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Abstract

Detecting and grounding multi-modal media manipulation
aims to categorize the type and localize the region of manip-
ulation for image-text pairs in both two modalities. Existing
methods have not sufficiently explored the intrinsic proper-
ties of the manipulated images, which contain both forgery
and content features, leading to inefficient utilization. To ad-
dress this problem, we propose an Image-Driven Decoupled
Sequential Framework (IDseq), designed to decouple image
features and rationally integrate them to accomplish different
sub-tasks effectively. Specifically, IDseq employs two spe-
cially designed disentangled losses to guide the disentangled
learning of forgery and content features. To efficiently lever-
age these features, we propose a Decoupled Image Manipula-
tion Decoder (DIMD) that processes image tasks within a de-
coupled schema. We mitigate their exclusive competition by
separating the image tasks into forgery-relevant and content-
relevant components and training them without gradient inter-
action. Additionally, we utilize content features enhanced by
the proposed Manipulation Indicator Generator (MIG) for the
text tasks, which provide the maximal visual information as a
reference while eliminating interference from unverified im-
age data. Extensive experiments show the superiority of our
IDseq, where it notably outperforms SOTA methods on the
fine-grained classification by 3.8% in mAP and the forgery
face grounding by 8.7% in IoUmean, even 1.3% in F1 on the
most challenging manipulated text grounding.

Introduction

Taking advantage of rapid advances in deep generative mod-
els (Goodfellow et al. 2020; Karras, Laine, and Aila 2019;
Zhu et al. 2017; Rombach et al. 2022) and large language
models (Devlin et al. 2018; Achiam et al. 2023), face (Chen
etal. 2020; Gao et al. 2021; Wang et al. 2022; Patashnik et al.
2021) and text manipulation techniques (Sudhakar, Upad-
hyay, and Maheswaran 2019; Dai et al. 2019) could easily
generate high-fidelity multimedia content with minimal hu-
man intervention. Although these technologies greatly im-
prove human productivity, their malicious use to produce
large-scale multi-modal misinformation causes severe con-
sequences, including damaging reputations and misleading
public opinion (Wang 2017; Zellers et al. 2019; Floridi
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Figure 1: DGM4, a multi-modal multi-task problem, con-
ducts a detailed analysis of manipulation within image-text
pairs. The red boxes indicate the manipulated regions and
words. The predicted results are highlighted in orange.

2021), thereby posing significant threats to both individuals
and society.

To alleviate security concerns, early research primarily
modelled manipulation detection tasks as binary classifica-
tion. For example, deepfake detection methods (Li et al.
2020; Haliassos et al. 2021; Jeong et al. 2022; Jia et al.
2021) focus on extracting forensic clues such as blending
boundaries and frequency anomalies to distinguish the au-
thenticity of facial images. Similarly, fake news detection
methods (Zellers et al. 2019; Potthast et al. 2018; Ahmed,
Traore, and Saad 2017; Pérez-Rosas et al. 2017) leveraged
writing styles, including psycholinguistic features and read-
ability scores, as key indicators. Despite their considerable
success, these binary classification approaches offer only a
simple yes-or-no output, failing to provide some explainable
evidence to support their predictions. To fill this gap, recent
research focuses on detecting and grounding multi-modal
media manipulation (DGM*) (Shao, Wu, and Liu 2023; Liu
et al. 2023). As shown in Figure 1, DGM* aims to perform a
detailed analysis of manipulation, encompassing a range of
tasks from simple classification to more complex grounding
in both visual and textual modalities.

In contemporary research, Hammer (Shao, Wu, and Liu
2023) focuses on learning more aligned visual and textual
characteristics for prediction, while UFAFormer (Liu et al.
2023) incorporates frequency characteristics to improve im-
age representation. Although these methods have shown sig-
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Figure 2: Accomplish text tasks: (a) directly through contex-
tual analysis; (b) referencing the real image; (c) referencing
the forged image.

nificant results, they rely on shared image features to address
all subtasks. These approaches overlook the fact that manip-
ulated images inherently contain both forgery features, such
as forged boundaries (Li et al. 2020) and patch inconsisten-
cies (Huh et al. 2018; Zhao et al. 2021b; Zhou et al. 2023;
Ma et al. 2023), and content features, including scenes, char-
acters, and objects. However, different tasks require different
features. For image tasks, both content and forgery features
play crucial roles: content features are essential for accu-
rately locating all faces within an image, while forgery fea-
tures are necessary for determining their authenticity. For
text tasks, content features provide valuable semantic infor-
mation, whereas forgery features are often considered noise.
Given this distinction, using shared image features across
all subtasks leads to exclusive competition, where different
tasks compete for the same feature space. This ultimately
drives the model toward a suboptimal solution.

Additionally, when handling text tasks, existing meth-
ods directly reference visual features without verifying their
authenticity, leading to potential interference. In the case
shown in Figure 2, given a text input, (a) contextual analy-
sis suggests that the tokens “happy” and “help” are fake; (b)
referencing the real image will increase confidence. How-
ever, (c) when referencing the forged image, the judgment
is completely overturned because the emotion conveyed by
the “happy” and “help” aligns closely with the manipulated
image. Therefore, directly referencing unverified image in-
formation can lead to significant interference.

To tackle these problems, we propose an Image-Driven
Decoupled Sequential Framework (IDseq) that aims to train
forgery-related tasks and content-related tasks in a decou-
pled schema. Specifically, IDseq employs two Disentangled
representation learning losses to capture patch-wise incon-
sistencies as forgery features and information that is se-
mantically aligned with input text as content features, re-
spectively. Based on the two features, we develop a Decou-
pled Image Manipulation Decoder (DIMD) that splits the
complex image tasks into content-related localization and
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forgery-related identification and trains them without gradi-
ent interaction, thus reducing the exclusive competition for
image feature space among tasks. To reduce the interference
caused by referencing forged images in text tasks, we im-
plement a sequential task processing order. We introduce a
Manipulation Indicator Generator (MIG), which transforms
the predicted bounding box of a forged face into an indi-
cator map, effectively highlighting manipulated regions. By
integrating pure content features with the indicator map, our
approach minimizes interference while preserving as much
content information as possible.

Extensive experiments show the superiority of our ID-
seq. The main contributions are summarized as follows: (1)
We propose a novel Image-Driven Decoupled Sequential
Framework that deals with DGM* by decoupling image in-
formation into content and forgery features and leveraging
the self-diagnostic ability of images. (2) To avoid exclusive
competition between image tasks, we specially design the
Decoupled Image Manipulation Decoder to ensure the de-
coupled training of the complex image tasks without gradi-
ent interaction. (3) To mitigate interference for text tasks, we
adopt a sequential framework and design the Manipulation
Indicator Generator to indicate content features.

Related Work

Previous work on deepfake detection and fake news detec-
tion is related to our tasks and discussed in the appendix.
Detection and Grounding of Multi-modal Manipulation.
Despite the success of deepfake detection and fake news de-
tection methods, these methods typically model manipula-
tion detection as a binary classification problem. To pro-
vide more comprehensive evidence, Shao et al. (Shao,
Wu, and Liu 2023) introduced the first dataset specifically
designed for the DGM* problem, which augmented the
Human-Centered News Dataset (Liu et al. 2020) by ran-
domly modifying faces in images and words in texts. HAM-
MER (Shao, Wu, and Liu 2023) serves as the baseline
model, which fine-tunes the widely-used visual-language
pre-trained model ALBEF (Li et al. 2021). UFAFormer
(Liu et al. 2023) aims to detect forgeries by utilizing vi-
sual frequency information. It develops a frequency encoder
that leverages intra-band and inter-band self-attention layers
to capture frequency features from sub-band data following
discrete wavelet transformation. Although these models rec-
ognize the importance of images, they still use shared image
features to address all tasks, which limits the models’ per-
formance.

Methodology

Our Image-Driven Decoupled Sequential Framework
(IDseq) is designed to decouple image features and inte-
grate them rationally to accomplish different sub-tasks in
DGM®. In this section, we first detail the pipeline of the
proposed method. Next, we describe the architectures of
the Decoupled Image Manipulation Decoder (DIMD) and
the Manipulation Indicator Generator (MIG). Finally, we
explain the two proposed disentangled losses and other loss
functions.
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Figure 3: An overview of our IDseq. First, we extract forgery, content, and text features, supervised by two disentangled
representation learning losses. We then feed the forgery and content features into the Decoupled Image Manipulation Decoder
(DIMD) to handle image tasks. Next, the predicted forgery bounding box is passed to the Manipulation Indicator Generator
(MIG) to indicate content features. Finally, we use the enhanced content features along with text features to complete the text

tasks and obtain the binary classification.

Pipeline

The pipeline of our IDseq is illustrated in Figure 3 . Given
an image-text pair (I,7"), forgery features Vy, content fea-
tures V., and text features V; are extracted by a forgery en-
coder Ey, a content encoder F., and a text encoder F,
respectively. The encoders Ey and E. share the same ar-
chitecture but are supervised by two disentangled losses:
Patch-wise Self-inconsistency Loss (PSIL) and Fine-grained
Contrastive Loss (FCL), respectively. Subsequently, V; and
V. are fed into DIMD, a specialized DETR-like block de-
signed with two gradient-isolated streams. This process gen-
erates the forgery outputs O = {ojc}fzo and content out-

puts O, = {0i}F_,, where k = 32 represents the number
of learnable queries in DIMD. By combining O¢ and O,
we can predict the bounding box # to address the forgery
face grounding task. The first tokens of O and O.., denoted
as 0} and oY, are then utilized for fine-grained image clas-
sification. After completing image tasks, we first feed the
content features and the predicted box 7 into MIG to obtain
the enhanced content features VC These enhanced content
features are injected into the text features through cross-
attention in the text decoder D, which then generates text
outputs O; = {0l }¥_,. The first token of O;, denoted as o),
is employed for fine-grained text classification, while the re-
maining tokens are used for manipulated text grounding. Fi-
nally, the concatenation of o?c, 0%, and oY is used to perform
binary classification of the entire image-text pair.
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Figure 4: The architecture of Decoupled Image Manipula-
tion Decoder.

Decoupled Image Manipulation Decoder

To train content-related and forgery-related tasks decou-
pled, it is essential to tackle the challenge of forgery face
grounding task, which requires both two kinds of features.
Inspired by object detection and grounding methods (He



and Todorovic 2022; Zhang et al. 2023; Liu et al. 2024),
we design a DETR-like (Carion et al. 2020) Decoupled Im-
age Manipulation decoder (DIMD), which splits the forgery
face grounding into content-related localization and forgery-
related identification, as shown in Figure 4. By using two
sets of queries to interact with forgery and content features
independently and employing shared self-attention to prop-
agate information across branches, our DIMD could col-
lect information independently and provide a comprehen-
sive prediction. Specifically, we randomly initial two sets of
queries: forgery queries Q¢ = {q}}fzo and content queries
Q. = {q'}F_,, where k = 32 represents the number of
queries. At the [-th layer of DIMD, we apply the same po-
sitional encoding to both sets of queries to ensure they are
paired. These queries, Qlf and @', interact with the forgery
and content features through cross-attention blocks to gather
distinct information respectively. Next, we merge the paired
queries to generate integrated representations, QlfJr and Q'F,
that include both forgery and content information. These
representations are subsequently processed by self-attention
blocks with shared weights to facilitate information propa-
gation between two branches, thus ensuring that the paired
queries focus on the same regions. Notably, we detach the
gradients of the queries from the other branch during con-
catenation to maintain decoupled training. Finally, we re-
split the concatenated representations into forgery and con-
tent parts and input them into feedforward neural networks.
This process is formulated as follows:

QY, Q. = CrossAtt(QY, V), CrossAtt(QL, V), (1)
Q?, Qr = Cat(Qlf,QlC.detach), Cat(Qlf.detach,Qlc)7

()
QY. QL = S-SelfAtt(Q), S-SelfAtt(QL), 3)
QY QL = FEN(Split(Q7)), FEN(Split(QL")).  (4)

After the decoding process in DIMD, we obtain outputs O
and O, which are then used for identification and local-
ization, respectively. The predicted bounding box with the
highest fake score is considered the bounding box of forged
face 7.

Manipulation Indicator Generator

Since all text tasks rely on content features as an additional
reference, it is essential to minimize the interference caused
by using unverified image information. Thus, we propose the
Manipulation Indicator Generator (MIG), a simple yet effec-
tive module that transforms the coordinates of a forged face
into an embedding A, which indicates whether a specific re-
gion has been manipulated. As illustrated in Figure 5, the
MIG consists of two key components: a Box-based Adap-
tive Gaussian Kernel Function G(+) and a three-layer convo-
lutional network E,,. Initially, the coordinates (¢, ¢y, w, h)
of the detected forgery face are transformed into a fake map
M using the Gaussian kernel function:

(z — Cw)2 + (y — Cy)2

G(z,y) = exp{(— 2 })7 (5)

g
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Figure 5: The architecture of text encoder, text decoder and
Manipulation Indicator Generator.

where 0 = (%)2 + (%)2 The values on this map are
constrained between 0 and 1, with higher values indicating
a greater likelihood that the region has been affected by the
forgery. This fake map is then encoded by E,, to obtain an
indicative embedding A, which is subsequently added to the
content features V to produce the indicated content features
V.. Finally, the indicated content features and text features
are fed into the text decoder to complete the text tasks. By
training the entire IDseq with MIG, we could mark the ma-
nipulated content features, which allows our model to au-
tomatically select the content information while guarding
against manipulated information, thus alleviating interfer-
ence caused by unverified image features.

Training Objective
Task-specific Losses. We define three loss functions: binary
classification loss Ly, fine-grained classification loss L g

and manipulated text grounding loss L, all based on the
cross-entropy loss L., formulated as follows:

Lbc = Lce(@bc; ybc)v (6)

Lfc - Lce(gw yz) + L(:e(:gta yt)7 (7)
1 k

Lig = 12 Lee (s ¥io): ®)

where Jye, U:» 9 and 9, represent the predictions for the
image-text pair, image manipulation type, text manipulation
type and the fake score of i-th token in text, while ypc, yi, ¥t
and !, are the corresponding ground truth labels.

For forgery face grounding, we use L1 loss and GIoU loss
between the predicted forgery face bounding box 7 and the
ground truth r, formulated as:

Lfg :Ll(f,r) +LG10U(72;7')~ 9)

Disentangled Representation Learning Losses. Patch-
wise Self-Inconsistency Loss (PSIL) is used to maximize
the patch-level inconsistencies between real and forged re-
gions, which have been validated as important forgery clues.
Following the previous deepfake detection method (Zhao
et al. 2021b), we calculate the cosine similarity between the

features of any patch pair (v}, fu;) from V; € R"*di and



obtain a similarity map S € R™*™ with values between 0
and 1, where n; represents the number of patches in the im-
age. Next, we create a binary ground truth map S e RMxni,
where a value of 1 means both patches are either real or
forged, and 0 means one patch is real and the other is forged.
The patch-wise self-inconsistency Loss is formulated as fol-
lows:

1 N
o Z Lbce(s(p,q)’s(p,q))' (10)

(p,q)

Lpsrr =

%

Fine-grained Contrastive Loss (FCL) forces the content en-
coder to focus on content-relevant information that is seman-
tically aligned with the paired text, which is formulated as
follows:
1 1
L = 5Lt + 5 Lu,
FoL = 5lit + ot
1 S, T+
b= Diog ST

b7 X exp(S(I,T7))

1 T,It
L= L o LOPSTIT)

b 7> exp(S(T,17))

where b is the batch size, I denotes the collection of image
tokens, Tt refers to text tokens from the same pair that re-
main unmanipulated, and 7'~ includes other tokens within
the batch. The definitions of 7', I~ and [T are similar. Un-
like the contrastive loss used in HAMMER (Shao, Wu, and
Liu 2023), which relies solely on the class token, our score
function S(-) measures the similarity across all tokens, fol-
lowing (Yao et al. 2021), to ensure fine-grained supervision.
Finally, the training objective is outlined as follows:

Y

L =MLy + AoLjc+ A3Ljg+
ML+ AsLpsin + XsLrcr,
where \y = 1, Ay = 1,03 = 0.1 and Ay = 1,)\5 =

0.1, A\¢ = 0.1, following the hyperparameter settings of the
baseline (Shao, Wu, and Liu 2023).

(12)

Experiments

Dataset. We conduct experiments on the DGM* dataset
(Shao, Wu, and Liu 2023), which comprises 230,000 image-
text paired samples, including over 77,000 pristine pairs and
152,000 manipulated pairs. The dataset encompasses four
types of manipulation: face swap (FS), face attribute (FA),
text swap (TS), and text attribute (TA) and presents a chal-
lenging scenario where manipulated faces and text are ran-
domly combined. Additionally, half of the dataset is sub-
jected to various perturbations, such as JPEG compression
and Gaussian noise, to mimic real-world conditions. We
train our IDseq on the training set and evaluate its perfor-
mance on the test set.

Evaluation Metric. We report our results following the
original evaluation protocols and metrics (Shao, Wu, and
Liu 2023). Here, we detail the metrics for each DGM* task.
(1) For binary classification, we adopt Accuracy (ACC),
Area Under the Receiver Operating Characteristic curve
(AUC), and Equal Error Rate (EER). (2) For fine-grained
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Figure 6: Results of the fine-grained classification of four
manipulation types, using the F1-score as the metric.

classification, we use the mean Average Precision (mAP),
average per-class F1 (CF1), and average overall F1 (OF1).
(3) For forgery face grounding, we calculate the mean of
intersection over union (IoUmean) and IoU with two thresh-
olds {0.5,0.75} denoted as IoU50 and IoU75 to examine
the performance. (4) For manipulated text token grounding,
precision (PR), Recall (RE), and F1 score are employed.
Implementation Details. For fair comparisons, our training
configuration follows the existing methods (Shao, Wu, and
Liu 2023; Liu et al. 2023). Two image encoders are imple-
mented by ViT/B with 12 layers (Dosovitskiy et al. 2020).
Our text encoder and text decoder are built based on 6-layer
transformers, respectively. The above components are ini-
tialized by the ALBEF (Li et al. 2021) following the base-
line model (Shao, Wu, and Liu 2023). The DIMD is trained
from scratch and has 6 layers. The AdamW (Loshchilov
and Hutter 2017) optimizer with a weight decay of 0.02 is
adopted to optimize the model. The initial learning rates for
encoders and the others are set to 1 x 107° and 1 x 10~ un-
der a cosine schedule. The model is trained on four Nvidia
A40 GPUs with batch size 128 for 50 epochs. The input im-
ages are resized into 224 x 224, and the text sequence is
padded with a max length of 50 for both training and testing.
We implement our model on PyTorch (Paszke et al. 2019).

Comparisons with State-of-the-Art

Comparisons with uni-modal methods. We compare our
model with some uni-modal methods, as shown in Table
1. In the visual modality, we compare our IDseq with two
deepfake detection methods, TS (Luo et al. 2021) and MAT
(Zhao et al. 2021a), which can perform the binary classifi-
cation task and the forgery face grounding task. In the text
modality, we compare our model with two sequence tagging
models, i.e., BERT (Devlin et al. 2018) and LUKE (Ya-
mada et al. 2020).

Comparisons with multi-modal methods. We present
comparisons of our IDseq with state-of-the-art approaches
in Table 1 and Figure 6. In the emerging field of DGM?,
HAMMER (Shao, Wu, and Liu 2023) serves as the base-
line model, while HAMMER++ (Shao et al. 2024) improves
upon it by employing an enhanced contrastive learning loss.



Methods Binary Cls Fine-grained Cls |Forgery Face Grounding |Manipulated Text Grounding

Name Params(M)|AUCT EER| ACCT|{mAPT CFI1T OF171|IoUyeanT IoUs¢T IoU75T|Precision Recallf  FIT
TS - 91.80 17.11 82.89| - - - 72.85 79.12 74.06 - - -

MAT - 91.31 17.65 82.36| - - - 72.88 78.98 74.70 - - -

BERT - 80.82 28.02 68.98| - - - - - - 4139  63.85 50.23
LUKE - 81.39 27.88 76.18| - - - - - - 50.52  37.93 43.33
CLIP 586.12 |83.22 24.61 76.40|66.00 59.52 62.31| 49.51 50.03 38.79 | 58.12 22.11 32.03
ViLT 272.87 |85.16 22.88 78.38|72.37 66.14 66.00| 59.32 65.18 3840 | 6648 49.88 57.00
HAMMER 389.49 [93.19 14.10 86.39|86.22 79.37 80.37| 76.45 83.75 76.06 | 75.01  68.02 71.35
HAMMER++ 389.52 |93.33 14.06 86.66|86.41 79.37 80.71| 76.46 83.77 76.03 | 73.05 7214 72.59
UFAFormer 93.81 13.60 86.80|87.85 80.31 81.48| 78.33 8539 79.20| 7335 7030 72.02
Ours 335.64 |94.55 11.40 88.94|90.01 83.00 84.90| 83.33 89.39 86.19 | 7596 7123 73.52

Table 1: Comparisons with state-of-the-art methods on the DGM* dataset. Bold font indicates optimal results. The up arrow
signifies that a larger value corresponds to better model performance, and vice versa. Binary Cls represents the binary classifica-
tion task, and Fine-grained Cls represents the fine-grained classification task. Params(M) represents the number of parameters,

measured in millions.

Componets Binary Cls Fine-grained Cls | Forgery Face Grounding | Manipulated text Grounding
PSIL FCL | AUCt EER] ACCt|mAPT CF1T OFI11|IoUpenT IoUsgT IoUzsT | Precisiont Recallt FI1T

a€ - — [ 91.04 16.48 84.11 | 84.83 77.01 77.39| 7456  80.77 76.78 76.78 64.26  69.96

2 - v’ 19145 1597 84.56|85.05 77.31 78.02| 75.87 8123 78.76 70.94 74.18 72.52

3 v — 19359 13.21 87.17 | 89.21 80.89 82.57| 82.88 88.36 85.80 76.91 64.92 7041

@4 Vv v’ | 9455 11.40 88.94 | 90.01 83.00 84.90| 83.33 89.39 86.19 75.96 7123 73.52

Table 2: Ablation study of two disentangled representation learning losses.

UFAFormer (Liu et al. 2023) achieves the best results by Methods Forgery Face Grounding

incorporating frequency information. We also compare our IoUmeanT ToUs0T ToUz57T
model with two widely used large-scale pre-trained models, (@) Vi — SD 81.32  86.73 85.28
CLIP (Radford et al. 2021) and ViLT (Kim, Son, and Kim (b) V. — SD 7426 80.57 76.60
2021), by fully fine-tuning them for our tasks. As the results ©Vi+V, = CD 82.62 88.05 86.64
indicate, our method outperforms all previous state-of-the- (dVy =SD+ V. =»SD| 4922 5474 49.15
art methods, demonstrating the validity and effectiveness of (e) Ours 83.33 89.39 86.19

our framework.

Ablation Study

To examine the effectiveness of our IDseq, we conduct ex-
tensive experiments on the DGM* dataset.

Effectiveness of PSIL and FCL. As shown in Table 2, we
first investigate the impact of patch-wise self-inconsistency
loss (PSIL) and fine-grained contrastive loss (FCL) by quan-
titatively evaluating our IDseq and its variants: (1) IDseq
w/o PSIL and FCL; (2) IDseq w/o PSIL; (3) IDseq w/o
FCL; (4) our IDseq. Adding PSIL improves the forgery face
grounding in IoUpe, by 8.32%, indicating that PSIL helps
the forgery encoder extract self-inconsistencies in images.
Adding FCL improves the forgery face grounding in IoU pean
by 1.31% and the manipulated text grounding in F1 score
by 2.56%, demonstrating FCL’s effectiveness in helping the
content encoder focus on semantic visual information. The
results show that these losses guide the encoders to extract
more discriminative features.

Effectiveness of the DIMD. To validate the effectiveness
of our DIMD, we designed several comparative methods for
forgery face grounding, as shown in Table 3. First, we com-
pare DIMD with methods that use only forgery features or
content features: (a) employing forgery features with a sin-
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Table 3: Ablation study of DIMD with its variants.

gle 6-layer decoder (SD), which includes one set of queries
and contains a cross-attention block, a self-attention block,
and an FFN block in each layer; and (b) employing content
features with a similar single decoder setup. Next, we com-
pare DIMD with methods that use both forgery and content
features: (c) utilizing a coupled decoder (CD) with two se-
rial cross-attention blocks in each layer, where queries in-
teract with forgery and content features sequentially; and
(d) employing a dual-branch decoder architecture similar
to DIMD, but with isolated self-attention layers instead of
shared ones, and without the concatenate and split process.
From Table 3, it is evident that forgery face grounding is
a hybrid task that requires both forgery and content infor-
mation, thus supporting our claim. The comparison between
(c) and our method highlights the effectiveness of a decou-
pled training schema over a coupled one. The underperfor-
mance of method (d) arises from its inability to ensure that
paired queries focus on the same region of interest, due to
the lack of shared self-attention layers and the concatenate
process. As illustrated in Figure 7, we present the attention
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Figure 7: Visualization of the cross-attention maps of DIMD
(right) and its variant-(d) (left). Columns signed with @
show attention maps of (J; and columns signed with Q.
show the attention maps of ().. The red boxes highlight the
fake regions.

maps of paired queries across different training epochs. In
method (d), paired queries struggle to converge and focus
on the same regions.

Effectiveness of the MIG. As shown in Table 4, we con-
duct an ablation study to validate the effect of MIG. To fur-
ther evaluate the effectiveness of the fake map M generated
by the box-based adaptive gaussian kernel function, we also
replace it with a binary fake map, where pixels inside the
bounding box are assigned a value of 1, and those outside are
assigned a value of 0. The improvements across all text tasks
demonstrate that the proposed MIG effectively mitigates the
interference caused by referencing unverified images.

TS | TA |Manipulated text grounding

Methods

F17 | FI1 |PrecisionT Recallt FI171

w/o MIG
w/ MIG(BFM)
w/ MIG(GFM)

76.28
77.00
79.34

71.07
74.59
75.25

71.50 72719 72.14
71.66 7311 7238
75.96 71.23  73.52

Table 4: Ablation study of MIG and the box-based adaptive
gaussian kernel function.“w/o MIG” means not using MIG,
“BFM” denotes the binary fake map, and “GFM” denotes
the fake map generated by G(-).

Visualization

Results Visualization. In Figure 8, we visualize test sam-
ples with different manipulation types. “GT” represents the
ground truth annotations and “Pred” indicates the prediction
results. The four manipulation types are face swap (FS), face
attribute (FA), text swap (TS), and text attribute (TA). In the
first row, only one modality is manipulated. In the second
row, more challenging scenarios are shown with combina-
tions of FS+TS, FA+TS, FS+TA, and FA+TA, yet our model
successfully detects them. These examples demonstrate the
effectiveness of our model.
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Figure 8: Visualization of detection and grounding results.
Ground truth annotations are in red, and prediction results
are in blue.

Figure 9: Visualization of the cross-attention maps for
forgery queries with forgery features and content queries
with content features.

Attention Visualization. As shown in Figure 9, we visual-
ize the cross-attention maps of the paired forgery and con-
tent queries with the highest fake scores, which are used for
the final prediction for 7. From the maps, we observe that
forgery queries focus on the most prominent tampering arti-
facts, while content queries concentrate on the surroundings
of the tampered areas to identify facial boundaries.

Conclusion

We propose a novel Image-Driven Decoupled Sequential
Framework (IDseq) to address DGM* by providing suitable
image information for different tasks and leveraging the self-
diagnostic capability of images. To prevent exclusive com-
petition, we use a decoupled training schema supervised by
two auxiliary losses and design a DIMD to ensure effective
decoupled training for complex forgery face grounding. Ad-
ditionally, we employ a sequential framework and introduce
the MIG, which indicates content features to mitigate inter-
ference from unverified image information. We believe this
work provides valuable insights into DGM* and inspires fu-
ture research.
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