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Abstract The emerging intelligence technologies represented by deep learning have broadened their appli-

cations to various fields. Beyond the conventional electronics-based processing systems, the convergence of

photonics and artificial intelligence (AI) technology enhances the performance and learning ability of AI. In

this review, we propose the concept of an intelligent photonic system (IPS), illustrating it as a developing

architecture with three different versions. For each version of IPS, we review several representative studies.

Moreover we discuss the challenges towards an IPS and provide some prospects for the future development.
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1 Introduction

Photonics is potential to break through the electronic bottlenecks due to the advantages of broad band-

width, high-speed operation, immunity to electromagnetic interference, and low crosstalk. Representative

applications range from the optical communications [1], microwave photonics (MWP) [2], optical imag-

ing [3], to optical sensing [4]. As the development of conventional systems, the performance bottleneck

gradually emerges. For example, in microwave photonics systems, the performance degrades with the

increasing of complexity. Because the imperfections of opto-electronic devices cause mismatches between

parallel channels [5]. Additionally, conventional photonic system is often designed for a specific appli-

cation with relatively low flexibility. In an early stage, photonic processors that realize switchable and

programmable functions are attractive to researchers [6–13]. Now, the photonic systems demand not only

for the improvement of performance but also for enough flexibility to conduct intelligent tasks.

Highlighted by AlphaGo [14, 15], artificial intelligence (AI) powered by deep learning and artificial

neural networks (ANN) is booming. AI brings innovations and revolutions to various areas such as

medicine [16], human-computer interaction [17], gaming [18], robotics [19] and autonomous driving [20].

Researchers in different fields attempt to take advantage of AI to enable intelligent systems. Currently,

AI has been introduced into optics and photonics for novel applications. The AI-powered systems show

impressive performance and robustness compared with traditional optimization methods. Most impor-

tantly, AI potentially reduces the cost and required manual efforts of the conventional systems in practical

scenarios.

*Corresponding author (email: wzou@sjtu.edu.cn)

http://crossmark.crossref.org/dialog/?doi=10.1007/s11432-020-2863-y&domain=pdf&date_stamp=2020-5-9
https://doi.org/10.1007/s11432-020-2863-y
info.scichina.com
link.springer.com
https://doi.org/10.1007/s11432-020-2863-y
https://doi.org/10.1007/s11432-020-2863-y


Zou W W, et al. Sci China Inf Sci June 2020 Vol. 63 160401:2

Predictably, an intelligent photonic system (IPS) that fits for the future applications in complex envi-

ronments is highly appealing. In this review, we put forward the concept of an IPS. The characteristics

of an IPS in different versions are described. To demonstrate the features of different versions of IPS,

recent progresses of IPS architectures and components are reviewed. Moreover, prospects and conclusion

are provided for the future IPS development.

2 Concept of IPS

With the development of photonics and the intelligent technology, an IPS evolves from artificial intelli-

gence to neuromorphic intelligence for broad-generality and high-efficiency. We propose the hierarchy of

the IPS concept as illustrated in Figure 1, including AI-powered IPS, IPS with photonics-facilitated AI,

and neuromorphic IPS. The AI-powered IPS aims to combine AI with existed photonic/optical systems

for intelligent information analysis and evaluation. To fully release the potential of AI, the IPS with

photonics-facilitated AI focuses on the computing accelerator with high speed and low power consump-

tion. Inspired from the brain, the neuromorphic IPS features adaptation and decision-making abilities.

In this section, we discuss the detailed IPS configurations and methods of different versions of IPS.

In the original stage, we try to bring in the deep-learning-based AI technology to optimize the photonic

systems, which are aptly termed as AI-powered IPS. As presented by Figure 1 (upper inset), the IPS

consists of the analog broadband frontend and the digital intelligent backend. The former includes a laser

source, an optical modulator, an optical signal processor, and a photodetector. At first, an input radio-

frequency (RF) signal is converted to the optical domain through an optical modulator. Subsequently, the

modulated optical signal is processed by an optical signal processor. Various processing functions, such as

the filtering and frequency conversion, are provided by the study of MWP signal processing [21]. After the

optical signal processing, the signal transforms to the electrical digital domain by a photodetector and an

analog-to-digital converter (ADC). In practical hardware implementations, imperfections of the frontend

introduce problems of noise accumulation, nonlinearity, and mismatches among parallel channels [22].

As the frontend becomes more complex for high-level processing, the signal-to-noise ratio (SNR) severely

degrades. Optimization methods are proposed to improve the SNR by either hardware or software [23,24],

which would suffer severe limitations in practical applications due to low flexibility and costly auxiliary

hardware.

AI is a promising candidate as a flexible scheme to improve the performance of the frontend. Deep

learning with ANN excels in establishing a complex mapping relationship, which is between the refer-

ence signal (ideal) and the output signal (non-ideal). Depicted in the schematic, fully-connected neural

networks, recurrent neural networks, and convolutional neural networks (CNN) are the frequently-used

network models to set up the ANN architecture. Once the network is trained, the output signal of the

frontend with different bandwidths and amplitudes can be optimized with low-cost. Thus, the AI-powered

IPS is capable of processing RF signals with enhanced performance than conventional photonic system.

The general procedures of developing an AI-powered IPS are summarized. Firstly, obtain the training

set and the testing set. The training set consists of the output signal and the corresponding reference

signal. Secondly, train the network. In general, the training effect improves with the size of the training

set. Finally, test the network. If the network has learnt the features of the mapping between the output

signal and the reference signal, it will optimize the test signals effectively even though they are presented

for the first time. It is noted that the network architecture, size, and parameters should be reasonably

defined to maximize the potential of AI. Hence, it is necessary to carefully match the characteristics of

the frontend and the backend.

In the second stage (middle inset in Figure 1), IPS with photonics-facilitated AI, we endeavor to get

rid of the constraint imposed by the traditional electronic computing paradigm. The key factors of the

deep-learning-based AI are data, algorithms, and computing power. As the scale of the ANN expands for

more complex tasks, the increasing computational operations (e.g., multiply and accumulation, MAC)

become a burden to the present central processing unit (CPU). Firstly, the power consumption reaches a
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Figure 1 (Color online) The hierarchy of the IPS concept. DEC: digital electronic circuit.

considerably high level. The expense on electrical power to run a large-scale network may be thousands

of dollars [25]. Secondly, the computing speed with electronic hardware prevents potential applications

that require real-time decision-making ability. Even though deep-learning-specific computing units (e.g.,

tensor processing units, TPU) gradually replace the CPU to run the ANN, the speed is still limited.

Besides, the anticipated end of the Moore’s law is approaching [26], which calls for the innovation on the

computing framework.

For the computation-intensive AI, photonics is an exciting computing framework owing to its high

speed and high energy efficiency. The optical artificial neural network (OANN) is one of the candidates

as the optical computing accelerator. Combining the optical implementation with the ANN architecture,

the OANN is expected to greatly improve the operation speed and efficiency of AI. Therefore, the IPS

that benefits from the OANN can be applied in potential real-time scenarios. Besides the fully-connected

neural network, the implementation of CNN promotes the practicability of the OANN for its outstanding

feature extraction ability. At the same time, the necessary nonlinear activation function in ANN can be

realized by the rich electro-optical or optical nonlinear effects [27], thus enabling a complete and efficient

OANN. As a result, the OANN has the potential to revolutionize the AI computing framework.

Go a further step, the optical biological neural network (OBNN) that adopts the communication and

computing principle of the brain is another candidate as the optical computing accelerator with ultra-low

power consumption. The brain based on the biological neural network requires only 20 W power to carry

out different processing tasks [28]. On the contrary, ANN is a data-driven model with the large power

consumption during the training. The hunger for power of an IPS will prevent itself from some flexible

applications, such as the mobile scenarios. Fortunately, the solution provided by the biological neural

network shows a neat expression of information — the spike [29]. A spike represents the emergence of an

event which carries the information in the timing instead of in the shape. The study in computational

neuroscience proves that spiking is an efficient and complete format of information [30]. Due to the

high-speed pulse and high energy efficiency, the optical methods for realizing a biological neural network

offer an opportunity toward a low-power-consumption computing framework, as shown in Figure 1 (the

middle inset). Meanwhile, compared with the electronic counterpart [31–33], the tradeoff between the

bandwidth and the connection density of a node (i.e., a neuron) highlights the large bandwidth and low

crosstalk of photonics. Consequently, the OBNN is expected to make the IPS employed in a wide range

of processing applications.

The IPS approaches a final stage of a neuromorphic IPS, which is a “photonic brain” equipped with

powerful sensing and processing functions. The brain is the most complicated but intriguing information



Zou W W, et al. Sci China Inf Sci June 2020 Vol. 63 160401:4

Figure 2 (Color online) The architecture of an AI-powered IPS.

processing system in nature. The features of the brain include learning from the experience, adapting

to the environment, inferring from the situation, and consuming ultra-low power. Naturally, the brain is

a paradigm for the robust and intelligent processing system. Therefore, a lot of researchers attempt to

develop a system with brain-like decision-making ability and learning ability as intelligent robotics [34].

The characteristics of the neuromorphic IPS are presented in Figure 1 (the lower inset). First, the

neuromorphic IPS shows adaptability to the environment. In different environments, the input signal is

influenced naturally (e.g., temperature) or artificially (e.g., inference signal), which leads to a challenge

to correctly understand the state of the input signal by the neuromorphic IPS. To find out the meaning

behind the state of the signal is critical for the following processing strategy. Hence, the multi-dimensional

evaluation of the input signal by various “sensors” should be implemented. Second, a processing strategy

is made by the “brain” of the neuromorphic IPS. In this procedure, the core is to realize the processing

target in a simplest way according to the input signal. Ideally, the neuromorphic IPS establishes the

processing target by itself after a period of learning, such as the correction of the distortions or the

disguise of the input signal. Based on a specific target, the neuromorphic IPS “thinks of” the optimized

strategy to process the input signal. Third, guided by the processing strategy, the neuromorphic IPS

selects the necessary modules among its processing library. Notably, the key is to decompose the strategy

and combine the modules into an integrated function. The neuromorphic IPS is expected to achieve

coordination between the modules instead of simply summing them up. Fourth, the neuromorphic IPS

learns from the output results, from which the experience is generated. An efficient learning module

recognizes the errors in current output results and makes a correction to the processing strategy. Even

though the neuromorphic IPS on the early stage makes imperfect strategies, the learning ability enables

itself to be more and more intelligent with the accumulation of experience. Therefore, the neuromorphic

IPS with the photonics-enabling broadband processing ability and the brain-like intelligent learning and

decision-making ability would greatly benefit the future information processing system.

3 Studies in IPS architectures and components

In recent years, we have witnessed a surging that researchers solve practical problems of the systems with

AI and develop optical accelerators for AI computing. According to three parts of the AI-powered IPS,

OANN, and OBNN, representative advances of IPS architectures and components, as well as our efforts,

will be reviewed in this section.

3.1 AI-powered IPS

The canonical architecture of an AI-powered IPS is shown in Figure 2. A variety of photonic/optical

systems are possible solutions for the frontend, such as optical imaging systems, and wideband signal

analyzers. The specifically-designed ANN is trained to analyze and process the original output of the

frontend, thus supporting an AI-powered IPS.

Leading by the success of AI in image processing, a trend of combing AI with optical imaging is

emerging [35]. In [36], the deep learning microscopy enables higher spatial resolution with an input
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(a)

(b)

(c)

Figure 3 (Color online) (a) The training process of the DNN for microscopic imaging; (b) after training, the output

of the DNN shows improved performance [36] @Copyright 2017 The Optical Society; (c) schematic of the deep learning

microscopy.

image acquired from a regular optical microscope. As shown in Figure 3, low-resolution images with

corresponding high-resolution images are provided for the deep neural network (DNN) for training. After

optimization of the parameters of the DNN, the output images feature the improved spatial resolution,

field of view, and depth of field, which are comparable with the performance of higher numerical aperture

lenses. The deep learning microscopy needs no extra hardware or specified processing for high-resolution

output images with a fast response speed. In [37], DNN is adopted to solve end-to-end inverse problems

of computational imaging in a lensless imaging system. The trained DNN recovers the phase objects

when given the propagated intensity diffraction patterns. Other applications with AI in this filed include

autofocusing [38], optical sectioning [39], denoising [40], and so on.

The majority of AI-powered optical imaging systems stand out for the performance improvement, such

as unprecedent figure of merits, or greatly-simplified operation process. We attribute these similar IPSs

to the results intelligence. Another striking type of AI-powered IPS is the scheme intelligence, which is

far from being explored. Photonic-assisted wideband signal analyzers are one of the promising platforms

to give birth to the scheme-intelligence IPSs [41, 42]. By merging the wideband nature of photonics and

intelligent algorithms, unique insights may be provided to both of the fields. Besides, new devices like

optical frequency combs are expected to support the AI-powered IPS especially on chip level [43].

In addition, some novel applications assisted by AI have been discovered, such as the integrated

photonic devices design [44], the nanostructure design [45], the highly-parallel simulation for photonic

circuits [46], and the ultrashort pulse reconstruction [47]. Due to the ability of learning complex mapping

relationships, more intelligent and easy-to-use systems with AI can be expected in the future.

Achievements made by our group mainly include the deep-learning-powered photonic analog-to-digital

converter (DL-PADC) [48] and the accuracy improvement of Brillouin instantaneous frequency measure-

ment (BIFM) by CNN [49]. First, the DL-PADC overcomes the accuracy bottleneck of the conventional

architecture without costly hardware or increasing system complexity. Specifically, the adopted DNN

learns the intrinsic imperfections in the system response and recovers the distorted data, which are

mainly caused by the nonlinearity of the optical modulator and the channel mismatches due to the paral-

lel architecture. The schematic of the DL-PADC is shown in Figure 4, consisting of a photonic front-end,

the electronic quantization, and deep learning data recovery. In the upper insets, the nonlinearity and
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Figure 4 (Color online) Schematic of the DL-PADC architecture [48]@Copyright 2019 Springer Nature.
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Figure 5 (Color online) Optimized results of different signal formats using CNN-based method in BIFM, including linear

frequency modulation (LFM) (up-chirp) (a), LFM (down-chirp) (b), nonlinear frequency modulation (NLFM) (c), binary

a frequency-shift keying (BFSK) (d), and Costas frequency modulation (e) [49] @Copyright 2019 The Optical Society.

channel mismatch are illustrated as well as the corresponding DNN for data recovery. Note that the

results demonstrate that the DL-PADC outperforms stat-of-the-art ADCs. This study is a critical step

toward more breakthroughs for the next-generation information systems, such as the radar, imaging and

communication systems. Second, we propose a CNN-based optimization method for BIFM for arbitrary

signal with broad bandwidth. The errors caused by system defects of BIFM results are recovered with the

mapping between the measured and nominal instantaneous frequencies established by CNN. In Figure 5,

the optimization effect corresponding to various signal formats is experimentally demonstrated. This

study enables accurate frequency detection of broadband signals, in scenarios such as electromagnetic

surveillance.

3.2 OANN

When the OANN serves as the optical computing accelerator, the architecture of IPS with OANN-

facilitated AI is presented in Figure 6. The digital electronic circuits (DEC) assign the AI-computing
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Fully-connected

Convolutional

Figure 6 (Color online) The architecture of an IPS with OANN-facilitated AI.

(a)

(b)

(c)

(d)

Figure 7 (Color online) (a) Operation process of a two-layer OANN. (b) Feedback loop introduced in the experiment.

(c) The architecture of MZI-based OANN, which is tunable by the accompanied phase shifters as shown in (d) [50] @Copy-

right 2017 Springer Nature.

task to the OANN for high-speed execution. Fully-connected and convolutional OANNs are the most

typical forms to be studied.

As shown in Figure 7, a cascaded architecture with Mach-Zehnder interferometers (MZIs) and phase

shifters was proposed to carry out the matrix multiplication [50]. With the silicon-based photonic in-

tegration technology, the researchers integrate the architecture into an OANN circuit. The anticipated

interference results can be realized by adjusting phase shifters as tunable parameters corresponding to

various tasks. Note that once the phase shifter is set up, the circuit is potentially all-passive without cost

of power during the operation. The consumed power is attributed to the laser source and the potential

optical amplifier. In an ideal condition, the power efficiency of the circuit is at least three orders of

magnitude better than electronic computers.

An all-optical diffraction-based scheme of OANN is presented by Lin et al. [51]. In Figure 8, the input

data is coded into the amplitude of the input filed, which goes through the passive multi-layer diffractive

network at the speed of light. The diffractive surfaces of the network are pre-designed and realized by the
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(a) (b) (c)

Figure 8 (Color online) (a) Schematic of the diffraction-based OANN with multiple diffractive layers. The OANN

implemented in experiments as a classifier (b) and an imager (c) [51] @Copyright 2018 The AAAS.

(a)

(b)

Figure 9 (Color online) (a) Multi-layer schematic of the neural network; (b) the architecture of a single-layer OANN with

coherent detection [52] @Copyright 2019 American Physical Society.

3D printing method. At last, the light enters the detector array designed for different objects to output

the classification results. In a commonly-used benchmark of MNIST, the diffraction-based OANN features

a recognition accuracy of 91.75%. Recently, Hamerly et al. [52] study a scalable OANN based on coherent

detection with high speed (∼GHz level) and low energy consuming (subattojoule level). The schematic of

the architecture is given in Figure 9. The input and weights are coded into the amplitudes of the optical

pulse train, which is promising for high-speed programmability and training. The key to the low energy

consuming performance is the massive spatial multiplexing powered by free-space optical components. It

is worth noting that the proposed OANN can implement both fullyconnected and convolutional networks.

Meanwhile, the backpropagation and training are demonstrated in the same hardware.

Besides the fully-connected network, researchers also focus on the novel optical implementation of

CNN. In [53], a digital-electronics and analog-photonics CNN (DEAP-CNN) using micro-ring resonators

(MRRs) and wavelength-division multiplexing (WDM) is described. The MRRs serve as the input mod-

ulation module and weighting module. A convolution carried out by DEAP is illustrated in Figure 10.

In this process, the modulation array should be readjusted while the weight array needs no modification

because of the unchangeable kernel.

Opto-electro or all-optical implementations of nonlinear activation function [54–58] and novel training
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(a)

(b)

Figure 10 (Color online) (a) A convolution using DEAP; (b) two convolutional units to perform a convolution [53]

@Copyright 2020 IEEE.

method [59] attract more interests. The former one enables complete OANN realization, because the

necessary nonlinear operation is mostly done on the computer in previous studies. The training method

is critical for the practical use of OANN to solve various tasks, especially considering the imperfections

of the OANN.

Our group make some efforts on the OANN, including the high-accuracy optical convolution unit [60]

and the high-energy-efficiency CNN implementation [61]. Studied in [60], the optical convolution unit

is based on acousto-optical modulator arrays as shown in Figure 11. The input data and convolutional

kernel are fed into the modulator arrays. With the hardware reusing scheme, complicated CNNs can be

conducted by the units. When applying training methods, the higher accuracy is obtained. In [61], we

introduced optical delay lines to execute data manipulations with low latency and power consumption.

As shown in Figure 12, the WDM is used to improve the computational capacity for parallel wavelength

channels and reduce the required length of optical delay lines, enabling the scheme practical. Based on

the AlexNet benchmark, energy efficiency of the proposed architecture is at least two to eight folds higher

than that of previous photonic architectures.

3.3 OBNN

The typical architecture of IPS with OBNN-facilitated AI is presented in Figure 13. Different from the

OANN, the elements in OBNN are neurons and synapses. The researches on OBNN are mostly related

to the topic of neuromorphic photonics, which covers the photonic implementations of neural excitability,

synapses, spike timing dependent plasticity (STDP), and spiking neural network [62]. As the key com-

ponent in OBNN, photonic neurons are intensively investigated. In [63], Nahmias et al. demonstrated

that a vertical cavity surface emitting laser (VCSEL) with an intracavity saturable absorber (SA) be-

haves analogously to a leaky-integrate-and-fire (LIF) neuron model, which takes the neural excitability

as a prominent feature. The excitability is shown in Figure 14. Input perturbations accumulate to trig-

ger a large excursion of the photonic neuron. In addition to a laser with an absorber, there are many

other methods for realizing photonic neurons, including the optical-injection method, the optical-feedback

method, and the polarization switching VCSEL [64, 65]. A comprehensive review of excitable lasers as

photonic neurons can be found in [66]. Recently, phase-change material (PCM) is used to build up a

spiking primitive [67]. The computing functions of a photonic neuron are further explored, such as XOR
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Figure 11 (Color online) (a) The optical convolution unit architecture; (b) the transmission rate versus the modulation

voltage of the used modulators; (c) an illustration of the serialization method [60] @Copyright 2019 The Optical Society.

(a) (b)

Figure 12 (Color online) (a) Schematic of the CNN implementation with optical delay lines and the WDM; (b) detailed

structure of the vector-matrix multiplication core [61].

operation based on a VCSEL-SA [68]. Synapses play a critical role in the spiking neural network, which

are highly focused as well. Cheng and co-workers [69] realized an all-optical photonic synapse with PCM.

The schematic and structure are displayed in Figure 15. The non-volatile nature of PCM enables the

photonic synapse with no static energy consuming. The synaptic weight has the potential to be contin-

uously adjusted by the number of input optical pulses. Importantly, the photonic synapse can achieve

all-optical STDP, which is a vital property for learning and training of spiking neural networks.

The development of an optical spiking neural network is extremely meaningful. Tait et al. [70] proposed

an architecture for scalable photonic spiking processing. The network protocol is shown in Figure 16. The

broadcast-and-weight scheme includes the WDM, laser neurons, spectral filter banks, and the waveguide

loop. Thanks to the WDM, high-density interconnection between the laser neurons is realized in a single

waveguide. On the same time, the filter banks provide an efficient way for the weighting operation.
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Figure 13 (Color online) The architecture of an IPS with OBNN-facilitated AI.

Figure 14 (Color online) Simulation results of the laser with an SA featuring excitability. An optical pulse is released

when the input perturbations accumulate to a threshold [63] @Copyright 2013 IEEE.

(a) (b)

(c)

Figure 15 (Color online) (a) The schematic of the photonic neuron with PCM (top) and the TE mode distribution

(bottom); (b) the photonic synapse resembles the function of the biology synapse; (c) experimental setup of STDP realization

by the photonic synapse [69] @Copyright 2017 The AAAS.

Recently, a PCM-based all-optical spiking neural network was presented by Feldman et al. [71]. As

shown in Figure 17, the network consists of the weighting module, the neuronal interface, and the spike

generation. Note that the spike feedback loop is adopted for the weight learning using STDP. The all-

optical implementation provides the network with the potential of ultra-broadband operation. Towards

a large network, the scalability is discussed. Besides, the supervised and unsupervised learning process

are realized for the network to recognize a pattern.
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Figure 16 (Color online) Broadcast-and-weight scheme, including a laser array, the WDM, spectral filters, and the

waveguide loop [70] @Copyright 2014 IEEE.

Synaptic plasticity is believed to be closely related to learning in spiking neural networks, therefore

STDP is critical to construct the learning module in the OBNN. There are some studies focusing on

the photonic implementation of STDP, using the cross-gain modulation, the saturable absorption, and

the nonlinear polarization rotation [72–75]. The STDP-like response is emulated to control one synapse

weight. Note that these modules are based on discrete devices with low scalability to match with the

high-density employment of synapse devices. One attempt is to share the STDP module among a group

of synapses, which may preclude the real-time ability of the weight updating process. If the STDP can

be embedded into the photonic synapse devices as an inherent nature, it is more convenient to construct

a neuromorphic network with learning potential [69].

There are advances made by our group in OBNN. We demonstrate a commonly-used distributed feed-

back laser diode (DFB-LD) can be used for three applications in neuromorphic information processing, for

the pattern recognition, the single-wavelength STDP implementation, and the sound azimuth measure-

ment. The experimental results of the sound azimuth measurement are shown in Figure 18. Additionally,

we propose a DFB-LD-based photonic neuromorphic network for spatiotemporal pattern recognition [76].

Displayed by Figure 19, the network can learn a target pattern with the assistance of the STDP learning

module also realized by a DFB-LD, which is convenient for the potential integration.

4 Large-scale hybrid integration for IPS

The IPS is a complex system involving active/passive optical components and RF drivers. The large-scale

hybrid integration offers an opportunity for low power consumption and ultrafast processing in an IPS. In

addition, the on-chip IPS with large scale supports solutions for more complicated tasks, as the complexity

being proportional to the network capability in both OANN and OBNN. Recently, the emerging large-

scale hybrid integration technology aims at combing active/passive optical components and RF/electronic

circuits on a single chip. We summarize the representative progress in Table 1 [6,77–83]. The maturation

of large-scale hybrid integration technology lights up the future of the IPS.

5 Prospects and conclusion

For the AI-powered IPS, the challenge is to design an efficient ANN according to the characteristics of

the photonic systems. Currently, most studies focus on the feasibility demonstration of the ANN-based
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(a)

(b) (c)

(d)

Figure 17 (Color online) (a) and (b) Schematic of the PCM-based spiking neural network; (c) the diagram of an integrated

optical neuron; (d) optical micrograph of three optical neurons with four input ports respectively [71] @Copyright 2019

Springer Nature.

method applied to the systems. The AI-powered IPS attracts the most attention for their improved

performance. Nevertheless, the evaluation of the ANN-based method is often ignored, such as the real-

time potential, training cost, and data accessibility in real applications. We believe more novel AI-powered

IPSs will emerge. The next important issue is to match the features of the systems with appropriate

ANN structures and learning methods. In this way, the AI-powered IPS releases the potential of photonic

technology and enables a more powerful system to be applied in real scenarios.

For the OANN, efficient, compact, programmable, low-power-consuming network architectures and

implementations worth continuous studies. Besides, a focus shift from numerical simulations and proof-

of-concept experiments to fabricated hardware is crucial for OANN toward practical applications. Note

that the integration difficulty increases with the scale of the OANN. It is a serious challenge to balance

the integration practicability and the required computing ability. We should also keep an eye on the

ecosystem construction of the OANN, such as the interface with the popular computational framework.

For the OBNN, photonic neurons and synapses should be concise and diversified according to the bio-

logical neural network. High-density interconnections of various neurons and synapses are the remarkable

features of the brain. However, recent investigations hardly concentrate on the cascadability and scala-

bility of the components. At the same time, the types of the available components are far from adequate,
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Figure 18 (Color online) The experimental results of the sound azimuth measurement with DFB-LDs. The outputs when

the delay is 3 µs (a) and 4 µs (b). The 2nd peak difference dependent on the delay (c) and the sound azimuth (d).

N

Figure 19 (Color online) The DFB-LD-based spatiotemporal pattern recognition network with STDP learning module [76]

@Copyright 2020 The Authors.

hence lacking the richness of computational properties. Furthermore, the OBNN is an important way

toward the neuromorphic IPS.

In a conclusion, we have firstly introduced the necessity of developing an IPS. Then, the explanations

of the IPS concept and potential advantages corresponding to different versions have been presented,

namely AI-powered IPS, IPS with photonics-facilitated AI, and neuromorphic IPS. Besides, we have

reviewed significant advances of IPS architectures and components, as well as the study accomplished by

our group. Finally, prospects for the future development have been discussed. We hope for continuing
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Table 1 Progress in large-scale hybrid integration

Hybrid type Reference Highlights

Active/Passive
[77] Passive building blocks in the generic integration technology

[78] First one-layer active-passive Al2O3 photonic integration

Heterogenous
[79] Systematical reviews on III-V/Silicon integration

[80] Heterogeneous 2D/3D photonic integration

Digital/Analog [81] Discussion on digital photonic integrated circuits

[6] 70 million transistors and 850 photonic components on a chip

Photonic/Electronic [82] A way to integrate photonics with state-of-the-art nanoelectronics

[83] Terahertz integrated hybrid electronic–photonic systems

contributions to boost the IPS toward practicability and intelligence in future information processing

tasks. Attention will be continuously paid to the topological structures, learning schemes, and evolution

principles in the biological neural network, which may be the key to the final version of neuromorphic

IPS.
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30 Maass W, Natschläger T, Markram H. Real-time computing without stable states: a new framework for neural com-

putation based on perturbations. Neural Comput, 2002, 14: 2531–2560

31 Ma W, Zidan M A, Lu W D. Neuromorphic computing with memristive devices. Sci China Inf Sci, 2018, 61: 060422

32 Wu N J. Neuromorphic vision chips. Sci China Inf Sci, 2018, 61: 060421

33 Yan B N, Chen Y R, Li H. Challenges of memristor based neuromorphic computing system. Sci China Inf Sci, 2018,

61: 060425

34 Cully A, Clune J, Tarapore D, et al. Robots that can adapt like animals. Nature, 2015, 521: 503–507

35 Barbastathis G, Ozcan A, Situ G. On the use of deep learning for computational imaging. Optica, 2019, 6: 921–943
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