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Abstract

Deep learning-based image manipulation localization (IML)
methods have achieved remarkable performance in recent
years, but typically rely on large-scale pixel-level annotated
datasets. To address the challenge of acquiring high-quality
annotations, some recent weakly supervised methods utilize
image-level labels to segment manipulated regions. However,
the performance is still limited due to insufficient supervi-
sion signals. In this study, we explore a form of weak su-
pervision that improves the annotation efficiency and detec-
tion performance, namely scribble annotation supervision.
We re-annotate mainstream IML datasets with scribble labels
and propose the first scribble-based IML (Sc-IML) dataset.
Additionally, we propose the first scribble-based weakly
supervised IML framework. Specifically, we employ self-
supervised training with a structural consistency loss to en-
courage the model to produce consistent predictions under
multi-scale and augmented inputs. In addition, we propose
a prior-aware feature modulation module (PFMM) that adap-
tively integrates prior information from both manipulated and
authentic regions for dynamic feature adjustment, further en-
hancing feature discriminability and prediction consistency
in complex scenes. We also propose a gated adaptive fusion
module (GAFM) that utilizes gating mechanisms to regulate
information flow during feature fusion, guiding the model
toward emphasizing potential manipulated regions. Finally,
we propose a confidence-aware entropy minimization loss.
This loss dynamically regularizes predictions in weakly an-
notated or unlabeled regions based on model uncertainty, ef-
fectively suppressing unreliable predictions. Experimental re-
sults show that our method outperforms existing fully super-
vised approaches in terms of average performance both in-
distribution and out-of-distribution.

Code — https://github.com/vpsg-research/SCAF

Introduction

Maliciously manipulated images can spread false informa-
tion and seriously threaten social harmony. To safeguard in-
formation security and uncover the truth behind image ma-
nipulation, image manipulation localization (IML) technol-
ogy, which focuses on accurately segmenting the manipu-
lated regions, has been extensively studied.
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Scribble annotations mark only the main structure of objects (bIUL for
authentic, red for manipulated) and are 69 times faster to produce than
pixel-level annotations.
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Our weakly supervised IML method outperforms fully supervised meth-
ods in terms of average performance on both in-distribution and out-of-
distribution settings.

Figure 1: Comparative results between our model and exist-
ing IML methods in labeling efficiency and performance.

In recent years, deep learning techniques have signif-
icantly advanced the performance of IML methods, par-
ticularly when supported by large-scale pixel-level anno-
tated datasets. Fully supervised methods can leverage dense
pixel annotations to learn fine-grained manipulation fea-
tures, achieving state-of-the-art localization results on var-
ious benchmark datasets. However, acquiring high-quality
pixel-level annotations is both time-consuming and labor-
intensive, which greatly limits the scalability and practical
application of these methods. In real-world scenarios, ob-
taining large-scale high-precision pixel annotations is often
infeasible, especially as data diversity and scale continue to
expand. To reduce annotation costs, weakly supervised IML
methods have emerged in recent years, typically relying on
image-level labels to guide the localization of manipulated
regions. While such methods alleviate the dependence on
dense annotations, their limited supervision signals lead to
clear bottlenecks in localization accuracy and generaliza-
tion capability. A substantial performance gap still exists be-



tween weakly supervised and fully supervised methods.

To address these challenges, this paper explores a form of
weak supervision, namely scribble annotations, which takes
into account the efficiency of labeling and the amount of su-
pervision information, as shown in Fig. 1. Scribble annota-
tions enable rapid labeling of large-scale IML datasets while
providing informative cues for localization tasks. We re-
annotated several mainstream IML datasets, including 5,123
images from CASIAv2 (Dong, Wang, and Tan 2013), 70 im-
ages from Coverage (Wen et al. 2016), 130 images from
Columbia (Hsu and Chang 2006), and 414 images from
NIST16 (Guan et al. 2019), resulting in a total of 5,737
images. This constitutes the first scribble-based IML (Sc-
IML) dataset. During annotation, annotators used CVAT to
draw scribbles on the manipulated regions based on their
first impression, without referring to the ground truth. To
ensure high-quality data, the annotation process was cross-
verified by three reviewers. Each image took approximately
20 seconds to annotate. However, existing studies have not
reported the time required to manually annotate a pixel-
level mask for a manipulated image. To address this issue,
we organized 10 experienced computer vision researchers.
Each researcher randomly selected 10 images from the train-
ing dataset for pixel-level annotation, with an average an-
notation time of approximately 23 minutes per image. This
shows that scribble annotation is 69 times faster than pixel-
level annotation. Although scribble annotations are signifi-
cantly more efficient and convenient compared to pixel-level
masks, they still face two major limitations: (1) Scribble an-
notation is a highly subjective form of weak supervision.
Different annotators may have varying interpretations of the
manipulated regions, boundaries, and details, resulting in
significant inconsistency among the scribble annotations. (2)
Scribble labels offer limited pixel-level supervision, caus-
ing the model to lack confidence in classifying unmarked
regions and leading to prediction uncertainty.

Based on this, we propose the first weakly super-
vised IML framework utilizing scribble annotations, namely
SCAF. To address the challenges of prediction inconsistency
and uncertainty under scribble-based weak supervision in
IML datasets, we introduce a series of innovative strate-
gies. To resolve inconsistency, we employ self-supervised
training with a structural consistency loss, which constrains
the model to produce consistent predictions under multi-
scale and augmented inputs. We also propose a prior-aware
feature modulation module (PFMM) that adaptively inte-
grates prior information from both manipulated and authen-
tic regions for dynamic feature adjustment, and incorpo-
rate coordinate attention to efficiently model spatial depen-
dencies, thereby significantly enhancing the discriminability
and scene adaptability of feature representations. To tackle
prediction uncertainty, we propose a gated adaptive fusion
module (GAFM) that regulates information flow through
multi-branch channel splitting and adaptive dynamic fusion.
This module not only highlights critical features and sup-
presses redundancy, but also leverages scribble supervision
to guide the model’s attention toward potential manipulated
regions. Additionally, we propose a confidence-aware en-
tropy minimization loss (Lcgar), which dynamically filters
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model outputs based on uncertainty and applies adaptive en-
tropy regularization to weakly annotated or unlabeled re-
gions. This effectively suppresses unreliable predictions and
improves model confidence and generalization in key areas.
In summary, our contributions to IML are as follows:

* We propose the Sc-IML, the first scribble annotated
dataset specifically designed for weakly supervised IML.
Sc-IML effectively bridges the gap between costly pixel-
level annotations and coarse image-level supervision by
providing valuable spatial cues for the development and
evaluation of weakly supervised IML methods, thereby
advancing research in this field.

* We propose the first weakly supervised IML framework
based on scribble annotations, which outperforms ex-
isting fully supervised methods in terms of both in-
distribution and out-of-distribution average performance.

* We propose a PFMM that adaptively integrates prior in-
formation from both manipulated and authentic regions
to achieve dynamic feature modulation. We further in-
corporate coordinate attention to efficiently model spa-
tial dependencies, thereby significantly enhancing fea-
ture discrimination and scene adaptability.

* We propose a GAFM that regulates information flow
through multi-branch channel splitting and adaptive dy-
namic fusion. This module not only highlights critical
features and suppresses redundancy, but also leverages
scribble annotations to guide the model’s attention to-
ward potential manipulated regions.

* We propose a confidence-aware entropy minimization
loss, which adaptively regularizes predictions in weakly
annotated or unlabeled regions, significantly suppresses
unreliable predictions, and enhances model confidence
and generalization in critical areas.

Related Work

Fully supervised image manipulation localization: With
the continuous development of deep learning and the emer-
gence of large-scale datasets, fully supervised IML meth-
ods have achieved remarkable results. For example, (Guil-
laro et al. 2023) proposed an IML framework that combines
RGB data with noise-resistant fingerprints for IML. (Chen
et al. 2024) effectively enhances the detection of boundary
artifacts in IML by refining edge features and leveraging
multi-feature fusion. (Gu et al. 2024) employs a Siamese
network to extract illumination features and integrate them
with a U-shaped network to localize manipulated regions.
(He et al. 2024) embeds manipulation cues into similarity
features to guide the matching process toward suspicious re-
gions. (Kong et al. 2025a) exploits pixel inconsistencies to
model global and local dependencies, enabling robust gen-
eralization to diverse manipulations.

Weakly supervised image manipulation localization:
To reduce annotation costs, weakly supervised IML meth-
ods have been developed to segment manipulated regions
using only image-level labels during training. (Zhai et al.
2023) applies self-consistency learning with multi-source
cues to improve localization. (Zhou et al. 2024b) iteratively
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Figure 2: The overall architecture of the proposed SCAF. The model comprises two key modules: the prior-aware feature
modulation module (PFMM) and the gated adaptive fusion module (GAFM). It is worth noting that the PFMM consists of a
manipulated discriminator (MD) and a feature modulation module (FMM).

refines pseudolabels to sharpen boundaries. (Zhu, Li, and
Wen 2025) introduces a cross-contrastive multi-stream fu-
sion network that dispenses with pixel-level annotations.
(Bai 2025) proposes WSCCL, which exploits multiple point
correspondences for IML.

Although fully supervised methods achieve high localiza-
tion accuracy, they rely on large-scale high-quality pixel-
level annotations, which are costly and time-consuming to
obtain. Their scalability is further limited by the lack of such
data in real-world scenarios. Weakly supervised IML meth-
ods using image-level labels greatly reduce annotation costs
but lack spatial cues, making precise localization difficult
and often missing subtle manipulations. To address these
challenges, we propose a novel weakly supervised IML ap-
proach with scribble annotations. Scribbles provide crucial
spatial information to the model, guiding it to learn the spa-
tial distribution of manipulated regions while significantly
improving annotation efficiency. Our model outperforms ex-
isting fully supervised methods in terms of average perfor-
mance, both in-distribution and out-of-distribution.

Methodology
Overview

The overall architecture of SCAF is shown in Fig. 2. Specif-
ically, the input image I is first processed by PVTv2 (Wang
et al. 2022) to extract multi-scale features f;, and these fea-
tures are then modulated in the prior-aware feature mod-
ulation module (PFMM) using the prior to integrate them
into x;. Finally, the features are fused by the gated adap-
tive fusion module (GAFM) to produce the final predicted
mask. The training process of the model is illustrated in
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Figure 3: The training process of the proposed model. T'(-)
denotes random rotations, scaling, and flipping.
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Fig. 3. An image I is input into the SCAF to generate the
primary output M; as well as auxiliary outputs Ms and
M. Additionally, a randomly transformed version of I, de-
noted as 7'(I'), which may include rotation, scaling, or flip-
ping, is also fed into the SCAF to obtain M. This, together
with M), is used to compute the structural consistency loss
(Lsc) (He et al. 2023). Furthermore, M, is jointly su-
pervised by the partial cross-entropy loss (Lpcg), context
affinity loss (Lo 4) (Obukhov et al. 2019), and confidence-
aware entropy minimization loss (Lcpas), while My and
M are optimized using only Lo 4 and Lpcog.

Prior-aware Feature Modulation Module

For scribble annotations, annotators typically mark the ma-
nipulated regions in an image by freely drawing rough scrib-
bles. Since this annotation method heavily relies on personal
subjective judgment, different annotators may have varying



understandings of the manipulated regions, interpretations
of boundaries, and levels of attention to detail. Even for
the same image, the content of the scribble annotations can
differ significantly. This subjectivity and randomness lead
to considerable label inconsistency within the training set,
which in turn affects the model’s ability to accurately iden-
tify manipulated regions and generalize to new data. In com-
plex scenarios, this often results in unstable and unreliable
predictions. To address the inconsistency caused by subjec-
tive scribble annotations, we propose a prior-aware feature
modulation module (PFMM). As shown in the lower left
of Fig. 2, PFMM is composed of two parts: the manipu-
lated discriminator (MD) and the feature modulation mod-
ule (FMM). The core idea is to utilize manipulated priors
(MP) and authentic prior (AP) generated by the MD, and
then leverage these priors within the FMM to dynamically
modulate the features f; in a targeted manner. By explicitly
introducing prior knowledge, PFMM can effectively miti-
gate the noise and bias introduced by subjective scribble
annotations, guiding the model to focus on more objective
region distributions. This mechanism enhances the model’s
discriminability for manipulated regions and improves pre-
diction consistency and robustness.

1) Manipulated discriminator (MD): Existing re-
search (Roth et al. 2022) has demonstrated that patch-
level features are effective for detecting subtle anomalies.
However, they lack explicit suppression of semantic bias,
which becomes particularly evident in cross-domain sce-
narios. To address this limitation, we propose a selective
suppression mechanism based on semantic-level features,
which builds upon patch-level representations. By memoriz-
ing multi-scale semantics from both authentic and manipu-
lated images, our method adaptively suppresses features that
are highly similar to those stored in the memory bank dur-
ing inference. This enables the generation of precise authen-
tic region priors and manipulated region priors. Specifically,
taking the training process of authentic images as an exam-
ple, we first extract multi-layer features using the PVTv2.
Each layer’s feature map is then partitioned into overlap-
ping patches with a stride of 1, resulting in a set of local
patch features p7. To further incorporate local contextual in-
formation, we perform weighted fusion of each patch and its
eight spatial neighbors to obtain p;, as formulated below:

pi= Y. w.p (1
neN(j)

where A (j) denotes the 3 x 3 neighborhood centered at j,
and w; represents the weighting coefficient. The collection
of p3 constitutes the patch-level feature Ps for an image. We
store the patch-level features P; of all images in the training
set to construct a patch-level memory bank B,,:

B,={P;|s=1,...,N}
where 1" denotes the total number of local patch features in
a sample. NV denotes the number of training samples. For
the construction of the semantic-level memory bank 5, we
first extract features from the authentic training samples us-

680

ing the backbone network, and reduce the channel dimen-
sion of the extracted features to 256 to obtain the feature set
{vm },,—;- These features are then subjected to L2 normal-
ization. Finally, the semantic features of all training images
are stored to form the memory bank:
ﬁ'rn - 'vm / ||'vm||2 (3)

Bs ={0, |m=1,...,N}

The model constructs a memory bank of authentic region
features by learning from a large number of real images.
However, this bank is filled with highly similar features, re-
sulting in redundancy and bias, which leads the model to
overgeneralize dominant authentic region features. During
inference, this mechanism causes subtle manipulated fea-
tures to be easily overwhelmed by the abundance of highly
matching authentic features, thereby reducing the saliency
of manipulated regions and ultimately lowering localization
accuracy. To address this issue, we actively identify and sup-
press redundant authentic feature noise, which relatively am-
plifies and highlights manipulated features that represent in-
consistencies. In this way, the model shifts from passively
learning authentic image features to actively capturing the
distinctive traces of manipulation. The details are as follows:

Qsup = | 1 —max | v——7— X q
m -\ [l [vmll,

where g denotes the current input feature, which is com-
pared with each feature v,, in B to compute the maximum
cosine similarity. This process suppresses regions that are
overly similar to authentic features from the training set and
highlights manipulated features, resulting in g,,. Finally,
the Euclidean distance between g, and its nearest feature
P, in B, is calculated. It can be formulated as follows:

“4)

Score(@sup) = || @sup — Ps ||y )

By scoring each location in the input image, we obtain a
prior map of manipulated regions. Similarly, training on ma-
nipulated images yields a prior map for authentic regions.
However, since manipulated images contain both authentic
and manipulated areas, the authentic prior may include false
activations. To address this, we compute the cosine similar-
ity between the manipulated and authentic priors, removing
falsely activated regions to obtain a purified authentic prior.

2) Feature modulation module (FMM): FFM is de-
signed to adaptively modulate the feature f; using prior in-
formation, thereby alleviating the adverse effects caused by
the inconsistency of scribble annotations. Specifically, FFM
utilizes learnable manipulated region weight o and authen-
tic region weight 3 to perform weighted normalization of the
prior knowledge, resulting in the computation of the manip-
ulated region probability response G, as formulated below:

B ax MP
" axXMP+Bx AP +¢

where € is a small constant added to prevent division by
zero. This controllable probabilistic modeling approach al-
lows the module to adaptively adjust its sensitivity to dif-
ferent regions based on the data distribution, effectively re-
ducing the impact of label inconsistency or prior noise on

(6)




performance. Then, G is passed through a 1 x 1 convolu-
tion, batch normalization, and a sigmoid activation function
to generate an enhanced feature map Ge for each spatial lo-
cation. This is further regularized residually by a learnable
parameter vy to obtain the feature F', as follows:

F = Convl(f; +v x Ge x f;) @)

where Convl denotes a 1 x 1 convolution. Finally, coordi-
nate attention is applied to the concatenated features of F’
and f;, resulting in the output feature ;. Coordinate atten-
tion captures both spatial location information and channel
interdependencies, further enhancing the model’s ability to
localize and discriminate manipulated regions.

In summary, PFMM explicitly incorporates manipulated
and authentic priors to effectively alleviate the adverse ef-
fects of inconsistency and label noise introduced by scribble
annotations. By leveraging prior-guided feature modulation,
the model is able to focus on more objective and reliable
regional cues, thereby enhancing both the accuracy and gen-
eralization ability of tampering localization.

Gated Adaptive Fusion Module

In scribble-based weakly supervised IML, annotations are
sparse and irregular, making it challenging for models to
fully localize manipulated regions. This incomplete super-
vision introduces significant uncertainty during training and
hampers the detection of subtle manipulations, often lead-
ing to missed or false detections. Furthermore, manipulated
regions can exhibit diverse spatial distributions and weak vi-
sual clues, which are hard to capture using conventional fea-
ture aggregation or single-scale modeling. To address these
issues, we propose a gated adaptive fusion module (GAFM),
as shown on the right side of Fig. 2, which consists of a
core channel-aware feature enhancement module (CFEM)
and a gated modulation module (GMM). The GAFM aggre-
gates multi-scale contextual features and employs both the
CFEM and GMM to group channels and progressively per-
form gated fusion, thereby adaptively suppressing feature
uncertainty and enhancing the richness and discriminabil-
ity of the feature representations. Specifically, the fused fea-
ture e,, obtained by merging x; and x; 1, is first input into
CFEM, where it is evenly split into four groups along the
channel dimension.

o]
exy, c RBXZXHXW (8)

Then, each group feature ex; is concatenated with its neigh-
boring groups or the output of the previous GMM, and se-
quentially passed through a 3 x 3 convolution and the GMM,
forming a progressive information fusion flow.

{ yr = Conv3(Cat(Cat |2=k ex,, I[(k>0)x eyp_1))

ex = [exy, exy, exs, exy),

eyr = GMM (yy)

©))
where Conv3 denotes a 3 x 3 convolution. Cat |2:k de-
notes the concatenation of all ex,, for n = j to 3 in se-
quence. I(k > 0) denotes the indicator function, which re-
turns 1 if £ > 0, and O otherwise. The GMM employs a
gating mechanism to achieve adaptive recalibration and in-
teraction between local and global features, thereby enhanc-
ing the modeling capability for fine-grained representations.
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Specifically, the feature yy is first processed through two
separate sequences of 3 x 3 convolutional layers followed by
ReLU activations, resulting in two distinct feature branches.

{ L = Conv3(ReLU(Conv3(yg)))

C = Conv3(ReLU(Conv3(L + yy))) (1%

Subsequently, the extracted local-detail feature L and
contextual semantic feature C' are concatenated along the
channel dimension and fed into a gating unit g(-) (Zhu et al.
2023). By effectively leveraging the complementary rela-
tionship between these two types of features, the gating unit
adaptively generates a more accurate gating coefficient «,
enabling precise modulation and enhancement of features of
the manipulated region. It can be formulated as:

{ 6 =g(Cat(L, C))

O=y,+0xL+(1—6)xC an

Due to the limited pixel-level supervision provided by
scribble-based annotations, the model may confuse features
of manipulated regions with those of the authentic back-
ground, leading to ambiguous localization. To address this,
we construct a complementary reverse mask (1 — O) from
the feature map O and combine it with feature C' to ob-
tain the authentic background features. We enhance the ma-
nipulated region’s feature representation O by combining it
with feature L and applying a residual connection. Subse-
quently, the difference between the manipulated-enhanced
feature M e and the authentic background features is com-
puted to highlight subtle or latent anomalies within the ma-
nipulated regions, resulting in the differential feature D.
Then, the manipulated-enhanced feature M e is fused with
the differential feature .D to obtain the output feature ey;,
which can be expressed as ey, = Convl(Me + D).

The GMM enables the model to adaptively focus on
manipulated regions, enhancing manipulated features while
suppressing background features. Finally, we concatenate
the outputs from multiple stages of the GMM to obtain the

feature ey, which can be expressed as ey = Cat |i:0 eyy.

Since each stage of the GMM focuses on adaptive mod-
eling of specific sub-channel features, these features are in-
herently complementary. By concatenating them along the
channel dimension, the model maximally preserves the het-
erogeneous information across groups, thereby providing
richer contextual cues for subsequent integration and en-
hancing the perception and representation of complex ma-
nipulated regions.

Confidence-aware Entropy Minimization Loss

In scribble-based weakly supervised IML, the sparsity of su-
pervision signals makes it difficult to adequately constrain
the model’s learning. While entropy minimization is an ef-
fective strategy for leveraging unlabeled regions, blindly ap-
plying it may cause the model to become “over-confident”
on unreliable predictions, amplifying errors and resulting
in unstable training. To address this issue, we propose a
confidence-aware entropy minimization loss (Lo gas). This
loss applies entropy minimization only to unlabeled pix-
els whose current predictions are deemed reliable based on



Method CASIAvl Coverage NIST IMD Columbia

WSCL 0.153 0.201  0.099 0.173  0.362
EdgeCAM  0.301 0.262  0.254 0.242  0.470
SOWCL 0.334 0.239  0.288 0.259  0.385
WSCCL 0.349 0.281 0.278 0.259 0.516
Ours 0.716 0.827 0.721 0.580 0.979

Table 1: Comparison with other advanced weakly super-
vised IML methods.

a confidence threshold. Additionally, a weak regularization
term is applied to the annotated regions to directly encourage
the model to produce predictions with higher confidence and
sharper boundaries. Specifically, the model’s primary output
is M, € REXIXHXW where each pixel is associated with
a probability value m; € [0, 1]. The Shannon entropy H(-)
for each pixel is defined as follows:

H (my) = — [mylogmy; + (1 — my)log (1 — my)] (12)

To avoid introducing noise from regions where the
model’s predictions are unreliable, we perform entropy min-
imization only on unlabeled pixels where the model already
exhibits high confidence. The loss £, is defined as the av-
erage entropy over unlabeled pixels whose predicted entropy
is below a threshold of 0.5:

Lo — Yvey H(my) - 1(H (my) <0.5)
e Eteu I(H (my) <0.5) + ¢

where U denotes the set of unlabeled pixels. Meanwhile, we
also compute the average entropy over labeled pixels as a
weak regularization penalty, encouraging the model to make
confident predictions in known regions. This loss, denoted
as L}, is defined as follows:

13)

Zteg H ()

G| + ¢ 9

Ela = Wweak *
where G denotes the set of labeled pixels and |G| is the to-
tal number of labeled pixels. The final mixed entropy loss
Lent is defined as the sum of £,,,, and £;,. To ensure stable
training, we adopt a weight ramp-up strategy, introducing a
dynamic weight A(T') to modulate L.,;.

min (T, ramp) ) 2) (15)

AMT) = Wmax - €xp (— (1 —

ramp
where T' denotes the current epoch and ramp represents
the ramp-up period. During this period, A(T) increases
smoothly from 0 to its maximum value w4, . In this work,
We Set Wipae ANd Wyeqr to 0.1, which is chosen to balance
training stability and final model performance. Thus, the fi-
nal loss term is defined as Logy = A7) + Lent-

Experiments and Results
Datasets and Implementation Details

Our experiments primarily utilize 8 mainstream benchmark
datasets: NIST (Guan et al. 2019), CASIA (Dong, Wang,
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and Tan 2013), Columbia (Hsu and Chang 2006), Cover-
age (Wen et al. 2016), IMD (Novozamsky, Mahdian, and
Saic 2020), CocoGlide (Nichol et al. 2021), ITW (Huh et al.
2018), and Korus (Korus and Huang 2016). We adopt the
same training set split as (Zhou et al. 2024a). During train-
ing, all images are resized to 512 x 512. The model is trained
with a batch size of 32 using the AdamW optimizer. The ini-
tial learning rate is set to le-4 and decayed by a factor of 0.1
every 50 epochs. Training is performed on 4 NVIDIA 4090
GPUs with a total of 70 epochs.

Comparison with SOTA Methods

Pixel-level F1 and AUC are standard metrics for IML, but
recent research (Ma et al. 2025) shows that AUC exhibits
overconfidence in IML. Therefore, we evaluate all experi-
ments using the F1-score with a fixed threshold of 0.5.

Image manipulation localization. Table 1 presents a
comparison of all published weakly supervised IML meth-
ods to date, including WSCL (Zhai et al. 2023), Edge-
CAM (Zhou et al. 2024b), SOWCL (Zhu, Li, and Wen
2025), and WSCCL (Bai 2025). While these methods rely on
image-level labels, the results clearly demonstrate that our
approach significantly outperforms them across all datasets,
highlighting that the spatial constraints provided by scrib-
ble annotations lead to more accurate localization. Table 2
presents a comparison with several SOTA fully supervised
methods, such as PCSS-Net (Liu et al. 2022), Trufor (Guil-
laro et al. 2023), MFI-Net (Ren et al. 2024), SparseViT (Su
et al. 2025), PIM (Kong et al. 2025b), and Mesorch (Zhu
et al. 2025), evaluated under both in-distribution and out-of-
distribution settings. Our method not only achieves higher
average performance than fully supervised baselines under
standard conditions, but also demonstrates stronger gener-
alization to previously unseen manipulation scenarios. This
enhanced generalization is attributed to the balance between
annotation efficiency and effective supervision achieved by
scribble annotations, which provide direct spatial guidance
with minimal labeling effort and help prevent overfitting to
dense pixel-level labels. It is worth noting that all fully su-
pervised methods were retrained on the same benchmarks
as ours for a fair comparison. However, since among the
weakly supervised methods only WSCL has publicly avail-
able code, we retrained only WSCL, while the results for the
other methods are taken directly from their published papers.

Visual comparison. Fig.4 presents the segmentation re-
sults of our proposed model and several fully supervised
methods under challenging scenarios, including large-scale
manipulations, small-scale manipulations, and multi-object
manipulations. Clearly, our method achieves the best visual
performance. In large-scale manipulations, our model ac-
curately identifies the manipulated regions, producing clear
and complete segmentation, while the compared methods
often suffer from false positives. In small-scale manipula-
tions, our method provides precise localization, whereas the
other methods almost entirely fail. For multi-object manipu-
lations, our method not only detects all manipulated regions
but also excels in capturing fine details.



In-Distribution (ID)

Out-of-Distribution (OOD)

Method Pub.
NIST CASIAvl Columbia Coverage Avg. CocoGlide ITW  Korus IMD  Avg.
PCSS-Net TCSVT’22  0.509 0.503 0.905 0.424 0.585 0.344 0407 0.229 0.350 0.333
Trufor CVPR’23  0.584 0.603 0.953 0.435 0.644 0.287 0310 0.200 0.375 0.293
IML-ViT Arxiv’24  0.440 0.529 0.906 0.168 0.511 0.200 0.270 0.181 0.209 0.215
MFI-Net TSCVT’24 0.817 0.524 0.938 0.497 0.644 0.283 0.300 0.186 0.329 0.275
SparseViT  AAAI'25  0.616 0.557 0.958 0.546 0.669 0.311 0.333 0.193 0.381 0.305
PIM TPAMI'25  0.587 0.548 0.954 0.504 0.648 0.481 0392 0.203 0.395 0.368
Mesorch AAAT25  0.802 0.703 0.981 0.531 0.754 0.218 0.299 0.182 0.346 0.261
Ours - 0.721 0.716 0.979 0.827 0.811 0.546 0467 0.282 0.580 0.469

Table 2: Comparison with other fully supervised IML methods

MFI-Net

Figure 4: Visualization results of different methods.

Baseline GAFM PFMM  Avg.lID Avg.00D
v 0.533 0.283
v v 0.697 0.434
v v v 0.811 0.469

Table 3: The ablation study for our modules.

Lpce Lca Lsc Lcem  AvglD Avg.0O0D
v 0.627 0.394
v v 0.731 0.438
v v v 0.755 0414
v v v 0.733 0.418
v v v v 0.811 0.469

Table 4: The ablation study for our loss functions.

Ablation Study

As shown in Table 3, introducing GAFM significantly im-
proves performance, highlighting the importance of adaptive
information regulation in feature fusion. When all modules
are integrated, our model achieves the best results on both
in-distribution (ID) and out-of-distribution (OOD) datasets,
underscoring the synergistic effect of the proposed struc-
tural designs and feature modulation strategies. Table 4 fur-
ther analyzes the contribution of each loss function. Intro-
ducing L4 improves performance, confirming the bene-
fit of context-aware modeling. While Lgc boosts ID re-
sults, it reduces flexibility on OOD datasets and increases
prediction uncertainty, leading to performance degradation.
Lcogn alone yields only marginal gains. When Lg¢o and
Lcgey are combined, the model achieves substantial im-
provements on both ID and OOD datasets, indicating that
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. Bold and underlined indicate the best and second-best.

Method None Facebook WeiBo WeChat WhatsApp

MFI-Net 0.524 0.449 0455 0.363 0.474
SparesViT 0.557 0.493  0.529 0.365 0.506
PIM 0.548 0.581 0.566 0.505 0.585
Mesorch 0.703  0.671  0.655 0.583 0.677
Ours 0.716 0.685 0.690 0.623 0.686

Table 5: Robustness experiments on online social networks.

structural consistency and confidence-aware entropy mini-
mization are complementary: Lg¢ provides a stable struc-
tural prior, whereas Lo gy, adaptively suppresses unreli-
able predictions in weakly annotated or unlabeled regions,
thereby enhancing robustness and generalization.

Robustness and Efficiency of the Model

With the rapid development of the internet, online social
platforms have become a primary channel for image dis-
semination. To evaluate the robustness of our model under
such conditions, we followed the same benchmark as (Dong
et al. 2022) and applied compression through platforms such
as Facebook, Weibo, WeChat, and WhatsApp. As shown in
Table 5, our model consistently maintains significant perfor-
mance advantages after online transmission.

Conclusion

In this work, we present and release the first scribble-
annotated IML dataset, Sc-IML, filling an important gap
in weakly supervised annotation resources for the field. We
also propose the first scribble-based weakly supervised IML
framework, which incorporates structural consistency, prior-
aware feature modulation, and gated adaptive fusion mod-
ules, significantly boosting model’s robustness and local-
ization accuracy. Moreover, the confidence-aware entropy
minimization loss further enhances the model’s generaliza-
tion in weakly supervised and unlabeled regions. Experi-
mental results demonstrate that our approach consistently
outperforms existing fully supervised methods on both in-
distribution and out-of-distribution datasets. Our work pro-
vides a new perspective for low-cost annotation and weakly
supervised learning in IML, and significantly advances the
development of this field.
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