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Abstract

The emergence of visual autoregressive (AR) models has
revolutionized image generation while presenting new
challenges for synthetic image detection. Unlike previ-
ous GAN or diffusion-based methods, AR models gen-
erate images through discrete token prediction, exhibit-
ing both marked improvements in image synthesis qual-
ity and unique characteristics in their vector-quantized
representations. In this paper, we propose to lever-
age Discrete Distribution Discrepancy-aware Quantization
Error (D3QE) for autoregressive-generated image detec-
tion that exploits the distinctive patterns and the frequency
distribution bias of the codebook existing in real and fake
images. We introduce a discrete distribution discrepancy-
aware transformer that integrates dynamic codebook fre-
quency statistics into its attention mechanism, fusing se-
mantic features and quantization error latent. To evaluate
our method, we construct a comprehensive dataset termed
ARForensics covering 7 mainstream visual AR models.
Experiments demonstrate superior detection accuracy and
strong generalization of D3QE across different AR models,
with robustness to real-world perturbations. Code is avail-
able at https://github.com/Zhangyr2022/D3QE.

1. Introduction

With the advent of Generative Adversarial Networks
(GANs) [12] and Variational AutoEncoders (VAEs) [20],
significant advancements have been made in the realm of
generative AI technology within computer vision. Follow-
ing this, the emergence of innovative technologies such as
Flow Models and Diffusion Models [41, 42] has further en-
hanced the fidelity and quality of image generation. Nowa-
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(a) Full Distribution Overview (b) Top-500 Token Distribution

Figure 1. Visualization of Discrete Distribution Discrepancy.
To elucidate the mechanism of D3QE, we analyze token probabil-
ity distributions from LlamaGen’s tokenizer using autoregressive
sampling. (a) shows the full codebook vector probability distribu-
tion, while (b) displays the top-500 activation probabilities. The
real data exhibits pronounced long-tail characteristics, whereas
generated samples demonstrate concentrated probability mass in
the peak regions, which D3QE leverages for detection.

days, Autoregressive Models [13, 45, 48] are capable of
not only accurately capturing the structural features of im-
ages but also efficiently producing high-quality visual con-
tent. On one hand, visual generative models have the po-
tential to drastically reduce the time expenditure associated
with manual creation, thereby empowering industries such
as art, film production, and education. On the other hand,
while these models facilitate the easy acquisition of images
that can be indistinguishable from reality to the human eye,
they also usher in a host of potential social risks and ethical
dilemmas.

In recent times, considerable efforts have been dedicated
to the detection of generated images, with the goal of miti-
gating the trust crisis and addressing privacy risks that arise
from the use of generative models. Existing detection meth-
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ods have primarily focused on high-frequency artifacts in
GANs [11, 36] or iterative noise patterns in diffusion mod-
els [56], overlooking the unique characteristics of autore-
gressive models’ discrete encoding. Traditional detection
methods based on superficial statistical features struggle to
identify these samples because the artifacts manifest in the
discrete latent space rather than in pixel-level patterns, mak-
ing them particularly challenging to detect through conven-
tional image analysis techniques. For the newly emerging
generative models, the generalization capability of detectors
is paramount, and the latest AR models present a significant
challenge to their effectiveness.

Discrete coding enhances the efficiency of reasoning and
fosters diverse outcomes in generative models, while also
highlighting the variations in statistical distributions across
different images. As illustrated in Figure 1, the discrete fea-
ture reveals distinct patterns in the utilization of codebook
tokens among various generative models, with a more pro-
nounced discrepancy between real and generated images.
Motivated by this, we delve into the prior knowledge of
codebooks to construct robust features and enhance their
expressiveness. Furthermore, by integrating the frequency
disparity between real and fake codebooks into the cross at-
tention mechanism and aligning it with quantization error,
we merge the features with the semantic features extracted
by the backbone network. A classifier is then employed to
predict the final outcome. For the first time, we have estab-
lished a new benchmark termed ARForensics for the de-
tection of images generated by AR models, encompassing
the current top-performing mainstream AR models. Effec-
tiveness and generalization of our method were rigorously
tested in a challenging experimental setting that included
GANs, diffusion models, and AR models, demonstrating
its robust performance.

2. Related Work
Visual Generation. In recent years, visual generation mod-
els have experienced rapid development, with generated im-
ages and videos finding widespread applications in creative
design and media production [4, 41]. Mainstream genera-
tive models encompass four paradigms: GANs, VAEs, Dif-
fusion Models, and Autoregressive Models. GANs [12, 38]
generate realistic images through adversarial training, with
subsequent improvements [3, 18, 19] significantly enhanc-
ing generation quality. VAEs [14, 20] are based on la-
tent space, while follow-up studies [21, 49, 52] addressed
the blurry reconstruction issue through improved encoding
structures. Diffusion models [15, 30, 35, 41–43] achieve
high quality generation through iterative denoising pro-
cesses. Recently, visual autoregressive models [50, 51] have
demonstrated remarkable capabilities by discretizing visual
content into sequences and progressively predicting condi-
tional probabilities, offering advantages in training stability

and generation speed. Related works include token-based
autoregressive modeling [10, 17, 37, 45, 60] and scale-
based autoregressive modeling [13, 48], both achieving sig-
nificant progress in visual content generation. With the
rapid development of autoregressive models, exploring ef-
fective detection methods for autoregressive-generated im-
ages has become particularly crucial.

AI-generated Image Detection. With the rapid advance-
ment of generative models, AI-generated image detection
techniques have become crucial for ensuring information
security and maintaining digital media authenticity. Recent
research has evolved from local feature analysis to global
semantic mining. Early studies [27–29] focused mainly on
handcrafted features, including color distribution anoma-
lies, saturation differences, and texture co-occurrence pat-
terns. However, these methods showed limited generaliza-
tion to newer generative models.

The research community has proposed numerous detec-
tion methods targeting specific generative architectures. For
GAN detection, studies have shifted towards frequency do-
main analysis. For instance, CNNSpot [55] enhanced cross-
GAN architecture generalization through optimized data
augmentation, while FreDect [11] revealed artifacts intro-
duced by GAN upsampling operations in the frequency do-
main. Following the rise of diffusion models, UnivFD [32]
leveraged ViT’s pre-trained features to train universal lin-
ear classifiers, while DIRE [56] and AEROBLADE [40]
achieved detection based on ADM [9] reconstruction er-
rors and autoencoder reconstruction errors, respectively.
NPR [47] designed a detection network that targets artifacts
from common upsampling operations, and FatFormer [24]
integrated local forgery traces through CLIP adapters.

However, existing approaches face two core challenges.
First, while most research focuses on GANs and diffusion
models, specific detection methods for autoregressive gen-
erative models remain underexplored. Artifacts from these
models may exist in directional correlations or latent space
discretization features. Second, current benchmark datasets
lack samples from autoregressive models, limiting the val-
idation of generalization capabilities of detection methods.
Although the Chameleon benchmark [58] has improved in
terms of diversity and realism, a more comprehensive evalu-
ation framework is needed to support research on emerging
models.

3. Methods

In this section, we present D3QE, a novel framework for de-
tecting autoregressive generated images. Our method lever-
ages the unique discretization characteristics of visual au-
toregressive models. We first analyze the theoretical foun-
dations of autoregressive modeling. Then, we detail our de-
tection approach that combines discrete distribution aware-
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Figure 2. D3QE pipeline. Our approach first extracts quantized representations through a VQVAE encoder, computes the discrete distri-
bution discrepancy between pre- and post-quantization features, and obtains discrete features via the D3AT module. Semantic features are
extracted using CLIP in parallel. The feature alignment module processes global semantic features, which then fuse with local discrete
features for binary classification between generated and real samples. Blue snowflake symbols � indicate frozen parameters, while red
flame symbols \ denote trainable modules.

ness with semantic understanding.

3.1. Preliminary
Visual Autoregressive Modeling. Visual autoregressive
models generate visual content in a sequential manner.
These models operate through two key processes: discrete
quantization and autoregressive modeling. The approach
first trains a discrete variational autoencoder to quantize
vectors in the latent space. Then, it performs autoregres-
sive prediction of subsequent elements. This methodology
has proven highly effective in capturing complex visual de-
pendencies and generating high-quality content. [57]
Modeling via Next Token Prediction. The next-token
prediction methodology, borrowed from Natural Language
Processing, has demonstrated remarkable generative capa-
bilities in recent times. [10, 45] At its core, this approach
employs vector quantization through a VQVAE-like [52]
structure to compress continuous visual content into dis-
crete sequences. The discretization process transforms in-
put images into continuous latent representations, which
are then quantized using a learnable codebook. After dis-
cretization, the model performs autoregressive prediction
by estimating the probability of each subsequent token
based on all preceding tokens. This sequential generation
approach effectively captures both local patterns and global
structural relationships in visual data.
Modeling via Next Scale Prediction. VAR [48] pioneered
the Next Scale Prediction approach, which discretizes con-
tent into multi-scale sequences through a hierarchical struc-

ture. Unlike the token-by-token prediction, it models visual
content from coarse to fine scales, where the autoregressive
unit is a complete token map. The discretization process
utilizes Residual Quantization from RQVAE [21], obtaining
discrete token maps through coarse-to-fine residual estima-
tion. This hierarchical strategy enables high-quality image
reconstruction with compact codebook capacity. The sub-
sequent autoregressive modeling predicts finer-scale repre-
sentations conditioned on preceding coarser scales.

3.2. Motivation and Design Principles
Design Insights. From the above analysis, we observe that
discretization serves as a crucial component in mainstream
visual autoregressive modeling. This discretization process
fundamentally distinguishes visual autoregressive models
from continuous generative paradigms (e.g. diffusion mod-
els), a design choice that has been systematically validated
in seminal works such as VQVAE [52], VQGAN [10], and
VAR [48]. This architectural decision has profound impli-
cations for both model efficiency and generation quality.

Discretization has become a core feature of visual au-
toregressive models due to the following advantages. First,
autoregressive models inherently decompose joint distribu-
tions through conditional probability chains. By transform-
ing high-dimensional continuous visual data into discrete
symbolic sequences, the model circumvents the curse of di-
mensionality while leveraging mature classification-based
cross-entropy optimization paradigms from language mod-
eling. Second, discrete distributions enable exact likeli-
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Figure 3. Illustration of D3ASA Module in Equation 8, which in-
corporates distribution discrepancy information into the attention
mechanism.

hood computation through classification cross-entropy loss,
avoiding the mode collapse issues prevalent in continu-
ous models. While continuous autoregressive models like
MAR [22] attempt to bypass discretization, they require dif-
fusion losses for probability density estimation and often
suffer from detail loss due to the smoothness of continuous
latent spaces. Moreover, the structural homology between
discrete tokens and NLP vocabularies enables visual autore-
gressive models to directly inherit architectural advantages
from language models (as demonstrated in DALL·E [39]
and Parti [59]), facilitating unified cross-modal modeling.
Overview. Based on these insights, we propose to detect
autoregressive generated images by analyzing their distinc-
tive discrete distribution patterns. And our architecture con-
sists of three key components: a quantization error repre-
sentation module, a discrete distribution discrepancy-aware
transformer, and a semantic feature embedding module.

3.3. D3QE

Based on the above analysis, we present our detection
framework D3QE that explicitly leverages the statistical
signatures in autoregressive generated images. The dis-
cretization process in visual autoregressive models intro-
duces distinctive statistical signatures that can be leveraged
for detection. This phenomenon occurs primarily because
the finite codebook capacity struggles to fully capture the
long-tailed distribution of natural images. The training ob-
jective of discrete VAEs forces the encoder to map simi-
lar features to the same codebook entries, resulting in high-

frequency tokens corresponding to common local patterns.
Rare patterns in real data such as specific object parts are
compressed into high-frequency tokens due to their low oc-
currence rate, leading to reduced generation diversity. Fur-
thermore, the explicit truncation introduced by top-p/top-
k [16, 44, 46] sampling strategies directly results in the trun-
cation of long-tail distributions. As shown in Figure 1, these
effects create observable differences in codebook distribu-
tion statistics between real and generated images. To ef-
fectively capture these distinctive patterns between real and
synthetic samples, we propose the following modules.
Quantization Error Representation and Discrete Distri-
bution Statistics Module. We first employ a frozen dis-
crete autoencoder to tokenize images into discrete repre-
sentations. Specifically, given an input RGB image I ∈
RH×W×3, where H and W denote the height and width
respectively, a deep neural network E encodes it into a con-
tinuous latent map z = E(I) ∈ Rh×w×c, where h, w, and c
represent the height, width, and channel dimensions of the
latent space. The latent vectors are then projected into a
learnable finite codebook Z = {zk}Nk=1 ⊂ Rc, which con-
tains N discrete vectors. The process of finding the nearest
codebook vector for each latent vector can be formulated
as:

zq =

(
arg min

zk∈Z
∥zij − zk∥

)
∈ Rh×w×c (1)

where zij represents the latent vector at spatial position
(i, j) in the continuous latent map.

During training, we implement two discrete distribu-
tion tracking modules to monitor the distribution patterns
of quantization indices for both real and synthetic images.
These modules maintain frequency statistics for each code-
book entry:

D(t+1)
s [k] = D(t)

s [k] +
∑
i,j

1[q(zij) = k], s ∈ {real, fake} (2)

where D(t)
s [k] tracks the cumulative frequency of codebook

index k ∈ {1, . . . , N} at training step t, q(zij) denotes the
index of the nearest codebook entry for the latent vector at
position (i, j).

After obtaining the quantized representation zq , we com-
pute the quantization error features to capture the discrep-
ancy between continuous and discrete representations. This
quantization gap potentially encodes distinctive patterns
that differentiate real from synthetic images:

ẑ = (zq − z) ∈ Rh×w×c (3)

Discrete Distribution Discrepancy-Aware Transformer
(D3AT). To effectively capture the distinctive patterns be-
tween real and synthetic samples, we propose a transformer-
based module that explicitly incorporates codebook distri-
bution information. Since the codebook usage patterns of-
ten differ significantly between real and synthetic images,
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we first compute their distribution discrepancy:

∆D = normalize(Dfake −Dreal) (4)

where ∆D ∈ RN represents the normalized difference
in codebook entry frequencies. The input features are re-
shaped into a sequence X̂ ∈ Rn×c following raster scan
order, where n denotes the sequence length and c is the fea-
ture dimension. To effectively model both local and global
dependencies while maintaining distribution awareness, our
transformer architecture consists of L layers. Each incor-
porating a novel Discrete Distribution Discrepancy-Aware
Self-Attention (D3ASA) mechanism. For the ℓ-th layer:

X̂ℓ = LN(D3ASA(Xℓ−1,∆D)) +Xℓ−1 (5)

Xℓ = LN(MLP(X̂ℓ)) + X̂ℓ (6)

where LN(·) denotes layer normalization and X0 = X̂.
The D3ASA mechanism enhances traditional self-attention
by incorporating codebook distribution information. The
distribution-aware attention is formulated as:

QD = MLPq(∆D), KD = MLPk(∆D) (7)

D3ASA(X,∆D) = softmax
(
QKT

√
dk

+
QDKT

D

α

)
V (8)

where {Q,K,V} are query, key, and value matrices pro-
jected from input features X, MLPq and MLPk are learn-
able distribution projections, and α is a learnable scaling
factor that balances the contribution of distribution infor-
mation.
Semantic Feature Embedding. Beyond the distinctive pat-
terns in local codebook token distributions, synthetic im-
ages often exhibit global semantic discrepancies compared
to real images. To capture these high-level semantic differ-
ences, we leverage a pre-trained CLIP-ViT model to extract
semantic features FCLIP. The CLIP features provide com-
plementary global context information that helps identify
subtle semantic inconsistencies in synthetic images.
Classifier. Finally, we construct our classifier by combining
both global semantic features and local token distribution
patterns. To reduce computational complexity while pre-
serving discriminative information, we first apply average
pooling to the D3AT output features to obtain a compact
representation FD. The final prediction is computed by:

y = MLP(concat[AD(FD),ACLIP(FCLIP)]) (9)

where AD and ACLIP are feature alignment modules con-
sisting of MLPs and layer normalization to project features
into a shared embedding space before concatenation.

4. Experiments
In this section, we systematically constructed a comprehen-
sive dataset of autoregressive model-generated images in-
corporating various generation strategies. Following dataset

construction, we conducted systematic training and valida-
tion of our proposed model alongside existing SOTA base-
lines. Through comparative analysis of model performance,
we validated the effectiveness of our proposed method and
its critical components. We further evaluated the framework
through robustness and generalization experiments.

4.1. Settings

ARForensics: A Dataset of Images Generated by Au-
toregressive Models. To validate the effectiveness of our
method, we constructed the first benchmark dataset specif-
ically designed for visual autoregressive models. We se-
lected 7 representative autoregressive generative models —
LlamaGen [45], VAR [48], Infinity [13], Janus-Pro [5],
RAR [61], Switti [54], and Open-MAGVIT2 [26], cover-
ing diverse architectures (token-based and scale-based) and
resolutions. These models exhibit significant variations in
their discretization processes and key technical parameters
such as codebook capacity.

The dataset comprises 152,000 real samples and 152,000
generated samples. The real data come from ImageNet [8],
one of the most influential benchmarks in computer vision,
which contains manually annotated images across 1,000
fine-grained categories. ImageNet’s rigorous quality con-
trol system provides a reliable foundation for model evalu-
ation. Our dataset consists of three splits: a training set of
100,000 LlamaGen-generated images paired with an equal
number of randomly sampled ImageNet images (100 per
category), a validation set of 10,000 image pairs, and a com-
prehensive test set incorporating 6,000 samples from each
of the 7 autoregressive models, balanced with correspond-
ing ImageNet test samples. It’s worth noting that real im-
ages across all subsets are independently sampled to avoid
evaluation bias from data overlap. This balanced design en-
ables detection models to fully capture the characteristics of
different generators while mitigating the impact of sample
imbalance common in traditional datasets.

For image generation methodology, text-to-image mod-
els (Infinity, Janus-Pro, Switti) utilize a standard prompt
template “A photo of [class]”, where [class] corresponds
to ImageNet labels. Other autoregressive models (Llama-
Gen, VAR, RAR, Open-MAGVIT2) directly employ their
ImageNet pre-trained versions, generating images through
category-conditional synthesis. This approach produces
synthetic images with high variability and reasonableness.
Cross-Paradigm Test Set. To comprehensively vali-
date our method’s cross-domain generalization capability,
we constructed a multi-modal test set of generated sam-
ples: 1) Based on the ForenSynths [55] dataset, we se-
lected samples from representative GAN architectures in-
cluding ProGAN [18], StyleGAN [19], StyleGAN2 [53],
BigGAN [3], CycleGAN [7], StarGAN [6], and Gau-
GAN [33]; 2) We incorporated samples from mainstream
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Table 1. Performance comparison on ARForensics dataset. Detection accuracy (Acc.) and average precision (A.P.) of various detectors
(rows) against real and AI-generated images from different generative models (columns).

Method
LlamaGen VAR Infinity Janus-Pro RAR Switti Open-MAGVIT2 Mean

Acc. A.P. Acc. A.P. Acc. A.P. Acc. A.P. Acc. A.P. Acc. A.P. Acc. A.P. Acc. A.P.

CNNSpot[55] 99.94 99.94 50.26 70.53 50.87 78.06 95.7 99.95 50.80 61.67 56.58 93.91 50.12 57.39 64.90 80.21
FreDect [11] 99.80 100.00 52.88 88.18 50.17 60.13 88.94 99.54 52.52 83.31 50.04 59.01 57.09 86.53 64.49 82.39
Gram-Net [25] 99.57 99.98 55.04 84.57 52.38 76.80 74.48 97.33 49.95 52.72 57.74 88.66 50.08 53.72 62.75 79.11
LNP [23] 99.48 99.99 49.64 55.42 49.76 49.94 99.53 99.98 49.69 55.61 70.28 94.16 49.63 54.92 66.86 72.86
UnivFD [32] 89.87 96.53 80.53 91.62 71.72 85.77 84.28 93.94 88.33 95.93 76.00 88.43 66.21 80.87 79.56 90.44
NPR [47] 99.96 100.00 56.87 88.68 88.48 97.98 93.67 99.18 52.30 74.99 51.97 87.04 63.00 92.11 72.32 91.43
D3QE(ours) 97.19 99.43 85.33 95.30 62.88 79.39 92.28 97.53 91.69 97.77 75.31 89.09 70.08 85.98 82.11 92.07

diffusion models through the GenImage [62] dataset, in-
cluding ADM [9], GLIDE [31], Midjourney [1], Sta-
ble Diffusion V1.4 [41], Stable Diffusion V1.5 [41], and
Wukong [2], to evaluate adaptability of D3QE across dif-
ferent generative paradigms.
Evaluation Metrics. Our experiments strictly follow stan-
dard evaluation protocols in the field of generated image
detection, employing Average Accuracy (Acc.) and Av-
erage Precision (A.P.) as core metrics. Acc is computed
through binary classification with a fixed threshold of 0.5,
while AP evaluates comprehensive performance of the clas-
sifier across different decision thresholds based on the area
under the precision-recall curve.
Baseline Methods. We conducted comparative ex-
periments with state-of-the-art detection methods span-
ning multiple technical approaches: CNNSpot [55], Fre-
Dect [11], Gram-Net [25], LNP [23], UnivFD [32], and
NPR [47]. All baselines were evaluated using official
source code and recommended parameter configurations to
ensure fair comparison.

4.2. Implementation Details
Our VQVAE encoder adopts the visual tokenizer in Lla-
maGen with a 16× downsampling tokenizer and a code-
book of size 16,384. The encoder processes input images
at 256×256 resolution. When optimizing subsequent mod-
ules, we freeze the CLIP encoder, VQVAE backbone, and
codebook, while dynamically learning codebook statistics
during training. The two-layer D3AT module uses hidden
dimension 512, while semantic features are extracted via
CLIP-ViT from 224 × 224 preprocessed inputs. Experi-
ments were conducted on an NVIDIA RTX 4090 GPU us-
ing PyTorch [34]. Training utilized AdamW via learning
rate 0.0001, weight decay 0.01, batch size 32, for 10 epochs.

4.3. Quantitative Results
In this section, we have thoroughly validated the effective-
ness of our proposed method across a variety of generative
models through extensive experiments. We conducted sys-
tematic experiments on 7 autoregressive models, 7 GAN

models, and 6 diffusion models. The results demonstrate
that our method achieves significant performance improve-
ments compared to existing approaches across all models.

4.3.1. Performance on ARForensics
As shown in Table 1, our proposed method demon-
strates superior generalization capability across main-
stream autoregressive models (including VAR, RAR, Open-
MAGVIT2, etc.). Compared to traditional CNN-based de-
tector CNNSpot, our method achieves significant improve-
ments of 18.21% and 11.86% in average accuracy and aver-
age precision, respectively. In particular, for the latest scale-
based autoregressive model VAR, our method achieves
85.33% accuracy and 95.30% AP, substantially outperform-
ing the second-best method UnivFD at 80.53%. This advan-
tage stems from our deep modeling of discrete codebook
statistical characteristics in autoregressive generation sys-
tems: capturing information loss during VQVAE compres-
sion through quantized residual features, while revealing
codebook distribution concentration phenomena through
codebook frequency difference maps.

Notably, previous baselines typically perform well on
models that are architecturally similar to the training set
model LlamaGen (e.g., Janus-Pro), but degrade signifi-
cantly on architecturally distinct models (e.g., VAR/Switti),
indicating their inability to capture common characteris-
tics across autoregressive models. In contrast, our method
maintains high detection performance on traditional raster-
order models while demonstrating unique advantages in
detecting both novel scale-based paradigms like VAR and
random-scan-order models like RAR. These results validate
that our D3AT successfully captures cross-scale statistical
biases through dynamic attention modulation. The features
obtained from this module, when jointly optimized with
CLIP semantic features, enable our codebook distribution-
based framework to effectively handle rapidly evolving au-
toregressive architectures.

4.3.2. Performance on Cross-Paradigm Models
To evaluate the generalization capability of our method, we
directly apply our model trained on autoregressive samples
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Table 2. Performance comparison on GAN-based synthesis using ForenSynths [55] test set. Detection accuracy (Acc.) and average
precision (AP) of various detectors (rows) against real and AI-generated images from different generative models (columns).

Method
ProGAN StyleGAN StyleGAN2 BigGAN CycleGAN StarGAN GauGAN Mean

Acc. A.P. Acc. A.P. Acc. A.P. Acc. A.P. Acc. A.P. Acc. A.P. Acc. A.P. Acc. A.P.

CNNSpot [55] 50.26 47.83 49.97 43.89 49.99 46.49 50.03 41.16 49.74 50.56 50.00 44.66 50.00 52.73 50.00 46.76
FreDect [11] 50.25 66.83 50.97 71.46 49.92 56.13 50.48 55.12 50.68 53.87 50.93 98.44 49.94 33.03 50.45 62.12
Gram-Net [25] 49.78 45.85 50.04 50.27 49.77 45.98 49.78 38.00 48.07 54.19 50.00 83.00 50.00 50.65 49.64 52.56
LNP [23] 50.00 44.06 50.69 50.69 50.01 50.01 50.00 48.99 50.00 55.86 50.00 35.76 50.00 52.87 50.10 48.32
UnivFD [32] 88.17 94.12 72.98 80.90 72.23 81.14 88.78 95.60 71.23 73.74 79.99 79.99 91.52 97.33 80.70 86.12
NPR [47] 51.36 93.00 52.54 74.35 50.93 75.80 50.30 64.07 48.83 66.31 53.83 98.92 50.03 66.09 51.12 76.93
D3QE(ours) 95.20 97.68 77.67 88.65 75.83 88.61 86.03 94.79 82.44 92.31 74.64 85.65 94.31 97.94 83.73 92.23

Table 3. Performance comparison on diffusion-based generation using GenImage [62] test set. Detection accuracy (Acc.) and average
precision (AP) of various detectors (rows) against real and AI-generated images from different generative models (columns).

Method
ADM Glide Midjourney SDv1.4 SDv1.5 Wukong Mean

Acc. A.P. Acc. A.P. Acc. A.P. Acc. A.P. Acc. A.P. Acc. A.P. Acc. A.P.

CNNSpot [55] 50.40 55.54 54.81 86.75 50.93 76.88 50.23 63.90 50.29 65.17 50.35 63.25 51.17 68.58
FreDect [11] 51.83 58.32 63.82 91.69 50.57 63.73 56.80 90.23 56.73 89.66 55.75 87.31 55.91 80.16
Gram-Net [25] 50.62 50.54 59.43 90.96 51.99 78.01 53.08 82.31 53.41 82.46 52.18 77.37 53.45 76.94
LNP [23] 49.61 55.52 49.66 54.10 50.00 51.08 59.37 88.02 59.72 88.45 58.87 87.51 54.54 70.78
UnivFD [32] 79.79 90.86 85.02 94.07 65.33 78.21 79.29 91.16 79.90 91.01 81.18 92.16 78.42 89.58
NPR [47] 59.47 69.62 89.89 98.39 55.74 97.38 55.33 89.98 55.51 90.38 55.67 75.19 61.94 86.82
D3QE(ours) 70.43 83.98 88.89 96.36 61.21 75.29 83.33 94.10 83.37 93.32 84.43 94.52 78.61 89.60

to detect GAN and diffusion generated images. As shown
in Tables 2 and 3, our method demonstrates robust general-
ization across different generative architectures.
Performance on GANs. In GAN evaluation, our method
achieves an average accuracy of 83.73% and AP of 92.23%,
surpassing all baseline methods. Notably, we attain high
AP of 97.68% and 97.94% on ProGAN and GauGAN, re-
spectively. Despite GANs lacking explicit discretization,
our codebook-based framework effectively captures distri-
butional anomalies in GAN-generated images. This ef-
fectiveness likely stems from the hierarchical upsampling
structure in GAN which imposes low-dimensional mani-
fold constraints. The structure results in concentrated dis-
tribution patterns similar to discretization effects, which our
D3AT successfully identifies.
Performance on Diffusion Models. Our method demon-
strates exceptional generalization to diffusion models,
achieving an average accuracy of 78.61% and AP of
89.60%, comparable to state-of-the-art approaches. Detec-
tion accuracy reaches 83.33%, 83.37%, and 84.43% on Sta-
ble Diffusion v1.4, v1.5, and Wukong respectively. While
diffusion models’ step-wise denoising fundamentally dif-
fers from autoregressive discrete generation, their iterative
nature induces structured patterns in feature distributions.
Our method’s success in identifying these patterns can be at-
tributed to the distribution-aware mechanism’s sensitivity to
similar feature patterns and the semantic embedding mod-
ule’s effective capture of global semantic inconsistencies.

4.3.3. Robustness to Unseen Perturbations
Images in real-world scenarios often undergo unpredictable
perturbations, posing significant challenges for generated
content detection. To validate the robustness of our method,
we evaluated it on ARForensics datasets under JPEG com-
pression (with quality q ∈ [60, 95]) and center cropping
(with crop factor f ∈ [0.5, 0.9] and subsequent resizing).
As shown in Figure 4, experiments show that traditional
methods generally suffer significant performance degrada-
tion under pixel-level perturbations, primarily due to the de-
struction of local artifact features left by generative models.
In contrast, our approach demonstrates superior adaptability
through discrete distribution awareness and feature fusion.
Under JPEG compression, our method maintains detection
AP above 85% even when the quality factor drops to 60,
consistently showing greater robustness than previous ap-
proaches. When facing severe cropping with f = 0.5, our
method still preserves over 80% detection AP. These results
validate the stability of our proposed multi-granularity fea-
ture fusion strategy across various perturbation conditions.

4.4. Ablation Studies
To validate the effectiveness of model components, we sys-
tematically analyzed how different module configurations
and parameter settings affect detection performance.

In the Table 4(a) of module analysis, the base model
(Model ① ) achieves 79.56% accuracy using only CLIP se-
mantic features. Incorporating VQVAE residual features
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Figure 4. Robustness Analysis. Performance comparison under
image cropping and JPEG compression. Our method maintains
superior accuracy across different perturbation levels, demonstrat-
ing strong robustness against common image transformations.

Table 4. Ablation studies on model components and parameter
settings. (R: Residual, D: Discrete, V: Vanilla)

(a) Module Analysis

Model
Module Configuration

Acc.
CLIP Latent Transformer

① ✓ ✗ ✗ 79.56
② ✓ R ✗ 79.92
③ ✓ D V 80.39
④ ✓ R V 80.72
⑤ ✓ R D3AT 82.11

(b) Dimension Analysis

D3AT dim Acc.

128 80.83
256 81.57
384 80.95
512 82.11

1024 80.37

(Model ②) improves performance to 79.92%, demonstrat-
ing the effectiveness of discrete latent space modeling in
enhancing feature representation. Comparing discrete fea-
tures zq (Model ③) with residual features ẑ (Model ④) re-
veals that residual quantization information more precisely
captures distributional shifts in generated images, improv-
ing accuracy by 0.33%. Replacing the standard Transformer
with our D3AT (Model ⑤) further enhances detection accu-
racy to 82.11%, validating the effectiveness of our code-
book statistical feature fusion mechanism.

In the Table 4(b) of dimension sensitivity tests, the
D3AT module achieves peak performance at 512 dimen-
sions (82.11%). Lower dimensions restrict representational
capacity (80.83% at 128 dimensions), while higher dimen-
sions lead to overfitting (80.37% at 1024 dimensions), indi-
cating significant model sensitivity to feature dimensional-
ity. These results demonstrate that the synergistic design
of residual quantization features and discrete distribution
discrepancy-Aware self-attention attention mechanisms is
crucial to improve detection performance.

4.5. Qualitative Results
To gain deeper insights into our model’s intrinsic properties,
we visualize the codebook activation distributions to reveal
fundamental differences between real and generated sam-
ples. As illustrated in Figures 5(a) and (b), we analyze the
normalized logarithmic activation frequencies of the first
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Figure 5. Visualization of codebook activation patterns.
Heatmaps show normalized logarithmic activation frequencies of
VQVAE codebook vectors for (a) real samples and (b) generated
samples, with (c) their log-ratio difference. Real samples exhibit
uniform activation patterns, while generated samples show signif-
icant polarization in high-frequency regions.

256 vectors in the VQVAE original codebook, based on the
statistical distributions from our trained model.

The distributions reveal striking contrasts. Real samples
exhibit balanced codebook utilization with uniform activa-
tion patterns. Generated samples, however, exhibit severe
polarization. Their high-frequency codebook entries show
anomalous peaks, with activation rates 3-5 times higher
than real samples, while low-frequency regions show re-
duced coverage. The per-vector difference heatmap (Figure
5(c)) illustrates this disparity, revealing mode collapse char-
acteristics in the discrete latent space. These distributional
patterns reflect inherent limitations of autoregressive mod-
els in capturing complex real-world distributions, providing
strong empirical support for our detection framework.

5. Conclusion
In this paper, we have proposed to learn Discrete Distri-
bution Discrepancy-aware Quantization Error (D3QE) for
autoregressive-generated image detection, which aims to
exploit the distinctive patterns and the frequency distribu-
tion bias for various AR models. Further, we introduce a
discrete distribution discrepancy-aware transformer to uti-
lize dynamic codebook frequency statistics for combining
semantic features with quantization error latent. Finally, we
construct a comprehensive dataset covering mainstream vi-
sual AR models to evaluate our method, and experiments
show that D3QE achieves superior accuracy and strong gen-
eralization across different AR models, while maintaining
robustness under various real-world perturbations.
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