FY2024/2024% %

Computational Brain Dynamics Team

Okito Yamashita
TENAY 1 F=OXF—LA WF

EA

ATHIRERMEBE ¥ 75 .
RMER/ <1 47— h OB5 s ERLERORR

— R cEDK

Trodb =
6) Al ===}

BEREEICXSSIEX
LHNAEEFGDH23% & FKE

T+ﬁ&w%¢$
@Eﬁﬁuiérﬁuio<ﬁt® W I EE (I
Hm EIRDT=D DTRIRFHRDHF o L7 LY,

5 55 M Egijko

éﬁﬁﬁﬁﬁ:/‘% A —HhEHEFAEDELY $HH
BT « S - BT — X ICEDCEEHNG/NNA F
V—hHAEEIVEDH N TS,

FRMERE (2024FFE)

l.axzv bab—HEZHW-SHETIVEREICTEELG R /N—
ZENEETY v 7 L B HRESTA DI

Li, Y. et al. (2025), Neural Networks, 182, 106899

2. #EPSLUZhERNLT 2 BRAESINA T2 —HDORFRE

itahashi, T., et al. (2024). Molecular Psychiatry, 1-13.
(BFIAK=F., ERAF. ATRE OHE[FEHZ)

3. "VREFLEBEETEL HNE—FDORIEEL ZDEE

NAFT—h~DIH
Endo, H., et al. (2024). Frontiers in Psychiatry, 15, 1288808.

Center for
RIM=N Advanced Intelligence Project

I_I_I
W37 B /Y
ANTFRIGERINTHE KO A A — /7 CD l: / 7T —XICE
D T e B 7 i [a] B D ER = Aiza [2] %/ N A
F2—hi .._i.o CEFRE2 ﬁ 7%; "@ﬁ‘U%‘—‘Lfﬁk@“
Ho ZALIC TEEECDTT%/\ 7\@ ZHT - LN 7
/(Jti%%j_ % — t % TEl j_o
i S 3
— | wEas e | -"“1“ I
;Ei — . “ fggj{?:ﬁ'ﬁ
“F% | et _}ﬂ» _
Insel T et al. 2015 Science’= —EREaZE
— = |
~7 '[ﬁ 0) I, == =
20175 20245 20255
de cta 2019 XA
okaetal, 200 RAX AT ITAT—H
'E“J’ e 208 TN
BEmL >
E1tfY 51
EaEEe~Y—A
@ h@ AR (d 2L I T = F
é"ﬁ 100 > 7L 10004 > 7L 7 — ZRAE
V FEEXEE L ZDE%E A.vamahita et al, Plos Biology, 2019

5 24"~ — FH1 EE A.Yamashita et al, Plos Biology, 2020

35 2~ —FH OF]E £ #EL Okada etal.

lournal of affective disorder, 2022

IEFALRILEAEL

2024 T

EREE LT 2 IEFT AL
NIVDEWD DR - BEEZH~—1
DRAFEICATH

BIF~—7
HRERa~—

mER LB ULERERST T30
AX—NOREICEF. BEET —%
(CHIT B RER.

RERT—H
HAF A

2025 F W5 B iF

EEICBLWIET AL~ LEEiE
9. BAENICEK. R OUTIL
JD—)L EF—S~DiltERE =T,

ERESEA O EHR, BF
< — 710 10%MDEER L= E1E
ER

2025FHRExHE

HEFZFLEIT > TWLWAREREELGE
Mo, RITEZEOMENE U THREE
— Y —HOERN .

' 5o hkSR: Brain Analysis via sparse Bayesian correntropy learning '

PR

Brain analysis via sparse Bayesian learning
Sparse Bayesian learning is a popular approach for brain signal
analysis due to the small size of real-world dataset.

Inadequate robustness to non-Gaussian noise
Conventional Gaussian noise assumption is not adequate for the
real-world brain recording noise with complex distributions.

T =1

We aim to propose an improved noise assumption for sparse
Bayesian learning framework which is robust against the non-
Gaussian (heavy-tailed) brain recording noise.
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Brain-behavior decoding*?

Muscle activity (filtered EMG) decoding from EEG signal

Proposed
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Original correntropy-based loss function:

C(e|0,h,n) w.rt. h (n=1)

Larcole) = —exp(—Le?/h,)
. 0.8
Correntropy-based noise assumption: F
2 C
Cle|0,h,n) =exp [ h-exp(— ") —h 806
2h >
» Maximum likelihood estimation of this proposed noise %0'4 [
assumption is equal to the original loss function. o
0.2
» Correntropy-based noise distribution will degenerate
to the Gaussian model with h—>+ee, )

*1 LiY., .. & Yamashita O. Sparse Bayesian correntropy learning for robust muscle activity
reconstruction from noisy brain recordings. Neural Networks, 182, 106899.
%2 LiY., ... & Yamashita O. Correntropy-based improper likelihood model for robust

electrophysiological source imaging. arXiv preprint arXiv:2408.14843.

Brain current source imaging*?
Face perception task (EEG-based simulation performance)
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We aim to propose an improved noise model with better
flexibility to model the real-world brain recording noise.
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