2025 FEEREMRE Y VKT T L

RFEAEMET — &2 OB GR & JTikin DAL « BATRR D Be] & 8 7= 750 R G

RIEEW el 6 FAERTSE (A) 25H01107 TAMUSEHEIME T — X D BlGh & ik O & BT (WFoeided
HIRH) LBV YRV VLR TRHDOEIICHLETDT, THRNHRL LTHT.

/IS A CRBERS)
KHFE  GRBEAR)
it & (REERRE)
TLosf sl CGREERRZ)

AL

HIF : 2025 410 H 30 H (K)~31 H ()
Bt : A =7 AR —) (£ —7 ZAD<L XN https://tsukuba.iias.jp/iiashall)
T305-0817 FIIE D <IXTHIFZEFE 5 TH 19 FHifh

Ta s A

10 A 30 H (K)
10:45~10:50 BH=

10:50~11:20 @8y #t  CGRIECK - BERYERIAIZEHEE)
K FIE GREX - BER)
Hg 3 (FPR - BEEMER)
EHRICAE FATHNT AT 5 BB A S — ZHEEIZDWNWT

11:25~11:55  &E %K (HAKXK - EWEJEREZERD
Bl K& (ANRNLK - RS FRERBE )
R B (HAK - EWEERREE)
HREEEETVHMEZ S« Rog 22BN % M S B O BT

12:00~12:40 KH &% GRECK - REFEBRRE SULIIERD
BT DMER U 731 E 7L O HE B G

12:40~14:00 B

14:00~14:40 il RHE  (HOIOK - KOEBHA A SLTTAER)
S5 Rl CIEOK - KEBHEASLRAR, RIKEN AIP)
HHAEHCE T DB £ 57 51 A > M B UG IR AE AL IS A

14:45~15:25 fH FEH (JUMK - KBRS 52 b%)
VN3 (BEREZ K - B TH)
%725 & allometric FIIFE TIVIZ BT LSBT OE —REAE N7 N IVHEE



15:30~16:10 <fH &E

(KRBCK - KBS0 L2588

T35 AR -3 Bt D IEARIZ DWW T

16:25~17:05 1N %%

Application of high-dimensional statistical analysis to astrophysical problems

CRARMEE 272 1) R

17:10~17:50 & Jo%
Tl A5

(HdRK - BEERFZERL

2B B ERoTHEHENT DI )

(HAEX, MEHSErsen)
(B R ZAK)

Shrinkage estimators improving for a wide class of restricted subsets

18:30~20:30 BB
10 A 31 H (&)
10:45~11:15 V& i1

CRECEERLIKR - AUSEE T2 588

CRBRIERAG & BAEMIZ S D BIRISN 2 M REDORE

11:20~11:50 RBE E&
FH FHE
JUNT AN YD

11:55~12:35 )il
i
3
H Ba

B
A

(KBRK - KEZZBE LA T 22052 R
(KBRK - KB AR T 2252 k)
B YVRAT 4w 7 ElROKE R

(HEKX - 7—&¥% 1T 2%8, RIKEN CBS)
(HaK - REEE)

CRAEEERLK - AL L2258

CRECEERIR - AISEL T2E)

HATF—RIZBIF BTN R AHEE

12:35~14:00 Ba
14:00~14:40 AJL =&

EZ

14:45~15:25 /Nl #HK
T

RPN

CREUK - REBeREHT A ERt)

2T T IV OHR IR FHE SN

CRECK - RGBSR
(BEHEZAR - RFEGeRe B E R
CREK - RZBAELRIAAF SR

FOBFRRIZN S 2 — K - J Jfighr

15:30~16:10 {L5H
K H

G

fi
i

A cumulative sum-based change-point detection method for high-dimensional data

16:10~16:15 MH&

CRAEERRLR - AlEE L)
(K - BEYER)
(FBK - BEER)



SRTESTIICHTIEEBAN—IAHEEICDOWLWT
WIRRE - BORYERIZZWMS R B T

FIRRS: - BV ER KH i
PIRART: - BEYIER L

1 ELC®IC

RBETIE, BIOLT — XN T 187 ¥ 7T OEITTHEICOWTE R /2. RATHZ dxn
DIRZ VY 71751 A = [aq,...,a,) TNL, 2OV 78Ere35. 5, dxn D7 =275 X
BT THZONTVWE LT 5.

X=vVnA+W. (1)

22T, W=[w,...,w,] &/ A XITHNITHD, wy,...,w, FHIZEDHIC, E(w) =0 5»D
Cov(w;) = Bw ZFOIMINED & T 5. EETHIL BN BEKT > 7175 A DHEEX, 7/
LARPER RIS, SIULT — X2 WO 2L ONBCBWTEELRKMTH D, ThETIINL
D DFEATIHIGEH B % . Shabalin and Nobel [1] & W ICIEHEZIREL, d/n — ¢ > 0 DA
DHET, 7UXLTHFEGERICHD S A OHERZIRE L. Yata and Aoshima [4] & W IZIE
M2 RS WG EICE T 2EARRRE - FREXY PLoEIoTiuiEE 2R L, REEDRIC
HOKERDHEE BB EIITTERIZ /A RZNE T2 I 2R L. ZORREL LT, Yata
and Aoshima [4] 1% Yata and Aoshima [3] TIRRE S N7/ 4 Xiw & H UL 2 R REOHEE T IGH
THILT, d/n— oo LRDBEATVIMERFEICBVWT S SFEELRRREOHE ZAIREL L.
L LA, @MIOMEARREICB VT d RITORFENY L2 EREICHEE T 2 F R, K2
fE SN TWRW.

B, Yata and Aoshima [5] (3B RITERT R M DOHEEIIH L, HEIRS—ZHEE &I
NBHERERRL, TOAPBIOVMERZREICBOWTH ERDINRT M EEEEICHETE 3 2
&Rl 512, Umino et al. [2] 1 HEI R $— R HEE Z @ XOTH B HATHI OHEE 2B H
L7z, AEHTIE, SXTRERY PVOMEICHIA RS- AHEZISHT 5 Z 8T, RITHDHE
A2 ERE T 2 IRIICHB VT BRERESITIOBMETREZER L 2.

2 BRTHRE - FRENT FILO—EE

A ORRIENRE A=Y N/ D wiavl,) £F5. =EL, MG > > A0 (0’ A
DRRIETH D, w4y € RY, via) € RT BZNEAN/] SBT3 /HHRAY b, 1EN
ZIVTHB. £, X b X/ n =0l (120 8T v RESRT S, ||- | 27 BARS
TR NLE L, dxniihl Axs 21%% L(AJA) = |[A— A|2 TEDS. ZOrE, X O
RIS A offtEi A, =37 A 24,07 123 L, Yata and Aoshima [4] 13584 7

i=1""



EHIZR DD &,

Ni/Nicay = 1+ ki +0p(1), 1o — wiay||? = 2{1 — (1 + )2} +0,(1), and
L(ET‘A) =rtr(Xw)/n + Op()\T(A)) as d,n — oo.

BIRD DL BRI, 2EL, || E2—2 0y K2 ALTHD, r = tr(Sw)/(nhia)) T
H5. TOWEPS, d/n — oo & BEITMIRFEICBVT, A, 4, ZHVT Nay, wia) &
WET L3RR D, A, ZEAR A XENET 2L bh 5.

75, Aigay, W) DHERIC A RIS W UIER A L TH SN BHEER Ny, i 1L,
MRIERIGZEDD E LIRDKALT 5.

5‘i(r)/)‘i(A) =1+o0,(1) and |, — ui(A)H2 =ri{l+o0,(1)} +0p(1) as d,n— oo.

U735 T Ny 1 Niga) DREERVIEER L 722 DD, @y D/ M AHERIFHR L LTk, 12K
755 Zehbhb. Yata and Aoshima [4] IF S\i(r) RHW A OHEER A, = Sy X;{jﬂlﬁg‘r
RERL, WHEIIC L(A,|A) < L(A,|A) £ 52 2L 2R LES OO0, L(A]A) = 0p(Aa) D
BEHRTO—HMEEH T 2IIMRAL LT limg oo £ = 0(1) RDFMEDRETH - 7.

KHETIE, by PEIOTEMTHT 2B THNMEICEET 5 2 8T, limgn o by = o1)
DML IC

i) — wiayl|* = op(1)

DEERTO—EMEEET 2 BRTTRENY PLOHEER 4, ZIRET 2 L Hic, Zo—BHE
HOL IR EETHOFMEETELRREL, Hamlr oBEMNCBIEFIE e R L2, X512,
ADSV I r ZHET 27200 ERb G272 LT, ZOWEEZEBROERITT — X EHANT
MERE L 7=.

BE X

[1] Shabalin, A. A. and Nobel, A. B. (2013). Reconstruction of a low-rank matrix in the
presence of Gaussian noise. Journal of Multivariate Analysis, 118:67-76.

[2] Umino, T., Yata, K., and Aoshima, M. (2025). Automatic sparse estimation of the high-
dimensional cross-covariance matrix. Revised in Journal of Multivariate Analysis.

[3] Yata, K. and Aoshima, M. (2012). Effective PCA for high-dimension, low-sample-size
data with noise reduction via geometric representations. Journal of Multivariate Analysis,
105(1):193-215.

[4] Yata, K. and Aoshima, M. (2016). Reconstruction of a high-dimensional low-rank matrix.
FElectronic Journal of Statistics, 10(1):895-917.

[5] Yata, K. and Aoshima, M. (2025). Automatic sparse pca for high-dimensional data. Sta-
tistica Sinica, 35:1069-1090.



REFEET VB EER D

e IR E AT 2 R O Bhi O EEHEE

RKEZRK (BART) HHKE CAINESIKRT) HEBER (HAKRP)
1. [EC®IC

AT OME B EHEE 1L, AT - (R4 T CTEERPEO -S> Th b, FRIZZEMPRA
M (SECR) 7 /W%, ZEMIE® & MRIHBRA A U CEBEMEO @ WEEHEE 2 fiRlcT 2
FiEE LTURSKHWOENTWS, 7272 L, BEHERIDNFIHRE 25720, B AT NT7 v TEBEZ W

DA ITBAINWEEN KRE AL D,

WA, EARIRR O BELICE AR =2 —F L%y RU—2 (CNN) 12K 518 S 35 H
SHhTW5 (Vidaletal. 2021), ZOFHEIL, BifG) SREEA OREAE SR T bV (iR
&) LT L. A ﬂﬂﬁl&F’ﬁ@*ﬁUf%th@“éi BT D, W S E Tk~ 72 8)
W~ A3 T — 7 C, R OMBIFERIZIIAEERH Y . T E BT 5 & SECR OHE
TEANINA T ANEL B, @éoT\ E DA B A FEETAIZ D AL A0 R D H AL b,

Z DR THE L 725 D) Unmarked SECR €5/ (Chandler and Royle 2013) T, {E{AF&H] D A H
FEVE AR 2RI 2 R U CEARECTE B D2 HEE T 5, AR TR Z O FE 4
RS, BRRHEE A WEN R 7 LT D #i7c 72 SECR BT VA BT Lo, FHEEDZE
ha T A =21, F'ﬂrﬁ%&é:ffﬁ L IR EMeR A e T DML L, BT —F# L LTY
XU EBIOEBEEEEEZEA L, T T e v a2 b—3 a3 U TRET IVOMERE R MRGE
L7,

2. HEHETIL

RETFT UL, 1) bT7 v T EEEOEMIEREBE LIRE T re R e 2) WEFEICXLHHEE
FEEOBMN T mt A B, XET LV E LTHRA LT,
2.1. EAFEDOHEETOER

AR AeR? IZBWT ] EFTOI AT Iy 7THREL, K i=1,...,N OIFEF.L s
B A WITEBTEEBE LTI 28 IRE LT, & M7 v 7l x;,j=1,...,] [ZBTHME i
ORIy, ;  GHEEE) OBfRHELZ, FEHBKE LTUTDO LS| :ﬁz%w::

A(si,%;) = Aoexp (— s ?29 ll%)
20y

ZIT Ao 1E s —x 15 230 ORFOFEE AL, 0y 1FAT—ANRTA=ZTHD,
22. BREMEOBATAEX

L WITHFSZER] E R80T 52 7 A X —dly gime e RE ZE AL, gi™e 7 HBIAIRHY
gty MAMEFEMEZENAERSND b DL LTRE L, o7V m IZxHad 2MEKD ID %

ID, €{1,...,N} & LT, Bl DREE goby OARGRIEALL T O X 5 IZFab Liz:
1



9707 11Dy = i ~ Normal (g{7*°, o)
IIT g, ERAEKORADEED DAL DFMEOLEBIEZ R L, BBEEET L OMBINERE
LARAIE OB B AR LI AR (T A — 2 Th 5,

3. #ERTILT) XL
Bx TR ERERIIERA G ONRNWZ L2 ET 272D, v ZWIEEAKE L THR- T,
Z T, whavE@EiEs T hen (MCMC) A K DT =2 RIEIC K-> Tl yy; O 7Y >
7Ly BEERMOS ETOMD/RT A —F OFHF 2 BIRINAT > T2,
3.1. ZRHEROAIZE I HEBEOHER
TR vy, ; 13, S G HmoReE N) E&FBAVDED 2 SRRIT D70, Zb 240
SETLHMENRD D, 1 DEIZONTIE, N K0+ REW M ZEMOERE L CE S, BTE
B z; ~ Bernoulli(yp) ZEA L7 (F7ebb N=Y,z), 2O THIEREEIC LV EEEORICE
M THEE LT, 2 2BIZOWTIE, A7 Y U0MmaMTRIEDT 5 L ZHEMIT R 2ME AR L
Too BARIIZIZ, yi; BRMTHLN, b7 o7 j BT 2RBIIER n =Yy, HBEMTH S
7o, LA OBRMED ALY 32D
{yl,j, . ..,yM,j} ~ Multinomial(n-,{nl,j, ...,nM,j}), T X A(si,xj)zi
ZOZHEGAZE ST y; OV TV TRl 725,
3.2. EHFFEZEMA DR
EFROY 7Y 7 RICEGRH SR A AL ASAT TN, Ry, A v NELICO R L,
ZUMA AT A Y BIVARICES AT, FERIC, IR v 206 1D, ICESHAT, A
NY NN CERIND my (X0 Fr 70 m EER | OERNRES & RHHETL~DOI S %
ZELTCUTODIIITER LT
Tim X A(Si:xj(m))zid(gfrue' gn”

ZIZT, jm) 3Ty m OB ST v T ER L, d(git™e, gobs) 1E. IERAT OffeSRE E A
WT, [If-; Normal (g2%5; gf“e,02) & LTz, ZOMERBENEMWEEIL, goff (oxtd 5 gite o
DY TRBEYTHDZ LERL, TIUT g5 & gt OEBENEVWZ &% 7R”T, MCMC OFA 7
L—a T, BT —2 2% LT, A ID, Y7V 7L, ZHIUTHE ST
JBIE v, ; B LTz, TOMDIRT A—=2IZONTIE, y;; ZBEMOEHE TRV, £ T HL
0 e~ RT 4 TIECE S TH TV T LT,

WHORERTIE, TFAROMBT LT Y ZLDHME L I a2 b— g VREREZHRE LT,

4. 51X
Chandler, R. B., and J. A. Royle. 2013. Spatially Explicit Models for Inference about Density in Unmarked or

Partially Marked Populations. The Annals of Applied Statistics 7: 936-954.
Vidal, M., N. Wolf, B. Rosenberg, B. P. Harris, and A. Mathis. 2021. Perspectives on Individual Animal

Identification from Biology and Computer Vision. Integrative and Comparative Biology 61:900-916.
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INFERENCE ON PERMUTED STATISTICAL MODELS

HIROFUMI OTA

We study two fundamental statistical models in which permutation matrices act
on the underlying data structures, producing irregular and highly nonconvex in-
ference problems. The first target is permuted linear regression, where responses
and covariates are mismatched at the row level for a small subset of observations.
The second is graph matching under additive Gaussian noise, where two weighted
graphs are aligned only up to an unknown vertex permutation. Both problems
share a common feature: the parameter space of possible permutations is dis-
crete and combinatorial, and its complexity grows extremely fast as the sample
size increases. The discrete and combinatorial nature makes standard asymptotic
inference difficult and motivates the development of computationally efficient al-
gorithms to reduce the combinatorial burden inherent in related optimization meth-
ods.

To address these challenges, we develop a unified finite-sample inference frame-
work based on the repro samples method. The key idea is to construct a data-
dependent candidate set of permutations that contains the true alignment with high
probability. Within this localized candidate set, pivotal distributions can be used
for testing and constructing confidence sets, avoiding the need for complicated
conditional distributions or asymptotic approximations as utilized in the standard
selective/post-selection inference methodology. This approach allows us to per-
form valid finite-sample inference even when the underlying model involves such
discrete structures.

In the permuted linear regression model, we study the case where the corre-
spondence between covariates and responses is partially broken. Even when only a
small fraction of data points are mismatched, the number of possible label configu-
rations becomes enormous. Our framework first constructs a data-driven candidate
set of sparse permutations that is guaranteed to include the true permutation with
high probability. Based on this set, we develop a finite-sample valid hypothesis test
for detecting the presence of mismatches, as well as a post-selection confidence set
for the regression coefficients that maintains nominal coverage levels.

From a computational perspective, we propose a score-weighted Hungarian al-
gorithm, a scalable surrogate that approximates the combinatorial objective effi-
ciently while retaining theoretical guarantees of equivalence under mild conditions.
The framework is further extended to handle partially permuted designs and ridge-
regularized regressions, both of which preserve the same finite-sample validity.

1



2 H. OTA

Simulation studies confirm that our procedures achieve accurate coverage and sta-
ble performance across a wide range of sample sizes and noise levels. These re-
sults provide the first comprehensive inferential framework in the permuted linear
regression models, especially for permutation matrices.

For the graph matching, we consider the weighted graphs that share a common
latent structure but are observed with additive Gaussian noise and possible corre-
lation between the two observations. The inferential goal is a finite-sample con-
fidence set for the unknown vertex permutation that aligns the graphs, motivated
by reliability and interpretability needs in applications such as neural connectiv-
ity analysis, social-network de-anonymization, and comparative genomics. The
main obstacles are also the discrete, combinatorial parameter space and the lack of
reasonable asymptotics for permutation-valued parameters.

To make inference on permutation structures, we construct a pivotal statistic
based on the geometric angle between the edge-space difference at a candidate
alignment and an independent Gaussian direction. At the true alignment, this statis-
tic has an exact Beta-law that is free of nuisance parameters (e.g., noise scales or
correlation). Applying a single independent repro direction to the candidate set
yields a union confidence set for the permutation with finite-sample coverage guar-
antees.

On computation, solving the exact selection objective over all permutations is
NP-hard due to the nature of quadratic assignment problems so that the Monte
Carlo approximation of the test statistic is highly infeasible. To address the limita-
tion, we propose the novel and efficient algorithm named the “repro-assisted first
order method” that approximates the original objective function by the mean-field
alternatives, reducing the quadratic assignment to a linear assignment per each
Gaussian random projection.

Both parts are joint works with Masaaki Imaizumi (University of Tokyo / RIKEN).

(H. Ota) GRADUATE ScHOOL OF ARTS AND SCIENCES, THE UNIVERSITY OF TOKYO, JAPAN.
Email address: hirofumi-ota@g.ecc.u-tokyo.ac. jp



HIREEETVOHNC X3 754 X M2Hd 3
RTINS A

it wefEy 5% JulE

B

WM HED L 7 7 4 VF 2 —= 0 70, FiekifECHINN T 2 Hii 2B EAILEE T
NDT T4 XY b2FEHT 25 ETHIINTZHKIETHD, FIZIETFR D5 EIEADERR
B DAL ERESR O FEEE DL Wo HIICHW SN T E 2. (ERDZ L DIffFET
&, 774 F2a—=r 7B AEEDRGHIN T 2 HIFRFRMFHRIGETH 5 L RE L
T&E7, ZOREF T N oMAMAITH S e RHifEe LTW32, FEHFiiE o>
T OMGEE RN TH 2720, HAFRMORE L L ORI HWS NS, LrL, Z
DREP VD, ¥D XS ITHEIHINCIESH LEINZ DI OWTIEHL 2 o TR,

Z DRREICH LT 272012, et 2HRECE ST 2 IEEEEA 7 5 4 X > P izown
THRATHEER A 2 N S 2. BRI, () IREZEMB X7 v > 7 M ER—IOXT, (i) F
AR BEAETABIU T 74 Y F 2 — =V ZRFOME, (i) BTROVERDOWTIIZH
WIFELRWINLEEES FRA2EHT 2. choo ERE2E 3012, Hil-khhy T
27" PAC-Bayes PSR EIERET VD XA oAy TV 7 RBAT 5. X612, BERHRD
i LT, FRiPEBEALMET VERRNAMEARL, 774V Fa—=VIBROET
NI 2 EEDH L ARSI 8T, PAC-Bayes Difmmh SFTEHEO FRZEH T 2.

1 EA

EETADT 74 XY MIOEFERZRELZEDTVWS., ZOHMIZIEIZH D, ARG
DEMFHE DM E, ABOBEGFADEE, TFAM2SEBBAOERMEDODWRERENEETN
5. FHZ, WMEAEER T » 4 F 2 —=> 7 (reward-guided fine tuning, RFT) I, 2D X5 %&
RIREICHY D fH e 72 D DN S NTzTFiE L 725 TW B (Clark et al., 2024; Uehara et al., 2024; Han
et al., 2025; Kawata et al., 2025). RFT OFfHD 1 DZZzOFEMIch D, WIMEEECE #EYIcE
3228 T, ERET AV EZHLZENSXRICEDE THET 2 e N T 3.

T VOMMFEER 7 7 4 VF 2 — =V ZICET 2ERDIMFEDZ L, 774V F a
— =V TORRFIIN LT, ur T b T 7 A4 0 Fa—=V 7BROIEET NVOMWFITNT
MO BAFES A TRETH 2 L IRE L TWS. BARINCIE, ROEIRFRMBEI ST H %
CHEELTWS.

R(7) = Ee |E] o [r(@3(0). )]

CZTC, YB3 774y Fa—=rIZOREERL, cld7vnr 7 P 2RTHERER, 2)(c) 135 %
SN c N7 74 ¥ F a—=V TROILAET VOHT, rid c 25 L7z 2(c) IZH]
DUTHNZWEERT. LA L, BRI ZOBBIIEEARNTHS. ZOFERD—2IF 71
YT MRS T E DK T 2 ARFEIEE 7 7V A VA S TR WEILH 5. 7
AV Fa—=VIZOHMNEH LWRRAIADT 74 XY N THBIZHrrb6T, a7
DHPEEHITH 2 & T 2REGEBNCHFITH 5. XHIXTFRAMEDAAD IS Ty

*HE K. nakakita@g.ecc.u-tokyo.ac.jp
THRERZE, BYL2ESEFT. imaizumi@g. ecc.u-tokyo.ac. jp




I AGHERET H 272 51X, HHFRHMEFHEISETEREETH 5. Z ORFMEISHUT 2 7212, Uehara

et al. (2024) B & OF Han et al. (2025) 232 £ 51, Tr>F 42 7)) >N & 2 HIRER
P DRRBOEBIDIAS FHLS NS, L L, 0 X5 BB LUIx 3 2 Mt FAREEIE RA0 L T
BD, AL UTEHERRBREETH S, W O2OWMEIZZD &5 BRIEE 52 TWEH
(Tian and Shen, 2024; Cheng et al., 2025; Mou, 2025), Z 415 DENTIXFIE O WML KIFE S
%, HH5VIEERTTHEILBOTHREWER 2 2742Y, —ROMMEIBUTE T 2 S XTTHET D
BN FEEIX N EZHS TR,

1.1 Fr-2EE

AFEE, a7 VBT B IEE TV DORENGEER T » 4 v F 2 — = T
T REANNLGEIRBEEZMEL T 5. F, Bon2EEEREI I > A v Fa—=V 7DR
WD 2 NI TR oD, R LT, 2o EREIRTIEKEIPOT7—FT 7 F
YIEIFETH D, X5 EFUCHNZERI TR THRI2DO/NZ W, R, Frr 7 b2
DRICH & DM EIFHATIE R, BERICKT2METHS. o0 WHEIE, LRV
EHREZE 272D 7 74 >V F2a—=V 7D 02 JVLADAEEEITNIEI VI EERLTY
3. XBHIT, AFRIIEGRNZDDTH D, EEMNR T 74 v F a2 —= Y ZFIRIHLTHR
Wr525. $khbb, 774 YF a—=V 7ROILEE T MIBIT 2 BIRESH (catastrophic
forgetting) 72 & NTWAEE ZHEM T 2 7 DIIRRINTEL LY b —EHI{L (Uehara et al.,
2024; Tang, 2024) 1%, FULHEREZHEIICHET L2 e bh 5.

At

AWTEIE JSPS FHAE JP24K02904, JST CREST JPMJCR21D2, JST & EA31) JPMJPR24K7
DS %R TT2bDTT.

ZE 3k

Cheng, Z., Xie, T., Zhang, S., and Zhang, C. (2025). Provable Sample-Efficient Transfer Learning Conditional
Diffusion Models via Representation Learning. arXiv preprint arXiv:2502.04491.

Clark, K., Vicol, P., Swersky, K., and Fleet, D. J. (2024). Directly Fine-Tuning Diffusion Models on Differ-
entiable Rewards. In The Twelfth International Conference on Learning Representations.

Han, Y., Razaviyayn, M., and Xu, R. (2025). Stochastic Control for Fine-tuning Diffusion Models: Opti-
mality, Regularity, and Convergence. In Forty-second International Conference on Machine Learning.

Kawata, R., Oko, K., Nitanda, A., and Suzuki, T. (2025). Direct Distributional Optimization for Provable
Alignment of Diffusion Models. In The Thirteenth International Conference on Learning Representations.

Mou, W. (2025). Is RL fine-tuning harder than regression? A PDE learning approach for diffusion models.
arXiv preprint arXiv:2509.02528.

Tang, W. (2024). Fine-tuning of diffusion models via stochastic control: entropy regularization and beyond.
arXiv preprint arXiv:2403.06279.

Tian, X. and Shen, X. (2024). Enhancing Accuracy in Generative Models via Knowledge Transfer. arXiv
preprint arXiv:2405.16837.
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ZZ % allometric [AlFE 7 /BT 5 H5EHATHID
H—EHNT S AEE

il A LK), M ik (BEIERRART)

WAL n AT 2 pROTZRB OB ¥y, , ..., y, OWT, ZERHMIFET IV
y,;=pn+B'xite;, e ~N,(0,%) ic{l... n}
WKBWT, a%2dH2bqgx1X7 L2 LTB=ay] 28ET 3 allometric [AlFE T
vy, =+ (a'x)y, +ei, ei~Ny(0,,%), ic{l,...,n} (1)

Zakam L7z, 22T, z; 3K e {1,...,n} KBLTHBHIEh b FiAER 2 LT
gx VEBRZ P v (FiMbZhTnwaZe kD Y30 2, =0,) . 7272L, g<n—-1%L, BB
JGUTHIDIREZITS. px LERBNRT bV TH 2 p, qxpiiHITH S B, px p-IEEHEITHITH 5
SERHDRIR=RTHD. A\,..., )\, ZRIFICIAT E OBEFHEE L, A\ > X Z2RET 5.
e, Kie{l,...,pIZOWVT, 2\ LT 2 TDORI1DEFERY b 3§25, Allometric
BlfEE 7, FRICHER S i) € {1,...,n} DHICDOWT Ely,] — Ely,] = {a' (z; — x;)}y, #°
S OE—EHNT MLy, OEBELREF 27 1 OEFETLTHD, Tarpey and Ivey [1] T
RESINZ. Y =(y,..,y,) s X =(x1,...,2,) ", E= (e1,...,e,) ", A =diag(A1,...,\p),
L= (7,...,7,) £BL. ZorE, S=TAT t»i}, ()%

Y =1,u" + Xavy] +E, vec(E)~N,p(0,,,TATT @ I,,)
EhFE. L, XTX BEAIY T2, Bors=(X"X) !XTy LT,
Sr=YT(I, —n'1,17)Y, Sgr=B\ <X XBors, Sp=Sr—Sg

6L
i TlE, Tsukuda and Matsuura [2] 1IZ% £-DWT, allometric [IFET L (1) ITBWTEE
RETH D v, DHEEZ M L7z, BRI RONEZ]WE Lz, we [0,1] 1220V T, 4, (w) %

S(w) = (1 —w)Sr+wSEg

DRE 1 DOHE—EHERZ ML LT (TRIRESICE %), HERDY 72 {4 (W)} wep1) ZE X
7z, EE L7z wiZD2WT 44 (w) D MSE(up to sign) OIEMHEN LR EZRE X ThE 2, ER
ZRMET 2 w=w* ZRDS A TEOHEER 0 ZHVS J, (0F) ZHITIRELE. WD
HOWHREL Y — Db & THEERD B2 L. BUEERIC L D BHEERZ KL, %
7=, KBRS % AE L 72 MSE (up to sign) OIEMHLT SRS 2 3D — BT - 72.
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RBRKRZF R B TAprseht, BHAL A SO Magmi st > & — FH &

1 EL®HIC

KT ATk, mAEEZIZUOE UT, B2 RHEEHIEMREINTES Y, Th o OfEHTEE
FFEHIICEEGR I N T WD (e.g., Anderson and Rubin, 1956). K743 #rik, p IRCOBLH 2 12X L
T, UFDED BMEFETNEZRD.

r=p+Af+e

ZIT, pe RPIZERFFEEANZ b, A € R BERFEMITH, m (< p) BXRTFE, f i3
TP BALAT I DO HME I 72 m IRGTHER AN T R, e i f LIZBEE 2 otk S 7z p ROt
BRI MVTHD. fLeld, TNTNIER T, AR F &0 E, M E K D& 2R ISR
ThHhdERETD. BlllzFMETEIET, UAFTIE =0, £95. MERTOLIHITI %
Var(e) = U2 L3 &, NFAMETIN (ERETIV) O FTz OHLSEITINIL,

Var(z) = AAT + 02

L ERIND. %< ORFHIEZ, BARISEITH S, & ETIULL 2 EATH] £(D) := AT + 12
DEZR/METEZLETNIA—R & :=[A V] 2#ETDHEL ULTERNMEING. ZDELS A
HETHEONSHEERIX, MDF #E & (Minimum Discrepancy Function estimator) & FEIXHVS.

2 T2 BEAFSHT (MDFA)

2000 FERIZ U DIZ, WRDOR T ML L 13K E S BARDTHRICED S HF AR EI N
7=, ZOHEZ, T2 BEF 24 (Matrix Decomposition Factor Analysis, MDFA) & I
ENd. nJOBM z1, ... z, DOMRIND T — X175 X, = (21,...,2,) 2L T, MDFA
FELFOIEKBEBOR/MEE UTEREI NS,

1 1 <
Lo(AV,F.E):= EIIXn — (FAT + EV)||7 = - Z z; — (Af; + Tey) |2
=1

ZZC, F=(ft,....fn)] €eR>*M L E = (e1,...,e,)" € RVP XL DOHIH % i 72 94745 T
H5. . .
1,F=0,,1,E=0,, EFTF = I, EETE =1,, and F'E = Oy,

UFRTIE, EdRokliziE~3 2 0&EE&% 04 L33, MDFA &, ¥V IV B HE#ELT )V
T) ANZEST, BN OLEMNIRELS Z N TE 2. MDFA OFMIZE LTI, Adachi and
Trendafilov (2018) Z &I /21,



3 1T EREF 2T DI

MDFA IE, BV TNH A AnllfiZTD F &L E2/)NTA—RIZHEATEYD, LFDE I /NT A
M)W 2 - BTG HRAEMMERLE UTHAD I ENTES.

i =Afi +Ve;+& (i=1,...,n)

ZIZT, fiyeeos fasel, e iJ:L DEIF 272 T ERNRT DIVTHY, &, ..., &, IFTIZ/THER
BEXND p IRICDIEBDAT Np(0p, 75 L) CHEDTERANY PV THD. ZORINTA MY IERR
WEIZBWT Z = [FE) 2 RN EEZ, BRXRGT/STA =L & = [\, V] IS 2H-%270
77 ANVREEZEZD LT, TR ERF D OIERDPIH SN E KD,

Proposition. fLED & € O IZXf L T,

Juin £,(8, 2) = tr(8,) + tr {5(®)} - 2tr{(§;/22(q>)§;/2)1/2} = By (5,.5(®))

MDD, 22T, N(P) := d0T TH Y, dpw (A, B) IXIEENEITH] A & B D Bures-Wasserstein
PR (e.g., Bhatia et al. (2019)) =37 .

Z OfdEl, MDFA #5€ &4 Bures-Wasserstein Fiffi12 3D < MDF i€ & UCERLTE S
ZE%RUTWVD. 2 DDIEEMITH X & X iU T, dpw (31, 32) & 21 & 3y &2 3 HAT51
WZEDHIMEI N 2 DR AR D Ly-Wasserstein B 2 & U T\ % (Gelbrich, 1990). &Y
HARIZIE, UMFOBEEEAB CERINDIEHLI G EERD.

fo | x) = mﬂ/zg (@-ms @),

T, p i EERT MV, S BEABATIICTH S, DL X 2 0OHEN f1(0) = £ | 11, %1)
& o) = f( | 2, Xo) DREID Lo-Wasserstein BRI T TH A2 51 5.

WE (o) =l E(1X0 = Xal3] = i — el o (214 8 - 2(81 P08 2)2).

BIRZENFETE L U T, Ly-Wasserstein FEREIZBIE g ITHAFE L 2. D F Y, MDFA #EE &=IE—#& D
ﬁpﬂﬂﬁﬁj\?ﬁﬁ%%uﬁbtﬁﬁ&&?ﬁ BLRADIENTED.
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Application of High-Dimensional Statistical Analysis to Astrophysical Problems

Tsutomu T. Takeuchi (Division of Particle and Astrophysical Science, Nagoya University, Japan), K.
Yata, M. Aoshima, K. Egashira, A. Ishii, Y. Ogane, R. R. Kano, H.-X. Ma, S. A. Matsui, N. Harada,
K. Nakanishi, K. Yoshikawa, S. Cooray, H. Okubo, and K. Kohno

1. Introduction

A galaxy is a complex system consisting of stars, interstellar gas and dust (interstellar medium; ISM),
and dark matter, all interacting over a wide range of spatial and temporal scales. Star formation occurs
in molecular clouds (few pc), while galaxies extend to tens of kpc. Despite this scale gap, global galaxy
properties are tightly correlated with their star-formation activity, implying the existence of
intermediate (‘“meso-scale”) physical processes linking the ISM to galactic dynamics. Spectroscopy is
the key to probing these processes because spectral lines encode the chemical and dynamical
information of remote astrophysical systems. However, recent multi-dimensional spectroscopic
surveys, such as ALMA data cubes or integral-field spectroscopy, produce data with thousands of

spectral channels for each spatial element, resulting in extremely high-dimensional data structures.

2. Methodology: High-Dimensional PCA and Its Extensions

In classical PCA, meaningful information is extracted from the eigenstructure of the sample
covariance matrix. When d > n, the eigenvalues and eigenvectors are dominated by noise. High-
dimensional PCA circumvents this by constructing a dual covariance representation in an n X n space
that preserves the essential eigenvalue information. Theoretical work by Yata and Aoshima (2012,
2024) shows that data vectors in such spaces concentrate either on a hypersphere (Gaussian
populations) or along coordinate axes (non-Gaussian populations), explaining why naive PCA fails.
By correcting for eigenvalue bias caused by cumulative noise from higher dimensions, High-
dimensional PCA can recover the true principal components. Furthermore, automatic sparse PCA (A-
SPCA) selectively extracts a minimal set of variables (spectral channels) that contribute most strongly

to each component, enhancing interpretability.

3. Application to the Starburst Galaxy NGC 253

The nearby starburst galaxy NGC 253 is a prototypical target to study intense star-formation activity.
ALMA observations provide three-dimensional spectral data cubes with a spatial dimension of n =
231 and a spectral dimension of d = 2248 (Ando et al. 2017), precisely an HDLSS case. Classical PCA
fails to converge, but High-dimensional PCA successfully identifies the dominant spectral components.
The first two eigenvalues already account for most of the variance, indicating that the huge spectral
information is largely governed by two physical modes. A-SPCA further reveals that these modes are

characterized by a small number of molecular lines, such as HCN(4-3), HNC(4-3), and CS(7-6).



Doppler shift corrections (Takeuchi et al. 2024a) remove systemic rotation effects, clarifying the

physical meaning of principal components.

4. Further Developments: ARCHEMI Data and Error Detection

New wide-band spectral data of NGC 253 have been obtained with the ARCHEMI instrument (85—
163 GHz), providing n £ 2000 spatial elements and d = 50,702 spectral channels (Ogane et al. 2025).
The data exhibit high spectral but limited spatial resolution and are partially contaminated by strong
atmospheric absorption. Applying HD-PCA efficiently identified and removed corrupted frequency

ranges, leading to a clean, physically meaningful data set.

5. Application to the HI Forest and Cosmological Simulations

At much earlier cosmic epochs, neutral hydrogen (HI) leaves a forest of absorption lines in quasar
spectra — the “HI forest” (Ciardi et al. 2013). These lines trace the large-scale distribution of
primordial galaxies and their evolution into modern structures. Even with next-generation instruments
such as the Square Kilometre Array (SKA), only a few tens of background quasars are expected, while
the number of absorption features is enormous — again an HDLSS situation. Using data from the
[ustrisTNG cosmological simulation, we constructed matrices of HI optical depths as functions of
redshift. Applying HD-PCA to these matrices (Cang et al. 2025) reveals evolutionary trends in the

principal components.

6. Summary and Outlook

Spectroscopic mapping has become indispensable for understanding the physics of the interstellar
medium, star formation, and galaxy evolution. However, such data sets are inherently high-
dimensional and often limited in sample size. The application of high-dimensional statistical methods,
particularly high-dimensional PCA and its sparse, enables the extraction of physically relevant signals
while mitigating noise and bias. In the case of NGC 253, these methods successfully revealed
dominant molecular components and kinematic structures from ALMA data. For cosmological
absorption systems, high-dimensional PCA provided a robust means to characterize the evolution of
the HI forest. Future developments include kernel PCA and manifold-learning approaches to capture

nonlinear structures.
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Shrinkage estimators improving for a wide class of restricted subsets
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Abstract In estimating a multivariate normal mean vector Sengupta and Sen (1991) have shown that Stein-type shrinkage
estimator improves upon MLE when the shrinkage is made in a positively homogeneous subset. In this paper it is shown
that Stein-type shrinkage estimator gives improvement for a wide class of restricted subsets by simply using an integration
by parts after applying the transformation to polar coordinates. Further, it is generalized to the case where the shrinkage
factor depends on not only the norm but also the direction of the observed vector. Some applications to the estimators
shrinking towards a ball and a hyperplane are given.

1 Introduction

Let X be a p-dimensional random vector which is distributed as the normal distribution N, (g, I) with mean vector g and
covariance matrix I. In simultancous estimation of p(> 3) means James and Stein (1961) have shown that an estimator,
which we call Stein-type estimator, has uniformly smaller risk than the maximum likelihood estimator (MLE) X under
quadratic loss.

Chang (1981) was the first to discuss the cases where linear inequality constraints are given on p normal means and
give Stein-type estimators which improve upon the restricted maximum likelihood estimator (RMLE). Since RMLE is
quite different depending on whether the observation vector satisfies the linear inequalities, we have to partition the
sample space and construct the improved estimator for each subset separately.

In a systematic and unified manner Sengupta and Sen (1991) have given Stein-type shrinkage estimators which
dominate RMLE when the mean vector is restricted to a polyhedral cone. Amirdjanova and Woodroofe (2004) have given
related results which allow a more flexible form of shrinkage when a multivariate normal mean belongs to a polyhedral
cone. Ouassou and Strawderman (2002),Fourdrinier et al. (2003,2006) have given improved estimators of a location vector
restricted to a convex cone in the general case of a spherically symmetric distribution. Tsukuma and Kubokawa (2008)
have shown that the generalized Bayes estimator against the uniform prior distribution over a polyhedral cone is improved
upon by a shrinkage estimator. It is also necessary to partition the sample space and construct the improved estimator
separately when various types of vague priori information on the mean vector are available. Bock (1982) considered the
case where one suspects that the normal mean vector satisfies several linear inequalities and belongs to a closed convex
polyhedron K. The proposed estimator shrinks X in the direction of the orthogonal projection onto K and the dimension
used for shrinkage depends on X.

Kuriki and Takemura (2000) have treated the general case where Stein-type estimator of a multivariate normal mean
vector shrinks towards a closed convex set with a smooth or piecewise smooth boundary. Especially, the shrinkage
estimator towards a ball is given. Further, it is noticed that Sclove et al. (1972) have given a shrinkage estimator which
shrinks X only when the hypothesis p = 0 is rejected and improves upon the preliminary-test estimator.

One basic result given by Sengupta and Sen (1991) shows that Stein-type shrinkage estimators dominate MLE when
shrinkage is made in a positively homogeneous subset, although it is not explicitly given as a proposition and the proof
given in the paper is not simple. In Section 2, it is shown that Stein-type estimator gives smaller averaged loss than
X for a wide class of subsets which includes positively homogeneous ones. Its simple proof is an application of Stein’s
integration by parts technique (Stein, 1981) after applying the transformation into polar coordinates. Two examples give
a new class of improved shrinkage estimators towards a ball. In Section 3 a generalization is given to the case where the
amount of shrinkage depends on not only the norm || X || but also the direction X /||X||. Two examples give shrinkage
estimators which shrink towards a hyperplane and a face of a p-dimensional cube.

2 Improved estimators shrinking in a straight homogeneous subset

In this section we first give a general theorem which will be useful to show the dominance of the Stein-type shrinkage
estimator when shrinkage is made in a class of subsets. Suppose that a p-dimensional random vector X = [X; --- X,]*
is distributed as the p-dimensional normal distribution with mean vector g = [y - - - pp]* and covariance matrix I. We
estimate p by 1 under the loss function (f — p)!(ft — ). Assuming that p > 3, we consider a class of estimators of the
form

$(X'X)

i(X)=X—
( ) XtX

X, (1)

where



(i) ¢(-) is a non-decreasing and absolutely continuous,
(1) 0 < () <2(p—2) and 0 < ¢(+) < 2(p — 2) on a set of positive measure.

It is well-known that if ¢(-) satisfies the conditions (7) and (i7), then 6(X) has uniformly smaller risk than X. (See,
for example, Fourdrinier et al. (2018), Section 2.4.) We notice here that the latter condition of (i4) should be read as
0 < ¢(-) < 2(p— 2) on a subset of S with positive measure when the domain of §(X) is limited to S C RP.

A subset § C RP is positively homogeneous (p.h.) if & € S implies cx € S for any ¢ > 0. Sengupta and Sen (1991)
have essentially shown the basic result that the averaged loss of (X)) over a p.h. subset is smaller than that of X,
although their results are more general and complicated. However, the basic result is not given as a proposition, and its
proof is not simple. Here we generalized it and give a simple proof by using Stein’s method of integration by parts. We
first give the following.

Definition 1. S C RP is said to be straight homogeneous (s.h.) if € S implies cx € S for any ¢ > 1.
If S is p.h., then it is s.h. Thus, a cone with vertex the origin is s.h. However, some subsets which are separate from
the origin are s.h. The outside of a p-dimensional ball to which the origin belongs is s.h. We can easily see the following
properties.

In the proofs of the main results (Theorems 1 and 2) of this paper we use the transformation into polar coordinates:

1 = rcosby,
ro = rsinf;cosbs,
(2)
Tp—1 = rsinf;sinfy---sinf,_cosb,_q,
zp, = rsinf;sinfy---sinf,_osinf, 1,

where 0 < r,0<6, <mi=1,....p—2and 0< 6,1 <2r. Weput @ =[0;---0,_1]' and ©® = {0 | 0 <0, < m,i =
1,...,p—2,0 < 6,1 < 27} and express the transformation as z; = ru;(0),i = 1,...,p. Putting & = [z1---z,]" and
u(0) = [u1(0) - - - uy(0)]*, we have = ru(0). Now we show the following.

Theorem 1. Suppose that X ~ N,(u,I) and that p > 3. Let S C RP be s.h. If ¢(-) satisfies the conditions (¢) and (47),
then the averaged loss over S of the estimator (1) is smaller than that of X.

Now we give the following examples.

Example 1. Shrinkage estimators towards a ball.

Example 2. Improving preliminary-test estimators.

3 Improved estimators shrinking towards a hyperplane

In Example 1 we have given a class of improved estimators that shrink towards a sphere by limiting the shrinkage. Here
we first show that it is possible to give improved estimators that shrink in the direction of the origin but does not shrink
beyond the s.h. subset S. For that purpose, we consider the estimators of the form

8(X) = {1 _ 9X) }X, (3)

X'X
where ¢(z) = £(||z]|?, z/||z||), which is £(r?, u(0)) when the transformation (2) is applied. We assume that ¢(x) satisfies

the following two conditions:

(i') €(r?,u(0)) is a non-decreasing and absolutely continuous function of r for every fixed u(6),

(17) 0 < ¢(x) <2(p—2) and 0 < ¢(xz) < 2(p — 2) on a set of positive measure.

Therefore, the shrinkage factor may depend on not only r but also «(8). Then we have the following.

Theorem 2. Suppose that X ~ N,(u,I) and that p > 3. Let S C RP be s.h. If ¢(x) = £(||z||?, z/||x||) satisfies the
conditions (i') and (i), then the averaged loss over S of the estimator (5) is smaller than that of X.

Example 3. Let S = {& = [z1 - 2,|" |z, >0,i=1,...,p,> " x; > 1}. An improved estimator is given which shrinks
x € S towards the hyperplane Zle x; = 1. We should notice that shrinkage is made in the direction of the origin and
not in the direction of the closest point on the hyperplane (Bock, 1982).

Example 4. Shrinkage estimator shrinking to 2p faces of the p-dimensional cube or more generally rectangular paral-
lelepiped.
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BT ) WVERIEY, BEYE, HBRER O RPTTRON, BITORNRE 222D
ZW. F, SOXIRAT IV ANT—RITHT B 1 HFEL BRI SBIEICE S TS
D CH RO R o TE. FZ, r MO ATV 2 c @O ATV ORI NS 2 EHE
DHTTYVINEREZZ T &, ZUODMABEDELOELNS r 1T cHlORIZZIEHEIFR L
MEIEHNTW5., ZDXIRTEERDBIEND 1212, 2 ODZERICHEBRELRD 2 022 2k
By, EHEAEDMNTE U ThkA BRFEMRREINTE . 20h»id NEERE) 20530
BHY, TNV A4 B2 )T ICHEREORE 2 —EOXBEANTERILT 2FETDH 5.
HEREDOFN, 75 A —MREV? (Cramér, 1946) R EDEL D OFET 25, BET A &
HGECTHOWON, EOMRE LD ILDZLIIDHS.

Bk & T EBME DT FIEAMER SN 5 —T7, DEIROBMTIEICE T 23D 1 D LT, &K
B R AR BE T XY S N AERADEIR e LTINS T —XTH 2, LWn5d0D
BH2. ZDId, BIENAERE L0 EIRIOT T 2BEPHKLICEINTE D, HERE DA
WBWTIERY a )y JHBERBZR EPERTH 5. Z 2 TARIMFED BV, Urasaki et al. (2024)
TRS NS BT 2 BERCY divergence & I TE 00 AR IER 90 2 ICE R O HBEREL p
¢ OBARICED = divergence ICEED K i AR EORRICH 5. £/, BEIMZIRET 5
KR TR SN 3 divergence BIDOREIZIZ, ¥ D & 5 REFMAVREIN B 2282 4E L, WL oIS
o OGAEHEX B OEA, RRREZHWTEF — R @ 21T o AR R Y 2R L.

2 ALY divergence EHHEREDOBERICE D CGEREAREDRE

Urasaki et al. (2024) T/R U 7zHEH divergence ¥ ISTER T BT 2 Z A B IEH 7711 O HBEREL
DI PIRBIRDN S, T X—=Z XN =0, 1 ZH5RIGEI p? TOWTHL Z 8T, IBERMIC
TEBIERITMNBMRE S NS TEHIRICHT 2 EEARE L T5. LehoT, RD2O%REET 5:

pr; =1—exp {—2Ix({pi; }; {pips 1)},
pp=1—{2Ip({pij}; {pipi}) + 1},



ZIZT, Ixn(v) BEUY Ip(+-) oERZRIZ, KL-divergence 3 X If Pearson divergence TH D,
power-divergence IZ A =0, 1 Z#EH L72HE e —HT 272D, LT kHcRIN5:

e o)) = 30 pulog P L) pp ) = Lyoys el

=1 j=1 11]1 pi-P-j

INBDRMBREIZ Y 7 X — IR V? 72 ¥ e FARIC, divergence IZFEED W TR X 7@ B R
ERoTWS. (72, ZTNHDOREIZOVWTIIROEMZ1F 5.

EIE 1. 1T HIERD Shannon entropy % H(X),H(Y) 52 %, p2; EROWER DD

10< ey, <1 exp{—2min (H(X), HY))}.
I-1r>chop.=r o 0<pt, <1—1r72
1-2r<chopj=clorE 0<p3, <1—c?

2 p% . =0 D & ATLHIERIIELBMIMEDL D 5.

8 pte, BERKMEE L % &, 1T FIEBICII TR/ EE) 5 5.

4ric—so00DE 0<pi, <1

T 2. 02 EROWEE O

10<p% <1—min(r,c)"t.

2 p% =00t %, 1T HIEBUITEBMIEDLH 5 .
8 p% =1—min(r,c)” !, 1T HIEBICIITERIEEMEDY D 5 .
4ric—s00DrE 0<ph <1,

INSDEEPLRTENS X512, RERED ERMEIFIMERS D 7 3V BUIKEL TV
Zenn, BIFO divergence MRE L IZERZ2MEEZHATWA ZeBbrb

AHEH T, LR TIRET S 2 00RERHET2RHMEZREED Lzt i, ?EQRFEQ?Eﬁi
BT BWHL I ED EMR S N EEX B ZEA L. Sk, BENRES N LR
B ORI COREIR L R2D0Z2MHRT 22 I 2L — a YEREZITWV, KIFKT
RESNHEBIRED A 7 2V BB K CEABOEINH - THBIRBDEISE S W T WL Z e
IRENTe. ZDIED, KT — XM OBl o BRI ZBEREOEEVZIRETE 2 Z L RLE.
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RIEEX, B2 R BROEMER X 2 27 1R LTl TEWEREEZ R L TEB D, HEERBUTWS. 2B
[ & aHEE RO E R A2 T 2 5 DI, A DEBYEE R LD X 5K T 2 DAETIHIcon
TOEHELGZ 270, BERELFETDH L. ZOFEEMIRT 272012, BiA RBUE D O FEYE O BT
bhTWwa. Frg, [AFEEES T EBEEZ I, REEE EH W27 Voo X M) v ZH#EE B OBERINEE O
D EA TN S.

AR BV TIE, 2 < OIRED, HEFE BN HEIGRE N ZHO ML TEB Y, KEFR R h — ik Y
DD 7 T X MY » ZHEER BT 2B I ATV S, 51T, W DO TIE, HE
FEEROHERIIKITTOMNE BT E 2AREMEDNH 2 Z 2 2B L TW5 (e.g., Schmidt-Hieber, 2020) .

SFERTE T, BRI OICRZ: EHIRIEREICBE 3 2SS EA T WS . —fBic, 53 FERRE T, RRBRAY 72 30 Al
ROFMEEFERMT 2 Z L3 LW, 7fdE HER) By VRSP YR T 1y 7R E 0N B
Krem/Mbs sz eickoTHELNS. HFE, Ma BRI LT, BEFE T HWaERICB T 235
ROPCRL — MBS R D, 2EMEICBVWTHHEEFEOMEBIHEINTWS (e.g., Kim et al., 2021) .

—HT, uP AT 4y ZHERSHD & 512, BT TR 7 7 AFBHESR G EER) OHEE % [T
ILGEDEZV. ZD KD RIGE, HESI N RO MRS TR, FAM SHEROHEEREE & /MBI
B 2EERGEEDO—DOTH 5. @, FELECL208HE, HhECeY X749 7> 7E A FEEPY 7 b
<y 7 ARV Z e TK Y 7 RADOFBHEEREZ 1T 5. KM SHREOHEX, By 7 RDOFEZ Tl S
250 2L DEWMEERSDT, HEMAD T -2 5BV THEHTH 5.

AT, B2 T 4y ZARIC X DM EHERD ) RS X M) v 2H#EERE 2 2. BARINCIE, St =
MERD ) VI X MYy ZERAHER (nonparametric maximum likelihood estimator, NPMLE) DFEGIEE
WZOWTHNTS 5. NPMLE O—BME2 R, HICHER L BEOZMHT EHEOu I AT 14 v Z1BRICHE T %74
OHFEONFZZ Z UL L, B PR T 4y ZHICBWTIIHEE R & BN 2R DR O Kullback-Leibler
(KL) BHREOMFHEZZE Z IR V. LA L, KN EHRD ) 2 oF X MY v ZHEETIE, EOKMETEERY
ZOHEED KL HERBIEIBEDICHRIT 2 ZePHonT0 5. BIERNICIE, HEBDBDPEDSKN 2HEROA
EEO TORFIEHEMT 2. (€oT, /7RI X M) v 7P A7 4y ZEMCEWT KL [HHREICE T 2 PR
B L 72, TEDSRMER &M% bounded away from zero TH 3] EWo TARENDE L 725 (e.g., Ohn
and Kim, 2022) .

Z Z°C, RFFE T van de Geer (2000) D7 70 —F & FHWTHDO AN R L Z OHEE DM O Hellinger
FEEZEERHEL, 227 7 20R YR T 4y ZAFEDIICET 2 V7 X M) v VRIEHEERD A 7 7 VA%E
RZEHT 2. Hellinger FEFfOINKEZE 2 %5 Z & T, KL [HHRE DI AT, HERNRRED FCTHERD M
BEZFHliST 22N TES. /2, A7 I7NVAEROEBERICHE LT, ED Y 7 REMHT ZHEHRD composition
structured function (Schmidt-Hieber, 2020) T % & EIEEFE I X 2 H#EE D Hellinger FREEICEI 3 2 IR
L—b2EHT2. X512, ZOPCRL — F R LAY IS JARBECTH S Z L ZRT.

FHER

K77 A0 HEMEEEZS. X CRVEANZEM, Y ={e}l, 27\ VOEGLT5. ZZT,e,...,ex 1&

K RILOREERIENR 7 ML THDE. T—R (X, Y) € X x Y EUTRDET AL LERIND LIRET 5.

Y: | X =« ~ Bernoulli(ng(x)), X ~Px, k=1,...,K. (1)



ZZT,m(x) =P(Y =e, | X =) ZEROZ FAFMAZMHRTDH D, Px FANZEH X EORMDDHTDH
3. X Y OFKSME P eEL. D, = {(X1,Y1),..., (X, Y,)} #REMDH P 25D H A X ndiid #
/7ﬁk?%.$ﬂnf@,’@ﬁ§ﬁ+n®//ﬂ7xbU/?%ik%ﬁ%éf%

T=& D, BNEZoNIL E, FTEHERp = (pi(x),...,px(x) " OEONEOCEREIE

1 n K 1 n
p)i=—— > Yielogpe(X) = —— > ¥, logp(Xi) (2)
i=1 k=1 i=1
THZbN, JmAHEERE (maximum likelihood estimator, MLE) & p,, € arg mmp@T n(p) TERSINS. ZC
T, Fp SHEE RO & 72 2 BIOERS (IRFI%EH) TH 5. BRI (2) 1@ ) X 71X
. X)) _ -
Ex 1) log 253 ] = ExIKL(n(X) | 5(%))] Q

TRINDG. 22T, KL(- || ) ZKLEREZ&RT. MLE p, O—BMZ2 R, @Y 22 (3) 253 2 0
DERCEZ 2D, ETILVF, L LTYNIW I I RAEEZ e ETIZ@EBY R T (3) BFEMLTL E 5 Bil2fE
fE5 5. 207, RFFETIITCA DEEY 227 (3) DO DI TOREZFHES 5 -

R(n(X),p(X)) = Ex[H*(n(X), p(X))]. (4)

T, H? 1% Hellinger HFff% 3.
FRROBREDTT, UTFOFREFERIZEDOLKMT &R L NPMLE & @ Hellinger FilICEE 3 25Hfi% 52 5.
#lZ Yara and Terada (2025) ZZfE X 417200,

FIE 1 (45 7 AFRER). K75 AOSEME (1) 2E 2 5. WYREMHEOFT, WEEH e & Vi > cU(5,)
5 BIEED § > 6, 1T LT

Tup

C3
Ep, [R(Bn,n)] < 514(1 + ) (6° + R(Pn, ) +— ()

DD ILD. TZT, pp i3 F, DIEREDOILTH Y, Ep, I3FEHT—X D, L;OL\TOJHH FHEZRT.

DA T INAERICE T, MAREBEOFMHTEHRIBET 2K 2 AL HEET T ILVORED S £ T NPMLE
DINKHL — F2EHT 222083 TE5. 2, HEETLE LTHYLRKEZ XD DNN ZHWEGE, n A
BB OEZ R85 A (Schmidt-Hieber (2020) % &) &

B q

Ep, [R(Bn M) S dnlog(n)’, ¢ = max n 7%, gr=p; T] (A1)
q

""" I=i+1
MRILT S, ZOPERL — MEIATTOZITIKFEL TES S, ZotOWWEE L TWE Z e B3bh b
MEOHE FEKT 22, YHIZ ELOIGEL — P D I =< v 7 ZEilE, BEOSLMT 2HERDIEZET Besov
TERNCE T AEEDIRL — MZOWTHENT 5.
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P EZY  HBHIBA  XH° M #a°

VBHEARFET— 294 I ARR /B EHER
IR RFREEFER
P RREMAFRISETE

A

p— L JGEEAIRE S, = {2 € R | o] = 1} OB 2, ... 2, 13, X FXE B2
BWCTHNE. 22T | E2—2Vy RV aTH5. HlzIX, Bm, Bio sk, ik
HOWEBES MR ENE So FIZHtis 5 [5]. p=3 oA LTI, ShOHEK DA
HIERD B BADHFDBEITF NS 5. TF A M T =27 AEHORBE, @RI
R LB e A7 XN [2]. BRE T — X DT D712, XHIZBWT W L D0 DRy
MOPRRBREINTEL. Z2OPTHHOLIREEIZ R L TEETUI, Langevin 77 L b
345 von Mises-Fisher 7 TH 5. HRAINRT X —R%E pu, EHRTGA—RE T 5L
von Mises-Fisher 771 D& EEAIIKTEZ o 5.

K/(p—Q)/Q

(2m)P/21 9y 2 (k)

ZZT, Ipo9)2(r) BHE—HEDEIER Y A B TH 2. AHIZETIX, von Mises-Fisher 77 1fi
KB BMEEZITEF T X —ZDOu R MEEICHESE Y T5. Agostinelli[l] 1&, FJE
EOF =2 LT, MTDRF X=X Z2RIRHCHEE S 2 720 DHID 2 DD/ EZRRE L T
W5, %7z, Kato and Eguchi[4] 1% von Mises-Fisher 77X} L, density power-divergence
BE U y-divergence Z Wz M-EERZEAL, ZORNZ MEEMEFI L7z, L LS
5, TNHDFETH — 3 VEEHER EPBETHE AR F23E L p BREWVGEOHE
DAL 5. S 61T, ([BHEXH7Z & AR ORI EE L w.

Z ZTARMETIX, XA et oA % VT, AAUBEICT L Tr AR M RERD %,
density power-divergence 3 X Of ~-divergence Z W TIRET 5. ZD7 Fu—F %, XA
At DM AZ WS Z & T, FHITERY A4 BN WHEIZHHEE DN EEEZ RS
P CE 2 RRDI D 5. X HIT, AR TIIER G ZHET 21D DEALNMNERS X T —
FA 7y FEE AV RERD MR OH T Y T AT XL 2RTRT 5.

exp{rp’x}, xS,

fl@ | p, k) =

FET—RICEITZO/NR FBRA IHE

FAT — 2128 WT, Kato and Eguchi[4] 1& von Mises-Fisher 731Z¥f L, density power-
divergence 3 XU} y-divergence IZHEEDWHEERZEAL, ZOuNX MERME L. —FH
T, N4 XA B VT, Ghosh and Basu[3] 3 & UF Nakagawa and Hashimoto[6] (&, Z
NZR density power-divergence B & 8 y-divergence 1235 { —fR{EFEHL D () (€ | z1.,)



BEX a(E | 1) ZIRELTWS. EEL, 1y = (x1,...,2,) 3BT —ZTH 3.
von Mises-Fisher i DHE, THHIERD LS ITREINS.

m(€) exp (—nda (9, fe)) ™) _ m(&)exp(—nd
TrE) exp (—ndalg. fe))de ™ &P = e o (ond

T, E=rpTHY, a,y>01Fa N MEZHIET 2720DDF 2 —=> 7%

Zéb d (g f&') =n 121:1 a(w17£)7 ki()\dv(gvfﬁ) = - l{exp( fyd (gvfﬁ) _1} =
nTIN O (x, &) IFZENERRD LS ITEREIND.
1exp (ag'x;) 1 Kp((1+a)f)
a  K,&)~ a+1l Ky(¢&ott ’
L enbgm) 1
VE((L+ 7)€/ 0y

+(9, fe

(& | 210) = Yy

fa(mi,é) ==

g«,(ﬂ%,f) - =

O/NR MY

FEBAEL (Influence Function; IF) 1&, BN MEFHEICBOWTHEEEZD v N2 MEZFE
fid27DICHNONLIBRTDH D, 7— X T 2N ZIT T 2 REZERILT 2
bDTH5. T74DE, HHMER T,(G) HWHER/N X LEINC E OREHEZ 2T %0
ZEHEIT A REL LTRO XS ITERSND.

T.((1—¢)G +elAy) —T,(G
IF(y. T, G) — tiy (=G T 280) Z ()
E—>

22T, e 3ERE Ay B3Ry e S, KEPTT2RILIMTH 2. JTAT—RDGE, 7—
RZEMH A7 MEE LIRS 5729, W BBARIIEICERL RS, ZOX5BBEIR
F, A7 = NVBLUNRT X —=2CDOHELZHIRT 2 72D, FEHECFZERIEL (Standardized
Influence Function; SIF) Z& @32 DB EHTH L. ZD¥ X, SIF O/ NV LIFKATER
N5,

SIF(y, T, G) = \/TF(y, T, G) T S(G)1IF (y, Ty, G)

S(G) \FHRE BT RUTIN R K Y. T DISRIEHEE B OAUEIIN T 2 R 2 i —
(72 27—V CRHMEIT & 27280, BN P ARA ZHEETED B ERERHIIC B W TEHETH
. BHEBZREEBROMREZ GO TRl ZME L, BERBRT 4 A Ay ¥ a VR TEL.
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—ZRAFETNDNRT A= ROBRIAERNNEI HRET 22BN LT, FR91HEOMBEEMEIE
FHNCERSIN TS, BE 10 FH D 5 B IHEEMER D 72 O 5 RT3 5 ORI EA, (IEREE
71 (Desgagné, 2015), [HjF#E 7L (Gagnon et al., 2020), F&JEE 7L (Hamura et al., 2022), &7 Y
v - AOIEEFE TV (Hamura et al., 2025+) OJEELREZR ST OERNAS IR -oTVE. ZHHD
BFZEIE 3T NT, BREDMEREICT 2 2V HMR N2 MEFTOET Y Y ZICEOL RN, HOEX
Btk bR BERBONBIEEL &4, SIERZTTH 2) HEDHA TR & BREENE 2 ER T
FRNEWVD AR TDH 5.

A TIEINETOMRZZERALIRL, BEREIRE T MBI 2 FEHEEEO TR M42 52 5.
BRINCIX, p ZITOBRNE y; LT, v, ~N(X;8,%) EWIETFIALEEZ L. ZD7 7 RFHSEATHI
S OMEICELYE D 2777 4 WIVETLEEDL. WE, y; ORI (O—) KHEDTFEN DN S & &
12, TOETAZOPICERE TIUSFREBEZZRTZ 222 0SBV LT, RAIUTOETLEEE
E SR

yi ~ N(X,8, T,XT;), T; = diag(tin, - - -, tip).

Z I, tip WIFHSICEBEER D EREL, ZDHR— M (—oo, —1)U(1,00) & T 3. &I yir, DIEL
E 2 Sk, THEH 5, AT LT 3, KE LR DEESBERME Y, HIELZEEETHIAT 2 2 v
HIHEFEDLLRWV. R TH D&t BEKED S22 W0WHIETHS. ZHICED, yu & v OHEBZ
ik
Sk Skk
R, HIEDPTFET 2 (i #1 123ty # 1 0) FICEHEOKENIZEDLVRZ 20 5. MW
Z13, ZOMDEF L TIIANIEDTFEI X > THEDHEIHESEA LD, 20N NEIEC S & D
WECFUAHEEZHWS 2R D AREHETH 2. R#HETIE, 0 X5 RE0BEE FEREEEOZEKIC
Yo TARBWTHZHICOVTERT S, 72, HBLUoEFL, BT, TAEZHFTETLOMERIZL A
CHRAEHRNZ 2IZDWT, BEEZ BT o0/ T 5.
AREFFUEPINIE Z K FEAY) B LUERAZHIK (BEREKY) LofLAMRTDH 5.

sgn(tintix’)

MERRDO|S

S I BN TIE, RET3MED N e; ~ N(0, T, 3T, ORMEMRHN T 2720, p=2 KTOHEDENE
BBERE L7z, 72720, B =30 =122 31, =09 &L, BEWMEIZHESR0.05 THMHIE 7= IZmAB RS
L— i bERENE e L, EVTFALREZHOTWS. ¢, EOHEZIS5EE (LK) ¥, FamS
DEEIZ5E (FX) OFEWVWEHAL2TH L. ZofTld, BERICEEEZCEOHEMB RN, kX
DETNTIERFEEIEL 2D EHEOEOHBEI MR XN TLES. TRIOETF LT, EEEIEL
ZEAITERE T ER D D AREOHREELEZ T3,
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BNZDTEEWSIERDE D 7. WEELDOZD@ED TH DD, ZDDIIET— 216 BEMOEREICD
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2 DODEMIERIIT—FIHEDOY—K - STBRR BFEEZH > TELU ZHEERR) ICBI BFEIE
MR, 770 F YV ARBTRELDNSHARSNTERLT YD 1 DTHB. AARTI, T v
T—% (1 BRICH > NE - AN ZEETCRH LT —%) ZRAVWTEMEERDOY —K - 578
REBTIDAEICOVWTCERTD. TV IT—YORBE LT, HE - EXHECFLS &
IET—9DME/INTVWBZ EICTRAT 5, HRARKNORRAUNELHZ. > T, T1vIT—5T
YA LAY TIHEBICEETHD, P DHICIFATRMICETIVICHAADRENHS. %
DR, ERFEERBEOREHATETIVIET Z20HEFTHS. ZOLSB 7 O—FICEDE
TAvIT—YZRAVWTI—R - STBRZEMITEIAEZREVCMARE L TRRNGBHDIC,
Hoffmann et al. (2013) & Dobrev and Schaumburg (2015) 73 %. BI&E (XA RIVNICE DK 2 F
B, BEBRIAMNLRI VY TICEDLK AMFEZZENEFNRELTWS. MIERINES LD —K -
SV BRROEEIE, REBG I HMEEOBELCHZEOMBREBEDREICERE DRI ZEEZISND
CEBHBNEETEHSHZN, T4 v IT—FICEVWTETFHEOEEIX A=A LNSEUZ /14X
(WbWBY—T YN - XAVOXRZIFr—/AR) DFEICELD, U—K - STEROHERE
RORREICBBEENHD. ZDTc, Hoffmann et al. (2013) DAEIC L BHERRIFLIELIEX
FRFRHYEE L LY. Dobrev and Schaumburg (2015) IC& DIRBEIN YA LRIV TDIHICE DL ik
FCOMBEZREELTED, RRICHFREICRELLY—R - STBEEIHEEIND &N DD
DEIAT THRE TN TUWS. Dobrev and Schaumburg (2015) & K UH (2017) ZSRBD Z &.

—7 T, Dobrev—Schaumburg DA RIS RKEEHRT 7O—FTHD, BSDAEN—EK A%
EEI LTCWBIODFRBEETH D EVWSHEENHD. Ko, EBRICIE DS HEEH S FHEREL AR
WTr—ZBEEL, KT, T - HEAENHICDBRVWE S BT -5 IcEWTIZZDEADERETH
5. MZAT,DSHEEEDEEDHICIET—IXEAZFERRBO/N\T v NMCREIT D2RENHDH, /N
Ty MA ZDOBRNMEERBRICKESFET B EHERTES. LH L, Dobrev—Schaumburg
DAEE TEFIL7Y—) THZIHHIC, INSDEKHMELU TUESRERICH T 2R ER
Z5EZ TN,

COMEBEFBRITDIEDIC, KRR TIK, Y1 LRY Y TREROU—K - SUBREHET 2 HE
%, EE 2 EERIBIED cross-pair correlation function (CPCF) DE— VM B%HET MEE LT
ERXLT 3. ZDERILDT T, Dobrev—Schaumburg @ cross-market activity measure ($AE I

* RRAE KFBEUERIPHZTR
T BERERY KFRREEEMRH



|& CPCF O EEZXSZTHD, > T DS #HEZ(E CPCF @ maximizer 2 —K - S7EEE L
THELTWDIHDEMBIRTED I EERYT. ZDHER, Dobrev—Schaumburg D FENRLZE & 18
BRIE, NNy KOO AL, T—F DBENBEENSREZHFFHEHICHLLTHRTZESH I &I
ERTZIENTEEIND. COMEZRET SO, RAFR TlE, Dobrev—Schaumburg D 757%
EhHEHZEHT 'BR BY—K - SU7HEOHEEEZIREL, Dobrev—Schaumburg DAED S
FLWHBWVWESBRATELREUVCHEERIBOND I LZERS.
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A cumulative sum-based change-point detection method
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Change-point analysis can generally be classified into two broad approaches. The first
deals with a given dataset to investigate the existence, number, and locations of change-
points, while the second monitors data that are observed sequentially in order to detect a
change-point as quickly as possible. The latter is commonly referred to as online change-
point detection, whereas the former is known as offline change-point analysis. In this talk,
we focused on the offline setting. Even within this framework, two distinct situations can
be considered. In the first, the existence of change-points is assumed, and the objective
is to estimate both their number and locations. In the second, the existence of change-
points is itself uncertain, requiring both a statistical test for their presence and, if present,
estimation of their number and locations.

In recent years, the scope of change-point analysis has been extended to high dimen-
sional data, motivated by the increasing availability of large-scale observations in fields
such as genomics, finance, neuroscience, and network analysis. Classical change-point
detection methods are often designed under the assumption that the data dimension is
fixed and relatively small compared to the sample size. However, such methods may fail
or become unreliable when the number of variables is comparable to or even exceeds the
number of observations. This high-dimensional regime introduces substantial challenges,
including the need to handle strong dependence among variables. Accordingly, a growing
body of research has been devoted to developing high-dimensional change-point detection
methods that leverage modern statistical and computational tools such as principal com-
ponent analysis, factor models, estimating covariance structure, and sparse regularization
techniques. These approaches aim to detect structural changes not only in the mean
vector but also in the covariance or latent factor structure, providing a more comprehen-
sive understanding of change-point detection in high-dimensional settings. A number of
studies have been conducted on change-point detection in high-dimension, low-sample-size
(HDLSS) settings. Among them, the cumulative sum (CUSUM) statistic, a representative
approach for detecting mean shifts, has been widely extended to the high-dimensional
framework. For instance, Liu et al. [3] developed a CUSUM-type procedure based on
U-statistics for high-dimensional data.

Despite the extensive literature on high-dimensional change-point analysis, most ex-
isting methods rely on specific structural assumptions - such as sparsity, independence,
or normality - that may not hold in practice. Meanwhile, in the broader development
of high-dimensional statistical analysis, the importance of the eigenvalue structure of the
covariance matrix has been increasingly recognized. Empirically, Yata and Aoshima [4]



reported that the leading eigenvalues of covariance matrices often grow as power functions
of the dimension. In response to these findings, Aoshima and Yata [1] proposed a classifi-
cation of high-dimensional covariance structures based on the contribution of the leading
eigenvalues to introduce the strongly spiked eigenvalue (SSE) and the non-SSE (NSSE)
model for high dimensional covariance matrix. This dichotomy provides a fundamental
classification for analyzing high-dimensional data, since the covariance matrix and the
inference procedures differ drastically between these two regimes.

Building upon these developments, it is natural to consider change-point analysis
within the framework of the SSE model. In addition, since many real datasets fall within
the scope of the SSE model, developing theoretical frameworks that explicitly account for
the SSE model can be expected to enhance methodological performance. Consequently,
the importance of developing change-point detection procedures under the SSE model has
become increasingly evident.

In this talk, we introduced a high-dimensional multivariate CUSUM procedure pre-
sented in Liu et al. [2], and derived its asymptotic properties in the framework of HDLSS,
including the SSE model. Based on the asymptotic properties obtained, we proposed
a modification that ensures consistency under the SSE model without additional struc-
tural assumptions. Furthermore, we introduced a change-point detection procedure that
captures not only shifts in mean vectors but also changes in covariance structures.
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