
Why Move Beyond Vanilla VAEs to Representation Encoders?
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The Platonic Representation Hypothesis
Neural networks trained on different data, objectives, and modalities converge to a shared representation of reality.



Better VAE Representations Benefit Generation

Figure adapted from LiteVAE: Lightweight and Efficient Variational Autoencoders for Latent Diffusion Models.
1.EQ-VAE: Equivariance Regularized Latent Space for Improved Generative Image Modeling
2. Reconstruction vs. Generation: Taming Optimization Dilemma in Latent Diffusion Models
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Analysis: Why Direct Use of Representation Features Fails



Visualization comparison between RAE and VAE.
Resolution: 256 × 256 Model size: ~700M Training data: CC12M

 

 



Representation Encoder vs. VAE Latent Space

Representation Encoder VAE Latent Space

Discriminative / contrastive 
objectives

Training Target: Image reconstruction
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dimensional

Compact? KL regularization & Low-
dimensional

Image Reconstruction ✗

Hard to Fit & OOD-Prone ✗ Good Representation✗



PS-VAE: Making Representation Encoders Generation-Ready
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PS-VAE：Pixel-Semantic Stage





Thanks
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