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ABSTRACT

We present LongCat-AudioDiT, a novel, non-autoregressive diffusion-based text-to-speech
(TTS) model that achieves state-of-the-art (SOTA) performance. Unlike previous methods that
rely on intermediate acoustic representations such as mel-spectrograms, the core innovation of
LongCat-AudioDiT lies in operating directly within the waveform latent space. This approach
effectively mitigates compounding errors and drastically simplifies the TTS pipeline, requiring
only a waveform variational autoencoder (Wav-VAE) and a diffusion backbone. Furthermore,
we introduce two critical improvements to the inference process: first, we identify and
rectify a long-standing training-inference mismatch; second, we replace traditional classifier-
free guidance with adaptive projection guidance to elevate generation quality. Experimental
results demonstrate that, despite the absence of complex multi-stage training pipelines or high-
quality human-annotated datasets, LongCat-AudioDiT achieves SOTA zero-shot voice cloning
performance on the Seed benchmark while maintaining competitive intelligibility. Specifically,
our largest variant, LongCat-AudioDiT-3.5B, outperforms the previous SOTA model (Seed-
TTS), improving the speaker similarity (SIM) scores from 0.809 to 0.818 on Seed-ZH, and from
0.776 to 0.797 on Seed-Hard. Finally, through comprehensive ablation studies and systematic
analysis, we validate the effectiveness of our proposed modules. Notably, we investigate the
interplay between the Wav-VAE and the TTS backbone, revealing the counterintuitive finding
that superior reconstruction fidelity in the Wav-VAE does not necessarily lead to better overall
TTS performance. Code and model weights are released to foster further research within the
speech community.

Github:https://github.com/meituan-longcat/LongCat-AudioDiT

HuggingFace:

https://huggingface.co/meituan-longcat/LongCat-AudioDiT-3.5B
https://huggingface.co/meituan-longcat/LongCat-AudioDiT-1B

1 Introduction

Text-to-speech (TTS) synthesis is a fundamental task in content generation. Recent TTS systems, built upon
either autoregressive (AR) or non-autoregressive (NAR) generative paradigms, have achieved impressive
speech quality that approaches human-level naturalness [Wang et al., 2023, Le et al., 2024, Anastassiou et al.,
2024, Ju et al., 2024, Du et al., 2025, Zhang et al., 2025]. Among these paradigms, NAR TTS—particularly
diffusion-based models—stands out for its generation quality, architectural simplicity, and inference efficiency.
Specifically, because NAR TTS can operate directly on continuous acoustic representations without relying on
discrete audio tokenizers, it inherently bypasses complex system designs. Although early NAR systems heavily
relied on auxiliary duration prediction modules to establish temporal alignment between text and audio [Ren
etal., 2019, Le et al., 2024], recent advances have demonstrated that models can implicitly learn this alignment
given sufficient training data [Eskimez et al., 2024a, Chen et al., 2024a, Lee et al., 2024], enabling further
architectural simplification. Furthermore, by generating the entire speech sequence in parallel, NAR TTS
exhibits a distinct speed advantage over its AR counterparts, especially as the sequence length increases.
Despite these advantages, hybrid architectures that integrate both AR and NAR technologies have recently
dominated the SOTA landscape [Betker, 2023, Anastassiou et al., 2024, Du et al., 2024a, Zhang et al., 2025],
generally outperforming pure diffusion-based NAR models [Chen et al., 2024a, Lee et al., 2024]. An exception
is the diffusion-based variant Seed-DiT, which reportedly surpasses its hybrid counterpart, Seed-ICL, within
the Seed-TTS framework [Anastassiou et al., 2024]. However, the exact architecture and technical details


https://github.com/meituan-longcat/LongCat-AudioDiT
https://huggingface.co/meituan-longcat/LongCat-AudioDiT-3.5B
https://huggingface.co/meituan-longcat/LongCat-AudioDiT-1B

LongCat-AudioDiT ) LongCat

Previous
diffusion-based TTS

Waveform [ e
" i t

[ Vocoder ]

Mel-spec

LongCat-AudioDiT

| Compounding
Errors

\ MeITVAE /IZ{> \ ol VAE /

Decoder Decoder
) )
Latent DDDDTDDDD DDDDTDDDD
[ Diffusion TTS ] [ Diffusion TTS ]
i i
Text Text

Figure 1 | Overview of LongCat-AudioDiT. Our architecture generates continuous waveform latents directly,
thereby avoiding the compounding errors that inherently arise when predicting and subsequently converting
intermediate representations (e.g., mel-spectrograms) into waveforms.

of Seed-DiT remain undisclosed, leaving a critical gap regarding how to construct a pure, highly performant
diffusion-based TTS system.

In this paper, we present LongCat-AudioDiT, a diffusion-based NAR TTS model that achieves SOTA performance.
A core finding of our work is that training the diffusion model directly in the waveform latent space yields
substantial improvements over traditional paradigms that rely on intermediate acoustic representations, such as
mel-spectrograms. Consequently, LongCat-AudioDiT consists of only two streamlined components: a waveform
variational autoencoder (Wav-VAE) [Kingma and Welling, 2013] and a diffusion Transformer (DiT) [Vaswani
et al., 2017, Peebles and Xie, 2023]. During training, the VAE encoder produces continuous latents for the DiT.
During inference, the VAE decoder synthesizes raw waveforms directly from the latents sampled by the DiT,
completely bypassing intermediate representations and eliminating the need for auxiliary vocoders heavily
relied upon in previous studies [Chen et al., 2024a, Lee et al., 2024]. This end-to-end design mitigates the
compounding errors typically incurred when predicting mel-spectrograms and subsequently converting them
into waveforms. To support robust multilingual synthesis, we condition the model not only on the last hidden
states but also on the raw word embeddings extracted from a pretrained language model. Furthermore, we
introduce two critical improvements to the inference process: first, we identify and rectify a long-standing
training-inference mismatch; second, we replace traditional classifier-free guidance with adaptive projection
guidance to elevate generation quality. Finally, we explore the scalability of our architecture and observe
a clear performance advantage when scaling up the model size. The final version of LongCat-AudioDiT,
comprising 3.5B parameters and trained on 1 million hours of Chinese and English speech data, achieves SOTA
performance on the Seed benchmark [Anastassiou et al., 2024]. To thoroughly validate our approach, we
conduct comprehensive ablation studies on the proposed techniques. In addition, we systematically investigate
the impact of latent dimensionality and compression rates on both the reconstruction fidelity of the Wav-VAE
and the overall generation quality of the TTS model.

Our main contributions are summarized as follows:
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* We propose LongCat-AudioDiT, a SOTA diffusion-based NAR TTS model. By operating directly in the
waveform latent space, our approach effectively eliminates the compounding errors introduced by
intermediate representations like mel-spectrograms.

* We propose two critical improvements to the inference process: first, we identify and rectify a long-
standing training-inference mismatch; second, we replace traditional classifier-free guidance with
adaptive projection guidance to elevate generation quality.

* We conduct systematic and comprehensive experiments to validate the effectiveness of our design
choices. Notably, we provide empirical insights into the non-trivial relationship between the recon-
struction quality of the Wav-VAE and the ultimate synthesis quality of the TTS backbone.

* We publicly release the source code and model weights of LongCat-AudioDiT to advance research and
development within the community.

2 Related Work

2.1 Diffusion-based TTS

Early diffusion-based TTS models, such as Grad-TTS [Popov et al., 2021] and Diff-TTS [Jeong et al., 2021],
adopted diffusion probabilistic models (DPMs) [Sohl-Dickstein et al., 2015, Song et al., 2020, Ho et al.,
2020] governed by stochastic differential equations (SDEs). The fundamental concept of these approaches
is to construct a bidirectional transformation between a simple Gaussian prior and the complex speech
data distribution. While the forward process deterministically degrades speech data into Gaussian noise via
continuous diffusion, the reverse denoising process lacks a closed-form solution and thus requires a neural
network to approximate it.

More recently, flow matching paradigms [Lipman et al., 2022], built upon continuous normalizing flows
(CNFs) [Chen, 2018], have become prevalent in diffusion-based TTS [Le et al., 2024, Mehta et al., 2024,
Eskimez et al., 2024b, Chen et al., 2024a]. CNFs model the transformation as an ordinary differential equation
(ODE) and can be efficiently trained using a simulation-free objective known as conditional flow matching
(CFM) [Lipman et al., 2022]. Although recent studies have demonstrated that DPMs and CFM intrinsically
belong to the same theoretical family [Albergo et al., 2025], CFM is often the preferred choice in practice. This
is because it offers a simpler mathematical formulation [Liu et al., 2022a]—eliminating the need for complex
noise scheduling—while delivering performance comparable or superior to traditional DPMs.

A parallel trajectory in the development of diffusion-based TTS focuses on text-to-speech alignment. While
early systems addressed this challenge by incorporating explicit, auxiliary duration prediction modules [Popov
et al., 2021, Shen et al., 2023, Le et al., 2024, Ju et al., 2024], recent advances have shifted towards fully
end-to-end architectures. For instance, the representative E2-TTS [Eskimez et al., 2024a] framework, along
with subsequent studies [Chen et al., 2024a, Lee et al., 2024, Zhu et al., 2025], demonstrated that the necessary
alignment can be implicitly learned by the generative model without explicit supervision, provided there is
sufficient training data.

LongCat-AudioDiT builds upon this modern trajectory by adopting both the CFM framework and an alignment-
free architecture. However, we extend beyond these foundations by introducing several novel techniques
designed to substantially improve the generation quality of diffusion-based TTS.

2.2 Latent Representations in Diffusion-based TTS

The choice of latent representation, which serves as the modeling target for the diffusion backbone, is critical in
TTS systems. While it is feasible to train diffusion models directly on raw time-domain waveforms [Gao et al.,
2023a], compressing the high-dimensional audio into a compact latent space has proven to be significantly
more effective and computationally efficient [Rombach et al., 2022]. Specifically, the latent representation
profoundly impacts both generation quality and synthesis speed, as it dictates the inherent trade-off between
temporal compression rate and reconstruction fidelity. Most prior studies have adopted the mel-spectrogram as
the default latent representation [Popov et al., 2021, Le et al., 2024, Eskimez et al., 2024b, Chen et al., 2024a],
necessitating an auxiliary vocoder to invert the predicted mel-spectrograms back into audible waveforms. To
achieve a higher compression rate and further accelerate inference, architectures like DiTTo-TTS [Lee et al.,
2024] employ a Mel-VAE to encode the mel-spectrograms into an even lower-dimensional space. However, all
these paradigms intrinsically suffer from potential compounding errors. These errors arise from the multiple
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stages of data conversion—first predicting the intermediate acoustic features, and subsequently reconstructing
the signal via a separate neural vocoder.

In LongCat-AudioDiT, we directly employ a waveform-based VAE (Wav-VAE) to encode raw audio into con-
tinuous latent representations. By unifying the acoustic modeling and waveform generation into a single
continuous latent space, our approach elegantly bypasses intermediate transformations and mitigates the
compounding error problem.

3 Wav-VAE

Compared to mel-spectrograms—which inherently discard phase information and fine-grained high-frequency
details—compact variational autoencoder (VAE) representations retain essential acoustic characteristics while
effectively eliminating redundant components. Consequently, they offer significantly greater potential for
high-fidelity audio generation [Liu et al., 2022b, Lee and Kim, 2025, Qiang et al., 2024, Niu et al., 2025].

Motivated by these advantages, we develop a fully convolutional audio autoencoder that compresses raw
waveforms into a compact, continuous latent representation. Operating directly in the time domain, the
model consists of an encoder £, a bottleneck module, and a decoder D. Given an input waveform = € R'*7,
the encoder maps it to a latent sequence z € RP*(T/R) where D denotes the latent dimensionality and
R represents }heT temporal downsampling factor. Subsequently, the decoder reconstructs the waveform as
Z=D(z) e RY*".

3.1 Model Architecture

Encoder. The encoder maps the input waveform to a low-dimensional latent sequence via hierarchical
downsampling. The raw waveform is first projected into a high-dimensional feature space using a weight-
normalized 1D convolution. The resulting representation is then processed by N cascaded Oobleck blocks Evans
et al. [2024]. The i-th block reduces the temporal resolution by a stride of s; while expanding the channel

dimension from C; to C;41. The cumulative downsampling ratio is given by: R = Hfi 1 Si-

Prior to downsampling, each block employs a stack of dilated residual units to capture multi-scale temporal
dependencies. A residual unit updates the hidden representation A as follows:

h<+ h+ COHVlxl(U(Cond,d(U(h))))7 )

where Convy, 4 denotes a weight-normalized 1D convolution with kernel size & and dilation rate d, and o
represents the Snake activation function [Ziyin et al., 2020].

Following Wu et al. [2025], to stabilize the training process under aggressive downsampling, each encoder
block incorporates a non-parametric shortcut path. Specifically, let the input to the i-th block be a tensor
of shape [B, C;, T| with a target stride of s;. A space-to-channel reshape operation first folds the temporal
dimension into the channel axis, transforming the tensor to [B, C; - s;,T/s;|, thereby matching the desired
downsampled temporal resolution. Next, a channel-wise averaging operation groups adjacent channels to
reduce the dimension to C;, 1, yielding a tensor of shape [B, C;1,T/s;]. This parameter-free branch establishes
a linear residual pathway that bypasses the nonlinear transformations of the main block, and its output is
combined with the block’s main output via element-wise addition.

Finally, a convolutional projection layer—also equipped with an analogous shortcut mechanism—is applied to
map the deepest features to the target latent dimension D. A VAE bottleneck is then applied to the encoder’s
output, generating the mean p and log-variance log o2. The continuous latent representation is sampled using
the reparameterization trick: z = p + 0 © ¢, where e ~ N(0, I).

Decoder. The decoder architecture closely mirrors that of the encoder in reverse. The sampled latent sequence
z is initially projected into a high-dimensional feature space via a weight-normalized 1D convolution, and
then progressively upsampled through N cascaded decoder blocks. Following each upsampling step, the same
stack of dilated residual units used in the encoder is applied to model multi-scale temporal dependencies.

Furthermore, each decoder block incorporates a non-parametric shortcut branch symmetric to its encoder
counterpart. For an input tensor of shape [B, C;1,T/s;], a channel-to-space rearrangement first restores the
temporal resolution to 7'. This is followed by a channel replication step to match the main branch’s output
shape of [B, C;, T|. The shortcut and main branch outputs are then fused via element-wise addition. A final
convolutional projection layer maps the reconstructed features back to the time-domain waveform .

4
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Figure 2 | Architecture of LongCat-AudioDiT. Middle: The overall architecture. Left: Detailed structure of the
DiT block. Right: Detailed structure of the text encoder.

3.2 Training Objective

The Wav-VAE is optimized via a two-stage adversarial training procedure. The generator (i.e., the autoencoder)
minimizes a combined loss function formulated as:

Egen = )\spec['spec + Amelﬁmel + )\timeﬁtime + )\KL»CKL + )\advﬁadv + Afmﬁfm' (2)

The individual components of this objective are defined as follows:

* Lopec (Multi-resolution STFT loss [Zeghidour et al., 2021]): Incorporates perceptual weighting to encourage
faithful reproduction of the time-frequency structure across various scales.

* Lme (Multi-scale mel-spectrogram loss [Kumar et al., 2023]): Reduces spectral discrepancies across multiple
FFT resolutions, ensuring perceptually natural synthesis.

* Liime (L1 time-domain loss): Directly minimizes the sample-level absolute error between the input and the
reconstructed waveforms.

* Lkr1, (KL divergence loss): Regularizes the learned latent distribution towards a standard Gaussian prior,
ensuring a smooth, continuous, and well-structured latent space suitable for the diffusion model.

The remaining two terms are derived from a multi-scale STFT discriminator, which is trained in parallel
using a standard adversarial objective. Specifically, the adversarial loss £.q4, encourages the generator to
synthesize waveforms that are perceptually indistinguishable from real audio. Meanwhile, the feature matching
loss [Kong et al., 2020] L¢, minimizes the L1 distance between the intermediate feature maps extracted by
the discriminator for both real and reconstructed audio.

To ensure training stability, we employ an initial warmup phase. During this period, the adversarial and feature
matching terms (£.qv and Lgy) are disabled. This strategy allows the autoencoder to establish a stable and
accurate reconstruction mapping before being subjected to the more challenging adversarial gradients.

4 Diffusion TTS

4.1 Overview

We adopt the Conditional Flow Matching (CFM) framework [Lipman et al., 2022] to model the TTS process
as an Ordinary Differential Equation (ODE): dz; = v;dt, which deterministically transports random Gaussian
noise zq to target speech latents z; along a velocity field v;. Following the rectified flow formulation [Liu et al.,
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2022a], we construct the noisy latent z; via linear interpolation between the clean latent and the noise prior:
ze = (1 —t)z0 +tz. 3

The velocity field is estimated by a neural network parameterized by fcry, conditioned on the text sequence
g and an audio context prompt z.;,. Following VoiceBox [Le et al., 2024], we construct z.;, by randomly
masking continuous spans of the clean latent z;, a strategy that inherently enables zero-shot voice cloning
capabilities. The optimization objective for CFM is to minimize the mean squared error between the predicted
velocity vy and the ground-truth target velocity (z; — zg) over the masked regions:

Leim = Etm 2,2 [H(l —m)© ((z1 — 20) — v(zt, L, Zetw, 43 Ocom)) HQ} ; 4

where m denotes the random binary mask used to generate z.;,. Furthermore, to facilitate classifier-free
guidance (CFG) [Ho and Salimans, 2021] during inference, we jointly drop the audio context z., and the text
condition ¢ with a probability of 10% during training, thereby enabling the model to learn an unconditional
distribution.

The overall architecture of our CFM network, illustrated in Fig. 2, is built upon the Diffusion Transformer
(DiT) paradigm [Peebles and Xie, 2023]. It leverages a standard Transformer [Vaswani et al., 2017] backbone
and employs Adaptive Layer Normalization (AdaLN) [Perez et al., 2018] to inject the timestep condition
t. To stabilize the training dynamics, we incorporate QK-Norm [Henry et al., 2020] within the attention
modules. While standard LayerNorm [Ba et al., 2016] is utilized throughout the network, RMSNorm [Zhang
and Sennrich, 2019] is specifically applied for the QK-Norm operations. Following DiTTo-TTS [Lee et al.,
2024], we utilize cross-attention mechanisms to implicitly learn the text-to-speech alignment, and apply
Rotary Positional Embedding (RoPE) [Su et al., 2024] across all attention layers to capture relative positional
dependencies.

We also integrate two structural optimizations from DiTTo-TTS: long-skip connections and a global AdaLN
formulation. The long-skip connection directly adds the network’s input to the final-layer hidden state, a
modification that yielded slight but consistent improvements in our preliminary experiments. The global
AdaLN mechanism, originally proposed in Gentron [Chen et al., 2024b], replaces individual AdaLN projections
with a shared, global block for all DiT layers. We observe that this design significantly reduces the overall
parameter count without degrading generation performance.

Additionally, we adopt Representation Alignment (REPA) [Yu et al., 2024] to ground the internal representations
of the DiT to a robust, self-supervised semantic space. Specifically, we employ a pretrained mHuBERT
model [Boito et al., 2024] and minimize the L1 distance between the outputs of the 8-th DiT layer and the
corresponding mHuBERT features for the identical input speech. Our preliminary findings indicate that while
REPA does not enhance the generation quality, it substantially accelerates the convergence during training.

In the next section, we detail our text encoder that supports multiple languages.

4.2 Multilingual Text Embedding

Our goal is to design a robust text encoder capable of supporting multilingual synthesis. Existing approaches
typically either train a text encoder from scratch [Chen et al., 2024a] or leverage a pretrained language model,
such as ByT5 [Xue et al., 2022, Lee et al., 2024]. However, training from scratch is highly resource-intensive
and notoriously difficult to scale to new languages. Conversely, while ByT5 theoretically supports arbitrary
languages, its byte-level tokenization results in prohibitively long sequence lengths for languages like Chinese,
which empirically led to suboptimal performance and alignment difficulties in our preliminary experiments. To
overcome these limitations, we propose utilizing UMT5 [Chung et al., 2023], a multilingual variant of T5, as
our foundational text encoder. UMT5 supports 107 languages and employs a subword tokenizer that maintains
reasonable sequence lengths across diverse languages, perfectly aligning with our architectural requirements.
A standard practice when utilizing pretrained language models is to extract the last hidden state as the text
representation q. However, we observed that relying exclusively on the final layer yields poor intelligibility in
the TTS task. We hypothesize that while the last hidden state is rich in high-level semantic information, it
abstracts away the low-level lexical and phonetic cues that are crucial for precise acoustic mapping. Motivated
by this, we propose integrating the raw word embeddings (the initial embedding layer of UMT5) with the
final hidden state. The resulting text representation ¢ for LongCat-AudioDiT is formulated as:

g = LayerNorm(last_hidden_state) 4+ LayerNorm(raw_word_embedding). 5)

Here, non-parametric LayerNorm is applied to appropriately balance the distinct scales of the two representa-
tional spaces before summation. Although our empirical validation is conducted using UMTS5, we posit that
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this dual-embedding extraction strategy is model-agnostic and can be generalized to other large multilingual
language models. We use UMT5-base! in all experiments.

Furthermore, following F5-TTS [Chen et al., 2024a], we pass the extracted text representation ¢ through
a lightweight sequence refinement module based on ConvNeXt V2 [Woo et al., 2023]. We empirically find
that this localized convolutional refinement significantly accelerates the convergence of the text-to-speech
alignment during training.

In the subsequent sections, we introduce two improvements to the inference process proposed in LongCat-
AudioDiT that further elevate generation performance.

4.3 Mitigating the Training-Inference Mismatch in Noisy Latent

During inference, we employ the Euler method to solve the ODE. The number of function evaluations is set to
16. Initializing the process with randomly sampled Gaussian noise zy, we iteratively update the latent z, at
each step as follows:

Zeyar = 2zt + V(215 t, Zeta, ¢ Ocrm) At 6)
where At is the predefined integration step size.

By revisiting this sequential inference process, we identify a critical training-inference mismatch regarding the
state of the noisy latent z;. For clarity, we conceptually partition z; along the temporal axis into two segments:
28" = 2[: T,4,) corresponding to the conditioning prompt, and z/“"* = 2;[T,, :] corresponding to the target

generation region, where 7., denotes the duration of the prompt latent z.,.

Recall that during training, the exact trajectory of the entire z; is constructed via linear interpolation (Eq. 3),
acting as the ground truth (GT) noisy latent. During inference, however, an asymmetry emerges. Because
the flow matching objective (Eq. 4) penalizes velocity prediction errors only on the masked target region
(v9™), the iterative update successfully yields a valid approximation of the GT trajectory for z/". Conversely,
because no loss is computed over the prompt region, the model’s velocity predictions for z{'* are essentially
unconstrained and arbitrary. Consequently, accumulating these unconstrained updates causes z{'* to drift away
from its theoretical GT trajectory, thus introducing a training-inference mismatch that has been overlooked in
prior work [Le et al., 2024, Chen et al., 2024a]. We resolve this discrepancy by forcibly overwriting 2> with
its GT value at every inference step:

27— 1270 4 (1 — 1) 251, (7)

where 2§'* is the initial Gaussian noise of the prompt part.

Furthermore, on the basis of this problem, we propose a corollary for CFG. To obtain a truly unconditional
velocity estimate, it is insufficient to merely drop 2., ; the explicitly constructed noisy prompt latent z£*® must
also be dropped, as it inherently leaks acoustic information about the prompt.

In Section 5.3.3, we empirically demonstrate that mitigating this mismatch and isolating the conditional
information yields substantial improvements in overall synthesis performance.

4.4 Replacing CFG with Adaptive Projection Guidance

Following standard practice, we first utilize classifier-free guidance (CFG) [Ho and Salimans, 2021] to steer
the predicted velocity at each integration step:

vtCFG = v + avy — vy), 8

where v} = v(z}, t, J, &; Ocpm) represents the unconditional velocity; o denotes the CFG scale. By default, we
set a« = 4.0. As established in Section 4.3, to accurately compute the unconditional velocity, we compute the
noisy latent 2} by dropping the prompt part z{*® to avoid information leakage, i.e., z* = concat(&, z/°").

In our preliminary experiments, while standard CFG effectively improved synthesis quality, it occasionally
introduced audible artifacts, and increasing the guidance scale « further exacerbated the degradation. We
hypothesize that a large CFG scale induces an oversaturation phenomenon, a widely recognized issue in
diffusion-based image generation [Kynk&dnniemi et al., 2024]. To alleviate this problem, we incorporate
Adaptive Projection Guidance (APG) [Sadat et al., 2024]. The core intuition of APG is to decompose the
guidance residual, v, — v}, into two geometrically orthogonal components: one parallel to the conditional

"https://huggingface.co/google/umt5-base
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prediction v; and the other orthogonal to it. APG theorizes that the parallel component is the primary cause
behind oversaturation; thus, the issue can be resolved by selectively dampening this term.

To integrate APG into our flow matching framework, we first project the model’s output from the velocity
domain into the data sample domain (i.e., predicting z;), as suggested by Sadat et al. [2024]: p; = z;+(1—1)v;.

Let the guidance term in this sample domain be denoted as Au; = p; — p}'. The parallel component Auy with

respect to p; is calculated as: AMLI = % pt, and the corresponding orthogonal term is Aui- = Apy — Auy.

The APG-adjusted prediction in the sample domain is then formulated as:

4P = iy + alpit + A, ©)

where 7 acts as a dampening factor for the parallel component and is set to 0.5 by default. Subsequently, we
map the adjusted sample prediction back to the velocity domain to proceed with the ODE solver:

APG
vl = 7‘”1 tzt. (10)

Furthermore, we adopt the reverse momentum trick proposed in APG [Sadat et al., 2024], which maintains a
moving average Ap; < Au; + BAu:. Applying a negative momentum (8 < 0) forces the guidance to focus
more on the current update direction rather than accumulating past momentum. By default, we set 8 = —0.3.

As demonstrated in Section 5.3.3, APG effectively eliminates artifacts and significantly elevates synthesis
quality.

5 Experiments

5.1 Experimental Setup

Data For the training of the Wav-VAE, we employ a curated internal corpus comprising 200K hours of Chinese
and English speech. Audio clips are segmented to approximately 3 seconds.

For the TTS backbone (DiT), we utilize a curated internal dataset containing 100K hours of Chinese and English
speech for all baseline and ablation experiments. For the large-scale scaling experiments, this training corpus
is further expanded to 1M hours. The transcriptions for all utterances are obtained by a speech recognition
model. We sample all audio data at 24 kHz. The maximal audio duration-TTS training is 60 seconds.

Training Details The Wav-VAE contains 157M parameters and is optimized on 32 NVIDIA H800 GPUs with a
global batch size of 384. By default, the model is configured with a latent dimensionality of 64 and operates at
a temporal frame rate of 11.72 Hz.

For the diffusion backbone, we train two variants with 1B and 3.5B parameters, respectively. The 1B model is
trained on 16 GPUs with a global batch size of 256, whereas the 3.5B model utilizes 64 GPUs with a global
batch size of 1024. Both models are optimized using AdamW [Loshchilov and Hutter, 2018], with moving
average coefficients set to 5; = 0.9 and 35 = 0.95. We apply a linear learning rate decay schedule, gradually
decreasing the learning rate from le-4 to le-5 following an initial 1K warmup steps.

Evaluation Metrics We benchmark the Wav-VAE on the LibriTTS test-clean subset [Zen et al., 2019], and
evaluate the full TTS pipeline on the Seed benchmark [Anastassiou et al., 2024].

To evaluate the Wav-VAE reconstruction fidelity, we adopt standard objective metrics including PESQ [Rix
et al., 2001] for assessing perceptual quality and STOI [Taal et al., 2011] for measuring speech intelligibility.

The generative capabilities of the TTS models are evaluated across four primary dimensions: intelligibility,
zero-shot voice cloning, naturalness, and overall acoustic quality. We measure these using the following
metrics:

* Character/Word Error Rate (CER/WER): To quantify intelligibility, we transcribe the synthesized speech
using Whisper large-v3 [Radford et al., 2023] for English and Paraformer [Gao et al., 2023b] for Chinese,
subsequently calculating the respective CER or WER.

* Speaker Similarity (SIM): To evaluate voice cloning accuracy, we compute the cosine similarity between the
speaker embeddings of the reference prompt and the synthesized speech. This formulation is mathematically
equivalent to the SIM-O metric proposed in VoiceBox [Le et al., 2024]. Following Seed-TTS [Anastassiou
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Table 1 | Objective evaluation results of LongCat-AudioDiT on the Seed benchmark [Anastassiou et al., 2024].
The results of other methods are taken from the original paper or, if open-sourced, evaluated by us. Bold
indicates the best score. Underline indicates the second-best score.

Model ZH EN ZH-Hard

CER (%)) SIMT WER (%), SIMt CER (%)) SIM?
GT 1.26 0.755 2.14 0.734 - -
NAR Models
Seed-DiT [Anastassiou et al., 2024] 1.18 0.809 1.73 0.790 - -
MaskGCT [Wang et al., 2024] 2.27 0.774 2.62 0.714 10.27 0.748
E2 TTS [Eskimez et al., 2024b] 1.97 0.730 2.19 0.710 - -
F5 TTS [Chen et al., 2024a] 1.56 0.741 1.83 0.647 8.67 0.713
F5R-TTS [Sun et al., 2025] 1.37 0.754 - - 8.79 0.718
ZipVoice [Zhu et al., 2025] 1.40 0.751 1.64 0.668 - -
AR/Hybrid Models
Seed-ICL [Anastassiou et al., 2024] 1.12 0.796 2.25 0.762 7.59 0.776
SparkTTS [Wang et al., 2025] 1.20 0.672 1.98 0.584 - -
Qwen2.5-Omni [Xu et al., 2025] 1.70 0.752 2.72 0.632 7.97 0.747
CosyVoice [Du et al., 2024a] 3.63 0.723 4,29 0.609 11.75 0.709
CosyVoice2 [Du et al., 2024b] 1.45 0.748 2.57 0.652 6.83 0.724
FireRedTTS-1S [Guo et al., 2025] 1.05 0.750 2.17 0.660 7.63 0.748
CosyVoice3-1.5B [Du et al., 2025] 1.12 0.781 2.21 0.720 5.83 0.758
IndexTTS2 [Zhou et al., 2025a] 1.03 0.765 2.23 0.706 7.12 0.755
DiTAR [Jia et al., 2025] 1.02 0.753 1.69 0.735 - -
MiniMax-Speech [Zhang et al., 2025] 0.99 0.799 1.90 0.738 - -
VoxCPM [Zhou et al., 2025b] 0.93 0.772 1.85 0.729 8.87 0.730
MOSS-TTS [SII-OpenMOSS, 2026] 1.20 0.788 1.85 0.734 - -
Qwen3-TTS [Hu et al., 2026] 1.22 0.770 1.23 0.717 6.76 0.748
CosyVoice3.5 0.87 0.797 1.57 0.738 5.71 0.786
LongCat-AudioDiT-1B 1.18 0.812 1.78 0.762 6.33 0.787
LongCat-AudioDiT-3.5B 1.09 0.818 1.50 0.786 6.04 0.797

et al., 2024], we utilize a fine-tuned WavL.M [Chen et al., 2022] (wavlm_large_finetune?) to extract the
robust speaker embeddings.

* UTMOS [Saeki et al., 2022]: A highly correlated neural objective metric used to approximate human Mean
Opinion Scores (MOS) regarding speech naturalness.

* DNSMOS [Reddy et al., 2021]: A widely adopted objective metric designed to evaluate the overall
perceptual acoustic quality of the synthesized audio.

Note that a subset of these TTS metrics is also applied to evaluate the Wav-VAE reconstructions, allowing us to
comparatively analyze the inherent gap between representation reconstruction (Wav-VAE) and generation
(TTS).

Finally, we benchmark LongCat-AudioDiT against strong prior work, encompassing purely NAR diffusion
models, AR models, and state-of-the-art hybrid TTS architectures.

5.2 Main Results

The evaluation results for both the full LongCat-AudioDiT pipeline and the standalone Wav-VAE are presented
in Table 1 and Table 2, respectively.

TTS Synthesis Performance As demonstrated in Table 1, our proposed TTS model consistently outperforms
the majority of prior art, achieving particularly remarkable gains in speaker similarity (SIM) over the highly
competitive Seed-DiT architecture [Anastassiou et al., 2024]. Specifically, LongCat-AudioDiT establishes new
state-of-the-art (SOTA) SIM scores on the demanding Seed-ZH and Seed-Hard benchmarks, while securing the
second-best SIM score on Seed-EN. Most notably, our end-to-end framework decisively surpasses all previous
diffusion-based paradigms—such as F5-TTS [Chen et al., 2024a]—that rely on intermediate mel-spectrograms

2https://github.com/microsoft/UniSpeech/tree/main/downstreams/speaker_verification
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Table 2 | Objective evaluation results of the proposed Wav-VAE on the LibriTTS Zen et al. [2019] test-clean
subset. Bold indicates the best score among continuous VAEs. N, is the number of codebooks for discrete
codecs. For codecs, frame per second (FPS) denotes the number of tokens per second.

Model N, FPS PESQ{ STOI{ UTMOS }
GT - - 4644 1.0 4.056

Discrete Codecs

DAC [Kumar et al., 2023]
Encodec [Défossez et al., 2022]
Vocos [Siuzdak, 2023]
WavTokenizer [Ji et al., 2024]
BigCodec [Xin et al., 2024]

Continuous VAEs
VibeVoice [Peng et al., 2025] 1 7.50 3.068 0.828 4.181

Ours Wav-VAE 7.81 3.089 0.963 4.116
Ours Wav-VAE 11.72  3.237 0.967 4.013

900 3.908 0.970 3.910
600 2.720 0.939 3.040
600 2.807 0.943 3.695
75 2.373 0.914 4.049
80 2.697 0.939 4.097

= = 00 0 \O

[

as generation targets. This substantial margin strongly validates our core hypothesis: operating directly within
the waveform latent space effectively circumvents compounding errors and yields superior voice cloning
fidelity.

Regarding intelligibility (WER/CER), LongCat-AudioDiT achieves highly competitive performance relative to
existing open-source baselines. While our error rates slightly trail heavily engineered proprietary systems like
Qwen3-TTS [Hu et al., 2026] and CosyVoice3.5, it is crucial to emphasize that those models rely on complex
multi-stage training pipelines and massive amounts of high-quality, human-annotated data. In contrast,
LongCat-AudioDiT attains its performance with a remarkably simplified end-to-end architecture and a single
training stage.

Wav-VAE Reconstruction Quality The intrinsic reconstruction capabilities of our Wav-VAE are detailed in
Table 2. Operating at a comparable frame rate (FPS), our Wav-VAE exhibits superior overall reconstruction
fidelity compared to the baseline Wav-VAE introduced in VibeVoice [Peng et al., 2025]. Furthermore, when
juxtaposed with SOTA discrete audio codecs, our continuous Wav-VAE not only outperforms most of them
in acoustic quality but does so while operating at a drastically reduced sequence length (fewer frames per
second). This stark contrast strongly underscores the inherent capacity advantages and expressive efficiency
of modeling continuous latent representations over discrete tokens.

5.3 Ablation Studies

To systematically validate our architectural choices and the proposed techniques, we conduct comprehensive
ablation experiments. Specifically, our investigations are guided by the following three core research questions

(RQs):

* RQ1: As a modeling target-TTS, does the waveform latent (Wav-VAE) outperform intermediate representa-
tions like the mel-spectrogram latent (Mel-VAE)?

* RQ2: What is the intrinsic relationship between VAE reconstruction fidelity and the downstream TTS
synthesis quality? Does a superior VAE guarantee a better generative TTS model?

* RQ3: How effectively do our inference techniques, i.e., solving training-inference mismatch and APG,
contribute to the overall generation quality?

5.3.1 RQ1: Wav-VAE vs. Mel-VAE-TTS Generation

The central hypothesis underpinning LongCat-AudioDiT is that modeling directly within the waveform latent
space is superior to utilizing intermediate representations, primarily due to the mitigation of compounding
errors. Since recent work like DiTTo-TTS [Lee et al., 2024] has already established that Mel-VAE outperforms
raw mel-spectrograms in diffusion-based TTS, we restrict our comparison directly to Wav-VAE versus Mel-VAE.
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Figure 3 | Objective evaluation results for both Wav-VAE reconstruction and TTS synthesis under varying latent
dimensions. For ease of reading, we negate WER-TTS.

Table 3 | Objective evaluation results of TTS models based on Wav-VAE and Mel-VAE on the Seed bench-
mark [Anastassiou et al., 2024]. Bold indicates the best score.

ZH EN ZH-Hard
TTS Latent Model  opp 00y | SIM1 WER (%) SIMt CER (%)) SIM 1t
Mel-VAE 129  0.706 2.20 0714 770  0.696
Wav-VAE 1.18  0.812 1.78  0.762 633  0.787

For this experiment, we adopt the open-source Mel-VAE introduced in ACE-Step [Gong et al., 2025]. Although
originally designed for music generation, we empirically verify that this Mel-VAE yields high-fidelity speech
reconstruction at a similar frame rate to our proposed Wav-VAE. We train a baseline 1B parameter TTS
model using this Mel-VAE as the modeling target. During inference, the generated latents are decoded into
mel-spectrograms, which are subsequently inverted into time-domain waveforms using the officially provided
high-quality vocoder?.

The comparative evaluation results are presented in Table 3. As observed, the LongCat-AudioDiT model
built upon the Wav-VAE consistently and significantly outperforms the Mel-VAE-based baseline across all
metrics, validating our core assumption. Remarkably, while improvements in intelligibility (WER/CER) are
solid, the Wav-VAE yields a drastic boost in the speaker similarity (SIM) metric. This targeted improvement
elegantly corroborates our hypothesis: fine-grained, high-frequency acoustic details—which are essential for
zero-shot voice cloning—are intrinsically fragile and easily lost during the cascading conversions (latent —
mel-spectrogram — waveform) inherent to the Mel-VAE pipeline.

5.3.2 RQ2: The Interplay Between Wav-VAE Reconstruction and TTS Generation

We investigate the intrinsic relationship between the reconstruction fidelity of the Wav-VAE and the generation
quality of the downstream TTS model. A naive assumption is that a superior Wav-VAE guarantees better TTS
performance, given that the VAE’s reconstruction fidelity inherently defines the upper bound for the generative
model. To test this hypothesis, we train multiple Wav-VAEs with varying latent dimensionalities and temporal
frame rates (FPS), subsequently training a corresponding TTS backbone for each VAE variant. Specifically,

*nttps://github.com/ace-step/ACE-Step
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Figure 4 | Objective evaluation results for both Wav-VAE reconstruction and TTS synthesis across varying
latent frame rates (FPS). For ease of reading, we negate WER-TTS.

we select latent dimensions from the set {64, 128, 256} and frame rates from {7.81, 11.72, 23.44}, yielding a
total of 6 unique Wav-VAE models and 6 paired TTS models. For the dimension ablation (3 models), we fix the
frame rate at 20 Hz; conversely, for the frame rate ablation (3 models), we fix the latent dimension at 64. All
TTS models in this ablation are trained using the exact configurations as the LongCat-AudioDiT-1B baseline.

The comprehensive evaluation results are visualized in Fig. 3 and Fig. 4. To facilitate a clear comparison
across domains, we categorize the metrics into four analogous groups: intelligibility (STOI-VAE & WER-TTS),
speaker similarity (SIM-VAE & SIM-TTS), naturalness (UTMOS-VAE & UTMOS-TTS), and overall acoustic
quality (PESQ-VAE & DNSMOS-TTS). Note that the VAE similarity (SIM-VAE) is calculated by comparing the
ground truth (GT) utterance against its direct reconstruction.

Observation 1: The Dimension-Capacity Trade-off. Under a fixed TTS parameter budget, increasing the
latent dimension consistently improves the Wav-VAE’s reconstruction fidelity but simultaneously degrades the TTS
generation quality (see Fig. 3). This finding directly contradicts the naive assumption. We initially hypothesized
that increasing the TTS model capacity might resolve this mismatch; thus, we scaled up the TTS backbone to
3.5B parameters, conditioned on the 128-dimensional Wav-VAE. However, while this larger variant achieved a
marginal gain in SIM score, its overall performance remained inferior to the 3.5B model conditioned on the
64-dimensional Wav-VAE (as reported in Table 1). This suggests that excessively high-dimensional continuous
latents impose a severe modeling burden on the diffusion backbone that cannot be easily overcome merely by
scaling up parameters.

Observation 2: The Frame Rate Sweet Spot. There exists an optimal temporal frame rate (FPS) that balances
VAE and TTS performance, though this sweet spot is not necessarily identical for both tasks (see Fig. 4). For the
Wav-VAE, a lower FPS surprisingly yields better intelligibility and naturalness, but penalizes similarity and
overall acoustic quality. This behavior is intuitive: an aggressively downsampled (lower FPS) latent forces the
autoencoder to discard fine-grained, high-frequency acoustic details (hurting SIM and PESQ) while preserving
global phonetic structures (aiding STOI). Conversely, for the generative TTS model, a lower FPS substantially
boosts the overall synthesis quality. We observe that the diffusion backbone struggles to accurately model the
complex, highly correlated temporal dynamics of high-FPS latents, leading to unstable generation.

Synthesizing these two critical observations, we empirically identify the 64-dimensional, 11.72-Hz Wav-VAE as
the optimal representation target, and adopt it as the default configuration for all LongCat-AudioDiT models.
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Table 4 | Objective evaluation results of the ablation studies on noise-prompt dual masking and APG on the
Seed-ZH benchmark [Anastassiou et al., 2024]. Bold indicates the best score.

Experiment CER (%) | SIMt UTMOS{1 DNSMOS 1
LongCat-AudioDiT-1B 1.18 0.812 3.16 3.40
training-inference mismatch 1.21 0.769 2.83 3.34
w/0 APG 1.18 0.812 3.06 3.38

5.3.3 RQ3: Effectiveness of the Proposed Techniques for Inference

Finally, we address RQ3 by evaluating the individual contributions of solving the training-inference mismatch
and APG. To this end, we conduct two targeted ablation experiments on the LongCat-AudioDiT-1B backbone.
In the first configuration (training-inference mismatch), we keep z£** as the model prediction and do not
overwrite it with the GT noisy latent for inference. We also retain z£*® to compute the unconditional velocity.
In the second configuration (w/0 APG), we replace the APG inference algorithm with standard CFG (Eq. 8).
The comparative results are summarized in Table 4.

* Impact of the training-inference mismatch: The overall performance of the utterances synthesized by
LongCat-AudioDiT-1B consistently and significantly outperforms those synthesized without solving the
training-inference mismatch problem. This clear performance degradation validates the existence of the
recognized problem and the effectiveness of our method to mitigate it.

* Impact of APG: While the baseline model employing standard CFG achieves comparable intelligibility (CER)
and speaker similarity (SIM) scores, the integration of APG yields superior UTMOS and DNSMOS scores.
This demonstrates that APG effectively mitigates the oversaturation artifacts inherent to high-scale CFG,
thereby elevating the perceptual naturalness and overall acoustic quality of the synthesized speech.

6 Conclusion and Future Work

In this paper, we present LongCat-AudioDiT, a state-of-the-art non-autoregressive diffusion-based TTS model.
The core advancement of LongCat-AudioDiT lies in modeling the generative process directly within the
waveform latent space, bypassing intermediate acoustic representations such as mel-spectrograms widely
adopted in prior literature. This unified design not only drastically simplifies the overall TTS pipeline but
also fundamentally eliminates the compounding errors inherently caused by two-stage acoustic-to-waveform
conversions. Furthermore, we introduce two critical improvements to the inference process: first, we identify
and rectify a long-standing training-inference mismatch; second, we replace traditional CFG with APG to
elevate generation quality.

Extensive experimental results demonstrate that LongCat-AudioDiT achieves new SOTA zero-shot speaker
similarity on the rigorous Seed benchmark while maintaining competitive intelligibility. Notably, this is
accomplished through an end-to-end approach, without relying on sophisticated multi-stage training pipelines
or expensive high-quality human annotations. By outperforming previous diffusion-based baselines by a
considerable margin, our work robustly validates the superiority of waveform-level latent modeling over
traditional intermediate representations.

Finally, through comprehensive ablation studies, we systematically dissect the individual contributions of our
proposed components. Most importantly, our deep dive into the interplay between the Wav-VAE’s reconstruction
fidelity (e.g., varying dimensions and frame rates) and the downstream TTS generation quality reveals non-
trivial trade-offs. We believe these empirical insights advance the understanding of the synergy between
representation learning and generative modeling, shedding light on the future design of audio foundation
models.

Future Work Promising directions for future research include pushing the performance ceiling via alignment-
free reinforcement learning (RLHF for audio), and accelerating the inference speed through knowledge
distillation techniques for real-time deployment.
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