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Incremental Generative Adversarial Network
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Abstract In this article, first, the advantages of laser communication links are introduced. Then, end-to-end
learning based on generative adversarial network improves the real-time and global optimization of the
communication system. Finally, because of the lack of robustness in the system caused by the training set cannot
contain all situations during the training process of the offline learning mode of the system, a self-organizing
incremental learning method is introduced to improve online incremental training of the end-to-end system.
Experiment results show that by implementing the self-organizing incremental learning method, the end-to-end
communication system can simulate the channel effect efficiently, and it greatly improved the real-time optimization
and robustness of the system.
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Fig. 1

Flow chart of the online learning system. (a) End-to-end communication system; (b) online incremental end-to-end

learning system
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Table 1 Environmental parameters of the experiment

Parameter

Windows10, 64 bit

Category

Operating system

Processor Intel 17 9700K
GPU GTX 1060
RAM 16 GB DDR4 1600 MHz
Anaconda3 5.2.0
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Table 2 Parameters of the model

Parameter Value
Transmitter hidden layers 32, 32
Learning rate 0. 0005
Receiver hidden layers 32, 32
Learning rate 0.0005
Generator hidden layers 128, 128, 128
Discriminator hidden layers 32, 32, 32
Learning rate 0.0001

#3 FSORGMIEEZH

Table 3 Parameters of FSO system and channel

Parameter Symbol Value
Link distance /km L 100

Laser wavelength /nm A 1550

Photoelectric conversion efficiency R, 1
Receiver diameter /mm D, 200
Refraction parameters C) 2.7X10°"

Rytov variance(Log) o1 0.24

Rytov variance(G-G) Oro 1.7
4R Foursquare 55 4E .
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Fig. 5 Accuracy and loss function curves of different networks. (a) Accuracy; (b) loss function
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