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Abstract

Despite recent progress in diffusion and con-
ditional flow matching (CFM) models for low-
resolution domains such as latent represen-
tations, their application to high-resolution
data like raw waveform signals remains un-
derexplored. Generative adversarial networks
(GANSs) have been the dominant approach in
neural vocoder and neural audio codecs for
realistic waveform generation. However, un-
der low-bitrate conditions, these models suf-
fer from degraded performance due to infor-
mation loss caused by heavy compression and
quantization, often resulting in mispronuncia-
tions. To address the aforementioned problem,
we first leverage CFM to iteratively generate
raw waveform in an extremely low-bitrate sce-
nario. We then introduce hierarchical repre-
sentation alignment learning (REPA-H) to en-
able efficient and robust CFM training. Further-
more, we propose dense vector quantization
(DVQ), a novel factorized quantization method
using a single quantizer. Our model, Flow-
Tokenizer, outperforms state-of-the-art neural
audio codecs in audio quality and semantic in-
telligibility under low-bitrate conditions, using
only 25 tokens per second for 24 kHz waveform
generation. Audio samples are available at
https://flowtokenizer.github.io/demo.

1 Introduction

Recent advances in diffusion (Ho et al., 2020;
Dhariwal and Nichol, 2021; Song et al., 2021)
and conditional flow matching (CFM) (Lipman
et al., 2022) models have demonstrated strong per-
formance in generating data from low-resolution
domains, such as latent representations (Yang et al.,
2023b; Huang et al., 2023; Ju et al., 2024; Li et al.,
2024; Lee et al., 2025a; Jiang et al., 2025b) and
Mel-spectrograms (Kim et al., 2024; Le et al., 2024;
Eskimez et al., 2024; Chen et al., 2025; Du et al.,
2024). While end-to-end latent diffusion models
(Vahdat et al., 2021) have also been investigated,

the application to high-resolution signals, particu-
larly raw waveforms, remains underexplored, es-
pecially in the context of end-to-end audio token
training for neural audio codec using vector quanti-
zation (VQ) (Gray, 1984).

In contrast, generative adversarial networks
(GANSs) (Goodfellow et al., 2014; Kong et al., 2020;
Lee et al., 2023) have been the dominant approach
for neural audio codecs (Zeghidour et al., 2021),
due to their ability to synthesize high-quality wave-
forms. However, GAN-based models still struggle
in extremely low-bitrate scenarios (e.g., 12.5 Hz
and 25 Hz), where reconstructing high-resolution
waveform (e.g., 24,000 Hz) from heavily com-
pressed tokens leads to degraded perceptual quality
and intelligibility, often resulting in mispronuncia-
tions. Residual vector quantization (RVQ) (Zeghi-
dour et al., 2021; Défossez et al., 2023; Kumar
et al., 2023; Yang et al., 2023a; Défossez et al.,
2024) has been introduced to enhance the repre-
sentational capacity of neural audio codecs. While
RVQ improves reconstruction quality by increasing
codebook expressiveness, it also introduces addi-
tional complexity when applied to systems such as
speech large language models.

To address the limitations of RVQ, recent neu-
ral audio codecs have explored the use of a single
quantizer, enabling more natural integration with
large language models (LLMs). BigCodec (Xin
et al., 2024) and StableCodec (Parker et al., 2025)
scale up the model size for a low-bitrate neural
speech codec. WavTokenizer (Ji et al., 2025) com-
presses raw waveform into 40 or 75 tokens using
only a single quantizer, while preserving percep-
tual quality. UniCodec (Jiang et al., 2025a) adopts
a domain-adaptive codebook and MoE. X-codec2
further incorporates semantic information by con-
catenating semantic and acoustic representations
before quantization. However, when operating at
extremely low bitrates, such as 25 tokens per sec-
ond (TPS), these models suffer from significant
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Figure 1: Comparison of neural audio codec (NAC) frameworks. (a) Conventional GAN-based NAC. (b) Our
baseline CFM-based NAC. (c) CFM-based NAC with REPA. (d) The proposed REPA-H, which hierarchically aligns

semantic and acoustic representations.

loss of semantic information, leading to high word
error rate.

Meanwhile, diffusion-based waveform genera-
tion models have been investigated (Kong et al.,
2021; Chen et al., 2021; Lee et al., 2022; Huang
et al., 2022; Roman et al., 2023). More recently,
CFM has been applied to raw waveform generation
from pre-defined acoustic representation such as
Mel-spectrogram or RVQ tokens (Lee et al., 2025b;
Liu et al., 2025; Welker et al., 2025). (Lee et al.,
2024) further accelerated CFM models via adver-
sarial fine-tuning. Following the success of CFM
in waveform synthesis, we shift our focus from
GAN to CFM for training low-bitrate neural au-
dio codec. We design a CFM-based codec that
operates at extremely low-bitrate using a single
quantizer and 25 TPS, and explore efficient mod-
eling using only low-resolution features (<50 Hz)
for 24 kHz waveform reconstruction. Furthermore,
we leverage Diffusion Transformers (DiT) for raw
waveform modeling, and incorporate representa-
tion alignment (REPA) (Yu et al., 2025) to distill
self-supervised speech representations within the
DiT layers, thereby enhancing the semantic capa-
bility of our neural audio codec.

Building on these design choices and findings,
we introduce FlowTokenizer, a CFM-based neural
audio codec that employs a single quantizer and op-
erates at 25 TPS for waveform generation at a sam-
pling rate of 24 kHz. To achieve this, we carefully
design the encoder using causal Transformer and
decoder using DiT. We further propose hierarchi-
cal representation alignment learning (REPA-H)
to enhance training stability and efficiency by hi-

erarchically aligning semantic to acoustic features
while estimating vector fields. In addition, we intro-
duce dense vector quantization (DVQ), a novel
factorized quantization method that jointly com-
presses semantic and acoustic representations using
a single quantizer. Experimental results show that
FlowTokenizer achieves superior performance in
audio quality, reconstruction fidelity, and semantic
intelligibility in low-bitrate scenarios.

2 FlowTokenizer

In this section, we present FlowTokenizer, a CFM-
based neural audio codec tailored for low-bitrate
scenarios, as illustrated in Figure 2. We first inves-
tigate the CFM-based neural audio codec including
advantages, limitations ($2.1), and introduce novel
techniques for efficient and robust training under
low-bitrate scenarios ($2.2). Specifically, we adopt
a representation alignment (REPA) learning strat-
egy to efficiently train diffusion transformers, and
extend it to high-frequency raw waveform model-
ing. The architecture details are described in ($2.3).
Furthermore, we propose a novel vector quantiza-
tion method, dense vector quantization (DVQ), for
a single-layer factorized representation ($2.4). To
accelerate sampling speed, we also apply adversar-
ial fine-tuning with a fixed-step modification ($2.5).

2.1 CFM-based Neural Audio Codec

Previously, (Lee et al., 2025b; Liu et al., 2025;
Welker et al., 2025; Choi and Lee, 2025) uti-
lized CFM for raw waveform generation from
pre-defined acoustic representation such as Mel-
spectrogram or pre-trained RVQ tokens. They

32411



Acoustic

N
i
~ —
I
N

50 Hz

Alignment

Ve
24 kHz

REPA-H

50 Hz

. G= DiT

x, prompt ¢t

Jawlosuel)

X, _prompt ¢t

Semantic
Alignment

; Encoder
=
| g > M Dense Vector Quantization
. @ o
> < §, uJ 50 Hz 25Hz
¥ 30 Acoustic
—__ Rep. |
- —
i =
= 30 [
; 3
3 % § M Factorized Single Layer VQ
- g = Semantic
3 Rep.
==
‘ 0
16 kHz
Xl 50 Hz

Vector Field
Estimator

Figure 2: FlowTokenizer Architecture

demonstrated that CEM could refine the waveform
signal with iterative sampling, resulting in high-
fidelity reproduction, and using only CFM objec-
tive could accelerate the entire training speed com-
pared to GAN-based models due to discriminator-
free training. However, CFM has not yet been
explored for training neural audio codec, where ef-
ficient and accurate end-to-end CFM training under
low-bitrate constraints presents new challenges and
opportunities.

Conditional Flow Matching CFM (Lipman
et al., 2022) trains a neural network to approxi-
mate the transformation from a simple prior distri-
bution to a complex target distribution via a time-
dependent vector field. Specifically, it models a
conditional vector field vy (¢, x¢) to match the ideal
target field u(z¢|z1), conditioned on data samples
x1. Formally, this objective can be expressed as:

Lorm(8) = Eyyionz llue(zelzr) — vg(t, 2)]5 -

ey

DiT-based Structure Following the success of
diffusion transformer (DiT) in image and Mel-
spectrogram generation tasks, we design a CFM-
based neural audio codec using a DiT decoder struc-
ture as illustrated in Figure 1. Inspired by VoiceBox
(Le et al., 2024), we adopt a prompting strategy
that concatenates the noisy input x¢, and prompt z;
with masking, and condition c¢ (the output of VQ),
and the diffusion time step ¢. However, we observe
that the vanilla DiT (Peebles and Xie, 2023) fails
to preserve semantic consistency in low-bitrate sce-
narios, resulting in high word error rate (WER) and
poor reconstruction of high-frequency components.

Representation Alignment Recently, REPA (Yu
et al., 2025) introduces representation alignment
to guide diffusion training. In the original REPA,
semantic representations from DINOv2 (Oquab

et al., 2023) are used to supervise intermediate DiT
layers, thereby improving both convergence speed
and final performance. We also apply REPA to
the training of proposed DiT-based neural audio
codec. Specifically, we extract semantic representa-
tion from a middle layer of wav2vec 2.0, and guide
early DiT layers to align with them, while the full
DiT stack concurrently estimates the vector fields.

To further strengthen semantic fidelity, we com-
bine an L loss on the semantic embeddings with a
cosine similarity loss:

Lsemantic = E||ht_flt||1+E [— log U(COS(hh flt))]
2
where hy is the teacher embedding from wav2vec
2.0, hy is the embedding predicted by the DiT.
While REPA improves semantic reproduction un-
der low-bitrate conditions, we found that the REPA
loss could interfere with accurate vector field es-
timation. This necessitates careful tuning of the
weight of REPA loss. Moreover, even with REPA,
the model still fails to effectively reconstruct high-
frequency components of the waveform.

2.2 Hierarchical Representation Alignment
Learning (REPA-H)

To address these limitations, we propose hierarchi-
cal representation alignment learning (REPA-H),
for effective CFM-based neural audio codec train-
ing by aligning from semantic to acoustic features
hierarchically. With semantic REPA, we addition-
ally use acoustic REPA as below.

Acoustic Alignment In a low-bitrate scenario,
each token must encode both semantic and acous-
tic information, making it challenging to maintain
fidelity across all aspects. However, the CFM ob-
jective (Eq. 1) and semantic loss (Eq. 2) are limited
to guide acoustic details. To address this, we in-
troduce a second stage of representation alignment
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focused on acoustic representation. Specifically,
we reconstruct the waveform via linear-reshape
transformation from the output of the acoustic
DiT, and apply multi-resolution Mel-spectrogram
losses of DAC (Kumar et al., 2023) using multi-
resolution windows of [32, 64, 128, 256, 512,
1024, 2048]. For efficient training, we segment
the raw waveform signal using a sliding window of
65,536 frames for STFT, which effectively capture
frequency information across the multi-resolution.
Formally, it is defined as:

[[[log (M;(9))

Mz

i@)h]

3)
where ¢ and y denote the predicted and target
waveform segments respectively, M;(-) denotes
the Mel-spectrogram computed with the -th res-
olution STFT window, N is the number of multi-
resolution levels (e.g., N = 7).

— log (M

acoumc
=1

Disentangled Alignment Training However, we
observe instability during the early stages of train-
ing: applying conditioning dropout to noisy x;
impairs the model’s ability to accurately estimate
acoustic features. Furthermore, fp16 training often
yields NaN losses, destabilizing the overall acous-
tic loss computation. To mitigate these issues, we
separately perform a forward pass of the semantic
and acoustic DiT from the DiT blocks, and do not
use conditioning dropout for this stage. Then, we
additionally perform a second forward for entire
DiT blocks with random condition dropout. Fur-
thermore, CFM loss is only used for acoustic DiT
and DiT blocks using stop gradient. This enhances
the stability of training and improves the seman-
tic and acoustic capability on the quantized layer
and DiT blocks, leading to higher-fidelity and more
intelligible speech generation.

Causal Semantic Transformer Structure We
compare the types of semantic decoders including
causal Transformer and DiT. While the DiT could
improve the generative performance in terms of au-
dio quality, it is difficult to optimize the model by
guaranteeing both semantic and acoustic capability
within DiT blocks. To address this, we employ a
causal Transformer that directly predicts continu-
ous semantic features, and then concatenate seman-
tic features with hidden representation before fed to
the DiT, as illustrated in Figure 2. This shows bet-
ter semantic preservation in low-bitrate scenarios,

resulting in lower WER while it slightly degrades
the reproduction quality of acoustic domains.

2.3 Architecture Details

Input Transformation We adopt an efficient
WaveNeXt-style (Okamoto et al., 2023; Wu et al.,
2024) of waveform transformation to reshape the
raw waveform into a low-resolution feature space.
Specifically, we reduce the temporal resolution
from 24 kHz to 50 Hz using a reshape-based trans-
formation, where a 1D waveform signal of shape
[B, 24000] is directly converted into 2D representa-
tion of shape [B, 50, 480]. Importantly, this trans-
formation do not require any past or future context,
unlike STFT which requires larger window size
than the current frame. This property makes our
approach suited for left-to-right context prediction,
enabling real-time and streaming scenarios aligned
with LLM.

Encoder We utilize eight causal Transformers as
the acoustic encoder. The reshaped 2D features are
fed to the acoustic encoder to extract the acoustic
representations. For semantic encoder, we addi-
tionally use Transformers. Specifically, we utilize
a massively multilingual speech (MMS) (Pratap
et al.,, 2024) which is a large-scale pre-trained
Wav2Vec 2.0! as the target semantic representa-
tion for multilingual extension. The acoustic fea-
tures and semantic features are concatenated before
quantization. A causal convolutional layer is ap-
plied to downsample feature into VQ space.

Decoder We utilize 6 blocks of causal semantic
Transformers, and 6 blocks of DiT for acoustic
DiT, and 12 blocks for vector field estimation. For
REPA and final projection, we use AdalLN-zero
followed by a linear projection layer to map the
shape of representations.

Output Transformation We also utilize a
WaveNeXt-style of waveform transformation for
waveform-level vector field estimation. Specifi-
cally, the 2D features of shape [B, 50, 480] is con-
verted into 1D waveform signal of shape [B, 24000]
directly. Note that our model executes the ODE
sampling on the 50 Hz resolution, and the quanti-
zation on the 25 Hz resolution with a single layer
VQ without any additional upsampling layer for
waveform generation.

'We leverage full-GPU processing for Wav2Vec feature
extraction in an on-the-fly manner.
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2.4 Dense Vector Quantization

We propose dense vector quantization (DVQ), a
novel quantization method that factorizes seman-
tic and acoustic components into a single quan-
tized representation without relying on RVQ. While
RVQ effectively encodes the information, it in-
creases token lengths, leading to greater design
complexity and inefficiencies in speech LLM appli-
cations. To reduce this limitation, BigCodec (Xin
et al., 2024) and WavTokenizer (Ji et al., 2025) have
explored single-layer VQ for efficient waveform
reconstruction. X-codec2 (Ye et al., 2025) concate-
nated the semantic representation with the acoustic
representation without residual modeling at a sin-
gle layer for low-bitrate neural audio codec mod-
eling. Following the philosophy of X-codec2, we
also concatenate the semantic representation with
the acoustic representation. Although this signifi-
cantly improves the semantic capability, however,
we found that X-codec2 uses a linear projection
of the concatenated representation to match the la-
tent dimension of finite scalar quantization (FSQ),
which loses their intrinsic integrity of each repre-
sentation.

In this regard, we carefully design the latent
dimension of the codebook using group convolu-
tional layers to ensure the cardinality of latent rep-
resentation for each acoustic and represen-
tation, and apply FSQ to this factorized represen-
tation as illustrated in Figure 3. This has the same
effect as a dense connection, so we call this new
VQ method as dense vector quantization. Thanks
to DVQ, the quantized representations could pre-
serve both acoustic and representations.
Specifically, we use eight dimensions and four lev-
els for FSQ, which can be expressed by [4, 4, 4, 4,

, 4, 4, 4] yielding 65,536 tokens. Furthermore, by
isolating the scalar corresponding to the semantic
dimension [4, 4, 4, 4], we can extract 256 semantic
tokens. This auxiliary semantic token can be used
to compute an additional semantic loss, serving
as a semantic guidance for neural codec language
models.

2.5 Adversarial Fine-tuning

After training the model with CFM and REPA-
H, we fine-tune the model with adversarial feed-
back and REPA-H losses for accelerating sam-
pling speed as illustrated in Figure 7. While the
pre-trained model could generate waveform sig-
nal in low-bitrate scenarios, it requires enough
sampling steps and classifier-free guidance, which
increases inference time. Following (Lee et al.,
2024), we fix the sampling steps, and generate
raw waveform signal from x¢ with ODE sampling
using four step fixed generation. Then, we fine-
tune the model with adversarial feedback, multi-
resolution Mel-spectrogram reconstruction losses
on the generated waveform L,,.;, and semantic
REPA loss Lsemantic- Specifically, we utilized
multi-period discriminator (MPD), multi-scale sub-
band Constant-Q Transform discriminator (MS-
SB-CQTD), and multi-scale STFT discriminator
(MS-STFTD). For adversarial feedback, we use
least-squares GAN (LS-GAN) loss L4, and fea-
ture matching loss L, together.

2.6 Training Objective
Total Loss for CFM pre-training The total loss
for pre-training can be expressed as follows:

Epretrain = ECFM + )\semanticﬁsemantic (4)

+ )\acousticﬁacoustic
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Table 1: Objective evaluation results using LibriTTS Benchmark Dataset. Note that some models have a target
sampling rate of 16 kHz, which is a significant lower sampling rate compared to 24 kHz (24 kHz models have x1.5
higher compression rate than 16 kHz models). StableCodec do not release streaming models so we use a parallel

implementation trained with CTC loss.

CER WER | M-STFT PESQ Period. V/UV  Pitch | UTMOS  MOS

Method Hz TPS N, | Stream.

‘ i ! ‘ G © ) ™ ) ™ ) ‘ ) )
GT |24 - - | | 112 3.06 - | 3862 3724002
SpeechTokenizer (Zhang et al., 2024) | 16k 400 8 Vo] 206 446 2468 0.129 0934 41631 | 3585  3.64+0.02
SpeechTokenizer (Zhang et al., 2024) | 16k 50 1 /o] 671 1265 L118 0412 0616 1565.082 | 1259 -
BigCodec (Xin et al., 2024) 16k 80 1 X 261 544 2607 0.145 0927 33757 | 3.889  3.66+0.02
X-codec2 (Ye et al., 2025) 16k 50 1 X 245 520 2259 0230 0857 53052 | 3.869  3.68+0.02
StableCodec (Parker et al., 2025) 16k 50 2 X 6.85 1242 2072 0.184 0899 32002 | 4134  3.55+0.03
StableCodec (Parker et al., 2025) 16k 25 1 X 8.62 16.19 1.893  0.194 0.892 48680 | 4.131  3.58+0.03
EnCodec (Défossez et al., 2023) 24k 600 8 v 119 355 | 1163 2771 0113 0941 32147 | 2969  3.30+0.03
DAC (Kumar et al., 2023) 24k 600 8 X 109 291 | 1012 3505 0075 0962 22290 | 3.546  3.76+0.02
DAC (Kumar et al., 2023) 24k 100 2 X 974 1621 | 1386 1632 0.190 088 81.032 | 2.050 -
Mimi (Défossez et al., 2024) 24k 100 8 Vo[ 307 691 | 1352 2266 0.165 0910 50686 | 3506  3.74:£0.02
Mimi (Défossez et al., 2024) 24k 50 4 v | 742 1272| 1552 1657 0210 0880 77575 | 3.019 -
Mimi (Défossez et al., 2024) 24k 25 2 v 1260 2141 | 1916 1239 0272 0824 234489 | 2413
WavTokenizer (Ji et al., 2025) 24k 75 1 X | 487 942 | 1220 2247 057 0918 41123 | 3.821 3754003
WavTokenizer (Ji et al., 2025) 24k 40 1 X | 1383 2353 | 1.627 1.604 0.196 0891 69.903 | 3.467 3444003
FlowTokenizer w/o Prompt 24k 25 1 v | 257 587 | 1621 155 0178 0907 69368 | 4.000  3.80:£0.02
FlowTokenizer w/ 3s Prompt 24k 25 1 v 186 468 | 1482  1.643 0171 0908 77421 | 3.937 -

where Asemantic and Ageoustic are set to 0.05 and
0.005, respectively. The detailed training pipeline
is illustrated in Appendix A.

Total Loss for Adversarial fine-tuning The to-
tal loss for fine-tuning can be expressed as follows:

L inetune — Eadv +A mﬁ m )\melﬁmel

+ )\semanticﬁsemantic

where Af,, Amer and Asemantic are set to 2, 15,
and 100, respectively. We utilize the Euler method,
and use [0, 0.25, 0.5, 0.75] for fixed time ¢. All

parameters are jointly trained with £ ¢inetune-

3 Experiment and Result
3.1 Experimental Setting

Dataset For reproducible experiment in low-
resource settings, we use an open-source, small-
scale dataset, LibriTTS (Zen et al., 2019), a high-
quality multi-speaker dataset with a sampling rate
of 24 kHz. We use all train subsets including
train-clean-100, train-clean-360, and train-other-
500, which consists of approximately 500 hours
of speech. Raw waveforms are used directly as an
input for all experiments.

Training We train FlowTokenizer using AdamW
optimizer with a learning rate of 2x10~4, batch
size of 256 for 1M steps on eight NVIDIA H100
GPUs. For adversarial fine-tuning, we use a learn-
ing rate of 2x 1075, batch size of 128 for 0.1M
steps on eight NVIDIA H100 GPUs. For efficient
training, we use the segments of 96,000 frames

(4s) and use mixed precision training. For acoustic
REPA and adversarial fine-tuning, the generated
waveform is segmented into 65,536 before fed to
STFT function and discriminators. It only takes
4 days to train the model (3 days for pre-training
and 1 days for adversarial fine-tuning). Note that
CFM pre-training can decrease entire GAN training
which was demonstrated in (Lee et al., 2024).

3.2 LibriTTS benchmark: Multi-speaker
Dataset with 24,000 Hz

We compared the model with various neural au-
dio codecs including EnCodec, DAC, Mimi, and
WavTokenizer which are trained for high-resolution
waveform with sampling rate of 24 kHz. We com-
pare the model with SpeechTokenizer, BigCodec,
X-codec2, and StableCodec. Note that these mod-
els are trained with sampling rate of 16 kHz so it is
much easier than 24 kHz reproduction.

The results show that our model preserves se-
mantic information using only 25 token per second
in terms of CER and WER. Furthermore, Flow-
Tokenizer outperformed other low-bitrate models
including Mimi and WavTokenizer in terms of per-
ceptual quality and semantic consistency. It is
worth noting that our model can decode the tokens
in a streaming manner, while current low-bitrate
models encode and decode in parallel by using con-
volutional layer with large receptive fields. Also,
our model achieve better performance in subjec-
tive evaluation. We used the target sampling rate
of each model for subjective evaluation to demon-
strate the importance of high-resolution waveform
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Table 2: Objective evaluation results using Librispeech benchmark dataset. For reference, we cite the reported
performance of models’ from X-codec2 (Ye et al., 2025), and use the same evaluation methods used in X-codec2.

Method Hz TPS N, Bitrate | Stream. | WER (]) | STOI (1) _é)vl:gsg) _;%S(?) SPK-SIM (1) | UTMOS (1)
GT | 16k - - - - 196 | 100 | 464 455 | 100 | 409
SpeechTokenizerJf (Zhang et al., 2024) | 16k 100 2 1000 v 3.92 0.77 1.25 1.59 0.36 2.28
SpeechTokenizerJf (Zhang et al., 2024) | 16k 50 1 500 v 5.01 0.64 1.14 1.30 0.17 1.27
BigCodec! (Xin et al., 2024) 16k 80 1 1040 X 2.76 0.93 2.68 3.27 0.84 4.11
X-codec2’ (Ye et al., 2025) 16k 50 1 800 X 247 0.92 243 3.04 0.82 4.13
StableCodec (Parker et al., 2025) 16k 50 2 700 X 5.12 0.91 2.24 291 0.62 4.23
EnCodec! (Défossez et al., 2023) 24k 600 8 6000 v 2.15 0.94 2.77 3.18 0.89 3.09
EnCodec! (Défossez et al., 2023) 24k 150 2 1500 v 4.90 0.85 1.56 1.94 0.60 1.58
WavTokenizer! 24k 75 1 900 X 3.98 0.90 2.13 2.63 0.65 3.79
WavTokenizer! 24k 40 1 480 X 11.20 0.85 1.62 2.06 0.48 3.57
Mimif (Défossez et al., 2024) 24k 100 8 1100 v 2.96 0.90 2.25 2.80 0.73 3.56
Mimi (Défossez et al., 2024) 24k 100 8 1100 v 2.92 0.90 2.27 2.80 0.73 3.63
Mimif (Défossez et al., 2024) 24k 50 4 550 4 4.89 0.85 1.64 2.09 0.50 3.03
Mimi (Défossez et al., 2024) 24k 50 4 550 4 4.84 0.85 1.65 2.09 0.50 3.10
Mimi (Défossez et al., 2024) 24k 25 2 225 4 8.35 0.76 1.26 1.52 0.27 2.51
FlowTokenizer w/o Prompt 24k 25 1 400 v 3.38 0.86 1.56 1.94 0.41 4.09
FlowTokenizer w/ 3s Prompt 24k 25 1 400 v 291 0.86 1.61 2.05 0.60 4.01
Table 3: Ablation Study
Method \ CER () WER({) \ M-STFT () PESQ (1) Period. () V/UV (1) Pitch () \ UTMOS (1)
FlowTokenizer (REPA-H) \ 2.57 5.87 \ 1.621 1.556 0.178 0.907 69.368 \ 4.000
Ablation: REPA
w/ Semantic REPA (CT) 6.54 11.87 1.656 1.394 0.185 0.903 97.133 3.970
w/ Semantic REPA (DiT) 8.09 15.17 1.671 1.671 0.174 0.908 65.809 4.151
w/o REPA 17.59 29.49 1.505 1.647 0.198 0.892 104.176 3.724
Ablation: VQ
w/o DVQ (Only FSQ) \ 3.65 7.35 \ 1.595 1.551 0.180 0.905 75.780 \ 3.900
Ablation: Adversarial Tuning
w/o Adversarial Fine-tuning | 3.00 600 | 2137 1.390 0.186 0.903 92410 | 3535
Ablation: One-step GAN
Only Adversarial Training (1M steps) \ 10.93 19.30 \ 1.576 1.688 0.177 0.906 55.864 \ 4.132

over audible frequency. Details of the baseline,
evaluation, and synthesis speed are described in
Appendices C to E.

3.3 LibriSpeech benchmark: Multi-speaker
Dataset with 16,000 Hz

Following (Ye et al., 2025), we also evaluate each
model with the fest-clean subset of LibriSpeech
(Panayotov et al., 2015) consisting of 2,620 sam-
ples. By using only 25 TPS, our model achieve
better semantic consistency in terms of WER com-
pared to 24 kHz models under low-bitrate scenarios
(<1,000 bps), and better perceptual quality com-
pared to all 24 kHz models. Note that it is dif-
ficult to compare the model with 16 kHz due to
different target sampling rate. While we focused
on semantic consistency under low-bitrate scenar-
ios in this work, however, we observed that our
model has lower speaker similarity in terms of SPK-
SIM using embeddings extracted by WavLM-based
speaker verification models. We can discuss our

models are trained with LibriTTS, which is a small-
scale dataset so our model is limited to generate the
unseen speaker details, and WavTokenizer (Ji et al.,
2025) trained with the same LibriTTS dataset also
show similar tendency under low-bitrate condition.

3.4 Ablation Study

As indicated in Table 3, we conducted ablation
studies including REPA, semantic decoder struc-
ture, VQ, adversarial fine-tuning, and some training
optimization methods.

REPA Vanilla DiT models could not guarantee
the semantic consistency of reconstructed speech
under low-bitrate scenarios. Adding semantic
REPA significantly improve the semantic consis-
tency of models in terms of ASR evaluations, and
also improve the perceptual quality. Addition-
ally, we compared DiT-based semantic distillation,
and causal Transformers based semantic predic-
tion structures. We found that there is a trade-off
between semantic and acoustic reproduction qual-
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ity. REPA-H could enhance both semantic and
acoustic quality by aligning semantic and acoustic
representations hierarchically. Also, disentangled
alignment training improves the robustness and per-
formance during training.

VQ We found that the basic FSQ and DVQ
showed similar performance, but DVQ achieved
better semantic consistency. Additionally, we can
extract auxiliary semantic tokens when using DVQ.

Adversarial Fine-tuning While training CFM
with REPA could align the representation effi-
ciently compared to GAN-based models, however,
it requires many sampling steps so we fine-tuned
the model with adversarial feedback by fixing the
sampling steps of four, and this improves entire
performance with fewer sampling steps.

One-step GAN model We compare the perfor-
mance of GAN with the same structure of ours
using the same discriminator, Mel losses on the
generated waveform, and semantic REPA loss with
1M steps (7 days). Due to long training, it achieve
comparable acoustic performance but it do not pre-
serve semantic information, resulting in high CER
and WER. This result demonstrates the efficiency
of CFM-based pre-training for GAN-based models.

Table 4: ASR Results using different tokens.

Input | CER (1) WER (})

Continuous SSL (MMS) 1.79 4.44
18.27 30.81
2.98 6.77

DVQ 2.46 5.54

3.5 Semantic Consistency

We conduct automatic speech recognition (ASR)
on different representations to evaluate the seman-
tic consistency of each representation including GT
MMS representation (Target continuous SSL fea-
tures), acoustic representation ([4, 4, 4, 4]) from
DVQ, semantic representation ([4, 4, 4, 4]) from
DVQ, and factorized representation [4, 4, 4, 4, 4,
, 4, 4] from DVQ. The results show that DVQ
successfully factorizes semantic and acoustic rep-
resentation with a single quantizer. This indicates
that our semantic tokens can be used for auxiliary
semantic token prediction. We will plan to train
the LLM-based speech synthesis models using our
tokens, and we will train the model with DVQ to-
ken classification loss and auxiliary semantic token
classification loss for better semantic guidance.

Table 5: TTS Results using different tokens.

Model ‘ TPS WER () SIM (1)
GT (Seed-en) | - 214 0734
Llasa-1B (X-Codec2) 50 322 0.572
Qwen2.5-0.5B (Cosy Voice2) 25 2.57 0.652
Qwen2.5-0.5B (FlowTokenizer) 25 2.29 0.676
+ 25 1.98 0.676
+ Tokenizer CFG 25 1.92 0.687

3.6 LLM-based Text-to-Speech

To demonstrate that the proposed FlowTokenizer
can be effectively integrated into TTS system, we
train an LLM-based TTS model using discrete
speech tokens. Specifically, we adopt Qwen2.5-
0.5B (Yang et al., 2024) as the backbone LM. We
utilize Emilia-en and HiFiTTS-2 (Langman et al.,
2025) dataset for TTS model. To improve training
stability and semantic alignment between text and
speech token, we introduce an auxiliary semantic
token loss, where an additional prediction head pre-
dicts a semantic token based on DVQ. This auxil-
iary objective simply encourages the LLM to learn
representations that are simultaneously discrimina-
tive at the fine-grained token level and consistent
at the semantic level. As shown in Table 5, the
auxiliary semantic loss reduces WER, and further
improves both WER and speaker similarity when
combined with tokenizer-level classifier-free guid-
ance (CFG). Specifically, we use CFG of 0.3 by
dropping only prompts.

4 Conclusion

We introduced FlowTokenizer, a novel CFM-based
neural audio codec tailored for extremely low-
bitrate scenarios. To further enhance learning effi-
ciency, we introduce REPA-H, a hierarchical rep-
resentation alignment learning method, which can
align semantic and acoustic representation hierar-
chically within DiT layers. In addition, we propose
DVQ, a dense vector quantization method which
can factorize semantic and acoustic representation
at a single layer representation. Through extensive
experiments, we demonstrate that FlowTokenizer
outperforms state-of-the-art neural audio codecs
under low-bitrate scenarios in terms of audio qual-
ity and semantic intelligibility. These results vali-
date the effectiveness of CFM for high-resolution
waveform generation and position FlowTokenizer
as a promising alternative to GAN-based models
for future research in efficient and robust waveform
generation.
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Limitation

While we first introduce a CFM-based neural audio
codec, there are still large room for improvement.
Because we only train the model with small-scale
speech dataset of 0.5k hours, our model has lower
speaker consistency while preserving semantic con-
sistency. We will train the model with large-scale
universal dataset including speech, vocal, music,
and sound effect. We see that it will increase the
reproduction capability of quantized representation,
and significantly improve the generative capability
of DiT-based decoder similar to voicebox and F5-
TTS style speech models. However, in this study,
we investigate CFM-based neural audio codec train-
ing methods, and demonstrate the effectiveness of
the proposed method including REPA-H, DVQ,
and possibility of end-to-end neural audio codec
training via CFM. Furthermore, we see that we
could further optimize the alignment (distillation)
method. To do this, we will explore different losses
including adversarial distillation methods for de-
tailed semantic and acoustic alignment during pre-
training. Also, we will further investigate the DiT
structure by incorporating Unet-style long skip con-
nections to improve the efficiency and robustness
for waveform modeling.
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Table 6: Hyperparameters of FlowTokenizer

Module ‘ Hyperparameter ‘ FlowTokenizer
Input Input waveform 480
Linear Reshape Linearl (No Bias) [480, 1024]
Linear2 [1024, 1024]
Acoustic Encoder Input Dim. 1024
(Causal Transformer) | Hidden Dim. 4096
Layer 6
Head 16
Semantic Encoder Hidden Dim. 1024
(MMS) Layer 7
vVQ Token Hz 25 Hz
Frame per token 960
Token initial Dim. 2048
Causal Convolutionl [2048, 2048], stride=2, group=128
Causal Convolution2 [2048, 8], stride=1, group=2
Method DVQ
Causal Convolution3 [8,2048], stride=1, group=2
Causal Transposed Convolution [2048,2048], stride=2, group=128
x+&Prompt Input waveform 480
Linear Reshape Linearl (No Bias) [480, 1024]
Linear2 [1024, 1024]
Output Linearl [1024,1024]
Linear Reshape Linear2 (No Bias) [1024,480]
Vector Fields 480
Semantic Decoder Input Linear. [2048,1024]
(Causal Transformer) | Input Dim. 1024
Hidden Dim. 4096
Layer 6
Head 16
CFM Time Time Embedding 256
Linearl [256, 1024]
Activation SiLU
Linear2 [1024, 1024]
Acoustic DiT Input Linear. [3072,1024]
Input Dim. 1024
Hidden Dim. 4096
Layer 6
Head 16
DiT Input Linear [4096,1024]
Input Dim. 1024
Hidden Dim. 4096
Layer 12
Head 16
Pre-train Training Step M
Learning Rate 2x 1074
Learning Scheduling Warm-up (3,000 steps)
Batch Size 256
Noise Scale 0.25
Segment Size 96000
Limited Context Attention Window 96000
Audio/Token Drop 0.3/0.2
Fine-tuning Training Step 0.1M
Learning Rate 2x107°
Learning Scheduling -
Batch Size 128
Segment Size 96000
Limited Context Attention Window 96000
Audio/Token Drop 0.3/0.2
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Figure 4: Training and inference details. We train the model with a slicing window of 96,000 frames (4 seconds)
with randomly masked prompts. During inference, the model can generate waveforms in a streaming manner using

self-generated prompt.

Table 7: Streaming generation with self-generated prompt

PESQ PESQ
Method WER STOI SPK-SIM UTMOS
‘ ) ‘ D | weay NBOD ) ‘ )
FlowTokenizer (Parallel Gen.) 3.38 0.86 1.56 1.94 0.41 4.09
FlowTokenizer (Streaming Gen.) 3.50 0.86 1.54 1.93 0.43 4.10
FlowTokenizer w/o Self-generated Prompt (Streaming Gen.) 3.54 0.85 1.51 1.89 0.43 4.08
FlowTokenizer w/ Target Prompt (Streaming Gen.) 291 0.86 1.62 2.05 0.60 4.02

A Implementation Details

We describe the hyperparameter details in Table
6. Figure 6 illustrates the training and inference
pipeline of FlowTokenizer for CFM training with
REPA-H.

A.1 Streaming Generation with
Self-generated Prompt

Our model is trained with waveform-level prompts
by masking the target x;. Therefore, the model
can generate waveforms conditioned on a prompt
waveform. In this work, we leverage waveform-
level prompting and utilize self-generated prompts
for streaming generation, as illustrated in Figure 4.

Table 7 demonstrates the robustness of our
model in streaming generation, achieving compa-
rable performance to parallel generation while us-
ing only a small context window thanks to causal
encoding and carefully designed streaming decod-
ing structure. Furthermore, with self-generated
prompts, our streaming generation achieves nearly
the same performance as parallel generation, and
even outperforms it in SPK-SIM and UTMOS met-

rics. We also found that our model could generate
any size of context windows due to the limited con-
text attention and relative positional embedding.
We follow the implementation of Mimi for limited
context attention window in Transformer Networks
for real-time streaming.

Table 8: RVQ-based model comparison. All models use
eight RVQ layers.

Model ‘ WER STOI PESQ SIM UTMOS
Mimi 691 090 226 0.70 3.50
FlowTokenizer (w/o Prompt) 338 092 246 0.64 3.99
FlowTokenizer (w/ 1s Prompt) | 3.25  0.93 2.69 0.80 4.00
FlowTokenizer (w/ 2s Prompt) | 3.08  0.94 274  0.82 3.99
FlowTokenizer (w/ 3s Prompt) | 3.40  0.94 2.74  0.83 3.98

B RVQ-based FlowTokenizer

We trained a higher-bitrate version using 8
RVQ with reduced codebook size (6,561,
[3,3,3,3,3,3,3,3]), same encoder/decoder archi-
tectures, and LibriTTS dataset. We only train
for 0.5M steps (1.5 d), and fine-tune for 50,000
steps (9 hours). However, table 8 highlights the
effectiveness of FlowTokenizer.
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Table 9: Synthesis Speed for each model.

Method ‘ Params. (M) ‘ Hz TPS N, Stream. ‘ xRT(T)

SpeechTokenizer (Zhang etal., 2024) | 103M | 16k 400 8 v | x76.899
BigCodec (Xin et al., 2024) 159M 16k 80 1 X | x21472
X-codec2 (Ye et al., 2025) 822M 16k 50 1 X %x14.026
StableCodec (Parker et al., 2025) 953M 16k 50 2 X %x63.456
EnCodec (Défossez et al., 2023) 15M 24k 600 8 v | x64.267
DAC (Kumar et al., 2023) 74M 24k 600 8 X | x60.237
Mimi (Défossez et al., 2024) | 79M |24k 100 8 voo| x45538
WavTokenizer (Ji et al., 2025) 80M 24k 75 1 X | x29.982
WavTokenizer (Ji et al., 2025) 8OM 24k 40 1 X x32.494
FlowTokenizer | 578M |24k 25 1 v | x44.096

C Synthesis Speed

We calculated the synthesis speed (xRT) with an
NVIDIA A100 GPU and reported parameter size
of each model. Table 9 shows that our model has
competitive synthesis speed even with four iterative
generation steps, thanks to low-resolution feature
modeling with linear-reshape transformation. Our
model operates only on 50 Hz features during the
forward pass, unlike other models using waveform-
level feature modeling. Meanwhile, StableCodec
utilized FlashAttention to accelerate the attention
modules. Following this approach, we plan to in-
corporate FlashAttention to further improve the
sampling speed.

D Baseline Details

D.1 Neural audio codec operating at 16 kHz

SpeechTokenizer
mentation and checkpoint of SpeechTokenizer.
SpeechTokenizer distills self-supervised represen-
tation into the first RVQ token.

We utilized the official imple-
2

BigCodec We used the official implementation
and checkpoint of BigCodec.®> BigCodec scales up
the model to achieve improved performance with a
single quantizer under low-bitrate scenarios.

X-codec2 We follow the official implementa-
tion.* X-codec2 concatenated semantic represen-
tation (Wav2Vec2-BERT) with acoustic represen-
tation before quantization to preserve the semantic
information for low-bitrate neural audio codec.

2https ://github.com/ZhangXInFD/SpeechTokenizer
Shttps://github.com/Aria-K-Alethia/BigCodec
*https://github.com/zhenye234/X-Codec-2.0

StableCodec StableCodec adopts Transformers,
and scaled up the model for low-bitrate neural au-
dio codec modeling. We utilized the official im-
plementation and checkpoint of StableCodec using
additional CTC loss to distill the phonetic informa-
tion.”

D.2 Neural audio codec operating at 24 kHz

Encodec We use the official implementation and
checkpoint of EnCodec.® EnCodec introduces a
fully causal structure for streaming modeling.

DAC We utilized the official implementation and
checkpoint of DAC.” DAC consists of non-causal
layers for effective neural audio codec modeling.

Mimi We follow the official implementation and
checkpoint of Mimi.® Mimi utilized split RVQ
modeling for effective semantic distillation, and
used fully-causal layers for streaming modeling.

WavTokenizer We use the official implementa-
tion and checkpoints of WavTokenizer with at 40
TPS and 75 TPS.? WavTokenizer introduced effi-
cient low-bitrate neural audio codecs with strong
reconstruction.

E Evaluation Details

E.1 Objective Evaluation

Following (Lee et al., 2025b), we adopt six ob-
jective metrics: multi-resolution STFT (M-STFT),
perceptual evaluation of speech quality (PESQ), Pe-
riodicity error (Period.), F1 score of voice/unvoice

5https://github.com/Stability—AI/stable—codec
6https://github.com/facebookresearch/encodec
"https://github.com/descriptinc/
descript-audio-codec
Shttps://github.com/kyutai-labs/moshi
“https://github.com/jishengpeng/WavTokenizer
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Audio Quality Evaluation Test

Please read these instructions carefully before starting!

« Itis strongly recommended to listen to the audio using a headset or earphones in an environment free from background noise.

[Evaluation Criteria]

ample should be assessed independently.
« The scoring system is as follows:

Excellent (5)

Good (4)

Fair (3)

Poor (2)

Bad (1)

N/A(0)

[N/A Sample Explanation]

e refers to an au
he quality of the

valuate the audio quality (clarity, naturalness) of each sample, not the speech content or accuracy.

Excellent -5 1

Figure 5: Detailed information on listeners restrictions and task completion interfaces.

classification (V/UV F1), Pitch distance, and UT-
MOS.

M-STFT we use the multi-resolution STFT loss
(M-STFT) from the Auraloss library (Steinmetz
and Reiss, 2020).'° Originally proposed in Parallel
WaveGAN (Yamamoto et al., 2020), this metrics
measure the spectral difference between ground-
truth and generated waveforms across multiple
STFT resolutions.

PESQ We evaluate the wideband version of per-
ceptual evaluation of speech quality'', which is a
standardized measure for speech reproduction as-
sessment. All audio is downsampled to 16 kHz
prior to calculation.

Periodicity, V/UV F1, and Pitch Following Car-
GAN evaluation methods (Morrison et al., 2022),
we utilized a Periodicity RMSE to measure the
periodicity error which perceptually degrades the
audio.'?. Additionally, we evaluate Voice/Unvoice
F1 score, and measure pitch distance to access pitch
accuracy.

UTMOS We assess naturalness using UTMOS,
a pre-trained MOS prediction model.'?. UTMOS

provides a reliable approximation for subjective
MOS.

E.2 Subjective Evaluation

MOS We conducted an audio quality evaluation
using Amazon Mechanical Turk for crowdsourc-
ing MOS test. The MOS was rated on a 5-point
scale. To reduce noise in the crowdsourcing results,
we introduced randomly inserted Gaussian noise

10https ://github.com/csteinmetzi1/auraloss
Hhttps://github.com/ludlows/PESQ

12https ://github.com/descriptinc/cargan
Bhttps://github.com/tarepan/SpeechMoS

samples, which were mapped to “N/A”. Any re-
sponse that incorrectly selected a score for these
noise samples were excluded from the final analy-
sis. To ensure fairness and consistency, we used all
208 samples that were also employed for objective
metric evaluations. Each audio sample was rated
by 20 unique workers. Each evaluation task was
compensated at $1.00 per task. The user interface
used for the evaluation is illustrated in Figure 5.

F Potential Broader Impact

Practical Application In this work, we present
low-bitrate neural audio codec which can be uti-
lized for speech large language models as an ef-
ficient speech tokenizer. This simply reduces the
sequence lengths for language models, resulting
in efficient training and inference of Transformer
networks. Also, we have thoroughly explored rep-
resentation learning of DiT structure for neural
audio codec, and our structure could enhance the
training efficiency. Then, the proposed DVQ could
factorize multiple attributes at the single layer rep-
resentation, giving auxiliary semantic tokens. Fur-
thermore, our model can be used for VAE-based
waveform autoencoder and its applications such as
LDM.

Social Negative Impact Although neural au-
dio codecs are not directly employed in applica-
tions like text-to-speech or voice conversion, high-
quality speech synthesis models built upon them
could be exploited to impersonate individuals and
disseminate misleading content. Audio watermark-
ing and fake audio detection models could mitigate
these issues.
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Table 10: Frequency-wise Mel-spectrogram L1 distance

Model ‘ 0-12kHz 12-18kHz 18-24kHz
FlowTokenizer (No REPA ) 1.32 1.61 1.75
FlowTokenizer (REPA) 1.24 1.39 1.68
FlowTokenizer (REPA-H) 0.90 1.10 1.17

G Frequency (Band)-wise Comparison

We measured the frequency-wise (band-wise) Mel-
spectrogram L1 distance of our pre-trained models
including FlowTokenizer (No REPA), FlowTok-
enizer (REPA), FlowTokenizer (REPA-H) in Table
10. While REPA improves the convergence speed
and all band-wise metrics, the model still fails to
effectively reconstruct high-frequency components
of the waveform. Introducing REPA-H could en-
hance the acoustic capacity in representation, re-
sulting better acoustic reproduction.
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Figure 7: Training and inference pipeline for adversarial fine-tuning with semantic REPA
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