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Continuous Diffusion for Categorical Data (CDCD)

Common continuous-domain diffusion models:

* Forward diffusion adding noise to data operates in continuous space R".

* Neural network guiding reverse diffusion also makes predictions (usually Vlogp:(X;), E[Xo|X¢], E[e:|X¢], or their
linear combination) in continuous space R™ 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 /oss.
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Continuous Diffusion for Categorical Data (CDCD)

Common continuous-domain diffusion models:

* Forward diffusion adding noise to data operates in continuous space R".

* Neural network guiding reverse diffusion also makes predictions (usually Vlogp:(X;), E[Xo|X¢], E[e:|X¢], or their
linear combination) in continuous space R™ 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 /oss.

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:

Laiff(0) = E@,x,)~po.s(-,-c)[— 108 Po(k

Xy, t,c)] where cis conditioning, k is token id and X; 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 Py
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What is the optimal relative location of token embeddings for the best CDCD performance? a ICM L
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Optimality of FSQ latent space

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

FSQ is a VQ method leading to tokens located “uniformly” in some hypercube in R for relatively low dimensionality n.

Optimality in terms of token prediction accuracy

Optimally i
trained NN Py (k|z) x prexp (—2 5|z — a,c“]%)
predictions : T

Areas where

predicted Q3 (t) = {x € R" : k = arg max Poie(jlz)}
token id is k: J
Average %
prediction  A(E.,t) = Z P(Xo = ek, X: € (1))
accuracy: k=1
w | # Y k.
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(a)FSQ (base2) original
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Optimality of FSQ latent space

FSQ is a VQ method leading to tokens located “uniformly” in some hypercube in R for relatively low dimensionality n.

Optimality in terms of token prediction accuracy

Optimally
trained NN
predictions :

1 .
Po(kle) o prexp (~ 5ol — avenl
Areas where

predicted Q(t)={zr € R" :k= alg max Py (j]z)}

Optimality in terms of average nearest neighbour distance

=
1 2
ANN distance: D(F) := = min ||le; — ex||5-
(BY:= g ) i lei—esl
Theorem 4.3. In terms of average nearest neighbour dis-
tance D, the codebooks Ersqg = {e;.,},“f:l of base2 and
base3 FSQ methods are locally optimal in the class of all
codebooks with V' entries such that ||ey|~ < 1 for all

token id is k:

Average v k= 1,...V, i.e. any sufficiently small perturbation of a
prediction _ E : P(Xo = ex, X: € QX (2)) vector from the codebook FErs¢ leads to decreasing D.
accuracy: k=1
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CDCD-TTS

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

sl — Vocoder: mels > wav ’

discarded f:,]l e ! .;,\:

[ Flow-matching: tokens -> mels ]

= |
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= 1 ;:"31:;_{! flow-matching prior
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T
[ CDCD [DiT blocks + softmax layer]: text -> speech tokens ]

[
<> <> <> O diffusion prior
Hlelol] [HIoM [alre] lylolu[?|<pad>|<pad>|<pad>|<pad>|<pad>

Duration predictor

—  Text to synthesize: How are you? |

| Reference audio: iie I

L speech tokens, mels, text 4—'
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CDCD-TTS

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

: Table 1. Evaluation of TTS models on SEED rest-en set. FS-TTS
0 (1] e — Vocoder: mels -> wav [ and CosyVoice3 results in italics are given as a reference.

gscarded  Hj4 (g I iANAN Wil BA WER SIM MOS EMO
RVQ-25 21.3% 0382 2932 52.0%
FSQ-permute-25  15.4%  0.588  3.631  70.1%
FSQ-original-5  2.39% 0.654 4.093 71.7%
FSQ-perturb-5  3.10%  0.647 3.834  70.6%

FSQ-original-8  2.10% 0.654 4.119 72.2%
__CDOD [DIT blacks + softmax laye): toxt -> speech tokens | FSQ-pernrb-8  2.32%  0.649  4.030 71.8%

4
OO OO FSQ-original-12  2.05% 0.653 4.120 72.3%
Hlellol [H[o[w] [alrle] [ylolul?|<pad>|<pad>|<pad>|<pad>|<pad> FSQ-perturb-12  2.14%  0.647 4.088 72.1%

FSQ-original-25  2.00% 0.653 4.119 72.7%
FSQ-perturb-25  2.03% 0.648 4.118 72.3%

Duration predictor

—__Text to synthesize: How are you? | CosyVoice2(2024) 2.57% 0.652 4.077 72.2%

| Reference audio: e | F5-TTS(2024) 1.83% 0.665 3.754 71.4%

s e | CosyVoice3(2025) 1.68%  0.695 3.937 72.7%
CDCD-TTS performs comparable or better than LLM-based counterpart CosyVoice2 while being =B ICML
significantly smaller and faster. " Foematonl Confemnce
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