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Abstract. The rapid development of image processing and manipula-
tion techniques poses unprecedented challenges in multimedia forensics,
especially in Image Forgery Localization (IFL). This paper addresses two
key challenges in IFL: (1) Various forgery techniques leave distinct foren-
sic traces. However, existing models overlook variations among forgery
patterns. The diversity of forgery techniques makes it challenging for
a single static detection method and network structure to be univer-
sally applicable. To address this, we propose AdaIFL, a dynamic IFL
framework that customizes various expert groups for different network
components, constructing multiple distinct feature subspaces. By lever-
aging adaptively activated experts, AdaIFL can capture discriminative
features associated with forgery patterns, enhancing the model’s gener-
alization ability. (2) Many forensic traces and artifacts are located at the
boundaries of the forged region. Existing models either ignore the differ-
ences in discriminative information or use edge supervision loss to force
the model to focus on the region boundaries. This hard-constrained ap-
proach is prone to attention bias, causing the model to be overly sensitive
to image edges or fail to finely capture all forensic traces. In this paper,
we propose a feature importance-aware attention, a flexible approach
that adaptively perceives the importance of different regions and aggre-
gates region features into variable-length tokens, directing the model’s
attention towards more discriminative and informative regions. Extensive
experiments on benchmark datasets demonstrate that AdaIFL outper-
forms state-of-the-art image forgery localization methods. Our code is
available at https://github.com/LMIAPC/AdaIFL.
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1 Introduction

With the rapid development of image editing and processing technologies, it has
become more accessible for people to create realistic forged images, which may
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Fig. 1: Illustration of our contribution. Existing methods lack adaptability and flex-
ibility in handling forged images with diverse forgery clues and patterns, leading to
false alarms, missed detections, and the inability to accurately locate subtle forgery
regions. In contrast, our model incorporates dynamic routing and feature importance-
aware mechanisms, which can dynamically handle different forged image samples and
adaptively perceive the significance of different regions, demonstrating superior perfor-
mance in these aspects.

be abused to spread malicious information and pose a significant challenge to
the security of media content [31]. Therefore, it is of great importance to develop
an effective method to identify and locate the forged images.

In recent years, researchers have proposed many deep learning-based meth-
ods [14, 25, 37, 39, 43] to detect and localize forged regions, achieving significant
progress. However, these methods still cannot achieve satisfactory results in real-
life scenarios, mainly facing two challenges: (1) Fakers possess various techniques
and tools to manipulate images, including object insertion, deletion, clone, and
distortion, each leaving distinct artifacts and forensic traces. As illustrated in
Fig. 1 (a), existing methods lack adaptability in handling forged images with
diverse forgery clues and patterns. These methods usually share network struc-
tures and parameters, mapping different forged images into a common feature
space without considering forgery pattern differences, resulting in limited gener-
alization ability. (2) Artifacts and forensic traces produced by image manipula-
tion operations are primarily located at the boundaries of forged regions. These
traces are subtle and delicate, involving minor changes in lighting, texture, or
the removal of small objects. This poses significant challenges for forgery local-
ization due to sparse features, limited contextual information, and vulnerability
to damage. To capture subtle artifacts and forensic traces, some methods such
as IML-ViT [21] and MVSS-Net [5] use edge supervision loss to force the model
to focus on the region boundaries. However, as shown in Fig. 1 (b), this hard-
constrained approach easily leads to attention bias, causing the model to be
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overly sensitive to image edges or fail to finely capture all forensic traces. This
leads to problems such as false alarms, missed detections, and the inability to
accurately locate the forged regions with sharp boundaries. Therefore, it is essen-
tial to strike a more flexible and appropriate balance to prevent the model from
excessively relying on boundary regions and neglecting other crucial features.

In this paper, we propose AdaIFL, a novel dynamic and importance-aware
transformer network for IFL. To address the challenge of insufficient adaptability
in handling forged samples, we propose a novel dynamic framework that incor-
porates the concept of dynamic routing mechanism into IFL. Our framework
comprises a transformer-based dynamic encoder and a lightweight dynamic de-
coder. We customize various expert groups within different network components,
constructing multiple distinct feature subspaces. Through the routing of the gat-
ing network, forged image samples can selectively activate different parts of the
network, thereby digging out discriminative features associated with forgery pat-
terns within their respective feature subspaces. This significantly enhances the
model’s generalization ability.

To avoid the model’s over-sensitivity or neglect of boundary artifacts around
forged regions, we propose feature importance-aware attention (FIA), a flexible
approach that adaptively perceives the importance of different regions. One of
the key components is the adaptive token aggregator (ATA), which consists of
three parts: importance-aware region partitioning, aggregation scale allocation,
and adaptive token aggregation. ATA aims to dynamically aggregate region fea-
tures into variable-length tokens based on discriminative information of regional
features, modelling forged regions of different scales and shapes. Specifically, we
design a scoring network to quantify the importance of each image feature. Based
on the importance score, the entire image region is partitioned into multiple sub-
regions. Then a simple yet effective adaptive mechanism is used to evaluate the
discriminative information, thereby determining the aggregation scale of each
sub-region. In particular, the smaller aggregation scales are assigned to generate
more feature tokens for regions with more discriminative regions, such as im-
age manipulation boundaries. Finally, the clustering algorithm is employed to
merge tokens guided by the aggregation scales, resulting in compact yet highly
discriminative token representations. FIA directs the model’s attention towards
more discriminative regions, significantly enhancing the model’s ability to locate
various forged regions accurately.

Our main contributions are summarized as follows:

– We propose AdaIFL, a novel dynamic and importance-aware IFL framework.
To the best of our knowledge, this is the first work introducing the dynamic
routing mechanism to IFL, making it a pioneering contribution in this field.

– We propose a feature importance-aware attention that adaptively perceives
the importance of different regions, improving the model’s ability to locate
various forged regions accurately.

– We conduct extensive experiments on several benchmarks and demonstrate
that AdaIFL outperforms the existing state-of-the-art methods qualitatively
and quantitatively.
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2 Related Work

Image Forgery Localization. Existing methods typically leverage inconsis-
tencies or discrepancies between forged and authentic regions for detection and
localization. They mostly employ feature extractors to capture forgery-related
information, i.e. RGB noise [3, 11], high-frequency features [19, 32], or edge ar-
tifacts [5, 42]. [3] and [11] extract low-level artifacts from camera model fin-
gerprints. ManTra-Net [37] utilizes both BayarConv and SRM as noise extrac-
tors simultaneously to capture rich features. CAT-Net [19] uses discrete cosine
transform (DCT) coefficients to localize image manipulation. ObjectFormer [32]
captures subtle forgery traces by extracting high-frequency features of the image
and combining them with RGB features. TruFor [11] extracts high-level features
from RGB images as well as noise-sensitive fingerprint features to locate forg-
eries. In addition, many methods exploit edge artifacts for forgery localization.
For example, GSR-Net [42] introduces an edge detection and refinement branch,
enabling the model to better identify boundary artifacts. MVSS-Net [5] employs
an edge supervision branch to capture fine-grained boundary details in a shallow-
to-deep manner. However, these methods use the shared feature extractor for all
forged images, overlooking the differences among forgery patterns. In this pa-
per, we propose a dynamic IFL framework that leverages adaptively activated
experts to capture discriminative features associated with forgery patterns.
Mixture of Experts. Mixture of Experts (MoE) is first proposed by Jacobs
et al. [15] to learn a system consisting of separated expert networks to improve
model performance. Recently, Sparse Mixture of Experts has become popular in
natural language processing [8, 30] and computer vision [9, 28, 38] tasks. These
networks activate a portion of them based on the input, separating the number
of parameters from computational complexity. Recent works introduce MoE into
vision transformers [1,26] to enhance their performance. These studies typically
focus on combining the feed-forward layers of transformers with MoE or develop-
ing better routing strategies to achieve improved performance. In this paper, we
apply the aforementioned dynamic routing and sparse computation techniques
to the vision transformer and construct the AdaIFL network.
Feature Importance Awareness. Convolutional neural networks (CNNs) and
vision transformers (ViTs) have achieved great success in computer vision tasks.
They often require many computational resources to handle large-scale image
data. In fact, most image features are not informative, containing a considerable
amount of redundancy. Therefore, it is crucial to identify the most relevant
features and prioritize them accordingly. Gated convolution [40] introduces gated
units, allowing the weights at each location to be dynamically adjusted based
on the inputs. Moreover, to mitigate the computational overhead of vanilla self-
attention, many content-based sparse attentions have been proposed in ViTs.
These methods either dynamically prune redundant tokens [27, 34] based on
the prediction module or directly cluster tokens [29, 33, 41] based on content
similarity to reduce the number of tokens. In this paper, we propose a feature
importance-aware attention that adaptively perceives the importance of different
regions, achieving superior performance without any edge supervision.
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Fig. 2: (a) AdaIFL framework. AdaIFL takes the suspicious image as input and then
utilizes a transformer-based dynamic encoder to extract multi-stage features. These
features are passed into a lightweight dynamic decoder for multi-scale feature fusion,
generating a spatial localization map to predict the forged regions. (b) Dynamic trans-
former block. AdaIFL framework incorporates the concept of dynamic routing mech-
anism into the transformer blocks (FIATB and GTB), introducing multiple speci�c
experts within the attention and MLP layers to dig out discriminative features associ-
ated with forgery patterns. FIATB and GTB represent the Feature Importance-aware
Transformer Block and Global Transformer Block, respectively.

3 Method

3.1 Framework Overview

In this paper, we propose AdaIFL, a dynamic and importance-aware image
forgery localization framework. As illustrated in Fig. 2, AdaIFL introduces the
dynamic routing mechanism into IFL. It tailors various expert groups for dis-
tinct network components, constructing multiple feature subspaces to specialize
in learning di�erent forgery patterns. Speci�cally, the framework consists of a
transformer-based dynamic encoder and a lightweight dynamic decoder. The en-
coder involves four stages, each comprising two stacked feature importance-aware
transformer blocks (FIATB) and a global transformer block (GTB). Addition-
ally, we propose a dynamic decoder to fuse multi-stage features and predict the
spatial localization map of forged regions. Its detailed structure is illustrated in
Fig. 4 (a), comprising two processes: Multi-Scale Feature Fusion (MSFF) and
Dynamic Decoding. In the following sections, we present details of several key
components of AdaIFL.

3.2 Dynamic Transformer Block

Preliminaries: Mixture of Experts. A Mixture of Experts (MoE) layer com-
prises a set of expert networks, denoted asE1,E2,. . . ,EN , along with a routing
network, denoted asG. Each expert can be implemented as an attention layer,
an MLP layer, or a convolutional layer in di�erent components of the network.
The routing network G is responsible for determining the probability of utilizing
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each expertE i and selects the topk experts as contributors to the �nal output.
G can select experts based on various forms such as a single token, input sample,
or task embedding:

G =

8
><

>:

Gtoken (x i ) ; Token-level
Gsample (X ) ; Sample-level
Gtask (embed(id task )) ; Task-level

(1)

where G de�nes the speci�c routing strategy for gate decision andX = f x i g
L
i =1

is the sequence of all tokens in the current sample. The �nal output of the MoE
layer is a weighted sum of outputs from selected expertsE � f E1; E2 : : : EN g:

y =
X

i 2 E

G(x) � E i (x) (2)

Dynamic transformer block with MoE. We further incorporate the dynamic
routing concept of MoE into the transformer architecture. Speci�cally, we intro-
duce multiple speci�c experts into the attention and MLP layers. These experts
are encouraged to explore unique artifacts and forensic traces associated with
forgery patterns, enhancing the network's generalization capability. As shown in
Fig. 2 (b), we replace the original attention layer with a set of parallel attention
experts and a sample-level router, and replace the original MLP layer with a
set of parallel MLP experts and a token-level router. Formally, the transformer
block of the AdaIFL encoder can be formulated as

X 0
l = MoE-Att (LN ( X l � 1)) + X l � 1

X l = MoE-FFN (LN ( X 0
l )) + X 0

l
(3)

whereMoE-Att( X ) =
P

i 2 E Att
Gi

sample (X ) � E i
Att (X ), MoE-FFN( x) =

P
i 2 E MLP

Gi
token (x) � E i

MLP (x), and LN denotes the layer normalization. Notably, we em-
ploy a feature importance-aware attention with MoE in FIATB, detailed in
Sec. 3.3. In GTB, standard global self-attention is utilized.

3.3 Feature Importance-aware Attention

To avoid the model's over-sensitivity or neglect of manipulation boundary re-
gion, we propose a feature importance-aware attention that adaptively perceives
the importance of di�erent regions and aggregates region features into variable-
length tokens, modelling forged regions of di�erent scales, shapes, and contents.
The overall structure is shown in Fig. 3.
Importance-aware region partitioning. We design a scoring network to eval-
uate the importance of region features for the IFL task, denoted asf s, which is
implemented as a lightweight module consisting of two MLP layers. Speci�cally,
given an input feature X 2 RN � d, whered denotes the dimension of each feature
token, and N denotes the number of feature tokens.f s is used to quantify the
importance of each feature tokenx i .

si = f s (x i ) ; i = 1 ; : : : ; N (4)
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Fig. 3: (a) Illustration of feature importance-aware attention (FIA). (b) Adaptive token
aggregator (ATA). From left to right, ATA involves three processes: importance-aware
region partitioning, aggregation scale allocation, and adaptive token aggregation.

Furthermore, the feature tokens are sorted based on the importance scores, re-
sulting in a sorted set of feature tokens and their respective scores, denoted
as f x0

i g
N
i =1 and f s0

i g
N
i =1 . Also, based on the sorted list of tokens, the entire im-

age region is divided intom irregular sub-regionsf Ri g
m
i =1 with each sub-region

containing NR i tokens.
Aggregation scale allocation. Based on the importance of each region for
forgery localization, the aggregation scales are dynamically adjusted to model
forged regions of di�erent scales and shapes. To accomplish this, we use a simple
MLP layer to convert the distribution of region importance into information
density factors. These factors are used to assess the discriminative information
of each image region, represented as� = f � 1; � 2; : : : ; � m g. We then apply the
Softmax function to normalize the density factors and use them to generate the
aggregation scales for di�erent regions. This can be formulated as

�̂ i =
e� i

P m
i =1 e� i

; i = 1 ; : : : ; m (5)

ci = N � �̂ i ; � i =
NR i

ci
(6)

where N � is the prede�ned total number of tokens (N � � N ), ci denotes the
number of tokens allocated to sub-regionRi , and � i denotes the aggregation
scale for Ri . This adaptive approach allocates a smaller aggregation scale to
more discriminative regions, generating more feature tokens. Conversely, other
regions use a larger scale for coarser token aggregation.
Adaptive token aggregation. After allocating the corresponding aggrega-
tion scale, we need to further consider how to aggregate the tokens. Intuitively,
aggregating tokens with similar semantic information can avoid excessive atten-
tion to redundant features and insu�cient attention to subtle features. Inspired
by [7, 41], we use the clustering algorithm for token clustering and merging,
resulting in more accurate and compact token representations. Speci�cally, we
employ the DPC-KNN algorithm [7] for token clustering, which is a density
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Fig. 4: (a) Illustration of dynamic decoder. It consists of multi-stage feature fusion
(MSFF) and dynamic decoding. (b) From left to right are the GradCAM of the output
feature maps for Stage 1, Stage 2, Stage 3, Stage 4, and MSFF. The MSFF module
integrates multi-stage features, boosting the performance of forgery localization.

peak-based K-nearest neighbor clustering algorithm. Based on this algorithm,
the feature tokens of each region are divided intoci distinct clusters based on
their similarity. During the aggregation process, importance scores are assigned
as weights to the tokens within the same cluster, emphasizing the signi�cance of
di�erent tokens. Thus, the token representation for each cluster is obtained:

x̂ i =

P
j 2 ci

esj x j
P

j 2 ci
esj

(7)

Finally, the aggregated tokens from all regions are concatenated to obtain the
�nal token representation X̂ 2 RN � � d.
Feature importance-aware attention. We propose feature importance-aware
attention (FIA) based on the adaptive token aggregator to avoid overfocusing
on redundant features or overlooking local details. Speci�cally, we project the
original feature tokens X 2 RN � d as queriesQ and the aggregated tokensX̂ 2
RN � � d as keysK and valuesV . The process is de�ned as:

Q = XW q; K = X̂W k ; V = X̂W v

FIA( Q; K; V ) = Softmax
�

QK >
p

d

�
V

(8)

where W q; W k ; W v 2 Rd� d are the learnable matrixes.
As shown in Fig. 6, FIA directs the model's attention towards more dis-

criminative regions, enhancing the performance of forgery localization. This is
attributed to several advantages. (1) The region partitioning mechanism limits
the interaction between authentic and forged regions, mitigating the feature cou-
pling issue. Many forgery techniques aim to create semantically consistent and
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