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Abstract

In this work, we present a novel direction to build an image tokenizer directly on
top of a frozen vision foundation model, which is a largely underexplored area.
Specifically, we employ a frozen vision foundation model as the encoder of our
tokenizer. To enhance its effectiveness, we introduce two key components: (1) a
region-adaptive quantization framework that reduces redundancy in the pre-trained
features on regular 2D grids, and (2) a semantic reconstruction objective that aligns
the tokenizer’s outputs with the foundation model’s representations to preserve
semantic fidelity. Based on these designs, our proposed image tokenizer, VFMTok,
achieves substantial improvements in image reconstruction and generation qual-
ity, while also enhancing token efficiency. It further boosts autoregressive (AR)
generation—achieving a gFID of 1.36 on ImageNet benchmarks, while accelerating
model convergence by three times, and enabling high-fidelity class-conditional
synthesis without the need for classifier-free guidance (CFG). The code is available
at https://github.com/CVMI-Lab/VFMTok.

1 Introduction

GPT’s success in language generation has spurred interest in autoregressive (AR) image genera-
tion [42, 43, 49], which relies on visual tokenizers like VQGAN [13, 38, 42, 47, 51] to map images
into compact, discrete latent spaces. However, these tokenizers, typically trained from scratch and
optimized for reconstruction, often yield latent spaces rich in low-level details but poor in high-
level semantics and laden with redundancy. Such flawed latent spaces not only prolong AR model
training (Fig. 1) but also necessitate techniques like classifier-free guidance (CFG) for high-fidelity,
class-conditional image generation, which in turn increases inference time.

In parallel, within the field of computer vision, pre-trained vision foundation models such as DINOv2
and CLIP [9, 33, 36, 45, 57] have demonstrated strong capabilities in extracting semantically rich
and generalizable visual features. Early explorations in diffusion-based image generation—e.g.,
REPA [56]—suggest that the semantic representations learned by these models can facilitate the
training of generative models. This leads to a natural and compelling question: Can the latent features
from vision foundation models, originally designed for visual understanding, also serve as robust and
structured representations for image reconstruction and generation?

Recent studies [61, 63] have started exploring this direction by leveraging features from vision
foundation models to initialize quantizer codebooks [61, 63], augment VQGAN architectures with
additional branches [35], or distill these features to guide latent space learning [40]. Although these
approaches show promise, they typically treat foundation model features as auxiliary components
rather than fully capitalizing on their potential as generative priors. As a result, these methods
often suffer from inefficiencies and fail to fully utilize the rich semantic information embedded in
foundation model features, leaving their generative capabilities largely underexplored.
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Figure 1: VFMTok introduces novel features, including: a).region-adaptive quantization— where
it adaptively samples regions of similar patterns and extracts their VFM features for quantization;
b).convergence speed improvement compared with vanilla VQGAN [42] for AR image synthesis.

Can VFMs be effective tokenizers? To address this, we initialized the encoder of a VQGAN with
different frozen pre-trained foundation models to reconstruct images. Once trained, the tokenizer is
integrated on top of an AR model for image synthesis (implementation details depicted in Sec. 3.2)
As shown in Tab. 1 (middle rows), our results demonstrate that the semantically rich features
from these foundation models not only support effective image reconstruction but also achieve
generative performance comparable to—or even surpassing—that of a fully trained VQGAN
encoder optimized for both reconstruction and generation. These findings highlight the strong
potential of pre-trained vision foundation models to serve as efficient and effective tokenizers for
image generation tasks, eliminating the need for extensive encoder training while improving qualities.

Can we improve token efficiency for VFMs? Building on this pilot study, we are further motivated
by the observation that natural images often consist of irregular regions that exhibit recurring visual
patterns. For example, as illustrated in Fig. 1(a), the upper portion of the crystal ball exhibits con-
sistent patterns such as texture and transparency; similarly, the moss in the stone possesses similar
textural structure. When such images are represented using a regular 2D feature grid extracted from
foundation models, this structure-agnostic representation may introduce significant redundancy. Ex-
ploiting redundancy within semantically coherent regions offers a promising direction for improving
tokenization efficiency. Motivated by this insight, we propose a region-adaptive strategy to refine the
latent space that aims to enhance both image reconstruction and generation quality while significantly
improving token representation efficiency.

Table 1: Pilot study of image reconstruction and generation
on ImageNet [10]. Relative wall-clock inference time for the
tokenizer (compared to VFMTok) is reported. L.P. denotes
linear probing results on the ImageNet validation set, used to
estimate the semantic quality of latent tokens.

Setup Image Recon. AR Generation L.P.
#Tok. rFID↓ rIS↑ gFID↓ gIS↑ Time (%)

VQGAN [42] 576 0.95 197.3 3.71 228.3 4.3 23.1

VQGAN (CLIP) 1.47 182.0 3.45 221.2 4.0 59.5
VQGAN (SigLIP2) 0.96 198.4 3.39 267.8 4.0 55.5
VQGAN (DINOv2)

576
0.99 206.3 3.34 268.6 4.0 56.4

VFMTok (CLIP) 0.99 200.1 3.40 274.7 1.0 63.9
VFMTok (SigLIP2) 0.94 218.7 3.01 280.8 1.0 78.5
VFMTok (DINOv2)

256
0.89 215.4 3.08 274.2 1.0 69.4

Our solution and results. Guided
by the preceding experimental anal-
ysis and insights, we introduce
VFMTok, an image tokenizer that
leverages a frozen pre-trained vi-
sion foundation model for adaptive
region-level tokenization. VFM-
Tok is designed to achieve high re-
construction and generation qual-
ity with improved token efficiency.
Specifically, VFMTok employs a
frozen pre-trained VFM as an en-
coder to extract multi-level seman-
tic features. A set of learnable an-
chor queries performs region-level
sampling on these features via de-
formable attention [62], producing region-adaptive tokens that are subsequently quantized into
discrete tokens representing the image’s latent representation. These contextual tokens are then
processed by a lightweight Vision Transformer [12](ViT) in a BERT-style framework [11, 15] with
two primary reconstruction objectives. First, the original image pixels are reconstructed after de-
quantization using a VQGAN [42] decoder. Then, the model reconstructs the features from the frozen
foundation model itself, allowing VFMTok to retain the semantic richness and discriminative power
of the original representations. Once trained, VFMTok enables standard autoregressive Transformers
(e.g., Llama [44]) to generate contextual token sequences, which are decoded back into images via
the VQGAN decoder, facilitating high-quality image synthesis with compact and semantically mean-

2



ingful representations. As shown in Tab. 1 (bottom rows), VFMTok achieves superior reconstruction
and generation performance while using fewer than half the original number of tokens (256 vs. 576).

Extensive experiments validate that VFMTok, by combining the representational power of visual
foundation models with a novel region-adaptive tokenization strategy based on irregular sampling
and learnable anchor queries, enables both high-quality and efficient image reconstruction and
autoregressive (AR) generation. First, VFMTok achieves superior reconstruction quality and captures
richer semantics using significantly fewer tokens compared to prior methods (e.g., 256 vs. 576 in [42]),
resulting in a structured, semantic-aware, and compact latent space. As shown in Tab. 1, VFMTok,
with only 256 tokens, outperforms other tokenizers using the same VFM encoder by delivering
superior reconstruction quality and stronger semantic representation (as indicated by linear probing).
Second, the high-quality latent space produced by VFMTok facilitates effective AR training using a
simple LLaMA-based model, leading to faster convergence (see Fig. 1(b)) and improved generation
performance. Notably, the 1.4B AR model surpasses the performance of LlamaGen-3B despite having
fewer parameters and requiring fewer training iterations. The 1.5B advanced AR model achieves a
new state-of-the-art with a gFID of 1.36 on ImageNet [10] 256× 256, outperforming widely-used
diffusion models. Third, due to the compact token space and the reduced number of tokens, VFMTok
significantly improves the inference speed of AR models (see Tab. 1). Moreover, the rich semantic
content embedded in the latent tokens enables effective class-conditional image synthesis with high
fidelity—without the need for classifier-free guidance—further reducing inference time.

Our contributions can be summarized as follows:

• We demonstrate that frozen vision foundation models—ranging from self-supervised to language-
supervised—are effective for image reconstruction and generation. Leveraging their semantic
richness enhances the tokenizer and enables AR generation models to converge faster and perform
high-fidelity, CFG-free image synthesis, without bells and whistles.

• We propose a region-adaptive tokenization framework that effectively leverages inherent redundan-
cies in image regions to achieve compact tokenization. This approach reduces the number of visual
tokens while enhancing performance, enabling efficient AR generation without sacrificing quality.

• Extensive experiments validate the effectiveness of our approach in both image reconstruction
and AR generation, establishing pre-trained vision foundation models as powerful tokenizers for
high-quality and efficient image generation.

2 Related Work

Image Tokenization using Autoencoders. Pixel-space images are highly redundant. Autoencoder-
based tokenizers [29, 42, 43, 53] create compact latent tokens to reduce redundancy. VQVAEs [21,
38, 47] and their derivatives evolved using adversarial losses [13], Transformers [51], multistage
quantization [24, 59], lookup-free methods [29, 31], and codebook initialization from pre-trained
features [61, 63]). These 2D tokenizers map features to a static 2D grid, which limits redundancy
exploration. Recent 1D tokenizers [1, 32, 48, 55] offer superior compression, reconstruction, and
redundancy removal, but often require complex and lengthy training. For example, TiTok [55]
requires a two-stage process (warming up and fine-tuning) for 200 epochs. Our VFMTok adopts a
novel region-adaptive tokenization framework to reduce redundancy. With a simpler training strategy
for only 50 epochs, VFMTok exhibits discriminative semantics and excellent generation results.
Vision Foundation Models. Vision Foundation Models (VFMs) [3, 6, 14, 16, 17, 20, 33, 36, 45,
57] aim to learn general, transferable visual representations from large-scale, diverse data. The
training of these versatile models has shifted from early supervised approaches to more scalable
self-supervised learning [3, 6, 9, 11, 14–16, 33], which leverages inherent data structures. More
recently, language-supervised pre-training [20, 45, 57] on vast image-text pairs has enabled VFMs to
learn rich, semantically grounded representations. Pre-trained VFMs serve as powerful backbones
for a wide array of downstream tasks. In this work, we utilize pre-trained VFMs directly as image
tokenizers for AR image generation, surpassing other methods [61, 63] with superior performance.
Furthermore, using VFMs as tokenizers enables the removal of classifier-free guidance.
Autoregressive Image Generation. GPT-style Transformers [5, 24, 37, 42, 43, 46] have spurred
interest in autoregressive (AR) image generation, which predicts visual token sequences. While early
AR models operated in pixel space [5, 46], current methods [24, 42, 43, 51] generate discrete latent to-
kens via next-token prediction, then decode them to pixels using a tokenizer’s decoder [13, 38, 47, 51].
To improve the generation quality, recent works [25, 43, 49] add bidirectional attention (e.g., VAR’s
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next-scale prediction [43], MAR’s BERT-style framework [25], Show-o’s hybrid attention [49]).
These innovations, however, complicate designing universal, multi-modal Transformers adhering to
next-token prediction. Instead, our VFMTok enables standard AR transformers to generate contextual
token sequences for subsequent decoding, eliminating complex structural modifications.

3 Method

In this section, we first provide preliminary background on quantized image tokenizers. We then
present our pilot studies exploring the use of vision foundation models for tokenization. Finally, we
introduce VFMTok, a novel tokenizer built upon frozen vision foundation models, incorporating
region-adaptive strategies to enhance both the efficiency and effectiveness of the tokenization process.

3.1 Preliminary

Quantized Image Tokenizer. To apply autoregressive modeling to visual generation, existing
methods [42, 43, 51, 52] necessitate an image tokenizer to map a 2D image into discrete token
sequences for AR generation. To achieve this, quantized autoencoders, such as VQVAEs [13, 38,
42, 43, 47, 51, 61], are widely used. Typically, an image tokenizer consists of an encoder E(·), a
quantizer VQ(·), and a decoder D(·). Given an input image I ∈ RH×W×3, the encoder E(·) first
convert an image into patch embeddings Z2D ∈ R

H
f ×W

f ×D with spatial down-sampling factor f .
Then, Z2D is fed into the quantizer VQ(·) that includes a learnable codebook C ∈ RN×D with N
vectors. Each feature vector zi ∈ RD is mapped into its nearest vector ci ∈ RD in the codebook C.

Z2D = E(I) ,
VQ(zi) = ci, where i = argmin

j∈{1,2,...,N}
∥zi − cj∥2 , (1)

where H and W denote the input image’s height and width, respectively. D depicts the latent feature
dimension. Once discrete tokens are acquired, they can be de-quantized into corresponding code and
converted back to image pixels by the decoder D(·), as depicted in Eq. (2).

Î = D(VQ(Z2D)) . (2)

To optimize the codebook, the training objective is Lvq =
∑

∥sg(zi)− ci∥22 + β · ∥sg(ci)− zi∥22,
where sg(·) is a stop-gradient function [2, 47]. The second term is a commitment loss weighted
by β to align extracted features with codebook vectors. For image reconstruction, the loss function
is LAE = L2(I, Î) + LP (I, Î) + λG · LG(̂I), where L2 is a pixel-wise reconstruction loss, LP is
perceptual loss from LPIPS [58], and LG is adversarial loss from PatchGAN [19] with weight λG.

3.2 Pilot Study: Pre-trained Vision Foundation Models as Tokenizers for AR Generation

To assess whether a pre-trained VFM can serve as a tokenizer for image reconstruction and benefit
image generation, we performed a pilot study. In our setup, we extract the final 2D grid features from
images of size 336× 336 using a frozen VFM, such as DINOv2, CLIP, and SigLIP2. These features,
after quantization, are fed into a VQGAN [42] decoder for image reconstruction. Once trained, the
tokenizer is integrated on top of a Llama-based AR model for image synthesis. Additionally, the
training duration for VQGANs and AR models is 50 and 100 epochs, respectively.

As Tab. 1 illustrates, directly using features from pre-trained VFMs yields decent image reconstruction
and generation performance compared to vanilla VQGANs. Notably, these VFM-based tokenizers
consistently exhibit stronger semantic representation capabilities (as indicated by the linear probing
experiment in Tab. 1). For instance, VQGAN (SigLIP2) achieves reconstruction performance on par
with vanilla VQGAN, while exhibiting better semantic representation and superior generation quality.
Nevertheless, variations in image reconstruction and generation quality arise when different VFMs are
used to initialize the tokenizer’s encoder. Specifically, VQGAN (DINOv2) and VQGAN (SigLIP2)
demonstrate similar reconstruction and generation quality, both outperforming vanilla VQGAN, while
the reconstruction quality of VQGAN (CLIP) trails that of vanilla VQGAN. One contributing factor
is that different learning objectives used to train VFMs influence their ability to extract detailed and
semantic features from images, thereby affecting downstream image reconstruction and generation
quality. As evidence, both DINOv2 [9] and SigLIP2 [45] employed a masked prediction objective to
optimize their VFMs, whereas CLIP [36] did not.
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3.3 VFMTok

Building upon the semantically rich features provided by vision foundation models—typically
structured as regular 2D grids—we introduce VFMTok, a region-adaptive tokenizer that identifies
semantically coherent, irregular local regions to produce region-adaptive tokens. These tokens are
sequentially quantized for decoding, with tailored learning objectives to enhance performance. In
the following, we detail the architecture of VFMTok, including its region-adaptive token generation
module and dedicated decoder for both image and feature reconstruction. We further describe the
training objectives, which combine a pixel-level reconstruction loss for image synthesis with a feature
reconstruction loss that preserves the semantic content of the foundation model’s representations.
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image mask embedding

foundation model features
shared positional embeddings

region-adaptive tokens
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image latent features
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Figure 2: The framework of VFMTok. VFMTok utilizes a frozen VFM to extract multi-level image
features. A deformable Transformer then processes these features with learnable grid queries to
generate region-adaptive tokens. After quantization, these tokens are fed into a shared ViT for dual
reconstruction: 1) VFM features, targeting similarity with the VFM’s last-layer outputs, and 2) image
latent features, which are reshaped to a 2D grid and decoded into pixels.

Region-adaptive Token Generation. Following our pilot study, we utilize a frozen pre-trained
vision foundation model (VFM) to encode an input image I into latent embeddings F . Since features
extracted from VFMs contain rich details in shallower layers and high-level semantics in deeper
layers [7, 27, 28]—both of which are critical for image reconstruction—we extract multi-level features
Fm from the VFM. These multi-level features are then projected to a uniform embedding dimension
using a two-layer MLP. Next, as shown in Fig. 2, based on the multi-level features Fm, we introduce
a region-adaptive sampling mechanism using deformable cross-attention layers [8, 62]. A set of
learnable anchor queries, initialized as a 2D grid, are iteratively refined through multiple deformable
attention layers. In each layer, an anchor query predicts sampling offsets for each VFM feature
level via a linear layer, enabling sampling from irregular, data-dependent positions. These sampled
features are then weighted using attention scores—computed through another linear layer—and
aggregated to update the query. Through this process, the anchor queries are progressively refined to
capture semantically coherent, region-specific information. The final refined queries are referred to as
region-adaptive tokens Zr, which are subsequently quantized into discrete tokens Z̃r. Compared to a
fixed 2D feature grid, VFMTok adaptively aggregates features from semantically coherent, irregular
regions. This substantially reduces redundancy, enabling the use of fewer tokens while maintaining
superior image reconstruction and generation performance. As shown in Tab. 1, just 256 semantically
rich tokens from VFMTok are sufficient to achieve high-fidelity reconstruction and generation.

Vector Quantization. Once the continuous region-adaptive tokens Zr are obtained, a quantizer
Qc(·) is applied to discretize them into region-adaptive discrete tokens Z̃r. Given that the design of
the codebook plays a critical role in the performance of an image tokenizer, we follow the practices
in [42, 51] by applying ℓ2-normalization to the codebook vectors. Additionally, we adopt a low-
dimensional embedding space with a large codebook size to enhance both reconstruction quality and
codebook utilization following [42, 51].

Decoder of VFMTok for Image and VFM Feature Reconstruction. After de-quantization, the
region-adaptive tokens Z̃r are used for image reconstruction. Since these tokens represent irregular,
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region-level features, decoding them into a regular 2D image grid requires alignment. To achieve this,
we introduce a set of mask tokens MI, representing a 2D feature map of size Hm ×Wm with channel
dimension C. The mask tokens are initialized by replicating a single learnable token Hm×Wm times.
Position embeddings E, encoding spatial locations, are then added to form position-aware masked
tokens. Next, the de-quantized region-adaptive tokens Z̃ are concatenated with MI, and the combined
sequence is processed by a lightweight Transformer EViT(·), which propagates information from the
region-adaptive tokens to the masked image tokens. This Transformer employs causal self-attention,
aligning its latent space with the structure of autoregressive models. Following DINOv2 [9], we
further enrich the input sequence by appending a [CLS] token and several register tokens to improve
representation learning and capture global context—though these are not used for reconstruction. The
output of this Transformer is a refined set of mask tokens FI representing a regular 2D grid structure.
These are reshaped into a spatial grid and passed into a decoder D(·) to reconstruct the image.

To preserve the semantic integrity of the VFMTok tokens, we also reconstruct high-level features
(specifically, from the final layer) of the vision foundation model (VFM). This process mirrors
image reconstruction: a new set of mask tokens Mf is initialized and augmented with positional
embeddings E, shared with those used in image reconstruction. The concatenation of Zr and Mf is
then processed by the same shared Transformer EViT(·) to produce FP, the reconstructed high-level
VFM feature map. By sharing EViT(·) between image and feature reconstruction, we reduce the
model’s parameter footprint while ensuring the semantic fidelity of the latent tokens. Note that the
VFM feature reconstruction is only applied during tokenizer training.

Training Objective. For tokenizer optimization, we follow the training objectives of VQGAN [13,
42], with one key modification: we replace its original discriminator with a pre-trained DINOv1-S [3]
model. This substitution provides adversarial training guidance in a more semantically meaningful
way compared to conventional discriminators such as PatchGAN [19], and we find it consistently
improves reconstruction quality. In addition to image reconstruction, we incorporate a feature
reconstruction objective by computing the cosine similarity loss between the reconstructed features
and the corresponding frozen features from the pre-trained vision foundation model (VFM). The
overall training loss is defined as: L = α ·LAE+λ ·Lsim, where LAE denotes the image reconstruction
loss and Lsim is the feature reconstruction loss. In our experiments, we set both α and λ to 1.

3.4 Autoregressive Image Generation

Once VFMTok is trained, the optimized discrete region-adaptive tokens Z̃r can be integrated into an
autoregressive (AR) Transformer, where they are generated sequentially via a next-token prediction
mechanism, conditioned on a class or text embedding c. The generated tokens are then passed through
the Transformer encoder EViT(·) to produce latent image features FI, which are subsequently decoded
into images using the decoder D(·). In the AR model, the region-adaptive tokens Z̃r are augmented
with positional embeddings—specifically 2D Rotary Position Embeddings (RoPE) [41]—to better
capture their spatial locality and structure.

4 Experiment

4.1 Setup

Image Tokenizer. In the main experiment, we initialize the encoder of VFMTok with a frozen
pre-trained DINOv2-L [9]. Considering its composition of 24 Transformer layers, we extract features
from the 6th, 12th, 18th, and 24th layers to create multi-level features. Consistent with [42, 55], we
set the codebook vector dimension of the quantizer to 12 with a codebook size of 16384, to achieve a
better reconstruction quality and efficient codebook utilization. Meanwhile, VFMTok utilizes 256
tokens to represent an image. Besides, the depth of the Transformer is set to 6 (following [62]). The
model is trained on the ImageNet [10] training set and evaluated on its validation set.

Given that the resolution of vision foundation models (VFMs) [9, 20, 36, 45, 57] is typically 336×336,
while VFMTok represents images with fixed 256 tokens by default, it’s comparable to vanilla
tokenizers [13, 42, 61]. Thus, we train the tokenizer on 336 × 336 images. Except this, we keep
the training settings unchanged as LlamaGen [42]. During evaluation, the reconstructed images of
336× 336 are resized to 256× 256 for evaluation, which is consistent with the evaluation procedure
in LlamaGen [42].

6



Class-conditional Autoregressive Image Generation. Following the generation procedure in
LlamaGen [42], the AR models first generate images of 336× 336 and then resize them to 256× 256
for evaluation. Considering computational costs, we set the training duration based on the number
of models’ parameters. Models with fewer than 1B parameters are trained for 300 epochs, while
the remaining models are trained for 200 epochs. Beyond the resolution and training duration, all
models are trained with the same settings as LlamaGen [42]. Furthermore, we also incorporated the
same VFMTok into the RAR [54] autoregressive generation framework, with all training settings
remaining consistent with RAR [54]. Additionally, in our experiments, AR generation is conducted
with both classifier-free guidance (CFG) and a CFG-free protocol.

Evaluation metrics. To evaluate image generation performance, we use Fréchet inception distance
(FID) [18] and Inception Score (IS) [39] as the main metrics to measure the generation quality of
different models. In addition, sFID, Precision, and Recall [23] are also reported following [42].

Table 2: Comparison with other image tokenizers. oim. indicates
trained on OpenImages [22]. Qc/QP denotes the codebook usage
in contextual and patch-level quantizers, respectively.

Method Tokenizer Setup Image Recon. Usage (%)↑
f Size Dim. #Tok. rFID↓ rIS↑ QC QP

TiTok [55] – 8192 64 256 1.05 191.5 100 –
ImageFolder [26] – 32768 32 286 0.69 201.5 100 –

VQGANoim. [13]

8

256 4

1024

1.44 – – –
VQGAN [13] 8192 256 1.49 – – –
ViT-VQGAN [51] 8192 32 1.28 192.3 – 95.0
VQGANoim. [13] 16384 4 1.19 – – –

VQGAN [13]
16 1024 256 256 7.94 – – –

MaskGiT [4] 2.28 – – –
VAR [43] 4096 32 680 0.92 196.0 – 100

RQ-VAE [24] 32 16384 256 1024 1.83 – – –

VQGAN [13]
16 16384

256 256 4.98 – – –
VQGAN [42] 8 441 1.21 189.1 – 99.2
VQGAN [42] 576 0.95 197.3 – 99.7

VFMTok (Ours) – 16384 12 256 0.89 215.4 100 –

4.2 Main Results

Image Reconstruction. We
compare VFMTok against rep-
resentative 2D image tokeniz-
ers, VQGAN [13], MaskGiT [4],
ViT-VQGAN [51], and 1D tok-
enizer, TiTok [55]. As shown in
Tab. 2, our tokenizer represents
an image with just 256 tokens,
considerably fewer than some
counterparts. For instance, the
VQGAN variant LlamaGen [42]
uses 576 tokens, while VQ-
GAN [13] and ViT-VQGAN [51]
even utilize up to 1024 tokens.
Despite this efficiency, VFMTok
achieves a strong rFID of 0.89,
and further demonstrates 100%
utilization of the codebook.

The rIS score of 215.4 achieved
by VFMTok significantly out-
performs other methods, e.g.,
TiTok [55] and the VQGAN series. The rIS metric quantifies the KL-divergence between the original
label distribution and the logit distribution of reconstructed images after softmax normalization,
thereby measuring the semantic consistency between reconstructed and original images. The higher
rIS confirms VFMTok is more effective at preserving semantic consistency during reconstruction.

Class-conditional Image Generation. We evaluate VFMTok on vanilla autoregressive models –
LlamaGen [42], and advanced generative model – RAR [54] with different scales by conducting
256× 256 class-conditional image generation task on ImageNet [10], where comparing them with
the mainstream generation models, including diffusion models (Diff.) [30, 34, 50, 60], BERT-style
masked-prediction models (Mask.) [4], and AR generation models (AR) [13, 24, 38, 42, 51, 55].

As shown in Tab. 3, our models exhibit competitive performance across all metrics compared to
mainstream image generation models. Notably, VFMTok beats BERT-style models [4] in terms
of gFID without the requirement of complicated sampling tuning. With comparable or even fewer
parameters, our method surpasses most AR generative models [13, 24, 38, 51, 55] in both gFID and
gIS metrics. Under the same training setting, VFMTok surpasses LlamaGen [42] by significant gFID
gains and notable gIS improvements. Specifically, VFMTok-B outperforms LlamaGen-B [42] with
gains of 2.56 in gFID and 69.7 in gIS. Besides, our VFMTok-L model achieves a gFID of 2.75 at
300 epochs, also obtaining a gain of 22.7 in gIS. Notably, when compared with LlamaGen-3B with
3B parameters, our VFMTok-XXL achieves even better generation performance with less than half
the number of parameters and fewer training iterations. Futhermore, when VFMTok is incorporated
into RAR [54], it achieves a generative performance with gFID of 1.36, which is the state-of-the-art
generation performance at present. Additionally, class-conditional image generation results are
visualized in the Appendix.
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Table 3: Class-conditional image generation quality estimated on ImageNet [10] validation bench-
mark. † indicates it is implemented by us, and ‘-re’ indicates using rejection sampling.

Type Method #Epoch #Para. #Tok. Generation w/ CFG Generation w/o CFG
gFID sFID gIS Pre. Rec. gFID sFID gIS Pre. Rec.

Diff.

MaskDiT [60] 1600 675M

–

2.28 5.67 276.6 0.80 0.61 5.69 10.34 177.9 0.74 0.60
DiT [34] 1600 675M 2.27 4.60 278.2 0.83 0.57 9.62 6.85 121.5 0.67 0.67
SiT [30] 1600 675M 2.06 4.50 270.3 0.82 0.59 8.61 6.32 131.7 0.68 0.67
FasterDIT [50] 400 675M 2.03 4.63 264.0 0.81 0.60 7.91 5.45 131.3 0.67 0.69

Mask. MaskGiT [4] 555 227M 256 – – – – – 6.18 – 182.1 0.80 0.51
MaskGiT-re 4.02 – 355.6 – – – – – – –

AR

VAR [43] 350 310M 680 3.30 – 274.4 0.84 0.51 – – – – –

TiTok-B† [55] 300 111M 256 6.76 7.82 175.3 0.85 0.43 19.6 57.9 7.54 0.64 0.60
TiTok-L† [55] 343M 4.03 6.93 219.5 0.84 0.52 11.4 88.8 7.14 0.68 0.64

LlamaGen-B

300

111M

576

6.09 7.24 182.5 0.85 0.42 32.2 11.84 39.9 0.57 0.61
LlamaGen-L 343M 3.07 6.09 256.1 0.83 0.52 19.1 8.67 64.3 0.61 0.67
LlamaGen-XXL 1.4B 2.34 6.00 253.9 0.81 0.60 14.6 8.69 86.3 0.63 0.68
LlamaGen-3B 3.1B 2.19 5.97 263.3 0.82 0.58 9.38 8.24 112.9 0.69 0.67

RAR-L [54]
400

461M
256

1.70 – 299.5 0.82 0.58 6.72 5.56 129.2 0.74 0.61
RAR-XL [54] 955M 1.50 – 306.9 0.80 0.62 4.62 5.27 158.3 0.77 0.62
RAR-XXL [54] 1.5B 1.48 – 326.0 0.80 0.63 3.85 5.18 176.2 0.78 0.61

VFMTok-B 111M 3.43 5.88 252.2 0.85 0.53 3.09 5.67 173.6 0.80 0.58
VFMTok-L 300 343M 2.75 5.58 278.8 0.84 0.57 2.11 5.46 230.1 0.82 0.60
VFMTok-XXL 200 1.4B 2.19 5.53 278.0 0.83 0.60 1.95 5.65 259.3 0.82 0.62
VFMTok-3B 200 3.1B

256

2.07 6.23 280.4 0.81 0.62 2.04 5.43 267.6 0.82 0.61

RAR-L(VFMTok) 461M 1.44 6.03 312.8 0.78 0.66 2.02 5.51 210.4 0.79 0.63
RAR-XL(VFMTok) 955M 1.38 5.86 310.2 0.78 0.65 1.74 5.33 233.0 0.80 0.63
RAR-XL(VFMTok)

400
1.5B

256
1.36 5.85 301.3 0.78 0.66 1.65 5.55 253.7 0.80 0.63

VFMTok-L(SigLIP2) 300 343M
256

2.69 5.31 273.4 0.84 0.56 2.11 5.39 225.6 0.81 0.60
VFMTok-XXL(SigLIP2) 200 1.4B 2.16 5.45 272.0 0.83 0.60 1.98 5.53 265.3 0.82 0.62
VFMTok-2B(SigLIP2) 200 2.2B 2.17 5.43 281.4 0.83 0.60 1.98 5.41 269.7 0.82 0.62

Furthermore, we conducted experiments by removing classifier-free guidance (CFG). Remarkably,
the generation results without CFG show that most evaluation metrics—such as sFID, Precision, and
Recall—remain comparable to those obtained with CFG. While gIS experiences a slight decline,
gFID improves compared to its CFG-enabled counterpart. Similar trends are observed when VFM-
Tok’s encoder is replaced with other frozen pre-trained vision foundation models like SigLIP2 [45].
These results demonstrate that our method supports high-fidelity autoregressive image generation
even without CFG, which significantly accelerates inference. In contrast, baseline methods suffer
substantial performance degradation without CFG—for example, LlamaGen-3B model sees gFID
worsen to 9.38, whereas our 1.4B model VFMTok-XXL achieves a gFID of 1.95 without CFG.

4.3 Ablation Study and More Analysis

Component study. To assess the contribution of each proposed component to image reconstruction
and synthesis, we conduct a step-by-step component analysis using a baseline tokenizer built on
vanilla VQGAN [42]. We incrementally add the following components: (1) replace the VQGAN
encoder with a frozen pre-trained foundation model (DINOv2-L [9]); (2) introduce learnable queries
and a deformable attention for region-adaptive tokenization, using only single-level features from the
final layer; (3) incorporate multi-level features to enrich representations with both low-level detail
and high-level semantics; and (4) add a feature reconstruction objective based on pre-trained VFM
outputs. After training each tokenizer, we integrate it with our AR generation model, VFMTok-L,
for autoregressive image synthesis. Both the tokenizer and AR model are trained for 50 epochs.
Additionally, we perform linear probing on the [CLS] token, following the MAE [15] protocol.

As shown in Tab. 4, replacing VQGAN’s encoder with a frozen pre-trained vision foundation model
yields reconstruction and generation performance on par with a VQGAN trained specifically for
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visual reconstruction using 576 tokens. This substitution also significantly enhances the semantic
quality of the tokenizer’s representations. To further improve token efficiency, we introduce region-
adaptive tokenization using deformable attention to exploit the spatial redundancy inherent in regular
2D grid features. This reduces the number of visual tokens to 256. However, this performance
gain comes at a cost: reconstruction and generation quality degrade slightly due to two factors:
(1) fewer visual tokens limit representational capacity, and (2) the absence of explicit supervision
hinders the effective optimization of the region-adaptive tokens. To address this, we incorporate
multi-level feature extraction, which improves the reconstruction capability by leveraging both low-
and high-level information. However, without additional guidance, the semantic consistency of
the learned tokens may still degrade. Finally, we introduce a pre-trained feature reconstruction
objective, which significantly boosts both image reconstruction and generation quality. This objective
encourages alignment with semantic features from the frozen VFM and effectively balances the contri-
butions of low- and high-level features to the contextual tokens—thereby preserving semantic fidelity.

Table 4: Ablation study on VFMTok’s components.

Setup Image Recon. Usage AR Gen. L.P.
#Tok. rFID↓ rIS↑ QC ↑ gFID↓ gIS↑ (%)

VQGAN 576 0.95 197.3 99.7% 3.71 228.3 23.1
+ Frozen VFM 0.99 206.3 100% 3.69 267.5 56.4

+ Region Adapt.
256

1.20 199.0
100%

3.98 241.6 41.5
+ Multi-level Feat. 0.92 199.5 3.71 251.1 22.7
+ Reconstruct Feat. 0.89 215.4 3.42 277.3 69.4

- Frozen VFM 256 0.95 196.3 100% 3.73 248.7 59.1

With these three key components—
(1) deformable attention for region-
adaptive tokenization to reduce re-
dundancy, (2) multi-level features
for enhanced reconstruction, and (3)
feature reconstruction loss for se-
mantic alignment—VFMTok pro-
duces compact, semantically rich,
and efficient tokens. Using only
256 tokens, VFMTok outperforms
its VQGAN baseline with 576 to-
kens in reconstruction quality, generative performance, and semantic representation. Supplemental
ablations are discussed in the Appendix.

Convergence and efficiency analysis. Beyond above analysis, we experiment VFMTok with
a randomly initialized encoder instead of a pre-trained VFM with other components remaining
unchanged. As shown in Tab. 4 (last row), its reconstruction quality dropped to the level of VQGAN.
Meanwhile, both its semantic representation capability and generation performance also decreased.
This indicates a frozen VFM benefits tokenizer training as it provides a latent space advantageous
for image reconstruction and generation. Besides, those semantic-rich, structured latent tokens
accelerate AR model training convergence. As evidenced in Fig. 1(b), VFMTok enables AR models
to achieve a 3× speedup in convergence compared to VQGAN. Moreover, an AR model’s generation
time is quadratically proportional to the number of tokens. At the same resolution, VFMTok uses
approximately half the tokens for image representation compared to counterparts like DINOv2-
VQGAN and CLIP-VQGAN. Consequently, VFMTok achieves a 4× generation speedup over these
counterparts depicted in Tab. 1. This acceleration can be further enhanced with CFG-free generation.

5 Conclusion

In this work, we have demonstrated that frozen pre-trained vision foundation models (VFMs)—
ranging from self-supervised to language-supervised– are sufficient for high-quality image recon-
struction and generation. To fully exploit their potential while addressing the redundancy inherent in
2D feature grids, we introduce VFMTok, a novel image tokenizer that incorporates region-adaptive
tokenization to enhance token efficiency. By reducing feature redundancy, integrating multi-level
feature representations, and introducing a semantic-preserving feature reconstruction objective,
VFMTok yields a compact and semantically rich latent space. This facilitates high-quality image
reconstruction and generation, accelerates convergence in autoregressive (AR) models, and enables
efficient, high-fidelity, classifier-free (CFG-free) image synthesis—without the need for additional
heuristics. Furthermore, the reduced number of tokens significantly lowers the computational cost of
AR inference, making the approach both scalable and effective. Looking forward, the rich semantic
structure of the learned latent space offers exciting potential for extending this work toward unified
visual generation and understanding.
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NeurIPS Paper Checklist

The checklist is designed to encourage best practices for responsible machine learning research,
addressing issues of reproducibility, transparency, research ethics, and societal impact. Do not remove
the checklist: The papers not including the checklist will be desk rejected. The checklist should
follow the references and follow the (optional) supplemental material. The checklist does NOT count
towards the page limit.

Please read the checklist guidelines carefully for information on how to answer these questions. For
each question in the checklist:

• You should answer [Yes] , [No] , or [NA] .
• [NA] means either that the question is Not Applicable for that particular paper or the

relevant information is Not Available.
• Please provide a short (1–2 sentence) justification right after your answer (even for NA).

The checklist answers are an integral part of your paper submission. They are visible to the
reviewers, area chairs, senior area chairs, and ethics reviewers. You will be asked to also include it
(after eventual revisions) with the final version of your paper, and its final version will be published
with the paper.

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation.
While "[Yes] " is generally preferable to "[No] ", it is perfectly acceptable to answer "[No] " provided a
proper justification is given (e.g., "error bars are not reported because it would be too computationally
expensive" or "we were unable to find the license for the dataset we used"). In general, answering
"[No] " or "[NA] " is not grounds for rejection. While the questions are phrased in a binary way, we
acknowledge that the true answer is often more nuanced, so please just use your best judgment and
write a justification to elaborate. All supporting evidence can appear either in the main paper or the
supplemental material, provided in appendix. If you answer [Yes] to a question, in the justification
please point to the section(s) where related material for the question can be found.

IMPORTANT, please:

• Delete this instruction block, but keep the section heading “NeurIPS Paper Checklist",
• Keep the checklist subsection headings, questions/answers and guidelines below.
• Do not modify the questions and only use the provided macros for your answers.

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: The abstract and the introduction clearly state that we aim to improve the
effectiveness of AR generation method and we summarize the main contributions of our
paper in the end of the introduction.
Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
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Justification: The limitation of this work will be discussed in the Appendix.
Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [NA]
Justification: There is no theory assumptions in our paper. Therefore, there is no need to
provide proof in this work.
Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: We describle the main experiment setting in Sec.4.1 and more implementation
details can be found in the Appendix.
Guidelines:
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• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: We use open-source datasets, e.g., ImageNet-1K. The code will be released to
reproduce the main reported results in this paper.

Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.
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• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: We provide the experimental setting and details in Sec. 4.1 and the Appendix.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.

7. Experiment statistical significance
Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [No]

Justification: The experiments do not include error bars.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: Details on compute resources are provided in the Appendix.

Guidelines:

• The answer NA means that the paper does not include experiments.
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• The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

• The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

• The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?
Answer: [Yes]
Justification: The research conducted in the paper conform with the NeurIPS Code of Ethics.
Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).
10. Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
Answer: [Yes]
Justification: Potential social impacts are discussed in the Appendix.
Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?
Answer: [NA]
Justification: The paper poses no such risks.
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Guidelines:
• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?
Answer: [Yes]
Justification: The original papers of assets are properly cited and we follow the original
license of these assets.
Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the package

should be provided. For popular datasets, paperswithcode.com/datasets has
curated licenses for some datasets. Their licensing guide can help determine the license
of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [NA]
Justification: The paper does not release new assets.
Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
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Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [NA]
Justification: The core method development in this research does not involve LLMs as any
important, original, or non-standard components.
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/
LLM) for what should or should not be described.
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