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Abstract: Neural network–based inverse design of nanophotonic device network is computa-
tionally and time efficient, but in general suffers the problems of robustness and stability against
variation of the input target electromagnetic response. The inverse design network is required to
be robust against the input electromagnetic response and to be capable of approximating the given
electromagnetic response, even under the circumstances that the exact target response may not
exist. We introduce a modified denoising autoencoder network to ensure the robustness of neural
network–based inverse design, which consists of (1) a pre-trained network as a substitute of
numerical simulation and (2) an inverse design network. We further purposely train the network
with certain random disturbances added to the training dataset generated by the pre-trained
network. Consequently, our modified denoising autoencoder network is more robust and more
accurate than the conventional fully connected neural network. The strength and flexibility of our
proposed network is illustrated via three concrete examples of achieving the desired scattering
spectra of layered spherical scatterers.

© 2019 Optical Society of America under the terms of the OSA Open Access Publishing Agreement

1. Introduction

The inverse design of nanophotonic devices is highly important, as evident by recent work
[1–19]. The conventional inverse design and optimization of nanophotonic devices contain the
evolutionary method (genetic algorithm and particle swarming optimization [20]), the gradient-
based method (topology optimization [21–23] and steepest descent [24]), and other methods
based on heuristics (simulated annealing [25]). These techniques can open up the full parameter
space and obtain many non-intuitive designs, but need prior knowledge as the starting point
for the iteration and become more computationally expensive and time inefficient as structural
complexity grows.

In contrast to the time efficiency and computational overload of the aforementioned methods,
artificial intelligence in the past few years develops rapidly and is promising in solving the inverse
design problems of nanophotonic devices. In particular, neural network (NN) based machine
learning techniques play an important role in the inverse design of nanophotonic problems, as
studied in recent literature [3,4,10–19,24,26–32]. Peurifoy et al. optimized structural parameters
using NN model trained in advance as a substitute of electromagnetic simulator [17]. Liu et
al. used tandem NN to directly solve the inverse design problem of optical thin films [29],
which avoided the nonuniqueness problem and obtained a well converged NN in the inverse
design problem by cascading a pre-trained auxiliary network. Those works using NNs have
a potential problem, which is related with the robustness of the target responses, especially
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under circumstances where the target responses may not be the true solutions of the Maxwell’s
equations.
In fact, the robustness in all types of inverse design problems is crucial, as evident by the

following facts. Firstly, the target response is not known in advance, and occasionally too ideal to
be a valid solution of the Maxwell’s equations. Provided that we give a set of target responses
arbitrarily, there may be no corresponding structures and thus the NN based inverse design is very
likely to fail because NN itself is very sensitive to the input data. Secondly, NN is not suitable for
robust inverse design due to the incompatibility between the basic assumptions of NNs and the
data distribution of inverse problems. The distribution of the input data in the parameter space is
considered to be evenly distributed, with an implicit assumption that the testing data point can be
obtained by interpolating some known data points. However,the interpolation of two already
known electromagnetic responses usually may not exist, these render the stability of the NN
based inverse design extremely challenging.
In this paper, we propose a modified denoising autoencoder network (MDAN for short) by

introducing dual learning strategy to the denoising autoencoder NN [33]. Firstly, we use the
original training dataset to train a forward design network (forward net for short) with very high
accuracy as a substitute of electromagnetic simulator, thereby we can extract the full capability of
the original dataset and take advantage of forward net to generate the new dataset of the unlabeled
structures. Secondly, an inverse design network (inverse net for short) is cascaded behind the
forward net to form an autoencoder-like network. As such, the training set for the inverse design
is not the same as the original training dataset, but generated by the forward net instead. It is
worthy to point out that the two nets function as an image to each other, which is essential in the
dual-learning process. Once the whole network is well trained, the inverse net can fully explore
the electromagnetic response space interpolated by the forward net. Thirdly, we perturb the new
dataset for the inverse net by adding random noise on the spectra to make the network more
robust. The high frequency components of the spectrum curves are more affected by the added
noise than the low frequency components. This allows the NN to focus on learning the low
frequency components, leading to a smoother weight matrix in the NN. Consequently, a higher
performance of generalization ability and robustness of the MDAN is achieved.

The paper is organized as follows. In Section 2, we give a brief description of the realization of
the MDAN. In Section 3, we compare the convergence of loss function and the robustness of the
fully connected neural network (FCNN for short) and the MDAN for a specific scattering problem.
We find that the MDAN is more robust and has lower value of loss function compared with that
of the FCNN. As an example, we use the MDAN to solve an inverse scattering problem with
target responses of double peaks and single peak scattering spectra and far-field radiation, which
indeed yields robust and meaningful geometric parameters of the desired structures. Finally,
Section 4 concludes the paper.

2. The inverse design neural network: FCNN and MDAN

The FCNN is a relatively simple NN, which has a good performance in predicting the optical
responses of the specific nanophotonic structures in terms of accuracy and simplicity. However,
the FCNN has difficulty in dealing with the inverse design of the nanophotonic devices, as
evident in the aforementioned discussion. Here, the FCNN is considered as a reference network
for inverse design problems, as shown in Fig. 1(a), which consist of an input layer, an output
layer and a number of hidden layers in-between. The input layer stands for the optical responses
represented by a vector [Si], and the output layer stands for the geometric parameters of the
nanophotonic devices represented by a vector [Rj]. Specifically, the inverse design training with
the FCNN is trained using Adam optimizer and its loss function is the mean square error (MSE).
In general, the inverse design of nanophotonic devices encounters a few crucial difficulties,
especially the robustness problem as discussed previously. The goal of this paper is to propose
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the MDAN to solve the robustness problem of nanophotonic devices inverse design. Our MDAN
consists of two sub-network, i.e., the forward net and the inverse net, as shown Fig. 1(b).

Fig. 1. Architecture diagram of (a) FCNN and (b) MDAN. In the MDAN, there are fixed
forward net (dark blue) and the inverse net (blue), cascaded with each other.

The working principle of constructing the MDAN is given as follows. Firstly, the forward
net is a FCNN, but pre-trained with the original dataset. Once the pre-training is converged,
the network weights and biases of the forward net are fixed, and subsequently the fixed forward
net functions as a data generator for the inverse net. Importantly, the forward net provides an
access to the original dataset that can be fully explored by the inverse net, and thus a seamless
connection between the original dataset and the inverse net is established. Secondly, the inverse
net is structurally identical to the reference FCNN, and is cascaded behind the fixed forward net,
as shown in Fig. 1(b). By concatenating the forward net and the inverse net together, our NN
can be considered as a partially fixed autoencoder network. The random structures are fed to
the whole network, where only the inverse net are updated iteratively until the whole network is
converged. As such, the inverse net is easier to obtain the convergence without overfitting, in
comparison with the reference FCNN in Fig. 1(a). Moreover, the proposed MDAN, as well as
other modified versions of autoencoder NN, can also avoid the nonuniqueness problem in the
inverse design, as discussed in details by Liu and her/his co-workers [29]. Thirdly, the idea of
denoising autoencoder NN is introducing certain amounts of noise to improve the robustness
performance of the NN. With partially corrupted input data fed to the inverse net, the weights
distribution is smoother than that trained by the original dataset, and the low-dimensional
components of the input data are more robust against the added noise. Importantly, one can
achieve a better balance between accuracy and robustness using the MDAN compared to those
using the FCNN by carefully adjusting the amount of noise added to the training dataset. As
such, meaningful optimal nanophotonic geometric parameters can be obtained eventually, even
under the circumstances where the target optical response may not be a valid solution of the
Maxwell’s equations.

3. Results and discussions

3.1. The inverse design of core-shell structure

Multi-layered spherical nanoparticles are known to be able to achieve large electric field
enhancements via highly resonant electrically small geometries [34]. As shown in Fig. 2(a), we
consider an isolated multi-layer core-shell nanoparticle, which consists of Au, Ag, TiO2 layers
embedded in air. Provided a given scattering spectrum, the inverse scattering problem is aimed to
output the geometric parameters of the core-shell nanoparticle that yields the optimal overlapped
spectrum with the target response. Specifically, we consider a target response of the core-shell
nanoparticle with double peaks (380 nm & 625 nm) to improve the performance of phosphor
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quantum dots (QDs) based light-emitting diodes, where the QDs have the absorption peak at 380
nm and the emission peak at 625 nm [35].

Fig. 2. (a) The core-shell spherical nanoparticle consists of Au, Ag, TiO2 layers, and the
hosting medium is air. (b) Loss function of the FCNN and the MDAN is plotted as a function
of epoch. The final loss of the MDAN is higher than the the training loss, but lower than
validation loss of the FCNN.

In the following, we train two networks, the FCNN and the MDAN, to solve the inverse
scattering problem shown in Fig. 2(a). The training instance is given as follows, 201 sampling
points of the scattering spectrum ([S1, S2, . . . , S201]) with the wavelength ranging from 300
nm to 700 nm, and the output thicknesses of three layers (Au, Ag, TiO2) of the core-shell
structure ([R1,R2,R3]) are set in the range of 5 nm - 55 nm. The structure of the FCNN is
201-400-300-200-100-3, corresponding to the number of neurons in the six layers respectively.
The input layer matches the spectrum vector [S1, S2, . . . , S201], while the output layer yields
the thicknesses vector [R1,R2,R3]. Regarding the MDAN, the pre-trained fixed forward net is
a FCNN with Adam optimizer and a loss function of MSE, which consists of six layers with
3-100-200-300-400-201 neurons, respectively. The inverse net can be considered as a mirror
image of the fixed forward net, and the whole network is trained similar to the autoencoder
network. The original dataset is obtained by solving Mie scattering of the core-shell nanoparticle
[36]. The full dataset consists of (1) training set of 5000 instances(the validation set is included),
and (2) the test set of 1000 instances. The number of instances in this dataset is relatively small
compared to the others’ works due to the fact that the parameter space of structure is set to be
small to alleviate effect of the non-uniqueness problem, and with the data generator we can
employ the unlabeled dataset to obtain a better accuracy performance.

3.2. Robustness performance of MDAN and FCNN

We consider a concrete example to illustrate the robust inverse design of the core-shell structure
based on the MDAN. To this end, we first examine the performance of the loss functions of the
FCNN and the MDAN, which are fully trained under the similar hyper-parameters (batch/epoch
size is 200/15000 for the FCNN, epoch size is 15000 for the MDAN, and the batch size of the
MDAN is not well defined) such that the loss functions eventually reach stable values. Figure 2(b)
shows the comparison of loss function in the FCNN and the MDAN. Evidently, the validation
loss is higher than training loss, which indicates that the FCNN occurs overfitting phenomenon
on solving the inverse scattering problem. In contrast, the new dataset of the inverse net in the
MDAN is real-time generated by the fixed forward network, thus there is no need for validation
set. Though the original dataset fed to the forward net in the MDAN and the FCNN is the same,
and a certain amount of noise is added to the training process in the MDAN, the final loss of
MDAN is still lower than the validation loss of the FCNN for a large number epoch as shown in
Fig. 2(b), showing that the MDAN converges better than the FCNN.
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Next, we consider the robustness performance of the MDAN and the FCNN for the inverse
design of core-shell structure by testing certain desired scattering spectra, i.e., the ratio of the
scattering cross section to the cross-sectional area of the core-shell nanoparticleQsca. Specifically,
we examine the similarity between the corresponding scattering spectra of the designed structures
(designed spectra for short) and the target scattering spectrum (target spectra for short), as
shown in Fig. 3, the designed structures are obtained through the two NNs by processing the
target spectra with several disturbance (disturbed spectra for short), and the designed spectra are
obtained through solving Mie scattering with the designed structures.

Fig. 3. (a)–(c)/(d)–(f) shows the scattering spectra as functions of wavelength for the
FCNN/MDAN. The target spectra St for the FCNN/MDAN are plotted with solid orange/blue
lines, the disturbed spectra Sdt with added noise for the FCNN/MDAN are plotted with
dotted orange/blue lines, the design spectra Sds for the FCNN/MDAN are plotted with dashed
orange/blue lines. Qsca represents the scattering efficiency.

Provided the target spectra St (solid lines) plotted as function of wavelength λ in Fig. 3,
the disturbed spectrum Sdt (dotted lines) is given by Sdt = (1 + aε) St, where a quantifies the
magnitude of the added noise, and ε is a random value evenly distributed in the interval [−1, 1].
The disturbed spectra Sdt are fed to the MDAN and the FCNN for the inverse design, which
output the geometric parameters of the designed structures. Then by directly solving the Mie
scattering with those geometric parameters, the corresponding designed spectra Sds are obtained
and plotted as the dashed lines in Fig. 3. For the FCNN, as shown in Figs. 3(a)–3(c), when
a ≥ 0.3, the FCNN fails to perform the inverse design, since the designed spectrum Sds and the
target spectrum St deviates significantly. In a sharp contrast, as a is increased from 0.1 to 0.5, Sds
of the MDAN hardly deviates from St as shown in Figs. 3(d)–3(f). Such high tolerance indeed
indicates that the MDAN is more robust against the input spectrum corruption than that of the
FCNN. Importantly, for a given target response that may not exist, the MDAN yields an output
which has a most optimal spectrum compared with the target response, while the FCNN fails
completely. In practice, there are plenty of examples of such failures in the NN based inverse
design-like problem due to the lack of the robustness or tolerance to the network input. For an
example in the field of image recognition, the NN usually outputs meaningless results even if
only a small fraction of disturbance is added to the input [37].
The discussions above vividly depict the difference of robustness in both network only for

single instance. And though the non-uniqueness problem is not our focus in this paper, its effect
on the structural relative error should be considered as well. In the following, we will discuss
the robustness of the inverse design by comparing the effects of different noise magnitudes on
structural relative error using the FCNN and the MDAN on the whole test set. To that end, we
first define the relative error for the ith instance in the test set, i.e., errir(a) =

rds(a)−rt
rt , where rds(a)
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is the thickness of the designed core-shell structure, obtained from two inverse design networks
with disturbed spectrum Sdt(a), a ranging from 0.1 to 0.5 is the magnitude of the noise, rt is the
thickness of the target core-shell structure corresponding with the target spectrum St . The total
relative error over all the instances in the test set is further defined as errtotalr (a) = 1

N
∑

i errir(a),
where N = 1000 is the size of test set in this paper. Though the added random noise has a fixed
magnitude a, the output rds(a) will be slightly different. Hence, we test the NNs ten times and
take the mean value as the average relative error erraver (a) = 1

10
∑
errtotalr (a), which are the data

points plotted in Fig. 4. Notably, erraver (a) is a three-component vector, which consists of the
average errors of Au, Ag, and TiO2 layers in the core-shell structure.

Fig. 4. (a)–(b) shows the average relative error erraver of the structure as function of a for
the FCNN/MDAN. The three lines marked with circle, triangle and square represent the
erraver of the Au, Ag, TiO2 layers. The six inset box marked as A-F are corresponding to the
panels as shown in in Figs. 3(a)–3(f), respectively.

Figure 4(a) shows the average relative error erraver as a function of noise magnitude a for the
FCNN. Evidently, erraver grows rapidly as a increases. Especially, erraver of the Au layer reaches
almost 50% with a = 0.5. While in the Fig. 4(b), it is clearly seen that erraver of the MDAN grows
slowly as a increases and its maximum is less than 20%. Interestingly, erraver of TiO2 is smaller
than those of Au and Ag layers in both networks. This is due to the following facts: (1) Au and
Ag layers have certain similar optical properties which lead to the non-uniqueness problem, thus
some certain different pairs of Au and Ag thickness with the same TiO2 thickness may result
in very similar electromagnetic responses. For example, the two sets of geometric parameter
vectors [R1,R2,R3], i.e., the first set given by [21.3, 31.2, 54.1] nm and [33.3, 18.6, 54.1] nm,
and the second set given by [15.8, 45.4, 26] nm and [31.9, 29.5, 26] nm, both have almost
completely overlapping spectra; (2) Though easier to converge, the autoencoder-like network,
the MDAN as mentioned above, still does not solve the non-uniqueness problem thoroughly.
For some similar target spectra St1 and S

t
2 which correspond to distinct structure parameters, for

example [21.3,31.2,54.1] nm and [33.3 18.6 54.1] nm, it is hard for the inverse net to identify
which is the correct one. Feeding different disturbed spectra Sdt based on St1 (or S

t
2), the inverse

net outputs these two structure parameter vectors randomly, especially the parameters for the Au
and Ag layers. But for the TiO2 layer, different thicknesses correspond to different spectra, so the
network can obtain accurate value of the TiO2 layer’s thickness.

3.3. Inverse design of targeted single peak and double peaks spectrum

Three examples shown in Fig. 5 are illustrated to validate our proposed MDAN for the inverse
design of core-shell nanoparticle, in comparison with the results obtained from the FCNN.
The target spectra are not valid solutions of Maxwell’s equations but designed with Gaussian
distribution.
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Fig. 5. (a)–(b)–(c) shows the single peak/ double peaks/ sharp peak target spectrum St and
the designed spectrum Sds obtained by the FCNN and the MDAN.

In Fig. 5(a), we consider an idea target spectrum (solid line), i.e., a single peak Gaussian

distribution St(λ) = q · e−
(λ−µ)2

2σ2 , with the wavelength λ ∈ [300, 700], the expected value µ = 500,
the standard deviation σ = 26 and the magnitude of the scattering efficiency q = 0.3. By feeding
this spectrum to the MDAN, the output structure with the parameter vector [11.3, 8.5, 6.5] nm
yields Gaussian-like spectrum Sds plotted as the dashed line, which is well overlapped with St.
And for the FCNN, the design structure has the thickness vector of [13.1, 9.2, 10.3] nm, whose
corresponding Sds (dotted line) has a significant deviation from the target spectrum St.
In Fig. 5(b), the target spectrum St, i.e., the sum of two Gaussian distributions is inversely

designed by both networks. Each of the Gaussian function has the same standard deviation
σ = 16 and the amplitude parameter q = 4, but the different expected value at µ1 = 380 and
µ2 = 625. As for the MDAN, the thickness vector of the output design structure is [29.4, 6.2,
24.1] nm and the corresponding design spectrum Sds (dashed line) is well overlapped with the
target spectrum St (solid line) of double peaks Gaussian curves. In contrast, the vector of design
structure obtained from the FCNN is [28.2, -103.4, 44.9] nm (which of course does not even
exist in reality), the design spectrum of which also fails completely, but it is still illustrated for
consistency, plotted as dotted line in Fig. 5(b).

In Fig. 5(c), the target spectrum (solid line) is a sharp Gaussian distribution with the expected
value µ = 316, the standard deviation σ = 4 and the max magnitude of the scattering efficiency
q = 7.6. By feeding this curves to the both network, the output structures are [12.14, 7.52, 16.96]
nm for the MDAN and [1.31, 14.37, 17.81] nm for the FCNN, and the Sds are plotted with dashed
and dotted line respectively. The Sds of MDAN is well overlapped with St and the Sds of FCNN
is also a single peak with the peak point deviates slightly from the target spectrum St, but the
structure parameter is out of meaningful range, which is set to be [5, 55] nm.

As can be seen from above, even if the target spectrum is not a valid solution of the Maxwell’s
equations, the MDAN is still able to output a meaningful design structure with a valid and optimal
overlapping design spectrum, while the FCNN fails to output a proper and meaningful geometric
parameters of the core-shell design structures.

3.4. Inverse design of far-field radiation of asymmetric eccentrical core-shell structure

We apply the MDAN to a more sophisticated scenario, which is the inverse design of far-field
radiation of the asymmetric eccentrical core shell structure. As shown in Fig. 6(a), we consider
an asymmetric two-layer core-shell element, with ε1=3 and ε2=8. The wavelength λ is set at 633
nm. A specific structure is characterized by parameters [r1, r2, b1, b2] , r1 and r2 represent the
radii of the outer and inner circles, b1 and b2 represent distances between centers of two circles.
The Fig. 6(b) shows the far-field radiation with azimuthal angle ranging from 0 to 360. Since the
relative positions of the two circles are randomly given, the analytical Mie theory is not directly
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applicable. Therefore, the Green Function method is used to calculate the far-field radiation
of the asymmetric structure [38] for preparing the training data set. The training set consists
of 5000 instances. The input of the network is the far-field radiation discretized to 361 points
and the output label is [r1, r2, b1, b2], where r1, r2, b1 and b2 are in the range of [100, 300] nm,
[500, 700] nm, [−200, 200] nm and [−200, 200] nm, respectively.

Fig. 6. (a) The asymmetric eccentrical core-shell structure is characterized by ε1, ε2,
r1, r2, b1, b2 and the hosting medium is air; (b) shows a standard far-field radiation; (c) and
(d) shows the inverse design of double peaks and single peak target far-field radiation.

In the training process, the MDAN and FCNN share the same hyperparameters as much as
possible. The FCNN has a poor convergence with a relative error larger than 20%, thus the inverse
design of far-field radiation can only be implemented by the MDAN. Similar to previous work,
the double peaks and single peak patterns are used as the target response for inverse designing.

In Fig. 6(c), the target far-field radiation contains two Gaussian peaks as St(deg) = q · e−
(deg−µ)2

2σ2

with the deg in [0, 360], the σ is the standard deviation, the µ is the expected value and the q is
the magnitude parameter. Each Gaussian peaks in the double peaks target far-field radiation has
the same σ = 8 and q = 0.8, but the different µ1 = 90 and µ2 = 270. By feeding this spectrum to
the MDAN, the output design structure is [202.7, 596.8, -8.9, -65.9] nm and the corresponding
design spectrum Sds (dashed line) is relatively well overlapped with the target spectrum St (solid
line) of double peaks Gaussian curves. The main scattering lobe cannot be eliminated for the
given materials and structures. In Fig. 6(d), the target far-field radiation is dominated by a single
Gaussian peak. The expected value is splitted to µ = 0 and µ = 361, the standard deviation is
σ = 7, and the magnitude of the far-field radiation is q = 4. By feeding this spectrum to the
MDAN, the output design structure is [187.3, 557.3, 0.3, 23.2] nm, and the designed far-field
radiation is plotted as the dashed line, which contains most of the scattering energy in the main
lobe.
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As a concluding remark, our proposed MDAN has a dual structure that is similar to the
autoencoder network and a denoising procedure inspired by denoising autoencoder. The dual
structure of data generation and data learning makes it possible for the inverse design network to
learn from the generated data by forward net rather than only from the raw data. The denoising
procedure forces the NN to discard the high-frequency components in the data set and retain the
pure features of better generalization performance by adding controlled noise, thus the tolerance
of the NN to data corruption is improved. By introducing the dual structure of network and input
corruptions, the MDAN gets a higher performance in accuracy and robustness compared with
the reference FCNN.

4. Conclusion

In conclusion, we address the robustness problem in the NN based inverse design method.
Specifically, we propose a generative and mirrored network, i.e., our MDAN, to realize the direct
inverse design of nanophotonic devices inspired by the architecture of the denoising autoencoder
network. The inverse design of the MDAN can handle multiple input spectra without reducing
efficiency. This model is readily extended to convolutional neural network for more complicated
photonics inverse design, such as mode multiplexer and demultiplexer.
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