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Semantic Representation Can be Reconstructed! Diffusion in Representation Space Converges Much Faster!Train Diffusion Transformers on High Dimensional Representation!
Representation Autoencoder: 

Train decoder on top of frozen semantic encoders!

Standard reconstruction loss yields good reconstruction!

Findings #1: DiT must be wider than RAE tokensNaïve Flow Matching fails…

Findings #2: High-dimension diffusion requires noise schedule shift

Same Noise std: 0.4

Becomes clearer and clearer when resolution(dimension) increases!
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Findings #3: Add noise in RAE decoder training

Even faster: DiT w/ wide DDT Head

Better Rep. Quality Larger Decoder, Better 
rFID

Works for different size 
encoders
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𝑧 ∼ 𝑁 0, 𝜎 , 𝜎 ∼ 𝑈[0, 𝜏]
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1+2+3 = Very fast convergence!


