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Abstract

Continuous diffusion for categorical data is a
framework belonging to the diffusion family and
aiming at generating discrete data. The scien-
tific interest to such models has been constantly
increasing these days because researchers try to
achieve a challenging goal of finding reasonable
alternatives to autoregressive large language mod-
els. In this paper, we study the properties of
the structure of the latent space corresponding
to discrete tokens expressed in terms of Kullback-
Leibler divergence on diffusion path measures and
accuracy of the correct token prediction by the op-
timally trained diffusion model. We find that FSQ
tokenization scheme has the latent space structure
with the properties that make it best suited for con-
tinuous diffusion for categorical data as verified
through rigorous theoretical analysis and numeri-
cal experiments. To validate our findings in real-
life scenario, we train several text-to-speech diffu-
sion models having speech tokens as intermediate
acoustic features, and show that the one based
on FSQ tokens indeed performs the best, and,
moreover, it outperforms its strong LLM-based
counterpart, at the same time being significantly
smaller and faster.

1. Introduction

Diffusion probabilistic modeling (Ho et al., 2020; Song
et al., 2021c¢) is a powerful framework initially developed
for generating data belonging to continuous domains. It has
demonstrated perfect results in many tasks such as image
(Dhariwal & Nichol, 2021; Rombach et al., 2022; Gao et al.,
2023), video (Luo et al., 2023), speech (Chen et al., 2021a;
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Le et al., 2023) and music (Hawthorne et al., 2022; Novack
et al., 2024) generation. Since the moment diffusion prob-
abilistic models (DPMs) started to achieve state-of-the-art
results in continuous domains, there have been numerous
attempts to adapt this framework to discrete domains, most
challenging of which is text. While the first such attempts
(Hoogeboom et al., 2021) achieved modest results and had
limited applicability to real-life scenarios, the latest find-
ings made it possible to develop discrete diffusion models
performing on par with some of Large Language Models
(Brown et al., 2020), or LLMs for short, of moderate size
in common NLP tasks (Gulrajani & Hashimoto, 2023; Lou
et al., 2024; Nie et al., 2025) as well as in some specific
areas like code generation (Fan et al., 2026).

The most successful diffusion models aiming at text gen-
eration typically have forward and reverse diffusion pro-
cesses operating in discrete domains, and neural networks
parameterizing reverse process in such models also predict
probabilities of discrete entities (text tokens). For instance,
in absorbing discrete DPM (Ou et al., 2025) forward and
reverse diffusions correspond to, respectively, masking and
unmasking a sequence of tokens, whereas neural network
predicts fully unmasked sequence given its masked version.
However, there exists a hybrid approach combining features
of common discrete and continuous diffusion models. In
such a hybrid framework called Continuous Diffusion for
Categorical Data (CDCD), neural network predicts proba-
bilities of discrete tokens, while both forward and reverse
diffusion processes operate in continuous latent space con-
taining embeddings of data tokens (Dieleman et al., 2022).
The framework of CDCD models, however, has received
relatively less attention compared to, for example, absorbing
discrete diffusions, and one of the reasons is that the struc-
ture of the continuous latent space is typically optimized
jointly with the diffusion model leading to unstable training
(Dieleman et al., 2022; Gao et al., 2024; Nguyen et al., 2025)
and, perhaps, suboptimal models. In this paper, we study
properties of the structure of the latent space making it well-
suited for CDCD models. We connect relative location of
token embeddings with Kullback-Leibler (KL) divergence
between measures associated with diffusion paths drifting
towards these latent vectors. KL divergence between path
measures is a meaningful metrics — some variant of it can
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be shown to be optimized during the process of training
continuous DPMs (Song et al., 2021b).

Recently, there have been many efforts to obtain efficient
discrete representation of objects belonging to modalities
other than text. It can be explained by the increasing interest
in the so-called omni-LLMs (Zhan et al., 2024; Xu et al.,
2025), i.e. LLMs capable of handling multiple modalities
(e.g. text, audio, images, video, etc.) in a unified way by
means of tokenization. Thus, efficient discretization tech-
niques, e.g. various types of Vector Quantization (VQ), are
essential for omni-LLMs to work well. In our paper we
demonstrate that a particular type of VQ, namely, Finite
Scalar Quantization (Mentzer et al., 2024), or FSQ for short,
leads to codebooks in the latent space with some optimality
properties expressed in terms of KL divergence between
diffusion path measures. Moreover, we set up the hypothe-
sis that a CDCD model trained till optimality has the best
prediction accuracy when the latent space structure is that of
FSQ, prove this hypothesis in some particular cases and pro-
vide numerical experiments supporting it in the general case.
Finally, we consider a realistic scenario of generating speech
tokens by a CDCD model, and find out that, among several
possible codebooks, the one used in FSQ in combination
with the properly trained CDCD model indeed delivers the
best quality of text-to-speech generation. Furthermore, the
mentioned CDCD-based text-to-speech model outperforms
its LLM-based counterpart in terms of speech intelligibility
and zero-shot capabilities, and, notably, its CDCD backbone
is around 10x smaller and more than 5x times faster than
the LLM backbone of the competing algorithm.

Our main contributions are threefold: (i) for continuous dif-
fusion processes, we theoretically establish the connection
between forward diffusion parameters, distance between
generated samples, and KL divergence between reverse dif-
fusion paths leading to these samples; (ii) we formulate
properties making FSQ codebooks best-suited for CDCD
models and verify FSQ optimality both theoretically and
through numerical experiments; (iii) we propose the novel
CDCD-based text-to-speech model relying on FSQ speech
tokens outperforming its LLM-based counterpart both in
terms of synthesized speech quality and efficiency.

Our work has the following structure: we briefly overview
related work in Section 2; all the necessary formulae and
algorithms related to the CDCD framework, FSQ scheme
and text-to-speech models are provided in Section 3; in
Section 4 we describe our theoretical findings which we
support by numerical experiments whose details can be
found in Section 5 along with the description of the text-
to-speech experiments. We conclude in Section 6. We will
release training codes and the checkpoint of our best text-to-
speech model at https://github.com/1iljkdaw/
CDCD-TTS.

2. Related Work

As mentioned earlier, CDCD models are not as popular as
vanilla continuous or discrete DPMs. As for FSQ method
of data quantization, although it has found many applica-
tions, its properties with regard to diffusion modeling have
not been extensively studied either. In this section we will
briefly mention relevant work on the two mentioned top-
ics. On the contrary, text-to-speech synthesis is a rapidly
evolving field, so we review only the most relevant models
either relying on speech tokens, or having diffusion models
or flow matching (Lipman et al., 2023) as their backbone.

2.1. Diffusion Models for Categorical Data

With only a few exceptions (Nguyen et al., 2025), CDCD
or similar models are trained for text generation. As for
continuous modalities, it is more natural to use common
continuous DPMs rather than discretize, say, images, and
use discrete DPMs or CDCD models to generate discrete
image tokens. CDCD (Dieleman et al., 2022) was one of
the early attempts to combine features of discrete and con-
tinuous DPMs in a unified framework. It did it by keeping
forward and reverse diffusions in continuous embedding
space (we will refer to it as latent space) while parameteriz-
ing reverse process with the neural network predicting token
probabilities and trained with cross-entropy loss. Later, re-
searchers tried to improve upon this baseline by fixing insta-
bility issues or slightly modifying CDCD framework. Gao
et al. (2024) suggest to add specific loss function to guar-
antee training stability, because optimizing pure diffusion
loss in CDCD models may sometimes result in embedding
collapse (note that in the original CDCD model token em-
beddings were learnable). Lovelace et al. (2023) and Liu
et al. (2024) solve instability problem by relying on the
pre-trained language models in building the latent space.
Mabhabadi et al. (2024) propose to use diffusions defined on
vocabulary probability simplex instead of token embedding
space. Shabalin et al. (2025) propose to build the latent
space from token embeddings based on semantic similarity.
To the best of our knowledge, our work is the first one to
study the geometrical structure of the latent space for CDCD
models in their original formulation.

2.2. FSQ method

Initially proposed for computer vision tasks (Mentzer et al.,
2024) and used for image and video tokenization (Tang
et al., 2024; Zhao et al., 2025), FSQ method allowing to
use very low-dimensional latent spaces by locating token
embeddings “uniformly” in a hypercube found more appli-
cations in speech. Its applications to this domain include not
only conventional speech coding (Parker et al., 2025) where
it helps to achieve extremely low bit-rates, but also zero-shot
text-to-speech synthesis where LLM-based backbone gen-
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erates FSQ speech tokens from input text autoregressively
(Liao et al., 2024; Du et al., 2024; 2025). Furthermore,
FSQ speech tokens can be used in speech LLMs (Ye et al.,
2025) capable of various other tasks, e.g. automatic speech
recognition, speech continuation, speech-to-speech question
answering. etc.

2.3. Text-to-Speech

Modern text-to-speech (TTS) systems usually come with
zero-shot capabilities (i.e. they can copy speaker’s timbre,
emotion and speaking style from a short reference audio)
and typically consist of several modules one of them gen-
erating intermediate speech features (mel-spectrograms or
speech tokens) from text by means of either LLM or diffu-
sion/flow matching. As for the latter, one of the first high-
quality TTS models based on flow matching was VoiceBox
(Le et al., 2023), further improved by getting rid of phoneme-
level duration prediction in E2-TTS (Eskimez et al., 2024)
and employing modern architectures in F5-TTS (Chen et al.,
2024). While these models, as well as most of those relying
on diffusions or flow matching, generated mel-spectrograms,
there were developed a very few models (Ju et al., 2024)
based on common discrete diffusions for generating speech
tokens. In our paper, we start from one of the models gener-
ating intermediate speech tokens by means of LLM, namely
CosyVoice2 (Du et al., 2024), and replace its backbone with
CDCD, thus introducing the first CDCD-based TTS model.

3. Background
3.1. Continuous Diffusion for Categorical Data

Suppose we have a vocabulary of size V' with token ids k =
1, ..,V having corresponding n-dimensional embeddings
E = {ey}}_,. Consider forward diffusion satisfying the
following stochastic differential equation (SDE):

dXt = f(t)Xtdt + g(t)th7 te [OvT]v (D

where 7' is some finite positive time horizon, W; is Wiener
process and functions f(¢) and g(t) satisfy certain measur-
ability conditions so that the SDE (1) has strong solution.
In this paper we use Itd’s calculus (Oksendal, 1992) when
we manipulate with SDEs and corresponding stochastic pro-
cesses. Diffusion time ¢ stands for the corruption level with
t = 0 corresponding to uncorrupted latent vectors Xg €
whereas the final level ¢ = T corresponds to the prior (stan-
dard normal N'(0,1) in our experiments), i.e. we assume
that 7', f(t) and g(¢) are such that Law(X7) ~ N(0,1)
where I is n x n identity matrix. Note that in our theoretical
analyses for the ease of exposition we always assume that
our goal is to predict a single token given some conditioning
c rather than a sequence of tokens as it happens in most
real-life scenarios.

Itis a well-known fact (Kingma et al., 2021) that the SDE (1)
allows for explicit solution

Xy = Xo + 0'15./\[(0,1)7 t e [O,T], 2)

where coefficients «; and o; are such that ag = 1,09 = 0,
and they are connected with functions f(¢) and g(t) by the
following rule:
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CDCD model is trained to predict probabilities of tokens
given their noisy latents X;, diffusion time ¢ and condition-
ing c by outputting logits and applying softmax function.
So, neural network with parameters 6 represents probability
distribution Py (| X, ¢, ¢) and is trained by minimizing the
following negative log-likelihood loss:

Lairs(0) = Er,x,)~po.i(--le) [ log Po (k| X¢, L, ¢)], (4)

where diffusion time ¢ is sampled from uniform distribu-
tion U[0, T'] while ground truth label k£ and corresponding
noisy latent vector X; — from the joint distribution with the
probability density function pg (-, -|c). In practice, we first
sample ground truth label £ and then compute X by the for-
mula (2) where we replace X with k-th token embedding
er. By Bayes formula we can rewrite the above expression
in terms of expectations with respect to the density func-
tion of the noisy latents p;(-|c) and conditional probabilities
Po¢(+] X¢, c) of tokens given their noisy latent vectors:

Laifr(0) = Ex,mp,(-10)Ernpyp, (1x0,0) [~ log Po (k| X¢, t, )]

It follows from this formula that the parameters 6* minimiz-
ing CDCD diffusion loss Lg; ¢ are such that

PQ*(k‘I7tvc) :PO\t(k|x7C) )

forallk =1,..,V,t € (0,T] and = € supp p; = R".

The above expression implies that once we have a well-
trained neural network, we can estimate clean latent vector
Xy given its noisy version X;:

<

Xo(Xi,t,0) = > Py(k|Xy,t, 0)ey, 6)
k=1

and it follows from (5) that Xy« (Xy, t, ¢) = E[X¢| X4, ¢].

Generation with the trained CDCD model is possible in two
different ways by solving either SDE or ordinary differential
equation (ODE). In the remainder of the paper we will omit
conditioning c for brevity. In particular, denote probability
density function of noisy latents X; by p;(-) and write down
the mentioned SDE and ODE:

dX, = (f(t) X — g*(t)V1og pi(Xy))dt + g(t)dWr, (7)
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aX, = (f(OX; = 3OV Iogp(X))dt,

where W, is a reverse-time Wiener process. Song et al.
(2021c) showed that, given proper initial conditions, for-
ward Kolmogorov equations on density functions of pro-
cesses satisfying the SDE (1) and the ODE (8) are the same,
and used the result obtained by Anderson (1982) to show
that the SDE (7) describes reverse-time dynamics of the
forward process X, satisfying the SDE (1). Thus, sampling
discrete tokens is enabled by solving either the SDE (7) or
the ODE (8) backwards in time from ¢t = T to t = 0 with
the initial condition at ¢ = 7" being a random sample from
N(0,1). If the resulting solution is z(, then we generate
token with id k = argmin,_, _ ||zo — ex|3. The score
function V log p;(z) is approximated by a function sy (z, t)
expressed in terms of Xy (x,t) by the formula

1
so(x,t) = 7 (x — a Xg(z,1)) . )

For the optimally trained neural network with parameters
0* the above expression equals the true score function since

1
Vlogpi(z) = o2 (v — o E[Xo|X; = 7)), (10)
i
as known from the literature (e.g. see (Kingma et al., 2021)).

3.2. Finite Scalar Quantization

The Finite Scalar Quantization (Mentzer et al., 2024) algo-
rithm contains the following encoding-decoding steps:

* Apply encoder Enc to input data x and a bounded
element-wise non-linearity h after: z = h(Enc(x)).

* Round each of n coordinates of the result to the nearest
integer and apply decoder Dec to get reconstructed
data Z: & = Dec(round(z))

If outputs of the function i : R” — R" are bounded by
b € Z, in absolute value, then each of n coordinates can
take up to 2b + 1 values, resulting in the overall codebook
size of (2b + 1)™ tokens. In general, we can apply differ-
ent bounded functions to different coordinates of the latent
variable z, as well as employ asymmetric bounded non-
linearities. The key feature of FSQ codebook is that its
token embeddings (encoded data after rounding operation)
are relatively low-dimensional vectors whose ¢-th coordi-
nate can take any integer value between a; and b; where
i =1,..,nand a;,b; € Z. It means that embeddings are
located “uniformly” in the volume bounded by hyperplanes
zi=a;and z; = b; forallt =1,..,n.

In this paper, we consider two basic FSQ cases: a; =
—1,b; = 1, and a; = 0,b; = 1 forall: = 1,..,n. We

will refer to them as base3 and base2 FSQ respectively
because of the number of different values each of n coor-
dinates of embeddings can take. For the base2 case, we
linearly re-normalize FSQ latent space so that embedding
coordinates are either —1 or 1 (apply z — 2z — 1 after
bounded non-linearity & and replace rounding operation
with sign function), because diffusion models usually op-
erate on mean-normalized data. Thus, for base2 and base3
FSQ with dimension n the codebook size is 2 and 3" re-
spectively, and L., norm of each token embedding e, € F
is bounded by 1. Figure 1 (a-b) illustrates the codebooks X
of base2 and base3 FSQ schemes with dimension n = 2.

3.3. CosyVoice2

CosyVoice2 (Du et al., 2024) is a text-to-speech model con-
sisting of three main modules: (i) text-to-token module rep-
resented by LLM initialized with the pre-trained Qwen2.5-
0.5B (Yang et al., 2025a) trained to predict a sequence of
speech tokens from an input text sequence; (ii) token-to-mel
module based on flow matching; (iii) mel-to-wave module,
i.e. vocoder. CosyVoice2 makes use of speech tokens ob-
tained from encoder-decoder model with FSQ bottleneck
trained on automatic speech recognition task rather than
reconstruction. It means that the resulting FSQ tokens are
such that it is easy to reconstruct linguistic content from
them, but they are not guaranteed to contain other informa-
tion such as speaker’s timbre. Therefore, information about
target speaker (CAM++ speaker embedding (Wang et al.,
2023)) is fed to the second module converting a sequence of
speech tokens to mel-spectrogram. As for the third module,
CosyVoice2 uses HiFi-GAN vocoder (Kong et al., 2020) to
convert mel-spectrogram to waveform.

CosyVoice2 is a TTS model capable of zero-shot voice
cloning, i.e. it synthesizes speech with the same voice and
in the same style as the reference speech given to it as input
along with the text to synthesize. The first LLM-based mod-
ule enables zero-shot mechanism by in-context learning as
in VALLE-like TTS models (Zhang et al., 2023): before text
we need to synthesize, we feed the text from the reference
audio and the sequence of speech tokens corresponding to
it to LLM so that it fits to the reference speaking style. As
for conditioning the second flow matching module on ref-
erence audio, it is done similarly to VoiceBox (Le et al.,
2023) where flow matching generates mel-spectrogram of
the speech we need to synthesize and that of the reference
speech jointly, which can be seen as mel-spectrogram “out-
painting”. One can refer to Figure 2 for illustration of
CosyVoice2 general architecture and inference scheme.

4. Optimality Properties of FSQ Method

Throughout this section we assume that differential equa-
tions (1), (7) and (8), as well as their variants with the score
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function replaced with its neural network approximation
sg(x,t) defined in (9), have solutions on [0, T'|, which re-
quires certain measurability and Lipschitz assumptions on
drift and diffusion coefficients. Moreover, following Ander-
son (1982), we assume that forward Kolmogorov equations
on probability density functions of all the considered SDEs
have unique smooth solutions. We also assume o > 0 and
o > 0forallt € (0,7].

4.1. Diffusion Path Measures

First let us establish the useful result regarding reverse-time
diffusion bridges induced by the forward diffusion process
X defined by the SDE (1).

Lemma 4.1. Consider n-dimensional stochastic process
X defined by the SDE (1) and condition it on some value
a € R"att = 0 and value b € R™ att = T. Denote
the resulting diffusion bridge by X*, i.e. Law (X{") =
Law (X;|Xo = a, X7 =b) for t € [0,T). Then this dif-
fusion bridge has reverse-time model Xf b satisfying the
following SDE:

- Q 2 t -a t
dX® = ((f(t)+ 90(2)> X —g2(t)a2a) dt an

t O

+ g(t)dWy,

fort € [0, T] with initial condition X%b = b. Reverse-time
n-dimensional Wiener process is denoted here by W, and
coefficients oy and oy are given in (3).

Note that this lemma (as well as the statement we will
formulate later in this section) does not rely on the fact
that data distribution Law (Xj) is discrete, thus it can be
useful not only when CDCD models are considered, but
for common continuous DPMs as well. The proof of this
lemma can be found in Appendix A and consists in applying
Doob’s transform (Rogers & Williams, 2000) to write down
SDE for the diffusion bridge X}’ > and Anderson’s theorem
(1982) to derive its reverse-time dynamics X : b,

In practice, this lemma can be useful if we want to com-
pare trajectories of the reverse diffusion X, satisfying the
SDE (7) starting in the same point X7 =band finishing at
time ¢ = 0 in two different points a; and ao, i.e. trajectories
of the reverse-time diffusion bridges X" and X", In
terms of generative modeling, when a diffusion model is
trained well, it corresponds to comparing trajectories of this
model starting from the same prior sample b ~ A (0, 1) and
generating two different data samples a; and ay. The fol-
lowing statement formalizes this comparison by providing
an expression in terms of KL divergence:

Statement 4.2. Consider path measures defined by the dis-
tributions of continuous trajectories of the processes X" b
and X{*° for t € [r,T) for some T € (0,T) and denote

them by (11 and |2 respectively. KL divergence between
these measures is then calculated as

9 1 T af 2
KL(p||p2) = llar — az]|3 - 5| 19 (t)dt, (12)
T t

if the above integral is finite.

From the generative modeling perspective, Statement 4.2
establishes the connection between MSE distance between
data samples a; and a5 a well-trained diffusion model gener-
ates, functions ay, oy and ¢(t) describing the forward diffu-
sion (1), and KL divergence between path measures defined
by reverse diffusion trajectories finishing at data samples aq
and as.

Statement 4.2 is a consequence of Girsanov theorem (Ok-
sendal, 1992) and its proof can be found in Appendix B. KL
divergence between path measures related to reverse diffu-
sion is in general an important metrics describing how close
certain reverse diffusion trajectories are to each other in
distribution. For example, Song et al. (2021b) showed that
training continuous DPMs by means of optimizing standard
continuous diffusion MSE loss is equivalent to minimizing
KL divergence between path measures corresponding to
reverse diffusions with the true score function and its neural
network approximation. So, we suggest that K L(u1]|u2)
has a connection with the difficulty of training a diffusion
model capable of generating, in particular, two data samples
a1 and as. The intuition is that the smaller this KL diver-
gence is, the harder it is to train a model distinguishing well
between generative trajectories leading to a; and as.

As far as FSQ latent space structure is concerned, it has some
optimal properties in terms of relative position of token em-
beddings e, which we now can connect with KL divergence
between reverse diffusion path measures and, hence, with
the difficulty of CDCD training. Consider the following
metrics D(E) defined for a codebook E = {e}}_;:

14
1 . 9
D(E) := v kil 121;2]? lle; — ekll5- (13)

One can see from the above definition that this is the aver-
age nearest neighbour distance. Statement 4.2 allows us
to interpret maximizing this metrics as being conservative
about how close in distribution diffusion trajectories corre-
sponding to different tokens should be and trying to help
neural network to train better in the “worst-case” scenario.
The following theorem establishes local optimality of FSQ
codebooks in terms of average nearest neighbour distance.

Theorem 4.3. In terms of average nearest neighbour dis-
tance D, the codebooks Ersq = {ex})_, of base2 and
base3 FSQ methods are locally optimal in the class of all
codebooks with V' entries such that |leg|lc < 1 for all
k =1,..,V, i.e. any sufficiently small perturbation of a
vector from the codebook Ersq leads to decreasing D.
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Figure 1. 2-dimensional FSQ latent space structure. All points lie inside the square |y1| < 1, |y2| < 1. Colored numbers stand for token
ids. Dotted lines are the bounds of areas Q} for token ids k = 1, .., b> where b equals to the base, i.e. 2 for (a) and 3 for (b-d).

Whereas this theorem (see Appendix C for its proof) es-
tablishes local optimality of FSQ codebooks, Section 5.1
contains numerical experiments supporting the hypothesis
about their global optimality.

4.2. Prediction Accuracy

In Section 4.1 we described properties of CDCD latent
space that potentially can help this model train better. In
this section, we assume that the CDCD model has already
been trained till optimality and discuss how the latent space
structure affects token prediction accuracy.

Denote token prior probabilities by p, for £ = 1,..,V.
Recall that the probability distribution parameterized with
the optimally trained CDCD equals Py, (k|z) (5). By (2)
and Bayes formula we have

1
Po‘t(k|x) X Py exXp <M||xatek|§>. (14)
t

Denote the area of latent space where we predict token id k
at diffusion time ¢ by QX (¢), i.e.

Q) ={zeR": k= arg max Py (jlz)}.  (15)
i

With this notation, we can introduce the average prediction
accuracy metrics A(E, t) defined by

|4
A(E,t) =Y P(Xo=ep, X, € QX (1), (16)
k=1

Our hypothesis is that for every ¢ € [0,T] A(E,t) is maxi-
mized in the class of all codebooks of size V' with entries
bounded by 1 in L, norm for FSQ codebooks Ersq given
that prior token probabilities are equal, i.e. p, = 1/V for
alk=1,.,V.

We refer to this hypothesis as Best Accuracy Hypothesis and
for 1-dimensional latent space we prove it in Appendix D
while for higher dimensions we provide numerical evidence
supporting it in the experiments described in Section 5.1.
If this hypothesis is true indeed, it means that well-trained

CDCD models generating FSQ tokens better predict token
probabilities in terms of top-1 accuracy. Although it does
not necessarily imply better generation quality because, as
one can see from the formulae (6) and (9), sampling from
CDCD involves computing probabilities of all tokens rather
than just the most probable one, it can still be considered a
meaningful metrics since it has a clear interpretation.

In Appendix D we show that it is possible to consider
stochastic process Y; = X/, whose corresponding latent
space areas (2} (¢) defined similarly to (15) do not actually
depend on ¢ when all pj, are equal. Figures 1(b) and 1(c)
illustrate these areas for original base3 FSQ codebook and
its slightly perturbed version.

The main limitation of the argument in this section is that we
consider the case with equal prior token probabilities which
is not always true in practice. The opposite case requires
different treatment and corrections compensating for the
imbalance, and we leave it as future research direction.

5. Experiments
5.1. Numerical Experiments

First, we performed experiments devoted to global optimal-
ity of FSQ codebooks in terms of square root of average
nearest neighbour distance. As follows from the structure
of FSQ latent space, for base2 and base3 FSQ codebooks
we have these metrics equal to 2 and 1 respectively. We
randomly generated 10000 codebooks with entries bounded
in absolute value by 1 in L., norm for base2 case for di-
mensionalities 2, 3,4 and 8 and achieved the highest values
of this metrics 1.993, 1.984, 1.941 and 1.818 which all are
less than 2. For base3 case we obtained the values 0.969,
0.913, 0.871 and 0.825 for the same dimensionalities which
all are less than 1. These experiments show that average
nearest neighbour distance at least for most of possible code-
books is less than that for FSQ codebooks which supports
the hypothesis about the global optimality of FSQ code-
books whose local optimality in terms of average nearest
neighbour distance is established in Theorem 4.3.
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Figure 2. Comparison of Cosy Voice2 (left) and CDCD-TTS (right). Green and red boxes show the difference between two models. Green
diamonds stand for reference speech tokens, yellow — for those generated by a model. The gray “discarded” box means that once we
generated corresponding mel features, we no longer use them (they are just necessary to condition the flow-matching module during its

inference).

Next, we tried to verify Best Accuracy Hypothesis. We
considered 1000 different codebooks for base2 and base3
cases and dimensionalities 2, 3 and 4. For each codebook,
we performed Monte-Carlo sampling with around 10M sam-
ples to estimate accuracy. For base2 case FSQ accuracies
for the mentioned dimensionalities were 38.179%, 23.580%
and 14.573%, while the best accuracies among 1000 gen-
erated codebooks were 37.389%,22.816% and 13.789%.
For base3 case FSQ accuracies are 17.052%, 7.044% and
2.889% with the best accuracies among generated code-
books being 16.659%, 6.739% and 2.731%. These numeri-
cal experiments support Best Accuracy Hypothesis for di-
mensionalities larger than one.

Finally, we conducted experiments on unconditional toy
data generation to verify that the geometrical properties of
FSQ method give benefits when we train CDCD models.
We considered 2-dimensional latent space and 4-element
sequences where each element belonged to the vocabulary
of size 4 (for base2 case) or 9 (base3 case). We trained 5
different CDCD models with 5 different random seeds for
each case for the latent space of FSQ method and for the
latent space with slightly perturbed token embeddings till
convergence and evaluated average of log-KL divergence
between ground truth distribution (different sequences had
different prior probabilities) and the distribution of the gen-

erated sequences (with 100 denoising steps). We found that
models trained with the original FSQ tokens gave better log-
KL than those trained with the perturbed token embeddings
both in base2 and base3 cases: —9.55 vs —8.68, and —7.16
vs —6.72 correspondingly. Neural networks considered in
this experiment were a stack of 4 layers of convolutions with
kernel size 3 and 256 channels with GELU non-linearity
and sinusoidal positional embedding to represent diffusion
time ¢. For this toy example we verified that the latent space
geometry of FSQ scheme gives advantage to CDCD models
by itself; in the next section, we will check what happens if
we incorporate CDCD operating on FSQ tokens into a more
complicated architecture.

5.2. Text-to-Speech Experiments

We have derived results suggesting optimality of FSQ code-
books for CDCD models and verified several of them in
numerical experiments on toy data, and in this section we
apply CDCD for token generation in a real-life scenario.

We started from CosyVoice2 TTS model utilizing base3
FSQ speech tokens (see Section 3.3) with 8-dimensional
embeddings (resulting in the total of 3% = 6561 speech
tokens sampled at 25Hz) and essentially replaced its LLM-
based text-to-token module with CDCD while keeping the
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remaining modules as well as FSQ speech tokenizer un-
changed. Because of non-autoregressive nature of genera-
tion with CDCD model, we had to additionally introduce
a statistical duration prediction module predicting a single
number — how many speech tokens should be generated
given an input text. This module does not rely on neural
networks and was chosen for its simplicity because in our
preliminary experiments it did not lead to quality degrada-
tion compared to more complicated duration predictors, e.g.
the one borrowed from F5-TTS based on a neural network.
More details can be found in Appendix E.

We borrowed model architecture of CDCD from the cor-
responding F5-TTS (Chen et al., 2024) module generating
continuous acoustic features with continuous DPM, and just
added softmax layer on top of DiT (Peebles & Xie, 2023)
to enable token ids prediction as required by the CDCD
framework. We also used the same approach of condition-
ing CDCD on reference text and reference speech tokens —
FSQ embeddings of reference tokens were concatenated to
the main neural network input, i.e. to noisy latent vectors,
and, similarly, reference text was concatenated to the text
TTS model had to generate, and right padding was added
to fit speech tokens sequence length. Both CosyVoice2!
(together with FSQ speech tokenizer) and F5-TTS? have
official GitHub implementation that we extensively utilized
while implementing our TTS model we called CDCD-TTS.
Figure 2 provides comparison of CosyVoice2 and CDCD-
TTS, and Appendix E contains a detailed description of the
architecture of the latter.

We trained four CDCD-based TTS models on 65k hours of
English speech data from LibriLight (Kahn et al., 2020), Gi-
gaSpeech (Yang et al., 2025b) and English subset of Emilia
dataset (He et al., 2024). FSQ-original stands for the origi-
nal model we call CDCD-TTS trained to generate true FSQ
speech tokens. FSQ-perturb stands for the model where
FSQ token embeddings were slightly perturbed (£1 coor-
dinates remained unperturbed while each 0 coordinate was
randomly shifted either to 4+-0.5 or to —0.5 so that the con-
vex hull is still the same hypercube and the overall data scale
remains unchanged). FSQ-permute stands for the same to-
ken embeddings as in the original FSQ scheme but with
permuted token ids. These three models had exactly the
same architectures and were trained for 1.5M steps with
warmup with the maximum learning rate 10~* and batch
size of 600 seconds on 8 V100 GPUs. The last CDCD-
based model denoted by RVQ was trained to predict speech
tokens coming from an alternative hierarchical quantiza-
tion scheme called Residual Vector Quantization (Vasuki
& Vanathi, 2006) employed in EnCodec (Défossez et al.,
2023) speech tokenizer having 8 VQ layers. Since EnCodec

'nttps://github.com/FunAudioLLM/CosyVoice
https://github.com/SWivid/F5-TTS

Table 1. Evaluation of TTS models on SEED test-en set. F5-TTS
and CosyVoice3 results in italics are given as a reference.

WER SIM MOS EMO

RVQ-25 21.3% 0.382  2.932 52.0%
FSQ-permute-25  15.4% 0.588  3.631 70.1%
FSQ-original-5 2.39% 0.654 4.093 T71.7%
FSQ-perturb-5 3.10% 0.647 3.834 70.6%
FSQ-original-8  2.10% 0.654 4.119 72.2%
FSQ-perturb-8 2.32% 0.649 4.030 71.8%
FSQ-original-12 2.05% 0.653 4.120 72.3%
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%
CosyVoice2(2024) 2.57% 0.652 4.077 72.2%
F5-TTS(2024) 1.83% 0.665 3.754 71.4%
CosyVoice3(2025) 1.68%  0.695  3.937 72.7%

vectors have higher dimensionality (namely, 128), we had
to reduce batch size to 300 seconds and maximum learning
rate to 5 - 1075, RVQ model generates only the first RVQ
layer of tokens while the remaining 7 layers are generated
by the non-autoregressive module borrowed from VALLE-X
TTS model (Zhang et al., 2023).

By choosing to train FSQ-original text-to-speech model, we
consider the most popular VQ technique with the fixed code-
book used for obtaining speech tokens. Note that another
popular VQ technique LFQ (Yu et al., 2024) is the same
as base2 FSQ from the point of view of relative position of
token embeddings. As for VQ techniques with codebooks
changing during VQ training, we choose RVQ as a base-
line common for speech applications and FSQ-perturb is
meant to account for various VQ techinques with the single
codebook (e.g. VQ-VAE) where trained embeddings may
have almost arbitrary relative positions. For fair comparison
between CDCD-based models, we used the same backbone
architecture having approximately 45M parameters with the
only difference that we accounted for different input noisy
embedding size (8 for FSQ vs 128 for RVQ). Also, for the
same purpose training conditions and hyperparameters were
chosen as similar as possible.

At generation stage for CDCD models we use different
number of denoising steps belonging to {5, 8, 12,25} (this
number is given as a postfix to the model names in Table 1)
and employ DDIM solver (Song et al., 2021a) to solve the
ODE (8). We use classifier-free guidance related to text con-
ditioning with weight 0.5 and start generation from random
samples belonging to (0, (2/3)? 1) rather than A/ (0, 1) as
it gives significantly better results in terms of intelligibil-
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ity and sound quality on our development set. All models
are tested on SEED-TTS (Anastassiou et al., 2024) test-en
test set containing roughly 1000 sentences. We synthesize
each of them 4 times with each model under comparison
and report metrics aggregated by means of median func-
tion. Speech intelligibility is measured with Word Error
Rate (WER) and speaker similarity with the target speaker
(SIM) — as cosine similarity between WavLM (Chen et al.,
2021b) speaker embeddings tuned for speaker verification
task. These two metrics are measured with officially pro-
vided tool®. As for the overall speech quality, we measure
it with UTMOS*, proxy to human 5-point Mean Opinion
Scores (MOS). Finally, we test how well TTS models copy
emotions from reference speech by running emotion2vec
model® and checking whether emotion labels assigned by
this model to reference and synthesized speech are the same.
The corresponding EMO score is just the accuracy of these
predictions. We compare our CDCD-based TTS models
with their LLM-based counterpart Cosy Voice2 and also add
a popular contemporary model F5-TTS (Chen et al., 2024)
and one of the current state-of-the-art zero-shot TTS models
CosyVoice3 (Du et al., 2025) to the comparison as refer-
ences. The results of this comparison are given in Table 1.

This table demonstrates that FSQ-original model consis-
tently outperforms second best FSQ-perturb model for any
number of reverse diffusion steps, although the difference
becomes marginal when the number of steps is large enough.
It implicitly supports local optimality of FSQ codebooks
for the practical case of imperfectly trained CDCD mod-
els with limited capacity (note that given optimally trained
network and “infinite” inference denoising steps, for any
reasonable latent space geometry we should have perfect
data reconstruction). On the other hand, FSQ-permute and
RVQ perform not very well even when rather large number
of steps are used at inference, which suggests that FSQ tok-
enization may be globally optimal for the CDCD framework,
but, at the same time, it is not sufficient just to randomly
assign tokens to FSQ embeddings — token ids and FSQ
embeddings should be mapped to each other as a result of
autoencoder training. Also, RVQ model performs worse
than all FSQ counterparts, and it can be perhaps explained
by the fact that for the model with the same capacity it is
difficult to account for embeddings with significantly larger
embedding size (128 vs 8).

Remarkably, our best CDCD-TTS model outperforms its
LLM-based counterpart by a large margin in speech intelli-
gibility and speech naturalness as demonstrated in Table 1.
Moreover, its DiT backbone is 10x smaller than 0.5B LLM

Shttps://github.com/BytedanceSpeech/
seed-tts—eval

*nttps://huggingface.co/spaces/
sarulab-speech/UTMOS-demo/tree/main

Shttps://huggingface.co/emotion2vec

in CosyVoice2 and, depending on duration of reference
speech utterance, is 5 — 10x faster, allowing the whole
CDCD-TTS algorithm to achieve real-time factor of around
0.2 — 0.3, i.e. it synthesizes speech 3 — 5x faster than real
time on a GPU with only 25 reverse diffusion steps.

6. Conclusion

In this paper we studied continuous diffusion for categorical
data and the latent space properties allowing to train such
models with good quality. We established the connection
between reverse diffusion path measures and the distance
between data samples generated along these trajectories,
and used this connection to interpret a geometrical property
of FSQ codebooks in terms of KL divergence between tra-
jectories leading to token embeddings and their suitability
for CDCD training. Also, we set up the hypothesis about av-
erage prediction accuracy being maximized for FSQ latent
space in case of optimally trained diffusions, and provided
some theoretical and empirical evidence for that. Finally,
we trained the first CDCD-based text-to-speech model capa-
ble of efficient zero-shot voice cloning of very high quality.
Its superior performance compared to LLM-based counter-
part suggests that CDCD models are a promising research
direction.
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Optimality of FSQ tokens for continuous diffusion for categorical data with application to text-to-speech

A. Proof of Lemma 4.1.
Proof. Consider the forward diffusion process X satisfying the SDE (1):

Denote its conditional probability density function by py|s(-|-). From the literature on diffusion generative modeling (Kingma
etal., 2021) we know that the generalized version of the formula (2) describing conditional distribution with the density py|,

holds:
Law (Xt|X§) - N(Oét‘sXS,a'tzls 1)7 at|s — %

S

s7 89

, Ofe =01 —aj08, 0<s<t<T. (17)

In order to condition the forward diffusion X; on its endpoints to obtain the process X, ** Such that Law (X{ ’b) =
Law (X¢|Xo = a, X7 = b), we can use Doob’s h-transform:

_ pT\t(b|x)

hot(xz,t) - ,
(@9) PT\O(b|a)

and write down the following SDE (Rogers & Williams, 2000; Zhou et al., 2024):
dX{" = (f(OXP" + g () Ve log h** (X0 1))t + g(8)dW, ¢ € [0,T].

Formula (17) implies that V,; log h®®(z,t) = V, log prys (blz) = ar (b — aT|tx)/a%|t, thus X" satisfies the SDE

. 2(t )Y ya
axi? = (an 20 ¢ () - 03, 22 ) ) a4 g, 1€ 0.7, 1s)
O Tt

with the initial condition X{"* = a.

Now let us find its time-reverse model by applying Anderson’s theorem (1982). To do this, we need to know marginal
probability densities of the diffusion bridge process X' ®_ It is known that these densities are Gaussian (Kingma et al.,
2021):

b U%\t o? U?U%t
Law (X;"") = Law (X;| X7 =b,Xo =a) =N | y—5-a+ arp—sb,—5—1],
or or or
so the score function corresponding to the diffusion bridge X' * can be expressed as
ab o7 U%u o? oz oy ar|t
Vi logp!”(z) = ———5 rT—ai—5-a—app—5b| =—-—5-r+ 5a+—5-b. (19)
07| or or 9t 0| gt I

Anderson’s theorem implies that reverse-time model Xf b of the diffusion bridge X}’ b satisfies the SDE

oa,b 92(t) 2 92(t) -a,b 2 a,b/v-a,b T
dX{7 = | app o b+ | f(t) — | o X" — g (t)Viogpy (X."7) | dt + g(t)dWr,
Tt Tt

where W, is reverse-time Brownian motion and the initial condition is X ;’b = b. Plugging in the expression for the score
function from (19) into the above SDE and using the identity 07,, = 07 — a7,,07 following from (17), we finally obtain
the desired SDE:

- 2(¢ . R
ax; - ((f(t) + 90(2)> X; b gQ(t)j;a) dt + g(t)dWy, t € [0,T], (20)
t t
with the initial condition X%’b = b. This SDE is to be solved backwards in time. O
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B. Proof of Statement 4.2.

Proof. Consider two different reverse diffusion bridges X “’ for a = a; and a = a, with time ¢ running backwards from
t = T to t = 0. Define random processes Z; := X a“b for ¢+ = 1,2. They are now forward-time stochastic processes
satisfying SDEs:

2(T — .
ng:_<<f(T_t)+9(ff>) Zi— (T — )Lt )dt—kg(T—t)de 2
07—t Tt

where i = 1, 2, W, is a forward-time Brownian motion, and time ¢ increases from ¢ = 0 to t = 7. Diffusions Zti are two
processes with the same diffusion coefficient and starting at the same point Z} = X%’“b = b. It suggests that we can now

apply Girsanov theorem.

Consider process AW/t such that
AW, = dW, + g(T — t) =" (ay — as)dt.

Ot
Denote probability measure corresponding to the probability space we consider by P. In particular, {W;}.c(0,7) is a

Brownian motion with respect to IP. Let 7 be any positive number in (0, T]. The Girsanov theorem I from (Oksendal, 1992)
implies that, if Novikov’s condition is satisfied, i.e. if

1 [T-7 o2 o2
E |exp ||a1—a2||§'f/ P (T —t)— Tt gy <00 = / ffl t < oo,
2 Jo Oy Ot

then {Wt}te[o’T,T] is a Brownian motion with respect to probability measure Q defined by its Radon-Nikodym derivative

d@ T=r ar_¢ 1 T=r 2 92 % t
9 _ exp —/ o(T — )T (m—ﬂﬂmm—f/“ lar — as20°(T — ) =t ay 22)
dP 0 2 0 U

UT ¢ T—t

We can rewrite the SDE for the process Z} in the following way:

2 T— _ —
dzt = — ((f(T— t) + 9(2”) 7} — g*(T — t) 2L ta2> dt + g(T — t)dW,.
0Tt 07—t

Comparing this SDE to the one for Z7?

dZ} = — <<f(T_t)_|_ gz(l‘gt)> 72 —QQ(T—t)ag_tag
—t

or Or—¢

> dt + g(T — t)dW,.
we can deduce that the process {Z} 1}te 0,7—~] has the same distribution under the probability measure Q as the process
{Z?}1ejo,7—~) under the probability measure P.

Now consider diffusion path measures defined by distributions of the trajectories { X" ’b}tehT] and { X} 27b}t€[T7T]. Denote
them p; and po respectively. For any measurable set C' of continuous trajectories in R” X [r, T we have

1 (C) = ]P)({Xfl’b}te[T,T] € C) =P({Z}tcpo.r- € C)

p2(C) = P({XSQ’b}te[r,T] €C)= P({Zg}te[o,T—r] €C)= @({Ztl}te[o,T—T] €C)

Compute KL divergence between 1 and po taking into account that It6’s integral of a deterministic square-integrable
function is a normal random variable with zero mean:

B dps | Q|
KL(p|lp2) = Ep, [ logdul] —E[ log dp} =E

T—7
aT_
/ g(T —1) ft(al—az)dwt]
0 g

T—t

1
-E
+2

T 2 2 ap o 1T, o
| e - aalBet @ -0 e = o - wall 5 [ Pk
0 O _¢ T t
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C. Proof of Theorem 4.3

Proof. Consider the first base2 case. Suppose we modified the token embedding e having m coordinates equal to —1 and p
coordinates +1, where p + m is the latent space dimensionality and p > 0,m > 0. Suppose the modified embedding ¢’
has coordinates —1 4 §; and +1 — j3; instead of —1 and +1 for ¢ = 1,..,pand j = 1, .., m. Perturbation values §; and 3;
are non-negative because we need to have ||¢’||oc < 1. Denote the largest absolute value of per-coordinate perturbations
by v, i.e. v := max (max;=1__, |0;|, max;j=1, m |3;]). The overall perturbation A = ZL 1 l 2 4 ZJ 1 52 is assumed to
be sufficiently small, i.e. A = 6(v). Perturbing a single codebook entry e by modifying it to ¢’ could not increase nearest
neighbour distance for any other embedding, since they all have at least two neighbours on the distance 2 (except for the
trivial 1-dimensional case for which the statement of the theorem is obvious) which is the nearest neighbour distance for all
token embeddings in base2 FSQ scheme. Now let us prove that the nearest neighbour distance decreases for the modified €’.

Suppose that the largest perturbation with magnitude  corresponds to —1 coordinate modified to —1 + . Consider
embedding e* differing from e only in this coordinate (having +1 there instead of —1). Squared distance between ¢’ and ¢*
is then calculated as ||’ — e*||3 = A — 4% + (=1 +~ — 1)> = 4 — 4 + 6() which is less than nearest neighbour squared
distance 4 for the unmodified embedding e. To conclude the proof for base2 FSQ codebook, we need to consider the case
when the largest perturbation with magnitude  corresponded to +1 coordinate In this case consider e* differing from e
only in this coordinate and compute the squared distance ||/ — e*||3 = A — 42 + (1 — v + 1)? = 4 — 4 + 6(v) which is
again less than 4.

Let us now consider the second base3 case. Suppose we modified the token embedding e having m coordinates equal to —1,
p coordinates +1, and n zero coordinates, where p + m + n is the latent space dimensionality and p > 0, m > 0,n > 0.
Suppose the modified embedding e’ has coordinates —1 + ¢;, +1 — 3, and ¢y, instead of —1, +1 and 0 for i = 1, .., p,
j=1,.,mand k =1, .., n. Perturbation values J; and 3; are non-negative because we need to have ||e||c < 1, while
€k can be either positive or negative. Denote the largest absolute value of per-coordinate perturbations by v, i.e. v :=
max (max;—1,_,|0;|,maxj_1, . |Bj|, maxg—1, n |ex|). The overall perturbation A = "7 52 + ZJ 1 ﬁz + S es
is assumed to be sufficiently small, i.e. A = (7). Perturbing a single codebook entry e by modifying it to ¢’ could not
increase nearest neighbour distance for any other embedding, since they all have at least two neighbours on the distance 1
(except for the trivial 1-dimensional case for which the statement of the theorem is obvious) which is the nearest neighbour
distance for all token embeddings in base3 FSQ scheme. Now let us prove that the nearest neighbour distance decreases for
the modified ¢’.

Suppose that the largest perturbation with magnitude v corresponds to —1 coordinate modified to —1 + ~. Consider
embedding e* differing from e only in this coordinate (having 0 there instead of —1). Squared distance between ¢’ and e* is
then calculated as ||¢’ — e*||2 = A — 2 + (—=1++)? = 1 — 2y + () which is less than nearest neighbour squared distance
1 for the unmodified embedding e. Consider the case when the largest perturbation with magnitude ~ corresponded to +1
coordinate. In this case consider e* differing from e only in this coordinate (having O there instead of +1) and compute the
squared distance |¢’ —e*||3 = A — 2 + (1 — )% = 1 — 2y + 6(7y) which is again less than 1. Consider the final case when
~ corresponded to 0 coordinate modified to & with v = |e|. Take embedding e* differing from e only in this coordinate and
having sign(e) there instead of 0. We can compute squared distance ||¢’ —e*||3 = A —~2 + (e — sign(e))? = 1 —2y+0(7)
which concludes the proof. O

D. Proof of Best Accuracy Hypothesis in One-dimensional Case

Consider change of variables Y;=X;/a;. We know that g = 1, so Yy = Xj. Ité’s formula implies that

dY, = — —Xm+ d& (—2+ﬂ))&m+(MW; @m%temJL
(677 Qg

where the drift term cancels out by the formula (3). Since the SDE for Y; does not have drift term, its mean always stays the
same, and the formula (2) implies that

Y, = %+thDt€Mﬂ. (23)
It allows us to write transitional densities of the forward processes for X; and Y; respectively:
1 1
k)= ———7% ——|lr — 2,
pio(elt) = oz exp (5l el
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n

&t a7 2
pt|o(y\k)=W€XP _T‘tz”y_ek”2 :

Bayes formula implies that

14
1 1
Pon(hle) = prexp (= 5rale =~ auenl )/ o pyewp (=gl = auss ),
t i t
Jj=1

2 v 2
o !
Ponthl) = peexp (= 5oyl = exl )/ 3 pyexp (= gl = 1 ).
g% = Ot
Denote

1
QX(t):={reR": k= arg max Py (jlz)} = {z € R" : k = argmax p; - exp (MI - Oéﬁj”%)},
J J t

n . n 052
QY (1) := {y € R" : k = argmax Py, (j]y)} = {y € R" : k = argmaxp; - exp (—QUgny - ejn%)}-
J J t

We consider the case p, = 1/V forall k = 1, ..., V, so the above definitions simplify:

QkX(t) ={z eR":k=argmin|z — Oétejng}v
J
OF = {y €eR" : k = argmin||y — ¢;]|3}.
J

Note that, in contrast with the process X, the latent space area €2} does not depend on diffusion time ¢ when we consider
the process Y3, this is why we prefer to manipulate with Y; in what follows.

Rewrite the average prediction accuracy A(F, t) in terms of the process Y;:

v v v
AE) = P(Xo=ep, X, € X (1) =Y PYo=er, Y, €Q)) =) pP(Y; € Q) [Yg = ep),
k=1 k=1 k=1
or, taking into account that pj, are all equal,
1V
AE, ) = 5 > Pk = argmin [[Y; — ¢j[[3[Yo = ex)- (24)

k=1 J

Now we will use the above formula (24) to prove the hypothesis when dimension n = 1. Let us first prove that if the leftmost
point e;cr+ € R is greater than —1, or the rightmost point e,;4n+ € R is less than 4-1, then moving it to its respective edge
will increase A(E,t). We will prove only the first case, since the second one is analogous.

Consider the leftmost point €;.5; > —1 and its right neighbour e > ej.¢;. Let them correspond to token ids 1 and 2
respectively. It is obvious that if we move e;.f; to —1, it will affect only probabilities of predicting token ids 1 and 2:
we now predict token id 1 when Y; < (—1 4 e)/2 (we did it for Y; < (ejei + €)/2 before), and we predict token 2
when Y; € [(—1 + €)/2, a) while we did it for Y; € [(ejeft + €)/2, a) before (a is either 400 when we consider V' = 2,
or an average of e and its right neighbour when V' = 3). As for accuracy of predicting token id 2, it increases because
P(Yie[(—14e€)/2,a)|Yo =€) > P(Y: € [(e1e5t +€)/2,a)|Yy = e) since ejc5s > —1. As far as accuracy of predicting
token id 1 is concerned, it also increases because

P(Y; < (-14¢)/2lYg=—-1)=P (N (—1, Zé) < (=1+ e)/2> =P (N (0, Zfz) < +e)/2> >

t t
ai ai
> P (N (0, Oét2> < (—eleft + 6)/2) =P (N (eleft7 a%> < (eleft + e)/2) = P(Y} < (eleft + 6)/2|Y0 = eleft)-
We used conditional distribution (23) of Y;|Y; and the fact that e, r¢ > —1 to derive the above inequality.
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Thus, we have proven that the leftmost and the rightmost points should be —1 and +1 respectively. It concludes the proof
for base2 FSQ codebook. To finish the proof of the hypothesis in base3 case, suppose that the middle point equals « and
maximize A(E(a),t) for E = {—1,a,+1}.

Denote cumulative distribution function of standard normal random variable £ by ®(z) and its probability density function
by p(x). Calculate each term in the expression (24) for average prediction accuracy:

-1 —1 1 1
3-A(E(a),t) =P —1+ﬁ§§ ra + P +a§a+ﬁ§§ﬂ 4+ P 1+ﬁ§2ﬂ _
Qi 2 2 (673 2 O 2

:P<£<0%1—12—a>+P<_04,51+a<§<at1;a)+P<£>_at1;a>:

Ot Ot 2 Ot

o %1—#@ I %1—a % 7&1-#04 t1-d 7%1—04 _
Ot 2 Ot 2 ¢ 2 ¢ 2
o (e (Ml gl
Ot 2 Ot 2

In the above derivation we used symmetry of standard normal distribution, namely the fact that ®(z) + ®(—z) = 1. Now
compute the first and second derivative of A(E(«),t) with respect to «:

s =g (-(5) (57)

1a? a1+« a1l —
ANE 1) = ——t N il [ St
(E(a),?) 60t2 (<,0 (O't 2 e oy 2

Since we search for o € [—1, 1], then the only solution to the equation A’(E(«),t) = 0is o = 0, and it is easy to see that
fora = 0 A”(E(a),t) < 0 because both a; and oy are positive. So, average prediction accuracy A(E,t) is maximized
when E = Epsg = {—1,0,+1} for all ¢.

E. Architecture of CDCD-TTS

CDCD-TTS model differs from CosyVoice2 only by a module generating speech tokens from text and a duration predictor.
Below one can find a detailed description of these modules.

Duration predictor in CDCD-TTS estimates the number of speech tokens corresponding to input text from statistics collected
from sufficiently large annotated speech corpus. A simple model assigning each text character its average duration expressed
in the number of speech tokens is fit to this corpus by means of minimizing MSE loss. At CDCD-TTS inference, this
statistical model is first applied to reference text, and the scalar x is calculated as the actual number of tokens corresponding
to the reference audio divided by the number of speech tokens predicted by the statistical model. The value of x shows the
relative speed of the reference speech. The number of speech tokens corresponding to the input text is then computed as the
number of tokens predicted by the statistical model from the input text multiplied by &.

CDCD backbone borrows its architecture from F5-TTS. In contrast with CosyVoice2 model utilizing BPE-based text
tokenizer, CDCD-TTS model recognizes input English text just as a sequence of latin characters, digits and punctuation
marks. The input text conditioning, i.e. reference and input texts padded to the same length as the sum of the number of
reference tokens and the number of tokens predicted by the duration predictor, is passed through 4 ConvNeXt v2 blocks
with hidden dimension 256. The output is concatenated with the reference clean latent vectors and input noisy latent vectors
to form input to a stack of 8 DiT (adaLN-zero) blocks each having 8 attention heads with the inner dimension 512 and
RoPE embeddings. DiT blocks are followed by the softmax layer predicting probabilities of 6561 classes, i.e. FSQ speech
tokens. Diffusion time ¢ is encoded with sinusoidal positional embedding and DiT context length is 1024, i.e. the number of
reference and generated speech tokens should be no more than 1024, or approximately 41 seconds.
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