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Abstract: The  rapid  development  of  optical  neural  networks  (ONNs)  has  led  to  the  introduction  of  new  research
avenues  for  computing  power  enhancement.  Because  of  the  characteristics  of  optical  signals,  which  include  low  power
consumption,  low  latency,  high  parallelism,  and  large  bandwidths,  optical  computing  based  on  neural  network
architectures  is  showing  promise  for  processing  of  spatial  signals,  temporal  signals,  and  on-chip  information.  At
present,  there  is  a  lack  of  a  unified  ONN  computing  architecture,  and  because  of  the  limitations  of  the  physical
characteristics  of  these  networks,  different  application  scenarios  have  led  to  proposals  of  different  requirements  for  the
structural  design,  device  selection,  integration  method,  and  signal  processing  method  of  the  network.  In  this  paper,  we
systematically  elaborate  on  the  practical  value  of  ONNs,  analyze  their  computational  fundamentals  in  depth,  discuss  the
challenges  faced  in  computational  and  astrophotonics  applications  in  detail,  and  simultaneously  emphasize  the
important position and broad prospects of optical computing in the future information society.
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 1.    INTRODUCTION
Artificial intelligence (AI) has now pervaded most sec-

tors of society and is widely used in fields including medi-
cal  image  analysis,  the  molecular  and  material  sciences,
and language identification. In particular, AI has revolution-
ized  the  astronomy  field,  enabling  automated  celestial
object  classification,  exoplanet  detection,  gravitational
wave  signal  processing,  and  large-scale  sky  surveys  to  be
performed  with  unprecedented  accuracy.  AI-driven  mod-
els  have  enhanced  astronomical  data  processing  signifi-
cantly,  thus  aiding  researchers  in  uncovering  new  cosmic
phenomena  and  improving  our  understanding  of  the  uni-
verse.  The  research  into  and  application  of  artificial  neu-
ral  networks  (ANNs)  have  attracted  considerable  atten-
tion  because  of  their  powerful  data  processing  and  pat-
tern  recognition  capabilities.  However,  traditional  elec-
tronic  neural  networks  are  hampered  by  certain  inherent
defects,  including  the  susceptibility  of  their  electrical  sig-
nals  to  interference  and  processing  speeds  that  are  propor-
tional to their energy loss, which have limited further devel-
opment  and  applications  of  ANNs.  The  demand  for  train-
ing  computing  power  has  also  grown  with  the  boom  in

both  big  data  and  large  models.  However,  there  is  a  mis-
match  between  the  computing  power  provided  by  exist-
ing  electronic  chips  and  the  computing  power  require-
ments  of  AI;  current  computing  capabilities  cannot  meet
the  growing  computational  demands  of  modern  technol-
ogy.  As  the  integrated  circuit  manufacturing  process
advances to technology nodes below 5 nm, problems includ-
ing  noise,  crosstalk,  energy  consumption,  and  costs
caused  by  the  high  circuit  integration  density  are  becom-
ing  increasingly  serious.  The  traditional  route  to  perfor-
mance improvement by shrinking the transistor size is diffi-
cult  to  sustain  because  of  factors  such as  the  slowdown of
Moore’s Law, chip heat dissipation requirements, and trans-
mission bandwidths.  Therefore,  there is  an urgent  need for
a  new  hardware  architecture  with  high  computing  power
and high energy efficiency to provide an alternative.

Against  this  backdrop,  all  ONNs  have  been  gaining
widespread  attention  because  of  their  prominent  advan-
tages,  comprising  high  bandwidths,  high  interconnectivity,
parallel  internal  processing,  low  latency,  and  low  energy
consumption.  The  research  and  development  of  ONNs
includes  advances  in  both  applied  and  theoretical  fields,
e.g.,  deep  neural  networks,  ultrasensitive  perception,  and
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topological  photonics,  and  it  also  helps  to  improve  learn-
ing  processes  by  several  orders  of  magnitude.  In  astron-
omy,  ONNs  have  the  potential  to  process  the  massive
datasets  acquired  from  space  telescopes  and  radio  arrays,
thus  accelerating  real-time  image  reconstruction,  transient
event detection, and gravitational wave data analysis. Opti-
cal  computing  offers  an  efficient  way  to  handle  the  enor-
mous computational requirements of both astrophysical sim-
ulations  and  multi-messenger  astronomy.  For  example,
researchers  at  Tsinghua  University  have  capitalized  on  the
symmetry  of  photon  propagation  to  develop  a  fully  for-
ward-mode  (FFM)  learning  method.  Their  approach
enables direct design and adjustment of the optical parame-
ters  of  physical  optical  systems,  thereby  allowing  deep
ONNs to be trained using millions of parameters.

Optical computing has been used previously in numer-
ous  applications.  The  Mach-Zehnder  interferometer  (MZI)
is  an  important  optical  interferometer  that  is  widely  used
in  optical  signal  modulation  and  demodulation  in  optical
communications. The MZI encodes and decodes optical sig-
nals by altering the optical path difference within the inter-
ferometer,  thus  improving  the  transmission  efficiency  and
the capacity of optical communication systems. By combin-
ing  singular  value  decomposition  of  the  weight  matrix
with  unit  matrix  decomposition,  these  MZI  arrays  can
implement  a  weight  matrix  optically  and  perform  specific
optical calculations.

In  astronomy,  interferometric  techniques  are  used
widely  in  high-resolution  imaging,  e.g.,  in  very-long-base-
line  interferometry,  which  synthesizes  data  acquired  from
multiple  telescopes  to  achieve  superior  angular  resolution
for  observation  of  distant  galaxies  and  black  hole  shad-
ows.  The  principles  of  optical  interferometry  have  also
played a crucial role in adaptive optics by correcting atmo-
spheric  distortions  in  real  time  to  enhance  ground-based
telescope  performance.  The  lens  Fourier  transform  is  used
in  radar  imaging  systems  to  convert  acquired  radar  data
into images. Time-domain signals can be converted into fre-
quency-domain signals using the Fourier transform, and fre-
quency-domain  signals  can  be  converted  into  images  by
applying  the  inverse  Fourier  transform.  This  method  is
widely  used  in  synthetic-aperture  radar  (SAR)  and  inverse
SAR to generate high-resolution radar images for use in tar-
get identification and terrain mapping. In terms of modula-
tors,  micro-ring  resonators  can  modulate  optical  signals
by  varying  the  refractive  index  or  optical  path  difference
of the resonator to control the intensity or phase of the opti-
cal  signals,  thereby achieving both encoding and transmis-
sion  of  optical  signals.  Additionally,  micro-ring  res-
onators  can  be  used  to  construct  optical  devices,  e.g.,  fil-
ters  and  switches,  to  implement  signal  filtering,  routing,
and  switching  functions  in  optical  communication  net-
works. The rise in AI and gradual broadening of the possi-
ble  application  scenarios  for  optical  computing  have  given
new vitality and purpose to this field.

ONNs  are  computational  models  that  use  optical
devices,  including  lasers,  optical  modulators,  filters,  and

detectors,  to  simulate  and  implement  inference  functions
for  neural  networks.  The  development  of  ONNs  can  be
traced  back  to  the  1960s  with  the  birth  of  lasers,  and  the
increasing  depth  of  optical  coherence  research  con-
tributed  to  the  rapid  advancement  in  information  optics.
In  1982,  Hopfield[1]  introduced  the  concept  of  the  Hop-
field  network  architecture.  In  1985,  Farhat  et  al.[2]  imple-
mented  the  first  ONN  based  on  the  Hopfield  model.  In
2017,  Shen  et  al.[3]  used  silicon  photonics  technology  to
construct  a  fully  optical  convolutional  architecture  based
on an MZI optical switch array. In 2018, Lin et al.[4] com-
bined  spatial  light  modulators  with  a  three-dimensional
(3D) printed dielectric material to construct a multilayer per-
ceptron  to  enable  implementation  of  a  diffractive  deep
ONN[5].  With  the  continuous  progress  being  made  in  AI,
photonic  computing,  and  astronomical  instrumentation,
ONNs promise  to  revolutionize  the  astrophysical  data  pro-
cessing  field.  From  deciphering  cosmic  microwave  back-
ground  data  to  enhancing  exoplanet  detection  via  transit
photometry,  the  use  of  ONNs  can  pave  the  way  for  more
efficient  and  accurate  astronomical  discoveries.  Since  the
work  of  Lin  et  al.[4],  the  types  of  ONNs  have  grown  in
diversity  and  complexity,  causing  ONNs  to  enter  a  period
of vigorous development.

 2.    ADVANCES  IN  OPTICAL  NETWORKS
FOR HIGH-PRECISION DETECTION

 2.1.    Conventional Memristor-Based ONNs
Memristor-based  neural  networks  (MNNs)  have  been

identified  as  a  promising hardware  solution for  neural  net-
work  implementation,  primarily  because  of  their  low
power consumption and accelerated matrix operations. How-
ever,  during  hardware  deployment,  the  selection  of  both
the  memristor  update  thresholds  and  the  in  situ  update
scheme  can  affect  the  MNN’s  effectiveness  significantly.
To  address  these  important  issues,  Shen  et  al.[6]  intro-
duced  a  novel  scheme  that  combined  dynamic  threshold
(DT)  and  gradient  accumulation  (GA)  methods  with  the
threshold properties. The authors simulated realistic memris-
tor  characteristics,  including  both  pulse-to-pulse  and
device-to-device  behavior,  by  introducing  random  noise
into  the  Vteam  memristor  model.  They  proposed  a  DT
scheme  to  improve  in  situ  training  accuracy  by  using  the
intrinsic  properties  of  the  memristors.  The  accumulation
of  gradients  during  backpropagation  was  used  to  regulate
the  memristor  updates  with  greater  precision  and  thus
enhanced  the  accuracy  of  the  in  situ  training.  To  address
the  high-resolution  requirements  for  accurate  weight
updates  and  the  high  durability  requirements  for  the  fre-
quent  set/reset  operations,  a  hybrid  accuracy-based  train-
ing  approach  was  investigated,  whereby  the  weight
updates  are  accumulated  in  software  and  the  memristor
device  is  only  updated  when  the  accumulated  update
value  exceeds  the  programmed  granularity.  This  approach
has  been  shown  to  relax  the  conductance  update  resolu-
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tion and durability requirements significantly while achiev-
ing  accuracy  comparable  to  that  of  the  software.  Their
experimental  results  demonstrated  a  substantial  enhance-
ment  in  test  accuracy  when  using  the  dynamic  threshold
and  gradient  accumulation  (DTGA)  scheme  on  the  Modi-
fied  National  Institute  of  Standards  and  Technology
(MNIST)  dataset  (from  82.98%  to  96.15%)  and  the  Fash-
ion-MNIST  dataset  (from  75.58%  to  82.53%).  Robust-
ness  analysis  demonstrated  that  the  DTGA  scheme  toler-
ated  random  noise  factors  of  0.03  and  0.02  for  the
MNIST  and  the  Fashion-MNIST  datasets,  respectively,
thus  demonstrating  the  scheme’s  reliability  under  various
conditions.  Notably,  when  using  the  Fashion-MNIST
dataset,  the  DTGA  scheme  improved  overall  performance
by 7% with a corresponding 7% reduction in training time.
This study therefore, offered a compelling solution for hard-
ware implementation of various neuromorphic systems.

Owing  to  the  presence  of  physiological  noise  in  brain
signals,  previous  studies  have  encountered  difficulties  in
attempts  to  achieve  high  classification  accuracy,  and  these
studies  have  often  neglected  to  evaluate  the  reliability  of
the computed classification accuracy. To address these clas-
sification  problems,  Bak  et  al.[7]  proposed  a  memristor-
based  convolutional  neural  network  (M-CNN)  that  was
capable of classifying stress states. The weight updating pro-
cess  of  this  model  involves  a  stochastic  gradient  descent
with  momentum,  in  which  the  normalized  memristor  con-
ductance  is  used  as  a  weight  proxy.  The  conductance  val-
ues are then adjusted to categorize the stress state. The clas-
sification  accuracy  between  the  control  and  the  stress
groups was calculated using the M-CNN, and the latest con-
volutional  neural  network  (CNN)  model,  DenseNet,  was
used  to  simulate  the  accuracy  under  the  same  conditions.
The  results  from  this  study  indicate  that  the  accuracy  of
the  M-CNN  (93.33%)  is  higher  than  that  of  the  CNN
(87.50%),  and  this  outcome  is  supported  by  the  precision,
the  recall,  and  the  F-score  calculated  from  the  confusion
matrix.  A  similar  outcome  was  observed  when  M-
DenseNet  (92.38%)  was  compared  with  C-DenseNet
(90.00%),  with  M-DenseNet  demonstrating  higher  accu-
racy  than  C-DenseNet,  though  both  networks  exhibited
lower  accuracy  than  M-CNN.  The  study’s  findings  con-
tributed  to  the  implementation  and  optimization  of  an  M-
CNN,  which  integrates  hardware-based  memristors  with
software-based CNNs with the aim of enhancing the classi-
fication accuracy of the stress states.

To  date,  hardware  neural  networks  have  mainly
focused  on  shallow  networks  (with  two  to  five  layers).
Hardware  implementation  of  deep  neural  networks
remains  challenging  because  of  their  layer-by-layer  struc-
tures, which can lead to long training times, signal interfer-
ence,  and  low  accuracy  being  caused  by  gradient  explo-
sion  and  vanishing  behavior.  To  address  these  issues,
Chen  et  al.[8]  proposed  a  hybrid  ultra-deep  photoelectric
neural  network  and  an  ultra-deep  super-resolution  recon-
struction  neural  network  that  can  achieve  optical  cross-
layer transmission of electronic information of the photode-

tector  by  using  negative  ultraviolet  photoconductive  light-
emitting  memristors  (N-LEMs)  with  intrinsic  parallelism
and  software-hardware  co-design.  This  approach  uses  the
strong  correlation  between  the  optical  and  electrical  out-
puts  of  the  light-emitting  memristors  effectively.  Further-
more,  deep  neural  network  training  requires  a  long  reset
time,  but  the  use  of  N-LEMs  can  reduce  the  reset  time
required  for  deep  neural  network  training  effectively.  The
ultra-deep  neural  network  designed  for  multi-task  recogni-
tion  and  the  neural  network  intended  for  super-resolution
image reconstruction both effectively avoided gradient van-
ishing  (explosion)  and  increased  their  layer  numbers  to  54
and 134, respectively, while also demonstrating strong trans-
fer  learning  capabilities  and  near  software-level  perfor-
mance.  The  proposed  N-LEM  and  the  optical  cross-layer
transmission  strategy  filled  the  gap  for  efficient,  accurate,
and  highly  robust  construction  of  deep  neural  networks
with  low  power  consumption,  thus  offering  a  new  solu-
tion for high-precision multi-functional hardware neural net-
works and edge AI.

Transistors  with  photonic  sensing  capabilities  can  be
used  as  machine  vision  system  components,  but  they  face
challenges  in  encoding  and  processing  optical  data.  The
lack  of  materials,  processing,  and  functional  compatibil-
ity between memristors and phototransistors makes it diffi-
cult  for  the  sensing,  storage,  and  computation  functions  of
the integrated arrays to work together. For example, the sin-
gle operating mode of conventional memristors cannot sup-
port  the  dynamic  encoding  requirements  of  optical  sig-
nals. Therefore, Dang et al.[9] proposed a multi-phototransis-
tor  and  single  memristor  array  based  on  niobium  oxide
memristors,  which  used  a  silicon-based  compatibility  pro-
cess  and  a  Mott  oxide  heterojunction-based  memristor  in
combination with the blue-light enhancement/red-light sup-
pression  characteristics  of  the  phototransistor  to  realize
direct coupling of the optical signals with conductance mod-
ulation. It is difficult for existing hardware systems to sup-
port the dynamic demands of both bio-heuristic (pulse cod-
ing)  and  machine  learning  (analog  coding)  algorithms,
and  there  is  insufficient  flexibility  in  the  encoding  of
spatio-temporal  information  in  optical  signals.  The  re
searchers  designed  the  multi-mode  memristor  such  that  it
could  be  switched  among  three  operating  modes:  the  lin-
ear  resistive  mode  (analog  signal  processing),  the  thresh-
old  switching  mode  (pulsed  signal  generation),  and  the
short  duration  memory  mode  (dynamic  temporal  encod-
ing). These modes can be switched flexibly through periph-
eral  circuitry  programming,  which is  compatible  with  both
machine-learning  (analog)  and  bio-inspired  (spiking)  neu-
ral  network  architectures  and  supports  dynamic  adapta-
tion  of  various  algorithms.  The  array  senses  and  pro-
cesses optical  images and synchronizes their  spatio-tempo-
ral  data in different coded formats.  When the array is  cou-
pled to  a  classifier  network using a  transistor  and a  thyris-
tor-based  nonvolatile  memory  array,  it  can  support  vari-
ous  ONNs  (including  optical  CNNs,  recurrent  neural  net-
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works,  and  spiking  neural  networks).  Optical  signals  must
undergo  multiple  photoelectric  conversions  during  the
sense-storage-accounting integration process, but the nonlin-
ear  responses  of  conventional  photodetectors  are  insuffi-
cient  to  realize  the  activation  functions  of  neural  net-
works  directly  (e.g.,  ReLU or  pulse  triggering).  Therefore,
the researchers combined the output current of the photode-
tector with a threshold comparator to realize nonlinear acti-
vation  in  the  electric  domain  and  also  introduced  materi-
als  such  as  sulfur-based  glass,  which  uses  its  light  inten-
sity-dependent nonlinear refractive index properties to real-
ize  the  required  activation  function  directly  in  the  optical
domain. The hardware system must be compatible with vari-
ous  neural  network  architectures  (e.g.,  convolutional  and
impulse  neural  networks),  but  the  existing  algorithms  are
difficult  to  map  directly  to  the  hybrid  optical-electrical-
memristor system. This study optimized this mapping rela-
tionship between the algorithms and hardware by construct-
ing a joint optical-electrical simulation model. In situ updat-
ing of the weights was realized through the nonvolatile stor-
age  property  of  the  memristor  to  support  dynamic  load-
ing of the different network structures.

During  the  development  of  memristor-based  ONNs,
their  structures  gradually  evolved  from  early  shallow  net-

works that contained only inputs, outputs, and simple inter-
mediate  connection  layers  into  multilayer  structures.  The
structure  of  the  multilayer  perceptron  neural  network
based on memristors is shown in Fig. 1. By drawing on tra-
ditional  electronic  deep-learning  network  architectures,
layer-by-layer  abstraction  and  extraction  of  complex  fea-
tures were implemented by adding hidden layers. In materi-
als  terms,  most  ONNs  were  initially  based  on  traditional
metal  oxides,  e.g.,  TiO2,  which  had  some  limitations
despite  mature  preparation  processes.  Later,  new  materi-
als,  including  two-dimensional  materials  (graphene  and
molybdenum  disulfide)  and  organic  materials,  began  to
emerge  that  improved  the  expressive  power  and  learning
depth  of  these  networks  while  also  reducing  power  con-
sumption,  improving  integration,  and  enhancing  their
long-term stability.  Together,  these  technological  advances
and  material  innovations  have  propelled  memristor-based
ONNs  toward  more  complex  and  efficient  applications.
Memristor-based ONNs are  very promising for  high-preci-
sion  detection,  but  challenges  remain.  For  example,  exist-
ing  memristor  materials  and  devices  may  suffer  perfor-
mance degradation during long-term operation or  high-fre-
quency  use  and  are  limited  in  the  depth  and  scale  of  their
construction.
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Fig. 1. Schematics of memristor-based multilayer perceptron neural networks[6].
 

 2.2.    On-Chip Integrated Photonic Neural Networks

 2.2.1.    On-chip photonic neural network based on MZI

Photonic  computing  has  drawn  considerable  attention
for  its  great  potential  to  accelerate  ANN  tasks  at  much
higher clock rates than digital electronic alternatives. In par-
ticular,  reconfigurable  photonic  processors  consisting  of
MZI grids are very promising for photonic matrix multipli-
ers.  Traditionally,  three  cascaded  MZI  grids  (two  generic
N  × N  unitary  MZI  grids  and  one  diagonal  MZI  grid)  are
required  to  represent  the  N  ×  N  weight  matrix,  which
severely  limits  scalability.  Therefore,  Tian  et  al.[10]  pro-
posed a hybrid optoelectronic training framework that com-
bined optical forward propagation with electrical backpropa-
gation. The gradient information from the optical computa-
tion  results  was  captured  accurately  by  introducing  a  low-
noise  photoelectric  conversion  module  with  digitally-
assisted  calibration.  As  the  number  of  components
increased, the crosstalk and the signal loss between the opti-

cal paths increased significantly, leading to reduced compu-
tational  accuracy.  Additionally,  the  traditional  gradient
descent  (GD)  algorithm  has  high  computational  complex-
ity  when  used  in  large-scale  matrix  operations,  which
makes  it  difficult  to  optimize  the  hardware  parameters  in
real  time.  To  this  end,  the  research  team  used  a  stochas-
tic parallel  GD (SPGD) algorithm, which replaces parame-
ter-by-parameter  optimization  of  the  traditional  GD  with
parallel evaluation of randomly perturbed parameters, reduc-
ing  the  computation  required  significantly.  By  using  the
real part of a nongeneric N × N unitary MZI lattice to repre-
sent  the  real-valued  matrices,  a  4  ×  4  photonic  neural
chip  is  realized  that  suffers  from  a  lower  loss  of  learning
capacity  when  compared  with  conventional  architectures
using  O  (N2)  MZIs.  In  applications  such  as  photonic  neu-
ral  networks,  it  reduces  the  number  of  MZIs  required  to
the  O  (Nlog2N)  level  while  reducing  the  cost  of  the  learn-
ing  capacity  loss.  This  architecture  offers  comprehensive
advantages in terms of optical losses, chip size, power con-
sumption, and coding errors.
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In  situ  training  of  ANNs  using  photonic  accelerators
remains  challenging.  To  this  end,  Tang  et  al.[11]  proposed
a  silicon  micro-ring  resonator  (MRR)  optical  crossbar
array  with  a  symmetric  structure  that  realizes  both  for-
ward  and  backward  propagation  seamlessly  on  the  same
optical chip. This array can potentially accelerate the infer-
ence  and  training  phases  of  deep  learning,  effectively
resolve  the  insertion  loss  imbalance  problem  of  the  previ-
ous structure, and eliminate the discrepancy between the for-
ward  and  backward  propagation  directions.  The  structure
uses an MRR and an MZI to implement matrix-vector mul-
tiplication, which solves the unbalanced insertion loss prob-
lem for  optical  paths  in  previous  asymmetric  structures  by
balancing  the  number  of  waveguide  crossings  in  the  for-
ward  and  backward  signal  paths,  causing  all  optical  paths
to  have  a  uniform  length  and  insertion  loss.  Although  the
thermo-optic  phase  shifter  used  in  their  study  suffers  from
high  power  consumption  (~19.3  mW/π)  and  has  a  poten-
tial  for  thermal  crosstalk,  the  team  anticipates  that  use  of
an  ultra-low-power  electro-optic  phase  shifter  will  reduce
power  consumption  significantly  and  eliminate  thermal
crosstalk  to  enable  a  more  compact,  energy-efficient  cir-
cuit.  The  team  fabricated  a  4  ×  4  circuit  on  a  silicon-on-
insulator platform and used it in an iris classification infer-
ence task with a simple neural network, achieving classifica-
tion  accuracy  of  93.3%;  the  neural  network  was  then
trained  using  simulated  on-chip  backpropagation,  and  its
accuracy  for  the  same  inference  task  reached  91.1%  after
training.  Additionally,  the  team  simulated  a  CNN  based
on  a  9  ×  9  MRR  cross-switch  array  for  handwritten  digit
recognition,  which  achieved  test  accuracy  of  93.4%  after
10  training  cycles  on  the  MNIST  dataset.  This  work  con-
tributed to the realization of compact, energy-efficient pho-
tonic accelerators for deep learning.

 2.2.2.    On-chip diffractive neural networks (DNNs)
The  structure  of  the  diffractive  deep  neural  network

(D2NN)  is  shown  in Fig.  2.  Wang  et  al.[12]  constructed  an
integrated photonic meta-system on a silicon photonic plat-
form  based  on  directional  diffraction  and  dispersion  engi-
neering  methods  that  were  realized  using  sub-wavelength
structures  to  resolve  the  problems  of  image  classification,
wavelength  demultiplexing,  and  hyperspectral  imaging  at
communication  wavelengths.  Three  functional  meta-sys-
tems  were  demonstrated:  a  15-pixel  spatial  pattern  classi-
fier  (with  femtosecond  input  accuracy  of  nearly  90%),  a
multi-channel  wavelength  demultiplexer,  and  a  hyperspec-
tral  image  classifier.  The  system  realized  high-throughput
vector  matrix  multiplication  by  integrating  nearly  10³
nanoscale  phase  shifters  as  weighting  elements  within  an
area  of  0.135  mm²  and  using  the  diffraction  and  interfer-
ence  effects  of  light  between  multilayer  hypersurfaces.  In
particular, the diffraction process not only realized propaga-
tion  and  coupling  of  the  light  field  between  the  layers  but
also  incorporated  the  manufacturing  errors  and  any  ran-
dom  phase  fluctuations  during  the  measurements  (e.g.,
nanofabrication-induced phase shifts)  into the training pro-

cess,  which  allowed  the  pre-trained  meta-system  to  han-
dle  the  input  uncertainty  without  post-tuning.  Experi-
ments  showed  that  the  classification  accuracy  of  the  15-
pixel  spatial  pattern  classifier  was  nearly  90%  under  fem-
tosecond-scale  inputs,  and  the  classification  accuracy  of
the  two-layer  element  system  for  “X”,  “Y”,  and  “Z”  let-
ter  images  with  a  continuous  wave  input  reached  92%.
The  researchers  pre-trained  the  geometric  parameters  of
the  rectangular  slots  in  the  silicon  layer  using  a  deep
diffraction neural network. With the support of the diffrac-
tion characteristics, the three-layer meta-system realized de-
multiplexing of signals at 1 490 nm, 1 530 nm, and 1 570 nm,
and the optical field was converged accurately to the corre-
sponding output waveguide after diffraction. The dual-wave-
length  pattern  classification  system  used  the  wavelength
selectivity of diffraction to achieve high spectral classifica-
tion  accuracy  of  70%  for  the  “X”,  “Y”,  and  “Z”  patterns
at  different  wavelengths.  The  diffractive  element  system
offers an alternative machine learning architecture for pho-
tonic  integrated  circuits  with  densely  integrated  phase
shifters,  spatial  multiplexing  throughput,  and  data  process-
ing capabilities.

Existing  architectures  can  only  handle  data  with  regu-
lar  structures  and  are  unable  to  generalize  graph-struc-
tured  data  beyond  the  Euclidean  space.  Yan  et  al.[13]  pro-
posed  the  diffractive  graph  neural  network  (DGNN),  an
all-optical  graph  representation  learning  architecture  based
on  diffractive  photonic  computing  units  (DPUs)  and  on-
chip  optical  devices,  to  address  this  shortcoming  of  the
existing architectures. The DGNN is constructed using inte-
grated  DPUs  to  generate  optical  node  features,  where
each  DPU  consists  of  successive  diffractive  layers  imple-
mented using metalines to convert node attributes into opti-
cal  neural  messages.  In  this  architecture,  strip  optical
waveguides  are  used  to  encode  the  input  node  attributes
and  then  output  the  converted  results,  and  the  optical  neu-
ral  messages  sent  from  node  neighborhoods  are  aggre-
gated  using  optical  couplers.  The  DGNN architecture  per-
mits  horizontal  cascading  of  the  DPUs,  thus  expanding
the  receptive  field  and  enabling  capture  of  the  complex
dependencies between the node neighborhoods during imple-
mentation  of  optical  message-passing  over  graph-struc-
tured  data.  Furthermore,  the  multi-head  strategy  used  in
numerous  contemporary  deep-learning  models  (e.g.,  trans-
formers,  graph  attention  networks)  has  been  adopted  dur-
ing  vertical  stacking  of  the  DPUs  with  the  objective  of
extracting  the  higher-dimensional  optical  node  features
and  enhancing  their  learning  capabilities.  During  fabrica-
tion,  it  is  necessary  to  consider  unavoidable  manufactur-
ing  defects,  e.g.,  misalignment  between  layers  or  other
imperfections,  which  may  affect  the  robustness  of  the
free-space  optical  processors.  The  researchers  improved
the  robustness  of  these  free-space  optical  processors  to
unavoidable  misalignments  or  other  imperfections  in  the
fabrication process significantly by introducing these varia-
tions  as  stochastic  parameters  during  the  training  phase.
The  results  obtained  showed  that  this  optical  DGNN
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achieved  competitive  or  superior  classification  perfor-
mances  when  compared  with  electronic  graph  neural  net-
works  in  terms  of  synthetic  graph  models  and  three  real-
world  graph  benchmark  datasets.  Additionally,  the  opti-
cal  DGNN supports  graph-level  classification,  where  addi-
tional DPUs are used to aggregate all  the optical node fea-
tures  into  a  graph-level  representation  for  classification.
The  results  of  a  skeleton-based  human  action  recognition
test  demonstrated  the  effectiveness  of  this  architecture  for
use in graph-level classification tasks.

The  DGNN  architecture  proposed  by  Yan  et  al.[13]
only  uses  a  linear  model  for  optical  information  transfer
and  does  not  use  any  nonlinear  activation  functions  that
may  enhance  the  model’s  learning  capability.  Yildirim
et  al.[14]  proposed  a  programmable  framework  to  generate
optical  nonlinearities  using  multiple  scattering  in  a  low-
power  optical  device  called  nonlinear  processing  with  lin-
ear  optics  only  (nPOLO),  which  eliminates  the  need  for
electronic  components  to  achieve  higher-order  nonlineari-
ties.  This  framework  uses  the  nonlinear  relationship
between  the  scattering  potential  and  the  scattered  field  to
synthesize  programmable  linear  and  nonlinear  transforma-
tions  simultaneously  at  low  optical  powers  to  achieve  all-
optical processing in neural networks using low-power con-
tinuous-wave  lasers  and  diffractive  layers.  Furthermore,
the nPOLO framework enables simultaneous linear and non-
linear  operations  to  be  performed  in  the  optical  domain,
thus  unifying  the  multilayer  light  modulation  with  struc-
tural  nonlinearities  such  that  the  collective  effect  of  the
data-modulated  layers  on  the  propagating  light  produces  a
higher-order  nonlinear  transformation  of  the  data.  These
data  are  embedded  repeatedly  in  the  modulation  layers
and  are  combined  with  trainable  parameters  to  create  the
desired  linear  and  nonlinear  relationship  between  the  data
and  the  output  field.  Their  results  showed  that  increasing
the  numbers  of  layers  and  data  repetitions  produced
higher-order  nonlinearities,  e.g.,  polynomial  orders,  which
included  cross  terms  between  the  different  input  data  ele-
ments. In experiments with different datasets and layer con-
figurations, problems with the method’s robustness to exper-

imental  imperfections  and noise  were  observed.  Therefore,
the  researchers  modeled  the  experimental  imperfections
by introducing phase  noise  into  the  simulation;  they found
that  when  the  two  systems  had  equal  degrees  of  freedom
for the displayed pixels within the modulation layer, config-
urations  with  data  repetition  showed  greater  robustness  to
the  experimental  imperfections  and  simulated  noise  than
those  without  such  data  repetition.  By  creating  multiple
paths  leading  from  the  input  data  to  the  output  plane,  the
data  repetition  scheme  produces  higher  polynomial  orders
and  cross  terms  that  couple  with  the  different  optical
paths  to  reach  the  detector  plane,  which  may  make  this
data repetition scheme less noise-sensitive.

Liu  et  al.[15]  proposed  on-chip  diffractive  ONNs
(DONNs)  and  used  a  structural  reparameterization  algo-
rithm  to  design  ultra-compact  DONNs  that  addressed  the
problems  of  the  increased  power  and  resource  require-
ments  of  electronic  devices  during  complex  tasks;  they
demonstrated  93.3%  accuracy  experimentally  on  the  Iris
plant  dataset,  in  line  with  numerical  predictions.  They
encountered  challenges  when  modeling  the  on-chip
DONNs  directly,  particularly  in  portraying  the  interac-
tions  between  the  silicon  grooves  and  the  light  field  accu-
rately.  To  address  this  issue,  the  team  used  a  deep  com-
plex  neural  network  to  model  the  complex  interactions  in
each metal line, thus enabling accurate numerical characteri-
zation  of  the  on-chip  light  propagation.  This  work
increased  the  computational  density  by  more  than  an
order  of  magnitude,  raising  the  possibility  of  mapping
more neurons and connections onto optical devices.

On-chip  ONNs  are  able  to  convert  large  numbers  of
parameters into optical form while performing passive com-
putations,  but  they  still  face  challenges  in  scalability  and
multitasking. Liu et  al.[16] proposed a novel network archi-
tecture  for  multitasking  using  in-memory  optical  computa-
tion  by  fabricating  two  ultra-compact  memory  diffraction-
based chips with an integration level of over 60 000 parame-
ters/mm2  to  increase  the  computational  density  and  the
energy  efficiency  of  the  on-chip  neuromorphic  hardware.
This  approach  uses  the  transfer  learning  principle  to
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Fig. 2. The D2NN comprises multiple transmissive (or reflective) layers, where each point on a given layer acts as a neuron with a
complex-valued transmission (or reflection)  coefficient.  These transmission/reflection coefficients  for each layer can be trained
using  deep  learning  to  perform  functions  between  the  input  and  output  planes  of  the  network.  After  the  learning  phase,  the
D2NN design is fixed, and when it has been fabricated or 3D-printed, it then performs the learned function at the speed of light.
We trained and implemented different types of D2NNs experimentally. A comparison between (A) a CNN and (B) the D2NN is
presented above.
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embed  most  of  the  parameters  into  fixed  optical  compo-
nents and some into tunable electronic components. In addi-
tion,  the  physical  propagation  process  is  modeled  using  a
deep regression algorithm, and the compact ONN can han-
dle  a  variety  of  tasks.  In  the  classification  task,  the  shared
optical  core+lightweight  transfer  network  (SOC+LTN)  ar-
chitecture  was used to  process  datasets  including iris,  pen-
guin,  and  wheat  seeds  with  an  average  accuracy  of
95.9%,  which  is  comparable  to  that  of  large-scale  elec-
tronic  neural  networks  and  simultaneously  reduces  the
amount  of  high-power  numerical  computation  by  90%.  In
the  regression  task,  the  SOC  was  used  as  a  multi-kernel
convolutional unit by the structure reparameterization algo-
rithm;  different  classical  convolutional  kernels  were  com-
bined  with  LTN  to  realize  the  migration,  and  the  CNN
model  was  constructed  during  MNIST  handwritten  digit
recognition  with  accuracy  of  95.0%.  In  terms  of  model
training,  traditional  light  propagation  modeling  depends
on approximate  numerical  methods  that  are  inefficient  and
are  limited  by  conditions  such  as  layer  spacing.  The  team
therefore  introduced  a  deep  regression  neural  network
(DRNN)  to  replace  the  traditional  Rayleigh-Sommerfeld
diffraction  model;  it  mapped  the  complex  light  propaga-
tion  process  into  differentiable  neural  network  layers
using  the  structural  reparameterization  algorithm,  trained
the DRNN using finite-difference time-domain (FDTD) sim-
ulation  data  to  shorten  the  optimization  time  significantly
while maintaining accuracy, and improved the chip integra-
tion  density  and  computational  energy  efficiency.  This
work  demonstrated  the  considerable  potential  of  in-mem-
ory  optical  computing  frameworks  and  next-generation  AI
platforms.

ONN  functionality  is  limited  by  the  scale  of  the  on-
chip  integration  and  the  requirement  for  a  coherent  light
source.  Cui  et  al.[17]  proposed  the  spectral  convolutional
neural  network  (SCNN)  with  material  meta-imaging  func-
tionality  for  this  purpose.  The  optical  convolutional  layer
is  realized  by  integrating  an  ultra-large-scale,  pixel-
aligned spectral filter on a complementary metal-oxide-semi-
conductor (CMOS) image sensor. This layer enables realiza-
tion  of  a  highly  parallel  spectral  vector  inner  product  of
the  incident  incoherent  natural  light  (i.e.,  direct  informa-
tion carriers), thus enabling in-sensor optical analogue com-
putation  with  extremely  high  energy  efficiency.  Integra-
tion  of  the  large-scale  spectral  modulation  structures  (e.g.,
hypersurfaces,  pigment  layers)  onto  the  surfaces  of
CMOS image sensors requires strict alignment of the modu-
lation  units  with  the  sensor  pixels,  which  is  extremely
demanding on the manufacturing process. Additionally, con-
ventional ONNs rely on high-precision but high-cost hyper-
surface structures that are difficult to mass-produce. There-
fore, the research team used two different spectral modula-
tion  schemes:  a  high-precision  modulation  based  on  opti-
cal  hypersurfaces  and  a  low-cost  pigment-based  mass  pro-
duction  scheme.  The  former  realized  the  potential  for  full
light-field  sensing  by  optimizing  the  hypersurface  design,
while  the  latter  could  be  flowed  on  12-in  wafers  using  a

proven  semiconductor  process,  reducing  the  integration
costs  significantly  and  improving  production  feasibility.
This  represents  the  first  integrated  optical  computing
scheme  using  natural  light.  The  study  also  used  the  same
SCNN  chip  for  a  completely  different  real-world  com-
plex  task  and  achieved  accuracy  of  more  than  96%  in
pathology  diagnosis  and  almost  100%  accuracy  in  facial
anti-spoofing  at  video  rates.  These  results  demonstrate
that  in-sensor  edge  computing  chips  using  natural  light
are  feasible  and  scalable  for  application  to  a  variety  of
portable terminals.

The  DNN  proposed  by  Fu  et  al.[18]  was  designed  to
operate  in  the  near-infrared  region  and  was  nano-printed
on  a  CMOS  chip  via  vibrational  mirror  two-photon  nano-
lithography using 10 nm axial  nanosteps  to  achieve a  neu-
ron  density  of  108 neurons/mm3.  Their  aim was  to  resolve
challenges  for  conventional  sensors  and  electronic  neural
networks  with  optical  problems,  including  symmetric  and
asymmetric  decryption  performed  by  single-layer  percep-
trons  and  direct  phase  retrieval  performed  by  multilayer
DNNs. The compact form factors and the lithographic fabri-
cation  techniques  of  DNNs  can  be  integrated  directly  into
the  optoelectronic  sensors,  thus  allowing  for  co-integra-
tion  of  an  optical  diffraction  layer  with  an  additional  elec-
tronic  neural  network layer  or  for  use  of  the  sensor’s  non-
linear  response  as  a  nonlinear  activation  function  in  such
a  way  that  deep  neural  networks  are  formed.  This  energy-
efficient combination of machine learning and on-chip inte-
gration may provide a basis  for  new highly integrated sys-
tems  based  on  deep  neural  networks,  which  can  then  per-
form  the  task  of  reasoning  about  information  in  the  opti-
cal  domain  more  quickly,  more  efficiently,  and  more
robustly  than  conventional  digital  neural  networks.  As  a
result,  this  development  may  have  a  transformative  effect
on  sensing,  microscopy,  high-precision  laser  nanolithogra-
phy, quantitative phase imaging methods, and optical com-
puting applications.

 2.3.    Free-Space DNNs
Free-space  DNNs  are  built  using  bulk  optical  ele-

ments  (e.g.,  4f  systems,  spatial  light  modulators  (SLMs),
digital micromirror devices). A typical example is the opto-
electronic hybrid CNN based on the 4f system, which real-
izes  the  convolutional  kernel  function  by  placing  the
phase mask in the Fourier plane, and although the convolu-
tional  kernel  cannot  be  reconfigured,  it  has  demonstrated
low training  costs  and  efficient  prediction  performance.  In
addition,  the  D2NN  based  on  free-space  diffractive  ele-
ments  realizes  all-optical  learning  through  phase  modula-
tion  of  the  multilayer  diffractive  surfaces,  and  the  linear
relationship  between  the  thickness  of  the  diffractive  units
and the phase difference (h = λϕ/(2π∆n) provides the theo-
retical basis for their hardware implementation[19].

When  an  object  is  located  behind  a  random  and
unknown  scattering  medium  (e.g.,  a  random  phase  dif-
fuser),  its  image  information  will  be  distorted  severely,
thus  rendering  traditional  imaging  and  classification  meth-
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ods  ineffective.  To  solve  these  classification  problems,
Bai  et  al.[20]  proposed  an  all-optical  processor  that  uses
broadband  illumination  detected  by  a  single  pixel  to  clas-
sify  unknown  objects  directly  through  an  unknown  ran-
dom  phase  diffuser.  To  construct  a  DNN  that  can  pro-
cess  information  about  objects  behind  an  unknown  ran-
dom  diffuser,  the  diffractive  layer  design  and  optimiza-
tion  are  necessary  to  ensure  that  the  network  operates  at
the  speed  of  light  and  achieves  efficient  object  classifica-
tion.  Therefore,  Bai  et  al.[20]  used  deep-learning  tech-
niques  to  optimize  a  set  of  transmissive  diffractive  layers
that formed a physical network that was capable of all-opti-
cal  mapping  of  the  spatial  information  of  an  input  object
located  behind  a  random  diffuser  into  the  output  light
power  spectrum  detected  via  a  single  pixel  on  the  output
plane of the DNN. During training, several randomly gener-
ated  phase  diffusers  were  used  to  aid  the  generalization
capability  of  the  DNN.  After  completion  of  this  single-
pass  deep-learning-based  training  process,  the  resulting
diffractive  layers  could  be  fabricated  physically  to  form  a
single-pixel  network.  The  accuracy  of  the  framework  was
demonstrated numerically using broadband radiation to clas-
sify  unknown  handwritten  digits  through  random new  dif-
fusers  that  were  never  used  in  the  training  phase,  with  a
blind-test  accuracy of  87.74 ± 1.12% being achieved.  This
single-pixel,  all-optical  object  classification  system  using
random  diffusers  is  based  on  passive  diffractive  layers
that  can  process  broadband  input  light  and  operate  in  any
part  of the electromagnetic spectrum by simply scaling the
diffraction features based on the relevant wavelength range.

Existing  spectral  reconstruction  methods  require
either  bulky  equipment  or  complex  electronic  reconstruc-
tion  algorithms,  which  have  limited  the  performances  and
applications  of  these  systems.  Wang  et  al.[21]  proposed  a
scalable  all-optical  opto-intelligence  spectrometer  (OIS)
for high-precision spectral reconstruction of spatially coher-
ent  or  incoherent  multispectral  input  sources  using  DNNs
to solve the image reconstruction problem. The OIS estab-
lishes  a  mapping  relationship  between  the  inputs  and  out-
puts  and  then  transforms  the  spectral  amplitude  of  the
input  source  into  the  detected  output  plane  intensity,
where  each  detector  corresponds  to  a  specific  spectral
band.  Additionally,  Wang  et  al.[21] optimized  the  modula-
tion  layer  phases  using  two  types  of  mean-squared-error
(MSE)  loss  functions,  which  enabled  high-quality  recon-
struction  of  the  input  spectrum  and  ensured  a  reasonable
high-contrast intensity distribution at the output plane. Ran-
dom  phases  were  introduced  at  the  input  plane  and  spa-
tially incoherent inputs were simulated through a combina-
tion  of  multiple  forward  propagations  and  averaging  at
the  output  plane.  Although  the  reconstruction  quality
decreased  gradually  with  increasing  aperture,  the  OIS
could  still  reconstruct  the  required  spectrum  effectively.
Therefore,  these  researchers  designed  a  simple  but  effec-
tive  electronic  calibration  module  located  at  the  back  end
of  the  optical  reconstruction  module  to  further  improve
the  spectral  reconstruction  quality.  After  correction  by  the

electrical  calibration  module,  the  reconstruction  results
matched  the  input  results  closely  and  surpassed  those
obtained  via  spatially  coherent  spectral  reconstruction
tasks. In the optical reconstruction module, the optical mod-
ulation  layer  phase  had  to  be  optimized  for  high-quality
spectral  reconstruction.  The  researchers  corrected  the  opti-
cal  reconstruction  results  via  an  electronic  neural  net-
work  to  obtain  new  spectral  intensity  vectors.  The  optical
modulation layer  parameters  remained fixed during weight
optimization  of  the  electronic  neural  network.  The  weight
update  process  was  guided  by  the  loss  function.  Simula-
tion  experiments  indicated  that  the  OIS  could  implement
high-precision spectral reconstruction under spatially coher-
ent  and  incoherent  light  source  conditions  without  a
reliance  on  complex  electronic  algorithms,  and  integra-
tion  with  a  simplified  electrical  calibration  module
improved  its  performance  further.  This  framework  consid-
ers  spatial  and  partial  temporal  coherence  carefully,  thus
solidifying  its  status  as  an  important  reference  for  the
deployment of photonic neural networks in the spectral ana-
lysis of real-world objects. The all-optical DNN is comple-
mented by a simple electronic module that makes the archi-
tecture  exceptionally  efficient,  thus  enabling  fast  infer-
ence and reducing the system complexity.

Yu  et  al.[22]  proposed  an  ONN  accelerator  (the  time-
wavelength  multiplexed  photonic  neural  network  accelera-
tor,  or  TWM-PNNA)  based  on  use  of  a  time-wavelength
multiplexing  mechanism  to  combine  optical  computing
with  a  distributed  acoustic  sensing  (DAS)  system  to  over-
come the performance bottleneck caused by traditional elec-
tronic  signal  processing  in  real-time  data  processing.  The
system  maintained  more  than  90%  classification  accuracy
when the  full-connectivity  parameter  retention  was  no  less
than  60%,  thus  laying  a  foundation  for  the  construction  of
an  all-optical,  low-power,  real-time  monitoring  system.  In
the  case  of  unmodulated  chirp,  each  bit  sequence  remains
independent;  however,  in  the  case  of  interaction  between
modulated  chirp  and  fiber  dispersion,  a  pulse  broadening
phenomenon  occurs  that  results  in  interference  between
adjacent  bits,  which  then  triggers  inter-symbol  interfer-
ence  within  the  channel,  degrading  the  signal  transmis-
sion quality  and increasing the  bit  error  rate  (BER).  When
the photodetector  superimposes power on signals  at  differ-
ent  wavelengths,  the  modulation chirp  exacerbates  the  sig-
nal  distortion,  which  then  affects  the  computational  accu-
racy  of  the  convolution  kernel  in  the  TWM-PNNA  sys-
tem.  In  addition to  pulse  broadening,  the  modulation chirp
causes  spectral  broadening  of  the  signal,  which  increases
the probability of spectral overlap occurring between neigh-
boring channels in a wavelength division multiplexing sys-
tem significantly.  This  spectral  overlap increases  the  inter-
channel  crosstalk,  which  reduces  the  signal-to-noise  ratio
(SNR), and the combination of these effects affect the com-
putational  accuracy  and  the  BER  of  the  system.  To
reduce  the  chirp  effect  in  the  system,  the  researchers
improved  the  TWM-PNNA system performance  by  17.9%
when compared with the original  method for  complex pat-
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tern  recognition  tasks  by  using  a  two-arm  modulation
method  at  a  wavelength  spacing  of  0.4  nm.  The  parame-
ter  redundancy  and  the  computational  burden  of  the  fully
connected  layer  were  other  challenges  faced  by  the  team.
The  fully  connected  layer  contained  a  large  number  of
weighting  parameters  and  direct  implementation  of  these
parameters  would  increase  both  hardware  complexity  and
computational cost. The team optimized the model by apply-
ing  a  post-training  pruning-aware  tuning  (PAT)  technique
that  uses  a  mask  matrix  to  eliminate  any  weakly  corre-
lated  neuron  connections.  The  experimental  results
showed  that  when  the  retention  rate  for  the  all-connec-
tion  parameters  was  no  less  than  60%,  the  classification
accuracy  could  be  maintained  at  more  than  90%,  which
offers  a  basis  for  model  lightweighting.  In  addition,  the
team proposed use of modulators to realize optical full-con-
nectivity computation; this approach breaks through the lim-
itations  of  the  fixed  weights  and  numbers  of  ports  in  the
full-connectivity  operation  of  traditional  wavelength  selec-
tive switches by dynamically adjusting the attenuation coef-
ficients  of  the  modulators  for  each  channel  to  load  the
weights  and  thus  it  improves  the  flexibility  and  scalabil-
ity  of  the  system.  This  study  realized  automatic  optimiza-
tion  of  ONN  design  using  pruning  and  chirp  modulation,
which improved the  accuracy and stability  of  optical  com-
puting, laid a foundation for the deployment and optimiza-
tion of ONNs in practical applications, provided an innova-
tive  computational  framework  for  DAS  systems,  and  thus
paved  the  way  for  all-optical  convergence  of  DAS  sys-
tems with computing systems.

Hua  et  al.[23]  presented  a  large-scale  integrated  pho-
tonic  accelerator  composed  of  more  than  16 000  photonic
components.  The  accelerator  was  designed  to  implement
standard  linear  matrix-add-column  (MAC)  functionality
using  an  innovative  2.5D  hybrid  advanced  packaging
methodology to design the logic, storage, and control func-
tions  that  support  the  photonic  matrix  MAC  operation  in
a  co-integrated  electronic  chip.  The  aim  was  to  achieve
seamless  integration  of  the  electronic  and  photonic  chips
on  a  commercial  scale  to  address  the  technical  challenges
faced  by  integrated  photonics  systems  during  the  scaling-
up  process,  e.g.,  ensuring  scaled  integration  of  the  device
clusters,  consistent  performance  improvements,  establish-
ing  a  standard  design  and  verification  process  for  com-
plex  circuits,  and  providing  large-scale  system  packaging.
The  system  achieved  high-speed  computation  at  up  to
1  GHz  with  a  low  latency  of  3  ns  per  cycle,  an  average
7.61-bit  computational  accuracy,  throughput  of  8.19
TOPS,  and  energy  efficiency  of  2.38  TOPS/W  (including
the lasers), and addressed a combinatorial optimization prob-
lem,  e.g.,  the  Ising  model,  with  higher  throughput  than
the  commercial  NVIDIA  A10  chip.  This  system  achieved
a  two-orders-of-magnitude  improvement  in  both  latency
and  computation  time  when  compared  with  commercial
NVIDIA A10 GPUs. Responding to the challenge of devel-
oping  computational  models  and  algorithms  to  fit  their
new hardware, the team designed a heuristic recursive algo-

rithm  based  on  MAC  operation  of  the  photonic  loop,
which introduced laser  noise,  analog drive noise,  and digi-
tal  control  noise  into  the  circuit.  They  then  tuned  the
SNR  actively  to  achieve  a  controllable  bit-flip  such  that
the  algorithm converged  to  the  Ising  model’s  ground  state
distribution  through  iterative  matrix  MAC  calculations,
while  simultaneously  taking  advantage  of  the  optical
range  length  limitations  in  the  photonic  circuit.  The  opti-
cal  range  length  limiting  delay  property  in  photonic  cir-
cuits  enables  nanosecond-scale  low-delay  computation,
which  significantly  accelerates  the  solution  process  of  the
combinatorial optimization problem.

In  multiple  scattering  scenarios,  the  wavefront  struc-
ture  of  the  light  passing  through  a  complex  medium  is
destroyed,  producing  a  highly  randomized  scattering  pat-
tern  in  the  output  signal,  and  the  original  structure  can
then no longer be traced from the output image. Most con-
ventional  methods  to  cope  with  these  problems  are  based
on  the  optical  memory  effect.  However,  there  is  a  natural
limitation  on  the  applicability  of  the  optical  memory
effect:  it  only  holds  when  the  scatterer  is  sufficiently  thin
and the medium structure changes little,  but  when the sys-
tem  thickness  increases  or  the  number  of  layers  of  the
medium increases, the angular correlation decreases dramati-
cally  and  is  ultimately  lost;  this  leads  to  a  complete  fail-
ure  of  the  traditional  image  reconstruction  strategy,  which
relies  on  angular  retention.  To  break  through  this  physi-
cal  limitation,  Zhang  et  al.[24]  constructed  a  three-layer
ONN  that  operated  in  the  all-optical  domain  with  a  field-
of-view  (FOV)  that  was  enlarged  by  a  factor  of  271.
They  realized  image  reconstruction  in  strongly  scattering
media  without  an  optical  memory  effect.  The  first  optical
convolution  module  in  the  network  receives  the  input  ran-
dom  scattering  map  and  then  maps  it  into  multiple  fea-
ture  sub-maps  by  encoding  the  phase  structure,  realizing
both  decoupling  of  the  primary  information  and  channel
separation;  the  second  layer  then  extracts  the  higher-order
spatial  modes  by  using  the  composite  phase  kernel  to
enhance  texture  and  structure  perception  within  the
image;  finally,  the  third  layer  is  the  fully  connected  out-
put  layer,  which  is  responsible  for  fusion  of  the  features
of  the  various  channels  to  enable  output  of  the  reconstruc-
tion  results  for  the  target  image  obtained  by  interferomet-
ric  imaging.  On  the  basis  of  the  Fourier  optics  theory,  the
device  uses  a  fully  optical  structure  to  accomplish  multi-
layer convolution, feature extraction, and image reconstruc-
tion,  thus  eliminating  the  reliance  on  angular  correlation
and  reference  wavefronts  experienced  in  traditional  imag-
ing  systems.  The  device  can  be  reconfigured  dynamically
for ultra-fast multi-task image reconstruction with computa-
tional  power  of  15.7  million  operations  per  second
(POPS).  In  the  multilayer  strong scattering case,  the  angu-
lar range of the optical memory effect decreases as the num-
ber  of  scattering  layers  and  the  layer  spacing  increase,
which  makes  it  difficult  for  conventional  methods  to
extract  features  from  the  images  effectively.  The
researchers thus used the vortex phase function in the con-
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volutional  kernel  to  extract  the  edge  information  that  was
embedded  in  the  scattering  pattern.  Experiments  showed
that  the  convolutional  ONN  with  the  vortex  kernel  has
higher Pearson correlation coefficient values than that with-
out  a  vortex  kernel,  and  that  it  can  effectively  extract  the
object  edges  in  any  direction,  which  improves  its  feature
extraction  ability  in  strong  scattering  scenarios.  Addition-
ally,  misalignment  between  the  layers  of  the  convolu-
tional  ONN  can  cause  its  performance  to  degrade  signifi-
cantly.  Therefore,  the  team  used  a  symmetric  Gaussian
phase  distribution  to  calibrate  the  system’s  misalignment
error  to  mitigate  the  effects  of  this  problem  on  the  model
performance.  This  research  not  only  realized  the  paradigm
leap from memory-dependent  to  autonomous perception in
theory,  but  also  demonstrated  the  practical  feasibility  of
using ONNs as information processing systems in engineer-
ing  implementations.  The  architecture  of  the  network  is
detached  completely  from  the  electronic  computing  plat-
form,  which  fundamentally  breaks  through  the  speed  and
power  consumption  bottlenecks  of  existing  image  recon-
struction  systems.  Furthermore,  the  researchers  noted  that
their  network  can  be  integrated  on  the  nanometer  scale
via  advanced  processing  technologies  such  as  3D  laser
direct  writing  to  construct  a  chip-on-chip  photonic  neural
network  device,  thus  laying  the  processing  foundation  for
development  of  a  new  type  of  computing  system  that
replaces computation with light in the future.

Optical  single  instruction,  multiple  data  (SIMD)  logic
operations  have  been  implemented  using  waveguide-based
photonic circuits. However, the scalability of the implemen-
tation  method  is  limited  because  of  the  difficulty  involved
in  achieving  accurate,  large-scale  fabrication.  Because  of
the  inherent  parallelism  of  free-space  propagation,  the  use
of  DNNs  offers  the  potential  to  solve  this  computational
problem.  However,  existing  approaches  to  DNN-based
logic  operations  typically  involve  performing  only  one  or
a few logical operations on a small number of bits. Further-
more,  these  methods  still  require  computational  encoding
and  decoding  of  the  inputs  and  outputs,  which  represent  a
significant  challenge  for  end-to-end  optical  computing.
Mashiko  et  al.[25]  proposed  an  optical  computing  architec-
ture  called  diffraction  casting  (DC)  to  perform  flexible
and  scalable  parallel  logic  operations.  By  incorporating
the shadow casting (SC) scheme and a DNN, DC can per-
form  16  switchable  optical  SIMD logic  operations  on  256
bits,  thus  resolving  the  computational  problem  for  multi-
data  logic  operations.  Unlike  the  SC  scheme,  which  is
based  on  geometrical  optics,  DC  is  based  on  wave  optics.
The optical cascade for DC comprises reconfigurable illumi-
nation,  use  of  diffractive  optical  elements  (DOEs),  and
input  layers.  The  illumination  pattern  and  the  DOEs  are
designed  to  perform  16  logic  operations  on  any  binary
input  image  pair,  and  the  output  intensities  of  the  optical
cascade  are  binarized  to  generate  the  final  result.  This
method  only  requires  the  illumination  pattern  to  be
changed  to  alter  the  logic  operations.  DC  eliminates  the
need  for  computational  encoding  and  decoding  of  the

inputs  and  outputs,  which  forms  an  inherent  bottleneck  in
SC  schemes  and  in  the  DNN-based  logic  operations
described  previously.  Mashiko  et  al.[25]  enabled  end-to-
end  all-optical  computing  by  introducing  a  buffer  around
the  input  region  that  eliminated  the  need  to  encode  and
decode  the  input  and  output,  respectively.  One  problem
with  the  use  of  DC  in  practical  applications  is  its  low
energy efficiency. This issue can be resolved by using illu-
mination  with  phase  modulation  and optimizing the  physi-
cal  conditions  (including the  layer  interval,  the  buffer,  and
the  image  sensor).  Additionally,  alignment  errors  may
occur  in  physical  system  implementations.  The
researchers  proposed  several  methods  to  compensate  for
these  alignment  errors,  including  introducing  alignment
errors  or  model  errors  during  computational  training  to
enhance  system  robustness,  use  of  a  closed-loop  process
to  feed  alignment  errors  or  model  mismatches  back  to  the
controllable  optics,  and  use  of  integrated  chip  fabrication
techniques  to  reduce  the  alignment  errors  and  model  mis-
matches  significantly.  In  previous  studies,  the  optical
diffraction  processes  for  each  spatial  region  of  the  logic
operations  and  the  bits  had  to  be  designed  separately.
This  method,  however,  allows  for  interference  occurring
among  the  spatial  regions  of  the  bits  and  the  logic  opera-
tions,  and  thus  allows  these  regions  to  be  densely  posi-
tioned  based  on  the  illumination  pattern  and  the  end-to-
end design of the DOEs. This advantage provides high scal-
ability  and  integration  capabilities  for  all-optical  opera-
tions,  thus  eliminating  the  need  for  computational  encod-
ing and decoding.

Most  existing  photonic  computing  accelerators  are
focused on discriminative neural networks. Large-scale gen-
erative  photonic  computing  machines  have  remained
largely  unexplored,  partly  because  of  poor  data  accessibil-
ity,  accuracy,  and  hardware  feasibility.  Zhan  et  al.[26] used
random  light  scattering  in  disordered  media  as  a  native
noise  source  and  then  applied  large-scale  diffractive  opti-
cal  computing  techniques  to  generate  images  from  that
noise,  thereby  addressing  the  information  processing  and
computation  problems  by  pursuing  the  spatial  parallelism
of  the  light  alone  to  realize  hardware  consistency.  This
large-scale  spatial  speckle  pattern  was  combined  with
DONNs  to  provide  hardware-platform  consistency  for  the
photonic generative neural network (all spatial pattern mod-
ulation),  and the excellent  statistical  properties  of  the  scat-
tered  signal  ensure  the  high  quality  of  the  noisy  signal.
However,  efficient  mapping  from  random  speckle  pat-
terns  to  target  images  requires  correlation  of  the  two
using  precise  optical  encoding  strategies.  The  researchers
therefore  proposed  two  encoding  strategies:  random  posi-
tion encoding and physics-aware position encoding. The lat-
ter  approach  improved  the  quality  and  consistency  of  the
generated  image  significantly  by  reducing  the  target
image  dimensions  using  a  variational  autoencoder  (VAE)
and  then  correlating  the  image  with  the  illumination  posi-
tion  of  the  scattering  medium.  Additionally,  the  optoelec-
tronic  generator  component  used  two  ONN  architectures:
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cascaded  and  parallel.  The  cascaded  network  imple-
mented  deep learning  via  layer-by-layer  feature  extraction,
and  the  parallel  network  performed  feature  aggregation
using  independent  feature  extraction  modules  to  adapt  to
the  requirements  of  the  different  datasets  and  generation
tasks.  In  the  experiments,  the  scanning  range  of  the  noise
input  was  constrained  by  the  system  aperture.  To  enhance
the  sample  capacity,  the  researchers  proposed  replace-
ment  of  the  phase  grating  used  for  scanning  with  spe-
cially  designed  grayscale  patterns.  Unlike  the  previous
binary  scanning  methods,  this  grayscale  wavefront  shap-
ing  strategy  provided  additional  channels  for  noise  sam-
pling.  Compared  with  the  recent  generative  network  mod-
els  deployed  on  various  items  of  optical  computing  hard-
ware,  this  scheme  improved  the  image  generation  capabil-
ity  by  an  order  of  magnitude,  from  generating  a  single
class  to  generating  10  classes,  and  thus  further  expanded
the application prospects of optical computing in the genera-
tive  modeling  field.  This  work  has  therefore  paved  the
way  for  more  sophisticated  applications,  including  real-
world data augmentation and multimodal generation.

Among the various ONNs studied in the optical neuro-
morphic  engineering  field,  spiking  neural  networks
(SNNs)  have  been  remarkably  successful  in  simulating
the  computational  principles  of  the  human  brain.  The
event-based spiking properties of optical  SNNs offer capa-
bilities  that  are  difficult  to  achieve  or  are  unmatched  by
other  neural  networks  in  terms  of  their  low-power  opera-
tion,  speed,  temporal  processing,  analogue  computation,
and hardware efficiency. Ahmadi et al.[27] proposed the pio-
neering  free-space  optical  deep  spiking  convolutional  neu-
ral  network  (OSCNN),  which  uses  free-space  optics  to
improve  energy  efficiency  and  processing  speeds  while
also  maintaining  high  pattern  detection  accuracy.  Specifi-
cally,  the  model  applies  a  Gabor  filter  at  its  initial  layer
for  efficient  feature  extraction  and  uses  optical  compo-
nents  such  as  intensity-delay  conversion  devices  and  syn-
chronizers,  which  are  designed  using  off-the-shelf  optics.
The  OSCNN  consumes  only  1.6  W  and  has  a  processing
time of  2.44 ms,  which is  considerably  higher  than that  of
conventional  electronic  CNNs  on  GPUs  (which  typically
consume  150–300  W  and  have  processing  times  of  1–
5 ms),  and is  competitive  with  other  free-space  ONNs.  To
ensure  nanoscale  component  alignment  accuracy,  an
advanced  micropositioning  system  and  an  active  feed-
back control mechanism were proposed. To improve the sig-
nal integrity, high-quality optical components, error correc-
tion  algorithms,  adaptive  optics,  and  anti-noise  coding
schemes were used. The integration of the optical and elec-
tronic  components  was  optimized  by  designing  high-speed
photoconverters,  custom  integrated  circuits,  and  advanced
packaging  techniques.  In  addition,  high-efficiency,  com-
pact  semiconductor  laser  diodes  were  used  and  new  cool-
ing strategies were developed to minimize power consump-
tion and reduce the device footprint.

The  dependence  of  conventional  DONNs  on  fully
coherent  light  sources  limits  their  application  to  real  and

complex  optical  environments.  Although  the  implementa-
tion  of  DONNs under  partially  coherent  light  by  consider-
ing  DONNs  with  coherent  and  incoherent  light  is  possi-
ble,  this  approach  ignores  the  coherence  structures.  To
address  this  problem,  Dong  et  al.[28]  proposed  the  par-
tially  coherent  DONN  (PC-DONN).  This  approach  intro-
duces  the  spatial  coherence  of  the  light  as  an  auxiliary
dimension  (i.e.,  the  parameter  related  to  the  spatial  coher-
ence length) and develops a training algorithm that is appli-
cable  to  a  light  source  of  any  spatial  coherence,  thereby
expanding the algorithm’s practical application to low-coher-
ence  or  even  incoherent  environments  and  addressing  the
computational  problem  that  traditional  DONNs  only  oper-
ate  under  fully  coherent  light.  The team constructed a  uni-
fied coherence representation framework based on the Gaus-
sian-Schell  model,  which  uses  the  coherence  length  l  of
the  light  field  to  characterize  the  spatial  extent  of  the
phase  correlations  in  the  light  field,  thus  enabling  a  pre-
cise  description  of  a  wide  range  of  light  source  condi-
tions from fully coherent to fully incoherent.  They demon-
strated  the  effectiveness  of  their  proposed  PC-DONN  via
recognition  of  handwritten  digits  in  the  MNIST  database
through  both  simulations  and  experiments.  A  PC-DONN
trained  with  l  =  0.2  mm  maintained  accuracy  above  82%
when the light coherence length was reduced to l = 0.05 mm
and  reached  90%  with  further  optimization.  Conversely,
the  accuracy  of  conventional  coherent  DONNs  decreased
significantly  from  91%  to  26%  under  these  conditions,
thus  fully  demonstrating  the  robustness  and  effective-
ness  of  the  proposed method under  partially  coherent  light
conditions.

Table  1  summarizes  the  core  hardware  parameters  of
the  optical  networks  related  to  high-precision  detection,
including physical hardware type, detector selection, operat-
ing  wavelength  band,  and  bandwidth.  As  can  be  seen
from the comparison, the hardware configurations of differ-
ent systems are highly matched to their application scenar-
ios: for example, the all-optical processor designed for scat-
tering  medium  imaging  adopts  a  wide-bandwidth  design
to  accommodate  broadband  illumination,  while  the  on-
chip integrated DGNN selects a narrow-bandwidth commu-
nication wavelength to adapt to the photonic chip architec-
ture.  These  parameter  differences  provide  important  refer-
ences for hardware selection and scenario adaptation in opti-
cal neural networks.

 3.    APPLICATION PROSPECTS
Optical  nonlinear  effects  allow  optical  signals  to  be

encoded  and  decoded  using  specific  physical  rules;  this
property  is  not  limited  to  performing  complex  computa-
tional tasks and opening multiple novel application scenar-
ios  in  sensing  technologies  based  on  physical  laws.  When
simulating complex physical  scenarios  while  following the
laws  of  physics,  optical  coding  techniques  may  be
required  to  work  in  concert  with  simple  electrical  net-
works to convert, amplify, or transmit signals to ensure sta-
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ble operation and precise control of the entire system.
In  an  innovative  scheme[29]  to  implement  a  nonlinear

ONN using linear optical paths, a joint team from Yale Uni-
versity  and  the  École  Normale  Supérieure  Paris  used  a
spherical chamber of the size of a golf ball, which was par-
tially  lined  internally  with  a  reconfigurable  array  of  tiny
mirrors,  with  the  remainder  lined  with  a  diffuse
reflectance coating.  When they launched a  laser  beam into
a  hole  in  the  chamber,  the  light  bounced  around  the
inside before emerging from the other hole as a speckle pat-
tern.  The  researchers  realized  that  the  chamber  could  act
as  a  “reservoir  computer”–a  special  type  of  neural  net-
work.  On average,  the  light  bounces  off  the  surface  of  the
chamber  thousands  of  times  before  exiting  to  produce  a
speckle pattern that contains rich information about the cor-
relation  between  the  pixels  in  the  input  data,  which  serves
as  the  basis  by  which  the  neural  network  achieves  intelli-
gence.  Rather  than  random scattering,  the  École  Polytech-
nique  Fédérale  de  Lausanne  (EPFL)  team crafted  a  zigzag
optical  path  that  allowed  the  beam to  be  scattered  over  an
SLM with  four  different  copies  of  the  input.  The  pixels  in
each  copy  could  be  tuned  using  trainable  parameters,  thus
allowing  the  system  to  be  trained  like  a  traditional  neural
network.  Although the  light  was  reflected  only  four  times,
this  was  sufficient  to  produce  the  effective  nonlinear
effects  required  to  implement  a  simple  image  classifica-
tion  task  successfully.  Furthermore,  the  multiple  encod-
ing  design  makes  the  system  highly  noise-resistant.  A
team  at  the  Max  Planck  Institute  for  the  Science  of  Light
designed a network structure based on bidirectional scatter-
ing. Unlike traditional neural networks, which have a unidi-
rectional  information  flow,  the  light  waves  in  their  design
can  propagate  through  the  network  in  both  directions.  The
system  naturally  generates  the  desired  nonlinear  depen-
dences by encoding the data and parameters in neurons. Pre-
liminary  simulations  indicate  that  this  optical  implementa-
tion  may  reduce  the  training  process,  which  normally
takes  hours,  to  the  millisecond  level,  thus  indicating  great
potential  for  practical  applications.  All  three  teams  relied
on  changing  how  the  data  were  encoded,  rather  than  on
nonlinear optical materials, to achieve nonlinear functional-
ity.  The  essence  lies  in  not  encoding  the  data  in  the  light
field,  but  instead  encoding  it  in  some  parts  of  the  system

that  interact  with  the  light.  In  this  way,  nonlinear  func-
tions can be computed easily, and neural network implemen-
tation  becomes  simple.  Because  these  optical  computa-
tions  rely  on  changing  the  way  the  data  are  encoded  to
achieve  nonlinear  functionality,  they  can  provide  new
approaches for novel, efficient physical neural network com-
puting architectures in the future.

Notably,  traditional  reflective  imaging  techniques  and
imaging  methods  that  rely  on  the  laws  of  physics,  e.g.,
diffraction  and  interference,  can  undergo  innovation  and
optimization  through  a  unifying  optical  computing  frame-
work.  Optical  computing  uses  the  parallel  processing
power  and  high  speed  of  light  signals  to  integrate  these
diverse  imaging  mechanisms  into  an  efficient  and  flexi-
ble  information  processing  system.  This  means  that  both
the  simple  reconstruction  of  object  contours  and  the  com-
plex  visualization  of  physical  processes  can  be  realized
through  well-designed  optical  systems  without  a  reliance
on  traditional  imaging  equipment  or  algorithms.  Within
this  framework,  imaging  and  computation  processes  are
no  longer  clearly  demarcated  but  are  deeply  integrated,
i.e.,  computation  and  detection  in  one.  This  approach
greatly  improves  information  processing  efficiency  and
accuracy, and opens new avenues to explore complex physi-
cal phenomena, develop new sensing technologies, and pro-
mote the advancement of optical computing technology.

In  the  wavefront  detection  field,  the  current  develop-
ment focus for adaptive optics technology is mainly on mea-
surements  contaminated  by  a  single  isoplanatic  aberration
within  a  relatively  small  FOV  and  does  not  address  the
problem  of  anisoplanatism  effectively.  Moreover,  exten-
sion  of  the  measurement  FOV  beyond  this  scale  while
also  maintaining  high  accuracy  remains  challenging,  and
the  complex  optical  configurations  used  in  these  technolo-
gies  often  produce  bulky  and  costly  system  designs.  Digi-
tal  adaptive  optics  estimates  and  corrects  for  spatially
nonuniform  aberrations  via  a  meta-imaging  sensor.  How-
ever, the iterative reconstruction process involved incurs sig-
nificant  computational  costs,  which  hinders  its  practical
application  in  real-time  observations  of  dynamic  turbu-
lence.  Guo  et  al.[30]  proposed  a  light-field-based  plug-and-
play  wide-field  wavefront  sensor  (WWS),  which  can
observe  atmospheric  turbulence  directly  at  a  frequency  of

 

Table 1. Hardware, detector, and band parameters of the optical computing system

System Physical hardware Detector Band Bandwidth
Ultra-deep neural

network[8]
N-LEM arrays (new device with
dual optoelectronics outputs)

Light-emitting diode
(LED) Ultraviolet range –

All-optical processor[20] 3D-printed transmissive
diffractive layer

Single-pixel spectral
detector 0.6 –1.2 mm 60 mm

Diffractive graph neural
network (DGNN)[13] On-chip optocouplers Optoelectronic detector 1.554 μm Narrow bandwidth

nPOLO framework[14] Liquid crystal SLM, mirrors,
continuous wave lasers Camera (CAM)

Low-power continuous-
wave lasers (visible or
near-infrared band)

–

OIS[21] 3D-printed diffractive layer
Camera (CAM) Visible band

–
Single-pixel mixer/AMC Terahertz band
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30 Hz over a wide FOV spanning 1 100''. Their experimen-
tal measurements were consistent with the von Karman tur-
bulence  model,  and  the  root-mean-square  error  of  the  pre-
dicted  wavefront  at  the  central  wavelength  of  525 nm was
reduced significantly  by 195 nm for  the  WWS when com-
pared with a conventional wavefront sensor. Optical coher-
ence  tomography  (OCT),  which  is  based  on  the  scatter-
ing  principle,  has  a  wide  range  of  potential  wavefront  and
wireless  sensing  applications.  Combining  optical  net-
works  can  help  to  address  problems  in  OCT-based  wave-
front sensing while also achieving high-resolution determi-
nation  and  sensing.  Applying  deep-learning  techniques  to
wavefront  sensing  can  improve  the  sensitivity  and
dynamic range significantly. For example, optical differenti-
ation wavefront sensors use deep-learning-driven optical dif-
ferentiation  techniques  to  realize  higher  spatial  resolution
and  scalable  dynamic  ranges  by  increasing  the  filter  size.
In  terms  of  robustness  improvement,  combining  a  nonlin-
ear  amplitude  filter  with  a  CNN-based  reconstruction
method  produced  improvements  in  the  sensitivity,
dynamic  range,  and  robustness  of  wavefront  sensing.  The
ability  of  the  CNN  architecture  to  accurately  predict
hybrid wavefronts that combine Zernike aberrations and ran-
dom-pattern  phase  profiles  highlights  the  versatility  of
zonal-reconstruction-based  CNNs  for  complex  wavefront
shape handling. OCT relies on light backscattered from dif-
ferent  sample  regions  to  generate  3D images  and uses  dif-
ferent  positioning  techniques  to  obtain  axial  and  trans-
verse information. By optimizing the optical network struc-
ture  and  improving  the  light  source  coherence,  imaging
speeds can be improved by reducing the optical signal atten-
uation  during  transmission,  and  imaging  depths  can  be
increased  by  adjusting  the  light  source  parameters  or
using  multi-mode  fibers.  The  convergence  and  innovation
of  these  technologies  will  drive  further  OCT  develop-
ment  in  areas  that  include  biomedical  imaging  and  indus-
trial inspection.

In  terms  of  target  recognition  and  classification,  Xu
et  al.[31]  proposed  a  hardware-aware  training  and  pruning
method that enhances the robustness of photonic neural net-
works  (PNNs)  by  introducing  a  hardware-algorithm  co-
design  approach  that  focuses  on  encouraging  the  weights
to  move to  the  variance-insensitive  region and training the
neural  network  parameters  toward  the  noise-robust  and
energy-efficient  region.  Furthermore,  the  variance-insensi-
tive  region  coincides  with  the  region  that  requires  mini-
mal  tuning  power  for  weight  assignment  and  thus  reduces
power  consumption.  The  experimental  classification  accu-
racy  of  a  two-layer  CNN  based  on  this  method  reached
95.0% for the MNIST dataset classification, which is com-
parable to the theoretical value.

Optical  computing  is  inherently  characterized  by  high
speeds and low power consumption, which give optical net-
works  significant  advantages  when  handling  large-scale
data  and  high-performance  computational  tasks.  Because
of  the  characteristics  of  optical  computing,  including  its
high  bandwidth,  low  latency,  high  energy  efficiency,  and

parallelism,  it  has  broad  application  prospects  in  fields
including  wireless  signal  processing,  high-speed  data  cen-
ters,  and  edge  computing.  The  ability  of  optical  network
computing  to  process  data  at  the  speed  of  light  increases
processing  speeds  and  reduces  energy  consumption,  thus
making  it  uniquely  advantageous  for  modern  computing
and communications.

 4.    CONCLUSIONS AND OUTLOOK
The  rapid  development  of  ONNs  has  opened  a  new

research  avenue  for  computing  power  enhancement.
Because  optical  signal  characteristics  include  low  power
consumption, low latency, high parallelism, and large band-
widths, optical computing based on neural network architec-
tures is  promising for processing of spatial  signals,  tempo-
ral  signals,  and  on-chip  information.  This  review  has
addressed  the  practicality  of  ONNs,  introduced  the  funda-
mental  principles  of  ONN-based  computing,  described  the
challenges  involved  in  different  application  scenarios,  and
highlighted  the  important  role  of  optical  computing  in  the
future information society.

The  development  of  optical  computing  in  terms  of
the  four  dimensions  of  scale,  node,  depth,  and  power  con-
sumption  is  highly  consistent  with  Moore’s  Law.  With  its
expanding  computational  scale,  continuously  improving
node integration, increasing algorithmic depth and architec-
tural  hierarchy,  and  gradually  decreasing  power  consump-
tion,  optical  computing  exhibits  a  pattern  similar  to  the
increasing  numbers  of  transistors,  improving  performance,
and  decreasing  energy  consumption  described  by  Moore’s
Law,  thus  opening  a  new  path  to  high-efficiency  comput-
ing.  However,  the  current  methods  for  training these  mod-
els  efficiently  are  limited  by  computer  simulation  tech-
niques  on  digital  computers.  Xue et  al.[32] developed an  in
situ  machine  learning  method  called  FFM  learning  in
free-space  and  integrated  optical  systems  that  implements
a  computationally-intensive  training  process  on  a  physi-
cal system by mapping the optical system onto a parameter-
ized  in  situ  neural  network  and  then  enabling  self-learn-
ing oriented toward application goals. Most machine learn-
ing  operations  are  performed  in  parallel  and  efficiently  in
the field, thus alleviating the limitations of numerical model-
ing.  Traditional  GD  algorithms  rely  on  backpropagation
mechanisms,  but  it  is  difficult  to  implement  backward
light  propagation  directly  in  optical  systems  because  of
the unidirectional nature of light propagation and the diffi-
culty  of  physical  calibration.  This  problem  is  particularly
prominent  during  experiments,  where  the  complexity  of
the light  propagation paths and their  susceptibility  to envi-
ronmental  disturbances  lead  to  deviations  between  gradi-
ent  calculations  from  offline  modeling  and  the  response
of the actual physical system. By using the spatial symme-
try  and  Lorentz  reciprocity  of  photon  propagation,  Xue’s
team  physically  circumvented  the  need  for  backpropaga-
tion  by  designing  the  physical  system  symmetrically,  and
calculating  the  gradient  based  on  the  data  and  the  output
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light  field  measured  during  error  prediction.  They  then
updated  the  parameters  efficiently  using  a  GD  algorithm
to ensure that the gradient calculations for the error propa-
gation  do  not  need  to  be  performed  by  reversing  the  opti-
cal path, but rather by using the symmetrical forward propa-
gation path. FFM learning shows that training of the deep-
est  ONN  with  millions  of  parameters  can  achieve  accu-
racy comparable to that of the ideal model. The system sup-
ports all-optical focusing through scattering media with res-
olution  ranging  up  to  the  diffraction  limit;  it  also  enables
parallel  imaging  of  out-of-sight  hidden  objects  at  frame
rates  in  excess  of  kHz  and  all-optical  processing  at  light
intensities  as  low  as  the  subphoton/pixel  (5.40×1018-
energy-efficiency-per-watt-per-second)  level  at  room  tem-
perature.

Emerging  physical  platforms  offer  increased  speed,
energy  efficiency,  and  scalability  through  the  use  of  new
technologies  intended  to  overcome  the  traditional  Moore’s
Law barriers for more powerful and efficient smart applica-
tions.  Sedov  et  al.[33]  proposed  a  novel  neuromorphic  net-
work architecture based on exciton-polariton condensed lat-
tices  that  were  intricately  connected  to  each  other  and
pumped  using  nonresonant  optical  energy.  Their  network
uses  a  binary  framework  in  which  each  neuron  performs
binary operations enabled by the spatial  coherence of pair-
wise coupled condensates. This coherence, which is gener-
ated  by  the  propagation  of  polarized  bullets,  ensures  effi-
cient  network-wide  communication.  The  binary  neuron
switching  mechanism driven  by  nonlinear  repulsion  of  the
exciton  component  of  the  polarizers  offers  both  computa-
tional  efficiency  and  scalability  advantages  over  sequen-
tially  weighted  neural  networks.  When  compared  with
sequential or pulse-coded binary systems, the network real-
izes  parallel  processing  and  improves  computational
speeds. In image recognition applications, the predicted clas-
sification accuracy of 97.5% is impressive. In speech recog-
nition,  the  system  achieves  a  classification  accuracy  of
~68%  on  a  subset  of  10  classes  to  exceed  the  perfor-
mance  of  the  traditional  benchmark  hidden  Markov  model
mixed  with  a  Gaussian  model,  thus  showing  its  potential
to outperform existing polar neuromorphic systems.

Attainment  of  optical  computing  with  higher  comput-
ing  power  awaits  further  investigation.  The  upsurge  in  the
number  of  parameters  used  in  neural  network  models
poses a significant challenge for traditional tensor comput-
ing  hardware,  whereas  optical  chip  performance  is  lim-
ited  by  the  device  size  and  the  photonic  integration  scale.
To  address  these  challenges,  Meng  et  al.[34]  proposed  an
ultra-high  computing  density  optical  tensor  processing
unit.  The  unit  uses  a  thermally  tuned-free  MRR  as  its
core unit and uses wavelength division multiplexing to per-
form real-value weight adjustments through wavelength tun-
ing  and  modulator  bias-point  changes.  The  device  achie-
ved  ultra-high  computational  density  of  34.04  TOPS/mm2

and offers a new technological path toward optical comput-
ing  with  high  computing  power.  This  scheme  extends  the
data  input  dimension  effectively  by  introducing  the  opti-

cal/microwave  multidomain  multiplexing  technique,  which
enables  optical  tensor  operations,  improves  information
access  flexibility,  and  reduces  the  dependence  on  high-
speed analog-to-digital and digital-to-analog converters.

When exploring applications  for  complex ONNs,  con-
sideration  of  their  applicability  and  necessity  is  essential.
Not  all  simple  problems  need  to  be  processed  using  com-
plex ONNs, which may lead to the phenomenon of overfit-
ting,  where  the  model  fits  the  training  data  too  perfectly
to  be  generalized  to  new  data.  Therefore,  our  approach  to
specific  problems  should  be  selected  rationally  on  the
basis of the scale and complexity of the problem. For prob-
lems  that  require  high  flexibility  and  scalability,  an  opti-
cal  network  architecture  with  online  connectivity  can  be
used.  This  architecture  can  better  adapt  to  variations  in
the problem while maintaining system efficiency by adjust-
ing  the  connection  weights  dynamically.  When  address-
ing  problems  that  involve  spatial  information  or  require
high-precision  light-field  modulation,  a  spatial  MZI  may
be  a  more  appropriate  choice.  An  integrated  MZI  net-
work  can  effectively  meet  the  requirements  of  applica-
tion scenarios that do not require high computational accu-
racy but do require high system stability. For complex prob-
lems  that  need  to  use  the  free-space  propagation  proper-
ties  of  light,  free-space  scattering  networks  may  provide
an effective solution. These networks enable efficient opti-
cal signal processing through the design of specific scatter-
ing  structures.  Specifically,  analyzing  the  problems  ini-
tially  in  detail  helps  to  improve  system  performance  and
efficiency  while  avoiding  resource  wastage  and  overfit-
ting problems caused by overcomplexity.

One  significant  challenge  in  the  future  of  computing
is  in-memory  computing,  i.e.,  the  use  of  photonic  mem-
ory  to  enable  almost  instantaneous  operations  and
responses.  However,  this  field  is  currently  constrained  by
several  factors,  including  slow  switching  speeds  and  lim-
ited programmability.  A team of researchers from the Uni-
versity  of  Cagliari  in  Italy,  the  University  of  California  at
Santa  Barbara,  the  University  of  Pittsburgh,  and  the  Insti-
tute  of  Science  Tokyo has  developed  a  new magneto-opti-
cal  memory  by  using  cerium-substituted  yttrium-iron  gar-
net miniature magnets as data storage units and by control-
ling  the  optical  signal  paths  through  the  materials.  This
device  can  achieve  switching  speeds  that  are  up  to  100
times  faster  than  the  current  state-of-the-art  photonic  inte-
gration  technology  while  consuming  only  approximately
1/10th  of  the  energy  of  its  predecessor.  Moreover,  it  can
be  reprogrammed  multiple  times  to  adapt  to  the  require-
ments  of  different  tasks.  Conversely,  although  existing
high-end  optical  storage  devices  can  typically  withstand
only  up  to  1 000  write  operations,  this  magneto-optical
memory can support more than 2.3 billion rewrites, indicat-
ing  that  it  may  have  a  near-infinite  service  life.  The  mag-
neto-optical  material  also  allows  use  of  an  external  mag-
netic  field  to  modulate  how  the  light  travels,  which  led
the  team  members  to  program  the  miniature  magnets
using  an  electric  current  to  store  information.  These  mag-

 

  

Astronomical Techniques and Instruments,   3(1): 26–42,  2026　39



nets,  in  turn,  determine  how  the  light  travels  inside  the
material,  enabling  implementation  of  complex  operations,
including matrix-vector multiplication, an important compo-
nent of all neural network architectures.

Solving  time-evolving  partial  differential  equations
(PDEs)  using  on-chip  photonics  remains  a  great  chal-
lenge  because  of  the  difficulties  of  large  coefficient
matrix  photonic  computation,  high  accuracy  requirements,
and error accumulation. Yuan et al.[35] overcame these chal-
lenges  by  realizing  a  microcomb-driven  photonic  chip  and
then introducing time-division multiplexing and matrix parti-
tion  techniques  into  PDE  photonic  solving;  these  tech-
niques  can  solve  PDEs  with  a  large  coefficient  matrix  on
a  photonic  chip  of  limited  size.  In  densely  integrated  pho-
tonic  chips,  thermal  crosstalk  may  cause  microloop  reso-
nance  wavelength  drift  and  arithmetic  errors.  The
researchers reduced thermal coupling through thermal isola-
tion  design  and  strict  temperature  control  mitigation  by
using  silicon-based  waveguide  structures  prepared  via
deep-ultraviolet lithography, while the temperature fluctua-
tions are controlled to within ±0.1°C via an active tempera-
ture  control  system  in  the  experimental  environment.  In
high-temperature  sensitivity  experiments,  the  solution
errors  for  Poisson’s  and  Laplace’s  equations  were  reduced
to  approximately  4%  by  the  measures  above.  To  support
the  solution  of  multiple  PDEs  (e.g.,  the  heat  conduction
equation,  Burgers’  equation)  on  the  same  chip,  a  flexible
wavelength  allocation  and  operational  unit  multiplexing
scheme  must  be  designed.  The  researchers  realized
dynamic adaptation of different equation types via reconfig-
urable  microcomb  channel  spacing  techniques  (e.g.,  by
selecting  free  spectral  range  spacing  to  enhance  the  sig-
nal-to-noise  ratio  of  the  carrier)  and  modular  silicon  pho-
tonic  engine  design.  By  adjusting  the  pump  laser  detun-
ing parameters, the microcomb channel spacing can be con-
figured  flexibly  to  optimize  the  efficiency  for  solving  spe-
cific  equations.  Time-evolving  PDEs,  including  the  heat
equation with the first-order time derivative, the wave equa-
tion with the second-order  time derivative,  and the nonlin-
ear  Burgers’  equation,  are  solved  with  accuracy  ranging
up  to  97%.  Furthermore,  parallel  solving  of  the  Poisson’s
equation and Laplace’s equation is demonstrated experimen-
tally  on  a  single  chip,  with  accuracies  of  95.9%  and
95.8%,  respectively.  This  study  demonstrated  the  poten-
tial  of  photonic  computing  for  high-performance  numeri-
cal problem solving and lays a foundation for the construc-
tion of high-precision, ultra-high-speed next-generation com-
puting platforms that  will  promote  the  development  of  on-
chip photonic computing.

Integrated  optical  computing  systems  are  gradually
dominating  the  development  trend.  Integrated  computing
systems  based  on  silicon  photonics  platforms  offer  many
advantages,  including  CMOS  process  compatibility  and  a
high  degree  of  integration.  Therefore,  they  now  represent
a mainstream solution and are becoming increasingly diver-
sified. For example, MZI arrays can be integrated into sili-
con  photonics  platforms  to  implement  matrix  operations,

optical  waveguide  delay  lines  can  be  used  to  implement
reservoir  operations,  and  sub-wavelength  metamaterials
can  form  optical  operators.  In  the  future,  the  heteroge-
neous  integration  process  will  need  to  be  upgraded  to
improve  system  integration  further  for  device  miniaturiza-
tion.  Existing  approaches  use  ANNs  or  SLMs  to  recon-
struct  images  that  were  scrambled  after  propagation
through  fibers.  Despite  these  advances,  achieving  direct
optical  image  transportation  through  multi-mode  fibers
(MMFs)  using  integrated  optical  elements  with  micron-
scale  footprints  remains  challenging.  Yu  et  al.[36]  devel-
oped  a  miniature  DNNs  that  was  integrated  on  the  distal
face  of  an  MMF  for  direct  transmission  of  all-optical
images  over  optical  fibers.  The  DNNs  has  a  footprint  of
150  μm  by  150  μm  and  were  fabricated  on  the  facet  of  a
0.35-m-long  MMF  using  3D  two-photon  nanolithography.
The system achieved a minimum image reconstruction fea-
ture  size  of  approximately  4.90  μm over  a  FOV of  65  μm
by  65  μm  when  imaging  handwritten  digits.  Additionally,
exploration of optical  computing using all-optical  architec-
tures  should  also  be  performed  in  parallel,  and  will
mainly  include  exploring  nonlinear  optical  device  solu-
tions  to  implement  all-optical  neurons,  examining  optical
interconnection  technologies  to  realize  flexible  data  trans-
mission,  and  investigating  optoelectronic  memristor
devices to achieve low-power memory and real-time infor-
mation processing. The goal of optical computing technolo-
gies, whether performed using all-optical or intelligent opto-
electronic  hybrid  architectures,  is  to  solve  real-world
tasks.  Therefore,  reconfigurable  optical  devices  must  be
explored  to  solve  multiple  problems  flexibly.  In  the
future,  the  tasks  that  are  achievable  by  optical  computing
will  not  be  limited  to  simple  reasoning  tasks.  These  tasks
will  extend  to  finance,  energy,  astrophotonics,  in-vehicle
computing,  medical  mobile  Internet,  and  other  fields  with
high  demands  for  computing  power  and  a  broad  market.
This will produce a positive feedback loop for research, fur-
ther  promoting  the  development  of  optical  computing  and
ushering in a new era of AI.

In  astronomy,  optical  computing  presents  revolution-
ary  opportunities  for  use  in  large-scale  sky  surveys,  exo-
planet  detection,  and  gravitational  wave  signal  processing.
The  ability  of  ONNs  to  process  massive  datasets  in  paral-
lel with minimal energy consumption is particularly advan-
tageous  for  the  analysis  of  astronomical  images  and  time-
series  data.  Cui  et  al.[37]  trained  a  CNN  model  using  all-
sky  camera  data  from  the  Xuelong  (China’s  third  genera-
tion  polar  icebreaker  and  research  vessel)  to  classify  all-
sky  space-based  cloud  images  automatically  based  on
image  quality,  application  context,  and  other  factors;  they
aimed to  realize  an automatic  classification algorithm with
high  robustness  and  adaptability  that  will  provide  impor-
tant  aid  in  astronomical  site  selection  and  to  produce  a
highly  maneuverable  automatic  classification  method  for
all-sky camera data. ONNs can enhance real-time data anal-
ysis  in  radio  interferometry  significantly,  improving  both
the  resolution  and  accuracy  of  astronomical  observations.
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Additionally,  the  ability  of  optical  computing  to  perform
high-speed  spectral  analysis  will  enable  the  detection  of
faint  exoplanetary  signals  by  distinguishing  rapidly
between noise and astrophysical sources. Because next-gen-
eration  telescopes  will  produce  increasingly  large  datasets,
the  integration  of  optical  computing  into  astronomical
research  could  lead  to  groundbreaking  discoveries  and  a
deeper understanding of the universe.

Optical  networks  play  important  roles  in  the  astron-
omy  field,  promoting  progress  in  astronomical  research
because  of  their  efficient  data  transmission  and  remote
observation  assistance.  Wang  et  al.[38]  analyzed  and  dis-
cussed  typical  applications  of  machine  learning,  ANNs,
CNNs,  and  generative  adversarial  networks  in  candidate
identification.  Additionally,  they proposed that  AI technol-
ogy offers significant advantages in pulsar candidate identi-
fication  when  compared  with  traditional  manual  screen-
ing;  this  technology  reduces  the  misjudgment  rate  under
noise  interference  significantly  by  performing  multi-scale
feature extraction (e.g.,  wavelet  transforms in the time-fre-
quency  domain)  with  an  integrated  learning  strategy,
which  results  in  an  F1-score  improvement  by  >30%,  and
completes initial screening of the candidate within millisec-
onds,  thus  reducing  the  manual  analysis  workload  and  the
time  cost.  Simultaneously,  these  techniques  can  also  deal
with  complex  nonlinear  relationships  and  discover  pat-
terns  and  features  that  are  difficult  to  detect  using  tradi-
tional  methods,  thus  improving  the  identification  accu-
racy.  In  addition,  the  application  of  AI  technology  brings
new perspectives  and  tools  for  pulsar  survey  data  process-
ing,  using  the  t-distributed  stochastic  neighbor  embed-
ding  (t-SNE)  algorithm  to  visualize  identification  results,
demonstrating  the  distributions  of  pulsar  and  non-pulsar
samples  in  multidimensional  space,  and  providing
researchers  with  a  more  intuitive  in-depth  data  analysis,
thus  promoting  the  development  of  pulsar  research  and
the entire astronomy field.

Optical  computing  is  expected  to  play  an  essential
role  in  astronomical  data  processing.  The  vast  amounts  of
data generated by modern telescopes, e.g., the Square Kilo-
metre  Array  (SKA)  and  the  Vera  C.  Rubin  Observatory,
require  highly  efficient  computing  solutions.  The  advan-
tages of optical computing, which include parallel process-
ing,  high  bandwidths,  and  energy  efficiency,  make  it  an
ideal  candidate  technology  for  handling  large-scale  astro-
nomical  datasets.  Future  research  will  explore  how  pho-
tonic  computing  architectures  can  accelerate  image  recon-
struction,  signal  processing,  and  real-time  data  analysis
for  astrophysical  discoveries,  thus  potentially  revolutioniz-
ing our understanding of the universe.
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