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Time Series : continuous phenomena / observed partially
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Technical options for continuous modeling

* Gaussian Processes [Williams & Rasmussen, 2006] / Neural Processes [Kim et al. 2019]
* Diffusion Model [Ho et al. 2020]
* Implicit Neural Representation (INR) [Dupont et al. 2022]
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Technical options for continuous modeling

* Gaussian Processes [Williams & Rasmussen, 2006] / Neural Processes [Kim et al. 2019]

Diffusion Model [Ho et al. 2020]
Implicit Neural Representation (INR) [Dupont et al. 2022]

s = a given time series f9

t = a time step
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Dealing with Multiple Time Series : HyperNetwork architecture

Linear hypernetwork 4,
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Dealing with Multiple Time Series : Hypernetwork architecture

Inference:
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Results: it works in a very diverse range of situations

Gortrmoaus methods Dezmte mettods

* Imputation
* Longrange forecasting
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Conclusion: A path towards foundation models for time series

A way to leam semantic representations

Extract aligned representations
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