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Abstract. We present Soft Tail-dropping Adaptive Tokenizer (STAT),
a discrete tokenizer that learns adaptive visual representations. STAT
adjusts the number of tokens allocated to each image according to its
perceptual complexity. Specifically, it encodes an image into discrete to-
kens together with token-wise keep probabilities indicating whether each
token is necessary for faithful reconstruction or can be safely dropped.
Through this learned adaptivity, STAT achieves state-of-the-art recon-
struction quality while using fewer tokens on average. When integrated
with vanilla causal autoregressive (AR) modeling, STAT enables a content-
aware generative model with adaptive-length sampling. The model achieves
competitive or superior visual generation quality compared with other
generative model families while exhibiting favorable scaling behavior that
has been elusive in prior vanilla AR visual generation attempts.
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1 Introduction

Images exhibit variation in visual complexity, ranging from simple structures
with smooth homogeneous regions to complex layouts with rich high-frequency
textures. Traditional visual compression methods, such as JPEG for images and
modern video codecs including H.264 and HEVC, address this variability by allo-
cating bits adaptively according to visual content. A similar principle of content-
dependent representation also appears outside the vision domain. For instance,
modern text tokenizers [43, 53] produce token sequences whose representation
cardinality depends on the input content, serving as a key component behind
the success of large language models [7,42,57,59]. In contrast, tokenizers in pop-
ular image generation models [4,41,56] typically anchor visual tokens on rigid 2D
grids [16,27,46,61,66] or fixed-length 1D sequences [26,69], enforcing a constant
compression ratio regardless of the underlying image content. Consequently, sim-
ple images may be over-represented while complex ones remain insufficiently en-
coded, which challenges generative models. Despite recent efforts [2, 39, 48] to
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Fig. 1: STAT enables (a) high-quality text-conditional image generation and (b)
achieves the best gFID in class-conditional ImageNet generation among visual tokeniz-
ers. STAT learns to allocate tokens adaptively based on image complexity, as validated
in (c), where predicted token count strongly correlates with JPEG file size.

enable flexible representation cardinality in visual tokenizers, achieving adaptive
alignment between token allocation and visual complexity within the tokenizer
remains challenging. Moreover, the compatibility of content-adaptive visual to-
kenizers with generative models, particularly autoregressive (AR) models [5,42]
that naturally support variable length token sequences, remains underexplored.

In this work, we propose STAT, a visual tokenizer that employs a proba-
bilistic token dropping mechanism for adaptive tokenization. Specifically, STAT
encodes an image into 1D discrete tokens together with token-wise keep prob-
abilities. In training, Bernoulli sampling is applied to each token to determine
whether it is kept or dropped. To learn effective keep probability profiles, we
introduce two priors. First, a content-adaptive prior encourages the sum of pre-
dicted probabilities to correlate with the perceptual complexity of the image.
Second, a decreasing importance prior encourages probabilities to decrease from
the head to the tail of the 1D token sequence, forming a soft tail-dropping pat-
tern in which head tokens are more important as they are more likely to be
retained for decoding. During inference, tokens whose keep probabilities exceed
a fixed threshold are retained, producing visual representations with adaptive
token counts determined by the probabilities. STAT achieves state-of-the-art re-
construction quality while using fewer tokens. Fig. 1 (c) further shows a strong
correlation between predicted token counts and JPEG sizes.

More importantly, the adaptivity of STAT facilitates generative modeling.
When integrated with a vanilla AR model that performs next-token prediction,
STAT enables the model to achieve strong generation quality and favorable scal-
ing behavior, comparable to or even surpassing diffusion-based models and other
AR approaches that deviate from the simple next-token prediction paradigm.

To summarize, our contributions are:

– We propose STAT, a visual tokenizer that learns content-adaptive represen-
tations by adjusting token counts according to image perceptual complexity.
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– We introduce a probabilistic token dropping mechanism with two priors that
guide the learning of keep probability profiles, enabling STAT to allocate
tokens in a content-adaptive manner.

– STAT achieves state-of-the-art reconstruction quality while using fewer to-
kens on average. When integrated with a vanilla autoregressive model, STAT
enables adaptive content generation, reaching performance comparable to or
surpassing other state-of-the-art generative models.

2 Related Work

2.1 Image Tokenization

Image tokenization plays an important role in modern visual generative mod-
els [4, 29, 49, 56], where images are mapped from the pixel space into a com-
pressed high dimensional latent space, either continuous or discrete, to reduce
the prohibitive computational cost of pixel space modeling and obtain a smoother
distribution for generative learning. Variational Autoencoders (VAE) [27] are a
representative model from continuous tokenizers that encode images into a con-
tinuous latent space. In contrast, Vector Quantized Variational Autoencoders
(VQ-VAE) [61] introduce discrete visual tokenization. A VQ-VAE consists of an
encoder, a quantizer with a codebook at the bottleneck, and a decoder. The
quantizer maps continuous latent embeddings to codebook entries through near-
est neighbor search, and the resulting discrete embeddings are decoded to re-
construct the image. Subsequent work has explored various improvements to
VQ-VAE tokenizers, including architectural designs [6,29,46,66], training objec-
tives [16,45], and quantization techniques [14,38,67,72].

VQ tokenizers typically preserve a 2D spatial structure, where downsam-
pled 2D feature maps at the bottleneck are discretized into tokens. To decouple
the token count from the input dimension, 1D tokenizers such as TiTok [26, 69]
concatenate 2D patch embeddings with a set of 1D latent tokens as the model
input and distill information from the patch embeddings into these latent tokens,
which are subsequently quantized. Flexible tokenizers [2,39,65] further learn or-
dered 1D token representations using nested dropout [48], enabling images to be
represented with a variable number of tokens during training. These approaches
still employs predetermined token counts at inference time. In contrast, STAT
learns to reconstruct images with content adaptive token counts, representing
an image with the number of tokens aligned with its visual complexity.

Among emerging works investigating adaptive tokenizers, CAT [54] is a con-
tinuous tokenizer and uses external complexity signals from large language mod-
els. ALIT [13] iteratively updates a 1D token sequence to identify the smallest
number of tokens for reconstructing a given image, but requires multiple for-
ward passes. KARL [12] learns loss-conditioned halting to approximate minimum
image description in a single pass, but relies on an external loss heuristic and
primarily focuses on learning compact representations rather than improving au-
toregressive generation. In contrast, STAT is single-pass and aligns token count
prediction with image perceptual complexity via probabilities predicted within



4 Z. Chen et al.

ViT Decoder

ViT Encoder

Image Patches
...

1D Latent Tokens

...
Output Tokens

Input Image

Reconstruction

...

Keep Probability

Token Pos.
...

VQ & Prob Head

...126 5310 1113 3432 111D Discrete tokens

126 5310 1113 3432 11...

Token-wise 
Keep Probabilities

...

...

126

531

0

1113

3432

11

Keep Prob

Token Pos
...

1.0

0.9

0.8

0.2

0.1

0.05

threshold 𝜏

... ...

AR
 G

enerative M
odel

AR Modeling

126

531

111
3

0

879

531

EoS

EoS

0

Tokenization

Sample a probability threshold 𝜏

STAT

(b) Adaptive AR Generation with STAT(a) Overview of STAT

Fig. 2: (a) Overview of STAT. A ViT encoder, followed by a vector-quantization
(VQ) layer and a probability prediction head, produces discrete tokens along with
token-wise keep probabilities. Probabilistic token dropping generates a masked token
sequence, which is then reconstructed using a ViT decoder. (b) AR generation with
STAT. An End-of-Sequence (EoS) token is determined from the predicted probability
profile via a sampled threshold, enabling adaptive-length autoregressive sampling.

the tokenizer. Moreover, STAT is designed for generative modeling and proves
particularly suitable for vanilla autoregressive models, achieving compelling gen-
eration quality that scales favorably with the size of generative models.

2.2 Image Generation

Generative adversarial networks (GANs) [19] are a representative framework
for early image generation. Subsequent works [3, 23–25, 52] have been proposed
to advance GAN-based models in terms of both fidelity and diversity. More
recently, diffusion models [15,22,31,44,49,50,55,64,70] have become a dominant
paradigm for image generation due to their high generation quality and stable
training dynamics.

With the development of VQ-VAE and other discrete tokenizers, discrete
generative models have also gained increasing attention in recent years. These
models can generally be divided into two categories. The first category consists
of BERT-style models [4, 30, 67], which typically adopt a Transformer encoder
architecture with bidirectional attention and generate images by progressively
unmasking tokens in a random order. The second category includes GPT-style
autoregressive generative models [16,29,56,66], which are based on decoder-only
architectures with causal attention. These models are easy to integrate with
other modalities such as language. LlamaGen [56] is a representative work in
this category and shows that with powerful image tokenizers and proper train-
ing recipes, autoregressive models can achieve performance competitive with
diffusion models, although they still face scaling bottlenecks in model capacity.

Recently, numerous efforts have explored new autoregressive style pipelines
for visual generation. VAR [58] reformulates autoregressive learning for images
as next scale prediction to enable a coarse to fine generation process. MAR [32]
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introduces a diffusion loss to BERT style generative models, allowing them to
operate with continuous tokenizers. RandAR [40] and xAR [47] extend next
token prediction with additional variations to strengthen decoder-only autore-
gressive visual generation. While these approaches achieve strong generation
performance, integrating them with large language models requires additional
architectural modifications [8, 20,73].

3 Method

STAT adopts a 1D tokenizer architecture that decouples tokens from 2D spatial
patches, providing greater flexibility. During training, it is first optimized for
prefix reconstruction by decoding images from prefixes of token sequences with
varying lengths. It then learns content adaptivity by predicting token-wise keep
probabilities with two priors. Once trained, STAT can be seamlessly integrated
with autoregressive (AR) models to enable content-adaptive visual generation.

3.1 Architecture

We build STAT on a 1D Transformer-based [11] tokenizer that operates on la-
tent token sequences decoupled from fixed 2D grids, laying the foundation for
variable-length decoding and adaptive token allocation.

Given an image x ∈ RB×C×H×W , a patch embedding layer maps it to P ∈
RB×N×D, where N = H/f ·W/f for downsampling factor f . We concatenate P
with L learnable latent tokens L ∈ RB×L×D and encode the sequence:

[zp, zl] = Enc([P, L]). (1)

Here zp and zl denote output patch tokens and latent tokens. We retain only zl,
which is mapped by a vector quantizer to the nearest codebook entries, producing
discrete latents zq. The decoder produces the reconstruction result x̂ from zq
together with a set of learnable output tokens O:

x̂ = Dec([zq, O]). (2)

This architecture distills any input image into a 1D token sequence, mak-
ing STAT naturally compatible with both variable-length prefix reconstruction
(Sec. 3.2.1) and content-adaptive token allocation (Sec. 3.2.2).

3.2 Adaptive Visual Tokenizer

Learning adaptivity in STAT proceeds in two stages. In the first stage, we train
STAT for variable-length prefix reconstruction, where the model reconstructs
images from prefixes of varying lengths while the token count is externally ran-
domized and independent of image content. This prepares the model for the
second stage, where STAT learns to allocate tokens adaptively according to per-
ceptual complexity by predicting token-wise keep probabilities.
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3.2.1 Variable-length Prefix Reconstruction To prepare for learning adap-
tivity, we first train the tokenizer to reconstruct images from prefixes of its pro-
duced 1D token sequences with variable lengths.

Following prior work [2,39], STAT is trained with hard tail-dropping. In each
iteration, a keep length K ∼ U(Lmin, Lmax) is sampled from a uniform distri-
bution, and only the first K quantized tokens are retained for reconstruction:

x̂ = Dec([zq ⊙m, O]), mi = 1[i < K]. (3)

Here m ∈ [0, 1]L is a token selection mask indicating which latent tokens
are retained for decoding. This random tail truncation enables STAT to recon-
struct images from prefixes of varying lengths, but the number of tokens used
for reconstruction is externally randomized and independent of image content.

3.2.2 Content-Adaptive Token Allocation To make token counts adap-
tive to visual complexity, STAT learns to predict a token-wise keep probability
profile for each image and applies probabilistic token dropping accordingly.
Token-wise Keep Probabilities. We design the encoder to output latent to-
kens zl ∈ RB×L×D together with their keep probabilities:

pj,i = σ
(
gθ(zl[j, i])

)
, (4)

where j indexes the batch dimension and i indexes the token position. gθ is a
position-aware multilayer perceptron (MLP), and σ denotes the sigmoid func-
tion. Each token i for image xj is stochastically retained via independent Bernoulli
sampling mj,i ∼ Bernoulli(pj,i). Reconstruction is performed from the masked
discrete latent tokens zq,j ⊙ mj , where mj = [mj,1,mj,2, . . . ,mj,L] denotes the
token selection mask for image xj . Since Bernoulli sampling is non-differentiable,
we adopt a straight-through estimator (STE) to enable gradient flow in training.

We can compute the expected number of tokens used for image xj by:

Tj =

L−1∑
i=0

pj,i. (5)

Thus, the decoding token count in training is decided by the predicted keep
probabilities instead of an externally randomized value as in the first stage. We
next describe how probabilities are supervised for adaptive token allocation.
Content-adaptive prior. To allocate tokens adaptively across images, we im-
pose a prior that encourages the expected token count to increase with per-
ceptual complexity. For each image xj , we compute a perceptual reconstruction
error Lperc,j (e.g., LPIPS) as a proxy for complexity, and correlate this quantity
with the expected token count Tj . Across all samples in a batch, we optimize:

Lcontent =
(
1− corr(Lperc, T )

)2
, (6)

which encourages a strong positive correlation between the complexity proxy
Lperc and the allocated token count T . Lcontent acts as a content-adaptive prior
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Fig. 3: Illustration and ablation of the priors. (a) presents the illustration of the
content-aware prior and the decreasing importance prior. (b) shows ablation studies
on predicted token probabilities with/without these two priors.

on token counts, nudging the tokenizer to assign more tokens to harder images
and fewer to simpler ones. By contrasting all samples in one batch, this loss
encourages the model to properly allocate tokens without the need to normalize
the complexity proxy precisely. In practice, we compute the correlation using the
Pearson correlation coefficient. An illustration of the prior can be found in Fig. 3.
Decreasing Importance Prior. The token-wise keep probability reflects token
importance, as it determines the likelihood that a token is retained for decoding.
Tokens with higher probabilities therefore contribute more to reconstruction and
are considered more important. To shape this importance profile, we introduce
the decreasing importance prior encouraging a monotonically decreasing pattern
by penalizing upward steps (see Fig. 3):

Ldecrease =

L−1∑
i=1

max
(
0, pj,i − pj,i−1

)
. (7)

This prior encourages earlier tokens to carry higher importance than later ones.
Such a decreasing importance profile aligns with the causal structure of AR
models, where earlier tokens serve as context for subsequent predictions, thereby
improving compatibility between STAT and AR generative models. Moreover,
it induces a dropping behavior resembling the tail-dropping pattern used in the
first training stage, which motivates the name “soft tail-dropping”.
Token Budget Regularization. The above priors shape the relative allocation
of tokens across images but do not constrain the global token budget. For each
image xj , we compute the average keep probability across its tokens:

p̄j =
1

L

L−1∑
i=0

pj,i. (8)

We regularize this quantity toward a prior sparsity level p∗ = 0.5 using a KL
divergence between Bernoulli distributions:

Lsparse = KL(Bern(p∗) ∥ Bern(p̄j)) . (9)
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This term encourages the average keep probability to approach p∗, thereby con-
trolling the global token budget. In practice, p∗ serves as a soft target: recon-
struction favors keeping more tokens, while this regularization promotes token
efficiency, and their balance determines the final token usage.
Overall Objective. The adaptive tokenizer is trained with the composite loss:

L = Lrecon + LGAN + LVQ + λcontentLcontent

+λdecreaseLdecrease + λsparseLsparse.
(10)

This yields STAT, whose representations adapt to visual complexity and exhibit
a decreasing importance profile compatible with AR modeling. Please see the
supplementary material for hyperparameters and training details.
Inference. At inference time for reconstruction, tokens with keep probabilities
p > 0.5 are retained for decoding, while the remaining tokens are dropped.

3.3 Visual Generation with Adaptive Tokenizer

The primary purpose of visual tokenizers is to provide an effective representation
space for generative models. To evaluate this capability, we integrate STAT with
a vanilla AR model and demonstrate that it enables adaptive visual generation.
Tokenization. Given an image x, STAT produces a discrete token sequence
q = (q0, . . . , qL−1) together with a keep probability profile p = (p0, . . . , pL−1),
which is nearly monotonic via the prior Ldecrease. We leverage this probability
profile to enable adaptive generation by introducing a special end-of-sequence
(EoS) token. The EoS position is defined as:

teos = min{i | pi < τ}, (11)

where τ is a probability threshold randomly sampled at each iteration to allow
variable EoS positions. We replace the token at position teos with the EoS token
and discard all subsequent tokens, as illustrated in Fig. 2.
Autoregressive Modeling. STAT converts an image into a discrete sequence
terminated by an end-of-sequence (EoS) token, q = (q0, . . . , qteos−1,EoS), where
teos denotes the EoS position. The AR model is trained to model the distribution
over this sequence as:

pϕ(q) =

teos∏
t=0

pϕ(qt | q<t), (12)

where qteos = EoS, and pϕ(·) denotes the probability distribution parameterized
by the AR model with learnable parameters ϕ. Please refer to the supplementary
material for details in tokenization and autoregressive model training.

4 Experiments

In experiments, we first study the reconstruction performance of STAT. We then
evaluate STAT for image generation by integrating it with a vanilla autoregres-
sive (AR) model. Next, we conduct ablation studies to analyze the impact of our



Soft Tail-dropping for Adaptive Visual Tokenization 9

Token Count: 175
JPEG Size: 63 KB

Token Count: 195
JPEG Size: 83 KB

Token Count: 222
JPEG Size: 124 KB

Token Count: 237
JPEG Size: 145 KB

Token Count: 256
JPEG Size: 164 KB

Token Count: 208
JPEG Size: 104 KB

Ke
ep

 P
ro

ba
bi

lit
y

Token Position

Fig. 4: Keep-probability curves predicted by STAT and the resulting token counts for
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Fig. 5: Adaptive image reconstruction by STAT. Reconstructions with increasing
token budgets are shown from left to right. We observe that the predicted token count
(green) roughly aligns with the minimum tokens required for faithful reconstruction.

design components. Finally, we investigate the scalability of STAT along three
axes: task, resolution, and input domain.
Training setup. By default, STAT is trained on the ImageNet [9] training set
at a resolution of 256 × 256. The patch-embedding downsampling factor is set
to f = 16, and the vector quantizer uses a codebook of size 4096 with a code
dimension of 12. The latent token sequence length is 256. Full training details
and hyperparameter settings are provided in the supplementary material.
Metrics. We report reconstruction FID (rFID) [21] and PSNR for image recon-
struction. We evaluate generation FID (gFID) [21], Inception Score (IS) [51], and
Precision/Recall [28] for image generation. For video reconstruction, we measure
reconstruction FVD [60] (rFVD), PSNR, and LPIPS [71] to assess the quality.

4.1 Image Reconstruction

In Fig. 4, we show the keep-probability profiles learned by STAT, which allo-
cate more tokens to visually complex images. Fig. 5 shows reconstructions with
increasing token budgets, where the predicted token count corresponds to the
onset of a quality plateau and additional tokens yield marginal improvements.

Quantitative evaluation is conducted on ImageNet [9] and COCO [34]. We
compare STAT with representative 2D and 1D tokenizers. In Tab. 1, STAT
achieves the best rFID on ImageNet while using fewer average tokens than other
tokenizers, demonstrating the effectiveness of adaptive token allocation. More-
over, STAT allows flexible adjustment of the token budget at inference, either by
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Table 1: ImageNet image reconstruc-
tion at 256×256 resolution. We com-
pare STAT with representative 2D [4, 16,
36, 56] and 1D tokenizers [2, 39, 69]. STAT
achieves the best rFID while using fewer
tokens then other tokenizers. We further
evaluate different inference-time thresh-
olding (Thr 0.01) and manually increasing
the token budget (+X Tokens), which im-
proves rFID to 0.88 with an average of 240
tokens. CB denotes the codebook size.

Type Tokenizer #Tokens CB rFID↓ PSNR↑

2D Taming VQ-GAN [16] 256 16384 4.98 19.40
MaskGIT VQ-GAN [4] 256 1024 2.28 -
Open-MAGVIT2 [36] 256 262144 1.17 22.64
LlamaGen [56] 256 4096 3.02 19.99
LlamaGen [56] 256 16384 2.19 20.79

1D TiTok-L [69] 32 4096 2.21 15.96
TiTok-B [69] 64 4096 1.70 17.13
TiTok-S [69] 128 4096 1.71 17.80
FlexTok [2] 256 64000 1.08 17.70
One-D-Piece-L [39] 256 4096 1.08 19.04

1D STAT 220 4096 1.15 20.22
STAT(Thr 0.01) 230 4096 0.99 20.25
STAT(Thr 0.01 +10) 240 4096 0.88 20.02

Table 2: COCO image reconstruction
at 256×256 resolution. STAT achieves
the lowest rFID with competitive PSNR,
demonstrating strong generalization.

Tokenizer #Tokens CB rFID↓ PSNR↑

Taming VQ-GAN [16] 256 16384 19.29 19.57
LlamaGen [56] 256 16384 8.11 20.42
TiTok-S [69] 128 4096 9.22 17.27
One-D-Piece-L [39] 256 4096 8.04 17.94

STAT 221 4096 6.93 19.80

Table 3: ImageNet class-conditional
generation across tokenizers. We train
an autoregressive image generative model
(LlamaGen-XL, 775M) under the same
settings. The model trained with STAT
significantly outperforms other tokenizers.

Tokenizer #Tokens CB gFID↓ IS↑ Pre.↑ Rec.↑

LlamaGen [56] 256 16384 3.39 227.1 0.81 0.54
LlamaGen [56] 576 16384 2.62 244.1 0.80 0.57
TiTok-S [69] 128 4096 4.90 191.7 0.77 0.56
One-D-Piece-L [39] 256 4096 2.99 235.1 0.81 0.59

STAT 223 4096 2.36 244.0 0.78 0.62

lowering the threshold for keeping tokens or manually adding tokens, which fur-
ther improves rFID with a slight decrease in PSNR, indicating a trade-off where
additional tokens encourage the tokenizer to prioritize perceptual realism over
pixel-level fidelity. We further evaluate generalization on COCO, where STAT
still achieves the best rFID as shown in Tab. 2).

4.2 Image Generation

We investigate whether the strong reconstruction capacity of STAT translates
to improved generation. We integrate STAT into a vanilla AR image generation
framework using the same backbone as LlamaGen [56]. An End-of-Sequence
(EoS) token is learned to adaptively determine the effective token length during
generation. As summarized in Tab. 4, the vanilla AR model equipped with STAT
achieves generation quality comparable to state-of-the-art AR and diffusion-
based models, despite its minimalist design. This demonstrates that STAT is well
suited for AR generative modeling, improving both performance and efficiency
without requiring elaborate architectural heuristics. We further observe strong
scaling behavior when increasing the model size from 775M to 3B parameters.
While LlamaGen-STAT consistently improves with model scaling, LlamaGen
with 256 tokens largely converges at 1.4B and shows minimal gains when scaled
to 3B. These results confirm the effectiveness of STAT and the learned adaptive
AR generation scheme. Qualitative examples of adaptive generation are in Fig. 6,
where the model adjusts EoS positions according to the generated content.
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Fig. 6: Adaptive-length AR image generation with STAT. Images generated
with increasing token budgets are shown from left to right. Right images share prefix
tokens with those to the left, revealing how generation evolves as more tokens are pro-
duced. The model predicts the EoS token to adaptively terminate generation (green).

In Tab. 3, we compare different visual tokenizers within the same AR genera-
tion framework, including the improved VQ tokenizer from LlamaGen, TiTok-S,
and One-D-Piece-L. STAT delivers the best generation performance, surpassing
all baseline tokenizers by a substantial margin.

4.3 Ablation Study

We conduct ablation studies on the key design components of STAT to under-
stand the sources of its strong performance in adaptive generation.
Priors. We analyze the impact of the content-adaptive prior and the decreasing
importance prior during training. As shown in Fig. 3, removing the content-
adaptive prior causes the tokenizer to converge to a trivial solution in which
nearly all images use the same token count. The decreasing importance prior
encourages a soft tail-dropping pattern with smoothly decreasing probabilities,
aligning with the causal ordering of token importance in AR generation.
Adaptive vs. Fixed Token Allocation. To assess whether the adaptivity
learned by STAT benefits generation, we compare STAT with a controlled tok-
enizer variant that uses a fixed token count for all images under the same token
budget. As shown in Tab. 5, the fixed-token variant achieves similar reconstruc-
tion quality due to its simpler objective of learning a fixed-length representation.
However, adaptive tokenization leads to substantially better generation perfor-
mance, reducing gFID from 2.73 to 2.36. This suggests that allowing the model to
adjust token length according to the generated content improves token efficiency
and enables higher-quality generation.
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Table 4: ImageNet class-conditional image generation. We compare autore-
gressive models built on STAT with a broad range of generative approaches, includ-
ing GANs [3, 23, 52], diffusion models [10, 37, 41, 49], and AR models with bidirec-
tional [4, 32, 67, 69] or causal attention [16, 29, 35, 36, 40, 56, 58, 68]. All results are
evaluated on ImageNet-1k at 256×256 resolution. Replacing the original tokenizer in
LlamaGen with STAT improves the 3B model to a gFID of 1.75, outperforming the
LlamaGen baseline by 0.43 while using less than half the number of tokens.

Type Model #Para. gFID↓ IS ↑ Precision ↑ Recall ↑ #Tokens

GAN BigGAN [3] 112M 6.95 224.5 0.89 0.38 1
GigaGAN [23] 569M 3.45 225.5 0.84 0.61 1
StyleGAN-XL [52] 166M 2.30 265.1 0.78 0.53 1

Diffusion ADM [10] 554M 4.59 186.7 0.82 0.53 250
LDM-4 [49] 400M 3.60 247.7 – – 250
DiT-XL [41] 675M 2.27 278.2 0.83 0.57 250
SiT-XL [37] 675M 2.06 270.3 0.82 0.59 250

Bi-directional AR MaskGIT-re [4] 227M 4.02 355.6 – – 256
MAGVIT-v2 [67] 307M 1.78 319.4 – – 256
MAR-L [32] 479M 1.98 290.3 – – 64
MAR-H [32] 943M 1.55 303.7 0.81 0.62 256
TiTok-S-128 [69] 287M 1.97 281.8 – – 128

Advanced Causal AR VAR [58] 600M 2.57 302.6 0.83 0.56 680
VAR [58] 2.0B 1.92 350.2 0.82 0.59 680
SAR-XL [35] 893M 2.76 273.8 0.84 0.55 256
RAR-XXL [68] 955M 1.50 306.9 0.80 0.62 256
RAR-XL [68] 1.5B 1.48 326.0 0.80 0.63 256
RandAR-XL [40] 775M 2.25 317.8 0.80 0.60 256
RandAR-XXL [40] 1.4B 2.15 322.0 0.79 0.62 256

Vanilla Causal AR VQGAN [16] 1.4B 5.20 280.3 – – 256
RQTran.-re [29] 3.8B 3.80 323.7 – – 256
Open-MAGVIT-v2-XL [36] 1.5B 2.33 271.8 0.84 0.54 256
LlamaGen-XL-256 [56] 775M 3.39 227.1 0.81 0.54 256
LlamaGen-XXL-256 [56] 1.4B 3.09 253.6 0.82 0.53 576
LlamaGen-3B-256 [56] 3.1B 3.06 279.7 0.84 0.54 576
LlamaGen-XL-576 [56] 775M 2.62 244.1 0.80 0.57 576
LlamaGen-XXL-576 [56] 1.4B 2.34 253.9 0.80 0.59 576
LlamaGen-3B-576 [56] 3.1B 2.18 263.3 0.81 0.58 576

Vanilla Causal AR LlamaGen-STAT-XL 775M 2.36 244.0 0.78 0.62 223
LlamaGen-STAT-XXL 1.4B 1.91 290.2 0.79 0.63 227
LlamaGen-STAT-3B 3.1B 1.75 300.6 0.80 0.64 229

Soft vs. Hard Tail-Dropping. We next investigate whether the mechanism
used by STAT to achieve adaptivity contributes to improved generation perfor-
mance. During training, STAT performs token-wise dropping according to the
predicted keep probabilities. To better understand the effect of this design, we
implement a hard tail-dropping variant. This variant remains adaptive, with the
token count determined by the sum of predicted keep probabilities across token
positions, but tokens are deterministically truncated from the tail during train-
ing. As shown in Tab. 5, the hard tail-dropping variant achieves similar recon-
struction quality, since tail truncation results in a simpler distribution of masked
tokens for decoding. However, for image generation, our Soft Tail-Dropping sig-
nificantly outperforms this variant (gFID 2.36 vs. 2.67). This indicates that
the stochastic perturbation introduced by probabilistic token-wise dropping im-
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Table 5: Ablation study of STAT. We
compare various dropping settings in train-
ing and prove that the soft tail-dropping in
STAT achieves the best generation result
with strong reconstruction quality.

Reconstruction Generation
Dropping Method #Token rFID↓ PSNR↑ #Token gFID↓ IS↑ Pre.↑ Rec.↑

Fixed Token Allocation 220 1.15 20.35 220 2.73 234.2 0.77 0.62
Hard Tail-Dropping 222 1.15 20.30 223 2.67 231.2 0.76 0.63
Fixed EoS Threshold 220 1.15 20.22 221 2.49 240.7 0.79 0.61

Soft Tail-Dropping 220 1.15 20.22 223 2.36 244.0 0.78 0.62

Table 6: Text-conditional generation
on GenEval. STAT improves over the
LlamaGen [56] tokenizer across all metrics.

Tokenizer S. Obj. T. Obj. Count. Colors Position C. Attri. Overall

LlamaGen [56] 0.91 0.18 0.19 0.57 0.04 0.01 0.32
STAT 0.99 0.36 0.40 0.81 0.10 0.06 0.45

Table 7: ImageNet image reconstruc-
tion at 512×512 resolution. We evalu-
ate the scalability of STAT at a higher res-
olution and compare it with representative
image tokenizers [4, 56, 69]. Despite using
significantly fewer tokens, STAT achieves
competitive reconstruction quality. CB de-
notes the codebook size.

Tokenizer #Tokens CB rFID↓ PSNR↑

MaskGIT VQ-GAN [4] 1024 1024 1.97 -
TiTok-L-64 [69] 64 4096 1.77 -
TiTok-B-128 [69] 128 4096 1.52 -
LlamaGen [56] 1024 16384 0.70 23.03

STAT(Thr 0.5) 471 4096 0.87 20.98
STAT(Thr 0.01) 482 4096 0.82 20.98
STAT(Thr 0.01 +20) 501 4096 0.75 20.88

proves the robustness of our tokenizer to imperfect token sequences produced
during autoregressive generation.
Variable vs. Fixed EoS Threshold. Adaptive visual generation enabled by
STAT introduces an EoS token whose position is determined by a sampled
threshold τ . As a result, the same image may have different EoS positions across
training iterations due to different sampled τ values. To evaluate whether this
variability benefits generation, we compare it with a variant that uses the same
tokenizer and a fixed threshold τ = 0.5 for EoS during generation training. As
shown in Tab. 5, fixing the EoS threshold leads to worse generation quality (gFID
increases from 2.36 to 2.49). This result suggests that varying the EoS position
provide an additional form of data augmentation for generation.

4.4 Scalability of STAT

Beyond evaluation on ImageNet and COCO at 256× 256, we further study the
scalability of STAT along three axes: task, resolution, and input domain.
Task: Text-conditional Image Generation. We evaluate text-conditional
image generation by comparing STAT with the VQ tokenizer from LlamaGen [56]
on the GenEval [18] benchmark. STAT consistently outperforms the LlamaGen
tokenizer across all metrics. Example generations are shown in Fig. 7.
Resolution: Reconstruction at 512×512. We present the results in Tab. 7.
STAT achieves competitive reconstruction quality compared with LlamaGen [56],
despite using less than half the number of tokens on average.
Input Domain: Video Reconstruction. We extend STAT to the video do-
main by applying it to 16-frame video clips. As shown in Tab. 8, STAT-Video
achieves state-of-the-art reconstruction quality, obtaining the best PSNR and
LPIPS among all compared video tokenizers while maintaining competitive rFVD.
Moreover, its adaptive tokenization allows STAT-Video to further improve recon-
struction quality by increasing the token budget similar to image reconstruction.
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A steampunk airship 
floating above a 

Victorian-era city

A pineapple surfing on a 
wave

A painting of a fox in the 
style of starry night

A snowy mountain peak 
with blue sky

A colorful coral reef 
bustling with marine life

The word “START” written 
on a street surface

A painting of a sport car 
in the style of Monet

A watercolor painting of 
a small European village 

by a river

Fig. 7: Text-conditional Image Generation. Text prompts are below the images.

Table 8: UCF-101 video reconstruction at 128 × 128 resolution. We compare
STAT-Video with prior video tokenizers [1,17,33,62,63,65]. All methods are evaluated
on 16-frame clips following [33]. STAT-Video achieves the best PSNR and LPIPS with
competitive rFVD. “(+X Tokens)” denotes manually adding X more token budget
during inference, and † indicates models trained for twice as many epochs.

Tokenizer #Tokens Codebook Size rFVD ↓ PSNR ↑ LPIPS ↓

TATS [17] 1024 16384 157 24.22 0.206
OmniTokenizer [63] 1280 8192 62 27.76 0.112
ElasticTok [65] 1022 64000 230 - -
Cosmos-Tokenizer-DV [1] 1280 64000 140 - -
LARP [62] 1024 8192 24 - -
LARP† [62] 1024 8192 20 28.71 0.075
AdapTok [33] 1024 8192 36 25.72 0.114

STAT-Video 997 8192 29 28.77 0.064
STAT-Video (+100 Tokens) 1097 8192 26 29.08 0.062
STAT-Video (+200 Tokens) 1197 8192 23 29.27 0.060
STAT-Video (+300 Tokens) 1297 8192 22 29.40 0.059

5 Conclusion

We present STAT, a content-adaptive 1D visual tokenizer with probabilistic to-
ken dropping that aligns token length with image perceptual complexity. STAT
matches or surpasses state-of-the-art tokenizers in both reconstruction and gen-
eration while using fewer tokens. Our results suggest that such an adaptive tok-
enizer provides a strong inductive bias for high-dimensional generative modeling
and may help enable unified multimodal autoregressive systems.
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