtain
approximately 107 meta-atoms. It would difficult to simulate all of these meta-atoms via
numerical simulations. Therefore, we simulated only approximately 10° meta-atoms to
train the forward prediction network.

The simulation was performed using the FDTD method under periodic boundary
conditions and horizontally polarised incident light. The mesh step was set to 10 nm and
the cutoff precision was 10°. The dt stability factor was set to 0.99. The transmission

responses of the other meta-atoms were then quickly predicted.

Training and inference protocols

Each meta-atom was described using a 256 X 256 image. The values of the pixels
were normalised to [—1, 1]. The image was encodedina 32 X 32 X 2 latent space by the
image encoder, and the latent space was normalised to a mean of 0 and variance of 1. We
then trained the image encoder-decoder network. After training, the image encoder-decoder
network achieved a mean absolute error of 0.004 and a root mean square error of 0.028.
The forward prediction network uses a binary image representing the 2D geometry and
period value separately as inputs, rather than encoding them to form a single image. First,
the image encoder-decoder network and forward prediction networks are trained. Then, all
transmission responses of the meta-atoms can be predicted quickly via forward prediction,
and these responses can be used as the training set to train the prompt encoder network.
Finally, the trained image encoder network, forward prediction network, and prompt
encoder network are fixed and the diffusion network is trained. At each training step, a
batch of shapes is randomly selected from the training set, and for each shape, a period
value is randomly generated to form a meta-atom. Subsequently, the transmission
responses are predicted and the meta-atoms are encoded in the latent space. The

transmission responses are further encoded using the prompt encoder network and used as
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a conditional control mechanism for the diffusion network. Finally, the diffusion network
is trained to denoise the latent space with guidance provided by the input conditional
control and signal-to-noise ratio. All networks were trained using the Adam>® optimiser
with a weight decay rate of 0.0001, and the loss was calculated as the mean squared error.
At the time of inference, only the image decoder, prompt encoder, and diffusion networks
are required. However, a forward prediction network can also be used to evaluate the
generated results. A quantitative analysis of the computational cost of the training and

deployment of AIGP is described in Supplementary Note 14.

Chip fabrication

The designed subwavelength structures were fabricated by Tianjin H-Chip
Technology Group Corporation. These structures were formed on a SOS chip. The intrinsic
silicon layer is 230 nm thick and the sapphire layer is 475 um thick with flatness < 15
um. The fabrication process was as follows: Electron-beam lithography was performed at
a beam current of 2 nA using a 250-nm-thick ZEP 520A resist layer. Subsequently, the
pattern was transferred via inductively coupled plasma etching with a gas mixture of CHF3
and SFs. Finally, the chromium mask was removed using a dry etching process with a
combination of CHFs and O.. The linewidth precision of the fabricated samples was
specified as +5% for features above 200 nm and +10 nm for features at or below 200 nm.

The minimum line width was 90 nm.
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