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Abstract

Effective and efficient tokenization plays an important role in image representa-
tion and generation. Conventional methods, constrained by uniform 2D/1D grid
tokenization, are inflexible to represent regions with varying shapes and textures
and at different locations, limiting their efficacy of feature representation. In this
work, we propose GPSToken, a novel Gaussian Parameterized Spatially-adaptive
Tokenization framework, to achieve non-uniform image tokenization by leveraging
parametric 2D Gaussians to dynamically model the shape, position, and textures of
different image regions. We first employ an entropy-driven algorithm to partition
the image into texture-homogeneous regions of variable sizes. Then, we param-
eterize each region as a 2D Gaussian (mean for position, covariance for shape)
coupled with texture features. A specialized transformer is trained to optimize
the Gaussian parameters, enabling continuous adaptation of position/shape and
content-aware feature extraction. During decoding, Gaussian parameterized tokens
are reconstructed into 2D feature maps through a differentiable splatting-based
renderer, bridging our adaptive tokenization with standard decoders for end-to-end
training. GPSToken disentangles spatial layout (Gaussian parameters) from texture
features to enable efficient two-stage generation: structural layout synthesis using
lightweight networks, followed by structure-conditioned texture generation. Exper-
iments demonstrate the state-of-the-art performance of GPSToken, which achieves
rFID and FID scores of 0.65 and 1.50 on image reconstruction and generation tasks
using 128 tokens, respectively. Codes and models of GPSToken can be found at
https://github.com/xtudbxk/GPSToken.

1 Introduction

Recent advances in latent generative models such as VQGAN [11], LDM [29], MaskGIT [3],
DiT [26], SiT [23], VAR [32], and SD3 [10] have revolutionized the research and application of
image generation. Most of these methods adopt a two-stage framework. First, an auto-encoder is
employed to convert original images into compact latent representations with reduced dimensionality
(e.g., 256×256 → 32×32 in LDM), serving as an effective “image tokenizer”. Then, generative
models [11, 29, 3, 26, 23, 32, 10, 40] are trained in the latent space, alleviating computational
burdens while enabling high-quality generation. The primary goal of an image tokenizer is to learn
effective representations through reconstruction tasks, encoding images into a latent space with
minimal loss. Early methods such as VAE [20] transform images into continuous latent spaces.
LDM [29] performs diffusion in the latent space, reducing computational cost while improving visual
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Figure 1: Comparisons between (a) 2D-grid tokens, (b) 1D-grid tokens and (c) our GPS-tokens. (d)
Two visualization examples of the representation and reconstruction results of GPSToken.

quality. In contrast to continuous representation, VQVAE [33] introduces discrete latent codes via
vector quantization. Based on VQVAE, VQGAN [11] and MaskGiT [3] train autoregressive models
and achieve improved image generation performance. Beyond 2D grid tokenization, TiTok [37]
transforms images into compact 1D latent sequences, significantly reducing tokens. FlexTok [1] and
One-D-Piece [24] dynamically adjust counts, enhancing efficiency by concentrating key information
early in the sequence. MAETok [5] shows masked autoencoders yield discriminative latent spaces
suitable for diffusion models.

Despite the significant progress achieved by existing image tokenization methods, the grid-based
tokenization strategy used by them is inefficient and inflexible in representing the different regions
with different contents in natural images. As illustrated in Figs. 1 (a) and (b), 2D-grid tokens represent
local patches of fixed size and at fixed positions, no matter whether the patch has complex structures
or details, while 1D-grid tokens encode globally contextualized information from the entire image,
lacking spatially-adaptive representation ability.

In this paper, we propose GPSToken, a novel Gaussian Parameterized Spatially-adaptive To-
kenization framework, to achieve non-uniform and flexible image tokenization. GPSToken pa-
rameterizes each token with a 2D Gaussian function, encoding both the positions and shapes of
different regions in an image. Specifically, as shown in Fig. 1 (c), each GPS-token consists of two
components: the first component stores the standard deviation and position of the Gaussian function,
representing region shape and location, while the second component represents the textural features of
the region. Inspired by Gaussian Splatting [18], our GPSToken can be rendered into 2D feature maps,
facilitating seamless integration with conventional 2D decoders and enabling end-to-end training.

To achieve spatially-adaptive tokenization, we iteratively partition an image into regions of varying
sizes and shapes. The partitioned regions, though having different shapes and positions, will have a
similar amount of information in terms of entropy. The shape and position of each region are used to
initialize the corresponding Gaussian parameters. Then, we utilize a transformer, for which each query
corresponds to a token, to refine these parameters and extract textural features. The shape-texture
decomposition of GPSToken provides distinct advantages for image generation. With GPSToken,
we can first generate Gaussian parameters that encode spatial layout (region shape/position), then
synthesize texture features conditioned on the Gaussian geometric priors. The Gaussian priors act
as structural constraints, simplifying texture generation while ensuring spatial consistency. This
shape-texture decomposition approach aligns with how humans conceptualize images (structure-first,
details-later), accelerating the model training and improving the generation quality.

Our method achieves significant improvements over existing methods in both image reconstruction
and generation tasks. For image reconstruction, GPSToken achieves “rec. FID”, PSNR and SSIM
scores of 0.65, 24.06 and 0.657 on the ImageNet 256×256 reconstruction task using 128 tokens. For
image generation, our model achieves a state-of-the-art FID of 1.50 on the ImageNet 256 generation
task, surpassing recent methods such as Titok [37], FlexTok [1], One-D-Piece [24] and MAETok [5].
Our contributions are summarized as follows:
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• We propose GPSToken, an effective Gaussian parameterized spatially-adaptive tokenization method
for image representation and generation. GPSToken leverages 2D Gaussian functions to dynami-
cally model varying region shapes and positions, signi�cantly reducing representation redundancy
in simple regions while achieving �ner representation in texture-rich regions.

• With GPSToken, we present a shape-texture decomposition method for image generation, reducing
generation complexity, accelerating model training, and improving generation quality.

• Extensive experiments validate the effectiveness of GPSToken. Our work paves the way toward
effective and ef�cient spatially-adaptive image representations, bene�ting a variety of vision tasks.

2 Related Work

Latent Generative Models. Latent models have gained signi�cant attention in visual generation.
VAE [20] constructs continuous latent spaces with Gaussian priors, while VQVAE [33] couples
codebooks with autoregressive modeling for discrete latent representation. VQGAN [11] incorporates
adversarial training and transformer-based autoregressive components, further improving generative
performance. MaskGiT [3] re�nes discrete latent generation through scheduled parallel sampling,
signi�cantly accelerating inference. LDM [29] enables high-resolution synthesis by embedding
diffusion in compressed latent spaces. DiT [26] demonstrates transformer scalability in latent
diffusion, and SiT [23] extends DiT with �exible interpolation, offering versatile distribution mapping.

Image Tokenization. Image tokenization aims to create compact representations of high-dimensional
images. Early methods often use VAE [20] for continuous tokenization and VQVAE [33] for discrete
tokenization. VQVAE-2 [28] introduces a multi-scale structure, while RQVAE [21] builds extra
codebooks to quantize residuals. DCAE [7] ensures quality at high compression ratios. MaskBit [34]
proposes an embedding-free autoencoder using bit tokens. Recently, 1D grid-based tokenization
has gained attention for more compact representations. TiTok [37] is among the �rst to convert 2D
images into 1D latent tokens using masked transformers for encoding and decoding. SoftVQ [6] uses
soft categorical posteriors to combine multiple codewords into one continuous token. FlexTok [1]
and One-D-Piece [24] project 2D images into variable-length, ordered 1D sequences, allowing good
reconstructions. MaeTok [5] leverages mask modeling to learn semantically rich and reconstructive
latent spaces, highlighting the importance of space structure for generation.

Despite the signi�cant progress, grid-based methods remain inef�cient and in�exible in capturing
regions with varying content. To address this, we propose GPSToken, which parameterizes each
token using a 2D Gaussian function to encode region positions and shapes, allowing spatially adaptive
alignment with local texture complexity. Note that while GaussianToken [9] also uses 2D Gaussians,
it simply replaces the original tokens in VQVAE with Gaussian distributions without spatial adaptivity.
Besides, our GPSToken can decouple the visual generation process into layout synthesis and texture
feature generation, while GaussianToken does not possess a corresponding generator.

3 Methodology

In this section, we �rst describe the parameterization of GPSToken using 2D Gaussian functions,
then present the detailed training procedure for obtaining GPSToken. The resulting tokens can be
transformed into pixel-domain images through a decoder. Finally, leveraging the inherent shape-
texture decomposition property of GPSToken, we propose a two-stage image generation pipeline to
accelerate the training of generative models while improving their performance.

3.1 Gaussian Parameterized Tokenization

Processing images in pixel space is computationally expensive and increases model complexity.
To reduce cost, existing methods [33, 28, 37, 5] employ image tokenizers that project an image
x 2 RH � W � 3 into low-dimensional tokensz 2 Rl � c, with l � H � W. However, current 2D/1D
tokenizers are limited by rigid grid structures, restricting �exible representation of regions with
varying sizes and contents. We proposeGPSToken, a novel method that parameterizes tokens using
2D Gaussian functions, enabling adaptive and ef�cient modeling of complex visual regions.
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Figure 2: (a) The overall framework of our GPSToken. (b) Spatially-adaptive Token Initialization. (c)
Spatially-adaptive Token Re�nement.

2D Gaussian Parameterized Tokens.A standard 2D Gaussian functionp(x; y) is given by:

p(x; y ) =
p̂(x; y )
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whereZ is the normalization constant,� x ; � y > 0 are the standard deviations along thex- andy-axes,
and� 2 [� 1; 1] denotes the correlation coef�cient. The means� x ; � y 2 R determine the center.

To reduce computation and focus on local regions, we modify the standard 2D Gaussian by restricting
its spatial support to a bounded region centered at(� x ; � y ) and omitting the normalization constant.
This design removes unnecessary computation while preserving �ne details in the region of interest.
Speci�cally, the modi�ed Gaussian function is de�ned as:

g(x; y) =
�

p̂(x; y); if jx � � x j � s� x andjy � � y j � s� y ;
0; otherwise;

(2)

wheres is a hyperparameter controlling the spatial support of the Gaussian function.

Using g, we represent an imagex via l Gaussian parameterized tokensz 2 Rl � c, as shown
in Fig. 1 (c). Each token contains two componentszi = f gi ; f i g. The �rst component
gi = f � ( i )

x ; � ( i )
y ; � ( i ) ; � ( i )

x ; � ( i )
y g (gray cuboids in Fig. 1 (c)) encodes spatial position and devia-

tion of the Gaussian function. The second componentf i 2 R(c� 5) (orange cuboids) holds texture
features, capturing detailed visual information from the corresponding region. This enables joint
encoding of geometric and visual characteristics across image regions.

Splatting-Based Rendering.Inspired by GS [18, 4], we render GPS-tokens into 2D feature maps
using splatting-based rendering. This is possible because each 2D Gaussian is continuous and can be
sampled into 2D features. For example, givenl Gaussian-parameterized tokensf z0; z1; � � � ; zl � 1g,
thek-th channel of the rendered 2D feature map at(x; y) can be obtained as follows:

R(x; y; k) =
X l � 1

i =0
r i (x; y; k) =

X l � 1

i =0
gi (x; y) � f i [k]: (3)

Advantages over Bounding Boxes and Segmentation Maps.Alternative approaches to representing
image regions often rely on bounding boxes or segmentation maps. Bounding boxes de�ne regions
using axis-aligned rectangles, while segmentation maps assign discrete labels to individual pixels.
Compared with them, our Gaussian-parameterized tokenization offers several key advantages. First,
each 2D Gaussian models anisotropic shapes with only �ve parameters (� x ; � y ; �; � x ; � y ), enabling
a compact and geometry-adaptive representation that is both expressive and lightweight – reducing
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the burden on downstream tasks. Second, the Gaussian function provides a smooth, continuous
weight distribution over pixels, naturally capturing uncertainty and modeling soft or ambiguous
boundaries in natural images. Third, GPSToken is fully differentiable, enabling end-to-end training
and seamless integration into existing gradient-based learning frameworks. In contrast, bounding
boxes are restricted to rigid, axis-aligned shapes and exhibit hard, non-differentiable boundaries.
Segmentation maps, while precise, are high-dimensional, discrete, and inherently incompatible with
differentiable optimization.

3.2 Spatially-adaptive GPSToken Learning

Image tokenizers typically use an encoder-decoder framework, where the encoder maps the imagex
to a latent representationz = Enc(x), and the decoder reconstructs it asx̂ = Dec(z). Our GPSToken
also follows this framework. As shown in Fig. 2 (a), we �rst apply an iterative algorithm to partition
the image into regions of varying sizes based on texture complexity. Each region's position and size
initialize the Gaussian parameters of the corresponding GPS-tokens, providing a coarse spatially-
adaptive representation. Next, a transformer-based encoder re�nes GPS-tokens for �ne-grained
adaptation, adjusting the position, shape, and orientation according to regional textures. Finally, the
GPSTokens are converted back to 2D feature maps and passed through a decoder to reconstructx̂ .

Spatially-adaptive Token Initialization. As shown in Fig. 2 (b), we use an iterative algorithm to
initialize Gaussian parameters aligned with local regions. Speci�cally, we maintain a dynamic list of
region candidates and iteratively split the most complex regions into simpler sub-regions until the
target number is reached. We measure region complexity using gradient entropy. We compute the
gradient magnitude mapE via the Sobel operator [31], then calculate the information entropyH
from the histogram ofE . The overall metric is de�ned as:

m = hw � H � = hw �
�

�
X 512

i =1
qi log(qi )

� �

; (4)

whereh andw are the spatial size of regions,qi is the probability of gradients in thei -th histogram
bin, and� balances size and complexity. By integrating region size into the metric, we promote
division of larger regions. A higherm value indicates a larger and more complex region.

Once regions are determined, we associate thei -th GPSTokenzi with thei -th region and initialize
its Gaussian parameters asginit

i = f � ( i )
x ; � ( i )

y ; � ( i ) ; � ( i )
x ; � ( i )

y g =
� w i

6 ; h i
6 ; 0; x i ; yi

	
, wherehi , wi

are the height and width of regions, and(x i ; yi ) is its center. Setting� ( i )
x and� ( i )

y to 1
6 of wi andhi

ensures full coverage during rendering. Please see Algorithm 1 in theAppendix for more details.

Spatially-adaptive Token Re�nement. After obtaining the initialized Gaussian parameters, we em-
ploy a transformer-based encoder to re�ne these parameters to achieve �ne-grained spatial adaptation,
while simultaneously extracting the corresponding texture featuresf for each region.

As shown in Fig. 2(c), the encoder �rst projects the initial Gaussian parametersginit into query
embeddings, which are then processed by attention blocks. To focus each embedding on its corre-
sponding region, we include region-speci�c features as conditions. Speci�cally, we extract image
features via residual blocks and use RoIAlign [12] to obtain �xed-size features for each region. These
are added to the query embeddings before each attention block. This ensures that each query interacts
with its local image features, improving alignment with regional textures.

Additionally, self-attention blocks enable query embeddings to interact with each other, considering
the global image layout during training. The encoder outputs residuals� g for re�ning Gaussian
parameters and textual featuresf for each token. The �nal GPS-tokens are:

z = f ginit + � g; f g: (5)

The re�ned Gaussian parametersg de�ne the spatial layout and overall structure of the image, while
f encode the textual patterns of Gaussians. They work synergistically to represent the whole image.

To illustrate the spatial adaptation of GPSTokens, we visualizeginit andg as Gaussian maps in
Fig. 2. As shown in Fig. 2(a), the initial mapginit aligns with the region partitions. Complex regions
have denser Gaussians, while simpler ones use fewer, larger Gaussians. After encoder re�nement, the
parameters better match local textures. Whileginit contains only axis-aligned Gaussians, the re�ned
g includes rotated ones that align better with local structures, such as the dog's ear edges.
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Figure 3: The overview of two-stage generation pipeline based on GPSToken.

During decoding, we �rst render the GPSTokensz into a 2D feature map using Eq. 3, then decode
them into the reconstructed image. Following VQGAN [11], we use a combination of reconstruction
lossL rec, perceptual lossL perc, and adversarial lossL adv during training.

3.3 GPSToken-driven Two-stage Image Generation

The shape-texture decomposition property of GPSToken naturally offers a two-stage image generation
pipeline, which �rst synthesizes the image layout using the shape information and then generates
the image details using the texture features. This two-stage scheme simpli�es the image generation
process and improves the generation quality.

Layout Synthesis.As illustrated in Fig. 3 (a), in the �rst stage, we focus on generating the overall
structure of the image, which can be represented by the Gaussian parameters.Note that we use the
initial Gaussian parametersginit , instead of the �nal parametersg, for layout synthesis. This is
because the initial Gaussian parameters are more decorrelated with the local textures and are easier to
predict, while they are good enough to represent the image rough layout. Speci�cally, we �rst generate
theginit using a simple generative model and then calibrate it to correct potential inaccuracies (see
Fig. 3 (c)). The calibration procedure consists of two steps: calibrate the meansf � x ; � y g of each
Gaussian to its nearest valid values and recomputef � x ; � y ; � g, obtaining the calibrated Gaussian
parametersginit

cal . The detailed calibration can be found in Algorithm 2 in theAppendix.

Texture Generation. After synthesizing the overall structure of the image, we enrich the generated
layout with detailed textures (see Fig. 3 (b)) using diffusion models such as SiT [23]. Speci�cally, we
�rst convert ginit

cal into embedding vectors and incorporate them as additional inputs in each timestep.
This ensures that the newly generated texture features accurately re�ect the constraints of the original
layout while preserving structural consistency and rich details in the �nal image. In practice, the
model predicts a Gaussian parameter residual� g and texture featuresf . The Gaussian parameters
are updated byg = ginit

cal + � g, while f captures the speci�c texture characteristics of each token.
The results can be rendered and reconstructed into natural images using our GPSToken decoder.

The two-stage generation pipeline signi�cantly reduces the complexity of image generation by
decoupling geometric modeling from texture synthesis. Theginit

cal acts as a structural constraint,
simplifying the texture generation task while ensuring spatial consistency. It aligns with the human
perception process (from structure to detail). Additionally, since layout synthesis is much easier than
texture generation, we employ a simple network or cached database to produce results in the �rst
stage, introducing minimal additional computation compared to existing methods.

4 Experiments

4.1 Experimental Settings

Training Data and Settings.We train all models on the ImageNet dataset [30], which contains 1.28M
training images and 50K validation images. During preprocessing, images are resized to256� 256
and center-cropped without additional augmentation beyond horizontal �ipping. We implement
three variants of GPSToken: GPSToken-S64 (64 tokens), GPSToken-M128 (standard setting, used
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Table 1: Comparisons of256� 256reconstruction task on Imagenet val set. The top 3 methods
trained only with ImageNetare highlighted in red, blue and green. Note that “SDXL-VAE” is trained
with a rich amount of additional data other than Imagenet.

Method Tokens
Params

(M)
sample-level distribution-level

PSNR" SSIM" LPIPS# rec. FID# rec. sFID# FID # sFID#

2D Tokenization

SDXL-VAE [27] 32� 32 83.6 25.55 0.727 0.066 0.73 2.42 2.35 3.89
GaussianToken [18] 32� 32 130.6 22.40 0.597 0.112 1.70 4.62 3.63 4.71
VQVAE-f16 [11] 16� 16 89.6 19.41 0.476 0.191 8.01 9.64 10.74 7.38
MaskGIT-VAE [3] 16� 16 54.5 18.11 0.427 0.202 3.79 5.81 5.19 4.56
VAVAE [35] 16� 16 69.8 25.76 0.742 0.050 0.27 1.72 1.74 3.91
DCAE [7] 8� 8 323.4 23.62 0.644 0.092 0.98 4.82 2.59 5.02

1D Tokenization

SoftVQ [6] 64 173.6 21.93 0.568 0.115 0.92 4.52 2.51 4.21
TiTok-B64 [37] 64 204.8 17.01 0.390 0.263 1.75 4.51 2.50 4.21
TiTok-S128 [37] 128 83.7 17.66 0.413 0.220 1.73 7.25 3.25 5.52
MAETok [5] 128 173.9 23.25 0.626 0.096 0.65 3.87 2.01 4.39
FlexTok [1] 256 949.7 17.69 0.475 0.257 4.02 8.00 4.88 6.12
One-D-Piece [24] 256 83.9 17.74 0.420 0.210 1.54 6.96 2.93 5.36
MaskBit [34] 256 54.5 21.07 0.539 0.142 1.29 4.72 3.08 4.09

GPSToken
S64 64 127.5 22.18 0.578 0.111 1.31 5.42 3.02 4.85
M128 128 127.8 24.06 0.657 0.080 0.65 3.28 2.18 3.96
L256 256 128.7 28.81 0.809 0.043 0.22 1.31 1.65 3.77

as default), and GPSToken-L256 (256 tokens). For more details about the training/inference and
network architectures, please refer toAppendix.

Evaluation Metrics. We conduct all evaluations on the validation set of ImageNet. Forreconstruction,
we evaluate performance using bothsample-levelanddistribution-level indices. At the sample
level, we use PSNR, SSIM, and LPIPS [39], which measure the similarity between reconstructed and
original images, as metrics. At the distribution level, we adopt FID [13] and sFID [25] to assess the
overall distribution of reconstructed images. Speci�cally, we report “rec. FID” and “rec. sFID” to
measure the distribution consistency between reconstructed and input images, while using standard
“FID” and “sFID” to evaluate the alignment with natural image distributions. For imagegeneration,
we employ FID to assess generation quality.

4.2 Image Representation

Comparison Results.We evaluate the representation performance of GPSToken using the image
reconstruction task. We compare GPSToken with existing 1D and 2D tokenization methods at
256 � 256 resolution, including SDXL-VAE [11], GaussianToken [9], VQVAE [11], MaskGiT-
VAE [3], VAVAE [ 35], DCAE [7], TiToK [37], SoftVQ [6], FlexTok [1], One-D-Piece [24], and
MAETok [5]. As shown in Table 1, GPSToken-L256 achieves signi�cantly better performance than
the competing methods across both sample-level and distribution-level metrics, even better than
SDXL-VAE, which utilizes more tokens (1024 vs. 256) and is trained with a rich amount of additional
data. Compared to SDXL-VAE, GPSToken-L256 improves PSNR by 3.26, SSIM by 0.082, and
reduces LPIPS by 0.023. It also achieves a “rec. FID” of 0.22, a “rec. sFID” of 1.31, an FID of
1.65, and an sFID of 3.77, outperforming all competitors. Note that VAVAE [35] leverages vision
foundation models to align latent features, yet it still lags behind GPSToken-L256.

On the other hand, GPSToken-M128 outperforms the competing methods using the same number of
tokens on most metrics, obtaining a “rec. sFID” of 3.28 and LPIPS of 0.080. It also outperforms many
methods that use more tokens. With only 64 tokens, GPSToken-S64 also demonstrates promising
performance, achieving a “rec. FID” score of 1.31, highlighting the scalability of our approach.
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Figure 4:Visual comparisons on256� 256reconstruction task.

Figure 5:Illustration of Spatial Adaptivity (SA) . Left to right: the inputx, visualization ofginit ,
visualization of re�nedg, the reconstruction̂x with SA, the reconstruction̂x w/o SA without SA, error
map ofx̂ , and error map of̂x w/o SA (darker blue indicates larger errors).

We provide visual comparisons among GPSToken and its competitors in Figs. 4. It can be observed
that our GPSToken achieves signi�cantly more accurate and clearer textures in complex regions,
without compromising the performance in simpler areas.

Effectiveness of Spatial Adaptivity.GPSToken possesses spatial adaptivity (SA), enabling a region
adaptive image representation. As shown in Fig. 5, with our SA initialization, theginit is placed
according to the regional complexity. More Gaussians are assigned to complex regions such as the
human body, while sparse Gaussians are used in simpler regions. Based on this initialization, the
re�ned g further adjusts its positions, shapes, and orientations to better align with local textures.
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Figure 6:User-Controllable Adjustment of ginit . By manually settingginit , our GPSToken can
focus more on semantically important regions (e.g.text and faces) and achieve �ner reconstruction.

Figure 7:Adjustable Token Count at Inference. Token count can be adjusted at inference for better
quality-ef�ciency trade-off, even beyond default training setting (128 tokens).

It can be clearly observed that with SA enabled, the maps exhibit signi�cantly lower errors in
complex regions (Figs. 5(f–g)), while the errors in simple regions (e.g., background) remain largely
unchanged. This demonstrates that our GPSToken improves the representation in complex areas
without compromising the quality in simpler ones.

User-Controllable Adjustment of ginit . Additionally, GPSToken supports manual adjustment of
ginit , allowing users to prioritize semantically important regions (e.g., faces or text). An example is
shown in Fig. 6, where placing denser Gaussians in target areas results in clearer reconstructions.

Adjustable Token Count at Inference.GPSToken supports adjustable token count at inference (see
Fig. 7). Unlike [1, 24], which only supports decreasing the number of tokens at inference, GPSToken
can also increase the number of tokens for improved quality.

Please refer toAppendix for more results of GPSToken on generalization performance, ef�ciency,
ablation studies, and visualizations.

4.3 Image Generation

Comparison Results. We compare our approach against state-of-the-art tokenizers for image
generation, including MaskGIT [3], TiTok [37], FlexTok [1], SoftVQ [6], ADM [ 8], One-D-Piece [24],
DiT [26], SiT [23], REPA [38], D2iT [16], and MAETok [5], on 256 � 256 class-conditional
generation tasks. Quantitative results with classi�er-free guidance [14] are reported in Tab. 2. Our
two-stage generator with 128 tokens outperforms all competing methods, achieving an FID of 1.50,
highlighting the effectiveness of GPSToken in providing a superior latent space for generative models,
even with fewer tokens. With an equal number of tokens (128), MAETok [5] under-performs our
GPSToken-based generator, suggesting that our Gaussian-parameterized tokenization offers distinct
advantages. In contrast, the one-stage generator slightly under-performs the baseline. This discrepancy
arises from the optimization challenges inherent in the composition of Gaussian parametersg and
textual featuresf within a single tokenz. Our two-stage design (�rst generateg then synthesizef ),
effectively addresses this issue, leading to signi�cant enhancement over the baseline.

Faster Training. As illustrated in Fig. 8, our two-stage generator demonstrates signi�cantly acceler-
ated convergence compared to both the baseline and one-stage generator. Speci�cally, it achieves an
FID-10K score of 25.48 within 100K iterations. In contrast, the SiT-XL/2 and one-stage generator
reach scores of 25.41 and 26.20 after 300K and 500K iterations, respectively, indicating that our
method is approximately 3� and 5� faster than them. This notable speed-up highlights the effec-
tiveness of shape-texture decomposition in simplifying the optimization process. More results on
training ef�ciency can be found inAppendix.
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