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Spectral-driven bidirectional design framework for polarization-
selective structural colors
Tao Zhu1, Ya Gao1*, Xi Chen2, Xiaojin Chen2, Jiao Geng3,4*, Liping Shi3,4 and Chenhui Lu2*

 

Abstract: The design of structural color metasurfaces typically relies on computationally expensive full-wave electro-
magnetic simulations and empirical parameter tuning, making it challenging to achieve efficient optimization in high-
dimensional  parameter  spaces.  We propose a  forward-inverse neural  network closed-loop framework for  polariza-
tion-selective  structural  color  design.  In  the forward modeling  stage,  a  spectrally  resolved multilayer  perceptron is
developed to explicitly learn the continuous mapping between structural parameters and reflection spectra, thereby
enabling  the  joint  optimization  of  spectral  fidelity  and  perceptual  color  consistency.  In  the  inverse  design  stage,  a
mixture density network (MDN) is introduced to model the multimodal distribution of structural parameters condi-
tioned  on  a  given  target  performance  under  different  polarization  conditions.  The  results  demonstrate  that  the
proposed method achieves excellent performance. After optimization, approximately 97% of the samples satisfy ΔE ≤
1, with good spectral consistency maintained, thereby validating an effective balance between perceptual accuracy
and physical  fidelity.  This  work provides  an efficient  and reliable  solution for  the rapid  inverse design of  structural
color, with potential applications in polarization-controlled displays and optical information encoding.
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 1    Introduction
Structural  colors  based  on  subwavelength  nanostructures1–3

exhibit  high  saturation4,  excellent  environmental  stability,
and  long-term  durability5,  making  them  highly  promising
for applications in color displays6,7,  optical  anti-counterfeit-
ing8,9,  and  information  encoding10–12.  Unlike  traditional
color-generation mechanisms that rely on the absorption of
pigments  or  dyes,  structural  color  arises  from  the  interac-
tion  between  light  and  micro- and  nanostructures13–15,
achieving  selective  modulation  of  the  reflected  spectrum
through physical  processes such as interference,  diffraction,
and  resonant  scattering16,17.  Structural  colors  observed  in
butterfly wings and peacock feathers arise from wavelength-
selective  reflection  of  incident  light  by  periodic  micro- and
nanostructures in nature. Inspired by these natural phenom-
ena,  artificially  engineered  metasurfaces18–21 composed  of

designed  nanostructures  provide  a  highly  flexible  platform
for  precise  control  of  structural  color,  enabling  the  realiza-
tion  of  target  spectra  and  colors  through  tailored
geometric parameters.

At  present,  the  design  of  structural  color  metasurfaces
primarily  relies  on  full-wave  electromagnetic  simulation
methods,  such as the finite element method (FEM) and the
finite-difference  time-domain  (FDTD)  method22,  often
combined  with  parameter  sweeps  or  heuristic  optimization
for structural exploration. However, in the presence of high-
dimensional  parameter  spaces  and  complex  parameter
coupling,  traditional  simulation-based  approaches  relying
on  exhaustive  search  or  empirical  tuning  typically  require
substantial computational resources, thereby limiting design
efficiency—an issue that is particularly pronounced in struc-
tural  color  design.  With the  rapid development  of  machine
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learning  techniques23–26 in  photonic  device  design27–29 data-
driven approaches30–32 have emerged as an important means
to  accelerate  metasurface  design.  By  learning  the  mapping
between  structural  parameters  and  optical  responses,  deep
neural  networks33–36 can  effectively  replace  a  portion  of
computationally  expensive  full-wave  simulations,  enabling
rapid  prediction  of  spectral  or  color  responses  and  thereby
significantly improving design efficiency37–39. This provides a
new  technological  pathway  for  both  forward  modeling  and
inverse design of structural color.

In  recent  years,  deep  learning-based  inverse  design
approaches40–43 for  structural  color  have  attracted
widespread attention. In 2019, Gao et al.44 proposed a neural
network framework that  enables  efficient  mapping between
structural  parameters  and  target  colors,  thereby  signifi-
cantly  reducing  the  computational  cost  associated  with
conventional  electromagnetic  simulations.  Subsequently,  in
2024,  Zuo  et  al.45 employed  a  bidirectional  long  short-term
memory (Bi-LSTM) network to realize polarization-insensi-
tive inverse design of structural color,  effectively improving
both prediction accuracy and model generalization. Further-
more,  in  2025,  Yang  et  al.46 proposed  an  LSTM-based
cascaded  network  architecture  that  incorporates  a  feedback
mechanism  to  partially  alleviate  the  non-uniqueness  inher-
ent  in  inverse  design,  achieving  high-accuracy  structural
color  design.  In  contrast,  the  hybrid  probabilistic  sampling
network proposed by Wei et al.47 addresses the one-to-many
mapping  between  optical  performance  and  structural
parameters  in  nanophotonic  inverse  design  by  sampling
from  a  Gaussian  mixture  distribution  and  selecting
optimal solutions.

Despite  these  advances  in  computational  efficiency  and
prediction accuracy48–50, most existing approaches formulate
structural  color  design  as  a  deterministic  regression  prob-
lem in a low-dimensional color space, directly establishing a
mapping  between  structural  parameters  and  RGB  or  chro-
maticity coordinates. This modeling approach overlooks the
physical origin of structural color: the perceived color arises
from  the  weighted  integration  of  the  reflection  spectrum
over  the  visible  range,  modulated by  the  illumination spec-
trum  and  the  human  visual  response  functions.  Because
different  spectral  distributions  can  correspond  to  the  same
perceived  color,  this  many-to-one51,52 mapping  from  "spec-
trum  to  color"  inherently  introduces  information  compres-
sion  and  irreversibility,  leading  to  the  prevalence  of  non-
unique solutions in inverse design.

This  issue  becomes  even  more  pronounced  in  polariza-
tion-dependent  structural  color  design.  For  polarization-
selective  structures,  the  same  nanostructure  can  exhibit
markedly different spectral responses under different polar-
ization  states,  while  relying  solely  on  color  as  the  supervi-
sion signal is insufficient to constrain the consistency of the
underlying  electromagnetic  response.  This  not  only  further
exacerbates the ill-posed nature of the inverse mapping, but
also  leads  to  discrepancies  in  physical  validation,  thereby

reducing the reliability and stability of the model.
To address the above issues, a hierarchical physical frame-

work  that  incorporates  spectroscopic  information  with
physical completeness as an intermediate representation has
emerged as a more reasonable modeling strategy. Compared
with low-dimensional color representations, spectra provide
a  complete  description  of  the  structure’s  response  across
wavelengths,  thereby  offering  stronger  physical  constraints
for the model. Meanwhile, by explicitly constructing a hier-
archical mapping of "structural parameters - reflection spec-
tra - perceived  color",  the  information  collapse  associated
with  direct  color  regression  can  be  effectively  avoided,
thereby improving the physical consistency of inverse design
results. First, a spectrum-prediction-driven forward model is
constructed  to  achieve  high-accuracy  mapping  from  struc-
tural  parameters  to  reflection  spectra.  Subsequently,  in  the
inverse  design  stage,  multimodal  solution  distribution
modeling and a closed-loop optimization strategy are intro-
duced  to  effectively  characterize  the  multiple  feasible  solu-
tions  in  the  structural  parameter  space,  while  enforcing
physical  consistency  through  the  forward  model.  This
approach  not  only  improves  color  matching  accuracy,  but
also  significantly  enhances  the  stability  and  interpretability
of  inverse  design,  providing  a  new method for  the  efficient
design of complex polarization-dependent structural colors.

 2    Structure and design
AlN has been widely used in dielectric metasurfaces for opti-
cal  manipulation,  holography53,54,  and  color  engineering55,56

due  to  its  high  refractive  index  and  low  light  absorption.
CeF3 was  selected  as  the  substrate  material  because  of  its
relatively  low  refractive  index  in  the  visible  light  range.
Specifically,  we  obtained  the  refractive  index  of  AlN  from
Pastrnák57 and the refractive index of CeF3 from Rodríguez-
de  Marcos58.  These  optical  constants  were  used for  all  elec-
tromagnetic simulations.

In  this  work,  the  AlN  metasurface  consists  of  numerous
unit cells. Figure 1(a) illustrates a schematic of the polariza-
tion-sensitive  AlN  nanostructure  along  with  its  geometric
parameters.  The  metasurface  is  composed  of  periodically
arranged  AlN  nanocolumns  on  a  CeF3 substrate.  The
geometric  parameters  of  each unit  include the nanocolumn
length  (L),  width  (W),  height  (H),  and  the  period  (P)
between adjacent  nanocolumns.  Specifically,  length (L)  and
width (W) range from 100 to 400 nm with a step size of 20,
the period (P) varies from 250 to 410 nm with a step size of
10, and the nanocolumn height (H) is fixed at 325 nm.

Due  to  the  in-plane  geometric  anisotropy  of  the
nanocolumns, the structure exhibits distinctly different opti-
cal  responses  to  different  linearly  polarized  incident  light
under  normal  incidence.  When  the  incident  light  is  polar-
ized  along  the  x  and  y  directions,  respectively,  the  electro-
magnetic  field  distribution  within  the  nanocolumn  cross-
section  and  its  coupling  with  the  structural  boundaries
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differ,  thereby  exciting  distinct  resonance  modes.  This
polarization-dependent  modal  variation  leads  to  signifi-
cantly  different  reflection  spectra  and  structural  color
responses  under x- and y-polarized  illumination,  even  for
identical  geometric  parameters.  To  explicitly  characterize
this polarization-dependent behavior, full-wave electromag-
netic  simulations  were  performed for  each set  of  geometric
parameters under normal incidence with x- and y-polarized
illumination,  respectively.  All  simulations  were  carried  out
using  COMSOL  Multiphysics  based  on  the  finite  element
method  (FEM),  with  a  wavelength  range  of  400–700  nm.
Other  simulation  conditions,  including  the  incident  angle
and material properties, were kept consistent. In total, more
than 2000 simulated spectra were generated for each polar-
ization state. Therefore, the total number of simulated spec-
tra across both polarization states exceeds 4000.

Within a unified colorimetric framework, the correspond-
ing CIE tristimulus values X, Y, and Z of the reflection spec-
tra are calculated as follows: 

X =
1
K

w
λ
x (λ) I (λ) S (λ) dλ , (1)

 

Y =
1
K

w
λ
y (λ) I (λ) S (λ) dλ , (2)

 

Z =
1
K

w
λ
z (λ) I (λ) S (λ) dλ , (3)
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x(λ) y(λ)
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K

here,  denotes the relative spectral power distribution of
the  incident  light;  represents  the  reflection  spectrum
obtained via the finite element method, and ,  and

 are  the  standard  observer  color  matching  functions
defined  by  the  International  Commission  on  Illumination.

 is  a  normalization  constant.  The  chromaticity  coordi-
nates  are  then  calculated  from  the  tristimulus  values
as follows: 

x = X
X+ Y+ Z

, (4)
 

y = Y
X+ Y+ Z

. (5)

The  calculated  chromaticity  coordinates  are  plotted  on
the  CIE-1931  XYZ  chromaticity  diagram,  yielding  the
datasets  under x- and y-polarized  conditions,  as  shown  in
Fig. 1(b) and 1(c), respectively. Meanwhile, to quantitatively
evaluate the discrepancy between the predicted and ground-
truth  colors,  the  color  difference  was  evaluated  using  the
CIEDE2000 metric (ΔE), which provides a perceptually rele-
vant measure of color discrepancy.
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Fig. 1 | (a) Schematic of the investigated polarization-selective metasurface based on AlN nanostructures, along with the geometric parame-
ters, including the nanocolumn length (L), width (W), height (H), and period (P). (b)–(c) Colors of the training dataset as displayed on the CIE
1931 color space chromaticity diagram, (b) x-polarization direction, and (c) y-polarization direction.
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Furthermore,  to  facilitate  comparison  of  structural  color
variations  induced  by  spectral  differences  under  different
polarization  conditions,  the  colors  computed  from  the
reflection  spectra  are  subjected  to  a  unified  luminance
normalization,  with  the  luminance  component  Y  fixed  at
0.5.  This  ensures  that  the  visualization  primarily  reflects
variations in spectral  shape rather than differences in abso-
lute  reflectance  intensity.  Representative  reflection  spectra
under x- and y-polarized illumination for selected structural
parameters  are  compared in Fig. 2(a–d).  It  can be  observed
that the reflection spectra corresponding to different linearly
polarized  incidences  exhibit  significant  differences  in  reso-
nance  peak  positions,  peak  intensities,  and  spectral  profiles
under  identical  geometric  parameters.  This  polarization-
dependent spectral response originates from the anisotropic
geometry  of  the  nanocolumns,  which leads  to  distinct  elec-
tromagnetic  mode  coupling.  The  resonance  modes  excited
under  different  polarization  states  differ  markedly  in  their
spatial field distributions and resonance conditions, thereby
resulting in pronounced variations in the reflection spectra.

 3    Forward prediction network
To  avoid  the  information  collapse  associated  with  directly
regressing  chromaticity  coordinates  in  a  low-dimensional
color  space,  a  spectrally  resolved  forward  prediction  model
is  constructed,  as  shown  in Fig. 3(a),  to  explicitly  learn  the
continuous  mapping  between  the  geometric  parameters  of
the  nanostructure  and  its  wavelength-dependent  reflection
spectra.  This  strategy preserves the complete spectral  infor-
mation  in  the  mapping  from  structural  parameters  to
perceived  color,  allowing  the  network  to  fully  capture  the
continuous  variations  of  the  optical  response  and  thereby
providing a physically grounded basis for subsequent inverse
design.  In  this  work,  the x-polarization  and y-polarization
reflection  spectra  were  simulated  independently  for  the
same  structural  parameter  space,  resulting  in  two  polariza-
tion-specific  datasets.  Accordingly,  two  independent
forward prediction models  with  identical  network architec-
tures  were  trained  separately  for  the x- and y-polarized
cases.  On this basis,  a multilayer perceptron is  employed as
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Fig. 2 | (a)–(d) Comparison of reflection spectra for several sets of nanostructural parameters under normal incidence with x- and y-polarized
illumination.  The  structural  colors  are  visualized  based  on  the  calculated  reflection  spectra,  with  the  luminance  component  (Y)  uniformly
normalized to 0.5.
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the forward model to learn the nonlinear mapping between
structural  geometric  parameters  and  the  reflection  spectra.
For  different  polarization  conditions,  separate  datasets  are
constructed and independent forward prediction models are
trained  accordingly.  For  each  model,  the  inputs  consist  of
the structural geometric parameters, while the output is the
corresponding reflection spectrum under the given polariza-
tion  condition.  The  entire  dataset  is  divided  into  training,
validation,  and test  sets  with proportions  of  75%,  15%,  and
10%, respectively.

The  feedforward  network  consists  of  multiple  layers  of
fully  connected  neurons,  with  each  hidden  layer  using  the
ReLU activation function to enhance its nonlinear represen-
tational capacity. The output layer is first compressed using
the Tanh activation function, then undergoes a linear trans-
formation  and  clipping  operation  to  restrict  the  predicted

reflectance  to  the  physically  plausible  range  of  [0,1].  This
network  architecture  balances  expressive  power  with  train-
ing  stability  and  compliance  with  physical  constraints.
During  training,  the  Adam optimizer  is  used  to  update  the
model  parameters,  and  a  cosine-smoothed  learning  rate
scheduling  strategy  is  employed  to  dynamically  adjust  the
learning rate, thereby accelerating convergence and prevent-
ing  the  model  from  getting  stuck  in  local  optima.  An  early
stopping  mechanism  is  implemented  during  training  to
prevent overfitting.

Given  that  spectral  amplitude  accuracy,  spectral  shape,
and  physical  feasibility  all  significantly  influence  perceived
color in structural color design, this paper proposes a multi-
constraint  composite  loss  function  that  jointly  constrains
the  predicted  spectrum  across  multiple  complementary
dimensions.  The  mean  squared  error  (MSE)  serves  as  the
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Fig. 3 | (a) Schematic diagram of the model structure, with structural parameters as inputs under different polarization conditions, and reflec-
tion  spectra  in  the  400–700 nm range as  outputs,  which  are  further  converted to  a  color  space.  (b)  Spectral  prediction  results  for  a  typical
sample  under x-polarization;  the  blue  line  represents  the  actual  values,  and  the  orange  line  represents  the  predicted  values.  (c)  Spectral
prediction  results  for  a  typical  sample  under y-polarization;  the  blue  line  represents  the  actual  values,  and  the  orange  line  represents  the
predicted values.

Zhu T et al. Intell Opto-Electron , 260012 (2026) https://doi.org/10.67704/ioe.2026.260012

260012 (Page 5 of 12)

https://doi.org/10.67704/ioe.2026.260012


dominant term, constraining wavelength-specific amplitude
errors; the cosine similarity (CosineLoss) constrains spectral
shape;  the  SmoothLoss  term  acts  on  the  first-order  differ-
ence  of  the  spectrum  to  suppress  non-physical  oscillations
and encourage smooth spectral  transitions;  and GradMatch
preserves  peak  positions  and  slope  characteristics.  Specifi-
cally, the spectral loss is defined as follows: 

L1 = αLMSE + βLCosineLoss + γLSmoothLoss + δLGradMatch . (6)
α β γ δIn this model, = 0.7, = 0.2, = 0.05, and = 0.05 are the

weighting  coefficients.  To  improve  perceived  color  consis-
tency,  the  predicted  spectrum  is  converted  to  chromaticity
coordinates using the CIE color matching function, and the
error  is  calculated  relative  to  the  target  chromaticity  to
construct the color loss term: 

L2 = Lxy + λYLY , (7)
Lxy

LY

λc

L

here,  is  used  to  constrain  the  chromaticity  coordinates
(x,  y),  and  is  used  to  constrain  the  luminance  compo-
nent Y.  serves as the weight coefficient for the color loss
term in the total loss function. The final total loss function 
is defined as: 

L = L1 + λcL2 . (8)
The model  was  trained for  1,000 epochs  (epoch = 1,000)

with a  batch size of  32 (BatchSize = 32),  and an early  stop-
ping  mechanism  was  implemented  to  prevent  overfitting.
The training loss is shown in Fig. 4(a) and 4(c). Under vari-
ous polarization conditions, we systematically evaluated the
predictive performance of the proposed MLP forward model
for the reflectance spectra of micro- and nanostructures and

their corresponding structural colors. The model uses struc-
tural parameters as input to directly predict reflectance spec-
tra in the 400–700 nm wavelength range and further calcu-
lates structural color and color difference indices using stan-
dard  colorimetric  integrals. Figure 3(b) and 3(c) show
several  representative  samples,  comparing  the  actual  and
predicted  spectra,  as  well  as  the  target  and  design  colors,
under  different  polarization  conditions.  These  samples
exhibit  distinct spectral  profiles.  It  can be observed that the
model  is  capable  of  accurately  reconstructing  the  positions
of  major  resonance  peaks  and  the  overall  spectral  shape.
Particularly  within  the  resonance  bands  responsible  for  the
dominant structural colors, the predicted results show a high
degree of consistency with numerical simulations. This indi-
cates  that,  under  ideal  conditions,  the  proposed  forward
model  not  only  achieves  high-fidelity  spectral  predictions
but  also  accurately  reproduces  structural  color  characteris-
tics at the perceptual level.

To  further  analyze  the  model’s  predictive  performance
across  different  wavelength  bands, Figure 4(e) shows  the
mean absolute error (MAE) of reflectance predictions on the
test set as a function of wavelength. As can be seen, the over-
all  MAE  ranges  from  approximately  0.005  to  0.01,  corre-
sponding  to  an  absolute  error  of  less  than  1%  within  the
reflectance  range  [0,1].  Furthermore,  as  shown  in Fig. 4(b)
and 4(d),  over  95%  of  the  structural  colors  predicted  from
the  spectra  under  different  polarization  conditions,  as
obtained through chromaticity integration, meet the percep-
tual  threshold  of  ΔE ≤ 3.  It  should  be  noted that  structural
colors  are  dominated  by  narrow-band  spectral  resonances,
and their color perception is highly sensitive to the position
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of these resonance peaks. Since the chromaticity integration
process  introduces  non-uniform  weighting  between  the
human  eye’s  sensitivity  function  and  the  light  source  spec-
trum,  even  resonance  peak  shifts  on  the  order  of  a  few
nanometers  can  cause  significant  changes  in  the  CIE  color
space.  Furthermore,  color  difference  metrics  exhibit  a
nonlinear amplification effect for hue changes; this amplifi-
cation effect is particularly pronounced near high saturation
or at the boundaries of the color gamut.

 4    Inverse design network
The forward mapping process from structure to color essen-
tially involves a projection from a high-dimensional spectral
space  into  a  low-dimensional  perceptual  space.  Specifically,
structural  parameters  first  determine  their  wavelength-
dependent  reflectance  spectra,  which  are  then  mapped  to  a
low-dimensional color perceptual space through chromatic-
ity integration. This mapping process from spectral to chro-
maticity  inevitably  introduces  irreversible  information
compression,  resulting  in  different  combinations  of  struc-
tural parameters potentially producing nearly identical color
responses in perceptual terms. Precisely because of the irre-
versibility  introduced  by  the  spectral-to-color-perception
integration  process,  the  forward  mapping  from  structural

parameters  to  chromatic  responses  exhibits  distinct  non-
injective characteristics.  In the parameter space, such struc-
turally  distinct  but  perceptually  indistinguishable  solutions
are  not  discretely  distributed;  rather,  they  form  a  set  of
structural parameters that are equivalent within the range of
perceptual tolerance.

Traditional  inverse  design  methods  often  overlook  the
inherent  multi-solution  nature  of  the  problem.  In  contrast,
this  study  aims  to  characterize  the  distribution of  solutions
by introducing a mixture density network (MDN) to model
the multimodal conditional probability distribution of struc-
tural  parameters  under  perceptual  constraints,  thereby
systematically  describing  the  various  geometric  solutions
that may exist under perceptual consistency constraints. The
inverse-engineering  framework  is  shown  in Fig. 5.  In  this
work,  the  inverse  design  is  performed  in  a  polarization-
conditioned  manner.  Specifically,  for  a  specified  incident
polarization state, the desired color or reflection spectrum is
used  as  the  target  input,  and  the  inverse  model  predicts
candidate  structural  parameters  that  can  reproduce  the
target optical response under that polarization condition.

Since  the  output  results  are  not  single,  deterministic
values  for  structural  parameters,  the  network  architecture
primarily  consists  of  a  set  of  feedforward  neural  networks,
with a parametric Gaussian mixture model (GMM) cascaded
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λ

at  the  end  of  the  network.  The  Gaussian  mixture  distribu-
tion replaces deterministic regression values to describe the
multimodal  characteristics  of  structural  parameters.  The
backbone  network  consists  of  multiple  hidden  layers  and
uses ReLU as the activation function. The Adam optimizer is
employed with a  learning rate  of  0.001,  and a  weight  decay
term (  = 0.00001) is introduced to suppress overfitting. The
fully  connected  output  layer  of  a  mixture  density  network
does  not  directly  predict  geometric  parameters;  instead,  it
outputs  all  parameters  required  for  the  Gaussian  mixture
model,  including  mixing  weights  and  mean  vectors.  Since
traditional  loss  metrics  commonly  used  in  regression  tasks,
such as MSE, cannot capture the multi-solution structure, it
is  difficult  to  drive  the  network  to  learn  multiple  possible
structural clusters. To ensure that the predicted distribution
approximates the statistical distribution of the parameters as
closely as possible,  the inverse model loss function employs
negative log-likelihood (NLL) as the training loss. The prob-
ability  distribution  and  the  negative  log-likelihood  are
expressed as follows: 

p (p|c) =
K∑

k=1

πkN (p|μk,Σk) , (9)
 

LMDN = −log

(
K∑

k=1

πkN

(
p | μk,

∑
k

))
. (10)

p
K

πk

μk Σk

N
μk

μk

Here,  given  chromaticity  c  =  (x,  y,  Y),  represents  the
structural  parameters;  denotes  the  number  of  Gaussian
components  in  the  mixture  distribution  (the  number  of
mixtures);  represents  the  corresponding  probability
weight;  denotes  the  latent  candidate  solution; 
describes the uncertainty of  this  structural  solution;  and 
is  the  probability  density.  In  the  network,  the  mean  of
each Gaussian component forms a complete vector of struc-
tural  parameters.  These  component  means ,  taken  as  a
whole,  constitute  the  initial  candidate  solution  for
inverse design.

Although  mixture  density  network  can  statistically  char-
acterize  the  multi-solution  nature  of  inverse  mapping,  the
chromatic  responses  of  their  directly  generated  candidate
solutions  in  real  physical  models  may still  deviate  from the
target.  Notably,  given that  the inverse mapping from struc-
tural parameters to perceptual color is highly nonlinear and
inherently multi-solution, relying solely on the direct output
of GMMs makes it difficult to ensure the reliability of candi-
date  solutions  in  terms  of  perceptual  color  consistency  and
engineering  feasibility.  Based  on  this,  this  paper  further
introduces a  hybrid compensation optimization strategy on
top  of  probabilistic  inverse  modeling.  By  forming  a  closed-
loop  system  between  the  statistically  generated  candidate
structural  parameters  and  the  forward  physical  model,  we
perform  constrained  optimization  of  perceptual  errors
within  the  chromatic  manifold  neighborhood,  thereby
bridging  the  gap  between  probabilistic  modeling  and

physical consistency.
Specifically, the inverse model first generates multiple sets

of  candidate  structural  parameter  solutions  under  percep-
tual constraints, and then uses a forward surrogate model to
explicitly  calculate  the  perceptual  color  difference  between
the  predicted  and  target  chromaticity  values,  thereby
completing  the  initial  screening  and  ranking.  Building  on
this, a three-stage hybrid optimization strategy is applied to
refine the top-ranked candidate solutions: (i) Stochastic local
optimization introduces controlled perturbations within the
neighborhood of  the  candidate  solutions  to  enhance  search
diversity and reduce the risk of getting stuck at local optima;
(ii)  Linear  compensation  based  on  the  Jacobian  matrix
utilizes local sensitivity information from the forward model
to  apply  corrections  with  clear  physical  significance  to  the
structural  parameters,  thereby  effectively  reducing  percep-
tual color difference in a first-order approximation; (iii) An
evolutionary  search  strategy  further  performs  constrained
exploration  in  the  nonlinear  optimization  process,  yielding
structural  parameter  solutions  with  smaller  color  differ-
ences  in  terms  of  perceptual  consistency.  It  should  be
emphasized  that  this  hybrid  optimization  process  uses  the
continuous reduction of perceptual chromatic aberration ΔE
as its primary criterion, implicitly implementing constrained
search  within  the  isochromatic  manifold  neighborhood  in
the  parameter  space  through  an  inverse-forward
closed-loop verification.

Figure 6(a) and 6(b) present the statistical results of color
difference  distributions  under  different  polarization  condi-
tions.  Without  optimization,  the  structural  parameters
generated by the inverse model exhibit a relatively dispersed
distribution in terms of perceptual accuracy. Under x-polar-
ization  conditions,  only  30.9%  of  the  samples  met  the
high-precision  requirement  of  ΔE  ≤  1,  with  the  majority
of  samples  concentrated  in  the  1  ≤  ΔE  ≤  2  range  (39.7%),
while  approximately  14%  of  the  samples  still  had  errors
exceeding ΔE > 3. A similar trend is observed under y-polar-
ization  conditions,  with  36.6%  of  samples  meeting  the
ΔE  ≤  1  criterion,  but  the  overall  error  distribution
remains relatively dispersed. This indicates that although the
mixture  density  network  can  capture  the  multi-solution
distribution in a statistical  sense,  the candidate structures it
directly  outputs  still  exhibit  some  deviation  in  terms  of
perceptual consistency.

In  contrast,  after  introducing  the  proposed  hybrid
compensation  optimization  strategy,  the  error  distribution
converged  significantly.  Under  the  two  polarization  condi-
tions,  the  proportion  of  cases  where  ΔE  ≤  1  increased  to
96.9%  and  97.3%,  respectively.  These  results  demonstrate
that through a closed-loop optimization process involving a
forward model, perceived chromatic aberration can be effec-
tively utilized as a feedback signal to guide candidate struc-
tures  toward  the  optimal  solution  within  the  isochromatic
manifold neighborhood in parameter space, thereby signifi-
cantly  improving  the  accuracy  and  stability  of  the
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inverse design.
To  demonstrate  the  multi-solution  capability  of  the

inverse  design, Figure 6(c) and 6(d) show  a  comparison  of
inverse  designs  under  different  polarization  conditions  for
the  parameter  set  (P =  330  nm, L=  200  nm, W=  140  nm).
Further  comparison  of  the  results  under  different  polariza-
tion  conditions  reveals  that  the  proposed  method  exhibits
consistent  spectral  trends  under  both x-polarization  and y-
polarization,  indicating  that  this  framework  addresses  the
multi-solution  problem  in  structural  color  design.  Overall,
through  a  closed-loop  mechanism  of  "statistical
modeling —physical  validation —iterative  compensation",
this  hybrid  compensation optimization framework expands

inverse  design  from  convergence  to  a  single  solution  to  a
systematic  exploration  of  isochromatic  manifolds,  thereby
achieving  a  balance  between  perceptual  consistency,  physi-
cal plausibility, and engineering feasibility.

It should be noted that our model possesses polarization-
generalization  capabilities  and  can  be  extended  to  non-
polarized  opto-electronic  devices,  since  the  core
structure–spectrum  relationship  is  governed  by  the  same
Maxwell equations and constrained by the same low-dimen-
sional  geometric  parameter  space.  However,  in  our  present
framework,  the  specified  polarization  state  is  used  as  an
input  variable  since  our  work focuses  on the  specific  struc-
ture–spectrum  relationship  under  a  given  polarization
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condition  and  its  corresponding  structural  color  response
and  reveals  the  underlying  physical  mechanisms,  which
provides  important  insights  for  the  research  and  design  of
polarization-based opto-electronic devices.

Finally, we extracted pixels from the same image at differ-
ent  resolutions  and  fed  them  into  the  inverse  model.  The
reconstruction process was performed under x-polarization.
Specifically, Figure 7(a) and 7(b) show the target image and
the  inversely  reconstructed  image  at  32×32  pixels,  respec-
tively.  It  can be observed that the model effectively restores
the  overall  color  distribution  and  spatial  structural  features
of  the  target  image;  however,  due to  the  limited number  of
pixels  at  low  resolutions,  the  reconstructed  results  exhibit
some  degree  of  pixelation.  Furthermore, Figure 7(c) and
7(d) show  the  target  image  and  the  reconstructed  result  at
128×128  pixels,  respectively.  For  each  selected  pixel,  we
provide  the  spectrum  predicted  by  the  network  model  and
the full-wave simulated spectrum. The comparison between
the  predicted  spectrum  and  the  full-wave  simulated  spec-
trum  shows  good  consistency,  indicating  that  the  recon-
structed  color  is  physically  supported  by  the  designed
nanostructure.  Compared  to  the  low-resolution  case,  high-
resolution reconstruction further enhances image detail and
visual  continuity.  The  overall  results  demonstrate  that  the
proposed  MDN  multi-solution  inverse  design  framework
can  effectively  reconstruct  complex  spatial  color  distribu-
tions  while  maintaining  good  overall  color  consistency
across different resolutions.

In addition, the designed unit cells have regular and well-
defined  geometries,  with  lateral  dimensions  and  periods  in
the  range  of  hundreds  of  nanometers,  avoiding  extremely
small  features  that  are  difficult  to  fabricate.  Therefore,  they
are  compatible  with  standard  nanofabrication  processes

such  as  electron-beam  lithography,  nanoimprint  lithogra-
phy,  and  dry  etching.  In  terms  of  fabrication  tolerance,  the
generated  structural  colors  are  mainly  determined  by  the
overall reflection spectra in the visible range rather than by a
single  ultra-narrow  resonance.  Thus,  moderate  geometrical
deviations  are  expected to  cause  only  limited spectral  shifts
or intensity variations. Moreover, the continuous parameter
space and the non-unique nature of structural color inverse
design  provide  the  possibility  of  selecting  candidate  struc-
tures with better fabrication accessibility and tolerance.

 5    Conclusion
In  this  work,  we have  developed an efficient  inverse  design
method  for  polarization-selective  structural  color.  By
constructing a modeling framework based on spectral infor-
mation  and  combining  multi-solution  distribution  learning
with a  closed-loop optimization mechanism, we have effec-
tively  described  and  controlled  the  complex  mapping  rela-
tionship between structural parameters and perceived color.
Furthermore,  the  multi-solution  nature  of  the  model
provides  additional  design  freedom  for  structural  color
design.  Under identical  color response conditions,  different
structural  parameter  schemes  can  be  selected  based  on
specific  requirements,  thereby  enhancing  design  flexibility
and feasibility. This expansion of the design space, driven by
“multi-solution” capabilities,  endows  the  method  with
greater adaptability for practical engineering applications.

Overall,  the  proposed  method  achieves  high-precision
and  high-efficiency  structural  color  inverse  engineering
while  ensuring  physical  consistency.  It  also  offers  an  effec-
tive approach for addressing the issue of non-uniqueness in
complex  photonic  structures  and  has  the  potential  to  be
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extended  to  a  wider  range  of  nanophotonic  device
design tasks.
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