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Research interest

1. Computational methods for bioinformatics
A Statistical models for sparse;dim geometry of biological data
A Generative deep learning models

2. Medical image analysis
A Self supervised learning in muftiodality
A Universal medical image processing

3. Quantum computing
A Statistical algorithms inspired by adiabatic quantum computing
A Quantum analog of conventional machine learning algorithms
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Story begins from

Dynamicgraph
Seriesof dynamicgraph
Generatingseries ofdynamic graph




Systematic approacn:

Classify, Regress, and Generate



Nave spatio-temporal approach

Somehow encode spatial data.
Provide embedding to transformer.



Nave spatio-temporal approach

N, = f_EN_C(Gt)( t=1, e
DFEdICtIOﬂ: gTSsoIve“ ‘t ht)



Nave spatio-temporal approach

Time series solver: Transform&pDENet
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,," Shared Encoder for embeddrng
i Encoder can be Iearned In seh%upervrsed manner
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Image

Established by SSL




Im et al.
(NIPS 2021)
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Spatial attention

Temporal attention
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SSL?
Generative model?
Onestepapproach



Shared encoder- TS model

Dynamics on latent space



Applicable to
Spatiotemporal Graph Generation



Autoregressive
Nebli et al. (PRIME 2020)
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Autoregressive
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Converting forecasting problem to
Conditional generationproblem



Regazzonet al. 2023 Apr

Latent Dynamics Networks (DNets):
learning the intrinsic dynamics of
spatio-temporal processes



Components

Latent Dynamics Model NN,

Reconstruction(generative) ModelNN,.

Qqt) = NNy, (S(), u(t);wgy,)
dix,t) = NNrec(S(t)’ U(t), X;Wrec)



Extrapolation:

Train forecasting
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Qt) = NNgy(S(1), u();Weyn)




Remaining questions

Qtt) = NNy, (S(), u(t);wgy,)
W(X,1) = NN (s(t), u(t), X;w, o)

Select dynamics model: domaspecific?
Select generative model: AE? GAN? Diffusion?



Graph Diffusion Is
gaining attention



Brief introduction:
Will be detalled @ GUG blog3

SMLD DDPM DDPM
EDP-GNN DiGress GRAPHARM
Upper triangular part of Nodefeature Row of adj.matrix
ad]. matrix & edge attribute (autoregressive)




Wen et al.(2023)
Probabillistic Spatio-Temporal Graph Forecasting with
DenoisingDiffusion Models

DiffSTG UGnet
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Liang et al.(2023)
Diffusion-Variational Graph Neural Network(DVGNN)
for Spatio-temporal Forecasting



