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1. Introduction

Metasurface, as an integrated photonic device, has been used in
many fields, including hologram,[1,2] polarization control,[3] color
manipulation,[4] achromatic focusing,[5] etc. To achieve those
goals, the metasurface needs to be meticulously designed to real-
ize specific optical responses concerning both the nano-antenna
configuration and the pattern arrangement. The design process
usually consists of sweepings over different parameters, e.g.,
shape, height, length, etc., through an electrical-magnetic

(EM) solver (e.g., Lumerical finite-differ-
ence time-domain (FDTD))[1] so as to find
a suitable configuration.

Given the computation burden in the
sweeping process, the deep learning model
prevails in finalizing the nano-unit’s geom-
etry in a much faster way.[6,7] Apart from
nano-antennas’ design, the deep learning
model has also been applied to optimize
the arrangement of them.[8] A generative
model is adopted to create a meta-grating
with the best diffraction efficiency.[9] In
addition, a convolutional neural network
is trained to map from the holographic
image to the phase mask.[10] Such inverse
design problems could be solved readily
through a deep learning model.[9,11–13]

However, with metasurfaces taking on
different forms, e.g., gratings, plasmonics,
layers, etc., for different applications, it
requires a tailored neural network to
accommodate the various parameters.

In the field of hologram, the inverse
problem from a holographic image to the

phase mask is generally solved through the Gerchberg–Saxton
algorithm[14] or inverse Fourier transform,[15] which could be eas-
ily achieved through a physical Fourier transform lens.[14] The
underlying physics is about Fourier optics. Given a field trans-
mission function f(x,y), we could get its amplitude spectrum
in the Fourier plane as F(u,v)¼ℱ( f(x,y)), where ℱ stands for
Fourier transform.[15] Experimentally, it is common to use a
spatial light modulator (SLM) to tune the transmission function
f(x,y) in a phase-only manner, thus generating the desired holo-
graphic image. The phase mask on SLM is usually termed as a
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Inverse design of a metasurface involves searching parameters in a high-
dimensional space, which needs huge computational power. To ease the
computational burden, neural network, a well-researched computer science
stream, has demonstrated its potential usage in the inverse design of a photonic
device. Many studies primarily focused on the nanostructure’s configuration.
However, the near field of a metasurface requires further optimization to achieve
a desired holographic image at relieved computational power. Here, a convo-
lutional neural network is developed to optimize the complex field of a computer-
generated hologram, which can be fabricated into a metasurface to generate the
desired holographic image upon lensless image projection. The neural optimizer
can accelerate the design speed 400 times faster than theoretical computation
and reduce the time complexity from O(n4) to O(n2). The neural optimizer has
been compared against three other methods, e.g., gradient-based optimization,
global genetic algorithm, and coupled-mode theory, to demonstrate a lowered
error rate from more than 10% to 1.38% for the benchmark testing and a reduced
running time from hours to near 1 s. The neural optimizer is envisioned to play a
key role in lensless image projection and real-time metasurface pattern design.
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computer-generated hologram (CGH).[16] Metasurface featuring
the Pancharatnam–Berry phase could also be used for hologram
with higher resolution and better performance.[17]

However, the phase-only modulation is apparently far worse
than complex modulation in terms of sharpness and luminos-
ity.[1] Moreover, complex modulation is free from the Fourier
transform lens, as it incorporates the inverse propagation func-
tion into the complex design,[18] thus every point in the holo-
graphic image (object field) is the interference results of all
the spherical waves from the CGH. This lensless modality, com-
bined with metasurface, is of high interest in recent stud-
ies.[1,10,19] However, efficient inverse mapping from a desired
holographic image to the original complex-modulated metasur-
face is still highly desirable in the community.

Here, to the best of our knowledge, we first presented a neural
optimizer (NO) to design a complex-field CGH, which was 400
times faster than theoretical computation, to achieve a desired
holographic image. The time complexity was reduced from
O(n4) to O(n2), where n is the length of the CGH. The CGH
was then fabricated into a metasurface within a lensless modality
to deliver a compact optical system. The NO featured a dual-
branch convolutional neural network to encode the complex pat-
tern containing amplitude and phase. A similar architecture has
been demonstrated in a classification work[20] to improve the
accuracy. In our work, the NO tended to generalize from the
holographic image field to the metasurface field. Our NO has
outperformed three other methods, e.g., gradient-based optimi-
zation, global genetic algorithm, and coupled-mode theory, in
terms of the running time and error rate in metasurface design.
It is envisaged that such technique can promote lensless image
projection and real-time metasurface pattern design.

2. Principle

This lensless holography could be simplified as the superposition of
the spherical wave propagation from each point source on a meta-
surface. For a spherical wave, the free space propagation can be rep-

resented by the Green function G0ð~r, r1!Þ ¼ exp � ikj~r�r1
!j

4πj~r�r1
!j

� �
,[18]

where the plus (minus) sign denotes the forward (backward)
propagation.

Within a metasurface, each unit performs as a secondary
source according to the Huygens–Fresnel law.[19] The holo-
graphic image is, therefore, the superimposition of the secondary
wave from all the units in the metasurface. Inversely, for a given
holographic image, a metasurface’s pattern is the summation of
all contributions of backpropagation from the pixels, which is for-
mulated as

Mðx, yÞ ¼
X
i,j

expð�ik ⋅ Rijðx, yÞÞ
Rijðx, yÞ

⋅Hði, jÞ (1)

where M(x,y) denotes the complex modulation at position (x,y)
on a metasurface M, k represents the wavenumber, H(i,j)
is the intensity information at position (i,j) for a given holo-
graphic image H, and Rij(x,y) is the pixel-wise distance between

M and H, which in mathematical form is jOM��!ðx, yÞ � OH
��!ði, jÞj

with O being the coordinate origin.

Equation (1) is essentially an inverse design process. However,
it involves, apparently, two loops to finalize the complex informa-
tion of a metasurface. If the holographic image and metasurface
are both in size of n� n pixels, the whole inverse design problem
is of the complexity O(n4). Here, through a neural network, it is
anticipated to generalize Equation (1) into

Mðx, yÞ ¼ bQ ⋅Hðx, yÞ (2)

where the decoding process bQ is the transformation matrix which
functions as NO. Hence, the problem is optimized to a complexity
of O(n2). Through this process, we managed to accelerate the
inverse design 400 times faster compared with the theoretical
method in Equation (1) with a testing loss below 5%. It has the
potential for lensless image projection on a faster basis.

3. Neural Network Architecture

Our NO aims at mapping a holographic image to themetasurface’s
complex pattern. It consists of U-Net[21] and residual network[22]

architectures (Figure 1). Since the U-Net is commonly used in
image segmentation and encoding,[23] here we extended the layer
by adding a short-term memory within each block (Figure 1f ). The
NO model features two outputs to represent both the amplitude
and phase of the complex field of a metasurface. The rationale
behind this architecture is: 1) it is required to represent a complex
number by two real numbers, therefore dual-output is adopted;
2) amplitude and phase are correlated to some extent, hence their
skip connections share the same downsample block.

The model, similar to a prior report[10] but different in output
branches, comprises five different blocks. Each block color rep-
resents: a) downsampling, b) dilation, c) upsampling, d) residual,
and e) convolution, respectively (Figure 1a–e). For different
blocks, its filters range from convolutions with a stride of
(1,1) or (2,2), convolutions with a dilation rate of (2,2), to trans-
pose convolutions with a stride of (2,2). The activation functions
after each layer is Rectified Linear Unit (ReLU). And batch nor-
malization (BN) is adopted to standardize the inputs for the next
layer.[24] The skip connection inside each block is an Add func-
tion. The overall architecture of our NO model is illustrated in
Figure 1f, within which the skip connection is concatenation
and the dropout rate is set at 0.03 in the dropout layer. The kernel
size of all the layers is (3, 3). The optimizer is Adam[25] with a
learning rate of 0.001.

The input layer is the desired observation (holographic image)
with a size of 416� 416. Then it passes through downsample and
dilation blocks. The channel size is specified on each block
(Figure 1f ). Within each downsample block, the size of the image
is reduced by a factor of 2 along each dimension. The size
reduces to (13, 13) at the final downsample block with a channel
size of 192. Next, the block separates into two branches. The
phase branch (top path in Figure 1f ) contains five upsample
blocks followed by a residual and a convolution block. The ante-
rior four upsample blocks are concatenated with skip connection
from the downsample path so as to solve the diminishing gradi-
ent issue and extract local and global features.[26] The amplitude
branch, (lower path in Figure 1f ) consists of the same structure
as the phase branch.
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The objective function to be minimized during training is the
mean absolute error (MAE)

Loss ¼
X 1

wd
jjP � T jj (3)

where w and d denote the width and height of the output, P
means the prediction output, and T represents the true output
label, which is normalized in the range of [0,1]. The final
MAE sums over the MAEs from two branches with a ratio of
1:1. The MAE is actually the pixel-wise average deviation for
the prediction field. Therefore, the MAE is a raw value. To rep-
resent the percentage of deviation, we use a term, mean absolute
deviation (MAD), i.e., MAD¼MAE/span. The denominator is
chosen as 1.0 given both amplitude and phase are normalized
to a span of 1. Here, MAE is an absolute value whereas MAD
is a percentage ratio.

We selected 8000 images from the Caltech101 dataset and
resized them into 416� 416 pixels. For each resized image H,
we used Equation (1) to calculate the corresponding metasurface
pattern M as its label, which led to 8000 pairs of datasets. The
focusing distance from metasurface M to holographic image
H was 750 μm. Each unit pixel had a size of 500� 500 nm2.
Hence, both the target holographic image and metasurface
had a size of 213� 213 μm2. The dataset was split into training

and test datasets with a 9:1 ratio, which means 7200 pairs for
training and 800 pairs for testing. Within the training data,
we also took 10% of them as validation. Therefore, in every train-
ing epoch, 6480 pairs were used for training while 720 pairs were
set aside for validation.

We trained the NO for 20 epochs with our dataset. The train-
ing history (Figure 2) suggested that the loss had already reached

Figure 1. The architecture of the neural optimizer (NO) model consists of: a) downsample, b) dilation, c) upsample, d) residual, and e) convolution
blocks. Different blocks are represented in a single rectangle of their corresponding color. f ) The detailed structure of the NO model is built with all the
above blocks with dropout layers denoted by a gray block and skip connections represented by a purple arrow. The numbers on the top or bottom of each
block such as a� b� c indicates the size of the feature map is a� b and the feature channel is c. In each block, the convolution filter types are specified by
different colors in the legend at the bottom left corner, including Conv2D, Conv2D with a dilation rate of (2,2), and Conv2DTranspose. L3 and L5 mean
layer 3 and layer 5 for the first block, whose maximum filter activation is shown in Figure 5.

Figure 2. Training history over 20 epochs. Red line denotes training loss
while blue line represents validation loss with respect to epochs.
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a plateau from epoch 8 and onwards. At epoch 20, the training
MAE reached 0.0471 (MAD of 4.71%) and the validation
MAE was 0.0443 (MAD of 4.43%), implying that the NO was
not overfitting. The test MAE was 0.0457 (MAD of 4.57%),
suggesting a good bias and variance. Since the dropout layer will
be deactivated in the evaluation process, the validation and test
loss were slightly lower than the training loss.

To validate the novelty and impact of our NO, we compared it
with three other methods, namely, gradient-based optimization,
global genetic algorithm, and coupled-mode theory. The imple-
mentation of these three methods is detailed in S1, Supporting
Information. We took the “HKU” letters as the benchmark testing
sample with the visual comparison displayed in S2, Supporting
Information. The comparison results were listed in Table 1, which
shows a greater edge of our NO over other methods.

After nearly 30 h training, our NO could deliver a metasurface
design in about 1 s with a 1.38% error in our benchmark testing
of “HKU” letters. In comparison, the other three methods had to
start from the beginning for each new input with an increased
error. When the number of metasurface reaches 20, the total run-
ning time of gradient-based optimization is already much longer
than our NO. Besides, in the three methods other than NO, we
had to reduce the metasurface size or holographic image size due
to the memory limit of our workstation. We acknowledged that
the three methods other than NO may require hyperparameter
tuning to increase efficiency and reduce error. But it was beyond
the scope of this manuscript. And the benchmark testing dataset
should contain a bundle of testing images rather than a single
image of “HKU” letters. However, it would be too heavy a com-
putation burden to prepare a large dataset for the community to
duplicate while only one image would be easier to work with. We
also validated our NO using a different open source dataset
detailed in Section 4.

In conclusion, our NO has exceeded the other three methods
in terms of running time, error rate, metasurface, and holo-
graphic image sizes.

4. Experimental Verification

The metasurface consisted of Au blocks coated on a glass
substrate. The Au blocks were fixed with a height h of 80 nm
and a width wx of 200 nm. The length of the Au block ranged
from 200 to 400 nm, and the orientation angle was tuned from
0 to π to achieve the 2π phase modulation according to the

Pancharatnam–Berry phase.[2] The design of the Au block to
achieve complex modulation was well presented previously.[27]

In brief, the Au block illuminated by a left circularly polarized
(LCP) light functioned as a birefringent crystal, and part of
the LCP light changed into right circularly polarized (RCP) light
(inset in Figure 3). The output can be formulated as

Sout ¼ RjΓð�αÞ bWΓðαÞjL
D E

(4)

where R and L, respectively, denote RCP and LCP; Γ(α) repre-
sents the rotation matrix; α indicates the orientation angle of
the Au block; bW is the transformation matrix.

The electric field of the filtered RCP component is

Eout ¼ i ⋅ sin
khðno � neÞ

2

� �
⋅ exp i

khðno þ neÞ
2

þ 2α
� �� �

(5)

where k is the wavevector, no and ne are the ordinary and extraor-
dinary index of the Au block respectively. We have run a full-wave
simulation for the Au antenna through Lumerical FDTD. The
length of the antenna was specially picked to achieve an ampli-
tude range of 0 to 1, while the orientation was tailored to exert a
full range of 2π modulation.

To create the targeted observation pattern, the Au antenna
with different lengths and orientations would be arranged to
form a specific pattern. Accordingly, we adopted the NO to
efficiently design such a pattern. The metasurface was then

Table 1. Comparison table of four different methods to design a metasurface. All these methods were tested on the same CPU of AMD EPYC 7302P
3.0 GHz (16C/32T, 128M CACHE). The training time is not applicable to gradient-based optimization, global genetic algorithm, and coupled-mode
theory. 1 iteration time denotes the time to run one forward simulation and one backward propagation to update the parameters. Running time
records total forward propagation time to deliver a result. For example, the trained NO only requires one forward propagation to deliver the
prediction, while the other three methods need multiple iterations to output the results. Error denotes the deviation percentage between simulated
intensity and desired intensity averaged across pixels. Metasurface and holographic image size denote the number of units we adopted.

Method Training time 1 iteration time Running time Error Metasurface size Holographic image size

Neural optimizer (NO) �30 h N/A �1 s 1.38% 416� 416 416� 416

Gradient-based optimization N/A �1146 s �1.6 h 10.69% 416� 416 100� 100

Global genetic algorithm N/A �1013 s �5.6 h 19.90% 416� 416 100� 100

Coupled-mode theory N/A �106 s �5.9 h 70.72% 52� 52 25� 25

Figure 3. Experimental setup. PBS: polarization beam splitter. LCP/RCP:
left/right circularly polarized light filter, containing a λ/4 waveplate and a
polarizer. CCD: charge-coupled device camera. Inset: unit structure of the
metasurface. It consists of an Au block on a glass substrate.
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fabricated through electron-beam lithography (EBL). We built an
experimental platform to test the fabricated metasurface
(Figure 3). The 1030 nm incident light was prepared with an
LCP polarization, and then illuminated on the metasurface.
Next, the modulated light passed through the RCP filter, finally
casting a desired holographic image on the camera.

We selected two images to test the concept. None of them has
been used to train the NO. They were “HKU” letters (Figure 4a),
the Chinese character “光” (meaning “light”) (Figure 4b). The
theoretical complex field of the metasurfaces (row I in
Figure 4) and the corresponding holographic image (row II in
Figure 4) were calculated through Equation (1). It took �450 s
to compute through MATLAB on a CPU of Intel i5 8500
4.1 GHz. In contrast, with the same CPU, the NO prediction only
took about 1 s. Before training, the prediction of the neural net-
work was purely noise without meaningful information (column
a2, b2 in Figure 4). After training, the generated holographic
image matched well with the theoretical one (column a3, b3
in Figure 4). Then we fabricated the metasurface featuring the
complex modulation for testing. The experimental holographic
image matched well with our theory (Figure 4).

Due to the ohmic loss and amplitude modulation, the trans-
mitted power, in the case of “HKU” letters, was only 1.87% of the
incoming power. However, the experimental results sufficed to
demonstrate the concept of NO. And we will consider turning to
dielectric metasurface in the future. The issue of the blurred let-
ter “U” comes from the fabrication imperfection due to the
unstable performance of the EBL machine.

The training process took roughly 30 h using Tensorflow on a
CPU of AMD EPYC 7302P 3.0 GHz (16C/32T, 128M CACHE).

Apart from the Caltech101 database, 2000 images from
Labeled Face in the Wild (LFW) were selected as a different test
pool for cross-checking. The test MAE of the LFW database for
the NO trained under Caltech101 was 0.0484 (MAD: 4.84%) on

average, which was considerably good. The test images from a
different database could verify that our NO generalized well
across images in different datasets.

We further visualized the maximum filter activation of what
has been learned by the neural network (Figure 5). The input size
was 32� 32. Starting from a randomly initialized input, we used
a gradient ascent algorithm to maximize the filter response.[28]

The chosen filter was maximally responsive to the finalized input
(Figure 5). For a shallower layer (layer 3 in Figure 5a), it could
capture simple features, including stripes or dots. When it came
to a deeper layer, for example, layer 5 in Figure 5b, complex fea-
tures like clouds or textures were learned.

To better reveal the neural network from the inside, we visu-
alized the intermediate activation output in Figure 6 for the input
holographic image, a shape of omega from the lab logo of
Kenneth K.Y. Wong’s group at HKU. The channels are the ran-
dom three channels of the last convolutional layer of each specific
layer. The block Do-1&3&5, Aup-1&3 (Pup-1&3), and Ares1
(Pres1) represents downsample, upsample, and residual blocks
(for amplitude and phase branches), respectively.

When a holographic image was fed into the neural network, the
downsample blocks first extracted simple features (e.g., vertical/
horizontal edges, contrast, etc.), then identified complex features
(e.g., thickness of a stripe, etc.). After that, the upsample branches
utilized such information to reconstruct the amplitude and phase
pattern, which will lead to a desired holographic image.

5. Conclusion

In conclusion, we built an NO to intelligently design a CGH for
an optical lensless 2D image projection. The CGH then was fab-
ricated into a complex-modulated metasurface, which can gener-
ate a desired holographic image without a bulky lens system,

Figure 4. Experimental results of NO. Row I: complex field of metasurface’s pattern. Row II: simulated holographic image with a distance of 750 μm from
the metasurface. Row III: holographic image in experiments. The observed holographic images are: a) “HKU” letters, and b) “光” character. (Column a1,
b1) Theoretical computation as in Equation (1) with a computation time of �450 s. (Column a2, b2) Prediction through the untrained NO with �1 s.
(Column a3, b3) Prediction through the trained NO with �1 s. The training process takes �30 h to complete.
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much more convenient than phase-only CGH, which needs a
Fourier-transform lens. Though the experimental setup here
contained other optical components, including LCP, RCP, and
PBS, they can be replaced by a coating to achieve a handy
modality. The NO tends to generalize the optical backpropaga-
tion process in free space from an object field to the CGH.
The NO was trained under the Caltech101 database and had a
test loss of 4.84% for the LFW database. The theoretical training
results were well matched with experiments. Our NO can accel-
erate the inverse design process of the metasurface’s pattern,
from 450 s in a theoretically computing approach to �1 s
enhanced by the prediction capacity. Although the time differ-
ence is negligible compared to the EBL process of nearly 10 h,
the NO can readily be applied to a complex-modulated SLM to
achieve a real-time design, which we will explore further. As

for time complexity, it is reduced from O(n4) for theoretical com-
putation to O(n2) for NO. When the number of metasurface
reaches above 20, the total running time of NO is significantly
reduced compared to other methods, e.g., gradient-based optimi-
zation, global genetic algorithm, and coupled-mode theory.
Besides, the error can be lowered from more than 10% to only
1.38% for the selected testing image. Given that the complex-
modulated metasurface has more sophisticated functions,[1]

the proposed NO may assist in lensless image projection and
real-time metasurface pattern design.

Supporting Information
Supporting Information is available from the Wiley Online Library or from
the author.

Figure 6. Intermediate activationmap of NO when the logo of omega is inputted. Total number of channels is defined in the architecture in Figure 1. Only
three random channels are displayed here. The chosen layer is the last convolution layer of a specific block. “Do” denotes downsample block. “Aup/Pup”
represents the upsample block for amplitude and phase branch, while “Ares/Pres” means the residual block.

Figure 5. Maximum filter activation visualization. The patterns show the inputs that would maximize the 16 filter responses in: a) layer 3, the first
convolutional layer in the first downsample block, and b) layer 5, the second Rectified Linear Unit (ReLU) layer in the first downsample block. The
two layers are marked in Figure 1. The raw image is downsized by 2 in each dimension for both layers.
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