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Abstract
The emergence of metamaterials has brought a revolutionary way to manipulate the behavior of light on
the nanoscale. However, there are still many problems in design process, such as time-consuming, many-
to-one mapping, etc. Here, we demonstrate the forward and inverse design of plasmonic metamaterials
absorbers based on Light gradient boosting machine (LightGBM) and Extreme Gradient Boosting
(XGBoost). The inverse framework can use the input re�ective index value to design the metamaterial
parameter structure. The experimental results show that XGBoost has better performance in forward and
inverse design (Forward-R2: 0.956; Inverse-R2: 0.967). The framework is suitable for designing
metamaterials on demand, and it can be used in zoom imaging, metamaterials absorbers, metamaterials
�lters and other �elds.

1. Introduction
One of the nanophotonics research targets is to get a better understand on optical phenomena at the
nanometer scale. Among them, the use of metamaterials to manipulate and control the interaction
between light and matter at the micro and nano scale has attracted extensive attention of researchers [1,
2]. In recent years, different kinds of devices based on metamaterials have been designed and
demonstrated, such as absorbing materials [3–5], holographic imaging [6], multiparameter adjustable
thermal diodes [7], radome [8]. In special, Deng et al. provided an advanced metasurface information
steganography technology. Its arbitrary polarization angle image multiplexing and hiding function can
stimulate a wave of new optical information devices [9]. Wang et al. demonstrated the design of all-in-one
polarizer suitable for function at an arbitrary position on the Poincaré sphere, which is a universal design
of all-dielectric metasurfaces to achieve perfect APCD [10]. Qin et al. improved the focusing e�ciency of
metalens by heating, increasing voltage and changing materials, which has reference signi�cance for the
study of optical storage, communication and imaging [11, 12]. In these studies, the design of
metamaterials has become a popular study topic.

In order to obtain the structure, composition, and geometric size of the device with the desired optical
response, the general method is to design a speci�c model based on experience, and then continuously
revise it until a satisfactory result is �nally obtained, which is a time-consuming task that requires the
designer to have extensive experience. Additionally, the design process relies strongly on empirical
reasoning or trial and error, which is ine�cient and often ineffective, especially when the problem is
highly nonlinear. Therefore, it is necessary to �nd a new approach to simplify or even replace traditional
design methods. Some pioneering works have been reported during last few years. Peurifoy et al.
successfully realized the prediction of the scattering cross section by using the distance between the
multi-layer core-shell nanoparticle as the input of the deep neural network (DNN) model and the scattering
cross section as the outputs [13]. In addition to the application in forward design, Liu et al. applied neural
network in the inverse design for SiO2 and Si3N4 multilayer structures, in which the thickness of each
layer and the transmission spectrum are established mapping relations [14]. But most of these works lack
the performance metrics of experimental results and fail to combine forward design and inverse design.
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Recently, ensemble learning has played an important role in promoting interdisciplinary integration, and
has been successfully applied in meteorology [15], physics [16], and biology [17]. The mapping
relationship between data is obtained by imitating human learning methods, and is divided into two
types: regression and classi�cation according to the purpose of the research. As a new type of experience
model Boosting algorithm in ensemble learning, it is widely used in classi�cation and regression.

To solve these challenges, we proposed the forward and inverse design of metamaterial absorbers based
on ensemble learning (XGBoost, LightGBM) algorithms. The six structures (x1…x6) parameters are taken
as the input, and the �fteen refractive indexes (y1…y15) is taken as the output to establish the forward
design model while the inverse design model is the opposite. It shows that the excellent generalization
ability of the inverse design model. In the forward design, the average regression coe�cients of XGBoost
and LightGBM are 0.956 and 0.876, respectively. In the inverse design, their R2 are 0.907 and 0.967,
respectively. The establishment of inverse design not only speeds up the design of metamaterial
structures, but also reduces error rates. Meanwhile, the input and output of the framework can be
changed according to the requirements of the design. Hence, our study may provide an approach for the
design of nanophotonic functional devices.

2. Materials And Methods

2.1. Data preparation
In this article, we try to design a metamaterial absorber working in visible and near-infrared bands by
using ensemble learning method. The proposed metamaterial has periodic structure whose construction
minimum unit consists of three layers (Fig. 1). The top and bottom layers are both silver materials, while
the top layer is an array of silver particles, and the bottom layer is a continuous silver �lm. A thin dielectric
layer is selected as the intermediate layer to separate the two metal layers. The structure is manufactured
under ideal conditions. The metamaterial studied in this paper has six structural parameters, and the
structural parameters and materials are marked in the �gure. Simulation was carried out through the
�nite-difference time-domain (FDTD) method with the commercial software Lumerical FDTD Solutions.
The x and y directions are periodic boundary conditions, and the z direction is PML boundary conditions.
By sweep the values of structural parameters, the refractive index of different parameters is generated.
Collect the refractive index of all structural parameters under FDTD simulation to form a data set.

2.2. Forward and inverse design framework
The process of predicting refractive index by forward design framework is shown in Fig. 2. Six structural
parameters in the metamaterial are input to the model, and the output is refractive index. The ratio of the
training set to the testing set is 8:2. The upper part of the framework is the training part. Its essence is to
obtain the objective function by training the mapping relationship between structural parameters and
re�ectivity. Furthermore, the input of the test set is imported into the objective function to obtain the
calculated value of re�ectivity. Homoplastically, the inverse design model is based on the optimized
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parameters of the forward model. (Fig. 3). The refractive spectrum is input and the structural parameters
are output. Consequently, by changing the values of different refractive spectrum, a new metamaterial
structure can be designed.

2.3 Machine learning approach
The derivation process of the two models is shown in the Appendix. For ensemble learning algorithm,
parameter setting is the key to improve model prediction performance. Under the same data set, the
optimal parameters are obtained through orderly debugging parameters. For LightGBM and XGBoost
Model, the optimized parameters and their default values are shown in Table 1, 2. The time-consuming
for each forward design of the model is shown in Appendix tables S3, S4.

Table 1
LightGBM model core parameters.

Parameters Meaning Values Effect

num_boost_round The number of iterations 5000 Improve
accuracy

bagging_fraction The ratio of data used in each iteration. 1 Prevent
over�tting

feature_fraction Randomly select certain parameters to build the tree
in the iteration

1 Reduce
over�tting

bagging_freq Bagging times 5 Prevent
over�tting

learning_rate Converge the objective function to the minimum 0.01 Improve
accuracy

num_leaves Number of leaf nodes 31 Prevent
over�tting

max_depth Maximum depth of tree 50 Reduce
over�tting

verbose Control the level of approach verbosity 10 Increase
e�ciency
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Table 2
XGBoost model core parameters.

Parameters Meaning Values Effect

num_boost_round The number of iterations 3000 Improve
accuracy

colsample_bytree Control the proportion of the number of randomly
sampled columns in each tree

1 Improve
accuracy

learning_rate Leaning rate 0.001 Prevent
over�tting

subsample The sampling rate of per tree 0.9 Prevent
over�tting

lambda L2 regularization 0 Improve
generalization
ability

alpha L2 regularization 1 Prevent
over�tting

3. Results And Discussion

3.1 Forward Design
After the feature value are linearly normalized, the data sets are shu�ed (Break down the contingency of
data arrangement and prevent over-�tting). The loss functions of the training and testing set of the two
models are shown in Fig. 4. The setting of the training epochs size determines the �tting procedure of the
model, and the loss value of the training set generally decreases as the training epochs size increases.
Whereas, after the loss value drops to a certain degree, if the training is continued, the model will be
over�tting due to the loss increasing process. On the contrary, too small epochs size will result in
under�tting [17]. Hence, the appropriate training step length is very important for forward and inverse
design. It can be seen that the LightGBM model converges quickly in the �rst 500 training epochs. In the
subsequent training, the convergence rate gradually decreased and reached stability after 2000 epochs,
and the �nal optimal training step size was 5000. Its loss values for training and testing are 4.0E-04 and
1.113E-02, respectively. The XGBoost also converges quickly in the �rst 500 epochs, and gradually
stabilizes after 1000 epochs of training. The optimal training epochs size is 3000. It has a stable training
loss value of 9.4E-04 and a stable testing loss value of 1.62E-03. The loss values of other parameters are
shown in appendix �g. S2, S3.

 

Figure 4. Model convergence of XGBoost and LightGBM (Parameter y1).
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The predicted value and target value of forward design are shown in Fig. 5, 6 (x1 ~ x6). The XGBoost and
LightGBM predicted of re�ectivity index shown in appendix �g. S4, S5 (x7 ~ x15). The degree of deviation
between the target value and the predicted value under the standard line, and the vertical distance from
the dotted line indicates the error of the prediction. From the distribution of the value, it can be concluded
that the deviation between the true value and the predicted value is small. The �tting effect at the last few
parameters index is almost the same as the true value. In the prediction of 15 y datasets, the overall
prediction accuracy of XGBoost was better compared to LightGBM.

 

Figure 5. The distribution of predicted and true values in the test set (F-XGBoost).

 

Figure 6. The distribution of predicted and true values in the test set (F-LightGBM).

The distribution of the predicted and true values of the refractive index in the test set is shown in Fig. 7.
The three-dimensional structure makes it easier to see the distribution of the true value and the predicted
value. Although there is a certain difference in the size of the value, all index is distributed on an inclined
plane. Compared with the LightGBM model, the XGBoost model predictive value has a smaller degree of
dispersion.

 

Figure 7. The distribution of the predicted value and target value of y refractive index in the test set

(a: F-XGBoost, b: F-LightGBM).

In order to evaluate the predictive performance of algorithms, four standard metrics were selected: Root
Mean Square Error (RMSE) [18], Mean absolute error (MAE) [19], Pearson correlation (R) [20], and
Regression coe�cients (R2) [21].

The error between the predicted value of the prediction model and the simulated value of FDTD re�ects
the resilience for new data sets of the model. Compared with previous work, we have scrambled the data
to prevent accidental problems. Comparing the predicted value curves of FDTD and XGBoost in the test
set, it is observed that the two curves almost completely overlap (parameters 1 to 6), and the prediction
curves of other parameters have small errors in some areas of the FDTD simulation curve (Fig. 8, 9).
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Compared with the LightGBM model, the performance of XGBoost is more stable, and the predicted value
is closer to the simulated value (Appendix �g. S6, S7).

 

Figure 8. Curve of FDTD simulation value and model prediction value(F-XGBoost).

 

Figure 9. Curve of FDTD simulation value and model prediction value(F-LightGBM).

Performance metrics is an important evaluation index to measure the generalization ability of the model.
The Pearson correlation coe�cient curve is stable (0.90 ~ 1.00). It shows that the structural parameters
have a strong correlation with re�ectivity value. The overall re�ectivity prediction accuracy of XGBoost is
better than that of LightGBM, with 13 refractive indexes accuracy above 0.950. The value of RMSE and
MAE can accurately re�ect the error size of the model. As can be seen from the distribution of values in
the �gure, the minimum values of RMSE and MAE for the LightGBM model are 0.0353 and 0.0217,
respectively. For XGBoost, the RMSE and MAE minimum vales are 0.01 and 0.0062, respectively. XGBoost
model has a better �tting for data. (Fig. 10). This related to the different decision tree growth strategies of
the two algorithms. XGBoost uses the Level-wise strategy to learn features more e�ciently than Leaf-
wise. The predictive performance of test sets at different proportions are shown in appendix table S5.

 

Figure 10. Model performance metrics (a: F-XGBoost, b: F-LightGBM).

3.2 Inverse Design

 

Figure 11. Distribution of predicted and true values in test data (I-XGBoost).

(a) parameters x1. (b) parameters x2. (c) parameters x3. (d) parameters x4

In the inverse design, the refractive spectrum is input into the model to predict the structural parameters.
We demonstrate predictive for four main structural parameters. The models show good performance, and
the LightGBM model is more stable and accurate in parameters x1 compared with XGBoost, while
parameter x2 is the opposite. There are small errors in structural parameters x3 and x4. Among the
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deviations between the overall predicted value and the true value. The LightGBM model structure has
better resilience for new datasets. (Fig. 11).

Select the �rst 20 data in the test set for observation and comparison. In the prediction of structural
parameters x1 and x3, there are only two deviations between the predicted value and the true value. There
were three deviations in the x4 prediction. The predicted value of the structural parameter x2 is
completely consistent with the true value (Fig. 12). The model has achieved the target effect in the design
of structural parameters and has potential for the design of new metamaterials. Then the design of the
metamaterial structure is more diverse.

 

Figure 12. The predicted and target values of six structural parameters in inverse design

(I-LightGBM).

In the inverse design performance metrics value. The maximum RMSE value is 0.006 and the minimum
value is 0.004 (LightGBM). The minimum RMSE value of XGBoost reached 0.002, which is even smaller.
It shows that the error between the true value and the predicted value is small. In the prediction of
structural parameters x1 and x2, the optimal regression coe�cients (R2) are 0.997 (LightGBM) and 0.999
(XGBoost). The predictions of structural parameters x3 and x4 also have good accuracy (Table 3). From
the graphical distribution of the two models, the overall performance of XGBoost is more stable (Fig. 13).

Table 3. Evaluation index of model in inverse design.

Algorithm Parameter RMSE MAE R R2

LightGBM x1 0.003  0.003  1.000  0.997 

  x2 0.006  0.004  0.996  0.989 

  x3 0.006  0.005  0.944  0.738 

  x4 0.004  0.003  0.988  0.902 

XGBoost x1 0.002  0.001  1.000  0.999 

  x2 0.004  0.002  0.997  0.993 

  x3 0.002  0.001  0.970  0.934 

  x4 0.003  0.001  0.982 0.941 
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Figure 13. Comparison of XGBoost and LightGBM performance metrics.

(Lower left: R; Upper left: RMSE; Lower right: R2; Upper right: MAE)

Compared with the deep learning inverse design method in the reference, we added more performance
indicators to evaluate the model, and veri�ed the performance of the model through indicators. The
two algorithm models achieve smaller errors and higher accuracy. Therefore, XGBoost and LightGBM
model have a supporting research role in metamaterial design.

4. Conclusion
In this paper, we demonstrate the application of the LightGBM and XGBoost algorithms in the forward
and inverse design of metamaterials. The forward design simulation software simulates the refractive
index. The designed inverse framework can use the input re�ectivity value to design the metamaterial
parameter structure, which greatly reduces the time required to solve the inverse problem, and generates
new metamaterial structures through �exible combinations. The experimental results show that the
forward and inverse LightGBM average regression coe�cient values are 0.876 and 0.907, respectively.
Compared with LightGBM, XGBoost has better performance in forward and inverse design (F-R2: 0.956; I-
R2: 0.967). Not only the performance metrics has been greatly improved, but the two models have small
requirements for the equipment. This provides a good tool for the aid of FDTD solutions simulation
experiment. Our study opens a new avenue to realize the prediction of metamaterial re�ectivity and
structure parameter, and the LightGBM can also inspire the inverse design of other metamaterials and
photonics. Nevertheless, although the predicted �tting value has reached a high accuracy, it is limited to
the study of the structural parameters and re�ectivity of speci�c materials. Accordingly, the next step is to
add material characteristics to the input dimensions to broaden the design of metamaterials.
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Figure 1

Geometry and parameter of the structures studied in this paper.
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Figure 2

The process of predicting refractive index by forward design framework.

Figure 3

The process of predicting structural parameters by inverse design framework.



Page 14/20

Figure 4

Model convergence of XGBoost and LightGBM (Parameter y1).

Figure 5

The distribution of predicted and true values in the test set (F-XGBoost).
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Figure 6

The distribution of predicted and true values in the test set (F-LightGBM).

Figure 7

The distribution of the predicted value and target value of y refractive index in the test set

 (a: F-XGBoost, b: F-LightGBM).
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Figure 8

Curve of FDTD simulation value and model prediction value(F-XGBoost).

Figure 9
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Curve of FDTD simulation value and model prediction value(F-LightGBM).

Figure 10

Model performance metrics (a: F-XGBoost, b: F-LightGBM).
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Figure 11

Distribution of predicted and true values in test data (I-XGBoost).

(a) parameters x1. (b) parameters x2. (c) parameters x3. (d) parameters x4
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Figure 12

The predicted and target values of six structural parameters in inverse design

(I-LightGBM).
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Figure 13

Comparison of XGBoost and LightGBM performance metrics.

 (Lower left: R; Upper left: RMSE; Lower right: R2; Upper right: MAE)
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