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Chiral detection of biomolecules based on
reinforcement learning

Yuxiang Chenl'f, Fengyu Zhang?*f, Zhibo Dang!, Xiao He!,
Chunxiong Luo?*, Zhengchang Liu3, Pu Peng?!, Yuchen Dai3,
Yijing Huang?, Yu Li3 and Zheyu Fang!3*

Chirality plays an important role in biological processes, and enantiomers often possess similar physical properties and
different physiologic functions. In recent years, chiral detection of enantiomers become a popular topic. Plasmonic
metasurfaces enhance weak inherent chiral effects of biomolecules, so they are used in chiral detection. Artificial intelli-
gence algorithm makes a lot of contribution to many aspects of nanophotonics. Here, we propose a nanostructure design
method based on reinforcement learning and devise chiral nanostructures to distinguish enantiomers. The algorithm
finds out the metallic nanostructures with a sharp peak in circular dichroism spectra and emphasizes the frequency shifts
caused by nearfield interaction of nanostructures and biomolecules. Our work inspires universal and efficient machine-
learning methods for nanophotonic design.
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Introduction

Chirality is one of important properties of subjects'?. Es-
pecially in the aspects of medicine and biology, it is very
normal that the opposite handedness of enantiomers
leads to entirely different pharmacological effects. How
to discriminate chiral signals attracts wide attention in
recent years, but most of chiral biomolecules present
weak optical signals in ultraviolet band, which increases
difficulties for detection. On the other hand, it is repor-
ted that surface plasmons enhance circular dichroism
(CD)**, and different kinds of plasmonic metamaterial

exhibit a giant nonlinear optical activity (NOA)’-!'. They
possess significant optical chirality around the resonant
frequencies in the visible and near-infrared band. There-
fore, chiral metasurfaces'>”, metamaterials'**> and nan-
oparticles?2¢ are widely used in chiral detection. The
nearfield interaction between chiral molecules and metal
nanostructures causes a far-field spectrum shift which
can be considered as the basis of chiral discrimination?”.
Complex nanostructures usually possess intrinsic chiral-
ity, and the background CD signals of nanostructures

cover the interaction effects from biomolecules.
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Emphasizing the CD signals of biomolecules depends on
shapes and optical properties of the nanostructure. It is
significant to design particular structures for accurate
chiral detection. Diverse types of biomolecules require
different nanostructures, but the relationships between
biomolecules and corresponding nanostructures are very
intricate. Finding appropriate nanostructures demands
extensive theoretical simulation and explorative
experiments.

In recent decades, it is found that various artificial
nanostructures achieve the manipulation of light based
on their unique geometric distributions. However, the
structure design process consumes huge amounts of
computing in iterative electromagnetic simulations®.
Advanced optimization algorithms rather than simple
parameter sweep methods are involved in the nano-
photonic design to tackle these challenges. For example,
genetic algorithm and topology optimization succeed in
the design of metasurface and obtain exceptional optical
features®32. As the development of artificial intelligence,
the application of intelligent algorithms has been an act-
ive topic for nanophotonics?***-%*. Due to their huge ad-
vantages on large-scale data processing, intelligent al-
gorithms deal with the complex problem which tradi-
tional optimization algorithms cannot solve. They con-
tribute to the design of diverse functional nanostruc-
tures  including  meta-lens’®, = meta-grating®-%,
coupler’®*!, beam splitters*>** and photonic crystals®,
etc. As one of the most popular artificial intelligence al-
gorithms, deep learning models successfully decrease the
cost of nanostructure design, enlarge the computable
parameter space and help search for better nanostruc-
tures than classic design methods provide. However,
deep learning models are usually limited by the small
volume and inappropriate distribution of raw dataset?.

In this work, we present a method of nanostructure
design based on reinforcement learning, which changes
data generation manners and replaces data fitting with
explorations of parameters. The algorithm proposes
automatically the nanostructures that it wants, and
learns from the spectra of these nanostructures. Artifi-
cial neural networks (ANNs) guide searching for poten-
tially better nanostructures which are about to be calcu-
lated by electromagnetic simulations, and these results
are used to update the ANNs. With this algorithm, we
obtain numerous different nanostructures with a sharp
peak in CD spectra in order to emphasize the interaction
effects between chiral biomolecules and plasmonic. The

experiment proves that the microfluidic chips with the
optimized chiral structures succeed in differentiation of
enantiomers. The resonance wavelength shifts between
enantiomers of glucose with opposite chirality reach 7
nm. According to the cathodoluminescence (CL) spec-
troscopy, the structures designed by artificial intelli-
gence possess different near-field modes for RCP and

LCP components.

The workflow of the optimization algorithm

The circular dichroism (CD) spectrum of a typical chiral
reflective metasurface illustrates the difference in re-
flectivity (transmissivity) between left-circularly polar-
ized light (LCP) and right-circularly polarized light
(RCP), and it is defined as
CD — Rger — Ricp 7
RRCP + RLCP
where Rrcp and Ry cp denote the reflectivity of the metas-
urface with a right-circularly polarized input and a left-
circularly polarized input.

The metasurface whose CD spectrum presents a sharp
peak emphasizes the phenomenon of the frequency shift
caused by chiral biomolecules. When a metasurface is
covered by biomolecular solution, its CD spectrum will
be modulated by the biomolecules which leads to the
change of the resonance frequency. As for ordinary chir-
al metasurface, the modulation effect is limited, because
the CD spectra shift is combined with the noise of back-
ground spectra. Therefore, it is effective to design a
nanostructure with a sharp chiral peak for detection of
the chiral molecules.

Reinforcement learning is involved to design struc-
tures with strong chirality. The specific optimization
workflow for optical properties of nanostructures based
on reinforcement learning is shown in Fig. . We use
ANNSs to predict the chirality of a new nanostructure in-
stead of electromagnetic simulations. Unlike classic su-
pervised learning, the design process is considered as the
exploration of the parameter space. Predictions of ANNs
which are updated according to the feedback from the
environment guide the optimization. The exploration of
new nanostructures and the update of models are simul-
taneous. The introduction of reinforcement learning im-
proves the quality of the training dataset and declines
electromagnetic simulations.

When involving classic supervised learning to design

structures of nano-photonics, it is a possible contradiction
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Fig. 1| A design algorithm based on reinforcement learning. The entire workflow is a circle of four steps (a-d). (a) Dataset composed of

nanostructures and corresponding spectra. The spectra are calculated with electromagnetic simulations. (b) Train different ANNs. (c) Possible

optimized structures proposed by ANNs. (d) Classifications for possible optimized structures. Compare the results from different ANNs. The

spectra are accurate and the structures are optimized when the ANNs give the same predictions. Other structures are totally new for the existed

data and added to dataset.

that enough training data might consume so much com-
puting resource that machine learning does not develop
the design process. Data plays a crucial role in classic su-
pervised learning. Trained deep learning models sum-
marize the relationship between the input data and the
output data, so they cannot achieve the prediction of in-
puts which have nothing in common with training data-
set, even for the most advanced artificial neural net-
works. Obviously, sufficient data is the base of super-
vised learning, but the generation of data cost large

amounts of computing resource and time. We obtain the

training data through numerical electromagnetic simula-
tions which take much more time than the calculation of
ANNs. When the training dataset covers the whole para-
meter space densely, involving ANNs is meaningless, be-
cause the cost of training data generation reaches or even
exceeds the traditional design method. In this work, it is
difficult for normal supervised learning to accurately
predict spectra with a dramatic change because of the
above problem. It is necessary for accurate prediction for
optical response of a structure with ANNs that there are
similar structures in the training dataset. As the first step
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of the classic supervised machine learning, it is very diffi-
cult to estimate the optical responses of structures
without electromagnetic simulation while the generation
of training dataset, so the structures are usually selected
randomly. However, the electromagnetic simulation of
all kinds of nanostructures demands more computing
costs than the classical nano-photonic design does. Nor-
mal supervised learning cannot achieve the design under
the limitation of calculation resources.

Reinforcement learning is an effective way for the con-
struction of a training dataset shown in Fig. 1(a), which
focuses on nanostructures with strong circular dichro-
ism rather than all of nanostructures. Numerical electro-
magnetic simulations of significantly chiral structures are
indispensable, because it is the main goal for ANNs to
calculate spectra and distinguish structures with high
values of circular dichroism. It is important to decrease
the ratio of weakly chiral nanostructures in the training
dataset for the decline of the simulation cost. The ar-
rangement does not only reduce the time spent in elec-
tromagnetic simulation significantly, but also ensures
that ANNs calculate optical responses of chiral struc-
tures correctly. Although ANNs trained according to this
training set cannot predict spectra of nanostructures
with weak chirality accurately, their results usually exhib-
it stochasticity and most of random spectra present weak
circular dichroism. The ANN:Ss still differentiate whether
a structure has optical chirality or not, so the inaccuracy
does not hinder the chiral structure design. Therefore,
the training dataset including few achiral structures re-
duces computing resources and maintains the major
function of ANNS.

The exploration of the parameter space is achieved
through ANNs and Bayesian optimization algorithms.
The first part of the optimization is the generation of the
initial dataset. We create different nanostructures ran-
domly and calculate the corresponding CD spectra by
solving the Maxwell’s equations through the finite differ-
ence time-domain (FDTD) method. As Fig. 1(b) shows,
the next step is to train several ANNs in order to obtain
mapping relations between the nanostructure geometry
and the optical response. New structures (shown in Fig.
1(c)) are designed with Bayesian optimization algorithm
on the basis of predictions from ANNSs. Although ANNs
cannot provide accurate prediction at the period of the
exploration because of the limited training data, they of-
ten recognize structures that possibly possess strong
chirality. As a primary selection, predictions of ANNs

generate possibly optimized structures and decrease the
computing recourses spent on structures with weak
chirality.

Figure 1(d) illustrates the process of updating the
dataset. It is a useful method for judging whether the
check of a structure is necessary or not to compare res-
ults from different ANNs. Structures whose optical re-
sponses estimated by several neural networks are differ-
ent significantly need to be calculated again by FDTD
and added to the dataset, because the inaccuracies of
ANNSs prove that there are few similar structures in the
current dataset and it is possible that the structures pos-
sess strong chirality. On the other hand, when predic-
tions of a structure from several ANNs are highly con-
sistent, the predictions are credible and the dataset cov-
ers similar structures. The structure does not need check
with numerical electromagnetic simulations, and it can
be the optimized chirality structure. After the data up-
dated, ANNs are retrained and generate new structures.
Although the initial training data generation is random,
ANNs ensure that new structures added to it have the
potential of strong chirality, and this selection contrib-
utes to construct a training dataset which contains chiral
structures.

The above steps compose a self-consisted cycle which
searches for nanostructures with optimized chirality. Re-
inforcement learning achieves the combination of para-
meter explorations and model updates, and declines the
cost of data generation. Through this method, we obtain
lots of chiral structures to detect chiral biomolecules.

Results and discussion

Figure 2(a—c) illustrates the basic structure of the chiral
metasurface. Gold cuboid nanostructures are placed on a
SiO,/Si substrate with a period of 400 nm x 400 nm. The
thickness of SiO; is 100 nm, and the height of nanostruc-
tures is 40 nm. These nanostructures are composed of
several cuboids whose side lengths are an integral mul-
tiple of 10 nm, so they can be parameterized as shown in
Fig. 2(c). Each spatial period is divided into 40 x 40 units
encoded with 0 or 1. Code 1 represents that a gold
cuboid exists at that position, and Code 0 means that the
substrate is exposed. Therefore, the geometry of a nano-
structure is expressed as a 40 x 40 square matrix.

Figure 2(d) shows the architecture of ANNs which
predict reflective spectra of metasurfaces with a right-cir-
cularly polarized incidence (Rrcp). ANNs achieve the
mapping between square matrixes which describe
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Fig. 2 | Details of the deep learning algorithm involved. We show the geometry of nanostructures (a—c), parameterization (c), the structure of
ANNs (d) and performances of the ANNs (e—f). (a) Periodic arrays of chiral nanostructures. (b) The side view of a structure. (c) The top view of a
structure and parameterization. The geometry is encoded to 0 and 1. (d) ANN structure. ANNs analyze parameterized geometry and predict re-
flective spectra with a right-circularly polarized incidence. ANNs mainly consist of multiple convolutional (Conv) layers and fully connection (FC)
layers. (e) ANNs’ performance in prediction of reflective spectra with a right-circularly polarized incidence. (f) ANNs’ performance in prediction of

CD spectra.

nanostructures and corresponding spectra. According to
the symmetry of the system, the mirror symmetry trans-
formation exchanges values of Rrcp and Ricp, s0 Ricp
can be obtained based on the prediction for the flipped
structure. Rpcp and Ry cp determine CD spectrum by the
definition. As several types of classical Convolutional
Neural Networks (CNN), ANNSs consist of convolution-
al layers, pooling layers, activation layers and fully con-
nection layers. It is because CNNs exhibit their advant-
ages on image processing that we choose them to ana-
lyze optical properties of metasurfaces. Details and hy-
perparameters of neural networks are given in Supple-
mentary information.

The above ANN models predict optical responses suc-

cessfully after the whole design process. In the first step
of the design process, 1000 random nanostructures are
generated as the initial dataset. As the design process
searches for new structures with a strong chirality con-
tinuously, the quantity of the dataset is enlarged to 6000.
In order to estimate the performance of the ANNs in-
volved, 80% of data composes of training data and 20%
data left is used as test data. After data enhancement (See
Supplementary information), the training loss defined as
the mean square error between results of simulations and
ANNs decline to 1.22x1074, and the test loss is 3.31x104.
A prediction example is shown in Fig. 2(e, f). The out-
puts of ANNs describe reflective spectra with a right-cir-
cularly polarized incidence accurately. As stated above,
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we utilize mirror reflection transformation to obtain the
reflectivity in the case of a left-circularly polarized incid-
ence and calculate corresponding CD spectra. Figure 2(f)
illustrates that ANN’s achieve accurate predictions of CD
spectra although the spectra possess a sharp peak.

In order to prove the chirality of structures designed
by the algorithm proposed, we fabricate three structures
whose chiral peaks distribute in different wavelengths.
Figure 3(a, e, 1) illustrate scanning electron microscope
(SEM) images of the structures, and Fig. 3(b, f,j) com-
pare the corresponding CD spectra obtained from simu-
lations and experiments. It proves the rationality of the
design method that simulation curves are consistent with
experiment results. The deviation between theory and
experiment can be caused by machining errors.

The cathodoluminescence (CL) spectroscopy is used
to analyze optical near-field resonance modes, and the
CL mapping images shown in Fig. 3(c,d, g, h, k1) ex-
plain the origin of the chirality of the proposed struc-
tures. The CL emission signals excited by an electron

beam are collected with a bandpass filter and a circular
polarizer in order to differentiate LCP and RCP compon-
ents. Figure 3(c, g, k) illuminate that quadrupole modes
dominate LCP components of near-field distributions,
but as shown in Fig. 3(d, h, I), RCP components exhibit a
comparatively intense dipole mode. Dipole radiation
usually causes a stronger far-field signal than quadru-
pole radiation does, so the reflective distinction between
LCP and RCP originate from the different near-field
modes excited. When chiral biomolecules are coupled to
nanostructures, it is supposed that the change of near-
field modes leads to the frequency shift of chiral peaks.
For LCP and RCP components, the ratio of dipole and
quadrupole modes varies differently, because chiral bio-
molecules possess the divergent optical responses to LCP
lights and RCP lights. The different variation results in
the far-field CD spectra change.

The frequency shift of CD spectra caused by chiral
biomolecules is detected in experiments. The nanostruc-

tures locate at the bottom of microchannel structure

Circular dichroism
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0.50 L Simulation
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Wavelength (nm)

850 900 950

H
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I
39
o
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0.65F - Experiment
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Fig. 3 | Experiment results for optimized structures at the target wavelength of 850 nm (a—d), 750 nm (e—h) and 925 nm (i-l). (a, e, i) SEM im-

ages. (b, f, j) CD spectra of experiments and simulations. (c, g, k) The LCP component of CL mapping. (d, h, I) The RCP component of CL mapping.
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made of Polydimethylsiloxane (PDMS) as shown in Fig.
4(a). We measure reflective spectra of LCP and RCP to
calculate CD spectra when the solutions of diverse chiral
molecules pass the microchannels. A vertical incident
light excites the coupling of structures and chiral bio-
molecules in solution, and the spectra collected by the
objective lens above are shown in Fig. 4(b, ¢, d). L-gluc-
ose and D-glucose are a pair of enantiomers which have
opposite chirality, and we select them as an example to
test the resolving power of the microfluidic chip. It is ob-
vious that far-field CD spectra is modulated by the re-
fractive index of solution, because near-field optical

modes depend on the refractive index of the environ-

ment. Therefore, NaCl solution which possesses the
same refractive index as glucose solution is involved as a
controlled experiment.

The experiment results based on three kinds of nano-
structures illustrate consistently that the L-glucose and
R-glucose triggers frequency shifts in different direc-
tions compared to the CD spectra of NaCl solution. The
shifts originate from the coupling of chiral molecules and
nanostructures rather than the change of refractive in-
dex. It is a simple theory explanation that the effective re-
fractive indexes of chiral solution for LCP and RCP are
different, which leads to distinct near-field electromag-

netic modes. As the CL mapping images show, the chiral
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Fig. 4 | Differentiation of enantiomers. (a) Structures of microfluidic chips. (b—d) CD spectra of different solutions on metasurfaces with a CD

peak at the wavelength of 750 nm, 850 nm and 925 nm. The contrast of solutions of L-glucose, NaCl and D-glucose present an obvious fre-

quency shift
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resonance peaks of the metal nanostructures appear
when dipole modes excited by LCP abate significantly.
Enantiomers with opposite chirality possess contrary
variation of effective refractive index, so the orientations
of frequency shifts are different.

As shown in Fig. 4(c), the amplitudes of frequency
shifts are possibly unequal. When chiral biomolecules
locate at hot spots, the localized field enhancement ef-
fects of metallic nanostructures cause that molecular cir-
cular dichroism in the ultraviolet band extended to the
visible and near-infrared band. The LCP and RCP modes
of chiral nanostructure possess different resonant fre-
quencies, so the enhanced CD signals from enantiomers
occur in different wavelengths. Variations of CD spec-
trum are dependent on the near-field electromagnetic
modes of metallic nanostructures. When the LCP and
RCP modes exhibit asymmetric resonant frequency devi-
ations from the CD peak, the shifts induced by bio-
molecules are probably different.

At present, the chiral detection methods of bio-
molecules include the chiral assemblies of plasmonic
nanostructures enabled by biomolecules'**, chiral
metasurfaces'>”", chiral metamaterials’>?!, plasmonic
nanocavities¥*® and chiroptical active nanoparticles.
Most of them focus on the macromolecules like DNA,
RNA and proteins. The chiral detection of small mo-
lecules mainly rely on nanoparticles and chiral assem-
blies. It is reported that chiral nanoparticle films display
chiral binding to glucose enantiomers and induce select-
ive catalysis and glucose enantiomers exhibit highly se-
lective photooxidation under CPL illumination*. This
method obtains interfacial assemblies of the monolayer
NP film through evaporating mixed solution and
achieves a high sensitivity. Unlike the complex process of
the above method, our approach utilizes microfluidic
chips to detect the chiral biomolecules constantly, which
is reusable and more convenient to practice. Compared
to other chiral metasurfaces, our nanostructures differ-
entiate one type of small molecules, which can inspire
more exploration of chiral detection based on

metasurfaces.

Conclusions

In conclusion, a nanophotonics design method based on
reinforcement learning is proposed to devise microfluid-
ic chips which achieve differentiation of chiral molecules.
The algorithm combines parameter explorations with
model updates and successfully obtains nanostructures

which possesses sharp peaks in CD spectra. ANNs do not
only learn from the given training data but propose the
structures whose spectra they need to know, so the pro-
cess is an automatic exploration instead of supervised
learning. They accurately predict the reflective spectra
with a right-circularly polarized incidence within 6000
simulations, even though the reflectivity is very sensitive
to the wavelength. The CL spectroscopy analyzes the
near-field electromagnetic modes of nanostructures de-
signed by the above method, and it is considered as the
origin of the chirality of the nanostructures that LCP and
RCP excite different near-field modes. When the solu-
tion of enantiomers with opposite chirality flows into
microfluidic chips, a pair of contrary resonance fre-
quency shifts are detected in CD spectra. It is because the
coupling of chiral biomolecules and nanostructures
changes the near-field modes. Therefore, the microfluid-
ic chips designed by artificial intelligence differentiate
enantiomers correctly.

The above algorithm improves classic explorations of
parameter spaces with machine learning and achieves the
optimization for spectrum. However, the physical mean-
ings of spectrum are not important for the algorithm,
which means that other optical properties can be optim-
ized through this method. The paradigm of reinforce-
ment learning can be extended to design nanostructures
for other functions. In this work, the algorithm is restric-
ted by the physical limits of the system, but the designed
nanostructures successfully differentiate the  enan-
tiomers of glucose. It is reported that coupled chiral plas-
monic nanostructures including plasmonic nanocavities
are more suitable for chiral detection*~*%. The algorithm
has the potential for diverse nanophotonic circum-
stances, and the combination with these plasmonic
nanostructures probably form better chiral detection. As
an instance, the study illuminates the physics mechan-
ism and the practicability of nanostructures proposed by
artificial intelligence. It can inspire new applications of
deep learning algorithm in nanophotonics and help ex-
plore physical limits.

References

1. Kuang H, Xu CL, Tang ZY. Emerging chiral materials. Adv Ma-
ter 32, 2005110 (2020).

2. MaW, Xu LG, De Moura AF, Wu XL, Kuang H et al. Chiral inor-
ganic nanostructures. Chem Rev 117, 8041-8093 (2017).

3. Mun J, Kim M, Yang Y, Badloe T, Ni JC et al. Electromagnetic
chirality: from fundamentals to nontraditional chiroptical phe-
nomena. Light Sci Appl 9, 139 (2020).

220019-8


https://doi.org/10.1002/adma.202005110
https://doi.org/10.1002/adma.202005110
https://doi.org/10.1002/adma.202005110
https://doi.org/10.1021/acs.chemrev.6b00755
https://doi.org/10.1038/s41377-020-00367-8
https://doi.org/10.1002/adma.202005110
https://doi.org/10.1002/adma.202005110
https://doi.org/10.1002/adma.202005110
https://doi.org/10.1021/acs.chemrev.6b00755
https://doi.org/10.1038/s41377-020-00367-8

10.

11.

12.

13.

14,

15.

16.

17.

18.

19.

20.

21.

22.

23.

Chen YX et al. Opto-Electron Sci 2, 220019 (2023)

Ma W, Xu LG, Wang LB, Xu CL, Kuang H. Chirality-based bio-
sensors. Adv Funct Mater 29, 1805512 (2019).

Valev VK, Baumberg JJ, Sibilia C, Verbiest T. Chirality and
chiroptical effects in plasmonic nanostructures: fundamentals,
recent progress, and outlook. Adv Mater 25, 2517-2534 (2013).
Yoo S, Park QH. Metamaterials and chiral sensing: a review of
fundamentals and applications. Nanophotonics 8, 249-261
(2019).

Cao ZL, Gao H, Qiu M, Jin W, Dem sub-nanometer biochemic-
al molecules to sub-micrometer plasmonic
metastructures:physiochemical mechanisms, biosensing, and
bioimaging opportuniting SZ et al. Chirality transfer froes. Adv
Mater 32, 1907151 (2020).

Ren MX, Plum E, Xu JJ, Zheludev NI. Giant nonlinear optical
activity in a plasmonic metamaterial. Nat Commun 3, 833
(2012).

Chen SM, Zeuner F, Weismann M, Reineke B, Li GX et al. Gi-
ant nonlinear optical activity of achiral origin in planar metasur-
faces with quadratic and cubic nonlinearities. Adv Mater 28,
2992-2999 (2016).

Plum E, Fedotov VA, Zheludev NI. Specular optical activity of
achiral metasurfaces. App/ Phys Lett 108, 141905 (2016).

Gigli C, Leo G. All-dielectric x? metasurfaces: recent progress.
Opto-Electron Adv 5, 210093 (2022).

Tanaka K, Arslan D, Fasold S, Steinert M, Sautter J et al. Chiral
bilayer all-dielectric metasurfaces. ACS Nano 14, 15926—-15935
(2020).

Zhao Y, Askarpour AN, Sun LY, Shi JW, Li XQ et al. Chirality
detection of enantiomers using twisted optical metamaterials.
Nat Commun 8, 14180 (2017).

Droulias S, Bougas L. Chiral sensing with achiral anisotropic
metasurfaces. Phys Rev B 104, 075412 (2021).

Solomon ML, Hu J, Lawrence M, Garcia-Etxarri A, Dionne JA.
Enantiospecific optical enhancement of chiral sensing and sep-
aration with dielectric metasurfaces. ACS Photonics 6, 43-49
(2019).

Chen Y, Zhao C, Zhang YZ, Qiu CW. Integrated molar chiral
sensing based on high-Q metasurface. Nano Lett 20,
8696—-8703 (2020).

Solomon ML, Saleh AAE, Poulikakos LV, Abendroth JM,
Tadesse LF et al. Nanophotonic platforms for chiral sensing and
separation. Acc Chem Res 53, 588-598 (2020).

Ben-Moshe A, Teitelboim A, Oron D, Markovich G. Probing the
interaction of quantum dots with chiral capping molecules using
circular dichroism spectroscopy. Nano Lett 16, 7467-7473
(2016).

Palermo G, Lio GE, Esposito M, Ricciardi L, Manoccio M et al.
Biomolecular sensing at the interface between chiral metasur-
faces and hyperbolic metamaterials. ACS Appl Mater Interfaces
12, 30181-30188 (2020).

Plum E, Liu XX, Fedotov VA, Chen Y, Tsai DP et al. Metamater-
ials: optical activity without chirality. Phys Rev Lett 102, 113902
(2009).

Karimullah AS, Jack C, Tullius R, Rotello VM, Cooke G et al.
Disposable plasmonics: plastic templated plasmonic metamater-
ials with tunable chirality. Adv Mater 27, 5610-5616 (2015).

Hajji M, Cariello M, Gilroy C, Kartau M, Syme CD et al. Chiral
quantum metamaterial for hypersensitive biomolecule detection.
ACS Nano 15, 19905-19916 (2021).

Zhao Y, Xu LG, Ma W, Wang LB, Kuang H et al. Shell-engin-

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

220019-9

https://doi.org/10.29026/0es.2023.220019

eered chiroplasmonic assemblies of nanoparticles for zeptomol-
ar DNA detection. Nano Lett 14, 3908-3913 (2014).

Zheng GC, He JJ, Kumar V, Wang SL, Pastoriza-Santos | et al.
Discrete metal nanoparticles with plasmonic chirality. Chem Soc
Rev 50, 3738-3754 (2021).

Chen Z, Wang Q, Wu X, Li Z, Jiang YB. Optical chirality sens-
ing using macrocycles, synthetic and supramolecular
oligomers/polymers, and nanoparticle based sensors. Chem
Soc Rev 44, 4249-4263 (2015).

Gwak J, Park SJ, Choi HY, Lee JH, Jeong KJ et al. Plasmonic
enhancement of chiroptical property in enantiomers using a hel-
ical array of magnetoplasmonic nanoparticles for ultrasensitive
chiral recognition. ACS Appl Mater Interfaces 13, 46886—46893

(2021).
Hendry E, Carpy T, Johnston J, Popland M, Mikhaylovskiy RV
et al. Ultrasensitive detection and characterization of bio-

molecules using superchiral fields. Nat Nanotechnol 5, 783-787
(2010).

Wang N, Yan W, Qu YR, Ma SQ, Li SZ et al. Intelligent designs
in nanophotonics: from optimization towards inverse creation.
PhotoniX 2, 22 (2021).

Fan YL, Xu YK, Qiu M, Jin W, Zhang L et al. Phase-controlled
metasurface design via optimized genetic algorithm. Nano-
photonics 9, 3931-3939 (2020).

Chen YQ, Hu YQ, Zhao JY, Deng YS, Wang ZL et al. Topology
optimization-based inverse design of plasmonic nanodimer with
maximum near-field enhancement. Adv Funct Mater 30,
2000642 (2020).

Fan YL, Chen MK, Qiu M, Lin RJ, Xu YK et al. Experimental
demonstration of genetic algorithm based metalens design for
generating side-lobe-suppressed, large depth-of-focus light
sheet. Laser Photonics Rev 16, 2100425 (2022).

Jing JX, Yiu YC, Chen C, Lei DY, Shao L et al. A data-mining-
assisted design of structural colors on diamond metasurfaces.
Adv Photonics Res 3, 2100292 (2022).

Khatib O, Ren SM, Malof J, Padilla WJ. Deep learning the elec-
tromagnetic properties of metamaterials—A comprehensive re-
view. Adv Funct Mater 31, 2101748 (2021).

Ma TG, Tobah M, Wang HZ, Guo LJ. Benchmarking deep learn-
ing-based models on nanophotonic inverse design problems.
Opto-Electron Sci1, 210012 (2022).

Krasikov S, Tranter A, Bogdanov A, Kivshar Y. Intelligent meta-
photonics empowered by machine learning. Opto-Electron Adv
5,210147 (2022).

Mansouree M, McClung A, Samudrala S, Arbabi A. Large-scale
parametrized metasurface design using adjoint optimization.
ACS Photonics 8, 455—-463 (2021).

Jiang JQ, Sell D, Hoyer S, Hickey J, Yang JJ et al. Free-form
diffractive metagrating design based on generative adversarial
networks. ACS Nano 13, 8872-8878 (2019).

Inampudi S, Mosallaei H. Neural network based design of me-
tagratings. Appl Phys Lett 112, 241102 (2018).

Jiang JQ, Fan JA. Global optimization of dielectric metasur-
faces using a physics-driven neural network. Nano Lett 19,
53665372 (2019).

Gostimirovic D, Ye WN. An open-source artificial neural net-
work model for polarization-insensitive silicon-on-insulator sub-
wavelength grating couplers. IEEE J Sel Top Quantum Electron
25, 8200205 (2019).

Melati D, Grinberg Y, Dezfouli MK, Janz S, Cheben P et al.


https://doi.org/10.1002/adfm.201805512
https://doi.org/10.1002/adma.201205178
https://doi.org/10.1515/nanoph-2018-0167
https://doi.org/10.1002/adma.201907151
https://doi.org/10.1002/adma.201907151
https://doi.org/10.1038/ncomms1805
https://doi.org/10.1002/adma.201505640
https://doi.org/10.1063/1.4944775
https://doi.org/10.29026/oea.2022.210093
https://doi.org/10.1021/acsnano.0c07295
https://doi.org/10.1038/ncomms14180
https://doi.org/10.1103/PhysRevB.104.075412
https://doi.org/10.1021/acs.nanolett.0c03506
https://doi.org/10.1021/acs.accounts.9b00460
https://doi.org/10.1021/acs.nanolett.6b03143
https://doi.org/10.1021/acsami.0c07415
https://doi.org/10.1103/PhysRevLett.102.113902
https://doi.org/10.1002/adma.201501816
https://doi.org/10.1021/acsnano.1c07408
https://doi.org/10.1021/nl501166m
https://doi.org/10.1039/C9CS00765B
https://doi.org/10.1039/C9CS00765B
https://doi.org/10.1039/C4CS00531G
https://doi.org/10.1039/C4CS00531G
https://doi.org/10.1021/acsami.1c14047
https://doi.org/10.1038/nnano.2010.209
https://doi.org/10.1186/s43074-021-00044-y
https://doi.org/10.1515/nanoph-2020-0132
https://doi.org/10.1515/nanoph-2020-0132
https://doi.org/10.1002/adfm.202000642
https://doi.org/10.1002/lpor.202100425
https://doi.org/10.1002/adpr.202100292
https://doi.org/10.1002/adfm.202101748
https://doi.org/10.29026/oes.2022.210012
https://doi.org/10.29026/oea.2022.210147
https://doi.org/10.1021/acsnano.9b02371
https://doi.org/10.1063/1.5033327
https://doi.org/10.1021/acs.nanolett.9b01857
https://doi.org/10.1002/adfm.201805512
https://doi.org/10.1002/adma.201205178
https://doi.org/10.1515/nanoph-2018-0167
https://doi.org/10.1002/adma.201907151
https://doi.org/10.1002/adma.201907151
https://doi.org/10.1038/ncomms1805
https://doi.org/10.1002/adma.201505640
https://doi.org/10.1063/1.4944775
https://doi.org/10.29026/oea.2022.210093
https://doi.org/10.1021/acsnano.0c07295
https://doi.org/10.1038/ncomms14180
https://doi.org/10.1103/PhysRevB.104.075412
https://doi.org/10.1021/acs.nanolett.0c03506
https://doi.org/10.1021/acs.accounts.9b00460
https://doi.org/10.1021/acs.nanolett.6b03143
https://doi.org/10.1021/acsami.0c07415
https://doi.org/10.1103/PhysRevLett.102.113902
https://doi.org/10.1002/adma.201501816
https://doi.org/10.1021/acsnano.1c07408
https://doi.org/10.1021/nl501166m
https://doi.org/10.1039/C9CS00765B
https://doi.org/10.1039/C9CS00765B
https://doi.org/10.1039/C4CS00531G
https://doi.org/10.1039/C4CS00531G
https://doi.org/10.1021/acsami.1c14047
https://doi.org/10.1038/nnano.2010.209
https://doi.org/10.1186/s43074-021-00044-y
https://doi.org/10.1515/nanoph-2020-0132
https://doi.org/10.1515/nanoph-2020-0132
https://doi.org/10.1002/adfm.202000642
https://doi.org/10.1002/lpor.202100425
https://doi.org/10.1002/adpr.202100292
https://doi.org/10.1002/adfm.202101748
https://doi.org/10.29026/oes.2022.210012
https://doi.org/10.29026/oea.2022.210147
https://doi.org/10.1021/acsnano.9b02371
https://doi.org/10.1063/1.5033327
https://doi.org/10.1021/acs.nanolett.9b01857

42.

43.

44.

45.

46.

47.

48.

Chen YX et al. Opto-Electron Sci 2, 220019 (2023)

Mapping the global design space of nanophotonic components
using machine learning pattern recognition. Nat Commun 10,
4775 (2019).

Liu ZH, Liu XH, Xiao ZY, Lu CC, Wang HQ et al. Integrated nan-
ophotonic wavelength router based on an intelligent algorithm.
Optica 6, 1367—-1373 (2019).

Lu CC, Liu ZH, Wu Y, Xiao ZY, Yu DY et al. Nanophotonic po-
larization routers based on an intelligent algorithm. Adv Opt Ma-
ter 8, 1902018 (2020).

Minkov M, Williamson IAD, Andreani LC, Gerace D, Lou BC et
al. Inverse design of photonic crystals through automatic differ-
entiation. ACS Photonics 7, 1729-1741 (2020).

Rodier M, Keijzer C, Milner J, Karimullah AS, Roszak AW et al.
Biomacromolecular charge chirality detected using chiral plas-
monic nanostructures. Nanoscale Horiz 5, 336—-344 (2020).

Xu LG, Sun MZ, Cheng P, Gao R, Wang H et al. 2D chiroptical
nanostructures for high-performance photooxidants. Adv Funct
Mater 28, 1707237 (2018).

Li GC, Zhang Q, Maier SA, Lei DY. Plasmonic particle-on-film
nanocavities: a versatile platform for Plasmon-enhanced spec-
troscopy and photochemistry. Nanophotonics 7, 1865-1889
(2018).

Bao ZY, Dai JY, Zhang Q, Ho KH, Li SQ et al. Geometric modu-
lation of induced plasmonic circular dichroism in nanoparticle
assemblies based on backaction and field enhancement. Nano-
scale 10, 19684—19691 (2018).

https://doi.org/10.29026/0es.2023.220019

Acknowledgements

This work is supported by the National Science Foundation of China (Grant
Nos. 12027807, 62225501, and 11974002), National Key Research and De-
velopment Program of China (Grant No. 2020YFA0211300,
2020YFA0906900, and 2021YFF1200500), PKU-Baidu Fund Project (Grant
No. 2020BD023), and High-performance Computing Platform of Peking
University.

Author contributions

Z.Y. Fang supervised the project. Y. X. Chen designed the algorithm, fabric-
ated metal nanostructures and measured circular dichroism spectra. F. Y.
Zhang fabricated microfluidics chips and participated in biomolecular test-
ings. X. He contributed to the fabrication of nanostructures. Z. B. Dang
measured CL signals. C. X. Luo proposed the implementation scheme of mi-
crofluidics chips. Z. C. Liu, P. Peng and Y. Li participated in the design of
neural networks. All the authors contributed to the discussion and analysis

of the project.

Competing interests

The authors declare no competing financial interests.

Supplementary information

Supplementary information for this paper is available at
https://doi.org/10.29026/0es.2023.220019

220019-10


https://doi.org/10.1038/s41467-019-12698-1
https://doi.org/10.1364/OPTICA.6.001367
https://doi.org/10.1002/adom.201902018
https://doi.org/10.1002/adom.201902018
https://doi.org/10.1002/adom.201902018
https://doi.org/10.1021/acsphotonics.0c00327
https://doi.org/10.1039/C9NH00525K
https://doi.org/10.1002/adfm.201707237
https://doi.org/10.1002/adfm.201707237
https://doi.org/10.1515/nanoph-2018-0162
https://doi.org/10.1039/C8NR07300G
https://doi.org/10.1039/C8NR07300G
https://doi.org/10.29026/oes.2023.220019
https://doi.org/10.1038/s41467-019-12698-1
https://doi.org/10.1364/OPTICA.6.001367
https://doi.org/10.1002/adom.201902018
https://doi.org/10.1002/adom.201902018
https://doi.org/10.1002/adom.201902018
https://doi.org/10.1021/acsphotonics.0c00327
https://doi.org/10.1039/C9NH00525K
https://doi.org/10.1002/adfm.201707237
https://doi.org/10.1002/adfm.201707237
https://doi.org/10.1515/nanoph-2018-0162
https://doi.org/10.1039/C8NR07300G
https://doi.org/10.1039/C8NR07300G
https://doi.org/10.29026/oes.2023.220019
https://doi.org/10.1038/s41467-019-12698-1
https://doi.org/10.1364/OPTICA.6.001367
https://doi.org/10.1002/adom.201902018
https://doi.org/10.1002/adom.201902018
https://doi.org/10.1002/adom.201902018
https://doi.org/10.1021/acsphotonics.0c00327
https://doi.org/10.1039/C9NH00525K
https://doi.org/10.1002/adfm.201707237
https://doi.org/10.1002/adfm.201707237
https://doi.org/10.1515/nanoph-2018-0162
https://doi.org/10.1039/C8NR07300G
https://doi.org/10.1039/C8NR07300G
https://doi.org/10.1038/s41467-019-12698-1
https://doi.org/10.1364/OPTICA.6.001367
https://doi.org/10.1002/adom.201902018
https://doi.org/10.1002/adom.201902018
https://doi.org/10.1002/adom.201902018
https://doi.org/10.1021/acsphotonics.0c00327
https://doi.org/10.1039/C9NH00525K
https://doi.org/10.1002/adfm.201707237
https://doi.org/10.1002/adfm.201707237
https://doi.org/10.1515/nanoph-2018-0162
https://doi.org/10.1039/C8NR07300G
https://doi.org/10.1039/C8NR07300G
https://doi.org/10.29026/oes.2023.220019
https://doi.org/10.29026/oes.2023.220019

	Introduction
	The workflow of the optimization algorithm
	Results and discussion
	Conclusions
	References

