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Motivations
Efficient audio generation relies on compressed latent representations, but 
extreme compression can remove the semantic and acoustic information 
required for high-quality waveform generation 
1. Information bottleneck

- Low-bitrate neural codec or high-compressed VAE representations can degrade speech 
intelligibility, speaker identity, and high-frequency details.

2. Representation Alignment is not enough
- Although REPA accelerates DiTs training, intermediate representation regularization may 
entangle latents and limit generative capacity. 

Contributions
1. Representation Generation (ReGen)

- Reframes representation alignment as representation generation within a single diffusion 
Transformer

2. Hierarchical Multi-prompting
- Uses semantic, acoustic, and waveform prompts to guide raw waveform generation 

3. Generalized Flow Matching (GFM)
- Adds a velocity-space repulsive loss to prevent multiple stochastic paths from collapsing into 
one averaged flow

Introduction Methods Experiments
Reconstruction Results on LibriSpeech Benchmark
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<Overall architecture of ReGen>

<Waveform Generation using conditional flow matching>

Zero-shot TTS results on Seed-en Benchmark

Representation Generation (ReGen)
Generate representations, rather than merely aligning them: jointly predict vector fields in
SSL, Mel, and waveform spaces under a hierarchical masked-prompt objective

Adversarial Post-Training
To improve audio fidelity, the pre-trained 
ReGen is further fine-tuned with adversarial 
feedbacks 
(MPD, MS-STFTD, MS-SB-CQTD) combined 
with multi-scale STFT losses.

Generalized Flow Matching 
(GFM)
Inspired by generalized energy distance 
(GED) which introduces a repulsive term 
between generated samples, we 
introduce generalized flow matching 
(GFM), which reformulates repulsive 
regularization in the velocity space, 
aligning the objective with the 
optimization domain of CFM.

<Conceptual visualization of GFM>
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Masked RepresentationsWaveform Diffusion Models
1. Conditional Flow Matching (CFM)

- CFM has recently gained increasing attention as a new generation paradigm for audio modeling

2. Diffusion Transformers (DiTs) with Raw Waveform
- DiTs has strong generative capabilities, but Waveform modeling with DiTs remains relatively 
underexplored, partly due to the dominance of powerful GAN-based models

3. Generation VS Reconstruction
- Low-bitrate neural audio codecs or High-compressed WaveVAEs can benefit from generative 
models, which may improve perceptual quality, speech intelligibility, and speaker similarity

𝑥𝑥0 ∼ 𝒩𝒩 0, 𝐼𝐼 𝑥𝑥1 ∼ 𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑

Experiment (Target Waveform: 24,000 Hz  50Hz Patchify)
1. ReGenTokenizer (FSQ): Low-bitrate neural audio codec (25Hz, 400 bps)
2. ReGenVAE (VAE): High-compressed WaveVAE (12.5 Hz, 32 dims)
3. ReGenVoice: LDM Text-to-Speech using the latents of ReGenVAE (12.5Hz  6.25Hz LDM)

Prompted Reconstruction Results on Seed-en Benchmark

Prompted Waveform Generation
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<A timeline of existing diffusion waveform generative models>
End-to-End TTS
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