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Background

 Confines diffusion model training to a fixed latent space
* Interact between AE & LDM

« REPAI'T align early-layer features of DIT with clean image

features from pre-trained vision encoders

[11Yu S, Kwak S, Jang H, et al. Representation alignment for generation: Training diffusion transformers is easier than you think. (ICLR 25) 4



Improving the Diffusability of Autoencoders

Insights
« High-frequen

cy noise in AE

« Scale equivariance: a simple regularization
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[1] Skorokhodov I, Girish S, Hu B, et al. Improving the diffusability of autoencoders[J]. (arXiv)
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Blockwise 2D DCT
« Autoencoder is different from RGB

* Bigger channel has higher frequencies
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[1] Skorokhodov I, Girish S, Hu B, et al. Improving the diffusability of autoencoders[J]. (arXiv) 6
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Spectral Analysis
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[1] Skorokhodov |, Girish S, Hu B, et al. Improving the diffusability of autoencoders[J]. (arXiv)
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Figure 6. Denoising trajectories (steps 1, 16, 32, 128 and 256 out
of 256) for DiT-XL trained with FluxAE (top) and FluxAE+SE.
DiT-XL with vanilla FluxAE exhibits prominent high-frequency
artifacts early on in the trajectory.
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Improving the Diffusability of Autoencoders

Scale Equivariance Regularization
« x2 — 4 bilinear downsampling x

« Removes high-frequency & remain low-frequency

L(x) = d(x,Dec(z)) + ad(z,Dec(z)) + BLkL

[1] Skorokhodov I, Girish S, Hu B, et al. Improving the diffusability of autoencoders[J]. (arXiv) 8



EQ-VAE

Insights

 Lack semantic-preserving in AE

» Equivariance Regularization: a simple regularization

SD-VAE

+0Ours

SDXL-VAE

+Ours
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[1] Kouzelis T, Kakogeorgiou I, Gidaris S, et al. EQ-VAE: Equivariance Regularized Latent Space for Improved Generative Image Modeling. (arXiv)

™



EQ-VAE

Semantic-preserving

« Spatial Transformation TOoX

» Equivariance E(rox)=T0&(X)

ﬁexplicit(x) — ||T © 5(X) - 5(7- @ X)H%

[1] Kouzelis T, Kakogeorgiou I, Gidaris S, et al. EQ-VAE: Equivariance Regularized Latent Space for Improved Generative Image Modeling. (arXiv) 10
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Equivariance Regularization
LEQ-VAE (x.7T) = Laep (TOX, D (Tog(x)) ) i

)\ganzga'n, (D (’TOE(X))) 5 )\regﬁ'reg

SD-VAE OQurs

D{E(rox)) Direé(x)) Plrok(x))

Input Image x

[1] Kouzelis T, Kakogeorgiou I, Gidaris S, et al. EQ-VAE: Equivariance Regularized Latent Space for Improved Generative Image Modeling. (arXiv) 11



VA-VAE

Motivation
« Uneven distribution of potential features in AE

« Contradiction between reconstruction and generation

Tokenizer fled16 f16d32 fl6do4
Specification

Latent . .1;-1
Distribution . ;
Reconstruction rFID=0.49 rFID=0.29 rFID=0.18
better reconstruction
_ gFID=20.3 gFID=28.7 gFID=45 8
Generation .
worse generation

[1] Yao J, Yang B, Wang X. Reconstruction vs. generation: Taming optimization dilemma in latent diffusion models.(CVPR 25) 12
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Vision Foundation model alignment loss

reconstruction loss
GAN loss

3
decoder Vision Foundation
Models (piNov2, MAE ...)

KL loss — UHG
VF Loss (Ours)

high-dimensional @ high reconstruction quality

visual tokens

s} Genmera : ap—irrriled

/ encoder () generation friendly

[1] Yao J, Yang B, Wang X. Reconstruction vs. generation: Taming optimization dilemma in latent diffusion models.(CVPR 25) 13
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Marginal Cosine Similarity Loss

 Image latents Z & foundational visual representations F

5 =W
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1 ij * Jis

B = ReLU | 1 —my i
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[1] Yao J, Yang B, Wang X. Reconstruction vs. generation: Taming optimization dilemma in latent diffusion models.(CVPR 25) 14



VA-VAE

Marginal Distance Matrix Similarity Loss

 Reduce relative distribution distance
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[1] Yao J, Yang B, Wang X. Reconstruction vs. generation: Taming optimization dilemma in latent diffusion models.(CVPR 25) 15
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Adaptive Weighting

* Ensuring similar impacts on model optimization

IV Liec||
|V Lyt

Wadaptive —

Evf — Whyper * wadaptive([-"mcos T Emdms)

[1] Yao J, Yang B, Wang X. Reconstruction vs. generation: Taming optimization dilemma in latent diffusion models.(CVPR 25) 16






Motivation

 Recent works fintune the VAE to improve the equivariance
» Jointly tune both VAE and LDM in an end-to-end manner

 End-to-end training can lead to increased performance

18
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Naive End-to-End Tuning is Ineffective

. RGB  SDVAE E2Ewith  E2E with
« Simpler latent-space w/0E2E REPALoss Diff. Loss

Training Strategy  Spatial Variance Total Variation

w/o E2E Tuning 17.06 6627.35
E2E w/ REPA Loss 18.02 5516.14
E2E w/ Diff. Loss 0.02 89.80

» Reduced generation performance

(a) PCA Visualization of Latent Spaces

19
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CKNNA scores
* High CKNNA, better generation -

\@ ® SiTXL/2 + REPA|
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@
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Representation Alignment Score (CKNNA)

(b) Correlation: gFID & CKNNA Score
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Representation Alignment is Bottlenecked by VAE

* Frozen VAE has limitation

Q3 7
& 0.4 -
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Z
w4
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0.3 1
== SiT-XL + REPA-E
0.2 - == SiT-XL + REPA

20k 50k 100k 150k 250k 400k
Training steps

(¢) E2E tuning with REPA improves CKNNA Score
21
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Batch-Norm Layer for VAE Latent Normalization

From precomputed latent statistics(1/ 0.1825 for SD-VAE) to

* A new batch-norm layer SiT Block

S1'T Block

SiT Block

Diftusion L.oss

Si'T Block

Si'T Block

Stop-Grad
[B 1t(,h\0rm]

<E-X<

SSO 111._111[111‘{”\:’

VAE
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End-to-End Representation-Alignment Loss

* DiT hidden state gets projection

N
1 [n]
LrepA(0,d,w) = —Ex ¢+ ﬁ Z sim(y™, b, (h; ))

il

 Overall Training

ﬁ(ﬁj c;‘}, w) = ﬁDIFF(Q) it )\ﬁREPA (9: ‘?—51 W) vy TIER.EG(‘;b)

)\REPAQ = 0.5 AREPAE. —

23






Experiments
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Significantly improve generation performance and

training speed

(== = End-to-end SiT|

90 =COm Vanilla SiT

)
o
N 1 L1

=== REPA-E (ours)

gFID-50K
(N
o

__45x faster

17x faster

Training steps
25



Experiments

Significantly improve generation performance and

training speed
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Method Tokenizer Epochs gFID| sFID| ISt
Without End-to-End Tuning

MaskDiT [55] 1600 5.69 10.34 177.9
DiT [34] 1400 0.62 6.85 121.5
SiT [30] S-YAE 1400 8.61 632 131.7
FasterDiT [50] 400 7.91 545 1313
20 1940 6.06 674

- 40 11.10 6.06 674
el SD-VAE g5 790 506 1226
800 5.90 579 1HTx

With End-to-End Tuning (Ours)

20 12.83 5.04  88.8
REPA-E SD-VAE* 40 T17 439 123.7

80 4.07 4.60

161.8

26
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Significantly improve generation performance and

training speed

Training Iteration

v

REPA + SiTXL/2

REPA-E

REPA + SiTXL/2

REPA-E
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Experiments

REPA-E generalize across variations
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Method Tokenizer Epochs gFID| sFID| ISt
Without End-to-End Tuning

MaskDiT [55] 1600 5.69 10.34 177.9
DiT [34] 1400 9.62 6.85 121.5
SiT [30] SD-VAE - 1400 861 632 1317
FasterDiT [50] 400 7.91 345 1313
20 1940 6.06 674

i 40 11.10 6.06 674
s L SD-VAE 20 790 506 1226
800 5.90 XT3 15758

With End-to-End Tuning (Ours)

20 12.83 504  88.8
REPA-E SD-VAE* 40 7 i 439 123.7
80 4.07 460 161.8

28




Experiments

REPA-E generalize across variations

AR »
NELE P

s PEKING UNIVERSITY

Target Repr. gFID| sFID] ISt Prec.{ Rec.t
Diff. Model gFID| sFID| ISt Prec.t Rect I-JEPA-H[Z] 23.0 581 603 062  0.60
SIT-B (130M) 405 I 0.59 +REPA-E (Ours) 16.5 518 73.6 0.68 0.60
+REPA-E (Ours) 34.8 631 391 0.57 0.59 CLIP-L [37] 29.2 598 464 0.59 0.61
SiT-L (458M) 24.1 625 557 0.6 0.60 +REPA-E (Ours) 234 6.44 57.1 0.62 0.60
+REPA-E (Ours) 16.3 5,69 75.0 0.68 0.60 DINOV2-B [33] 4.1 6.25 557 0.62 0.60

SiT-XL (675M) 19.4 6.06 674 0.64 0.61 +REPA-E (Ours) 16.3 5.69 75.0 0.68 0.60

*REPA-E Ours) 128 504 888 071 038  prvova-L33] 233 580 599 061  0.60

+REPA-E (Ours) 16.0 559 777 0.68 0.58

29



Experiments

NIELE T

PEKING UNIVERSITY

REPA-E generalize across variations

Autoencoder gFID| sFID| ISt Prec.t Rec.f Aln. Depth egFID| sFID| IST Prec.T Rec.?
SD-VAE [39] 24.1 6.25 557 0.62 0.60 6th layer 23.0 572 592 0.62 0.60
+REPA-E (Ours) 16.3 569 75.0 0.68 0.60 +REPA-E (Ours) 16.4 6.64 743  0.67 0.59
IN-VAE (f16d32) 227 547 56.0 0.62 0.62 8th layer 24.1 625 557 062 0.60
+REPA-E (Ours) 12.7 557 84.0 0.69 0.62 +REPA-E (Ours) 16.3 569 75.0 0.68 0.60
VA-VAE [49] 12.8 6.47 838 0.71 0.58 10th layer 23.7 5.91 569 0.62 0.60

+REPA-E (Ours) 11.1 531 88.8  0.72 0.61 +REPA-E (Ours) 16.2 522 747  0.68 0.58

30
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REPA-E generalize across variations

Method gFID| sFID]| ISt Prec.T Rec.]
100K Iterations (20 Epochs)
REPA [53] 1940 6.06 674 064 0.61
Component gFID| sFID| IS?T Prec. Rec.t REPA-E (scratch) 14.12 787 835 070 0.59

REPA-E (VAE init.) 1283 5.04 888 0.71 0.58
w/o stopgrad 444.1 4603 149 0.00 0.00

w/o batch-norm 18.1 532 724 067 0.59 200K Iterations (40 Epochs)

w/o LrEG 192 647 652 064 058  poy gy 1110 505 1004 069 0.64

REEAE O SR VRN REpA F (scratch) 754 617 1204 074 061
REPA-E (VAE init) 7.17 439 1237 074 0.62

400K Iterations (80 Epochs)

REPA [53] 7.90 506 1226 0.70 0.65
REPA-E (scratch) 4.34 444 1543 0.75 0.63
REPA-E (VAE init.) 4.07 460 161.8 0.76 0.62
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Experiments

Different VAE Architectures

— QOver-smoothed —

— Noisy (Hi-Freq) —

The impact of end-to-end tuning

+REPA-E

VA-VAE

+REPA-E

IN-VAE

+REPA-E

SD-VAE

RGB

IN-VAE VA-VAE

SDXL-VAE

SD-VAE

RGB
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Experiments

The impact of end-to-end tuning

VAE Diffusion model REPA gFID-50K
SD-VAE [39] DiT-XL [34] X 19.82
VA-VAE [49] DiT-XL [34] X 6.74
E2E-VAE (Ours)  DiT-XL [34] X 6.75
SD-VAE [39] SiT-XL [30] X 17.20
VA-VAE [49] SiT-XL [30] X 593
E2E-VAE (Ours)  SiT-XL [30] X 5.26
SD-VAE [39] DiT-XL [34] v 12.29
VA-VAE [49] DiT-XL [34] v 4.71
E2E-VAE (Ours) DiT-XL [34] v 4.20
SD-VAE [39] SiT-XL [30] v 7.90
VA-VAE [49] SiT-XL [30] v 4.88
E2E-VAE (Ours) SiT-XL [30] v 3.46

NELF T

508 PEKING UNIVERSITY
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Experiments

The impact of end-to-end tuning
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Tokenizer | Method | ’IIZ‘ram;lng | — | rFID| | Generation w/o CFG | Generation w/ CFG
| Bl | | gFID| sFID| IST Prec.t Rec.t | gFID| sFID| ISt Prec.t Rec.t
AutoRegressive (AR)
MaskGiT MaskGIT [4] 555 227M 228 | 6.18 - 1821 080  0.51 - ] ] ] -
VQGAN LlamaGen [45] 300 3.1B 059 | 938 824 1129 069 067 | 218 597 2633 081 058
VQVAE VAR [46] 350 2.0B : - - - : ; 1.80 - 3654 083 057
LFQ tokenizers | MagViT-v2 [51] 1080 307M 1.50 | 3.65 - 2005 2 ’ 1.78 - 3194 : ;
LDM MAR [28] 800 945M 053 | 235 ~ 2278 079 062 | 155 - 3037 081 062
Latent Diffusion Models (LDM)
MaskDiT [55] 1600 675M 5690 1034 1779 074 060 | 228 567 2766 080  0.61
DiT [34] 1400 675M 9.62 685 1215 067 067 | 227 460 2782 083  0.57
S SiT [30] 1400 675M 06l | 861 632 1317 068 067 | 206 450 2703 082 059
= FasterDiT [50] 400 675M ! 791 545 1313 067 0.69 | 203 463 2640 081  0.60
MDT [12] 1300 675M 623 523 1430 071 065 | 179 457 2830 081 0.6l
MDTv2 [13] 1080 675M - - ; a - 1.58 452 3147 079  0.65
Representation Alignment Methods
| o 80 675M 4.29 - - - - - - - - -
ol C A0
Lt e 800 675M 028 | 517 436 2056 077 065 | 135 415 2953 079 065
B 80 675M 790 506 1226 070  0.65 . ; s ; :
Shp ke [33 800 675M 061 1 590 573 1578 070 069 | 142 470 3057 080 065
80 675M 346 417 1598 077 063 | 1.67 412 2663 080  0.63
REENAE(Oues) | REES 800 67sM | 028 | 183 4220 2173 077 066 | 126 411 3149 079  0.66
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