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Meta-Attention Deep Learning for Smart Development of
Metasurface Sensors

Yuan Gao, Wei Chen, Fajun Li, Mingyong Zhuang, Yiming Yan, Jun Wang, Xiang Wang,
Zhaogang Dong, Wei Ma, and Jinfeng Zhu*

Optical metasurfaces with pronounced spectral characteristics are promising
for sensor applications. Currently, deep learning (DL) offers a rapid manner to
design various metasurfaces. However, conventional DL models are usually
assumed as black boxes, which is difficult to explain how a DL model learns
physical features, and they usually predict optical responses of metasurfaces
in a fuzzy way. This makes them incapable of capturing critical spectral
features precisely, such as high quality (Q) resonances, and hinders their use
in designing metasurface sensors. Here, a transformer-based explainable DL
model named Metaformer for the high-intelligence design, which adopts a
spectrum-splitting scheme to elevate 99% prediction accuracy through
reducing 99% training parameters, is established. Based on the Metaformer,
all-dielectric metasurfaces based on quasi-bound states in the continuum
(Q-BIC) for high-performance metasensing are designed, and fabrication
experiments are guided potently. The explainable learning relies on spectral
position encoding and multi-head attention of meta-optics features, which
overwhelms traditional black-box models dramatically. The meta-attention
mechanism provides deep physics insights on metasurface sensors, and will
inspire more powerful DL design applications on other optical devices.

1. Introduction

Optical metasurfaces are artificial electromagnetic materials con-
sisting of meta-atoms within sub-wavelength dimensions. They
demonstrate extraordinary light-matter interactions and have
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the potential for many optical
applications.[1–3] Particularly, they are
widely investigated on nondestructive
label-free sensing for chemical and
biomedical detection, since they could
have near-field concentration effects in-
spired by various mechanisms, such as
plasmonics and quasi-bound state in
the continuum (Q-BIC).[4–9] The optical
sensors based on metasurfaces are also
called as metasensors, which include two
important categories for applications on
molecular fingerprint detection and refrac-
tive index (RI) sensing, respectively.[10,11]

On one hand, a molecular fingerprint
metasensor is usually used to detect a trace
sample’s characteristic peaks of molecule
vibration modes through infrared (IR)
absorption spectroscopy. Such a metasen-
sor is typically designed with multiple
resonance wavelengths in the IR spec-
trum, which correspond to the featured
absorption peaks of trace molecular finger-
print. This can overcome the significant
dimension mismatch between the IR

wavelengths (>3000 nm) and target molecules (<10 nm), en-
hance the localized near field surrounding the trace samples,
and boost the fingerprint signal dramatically.[12] On the other
hand, an RI metasensor is used to detect the change of mate-
rial refractive index due to the specific coatings of environmental
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Figure 1. Conceptual diagram of explainable deep learning model named Metaformer for smart development of metasurface sensors.

gas, liquid, biomolecules, or chemical molecules, which facili-
tates their identification and quantification. It has two important
physical parameters, including the bulk refractive index sensi-
tivity (BRIS) and surface refractive index sensitivity (SRIS).[13–15]

During the design of RI metasensor, one needs to optimize the
geometry of metastructure for the target sensitivity performance
or to pursue a metastructure goal according to a customized sen-
sitivity inversely.[16,17] In general, the design for both fingerprint
metasensors and RI metasensors requires the redundant optical
simulation, massive structure parameter scan, and dedicated op-
timization process, which is not only time-consuming but also
highly dependent on experiences of metasurface engineering.
Nowadays, a powerful design method is quite in demand for de-
veloping these two metasensors.[18]

Recently, along with its bloom in science and
technologies,[19–21] deep learning (DL) has become a state-
of-the-art approach for metasurface design.[22–25] Many kinds of
artificial neural networks (NNs), such as multilayer perceptron
(MLP), convolutional neural networks, and generative adver-
sarial networks, have been employed as the black-box models
for the forward and inverse design from meta-atoms to optical
responses.[26–37] These DL techniques provide opportunities
to search structure parameter spaces in a more efficient way,
leading to the data-driven, on-demand design of metasurfaces
and related metadevices.[38] However, there is still a lack of
DL paradigms for the universal development of metasurface-
based sensors, especially for the smart design of fingerprint
metasensors and RI metasensors. This is because conventional
DL models are assumed as black boxes, which usually predict
optical responses of metasurfaces in a fuzzy way. This makes
them incapable of capturing high quality (Q) spectral peaks
or valleys precisely, which influences the sensing performance
of metasurfaces dramatically. The failure in comprehending
critical spectral features hinders the effective use of these DL
frameworks in metasensor design. Currently, it is quite essential
to break the black-box limitation and build an explainable DL

architecture to notice specific spectral features for powerful
metasensor design.

Here, we develop an explainable DL architecture named as
Metaformer to facilitate intelligent design of metasensors with
high Q factors as shown in Figure 1. The inverse design is
used to predict the metasurface structures according to the in-
put of spectral responses in various environments. The for-
ward design is adopted to obtain the spectral responses for
different environments to obtain the target sensitivity. The
Metaformer is based on the transformer framework and has
a unique mechanism of multi-head self-attention, which en-
ables the high-efficiency capture of different spectral feature
details. It demonstrates a significant prediction error reduc-
tion of 99% with the 99% decrease of training parameters
than conventional transformer model. The transformer model
has shown the potential for designing metamaterial absorbers,
while it has not been applied on the development of metasen-
sors with more complex environmental changes. Moreover, the
underlying learning mechanisms of the transformer model
have yet to be clearly explored and elucidated.[39] The multi-
head attention is critical for the Metaformer model, which
is widely adopted to interpret the model feature extraction
mechanism and can assign different weights to various in-
put subsequences based on their relevance for producing ac-
curate predictions.[40,41] Here, we explain the learning mecha-
nism by revealing a series of component stages for different
attentions of multiple heads within the network. We find that
different heads can focus on various spectral regions with spe-
cific curve features. Based on the model, we develop a tool for
the quick flexible design of metasensors. We design and fab-
ricate the Q-BIC-based metasensors as proof-of-concept exam-
ples, and measure their optical responses for fingerprint and RI
sensing, respectively. The good agreement between the theory
and experiments implies the great potential of Metaformer on
powerful intelligent design of metasensors and other metade-
vices.
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Figure 2. a) Design functions of Metaformer for fingerprint and RI metasensors. b) Inverse design architecture of metasensor for on-demand fingerprint
feature and sensitivity performance. c) Network architecture of transformer encoder module. d) Forward design architecture for predicting sensitivity
performance of metasensor.

2. Results and Discussion

2.1. The Metaformer Model and Physical Paradigm Based on
Q-BIC

The Metaformer architecture is illustrated in Figure 2. It con-
tains two design functions of metasensors shown in Figure 2a.
One is the inverse design of on-demand metastructure accord-
ing to a spectrum of molecule fingerprint with featured peaks,
and the other is the forward and inverse design from the metas-
tructure to optical sensitivity. In the inverse design process for
fingerprint and RI metasensing, the Metaformer takes the opti-
cal spectrum vector S as the input and the output is the vector P of
metastructure parameters, as denoted in Figure 2b. Particularly,
the design of a fingerprint metasensor needs the spectrum input
of Sf, while the design of an RI metasensor requires the spec-
trum inputs of S1 and S2 for two different environments, which
are originated from the definition of sensitivity performance, in-
cluding the BRIS and SRIS. The BRIS is defined as SBRIS = (𝜆2 −

𝜆1)/(n2 − n1), where 𝜆1 and 𝜆2 are the resonance wavelengths of
two different environments, respectively; n1 and n2 denote the
corresponding values of enviromental refractive index.[42] The
SRIS can be briefly described by SSRIS = (𝜆2 − 𝜆1)/(nt), where
n and t represent the refractive index and conformal thickness of
trace analyte coated on the metasensor, respectively.[43] The input
spectrum is split into M patches to overcome the significant di-
mension mismatch between the input S and output P. Each split
spectrum patch is embedded by a convolution operation, which is
followed by a set of positional encoding. This process generates a
sequence of vectors, and it is fed to the transformer encoder mod-
ule. This module is linked to an MLP layer, and leads to the output
P for the predicted metastructure parameters. The transformer
encoder module consists of L identical layers, as illustrated in
Figure 2c. Each layer consists of a multi-head attention compo-
nent followed by a feed-forward MLP. The configuration of resid-
ual connection and layer normalization are adopted for both the
attention and MLP components.[44] In each head of attention, the
input sequence is multiplied with three learnable weight vectors,
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and converted to the vector including the sub-vectors of query,
key and value (Q, K, V). The self-attention mechanism is adopted
and described by the following equation,[45]

Attention (Q, K, V) = Softmax

(
QKT√

dk

)
V (1)

where dk represents the dimension of Q and K. For each pair of Q
and K, the dot products of query with all the keys are calculated
and divided by

√
dk. These results are applied on the Softmax

function to get the attention weights on the values. The attentions
from all heads are concatenated together to obtain the result of
multi-head attention mechanism as the following equation,

MultiHead
(
Q, K, V

)
= Concat

(
Head1,…Headi,… , HeadZ

)
WO (2)

where Z represents the number of head, Headi is the attention
result of the ith head, and W0 denotes the weight parameter ma-
trix related to all the heads. The result of multi-head attention
is fed into the MLP layer, as shown in Figure 2b. The forward
design process from the metasensor to sensitivity performance
is illuminated in Figure 2d, where the input P is embedded by
two sets of data associated with different sensing environments,
respectively. This operation enables the input vector from low di-
mension to high dimension. The two vectors after embedding
are fed to two separate transformer encoder modules, whose net-
work architectures are the same as Figure 2c. The two trans-
formed sequences go into their corresponding MLP layers, and
generate the spectrum vectors S1 and S2 for two different environ-
ments, respectively, which are used to calculate the sensitivity of
metasensor.

In order to evaluate the design functions of Metaformer, we
apply it to the physical model of all-dielectric metasensors based
on Q-BIC.[46] Such metasensors have lower optical damping than
plasmonic metasensors[47] and could also support highly con-
fined optical mode with notable high-Q resonance features for
enhancing both fingerprint and RI sensing.[48] As shown in
Figure 3a, we adopt the paradigm of symmetry-broken metasur-
face, whose meta-atom consists of a top patterned Si layer with
four square patches and a fused silica substrate. The optical pa-
rameters of Si and fused silica are obtained from the reference.[49]

The geometry of meta-atom is determined by the period (px = py
= p), length (l) of patch side, height (h) of patch, and gaps between
two adjacent patches along x-axis (𝛼x) and y-axis (𝛼y) directions.
Originally, when the four meta-atom patches are located at the
centers of four quadrants in a 2D period, respectively, we denote
the spacing between two adjacent patches as 𝛼, which represents
the in-plane symmetry-protected geometry. When the patches de-
viate from the centers of four quadrants, the values of 𝛼x or 𝛼y are
not equal to 𝛼, which breaks the in-plane symmetry of the four
patches.

Here, we define the asymmetric factors of geometry as Δ 𝛼x
= (𝛼 − 𝛼x )/𝛼 and Δ 𝛼y = (𝛼 − 𝛼y )/𝛼. When Δ𝛼x = Δ𝛼y = 0,
the meta-atom maintains the symmetry and there are two BIC
modes (BIC 1 and BIC 2) without radiation leakage,[50] as shown
in Figure 3b. As Δ𝛼x and Δ𝛼y both increase to 0.125, the symme-
try is broken and the electromagnetic energy is released through

two resonance modes with ultra-narrow line widths, namely “Q-
BIC 1” and “Q-BIC 2”. The line widths of resonances are broad-
ened along with the rise of the asymmetric factors. As observed in
Figure 3c, the simulated resonance curves of Q-BIC 1 and Q-BIC
2 can be fitted by using Fano Formula and indicate good agree-
ment with the asymmetric Fano line shapes.[51] The two Q-BIC
resonances can be further analyzed by the multipole decompo-
sition method (see more details in Supporting Information), as
shown in Figure 3d. The metasensor supports the modes of elec-
tric dipole (ED), magnetic dipole (MD), electric quadrupole (EQ),
and magnetic quadrupole (MQ), where the major components
of these two Q-BIC resonances are MD modes. In particular,
the resonances of Q-BIC 1 and Q-BIC 2 demonstrate the inverse
quadratic law Q = Q0(Δ𝛼)−2, where Q0 is a fitting constant, Q =
𝜆0 /FWHM denotes the quality factor of resonance, and FWHM
represents the full width at half maximum,[52,53] as shown in
Figure 3e. The theory and simulation results from Figure 3b–e
indicate that the spectra of the proposed physical model typically
have two high-Q resonances, which can be used to verify whether
the Metaformer model can notice the specific spectral features for
developing Q-BIC-based metasensors effectively.

To assess the network performance of Metaformer, we define
its loss function by calculating the mean square error (MSE) be-
tween the predicted results and the ground truth, which is de-
scribed as below,[39]

Loss = 1
Ns

L∑
i = 1

(
Ti − T̃i

)2
(3)

where Ti denotes the spectrum or metastructure predicted by
the Metaformer, T̃i is the simulated spectrum or metastructure,
and Ns is the number of spectral sample points. Conventional
transformer model has been widely used in natural language pro-
cessing and can deal with complex tasks with large datasets. Its
memory and computation requirements grow quadratically with
the sequence length, which makes it inadvisable to handle long
sequences.[54] In the model of inverse design, one needs a great
number of spectral sample points with high resolution to charac-
terize high-Q resonances of Q-BICs. On this condition, the use
of conventional transformer network would lead to a dramatical
increase of parameters and make it difficult to converge due to
long spectral sequences.[55] With the aim to overcome this prob-
lem, we combine the advantages of typical transformer with the
inspiration from the patch operation in vision transformer for
metasensor,[56] we split each spectrum into M patches and inves-
tigate the influence of M value on the training parameters and
MSE of testing samples in Figure 3f. As M increases, the dimen-
sions of spectrum will become smaller when the whole spec-
trum is divided into different patches, which causes the num-
ber of training parameters has a significant reduction than the
conventional transformer. The optimal patch number of M is
100, which leads to the lowest MSE of 1.6 × 10−6. Compared
with the conventional transformer, such a result demonstrates
an MSE reduction up to 99% by decreasing the training param-
eters of 99%. A typical NN can be used for spectral prediction
of metastructures, but it is usually difficult to precisely predict
sharp spectral responses for a simple NN with limited sample
points.[57–59] The spectrum input sequences contain rich physical
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Figure 3. a) Schematic drawing of Q-BIC-based all-dielectric metasensor, where the inset shows the top view of a single meta-atom. b) The evolution
of reflection curves with changed Δ𝛼. c) Simulated spectrum of reflectance and Fano fitting for Q-BIC 1 and Q-BIC 2. d) Scatter power as a function of
wavelength by multipole decomposition. e) Q factor functions of Δ𝛼 for two Q-BIC resonances. Training parameter number and MSE f) for a series of
different patch values. g,h) Two randomly selected instances of inverse and forward design from testing sample space.

information, while the resonance peaks with high-Q features oc-
cupy a smaller proportion of the sample points than the other
flat regions and have stronger variation around resonance wave-
length, which makes the prediction much more challenging[60]

(See more details in Supporting Information). During the de-
sign of metasensors, it is crucial to accurately predict resonance
wavelengths of a spectrum with high-Q features. A NN is usu-
ally incapable to achieve the accuracy requirements. Therefore,
we developed the Metaformer model with higher accuracy to
achieve the smart design of metasensor. Compared to the clas-
sical MLP model, the result indicates an MSE decrease of 44.8%
by reducing the training parameters of 54.8% (see Table S2, Sup-
porting Information). This implies the better prediction perfor-
mance of our network on inverse design than conventional ap-

proaches. Here, we randomly pick up two testing instances of
the Metaformer learning model and compare the design results
with the ground truth in Figure 3g,h. The relative errors for the
two sets of predicted metastructure parameters in inverse design
are less than 0.3%. These predicted metastructure parameters are
further used to predict two corresponding spectra by forward de-
sign, respectively. Compared with the ground truth, they indicate
the MSE values of spectrum as low as 4.0 × 10−5 and 1.7 × 10−4,
respectively. Therefore, both the forward and inverse processes by
the Metaformer demonstrate good consistency with the ground
truth, which suggests its high-accuracy design performance (see
more details in Figure S4, Supporting Information). Particularly,
our method can be widely applied to other optical devices with
more complicated spectra features.

Adv. Sci. 2024, 2405750 2405750 (5 of 12) © 2024 The Author(s). Advanced Science published by Wiley-VCH GmbH
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Figure 4. a,b) Cosine similarity heatmaps of position encoding matrix without and with spectrum patches, respectively. c) Mean attention distance as
a function of network layer and head. d) Spectral intensity and attention weight intensities and as functions of patch position for various network layers
and heads. Here, the symbols L and H denote the layer and head, respectively; the numbers behind them represent the corresponding network depth
and head order, respectively. e,f) Heatmaps of attention weight for various network layers and multiple heads.

2.2. Explainable Learning Mechanism for the High Performance
of Metaformer

We interpret the high prediction accuracy of Metaformer espe-
cially by illuminating its learning mechanism for the inverse de-
sign. In the network of inverse design, the position encoding
plays a critical role for learning. It ensures that the model ac-
quires the position information of spectral sequence, which is
calculated by the following equations,[45]

PE(pos,2i) = sin
(

pos

100002i∕dmodel

)
PE(pos,2i+1) = cos

(
pos

100002i∕dmodel

) (4)

where pos is the position of spectrum patch in the sequence, dmodel
= 128 denotes the embedding dimension, i is the index of dimen-
sion. In this process, all the spectrum patches are expanded to

128 dimensions, and the operation by Equation (4) embeds the
patch position information (see more details in Figure S4, Sup-
porting Information), which aims to make the input data ordered
for the following processing. We plot the cosine similarity of po-
sition embedding in Figure 4a, which reflects that the closer po-
sitions tend to have a higher level of similarity. For instance, each
position has the highest cosine similarity of 100% with itself, as
shown on the red diagonal band in Figure 4a. Thus, the position
embedding can encode the distance of input sequence by the sim-
ilarity calculation. When the sequenced patches of one optical re-
sponse are combined with the position embedding, the plot of
cosine similarity maintains the diagonal feature of position cor-
relation, as observed in Figure 4b. Since the spectrum has two
significant peaks of the typical Q-BIC-based resonances around
the two patch positions of 26 and 63, respectively, the high simi-
larities surrounding Patch (26, 26) and Patch (63, 63) are extended
to a larger region. The levels of similarity around Patch (26, 63)
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and Patch (63, 26) are enhanced due to the similar spectral peak
shapes of Q-BIC resonances between Patch 26 and 63. The re-
sult of Figure 4b demonstrates that the position information is
effectively embedded into the spectrum sequence.

We next investigate the effects of multi-head attention mech-
anism for the learning of inverse design. Previous studies have
reported that it allows the integration of global information in
the transformer encoder.[56] Here, we evaluate the degree of our
network on utilizing this capability. As shown in Figure 4c, we
adopt 12 transformer encoder layers with 10 heads and calculate
the mean attention patch distance of the spectrum through the
layers for each head based on the attention weights. The learning
for the mean attention distance of a randomly selected spectrum
can be divided into three stages according to the depth of network
layers. There are some heads attending to most of the spectrum
patches even in the lowest layers of Stage I. This implies that the
Metaformer is indeed empowered by the function of integrating
information globally. During Stage I, the maximum and mini-
mum mean attention distances gradually decrease from a high
position to a low one with the increase of network depth. After
they approach the lowest positions, they continue to rise to the
higher positions at Stage II. In the highest layers of Stage III, the
mean attention distances for all heads converge to the position of
around the 50th patch, which is exactly a half of the distance for
all the 100 spectrum patches. The ultimate convergent position
might be attributed to the typical features with two Q-BIC reso-
nance peaks for a random spectrum of metasensor, whose two
resonances are driven by breaking the in-plane symmetry along
the directions of x-axis (𝛼x) and y-axis (𝛼y), respectively. These two
directions are orthogonal and could make the two Q-BIC reso-
nances independent to each other. Therefore, regarding a ran-
domly selected spectrum, the positions of two Q-BIC resonance
peaks could be located at both sides of the 50th patch equiproba-
bly.

In order to reveal the learning capability of Metaformer, we plot
the attention weight intensities as functions of patch position for
a series of network layers and heads and compare them with the
randomly selected spectrum for input, as shown in Figure 4d.
Typically, there are five segments for the spectrum, denoting Q-
BIC 1 and Q-BIC 2 resonance peaks and three off-resonance (OR)
regions. For the network depth of Layer 2, Head 1 exhibits two
high intensity peaks of attention weight corresponding to the two
Q-BIC resonances; while Head 4, Head 7, and Head 9 show re-
markable attention weight intensities on the spectrum patches
for segments of Q-BIC 2, Q-BIC 1 resonances, and OR 1, respec-
tively. This demonstrates that the multiple heads for a fixed layer
(even the earlier layer) can notice the representative segment fea-
tures for an entire spectrum. On the other hand, for the fixed
head number of 9, Layers 2, 5, 8, and 10 indicate high attention
weight intensity for the OR spectral segments; Layers 2 and 5
show high attention weights for the patches of OR 1, and the
patches of OR 1, OR 2, and OR 3 tend to have high attention
weights as the layer order numbers are increased to 8 and 10, re-
spectively. The result in Figure 4d illuminates the good learning
ability by multi-head attention mechanism through a sequence
of network layers.

Furthermore, we plot the learning heatmaps of multi-head at-
tention weights for some representative layers and heads of the
Metaformer in Figure 4e,f. There are four bright spots with high

attention weights for Head 5 of Layer 1 in Figure 4e, which in-
dicates that the Metaformer notices and assigns more attention
weights to the two significant peak features of Q-BIC 1 and Q-BIC
2 resonances. The four spots imply the self-attention of each Q-
BIC resonance and the mutual attention to each other for the two
Q-BIC resonances. The heatmap of attention weight in Head 4 of
Layer 3 shows six distinct high-value regions. They imply the mu-
tual attention between each Q-BIC resonance peak and each OR
segment of the spectrum. In Figure 4f, the heatmap of attention
weight in Head 1 of Layer 8 exhibits two notable bands with high
attention weights, which reflects the mutual attention between
each Q-BIC resonance peak and the entire spectrum; on the con-
trary, there are three bright bands of high attention weights in
Head 9 of Layer 8, indicating the mutual attention between each
OR spectral segment and the whole spectrum (see more details
in Figure S6, Supporting Information). The results in Figure 4
reflect that different heads going through network layers attend
to various spectral segments with specific curve features, which
elucidates high prediction precision on spectral details and fa-
cilitates good performance on the smart design of Q-BIC-based
metasensors.

2.3. Metasensor Design for IR Fingerprint Detection

Based on the learning mechanism research of Metaformer,
we continue to conduct the intelligent design of fingerprint
metasensors based on Q-BICs, which are aimed to detect the
characteristic peaks on IR absorbance spectra of target molecules.
We first test the fingerprint metasensor design for detecting a
trace H2O sample layer of 50 nm thick. The IR complex refractive
index of H2O in Figure 5a implies a fingerprint peak feature at
the wavelength of ≈6.06 μm.[49] According to this feature, we
apply the Metaformer on the smart design. Here, we adopt the
user-defined multiple dots to generate a target spectrum with
a peak around the wavelength of 6.06 μm and input it to the
Metaformer to achieve a real-time design of metasensor structure
parameters listed in Figure 5a.[32,39] It is worth mentioning that
the metastructure parameters should consider the slight spectral
shift due to the introduction of trace analyte coating during the
design. By the flexible design tool, the metasensor resonance of
Q-BIC 1 mode can match the fingerprint feature of H2O very
well, and the maximum enhancement of fingerprint absorbance
can be optimized, as illuminated in Figure 5a. In fact, there is
no obvious peak on the absorbance spectrum for the trace H2O
detection on an unpatterned substrate of SiO2, which could be
easily interfered by signal noise in practice. The fingerprint peak
intensity for metasensing is 55 times of that for unpatterned
detection. To analyze the enhancement mechanism, we calculate
the distribution of absorbed power Pabs = 1/2𝜔𝜖″|E|2, where 𝜔

is the angular frequency of incident light, 𝜖″ is the imaginary
part of the permittivity, and |E| denotes the localized electric field
intensity.[61] It is observed that most of the absorbed power is
concentrated along the edges of four-square patches in the meta-
atom, particularly along the patch edges along the y-axis. Such
an absorbed power distribution denotes the strong interaction
between the IR light and trace H2O layer, which is induced by Q-
BIC 1 and leads to significant enhancement on trace fingerprint
signal.

Adv. Sci. 2024, 2405750 2405750 (7 of 12) © 2024 The Author(s). Advanced Science published by Wiley-VCH GmbH
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Figure 5. The IR complex refractive index, predicted metastructure parameters, fingerprint absorbance spectra of metasensor, and unpatterned substrate
for (a) H2O and (b) IgG. The insets denote the absorbed power distributions at the fingerprint peaks induced by the corresponding Q-BICs.

Furthermore, our tool can also design a fingerprint metasen-
sor and utilize both Q-BIC 1 and Q-BIC 2 for the detection
of trace analyte with two IR featured peaks, such as goat anti-
mouse immunoglobulin G (IgG),[62] which has two distinct fin-
gerprint features at the wavelengths of 6.02 and 6.55 μm de-
noting amide I and amide II of this protein, respectively, as
shown in Figure 5b. For the detection of IgG with a thickness of
30 nm, the designed metasensor demonstrates two absorbance
peaks ≈6.03 and 6.56 μm, respectively, which have a good match
with the dual fingerprint features. Compared with the unpat-
terned detection, the enhancement factors of two fingeprint ab-
sorbance peaks are up to 51 and 95, respectively. They corre-
spond to the localized enhancement of absorbance power on
the metasensors and are attributed to the near-field effects of Q-
BIC 1 and Q-BIC 2, respectively, as observed in Figure 5b. The
above results reveal the powerful function of our Metaformer
on fingerprint metasensor design. In particular, one can intro-
duce more design degrees of freedom, such as more asymmetric
factors of Q-BIC, in order to meet the metasensing demand for
multiple fingerprint peak features. On this condition, one can
also extend the metasensing design applications to various trace
molecules.

2.4. Metasensor Design for RI Sensing

The Metaformer is also used for the inverse and forward design
of metasensor with RI sensitivity, which is an important indicator

of the detection performance. In the inverse process, we design
the metastructure parameters according to the user-defined opti-
cal sensitivity. In Figure 6a,b, we pick up two testing instances
with the BRIS values of 1387 and 1219 nm/RIU, respectively.
The blue and red spectra correspond to the transmittance un-
der the environmental refractive index values of n = 1 and 1.05,
respectively. At the beginning, we adopt the user-defined multi-
ple dots to generate a spectrum under the air background of n
= 1. According to the given BRIS value, the shifted spectrum
due to environmental change of n = 1.05 can be obtained by
appropriately moving the former spectrum toward longer wave-
lengths. After that, the two spectra are used as the input of the
Metaformer to generate a predicted metastructure, which ex-
hibits the largest relative error no more than 1.9% of the ground
truth for its all five geometry parameters. In Figure 6c,d, we pro-
vide the demand of two testing samples for the trace metasens-
ing of 20 nm poly(allylamine hydrochloride) (PAH)/poly(styrene
sulfonate)(PSS) whose SRIS values are 4.98 and 0.56/RIU, re-
spectively. Although the two SRIS values have a relatively big nu-
merical difference, the Metaformer model can accurately predict
their corresponding metastructure parameters with the largest
relative error no more than 1.0% of the ground truth for all the
five geometry sizes. These results indicate that one can freely
customize a metasensor structure by a given target sensitivity,
which could meet a variety of sensing criteria in many applica-
tion strategies.[62,63] Besides, the forward design is quite essen-
tial to assess the BRIS and SRIS performance, once the geome-
try of a metastructure is provided. In Figure 6e, we show a set of
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Figure 6. (a) and (b) are the inverse design for two given BRIS values. (c) and (d) are the inverse design for two given SRIS values. (e) is the forward design
of BRIS and SRIS for a given set of metastructure parameters. f) The 3D displacement current density distributions of meta-atom for the wavelengths
of Q-BIC 1 and Q-BIC 2, respectively.

randomly given structure parameters. When it is input into the
Metaformer, we can obtain the corresponding spectra in different
environments along with both the BRIS and SRIS in real time
(see more details in Figure S7, Supporting Information). These
results demonstrate that the Metaformer model can accurately
predict the BRIS and SRIS for a given metasensor structure. Par-
ticularly, among the testing samples, we notice that the BRIS val-
ues of Q-BIC 1 and Q-BIC 2 for a given metasensor are very close,
while their SRIS values have a relatively significant difference. In
order to explain this, we plot the 3D surface profiles of displace-
ment current J in Figure 6f.[64] It can be observed that the meta-
atom surface current density of Q-BIC 2 mode is markedly higher
than that of Q-BIC 1 mode, which leads to the larger SRIS and
better surface sensing performance (see more details in Figure
S8, Supporting Information). These results in Figure 6 exhibit
the powerful capability of Metaformer in the smart inverse and
forward design of RI metasensors, which could be well utilized
for fast customized sensing development and smart sensitivity
analysis of given sensors. Based on the above study, we further
develop a flexible and universal tool that allows for quickly de-
signing metasensors with different requirements (see more de-
tails in Figure S9, Supporting Information and the attached.gif
movie files).

2.5. Metasensor Experiments Guided by the Design of
Metaformer

Empowered by the Metaformer, we design and fabricate the
metasurface for a given target spectrum with two featured
valleys, followed by the microstructure characterization and
optical measurement, as illustrated in Figure 7a. The SEM
images demonstrate that the fabricated metasurface has the
uniform periodic arrays of meta-atom with four square patches.
In fact, the fabrication tolerance, variation of material optical
parameters, and measurement of Fourier transform infrared
(FTIR) could influence the experimental spectrum result, lead-
ing to smaller Q factors of the two measured Q-BIC resonances
than those designed by the Metaformer.[65] Despite this, the
measured spectrum demonstrates good consistency to that from
the Metaformer, especially for the resonance feature locations
of Q-BIC 1 and Q-BIC 2, which implies our design tool should
have a good potential to guide the fabrication of fingerprint
metasensor. Furthermore, we use the Metaformer to predict
the SRIS values of the two Q-BIC resonances for a given set of
metasensor structure parameters and validate it with the exper-
imental result in Figure 7b. The measured SRIS values along
with the corresponding spectra before and after the coating of

Adv. Sci. 2024, 2405750 2405750 (9 of 12) © 2024 The Author(s). Advanced Science published by Wiley-VCH GmbH
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Figure 7. a) Inverse design for the fabrication of a metasurface for a given target spectrum with two featured valleys at the wavelengths of 5.3 and
6.1 μm, respectively, where the microstructure SEM images and measured spectrum are provided. b) Forward design result for SRIS prediction of a
given metasensor structure compared to the experimental results, where the inset is the SEM images of Metasensor with Al2O3 by an oblique view.

a trace Aluminium oxide (Al2O3) layer indicate good agreement
with those from the design result of Metaformer. This result
suggests that one can assess the sensitivity performance of a
given metasensor in real time, avoid redundant experiments
and speed the device development efficiency. In general, the
experimental work aided by the Metaformer elucidates that the
learning-explainable transformer architecture is highly efficient
for intelligent design of Q-BIC-based metasensors.

3. Conclusion

In summary, we establish a transformer-based deep learning
model for the quick smart design of Q-BIC metasensors, which
is promising for optical fingerprint and RI detection. The model
can effectively capture the high-Q spectral features, enabling
higher prediction precision on sensing performance by decreas-
ing the training parameters of 99% than conventional approaches
in the inverse design. We study a series of critical component
stages within the network and explain the powerful learning per-
formance of the model. On this basis, we develop a flexible tool
allowing for fast design of both fingerprint metasensors and RI
metasensors. Empowered by the learning model, we further fab-
ricate and measure the Q-BIC metasensor as a proof-of-concept
example. Our scheme gives a powerful guideline for intelligent
design of metasensors and will also facilitate more applications
in the field of metasurfaces and metadevices.

4. Experimental Section
Sample Preparation: The workflow of metasurface fabrication is

shown in Figure S10 (Supporting Information). Initially, a silicon layer of

1000 nm thick is deposited on the 1 × 1 cm quartz substrate by mag-
netron sputtering with the rate of 2.8 Å s−1 (JC-500-3/D, Chengdu Vac-
uum Machinery Factory, China). The power and Ar flow rate are 200 W
and 100 sccm, respectively. Next, a polymethylmethacrylate (PMMA) re-
sist film of 150 nm thick (950k, Allresist, Germany) is spin-coated on the
substrate and exposed for the meta-atom pattern by electron beam lithog-
raphy (Sigma 300 and ELPHY Quantum, Carl Zeiss, Germany). After the
development of resist, a 20 nm chromium film is evaporated on the pat-
terned PMMA at the rate of 0.1 nm s−1 (DE400, DE Technology Inc., Ger-
many), which is followed by the lift-off process of PMMA and keeps the
chromium hard mask of meta-atom pattern. The sample is next placed
in an inductively coupled plasma system to etch silicon for 5 min, where
the reactive gases are O2, SF6, and Ar. Finally, the chromium hard mask is
removed by its etchant, by which the ultimate metasurface is achieved. In
order to evaluate the surface refractive index sensitivity of the metasurface,
a dense thin film of 20 nm Al2O3 is conformally coated on its surface by
atomic layer deposition at the rate of 0.1 nm s−1 (TFS-200-PEALD, Beneq,
Finland; see more details in Figure S11, Supporting Information).

Characterizations and Measurements: The sample morphology is char-
acterized by the dual-beam scanning electron microscope (Solaris, Tes-
can, Czech Republic). The top view and tilted view characterizations of
the sample is achieved by setting the pitch angles of translation stage to
0° and 55°. In the optical measurement, the microscopic spectra are ob-
tained by using the Fourier transform infrared spectrometer (LUMOS II,
Bruker, Germany). For each metasensor sample, 20 microscopic spectra
are recorded, averaged, and normalized.

Modeling and Simulations: The optical simulation of metasurfaces is
performed by electromagnetic full-wave software Ansys Lumerical, which
is based on the Finite-Difference Time-Domain (FDTD) algorithm. The op-
tical waves are incident vertically on the metasensors with the electric po-
larization along the x direction. The periodic boundary conditions along
x-axis and y-axis, as well as the perfectly matched layers along z-axis are
applied on the unit cell of meta-atom to simulate the optical responses
of metasurfaces. The mesh is configured based on a self-adapted scheme
to ensure the accuracy of numerical calculation. During the simulation,
the values of five parameters, including p, l, h, 𝛼x, and 𝛼y, are randomly
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 21983844, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/advs.202405750 by N

anjing U
niversity, W

iley O
nline L

ibrary on [09/09/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

http://www.advancedsciencenews.com
http://www.advancedscience.com


www.advancedsciencenews.com www.advancedscience.com

changed within the defined ranges listed in Table S3 (Supporting Informa-
tion). Based on the simulation, three groups of data, which corresponds
to three different dielectric environments of the metasurfaces, were col-
lected. The three groups denote the background refractive index n = 1,
the background refractive index n = 1.05, and the surface layer coating of
20 nm alternating polyelectrolytes, corresponding to the investigation of
bare metasensors, BRIS and SRIS, respectively.

Data Collection and Training Process: Twenty nine thousand four hun-
dred samples for each group are randomly collected by the software
Lumerical FDTD solutions. The simulated data are shuffled, and 80% are
blindly selected as the training samples, the remaining 20% are used for
validation and testing samples. The structure parameters dimensions are
1 × 5 and the spectrum dimensions are 1 × 1000. The head of transformer
is 10 and the layer of transformer is 10 for inverse design. The head of
transformer is 4 and the layer of transformer is 3 for forward design. dk is
64 and the learning rate is 0.001. The Metaformer model are trained using
Python version 3.8 and the open-source deep learning framework of Py-
Torch on a local computer (Windows10 operation system, GeForce GTX
3080Ti GPU, Intel(R) Core (TM) i7-10700K CPU @ 3.80 GHz 3.79 GHz,
and 16GB of RAM.). It takes nearly 5 h for each network to converge after
running 1000 epochs using a batch size of 256.

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