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Abstract. Tokenizers are a key component of state-of-the-art generative
image models, extracting the most important features from the signal
while reducing data dimension and redundancy. Most current image
tokenizers are based on KL-regularized variational autoencoders (KL-
VAE), trained with reconstruction, perceptual and adversarial losses.
Diffusion decoders have been proposed as a more principled alternative
to model the distribution over images conditioned on the latent. However,
matching the performance of KL-VAE still required adversarial losses,
as well as a higher decoding time due to iterative sampling. To address
these limitations, we introduce a new pixel diffusion decoder architecture
for improved scaling and training stability, benefiting from transformer
components and GAN-free training. We use distillation to replicate the
performance of the diffusion decoder in an efficient single-step decoder.
This makes SSDD the first GAN-free single-step diffusion decoder to
reach state-of-the-art continuous tokenization, with higher reconstruction
quality and faster sampling than KL-VAE. In particular, SSDD improves
reconstruction FID from 0.87 to 0.46 with 1.4x higher throughput and
preserves generation quality of DiTs with 3.8 faster sampling. As such,
SSDD can be used as a drop-in replacement for KL-VAE, and for building
higher-quality and faster generative models.

Keywords: Image tokenization - Diffusion models - Image reconstruction
- Generative models

1 Introduction

Current state-of-the-art image generation models, whether they are based on
diffusion [63], flow matching [21] or autoregressive modeling [22,79], rely on
tokenizers as a key component to reduce the high-dimensional visual signal to
compact latent representations. This allows for efficient training and inference of
these models in the latent space, before decoding the generated latent representa-
tions back to the original signal representation in pixel-space. Beyond efficiency,
tokenization has also been shown to improve generative performance [22,63].
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Fig. 1: Left: Decoding speed-quality Pareto-front for different state-of-the-art f8c4
feedforward and diffusion decoders. Right: Zoomed-in patches from reconstructions
obained with KL-VAE and our SSDD tokenizer with similar throughput. Bottom:
High-level overview of our SSDD decoder. First we train a multi-step decoder, generating
diverse high-quality samples, and then distill it into a single-step decoder. Both multi-

step and distilled single-step decoders can generate diverse decodings of a given latent z
by using the input noise ¢ to sample from the distribution over images given the latent.

Distillation
3 z —> SSDD

Single-step

The quality and compression ratio of the tokenizer directly affect the generative
quality of latent models. Image tokenization models either produce discrete to-
kens —directly compatible with, e.g., discrete text models such as LLMs—, or
continuous tokens —which can be modeled with methods such as diffusion and
flow matching. In this work we focus on continuous tokenization, as used in most
state-of-the-art models for images and videos.

For generative modeling, tokenizers are usually trained as autoencoders. They
use an encoder F : x — z to compress an image x € R3*H#>*W into a latent
representation z € REX 7% %, where f is the spatial downsampling factor and c is
the channel dimension of the latent. The decoder D : z — & recovers an estimate
Z of the original signal . As the encoding process is lossy when using typical
configurations with 3f2 > ¢, the decoding process can be seen as a generative
task conditioned on the latent representation z = E(x). Reconstruction quality
can be quantified in different ways:

1. Distortion: expressed as E, A(x, &), where & = D(E(z)), and A is a measure
of the distortion between the original and reconstructed images. Distortion
can be quantified by low-level similarity metrics such as MSE, MAE, PSNR
and SSIM, or by high-level metrics based on features found in trained deep
neural networks, such as LPIPS [93] and DreamSim [23].
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2. Distribution shift: expressed as d(P,, P;), with d being a measure of the
divergence between the original and reconstructed image distributions. Metrics
commonly used to evaluate distribution shift of generative models include
Fréchet Inception Distance (FID) [27], as well as Density and Coverage [51].

As shown by Blau and Michaeli [8], there exists a fundamental trade-off between
these two different notions of reconstruction quality (referred to as Distortion and
Perception in [8]) when the signal is compressed sufficiently. While Distortion can
be minimized by a deterministic decoder, Distribution shift is optimized using a
generative decoder. See Appendix A for more detail and an illustrative example.

Common tokenizers such as the KL-VAE [63] are trained using an L1 re-
construction loss, LPIPS [93], and a GAN discriminator [25], with an added
KL-regularization on the latent space. L1 and LPIPS losses directly optimize
for distortion, while the GAN loss aims to decrease distribution shift. However,
the diversity of these deterministic decoders, which affects the distribution shift,
is limited by the expressivity of the latent z. In particular, for a given image x
and its encoding z = E(z) there is only a single decoding possible. Additionally,
stable scaling of GAN losses is non-trivial [9]. Diffusion auto-encoders [17,94] have
recently been proposed as an alternative to directly model the conditional data
distribution and optimizing for distributional shift. Diffusion decoders naturally
model the distribution of missing signal from the latents [7], by being able to
sample multiple decodings for a given latent, allowing higher compression ratios
and focusing the task of latent modeling on higher-level features. While these
models have shown improved reconstruction and generation results at a given
model size, they still suffer from (i) slow sampling, due to the iterative denoising
process and (ii) the reliance on a GAN loss to achieve state-of-the-art results.

In this paper we introduce SSDD, a new diffusion autoencoder that overcomes
the limitations of previous diffusion decoders. In particular, we propose an efficient
and scalable alternative to the simple convolutional U-Net architectures for
diffusion decoders, based on the U-ViT [32,33] and achieve superior results at all
tested model scales. We experimentally analyze the key design choices to train
our model, which is the first GAN-free single-step diffusion decoder to reach
state-of-the-art continuous tokenization, improving the scaling and stability of
the training without any diverging runs across model scales. To avoid multiple
denoising steps while decoding, we propose a single-step distillation method for
SSDD with minimal quality impact. See Figure 1 for an illustration of the SSDD
decoder training and sample results.

Taken together, our contributions make SSDD both the highest quality
and fastest diffusion decoder, surpassing KL-VAE and previous diffusion auto-
encoders on quality and reconstruction speed at the same downsampling factor.
In the {8c4 setting (8x downsampling, 4 latent channels) our smallest SSDD-S
improves reconstruction FID over KL-VAE from 0.87 to 0.46 with 1.4x higher
decoding throughput. At matched throughput, SSDD-B reaches 0.42 rFID. At
matched parameter count, SSDD-M reaches 0.39 rFID. As our architecture differs
substantially from KL-VAE, decoding time is the most meaningful efficiency
metric, and SSDD improves on all fronts. By leveraging an SSDD auto-encoder
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with higher compression rate (f16c4), we increase the DiT sampling speed of
latents by 3.8 while preserving sample quality when decoded using our model.

2 Related work

Image tokenizers. Tokenization is the first stage in state-of-the-art generative
image models. Tokenizers for diffusion models compress images into continuous
low-dimension representations [57,63], using a convolutional autoencoder [28]
trained with L1, KL, LPIPS [93] and GAN [25] losses, which we refer to as
KL-VAE. Discrete autoencoders are used as tokenizers for discrete autoregres-
sive modeling [11, 22,54, 62, 76, 87, 88], replacing the KL regularization with
quantization. Advances have been made on multiple aspects of those models, in-
cluding efficiency [65], semantic alignment [84], architecture and training [13,82],
spatial downsampling [15], quantization methods [35, 39, 50, 89, 96], and 1D-
tokenization [14,91]. However, most tokenizers rely on deterministic decoders
optimized for image-to-image distortion, but may be suboptimal in terms of
distribution shift [8].

Diffusion decoders. Diffusion decoders [34,44,56,61,71], usually based on
U-Net models [64], are trained using a diffusion loss. They have been applied in a
compression setting [7,10,31,83] in place or in addition to deterministic decoders
to improve quality by modeling the distribution of realistic reconstructions. Some
variants also use diffusion decoders as an additional stage within a KL-VAE [4,58],
further compressing the encoding space. Recent work has shown that these models
are scalable and easy to train when only using the diffusion loss [17], and, at
the cost of adding additional LPIPS and GAN losses, can be competitive to
similarly-sized VAEs [6,68,94]. Diffusion decoders still suffer from slow multi-step
sampling and the reliance on hard-to-scale adversarial training [9]. Our work
aims to alleviate these limitations.

Diffusion and flow image modeling. Diffusion and flow matching models
estimate the reverse process of a forward process that interpolates between data
and pure Gaussian noise [29, 74, 75]. They were first shown by [20] to outperform
previous methods such as GANs [25] and VAEs [37]. Diffusion models, often
operating in a compressed latent space for efficiency [63], underlie current state-
of-the-art models for text-to-image [5,53,59,63], image-to-image [66], and video
generation [1,24,26,60]. Ongoing research efforts aim to improve various aspects
of these models, including training, sampling speed and model architecture |16,
36,38,52,57]. In particular, flow matching [2,43,45] reformulates the diffusion
as a velocity field estimation between noise and data, yielding improvements
and faster sampling in generative image models [21]. Pixel-space diffusion has
seen progress with new training architectural improvements [18,32,33]. As an
alternative to diffusion, autoregressive models have seen fast development both
for discrete and continuous modeling [11,22,41,54,78,79,90]. Recent approaches
have also been mixing both methods to improve generation [12,40,77,97]. Our
work leverages continuous flow matching for generative modeling in pixel space.



SSDD: Single-Step Diffusion Decoder for Efficient Image Tokenization 5

t Conditioning
= . Di &
Timestep € [0; 1 D: Diffusion decoder Denoising
Noisy input target & — ¢

B ., E . Upscale & ey
3 Encoder concat o SNEe
o Latents ™~~~ ESCMNGSS
Input o

Y { \ ‘[ v § ) [ A2 e
| Flow-matching | Perceptual loss' | 1-step
| A .
| loss | REAALES (LPips) ! 4 prediction &},

Fig. 2: Training of SSDD tokenizer. Input image x¢ is mapped to latents z by the
(possibly frozen) encoder E. Noise € ~ N(0,1) is sampled and added to zo to form the
noisy input z;. The decoder D learns to denoise z; conditioned on denoising time ¢ (via
AdaNorm) and latent z (by using it as input to the decoder and AdaNorm layers). The
model is trained with flow-matching generative loss, REPA features alignment loss, and
LPIPS perceptual loss.

U-Net Middle U-Net
encoder transformer decoder

Few-step inference. The main drawback of diffusion models is the iterative
inference process which requires multiple, often several tens or hundreds, forward
passes through the model. To address this, few- or single-step sampling methods
have been developed, through distillation or trajectory alignment. Consistency
models [48,72,73] distill pre-trained diffusion model capabilities into new few-step
tailored generator models. Other methods fine-tune the diffusion model using a
teacher-student setup for fast sampling [46,47,49,67,85,86,95]. We leverage this
approach and study its impact on decoding performance of our models.

3 Single-step diffusion decoder method

We introduce here the main components of our method SSDD combining several
key innovations to make diffusion decoders both efficient and practical. First, we
introduce a hybrid U-Net—transformer architecture that leverages convolutional
inductive biases while scaling effectively with transformer blocks (Section 3.1). Sec-
ond, we propose a GAN-free training scheme based on flow matching, perceptual
alignment, and feature regularization, ensuring stable training without adversar-
ial losses (Section 3.2). Third, we design a single-step distillation process that
transfers the behavior of multi-step diffusion to a fast one-step decoder, achieving
both quality and speed (Section 3.3). Finally, we show that SSDD can operate
with shared encoders, enabling compatibility with existing VAEs and reducing
training costs (Section 3.4). Together, these components make SSDD the first
diffusion decoder optimized for single-step reconstruction, without compromising
generative performance.

3.1 A scalable pixel-space diffusion decoder architecture

Existing pixel-space diffusion decoders use the convolutional U-Net architec-
ture [94] that was found to be successful in early pixel-space diffusion models [20].
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Transformer architectures, however, have proven to be more effective and scalable
for latent modeling [57]. We aim to combine the strengths of convolutional U-Nets
to model features in pixel-space with the generative capabilities of diffusion trans-
formers. We base our architecture on the U-ViT [32] with several modifications.
See Figure 2 for an overview.

U-Net with latent transformer. Based on the U-ViT architecture, we
modify a U-Net |20, 64| using four levels of two convolutional ResNet blocks and
three convolution downsampling / upsampling layers by removing all attention
layers and replacing the middle attention block by a transformer operating on
tokens representing 8 x 8 pixel patches. Each transformer block uses the GEGLU
activation function [70], a 4x multiplicative factor for the hidden MLP dimension,
and multi-head attention [80].

Time and position embedding. We embed time using adaptive group-
normalization (AdaGN) [20] as the second normalization layer in ResNet blocks.
To enforce a local inductive bias, we learn a relative positional embedding
table [69] for each self-attention layer, with visual tokens only attending to tokens
up to a distance of 8 on the width and height axes. This results in a fixed 17x17
attention window and relative positional embedding table.

Conditioning. Following DiTo [17] and e-VAE [94], we condition our model by
upsampling the latent feature grid z from (e, ?, %) to (¢, H,W), and concate-
nating it with the noised image along the channel dimension in our model. As our
model is relatively deep and narrow compared to prior work, we improve condi-
tioning by adding a second mechanism using adaptive normalization. We replace
the first GroupNorm of ResNet blocks with AdaGN, and the first LayerNorm of
transformer blocks by AdaLN [57].

Scaling. To study a wide range of decoding capacities, we scale our diffusion
decoders from 13.4M (SSDD-S) to 153.8M parameters (SSDD-XL) by increasing
the number of channels and of transformer layers. For most of our experiments
we consider SSDD-M (48M parameters), which has a similar size as the convolu-
tional decoder of KL-VAE [63] (47.2M parameters). More details about model
parametrization can be found in Appendix B.

3.2 GAN-free training

Flow matching. We train our model using the optimal transport flow-matching
loss [43] with o, = 0. Specifically, we use x; = (1 — t)x + te, and our decoder
D(x¢t, 2) is trained to predict the velocity field v = 2 — ¢ with the L2 loss. This
defines our main training loss Lry =|| 2 — & — D(m4]t, 2) ||?. Following [21], we
sample t during training using the logit-normal distribution [3] with location
m = 0 and scale s = 1.

Perceptual and regularization losses. As noted by [17], perceptual loss is
important to guide the generation toward perceptually correct areas. We therefore
add the LPIPS [93] loss Lypips = LPIPS(z, &), with &g = x; + tD(x4t, ) the
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single-step prediction of xg from z; and z. As the middle part of our model
acts as an implicit latent-space diffusion transformer, we further stabilize and
accelerate our training by adding the REPA loss [92], denoted as Lrrpa. We use
DINOv2-B [55] reference features for REPA, which are aligned with the tokens
extracted from the 4th layer of our transformer, through a 2-layer MLP. The
FM loss trains the decoder to predict the clean image trajectory, while LPTPS
aligns perceptual features and REPA stabilizes transformer representations. We
combine them in our final loss as £ = Ly + ALpipsLLpips + AREpA LREPA, With
)\LPIPS = 0.5 and )\REPA = 0.25.

Multi-scale adaptation. While autoencoders have been observed to generalize
to higher resolutions than the one used for training [65], best performance is
often reached when training or fine-tuning at specific higher target resolutions.
To alleviate the need of training from scratch at multiple resolutions and reduce
the required training compute, we use a two-stage training method, based on
the procedure from [65]. During the first stage, we train a model on 128 x 128
crops. We additionally reduce the divergence between the features distribution
of the training and fine-tuning images by adding random resizing to the data
augmentation, from which we extract a 128 x 128 crop. During the second and
third stages, we fine-tune and distill the first-stage weights at the target resolution
(either 128 x 128 or 256 x 256). Given the increased cost of training at higher
resolutions, we use the second model (optimized for 256 x 256) to evaluate on
larger images (e.g. 512 x 512 or 1024 x 1024), which we observe to generalize
sufficiently well.

3.3 Single-step diffusion decoder method

A key limitation of diffusion decoders is their iterative nature, which limits
throughput in downstream generative models. We propose to align the behavior
of a multi-step diffusion decoder with the one of a single-step generator, without
sacrificing quality.

Sampling behavior and non-straight velocity dynamics. We first analyze
the effect of the number of sampling steps N. As previously observed by [94],
reconstruction quality is non-monotonic: we find that one-step denoising yields
the best low-level distortion metrics (e.g., PSNR), while perceptual metrics (such
as LPIPS and rFID) improve up to an intermediate number of steps before
degrading. See Appendix C for corresponding experimental results quantifying
these effects.

This behavior is rooted in the interaction between the flow-matching objective
and the LPIPS loss. Let xg be the original image, v = zy — € the true velocity,
and o = D(x4, z) the predicted velocity. We define the composite reconstruction
loss as

,C)\(ZA/|V) = HZA/ — Z/H2 + )\L(jo,xo),
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where L is the LPIPS loss and &y = x; +t0. The gradient of this loss with respect
to I is:

Violy=2(0—v)+ MVL (1)
= 20— (v — gw)) 2)

N At
= V,;ﬁo(u|v - fVL) (3)

This reveals that optimizing £ is equivalent to learning a velocity field v — %VL,
which is no longer straight: (VyL)L(Z0,x0) is not necessarily aligned with v,
and its impact increases with the noise level t. Consequently, LPTPS-regularized
Flow-Matching decoders learn non-straight trajectories that shift during training.
While this hinders denoising with many steps, it provides a “sweet spot” for high-
quality, few-step reconstruction. We discuss this behavior further in Appendix C.
As we target diversity and quality for generative applications over reconstruction
fidelity, we start with large denoising steps before adding a few denoising steps
to refine details.

We adopt the scheduler from [68], yielding the timesteps schedule ¢; =
(B=EL)? with p = 2 and N = 8 steps for all our SSDD models, to balance
realism (low distributional shift) and fidelity (low distortion).

One-step sampling behavior alignment by distillation. To address the
key limitations of diffusion decoders, i.e. their slow multi-step inference process,
we align the behavior of a single-step generation with that of multi-step through a
lightweight distillation strategy. Specifically, we use a frozen copy of our decoder
D, as a teacher to produce multi-step reconstructions Zef, and fine-tune the
student decoder D to reproduce this behavior in a single step. Unlike [47] that
solely rely on an L2 regression loss, we preserve the full training objective
during distillation, with flow-matching and LPIPS terms being computed against
teacher outputs. Each iteration, we sample z ~ E(x), € ~ N(0;1), Tyt =
Samplegeps— v (Dret; €5 2)-

We fine-tune D using t=1, the same z,¢ values and the altered loss £t
with LI =|| 2,0¢ — & — D(w4lt, 2) ||? and LIS = LPIPS(z, #0). This allows
the distilled decoder to mimic the perceptual and generative properties of the
teacher, while operating in a single step and thus achieving much higher efficiency.
To our knowledge, this is the first work showing that the behavior of multi-step
diffusion decoders can be aligned to a single-step generator without a strong
quality drop, making SSDD directly usable in generative pipelines.

3.4 Shared encoders

As our focus is on the decoder design, we use the standard KL-regularized convo-
lutional design from [63] for the encoder. We refer to encoders by their patch size
f controlling the spatial downsampling, and output channel dimension c. Unless
specified otherwise, we use the f8c4 encoder in our experiments — compressing
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RGB image patches of size 8 X8 into 4 channels, achieving a compression factor
of 8 x 8 x 3/4 =48.

Shared encoder. Previous works exploring diffusion autoencoders train a
specific encoder with each decoder. While in principle this allows to reach
optimal results, it creates a distinct latent space associated with each encoder. In
particular, this requires training a separate generative diffusion model associated
with each model. Despite the encoder performance being dependent on the image
resolution, we find that we can train a near-optimal multi-resolution encoder
with a simple procedure. We train an encoder together with a SSDD-M decoder,
benefiting from multi-scale data augmentation, learning to encode features at
different resolutions. We then freeze this encoder and use it to train decoders
with a different number of parameters. Unless specified otherwise, our decoders
all rely on a single shared encoder for each combination of downsampling factor
(f) and channel count (c).

Pretrained encoders. SSDD can also be directly trained to decode images
from any existing encoder mapping an input image to a grid-shaped latent
representation. in additional experiments in Appendix D we explore this using
various pretrained encoders, including KL-VAE [63], DiTo [17], and DC-AE [15].

4 Experimental validation

4.1 Experimental setup

We train and evaluate SSDD models of various sizes from SSDD-S to SSDD-H on
ImageNet-1k [19], and consider generalization of results to COCO [42]. For details
on model parametrization and training, see Appendix B. We use SSDD™Y) to refer
to models using N sampling steps, and plain SSDD for single-step distilled models.

Evaluation. We evaluate the quality of our models on the 50k images of the
ImageNet evaluation set. For reconstruction, we assess the distribution shift
using the reconstruction Fréchet Inception Distance (rFID) [27]. We additionally
evaluate the following distortion metrics: PSNR and SSIM [81] for low-level
similarity, and LPIPS [93] and DreamSim [23] as high-level perceptual metrics.
To evaluate the impact of our model on generation quality, we train Diffusion
Transformer models [57] on ImageNet-1k at 256 x 256 resolution using the original
model configuration. Following [57], we train DiT-XL/2 models for 400k steps and
evaluate the generation FID (gFID) without classifier-free guidance (CFG) [30]
or, if specified, with a CFG of 1.375. We evaluate the throughput on a single H200
GPU, using the torch-compiled model for 1,000 iterations and a batch size of 128.

Baselines. We evaluate our model against the standard KL-VAE from [63]
trained on ImageNet, and the commonly-used stronger performing ft-EMA
VAE [57], which we refer to as SD-VAE. We also include LiteVAE [65] and
VA-VAE [84], and compare against existing diffusion decoders D1To [17] and
e-VAE [94]. We evaluate the publicly-available weights of SD-VAE (f8c4) and
the KL-VAE (f8c4, f16¢16, £32¢64), and reproduce DITO training from their
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Table 1: Comparison with state-of-the-art models on ImageNet 256 x 256.
Using a downsampling factor f of 8 or 16, and ¢c=4 or ¢=16 latent channels. For each
metric, we highlight the first and second best results. #D: decoder parameter count. N:
number of decoding steps. T: numbers reported from original papers. 1: SD-VAE is the
ft-EMA fine-tuned variant of KL-VAE on a larger dataset [57].

|Method #D| N Ims./sec.|rFID| LPIPS| DreamSim| PSNR{ SSIM?1
SD-VAE* 47.2M| 1 707| 0.69 0.061 0.042 25.52 0.78
KL-VAE [63] 47.2M| 1 705| 0.87 0.065 0.046 24.11 0.75
LiteVAE [63]" 53.3M| 1 707| 0.87 - - 26.02  0.74
e-VAE (B, 1-step) [94]F 20.6M| 1 526| 0.57 - - - -
e-VAE (M) [94] 49.3M| 3 134] 0.47 - - 27.65  0.84
¥|e-VAE (H) [94]t 355.6M| 3 33| 0.38 - - 29.49 0.85
&|D1To-XL-LPIPS [17] 592.2M |50 1| 1.06 0.077 0.055 23.53 0.72
Consistency decoder [6]T  625.1M| 2 23| 0.80 0.065 0.044 23.71 0.73
SSDD-S 13.4M| 1 1027| 0.46 0.060 0.039 24.08 0.74
SSDD-B 20.2M| 1 689| 0.42 0.058 0.036 24.18 0.75
SSDD-M 48.0M| 1 357| 0.39 0.055 0.034 24.38 0.75
SSDD-L 85.2M| 1 302| 0.36 0.053 0.032 24.49 0.76
SSDD-XL 153.8M| 1 215| 0.35 0.052 0.031 24.60 0.76
KL-VAE [63] 36.4M| 1 1196| 0.82 0.066 0.048 23.88 0.74
VA-VAE [é‘%"1]7L 39.5M| 1 1178| 0.55 0.132 - 26.10 0.72
©|FlowMo (continuous) [68]F -125 -| 0.65 0.054 - 26.61  0.791
g SSDD-S 13.4M| 1 985| 0.45 0.061 0.038 23.75 0.73
I SSDD-B 20.2M| 1 686| 0.41 0.059 0.035 23.86 0.73
SSDD-M 48.0M| 1 368| 0.40 0.056 0.033 24.08 0.74
SSDD-L 85.2M| 1 315| 0.34 0.053 0.030 24.20 0.74
SSDD-XL 153.8M| 1 213| 0.36 0.052 0.030 24.31 0.75
KL-VAE [63] 36.4M| 1 1176| 2.93 - - 20.57 0.66
e-VAE (M) [94] 49.3M| 3 134] 1.91 - - 21.27  0.69
<|e-VAE (H) [04]" 355.6M| 3 33| 1.35 - - 22.60 0.71
8 SSDD-S 13.4M| 1 951| 2.29 0.186 0.121 15.59 0.45
Z|SSDD-B 20.2M| 1 663| 1.77 0.177 0.111 16.06 0.46
SSDD-M 48.0M| 1 360| 1.23 0.161 0.096 17.13 0.49
SSDD-L 85.2M| 1 305( 0.96 0.155 0.089 17.26 0.50
SSDD-XL 153.8M| 1 216| 0.89 0.148 0.083 17.72 0.51

codebase. For other baselines, we use available published results by lack of public
code or weights.

4.2 Image reconstruction and generation

Fast image reconstruction. We compare reconstruction quality of our SSDD
models against other baselines in Table 1 using three encoder configurations. All
methods use the same encoder architecture, and we use single-step distilled models
for SSDD. Our method outperforms all existing in terms of rFID, LPIPS and
DreamSim, across all encoder configurations, using smaller models and a single
sampling step. We also benefit from a significant throughput increase compared to
multi-step models, while maintaining high reconstruction quality. In particular, for
the f8c4 encoder configuration, our SSDD-S model outperforms all single-step
decoding methods both in speed and perceptual quality, including single-
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step sampling from e-VAE. Scaling the number of parameters to 345.9M, our
SSDD-H obtains similar or better rFID compared to e-VAE-H, while benefiting
from a 3x increase in decoding speed. In Figure 1 we compare deterministic and
generative reconstruction methods in a speed-rFID plot, showing that SSDD is
Pareto optimal across the board.

Switching to f16c16 and f16c4 encoders, the standard KL-VAE decoders are
deeper and narrower, reducing their parameter count with an associated drop in
quality. Since our models keep similar size and speed across the different encoder
configurations, SSDD consistently outperforms existing baselines with a higher
compression ratio (f16c4), while maintaining similarly high throughput. Using
these deeper encoders, the gap of performance between deterministic and diffusion
decoders widens. This reveals the impact of generative-focused reconstruction for
heavily compressed representations. We also observe an increased gap in sam-
ple quality between smaller and larger models, associated with their respective
modeling capacity. Larger models bring larger quality gains, as the conditional
image distribution modeling task complexity increases. Small models (SSDD-S)
lack those generation capabilities, but achieve fast, high-quality reconstruction
at lower compression rates. SSDD-M strikes a balance by achieving good re-
construction quality at all scales with a parameter count similar to standard
KL-VAE models.

While SSDD improves over prior state-of-the-art autoencoders in terms of
rFID, LPIPS and DreamSim, it yields somewhat worse results in terms of low-
level distortion metrics (SSIM, PSNR). We believe, however, that these metrics
are not representative for the perceived reconstruction quality — as illustrated
in the qualitative examples in Figure 1, Figure S6, Figure S7 and Figure SH —
and should be de-emphasized for evaluation of generation-oriented decoders.

Scaling across model and image size. We scale the input resolution from
128 to 512 and model size from S to H in Table 2, using the f8c4 encoder
configuration. Our SSDD models use single-step distilled decoders fine-tuned at
either 128 x 128 (evaluations at 128), or 256 x 256 (evaluations at 256 and 512).
Overall, SSDD yields significantly better results than existing baselines, even
with smaller models, in particular at 128 and 512 resolution.

Impact of spatial downsampling. We conduct evaluations of reconstruction
quality on both SSDD and KL-VAE across encoders with different spatial
downsampling rates, but using the same total latent space size. In particular,
we consider three settings where f?/c = 16. In Figure 3 we show reconstruction
quality as a function of the downsampling factor. We also visualize reconstructions
at the lowest and highest spatial downsampling factors in Figure 3, and for more
examples in Figures S6 and S7. For SSDD we observe a modest decrease in
quality when increasing f, whereas KL-VAE suffers from a severe degradation
in performance for the f = 32 setting. This confirms that SSDD architecture
functions well for varying levels of spatial downsampling with limited effect on
resulting reconstructions.
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Table 2: Scaling of models and image resolution on ImageNet. All models use
an f8c4 encoder. SSDD instances use the same shared encoder and are distilled into
single-step decoders. Decoder with similar parameters count are shown highlighted with
the same color. Evaluations at 512 x 512 or higher resolution are conducted using the
same model as for 256 x 256.

Method 4D 128 x 128 256 X 256 512512 1024 x 1024
rFID| LPIPS||rFID| LPIPS||rFID| LPIPS||rFID| LPIPS|
KL-VAE 47.2M - - 0.87 0.065 0.29 0.064 0.20 0.059
e-VAE (B) 20.6M| 1.94 = 0.52 = 0.61 = = =
e-VAE (M) 49.3M| 1.58 = 0.47 = 0.53 5 = =
e-VAE (L) 89.0M| 1.47 - 0.45 - 0.41 - - -
e-VAE (XL) 140.6M| 1.34 - 0.43 - 0.39 - - -
e-VAE (H) 355.6M 1 - 0.38 - 0.35 - - -
DiTo-XL + LPIPS 592.2M - - 1.06 0.077 0.28 0.080 0.15 0.086
Consistency decoder 625.1M - - 0.80 0.065 0.30 0.066 0.15 0.061
SSDD-S 13.4M| 1.89 0.061 0.46 0.060 0.28 0.062 0.16 0.064
SSDD-B 20.2M| 1.48 0.059 0.42 0.058 0.22 0.060 0.13 0.058
SSDD-M 48.0M| 1.04 0.056 0.39 0.055 0.20 0.057 0.12 0.055
SSDD-L 85.2M| 0.88 0.054 0.36 0.053 0.19 0.055 0.11 0.053
SSDD-XL 153.8M| 0.81 0.052 | 0.35 0.052 | 0.20 0.053 | 0.11 0.051
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Fig. 3: Evolution of rFID and qualitative comparison when increasing spatial
downsampling. Evaluated on ImageNet 256 x 256 with a constant compression ratio
by adjusting c. Images patches are high-frequency features extracted from a larger
256 x 256 image.

Application on image generation. We conduct image generation experiments
by training DiT-XL models [57] on ImageNet 256x256. In Table 3 we report results
in terms of rFID and generation speed. We observe that the increased generative
capabilities of the SSDD decoders results in higher sample quality across all
setting compared to KL-VAE and Di1To, with and without CFG. While our
smallest model SSDD-S outperforms all baselines, larger decoders progressively
increase the image quality at all encoder configurations. Additionally, we show
that SSDD can significantly increase the throughput for similar generation quality.
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Table 3: Evaluation of autoencoders on image generation on ImageNet
256 x 256. Generation speed in images/second includes sampling the DiT-XL/2 model
as well as pixel decoding.

Autoencoder No CFG With CFG
gFID| Images/s‘gFIDi Images/s
KL-VAE [63] 19.71 7.05| 7.63 3.54
DiTo-XL-LPIPS [17]| 22.47 0.87| 10.83 0.77
<«|SSDD-S 17.77 7.07| 8.02 3.55
g‘é’ SSDD-B 17.46 7.05| 7.85 3.54
SSDD-M 17.03 6.98| 7.63 3.52
SSDD-L 16.86 6.96| 7.48 3.52
SSDD-XL 16.79 6.89| 7.46 3.50 3.8x
SSDD-S 20.28 27.55| 9.83 13.98
¥|SSDD-B 18.89 27.20| 8.98 13.89
©[SSDD-M 17.24 26.29|  7.99 13.65
&|SSDD-L 16.27 25.95| 7.34 13.55
SSDD-XL 16.08 25.04| 7.12 13.30
KL-VAE [63] 31.96 27.79| 26.42 14.04
©|SSDD-S 25.84 27.57| 20.51 13.98
5|SSDD-B 25.59 27.24| 20.28 13.90
©SSDD-M 25.20 26.34| 19.91 13.66
“|SSDD-L 25.03 26.02| 19.74 13.57
SSDD-XL 25.01 25.07| 19.68 13.31

Using a f16c4 encoder, the image is compressed into a 4x smaller embedding
compared to the f8c4 setting. Using a larger decoder (SSDD-L) with DiT-XL/2,
we can generate images 3.8 faster than with the same DiT based on KL-VAE
with an f8c4 encoder, with no loss in quality both with and without CFG.

Ablation of our decoder design choices. In Table 4, we evaluate the impact
of each of our design choices. We start from a DIT0-S model as a baseline: we
reproduce the DITO architecture from [17], and reduce the base channel number
to 64, yielding a 48.3M parameters (similar to SSDD-M) decoder with an {8c¢4
encoder, which we refer to as DIT0-S. We train this model on 128 x 128 images,
using the same optimizer and parameters as SSDD. We then progressively add
components of our method. Each one improves the generative capabilities of the
model (rFID), with some increasing the image-to-image distortion. In particular,
our improved architecture and its regularization with the REPA loss bring the
most improvements of 1.16 and 0.44 rFID respectively. Using a KL-encoder
instead of the layer norm of [17] has a positive impact on performance, and allows
us to use a standard encoder as commonly used to train generative models [21,57].
It focuses our work around the decoder component, without requiring specific
properties from the encoder. Additionally, the use of a shared encoder (Section 3.4)
and shared pre-training (stage 1 in Section 3.2), which improve training efficiency,
do not hurt performance. Finally, only the distillation has a slight but negative
impact on rFID, but brings the model from 8-steps to 1-step sampling. To
demonstrate that we can achieve optimal results with a GAN-free method, we
also evaluate the impact of adding a GAN loss. We follow the parametrization of
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Table 4: Ablation of design choices starting from D1To as baseline. We indicate
the number N of sampling steps used for each model, directly affecting decoding speed.

Ablation |[rFID| PSNRt DreamSim| |N
D1To-S-LPIPS (#D=48.3M) 3.17 23.10 0.107 24
| + SSDD-M decoder (#D=48.0M) 2.01 -1.16 23.38 +0.28 0.060 -0.048 |24
| + REPA loss 1.58 -0.44 22.82 -0.56 0.104 10.045|24
| + replace z-norm by KL 1.32 -0.26 23.02 +0.20 0.098 -0.006 |24
| 4+ logit-normal sampling 1.30 -0.02 23.13 +0.11 0.101 +0.003|16
| + t-spacing sampler 1.25 -0.05 23.43 +0.30 0.097 -0.004 |8
| + EMA 1.17 -0.08 23.38 -0.05 0.097 8
| 4+ shared encoder (§) 1.07 -0.10 23.58 +0.20 0.090 +0.030| 8
| + shared pre-training (SSDD®-M)|[0.97 -0.10 23.04 -0.54 0.087 -0.003 | 8
| + distillation (SSDD-M) 1.04 +0.07 23.28 +0.24 0.084 -0.002 | 1
(§) + GAN loss |1.07 23.58 0.089 -0.001 | 8

the adversarial denoising trajectory matching from [94], and use it in combination
with the setup where we added the shared encoder, shown three lines above
and indicated by §. We do not observe any significant impact on rFID and
other metrics. A more detailed analysis of the impact of the GAN is included in
Appendix E. We further isolate the contribution of each ablation component into
essential, standard-recipe and pipeline-only groups in Appendix D, and report
additional ablations on the GAN loss applied to the distilled single-step model
and on L2-only distillation in Appendix D (Table S5). Appendix D additionally
compares our two-stage pipeline to single-stage MeanFlow training.

Evaluation on COCO images. To assess the generalization of our model to
other sets of natural images, we follow [94] by evaluating SSDD and comparable
baselines on the 5k images from the COCO-2017 evaluation set [42]. Results are
reported in Table 5. We observe that SSDD generalizes better than existing
baselines. In particular, SSDD-B yields better reconstruction than e-VAE (H),
while it was only surpassed by SSDD-L and SSDD-XL on ImageNet in Table 2.
This shows that, despite a relatively small size and high decoding speed, our
models provide high reconstruction fidelity at various model scales and data.

5 Conclusion

We introduce SSDD, a diffusion autoencoder that leverages flow-matching,
perceptual alignment and REPA regularization to reach state-of-the-art recon-
struction and high generation quality without relying on adversarial training.
Through a lightweight distillation strategy, we show that multi-step diffusion
behavior can be compressed into a single-step decoder, yielding up to 10x faster
decoding than e-VAE (H) at similar rFID. On ImageNet, SSDD consistently
outperforms KL-VAE and recent diffusion decoders across reconstruction (rFID,
LPIPS, DreamSim) and downstream generation (gFID with DiT), with par-
ticularly strong gains under high-compression settings. These results establish
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Table 5: Generalization of auto-encoders to new datasets. All models use an
f8c4 encoder and are trained at 256 x 256 resolution on ImageNet, except for the

consistency decoder. Evaluation conducted on the COCO-2017 5K validation set.

COCO 256x256|/COCO 512x512

Method #D| FID| LPIPS, |rFID| LPIPS|
KL-VAE [63] 47.2M| 4.65  0.063 | 2.68  0.064
e-VAE (M) [94] 49.3M| 3.98 - - -
e-VAE (H) [94] 355.6M| 3.65 -

DiTo-XL + LPIPS [17] 592.2M| 5.95 0.076 2.93 0.079
Consistency decoder [6] 625.1M| 4.53 0.063 2.65 0.065

SSDD-S 13.4M| 3.77  0.059 | 2.51  0.062
SSDD-B 20.2M| 3.62  0.057 | 234  0.059
SSDD-M 48.0M| 3.41  0.054 | 2.24  0.056
SSDD-L 85.2M| 3.29  0.052 | 2.15  0.054
SSDD-XL 153.8M| 3.25 0.050 | 2.13 0.053

SSDD as the first GAN-free single-step diffusion decoder to reach state-of-the-art
continuous tokenization, combining speed, stability, and generative fidelity, and

providing a scalable foundation for future large-scale generative modeling.
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