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Structure of the presentation

1 State the problem of heavytail modeling using deep learning models (PhD thesis)
Panoramic of deep learning methods for heavytail distributions
Draw the future directions of my research

Briefly present the paper we will submit (ICML 2026)
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1. The Problem




The Problem

Generative task : we suppose
X{.... X} ~;., , pand we build a model X such

that X ~ U approximately

First : we are not only interested in the generation
of the bulk of the distributions, but also of the tails

Second : we deal with heavy tails, broadly meaning
that Extreme events are not only possible but likely.

P(|X|| > ¢) ~t % forsomea > 0ast —> + o©
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2. Deep Learning Solutions




Deep Learning Models for Heavytail Distributions

Since we are interested in modeling rain radar data (2D Images) and generic tabular
data, the model we can consider are the following ones :

NF : Normalizing Flows

GAN : Generative Adversarial Networks
VAE : Variational Autoeconders

SGM : Score based Generative Models
FM : Flow Matching
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Normalizing Flows

Find inversible NNy s.t. NNy(Z) ~ u Ry NN p Target Data
approximately, where Z ~ A(0,1)

Log likelihood maximization

Distributions from Normalizing Flows are
always light-tailed

SCOR
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Normalizing Flows for Heavytail distributions

Many approaches : from replacing the Truth
gaussian latent to preprocessing data

For instance McDonald propose to
preprocess data into the hypercube

[O, l]dlm | ’.
Problems on quality especially in high
dimensions
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Generative Adversarial Networks

Find a net NN, and a classifier D, Dy NNy

such that NN,(Z) is able to trick the Dy -
classifier, /4(0,])

Adversarial loss training & .
GANSs distributions are always light- Generated Data

tailed
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GANs for Heavytail Distributions

There is an approach that learns U — g4(U),
U i %[0,1]

Elegant in theory, architecture scaling might be a
bottleneck

Preprocess on a compact (we can use SGMs)

Problems in training stability and mode collapse.
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Variational Autoencoders

Find two nets E,, Dw s.t.
D,(EyX)) ~ X,

I
Ey(X) ~ N (0,1)
(approximately) X Encoder ’ z
Sampling by Z — Ey(Z) -

Naturally light-tailed and
images can be blurry
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VAE for Heavytail Distributions

Using two VAEs for generating X

One for the unidimensional || X|| which is heavytail by using a
unidimensional heavy tailed VAE.

One for the cond. distributions ® ||| X]|| where ® = X/|| X||

Problems : Polar in high dimensional data, VAE and image quality
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Summary on Deep Learning methods

Many approaches rely on preprocessing to map data into a compact domain

VAE approach rely on the division (O, || X]||)
Most existing approaches are evaluated only on tabular data or simplified settings
No theoretical guarantees are available on tail behavior

Bulk generation quality is generally inferior to standard diffusion models
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3. Score based Generative Models
&

Directions of my research




The State of the Art for Image and Videos

Diffusion models, a.k.a. Score based Generative Models

Starting from Gaussian X, = Z we can build a chain X, ..., X

n

X, | = NNy(X,, i) where NNy(x,1) = f(Dy(x))

l

0 € argmin ||DyaX + (1 —a)Z) — X||;2,Z ~ V/(0,])
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SGM for Heavytail Distributions

We chose to invest in this model because (i) it is incredibly powerful (ii) Today we can’t prescind
from diffusion for image modeling

In theory, SGMs can approximate any distribution with finite variance (sz(Q, P))

In practice, they struggle to accurately generate heavy-tailed-behavior

We explore several approaches to address this limitation
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Log-transformation

For any positive heavytail distribution X, the distribution Y = log(X') admits finite variance.

The logarithmic transform converts the tail from P(||X]|| > ) ~ t~* (power tail) to
P([|X]|| > t) ~ e”* (exponential) as t = + oo

This improves modeling of extreme events near the training range compared to vanilla SGMs

However, generation collapses for higher-order quantiles
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Logarithm Transformation + Specialized Prior

Sampling typically starts from a Gaussian prior Z
What if we instead learn a proper heavy-tailed initialization pienit based on data?

Log transformation + learned initialization improve tail generation compared to vanilla diffusion

However, extreme-event collapse remains
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Projecting data on a compact (Like COMET & EV-GAN)

{Xi}i'» ENCODER -}{ Ci}i

A promising approach for modeling asymptotic
behavior

Potentially higher generation quality than existing - A
methods Train a model C on {C;},

But the projection of R? on a set [—Cos Cl]dim might
be numerically unstable A A

(C' "9 |DECODER > Y

22 | Extreme Rain Generation Modeling using Deep Learning Models S_ IGN FOR SCIENCF



Heavytailed Diffusion Models

Heavy-tailed diffusion models have recently been proposed.
They offer a mathematically elegant generalization of Gaussian diffusion.

However, current training strategies and architectures are largely designed for Gaussian noise.
This might be a problem.

Thus, heavy-tailed diffusion remains a promising but not yet well-established direction.
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Conclusions




Conclusions

SGMs are likely to dominate the future of video and image modeling.

Other deep learning approaches often implement ideas that can also be used within
diffusion models, typically yielding better results

Many ideas remain to be explored for extreme-event modeling; some already outperform
vanilla SGMs

No single approach has yet proven to be clearly superior

No theoretical guarantees exist for extreme-event generation; successful simulation does
not imply reliability
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