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Show state-of-the-art results in recent image/video generation
• Sora, SD3, Flux, DreamMachine, etc.

Introduction: Diffusion/Flow Models

2Images/Videos from  https://stability.ai/news/introducing-stable-diffusion-3-5, https://openai.com/sora/

https://stability.ai/news/introducing-stable-diffusion-3-5
https://openai.com/sora/


DiT: A recent scalable architecture for diffusion models
Issue: Extremely high training cost
• e.g.) Requires 1400 epochs on ImageNet to achieve reasonable FIDs

Diffusion Transformer (DiT) Training Is Too Slow

3Images from DiT [https://arxiv.org/abs/2212.09748] and SiT [https://arxiv.org/abs/2401.08740]

https://arxiv.org/abs/2212.09748
https://arxiv.org/abs/2401.08740


Recent work: Diffusion models learn acceptable representations
• e.g., DDAE [Xiang et al., 2023], l-DAE [Chen et al., 2024]
• But they still leg behind recent state-of-the-art SSL representations

Generation for Representation Learning

4Images from DDAE [https://arxiv.org/pdf/2303.09769] and l-DAE [https://arxiv.org/pdf/2401.14404] 

https://arxiv.org/pdf/2303.09769
https://arxiv.org/pdf/2401.14404


Our focus: Representation for Better Generation
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Question: Can good representation improve 
training efficiency and generation quality of diffusion models?



Three main observations from pretrained SiT-XL/2 representations: 
• The model learns reasonably (discriminative) representations 
• Representation are partially aligned with state-of-the-art visual encoders
• Alignment improves slowly and inefficiently with increased training/model size

Observations from Pretrained SiT-XL/2 Representations
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Metric for measuring 
representation alignment 

between two models
[Huh et al., 2024]



Three main observations from pretrained SiT-XL/2 representations: 
• The model learns reasonably (discriminative) representations 
• Representation are partially aligned with state-of-the-art visual encoders
• Alignment improves but inefficiently with increased training/model size

Observations from Pretrained SiT-XL/2 Representations
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Representation for Better Generation
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Hypothesis: Model should first learn good “representations” 
before focusing on “reconstructing” pixel-wise details

• The denoising objective alone might be insufficient to achieve this
• If we can guide representation learning of DiTs, then training becomes much easier



We guide representation learning via a simple regularization
• REPA: Distills pretrained SSL representations into diffusion representations

REPA: A Simple Regularization
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Target

Alignment between the target representation
and the projected hidden state 

Hidden stateMLP

Patch Index



With REPA, the model shows
• Reduced semantic gap: Improved linear probing performance
• Stronger alignment: Higher CKNNA values
• Improved training dynamics: Better FID and validation accuracy

Bridging the Representation Gap
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REPA enables much better visual scaling
• The model produces significantly better generation at the same training iteration

REPA Improves Visual Scaling
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For different target representations:
• Higher-quality representations lead to better linear probing results/generation quality

Analysis: Scalability (ImageNet 256x256)
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For different model sizes:
• Larger model with REPA reaches the same FID level faster as model size increases

Analysis: Scalability (ImageNet 256x256)
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For different model sizes:
• Larger models show steeper performance gain with REPA

Analysis: Scalability (ImageNet 256x256)
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Results on ImageNet 256x256
• Accelerates training by over 17.5×
• Achieves state-of-the-art performance
• With guidance interval, FID=1.42

System-level Comparison: ImageNet 256x256
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Results on a higher-resolution dataset
• Also shows significant improvements
• REPA exceeds the vanilla model’s FID 

>7.5x faster 

System-level Comparison: ImageNet 512x512
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Results on MS-COCO
• Shows better image quality
• Improves image-text alignment

System-level Comparison: Text-to-Image Generation
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A baseball player 
taking a swing at an 
incoming ball.

A green train is 
coming down the 
tracks.

A living area with a 
television and a table.

A bus is driving in a 
city area with traffic 
signs.

A bus pulls over to the 
curb close to an 
intersection.

A small kitchen with a 
low ceiling.
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A group of perople are 
walking and one is 
holding an umbrella.

A table setting of 
colorful food.

A close up of a plate of 
broccoli and sauce.

Some food is cooking 
in a small plate.

A group of skiers are 
preparing to ski down 
a mountain.

A zebra standing at 
the edge of a pond.
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REPA: Summary & Conclusion
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Summary: Representation alignment significantly improves DiT/SiT training

We propose REPA = REPresentation Alignment
1. Hypothesis: “Good representation” is a key for diffusion transformer training
2. Shows great scalability in terms of target representation, model size, etc.
3. State-of-the-art FID on ImageNet 256x256 (FID=1.42)
4. Significant improvements in higher resolution datasets or text-to-image generation
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