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Supplementary Note 1: Design and reflection spectra of the neuro-metasurfaces

The basic unit cell (meta-atom) of the neuro-metasurfaces is illustrated in Fig. S1. Two identical
circular metallic patches and a C-shaped metallic particle are etched on a 2 mm-thick F4B substrate
(with the relative permittivity of &, = 2.65, and loss tangent of tan§ = 0.009). The metallic layer
is modeled as a copper film with a thickness of 0.018 mm (the electrical conductivity is o =
5.96 x 107S/m). We can adjust the reflection spectra through varying the rotation angles of the two

circular metallic patches.

Figure S2 plots the reflected phase and amplitude under four different rotation angles (working under
polarization conversion case). At the frequency band of 13.1-13.5 GHz, the reflected phase almost

covers 0-2m, while the reflected amplitude remains high.

In our work, the physical dimension of the neuro-metasurfaces is set to 160 X 160 X 2 mm?,
composed of 20 X 20 meta-atoms. For on-demand wireless channel management, we utilized a
micro-motor to control the rotation angle of the metallic patch (homeostatic neuro-metasurfaces).
Ultimately, 20 X 20 motor array is designed to control each meta-atom independently.

Supplementary Note 8 provides a detailed experimental description.

Figure S1 | Three-dimensional (3D) illustration of the unit cell. The detailed parameters are as

follows: P=8mm,h=2mm,w=1mm, r; =3 mm, r, =2mmand f = 62.5° . The reflection

spectrum can be tuned via the rotation angle a.
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Figure S2 | Reflection spectrum of the unit cell. Reflected phase and amplitude of the cross-polarized
wave under normal x-polarized wave incidence. Colored lines represent different orientation angles.

The pale yellow area corresponds to the working frequency band 13.1-13.5 GHz.

Supplementary Note 2: Data preprocessing of the wireless channel

Far-field analysis can provide valuable yet mainly qualitative information about the impact of errors.

To quantify performance degradation and extract behavioral trends, a set of performance metrics is

used. In general, the following performance metrics are considered important far-field metrics, as

defined in [55]:

® Half Power Beam Width (HPBW): In a plane containing the maximum direction of a beam, the
HPBW is the angle between the two directions in which the radiation intensity is one-half the
value of the beam. It is a widely-used factor to describe beam width.

® Directivity (D): The ratio of the radiation intensity in a given direction from the antenna to the
radiation intensity averaged over all directions. The average radiation intensity is equal to the
total power radiated by the antenna divided by 4n.

® Radiation Pattern Lobes (RPLs): The various parts of a radiation pattern are referred to as lobes,
which may be subclassified into major/main, minor, side and back lobes. A radiation lobe is a
portion of the radiation pattern bounded by regions of relatively weak radiation intensity. The
major lobe is defined as the radiation lobe containing the direction of maximum radiation. A
minor lobe is any lobe other than the major lobe. A side lobe is a radiation lobe in any direction
other than that of the intended lobe. A back lobe is a radiation lobe whose axis makes an angle

of approximately 180° with respect to the beam of an antenna.



@® Side Lobe Levels (SLLs): Minor lobes usually represent radiation in undesired directions, and they
should be minimized. The level of a minor lobe is usually expressed as the ratio of the power
density in the lobe in question to that of the major lobe. This ratio is often termed the “side lobe

level”.

In this Article, the objective of the global inverse design model is to extract characteristics from the
wireless channel and finally output the corresponding neuro-metasurface distribution. Therefore, it
is of great importance to conduct feature engineering in advance. Figure S3 shows the data
preprocessing method utilized for the far-field pattern in a one-dimensional (1D) example.
RCSypmask and RCSgpmask are two arrays representing the 3 dB down boundary and 15 dB down
boundary of RCS, respectively. From Fig. S3, we can see that RCS,pmqask shows the HPBW of the
radiation pattern, while RCS¢,pmask Plays an important role in the RPLs and SLLs. With all three
arrays, RCS, RCSgypmask, and RCSypmask, the above performance metrics, including the beam
direction, directivity, radiation pattern lobes, and side lobe levels, can be easily obtained [56].
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Figure S3 | One-dimensional (1D) example of the radiation, submask, and upmask patterns. The
light blue line, red line and deep blue line represent the beam pattern, beam submask pattern and
beam upmask pattern, respectively. The following performance metrics can be obtained easily
through the beam mask preprocessing: the beam direction, directivity, radiation pattern lobes, and

side lobe levels.

Supplementary Note 3: Architecture of the global inverse design model
As discussed in the main text, the output of the encoder-decoder network is 20 x 20 metasurfaces

with a labeled state 0/1/2/3. The input of the encoder-decoder network is composed of two parts:



radiation pattern and incident information. We decomposed the radiation pattern (expressed in
polar coordinates) into three feature extraction pipes (pattern, upmask, and submask pipes), each of
which has a dimension of 200 x 200. The incident information includes the frequency, incident angle,
and polarization, each of which also has a dimension of 200 x 200. Figure S4 shows a specific input

example in the experiment, where the incident angle and polarization are not involved.

Frequency pipe  Upmask pipe Submask pipe  Pattern pipe
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Y

Dimensions: 200 X 200 X 4

Figure S4 | One specific example of the input.
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Figure S5 | Architecture of the applied global inverse design model. The global inverse design model
consists of 15 convolutional layers, 2 transposed convolutional layers, 5 pooling layers and 3 batch

normalization layers.

To build up a mapping from radiation pattern to neuro-metasurface arrangement, we design a fully
convolutional network (FCN) [57], which has been widely used in the semantic segmentation field.
As shown in Fig. S5, the FCN consists of 15 convolutional layers, 2 transposed convolutional layers, 5
pooling layers and 3 batch normalization layers. The network can be divided into two parts: an
encoder part and a decoder part. In the first part, the radiation pattern matrix undergoes
dimensionality reduction from 200 X 200 X 4 to 5 X 5 X 1024; this part is used to extract the

characteristics of radiation pattern data. In the second part, the matrix has its dimensions increased



from 5 X5 X 1024 to 20 X 20 X 4, and itis used to adjust the extracted feature matrix to conform
with the size of the output. The encoder part is constructed by the VGG-16 network, while the
decoder part is constructed by transposed convolutional blocks, including transposed convolutional

layers and batch normalization layers.

Supplementary Note 4: Training process of the global inverse design model

The 84,400 collected samples are divided into training, validation and test sets (80%, 10% and 10%,
respectively). Among them, the training data are used to generate gradients and optimize the weights,
the validation data are used as a stopping condition in case of overfitting, and the test data are used
as a final marker. The input variables include the preprocessed far-field pattern and frequency
information and the corresponding output rotation angles of all elements. The input data are

normalized before being fed into the input layer because this step is helpful for convergence.

When training the FCN, the weights are initialized via Glorot initialization with a uniform distribution

6 6
W~U(_\/fanin+fanout'\/fanin+fanout) for all layers [58], where fan;, and fan,, are the

numbers of inputs and outputs, respectively. A ReLU activation function and the Adam optimization
algorithm are used during training [59]. We terminate the training process when the validation error
stops decreasing over 80 epochs with a learning rate of 0.0001, and finally, the architecture with the
lowest validation error is selected. The above training procedure is implemented using Python
version 3.7.6 and the TensorFlow framework (version 2.1.0) on a server (Tesla P100-PCIE-16 GB GPU

running on a Linux operating system).

To evaluate the effectiveness of the global inverse design model, two evaluation indices are used,

including the cross-entropy loss and accuracy. The cross-entropy loss is defined as:

1 — — —

Lipg(Y,P) = — leM:ol Yo Xkzo Vi jx log Py jk (Eq. S1)
where M, N, and K are the numbers of meta-atoms in the metasurface, training data and types of
rotation angles, respectively, while p; ;. isthe probability that the rotation angle of the i-th element
of the j-th sample is the k-th rotation angle. The other evaluation index is accuracy, defined as:

1 N
Acc = ;Z?:ol Acc; (Eq. S2)

where N is the number of training data and Acc; is the accuracy of the j-th sample.



Supplementary Note 5: Performance influenced by amplitude variation and phase discretization
In this note, we discuss the output performance influenced by amplitude variation and phase
discretization. For the amplitude variation, the reflection amplitude of neuro-metasurface is not very
close to unity (Fig. 4a of the main text). Such amplitude variation only affects the radiation gain,
whereas the shape of the radiation remains almost identical. To better illustrate this point, we
compared two metasurfaces with unitary amplitude and varied amplitude. Figure S6 showcases the
radiation pattern for two groups of metasurfaces. The quantitative calculations indicate that the
radiation gain of the metasurfaces with varied amplitude reaches 86.8% (Fig. S6a) and 86.1% (Fig.
S6b), compared with that with unitary amplitude.
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Figure S6 | Comparisons of the metasurfaces with unitary amplitude and varied amplitude.

For the phase discretization, we discuss the influence of quality and time. First, we analyzed the
guality of radiation pattern influenced by the phase discretization. As listed in Fig. S7a, we considered
four situations: 2 phase quantization level (0 and 6), 4 phase quantization level (0, 2, 4, and 6), 8
phase quantization level (0-7), and continuous phase variation. Note that the data in Fig. S7a are
extracted from the simulation results, including both amplitude and phase. Figure S7b depicts the
radiation pattern, where the blue, orange, green, and red lines represent the results by 2/4/8 phase
guantization levels and continuous phase variation. All four situations aim to reconstruct the target
beam with 34° deflection. The results indicate that, when the phase quantization levels reach 4 phase

guantization levels, the beam quality is close to the continuous phase level.

Regarding the influence on time, the neural network for different phase quantization levels can be
constructed using a similar network structure, with only a slight difference in the last few
convolutional layers, which does not significantly affect the computing time. To validate this, we built

neural networks of 2/4/8 phase quantization levels (with 2/4/8 channel of last convolution layers) for



inspection. The forward prediction time is ~20 ms, in line with our expectations. For the case of
continuous phase variation, we also built a neural network for inspection, with the forward prediction
time of ~30 ms. Thus, we conclude that phase discretization does not have a significant impact on

computing time.
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Figure S7 | Comparison of radiation patterns of metasurfaces with different phase quantization
levels and continuous phase variation. a, Reflection characteristics of the discrete selected meta-

atom at 13.2 GHz. b, Radiation pattern with different phase quantization levels.

Supplementary Note 6: Energy consumption of the neuro-metasurfaces

We calculated the energy consumption of the neuro-metasurfaces and compared it with
conventional phased antenna array. The power consumption of the neuro-metasurfaces is ~25%
that of conventional phased antenna array. More importantly, owning to the non-volatile advantage,

the practical energy consumption is smaller than 25%. The following is the detailed analysis.

A typical phased array antenna architecture is shown in Fig. S8a, and the power consumption of
individual electronic components is listed in Fig. S8b [60-61]. The total power consumption of the

phased array antenna Pp,4 is given as follows:
Ppya = Papc + Py + Pyga + N X (Pps + Ppy) = N X Ppy (Eq. S3)

where N represents the number of the antenna elements. From Fig. S8b, we can see that Ppy4 can

be mainly determined by the number of the power amplifiers (Pp4, = 1 W).

For the neuro-metasurfaces, the total power consumption Pyy mainly comes from the micro

motors and the detector (e.g., LNA and mixer), which can be calculated as follows:

S8



where N represents the number of the metasurface elements (same as the number of the antenna
elements). Thus, Pyy is mainly determined by the number of the micro motors (Py, = 0.25 W),

which is only ~25% that of the phased array antenna.

Moreover, we would like to emphasize another point that the neuro-metasurfaces can work without
a continuous energy supply (non-volatile). This indicates that, in a steady state and static scenario,

the practical power consumption will be much smaller than 0.25 W (more energy-efficient).
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Figure S8 | Comparison of power consumption between conventional phased array antenna and
neuro-metasurfaces. a, Architecture of conventional phased antenna. It mainly includes PS, PA, VGA,
mixer, and ADC (power consumption of the ADC is dependent on the effective number of bits (ENOB)

and the sampling frequency f;). b, Power consumption of individual electronic devices.

Supplementary Note 7: The GRNN in the intelligent EM detector

The intelligent EM detector is physically made of a hexadecagonal eight-port antenna array, which
can perceive the incident information related to frequency, polarization and incident angle in real
time. The frequency component can be retrieved via the Fourier transform of the time-varying signal.
For the polarization and incident angle components, we deployed a generalized regression neural
network (GRNN) for inverse reasoning, with a set of labeled data {a(i),s(i)|i = 1,...,N} (N isthe
number of the labeled data). As shown in Fig. S9, the GRNN contains an input layer, pattern layer,
summation layer, and output layer. Consider an input vector a(u) is fed to the pattern layer, each

summation layer node Lj(except for the red node L,; the red node in the summation layer is the



sum of pattern layer outputs) calculates the weighted sum of the pattern layer outputs using labeled

data y;;. The output of the pattern layer (red node in the summation layer) is given as follows:

N _lla@)—a@)ll
L, = 1€ 262 (Eq. S5)

=YY
where § isahyperparameter of the GRNN controlling the influence of the basis functions. L, isthe

red node in the summation layer, and other green nodes read,

N _lla@m)—-a@)ll
Ly =j=1vije 28 (Eg. S6)

where i =1,..,N. The prediction resultis s = L;/L,. When a suitable number of labeled data are
collected, the signal captured by the detector can be processed by the GRNN to predict the

information of incidence and polarization incoming wave with high fidelity.
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Figure S9 | Schematic of the GRNN used in the intelligent EM detector. The GRNN contains an input

layer, pattern layer, summation layer, and output layer.

Supplementary Note 8: Experimental measurement

The experiment was carried out in an anechoic chamber. As shown in Fig. S10, it mainly includes a
homeostatic neuro-metasurface, an intelligent EM detector, and a control circuit. The homemade
intelligent EM detector was composed of an 8-port metasurface array for simultaneous attainment
of the frequency, incident angle, and polarization. According to the information of incoming waves
and on-demand wireless channel, the control circuit independently controls each micro-motor (in
total, 20x20 micro-motors). In the measurement, a receiver antenna moves along an arch (the radial
distance between the neuro-metasurfaces and the receiver antenna is fixed at 1.3m) to obtain the

RCS (radar cross-section). The experimental results in Figs. 4 and 5 are obtained in this way.



Self-acting neuro-metasurface

Figure S10 | Experimental setup. VNA, vector network analyzer. SDR, software-defined radio. PC,

personal computer.

Supplementary Note 9: Bandwidth management of the neuro-metasurfaces
Two bandwidths are involved in wireless communication, i.e., the bandwidth of the user channel and

the working bandwidth of the metasurface. Below, we will discuss them one-by-one.

The bandwidth of the user channel can be certainly managed, depending on the communication
parties via different communication protocols. It is not directly related to the metasurfaces, because
metasurfaces here are used to manipulate the received signal rather than actively transmitting the
signal. Thus, we only need to guarantee that the working bandwidth of the metasurfaces is larger

than the bandwidth of the user channel.

The working bandwidth of the metasurface is physically determined by the metasurface structure;
for example, our double C-shaped metasurfaces work within 13.1-13.5 GHz. For a wider bandwidth,
we need to design other metasurfaces for specific requirements. However, we would like to
emphasize that the 0.4 GHz bandwidth here is considerably large for a high communication rate; for
example, accommodating 20 standard IEEE 802.11n WiFi channels (20 MHz for each user channel).
Furthermore, we can improve the data allocation efficiency through methods of frequency division
multiplexing, time division multiplexing, and space division multiplexing. For example, by designing
space-time-coding matrixes, the metasurface can independently manipulate the propagation
direction of multiple harmonic waves to implement both space- and frequency-division multiplexing

[12]. In addition, we may consider the communication network constructed with multiple



metasurfaces (with different bandwidth) to jointly increase the flexibility of the on-demand resource

allocation.

Supplementary Note 10: More application scenarios with the neuro-metasurfaces

In the design process, we also included power management in the radiation pattern decision. It
means that for different user distances, the neuro-metasurfaces can assign different power. To better
illustrate this point, we carried out another experiment in Fig. S11. Despite the similar shapes of the
three radiation patterns, the assigned powers were different (1:0.75:0.5 for different user distances).
The result clearly shows that neuro-metasurfaces can regulate different power assignments for

different user distances.
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Figure S11 | On-demand power management for varying distances. The user distances were set as
long, medium, and short distances, with assigned powers of 1, 0.75, and 0.5, respectively, and an

azimuth angle of -50°.

In the experiment of Fig. 5, the detected frequency, polarization, and incident angle of EM wave are
unchanged. Having said that, it does not mean that the neuro-metasurfaces can only work under a
fixed EM incidence. We demonstrated a scenario in which one or more of the parameters are varied,
e.g., the incident frequency and radiation pattern are simultaneously varied. Figure S12 clearly shows
that the reconstructed radiation patterns are in consistent with the target ones, even for different
frequencies. Regarding the changes in the incident angle, we simulated the reflection spectra of the
neuro-metasurfaces in different incident angle 6. As shown in Fig. S13, the reflection phase of the
metasurfaces remains almost unchanged when the incident angle varies between -30° ~ 30°.
Therefore, the neuro-metasurfaces is robust for wide incident angle in real-scenario. As for the
change of polarization, they cannot be freely manipulated due to the inherent constraint of double

C-shaped metasurfaces that work for cross-polarization. It’s expected that by introducing different



metasurfaces structure, we can achieve neuro-metasurfaces for different EM manipulation, such as
Pancharatnam-Berry metasurfaces for LCP/RCP incidence [62, 63]. This will be another important

work in this field but will not alter the qualitative behavior of the neuro-metasurfaces demonstrated

here.
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Figure S12 | On-demand wireless channel management with varying frequency and radiation

pattern.
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Figure S13 | Reflected response of the neuro-metasurfaces under different incident angle 6.

Supplementary Note 11: Working efficiency of the neuro-metasurfaces
We calculated the experimental/simulation efficiency as the ratio between the power carried by the

desired wave and the power of the incident wave [64]The efficiency is mathematically expressed as

P P P ) )
—ref x —des \where Pr—ef represents the ratio between the power carried by the total reflected

Ptot  Pref tot
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where 7-S can be approximately evaluated by |E|2[37]. It is very difficult to perform three-
dimensional integration over the reflected waves in the experiment. Therefore, we chose two-
dimensional typical planes to perform the integration over the reflected waves. Taking the predicted
results in Fig. 4d of the main text as examples, the three experimental efficiencies are 77.9%, 70.9%

and 72.3%, corresponding to the simulation efficiencies of 80.7%, 76.8% and 79.1%, respectively.



Other supplementary information for this manuscript includes:

® Supplementary Video S1 (.mp4 format). To check the generality of our neuro-metasurfaces, we
recorded an on-site video near a mall in the city of Hangzhou. Specifically, we extracted three
framesat t = 3”29, 11”706,and 17”04 as the research objects of the neuro-metasurfaces.

® Supplementary Video S2 (.mp4 format). We take Fig. 1 in the main text as a demonstration, and
activated the scenario. In the dynamics, a public bus turns left at the crossroads. This video vividly

shows how the neuro-metasurfaces localize the public bus in real time.
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