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Abstract

Efficient image tokenization with high compression ratios
remains a critical challenge for training generative models.
We present SoftVQ-VAE, a continuous image tokenizer that
leverages soft categorical posteriors to aggregate multiple
codewords into each latent token, substantially increasing
the representation capacity of the latent space. When ap-
plied to Transformer-based architectures, our approach com-
presses 256 x256 and 512x 512 images using as few as 32 or
64 I-dimensional tokens. Not only does SoftVQ-VAE show
consistent and high-quality reconstruction, more importantly,
it also achieves state-of-the-art and significantly faster image
generation results across different denoising-based genera-
tive models. Remarkably, SoftVQ-VAE improves inference
throughput by up to 18x for generating 256 x256 images
and 55x for 512x512 images while achieving competitive
FID scores of 1.78 and 2.21 for SiT-XL. It also improves the
training efficiency of the generative models by reducing the
number of training iterations by 2.3x while maintaining com-
parable performance. With its fully-differentiable design and
semantic-rich latent space, our experiment demonstrates that
SoftVQ-VAE achieves efficient tokenization without compro-
mising generation quality, paving the way for more efficient
generative models. Code and model are released '.

1. Introduction

Denoising-based generative modeling has witnessed remark-
able progress with recent advances, such as Diffusion Trans-
formers (DiT) [80], Scalable Interpolant Transformers (SiT)
[72], and Masked Auto-Regressive models with diffusion
loss (MAR) [60], to name a few. Denosing-based generative
modeling not only presents impressive generation results
on a wide range of modality, including natural language
[32, 122], images [16, 25, 69, 83, 88], videos [6, 8, 42], and
audios [24, 81], but also shows potential to unify the un-
derstanding and generation capabilities across modalities in
multi-modal language models [107, 109, 110, 123].
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A core component of denoising-based generative models
is the tokenizer [23, 38, 51, 56, 84, 104, 112, 117], which
compresses the raw data of each modality into a set of latent
tokens in either a discrete or continuous latent space. The
compact latent space therefore allows for more efficient and
better generative modeling [88]. Among previous efforts,
Kullback—Leibler Variational Auto-Encoders (KL-VAE) [51]
and Vector Quantized Variational Auto-Encoders (VQ-VAE)
[23, 84, 104] stand out as representatives of tokenizers which
introduce continuous and discrete latent spaces, respectively.
The former constrains the latent space with a Gaussian dis-
tribution using re-parametrization [51] trick, and the latter
makes its latent space a categorical discrete distribution with
a codebook of finite vocabulary which requires straight-
through estimation [7].

Although both KL-VAE and VQ-VAE (and their variants)
have been predominantly adopted in many generative models
[10, 80, 88, 98, 123], they still present two major challenges
restricting the efficiency and effectiveness of generative mod-
eling: (1) the difficulty of achieving a higher compres-
sion ratio [13] and (2) the worse discriminative represen-
tations in their latent space than other self-supervised
methods [14, 35, 109, 116]. The efficiency of downstream
generative models, particularly Transformer-based architec-
tures [105], is fundamentally constrained by their quadratic
complexity to the number of latent tokens. Current image
tokenizers [23, 88, 96] typically compress 256 x256 images
to at least 256 tokens and 512x512 images to at least 1024
tokens, creating a significant computational bottleneck for
both training and inference of generative models [60, 72, 80].
Many efforts have been made to reduce the number of la-
tent tokens on the generative model side, such as merging
[62, 72, 80], pooling [58, 61, 94], and others [12, 63, 70].
More studies have recently emerged to fundamentally re-
duce the token number of the tokenizer [11, 30, 62, 115].
For example, TiTok [115] uses 128 tokens, achieving gener-
ation results comparable to 256 tokens by adding one extra
decoder. DC-AE [1 1] compresses the initial 1024 tokens of
512x512 with 256 tokens. However, further increasing the
compression ratio results in a significant degradation in the
quality of reconstruction and therefore the generation [11].
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Figure 1. ImageNet-1K 256 x256 and 512x 512 generation results of generative models trained on SoftVQ-VAE with 32 and 64 tokens.

Beyond the compression challenge, the quality of the
learned representations of the tokenizer poses another crit-
ical limitation. While latent representations are crucial
for both understanding [31, 109] and generation tasks
[30, 62, 64, 116], current tokenizers usually struggle to cap-
ture more discriminative features. Earlier methods attempted
to advance the training objectives and recipe to improve
the latent space of the tokenizer [14, 19, 23, 34, 124]. Re-
cently, [30, 62, 109, 113, 116, 118, 124] has also explored
the representation alignment of latent tokens. However,
due to the lossy nature [77, 91] of the smoothness con-
straints in KL-VAE and the discrete quantization in VQ-
VAE [13, 27, 38, 126], current tokenizers usually fall short
in learning the semantics of the latent space [109].

To address the aforementioned challenges, we present
SoftVQ-VAE, a simple modification to VQ-VAE that con-
verts it from a discrete tokenizer into a continuous one with
a high compression ratio and a semantic-rich latent space.
Specifically, we propose using a soft categorical posterior in
VAE with a learnable codebook. This straightforward modifi-
cation introduces a crucial capability: instead of the conven-
tional one-to-one mapping between tokens and codewords
in VQ-VAE, our approach enables the adaptive aggregation
of multiple codewords into each latent token, substantially
increasing the representation capacity of the latent space.
We apply SoftVQ-VAE to the Transformer auto-encoder ar-
chitecture [30, 58, 62, 111, 115], and we succeed in using
much fewer 1-dimensional latent tokens (i.e., 32 and 64)
for both the reconstruction and subsequent generation tasks.
Since SoftVQ-VAE is now fully differentiable, it not only
simplifies the learning of the codebook, not requiring the
codebook loss or commit loss as in VQ-VAE [23, 104], but

also enables better representation learning through direct
alignment with pre-trained semantic features using a simple
cosine similarity objective. Our approach generalizes the
K-Means [67] latent space of VQ-VAE to Soft K-Means [22]
and further to Gaussian Mixture Models (GMM) [86], while
maintaining compatibility with existing VQ-VAE techniques
[45, 55,62, 112]. We comprehensively demonstrate the ef-
ficiency and effectiveness of the proposed SoftVQ-VAE in
image reconstruction and generation tasks, and show that:

* SoftVQ-VAE presents more consistent, robust, and high-
quality reconstruction and generation results with various
latent token lengths ranging from 256 to 32.

* SoftVQ-VAE allows diffusion-based DiT [73], flow-based
SiT [72], and autoregressive-based MAR [60] to achieve
state-of-the-art generation results with only 64 and 32
tokens on both the 256 x256, with an FID of 1.78, and
512x512 on ImageNet benchmark, with an FID of 2.21.

* SoftVQ-VAE improves the inference throughput by 18x
and 10x with 32 and 64 tokens to generate 256 x256 im-
ages, and 55x with 64 tokens for generating 512x512
images, with significantly lower GFLOPs for all models.

* SoftVQ-VAE presents a more discriminative latent space
through representation alignment. It also facilitates train-
ing efficiency by significantly improving training through-
put and reduces training iterations by 2.3x.

2. Preliminary
We present an overview of the tokenizers, i.e., KL-VAE [51]

and VQ-VAE [104], and denoising-based generative models,
i.e., DiT [80], SiT [72], and MAR [60], in this section.
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2.1. Image Tokenizer

The architecture of image tokenizer generally resembles auto-
encoders, consisting of two main components: an encoder
£ and a decoder D, parameterized by ¢ and 6, respectively.
Given an input image x € R7*Wx3the encoder & maps
the high-dimensional x to a lower-dimensional latent repre-
sentation z = £(x; ¢). The latent representations can have
varying shapes depending on the encoder architecture. We
generally view the latent representation as a set of latent
tokens z = [zl zl1 ... zlF]] € REXP, where L is the
number of tokens and D is the dimension of the latent repre-
sentation. For basic auto-encoders (AE), the decoder takes
latent tokens as input and reconstructs the original signal
% = D(z;0) by minimizing the reconstruction loss with x.

Variational auto-encoders (VAE) [51] extend the basic
AE by introducing a probabilistic perspective on the latent
space. Specifically, VAE approximates a posterior distri-
bution p(z|x) with a learned distribution g4 (z|x) from the
encoder, assuming that x is generated by the unobserved
latent z with a prior distribution p(z). The decoder instead
takes a set of sampled latent tokens z ~ ¢4(z|x) from the
posterior and aims to learn the marginal likelihood of data in
a generative process by optimizing the evidence lower bound
(ELBO): maxy g By, (z)x) log pa(x|z) — L1a(q4(2]%)|p(2)).
To make the optimization tractable, assumptions have been
made on the prior, leading to different variants of VAE.
KL-VAE [38, 51] parametrizes both the prior and posterior
as Gaussians. The prior p(z) is assumed to be the isotropic
unit Gaussian N'(0, 1). The continuous latent code is param-
eterized with posterior mean p, and variance ai predicted
by the encoder using the “re-parametrization” trick with a
noise variable & from standard Gaussian:

posterior: q(z|x) = N (z; py(x), 05 (x))

latent: z = py(x) + o4(x) ©e, €~ N(0,1) (1)

H: L=~ (1-+log (03(x)) — pg(x)” — 7))

While KL-VAE is widely used in diffusion models, it is
known to have the “posterior-collapse” issue [13]. In addi-
tion, the KL loss weight usually imposes a trade-off between
the quality of reconstruction and the smoothness of its la-
tent space [100], preventing high compression ratio and the
learning of semantics in the latent space of KL-VAE.
VQ-VAE [23, 104], in contrast, generates latent code in a
discrete space by taking the posterior as a K -way determin-
istic categorical distribution against a learnable codebook
C =[cl ... clKl] € REXP with c as the codeword:

1 if k= argmin; ||z — cll||,

osterior: z = k|x) =
p a5 %) {0 otherwise

2

K

latent: z = c®1,  where k = argmin ||z — cl/l||,
J

kl: Lkl = logK

Due to the non-differentiable arg min, a “straight-through”
trick [7] is adopted to approximate the gradient of the en-
coder output z by directly copying gradient from the de-
coder input z. Since the reconstruction objective does not
impose direct gradients on the codebook C, VQ-VAE addi-
tionally uses a codebook loss as ||sg[z] — c||2 to move code-
words toward the encoder output, along with a commit loss
||z—sg[c]||2 to prevent arbitrary growth of codewords, where
sg[-] denotes stop-gradient. The broken gradient hinders high
compression ratio and latent space learning [27, 43].

2.2. Denoising-based Generative Models

Denoising-based generative models synthesize images by
progressively transforming Gaussian noise € ~ N (0, I) into
tokenizer latent codes z through a forward process [41, 92]:

Zi = 4Z + O4E, 3)

where o and o, are a decreasing and increasing function of ¢,
and ¢ € [0, 7] [50]. In this paper, we adopt three approaches
to implementing this denoising process as follows.

DiT [80] is a diffusion-based model with a transformer ar-
chitecture. It formulates the process through a forward-time
stochastic differential equation (SDE), where z, converges
to A(0,1) as ¢t — T. Generation occurs via a reverse-time
SDE [2], with the model trained to predict noise € at ran-
domly sampled timesteps. Due to the long token length
of the tokenizer [96] used in DiT, it has several variants to
merge tokens at the input of the transformer backbone.

SiT [72] instead uses stochastic interpolants [1] and per-
forms denoising via probability flow ordinary differential
equation (PF ODE). The model learns the ODE’s velocity
field [65] by minimizing mean-squared-error (MSE) loss.
This velocity field defines a score function for generation,
analogous to DiT’s reverse-time SDE.

MAR [60] combines diffusion with autoregressive genera-
tion. Unlike DiT and SiT’s parallel denoising of all latent
tokens, MAR adopts an encoder-decoder transformer archi-
tecture [35] that progressively denoises tokens in a “next-set”
autoregressive manner [99], starting from masked tokens,
similar to MaskGIT [10] and MAGE [59].

3. Method

In this section, we present SoftVQ-VAE, a novel 1D continu-
ous tokenizer with a high compression ratio and a semantic-
rich latent space. We first introduce the architecture and the
formulation of SoftVQ-VAE. Then, we show that SoftVQ-
VAE can learn semantics easily by aligning its latent tokens
with pre-trained features via its fully-differentiable property.

3.1. Architecture

We leverage Vision Transformer (ViT) [21, 111] as the ar-
chitecture for the encoder £ and decoder D of SoftVQ-VAE.
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Figure 2. Illustration of SoftVQ-VAE. Left: Transformer encoder-
decoder architecture with image tokens, arbitrary length of latent
tokens, and mask tokens. Right top: fully-differentiable SoftvVQ
illustration. Right bottom: latent space representation alignment.

Architecture

Similarly to Yu et al. [115], instead of using the image fea-
tures as latent, we initialize a set of extra 1D learnable tokens
and use these tokens for reconstruction and subsequent gener-
ation. With the self-attention mechanism, it allows the learn-
able tokens to adaptively aggregate different image tokens
to obtain the latent tokens of SoftVQ, detailed in Sec. 3.2.
Specifically, for the encoder transformer with a patch size
of P, an image x € R¥*Wx3 ig patchified into a sequence
of image tokens x,, € RV*D where N = HVV/P2 and D
represent the token dimension size. We then concatenate a
set of learnable tokens z; € RY*P of length L along with
the image tokens as the input to the encoder, and retain only
the output corresponding to the learnable latent tokens as the
output of our encoder: z = E([X,; 2(]; ®).

For the decoder, we reconstruct images from a sequence
of learnable mask tokens m € RV*P [5, 35], concatenated
with latent tokens: X = D([m; z]; 0). We use a linear layer
at the end of the decoder to regress the pixel values from
the mask tokens. For the image tokens at the encoder input
and mask tokens at the decoder input, we apply 2D absolute
position embeddings and 1D absolute position embedding
for the latent tokens. Adopting more advanced position
embedding techniques, such as RoPE [36, 97], may lead to
better results and is left for future work. This design allows
SoftVQ-VAE to use latent codes of arbitrary length, each
adaptively associated with image tokens, for reconstruction
and subsequent generative modeling, and model images of
various resolutions using the same length of latent codes. An
overview of the model architecture is shown in Fig. 2.

3.2. SoftVQ-VAE

As discussed above, the high compression ratio of both KL-
VAE and VQ-VAE usually results in a significant degradation
of quality in reconstruction and latent space. To overcome
these limitations, we propose SoftVQ-VAE, a simple mod-

ification to VQ-VAE, which maintains the advantages of
learning codewords to capture the data distribution while
bridging it with more representation capacity as a contin-
uous tokenizer. The core idea of SoftVQ-VAE is to allow
each latent code to adaptively aggregate multiple codewords
from the learnable codebook. Consequently, it imposes a soft
categorical distribution on the posterior from the encoder:

z —C
posterior: q¢(z|x) = Softmax <_u>
p

latent: z = q4(2|x)C “)

e L = H(go(2])) — H (Expo 00 (2]x)

where 7 is the temperature parameter controlling the sharp-
ness of the softmax probability and is set to 0.07 by ablation.
The derivation of Ly; is shown in Appendix B.1.

Despite this simple modification, SoftVQ-VAE can sig-
nificantly reduce the latent token length while maintaining a
high quality of the reconstruction and latent space. More im-
portantly, with a soft categorical distribution, SoftVQ-VAE
is fully-differentiable, and thus the encoder and codebook
can be optimized directly from the reconstruction loss (and
other losses). It also allows for easier regularization of var-
ious forms on the latent space that drastically improves its
quality, and less hyper-parameter tuning without codebook
and commit loss [43] in the reduced training objectives.
Interpretation. The posterior and latent space of VQ-VAE
can be interpreted with K-Means [67]. Hence, SoftVQ-
VAE can be viewed as soft K-Means [22], with codewords
as learnable prototypes in the latent space. This latent
space can easily be extended to Gaussian Mixture Mod-
els (GMM) [86], which we refer to as GMMVQ-VAE. In-
stead of using fixed temperature, GMMVQ-VAE predicts
data-dependent weights for the codeword prototypes, i.e.,
Gaussian means, to compute the soft categorical posterior:
q4(z]x) = Softmax(—w(z)||z—C||2). Although prior work
has explored GMM-based VAEs [17, 47], our GMMVQ-
VAE differs by learning discrete prototypes rather than con-
tinuous latent variables. While providing the additional
benefit of interpretable Gaussian components in the latent
space, GMMVQ achieves reconstruction quality and down-
stream generation performance similar to SoftVQ in our
experiments, and thus we mainly adopt the simpler SoftvVQ
throughout this paper. More details are in Appendix B.2.

3.3. Representation Alignment of Latent Space

While the reconstruction quality of tokenizer is important,
learning a high-quality latent space is more crucial for down-
stream denoising-based generative modeling [116]. Sev-
eral recent approaches have explored aligning the latent
code with pre-trained features through a contrastive loss
[30, 62, 109] and initializing the codebook with pre-trained
features [124]. However, imposing effective regularization
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on the latent remains a challenge due to the discrete quanti-
zation of VQ-VAE and the Gaussian constraints in KL-VAE.
Thanks to the fully-differentiable property of SoftVQ-
VAE, we can now directly impose regularization on the la-
tent space. Inspired by the recent work of REPA [116], we
propose aligning the representations of latent codes with
pre-trained vision encoders to facilitate learning the latent
space. Compared to REPA, which aligns the representation
at intermediate layers of downstream generative models, our
method of feature alignment in the tokenizer’s latent space
is equivalent to performing REPA at the input space of gen-
erative models. Specifically, to align the latent code with the
image tokens from a pre-trained vision encoder, we replicate
each latent token by N/L times:
Z, = [z[o],...,z[ S R L 1L ,z[L]], (5)

) )

N/L times N/L times N/L times

and encourage the token-wise similarity with image tokens.
We employ a projector multilayer perceptron (MLP) on top
of the latent tokens to match the pre-trained feature y.:

Latign = % i sim (y,[:” ,MLP (zﬁﬂ)) (6

n=1

This alignment ensures the latent space of SoftVQ-VAE
captures semantically discriminative features that are benefi-
cial for training the downstream generative models, even if it
does not directly translate into improved reconstruction per-
formance from the tokenizer. However, as we will show in
Sec. 4.4, the generation quality of trained generative models
often depends more on the semantic structure of the latent
space than on the tokenizer’s reconstruction capabilities.

3.4. Final Training Objective

The training objective of SoftVQ-VAE combines the recon-
struction loss, perceptual loss [20, 46, 54, 120] and adversar-
ial loss [33, 44] as in VQ [23], and representation alignment:

L= Lrecon + )\lﬁpercep + /\2£adv + )\3£align + )\4£KL7 (7)

where A1, A2, A3, and A4 are hyper-parameters. Neither
codebook nor commit loss as in VQ is needed. The percep-
tual loss Lpercep helps capture high-level perceptual features,
L4y encourages the decoder to generate realistic images
by removing the artifacts from the reconstruction loss only,
Lalign guides the latent space to align with pre-trained fea-
tures, and Ly as the KL divergence term in the ELBO.

4. Experiments

In this section, we validate the efficiency and effectiveness
of SoftVQ-VAE with extensive experiments.

4.1. Experiments Setup

Implementation Details of SoftVQ-VAE. We use the Lla-
maGen codebase [98] to build our SoftVQ-VAE. We instan-
tiate 4 configurations: SoftVQ-S, SoftVQ-B, SoftVQ-BL,
SoftVQ-L, with a total of 45M, 173M, 391M, and 608M
parameters, respectively. Each configuration has variants of
latent codes L = 64 and L = 32. For the representation
alignment, we choose DINOvV2 [79] for the pre-trained fea-
tures, similarly as Yu et al. [116] and Li et al. [62]. To learn
a better semantic latent space, we initialize our encoder from
the pre-trained DINOv2 weights. Alignment with other pre-
trained features is explored in Sec. 4.4. We train the tokeniz-
ers on ImageNet [15] of resolution 256x256 and 512x512
for 250K iterations. Similarly to Tian et al. [99] and Li et al.
[62], we adopted the same frozen DINO-S [9, 79] discrimi-
nator with a similar architecture to StyleGAN [48, 49]. We
use DiffAug [121], consistency regularization [119], and
LeCAM regularization [101] for discriminator training as in
[99]. For the training objective, we set A\; = 1.0, A} = 0.2,
A3 = 0.1, and Ay = 0.01, following previous common
practice. More training details are shown in Appendix C.1.
Implementation Details of Generative Modeling. We se-
lect DiT [80], SiT [57], and MAR [60] for downstream
denoising-based image generation tasks. For DiT and SiT,
we set the patch size of DiT and SiT to 1 and use a 1D ab-
solution position embedding. In our main experiments, we
train DiT-XL and SiT-XL of 675M parameters for 3M steps,
compared to 4M steps in REPA [116] and 7M steps vanilla
version [72, 80]. We strictly follow their original training
setup for other settings. For MAR-H, we train for 500 epochs
and set the maximum learning rate to 2e-4 since a higher
learning rate leads to NAN issues. For other experiments,
we simply train SiT-L of 458M parameters for 400K steps.
More experimental details are provided in Appendix C.2.
Evaluation. We use reconstruction Frechet Inception Dis-
tance (rFID) [37] on ImageNet validation set to evaluate
the tokenizer. To evaluate the performance of generation
tasks, we report generation FID (gFID), Inception Score (IS)
[90], Precision and Recall [52] (in Appendix D.5), with and
without classifier-free guidance (CFG) [40]. We measure the
efficiency of the generative models by GLOPs of the model’s
forward pass on the latent codes of tokenizers, and training
and inference throughput for the models using floating point
32 and a batch size of 64 on a single AMD MI250.

4.2. Main Results

We present the main reconstruction and generation results
on the ImageNet benchmark of resolution 256 x256 and
512x512 in Tab. | and Tab. 2, respectively. We show that
SoftVQ-VAE achieves reconstruction and generation per-
formance (with generative models) comparable to leading
systems with 32 and 64 tokens, while presenting a significant
improvement in both training and inference efficiency.
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Table 1. System-level comparison on ImageNet 256256 conditional generation. We compare with both diffusion-based models and

auto-regressive models with different types of tokenizers. Grey denotes SoftVQ. T indicates results with DPM-Solver and 50 steps.

Throughput w/o CFG w/ CFG
Gen. Model Tok. Model # Tokens | Tok. rFID | | Gflops | (imgs/sec) 1 GFID| ISt | gFID| ISt
Auto-regressive Models
Taming-Trans. [23] vQ 256 7.94 - - 5.20 290.3 -
RQ-Trans. [55] RQ 256 3.20 908.91 7.85 3.80 323.7 -
MaskGIT [10] vQ 256 2.28 - - 6.18 182.1 -
MAGE [59] vQ 256 - - - 6.93 195.8 - -
LlamaGen-3B [98] vQ 256 2.19 781.56 2.90 - - 3.06  279.7
TiTok-S-128 [115] vQ 128 1.61 33.03 6.50 - - 1.97 281.8
MAR-H [60] KL 256 1.22 145.08 0.12 2.35 227.8 1.55 303.7
MAR-H SoftVQ-L 32 0.61 67.93 2.08 3.83 211.2 2.54  273.6
SoftVQ-BL 64 0.65 86.55 0.89 2.81 218.3 1.93 289.4
Diffusion-based Models
LDM-4 [88] KL 4096 0.27 157.92 0.37 10.56  103.5 3.60 2477
U-ViT-H/2T [4] 128.89 0.98 - - 2.29 263.9
MDTv2-XL/2 [29] 125.43 0.59 5.06 155.6 1.58 314.7
DiT-XL/2 [80] KL 1024 0.62 80.73 0.51 9.62 121.5 2.27 278.2
SiT-XL/2 [72] 8.30 131.7 2.06 2703
+REPA [116] 81.92 0.54 5.90 157.8 1.42 305.7
SoftvVQ-B 0.89 8.94 9.83 113.8 3.91 264.2
DiT-XL SoftVQ-BL 32 0.68 14.52 8.81 9.22 115.8 3.78 266.7
SoftvVQ-L 0.74 8.74 9.07 117.2 3.69 270.4
SoftvVQ-B 0.88 4.70 6.62 129.2 3.29 262.5
DiT-XL SoftVQ-BL 64 0.65 28.81 4.59 6.53 131.9 3.11 268.3
SoftvVQ-L 0.61 4.51 5.83 141.3 2.93 268.5
SoftVQ-B 0.89 10.28 7.99 129.3 2.51 301.3
SiT-XL SoftVQ-BL 32 0.68 14.73 10.12 7.67 1339 244  308.8
SoftvVQ-L 0.74 10.11 7.59 137.4 244  310.6
SoftvVQ-B 0.88 5.51 5.98 138.0 1.78 279.0
SiT-XL SoftVQ-BL 64 0.65 29.23 542 5.80 143.5 1.88 287.9
SoftvVQ-L 0.61 5.39 5.35 151.2 1.86  293.6

Consistent high-quality reconstruction. SoftVQ variants
achieve remarkable reconstruction quality with a high com-
pression ratio. With only 32 and 64 tokens, our models main-
tain consistent rFID scores, i.e., 0.61-0.89 on the 256 X256
and 0.64-0.71 on 512512 benchmark, substantially outper-
forming VQ tokenizers with 256 tokens used in autoregres-
sive models such as MaskGIT [10] and TiTok [115]. Our
results are also comparable to KL tokenizers used in previ-
ous denoising-based models, using 32x fewer tokens. More
discussion of different tokenizers is given in Sec. 4.3.

Generation performance comparable to SOTA. Notably,
with only 32 tokens, the generation performance of DiT-XL
and SiT-XL trained on all variants of the proposed SoftVQ
significantly outperforms DiT-XL/2 and SiT-XL/2 with KL
tokenizers of 1024 tokens, without using CFG. DiT-XL with
SoftVQ-L of 32 tokens presents a 0.62 improvement on FID
and SiT-XL with SoftVQ-L of 32 tokens shows a 0.71 im-
provement on FID, without using CFG. The improvement is
further strengthened with 64 tokens. SiT-XL with SoftVQ-L
of 64 tokens outperforms SiT-XL/2 with REPA [116], with-
out using CFG. Applying CFG, SiT-XL with SoftVQ of 64
tokens achieves a performance comparable to the leading
systems with the best FID as 1.78 on 256 and 2.21 on 512
benchmark. Using MAR-H [60], SoftVQ-BL and SoftVQ-L
with 64 and 32 tokens present slightly worse results, com-
pared to the KL tokenizer of 256 tokens, possibly due to the

lowered learning rate. MAR-H and SiT-XL results on 512
benchmark with 32 tokens are included in Appendix D.2.

Efficiency. The system-level comparison reveals SoftVQ’s
exceptional efficiency across multiple metrics. When inte-
grated with MAR-H at 256 X256 resolution, SoftVQ reduces
GFLOPs by 40% compared to standard KL tokenizer, i.e.,
86.55 vs 145.08 GFLOPs with 64 tokens and further re-
ducing to 67.93 GFLOPs with 32 tokens. SoftVQ enables
DiT-XL and SiT-XL to achieve significantly lower compu-
tational costs i.e., 28.81 and 29.23 GFLOPs, respectively
with 64 tokens, compared to their KL counterparts (80.73
GFLOPs with 1024 tokens). Importantly, these efficiency
improvements come without compromising generation qual-
ity. SiT-XL trained on SoftVQ-BL with 64 tokens presents
55x throughput than the KL counterpart, while showing com-
petitive IS and FID scores in all configurations. Not only do
we require fewer training iterations to achieve a comparable
performance to leading systems, i.e., 2.5M vs 7M steps of
SiT-XL and DiT-XL, the high compression ratio of SoftVQ
also improves the training throughput, reducing the time to
train SiT-XL for 400K steps from 72 to 20 hours on 8 MI250.

4.3. Comparison of Tokenizers

We compare the proposed SoftVQ-VAE with the concurrent
efficient image tokenizers, i.e., TiTok [115] and DC-AE
[11]. To show the superiority of SoftVQ-VAE in achieving a
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Table 2. System-level comparison on ImageNet 512x512 conditional generation. We compare with both diffusion-based models and

auto-regressive models with different types of tokenizers. Grey denotes SoftVQ. T indicates results with DPM-Solver and 50 steps.

Throughput w/o CFG w/ CFG
Gen. Model Tok. Model # Tokens | Tok. rFID | | Gflops | (imgs/sec) 0 GFID| ISt | gFID| 1St
Generative Adversarial Models
BigGAN [10] - - - - 8.43 177.9
StyleGAN-XL [48] - - - - 2.41 267.7
Auto-regressive Models
MaskGIT [10] vQ 1024 1.97 7.32 156.0 - -
TiTok-B [115] vQ 128 1.52 - - 213 2612
MAR-H SoftVQ-BL 64 071 | 8655 1.50 | 821 1529 342 2618
Diffusion-based Models
ADM [16] - - - - 2324 58.06 | 3.85 2217
U-ViT-H/4T [4] 128.92 0.58 - - 4.05 2638
DiT-XL/2 [80] KL 4096 0.62 373.34 0.10 9.62 121.5 3.04 2408
SiT-XL/2 [72] 373.32 0.10 - - 262 2522
DiT-XL [11] 80.75 1.02 9.56 2.84 -
UViT-Hf [11] AE 236 0.22 128.90 6.14 9.83 2.53
UVIiT-Hf [11] 32.99 15.23 12.26 2.66
UViT-2BT [11] AE o4 0.22 104.18 9.44 6.50 225
SiT-XL SoftVQ-BL 64 071 | 2923 5.38 | 796 1339 ] 221 2905

high compression ratio, we additionally train VQ-VAE and
AE using the small (S) configuration and the same training
recipe of SoftVQ. To validate the generation performance,
we train a SiT-L for 400K steps and report gFID and IS on
256 ImageNet without using CFG, as shown in Tab. 3.
Scalable performance. With a much smaller model size,
i.e., 46M vs 390M, SoftVQ-S significantly outperforms both
TiTok variants at 64 tokens, achieving better reconstruction
quality with an rFID of 1.03 compared to 1.25, and better
generation performance with a gFID of 11.24 and IS of 89.4
compared to the best TiTok gFID of 19.23 and IS of 61.8.
Noteworthy is that the generation results SiT-L trained on
SoftVQ with 32 tokens outperform those trained on KL tok-
enizer with 1024 tokens [72] by a large margin, i.e., 5.9 in
gFID. Compared to DC-AE, SoftVQ-S demonstrates com-
petitive scalability across token counts while maintaining
significant generation quality even with fewer parameters.
Less Lossy Property. SoftVQ-S exhibits remarkably con-
sistent performance across different compression ratios.
When reducing tokens from 256 to 32, SoftVQ-S maintains a
minimal degradation in rFID from 0.80 to 1.24, significantly
outperforming both VQ-S, from 1.45 to 10.97, and AE-S,
from 1.15 to 2.01. The benefits of the fully-differentiable
property of SoftVQ along with representation alignment are
particularly evident in generation quality, where SoftVQ-
S achieves substantially better gFID of 9.21-12.89, and IS
scores of 79.5-93.6, compared to baselines, showing its ro-
bustness in preserving information at high compression ra-
tios and a better latent space for generative models.

4.4. Discussions on the Latent Space

We perform more analysis on the latent of SoftVQ here.

Alignment with different initialization and target mod-
els. As shown in Tab. 4, our results demonstrate the effec-
tiveness of alignment across various pre-trained models. The

Table 3. Comparison of tokenizers on class-conditional 256 <256
ImageNet. We report rFID, and gFID and IS of SiT-L without CFG.

. ) SiT-L
Tokenizer #Params # Tokens Dim. | rFID | gFID| ISt
KL [96] | 676M 1024 4 | 062 | 1879 720
TiTok-BL-KL [115] | 389M 64 16 125 | 2335 547
TiTok-BL-VQ[115] | 390M 64 16 206 | 1923  61.8
DC-AE-f32 [11] 323M 64 32 069 | 1536 76.1
DC-AE-f54 [11] 677TM 16 128 | 0.81 24.66  49.1
256 8 1.45 19.02  58.6
128 16 2.61 1851 624
VoS 46M 64 32 | 404 | 2007 545
32 64 | 1097 | 2157 476
256 8 1.15 | 22.11 583
128 16 133 | 2231 585
AE-S 46M 64 32 | 164 | 2553 543
32 64 201 | 28.18 455
256 8 0.80 921  93.6
128 16 092 | 10.12 858
SoftvQ-§ 46M 64 32 1.03 1124 894
32 64 124 | 12.89 795

encoder initialization and alignment with DINOv2-B [79]
achieve superior performance with rFID 0.88 and IS 103.4,
compared to using either component alone. Further improve-
ments are observed with CLIP-B [82] and EVA-02-B [26]
on reconstruction. We reveal that a better rFID does not nec-
essarily translate to a better gFID. Instead, the latent space
quality, reflected by linear probing accuracy, is more closely
related to the performance of the generative models.

Linear probing of tokenizer and generative model. Lin-
ear probing results in Fig. 3 (details in Appendix C.3) reveal
SoftVQ’s superior representation quality at both tokenizer
and generative model. At the tokenizer level, the linear prob-
ing accuracy of SoftVQ variants (B, BL, L) consistently
outperforms VQ-S and AE-S across all token counts, with
the gaps widening at lower token counts, similarly observed
by Yu et al. [115]. This advantage transfers to the gener-
ative model with the best linear probing accuracy on the
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Table 4. Representation alignment with different encoder initializa-
tion and the target alignment models using SoftVQ-B 64 tokens.

Enc. Init. Align. Target rFID| L.P.¢1 gFIDSlJ—,[-L ISt

- 0.98 542 | 2033 894

- DINOv2-B [79] | 0.93  41.08 | 10.96 101.9
DINOV2-B [79] - 0.73 11.87 | 1720 915
DINOv2-B [79] DINOv2-B[79] | 0.88 4242 | 10.13 103.4
CLIP-B [82] CLIP-B [82] 075 4712 | 9.89 109.3
EVA-02-B [26]  EVA-02-B [26] 081 4423 | 1034 1127

intermediate features of SiT trained with SoftVQ.

Latent space visualization. UMAP visualizations
latent space in Fig. 4 demonstrate SoftVQ’s ability tc
tain structured and discriminative latent representatio
minimal variance between encoder output (z) and d
input (z). Comparing Fig. 4 (d) and (c), we also obse
larger encoder can learn a more discriminative latent
showing the superiority of SoftVQ’s representation le

4.5. Ablation Studies

We present a series of ablation studies in Append
including SoftVQ variants with product quantizatio

[45], residual quantization (RQ) [55], and GMMVQ

book size, latent space size, and the temperature of S

The results show the compatibility of SoftVQ with |

RQ, with slightly improved performance. GMMVQ p
results comparable to SoftVQ. Moreover, SoftVQ shows
robustness to other parameters, such as codebook size and
softmax temperature. We found that while increasing the
dimension of the latent space can result in a significant im-
provement in reconstruction, it leads to deterioration in gen-
eration performance, possibly due to the learning difficulty
of generative models with larger dimensions [92].

5. Related Work

Image tokenization has emerged as a fundamental tech-
nique to bridge various vision tasks. Traditional approaches
using autoencoders [39, 106] laid the groundwork by com-
pressing images into latent representations. This field sub-
sequently diverged into two main branches: generation-
focused and understanding-focused approaches. Generation-
oriented methods, such as VAE [84, 104] and VQ-GAN
[23, 85], emphasized learning latent spaces for detail-
preserving compression. These were further refined through
variants [55, 73, 112, 124] that enhanced generation quality.
Parallel developments in understanding-focused approaches
leveraged Large Language Models (LLMs) [105] to create
semantic representations for tasks like classification [21] and
detection [125]. Recent work [62, 115] has demonstrated
the potential of unifying these approaches, with subsequent
research [34, 109] exploring the convergence of generation
and understanding capabilities using a single tokenizer.

Image generation have two popular paradigms: autoregres-
sive and diffusion. Autoregressive models start from CNN-
based architectures [103] and evolve to the transformer-

SoftVQ-B == SoftVQ-L vQ-s
m—te= SoftVQ-BL e SoftVQ-S AE-S
60
’ k SIT-XL (KL) + REPA
50 60 N
£40 £ 55
g S SiT-XL (KL)
< 30 <
<< << 50
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32 64 128 256 32 64 128 256
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Figure 4. Visualization of z (top), i.e., encoder output, and z
(bottom), i.e., decoder input, of (a) VQ-S 64; (b) SoftVQ-S 64; (c)
SoftVQ-S 32; (d) SoftVQ-L 32, trained with latent space alignment.

based architectures [55, 66, 98, 105, 114] to enhance scal-
ability. Latest works in visual autoregressive modeling, in-
cluding VAR [99], MAR [60], and ImageFolder [62], have
further enhanced generation efficiency. Diffusion models
have transformed image generation since their introduction
by Sohl-Dickstein et al. [93]. Key advancements by Nichol
et al. [75], Dhariwal et al. [16], and Song et al. [95] have
significantly improved model performance. A paradigm shift
occurred with the adoption of latent space diffusion [88, 102],
leveraging pre-trained image encoders as priors [23, 104]
to enhance generation efficiency. Architectural innovations,
particularly the integration of transformers [80], have fur-
ther expanded the capabilities of these models. These ad-
vances have spawned numerous influential systems, from
text-guided generation [18, 76] to high-fidelity synthesis
[28, 89]. Commercial successes [74, 78, 83, 87] have also
demonstrated the practical impact of diffusion models.

6. Conclusion

We presented SoftVQ-VAE, a continuous image tokenizer
leveraging soft categorical posteriors to aggregate multiple
codewords into each latent token. Our approach compresses
images to just 32 or 64 tokens while maintaining high recon-
struction quality and enabling state-of-the-art generation re-
sults with DiT, SiT, and MAR. The substantial improvements
in both inference throughput (up to 55x with 64 tokens) and
training efficiency, combined with the fully-differentiable de-
sign’s ability to learn semantic-rich representations, demon-
strate SoftVQ-VAE’s potential as a foundation for efficient
generative and vision-language models.
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