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ABSTRACT OF THE DISSERTATION

Deep Learning for the Design and Characterization

of Nanophotonic Materials and Structures

by

Christopher Yeung
Doctor of Philosophy in Materials Science and Engineering
University of California, Los Angeles, 2022

Professor Aaswath P. Raman, Chair

A central challenge in contemporary materials and photonics research is understanding
how intrinsic materials properties can be optimally combined with nano- or micro-scale structuring
to deliver a target functionality. By leveraging subwavelength nanostructures and the intrinsic
dispersion of constituent materials, tailored changes in the amplitude and phase of incident
wavefronts can be precisely engineered, along with desired spectral characteristics. However, our
ability to meet increasing demands in the performance of photonic structures faces roadblocks due
to the complexity of the materials and structural design spaces that are currently accessible.
Conventional optimization methods, which rely on numerical simulations that solve Maxwell’s
equations, have shown remarkable capabilities in designing nanophotonic structures and are now

commonly used. However, they can be computationally costly and are often intractable for large-



scale designs or high-dimensional design spaces. As a result, data-driven approaches based on
machine learning (ML) have been extensively explored in order to tackle challenging photonics
design problems. To this end, this work explores the application of various advance deep learning

methods for the design and characterization of nanophotonic materials and structures.
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1. Introduction

Nanophotonics is the study of how light, or more generally electromagnetic radiation,
interacts with nanoscale materials and structures to obtain systems or devices with optical
properties that are not found in nature. Metasurfaces, for instance, hold the potential to become a
vital component for many next-generation optical technologies due to their ability to manipulate
the propagation of light within an ultracompact footprint [1]. More broadly, by leveraging
subwavelength nanostructures and the intrinsic dispersion of constituent materials, tailored
changes in the amplitude and phase of incident wavefronts can be precisely engineered, along with
desired spectral characteristics. This new level of control has enabled and accelerated critical
developments in fields such as flat optics [1-3], quantum communications [4], and holography
[5,6]. However, our ability to meet increasing demands in the performance of metasurfaces, and
photonic structures in general, faces roadblocks due to the complexity of the materials and
structural design spaces that are currently accessible.

Conventional optimization methods, which rely on numerical simulations that solve
Maxwell’s equations, have shown remarkable capabilities in designing nanophotonic structures
and are now commonly used [7]. However, they can be computationally costly and are often
intractable for large-scale designs or high-dimensional design spaces [8,9]. As a result, data-driven
approaches based on artificial intelligence (Al) and machine learning (ML) have been extensively
explored in order to tackle challenging photonics design problems [10,11]. Current state-of-the-art
machine learning methods involve training neural networks to learn the underlying relationships
between photonic structures and corresponding optical phenomena. A trained neural network can,
in principle, instantaneously generate designs with substantially lower computational costs than

optimization-based methods. A wide range of neural network and machine learning architectures



have been investigated for the design and characterization of materials [12-15]. In the photonics
context, one-dimensional (1D) tandem networks were used to design core-shell nanoparticles [16],
multilayer thin films [17], and supercell-class metasurfaces [18]. However, such network
architectures are only applicable to simple photonic structures for which geometric and material
properties can be described by a vector of discrete parameters [19]. In contrast, photonic devices
with complex freeform geometries cannot be well-represented by discrete variables, but offer the
potential to achieve new functionalities and greater device performance [20]. For these structures,
image-based generative networks have successfully designed various types of metasurfaces,
including ones with silver [21], gold [22], or silicon [23] meta-atoms and other topological
features. Further studies have combined image-based ML with optimization algorithms to yield
even greater model performance [24,25].

To contribute to the field of AlI/ML for materials design and optimization, this dissertation
presents a collection of works, where we explore and apply a wide range of deep learning methods
for the design and characterization of nanophotonic materials and structures. This goal entails
addressing several contemporary research challenges that remain in this particular field, including
global inverse design across multiple photonic structure classes, handing the inverse design of
multiplexed supercell cell structures with numerous subunit elements, and explaining the behavior
of photonic structures through explainable artificial intelligence. Each project is divided into
individual chapters, where specific examples or problems are introduced, then a corresponding
method is proposed which addresses said problems. Key results of each method are presented, and
potential future directions are discussed. Broader implications and fundamental contributions of
this work lie in the exploration and evaluation of AI/ML algorithms for materials optimization,

which are applicable to a number of materials-related domains beyond nanophotonics and optics.



2. Global Inverse Design Across Multiple Photonic Structure
Classes Using Generative Deep Learning

2.1 Introduction

Understanding how nano- or micro-scale structures and material properties can be
optimally configured to attain specific functionalities remains a fundamental challenge. Photonic
metasurfaces, for instance, can be spectrally tuned through material choice and structural geometry
to achieve unique optical responses. However, existing numerical design methods require prior
identification of specific material-structure combinations, or device classes, as the starting point
for optimization. As such, a unified solution that simultaneously optimizes across materials and
geometries has yet to be realized. To overcome these challenges, we present a global deep learning-
based inverse design framework, where a conditional deep convolutional generative adversarial
network is trained on colored images encoded with a range of material and structural parameters,
including refractive index, plasma frequency, and geometric design. We demonstrate that, in
response to target absorption spectra, the network can identify an effective metasurface in terms
of its class, materials properties, and overall shape. Furthermore, the model can arrive at multiple
design variants with distinct materials and structures that present nearly identical absorption
spectra. Our proposed framework is thus an important step towards global photonics and materials
design strategies that can identify combinations of device categories, material properties, and
geometric parameters which algorithmically deliver a sought functionality.

From the perspective of a researcher or practitioner in the field, enabling a desired set of
optical characteristics today typically involves a prior understanding of the capabilities of different
categories of devices or nanostructures. For instance, ultra-strong field confinement may lead one

to start with a plasmonic architecture, while high transmission applications would lead one to



ensure the use of materials that present low extinction coefficients in the wavelength range of
operation. Designing photonic structures that meet application-specific objectives thus entails
identifying the ideal intersection of material properties, structural composition, and fabrication
process (or device class), as specific combinations are more likely to yield desired functional
characteristics. It is only once a device or photonic structure category has been identified that
numerical optimization methods typically enter the picture to optimize and refine performance
characteristics.

Despite the significant progress in image-based photonics design, existing studies are
limited to designing the two-dimensional structural topology (or geometry) for a single class of
metasurface or nanophotonic structure. In addition, the material properties and out-of-plane
parameters (e.g., layer thicknesses) of the explored structures are typically held constant. The
central limitation identified earlier remains: prior knowledge of which category of structures or
devices may deliver a specific functionality is needed before initiating the optimization procedure
(whether machine learning-based or otherwise). However, human intuition on the optimal
nanostructure category — the initial conditions for a numerical optimization procedure — can
often go awry when faced with competing design goals. Thus, a unified ‘global’ materials and
photonics inverse design approach that can define both the materials and structure (beyond 2D)
across multiple classes of photonic structures has yet to be demonstrated, but could fundamentally
change how we approach the design and optimization of photonic structures and metamaterials.
Moreover, such a capability could prove critical to the design of nonlinear and phase-changing
platforms where optical response depends heavily on material composition and fabrication process

[26].



In this study, we present an image-based deep learning framework for the inverse design
of photonic structures across multiple materials and device categories. Our approach combines the
advantages of material property and structural parameter prediction enabled by 1D tandem
networks, with the freeform design capabilities of image-based deep learning. This is
accomplished through a versatile image-encoding technique where material and structural
parameters such as refractive indices, plasma frequencies, layer thicknesses, resonator geometries,
and metasurface classes are embedded within the discrete ‘RGB’ channels of colored images.
Although we show multiparametric encoding through different shades of color in a 3D array (as
an initial demonstration), we note that this information can also be encoded via higher-dimensional
matrices or data structures that extend beyond the ‘RGB’ color system. The encoded images are
used to train a customized conditional deep convolutional generative adversarial network
(cDCGAN), which we evaluate by inputting a variety of target absorption spectra. In response to
the input spectra, the network generates corresponding metasurface designs that are validated
through full-wave electromagnetic (EM) simulations. To determine network accuracy,
performance, and generalizability, the simulated spectra are compared to the input targets. Through
this process, we demonstrate that the network simultaneously optimizes the material properties
and 2.5D structuring across multiple classes of metasurfaces, thus validating the feasibility of a
global inverse design framework that accounts for all the parameters which govern the optical
behavior of photonic structures. We note that ‘global’ in this context refers to the network’s ability
to perform a global search within the surveyed design space [8,26], which includes material
properties and freeform topology, but the network does not guarantee that the final generated

device is globally optimal.



2.2 Results and Discussion

We consider two classes of absorbing metasurfaces in developing and demonstrating our
inverse design approach (Figure 1a). First, we consider metal-insulator-metal (MIM) structures,
where a thin dielectric layer is sandwiched between two metal layers (one uniformly deposited and
the other lithographically patterned). This class of metasurface exhibits a relatively broad
Lorentzian-shaped absorption response supported by each individual resonator, which renders this
type of structure highly-amenable to thermal emission and energy harvesting applications [27,28].
Next, we consider hybrid dielectric metasurfaces with a metal film substrate, which take advantage
of a cavity effect to produce an asymmetric, narrow-band Fano resonance that is well-suited for
optical sensing and detection [29].

As seen in Figure 1b, the first step of our encoding method involves capturing the planar
geometries (G) and material properties of the metasurface resonator (M), followed by the
thicknesses of the dielectric layer (T), for both MIM and hybrid dielectric metasurfaces. We then
encode G, M, and T into the red, green, and blue channels of a colored image. Within our encoding
scheme, the red-channel represents the plasma frequency (M=wr) and shape of the metal resonator
in an MIM structure. The green-channel represents the real refractive index (M=n) and shape of
the dielectric resonator in a hybrid dielectric structure. The remaining pixels in the blue-channel
are used to define the thickness of the dielectric layer (in nanometers) for both metasurface classes.
Thus, a red-blue color scheme indicates MIM structures while green-blue indicates hybrid
dielectric structures (red-green image combinations are undefined). With this strategy, in addition
to representing resonator geometry, different colors on an image can be used to describe unique
combinations of material and structural parameters, which in turn yield significantly more

variation in achievable optical responses than single-material approaches.
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Figure 1. (a) MIM and hybrid dielectric metasurfaces with Lorentzian-shaped and Fano-shaped
absorption responses, respectively. (b) Representing distinct classes of metasurfaces as color-
encoded images. Metasurfaces are converted into images representing their planar geometries.
Material properties, thickness values, and metasurface class are encoded into the images as various
shades of color, allowing more degrees of freedom for metasurface design.

Though the described material properties can be denoted by individual values instead of

entire image channels, the presented channel-encoding method offers several key advantages.



First, it combats the well-known noise-related artifacts found in image-based ML technigues such
as generative adversarial networks (GANS) [8,21] by ensuring that the encoded properties are
appropriately weighted towards the network’s final predictions. A detailed analysis of models
trained on several property-encoded neurons versus models trained on whole image channels is
found in the Supporting Information. Additionally, in principle, our approach only requires small
modifications to the input dimensions of an existing model (e.g., changing from a 64x64 to
64x64x3 matrix), which allows us to leverage existing model optimization and training techniques
without significantly increasing training costs. Furthermore, the presented method is capable of
representing spatially-varying material properties along the entire physical structure, which
enables the design of 3D or complex gradient-index and metal alloy-based structures that are, in
principle, amenable to existing fabrication methods [49]. A demonstration of this design capability
is shown in Figure S6.

Our training dataset consists of 20,000 metasurface unit cell designs, represented as image-
vector pairs, derived from seven shape templates: cross, square, ellipse, bow-tie, H, V, and tripole-
shaped. Detailed information regarding these designs is found in Figure S1 of the Supporting
Information. MIM and hybrid dielectric structures are captured within 3.2x3.2 um2 and 7.5x7.5
um2 unit cells, respectively. Each design was converted into a 64x64x3 pixel ‘RGB’ image using
the rules established above. A single pixel therefore corresponds to a minimum feature size of 50
nm (MIM) and 120 nm (hybrid dielectric), which is well-within feasible fabrication range [21,50].
Furthermore, we employed a Gaussian filtering post-processing procedure (described in the
Supporting Information) to enhance device performance and fabricability. Finite-difference time-
domain (FDTD) simulations were performed on the designs (Lumerical) to obtain an 800-point

absorption spectrum vector (from 4-12 um) for each structure. Low quality designs (defined in the



Supporting Information) were removed from the training set to maximize the model’s utility and
performance [30]. Figure S2 illustrates the peak absorptions and resonance wavelengths of the
spectra represented in the final training dataset.

During the color-encoding step, the Drude model plasma frequencies of the metal
resonators (wp=1.91 PHz for gold [31], wpr=2.32 PHz for silver [32], and wp=3.57 PHz for
aluminum [33]) were used to encode the red channel, and the real refractive indices of the dielectric
resonators (n=2.41 for zinc selenide [34], n=3.42 for silicon [35], and n=4.01 for germanium [35])
were used to encode the green channel. The encoded material properties are based on optical
constants from the same mid-infrared wavelength range as the simulations. A range of dielectric
thickness values (100 nm to 950 nm) were used for the blue channel. To support the ‘RGB’ color
scheme, all encoded values were normalized from 0 to 255.

Using the encoded images, we trained our image-based deep learning model using a GAN-
based architecture. GANSs have been recognized as the best performing type of generative network
[19]; a class of neural networks that can directly find multiple solutions to a given problem. Other
types of networks that fall in this category include variational autoencoders (VAESs) [52] and
mixture density networks (MDNSs) [53]. Recent developments in GAN technology have led to
numerous GAN-variants, including but not limited to: the Self-Attention GAN (SAGAN) [36],
Deep Regret Analytic GAN (DRAGAN) [37], StyleGAN [38], Wasserstein GAN (WGAN) [39],
and the Least Squares GAN (LSGAN) [40]. Here, as an initial proof of concept, we tested our
framework using a modified cDCGAN architecture, as shown in Figure 2a. cDCGANSs have
previously been used to generate domain-specific images in response to input conditions [41-43].
Implemented in the PyTorch framework, the cDCGAN consists of a generator and a discriminator.

Initially, batches of absorption spectra (y) are fed into the generator, along with a latent vector (),



to generate ‘fake’ images (G) that are similar to the ‘real’ images (x) from the training set. The
latent vector is sampled from a random uniform distribution and allows the generator to map a
probability distribution to a design space, thereby enabling a one-to-many mapping [26]. Both G
and x are then fed into the discriminator (D), which attempts to distinguish the generated images
from the real. Thus, the generator is trained to produce convincing images that deceive the
discriminator, while the discriminator is trained not to be deceived — a competition which leads
to the joint and stepwise improvement of both networks via their loss functions. These loss
functions are calculated using the binary cross-entropy criterion, and the complete model

interaction is represented as:

ming maxp 1(G,D) = Exop,,.0llog D(x, )} + E;p,»{log(1 —D(G(z,¥))}, (1)

where E is the expected result, pdata(x) is the training data distribution, pz(z) is the latent vector
distribution, log(D(x,y)) + log(1—D(G(z,y))] is the discriminator loss (LD), and log(D(G(z,y))) is
the generator loss (LG). During training, the objective is to maximize LD and LG. We note that
our definition of the LG differs from the original GAN implementation, where log(1—-D(G(z,y)) is
minimized instead, since this was shown to not provide sufficient gradients [53,54]. To improve
the performance of the cDCGAN, we applied one-sided label smoothing and mini-batch
discrimination [44,45]. Unlike previous cDCGAN implementations, our approach relies on
adversarial training without explicitly guiding the generator towards known images [21], thereby
achieving a greater degree of generalization that is unconstrained by pre-existing images. Over 40
different cDCGAN architectures were trained through extensive hyperparameter tuning, and the

optimized architecture can be found on Figure S3. Several alternative parameter-encoding schemes

10



were also trained and presented in Figure S4, where models trained on several neurons (to represent
encoded properties) were compared to models trained using the entire ‘RGB’ channels. The
validation losses of each method are reported in Table S1 and S2, and the color-encoding approach
is shown to exhibit the best performance among the tested encoding schemes. After training the
cDCGAN, we developed an image processing workflow to convert the generated images into full
3D metasurface designs (Figure 2b). In this workflow, the material property (wp or n) and
thickness values (t) are calculated by taking the average pixel-values in their respective channels
(based on structure classification), then reversing the normalization performed in the encoding

step. Additional details regarding this process can be found in the Supporting Information.
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Figure 2. Schematic of the cDCGAN training and design process. (a) Both the generator and
discriminator are neural networks that train in tandem to maximize the generator’s accuracy. (b)
After training, the generator can be used for multi-class metasurface inverse design. Images
synthesized by the generator are decoded to construct 3D models of metasurfaces with unique
material and structural parameters. The generated structures are then simulated to verify their
adherence to the input target spectra.

In the GAN-metasurface design process, new materials were specified in the EM
simulation software using the generated wep or n values. We note that new materials created in this
manner may not be compatible with fabrication schemes which rely on conventional materials.

However, the presented material definition scheme allows the model to freely predict a continuum

of material properties that are otherwise lost or disregarded due to categorical approximations,
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which enables a wider range of material property-driven designs. For example, metamaterials
using dielectrics embedded with custom nanoparticle formulations can yield materials with
effective refractive indices that can be deterministically tuned [46-48,56]. Prior studies have also
employed nanoscale metallic alloying to achieve tailored plasma frequencies.57 Highly granular
material-level predictions, as we show are possible here, would therefore enable additional degrees
of freedom for materials optimization, which may in turn yield novel optical responses.

We evaluated the performance of our trained cDCGAN and image processing method by
inputting a set of absorption spectra (coupled with randomly sampled latent vectors) and analyzing
the resulting designs. Since the GAN may produce a distribution of designs with potentially
varying degrees of accuracy [8,51], ten different latent vectors were generated for each target
spectrum, which were then used as inputs to the network. Each design is verified using numerical
simulation, then the design (and corresponding latent vector) with the lowest mean-squared error
to the target is reported as the final design. Figure S7 shows the distribution of designs (across
different latent vectors) for several input targets, where we observe that each design variant has
over 90% accuracy in comparison to the input target. Following this procedure, Figure 3 presents
a series of tests performed with inputs that originate from the validation dataset (10% of the
training dataset). Here, the blue lines represent randomly selected inputs (across both classes of
structures), and the orange lines are the simulated spectra of the cDCGAN-generated designs.
Images of the corresponding structures (direct outputs of the network) are shown to the right of
each plot. Below each image are the associated material property («we or n) and dielectric thickness
values which are derived from the aforementioned decoding scheme. Figure S8 shows the

equivalent results for inputs from the training dataset.
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Figure 3. Randomly selected absorption spectra from the validation dataset (blue) which were
designated as input targets for the cDCGAN. The simulated spectra of the cDCGAN-synthesized
designs (orange) are plotted alongside the targets for comparison. Images representing the
respective structures are shown to the right of each plot, with material and thickness information
below each image. Units for plasma frequency (wp) values are in PHz and thicknesses (t) are in
nanometers. The results here reveal that the network can identify the underlying relationships
between structure, material, metasurface class, and optical response to provide new yet accurate
solutions that extend beyond the known designs.

We observe that in each test case, the network predicted the class of structure that
corresponds with its particular type of spectral response. Specifically, when Fano-shaped spectra
of various hybrid dielectric structures were passed into the network, the network exclusively
generated hybrid dielectric structures (or green-blue images). Similarly, Lorentzian-shaped inputs
yielded only MIM structures (or red-blue images). The generated images suggest that the network

was capable of: 1) learning the distinguishing features and optical responses between the two

explored classes of metasurfaces, and 2) using this information to predict the appropriate class
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based on the nature of the input spectra. In addition, across a wide range of input spectra, we
observe that the network synthesized designs that are noticeably different from the known
structures (either in resonator shape or property/thickness). Despite this difference, the generated
designs exhibit responses that strongly match the input targets. Thus, these results show that our
network is not simply mimicking designs from the training dataset. To a degree, the cDCGAN is
capable of learning the underlying relationships between structure, material, metasurface class,
and optical response to provide new yet accurate design solutions that extend beyond the training
data.

To assess our network’s ability to solve arbitrarily-defined design problems, we tested the
network using ‘hand drawn’ target spectra. These targets are derived from the Fano resonance and
Lorentzian distribution functions and have no associated design or structure. We evaluated the
cDCGAN’s performance across a wide range of inputs by using each function to create 200 spectra
with amplitudes ranging from 0.5-0.9, and resonance wavelengths ranging from 5-9 um, for 400
total test spectra. Figure 4a and Figure 4b show several results of the Fano-shaped and Lorentzian-
shaped targets, respectively, where a strong match between the targets and simulated designs can
be observed. A statistical evaluation of the entire test dataset is reported in Figure 4c (for the Fano-
shaped targets) and Figure 4d (for the Lorentzian-shaped targets). Here, the histograms illustrate
the number of test spectra which reside in specific MSE value ranges. Dashed-red lines indicate
the average mean-squared error (MSE) of the Fano-shaped and Lorentzian-shaped targets, which
equal to approximately 8.5x10-3 and 2.9x10-3, respectively. Through these plots, we note that the
accuracy of the Fano targets is lower than the accuracy of the Lorentzian targets. However, further
analysis of the training dataset (Figure S2) and the individual test results (Figure S5) reveal that

the low-accuracy regions of the Fano-shaped structures correspond to regions that are not well-
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represented by the training data, whereas the high accuracy of the Lorentzian-shaped spectra can
be explained by the wide spectral range of the MIM structures. Therefore, the performance of the

Fano-shaped designs can potentially be improved by expanding the training data and design space.
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Figure 4. cDCGAN response to arbitrary ‘hand drawn’ targets for which there are no
corresponding structures. The inset images show the synthesized images with material and
structural information. (a) For Fano-shaped and (b) Lorentzian-shaped input targets, various hybrid
dielectric and MIM structures with matching simulated responses are produced, respectively. Units
for plasma frequency (wp) values are in PHz and thicknesses (t) are in nanometers. Statistical
analyses across the entire test dataset (400 total spectra) for the (c) Fano-shaped and (d)
Lorentzian-shaped targets.
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In principle, the ‘one-to-many’ mapping capabilities of GANs allow the deep learning
model to generate multiple answers to a given problem. In the context of photonics design, this
‘one-to-many’ feature could provide an assortment of design options from which the designer can
select from. Accordingly, to harness the full potential of our property-embedded cDCGAN, we
evaluate and report the network’s ability to generate multiple designs for a single target spectrum.
To ensure consistency, this ‘diversity test’ was performed on several target spectra. As seen in
Figure 5a and Figure 5b, we queried the cDCGAN with Fano-shaped and Lorentzian-shaped
spectra, respectively. For each spectrum (shown in their individual plots), a second query was
performed after resampling the latent vector and slightly perturbing the starting spectrum. While
not perturbing the spectrum still produced unique results on the second run (as shown in Figure
S7), adding small perturbations (less than 0.01 shifts in amplitude at various wavelengths)
increased the overall uniqueness of the new designs. It can be observed that for each of the Fano-
shaped and Lorentzian-shaped inputs, the network is able to generate two designs with distinct
resonator geometry, material properties, and/or dielectric thicknesses. Importantly, though the
designs have varying levels of differences, their absorption spectra remain approximately the
same. The diversity of ‘one-to-many’ structures for a target spectrum is tied to the available shapes
and materials that the network was able to learn from, and allows us to make use of the non-
uniqueness problem that is traditionally a limiting factor in inverse design approaches in photonics.
A training dataset with a larger variety of materials and geometries could certainly yield a wider
panel of designs for a given target, thereby providing end-users a range of materials and geometric
designs that can deliver the same spectral response.

While the presented inverse design framework was intended to generate arbitrary material

predictions as a means to enable additional degrees of freedom for geometry and materials
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optimization, a key limitation of the presented approach thus far is that constituent materials with
arbitrarily-defined properties are generally more difficult to fabricate or synthesize than
conventional materials. Accordingly, to enhance the capabilities of the proposed framework in
terms of their fabricability and accessibility, we demonstrate that the GAN can be used with a
look-up table to substitute the predicted material properties with the closest properties derived
from standard materials (shown in Figure 6). In particular, Figure 6a shows a series of tests where
the input targets are Fano-shaped spectra. Here, the GAN predicted arbitrary geometries,
thicknesses, and refractive index values of 2.48, 2.32, and 2.58 (from left to right). We observe

that the simulated structures match well with the target responses (as previously demonstrated).
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Figure 5. Demonstration of the ‘one-to-many’ mapping capabilities of the cDCGAN. Multiple
structures with different materials and designs can be generated for a given (a) Fano-shaped or (b)
Lorentzian-shaped target spectrum. Units for plasma frequency (wp) values are in PHz and
thicknesses (t) are in nanometers.
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Next, to implement the look-up table, we substitute the GAN-generated values of n with
those of the closest materials found in a publicly-available database [61], including: CdSe
(n=2.44), GaSe (n=2.38), and CdTe (n=2.68) [58-60]. In Figure 6b, we perform a similar set of
tests with Lorentzian-shaped spectra, where the predicted materials are substituted with Au and
Ag [31,32]. In both cases, after repeating the simulations, we observe that the material
approximations maintain ~90% accuracy in comparison to the GAN’s true predictions. Thus, we
demonstrate an alternative approach at using our inverse design framework to achieve designs with
greater accessibility (while maintaining reasonable accuracy). We also note that some materials
identified through this approach are unique and do not exist in the training dataset (CdSe, GaSe,
and CdTe). However, by virtue of the GAN-based approach outputting a new material parameter
(refractive index or plasma frequency) as its prediction, we are able to identify other materials
(beyond the training data) that can meet the requirements of a newly sought target. We believe this
highlights a notable strength of our approach, because class-based machine learning-based
methods are restricted to predicting material categories that are only available in the training
dataset. As we demonstrate here, our approach enables a new degree of generalization and design
flexibility by allowing practitioners to access more materials than those represented by the training
data. While the particular examples we presented show that the GAN predicts values which fall
within the range of real materials, we acknowledge that the GAN may also predict properties
beyond the current scope of conventional materials. However, we expect the accuracy of such
material approximations to improve as material libraries, and material accessibility in general,

continue to develop and grow.
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Figure 6. Applying similar materials to the cDCGAN predictions to increase fabricability.
Comparison between (a) Fano-shaped and (b) Lorentzian-shaped input targets (blue). Units for
plasma frequency (wp) values are in PHz and thicknesses (t) are in nanometers. Simulated results
reveal that material approximations (green) maintain ~90% accuracy in comparison to the GAN-
predicted materials (orange).

2.3 Conclusions

In summary, we present a deep learning-based photonics design framework that enables
the simultaneous prediction of metasurface topology, material properties, and out-of-plane
structural parameters across multiple classes of metasurfaces. Our framework is centered on a
conditional deep convolutional generative adversarial network (cDCGAN) and a multiparametric-
encoding strategy in which the colors of an image are encoded with various material and structural
properties. By accounting for the global parameters which govern the optical behavior of
metasurfaces (material, structure, and device class or fabrication process), our approach overcomes
the key limitations of previously-demonstrated generative models, where only a few of the
aforementioned design criteria were considered. Evaluation of our model’s performance reveals
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that it is capable of generating not only accurate and distinct solutions from the training and
validation datasets, but also multiple design alternatives and material recommendations for a single
target by taking advantage of the ‘one-to-many’ mapping capabilities of GANs. To account for
potential fabrication or material constraints, a property-based look-up mechanism can be paired
with the model’s predictions to identify readily-available materials that serve as reasonably-
accurate substitutes. The presented encoding scheme is easily adaptable to existing generative
models that are integrated with optimization algorithms.

Though only two classes of metasurfaces were explored in this study (metal-insulator-
metal and hybrid dielectric resonators), we believe that the results here validate the feasibility of a
deep learning-based global photonics design solution aimed at describing all physical aspects of a
structure. Alternative encoding schemes with greater complexity, such as higher-dimensional
tensors, may therefore be employed to capture more categories of photonic designs as well as more
information regarding a structure’s physical properties. To achieve a more generalized inverse
design framework, future studies may directly incorporate other fundamental optical properties of
materials (e.g., real and imaginary refractive indices, magnetic permeability, etc.) into the model.
In this regard, a multi-pole Lorentz-Drude oscillator model with multiple parameters can also
provide higher-accuracy fits over alternative wavelength ranges. More broadly, the presented
methodology can be adapted to a wide range of materials design problems, including mechanical
metamaterials and other synthesis-driven design challenges. Thus, our proposed framework offers
a path towards a global machine learning platform that can allow practitioners and researchers to
identify optimal combinations of materials, geometric parameters as well as device categories to

meet complex and demanding performance goals in a range of physical systems.
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2.4 Supporting Information

Training Dataset

The training dataset for deep learning consists of precisely 18,770 metasurface unit cell
designs (12,632 MIM and 6,138 hybrid dielectric structures). These designs were derived from
seven starting shape templates: cross, square, ellipse, bow-tie, H, V, and tripole-shaped. As shown
in Figure Sla, parameter sweeps were performed on each shape (for the MIM structures) to
produce geometric variations. The tabulated parameter sweeps are captured within 3.2x3.2 um?
unit cells. For the hybrid dielectric structures, the same parameter sweeps were scaled by x2.34
um, and the unit cell dimensions for this group of structures were 7.5x7.5 um?. Both sets of
structures are represented as 64x64x3 pixel images. Figure S1b shows several image pairs, which
illustrate examples of finalized metasurface designs from each shape template. Images on the left
are the color-encoded images used for deep learning, and images on the right represent the
corresponding 3D physical models. As described in the main text, the colors on the image are used
to indicate the metasurface class, resonator geometry, material choice, and dielectric thickness.
Specifically, each structure possesses a 100 nm thickness gold substrate. For each MIM structure,
the metal resonator is a 100 nm layer of gold, silver, or aluminum, while the dielectric material is
Al>;O3 with a thickness of 100 nm, 200 nm, or 300 nm. For each hybrid dielectric structure, the
dielectric resonator is zinc selenide, silicon, or germanium, and its thickness is 500 nm, 750 nm,
or 950 nm.

Full-wave simulations were performed on each structure (under p-polarization at normal
incidence) to produce a corresponding 800-point absorption spectrum across the mid-infrared
wavelength range. Low quality designs which exhibited ‘flat’ (maximum absorption is less than

0.2) or ‘noisy’ (mean-squared error, or MSE, between the spectra and its average is greater than
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0.05) spectral responses were removed from the training set to maximize the model’s utility and
performance. Figure S2 illustrates the peak absorptions and resonance wavelengths of all the
spectra training dataset, organized by full width at half maximum (FWHM). The distribution of
absorption spectra reveals that the MIM structures (FWHM >= 0.4 um) cover a wide range of peak
amplitudes and resonance wavelengths from 4-10 um, while a majority of the hybrid dielectric
structures (FWHM <= 0.2 um) exhibit responses from 7.5-8.5 um. The range of responses in the
training dataset may be extended in future studies to enhance the network’s predictive capabilities.
On a distributed high-performance computing cluster with four dedicated compute nodes per
simulation, where a node has a minimum of four 64-bit Intel Xeon or AMD Opteron CPU cores
and 8 GB memory, each FDTD simulation took approximately 5 minutes to complete. Therefore,

our training dataset equates to approximately 65 days of simulation time.
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Figure S1. (a) 2D images of template shapes used to derive unit cell designs for both classes of
metasurfaces. The range of variation allowed for each parameter is listed to the right of the
associated shape. (b) Color-encoded 2D images (left) representing metasurface resonators. Images
with red colors represent MIM structures while images with green colors represent hybrid
dielectric structures. Shades of blue represent the dielectric thickness for both classes of structures.
3D models of each resonator are shown to the right of their 2D representation.
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Figure S2. Visualization of peak absorption and wavelength values in the training set as
distribution heatmaps. Regions of higher red-intensity indicate increased data instances within this
range. The individual spectra within the training set are sorted into three subsets based on the
FWHM of their absorption peak: (a) FWHM less than or equal to 0.2 um (b) between 0.2 um and
0.4 um, and (c) greater than 0.4 um.
Network Architecture Design and Optimization

Implemented in the PyTorch framework, the cDCGAN consists of two networks: a
generator and a discriminator (illustrated in Figure S3). The optimized generator contains five
transposed convolutional layers (with 1200, 1024, 512, 256, and 128 input channels or feature
maps), while the discriminator has five convolutional layers (with 6, 64, 128, 256, and 512 input
channels or feature maps). Each transposed convolutional layer in the generator is followed by a
batch normalization and ReLU (rectified linear unit) activation layer, instead of the final layer,
where a Tanh (hyperbolic tangent) activation is used. Similarly, in the discriminator, each
convolutional layer is followed by a batch normalization and Leaky ReL U layer, and the final layer
possesses a Sigmoid activation. At the generator input layer, the 800-point absorption spectra are
concatenated with 400-point latent vectors to yield 1200-point input vectors. For the discriminator

input, the absorption spectra are passed through a fully-connected layer and reshaped into a

64x64x3 matrix. These matrices were then concatenated with the real and generated images to
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form 64x64x6 inputs for the discriminator. Model training was performed on an NVIDIA Titan

RTX GPU and took approximately 30 minutes to complete.
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Figure S3. Schematic of the generator and discriminator architectures implemented in our
cDCGAN model. Input and output types are shown for each layer along with the layer types and
dimensions.
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Evaluation of Multiparametric Encoding Methods

We tested the efficacy and performance of three different material and structural parameter
encoding methods. Figure S4 shows the training progression of each encoding method at various
epochs. As seen in Figure S4a, the first encoding method uses several neurons to represent the
parameters by embedding them into a single row and column of pixels within the topological image
(for each parameter). Specifically, in this encoding scheme, an initial 64x64 pixel image is

converted to a 66x66 image, where the new rows and columns represent the material property and
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dielectric thickness of the metasurface design. The second method (Figure S4b), similar to the first,
encodes the material and structure parameters as two rows and columns per parameter (yielding a
68x68 image). The third and final method that was investigated (Figure S4b) involves encoding

the parameters into discrete ‘RGB’ channels of colored images, as described in the main text.
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Figure S4. Examples of the generative model’s training progress for three implementations of
multiparametric encoding over hundreds of epochs. The tested implementations embedded
parameter information as (a) a single-row and column vector concatenated with the 2D image, (b)
double-row and column vectors concatenated with the image, and (c) normalized values within the
‘RGB’ channels of colored images.

Each encoding method was applied to the training dataset, and the corresponding datasets
were separately used to train the cDCGAN. Hyperparameter tuning was performed via grid search,
and the results for each dataset are presented in Table S1. Here, various feature maps, kernels,
batch sizes, epochs, and miscellaneous pre- and post-processing steps were tested. Listed feature

map sizes represent the lowest denomination of maps used in the intermediate layers (between the
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first and last layers) of the generator and discriminator. Reported losses are derived from the

validation dataset.

Table S1. Hyperparameter optimization for various multiparametric encoding methods.
Highlighted cells indicate the lowest validation loss for the corresponding method.

Model Feature [ Kernel Size | Batch Size Misc. Epochs [|Validation Loss
Maps (G/D) (MSE)
Single Row/Column Encoding (MIM Only)
1 32/16 4 128 750 0.0264
2 64/32 4 128 750 0.0215
3 64/32 4 128 1000 0.025
4 66/66 4 16 Gaussian Filter (6=0.75) 500 0.0269
5 66/66 4 16 Gaussian Filter (6=0.75) 750 0.0332
6 66/66 4 128 Gaussian Filter (6=0.75) 750 0.0127
7 66/66 4 128 750 0.0135
8 66/66 6 16 Gaussian Filter (6=0.75) 500 0.0351
9 66/66 6 16 Gaussian Filter (6=0.75) 750 0.0405
Double Row/Column Encoding (MIM Only)
10 68/68 4 128 750 0.0413
11 68/68 5 16 250 0.0379
12 68/68 5 16 500 0.0292
13 68/68 5 32 500 0.0291
14 68/68 5 64 500 0.0157
15 68/68 6 16 500 0.0128
16 68/68 6 16 Gaussian Filter (c=1) 500 0.0168
17 68/68 6 16 Gaussian Filter (6=0.75) 500 0.0112
18 68/68 6 32 500 0.0177
19 68/68 6 32 Gaussian Filter (1) 500 0.0183
20 68/68 6 32 Normal Distribution (z) 500 0.0281
21 68/68 6 32 Noise 350 pts (z) 500 0.0328
22 68/68 6 32 Noise 450 pts (z) 500 0.0294
23 68/68 6 68 500 0.0247
24 68/68 6 128 500 0.0211
Color-Encoding (MIM Only)

25 64/32 6 16 Boundary Thresh. (0.2) + GF 750 0.0044
26 64/32 6 16 Boundary Thresh. (0.1) + GF 750 0.0153
27 64/32 6 32 Boundary Thresh. (0.2) + GF 500 0.013
28 64/32 6 32 Boundary Thresh. (0.1) + GF 500 0.0142
29 64/32 6 32 Boundary Thresh. (0.2) + GF 750 0.0111
30 64/32 6 32 Boundary Thresh. (0.1) + GF 750 0.0116
31 64/32 6 64 Boundary Thresh. (0.2) + GF 500 0.0179
32 64/32 6 64 Boundary Thresh. (0.2) + GF 750 0.0285
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We note that the highest-performing hyperparameters for a specific encoding method was
not typically the optimal model for other encoding methods. As a result, each encoding method
was optimized independently of prior models. To expedite our training efforts, only the MIM
structures were used for the first round of optimization. Across all the explored encoding methods,
we observe that the color-encoding approach yielded the lowest validation loss (0.0044) and
highest performance. In addition to hyperparameter tuning, a Gaussian filter (GF) with binary
thresholding offered substantial performance gains (where ¢ is the standard deviation of the
Gaussian kernel) and significant reduction in noise-related artifacts, while modifying the latent
vector (2) size and distribution (uniform to normal) resulted in no noticeable improvements.

When training the cDCGAN with the color-encoded images, the discriminator frequently
overpowered the generator and resulted in mode collapse. Thus, we reduced the size of the
discriminator’s layers in comparison to the generator to balance the two networks. Furthermore,
we developed an image processing workflow to convert the generated images into full 3D
metasurface designs. Here, each generated image is decoded into three components: a resonator-
only image, a material property value, and a dielectric thickness value. The resonator image
specifies the existence (black pixels) or absence (white pixels) of planar features. These pixels are
obtained by determining the boundaries between major color gradients on the GAN-generated
color images (e.g., red-blue or green-blue transition points), thus a boundary conversion threshold
was applied in order to find the exact transition points. Here, we determined that the optimum
threshold was a fifth of the maximum resonator color intensity (shown as 0.2 in Table S1 and S2)
in the red or green color channel. If a pixel position possessed a red or green pixel value that
exceeded the threshold, then the existence of a physical structure was indicated here. Prior to

determining these feature boundaries, a binary classification is performed by calculating the
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dominant class-specific color, which is used to classify the structure (if red pixels are greater than
green, then the structure is MIM, and vice versa for hybrid dielectric). The purpose of this
procedure is to filter any stray red pixels that may be intermingled with green and vice versa, and
to assign the appropriate boundary conditions and unit cell dimensions to the FDTD model. As
described in the main text, material property and thickness values are then calculated by taking the
average pixel-values in their respective channels (based on structure classification), then reversing

the normalization performed in the encoding step.

Table S2. Final hyperparameter optimization with the entire training dataset. The highlighted
cell indicates the model with the lowest validation loss.

Model Feature | Kernel Size | Batch Size Misc. Epochs Validation
Maps (G/D) Loss (MSE)
Color-Encoding (MIM + DM Only)

33 64/32 6 16 Boundary Thresh. (0.2) + GF 750 0.0128
34 64/32 6 16 Boundary Thresh. (0.2) + GF 1000 0.0094
35 64/32 6 32 Boundary Thresh. (0.2) + GF 500 0.0136
36 64/32 6 32 Boundary Thresh. (0.2) + GF 750 0.0086
37 64/32 6 32 Boundary Thresh. (0.2) + GF 1000 0.0135
38 64/32 6 32 Boundary Thresh. (0.2) + GF 700 0.0115
39 64/32 6 32 Boundary Thresh. (0.2) + GF 800 0.0125
40 128/64 6 16 Boundary Thresh. (0.2) + GF 500 0.0076
41 128/64 6 16 Boundary Thresh. (0.2) + GF 750 0.0106
42 128/64 6 16 Boundary Thresh. (0.2) + GF 1000 0.0125
43 128/64 6 32 Boundary Thresh. (0.2) + GF 1000 0.0144

After identifying that the color-encoding strategy resulted in the highest design accuracy
(or lowest validation loss), a second round of optimization was conducted on the entire training
dataset. As shown in Table S2, with the optimized post-processing procedure determined in the
previous section, the highest-performance model was trained with a kernel size of 6, batch size of

16, 128 base generator feature maps, 64 base discriminator feature maps, and for 500 epochs.
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Batch Testing

We evaluated the cDCGAN’s performance across a wide range of new inputs by creating
200 Fano-shaped and Lorentzian-shaped spectra with amplitudes ranging from 0.5-0.9, and
resonance wavelengths ranging from 5-9 um, for 400 total test spectra. Figure S5 illustrates a
comparison of 50 individual responses within this ‘batch’ test. Each tiled plot is presented with 4-
12 um wavelength and 0-1 absorption axes limits. Here, we observe that the Fano-shaped
responses (Figure S5a) are most accurate between resonance wavelengths of 7.5-8.5 um, while the
Lorentzian-shaped responses (Figure S5b) maintain strong matches across the entire test data
range. Regions of low accuracy correspond to the areas that are not well-represented by the training
dataset (shown in Figure S2). Therefore, the performance of the cDCGAN may be improved by

expanding the training data and design space.
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Figure S5. Test results of the cDCGAN using a diverse range of newly-constructed (a) Fano-
shaped and (b) Lorentzian-shaped inputs. Blue lines represent input targets while the orange lines
represent simulated designs produced by the cDCGAN.
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Designing Complex Alloyed Structures

Though we limited this study to the application of uniform materials, we note that the
devised color-encoding strategy is capable of representing spatially-varying material properties
along the entire physical structure. This in turn sets the stage for future studies with much greater
design complexity, such as 3D or complex metal alloy-based structures, with potentially greater
control over the electromagnetic spectrum. A demonstration of this capability is shown in Figure
S6, where the different shades of color on the cDCGAN-generated MIM structures are converted
into different metals (shown in the inset images) based on their individual plasma frequencies,
rather than the average over the channel. Notably, the simulated alloyed structures yield similar
responses to the uniform material structures, beyond which there are no distinguishable advantages
in the particular design space that was explored. Therefore, future studies utilizing a wider range
of dissimilar materials (as well as the application of fabrication constraints tailored towards alloy-
based design) may produce device properties that extend beyond the uniform material domain to

gradient-index materials.
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Figure S6. Demonstration of metal alloy-based structure design using the color-encoded
cDCGAN. Blue lines represent the input spectra and reference designs. Dashed-orange lines
represent the cDCGAN output, and solid-orange lines are alloyed structures created using the color
gradients. We note that the simulated results match well with the input targets. The fabricability
of these structures could potentially be improved with the addition of fabrication constraints such
as minimum feature size.
Latent Vector Sampling and Model Validation

Since the GAN may produce a distribution of designs with potentially varying degrees of
accuracy, ten different latent vectors were generated for each target spectrum, which were then
used as inputs to the network. Each design is verified using numerical simulation, then the design
(and corresponding latent vector) with the lowest mean-squared error to the target is used as the
final design. Figure S7 shows the distribution of designs across different latent vectors for several

input targets (a Lorentzian function centered at 7.2 um and at 7.8 um), where we observe that all

the generated designs have over 90% accuracy in comparison to the input target. Following this
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procedure, Figure S8 presents a series of tests performed with inputs that originate from the

training dataset. An equivalent analysis for the validation dataset can be found in the main text.

a Random Latent Vector Design Variants 1 =
= =Target
== Design 1
0.8 = Design 2
Design 3
é 06 ——Design 4
w =208 w =206 w =2.01 w =205 g = Decion )
t£223 t£225 t£224 \ t£ 225 ? Dasign'd
204 == Design 7
< = Design 8
- Design 9
0.2 Design 10
w, =2.02 o =1.98 o, =2.00 w =198 o =2.05 04 6 8 o 10 12

t = 226 t =224 t = 225 t = 226 t=224

Wavelength (pzm)

= =Target
= Design 1
=—Design 2 ]
Design 3
——Design 4 |
~Design 5
Design 6
= Design 7 1
- Design 8
== Design 9
Design 10 |

S
™

o
)

w =224 o = 2.18 o =217
t =228 t=228 t =231

Absorption
o
S

w =226 w =252 w =264 w =228 w =2.39
t2 224 t£ 226 t£ 224 t2 208 t£224 4 6 8 10 12
Wavelength (xm)

Figure S7. GAN-produced design variants achieved by pairing the target spectrum with 10
randomly-generated latent vectors. Input targets for Lorentzian functions centered at (a) 7.2 um
and (b) 7.8 um are indicated by the dashed red lines. For each target, the design with the lowest
mean-squared error is used as the final design.
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Figure S8. Randomly selected absorption spectra from the training dataset (in blue) which were
designated as input targets for the cDCGAN. The simulated spectra of the cDCGAN-synthesized
designs (in orange) are plotted alongside the targets for comparison. Images representing the
respective structures are shown to the right of each plot, with material and thickness information
below each image. Units for plasma frequency (wp) values are in PHz and thicknesses (t) are in
nanometers. The results here reveal that the network is not copying the training dataset, but to a
degree, it is identifying the underlying relationships between structure, material, metasurface class,
and optical response to provide new yet accurate solutions that extend beyond the training dataset.
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3. Multiplexed Supercell Metasurface Design and
Optimization with Tandem Residual Networks

3.1 Introduction

Nanophotonic materials, including metasurfaces and metamaterials, have greatly expanded
our ability to tailor light-matter interaction and deliver new functionalities for information
processing and sensing applications [1-4]. As demand for advanced capabilities and high-
performance nanophotonic devices grow, multimodal implementations with interconnected
ensembles of optical sub-components, including supercells, have shown great promise in
delivering tailored responses with respect to many optical characteristics [5-8]. For example,
complex spatial arrangements within photonic crystal circuits have yielded high-efficiency spatial
mode conversion [9]. Similarly, by employing metasurfaces that contain periodic arrays of meta-
atoms with different geometric parameters, a range of useful behaviors including out-of-plane
beam deflection and mirroring can be demonstrated [10]. Although the incorporation of numerous
distinct subunit elements within a photonic structure is desirable, it is accompanied by an
exponential increase in design costs as a result of the increased dimensionality of the associated
design space [11].

A particular category of periodic metasurface structures that has shown promise in
supercell configurations is the metal-insulator-metal (MIM) metasurface absorber. Periodic MIM
absorbers yield strong resonances that are narrowband in nature, where the wavelength of the
resonance peak can be shifted by changing the shape of the resonator [34-37]. By adopting simple
supercell configurations, which contain more than one resonator geometry, multi-resonant and

broadband absorption behavior has previously been realized [38-40]. The design and optimization
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of more complex supercells with hybridized behavior, however, remains an open challenge, but
holds the potential of yielding a broader range of spectral responses than previously achieved.

Conventional design processes for periodic and complex supercell metasurfaces rely on
electromagnetic (EM) simulations that are iteratively optimized by tuning key design parameters
until the desired optical properties are obtained. Techniques that have been employed include
evolutionary algorithms [12], topology optimization [13-15], and adjoint-based methods [16,17]. In
the context of supercells and complex/non-periodic arrangements, methods such as Schur
complement domain decomposition and overlapping-domain approximation have yielded
compelling results [18,19]. As the unit cell of a metasurface increases in size and complexity,
however, computation times from iterative optimization can rapidly escalate from hours to
potentially days or weeks. Additionally, optimizations must be repeated and reconfigured for every
new target, thus requiring a substantial amount of computational resources and, oftentimes, prior
intuition on the capability of a particular class of nanophotonic structures. These computational
costs are further compounded by the fact that only the final optimized results are preserved; any
prior data generated in an optimization cycle is not typically reused in the future [41]. As a result,
iterative design methods also become increasingly inefficient over time [20].

In response to the need for more efficient design strategies, data-driven approaches based
on machine learning, such as deep neural networks (DNNs), have found applications in
nanophotonic design [21]. DNNs are now well established in many fields, including: natural
language processing, drug discovery, materials design, and medical diagnosis [22,24]. In the
photonics context, DNNs have shown promise in designing a diverse range of high-performance
structures by directly predicting key geometric parameters (e.g., resonator widths, lengths, radii,

etc.). By leveraging a one-time investment of EM simulation training data, DNNs can generate
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designs at orders-of-magnitude faster speeds than traditional optimization algorithms. An accurate
DNN can also be paired with numerical optimization methods to save simulation time, where the
DNN identifies solutions near the global minimum and the optimization refines the performance
further [30]. With training datasets ranging from several hundred [45] to several thousand [41]
instances, previously explored machine learning and DNN-based photonics design include the
forward and inverse modeling of multi-shell nanoparticles, multi-layer thin-films, and various
classes of metasurfaces [25-29]. A forward-modeling DNN takes structural parameters as inputs
and predicts optical properties such as the absorption spectra. In contrast, an inverse-modeling
DNN accepts target optical properties as inputs and generates matching structural parameters.
Further advancements in DNNs have led to the development of the tandem network, which is
designed to overcome the nonuniqueness scattering problem [27,41]. However, prior tandem
networks have relied on traditional fully connected or dense networks, while tandem
implementations with recent architectural advancements such as residual networks or ResNets
(which address the well-known vanishing gradient problem [46]) remain unexplored.

While promising, prior studies of DNNs for nanophotonic design have primarily focused
on individual scatterers or periodic structures with single-unit cell elements and relatively
narrowband operation [31-33]. Recent studies involving the design of structures with multiple
optical elements have assumed that they are separately constructed and then assembled into a
multi-element structure [47,48]. This approach makes the limiting assumption that the coupling
between adjacent elements is sufficiently weak, and further does not affect their cross-section.
Moreover, in studies where coupling cannot be neglected, separately-trained models were required
in order to design metasurfaces with specific numbers of elements [48], which limits scalability.

Other work with unit cells consisting of multiple neighboring elements do not solve the inverse
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problem, but instead develop a fast and accurate proxy or surrogate model for forward design [49].
Therefore, an ML-based strategy for complex supercells that: 1) directly solves the inverse design
problem, 2) generates structures with a wide range of unique elements, and 3) considers strong
coupling interactions or mode hybridization between individual elements is lacking today, but
could allow for the demonstration of complex nanophotonic architectures with a broader range of
spectral responses.

In this article, we investigate the inverse design of large multiplexed supercell metasurfaces
with over 100 subunit elements that can achieve a diverse set of broadband spectral responses.
Specifically, we focus on engineering arbitrary bandwidth absorbers operating in the mid- and
long-wave infrared regime (4-12 um) by designing supercell MIM metamaterial absorbers through
a deep learning approach. To navigate the large design space that comes with the increased
dimensionality of supercells and to address the vanishing gradient problem associated with deep
network architectures, we employed a tandem residual network (shown conceptually in Figure 1a).
We demonstrate that with a training dataset of several thousand simulations, in a high-dimensional
design space with over three trillion possible design combinations, the network can successfully
design narrowband, multi-resonance, and broadband-absorption supercell metasurfaces with high
degrees of accuracy. Furthermore, we show that the network itself can be harnessed to approximate

the structure-property relationships of the explored class of metasurfaces.

3.2 Results and Discussion

Nanophotonic supercell structures such as MIM metasurfaces are capable of producing
unique optical responses that extend beyond the sum of their parts. Specifically, in addition to the

superposition of individual responses, distinct responses may also arise from the interaction or
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hybridization between neighboring elements [50]. Several examples of such interactions are
presented in Figure S1, where the absorption spectra and EM field profiles of various supercell
designs are shown. In this figure, we show that specific arrangements of identical subunit
resonators can yield absorption peaks with different amplitudes and wavelengths, or new peaks
entirely, in comparison to the response of the individual elements. These examples reveal that the
relative positions of individual elements are critical as the characteristics of the peaks can depend
strongly on which resonators are adjacent to each other. Therefore, supercell-class metasurfaces
can potentially access new domains of functionalities by leveraging multiscale optical phenomena.
To this end, a comprehensive inverse design scheme for supercell structures must consider the
geometries and physical arrangements of individually-integrated structures as well as their
collective EM interactions.

Figure 1b presents the detailed implementation of our supercell inverse design strategy.
First, we defined a supercell layout of MIM resonators (labeled “1” in Figure 1b). The layout
contains an assortment of 100 nm-thick gold cross-shaped resonators with a 100 nm gold backing
and 200 nm Al203 spacer. This class of metasurfaces was derived from existing literature on
selective thermal emitters and exhibits narrowband resonances in the mid-infrared (MIR) range
[42]. A single supercell design is represented by an array of cross-shaped resonator lengths
(ranging from 1.4-3 pum in 0.2 um steps), each with fixed widths (500 nm). The resonator arrays
(labeled “2” in Figure 1b) embody a quadrant of the supercell and resembles a hexagonal close-
packed (HCP) lattice with a twin boundary, where the individual resonators are mirrored along the
diagonal plane. The quadrant is then mirrored along the x- and y-axes to create a four-fold
symmetric supercell. The HCP configuration is designed to maximize the area density (and

therefore the resonance efficiency) of the supercell, while the four-fold symmetry ensures the
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structure is s- and p-polarization independent under normal incidence. We limited our supercell
size to 25 unique resonators per quadrant (12.8 x 12.8 um2 before four-fold symmetry) to
maximize the resonance modes within the 4-12 um window while simultaneously attempting to
minimize simulation time. Thus, a unique supercell design is represented by Da=[l1, lo, ..., lzs],
with I2s being the length of the 25-th resonator (where Da, ..., Dn are vectors with distinct I-values).
These vectors were then used as the supercell design parameters for deep learning.

We converted the supercell design parameters into three-dimensional MIM structure
models (labeled “3” in Figure 1b) and performed full-wave EM simulations (Lumerical FDTD)
on these models over the spectral range of 4-12 um at normal incidence (labeled “4” in Figure 1Db),
obtaining an 800-point “ground truth” absorption spectrum for each structure (labeled “5” in
Figure 1b). Using this approach, we simulated the absorption spectrum (A) for pseudo-randomly
generated design parameters (D) to create training data pairs (D, A) for the neural network. As
discussed in the next section, the deep learning model “learns” by comparing the ground truth

spectra (A) to the network-predicted spectra (4, labeled “6” in Figure 1b).
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Figure 1. Inverse design of supercell metasurfaces with a range of underlying symmetries using a
tandem residual network approach. (a) A target absorption spectrum is defined, and the matching
design parameters for a multiplexed array of MIM resonators are generated. (b) Data preparation
schematic for deep learning. Supercell design parameters (1) representing resonator lengths and
positions (2) are converted into 3D models (3). Full-wave electromagnetic simulations are
performed on the models (4). Design parameters along with corresponding “ground truth” (5) and
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predicted (6) absorption spectra are used to train the tandem residual network.

The performance of a tandem network hinges on the accuracy of the forward-modeling
network as well as the breadth and size of the training dataset. Thus, we sought to optimize the
architecture of the forward-modeling network and to ensure that the size of our training dataset

maximizes the network’s implementation efficiency and predictive capabilities. Unlike previous
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implementations of the tandem architecture, our approach utilizes one-dimensional convolutional
neural networks (1-D CNNs) instead of dense networks. 1-D CNNs have been used in various
scientific domains [51,52], with recent works showing that they are capable of outperforming
dense networks in terms of regression fidelity and generalization capabilities [53]. This is enabled
by the convolutional layers of the CNN, which are optimized to extract highly discriminative
features using a large set of 1-D filter kernels [51]. Furthermore, our particular CNN consists of
residual building blocks, which leverage identity shortcuts or skipped connections to address the
vanishing gradient problem and achieve better performance than “plain” networks of the same
depth [54-56]. The corresponding ResNet was trained in the forward-modeling configuration to
predict an absorption spectrum (4, given a set of design parameters (D) as inputs. We evaluated
and compared the performances of the dense network, CNN, and ResNet in Figure S2 and S3,
where it can be observed that the ResNet achieved the lowest validation loss out of the three model
types. Our optimized forward-modeling ResNet architecture consists of a 25-neuron input layer
(matching the vector size of the supercell design parameters D, with values normalized from 0 to
1), two residual blocks, followed by an 800-neuron dense layer. Each residual block contains two
1-D convolutional layers with 32 filters, kernel size of 3, and zero-padding. In addition, the Adam
optimizer, batch size of 10, and ReLU activation functions yielded the lowest validation loss.
Using the same hyperparameters as the forward network, except with an inverted sequence
of input and output layers (with 800 and 25 filters, respectively), we designed an inverse-modeling
network for the prediction of design parameters (D’) given an input A. However, plain inverse
modeling networks are known to encounter the nonuniqueness problem [27,41], where the
multiple mappings between an EM response and its available structural parameters may confound

the network’s learning process. To illustrate this problem in the context of our training data, Figure

46



S4 shows several examples where two substantially different supercell design layouts map to
nearly-identical dual-band and triple-band responses. Due to the considerable degrees of freedom
in a supercell design, the nonuniqueness problem in a supercell architecture is exacerbated relative
to single-element and periodic structures, and is crucial to address. Thus, to account for this issue,
we implemented the tandem architecture by coupling the inverse-modeling network with a
pretrained forward-modeling network.

First, we trained a standard tandem dense network by minimizing the loss function between
the input absorption spectrum (A) and the spectrum predicted by the forward-modeling network
(4", where 4" is generated by the same D' predicted by the inverse-modeling network from above.

As in Ref. [27], we define the tandem network’s loss as the mean squared error between A and 4"
MSE = %Z(A’i — A;)?. This loss calculation is distinct from the plain inverse modeling network,

which is programmed to minimize the loss between the designs from the training dataset (D) and
the predicted designs (D'). Since D' may offer a completely different solution than D that correctly
maps to the target response (due to the issue of nonuniqueness), a plain inverse-modeling network
can struggle to minimize loss or converge, whereas in the tandem network, the loss function
converges so long as the target and predicted spectra (A and A’) are similar [27,41]. In other words,
since the task at hand requires solving a one-to-many problem, the tandem network finds the
optimum response for an input target rather than mixing the corresponding outputs (which can lead
to a suboptimal solution).

To validate that the tandem network reaches said optimum response, in Figure S5, we show
the tandem neural network architecture’s ability to resolve the nonuniqueness issue by testing the
accuracy of designs for which an explicit nonunique relationship exists, which were found in

Figure S4. As seen in Figure S5A, dual-band and triple-band spectra were passed into the inverse
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modeling network, and a poor match between the input spectra and the simulated design
parameters can be observed. However, when the same spectra were passed into the tandem network
(Figure S5B), the accuracy between the input spectra and the simulated parameters is substantially
improved. Thus, we find that the tandem dense network effectively addresses the nonuniqueness
issue, and yields superior accuracy over a plain inverse modeling network for the multiplexed
supercell metasurfaces evaluated here. Furthermore, in Figure S6, we verify that the quantity of

our training data was capable of maximizing the network’s ability to learn supercell designs.
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Figure 2. Performance evaluation based on mean-squared error (MSE) of target spectra and
simulated designs for (a) the tandem dense and (b) tandem residual networks. The tandem residual
network achieves a lower MSE for three distinct targets. Inset images show the design parameters
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for the corresponding spectra. Statistical analyses across the entire validation dataset (over 300
spectra) for the tandem dense (c) and residual (d) networks indicate that the latter achieves a lower
average MSE.

Using the customized loss function approach described above, we implemented a tandem
residual network and compared its performance to the tandem dense network. Figure 2 presents
several example test results from both networks; with new spectral targets from the validation
dataset. These test results are obtained by simulating the predicted D’, then comparing the target
and simulated spectra (shown as blue and orange lines, respectively). It can be observed that across
various spectral response patterns, the tandem residual network (Figure 2b) produces supercell
designs with greater accuracy than the tandem dense network (Figure 2a). A larger statistical
evaluation using the entire validation dataset (360 input spectra) reveals that the average validation
MSE is approximately 2.5 x 10-3 for the tandem dense network (Figure 2c) and 8.2 x 10-4 for the
tandem residual network (Figure 2d). Moreover, we observe that the tandem residual network
exhibits a lower overall distribution of errors. As a result, we demonstrate that a tandem
architecture composed of 1-D convolutional layers and residual building blocks is well-suited for
supercell design and can outperform a tandem network (of the same network depth) that is based
on fully connected layers.

We utilized the tandem residual network to generate new supercell metasurface designs
with a broad range of spectral properties. Figure 3 presents a series of test cases comparing the
target network inputs to the simulated results of the corresponding output designs. The inset images
show the spatial geometries of each supercell designed by the network. For example, as shown in
Figure 3a, after specifying a narrowband target with a full width half maximum (FWHM) of 0.5
pm, the network generated a periodic layout that matches the target spectra with over 90%

accuracy as well as results from prior literature [42]. Similarly, in Figure 3b and 3c, dual-
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narrowband and triple-narrowband designs were created (with sharp resonances at two and three
discrete wavelengths) that closely match their respective targets. In these multi-resonance

structures, the supercells include additional cross dimensions that are associated with distinct
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Figure 3. Inverse design of new supercell metasurfaces with the tandem neural network. The
structures exhibit (a) narrowband, (b) dual-narrowband, (c) triple-narrowband, (d) broadband, (e)
dual-broadband, and (f) graybody behaviors. Blue lines indicate the target spectra used as inputs
to the network, and orange lines represent the simulated results of the output design parameters.
Inset images show the physical layouts of the network-generated supercells.

The ability to construct an array of resonator geometries suggests that different resonant
modes can be superimposed to achieve responses of arbitrary bandwidth [43]. Accordingly, we
tasked the neural network with designing metasurfaces with various broadband characteristics
(FWHM > 1 pm). In Figure 3d, a broadband structure with a FWHM of 1.5 pum is shown, and in

Figure 3e, we increased the complexity of the target to design a structure with dual-broadband

absorption peaks. Lastly, in Figure 3f, we demonstrate the design of a broadband graybody
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structure that encompasses the entire MIR range of resonance wavelengths captured by the training
dataset (5-9 pum).

In the design of the aforementioned multi-resonance and broadband structures, the network
not only defined the resonator dimensions required to achieve resonances at the target
wavelengths, but also determined their appropriate placements within the lattice in order to reach
the target absorption amplitudes. For example, as shown in Figure 4a, the network-designed triple-
narrowband structure possesses three primary cross lengths that are responsible for resonances at
5.2,7.2,and 8.6 um. The high absorption amplitudes are attributed to the periodic and short-range
ordered arrangements (repeating patterns spanning 1-2 subunit cell distances) of the resonators,
which result in the strong dipole resonances seen in the electric field enhancement plots. When
short-range order is converted to long-range order (patterns spanning beyond 2 subunit cell
distances), additional response types are enabled. In particular, we observe in Figure 4b that the
network can alter the relative positions of the same subunit resonators to produce a new response
with lower peak amplitudes and a peak shift. As seen in the EM fields, this response is achieved
by the new interactions that emerge from the modified arrangement of resonators, as well as
modifications of the cross section of a given resonator by its neighbors. By introducing a larger
assortment of cross geometries with more complex interactions, the net absorption spectra can also
produce a graybody response (Figure 4c). Thus, by systematically predicting the subunit resonator
dimensions as well as their spatial positions, the trained network can modulate absorption peak
phase and amplitude by designing multiplexed metasurfaces with a range of underlying
symmetries.

It is a challenging design task to combine multiple distinct resonant modes in a single

metastructure while leveraging, or alternatively minimizing, hybridization between modes and
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maintaining high absorption per unit area [43,44]. Thus, multiplexed resonator structures impose
an inherent tradeoff between broadband response and maximum absorption. Here, we seek to
investigate the structure-property relationships of the explored metasurface class by leveraging the
near-instantaneous calculation speed of the neural network. Previous studies have used pre-trained
ML models for design space exploration and pattern discovery [32,57-59]. For instance, it has been
shown that for a constrained domain, the fast inference speed of ML models can produce
reasonably accurate estimates of an optical system’s physical responses so that unnecessary
exploration of the solution space can be avoided [60]. Similarly, to enable the exploration of our
supercell design space, we use the pre-trained forward-modeling network as a validation
mechanism for the design parameters predicted by the tandem network. As one example, we
specified design targets using Lorentzian functions of increasing bandwidth (FWHM of 0.2-4 um
centered at 7 um), illustrated in Figure 5a. The tandem network outputs were then fed into the
forward-modeling network, and the resulting design predictions were compared to the initial
targets. Full-wave simulation results of the tandem network-designed structures are also presented
in Figure 5a, indicating that the network-predicted results match well with the ground truth. In this
approach, the forward network effectively serves as a high-speed surrogate EM solver, replacing

the FDTD software that was used to generate the training data.
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Figure 4. Relationships between supercell absorption properties and their subunit resonator spatial
distributions. Simulated absorption spectra (of the tandem network-designed structures) and
corresponding electric field profiles are shown for triple-narrowband structures with (a) high and
(b) low absorption peaks and a (c) graybody structure. These plots reveal the dependence of
absorption response on resonator geometry and position relative to other elements.

The design predictions reveal that when an unobtainable target was specified, the network
designs a structure with the closest possible solution in the context of the supercell design space
which it was trained on. As a result, we observe that as the target bandwidth increases, the
discrepancy between the target response and the closest design (measured by MSE) increases as

well (Figure 5b). This, in turn, allows us to numerically infer a relationship between the broadband

response and the maximum obtainable absorption for this class of resonant metasurfaces, as
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estimated by the machine learning algorithm. By fitting these observations, we can further derive

an estimate for maximum absorption at various bandwidths (R? = 0.98)

Apax = 0.0004f2 — 0.0302f + 1.0154, 1)

where Amax is the model’s estimate of maximum absorption and f is the FWHM in THz. While we
show that the structure-property relationships of a design space can be easily represented using a
forward-modeling network, we note that the relation in Egn. 1 (or any relation captured in a similar
manner) is not universally applicable, but subject to the same parametric restrictions that were
imposed on the training data (i.e., cross widths fixed at 500 nm and cross lengths within the range
of 1.4-3 um). Metasurfaces with dimensions beyond the range restricted by the training data may
exhibit a relationship that is different from Eqgn. 1. However, the training dataset may simply be

updated to incorporate a wider range of geometries to account for such parametric restrictions.
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at 7 um) and the corresponding forward network-predicted results (orange lines). The network is
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unable to identify designs that exceed the model’s estimate of bandwidth / maximum absorption
of the explored class of supercell metasurfaces. Full-wave simulation results are shown (green
lines) for comparison, indicating that the network-predicted results match well with the ground
truth. (b) Network-determined design trends and metrics, including the MSE between target and
design responses, thermal emittance of the metasurface, and max absorption as functions of
FWHM (THz).

As an additional example of discovering application-specific design insights through the
neural network, we can calculate the average normal-incidence emissivity of the optimized

supercell metasurfaces within defined target bandwidths:

I 12 Ig5(T,v)-e(v)dv

£ = . @
f:;lz Igp(T,v)dv
3
Here, Iz5(T,v) = %h% is the spectral radiance of a blackbody at temperature T, where h is
ekBT—1

Planck’s constant, kB is the Boltzmann constant, c is the speed of light, and v is frequency. The
lower and upper bounds of the integral (v1 and v2) are derived from the evaluated spectral range
(4-12 um). g(v) is the metasurface’s spectral emittance, which is equal to A(v) by Kirchoff’s law.
In this case, by querying the neural network in a cyclic manner to solve for emittance (at various
temperatures) as a function of the target bandwidth, we can find the relationship between the two
parameters (Figure 5b) in a remarkably short time frame (less than one minute). Overall, we
observe that as the sought bandwidth (FWHM) increases, the MSE between the target (with
maximum absorption across the entire bandwidth) and design response increases and the
maximum absorption point of the achievable design decreases. Furthermore, the integrated normal
incidence emittance increases as the additional bandwidth compensates for the decreases in the

peak absorption/emittance value. However, as can be seen in Figure 5b, the precise relationship is
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complex and depends both on the bandwidth being specified and the temperature of the
metasurface because the blackbody spectral radiance changes with temperature. Thus, by training
a neural network that is tasked with the inverse design of complex supercell metasurfaces, we
demonstrate that the same framework can be strategically leveraged to rapidly identify design
trends and dependencies associated with application-specific properties (within the parameter

ranges represented by the trained class of metasurfaces).

3.3 Conclusions

In this article, we demonstrated a machine learning approach to the inverse-design of
multiplexed supercell metasurfaces with over 100 subunit elements. The added degrees of freedom
offered by a supercell architecture, relative to periodic single-element structures, yields new
tailored capabilities including multi-resonant and broadband responses. By forming a cascaded
architecture with an inverse-modeling and forward-modeling network, we show that a tandem
network effectively overcomes the nonuniqueness problem present in supercell architectures, and
can successfully learn a high-dimensional design space of over three trillion possible designs using
only 3,600 data instances. Moreover, we present a network architecture based on 1-D
convolutional layers and residual building blocks that is capable of generating designs with greater
accuracy than a conventional tandem network based on fully connected layers. Through the
superposition and coupling of multiple resonant modes in a compact region, the tandem residual
network can efficiently design supercell structures with a range of symmetries that yield
narrowband, broadband, and multi-resonant responses. The network not only predicts the
geometric parameters for an array of resonators (e.g., resonator widths, lengths, radii, etc.), but

also their optimum spatial arrangement towards satisfying a specified target. Therefore, the
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presented approach enables additional degrees of complexity in metasurface design by directly
generating structures with a wide range of unique elements while accounting for coupling between
these elements. Though we sought to maximize implementation efficiency by minimizing the
required training data, we expect that the performance of our tandem network can be improved
with more training data and a larger network architecture. Furthermore, we demonstrate that the
network itself can be utilized to approximate the structure-property relationships of the
investigated class of metasurfaces (within the parameter ranges represented by the training data).
By using the forward-modeling network as a full-wave EM simulator, high-speed parameter
sweeps can be performed to capture property-specific design trends such as maximum absorption
and thermal emittance as a function of bandwidth. Importantly, our results show that DNN-based
approaches can efficiently design and characterize large-scale supercell metasurfaces with
numerous discrete resonators. We believe our results can expedite the development of supercell-
class nanophotonic structures and materials, which may in turn yield new tailored capabilities not

achievable through conventional periodic nanostructures.

3.4 Supporting Information

Forward-Modeling Network Optimization

To train the tandem network for inverse design, we first optimized the architecture of the
forward-modeling network through extensive hyperparameter tuning. Figure S1 shows the tuning
results, where we compare the validation loss of the starting controlled architecture to the losses
of networks trained after changing a single dependent variable. Implemented through the
TensorFlow framework, the controlled architecture consists of 2 hidden layers, each with 100

neurons, sigmoid activation functions, a batch size of 10 data instances, and the Adam optimizer.
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The learning rate is 0.001 with an exponential decay of 107°. The tested dependent variables

include: number of hidden layers, number of neurons within each layer, activation function, batch
size, and optimizer.

Figure Sla shows a comparison of different batch sizes (10, 100, and 1000), where we
observe noticeable increases in loss as the batch size was increased. In Figure S1b, we tested three
commonly used optimization algorithms: Adam, stochastic gradient descent (SGD), and
RMSprop. SGD vyielded higher losses than the other algorithms while Adam and RMSprop
resulted in similar losses. However, RMSprop plateaued much sooner than Adam, indicating that
the network was able to improve further with Adam. In Figure S1c, we compared the following
activation functions: Sigmoid, TanH (hyperbolic tangent), ReLU (rectified linear unit), Leaky
ReLU, and Parametric ReLU. Here, we observe that the Sigmoid and TanH functions resulted in
the lowest losses, while the loss progression was more stable and ultimately lower with Sigmoid.
We then tested various numbers of neurons and layers (Figure S1d and Sle), and found that
increasing from 100 to 200 neurons garnered small improvements, while increasing the number of
layers alone yielded insignificant changes. Figure S1f shows the full integration of the
individually-optimized hyperparameters and the use of more elaborate combinations of neurons
and layers, which resulted in considerable overall performance improvements. From these tests,
we found that the 50-100-200-400 neuron architecture has the best performance. Adding more
neurons to the optimized architecture did not improve the performance any further and

unnecessarily increased training time.
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Figure S1. Forward network hyperparameter tuning. Validation loss of a controlled architecture
in comparison to various dependent variables, including: (a) batch size, (b) optimizer, (c)
activation function, (d) number of neurons per layer, and (e) number of hidden layers. (f) Final
optimized architecture comparison.
Training Dataset Analysis

The primary advantage of the tandem network architecture is its ability to address the
nonuniqueness scattering problem (as described in the main text), where drastically different
design parameters can meet a similar target response (i.e., a one-to-many problem). To illustrate
this problem in the context of our training dataset, Figure S2 shows examples where two
substantially different supercell design configurations map to nearly-identical dual-band (Figure
S2a) and triple-band (Figure S2b) responses. In Figure S3a, the nonunique dual-band and triple-
band spectra were passed into the inverse modeling network, and a poor match between the input
spectra and the simulated spectra of the optimized design is observed. However, when the same
spectra were passed into the tandem network (Figure S3b), the accuracy between the input spectra
and the simulated parameters is substantially improved. Thus, we validate that the tandem network

is better than the inverse modeling network at resolving the nonuniqueness issue.
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Figure S2. Examples of nonuniqueness in the training dataset. Two very different supercell design
layouts have nearly-identical (a) dual-band and (b) triple-band absorption responses. Inset images
show the design parameters corresponding to the shown absorption spectra.

To expedite our deep learning efforts, we sought to minimize the total simulation time and
therefore the amount of training data. However, we also had to ensure that the dataset size was
large enough to maximize the network’s ability to learn supercell designs. In that regard, as shown
in Figure S4, we trained the optimized tandem network architecture with increasing increments of
training data and evaluated the corresponding validation losses. First, we trained the network with
a training set size of 300 and recorded the network’s final validation loss using two different
validation datasets. The first validation dataset was a fixed group of 300 data instances. This
dataset was intended to monitor the network’s growth as it trained toward a predetermined set of
goals. The second validation dataset came from randomly splitting 10% of the data instances
within the available training set. The validation loss derived from the second dataset informs how
well the network is able to generalize from the amount of data it learned from. We repeated this
validation process after increasing the training set size in 300-increment steps, and found that both

validation losses began to converge to 2.5 x 10 at approximately 3,000 data instances. The
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reported losses represent the averaged results of 5 training cycles for each training set size. Error
bars were omitted due to negligible differences in the range of losses. Thus, we demonstrate that
the final model resulted in the optimal performance while minimizing the amount of data required

for deep learning.

A Inverse-Modeling Network
L0 30 - Target
~ Simulated Design
08 = 0.8 1 =
e Eymr—s
c 2 c 0| 38 %evm®
S 06 8’ aetael | 208 g2 " s
. B .~l op -
g 31 o S .
2 g 2 g -
g 04 5% 5| g %] 5% —5
< Cross Positions < Cross Positions
0.2 021
0.0 T T T T T 0.0 T T T T T T
4 5 7 8 9 10 1 12 4 5 6 7 8 9 10 1 12
Wavelength (um) Wavelength (um)
B Tandem Network
10 10
- Target
~— Simulated Design
0.8 1 £ 08 £
S3|we o= - S3[me 2o ©
[y 0 e 0 .
S 06 52 S 06 g2l 7T
P GCJ st o Gite oo - 5 e et b
E -1 8 -1
8 04 4 8 04 4
o o
Q 5% — 5| Q9 5% =
< Cross Positions < Cross Positions
0.2 02
0.0 T T T T 00 T T T T
4 5 6 10 1n 12 B 5 6 10 1 12

7 8 9 7 8 9
Wavelength (um) Wavelength (um)
Figure S3. Comparisons between target absorption spectra (from the previous Figure) and the
simulated spectra for the optimized designs from the (a) inverse-modeling network and the (b)
tandem network. The tandem network has greater accuracy in predicting design parameters than
the inverse network due to stronger convergence. Inset images show design parameters for the
corresponding spectra.
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4. Elucidating the Behavior of Nanophotonic Structures Through
Explainable Machine Learning Algorithms

4.1 Introduction

Nanophotonic structures and devices have enabled a broad range of transformative
technologies including photonic integrated circuits for optical communication [1-3], and
metasurfaces that compactly control the propagation of electromagnetic waves [4-6]. The
conventional approach to designing nanophotonic structures is via numerical simulations based on
fundamental physical laws (e.g., Maxwell’s Equations). This design technique, which we here
refer to as ‘forward design’ [7], is well established, but depends on computationally expensive
trial-and-error processes to obtain target functionalities. To address the limitations of forward
design, ‘inverse design’ methods have been developed to generate nanophotonic structures that
meet predefined targets8. Methodologies such as topology [9-11,31] and adjoint-based
optimization [12,13,32] have shown promising results in designing complex structures that
deliberately interact with electromagnetic fields, often at sub-wavelength scales, to enable a
desired response. While inverse design algorithms can yield high-performance designs that go
beyond human intuition, the algorithms can miss globally optimal designs [7,8], produce unstable
results [14], are often constrained by long runtimes. Additionally, inverse design methods typically
operate as ‘black boxes’ and cannot explain the underlying relationship between a designed
physical structure and its electromagnetic response.

In recent years, machine learning (ML) techniques have emerged as alternate strategies for
both forward and inverse design of photonic structures. Tandem neural networks have been used
to design multilayer thin films based on target transmission spectra [15], and for spatially complex

geometries, generative adversarial networks (GANSs) have produced images of structure designs,
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given an input of desired spectral properties [16-18]. Convolutional neural networks (CNNSs) have
also been used to map physical geometries to spectral and spatial properties in two- and three-
dimensional settings, respectively [33,34]. However, the internal decision models built by these
machine learning algorithms are not well-understood; their contents, similar to conventional
inverse design approaches, are widely regarded as ‘black boxes’ [19,20]. This challenge emerges
from the fact that supervised ML algorithms, including neural networks, learn by optimizing up to
millions of internal variables (weights and biases) to fit the training data [21]. Consequently, it is
exceptionally challenging to explain why a machine learning algorithm makes one prediction over
another. Thus, the lack of explainability is a key limitation for both conventional and ML-based
inverse design strategies [35].

In response to the long-standing ‘black box’ problem of ML, explainable artificial
intelligence (XAI) and ML approaches have become a topic of active inquiry. This rapidly
developing field aims to analyze and understand ML models in general, with domain-specific
demonstrations of scientific insights that might in turn emerge [36,37]. XAl approaches include
sensitivity analysis, Taylor decomposition, deconvolution, guided backpropagation, and layer-
wise relevance propagation [38-41]. For image-based classification and regression these methods
typically create a salience map (or heatmap) to highlight small portions of the computation that
are most relevant to the context at hand, thus explaining the features that contribute most to a
model’s predictions. While explainability approaches have recently shown promise in better
understanding machine learning outcomes in chemical, biological, and physical models [42-45],
their use in photonics remains largely unexplored.

Motivated by these developments, in this article, we uncover what a class of machine

learning algorithms (CNNs) has learned regarding the underlying physical principles which govern
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specific classes of nanophotonic structures. CNNs are deep neural networks widely used for image
analysis and classification [22]. As shown in Figure 1a, we first created two-dimensional images
representing the geometries of metal-dielectric-metal metamaterial resonators. This class of
metamaterials was selected due to their ease of fabrication, compact structure, and ability to
achieve high absorbance across a broad wavelength range, making them amenable to a wide range
of spectral applications while enabling the rapid generation of training data for deep learning. Next,
we demonstrate that the CNN can accurately perform forward design by learning the relationships
between the metamaterial-structure images and their absorption spectra over mid-infrared
wavelengths (Figure 1b). We then use the Deep SHapley Additive exPlanations (SHAP)
framework [24] to ‘open the black box’ and explain the CNN’s predictions (Figure 1c). Deep
SHAP combines DeepLIFT [46], a previously employed method for decomposing output
predictions via backpropagation, with Shapley values, a metric that determines feature relevance,
to generate pixel-by-pixel explanation heatmaps [24]. The explanations obtained with Deep SHAP
show that the CNN has learned important physical behaviors of the class of metamaterials studied,
including the relationships between structural elements and optical responses for both simple and
freeform resonator geometries. Our approach uncovers specific geometric contributions to ML
predictions of nanophotonic device properties, and thus allow us to both better understand the
behavior of complex nanophotonic devices and identify pathways to improved designs (Figure

1d).
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Figure 1. (a) Converting 3D metal-dielectric-metal metamaterials into 2D representations for
image-based machine learning. (b) Training a convolutional neural network (CNN) to predict the
electromagnetic response of input images. (c) Elucidating the underlying physics learned by a
CNN by explaining the relationships between structural features and predicted parameters. (d)
Leveraging the explained relationships to construct new designs with new target properties.

4.2 Results and Discussion

Forward Design Convolutional Neural Network (CNN) Development and Evaluation

We first developed and trained a CNN for the forward design of nanophotonic structures,
such that when it is given an image of a nanophotonic structure as input, it outputs the associated
absorption spectrum over a particular wavelength range. To constrain the problem further, we
focused on a specific class of nanophotonic structure: metal-insulator-metal (MIM) metamaterials
designed to operate at mid-infrared wavelengths [23]. We performed three-dimensional finite-
difference time domain (FDTD) simulations of 10,000 unique structures in Lumerical, and

generated 10,000 two-dimensional images of the resonator layers and their corresponding
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absorption spectra. The simulated structures, previously demonstrated in literature to possess

selective thermal emissivity over a large bandwidth [23], consist of a 100 nm gold bottom layer, a
200 nm Al203 dielectric middle layer, and a 100 nm gold resonator top layer (within a 3.2 pm X

3.2um unit cell). The dimensions of the top layer were progressively adjusted for design variation.
The designs consist of cross-shapes, box-shapes (hollow and solid), cross-shapes with
perpendicular resonators along the arm tips, and the inverted versions of each shape (as shown in
Figure S1 of the Supporting Information). The models were then converted into two-dimensional
images, and each image was associated with an 800-point vector of absorption values (ranging
from 0 to 1) across fixed wavelengths (4 um to 12 um). Periodic boundary conditions were applied

along the x- and y-planes. Each image was resized to 40 X 40 pixels and converted to grey-scale

for ease of training.

After generating the training data, we trained multiple CNN architectures, with 10% of the
training dataset used for validation, to determine the optimum hyperparameters. Table S1 presents
each of the trained models along with their validation root-mean-square error (RMSE) and training
time. Figure 2a shows the predicted output spectra of the CNN when six new and unknown images
were used as inputs, as well as the FDTD simulation results corresponding to each image. The
simulations were performed by converting the images into the top layer of the MIM structure. We
observe through comparison of the simulations and the CNN predictions that the network exhibits
a high degree of accuracy in predicting the absorption spectra of a broad range of resonator
geometries not present in the training set. The wavelength and amplitude of the predicted
resonance peaks are aligned with the simulated peaks (with over 95% mean absolute accuracy).
Away from the peaks, we note some minor variation relative to the FDTD simulated results. On

average, each prediction was generated in 0.270 + 0.043 seconds (n = 10), while each simulation
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took approximately 30 minutes (yielding a 6,500x improvement). The results here demonstrate
that the CNN successfully performed the devised forward-design task with high accuracy.

The high accuracy of the CNN’s predictions raises an intriguing question: has the CNN, to
some extent, learned the physical relationships between the class of nanophotonic structures we
explored and their absorption spectra? Normally, the information required to answer this question
is embedded within the neural network’s many thousands of internal weights and parameters,
which is represented by a hierarchy of filters (or neurons). CNNs extract information from images
by applying these filters to an input image [28]. The filters are optimized such that the error is
minimized when comparing the CNN’s output to the target output. Figure 2b shows several
examples of the two-dimensional filters that the CNN is composed of (among over 100,000
available filters). The dark squares indicate small weight values and the light squares represent
large weight values. As shown in Figure 2c, we can apply these filters to an input image, and
capture the CNN’s behavior in a series of feature maps. These feature maps can provide insights
into the CNN’s response to specific areas of the image at any point in the model. For example, in
Layer 3, the CNN places more weight on the edges of the cross, while placing less weight on the
inside, indicating that generic features such as lines and edges are captured in the initial layers.
However, as the input progresses deeper into the model, the feature maps provide progressively
less interpretable information. The connection between mapped features and the network’s final
output remain hard to discern, especially at the deeper layers. Thus, although we can identify the
shapes and features extracted by the network’s initial layers, it is challenging to synthesize this
information into an understandable explanation of the model’s decision. Attempting to ‘open the
black box’ in this sense provides limited utility with regards to model interpretation and

verification, since analyzing individual filters within a network does not guarantee a coherent
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explanation for an entire model or even a specific prediction. Furthermore, this form of internal

analysis is model specific. Different architectures may yield various feature-map responses in the

corresponding layers, leading to inconsistencies in explanations and interpretations.
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Figure 2. (a) CNN-predicted absorption spectra vs. FDTD simulations of six new nanophotonic
structures (shown in the inset images), revealing the high accuracy of the CNN in performing
forward design-based multiphysics structural analysis. (b) Examples of the filters and weights
within the CNN. Dark squares represent small weights and light squares represent large weights.
(c) Features maps showing what happens inside the model in response to an input image. Generic
features such as lines and edges are captured in the initial layers, but the maps are less interpretable

as we progress deeper into the model.
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Explaining the CNN’s Predictions

To explain the CNN’s behavior and draw useful conclusions from the network’s internal
model, we instead use the recently developed Deep SHAP method (hereon referred to as SHAP),
which attempts to explain model decisions by calculating feature contributions. The methods
unified by SHAP are model agnostic and grounded in game theory, leading to more consistent and
robust explanations. Instead of compelling the user to analyze thousands of feature maps, SHAP
produces a single integrated relevancy-based heatmap that explains a prediction, with results that
are output specific and aligned with human intuition, while addressing the previously reported
saturation problem and thresholding artifact [46]. With the SHAP values, we can thus explain the
contribution of a given geometric feature (represented by its pixels) of a nanophotonic structure to
the structure’s electromagnetic response at each wavelength. SHAP values are calculated through

the following equation:

(f.%)= Z|Z|( |Z|1)[f z\n)]

®

where, @i is the SHAP value, X are simplified inputs that mapped binary values into the original

input space (X), M is the number of simplified input features, ' is a subset of non-zero indices in

X' z'\i

, (z') is a model trained with the feature present, and £(z"1) js a model trained with the feature

withheld24. The SHAP algorithm captures the effect of withholding a feature, then iterates the

(2= x)

computation across all possible subsets . In general, by removing specific features and

calculating the change in the output, the algorithm can determine the contribution of these features
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(positive or negative) towards a specific prediction (i.e., if the change of the output is large, the
feature has a large contribution, and vice versa).

We performed SHAP explanations on the CNN model trained on 10,000 images of
nanophotonic structures previously described. The explanation is represented as a heatmap, where
red pixels represent positive contributions of a base image towards the model’s prediction, and
blue pixels represent negative contributions. As shown in Figure 3a, SHAP explanation heatmaps
were captured at 6.0, 6.4, 6.8, 7.2, 7.6, 8.0, 8.4, and 8.8 um with single-reference backgrounds
(described in the Supporting Information), while the base image possessed a Lorentzian absorption
peak at 5.2 um and arm lengths of 1.4 pym. These explanations reveal the features, or lack thereof,
that the CNN deems critical towards achieving an absorption resonance at the designated
wavelengths. Specifically, as the resonance wavelength increases, the explanations show regions
of blue pixels which gradually migrate from the center of the image to the edges, indicating that
starting from the base image, the antenna arm lengths must become longer in order to achieve
resonance at larger wavelengths. Conversely, Figure 3b shows that for a base image with longer
initial arm lengths (2.9 um), the arms must become shorter in order to achieve resonance at smaller
wavelengths. This behavior is evident from the regions of blue pixels converging towards the
center of the image as the resonance wavelength decreases. Both cross-arm tests indicate that the
CNN has effectively inferred the relationship between antenna arm length and resonance
wavelength.

At the same time, we observe varying degrees of red and blue pixels throughout the
explanation heatmaps. For example, on the 8.8 um explanation with the 5.2 pm base image, there
are higher-intensity blue pixels on the top and left arms of the cross, indicating that the CNN

weighs each arm differently in determining the resonance wavelength, when in reality, all of the
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arms are equally important to achieving resonance at the designated wavelength. In addition, the
magnitude of the blue pixels are greater towards the edges of the structure, while the remaining
areas have red pixels scattered throughout. Both results can be attributed to the filters developed
by the CNN during training. CNNs tend to develop edge detection filters, since non-edge patterns
(e.g., a patch of black pixels) do not typically provide sufficient information to differentiate
discrete objects22. Therefore, our CNN was tasked with creating the minimum set of filters that
captures the most important features and distinctions (i.e., the cross-arm edges) required to
correlate the images to their respective absorption spectra. Naturally, this determines the range of
the CNN’s feature recognition capabilities and the extent of which it can generalize (or accurately
predict new and unknown images), which may be limited to an unknown degree. However, we can
alleviate this uncertainty by using the SHAP explanations to identify the sections of the structure
that strongly contributed to resonance as well as the sections that contributed only weakly. With
this information, we can infer what kind of relationships the CNN learned (or failed to learn),
thereby allowing us to determine potential failure modes of the trained model. Thus, in addition to
uncovering the physical relationships learned by the CNN, the presented CNN-explanation
approach is also effective at determining the limitations and risks associated with a ML model
trained on nanophotonic simulations by providing insight into the model’s behavior.

To validate the SHAP explanations in their identification of features that contribute to
resonance at specific wavelengths, we used the SHAP value heatmaps from Figure 3 to modify the
base image, such that the resonance occurs at alternate wavelengths (Figure S2). We compared the
SHAP explanations, and the design validations derived from them, against a standard antenna-

based analytical relationship between the MIM resonator arm lengths and resonance wavelengths:

A=(2n,)L+C. @
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Here, + is the resonance wavelength, " is the effective index of the transverse electric (TE)

mode, L is the length of the resonator, and C is a correction phase term [25-27]. The comparison

between the SHAP-generated and the FDTD simulated structures demonstrates that the

information extracted by the CNN aligns strongly with the physical relationship established in

Eqn. 2.
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Figure 3. SHAP explanations for a (a) ‘short-arm’ cross (1.4 um lengths) at increasing resonance
wavelengths and a (b) ‘long-arm’ cross (2.9 pum lengths) at decreasing resonance wavelengths,
revealing the CNN learned that the cross-arms must increase to achieve resonance at longer

wavelengths and vice versa.
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As an additional demonstration of the presented explanation method on complex shape-
property relationships, we sought to explain the structural elements that distinguish a structure’s
response between single and double resonance behaviors within a given bandwidth. Figure 4
presents a series of test cases, where explanations of a dual absorption peak structure (L-shaped)
and a single-peak structure (I-shaped) were captured at the peak wavelengths of each structure
(marked in Figure 4a). The SHAP explanation heatmaps at the designated wavelengths are shown
in Figure 4b, where the I-shaped image was used as the background for the L-shaped image and
vice versa. The complete distribution of SHAP values from each heatmap are plotted and
quantified in Figure 4c and 4d for the I-shaped resonator and L-shaped resonator, respectively.
The inset bar graphs present the average SHAP values across each explanation. From these plots,
we observe that at the peak/target wavelengths of the background image, the explanation of the
base image at those wavelengths (indicated by the red-dashed boxes in Figure 4b) yield higher-
magnitude and more negative SHAP values (blue pixels) than the explanations at non-peak
wavelengths. Thus, the results here reveal that the CNN uses the inclusion of the horizontal-bar on
the I-shaped structure to determine the presence of two absorption peaks at 5.5 um and 8.2 um,
while the removal of the bar on the L-shaped structure renders a single peak at 6.3 um. Using the
same design validation strategy from the previous section, we confirmed that the SHAP
explanations correctly identified the structural areas that contribute to single and dual resonance
(Figure S4).

Furthermore, the explanations provide more granular details on which areas of each
nanophotonic structure contributes to each resonance peak. For example, for the dual-peak L-
shaped structure, the explanation at each peak (5.5 pum and 8.2 um) illustrates different red-pixel

dominant regions (features contributing to resonance at these wavelengths). We note that the
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heatmap’s spatial distribution bears resemblance to the spatial nature of the resonances on either

peak. In particular, the electric field concentrations in these structures vary at different resonance

wavelengths (Figure S3). Similar to the electric field of the L-shaped structure at 8.2 um, SHAP

informs us that roughly the entire horizontal-arm length evenly contributes to resonance, while at

5.5 um, the center of the arm contributes more to the resonance, which aligns with the nature of

the E-field distribution for this resonance (Figure S3).
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Explaining the Response of Complex Freeform Structures

We next investigate, using SHAP’s explanations, the physical insight into the optical
response of complex freeform resonator geometries that do not lend themselves to intuitive or
previously understood physical models. Figure 5 shows a series of complex freeform metal-
insulator-metal metamaterials we examine, as well as the multiple absorption peaks each structure
supports. We use SHAP to generate explanations for wavelengths associated with each structure’s
peaks. In Figure 5, the blue pixels indicate the negative contributions of empty space towards the
absorption peak. Therefore, the blue pixels indicate regions of the structure that positively
contribute towards the absorption value at a particular wavelengths, while the red pixels indicate
the regions that negatively contribute. As seen in Figure 5, the SHAP heatmaps highlight the spatial
regions of each freeform shape most responsible for the noted absorption peaks. For example, in
Figure 5a, the bottom and left edges of the structure appear to contribute the most to the absorption
peak at 7.8 um, while the top portion contributes to the peak at 8.9 um. Similarly, in Figure Sc, we
observe that the concave part of the structure on the upper-left strongly contributes to resonance
at 7 um, while the same region is not responsible for, and in fact suppresses, the resonance at 4.7
um. In the case of Figure 5c then, this suggests that both spatial regions are responsible for the
combined two peaks observed. Collectively, the negatively and positively contributing regions
explain the overall absorption response that is observed at different wavelengths, and establishes

a physical picture of the behavior of each freeform shape.
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Figure 5. (a-d) SHAP explanations for freeform structures at various points of interest, revealing

the range of structural elements which contribute to various absorption peaks.

Validating the Freeform Structure Explanations

To validate SHAP’s explanations of which regions of freeform shapes contribute positively
or negatively to the absorption value at a particular wavelength, we modify the original freeform
structures based on these contributions, and simulate the modified structures in Lumerical. If
SHAP’s explanations are accurate, we expect the modified structures to enhance or suppress

absorption at a specified wavelength based on the SHAP value for a given spatial region. Focusing
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the analysis on one resonance wavelength per design, Figure 6a illustrates the explanation of the
freeform structure for the absorption peak at 7.8 um, while 6b, 6¢, and 6d show the explanations
for their corresponding structures at 4.2 um, at 7 um, and 7.1 um, respectively. After validating
the SHAP values, we found that the absorption amplitude of the original structure can be tuned by
selectively adding or removing the structural elements informed by SHAP. For example, in Figure
6a, the absorption spectra peaks at 0.6. After generating a structure using primarily blue pixels
(shown below the SHAP heatmap and to the right with a blue border), the absorption rose to 0.9.
Conversely, using primarily red pixels (which negatively contribute to the absorption value at that
wavelength) the generated structure (shown below the SHAP heatmap and to the left with a red
border) yields an absorption value near 0.1. We emphasize that this validation step is not
necessarily a design strategy for photonic structures. Instead, it serves to confirm that the SHAP
values at different spatial regions of the freeform structure do in fact correspond to its ability to
enhance or suppress absorption at a particular wavelength.

We note that in deciding which pixels to transform, we used only the largest 95% of the
absolute SHAP values to account for noise. We also observe that this absorption enhancement and
suppression strategy is consistent across multiple designs (Figure 6b-d), although the degree of
absorption intensity change varies by design, and the resonance wavelengths of the new structures
deviate slightly from the original structure. However, from the SHAP heatmaps, we are able to
describe the spatial components of an arbitrary structure to discover the regions responsible for
absorption at a specific wavelength, and use this information to tune the properties of the
metasurface. Thus, the presented XAl method provides an explanation of the behavior of complex
structures, where the relationships between structure and property are not readily apparent, and

opens the door to new strategies for nanophotonics design.
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While promising as a first demonstration, we note some limitations in our current results
which are linked to an important current limitation in the Deep SHAP method: its inability to
account for feature dependence [29,30]. This in turn could have inhibited the identification of key
structural features required for a resonance. Despite the minor discrepancies between the target
and resulting resonance wavelengths in our validation studies, the general patterns identified by
the explanations still offer significant insights into the features which contribute to resonance; a

critical element which was not accessible in previous ML studies pertaining to photonic structures.
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4.3 Conclusions

In summary, we show that convolutional neural networks can predict the optical properties
of nanophotonic structures with remarkable precision, serving as an ultra-fast electromagnetic
simulator for constrained domains of structures that also contain valuable information about the
behavior of nanophotonic structures. Accordingly, we demonstrated an explanation algorithm
(Deep Shapley Additive Explanations, or SHAP) that identifies the contributions of individual
image features (on a pixel-by-pixel level) towards each of the network’s predictions. The trained
CNN predicted the spectra of new and unknown structures with over 95% accuracy, and orders of
magnitude faster (~0.3 seconds) than conventional simulation (~30 minutes, yielding a 6,500x
improvement). By examining the SHAP explanations, both qualitative and quantitative
relationships between structure and spectra can be obtained (i.e., resonator arm length vs resonance
wavelength), and the explanations themselves can be used to enable unique design strategies
through ML-inspired physics discovery. The explanations also revealed what the CNN did not
learn, thus exposing potential limitations and risks associated with the trained model. Importantly,
the presented explainable artificial intelligence method shows that the patterns and principles
encoded within the ML model can be extracted to derive valuable insights into the nanophotonic
structure behavior, even in complex freeform structures whose behavior is typically not easy to
understand. While we chose to study a class of metamaterial resonators and their corresponding
absorption spectra, we emphasize that the approach we have developed is applicable to any class
of photonic structure or device for which a sufficiently large training dataset can be assembled by
simulations, and any relevant optical device property, including focal depth, field of view and

polarization sensitivity. Future studies could thus encompass using emerging explainability
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algorithms along with the explanation of additional device-property relationships. In the long term,
combining explainability with machine learning may enable new discoveries in the physics of
highly complex nanophotonic structures, and in turn yield new functionalities and capabilities not

possible today.

4.4 Supporting Information

CNN Training Data and Network Architecture Optimization

To train our CNN, we performed three-dimensional finite-difference time domain (FDTD)
simulations of 10,000 unique nanophotonic structures in Lumerical, and generated 10,000 two-
dimensional images of the resonator layers and their corresponding absorption spectra. Figure S1
shows example 2D images of the designs used in the training dataset. The designs consist of cross-
shapes, box-shapes (hollow and solid), cross-shapes with perpendicular resonators along the arm
tips, and the inverted versions of each shape. To simulate the absorption spectra, these designs
were simulated within 3.2 um X 3.2 um periodic arrays. Each structure contained a 100 nm gold
bottom layer, a 200 nm Al>O3 dielectric middle layer, and a 100 nm gold top resonator layer with
various dimensions. Mesh sizes of 20 nm X 20 nm X 20 nm were maintained across the entire
simulation domain, and a plane-wave source at normal incidence was applied across a wavelength

window of 4 um to 12 pm.
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Figure S1. A subset of the training data images, consisting of: cross-shapes, box-shapes (hollow
and solid), cross-shapes with perpendicular resonators along the arm tips, and the inverted versions
of each shape.

The CNN was implemented using TensorFlow and Keras and trained on one Intel Core i5-
8600T CPU for 300 epochs. Table S1 presents each of the trained models along with their
validation root-mean-square error (RMSE) and training time. Model 1 served as the starting point,
which consisted of three convolutional layer-stacks, each proceeding with a batch normalization

layer, rectified linear unit (ReLU) activation layer, and average pooling layer (except the final

stack). Each convolutional layer used 3 X 3 filters, numbering in 8, 16, and 32 in each subsequent

layer. The pooling layer used 2 X 2 windows with a stride of 2. By testing incremental changes to

the model (Model 2-8), we determined that a four-stack architecture with leaky ReLU layers
trained with the adaptive moment estimation (Adam) algorithm yielded the lowest error (Model
9). In addition, the CNN was trained with a learning rate of 0.001, betal of 0.9, beta2 of 0.999,

and test dataset of 10%.
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Model 1 Model 2 Model 3
Layers |Param. [Options Layers |Param. (Options Layers Param. |Options
conv2d [3x3,8 |sgdm conv2d [3x3,16 |[sgdm conv2d  |3x3,16 [sgdm
[ReLU 256 [ReLU 256 |IeakyReL 256
avgPool [2x2,2 |minibatch [avgPool [2x2,2 [minibatch U 2x2, 2 |minibatch
conv2d [3x3,16 |100 epochs |conv2d [3x3,32 (100 epochs favgPool |[3x3,32 (100 epochs
[ReLU [ReLU conv2d
avgPool [2x2, 2 avgPool [2x2, 2 |IeakyReL 2x2, 2
conv2d [3x3,32 conv2d [3x3,64 U 3x3,64
[ReLU [ReLU avgPool
conv2d
|IeakyReL
U
[RMSE 0.15313 [RMSE 0.10648 RMSE 0.11762
Time 63 min Time 167 min Time 218 min
Model 4 Model 5 Model 6
Layers |Param. [Options Layers |Param. [Options Layers Param. |Options
conv2d |3x3,8 [sgdm conv2d [3x3,8 [adam conv2d |3x3,8 |[sgdm
[ReLU 256 [ReLU 256 ReLU 256
avgPool [2x2,2 |minibatch [avgPool [2x2,2 |[minibatch |maxPool |2x2,2 [minibatch
conv2d [3x3,16 |100 epochs |conv2d [3x3,16 [100 epochs |conv2d  [3x3,16 (100 epochs
[ReLU [ReLU RelLU
avgPool [2x2, 2 avgPool [2x2, 2 maxPool [2x2, 2
conv2d [3x3,32 conv2d [3x3,32 conv2d  |3x3,32
[ReLU [ReLU ReLU
avgPool [2x2, 2
conv2d [3x3,64
[ReLU
avgPool [2x2, 2
conv2d [3x3,128
[ReLU
[RMSE 0.13289 [RMSE 0.11497 RMSE 0.16737
Time 87 min Time 77 min Time 58 min
Model 7 Model 8 Model 9
Layers |Param. |Options Layers |Param. |Options Layers Param. [Options
conv2d |3x3,8 [sgdm conv2d [3x3,8 [|sgdm conv2d |3x3,16 [adam
[ReLU 256 [ReLU 128 |IeakyReL 128
avgPool [2x2,2 |minibatch [avgPool [2x2,2 [minibatch |U 2x2, 2 |minibatch
conv2d [3x3,16 ([300 epochs jconv2d [3x3,16 [100 epochs |avgPool [3x3,32 300 epochs
[ReLU [ReLU conv2d
avgPool [2x2, 2 avgPool [2x2, 2 |IeakyReL 2X2, 2
conv2d [3x3,32 conv2d [3x3,32 U 3x3,64
[ReLU [ReLU avgPool
conv2d [2x2, 2
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|IeakyReL 3x3,128
U
avgPool
conv2d
|IeakyReL
U
[RMSE 0.097562 [RMSE 0.14086 RMSE 0.07709
Time 229 min Time 42 min Time 340 min

Table S1. Table of trained CNN architectures and the corresponding RMSE values.

SHAP Explanation Validation for Single-Resonance Structures

The DeepExplainer module from the Deep SHAP Python library was used to explain the
predictions of the CNN. To generate SHAP values for deep learning models, the SHAP algorithm
approximates the conditional expectations of SHAP values using a selection of background
samples. The background dataset is used to determine the impact of a feature by replacing the
feature with values from the background. In doing so, the algorithm can simulate ‘missing’ features
and calculate the impact on the model output®. To minimize the noise that was generated by the
SHAP explanations, we performed the SHAP explanations under single-reference background
conditions. For the single-reference background, we used an image with a specific absorption peak
as the background (e.g., 8.0 um), and captured the explanation at this peak wavelength. This
process was repeated for all target wavelengths.

Following the generation of the explanations, the explanations were used for design
validations towards target resonances. Validation was performed by converting the blue pixels in
the heatmaps to black pixels on the base image. Figure S2b and S2c show the spectra of the
validated structures and the original FDTD simulated structures, respectively. These validated
designs were then compared with the corresponding FDTD simulated background images (as

shown in Figure S2a) to ensure that the CNN learned the relationship between cross-arm length
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and resonance wavelength. In Figure S2d, the resonant wavelengths at peak absorption and the

antenna arm lengths of both sets of structures are plotted (with linear fits of R=0.998). The FDTD-
simulated structures yield an "ett of 1.13 and C of 2.21, while the SHAP-validated structures

display an Nett of 1.15 and C of 2.10, yielding an Nett error of 1.8% and a C error of 4.9%.
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Figure S2. (a) Images of the SHAP-validated and FDTD simulated structures. The absorption
spectra for the corresponding (b) validated and (c) simulated structures. Image-border colors
correspond to the plot colors. (d) Comparison of the physical relationship between antenna arm
length and resonant wavelength for the two sets of structures (linear fit of plots shown with
R?=0.998).
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SHAP Explanation Validation for Multi-Resonance Structures

Figure S3 shows the electric field profiles of various MIM structure designs. We note that
the SHAP explanation heatmap’s spatial distribution bears resemblance to the spatial nature of the
resonances on either peak. In particular, the electric field concentrations in these structures vary at

different resonant wavelengths.
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Figure S3. The electric field simulation profile of (a) an L-shaped resonator and (b) an I-shaped
resonator at resonance wavelengths of 5.5 um, 6.3 um, and 8.2 pum.

We performed the same design validation method from the previous section to assess the
accuracy of the SHAP explanations for complex, multi-resonance structures. In Figure S4a, the L-

shaped structure was validated by utilizing the explanation generated at 6.3 um, then converting

92



all of the blue pixels to the opposite state on the original image. The resulting structure exhibited
a single absorption peak of approximately 0.9 at 5.4 um. Using the same approach, we attempted
the reverse scenario of generating a dual-peak structure from a single-peak structure (Figure S4b).
We leveraged the explanation from one of the dual-peak wavelengths (as either wavelength
resulted in negligible differences) and applied it to the design validation process. The validated
structure possessed an absorption peak of ~0.6 at 4.8 um and ~0.48 at 6.9 um. The design
validation studies demonstrate that complex spectral targets can be met by converting the pixels
identified by the SHAP heatmaps, and thus that the heatmaps themselves reveal useful information
about the relationship between geometric features and their electromagnetic response. In the first
case, by focusing the image conversion process on the explanations of a single target wavelength,
we converted a dual-peak structure into a single-peak structure. In the second case, the single-peak
structure was converted into a dual-peak structure by using the SHAP values of two target

wavelengths.
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Figure S4. SHAP-validation for a (a) single-peak structure and a (b) dual-peak structure by
utilizing the SHAP values at targeted resonance wavelengths for image conversion.
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5. Enhancing Adjoint Optimization-based Photonics Inverse Design
with Explainable Machine Learning

5.1 Introduction

Effectively optimizing nanophotonic structures is key to their use in a broad range of
optical applications. For example, photonic integrated circuits, metasurfaces, and guided-wave
systems can be geometrically manipulated at subwavelength scales to deliver a wide range of
functionalities [1-5]. However, a large design space must be rapidly explored in order to optimize
the geometry for a particular application. To effectively navigate such a design space, gradient-
based optimization algorithms such as the adjoint variables method have been widely adopted to
design non-intuitive or irregularly-shaped electromagnetic structures that are highly efficient at
accomplishing a particular goal. By calculating the shape derivatives at all points in space using
only two electromagnetic simulations per iteration [6], adjoint optimizations are orders of
magnitude more computationally efficient than alternative optimization methods and capable of
achieving state-of-the-art performance [6-9].

Although adjoint optimization-based methods have been successfully applied to a variety
of photonic systems [10-13], the method’s reliance on gradient-based information means that the
method is local in nature, and therefore bounded by the corresponding limitations. Specifically,
since the design space for electromagnetic structures is predominantly non-convex, adjoint
optimizations (or gradient-based optimization algorithms in general) are susceptible to getting
stuck in local minima valleys or saddle points (hereon collectively referred to as local minima)
[14,35]. Thus, unless a region of high-performance devices is known in advance, multiple
optimization runs are needed (typically by using random starting points) to arrive at a single

optimization target [15]. To overcome these limitations, recent efforts have combined machine
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learning (ML) with adjoint optimization. For example, population-based inverse design was
demonstrated using global topology-optimization networks, or GLOnets [16], which integrate the
adjoint method directly into the training process. Alternative strategies also include the integration
of ML and adjoint optimization as a two-step process, where the ML-component performs an
initial global-search approximation, then the optimization improves design performance further
[16-18,41]. Although both approaches can improve upon the algorithm’s performance, the
underlying issue of local minima trapping remains unaddressed, since the integration and use of a
gradient-based optimizer inherently indicates that the issue is still present. In this regard,
metaheuristic techniques such as simulated annealing have been proposed to escape local minima
in the search process [19,20]. This method may directly address the issue of local minima trapping
through neighbor-based exploration, but its applications in photonics shape and topology
optimization have been severely limited due to relatively low computational efficiency (on the
order of 1,000 iterations) [21,22].

To comprehensively address the issue of local minima trapping, we seek to identify the
root of the problem and ask: what caused the algorithm to get trapped in the first place? In the
context of the optical structures being optimized, arriving at certain geometric elements and their
resulting electromagnetic response must be responsible for (or contribute to) guiding the
optimization towards suboptimal results. To discover the geometric features responsible for local
minima trapping, and to then overcome them, we employ an explainable artificial intelligence
(XAI) based approach. XAl serves as a promising candidate for addressing local minima trapping
due to its well-known ability to reveal a model’s decision-making process as well as the
contributing factors thereof (i.e., addressing the black box problem) [23-25]. For example, XAl

can reveal the spatial regions of a nanophotonic structure that contribute to the presence or lack of
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an absorption peak [26]. Thus, to explain the causes of local minima trapping in gradient-based
adjoint optimization, and subsequently use this information to prevent the optimization from
converging onto suboptimal states, we present an XAl-based framework that utilizes the
relationships between device efficiency and nanoscale structuring to increase optimization

performance.

5.2 Results and Discussion

We demonstrate our optimization framework in the context of Y-splitter waveguide design
(Figure 1a), where the objective is to optimize the shape of the silicon-oxide interface to maximize
power transmission efficiency from an input port to two output ports of the same width. We
represent the objective function as a decreasing figure-of-merit (FOM) which ranges from 1 to O,
where O represents ideal performance. With this definition in place, adjoint shape optimizations
are performed on an initial Y-splitter design to minimize the FOM (Figure 1b) across a range of
target wavelengths in the telecommunications range (1.3 to 1.8 um). The design and FOM
information from the optimizations are used in conjunction with neural architecture search to
automate the training of an ML model (AutoML). The model learns the relationships between
device structure and performance by accurately predicting the FOM and target wavelength of an
input design (Figure 1c). We then use a suite of XAl algorithms, SHapley Additive exPlanations
or SHAP (a post hoc explanation technique based on game theory [27]), on the model to extract
the structure-performance relationships as “feature explanation” heatmaps (Figure 1d). By
interrogating our trained ML model, the explanations here inform the structural features that
contribute to the FOM of interest. Using this information, we devise a boundary extraction

algorithm that takes the explanations and makes guided design changes (Figure 1e). These design
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changes then provide a new starting point for the local adjoint optimization method, which allows

the method to reach lower FOMs than before (at multiple target wavelengths).
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Figure 1. (a) Nanophotonic device optimization: silicon-on-insulator Y-junction splitter for
telecom applications. (b) Multiple adjoint optimization runs are applied to the Y-splitter design at
various target wavelengths. (c) Results of the optimizations are used as training data in automated
machine learning (AutoML) to train a neural network, where the inputs are images and the outputs
are device figure-of-merits (FOM) and target wavelengths. (d) Explainable Al algorithms are used
on the neural network to capture feature explanations, (e€) which are used to optimize device
performance further by allowing the algorithm to escape its local minima.

Adjoint Optimization and Convolutional Neural Network Training

We first developed our training dataset by performing multiple adjoint shape optimization

runs on a starting Y-splitter design (Figure 2a). We applied a widely-adopted implementation of
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the adjoint method that is integrated with a commercial finite-difference time-domain (FDTD)
solver [28]. The 2D cross-sections of the Y-splitter designs are represented as black and white
images, where the black and white pixels represent the permittivity of silicon and SiOo,
respectively. In our configuration of the adjoint method, the optimizable region is the area between
the input and output ports, while the port sizes remain fixed. The optimizable geometry within this
region is defined using the level set method and cubic spline interpolations [28,29]. Each
optimization run was performed on randomized starting designs (waveguide structures with 25%,
35%, 40%, and 50% fill fractions; collectively shown in Figure S2) using different operating
wavelengths as optimization objectives (1.3 to 1.8 um in 0.1 um steps) to produce a collection of
device designs with gradual performance improvements. Performance improvement is indicated
by a decreasing FOM (as design iteration increases), until a plateau is reached. As shown in Figure
2a (here, the 35% fill fraction starting design), each design iteration consists of a forward and
adjoint (i.e., time-reversed) simulation, which calculates the shape derivative over the entire
optimizable region and modifies the geometry (per iteration) in proportion to the FOM gradient
[6]. At the final iteration “N” (which may vary across each optimization run), device geometry is
tailored to achieve maximum attainable performance with respect to the sought target. In our
application of the adjoint method, the FOM represents the power coupling of guided modes, and

is defined as:

1
FOM = 5o f ITy(1) = T(1)] dA, "

where 4 is the evaluated wavelength, T is the actual power transmission through the output ports,

To is the ideal power transmission, and P is the source power (in Watts). Thus, the FOM is the
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difference between the input and output transmission normalized by the power injected by the
source, which results in maximum performance at 0. Figure 2b shows the results of each
optimization run, where the collective FOM information and corresponding designs (at each
iteration; not including the starting design) are used as training data for deep learning.

From the optimized structures shown in Figure 2, unique geometries are obtained for each
target wavelength, which in turn yield a range of FOM values. Therefore, the FOM and target
wavelength are coupled with one another, and both are dependent on the waveguide structure.
Thus, to ensure that our model simultaneously learns both of these properties, which in turn
captures more information regarding the structure than models trained on the properties
individually, we designed a single neural network that takes the Y-splitter geometries as inputs
(here, 128x64 pixel images, or 2.5x1.25 um? domains) and outputs both FOM and target
wavelength. In the particular design space we explored, over 600 input and output pairs were
generated for the neural network. For ease of training, target wavelengths were converted into
categorical labels, where a position-specific output node value of 1 represents the wavelength of a
specific design, while the other positional nodes equal 0. For example, a target wavelength (T,) of
1.3 um is represented as T13 = [1,0,0,0,0,0], 1.4 um is T14 = [0,1,0,0,0,0], and this pattern is
repeated up to 1.8 um. Alternatively, argmax(T,.), or the index of the maximum value along the
vector, represents the target wavelength. Combined with a floating-point value (ranging from 0 to
1) to serve as the FOM, we devise a training data structure that is amenable to both classification
and regression-based tasks. With this input-output relationship defined, as well as a 90:10 training-
validation data split, we use neural architecture search (AutoKeras [30]) with image blocks to
automate the deep learning process by testing different model variants across multiple trials. We

observe that the optimal architecture was identified after 12 trials, which had a validation loss of
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9.1x107°. The final training and validation losses of each trial are presented in Figure S1a, and the
evolution of the convolutional neural network (CNN) architecture from the first trial to the last is
shown in Figure S1b. The optimized CNN possesses five convolutional blocks (with 512, 256,
128, 64, and 32 filters, respectively) followed by a dense layer. Each block contains Leaky RelLu,
batch normalization, and max pooling layers. Training progression of the optimized architecture
is shown in Figure 2c, where a strong convergence between the training and validation losses can
be observed. We further verified our model’s performance through cross validation and overfitting

analyses (found in Table S1, S2 and Figures S12, S13 of the Supporting Information).

( ) Iteration 1 Iteration N

‘%

a Starting Design

10 20 30 40 50
Design Iterations

- H. ‘-
I -
Forward Sim A=16um
b——— | D (: -e L:
m -
g [

2
=
A=17 um o

Adjoint Sim ’ m

A n R

=1.8 um
— ST000E =(}

- 100 200 300 400

Epochs
Figure 2. (a) Training data generation. Adjoint optimization runs are performed on random starting
designs (35% fill fraction starting design shown) across target wavelengths ranging from 1.3 pm
to 1.8 um to produce high-performance devices in the telecom window. (b) FOM vs. design
iterations across each optimization run. (c) Training and validation losses for the AutoML-
optimized neural network shows high training accuracy and model convergence.

——Training
——Validation

|
Loss

WO4

(n
>

105



Structure Explanation and Re-Optimization

After training our machine learning model, we next sought to explain the relationship
between the overall shape and FOM such that this information can be leveraged to potentially
further optimize the devices, and overcome any local minima the adjoint method may have arrived
at. To verify that the model properly learned the structure-FOM relationship, we passed the final
design iterations (of each target wavelength) into the trained model and compared the ground truth
outputs to the model’s predictions. The comparison is shown in Figure 3a, where we observe a
strong match (over 90% accuracy) between the predictions (blue points) and ground truths (orange
points). The inset images in Figure 3a are model inputs. From this result, we can infer that the
model accurately learned the key features on the optimized structures which contribute to the target
wavelength-specific FOM values. Therefore, we can utilize XAl to reveal the structure-
performance relationships of each device. Specifically, we employed an explanation strategy for
photonics design — using SHAP — to highlight the device feature contributions to their respective
FOM [26]. These feature contribution heatmaps (represented as SHAP values, @(x,y), ranging
from -1 to 1) are illustrated in Figure 3b, where the blue and red pixels indicate positive and
negative contributions towards the FOM, respectively. We note that this is the reverse of
conventional SHAP definitions due to our desired FOM being minimized. We then leverage the
information captured by the XAl algorithm, and manipulate the structure accordingly, to assess its

effect on device performance.
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Figure 3. (a) Comparisons between model predictions and ground truths, for FOM (regression)
and target wavelength (classification) values, show that the model accurately learned the
relationship between device structure and performance. Inset images show the model inputs, which
are adjoint-optimized devices. (b) SHAP explanation heatmaps of the optimized devices reveal the
structural features that contribute positively (blue) or negatively (red) towards optimal device
performance. Note that this is the reverse of conventional SHAP definitions due to our desired
FOM being minimized.

To determine how to practically use the SHAP values (represented as red/blue heatmap
pixels), we first note that high concentrations of blue pixels are located throughout a majority of
each structure, while the center of the structures and select portions of the outer boundaries contain
large regions of red pixels. In this regard, since the training data solely consists of geometries with
varying degrees of shape changes at the SOI boundary, and no geometry change is introduced
within the structure (i.e., no material subtractions or white pixels are inside the main island of
black pixels), we focus our analysis on the SHAP values located at the structure boundary rather

than the center. Following the aforementioned principles of positive and negative contributions,

we define the red regions along the structure boundaries as negative contributions towards device
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performance that should be removed from the design. Accordingly, we devised a boundary
extraction algorithm to systematically adjust the shape of the adjoint-optimized devices using the
explanation heatmaps. The algorithm, conceptually illustrated in Figure 4a, consists of an initial
filtering procedure, which identifies the red-to-blue transition points along the structure boundary.
In this procedure, a binarization function is applied to the SHAP values that converts the structure
into existing and non-existing elements (shown in the center of Figure 4a as white and black pixels,

respectively). Thresholds for binarization (p(x,y)) are given by the following step function:

(1 for @(xy) =<0,
plx,y) = {0 for ®(x,y) >0,

()

where p(x,y)=1 and p(x,y)=0 indicates existing and non-existing elements, respectively. A median
filter is applied to the binarization to reduce noise. Next, we “draw” a new boundary around the
existing elements (Figure 4a, right) by capturing an array of points n(x,y)=[Xi;Yi], in which
Xi=[X1,X2,...,Xi] and Yi=[y1,y2,...,yi] are vectors of length i. Xiis an evenly spaced set of x-coordinate
values from the left to the right of the image. Since i ultimately determines the resolution of the
shape, we set its value to 20 points (matching the interval used in the initial optimization runs) to
ensure that the optimizable geometry is within feasible fabrication range. This interval equates to
100 nm spacing along the x-axis, which is well within CMOS lithography resolutions. Each point
on the spline can range from 0 to 1.25 pum in 20 nm steps, thus the number of parameter
permutations describing the design are on the order of 1x10%. To find the y-coordinate values in

Yi, we apply Algorithm 1 (detailed in the Supporting Information).
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Figure 4. (a) Schematic representation of our explanation-optimization algorithm and workflow,
consisting of explanation, filtering, and boundary extraction steps. (b) Comparison between the
adjoint-optimized and explanation-optimized geometries.

Using Algorithm 1, we raster the image (from top to bottom) across all values in X; and
find the points where existing elements are found (indicated by P(x,y)=1), then mark these points
for Yi. For quality purposes, we add the @ hyperparameter to enhance robustness by reducing sharp

changes in the structure as a result of filtering or noise from the explanations. We apply this

workflow to each wavelength-specific adjoint-optimized structure from the previous step and
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present the new “explanation-optimized” results in Figure 4b. As an example of our method’s
application, for the 1.3 um target design, we note that the explanation algorithm deemed the large
vertical spike near the input port as a negative (red) contribution. After applying our explanation-
based boundary extraction process, the height of the spike was reduced.

To assess whether the explanation (or SHAP value) based modifications to the optimized
structures (e.g., the spike reduction) yielded meaningful or effective contributions, we simulated
the explanation-optimized designs and used them as new starting points for a second stage of
adjoint optimization runs. In Figure 5, we show the FOM evolutions over the entire optimization
cycle of the 35% fill fraction starting design. The explanations and optimization cycles of the
remaining starting designs can be found in Figures S2-S5. The red arrows indicate the end of the
first optimization stage and the beginning of the second explanation-based re-optimization stage.
Further observation revealed that in the second stage of the 1.3 um target design, reducing the
vertical spike immediately reduced the FOM from 0.139 to 0.090 (a 35% improvement) at the first
iteration, while the end of the optimization resulted in a final FOM of 0.050 (a 64% improvement
compared to the end of the first stage). This result indicates that the explanation-based
modifications overcame a saddle point in the original adjoint optimization process. In some of the
other examples (e.g., 1.4-1.8 um), the first step of the second stage did not always result in an
immediate FOM reduction, particularly when the FOM value was already exceedingly low
(<0.075). We validate in Figure S6 that this increase in the FOM is due to the optimization getting
stuck in a local minima valley instead of a saddle point, since the FOM must first increase before
the algorithm can identify a lower global minima, particularly when modifying the design from
where the optimization algorithm ended. However, across all the optimization targets, the end of

every second-stage optimization consistently resulted in a lower final FOM than the first-stage
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FOM (a 39% decrease on average). Moreover, an increase in FOM followed by a further global

reduction is indicative of an objective function that was previously stuck in a local minimum [14].

Thus, we demonstrate that our explanation-based re-optimization technique is capable of

enhancing the performance of the adjoint optimization algorithm by allowing the FOM to escape

its local minima for various optimization targets and performance ranges. We note that this entire

workflow only used two optimization runs per target: one for feature contribution learning and the

other for local minima escape or global FOM reduction. As previously mentioned, alternative

methods at identifying lower minima typically involve repeated optimizations at random starting

points or metaheuristic approaches, which can scale well-beyond two optimization runs per target

(on the order of 1,000 iterations in the case of simulated annealing) [21,22].
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the first adjoint optimization stage and the beginning of the second explanation-based re-
optimization stage. Final FOM values are improved by 39%, on average, across all target
wavelengths.

In the proceeding sections, we further assess the performance of the presented optimization
scheme by conducting a number of additional tests, including: 1) an evaluation of the ability for
SHAP to immediately improve the FOM (if the adjoint optimization is stopped prematurely) to
determine the link between structure modifications and FOM improvements (i.e., an “early stop”
analysis), 2) the applicability of our approach on a smaller dataset and 3) different material
systems, and 4) comparisons of our approach against arbitrary perturbations to the adjoint-
optimized structure (i.e., a “random change” analysis). First, to verify that the model is actually
learning how to modify the structure, in our “early stop” analysis, we removed the portion of the
training data where the adjoint optimization reached the local minima, retrained our model, and
repeated our explanation-based modification. We observe in Figure S7 that across all target
wavelengths, the final FOM obtained through the SHAP explanations is lower than the best
available design, thereby confirming that the model is learning how to modify the structure to
improve the FOM (based on the information it was given to learn).

Since there is substantial precedence in existing literature on using explainable artificial
intelligence with small training datasets (on the order of several dozens to hundreds of data points),
particularly to reduce the burden of data collection or computation costs [36-40], we have repeated
our study on a reduced dataset using only the optimization results from a single starting design
(35% fill fraction). Results of this analysis are shown in Figures S8 and S9, where we also observe
performance improvements (43% on average) for all target wavelengths, which suggests that the

proposed approach is applicable (to a degree) to smaller datasets.
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Next, we evaluated the generalizability of the proposed framework by applying it to other
contemporary nanophotonics design challenges. We note that prior studies have successfully
applied XAl to alternative nanophotonic structures, such as metasurfaces, and demonstrated
performance enhancements in the form of spectral property tuning [26] (though no optimization
algorithm integration was employed). Thus, we focused this generalizability analysis on material
alternatives. In this regard, over the past few years, SizN4 has emerged as a promising alternative
to silicon in photonic systems. Compared to silicon, SizsN4 has lower propagation losses and does
not exhibit two-photon absorption in the telecommunications range [31-34] (among other pros and
cons). Accordingly, we performed the same two-stage optimization study on a SizN4 waveguide
(for the same Y-splitter starting geometry) and found that the second-round optimizations were
also able to surpass the results of the first at every target wavelength (Figure S10). Across all the
test cases, an average FOM improvement of 74% was achieved.

Lastly, to show that the achieved performance enhancements were not simply obtained
through arbitrary perturbations to the optimized structure, we performed an additional “random
change” analysis where we randomly modified the first-stage structures, repeated the second stage
of optimizations, and compared the results. This comparison is presented in Figure S11, where five
random modifications (defined in the Supporting Information) were made to each structure. Across
the 30 tests performed on the six optimized designs, all of the randomly modified structures possess
higher FOM values (i.e., lower performance) than those of the explainability-optimized devices,
while only two “random change” results fall within 25% of the explainability-optimized device
performance. Additionally, 28 tests produced higher final FOM values than the initial optimized
designs. Therefore, not only are the random changes ineffective in terms of escaping the local

minima, but they can also inadvertently push the optimization into a worse state than where the
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optimization started at. As such, we demonstrate that our XAl-based approach is not stochastic in
nature, but can deterministically tune a structure in order to maximize performance. Through the
preceding series of tests, we show that the presented approach is generally applicable to numerous
applications of adjoint optimization for electromagnetic design, including those with different

constituent materials, structures, and optimization targets.

5.3 Conclusions

In summary, we present an inverse design framework that extends the capabilities of
gradient-based shape or topology optimization algorithms for photonic inverse design, while
elucidating the relationships between device performance and nanoscale structuring. Our
framework combines adjoint optimization, AutoML, and XAl to enhance device performance
beyond that which is obtainable through the optimization algorithm alone. We applied our method
to SOI waveguide design and showed that the optimization algorithm initially reaches a
performance plateau (i.e., local minima). After utilizing XAI to reveal the device’s structural
contributions towards a designated FOM (where O represents ideal performance), we leveraged
this information (in conjunction with a boundary extraction algorithm) to push the optimization
out of its local minima and reduce the FOM further. Across a range of performance-plateaued
devices optimized for various wavelengths within the 1.3 um to 1.8 pm telecom window, our
method was able to improve device performance by an average of 39%. The entire procedure only
requires two optimization runs per optimization target, which is potentially more computationally
efficient than alternative approaches, particularly those that rely on multiple optimization runs and
random starting points. Additionally, generalizability tests performed on SisNs4 waveguides

showed an average of 74% device performance improvement. Thus, we demonstrate that our XAl-
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based approach provides an automated and systematic solution for an electromagnetic optimization
algorithm to escape local minima and achieve greater device performance. Looking ahead,
integrating conventional optimization and data-driven machine learning will likely prove a fruitful

direction for inverse design and physics discovery in photonic systems.

5.3 Supporting Information

AutoML Training and Execution

In this work, we use neural architecture search (AutoKeras) with image blocks as well as
an early stopping callback to automate the deep learning process by testing different model variants
across multiple trials. We observe that the optimal architecture was identified after 12 trials, which
has a validation loss of 9.1x107°. The final training and validation losses of each trial are presented
in Figure Sla, and the evolution of the convolutional neural network (CNN) architecture from the
first trial to the last is shown in Figure S1b. The first trial initially begins with a two-block
architecture and a validation loss of 3.8x1072. At the final trial, the optimized CNN possesses five
convolutional blocks (with 512, 256, 128, 64, and 32 filters, respectively) followed by a dense
layer. Each block contains Leaky ReLu, batch normalization, and max pooling layers. The final
model possesses approximately 1.5 million training parameters. We note that the number of

parameters are attributed to the size of the input images (128x64 pixels).
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Figure S1. (a) Training and validation loss progression across the AutoML trials. (b) Schematic
of the model architecture changes between the first and final trials.
Boundary Extraction Algorithm

As described in the main text, we devised a boundary extraction algorithm to systematically
adjust the shape of the adjoint-optimized devices using the explanation heatmaps. This algorithm

is represented as:

Algorithm 1: Boundary Extraction
Input: Filtered image array (P) of p(x,y) values at every image pixel.
for x & Xi do

fory = 1:L, where 1 is the top of the image and L is the height or bottom of the image, do
if P(x,y) =1 and yi-yi.1 < @, where «is a hyperparameter for enhancing robustness, then

Yi.append(yi)
else

Yi.append(yi-1)
Return: Y;i

As shown in Algorithm 1, we raster the image (from top to bottom) across all values in X;
and find the points where existing elements are found (indicated by P(x,y)=1), then mark these
points for Yi. For quality purposes, we add the @ hyperparameter (with a default value of 5 points
or 100 nm in device length) to enhance robustness by reducing sharp changes in the structure as a

result of filtering or noise from the explanations.

Random Starting Designs and Explanation Results
We generated the data for our model by performing adjoint optimization runs on
randomized starting designs. Figure S2 below shows all the starting designs, where S2a, S2b, S2c,

and S2d (first column) correspond to 25%, 35%, 40%, and 50% fill fractions, respectively. The
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optimization runs on the presented starting designs (at the designated target wavelengths) yielded
a training dataset of over 600 input-output pairs. After training our model on this larger dataset,
SHAP explanations were captured for each optimized structure (second column of Figure S2) and

re-optimized following the same procedure described in the main text (third column of Figure S2).
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Figure S2. Randomized adjoint optimization starting designs with (a) 25%, (b) 35%, (c) 40%, and
(d) 50% fill fractions. Device layouts (first column) and their corresponding target wavelength-
specific adjoint-optimized device explanations (second column) are illustrated. Top halves of the
structures are presented for ease of visualization. Explanations are used to identify new starting
points for optimization, which can escape local minima (third column). Optimization results of the
presented designs are shown in Figures 5 and S3-S5.
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In Figures S3, 5, S4, and S5, we present the optimization cycles of the 25%, 35%, 40%,
and 50% fill fraction starting designs, respectively. The red arrow indicates the end of the first
optimization stage and the beginning of the second explanation-based re-optimization stage.
Across each starting design, the end of every second-stage optimization consistently resulted in a
lower final FOM than the first-stage FOM. Specifically, the 25% fill fraction starting design ended
with a 47% average improvement across all target wavelengths, while the 35%, 40%, and 50% fill

fractions resulted in 39%, 45%, and 45% improvements, respectively.
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Figure S3. Two-stage optimization of SOI waveguide designs, across target wavelengths ranging
from 1.3 um to 1.8 pum, using the 25% fill fraction starting design shown from Figure S2. Red
arrows indicate the end of the first adjoint optimization stage and the beginning of the second
explanation-based re-optimization stage. Final FOM values are improved by 47%, on average,
across all target wavelengths.
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Figure S4. Two-stage optimization of SOl waveguide designs, across target wavelengths ranging
from 1.3 pm to 1.8 um, using the 40% fill fraction starting design shown from Figure S2. Red
arrows indicate the end of the first adjoint optimization stage and the beginning of the second
explanation-based re-optimization stage. Final FOM values are improved by 45%, on average,
across all target wavelengths.
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Figure S5. Two-stage optimization of SOI waveguide designs, across target wavelengths ranging
from 1.3 pm to 1.8 um, using the 50% fill fraction starting design shown from Figure S2. Red
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arrows indicate the end of the first adjoint optimization stage and the beginning of the second
explanation-based re-optimization stage. Final FOM values are improved by 45%, on average,
across all target wavelengths.
Local Minima Analysis

We demonstrate that the adjoint-optimized designs are trapped in a local minimum by
attempting to improve a corresponding design further through exhaustive exploration. Here, we
focus our analysis on the waveguide structure from the main text (Figure 3) that is optimized for
power transmission at 1.8 pum. Using this structure, we individually modify each of the 20
parameters that make up the overall shape of the waveguide (conceptually illustrated in Figure
S6a). In Figure S6b, we observe that each of these changes (40 new simulations total) yield a
higher FOM than the original adjoint-optimized design. Thus, the design here has reached a local
minimum and cannot be improved through gradient-based optimization alone. However, since the
adjoint-optimized design was obtained after more than 50 iterations, an alternative optimization
route may be identified by utilizing an earlier design iteration as the base of the analysis, but this
would require a large number of additional simulations. Furthermore, if multiple interdependent
parameters or points are considered, this can exponentially increase computation time and
requirements. Therefore, the presented XAl approach simply augments this process by rapidly
guiding the optimization towards a location where the adjoint method or sensitivity analysis
performs better. This is indicated by the dashed lines in Figure S6b, where we show that the FOM

of the explanation-optimized design is lower than that obtained through adjoint optimization.
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Figure S6. Local minimum analysis of an adjoint-optimized design. (a) Schematic illustration of
the analysis approach, where each shape parameter is individually modified by either increasing
(red) or decreasing (green) the size or spatial coordinate of the structure by 50 nm, while all other
parameters remain fixed. (b) The resulting FOM values of the corresponding parameter changes
show that the adjoint-optimized design is stuck in a local minimum, while the explanation-
optimized design can improve the design further by finding a new optimization route.
Early Stop Analysis

To verify that the model is actually learning how to modify the structure, we evaluate the
ability for SHAP to immediately improve the FOM to determine the link between structure
modifications and FOM improvements. Since in the main text, the SHAP modifications either
yield an increased or decreased FOM (due to the presence of either a saddle point or local minimum
valley), this link is not apparent. To perform this analysis, we removed the portion of the training
data where the adjoint optimization reached the local minima, retrained our model, and repeated
the explanation-based modification. In this “early stop” analysis (shown in Figure S7), the solid
lines represent the optimization data that is included in the training dataset, and the (*) marker
represents the FOM of the modified structure. We note that across all target wavelengths, the final
FOM obtained through the SHAP explanations is lower than the best available design, thereby

confirming that the model is learning how to modify the structure to improve the FOM (based on

the information it was given to learn).
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Figure S7. Explanation-modified structures, indicated by the dashed lines leading to the “*”
markers, when the adjoint optimization is stopped prematurely. Modified structures possess lower
FOM values than the best structure from the training dataset, which further indicate that
explanation-based modifications are linked to FOM improvements.
Reduced Dataset Analysis

Since there is substantial precedence in existing literature on using explainable artificial
intelligence with small training datasets (on the order of several dozens to hundreds of data points),
particularly to reduce the burden of data collection or computation costs, we have repeated our
study on a reduced dataset using only the optimization results from a single starting design (35%
fill fraction), which yielded 192 input-output pairs. Using this reduced dataset, AutoML identified
the optimal model architecture after 17 trials, which has a validation loss of 8.6x10°. Similar to
the main text, Figure S8 compares the model predictions (blue points) with the ground truths

(orange points) using this reduced dataset. From this result, we can infer that the model accurately

learned the key features on the optimized structures which contribute to the target wavelength-
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specific FOM values. Therefore, we can utilize XAl to reveal the structure-performance

relationships of each device.
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Figure S8. (a) Comparisons between model predictions and ground truths, for FOM (regression)
and target wavelength (classification) values, show that the model accurately learned the
relationship between device structure and performance. Inset images show the model inputs, which
are adjoint-optimized devices. (b) SHAP explanation heatmaps of the optimized devices reveal the
structural features that contribute positively (blue) or negatively (red) towards optimal device
performance.

In Figure S9, we show the FOM evolutions over the entire optimization cycle of the 35%
fill fraction starting design, and similarly observe that the end of every second-stage optimization
consistently resulted in a lower final FOM than the first-stage FOM (by 43% on average). We note
that the reduced dataset (with only the 35% fill fraction starting design) performed slightly better

than the larger-data model for this particular starting design (a 39% improvement for the larger

dataset in comparison to a 43% improvement for the reduced dataset). Thus, we demonstrate that
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the presented approach can yield performance improvements in a wide range of randomized
starting points. However, the degree of performance improvement may be linked to the size and

breadth of the training data, which we aim to investigate in future works.
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Figure S9. Two-stage optimization of SOl waveguide designs across target wavelengths ranging
from 1.3 pm to 1.8 pm. Red arrows indicate the end of the first adjoint optimization stage and the
beginning of the second explanation-based re-optimization stage. Final FOM values are improved
by 43%, on average, across all target wavelengths.

Random Change Comparison

To show that the achieved performance enhancements were not simply obtained through
arbitrary perturbations to the optimized structure, we performed an additional “random change”
analysis where we randomly modified the first-stage structures, repeated the second stage of

optimizations, and compared the results. This comparison is presented in Figure S10, where five
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random modifications were made to each structure. Random modifications were introduced by
adding 300 nm to yn and yn+1 in the optimizable parameter vector Y;i, where n is varied from 1 to i-
1 (where i is the length of the vector). Across the 30 tests performed on the six optimized designs,
all of the randomly modified structures possess higher FOM values (i.e., lower performance) than
the explainability-optimized devices, while only two results fall within 25% of the latter’s final
device performance. Additionally, 28 tests yield higher final FOM values than the initial optimized
design. Therefore, not only are the random changes ineffective in terms of escaping the local
minima, but they can also inadvertently push the optimization into a worse state than where the

optimization started at.
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Figure S10. Comparison between the explanation-optimized and randomly modified structures.
Random modifications either produce FOM values that are higher (lower performance) than the
explanation-optimized structures, or higher than the starting point of optimization.
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Generalizability or Material Alternative Assessment

We evaluated the generalizability of the proposed framework by applying it to other
contemporary nanophotonics design challenges. In this regard, we performed the same two-stage
optimization study on a SisNs waveguide (for the same Y-splitter starting geometry). Similar to
the results presented in the main text (Figure 5), here we observe that the second stage (red-boxed
region) of each target wavelength-specific optimization produces a lower overall FOM than the
final FOM obtained through adjoint optimization alone (indicated by the red arrows). In particular,
as shown in Figure S11, we observe a minimum of 31% FOM improvement (for the 1.6 um design)
and a maximum of 90% improvement (for the 1.3 pum design), for an average of 74% improvement
across all the test cases. As a result, we show that the presented approach is generally applicable
to numerous applications of adjoint optimization for electromagnetic design, including those with

different constituent materials, structures, and optimization targets.

126



A=1.3pm A=14pm A=15pm
10° - : 10° ; : ; 10° ; ; ;
10"
10
20 40 60 80 20 40 60 80
A=1.6pm A=1.7 pm A=1.8pm
10° — 10° ; —— 10°
-1
g T 107" 10
= N
10
102} - 102} 1
10 20 30 40 50 60 10 20 30 40 50 60 10 20 30 40 50 60
Design Iterations Design lterations Design Iterations

Figure S11. Two-stage optimization of SisNs waveguide designs across target wavelengths
ranging from 1.3 pm to 1.8 um. Red arrows indicate the end of the first adjoint optimization stage
and the beginning of the second explanation-based re-optimization stage. Final FOM values are
improved by 74%, on average, across all target wavelengths.
Cross Validation and Overfitting Analysis

To ensure that our model did overfit during or after training, we performed a number of
additional tests. First, we performed k-fold cross validation. Here, the dataset was split into ‘k’
consecutive folds, and each fold was used once as validation while the remaining ‘k-1" folds
formed the training data (at each fold number), thus the entire dataset was used to validate our
model. For a more thorough analysis, we performed 10-fold and 5-fold cross validations on our
optimized model, and presented the results in Tables S1 and S2, respectively. 10-fold cross

validation (where 90% of the data was used for training and 10% for validation, at each fold,

number after shuffling the data) resulted in an average MSE of 2.1x10* with a standard deviation
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of 0.01%. On the other hand, 5-fold cross validation (where 80% of the data was used for training
and 20% for validation, at each fold, number after shuffling the data) resulted in an average MSE
of 2.9x10* with a standard deviation of 0.01%. Since the MSE values derived from the 5-fold
validation were considerably larger than those obtained from the 10-fold validation, it can be
inferred that an increased amount of training data (90% vs. 80%) contributed to increased model
performance. Additionally, across both cross-validation procedures, the validation losses were
consistently low across each fold (evident from the 0.01% standard deviation between folds),

which indicates that our model is not overfitting against a particular validation dataset.

Table S1. K-fold cross validation results (k=10).

Fold Number Validation Loss (MSE)
1 1.2019x10*
2 3.0729x10*
3 3.7655x10™
4 9.0292x10°
5 2.3388x10™*
6 1.4062x10*
7 1.5254x10™
8 3.8326x10™
9 1.9175x10*
10 1.3702x10*

Average MSE 2.1334x10*

Standard Deviation (%0) 0.010742

Table S2. K-fold cross validation results (k=5).

Fold Number Validation Loss (MSE)
1 2.0566x10™
2 1.8427x10™
3 2.5280x10*
4 4.1815x10°
5 4.0167x10*
Average MSE 2.9251x10*
Standard Deviation (%0) 0.0110
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For another detailed look at model performance, we performed a goodness of fit analysis
on our model and included a new test set that was derived from the previous training and validation
datasets. In this new analysis, we used 80% of the data for training, 10% for validation, and 10%
for testing. To adhere to standard machine learning practices, we note that this test set was used to
evaluate the model after training, whereas the validation set was used to evaluate the model during
training. Losses for the training, validation, and test sets are 2.0x10*, 2.5x10%, and 2.6x10%,
respectively. We believe this result shows that the test set, previously not seen by the neural
network in either training or validation, has almost exactly the same loss value as the validation
set, which is a strong indication of generalization. Additionally, Figure S12 shows the ground truth
and prediction comparisons for each datapoint, where we observe that our model’s predictions are
accurate for both high and low performance designs across each dataset (training, validation and
test), thus further indicating that the model is not overfitting or skewed towards near-optimal

devices.
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Figure S12. Goodness of fit analysis on model predictions vs. ground truth (normalized) in the
training (80%), validation (10%), and test (10%) sets. Losses for the training, validation, and test
sets are 2.0x10%, 2.5x10*, and 2.6x10*, respectively.

In the original training process, we included an early stopping callback function to ensure
that training automatically terminates once the validation loss shows no further improvement.
However, to determine whether our model will eventually overfit during training (such that we can
confirm that our model did not overfit over the allotted epochs), we removed the early stop callback
and retrained the model up to 1000 epochs. In Figure S13 below, we observe that the training and
validation losses begin to diverge at approximately 400 epochs (where the training was previously

terminated), which indicates that the model is memorizing the training data after 400 epochs.
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Figure S13. Model training without early stopping. Training and validation losses begin to diverge
at approximately 400 epochs, thus indicating that the final model did not overfit the training data.
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6. DeepAdjoint: All-in-One Hybrid Global Photonics Inverse Design
Framework Combining Machine Learning with Electromagnetic
Optimization Algorithms

6.1 Introduction

Photonic structures and materials are the driving forces for critical developments in various
domains, including information technology, life sciences, and renewable energy. In particular,
advancements in photonic devices have led to the creation of plasmonic waveguides for photonic
integrated circuits [1,2], optical filters for spectroscopy and super-resolution imaging [3,4], and
metasurfaces or metamaterials for holography and solar energy harvesting [5,6]. However, due to
the rising demands in nanophotonic device performance and functionality, nanophotonics design
is becoming increasingly complex and computationally intensive [7]. For example, subwavelength
dielectric and metallic nanostructured materials can form complex geometric configurations that
scatter, localize, and/or tailor electromagnetic fields to achieve new modalities in light-matter
interactions [8]. Due to the wide choice of materials and the spatial degrees-of-freedom available
for design however, the solution space is highly nonlinear and non-convex (i.e.; contains many
local optima), and thus extremely challenging and time-consuming to solve even for experienced
researchers.

As a result, over the past several years, machine learning (ML) or deep learning methods
based on neural networks have demonstrated tremendous contributions towards addressing the
aforementioned challenges in photonics design. Neural networks are capable of capturing,
interpolating, and optimizing nonlinear data-based and physics-based relationships, including
those found in nanophotonic systems. Neural networks achieve such capabilities by building an
implicit relationship between input and output responses, which for nanophotonics inverse design
are the optical responses and geometric/material parameters, respectively. A trained neural
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network is orders of magnitude faster than typical full-wave simulations and can generate non-
intuitive physical structures in response to desired optical properties [9]. Accordingly, a substantial
number of studies have employed neural networks for designing a broad range of photonic
systems, including: metasurfaces [10,11,36], photonic crystals [12,13], and plasmonic
nanostructures [14,15]. However, despite numerous advancements, it is well-known that neural
networks cannot generalize too far beyond the information available in the training dataset [16-
18]. Due to these limitations, hybrid algorithms combining deep learning and conventional
optimization methods have emerged as a new class of efficient inverse design methodologies
[19,20].

Recent studies have combined different types of neural networks and optimization schemes
for photonics inverse design. Early works have paired artificial neural networks (ANN) with
particle swarm optimization (PSO) [21] and evolutionary algorithms [22,23]. These studies
successfully showed that the ANN can perform a rough estimate of the desired solution (i.e.; a
global search), while the iterative optimization algorithm carries out an additional refinement step
(i.e.; a local search). Since conventional optimization algorithms need an ideal initial condition in
order to obtain the optimal result, and the neural network is restricted by its training data, the
combination of both techniques can simultaneously overcome their individual limitations [20,24].
Recent hybrid ML-optimization approaches have also employed more advanced neural networks
and optimization algorithms. For example, generative adversarial networks (GANs) [25] and
variational autoencoders (VAES) [26] were used together with the adjoint variables method for
photonic design. Adjoint-based optimization is one of the most widely-used algorithms for
photonics inverse design because regardless of the number of elements in the design space, the

algorithm can determine the shape or topology gradient using only a forward and adjoint (time-
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reversed) simulation at each iteration [27-29]. GANs and VAEs can design complex topological
structures, while the adjoint method can efficiently push performance further [30]. Additionally,
generative models trained on physics-informed losses (or using the adjoint method within the
training process) have also benefited from a subsequent optimization-based refinement step [31].
Thus, a number of deep learning models have been trained across various photonic device types,
and a precedent has been established for hybrid ML-optimization algorithms as the next generation
of inverse design methods. However, an ML-optimization strategy that simultaneously optimizes
across materials and geometries has yet to be realized, and the integration between neural networks
and optimization algorithms typically involve elaborate and highly-specialized procedures. For
example, to establish a link between neural networks and conventional optimization methods,
intermediate steps are required to introduce robustness, convert file formats, and/or to ensure that
the network outputs can be adapted to the algorithm of interest.

To streamline the ML-optimization process, here we introduce an “all-in-one” global
inverse design application framework which seamlessly combines generative networks with
adjoint-based optimization algorithms to simultaneously optimize across materials and geometries.
“Global” in this context refers to the network’s ability to perform a global search within the
surveyed design space, which includes material properties and freeform topology, but the network
does not guarantee that the final generated device is globally optimal. Schematically illustrated in
Figure 1, our framework, DeepAdjoint, allows a researcher to specify an arbitrary spectral target
(labeled “1” in Figure 1) and pass the target directly into a pre-trained generative network (whether
the network is data-driven, physics-driven, or a combination thereof). We note that the increasing
number of deep learning models being generated for photonics design (which we expect will

continue to grow exponentially in the near future) reinforces the need for a design process that can
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integrate pre-trained models, particularly when practices such as network sharing and model
serving are expanding within the machine learning community [32-34]. Accordingly, as a proof of
concept, we employed a global inverse design GAN model with the ability to simultaneously
predict device class, material properties (e.g.; refractive index and Drude plasma frequency), and
nanoscale geometric structuring (including planar topology and layer thickness) for metal-
insulator-metal (MIM) metasurfaces [9]. After passing the target into the GAN (labeled “2” in
Figure 1), DeepAdjoint then validates the GAN-generated design using full-wave numerical
simulations (labeled “3” in Figure 1). As a default simulation tool, DeepAdjoint integrates directly
with a commercial finite-difference time-domain solver (Lumerical FDTD). The GAN-generated
design can then be further augmented by converting the design into an adjoint optimization
procedure (labeled “4” in Figure 1), after which the final design can yield even greater accuracy
or performance by extending beyond the model’s limitations (labeled “5” in Figure 1). We
demonstrate this end-to-end workflow for a range of optical device targets, including single- and

multi-resonance responses, for infrared-controlled MIM metasurfaces.
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Figure 1. DeepAdjoint: an photonics inverse design framework schematic combining deep
learning and adjoint optimization. (1) An arbitrary optical design target can be specified and (2)
passed into a pre-trained neural network to generate a nanophotonic structure that is (3) validated
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using full-wave FDTD simulations. (4) The network’s design can then be automatically converted
into an adjoint optimization procedure, which can (5) yield device accuracy or performance that
extends beyond the network’s potential limitations.

To democratize the hybridization of deep learning with electromagnetic optimization, and
to make our framework easily-accessible to a wide range of practitioners, we deployed and
packaged DeepAdjoint as a standalone application with a user-guided interface. Figure 2 presents
the details of the application, where each step in Figure 1 can be executed (and the results can be
observed) within a single user-friendly environment. As an example step-by-step procedure for
designing MIM metasurfaces, DeepAdjoint first allows the user to specify an input target
absorption spectrum (labeled “1” in Figure 2). Here, a Lorentzian function with a center
wavelength of 6 um and full width half maximum (FWHM) of 0.75 um is defined and shown
within the built-in visualization tool (blue curve). Next, the user simply imports the generative
model (here, the aforementioned conditional GAN [9]), then generates the design (in ~500 ms)
with a single button press at the step labeled “2” in Figure 2. We note that the direct output of the
GAN is a set of matrix values and must be converted into a simulation model for numerical
analysis. Accordingly, with the press of another button, DeepAdjoint converts the GAN’s output
into an FDTD model of the metasurface, runs the simulation, then reports the results back into the
user interface for comparison (labeled “3” in Figure 2). Following this step, the FDTD-validated
absorption spectrum (orange curve) and corresponding electric field profiles can be observed
directly on the application interface.

Next, the GAN’s design can be enhanced by applying the adjoint optimization method
(labeled “4” in Figure 2), where an optimization target wavelength can be specified that the
algorithm aims to maximize. To execute the adjoint optimization procedure, we implemented a

customized version of the LumOpt module [37] (a Python wrapper for Lumerical FDTD). In this
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particular implementation, a number of enhancements were made to the base module in order to
support free-space reflective metasurface design and optimization, which we summarize in Figure
S3 of the Supporting Information. We also note that our current demonstration of DeepAdjoint
leverages a deep learning model which is trained on polarization-dependent designs. Accordingly,
the following adjoint-optimized structures are optimized specifically for single-polarization
performance at normal incidence. However, the presented methodology is amenable to
polarization-independent structures as well — should the integrated network be trained with the
corresponding designs.

To configure the GAN’s design for adjoint optimization, an automatic multistep process is
performed (shown in Figure S1 of the Supporting Information), where the GAN’s output is refined
(by removing voids and defects) and transformed into a set of discretized polygon points at the
meta-atom or resonator boundary. In doing so, the polygon points (i.e.; optimizable parameters)
are compatible with the adjoint shape optimization process. Then, as the adjoint optimization
iteratively progresses, the coordinates of the polygon points gradually change in the direction of
figure-of-merit (FOM) improvements (labeled “5” in Figure 2). Moreover, since the presented
metasurface designs operate in a reflective manner at normal incidence, the typical forward and
adjoint simulations required are identical here and can be reduced to a single simulation at each
iteration. Thus, we note that our particular implementation of the adjoint optimization algorithm
has increased computational efficiency for metasurface design. Additionally, our framework
allows the user to specify minimum feature sizes and fabrication tolerances without sacrificing

device performance (shown in Figure S2 of the Supporting Information).
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6.2 Results and Discussion

To highlight the advantages of the proposed framework, we first investigated the
performance of the adjoint optimization algorithm in relation to the algorithm’s initial designs (for
the particular MIM structure design space we evaluated in this work). In Figure 3, three adjoint
optimization runs were executed at three different target wavelengths (indicated by the dashed red
lines): 6, 7, and 8 um, which are presented in Figures 3a, 3b, and 3c, respectively. Each
optimization was performed using randomized starting designs (orange lines), and the objective
was to maximize horizontal polarization (§=0) absorption at the designated target wavelength. At
the end of the optimization runs, we observe that the final designs (yellow lines) typically exhibited
higher absorption values/peaks than the initial designs. Center and right columns of Figure 3 show
symmetric and asymmetric starting designs, respectively. We note that different starting designs
yielded different degrees of performance improvements (i.e.; different absorption peak
amplitudes). Moreover, it can be observed that several optimized designs possess extra absorption
peaks (beyond the target wavelengths) that were originally unintended. In several instances, as

shown in the left column of Figure 3, a poor starting design can also cause the adjoint optimization
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to fail entirely by not finding any improvements to the initial structure. Thus, a deep learning
algorithm that can provide the optimization with an ideal starting design would not only save

computation time, but also allow the optimization to succeed and reach an optimal solution without

any excess optical behaviors.
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Figure 3. Metasurface designs created via adjoint optimization with randomized initial designs
(orange lines). Optimization objectives include maximizing horizontal polarization (6=0)
absorption at (a) 6, (b) 7, and (c) 8 um target wavelengths (red dashed lines). Optimized structures
and corresponding spectra (yellow lines) possess various degrees of performance improvements
and several extra unintended absorption peaks due to the random, suboptimal nature of the starting
designs. Left column shows instances where the adjoint optimization fails to improve the starting
design. Center and right columns show symmetric and asymmetric starting designs, respectively.
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Next, we applied our DeepAdjoint framework to the optimization of metasurfaces with
single-resonance absorption peaks. Figure 4 presents a series of optimized designs, generated
through DeepAdjoint, using a range of input absorption spectra (blue lines) with “hand-drawn”
Lorentzian-shaped peaks from 5 to 9 um. Here, we observe that the GAN’s designs and simulated
spectra (orange lines) are close matches to the input targets. However, several designs possess off-
centered peaks or lower amplitudes in comparison to the original target. After using the GAN-
generated designs as the starting points for subsequent adjoint optimization runs (with the
optimization targets marked by the red dashed lines), it can be observed that the off-centered peaks
are rectified and the low-amplitude peaks are increased by up to 75% (compared to the starting
spectra). Moreover, the final absorption peaks of DeepAdjoint’s designs are approximately 10%
higher than those achieved through the adjoint optimization algorithm alone with random starting
designs (from Figure 3). Therefore, for conditional photonics inverse design with a wide range of
input targets, we demonstrate that the hybridization of generative networks with the adjoint
optimization algorithm offers a number of advantages, including: superior device performance in
comparison to each standalone method, increased computational efficiency, and eliminating

reliance on randomized starting designs.
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Figure 4. Single-objective metasurface designs (one absorption peak) created via DeepAdjoint.
Target spectra (blue lines) are passed into the generative model (GAN) to produce starting designs
(orange lines) for adjoint optimization (red dashed lines). Optimized designs (yellow lines) exhibit
up to 75% performance enhancements in comparison to GAN-generated designs (shown in the
inset images), indicating the hybrid approach exceeds the performance of each individual method.

Because meta-structures with simple, single-resonator periodic unit cells may only offer
limited capabilities [23], we next demonstrate the versatility of our ML-optimization framework
by applying it to multi-objective supercell design, where the goal is to design compound meta-
atoms with multiple resonant behaviors. We note that designing such supercell structures is
particularly challenging using conventional approaches, since adjacent elements may exhibit
coupling and interference [35]. Furthermore, the increased number of parameters in the supercell
naturally results in additional optimization complexity and computational costs. Accordingly,

using DeepAdjoint, we address these challenges by first specifying the individual target resonance

peaks within the supercell structure (as shown in the blue lines of Figure 5). This in turn generates
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the individual unit cells which contribute to the target absorption peaks (as previously
demonstrated). When the individual unit cells are merged into supercell structures, it can be
observed that the final structures (orange lines) produce fairly close matches in comparison to the
input targets. However, compared to the single unit cell designs, the supercells have lower
absorption peaks as a result of cross-element coupling. Thus, designing a supercell is not as simple
as generating and combining the individual components, though this can provide a decent
approximation. In this regard, a multi-objective adjoint optimization procedure can be applied to
the generated supercell structures, which simultaneously maximizes multiple absorption peaks
while accounting for the optical behaviors produced by the entire supercell (including cross-

element coupling).
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Figure 5. Multi-objective metasurface designs (multiple absorption peaks) created via
DeepAdjoint. Target spectra (blue lines) are passed into the generative model (GAN) to produce
starting designs (orange lines) for adjoint optimization (red dashed lines). Optimized designs
(yellow lines) exhibit up to 50% performance enhancements in comparison to GAN-generated
supercell designs (shown in the inset images).
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In Figure 5, the results of multiple supercell optimization runs are presented (at the
optimization targets indicated by the red dashed lines). Here, we observe that the optimized
supercells (yellow lines) all yield up to 50% higher absorption peaks than the initial designs,
though the degree of absorption enhancement appears to be peak-dependent (possibly due to
different coupling mechanisms induced by particular elements). In addition to increasing the target
absorption peaks, Figure 5 also shows that the adjoint optimization procedure can rectify or
recenter off-target peaks within the supercell. As a result, we show that our hybrid ML-
optimization framework can be used to design and achieve a wide range of optical behaviors,
including periodic unit cell structures with single resonances and complex supercell structures with

multiple resonances or broadband characteristics.

6.3 Conclusions

In summary, we present DeepAdjoint, a general-purpose, open-source, and multi-objective
“all-in-one” global photonics inverse design application framework which integrates pre-trained
deep generative networks with state-of-the-art electromagnetic optimization algorithms such as
the adjoint variables method. DeepAdjoint allows a designer to specify an arbitrary optical design
target, then obtain a photonic structure that is robust to fabrication tolerances and possesses the
sought optical properties — all within a single user-guided workflow and application interface. As
a proof of concept, we demonstrated our framework for the design and optimization of infrared-
controlled metasurfaces, and showed that a wide range of structures and absorption spectra can be
achieved, including single- and multi-resonance behavior through single- and supercell-class

structures, respectively. By specifying an input target spectrum, a global inverse design generative

148



neural network serves as a rapid global approximation search step (~500 ms) and produces a
nanophotonic structure with material properties, layer thicknesses, and planar geometry defined.
Afterwards, the generated design can be sent through an adjoint optimization procedure, which
serves as a local search step to increase performance further. As a result, the limitations of training
data restriction and starting point dependency for deep learning and conventional optimization,
respectively, can be simultaneously overcome. Our proposed framework is thus an important step
towards the systematic unification of machine learning and optimization algorithms for photonics
inverse design. Original contributions of our work include: a streamlined framework for
integrating neural networks with conventional optimization algorithms, algorithmic improvements
to the adjoint method to enhance computational efficiency for free-space metasurfaces, a
demonstration of multi-objective supercell design using ML-optimization techniques, minimum
feature size control, and a user-friendly application interface for non-experts and multidisciplinary

research.

6.4 Supporting Information

Generative Adversarial Network (GAN) to Adjoint Optimization Configuration

In this work, we show that a GAN’s design can be enhanced through the application of the
adjoint variables method. To easily-support the adjoint variables method for shape optimization,
which requires the calculation of a structure’s shape derivative, the shape can be described by a
2D array of polygon points that are sorted in a counterclockwise fashion. Accordingly, we
implemented an automatic multistep process (shown in Figure S1) where the GAN’s image-
formatted output data is refined and transformed into a set of discretized polygon points. In this

process, a median filter is first applied to the GAN’s output shape to remove voids, defects, and
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image artifacts. Then, the Canny edge detection algorithm is used to extract the meta-atom or
resonator boundary. Afterwards, Hough line transformation is applied to the extracted edge in
order to convert the resonator boundary into line coordinates, which we then interpolate to produce
the required polygon points for shape optimization. We note that the interpolation spacing between
the polygon points can be user-specified (and is 100 nm by default), which determines the

resolution of the adjoint-optimized nanostructure.

Minimum Feature Size Analysis

During the GAN to adjoint optimization configuration process, the median filter can serve
as a means to remove image artifacts and to specify minimum feature sizes. In our implementation
of DeepAdjoint, we set the size of the filter as a user-defined value, such that a user can enhance
the fabricability of the ML-optimization generated designs. In Figure S2, we show that the
minimum feature size of 50 nm can be increased to 250 nm without significantly affecting the
absorption spectra of the GAN-generated designs. As a result, designers can ensure their designs
are robust to fabrication tolerances without having to retrain the entire model, although retraining
a model using larger feature sizes is also a valid option that is supported by the model-loading

capabilities of DeepAdjoint.
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Figure S1. GAN to adjoint optimization configuration procedure. The GAN’s output image is
filtered, then passed through the Canny edge detection and Hough transform algorithms, to
produce a set of discretized polygon points that are amenable to adjoint shape optimization.
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Figure S2. Effect of changing the median filter or minimum feature size. The minimum feature
size (50 nm default) can be set to 250 nm without significantly affecting the absorption spectra.
Adjoint Optimization Implementation Details and Features

In our particular implementation of the adjoint method, we employed a customized version
of a widely-used continuous adjoint optimization Python wrapper for FDTD simulations (LumOpt;

referenced in the main manuscript). Here, we note several key enhancements and modifications
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that were made to the base LumOpt module (which was primarily designed for integrated
photonics) in order to enable free-space metasurface design and optimization. First, as shown in
Figure S3a, we tailored the simulation setup and boundary conditions by applying a plane wave
source instead of a mode source. In addition, since the presented metasurface designs operate in a
reflective manner at normal incidence, the typical forward and adjoint simulations required are
identical and were reduced to a single simulation at each iteration. Thus, we note that our particular
implementation of the adjoint optimization algorithm has increased computational efficiency for
metasurface design. Symmetric boundary conditions across the x- and y-planes (one plane for two-
fold symmetry or two planes for four-fold symmetric) are also supported to further reduce

simulation time.
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Figure S3. Custom implementation of the adjoint method based on numerous enhancements and
modifications to the LumOpt module. Enhancements include: (a) changes to the simulation setup
and boundary conditions to support free-space metasurface optimization, (b) new FOM definitions
to capture metasurface reflectivity and other spectral properties, and (c) several user-defined
features to enable more degrees of freedom for the optimizable geometry.

Additional modifications were made to the FOM specification, shown in Figure S3b, to

capture metasurface reflection through a plane in free-space (and absorption by extension) as an

optimization metric instead of modematching to a fundamental TE or TM mode in the original
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LumOpt implementation. Lastly, a number of new user-defined features were incorporated to
enable more degrees of freedom for the optimizable geometry (shown in Figure S3c). These new
features include: multi-axis optimization for both polarization-dependent and polarization-
independent designs, and the ability to simultaneously optimize multiple objects to facilitate

supercell structures.
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7. Conclusion and Future Work

In conclusion, deep learning, or more generally machine learning and artificial intelligence,
possesses the ability to design and characterize nanophotonic materials and structures with
remarkable accuracy and precision. In this work, convolutional neural networks, tandem neural
networks, generative adversarial networks, and explainable Al were demonstrated as capable
methods and tools for the forward and inverse design of nanophotonic materials and structures.
Furthermore, hybridized methods can be employed to bridge the limitations of data-driven
machine learning. In particular, cOCGANSs can generate arbitrarily-defined optical targets, then
pair with electromagnetic optimization algorithms to perform high-performance local searches. In
further synergy between ML with conventional optimization techniques, XAl can be applied to
the adjoint optimization algorithm to elucidate the limitations of the algorithm itself. It is worth
noting that in a number of the presented works, a majority of the materials property remained fixed
while (for fabricability purposes) the primary optimizable parameters are physical structuring
(particularly in Chapters 3, 4, 5, and 6). However, the presented methods and approaches can easily
be generalized or adapted to capture additional material parameters or properties so long as the
corresponding information can be represented within the training dataset (as demonstrated in
Chapter 2).

Despite significant progress in this field, a number of challenges still remain. Specifically,
machine learning algorithms require significant amounts of data to succeed, which may prohibit
the practical application of ML towards solving distinct, “one-time” problems. In addition, though
an ML model may predict an optimal or novel design for a particular application, the design must
be fabricable using large-scale, economic-friendly methods. In this regard, physics-enhanced loss

functions and neural networks, as well as exploration-based ML methods such as reinforcement
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learning, serve as promising candidates as the next generation of ML techniques that can reduce
training data dependence. Hybrid methods combining ML with analytical methods and
optimization algorithms also hold great potential in improving model generalizability and diversity
of application, where the strengths of particular techniques can be used to address the weaknesses
of others. General speaking, there is a common misconception that ML can be applied to any
arbitrary problem and is the best tool for solving any materials-related optimization problem.
However, this is far from the truth and the nature of the problem must be carefully considered
before identifying which ML method to apply, or whether ML should be applied at all. To this
end, one must be cognizant of the strengths and limitations of ML, such that improved methods
and techniques may be developed in the near future which can accelerate the development and

discovery of novel materials and structures in a wide range of physical systems.
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