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Edgeworth Expansion and Regenerative Block Bootstrap
for Ergodic Diffusion
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BELNATELT, RBETRRBINAT— PR M v 7L, ZROEREIPRIESNEZRIOLDO LD,

2 ITyou—XEMR

TH: X=(X;) % HIBULHRERMTERSN—KTHBBEE L, Z=(2) % X OMER
B L35, £, R EOHH picHL, u2t X OFMAHE 25 X 5 R,

Rl = [ Pellutes)
PEHTD. R EOBELE2A, 2,y oL, wAa7EAOF o m e NZUTOIIICEHLEL .
= Illf{t 2 0 ; Xg = 112}, 7A'm_ = inf{t Z Tm 3 Xt = y}, Tm+1 = mf{t Z ‘T’m N -Xt = ,'1;}

SBICT B9 I, (Fry Lim) % Fom = Zroo s = Zry L = T 1 =T K E S CEET B E, (Frp, L), m € N
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a; = @A(ﬂ/a), a4 = BiajA(,B/a), 0’2 = Z Q;05%i,5-

i,j=1

ThB.
BT, X 1%, »HIBEESFER,

dXt = b(Xt)dt + U(Xt)dBt
KEESTWABDELLED. EEORECEL THAIIEKRDL 5 R+o&t2ET-.
&l R bD IRFTAESY, o BRFART, /o REEBALETE. & HIFEHITOWVT,

. sgn(2)b(z)
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OUEE, CIRBEZLDOMLEWBELT, TORXFa—F» M4 DEBOREET-4 2 & 235EH
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Metropolis-Hastings algorithms with acceptance ratios of
nearly 1

HRRERFREHEAFENRR  ReWE

=

HEOSEOHEELT, EXFHNOEIIBEEICRVWONAFET, R4 ZBEOE 7T H)VOE
NELEL, BEENTVWS. WE, 11 (R, B(RY)) LOREEERE » 2B DREFERELL, L1(I)
B3 fICAWLTI(f) 2RDENVET S, ZOEEITINVEBESTHIVOETIE, 2K I

BESWSIRRERI X, ..., Xy BED, BESA Iy 25 ON(f) Z28ET 5. T35 0B 0ER
IZ& D O (f) I I(f) IZ almost surely IZINRT 2. —H I DX I WM ERERIIZEDENE
BIrEAS HERMEZEAL LAY TRVBRICEIICNETSYNITF A2 Xq,..., XN
Lo TRBRAMHZEDFENRVLNS. ZOXIRAFERZITNITFA 2 ETFRHIOEES
RN, SNATFA COEDFIZE > THN(f) MI(f) ITPERT 5+ RERIAERENTE .

DICARPNETBZINATF A 2 EED BB EIIA FORY AT AT T AEE
IE1EN D B DT, Metropolis et al. [4] IZL 5T 1950 ERDPSHESNTWET NIV XLTHS.
SO AT ERDBICEBETHEICLIVBONS. T Xo=cc R ZBFITED, Mk
BREBIN W, W, ... ~qly)dy iT&>T

(1)

X, = Y, = X1+ W, with prob a(X,-1,Y,)
" Xna otherwise

ETB. 2EL, a: R? - [0,1] 1Z acceptance ratio & XN, a(z,y) = min{l,7(z)/n(y)} &E
FIND. ZOINTATFA VRN EZRESAELTRES, Oy (f) BI(f) ITNRT DRI O
THRERFERSN TS (Roberts & Tweedie [6] 7% &).

90 ERFEN S, LEOHEERRBRE A MARY AN AT 4 VT AEDBHRINTNS.
B=(B;teRY) 28T 53 EBET D&, b(z) =27 Viogn(z) IZ72WLT

dX; = b(Xt)dt +dBy; Xo =z (2)

ORI EZRESHELTHD. TNEFEAL, ZOBOT 1 T —AILOBEBILZE L O#RITEE
THEIRLVFLVRAPORY ZANA AT A VT ABZEDDEN LKL, TOFEEIA DR
VDABEZREBLIES IV aNERELREINTWT, BEILOBL AT > TEEWSDONMDH
BNEEL, Oy (f) BI(f) ITBERT 282 T2 REVAXRSN TS (Stramer & Tweedie (7, 8]
7 E).

ARORYZAAS AT 4 T AETIE, TSICRTORZDEMOMEGERX D, YN—T
W2x > THEEVWS HEBEET S (Green [3], Andrieu et al. [1) 72 &) NTA -5 DHDHEED
EDOEHEICRANENTNS, T5ITRETIRU LOKRRM—HFO<INIT7F oA LETTERS,
BTNV ITYZXLEZRELAKET DI EMNEATHS (Roberts & Rosenthal [5], Andrieu &
Moulines [2] 72 &).

PAEICET LSS, XA XBRICERARBRF TAY >TSS RETHNVOENEEL,
BACK- TRERFEEZRIENMETHS. SEDORETIE, HOBHEVESEREL, £
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5. ZOTNIYXLOEGHZNRA -7 — Ot EEREFEICI DEARBE ERHEES
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1. FIROBEEHE
T ANE T ERRER (O, F, (Fi)is0, P) LD d- R TRRIARE

Xi(w) = £(w) + ag(w) +/0 /};n(s, KXo, z) du(ds x dz) (1)

BEZDH. 2T, E =R\ {0}, £ 13D DREREEE, u(dt x dz) FRT YT ¥ LBET,
FOaryNrEfE—y BFEELT v(dt x A) = fe(2)didz = NFy(2)didz EREND LR
ET5H. =720, v(0,1] x E) < co. ¥£72, n(t,z,2) Ry x R x E EOFRIBHKT, &#
In(t,z,2) —n(t.y, 2)| S |z — yl, In(t,x, 2)] SCML+z]), 732 [P (2)dz < c0 BT T HD &
T5. 2L, ASBIZ, D2EOEHRCIMLTALCBTHREILERT. 30IL, ol
ap =075 F-WELHEFBERT, HBa,b>0&, EED s, t e REIIFHLT

Elas — as)* S |t = s|** (2)

EWETETEH LERST, o (GERERSAAEZROMFRBEETHD.

ZDXH Ve THERIBEIX, 74T ASOGASE CTHREICAV OO Y, BES
REHE L CHEBEBRRIC L o MEHERIISERBE TS 2. Tabh, BHBR (X )k, 1 = ih,
ZRANTA— S HEMENEB LEETHD.

ZOMEIZR LT, i, X BenarBod vy TRYLEGER OBEIZ OV T, Shimizu and
Yoshida [3] AWREHLN2IEERLERBE L. TITOERNRT AT T, AX] = Xp — Xin |
DHEREDOK/MZ LY, B [t M) BTy TORELHELLI EWVWIHOTHD,
n—oo & RBIFEFOURBITRENZRSE. LA, nDXESIIHTIHEOERS IE4 D
EFTMUEBFELTEY, |AXP] > rp LW HEREEEDICELT, W22 r, BENE
WO RBEMISH ERVEERREL 2. L2 A, HERICBIT2MEILr, = O(h2) THY,
INTIXEEMNIZ r, 2RDDZLIXTERVDOTHS.

FRETIE, LROMBEIIH L TOL DFERERFT D, TRhbL, EF—F (X}l B
Exbhié &, FEARXME [0, )BTRS FOFERHBITET L5 —

A (rn) ={w; [AXT| >} = O(R]) 3)
BT D r, DAGHIRBIRFEERETS.
2. T4 NS —OBREELFBROT LT XL
WEEREDLWIT AN —(BDHI, TEFN(1)NOHERATA—FIZEBETS. BE

)\———/OI/EV(dsxdz)

VY TORBOBREEZRTRETH Y, TFAO misspecification D FTH I OBEDO—EH
ERIIMATET, ERBEHRITNLT,

() = = 3 TP (7)) @

i=1
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LD, B, COREEIEM(m)] — A (n—o0) ERBIERBLRNS.
T, IOWER () D, n FEELLETTORENCHT DA TABTEDLTAE
X BLEITr, ERODDIEBEZ LGNS,

ST en(ra) = %ZP{IA&}‘] St P =0) EBL. REL, Ad = amp —arp , JP =

17 v

i=1
#{t € [tr,17); |AXP| >0} THDH. KOMBICEREL L.

BB Ao — 0 LT, o= h7lenlrn) = [yomp f(2)dz+0(60) £ 5. L, b i3 +5
B ORMERT BFITHS. ZOEE, KORERDRY Lo

En < eAh"b(rn) < ln. (5)

::K,A:J"—/ f(z)dz THB.
%‘<12|321’n
IOGRBELD, b+l =0 LRBEICr, EREDOI LN, Ha ORBICHTE—20DELHFT
A5, Thbb,
Lo(rn) = 2!.’,,(7",1)—/ f(z)d=
a<|z|<2rn

= 2’1;1511(7'11) —int(ra), (6)

(72721, int(rn) = flzls%l f(z)dz+flz|s2r,. f(2)dz) IZRLT, La(rn) =0 &722L 5%, %
ROBIENEZOLND. e,(r) X riCBL THRBEDT, .(0) =1, Ergoen(r) =0, £7, int(r)
HEEEEREMTH DD G, 0L 28 E—EICFETS.

X RT% o FEEBRROBEIL, BN Y REBICE 5T en(rn) EBITET, &2, f
1% LCiE Shimizu [1] TRESNEHIBEOI—FAMEER f, ZAVDILITEY, L(r,) OF
BlEEDZLERTED. LML, TITEEE, enlrn) R fo OFIT, 7 (r) Lo THEER
AREBENEEND Z EICEEL2TERL 2L

FIT, ETHEY v, OUBE D 2BATEE, TREAVT eu(r) R fo DRERTH D
€D (ry) ® fO FMEL, L(r,) OEBEIES. “h LV () = 202D (r) — int© () LB
3. ZOFTCLY () = 00f% rY L&, INEBE-—BROBELEE. ZOBRELRY
B ricky, $e-BEEoRE " »

ngk) (Tn) = 2h;1€$zk_l)(7'n) AL (T'n) =0 (7)

DEEE LTERTS. koo bT BT, v @b sERTNETITHS D Z &R, HiEE
BROPREIND (EERk=10BTHRETS) . TORBRELT, s P) 2ANTHLAE
BREROREIIEEICEHEDL I L RERMITRENS.

IOFER, EWEFACGATEIEREICERMARFET, EFELBARERLLETHAS.

P
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(3] Shimizu, Y. and Yoshida, N. (2005) Estimation of Parameters for diffusion processes with jumps
from discrete observations, to appear in SISP.
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Mighty convergence of statistical random fields and applications to
stochastic differential equations

Nakahiro YOSHIDA

Graduate School of Mathematical Sciences, University of Tokyo,

Analysis of the likelihood ratio is the first key step in order to investigate the performance of statistics.
After the initiation of the local asymptotic normality by Le Cam and Héjek, a new paradigm of analysis was
established by Ibragimov and Has’minskii [1, 2, 3]. That is, all asymptotic properties of statistics in likelihood
analysis could be reduced in the convergence of the random field formed by the likelthood ratios. This program
was successfully implemented mainly for i.i.d. settings and white Gaussian noise models.

Let £¢ = {X¢, A%, P§,6 € ©} be a sequence of statistical experiments with e € (0,1]. © denotes a parameter
space in R™. ¢(€) is a positive normalizing factor tending to zero as ¢ | 0. For a 8y € ©, define a random field

Z. by Ze(u) = ﬁgg;ﬁ(xa for u € R™,

We assume the finite-dimensional convergence: Z, —% Z, where Z is a C(R™)-valued random variable.’
Then from the large deviation inequality

A O (1)

for some vy > 0 and ¢ > 0,2 Ibragimov-Has’minskii [1, 2, 3] proved the weak convergence (P¢)% — L{Z},
moreover, the inequality P* [supwlu|2, Z(u)y >e™ ’7] < e If 4 uniquely attains the maximum of Z(u),

-

then for any sequence of the maximum likelihood estimator §, for 6, i := ()1 (§. — ;) =% @ and P¢[f(dc)) —
P [f(4)] for every f € Ct(R™).2

Convergence of moments or sharp estimate of the error probability of an estimator plays an essential role
in the key steps of theoretical statistics. For mean bias correction to an estimator, we need the existence of
the mean of it. The expected value of the plug-in functional P¢ [log likelihood (%.)] is necessary in prediction
theory and in construction of information criteria. For example, the number of parameters appearing in AIC
as the correction term is nothing but the mean square of 4. * It is impossible to develop the higher-order

asymptotic theory without the following type estimate: P [Wn - bg| > n"ﬁ] <n~" for B < 1/2. Also, for the

same estimates for Bayes estimators, we need an estimate of the large deviation probability for the likelihood
ratio random field. The necessity of the polynomial type large deviation inequalities in the theory of asymptotic
expansion of the estimators for stochastic processes motivates this article (cf. Yoshida [15], Sakamoto and
Yoshida [7, 8]).

Kutoyants found that Ibragimov-Has minskii’s scheme could work for stochastic processes including diffusion
type processes and point processes. Among his many results, Kutoyants established a complete theory for
processes with small diffusions (Kutoyants [4]). Many applications of this methodology were also presented
in Kutoyants [5]. We should note that the Ibragimov-Has'minskii-Kutoyants’ theory was effectively used in
derivation of asymptotic expansions ([12, 14]).

As the core of the theory, the large deviation inequality (1) is not easy to obtain for most of stochastic
processes, even for nonlinear ergodic diffusions; asymptotic theory for small perturbed systems is special in
this sense. As seen in Kutoyants [4], for ergodic diffusions, is necessary an explicit expression of the moment

l(i‘()R"") is the sapce of continuous functions that tends to zero at the infinity.

2P¢ denotes P . By convention, P functions as the expectation for a random variable.

3The set of continuous functions on B™ of at most polynomial growth.

“In the literature of asymptotic statistics, unfortunately, such an expectation has been very often assumed to exist without any
mathematical backing. Rigorous treatment of this problem under a certain integrability assumption can be seen, e.g., in Uchida
and Yoshida [10].
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generating function of a kind of deviation in the statistical model, although it implies very strong results such as
the convergence of moments once it is obtained; strong assumptions possibly produce strong results! Without
such a strong assumption, the convergence of statistical random fields was proved in [11], however without
moment convergence.

It is an important observation, as some of statisticians have been aware and really it was implicitly written
in Ibragimov and Has’minskii’s papers, that the exponential type large deviation inequality like (1) is much
stronger than oyr use. The polynomial type large deviation inequality is sufficient to develop a theory. Here
the polynomial type large deviation inequality means: P* [supm,ulzr Ze(u) >V J < %@ (r > 0) because
the rate of the convergence of the probability is of or faster than a polynomial order. Some exponential in place
of 7~ on the left-hand side is very often possible.

Kutoyants [6] presented a polynomial type large deviation inequality for one-dimensional diffusions by means
of the local time. A polynomial type large deviation inequality in a more abstract setting of the partially locally
asymptotically quadratic (PLAQ) sequence of experiments (without any special properties belonging to diffusion
processes) was presented in 2004. ® From this result, for stochastic processes including nonlinear non-Gaussian
time series models and semimartingales as well as multi-dimensional diffusion processes, it is possible to obtain
new convergence results, e.g., the convergence of moments of the M-estimator, and the asymptotic normality
of the Bayes estimator and convergence of moments of it. Our results also provide the same consequences even
for estimators based on sampled data from diffusions with/without jumps®.

As an example, we discuss estimation problem (an MLE type estimator and Bayesian estimators) under
a high-frequency sampling scheme and show the convergence of moments as well as the asymptotic normality
of them. The author hopes that our approach enables us to connect the Ibragimov-Has’minskii-Kutoyants’
program in the asymptotic decision theory to the gquasi-likelihood analysis that is inevitable in statistics for
sampled continuous-time processes.

Our setting includes the so-called non-ergodic experiments. There, the limit 4 of the estimator .does not
necessarily admit moments; for example, the limit distribution of the maximum likelihood estimator has the
Cauchy distribution in a simple example in the non-ergodic statistics. So no theory that ensures all moments
should exist. We shall deal with the order of moment more carefully than in the case of exponential type large
deviation inequality. ‘
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FA 7 —BEIELLDERFEZ ¥ LTHIORKEF B 5 DU

Rt EER BT EAN Y
HREKEREL MHTEE

1. Fa—T&REFA5—8EHE

BFEE ] C R 2R OBRE X (1) (t € I C RY) OFRKIESH P(z) = P(supye; X(t) > 2)
ZIRPT 200K EL LT, Fa—THEEAA T BRERELNTWS. Fa—T
i, 0, S8l OERERBIIH L TERASNA bOTHY, BERESMLE, EEE
X () OFEBENOBEY L FECERIND ) v U HBIEREM OELY O [Fa—
7) OEBEN LR LICHET D2 005, Fa—TOEEHELE L CTRAESfE T
WTBHENIBDOTHD. Fa—TIE, ERIGE (T 728 ELR, M OBERYE
BHE) OFT, ZOELEEREHOMNEL 25 &5 BBRICBVTEY (valid) T
HBZEBFREINTNA. )

—FHDOFAT—IEHIEL, A7 AD—varvERG A ={tcl|X{t) >z} DAAT—
B OBIHE P(z) = Elx(4,)] % z 3K X W & & IZHKED LR P(z) OELUEE L
THWA LW FETHD. LX) PEREEROBEIIE, F=2—TELEMT
HBZEWRENTND. LIzd o CTERBERBIIHT 244 T BEERELETHS.
L LA A 7 —EBEERRIIEERERBICH L TLERALI D LDOTHY, TOBRET
DELBELTH DD, TROLBEPHNTHI0E 5 DE—RIZIZE oo TV
V. FRETIE, 4T EEEOREFMO—RRICAITERL L LT, —oDfiEE
BLTHA T EBRENELTHLEINE I NER T ZLITTS.

2. EBEXTELGRHFDS VT LITINORKEEEDSH

BEBR W) Zb2b02EXD.

P

)=o) = 2LIEWoORKE).

i=1

TREE A % BATIKE ! LT AMESE 2 KR X (h) = KWh, h e P~ K k> TE#
L, ZORKIE, THbbEKEEED LIRS P(o) = POux(W) > 1) #E X 5.
g() KB LTROEEEBL.

®%E 1 a=inf{l|g(l) > 0}, b=sup{l|g(l) > 0} £B<. g(-)t(a,b) THANDRIH
. c < bBTEEL, L€ (c,b) Tg(l) > 0.

BEREHED FRIREDA A T —EEIEEE P(z) & LTROEAEE5.
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R 1 () & § REAMFRL T5. E7= 0 = Vol(SY) = 20/2/T(i/2) & 555
(i) b=o0 DHEE.

1

~ 0, = [
P((II) = H?Z(—l)]/ lz{ ! Jgul)dll/ trj(ZQ,...,lp)
T co>la>->lp>a

i=1 j=0

< TT = 1)9()- - g(lp)dls - -~ dij.

2<i<j<p

<

(i) b < oo DEFE.

. L o W e . '
P(CL‘) = H s (—I)J / (b - ll)Jg(ll)dll / trp_l__j(b — lQ, ceey b — lp)
2 z b>lp>->lp>a

=1 j=0
< I (:—1)glk) - glp)dly- - - di,.
2<i<j<p
EeRPOT T OFIRT jARXVEL 27 b D& XTWHEICHANL 2D, (Thbb

YIS, j=00EEEHELTOWERMAERL TS, )

AA T EBEDELIRRER AP(z) = P(z) — P(z) 8<. z1bD & &I AP(z)
P(z) X0 bERERIT/IE WL &, T2D5 AP(z) = o(P(z) D& &, 44 5 — @I
BUISBWERTIEY L\ 5 Z Li2T 5. E7oz 1 b0 & X1Z AP(z) BEHER Plz) ©
EEL D LTI TH B L &, Z04A 5 —EBEIELLUIES L\ 5 2 2235,

FE2RELIDFTT, b= 00, b < co DEBFIZEBNTHA 7 —BEIEITIHVEERCTEY
Thd. FlEbIZp=2THHh, p>3»D
lim 2#72g(z) =0 (b= co DEAH),

1i1T1b1(b — )" g(z) =0 (b < 0o DIFE)

THDHR6IE, 47— FEEIRIESTHSD.

zTbDEEDg(z) — 0 DIEN+H7IHITIE, T7hbb W OBERBENFDOH R—
FOERTETHSITES 0IZIERT 2251, 44 7 —BEEIEY LR 5.

3. E

SREBRITICBO TRENRERTET v F 275 TH D U 4 % — MBI W,(n) (n >
p—1), ZEER—F1T3 B,(n1/2,n2/2) (n1,me > p— 1), BLOE Y 1 % — MFF
Wyl(n) (n>p—1)iIZ2WT, TORKEFESHOLA 7 —1BEIERE & BEOBHT
Al BERICEZ D EBTED. EE2LY, TALD30F0EDHEESIZON
THAA 7 —EEEITHVERTEY TH B, LIZT 4% — MTFITIEZV DR S
P, NIZDOWVTHIEY, ZEE—FITH, #V1vv— MTFITIEERLFN 3p < ny + 5,
3p<n+5DEETELH LD, EHUAKOEENLRF L, TOBREOHIRA, BIEMZEE
IZOWTIIHE B#AT 3.
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Summary

We investigate decision theoretic properties such as minimaxity and admissibility of Bayesian
predictive distributions in the framework of asymptotic theory. Kullback-Leibler divergence from
the true distribution to a predictive distribution is adopted as a loss function.

1. Introduction

Suppose that we have a set of independent observations ) = (z(1), z(2), ..., z(N)) from
a distribution with density p(x|6) that belongs to a model {p(z]6)|6 = (61,062, ...,04) € ©}. An
unobserved variable y := z(IN + 1) from the same distribution p(y|f) is predicted by using a
predictive density p(y; V).

We adopt the Kullback-Leibler divergence D{p(y|8), 5(y; z™)} := [ p(y|8) log{p(y|6) /p(y; =) }dy,
which has a natural information theoretic meaning, as a loss function. We evaluate the perfor-
mance of predictive distributions by using the risk function E[D(p, $)|8] = [ p(z™|0) [ p(y|6)
log{p(y|6)/p(y; z™)) }dydz ™).

A widely used method to construct a predictive density is to use a plug-in density p(y|§(:z(N ),
where é(x(N )) is an appropriate estimator of §. However, Bayesian predictive densities

J p(y|0)p(z™M)|6)7 (6)d8
pr(ylet™) = [ p(zM)|8)n()dd

have better performance than plug-in distributions in many examples (Aitchison and Dunsmore
(1975), Geisser (1993), Komaki (1996)).

In the present paper, we investigate the use of shrinkage priors for constructing Bayesian
predictive distributions asymptotically dominating those based on improper vague priors such
as the Jeffreys prior.

In the present paper, constructing methods for shrinkage priors are introduced and properties
of them are investigated from the viewpoint of information geometry by using the results of
previous studies on asymptotic properties of predictive distributions (Vidoni (1995), Komaki
(1996), Hartigan (1998), Datta et al. (2000)). The model {p(z|f)|f € O} is regarded as a
manifold, and the relation between differential geometric properties of the model manifold and
the existence of shrinkage priors is studied.

2. Shrinkage priors asymptotically dominating the Jeffreys prior

First, we prepare some differential geometric notions and notations to be used. In the follow-
ing, we assume that the model manifold M is a d(> 2)-dimensional connected and orientable C'*°
manifold. The parameter space © is regarded as a coordinate system of M. We use Einstein’s
summation convention: if an index occurs twice in any one term, once as an upper and once as
a lower index, summation over that index is implied.
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The Fisher metric tensor is defined by g;;(0) := E[0;logp(x]0)0; log p(x|0)|6], where §; :=

0/06%. The coefficients of the a-connection are defined by Iq‘lf(ﬁ) = I‘ij’-c(é?) -3 iﬂ(ﬁ)gkl(G), where
I‘i]’-‘ = 2(8ig(0) + B;9u(0) — 819:5(8))g* (6) are the coefficients of the Riemannian connection.
Ti;k(8) := E[0; log p(z|0)0; log p(x|0)k log p(x|6)]6] is the skewness tensor, and g/ denotes the
(i, )-component of the inverse matrix of (g;), see Amari (1985) for details. The —1-connection
and 1-connection are called the m-connection and e-connection and the coefficients of them are

m e
denoted by Fif and Fi;“, respectively. The a-covariant derivative of a vector field v is defined by

e
‘071.'0-7 = 0;07 + lq‘i,zvk, and % and %7 are denoted by V and V, respectively.
The Laplacian A on a manifold (M, g) endowed with a Riemannian metric g;; is defined
by Af = |g|"V28;(|g|*/%6"8; f) = Vi(¢"9; f), where f is a real function on M, and |g| is the
determinant of the matrix (gs;)-

Theorem 1 (Komaki 2006). Let (M,g) be a model manifold endowed with the Fisher
metric. If a Green function G(£,0) on (M,g) exists, there exist Bayesian predictive distri-
butions asymptotically dominating the Bayesian predictive distribution based on the Jeffreys
prior 73(8) o |g(6)|'/2. In particular, the Bayesian predictive distribution based on the prior
7c(0)d6 := G(£,8)m3(0)dl, where £ € M is an arbitrary fixed point, asymptotically dominates
the Bayesian predictive distribution based on the Jeffreys prior. O

From the relation (1/2)g%8;log(f/71)8;log(f/m3) — (my3/f)A(f/73) =
=2(my/ FIVA(F /73)1/2, we have the following theorem. For the definition of superharmonic
functions on Riemannian manifolds, see e. g.Ito (1964). A C? function is superharmonic if and
only if Af <0.

Theorem 2 (Komaki 2006). Let f(8) be a smooth prior density on a model manifold (M, g)
endowed with the Fisher metric. The Bayesian predictive distribution based on f(6) asymptot-
ically dominates the Bayesian predictive distribution based on the Jeffreys prior =;(8) if and
only if (f/73)1/? is a non-constant positive superharmonic function on (M, g). o
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— LRBIBEERRIZ BT A DNy JERE

frF R RRAEAFREEE T RFEH)
AT HEZ (REEHECEBTRERT ) A &ﬁ%ﬁﬁilﬂ%ﬁ%f yH—)
w & (e FERRFIEPEFEE)

1. BERMFERROKRE

FERFHIT 1930 FROINVET B ZIC X D RERMOERROERLICL Y, TORFHERSB LIS,
FOET—DODOWML LEEHESTFE LTRESER L THEE., BEROEEROENCLENIGE, 75> -
I—¥RD (aVvyF—7) OBESRE, BERNZERROEE ST IR R THA L TU2, W
THhLHE VDT, AERMBEEROERE L LIZTNLITLALEERELRS Z L Lz T. =
NESrZIC L DRERMOFERR TR, BEREED (8 ° TR 0L 5CaBNICEZLN, TOENKEY
BRI LM ER> TS, BEXNEBLLTER, BREREEROBREDCERLET LI LIL
T, FFL L TORRRPIERMCSNIZLEBRTE D, FHEFEO [RRROER] PR (1944)(1] ~OF L
ZH 5

FER LT, WR—TRETHD. » ZOFTEEEBEOYFNER LRV LOEAR.

EWHERDR, ZOX)RBEBRETHRIIRLTNDLEBEDNS.
ELADVEROERENARBR DRV E VI BEF—FEOBREOELEZLERLTWS., EixairE
SunTvBY, BORY L-REROEEROERIC—EOLDLVWERL TV THS. ILETH
7 (1963)[2] O—ExFIHTIEUTOLY THD

The set-theoretic axioms of probability theory, in whose formulation it was my lot to take
part, allowed to eliminate most of the difficulties in constructing the mathematical apparatus
appropriate for numerous applications of probabilistic methods, and so successfully, that the
problem of finding the causes of the applicability of mathematical probability theory was felt
by many researches to be of secondary importance.

1 have already expressed the point of view that the basis of the applicability of the mathe-
matical theory of probability to random events of the real world is the frequency approach to
probability in one form or another, which was so strongly advocated by von Mises.

ANEFTRZFIOL D RBRICU>T, BHIX Kolmogorv complexity DA DHIFEIZEA TV DT
B, ThHbeF LS LEERE o B3,

UEDXS7RMT, 1Z&A EORRRIEFT TR ERNIBEERRLSIMNCERROGRIID VBV EE
ATWS., £ZICBAT-ON Vladimir Vovk & Glenn Shafer 12 X547 — ARMBERBOBETH 5.

2. Y-LmBEERROERL

Vladimir Vovk % 1960 FDOAEENT, FURLEZINEIR T OREDH LIZEW-EWI BT, an
EIARTDREDHETFO—ATHD. Vovk i 90 ERIZS — LRMBERFBOBRLKREICEEL LTV
23, Glenn Shafer &9 <H7=#EE L% T, 2001 £iZ “Probability and Finance, It’s Only a Game!”
EWIEEHR L.

& Z T, Skeptic & KIENHEETAHAL, Reality L LIENZBOERZEDDHAD, —ADT L —
Y—ORDT—LERETDIIEILLY, F—LOR-RLLUTHEREREEHZENTENTVS, EE+R
T3, PERELIL, REOBER, PUERERE, EEMBOER, SLICEET 74 72 AR 5
BT OREAK, REBERINIAIIHS. LML ENRLOFRI, UL LIZRIERICHIT ARIET A2
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PLoBATHD. EE F—L2ROAKREOBRENOTERTZEAEMLEFMRARLLELETE
BETLHEHETERLDLZ>TEY, MNERNZAOEMEI LB TIEERCENHD.

LUTFT, BLEER2A BRTIDBEDT—LDEEREBM L L. Skeptic DIHEEE Ky=1 &
HEHENTE, UTT_TERIEREEL, WO TH/NEVEOEENTFRETHDI LTD. F'—~ADT Y
L NE R TEL, F—ADEIELE n=1,2,... LET. £59 FIKBOT, £ Skeptic NAH D
MBe& M, e REZPHOLMNITD., FNZ2H-7-ETC, Reality i $z, =153z, =-1 285, T0H
& D Skeptic ~DXI (A FT7)iX Mypz, THD. K T U K n B THD Skeptic DEE L 1L

Kp=Knp-1+ Myz,

L72B. LETHEETREIL, Relity it z, = £1 OFF%E M, OFFLHITREZ LN TE NG,
Skeptic (L THREZTHEIICEDLONB LI AILHD. & ZANERROEOER (KEORIER) Y
.

FEHE  Skeptic (ZEEEE P HFFFE L Reality 28 limp oo (1/n)(z1 + - + 2,) = 0 D3AR YV 317272
WX HIZITEIT A IS T limp e Kn =00 & 725,

B« (3)[4] R O FHRICETIWSENH 0 E ICHARERAL 5 A TWD. ZoOERL, B CHE
RAF—ADREDS & T, Ei Reality(BRE) XHanbRERNUIZTEBLRTRIERDRY, WO d
RLTWD, F—LOREOFIZIIHERENZERIIZEL 2V EbL T, ENITEBNRETZ LA
BEETHD.

& 51z ][] 1L BV TREKDERATENTNS, THILKBERRH D 7T (1/n)(@y + - +2n) 4 0
ERBHBEITIE, logKp tE {z1,72,...} PRBROMEL Y A7 PURRLOBOIN Ny JIFREITKE S
B (BERSHELTER) EWHIBEERTHD. F—L2mPEERTIX, ZOX5ICRIERMRERERTITR
EODESGL LTERINTLEIEXRZR L COMBRBEOEDOSITNFRL D, BEDEAE
EDLIRKBRADERSTHY, REATOZFBLZ LR CTE 5HBIZERICEDTHS.

F— LRAFERB OBMITBERATIIEREESEB R EA TS LIFEWV2v. L Lans, BHEme
BEIZE LT, F—ARMBEEROBBICESHTHRLWFRTATY X4 )9 SRS D2 Y,
TEHCLEROHIFERPBOATETRY, EHISEOERBREZVVNIHFTEILDLEELTWS.
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Bhattacharyya ZEHRFFRICONT

He Ff KRR LFERER
FEEX FRKEEDERFHER

. [FEHIZ

%#H’J?ﬁi:ﬁ IBWTC, HEEDOY R 7 2 FET ABICERFAEXDEELRFIZRT. B2, TEHEED
SBITHTREE 2 AR E LT, Cramér-Rao (C-R) D FREXK TP R & HHE L L7z Bhattacharyya DFR%E
KirL<HBNTWS ([271). 72 C-R O TFTREEHRT 2 AMIFEHEHEIMICRD L) 2@ <{mbhTw
% DIZH L, Bhattacharyya @ F & (B-TH) 2 EXT 502V TIILT L HHARBEIZITR > TRy, LisL,
BT, RS TIRDRE SRS T b B-TREERT 5 = & #8575 TE 72 ([TA03], [T03a), [T03b]).

R CILE, REBEOMIEICEWT B-TRZERT20MeMETD. £, BREED T CHEFREE
&0 Bhattacharyya TREZBH L, ZOERIZOVWTHHRLED

2. Bhattacharyya D T5

P X CRTCK L, ERZEM (X, B) LOMESHIHEP = {Pr:0€ 0} 13, b5 o-HBRBIE (% L THaxt
iRl L, p ot AREREEBIM A f(5,0) :=dPy/dp (B ©) LT5. DL & EXK X TEST, REHE
AR B g(0) DWEMBEIZOWVWTE LS. 22T O % R OKME, §(X) % g(b) ORRIEEREL, f, 9,0
WCEL Ty L B DI ATRERE OB Y L EMGRGERET .

WE, 8 = {8Y)(86% - 06I)|0 <in,..ip, by o i =1} BREDERFLL, Dy = Y00, 8, ..., 0%),
ok(z,0) == Dyf(z,0)/f(z,0), gx(8) := Dig(8) ki’%T. INBIE K= (k+r)/(rk)) kA2 FATHB. =
Dk & ($5%E) Fisher 168 BITH % I7(6) := Eglew(X,0) ipp(X,0)] TEHTH. Z0OL &, FHEHOT T, %
DEDQEH kT LT, Ix(0) # © TERTHIUT, Epl¢g?(X)] > tge(6) ;71 (0)gr(8) 234 _TD 6 © IZHL
THYIE, 51X §(z) = tar(0)dr(z,0) B praaz ETXTD 6 € O I LTHY IDBEITRD. 72771,
@x(6) =t (axo(0), ..., ek x—-1(0)) := I} H(O)gx(8) £ 5. T ZT, I(0) XBED Fisher HHEITHIL 45 &

. ‘0
HORN Ik(f)))
£, Vo(G(X)) > (*0u,..., k) 9(0) I (0)t(20h, . .., tOk)g(0) =: Bi(0) &725. ZNAEF O Bhattacharyya
(B) R TH Y, Bp(0) 13 k ko B-FREFIN TS, Bic By(0) it CR OFRE—KT5. 128, k Ko
B- TR By(6) 12 C-R FTROWEIL L 25T 5.
3. (IE, REBHBOSHEKIZH TS B-TH
AEIZIBVNTIE, [TO3b] ICHE - T, LB, REBELSMIKRICKIT 5 B-TROFKIZOWVWTELS. (i) LBSK

DI, 2FEV flz.€) = flz—€), X =0 =R! DFARITKRD Z & BERY I2.
TE 1 UBRBEASHET B-TREZERT20ML, pdf BERTEALNAERSTHEEEI V< 2H IR 5:

1 (z-€~a)?
= \/__b exp {——“‘*—2'55—-*

lo] eb==8) 1 1
flz, &) = T(a)c XP{‘ + ab(z ~ 6)} (z.£ eR*a,ce Ry, be RN\ {0}).
(i) REB#ES KR, 2% 0 f(z,0) = f(z/o)/o, X =R, @ =R, OHEE, ys = log(£7)X{zz0(2), T :=log o
CEBRTDZ L VBB ARIECHEIIRETETCKRDILEESD.

EE 2. REBESHKET B-TREZERT D0, pdf BNKTEZ N EHMIERIH LN(a,b?) (e RL,be
R,) AEtDRESH LR <537 Gala,d,¢) (a,b e Ry, c e R*\ {0}) RILDORELHIZRS:

flz,€)

} (z,£ eRYae R, beERY),

1 2
f(:z,a):mexp{ o) (Iog ) } (r,0 € Ry;a € R b e Ry),

r(cg,caa (;)ab " exp {*l (E)b} (z,0 €Ryja,c € Ry,beR\{0}).

c \og

f(z,0) =

TE 3. (ERESENHET B-TREERT 5H7ILESRSH N(E + a0, b20?) 1B 5.
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4. FHEERIZEITS B-THR

BIEDERD O HD B X I, MEROBE I —ROBEAFHEDO T T, B-FTRILERSNE R, 22T, K
EXOBERTEZDN, HE b B-TRIZ?2 @t@fké&if%xé LICkoTHERTZ LD THY, ZOTFTREER
FTHZLFELY. ZREFRICTHDIIRRMEREZXDLERH Y, Z I TRENIDOWTH LS ([TASS)).
EF, X1, Xay ooy Xn, ... BIESVITIRSIIC, VTS (o-BREIE 4 2B 5) BEE f(z,0) & b-25TMIHE ) MR
EEFILTE. 5L, 06 TORBERMETE. ZITERDOKE X n iTHDBRERNIHESTED LN TV D
bDETE. WVE, v (0) = Fp(n) & L, v*(0) & 0 DNV T—HICKRE 2D £ 3IZ LT, § OFKMEEHND B-T
REZBRTDEV)BERTO 2 ROFEEDHICOVWTEXS. 2T Ep(n) = v(0) +o(1), Va(n)/v(8) = O(1),
Eg(n*)/v%(8) = O(1) (k = 2,3,4), {(8/86)v(0)}/v(6) = O(1), {(8?/96*)w(O)}/v(6) = O(1) &L, E1=, &
B e 0 IZonT, 0 < I8) = E[{IV(8,X)}?] = —Ep[l'¥(8,X)] < 0o T, J(O) := EplMV (6. X)) (6, X)],
K(8) := Eg[{IM(8,X)}3], M(8) := Eo[{I? (6, X)}?] — I*(6), N(9) := Eo[{IV (8, X)}1(6. X)] + I*(8) & L,
ELIEYREMGFELRET S.
FE 4 BYLFEREGEOTT, 0 DEEOHERRHEER 6, (77205, Eg(f,) =0 +0(1/v)) i221T

1 1 J(8) + K(6) 2/(6) }"- < 1 )
Vo (VVB)(6n ~9) 2 OO0 { e e S T\

MR Y L.

WI, bprr BER (Xq,..., Xn) (CESL (0 0) BAMER (MLE) & U, 85, % Eg(0,) =0+0(1/v) &2
BESICHEAICR Y MIEL MLE & §5.
EEB 5. BMUBEMEEDOTT, - S0 1B, Xs) = v(05, ) () + c(firr) 725 n & LI, 0}, OB
ERBUE, FHE 4 O B-FTRIC—EL, Z0OER CEAMERLHESRT 2 KOBENENTHS. XL

_JO(9) V”(G) 1
“O) = Taywie) ~ 20) T 200

{M(0) + N(6)}

LT 5.

AR, BBROB/ITIT, 63, OBBESEIT, B-THRIC {1(0)M(0) — J*(8)}/{nI*(8)} PEMBEBMESNT, HE
MLE ® B-FRIZER SH20 8, BROBAIITELND SHEREELZER Lo TEOENBAT, BRHE
BRAMEFRO 2 KOBEEMEIN VX 5. LEORERIT, BABESHEET 2B CHESH ((ATI]), £127
KESLEHERD 2 ROBEEDHE LB LI, UL BEOBKEECLILEEN TS ([A95], [A97))).

SEE

[A95] Akahira, M. (1995). The Bhattacharyya type bound for the asymptotic variance and the sequential
discretized likelihood estimation procedure. Sequential Analysis 14(3), 193-204.

[A97] Akahira, M. (1997). An information inequality bound for the asymptotic variance of sequential estimation
procedures of a linearly combined parameter and its attainment. Sequential Analysis 16(1), 47-63.

[AT91] Akahira, M. and Takeuchi, K. (1991). Second order asymptotic variance of sequential estimation proce-
dures in the presence of nuisance parameters. Sequential Analysis 10(1&2), 27-43.

[TA88] Takeuchi, K. and Akahira, M. (1988). Second order asymptotic efficiency in terms of asymptotic variances
of the sequential maximum likelihood estimation procedures. In: Statistical Theory and Data Analysis II,
Proceedings of the Second Pacific Area Statistical Conference, 191-196, North Holland, Amsterdam.

{T03a) Tanaka, H. (2003). On a relation between a family of distributions attaining the Bhattacharyya bound
and that of linear combinations of the dlstnbutlons from an exponential family. Comm. Statist. Theory and
Method., 32(10), 1885-1896.

[T03b] Tanaka, H. (2003). On a location parameter family of distributions attaining the Bhattacharyya bound.
Proc. Sympo., Res. Inst. Math. Sci., Kyoto Univ., 1334, 158-174.

[TA03] Tanaka, H. and Akahira, M. (2003). On a family of distributions attaining the Bhattacharyya bound.
Ann. Inst. Statist. Math., 55(2), 309-317.

(271] Zacks, S. (1971). The Theory of Statistical Inference. Wiley, New York.
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Nonparametric Methods of Estimating Integrated
Multivariate Volatilities

B £ (BEEILIKRE), €8 KB (KEXF)
K EZ BREEIRF), Bl EE (REXFE)

1 B

HEZ77 ATV RLBITEZ2—o>ORBEE LT, KBBERTREZND L) RERTHBICBIT OHBE
TAvIT—FDEI, E4OERTeERFLVREECBATIZ ENTELTNE LR DMHEE
T RCBWTIRBRIESASERBH TH S L) RBRIIBWVT, WAL TIRE) EZ (RFT 1
T A REERES LIE) 2 #ETILE WV IMERS 5, BIC—EROBE I OIEFMME & v D HIRELR
ERT, ERIVEDRLTWVWB /RS A M v 2 R RESZEDEVIFETHOHEERELRTZ
EBTEDN, FEREOBSIIHERAMMESEE LR IERO—EREDOFEFBRCEER~LIBETH =
EBTERY,

AR T, ZOZEEREESOWEICE T 23EEEE % 52k L7 Malliavin and Mancino(2002) &
U Hayashi and Yoshida(2005) @ FHEIZER L, HROFEZEBEOV PR LLFELEH T, ThbiE
W, YIal—ia v, EEORAENOEBRIELTo7,

2 MIERE
ROL D 7% n-RTFERRELEX B,
x=%+£mmm+£mmwm

TIZITBiEnx | ERHY Fb. oldnxr BEROTH, (W, {FH}} Er-RE7 B8, F =
cWys<t) 255, K574 V7 175 L:=00 L LTEET S, TOLE i EHL j EEOXER
FTAVTARRDO LTS ; .
2i(,0) =Y of(w)e (o)
k=1

BxOEELTZWVWLOR, ROBZT 4 VT 4285 LELDOTHD
r .y
/ (s, @)ds,
0

TITHRLE X 2 HRMEREEE (1)), TRAT 5,

3 HEEELETOHRE
1. #ROFE

QV =30 (X, - X, )XI-XI))
E[QV]= [TV (s, w)ds

IOHREBRBIRRETHS, HEEBOEPOXRBEELRTIZEERBOEAIITOEEEZ 24,
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2. B EITVIRESROF R & E o I 5B

IQCOV =¥ ¥V (Xi —X

i.
’
I e

XL -x w
Sy =Xy

Y ST g . i : i
-1 k-1 \ k-1 : i J i J
(1=5) 0= i oy Sh < =y
S A
G =ty ey : J i J o i
(1 i ) o if Loy S < St
o hTh k™ k-1
= i . ; P i ;
Wi [ if i <t <t <y
=1 - -
k-1
=Y if i i |
v i Hoo<y_ <<t
0 otherwise.

T OWERIIGEROBEIHEN 1 L0 /hSW I EALREFHA~SA T X EFD,
3. Hayashi and Yoshida(2005) O 5k
_ Ni N; i i J - J X X . .
HY =5l Dot O =X DG =X Mg ained 1)
EHY] = [§T! (s, 0)ds
IOFET-EROBEIIMHFROFELR UHER L 25,
4. Malliavin and Mancino(2002) @ J5#&
— v j i __yi J _yJ
MM = 5%, T2, (X X YOS =x] yw

[
R ' Ift; =4
— i it
wi = o N ) cos (N+1)gﬂ! ) .
) otherwise
Nsin Q&T'—

Kanatani(2004) i% Malliavin and Mancino O#ERES EXOBIIEF BRI OND Z 2R L, R¥E
O, —EROBSIINZREL L L EHEMNICEROFEE—B L, 2EEOHE,. BR
BEEO—EAIEE A ERTHITERMEICREDL S THERIL 0 ~RT 5,

YTal—var, R RUSRORE

23 2 L—3 3> Tl GARCH R F EGARCH D EE#{LI % BV T 86400 B O REBREBREZRES
. BB 1940,1440,720 B L 2B X S IR T VU BBREE-o TERARSR D, TOBAEEBVT
Fa DWEE., FHZRRE, A TAERDE, —FEROBES. QVAMMONODOEZEDESiCE»
THLMM IV LEVWERFE L, LML NOEZRKELT5E MM OFKERIZ QV IZiE-3&, N=10000
FETHEERZEEDLRERE -, SEEOBE, EENIC HY BXESMICHERA L, IQCOV &
T MM ORERIZOESBNLDTholk, £/~ IQCOV EUMM ODREEFH~DNAAT ALFERTE.,
MM ®ONODEZRELTEERRERETETESL ok, 2L L TERPLTHINIEENTOETE
Boh, HERLLTHY ZIBRYETHY, TOMOEEERERNLLO LIV IRVERE BT,

EITH T, BAREEEYT —F (20004 3,69,12 AMRA) 2 AW TEHERT AV HEELHR
FNZKRDTz, RERTT AV T AIZONWTIHBVEIBADOLDIZOWTRD 2, BRITEERERELE
ROLRTWARWVWZHEEREMPBETET. WETEZHOTIRAVE, REMCIESEN B Y
&, B, YIalb—al B THESNS HY 2EBICEX Db, FOMOHEELZH V2
L OfEBEETRT— DDA THB VR B,

SHOREE LTI, SHEROEEF Y RDEI L., EXOMEREME — BN THEREL LT
DEFEERNB L, RURE~OGANETLND,

4
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RAKEY S FAAEmIc I 5
U R 7 RED#TREREDIGH

B B (REUR ARG R 22T ZER)
EH ML (REREREGSEER EPTZER

BE

THEESBEREOHROZE DOV A/ OHBICOVWTEBR2 T 5. BHE
SRR, T EREARCER R CICREL, FOREOMH K
BIISCTESTR EVER T 2ESERTHS. $habh, HEOH
B EPNIISINSESFT ENKRE D, BICHFLEIZEDE
MBEES LMWL TN, SENAESFTEL/NE D, HROK
BRFEDOH 2 A THS. FXE, FCHETITRBERELSEIITH
MBICFETOEE, B0 L BERIHEO Y EEMKEVADE
F|ATHDbND. FEC LAEWVES, WD 28 &Rl & BRIRAE
FOYXLohREVWHIERICEIDNSG. 22T, ERICE->TED
Te RIEREEE & ORER DD IXRBESHIEIRT B, £, T OEEH
DRSO ZEVEREHZ. SERECEZELT, TaRDLBECRK
HE R LTSI BV TR MR R/ B8O U R ZIZD0WT
EERTE. 2T, SECE BV AIREREAL, FOHBEIIRE
BERVTHETZFEEERANS. E5iT, &HTT LT E (CTE)
WKEBURIREICHEEBOFEEZEA LT OHEEREBRICTT.

1 EFIVE

HEREH L Z&F » THOSIANBROBEGMEE 5. T 2%l
L, GETICBIBRAFLTS. ERERBINAL I UFECEER L
BXDLRAE DR 13

L { (G - Fg)e™T (G > F¥)
0 (G < F§)

ThHhd. CCTFRBTRAKBYZ277VF e OMETHE LT
5. BREHFERZHIOSIER, KEEREZ Xf & L. Ff=BX; &7
%. HERAR X: IR HER

dX; = Vu(X{)dt + eV(X[)dw,
Xo=mz9, t€(0,T], €€(0,1]

KiEH T 3.

—837—



2 SuBIcLBIVRIRE

W L O BUICE BV AV RERSSA—Z o (0 < o < 1) 2H
WTRTEITEDET 5B:

Ve, = inf{V;Pr[L* < V] > a}. (1)

Ve IS B W THRALRE G BNED BRI SHRNIDZLE a THEEHOD
BNETHSD. EFNVIZFRKBRELZLOERWS.

3 FGHTAIVEIFEICEBUAVRE

DB X DY AIRECEDLZ2 D8 UTESRT A IVEARHE (CTE :
Conditional Tail Expectation) IC LBV RAIRENHZ. aZ0<a<1li
PEBLTDELE, CTERRTOLY (1 - o) REERT ZBEHONF
LTSNS, SABICHTZ2URAIRE V. 2 () XN TERENS L
DLT3. BEEFEEIWMIINLT, T A—X aDFED CTE I3,

CTE,(L¢,VS) = E[L|L¢ > V¢

%% EFIVIAICRELELDEABOLEDLT .

FEBETITNEZDDY X7 REICH L T Yoshida[2] DEH A FVTHi
IEEEEERAL, TOBRIEELELARTHSCLEZRYT. ZLTR
BRICBEEROBRZIRRL, #ABRAESACNSDYRIREICHNLTH
MTHB T LETRT.

BEHR

[1] Hardy, M. (2003) ”Investment Gurantees:Modeling and Risk Manage-
ment for Equity-Linked Life  Insurance” John-Wiley. HET7 7 F 27
) —SERFSRREOREBRIV R VIEDIART—F T NV—
TR (2005) "RERBERICH 3 REFIST OB BTS2y b

{2] Yoshida, N. (1992) ” Asymptotic Expansion for Statistics Related To
Small Diffusions”  Journal of Japan Statistical Society, 22, 139-159.
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BEBH A 21T DIREN T M- AT - RMTY - REGUE - RPBRARET~OER -

Sampling-based estimation for Ornstein-Uhlenbeck processes
with stable Lévy driver

TUNKFERZ RIS #E L

BRETIE 1V RITIFEREZER AN v affr-v— Ly 7182 (OUBR) 15
ERICEEELREHEBENEZED LV ORHEFA IR A LEESOBEES2E2 5. A
b, BRIZ-EOERFERETAZEEL, ThADOOFHEORAIIBNTORT —FRERAE
NBHEVIRRZHED. FICBRERED S 1 PR AL AL TS HEEEOIREOHML).

IITHRI BT FEREHEROHAIC BV THARM AR L0 TH S, FliE, BERHE
[0,1) £ (i/n)Py TT—F2HDEE LD & 57, “BREhch FREFEXE Lo %
BOMEETTN OERETEEL T5.

—RIZL Y REBE OUBRIIHEZ—KROBCERIEELZ Fob 728, REAMITHE
ROBMEZFLRNEVWIERIZL Y, (R L T2 LEEHOBTREEHIITERE OU BREDEE
DENELENRVRRDZLDLRS. R, #HERORBEINRR I ST BHEETHIZ N
Giote: TITIHBERBRED Z A bR RADEHIT “point process convergence” DEEHA &
B2 E R & L THWE; of Davis and Resnick (1985, AP).

1. #5SHEEFI: FEFER

£, Z = (Zt)ier, THEE o € (0,2) D 1 ROFERBLEIRRE TERSIAE FTREDH O R R
(0,0, V) IKHIET HbDERYT. T ZTL Y« BIE v(dz) = g(z)dz 1%, (67,67) # (0,0) 72 B3
BEE ST, ST ITHLT

9(2) = 84271 1 os0y (2) + 67 [2] 7 T <0y (2)

BBLTEAOND. DO L% L(Z)) = Sald,67) EEL, £72 ¢a(:5F,67) T Su(6+,67)
DONN—=FREICHETI2EEBELZRT; 1 KREBROMITIZE L Tik Zolotarev (1986,
monograph) . le|<1 lz|lv(dz) = co THBZEMb, Z ZEEOERFHREM L BRI T
EREID (/hE W) REZFRDS, 720 4 —T—BEROL D ICHERLELHERETHS.
EEAveRIZHL, REE OUBRE X = (Xy)wer, &, EED > s> 01XHH LT

L
X = e*)x(t—s)Xs + '7(1 _ e—~z\(t~s)) + / e—A(t—-u)dZu

S

TEHEENS: X O DR,;R) EOBBEIZMNES 6 C RS ICE N5 RAEHK
0=(\a,7dt,67)7

RTFET 2. ABE TR, X BFED n+ 1A (1P, tF = thy, KBV TOLBEASID
ERETD. ZIT(he) B hy = 0RDFEREHINTHSD. ULDL & T (Xpn)y ® R
EDSFE PP TRL, MEHETNV (Poco 25D, X (COWTIHER O CHBEELY
EHETERVDS, BHM B-3 XL/ THB IR TVDEDOTHUEBBREL VWA S, of
Masuda (2004, Bernoulli; 2005, preprint).

2. ARAEEFRORT

UTFa#l1%2RETD: GEAH) a——0OBELRBRICEZD LN TE LN, Z0HAIE
EEORRIZBWTHOBE L RRDFEHRRRABELS. VI BOOHEE, EREENH
DAT—Y T, BEVX O THITLY, (X )y DRELE £,(0) RUTOL S 1
BIZRTRTE B!

al6) = 3 log {72/ (¥755%,67) }.
i=1

T 512-8581 WEHT X HIE 6-10-1
FEmail: bircki®math.kyushu-u.ac.jp. Personal URL: http://www. math kvushu-u.ac.jp/ hiroki/
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ZTch= (a/\)"l{l —exp(—aih)}, Y"—c,—;l/a {Xin, — e Xinyn, +y(1 — e )} £

Su(d+,67) Th. = DEFIT “REHL ¥ 1 BEEE OHE »zﬁﬁwrgaj SR LD TH
IR e A O R e YL
o SRR OU SBRROBBIEE I — i EIRSRTTIE T 5 45, TORMEE T LARELT
E 720

3. £n (6)DHFEEE

TS FEE T MTRABEICEODITETE L TV B0, AT EHE Un(f) = dala(0)
k;uﬁ(ﬂu%ﬁﬂé Jn(0) = ~831,(0) BEBIERIND; U,(0) ITFINT bAEZied. &
neNIZ2NT E},"[{@,\En(ﬂ)}zl = oo(= —Ep[03L,(0)]) L 2o TLE I 720, 834,(6) DHHLE
EBOEHNMBEE 25 —EF[032,0)| D5 A FARA BB XN OHEROKSE L — MIEHT
783, R T B BRO A ORARIITITELBIETE TR,

0* = (a,7,0%,67) £ EE,

Ar(e) = diag{Vnlog(l/ha), VAL®, VA, V),
An(a) = diag{n‘/“h::”“, Vnlog(1/hy), V/rhi M, /n, \/ﬁ},
FEAT B, PLT® Theorems 1, 2 BEBREIZBITIERTH S:

Theorem 1. A\ #BE& & §5 & &, ¢ {ZOWTHITEEERMER L — N A*(a) THRILT S ; i
ERENBAL, do(;6%,0-) EBNTHFMICEZ BND.

Theorem 2. J,(0) iZ2V\T,
{An (9)}—133&1(9){‘471(9)}_“— = OP;(I)
BT 5.

4. TRICAHTIEESR

1) FEERBOBZSITHE, BEDNRRRIVERICRIZEBahok. Ty Ii20WT, 20
BB RN o ITEFTH T LIRRKRV. “EER VY B (+BEE5RT Y VBE etc.) 2>
o OBFRER L I BRERIVIT Ait-Sahalia and Jacod (2004, preprint) (X7 £ ¥ —1F
HBEITHIOWEEE 284 B EICRBVTRSTWESS, £ Z CRBAFEEESREIC 2T
FRIh TV, e, ARREELV U 2 BE) O OBBBBICE SV 5t (=6 > 0) 0k
BINHE \/n t3 Woerner (2001,2003) IZ L > TEEIZH LN TWS. Fx OREICRBWVTH “L2-
AP, UV U TNV T &M, BLUOXREOER! BPEBRIBERTEDLDTH AN, L,(0) O
RROBMBABEE n ITERELTWAZ LIZEELEY. Z0EICLY, BI2ISRED L2
A EOEHICIEESZET S ZCRIUAOBELELRY, BB 2 AEBEEE TR TR
L7,

2) Theorem 2 MHLATREINS: () a € (0,1) DL &, N vy, a,0* DIETEINK T HHEER
OHEREBLEND; (i) a € (1,2) DEEIF, )\ o, 6%,y DIETHLS R T 2 HEESBRLLE
Iho. BEENLREBEIREL AL(e) BETAL0) ORI TENABRIOEY TH5. 22T
HEET R, A (o) ORABRSE, EED a e (0,2) OH LT, by =0 THEBRY LT - 0
ERBLEVIERTHD. BTy ITBL T, L(Z)) OBBREVIEE, BRI T a B/ EWN
FEEFTOHERITEWETE, WO Lithks.

3) BiZ, ERROFEET “BEBAIRSE nh, OENLZEE LoV TRALERLTWARWVWI LT
EELEV. ZRRERBOBELRESRRIATHS; AW a=2 LT, \,7)
BENERRIEHEROEED vVnh, iIT—KT5.

4) ZZTREESHER OHE X HBHEL =%, Theorems 1,2 IIESMN 5, “Z B LT o
BREROGEEI RN OV THFHIHIERIKRTA. AR, AUERT, EELVY 4K
BRIA DL X I OWTREFEEEREOFE MR FHEIT20y, L LIETE 2.
ZORIZEALTRERZION X ORTFRIBVWTHAZ VY A BSOS HTHS.

5) & L Theorem 2 ({ZRVWTHRSA (0 ITEKFT D) BBICKRED, E-F0OOMINEN 012
DNT—HRTHIIE, Sweeting (1980,AS) DFERIZ L - TRFTELRE EREE THELND.
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Estimating a common slope of multiple strata in a
compound Poisson distribution using a conjugate prior
HOAHECBFCTT KO (0
HAHRELIFR A R

1. FEREERE
BEAGHE LCREFROD DTG L LR HELERLD.

BN

plx; p) = expl{co)e — M) a(x) (>0, peR7),

1 né .
v(p) = = >0, 1<0<2).
W= g3 =5 (0 )

LT, piiEERT A5 o(p) BLU U(;) HAENAEANTEREAT A= B LUF 2 L5

> MEEAR C’“&W(Eﬁ/,%ﬂ) Cho., “EFREBLUNTA—F o 3RS T S, =

c,)“n\-fhm, Tweedie EF /L EMEIND I b HD, 1 <E<2MEEHEA Poisson 77 filis

WD ERMOLILTV D, 7’.&&?«- T YT - A AD AT T AR R G0 T L
PLTELRAZENHDS. Ei, Poissonwfi E=1 =1 B ~DH (E=2) 78
GENRTVWDL I LILEES z‘lf' V. ZO A=A LI K OO R Lo R et

B s ERE T A B

K R
plx; o, ) = Hp(:ck; o, 3) = H H]) Eris explak + Jopi)).
k=1 k=l o=l

ZIZT, a=(ay,..ap) BLOSIEERFNER /ST A F RS L CHGROMH & /37 A~

ETH:Y, 2k .iji:j”‘m‘ TEh D,
KERODBEMNL, o BT LHEMIFTLBEL THEBOEE AT A—F 3251 5wl

HERKTEHTL L THD.

. BB A
LJJF? NT A= qp O EIDROFEFDHERET D (1 <k < K).

. 1 ' | |
W(Cx’k — x; én./c) = me}gp {“‘57?«;;{11(0"*"‘-'); 9 f,) ”((m . 1 E)H |
ulz: k) = { log | for & .—: 0,

(#% = 1)/k  otherwise.

T, qpBLETAIS0FHART A%, K(dng) HIEHRIEERTHD.

fhRE 2.1. BEREFE play; a; 3) O T THEMBE 7(ap — wp; Ong) (SRS A EE ORI
aley, — g Ogny) THD. T,
A o0 Zni ki€ J 1-E)5z¢; + (STIAF—IIl—-E}(.l'r)
ay = log - ri e 7

0 Yok, €278 4 Gy e 280

2-£ o §-1
' £33y L, —{1—&jag - (2-E)3: i —_{2 C
= ;,— {1() S i =08 Snpe™ fjux} {7'0 § 28, S e (2 E)'-tu}
=]
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L7 , BRI (o — ap; Ong) HIEERTHD.

3. A2 T35 A&
KOBERBEEFEAL, MR T A= qp DT 2 HRMBIT 28R 5.

L(dyg — o) = u.(exp(ak — ) 2— f) — ulexp(og — Gy); 1 — ).

LUF, Bl LTE[], Erl-]3 £ Eponl 2B AEFIELAS M, A4 KOS
STOHBELrEHRTILOLTA.

BE3l FEOHER L TEREY Y 27 X%

Epost | L(c = ox) = L = ) = p(0m) L{c = &) | =0

BRI D, LIz > T, HEER G IFHERBE L(d, — o) DT THRETHD.

4 BE/NS A — IR BB TR
BE S5 A— 4 BIERT 5 A2 T WHERET S

Ie
Sla; o, B) =Y Se(ax; ax, B)

k= 1
ny ny ’
- Z {e(l 0§ gzl _ (2O § Z;;.gfi(z—ng’“} _
k=1 =1 =1

KOEBIZESE, TORXRITHEODERFEHTIEHET LI I L 2RETD.

EE 4.1, 227 BEEOER TS B [ S(e; o, 8)] 1%, FRMESRM E [ E[g9(z; 8)]] =
BT HERMROE T, BB E, Bl (x; 3)]] / {Er[Ep[9g(e; 8)/08]))2 DT
BETHD.

ROMBCHER T, BEREEREDIEOLEMIT CRON Bayes HEERE S H
WTHHRBIZRBTEH L& THA.

iR 4.2, Rl 2 EREET
A
Epost, {S(:B, &, -ﬁ)] = Zp(éznk)sk (@k; b, 5)
k=1

THbH. B, wHFREY L.

Epost [Sk(x; ax, 8)] = p(Ghng)Sklzy; dy, 8) (1 < k < K).
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FHRER/NMZAVEEZRROFE
BRERY BLFE HE 5

NFRBL EOBMRITERMTOHERL, aRy M EOHEREHEORVGEIER E, TE72REE
Tid Wavelet BRCEZ BHRERELR EOBRLREEELZHF SEERBOERSDEIZ L 28
HEERDFERES BN TWNS.

BIZIE=ZB A A—E7 b o v ST 2 FEEIE

fla;0) =) cipelai - — bi)
4=
TRINDOIBBHOBELZFoTWD. L, 2 3dKRTOANT, 0= (ai,by,cii=1,...,1n)
BB OALNBEHRERET DN FZAFTHS. ZITHPHRATHD 2= ¢.(a ¢ - b) L EEKE
B lLEZD L, ZB/ 7 b Al Lo TERESNZEHT, ROBESRAOFIBMIZLBE
HELTELZBI ENTES.
f(z) = lim dcla-z—b)T(a, b)e""“'zdadb

e—0 R,1+1
=IE L, T(a,b) iZB%L pg I2 KD f DIBHEHRT

1
(2m)4C4,4.4. J Re

TEHEN, Z OO0 ¢4,6. € L' (R) N L2(R) i3, FHEhD Fourier B8 ¢y, . £ BWTE
BEINAHES

T(a,b) = pa(a -z —b)f(z)de.

Coarde = /Rd w| 4 Ba(w)de(w)dw,

BERLZH2LICBEINTVWE LD LT . FMoRBEOWNEITEE f OMFITEETHH, fe
L*RYNLP(RY) (1 < p < oo) DHBEIL, LP JVLDEKRT, fe LYRY) D OFRT—HER
DEEE, L®° /NAOEKRTIETS.

ZOBEHRBITBV T f(x) i R LD, T(a,b) i3 R EOBEEKTH Y, Fourier i
LEOWEROL S e —3t—OREEMR L 1T R TR, Thbh, HABEK 6, o8 LT,
Cpape WEREZDGEMHEHMLEZTHIE $g IRBERIZE S TIVDT, f(z) 2FHBHT S T(a,b)
IITEHOEFBEEL, —BICRDBZENTER., BFRREORI L OIS ITIE, Wavelet
ERCEHREERE Y N/ R OZBHBEERB LRI, I LB EhEY
b OBEERER LB (over-complete) & FEiTh, THETIIHERBEOEEZ AV -BEurLlo-
DIZELFIAER TV S.

LIAT, BEBREEICLDIBORACH —EHRIT, FEIBVTREFRICLERILARY S
5. FEMBENE A, ANz tHAy OBIBOEE D = {(x,y);t=1,...,T} bz &k y DA
HEMRAHET DM TH D2, HAOTFH f(z;0) L EBEOES y ORI OBELE218% L[ f(x; 0), y]
ERWT, FIREICY &L 3T 2 F OBBE{LRIE

T
minimize: Z Lif(x;6), 1]
t=1
ELTEREEND. 20 EBRERREAVIEFTO—2I3, BEELCHERES 2 & cREIz
725 TRITOUY (curse of dimensionality)] 8T 5 Z &EMHKAZ ETHD, RIOW LT,
BIZIEAATTE d & LI2BE, EUORES LB BT 5700337 A 2 8% kO (FREoE
RTUERHD LV, BENANKITORKE SITEENIEET S HER2ELTHS. —F, B
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R TIHBERBEOTHLBLEELZEBRT DI LICL T, BROANEDKTIZ L 538
7 AP BERBHIERTRE TEMBELZ BT TV ZERTES. %E@%ﬁiéﬂ&ﬁ&%
I (greedy algorithm) Z AV 2 Z & TAIRETH 545, ERMIZIIZ KR EEER VT MCMC
EREBANZH_THER 2 K51, R L2 5BEHOBRICEE €T, EEE@&%*&E' BT
B2 FHANCERBT A EICL TRV ZRDTNBZELEZ R ENTE S,

—%, BEORRIC—EMERR2VWI EOERIL, RELOEL SICRND. EREEELMEIC
BWTHEN L BFESERICEHMEET S Z RN ECHTIBEE R, ¥FBEROREE
HICERIZBER L TWD. ZOXSATRERZERT 2 HEL LTI, BBko B BEEICER
{LEZEAMTEI LR BB THD. Thbd, BYLEMHBERELTRATIAY 6 DEES
O LIZEE P(B) %, HDVIHEEEINIBEEOB LN X2 EE{RE LT Sobolev / /L Az ¥ %7
FALUERBEE S[f(O)) ZRETHIILICL-T, BEREDRRREEL

T
minimize: Z L{f(z:; ), y:] + \P(0)

t=1

T
minimize: Z L{f(z; 8), ye] + AS[f(0)]

t=1
EITHZ &S, LA, EUREAROIBEE L L EAMLEFTHD PRSDAT R
EHRT DAL RN RT X ZTHY, FRHLEMENLVRY L, FHRERE, BRSNS XE, T
RN o FERERZBERLTRETDLERDS.

REEDBHBEEOREICBITOIRERZBITDFED—2L LT, KRTIX, BE#EELH

SEEBBOBELLEREBOR/MEERET S, FERBROBEMIL, FRAKRRL LTOHA
E2(HBVTEDERMELIZLD) 2RERIELHRL, KOB~DANZE {0,1} O Z{EH bREERR
KESZLILLoTREIND. ZOFKR, BHROWS f(x;0) IHERERL 250T, HAME
R=y— f(x;0) bREREE p(r) z bOWRERTHDHLEZD LN TED. ZOL EHAEE
DERRERL LT, TOBERE

1
H(R)=E [log (R)J / (r)log — ( )
FEZDIENTED. HHREIERELOERELEE - RIFTIRIILEL S5 FHM Lo
ARERLTWD. FRRICHERLINCPRIRE Z OBRLEREC LI - THETH - L3 TE
5. Lido TEBeAORKLDL, FHRERNICF-DOEKL bORBREOTL LTERTE, &
Bk
minimize: (HARZDERE) + (PHRROFEHE)

RS TBIRAEFINWI EBD»PD. ZOBEXHFE, A/S—R3—F 17 (sparse coding) &
FEINOHEREROLMFELREREL, BROEFFESONBIISATIZILIZE-T, HRFID
53R, B, AR EODICHEDLGERBICHATESZ L L%, ERERSFTITRMTS.

SE X

{1] A. R. Barron, Universal Approzimation Bounds for Superpositions of a Sigmoidal Function, IEEE Trans.
Information Theory 39 (May 1993), 930—945.

[2] E. J. Candés and D. L. Donoho, Recovering Edges in Ill-Posed Inverse Problems Optimality of Curvelet
Frames, Ann. Statist. 30 (2000), 784-842.
(3]

., Curvelets and Curvilinear Integrals, J. Approx. Theory 113 (2000), 59-90.

[4] F. Girosi, M. Jones, and T. Poggio, Regularization Theory and Neural Networks Architectures, Neural Com-
putation 7 (1995), 219-269.

[5] M. S. Lewicki and T. J. Sejnowski, Learning overcomplete representations, Neural Computation 12 (2000),
337-365.

[6] N. Murata, An integral representation with ridge functions and approzimation bounds of three-layered net-
work, Neural Networks 9 (1996), 947-956.
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A New Computational Scheme for Computing Greeks by the Asymptotic
Expansion Approach

WEREE (RRREFIER) <BBAE GIRREZHER), BMEHE GEREE A Bk S5
Bk S ) & DR >
1 HEREZED D74 T UV AANDICHOHE
FEERMBRS, &5, BHATA—Fe(0<e<1) ZHAL SO UTF2#rT 55,
{ dStE) = ,uS,fE)dt + e (St(e)) dwy
SE = s(>0)

L, w X1 RTET 70 EB, p=r—q. rqlXITEY XRTER], BURL LEKTH D,
Eio, o FERREAEZ LOWO MR ETE, SO IAMH . Do k. £ 0 CHIEES

(1)

St(s) = Agt +ecAy + §2— Aop + -+ (2)

2., y = (Aor — K)/e .1 = A1, 92 = Aor /2 & L. ¥EFEH S A % Kunitomo and Taka-

hashi[2003] @Assumpnon 62 LRIRICIRET D &, WHT., WP ROA47 (Sr-K)T %

FoSL—r - NR=F - A TFDI—a T v a—L - 73 VliEOEREIZLT,
¢ E [(Sg‘e) - K)J = eeE [(y+91) Ligy-9}] +€ e E gy gi>-v}]

+e2e T E(y + g1) g2 6-y(91)] + O (€%),

T2 UENRY A7 PIREEZRACEHEE, 6,() X747 v 7 DTV F Bk, & 5IC Taka-
hashi[1999] IZ €W\ R 218D, =72, T, clZEHH. F7/2 f = -c%,

Theorem 1. The asymptotic expansion of the price of the plain vanilla European call option at time zero
with maturity T, Cg) (0,T), is represented by

C(E) (0,7) = ge”™T (yN (—\;’I—i) +Znly;0, E]) + &2 e"Tfyn[y;O,E] +O(63), 3

where n(z;0, %] is the density function of N (0,%) and N (z) is cumulative distribution function of
N (0,1).

nEB, FHEI—oET - a—N-FTva o0 THRBOERN TE 3,

2 EERERAZAVESEUBRLDE

LAF O @R 12 312 Takahashi and Yoshida[2005] (2 -3 7= #E R % AW 2 BB EEOBLE
Thd, Xul(s,9)(s<u<T) BLUTOBBESFENCKED LT 5,

XO(ty) =y + / Vo (X&) () ¢) ds+ /1t v (xE (t,) ) dws. )

w0y =E[f (X (0,y)] #HETsIeE2pLE. NBOY T EROEEED
(crude) EV T ANV BEICRBITDHEMBIZLT,

N
G(n,N) =G (n Niwr, -+ yow) = 1+ 31 (X (w). )

I
s

J
u(0,y) OB LVHBHEL LU T MAT 2, %5, E[f (X0 (0,9))] niaRmE A
ERRAFRICHETE S (N 7 U » FIE),
G*(e,n,N) = G*(e,n,N;wy, -+ ,wN)

B[f (xP y>)] Nvé”;(( X00w) - F(x0) ®
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3 FILA

BliE. 6(Sr) = (Sp— K)* & \roie. BETREADAS 47 ¢ 2 BREBLE B 5, =
DEHOMEIE
u(s) = E [e7T ¢ (Sr)] = e T E[¢ (ST)] .

EETAH, XHIZ, LATFEY LD
u (s0) = e T E [¢' (S7) Y1), (7

77 L'Yt = %% (stochastic flow) 12 UL F DRERM S FERX LMz T,

(8)

dYt=r(t)Ytdt+a*' (St) }/t d'wt
Yo=1

- (e)
2 (7) DT B % 1F Fournié et al[1999] ¥ 721 Imamura et al. [2004] I8 LV, Y, & P ©

E#&ET 5. stochastic flow DT EIC X W IREBMRMEOT L& BEHETE 5,
Proposition 1. The asymptotic expansion of the stochastic flow is represented by:

A A
(E)=6A0t+68 1t+523 2t

Y Osg 0sp 0sp

+ee ©)

inDyase ] 0.

Theorem 2. Delta of European Call Option D(0,T) is represented by

DO, T)=e""T {52(A + By + Cy? + Dy*)n[y;0, %] + e(d - N(%) + E -nly,0, E])} +0 (63) ,

(10)
where A,B,C,D and E are constants.
TNAFOHBIZIEZANAA TV v FRESBERATES, ZOE, UTE2AVRITEI W,
f(z) = e{(d + drz) + e(dz + dsz®) 5>y} + €2da, (1)

fEld, diy da. dy. dy ZEH. Ffo, ZOBRBFHEI—m Ty - AT
YOFNLFEEICLBERATE S,

4 RABIUHEE

FIROBRITXITOHEBEICHLBEATE S, FEEBRENABS 7ot 20BEE& & CEVF ot 2
DBEEITHOVWTHBEHEZIT., BELEZ7ZAITY XLARSHREMICERET A LA L,

BEXH

[1] Fournié, Eric, Jean-Michel Lasry, Jérome Lebuchoux, Pierre-Louis Lions and Nizar Touzi, “Ap-
plication of Malliavin calculus to Monte Carlo Method in Finance,” Finance and Stochastics 3, 1999,
pp-391-412.

[2] Imamura, S, Takahashi, A., and Uchida, Y. (2004), “On Risk Sensitivity Analysis of Options Based
on Malliavin Calculus,” IMES Discussion Paper Series 2004-J-24, Bank of Japan (in Japanese).

[3] Kunitomo, N. and Takahashi, A. (2003), “Foundation of Mathematical Finance-Application of Malli-
avin Calculus and Asymptotic Expansion Method-,” Toyo-Keizai (in Japanese).

[4] Takahashi, A. (1999), “An Asymptotic Expansion Approach to Pricing Contingent Claims,” 4sia-
Pacific Financial Markets, Vol.6, 115-151.

[5] Takahashi, A. and Yoshida, N.(2005), “Monte Carlo Simulation with Asymptotic Method,” Discus-
sion Paper Series, CIRJE-F-335, Faculty of Economics, The University of Tokyo, Forthcoming in The
Journal of Japan Statistical Society.
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A control variate method for the Monte Carlo simulation of densities of diffusions
Ahmed Kebaier and Arturo Kohatsu-Higa
Universite de Le Mans and Osaka University

In this article we consider a hypoelliptic diffusion with smooth coefficients. Under this
condition one proves using Malliavin Calculus that the density of the diffusion exists and
is smooth. Gaussian type upper bounds for the densities and its derivatives can also be
obtained.

Since the articles of Bally-Talay

1.V. Bally, D. Talay. ”"The law of the Euler scheme for stochastic differential equations
(IT): convergence rate of the density”, Monte Carlo Methods and Applications, 2, 1996, p.
93-128

2.V. Bally and D. Talay, The law of the Euler scheme for stochastic differential equations
I: convergence rate of the distribution function, Probab. Theory Related Fields 104 (1996)
43-60. '

one knows that the approximation of the density of a diffusion is possible using the Euler
scheme.

Nevertheless in the case of diffusions the approximation does not necessarily have a
smooth density as the diffusion coefficient can be zero conditioned on the past information.

Therefore one needs to perturb slightly the Euler-Maruyama scheme in order to obtain a
smooth random variable. Furthermore this is needed to prove the stability of the Malliavin
covariance matrix.

In 1. the approximation result obtained by the authors had various resrictions that were
proved not to be necessary in

3. A. Kohatsu-Higa. High order Ito-Taylor approximations to heat kernels. Journal of
Mathematics of Kyoto University, vol 37, 1, 129-151, 1997.

With this result it was proven that the simulation approach was possible. Nevertheless
as it is well known from kernel density estimation methods the approximation using kernels
needs to have a fine tuning of parameters. In this setting various methods become necessary
to reduce the amount of calculations in a Monte Carlo setting.

Recently Nakahiro Yoshida, Naoto Kunitomo, Akihiko Takahashi, Yoshihiko Uchida,
between others have proposed in a series of articles a control variate method using the idea
of asymptotic expansions of Malliavin Calculus.

See for example, the following articles:

"Monte Carlo Simulation with Asymptotic Method,” Working Paper Series CARF-
F-011 (CIRJE-F-335), Center for Advanced Research in Finance, The University of Tokyo,
2005, forthcoming in Journal of Japan Statistical Society

” An Asymptotic Expansion Scheme for Optimal Investment Problems,” Statistical
Inference for Stochastic Processes, Vol.7, No.2, 153-188, 2004

” Applications of the Asymptotic Expansion Approach based on Malliavin-Watanabe
Calculus in Financial Problems,” Stochastic Processes and Applications to Mathematical
Finance, World Scientific, 195-232, 2004 (

”On Validity of the Asymptotic Expansion Approach in Contingent Claim Analy-
sis,” Annals of Applied Probability, Vol.13, No.3, 914-952, 2003

”An Asymptotic Expansion Scheme for the Optimal Portfolio for Investment,”
Mathematical Economics, Kokyuroku 1215, Research Institute for Mathematical Sciences,
Kyoto University, 2001 (
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” A New Computational Scheme for Computing Greeks by the Asymptotic Expansion
Approach” Working Paper CARF-F-044 (CIRJE-F-366), Center for Advanced Research
in Finance, The University of Tokyo, 2005 forthcoming in Asia-Pacific Financial Markets
(Special Issue on Mathematical Finance)

"New Acceleration Schemes with the Asymptotic Expansion in Monte Carlo Sim-
ulation,” Working Paper CARF-F-012 (CIRJE-F-298), Center for Advanced Research in
Finance, The University of Tokyo, 2004 forthcoming in Advances in Mathematical Eco-
nomics, Springer

Recently, Ahmed Kebaier (universite Marne-LaVallee, Universite LeMans) has intro-
duced a control variate method in the article

Statistical Romberg Extrapolation: A New Variance Reduction Method and Applica-
tions to Option Pricing. Ahmed Kebaier. To appear in Annals of Applied Probability.

This method is based on the idea of pilot studies. That is, one considers a pre-estimation
with a smaller number of simulations which one uses for a control variate method.

A. Kebaier shows that there is reduction of the order 1/2 in the number of simulations
compared with the original method proposed by Bally and Talay.

We present the convergence analysis for a control variate method for diffusion density
simulation using kernel density methods.

The control variance method is based on the well known idea of ” pilot studies” in order
to have an idea of the quantity to be simulated.

We prove that there is variance reduction if we use superkernels. Otherwise the variance
reduction is not achieved.

This premilinary result is joint work with Ahmed Kebaier (U. Le Mans) and extends
his previous result about this control variate method in the on regular case.

We also compute the optimal superkernel in the sense of asymptotic minimal variance
of the estimator. It is proven that this has to be of exponential type combined with a
polynomial type kernel.

To prove our results we need to use the results of Jacod-Kurtz-Protter on the weak
convergence of the normalized error of the Euler scheme such as the ones found in

Jacod, Jean; Protter, Philip Asymptotic error distributions for the Euler method for
stochastic differential equations. Ann. Probab. 26 (1998), no. 1, 267-307.

Kurtz, Thomas G.; Protter, Philip E. Weak convergence of stochastic integrals and dif-
ferential equations. II. Infinite-dimensional case. Probabilistic models for nonlinear partial
differential equations (Montecatini Terme, 1995), 197-285, Lecture Notes in Math., 1627,
Springer, Berlin, 1996.

Kurtz, Thomas G.; Protter, Philip E. Weak convergence of stochastic integrals and dif-
ferential equations. Probabilistic models for nonlinear partial differential equations (Mon-
tecatini Terme, 1995), 1-41, Lecture Notes in Math., 1627, Springer, Berlin, 1996.

Kurtz, Thomas G.; Protter, Philip Characterizing the weak convergence of stochastic
integrals. Stochastic analysis (Durham, 1990), 255-259, London Math. Soc. Lecture Note
Ser., 167, Cambridge Univ. Press, Cambridge, 1991.

Kurtz, Thomas G.; Protter, Philip Wong-Zakai corrections, random evolutions, and
simulation schemes for SDEs. Stochastic analysis, 331-346, Academic Press, Boston, MA,
1991.

Kurtz, Thomas G.; Protter, Philip Weak limit theorems for stochastic integrals and
stochastic differential equations. Ann. Probab. 19 (1991), no. 3, 1035-1070.
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On a pricing rule in asymmetric information

Shigeyoshi OGAWA Monique PONTIER

Dept.of Mathematical Sciences ~ Labo.de statist.et probabilités

Ritsumeikan University Univ. Paul Sabatier
525-8577 Shiga, 31 062 TOULOUSE cedex 04
JAPAN FRANCE
ogawa-s@se.ritsumei.ac.jp pontier@cict.fr
Abstract

We are interested in an extension of the Kyle and Back’ model on the market with
insider traders [2],[1]. That is to say a model for the market with a continuous time risky
asset and a-symmetrical information. The market is supposed to consist of three financial
agents : the market maker, an insider trader (who knows a random variable V which will
be revealed at final time) and a non informed agent.

In 1985 Kyle [2] defined an equilibrium problem. On a Gaussian financial market in
discrete time, there are three agents: a market maker, an insider trader, a non informed
agent (noise trader). The market maker has to define a rule price in such way that an
equilibrium does exist between the traders. Back [1] extended this model to continuous
time. Then N. El Karoui and K.Cho [3] relaxed the Gaussian hypothesis in Kyle’s model
using fine tools in stochastic control (cf. [5], [6]). After these works on Kyle and Back’s
model, K.Cho [4] delivered a new version of that model, also relaxing the Gaussian hy-
pothesis. In these four papers, the non informed agent is supposed to be non strategic
and so he/she is called “noise trader”. As for the Cho’s paper, we like to ask the ques-
tion: what happens if the non informed agent tries to be strategic instead of being only
“noisy”?

In this lecture we are concerned with these questions. Following our joint work [7],
we are to give our recent results on the extension of the Kyle-Back’s model to such more
realistic case, where we assume that also the non informed agent is strategic in such sense
that this noise trader uses a utility function to optimize his/her strategy. Our main results .
are as follows;

(1) We prove the existence of an equilibrium price when the insider trader and the non
informed agent are risk-neutral.
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(2) We will show that if such an equilibrium exists, then the non informed agent’s
optimal strategy is do nothing, in other words to be non strategic.

References

(1] K. BACK, “Insider trading in continuous time”, Rev. Financial Studies, 5(3), 1992,
387-409.
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1335.
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RORROHFEDOEL . 74 U 7 VREMAEO5E
MR (RR kS B ECR AR

Stratonovich £ SDE

Xi(t,z) = Zv Y odBi(t), X(0,z)=zeRVN (1)
=0
EE2B, 12120, BYt) =t, B(t) = (B(t),...,BYt)) Hd-KkRx7 7 V&8, V,,i=0,1,...,d, (L RV
EOBEPRAZ METHSE, BT LHEOSHTRVEE f: R - RICHLT (Pf)(z) = E[f(X(t,1))]
DEZEVBETRODI LN, 77 ATV ATREERBEL 2D, [ 23 BO2251E, HEE Taylor B
BRBREDHLLELN, fRELLTRSEL T F UV EBOBR LS ITHTHREICOVT= U T/ s
E@MEELTIND, £, FEX (1) IHI2ERTERDFEXERRZOT, X7 bBOED ) -8
REELERFIE-S>CWAD, ZO20%E/E L8 LW HESHEEEE & TIN5 HETHD, T DA~
Carm—ok LT, ENRTWVWAHIEE ZE-Victoir BRWE L2, FRITLUTOLIZLDTHD,
RN EO~2 b W 2R LT ODE

d

—d—ty(t’x) = W(y(i,:r.)), y(O,I) =T
¥EZ2. y(l,z) ® exp(W)(z) ERTZEITH, . Co(RY) LORBIERZEUGLW) &

(Ut W) f)(z) = flexp(tW){z))

TRTZEWT D,
s> 0 LT CRY) LOBEERE Q) %

(Qus)f) (=)

B(UEV0)U(B ()i W)+ U(B*(s): Va)U (53 Vo) (@) ) (@)

+SEUGVRU(BYs) Va) -+ U B )5 VAU (S Vo) () ) @)

K| =

TEET S,
IO, LTSRS,
T>0. f[:RYN SR AERAPET S, Z0BE, & UFG OF T, HHEH c BEEL.

(Qfrjmy (@) = E[f(X(T,30))] + 5 +O(n™)

k23,

a(n) = (Qfp/ny o) EBL &L ZORIKTE, nd REDPHAZEFHETHZ Litn b7, EBEIK
DEFEIIEL LHFET S (RER EEEEBVWEFERRLHENTHD,) an) BEIELETHS
2, EEHEER % AVT. Romberg Extrapolation #1753 &, #x1E

30(2n) — ga(n) = E[f(X(T,z0))] + O(n™?)
LD, 07 DA —F—DREOHENTRE LD,

EROFEREFTIOITE, VB vg, v, ve, DERT DB ERO R LOFETRETE R((A))
BRHOVWLOND,

BIERHE Ps RO E-Victor BICBN2BIBIEAR Q) IZ3IET 5 R((A)) OTIEZEFATR

d
o(s) = exp(s(uo + -;-;v?»
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1 s s s s 1 s s s s
m(s) = 5 exp(Fv0) exp(Fv1)) - -exp(Sud) exp(Fu0) + 5 exp(G o) exp(5v3)) -+ exp(5v?) exp( o)

ThdD, BEEZRA I,
(1) (ni(s)), i = 0,1, D vy DFREHIHIZ 5
(2) no(s) —mi(s) DEH 5 L TOTORE 0

ElBZETHSD,
n-—1
Q?s) = Py + Z Qﬁs)(Q(s) - PS)P(n—k—l)s
k=0
n—1 n—1k-1
= Pns + Z Prs(Q(s) — Ps)Pin—k—1)s + Z > Q) (Qe) = Pa)Pr—e—1)s(Qs) — Ps)Pin—k-1)s
k=0 k=1 £=0

THHILEERVTLEOERENRE S,
TrAFUCRIBWTCIR 97 FTUb s 2w oA RGO T ) ST 0 TREET D, TOMEOEH
BEAESITICE > TKROBOHBEILRET B,

(P.f)(z) = E[f(X(t,2)), g&X%mMZOL z€RY z1>0,t>0

=L, X IiZSDE 1 OfETH D,
u(t,z) = (Pf)(z) £B< & u(t,z) ITML E>TKRD PDE OffL 23,

gzu(t,z) = Lu(t, z), z' > 0,t>0

u(t, (0,2)) =0, t>0, 2’ e RV

BEREMHIIRRN e EE L 5 2 57 DI BFTRIRER T CIIELUI RIS 2 B,
4, HEOEDIZLUTOREELRT,
(1K7E D)

vi(z) =1, vi(z) =0, i=2,...,N,
v} (z) =0, i=0,2,3,...,d
ZIDREDPT T
X(t,z) = z* + B(2)
Lizd,
TR, O VT ASUEFTICE Y 2O, UFG £40OT T B f OBL»EDERBEBLND, &iF
(D) DT CRHERAELOEX F 2 BRI DI ENAEL 2D, O, EB & AKHNRRIT

Efexp(—tvo) X (t) exp(~B* (t)u1)| ghi)nt](xl +BYs) >0, s+ B'(t) =v], t,zly' >0

kLB,
LT L((A)-EREREE Z(t, z*,y), t,z},' >0 T

(Z(t,:z:,y),vo) =1 (Z(t,:z:,y),'ul)=y1
In(BI(O] min (24 5(5)) > 0, 2+B1(0) = ] = im(Blexp(2(t, 23] min (++B1(s)) > 0, w+B(1) = o'

PHETEVLOEROITA L ARMEEL LB,
HEDL ZATE-Victoir 52 EWTHZ & T4 RETOIEUEEZRSITTWS,
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On tightness of {*-valued local martingales with infinitely many jumps:

metric and partitioning entropy approach
PEILES— (RERHECERTSEAT)

1. F.

A& TId Nishiyama (2000a, 2000b) [4# “N-002” 35 LTt “N-00b” & #9] DFER
®ILET B, (E,E) 1L Blackwell EHTHAHLTD, £neNEHL " Ry xE L&
OBYES FLAAETHILL., TOTFRFERED Rt ¥ —% " &55, ¥ iE—
BOESTHDILEL, FRIZE - THEFEST LN Q" x Ry x E EOTFRIFTEEREE DK
Wr={WmY e ¥} BEZONETE, T ITAERELELATHD ET5H, Frliit
FBBROF (t,9) ~ XY 2EX D, 727501

th’w = W™ s (u" - "), vVt eR, Vo e U.

N-00a iZZDFID n — 00 & L& EOFNKREER LTz, TbdbH, VWb quadratic
modulus BHERHFR T, 2, H25HE > bo—&HERFHELEINI2bLIE, £050
£°([0,1] x )-ZERATI5 1T BBEMARE D) Z & ZFEFA L, L LS s, N-00a I3#ESRE
Bio W x1) BEBFAESTHEZ L &, v™([0,7] x E) < co BSHEE 1 TRV IDZ
LERFEE Ui, 12720 W = supyey (W) ThH B, [BIAFOERIT. BEIT, 7
BT 2EERMLETHD, LWL LETHD, | ZTOREFTEEREDY ¥ ')
FREEOPFTIIAERBELPEZORNEWVWDI ZLEHNTLE I, EOLILHEL+
SIBERICHAERE TR, BEivAF o F—LO—ROBEHGITEE L 2WE
ETHoT,

AFEOELIFEBIT. TOREBEZRDO2EHIZBEHZZ L THD  ERAR
tro (IWERAW™) 50 ZBFRARES THS ; U IZTETH- T, HEBONMEELT
=7,

Boa T ETHEBE (t,0) ~ XMV BERIZ £0-ZRICER & 50O+ 5EEER
RL, DECEOBRBEMAERT D, &b, ER~AF 7 —2EE L7 N-00b Off
REMAEDLDEDLZEITLD, L0 —REOZE

‘X*Zlﬂﬁ - ly\,jl;’lﬂli + WY . (un _ Vn)t,

B LERFIw AT U — T D REEEREEED, Lt~ MY IDEE L
FUE—=NVTH B,
2. Nishiyama (2000a) ~®;EH.

S ERoXHIiZ, N-00a D IFOEEOEEEHA VS, =@ Definition 2.2 THTE =
“DFP” mEHDEVHENT W, ZITHRAIBKROL I REMHZEATS,
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Definition. Asymptotically separating. 2 ¥ ®#% 2% DFP Il = {H(E)}EG(O,AH} 3
U 2EERIC BT D L3, EEOERENES FC U T L THIEDEK ef MEE
LT, & e€(0ep] iTxtl, BREES V(gk) B FORELTHEEXY 1IBELIEEA
VWEEIZW S,
Remark. Z#LiZBWEFFE T2V, U EIZHDHER p NERSNTWIRAEZ X L
9 bLLEDEIES Y(gk) (LY = U,JCVQI(E) U(e; k) 23 Diam(¥(e; k), p) < € %1%
=326, £0 DFP iIEEMIC U 2 0BT 2 2 EBRESZ b5,

&T, N-00a DIRE (3.1) & (3.2) Ob Yz, HLBZEROWTNIEIRET 5, (E
B, Case A X N-00a @ (3.1)+(3.2) LR UTH 2, )
Case A: iBF2 t~ W 1P IZBETAFES T, 220, v([0,7"] x E) < co SHEE 1 THY
3D
Case B: B8 t ~ (|W'2AW") « v} ZRETAIEA T, o, UIXEET I IZ ¥ %W
FIZ5 BT 5 DFP Th b,

IhbDEFICEIE, BAITKROERE XD,
Theorem. N-00a ® Theorem 3.2 33X (X 3.4 & [F UEEL Case A 7213 T2 < Case B
Db ETHAY LD,
3. Lipschitz weight DIF&.

I TIREABEK (T2bb, HEES OWHESBEH) 23 Lipschitz B Th HHE~
DEBEEZD, Tobb, REBKROELLILEEEZEXD :

t
Mp¥ = [CKIVINT such that  KPV(w) ~ K7W < IE@)pe(v, 4),
0
Wt~ NP MEE~vNF o —I
W™ (w,t,2) = W (w,t,2)| < H™(w,t, 2)pa(®, p)-

Z0HE, BEEOHERMFIRDOL S RV TNRFITILS

/ ILP2A(N™) + [H" %170 = Opn (1);
0

1 1
/ V3og N (U, p¢; e)de +/ V3og N (¥, py; €)de < 0.
0 0

ZZIT N(T,pye) BEBETHD, 2O LERABITIT. DFP I = {II(e) }ec(o,an] % &-
HRiIZI o TERERD bz ENIT R,
5| AR,

Nishiyama, Y. (2000a). Weak convergence of some classes of martingales with jumps.
Ann. Probab. 28 685-712.

Nishiyama, Y. (2000b). Entropy Methods for Martingales. CWI Tract 128, CWI,

Amsterdam.
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Covariance estimation of nonsynchronously observed diffusion

processes

¥ B (HAYASHI, Takaki)* FH AL (YOSHIDA, Nakahiro)
BRER R K2R HE st RERZERZRBEER 2SR

We consider the problem of estimating the (integrated) covariance/correlation of two diffusion-type pro-
cesses when they are observed at discrete times in a nonsynchronous manner. This kind of situation oc-
curs typically in high-frequency financial data. The popular approach in the literature, the realized covari-
ance/correlation estimator (e.g., (1], [2]), which is based on regularly spaced, synchronous data, is problematic
because the choice of regular interval size and data interpolation scheme may lead to unreliable estimation.
In the empirical finance literature, dependency of (synchronous data based) correlation measurements on
sampling frequency has been indeed reported, known as the Epps effect ({3]).

Estimation problems of the diffusion parameter for diffusion processes based on discrete-time samples have
been well studied in statistics. See, e.g., [9], [4]; however, nonsynchronicity seems to have been rarely treated.

To tackle the nonsynchronicity problem, in 2003 we proposed a new estimation procedure that is free of

any ‘synchronization’ processing of original data. Suppose P! follows the one-dimensional It process
dP} = pH(t)dt + o' (H)aw!, Pi=p, 1=1,2, (0.1)

with d(W?*,W?), = p(t)dt, where p(-) € (—1,1) is an unknown function, p' > 0 is a constant, o!(-) > 0 is a
bounded (possibly unknown) function, x!(+) is a progressively measurable (possibly unknown) function. Let
T € (0,00) be an arbitrary terminal time for observing P's; for instance, T = 1 day in a typical application.
We are interested in estimating (P!, P?). = fOT al(t)a?(t)p(t)dt.

Suppose (I 1')1-=1,2,__, and (Ji),'zl'z,m are random intervals, reading from left to right, each of which partitions
(0,T). Let T%* := inf{t € I'*'} represent the ith observation time of P!, and T2 := inf{t € J**+1} that
of P2, > 0. Let n be an index representing the “size” of (/*) and (J). Let r, = maxi<iceo |I¥] V
Max)<j<co IJj I

Then, we proved that the statistic

U, := Z (P'Il"l,i - le‘l,i—x) (P'_T%z.; - P’?‘Z.j—l) 1(1"nJ'J';£B) (02)
i,j

consistently estimates the unknown (P, P?).. as r, — 0 ([8} for details).
In the case when the volatilities and correlation are constant, i.e., p, = p and ai = ¢! for some p € (-1,1)
and ¢' > 0,1 = 1,2. The correlation p can be estimated consistently with the following statistics:
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RO = 1 E (P’Il"»" - P’.Zl“-i~l) (P%,_,» _ P%a,,»_l)

. !
T olg2 1{sinsizoy (o are known),

12
Zi,j (PTlu,u - P'Il-x,i—l) (P%z,j - '12-2'1'_1) l(lin.ﬁ;é(d)
1/2 1/2
{Zi (P;-x.i - -leq.ij-x)z} {ZJ (P'?‘Q‘j - sz'vz.j—l)2}

[5] extended [8] and showed consistency of the estimators is preserved when the underlying processes are

R .= !

T

(0" are unknown/known).

continuous semimnartingales and the observation times are stopping times.

In the talk, we presented advances of the theory ([6], [7]). In particular, we discussed (i) asymptotic
normality of the covariance estimator Uy, joint with the realized volatilities of P! and P?, and, as its direct
application, (ii) asymptotic normality of the correlation estimators RY and R? ), accompanied by a few
examples.

Key words: diffusions; high-frequency data; nonsynchronicity; realized volatility
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Comparison of discrimination rules for diffusion processes *

YUJI SAKAMOTO!

v Faculty of Human Environment, Hiroshima International University
555-86 Gakuendai, Kurose-cho, Kamo-Gun, Hiroshima 724-0695 Japan

Key words and phrases : asymptotic expansion, diffusion process, discriminant analysis

1 Discrimination rules

Given © C RP, let 6; and 8 be two p-dimensional vectors in ©. For each k = 1,2, let II; denote the total

of sample paths of the d-dimensional stationary diffusion process X %) = (Xt(k) Jtejo, 1] satisfying

1

. { d)((lé)k) = Vo(X®, 8p)dt + V(X)) dw™®
Xo '~ ve,

where T} is a positive constant, vg, is the stationary distribution with a positive density dvy, /dz, Vp is a
function from R? x R? to R4, V is a function from R? to RE®@R”, w*), k = 1, 2, are r-dimensional standard
Wiener jarocesses, and they are independent of each other. In this article, we will consider the discrimination
problem of how to decide from which of populations II; and IT; new observations X(0) = (Xt(O))tE[O,Tn] is
drawn.

In the case where #; and #, are known, we may use the Bayes rule: X = (.Xt(o) )telo,1v) is classified to

II; if dg(6;,62) > K and otherwise to IIz, where dp is the Bayes discriminant function defined by
d% (61, 82) = £(61; (Xt(O))tE[O,ToI) — £(62; (Xt(o))ze[o,ro])

and £ is the log-likelihood function defined by
dvg T -1 1T, n-1
£00; (Xt)iepm) = Iog—d—;(Xg) + A VW(VV) X, 8)dX, — 5 Vo(VV') 7 Vo( Xy, 8)dt.
0

Here K is a constant dependent of two kinds of misdiscrimination costs ¢(1]2) and ¢(2|1), and the prior
probabilities 7, £ = 1,2 such that new observations X(® is drawn from I with probability 7x. In
particular, K is equal to 0 if 71 = 72 and ¢(1]2) = ¢(2|1).

In the case where 6; and 6, are unknown, we need training samples X1 = (X:m)teio,ﬂ] and X =
(X t(z))te[o,n] drawn from II; and IIy, respectively. A natural extension of the Bayes rule is the so-called W-
rule such that X (© is classified to II; if d;g:(@g1> , ég”) > K, and otherwise to IIo. Here, @,&k} is the maximum
likelihood estimator defined as a solution of (Jaf(éfck); (X,fk))te[o,Tk]))g__.l =0, §, is the differential operator
defined by 8, = 8/96%, and 6° is the a-th coordinate of §. We abbreviate a plug-in version d B(éﬁ”, 5‘22)) to
dw:

d%(61,62) = dg(6\",65Y).
Another rule for unknown parameter case is given by a likelihood ratio test. Suppose that for each

k=012 X* = (Xt(k))te((),n) is a d-dimensional diffusion process satisfying (1.1) with a parameter

“AMS 1991 subjeet classification @ GZE20, 62MO5.
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0 € © and an r-dimensional standard Wiener process w®) = (wgk) )teln,00)- In addition, suppose that
driving processes w(®) k = 0,1, 2, are independent of each other. Then the likelihood ratio test statistic of

H : 6y = 6, against K : 6y = 05 is given by
d% (61,62) = LO(GV) + D@V + €2 (657) - €O (60 — 4N (G1Y) — e (67,
where £(%)(9) = £(8; x® telo. 7)), and 6{%Y and 69 are the maximum likelihood estimators defined by
t  Jte[0,Tk] 1 2

(6l @ (L)) + 5,60 @CVNP_ =0, (5,000 ) + 6,4 (LD )E_ = 0.

5(0,1)

Note that #; "’ is not consistent under the hypothesis K, while ég"*?) is not consisitent under H.

2 Expansions
Let
_ 1 . 1
Paye-am (03 (k) = 75 Eo ot ars (O], Payears byt (05 () = B, [0 (01, (O],
&al-uam (k) =Vay.am (9/:; (k))? &alndlm,b]"'bml (k) = i}nl"'am,bl"'bml (gk; (k)),

gab(k) = =Ky (k), and (g°°(k)) = (gap(k))~!. Suppose that d%(8;,6,) has a density p2(;6;,6,) w.r.t the

Lebesgue measure.

Theorem 1. Under some regularity conditions, it holds that as T1 and To — oo with Ty fized,

P[d%(81,02) < ] =P[d%(61,82) < z] + E[Ste(61,82) | d% (61,62) = z]p% (x; 61, 62)
+ B (BIU(61,62) | d%(01,02) = alpfe (61, 62)) + o(),

where

2
S (61,02) = Y_(~1)F T (eg")(ek)gm’(k)g“(k) (harneB) + 5 HarsolR)) + ei‘z’wk)g“b(k)),
k=1

2
U (01,62) = > T g™ (k)25 (0:)€5” (%)
k=1

Theorem 2. Under some regularity conditions, it holds that as T and Ty — oo with Ty fized,

1

Pld%(81,02) < z] =P[d3%(61,602) < z] + E[S%(61,82) | d% (61,02) = z]p (x;61,62) + o(f),

where

2
SP(61,62) =T > (1T g (k)Za (8%, (0)) (f,‘,"’(ek) — To o (Bx; (0))).
: k=1
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Strong Ignorability MR LA WEE D
HERRX 27 ERVEEESHDNSA—FHEIZDNT

EH £F £8 HE BB B ERXFELFRESIEHFER)

1 B®

Rosenbaum &Rubin(1983) ix, EEREIY HTHTARVHIR (BENE) 1BV TEESSE Y S TORE 2
75792, AR =27 (Propensity score) DELEERE LI, HMRATIR#EEREZ - & & IIEBHBREN
BEE (B) CEVSTONIHETHD, FI0 S TOREHEAREROEIKET 841, ERNxaT %
WA L THERBDO SR BRI CHBIITAZ EBNHELLH, BEASI D N ToEENRTEEC2S, 20k
FRMENOCBERAAITRERCRERZILRBITIEERT — Y TOREMITE L L CEEREICESCHB S
TwWd, LoL, BFOEMA27IC L 5BEEORIBEA L LT, Strong Ignorability DRE. T72bbREEE
BY; LEI0NTER Z X#£FE X 455 & LTHY

Y, L ZIX j=1,2 (1)

EWVIBBVMREICEFE L TWS, EFEDBEML, B0 S THEEEF T CALBERTRIILEELTWAES
il ﬁxvﬁﬁwﬁﬂ%#ﬁmﬁﬁ?&m%ﬁoﬁﬁmﬁﬁ%k‘ FOWEIEEETRT I LIl 5,

2 EFIILEE

FREDDICEYE (B) O¥FE2LT2, S0LERZa=y b (HBRE) IBRE, 2BOXEILICER
EHOEX*ETD. LOLBRERZORED2=y BT ISRBCRITIBREHDAR ETH, EEMIC
12, v, Ti,z EENTN, BIBEBREOE j FECBITIARREEROE, £LBOME. 1 208, 0256
FOBEFRT)EVYETEHETD, 0L, BREETRRABBE-THWALETIENTED, T2 T,
w(ys, Ti, ) = p(z: = Uyi, 70, 0) IEREREHTEBRFHES L L 2B i HBED y; BERENIERTH
D, o EBE~Y b ETB, TIT. gy, OBDYHE ply;16;00) (i=1---N) LB,

IITC, EREFRORRIHIL p(y1,v2,2,2) TRESNDIN, ZOSHERETIERTERNHD LT
D, b, —ROBEMAITENER, EEBEFE & LEROBREROREMSH plyr, volz) 2RETS
ZEDBEELWET D, (RETEDDH., BIDETOTH p(zlyr, v2,2) EREEEE v,y OBASHETTEET B,

3 BUEHAIHETRLHERRER

RREEDRTATHRA SN B OHEFEBRE

N
S(a) = ZS(a|z,-,yi, Z {~zw(y11ay~.’hmn ) + (1 - zi)(l - w(yil’yimmha))}v (2)
i=1

N
S®la) = Y S5(8ly; Tz, a)

i=1

1—-2,‘

8
- 55“ Ty Bl O) + =R ogp(ual0:(0)], (9)
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B, Lol EREEY Y CEHOEICE CTEREEBRANC 2 50T, LIEOEEFBRXEFIATDI LT
RV, £IT, 2008 S(alz, ¥, x:,0",a") = Bymigz 00" o 1Sz, ys, )] & S(6yet, zi, 2,07, %) =
Ey!""lz,',:zi,B',a-{S(olyi’m*’zi’a)] YEHETD, BL., EFEEE mis & obs ERBSN-HREH LB EN
ToRERFTEETRL,

Pyl )p(zilys, i, 0)p(y;;l:) - _ . _
fp(yiklyij’mi)p(zilyizmﬁa)p(yij]mi)dyij, =LE=2orj=2k=1 @
IIT, Sons(alf, ) = T, Slalz:, u5*,2:,60%, %), Sas(66, @) = T, S(6lye*, 2:, 2,87, @) 12 unbiased
estimating equation THh D7z, Z DHESFER L, EM algorithm & FHRICHIFESHE L HOEHICI T
B O—KHEEREED Z LB TE S (Rosen, Jiang and Tanner, 2000), L2>L, BAIF—F 25 L Lt &
DXPENT-RFERERO G T p(yi5l¥in, 2,2, 0, ) OFBICIEREEZHE & LIEBROBEREROSMESS
i oply|e) ZFRETDHZ LBHERWEDIHERTERY, £IT, BREFOBREUEKMHSA

p(yij ‘yih %, T, 0, a) =

x o _ p(y;;10;(0))p(y: |0k (0))p(2ilys, i, 0) _ _ . _ .
p (yijlyik?"’hzhena) - p(yik)zilmi) 1= 17k =2o0r J = 27k = 1. (D)
FRBU-HSEHEZITV., UTOBEYERT S
»* » 6 . * >
Sq(a|zi,yfb’7$i,9 ') = %{/ziw(yil,yn,m,a)p"(yiQnyl,z;,:n;,O ya)dy,,

+ /(1 = 2z:) (1 = w(Yi1, Yin, T, @))P? (Vi1 Wiz, 24, 24,07, ™ )dy ), (6)

s . s d zZi -
SOy, z:,2:,07, ") = ?95[/ Y. xi’a‘)logp(yn|91(9))Pq(yi2fyi1,Zi,Ei,g sa”)dy;,
1~z
+ ! lo 2|020ONP (Y lYin, 26,24, 87, " )dy 1, | (7
_/1——w(y,-1,y,-2,m,~,a*) BP(Y:2102(0))p (¥ vz )dy1, ] (7)

3 AT THAT % Expectaiton-Solution 7L T 1) XA

Expectation Step Metropolis-Hastings 7/ FY XAZFRAL T, vy, % p" (Wi l¥izy 21, Ti,0, ) D ORE SR
% (y;, bEER). Monte Carlo E step (Wei and Tanner, 1990) 25 LT, UTFTOREEHET 3,

N N
St (@l of) =" S alz, y,z:, 07,07),  S5,(616,0)) = > SOy, 3i, 2,07, 07)  (8)

i=1 i=1

Solution Step
Sgbs(a’el’at) = 0) G‘nd qus (91017 a’) = O. (g)

LB a%att, 0% 6 LT B,
I ZT S%alf, ), S7(6]6,a) 3 unbiased estimating equation TH D Z L BHEBATE 2728, LEEOTAHY
XATHELNAMEDL, BT ERMELE T L2MATE S,

S E X
(1] Rosen, O., Jiang, W., and Tanner, M.A. (2000). Mixtures of marginal models. Biometrika, 87, 391-404.

[2] Rosenbaum, P.R., & Rubin, D.B. (1983). The central role of the propensity score in observational studies
for causal effects. Biometrika, 70, 41-55.

(3] Wei, G.C.G., and Tanner, M.A. (1990). A Monte Carlo implementation of the EM algorithm and the poor
man’s data augmentation algorithms. Journal of the American Statistical Association, 85 , 699-704.
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HFEHIC L2 4RF =2 L7 2 POERE

BEAREZX (RBRFREEFE IR

1 3RF21LSY LDKE
FEREHF| X, OFEEA,
mmggg=y@+;%ﬂﬂmf+w+0%)
LERESND LT D, SER
t(z) =z + %(m? +0)
Iz E-T,

_ L e a® 3
t(z) =z + \/_ﬁ(ax +0b) + 3,7 (1)
ERRDHM, ¢k, BRETIERW D, fl2id, B 0 OEREERZELZHIC X,
n~V2(0 - 0)/6 \CEAT HGE. WEHEE L KEIBICERBIMROALIL LV,
Hall (1992) IX. t(z) IZ. 3ROEZEI LT,

2
hiz)=z+ T(ax +b) + gnxs
WZE-oT (1) 2= TEREBRPRE L, i(z) =t(z)+ O(2) &7 BERERIT. i
WWHELBZONDD, 4 1, FHEEDPBICEZONDEVWIFERH D,
EVEAERIZESHERICBWT, < 0EEE., HDV VT Student (LENT-HEE
(T) 1% <
log Elexp(isT)] = —(zs) + — {al(zs) + as(is)® } + = {az (35)? + ag(is) } + O(n\/,)
(2)
a)ctﬁh-%gﬁéﬂé ::—C ai, Q3 ;i 3&(#1-5\7/ }‘0)?7" if:_ Qo, Q4 ;i\ 3
&%i04&%;A7/FLWTT6 Hmuw%)wéﬁaﬁfm BT, 3%kF=
ATV NEED /n—— ECTESHITH, (DIEEVIIL, ZHCE- T, BRI
Mmﬁfé\3&#;A7Vb@%%%%£16:kﬁf%5°Kﬁ%ﬁm\ﬁﬁﬁﬁ
22k (O(%)) DEFTHAL, EFELOBE2 LT3 X5 REREHRZERT 3,

2 ZEALHBICKDELDHER

FEREEI {Xntn=r0.. PEBROMEEE F L L, X, O5HEE F, BROK DI
BERSNDET D,

Fo(z) :=P(X, < z) = F(z) — f(z){n % (z) + n g(z)} + O(n™%)
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ZIZT.d>0, flz) = F'(z) THDH, ZDLE, F, ®LRA100a% D Cornish-Fisher
BRI, FOElas% z, LT, gz,) ICE-2TEZDBND, T T,

g(z) =z +n " h(z) + n"*ha(x),

m(e) = (o), ha(o) = ae) + L 1 g 0y ),

Thd, £ DHE. FIEEBERSM. 01X 2HHTHY, g1,9 FBZEKXTH
B, £ZT, LT, h, i3ZERXTH D L7 5,

EH MIZRLTn 2t+oRE ENIE, M <z <M T. g(z) IIRmEFEME
Y. FOHEEE t(r) =g (z) X, B (¢(=M),q(M)) iZBWT

t(z) =z — n"%hy(z) + n 72 {hy(z)R)(z) — RY(z)} + O(n39) (3)

LERRASND,

3 HEZEH

Hall (1902) DEFERIL, KO L 5 1IC—RIESNS,
h(z:hy) = /0 ’ [1 — O (8) + in‘zd{h’l (t)}Q] dt (@)
EEERTDE. ti(z: hy) IXEFAT, . tz: hy) =t1(z) +0,(n%¢) X0,
P(t1(Xp : h) > o) = a4+ O(n™?%) (5)

ZWTCT, t1( X hy) OBFFHOETERZER L, 73—k ;RO Cornish-Fisher BB
DHFEBOBERRL, HOHOTt BT (4) TRV EWESHICL D ELBED
FA—F—%0(n%) F+HZLMRTEB, LrL, FlLiE, Hall ® 3KEHITHET T,
ARX 27 b egle, ROFT—F—OEETHRELELS> L T5E, 5hEEXNLH
WHZ &Ry, HFRBIBEHREICRL EDEXR,

ti(x : hy) OHFEERR qi(z: hy) =7z ) BPBICKRE D LT3, gz : h) OEERER
{2, Cornish-Fisher BBEE O(n~%) OEET—HT 5, q(z) & t(z) D O(n~%) DELIZ,
BB > TNDDRIEDT, q(x: —h) b, BFTHO, (5) &Mk d, I bi,
ti(z: 3hy) & qi(z: —3hy) OEREES. (5) WM T I EBERITL,BEN, —HRIT,

BEOZEA pi(z) EAWVWT, tilz:pr+h) & qz:p) COERERLEL, ERAT
23D, (5) EWICT. pp 2O ESBEZ LT, O(n ) ETHRETHZENFTRETHY.
T, (2) PREEZFOHBEICH LTI, Hall MO 3REHR L, TOWEROERERIC
FoTARF 2 LTV NORBEHRETED IR o7z, —RIZ3K, 4KF = b
Z MIKRATHDID, —BHEEEBZFIET222 T, BRAMIZLDELEELZRL
F—F—FETRODILBTED, HlL LT, BERERZFAR L-BFHOEERME O
FEZ T
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Asymptotic efficiency of conditional least squares
estimators for ARCH models

Tomoyuki AMANO and Masanobu TANIGUCHI*

Department of Mathematical Sciences, School of Science and Engineering,
Waseda University, Tokyo, 169-8555, Japan

Abstract

The conditional least squares (CL) estimators proposed by Tjgstheim
(1986) are important and fundamental. If we apply the CL estimators to
the square transformed ARCH models, they have a simple explict form,
and do not depend on the innovation distribution. Since the CL’s are not
asymptotically efficient in general we give a necessary and sufficient condi-
tion that CL is asymptotically efficient based on the LAN approach. Next,
a measure of efficiency for CL is introduced. Then numerical evaluations
of the inefficiency for various nonlinear time series models are given. They
elucidate some interesting features of CL.

Keywords: ARCH model; Conditional least squares estimator; asymptoti-
cally efficiency, LAN approach

1. Introduction

Traditional time series models such as ARMA models assume a constant one-
period forecast variance. However, in actual practice, this assumption is often
violated, especially in economic time series. In order to circumvent this diffi-
culty, Engle (1982) and Bollerslev (1986) introduced, respectively, the autore-
gressive conditional heteroscedastic (ARCH) model and the generalized ARCH
(GARCH) model. Since then, a great number of theoretical and empirical stud-
ies have been conducted for them (c.f.,Engle, 1995, Linton, 1993 and Taniguchi
and Kakizawa, 2000). Recently, Giraitis, Kokoszaka and Leipus (2000) intro-
duced a class of ARCH(oco) models, which includes the ARCH and GARCH
models as special cases, and provided sufficient conditions for the existence of a
stationary solution and its explict representation.

LeCam (1960) established the most important and sophisticated foundation of
the general statistical asymptotic theory. He introduced the concept of local

*Corresponding author. +81-3-5286-8095.
E-mail addresses: tomtochami@ruri.waseda.jp (T. Amano), taniguchi@waseda.jp (M.
Taniguchi)
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asymptotic normality (LAN) for the likelihood ratio of general statistical mod-
els. Once LAN is proved, the asymptotic optimality of estimators and tests is
described in terms of the LAN property. Lee and Taniguchi (2005) established
the LAN for a class of ARCH(00)-SM models, which include ARCH models.

Then they described the asymptotic optimality of estimators in terms of LAN.

Tjsstheim (1986) proved a consistency and asymptotic normality of the con-
ditional least squares estimators for stationary processes. The CL for ARCH is
written as a simple linear form and we can construct it without knowing the
distribution of the innovation density. Since the CL is the most fundamental
estimator for the parameter of ARCH model, it is important to investigate its
goodness based on LAN. This paper provide a necessary and sufficient condition
for the CL to be asymptotically efficient in the sense of LAN and discuss the
inefficiency of it.

This paper is organized as follows. In Section 2 we explain the LAN for
ARCH(q), and give the lower bound of the asymptotic variance for estimators.
Comparing the asymptotic variance of CL with the lower bound, we evaluate
the inefficiency of CL. Section 3 provides numerical studies of the inefficiency for
various models. The results elucidate some interesting features of the asymp-
totics of CL. Proof of the main theorem is relegated to Section 4.
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Statistical Estimation of Optimal Portfolios for Locally
Stationary Returns of Assets

Hiroshi Shiraishi
Waseda University
Masanobu Taniguchi
Waseda University

Abstract

This paper discusses the asymptotic property of estimators for optimal portfolios when the returns
are vector-valued locally stationary processes. First, we derive the asymptotic distribution of a
nonparametric portfolio estimator based on the kernel method. Optimal bandwidth and kernel
function are given by minimizing the mean squares error of it. Next, assuming parametric models
for non-Gaussian locally stationary processes, we prove the LAN theorem. We propose a parametric
portfolio estimator § based on a quasi-maximum likelihood estimator. Then it is shown that §
is asymptotically efficient based on the LAN. Numerical studies are provided to investigate the
accuracy of the portfolio estimators parametrically and nonparametrically. They illuminate some
interesting features of them.

1. Introduction

In the theory of portfolio analysis, optimal portfolios are determined by the mean u and variance T
of the portfolio return. Several authors proposed estimators of the optimal portfolios as the functions
of the sample mean [ and the sample variance 3 for independent returns of assets. However, empirical
studies show that financial return processes are often dependent. From this point of view, Basak,
Jagannathan and Sun (2002) showed the consistency of optimal portfolio estimators when the portfolio
returns are stationary processes. Furthermore, Shiraishi and Taniguchi (2005) discussed the asymptotic
efficiency for optimal portfolios when returns are non-Gaussian stationary processes. Although they
dropped Gaussianity and independence for return processes, many empirical studies show that real time
series data are generally non-stationary. To overcome this problem, Dahlhaus (1996a) proposed an
important class of locally stationary processes, and discussed the kernel methods for local estimators
of the covariance structure. Regarding parametric approach, Dahlhaus (1996b) developed asymptotic
theory for Gaussian locally stationary process, and derived the LAN property. Furthermore Hirukawa
and Taniguchi (2005) dropped the Gaussian assumption, i.e., they proved the LAN theorem for non-
Gaussian locally stationary process with mean vector u = 0, and applied the results to the asymptotic
estimation.

In this paper, denoting the optimal portfolios by a function g = g(p, L) of u and T, we discuss the
asymptotic property of estimators § = g(f, f]) when the returns are vector-valued locally stationary
processes. Since the returns are non-stationary, the quantities p, %, 1, 3 depend on the time when the
portfolio is constructed.

Section 2 gives the asymptotic distribution of a nonparametric estimator § based on the kernel method
when the returns are Gaussian locally stationary process. We evaluate the mean squares error of the
estimators, and determine the optimal bandwidth and kernel function. Assuming parametric structure
wo and Ly, section 3 proves the LAN theorem for non-Gaussian locally stationary process with non-zero
mean vector. In this setting we propose a parametric estimator § = g(pz,L;) where 6 is a quasi-
maximum likelihood estimator of #. Then it is shown that § is asymptotically efficient. Numerical
studies are provided to confirm the accuracy of § nonparametrically and parametrically. They show
some interesting features of §. )

Throughout this paper, if {X,} is a sequence of random vectors which converges in distribution to
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a random vector X, then we write X, Z X. The 'vec’ operator transforms a matrix into a vector by
stacking the columns, and the 'vech’ operator transforms a symmetric matrix into a vector by stacking
the elements on and below the main diagonal. We denote the set of all positive integers, the set of all
real numbers, and the set of all complex numbers by N, R and C, respectively.
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BRAEINRTE YD LBWNEEDEEENHSITEL
¥ 5l &

R BT A B

ST BEFHEROBRIE, 5\ T, TAEHBIEICSO T, EREAKRTT L D /S & BRES T
ITFIW BERIZZY, BEOFEZFATIILNRTERLRS. Z0LIRBAED 1 DR
P & LT, Srivastava and Fujikoshi(2005), Srivastava(2005) &, W DTl L—T X o —
ZATH W CEERA T FESREL, SHNEEYESTS. ABETE, Thb0RE
FRALTNS.

N x p DBRITTH Y 2oV T DS EEREERET L

Y =(yy,-..,yy) =XE+E

BEZDB. ZZIL, X 1XT V7 k(< N) DN x kBEFREHETTS, S k x p DERMAT A—F 1T
FTHD. BETIE = (e1,...,en) OEATIIMIR—TEH L, £HBITH T OERSHM,

i~ Np(0, ) IZHED L 975, ZOMIXTIE, BRERKITL VDRV, N <p DHEEEELD. =
@4: HIRRBUL, v A7 T AT —FO LI ICEIOEEKIIE L THETOREFRERER S %
&, RETELS.

BRI DR E RIS

H:C=Z=0 vs A:C=E#0

FEZDH. I, CIRTVI q(< k) Dgx k OFBITHICTH D, (KFHIZ L 2 FHFEMITS B,
BILY, BELZLHSFEFMBERITII W ITENEN

B=N(c2) [06CT T CE, W= (¥ - XE)(Y - X3)

THEZBIA. I, G = [NTIX'X] ™, B= (X'X) XY LS ORAHERS BVITR 2R
HERETHD. GIIEEETHD LIRETD. EREOCLETWIRY Ay — bW ~ Wy(Z,n)
, BIEFEDLT 4% — Fo3H B ~ Wp(S,q, Noy') 128V, TAGREVKKHMITSHS. I,
n=N-kn=(ny,...,n,) = (CE)(CGCC) 3.
p — o0 DHFAEOEEERICIB VT,
tr

a; = pi=1,...,4

EREE,

O<p1_i§§oai=aio<oo ,i=1,...,4
PIRETH Zo0LE HEE
_
(n—=1)(n+2)p
i, nBIUp—ocoDEE, a P—EHEEETHD Z L BHMLNA TS (Srivastava(2004)). L7z
MoT,b=a2/ay b b=0al/ay DHEEL LTEEREEL L.

1
4y = (tr W)/np, az = tr W2 — ;L-(tr w)?
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N<pDkx W HRERIZRDD, Dempster(1959) O—f&{k
Ty = (pq)~ tr B _n tr B

ai gtr W

RRIETAZENTER. Ty ONRT—%FREE0, HENICR%ETH S

tr B g ttrW

v

#E2 5. LEWRKE, Lawley-Hotelling #27E, Bartlett-Nanda-Pillai fREIZE L Ti%, W O#4T

P b—T _Ron =75 W TEEBRATRERTE

T = [2qa2(1 +n_19)]_% [

g g
. _ . . ci
Ty = —pblogIL, (1+¢)™', T3=pb E ci, Ty=pb) Trg
i=1 i=1

FEXD. LI, i BWT OEBa TRVWEEBETHD. £7,p— co DL X, REFKEE T,
T3, Ty EHERIIZRIE THDIZ EZ2TT. Lo T, BRI, T &£ ThiZoWTEXD. =
NH2O0REFRFFEDRFEL L CHILFROS & TOEESMARD LD, L RS
FEHROBET, pBKREL, n VPN IVERE LB T LV BVWI EXREND. FHMIZONTIT,
Srivastava and Fujikoshi(2005) &R &7z . p/n — ¢,0 < ¢ < 1 DFEH O/ N7 —HBIZ O
TIZ, Fujikoshi et al.(2004) SRR N7\,

HSBATIIAE L k BEOHIBISITIC BT, EEHNEENEELREZHE LI TWAS. 20
EEIL, BREHEITS B 8 LOHERNTEFRBNTIE W 35L& WIBOEFRZ b
NVNERWTERZSIND. L L, REBABRKRITL VD20 E W HRKFRIZRVFIBATERL S,
TOBED 1 SOMEE & LT, Srivastava(2005) 1 W OBFTFIDI D 12 A— T2 1 XFT
FERWDZEERELTND. ZOFEOCHEERMEERS. 2HORA ORBYBIFEEOFM, 722 &
WCHBLMRHAY, T HIZ-DV VT Srivastava(2005) 12 L D ERRH 5.
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U-HEFABEOHBHEEEOENLRE & RRE
AMKREEF RS MEELE

1. U-HStED BT S
X1, Xp ZEWVNIMSI TR C4 ﬁFg( ) WZTE D HEREERE L, h(m1,~--,m7.) & L5y
DANEZIZR L TRER r RO -2V ETDH. Z0OLE U-HEEIZ

P n

="Un= <7‘) ;h(Xnv o r) (l)

EERIND. 2L Yo  F1<ii< - <ip <n2RT. 0 U-HKHRITELRF

BROEAR R L @ﬁﬁ%?&ai@%&cﬁd&@ JIATHD. FRETIHU, OO

BV(U,) OREBROHFERRLRD, ERZ2mIiiiif ) T REEIC L AEEIT 1.
HEDDIZ r=2 OFEEBRE L. Z0L &5

£

1
2 ge2
no, = 4§ + 1

E72D. nol OV ¥y 7S A T HEEERIZ

n
Vy=né2=(n-1) ZU(”
i=1

ThEzbnD. 22T U BROF—#50 X, EROCHESIS U, OETH 5.
T 4 OHEOB RN D Sen(1960, Calucutta Statist. Assoc. Bull, 1977, Ann.
Statist.) IZKOHEEE
4 T
>SS ~ Un)?

i=1

Vo =
S n—1

FRELTWS., =720

T

i3

BREISET

Thd.
—MRICC vy 7T A THBEERBIIED NSRS T REFEF O ERMLNTEY, Vyid g
7 A% > (Efron and Stein(1981, Ann. Statist.)). Hinkley(1978, B.K.) iZ¥ ¥y 77
DEBEEED AT AEELZ— RO BIZOVWTHRLTHY, U-HHEDEAIZ

Qij = nlUn — (n— YUY + UG + (n — 2)ULED
Ll
Ve=Vy—— Z Q3

vgzané.tﬁbuﬁﬁMi@%~&#axgax;%@wr%%énéLg@@f
b5,
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Schucany and Bankson(1989, Austral. J. Statist.) I¥ no2 OREHEE Vy 2REL
T3,
T R MT o THBHER (ERE) 1L, BROMBEEK F.(x) 2#E-T

Ve = /[an_“_‘l')‘ Zh($i7$j) - /h(ylayQ)an(yl)an(W)] H Fr(z)

k=1
T& 5. Shirahata and Sakamoto(1992) 1¥> 2 2L —v 3 Vv TT— bR b5 v P48
EEORIZHRLTVD.
INOOWERITT T 42 KHINERT 2 Z L bRENTVS,
2. ERBEFH_RRE
QETRALSBEERICONVT H-OBEAVWTHENERBAZ KD, Bl - RE\BE 2R
B, ROTBEEERT D

-2 > A6 + 2 A X) + 5 Y A X X,

Cn,2 Chn,3
IDEEROEBMNKY L.
[BE 1]. bLHD >0 R LT EWX, Xo)|* < 00 2251

by
V=V, + 225 ) +na? +——+R1n,
zl

bg
Ve =V, + 22{6X)~f1(X)}+ncr +—+R2n,
1-1

Vo =V,+ 226 —}—na + R3.p,

ge=1

Vo =V + 2ZJX)+na + Rap,

i=1

bp
Vg =V + szO ) +no? +—+R5n

BIRLY 3O,
COWARREED &, BETFH-RBEEZROLIICRDZIENTES.
16 1
mse(Vy) = -EIff (X)) + —{b7 + 64B[£1(X1)8(X1)] + 32E[f (X1, X2)]},

mse(Vs) = = EIFE0G)]+ {8 + BABLA(X0)(3(X0) — F1(X0))
+32E[f2(X1, X2)]},
mse(Ve) = B[00+ — 82ELA (X0)6(X0)] + 2B f(X, X)),
mse(Vs) = BIF0X)]+ {6k + 96B[A(X:)3(X,)] — 160E[f2(X,)]
+8E[f1(X1)8(X1)] + 32E[f2(X1, X2)]}.
INLEHFALT, n 2 0EEF COTY _REBEFZHRTHIENTED LS o1
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Selecting models with different spectral density matrix
structures by cross validated log likeliood criterion

RALKRFREGREF EH R RHEZE
RERZERERREEAAR REXE

London School of Economics Howell Tong

1.F

SEBEERRINCBIE /) NNTARMNI v IZHBNEEI/NIT AL
Dy ZRETIVIZANRY MIVEETHIORNE L TERETELBENS
W, RN TRETINVERBEON EDELTELAENTNWSEZ7OR
N F— 3 ViEE, BROFKNSVDEDODFIKERRFEE L THA
LB E0EGHIHEEICDOVWTERT 5.

2. EFILDERI

{Xigoa=1,...,r} Zr—RILEFBE, f(\, -1 <A< m)ZZXDAR
R MVEETHETS. G8,y) = (Guw(8,y)) &7 x {75, 013/ 5 A —
RN ETSB. FaAXRT MVEEFTIIOEETROBEEREHANT
FEEMEIII— MTAIERDITIERBBROEKETS. TORBRNMNTG
WX TEASNZFIHNEAEZT AR FIVEEREO2EE

(1) Fo ={g(A) € F|30,9()) = G(6,9(N))}

B

3. CVLL %

(X, = Xiga=1,...,7),T=12,... n}Z2BAELLTETDT—
VIE#H EUFRITIL%

W) = e 3 Xy exp(—it), T()) = WNT(AY
2mn o,
EB. UTFTHRAELTI—UTHERN, = (2n)/nj = —[(n —

1)/2...,~1,0,1,....[n)2| #EAB.
¥ 1(CVLL 8%
[n/2]
CVLL(G) = Z log det(§-;(A;) + tr(I(A;);" (M)

j=1
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ry
4
2!

9-;(%) = G0, 1-;()))
m/2 m/2
Fsy) = (X w)™ X wd ()
k=—m/2 k=—m/2,k#0

ETB. T ERTH D,

4. CVLL O #:EMHE

FO) EEDANRY MVEERFIELT, Fok220H 51—, Cat-
egory I:{G|f()) & Fc} Category II:{G|f()) € Fg} \THET 5.

RE

Al { X} EIEREE EE

A2. f(X), —7 < X < mIZIEEETTS

A3, f(N), —7 < X < wid 2 [EIER ST T RE

Ad. m =0(nP), 1/2 < B < 3/4 Fixu(z)d[-1/2,1/2] L TEMEE &
ZEGEAKTw, = u(k/m), k=-m/2,...,-1,0,1,...,m/2&T 5.

A5. G Category ILIZIEL, f(\) = G(6y, f(\) BSRRILT B & &0 —
8o = O, (n~1/2) B BT=T .

ZDEZLNTFOEBEMNRIT 5.

€ 32

AL-ASDRED T T, n — co®D&EZE CVLL A Category 1IZBT 5
ETNEBRSERIZOADERTS. Category Il DETINDOH T AMISE(G)
ERNMNCTDETIINEESHERNLINRT S, 2T

AMISE(G) = p — lim —TS— > i =1 {g 00 - FA) T

95,

5.1

(1) DX S 2ERENRERET IV O E LT, RO RFIOMIE,
TG T - BT, Bee#tE, 574 ANET U TR ERNHS.
FZINEDETIVTIZAMISE(G) Z&/NMIT 2 ET IV, Category 11
KBTAETNOFTROBTLEED/NIWI NN M RETINVTHB. T
2B CVLLICE D ETIERIT—BHEEZHD. 27210 CVLLO—Ef#
MEBEOETIVBRBEICDWTRIATEONENIEERBRTHY, £
NEASHICTHZENGROBETHS.
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2005 4 12 B

ERXEA
RRERKFRFFHARE

EHER
HABITERMARR

1. #E Equitable Life ¥t 4l
AADRBRERIZEBNTEH, HEIZRD X9 BERY X7 (CEEMIZIZEEE
LEWEEMEY X7 R2&FV A7 RS0 Y 27 |\ EET A ESRBERN
EWHFFE - BE - RFEEEND LR TWE, TR EGERBEOREOH &
LT b TWAREETIX 1970 ER~1980 EMRITAEMRRIZHE D ERIZE
WTRKW L7 7 FEFEEICERTEAEFNZRET D) LV ) E&HEREH
DRFEEFE D MR 272 VIRFE SN TV, Z DDA MEBRERNIIESF
BIZBET A —FOIRER & RRTIENTE B,

&AM 1990 FERICR Y KEOESFIKENRTHET AP T, ZOROELER
DHEFPTENRBERAFIZE > TEDLDTHA 2D, FRE L THEEZRET
5 R d DORBRE# Equitable Life 1 1990 FRIZEREEHICHE > 72 (B 21T
Boyle and Hardy (2003) % ZRR),

2. ERRIBOIREIH
ZITERLIEEETREINTWEESRBOIREIEARN & 13X, #203IRE
EHFRODOES DA E IO HEiE, SRR T UBRIZESIIL (~AF7) 2

1) S(T) masx [(—Q(T—) - 1>,o]

THEZONAIREMSFTH D, T 2T S(T) IXfFkEEZ TIZBITAHRBET7 7 F
DAEE., ags(T) 1L 655 (FEFABFR) IIBIT2MHRFEME. g l3EEHTH
Do ZITHIXAET 7 FE LTHRRICEERT 25 EITIE. HROFEEOTHM
VL, fFROKRM & @FIAYE, S OIZETFRRILEKFET2— B0y b 47
a L RRE LS,

3. A RRZEDIER

I I T2 LB /D FERROREESFRNIZ SN TO— RIS MER* B H
1B, FECHILRERALE (the asymptotic expansion method) & FEIEN TV 5 FHiEIC
EET 5, ZHIIERBITE - HEFRHFETI< AN TV 2HERMA % E
MZBBE T /VICHLIE L. Yoshida (1992). Kunitomo=Takahashi (2001, 2003a,
2003b). Kunitomo=Kim (2001) 72 EB T 7 A T AGB~EA LI FETH S,
AHE CITESRBROIRETEFOSFIZOWT LI ERBENAECERTE 5
DENPEED, IREMEHFE2 K DR2 BT ERT 5. EnERBREOBIER
Y13 Yoshida (1992) 257 LTV 3 & 3 12 53491013 Malliavin A RS T 5.,
FRIZHENR R 2 EMEIZIE Y17 %121 Kunitomo=Takahashi (2003) Ti&#a L 7=
LOBRBEFHNRERPLETHD Z L 2HEHT D,

4. BEXH
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R 5y RO MR HER
PE RZ  UNRERERER SR

1 SDE®TI
K ORERS FE (SDE) 12k > THEBS NS | KT iBE X ¥ 52 5.
dX; = b(Xt, O.’)dt -+ U(Xt, ﬁ)dwt, teE [0, T], Xy = xp, (1)

IIZT,b: Rx60y >R (FUTZH),0: Rx 05 - R (IEEARE), w it 1 KTEE Wiener
B, Oy & Op 1L, TRENRP L RID a7 MEDESE. 6= (o,0) € © 1= 0, x O;.
CHP(Rx ©) ZUTF D2 dORME R B f DEM LT 5: (i) f(z,0) TR x O LTEHSA
7= R-EBEET, 2 I\ T k EIEFMAFRET, T TDp=0,1,...,k 2% LT,88f(z,0) 1L 01
ST 3RS T, () 3CO p= 0,1, k] = 0,1,2,3, & bz, F<TD g 1K LT
Supgee [00Rf| < C(1+ |z|)€ L7223 C> 0 BFETSD. 22T, v = (v, --,y) i¥ multi-index
ThHY, 1= dim(0), [v] = v1 + -+, 8 = 6284, 6 = /869, § = 1,---,1 £FB. v
LIRS A— S EM O IEFELTVAT LICEE. 2FD, 0, KR LTE, v = (m, 1),
6; =08/0c THY, O IZX LTI, v= (1, ,v), 8; =8/8 THD. (p+q) x (p+q) PITFI

= (D¥); j=1,..(p+q) & Dyt =1/+/nhy (fori=1,...,p), D¥ =1/y/n (fori=p+1,...,p+q),
D# =0 (others) £9°%. EBHIZ, (p+q) x (p+ g) @ (Fisher {F1) 175%

o (TP (80))ig=1, .., 0
1(90) = ( b 0 7 P (Igj(QO))i1j=l,...,q ) P

R, I(00) = o ™ Sy an(d), T (00) = o Py e ).
Assumption 1 (i) [0,T] ETHER (1) DFRVER—BIZHFET D, (i) TXTDz & gITHRL
T, HDFHc> OBHFELT, c< oz, B) < 1/c. () TRTD IR LT, IEEER X iT=i
T—FHITHD. TDOTREREZ pg L 525, TTDp> 0T LT, [§lz[Pre(dz) < co. (iv) T
RTD p > 0 IH LT, sup; E[|XeP] < 00. (1) b(z, @) € CP (R x Ba), o(z,8) € CT* (R x Op).
(vi) I(6p) IZFIERITH 5. (vii) T_XTD I LT, bz, @) = b(z,00) = a=ag. TTD I
LT, o(z,p) = O’(m,ﬁo) = B = fo.

AHE CRBERBET — 4 X, = (X, Xopy Xig, -2 Xb)y 22 Tty = khn, nhy = T, &S
WIZHERHERNZ DUV T, (1) 237 A—ZHEE, (i) BT VEIRICEEZRE L C, 21T, A%
% Tl asymptotics % h, — 0, T = nh, — co and nh2 — 0 asn — oo & ¥ 5.

INT A—ZHTFE
DA (BFTESEL) & LT, ko= T2 Mg, 5% 5.

gn(Xnv 6) = Zg(th~17th79)1 (2)

k=1
1 — & — hb(z,0))?
g(x)y7 9) = '_'2‘ 10g(27l’h,,n) — log g(z"@) — (y 2:1;1 Uz(z(z)a)) )
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BRIV TR MEERE 0, = argsupy gn(Xp,0) TEHETH. ZOB, ka2 b5 X MEE
B0, \Z LTUALFAA Y SZ-5 (Yoshida (1992), Kessler (1997), Yoshida (2005)).

Theorem 1 Assumption 1 DF, nh2 — 0 D,
DY (6 — 60) —% N(0,17*(60)).
Remark 1 —#IZ g, ZROEW TRHEAEREE L, DELUT2 > TWRV (Uchida (2005)).

3 ETILER
EDOETIVE
dX, = B(Xp)dt+ S(Xy)dw;, te€[0,T], Xo=o
LT, MBEOREETNV: i =1,2,..., MIZX LT,
dX: = bi(Xi,a:)dt + oi(Xy, Bi)dwy, te€[0,T], Xo=1xp
EERD. L, MEETIMTEDETNEEL LRET S (specified parametric model). 372
bb,i=1,..., M IR LT, Bff 6,0 = (a0, Bio) BFELT,
bi(z,a;0) = B(z), oi(z,Bi0) = S(x).

T—H X IR LT, FDa—% Z, & L, \MEbET Vi lZBiT 5%&3&&%*&&}%%3&&%;
EICav A MEREENETN, ;, g £ 55, ¢ "B ONERK2 M A MNMEEES 6,
&L, aip € Ou CRP, Bip € 05 CRE, 0; =0, x 05, &T5.

DAIC(i,j) = —2[9:(Xn,0:(Xn)) = g;(Xn, 05(Xn)) — dim(6) + dim(6)] ,

DKL(i,5) = =2 [Ez,[li(Zn, 6:(Xn))] — Bz ll3(Zn, 0;(%0))]]
EEHETD. HFET/ViIOVT Assumption 1 3LV 3LH, & HIZIERIZMFO T T, nh2 — 0 DFF,

Ex_,[DAIC(4,7) — DKL(i, j)] = o(1).

DAIC(3, ) iZ7RMh (Akaike (1993, 1994)) IZ L > THREE N7z AIC DEICHIET 5.

References

Akaike, H. (1973). Information theory and an extension of the maximum likelihood principle, 2nd
International Symposium in Information Theory, Petrov, B.N. & Csaki, F. eds., Akademiai Kaido,
Budapest, 267-281.

Akaike, H. (1974). A new look at the statistical model identification, IEEE Trans. Auto. Control AC-19,
716-723.

Kessler, M. (1997). Estimation of an ergodic diffusion from discrete observations. Scand. J. Statist. 24,
211-229.

Uchida, M. (2005). A note on AIC for ergodic diffusion processes from discrete observations. (submitted).

Yoshida, N. (1992). Asymptotic expansion for statistics related to small diffusions. J. Japan Statist. Soc.
22, 139-159.

Yoshida, N. (2005). Polynomial type large deviation inequality and its applications. preprint.

—876—



