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Abstract: Brain science and brain—like research have become the strategic frontier of international
competition. The rapid development of artifical intelligence and deep learning has put forward an urgent
demand for the computing capacities. In the traditional von Neumann architecture, the physical separation
between memory and computing units results in power consumption wall and memory wall problems.
Besides, Moore's law is gradually slowing down. Photonic neuromorphic computing, which fully combines
the characteristics of high—speed optical communication, optical interconnection, optical integration,
silicon—based optoelectronics and neuromorphic computing, has the advantages of ultra—high speed, large
bandwidth and multi-dimension. It has wide application prospects in the fields of high—performance
computing and artificial intelligence. Furthermore, it is a highly competitive solution that breaks through
the limits of traditional microelectronics computing in the post-Moore era. This article reviews the work of
the main research teams at home and abroad on the theory, algorithms, and devices of photonic neurons,
synapses, and neural networks, and puts forward a prospect.
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Fig.1 The schematic diagram of biological neuron and synapse
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(a) Sigmod activation function (b) Tanh activation function (c) ReLLU activation function
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Fig.2 Nonlinear activation functions
AT LA FH 22 b AS [] 04 308 ) 4 15 3 o 52 I Ak 4 PR B0 Dh g, A2 4 BB I il 2% (Electro—-Optic Modulator,
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Table 1 Key performance of optical spiking neurons

Optical piking neurons Power Speed Cascadability Footprints Injection scheme Pump
VCSEL—SA mW sub—ns Yes Big Electrical Electrical
DFB Laser mW sub—ns Yes Big Electrical Electrical
VCSEL mW sub—ns Yes Big Coherent optical Optical
Quantum—dot laser mW sub—ns Yes Big Coherent optical Electrical
Micropillar laser mW sub—ns Yes Big Electrical Electrical
PCM mW ns No Small Photonic laser pulses /
2008 45 T Uy , 38 AR i 27 AIF 52 AT BASG I FE 6 7 ik b il 28 50 KOG T 0 2R 28 R G U7 10 JF i 1T R BRiE

Fe S mF oo 2013 4R 4 1 B 2T R SO 25 ST K b bl 28 5T, HLAT g 2 BT U R BLAY i HE (Leaky
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2018 4FWF il 1L 1 4 B DF B A1 56 o 200 25 19 42 B0 85 06  p ge 0T, b ol 00 25 T 2ok
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SR B 9 PIBL DFB A28 T | X 119 5 3 P 016 L PR g A R 1 4 A A ZH L TR T A
5 24T 1 (B N R ) R0 43 A5 AR ik )y g 2 Ol a5 LS T S (XOR) 4328, 20144558, S ) 1
H T 3T GEL (9 Ik o b BEALHN 5 WIS AL 86 30 UE T 3 TR 24F (9 GEL ANR G £ 1II-V F & 1 19 5 Al

1020001-4



K3, 45 DM 2T AT RO FE ik e 5 e 2 (p i)

GEL W67 M e e B R0 1 24 A5 P B B 40 A0 R g 300 46, JHC v B gt 4 T DA 5 56 27 D A8 A [ 1) 2 i
TR S FEAIE , B 7 T A% s Ji) LA T B 194 ik ool B e 5 B0 LR R () A AT o s TR S S R B P 3 2 O
HE— 25 ST B 5 R Bk b gm A, 9% 3 ik 10 Gbps'™.

AN IETE A VCSEL 77 A= i i P 5 20 07 AR £ v 31 J7 2t a] LU 455 00 ik b ol 28 0 B9 JE AR T i, 9%
[ L 7 SE fE 2% HURTADO A H BA ST 3 T VCSEL fii 4% 85 J1 24 56 T # 2B 48 R Ge ik 47 1 B8 1 52 56
S, GG LT 2Bl 28 T 0 24 A Wi RE T tonic F phasic K R AR PE G B AR 4 ok me L e Tk
R AT 4 A AR R Tk R A A R 0 5 A 28 [y AR R AR

BE A JH b 3O 28t T LA S B F Bk oh i 2200, i T s OB 88 R S REOE Y USROG R
BOE A . Z /K22 KELLEHER B 1 BA K 75 i MESARITAKIS C F A 58 J& 3IE 52 3 T 1 2506 2% 19 2% a5 v
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DifE. 20184F , % ¥ K2 CHAKRABORTY THIBAE K42 T — A3 F i A 7E MRR TR 19 Ge,Sb, Te; (14
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P IH AT D S 2 ST R B K R i 22 O B s S B AR RO A R M 4 E Bk — o X T RIROL
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5 fih 2 P 25 I 45 v O — A TR DY RE BT, Gl o AR B 28 JT 22 (R Y 28 AR, AT DL AR A 5 ORI D 12 B
)R BT, H 285 T R b5 258 R S22 Al BCER #8 F R 28 i mT B L 3 T REILE B
MRR F4: 81 Fl MZT W 26 35 0] LS B0 2 0 M 1580, R 0 T DAAE O 2 sl ACER 28 2 10 ) 1 3686 - 28 B 3 3 110 e =%
P P&, 15 3(a) F(b) 43 5 JE s 1 B T RE ST 5 19 8 i MRRs 1 MZIs (5 4 X 4 5 il A B 6 [, 6 2 b T
T S B S R S T vk o S T M T, B EUA SET SOA (PCM S8 50 AR ) 58 fik mT 9 1
Bl

<L X It) 3 0,
: A A 01 Lh Oz

] 1 e ; ................................... 24 S -
. 1 LO;
/ o 1, >GL 0,

——— io L)'C>CJ
(a) Weight matrix based on MRRs (b) Weight matrix based on MZIs
H 3 3T MRRs 0 MZIs &9 40 E 48
Fig.3 Weight matrix based on MRRs and MZIs
R2 AEFEBETEFELR
Table 2 Comparison of optical matrix calculation methods

Method Integration Refresh rate/ GHz Computing range Computing method

MRRs Integrated >10 Real field Explicit computing

MZIs Integrated >10 Complex field Implicit computing
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anti-STDP

0 0
At<0 A0 At<0 A0
(a) STDP curve (b) Anti-STDP curve

E 4 STDPfr & STDP # %
Fig.4 STDP and anti-STDP curves
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Table 3 Key process of optical neural networks

Year First author/Journal Type Network scale Performance

The integrated passive
silicon photonics

1 reservoir chip on a

silicon platform

Performed arbitrary Boolean logic
operations with memory, 5-bit
header recognition up to 12.5 Gbit/s,
and classification of spoken digits

VANDOORNE K,
2014 Nature
Communications'

A 16-node square mesh reservoir.
The chip contained waveguides,
splitters, and combiners

The accuracy of vowel recognition is
76.7% , which is more than two
orders of magnitude faster than the
latest electronic chip at that time,
but the energy used is less than one
thousandth

4 X4 weight matrix based on
Feedforward fully 56 MZIs
1) connected optical neural ~ The neuron was simulated by a
network based on MZI  nonlinear activation function in the
electrical domain

SHEN Yichen,
Nature Photonics

2017
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Year

First author/Journal

Type

Network scale

Performance

2017

2018

2019

2019

2019

2020

2020

2020

2021

2021

TAIT AN,
Scientific Reports'™

LIN Xing,

Science

FELDMANN J,
Nature™

7ZUO Ying,
Opticd

BERNSTEIN L,
Physical Review

XH-H

RAFAYALYAN

M,

Physical Review

X[&J

SHI Bi

IEEE JSTQE"™

BANGARIV,
IEEE JSTQE"

FELDMANN J,
Nature™™

XU Xingyuan,
Nature'

[82]

80]

83]

n,

87

88]

0]

Recurrent silicon
photonic neural network
based on MRR

3D-printed diffractive
deep neural network

Optical spiking neural

network based on PCMs

and MRRs

All-optical neural
network (AONN) with
linear operations and
nonlinear activation
functions

A new type of photonic
accelerator based on
coherent detection

Reservoir network based

on the spatial light

modulator and scattering

medium

Feedforward neural

network based on SOAs

Digital electronics and
analog photonics for
convolutional neural

networks (DEAP-
CNNs)

A specific integrated
photonic hardware
accelerator based on
photonic tensor core

Optical vector

convolutional accelerator

4 X 4 weight matrix based on 16
MRRs
24 optical neurons based on EOM

Classification (Imaging)
network: 5-layers, 200X 200
(300 300) neurons of a layer

4 spiking neurons based on MRRs
with PCMs
60 optical synapses based on
PCMs and integrate waveguide

Two-layer AONN: 16 X4X2

The number of neurons can be
extended to =10° by the massive
spatial multiplexing enabled by
standard free—space optical
components

Up to 50000 optical nodes

8 X8 InP on-chip weighted
circuits
The non-linear function of neuron
was implemented via software

There are up to 1200 MRRs in the
weight bank array theoretically

16X 16 PCM integrated array to
realize the matrix vector
multiplication

Ten 3X 3 convolutional kernels.
Optical frequency combs provide
90 optical signals with different
wavelengths
Using wavelength division
multiplexing, time division
multiplexing and space division
multiplexing

The network had a 294-fold
acceleration against a conventional
benchmark in performing a
differential system emulation task

In the task of handwritten digit
classification, the accuracy was
91.75% for a five-layer design, and
93.39% for a seven-layer design

The network can implement
supervised and unsupervised learning
and was able to successfully classify
the four 15-pixel images

A two-layer AONN can classify the
phases of a prototypical Ising model,
and successfully capture the essential
features that distinguish the order
and disorder phases

The standard quantum limit can be

as low as 50 zJ/MAC when neural

networks are trained on the MNIST
dataset

The network successfully predicted
on large spatiotemporal chaotic
datasets

The prediction accuracy of the Iris
flower classification problem by the
3-layer photonic deep neural
network was 85.8%

DEAP-CNN was 2.8 to 14 times
faster while using almost 25% less
energy than current state—of-the-art
graphical processing units. Overall
accuracy was 97.6% for a test set of
500 images in the MNIST task

The accelerator operated at the
speed of 10" MAC operations per
second

The computing speed of a single
processor exceeded 10 TOPS, and
the accuracy of handwritten digit
images recognition was 88 %
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A@k « Developed optical spiking neuron chip together with Nanjing University and Institute of Semiconductors, Chinese Academy of Sciences.
‘ Constructed an experimental test platform for optical neuromorphic computing and demonstrated neuron-like responses.
* Experiments demonstrated neuron-like responses based on VCSELs, synaptic plasticity based on VCSOAs, and all-optical XOR operation
based on a single VCSEL optical spiking neuron.
o o SCIS, 64, 201401. A review of the recent progress of integrated circuits and optoelectronic chips was written together with 24 research institutes.

,;)Q 2021« IEEE TNNLS, 32(6), 2494. The supervised learning and pattern classification were realized based on spatiotemporal coding in the optical spiking
neural network.

¢ PR, 9(4), B119. Experiments proved all-optical binary convolution computing and image edge detection based on VCSELSs.

o PR, 8(11), 1792. Delay-weight plasticity-based supervised learning algorithm was implemented in optical spiking neural networks.

o JLT, 39(1), 129. Enhanced prediction performance of a neuromorphic reservoir computing system using a semiconductor
nanolaser with double phase conjugate feedbacks.

¢ JLT, 38(18), 5071, The winner-take-all mechanism based on the inhibitory dynamics of VCSEL-SA neurons was proposed
* JSTQE, 26(5), 1700209. The supervised learning algorithm and spike sequence learning in optical spiking neural network were implemented.

i * SCIS, 63, 160405. The scheme of real-time optical synaptic plasticity based on VCSELSs is proposed.
@ 02020 o OL,45(5), 1104. The XOR operation was performed in a single step based on inhibitory dynamics of a single VCSEL-SA photonic spiking neuron.
H F ¢ OE, 28(2), 1561. The implementation of sound azimuth detection in optical spiking neural network basedo n VCSELs.

‘ ¢ SCIS, 63, 160407. Enhanced memory capacity of a neuromorphic reservoir computing system based on a VCSEL with double optical fewedbacks.

¢ JSTQE, 26(1), 1700109. Polarization multiplexing reservoir computing based on a VCSEL with polarized optical feedback.

¢ JSTQE, 25(6), 1700109. It was the first time to establish the photonic neural-synapse-learning algorithm unified optical spiking neural network

Y physical model. The unsupervised learning algorithm and pattern recognition were performed based on the photonic STDP mechanism.
182019

/ * OL, 44(7), 1548. The neuron-like inhibition response caused by the polarization mode competition was found for the first time.

¢ OE, 27(16), 23293. Four-channels reservoir computing based on polarization dynamics in mutually coupled VCSELS system.

* JQE, 54(6), 8100107. The photonic synapse with low power consumption based on VCSOA was presented, and the computational model for the
02018 photonic STDP was established. Compared with conventional SOA synapses, the required bias current was reduced by 2 orders of magnitude.

o JLT,36(19),4227. The scheme of VCSEL photonic neurons subject to double polarized optical injection in proposed.

%

m 2017 STQE, 23(6), 1700207. The transmission condition of cascadable neuron-like spiking dynamics in coupled VCSELSs was clarified.
\ 4 /

©12016 « PJ 8(5), 1504109. The theoretical model of photonic neuron based on the polarization switching of VCSEL was established for the first time.
#

5 WxeEFAKKFARNTF AR 110]
Fig.5 Research progress of the Xidian University team
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IEfEHRRN A A, R B (Lightelligence) | Lightmatter . Optalysis, Fathom Computing, Ayar Labs .
LightOn % F 5 %4 (Photoncounts ) 1 Luminous Computing, £ 4 X} iX #8567 AT KA FIAE T i A~ 44 .
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Table 4 Photonic AI chip company

Date of Founder/Team/

Company i Achievements
establishment Place
MIT, In April 2019, Lightelligence released the prototype of its optical Al computer,
Lightelligence 2017 Dr. SHEN the first of its kind in the world
Yichen In 2021, the world's first commercial optical chip will be available soon

. In 2020, the chip Mars for Al inference acceleration was presented. It is
Lightmatter 2017 MIT o . . .
planned to launch its first optical AT chip Envise by the end of 2021
In 2015, an optical computing prototype was created, with a processing speed

University of  of about 320G f{lops and very low energy efficiency. On March 7, 2019, FT:X

Optalysys 2013 ) o . . )
Cambridge 2000 which is the world’s first optical co-processor system for AI computing
was announced
Photon prototype computer was the first time that machine learning software
Fathom o used laser pulse circuits instead of power for training. In 2014, the accuracy of
. 2014 Britain . o . .
Computing handwritten digits recognition was only about 30% , and by 2018, it had
exceeded 90 %
Ayar Labs demonstrated the industry’s first terabit optical link for co-packaged
Ayar Labs 2015 MIT optics and chip—to—chip connectivity, which provided optical communication
with high bandwidth, low delay, and low power consumption
. A coprocessor Aurora has been fabricated, embedded with a very efficient
LightOn 2016 France . .
optical core Nitro
Beijing Jiaotong ~ The field programmable photonic gate arrays chip has been developed, and a
Photoncounts 2017 University, server—oriented photoelectric hybrid AT accelerated computing card has been
Dr. BAI Bing built together with Beijing universities
) ) The scheme of Broadcast and Weight based on Micro—ring optical filters was
Luminous Princeton ) )
) 2018 . ) used. The prototype at that time saved three orders of magnitude more energy
Computing University

than other most advanced AT chips

4 EMERTITERBEHEK
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