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Table 1 Descriptive Statistics for Data Sample
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Figure 2 Trend Chart of Logarithmic Return
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Table 2 Residual Square of Logarithmic Return

Ay BHXRH WREHAXRE Q&itE #i%
1 0.286 0.286 17.054 0
2 0.061 -0.023 17.823 0
3 0. 106 0. 104 20.195 0
4 0.113 0. 061 22.3898 0
5 0.130 0. 089 26.499 0
6 0.063 -0.005 27.356 0
7 0.197 0.187 35.651 0
8 0.031 -0.109 35.859 0
9 0.081 0.107 37.297 0
10 0. 166 0. 084 43.312 0
11 0.126 0.049 46.772 0
12 -0.018 -0.123 46.874 0
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Table 3 AIC Value of Different Models
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' (3.490)  (2.438)  (3.716)  (2.811)
~0.126 0. 141 ~0.118

[0

? (-1.246)  (3.438) ( -0.818)
a 0.116
g 0.718 0.730 ~0.286 1.290
' (17.950)  (13.405) ( -4.723)  (6.786)
a5 0. 695 -1.370
# (19.127) ( -6.989)
0.497
Bs (7.061)

L 3168.790 3169.800 3 189.460 3 178.490
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Table 4 Descriptive Statistics of GARCH Model
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Table 5 Comparison of Loss Function
FERY MAD MSE
GARCH 1.462E-02  3.494E-04
HMM-GARCH 1. 176E-02 1.627E-04
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Figure 3 Volatility Index of CSI300 Index Futures
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Abstract : The volatility of a futures market reflects the activity and liquidity of the market. For governments, it is a vital source
of decision-making to conirol the market; while for investors, it is a useful tool to measure risks and achieve asset maintenance.
Previous studies have shown that the GARCH ( generalized auto regressive conditional heteroskedasticity) model is more respon-
sive to market data than ARCH ( auto regressive conditional heteroskedasticity) model because of the inclusion of the prediction
variance over the past period. In practice, however, the GARCH model often fails to adapt to the structural changes in the finan-
cial market because of the discreteness of the data, which leads to the inefficiency of the volatility prediction effect.

To solve the above problems, this paper attempts to predict the volatility of Chinese futures market returns by combining
HMM (hidden Markov model) and GARCH. Firstly, this paper calculates the volatility series of futures by GARCH model.
Then it clusters the volatility series to obtain the observation sequence through K-means method. After that, it divides the state of
volatility according to the HMM model, and obtains the volatility under different conditions by substituting the corresponding rates
of different states into the HMM-GARCH model. Finally, it calculates the volatility index using the VIX ( volatility index) formu-
la. Followed by the above logic, this paper selects the CSI 300 stock index futures as the experimental subject, and chooses May
2015 to April 2016 as the sample period to verify the validity of the model.

In the experiment results, the two loss function values { MAD: mean squared difference and MSE: mean squared error) of
the HMM-GARCH model are both lower than those of the GARCH model, indicating that the fitting loss and errors of the HMM-
GARCH model are less. Compared with the GARCH model, the HMM-GARCH model can better fit sample data and predict mar-
ket signals. In addition, according to the forecasting of volatility index, the price of CSI 300 stock index futures changed from a
small amount of frequent volatility in the previous period to a large jump in volatility. Since then, the volatility remained at a high
level and had a growth trend. Eventually, it continued to turn into sharp jumps. Such fluctuation of CSI 300 stock index futures
is consistent with its actual fluctuation.

Therefore, the HMM-GARCH model described in this paper can better measure the volatility of Chinese futures market and
reflect the expectations of futures investors for future domestic futures markets. At the same time, it can provide the basis for the
government to set the pricing of financial derivatives, provide ohjective quantitative indicators for investors to measure market
risk,, choose a speculative strategy, and rationally allocate assets, which will help cultivate investors' rational investment and pro-
mote the prosperity and stability of Chinese futures market.

Keywords : futures market volatility; hidden Markov model; generalized autoregressive conditional heteroscedasticity method;
HMM-GARCH model ; volatility index
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