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• Confines diffusion model training to a fixed latent space

• Interact between AE & LDM

• REPA[1]  align early-layer features of DiT with clean image 

features from pre-trained vision encoders

[1] Yu S, Kwak S, Jang H, et al. Representation alignment for generation: Training diffusion transformers is easier than you think. (ICLR 25）
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Improving the Diffusability of Autoencoders

5[1] Skorokhodov I, Girish S, Hu B, et al. Improving the diffusability of autoencoders[J]. (arXiv)

Insights 

• High-frequency noise in AE 

• Scale equivariance: a simple regularization
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Improving the Diffusability of Autoencoders

6[1] Skorokhodov I, Girish S, Hu B, et al. Improving the diffusability of autoencoders[J]. (arXiv)

Blockwise 2D DCT 

• Autoencoder is different from RGB

• Bigger channel has higher frequencies 
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Improving the Diffusability of Autoencoders

7[1] Skorokhodov I, Girish S, Hu B, et al. Improving the diffusability of autoencoders[J]. (arXiv)

Spectral Analysis 
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Improving the Diffusability of Autoencoders

8[1] Skorokhodov I, Girish S, Hu B, et al. Improving the diffusability of autoencoders[J]. (arXiv)

Scale Equivariance Regularization

• ×2 − 4 bilinear downsampling

• Removes high-frequency & remain low-frequency
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Insights 

• Lack semantic-preserving in AE

• Equivariance Regularization: a simple regularization

[1] Kouzelis T, Kakogeorgiou I, Gidaris S, et al. EQ-VAE: Equivariance Regularized Latent Space for Improved Generative Image Modeling. (arXiv)
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EQ-VAE
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Semantic-preserving

• Spatial Transformation

• Equivariance

[1] Kouzelis T, Kakogeorgiou I, Gidaris S, et al. EQ-VAE: Equivariance Regularized Latent Space for Improved Generative Image Modeling. (arXiv)
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Equivariance Regularization

[1] Kouzelis T, Kakogeorgiou I, Gidaris S, et al. EQ-VAE: Equivariance Regularized Latent Space for Improved Generative Image Modeling. (arXiv)
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Motivation

• Uneven distribution of potential features in AE

• Contradiction between reconstruction and generation

 [1] Yao J, Yang B, Wang X. Reconstruction vs. generation: Taming optimization dilemma in latent diffusion models.(CVPR 25)
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Vision Foundation model alignment loss

 [1] Yao J, Yang B, Wang X. Reconstruction vs. generation: Taming optimization dilemma in latent diffusion models.(CVPR 25)



思想自由 兼容并包

VA-VAE

14

Marginal Cosine Similarity Loss

• Image latents Z & foundational visual representations F

 [1] Yao J, Yang B, Wang X. Reconstruction vs. generation: Taming optimization dilemma in latent diffusion models.(CVPR 25)
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 Marginal Distance Matrix Similarity Loss

• Reduce relative distribution distance

 [1] Yao J, Yang B, Wang X. Reconstruction vs. generation: Taming optimization dilemma in latent diffusion models.(CVPR 25)
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VA-VAE
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 Adaptive Weighting

• Ensuring similar impacts on model optimization

 [1] Yao J, Yang B, Wang X. Reconstruction vs. generation: Taming optimization dilemma in latent diffusion models.(CVPR 25)
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Motivation
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• Recent works fintune the VAE to improve the equivariance

• Jointly tune both VAE and LDM in an end-to-end manner

• End-to-end training can lead to increased performance
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 Naive End-to-End Tuning is Ineffective

• Simpler latent-space

• Reduced generation performance
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 CKNNA scores

• High CKNNA, better generation

• Optimize CKNNA score(REPA loss)
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Representation Alignment is Bottlenecked by VAE

• Frozen VAE has limitation
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 Batch-Norm Layer for VAE Latent Normalization

•  From precomputed latent statistics(1/ 0.1825 for SD-VAE) to

•  A new batch-norm layer
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 End-to-End Representation-Alignment Loss

• DiT hidden state gets projection

• Overall Training
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Significantly improve generation performance and 

training speed
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REPA-E generalize across variations



思想自由 兼容并包

Experiments

29

REPA-E generalize across variations



思想自由 兼容并包

Experiments

30

REPA-E generalize across variations



思想自由 兼容并包

Experiments

31
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The impact of end-to-end tuning
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The impact of end-to-end tuning
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