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Research on stock price forecasting based on FWGAN model
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Abstract: In order to reduce the impact of noise information and investor sentiment on stock prices,
bring investors higher investment returns and lower transaction risks, a generative adversarial
networks stock price forecasting model was proposed on the basis of financial bidirectional encoder
representation from transformers and Wasserstein distance (FWGAN). This model firstly collected the
stock evaluation data of eastmoney. com, and then quantified those data into sentiment values by virtue
of the natural language processing pre-training model. Finally, the sentiment values, together with the
historical stock transaction data and technical index data, were input into the long-short-term memory
network (LSTM) to conduct training in the FWGAN model consisting of a generator and a
convolutional neural network (CNN) as a discriminator. Comparing the forecasting performance of the

LSTM model, the gated recurrent units (GRU) model and the generative adversarial networks (GAN)
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model on Shanxi Fenjiu stock price, the results show that the root mean square error of FWGAN
model is 2. 572, which is the lowest, achieving the best forecasting effect. Experimental results have
verified the effectiveness and superiority of this model for stock time series forecasting, which can
provide reference for investors to forecast stock prices.

Keywords: stock price forecasting; shareholder sentiment; generative adversarial networks

stock price forecasting model; time series
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