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for programmable metasurface-based beamforming

Jianghan Bao,1,2,3 Weihan Li,1,2,3 Siqi Huang,1,2 Wen Ming Yu,1,2 Che Liu,1,2,* and Tie Jun Cui1,2,4,*

SUMMARY

Programmable metasurfaces have garnered significant attention for their capacity to dynamically manip-
ulate electromagnetic (EM)waves. In particular, the programmablemetasurfaces offer to generate awide
range of EM beams when the appropriate digital coding patterns are designed. Traditionally, optimizing
the coding patterns involves time-consuming nonlinear optimization algorithms due to the high computa-
tional complexity. In this study, we propose a physics-assisted deep learning (DL) model that can calculate
the coding pattern in milliseconds, requiring only a simple depiction of the desired beam. An extended
version of the macroscopic model for digital coding metasurface is introduced as the physics-driven
component, which can compute the radiation pattern rapidly based on the provided coding pattern.
The integration of the macroscopic model ensures to generate the physics-compliant coding designs.
We validate the proposed method experimentally by measuring several coding patterns for both sin-
gle-beam and dual-beam scenarios, which demonstrate good performance of beamforming.

INTRODUCTION

Electromagnetic (EM) metamaterials have captured significant attention over the past decades due to their remarkable capacities to manip-

ulate the EM waves.1–3 These materials exhibit fascinating properties, including negative refraction,3 perfect lensing,4 invisibility cloaking,5–8

concentrators,9 illusion optics devices,10,11 and others.12 Metasurfaces, the 2-dimensional counterparts of metamaterials, consist of periodic

or quasi-periodic sub-wavelength macroscopic units on a plane, with their properties determined by the arrangement of these meta-

units.12,13 However, the traditional metasurfaces are constrained by their inability to adapt their EM characteristics to new requirements

once they are fabricated, which significantly limits their applications. To address this challenge, a novel digital programmable metasurface

(DPM) has been introduced.14 DPM employs digital encoding of the meta-units, such as using 0 and 1 to represent units with phase values

of 0� and 180�. The states of these units are controlled by field-programmable gate array (FPGA) hardware, enabling dynamic and flexible

manipulation of the EM waves. DPM has demonstrated its potentials in various fields, including manipulating the amplitude,15 polarization16

and orbital angular momentum17 of EM wave, holography,18–20 and quantum photonics.21

Traditional metasurface design methods primarily fall into two categories: back-projection (BP)22 and nonlinear optimization.23 BP con-

siders the far-field radiation as the Fourier transform of the current distribution, allowing phase arrangements to be obtained via inverse Four-

ier transforms when provided with the desired radiation pattern. However, the BP method struggles to provide accurate coding designs for

complex beam requirements. In contrast, nonlinear optimization approaches iteratively minimize objective functions to generate optimal

metasurface coding patterns, making them suitable for more complex scenarios. Nonetheless, the time-intensive nature of these iterations

hinders real-time responses to rapidly changing demands, posing a challenge for real-time and reliable coding design.

In recent years, deep learning (DL) models have achieved significant success across various domains, such as speech recognition, image

recognition, and automatic translation.24 Some studies have already explored the application of DL to EM problems,25,26 furthermore on the

problem of metasurface design.27–32 However, these methods suffer from a significant inconvenience: they all require extensive data prep-

aration using computationally complex and time-consuming traditional methods. Additionally, as a result of multiplicity-solution property of

the iterative optimization algorithm, it requires selection of data to ensure that when these data are used to train the supervised DLmethods,

the model can converge properly.18 Thus, for the coding pattern design task of DPM, we strive to develop an unsupervised DL model that

does not rely on dataset from nonlinear optimization or full-wave simulation to guide the training process. Drawing inspiration from the pre-

vious work on holographic metasurface design using physics-assisted generative adversarial networks,18 here we aim to reduce dependence

on traditional methods by introducing more EM mechanisms.

The proposed model comprises two main components. The first component is ResNet,33 a widely used DL framework in computer vision.

Its input images aim to imitate the radiation pattern of the desired beam. The output of ResNet represents the phase arrangement of the
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metasurface. The second component is physics-driven, where the 2-dimensional radiation pattern is calculated using an extended macro-

scopic model (EMM)34 based on the ResNet’s output. Making use of full-simulation results, the newly proposedmacroscopic model of meta-

surface can give much more accurate radiation pattern than traditional array theory approach.35 However, its original version still requires

many simulation results for large-scale metasurface. To tackle this issue, we make an assumption that the radiation of distinct metaunits

only differs by a phase difference term. This extended version needs only several results obtained by simulation to give far-field radiation

accurately and feasibly. The ResNet and EMM correspond to the encoder and decoder in the autoencoders36 in DL, respectively. The major

difference lies in that the parameters of the decoder are usually trainable, whereas in our model, we replace it with non-trainable EMM. The

introduction of this EMmechanism imposes additional constraints on the training of model parameters, thereby giving clearmeaning in phys-

ics to the output, i.e., the coding distribution on the metasurface. The parameters of ResNet are optimized to minimize the difference be-

tween the output radiation pattern and the target image. Once this difference becomes sufficiently small, the ResNet output is considered

as the reasonable metasurface coding pattern for the required beams. We explore the performance of different loss functions and select the

more suitable cosine embedding loss (CEL) instead of the commonly used mean square error (MSE) loss. A schematic diagram of the pro-

posed model is given in Figure 1.

To better illustrate the effectiveness of our DLmodel, we compare the codingpatterns designed by the proposedmodel with the results of

nonlinear optimization approach, obtained by a modified binary particle swarm optimization (MBPSO) algorithm. The far-field radiation

pattern generated by our method usually exhibits lower sidelobe. From the perspective of speed, the proposed DL method converges in

Figure 1. Conceptual illustration of the proposed approach
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10 epochs, taking approximately 17 min for training. After convergence, it can provide the coding configurations for any single-beam or dual-

beam scenarios in just a few milliseconds. Its capacity of rapidly forming beams extends its applicability to real-time beam scanning, micro-

wave imaging, intelligent sensing, and so on. In contrast, the binary particle swarm optimization (BPSO) method requires about 10 min of

optimization for each requirement on our device. The validity of the coding patterns output by the proposedmethod is also verified by exper-

imental measurement. We probe the electric field intensities and phases for both single- and dual-beam cases with different beam orienta-

tions. The results show that our coding patterns are capable of generating beams at the required directions. The main contributions can be

summarized as the following three aspects.

(1) The original macroscopic model for the programmable metasurface is extended to adapt to the large-scale situation. Simulations of

only four coding patterns are sufficient to provide accurate and fast results for any coding arrangements by using the extended version

in our case.

(2) We propose a physics-driven DL model, enabling the model training without the need for extensive dataset preparation. Our model

can design the coding patterns for both single- and dual-beam requirements in quasi real-time and the effectiveness of these designs

is verified by experimental measurements.

(3) The BPSO algorithm is improved and compared with the proposed model. It is found that our model not only outperforms the tradi-

tional methods in terms of computation speed but also in the design effectiveness.

Digital coding metasurface

The hardware of programmable digital coding metasurface used for beamforming is presented in Figure 2, which has been used for target

tracking before.37 A detailed description of the meta-unit is given in the following. As depicted in Figure 2A, the 1-bit coding unit comprises

two PIN diodes connected to a central patch via twometal bars along the x and y directions. The unit’s geometric parameters are: a = 25mm,

b = 11.5mm, c1 = 6mm, c2 = 2.8mm, d= 1.5mm, r= 5mm and b= 120�. Two dielectric substrates are employed in the unit, both of which are

F4Bmaterial with the dielectric constant er = 3 and tangent loss of tand= 0.003. The upper substrate has a height of h1 = 3mm, while the lower

one has a height of h2 = 1 mm. Since both diodes along the x and y directions have OFF and ON states, the entire meta-unit exhibits four

distinct states. In this study, the diode along the y direction remains invariant, resulting in themeta-unit functioning as a 1-bit coding element.

We use 0 and 1 to represent the OFF and ON states of the x axis diode. We simulate the element response under different frequencies using

the commercial software, CST Microwave Studio, and the simulated results are presented in Figure 2C. Around the central frequency of

Figure 2. The structure and performance of the metasurface

(A) The structure of the meta-unit and the bottom view of the coding element.

(B) Photo of the fabricated metasurface.

(C) The variations of reflection amplitude and phase of meta-unit at states 0 and 1 with respect to the frequency.
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5.8 GHz, the normalized reflected amplitudes of both states are larger than 0.85 and the phase difference between the 0 and 1 states is

approximately 180�. The complete aperture of the metasurface used in this work consists of 324 elements arranged in an 18 3 18 grid, as

shown in Figure 2B. More information about the hardware of the metasurface can be found in Figure S4.

Deep learning method

Extended macroscopic model

Recently, a feasible and accurate method call macroscopic model for computing the scattered field of metasurface has been proposed in a

study by Shao at al.34 Based on a small number of simulated results, this approach avoids the significant computational burden of full-wave

simulation,38,39 which makes it convenient to be integrated into a DL framework. Compared with those methods where the far-field of meta-

unit is considered to be omnidirectional or cosine,35,40,41 the macroscopic method is capable of giving muchmore accurate radiation pattern

by effectively utilizing the results of simulations or measurements. By introducing the current space, which consists of the currents on the pas-

sive structures and tunable devices of metasurface, the equivalent current on the aperture can be approximated as power series of the reflec-

tion coefficients si = G1 of positive-intrinsic-negative (PIN) diodes. The scattered field of the metasurface can be easily obtained by utilizing

the integral operation of the current with the scalar or dyadic Green’s function as the kernel. Since the integral operation is linear, the electric

field is also expressed by following approximation, which is composed of power terms of si,

E = E0 +
XM;N

m;n

Em;n
1 sm;n +

1

2

XM;N

m;n

XM;N

m0sm;n0sn

Em;n;m0 ;n0
2 sm;nsm0 ;n0 +/ (Equation 1)

where the superscript and subscript of E indicate the indexes of meta-unit the order of electric field pattern, respectively. An appropriate

number of coding configurations and corresponding radiation are needed to solve these field terms.

In the original version ofmacroscopicmodel, the terms of everymeta-unit are regarded as totally different. Thus, for a large-scalemetasur-

face, many pairs of coding and radiation patterns are required, which causesmuch inconvenience. To alleviate the burden of computation, we

make an assumption that the only disparity between the radiations of distinct meta-unit is the phase difference caused by their position.35 If

we only consider the zeroth-order and first-order expansion, the EMM gives the electric field as follows:

EðbuÞ = E0ðbuÞ+ XM;N

m;n

E1ðbuÞsm;ne
� jkðjrm;n � rf j� rm;n$ûÞ (Equation 2)

where rm;n and rf represent the location ofmn-th meta-unit and feed horn, respectively, k is the wave vector, and bu indicates the direction of

observation. In this paper, the feed horn illuminates the metasurface from a position 45 cm away at a 45� tilt angle. Four coding patterns and

their radiated field computed by CST Microwave Studio are used to obtain the expansion terms by least square method. The four coding

configurations and corresponding radiated field can be found in Figure S1. For these four coding patterns under consideration, Equation 2

can be converted to be following matrix form:

XEEMM = Y (Equation 3)

where Y = ½Ef1ðbuÞ;Ef2ðbuÞ;Ef3ðbuÞ;Ef4ðbuÞ�T is the simulated far-field radiation of the four coding configurations. EEMM = ½E0ðbuÞ;E1ðbuÞ�T repre-

sents the expansion terms. X ˛C432 and its i-th row is ½1;PM;N
m;n si;m;ne

� jkðjrm;n � rf j� rm;n$ûÞ�, where si;m;n denotes the coding of themn-thmeta-unit

in the i-th coding pattern. The least square method gives

EEMM =
�
XTX

�� 1
XTY (Equation 4)

The results of expansion terms are shown in Figure 3A. E0 indicates the part irrelevant to the change of coding pattern in electric field of the

whole metasurface while E1 represents the radiation of just one meta-unit. E0 is significantly stronger than E1 and there are some strips in E0.

With these terms, far-field radiation of any coding arrangement can be obtained nearly instantly. The comparison between the radiation pat-

terns in uv-plane given by EMM and CST simulation of the same coding pattern, which is not included in the four coding configurations used

to calculate the expansion terms, is given in Figure 3B. The high similarity between them suggests the effectiveness of EMM. It should also be

emphasized that, the field in the dotted line rectangle is caused by specular reflection of metasurface, which is hardly effected by the change

of coding pattern. The higher-order expansion terms and the poor coding design performance when we consider higher-order terms can be

found in Figures S2 and S3, respectively. This indicates that the phase difference term only may not be sufficient to completely reveal the

nature of mutual interactions at different positions.

Dataset

There have beenmanymethods usingDLapproaches todesignmetasurfaces.27–32 However, amajor drawback of thesemethods is the cumber-

some preparation of datasets, which often involves full-wave simulations or nonlinear optimizations. For example, Shan et al.28 firstly utilizes ge-

netic algorithm to optimize numerous coding patterns for the desired beamforming and then use them as targets when training the neural net-

works. These results given by the nonlinear optimizations also require selection to ensure the convergence of DL training. Because nonlinear

optimization often involves a stochastic optimization process, it may optimize completely different coding patterns for 2 closely similar targets,
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which can easily lead tonon-convergencewhen training the neural networkswith suchdata.18 The aforementionedmethods require thedatasets

tobeproducedby rigorous computations and selectionsbecause theymakeuseof the supervised learning,which necessitates preciseguidance

during the training process of neural network. By employing an unsupervised learning strategy, ourmodel does not demanddatasets produced

by time-consumingcomputation.Our targetpatternsdonothave toperfectlymatch theactual fielddistribution.Weonlyneedtospecify inwhich

region of uv-plane we wish the beam to appear. In order to better match the shape of beam in uv-plane, 2-dimensional Gaussian distribution is

used to mark the zone illuminated by the desired beam. The center of the distribution (cu, cv ) is given by

cu = Lsinq0 cos f0=2; cv = Lsinq0 sin f0=2 (Equation 5)

where q0 and f0 are the angles that characterized the direction of the beam, and the origin of coordinates is set at the geometric center of

pattern. L represents the size of target images here and is 1,024. s of the Gaussian distribution is set to be 30. Illustration of aforementioned

parameters and four example target patterns are given in Figure 4. After the Gaussian distribution is generated, all the pixels will be normal-

ized to ensure that the value at the center is 1. For the dual beam scenario, it’s only necessary to superpose the target patterns of two single

beams. During training, the possible elevation angle of required beam q0 is set to range from 0� to 45�, and azimuth angle f0 starts from 0� to
360�. Their steps are 3�. We use both single-beam and dual-beam target patterns to train the DL model, so that it can handle both scenarios

simultaneously.

Architecture of proposed model

A comprehensive depiction of the proposed model is presented in Figure 5. Leveraging the ResNet framework, which is one of the most suc-

cessful approaches in computer vision,33 we aim to generate the metasurface coding based on the desired radiation pattern. Our

Figure 3. The results related to EMM

(A) The zeroth-order and first-order terms obtained by EMM. The first row is magnitude, while the second indicates phase. Eq and Ef represent the electric field in

the direction perpendicular to q and f direction, respectively.

(B) Comparison between the far-field radiation given by EMM and CST simulation.
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implementation involves ResNet34, consisting of 16 residual blocks equipped with instance normalization layers42 and ReLU activation func-

tions.43 The target radiation pattern is first reshaped into 643 64 images, which are subsequently fed into ResNet34. The final activation func-

tion applied in ResNet34 is composed of sigmoid function S and it is given as

SðxÞ = 1

1+e� x
(Equation 6)

output = 2SðxÞ � 1 (Equation 7)

Figure 4. Several examples of target patterns

The radiation patterns in this figure share the same colorbar.

Figure 5. The architecture of the DL model in this work

We use ‘‘Conv’’ to represent the 2-dimensional convolution layer, of which the kernel size is also given in the figure. ‘‘FC’’ indicates fully connected layer and 324 is

its output dimension. ‘‘CEL’’ stands for cosine embedding loss. The white and green dashed boxes in target pattern and radiation pattern given by EMMmark the

corresponding beams. The radiation patterns in this figure share the same colorbar.
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Sigmoid activation ensures that the values of each output unit fall in the range from 0 to 1. Therefore, the output of ResNet34 is

mapped into [�1, 1]. The output of ResNet34 is configured as a 1 3 324 vector and is then reshaped to form an 18 3 18 coding pattern.

It should be noticed that, the phase distribution obtained by ResNet34 consists of continuous phase, different from the real 1-bit meta-

surface, which has only 2 possible phases for each meta-unit. However, the results show that this approximation only has minor impact

on the effectiveness of the proposed model, and the detailed information will be described in the discussion section. The predicted

radiation pattern is calculated from this coding pattern using Equation 2, which is grounded in the EM wave theory, rendering this

approach physics-driven. The difference between the prediction and the target pattern serves as the basis for training the DL model

once an appropriate loss function is selected. Here we choose the CEL rather than the commonly used MSE. The expression of the

former is as follows:

CELðx1; x2Þ = 1 � cosðx1; x2Þ (Equation 8)

where x1 and x2 denote the flattened 1-dimensional vectors of the target and output patterns, respectively. The cosine similarity is obtained

via inner production of 2 vectors. Our experiments show that theMSE loss function is nearly ineffective for our task, as it fails to optimize beams

with different orientations. We will also elaborate on this in Section V-D.

Binary particle swarm optimization method

To illustrate the efficiency of our DL method in designing the metasurface coding pattern, we compare the coding patterns generated

by the proposed approach and those given by the BPSO. Particle swarm optimization (PSO) is a nature-inspired evolutionary optimi-

zation algorithm44 that simulates the movement and collaboration of a group of individuals, referred as particles, in a multidimensional

search space. The position of a particle corresponds to a solution in the search space, and its movement is determined by both its own

experience and the collective behavior of the swarm. In its binary version, i.e., BPSO, the particles consist of binary codes 0 and 1, which

corresponds to the phase of elements in the problem of metasurface design in this paper. In the initial form of BPSO method, the j-th

element of vi, which is the speed of the i-th particle on iteration k + 1 are updated by the following equations:

vk+1
ij = wvk

ij + c1$rand1$
�
pbestkij � xkij

�
+ c2$rand2$

�
gbestkj � xkij

�
(Equation 9)

where w is the inertia coefficient, c1 and c2 are acceleration constants, pbestkij is the j-th element of the optimal position for the i-th particle

and gbestkj is the j-th element of global best position on iteration k. The speed vij represents the probability of xij taking the value of 0 and

1. BPSO uses sigmoid function S (Equation 6) to transform the value of speed into [0, 1]. Each element of i-th particle on next iteration is

given by

xk+1ij =

8>><
>>:

1 rand <S
�
vk
ij

�

0 randR S
�
vk
ij

� (Equation 10)

where rand represents a random number. The original version of BPSO often suffers trapping in local minima,45 so several modifications are

introduced here to enhance its performance. The first one is variable c1 and c2 with respect to iteration k to adjust the relative strength of self-

and social-learning.46 The large c1 and small c2 at the beginning of optimization would strengthen the learning ability of each particle. The

small c1 and large c2 near the end of optimization would let the particles focus on social-learning to get to global optimal solution. c1 and c2 at

every iteration k are given by

c1ðkÞ = c1;ini +
c1;fin � c1;ini

kmax
k (Equation 11)

c2ðkÞ = c2;ini +
c2;fin � c2;ini

kmax
k (Equation 12)

where c1;ini and c2;ini are initial values of c1 and c2, while c1;fin and c2;fin are final values for them. kmax denotes the total iteration number. The

second modification is the introduction of nonlinear weight for each particle wi,
46 which is defined by

wi =

8>><
>>:

wmin +
ðwmax � wminÞðfi � fminÞ

favg � fmin
; fi % favg

wmax ; fi > favg

(Equation 13)

where wmax and wmin denote the maximum and minimum of w, respectively. fi is the value of fitness function for the i-th particle. favg is the

average value of all particles and fmin is the minimum among them. When the fitness values verge to the same, the increasing w will enhance

the global searching ability.

The last modification of BPSO is the replacement of the Sigmoid function (Equation 6) with another transfer function. According toMirjalili

et al.,45 a V-shaped one is selected to achieve improved performance. The new transfer function is given by
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T
�
vij
�
=

8>>><
>>>:

1 � 2

1+e� lvij
; vij %0

2

1+e� lvij
� 1; vij >0

(Equation 14)

where l is a parameter to adjust the shape of T. The update strategy of position for vij % 0 is

xij =

8<
:

0; rand%T
�
vij
�

xij; rand >T
�
vij
� (Equation 15)

For vij > 0, we have

xij =

8<
:

1; rand%T
�
vij
�

xij; rand >T
�
vij
� (Equation 16)

In summary, our modified BPSO (MBPSO) method is a combination of aforementioned 3 modifications and the initial BPSO approach. In

the following part of this paper, we will compare the radiation patterns corresponding to coding patterns given by our DLmodel andMBPSO,

as well as the speed of coding generation of these 2 approaches.

RESULTS

Results of DL and MBPSO methods

In this section, we firstly present somedetails in the training process of the neural network. The training data contain both cases of single beam

and dual beams. For the latter scenario, the difference between the q angles of two beams ranges from 0� to 42� and that of f ranges from 21�

to 93�. The steps are still 3�. The feed horn is located at the direction of q = 45�, f = 0� and the distance from themetasurface is 50 cm.We use

Adam optimizer47 to update the trainable weights in the neural networks and the learning rate is set to be 83 10�4. The batch size is 32 and

training theDL network for 10 epochs is sufficient to obtain a well-convergedmodel.Our code is constructed on the Pytorch platform and runs

on a graphics processing unit (GPU) (Nvidia RTX A5000).

Some codingpatterns designedby ourmethod for different beam requirements are shown in Figure 6. The target patterns used as input of

proposed DL model are listed in the first column along with the values of q and f of desired beam orientations. For every beam direction

Figure 6. Several coding designs given by proposed DL model and MBPSO algorithm

All the radiation patterns are normalized and share the same colorbar. Dashed boxes represent the corresponding beams.
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setting, the coding pattern designed by our model and the corresponding far-field radiation in uv-plane computed by EMM are given in the

green box in the same row. The orange squares in the coding configurations represent the meta-units in 1 state, while the white squares are

those in 0 state. It is clearly shown that the coding patterns given by our approach have close radiation profiles to the target patterns for both

single-beam and dual-beam situations with distinct beam directions.

The MBPSO algorithm is implemented via Python 3.9 platform and runs on a central processing unit (CPU) (AMD Ryzen 9 5950X 16-Core

Processor). The parameters to control the optimization process are set as follows: wmin = 0.5, wmax = 0.99, c1,ini = 0.1, c1,fin = 2.0, c2,ini = 0.5,

c2,fin = 2.0, l = 1. The initial state of the particles is given by BP algorithm22 to accelerate the optimization. In contrast, the weights in our DL

model are randomly initialized. For better comparison of the effects of DL method and MBPSO, we optimize the same target patterns using

these two distinct approaches, and the results of MBPSO are presented in the blue box in Figure 6. It can be seen that the far-field radiation

generated by the coding given byMBPSO have a similar general behavior to the target patterns. However, the sidelobe is obviously stronger

than the designs of proposed DL model. Moreover, the MBPSO method has to optimize each objective from scratch, and our code takes

about 10 min to run the optimization of 2,000 steps for 500 particles to achieve satisfactory results, and there also exists possibility to get

completely unusable coding designs. In contrast, once the DL model converges, it can provide results for any objective within a few millisec-

onds, which brings a significant improvement in efficiency. A training process of 10 epochs of our DL model only needs around 17 min on

our GPU.

Experimental verification

In order to further demonstrate the effectiveness of our method, we experimentally measure the coding patterns provided by the physics-

driven DL model under different beam requirements. The experimental setup of the measurement is established in a microwave anechoic

chamber, as illustrated in Figure 7.

Themeasured electric fields of 4 different coding designs are illustrated in Figure 8. The first column is the coding configurations designed

by our physics-driven DL model, the second column presents the target patterns, the third one gives the corresponding radiation patterns

computed by EMM, the fourth and fifth columns are themeasured strength and phase of electric field, respectively. Themeasured strength is

normalized to value in [0, 1] and all the field intensity diagrams share the same colorbar. Due to the high cost of scanning the entire

2-dimensional uv-plane, the probe is set to scan a rectangle area where q is about to be smaller than 25�. And the scanned zone is not exactly

at the center of the radiation pattern as a result of the limitation of probe orbit. The scanned area is indicated by red dashed box in EMM

radiation patterns.

The four measured coding patterns include four typical beamforming scenarios. The first one is intended to generate a single beam point-

ing directly forward. The result shows that our design model is able to give coding to compensate the phase difference caused by a horn

antenna with oblique incidence. In the second case, we attempt to generate another beam with slant orientation additionally to that in

the first case. The difference between these two coding configurations shows that modifying the stripe shape of the coding is sufficient to

generate a second beam without affecting the performance of the first beam. We attempt to address a more challenging problem with

the third coding pattern, which is required to form two beams in oblique direction. The measured data indicate that the strongest field is

located as demanded directions. We then increase the value of q for one of the beams in the last scenario. In the desired orientations, we

have strong field; however, the beam in the right is stronger than that in the left. The right beam seems to be strengthened by the specular

reflection of metasurface, as the horn illuminates it from the left direction of the figure. Generally speaking, the measurement demonstrates

that the proposed model is capable of designing reliable coding pattern for both single- and dual-beam requirements.

Figure 7. Experimental setup to measure the beams
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Example of beam scanning

To better illustrate the potential application of our model, we give an example of tracking the target under different situation. As shown in

Figure 9, we attempt to sequentially change the coding pattern of metasurface to adjust the orientation of beams for tracing the toy cars at

different positions. In Figure 9A, the schematic diagram of different single beam for single target is given. The corresponding coding patterns

and measured electric field are given in Figure 9B. For a more complex two targets case, the schematic diagram is shown in Figure 9C and

experimentalmeasurement is in Figure 9D. Since our DLmodel can output reliable coding configurations inmilliseconds, the aforementioned

results show that the beams formed by our coding patterns are able to catch plural targets in different locations.

DISCUSSION

It should be emphasized that, the phase configuration given directly by the DL model contains continuous value in [�1, 1]. The 1-bit coding

patterns in Figures 6 and 8 are obtained by discretization of the output with continuous phase and the predicted radiation patterns are given

by the binary coding. For a converged DL model, we compare the far-field radiation patterns of its output before and after phase discretiza-

tion, and found that there exists minor difference between the two settings (Figure 10A). The discretization only slightly increases the side-

lobes. We plot a bar chart of the numerical values of the continuous phases given by a converged DLmodel for randomly sampled 720 target

patterns as in Figure 10B. It can be observed from the chart that the distribution of continuous phase values concentrates around �1 and 1,

resembling a 1-bit discrete distribution. This gives an explanation to the minor impact of this approximation.

Now, we attempt to illustrate the inefficiency of MSE. We choose the same target patterns, with one beam at the center and another with

oblique orientation, for both CEL and MSE and observe their optimization process. The far-field radiations based on the output by our DL

model at several sampled training steps are presented in Figure 10C. The numbers of batches indicate howmany batches have been utilized

to optimize the model parameters. It can be seen that, for this dual-beam case, both of the loss functions can optimize the general profile of

two beams. However, the CEL exhibits much quicker convergence of training. After 100 batches of parameter optimizing, the CEL is able to

give two strong and clear beams. In contrast, the beams given by MSE are still weak and unbalanced. This indicates that CEL is the more

appropriate choice.

Figure 8. Electric field strength and normalized phase measurements of four coding designs

Corresponding beams in target patterns, EMM radiations, and measured magnitudes are marked by white and green dashed boxes. The radiation patterns in

this figure show the same colorbar.
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Conclusion

We propose a physics-assisted DL model for the beamforming task based on metasurface in this study. This method does not require any

paired training samples obtained through traditional approaches and also eliminates the need for selecting data to ensure training conver-

gence. The simple target patterns generated based on the information of demanded beams are sufficient to train our model. Compared with

commonly used non-linear optimizationmethod (MBPSO in this paper), our DLmethod is capable of providing quasi real-time coding design

once the training process is converged. The experimental measurements also validate the reliability of the coding patterns output of our

model for both single- and dual-beam cases. The ability to quickly obtain the coding for the desired beams enables our method to be

used in real-time beam scanning, microwave imaging, intelligent sensing, and other fields.

Limitations of the study

The EMM proposed in this work does not contain the coupling effect between the meta-units. If we include the mutual interactions in the

EMM, the performance of the coding pattern designed by our method would be poor (refer to Figures S2 and S3 for details). This suggests

that the difference between the coupling effects at distinct positions cannot be fully represented by the phase difference term. Therefore,

further work is needed to address the mutual interaction properly.
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Figure 9. Example of beam scanning to trace the cars

(A) Illustration of the scenario of tracking single target using single beam.

(B) The coding patterns to realize the beams in (A) and the corresponding measured electric fields.

(C) Illustration of the scenario of tracking two targets using dual beams.

(D) The coding patterns to realize the beams in (C) and the corresponding measured electric fields. The desired beams are indicated by dashed boxes. The

radiation patterns in this figure share the same colorbar.
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Figure 10. Illustration for the discretization of DL model output and choice of loss function

(A) In the upper row, we present an example of the continuous phase distribution directly output by a converged DL model and the corresponding radiation

pattern obtained by EMM. In the lower row, we give the coding pattern after discretization and its far-field radiation.

(B) Distribution of phase output by a converged DL model.

(C) Optimization process of proposed model using different kinds of loss function. For the two beams in both cases, we have q1 = 0�, f1 = 0� and q2 = 27�, f2 =

357�. The number on the top of every column is the number of batches that have been used to update the model weights. Corresponding beams are marked by

green and white dashed boxes. The radiation patterns in (C) share the same colorbar.
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EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

The CSTMicrowave Studio software has been employed to analyze the far-field pattern of themetasurface. The DLmodel is implemented on

the Pytorch platform.

METHOD DETAILS

Simulate the metasurface with the four coding patterns listed in supplemental information (or other coding configurations). Apply the Time

Domain Solver. Set boundary conditions as the open at x- and y-directions and the expanded open at z-direction. Set port excitation at the

input endof the horn. Get the expansion terms of far-field electric patternwith the proposed EMMmethod. If thematrix is singular when using

the least square method, turn to the pseudo inverse. Construct the DL model on Pytorch as section III C suggests. Set learning rate as 8 3

10�4, batch size as 32, and train the network for 10 epochs.

QUANTIFICATION AND STATISTICAL ANALYSIS

The simulation data are produced by CST Microwave Studio software. Figures shown in the main text were produced by Python Matplotlib

package.

ADDITIONAL RESOURCES

Any additional information about the simulation and data reported in this paper is available from the lead contact on request.

REAGENT or RESOURCE SOURCE IDENTIFIER

Software and algorithms

CST Studio Suite 2022 Dassault Systèmes https://www.3ds.com

Pytorch Meta AI https://www.pytorch.org
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