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H TR R LU E R 2GR, SRR 0 56T T 51 0 B A BHR 1R
BU St ert R AN MBS EE. BN Engle 76 1982 EFFRIMEATR L T ARCH
BRI J5, 1986 4%, Bollerslev ¥ ARCH #8 & B RE ATy GARCH #AL. i
Z4ERK, GARCH BAIC M) 2Nl T RET . S mSFESusn i 7] 5 51 &)
BT, XRE Y, SRS R 2 R RISMERRE, T GARCH
BAIRE IR B X P AR, B GACH ARAMBAFAEE —26kFE: 1. GARCH BLAIXS
SRS ERR T e Bs; 2. GARCH #ERI Sy 22 B VAT 0 S5 AR 2R i 3
ME—B & SRR 2. ILAER, AR A RELIE S0 (SV) B Z) i 4 g ]
J¥3. BA SV A B A SRS E B R, X R LR T GARCH
RERIBRRG. SRTAT, 12 SRS~ P S A, BEDLDE SIALE B GARCH AR
K. HFBRERE SV AR TFER EME. Markov Chain Monte Carlo(MCMC)
SR BRI R R SR — F T 82 HAT Z A% Bayes 115071k, MCMC Skl
1% Bayes Geit P S B RERMEN T ABBHREWT. 2004 48, Jacquier 55/
MCMC SR B BAASCHIFENLE S (SV) A (AR(1) &) fE T At 7EA
Fr, WATEAHIEE T SV-ARMA(p, ¢) W ERAMAHKCIREZREAL

(
Y = Ve,

§ loghy =a+dloghi—1+ -+ 0ploghip + v+ O1ve_g + -+ + 0,01y,

L€t t(v), v ~ N(0,0%), e/ H5v MK, (e1,v;) did, t=1,...,T.

T ER MCMC 83k, #—, MX—HAREE, JAOME T B SRR R
9, EBH T XPEREAZE 1) MCMC Sk & w471,

X818 SV-ARMA(p, ¢) #2781, MCMC 53k, ER, HEKIRZE.



Abstract

As the Econometric literature is becoming more and more popular, many math-
ematic models were advanced to explain the phenomena appeared in eonomic and
financial fields. Engle(1982) originally presented ARCH models and later Boller-
lev(1986) expanded to the more popular GARCH models. From that time, GARCH
models are offen applied in financial research, because GARCH models embody the
characteristics of the fat tails and volatility clustering which are usually taken on in
financial datas. However, GARCH models have the limitations, such as the strong
request for the parameters and unsuitability for the conditional variance only de-
cided by former conditional variance and volatility. Recently, pepole apply stochas-
tic volatility models on financial time series, because stochastic volatility models
not only embody the characteristics of the fat tails and volatility clustering but also
overcome the limitations of GARCH models in a certain extent. However, stochastic
volatility models are much less applied in financial fields for its difficulty in estimate.
Markov Chain Monte Marlo(MCMC) is a simple and effective method in Bayes calcu-
lation, which can make many difficultly calculation ease. Jacquier(2004) completed
estimate for stochastic volatility(SV) models(AR(1)) with fat tails and correlated
errors by MCMC algorithm. Meanwhile, we naturally expanded SV-ARMA(p, q)
with fat tails and correlated errors:

(
Yo = Vheey,

loghy = a+dloghi—1 + -+ d,loghi_p +vi + 0101 + -+ -+ 0,0,

g ~ t(v),vs ~ N(0,0?), g and v; are correlated, (e, v;) #id, t=1,....,T.
\

and presented its MCMC algorithm. Finally we maked simulation and demonstra-
tion for the new models by our MCMC algorithm, and proved its feasibility.

Key Words: SV-ARMA (p, ¢) models, MCMC algorithm, fat tails, correlated errors.
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F—E TR

HAIHHE, LG H R GRIRIEEAR, gt FER ST

MM Bayes ZEiiAy, FERUSHEAIINE X = (X1, Xo, ..., Xo)" B, AT
RAIRAISR 0 FREERANR, HACHERUE 0 BoJckrfi, B X MJckirAi
REFELS, ARGEENEREER, X—/5%RaAiE Bayes Stk m.

Markov Chain Monte Carlo(MCMC) F VAR il K Btk —FhiE L 572 H
i) Bayes 11551 MOMC Jrikfilifs Bayes Geitir & &M MENT T ARRR]
BEWT. MCMC JARfEgSOHEE R RE 2R HEAN 24 T, HE
£ Bayes 4tit, YRR, ORG-S A R DS LARAY .

MCMC JPEf A Bl S — TRl m(v) B Markov HERIGE]
m(x) BIREAR, BT XA AT MBS R HEWT. anfiRik n(x), x € X HIFHAM,
FAZGFTRERE AT UG BERE f(x) T w(x) AT

&erﬂ@ﬂ@M

WEREAVERN T m(x) BIFEA X1, X7 W Ex f Al

XfESE Monte Carlo £4y, 24 X1 ... X" BRI N n(x) B Markov i REAYEEAS
B, A

fo 25 Euf, n— oo

R, MR 2R MCMC /i Gibbs #i#E, BH Geman s. fil Geman D.
AR R, BEREREM, & X = (X1,..., X,) BERECH ©(x), (R
/"\Hé TCN, Eéﬁfﬁ X—T =Z-_T, %’#’:‘F: ;H\:EP T = {'IZ)Z € T}vx—T = {xlal ¢ T}7 /—\Hé

MHENIAR: X' = (X1,..., X))« XLy = Xop, T X7 BAEEREL 7(27p|2r), WX
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fE—TIMI%E B, A4

p(X’EB)Z/

B7T($,_T)7T($£p|$/_T)dZE/ = / 7(2")dx' = w(B).

B
T o A4 R R 7 ().

Pt T —A W X OB X RS, HANA TR AR r XEEERY
MCMC JERRA Gibbs it 24 T HE—MTRIFRNEITER Gibbs filifE. BITR
Gibbs FERTEAE T1, - Tie1, Tig1s - - T B, B 2 6T (21,0, 21, Tigrs o, )
FIFTRIMRE, PUOYE R R BAR R, X2 R R

TEEHRIG R 2 = (2, ..., 20) )5, BEH t WEAFFEBHAETHER o1
5t YOERII AT n 2

©. WA m(a|oy .o 2l K o

@. HIZEMAME m(wlot, .l a2t IR 2

®. HKMME m(walal, ... o)) FEC a7,

Yoat = (b, at), et a2 et & Markov SERYSZINE, 7w(x) AT

B{§ Gibbs flFEREMEN FHZI PRI 22, FA DRI RITE AT 2 B g v LA
1k (Riesl). X —EEET R R, JLF3CA ST 2 AR k. 1R
o, S RO R TN

Jiik—RM Gibbs flFEFISFEZ A Markov 88, 7EZ0d—BifalE, RIXIL
SBERaRE TR, I Gibbs flFEKELT .

TEZRAERBIPERECEIET, W iHER Gibbs MrER2I0 5 kg
—BIEBIH T — RSB, L3P ERES, T Gibbs flFRISL T .

Metropolis-Hastings 73 Gibbs fBeHBIE R, H—ibiy MCMC Jik.
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Metropolis SEAFE 1953 48 | —FEFRBAIIE,  Hastings RO Z ANRAHE
", JBHLT Metropolis-Hastings J5i%, HEHAIT:

EREFE AT o), UE—PEE o), 0 <a(,-) <1, 3HE—
Ae (v,2)(z £ 2), BX

p(z,2") = q(z, 2" )a(x, 2", x#2,

W plo,2) AR

HOTE B, SRR ¢ ALTARES o, B XT = o, WIESSH q(|2) Pk
AR ¢ — o, SERMEIEE o(c,o)), DR RN, MR, 0
TERREE o REVE, LR a(v,') B2 o MENEEN T —IZIN A, TR
1= a(x, o) LR o, ITTEEAE F— A ToRTS o i, 29 q(-|z) By
WA, BRI BARRERRA «(x) TR, Bk, 6T o) 8,
At a(-, ), WARRAY p(e, ') WL m(e) HICPROME, — i IAHERE

q(z, 2'), m(@)q(@', x) = m(x)q(z, 2'),

q(2’, x) @) (2 )q(2', x) < 7(z)q(x,x').
N TATSCHIESL, TEHGIAULH p(x, o) PR Markov S8, H 7(z) B3
RO R e FLEIER.

EXR 1([16]) B bk p(x, o) 2Ry Markov JZr]iEy, B
m(2)p(x, ") = 7(2")p(a’, x). (1)

H n(z) 2 p(z,2") HiER Markov &5 T-Fas70.
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WERA: 25 o =2, W (1) BARMOL. o # 2, N

m(x)p(x,2') = m(z)q(x,2") min {1, T

m(x)q(z,
= m(2")p(a’, x)
(1) ML X
/w(a:)p(x,x’)dx = [ w(ap(2', x)dx
:7r($’)/p(x',r)da"
= m(z')
T

R 1 fRUEH, 700 g(z, ') AJLARCEFIE
®. Metropolis #E#
Metropolis IR BREGRENSME, ]

g(z,2") = q(a', x), Vo,

PR o, 2') Tl

@. PHSLAHFE
R q(x,2") SYFPRE « ok, B gq(z,2") = q(af), WS HE
Metropolis-Hastings FLEFRAMASIFAE, AN, 7(z, o)) AN

a(z,z') = min {1, m(@)a(z) } .

m(z)q(z')
BARMSZHRER FIIROR, q(v) NASE 7(v), W2 ITERE ¢(v) MR m(2)
H.

®. HJEZE Metropolis-Hastings %
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RIS A A X AR, T X SRR BT B MR R 2, X
BB, FI& Xi| X i = 1, n BN, DB (v —
vile—;), B XL, = Xy =2y, B iz — aile—;) PHE—ATRERY of, e LMK
(z")qi(z; — fﬁi\l’—z‘)} ’

m(x)qi(x; — xf|z_;)

a(r; — zi|r_;) = min {1,

P o FENEEN T —IRES.

Gibbs i E—FHITER Metropolis-Hastings 5K, BRI q(2” — ) A m(wilz—;),
HEF a(x’ — x) = 1. £ Gibbs fiFEH,  m(xi|x_;) PIEEMETHIEL, 1 Metropolis-
Hastings JHARAE R RGN, EFH (-, -) A SMIEIMAG, A LSCIR A Gibbs
FHFERT Metropolis J¥AZS G HITMEA.
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F-E EE

§ 2.1 GARCH &%Y

SRR PSRRI ) = R R, —EJRAE 20 SESRITTH AT ENR
M —AEE, HEBRETAS AU TIUNEE: 1. SAERME (fat tail): SRIYE
PR A PN AR IERS 0, ORI R e R TIER M. 2. PshR etk
(volatility clustering): SxRiTa] 31 Iy ZHEI AR Y, R — @ A — PR
B SRR TR A K e LU 3. S Ud B SR BERE R )54k, BEBLAE SRS 75
FHE TR 22 RN RS A B TF]. 3 SO i i < 8 B 8 DX - FL B e i
B ASEFIE S A AR A ARMA B PSRRI AR Vs PR R L _ iy [a]
IR, BIRREARGFARYTE FIZIEIX SRR, Engle(1982)[1] $2HH/ ARCH A8,
1986 4% Bollerslev[2] $2Hi#9 ™ ARCH # (GARCH) AKIMJGT=A: ) RIAESAE
T P8 T SR P RSy 2RI AR, B e T S Rhe R, RO S
FlEdh FEAH TR, HEEFRHIRA, GARCH RIIBIHRGE L —Lbhg. RS
BORMZRAFRER, XEARIEEREAGE. AR, B GARCH(1,1) BEHIX—
M. B GARCH 2 v B FBX

(

Y = \/Etgta
ht =w + Oéyg_l -+ ﬁht_l,

er ~ N(0,1), e, hAHEMSE, e, tidt =1,...,T,

| a>0, 5>0.
GARCH(1,1) 22 BA LA FHERT [2][18]:

@. y E—BEFF| (martingale difference);
@. R a+ 5 <1 Wy KT ETRIRE,

®. ALRBH o, B WRKM 20° + (o + )* < 1, Wy, VUBIEAZLE, 2 e IRA
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N(0,1) B, e MATHIIESEE N

_ 3(1—a® — %)
1-2a8—[2a2 + (a + B)?]

ML FHERRTLAE H,  GARCH MR T SRl RF 5 ARt ah 3
KFERMAE (1) XFEW ¢ HRANEKNTE b 2 -1 AR % by REEME
yr ) WIZRPERREL, K heoy R gy XERIAT by K, BRI SBHAE FRE S 5.
HIRMHER @O HIE, ESH o, 0 WR—E &I,  y VEEAAE, IEBERT 3, Wi
BB ABLER H] )74 B 4 A1 i B R A R,

{0 GARCH BAMLIFFE— @B, EERIE:

®. GARCH BEPEESZ] t B2 22 hy FRm t-1 BRI 5T 2 hy oy FIEFR
18 vy BRI he BT hey B Y7 ME—BRRERRZEN). hy = E(y7|Fia)
J& Y B8 Fiooo TSR, 7o PEENEERARRR NS b fl g7 B,
B by FOREE by A y7 ) IERIEREUUR A BRRIEE, AREFEs A T R Ak
SHMFER, ITFRAR TR RCE.

®. ARUE GARCH FURA R AN RAFHIPET, A SRL7500 2 —E /Y
e, XTCREIN T SHh A

®. R4 GARCH BAHHRMERE v 75— 500 T A0 I R F IR (4
B 3, N —EfRRE b T RdRmE RN, (HHEER R/ MO T240 o, 8 BE.
Yoo BT OB,y BIEEBRITIESMIAIEE 3, T SRBHRAE BN E,
GACRCH HALAREB 28T 7870 Hita s

K, >3 .

§22 SV igHE

FLILAESR, A M1 P HEAL: SRR 2 R 9% = 2 2 ek (3][4](5]- BFFTIERA,
SV BAIE—E R L5k T ARCH UGG, SRR AR 3l i —Firg s,

NHELR AR, BT (stochastic volatility model, fiifK: SV ) it
JeH Clark(1973)[6] 7E5#ER &/ KL EUESR 2 45 M1 3 G B ER & AP AT RHIERT T LA
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f. 1987 4%, Hull M1 White[4] SINTH#ELER SV AL, A IR A JUAAEZ 30
Black-Scholes A2 SIS SIHIE. & P(t), (t =1,2,---,T) A
FF3, FE—RANTGAET,  P(t) WM TR

(3)
do?(t) = 0c*(t)dt + £0°(t)dB,.

{ dP(t) = rP(t)dt + o(t)P(t)dB,,
Hrfr By, B, AVHEATIIZE), 5 MRRRRR IS (805248) WEh o(t) ]
I U ATHZ S AL, B— MR, TEMZSER Black-Scholes AZUrH, YEF=r kY
WA AL 0. HHUESE Black-Schles AR, (3) HUMERFRAIZELE SV AL 4
B,, B, MSZE, BEEENASHANE SIS, Hull #l White #844, Black-Scholes 2Ax0Eif T
A F PPN SRS I AR, ARG T 2 T S ERS SR RS U A
Melino Al Turbull(1990)[5] ZEICZ4 B R HFEHR @ M Ab B, K3 SV AL
AU HI & T SERR R,

RTINS Z AT ST, AEELASFEIRIRRRY H BARTE D SHEF e, B,

SEUERF S R R F 0 R B ROB s BET LI SR, X (3) SEATRIAUL, BT I
Ay =1, 3 HE, AREUEARY SV A

yr = Ve,

logh; = a+dloghy_1 + vy, (4)

E ~ N(O, 1), Vg ~ N(O,U2), (E':t,Ut) ZZd, et—%vtﬂ'ﬂj, t= ]_,2, ,T

\

HAt g, =log(P(t)/P(t— 1)) — p Ay 0 H{EAERHNBEE RS, 1 FXTREs
HREEE,  log(he) BN AR(1) 2. MBEHLE SRR & HIE, & 72N 1, H
TR y, —BRERIRENURFE, e S8 3 JF R/ MRS, Hoh 28 6 4
TEE by HE AR T ORI EE

WA log(he) ~ N(0,07), B 7y ARAIEOEZR 0, ARTEATBOEL M1
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AP AR(L) Rt — FAER

E(hy) = E(e"osh)) = exp(h),

2,2

E(y;) = E(e]) exp(—52),
Hr r HIEEEL HICRE o AAEEERAEENAI I Z R (WRAFFE), 015
By BERE &, THAS

_E@)
b(BEM)

k. o e(RIIEZS M) AIERE. AR, BEALISIBIASS tHAY v BYIERER TIES T
WERE. TETCARM T M e — R 7 HAE
{ var(y;) = exp(0i/2),

var(y| Fi—1) = exp(a + 6hy—1 + ).

— k. exp(02) = 3exp (ﬁ) >3 (5)

B,y WICRIFITENER, AT TR, XMrES t— 1 NAWTER
%, KT vy BIEhERHRE. 1 GARCH BRI EL, SV BRI S AHLAE:

®©. 7& GARCH 8, Z(FJ52E b BmEHDIZE he FERRME v HE—H8E,
i SV BAIREZAT T2 b R EPIERR, B H R sl Jaquier SEXE
AL G IR AN AT G 0wl GARCH ARAA SV AIEN, 57 T
Wt T7 i) A ARSRER R 4R B R PTARELRY B AHSCEREOAR], SV BRI SEhRE
.

@. SV BAFIAIRRHEEE. I (5) LA H, BIfE 0 65T 0 B, v,
A EESSAR T IEAS ML 3, 254 6 WfEAE [-1,1] JulE PNASILRS, JHUgRE(E T AME
A

®. . WBEAFRZIRENRAR T LU R 7 ] U S 5 ), 3w PAE A
BB 0 WIETORRME. 1T GARCH FRARER S BGX — .

AT AR AR AP AU PEIRE SV AALS GARCH HRAMHHARIIHARZ IS, (HAE
FRIT SRR SV RALEERA GARCH #RARE K, HEBRFRE SV HRAR
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