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Abstract: With the capacities of self-learning, acquainted capacities, high-speed looking for ideal arrangements, solid nonlinear fitting, and mapping self-assertively complex nonlinear relations, neural systems have made incredible advances and accomplished broad application over the final half-century. As one of the foremost conspicuous methods for fake insights, neural systems are growing toward high computational speed and moo control utilization. Due to the inborn impediments of electronic gadgets, it may be troublesome for electronic-implemented neural systems to make the strides these two exhibitions encourage. Optical neural systems can combine optoelectronic procedures and neural organization models to provide ways to break the bottleneck. This paper outlines optical neural networks of feedforward repetitive and spiking models to give a clearer picture of history, wildernesses, and future optical neural systems. The framework demonstrates neural systems in optic communication with the serial and parallel setup. The graphene-based laser structure for fiber optic communication is discussed. The comparison of different balance plans for photonic neural systems is made within the setting of hereditary calculation and molecule swarm optimization. In expansion, the execution comparison of routine photonic neural, time-domain with and without extending commotion is additionally expounded. The challenges and future patterns of optical neural systems on the growing scale and applications of in situ preparing nonlinear computing will hence be uncovered.
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1  Introduction

Artificial intelligence (AI) is one of the foremost dynamic subjects in computer science nowadays, with basic applications in an assortment of areas such as machine vision [1,2], independent driving [3,4], and target following [5,6]. Artificial neural network (ANN), as one of the foremost critical models of fake insights, is broadly utilized in different scenarios since of its great generalization capacity and strength. The fake neural organize creates the association structure between the neurons in each layer of the neural organize and sets up the association between the neurons in each layer of the neural organize by imitating the structure of the apprehensive framework. A Integrated Circuit (IC) chip is the equipment carrier for preparing and testing today’s standard neural organize models, and conventional neural systems can run on CPUs, GPUs, Field programmable gate array (FPGA), Application specific integrated circuit (ASIC). Notwithstanding anything, the IC chip is chosen as the carrier, and the von Neumann structure will part the program and information spaces, coming about in an impressive sum of tidal information stack between the memory and the computing unit [6]. Frequent reading and writing of tidal data reduces the calculation speed and increases the energy consumption of a single calculation. Researchers mainly use two schemes of integrated enhancement and in-memory computing [6] to improve computational efficiency. But they also face challenges: On the one hand, it is unsustainable to continuously reduce the size of the transistor to improve the computation speed, and the gradual reduction of the transistor size will lead to significant quantum effects, making it difficult to improve the efficiency of the transistor [7]. On the other hand, the in-memory computing solution will face the problem of large-scale transformation of the current neural network architecture, thereby reducing the portability and compatibility of the neural network algorithms. adaptation to in-memory computing [6]. Some researchers have also used frequency domain computation schemes [8] to improve computational efficiency but also failed to eliminate problems caused by reading and writing tidal data.

In addition, higher and higher computing speeds and larger and larger neural network scales put higher requirements on the frequency response of integrated circuits, thus increasing the difficulty of chip manufacturing.

Photons are used as the basic carrier for information transmission and processing in optical (electronic) technologies. Optical (electronic) electronic technology has been employed in communication [9,10], imaging [11], radar [12], and signal processing because of its benefits of huge bandwidth, low loss, and high transfer of information compared to traditional electronic technology. Combining this technology with traditional neural network models can give full play to the unique advantages of optical (electronic) technology and is expected to break through the technical bottlenecks such as long delay and high power consumption of traditional electrical neural networks. First of all, the photonic neural network adopts the structure of storage and computing, which avoids the tidal data reading and writing problem existing in the electrical neural network, so that it can effectively reduce the computing delay while improving the computing speed [13]. Secondly, the link loss of the photonic neural network connection is low, which can effectively improve power efficiency. Compared with traditional electrical devices, optical devices have larger bandwidths and shorter response times, so they are more suitable for high-speed real-time computing of neural networks [14]. In addition, for automatic driving, image processing, and other front-end applications of optical sensing, the photonic neural network can directly process information at the physical layer, thereby avoiding the delay, power consumption, and signal-to-noise ratio degradation introduced by photoelectric conversion.

In [15], the authors described a thorough overview of the dynamical studies of multidimensional Fractional order neural network (FONNs) in continuous and discontinuous time, including Hopfield NNs (HNNs), Cohen-Grossberg NNs, and bidirectional associative memory NNs. Comparable models are also taken into consideration in real, complex, quaternion, and octonion fields. In [16], the major goal is to use a distributed event-triggered impulsive control system to synchronize several inertial signed neural networks with different time delays, with connections between neighboring nodes of the neural networks being either positive or negative. Reference [17] examined a fractional-order octonion-valued neuralnetwork’s hopf bifurcation with time delays. All of the parameters in this model would be part of the normed division algebra of octonions. The fractional-order octonion-valued neural networks may be divided into four-dimensional real-valued neural networks due to the octonion’s non-commutativity.

At present, the research of photonic neural network technology includes three typical structures: feedforward neural networks, recurrent neural networks (reservoir calculation), and spiking neural networks. At the same time, the photonic neural network is also developing in the direction of real-time training, large-scale, and application fields. This article reviews the development of photonic neural networks, expound on the staged progress made so far, and reveal future development trends and challenges.

2  Research Status of Optical Neural Networks

2.1 Feedforward Neural Network

The main feature of the feedforward neural network is that the information between the layers of the network is transmitted in one-direction from the input layer to the output layer. The network generally includes two types of structures, the fully connected neural network, and the convolutional neural network. The matrix operation in the sub-feedforward neural network relies on the triangular decomposition algorithm [18]. The triangular decomposition algorithm deploys the unity of the transmission matrix of passive and lossless devices, and it indicates that the triangular network built by the beam splitter and the phase shifter can realize unitary matrices with arbitrary parameters and scales. In 2016, the authors in [19] used a decomposition algorithm to design an integrated chip based on the Mach-Zehnder interferometer (MZI) realize any 4 × 4 unitary matrices. In the same year, the authors in [20] carried out the optimization design based on the scheme of [18] and proposed a rectangular decomposition scheme. Combined with the singular value decomposition theory, that is, any matrix is demposed into the product of two unitary matrices and a diagonal matrix, and the Mach-Zehnder interferometer (unitary matrix) and variable attenuator (diagonal matrix) can realize any matrix. In 2017, reference [21] successfully developed the world’s first computing unit chip based on the above ideas. They first used the chip to realize linear operation and then combined the nonlinear activation function of the electrical domain simulation to construct a fully connected neural network.

Fig. 1a shows the schematic diagram of the integrated optical interference unit (OIU). The number of input and output ports on the chip is four. The red structure inside the chip learn the unitary matrix, and the blue realizes the pairing. Using the chip twice can realize the linear operation of a layer of a fully connected neural network. The nonlinear operations is performed in the fully connected neural network by computer simulation of the transmission characteristics curve of the saturable absorber. They used the integrated photon interference computing unit to build a fully connected neural network model with a single hidden layer and realize the classification of four vowels. When used, the vowel signals to be recognized are modulated on the optical pulse and determine the intermediate result through the chip (the product of modulation signal with the unitary matrix and the diagonal matrix). The intermediate result is converted into an electrical signal, modulated on the optical pulse, and passed through the chip again to perform linear operation. The nonlinear activation function of computer simulation obtains the output. The fully connected network operation undergo by repeating the above procedure. The accuracy rate of vowel recognition can reach 76.7%, and the recognized confusion matrix illustrated in Fig. 1b.
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Figure 1: Optical neural network illustration. (a) Interference block, (b) recognition matrices

According to [21], the photon-fully connected neural network built by the photon interference computing unit has the following advantages: 1) The chip uses optical (electronic) technology to directly map the weight matrix of each layer to the MZI phase, thereby avoiding the tidal data load problem faced by traditional electrical neural networks; 2) In the future, with the help of phase change materials (PCM), the computing speed of the chip is only limited by the chip size, the spectral width of the dispersion module, and the performance of the photodetector (PD), which makes the chip more suitable for high-speed and low-power applications. Neural network operations; 3) The computing delay of the chip will be significantly lower than that of the traditional electrical neural network.

In order to create a more complicated convolutional neural network structure, reference [22] suggested utilizing the device to calculate image convolution segmentally via time division multiplexing in 2018. A model for a convolutional neural network is established to recognize colored numerals. The delay line structure at the input end of the integrated photon interference calculation unit illustrated in Fig. 2a. The multiplication and accumulation computation of the convolution kernels at various points and the accompanying feature maps are accomplished by including a delay line structure in front of the chip’s input port. First, the input image cut into three stacked slices according to RGB and divided into blocks according to the size of the convolution kernel. Then, each segmented sub-image combined with the convolution kernel of the same size. They are elongated together into a vector and input into the optical interference chip. Next, inject the encoded vector into the configured optical interference module to realize the convolution operation. Finally, the result is subject to nonlinear processing, and after processing, a pixel in the output pattern is obtained. Repeating the above can get a layer of convolutional neural network output. The time division multiplexing method used in this work can realize image convolution, and the simple, fully connected neural network that can only perform quaternion classification to the convolutional neural network that can recognize the color image. The advantages of low power consumption and high computing speed results in improved complexity.
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Figure 2: Optical CNN architecture. (a) Delay line, (b) chart for logic and timing

2.2 Storage and Pool Computing in Recurrent Neural Network

Different from the feedforward neural network, the information between the layers of the recurrent neural network (RNN) (also known as storage pool computing) not only transmits one way but also has connections between nodes and backward feedback connections [23–25]. As shown in Fig. 3a, the recurrent neural network is composed of an input layer, an intermediate layer (also known as a storage pool), and an output layer. In addition to the feedforward connections Win and Wout between the layers, there is also a storage pool. During training, only training Wout can make the entire network achieve the corresponding function. The first is to employ the parallel structure seen in Fig. 3a, in which each recurrent neural network node is comprised of an optoelectronic device. The advantage of this scheme is that it is more intuitive, and thanks to parallel computing, the calculation speed is faster. In 2011, reference [26] used the gain saturation effect and dynamic relaxation characteristics of the semiconductor optical amplifier (SOA) to construct the nonlinear connection and feedback of the recurrent neural network storage pool, respectively. In 2016, reference [27] also used a parallel structure for the recurrent neural network built using spatial optics. However, the parallel system has problems such as poor robustness, difficult scale expansion, and high cost. To solve this problem, the second scheme, namely the serial structure shown in Fig. 3b, is proposed. In this structure, many original nodes in the storage pool are implemented by a single nonlinear node in a delayed manner.
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Figure 3: RNN architecture. (a) Parallel, (b) serial

In 2012, reference [28] took the lead in realizing an optoelectronic hybrid serial RNN using an optoelectronic hybrid system, as shown in Fig. 4a. The middle storage cell consists of a variable optical attenuator, delay loop, feedback photodiode, mixer, amplifier, and a Mach-Zehnder modulator. The photodiode turns the system’s output into an electrical signal, which it then reads. The system can distinguish between square and sine waves by training and adjusting the output weights. As shown in Fig. 4b, the quantized sine waves and square waves are serially input into the system and processed by the RNN, the system will serially output the classification results shown in the lower part of Fig. 4b, where 0 represents a sine wave signal, and 1 denote a square wave signal. In addition, the system can also realize functions such as nonlinear channel equalization and digital speech recognition.
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Figure 4: Optoelectronic RNN. (a) Architecture, (b) classification signals

In the same year, reference [29] utilized super-luminescent light-emitting diodes, modulators, arbitrary waveform generators, optical bandpass filters, optically tunable attenuators, beam splitters, isolators, semiconductor optical amplifiers, delay lines, photodiodes. In recent years, some progress has made in achieving the delay function in the serial neural network based on micro-ring, multi-mode interference, and other devices, in addition to directly employing the delay line to acquire the delay function [30]. The RNNs also try to use multi-level or more complex time-division multiplexing to improve the operation speed.

2.3 Spiking Neural Network

Spiking neural networks (SNNs) are also known as the third generation of artificial neural networks (ANNs) [31]. The simulated neurons of the SNN are closer to the biological neuron model than the feedforward neural network and the RNN. Furthermore, in every iteration of propagation, the neurons in the spiking neural network are inactive. It is triggered when its membrane potential exceeds a certain threshold. When a neuron is activated, it transmits a signal to other neurons, which causes the membrane potential of the neurons in its cascade to rise or fall. The current activation level of a neuron in a spiking neural network treated as some form of a differential equation, and its current activation level will spike following the arrival of a stimulus pulse, continue for a length of time, and then gradually fall. Spiking neural networks help in spatiotemporal data processing. The neurons in a spiking neural network structure are only connected to nearby neurons and process the input blocks separately, which improves spatial information processing capacities. However, because the training work on pulse time interval information, the information lost in the binary encoding may be re-acquired in the time information of the pulse, boosting the processing capabilities of the time information. Spiking neurons are more powerful computer units than conventional artificial neurons, has vital role in the future. Because of difficulties with the spiking neural network’s training process and hardware implementation, is not been deployed, and most spiking neural network research focus on theoretical study and fundamental structure verification. On the other hand, many researchers are presently concentrating on spiking neural network training approaches and hardware (optical) implementations.

In reference [32], a pulse processing system based on an activated graphene fiber laser was proposed, as shown in Fig. 5. The device consists principally of erbium-doped fiber (gain portion) and a graphene saturable absorber (loss part), with a pump source of 980 nm and a 1480 nm laser transmitting a pulsed stimulation signal to excite the system and create leaky integrate-and-fire (LIF-like) pulsed nerve responses.
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Figure 5: Structure of fiber laser based on graphene

Reference [33] proposed a neuromorphic photonic integrated circuit based on a distributed feedback (DFB) laser topology. The integrated photonic neuron shown in Fig. 6a, the response of each DFB unit to the stimulus shown in Fig. 6b.
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Figure 6: DFB architecture. (a) Neural circuit, (b) response signals

The research team also considered other options for developing programmable and cascadable photonic neural networks, such as cascading research, a broadcast-and-weight network prototype [34], and a coherent optical system. This network prototype is one of them, as it is a network design presented by researchers that may allow the parallel connectivity of large-scale photonic spiking neurons.

The supervised learning method train the spiked neural networks. 1) The SpikeProp [35] algorithm, which is based on gradient descent and is suitable for multi-layer feedforward spiking neural networks; 2) The Tempotron algorithm [36], which adjusts the weights based on the difference between the output pulse sequence and the expected sequence output by neurons in the output layer. The training step determine the actual output neuron membrane potential change to match the predicted value. However, the neurons in this method do not have that capability; 3) Learning algorithms based on spike-timing-dependent plasticity (STDP), such as the Hebbian learning algorithm [37]; 4) Algorithms for remote supervised learning, such as the ReSuMe algorithm [38]; 5) The supervised learning architecture and network (SPAN) algorithm, for example, supervised learning technique based on pulse sequence convolution [39] and the power spectral density (PSD) algorithm [40].

3  Development Trend

As the intersection of artificial intelligence and optical (electronic) technology, ONN combine both benefits. Whether a feedforward neural network, a recurrent neural network, or a spiking neural network, optoelectronic devices can improve computing speed and reduce power consumption to a certain extent. Photonic neural networks still have problems as real-time training, difficulty in realizing nonlinear operations, and limited neural network scale and application. These problems not only severely restrict the development of photonic neural networks, but also limit their industrialization.

3.1 Real-Time Training Algorithm

The training problem of photonic neural networks, especially the feedforward network, is the limiting factor for expanding the application of photonic neural networks. Since photons cannot stored like electrons, the state of photons cannot directly stored; so, the back-propagation algorithm widely used in the training of electrical neural networks is difficult to transplant the training of photonic neural networks. A solution to this issue was initially put up by reference [41] in 2018, and the algorithm flow is depicted in Fig. 7. The optical field distribution and phase distribution of the phase shifter can store and gradient value can be obtained. The phase configuration in the following iteration can then be calculated, allowing the chip’s overall performance to gradually converge to a better result. It trained a neural network with two optical interference computing units (OIUs) on-chip to implement exclusive OR (XOR) logic using simulation to verify the effectiveness of the algorithm.
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Figure 7: PNN training scheme of in situ

In the future, the algorithm can be further extended and transplanted into a larger-scale photonic neural network chip, and the chip can gradually converge to the optimal configuration through on-chip training, to complete specific functions.

At present, the training methods of photonic neural networks (PNNs) are mainly the back-propagation (BP) algorithm and stochastic gradient descent (SGD) algorithm. However, BP and SGD training strategies are difficult to implement on integrated optical chips, so most photonic neural networks need to be pre-trained by digital computers to obtain weights. Due to the restricted precision of the model representation, this training technique is not only inefficient, but it also loses its benefits in terms of speed and power consumption.

To learn hyperparameters in photonic neural networks and train them, reference [42] developed an effective training technique based on a neuroevolution approach employing genetic algorithms (GA) and particle swarm optimization (PSO). For performance evaluation, the trained photonic neural network is employed to complete the classification job, and the calculations reveal that its accuracy and stability are sufficient to compete with classical learning techniques. To verify the effectiveness of the algorithm, reference [43] realized the online training of the optical neural network on the Iris dataset and the Wine dataset, respectively, through simulation. It also used the photonic neural network to realize the classification of the modulation format of the communication signal, which was usually realized by the electrical neural network [44]. Figs. 8a and 8b show the classification effect of the above three types of data sets with the number of training times.
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Figure 8: Comparison of various schemes. (a) Using genetic algorithm, (b) using PSO

3.2 Nonlinear Operations

Nonlinear operations have become another bottleneck in the development of photonic neural networks because it is more difficult to produce nonlinear functions in optoelectronic devices than in electrical devices, and the nonlinear functions achieved have numerous non-ideal properties. However, the nonlinear function in the neural network may increase the network’s convergence speed and enhance recognition accuracy, making it an essential component of the network. At present, the implementation of nonlinear operations in photonic neural networks mainly uses saturable absorbers or circuit simulation, but some of these methods are difficult to control accurately, and some also require the translation of optical impulses into electrical signals via photodiodes, which slows down calculating speed.

At present, the most studied all-optical nonlinear computing element is the saturable absorber. The principle of using the saturable absorber as the nonlinear operation element is to use the transmission characteristic curve of the saturable absorber as the activation function in the neural network. As the peak light intensity of the incident pulse increases, the absorption coefficient of the saturable absorber gradually decreases, which increases the light transmittance. In [45], the authors obtained the transmission characteristic curve of the saturable absorber through simulation. This curve can be used to approximate and simulate widely used nonlinear functions in neural networks. After the Seldon model was proposed, researchers further studied the nonlinear characteristics of saturable absorbers and tried to apply them to the nonlinear part of feedforward and recurrent neuralnetworks [46,47].

In 2019, reference [48] proposed an optoelectronic hybrid controllable nonlinear operation module, the basic structure of which is shown in Fig. 9a. The module consists of a directional coupler delay line, MZI, photodiode, amplifier, bias voltage source, and electrical transmission module. The input optical signal carrying the linear calculation results is divided into two paths by a directional coupler; one path is transmitted to the input arm of the MZI through a delay line, and the other path is converted into an electrical signal through a photodiode, which is processed and biased in the electrical domain. The voltages together control the phase of the phase shifter on the MZI, and the final interference result is output from one arm of the MZI. As shown in Fig. 9b, the nonlinear function can be changed by adjusting the voltage of the phase shifter, thereby realizing the reconfigurability of the nonlinear module.
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Figure 9: MZI architecture. (a) Nonlinear module, (b) nonlinear functions

In addition to the two systems mentioned above, reference [49] suggested a light-controlled phase-change memory (PCM) scheme and utilized it to implement photonic neurons’ nonlinear transformation. PCM which is regulated by working state light. The operating condition of the material is between crystalline and amorphous and is controlled by the optical power input. When the input optical power is less than the threshold power, as shown in Fig. 10, and a significant amount of optical light is absorbed, the PCM is in a crystal state. When the input optical power surpasses the threshold power, the PCM enters an amorphous state, enabling the bulk of the optical power to pass through. The optical permeability of the material may be adjusted in response to the input optical power as a consequence of integrating the material into the optical transmission medium, accomplishing the function of the photonic neural network’s nonlinear activation function.

[image: images]

Figure 10: Comparison of normalized transmission and pulse energy phase-change memory method

Two-dimensional graphene materials are also expected to be used to realize optical activation functions [50–53]. Compared with traditional saturable absorbers, graphene has the characteristics of a low threshold, easy excitation, and rich nonlinear effects. At present, research on optical nonlinear materials and devices is underway [54,55], and the research goals focus on four aspects: low threshold, reconfigurability, easy integration, and fast response.

3.3 Scaling of Photonic Neural Networks

The scale of the photonic neural network is another difficult problem to solve. On the one hand, large-scale neural networks are beneficial to realize more complex functions; on the other hand, the unstable and difficult fine-tuning characteristics of photonic devices make it difficult to expand the scale of neural networks. To solve this problem, reference [56] proposed a diffraction-based photonic deep neural network (D2NN) structure in 2018, which not only realized the classification function of handwritten digits and fashion datasets but also improved the spatial imaging resolution. Fig. 11a depicts the structure of the diffraction-based photonic DNN. The photonic deep neural network realizes linear operation based on the Huygens principle and uses light diffraction superposition. The principle realizes the connection between two adjacent layers of neurons. When in use, coherent light is incident on the “phase modulation” plate in parallel. Each pixel block on the “phase modulation” board is equivalent to a neuron, and the pixel blocks in different positions communicate with each other. By changing the thickness, the phase difference when the light passes through is changed, so that there are different weights between different nodes. After such a series of transmissions, the output of the deep neural network can be obtained by counting the received results of the PD placed at a specific position. Since the “phase modulation” plate has hundreds of pixels, the neural network with this structure is adopted. The number of nodes in each layer can be expanded to several hundred. Fig. 11b depicts the improvement of spatial imaging resolution.
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Figure 11: Diffraction-based photonic deep neural network. (a) Architecture, (b) improvement of images

Time may be traded for space to grow the dimension of the photonic neural network, and the size of the neural network can be expanded serially without lowering operating speed. Reference [57] proposed a time domain stretching-based serial PNN which is shown in Fig. 12. The broad-spectrum pulse output from the laser is dispersion broadened and spectrally shaped by the large-dispersion module, and the subsequent modulator modulates the input and configuration of each layer onto the optical pulse, respectively. After passing through the dispersion compression module and the photodiode, the energy of the optical pulse carrying the information is compressed and accumulated, and finally, the calculation result of vector multiplication and addition is obtained. The optoelectronic hybrid, fully connected neural network is realized using a parallel-to-serial strategy in this method. Using this scheme, a large-scale neural network can be realized. Theoretically, the number of neural network nodes that can be simulated by a single stretched optical pulse depends on the width of the stretched optical pulse and the maximum simulated bandwidth of the arbitrary waveform generator. Using this structure, a neural network with three layers, each containing 400, 23, and 10 neurons, was verified by the simulation to realize the function of handwritten digit recognition. Figs. 13a–13c show the confusion matrix of the traditional electrical neural network structure in the case of no noise and with noise, and the recognition accuracy is 94%, 89%, and 88%, respectively.
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Figure 12: Architecture of time-domain stretching
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Figure 13: Comparison of matrices of neural networks. (a) Traditional NN, (b) time-domain stretching without noise, (c) time-domain stretching with noise

3.4 Practical Applications

Another trend in the development of photonic neural networks is practicality. However, limited by the scale and complexity of existing photonic neural networks, the practical application of photonic neural networks still needs a long development time. In the field of communication and data processing, to fulfill the equalization function of the communication channel, reference [28] used a hybrid RNN based on an optical fiber system. In addition, thanks to the advantages of recurrent neural networks in the regression analysis of time series signals, optical storage pool computing have been initially applied in financial sequence forecasting and sequential signal processing. In the field of optical communication, the authors implemented a binary optical coherent receiver by using an optoelectronic hybrid network and realized the recovery of the modulated signal at the transmitter [58]. Its structure is shown in Fig. 14a. After being input from the input layer, the optical signal modulated by quadrature phase shift keying (QPSK) is processed by a binary all-optical neural network, followed by a photodiode and an analog-to-digital converter. It is converted into an electrical signal, and finally, the original modulated signal is restored by an electrical artificial neural network. It proposed two structures to achieve binary weight mapping in the optical domain for single-polarization and polarization multiplexing systems, respectively, as shown in Figs. 14b–14c. The balanced photodiode realizes the linear computing unit of the binary neural network. The activation function of the binary neural network is realized by using a balanced photodiode and an analog-to-digital converter (ADC) with a 1-bit vertical resolution. The electrical signal passing through the balanced photodiode and ADC is processed by the electrical neural network, and finally, the transmission signal can be realized.
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Figure 14: Illustrations of binary NN. (a) Architecture, (b) single polarization mapping, (c) multiplexing polarization mapping

It can be seen from the simulation that the optoelectronic hybrid binary neural network realizes a 50 Gb/s single-polarization SP-QPSK signal receiver and a 100 GB/s polarization multiplexing QPSK signal receiver, respectively. According to the laser linewidth (0, 100 Hz) and the realization method (traditional receiver, optoelectronic hybrid binary neural network), the bit error rate (BER)-optical signal as shown in Figs. 15a and 15b is obtained. The simulation results show that the binary coherent receiver can be used in coherent optical communication systems, and the neural network calculation in the optical domain can relieve the signal processing pressure in the electrical domain, reduce the power consumption of the overall optical receiver, and improve the signal processing speed of the optical receiver. In addition, the binary neural network can greatly reduce the requirement for the number of quantization bits of the analog-to-digital converter, so that only the analog-to-digital converter with 1-bit quantization can realize the recovery of complex debugging format signals, which greatly reduces the optical receiver.
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Figure 15: Comparison of algorithms’ bit-error rate. (a) QPSK with single polarization, (b) QPSK with multiplexed polarization

4  Conclusion

This paper provides a comparative performance evaluation of various models for optical neural networks. Photonic neural networks, being a transdisciplinary result of optical (electrical) technology and artificial intelligence technology, may use the benefits of both to build a high-speed, low-power network structure that avoids the bottleneck that plagues traditional electronic neural networks. Benefiting from the maturity and development of optoelectronic device manufacturing technology, especially the development of integrated optoelectronic technology, photonic neural network technology has made breakthroughs in the construction of feedforward, recurrent, and spiking neural networks using optoelectronic devices. However, the photonic neural network still has a lot of potential for growth in terms of trainability, integration, size, and practicality when compared to the recently existing electronic neural network. On the one hand, the non-ideal and unstable performance of optoelectronic devices hinders the trainability, integration, and scalability of photonic neural networks, requiring stricter requirements for developing neural network models with increasingly complicated functionalities. In the application field, however, the photonic neural network is likewise constrained by the aforementioned effects, making it impossible to fully use its advantages in certain domains. Although various solutions have been presented in recent years, how to break through the photonic neural network barrier from the root still requires in-depth thought and study. It is expected that, in the not-too-distant future, the photonic neural network will be able to overcome these challenges, better exploit the advantages of high speed and low power consumption brought by optoelectronic and artificial intelligence technology, and better build a green and intelligent world.
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