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Polarization-multiplexed meta-neural networks for simultaneous
imaging and all-optical classification
Jialuo Cheng1†, Xu Li2†, Wenjun Zhu2, Mi Zhou3, Zihan Geng3, Wenzhao Sun1,2,5 and Mu Ku Chen1,4,5*

 

Abstract: Deep  learning  has  transformed  perception  and  inference  but  remains  constrained  by  memory–compute
bottlenecks,  latency,  and  energy  costs.  All-optical  diffractive  deep  neural  networks  (D2NNs)  alleviate  these  limita-
tions  by  computing  with  light,  yet  most  implementations  trade  image  formation  for  direct  classification,  limiting
downstream  processing.  Here  we  introduce  a  polarization-multiplexed  meta-neural  network  (PMNN)  that  unifies
imaging and classification within a single, static optical platform. The PMNN employs cascaded metasurfaces whose
meta-atoms  jointly  harness  geometric  (Pancharatnam–Berry)  and  propagation  phases  to  engineer  distinct  phase
profiles for left- and right-circularly polarized (LCP and RCP) channels. This polarization contrast enables dual-chan-
nel functionality. Under LCP illumination, the system performs lens-like imaging, whereas under RCP illumination, it
executes  all-optical  classification  via  diffractive  routing  to  predefined  detection  regions.  Built  on  a  differentiable
angular-spectrum forward model and trained end-to-end, the PMNN achieves 96.51% accuracy on handwritten-digit
recognition while  delivering an imaging mean squared error  of  5.38×10−3,  a  peak signal-to-noise ratio  of  22.70 dB,
and a structural similarity index measure of 0.90. By coupling perception with inference without mechanical switch-
ing or electronic post-processing, the proposed approach enhances utility, reduces computational load, and offers a
practical path toward compact, scalable, and energy-efficient optical intelligent systems.
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 1    Introduction
Deep learning, an artificial neural network-based and brain-
inspired  paradigm  for  data-driven  representation  learning,
has  achieved  remarkable  successes  across  diverse  tasks,
including image classification1, intelligent photonic devices2,
speech recognition3, and machine translation4. Nevertheless,
its dependence on large-scale datasets and iterative training,
together with frequent memory access under von Neumann
architectures,  induces  substantial  latency,  bandwidth  pres-
sure,  and  energy  consumption5.  These  memory–compute
bottlenecks  slow  inference  and  training,  inflate  operational
costs,  and limit  scalability,  thereby constraining the contin-
ued development and broader deployment of deep learning
systems.  All-optical  diffractive  deep  neural  networks

(D2NNs),  a  class  of  optical  neural  networks,  exploit  the
diffraction of light to perform computation, thereby deliver-
ing  ultrahigh  throughput,  massive  spatial–spectral  paral-
lelism,  intrinsically  high  bandwidth,  and  markedly  reduced
energy  consumption  relative  to  electronic  accelerators6−12.
Implemented  with  cascaded  diffractive  layers  in  which
subwavelength-scale  features  act  as  neurons  and  free-space
diffraction  mediates  interlayer  connectivity,  D2NNs  have
been  experimentally  validated  in  imaging  tasks  and  hand-
written digit classification. Beyond these benchmarks, D2NN
architectures have realized diverse optical functions, includ-
ing  logic  gate  operations13,  broadband  pulse  shaping14,  and
orbital  angular  momentum  (OAM)  beam  multiplexing/
demultiplexing15,16.
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Metasurfaces,  comprising subwavelength artificial  nanos-
tructures  (meta-atoms),  enable  sophisticated  wavefront
manipulation  and have  driven advances  in  beam steering17,
depth sensing 18, light-field imaging 19,20, augmented reality21,
and  holography22.  Unlike  traditional  3D-printed  diffractive
elements  that  rely  solely  on  phase  accumulation  during
propagation,  metasurfaces  offer  a  higher  degree  of  phase
control  that  can  be  intrinsically  coupled  to  the  incident
light's  polarization  state.  Phase  engineering  in  these  plat-
forms  is  typically  realized  via  two  complementary  mecha-
nisms:  the geometric (Pancharatnam–Berry) phase 23,24,  and
the propagation phase 25,26. The geometric phase is imparted
by  rotating  anisotropic  meta-atoms,  whereas  the  propaga-
tion  phase  is  tuned  by  varying  their  geometric  dimensions.
Notably,  the geometric phase acquires opposite modulation
for left- and right-circularly polarized (LCP and RCP) light,
while  the  propagation  phase  is  largely  polarization-insensi-
tive.  This  contrast  enables  polarization multiplexing,  allow-
ing  multiple  functionalities  to  be  executed  simultaneously
within  a  metasurface,  for  example,  bi-focal  imaging27,28,
polarization-multiplexed  metasurface  holography29,  and
dual-task optical computing30.

In  machine  vision,  image  acquisition  (i.e.,  forming  an
image  of  the  object)  is  the  most  fundamental  task,  upon
which all subsequent data processing depends. Handwritten
digit  recognition  is  likewise  a  foundational  benchmark.  In
conventional pipelines, the digits are first captured and then
classified algorithmically. By contrast, all-optical D2NNs can
perform  direct  digit  classification  without  explicit  image
formation, inferring labels from the intensity distribution at
the sensor plane. However, this approach loses access to the
original  image  data,  which  is  detrimental  to  downstream
processing.  In  this  work,  a  polarization-multiplexed  meta-
neural  network  (PMNN)  is  constructed  to  simultaneously

5.38× 10−3

perform  imaging  and  classification.  By  jointly  engineering
the phase profiles of the LCP and RCP channels, the system
simultaneously performs imaging and classification within a
single  optical  platform.  In  experiments,  the  classification
branch  attains  an  accuracy  of  96.51%,  while  the  imaging
branch achieves a mean squared error (MSE) of ,
a peak signal-to-noise ratio (PSNR) of 22.70 dB, and a struc-
tural  similarity  index  measure  (SSIM)  of  0.90.  This  dual-
function paradigm enhances system utility while conserving
computational  resources,  and  it  provides  a  practical  path
toward  compact,  scalable,  and  integrable  optical  intelligent
systems that tightly couple perception with inference.

 2    Results and discussions
The framework of  the  proposed PMNN supports  heteroge-
neous  tasks  such  as  imaging  and  handwritten-digit  classifi-
cation  within  a  single  optical  platform,  as  shown  in Fig. 1.
The  target  object  (to  be  imaged  or  classified)  serves  as  the
input.  Cascaded  phase-encoding  metasurfaces  act  as  the
hidden  layers,  and  a  sensor  plane  provides  the  output.
Crucially,  the  PMNN  exhibits  markedly  different  phase
responses  to  LCP  and  RCP  illumination,  thereby  enabling
polarization  multiplexing  and  dual-channel  functionality.
Under  plane-wave  illumination,  a  shaped  object  (mask)
produces  an  amplitude-encoded  field  with  uniform  phase
that  propagates  into  the  PMNN.  For  the  LCP  channel,  the
engineered  phase  profile  emulates  a  lensing  operation,  re-
focusing the transmitted light onto the camera plane to form
an image  of  the  object.  In  contrast,  for  the  RCP channel,  a
two-layer PMNN directs the diffracted light into ten prede-
fined  detection  regions,  each  corresponding  to  a  digit  class
(0–9).  The relative intensities  within these regions yield the
classification  decision  directly  at  the  sensor,  obviating  any
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Fig. 1 | Schematic  of  the  polarization-multiplexed  meta-neural  network  (PMNN).  Imaging  and  classification  are  integrated  within  a  single  meta-neural
architecture. Under LCP illumination, the input digit image is reimaged onto the sensor plane. Under RCP illumination, the input digit is optically routed and
focused into predefined detection regions corresponding to class labels for direct all-optical classification.
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electronic  post-processing  or  additional  inference  stages.
This  dual-function,  polarization-multiplexed  architect-
ure  tightly  couples  perception  (imaging)  with  inference
(classification).

xxxl+1
(l+ 1

The  PMNN  is  trained  within  the  framework  of  scalar
diffraction theory. Under the angular-spectrum formulation,
each  point  on  a  wavefront  acts  as  a  secondary  spherical-
wave source, and free-space propagation mixes these contri-
butions  through  diffraction.  In  this  representation,  each
meta-atom on a metasurface functions as an optical neuron
whose complex transmission modulates the local field, while
interlayer  connectivity  is  naturally  mediated  by  free-space
propagation.  Consequently,  a  diffractive  neural  network
comprises  two fundamental  operations  per  layer  transition:
phase  modulation  by  the  metasurface  and  propagation
through  free  space.  The  input  complex  field  for

)th layer can be expressed as 

xxxl+1 = Al(tttl ⊙ xxxl), (1)
l = 1 xxxl

l
tttl = aaal⊙eiϕl aaal ϕl

tttl AAA

AAA = F−1HHHdF F F−1

for  the  first  hidden  layer  with ,  is  the  transmitted
light  encoded  by  the  amplitude  of  the  input  layer.  The
complex  field  is  modulated  by  the th  meta-layer

, where  and are the amplitude and the phase
of .  denotes  the  linear  measurement  operator,  which is
calculated  based  on  the  angular  spectrum  propagation  and
can be  further  expressed  as ,  where  and 
denote the Fourier transform and inverse Fourier transform,
respectively.  The  transfer  function  at  a  given  distance d is
given by 

HHHd (fx, fy) =exp
(
j
2π
λ
d
√
1− λ2f2x − λ2f2y

)
0

f2x + f2y ≤
1
λ2

otherwise
, (2)

λ fx fywhere  is the illumination wavelength,  and  denote the
spatial frequency coordinates. The light manipulation by the
meta-atoms can be characterized by the Jones matrix31: 

JJJ = RRR (θ)

[
axexp

(
jφx

)
0

0 ayexp
(
jφy

)]RRR (−θ) , (3)

φx − φy = π ax = ay = 1

φLCP

where ,  for  PB  phase,  and ,  for  all
phase modulation. Due to the perfect orthogonality between
LCP and RCP, the optimization process can be simplified by
treating them as two entirely independent scalar diffraction
channels during training. Upon completing the training, the
required phase profiles for both LCP and RCP channels are
obtained.  The  metasurface  is  then  designed  to  convert  the
incident LCP light into RCP light with an encoded phase of

, and vice versa, which can be expressed as  
1√
2
JJJ

[
1
i

]
=

1√
2
exp

(
iφLCP

) [ 1
-j

]
1√
2
JJJ

[
1
-i

]
=

1√
2
exp

(
iφRCP

) [1
j

] . (4)

By solving these equations, the phase requirements can be

directly decoupled into the propagation phase and the orien-
tation angle (related to the PB phase).  φx =

φLCP + φRCP

2
θ =

φLCP − φRCP

4

(5)

With  the  forward  optical  model,  we  embed  the  PMNN
into  a  PyTorch-based  deep  learning  framework  to  enable
end-to-end training and adopt the adam optimizer for stable
and efficient convergence. More detailed model training and
derivation  are  described  in  Section  1  of  the  Supplementary
Information.

Task-specific  loss  functions  are  employed  for  the  two
polarization  channels.  For  the  LCP  imaging  branch,  the
MSE  between  the  reconstructed  image  at  the  sensor  plane
and the ground-truth target is minimized. For the RCP clas-
sification branch,  the cross-entropy loss  is  used to promote
accurate  digit  discrimination.  To realize  all-optical  readout,
the detection plane is partitioned into a set of discrete subre-
gions  that  serve  as  the  network's  physical  output  channels,
with each region corresponding to a digit class, and the rela-
tive  intensities  in  these  regions  directly  yield  the  predicted
label without electronic post-processing.  Training and eval-
uation  are  conducted  on  the  modified  national  institute  of
standards  and  technology  database  (MNIST)  of  handwrit-
ten digits.

To  realize  dual-function  control,  we  simultaneously
employ  both  geometric  and  propagation  phases.  Gallium
nitride  nanopillars  are  designed  and  optimized  using  the
finite-difference  time-domain  (FDTD)  simulation  method.
This  method  allows  the  calculation  of  the  electromagnetic
response  of  the  nanostructure,  with  the  nanopillar  height
fixed  at  900  nm  and  the  periods  in  the x- and y-directions
both set to 280 nm, and an incident wavelength of 532 nm.
The  metasurfaces  are  composed  of  rectangular  gallium
nitride (GaN) designed on a sapphire substrate, as shown in
Fig. 2(a). By scanning the length and width of the nanopillar
from 100 nm to 280 nm in 5 nm steps, the simulation results
indicate  that  the phase modulation achieved by varying the
length and width covers the range of 0 to 2π while maintain-
ing  high  transmittance  across  this  parameter  range,  as
shown  in Fig. 2(b,c).  Since  both  LCP  and  RCP  are  insensi-
tive  to  transmission  phase  modulation,  the  resulting  phase
profiles  and  transmission  maps  remain  identical.  The
comprehensive  characterization  and  full  sets  of  images  are
provided in Section 4 of the Supplementary Information.

L = 215 nm,
W = 100 nm

Simultaneously,  the  amplitude  values  of  the  cross-circu-
lar polarization co-transmission coefficient and the co-circu-
lar  polarization  co-transmission  coefficient  of  the  nanopil-
lars  are  obtained  from  the  simulations,  as  shown  in
Fig. 3(a,b),  respectively.  A  nanopillar  (

) is selected as a representative unit to demon-
strate  the  geometric  phase  mechanism.  As  shown  in
Fig. 3(c),  this  configuration  functions  as  a  local  half-wave
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ϕx − ϕy = π

0.3,

plate  (HWP)  satisfying  the  condition ,  which
ensures near-unity polarization conversion efficiency. Under
circularly polarized incidence, the rotation of the nanopillar
provides  a  complete  0−2π  phase  shift  while  maintaining  a
stable  amplitude.  To  achieve  multi-tasking,  a  library  of  50
distinct  nanopillar  geometries  is  optimized.  Each  geometry
satisfies  the  HWP condition  but  offers  a  different  propaga-
tion phase based on its lateral dimensions. By synergistically
mapping  the  required  phase  profiles  to  these  dimensions
(propagation phase) and their orientation angles (geometric
phase), the PMNN gains the necessary degrees of freedom to
independently  modulate  imaging  and  classification  chan-
nels within a single metasurface neural network. To substan-
tiate the physical realism of the design, a rigorous sensitivity
analysis  is  performed  regarding  fabrication  tolerances.  The
impact of dimensional and rotational deviations is modeled
as  stochastic  phase  and  amplitude  perturbations  sampled
from  Gaussian  distributions.  The  results  indicate  that  the
PMNN  possesses  exceptional  robustness;  specifically,  the
classification accuracy maintains  its  high performance even
under  an  amplitude  standard  deviation  of  while  the
imaging task preserves its structural integrity (SSIM > 0.90)

despite  significant  amplitude  fluctuations.  This  resilience
stems from the neural network's ability to prioritize seman-
tic  features  and  relative  contrast,  effectively  decoupling  the
system's  functional  output  from  minor  pixel-wise  intensity
variations inherent in practical fabrication. The comprehen-
sive information and images are provided in Section 6 of the
Supplementary Information.

To enable simultaneous imaging and classification, polari-
metric cameras capture images in both LCP and RCP chan-
nels.  Since  commercial  polarization  cameras  are  typically
restricted to sensing linear polarization orientations (0°, 45°,
90°,  and  135°),  a  quarter-wave  plate  (QWP)  is  integrated
into the optical path. The QWP functions to transform LCP
and RCP components into distinct linear polarization states,
rendering  them  detectable  by  the  camera's  micro-polarizer
array.  By  illuminating  the  system  with  horizontally  polar-
ized  light,  which  can  be  decomposed  into  LCP  and  RCP
components.  The  first  metasurface  swaps  its  handedness
(LCP  →  RCP,  RCP  →  LCP).  After  propagation  through  the
second metasurface, the handedness is swapped back, restor-
ing  LCP and RCP.  After  the  light  passes  through the  quar-
ter-wave plate, whose fast axis is aligned with the x-axis, the
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Fig. 2 | Design methodology of the metasurface. (a) Schematic of gallium nitride (GaN) nanopillars fabricated on a sapphire substrate. (b) The simulated
phase responses under LCP and RCP illumination. (c) The simulated amplitude responses under LCP and RCP illumination. The simulations are performed at
an incident wavelength of 532 nm, with simultaneous sweeps of nanopillar length and width over the range of 100–280 nm.
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LCP  will  be  changed  to –45°  LP,  and  the  RCP  will  be
changed to 135° LP. 

LCP changed to 135◦ LP :
ei2φLCP√

2

[
1 0
0 j

] [
1
j

]
=

ei2φLCP√
2

[
1
−1

]
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2

[
1 0
0 j

] [
1
−j

]
=

ei2φRCP√
2

[
1
1

] (6)

When  these  two  LP  lights  are  captured  by  a  polarized
camera, they pass through four linear polarizations, and the
corresponding responses are 
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2
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] [
1
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The images measured in the 45° and 135° channels exhibit
the identical intensity distributions as those obtained under
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RCP and LCP illumination, corresponding to the classifica-
tion and imaging functions, respectively.

5.38× 10−3

d1 d2

d3

d1 = d2 = d3 = 0.1 mm

In the imaging-task simulation,  the PMNN is  trained for
80 epochs on handwritten digits, yielding a test-set imaging
MSE of , a PSNR of 22.70 dB, and a SSIM of 0.90.
We  use  60,000  images  for  training  and  10,000  images  for
testing  (MNIST).  The  meta-atom  period  is  set  to  280  nm,
and  each  metasurface  comprises  2000  ×  2000  meta-atoms.
The  illumination  wavelength  is  532  nm.  The  propagation
distances  are  from  the  object  plane  to  layer  1,  from
layer  1  to  layer  2,  and  from layer  2  to  the  detector,  with

. For training convenience and phys-
ical  realism,  the  dataset  is  preprocessed  by  resizing  each
image  to  2000  ×  2000  pixels  and  binarizing  it  to  0  and  1.
During  optimization,  the  input  image  serves  as  the  ground
truth for the imaging branch. The MSE between the sensor-
plane  reconstruction  and  the  target  is  used  as  the  loss,  and
gradient  descent  is  applied  to  update  the  phase  profiles  of
the  two  metasurfaces.  The  trained  phase  distributions  for
layer  1  and  layer  2  are  shown  in Fig. 4(a).  Representative
inputs  and  their  reconstructed  images  are  presented  in
Fig. 4(b–e),  with  additional  results  provided in  Section 2  of
the  Supplementary  Information.  We  note  that  the  recon-
structed  image  quality  is  not  as  high  as  in  some  prior
demonstrations6, where the interlayer propagation distances
used  for  imaging  are  much  shorter  than  those  typically
required  for  classification.  Shorter  spacings  can  help

preserve  higher  spatial  frequencies.  Further  quantitative
assessments  regarding  the  impact  of  propagation  distance
on  both  imaging  and  classification  tasks,  along  with  the
distance-dependent  reconstruction  fidelity  and  the  system's
generalization to unseen patterns, are provided in Section 5
of the Supplementary Information. In our PMNN, however,
imaging and classification must be realized within the same
optical  stack  without  mechanical  adjustment,  using  only  a
change in the incident polarization. This constraint necessi-
tates a compromise, leading to a modest reduction in imag-
ing  fidelity  in  exchange  for  dual-function,  polarization-
multiplexed operation.

In the classification-task simulation, the PMNN is trained
for 80 epochs on handwritten digits and achieves a test accu-
racy of 96.51%. The same metasurface parameters, propaga-
tion distances, and image preprocessing pipeline are used as
in the imaging task. The trained phase distributions for layer
1  and  layer  2  are  shown  in Fig. 5(a).  Test  performance  is
summarized  by  a  confusion  matrix,  which  details  correct
and  incorrect  predictions;  the  horizontal  axis  denotes  the
predicted  labels,  and  the  vertical  axis  denotes  the  ground-
truth  labels,  showing  that  the  vast  majority  of  samples  are
correctly classified, as in Fig. 5(b). Representative inputs and
the corresponding light-intensity distributions on the detec-
tion  plane  are  presented  in Fig. 5(c,d),  respectively.  By
analyzing  the  energy  distribution  across  the  predefined
detection  regions,  the  system  accurately  recognizes  digits
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purely  optically,  as  illustrated  in Fig. 5(e).  For  example,  for
the  digits  "1"  and  "5",  the  optical  energy  is  significantly
higher  in  their  respective  regions  than  elsewhere,  enabling
straightforward discrimination without any electronic post-
processing.  The additional results are provided in Section 3
of  the  Supplementary  Information.  A  detailed  comparison
between  this  work  and  existing  polarization-multiplexing-
based optical neural networks is provided in Section 7 of the
Supplementary Information.

 3    Conclusions
Conventional machine vision pipelines perform recognition
by  first  acquiring  an  image  and  then  running  electronic
inference,  which  incurs  latency  and  energy  consumption.
All-optical  D2NNs,  by  contrast,  can  perform  all-optical
computation and directly output class labels with low power
and  high  speed.  However,  they  do  not  recover  the  original
image,  limiting  downstream  processing.  To  address  this
trade-off, we design the PMNN that leverages both geomet-

5.38× 10−3

ric and propagation phases. In conjunction with a polariza-
tion camera, the PMNN enables simultaneous imaging (LCP
channel) and all-optical classification (RCP channel) within
a  single,  static  optical  stack,  realizing  perception  and
inference  without  mechanical  switching.  The  phase-design
space  and  transmission  efficiency  are  validated  through
FDTD simulations, demonstrating that the combined use of
geometric  and  propagation  phases  provides  sufficient
degrees  of  freedom  for  polarization-selective  wavefront
engineering  while  maintaining  high  throughput.  An  end-
to-end  training  framework  is  further  developed,  grounded
in  scalar  diffraction  theory  and  implemented  in  PyTorch,
optimizing  the  metasurface  phase  profiles  for  both  tasks.
The classification branch attains an accuracy of 96.51%, and
the  imaging  branch  achieves  an  MSE  of ,  a
PSNR  of  22.70  dB  and  an  SSIM  of  0.90  on  MNIST.  This
dual-function,  polarization-multiplexed  paradigm  enhances
system  utility,  reduces  computational  load,  and  supports
low-latency, low-power operation. More broadly, it charts a
practical  route  toward  compact,  scalable,  and  integrable
optical  intelligent  systems  that  tightly  couple  image
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formation with inference,  and it  provides  a  versatile  platfo-
rm for multi-task optical computing using a single, co-desi-
gned metasurface  stack.  Potential  extensions  include multi-
channel  multiplexing  (e.g.,  wavelength  or  spatial-mode),
task-conditioned  outputs,  and  hardware  implementations.

 4    Materials and Methods
The  PMNN  is  designed  and  trained  in  Python  (v3.10.19)
using  PyTorch  (v2.9.0+cu128)  on  Ubuntu  24.04.3  LTS.
Experiments are conducted on a workstation equipped with
an  11th  Gen Intel  Core  i9-11900  CPU (2.50  GHz),  128  GB
RAM,  and  an  NVIDIA  GeForce  RTX  3090  GPU.  The
MNIST dataset  is  employed  for  both  image  processing  and
classification, with a batch size of 32, 40 training epochs, and
the  Adam optimizer  with  a  learning  rate  of  1×10-3.  For  the
LCP  imaging  branch,  the  mean  squared  error  between  the
sensor-plane  reconstruction  and  the  ground-truth  target  is
minimized.  For  the  RCP  classification  branch,  the  cross-
entropy loss is the loss function.
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