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Causal Discovery
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(Maeda & Shimizu, Behaviormetrika, 2024)
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Python package: Causal-learn
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(Zheng et al., 2024, Journal of Machine Learning Research
Machine Learning Open Source Software)

Github: https://github.com/py—why/causa

|I—-learn

_NETYERLDLINGAM Package (keuchi et al., 2023)

Github: https://github.com/cdt15/lingam
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Multi-Modal Analysis
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X. Zhou et al., “Personalized Federated Learning with Model-

Contrastive Learning for Multi-Modal User Modeling in Human-

Centric Metaverse,” IEEE Journal on Selected Areas in
Communications, 2024. DOI: 10.1109/JSAC.2023.3345431

e Multi-Center Global Aggregation \
I 1 g0 - O a
E @ : o Oﬂc o :;G
Weights of Clients : l_ee%®° _ —_ 9
@ @ .@ 1 Global E‘ent:ﬂ: Initialization Based | Center 2 Global Model 2| W/, t+1
o @ CL () [
W I emm—m @
@ i ) e 0
@ @Y o D S
Wi “WF-E I ... “WFS? E - e o e (Conter 5| [Global Model &
v Global Aggregation E ;If " e Cl:l'.
wo-stage Iterative — 20 /
Clustering WGL” ) /
~ Client 1 | __ Cliemt2 | Client m
: TI:'.J LLLLLLL E : 1‘ Output | l TD LLLLLL
—[ MCL with Bi-LSTM } | i —[ MCL with Bi-LSTM } | i —[ MCL with Bi-LSTM
i 7 ; 3 g
. 0.8 0 | ! 080 : %*
[ ! | ] L
| ,-;.14@ | -g—p-l.:}.l w50) —.—4;—-60.4@
Lt [w] lm["] o w [ [u] [al= | . wt EOROE
i::::::::::: :2::::::::::::::: :::-?:: :::::f:;g:d::e:t;:ait:?ZI!:é.!g':!Eligli E'"'"""i?_"""""""_'_-F'." ""'E"'E'{'I"E_Iiﬂ:'t'e'ﬂ '}'I'?'t'l!_llg'i i-_-_'_-_-_'_-_-_'_-_-_-_L:-._-_-_'_-_-_'_-_-_'_-_-_-_-_-_-_'_:-_-_'_ -_'_t‘_E‘Eﬂ‘EE%E?_{]:-_E!_!?:Q;E:]-E:
Tululula]-Ta ! EOOOON | | Clululu]als]s |
e W H — o — —
| Bridge Attention i | : I Bridge Attention * ; I Bridge Attention |
4 | i : . i ; I I
! :;I_II%J :L',l_éll :;EI'_'+.'I_I | :hflill z, Dr$||—. 1 z:;'_lIIIZII_I :]'J;[El i
! 1 I i A
: Hierarchical Shift-Window Attention I | E : Hierarchical Shift-Window Attention I | : | Hierarchical Shift-Window Attention I !
! U] i ' ! ¥
SR O A <111 1 A PMFN ] PMEN]
EO00OE OO0 OO00m OCICICI e EII:IIJ_;EI:I BCL00 OooCm |
z Z, 4 z, | Z, zf | : X,
Encoder Encoder Encoder i Encoder Encoder Encoder Encoder
$ s $ t | $
X J:c i : :51 x.; | i 'I--'L :-e’l 1
Personalized Module | ' Personalized Module | Personalized .\-Iuduleé

» A newly designed Personalized Federated Learning framework,

including a multi-center global aggregation structure facilitated by a
two-stage iterative clustering scheme and a hierarchical local training

structure integrated with a model-contrastive learning scheme

> A Personalized Multi-Modal Fusion Network, in which a hierarchical

shift-window attention mechanism is improved to fuse the high-
dimensional inputs from users’ multi-modal data while effectively

reduce the feature dimensions, and a bridge attention mechanism is
introduced to greatly reduce the computational cost for more efficient

cross-modal fusion from heterogeneous data

Robust Estimation
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Akifumi Okuno. “Minimizing robust density power-based
divergences for general parametric density models”

accepted to AISM.

As an extension of KL-divergence, density-power divergence (DPD):

1
dﬁ{@: Pg) = — E”_l Z pg(x;)F

s robust against outliers, but previous works optimized DPD only
for simple probabilistic density models (e.g., normal density)
whose integral can be analytically calculated. Okuno (AISM2024)
proposes a stochastic algorithm to optimize DPD for general
parametric models without explicitly computing integrals.
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Gompertz density (Skew)
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Gaussian mixture (multimodal)

We provide R package “sgdpd”:
https://github.com/oknakfm/sgdpd

HASE TOMEER  https://doi.org/10.51094/jxiv.642
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