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[bookmark: _Toc99623233]INTRODUCTION
Novel optical devices capable of controlling optical flow down to the nanoscale have become an extremely dynamic area of ​​research. With the help of advanced numerical simulation, fabrication and characterization techniques, it is possible to design, fabricate and demonstrate dielectric and metallic micro-nanostructures with complex geometries and arrangements, such as metasurfaces containing subwavelength structures called superatoms can exhibit superior performance. The characteristics of the present invention provide the possibility for breakthroughs in widely used technologies such as imaging, sensing, and polarization control.
In traditional design methods of optical structures, it is common to start with a full-wave simulation of the initial design based on empirical knowledge, and then adjust geometric or material parameters to approximate specific optical response requirements. But such a trial process requires a lot of time and computing resources even for experienced researchers.
As a subset of artificial intelligence, deep learning algorithms have been applied to learning forward prediction and reverse design problems in light, and have shown good results; image processing also plays an important role in these studies, with the purpose of Converting observed measurements into desired property values ​​is an information-processing process similar to that of computer vision and computer imaging. In recent years, deep learning algorithms, in which machines automatically learn patterns from large amounts of data, have shown certain advantages in optics. Unlike traditional physics-based methods, the methods supporting deep learning are “data-driven” methods. It has provided alternative solutions to many challenging problems in this field with good performance.
Optical structure design strategies combined with deep learning are expected to increase computational speed by many orders of magnitude. Artificial neural networks are a potential solution to bypass the complex design process, allowing us to directly predict the optical response of optical structures or perform inverse design efficiently and accurately. The first is to replace the forward simulation in iterative optimization with an artificial neural network, while the second is to build an artificial neural network that directly solves the inverse problem. Artificial neural networks can establish implicit relationships between inputs (geometric or material parameters) and outputs (optical responses), bypassing complex and time-consuming design processes that rely on numerical simulations and optimization. Forward predictive models are used to determine the optical response of geometric or material parameters and can be used as an alternative to full-wave simulations; inverse design models are designed to efficiently retrieve the optimal structure from a given optical response, a design process that is often challenging.
The focus of this research proposal is the prediction of optical responses of optical structures based on deep learning. The optical structure is represented in the form of an image, and the deep learning algorithm is used to predict the optical response of the optical structure to the incident electromagnetic wave, which is the prediction process of the system from the input optical structure image to the output optical response. The purpose is to try to use deep learning algorithms to replace traditional methods such as numerical full-wave simulations to improve the speed of computation, and get accurate predictions at the same time. 
[bookmark: _Toc99623234]LITERATURE REVIEW
Micro-nano technology is micro-electromechanical system (MEMS) technology and nano-science technology is micro-electro-mechanical system (MEMS) technology and nano-science technology. Due to its huge application prospects, micro-nano technology has been widely valued by governments and scholars from all over the world. One of the hot research fields in the tech world. MEMS technology mainly involves the research and development of sensors and microsystems in the range of several micrometers, and the technology of manipulating and processing atoms and molecules in the nanometer range is called nanotechnology.
Metasurface and metamaterials containing subwavelength structures (called superatoms) can exhibit extraordinary properties[1][2]. In the traditional approach, we can handle most micro- and nanostructure design problems. However, the inverse design problem of finding the optimal structure for the target optical response and function usually requires a lot of time and computational resources.
When traditional methods don't apply, experience can limit our search for entirely new designs for the same or even more complex functionality. Obtaining the geometry of the desired function has always been a challenge when inversely designing optical structures, when viewed as a pure optimization problem, due to the highly nonlinear nature of the problem, even using state-of-the-art algorithms such as evolutionary or topology optimization algorithms, a single design Tasks require hundreds to thousands of iterations.
With the digital transition, image processing plays an important role in these studies in order to transform observed measurements into desired properties, a process similar to that of computer vision. Modern deep learning algorithms have also been applied to forward prediction and inverse design problems in optical structures, and have shown promising prospects.
[bookmark: _Toc99623235]Advantages of Deep Learning Applied to Optics
At present, the application of deep learning[3] in the field of optical metrology is attracting people's interest and gaining widespread attention. Different from traditional physics-based methods, deep learning subverts the traditional "physical model-driven" approach and opens up a "data-driven" based approach. The way of learning has provided alternative solutions to many challenging problems in this field, which can regain the knowledge of the forward model from experimental data and have better performance[4].
An artificial neural network (ANN) is an important algorithm in deep learning. The network consists of interconnected computational units called artificial neurons. The perceptron was the first artificial neural network that allowed neurons to learn, and Rumelhart et al. proposed the idea of ​​a back-propagation algorithm (BP)[5] for MLP, which is based on a chain rule method to continuously update network parameters to minimize network loss. LeCun et al. proposed a bionic CNN model based on BP algorithm[6], which laid the foundation for deep learning algorithms for modern computer vision; in this wave of development, various models such as long short-term memory (LSTM) recurrent neural network ( RNN) appeared and is still a key component of various advanced applications of deep learning; Krizhevsky et al. proposed a deep CNN architecture, AlexNet[7], which made CNN the dominant framework for deep learning years later. With more attention and efforts from academia and industry, different types of deep neural networks have been proposed in recent years, such as VGGNet[8], ResNet, and Generative Adversarial Networks (GAN)[9], etc.
Many experiments have shown that even complex artificial neural networks trained on well-crafted datasets contain their prediction singularities, which is a notable problem with data-driven techniques, they have a risk of bias in the training data, therefore, artificial neural networks The network model is only the second most important component of deep learning, the basic element is the training data first. High-quality training data is paramount, which is often underestimated and underappreciated.
[bookmark: _Toc99623236]Optical response prediction of optical structures based on neural network
We can manipulate light in desired ways through rationally designed subwavelength structures, yet building complex optical structures remains a time-consuming process even for experienced researchers. Artificial neural networks allowing us to directly and quickly predict the optical response of optical structures, and even help us perform inverse design efficiently and accurately[10].
Artificial Neural Networks (ANNs) provide a new and powerful method for optical structure design [11-19]. Artificial neural networks can establish an implicit relationship between input (i.e. geometric or material parameters) and output (i.e. optical response), simulating nonlinear neural conduction processes in the human body. With the help of well-trained artificial neural networks, we can bypass complex and time-consuming design processes that rely heavily on numerical simulations and optimization. The function of most ANN models for optical structure design is twofold: forward prediction and reverse design. Forward prediction networks are used to determine the optical response of structures with specific geometric or material parameters, and it can be used as an alternative to full-wave simulations. Inversely engineered networks aim to efficiently retrieve optimal structures from a given optical response, which is often more important and challenging during the design process. A major advantage of the ANN model is speed. For example, it takes only a few milliseconds to generate spectra of meta-atoms from a well-trained forward prediction model, which is orders of magnitude faster than analog simulations [20-22]. At the same time, the accuracy of the artificial neural network model is comparable to that of a rigorous simulation. In addition, artificial neural networks can disentangle non-intuitive and non-unique relationships between physical structures and optical responses.
To improve the quality of the training dataset, some researchers try to increase the dimension of the training data in the generation of the initial training data[23]. Then we design an artificial neural network with a certain network structure, such as a fully connected layer (FCL) based neural network or a convolutional neural network (CNN). Next, feeding the training dataset into the network, we optimize the weights and biases of each node. Finally, a well-trained ANN can be used to predict responses for other input structures beyond the training and testing datasets.
· [bookmark: _Hlk98688218]Prediction based on fully connected neural network
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Figure 1. Neural network based on fully connected layer 
As shown in Figure 1, a fully connected layer-based neural network consists of an input layer, a hidden layer, and an output layer. Besides spectral prediction [24-25], ANNs based on fully connected layers are also used in reverse design to achieve other functions and benefit for practical applications [26-31].
Due to the data-driven nature of deep learning, the performance of well-trained artificial neural networks is highly dependent on the training set, and the prediction loss may increase as the input deviates from the training set. Therefore, the challenge of deep learning-assisted reverse engineering lies in extending the capabilities of artificial neural networks to datasets that are very different from the training data. Often, an entirely new training set needs to be generated for similar but different physical scenarios. In this case, reducing the need for computational data is an effective way to speed up the training of deep learning models. Y. Qu et al. proposed a transfer learning method for transferring knowledge in different physical scenarios [32].
· Prediction based on convolutional neural network 
In some cases we need to deal with complex optical responses as input. When the structure of interest contains many basic shapes [33][34] or free forms [35][36], the desired design and structure are often difficult to parameterize. Therefore, converting structures into 2D images is often a good approach in these studies, and it allows greater freedom in the design process.
If FCL based models are still used, preprocessing is required to process the image input, reshaping the image into a 1D vector and applying linear embeddings for feature extraction, such as principal component analysis and random projection, is to preprocess the image to match the input with FCL Compatible and efficient method. But the performance is usually unsatisfactory, because these transformations either destroy the correlation of the nearest pixels.
Convolutional Neural Networks (CNN) are great for handling this situation. 
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Figure 2 traditional CNN
CNN can effectively reduce the complexity of the feedback neural network (traditional neural network). Common CNN structures include LeNet-5, AlexNet, VGGNet, GoogleNet, ResNet, etc. For example, in the work published by I. Sajedian et al. in 2019, the authors combined a CNN with a recurrent neural network (RNN) to predict the absorption spectra of complex plasmonic structures in the near-infrared region[37]. CNNs help to extract features from images, while RNNs with gated recurrent unit layers are used for spectral prediction.

A neural network is often considered a "black box" because the relationship between the input and output learned by a neural network is often implicit. Artificial neural networks can bypass the complex design process and help us directly predict the optical response of optical structures or perform inverse design. In some published work, it is a good attempt at researchers to visualize the output of each individual layer to provide some information about what features (or functions) are learned by each layer. If we can further extract the relationship between optical structure and optical response explicitly from the trained neural network, it will be very helpful to find new structures such as H-shape, cross-shape, etc. Optics design provides new guidance.
In the past few decades, optical structure design and deep learning have developed as two separate research disciplines. In recent years, the intersection of these two disciplines has also brought exciting results. On the one hand, artificial neural network models provide a powerful tool for accelerating the process of optical design and implementation, and this new strategy discovers some non-intuitive structures and phenomena; on the other hand, optical structure[41] design is expected to lead to practical applications, such as optical imaging[39], holography[40], communication and information encryption technology[38]. Toward this goal, we need to incorporate practical manufacturing constraints and underlying material properties into the design space in order to globally optimize devices and systems.
[bookmark: _Toc99623237]METHOD：Prediction based on Convolutional Neural Network
The optical structures we study may contain many fundamental shapes or free forms, and such structures are often difficult to parameterize. Unlike structures of basic shapes, structures can be adequately represented by setting only a few geometric parameters. Therefore, it is generally a good idea to convert the structures we study here into 2D image representations.
We want to predict the optical response of the optical structure based on deep learning, that is, the process from the input optical structure image to the output response of the system. We can use the model based on convolutional neural network for the deep learning algorithm here.
Of course, the deep learning algorithm here can also use models based on fully connected neural networks, but in general, for image analysis performance, models based on convolutional neural networks are better than models based on fully connected neural networks. This has been proved by scholars' experiments on image processing and analysis. So based on this consideration, we use a model based on convolutional neural networks.
One part of the data set used for neural network training is 2D images of optical structures, and the other part is the optical response values ​​corresponding to these structures obtained in the simulation software. Using pre-made optical structure images and a dataset of corresponding optical response values, the model is trained so that the neural network learns the hidden correspondence between the structure image and the corresponding optical response. 
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Fig 3. Schematic diagram of model structure
After the model training is completed, we can test the model, input the optical structure image in the test data set, and the neural network can predict the optical response. By comparing the error between the predicted value and the real value, we can evaluate the performance of the neural network model. If If the performance is better, then the neural network model can help us predict the optical response of the optical structure, instead of the traditional method such as numerical full-wave simulation, and improve the speed of calculation.
[bookmark: _Toc99623238]RESULTS
One part of the data set used for neural network training is 2D images of optical structures, and the other part is the optical response values ​​corresponding to these structures obtained in the simulation software. The structural images in the dataset are free-form, and the image resolution is temporarily set to 32*32. The commercial mathematical software MATLAB can be used to randomly place several rectangles with random shapes on the canvas for image production; after obtaining the structural image, use the application The simulation of the optical response corresponding to the structure diagram is carried out with the numerical full-wave simulation software in optics. 10,000 sets of structural images and corresponding optical response data are tentatively produced, 8,000 sets of data are used for model training, and 2,000 sets of data are used for model testing.
In order to analyze and verify the effectiveness of our method, we need to visually monitor the training process of the model, and perform performance testing and instance verification on the test results.
When training the model with the training dataset data, the first thing we need to ensure is that the loss value (Loss) of the convolutional neural network model can converge, which can prove that the model can be trained to a stable state on these data. Second, we need to adjust the hyperparameters of the neural network model, such as the number of network layers, the size of the convolution kernel, the learning rate, and the number of neurons. Finally, when the model parameters are determined, the curve of the neural network loss function value changing with the number of training iterations needs to be drawn. Generally speaking, the loss function value gradually decreases and tends to a small stable value.
After the optical response prediction model based on convolutional neural network is trained, randomly select several structural samples in the test data set for optical response prediction, and compare and verify with the real optical response, and draw a table for example verification and model prediction effect proof.
[bookmark: _Toc99623239]EVALUATION
The picture below is the Project Planning Gantt chart, which can be used as a schedule to plan and monitor the progress of our work. 
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Fig 4. Project Planning Gantt Chart
We are full of hope for deep learning-based research on optical structure design strategies, but at the same time pay attention to the limitations of the designed problem-specific models.
On the one hand, optical structure design and deep learning have developed as two separate research disciplines in the past few decades, and in recent years, the intersection of these two disciplines has also brought exciting results. Neural network models provide a powerful tool for accelerating the optical design and implementation process, and this new strategy addresses some non-intuitive problems.
On the other hand, we need to pay attention to the limitations of our designed model, mainly due to the comprehensiveness of the produced dataset. If the training data is in an environment that reproduces real experimental conditions, compared to traditional physical model-driven or knowledge-driven approaches, comprehensive and promising to produce a better "data-driven" learning-based approach by applying different types of training datasets, A specific class of neural network models can be trained. But many experiments have shown that even complex artificial neural networks trained on the most carefully crafted datasets contain their risk of biased predictions. Whether our model can be transformed for different tasks to improve generalizability is still an open question. 
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