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1 FC®IC

FERANZ Fbp = (py,....px) B2%F A—R ¥ LTHOZENT Multi(n,p) 5, 12
K= (11,...,0x) EBNT L ZD p DHEEHIBIZOWTEZ B, 7L, 8 p =1,
n=YK 2 Thas pofEEhkys LT, RAHER (MLE) TH2IEAEE p = o/n
DELHOOENS., LrLARYS, MEBHER n /NS ATV K BPREVGE
(n< K) ZiF, LIELIRERODEAHIET 5. FIZIE, Tuyl (2017, 2019) 1Z =D DR
Im72 Bl ZFE L TW0 5.

1. Berger et al. (2015) Ol
K=1000, n=3, 21 =2, 29=1, 2, =0 (i =3,...,1000)

2. Berger Ol
K =1000, n=x, =100, z; =0 (i =2,...,1000)

AFTIE, ZD&5LEEITHEYIZHEERICOVTERS.

B0 DRMTNT 22 LiERE MLEICKDHEET 2L, 00245, 207,
Agresti and Hitchcock (2005) 132D & 5 B EIIE MLE 3 F L RWHEERTH
D, A XEZHCZ IV IFE LWIEEREDOEAD R INTELEARTNVE., R X
FEre AWz p OHEEREIX, Good (1967), Fienberg and Holland (1972, 1973), Bishop
et al. (1975) R END 5.

NA X AW p DHEERBEICB VT, FEB-EHWTHER SN HENZ V.
% ®D—7} T, Yanagimoto and Ohnishi (2009) (& HARE DN A4 XHEE F I T 2 i



PZOWTHEHFmL TWA. %72, Ogura and Yanagimoto (2020) (&K 7V ¥ 534 D5
I OHEEITBWT, HRHEFT 2 w7z B AR OHEE B O 28 #e v 7= e &
ZIELTWS. 5612, Ogura and Yanagimoto (2022) 13 ZIHD AN O RHEE OHEE
WZBWT, Zeta Bz W BABBOHEROUZEIREZ HWIHEERZIZREL T
W5, ZetaFHlintmid, 7—%ty b2 56RD LN MAMIEREHWFHAi M TH Y,
Ogura and Yanagimoto (2022) {3 NA 8= %7 X =X DHZFERICEOEZEZ T 5.

AT, Zeta FEIDMDNA =85 X=X RABFKE LTEZ, ZDDHIET
ZFOMHZIRET 2 HEEZRRET 5. —2IF, FALEZRKRET 2HETHD, 55—
2%, VRAIZBZER/MET 2HETHS. $, Ialb—2a Y ITKDREREAEE
TERDHEEBICOWTHIRE BERE1TS.

2 REH#ES
SEHHOBp T 5 GH) FHHHE LT, Bla=(0,....ax) DT 4 Y
VWS ¢

K

ron £

7, o L
2L, a; >0, M=K 0, TH5. _AZXDOEHITED p OEER DI =a/M &
B, Bz + MADT 4 VZLABMIRED. ZOL E, B#lp DA AHER
T, + MM,
n+M
FElHesntwas, ()BTt A=(1/K,...,1/K) 2 LT, M — 0Dt % Hal-
dane’s prior Z HWHER L 5. FRRIZ, M =1®D& % Perks’ prior, M = K/2®
& & Jeffreys’ prior, M = K ® & % Bayes-Laplace’s prior, M = /n ® & % Trybula’s
prior IZZNENNINT 5 (Alvares et al. 2018).

Ogura and Yanagimoto (2022) 1%, 74 V27 L3O LT

r=(1/r],...,1/r%) (2)

EFHOZ, 2L, 3B i T2V DR LVERORIEDIENTH D, s FEBRTH 3.
FIEA OZE I, DMEWHOIEMLZED B THZLiI2T5. flZX, K =50k =
x = (1,5,3,5,6) BFoNT oI, r=(1/5°1/2°1/4°,1/2°,1/15) TH 5. K (2) %
B LTHD7 1 U2 Lo Zeta FHRI2 & FER. Ogura and Yanagimoto (2022)
i, s=1%%Es=122ZHV2 2 Z2H#HRELTVS. pOH#EEE L LT, Ogura and
Yanagimoto (2022) ¥ HARE DR A IHEE B O WA R W= H#ER L LT

smﬂw@n+1ﬁfﬂ =1, 3)
> oher exp{ep(zn + 1/m3)}

m(p; a)

pi(x; A, M) = (i=1,...,K) (1)

pi(e;r,s) =



RREL. 2L, v() T4 Ty ~BTH 5.

KX (3) D s ZRAMEHIE LT, il s ZiERT 272 ZORET 2. —23, A
AREEHRAET 2HETHY, 5 —DI%, Fienberg and Holland (1973) TIRE X
7z pseudo Bayes #HEER L LD HHEC L > TEHNT 25D THS. £/, R (2) BV
T, FEMOHEIIE, REWHOEMEZEID LTI 5. X, K=50t
Zx=(1,523506) EoNmolX, r=(1/5°1/31/4°1/3°1/1°) TH 3.

2.1 RIOAERAKIE

RQR)DsZUTOEIWCHET 2. © = (11,...,75) DS Multi(n, p) H» 5 DEART D
D, B p T 2HERAHE LTREr = (1/r5,...,1/r5) DT 4 V7 LR RE
T5. ZO&E, FIRE m(x;r,s) W% & o7z logm(z; 7, s) IZFRD K SITHEZH
ns .

logm(z;r,s) =logl'(n+1)+log'(M(s)) + Zlog Iz +1/77)
)

=3 logT(x; + 1) = > logT(1/r{) —logT(n + M(s)).

i=1 i=1

2REL, M(s) =K, 1/rsThs. RA) EZRRICTEs%58T5. Thbb,

§ = argmaxlogm(x;r, s).
S

BLEDS, R (3) D sz s #RALE

exp{y(z; + 1/r)} i=1,....K) (5)
Ethl exp{t(x, +1/75)} o

f)l(m; r, *§) =

ZIRFMERL T 2.

2.2 U XVE#ZEIME

x = (z1,...,25) B Multi(n,p) 2 HDFERTH Y, B p I 2HE/SH e LTH
Bor=1/r5,...)1/r) DF 1 V7L RERET 5. p DA IHEERIEFRD L5125
Zbhd.

n X+ 1
—t+— .
n+M(s)n  n+ M(s)

p(z;r,s) =



72721, X & Multi(n,p) 215 WERZERTDH 5. Fienberg and Holland (1973) I,
pseudo Bayes HEEEEZ XD XS ITIRE L= -

n T M
b.(: N, M*) = L o (i=1,...,K).
pi(@; A, ) <n+M*) n <n—|—M*> A o K)

72U, A= (1/K)1, M*=(n* =Y 23)/> 22 —n?/K) TdH 5.

Fienberg and Holland (1973) TE% 417 pseudo Bayes #E & DEM & FHLIDF7TEIC
D, sEHETS. s&r 2, HEREKE G TRERL LT, pOVXI7E%
Koz

b, WHEXINZ R(P,p;s) ¥ LT, plCMLET®% p 2RA L R, p;s) & X
5. (ry,...,rg) ZEE LT, R(p,p;s) ZB/MNZT2s%252T55. T2bb,

§ = argmin R(p, p; s).
PlE»s, RB)Dsics#RALR

el 1)
DB ) = SR o ton + U]

i=1,....K) (6)

ZIRAEMER L T 5.

3 YTal—>3ry
K (K =50,300) £ b (b=0,1) ZH\WT, BEOWMEIH%

_ expq{bi}
ZhK:1 exp{bh}

WKEoTHEX 5. MBIHIEEE n=120,60,100 ¥ 3 3. ZIESM Multi(n, p) 5 5 DFEAR
T IR LT, ROBEERDELZHET 2.

K ~
A A yZ

KLD : L(p,p) = > mbg<5)-
i=1 v

INZ100EEDIRL7-MEREFE LD DNR1TH 5.

(i=1,...,K)
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% 1: KLD 850 F1E

p

~(1
o)

K =50

o

Py

Py

Ps

p

(1
Py’

K =300

o

Py

Py

Ps

0 20
60
100

60
100

1.153
0.477
0.277
0.127
0.054
0.035

1.234
0.598
0.371
0.566
0.094
0.470

1.077
0.543
0.338
4.430
1.302
0.694

0.940
0.220
0.151
0.118
0.050
0.033

1.141
0.454
0.280
0.121
0.050
0.033

0.086
0.116
0.107
1.028
0.208
0.106

2.752
1.740
1.309
0.126
0.050
0.033

2.760

1.827

1.428
19.438
2.499

0.949

2.258
1.761
1.371

2.778
1.704
0.932

91.267 0.119
44.126  0.049
27.671 0.032

2.791
1.786
1.308
0.137
0.081
0.064

0.023
0.057
0.079
6.553
1.150
0.498

FUCBI2KLEERHHTS. MLE2pL L, RQ) OHEERE ) Lidd. 0%
D, ﬁ(Zl) & ﬁ(ZI/Q) l¥ Ogura and Yanagimoto (2022) TIRESNIHEETH 5. £, X
() 1EpS THY, R(6)1FpY TH . Tuyl (2019) 1%, EE 0 DEANZWEEIHY)
& &5 Spike and Slab prior # €7tV 7> a7 ua—FeHOWTHELL., Z0D
HEE% ps il T

b=0Dr &, HOWRDIMNplE—KTHS. 207D, KL nhHhEDHEEITBWT
b ps DNT =< VY ANPBWIZ e 2R TX 5. ZOMEIX, Spike and Slab prior 23
HHiofAe LT—HEEZELTWE D eEIONE. —F, b=1Dt %, BEOMHER
DA plEp <pe<--<prg 872D, KPKRELRBIZONTE K LILHER pi 23D
EAMERICHRTRELCRS. 2FD, AETHRAI LTV EIEHODEARZIAET S
BELR-TWS, O X, BREERTHZp)) L p)) D7+ —< Y ANENC
CRERTE 5. ZOMMIZ, Zeta BRIDMDIEMIERZ V2720, B0 DELIZ
BOTWEHADMDNRT X —=RADHg /N NEL L, ZOMDEMIZONTIIERDIE
MATIE U TR T A= ZADRIINP Y bR — L EINTNVWE=DEeEILNS.

ETfRTY 7 b Y = 7 R W ERE O B OW TR S, 8y 7 — tictoc
DR tic & BE toc ZHWT, $ER=HEE R & Tuyl (2019) OHEE T O FH R 2 Hhig 3
5. A7V K = 10,50,100,500, FEHIER = 10,1000 LT, SHEEEDOFHE
R 23t L AR F e Db DR 2 TH 5.

£ 2: Tuyl OH#EE R & OFFEFRI DL (BAL @ #)
K =10 K =50 K =100 K =500
Y pY p oY) py  ps Py By bs By Py Ps

n Dz Pz Ds Dz
10 0.03 0.05 0.03 0.03 0.04 0.51 0.03 0.03 3.51 0.03 0.03 386.47

100 0.03 004 003 002 003 043 003 0.04 366 003 004 412.08
K206, WEBUER ZEEL K 2KRE T2 %, EREEEOERHEICIIZ

CAYEBR SN, — T, Tuyl DEEEIX K K EL 31200 T, HERH
MREABDICEZHAETES. £/, KZEEELTnZ2RKELLTDH, SHEEDHE
RN R EZRELR N L 2R Tx 5.



4 HHHIC

AT, BEHER VNI AT TV K PREVEE (n < K) (CERZHEE
BEPIEELL. ZOMER, BohkT —XoEMIEHREZERIOMICHNTED, &
BRI WS XD BT L AEMIVICEHAERZIND ALbDTHS. £2Dk, 3HIT
AR XS IHEFRIEL D DIRBEOTHBEBVAT 4+ — VY AZRLTWS., £/, 3tE
R W e b RD—DEZ 5N 5.
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