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Abstract

With the rapid advancement of image generation tech-

niques, robust forgery detection has become increasingly

imperative to ensure the trustworthiness of digital media.

Recent research indicates that the learned semantic con-

cepts of pre-trained models are critical for identifying fake

images. However, the misalignment between the forgery

and semantic concept spaces hinders the model’s forgery

detection performance. To address this problem, we pro-

pose a novel Semantic Discrepancy-aware Detector (SDD)

that leverages reconstruction learning to align the two

spaces at a fine-grained visual level. By exploiting the

conceptual knowledge embedded in the pre-trained vision-

language model, we specifically design a semantic token

sampling module to mitigate the space shifts caused by fea-

tures irrelevant to both forgery traces and semantic con-

cepts. A concept-level forgery discrepancy learning mod-

ule, based on reconstruction, enhances the interaction be-

tween semantic concepts and forgery traces, effectively cap-

turing discrepancies under the concepts’ guidance. Finally,

the low-level forgery feature enhancement integrates the

learned concept-level forgery discrepancies to minimize re-

dundant forgery information. Experiments conducted on

two standard image forgery datasets demonstrate the effi-

cacy of the proposed SDD, which achieves superior results

compared to existing methods. The code is available at

https://github.com/wzy1111111/SSD.

1. Introduction
With the thriving of generative AI technologies, like Gen-
erative Adversarial Networks (GANs) [14] and diffusion
models [2], the images generated by these models can eas-
ily create confusion by passing off the spurious as genuine.
Therefore, it is crucial to develop a universal method for
detecting fake images to mitigate the widespread dissemi-
nation of disinformation.

Pioneering research [26, 32] has shown that projecting
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Figure 1. The phenomenon of misalignment between semantic
concept space and forgery space. Since cos ω can reflect the sim-
ilarity of image descriptions, we model the feature space in polar
coordinates. As the semantic concept space in [32] is frozen, fake
samples sharing similar concepts with real ones can be easily mis-
classified. With forgery-adaptive space like [26], the model can
correctly distinguish between them based on re-learned forgery
features. Nevertheless, due to the semantic concept bias intro-
duced by coarse text prompts, the target samples may be projected
into an inaccurate semantic concept dimension, causing them to
drift away from the real source samples along the fake dimension.

images in a joint embedding space of texts and images can
effectively capture discrepancies between fake and real im-
ages. In contrast, methods [6, 13, 44, 50] overlooking the
interplay between forgery traces and semantic concepts per-
form poorly when confronted with unseen generative mod-
els.

To investigate the visual semantic concepts of pre-
trained models, we conduct a statistical analysis of the out-
put features from CNNSpot [50] and CLIP-ViT [32] (See
Appendix A for more details). Under different categories,
CNNSpot exhibits a synchronized difference between real
and fake features in its training space. However, when tran-
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Figure 2. Different paradigms of image forgery identifica-
tion with pre-trained vision-language model. (a) Fine-tune
the frozen model only by fully connected (FC) layers [32]. (b)
Prompt-based designs are tuned on text prompts and contrastive
objectives [26]. (c) Our paradigm incorporating visual clues can
capture fine-grained forge traces by reconstruction learning.

sitioning to the CLIP’s space, these differences become in-
consistent. From this, we infer a nuanced relationship be-
tween semantic concepts and forgery traces: Different se-
mantic concepts may guide the model to uncover distinct
forgery traces.

Intuitively, relying on a frozen pre-trained vision-
language model like UnivFD [32] is essential, but this tends
to overlook fine-grained forgery details. Although Fat-
Former [26] achieves a substantial enhancement in gener-
alization by employing the forgery-aware adaptive trans-
former, we observe that soft prompts based on simple
[CLASS] embeddings have an intrinsic limitation in their
semantic description granularity (See Appendix B for more
details). The constrained breadth of the conveyed concepts
may lead the detection toward incorrect predictions. This
limitation highlights a misalignment between the visual se-
mantic concept space and the target forgery space, as illus-
trated in Fig. 1.

To address this, one empirical approach is to design more
detailed text descriptions, but this method struggles to de-
scribe all visual forgery details due to the limited length of
texts and brings more computational overhead. Drawing
from the aforementioned findings and analysis, we make
a first attempt to align the CLIP’s visual semantic concept
space with the forgery space by reconstructing semantic
features.

We develop a vision-based paradigm, as outlined in
Fig. 2. First, employing a pre-trained model only with near-
est neighbor or linear probing (e.g. UnivFD [32], Fig. 2 (a)
) is suboptimal for image forgery detection. Second, modi-
fying the pre-trained model with task-specific prompts (e.g.
FatFormer [26], Fig. 2 (b) ) may favor models biased to-
wards any particular semantic concept. These studies pave
the way for exploring pre-trained space with rich semantic
concepts. Inspired by image reconstruction [43, 53], our
paradigm amplifies the concept-level forgery discrepancies
of forgery images, which empowers the model to detect sus-

picious forgery traces with the assistance of semantic con-
cepts.

In this work, we present a novel Semantic Discrepancy-
aware Detector (SDD) to accurately align the semantic con-
cept space and the forgery space. Firstly, to mitigate in-
terference from features unrelated to learned semantic con-
cepts and forgery traces, we divide the real images into non-
overlapping blocks and feed them to the frozen CLIP [36]
to obtain diverse semantic patch tokens. These tokens act-
ing as visual clues smoothly align the semantic concepts’
space and forgery space. It is noteworthy that these to-
kens sampled by JS divergence are universally representa-
tive of the real semantic distribution. Then, the visual clues
are fused into a concept-level forgery discrepancy module.
Unlike FatFormer, LoRA layers are incorporated into the
image encoder. The goal is to preserve the completeness
and diversity of the learned semantic concepts of CLIP,
while the forgery features sharing similar semantic con-
cepts should be highlighted. During reconstruction, we only
narrow the reconstruction gap for real samples to reinforce
the reconstructed discrepancies of the synthetic images. Fi-
nally, we present low-level forgery feature enhancement to
let the reconstruction difference map enhance the extraction
of the highly generalizable forgery features while introduc-
ing minimal additional parameters. The main challenge is
how to capture forgery features with strong semantic con-
cept correlation and features with high forgery relevance but
weak semantic concept ties to ensure the model converges
to powerful features. Motivated by this, we apply convo-
lutional modules and adaptive weight parameters to avoid
over-relying on semantic concepts.

We thoroughly evaluate the generalization performance
of our model on a UnivFD benchmark [32] and a SynRIS
benchmark [5]. Surprisingly, our method achieves superior
performance by a apm of 98.51% and a accm of 93.61%
on the UnivFD benchmark [32] and an average AUROC of
95.1% on the SynRIS benchmark [5]. In summary, our con-
tributions are as follows:
• We propose a robust model (SDD) for forgery detection,

specifically designed to align the visual concept space and
forgery space in terms of visual information.

• We sample semantic tokens to mitigate the space shifts
and align the two spaces through reconstruction learning.
Additionally, we strengthen low-level forgery features to
enhance the model’s robustness.

• Our method achieves superior performance on two bench-
marks, demonstrating its superior capability in compari-
son to existing approaches.

2. Related Work
AI-generated Images Detection. Extensive efforts have
been devoted to enhancing the performance of AI-generated
image detection. Early works like [25, 44, 45] tend to mine
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Figure 3. The architecture of SDD. First, Next, we sample semantic tokens from real images to learn features related to both concepts
and forgery. the input images are mapped into a joint space of visual semantic concepts and forgery, which are transformed into learnable
features VH . Then, we use transformer-based encoder and decoder to get reconstructed features Rf . A reconstruction difference map DS is
obtained and goes through the multi-scale convolutional network to refine forgery features. Finally, we concatenate the CLIP’s CLS token
with this output along the same dimension for classification. The whole system is trained by jointly minimizing the binary cross-entropy
loss Lbce, the reconstruction loss Lr , and the triplet loss Ltri.

the common forgery traces between all real and fake im-
ages, such as noise patterns, texture statistics, and frequency
signals. As an illustration, Liu et al. [24] designed a net-
work that learns the consistent noise patterns in images for
fake detection. Liu et al. [28] proposed to leverage the
gram matrix to discover the global anomalous texture of
fake images. An effective approach [13] demonstrated that
frequency representation is an important factor in improv-
ing fake detection performance. However, these differences
are rigorously specific to the monotonous features, which
contribute to the issue of overfitting. Cutting-edge research
[26, 32] shifted attention toward the semantic properties of
images. Ojha et al. [32] showed that projecting images
into the feature space of pre-trained vision-language model
enables strong generalization ability. To build generalized
forgery representations, Liu et al. [26] constructed forgery
adaptive space by a forgery-aware adapter. The above re-
search [5, 26, 32] has suggested that concept attributes are
vital in the image forgery detection task. Assuming that
diffusion-based models leave distinct forgery traces that are
characteristic of specific concept distributions, we aim to
extract robust forgery features guided by semantic concepts,
rather than suppressing them. Therefore, even “useless” in-
formation can be useful by providing significant certainty
about the content of the image.
Reconstruction Learning. Reconstruction learning has

great potential in unsupervised representation learning [16,
27]. Some works [5, 39] utilized reconstruction learning to
reveal the nuances between real and fake images. For ex-
ample, Wang et al. [51] found that reconstructing images
by DDIM exposes an error between real images and their
reconstructed replica. The new synthetic image detection
method[5] used text-conditioned inversion maps to learn
internal representations, which is conducive to predicting
whether an image is fake. Ricker et al. [39] offered a simple
detection approach by applying AE to measure the recon-
struction error. Notably, these works are committed to re-
constructing the distributions of both real and fake samples
by leveraging generative models. Unlike previous works,
we focus solely on reconstructing real images in the fine-
tuned CLIP space in light of the authenticity and richness of
semantic concepts. The distribution of real samples, learned
from pre-trained vision-language model, helps to define an
optimal boundary, thus alleviating overfitting.

3. Methodology
Our goal is to align forgery and visual semantic concept
spaces using reconstruction techniques for robust and gen-
eralizable synthetic image detection. To achieve this, we in-
troduce a fine-grained model named Semantic Discrepancy-
aware Detector (SDD). Building on prior works, we har-
ness the generalization capability of vision-language mod-
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els. Semantic concept space: The ideal joint embedding
space of images and texts with four properties: semantic
alignment, modality invariance, locality consistency, and
structure preservation. Forgery space: The ideal space
covers forgery traces. Notably, we derive semantic concept
space via a vision language model pretrained solely on real
images; thus we treat the two spaces as independent.

First, the Semantic Tokens Sampling (STS) module uti-
lizes Jensen-Shannon (JS) divergence to sample semantic
patch tokens, which serve as a transitional bridge, facili-
tating model to establish the association between real and
forgery images accurately. Next, the Concept-level forgery
Discrepancy Learning (CFDL) module employs reconstruc-
tion learning to explore the forgery discrepancies within the
visual semantic concept space, which focuses on identifying
subtle variations between reconstructed forgery features.
Finally, the reconstruction difference map is trained with
Low-level forgery Feature Enhancement module, which
aims to refine forgery features with more visual details.

3.1. Semantic Tokens Sampling
Initially, we considered directly aligning the visual semantic
concept space and forgery space by leveraging fine-grained
reconstruction learning to model real and fake semantic dis-
tributions. However, this strategy would treat the differ-
ences in features unrelated to semantics and forgery as cru-
cial factors for identifying image’s authenticity. To elimi-
nate these redundant features, we sample real semantic im-
age patch tokens as visual clues to bridge real and forged
semantic domains. This module enables the model to focus
on concept-related forgery traces and highlight the distinc-
tions between real and fake images. In a tangible way, the
image encoder of CLIP: ViT-L/14 is adapted to transform
a real image xr into a set of features fr, without the image
CLS token. We define the transformation as:

fr = ω(xr), (1)

where ω(·) is the CLIP:ViT-L/14’s visual encoder, xr →
IH→W→3
r represents a real image characterized by a height

of H and a width of W . Besides, fr → RN→D, where N is
the number of tokens and D denotes the dimension of each
patch token.

Since integrating all real patch tokens into the image
reconstruction module is computationally intensive and
memory-consuming, it is urgent to select a suitable sub-
set of these tokens. From a distribution perspective, the
Jensen–Shannon (JS) divergence, derived from the Kull-
back–Leibler divergence [48], is a symmetric and finite
metric that can effectively measure the similarity between
tokens by quantifying differences in their distributions.

To calculate the JS divergence between two tokens, both
are converted into computable probability distribution space
using the softmax function. Let fs → FM→D

r be the selected

semantic patch tokens with the num of tokens M = 1/ε and
dimension D in terms of sampling rate ε (0 ↑ ε ↑ 1, ε is
user-defined). Once the initial token r̃ and ε are determined,
the JS divergence between r̃ and other tokens r falls within
the range [0, 1]. Subsequently, the sampling interval is split
into M equal segments with one token selected from each
segment. As a consequence, the semantic tokens sampling
module can be formulated as:

fs = S(RN→D
, ε)

= A
Na→M
c ↓ RN→D

,

s.t. JS(softmax(r̃), softmax(r)) =
i

M
, if aij = 1,

Na∑

i=0

M∑

j=0

aij = M ;
M∑

j=0

aij = 1 or 0,

i = 1, . . . , Na; j = 1, . . . ,M,

(2)

where S(·, ·) represents the sampling process. ANa→M
c is a

constraint matrix of size Na↓M whose element aij is con-
strained to the binary pattern of {0, 1}. Here JS (·) refers to
the Jensen-Shannon divergence, Na denotes the total num-
ber of real image patch tokens sampled from the training
dataset of UnivFD and M represents the required subset
size. The softmax(·) is the softmax function. The sampling
tokens help the reconstruction module avoid becoming bi-
ased towards any particular forgery-unrelated distribution.
Meanwhile, it avoids the semantic bias often introduced by
text prompts, since the tokens are evenly distributed in a
unified CLIP space.

3.2. Concept-level Forged Discrepancy Learning
A few words alone can hardly paint a picture. We ar-
gue that the fine-grained visual details can uncover more
forgery traces concealed in the images. As such, we mix
sampling tokens with extracted features and capitalize on
reconstruction learning to compensate for the omission of
forgery traces brought by coarse prompts. As previous work
[26] has demonstrated that the pre-trained vision-language
model necessitates fine-tuning to adapt to the forgery de-
tection task. Therefore, we integrate LoRA [17] with
the CLIP-ViT model to capture discriminative forgery fea-
tures by making use of the bread semantic concepts. This
method, denoted as LoRA-CLIP [54], is more streamlined
and flexible. Given an input image I → IH→W→3, we can
get high-level visual features VH , as follows:

VH = FLoRA(I). (3)

Here FLoRA refers to the CLIP image encoder fine-tuned
by LoRA. The reconstruction module of CFDL encom-
passes two submodules, i.e., transformer-based encoder and
decoder. Thanks to the transformer’s capability of long-
range relationship modeling, we capitalize on the multi-
head attention (MHA) mechanism, the core mechanism of
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the transformer, to obtain more discriminative distribution
by utilizing contextual information, which is set as:





headi =Attn(QW
Q
i ,KW

K
i , V W

V
i )

=Softmax

(
QW

Q
i (KW

K
i )↑↔

d

)
VW

V
i ,

MHA(Q,K, V ) = Concat(head1, . . . , headh)WO
,

(4)
where Q (Query), K (Key), V (Value) refer to the in-
put, W

Q
i ,W

K
i ,W

V
i separately denote the corresponding

weights of linear projection, Attn(·) denotes the function of
the scaled dot product, Softmax is the softmax function, d
refers to the dimension of input, Concat (·) represents the
concatenation used to stitch the discrete attention outputs of
head 1 ↗ h together.

To amplify the discrepancy between a fake image and
its reconstructed counterpart, the sampled visual clues are
employed for the initial processing by the encoder. The en-
coder’s process can be formulated as follows:

R1 = LN(MHA(fs, VH , VH)), (5)
R2 = LN(MHA(R1, VH , VH)), (6)

where LN(·) denotes the Layer Normalization. Then, the
encoder’s outputs used as queries are injected into the de-
coder to get the final reconstructed features, which are sim-
ilar to the encoder process and perform the following oper-
ation:

R3 = LN(MHA(R2, R2, R2)), (7)
Re = LN(MHA(R1, R3, R3)). (8)

During the reconstruction process, we just calculate the re-
construction loss Lr between the real input features and
their reconstructed counterparts Re within a mini-batch as
follows:

Lr =
1

B

B∑

i=0

MSE(Re, VH), (9)

where MSE(·, ·) is mean squared error. Facilitating Lr en-
courages preserving the completeness and richness of the
visual semantic concept space and highlighting the concept-
related forgery features. Given the reconstructed features
Rf and the original feature fr, the reconstruction difference
map can be formally expressed as:

Ds = |Rf ↘ fr|, (10)

where |·| denotes the absolute value function.

3.3. Low-level Forgery Feature Enhancement
Existing methods based on pre-trained vision-language
models [26, 32] overlook the importance of concept

Fast

Slow

Figure 4. The curve of exponential inverse. In the “fast” interval,
the value drops sharply. In the “low” interval, the curve flattens
out, showing a decay towards 0.

weakly-related features. We believe that a thorough align-
ment between the visual semantic concept space and the
forgery space should include the exploration of concept
weakly-related forgery features. To eliminate redundant
forgery features, we come up with a novel feature enhance-
ment that refines low-level forgery features. Empowered by
the reconstruction difference map, our detector orchestrates
the extraction of multi-scale features with exceptional ro-
bustness and markedly enhanced effectiveness. As shown
in Fig. 3, the enhancer follows the typical architecture of
a convolutional network. It involves the repeated applica-
tion of convolutions, each followed by a batch normaliza-
tion (BN) and a rectified linear unit (ReLU). For a given
stage n, F (n) (N = 1, 2, 3) corresponds to its output fea-
tures.Then, We deconvolve the semantic difference map Ds

to the shape same as F (N) and perform pixel-wise multi-
plication with F (n) to get F

→
(n)as:

F
→
(n) = deconv(F (n))≃Ds, (11)

where ≃ is the element-wise multiplication, deconv(·) rep-
resents deconvolution operation and F →

(n) is the low-level
feature aggregated with semantic information. To further
enhance the reliability of the extracted features, we compute
an adaptive weight coefficient 1

en
to indicate the importance

of Ds to F (n):

1

en
=

1

e|F
→ (n)↓F (n)|

. (12)

Here we explain the role of the exponential inverse
through Fig. 4. As x grows large, the curve of e

x be-
comes flatter. Therefore, in the “fast” interval, forgery fea-
tures with a significant divergence from the semantic dif-
ference map will be assigned smaller weights, which mo-
bilizes the network to capture concept strongly-related fea-
tures. However, in the “low” interval, features strongly as-
sociated with forgery can avoid being misguided by seman-
tic concepts, which indicates that the order of importance is
reversed. Next, we have the attended output features Flow
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Methods Ref

GAN
Deep

fakes

Low level Perceptual loss

Guided

LDM Glide

Dalle mAPPro- Cycle- Big- Style- Gau- Star-
SITD SAN CRN IMLE

200 200 100 100 50 100

GAN GAN GAN GAN GAN GAN Steps w/cfg Steps 27 27 10

CNN-Spot CVPR2020 100.0 93.47 84.50 99.54 89.49 98.15 89.02 73.75 59.47 98.24 98.40 73.72 70.62 71.00 70.54 80.65 84.91 82.07 70.59 83.58

PatchFor ECCV2020 80.88 72.84 71.66 85.75 65.99 69.25 76.55 76.19 76.34 74.52 68.52 75.03 87.10 86.72 86.40 85.37 83.73 78.38 75.67 77.73

Co-occurrence Elect.Imag. 99.74 80.95 50.61 98.63 53.11 67.99 59.14 68.98 60.42 73.06 87.21 70.20 91.21 89.02 92.39 89.32 88.35 82.79 80.96 78.11

Freq-spec WIFS2019 55.39 100.0 75.08 55.11 66.08 100.0 45.18 47.46 57.12 53.61 50.98 57.72 77.72 77.25 76.47 68.58 64.58 61.92 67.77 66.21

Dire ICCV2023 100.0 83.59 81.50 96.50 81.70 99.88 95.73 62.51 69.98 97.31 98.62 79.53 75.52 73.42 76.45 86.28 89.00 88.34 51.35 83.54

UnivFD CVPR2023 100.0 99.46 99.59 97.24 99.98 99.60 82.45 61.32 79.02 96.72 99.00 87.77 99.14 92.15 99.17 94.74 95.34 94.57 97.15 93.38

NPR CVPR2024 100.0 99.50 96.50 99.80 96.80 100.0 92.20 73.10 78.70 87.20 64.80 65.80 99.80 99.80 99.80 99.70 99.80 99.80 98.60 92.19

FatFormer CVPR2024 100.0 100.0 99.98 99.75 100.0 100.0 97.99 97.94 81.23 99.84 99.93 91.92 99.83 99.22 99.89 99.27 99.50 99.33 99.84 98.18

Ours 100.0 99.77 99.93 99.48 99.98 99.97 97.23 97.91 93.10 99.79 99.96 92.06 99.88 98.95 99.92 98.06 98.29 97.73 99.81 98.51

Table 1. Average precision comparisons with different methods on the UnivFD dataset. We replicate the results of CNNSpot, Patchfor,
Co-occurrence, Freq-spec, and UnivFD from the paper[32]. In addition, we obtained the results for Dire, NPR and FatFormer using either
the official pre-trained models or our re-implemented versions. Red and underline indicates the best and the second best result, respectively.

Methods Ref

GAN
Deep

fakes

Low level Perceptual loss

Guided

LDM Glide

Dalle Avg-accPro- Cycle- Big- Style- Gau- Star-
SITD SAN CRN IMLE

200 200 100 100 50 100

GAN GAN GAN GAN GAN GAN Steps w/cfg Steps 27 27 10

CNN-Spot CVPR2020 99.99 85.20 70.20 85.70 78.95 91.70 53.47 66.67 48.69 86.31 86.26 60.07 54.03 54.96 54.14 60.78 63.80 65.66 55.58 69.58

PatchFor ECCV2020 75.03 68.97 68.47 79.16 64.23 63.94 75.54 75.14 75.28 72.33 55.30 67.41 76.50 76.10 75.77 74.81 73.28 68.52 67.91 71.24

Co-occurrence Elect.Imag. 97.70 63.15 53.75 92.50 51.10 54.70 57.10 63.06 55.85 65.65 65.80 60.50 70.70 70.55 71.00 70.25 69.60 69.90 67.55 66.86

Freq-spec WIFS2019 49.90 99.90 50.50 49.90 50.30 99.70 50.10 50.00 48.00 50.60 50.10 50.90 50.40 50.40 50.30 51.70 51.40 50.40 50.00 55.45

Dire ICCV2023 99.86 73.47 60.68 72.39 65.15 93.60 88.86 52.78 56.39 90.07 94.05 61.05 59.35 59.95 60.65 69.30 72,70 71.00 52.75 71.19

UnivFD CVPR2023 100.0 98.50 94.50 82.00 99.50 97.00 66.60 63.00 57.50 59.50 72.00 70.03 94.19 73.76 94.36 79.07 79.85 78.14 86.78 81.38

NPR CVPR2024 99.80 92.00 89.50 96.30 87.60 99.70 79.40 61.40 70.60 74.50 57.10 55.23 97.40 98.70 97.90 97.00 97.90 97.00 88.80 86.20

FatFormer CVPR2024 99.89 99.36 99.50 97.12 99.43 99.75 93.25 81.39 68.04 69.47 69.47 76.00 98.55 94.85 98.60 94.30 94.60 94.15 98.70 90.86

Ours 99.88 95.76 96.70 98.08 98.46 99.17 91.82 83.61 77.45 95.40 96.47 79.55 98.05 94.60 98.25 92.20 93.35 91.80 98.00 93.61

Table 2. Accuracy comparisons with different methods on the UnivFD dataset.

by the residual connection:

Flow(n) = F
→
(n) +

F
→
(n)

en
. (13)

For optimizing the anchor features fa of the enhancer,
the following triplet loss [35] is employed to bring positive
samples fp closer while pushing negative samples fn apart:

Ltri = max(0, d(fp, fa)↘ d(fn, fa) + ϑ), (14)

where d(·) represents the Euclidean distance between sam-
ples and ϑ is the margin.

On top of that, we concatenate the LoRA-CLIP’s CLS
token TCLS with Flow along the same dimension to yield
the refined representation Fout. This ensures that forged
features exhibit distinctiveness across different semantic
identities while preserving their uniformity within similar
semantic identities. The process is formulated as:

Fout = Flow||TCLS , (15)

where F out is strategically integrated with a linear classifier
to enable the execution of binary classification. Eventually,
the total loss function L of the proposed framework can be
defined as:

L = Lbce + ϖ1Ltri + ϖ2Lr, (16)

where Lbce presents the binary cross-entropy loss and Ltri

is triplet loss. Ltri and Lr are scaled by the hyper-
parameters ϖ1 and ϖ2 , respectively.

4. Experiments
4.1. Experiment Setups
Datasets: We follow the protocol described in [32], using
ProGAN’s real and fake images as training data. Addi-
tionally, we adopt the protocol from [5], where the train-
ing data is composed of fake Stable Diffusion v1 images
[52] and random real LAION images [41]. The UnivFD
dataset [32] cover a broad range of generative models, pri-
marily including GANs and diffusion models, such as Pro-
GAN [18], StyleGAN [19], BigGAN [4], CycleGAN [59],
StarGAN [10], GauGAN [46], CRN [9], IMLE [22], SAN
[11], SITD [7], DeepFakes [20], Guided [12], Glide [31],
LDM [40] and DALL-E [37]. The SynRIS dataset [5] is
designed to avoid bias toward any specific topic, theme, or
style and contains high-fidelity images generated by text-
to-image models, such as Kandinsky2 [38], Kandinsky3
[1], PixArt-ϑ [8], SDXL-DPO [49], SDXL [34], SegMoE
[23], SSD-1B [42], Stable-Cascade [33], Segmind-Vega
[15], andWürstchen2 [33] , Midjourney [29], DALL.E 3 [3]
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Methods
CNN- Freq-

Dire
Univ

NPR
FatF FakeIn Patch

Ours
Spot spec FD ormer version For

Kandinsky2 60.0 57.0 71.6 56.2 97.5 75.6 69.9 53.5 97.13
Kandinsky3 65.9 45.7 74.9 61.4 93.7 80.1 74.3 51.4 94.8
PixArt-ω 62.7 56.4 81.5 64.7 89.5 75.3 73.0 49.6 90.2
SDXL-DPO 84.3 69.8 69.9 70.2 97.6 86.0 88.1 54.5 95.5
Segmind-

74.2 65.3 81.0 62.3 97.1 82.4 81.1 53.1 97.0
Vega
SDXL 81.4 61.2 86.2 66.3 96.0 85.1 80.7 63.9 97.6
Seg-MoE 66.3 54.6 71.9 62.0 93.6 70.8 71.3 49.8 97.6
SSD-1B 72.6 67.8 79.8 62.8 99.6 70.1 79.4 61.2 99.8
Stable-

70.5 62.1 74.1 68.2 97.6 81.6 74.9 57.4 99.2
Cascade
Würstchen2 61.0 63.3 74.2 69.7 90.9 72.9 70.5 47.2 98.2
Midjourney 63.0 50.9 72.4 59.2 58.5 73.6 66.4 53.7 90.0
Playground 58.2 52.3 67.9 58.7 93.1 81.4 62.5 54.1 92.8
DALL·E3 71.6 59.9 80.8 48.0 69.1 79.2 75.9 50.1 85.9
Average 68.6 58.9 75.9 62.3 90.3 78.0 74.5 53.8 95.1

Table 3. AUROC comparisons with different methods on the Syn-
RIS dataset. We retrieve the results of CNNSpot, UnivFD, and
FakeInversion from [5] and obtain the results for Dire, NPR, Fat-
Former, and PatchFor using re-implemented models. Red and
underline indicate the best and the second best result, respectively.

and playground [21] .
Metrics: As standard evaluation metrics, the average pre-
cision (AP), the accuracy (ACC) and AUCROC are consid-
ered to measure the effectiveness of different methods.
Baselines: In our experiments, we perform thorough com-
parisons with state-of-the-art methods, as follows: 1)
CNNSpot [50]: The method relies only on one CNN gen-
erator. 2) PatchFor [6]: The method performs detection on
a patch level. 3) Co-occurrence [30]: The method converts
input images into co-occurrence matrices for classification.
4) Freq-spec [57]: The method employs the frequency spec-
trum of images. 5) Dire [51]: The method exploits the error
between an input image and its reconstruction counterpart.
6) UnivFD [32]: The method uses the pre-trained language-
vision model to determine the authenticity of images. 7)
NPR [45]: The method captures the generalized artifacts
according to the local interdependence among image pix-
els. 8) FatFormer [26]: The method is aimed at extracting
forgery-adaptive features based on UnivFD. 9) Fakeinver-
sion [5]: The method employs text-conditioned inversion
maps extracted from Stable Diffusion.
Implement details: Our training and testing settings are
adapted from the approach outlined in the previous study
[26] with several key modifications. Specifically, early
stopping was employed during model training, with an
initial learning rate of 1 ↓ 10↓4 and a batch size of 32.
Additionally, the Lora layers are configured with hyperpa-
rameters lorar = 6, loraω = 6, and a dropout rate of 0.8,

# STS CFDL feature UnivFD Dataset
module module enhancement apm accm

1 ↭ 97.37 81.64
2 ↭ ↭ 97.41 90.17
3 ↭ ↭ 97.39 89.98
4 ↭ ↭ ↭ 98.52 93.61

Table 4. Ablation study of the proposed modules on the UnivFD
Dataset. We show the mean accuracy (accm) and average preci-
sion (apm). Red and underline indicate the best and the second-
best result, respectively.

while ϑ is set to 8.0. The proposed method is implemented
using Pytorch on 2 Nvidia GeForce RTX A6000 GPUs.

4.2. Comparision Results
The UnivFD dataset includes a diverse range of models, al-
lowing for a comprehensive evaluation of our method across
both GAN and diffusion generative models. In addition, the
SynRIS dataset provides images generated by cutting-edge
generative models. The overall experimental results are pre-
sented in Tab. 1, Tab. 2, and Tab. 3.

Results on UnivFD dataset. Results show that our pro-
posed method achieves superior performance compared to
the UnivFD and FatFormer. Notably, without the biased
interpretation introduced by coarse-grained text prompts,
SDD surpasses the latest state-of-the-art method FatFormer
by the mean AP (apm) of 0.34% and the mean acc (accm)
of 2.75%. Moreover, compared with methods based on rel-
atively monotonous forgery features in Tab. 1 and Tab. 2,
our approach can outperform all of them with a large im-
provement. The above evidence indicates effective combi-
nation of visual concepts and forgery features can contribute
model to extract sufficient forgery patterns and eliminate the
superfluous features.

Results on SynRIS dataset. As shown in Tab. 3, when
confronted with high-fidelity images generated by text-
to-image models, methods leveraging pre-trained vision-
language models, such as UnivFD and FatFormer, lose
their competitiveness. In contrast, NPR, which focuses on
neighboring pixel relationships, retains its edge. We as-
sume that current generative methods grasp the relation-
ships between visual information and semantic concepts
in images but cannot refine local forgery details at the
pixel level. Considering that excessive reliance on con-
cepts misses abnormal pixel arrangements and focusing on
monotonous forgery patterns can cause overfitting, our de-
tector, which emphasizes low-level features with visual con-
cepts, is trained on lower-fidelity fake images generated by
Stable Diffusion [52] to capture concept-specific lacunae.
We follow the evaluation protocol from SynRIS [5]. In
comparison, our detector achieves an impressive mean AU-
ROC of 95.1%, surpassing the state-of-the-art method by
4.8%. This demonstrates its superior ability to tackle the
challenges posed by evolving generative models.
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Figure 5. Performance of function on
adaptive weights.

(a) progan (b) cyclegan (c) stylegan (d) stargan

(e) ldm_100 (f)  crn (g) glide_100_27 (h) imle

Figure 6. T-SNE visualization of real and fake images [47]. The feature space is based on our
classifier. Each randomly samples 500 real and 500 fake images.

Figure 7. The showcase of attention on images which are input
into our model.

4.3. Ablation study
We perform comprehensive ablation studies on the UnivFD
dataset under the original experimental configurations, re-
porting the mean accuracy (accm) and mean average preci-
sion (apm) as the primary evaluation metrics.

Effect of Each Component: We study the effects of re-
moving STS module, CFDL module, and feature enhance-
ment in our method. The results, presented in Tab. 4,
demonstrate that these components are essential for improv-
ing performance in generalization on unseen models. This
empirical finding suggests that the CFDL effectively cap-
tures forgery discrepancies associated with semantic con-
cepts, while the enhancer module plays a crucial role in
identifying robust forgery artifacts. The collaboration of
all modules enhances the model’s ability to distinguish be-
tween real and fake images.

Effect of function on adaptive weights: To check how
well the proposed function works in the SDD, we select
two conventional functions for comparison: f(x) = |x|
and f(x) = x

2. The corresponding results are presented in
Fig. 5. We find that our proposed function yields improve-
ments in both apm and accm compared to the selected func-
tions. These results demonstrate that our proposed function
is conducive to capturing robust and distinctive forgery fea-
tures.

Visualization of learned latent space: As shown in
Fig. 6, the input images can be distinctly categorized into
two clusters: real and fake. Nevertheless, why does the di-

vided boundary of ProGAN appear ambiguous in contrast
to other models? Additionally, why do the real clusters of
CycleGAN and StyleGAN separate from each other? We
attribute these to the influence of visual semantic concepts.
Perceptively, with the supervision of visual semantic con-
cepts, the learned boundary of ProGAN is more complex
and nuanced, rather than just simple straight lines or curves.
Similarly, the images generated by StyleGAN and Cycle-
GAN are projected into the corresponding semantic concept
distribution and then separated from the real images based
on the visual semantic concepts.

Visualization of attention on images: We apply Class
Activation Mapping (CAM) [58] to visualize the learned
representations. From our perspective, Fig. 7 illustrates
that with the aid of semantic information, our model can fo-
cus on different regions of fake images, including the back-
ground, local object regions, and marginal details. This sug-
gests that our fine-grained model is capable of capturing
intricate discrepancies generalized to unseen models. No-
tably, the real images nearly always show no forgery dis-
crepancy regions, which demonstrates the effectiveness of
the reconstruction loss in the forgery detection task.

5. Conclusion
In this paper, we propose a novel method, SDD, for general-
izable forgery image detection. The findings show that our
method establishes a new state-of-the-art in detecting im-
ages generated by generative models from different periods,
which underscores its robustness and superior generaliza-
tion capability. To the best of our knowledge, in pre-trained
vision-language paradigms, our approach is the first to rely
solely on visual information, without text prompts. Based
on experimental results, we conclude that leveraging sam-
pled tokens and reconstruction techniques effectively aligns
the visual semantic concept space with the forgery space.
Additionally, refining low-level forgery features under the
supervision of visual semantic concepts enhances the per-
formance of forgery detection. Although SDD performs
well across various generative methods, there is still room
for improvement as generative technologies continue to ad-
vance. Future research will explore this further.
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