dyryaad R2559C098

PN PO LSNP Thian]

=
RNIN

maﬂfa‘:mmmsﬁﬁm'a%mmuuuﬁmmmwﬁ’umu@aLﬂuéu :

%ﬁ’ngwm%aﬂsmﬁ'nﬁmné’m’]meﬂﬁﬂuﬁqﬂL‘f‘mm@am%ﬂ%;gﬁim?iumﬂwsi

o ooess
R T
IANANGATIANTE M3, HTE N1RINT %‘g’—?

=1
73

ARdadanssd i LazAeuRames aneddanTTuAans

arfugyulnenuileziamselinwdnendasdqs Thutszanm 2559



ﬂexmﬁqqgﬂm%:

nevnddeafaiiliannsoduiagasluld vandedaannsaiuayuannmisnan
A 1 Tngannz aeedenaanuddtaminende e augyu fuautszanng wise

8 ] =5

NunsRuuaridn Auzdrnssumans #linisdosmaauazliauwuzinlunadnd o@u
sauanine il anglranssuangnd idos liduusifaafumssaingidueey

-

L4 [ ' oy
athrguysal wionispaaduaaiioniuundninnsieng 4 ifaodiaaienidey

R B e e S s S = ) MRl o
Aannlasragatnnting sse 61 1 uay 91 dmfuausiniadauuasnas

eEé’

4 as er

aluayuedainidcaaufulaatEenn sauvisien ainanue ugWlugdain
agjlaamaan Tetaunmiay - Anealindylasd waiiaue uazaeulsfdnmanuruitog

dhugesliluvanaiong

FU6 HIAINT



UNARED

andddedutlfsfnmnisUrsanflidunends EM saufuiansasauniainiden

{3

Tumsdszannivngd waFlL AN ATz Tiugag qneg R LETTTONY A1884AU AN INIG LA

U

dulneliioya 2 galunisvanes narofedeyailisnnsdastuasioyaaasdnsmuan

u

C:l L] 1 55 i = I
nlaeuBunsiseuinsdssing Hansnasuila idiay m'lEmmnma‘mm}mﬁmﬂumm'n,l,m

ey el =Y rt:il cﬂb nl; =3 i 12 ar =y & & o ‘#n
Qﬂ‘ﬂﬂ\‘lW’]&"mLﬁ]’ﬂ?ﬂﬂﬁ‘zﬂ’mé‘ﬂuﬂﬂuuwLLMQIH&J@L‘II'] Lﬂﬂ\‘iﬂﬂﬁ"mm%?@ﬁ\ﬂ‘ﬂﬂﬁLL‘LIU’%']@?N LB

9 1
Tt o o o oo

'"mmmmamﬂmﬂmfnmammmeﬁaﬂuLﬂﬂLfﬁm N1 ﬁmuﬂ‘tummwmm RO
o o ar <4 -] = 1 = 9‘-=il b2 ul), L |
auum'lmmm‘m'mgn'mm@mmﬂﬁﬂumﬂuﬂmn{qusmmewﬂa‘:mmlmmnm 2 N6
el 8 o 1 b (=3 CSI = ] = 9 ar r:i'
Urnganngaaiy agelsfinuiafiansnanlunisdszumananudnnisdan b siansaes

o =5 o r:ib |23 2 ) 3 o e ar
wgualunuddeillfuafeandinisldfsnsaseynialdsamm ey



ABSTRACT

This research primarily studies the application of the expectation-maximization
(EM) algorithm coupled with a Gaussian particle filter for maximum likelihood parameter
estimation of stochastic volatility models. Two data sets are provided for demonstration
purposes: simulated data and daily foreign exchange rates data. Simulation studies il-

lusirate that the parameter estimate lrajeclories are likely to converge to the true ones.

Wi comparing the empirical fesults ahtained from The proposed method and the i

cal method based on the particle filter, it can be seen thal the parameter estimates from
both methods are consistent with each other; however, the computational time of the for-

mer is significantly reduced as compared fo the latter one.
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KF FINIBIAIRNIN (Kalman filler)
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tHadaeaniloymaana 1 Godsill, Doucet, and West [25] A<l&imun malsuEauayna
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wauREunITE Il ssine

ATNANEIULAL LU AT AR

A AR (Volatility) Badaunfunuandidty s e e laeawiz etadla

o ar ar |23

dwduidnamuuazinifaialatunaianis@u (Financial market) Tafiansaun 91w gy

1
]

P H 5 Mo s o PR
MAnguAa A @ viTe Ao lalnduauaees e dun s lunans Tuanefunawe sy
RANBYWUS (Derivative market) Anmuas wennsalavnu funaiiie 14 AU YAANT
BNIZANAMILATIATANS (Option)

wuuRanedrNdaugnsaauunaanihy 2 Ussimlnn [26] suie

1. WUUAIRBIAMTNRUHIUBINIRUR {Deterministic volalility model : DV)

[ c}lq [ o et cﬂl ] = & o . c:;
UuuaNaad tsznniianson A AR FUAAULIL 3 R914 T uariduaassah

[ 2]

AunalFniauwin faacrsaeuundaeetlszinnil 1Hud wund1ae9 Autoregressive condi-
: - 4 . - o
tional heteroskedasticity (ARCH) dagnunaualne Engle [27] Tuil A/ 1982 Tnefiuuy

AIADITIIHARDUUN LRI

T =My e = My ope, €~ iid N0, 1) (2.1)

= A . A - Y e an b cz' o =3 :
ot my, AaAaRownmanauwmdstaeio W fonaed Witldn fududifiaaausaanse

MsARTEiLes o2 AoadalnlemuwuuiiBaula (Conditional variance) Saasnagasii

AAnE AR AT LA M S I I RS TS S AR A AT LR s wan T



R
L,

ANt
q
U‘E =g + Za;nf,_i (2.2)
i=1
neldileuls ¢ > 0, ap > Ouaz oy > 0 dwH j = 1,.. . ¢ diadlunisutlszilgdn

9 ot ar ar s‘d‘& 2 2 o d”di
oi > 0 uazAandurauIasduningn laanninlszunubaauundnancding o,

- t at ]

drynand M (p, o?) unudlariduntsuanuasnfiaflendadiadi . uaziidiann

[]
=
Y

. o
wlsdsautlu- oA luaunass

Ae(2rth e 0riar o =i AT T Indepenaent
and identically distributed Fanunaavmdnsaulsgunnelfinisfiansniufiedfeiung

=4 o b ={ Lt ) QQCSI ¢ ar
LL"‘\ﬂLL“NLViNﬂuﬂ”lﬂ’]\ﬂﬂﬁ':ﬂ']?[.l:ﬂtﬁ]ﬂﬁﬂxlﬂ'ﬂi\l Lﬂuﬂﬁ?iﬁﬁﬂﬁE]W“NﬂutLﬂZﬂ'Hﬂ'JEl

sian il @.d. 1986 Bollerslev [28] WHinutinid1aae ARCH 1nvimm i annusiy
ar Q.I 'g’ 1 o ar o
wevillundiniBondiuuudians GARCH (Generalized ARCH) Taelfsneiluuusdnaasans
ar o r 61' o dc!: L} .qll
HARBLENUAN AR TINUELLRuLU LR aereIn Rt Usaunnu S Sewlaluannish (2.2)

11T

q P
O‘i = g + Z ()’;"i};%fl- =h Zﬁjo—g—j (2.3)
=1 ik

aaniulFdnninuuzantass GARCH lmiunmialfld uunsaee i mummis
anfiunslszenalFanu iy NGARCH, IGARCH, QGARCH, TGARCH, EGARCH, GARCH-

M, GJR-GARCH waz [GARCH Aamiusiianluenaed 29, 30, 31, 32, 33, 34]

anmefiuundnassunguaes GARCH 1gnii lddszgnd e seniaaaas
ﬁaiﬁﬁmﬂfﬂamﬁ@ﬂwmnmqEﬂ"mnﬁﬁul,mzmmﬁﬁﬁwiﬂﬁ Engle FaihufBEulumain

usuundnaaslunguillffumedaluuasanassgmaniluil a.e 2003 [35]

2. 19RRIAMNAUHIUBARNEN (Stochastic volatility model : SV)

]
=

o «::lbsa I Q- = [~ =] s
wuuaaastlszinyifiansanmanudunauwunil Qeulufue s uiwlsdau
reensziaunsi@aiingy fetwtessuusnsastssnniliun uuudiaeamdiees wu

anugany wuudaesdan-wan-Ts Gafuduuazuuudrsead

wunaaes sV Agnihan i luendinuasssBi fuwuudrassusn Aauuudiass

& .,4.:5{ a =} ] 3
welaniiagniuniaualng Taylor (36] 11l a.A. 1982 Tnefansanlinaneuunugnussens
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{ne)

P = grep, € iidd J‘\[(O, ].) (24)

ar

Fafldnwuz pfnefununnaes ARCH luannsh (2.1) dlafauua s me = 0 wazliian

]
=%

= R = ¥ 2 =i 1 o
aenIINN 289 A IlsUmuuL I Raule tog o diewat lugiassunuanansnisannes

SMAZULLIAYY (Stationary Autoregression) AR(1) Wuia

e UE = # = qé(log Uf__l _”) i wkw ||dJV(O!Q) (25) —

el @] < 1 usz o AnArdimauanduninefiaanimlssunn

1 v 1
wINnwua i @, = logo? Werufa o, = e™/2 Auiuann s (2.4) uazdung

# (2.5) AndeulvslF il

re = e e umy g = p Gy = 1) + wy (2.8)

etz Gendn a9 fumauuUuaandsiu (Log volatiity) Wi udaulsdem (Hig-
v hd ! 1 [ % 1 = .é
den variables) luunudraadiiiasann ldawnsndna i laense aanfiamaes 2, Gy

1 oy s ar =& [=1 o ar 1§ & 1 1 7|
ANRDNNTANLDIAAHWHIY 39T IUnIsFulssiulddnarannnil s saueasnssuauna sl

£l ¥ 2
[ | o

vaniana lne laddfhudina i GavlaBusntlsznay %iail 2, Snisuanuasdn® garisaoy

wlstsnauuiiGeuls of Asiinasuanuaannman3fung (Log-normal distribution)

VMULUFBIANUEUHIUIUENNISR (2.6) Fruaanudnd Anafisaue foa 3
oo o Al e [ 5 Py ) er ' .
Yursgvatgdunliuuuanassmdnenanislamilseneuunmnsdan (Scaling factor)

o } = t (.74 ﬁ:; ) ‘g-’ : ap
B snwibhailaudanudurouiifaduanzuil (nstantaneous volatility) ¥l

A HA AAUUNUIUANNTT (2.6) FuEe A NN A0SR A1 AT B nan9 1y T uaee

L3
o e

4N [37, 38, 39, 40, 41] ANuuuLEaa9 SV Tu (2.6) Aad@ensluadlélu

€T = P + wy
ENL = (2?)

re o= fBe™/?e,
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g
oo 14

danmdn By Thauuuanass SV uwuubidaduiissenifaiduaadndaondae

o ©  ar g O & o = e Wi
VINUMBHMTIDINRRADULNY 7 mEJﬂn’mdﬁmtm')uﬂw'ﬂmﬁﬁﬂ‘nu@'ﬂma‘ﬂmzlmﬁ

log 1y = 2y + log A% + log ¢} (2.8)

oy

\Waean e, ~ iid V0, 1) f1iu log €2 Aafinsuanuadlafindiaasuuuasn i

o) e o

o ALOGChi-squared-distdbution) Aauunsdiog-loga - el Aastadiulsmane =19 wasi=—

] ar e

AR 0.577 Taevin W leuanu@liidawlsguiiantadiut 0 Ssimunli

v = log ez — Elog €2 (2.9}

s
& ar

Aariuauns® (2.8) aadeuiug gl

tog rf = xr -+ log Ji 5 Ellog (f] F g, (2.10}

Fengflugtiuuanssuniaidadu Artuuuudiees Sy humsil (2.7) Sadeulorlugl

. A\ £
NI L R SIT AR P

T = ) +wg
Y = (2.11)

Yo o — Iptatu
W8 gy, = logr} uaz o = log 2 -+ Eflog €2]

[ 4 1
LUURBINTAANTAY

H
{3 ar v = a

wundnansdailuiidnatuninens lungunisrouauAa wnidieasiiuesens

U

2
TugluiuiBafiantuz (State space model) wunanaaatiszinniifiaouiinueugs a1masn
N 2 o = :: ) kX oo i o
TlA Aunszuunienaneailn Hanssimunis daduuas d@adu nrzuauns il udsana
d' a0 e ] i cs’
wawszulsulReuaan nrzumuniadivualandailugu neszusunislunansaiie

waylunanign dwiuuundaeduguuuligiian uzaesnsanuns@atiugullidady
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haraigeilstunsialilde

Xp = F(Xk— 1, Uiy Wt &)
= (2.12)

Ve o = 9(Xp, Up, Vi O1)

=0

o

¥

SRR R AR (State Varabie) FIRan T I AT AN TR AR
= L] L G}Il s
nezaunTs luanudinustimbsranilauBondoulsiidn sauilsuds (Latent variable)

Win Aaniledat (Hidden variable)

o W € R™ Aadwryiniidin (input signal) Sadfludunna@eimue (Deterministio

8

signal) ﬁmﬁﬁ'ﬁmuaulﬁnszmumﬂmmwqﬁm‘wm’mﬁr AU AN ALHE

u

Wity s liifunszuaunag

o wy € R Radiynssunounssuaune (Process noise) failudaynnudaiiuga
fdiunsunaunszuaun1sieenafiaanngiinesusasdansz munsesitadaann

A ladurueuninsaunas lunssuaunisti

oy € R Aadtyaunuaan (Output signal) Feanai i ananald e taansEuIung

‘Hlul iL?J

(Process response) %ia L'ﬂuﬁ’ﬂ;lfy’lmmﬂ AFINNTEUMNIT (Measurement signal)

dreianisnsziuandtyanuduazsidaduunnsunay

as . 4 5| =y 2 ]
o v € R™ fadynodsunaunieds (Measurement noise) Fatludeyonondaiugy

¢=lI < = or =4 | D!I = -ﬁ’l 2 ] ar
ninaanauianaa lunraviradudymrnsunuidnsdulusengemeda

o 0, ARRATIWATIRINTTLIUNIT

dunadnluwuyanans 2 ddtyynndaiiugu w, uaz vednunifendesdon o

]
2s

1! = = i c}’?z g ar [ 3 o
9 Lﬂuaum?mﬂwqmnﬁmaﬁﬁ’ﬂ;tyﬁmmmumm%ﬂﬁmm@mem ANRNLLLRINARAY T

Ao fasuundiansundaandan’ (Hidden Markov Model - HMM) i

5 L7 =slal ae 5 =4 ) & © ar
nezLoungiEHuguing AusuifINIRaignizand nszurunmsunsaey (Markov process) dmiu

o e P r =l i k3 o 1, ! 3 ::‘.D =$‘ o = -
wiuasestanizuIunanIaeilidoulsdaugnGondt wuusraasaniaeldan Sudsiudaduibasd
Wsi Andrey Markov (ALA. 1856 — A7, 1922) tnAtiRmanisriadaluminmnssummindafiudy
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2
FlafgunIsuAnLRA il

Xe o~ p(xe|xe-1)
EHMM .= (213)

Yii ™~ p{yelx)

e

somplxphxis T FRTtUEAIRIsAT A e sT e Sy eREe T

]
=1

= y as d; 1 o
S RRENISNEGER) Lﬂl‘lf’ﬂ\WIQLL‘Llﬁ‘ﬁﬂ’]uZ R Ak EBNTIUA NIRRT DU D et k — 1

=4 hd 1 [=1 Cﬂ' L= & o
o plyrxe) AouuLaaasAuiazhgssdymnendduifaidunisuanuagiy

!
ey

o i d' ' s
Ndaulareedynmesn s e k ievnsudasssouwdsaniuy o e k

LR 1
L

vistindnaeaniaeddauiaiiunssuounisdaiuguiitansni e Ui

T

1. @l RInFAaWd T Aawls a1 (Markov property of states) Na"1
Tugndnialsan e {x.} We k = 0,1,2,. . dussuaniaey (Markov sequence)

viavasldandnas (Markov chain) ufiafeyagasnszuaunsiidniiusianisduanmen
Bediaulsannuz e k gnsasalinetuimulsaniug as a0 & — 1 Saamnilaaladl

anmailuideaiuiiaasddiayatesnssuounishenndedenlug vosadnaiansiid

P(Xe|Xom— 1, Viaeor) = p{xelxpoy) A k=1,2,... ,NJ (2.14)

& = o ar ar u?: T =5
Tnafounsed 2o, = {2arZar1, .. ., 25} FARIFUTRITULT z s & = @ audanan

k=buazinwualfiz,, = 0815 < a

o

wananildieyares nszuaunisiianilusa nsArwrnim Anaesdudsaniug o

g IL o

wan k — 1 gnasussninneluiudsaniuz o 08 & fopmafineliflporudafluiifas

J 2]

o Cd Lt =
finsizeandnfieyarenszuaunsluamaniadeouluslaasaiinaanslidn

'])(Xk_1|Xk”\r, y;‘.”\r) = ])(XA.,.1|X;,.) e k = NN — 1,...,1 (2.15)
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2. panntludasewunil deuluaed; weaan (Conditional independence
t T 1 ar - =L ] '
of outputs) ﬂmqmmm@qmmﬂa‘ﬁnm:‘luﬂmmmz tweunnsaan luedinldasuasadoynynon
ar ~ = t o ar 1 3 a; 1
89N 04 ATl y, Sdewsifoudraniue o wanilaqii x, wiuidenansentse y,

14
o =

dadouiuaunisedinmanslsed

}’J(Yk|x{}:k.»Y1:kg1) = ?)(YI’\‘IX-‘:) {‘ﬁﬂ k= 1: 2: ceey N (2-16}

ANSAYN UL

2

& =f d; ar o or =4 2
N eI LR Ana e Taafiuninlssunaaann aarasiilugegn el 19

[

yew = {y1,..,yn} Aedrduaasdynnmeandafiatsan tidlusiwlisquid Aoy
arzileanouas 0 Aavinsiimei linenid W plyr.n|0) untskaniasdamuundfouls

GeRansaun i usasmnsinas @ Tuie

N

L(0) = ply1.n]0) = Hp vil0) (2.17)

udia 8 Winlik £(6) HergegnAnnndian

-

@ = argmax L(6) (2.18)
0

Y/EJ

Vatifladu £(6) Gandn Wendunagaziilu (Likelihood function) Wasdinistiszanmmn 6
iavinli p(y1.n]0) SAgagaGand aﬁmmﬂfasmﬂugaqm (Maximum fikelihood : ML)

damwfunsayunuiusugasiansnnli 6 dhidwlsguudadmnmumnisuaniag

ANEMAY (Posterior distribution) Tmmﬂ’lﬁﬂﬂg%ﬁmﬁ(Bayes’ rule)

y1n10)p(0)

2.19
p(yl:.'\’) ( )

POlyin) =

Tmeii

o p(y1.n|0) Aaaruadsaziflugasdynnueandianuuanisimed 0 unl



o p(f) Ramsuanuasrien (Prior distribution) Fafhunidnassdinyagesnnsiiaes 0

naunsaaemiTanauneindanMenngenszIaunNg
=4 1 -ﬁ' ¥ ndy a = a”
¢ p(yrn) ABNNTWANUAITINTN y1.v THLHIUS LW TAas 6
LdnrasnisayueLdfemsdandoulsgy 8 Fevnlintuanusamevss

b2
1 - | ey ¥ (=] o
p(0lyr.n) HeArgage F8nsiidaend TEANNAUNENRIFIgR (Maximum a pos-

teriori : MAP) dainndmnsussanaiin ML Fanisdssunain MAP e l#nnsuanuas

reutnenmiinag @ Jhanniengd (Uniform distribution) siuie p(0) o 1

Hangouanuiaiass HMM Tuaunis (2.13) Feil

o

WTanIUY %, uAwlsdan

minfiasnsilszano %, Tnalinmseyunuuaniud@auwne 0 Tuauns (2.19) Fae xpy =

173

== ¥ ¥ g ar L]
{Xg, - ,XN} N Lﬁﬂ"l?LL@ﬂLL@\?ﬂ'}ﬂﬂﬂﬁ‘ﬂﬂﬁMQLLﬂ?ﬂﬂ'ﬁ!ﬁéﬁ\?ﬂ
p(xoav )p(ya: \f|X0 N )
I)(XU:N |y1:1\’) T e & & (2.20)
P Y1 N

£

mn‘lﬁmﬂfmﬁﬂnmammmmmaﬂ NIFUANLAITIRTIBIAINLIE 01U X0 v WRZATNAITAE

Whiseadtunynnuean vy v Asaiunsodoulidh

N

plxo.) = pixo) | [ POl 1) (2.21)
k=1

N
P(yunlxon) = Hp(y;;lxk) (2.22)

nMgAUIt I Mslanuas e ude lugune i (2.20) ilunneAruaniwisedied
\huga (Batch data processing) 34 Thabeanlunefiiddissannduusamisdaunm

o o 2 Al 2o ) P
LWN‘H‘IJG]’]N’%’]WJ‘[J‘]I@MJ?JH@V]LmﬂuLLﬁlﬂzﬁ‘ﬂU Nﬂ ﬂuﬂluNLWNLWNTuqqﬂﬂq?qWﬁmmqm

1

anN yy41 SuTuHsA s eanuas sl iauue faud ATy denannae e dan 14
] o ar o . . gé o
Qﬁﬂ’lﬁ‘ﬂ’lmmluﬂﬂwmzmmﬂ’]ﬁ?fﬂ‘ﬂﬂﬁ]'} (Recursive data processing) GREAL QT ITE TR Fan
o ﬁ‘j '
ANHATMAST lLFasTDL

AMWFLNITA TN E RN AN TWA NUAINNTNIDY NITUANKAINNTRTIILLAS

| { ey ot c}}
ﬂ’]?LL@ﬂ%L@G‘ﬂ?‘UL?EJTJ%\‘INMEI']N@%A
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1. Mslanuaantensad (Filtering distribution) 3esinsn ¥ luduneunisnsasresss
oeF o . . . . . 3
NIAIULAHUE AR NITUANUAINURIAMADL (Marginal posterior distribution) 289891419
a A o LA e = ar %
a0z o4 el x Wanmuadynsneendaus Guduautanantiagii yo,, a0l
-
uAD

p{Xelyin), k=1,....N (2.23)

2. NIFUANLAINITYINUIS (Predlctlon dlstnbutlon) fmmm%ﬂuwm@uﬂ']ﬁ‘mum

P4 NF RN T RD NP IANIAIAEIE A 983 Fass Al WATBUIAR Xp 1,
memmz@a;’mm'anm"dmﬂ'ﬁumuﬂnmdL’amﬂ@ﬂgﬁu Yige 191 1H0AE 1 Fodnunudimadonn

(time steps) Tneniuaniaantlag iy e
PXesnlyin), k=1,...,N, n=12 .. (2.24}

3. msuanuastfulEent (Smoothing distribution) Gainun M lusaliudeuwuuwed
ABMsUANIASETRI N Te TR sannuy au aniTagii x, iefuadiygnomen
9

avueu 1 Tufe

?)(Xk{yl:l\rJ, k= L@y (2.25)

s

'aﬁmw?zm%‘lﬁﬂunezmunwﬁmﬁmju

£ 2
k74 ar

enllansuflusiealdna ludurendssasmnsesuaz Tuneuasaaednliudaume

AswIEAN AL R T UANTTRAn AU e el
Elg{x)|y1.~] =/g(><)p(><|ym) dx (2.26)

1 1 o 1
e g : R — R Jhefefduluimuds x € R Gawuirilifleaunanssiiviniiianunsn
L4 T Y- 7 2w 2 e s v ¥ di:l—;d F) % =R k7 =i -] ar
AMANE AR uAeATIAn el AenwniidtiGeiuseRadnandunumdndny
nsUssanmANIEvsAInga19
FruauRansla (Monte Cado method : MCM) Gl idsiamaUsnynuiiafianuasn

MAnmdmaunnefiag lugduuumen Biusasluaunisi (2.26) Wlaaaidedinasdn
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Avpg e nlaidunisianuasidaiinirlssanneniBunnd Geant1s sy Eas e ie g
o ey 13 1 % oy ey &
ANRLMUNTANWN IR TR Tz
WwnmalfjiRvwudnisdndoetrsanniaidunnsuanuas p(x|y,. ) Tnenseraiuding
1 or ssl k2 & o c?: cﬂv & =y 1
ehenunduliiasan lassaiwgiuuuaes WiduieuiungAnssuaeauisz nszuaunns

=y = 2 & 9 cs' a-;: ] - 1 = & or
aanauu AR luN PR Tun s nuR YR q(x|y1.n) PeRanistnEnatnelne B anyiandy

i W
[T ]

nzuanuaetingt WendunisuanwasdnAny (Importance distribution) Faiwlaruiidan

X ...—.—...;.!E—.—.—.;.—.—.—.ﬂ.;.... e

=snthafaidunsuaniaddytuiasad elRedsd e g () deslintimeidats

fed p(-) LifluguhBeadeluglumadineansldie

| supp a(xyr) = supp plxiyry) | (2.27)
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mizdnevatwanifaidunisuanuasdrdty () Sondy nisdnarasnedAny

ar

(Importance sampling : IS) Fandeviafdunisuanuasdndoy a(+) anungaeswdlunig

d‘ i cﬂl = o 6o m: 2 [~ '
ulaeuArAemede Wrufufeaidunisuanuas p() Tuaunisd (2.26) Wudluatma

s

ﬂl = s & ar ° o dﬂl
wuenaaun Uit suntsuanuadniny ¢(-) fal

EPlg(9ly1ox] — /g(xJp(xm) [ ow [%4 a

S g0plyrn¥)p(x) dx alxiyrn) 9(")] 0(X[yn) dx

S plyarbp) dx / [IJ(;EQI\VEK?\‘D)(X)] g(x|y1.n) dx
Jing [P((Y#\LJMQ(X)]
[(xh"lu\) (228)
o [p(ylz,ﬂx)p(x)J
Q(XIYI:N)

vinmsszunns B7] - | Tnonisdnsegeanndeffunisuanuasdfty o(xlyiy)

D~ gixlyin), Wei=1,... ny (2.29)
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q(xD]y1.n)

EP[g{x)y1.n] ~ n o B

1 Z Plyrn [x9)p(x0)

(LY R q(xyy.x)

Py XD )p(xD)
m’v(?]l\u L th

|z

i=1 Z plyrn(x J Jp(x ) )
g(xy1x)

Py [x)p(x)
q(xDy1.n)
Z Y1 NIXU))P(X(”)

q(xUy1.n)

wli) = (2.31)
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2 2 os & 0 =Y ulr zsl o gl W ot

W Ind fuWeidunisuaniaadda POy ) Ties alle lwauddeadruniseanuuudinsad

piaeids MCM HenBanseehsiiliainnisdinfeeadrdty x40 ayaa (Particles)

2. ngdnmadiednnlngdau

¢ ar

nigdnsadardylunsdniiunig o vanlanaamnils wifladinunlszens

o

o o @ ] -=‘!I £ o c; c:l' £ 9 o Y
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2
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k14
ar

¥ ]
Tumauds SIS azerduiayniafifanainnisdn e aasfaiunisuanuas

s

dAryuarAtoetninlumsszannmsuanuaanimn e p(xlyie) Walfidraamns
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.’lf

Elg(a)lyre] = Y wi?g(x) (2.32)
i=1
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3. matfuaynimlusl
2 ' ] ¥
Tunauds SIS Ailywiniranas (Degenerary problem) 1iuAa e dnudunan
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2. ArsrauAdosimdn B MinuuuAaesaru izt diygn
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A7
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Abstract

This paper presents the application of the Expectation-Maximization Algorithrm {EM} in estimating the
parameters of the stochastic volatility model. The experimental results showed that the parameters computed
by the Monte Carlo method and by the Kalman methoc in the EM algorithm are slightly different at the 0.05
significance level compared to the true parameters. We then applied the EM algorithm coupled with the Monte
Carlo method and the Kalman method to estimate the parameters of the stochastic volatility model using 5
foreign exchange rates as a case study.

The proper model can be used to forecast the volatility of the foreign exchange rate which is one major

vartable in calculating the value of the options having the exchange rate as an underlying asset.
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Abstract

This paper presents the application of the EM algorithm coupled
with the Gaussion Particle Filters (GPF) in cstimating Ihe parameters of
nonlincar models using the Stochastic Volatility {SV) moedel as a case
study. The experimental results showed that the parameters estimated
by such filters und the conventional Paricle Filters (PF) are slightly
different at the 0.05 significance level, but the lime complexity of the

GPF is reduced dramatically as compared with the PF.

Keywords:  Parameter Estimation, EM Algorithm, Particle Filter,

Gaussion Particle Filter
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Parameter Estimation of Stochastic Volatility Models using Particle Method and EM Algorithm

Tanit Malakorn and Thanapat lamtan

Department ot Elecirical and Computer Enginecﬁ'ng. Facuity of Engineering,

Narcsuan University, THAILAND. tznitm@nu.ac.th

Abstract

Stochastic volatility models can be regarded as a particu-

ing the drawback af the Black-Schales model. By assaming that
the valatility is a stochastic process rather than & constant. it be-

comus possible to model derivatives mone accurately Onee the

far Type OF Hiear s spate modes dariied by iog chissguare

naise processes. For estimation pumpaoses, the Kalman filter is no
tonger optimal in general when the assumptions of linearity and
Gaussianity are dropped; particle filters, on the other hand, can
be applied to any state-space model. Thiy paper presents une ap-
plication of the EM algorithm coupled with the particle method
for parameter estimation of §Y models using simulated dataand
real data fram the Foreign Exchange Markel. The numerical re-
sults illustrate the cffectiveness of the proposed method.

Keywords: Stochastic Volatility, Parameter Estimation, Particle
Filter, EM Algorithn., Currcncy Exchange Rate

1 Introduction

n the fast twu decades, demand fur electrical eaergy has®

gradually increased every year along with eeonumic growth [1].
Approximately 70 percent of the electricity produced in Thai-
land is generated using natural gas which is noarenewable, As
reserves decline, domestic production of natural pas will contin-
ually decrease and import will steadily increase. Therefure. the
currency exchange rate will play 2 central role in the caleulation

of the value of the trade und therefore the impuort costs.

Depending on the demand & supply of currency situation, ex-
change rate Huctuates continuously and randomly. In the time-
series literature, exchange rates can be modelled as geometric
Rrownian motions (GBM) assuming constant volatility « and
drift ;1 (somctimes called mean); i.c., it follows a stochastic dif-

ferential equativn (SDE) of the form :

dS, = pSidt + o8 &3V, 83

where S, and W denate the exchange rate and a random walk.
respectively (see, e.g.. [2] {7} and relerences thesein).

Black and Scholes [6) derived Buropeun-style oplion pricing
based on the assumption that asset prices follow SDE as in (1)
and published their groundbreaking paper in 1973, However,
empirical studies strongly indicate that the underlying volatility
5 ot constant.

Stochastic volaility (SV) models are one approsch o resolv-

modcl is chosen. it ts subsequently filted 1o the empirical data
using Lhe parameler estimation method. There are several esii-
mation methods propused in the literature: one of which is the

Expectation-Maximization (EM) algorithm.

The EM algurithm, proposed by Dempster ef all [8] in 1977,
is an ilerative method used to compute parameters for Maximum
Likelihood (ML) estination. Basically, the ¥M algorithm con-
sists of two alternating steps: the Expeclation step {(E-step) and
the Maximization step (M-siep). The E-siep computes the best
estimate of the likelihood function using the current knowledge
of the ML eslimates and the ohserved dala. This step may re-
quire state fltering and smaoothing with current parameter esti-
males e get state estinales. Then the M-step vses the filiered
or smoothed state estimales to re-cstimate the parameters so that

the new likelihood function is maximized.

For the Hnear model with additive Gaussian nuise, the classi-
cal Kalman Filter tKF}is an optimal stale estimator in the sense
that it minimizes the mean square error of the state estimates.
When the assumptions of linearity and Gaussianity are dropped,
the pptimality does not hold in general, Due to the simplicity of
the KF algorithm, however, it is still being used in reseach; see,
¢ [9]-112). Apart from the KF particle filters (PF) are sequen-
tiat Monte Carle methads based on point mass representations of
probability densities, which can apply (o ony state-space model,
and which generulize the classical KF methods. In this puper,
we wtifize the BM algorithm with particle methods (o estimate
SV paramcters using the simulated data and the USD/TIIB daily
cxéhmtgc mtes fromn the market. 1 is worth noling that the PF
can apply in many different directions: interested readers may
consult, v.g.. {13} 16] and references therein,

The remainder of this paper is organized as follows: Scction 2
presents the SV modelling. The EM algorithm and the parti-
cke method are provided in Section 3 and Scction 4. Scction
demuonstrates the empirical examples using two data sets; (1) the
simulated data, and (2) the USD/THB daily exchange rates. We

" then draw seme conclusions in Section 6.

2313
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2 Stochastic Volatility Modelling

Let £y denote the exchange rate @t time k. The fog relurn’
of [7y is then defined by ry = log (b‘ft; ) which admits the
univariate SV model introduced by Taylor {17).

7L = oren. € ~iid AM(0.1} (2}

where @y is the volatility of ry. According to the empirical re-
sults. op is the log-nunmalty distribution; this means that there
must exist a normal random variable g so that 7y = iogﬂg.

and hence (2) becomes

= eple e, Y

maximum;
ML . . - .
7] = airg 1911;3 {.{8) = algr‘;lég. plYnld) {8)
Duc to the fact that

e arg :Eezg; L(0) = arg :Gpeag,c log L{0), (]

il is more convenient to maximize log L{#) rather than maximiz-
ing £L{&) itsclf.
Consider a nonlinear stale-space model with additive noise

processes ol the form:

Ix = Jlep_ i 8 + wp. (rh

Traditionally, the lng volatility =y is assumed (o follow the sia-

tionary AR(1) process with Gaussian innovation noise: i.c..

wy ~ Lid M (0, Q) (4)

T = dEg. + o+ wy.

where |&] < 1.

Rather than (3) and (43, one may introduce a scaling faclor
in (3) to remove the constant lerm ¢ in {4). Hence the 5V model

for the log retuen is given by

zg = @rp-1 -+ wk,
Dnp =g (3)
78 = Pexplar/2)ex.
Qbviously this is a nonlinesr state-space model, By laking log-
arithms of the squares of 7., the nonlincar SV model in {5} can
be transformed into a lincar mudel as
Tk = 9Feo + g,

Yy = (6)
W =a+zyt U,

where yx = log ri, a = log 8° 1 E[log ¢f], and wy, = log ¢} —
E|log ei]. Wo shall use the lincar state-space model ot the form
{67 in this research. Note thal v, follows the log \7 distribution

whose mean and variance arc U and 7 /2, respectively.

3 EM Algorithm
Given the observed data Y = {wa- ... .yw ], the likelihood
function is a measurc of the plausibility of the data under param-

eter #; k.,
L{8) = p(Y~1d), (N

where 8 ¢ ©, the paranmeter space. The main goal of the ML

eslimation is to determine 67 which mukes LG ") uchieve

YEinancial time-series data, such as asset prices, il prices, gofd
prices, GDP. inflations, including curmency exchange rates are in general
non-stativnary. 1L is customary to transform non-statiunary duts to sta-
tivnary anes using the lugarithm of the ratae of conseeative daku points,
valled Ing reqer s vy

234

T = ) e

Let fp be an initial guess for estimating parameters. The EM
algorithm iteratively generates a sequence of estimates ¢ for

k= 1...., N as follows:

/) E-Step : Evaluate auxiliary {complele) likelihgod
Q. ¥) =E {log p{Xn, Y8V, 0:-4)} (12)

where A’N = {.'JT[,.. ..:TN}.
2) M-Srep © Maximize auxiliary (complete) likelthood; i.e, to
compute

fxy1 = argmax Q(6,..6) (13)

The muin advantage of the EM atgorithm is that the mono-
tonic increasing property helds: i.c., in cach consceutive itera-
tion. L{0x 1) > L(f:).

In the case of the SV mode! in {6} where 8 = (&, Q, o). the
{complete) likelihood function is thea given by

I N
L) = pesn) | | plosalien O ][ plocleos)
k=1 k=0
1 {its0 — m)z)
= exp{ — x
2xod . ( 2af
d e — s )2
H 1 exp (_ (Fate = PTakint) ) N
ko Vand 2Q
N
1 T 1
2 — ] ex ——e SNN 14
;Hn 7 o ( 3 )e\p( 5 Pxn('n)) (4
where oy =t — 0 — X5 p + E[Ing ¢}], and a2 & is the par-

ticle smouther Trom (he Particle Smuothing process (see in the
next section}). By taking the partial derivative of E{lag L{#[}~))
with respect o cach parameter and setling them alb b zero, the

estimates 0 are then calcuated as follows:

o
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P N R+ Pl

Yol 7 P "3
G- Lam [FE+ A
N
L (S iy + PL.,,.._ll)z
A o @k + Ped) (16)
& = log I:E:QI_U F. fexp (L’k’\_’i}.l'i' Ellog ei]);}-yv]} o

where #4 = Elz, 4 |Yn}, P = Ef{z,a — #30 P Y w]and Py =
El{ccax — E:dcan — &)¥n]

Repeat [} and 2) for j = 1, [ A/ to obtain the particle
smoother i, ¢ for bk = 0.0 .,V These values aleng with the
data sel ¥ will be used to estimate the parameters in the EM

algotithim,

5 Examples and Results

To demensirate the procedure for estimaling the paramelers
of the SV muodel, this section presenrs two examples using the
two data sets: one from the SV model in (6). the other from the

Fereign Exchanpe market.

4 Particle Method

Particle tilters (PF) are sequential Monte Carlo methods based on
& set of random particles with assuciated weights to approximale
the conditional densities, [{74|Y: = {po. ..., }) rather than a

single estimate as in the KF methods.

4.1 Particle Filtering

Let A7 and N be the number of particles and the [ength ol

the data. respectively.

1) Initialization : Generate random particles .J:}’f, ~ N{po, o)
forj=1....,.M
2) Recursive Step :Fork=1,... N

1. Generate noises w,{_ﬂ ~N{OQforj=1....,Ad
2. Update estimated states 'rf,’,i = d—u:}‘ff.,_l + w,(‘_ﬂ forj =
1,.... M

3, Compute weights from the conditional density of ye given

~IFY .
Fppiie,

H sl F 1
wi_l = p(yk[:rfti_) @ exp (-—2-) exp (—5 exp('m))

where ye 1=y — & — :'i*}’i + Eflog €]

4. Resampling 1}}‘ with weights wijl to get J.}’,l

4.2 Particle Smoothing

Colleet iy foralt & = 0,..., N from the Filtering step to
determine the particle smoother.
1) nitialization : Choose the smooth particie xi’f\, = r.'f",‘, with
probability /M lorj = 1,... | Af
2) Recursive Siep :Fork=N~-1,...,0

I. Calcutae “’ﬁlﬂ o pletd) | 1|:c}i_:\) = N{tb.cf,‘f,]_,Q) for
i=1.....M

2. Choose :rgi = arj."i with probubility “'r&q

235

The data set is generaled from the SY model in (6} where the
true parameters are (¢, (. o) = (0.9,0.5, -13.5). The trajec-
tories of the estimated parameters are shown in Fig 1 with final
cstimates ars (&, €, &) = (0.8738,0.4667, - 13.1068). Appar-

enthy, the estimated parameters.are close 1o the true ones.

0 50 100 156 200 250 30¢ 350 400 450 =00

o E 1 L i 1

1] 50 160 150 200 250 3060 350 400 4S50 500

: 2 1 ' : 2
0 106 150 260 250 300 350 400 450 500

Fig. 11 (#. Q. &) from the simulated data

5.2  US Dollar/Thai Baht Daily Exchange Rates

The data set used in this example is the USD/THB daily ox-
change rates from August 1, 2012 to Junc 15%, 2015, The tra-
jeclories of the cstimated paratneters are shown i Fig. 2 with
final estimates are (¢, Q, &) = (0.9353,0.0375, — 13.1216).

6 Conclusions

In this paper, we present the SV model in the lincar state-
space form with additive log chi-square noise, We apply the EM
algorithm coupled with the particle method to estimate the pa-

* ramelers of the medel from the obsceved dala Empirical studies

show that the estimales dre close (0 The [rue ones.
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