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Introduction

• Diffusion Transformer (DiT) has demonstrate significant superioriry in 
visual generation  

�

Sora WanX Movie GenStable Diffusion 3 Flux

• DiT faces significant efficiency challenges during generation �

William Peebles and Saining Xie. Scalable diffusion models with transformers. In ICCV, pp. 4195–4205, 2023.



Introduction

• Efficient diffusion samplers

• Global acceleration e.g. Cache

• Model compression e.g. 
pruning

Previous solution

• A fixed model width across all diffusion timesteps

• Same computational cost to every image patch

Problem



Introduction
Redundancy from timestep perspective

• Loss differences diminish substantially for t > tˆ, and even approach negligible 
levels as t nears the prior distribution (t → T)

• The same architecture across all timesteps, leading to excessive computational 
costs at timesteps where the task complexity is low.



Introduction
Redundancy from spatial perspective

• The difficulty of noise prediction varies across spatial regions

• Uniform computational treatment of all patches introduces redundancy and is likely 
suboptimal.



We propose Dynamic Diffusion Transformer 
(DyDiT):

• Timestep-wise Dynamic Width (TDW)

• Spatial-wise Dynamic Token (SDT)

Introduction



Methodology
Timestep-wise dynamic width (TDW)

 convered into binary masks



Methodology
Spatial-wise dynamic token (SDT)

 convered into binary mask



Methodology
FLOPs-aware end-to-end training

• t ∼ Uniform(0, T) during training，approximately covers the entire computation graph.

• FLOPs                 using masks



Experiments
Comparison with state-of-the-art diffusion models



Experiments
Scaling up ability

Increased computation redundancy with larger models, allowing our method to reduce 
redundancy without compromising FID



Experiments
Visualization of dynamic architecture



Experiments
Computational cost across different image patches



Experiments
Compatibility



Thanks！
 https://github.com/NUS-HPC-AI-Lab/Dynamic-Diffusion-Transformer


