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A ICLR Levy-ltd Diffusion Models: overview

One of known drawbacks of common diffusion models is their poor performance on underrepresented
classes in the scenario when training dataset is highly imbalanced

* Recently, it has been proposed [1] to replace Gaussian noise in diffusion models with a—stable distribution
with heavier tails to allow for better diversity and mode coverage in the mentioned scenario
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* The last term is usually skipped
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3 ICLR Lévy-1to Diffusion Models: parametric family of SDEs

* We propose to use the following parametric family of reverse SDEs to sample from LIMs:

dX, = ((Xer t) — (1 + n)o? S (Xop))dt + oyn) *dLe
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We propose to use the following parametric family of reverse SDEs to sample from LIMSs:
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Xy = (n(Xes t) — (14 m)op 8™ (Xoq))dt + oeny “dL
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ICLR Lévy-Ito Diffusion Models: results

Unconditional image generation experiments on CIFAR10 demonstrate that for carefully chosen n we can
obtain significant improvements in terms of FID compared to other known methods of sampling from LIMs:

Euler-Maruyama

Exponential Integrator

N=20 [ N=b0 | N=20 [ N=50 [ N=500
SDE-A (LIM with o = 1.8) | 144.7 | 61.57 10.42 | 6.58 2.64
SDE-E (LIM with o = 1.8) | 8.79 4.14 6.86 | 4.87 3.36
ODE (LIM with o = 1.8) 11.68 5.23 10.31 4.88 3.38
SDE-A (LIM with a = 1.5) | 109.5 22.68 9.05 4.25 2.72
SDE-E (LIM with « 1 5) | 7.86 4.37 6.27 | 4.09 3.26
ODE (LIM with o = 1.5) 9.95 5.94 10.50 | 5.14 3.35
SDE-A (LIM with a = 1.2) | 49.87 4.54 7.70 4.49 3.28
SDE-E (LIM with o« = 1.2) | 7.08 4.22 7.08 | 4.26 3.74
ODE (LIM with o = 1 2) 8.43 5.25 9.14 5.12 3.74

ICLR 2025, Singapore



ICLR Leévy-Itd Diffusion Models: results

Euler-Maruyama

Exponential Integrator

N=20 | N=50 | N=20 | N=50 | N=500
SDE-A (LIMwitha = 1.8) | 144.7 | 61.57 | 1042 | 658 | 2.64
SDE-E (LIMwitha — 1.8) | 8.79 | 4.14 | 6.86 | 487 | 3.36
ODE (LIMwitha = 1.8) | 11.68 | 5.23 | 10.31 | 488 | 3.38
SDE-A (LIMwitha = 1.5) | 1095 | 22.68 | 9.05 | 425 | 2.72
SDE-E (LIMwitha = 1.5) | 7.86 | 4.37 | 6.27 | 409 | 3.26
ODE (LIMwitha = 1.5) | 9.95 | 5904 | 10.50 | 5.14 | 3.35
SDE-A (LIMwitha = 1.2) | 49.87 | 4.54 | 7.70 | 4.49 | 3.28
SDE-E (LIMwitha = 1.2) | 7.08 | 422 | 7.08 | 426 | 3.74
ODE (LIMwitha =1.2) | 843 | 525 | 9.14 | 5.12 | 3.74

Thank you for your attention!

Unconditional image generation experiments on CIFAR10 demonstrate that for carefully chosen n we can
obtain significant improvements in terms of FID compared to other known methods of sampling from LIMs:

Additionally we have experiments in image generation and text-to-speech synthesis in imbalanced setting
More details can be found in the paper
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