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Continuous Diffusion for Categorical Data (CDCD)
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Common continuous-domain diffusion models:
• Forward diffusion adding noise to data operates in continuous space ℝ𝑛.
• Neural network guiding reverse diffusion also makes predictions (usually ∇𝑙𝑜𝑔𝑝𝑡 𝑋𝑡 , 𝔼[𝑋0|𝑋𝑡], 𝔼[𝜀𝑡|𝑋𝑡], or their 

linear combination) in continuous space ℝ𝑛 and is trained with MSE loss.

Common discrete-domain diffusion models:
• Forward diffusion operates in discrete space: a sequence of discrete tokens is perturbed (e.g. masked).
• Neural network guiding reverse diffusion predicts logits for a vocabulary with finite size and is trained with CE loss.
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Continuous Diffusion for Categorical Data (CDCD):
• Both forward and reverse diffusions operate in continuous space of token embeddings while neural network guiding 

reverse diffusion predicts probabilities of tokens from a finite vocabulary with cross-entropy loss:

where c is conditioning, k is token id and 𝑋𝑡 is its noisy embedding

• Reverse diffusion is still a stochastic process in continuous space, and the score function can be written down in 
terms of the probabilities 𝑃𝜃
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What is the optimal relative location of token embeddings for the best CDCD performance?



FSQ is a VQ method leading to tokens located “uniformly” in some hypercube in ℝ𝑛 for relatively low dimensionality n. 
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Optimality of FSQ latent space
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Optimality of FSQ latent space

Optimality in terms of token prediction accuracy

Optimally 
trained NN 
predictions :

Areas where 
predicted 

token id is k:

Average 
prediction 
accuracy:
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Optimality of FSQ latent space

Optimality in terms of average nearest neighbour distance

ANN distance:

Optimality in terms of token prediction accuracy
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CDCD-TTS

CDCD-TTS – a text-to-speech model based on FSQ speech tokens.
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CDCD-TTS

CDCD-TTS – a text-to-speech model based on FSQ speech tokens.

CDCD-TTS performs comparable or better than LLM-based counterpart CosyVoice2 while being 
significantly smaller and faster.



Thank you!


