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Training Strategy = Spatial Variance Total Variation Method gFID| sFID| ISt Prec.t Rec.t
w/o E2E Tuning 17.06 6627.35 REPA + SiT-L 222 568 583 074 0.60

E2E w/ REPA Loss 18.02 5516.14 REPA-E + SiT-L.  12.8 4.60 906 0.79 0.61

E2E w/ Diff. Loss 0.02 89.80

Table 9. Impact of Naive End-to-End Training with Diffusion
Loss. We report total variation [40] and mean variance along each
VAE latent channel for three training settings: 1) Standard LDM
training (w/o end-to-end (E2E) tuning), 2) Naive E2E tuning with
Diffusion loss, 3) E2E tuning with REPA loss [52]. All experi-
ments use SDVAE for VAE initialization. We observe that using
diffusion loss for end-to-end tuning encourages learning a sim-
pler latent space with lower variance along the spatial dimensions
(Fig. 3a). The simpler latent space is easier for denoising objective
(8§3.1), but degrages final generation performance (Fig. 1). All re-
sults are reported at 400K iterations with SiT-XL/2 [30] as LDM.

A. Impact of Diffusion Loss on Latent Space

We analyze the effect of naively using diffusion loss for
end-to-end tuning, focusing on how it alters the latent
space structure. All experiments here use SD-VAE for to-
kenizer initialization and SiT-XL/2 [30] as the latent diffu-
sion model, trained for 400K iterations without classifier-
free guidance. We report two metrics to quantify latent
structure, 1) Spatial Variance, computed as the mean per-
channel variance across spatial dimensions, and 2) Total
Variation [40], which captures local spatial differences in
the latent map.

As shown in Tab. 9 and Fig. 3, directly backpropagating
the diffusion loss leads to reduced spatial variance, which
creates an easier denoising problem by hacking the latent
space but leads to reduced image generation performance.
In contrast, end-to-end training with REPA-E not only leads
to improved generation performance but also improves the
latent space structure for the underlying VAE ( Fig. 3, 5).

B. Additional Analysis

Method ‘ ¢FID | sFID | ISt Prec.tT Rec.t

REPA + E2E-Diffusion| 444.1 4603 149 0.00 0.00
REPA + E2E-LSGM 989 507 1075 0.72 0.61
REPA-E (Ours) 4.07 4.60 1618 0.76 0.62

Table 10. Comparison with LSGM Objective. REPA-E shows
better generation performance and convergence speed.

Comparison of End-to-End Training Objectives. We
provide additional results comparing different objectives for
end-to-end training of VAE and LDM. Specifically, we eval-

Table 11. Scaling REPA-E to Higher Resolution. System-level
results on ImageNet-512 with 64 x 64 latents using SiT-L at 100K
steps without classifier-free guidance. We observe that REPA-E
leads to signficant performance improvements over vanilla-REPA
[52] even at high resolutions.

Sampler |  ODE, NFE=50 SDE, NFE=250
FID VA-VAE  E2E-VAE VA-VAE  E2E-VAE
g 543 5.02 557 4.97

Table 12. Generalization to T2I Tasks. FID results on MSCOCO
text-to-image generation using MMDIT + REPA. We find that end-
to-end tuned VAEs (E2E-VAE) also generalizes to T2I tasks show-
ing improved generation performance.

uate: 1) naive E2E training by backpropagating diffusion
loss to VAE encoder, 2) the LSGM entropy-regularized ob-
jective [46], 3) our proposed REPA-E. All methods are
trained with SiT-XL for 400K steps under consistent set-
tings.

The LSGM objective prevents feature collapse by max-
imizing entropy of the latent space. However, as shown
in Tab. 10, our REPA-E formulation yields better perfor-
mance across all metrics at just 400K steps, with signifi-
cantly faster convergence and stronger generation quality.

Scaling REPA-E to Higher Latent Resolution. We
conduct experiments on ImageNet-512 [6] to evaluate the
performance of REPA-E under higher-resolution latent set-
tings (64 x 64). We use SD-VAE [39] as the tokenizer and
SiT-L as the diffusion model, trained for 100K steps and we
report the performance without classifier-free guidance. As
shown in Tab. 11, our approach yields significant improve-
ments in generation quality compared to REPA.

MSCOCO Text-to-Image Generation with E2E-VAE.
To further evaluate the utility of the tuned VAE beyond Ima-
geNet, we assess its performance in a text-to-image genera-
tion (T2I) setting on MSCOCO [28]. Following REPA [52],
we adopt MMDIT [10] as the diffusion backbone and ap-
ply REPA loss across all variants. All models are trained
for 100K steps and evaluated using classifier-free guidance
with acrs = 2.0 and EMA weights during inference. We
report generation FID, and observe that replacing VA-VAE
with our E2E-VAE consistently improves downstream text-
to-image generation quality (Tab. 12).



Figure 6. Qualitative Results on Imagenet 256 x 256 using E2E-VAE and SiT-XL. We use a classifier-free guidance scale a.crg = 4.0.

Tokenizer | Method | ’]IE‘ramlllng | #params | YFID| | Generation w/o CFG | Generation w/ CFG
| | poches | | | gFID, sFID| IST Prec.t Rec.t |gFID| sFID, ISt Prec.t Rec.t
AutoRegressive (AR)
MaskGiT MaskGIT [4] 555 2207M | 228 | 6.18 - 1821 080 0.1 } - - - -
VQGAN LlamaGen [44] 300 3.1B 059 | 938 824 1129 069 067 | 218 597 2633 081 058
VQVAE VAR [45] 350 2.0B - - - - - - 1.80 - 3654 083 057
LFQ tokenizers | MagViT-v2 [50] 1080 307M | 150 | 3.65 - 2005 - - 178 - 3194 - -
LDM MAR [27] 800 945M | 053 | 235 - 2278 079 062 | 155 o 3037 081 062
Latent Diffusion Models (LDM)
MaskDiT [54] 1600 675M 569 1034 1779 074 060 | 228 567 2766 080 0.6l
DiT [34] 1400 675M 962 685 1215 067 067 | 227 460 2782 083 057
SD-VAE [35] SiT [30] 1400 675M | (o | 861 632 1317 068 067 | 206 450 2703 082 059
: FasterDiT [49] 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 081 061
MDTv2 [13] 1080 675M - - - - - 158 452 3147 079 065
Representation Alignment Methods
o 80 675M 4.29 - - - - - - - - -
VA-VAE [48] LightmingDiT [48] | g0, eisMm | O | 217 436 2056 077 065 | 135 415 2953 079  0.65
80 675M 790 506 1226 070 065 - - - - -
- 2
SD-VAE REPA [52] 800 ersm | %01 | 500 573 1578 070 069 | 142 470 3057 080 0.5
80 675M 346 417 1598 077 063 | 167 412 2663 080 0.63
E2E-VAE (Qurs) | REPA 800 ersm | "2 | 183 422 2173 077 066 | 126 411 3149 079  0.66

Table 13. System-Level Performance on ImageNet 256 x 256 comparing our end-to-end tuned VAE (E2E-VAE) with other VAEs for
traditional LDM training. We observe that in addition to improving VAE latent space structure (Fig. 5), end-to-end tuning significantly
improves VAE downstream generation performance. Once tuned using REPA-E, the improved VAE can be used as drop-in replacement for
their original counterparts for accelerated generation performance. Overall, our approach helps improve both LDM and VAE performance
— achieving a new state-of-the-art FID of 1.26 and 0.28, respectively for LDM generation and VAE reconstruction performance.
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