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Abstract

Treasury bond is an important form of interest rate debt, and its yield to maturity plays a key ref-
erence role in the economic and financial system. At present, the market has put forward higher
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requirements for the prediction accuracy of treasury bond yield, which is not only reflected in the
judgment of macroeconomic trends, but also reflected in the trading of micro interest rate bonds.
However, macroeconomic analysis involves numerous and complex indicators, and the leading and
lagging relationships between indicators are constantly changing, which limits the accuracy and
precision of traditional qualitative and quantitative analysis methods in forecasting. In view of this,
this paper adopts a new deep learning prediction model to predict the yield of long-term treasury
bond, and compares it with the basic LSTM model. This model integrates Convolutional Neural Net-
work (CNN), Long Short Term Memory Network (LSTM), and Attention Mechanism (AM). Firstly,
feature extraction is performed on the input data using CNN; Then, LSTM uses these characteristic
data to predict the yield of treasury bond the next day; Finally, the amplitude modulation method
is used to capture the impact of different time characteristic states on treasury bond yield, so as to
improve the accuracy of prediction. According to the research results of machine learning time
series prediction technology, the integrated CNN-LSTM-Attention model can achieve better prediction
performance compared to the basic LSTM model. This paper verifies this and the results obtained
are consistent with this.
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Figure 1. Structure diagram of CNN
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Figure 2. Mechanism diagram of LSTM
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Table 1. Daily frequency feature index system
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Table 2. Sample descriptive statistics of variables in the index system
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mean 4.46 25.72 129.11 66.33 3193.85
std 0.74 8.83 29.50 19.74 339.80
min 3.05 15.62 77.76 13.28 2464.36
25% 3.88 20.09 106.46 50.80 2978.65
50% 4.37 22.60 137.75 65.54 3168.65
75% 4.96 26.56 149.50 79.26 3361.46
max 6.46 52.40 213.81 137.71 5166.35
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Table 3. Parameters of the LSTM model structure
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Learn_rate 0.0001
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batch_size 30
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Figure 4. Loss function and prediction effect diagram of the LSTM model; (a) Loss function diagram; (b) Prediction effect diagram
4. LSTM REUNIRK BB R FUNEERE; (2) MKBHE; (b) FUMHRE
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2) CNN-LSTM-Attention 1574
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Table 4. Set parameters of the CNN-LSTM-Attention model
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Learn_rate 0.0003
pooling_method maxpooling
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Figure 5. Loss function and prediction effect diagram of the CNN-LSTM-Attention model; (a) Loss function diagram; (b)
Prediction effect diagram
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Table 5. Comparative analysis of empirical results
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