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1.1 Diffusion Has Become 
Mainstream for Image Generation

Background
Motivation RT-Lynx Experimental

Analysis Conclusion

Ø DiT models are mainly constrained by two factors

n Generating one image requires several or even dozens of 
denoising steps

n Each denoising step is usually more compute-intensive 
than conventional LLM inference
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1.2 Mainstream Acceleration 
Methods for Diffusion
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n Distillation: distills multi-step generation into fewer steps, 
reducing denoising steps, e.g., from 50 to 8. [1]

n Quantization: lowers weight and activation precision, e.g., 
from BF16/FP16 to FP8 or even FP4, to exploit high-FLOPS 
low-precision cores. [2]

n Caching: uses similarity between adjacent steps to reduce 
computation, e.g., merging two steps into one. [3]

n Attention: reduces redundant computation in attention to 
lower overall cost. [4]

[1] Zheng, K., Wang, Y., Ma, Q., Chen, H., Zhang, J., Balaji, Y., Chen, J., Liu, M., Zhu, J., & Zhang, Q. (2025). Large Scale Diffusion Distillation via Score-Regularized Continuous-Time Consistency. ArXiv, abs/2510.08431.

[2] Li, M., Lin, Y., Zhang, Z., Cai, T., Li, X., Guo, J., Xie, E., Meng, C., Zhu, J., & Han, S. (2024). SVDQuant: Absorbing Outliers by Low-Rank Components for 4-Bit Diffusion Models. ArXiv, abs/2411.05007.

[3] Liu, F., Zhang, S., Wang, X., Wei, Y., Qiu, H., Zhao, Y., Zhang, Y., Ye, Q., & Wan, F. (2024). Timestep Embedding Tells: It’s Time to Cache for Video Diffusion Model. 2025 IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR).

[4] Zhang, J., Xiang, C., Huang, H., Wei, J., Xi, H., Zhu, J., & Chen, J. (2025). SpargeAttn: Accurate Sparse Attention Accelerating Any Model Inference. ArXiv, abs/2502.18137.

However, sparsity, the most common acceleration method 

in LLMs (up to 2x), remains unused here...



1.3 Is Diffusion Unsuitable for 
Sparsity?
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n Sparse Weight severely damages the original model's image-generation capability
n Sparse Activation shows some robustness to sparse operations, preserving the basic elements and visual 

quality of generated images

Experiment: Comparison of sparsification strategies on Qwen-Image. Both weight and activation sparsity use 
Top-K selection to impose 2:4 semi-structured sparsity.



1.4 Why Sparse Activation is 
Better?
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So: Activations in DiT are 
numerically sparser and 
less sensitive to errors 
from sparse operations!

Ø Experiment-1: 
Distribution and error 
comparison of weight vs. 
activation sparsity in 
Qwen-Image MLP-down 
layers under Top-K 2:4 
sparsification.

Ø Experiment-2: 
Distribution and error 
comparison of weight vs. 
activation sparsity across 
Qwen-Image Linear 
layers under Top-K 2:4 
sparsification.

We propose a new sparsity paradigm:

shift the sparsified object from weights to activations



1.5 Two Challenges Background
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n Sparse Activation still introduces 
large errors on some prompts.

Ø Accuracy Ø Performance

n Sparse Activation requires online sparsification and format conversion 
while also enabling efficient pipelined GEMM execution. This remains 
largely unexplored, making speedup difficult to achieve.

Accuracy compensation and an efficient execution pipeline are 

needed to preserve quality and achieve speedup
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2.1 Overview Background
Motivation RT-Lynx Experimental 

Analysis Conclusion
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Replace all linear layers in the model with RT-Lynx (Plug-and-Play).



2.2 Error Compensation Background
Motivation RT-Lynx Experimental 

Analysis Conclusion
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ü Rescale sparse activations: so their L2 norm aligns 

with the original dense activations.

n Pruning reduces the overall magnitude.

ü A lightweight LoRA branch recovers sparsification residuals by aligning sparse outputs with dense outputs 
through self-distillation. 

ü For sensitive layers that cannot be fully compensated, sparsification is skipped to balance accuracy and speed.

n Although activations are close to zero, they still 
contain fine-grained information; 



2.4 CUDA Kernel Optimization Background
Motivation RT-Lynx Experimental 
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n The online computation of sparse matrix multiplication using existing kernels takes too long.

ü Fuse pattern determination, Top-K, and compression into a single CUDA kernel, directly generating a 2:4 
SpTC-compatible layout at the register level.

ü Build a execution pipeline for sparse computation + dense LoRA computation, combining Yr and Ys on chip. 
Avoid materializing intermediate LoRA results, reducing synchronization and memory access overhead.
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3.1 Experimental Setup Background
Motivation RT-Lynx Experimental 

Analysis Conclusion
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n Model

p Qwen-Image

p FLUX.1-Dev

p Z-Image

p Qwen-Image-2512

n Datasets (5000 prompt)

p MJHQ

p sDCI

n Baseline

p Wanda

p RIA

p BaWA

p Slim

n Metrics

p FID

p Image Reward

p CLIP-IQA

p CLIP-Score

n Details

p H20 GPUs

p Driver: 580.82.07

p CUDA 13.0



3.1 Accuracy Background
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(1) Naive weight 

sparsity severely 

degrades image quality, 

while activation 

sparsity provides a 

stronger starting point. 

(2) RT-Lynx further 

restores quality, 

achieving the best FID 

and IR among sparse 

methods on both MJHQ 

and sDCI.



3.3 Performance Background
Motivation RT-Lynx Experimental 
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Kernel: RT-Lynx accelerates GEMM with low sparsification overhead, achieving up to 1.88× kernel speedup.
E2E: The optimized sparse Linear layers reduce single-step latency and bring consistent end-to-end gains.



3.4 Ablation Study Background
Motivation RT-Lynx Experimental 

Analysis Conclusion
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Each component contributes to stable sparse inference: norm compensation reduces error, LoRA restores output 

quality, and sensitive-layer skipping protects fragile layers.

Together, they deliver the best visual quality and metric performance across models.



3.5 Compatibility Background
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(1)  RT-Lynx can be seamlessly combined with Distillation, Quantization, Cache, and Sparse Attention.

(2)  These combinations further improve end-to-end speedup, reaching up to 11.86×, while preserving 

competitive FID, IR, C.SCR, and C.IQA scores.
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4 Conclusion Background
Motivation RT-Lynx Experimental 

Analysis Conclusion
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Ø We explore shifting the sparsity paradigm from weights to activations to 

enable efficient inference acceleration for DiT models.

Ø We reveal that activations exhibit inherent sparsity and are more robust 

than weights under N:M sparsity.

Ø We propose RT-Lynx, introducing norm compensation, a LoRA branch, and a 

layer-skipping mechanism to reduce sparsification error.

Ø We design an efficient CUDA kernel that fuses online activation sparsity 

generation with sparse computation.

Ø Across multiple diffusion models, RT-Lynx achieves lossless acceleration with 

significant inference speedups.
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