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Fig 3 Forecasting results of different vo htility m odels
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) M, N
M,. :
1) , , )
ARFMA-IRRV
, HMSE HMAE

B

® P. R H ansen

0X SPA

[3~ 5]



5 SPA — 97 —
— (MFV) ,
ARFMA ARCH /GARCH , H ansen and Lunde
sV RV SPA e
)
RV SV
) GARCH
)
4 SPA
Table4 SPA results for different vo htility forecasting results
A ltematve modelsM,
L, BasemodelM,
ARFMA-BMFV [ ARFMA-hRV SV GARCH
MSE ARFMA-IMFV — 0. 031 0. 040 0. 041
ARFMA-hRV 0. 969 — 0. 967 0. 929
SV 0. 960 0. 033 — 0. 045
GARCH 0. 959 0. 071 0. 955 —
MAE ARFMA-IMFV — 0. 43 0. 358 0. 372
ARFMA-=hRV 0. 957 — 0. 970 0. 984
SV 0. 642 0. 030 — 0. 408
GARCH 0. 628 0. 016 0. 592 —
HMSE ARFMA-MFV — 0.955 0. 990 0. 992
ARFMA-RRV 0. 045 0. 972 0. 988
SV 0. 010 0. 28 — 0. 992
GARCH 0. 008 0. 012 0. 008 —
HMAE ARF MA-EMFV — 0.854 0.995 0.999
ARFMA-hRV 0. 146 — 0. 980 1. 000
SV 0. 005 0. 020 — 0. 999
GARCH 0. 001 0. 000 0. 001 —
QLKE ARFMA-IMFV — 0. 005 0. 017 0. 020
ARFMA-=hRV 0. 995 0. 954 0. 817
SV 0. 983 0. 46 — 0. 064
GARCH 0. 980 0. 183 0. 980 —
R2LOG ARFMA-IMFV — 0. 019 0. 415 0. 533
ARFMA-hRV 0. 981 — 0. 989 0. 985
SV 0. 585 0. 011 — 0. 664
GARCH 0. 467 0. 015 0. 336 —
1000 bootstrap SPA p oD M, M,
) , ) SV GARCH

(RV

MFY
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M ultifractal volatility m easurg its model and SPA test in financialm arket

WEI Yu
School of E conam ics& M anagen en} Sou tw est Jiaotong Un versity Chengdu 610031, China

Abstract In this paper a new vohtility measurg multifractal volatility is constructed Base on about 8
years high-frequency data of SSEC, we choose ARFMA model as the dynam icm odel ofmu ltifractal vo latility
and use SPA by H ansen and Lunde( 2005) to test the pred cting perform ance of the mu ltifractalm odel and oth-
er popularmodels such as R ealized volatilitymode] GARCH and Stochastic volatility model The empirical
results show that Drsame kinds of loss functbns multifractal volatility m easure and its ARFMA model have
better pred ictng perfom ance han other existing volatility models

Key words mu ltifractal volatility, realized volatility volatility measures predicting SPA test



