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Abstract
Deep learning-based models have made great progress in im-
age tampering localization, which aims to distinguish be-
tween manipulated and authentic regions. However, these
models suffer from inefficient training. This is because they
use ground-truth mask labels mainly through the cross-
entropy loss, which prioritizes per-pixel precision but disre-
gards the spatial location and shape details of manipulated
regions. To address this problem, we propose a Mask-Guided
Query-based Transformer Framework (MGQFormer), which
uses ground-truth masks to guide the learnable query token
(LQT) in identifying the forged regions. Specifically, we ex-
tract feature embeddings of ground-truth masks as the guid-
ing query token (GQT) and feed GQT and LQT into MGQ-
Former to estimate fake regions, respectively. Then we make
MGQFormer learn the position and shape information in
ground-truth mask labels by proposing a mask-guided loss to
reduce the feature distance between GQT and LQT. We also
observe that such mask-guided training strategy has a signif-
icant impact on the convergence speed of MGQFormer train-
ing. Extensive experiments on multiple benchmarks show
that our method significantly improves over state-of-the-art
methods.

Introduction
Digital image manipulation risk has become more serious in
recent years due to advances in deep generative models and
editing techniques. An increasing number of image process-
ing applications are emerging and easily accessible to pro-
duce tampered images in a visually imperceptible way. Tra-
ditional local image editing method including copy-move,
splicing, and removal, as a currently common forgery cat-
egory, requires meticulous and skillful processing. Recent
deep generative models, such as GAN (Goodfellow et al.
2020) and diffusion (Ho, Jain, and Abbeel 2020) models,
can generate realistic false contents in designated areas or
use language prompts to modify image semantics and style.
As a result, these manipulated images cause various social
security issues and can mislead the public. Consequently, it
is a realistic requirement to develop a reliable model to ac-
curately locate the manipulated region.
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Figure 1: The difference between previous methods and
ours. Our method uses a query-based transformer which is
efficient and explainable. Token similarity means the soft-
max result of the scalar product between the image feature
and query tokens. In addition, we use ground-truth masks to
guide the learnable query token (LQT) in identifying the au-
thentic and forged regions.

Despite significant advancements that have been made,
existing image manipulation localization networks suffer
from two shortcomings that lead to poor performance. First,
these methods employ the convolutional neural network
(CNN) in the final decoder process to classify the per-pixel
feature (Lin et al. 2023; Zhang et al. 2021), as shown in Fig-
ure 1 (a). However, the local receptive field property of con-
volution filters restricts access to global information in the
image. To address this problem, we propose using a query-
based transformer for the image manipulation localization
task. Figure 1 (b) shows that the query-based single-stage
method utilizes learnable query tokens (LQT) to select pixel
embeddings that are highly similar to itself, which makes
network processes more explainable and effectively exploits
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the attention mechanism of the transformer.
The second shortcoming is that these image manipulation

localization networks mainly utilize ground-truth mask la-
bels through cross-entropy loss. However, cross-entropy loss
does not exploit the spatial location and shape details of ma-
nipulated areas. This is because cross-entropy loss operates
at the pixel level to evaluate whether each position estima-
tion is correct, stressing per-pixel precision. As a result, the
network training is inefficient. To address this problem, we
feed ground-truth masks into the MGQFormer to guide the
network focusing on forged regions, leading to an efficient
training process.

In this paper, we propose a Mask-Guided Query-based
Transformer framework (MGQFormer), which uses ground-
truth masks to guide the learnable query token (LQT) in
identifying forged regions. During training, we first use
a multi-branch feature extractor to extract space-channel-
aware features from the RGB input image. It uses two dis-
tinct transformer encoders to extract features from an RGB
input image and its noise map, respectively. Then, it uses
spatial and channel attention to fuse RGB image and noise
map features with different distributions and domains. Fi-
nally, the fused feature is fed into our proposed query-based
transformer decoder to output the location of the forged re-
gion in the image. As shown in Figure 1(b), we utilize au-
thentic and forged LQT to distinguish manipulated regions
from authentic ones. The closer a token is to the authentic
query token, the more authentic it is, whereas the closer it is
to a forged query token, the more fraudulent it is.

In order to force the LQT to concentrate on the forged re-
gions, we extract the ground-truth mask feature as authentic
and forged guiding query tokens (GQT) and input them into
the decoder to also estimate the location of forged regions.
Since GQT comes from the ground-truth mask, which is the
target of the predicted mask, the GQT will contain the spa-
tial location and shape details of forged regions. Hence, we
propose a mask-guided loss to reduce the feature distance
between GQT and LQT. After the model is trained, the LQT
also makes the network focus on the position and shape of
the forge region. As a result, we only use LQT during infer-
ence to locate manipulated regions in our query-based trans-
former decoder.

In summary, our main contributions are summarized as
follows:

• We introduce the Mask-Guided Query-based Trans-
former, which contains a query-based transformer de-
coder utilizing the learnable query token (LQT) to locate
the manipulated regions.

• We propose a mask-guided training approach, which ap-
plies the guiding query token (GQT) extracted from the
GT mask as the guidance to refine LQT. In addition, we
design mask-guided loss to force the GQT to guide LQT
concentrating on the spatial location and shape details of
manipulated regions.

• We conduct extensive experiments on multiple bench-
marks and demonstrate that our method achieves state-
of-the-art performance on several datasets.

Related Work
Image Manipulation Localization
Although early methods achieve excellent performance on
a specific type of manipulation, including splicing (Coz-
zolino, Poggi, and Verdoliva 2015b; Huh et al. 2018; Kniaz,
Knyaz, and Remondino 2019; Lyu, Pan, and Zhang 2014;
Salloum, Ren, and Kuo 2018; Wu, Abd-Almageed, and
Natarajan 2017), copy-move (Cozzolino, Poggi, and Verdo-
liva 2015a; D’Amiano et al. 2018; Islam et al. 2020; Wu,
Abd-Almageed, and Natarajan 2018b), and removal (Wu
and Zhou 2021; Wu, Abd-Almageed, and Natarajan 2018a;
Yang et al. 2020; Zhu et al. 2018), they cannot generalize
well to other unknown and diverse forgery, restricting their
practical application. Recent studies (Zhou et al. 2018; Wu,
AbdAlmageed, and Natarajan 2019; Hu et al. 2020; Liu et al.
2022; Wang et al. 2022; Chen et al. 2021; Cozzolino and
Verdoliva 2019) attempt to build a unified model to tackle
multiple forgery types. RGB-N (Zhou et al. 2018) adopts
the steganalysis-rich model and Faster R-CNN (Ren et al.
2015), but it can only output bounding boxes instead of seg-
menting masks. SPAN (Hu et al. 2020) models spatial corre-
lation at multiple scales through the pyramid structure of lo-
cal self-attention blocks. PSCC-Net (Liu et al. 2022) utilizes
a progressive mechanism and spatial and channel-wise cor-
relations to enhance feature representation. ObjectFormer
(Wang et al. 2022) combines RGB features and frequency
features to identify the tampering artifacts, and ERMPC (Li
et al. 2023) exploits the edge information to model the in-
consistency between the forged and authentic regions. In this
work, we exploit the novel query-based model and fulfill the
task by introducing ground-truth masks that serve as guid-
ance.

Efficient Training for Query-based Transformers
Query-based transformers employ learnable query embed-
dings to generate predictions (Strudel et al. 2021; Li et al.
2022b; Cheng, Schwing, and Kirillov 2021), and benefit
from global attention that they can capture information from
the whole image, achieving a better result than convolutional
networks. However, it causes the problem that the process
of training becomes difficult due to the global computation.
For example, DETR (Zhu et al. 2020) suffers from low ef-
ficiency in training, which requires 500 epochs. Therefore,
methods aiming to ease training for Transformers are pro-
posed. DN-DETR (Li et al. 2022a) comes up with the idea
of adding noised ground-truth boxes as positional queries
for denoising training, and this approach is proved effec-
tive to speed up detection. Except for the target of the de-
tection, Mask2Former (Cheng et al. 2022) proposes mask
attention in segmentation which adds predicted masks as
attention masks and speeds up query refinement compared
with other query-based models. FastInst (He et al. 2023)
uses instance activation-guided queries, which selects pix-
els with high semantics from feature maps and holds rich
information about potential objects at the initial to improve
the efficiency of query iterations in the Transformer decoder.
MP-Former (Zhang et al. 2023) aims to address the incon-
sistent prediction problem in Mask2Former that leads to the
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Figure 2: An overview of the proposed framework MGQFormer consisting of two-branch transformer encoder, a fusing module,
and a mask-guided transformer decoder. During training, the input is a suspicious image (H × W × 3) and a ground-truth mask,
the output includes a predicted mask and an auxiliary mask (H × W × 1) which are both involved in loss computation (Lloc and
Laux). Note that the red-line part is mask-guided training and is not required during inference.

low utilization of queries and uses noised GT masks as the
attention masks to further stable training at the early stage.
These methods apply the guidance to Transformer decoder
and intend to refine class queries efficiently. Our approach
differs from previous query-based segmentation methods as
we use extra tokens and encode the ground truth mask into
GQT. We further propose auxiliary loss and mask-guided
loss to guide LQT refinement.

Method
Our approach aims to identify the manipulated area in a sus-
picious image using a mask-guided query-based transformer
(MGQFormer). Figure 2 is an overview of our framework.
We denote the input image as X ∈ RH×W×3, where H
and W are the height and width of the image, respectively.
We first extract the RGB and noise feature from the input
image with BayarConv and Transformer Encoder. Then, the
multi-modal features are fused by a spatial and channel at-
tention module (SCAM). We design two learnable query
tokens (LQT) to represent authentic and forged features,
which are used to search manipulated regions in our pro-
posed query-based transformer decoder. To make the query
token refine effectively and our query-based decoder con-
verge rapidly, we propose a mask-guided training strategy,
which exploits the ground-truth mask’s spatial location and
shape details. Specifically, we input the noised GT masks
into MGQFormer to obtain guiding query token (GQT) and
auxiliary masks Maux. Then, an auxiliary loss Laux is used
to make GQT contain forged regions’ spatial and shape

information. Furthermore, we propose a mask-guided loss
Lguide to reduce the distance between LQT and GQT.

Multi-Branch Feature Extractor
The image manipulation localization usually contains elab-
orate post-processing, making detecting minute differences
and forgery traces challenging for the RGB domain. There-
fore, we employ a two-branch transformer encoder to en-
tirely exploit the information from two domains. A Ba-
yarConv first processes the input image X to extract the
noise feature Xn ∈ RH×W×3. Then the input image and
noise map are sent to Transformer Encoder. Specifically,
we divide X and Xn into patches with size P , and the
patch is reshaped to embeddings Xp ∈ RN×D, where
N = HW/P 2 is the number of patches, and D is the di-
mension of the embedding. Learnable position embeddings
pos ∈ RN×D are added to image embeddings to produce
the sequenced tokens Z = Xp + pos, then these tokens
are processed through L Transformer layers. The same set-
tlement mentioned above is also performed on the noise
branch. After the Transformer Encoder, the output of two
branches is concatenated and we get Zc ∈ RN×2D, which is
used for subsequent fusing.

The contextualized tokens from the two-branch Trans-
former Encoder have distinct domains and separate distribu-
tions. Therefore, we use the Spatial and Channel Attention
Module (SCAM) to fulfill this task. We first reshape the to-
kens Zc and use a convolution layer to get Zm ∈ Rh×w×c,
where h = H/P , w = W/P and c = D. Next we project

The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

6946



and transpose Zm as V = proj(Zm) ∈ Rhw×c, K =
proj(Zm) ∈ Rhw×c and Q = transpose(proj(Zm)) ∈
Rc×hw, where each proj is a distinct projection layer in-
cluding a 1 × 1 convolution and a reshape operation. Then
we perform the channel attention module as follows:

CAM(Zm) = proj(V (softmax(QK))). (1)

In the meanwhile, we proceed to compute spatial attention,
nearly the same as channel attention, except for transposed
Q and K. Subsequently, we can obtain the contextualized
tokens as follows:

SAM(Zm) = proj(softmax(QTKT )V ), (2)

Zf = CAM(Zm) + SAM(Zm) + Zm. (3)

Then the image feature tokens Zf ∈ RN×D are sent to
query-based transformer decoder.

Mask Transformer Decoder
We first introduce the decoder at the stage of inference.
For the proposed query-based transformer decoder, we em-
ploy authentic and forged learnable query tokens LQT ∈
R2×D. The queries are randomly initialized and represent
the forged and authentic features. Specifically, the image
feature tokens Zf and LQT are processed simultaneously
by the decoder consisting of n transformer-based layers.
During the attention mechanism, LQT interacts with fea-
ture tokens Zf and extracts the rich forgery information. Af-
ter that, we obtain the contextualized image feature Z∗

f and
the LQT∗. Then, the mask is computed as follows:

M∗ = norm(proj(Z∗
f )) ∗ (norm(proj(LQT∗))T , (4)

where proj is a linear layer, norm represents L2 normal-
ization, and we get the M∗ ∈ RN×2 by performing a scalar
product between refined image features and learnable query
tokens. To get the final mask, we reshape the sequence to
the mask M∗∗ ∈ Rh×w×2 and apply a softmax on the class
dimension:

M = upsample(norm(softmax(M∗∗))), (5)

where M ∈ RH×W is the predicted mask, and upsample
is a bilinear upsampling operation to resize the mask to the
same size as the input image. In conclusion, our query-based
method utilizes authentic and forged LQT to select regions
that are highly similar to itself, which makes the process of
predicting the forged regions more explainable and effective.
Next, we will describe the training stage for the transformer
decoder in the following section.

Mask-Guided Training
The query-based model has achieved great success in the
corresponding tasks. However, these models have been
proven to suffer from the low efficiency of query refine-
ment. Previous methods have proposed approaches like de-
noising (Li et al. 2022a) and masked attention (Cheng et al.
2022). We point out that previous methods lack direct super-
vision of LQT by the location and shape details of forged re-
gions, leading to inefficient training. These methods mainly

utilize ground-truth masks through cross-entropy loss, prior-
itizing per-pixel precision. To address this issue, we propose
a mask-guided training strategy, which uses guiding query
tokens (GQT) to force the LQT to focus on the location and
shape of forged regions. GQT is obtained by extracting the
feature of the noised ground-truth mask, and we use the aux-
iliary loss to make GQT contain the spatial and shape infor-
mation of forged regions. As a result, the convergence speed
of MGQFormer training will be improved.

Specifically, we first add noise to the ground-truth mask.
This step is because predicting the auxiliary mask from the
pristine ground-truth mask may be too simple for trans-
former decoder and retard training. We apply point noises
to the mask, analogous to DN-DETR (Li et al. 2022a) for
box denoising training, to obtain more robust models. We
randomly select the points within the mask and invert the
original value to represent the distinct region. In addition,
we use a tuned parameter µ to denote the noised percentage
of area, so the number of noised points is µ ·HW .

Given the noised mask, we further convert the mask to
GQT with a convolution network to maintain the spatial
information in the mask, and the ground-truth mask G ∈
RH×W is transformed into the GQT ∈ R2×N . After that,
the GQT together with image features Zf and LQT are
sent to the transformer decoder. In the decoder, the ground-
truth information GQT serves as guidance to interact with
other queries and assists the decoder in refining the LQT.

After the transformer decoder, we obtain the image fea-
ture Z∗

f and query tokens LQT∗ and GQT∗, which are al-
ready guided by the ground-truth token GQT. An auxiliary
mask Maux ∈ RH×W is further calculated by performing
scalar product on Z∗

f and GQT∗ with the same process de-
scribed in the mask transformer decoder section. We then
make the Maux get involved in the loss computation.

Auxiliary Loss. Since we employ a convolution network
to convert the ground-truth mask to queries, and the mask
is noised to keep robustness, supervision for the convolution
network is needed to make the auxiliary mask more accu-
rate. Therefore, we use the pixel-level cross-entropy loss as
follows to make GQT contain the spatial and shape informa-
tion of forged regions:

Laux = −
HW∑
i=1

Gi · log(Maux,i) (6)

where G ∈ RH×W is the ground-truth mask. Note that we
calculate the auxiliary loss using the pristine GT masks G
without applying noises to make the model predict the de-
sired accurate mask.

Mask-Gudied Loss. The purpose of GQT is to guide the
LQT, and both are processed the same to generate the pre-
dicted mask M and auxiliary mask Maux. Thus, we expect
the LQT to become similar to GQT to make the prediction
more precise. A cosine similarity loss is applied to reduce
the distance of both queries, which can be formulated as:

Lguide = 1− cos(LQT∗,GQT∗) (7)

where cos denotes computing the cosine similarity.
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Method Col. CASIA NIST16 IMD20 Avg.
ManTra. 82.4 81.7 79.5 74.8 79.6
SPAN 93.6 79.7 84.0 75.0 83.1
Object. 95.5 84.3 87.2 82.1 87.3
ERMPC 96.8 87.6 89.5 85.6 89.9
Ours 97.1 88.6 86.2 88.3 90.1

Table 1: Comparison of manipulation localization AUC(%)
scores of different pre-trained models.

Loss Function
The total loss function L includes three parts: the auxiliary
loss to make Maux accurate, the mask-guided loss to make
LQT∗ and GQT∗ closer, and the localization loss Lloc

for the predicted mask M , which employs the same cross-
entropy loss as auxiliary loss:

L = Lloc + Laux + λLguide (8)

where λ is a weight parameter and set to 0.5 during training.

Experiment
Experiment Setup
Testing Datasets. We first pre-train our model with the
dataset synthesized by PSCC-Net (Liu et al. 2022). Then we
evaluate our model on CASIA dataset (Dong, Wang, and Tan
2013), Columbia dataset (Hsu and Chang 2006), NIST16
dataset (Guan et al. 2019) and IMD20 dataset (Novozam-
sky, Mahdian, and Saic 2020). Specifically, CASIA pro-
vides splicing and copy-move images, which widely appear
in the image forgery field. Columbia consists of 180 splic-
ing images, which are uncompressed and lack post-process.
NIST16 is a challenging dataset with 564 high-resolution
images that are hard for the eyes to recognize. IMD20 col-
lects 35,000 real images captured by different camera mod-
els and is comprised of different types of manipulation gen-
erated by various inpainting methods.

Evaluation Metrics. To evaluate the localization perfor-
mance of the proposed MGQFormer, following PSCC-
Net (Liu et al. 2022), we report the image-level F1 score
and Area Under Curve (AUC) as the evaluation metric. We
adopt the fixed threshold to binarize the predicted masks,
which are necessary to calculate F1 scores.

Implementation Details. The MGQFormer is imple-
mented on the Pytorch with an NVIDIA GTX 1080 Ti
GPU. All input images are resized to 384 × 384. We use
Adam as the optimizer, and the learning rate decays from
2.5e-7 to 1.5e-8 with a batch size of 2. The feature extrac-
tor is initialized using the ImageNet pre-trained ViT model
weights (Steiner et al. 2021) with 12 layers and a patch size
of 16, while the decoder is initialized using random weights
from a truncated normal distribution with 6 layers.

Comparison with State-of-the-Art Methods
We compare our model with other state-of-the-art meth-
ods under two settings: 1) training on the synthetic dataset
and evaluating on the full test datasets. 2) fine-tuning the

Method CASIA
AUC F1

RGB-N 79.5 40.8
SPAN 83.8 38.2
PSCCNet 87.5 55.4
ObjectFormer 88.2 57.9
ERMPC 90.4 58.6
Ours 91.5 58.8

Table 2: Comparison of manipulation localization results us-
ing fine-tuned models.

pre-trained model on the training split of test datasets and
evaluating on their test split. For the pre-trained model,
we evaluate the performance with ManTraNet (Wu, AbdAl-
mageed, and Natarajan 2019), SPAN (Hu et al. 2020), Ob-
jectFormer (Wang et al. 2022), and ERMPC (Li et al. 2023),
while further comparing with RGB-N (Zhou et al. 2018) and
PSCCNet (Liu et al. 2022) for the fine-tuned model.

Pre-trained Model. Table 1 reports the best localiza-
tion AUC(%) scores with pre-trained models. We can ob-
serve that MGQFormer achieves the highest performance on
Columbia, CASIA, IMD20 and the average AUC(%) of all
datasets, and gets competitive performance on NIST16. In
particular, MGQFormer achieves 88.3 % on the real-world
IMD20 dataset and outperforms ERMPC by 2.7%. This
validates our method has the outstanding ability of captur-
ing tampering traces and the generalization to high-quality
datasets. On NIST16 dataset, we fail to achieve the best per-
formance. We believe that the performance of Transformer
networks is influenced by the training resolution. High per-
formance can be fully achieved if the resolution at test time
is close to training. However, NIST16 is a high-resolution
dataset that greatly exceeds our training dataset.

Fine-tuned Model. To compensate for the difference in
visual quality between the synthesized datasets and standard
datasets, the network weights of the pre-trained model are
used to initiate the fine-tuned models, which will be trained
on the training split of CASIA dataset. As shown in Table 2,
we compare the AUC and F1 results (%) with other meth-
ods, and our model achieves the best performance, which
demonstrates that MGQFormer can capture subtle tamper-
ing artifacts effectively by query.

Robustness Evaluation
We apply different image distortion methods on raw images
from Columbia dataset and evaluate the robustness of our
MGQFormer. The distortion types include: 1) Resize the im-
age with different scales, 2) Gaussian blurring with a kernel
size k, and 3) JPEG compression with a quality factor q. We
compare the manipulation localization performance (AUC
scores) of our pre-trained models on the pristine dataset and
the corrupted data, and report the results in Table 3. Com-
pared to previous methods, MGQFormer has the best robust-
ness against all distortions. Especially, when facing the re-
sizing and JPEG Compress, the performance of our method
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Figure 3: AUC scores (%) of MGQFormer without and with
mask-guided training on the validation split of the synthe-
sized dataset in different training epochs.

Distortion SPAN PSCC-Net Ours
no distortion 93.6 98.19 97.10
Resize (0.78×) 89.99 93.40 96.69 ↓0.41
Resize (0.25×) 69.08 78.41 96.85 ↓0.25
Blur (k=3) 78.97 84.18 92.75 ↓4.35
Blur (k=15) 67.7 73.24 77.84 ↓19.26
Compress (q=100) 93.32 97.97 97.05 ↓0.06
Compress (q=50) 74.62 89.11 95.62 ↓1.48

Table 3: Localization performance on Columbia dataset un-
der various distortions. AUC scores are reported (in %),
(Blur: Gaussian Blur, Compress: JPEG Compress).

drops a little, denoting that the patch-wise MGQFormer has
robustness against low-quality images.

Ablation Analysis
The design of MGQFormer contains the multi-branch fea-
ture extractor and mask-guided training. The multi-branch
feature extractor employs an additional BayarConv branch
to exploit the noise information and fuse both domains using
SCAM. The mask-guided training is utilized to add ground-
truth information, which guides the LQT to focus on the tar-
get area and improve the efficiency of the query refinement.

Ablation Study of Noise Branch. The quantitative results
are listed in Table 4. The baseline denotes that we just use
a single encoder and the query-based transformer decoder.
To evaluate the the effectiveness of noise branch, we use a
single RGB branch and remove SCAM. We can observe that
without the noise branch, the AUC scores drop by 1.1% on
Columbia and 2.3% on CASIA. The performance promo-
tion validates that the use of multi-branch feature extractor
effectively improves the performance of our model.

Ablation Study of Mask-guided Training. To prove the
impression of Mask-guided training, we leave only LQT in
Transformer decoder with the image feature and take out
the input of ground-truth mask during training. As shown
in Table 4, without mask-guided training, the AUC scores
decrease by 2.8% on Columbia and 3.6% on CASIA.

Figure 4: The effect of parameter µ in mask-guided training.

Variants Columbia CASIA
baseline 94.2 81.4

w/o noise branch 96.0 86.3
w/o MG training 94.3 85.0
w/o noised mask 96.2 87.4

Ours 97.1 88.6

Table 4: Ablation study of noise branch, mask-guided train-
ing (MG training), and applying noises to GT guiding masks
on CASIA and Columbia dataset with pre-trained models.

Except for the promotion of localization, mask-guided
training further boosts the speed of the convergence. To
evaluate this effect, we compare the result of the presence
and absence of the training strategy in different epochs. As
shown in Figure 3, we display the AUC (%) scores on the
validation split of the synthesized dataset during training.
Proof by facts, MGQFormer significantly boosts training at
the beginning, which surpasses the model without mask-
guided training by 12.7% in the first epoch, and prominently
reaches the convergence faster. This reveals that GQT cer-
tainly helps the Transformer decoder to improve the effi-
ciency of refining LQT.

Ablation Study of applying noises to GT guiding masks.
In Figure 4, we show the different values of parameter µ
denoting the percentage of noised points to verify its effect
over Columbia and IMD20. With its increasing, the ground
truth mask has more noised points to get a more robust
and generalized model; however, a large value may cause
damage to the spatial information and mislead the network.
In contrast, a smaller value of µ provides a more accurate
ground-truth mask but may be too easy for the model to pre-
dict the auxiliary mask and retard training. It can be seen
from the comparison that the setting of 0.01 is the opti-
mal solution. The usage of point noises achieves 0.9%/1.2%
AUC gain as shown in Table 4.

Visualization Results
Qualitative Results. As shown in Figure 5, we provide
predicted forgery masks of various methods. We can ob-
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Figure 5: Visualization of the predicted manipulation mask
by different methods. From top to bottom, we show forged
images, GT masks, predictions of ManTraNet, PSCC-Net,
and ours.

serve that PSCC-Net and ManTraNet either output the false
region or make unclear predictions. The comparison of visu-
alization results demonstrates that our method can not only
locate the tampering regions more accurately but also out-
put clear regions. It benefits from the multi-modal informa-
tion and the query-based transformer decoder that employs
global attention to generate masks.

Visualization of Mask-guided Training. To verify the ef-
fectiveness of the mask-guided training, we show the masks
predicted by MGQFormer, the masks generated without
mask-guided training, and further the auxiliary masks in Fig-
ure 6. It is clear that MGQFormer makes use of ground-truth
masks to focus on the forged region, which can be seen from
the similarity between the predicted mask and the auxiliary
mask. Specifically, the network without mask-guided train-
ing will make false judgments about objects that are rela-
tively small.

In Figure 7, we further show the differences between at-
tention maps for the LQT representing the forgery in Trans-
former decoder from MGQFormer and attention maps with-
out mask-guided training. It is obvious that with mask-
guided training, the LQT can focus on the target area accu-
rately due to the guidance of the GQT. In contrast, the LQT
without mask-guided training does not detect forgery well
and is even assigned to the totally opposite region represent-
ing the authentic place. This comparison demonstrates that
the proposed GQT containing the spatial and shape informa-
tion from GT mask can force the LQT to concentrate on the
correct type of area that we assign to the LQT.

Conclusion
In this paper, we propose a novel mask-guided query-based
transformer framework (MGQFormer). In detail, the first
step is to extract RGB and noise features with a two-branch
transformer encoder and further fuse them. In the second

Figure 6: Visualization of results’ comparison for the pro-
posed mask-guided training. From left to right, we show the
forged images, GT masks, predicted masks generated w/o
MG-training, the auxiliary masks, and the predicted masks
from MGQFormer.

Figure 7: Visualization of attention maps for the proposed
mask-guided training. From left to right, we display the
forged images, GT masks, and attention maps for LQT rep-
resenting the forgery in Transformer decoder without (w/o)
and with (w/) mask-guided training, respectively.

step, we convert noised ground truth masks to the guiding
query token (GQT) and feed GQT and LQT into MGQ-
Former to estimate fake regions, respectively. We further
propose auxiliary loss and mask-guided loss to guide LQT
refinement. Visualization results show that the proposed
mask-guided training strategy has a significant impact on
the convergence speed of MGQFormer training and the per-
formance of localization. Extensive experimental results on
several benchmarks demonstrate the effectiveness of our al-
gorithm.
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