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Artificial intelligence is currently attracting unprecedented attention for its ability to tackle hard prob-
lems with huge datasets, which have been rendered tractable by the giant computational power and amount
of training data available today. Photonic inverse design, in which one seeks to find objects of desired elec-
tromagnetic response, belongs to this class of complex problems that can greatly benefit from these ideas.
In this work, artificial intelligence concepts are applied to advance the quest for invisible particles that do
not perturb the background field; in particular, a fully connected neural network is proposed to address
such a problem by learning the dynamics of visible-light interaction with low-scattering multilayered
nanospheres. By swapping the roles between inputs and outputs, the same network can then be used for
the inverse design of invisible nanoparticles, obtaining superior performance with respect to the best ele-
ments of the training set. The proposed approach can be generalized to approximate Maxwell interactions
by simulating the electromagnetic response of more complicated optical configurations, and accomplish
their inverse design directly, without successive iterations.
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I. INTRODUCTION

A long-lasting goal of researchers across a broad range
of disciplines has been to engineer machines able to oper-
ate not by following an explicit list of commands but by
identifying patterns and deciding their response, based on
their own “experience” and “training,” similarly to the
operation of the human brain. The introduction of system
models that adaptively improve themselves to recognize
patterns not specified in advance [1], and devices that
mimic humanlike functions as perception [2], were the first
significant steps towards such an objective. These old con-
cepts focused on enabling computing systems to perceive
a well-described environment [3] and paved the way to
the systematic formulation of multiple machine learning
approaches, including artificial neural networks. The prin-
ciple of their operation is based on the approximation of
any arbitrary distribution by suitably predicted weighted
sums of nonlinear basis functions [4,5]; it can be accom-
plished through a learning operator that allows the system
to translate errors from task space into weights space. A
major tool to decide the contribution of basis functions to
the final sum is the so-called back-propagation algorithm
[6], enabling the output to improve the utilized approxi-
mations. In this way, integrated neural networks that can
“learn” from the dataset and generalize from examples
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were proposed [7] and implemented successfully in doc-
ument recognition, one of the main challenges in the early
days of this field [8]. In recent years, neural networks have
been experiencing an incredible popularity boost [9,10]
and have attracted substantial funding interest [11], since
the available computational power levels have rendered
feasible the treatment of complex, real-world problems
with huge datasets.

Increased computing speeds assisted by more efficient
hardware have not only led to finer implementation of
machine learning algorithms in traditional applications
like speech recognition [12] and scene labeling [13], but
also to the development of artificial neural networks for
tackling of problems originating from diverse scientific
domains [14]. Striking examples include deep learning
concepts pertinent to medical image analysis [15] con-
tributing to more reliable brain tumor localization [16],
better identification of hidden structure within biologi-
cal data [17], and more accurate computer-accommodated
drug discovery and design [18]. The same techniques
are also extremely useful in approaching computationally
demanding problems in physics, especially those suffer-
ing from the so-called “curse of dimensionality” [19] like
quantum many-body interactions [20], prediction of com-
plex spatiotemporal states [21], and probabilistic Hamilto-
nian estimation [22]. Even market predictions and financial
analyses [23] can benefit from recent machine learning
advances, resulting in better portfolio management, fast
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pricing optimization, and improved estimation of macroe-
conomic quantities [24].

Photonics is not an exception in that global trend;
indeed, numerous neural network–based solutions have
been proposed to complicated problems, such as precise
optimization of magneto-optic cooling [25] and acceler-
ated solution of frequency-domain Maxwell’s equations
in complicated structures [26]. In particular, the inher-
ently challenging inverse design process greatly bene-
fited from machine learning approaches as exemplified
by the successful guess of multilayers with the desired
transmission spectra [27] or the derivation of meta-
atom shapes for a metasurface with specific reflectivity
response [28]. Indeed, metasurfaces, due to their ubiq-
uitous operation, commonly employ deep learning tech-
nologies in applications like amplifying chiral optical
responses [29], tailoring Fano resonances [30], and sharp
transmissive sensing [31]. Alternatively, one can adopt
a bottom-up optimization by inversely designing isolated
nanoparticles prior to embedding them in lattice configu-
rations supporting collective functionalities. Such a strat-
egy has been followed to learn and simulate Maxwell
interactions, leading to core-shell [32] and multilayered
nanospheres [33] that optimally mimic a target scattering
lineshape, even though the training is based on a different
configuration [34].

A particularly challenging objective when designing
photonic nanoparticles is to render them “invisible” across
a wide frequency band by suppressing their scattering
response. One of the most popular approaches to achieve
invisibility is the so-called optical conformal mapping or
transformation optics, which allows for designing material
distributions that force light rays, or full electromagnetic
fields, to propagate around an object without interacting
with it [35,36]. In practice, such a tailoring of the space
can be feasibly engineered with elliptical inclusions [37]
and nonresonant elements [38]. Several alternative strate-
gies have been proposed during the last two decades to
serve similar cloaking purposes: from scattering cancela-
tion with the use of plasmonic coatings [39,40] to trans-
mission line waveguides [41] and homogenized analogues
[42] that make the fields travel through the cloaked areas
with a strongly suppressed scattering response. Further-
more, cloaking of bumps on surfaces has been realized by
distorting the propagation space [43] or deploying homo-
geneous superstrates [44]. Finally, designs based on active
media have been proposed [45,46] to suppress the scatter-
ing cross sections over broader bandwidths and for larger
objects [47].

In this work, we propose and demonstrate the use of
artificial intelligence to advance the quest for invisibility,
namely to find spherical nanoparticles that do not signif-
icantly perturb the background electromagnetic fields. In
particular, we train a fully connected neural network by
feeding it with the scattering spectra of suitably selected

multilayered nanospheres, and accordingly its weights are
optimally determined. The physical configuration of the
particle comprises a few layers of predetermined materials
and our goal is to suppress the scattering across frequency
points in the visible range of the electromagnetic spec-
trum. As discussed in detail below, we find that the inverse
process is performed better if one flips the network setup
and treats the wavelength-dependent scattering efficiency
as the true input and the layer thicknesses as the true out-
puts. In this way, several cloaked nanoparticles practically
invisible under visible light are determined and the effi-
cient inverse design for such a counterintuitive photonic
operation is demonstrated.

II. BASICS OF ARTIFICIAL NEURAL NETWORKS

Artificial neural networks are called so due to the qual-
itative similarity of their computational process with the
way that the human brain operates. Each neural network is
comprised of myriads of elementary modules, called neu-
rons, whose sole job is to produce an output by applying
a nonlinear function y = g(x) on their input. The major
task of an artificial neural network is to mimic a system
possessing multiple (D) inputs and multiple (R) outputs
by employing several (L) sequential layers, each of which
contains numerous (Ul with l = 1, . . . , L) neurons [48], as
indicated by Fig. 1(a). The input of each neuron is the
weighted sum of all the outputs from the previous layer,
while the neurons of the same layer are not connected to
each other. In particular, the input x(l)

u of the uth neuron of
the lth layer (u = 1, . . . , Ul) reads x(l)

u = ∑Ul−1
v=1 w(l)

vuy(l−1)
v ,

where the w(l)
vu are weights to be determined and y(l−1)

v is
the output of the vth neuron located at the (l − 1)th layer.
The total number of weights to be found across the network
is equal to

W = U1D +
L−1∑

l=1

UlUl+1 + ULR. (1)

We use the symbol w for the W × 1 vector of weights, as
shown in Fig. 1(a).

A metric of how successful our network imitates the
operation of the system, given a specific set of inputs,
is obviously the difference between its own response and
the actual output of the original system; accordingly, the
mean square error from all the R outputs, denoted by G(w),
serves such a purpose. The weights are modified following
the simple gradient descent rule

w(l)
vu(τ + 1) = w(l)

vu(τ ) − ∂G

∂w(l)
vu

α, (2)

where τ is the update step number and α > 0 is the learn-
ing rate defining the impact of current error on the weight
change. Because of the analytical nature of the involved
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FIG. 1. (a) A typical setup of a fully connected neural net-
work with D inputs and R outputs, which constitute a plot Q(λ)

along variable λ with R samples and L hidden layers compris-
ing Ul neurons each (l = 1, . . . , L). (b) Physical configuration of
the nanoparticle subject to optimization: a five-layered sphere
scatters a plane wave of wavelength λ and is characterized by
scattering efficiency Q(λ).

functions, the derivative of G with respect to the weight
w(l)

vu is determined implicitly via the back-propagation
algorithm by iteratively implementing the chain rule and
evaluating the local sensitivities numerically [6]. It should
be stressed that the activation function g, according to
which any neuron operates, must be nonlinear; otherwise,
all the L layers will effectively collapse to one and the
approximation capability of the network diminishes to that
of a linear regression. The number of nodes D, R, and Ul
for l = 1, . . . , L, the number of hidden layers L, and the
learning ratio α are characteristics of the setup and are
called hyperparameters of the network.

The artificial neural network manages to mimic the
overall system only after its weights w are repeatedly
updated with use of many data samples, namely, numerical
sets pairing D inputs with R outputs. In order to perform a
fair assessment of the network’s predictive performance,
we save a small portion of the data samples for validation
purposes (validation set) and we work with the remaining
M members. The learning process concerns the modifica-
tion of weights w(l)

vu according to rule (2), by applying it
for each subset of population B from the total of M sam-
ples. The data are processed in random batches of size B,
which is selected neither too small (B ∼= 1), making the
learning process nonvulnerable to outliers [49], nor too
large (B ∼= M ), offering the necessary noisiness to escape
local minima [50]. Note that each data sample interacts, on
average, with our network not once but many (E) times so
that the impact of random selection and sample sequence
is milder. More specifically, the training process, namely
the evolution of w(l)

vu(τ ), stops not earlier than E × �M/B�
batch updates along the τ axis. The integer E is the num-
ber of epochs and is decided by checking if the error on the
validation set has reached a low threshold. Indeed, a huge
number of epochs E would make our network overspecial-
ized to specific classes of data and less able to generalize
and react successfully to unseen inputs.

Once the weights w are properly determined, our net-
work can be used as a substitute to the actual system and
give reliable responses (R outputs) to the corresponding
excitations (D inputs). Therefore, as long as the network is
trained, it can be employed for inverse problems by opti-
mizing the inputs instead of the weights. Indeed, if instead
of the error G between the exact and estimated outputs,
we use the difference between a specific desired response
and the neural network outcome, the system inputs can be
updated in a similar repetitive fashion. Alternatively, we
can train the neural network by using exactly the same
dataset with the difference that the roles of the D inputs
and R outputs are flipped. In this way, the new weights
w′ �= w will give those D parameters that, if fed to the orig-
inal system, will produce R outcomes, which, according to
the network, will be as close as possible to the desired ones.
We may say that the network provides an answer for any
inverse design in a forward manner: directly and without
iterations.

III. INVISIBILITY IN THE VISIBLE

Inverse design problems span many disciplines and
have a huge importance in optimizing the functionality of
physical systems. The same applies to photonics, which
require inverse design to determine the best structural and
textural combinations that maximize the performance in
a variety of wave-matter interaction setups. Clearly, the
inherent complexity of inverse design, when the number of
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involved parameters is increasingly large, creates a bottle-
neck (curse of dimensionality [19]) in the search of better
structures and devices for fundamental optic operations.
Therefore, the introduction of neural networks in pho-
tonic inverse design can substantially advance the quest for
optimal photonic devices by reducing the computational
complexity of the design process. A significant class of
inverse problems in photonics pertains to determining a
physical configuration that possesses a specific frequency
response over a certain working band [51].

A representative example is the objective of this work; it
considers a multilayered free-standing spherical nanopar-
ticle composed of two alternating materials that should
be optimized to have a suppressed scattering response
across the visible. In particular, we pick two of the most
commonly used materials in optics (silica and silver) and
assume a SiO2 core covered by four alternating layers filled
with Ag and SiO2, as indicated by Fig 1(b). The radius of
the core and the thickness of each layer constitute the input
vector h = [h1 h2 h3 h4 h5] of the system, namely, D = 5;
we are interested in operational wavelengths within the
visible range: λmin ≡ 400 nm < λ < 700 nm ≡ λmax. The
frequency dispersion and the losses of silver are taken into
account by using reliable experimental data [52]; however,
the results may not be entirely accurate if the thickness of
the layers hρ is very small, since additional losses due to
surface effects at the boundaries will be present (Landau
damping) [53]. In order to accurately approximate the fre-
quency response of the particle, we sample it with a step of
2 nm and thus the number of outputs is given by R = 151.
We point out that, due to the low dimensionality of the
input vector h in this example, the use of artificial neu-
ral networks can be substituted with conventional steepest
descent approaches implemented directly on a suitable sys-
tem’s metric. Such a statement is not accurate because (i)
the analytical expression of the field solutions, even for
such a simple particle, are rather complicated, involving
several multiplications of matrices and highly nonlinear
functions; (ii) the number of outputs is large, making the
metric even more complex; and, most importantly, (iii)
once trained, our neural network can predict inverse solu-
tions for alternative desired responses in a single step, with
no extra computational effort.

The spherical particle is illuminated by the simplest
possible source: a plane wave of electric field amplitude
E0. It is thus possible to define in the centralized spheri-
cal coordinate system (r, θ , ϕ) the scattered field for r >

(h1 + h2 + h3 + h4 + h5) ≡ b as a sum of two fields (TE
and TM) whose electric and magnetic vectors respectively
are defined as follows:

ETE
scat = E0

+∞∑

n=1

STE
n hn(k0r)

{−θ̂ csc θPn(θ) cos ϕ + ϕ̂P′
n(θ) sin ϕ},

HTM
scat = E0

η0

+∞∑

n=1

STM
n hn(k0r)

{−θ̂ csc θPn(θ) sin ϕ − ϕ̂P′
n(θ) cos ϕ}.

Here Pn(θ) is the Legendre polynomial of first order,
degree n, and argument cos θ , and hn is the spherical Han-
kel function of order n and second type that corresponds
to spherical waves of different multipolar order; it should
not be confused with a similar symbol used for the thick-
ness of each layer of the nanoparticles. The symbols k0 =
2π/λ and η0 stand for the wave number and the wave
impedance into the vacuum. The coefficients STE/TM

n are
complex dimensionless quantities determinable by impos-
ing the necessary boundary conditions; they are dependent
on the oscillation wavelength λ and input vector h, but
their exact expressions are not shown here for brevity [54].
The scattering efficiency Q is defined as the ratio of the
total scattered power by the particle over the power of
the incident field passing through the cross section of the
sphere [55]:

Q(λ) = 2
(k0b)2

+∞∑

n=1

n2(n + 1)2

2n + 1
(|STE

n |2 + |STM
n |2). (3)

As implied above, the R outputs of our system equal the
values of Q(λ) at λ = λρ = λmin + (λmax − λmin)(ρ/R) for
ρ = 0, . . . , R. If our aim is to find invisible particles in the
visible then the perfect cloaking scenario reads Q(λρ) = 0
for ρ = 0, . . . , R. The average scattering can be defined via
the integral

Q̄ ≡ 1
λmax − λmin

∫ λmax

λmin

Q(λ)dλ. (4)

Since we search for nanospheres that minimally scatter the
incoming light across the visible part of the wavelength
spectrum, our objective is to suppress the scalar quantity Q̄.

IV. NUMERICAL DEMONSTRATION

In an attempt to find multilayered spherical objects that
practically do not scatter the incoming illumination across
the entire visible range, we employ an artificial neural
network setup with L = 4 hidden layers, each of which
incorporates U1 = U2 = U3 = U4 = U neurons. Since our
target is to detect particles that have particularly low Q(λ),
our learning set comprises M ∼= 34 500 low-scattering
nanospheres with Q̄ < 0.1, picked from a random pool
of scatterers optically moderate in size [56] with layers
{h1, h2, h3, h4, h5} belonging to the interval 5 nm < hd <

80 nm for d = 1, . . . , D; the same parameters are con-
sidered for the validation set that is taken four times
smaller. To generate such a large number M of samples
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with relatively suppressed scattering efficiency, we applied
the SMOTE (synthetic minority over-sampling technique)
algorithm [57] to an initial small set that was compatible
with this demand. Note that if the desired response Q(λ)

is different from zero, it is better to keep the learning set
completely random [33].

The search for perfectly cloaked nanoparticles is
an inverse process and thus we can employ the two
approaches mentioned above: (i) the repetitive approach
with D inputs and R outputs, where the minimization of
error between the predicted and desired responses is per-
formed; and (ii) the direct approach with R inputs and D
outputs, where the network is fed by the target and pro-
vides the optimal design. We tried each approach and the
training procedure ran smoothly by readily determining the
optimal weights, based on the minimal validation error.
However, we found that the second direct approach, apart
from the fact that it does not require further updates, pro-
vided us with much better inverse solutions at a faster
time; such a finding may be related to the huge dimen-
sional asymmetry between the input and output sets of the
considered system (R 	 D). Therefore, for the rest of the
paper, we consider the case in which our inputs are R and
concern the frequency response Q(λ) of the scatterer and
our outputs are just the D thicknesses of the nanoparticle
layers. The adopted inverse approach can directly give the
best, according to the network, solution h for any pattern
Q(λ) of low values. The weights w and w′ are updated
by the PyTorch [58] built-in implementation of the Adam
algorithm [59], allowing us to stochastically change the
weights and making them converge to the local minima.
Such software is primarily developed and supported by
Facebook’s artificial intelligence (AI) research laboratory
[60] in a free and open-source format [61].

In all the following numerical implementations we use
training batches of size B = 64; furthermore, in order to
improve the convergence speed of the training, we utilize
the batch normalization technique [62], with the default
PyTorch algorithmic parameters. In addition, the dropout
regularization technique [63] is employed, whose job is to
randomly drop the units, together with their connections
during the training, preventing the network from becom-
ing too specialized on the features of the training set (over
fitting).

In Fig. 2(a) we use the exact formulas (3) and (4) to com-
pute the mean relative error (MRE) of the neural network
prediction when tested on the validation set for various
hardware configurations with different numbers of nodes
U per hidden layer (L = 4) and different learning rates α.
We directly note that a small learning rate α facilitates a
better training (smaller MRE); it seems that the system
evades good solutions due to the large correction steps in
the weights w parametric space if α is substantial. Note
that the performance worsens further if a high α is com-
bined with an excessive number of neurons U since the
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FIG. 2. (a) The mean relative error (MRE) of the neural net-
work applied to the validation set, and (b) the average perfor-
mance Q̄ of optimal particles corresponding to different data
partitions, normalized by the performance of the most weakly
scattering particle of the dataset Q0 ∼= 0.08, as a function of the
number of neurons for each hidden layer U for various learning
rates α. The plot parameters are L = 4, D = 151, R = 5.

same poor training process is applied to a more complex
setup (higher number of optimizable weights). In addition,
an increased number of nodes U allows the system to more
successfully mimic the training set, but may inflict “over
fitting,” namely suppressing the ability of the network to
generalize predictions.

It should be stressed that the random partition of data
makes the response of the neural network somewhat
dependent on it. Therefore, to evaluate the success of the
implementation for each combination of (U, α), we train
the network multiple times based on different partitions of
the dataset, namely for different mutually exclusive valida-
tion sets. As a result, the weights w are not identical each
time and thus the question “which particle has the weakest
scattering efficiency?” is answered differently each time.
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In Fig. 2(b) we show the average Q̄ over all the proposed
weakest scatterers for different partitions of the dataset and
for networks with the same hyperparameter values as in
Fig. 2(a). This quantity is normalized by the minimal scat-
tering efficiency Q0 of the particles comprising the dataset
and thus we can understand how many times better a pro-
posed design is, compared to the best sample that we had
available beforehand. A less reactive setup again exhibits
a more desirable response since it tends to be more stable
and robust for a sufficient population of nodes U; on the
contrary, the performance of a system with larger α seems
heavily dependent on U. As far as the absolute values
of the ratio Q̄/Q0 are concerned, in most cases they are
much smaller than unity, demonstrating that the network
has learned something about the system and can produce
features it was not trained on.

It would also be relevant to identify the behavior of the
average prediction error of our network when it is tested
on unknown samples for various training sets and as a
function of epochs E, namely the number of times that
each member of the training set is, on average, fed to
the network. In particular, we consider three distinct train-
ing sets: (i) the aforementioned M = 34 500 low-scattering
nanospheres (targeted training set); (ii) a pool of parti-
cles whose thicknesses h are randomly selected within the
limits indicated by the objects with suppressed scattering,
without checking their actual Q̄ scores (targeted random
training set); and (iii) initial random pool of nanospheres
with layer thicknesses selected uniformly within the ranges
5 nm < hρ < 80 nm for ρ = 1, . . . , R with R = 5 after the
mirrorlike flip of the network (random training set).

In Fig. 3(a) we show the distribution of the overall scat-
tering efficiency Q̄ for the three different training sets by
plotting the corresponding relative frequency of occur-
rence 0 < f (Q̄) < 1. The red distribution concerns the
aforementioned carefully selected particles based on their
low-scattering performance; as indicated above, all mem-
bers of this set respect the constraint Q̄ < 0.1. On the
contrary, the nanospheres picked randomly in the para-
metric neighborhood of h of the targeted training set
(blue color) mostly give Q̄ > 0.1 and violate the imposed
inequality (blue distribution). As far as the totally random
dataset (green color) is concerned, it gives tiny frequen-
cies f for low Q̄ and tends to be mainly comprised of
particles of substantial Q̄, which is anticipated given the
optically large average size of spheres 5 nm < hρ < 80 nm
for ρ = 1, . . . , R at 400 nm < λ < 700 nm.

In Fig. 3(b) we represent the MRE on the (same) valida-
tion set for the aforementioned three training procedures as
a function of the number of epochs; naturally, a declining
trend with respect to E is recorded. The best, most efficient
response is recorded for the targeted training set; such a
result is expected since validation and training sets con-
tain very similar samples. The estimation error is worse,
but still very small, in the case of a targeted random
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FIG. 3. (a) Relative frequency f of the samples belonging
to three different training sets: totally random (green curve),
targeted, comprised exclusively of low-scattering samples (red
curve), and random around the average thicknesses h of the tar-
geted set (blue curve) in proportion to their overall scattering
efficiency Q̄. (b) Mean relative error in decibels as a function
of the number of epochs E for the three aforementioned train-
ing sets (random, green; targeted, red; random targeted, blue).
The testing set is the same in all cases and involves samples with
suppressed Q̄.

training set. Indeed, the low-Q̄ training set suggests the
existence of a “parametric neighborhood” for h, where one
can consistently find nanoparticles with suppressed scat-
tering response; in other words, by operating locally, it
is very likely to find objects of similar behavior. Finally,
we show that MRE = MRE(E) for the random training
set; the MRE is unacceptably high because the validation
set occupies an extremely small and coherent part of the
training set. This clearly illustrates why we need to use a
carefully selected group of low-Q̄ scatterers to train our
network for predicting cloaked objects (red curve).

In Fig. 4(a) we test the inverse design capabilities of
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FIG. 4. (a) The scattering efficiency metric Q̄ of the proposed
particle as a function of the desired flat output level Q∗. The
dashed line corresponds to Q̄ = Q∗. (b) Optimal thicknesses of
layers hρ for ρ = 1, . . . , R for the multilayered nanospheres of
Fig. 4(a) (green curve) as a function of the selected Q∗. The
dashed line corresponds to the design of minimal Q̄. The plot
parameters are L = 4, D = 151, R = 5.

our implementation with the hyperparameters of the net-
work selected based on the results of Fig. 2. In particular,
we show the exact Q̄, based on Eqs. (3) and (4), for the
samples answers of the neural network when the target
response is flat, Q(λ) = Q∗, for the considered wavelength
band. On the horizontal axis, we represent exactly this
(small) constant level Q∗ = Q(λ) = Q̄ and, ideally, the
response of a perfect predicting system would be given by
the dashed line of Fig. 4(a) along which Q̄ = Q∗. Interest-
ingly, we find that the best results are obtained for negative
values of the desired output Q∗; such a selection of Q∗ < 0
is of course unnatural, but this does not bother our physics-
agnostic neural network. On the other hand, we find that
if Q∗ is chosen to be very negative, the system is unable
to predict acceptable values for shell thicknesses hρ > 0,
ρ = 1, . . . , 5; thus, the curves in Fig. 4(a) possess a single

minimum, which is our network’s answer. In Fig. 4(a) we
show several of such answers, indicated by filled circles,
each corresponding to a different partition of the dataset.
It is evident that, regardless of the way we split the data
in learning and validation sets, the network converges to
well-cloaked particles with very low Q̄ scores. Note that
the influence of the additional randomness introduced by
the batch selection becomes unimportant due to the large
number of epochs E.

In Fig. 4(b) we pick one of the partitions of Fig.
4(a) (green curve) and show the evolution of the layer
thicknesses hρ > 0 for ρ = 1, . . . , 5 that the network pre-
dicts for various levels of flat target response Q(λ) = Q∗.
Because of the higher absolute value of silver permittivity
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FIG. 5. (a) The scattering efficiency Q(λ) as a function of the
operational wavelength λ for a silver nanosphere equal in size to
our optimal particle (silver), the best-cloaked particle from the
training set (best), and the best prediction of our neural network
[optimal design of Fig. 4(b)]. Vertical dashed lines denote the
visible part of the wavelength spectrum. (b) The performance
metric Q̄ (in decibels) of the optimal nanosphere [white cross,
shown in Figs. 4(b) and 5(a)] when the physical dimensions of
its two external layers (h4, h5) are perturbed.
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compared to silica in the visible, the corresponding lay-
ers (ρ = 2, 4) are substantially thinner compared to the
dielectric ones (ρ = 3, 5), while the silica core (ρ = 1)
is small since it does not interact much with the exter-
nal illumination. As far as the thicknesses of the layers
are concerned, they decrease as one approaches the opti-
mal design (namely the optimal level of Q∗ < 0) with the
exception of the intermediate dielectric mantle; accord-
ingly the proposed nanoparticle gets physically smaller.
It should be stressed, however, that the diameter of the
cloaked particle, with the tiny Q̄ indicated by Fig. 4(a)
is not negligible compared to the operational wavelength
band; indeed, 2b > 60 nm with 400 nm < λ < 700 nm.

In Fig. 5(a) we demonstrate the effectiveness of the pro-
posed neural network–based inverse design technique by
considering the optimal design given by Fig. 4(b) and
represent its scattering efficiency Q(λ) together with two
other designs: a silver sphere of the same size and the
best cloaked nanoparticle from our dataset. It is apparent
that the result of our optimization is superior to all those
designs we started with, outperforming them across the
entire visible spectrum (denoted by dashed vertical lines).
It seems that the quest for cloaked objects at a specific
frequency window leads to solutions that scatter substan-
tially outside of this band; such a feature is consistent with
the finding that the total scattering (over all wavelengths)
of a passive linear particle is an increasing function of
its own size [64]. For this reason, and contrary to the
frequency response of a silver nanosphere with the same
external radius, the deep minimum at the center of the vis-
ible band is followed by a sharp peak outside of it, giving
the well-known asymmetric lineshape of Fano resonance
[65–67].

In Fig. 5(b) we represent the average scattering effi-
ciency Q̄ (expressed in decibels) as a function of the
physical thicknesses of the two external layers (silver layer
with h4 and silica layer with h5), which are mostly exposed
to the external illumination. It is clear that the design’s
response is more sensitive to changes in the plasmonic
layer’s thickness compared to the size of the dielectric
shell. One may also directly infer that in the parametric
vicinity of the given optimal designs, there are particles
with even better cloaking performances (lower Q̄) and thus
the predictions from the neural network can serve well as
initial points for further optimization.

V. CONCLUSIONS

One challenging objective in photonic design is to ren-
der an object, of non-negligible optical size, invisible for
all colors of the visible spectrum, with extensive applica-
tions in sensing, wave steering, and stealth technologies.
We demonstrate that this challenge can be tackled by using
artificial neural networks that optimize nanospheres com-
posed of multiple concentric shells. The weights for its

nodes are found through gradient descent optimization and
back propagation after excluding from the training set the
strongly scattering particles; after the training, the network
learns to approximate the optical response for such a class
of scatterers. Most importantly, we find that the inverse
design is much more successful if one swaps the posi-
tion of inputs and outputs and performs the deep learning
process by feeding the network with scattering responses
that correspond to certain particle configurations and not
the opposite. This modification in the architecture allows
the neural network to provide an answer to any inverse
problem of this type in a forward manner and without
iterations.

The proposed technique can be generalized to treat alter-
native purposes if the training set is altered accordingly.
Moreover, the performed mirror flip can be refined by
successive implementations of the inverse process with
similar targets in order to provide reliable and unique pre-
dictions. Finally, our approach shows great potential in
inversely designing complex photonic nanostructures with
very large parameter landscapes, which cannot be treated
with more conventional optimization approaches.
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