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Motivation

» \We offer a hypothesis explaining why non-uniform training strategies may offer advantages over the uniform
training approach

» We begin by assuming an independent parameterization across diffusion timesteps, with a independent set of
parameters 6 = {6:};_, for each timestep.

» Theorem 1 implies that the number of iterations needed for SGD to converge increases in proportion to the
gradient’s variance.
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Motivation

» As gradient variance at optimal parameters serves as a lower bound on the number of gradient iterations
required for convergence (Theorem 1), early timesteps may bottleneck diffusion training under uniform

sampling.
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Interdependence of L;

» However, without the assumption of independence across subproblems [,t based on a specific
parameterization, the optimality of such a sampler is not guaranteed.
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» The figure reveals that the loss increase in untrained timesteps is significantly greater than the loss reduction in
the trained timesteps, highlighting the strong interdependence between subproblems
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Table 4. Performance (FID) comparison on the CIFAR-10 dataset
between our method and the approach that samples timesteps pro-
portional to gradient variance. We reported the lowest FID score
achieved for each training duration. The algorithm achieving the
lowest FID score is highlighted in bold.



Method

» We propose a non-uniform timestep sampling strategy for diffusion model training, utilizing a timestep sampler 7T

0« 0 — VoL, t ~7(|x0), Lt = ct]le — 69(3775?75)\\2

» Our goal is to train the timestep sampler 7T to minimize the original objective, the variational lower bound LviB.
To achieve this, we seek to optimize the sampler 7T ¢, to sample timesteps ¢ that yield the greatest reduction
of LviB at each iteration k.
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Method

» Following an update from 6 to 11, we compute the set {4,,} _, based on 6, and 0+1,and add it to a
queue.

» A feature selection method is then applied to identify |S|timesteps that best explains Al from this queue.

» Then a timestep sampler ¢ is trained to maximize A%, which samples timesteps { that is expected to
achieve the largest reduction in the diffusion loss.

- —— Algorithm 2 - -
"F""""" g \
Dataset x Compute {SET}T_ Feature |
’ | —— — (_Selection )] |
| l
) o SORCEORMECN]
- 006 @)
Timestep : . E :
. |eo-me o=
.r , D@0 @)
| ’ |
l

imestep Sampler m, update L
Update my to maximize Aj
Timestep _ /




CVPR ==

Experiments
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Experiments
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Experiments

Gradient Variance (Ly.g)

Diffusion Loss (Ly;g)
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