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for empirical spectral prediction
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nonlinear plasmonic ring resonator
switches
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All-optical plasmonic switches (AOPSs) utilizing surface plasmon polaritons are well-suited for
integration into photonic integrated circuits (PICs) and play a crucial role in advancing all-optical signal
processing. The current AOPS design methods still rely on trial-and-error or empirical approaches. In
contrast, recent deep learning (DL) advances have proven highly effective as computational tools,
offering an alternative means to accelerate nanophotonics simulations. This paper proposes an
innovative approach utilizing DL for spectrum prediction and inverse design of AOPS. The switches
employ circular nonlinear plasmonic ring resonators (NPRRs) composed of interconnected metal-
insulator-metal waveguides with a ring resonator. The NPRR switching performance is shown

using the nonlinear Kerr effect. The forward model presented in this study demonstrates superior
computational efficiency when compared to the finite-difference time-domain method. The model
analyzes various structural parameters to predict transmission spectra with a distinctive dip. Inverse
modeling enables the prediction of design parameters for desired transmission spectra. This model
provides a rapid estimation of design parameters, offering a clear advantage over time-intensive
conventional optimization approaches. The loss of prediction for both the forward and inverse models,
when compared to simulations, is exceedingly low and on the order of 10~*. The results confirm the
suitability of employing DL for forward and inverse design of AOPSs in PICs.
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In recent decades, significant progress in the realm of nanophotonics has surpassed the limitations imposed by
diffraction, leading to remarkable progress. These advancements have found diverse applications in domains
such as biology and nanotechnology. Specifically, the emergence of nanophotonics has revolutionized optics by
enabling precise control over the interaction between light and matter through the utilization of subwavelength
structures'~>. AOPSs are an essential nanophotonic technology widely utilized in integrated optical circuits and
all-optical networks®. Among proposed optical switch architectures operating under distinct principles and
exhibiting unique characteristics, structures leveraging SPP excitation have attracted significant research attention
due to their rapid response times, low power demands, and nanoscale dimensions*®. SPPs are electromagnetic
waves propagating at metal-dielectric interfaces, with the caveat that solely transverse magnetic (TM) polar-
ized light can stimulate SPPs in metallic media. Illuminating metal nanostructures with TM-polarized radiation
induces SPP excitation’. Owing to their nanometric footprint, plasmonic switches offer fast switching speeds, low
operating powers, and high transmission efficiency. A particularly interesting approach for realizing plasmonic
switches involves harnessing the optical nonlinear Kerr effect®. optical cavities'®!! and ring resonators'? are
common techniques for implementing such Kerr effect-based plasmonic switches.

In nanophotonics, the objective is to utilize optical resonances and intense localized fields generated by surface
plasmons. This can be achieved by optimizing nanostructure shapes or selecting suitable materials. However,
dealing with complex nanostructures that involve multiple geometric factors necessitates advanced numerical
techniques.
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Forward calculations in nanophotonics involve predicting the optical response through the solution of
Maxwell’s equations, employing numerical methods such as the finite element method (FEM)" and the finite-
difference time-domain (FDTD) method'*. Nonetheless, these methods often entail significant computational
costs, demanding substantial memory resources and time-consuming simulations. Inverse design, which aims to
create nanostructures with specific desired optical responses, poses a considerable challenge, even with advanced
numerical tools. This challenge stems from the highly nonlinear nature of the problem and the complex inter-
relation among the independent properties of nanostructures and their associated optical responses. Solving
inverse design problems in photonic devices typically requires extensive research efforts'. For readers seeking
a broader understanding of inverse design approaches in photonics, we recommend referring to recent review
articles that offer comprehensive overviews of this rapidly evolving field'¢-".

To overcome the limitations machine learning (ML) techniques have arisen as a crucial tool. However, despite
the simplicity and speed of ML-based regression methods, they often encounter challenges in meeting the
generalization requirements of complex tasks?. The associated challenges related to achieving satisfactory gen-
eralization tasks remain prominent in the field of ML. The swift advancement of artificial intelligence (AI) has
propelled DL as a state-of-the-art approach in the domain of regression. In contrast to traditional ML techniques,
DL leverages the distinctive multi-layer architecture of neural networks (NNs) to extract information on features
at various scales and deep levels, leading to improved regression accuracy and efficacy*. As a result, a growing
number of scholars are utilizing DL methods in regression research”’. DL methods show significant potential
across diverse applications*"?, yet they face inherent limitations and challenge®.

These methods commonly rely on large amounts of data for training, which requires considerable time and
resources for data acquisition and preparation®*. The quality and representativeness of the data are crucial for
accurate predictions, as inadequate or imbalanced data can lead to suboptimal results®. Generalization poses
another challenge, as DL models excel at recognizing patterns in training data but struggle to extend this capabil-
ity to unseen or significantly different scenarios®. Overfitting, where models become overly specialized to train-
ing data, often reduces performance on new instances?”. Additionally, the interpretability of DL models remains
a formidable obstacle due to their opaque nature, hindering understanding of the decision-making process and
impacting trust, particularly in critical applications®®**. Ongoing research aims to unravel factors contributing
to predictions and provide transparent explanations®. Furthermore, the use of DL models, especially complex
architectures, demands substantial computational resources for training and inference, necessitating specialized
hardware like GPUs or TPUs’"*2. Deploying large-scale models in resource-constrained environments poses addi-
tional challenges®. Lastly, DL models are susceptible to adversarial attacks, where carefully crafted perturbations
to input data can lead to misclassification or erroneous predictions**~**. Ensuring the robustness and security of
DL models against such attacks is an active research area. Addressing these limitations and challenges requires
persistent research and development efforts in the field of DL, along with meticulous consideration of contextual
factors and potential drawbacks when applying these methodologies in practical applications. The following
paragraph discusses several significant studies that have employed DL techniques in the realm of photonics.

Related works

The past 10 years have seen the emergence of DL, which has had an unparalleled impact on numerous research
areas. The field of photonics has similarly reaped the rewards of the swift progress in DL methods®® such as
multilayer perceptrons (MLPs)*, convolutional neural networks (CNNs)*’, variational autoencoders (VAEs)*,
recurrent neural networks (RNNs)*, and generative adversarial networks (GANs)*. A CNN is perfect for data
processing in photonics research as it easily handles data in high-dimensional spaces, such as the photonic pat-
terns rendered as images, and the spectral responses from specific photonic devices®. Take for example the work
of Asano and his team*' who leveraged CNN to fine-tune the locations of nanocavities, thereby substantially
amplifying the Q-factor from 3.8 x 108 to 1.6 x 10°. The application of Variational Autoencoders (VAEs) aids in
the simplification of the design space and the optical response features in photonic devices, thereby furnishing
crucial knowledge regarding light-matter interaction that is indispensable for the enhancement of the device®.
Leveraging the reduced dimension and continuity of the latent space, Ma et al.*? used of a VAE-based generative
model, the meta-atoms of a double-layered chiral metamaterial and its corresponding optical responses were
successfully encoded. This enabled a deep investigation into the complex relationship between their structure and
performance, eliminating the need for extensive data collection. RNNs represent a distinct category of DL models
skillfully addressing issues related to sequence data like phrases and audio signals*. RNNs are remarkably fitting
in imagining optical signals or spectra in the time domain with a distinctive line shape caused by various reso-
nance modes while designing photonics*. Zhou and co-workers*’, have effectively employed RNNs to scrutinize
optical signals and noise mitigation in high-speed fiber transmission. The GAN represents a different type of deep
generative model, assembled with the combination of a generator and discriminator®. The generator undergoes
training in a counter-operative way with the aim to produce samples that ideally construct a distribution that
cannot be distinguished from the training dataset®. GANS, capable of creating large nanostructures quickly,
have been employed to stochastically design and enhance dielectric and metallic metasurfaces™. For example,
a GAN-based framework for the reverse engineering of metasurface nanostructures to meet specific design
requirements has been proposed by Liu and his associates**. In a recent publication, Chen and colleagues* have
unveiled an innovative approach that employs a transformer-based model, designated as photonic vision trans-
former (POVIT), for the efficient design and simulation of photonic crystal nanocavities. This method addresses
the exigent task of achieving swift and accurate characterization of nanoscale photonic devices with minimal
human intervention. Notwithstanding its relatively straightforward architecture, the MLP model’s capacity to
adequately fit any continuous functions using a finite number of neurons has been theoretically confirmed?*.
Prior to the remarkable triumphs of DL within the field of computer vision, scholars had begun to investigate
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the application of MLPs within photonics®. The efficacy of these models was considerably constrained due to
nascent training strategies, data scarcity, and consequently, the limited complexity of the model architectures®. In
the past few years, with the amelioration of earlier limitations and guided by the contemporary consensus within
the artificial intelligence community, which favors the utilization of less complex NN frameworks when they are
adequate for the successful execution of the given task, the MLP has reclaimed its prominence among research-
ers in the field of photonics®. For instance, Tahersima et al.*” suggested employing DL to construct SOI-based
1 x 2 powers splitters that have different targeted transmission ratios at a pair of ports. Here, the array of binary
variables embodies the device structure, revealing whether the silicon is etched at specific coordinates or not.

The NNs have been successfully employed to approximate various physics simulations, as demonstrated by
Carleo et al.*8, who utilized NN to solve complex many-body quantum physics problems. Several independent
scholarships have shown the effectiveness of NN-based methods in learning the correlation between device
geometry and optical behavior. For instance, Peurifoy et al.* employed NN to estimate the phenomenon of
light scattering by nanoparticles with multiple layers. One strength of their research lies in implementing inverse
design for both specific and broadband wavelengths. Similarly, Suchowski et al.** employed deep neural networks
(DNNGs) to predict nanostructure geometries solely based on far-field response. They also highlighted the utility
of inverse design for chemical sensing applications. Brian Anthony et al.>! explored ML methods to predict the
design parameters of metasurfaces, considering the desired electromagnetic field outcomes. They also developed
a DL framework for mapping the design space of topological states in photonic crystals®. Baxter et al.** demon-
strated the application of DL in predicting plasmonic metal colors and in the inverse design of laser parameters,
enabling an expansion of the available color options without the necessity for additional simulations or experi-
ments. Through rigorous numerical simulations and extensive data training, Sajed et al.** engineered a DNN
model capable of accurately predicting absorption responses from images of plasmonic nanostructures. Zhang
et al.>® proposed an approach based on artificial neural networks (ANNs) for spectrum prediction in plasmonic
waveguide-coupled cavity structures. They employed genetic algorithms to facilitate the design of the network
architecture and the selection of appropriate ANN hyperparameters. This approach combined the optimization
capabilities of genetic algorithms, inspired by biological evolution, with the adaptability and learning capabilities
of ANN:s. In a recent publication, Verma et al.*® presented a DNN framework for predicting the transmission,
reflection, and absorption spectra of two elliptical nanostructures, on a SiO, substrate. The linear relationship
(A=1-T+R) between the absorption spectrum (A), transmission spectrum (T), and reflection spectrum (R)
enables the derivation of the absorption spectrum from the transmission and reflection spectra. Hence, it is worth
mentioning that there was an opportunity to avoid using all three spectra as outputs for the NN. By leveraging
this relationship, it would have been possible to utilize only the transmission and reflection spectra as inputs to
the NN, thereby simplifying the model architecture and potentially reducing computational complexity.

DL in photonics faces challenges including the dependence on large datasets or pre-trained MLPs, the gen-
eration of non-unique designs from many-to-one mappings, and constraints on optimizing photonic structures
beyond reverse engineering. In over 5 decades, reinforcement learning (RL) has advanced from a purely math-
ematical model to a highly effective solution for a growing number of actual real-world tasks with substantial sci-
entific and engineering implications®. The remarkable achievement of RL in matching or outperforming human
skills is clearly demonstrated by Google DeepMind’s AlphaGo Zero® and AlphaStar®. RL stands out in the
inverse problem as it doesn’t necessitate pre-collected training data, mitigates the non-uniqueness problem, and
is capable of optimizing the photonic structure beyond the scope of inverse designing. Nonetheless, there is still a
significant potential for exploration in the realm of RL. Pursuing this line of advancment, Sajedian and colleagues
have recently, in two different studies, made use of deep reinforcement learning to enhance the optimization of
dielectric nanostructures® and high-transmission color filters®’. This signifies the introduction of reinforcement
learning in the realm of photonics design. Sui and associates® have recently showcased the strong convergence
of their model by utilizing deep reinforcement learning to invert the design of digital nano-materials. Through
posing chip floor planning as a deep RL problem, Mirhoseini et al.** have enhanced the design of Google’s latest
tensor processing unit accelerators, exceeding the efficiency of the most powerful baseline models. The applica-
tion of a deep RL approach in the management of dissipative solitons generation in a mode-locked fiber laser
system was successfully illustrated by Kuprikov and his team®. In a study, Li et al.®® have developed learning to
design optical-resonators (L2DO), an approach using reinforcement learning to autonomously inverse design
unique nanophotonic laser cavities without prior knowledge, significantly outperforming traditional methods
and human expertise in both design quality and computational efficiency.

Research gap

It is well-established among photonics researchers that the ring resonator (RR) is one of the fundamental building
blocks of integrated photonic circuits. As a basic resonant element, RRs underpin numerous photonic appli-
cations requiring spectral filtering, modulation, and sensing®°>’. Moreover, intensity-dependent switching
functionality—enabled through nonlinear optical effects in resonators—provides one of the primal operations
upon which many advanced photonic devices are constructed. While significant advances have been achieved
applying DL techniques for regression problems in nanophotonics, an identified gap remains in leveraging DL
for predicting spectra and inverse designing of AOPS utilizing RRs. Given the critical importance of RRs within
PICs, it is imperative to capitalize on the benefits of DL to address remarkable challenges in spectrum prediction
and inverse design methodologies for these devices. While nascent applications of ML have begun to emerge, a
comprehensive framework focusing specifically on all-optical switching regimes has been lacking. The research
presented herein thus aims to systematically investigate filling this void through innovative DL-driven approaches
customized for plasmonic resonator-based switching structures. The subsequent paragraph delineates the objec-
tives and contributions of this research.
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Objectives and contributions

In this manuscript, we focus on the significant research interest surrounding AOS based on Surface SPPs due
to their ultra-fast response time and nanoscale characteristics. In undertaking this work, we have leveraged our
prior investigation efforts and experiences related to the design, simulation, and analysis of AOPSs. Specifically,
we build upon the proposed nanophotonic structure introduced in our previous study'? to serve as a testbed for
exploring the application of DL techniques to this domain.

In this paper, the intersection of nanophotonics and artificial intelligence is a key focal point. Motivated by
the impactful previous studies discussed in the related works segment, the present research aspires, to the best
of our knowledge, to pioneer the demonstration of the potential of DL in predicting spectra and conducting the
inverse design of AOS based on NPRR. Our primary objective is to propose a cutting-edge methodology that
incorporates DL for spectrum prediction. This approach aims to enhance our understanding of the characteristics
of all-optical NPRR switches and facilitate their inverse design.

By leveraging DL techniques, we aim to develop a predictive model capable of accurately predicting the
spectral response of these devices. This innovative methodology shows potential in advancing the domain of
AOPS by aiding in design optimization and providing deeper insights into the fundamental principles, behind
their operation. We demonstrate the effectiveness of our proposed NPRR through the use of the Kerr effect and
evaluate the performance of our suggested switches using the FDTD technique. In this approach, an ANN is
initially trained to approximate simulations and accurately predict transmission spectra giving us an understand-
ing of the resonating wavelength characteristics of devices. While our main focus is addressing AOS problems
the approach, we present in this study can easily be extended to effectively tackle other nanophotonic challenges.

To establish a coherent structure for this manuscript, we offer a concise outline of the subsequent sections. The
“Theory” section will encompass the fundamental principles underlying AOPS design, as well as the formulation
of the NN problem, with a specific emphasis on the utilization of DL techniques for spectrum prediction and
inverse design. The “Method” section will delve into the methodology employed in this investigation, encompass-
ing FDTD simulation, data generation, and preprocessing, as well as the procedure for training the DL models. In
the subsequent section, we will present and discuss the outcomes of the forward and inverse models, followed by
a comprehensive analysis. Lastly, in the “Conclusions” section, we will summarize the key findings and conclude.

Theory

In light of the interdisciplinary nature of the study, the theoretical framework of this paper is bifurcated into two
subsections within the “Theory” section. The initial sub-section delves into the equations dictating the design
and modeling of AOPS, whereas the subsequent subsection centers on the development of the NN formulation.

AOPS design and modeling
As alluded to earlier in this article, we have drawn upon previous achievements in the design and implementa-
tion of AOPSs. In our AOPS design, we have incorporated a configuration and materials that have consistently
exhibited outstanding performance in the context of switching applications. Furthermore, current fabrication
technology is fully capable of realizing this design'>®®. This configuration involves a circular RR connected to
input and output waveguides with varying widths. The AOPS structures, depicted in Fig. 1, consist of a silver film
with a layered structure featuring a low refractive index material comprised of Au/SiO,. Within this configura-
tion, we utilize an Au/SiO, composite as the nonlinear material, which possesses a substantial Kerr nonlinearity.
The composite exhibits a refractive index of n,=1.47, and its Kerr nonlinear coeflicient is n,=2.07 x 102 cm* W®.
The composite of Au/SiO, is formed by incorporating gold particles into glass. These metal particles give
rise to surface plasmon resonance, which can potentially result in an increased third-order optical nonlinear
susceptibility’®. The cladding layer encompassing the AOPS is composed of air, while the substrate is fabricated
from glass. To ensure practicality in terms of fabrication technology, both the silver and Au/SiO, layers exhibit

Figure 1. The schematic of the circular AOPS configuration. This three-dimensional schematic provides a
visual representation of the geometrical structures and parameters employed in AOPS design.

Scientific Reports |

(2024) 14:5787 | https://doi.org/10.1038/s41598-024-56522-3 nature portfolio



www.nature.com/scientificreports/

a thickness of 50 nm. Additionally, a glass film with a thickness of 100 nm is employed as the substrate. We can
calculate the resonant wavelengths, \,, using the following equation”":

>\'r = L”eff/m (1)

where L represents the effective length, n.q is the effective refractive index, and m denotes an integer value.
The nonlinearity observed in the RRs is attributed to the Kerr effect. The refractive index is dependent on the
Kerr nonlinear coefficient and the intensity of the incident light, as described in reference’.

n=np+ nyl (2)

where 1, represents the linear refractive index, n, is the nonlinear refractive index coefficient, and I denotes
the light intensity.

SPPs in metallic structures are predominantly excited through transverse magnetic (TM) polarization’. SPPs
exhibit distinct features, such as substantial electromagnetic field amplification, localization at subwavelength
scales, and heightened sensitivity to the adjacent dielectric environment. These inherent attributes make SPPs
particularly appealing for various applications, such as nanophotonics’*”*, metamaterials’®, and biosensing’”’%.
TM-polarized light interacting with a metallic structure generates SPPs at the metal interfaces. Moreover, when
TM-polarized light is incident at the resonant wavelength, it triggers the excitation of SPPs within the RR struc-
ture. In this study, we consider silver as the metal in this configuration, and its complex dielectric constant is
described using the Drude model®”.

£(0) = £00 — W}/ (0* — jrpw) 3)

where ¢, =1.95 represents the relative permittivity at infinite frequency, w is the angular frequency of the
incident lightwave, y,=2x 10" rad/s is the electron collision frequency, and w,=1.37 x 10'® rad/s is the plasma
frequency. It is noteworthy that the dielectric constant can be broken down into its real and imaginary compo-
nents (refer to Supplementary Egs. S1 and S2 online for more details). The Drude-Lorentz model finds applica-
tions in various areas, including the characterization of electronic transitions in metals and phenomena related
to surface plasmon resonance. For a more detailed analysis and explanation of the Drude-Lorentz model’s
application in these contexts, please refer to Sect. S1 of the Supplementary Information.

DNN formulation

After comprehending the geometric parameters of the AOPS depicted in Fig. 1, we now proceed to present the
mathematical formulation of the forward and inverse models. These models are essential in defining the problem
for the NN by establishing a relationship between the input variables and the resulting transmission spectra.

Given the geometric design parameters G, for the AOPS, we establish the forward model to calculate the
transmission spectrum for both the through port and drop port. The transmission spectra T, and T, in the
through port and drop port, respectively, can be obtained using the mapping function F and the input variables:

T]/ = F(Gl = Wthrough: Gy = Wdr0p> G; = Wring: Gy = Gthrough> Gs = Gdrop: Ge = 7\4) 4)

where Wy, is through waveguide width, Wy, is drop waveguide width, W, is ring waveguide width,

Gihrough 18 through waveguide gap, Ggy,, is drop waveguide gap and A is wavelength of input light, ranging
A=1000-1800 nm.

In this mathematical framework, through the incorporation of the input light’s wavelength as an input vari-
able into the NN’s forward model, we have endowed it with the capacity to predict the transmittance values at
both discrete single wavelengths and broadband of wavelengths. To find the optimal estimator for the forward
model, we define an objective function as follows:

i=G1.Gon-. G {"F(Gi) B gTH} (5)

In the equation above, F represents the predicted function, while the symbol g denotes the ground truth or
actual observed values (transmission spectra). Thus, the DL problem involves finding the optimal estimator for
F based on the available training data.

Alternatively, an inverse problem aims to reconstruct the design space, from the given transmission values.
Instead of relying on conventional methods, we introduce a unique strategy. We define a design space, from
the transmission spectra as seen in Eq. (6), Where, T; is transmission spectra. This can be achieved through the
following inverse function:

G =I(T)) (6)

To identify the most suitable estimator for the inverse model, we formulate an objective function in the fol-
lowing manner:

min {[[i(1)) ~ g} %

where T symbolizes the predicted function, whereas g denotes the ground truth values (Geometric
parameters).
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What sets our research apart is the recognition of a common challenge in the field. Traditional analytical
methods often fall short when attempting to derive the inverse function for AOPS configurations. In these
cases, we introduce a novel perspective by advocating for the use of DL techniques as an alternative solution.
DL offers a powerful means of non-linear approximation, and by adopting this approach, our research pioneers
a more effective path to address both the forward and inverse models. This innovative methodology leads to a
comprehensive understanding of the intricate behavior of AOPS, marking a distinctive contribution to the field.
Following a review of the theoretical underpinnings, the subsequent section will undertake an examination of
the methodology employed in this work.

Method

The “Method” section encompasses two distinct subsections. The primary subsection will elucidate the process
of data generation and preparation. Subsequently, the second subsection will delineate the procedure for train-
ing the NN.

Generation and preprocessing of data

To investigate the performance of the AOPS, we select design parameters carefully. These parameters include
the through waveguide width (W ougn), drop waveguide width (Wy,,), ring waveguide width (W), through
waveguide gap (Gynougn)> and drop waveguide gap (Ggy,p). Within our study, we systematically vary the values
Of W ihroughs Werop and Wy, between 30 and 60 nm, while adjusting Gypsougn and Ggyop between 15 and 25 nm.

The training dataset was generated using FDTD simulations and involved extensive experimentation with
the combination of different input parameters. For more detailed information regarding the composition of the
dataset, including the distribution of input and output variables, please refer to Sect. S2 of the Supplementary
Information. Figure S2 illustrates a relatively balanced assortment of data points across the entire domain. The
well-distributed uniformity of the data in Fig. S2 provides strong evidence for the robustness and reliability of the
dataset. It ensures that the dataset covers all input and output dimensions in a representative and comprehensive
manner, thus enabling accurate and meaningful analysis.

In the past, constructing the dataset using the FDTD method was a time-consuming process. It would take
several minutes to calculate the transmission spectrum for a single structure. As a result, when dealing with a
significantly larger dataset, the processing time would become impractically long. A comprehensive analysis of
the computational cost has been provided in Sect. S3 of the Supplementary Information. Section S3 thoroughly
discusses the analysis of computational cost, including a detailed comparison of execution times for different
meshing strategies (refer to Supplementary Fig. S4 online). It is important to note that generating large datasets
for training DL models, especially when using computationally intensive methods like electromagnetic simula-
tions, can initially incur significant computational costs. However, it is crucial to view this data generation process
as a one-time investment that establishes the foundation for more efficient predictions and analyses in the future.

The entire process of generating the dataset carried out on three parallel computers, each with a 2.9 GHz
Intel processor boasting 16 cores, took about 34 days to complete. This time-consuming data generation stage
reflects the significant computational demands associated with producing a large dataset for training. The input
to the NN comprised standardized design parameters of the AOPS, while the output consisted of the normal-
ized spectrum sampled at 800 points within the wavelength range of 1000-1800 nm. However, the trained NN
model successfully overcomes this challenge by predicting hundreds of thousands of datasets in less than 1 min,
resulting in a significant reduction in processing time compared to the lengthy data generation process. This
highlights the efficiency and effectiveness of the trained model in accelerating the analysis and prediction of
AOPS performance. Considering the continuous nature of the wavelength quantity, the selection of 800 points
for sampling the transmission spectrum, which equates to choosing a 1-nm sampling increment, will not pose
an issue regarding the inclusion of all possible physical states within the training dataset. This sampling strategy
is selected to circumvent the computational complexities associated with fractional wavelengths and to optimize
memory efficiency for our datasets.

In order to enable the uniform and automated generation of the expansive training dataset requisite for this
study, a fixed grid with a resolution of 2 nm was utilized for the data generation process. This resolution was
selected after careful consideration of multiple factors pertinent to the aims and scope of our research. Firstly, a
spacing of 2 nm provides an optimal balance between retaining the level of spatial detail imperative to capture
the nanoscale physical phenomena central to this work, while also maintaining computational tractability across
the parallel processing resources utilized for dataset creation. Secondly, comprehensive preliminary analysis
indicated that a 2-nm resolution suffices to reveal the patterns and behaviors of interest to the desired degree of
accuracy, without necessitating finer grids that would substantially increase computational overheads without
proportional gains in analytical capability.

Through meticulous selection and generation of this extensive dataset, we can proficiently train our NN
model to precisely forecast the transmission spectra of the AOPS across a diverse array of design parameter
combinations. This capability empowers us to acquire invaluable insights into the optimal functioning of the
AQPS across various operational scenarios.

Procedure of training

The NN implementation in this study utilizes Keras, a high-level NN library integrated into Google’s TensorFlow
framework in 2016. The calculations are performed in the Spyder Python environment (Python version 3.7.13
and Spyder version 5.1.5) within Anaconda (version 4.14.0). To develop and train the DNN, we conducted an
extensive evaluation of various ML packages.
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The data preprocessing stage involved using pandas®, while Scikit-learn® was employed for intensive train-
ing. NumPy?*, known for its advanced capabilities in handling matrices and multidimensional arrays, played a
significant role in constructing the regression model.

To enhance the performance of the NN during the validation stage, a systematic exploration of hyperparam-
eters was undertaken. This involved fine-tuning the learning rates and adjusting the neuron count per layer to
identify the optimal configuration. The dataset was partitioned into three distinct categories: training, validation,
and testing, with respective proportions of 70%, 15%, and 15%. It was then trained using a batch size of 80. Given
that a single FDTD simulation can assess all frequency points simultaneously, it is critical to adopt a data-splitting
approach that mirrors real-world conditions. In an inverse modeling context, a designer would only simulate
designs that have not been previously computed. Therefore, the data partitioning should occur at the level of
the design variables, exclusive of the wavelength, to maintain the integrity of real-world application scenarios.
Throughout the training process, the model’s parameters were updated by computing gradients based on the
training loss. The training process was halted when the validation loss no longer displayed any further improve-
ment. Multiple architectures and models were evaluated, and the model exhibiting the minimum validation loss
was selected. It is vital to emphasize that all the figures presented in this paper were derived from the validation
set, which was not utilized for model training. To ensure a rigorous assessment of the model’s performance, we
have exclusively allocated a comprehensive subset of physical design configurations, along with all their associ-
ated wavelength points, to the test set. This will allow us to evaluate the model’s performance on entirely new
designs, providing a more stringent test of its generalization capabilities. However, the model was optimized to
deliver satisfactory performance on the validation set, indicating its competence in generalizing to unseen data.

The AdaDelta Optimizer was utilized in our approach to search for local or global maxima/minima within
the design space®®. Choosing the optimal hyperparameters, including batch size, iteration numbers, and learning
rate, was crucial in the training process. A learning rate of 0.1 was set, and 5000 epochs were performed. After
5000 epochs, the changes in both the training and validation loss became negligible, indicating that further
iterations did not significantly improve the model’s performance. We acknowledge that the aforementioned
parameters were not extensively optimized, leaving room for the discovery of more efficient schemes. Exploring
different hyperparameter configurations and optimization strategies could lead to improved results. Details on
our efforts to optimize critical hyperparameters, including the number of hidden layers, neurons per layer, and
trained epochs, can be found in Sect. S4 of Supplementary Information (refer to Supplementary Figs. S5 and S6
online). As previously mentioned, Sect. S3 of Supplementary Information provides additional information on
the comprehensive analysis of computational costs. In Fig. S3, the computational costs associated with varying
these hyperparameters in DL are illustrated. This figure demonstrates how changing these hyperparameters
impacts the computational requirements of the learning process.

In terms of choosing the activation function, the current study diverges from the related works reviewed in
the “Introduction” section, which predominantly used the ReLU function. To address gradient vanishing issues
that can hinder the training of the network, this study employs the Leaky ReLU®* activation function. The ReLU
function suffers from the problem of gradient vanishing when x <0, which hinders parameter updates and affects
classification accuracy. The Leaky ReLU function overcomes this problem by encompassing the entire range of
real numbers and introducing a small linear component in the negative region.

This property allows Leaky ReLU to facilitate improved convergence during optimization. Furthermore, the
nature of the continuous value estimation task performed herein, requiring continuous predictions, is well-suited
to the Leaky ReLU function. Equation (8) provides the formula for the function®.

ax x=<0
Leaky ReLU = { X x>0 (8)
In this equation, x represents the input value, and « is a small positive constant that determines the slope of
the function for negative inputs.
We used the mean squared logarithmic error (MSLE) function for error estimation, which offers advantages
over mean squared error (MSE) by providing improved accuracy for positive and continuous predicted values®.
Mathematically, it can be defined as®”:

n

1
loss = ; Z (lOg (1 +ypred) — IOg (1 +)’true))2 9)

i=1

where n represents the number of data points, y,,.q is the predicted value, and y,,,. is the true value calculated
using the FDTD method.

We treated the choice of error function similar to other hyperparameters, evaluating options to determine
the one yielding the lowest loss. Although differences between certain functions, such as MSE and MSLE, were
slight, we aimed to select the function that minimized the loss value. Our rationale for opting to utilize the MSLE
over alternative error metrics is elaborated in Sect. S4 of the Supplementary information.

The subsequent section will unveil the outcomes derived from the application of these methodologies, elu-
cidating the degree of success in attaining the objectives outlined in this research.

Results and discussion

The “Results and discussion” section of this article will be articulated through three discernible subsections. The
initial subsection will scrutinize the outcomes derived from the training of the forward model and subject them
to analysis. The second subsection will represent the model’s efficacy in aiding designers of AOPS. Finally, the
last subsection deliberates on outcomes related to the inverse model, spotlighting the remarkable proficiency of
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the DL-based approach in confronting a pivotal challenge within the realm of all-optical switch design, namely
the challenge of inverse design.

Forward DNN

In this portion, we evaluate the effectiveness of our approach in analyzing the transmission spectrum within an
AOPS. Figure 2 presents the NN, which receives the geometric parameters of the RR as input. Delving into the
exploration, we consider a spectrum of waveguide widths, spanning from 30 to 60 nm, and gap widths varying
between 15 and 25 nm. This endeavor results in a rich training dataset, constituting 147,456 unique examples
meticulously generated through FDTD simulations. Having a substantial amount of training data allows the
DNN to be trained effectively. It can precisely model and predict millions of spectral characteristics of the RR
structures within the specified parameter range.

Subsequently, we proceeded with training the NN using the generated dataset. The architecture of the NN,
illustrated in Fig. 2, demonstrates how it utilizes input parameters to predict the spectral response of the cor-
responding AOPS. Our chosen architecture is a fully connected layer-based NN with optimized hidden layers
of 6 and 60 neurons in each layer, resulting in a total of 114,665 parameters. In addition, within our model, the
slope of the Leaky ReLU function, denoted as “o”, is considered to be 0.2 (Eq. 8). The reasons for selecting this
specific configuration are further explained in the Sect. S4 of Supplementary Information. Figure 2 showcases the
output of the NN, which is the transmission spectrum sampled at various points ranging from 1000 to 1800 nm.

The methodological details, including the structure of the developed NN, the composition of the training
dataset, selected learning rate, number of training iterations, activation functions employed, and loss metric
computation are thoroughly explained in the “Method” section. To avoid redundancy and maintain brevity in the
current context, we refrain from reiterating these details here. We encourage readers to refer to the Supplementary
Information section for a detailed understanding of the specific methodologies employed in the study. Access to
all source codes can be obtained from the following GitHub repository: https://github.com/ehsan20e20e/Circu
larRR_AOPS. This repository provides a comprehensive collection of code resources related to the generation of
simulations, implementation of the model, and acquisition of results for the overarching issue addressed in this
scholarly paper. The repository encompasses various code files, including MATLAB and Python scripts, which
facilitate simulation execution, NN model training, and result analysis. Furthermore, detailed instructions are
provided for executing the codebase within your computing environment.

Upon completion of the training process, the weights of the NN were stored in files for easy retrieval and
utilization. To further explore the performance of the DL method in accurately estimating the transmission
spectrum, we conducted a detailed investigation. The training loss graph, depicted in Fig. 3a, illustrates the
performance of our NN throughout the training process. This graph reflects the network’s capability to closely
predict transmission spectra, resulting in a low loss value of 4 x 10~%. We then proceeded to evaluate the network’s
ability to approximate spectra that were not part of the training process. Our network’s generalization capability
is further assessed by comparing predicted transmission spectra with actual spectra in Fig. 3b and c. This side-
by-side representation allows for a comprehensive analysis of the two spectra, revealing their similarities and
differences. Notably, the forward model’s predicted spectrum closely resembles the actual spectra. Remarkably,
the network demonstrated the ability to accurately match spectra even beyond the training set, indicating its
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Figure 2. The NN architecture used for spectrum prediction in the AOPS takes as inputs the geometric
parameters of the AOPS (waveguide width, gap between waveguides) and the wavelength of the input light.
After passing through six hidden layers, the NN outputs the expected transmission across different wavelengths,
representing the overall spectrum that would be obtained from the AOPS device. This NN architecture enables
the capturing of complex relationships between the input parameters and the resulting transmission spectrum,
providing valuable insights into the AOPS’s behavior and performance.
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Figure 3. The results of the NN in approximating the spectrum. (a) The training loss is presented. The loss
exhibits sharp declines, indicating that the NN is discerning patterns within the data at individual points. (b)
Showcases a comparison between the NN’s approximation and the actual spectrum in the through port, along
with the nearest training samples. (c) Corresponding comparison between the NN’s approximation and the
actual spectrum in the drop port. Specifically, one training example represents the closest larger structure to the
desired one, while the other represents the closest smaller structure.

capability to learn and generate features that were not part of its initial training data. This finding was further
supported by plotting the closest samples from the training set.

The results presented in Fig. 3b and ¢ visually unveil the network’s capacity to generalize and generate previ-
ously unknown features. This observation indicates that the NN is not solely fitting the data but rather uncovering
fundamental patterns and structures within the input and output data. In summary, the assessment of the forward
DNN has showcased its efficacy in precisely modeling the transmission spectrum within an AOPS. The scrupu-
lously curated training dataset, combined with the optimized architecture of the NN, has yielded a model with
the capacity to predict spectral responses across a broad parameter spectrum. The networK’s ability to generalize,
as evidenced by accurate predictions beyond the training dataset, underscores its potential in approximating
nanophotonic structures. These findings establish a robust foundation for the subsequent exploration of AOPS
design based on the forward NN, as elaborated in the ensuing segment.

AOPS design based on forward DNN

Having trained our highly accurate NN model, we've effectively eliminated the need for time-consuming FDTD
calculations, substantially accelerating the process (refer to Fig. S4 for details of the computation cost of FDTD).
We can now input various waveguide parameters into our trained NN, obtaining predictions within minutes.
Having access to an extensive dataset of spectral responses for different structures, we can easily retrieve the
desired spectral response by searching among them.

The selection of the desired switching mechanism can vary depending on the design objective of the optical
switch. DL, due to its ability to provide an enormous number of spectra in a short time, empowers the designer
with a high level of selectivity. This enables the designer to choose an optimal structure with a high degree of
confidence for various applications. For example, we direct our attention to exploring the utmost disparity
between the through port and the drop port across the spectra derived from the NN. Our specific focus centers
on the third telecommunications window, wherein we elucidate the switching capabilities of the RR structure.
The rationale behind selecting the third window stems from its minimal optical attenuation compared to shorter
wavelengths®. Furthermore, the decision to employ a high contrast ratio is rooted in its advantageous implications
for real-world implementations of switching devices, where it fortifies the immunity against noise and detection
errors, thus engendering enhanced operational robustness®. Following the determination of the optimal geo-
metric parameters via DL, FDTD electromagnetic simulations were performed to minimize errors introduced
by the DL approach and obtain accurate transmission spectra of the structure.

Figure 4a highlights optimal geometric parameters for a circular NPRR and its transmission spectrum. We
analyze the device’s linear and nonlinear regimes to understand its operational principles. Figure 4b and ¢ com-
plement the conceptual explanation, providing a direct electromagnetic simulation of the switching mechanism
under both low and high optical intensities. In the linear operating regime when low-intensity light is applied
at the resonant wavelength, optical power couples efficiently to the RRs, resulting in transmission to the drop
port. This occurs as the resonant wavelength matches the linear resonant condition of the RRs. However, when
light intensity is increased, the nonlinear Kerr effect manifests. The Kerr effect describes the phenomena wherein
material refractive index changes with light intensity. Indeed, the transmission spectra exhibit a redshift due to
the Kerr effect. This causes the light to become detuned from the RRs’ resonance, decreasing power coupling
efficiency. Consequently, instead of coupling to the RRs and transmitting to the drop port, the light passes
through to the through port. The redshift induced by the Kerr nonlinearity shifts the resonance condition away
from the incident wavelength, reducing light-RR coupling. This behavior demonstrates the impact of the Kerr
nonlinear effect on the structure’s transmission properties. By modulating light intensity, the resonance condi-
tion and power coupling to the RRs can be controlled, enabling manipulation of light routing between device
ports. The Kerr effect therefore provides a means to tune light transmission in this nonlinear photonic structure.

To provide enhanced visualization of the AOPS mechanism, electromagnetic simulations were performed
by applying input light pulses of varying intensity to the circular geometry at the 1508 nm resonant wavelength.
Figure 4b and c plot the computed optical field patterns under low-intensity linear and high-intensity nonlinear
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Figure 4. The performance of the switch device. (a) The transmission spectra of the circular NPRR. The
resonant wavelength is observed at a wavelength of 1508 nm. As the intensity of the input light increases, the
resonant wavelength undergoes a spectral redshift due to nonlinear effects. (b) The optical field of the AOPS
under low intensity. approximately 63% of the input light passes through the drop port and 18% through the
through port, indicating an "ON" state for the drop port and an "OFF" state for the through port in the AOPS (c)
The optical field of the AOPS under high intensity. Around 58% of the input light traverses the through port and
23% through the drop port, representing an "ON" state for the through port and an "OFF" state for the drop port
in the AOPS.

excitation conditions, respectively. Specifically, at low input power the field profile indicates a strong resonant
coupling of the signal into the rings, consistent with transmission towards the output waveguide as expected
under linear regime operating principles. However, with elevated input intensity, the transmission spectrum
shifts leftward due to the induced Kerr effect refractive index change. Consequently, the high-intensity field
pattern in Fig. 4c reveals negligible coupling into the rings and instead shows the pulse primarily traversing the
input waveguide undeflected, in agreement with the conceptual description of nonlinear switching actuation.
Figure 4 displays a strong correspondence between the optical field patterns and the operation of the AOPS in
both the “OFF” and “ON” states.

In addition to maximizing contrast, another approach for selecting the desired transmission spectrum can
be a sharper dip in the transmission spectrum®!!. The selection of the sharper dip in the transmission spectrum
is rooted in the inherent characteristics of the switching mechanism itself*. The need for a highly pronounced
and rapid transition during the switching process necessitates the identification of a dip with a sharper slope.
Our strategy for finding a transmission spectrum that exhibits this criterion is explained in detail in Sect. S5
of the Supplementary Information. Firstly, we demonstrate the correlation between the sharp dip in the trans-
mission spectrum and its second derivative (see Supplementary Fig. S7 online). Subsequently, we employ this
relationship in the dataset generated using the DL method, specifically targeting the wavelength of 1310 nm. The
second telecommunication transmission window, centered around 1310 nm, was selected for this study due to
possessing negligible chromatic dispersion within this bandwidth®*!.

The selected transmission spectrum, determined through the proposed methodology, is shown in Fig. 5. This
figure depicts the simulated transmission spectra of the proposed plasmonic switching device under conditions of
low and high optical input intensities. At low intensities, when linear optical effects dominate, a clear extinction
dip is visible in the transmission spectrum for through port near the resonant wavelength of the plasmonic ring.
This indicates a strong coupling of the incident light into the resonant rings, in agreement with the conceptual
model of the switch operating in the “ON” state. However, as the intensity is increased such that nonlinear phe-
nomena emerge, a spectral redshift of the extinction dip is observed. This resonance shift detunes the incident
light from the original resonant coupling condition, resulting in diminished power transfer to the rings and a
transition to the “OFF” state as indicated by the transmission profile. These simulation results provide valuable
validation of the conceptual model and illustrate how intensity-dependent modulation of the resonant properties
facilitates optical switching functionality in the designed plasmonic nanostructure.

By presenting these examples, we have effectively demonstrated the significant potential of the proposed
DL method in identifying the optimal structure. Furthermore, we have shown that the forward model can be
used for optimization purposes. To summarize, the examination of the proposed plasmonic switching device,
utilizing the forward DNN, has yielded promising insights into its operational principles and design parameters.
The ability to bypass time-intensive FDTD calculations through the trained NN underscores its practical utility.
The investigation of optimal geometric parameters, guided by the network’s predictions, further highlights the
efficiency and precision facilitated by DL in the design of AOPS. As we transition to the next part, the focus will
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Figure 5. The transmission spectrum of the circular NPRR switch structures for the through port and

the optical field of the AOPS in two states, under low and high-intensity conditions. The switch device’s
performance was assessed, by examining the transmission spectra of the optimized circular NPRR, which
exhibited a resonant wavelength at 1310 nm. As the intensity of the input light increased, the resonant
wavelength experienced a spectral redshift due to nonlinear effects. Furthermore, the optical field of the AOPS
was illustrated. At low intensity, around 18% of the input light traversed the through port, indicating an “OFF”
state for this port. Conversely, under high intensity, approximately 71% of the input light passed through the
through port, signifying an “ON” state. The drop port remained in the “OFF” state in both scenarios, as the
transmission through this port was negligible.

pivot toward the practical implementation and experimental validation of the predictions made by the inverse
DNN. The groundwork laid here establishes the foundation for a comprehensive comprehension and application
of the forward model in real-world scenarios.

Inverse DNN

The results of our study demonstrate the effectiveness of DL in efficiently addressing inverse design problems.
In inverse design, the primary goal is to generate a desired spectrum and identify the corresponding geometry
that can most accurately reproduce that spectrum. Our research underscores the proficiency of NNs in achiev-
ing this objective.

The inverse model’s NN is shown in Fig. 6, which takes the AOPS’s Transmission spectra as an input. A
considerable volume of training data facilitates the efficacious education of the DNN. The model is capable of
accurately simulating and predicting a multitude of geometric parameters for AOPS configurations across a
designated spectral response. Figure 6 depicts the NN’s architecture, showcasing its use of spectral response
data to estimate the geometric parameters of the associated AOPS. In the inverse model, we have selected an
architecture akin to the forward model, which is a fully connected NN composed of hidden layers containing 6
and 60 neurons, respectively, in each layer. The selection of additional hyperparameters, which mirrors that of
the forward model, is detailed in the “Method” section.

Our methodology involves selecting an arbitrary target spectrum as a reference and utilizing the trained
network to predict the input parameters required to generate a spectrum resembling the target. By harnessing
the predictive capabilities of the network, we can determine the exact input parameters that would generate the
desired spectrum. This approach allows us to effectively utilize the network for inverse design, helping us find
the required input parameters to achieve a specific spectrum. The forward and inverse operations of our system
are defined by Egs. (4) and (6), respectively. Both involve functions, F and I, which are not interchangeable but
are unique to their respective processes. This distinction is clearly reflected in the distinct weight configurations
of our NNs, each designed for its specific function. It is important to note that the inverse network does not
perform an analytical inversion of these equations—due to the multiplicity of potential solutions in photonic
design—but instead learns the statistical correlations between transmission spectra and geometric parameters.
Given the complexities involved in many-to-one mappings and the need to demonstrate a meticulous distinc-
tion between forward and inverse operations, we have trained the inverse network independently. This process
has been documented in the CircularRR_AOPS repository on GitHub, with separate weight files uploaded for
each network.

To ensure the physical feasibility of the spectra, we derive the desired spectrum from a carefully chosen
valid configuration of the AOPS. This ensures that the desired spectrum is based on a physically realistic setup,
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Figure 6. The NN architecture developed for determining the design parameters of the AOPS accepts the
transmission spectra as inputs. These inputs are processed through six hidden layers, culminating in the NN
producing the predicted geometric parameters, such as the waveguide width and the separation between
waveguides. Such an architecture is instrumental in elucidating the intricate correlations between the
transmission spectrum and the design parameters, thus offering profound understanding of the AOPS design.

enabling us to train the network to predict input parameters that can generate similar spectra within the con-
straints of real-world conditions. To guarantee the robustness and reliability of the inverse model’s performance,
we carefully select a valid structure that maximizes the distance from the training data. This selection process
ensures that the inverse model can accurately predict the desired spectrum, even for configurations that signifi-
cantly deviate from those encountered during the training phase.

It is a well-known phenomenon that prediction errors by NNs tend to decrease as the proximity between test
and training data increases. Conversely, widening divergence between test and training data is associated with
heightened prediction errors. To evaluate a worst-case scenario, we tested the NN on “the furthest data” relative
to the training data. We define “the furthest data” as the test samples exhibiting maximum distance from the
training samples in feature space, based on metrics such as Euclidean distance. This methodological decision
was based on the rationale that if the network displays acceptable error margins under these highly unfavorable
conditions, its performance is likely to be robust across less extreme testing scenarios.

Figure 7a illustrates the loss graph during the training process, providing an overview of the inverse model’s
performance. This graph illustrates the network’s proficiency in accurately predicting geometric parameters,
yielding a minimal loss value of 1.5 x 10™*. While the small validation error observed in Fig. 7a is indeed prom-
ising, it alone does not suffice, particularly in light of the need to consider the many-to-one issue. Photonic
structures are notably prone to the issue of non-uniqueness, often termed the many-to-one problem?®>**. This
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Figure 7. The results of inverse design for the AOPS by DL method. (a) The training loss is depicted,
demonstrating sharp declines over time. This indicates that the NN effectively learns and discerns patterns in
the data during the training process. (b) and (c) The performance of the inverse model in predicting design
parameters for the transmission spectrum of the furthest data point from the training data. The legend provides
the values of the geometric parameters employed in the study. The solid orange curve represents the desired
spectrum, while the dashed blue curve represents the spectrum of the predicted structure generated by the DL

method.
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issue emerges when disparate structural designs result in optical properties that are strikingly similar. Such non-
uniqueness presents a significant challenge in the context of ML algorithms, which are conventionally engineered
to refine a singular mapping from inputs to outputs, based on the premise of a one-to-one relationship between
them. Within this framework, each output is linked to a definitive correct solution, and the algorithm’s aim is to
progressively refine its parameters to consistently and accurately identify this solution. Nonetheless, the exist-
ence of multiple viable solutions for a single input introduces a dilemma for the algorithm, leading to ambiguity
in parameter adjustment. As a result, in these instances, the achievement of convergence is not guaranteed. In
response to this observation, it is pertinent to highlight that Fig. 7a demonstrates a minimal deviation between
the dimensions predicted by the inverse model and the actual dimensions of the structure. This evidence suggests
that the many-to-one problem, while inherent in our study, does not significantly impair the accuracy or efficacy
of the inverse model. Moreover, the deliberate choice of a worst-case scenario for model evaluation, as depicted
in Fig. 7b and ¢, have been strategically undertaken to address the many-to-one issue. This approach ensures that
the model’s robustness and reliability are assessed under the most challenging conditions, where the phenomenon
of multiple potential solutions from a single input is most pronounced. Despite the occurrence of the many-to-
one problem in this instance, the simulation results of the structural spectrum proposed by the inverse model
indicate that the discrepancy between the spectra of these two structures is remarkably slight. Consequently, this
mitigates the concern regarding the impact of the many-to-one problem on our model’s performance.

Acknowledging that our prior explanations may not fully assuage concerns about the inverse model’s efficacy
in handling the many-to-one dilemma, we have embarked on a thorough evaluation. This involved testing our
model against an extensive set of real-structure spectra. The model’s predictions were utilized to conceptualize
physical designs, which were subsequently re-simulated to yield new spectra. A comparative analysis between
the original input spectra and the actual spectra of the designs suggested by the inverse model was conducted.
This process enabled us to gauge the precision and dependability of our model. Detailed findings of this rigorous
statistical analysis are presented in Sect. S7 of the Supplementary Information, offering an in-depth insight into
the model’s capability to mitigate the many-to-one issue.

In addition, Fig. 7b and c display the transmission spectra of the desired AOPS structure and the predicted
transmission spectrum obtained using the DL method. These two spectra exhibit negligible differences, indicating
that the DL technique successfully predicts the desired transmission spectrum with a high level of accuracy. It
is worth pointing out that in solving the inverse problem, we employed the FDTD method to obtain the spectra
in Fig. 7b and ¢, avoiding the involvement of forward model errors. The actual structure and the DL-generated
structure are distinct; however, their transmission spectra exhibit high similarity. It was compelling to discover
that an alternative structure could exist with a transmission spectrum approximating that of the desired structure
with negligible deviation. Given that realizing the target transmission spectrum is imperative for designers of
optical switches, this inverse model can readily facilitate their aims.

In this conclusive segment, we unveiled the transformative potential of the Inverse DNN in reshaping the
landscape of all-optical switch design. DL can prove to be a valuable instrument in the optimization of real-world
nanophotonic structures, as it adeptly addresses inverse design problems. Moreover, this method allows us to
solve inverse design problems without the need for manual derivation and calculation of inverse equations. Our
foray into the challenges of inverse design and the efficacy of NNs in generating desired spectra signifies a para-
digm shift in nanophotonic engineering. The scrupulous processes of training and validation have bolstered the
reliability of our inverse model, demonstrating its proficiency in predicting intricate geometric configurations
to achieve target transmission spectra.

Our model is designed to make optimal estimations from known data to predict outcomes even when exact
real-world examples are unavailable. The robust predictions of our model can withstand lack of direct empirical
evidence. Additional validations of our model across a range of hypothetical scenarios, where fully realistic or
complete data was unattainable, have affirmed the consistency and resilience of the model’s predictions even
absent empirical data. We have documented these corroborative validation findings in Sect. S6 of the Sup-
plementary Information for your review. Figure S7 demonstrates the efficacy of the inverse model in deriving
design parameters from the transmission spectrum associated with invalid data, indicating that the targeted
spectrum does not align with any actual AOPS configurations. As observed in Fig. S7, the NN outputs the best
approximation it can ascertain.

The inherent tangible constraints of the physical world inevitably present challenges uncaptured by math-
ematical or theoretical constructs. The domain of nanophotonics within the physical sciences is no exception
to such discrepancies. One can articulate this discrepancy by noting certain theoretically conceived frequency
responses may not correspond to any feasible physical arrangement of the device in question. Consequently, the
performance of our DL model has been validated using spectra derived from a physically realistic setup. This
substantiates the appropriateness of the suggested switches utilizing ANNSs for integration in plasmonic circuits
and underscores the practical applicability of our findings in diverse real-world scenarios.

As we delve into the strength nuances of our findings, it is essential to subject our approach to a critical lens,
acknowledging inherent limitations. Notably, the performance of the DNN is intricately linked to the quality
and diversity of the training dataset. The utilization of FDTD simulations for dataset generation introduces a
degree of simulation-specific bias. Although experimental data often outperforms simulated data and contrib-
utes to optimal outcomes in an NN, it is crucial to recognize that the principal challenge in deploying DL-based
methods lies in the collection of data. Moreover, the interpretability of the model’s decisions remains a challenge,
prompting avenues for further exploration into model explainability within the context of nanophotonic systems.
While the model performs adequately in predicting unseen scenarios that deviate from empirical data, it should
be noted that in the context of our work, if the examined spectrum diverges substantially from those considered
physically plausible, the predictions made by the NN would become irrelevant for photonic engineers. Such
outcomes would fail to further the practical design of AOPS and thus not address the inherent challenges within
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the field. As we conclude this study, we contemplate the broader implications of our findings and we anticipate
that the outcomes elucidated in this article will catalyze subsequent and more impactful research endeavors by
scholars in this field. The Inverse DNN not only emerges as a time-saving tool in nanophotonic design but also
as a stimulant for unlocking new frontiers in optical communication.

Conclusions

This study successfully applies DL techniques to establish a robust correlation between spectroscopic insights
and the behavior of a plasmonic circular RR. Our method employs DL for predicting spectra, solving inverse
design challenges, and optimizing the performance of AOPS based on the NPRR. Our NN architecture consists
of six hidden layers, each comprising 60 neurons, and the training process is conducted over 5000 epochs. These
specific values are carefully chosen to strike a balance between rapid convergence and accurate estimation of
spectral values for the input geometrical dimensions of the AOPS. It is important to note that these values can
be adjusted based on the specific problem being addressed. In real-world applications where the results may not
be known in advance, it is advisable to use more conservative values for these parameters to ensure the reliable
and safe performance of the DL model.

The transmission spectrum predicted by ANNs exhibits remarkable proximity to the results obtained through
FDTD simulations, ensuring exceptional precision. Our DL method substantially mitigates computational
expenses when contrasted with conventional FDTD solvers, enabling expeditious and cost-effective spectral
estimation for RR structures. Furthermore, our approach effectively addresses the long-standing challenge of the
inverse problem in designing optimal geometries for desired optical response spectra. Crucially, the performance
of our DL model has been validated using spectra derived from a physically realistic setup. This substantiates the
appropriateness of the suggested switches utilizing ANNS for integration in plasmonic circuits and underscores
the practical applicability of our findings in diverse real-world scenarios.

The amalgamation of nanotechnology’s precision and control with the computational prowess and pattern
recognition capabilities of artificial intelligence holds great promise for pioneering advancements in diverse
domains. This convergence is poised to catalyze a paradigm shift in scientific research, culminating in innovative
applications and transformative breakthroughs across a multitude of disciplines.

Data availability

The data obtained and analyzed throughout the research can be readily accessed via the GitHub repository
by utilizing the provided link: https://github.com/ehsan20e20e/CircularRR_AOPS/releases/tag/1. For supple-
mentary data associated with the study, including the manuscript and Supplementary Information, the GitHub
repository can be referenced: https://github.com/ehsan20e20e/CircularRR_AOPS. All the data are provided and
made available for access.

Received: 28 November 2023; Accepted: 7 March 2024
Published online: 09 March 2024

References
1. Yu, N. & Capasso, E. Flat optics with designer metasurfaces. Nat. Mater. 13, 139-150 (2014).
2. Jafari, B. et al. Highly sensitive label-free biosensor: graphene/CaF, multilayer for gas, cancer, virus, and diabetes detection with
enhanced quality factor and figure of merit. Sci. Rep. 13, 16184 (2023).
. Kildishev, A. V., Boltasseva, A. & Shalaev, V. M. Planar photonics with metasurfaces. Science 339, 1232009 (2013).
. Sasikala, V. & Chitra, K. All optical switching and associated technologies: A review. J. Opt. 47, 307-317 (2018).
5. Pav, M., Pooretemad, S. & Granpayeh, N. Ultra-fast all-optical plasmonic dual-band nonlinear off-on and two-port switches.
Plasmonics 19, 1-11 (2023).
6. Gholizadeh, E., Jafari, B. & Golmohammadi, S. Graphene-based optofluidic tweezers for refractive-index and size-based nano-
particle sorting, manipulation, and detection. Sci. Rep. 13, 1975 (2023).
7. Zhang, J., Zhang, L. & Xu, W. Surface plasmon polaritons: Physics and applications. J. Phys. D Appl. Phys. 45, 113001 (2012).
8. Hill, L., Oppo, G.-L. & Del'Haye, P. Multi-stage spontaneous symmetry breaking of light in Kerr ring resonators. Commun. Phys.
6,208 (2023).
9. Pooretemad, S., Pav, M., Kashani, Z. G. & Granpayeh, N. Ultra-compact all-optical plasmonic switch for three telecommunication
windows using a nonlinear Kerr material and Fano resonance. Appl. Opt. 62, 4123-4133 (2023).
10. Jafari, B. & Gholizadeh, E. Multifunctional graphene-based optoelectronic structure based on a Fabry-Perot cavity enhanced by
a metallic nanoantenna. Appl. Opt. 61, 10658-10668 (2022).
11. Ghadrdan, M., Shahraki, M. & Mansouri-Birjandi, M. A. Plasmonic switch based on asymmetric cavities with embedding square
of gold inside the cavities. J. Nanophoton. 17, 036004-036004 (2023).
12. Ghadrdan, M. & Mansouri-Birjandi, M. A. Design and implementation of optical switches based on nonlinear plasmonic ring
resonators: Circular, square and octagon. Photon. Nanostruct. Fundam. Appl. 29, 15-21 (2018).
13. Jin, J.-M. The Finite Element Method in Electromagnetics (Wiley, Hoboken, 2015).
14. Taflove, A., Hagness, S. C. & Piket-May, M. Computational electromagnetics: The finite-difference time-domain method. Electr.
Eng. Handb. 3, 15 (2005).
15. Piggott, A. Y. et al. Inverse design and demonstration of a compact and broadband on-chip wavelength demultiplexer. Nat. Photon.
9, 374-377 (2015).
16. Molesky, S. et al. Inverse design in nanophotonics. Nat. Photon. 12, 659-670 (2018).
17. Li, W,, Meng, E, Chen, Y,, Li, Y. F & Huang, X. Topology optimization of photonic and phononic crystals and metamaterials: A
review. Adv. Theory Simul. 2, 1900017 (2019).
18. Campbell, S. D. et al. Review of numerical optimization techniques for meta-device design. Opt. Mater. Express 9, 1842-1863
(2019).
19. Nobh, J. et al. Inverse design meets nanophotonics: From computational optimization to artificial neural network. Intell. Nanotechnol.
https://doi.org/10.1016/B978-0-323-85796-3.00001-9 (2023).
20. Lwakatare, L. E., Raj, A., Crnkovic, I, Bosch, J. & Olsson, H. H. Large-scale machine learning systems in real-world industrial
settings: A review of challenges and solutions. Inf. Softw. Technol. 127, 106368 (2020).

(LN}

Scientific Reports |

(2024) 14:5787 | https://doi.org/10.1038/s41598-024-56522-3 nature portfolio


https://github.com/ehsan20e20e/CircularRR_AOPS/releases/tag/1
https://github.com/ehsan20e20e/CircularRR_AOPS
https://doi.org/10.1016/B978-0-323-85796-3.00001-9

www.nature.com/scientificreports/

21. LeCun, Y., Bengio, Y. & Hinton, G. Deep learning. Nature 521, 436-444 (2015).

22. Fernandez-Delgado, M. et al. An extensive experimental survey of regression methods. Neural Netw. 111, 11-34 (2019).

23. Liu, W. et al. A survey of deep neural network architectures and their applications. Neurocomputing 234, 11-26 (2017).

24. Alzubaidi, L. et al. Review of deep learning: Concepts, CNN architectures, challenges, applications, future directions. J. Big Data
8, 1-74 (2021).

25. Chen, X.-W. & Lin, X. Big data deep learning: Challenges and perspectives. IEEE Access 2, 514-525 (2014).

26. Johnson, J. M. & Khoshgoftaar, T. M. Survey on deep learning with class imbalance. J. Big Data 6, 1-54 (2019).

27. Bejani, M. M. & Ghatee, M. A systematic review on overfitting control in shallow and deep neural networks. Artif. Intell. Rev. 54,
1-48 (2021).

28. Castelvecchi, D. Can we open the black box of AI?. Nat. News 538, 20 (2016).

29. von Eschenbach, W. J. Transparency and the black box problem: Why we do not trust AL Philos. Technol. 34, 1607-1622 (2021).

30. Rai, A. Explainable AI: From black box to glass box. J. Acad. Mark. Sci. 48, 137-141 (2020).

31. Chen, J. & Ran, X. Deep learning with edge computing: A review. Proc. IEEE 107, 1655-1674 (2019).

32. Kljucaric, L. & George, A. D. Deep learning inferencing with high-performance hardware accelerators. ACM Trans. Intell. Syst.
Technol. 14, 1-25 (2023).

33. Theocharides, T., Shafique, M., Choi, J. & Mutlu, O. Guest editorial: Robust resource-constrained systems for machine learning.
IEEE Des. Test 37, 5-7 (2020).

34. Chakraborty, A., Alam, M., Dey, V., Chattopadhyay, A. & Mukhopadhyay, D. A survey on adversarial attacks and defences. CAAI
Trans. Intell. Technol. 6, 25-45 (2021).

35. Ma, W. et al. Deep learning for the design of photonic structures. Nat. Photon. 15, 77-90 (2021).

36. Noriega, L. Multilayer perceptron tutorial. Sch. Comput. Staffords. Univ. 4, 444 (2005).

37. Wu, J. Introduction to convolutional neural networks. Natl. Key Lab Novel Softw. Technol. Nanjing Univ. China 5, 495 (2017).

38. Kingma, D. P. & Welling, M. Auto-encoding variational bayes. arXiv preprint https://arxiv.org/abs/1312.6114 (2013).

39. Medsker, L. & Jain, L. C. Recurrent Neural Networks: Design and Applications (CRC Press, 1999).

40. Goodfellow, I. et al. Generative adversarial networks. Commun. ACM 63, 139-144 (2020).

41. Asano, T. & Noda, S. Optimization of photonic crystal nanocavities based on deep learning. Opt. Express 26, 32704-32717 (2018).

42. Ma, W,, Cheng, E, Xu, Y., Wen, Q. & Liu, Y. Probabilistic representation and inverse design of metamaterials based on a deep
generative model with semi-supervised learning strategy. Adv. Mater. 31, 1901111 (2019).

43. Zhou, Q, Yang, C,, Liang, A., Zheng, X. & Chen, Z. Low computationally complex recurrent neural network for high speed optical
fiber transmission. Opt. Commun. 441, 121-126 (2019).

44. Liu, Z., Zhu, D., Rodrigues, S. P, Lee, K.-T. & Cai, W. Generative model for the inverse design of metasurfaces. Nano Lett. 18,
6570-6576 (2018).

45. Chen, X. et al. POVIT: Vision transformer for multi-objective design and characterization of photonic crystal nanocavities. Nano-
materials 12, 4401 (2022).

46. Haykin, S. Neural Networks and Learning Machines, 3/E (Pearson Education India, 2009).

47. Tahersima, M. H. et al. Deep neural network inverse design of integrated photonic power splitters. Sci. Rep. 9, 1368 (2019).

48. Carleo, G. & Troyer, M. Solving the quantum many-body problem with artificial neural networks. Science 355, 602-606 (2017).

49. Peurifoy, . et al. Nanophotonic particle simulation and inverse design using artificial neural networks. Sci. Adv. 4, eaar4206 (2018).

50. Malkiel, I. et al. Plasmonic nanostructure design and characterization via deep learning. Light Sci. Appl. 7, 1-8 (2018).

51. Singh, R., Agarwal, A. & Anthony, B. W. Design of optical meta-structures with applications to beam engineering using deep
learning. Sci. Rep. 10, 1-10 (2020).

52. Singh, R., Agarwal, A. & Anthony, B. W. Mapping the design space of photonic topological states via deep learning. Opt. Express
28, 27893-27902 (2020).

53. Baxter, J. et al. Plasmonic colours predicted by deep learning. Sci. Rep. 9, 8074 (2019).

54. Sajedian, I., Kim, J. & Rho, J. Finding the optical properties of plasmonic structures by image processing using a combination of
convolutional neural networks and recurrent neural networks. Microsyst. Nanoeng. 5, 27 (2019).

55. Zhang, T. et al. Efficient spectrum prediction and inverse design for plasmonic waveguide systems based on artificial neural net-
works. Photon. Res. 7, 368-380 (2019).

56. Verma, S., Chugh, S., Ghosh, S. & Rahman, B. A. A comprehensive deep learning method for empirical spectral prediction and
its quantitative validation of nano-structured dimers. Sci. Rep. 13, 1129 (2023).

57. Sutton, R. S. & Barto, A. G. Reinforcement Learning: An Introduction (MIT Press, 2018).

58. Silver, D. et al. Mastering the game of go without human knowledge. Nature 550, 354-359 (2017).

59. Vinyals, O. et al. Grandmaster level in StarCraft IT using multi-agent reinforcement learning. Nature 575, 350-354 (2019).

60. Sajedian, I, Badloe, T. & Rho, J. Optimisation of colour generation from dielectric nanostructures using reinforcement learning.
Opt. Express 27, 5874-5883 (2019).

61. Sajedian, I, Lee, H. & Rho, J. Design of high transmission color filters for solar cells directed by deep Q-learning. Sol. Energy 195,
670-676 (2020).

62. Sui, F, Guo, R., Zhang, Z., Gu, G. X. & Lin, L. Deep reinforcement learning for digital materials design. ACS Mater. Lett. 3,
1433-1439 (2021).

63. Mirhoseini, A. et al. A graph placement methodology for fast chip design. Nature 594, 207-212 (2021).

64. Kuprikov, E., Kokhanovskiy, A., Serebrennikov, K. & Turitsyn, S. Deep reinforcement learning for self-tuning laser source of dis-
sipative solitons. Sci. Rep. 12, 7185 (2022).

65. Li, R. et al. Deep reinforcement learning empowers automated inverse design and optimization of photonic crystals for nanoscale
laser cavities. Nanophotonics 12, 319-334 (2023).

66. Oda, K., Takato, N. & Toba, H. A wide-FSR waveguide double-ring resonator for optical FDM transmission systems. J. Lightwave
Technol. 9, 728-736 (1991).

67. Kumar, V. D,, Srinivas, T. & Selvarajan, A. Investigation of ring resonators in photonic crystal circuits. Photon. Nanostruct. Fundam.
Appl. 2, 199-206 (2004).

68. Nozhat, N. & Granpayeh, N. All-optical nonlinear plasmonic ring resonator switches. J. Mod. Opt. 61, 1690-1695 (2014).

69. Liao, H. et al. Origin of third-order optical nonlinearity in Au:SiO, composite films on femtosecond and picosecond time scales.
Opt. Lett. 23, 388-390 (1998).

70. Liao, H. et al. Large third-order optical nonlinearity in Au:SiO, composite films near the percolation threshold. Appl. Phys. Lett.
70, 1-3 (1997).

71. Swillam, M. A., Zaki, A. O., Kirah, K. & Shahada, L. A. On chip optical modulator using epsilon-near-zero hybrid plasmonic
platform. Sci. Rep. 9, 6669 (2019).

72. Amiri, I. S., Afroozeh, A. & Ahmad, H. Integrated Micro-ring Photonics: Principles and Applications as Slow Light Devices, Soliton
Generation and Optical Transmission (CRC Press, 2016).

73. De Leon, I. & Berini, P. Amplification of long-range surface plasmons by a dipolar gain medium. Nat. Photon. 4, 382-387 (2010).

74. Fang, Y. & Sun, M. Nanoplasmonic waveguides: Towards applications in integrated nanophotonic circuits. Light Sci. Appl. 4,
€294-€294 (2015).

75. Barnes, W. L., Dereux, A. & Ebbesen, T. W. Surface plasmon subwavelength optics. Nature 424, 824-830 (2003).

Scientific Reports | (2024) 14:5787 | https://doi.org/10.1038/s41598-024-56522-3 nature portfolio


https://arxiv.org/abs/1312.6114

www.nature.com/scientificreports/

76. Kim, Y. et al. Ultrawideband electromagnetic metamaterial absorber utilizing coherent absorptions and surface plasmon polaritons
based on double layer carbon metapatterns. Sci. Rep. 11, 23045 (2021).

77. Liang, E, Guo, Y., Hou, S. & Quan, Q. Photonic-plasmonic hybrid single-molecule nanosensor measures the effect of fluorescent
labels on DNA-protein dynamics. Sci. Adv. 3, €1602991 (2017).

78. Rodrigo, D. et al. Mid-infrared plasmonic biosensing with graphene. Science 349, 165-168 (2015).

79. Li, Y, Liberal, I. & Engheta, N. Structural dispersion-based reduction of loss in epsilon-near-zero and surface plasmon polariton
waves. Sci. Adv. 5, eaav3764 (2019).

80. McKinney, W. Pandas, Python Data Analysis Library, 3-15. http://pandas.pydata.org (2015).

81. Pedregosa, F. et al. Scikit-learn: Machine learning in Python. J. Mach. Learn. Res. 12, 2825-2830 (2011).

82. McKinney, W. Python for Data Analysis: Data Wrangling with Pandas, NumPy, and IPython (O’Reilly Media Inc., 2012).

83. Zaheer, R. & Shaziya, H. A study of the optimization algorithms in deep learning. In 2019 Third International Conference on Inven-
tive Systems and Control (ICISC), 536-539 (IEEE).

84. Maas, A. L., Hannun, A. Y. & Ng, A. Y. Rectifier nonlinearities improve neural network acoustic models. In Proceedings of the
ICML, 3 (Atlanta, GA).

85. Zhang, G., Roslan, S. N. A. B, Wang, C. & Quan, L. Research on land cover classification of multi-source remote sensing data
based on improved U-net network. Sci. Rep. 13, 16275 (2023).

86. Haque, M. A. et al. Machine learning-based technique for gain and resonance prediction of mid band 5G Yagi antenna. Sci. Rep.
13, 12590 (2023).

87. Anne, W. R. & Jeeva, S. C. Lessons from COVID-19 289-311 (Elsevier, 2022).

88. Cai, X,, Xu, Q., Wang, S. & Li, S. Low-cross-talk and high-contrast all optical bistable switching based on coupled defects in a
nonlinear photonic crystal cross-waveguide geometry. Photon. Nanostruct. Fundam. Appl. 13, 89-96 (2015).

89. Moon, K. & Park, S. Graphene-based plasmonic switch using resonant coupling to the local plasmon resonance. Phys. Rev. Appl.
11, 034074 (2019).

90. Zamani, M. Photonic crystal-based optical filters for operating in second and third optical fiber windows. Superlattices Microstruct.
92, 157-165 (2016).

91. Hong, Y. et al. Numerical and experimental study on the impact of chromatic dispersion on O-band direct-detection transmission.
Appl. Opt. 60, 4383-4390 (2021).

92. Unni, R, Yao, K. & Zheng, Y. Deep convolutional mixture density network for inverse design of layered photonic structures. ACS
Photon. 7,2703-2712 (2020).

93. Liu, D,, Tan, Y., Khoram, E. & Yu, Z. Training deep neural networks for the inverse design of nanophotonic structures. ACS Photon.
5, 1365-1369 (2018).

Acknowledgements

During the preparation of this work, the authors used Al-assisted technologies to spell and Grammarly check.
After using this service, the authors reviewed and edited the content as needed and took full responsibility for
the content of the publication.

Author contributions

(1) E.A.: Conceived the main idea, introduced the principal concept, implemented the NN using the Keras library
in Python, programmed MATLAB for AOPS optimization, conducted partial FDTD simulations, wrote scripts for
automated data generation, created and curated the dataset, prepared the manuscript, authored the article’s main
text, and performed final editing. (2) M.A.M.-B.*: presented the main idea, prepared the manuscript, and served
as the group manager for authors. The corresponding author is responsible for final editing and result verifica-
tion. Assigned author duties, oversaw their performance, and validated results. All authors critically reviewed
and contributed to the manuscript. (3) M.G.: Contributed to the selection of the AOPS structure and materials,
performed the analysis of plasmonics, participated in analytical analysis, conducted FDTD simulations, and
assisted in manuscript editing. (4) P.J.: Contributed to the selection of the DNN’s architecture and optimization
of hyperparameters, performed the training of the model, assisted in the understanding of theoretical concepts
in Al and soft computing, implemented the DL method and assisted in manuscript editing.

Funding

This research received no specific grant from public, commercial, or not-for-profit funding agencies.

Competing interests
The authors declare no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at https://doi.org/
10.1038/541598-024-56522-3.

Correspondence and requests for materials should be addressed to M.A.M.-B.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Scientific Reports |

(2024) 14:5787 | https://doi.org/10.1038/s41598-024-56522-3 nature portfolio


http://pandas.pydata.org
https://doi.org/10.1038/s41598-024-56522-3
https://doi.org/10.1038/s41598-024-56522-3
www.nature.com/reprints

www.nature.com/scientificreports/

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2024

Scientific Reports|  (2024) 14:5787 | https://doi.org/10.1038/s41598-024-56522-3 nature portfolio


http://creativecommons.org/licenses/by/4.0/

	A deep learning method for empirical spectral prediction and inverse design of all-optical nonlinear plasmonic ring resonator switches
	Related works
	Research gap
	Objectives and contributions
	Theory
	AOPS design and modeling
	DNN formulation

	Method
	Generation and preprocessing of data
	Procedure of training

	Results and discussion
	Forward DNN
	AOPS design based on forward DNN
	Inverse DNN

	Conclusions
	References
	Acknowledgements


