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. OptionMetrics
) 1 576 552 (1 MLE_SMC
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( ). BNS cgmy_l_m.
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) BNS gam_o Gamma
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60 ) (3) - SMC Gamma
BNS gam_g Gamma
BNS gam_l_g; CGMY
.(2) BNS cgmy_g CGMY
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1
Table 1 Initial value of parameter
A & K a b p
gau_m 0.1 0.01 — — — —
gau_l_m 0.1 0.1 — — — -0.1
gam_m 1 — — 1 300 —
gam_|_m 1 — — 1 300 -0.01
cgmy_m 1 — 0.1 10 5 —
cgmy_l_m 1 — 0.1 10 5 -1
gau_o 0.1 0.01 — — — —
gau_l_o 0.1 0.1 — — — -0.1
gam_o 1 — — 1 300 —
gam_l_o 1 — — 1 300 -0.01
cgmy_o 1 — 0.1 10 5 —
cgmy_l_o 1 — 0.1 10 5 -1
gam_g 1 - — 1 300 —
gam_l_g 1 — — 1 300 -0.01
cgmy_g 1 — 0.1 10 5 —
cgmy_l_g 1 — 0.1 10 5 -1
Heston 0.1 — — 0.1 0.5 -0.9
— SMC 2 000
v, 8 000
) Yk
y, =c(1/k)° c>0 12 <as< ( ). _SMC
1 o
; o 1
MLE_SMC COMY (
a a=2/3. BNS
- SMC
C c
MLE - SMC
Peng - SMC
10 000 1 000
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2
Table 2 Parameter estimates of models
A 5 K a b p
gau_m 0.000 7 0.033 6 — — — —
gau_l_m 0.000 4 0.081 8 — — — -0.000 4
gam_m 0.640 8 — — 0.940 0 101.000 4 —
gam_l_m 0.8735 — — 0.903 5 296.385 6 -0.009 5
cgmy_m 1.003 4 — 0.100 1 10.169 0 5.001 9 —
cgmy_l_m 1.020 1 — 0.099 5 10.266 8 5.034 2 -0.9533
gau_o 0.003 5 0.026 1 — — — —
gau_l_o 0.003 8 0.047 6 — — — -0.034 7
gam_o 0.934 2 — — 0.501 4 100.237 2 —
gam_l_o 0.608 5 — — 1.540 6 198.112 4 -0.0207
cgmy_o 0.927 2 — 0.088 7 9.865 8 4.3199 —
cgmy_l_o 1.1455 — 0.098 6 7.500 8 4.972 5 -0.8529
0.907 2 0.2415 314.685 4
gam_g - - -
(0.0142) (0.000 3) (1.842 5)
0.860 9 0.229 4 321.270 1 -0.334 8
gam_l_g — —
(0.015 5) ( 0.004 7) (1.915 1) (0.032 4)
0.9075 0.076 8 19.229 7 2.378 3
cgmy_g — _
(0.0029) (0.0004) | (1.5140) (0.028 8)
0.904 3 0.076 0 21.428 3 2.3737 -1.1824
cgmy_l_g —
(0.002 8) (0.0005) | (1.3344) (0.028 6) (0.030 7)
Heston 0.130 1 — — 0.026 4 2.043 4 -0.953 8
4.3 1: price,, i FFT
2 RMSE
ARPE
BS
( root mean squared 4.3.1
error RMSE)
( average relative percentage error ARPE) ( K/S
- ; 2
RMSE _ z ( prl’cemurkel B prlcemodel)
option #OptiOTlS
1 markes - ricemﬂ( e 1 30 ( 30 60
ARPE = : A.t 14 lel
#OplLonSUprionx Prlcemarket ( 60 180 ( 180 360
#options DPrice, . i (360 720 ( 720)
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K/S 0.8 0.80.9 (0.9 0.95 RMSE
(0.950.975 (0.975 1 (1 1.025 (1.025 Heston (
1.05 (1.05 1.1 (1.1 1.2 1.2. ) ;
cgmy _g-
cgmy_l_g  cgmy_l_o
(1) ( RMSE) ; Heston
RMSE ;
gam_m
(2) ( RMSE)
@D . Hes— RMSE
ton
;egmy_l_o (K/S >1.1)
)
@ cgmy_l_o RMSE
.cgmy_l g ; Hes— @)
ton RMSE . Heston ; cgmy_l
o K/S 1 (0.975 1.025 cgmy_g g
cgmy_l_o ;egmy_l_o 6
( K/S > 1.1) RMSE .cgmy_l g
©) ( K/S 1.1) ; cgmy_l_o
.cgmy_g RMSE
;egmy _l_g K/S (0.8 0.9 (1 @
1. 025 ; 0.9 < K/§<0.975 Heston
Heston : K/S cgmy_l_g
@ RMSE
cgmy_g cgmy_l_g ®
. Heston cgmy_l_g
(1.05 < K/S<1.2) © .gau_l_o
®
cgmy_g
yegmy_1_g ( RMSE
0.8 (1 1.025) ; cgmy_l_g cgmy_l_o
(K/S >1.1) Heston ( ) ;
gau_l_o
©
gam_m (3) ( ARPE)
; gam_o ( K/S > ARPE
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Table 3 Insample fit measured via ARPE with different parameter estimation methods
ARPE ARPE
cgmy_|_m 0.397 3 cgmy_l_m 0.570 4
cgmy_l_o 0.386 3 cgmy_l_o 0.573 3
cgmy_l_g 0.4259 cgmy_l_g 0.558 7
Heston 1.003 1 Heston 2.2959
BS 0.6815 BS 0.617 1
3
cgmy_l_m ~cgmy_l_o cgmy_l_g
Heston BS
) cgmy_l_o
ARPE 0.386 3 ; cgmy BNS
g ARPE 0.558 7 . Gamma BNS CGMY
(2) Lévy BNS BNS
4
4 Lévy BNS ARPE  ( )
Table 4 Insample fit measured via ARPE for the differnent calibrated models
ARPE ARPE
gau_l_o 0.673 4 — —
gam__o 0.478 1 gam_|_g 0.565 7
cgmy_l_o 0.386 3 comy__g 0.558 7
Heston 1.003 1 Heston 2.2959
BS 0.681 5 BS 0.617 1
4 cgmy_l_o (3)
gam_l_o gau_l_o
BS - SMC
Heston . cgmy_l_g CGMY BNS
gam_l_g CGMY BNS
BS Heston . 5.
5 ¢ i ( )
Table 5 The effect of leverage ratio on the option pricing of BNS models
ARPE ARPE
cgmy_o 0.407 1 cgmy_g 0.560 2
cgmy_l_o 0.386 3 cgmy_l_g 0.558 7
Heston 1.003 1 Heston 2.2959
BS 0.681 5 BS 0.617 1
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Table 6 Out-of-Sample performances via APER in option pricing

gau_m 0.3139 0.026 9 1.252 7 0.623 7 0.061 7 0.795 6
gau_l_m 0.3135 0.026 9 1.2511 0.623 8 0.061 6 0.7957
gam_m 0.303 7 0.028 3 1.204 6 0.627 7 0.066 1 0.799 5
gam_l_m 0.290 0 0.030 7 1.138 3 0.6355 0.073 4 0.807 4
cgmy_m 0.285 4 0.032 3 1.113 4 0.640 2 0.078 3 0.812 1
cgmy_l_m 0.2850 0.032 4 1.1115 0.640 4 0.078 5 0.8123
gau_o 0.312 6 0.026 7 1.247 7 0.624 1 0.061 1 0.796 3
gau_l_o 0.316 3 0.026 5 1.264 4 0.624 6 0.060 3 0.797 2
gam_o 0.291 0 0.030 3 1.143 9 0.6337 0.072 0 0.805 6
gam_l_o 0.300 5 0.028 6 1.189 7 0.628 8 0.066 8 0.800 7
cgmy_o 0.286 9 0.0320 1.120 8 0.639 3 0.077 3 0.8112
cgmy_l_o 0.282 4 0.0329 1.098 7 0.642 0 0.080 0 0.8139
gam_g 0.287 6 0.0316 1.125 1 0.638 3 0.076 2 0.810 2
gam_l_g 0.288 5 0.0315 1.129 5 0.637 7 0.0757 0.809 6
cgmy_g 0.317 6 0.029 8 1.2590 0.630 7 0.071 6 0.801 8
cgmy_l_g 0.316 6 0.030 2 1.253 6 0.629 5 0.069 2 0.800 9
Heston 0.651 9 0.048 1 2.627 1 2.0715 0.148 3 2.659 7
BS 0.3154 0.027 0 1.2590 0.695 8 0.062 1 0.889 6

4.5
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; price( mod ¢
( quantile of relative difference QRD)) “ p =0.95
( dayto-day price difference) ”
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(QRD ) P 2010 - 01 —02 2014 -
08 -31 1173 320
QRD =
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(50) ORD
7
Table 7 The stability of the model via quantile of relative difference
gau_m 0.143 078 0.004 788 0.761 459 0.068 375 0.010 728 . 088 425
gau_l_m 0.136 041 0.004 792 0.728 745 0.070 007 0.010 733 .090 624
gam_m 0.151 552 0.004 648 0.789 568 0.067 618 0.010 583 . 087 506
gam_l_m 0.154 467 0.004 471 0.843 331 0.065 669 0.010 373 . 085 565
cgmy_m 0.149 239 0.004 350 0.876 807 0.064 36 0.010 229 .084 117
cgmy_l_m 0.149 324 0.004 343 0.876 255 0.064 29 0.010 223 .084 043
gau_o 0.141 807 0.004 808 0.825 892 0.068 844 0.010 766 .089 154
gau_l_o 0.133 242 0.004 833 0.832 184 0.071 026 0.010 817 .092 419
gam_o 0.147 747 0.004 488 0.752 845 0.066 056 0.010 398 . 085 826
gam_l_o 0. 154 865 0.004 633 0.840 789 0.067 408 0.010 574 .087 332
cgmy_o 0.149 710 0.004 382 0.877 858 0.064 648 0.010 261 .084 451
cgmy_l_o 0.148 760 0.004 291 0.874 893 0.063 79 0.010 163 .083 484
gam_g 0.155 069 0.004 408 0.862 249 0.064 921 0.010 29 .084 759
gam_|_g 0.153 974 0.004 424 0.867 647 0.065 099 0.010 313 .084 953
cgmy_g 0.149 636 0.004 585 0.829 890 0.067 129 0.010 621 .087 425
cgmy_l_g 0.129 041 0.004 542 0.718 738 0.067 337 0.010 685 . 087 656
Heston 0.041 660 0.002 903 0. 146 569 0.171 299 0.00 444 .255 287
7 (1) (2) @®
ORD . ORD
Heston
QRD

ORD
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price,,
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Table 8 The calibration risk of different models
gau_m 26.212 829 0.587 774 44.683 175 3.962 452 0.372 254 5.284 793
gau_l_m 26.202 225 0.587 828 44.643 527 3.969 456 0.372 499 5.293 737
gam_m 22.168 449 0.602 509 56.366 759 3.228 849 0.404 180 4.162 736
gam_l_m 19.661 420 0.586 134 54.558 759 2.675 444 0.445 302 3.570 257
cgmy_m 17.925 238 0.572 031 47.362 800 2.400 045 0.461 790 3.276 944
cgmy_l_m 17.801 959 0.571 094 46.895 489 2.385 469 0.462 598 3.260 872
gau_o 26.095 458 0.588 305 44.456 763 3.984 458 0.373 452 5.304 966
gau_l_o 25.986 425 0.588 657 44.134 064 4.014 602 0.375 223 5.337 642
gam_o 19. 624 946 0.589 579 55.726 539 2.706 962 0.443 403 3.601 328
gam_l_o 22.293 195 0.598 879 56.025 393 3.208 931 0.405 323 4.142 499
cgmy_o 18.514 670 0.575 271 49.388 705 2.471 839 0.457 321 3.354 882
cgmy_l_o 16.908 329 0.565 521 43.507 569 2.282 528 0.468 268 3.149 173
gam_g 18.848 102 0.578 786 50.984 218 2.528 568 0.453 997 3.415 232
gam_l_g 19.240 552 0.579 333 51.936 404 2.576 215 0.450 651 3.466 155
cgmy_g 19.602 513 0.595 530 53.916 362 2.598 199 0.463 552 3.487 407
cgmy_l_g 20.259 654 0.570 412 53.106 868 2.674 224 0.453 561 3.528 674
Heston 25.722 910 0.400 222 40. 155 432 18.650 181 0.387 405 28.373 729
BS 26.251 229 0.587 549 44.762364 4.542272 0.371 383 6.025 100
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Option pricing in non-Gaussian Ornstein-Uhlenbeck stochastic volatility processes
driven by the Lévy process

LIU Zhi-dong LIU Wen-yu RUAN Yu-ming

School of Management Science and Engineering Central University of Finance and Economics Beijing

100081 China

Abstract: Based on the well-known ( empirical) stylized facts such as infinite activity Lévy jump stochastic
volatility and leverage effect this paper extends non-Gaussian OU stochastic volatility model ~which is pro—
posed by Barndorff-Nielsen and Shephard driven by infinite activity Lévy jump processes. Then the European
option pricing model is studied by FFT technology and the principle of structure preserving martingale measure
the specific expressions of BNS models driven by different Lévy processes ( Gaussian process Gamma process
and CGMY process) under the risk neutral measures are obtained. Efficient MLE-SMC algorithm joint sample
estimation algorithm and gradient-SMC algorithm are given to estimate the parameters and latent variables of
non-Gaussian OU stochastic volatility models using stock and option prices. Finally in contrast to most exist—
ing studies our model assessment—an empirical research based on the 4.7 million price data of S&P500 op-—
tions—is not restricted to the fitting performance but even takes into account factors like model stability the
exposure to risks arising from the model calibration and the ability to explain observed prices of options. The
empirical results show that the pricing effect of in-the-money options is superior to that of the out-of-the-money
options. In most cases the pricing effects of our BNS option pricing models based on joint sample estimation
algorithm and gradient-SMC algorithm are better than that of MLE-SMC algorithm.

Keywords: Lévy jump processes; non-Gaussian Ornstein process; structure preserving martingale measure;

gradient-SMC algorithm; option pricing



