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Challenge

Text-to-Image diffusion model at higher resolution



• U-Net: Exhibit repetitive artifacts and loss of global structure yet retain the capacity to generate local details.

Challenge

Text-to-Image diffusion model at higher resolution

SDXL (4096x4096) FLUX (4096x4096)

• DiT: Demonstrate complete failure in generating both global structure and local detail at higher resolutions.



He et al., Scalecrafter: Tuning-free Higher-Resolution Visual Generation with Diffusion Models, ICLR 2024.

• Limited Receptive field of convolutional layer causes repetitive artifacts.

• Use dilated convolution to expand receptive field.

Related Works

Dilated convolution-based methods

• Only compatible with U-Net architectures. 



Meng et al., SDEdit: Guided Image Synthesis and Editing with Stochastic Differential Equations, ICLR 2022.

Du et al., DemoFusion: Democratising High-Resolution Image Generation With No $$$, CVPR 2024.

• Upsample low resolution image → diffuse → denoise

• Relies on local detail generation capability, which pretrained DiT lacks at high resolution.

Related Works

SDEdit-based methods



Bar-Tal et al., Multidiffusion: Fusing Diffusion Paths for Controlled Image Generation, ICML 2023. 

• Divide high resolution canvas into overlapping low-resolution patches.

• Independently denoise each patch and combine their outputs. 

• Massive computational redundancy due to necessary overlap to ensure smooth transition across patch boundary. 

Related Works

Patch-based methods



• Only self-attention (with positional encoding) is directly affected by resolution increase

• Non-self-attention layers (MLP, CNN, Cross-Attn) perform operations on individual tokens or local regions.

Methods

Patch based processing only in 
self-attention

Esser, Patrick, et al., Scaling rectified flow transformers for high-resolution image synthesis, ICML 2024. 

Neighborhood Patch Attention (NPA)



• Only self-attention (with positional encoding) is directly affected by resolution increase

• Non-self-attention layers (MLP, CNN, Cross-Attn) perform operations on individual tokens or local regions.

Methods

Esser, Patrick, et al., Scaling rectified flow transformers for high-resolution image synthesis, ICML 2024. 

Neighborhood Patch Attention (NPA)

Process full high-resolution tensor 
in a single pass.



• Non-overlapping query patches → eliminate redundant computation.

• Extract overlapping key-value patch from query’s spatial neighborhood. 

• Overlap between these patches allows every query patch to attend to a wider context, ensuring smooth transitions.

Methods

Neighborhood Patch Attention (NPA)

Base Multidiffusion NPA (Ours)



Methods

Neighborhood Patch Attention (NPA)

• Non-overlapping query patches → eliminate redundant computation.

• Extract overlapping key-value patch from query’s spatial neighborhood. 

• Overlap between these patches allows every query patch to attend to a wider context, ensuring smooth transitions.
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• Integrate NPA into SDEdit pipeline.

• Starting from low resolution image, Upample → Diffuse → Denoise.

Methods

ScaleDiff Upscaling Pipeline
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• Upsample in Latent-Space (𝑍𝐿𝑈) : Lack of high frequencies → decoding artifacts. No oversmoothing bias.

• Upsample in RGB-Space (𝑍𝑅𝑈) : Biases the model toward oversmoothed results. No decoding artifacts

Methods

Latent Frequency Mixing (LFM)



• 𝑍𝑟𝑒𝑓 = 𝑍𝐿𝑈
𝑙 + 𝑍𝑅𝑈

ℎ

• Low-frequency components are obtained from 𝑍𝐿𝑈 to alleviate oversmoothing bias. 

• While high-frequency components are utilized from 𝑍𝑅𝑈 to avoid decoding artifacts..

Methods

Latent Frequency Mixing (LFM)

Latent Frequency Mixing (LFM)
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𝑍𝑙 = Up Down 𝑍

𝑍ℎ = 𝑍 − 𝑍𝑙



• መ𝑍𝟎|𝒕 = 𝑍0|𝑡
ℎ + 1 − 𝛾𝑡 𝑍0|𝑡
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𝑙

• Guide low-frequency components to the reference to enforce global structural consistency.

Methods

Structure Guidance (SG)

Structure Guidance (SG)
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Results

Qualitative Comparison
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Code Available
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