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Abstract. In this paper, the convolutional neural network and long
short-term memory (CNN-LSTM) neural network model is proposed to
analyse the quantitative strategy in stock markets. Methodically, the
CNN-LSTM neural network is used to make the quantitative stock selec-
tion strategy for judging stock trends by using the CNN, and then make
the quantitative timing strategy for improving the profits by using the
LSTM. It is demonstrated by the experiments that the CNN-LSTM
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2.2 LSTM
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Table 1. The parameters for CNN-LSTM.

Parameters CNN LSTM
Input layer 1 1
Conv/LSTM hidden layer | 2 1

FCN hidden Layer 2 1

Output layer 1 1

Epoch 500 100
Activation ReLU, Tanh | Tanh
Weight Normal(0,1) | Normal(0,1)
Optimizer Adam Adam
Learning rate 0.001 0.001
Objective function Cross-entropy | Cross-entropy
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Fig. 3. The position ratios of CNN-LSTM model in the test dataset.

The net value curve
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Fig. 4. The net value curves of Benchmark, CNN-LSTM and Momentum.

Table 2. The comparison of the results

Benchmark | CNN-LSTM | Momentum
Annualized rate of return | 0.136 0.309 —0.118

Maximum retracement 0.443 0.241 0.689
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