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MEFEMERRE

r\E AY . :
M 158X Hgﬁfg’ DIT + VAE _§§E',EE|9H % Table 1. Zero-shot TTS results on the LibriSpeech-PC test-clean.
The best results in the low-resource setting are marked in bold.
2. VAE W!'J EXT_I' ﬁ (ill] VA-VAE, Semantic- VAE) High-resource results are quoted from the F5-TTS for comparison.
o TEAEINIFMESINGBIES, BaRIsEIRIM Methiod vhaen Dag WER(G)L SN
Ground Truth 223 0.69

o B VAE SUIBEMBREEHEBSTHT oo TR T

High-resource

o MR KETAREMMIRE, sBIXIR CosyVoice [37] 300M  170kh 3.59 0.66
FireRedTTS [38] 580M  248kh 2.69 0.47
E2 TTS [15] 333M  100kh 2.95 0.69
F5-TTS [9] 336M  100kh 2.42 0.66
_____________ Low-resource
USLM [25] 36IM  0.6kh 6.11 0.43
Reconstruction with E2 TTS [15] 157M  0.6kh 3.51 0.61
Discriminator Loss + Semantic-VAE ~ 157M  0.6kh 2.31 0.62
...|”||"||| “"""" |..| ||.."”|| F5-TTS [9] 159M  0.6kh 793 0.60
+ Vanilla VAE 159M  0.6kh 2.65 0.60

+ Semantic-VAE 159M 0.6kh 1.95 0.64
Decoder

Table 3. Effect of different SSL. models, layer, and alignment meth-

ods on zero-shot TTS performance on LibriSpeech-PC test-clean.
KL élolrs)s _____ )[ Ahgn iE ] “Avg.” = average of all layers; “Last” = final layer output.

Align method Layer WER (%) SIMtT UTMOS?t

Semanhc Baseline : 2.65 0.59 4.42
Reglllarlzatlon Loss - - |_‘I’_ - _f (_:v )—l ————————— 3—15 - - - Y) 4_1?_ - - —3 59— =
Encoder & ’ WavIM 4-3? 0-48 4-16
Pre- tramed ] || T f(m)||2 23rd ; : ;
SSL Model — cos(®n, f(z)) 2.10 0.64 4.39
A
||||”|||||||”||||||||||||||‘||||||”|I ——————————— : SSL Models ~ Layer ~WER(%)] SIMt UTMOST
s oie) 2.28 0.63 438
HuBERT Last 2.33 0.50 4.41
Avg 2.29 0.61 4.39
23 2.10 0.64 4.39
WavLM Last 2.62 0.58 4.34
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VTP vs RAE: § B4 XTEL

RAE A ESFE

RAE E3ZERTMI)IZR DINOV2 $FAEMAERR, 1)II4RI8 1T pixel decoder EE, ZRTEEEMIEE, RBESE

Scalability 3Lt (48[ DiT JIZREZE, 80 epochs w/o guidance)

Tokenizer RAE VTP

Small 3.50 5.46
Base 4.28 3.88
Large 6.09 2.81

Table 3 | Scalability comparison. Light-
ningDiT gFID| at 80 epochs (w/o guid-
ance) with identical DiT training. We take
RAEFE’s results from its original paper.

VTP B9ZCML S

o VTP X BEEEBN - REANEAT
o RAE f#iEISMIIZK pixel decoder — {5 2L K

e VTP BINIEM scaling, RAE TEXIERA4REIR LY
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2% BE. ImageNet 256x256 Generation

VTP fZIDMETT
e Reconstruction: rFID = 0.36
e Understanding:
o Zero-shot Acc = 78.2%, Linear Probe = 85.7%
Convergence (80 epochs, w/o guidance)
o VTP gFID =2.62, Ki&i&iEk REPA (7.90), RAE (4.28)
e VTP-1B: gFID = 2.03, #Bifd VA-VAE (4.29)
Long Period Training (w/ guidance)
e VTP:gFID =1.11 (SOTA), 600 epochs

e 4. 1x FERULEL: 80 epochs iAZE| 2.03, Fo&FH guidance tricks

Q&5 Visual Tokenizer B9F4%, SCI SOTA 458

Tokenizer Gen Model . Generation w/o guidance Generation w/ guidance
Method P
Zero-, Linear, ey
1FID| ShotT Probe gFID| IST Prec.] Rec.? gFID| IST Prec.] Rec.]
Perception or Unified Tokenizer Baselines
SigLIP (Zhai et al., 2023) 80.5 -
MAE (He et al., 2022) % 85.9
DINOv2 (Oquab et al., 2023) - - 86.7
VILA-U (Wu et al., 2024) 1.80 733 - - - - - - - - - -
UniTok (Ma et al., 2025) 041 7038 1.4B 251 2167 0.82 057 277 2275 0.81 0.57
Convergence Efficiency
REPA (Yu et al., 2024) 0.61 675M 80 7.90 122.6 0.70 0.65 - - - -
DDT (Wang et al., 2025) 0.61 675M 80 6.62 1352 0.69 0.67 152 2637 0.78 0.63
VA-VAE (Yao et al., 2025) 0.28 675M 80 4.29 = N = N - - =
REPA-E (Leng et al., 2025) 0.28 - 675M 80 3.46 159.8 0.77 0.63 1.67 2663 0.80 0.63
RAE (Zheng et al., 2025) 0.57 845 675M 80 4.28 - - - - - - -
RAE (Zheng et al., 2025) 0.57 84.5 835M 80 2.16 2148 0.82 0.59
VTP (Ours) 0.36 78.2 85.7 675M 80 2.62 197.8 0.79 0.62 1.44 2382 0.80 0.63
VTP (Ours) 0.36 782 Bt 1.0B 80 2.03 2194 0.80 0.62 - - - -
Long Period Training

DiT (Peebles and Xie, 2023) 675M 1400 9.62 121.5 0.67 067 227 2782 0.83 0.57
SiT (Ma et al., 2024) - 675M 1400 8.61 131.7 0.68 0.67 2.06 2703 0.82 0.59
VA-VAE (Yao et al., 2025) 0.28 675M 800 217 2056 077 065 135 2953 0.79 0.65
REPA (Yu et al., 2024) 0.61 675M 800 5.78 1583 0.70 0.68 1.29 3063 0.79 0.64
DDT (Wang et al., 2025) 0.61 675M 400 6.27 1547 0.68 0.69 126 310.6 0.79 0.65
REPA-E (Leng et al., 2025) 0.28 - 675M 800 1.70 217.3 0.77 0.66 1.15 3040 0.79 0.66
RAE (Zheng et al., 2025) 0.57 84.5 676M 800 187 209.7 0.80 0.63 141 3094 080 0.63
RAE’ (Zheng et al., 2025) 0.57 84.5 83%M 800 1.51 2429 079 063 113 2626 0.78 0.67
VTP (Ours) 0.36 78.2 85.7 675M 600 1.85 2323 0.79 063 111 2795 0.79 0.67
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https://github.com/MiniMax-AI/VTP
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REPA: Representation Alignment for Generation: Training Diffusion Transformers Is Easier Than You Think — 2410.06940

VA-VAE: Reconstruction vs. Generation: Taming Optimization Dilemma in Latent Diffusion Models — 2501.01423
RAE (RAE-DiT): Diffusion Transformers with Representation Autoencoders — 2510.11690
GAE: Geometric Autoencoder for Diffusion Models — 2603.10365

RAE-AR: Taming Autoregressive Models with Representation Autoencoders — 2604.01545
REPA-E: Unlocking VAE for End-to-End Tuning with Latent Diffusion Transformers — 2504.10483
UNITE: End-to-End Training for Unified Tokenization and Latent Denoising — 2603.22283

GigaTok: Scaling Visual Tokenizers to 3 Billion Parameters for Autoregressive Image Generation — 2504.08736

iFID: Making Reconstruction FID Predictive of Diffusion Generation FID — 2603.05630
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10. Semantic-VAE: Semantic-Alignment Latent Representation for Better Speech Synthesis — 2509.22167
11. Distill Loss: On the Distillation Loss Functions of Speech VAE — 2604.12383

12. AG-REPA: Causal Layer Selection for Representation Alignment in Audio Flow Matching — 2603.01006

13. ReaLS: Exploring Representation-Aligned Latent Space for Better Generation — 2502.00359
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