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ABSTRACT

Diffusion models have achieved impressive advancements in various vision tasks.
However, these gains often rely on increasing model size, which escalates com-
putational complexity and memory demands, complicating deployment, raising
inference costs, and causing environmental impact. While some studies have ex-
plored pruning techniques to improve the memory efficiency of diffusion mod-
els, most existing methods require extensive retraining to retain the model per-
formance. Retraining a modern large diffusion model is extremely costly and
resource-intensive, which limits the practicality of these methods. In this work,
we achieve low-cost diffusion pruning without retraining by proposing a model-
agnostic structural pruning framework for diffusion models that learns a differen-
tiable mask to sparsify the model. To ensure effective pruning that preserves the
quality of the final denoised latent, we design a novel end-to-end pruning objec-
tive that spans the entire diffusion process. As end-to-end pruning is memory-
intensive, we further propose time step gradient checkpointing, a technique that
significantly reduces memory usage during optimization, enabling end-to-end
pruning within a limited memory budget. Results on state-of-the-art U-Net dif-
fusion models SD-XL and diffusion transformers (FLUX) demonstrate that our
method can effectively prune up to 20% parameters with minimal perceptible per-
formance degradation—and notably, without the need for model retraining. We
also showcase that our method can still prune on top of time step distilled diffu-
sion models.

1 INTRODUCTION

Recently, diffusion models have made remarkable progress in various vision tasks, including text-
to-image generation Brooks et al.| (2023); Rombach et al.| (2022)); Ramesh et al.| (2022); [Nichol
et al.[(2022), image-inpainting Saharia et al.|(2022a)); |Lugmayr et al.|(2022));|Corneanu et al.[(2024),
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Figure 1: We demonstrate that it is possible to prune state-of-the-art diffusion models up to 20%,
without retrainingafter pruning, while maintaining high-quality generated images. Our pruning
enables the deployment of SDXL on an 8GB GPU and FLUX on a 24GB GPU.

super-resolution Saharia et al. (2022b); Li et[al. (2022), and video generation Hd et al. (2022); Luo
et al| (2023)} Singer et al. (2022). This progress has been accompanied by architectural evolution,
from the U-Net-based Stable Diffusion 1 (SD1) Rombach et al. (2022) to the larger Stable Diffusion
XL (SDXL) Podell et al. (2024), the transformer-based Stable Diffusion 3 (SD3), and most recently,
the FLUX model Esser et al. (2024); Labs (2024). Although the development of models partially
stems from the improvement of training techniques and architectural innovations, the performance
boost is largely attributed to model size scaling. The most recent FLUX model, with 12 billion
parameters, is about 13 times larger than the SD1 (860 million) developed just two years ago Labs
(2024). The rapid growth in size has caused potential issues: larger models demand larger GPU
and more computation during inference, limit deployment on smaller computation platforms, and
substantially increase the carbon footprint.

Because of the potential issues induced by larger diffusion models, prior methods have explored
ways to reduce model size and computation, Fang et al. (2023), including model distillation Meng
et al. (2023); Huang et al. (2024) and model pruning Fang et al. (2023). Compared to distillation,
pruning usually induces less training overhead. However, pruning diffusion models present consid-
erable challenges, as even minor changes in continuous latent variables can degrade image quality.
Consequently, pruning diffusion models often require retraining to restore performance. Fang et al.
(2023) estimate that diffusion model compression can demand 10% to 20% of the original training
cost. For large models, this retraining burden is substantial. For instance, training Stable Diffusion
2 requires approximate®00 000GPU hours on 40GB A100 GPUs Al (2022), costing ne&idiv

on AWS Amazon Web Services (2024). Retraining a compressed version of SD2 can, therefore,
consume up td0; 000GPU hours. Pruning larger models, such as SDXL and FLUX, would require
even more resources, posing signi cant challenges for resource-constrained organizations.

In this work, we show for the rst time, to the best of our knowledge, that a signi cant amount of
parameters can still be removed without retraining the pruned model, as illustrated in Figure 1. For
effective pruning that maintains generation ability throughout the denoising process, we formulate
an end-to-end pruning objective to preserve the nal denoised latent at the last denoising step given
an initial noise input. This approach has the advantage over the alternative of minimizing the noise
prediction difference between the original and the pruned model at each time step separately, which
can introduce cumulative errors throughout the denoising steps and eventually lead to substantial
quality degradation.

However, during end-to-end pruning, backpropagation requires storing all intermediate outputs
across all diffusion steps, leading to signi cant memory demands. For instance, performing end-
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