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Abstract001

This paper introduces DiFlow-TTS, a novel002
zero-shot text-to-speech (TTS) system that em-003
ploys discrete flow matching for generative004
speech modeling. We position this work as005
an entry point that may facilitate further ad-006
vances in this research direction. Through ex-007
tensive empirical evaluation, we analyze both008
the strengths and limitations of this approach009
across key aspects, including naturalness, ex-010
pressive attributes, speaker identity, and infer-011
ence latency. To this end, we leverage factor-012
ized speech representations and design a deter-013
ministic Phoneme-Content Mapper for model-014
ing linguistic content, together with a Factor-015
ized Discrete Flow Denoiser that jointly mod-016
els multiple discrete token streams correspond-017
ing to prosody and acoustics to capture ex-018
pressive speech attributes. Experimental re-019
sults demonstrate that DiFlow-TTS achieves020
strong performance across multiple metrics021
while maintaining a compact model size, up022
to 11.7 times smaller, and enabling low-latency023
inference that is up to 34 times faster than024
recent state-of-the-art baselines. Audio sam-025
ples are available on our demo page: https:026
//diflow-tts.github.io.027

1 Introduction028

Zero-shot text-to-speech (TTS) has made remark-029

able progress in recent years, with the goal of gener-030

ating high-quality speech that faithfully replicates031

the voice of previously unseen speakers from only032

a few seconds of reference audio. Recent stud-033

ies have explored autoregressive (AR) approaches,034

where speech is quantized into discrete codec to-035

kens and modeled using language models (Zhang036

et al., 2023; Han et al., 2024; Meng et al., 2025;037

Song et al., 2024; Chen et al., 2024a; Peng et al.,038

2024; Ji et al., 2024a; Wang et al., 2025b; Chen039

et al., 2025). Although these models achieve040

strong performance, they typically require large-041

scale training data and suffer from slow inference.042
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Figure 1: Overview of DiFlow-TTS. A Codec Encoder
decomposes the speech prompt into speaker, prosody,
and acoustic tokens, while the Phoneme-Content Map-
per converts text into content embeddings. Conditioned
on these, the Factorized Discrete Flow Denoiser gen-
erates prosody and acoustic tokens, and the Codec De-
coder reconstructs the waveform.

Recent efforts to adapt these discrete codec to- 043

kens to generative paradigms have sparked grow- 044

ing interest in applying diffusion models within 045

fully discrete settings (Yang et al., 2023; Wu et al., 046

2024; Yang et al., 2024; Ju et al., 2024). How- 047

ever, diffusion-based methods inherently couple the 048

training and sampling processes, restricting sam- 049

pling configurations to those established during 050

training (Qin et al., 2025). Modifying components 051

such as noise schedules or rate matrices requires 052

retraining for each new configuration, resulting in 053

considerable computational overhead. Flow match- 054

ing, on the other hand, offers a more flexible and 055

efficient alternative. Yet, most existing flow-based 056

models for discrete data still follow a single de- 057

sign paradigm: the flow is defined over continuous 058

representations derived from discrete inputs, rather 059

than directly over discrete probability distributions. 060

(Du et al., 2024b; Hieu et al., 2025; Wang et al., 061

2025a; Zuo et al., 2025a) 062

In response, we present DiFlow-TTS, illustrated 063

in Figure 1, a novel zero-shot TTS framework that 064

leverages discrete flow matching (DFM) tailored 065

to discrete settings in the speech domain. This 066

work aims to demonstrate discrete flow models 067
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as a promising research direction for speech syn-068

thesis, supported by empirical experiments that069

reveal both the advantages and limitations of this070

approach. To address this gap, we take an initial071

step toward developing a framework that operates072

directly in the discrete space of factorized codec073

tokens by employing a pre-trained FACodec (Ju074

et al., 2024) as the target discrete representation.075

This choice is motivated by two key factors: (1)076

FACodec factorizes speech into prosody, content,077

and acoustic attributes, enabling modeling flexi-078

bility; and (2) it is pre-trained on a large-scale079

multi-speaker corpus, providing a robust and reli-080

able codec foundation for our target data. Building081

on this, DiFlow-TTS explicitly models these factor-082

ized attributes within a compact and unified frame-083

work. Specifically, we design Phoneme-Content084

Mapper (PCM), which maps phoneme sequences085

to discrete speech tokens that represent the content086

of the utterance. This module further generates087

content embeddings that align closely with the se-088

mantic structure of the speech. These embeddings,089

along with auditory attributes extracted from the090

reference speech prompt, are then used to condition091

a Factorized Discrete Flow Denoiser (FDFD) mod-092

ule, allowing it to effectively clone the reference’s093

speaking characteristics. Crucially, we design the094

model with separate prediction heads for the prob-095

ability velocity of distinct speech aspects, specif-096

ically prosody and acoustic details, allowing it to097

simultaneously learn multiple attribute-specific dis-098

tributions within a unified flow architecture. Our099

main contributions are as follows:100

• We introduce DiFlow-TTS, a novel zero-shot101

TTS framework that learns probability flows102

directly in the discrete space of factorized103

codec tokens, establishing an initial baseline104

for applying DFM to speech generation.105

• Unlike prior DFM applications that operate on106

homogeneous discrete sequences, we propose107

a reformulated DFM framework over a struc-108

tured, factorized representation by introducing109

the Factorized Discrete Flow Denoiser. This110

design explicitly models individual speech at-111

tributes through a flow-prediction mechanism112

with dedicated heads for prosody and acous-113

tic details. To our knowledge, this is the first114

work to decompose probability velocity fields115

across multiple discrete subspaces within a116

single discrete flow process.117

• We show that DiFlow-TTS outperforms base- 118

line models in naturalness, content accu- 119

racy, and prosody preservation, while re- 120

taining a compact architecture that is up to 121

11.7× smaller and delivering low-latency in- 122

ference with up to 34× speedup over base- 123

lines, thereby making it suitable for deploy- 124

ment in resource-constrained and latency- 125

critical environments. 126

2 Related Work 127

A growing trend in speech synthesis focuses on 128

converting raw waveforms into discrete token rep- 129

resentations using vector-quantized variational au- 130

toencoders (VQ-VAE), which was first introduced 131

by (van den Oord et al., 2017) in the field of com- 132

puter vision and later adapted to speech processing 133

(Baevski et al., 2020; Hsu et al., 2021). These tok- 134

enized representations have demonstrated greater 135

naturalness and robustness compared to conven- 136

tional mel-spectrogram-based approaches. To ef- 137

fectively model sequences of discrete speech to- 138

kens, recent efforts have adapted large language 139

models (LLMs) from the natural language process- 140

ing domain (Zhang et al., 2023; Chen et al., 2024a; 141

Han et al., 2024; Du et al., 2024b; Peng et al., 142

2024; Meng et al., 2025; Chen et al., 2025; Wang 143

et al., 2025b). A notable example is VALL-E (Chen 144

et al., 2025), which leverages a pre-trained neural 145

codec to encode speech into discrete codec tokens 146

and reformulates zero-shot TTS as a conditional 147

codec language modeling task. During inference, 148

it performs autoregressive continuation from the 149

acoustic tokens of a speech prompt, enabling high- 150

fidelity speaker-consistent voice synthesis. 151

Although AR models achieve impressive qual- 152

ity, they are inherently limited by slow inference 153

speeds. This limitation has prompted a shift toward 154

NAR paradigms (Shen et al., 2024; Ju et al., 2024; 155

Du et al., 2024a; Lee et al., 2025; Jia et al., 2025). 156

For example, NaturalSpeech 2 (Shen et al., 2024) 157

uses diffusion (Ho et al., 2020; Song et al., 2021) 158

to generate discrete acoustic tokens as continuous 159

features. Its successor, NaturalSpeech 3 (Ju et al., 160

2024), further factorizes speech into subspaces of 161

content, prosody, and acoustic details, employing 162

multiple diffusion models to independently capture 163

various acoustic characteristics. In parallel, flow 164

matching (Lipman et al., 2023; Liu et al., 2023) 165

has gained attention as a promising generative tech- 166

nique, producing strong results in various domains. 167
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Yet, most existing speech-related flow matching168

applications operate in continuous spaces, using169

either mel-spectrogram representations or contin-170

uous representations derived from discrete tokens,171

and predict flows over these representations rather172

than directly over discrete representations. (Mehta173

et al., 2024; Guan et al., 2024; Yao et al., 2025;174

Zuo et al., 2025b,a; Hieu et al., 2025).175

An emerging line of research seeks to extend176

iterative refinement techniques to discrete spaces177

by modeling generation dynamics with Markov178

chains. Discrete-space generative models have al-179

ready proven effective in domains such as natural180

language (Lou et al., 2024; Shi et al., 2024; Sahoo181

et al., 2024), proteins (Campbell et al., 2024; Yi182

et al., 2025), vision (Austin et al., 2021; Chang183

et al., 2022; Shi et al., 2024; Fuest et al., 2025),184

code (Gat et al., 2024), and graphs (Qin et al.,185

2025). However, the application of DFM (Gat et al.,186

2024) to speech modeling, such as zero-shot TTS,187

remains largely unexplored. In this work, we pro-188

pose a zero-shot TTS system with DFM, aiming to189

leverage the advantages of discrete modeling while190

preserving high-quality speech generation.191

3 Methodology192

Figure 2 shows the overall framework of DiFlow-193

TTS, which comprises three main modules: (a)194

Speech Tokenizer, (b) Phoneme-Content Mapper,195

and (c) Factorized Discrete Flow Denoiser. We196

detail each module in the following sections.197

3.1 Preliminaries198

Notation. Let a sequence x be an array of L to-199

kens (x1, x2, . . . , xL) drawn from a discrete vo-200

cabulary of size v, i.e., x ∈ D = [v]L with [v] =201

{1, . . . , v}. We further define the extended space202

D′ = [v]nL for the concatenation of n such se-203

quences. To represent the point mass distributions204

over these sequences, we use the delta function205

δy(x) =
∏L
i=1 δyi(x

i), where y ∈ D, δyi(xi) = 1206

if xi = yi, and 0 otherwise.207

Discrete Flow Matching. We adopt DFM as the208

generative backbone for codec token modeling.209

The goal is to transport source samples x0 ∼ p210

to target samples x1 ∼ q. Concretely, we in-211

stantiate the source distribution with all-mask to-212

kens, while the target distribution is factorized into213

prosodic and acoustic components, enabling struc-214

tured joint learning. During training, we employ215

a scheduler κt ∈ [0, 1], a monotonically increas-216

ing function with boundary conditions κ0 = 0 and 217

κ1 = 1, where t ∈ [0, 1] denotes continuous time. 218

This scheduler controls the interpolation, gradually 219

shifting the distribution from source to target as 220

κt increases. We follow the deterministic convex- 221

interpolant assumption, under which the marginal 222

path distribution is given by pt(x
i|xt) = δxt(x

i). 223

Following (Gat et al., 2024), we then construct 224

a conditional probability path, referred to as the 225

mixture path, which linearly interpolates between 226

the source and target distributions: pt(xi|x0,x1) = 227

(1−κt)δx0(x
i)+κtδx1(x

i). This formulation leads 228

to a conditional probability path, which is governed 229

by the probability velocity ut defined as: 230

uit(x
i,xt) =

κ̇t
1− κt

[
p1|t(x

i|xt, c; θ)− δxt(x
i)
]
,

(1) 231

where κ̇t is the time derivative of the scheduler κt, 232

θ denotes learnable parameters of a probability de- 233

noiser, p1|t(·|xt, c; θ) is the posterior distribution 234

x1 given a partially corrupted sequence xt and c 235

representing a set of multimodal conditioning in- 236

puts. More details are provided in Appendix B.1. 237

3.2 Speech Tokenizer 238

The Speech Tokenizer module (Figure 2a) converts 239

a raw input speech waveform into distinct token se- 240

quences. For this process, we employ FACodec (Ju 241

et al., 2024), which factorizes the original speech 242

signal r into disentangled token sequences repre- 243

senting prosody, content, and acoustic details and 244

extracts the speaker identity: 245

rp, rc, ra, s = CodecEncoder(r), (2) 246

where rp ∈ [v]mL, rc ∈ [v]nL, and ra ∈ [v]kL de- 247

note the token sequences for prosody, content, and 248

acoustic details, respectively, and s ∈ RDspk is the 249

speaker embedding. Here, L is the token sequence 250

length, while m, n, and k denote the number of 251

residual vector quantization (RVQ) codebooks for 252

prosody, content, and acoustic details, respectively, 253

each with a vocabulary size of v. More details are 254

provided in Appendix B.2. 255

3.3 Phoneme-Content Mapper 256

The PCM module (Figure 2b) aligns phoneme se- 257

quences derived from the text prompt with dis- 258

crete content tokens. While its overall structure 259

is inspired by conventional duration-based align- 260

ment mechanisms (Ren et al., 2021), we reformu- 261

late the alignment process to operate directly on 262
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Figure 2: The detailed architecture of DiFlow-TTS comprises three main components: (a) Speech Tokenizer, which
extracts factorized discrete tokens and a speaker embedding from a raw speech; (b) Phoneme-Content Mapper,
which maps input phonemes to discrete content tokens and generates the corresponding content embeddings; and (c)
Factorized Discrete Flow Denoiser, which performs discrete flow matching conditioned on the content embeddings,
speaker embedding, and the discrete prosody and acoustic tokens derived from the reference speech prompt.

discrete codec tokens rather than continuous mel-263

spectrogram frames.264

Given a text prompt, we convert it into a265

phoneme sequence and extract phoneme embed-266

dings p ∈ RN×D using a phoneme encoder, where267

N and D denote the sequence length and hidden di-268

mension, respectively. To align phonemes with dis-269

crete speech tokens, a Duration Predictor estimates270

durations, indicating how many speech tokens271

correspond to each phoneme. This produces an272

integer-based alignment that maps each phoneme273

to a variable-length span in the speech-token se-274

quence. Using these alignments, the Length Reg-275

ulator upsamples phoneme embeddings based on276

the ground-truth (during training) or predicted (dur-277

ing inference) phoneme durations. The upsampled278

sequence, whose length is L, is then passed to the279

Content Predictor (Figure 6), which consists of280

multiple Feed-Forward Transformer (FFT) layers.281

These layers hierarchically extract n content repre-282

sentations, producing hidden states h ∈ Rn×L×D,283

which are then processed by two branches: a pro-284

jection layerHϱ(·) produces content embeddings,285

and a content head Gφ(·) that outputs logits over a286

vocabulary of size v:287

hc = Hϱ(h) ∈ Rn×L×D,
p(xc|h;φ) = Softmax(Gφ(h)) ∈ Rn×L×v.

(3)288

3.4 Factorized Discrete Flow Denoiser 289

The FDFD (Figure 2c) aims to generate the prosody 290

and acoustic sequences of the synthesized speech 291

by leveraging DFM and in-context learning, condi- 292

tioned on a set of contextual inputs. In the follow- 293

ing, we detail the key elements of this module. 294

Contextual Modeling. We now elaborate on the 295

construction of the conditioning context c intro- 296

duced in Eq. (1) and describe how it is integrated 297

into our framework. 298

❶ Inputs: Given a reference speech prompt r, 299

we apply the operation in Eq. (2) to extract prosody 300

(p) token sequences rp ∈ [v]mLr , acoustic (a) to- 301

ken sequences ra ∈ [v]kLr , and a speaker embed- 302

ding s ∈ RDspk , where Lr denotes the temporal 303

length of the reference prompt and Dspk is the hid- 304

den dimension of the speaker embedding. The 305

corrupted input at timestep t, xt ∈ [v](m+k)L, is 306

split into prosody tokens xpt ∈ [v]mL and acoustic 307

tokens xat ∈ [v]kL. We then employ specific em- 308

bedders for prosody and acoustic to map these se- 309

quences to D-dimensional hidden representations 310

eir (reference) and eit (corrupted) for i ∈ {p, a}. 311

❷ Conditioning: We concatenate the reference 312

and corrupted embeddings along the temporal di- 313

mension for each attribute, where the reference 314

embeddings provide contextual information for the 315
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corrupted embeddings. We further introduce the316

content (c) embedding (Eq. (3)) as the corrupted317

content representation (ect = hc) to enrich prosody318

and acoustic modeling, while the reference con-319

tent representation is replaced with zeros (ecr = 0),320

since reference speech content information is not321

used. The concatenated embeddings for each at-322

tribute is given by ei = eir ⊕ eit ∈ Rj×(Lr+L)×D,323

where ⊕ denotes the concatenation operator, and324

(i, j) ∈ {(p,m), (c, n), (a, k)}.325

❸ Constructing unified embedding: We first326

introduce a learnable attribute-type embedding327

gi ∈ R1×1×D for each attribute i ∈ {p, c, a}, al-328

lowing the model to explicitly differentiate among329

the corresponding attributes. Each such embedding330

is added to the embeddings of its corresponding331

attribute, yielding ẽi = ei + gi. The resulting332

embeddings are concatenated along the attribute333

dimension, yielding the final unified embedding334

e = ẽp ⊕ ẽc ⊕ ẽa ∈ R(m+n+k)×(Lr+L)×D.335

Factorized Flow Prediction. We flatten e and336

project it to z ∈ R(Lr+L)×D, which is then pro-337

cessed by a neural network fψ : R(Lr+L)×D →338

R(Lr+L)×(m+k)D composed of Diffusion Trans-339

former (DiT) blocks (Peebles and Xie, 2023), a340

long skip connection, and a final transformation341

layer. To achieve speaker adaptation, we form a342

global conditioning vector cg by summing the pro-343

jected speaker embedding s and timestep embed-344

ding t. This vector modulates the DiT features345

via adaptive layer normalization (AdaLN) (Peebles346

and Xie, 2023). After processing the DiT blocks347

via AdaLN, we apply a long skip connection by348

adding z to the final DiT output, followed by the349

final transformation layer comprising layer normal-350

ization, AdaLN-based modulation conditioned on351

cg, and a linear projection to dimension (m+ k)D.352

We then discard the reference portion and permute353

the result to yield the final hidden representation354

hp,a ∈ R(m+k)×L×D.355

To effectively enable the model to jointly at-356

tend to information from different representation357

subspaces, we propose a factorized flow predic-358

tion mechanism based on multi-head prediction.359

In this design, FDFD simultaneously models mul-360

tiple aspects of speech, specifically prosody and361

acoustic details. Formally, we define two parallel362

heads: the prosody head fϕ(·) and the acoustic363

head fω(·), which independently predict proba-364

bility distributions corresponding to prosody and365

acoustic attributes. We first slice the representa-366

tion hp,a into two parts: the prosody representation 367

hp ∈ Rm×L×D and the acoustic representation 368

ha ∈ Rk×L×D. Each part is processed by its re- 369

spective head, fϕ(·) and fω(·), producing logits 370

of the shapes Rm×L×v and Rk×L×v, respectively. 371

These logits correspond to the categorical distribu- 372

tions predicted over the discrete token vocabulary 373

for each attribute. Finally, the two outputs are con- 374

catenated along the attribute dimension, yielding a 375

unified tensor of shape R(m+k)×L×v serving as the 376

estimated posterior distribution over x1. 377

3.5 Training Objective 378

Our training objective integrates three loss 379

components, one for each module in the frame- 380

work. First, we optimize the Duration Predictor 381

using the Mean Squared Error (MSE) loss on 382

the logarithmic scale, denoted as Ldur, which 383

compares the predicted and ground-truth durations. 384

Second, for the Content Predictor defined in 385

Eq. (3), we use a cross-entropy loss Lc between 386

the predicted logits and the discrete content 387

tokens obtained from the ground truth. Third, 388

for the FDFD module, we learn a probabilistic 389

denoiser p1|t trained to recover masked tokens 390

under varying masking ratios. The objective is to 391

minimize the cross-entropy loss: LFDFD(θ) = 392

−
∑

i∈T Et∼U [0,1],(x0,x1),xt

[
log p1|t(x

i
1|xt, c; θ)

]
, 393

where T = [(m+ k)L], xt ∼ pt(x|x0,x1),x0 ∼ 394

p, and x1 ∼ q. Finally, the total loss is defined as: 395

L = λdurLdur + λcLc + λFDFDLFDFD, (4) 396

where λdur, λc, and λFDFD are hyperparameters 397

weighting the loss terms. Appendix B.4 further 398

describes our training and inference pipeline. 399

4 Experiments 400

We conduct extensive experiments to analyze the 401

effectiveness and behaviors of DiFlow-TTS. Imple- 402

mentation details are reported in Appendix A. 403

4.1 Experimental Setup 404

Baselines. To ensure a best-effort comparison 405

under publicly available checkpoints and code 406

with standard evaluation settings, we compare 407

against publicly available baselines spanning dif- 408

ferent modeling paradigms: (i) Autoregressive 409

models: VoiceCraft (Peng et al., 2024), VALL-E 410

(Chen et al., 2025); (ii) Continuous flow match- 411

ing/diffusion models: NaturalSpeech 2 (Shen et al., 412

2024), F5-TTS (Chen et al., 2024b), OZSpeech 413
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Type Model Data (hours) UTMOS ↑ WER ↓ SIM-O ↑
F0 Energy

Accuracy ↑ RMSE ↓ Accuracy ↑ RMSE ↓

- Ground Truth - 4.10 0.02 - - - - -

(i)
VoiceCraft [†] ACL’24 GS (9K) 3.55 0.18 0.51 0.78 17.22 0.44 0.010
VALL-E [⋄] TASLPRO’25 LT (500) 3.68 0.19 0.40 0.75 21.66 0.36 0.020

(ii)
NaturalSpeech 2 [‡] ICLR’24 LT (585) 2.38 0.09 0.31 0.80 15.62 0.25 0.020
F5-TTS [⋄] ACL’25 LT (500) 3.76 0.24 0.52 0.80 13.78 0.67 0.010
F5-TTS [†] ACL’25 E (100K) 3.72 0.09 0.66 0.83 12.66 0.66 0.010
OZSpeech [†] ACL’25 LT (500) 3.15 0.05 0.40 0.81 11.96 0.67 0.010

(iii) MaskGCT [†] ICLR’25 E (100K) 3.83 0.09 0.67 0.77 14.33 0.75 0.007

(iv) DiFlow-TTS LT (470) 3.98 0.05 0.45 0.88 7.97 0.73 0.007

Table 1: Performance on the LibriSpeech test-clean dataset using 3-second audio prompts. [⋄] means reproduced
results. [†] and [‡] mean results inferred from official and unofficial checkpoints, respectively. The best and second
best are bold and underlined, respectively. WER is reported as a value in the range [0, 1]. Abbreviation: E (Emilia),
GS (GigaSpeech), LT (LibriTTS).

Model Naturalness ↑ Intelligibility ↑ Similarity ↑

Ground Truth 4.42 ± 0.12 4.54 ± 0.11 4.29 ± 0.14

VoiceCraft 3.94 ± 0.17 4.08 ± 0.18 4.17 ± 0.15
VALLE-E 3.71 ± 0.17 3.96 ± 0.17 3.99 ± 0.15
NaturalSpeech 2 2.62 ± 0.20 3.25 ± 0.21 2.63 ± 0.18
F5-TTS 3.97 ± 0.17 4.16 ± 0.14 4.07 ± 0.16
OZSpeech 2.80 ± 0.23 3.42 ± 0.24 3.20 ± 0.22
MaskGCT 3.97 ± 0.16 4.14 ± 0.15 4.17 ± 0.15

DiFlow-TTS 4.18 ± 0.16 4.41 ± 0.13 4.42 ± 0.12

Table 2: MOS evaluation with 3-second audio prompts,
including 95% confidence intervals. The best and sec-
ond best are bolded and underlined, respectively.

(Hieu et al., 2025); (iii) Masked generative model:414

MaskGCT (Wang et al., 2025c). (iv) Discrete flow415

matching model: DiFlow-TTS. We refer readers to416

Appendix C.3 for detailed descriptions of all base-417

lines, including their architectures, training data,418

checkpoints, and evaluation settings.419

Dataset. We use a 470-hour subset of the Lib-420

riTTS dataset (Zen et al., 2019), which comprises421

multi-speaker English audio recordings, to train422

our method. For evaluation, we utilize the Lib-423

riSpeech test-clean dataset (Panayotov et al., 2015).424

Additional details are provided in Appendix C.1.425

Evaluation Metrics. To evaluate model perfor-426

mance, we use a suite of objective evaluation met-427

rics that target multiple aspects of speech synthe-428

sis. Naturalness and speech quality is measured429

with UTMOS, speaker similarity is assessed using430

SIM-O, content accuracy is quantified via the word431

error rate (WER), and prosody reconstruction is432

analyzed through pitch- and energy-based metrics.433

In addition, inference latency is evaluated using434

the real-time factor (RTF). Detailed descriptions of435

these metrics are provided in Appendix C.2.436

Complementing these objective measures, we437

perform a subjective evaluation following the Mean 438

Opinion Score (MOS) protocol. Specifically, 30 439

listeners rate the synthesized speech on a scale from 440

1 to 5 with respect to naturalness, intelligibility, and 441

speaker similarity to the speech prompt. 442

4.2 Main Results 443

Comparison Results. Table 1 presents the per- 444

formance of DiFlow-TTS with 128 function evalu- 445

ations (NFE) using 3-second audio prompts, com- 446

pared to baseline methods. For naturalness and 447

speech quality as measured by UTMOS, DiFlow- 448

TTS achieves the strongest performance despite 449

being trained on only 470 hours of speech data, 450

which is significantly smaller (by a factor of 1.1× 451

to 212.8×) than other baselines, highlighting the 452

strength of our FDFD module in capturing prosodic 453

and acoustic nuances even under limited data con- 454

ditions. For content accuracy, DiFlow-TTS, along 455

with OZSpeech, achieves SOTA performance in 456

terms of WER, demonstrating the effectiveness 457

of our method in producing speech with accurate 458

linguistic content. For speaker similarity, DiFlow- 459

TTS offers no clear advantage over baselines, likely 460

due to its simple speaker conditioning in DiT 461

blocks, which could be improved with more ad- 462

vanced strategies. We highlight this limitation as 463

a promising direction for future work beyond 464

the scope of this study. For prosody reconstruc- 465

tion, DiFlow-TTS outperforms across all metrics, 466

with the sole exception of energy accuracy, where 467

it trails MaskGCT by only 0.02, despite MaskGCT 468

being trained on significantly more data (100K 469

hours). These findings further confirm the ability of 470

the FDFD module to model fine-grained prosodic 471

attributes with high fidelity. To gain further insight 472

into speech quality, we report the subjective MOS 473
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Model #Params ↓ NFE RTF ↓ UTMOS ↑ WER ↓ SIM-O ↑ RMSEF0 ↓ RMSEE ↓

VoiceCraft 830M - 1.70 3.55 0.18 0.51 17.22 0.010
VALL-E 594M - 0.86 3.68 0.19 0.40 21.66 0.020
NaturalSpeech 2 378M 200 1.66 2.38 0.09 0.31 15.62 0.020
F5-TTS 336M 32 0.26 3.72 0.09 0.66 12.66 0.010
OZSpeech 145M 1 0.03 3.15 0.05 0.40 11.96 0.010
MaskGCT 1.43B 50 + 45† 0.46 3.83 0.09 0.67 14.33 0.007

4 0.03 3.34 0.06 0.43 8.31 0.007DiFlow-TTS-Small 122M
16 0.05 3.89 0.05 0.45 8.58 0.008

4 0.03 3.31 0.05 0.44 8.05 0.007DiFlow-TTS 164M
16 0.07 3.86 0.05 0.45 7.96 0.007

†MaskGCT is a two-stage system that first predicts masked semantic tokens, then uses them to infer masked acoustic tokens.

Table 3: Comparison of model size and latency. The #Params exclude the neural codec or vocoder component,
which is non-trainable. The best and second best are bold and underlined, respectively.

Model UTMOS ↑ WER ↓ SIM-O ↑
F0 Energy

Accuracy ↑ RMSE ↓ Accuracy ↑ RMSE ↓

DiFlow-TTS 3.978 0.048 0.454 0.884 7.972 0.735 0.007
- w/o Attribute Embedding 3.983 0.060 0.444 0.869 9.289 0.712 0.008
- w/o Speaker Embedding 3.902 0.057 0.378 0.681 20.868 0.615 0.010
- w/o Content Embedding 3.077 0.063 0.333 0.867 8.878 0.698 0.008
- w/o Multi-head Prediction 3.939 0.057 0.442 0.876 8.474 0.726 0.007

Table 4: Ablation study results showing the effect of removing each component from the DiFlow-TTS, with NFE
set to 128. The best and second best are bold and underlined, respectively.

evaluations in Table 2. Overall, DiFlow-TTS con-474

sistently outperforms SOTA methods across every475

MOS dimension, providing strong evidence of its476

well-balanced performance in generating natural477

and intelligible speech with high speaker similarity.478

It is worth noting that even though DiFlow-TTS479

ranks third on SIM-O (see Table 1), an embedding-480

space proxy that may penalize artifacts inaudible481

to humans, it best captures the perceptual iden-482

tity cues (e.g., pitch, timbre, prosody) that human483

listeners value, indicating superior speaker faith-484

fulness where it matters most. These results are485

especially notable given the model’s training data486

efficiency. For the other MOS metrics, the results487

are consistent with the findings in Table 1.488

Model Size & Latency Analysis. Table 3 com-489

pares the model size and latency between DiFlow-490

TTS and the baselines for the 3-second audio491

prompt setting. The RTF metric, measured in sec-492

onds, shows that all baselines except OZSpeech493

experiences latency in the order of hundreds of494

miliseconds. In contrast, DiFlow-TTS, along with495

OZSpeech, has latency that is an order of magni-496

tude smaller. To highlight efficiency, we further497

construct a smaller variant of DiFlow-TTS (de-498

noted as DiFlow-TTS-Small) by reducing the num-499

ber of attention heads (12 → 8) and DiT layers500

(12 → 8), resulting in a 122M-parameter model. 501

This small variant achieves the best results in both 502

speed and size. For comparison, OZSpeech, op- 503

timized for the 1-NFE setting, achieves the same 504

RTF (0.03) as DiFlow-TTS-Small with 4 NFEs, 505

yet delivers significantly lower performance across 506

all metrics except for WER, while DiFlow-TTS 507

with 4 NFEs (RTF = 0.03) also achieves compara- 508

ble performance to our small variant. Furthermore, 509

DiFlow-TTS-Small with 16 NFEs (RTF = 0.05) 510

achieves competitive performance in naturalness, 511

intelligibility, speaker similarity, and prosody error 512

while being only marginally slower than OZSpeech 513

(by 0.02s in RTF) yet 5.2× to 34.0× faster than the 514

other baselines, with a model size 1.2× to 11.7× 515

smaller than all baselines. The results of DiFlow- 516

TTS with 16 NFEs further reinforce these findings, 517

demonstrating a strong balance between model size, 518

speed, and speech quality. 519

4.3 Ablation Studies and Analyses 520

Effect of Each Component. To assess the impact 521

of each component in DiFlow-TTS, we perform an 522

ablation study by systematically removing or modi- 523

fying key elements: (1) removing the attribute-type 524

embeddings used to distinguish prosody, content, 525

and acoustic streams; (2) excluding the speaker em- 526

bedding from the conditioning process (i.e., not in- 527
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Figure 4: Performance across different SNR levels in terms of UTMOS
(left) and WER (right).

jecting it into the DiT blocks); (3) disabling the use528

of content embeddings in the FDFD module; and529

(4) replacing the multi-head prediction architecture530

with a single-head prediction. As shown in Table 4,531

we observe a slight degradation in all metrics ex-532

cept UTMOS when the attribute-type embeddings533

are removed. This suggests that while these embed-534

dings enhance overall fidelity and prosody model-535

ing, they may introduce minor redundancies that536

subtly affect perceived naturalness. A more pro-537

nounced decline in speaker similarity and prosody-538

related metrics is observed when speaker embed-539

ding is excluded from the FDFD module. This high-540

lights that prosody is not only content-dependent541

but also strongly influenced by speaker identity;542

without speaker conditioning, the FDFD module543

produces extraneous prosodic variations, resulting544

in reduced speaker adaptation and overall synthesis545

quality. When content embeddings from the PCM546

branch are removed from FDFD, we observe sub-547

stantial degradation across metrics related to natu-548

ralness and speaker similarity. This demonstrates549

the critical role of content embeddings in condi-550

tioning FDFD to generate appropriate prosody and551

support speaker adaptation. Lastly, replacing the552

multi-head prediction mechanism with a single-553

head alternative leads to minor performance drops554

across all metrics, indicating that the multi-head de-555

sign enhances prediction diversity and robustness556

in prosody and acoustic modeling.557

Prompt Duration Analysis. To gain further in-558

sight into model behavior, Figure 3 illustrates the re-559

lationship between UTMOS, which strongly corre-560

lates with human perceptual evaluations, and NFE561

across different prompt durations. Overall, longer562

prompts lead to higher UTMOS scores, indicating563

improved reconstruction quality and a greater sensi-564

tivity of the model to prompt length. Additionally,565

increasing the NFE from 16 to 128 consistently566

improves performance for all prompt durations. In567

particular, the highest performance is achieved with 568

a 5-second prompt and an NFE of 128. 569

Noisy Prompt Analysis. We analyze the robust- 570

ness of DiFlow-TTS under noisy audio prompts 571

using UTMOS and WER, a challenging scenario 572

since most models are trained on clean speech. The 573

noisy prompts are generated from the LibriSpeech 574

test-clean set with additive noise augmentation. As 575

shown in Figure 4, all models are highly sensitive 576

to noise, showing sharp degradation in both UT- 577

MOS (left) and WER (right) as the prompt SNR 578

decreases (see Table 1 for clean-prompt reference). 579

DiFlow-TTS, however, consistently achieves the 580

highest UTMOS across all noise levels, demon- 581

strating its ability to synthesize high-fidelity speech 582

under noisy conditions. For WER, it shows little 583

to no degradation across SNR levels, a trend also 584

observed in OZSpeech, while other baselines suffer 585

significant performance drops. 586

5 Conclusion 587

We introduce DiFlow-TTS, a novel zero-shot TTS 588

framework that brings discrete flow matching into 589

the domain of speech generation. By combin- 590

ing a PCM for accurate content modeling with a 591

FDFD that separately models prosody and acous- 592

tic attributes, DiFlow-TTS achieves strong perfor- 593

mance in naturalness, intelligibility, prosody, and 594

inference efficiency, while exhibiting limitations 595

in speaker similarity as reflected by comprehen- 596

sive objective and subjective evaluations. These 597

results establish DiFlow-TTS as a compelling so- 598

lution for efficient, high-fidelity zero-shot speech 599

synthesis, well-suited to resource-constrained and 600

latency-sensitive applications, and highlight dis- 601

crete flow models as a promising direction for fu- 602

ture generative speech research. 603
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Limitations604

Our study investigates the viability of discrete flow605

matching for speech synthesis. Although our pro-606

posed method substantially improves the quality607

of generated speech, it still exhibits several limi-608

tations. In particular, the current design does not609

fully meet expectations in terms of voice cloning610

quality, we acknowledge that our current strategy611

for speaker conditioning is not yet optimal. Since612

our framework relies on FACodec (Ju et al., 2024),613

which explicitly disentangles speech attributes and614

speaker identity, integrating it effectively requires615

additional mechanisms to inject speaker informa-616

tion. In contrast, codecs such as EnCodec (Défos-617

sez et al., 2023) embed speaker information directly618

within their vector quantizers, enabling models to619

implicitly learn speaker characteristics. In future620

work, we plan to extend our framework to sup-621

port alternative codec models or to replace global622

AdaLN conditioning with a cross-attention mecha-623

nism specifically designed for timbre embeddings,624

allowing the model to capture local speaker char-625

acteristics more effectively. Developing more ro-626

bust methods for reproducing speaker timbre from627

real-world audio in discrete settings, particularly in628

zero-shot TTS scenarios, remains an open research629

direction.630

Potential Risks631

Our work focuses on advancing text-to-speech tech-632

nology, which, while beneficial, carries potential633

risks of misuse such as voice spoofing, imperson-634

ation, or spreading misleading content. To ensure635

ethical compliance, all experiments are conducted636

exclusively on publicly available datasets with ap-637

propriate licenses, where speakers have explicitly638

consented to their voices being used for research.639

No private or unauthorized data are employed. We640

acknowledge that the ability to closely mimic a641

speaker’s voice raises important concerns regard-642

ing privacy, security, and trust. To mitigate these643

risks, it is essential to pair progress in TTS with ro-644

bust detection systems for synthetic speech and to645

establish mechanisms for reporting and addressing646

suspected misuse.647
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A Implementation Details 993

The FDFD uses a scheduler κt drawn from a fam- 994

ily of cubic polynomials. In our implementation, 995

we set κt = t2. The module employs DiT blocks 996

(Peebles and Xie, 2023) with a hidden size of 768, 997

12 layers, and 12 attention heads, further enhanced 998

with rotary position embedding (RoPE) (Su et al., 999

2024). The number of quantizers used in FaCodec 1000

(Ju et al., 2024) is m = 1 for prosody, n = 2 1001

for content, and k = 3 for acoustic tokens, each 1002

with a vocabulary size of 1024. Figure 5 illus- 1003

trates the architecture of our DiT block (Peebles 1004

and Xie, 2023), which incorporates global condi- 1005

tioning through adaptive normalization. The global 1006

conditioning vector, formed by combining time 1007

and speaker embeddings, is processed by a Multi- 1008

Layer Perceptron (MLP) to generate scale and 1009

shift parameters that modulate the input in both 1010

the multi-head self-attention (MHSA) and feed- 1011

forward stages. The feed-forward network in DiT 1012

uses a width multiplier of 4, and the speaker embed- 1013

ding dimension is 256. The Phoneme-to-Discrete 1014

Content Aligner, shown in Figure 6, has a hidden 1015

dimension of 768 and integrates a variance adapter 1016

(Ren et al., 2021) with an encoder hidden size of 1017

256, a filter size of 1024, a kernel size of 3, and a 1018

dropout rate of 0.5. It employs a hierarchical stack 1019

of Feed-Forward Transformer (FFT) blocks, where 1020

each level models dependencies conditioned on the 1021

outputs of the previous layer. Given phoneme em- 1022

beddings, the model produces n contextual repre- 1023

sentations that capture progressively richer features 1024

through the stacked FFT layers. Both the text en- 1025

coder and decoder used to generate content tokens 1026

and embeddings adopt the same FFT-based archi- 1027

tecture, consisting of 2 layers, 4 attention heads, 1028

a hidden size of 256, an output dimension of 768, 1029

convolutional filter sizes of 1024 with kernel sizes 1030

[9, 1], a dropout rate of 0.2, and a maximum se- 1031

quence length of 5000. 1032

We train the model on 4× NVIDIA A100 GPUs 1033

for 315K steps with a batch size of 16, using 1034

AdamW (Loshchilov and Hutter, 2019) with a 1035

learning rate of 1 × 10−4, weight decay of 0.01, 1036

and 200K warm-up steps. For Eq. (4), the overall 1037

objective combines duration, content, and denois- 1038
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ing losses, weighted by λdur = 0.5, λc = 1.0, and1039

λFDFD = 1.0, respectively.1040

B Method Details1041

B.1 Source and Target Distributions1042

In this section, we elaborate on the source and tar-1043

get distributions of DFT in our setting, as detailed1044

in the following paragraphs.1045

Source Distribution. Following (Gat et al.,1046

2024), we instantiate the source distribution p to as-1047

sign all probability mass to sequences in which ev-1048

ery token is the mask token [MASK], that is, p(x) =1049

δ[MASK](x). This implies that the source distribu-1050

tion places all probability mass in the sequence1051

where every token is the mask token [MASK].1052

Target Distribution. In conventional DFM set-1053

tings, the target sequence x1 is treated as a mono-1054

lithic sequence. In contrast, we propose to factorize1055

x1 into two structured components that are learned1056

jointly. This formulation allows us to construct a1057

probability velocity over a structured target space1058

composed of two parts. To this end, we define the1059

target distribution q as follows:1060

Definition B.1. Let xp1 ∼ qp and xa1 ∼ qa denote1061

the random variables corresponding to the prosody1062

and acoustic details sequences, respectively. These1063

sequences are in spaces [v]mL and [v]kL. The full1064

target sequence is then defined as x1 = xp1 ⊕ xa1 ∈1065

[v](m+k)L, where ⊕ denotes the concatenation of1066

the sequence. Assuming the independence between1067

the two components, the joint target distribution1068

is factorized as q(x) = qp(x
p) · qa(xa), where1069

x = xp ⊕ xa.1070

B.2 Factorized Neural Speech Codec1071

The Factorized Neural Speech Codec (FACodec)1072

(Ju et al., 2024) disentangles speech waveforms1073

into distinct attributes, which are content, prosody,1074

acoustic details, and timbre, enabling precise repre-1075

sentation for zero shot text-to-speech (TTS) tasks.1076

Given a speech input x ∈ RC , a speech encoder,1077

implemented with convolutional blocks, transforms1078

it into a pre-quantization latent representation:1079

h = Encoder(x) ∈ RT×D, (5)1080

where T represents the downsampled temporal di-1081

mension and D denotes the latent feature dimen-1082

sion.1083

Three factorized vector quantizers (FVQs), de-1084

noted Qp, Qc, and Qa for prosody, content, and1085

acoustic details, respectively, convert h into dis- 1086

crete token sequences. Each FVQ, defined as 1087

Qi = {qji }
Ni
j=1 for i ∈ {p, c, a}, consists of Ni 1088

quantizers, where qji ∈ Rd is the j-th quantizer 1089

with hidden dimension d and a codebook size of 1090

1024. Specifically, Np = 1, Nc = 2, and Na = 3. 1091

These quantizers produce discrete codes: 1092

z = gp(h)⊕ gc(h)⊕ ga(h) ∈ RT×6, (6) 1093

where gp(h) ∈ RT×1, gc(h) ∈ RT×2, and ga(h) ∈ 1094

RT×3 map the latent h to prosody, content, and 1095

acoustic detail tokens, respectively. The concate- 1096

nated output z forms a unified representation of the 1097

speech attributes. 1098

The timbre attribute is extracted by passing the 1099

hidden representation h through a series of Con- 1100

former blocks (Gulati et al., 2020), followed by 1101

a temporal pooling layer. This process yields a 1102

timbre-specific embedding zt ∈ RD. Given both z 1103

and zt, the neural codec decoder reconstructs the 1104

speech waveform as follows: 1105

y = CodecDecoder(z, zt). (7) 1106

Building upon the structure of 7, which accepts 1107

z and zt as input and is pre-trained on a large- 1108

scale multi-speaker corpus to support robust zero- 1109

shot TTS, we propose a method to model and gen- 1110

erate a six-dimensional sequence representation 1111

z̃ ∈ RT×6. This representation is restricted to lie 1112

within the latent subspace of the pre-trained FA- 1113

Codec and is designed to encode prosody, content, 1114

and acoustic information in a manner aligned with 1115

z. Finally, z̃ is passed to fdec along with the timbre 1116

embedding zt to synthesize the output waveform ỹ. 1117

B.3 Reference Prompt Selection during 1118

Training 1119

During training, a crucial step is selecting an ap- 1120

propriate speech prompt to condition the FDFD 1121

module. Specifically, we randomly sample an ar- 1122

bitrary segment whose length is 30% of the total 1123

temporal length of the ground-truth sequence. This 1124

segment serves as the reference prompt, ensuring 1125

that prosodic and acoustic characteristics are pre- 1126

served to guide the FDFD module effectively. 1127

B.4 Training and Inference Procedures 1128

To provide a clearer understanding of DiFlow-TTS, 1129

we detail the algorithmic procedures for training 1130

and inference in Algorithms 1 and 2, respectively. 1131
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C Evaluation Details1132

C.1 Dataset Details1133

Training Dataset. We preprocess the LibriTTS1134

(Zen et al., 2019) dataset for training as follows.1135

The silent segments at the beginning and end of1136

each utterance are removed. We retain audio clips1137

ranging from 1.0 to 16.6 seconds in duration that1138

contain utterances with more than three words.1139

From FACodec, we extract the ground-truth repre-1140

sentations, which include a speaker embedding and1141

six sequences of discrete tokens: one for prosody,1142

two for content, and three for acoustic details in1143

order. To obtain the ground truth of phoneme-1144

level text and corresponding discrete speech to-1145

kens, we use the Montreal Forced Aligner (MFA)1146

(McAuliffe et al., 2017) to align each audio with1147

its target transcription, producing the duration of1148

each phoneme in the audio. We then multiply these1149

durations by 80, which represents the number of1150

tokens per second in FACodec, to determine the1151

number of speech tokens corresponding to each1152

phoneme.1153

Evaluation dataset. The evaluation protocol fol-1154

lows VALL-E (Chen et al., 2025). Specifically, the1155

LibriSpeech test-clean subset is filtered to retain ut-1156

terances with durations between 4 and 10 seconds,1157

resulting in a total of 2.2 hours of audio. For each1158

utterance, a prompt is randomly sampled from an-1159

other utterance spoken by the same speaker, from1160

which a segment of 1, 3, or 5 seconds is extracted1161

to serve as the prompt. To ensure consistency with1162

prior work, we obtain the evaluation split used in1163

our experiments from (Hieu et al., 2025) through1164

communication with the authors.1165

C.2 Metrics Details 1166

We assess each system utilizing the following ob- 1167

jective evaluation metrics: 1168

• RTF (Real-Time Factor) serves as a critical 1169

indicator of system efficiency, especially in 1170

applications that require real-time processing. 1171

It quantifies the duration needed to generate 1172

one second of speech. RTF evaluations for all 1173

models are conducted in a complete end-to- 1174

end configuration on a single NVIDIA 80GB 1175

A100 GPU. 1176

• UTMOS (Saeki et al., 2022) is a deep learning 1177

framework designed to gauge the naturalness 1178

and general quality of speech by estimating 1179

mean opinion scores (MOS). This approach 1180

mitigates the resource-intensive nature of tra- 1181

ditional subjective assessments, using sophis- 1182

ticated neural networks to produce predictions 1183

that strongly correlate with human perceptual 1184

evaluations. 1185

• SIM-O is a metric used to quantify the simi- 1186

larity of the speakers. It evaluates the resem- 1187

blance between the synthesized speech and 1188

the original prompt. This metric is derived 1189

from the cosine similarity of the speaker em- 1190

beddings obtained through WavLM-TDCNN1 1191

applied to the audio waveforms. SIM-O spans 1192

a range of -1 to 1, where higher values indicate 1193

stronger speaker similarity. 1194

• WER (Word Error Rate) is utilized to ap- 1195

praise the robustness of speech synthesis sys- 1196

1https://github.com/microsoft/UniSpeech/tree/
main/downstreams/speaker_verification
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Algorithm 1 DiFlow-TTS Training
Input: Model M, Dataset D = {X1, ..., XM},
where each Xi consists of phonemes P, durations
d, ground-truth speech y, and reference speech
prompt r.
Output: Trained ModelM

1: whileM not converged do
2: Sample X ∼ D
3: Extract prosody tokens yp, content tokens

yc, and acoustic tokens ya from y, as defined
in Eq. (2)

4: Extract only prosody tokens rp, acoustic
tokens ra, and speaker embedding s from r, as
defined Eq. (2)

5: x1 ← yp ⊕ ya ▷ Prosody + acoustic tokens as

target

6: p← PhonemeEncoder(P)
7: d̂← DurationPredictor(p)
8: pup ← LengthRegulator(p,d)
9: h← ContentPredictor(pup)

10: Obtain hc and p(·|h;φ) as defined in
Eq. (3)

11: Ldur ← MSE(d, d̂)
12: Lc ← CE(yc, p(·|h;φ))
13: Sample t ∼ U(0, 1)
14: Sample xt ∼ pt|1(xt | x1) ▷ Noising

15: Obtain hp,a using xt, hc, r
p, ra, s, t as

defined in Section 3 of the paper
16: hp,ha = Slice(hp,a)
17: p1|t(·|xt, c; θ)← fϕ(hp)⊕ fω(ha) ▷

Denoising prediction

18: LFDFD ← CE(x1, p1|t(·|xt, c; θ))
19: L ← λdurLdur + λcLc + λFDFDLFDFD
20: Optimizer.step(L)
21: end while

tems, focusing on the precision of word pro-1197

nunciation. An automatic speech recogni-1198

tion (ASR) model2 transcribes the generated1199

speech, which is then compared to the tex-1200

tual prompt. The employed ASR model is a1201

connectionist temporal classification (CTC)-1202

based HuBERT, pre-trained on LibriLight,1203

and fine-tuned on the 960-hour LibriSpeech1204

training dataset. WER is reported as a value in1205

the range [0, 1], where lower values indicate1206

better performance.1207

• Prosody Accuracy & Error metrics evalu-1208

2https://huggingface.co/facebook/
hubert-large-ls960-ft

ate the congruence between the synthesized 1209

speech and the audio prompt, focusing on 1210

pitch (F0) and energy contours. Accuracy 1211

is determined following the framework out- 1212

lined in PromptTTS (Guo et al., 2022) and 1213

TextrolSpeech (Ji et al., 2024b), by classify- 1214

ing F0 and energy into three tiers such as high, 1215

normal and low, which are relative to their 1216

mean values 3. Furthermore, the Root Mean 1217

Square Error (RMSE) is calculated to measure 1218

deviations in F0 and the energy between the 1219

synthesized output and the reference prompts. 1220

C.3 Baselines Details 1221

We compare our model with previous zero-shot 1222

TTS baselines, including: 1223

• VoiceCraft (Peng et al., 2024) is a token 1224

infilling neural codec language model built 1225

on a Transformer decoder architecture, in- 1226

corporating a two-step token rearrangement 1227

procedure that applies causal masking for 1228

bidirectional-context autoregressive genera- 1229

tion and delayed stacking for multi-codebook 1230

efficiency, trained autoregressively with a loss 1231

function that weights earlier codebooks more 1232

heavily. We use the official code and the pre- 1233

trained checkpoint4, trained on 9K hours of 1234

the GigaSpeech dataset (Chen et al., 2021). 1235

• F5-TTS (Chen et al., 2024b) is a fully non- 1236

autoregressive (NAR) TTS system based on 1237

flow matching with DiT architecture, where 1238

text inputs are padded with filler tokens to 1239

align with speech lengths, bypassing the 1240

need for duration models, text encoders, or 1241

phoneme alignment. It contributes refine- 1242

ments to text representation using ConvNeXt 1243

(Liu et al., 2022) for better speech alignment 1244

and an inference-time Sway Sampling strat- 1245

egy that improves generation efficiency. In 1246

our experiments, we use samples obtained 1247

through communication with the authors of 1248

(Hieu et al., 2025), reproduced using 500 1249

hours of the LibriTTS dataset. We addition- 1250

ally perform inference using the official code 1251
5 and a pre-trained checkpoint 6 trained on 1252

100K hours of the Emilia dataset (He et al., 1253

2024). 1254

3https://github.com/jishengpeng/TextrolSpeech
4https://huggingface.co/pyp1/VoiceCraft/blob/

main/830M_TTSEnhanced.pth
5https://github.com/SWivid/F5-TTS
6https://huggingface.co/SWivid/F5-TTS
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• NaturalSpeech 2 (Shen et al., 2024) is a la-1255

tent diffusion model designed for zero-shot1256

TTS, capable of generating high-fidelity audio1257

from diverse text inputs. It utilizes a neural au-1258

dio codec and a latent diffusion framework to1259

produce natural-sounding speech and singing1260

without requiring speaker-specific training1261

data. We use the Amphion toolkit (Zhang1262

et al., 2024) and the pre-trained weight7,1263

trained on 585 hours of the LibriTTS dataset.1264

• VALL-E (Chen et al., 2025) is a neural codec1265

language model that treats TTS synthesis as a1266

conditional language modeling task using dis-1267

crete codes derived from an off-the-shelf neu-1268

ral audio codec, pre-trained on 60,000 hours1269

of English speech data to enable in-context1270

learning. In our experiments, we use samples1271

provided through communication with the au-1272

thors of (Hieu et al., 2025). The model is re-1273

produced using the Amphion toolkit8 (Zhang1274

et al., 2024) and trained on 500 hours of the1275

LibriTTS dataset.1276

• OZSpeech (Hieu et al., 2025) is a zero-shot1277

TTS system that employs optimal transport1278

conditional flow matching with one-step sam-1279

pling, conditioned on a learned prior derived1280

from disentangled, factorized speech compo-1281

nents represented in token format to model1282

individual attributes. It contributes a novel1283

framework that bypasses traditional multi-step1284

sampling processes by leveraging the learned1285

prior for direct generation from text prompts,1286

thereby reducing computational demands and1287

enhancing precise attribute disentanglement1288

in speech synthesis. In our experiments, we1289

use samples provided through communication1290

with the authors, trained on 500 hours of the1291

LibriTTS dataset.1292

• MaskGCT (Wang et al., 2025c) is a fully1293

NAR zero-shot TTS model structured as a two-1294

stage generative codec transformer, where the1295

first stage predicts semantic tokens from in-1296

put text using representations from a speech1297

self-supervised learning model, and the sec-1298

ond stage generates acoustic tokens condi-1299

tioned on these semantic tokens via a mask-1300

and-predict paradigm. It contributes an ef-1301

7https://huggingface.co/amphion/
naturalspeech2_libritts/tree/main/checkpoint

8https://github.com/open-mmlab/Amphion

NFE RTF ↓ UTMOS ↑

1 0.022 2.904
2 0.025 2.908
4 0.031 3.313
8 0.043 3.698

16 0.066 3.864
32 0.112 3.923
64 0.207 3.958
128 0.394 3.978

Table 5: Performance of DiFlow-TTS vs. NFE count
with 3-second audio prompts.

ficient training approach that learns to infill 1302

masked tokens based on prompts and condi- 1303

tions, enabling parallel inference for tokens of 1304

arbitrary length without explicit text-speech 1305

alignment or phone-level duration modeling, 1306

thus resolving key limitations in prior autore- 1307

gressive and NAR TTS frameworks. We use 1308

the official code and the pretrained checkpoint 1309
9, trained on English and Chinese data from 1310

Emilia (He et al., 2024), each with 50K hours 1311

of speech (totaling 100K hours). Since the 1312

baseline requires the total speech length, we 1313

use the ground-truth duration during infer- 1314

ence. 1315

D Additional Analysis 1316

Effect of NFE. We investigate the impact of vary- 1317

ing NFE from 1 to 128 on DiFlow-TTS perfor- 1318

mance to explore the trade-off between inference 1319

efficiency and synthesis quality, as presented in 1320

Table 5. Increasing NFE markedly improves UT- 1321

MOS, indicating that the FDFD module benefits 1322

from additional refinement steps to generate more 1323

natural speech. In particular, performance stabi- 1324

lizes around 32 NFE, with optimal audio quality 1325

observed at 64 NFE, and only marginal improve- 1326

ments beyond this point. Although RTF naturally 1327

increases with NFE, the overall latency remains 1328

competitive (see Table 3). These results demon- 1329

strate its effective trade-off between quality and 1330

efficiency. 1331

Attribute-type embeddings. We conduct a finer- 1332

grained ablation to isolate the contribution of each 1333

attribute-specific embedding. The additional re- 1334

sults are reported in the Table 6. We observe that 1335

removing either the prosody attribute embedding or 1336

the acoustic attribute embedding leads to noticeable 1337

performance degradation, particularly in natural- 1338

9https://huggingface.co/amphion/MaskGCT
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Model UTMOS ↑ WER ↓ SIM-O ↑
F0 Energy

Accuracy ↑ RMSE ↓ Accuracy ↑ RMSE ↓

DiFlow-TTS 3.978 0.048 0.454 0.884 7.972 0.735 0.007
- w/o Prosody Attribute Embedding 3.918 0.062 0.445 0.846 9.547 0.734 0.007
- w/o Acoustic Attribute Embedding 3.929 0.060 0.447 0.868 9.216 0.741 0.007

Table 6: Ablation study on attribute-type embeddings.

ness and metrics closely tied to these attributes.1339

Attribute-type embeddings guide the model in dis-1340

tinguishing which attribute each token corresponds1341

to when feeding them into the DiT. When an at-1342

tribute embedding is removed, the model is forced1343

to treat all attributes uniformly, which results in1344

entanglement and reduced synthesis quality.1345

Prompt Duration. To investigate in detail the1346

influence of prompt duration on zero-shot speech1347

synthesis, we conducted a comprehensive evalua-1348

tion of DiFlow-TTS with 128 NFE across different1349

prompt lengths: 1 second, 3 seconds (as reported1350

in the paper), and 5 seconds. As shown in Table1351

7, increasing the prompt duration consistently im-1352

proves all aspects of speech quality across models.1353

Specifically, DiFlow-TTS, along with OZSpeech,1354

achieves the lowest WER across all prompt lengths,1355

demonstrating superior content preservation. In1356

terms of naturalness and overall quality, our method1357

attains SOTA performance, achieving the highest1358

UTMOS score (4.00) with a 5-second prompt. No-1359

tably, this is achieved using only 470 hours of1360

training data, whereas VoiceCraft (9K hours) and1361

MaskGCT (100K hours) obtain lower UTMOS1362

scores of 3.58 and 3.89, respectively. For speaker1363

similarity, our method does not show a clear ad-1364

vantage over baseline models, though we note that1365

these baselines also exhibit trade-offs under lim-1366

ited training data. Regarding pitch and energy ac-1367

curacies and errors, which reflect prosody recon-1368

struction ability, DiFlow-TTS consistently ranks as1369

the best or second-best performer across prompt1370

lengths. Overall, DiFlow-TTS strikes a favorable1371

balance among naturalness, prosody, model size,1372

and speaker similarity.1373

Algorithm 2 DiFlow-TTS Inference
Input: The phonemes P, and reference speech
prompt r, the number of sampling step N , and step
size ∆t =

1
N .

Output: Synthesized speech â.
1: Extract prosody tokens rp, acoustic tokens ra,

and speaker embedding s from r, as defined in
Eq. (2)

2: p← PhonemeEncoder(P)
3: d̂← DurationPredictor(p)
4: pup ← LengthRegulator(p, d̂)
5: h← ContentPredictor(pup)
6: Obtain hc and p(·|h;φ) using h as defined in

Eq. (3)
7: Sample x0 ∼ p(x0)
8: for t = 0 to 1−∆t with step ∆t do
9: Obtain hp,a using xt, hc, r

p, ra, s, t as
defined in 3 of the paper

10: hp,ha = Slice(hp,a)
11: p1|t(·|xt, c; θ)← fϕ(hp)⊕ fω(ha) ▷

Denoising prediction

12: Sample xi1 ∼ pi1|t(·|xt, c; θ)
13: uit(x

i|xit,xi1) ←
κ̇t

1−κt

[
δxi

1
(xi)− δxi

t
(xi)

]
▷ Probability velocity

as defined in 1

14: λi ←
∑

xi ̸=xi
t
uit(x

i|xit,xi1)
15: Sample zi ∼ U(0, 1)
16: if zi ≤ 1− exp(−∆tλ

i) then
17: Sample xit+∆t

∼ 1
λi
ut(·|xit,xi1)(1 −

δxi
t
(·)) ▷ Transition to a new token; self-transitions are

disallowed

18: else
19: Sample xit+∆t

∼ δxt(·) ▷ No transition;

retain current token

20: end if
21: end for
22: xp,xa = Split(xt)
23: xc ← argmaxx softmax(p(x | h;φ))
24: x = xp ⊕ xc ⊕ xa

25: â← CodecDecoder(x, s)
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Type Model Data (hours) UTMOS ↑ WER ↓ SIM-O ↑
F0 Energy

Accuracy (↑) RMSE ↓ Accuracy ↑ RMSE ↓

- Ground Truth - 4.10 0.02 - - - - -

1s Prompt

(i)
VoiceCraft [†] GS (9K) 3.45 0.16 0.31 0.61 31.57 0.52 0.010
VALL-E [⋄] LT (500) 3.61 0.21 0.24 0.55 37.87 0.40 0.020

(ii)
NaturalSpeech 2 [‡] LT (585) 2.12 0.12 0.20 0.69 26.48 0.39 0.020
F5-TTS - - - - - - - -
OZSpeech [†] LT (500) 3.17 0.05 0.30 0.62 27.70 0.49 0.020

(iii) MaskGCT [†] E (100K) 3.60 0.10 0.36 0.63 29.63 0.60 0.013

(iv) DiFlow-TTS LT (470) 3.74 0.05 0.34 0.82 13.00 0.55 0.010

3s Prompt

(i)
VoiceCraft [†] GS (9K) 3.55 0.18 0.51 0.78 17.22 0.44 0.010
VALL-E [⋄] LT (500) 3.68 0.19 0.40 0.75 21.66 0.36 0.020

(ii)
NaturalSpeech 2 [‡] LT (585) 2.38 0.09 0.31 0.80 15.62 0.25 0.020
F5-TTS [⋄] LT (500) 3.76 0.24 0.52 0.80 13.78 0.67 0.010
F5-TTS [†] E (100K) 3.72 0.09 0.66 0.83 12.66 0.66 0.010
OZSpeech [†] LT (500) 3.15 0.05 0.40 0.81 11.96 0.67 0.010

(iii) MaskGCT [†] E (100K) 3.83 0.09 0.67 0.77 14.33 0.75 0.007

(iv) DiFlow-TTS LT (470) 3.98 0.05 0.45 0.88 7.97 0.73 0.007

5s Prompt

(i)
VoiceCraft [†] GS (9K) 3.58 0.19 0.56 0.81 14.48 0.46 0.010
VALL-E [⋄] LT (500) 3.72 0.19 0.46 0.79 18.20 0.41 0.010

(ii)
NaturalSpeech 2 [‡] LT (585) 2.33 0.09 0.35 0.84 13.13 0.28 0.020
F5-TTS [⋄] LT (500) 3.71 0.32 0.57 0.83 11.20 0.68 0.010
F5-TTS [†] E (100K) 3.78 0.07 0.72 0.86 10.54 0.68 0.009
OZSpeech [†] LT (500) 3.15 0.05 0.39 0.83 12.05 0.67 0.010

(iii) MaskGCT [†] E (100K) 3.89 0.09 0.74 0.81 11.82 0.77 0.005

(iv) DiFlow-TTS LT (470) 4.00 0.05 0.48 0.89 8.04 0.73 0.007

Table 7: Performance on the LibriSpeech test-clean dataset across different audio prompt lengths. [⋄] means
reproduced results. [†] and [‡] mean results inferred from official and unofficial checkpoints, respectively. The best
and second best are bold and underlined. Abbreviation: E (Emilia), GS (GigaSpeech), LT (LibriTTS). Note that
F5-TTS does not support the 1-second prompt setting in the official code, which requires prompts longer than 3
seconds.
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