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ABSTRACT

With digital coding technology, reconfigurable intelligent surfaces (RISs) become powerful real-time sys-
tems for manipulating electromagnetic (EM) waves. However, most automatic RIS designs involve exten-
sive numerical simulations of the unit, including the passive pattern and active devices, requiring high
data acquisition and training costs. In addition, for passive patterns, the widely employed random pixe-
lated method presents design efficiency and effectiveness challenges due to the massive pixel combina-
tions and blocked excitation current flow in discrete patterns. To overcome these two critical problems,
we propose a versatile RIS design paradigm with efficient topology representation and a separate design
architecture. First, a non-uniform rational B-spline (NURBS) is introduced to represent continuous pat-
terns and solve excitation current flow issues. This representation makes it possible to finely tune con-
tinuous patterns with several control points, greatly reducing the pattern solution space by 20-fold
and facilitating RIS optimization. Then, employing multiport network theory to separate the passive pat-
tern and active device from the unit, the separate design architecture significantly reduces the dataset
acquisition cost by 62.5%. Through multistep multiport calculation, the multistate EM responses of the
RIS under different structural combinations can be quickly obtained with only one prediction of pattern
response, thereby achieving dataset and model reuse for different RIS designs. With a hybrid continuous-
discrete optimization algorithm, three examples—including two typical high-performance RISs and an
ultra-wideband multilayer RIS—are provided to validate the superiority of our paradigm. Our work offers
an efficient solution for RIS automatic design, and the resulting structure is expected to boost RIS appli-

cations in the fields of wireless communication and sensing.
© 2024 THE AUTHORS. Published by Elsevier LTD on behalf of Chinese Academy of Engineering and
Higher Education Press Limited Company. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).

1. Introduction

from beam refraction [3,4] and EM stealth [5,6] to holographic
imaging [7,8]. Moreover, metasurfaces have demonstrated signifi-

Programmable digital coding metasurfaces [1,2] are two-
dimensional (2D) artificial electromagnetic (EM) metamaterials
that contain active devices for the precise control of EM waves,
including their amplitude, phase, and frequency in real time. Such
metasurfaces have extensive applications thanks to their fabrica-
tion simplicity, ultrathin profile, and reprogrammability, ranging
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cant potential in enhancing the performance and functionality of
modern antenna systems [9-11]. In the wireless communication
community, programmable metasurfaces are also called
reconfigurable intelligent surfaces (RISs); as they are renowned
for their notable dynamic wireless channel control [12,13], they
have become crucial in fifth-generation (5G) and sixth-
generation (6G) research. The evolution from passive metasurfaces
to RISs highlights the growing demand for enhanced performance
and expanded applications. However, metasurface unit structures
exhibit variations, and a direct analytical formula to correlate them
with the EM responses is lacking. Conventional designs mainly rely
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on classical structures and their variants. When these structures
prove to be inadequate for design targets, researchers must contin-
ually adjust them, incurring very high costs.

Recently, the successful integration of machine learning (ML)
with image processing [14,15], object detection [16,17], and natu-
ral language processing [ 18] has been demonstrated to have robust
learning capability, ushering in new opportunities for EM designs
[19-23]. Data-driven automatic metasurface design can be roughly
classified into two types: inverse design [24-31] and forward
design [32-36]. Inverse design minimizes the dependence on
designer expertise by efficiently generating unit structures tailored
to the desired responses. This approach is effective for meeting
design targets with similar requirements, but challenges emerge
when the target response extends beyond the data space or is
nonexistent [37]. Forward design uses the fitness function as the
optimization goal to determine the optimal unit, thereby offering
greater tolerance in target description, unlike the stringent input
requirements in inverse design. However, forward design requires
a re-simulation for each unit optimization. Both the forward and
inverse design methods promote automatic metasurface designs,
but ML-based methods present a challenge: the high data cost
linked to effective design. Efforts have been made to alleviate this
problem by integrating physical principles or laws (e.g. Maxwell’s
equations [38,39], physical analysis [36,40], and equivalent circuit
theory [33,34,41,42]) into ML. However, these methods are gener-
ally confined to particular classic regular patterns and lack accu-
racy in the broadband range.

More importantly, most ML-assisted methods focus on passive
metasurfaces, which are insufficient for RISs with more complex
structures and characteristics. Firstly, as the key factor in deter-
mining the RIS modulation performance, different active devices
exhibit diverse states that defy easy quantification and learning
in neural networks. Secondly, the varying states of active devices
correspond to distinct impedances, resulting in multiple EM
responses from an RIS. Like a 1-bit RIS unit, an automatic design
entails a link between two EM responses and a single unit, which
makes training more difficult [31]. This multistate mapping
dilemma intensifies with escalating coded quantization. Finally, a
conventional random pixelated pattern is usually discrete, which
hinders the smooth flow of excitation current from active devices
and the maximum resonance ability of surface patterns.

In this work, we propose a resource-efficient design paradigm
that includes a novel non-uniform rational B-splines topology repre-
sentation method (NBTRM) and a transplantable separate design
architecture. This paradigm enables the creation of multifunctional
and structurally diverse RIS designs without the need for dataset
re-collection and model retraining. Utilizing several spline control
points and pattern mappings, NBTRM can quickly generate and
finely tune continuous patterns for smooth current flow, effectively
narrowing the pattern solution space by a factor of 20 and facilitat-
ing the optimization efficiency. Then, employing microwave multi-
port network theory, the RIS unit is separated into four subparts
(i.e., active device, pattern layer, dielectric layer, and metal ground).
In this separate design architecture, the multistate responses of units
with different subpart combinations can be obtained in nearly 1 s
with a pre-incremental learning network (PILN) and theoretical cal-
culations, thus avoiding time-consuming simulations in the opti-
mization process. This ingenious architecture solves the multistate
mapping dilemma when various active devices are embedded into
an RIS unit, extends the design freedom, and greatly reduces dataset
acquisition costs by 62.5%. Three design examples—including two
functional single-layer RISs and one ultra-wideband 1-bit multilayer
RIS that match or surpass well-designed manual units—are pre-
sented to demonstrate our paradigm. The proposed method’s scala-
bility allows it to be extended to other complex RIS designs as well,
such as transmissive or dual-polarized RISs, without the need for
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specific equivalent circuit models for each configuration. This work
not only enhances the efficiency and flexibility of RIS design but also
provides a sustainable and scalable framework applicable to various
EM device designs.

2. Overview of the automatic design paradigm for RISs

Current passive metasurface design research mainly focuses on
finding a matching unit for a fixed EM response. This process dis-
regards the EM responses in other states, especially when active
devices transit with changing bias voltage. Thus, a separate passive
pattern design and an independent active device selection are
essential to expedite RIS design and reduce data training demands.
Our paradigm offers a fresh design perspective: leveraging the
unit’s inner cascading mechanism to design RISs. Utilizing micro-
wave multiport network theory, the unit is split into four subparts
(i.e., the active device, pattern layer, dielectric layer, and metal
ground), which are parameterized as inputs to a hybrid
continuous-discrete particle swarm optimization (PSO) algorithm
[43], as indicated in Fig. 1(a).

As shown in Fig. 1(b), NBTRM is first adopted to generate sur-
face patterns, mapping several spline control points to a contin-
uous pattern for a smooth and exciting current flow. This
method greatly facilitates pattern optimization with only a few
variables, achieving pattern solution space compression. Accord-
ing to the optimization steps shown in Fig. 1(a), a separate
design architecture for RIS responses calculation based on PILN
and multiport network theory is presented in Fig. 1(c). The PILN
is trained to predict the surface pattern’s scattering matrix,
whereas the scattering matrices of other subparts are analyti-
cally calculated or provided by the manufacturer. By analyzing
the internal connection scattering matrix in these subparts, the
multistate EM responses of each parameterized particle (unit)
can be calculated with two-step cascading operations. This archi-
tecture addresses the limitation in current RIS designs, achieves
the independent optimization of separate subparts, and facili-
tates dataset and trained model reuse. Based on NBTRM and
the separate design architecture, the multistate EM responses
of an updated particle (unit) can be calculated by modifying
the corresponding scattering matrices of updated continuous
(i.e., control point coordinates) or discrete variables (i.e., the per-
mittivity, thickness, and active device, as shown in Table 1), to
achieve optimization with PSO processing. To elucidate this
design concept, we provide a detailed exposition to highlight
the specific content of each subblock diagram.

3. Theory and methods
3.1. NBTRM for dataset

The random pixelated method presents significant challenges in
pattern design efficiency due to the vast number of possible pixel
combinations. Moreover, discontinuity within pattern pixel blocks
impedes the flow of the inner excitation current, constraining the
capacity for pattern resonance. To overcome these challenges, NBTRM
is introduced to generate continuous patterns using non-uniform
rational B-splines (NURBSs) [44,45]. A NURBS curve involves control
points, weights, and a knot vector. In essence, a NURBS curve with n
control points can be conceptualized as B-spline curves defined inde-
pendently over multiple intervals, which are expressed as follows:

B(K)

Nim(K)R:B;/ i Nim(K)R; (1
Py

The basic functions N;,(K) is defined as follows:
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Fig. 1. Flowchart of the high-efficiency RIS design paradigm. (a) Unit optimization process with a hybrid continuous-discrete PSO algorithm. The particulars of the yellow and
green boxes in the optimization are elaborated in Figs. 1(b) and (c), respectively. (b) The NBTRM for dataset preparation. (c) A separate design architecture for the free
assembly of RIS structural subparts. This paradigm enables different functional and structural RIS designs with “one-time” dataset preparation and model training. h: the
thickness of the dielectric layer; ¢: the dielectric permittivity; B;—Bs: control points; f; and f,: the start and end of the frequency band, respectively.

Table 1
Pre-list of common permittivities for F4B sheets and active devices.

Common list

2.17,2.20, 2.25, 2.45, 2.55, 2.65, 2.75, 2.85, 2.94, 3.00
SMP1320-040LF (1), SMP1321-040LF (2)
MADP-000907-14020x (3), SMV1405-040LF (4)

Design variables

Permittivity
Active devices
(serial number)

1,K; <K <K,

Nio(K) = { 0, otherwise ' ' * 0.n 1] )
(K — I(i)Ni.m—l (K) (Ki+m+1 — K)Ni+1,m—1 ('()
Nim(K) = n 7
x.m( ) I(Hm - K; I(i+m+l - Ki+1 (3)

m>1,iel0,n—1]

where the knot vector K = {Ky,K>, ..., K, } defines the knots assem-
bled in NURBS curve B(K); N;,(K) is the associated basis function
evaluated at knot K, with the ith control point of degree m; B; is
the ith control point with coordinate (x;,y;); and R; is the weight fac-
tor for B, Among these equations, p=n+m. Egs. (2) and (3)
express how N;n(K) is recursively generated from N;, {(K) and
Ni+1,m—1 (K)

Fig. 2 exhibits a modeling flowchart of NBTRM that allows easy
pattern updates via the control point’s movement. The design pro-
cess begins with generating five control points, followed by con-
structing a NURBS curve using Eq. (1). The order is m = 3, and
the weight factor for each point is set as 1. This curve is then dis-
cretized, quantized, mapped onto a coding matrix, and mirrored to
form a 10 x 10 surface pattern. The unique non-uniformity of
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NURBS ensures that adjusting one control point B, exclusively
affects its associated curve segment without impacting other parts
of the curve, enhancing the pattern optimization precision and
flexibility. In this work, the pattern simulation spans the frequency
range from 2 to 16 GHz with a 10 mm unit period. The coordinates
(xi,y;) of the control points are constrained in the range x; € [-1, 6],
¥; € [-1,11], ensuring that the mapping pattern remains within the
region x € [0,5], y € [0, 10]. The initial control point is aligned with
the active device’s position on the surface pattern, while the con-
trol point range is slightly extended beyond the metal pattern
boundary to allow for greater design flexibility. The y-axis sym-
metrical surface pattern is divided into 10 x 10 blocks (0.8 mm
each), including a central 0.3 mm-wide strip for active device
welding. Employing only five control points, NBTRM reduces the
topology domain for pattern iteration by a factor of 20 compared
with the original 10 x 10 codes. Finally, 10 000 distinct curves
are generated to map pattern layers with these patterns’ responses
obtained through a CST Studio Suite-Python co-simulation
method.

The NURBS topological representation method offers significant
advantages over the traditional random pixelated method, particu-
larly in design space compression, shape modification flexibility,
and representation smoothness. By reducing the dimensionality
of the design space and allowing for more efficient modifications,
NBTRM enhances both the design efficiency and the accuracy of
the modeling process. It should be noted that the permittivity of
the exit plane wave space is consistent with the dielectric to ensure
cascading calculation accuracy. Dual wave ports are concurrently
configured to excite transverse electric (TE)-polarized EM
waves and capture output waves with a distance of 30 mm to
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Fig. 2. Flowchart of NBTRM. Yellow dotted arrows are the simplified steps of NBTRM; the blue arrow indicates the unique non-uniformity of the NBTRM. The meaning of each

symbol is detailed in Section 3.1.

the reference plane, while the boundaries are set to “unit cell.”
Specific NBTRM steps and simulation settings are detailed in
Appendix A Sections S1 and S2, respectively.

As shown in Fig. 3, the permittivity changes will systematically
impact the EM responses of the fixed pattern layer. For practical
applications, the permittivity pre-list in Table 1 can guide the
simulations, combining 20% of the pattern dataset with all permit-
tivities and interleaving parameter values for the remaining pat-
terns, as shown in Table 2. Finally, a dataset including 50 000
sets of combined patterns and responses is obtained.

3.2. Separate design architecture

Following the existing design paradigms, general thinking tends
to employ deeper and more intricate neural networks, like that
shown in Fig. 4(a), to learn the link between multistate responses
and the entire unit. However, increasing the network complexity
leads to challenges such as model convergence issues, higher data
expenses, and increased computational requirements. To tackle
these issues, we propose a separate design architecture. This archi-
tecture first compresses the complex network into a simpler neural
network (i.e., the PILN) focusing solely on the pattern layer’s
response. The overall unit responses are then computed using the-
oretical formulas. This decomposition extends the design flexibility
of the RIS unit and allows for the transfer of collected pattern data-
sets and a trained PILN to transmissive RIS or multilayer RIS
designs, thereby increasing the data reusability.

Fig. 4(b) shows the cascading relationship of the separate sub-
parts: pattern layer A, dielectric layer B, active device C, and the
metal ground. These subparts are treated as distributed compo-
nents in a microwave circuit, with port 1 signifying the excitation
port from the incident EM wave, and ports 4-7 denoting the inter-
connection ports between A, B, and C. Ports 2 and 3 are the ground
side, which can be simplified as a short circuit. The transmission
matrix of B (Tg) can be expressed as follows:

-6
g 12
(]
o
2
E- 18
< 2.45
2.65
—24 + 2.85
3.00
-30 1 1 1
4 8 12 16

Frequency (GHz)

Fig. 3. Amplitude diagram of the scattering coefficient changing with the permit-
tivity; the sub-diagram shows a simulation schematic diagram of the pattern layer.

Table 2
Dataset information.

Number of NURBS

2000 curves
(for pre-training step)
1000 curves
1000 curves
2000 curves
2000 curves
2000 curves

Corresponding permittivities

2.17, 2.20, 2.25, 2.45, 2.55,
2.65, 2.75, 2.85, 2.94, 3.00
2.17, 2.25, 2.55, 2.85, 3.00
2.20, 2.45, 2.65, 2.75, 2.94
2.17, 2.55, 3.00

2.20, 2.65, 2.85
2.25,2.45,2.75,2.94
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Fig. 4. Visual presentation of the efficient separate design architecture. (a) A comparison chart between a general neural network and the proposed separate design
architecture. (b) Two cascading steps for the calculation of multistate EM responses in the separate design architecture. S': the scattering parameters predicted by the
conventional network; Sa, Sg, and Sc: the scattering parameters of the pattern layer, dielectric layer, and active device, respectively; I': connection matrix; S: the scattering
matrix of the RIS unit; S,,: the scattering matrix between internal ports; S..: the scattering matrix between external ports; S,.: the scattering matrix from the external to

internal ports; S¢p: the scattering matrix from the internal to external ports.

Jnsin(wn:h/Co)
cos(wn;:h/Co)

[ cos(wn:h/Co)

7 Lsin(wnh/Co)/n (4)

where o is the angular frequency, Cy is the velocity of light, h is the
thickness of the dielectric layer B, n, = /gt is the refractive index,
& is the relative permittivity of the dielectric layer B, y, is the rela-
tive permeability of the dielectric layer B, and # is the dielectric
wave impedance [46]. The scattering matrix of C is obtained from
the product company or through measurement. Simulating the pat-
tern layer reveals its scattering matrix. Due to the non-connection
between B and C, two cascading calculations are crucial. Initially,
we integrate A and B with the following formulation:

S(f) = Spp(f) + Spc(I' = Sec(f) ' Sep (f) (5)

where f is frequency, I' is connection matrix, S is the scattering
matrix of the RIS unit, S,, represents the scattering matrix between
internal ports, S.. denotes the scattering matrix between external
ports, Spc represents the scattering matrix from the external to
internal ports, and S, is the scattering matrix from the internal to
external ports [47]. Detailed steps are provided in Appendix A
Section S3.

We then cascade the passive part (the combined AB part and
ground) with C. To account for multistate responses under differ-
ent active device operation states, we simply replace the scattering
matrix of C and repeat the two-step cascading calculation. This
approach eliminates the need for additional predictions and simu-
lations to determine the unit’s multistate response.

This architecture employs frequency-dependent scattering
matrices for the response calculations, which could be extended
to an infinite frequency band. The multiple sample analysis in Sec-
tion S3 demonstrates this architecture’s calculation accuracy and
its capability to substitute a portion of simulation tasks and net-

167

works. In this way, our architecture greatly reduces the dataset
acquisition time costs, with an average simulation time of 47 s
for a pattern layer (2 min and 3 s for the entire unit), cutting the
data acquisition time from 24 to 9 days (62.5%). Moreover, the
multistate responses of units in different combinations (i.e., units
with a fixed pattern, different thicknesses, and different active
devices) can be obtained through a single pattern layer numerical
simulation, which could be used to achieve infinite expansion of a
dataset in reverse design. These analyses demonstrate the power of
our architecture, which enhances the design freedom, achieves
data reuse, and overcomes band limitations in traditional models.
Using this architecture, it becomes simple and easy to implement
high-efficiency and versatile RIS designs. In addition, due to its
independent design principle, this separate design architecture
can be further extended to RIS structures involving increased geo-
metric complexity, multilayer structures, or multiple active
devices.

3.3. Structure and training of the PILN

The unit multistate EM responses are calculated using scatter-
ing matrices of the subparts. Since the pattern layer’s matrix can-
not be directly obtained, we design a PILN (Fig. 5(a)) with a 50-
bit pattern code and a 20-bit binary code for permittivity as input.
Three custom convolutional channels after the pattern input are
set to boost the network’s ability to learn complex pattern features.
To prevent potential deep resonances and phase flips in amplitude
and phase curves from complicating the neural network training,
the real and imaginary components of the scattering parameters
are collected during the dataset acquisition process. This conver-
sion results in smoother dataset curves, thereby improving the sta-
bility of the neural network’s performance. Ultimately, the PILN is a
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Fig. 5. Structure and training results of the pre-incremental learning neural network. (a) Main structure of the PILN. (b) Training (yellow) and validation (blue) losses. (c)
Performance comparison of the PILN, multilayer perceptron (MLP), and ablation experiment, where the yellow bar is the average training loss, the green bar is the prediction
accuracy of the testing set (T-ACC), and the blue bar is the prediction error of the testing set (T-MSE). (d) Predicted and simulated results of the same pattern in different
permittivities with the pre-training model. (e) Predicted and simulated results of different patterns in different permittivities with the final training model.

dual-output neural network for the real and imaginary parts of the
scattering coefficient and includes two training steps. It undergoes
a pre-training step with 2000 x 10 sets of data, encompassing all
permittivities, as shown in Table 2, and enabling the neural net-
work to grasp the regular effect of permittivity on the pattern
responses. Formal training continues with the same network struc-
ture to learn the link between the pattern and the EM response
using the total dataset. During the training process, each pattern
is paired with at least three permittivities to avoid forgetting
knowledge from the pre-training step.

In the training process, the dataset is split into training, valida-
tion, and testing sets (80%, 10%, and 10%, respectively), with mean
squared error (MSE) being employed as the training performance
metric. The final loss of the PILN is the summation of L. and L;,
with the same weight. L. and L, represent the loss of real and
imaginary outputs, respectively. The synthesized loss function is
defined as follows:

168

Final_Loss = 0.5 x Le + 0.5 x Ly (6)

Apart from the MSE, the similarity in shape between two curves
serves as a crucial criterion that must be assessed. The average
cosine similarity of the testing set is used to evaluate the predic-
tion effect of the trained model, which is calculated by the follow-
ing equation:

1

X X0 100%

Cosine Similarity = X1 ]%|
1 2

(7)

where X; represents the vector of the curve predicted by our model,
and X, represents the vector of the actual curve obtained from the
simulation (i.e., the ground truth).

Fig. 5(b) depicts the outcomes of the PILN’s two-step training
process, showcasing average training losses of 0.0014 during the
pre-training and 6.792 x 10~ for the final formal training. The final
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average cosine similarity across the total testing sets stands at
99.66%, which means that the PILN is credible for matrix prediction
and response calculation. We further design an ablation experi-
ment; that is, we remove the pre-training to verify the perfor-
mance of the two-step trained model. The training loss in the
ablation experiment is 8.64 x 1074, which is much higher than that
of the PILN (6.792 x 107%) in Fig. 5(c). The strengths of the PILN are
further verified with the testing set, for which the PILN exhibits a
smaller prediction error of 4.676 x 107 (compared with
1.111 x 1073 in the ablation experiment) and a higher accuracy
of 99.66% (versus 98.61% in the ablation experiment). Moreover,
compared with the multilayer perceptron (MLP) baseline, our
model improves the accuracy by nearly 1.07% and reduces the pre-
diction error by 7.434 x 107, underscoring its superior perfor-
mance. Three random pattern layers in the respective testing sets
are selected to illustrate the prediction effect of the two-step train-
ing. Figs. 5(d) and (e) reveal a high level of consistency between the
predicted and actual curves. The analysis and more training infor-
mation on the PILN are provided in Appendix A Section S4.

4. Model validation and experimental verification

It should be noted that our paradigm enables multi-purpose use
with one-time training. After training the PILN, designing RIS units
with various functionalities and structures becomes seamless,
requiring no additional EM simulations or secondary model train-
ing. In contrast, when using a traditional method, it is necessary to
develop a new parametric model from scratch, which involves
numerous simulations and extended training cost. Moreover, our
trained PILN can even be transplanted and utilized for complex
RIS structure design including transmissive and multilayer RISs.
To further verify our paradigm, we design two different single-
layer units that meet typical RIS demands and one ultra-
wideband 1-bit multilayer RIS unit. The design procedure leverages
NBTRM for precise control over the unit pattern, coupled with the
separate design architecture to iteratively refine and optimize the
design parameters. This paradigm ensures that the RIS units
achieve the desired EM functionalities while maintaining physical
feasibility and efficiency within the defined constraints.

In the first case, we design a 1-bit phase-modulation RIS unit,
featuring an amplitude loss of less than 3 dB within 9-15 GHz
and a relative bandwidth of 50%, which achieves better perfor-
mance even in comparison with manually crafted units. In the
optimization process, the design target is the following:

Fitness = —E/M (8)

M
E=>"1{lo:(fo) — @o(fo)| > 160,201g(as (f,)) > —3,20lg(ao(f,)) > —3}
t=1

9)

where M is the total number of frequency points sampled with a
200 MHz interval in 9-15 GHz. The indicator function
y{condition} is 1 if the condition is met and O otherwise. Thus,
the sum E is the total number of frequency points satisfying the
condition, where f, represents the tth frequency points, ¢, and a
denote the phase and amplitude of the S;; of the unit in the “on”
state, respectively, and ¢, and ao represent the phase and ampli-
tude of Sy in the “off” state, respectively. With 500 sets of particles
in the initial population and 50 iterations in 8 h, the final output
unit achieves 1-bit phase-modulation in 9-15 GHz with MADP-
000907-14020x as the load. Fig. 6(a) depicts the fitness curve of
the optimization process. The structural parameters of this unit
are given in Table 3. Due to the excellent training of the PILN, the
predicted EM responses of this unit align well with the simulated
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results, as shown in Fig. 6(b), indicating that the designed RIS
achieves the design demands and robustly validating the effective-
ness of our paradigm.

Next, we aim to design a typical 3-bit phase-modulation RIS
unit (315° shift) in the frequency band of 4-5 GHz with an ampli-
tude loss of less than 4 dB. Varying voltages permit continuous
changes in the varactor’s reverse-biased junction capacitance,
enabling RIS reconfigurability. We designate the load’s serial num-
ber as the varactor SMV1405-040LF in Table 1. The design target is
changed to the following:

M
E=Y x{loa(fi) — @olfo)l > 315,20Ig(ax(f,)) > —4,20Ig(ao(f,)) > 4}
t=1
(10

where ¢, and a, denote the phase and amplitude of S;; with the
varactor loaded by a —30 V voltage, respectively, The design proce-
dure is consistent with that of the 1-bit phase-modulation unit, and
the optimal unit in Fig. 6(c) achieves 3-bit phase modulation in
4.06-4.38 GHz with the structural parameters given in Table 3. It
can be seen that the predicted responses in Fig. 6(d) are in good
agreement with the simulated results, so the different functional
RIS designs are finished without extra data acquisition and training
costs. Detailed EM response information for the 3-bit RIS is pro-
vided in Appendix A Section S5.

As mentioned above, our paradigm can realize dataset reuse
and cover the design range of multiple RIS structures. Here, the
trained PILN model is used for a multilayer RIS design without sec-
ondary training. By changing only one additional step of matrix
computation in the separate design architecture, we design an
ultra-wideband 1-bit phase-modulation unit using the same PILN
model, featuring an amplitude loss of less than 3 dB within 7-
14.7 GHz, with a relative bandwidth of 71%. The fitness function
is the same as Eq. (9). After 40 iterations, the final optimal unit
in Fig. 6(e) is implemented on the F4B substrate and poly-
methacrylimide foam, with MADP-000907-14020x as the load.
Fig. 6(f) illustrates the computational results derived from our
model in comparison with the simulation outcomes of the actual
unit. The performance of the unit exhibits a level of excellence that
even exceeds the results achieved by experienced researchers
through exhaustive manual design. The design process of PILN
integration into a multilayer RIS unit design is delineated in
Appendix A Section S6.

As typical demands for RISs, these successful design examples
not only validate the power of our paradigm to achieve a rapid
design with no demand for experience but also highlight its prac-
ticality in addressing complex RIS design challenges in real-world
scenarios. These designed RISs can be used for beamforming
(Fig. 6(g)), scattering energy reduction (Fig. 6(h)), and information
processing systems in the wireless communication field (Fig. 6(i)).
A table comparing our proposed paradigm with previous
approaches across several key metrics, including method, RIS
design variety, 1-bit RIS unit performance, and relative bandwidth,
is presented in Table 4 [29-31].

A mockup of the 1-bit phase-modulation RIS was fabricated
using the conventional printed circuit board (PCB) technique for
demonstration. The functional RIS consists of 12 x 16 units with
a side length of 10 mm. The unit features additional feeding, with
a copper column (radius: 0.25 mm) and a feed line width of
0.8 mm, as shown in Fig. 7(a). Adhesive and dielectric layers (with
permittivities of 4.30 and 2.17, respectively) are positioned
between the feed line and metal ground, with respective thick-
nesses of 0.10 and 0.25 mm. Fig. 7(b) illustrates the designed RIS
and the measurement setup in a microwave anechoic chamber.
The beam control function of the RIS is realized by generating dif-
ferent coding patterns, which are achieved by manipulating the
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Fig. 6. Multiple functional RIS units designed with our paradigm. (a) The designed 1-bit phase-modulation unit operating at 9-15 GHz. (b) Predicted results and simulated
results of the 1-bit phase-modulation unit. (c) The designed 3-bit phase-modulation unit operating at 4.06-4.38 GHz. (d) Predicted and simulated results of the 3-bit phase-
modulation unit. (e) The designed ultra-wideband 1-bit phase-modulation multilayer unit operating at 7-14.7 GHz. (f) Predicted and simulated results of the ultra-wideband
1-bit phase-modulation multi-layer unit. (g) Beamforming demonstration using the designed unit in Fig. 6(a). (h) Radar cross-section (RCS) reduction demonstration using
the designed unit in Fig. 6(h); comparison of 3D far-field patterns at 13 GHz of RIS (right) and metal plate (left) of the same size. (i) Application demonstration of an RIS in
overcoming non-line-of-sight transmission and multi-user communication.

Table 3

chronously. The far-field scattered beam is expressed as follows

2n /2
Dir(0, ) = 4nlF(0.9)/ [ [ IF(0.9)sinododp
0 0

(11)

Detailed structure parameters of three functional RIS units. [2]:
RIS unit Control points € h
1-bit RIS unit (5,0),(9.3,0.3), (1.84.4), (10.2,2.5), (9.1,1.1) 255 3.5
3-bit RIS unit (5,0), (11,3.7), (7.8,2.3), (0,6), (2.1,0) 275 22
Ultra-wideband  (5,0), (6.93,1.05), (0,0), (0.335,0), (4,6) 3.00 1.0
1-bit RIS unit (5,0), (6.93,1.05), (0,0), (0.335,0), (4,6) 1.05 35

(multilayer)

reflection phase of each unit. The diodes within the same column
share a common bias voltage, and the states can be altered syn-

where 6 and ¢ denote the elevation and azimuth angles of an arbi-
trary direction, respectively, and F(0, @) represents the pattern
function of an array element. Based on this far-field equation, we
design the RIS coding sequences to deflect the beams to the angles
(15°,30°,45°) at 10 and 14 GHz, as illustrated in the upper panels of
Fig. 7(c). The simulated and measured results of the radiation pat-
terns under these coding sequences are presented in the lower pan-
els of Fig. 7(c). More measured results within 9-15 GHz are

Table 4
Comparison of the proposed method with previous approaches.
Ref. Method RIS Frequency (GHz) Relative bandwidth (%) DM reuse
[29] FNN-INN 1-bit 7.1-7.9 10.6% -
[30] CNN-LSTM-DNN 1-bit 5.8-6.6 12.9% -
[31] DT 1-bit 6.66-7.3 9.2% -
This work PILN-SDA 1-bit/3-bit/. .. 9-15/7-14.7 50%/71% Yes

FNN-INN: forward neural network-inverse neural network; CNN-LSTM-DNN: convolutional neural network-long short-term memory-deep neural network; DT: decision
tree; PILN-SDA: pre-incremental learning network-separate design architecture; DM: dataset and training model.
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Fig. 7. (a) A 1-bit phase-modulation unit with feed structure. (b) Photograph of the experimental environment in a microwave anechoic chamber. (c) 2D phase distributions
for different angle deflections and measured far-field patterns of an RIS within 10 and 14 GHz.

provided in Appendix A Section S7. This approach, including
improving the feed network for independent unit control and refin-
ing the surface 2D array coding, can be further adopted to improve
the RIS’s radiation efficiency and accuracy. These two sets of results
are generally consistent, showing the good beam-control capabili-
ties of our designed RIS and further demonstrating our proposed
design method.

The surface pattern and dielectric layers of the 1-bit phase-
modulation multilayer RIS were fabricated using conventional
PCB technology. This mockup consists of 12 x 12 units with a side
length of 10 mm. In this multilayer structure, a foam layer is placed
between the dielectric layer and the metal ground. Consequently,
the feed lines, which are 0.15 mm in width and positioned perpen-
dicular to the incident EM wave’s electric field (Fig. 8(a)), are
located on the pattern layer. The dielectric board, foam, and copper
foil are bonded with a 0.03 mm double-sided adhesive, as shown in
Fig. 8(b). Despite some phase errors and amplitude losses around 7
and 14 GHz, the measurement results of this mockup generally
align with its simulation results (Fig. 8(c)). Based on an analysis,
the discrepancies likely result from the adhesive layers, manual
assembly variations, and fluctuations in the foam layer’s permittiv-
ity. Measurement details are provided in Section S6.

The effectiveness and superiority of our design paradigm are
strongly validated through these two distinct physical implemen-
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tations. The results demonstrate that our paradigm solves the
problem of multistate EM responses in RIS design, and the units
designed using our paradigm significantly outperform those cre-
ated via other approaches. Moreover, our paradigm allows dataset
and model reuse for multifunctional and complex RIS designs, such
as 3-bit RIS and multilayer RIS units. To a certain degree, it repre-
sents substantial progress toward the goals of automating design
and mitigating reliance on experiential knowledge.

5. Conclusions

This work proposed an efficient and universal design paradigm
for the automatic design of RISs with different functions and struc-
tures. A pivotal advancement is the introduction of a novel topol-
ogy representation method, which realizes equivalent mapping
from 100-dimensional continuous patterns to five-dimensional
NURBS control points, extensively reducing the pattern solution
space by 20 times. Compared with the traditional random pixe-
lated method, the proposed method ensures a smooth excitation
current flow in RIS surface patterns, effectively achieving maxi-
mum pattern resonance capability.

In addition, a separate design architecture was proposed to
solve the multistate mapping dilemma in RIS automatic design.
Based on the PILN and multiport network theory, this proposed
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Fig. 8. (a) Decomposition diagram of a 1-bit phase-modulation multi-layer RIS unit; (b) photograph of the mockup with the front view and side view; (c) comparison of the

simulation and measurement results.
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architecture can quickly predict the multistate responses of an RIS
within 1 s, avoiding the need for time-consuming numerical simu-
lation constraints. In particular, our separate design architecture
reduces the dataset acquisition cost by 62.5% and achieves dataset
reuse in multiple structural RIS designs compared with traditional
methods. As proof of the proposed design paradigm, we designed
three examples, including two typical high-performance RISs and
an ultra-wideband multilayer RIS with a relative bandwidth reach-
ing 71%.

In general, the proposed architecture achieves a strategic shift
toward minimizing dataset costs, fostering data reuse, and liberat-
ing design freedom. The proposed paradigm paves the way for
automatic EM design and can effectively accelerate the develop-
ment of multifunctional and multi-structure RISs to meet the
increasing property demands for RIS in radar, sensing, and wireless
communication systems. However, several aspects of this para-
digm require further refinement, including the incorporation of
effective non-continuous patterns into the dataset, the establish-
ment of more general rules for pattern domain representation,
addressing minor deviations caused by interlayer coupling, and
considering the impact of complex permittivity on scattering
parameters. To further reduce the design time, future research will
also focus on overcoming challenges related to the RIS inverse
design, such as the increased complexity in model training.
Addressing these issues and adopting a more comprehensive strat-
egy for RIS manufacturing will be key areas of focus in future work.
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