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Abstract

The extraordinary ability of generative models emerges as a
new trend in image editing and generating realistic images,
posing a serious threat to the trustworthiness of multimedia
data and driving the research of image manipulation detection
and location (IMDL). However, the lack of a large-scale data
foundation makes the IMDL task unattainable. In this paper,
we build a local manipulation data generation pipeline that
integrates the powerful capabilities of SAM, LLM, and gen-
erative models. Upon this basis, we propose the GIM dataset,
which has the following advantages: 1) Large scale, GIM
includes over one million pairs of Al-manipulated images
and real images. 2) Rich image content, GIM encompasses
a broad range of image classes. 3) Diverse generative manip-
ulation, the images are manipulated images with state-of-the-
art generators and various manipulation tasks. The aforemen-
tioned advantages allow for a more comprehensive evaluation
of IMDL methods, extending their applicability to diverse
images. We introduce the GIM benchmark with two settings
to evaluate existing IMDL methods. In addition, we propose
a novel IMDL framework, termed GIMFormer, which con-
sists of a ShadowTracer, Frequency-Spatial block (FSB), and
a Multi-Window Anomalous Modeling (MWAM) module.
Extensive experiments on the GIM demonstrate that GIM-
Former surpasses the previous state-of-the-art approach on
two different benchmarks.

Introduction

Images are one of the most essential media for information
transmission in modern society and they are widely spread
on public platforms such as news and social media. With
the rapid advancement of generative methods (Dhariwal and
Nichol 2021; Rombach et al. 2022), such natural informa-
tion can be more easily manipulated for specific purposes
such as tampering with an object or person. The image of
this class is particularly convincing since its visual compre-
hensibility, leading to serious information security risks in
social areas. Therefore, it is of utmost urgency to develop
methods to detect whether an image is modified by gener-
ative models and identify the exact location of the manip-
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ulation. However, traditional image manipulation detection
and location (IMDL) datasets (Dong, Wang, and Tan 2013;
Wen et al. 2016) overlook the powerful generative models
and generative IMDL (Jia et al. 2023; Guillaro et al. 2023)
datasets are limited with scale, it is thus not sufficient to
comprehensively evaluate the performance of IMDL meth-
ods and benefit the IMDL community.

To this end, we propose a million-level generative-based
IMDL dataset, termed GIM dataset, to provide a reliable
database for Al Generated Content (AIGC) security. GIM
leverages the generative models (Ho, Jain, and Abbeel 2020;
Yin et al. 2025) and SAM (Kirillov et al. 2023a), with the
images in ImageNet (Deng et al. 2009) and VOC (Ever-
ingham et al. 2010) as the input. SAM is utilized to locate
the tampering region, and generative models paint the rea-
sonable content in the tampering area. GIM contains a total
of over one million generative manipulated images. To de-
velop an appropriate benchmark scale, we explore the im-
pact of different amounts of training manipulated data. The
final benchmark contains about 320k manipulated images
with their tampering masks for training and testing. To sim-
ulate the real situation, we investigate the effect of degrada-
tion and apply random degradation to these benchmark im-
ages. Based on this GIM benchmark, the IMDL methods are
evaluated and benchmarked. Overall, GIM possesses the fol-
lowing advantages: 1) GIM has a large and reasonable data
scale, including rich image categories and contents. 2) GIM
contains various generative manipulation models and tasks.
3) GIM proposes two settings for verifying the performance
and generalization ability of IMDL methods.

Existing methods emphasize traditional image manipula-
tions also known as “cheapfakes”. However, generative ma-
nipulations introduce lethal alterations in content with no
apparent frequency or structural inconsistency. To address
the above issue, we introduce GIMFormer, a transformer-
based framework for generative IMDL. The ShadowTracer
is designed to embed the nuanced artifacts inherent in gen-
erative tampering and serves as the prior information. The
Frequency-Spatial Block captures the manipulation clues in
the frequency and spatial domains. Furthermore, the Multi
Windowed Anomalous Modelling module captures local in-
consistencies at different scales to refine the features. GIM-
Former extracts features from both the RGB and learned
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Figure 1: Example images from the GIM dataset. Our dataset includes images manipulated by three state-of-the-art generators:
Stable-Diffusion, GLIDE, and DDNM. Three columns display authentic images, manipulation masks and manipulated images.

tampering trace maps, capturing details from both the fre-
quency and spatial domains while modeling inconsistencies
at different scales for precise manipulation detection and lo-
calization. We conduct experiments on our proposed GIM.
Both the qualitative and quantitative results demonstrate that
GIMFormer can outperform previous state-of-the-art meth-
ods. In summary, our main contributions are as follows:

* We build a data generation pipeline and construct a large-
scale dataset for IMDL tasks.

* We investigate the impact of data scales and degradation,
constructing a comprehensive benchmark with two eval-
uation settings for IMDL methods evaluation.

* We propose a framework named GIMFormer for genera-
tive IMDL task. Extensive experiments demonstrate that
GIMFormer achieves state-of-the-art performance.

Related Work
Image Forensic Datasets

Early datasets (Ng, Chang, and Sun 2004) primarily fo-
cus on one type of manipulation. CASIA (Dong, Wang,
and Tan 2013) first incorporates multiple types of manip-
ulations with forged images manually crafted using Adobe
Photoshop. The Wild Web dataset (Zampoglou, Papadopou-
los, and Kompatsiaris 2015) collects forged images from
the Internet, surpassing previous datasets in the scale. NIST
(Guan et al. 2019) dataset provides an extensive collection
of datasets serving as a crucial standard for assessing me-
dia tampering detection methods. IMD2020 (Novozamsky,
Mahdian, and Saic 2020) provides locally manipulated im-
ages generated through manual operations or random slic-
ing and online images without obvious manipulation traces.
Recently, HiFi-IFDL (Guo et al. 2023) constructs a hier-
archical fine-grained dataset containing some representa-
tive forgery methods. AutoSplice (Jia et al. 2023) leverages
large-scale language-image models like DALL-E2 (Ramesh
et al. 2021) to facilitate automatic image editing and gen-
eration. CocoGlide (Guillaro et al. 2023) contains images
manipulated by the diffusion model. Besides, other datasets
focus on facial manipulations (Rossler et al. 2019; Guarnera
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et al. 2022) or entirely synthesized images(Zhu et al. 2023;
Yan et al. 2024; Verdoliva and Cozzolino 2022).

The datasets mentioned above have limitations such as
small data sizes and limited manipulation techniques. Re-
cent advances in generative models have demonstrated re-
markable manipulation abilities. Leveraging these models,
we introduce GIM, a large-scale dataset that incorporates
various recent generative manipulation techniques.

Image Manipulation Detection and Localization

Early studies on natural image manipulation localization
mainly focus on detecting a specific type of manipula-
tion (Cozzolino, Poggi, and Verdoliva 2015; Yin et al. 2023).
Due to the exact manipulation type is unknown in real-world
scenarios, most state-of-the-art methods (Liu et al. 2022;
Ying et al. 2023) primarily concentrate on general manip-
ulation. MVSS-Net (Dong et al. 2022) uses a two-stream
CNN to extract noise features and employs dual attention to
fuse their outputs. PSCC-Net (Liu et al. 2022) extracts hi-
erarchical features in a top-down manner and it detects ma-
nipulations in a bottom-up manner. Motivated by the power
of transformer(Zhang et al. 2024; Zhang and Qi 2024; Lu
et al. 2024a,b; Chen et al. 2023), ObjectFormer (Wang et al.
2022) uses object prototypes to model object-level consis-
tencies and find patch-level inconsistencies to detect the ma-
nipulation. However, these methods focus on “cheapfake”
detection and encounter challenges when applied to genera-
tive manipulation. Certain works (Huang et al. 2022; Chai
et al. 2020; Liu et al. 2024) localize manipulations using
generative models but mainly focus on human faces.

In this work, we focus on the generative IMDL task. We
leverage a deep network to embed the subtle artifacts inher-
ent in generative tampering as a prior trace map. A dual net-
work fuses the trace map and RGB image, combining fre-
quency and spatial information and capturing pixel-level in-
consistencies to detect and locate the manipulation.

Dataset and Benchmark Construction

In this section, We propose an automatic pipeline to gen-
erate manipulated images from unannotated data. Leverag-
ing this pipeline, we construct the comprehensive large-scale
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Figure 2: An overview of the dataset generation. Given the original image and a user query (classification attribution or mouse
input), the manipulation mask is extracted using SAM. Tampering prompts are then organized with LLM by combining re-
placement classes. The final generations are produced by generative models with the image, tampering mask and prompts.

GIM dataset. To build a reasonable benchmark, we conduct
preliminary experiments focusing on two key aspects: data
scale and image degradation. First, we investigate the im-
pact of the training data scale to determine an appropriate
size for the GIM benchmark. Second, to reveal real-world
scenarios, the manipulated and original images are subjected
to three random degradations. Finally, the GIM benchmark
comprises over 320k manipulated images paired with au-
thentic images for algorithm training and evaluation. The
example images are shown in Figure 1 with their original
images and tampering masks. Finally, we introduce the cri-
teria and settings used to evaluate the IMDL methods.

Data Generation Pipeline

Benefiting from open-source projects (Kirillov et al. 2023b;
Ren et al. 2024), we develop our data generation pipeline.
Figure 2 illustrates the overall process. Our pipeline includes
two types of manipulation: reprinting the target class using
a generative inpainting method Stable Diffusion (Rombach
et al. 2022) and GLIDE (Nichol et al. 2021) or remov-
ing the destination region using a specific removal method
DDNM (Wang, Yu, and Zhang 2022). Given an arbitrary
image, the process begins by extracting the local manipu-
lation mask using a zero-shot segmentation network SAM,
guided by either classification attributes or user queries. For
reprint tampering, the image category is embedded in the
replacement prompt and interacts with LLM (Achiam et al.
2023), which returns an approximate category. The approxi-
mate category is then embedded into the inpainting prompt.
By combing with the original image, manipulation mask and
inpainting prompt, generative models generate the reprint
tampered result. For removal tampering, only the original
image and manipulation mask are required for the model.
The GIM dataset utilizes images from the ImageNet
dataset (Deng et al. 2009) and VOC dataset (Everingham
et al. 2010). These two datasets contain a large number of
diverse images with wide category coverage, providing a re-
liable database and laying the foundation for future research.

Analysis of the Benchmark Scale

With the data generation pipeline, we are qualified to gen-
erate large amounts of manipulated images. Nonetheless,
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blindly increasing the amount of data does not improve
the algorithm performance, while it may lead to data re-
dundancy. Therefore, taking data generated by the Stable
Diffusion as an example, we explore the influence of data
volume and category volume on baseline classification (He
et al. 2016) and segmentation algorithms (Xie et al. 2021).
Training sets vary in the scale, while the validation uses the
same test set. As shown in Table 2, the metrics of classifi-
cation and segmentation are improved as the dataset scale
increases. When the scale reaches 180K, the algorithm per-
formance almost saturates. All the metrics remain almost
unchanged with either the image class number or the data
scale increased. Experiments demonstrate that increasing
the amount of data or category brings negligible benefits
when the data tends to be saturated. According to the anal-
ysis, the GIM benchmark uses 100 labels from ImageNet to
generate tampered images for training and employs all the
test sets from ImageNet and VOC for evaluation.

Post-processing of Degradation Method

When uploaded to the Internet, images will encounter var-
ious post-processing. These transformations can pose chal-
lenges for image forensics methods. Table 3 investigates the
impact of degradation. The baseline models are trained on
the clean data and tested on the test set with a single degra-
dation. Experimental results show that these degradations
make the identification difficult. To reveal the real-world
scenarios, random degradation (JPEG compression, down-
sampling and Gaussian blur) is performed on the dataset.

Benchmark Settings

Benchmark Description: GIM consists of four subsets.
GIM-SD, GIM-GLIDE and GIM-DDNM which contain
data from ImageNet manipulated by Stable Diffusion,
GLIDE and DDNM, respectively. Additionally, there is a
cross-distribution subset GIM-VOC which contains data
from VOC manipulated by Stable Diffusion.

Metrics: We evaluate the performance of the IMDL method
on both the image manipulation detection task and localiza-
tion task. For the detection task, we use accuracy (Cls.acc)
as our evaluation metric. For the localization task, the pixel-
level AUC and F1 score are adopted.



Num. Images Manipulations Category

Dataset Image Content Image Size # Authentic Image  # Forged Image  Traditional Gen.Reprint Gen.Removal
FaceForensics++ (Rossler et al. 2019) Face 480p-1080p 1,000 4,000 X v X
DFDC (Dang et al. 2020) Face 240p-2160p 19,154 100,000 X 4 X
DeeperForensics (Jiang et al. 2020) Face 1080p 50,000 10,000 X v X
Columbia Gray (Ng, Chang, and Sun 2004) General 128 x 128 933 912 v X X
CASIA V2.0 (Dong, Wang, and Tan 2013) General 320 x 240-800 x 600 7,200 5,123 v X X
IMD2020 (Novozamsky, Mahdian, and Saic 2020) General 1062 x 866 35,000 35,000 4 X X
Coverage (Wen et al. 2016) General 400 x 486 100 100 v X X
AutoSplice (Jia et al. 2023) General 256 X 256 - 4232 x 4232 3,621 2,273 X 4 X
HiFi-IFDL (Guo et al. 2023) General - - 1,000,000 (200,000) v v X
CocoGlide (Guillaro et al. 2023) General 256256 - 512 X 4 X
GIM General 64 % 64-6000 % 3904 1,140,000 1,140,000 X v v

Table 1: Summary of image manipulation datasets. Image content, image sizes, and manipulation techniques are reported. HIFI-
IFDL includes mainly entirely synthesized images with a small portion of traditional manipulation or face image manipulation.

Total Num. Image ‘ Image ‘ Metrics(%)
of Image Classes | per Class Cls.Acc Fl1 AUC
2,800 10 280 63.1 25.5 79.5
28,000 100 280 74.8 325 79.9
180,000 100 1800 91.3 529 86.9
360,000 200 1800 91.3 529 87.0
500,000 500 1000 91.3 529 87.0

Table 2: Dataset Scale Experiment: Effect of Dataset Scale
on Base Models (SegFormer-b0, ResNet-50).

Settings: Two settings are proposed to evaluate the perfor-
mance and generalization. In the mix-generator setting, the
models are jointly trained on the GIM-SD, GIM-GLIDE and
GIM-DDNM training set and tested on the correspondence
test dataset respectively to evaluate the performance. In the
cross-generator setting, the models are trained on the GIM-
SD training set and tested on the GIM-GLIDE, GIM-DDNM
and GIM-VOC test sets to explore the generalization.

Method

To address the challenges of generative manipulation, we
propose GIMFormer that adopts a dual encoder and decoder
architecture. Our framework includes several components:
the ShadowTracer, the Frequency-Spatial Block (FSB), and
the Multi Windowed Anomalous Modeling (MWAM) mod-
ule. Figure 3 gives an overview of the framework. For the
RGB image input x, we first extract its learned trace map
t. Then, both = and ¢ are fed into a two-branch network,
where the four-stage structure is used to extract pyramid fea-
tures F; (i € [1,4]). The RGB branch is composed of FSB,
Transformer Block (Xie et al. 2021) and WMAM. The tracer
branch consists of a Transformer Block and WMAM. In the
fusion step, the feature rectification module (FRM) and fea-
ture fusion module (FFM) (Zhang et al. 2023) are used for
feature fusion. The four-stage fused features are forwarded

to the decoder for final detection ¢ and location M.

ShadowTracer

Prior manipulation detection methods mainly focus on
“cheapfake” and rely on visible traces. These artifacts in-
clude distortions and sudden changes caused by manipula-
tion of the image structure. However, generative tampering
makes significant alterations to the content with no apparent
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S Metrics(%)
Degradation Cls.Acc Fl
- 91.3 52.9
JPEG compression 83.1 45.7
Gaussian blur 90.9 40.1
Downsample 88.3 37.1

Table 3: Degradation Experiment: Impact of Degradation
on Base Models (SegFormer-b0, ResNet-50).

frequency or structural inconsistency. As shown in Figure 4,
these subtle traces are displayed with inherent patterns that
are not visible traces with inconsistent edges.

ShadowTracer aims to capture the inherent characteris-
tics and subtle traces of the generative models. For a ma-
nipulated image, our objective is to learn a mapping g, to
map the tampered image to its latent disturbed pixel values,
where g4 represents a neural network with trainable param-
eters ¢. Our key observation is that the differences intro-
duced by generative models in data distribution exhibit in-
herent patterns, and deep neural networks can attempt to re-
construct these variations. At the training stage, we generate
pairs of the image x; and the tampered image G(z;), the ma-
nipulation trace can be calculated by t; = G(x;) — x;. The
objective function for training g4 can be formulated as :

min {£, (g (G (x))) .1:) } M

where L,.(x,y) = ||x —y||2. Furthermore, the mapping net-
work needs to detect subtle tampering traces and be robust
to various real-world image degradations. For this reason,
image pairs are generated by mixing original and manipu-
lated images and incorporating diverse degradation opera-
tions at the training stage. Specifically, given an input image
1, we segment the region of interest and perform generative
manipulation to obtain /,,,. The mix-up (Zhang et al. 2017)
strategy is utilized to the original and manipulated images to
obscure obvious tampering traces. Following this, we sub-
ject the images to the degradations mentioned above to ob-
tain the final manipulated image. The network is trained on
64 % 64 pixel patches randomly sampled from the dataset and
the loss in Eq. 1 is adopted.
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Frequency-Spatial Block

When degradation operations are applied, artifacts in manip-
ulated images are tricky to perceive. To improve the local
expressive and harvest discriminative cues in manipulated
images, we design a Frequency-Spatial Block (FSB) to ex-
tract forgery features in the frequency and spatial domains.

Inspired by the recent work (Rao et al. 2021; Lee-
Thorp et al. 2021; Zhang et al. 2022), FSB consists of two
branches: a frequency branch and a spatial branch as shown
in Figure 3. In the frequency branch, the input X is con-
verted into the frequency domain Fr(X) using the 2D FFT.
A learnable filter G; is multiplied to modulate the spectrum
and capture the frequency information. Subsequently, the in-
verse FFT is applied to convert the feature back to the spa-
tial domain, resulting in the extraction of frequency-aware
features Xy. In the spatial branch, the input X is processed
through convolution layers and LeakyReLU function to en-
hance the expressiveness of the features and obtain refined
spatial features X;. Then Xy and X, are concatenated and
passed through convolution layers and the LeakyReLU func-
tion to obtain enhanced information, which is then combined
with the original input X through element-wise summation.
The total process can be formulated by:

X = j:T(]:T(X) ® Gz)
X; = Convy, (Conv (X))
KXout = Convy, ([X¢, Xs]) + X,

@)

where ® denotes the Hadamard product , Convy, denotes
convolution with LeakyReLU and [-] denotes concatenation.
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Multi Windowed Anomalous Modelling Module

Image manipulation causes discrepancies at the pixel level.
Genuine pixels are expected to exhibit consistency with
neighboring pixels, while manipulated pixels may deviate
and display anomalies. Motivated by previous works (Wu,
AbdAlmageed, and Natarajan 2019; Kong et al. 2023) that
explore local inconsistencies. To effectively capture the
pixel-level inconsistency between the manipulated and real
region, we introduce the Multi Windowed Anomalous Mod-
elling (MWAM) module to model these differences at mul-
tiple scales for fine-grained features.

As shown in Figure 3, for input feature F € H x W x C,
we calculate the difference between pixel and its surround-
ings within a local window in two branches via Eq.3.

o* = maximum(c (F),1e™ + wg)
where u € {a, m} denotes average or maximum branches,
o(F) is the standard deviation of F', and w, is a learnable
non-negative weight vector of the same length as o, F¥ and
Fk are calculated from the average and maximum values of
the £ x k windows in each pixel. Different sizes k are se-
lected to model the inconsistency at different scales. Then,
the obtained N = 3 different-scale D* and DF, are con-
catenated and fed into a convolutional network to obtain an
anomaly map M, and M,, of the same size as the original
input. Additionally, the anomaly score mask S, € HxW
of the feature is computed using.

f. = DConv (f),
y (Conv(C’7 1) (fu>> ,

S, = Sigmoid

where the DConv means a 3 x 3 Depth-Wise convolution
layer. The element-wise multiplication between anomaly
score S, and the anomaly map M, capture the anomaly in-
formation. Next, we calculate the element-wise summation
between the resulting anomaly-aware map and the input fea-
ture map X to obtain an anomaly-sensitive feature map. The
whole process can be described as:

X=X+8,%xM,+ 8, x M,

3)

“4)

(&)



GIM-SD

GIM-GLIDE

GIM-DDNM

Method Params - GFLOPS | o Acc FI AUC |ClsAcc FI AUC |Cls.Ace FI  AUC

ManTranet(Wu, AbdAlmageed, and Natarajan 2019) 4.0 1009.7 61.1 37.5 80.8 71.0 49.1 833 540 331 749
MVSS-Net(Dong et al. 2022) 1469  160.0 561 232 720| 613 331 749 | 492 141 70.1
SPAN(Hu et al. 2020) 15.4 30.9 532 356 793 | 600 395 812 | 592 321 73.6
PSCC-Net(Liu et al. 2022) 4.1 107.3 523 315 838 | 665 537 864 | 563 418 85.8
ObjectFormer! (Wang et al. 2022) 146 2496 59.1 268 852 | 70.1 40.1 852 | 543 33.1 86.8
Trufor}! (Guillaro et al. 2023) 67.8 90.1 67.1 441 845| 802 593 930 | 633 445 87.6
IML-VIT(Ma et al. 2024) 91.0 136.0 652 539 843 | 713 693 921 | 712 539 857
SegFormer(Xie et al. 2021) 275 413 643 462 833 | 781 568 887 | 693 402 84.6
GIMFormer (Ours) | 959 962 | 709 586 882 | 839 773 9542| 767 563 883

Table 4: Benchmarking IMDL models to evaluate performance. Cls.Acc(%), AUC(%) and F1(%) Params(M) are reported.

Method GIM-SD GIM-VOC GIM-GLIDE GIM-DDNM

Cls.Acc F1 AUC|ClIs.Acc FlI AUC|Cls.Acc F1 AUC|Cls.Acc F1 AUC

ManTranet(Wu, AbdAlmageed, and Natarajan 2019) | 73.1 432 802| 632 27.4 727| 582 245 746 395 168 583
MVSS-Net(Dong et al. 2022) 56.1 25.1 822| 563 212 73.2| 532 23.17 73.1| 481 10.1 502
SPAN(Hu et al. 2020) 522 473 569| 522 299 552 500 30.1 56.1| 442 143 56.7
PSCC-Net(Liu et al. 2022) 582 484 873 | 548 394 838 51.1 296 79.8| 405 44 485
objectFormert! (Wang et al. 2022) 67.1 395 87.9| 582 29.1 81.2| 542 177 81.0| 492 72 59.0
Trufor}! (Guillaro et al. 2023) 740 499 862 | 652 319 80.1| 50.1 224 763 | 492 57 53.1
IML-VIT(Ma et al. 2024) 77.1 58.1 88.9| 543 472 832| 521 231 71.1| 503 72 523
SegFormer(Xie et al. 2021) 719 53.1 87.1| 60.0 282 81.0| 541 210 751| 502 47 513
GIMFormer (Ours) | 789 617 90.6| 67.2 50.0 84.0| 67.0 393 81.0| 523 19.4 60.1

Table 5: Benchmarking IMDL models to evaluate generalization. Cls.Acc(%), AUC(%) and F1(%) are reported.

Loss Function

For detection, we adopt a lightweight backbone in (Wang
et al. 2020) on the fourth stage feature for binary prediction
1. For localization, we utilize the MLP decoder (Xie et al.
2021) as the segmentation head to obtain a predicted mask
M. Given the ground-truth label y and mask M, we train
GIMFormer with the following objective function:

L= Les(y,§) + Loeg(M, M), (©6)

where both L. and L., are binary cross-entropy loss.

Implementation Details

Our approach includes two separate training steps. First, we
train the ShadowTracer using the dataset generated from Im-
ageNet. This training process follows a similar data gener-
ation method as mentioned in the former chapter. Then, we
train the encoder and decoder of the model according to the
two settings in GIM, as described in the previous section.
We train our models on 8§ V100 GPUs with an initial learn-
ing rate of 6e~® which is scheduled by the poly strategy
with power 0.9 over 20 epochs. The optimizer is AdamW
(Loshchilov and Hutter 2017) with epsilon 1e~® weight de-
cay le2, and the batch size is 4 on each GPU.

Comparison with Existing Methods
We compare our methods with various state-of-the-art
IMDL methods ! and the vanilla SegFormer (MiT-B2) (Xie

! 1 indicates that the original paper does not provide the code,
we reproduce the code and evaluate it under the same settings.
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et al. 2021). As shown in Table 4 and Table 5, these methods
are tested in two settings to evaluate the performance. Note
that some methods are not explicitly designed for image-
level detection, in which case we use the maximum of the
prediction map as the detection statistic. All methods are
immersed in the same implementation details. More exper-
iments are included in the Appendix.

Mix-generator Comparison. Table 4 reports the perfor-
mance of all methods. GIMFormer outperforms other meth-
ods, demonstrating its superior ability to identify generative
manipulation. Existing methods exhibit low pixel-level F1
scores on this benchmark, indicating that tampering areas
are not accurately identified. The qualitative results for vi-
sual comparisons are illustrated in Figure 5.

Cross-generator Comparison. Table 5 reports the general-
ization of all the methods. The results show that GIMFormer
outperforms all other methods in both in-domain and cross-
domain. For in-domain experiments, our method catches the
subtle artifacts inherent in manipulation and accurately lo-
calizes them. Other methods may encounter confusion as
they attempt to learn specific content, potentially leading
to challenges in accurately detecting and localizing gen-
erative tampering patterns. For cross-domain experiments,
GIMFormer demonstrates well generalization in detecting
manipulation using different generative models, as shown
in the results of the GIM-GLIDE and GIM-DDNM testsets.
Besides GIMFormer works well on data generated by the
same generator from different distributions, while existing
methods have an obvious performance drop, as shown in the
results of the GIM-VOC testset. The qualitative results for
visual comparisons are illustrated in Figure 6.
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Figure 6: Qualitative results on GIM of comparing GIMFormer with state-of-the-art methods generalization capability.

Variants |Cls.Acc F1 AUC
Baseline 78.1 56.8 88.7
+ShadowTracer 799 67.1 92.0
+ShadowTracert WMAM 80.2 734 94.0
+ShadowTracert WMAM+FSB | 839 77.3 954

Table 6: Ablation results of GIMFormer variants.
Cls.Acc(%), AUC(%) and F1(%) scores are reported.

Ablation Analysis

Effectiveness of the Proposed Module. We consider a sim-
ple baseline proposed in (Xie et al. 2021) and gradually in-
tegrate new key components. Experiments are carried out on
the GIM-GLIDE testset. The quantitative results are listed in
Table 6. The result shows that ShadowTracer brings signifi-
cant improvements to the vanilla baseline. With the MWAM,
there is an increase of 6.29% in F1 and 2% in AUC, which
indicates that the differential information at multiple scales
is crucial for accurate tampering localization. The use of
FSB to dynamically harvest complementary frequency and
spatial cues improves performance, particularly in detection.
The results verify that ShadowTracer, FSB and MWAM ef-
fectively improve the performance of the baseline model.

Generalization of ShadowTracer. To evaluate the gener-
alization of ShadowTracer, we train ShadowTracer using
data generated by Stable Diffusion and subsequently hold
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Variants GIM-GLIDE GIM-DDNM
Cls.Acc F1 AUC Cls.Acc F1I AUC
GIMFormer w ShadowTracer 83.1 78.1 954 774 588 894
GIMFormer w/o ShadowTracer| 80.0 689 91.3 73.1 51.3 86.1

Table 7: Generalization Experiments of ShadowTracer.
Cls.Acc(%), AUC(%) and F1(%) scores are reported.

its weights fixed. We proceed to train the backbone on the
GIM-GLIDE and GIM-DDNM trainsets, with and without
the incorporation of ShadowTracer. The result in Table 7 re-
veals that leveraging the pretrained ShadowTracer increases
performance in cross-generator IMDL tasks. Across GIM-
GLIDE and GIM-DDNM, ShadowTracer achieves up to 9%
F1, 4% AUC and 4% accuracy improvements.

Conclusion

We address the challenge of detecting and locating genera-
tive manipulation and provide a reliable database GIM for
AIGC security. This dataset leverages multiple generators to
provide diverse generative manipulation data. Based on this,
we design a benchmark for IMDL methods with two set-
tings. We also introduce GIMFormer, a novel transformer-
based IMDL framework. Extensive experiments demon-
strate that GIMFormer achieves SOTA performance.
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