(9) [HEEHHENI DBER & 2 DInH ] 2B 20 5es

REF 8, LN, BRER (KBREREREZENER) | kL%
KE2ME7— 5 OHBNI BT 2 EHHRR

AHEEA UNERIERETLER) | SEEERBEROFYRZ F VD4 E
RBEIZ DV T

ikoLE (HEK- A, BinEHE (BEX-HI) 2 250K7 Y /3%
VIER IR A B 35 & DRI OHEE

AR —ER (BIREFERERFER) ( EEBOFRMOIEH FEIC>»T
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Etsuo Kumagai, Nobuo Inagaki (Osaka University) : On Fisher’s information loss
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BEAHE (WP KFEEFERER)  BET— 5 & 2 ORTE

EREX (REKRE - H) | ZEBREEICE BRI FIVOFBEBERIZD
W

FERSEIL, AMEES (KR KFEAZFERARE TS 0%EF) (Regression Depth and
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BEEA, BEREL, BEER (LEK - #) EEHHSTICBIT 25X
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SATEZEE 2MET — 2 DRI & 1T 5 EHEIR

B RFERFGREEMEN EESF #
RERFERFEEEERER X8 K]
RBRFERFEEEER Bl R

FREIZBWTIE, pEDNVX—AEE ..., g, W gBDTNV—TG,...,G BV
THER SN AGEOHFTTI BT L EHERME LR ). B /-7 G IIBITApR
TEEz = (1,...,z,) OERUER

Gi; Lity -y Lings i—‘:l,...,(]

zij = (zi(1),...,25(p)), J=1,....m

35,

T I TiE, BEORT p FEFEERBn ITEVD. 50, TREDKREVERTT -

YOEEEREL TS, L) EMEIZIZ, Wilber et al. (Biometrics, 58(2002)) & & 5
DNA 74 YH =71 Y b F— 4 BTOBEHRFT2BELTB). Z0HKE

p==84, qg=4, ny =23, na=ng=ng4 =22, n=n;+ny+nz+ng =89

ThHbo ZZ T, pEDOEEITE VM T, 74|G; ~ B(1,04) W"MRESNTBY, &
THINEHET S, 2T

Y, = Tj1+ ..+ Ty,
EBL L, %yz-j LT
yij(j =1,...,p;1= 1,...,q) [E ¥RV Yij NB(ni’Oij)

PREELTWA I &2 b,

EEMOMIEZRELTWEDT, BRF— 5 ICEIELEDEEERESYHWT
EEYBERT LI LW TED, EWE, Wilber et al. (2002) IZEEHEICHBEIRE 217\,

BBy ERTAHFEEREL TV A,

T, T OMERBEICEDCEHBERELRET S, pgEDNTA—5 0, %
750 =(6;) ZHVWTET, ZOLE, ¢HOINV—TORBICHET S EFT VT, — &I
px(21-1)EZEZoN5B, 2Tl HEBITIZBWT, EBMPOETTEER EFIVIEY
BREL., ChoDHP LB ETVEBAZ LI o TAM LR EE LM RET 2 HE
YRET D, TO2D, FT, ROL ) REEOEFHITE2ER D, 222, beoF—%
LDV TORBEAMBAATIE Sp = (586, 7))« BPFHMBENTIIE Sw = (swi, 7))
fiatE D2 = sg(k,k)/sw(k, k) £THELE,

1 REHE DY (k= 1,...,p) DEAKEVFH A5 L EOEEE R, ZhbOEIkE
WIE LS Ty, - T(k) ThHrhr LT 5,
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2. BV Dp— kEOEE 2, (G 1),..., (k) KBLT, 6, =...=0,; =6 £ L=k
XORAHERE D KD, NS OEDOKZVIED 3411, ...,5) THDET 5o

O &) RIEFRAITISHIG LT, HBIERO 7D OEHEIRET IV My, 1 < k<£<p
2, EEMEORD () =4, j=1,....pETBE, KDL DKL D,

b1 - Oy | Okyr - 6 | 6 -+ 0

|
Myg; © = = | :
gql gqp ‘ 9k+1 “en gl ]
CDE)BRETVE{My; 1< k<< ptDFPL, BYRET VL RRFEREL LT
AICEH¥EREZ B, FTIV My 10T AIC £#1i

q k

AIC(Mi) = =230 {wijlogbi; + (ni — yi) log(1 — by;) }
1=1 j=1
:

-2 > {y.j log 8; + (n — y.4) log(1 — éj)}
J=k+1

—2 { ( 517_: y.j) log 6 + (n(p —{) - i y.]-) log(1 — é)}
j=t1 j=t+1

qa p

~2ZZlog< v >+2{qk+€—k+1}

=1 7=1

THEzbN5E, & 21T,

p
.. =i 5 _Yi = = It
91_7 ni bl 9] 7 ’ y-J ;yu) n(p . e)

AIC D5 IE£# CAIC b FRICRD b5,

Wilber et al. (2002) 12 & & ZEERIE & AMETRE L EHEREL HRE 200~
FEE LT, EBROBHBIER2ERTAIZIENEZLONE, THIZHEEL T, DNA 74
YH=TYY P TF=FIZ LT, 200HBIE 1 ERANBEEICI2HE 2. B4
Bk z@EALZHEORERIIOVTHRE®{To 72,

TORRE LT, ZFHEE D2 A L-BEEREFVEEALAIC, CAIC ## %48
AL, SOICRHPIMRERE L TEREESZILICED, XD EW#UEUi)%%hf:O AN
ERHBE & mRAEE T ORUIERDE IR - ZBHEIC 0 S W, BB OB
PELAGo/zEEZOLND,

S 512, Wilber et al. (2002) 12X 5 &, BRSN/-EHIHEZ 5 L EHEH OB EDNK
EVRFENL TN T EPFBROENT WD, £ LT, SHEEADIER L7-EHOMIZBTD,
Btk C BRSNS, 72, HMUBOWKE - MEORER 13T LB OEBRR
DT NI XL % RBAL72D, FOBEFTERTZTh L, ZORESE - THER -
EFNVTORIENR N, S DEETH 5,
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SEETRBREDFEHRY MLOSELERITDONT
AMBEEAE ISR SEER

1 FL&IC
BEEOERFEYNY MICHT HLELBREEZ L. K, Z2EEBLE
HEIETIIRV O RERABOERRATWBIRD LN BVEENEL, HELE
BEKEZ TG TREARIMEZL KD 5 72 | Bonferroni D REXRL, WL »
FIHES NI, ZORRTHEIBRERSBOERZSAEAVZSELREZ D
MRET D, BRINIEE LI 1 DOBFEERT ML LMD ENENDO R~
NV EBE B L EHEE % Dunnett (1955) DY Y I VAT v TIEIZESWTHE
£T 5. WICEWCMMIZSERIERDMIHE S BEENZ ML OFNTB W TRE
WOERRERDTDODEELBELZZ 5. 6K, BEHEHT b OBELA
RO DHODRETITIRELREE L Y BHINT-RERTEDERLHH
WFEHINTE LT, Srivastava-Worsley (1986) IZF8E LIz B B K E K233
HIEFRMEZ KD 572 DIZk B Bonferroni OARERX#BNWT WA, Z Z TlEE(L
REROTORELHBREFIRICEDSS AT v ¥ 7 NEIZESHTHEETS.

2 Dunnett DFXRICEICEZEESELHE X

WE, K(>3)BOpEEBMESY M X, (k=1,2, -+, K) HEWIZHIZIZ
ENENpEEERDH N(py, X)ICHED ERETD. VWE, EREHAN(u,, X)
LD nBEOEVIZMSL I EARANRY VX, X, o, X BEBNIZEL, £
DEEE Xy ELTZy = (Z, Ziay Zip) = Xk, Sk = 20 (Xpi —
X)(Xp—Xp) &R, EBITS =K 8, B Z0EE, puy &y, py
TNENE BT 5L EHEES Dunnett (1955) DY Y I NVAT v FIEICED
WTHEETDS. -
2.1 BEHOEIZOVTOZELE

'fﬁgjﬁﬂlk (k = 2,3,"',K)%H1]c P = Mg %@ﬂﬁ{}j%ﬁ%Hﬁ Dy 325 My
E$B. Hyg, Hiys, - Hixk ORABBREEZEZD. FERHy OBREDTOHEHE
Yie &

. [ (Z-2)Z N2 - Z,) ZVRBEMOL X
Y1 (2 - 20872 - Z) EZBREOLE

EEBTDH. TDLE, BRECIIXL, Ye<ceRdibiE, Hy,2RZL,
Z D TRWRLITEAT S,
2.2 ZEEHRARTEISOVTOZELK

py = (pans iz, oo, prip)” SO py = (b, ey -5 pinp)” (B =2, K)ICH
L, pan > e, a2 > Me2, o0y Hip 2 M ERBEFRETH. WE, EHHL %
Huk t iy > 1, iz > Mk, oo, Hap 2 fp®@ D BB E B 103ERE 25,
EEETDH. ZDEE, Hy OXSAREIL H, ¢ pa1 > ety 12 > fezs - fap >
fhp- WVE, Hig Hys, o Hixg OFBEBREZ I PEMERELTCELD. ¥ =
(0i) T B L&, R Hy OREDT-® Sasabuchi (1980) DX E B EEICE
DE, MAEYR T

Yip = min {(Zn — Zr1) /011, (Zv2 = Zka) [ /T2, 5 (Z1p — ka)/\/a_p;}
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CTEETDH. FLTREBRMECIIRL, Vi <c 2351, BERR H, 2%
BL, £OTRWERLITEXRTAZLIZTS.
2.3 RBREMEDORE

BRECEEE LEEBEKEeEZMEZTLIIICKRD S, WTho H, HbEH
ENRVERIIPYy<c k=2,--,K). RREcIZTTD Hy BREBFICHK
DMDERELIZEEZDOHENL - IWE L RABLICEDD. K (1992)
EBEIRFMEERETS.

3 BEHYRI MLOELRERDITH-HDEELER
K(>3)EOEWIIMSI 2 p BEEIER S N(p,, ) I L,
SRERBHy : g = by =+ = Py
SESLARER Hy - 272 < &b 104, 5(0 # ) IS L, w; # p;
ELIEREBIZBWT, BEERBVPEHINDIEE, p # b, ERDIBNDi%
ROTHFBEEAT T E UV ARCLDLERBEZAVTERETS. 2o
W, F2<k < KIZHL, REHp & Hop - g = g = -+ = py,, FIFFLE
Hip:1,2,- -  kOFOD72 G TG (6 # 5) I L, u, # p;
L5 ZOFRICH L, X BBER, REOEZNENDHEIIBWTRELRE
BICESWTRERHEL ZREL, Hk P T CP(Ti>c) =a bbb X7k
RAMBEc(>0)ZRETDH. ZDE& X,
Step 1. Tk < cx 2 OIX Hyx DHRE T, REZKTL, 5 TlhaW& & Ho %
FEHL, ROEMEIZET.
Step 2. TK--l S Cr—1 fct F_)Vi HOK—I @{%%VC‘, ffﬁfff%ff@?’ L, % 5 v(“f;ﬁ‘/‘ k %
Hog  FEH L, ROBREIZED.

Step K—1. Ty < cy 2513, Hyp ¥ RETRERZET L, 25 THUNE X Hy
AEHL, RELETTS.

Hox OIRETREPRT T2 L&, BRIV EHETS. k<K ThD
& & Hoy DIRBTHRENKET TIUL, p; # pyyy ERDIBAD =k & BT
5. Ho OFEHTRENKT TIUL, p; # pq ERD2BAND 0T =1 L HBTT
5. ZOZELBIETIIHRKRF A 7 I FWE (familywise error rate) 23 a & 72 5.

SE X

(1] Dunnett, C. W. (1955). A multiple comparison procedure for comparing several
treatments with a control. Journal of the American Statistical Association 50, 1096-
1121.

(2] [RETE (1992). EBRT —F Oftr. I HBHEEHt.

[3] Sasabuchi, S. (1980). A test of a multivariate normal mean with composite hy-
potheses determined by linear Inequalities. Biometrika 67, 429-439.

[4] Srivastava, M. S. and Worsley, K. J. (1986). Likelihood ratio tests for a change
in the multivariate normal mean, Journal of the American Statistical Association 81,
199-204.
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2 DDRT Y v BRI IR HIIN S %58 DIRABEBODETE

HEX- AX & Jo%
BUSK - HT e S

1. [FU®IZ
X1, X0 HUNCHNIIC R T Y ¥ 0 Po(Ny), 1 = 1,2, I U Te S S T
REPE L, BENCIERRRIN < DB 2EE, ZOXMRERL
e CHEER (MLE) I
(X1 —Xo)t
2 bl
TH5, TTT. at =max(0,a) TH O, X, 3NOAwHE= (UB)

THD., FOMIC, HHEMERHZTDOEDL 5% min — max THEE
2bLEZbN3%,

:\1(X1,X2) = II]ill{Xl,Xz}, S\Q(X]_,Xz) = max{Xl,Xg}.

TR (MS E) ZEMEL U7z e % | Kushary, Cohen(1991)
EOEDXHERHREEZ T, i
1) MEHEET B L X, Ay(Xy, Xa) ET20E A (X1, Xo) 1 Xy & D BATL
%O
) NEHET BL % X DBRIENTOENEAIC X,DRIcES <
FRO() D ADFRINHEERE BT, X VERIENTVTE. 8(X)
A WD BNEHERTH 5,

TR, 2DORBOWEEEEH#ET S L &, RLHECERLF
RIECEE DHEREZ | BIHEENMAHEEEX VBN TWS D
DRI D R T 2 0B+ &2 52 %, FIFKIC ., min—max
HHEEENNMEHEE X D BN TV 372D DREREBOBREICET 2.2
BH0%MEE5Z %, Eleo N,i= 1,2 EFEIBH 358, \,i=
L20OEFRHHEEMEZE R | BIHEERI VBN TV AHEREEZ 5,

2. R

X~ P(N)yi =120 Nyi = L,2IREFFRIN < MWD 5
9%, FH2%RE (MS E) ZEEIC, o) + o DHEEMEICE
WT, BAHEEE I min — maxHEEE L NEHEEEL DB A
EZ23L &, UTOEENELNS,

VA7 DERRZBZIZDICIE. XD LemmaPNERTH S,
Lemma 1. X ~ P\ &9 3L &
E[Xg(X)] = AE[g(X +1)]

Xi(Xl,Xz) =X, + (—1)i 1=1,2,
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WKLY %o

FE 1., TRTON < WLCHLT, BLHEEE cd + e DMREHEE
%Clxl =+ Czchk D "ﬁ(l‘: @hf@‘%fib@%gﬂ*ﬁ%{*‘i

<0, 3c1+c>0 £k >0, 3¢+ <0
THsHTELTH%,

FH2. TRTON < MWL T, min— maxBHEER ¢/ d + el B
ZQ{E*&E% Cle + Cngc}: D “’“*%LC @hf W5 7z y) @%g+§3\%{¢6i

<0, c1+c>0 FllX >0, 1+ <0
THAHATLTH%,
—%. Aiyi = 1,2, DRIKHEEREIC BT, BRES

(81 — \p)? N (63 — Az)?
A1 A2

EBATZEE, DEOHRDELNS.

EIE3. N\, i=1,2,OHEEE

- Xo)"t  Xip(X1+X)
2 Xi+Xo+1 ’

E. BLHERN, i =1,2, X0 —RICBN TS, TTT, ¢:[0,00) =
[0, 1) DIERABEE T H %,

SE T

(1)Clevenson, M. and Zidek, J. (1975). Simultaneous estimation of the means of in-
dependent Poisson Laws. Jour. Amer. Statist. Assoc., Vol. 70, 698-705.
(2)Kushary, D. and Cohen, A. (1991). Estimation of ordered Poisson parameters.
Sankhya, Vol. 53, Series A, 334-356.

(3)Shinozaki, N. and Chang, Y -T. (1999). A comparison of maximum likelihood and
best unbiased estimators in the estimation of linear combinations of positive normal
means. Statistics & Decisions, 17, 125-136.

{4)Chang, Y.-T. and Shinozaki, N. (2002). A comparison of restricted and unre-
stricted estimators in estimating linear functions of order scale parameters of two
gamma distributions. Ann. Inst. Statist. Math., Vol.54, No.4, 848-860.

(5) BRITHR. BIEEHE (2000) JEFFHFINDH B 2 DDA > <378 D RERHI ORI EEE
DOHE— RO RZ B FE5—. HBEHARZRTHRE

6) IRTTH. BRIEHE (2002) T F ¥ —BED T TOIEFHKINH 5 2 DDH V<

O RERBBOBREROHE. B0 A2 TRE

i=1,2,

ACZ(Xy, X) = X + (—1y
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HEEB DA DR EIZDONT

BISRERT R REAIT ARRE RO

1. #REDOHETEDOHAS X

Bayes i EEED, 52X ONEHFAHL D —RICEENE, FBENTHZ. LrL. 2O
AEL L > THRENBROHABNHERDVBEZ CHFET S, T T 25 LEHEROFE
DA EE LT, ROLSRIODBEILNTES,

e Cramer-Rao OAERZE AW 5k
e Blyth’s methods T 7xbh b, 70/N—k~A XHEBOMWBIREL TS Hik
o —#{tiX4 X (improper prior % fV\ % H)

e Stepwize Bayes %

2. SWiEoHRH

Stepwize Bayes ¥ (LA#. SBELEED) Lid. RO L3R DTH 2 : EAZR. B
ZEREEMSH L. BRI SEREI T/, B L ORE 22 LT proper prior
RS, BICEESZEM LD proper priorid, EWICER T3 X 5I5&ESR, 257 5L,
HRPEMLETONRS R, FSHRAZE[LTCHBNTH2EDD D, 2, ThHD
B, TTOFEAZEM. BEZEHETHRIRN.

L L5, SBEIIARAZER] X & RHEZEH 6 ARRIBED S % L. Brown(1981)
WZE2T X DER, 8 Bar ) rOBEERBEHEESRD IO LEFTCRENED
DD, ZEIPLEOFERABIZONWTIIEBARETH > /=,

s, —MIERA XEE AW HEER O AM TR RD &> e h b

Theorem § 7° improper prior dr(6) IZx1 9 2% (LA XHERBTH D L &, —#(b
RA XN XY 4(8,dr) = EanEg(L(6,8(X)) OEDERR 5iE. § IZFFEN,

Cor. X 7'E[R725(X. improper prior d7(8) X § 2 —fRILRA XHEE 6(z) D—
BALRA X y(dr, 8) IXE R,

&2 Cor iZEiE, X DA, SBEEMHEDAR T Theorem XL > CHERDFA
MDBREND DD, CIARTELZTET, SBETHANEZTE S LS 2. B
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ELTHBDEASID? CoriCL b, COXIRFIDBHZDRE. X WAIRERM ETH
BIEBBELRDD. COLIBRERIPLWAAREDZL A, BREBAXTICBITZ80
ZIEAHOHRHE k(1 - 0)/0 DHEER 6(x) =z D ZDX DR example ERB T EHD
ho 7‘::0

Property BAODTIEAHIZT, Ey(X) = k(1 — 0)/0 OHER 6(z) = z DHFAMI. a
sequence of priors %

dni(0) = dlgp=1}(0),  dm(f) r‘e“s?f—;w—n do
ZESEEWNS SB %g‘f‘ﬁ{j—: EWTES, 'f&ﬁ\ 6(1’) =z l&. improper pI'iOI' d7r(9) _
dg/(1 —0) I T 5 (—#dk) X1 XETH 5D, Theorem ZHAWTHAMERT I LXK
T, RERS

s, 8) = [ R@,0)n(@) = [ FEZD Ty [ oo

4. Karlin ORERA %

Karlin(1958) i&. 1EBUEAHIKOHIFHE NS A—& —» BREXRO T THENTHS
TeEMRUE, T AP, Karlin OFHAAEIC SBEDOTAT7RANS Z LT, AN
SUTNIRDBEDH DT EPRENIZ.

CE PG

[1] Berger, J.O. (1985). Statistical decision theory and Bayesian analysis (Second edi-
tion), Springer-Verlag.

[2] Brown, L.D. (1981). A complete class theorem for statistical problems with finite
sample space, Annals of Statistics, 9, 1289-1300.

[3] Hsuan, F. (1979). A stepwise Bayesian procedure, Annals of Statistics, 7, 860-868.

[4] Karlin, S. (1958). Admissibility for estimation with quadratic loss, Ann. Math.
Statist. 29, 406-436.

[6] Meeden, G. and Ghosh, M. (1981). Admissibility in finite problems, Annals of
Statistics, 9, 846-852.

[6] Meeden, G. and Ghosh, M. (1997). Bayesian Methods for Finite Population Sam-
pling, Chapman and Hall. '

[7] Mikulski, P.W. and Smith, P.J. (1976). A variance bound for unbiased estimation
in inverse sampling, Biometrika, 63, 216-217.

[8] Zacks, S. (1971). The Theory of Statistical Inference, Wiley.
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Exact or Whittle’s approximate likelihood estimation for
Gaussian time series regression models and its plug-in approach

EERFERFEHEREFEFER MR ES

X LI

%'mL:ET/I/ CEENDSBE G (ZICTRIKREELTD) 2 R#EET D M- ?E”E‘th-
(b2 HEEBOERL) HLIELITER SN TE . 1D RER S IXMAERI
M (8,) = supsee Mn(0), Mn(0) = n" 'S0, g(X;;0) 725 MAEEE 0, @@E%:FH
RHEZETHD. ﬁﬁt:@j(ﬂm’]fiﬁﬁé kO, (39) —BMERRETIVUL, BETHIICIE

—BEgAE M!(0,) = 0 IWIRE SN, Vnl, — 6) PEWEERMEIE OBAICRaT
vnM! (6y) ® CLT, &U", ~VT 2 M)(8p) @ LLN & stochastic equicontinuity 736
END.

B~ M OBETHRBROBRZIT O N, BEREICEL S normalizing % HE
EF Db Liviev, £, 0 OEERRIIE T ol 2-BHEER TH 58, B
RINEFET VOBET I A 4751 & - THE normalizing matrix Z#EA LA 1T
EVF RV R, REIEEBAROEEET V72 b normalizing matrix (X7 91~
THIORIRFET D Z BB TS

2. BERFIERE TV

(U} T80 0EREEBRT, TOARY N ABEENERKLRBESS b
O = (6',....,0°Y € © C R THESNTVWAL TS, BRFEREFAIY, =
2f 4 Tft+ T+ U =%B+U, B=(B,....0) € " TEESNE. =
D X7 n BRY ~ Na( XB,T(fs) ) DR ERR T

L(6,5) = —3 logdet T(f5) — £ (Y — XB)T(fs)™ (Y ~ XB).

¥72, n x n Toeplitz 1751 T(fs) DITHIZ & 1751 % %ET 72 Whittle’s approximate
(quasi) log-likelihood I

W©,68) = 1 [ {logfoln) + IZ xi)e|” 0 )}d/\

= -2 /_ log fo(}) d — 5(Y ~ XB)T((47fn) ™) (Y — XB).

Il

HETERIRRIE 1, = (6), 8)) DRBEHEE, &5\, LSE g = (X'X)"'X'Y #% plug-in
LT ED 0y DEETH D, FHEREDOINRTIL LSE % plug-in 75 Z & BE0.
ZOEAED 1 DX RESE TiE BLUE Bg.p = [XT(fo) X1 XT(f5) Y B%35
L, 0 Z&® B profile likelihood 2 5 LERH A hH ThHhA 9. 7= Grenander
(1954;AMS) & Adenstedt (1974;AS) Z#L5& L7z Yajima (1988,1991;AS) i X 3 LSE
® BLUE I8 2EREHEMBEROHMAEL H Y, (U} ORI "VEE f, BBEMT
& 5354, Grenander BIEEEHRETHT VA 1THIICH L LSE BEEENTH S
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T2ODUE+SEERBERINT. LER-oT, HMEOLWTF A izt LTLSE &
plug-in Téf_@ FRIBILA B LM Sz Z LIch Y, ZOBRICBW THHREE I
RV EBRWT VA ATFINRE X biiz &L & LSE % plug-in 95 Z & iXEEEE QX
FR2nESICB 25 Th Y, REELEER 2 EHEFIZIBVT Dahlhaus (1989;A85)
i inefficent 72 BT EH % plug-in LTHELN D AT M-BEOHERD full MLE
CHNEIZFE TH DI EVIERE 5 X, & 51T Giraitis&Koul (1997;SPA) 1X£HE
KEVFET VAR L., ABREITRPBERE TH D, 2D X 5 7% plug-in #E
EOME% Yajima (1991;A8) OEIFET LV TELRT S,

3&4. EHIRREEE/ RITEERLREFTT MBS IT 5 RIMEE

nxr 7“\“&’]) \/?—TEJ X 0)% ] ﬁ”% Xj = (xlja"I:Zj)-' . ,.’Enj)/ &%< . E%%ﬁ"ﬁi@%%
T Grenander &{4

(G1) I1X | = (a2, + 2, + -+ 22) V% = s,

(G2) @usag/IIX ]| = 0,

(G8) T2 s ses/ (P IKll) = pye(h) Vb € No
ZIRET 5D, REFEEEROBEIIA T M OFATOREED - DIZ Yajima &
f (Y1)~(Y3) bER¥. Toeplitz 1751 & & DFATFIDOFED trace 12T B LA (e.g.
Taniguchi (1991;Springer), Fox&Taqqu (1987;PTRF), Dahlhaus (1989;AS)), A~
M2 VB SN(f,g) = |IT(f)" 2T (9)T(f)~'/?||sp P (e.g. Dahlhaus (1989;AS))
& BLUE gy = [X'T(fo) ' X" X'T(f5) LY D4EATFIOHEFTF X'T(fe)'X @
A (e.g. Grenander (1954;AMS), Yajima (1991;A8)) 2BV T, 2 a7~y k
e ~TT AT OWE 2T, I, HEEBOWEHIIERME O CRYIBL A~
7 U FTFID stochastic equicontinuity (22T [|X,]] — co DE I & » TIHEFRES
DELDHZE, BN, ZOXMAEELRLT-.

5. Plug-in ##E&IZ-DV T
AN MVBEOHERICOLZBLEH D & EIXMHER LSE f,, = (X'X)1X'Y
% plug-in L7z BRI L*(9) = L(0, BLS) %:%Mﬁza ZEBB. 34HICE%
TARBIZMAT, (X'X)™ 2RIET 27DIC [pi(0)] BERFTFICH S L L, B
“E%ﬁ&@*ﬂﬁ“\ TS 512 Yajima & (Y4) LT & &, LSE 8,5 = (X'X)IX'Y
SBATH] (X'X) ' X'T(fo)X(X'X)™! D3RRI (e.g. Grenander (1954;AMS),
Yajima (1991;A8)) bFIATE 5. Full MLE L #HEHICRZECHA - L 2B 57
% Jog-likelihood & plug-in log-likelihood 1z T

5yk{L(9 Brs) — L(9,8)}
- Z ﬂLS IBK X, [le ajkT—l (fﬂ)](Y - Xﬂ)

~= Z (Bfs — B*)(Brs — BXL[0, - 0, T (f0)]X,,

K,p=1

2 0p(n'?) THBZ EERR LI 218, = 0/0¢7.
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LAN Theorem for Non-Gaussian Locally
Stationary Processes and Its Applications

Junichi HIRUKAWA, Masanobu TANIGUCHI”

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

Abstract

For a class of locally stationary processes introduced by Dahlhaus, we derive the
LAN theorem under non-Gaussianity and apply the results to asymptotically optimal
estimation and testing problems. For a class F of statistics which includes important
statistics, we derive the asymptotic distributions of statistics in F under contiguous
alternatives of unknown parameter. Because the asymptotics depend on the non-
Gaussianity of the process, we discuss the non-Gaussian robustness. An interesting
feature of effect of non-Gaussianity is elucidated in terms of LAN. Furthermore, the
LAN theorem is applied to adaptive estimation when the innovation density is un-
known.

keywords: Locally stationary process; Local asymptotic normality; Asymptotically ef-
ficient estimator; Optimal test; Non-Gaussian robustness; Adaptive estimation

1. Introduction.

Time series analysis under stationary assumption is well established. The as-
sumption of stationarity guarantees that the increase of sample size provides
more and more information of the same kind which is basic for an asymptotic
theory to make sense. However it is not sufficient for stationary time series mod-
els to describe the real world. Many empirical studies show that real time series
data are generally non-stationary. Therefore the assumption of non-stationarity
is natural in time series analysis. When we deal with non-stationary processes,
one of the difficult problems to solve is how to set up an adequate asymptotic
theory. Recently, to overcome this problem, Dahlhaus (1996a, 1996b, 1997)
proposed an important class of locally stationary processes and elucidated some
fundamental results of the statistical inference.

In statistical asymptotic theory local asymptotic normality (LAN) (see e.g.
LeCam (1986), Strasser (1985)) is one of the most fundamental concept and

*Correspondingauthor, +81-3-5286-8095
E-mail address:  hirukawa@ruri.waseda jp (J. Hirukawa), taniguchi@®wasedajp (M.
Taniguchi).
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describes the optimal solution of virtually all asymptotic inference and test-
ing problems. The LAN approach has been introduced in time series analysis.
Swensen (1985) established LAN for autoregressive models of finite order with a
regression trend and applied it in the derivation of the local power of the Durbin-
Watson test. Kreiss (1987, 1990) also proved the LAN property for ARMA and
AR(co) models, and constructed locally asymptotically minimax LAM adap-
tive estimators, as well as locally asymptotically maximin tests. For time series
regression models with long memory disturbance, Hallin et al. (1999) showed
LAN theorem and discussed an adaptive estimation. Taniguchi and Kakizawa
(2000) gave an extensive review for LAN approach in time series analysis.

For non-stationary case, Dahlhaus (1996b) developed asymptotic theory for
Gaussian locally stationary processes and derived the LAN property. In this
paper we drop the Gaussian assumption, i.e., we prove the LAN theorem for non-
Gaussian locally stationary processes, and apply the results to the asymptotic
estimation and testing theory. Our LAN theorem elucidates the non-Gaussian
asymptotics and the proof and method contain a lot of different parts from
Gaussian case. We discuss a non-Gaussian robustness for a class of satatistics
which have quadratic forms. The class includes the standardized of QMLE, tests
and discriminant statistics etc. We are often interested in the local asymptotics
under 8y = 6 + 7}',_7 In view of LeCam’ third lemma, together with the LAN
results we give the limit distributions of the quadratic forms under 6, which de-
pend on non-Gaussian quantities. If they are independent of the non-Gaussian
quantities, we say that they are non-Gaussian robust. Then we give a set of suf-
ficient conditions for the non-Gaussian robustness, which illuminate new scope
of non-Gaussian approach. Also some numerical studies are given, and show
unexpected features. Finally, we apply the LAN theorem to construct adaptive
estimators. When the innovation density is unknown, the asymptotically effi-
clent estimator is given, as well as when the innovation density is known.
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LBt B OWEE S
TUPN R R ik e RIREE

MEtEDZ AL ULTHERZ L-RETEOWITEICOWNT, Vvy 7 FA4 7558
HEBOWERBEERD, AF2—F > Mt L-HEHROWHEFRR L n~l/2 04—
F—FTOxy VI —ARBEEZRDT .

X1, X, Biid F(z) &L, Ju) 2Ra78EK, F.(u) 2EBRSMELE,
Tibb Fu) =n 'S0, I(X: <u) &T5. RELI() REEERTHE. =
DL x LRt BEOE SR

T(F) = [ B ) (u)d

IZOWTEBET . 22T Fl(u) =inf{z; F.(z) 2 u} THAH. 2D T(F,) Ix
L-RFTEDES & (see Serfling (1980)) #FLT. T I T T(F) = [y F~(w)J(v)du
LB L, Vn(T(F,) —T(F)) O#ETBIT

*(J, F)
= [ [T IF@)I(F)IFmine,v) = Fu)F(v)dudy

Liph. BRI L-HEHEBEOT v U — ZAEMIE Helmers (1982), Alberink, Pap
and van Zuijlen (2001) FIZ X D E RSN TWD. n(T(F,) —T(F)) DT %v 7
T A Tor R R

S F) = (n - 1) ;\;:[T(Fn;» —T(F)

THEZBNDE. ZZTF, T X, 2RO n—1 BEOERIZE-S L RS HEL
Thd. ZD6HJ, F) D—EME iX Parr & Schucany (1982) X Shao (1991) {2 &
VRERTNS.

FRETIL 62(J, F) OBEERBEZRD, RF2—F v Mt L-#EHE /n{T(F,)-
T(F)})6(J,F) ® n~ Y2 DIEZTOZ vy VU —XBEERD -,
[BE1] Aa7BE#HEH JOW) X FRT, J®@) F4—4F— s> 0 O Lipshitz
STz TETS. bL

/_ :{F(u)(l — F(u))Mdu < oo

2oL
6*(J,F) =o*(J,F) +n~! >0 (%) + or,(nV?)

=1
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BLOD

V(T(F.) — T(F))
6(J, F)

= n 2+ 0723 (X)) + 072N (X, X;) + o (nmYV?)
i=1 Cra
WY IO, ZIT En(Xy,X1)|X1] =0as. T, ZhbOREIX Hoeffding 45
i (H-2f) ShicboizizoTnA.

Lai and Wang (1993) {2 & 2WHE U-SEHBICHT 5=y VU~ BEEZM# 5
&, AFa—FT VMU LEHEBED =y DU —2ABEEZRDBZENTXE. kD
FHEEEXS.

(C1) E{|n(X1)P + (X1, X5) 1} < 00, 02(J, F) > 0.

(Ca) limsupy,_,q, |Elexp{itey (X1)}]] < 1.

[EE2] (BE1) DFRBRV C,Co, BRVILDOE &

P{ \/ﬁ{Tg‘Z})’ F)T(F)} < 1’,} _ Q'n(m)l — o(n-—l/2)

sup
MWLV LD, ZZT

ks = ER3(X0)] 4 3E[m (X)) (X)va (X1, Xo)],
P](CE) = ",{-3(—1:6———12)

Qn(z) = ®(z) —n"¢(z){Pi(z) + 7}
T, Tk (EE1D) TROIE HAMSNIEEEE-TEBSNE O THS.

IO ORRIINEFHRE B OB B 72 5 HAEFHF BRI OV TESBATE
5HbDTHD.
[ % 3CiHk]
Alberink, I.V., Pap, G. and van Zuijlen, M.C.A. (2001). Edgworth expansions
for L-statistics. Prob. Math. Statist. 21, 277-302.
Helmers, R. (1982). Edgeworth expansions for linear combinations of order statis-
tics. Math. Centre Tracts 105, Amsterdam.
Lai, T.L. and Wang, J.Q. (1993). Edgeworth expansion for symmetric statistics
with applications to bootstrap methods. Statistica Sinica 3, 517-542.
Parr, W.C. and Schucany, W.R. (1982). Jackknifing L-statistics with smooth
weight functions. Jour. Amer. Statist. Assoc. 7T, 629-638.
Serfling, R.J. (1980). Approzimation Theorems of Mathematical Statistics. Wi-
ley, New York.
Shao, J. (1991). Jackknife variance estimators for generalized L-statistics. Statist.
Prob. Lett. 11, 27-32.
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Link function elicitation through grobal orthogonality of
parameters in GLM

AT - HIER KREERES
REER - HEFR MIEERE

1. BIREERE
— MR TETNVICBIT B ) U VBEBOERIZONT, EFIVENLNT 1 T DBR
DPHERT A, EEEHART Mz = (z1,...,2,)7 OB DIEE L SHHK

p(@s; i) = exp{e(us) i — M(ps) } a(z:)

ZH-TWBE L, FENT MV p= (g, .-y )T DY) 2 ZEBE f(p) 1D Ko THE
BT Z = (21,...,2,) EERDIFOENTNWE LTS,

flu) = al, + Z7.

BUREHRMEZTER g(p) ZRVWTH LW A yZ2HAT 3.

n

v= glu)-

=1

20—=7 B Dz T HMEMEERL T DDA UL v I (g, ooy pin) O
FHRERZRT. TT)WVE (B, 7) TXTA M4 XL, RREEBEM []o(z:; p)
Zplz; B,7) EERTS. RO22D 7 —RAIBEFFTLUTEET 3.

() BEKRD B/)NTA—FTH Y, vITIKELHRN,
(11) 7753 %%5}\7)( 91&)‘9 [BL_ igglb\yblfxb\

AFEROE 1 OBWIE, LED 2007 —RZNZIICHE LZBEROM (f(u), 9(k)
FEHTHILTHS. E20HNE, Erhi) U /EBOTTRIT AHEEZHR
RBEZETH 5.

2. 27 REBOBRTRE

D VBBDBRICELUCEHERIEFEERL LTHEAS. ThiEELDR
WHRZRA—=FDIRAARY 74— a ilNT2H2BOBEEETH D, BEBEK
p(z; B, V) WHNIRT 2 XIT7EEE Ig(z; B, 7) BL W,y (z; B, 7) LEL T &IXT 5.

E%zl HERITH 2 »ERICEET 3.
() RITE Ig(z; B, v) DRTETH B LIE, ROERIFED IO L TH 5.

Ellg(z; B,7") | p(z; B,7)] =0 for any (8, v, 7). (2.1)
(i) AaA7EE L (z; B, v7) PETRTHZ L, ROEADPRD DI LTHS.
E[l(z; 85,7) | p(z; B,7)] =0 for any (8, B*, ). (2.2)
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D Fisher ERFME, BFE (2.1) ORLERKTH D, »2, BiF (2.2) DLESRMA
ThH5.

E[lgy(z; B,7) | p(x; B,7)] =0 for any (8,7).
Pisher ERZZEFIZDODWTROEBBELNS.

EIE 2.1. EBEOHREETH ZIZx LT (B, 7) D Fisher BT A 70w J WAIZ
RBEDOLEBETSEHE, ROEXDBHDILODZIETHB.

_.__.C.l_(_lﬂ__..‘ = Const.

(g’ ()

3. WU o, BEYVIBLUEEY Vo DORHST

237 g(z; B, 7) DETIRED ST > 2 LEE) V2 BRBHSIT o
3. RICRESFEBORKEK —XCH 5. —FH, RATEEL(z; B, v) DETRIE
SO TRHIITONBDIXEE) LI THD.

EE 3.1, EROHREEFTI ZICNULTAITERIs(x; 8, v) PETRTH 50DIL

£ = Liog (14 2L220)

as a; aj
ash apa
gm)=j%lMOO+(m—~%§)wa)+%,

DL EIIRSD. =L, ap,a1,a9,b BL b IXEETHD, atby #0TH5.
EIE 3.2, EEOHEETI Z IIHLTRXITES I, (z; 8, v) PETRTH 2Dk

£ = 2 4,

g(p) = a1bip + b,
DEEIWRS. 122U, ap,a1,bo BEV b IZEHTHD, arh; #0TH 5.

4. BMRUEDNEETZE0

B2HTERUEETRIE (2.1) BELU(2.2) i, $REBOLRERETH S, EE, 3
) 2 U CIZER Pythagoras BARHMAISI L, 8% ) > 7 L IE#Y) 7 Tl Pythagoras
BERAAL D 3L D.

5. B (HoIR3HDIEY >4 EFN)

HUBHEDOREEY) > 7 ETFNVICRBITE A0 =785 A—& OH#EREEHERIC
‘ol MEERSBORNE) V7V EFNVEORBETV, 3=V v 7 ZAOEKRTH
URGRDEBINZ EBRLUE.
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SERERTEREMRBICHIT 2 HHROETEORRIZONT

MERCEIZUR B A=
ARETE, BRERPET IV

/ .
Y, = ¢+ 6 z + ¢, i=1,...,n, (1)
px1 PX1l  DPXggx1  px1

g%=pgl+g;£ol+§%, ji=1,...,m, (2)
LB BREMERER ST, T2/20, v, Yo, T BEIHITH Y, a, @, zg IR THZ.
T, 6 & e BWENTN, BERT MUVTHY, EVICHITICFEBARY ML, REO
HOHITY] X OZEBERSFIH-TVBETS. CCT,p>gn+m—qg—2>p,
Yo = Ogx1, 179 (z1,...,2p) BTN U723 3. LEOEFVICBNTHNR
{{yi m)}oy & {yo;}ie) WEDOWT p DHEET B L THS.

C@#ﬁ%“ﬂi 2 %?E%E‘éﬁ Ll(io; (Bo) = (1/Cn’m)(€i2()—wg)tez—l@t(@o—mo) (Cn,m =
/n+1/m, xo i& xo DHEER) DL & T xy ODHEMERRL, HTHAEEBOWRE®
EfEL L7z, LU 2 EEREROE L TRV A VFHELEEE TH B 720, £TFDIBE
BSOS LIRR ISR L(20; o) = (1/com)(B'Eg — O'ag)t X1 (B'E — O'mo) (O
& O DF/ 2 RFEEE ) DL E THHANEEEORBHEEROEHZTANCERL
To. FUTEMAEERL D 2 FEREHOL L TOHANHEER L, ZOREHEEEDY R
OB ZE AT LUF, ZOFHICOVTRET 2.

S E2FV (1), () ICEYBERERTC LICED, ROX 5 RERHRES:
B~ Nopp(B, I8 5), S~ Wo(B, 1), 2~ Np(BY€, ). (3)

ERELI=n+m—-q-2THY, (8, X, &) BRATHEEIE: ¢ L3 corE, &
HHEE B

£=(BS™'BY)'BS!z (4)

THD, FRO 2 RIEKENE BLIERERR FhED
Li(& &) = (E-&)'BEI1BY(E - €), (5)
L(§; &) = (Bt - B%)' T~ (B - B'¢) (6)

%5,

2 RIEREH (5) O & TOHMNHETE 1) DRBEEEZ BiC, £ TRIIERH
#(6) DL L TREHEERFETCLICL, 3) DE DHERL L TRO &S LHEED
ERE X i

£(¢, G) = GBS '2. (7)
2L, ¢l 21871z DB, G & g x ¢ NEMTFITEESE BS™ B DR T 3.
COHTEE (7) IHANHEEER 1) OHRTHS.

KICHEER (7) OV A7 DFHE, Vb3 U RIORREEERZRDS. BoREE

W SEBLHREEE (6) ICET AHER (7) DUATRERDEL S K& D:
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FTE 1 F=BS B, t=2z'8"2 Dp = ((1/2)(1 + 6;)8/0F;), ¢/ = de/dt £ 3.
SRLRCRTRL (6) ICPET BHTEE £(p, G) DU AV RRDL S ICHEIT 5:

RE(¢, G),&) = E L9, G); ©)]
=E[-p+4¢/'z'S7'B'GBS 2 + 2¢ tr (FG)
+(l-p-1)tr (87 (z — ¢B'GBS™'z)(z — ¢ B'GBS'z)!)
+4¢'2'S'B'GBS '2(2!187 z — ¢z'ST'B'GBS™z)
+4¢2'S1BY(I, - ¢GF){(FDp)'G}BS™ 'z
+2¢{tr (FG)}(2!S7 12 — ¢2z!S~!B'GBS™'2)
+2¢(z'ST'B'GBS™ 'z — ¢2!S"'B'GFGBS'z)].

722U, {(FDp)GY DEELIE Dp M G KORMEATZ e 2EL, {(FDr)IG} D
(i,7) RZWE {(FDp)'G}yy = 2ap Far [{Dr}iaGes] Td3. O

BRI (6) ICRIT 2 HMMHEER £ OREHTEZEENCEBHIC, XD
&0k NEHEEREE X T

&(¢) = (1 —4/t)(BST'B)'BS 2. (8)
TR, =), t=2!8"12 TH5. FHE1 XOROERIELNT:

EE 2 q>3 295 ¢ DIEED, 0S¢ <2(g-2)/(l-p+3) THNI, BLHELEK
(6) DE & TH/NEHETER (8) WHHUNHTE (4) R ET3. O

WIERER

EH 21BN, BILHBREK (6) 0F & THHMNHTER L /N EEEBD Y AV IC
FE9 BIEMTRERMES NN, 2 FIBKEH (5) OB & TRABRKERRZEZ 2DIZE
HTHHOBERFZE LT 2 FREBEE 5) DL L TDY A VDLERBT Tk

SEROEFUE 10,000 @& L, EFV (3) DL L TEREPH A7 EBOREL L
T, yv=(q-2)/(l-p+3), (n,mp,q) = (30,20,7,5), BEZ~18t BAETHEL LI =
7o, €= (1,1,1,1,1)" & & = (2,2,2,2,2) ZIRE L. TOEEELBRLDLUTOT LA
ol

1. BX710 DMAERDHNE VRS, F/NEHEERIC L 2 HNHETEORERII A
Ehho k.

2. i< BE 7B ORAMIDPREVEE, BB VIENBEEIOBEAME L B/MEDLH
RENE ERRBTORRRB NI RBZDVEICEBCT &idabh o7,

RENTIRT A—ZRETR DB, LEROREFEERED SRR (6) DL & TR
WRNICIE N7 NEHEE B (8) 13, 2 SRIBREE (5) Db L THHMMHEEER (4) 2%
B9 5L FEINDG. COEBEROBRNZEAAEC DV TRSBROMEREEL L
720,
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On Fisher’s information loss

Osaka University Etsuo Kumagai
Osaka Univeristy Nobuo Inagaki

In this paper, we propose a generalized hyperbolic model as an extension
of the Nile problem by Fisher [2], which showed the exact information loss
with a hyperbolic curve as a parameter in the two dimensional exponential
distribution, and we investigate the exact information loss with respect to
MLE in the generalized hyperbolic model. In this calculation, we use a
projection matrix directly, which is partially based on the projection with
respect to the conditional expectation given MLE in Inagaki [3]. Also we
define Efron’s information curvature as an extension of the information loss
with Efron’s statistical curvature {1].

Let k be a positive integer and let random variables {X;}¥ | be inde-
pendent mutually and be each distributed with the gamma distribution
{Galgi,af H 4":1, where {g; 19:1 and {e;}F_ | are constants and parameters
respectively which are all positive and finite. We consider the k-dimensional
gamma distribution (Xi,..., Xx) whose probability density function is

P21, k) exp{(e,z) — (@)} h(z)
71

k k k
- x
exp{— é o; z; + E loga;"} H I‘i(qi) .
i=1 i=1 i=1

We consider the k-dimensional gamma distribution whose parameters sat-

isfy the condition ¥(c(8)) = 0, that is, parameters have the relationships

as follows:
o1 (6 9
1F ) L o
o(8) = = ’ , 8= ’
ox-1(0) Or—1
-1 9k-—1
() 9
where
k-1 .
ﬂ:Ha:‘, 0<91,-.-70k—1<°°, le_l"._)rk__l:qk-l-
= 9k Qk
Note that ry,..., 7,1 are positive constants. We call this a generalized hy-

perbolic model. The following theorem holds with respect to this generalized
hyperbolic model:
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Theorem 1 In the k-dimensional generalized hyperbolic model, let P*(6)
be the projection matriz inio the subspace spanned by i (8)cx(8), that is,

P*(6) = }(0)a(0) (‘(6)Z(0)a(8))” 'a(0)ZH(8),
so that the generclized statistical curvature T'(8)? is represented as follows:

r'(8)?
= (‘&(8)8(0)x(8)) { t&(8) [Ik._l ® B4 (0)(1; ~ P*w))z%(o)] &(8) }
T oatte

where I_1 and Iy are the k — 1 and k dimensional identity matrices, re-

spectively, and the notation ® means the Kronecker product. O

Theorem 2 The eract Fisher information loss of k-dimensional hyperbolic

model is represented by

n

I,(0)-Ip(8) = I(6
(6) = I7(®) n(gr+---+aqr)+1 @
and this converges to EIC as follows:
1
lim {I,(0) - Ip(8)} = ——— I{8) = EIC(8).
Jim {1n(8) = I7(8)}) = - 1(0) (6)
)
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Automatic Recognition of Estrangelo through Invariants

Kyushu University T. Sakata.
Kyushu Institute of Design(Doctor course)  S.C.Tan.

We discussed about automatic recognition of Estrangelo, an old Syriac lan-
guage, through invariants. The motivation of our study is that such an
automatic recognition engine might help to mutual understanding between
peoples with different languages and cultures. Such classical languages are
very important through many historically precious classical texts. Our pur-
pose of this experiment was to reconsider the Cloksin and Fernando’s result
of the recognition of Estrangelo by using different features and a different
classification technique. One major difference between the works of Cloksin
et. al. and us is that they used word segmentation into strokes and we
treated a word as a whole. In general, invariant character recognition meth-
ods are plausible and as the features we used Flusser moment invariants,
Zernike moment invariants and some feature of a polar transformed image.
Flusser invariant moments defined through complex moments

Cpg = /(T + )" (z — iy) dzdy

and given by
J=1[c, withd> kip;—q)=0.
On the other hand the Zernike moment invariants are defined through the

Zernike moments which are calculated for images on the unit circle. The
Zernike moment of order p is defined as

2
Ty = (p+1) /O V., (r,0) f (r,8)rdrds,

s

where the function Ve(r,8) is the Zernike polynomials of order p with rep-
etition ¢ and "*” denotes complex conjugate, and the real Zernike moment
invariants are given by

Zpalrs + (25,275

q“'rs ( D4 rs)*'
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Character recognition rates by Zernike Moments

ALAP BEITH GAMAL DALATH HE WAU
90.00  80.00 90.00 90.00 80.00 100.00
ZAIN KHEITH TEITH YUDH KAP LAMADH
90.00  90.00 60.00 100.00 90.00 100.00
MIM NUN SIMKATH E PE SADHE
100.00 100.00 90.00 90.00 100.00 100.00
QOP RESH SHEEN TAU AVERAGE

100.00 80.00 80.00 30.00 87.73

Recognition rates of words by using Zernike Moments

Data Type Percentage

word accuser altar  angel brother city east
1(TS) 60.00 70.00  50.00 50.00 50.00 60.00
2(TS) 100.00 100.00 60.00 80.00 100.00 60.00
3(HW) 80.00 20.00 40.00 60.00 40.00 40.00
4(HW) 100.00 80.00 40.00 100.00 60.00 80.00

The first table represents the recognition rates of 22 alphabets where 10
shapes were handwritten carefully for each alphabet. Each shape of the total
220 shapes was assigned to the word with the nearest mean feature vectors.
The second table represents the part of the recognition rates of 50 basic words
by typeset(TS) and hand(HW). The second and 4-th row are the recognition
rates for 5 chosen rather similar shapes for each word, total 250 and the 1st
and third row are the recognition rates for 10 more diversely varaiated shapes
for each word, total 500 shapes. Note that in this paper our experiment has
an aim to check to waht extent such statistical moment invariants perform
well in recognition of this language and did not pursue the high recognition
rates by using possible more distinctive features, such as shape information.
Note that we reported only the part of the recognition rates by using the
Zernike moment invariants due to the lack of space. The recognition rate
of characters is comparatively high and the recognition of words is too low.
In Estrangelo we have the big diversity of shapes among the same word and
this makes the recognition of the words more difficult. It may be concluded
that we need to treat the shapes of the same word with a big difference as
the different one by preprocessing.
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HELE—B L — MR ET L& VIR ERSH %, F4ETORBIESL
EOF—F LB KU EOFT—ZITEE S THE. 45 BUVDET
BAIEEN-T-.

T8 DREEIZ, S V— MaAR LT B Y MEERAT 2 S
LTI L7z, 2B 505HE BT bF—F ~OBA LTI U Tho
e, LdL, —MASHEIERSAIINE D 7 — & & i B e MRE R <R 5 &
BREOTRITFRECB.

—428—



TEEEICKAREERY MVOEEBEBICDNWT
RERE - B EREYX

1 [FC®HIC

X1, Xy, i d Np(p, ) U, BEERT MV X, = 1570 X, 2AVE,
p ORWOEEES {p: |p— X.|| < d} 2HRTIEEEER- /-, LBV I TH
D, MO, FBEEEN 1 -l bERskd5REREE S ICHETEHRALICHED
BHZEFRFERTHD ZEBHSNTNS.

Healy (1956) 1%, “EXBSEAMHEICL > TEREEERBERETIHEERS
A, EEIWDE mITHL, Xy, X, BHEL,

N:ma.x{m [adi }-&—1} (1)

ET%. 122U, ] i BBRRVBROEBRIE, o =20F, 0 (0), Fpmop(@)
XEBEE p,m —p DFBHED LA 1000% &, I, &, FMESEES BT S
ml—l T:I(X] - X—m)(X] - Ym), O)%j(@ﬁ{ﬁfaéé

N>mDEE, Xppy, -, Xy ZHIHL, X, -, Xy ORFEH[EHND &,

Pr{llp - Xyl <d} 2 1-a (2)

ERB.

2 B4

TERBEEIIBWTIE, BISESEOAMEOREICANSNDS. ZHETHE, 0<
¢ < Amin EHET ¢ NEATH T, m= (23] +1 LEBFBITBNT, d—0
ELEEEOIIFERAROIERHEZEH L. 2L, A 1, T OR/NEFE
THB. BREILOABESI, FHNERdICHLT (1) TEESNE N 1AHE
1TN=[2]+1&7k5.

Y OEKEEENEROFEICE, [, 2RHBEHL, HCHHEZEL5ZET,

B(V) = 220 (1+ 1x(3)) + B(U) + o(1) )
285, REL,
Golm aolm
v="g -tz “

L OBEBEE N > N> 2\ &ELT, E=diag(0,;13_{\—2,~-- )’C&?f’g
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© EUZI) < oo,
(i) H & p OEBT CP4, (7)
(i) lim sup |E[exp(it' Z)]| < 1

fitll—o0

PR D LDIR 51,

sup |Pr{a < U, <b}— (b—a)| =O(n"12). 8)
0<a<b<1
BAERESERTH 2BE103, EXRAEEEOERS A OREREEEKD
MRV DS, BRMEREEREY, AR, EECRENERETHZ L, B
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2. p=2 DHEEITE, BELLEZREKEFEOBREEED,

1 m Y1 Y1
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THBHI LMD, U DEE—HRENRINZ. p=3 OHEEICDH, FRTEREE
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THARISEOFEETHS.
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Regression Depth and Computation

KERRFEAREGER TEAAR R EL
ARRARERERERTEMER GRS

1 ([FU®IZ

Regression Depth & I, Rousseeuw and Hubert(1999) I2 &> TRE Ehiz, BNR ~EROTE
KRIBFLOEETHS. cnd, EDOXSICERDINCSHE ENTW 5028 m L ISHOME L 5
8L, MOEBHEER L DR B LT, TOEWICDOWTOMZER{THR o T, e (breakdown
point) i, KR ERELZ RS RET, RPEREL (Influence function) l&, BATNZAEI/SA 2 A%
MARETHE. TO2D2EAVT, HEEBOUNA FRRICDWTHANER, SETOINZ -
HEEBHEL D S, Regression Depth & L ICEEHINHERBDFD, EVERAZREASLEN
HREShBEFE DT Wbk,

A Tld, Regresssion Depth ICE D #ERD Catline (Rousseeuw and Hubert, 1998) &
Deepest Regression (Rousseeuw and Aelst, 2002) I DWW T DFHBZEITV, LLESHIFEORERERT .

2 Regression Depth DE
E9UE CHIC, EfF (regression)depth DBERZRT TeHIC R ES (nonfit) DEHBE S5 X 5. HE

U’%tliﬁlﬂ'c, ?"'9%% Zn = {(.E,L,’yz) = 1, B -,'n} &Cﬁb‘f, Eﬁ Yy = 91:13 + 02 %%T&iy)é

191 Li@%. 92 Li@#{vc\ﬁb 0= (91,92) a?‘é i?’t, ﬁ%ci 7,(0) =1 =Y — (011?1' -+ 92) T&%

EE1L L0z EE—BLUAVER o DEEL, XD (1) £ (i) PROIDEE, T—2EE

V- lCﬁLT, 0 = (01,02) ETREE (nonﬁt) I AR
(1) (@) <0,V <v D 1y(8) >0V, >0
(i) ri(60) >0,Vz; <v DD 14(0) <0,Vz; >0

F T, [1F depth IZRD KD ICERT BT LN TES.

FH 2 T REE Z, K LT 0 = (81,0) D rdepth(9, Z,,) i, 0ETEEICT HI=DICE D R
PNBPREOHHEANEOR/NETHS. SVEAB L, rdepth(8, Z,) &, O FEEICT
BIDICFTEREABDNEDHBBREDE/INRTHB.

EEL 2 W o KFEANSIHELENTHY, HHICETBREL LTV,

3 Catline & Deepst Regression

Catline &1, [EIF depth DRER® E LI LTcHi LWEERBR RO AETH B, » DEICHE> TF—
BREZ, ={(zpy)ri=1,n} &, 1y <zp <o <oy, KWHNDZB. &L, o ICEIBMNNSD
BBHIE ¢y DINEVERSEREVANLEARNBZC L LT D. T—XEE Z, KHLT, RDES
WKT—=22EDTINV—T L, FROTV—T M, EOINV—TRDIDDIN—TicblF5. nhH 3
DEH (n=3m)DEE, L={(z1,11),  (@m,¥m)}, M = {(Zms1, Yrm+1)s -+, (T2m Vo) 1, R =
{zomsty Yoms1)s  (T3my¥sm)} £V, n=3m+1DEEM=m+1, n=3m+2 DLE
fL={R=m+1 &9 3.

EH 3 Cotline Oear = (Orar(1), Oeatzy) & LUM ¥ M UR RERHC 2 BH T 3ERTHS.

Catline X EERIHDFHETH - 727, BRIFER (Deepest Regression) iXEEIBIHTICHIET 5
TENTES.
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EH 4 pATIEBUIRELRETE T(2,) &, rdepth(6, Z,) ZBKICT 5 6 LEHT 5.
T*(Z,) = arg rng.x rdepth(8, Z,,)
4 ONZMRR
4.1 MREES
EROHEER T, OEREADERESI,

.k /
en (T, Zy,) = min{ Py i sup [T (Z,,) — Tn(Zn)|| = oo}
z,

KK TEBEND. TTT, T 28R Z, DERDO k HOBRAESE, £EOEICBEEAT- L&
DTF—ZEE% 7, T 5. BRI, HER T, 2 T.(Z,) b SERCHNTEE L 5 L EDHERD
BNDBIETHS. TOBERCED Z, 3y ST BHNERTTEL, o KT 2NN ER ST,
Catline & BEEIROWHENARHEAIL, LBIC 1/3 £/45.

4.2 FLEREE

O HICB2HER T OFEEE, 2 = (af,y) IWNEVHEREMZ BT LI B, TADE
BERZEDTHS. Aglic&k 2T, 2 THR1ZLDHBESHEEL, Ho = (1—e)H+eAy £T5
L&, BEERL
. T((1—¢)H +elAz)~T(H)

lim
ell &
_ i T = T(H)
el0 £
d

= ggT(HE)|s=O

IF(z,T, H)

KL DEZEENS. Catline & RFEERDEE LIS OREERE, LLICRTNCEBOITERT
HBDT, ANEICFNE PEEEZ TR T LHbh B,

5 Computation

2RI HBVT, BEERIE O(nlog’ n) B THETATENTES. n#AELTHE (IR
Tp B THL), On*tlogn) E&kbh, LTEEL KA. FTT, STERLELZEL T 5725
QT VT ZLMERE N 2 JT L TEEERERE R DI, MEDSWEEP £\ 5 7
WAV XLPEEIN, CO7NVI) XLTRYIaL—YayOERLD ,fRY (bias) & F192
REE (MSE) AWNEL, Ryt p LRICEDEIMLENT EARENTUVS (Rousseeuw and Aelst,
2002).
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Journal of Multivariate Analysis, 81,138-166.
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ETDH, ZIT, p2gEHRET S, £LT, Sp, S & ENTNFREHFRMEMTH, BRFHH
s Ed 5, DED,
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R L S
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ET5, FLT, S8, 0EEEE

EBE, ZOWRSFEELS, KIT,
-~ q+1 . .
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i=1
(L. = L(np® + - +ngpgl@t)),Cipxq) £F B, FLT. TIQ0BEEEE
Wy > W S W = =wp =0
EBL. TIT kBk<qETh, ZOH QORTOBREELT,
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EEZD,

FEEHBATICB W TEAEORZ IS T A EEHBEROEMEEZE T, HICEFENO0T
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DHRETOEFNEHEABEOSFAOEERBEZEHL, Kxp ZEE L2 E X OWLEER & kT
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RIZ. RITOBERE R E LT,
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Prediction Problem in Multivariate Mixed
Linear Models with Unequal Replications

University of Tokyo
Hitoshi Koyano

Mixed linear models have been extensively used in applied statistics. For
example, in estimation of small area means, they have been used as a method
of pooling observations to strengthen the accuracy of the estimators. For the
univariate mixed linear models many theoretical studies and applications have
been made by Fay and Herriot[3], Battese, Harter and Fuller[2], Prasad and
Rao[9] and others. For the multivariate mixed linear models a predictor of
multivariate small area means was proposed by Fuller and Harter[4] and the
results were extended to more general models by Amemiya[l]. In predicting
multivariate small area means, It is desired to improve upon ordinary predic-
tors through the Stein effects. The problem of predicting multivariate small
area means in the multivariate mixed linear models with equal replications
was considered and a series of the results in the framework of decision theory
was given by Kubokawa and Srivastava[7]. But in application it is not nec-
essarily possible to replicate observation by the same time in all small areas.
So in this paper we deal with multivariate mixed linear models with unequal
replications. We consider the problem of predicting the sum of the regression
mean and the random effect and gives some minimaxity results.

We deal with the multivariate mixed linear model with unequal replications
y; =Bby+oitey i=1,-k j=1,-,r,

where y,,’s are p-variate observation vectors, 8 is a common unknown p X ¢
regression coefficient, b;;’s are ¢ » 1 covariates, o;’s are p x 1 random effects
having N, (0, X 4) and €;;'s are px 1 error terms having Np(0, ). It is supposed
that a;’s and €;;’s are independent and that ¥4 and ¥ are unknown. Letting
0, = Bb;. + o for b, = ri'l E;;1 b;; and ® = (0, ---0;), we consider the
problem of predicting © under the loss

tr(® — 0y~ 1O - 0),

where © is an estimator of ©. Letting

k Ti

k k _
B = Z’"z’?_!i-B; (ZTZBzB;) 1’ S = ZZ(?J@' - @i~)(yij - 7,)
i=1 1

i= i=1 j=1
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for g, =r;* Z;ﬁ__l Yy;; and putting n = Zle ri—kand ry = {ry,--+ 7}, we
show that the shrinkage emprical Bayes estimator of the form

0= (91 e ‘gk)a 6; = Y, — Ai('yi- - BBi')a

where A; = (Q')"'®;(F)Q', Q is a p x p nonsingular matrix such that
QsQ=1I, QZ — Bb:)(9: — Bb.)Q =

for F = diag(f1, -+ , fp) With f1 = -+ 2 f, = 0 and &;(F) = diag(¢\” (F), - -+ ,
g)(F )), is minimax estimator which dominates the sample mean ¥ = (7. - -
gk-)a if

].

0<a< - ’ {”(lz_c’) (P+1)(1-c.)}

- +p+1 —1 T;
when we set
7 1 3 f
¢ (F) = ————, }(F) ==
J( ) 1+7’ZAJ(F) J( ) a
for the constant @ and if
k
2 (1 - ¢)
0 < < { : CAN. — }
“ = LFp+i ; r2 P+ 1)1 —c)yp,

0 < 2a4b < —° {Zrz(l';ci)—(p+1)(1—c*)+(p—-1)(1—c*)}

(z) f]' fj
U (F) = 1+T,f]/a L+ry 0 fe/b

for the constants a and b, where ¢; = riB;.(Zf:I r1b.5,)"1b; and ¢, = {cy,- - -

¢x}. From the results of the simulations we recommend the second minimax

)

empirical Bayes estimator.
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