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Introduction

| A Viwaw vwfv UMel  VssL Reconstruction Results on LibriSpeech Benchmark
' -I'I-Hr-- : T , Method Hz TPS N, Bitrate | Stream. | WER (|) | STOI (1) _E,E‘Bsg] _;EBS% SPK-SIM (1) | UTMOS (1)
' DiT Block ~=> DIT Block
| GT 16k i i 1.96 1.00 464 455 1.00 4.09
. DiT Block | DITBlock Represent.ation SpeechTokenizer (Zhang etal., 2024) | 16k 100 2 1000 / 3.92 0.77 1.25 1.59 0.36 2.28
Xog ~ N (O; | ) | | B | X1 ~ Pdata ; Generation BigCodec (Xin et al., 2024) 16k 80 1 1040 X 276 0.93 268 327 0.84 4.11
<Waveform Generation using conditional flow matching> DiT Block DiT Block X-codec2 (Ye et al., 2025) 6k 50 1 800 X 2.47 0.92 243 3.04 0.82 4.13
] ] | StableCodec(Parker et al., 2025) 16k 50 2 700 X 5.12 0.91 224 2091 0.62 4.23
Waveform Diffusion Models o | : Masked Representations EnCodec (Défossez et al., 2023) 24k 600 8 6000 / 2.15 0.94 277 318 0.89 3.09
. i . ' EnCodec (Défossez et al., 2023) 24k 150 2 1500 / 4.90 0.85 1.56 1.94 0.60 1.58
1. Conditional Flow Matching (CFM) DAL LEeLe DiT Block } , WavTokenizer (Ji et al., 2025) 2k 75 1 900 X 3.98 0.90 213 263 0.65 3.79
. . . . : : . : Semantic WavTokenizer(Ji et al., 2025) 24k 40 1 480 X 11.20 0.85 1.62 2.06 0.48 3.57
- CFM has recently gained increasing attention as a new generation paradigm for audio modeling DiT Block . Prompt i |
| — = DiT Block Mimi (Défossez et al., 2024) 24k 100 8 1100 v/ 2.92 0.90 227 280 0.73 3.63
2. Diffusion Transformers (DiTs) with Raw Waveform , | — M } Apcrzl;'nsgf / ssL \ ReGenTokenizer-LibriTTS 24k 25 1 400 / 2.83 0.84 139 165 0.67 3.99
_ _ L _ _ _ _ _ X - | N : ReGenTokenizer-Emilia 24k 25 1 400 / 2.70 0.86 1.52 1.85 0.74 3.77
- DiTs has strong generative capabilities, but Waveform modeling with DiTs remains relatively DIl Block™ Semlamic DiT Block Wavatorr “ o
underexplored, partly due to the dominance of powerful GAN-based models { VO or VAE ] Alignment { VO or VAE ] Prompt el ReGenVAE-LibriTTS k1o . . Y 3 03 0oa | 290 333 084 o]
. : I © ReGenVAE-Emilia 24k 125 - i ‘ / ‘ 2.11 ‘ 0.95 ‘ 299 345 ‘ 0.89 ‘ 4.16
3. Generation VS Reconstruction Waveform '
. . . . . Prompt :
- Low-bitrate neural audio codecs or High-compressed WaveVAEs can benefit from generative / Encoder \ / SSL \ / Encoder \ Prompted Reconstruction Results on Seed-en Benchmark
models, which may improve perceptual quality, speech intelligibility, and speaker similarity I “ I o | oo _— e v | e o | WER SPK-SIM | UTMOS
dgC ccoacr cino £ 1 'q reaimn. romp
1) (1) (M
B Our Papers — Streaming Generation —-|\|l‘|mH“M\‘hl”‘“ﬂ”“h.Mh .|‘||‘|‘UH||W|M\||H‘|‘|‘|H|||.““. Single | GAN E{;{Ejn;i;;gé{tzssﬂz ctal 2029 |24k 150 2|/ x| 536 a4 .54
umar et al., . : .
StreamFlow [NeurlPS, 2025] DAC (VQ) (Kumar et al., 2023) 24k 75 1 X X | 1274 045 2.08
-2023 2024- (a) REPA (Baseline) (b) ReGen (Proposed) ;Pﬂl(gl;ﬂ fi'llﬂ';%;?'w S B e ON o B . e e ol
11111 CIOSSCZ €1 dl., . . ;
: . : <Overall architecture of ReGen> X-codec2 (Ye et al., 2025) 6k 50 1 X X | 263 062 3.68
Diffusion g CFM > Acceleration (CFM+GAN) : _ : WavTokenizer (Ji et al., 2025) 24k 75 1 X X 6.65  0.48 3.36
_ _ PeriodWave-Turbo [2024] Experlment (Target Waveform: 24,000 Hz - 50Hz PatChlfY) BigCodec (Xin et al., 2024) 16k 80 1 X X 325 0.61 3.59
DiffWave PeriodWave : : : StableCodec (Parker et al., 2025) l6k 25 1 X X | 1108 041 3.87
Flow2GAN [ICLR. 2026 1. ReGenTokenizer (FSQ): Low-bitrate neural audio codec (25Hz, 400 bps)
[ICLR, 2021] [ICLR, 2025] ow [ , ] _ _ Two | SPK, GAN BiCodec (Wang et al., 2025b) 6k S0 1 | X /| 305 06l 3.68
WaveGrad 2. ReGenVAE (VAE): High-compressed WaveVAE (12.5 Hz, 32 dims) Three | SPK, Mel-CFM, GAN-Voc. | FireRedTTS (Guo et al., 2024) a8k 25 1 v/ /| 335 059 3.40
aveara _ _ . . Three SPK., Mel-CFM, GAN-Voc. | CosyVoice (Du et al., 2024a) 24k 25 1 v v 5.63 0.47 3.65
[ICLR 2021] RFWave CFM Neural Audio Codec with 3. ReGenVoice: LDM Text-to-Speech using the latents of ReGenVAE (125HZ - 6.25Hz LDM) Three SPK, Mel-CFM, GAN-Voc. | CosyVoice 2 (Du et al., 2024b) Uk 25 1 J J/ 4.10 0.68 3.65
’ [ICLR, 2025] Representation Alignment (REPA) : : Three | LDM, MelVAE, GAN-Voc. | SemantiCodec (Liu et al., 2024) 16k 50 2 X X | 511 049 2.83
: _ o Representation Generation (ReGen) Two | Mel-CFM, GAN-Voc. Vevo (Zhang et al., 2025) 24k 50 1 X /| 304 053 3.50
PriorGrad FlowTokenizer [ACL Findings, 2026] . o L . . . Two | Mel-CFM, GAN-Voc. TaDiCodec (Wang et al., 2025¢) 24k 125 1 X /| 257 069 3.58
[ICLR, 2022] FlowDec Generate representations, rather than merely aligning them: jointly predict vector fields in Two | Mel-CEM. GAN-Voc. TaDiCodec (Wang et al.. 2025¢) ak 625 1 | «x /o273 069 373
ICLR, 2025 SSL, Mel, and waveform spaces under a hierarchical masked-prompt objective Single | Wave-CFM (+GAN) ReGenTokenizer-LibriTTS (ours) |24k 25 1 | /| 337 o6l 3.73
)
MBD ) Single | Wave-CFM (+GAN) ReGenTokenizer-Emilia (ours) 24k 25 1 v / 3.58 0.71 3.46
[NeurlPS, 2023] Representation Generation (ReGen) Lom= ), Eune “ 06 (w1, 1, 21) —ui[|” © M} VAE
ReGen [ICML, 2026] r&{ssl,mel,wav} Single | Wave-CFM (+GAN) ReGenVAE-LibriTTS (ours) 2k 125 / /| 203 072 3.87
’ Generalized Flow M atching Single | Wave-CFM (+GAN) ReGenVAE-Emilia (ours) 24k 125 v v 2.09 0.73 3.73

<A timeline of existing diffusion waveform generative models> MSE (71, 1) MSE (D,, v5)

(GFM)

_ _ Attractive Attractive Prompted Waveform Generation
Motivations Inspired by generalized energy distance
Efficient audio generation relies on compressed latent representations, but (GED) which introduces a repulsive term Models WER  SPK-SIM (to Prompt) ~ SPK-SIM (to GT)
extreme compression can remove the semantic and acoustic information NI between generated samples, we ReGenVAE-Emilia (w/o Prompt) | 2.04 0.65 0.86
. . . : gl L i i i ReGenVAE-Emilia (w Prompt 2.09 0.73 0.87
required for high-quality waveform generation WRRR R A S ASAAA introduce g_eneral'zed flow matCh'hg ( Py
1 Inf tion bottl " IO Aol (GFM), which reformulates repulsive
' rl‘_or?ta 1on OI egec i VA - oarac ] I;'Zilllatiiii —MSE (¥1,7;) regularization in the velocity space, Zero-shot TTS results on Seed-en Benchmark
- Low-bitrate neural codec or high-compresse representations can degrade speec TTATIIIIINTIIT Repulsive aligning the objective with the
intelligibility, speaker identity, and high-frequency details. PSP N, o . Mode! Params Data | WER | SIMT éd Demo
_ _ _ AAAAAAAAAR R RN optimization domain of CFM.
2. Representation Alignment is not enough SEEERRARRR R ; 1 GT : - | 214 073 @) w)
- Although REPA accelerates DiTs training, intermediate representation regularization may L = 5 (o™ t.0) = ulI + oo (e, t,0) - “EQ)Q) SparkTTS (Wang et al., 2025b) 0.5B 100k | 1.98  0.58
- - - TadiCodec-AR (Wang et al., 202 4B 100k | 2.2 . RN S0
entangle latents and limit generative capacity. Lo = [0V 1,0) — sewo @@ 6,2 (5) adiCodec-AR (Wang et al., 2025¢) 00 8 0.65 . ';
_ _ Model vy ‘ t Model vg F5-TTS (Chen et al., 2024) 0.3B 100k 2.00 0.67 @ st
Contributions Lo = Law = Aneg Lrep ZipVoice (Zhu et al., 2025) 0.1IB 100k | 170  0.69 ERCEE
1. Representation Generation (ReGen) £ L8+ Avegen (ML, 4 £55L ) CosyVoice2 (Du et al., 2024b) 0.5B 166k | 257  0.65
- M regen GFM GFM 1 - -
- Reframes representation alignment as representation generation within a single diffusion . ’ CosyVoice3-RL (Du et al., 2025) 0.5B 1.6 0.69
Transformer X Adversarial Post-Training VibeVoice (Peng et al., 2025) [.5B - 3.04 0.68
: : : : 1 : NP NT : VibeVoice-RT (Peng et al., 2025) 0.5B - 2.05 0.63
- To improve audio fidelity, the pre-trained ’
2. Hierarchical Multi-prompting | | TMPTOVE atifio TIEEHLY, The Pre-rainet VoxCPM-Emilia (Zhou etal., 2025) | 0.6B 100k | 234  0.68
- Uses semantic, acoustic, and waveform prompts to guide raw waveform generation Noise1 Noise 2 ReGen is further fine-tuned with adversarial RGeS B ok | 204 oS
. . cUcn voiCe- . . . .
] ] ] ] ] L e —— MPD MS_STFTD MS_SB_CQTD) Combined . * * *
- Adds a velocity-space repulsive loss to prevent multiple stochastic paths from collapsing into ( oo ’ ReGenVoice 0.5B 0.5k 1.46 0.64
one averaged flow <Conceptual visualization of GFM> with multi-scale STFT losses. ReGenVoice 0.5B 40k 1.62 0.70
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