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Spectroscopy and Spectral Analysis
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Fig.1 WDMS Spectrum
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Table 1 Network Structure for GAN

net layer neurons af
G(z) input 100 RelLU
G(2) hidden 128 Rel.U
G(2) output 3522 Sigmoid
D(x) input 3522 RelLU
D(x) hidden 128 RelLU
D(x) output 1 Sigmoid
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Fig. 5 Real spectra and generated spectra
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Automatic Identification of WDMS Spectra Based on Anti-Bayesian
Learning Paradigm

JIANG Bin, ZHAO Zi-liang, HUANG Hao, ZHONG Yun-peng, ZHAO Yong-jian, QU Mei-xia”

School of Mechanical, Electrical & Information Engineering, Shandong University, Weihai, Weihai 264209, China
Abstract Astronomical spectrum is an important research object in astrophysics. Many physical and chemical properties such as
effective temperature, metal abundance, surface gravity and radial velocity can be inferred according to the spectra. The white
dwarf main sequence binary star (WDMS) is a kind of binary star system, which is of great significance to the study of the evolu-
tion of binary stars, especially the evolution of post-common envelope. Domestic and foreign survey telescopes such as SDSS and
LAMOST generate massive spectral data every day and such a large amount of spectral data cannot be analyzed manually. There-
fore, it is very practical to use the machine learning method to automatically search for the WDMS spectra from the massive sur-
vey spectra. Current automatic spectral identification methods mainly depends on the existing labeled samples. Nevertheless, the
number of WDMS spectra is limited. To accurately study the spectral features of WDMS spectra through a limited sample set, it
is necessary to increase the number of samples and improve the accuracy of the feature extraction algorithm simultaneously. In
the previous work, a batch of WDMS spectra was identified through machine learning methods in the sky survey data. providing
data source for the experiment. In this paper, the generative adversarial network (GAN) is used to generate new WDMS spectra
and expand the training data volume to about twice the original data set, which enhances the generalization ability of the classifi-
cation model. By modifying the loss function by Anti-Bayesian learning method, the value of the loss function is correlated with
the variance of the sample, which suppresses the influence of abnormally large data on the model. It improves the robustness of

the model and solves the problems like vanishing gradient and getting stuck in a local optimal solution caused by the deviation of
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the training sample. The experiments in this paper are based on the Tensorflow deep learning library. The GAN built by Tensor-
flow is robust and encapsulates the internal implementation details, making the algorithm itself better represented. In addition,
the Convolutional Neural Network (CNN) built by Tensor flow was used in this experiment for classification accuracy testing.
The experimental results show that the two-dimensional convolutional neural network can use the convolution kernel to effective-
ly extract the convolution characteristics of WDMS spectra and classify them. The convolutional neural network classifier based
on the anti-Bayesian learning strategy achieves an accuracy of about 98. 3% in the identification task of original WDMS spectra
and GAN generated data. The method can also be used to search for other specific targets such as cataclysmic variable stars or

supernova in the massive spectra of the telescope.
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