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Table 1 The structure of the network model

net layer neurons activation function
Q input 16 220 RelLU
Q hidden_1 4096 RelLU
Q hidden_2 1024 RelLU
Q hidden_3 512 ReLU
Q output 256 Sigmoid
P,. P, input 256 RelLU
P,, P, hidden_1 4 096 RelLU
P,, P, hidden_2 1024 RelLU
P.,. P, hidden_3 512 RelLU
P,. P, output 256 Sigmoid
D., D, input 16 220 RelLU
D.,, D, hidden 1024 RelLU
D., D, output 1 Sigmoid
D, input 256 RelLU
D, hidden 128 RelLU
D, output 1 Sigmoid
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Table 2 The comparison of the two methods

9000

plate. MID. fiberid WDXl_emp MlXemp Wgtt:mp \t];:nl}\)/[
0313-51673-0543 16 000 3 200 16 000 3300
0335-52000-0489 19 000 3 800 18 000 3900
0350-51691-0007 16 000 3 800 16 000 4 000
0352-51789-0045 35 000 2 800 35 000 2 700
0360-51816-0185 14 000 3 800 14 000 4 000
0421-51821-0463 16 000 3300 16 000 3100
0434-51885-0421 15 000 3 000 14 000 3 000
0438-51884-0634 50 000 3700 50 000 3 500
0452-51911-0067 15 000 2 900 15 000 2 800
0473-51929-0023 50 000 3 600 50 000 3 500
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Study on Spectra Decomposition of White Dwarf Main-Sequence Binary
Stars Based on Generation Antagonistic Network

JIANG Bin, QU Mei-xia, LI Qing-wei, CAO Shu-hua, ZHONG Yun-peng”
School of Mechanical, Electrical & Information Engineering, Shandong University, Weihai, Weihai 264209, China

Abstract White dwarf main sequence binary star (WDMS) is a kind of binary star system, the main star is a white dwarf star,
and the companion star is a small mass main-sequence star. WDMS has an important meaning to study the evolution of close
binary stars, especially the evolution of the common envelope. Many physical parameters, such as effective temperature, metal
abundance. and surface gravity acceleration can be obtained by studying the spectra of WDMS, The accurate measurement of
these physical parameters can not only solve the classification problem of WDMS but also provide basic data for the study of
binary star theoretical model. The spectra of WDMS is synthetic spectra, which consists of the spectra of the main star and
companion star. WDMS spectra have two major limitations, one is noise interference, and the second is that the blue and red
parts are suppressed by the spectral characteristics of the host and companion stars respectively. It is very meaningful to obtain
the spectra of white dwarf and companion star by analyzing the spectra of WDMS. At present, the main decomposition method is
to use a large number of the white dwarf and M-type star template spectra to fit the WDMS spectra and use the best combination
of a group of spectra to represent the spectra of white dwarf and companion star, so as to obtain various physical parameters of
stars. This method needs to traverse all spectral combinations and will consume many computing resources due to the matching
by the template. Generative adversarial network (GAN) has a good effect and application in signal reconstruction. Based on
GAN, this paper constructs a neural network to decompose the spectra of WDMS and directly generates the spectra of white
dwarf{ and companion star through the network. The network model in this paper is an unsupervised learning model, and only
three kinds of spectra including WDMS spectra, white dwarf and M-type template spectra, are required for model training,
without the intermediate results of other decomposition methods. The model proposed in this paper is easy to be optimized, and
some network models can be replaced by CNN and RNN etc. The improvement and optimization methods that can be used to the
neural network are also applicable to the network model in this paper. The experimental model in this paper was built with
PyTorch deep learning framework and use GPU for accelerated training. This method is used to decompose 1 746 WDMS spectra
of SDSS. Compared with other methods. the results show that the trained network model can give similar results with less
computational resources. It proves that this model has a good ability to decompose spectra. This method can also be applied to

the decomposition of other binary star spectra.
Keywords WDMS; GAN; Spectra decomposition
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