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ABSTRACT Integrating frequency-domain features into multimodal manipulation detection introduces
a trade-off between localization accuracy and semantic understanding. While these features improve
localization accuracy by highlighting artifacts, they degrade text grounding performance through
gradient interference in unified encoders. Existing methods exhibit substantial performance degradation
(15.9–17.8%) performance degradation exceeding 15–18% as manipulation complexity increases.
We address this challenge through three key contributions. First, we introduce DGM4-Complex,
a comprehensive benchmark of 27k image-text pairs that incorporates auxiliary manipulations to create
realistic multi-level scenarios, addressing the critical limitation of existing datasets that restrict samples to
single manipulations per modality. Second, we provide a systematic analysis of the semantic–frequency
trade-off, revealing how frequency-domain features enhance localization accuracy while compromising
text grounding performance due to gradient interference in shared encoders. Third, we present GraDual
(Gradient-Regulated Dual-branch), a gradient-controlled framework that decouples semantic and frequency
processing through differentiated gradient scaling, mitigating the trade-off and enabling robust performance
across detection and grounding tasks. Our method achieves 84.78% AUC on DGM4-Complex with only a
9.1% performance decline from single-level manipulations, which is substantially lower than the 15.9-17.8%
drop observed in existing methods, while maintaining stable text grounding performance (0.4% decline
compared to 6.4–12.9% in others).

INDEX TERMS Deepfake, deepfake detection, generative model, multimodal.

I. INTRODUCTION
The proliferation of generative AI methods [1], [2] and
advanced LLMs [3] has transformed the landscape of
digital content, raising serious concerns such as deepfakes,
misinformation, and fake news [4], [5], [6]. Early detection
methods [7], [8] focused on single-modality manipulations.
However, the recent emergence of multimodal manipulation,
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where both visual and textual contents are manipulated,
poses new challenges for forgery detection [9], [10],
[11], [12]. Multimodal manipulations maintain cross-modal
consistency, which helps conceal individual artifacts. As a
result, they may appear more credible and can spread more
effectively than single-modal forgeries.

Beyond single-level edits, several lines of work have
addressed manipulations that combine multiple operations
within a single sample. Sequential facial edits [13] apply dis-
tinct generative operations in succession, hierarchical image
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FIGURE 1. Overview of the proposed dataset DGM4-Complex. Starting from the DGM4 base, auxiliary manipulations are applied to selected samples,
re-categorizing them into more complex multi-level groups. Multi-level Manipulations combine multiple synthesis methods within and across modalities
to form complex manipulation patterns. Within a modality, Cross-generative Manipulations sequentially apply methods based on Generative Adversarial
Networks (GANs) and diffusion models to create composite manipulation artifacts, while Cross-modal Semantic Manipulations introduce contradictions
between textual descriptions and visual content to assess cross-modal reasoning.

forgeries [14] stack manipulations across semantic levels,
and diffusion-based benchmarks [15] introduce composite
artifacts combining multiple generation processes. Earlier
forensics studies [16], [17] also demonstrated that com-
bining manipulation types significantly degrades detector
performance. Despite this evidence, existing multimodal
benchmarks still restrict each sample to a single manipu-
lation per modality, leaving multi-level robustness largely
untested in the multimodal setting. To the best of our
knowledge, no existing multimodal benchmark evaluates
detector behavior under heterogeneous multi-level forgery
patterns.

Recent multimodal detection frameworks jointly analyze
image-text pairs. HAMMER [9] introduced manipulation-
aware contrastive learning, and HAMMER++ [10] employs
hierarchical reasoning while CSCL [11] leverages consis-
tency learning. However, these methods primarily evaluate
single-level manipulations with one manipulation type per
modality, leaving their behavior under realistic multi-level
forgery patterns largely uncharacterized.

Our analysis reveals a semantic-frequency trade-off in
multi-level detection. While prior work [12] identified this
trade-off in single-level manipulations, our findings show that
this trade-off becomes more pronounced under multi-level
manipulations with heterogeneous manipulation patterns.
Unlike prior work that addresses this trade-off through
frequency-aware architectural modules, we attribute it to
gradient-level interference between competing task heads and
resolve it through differentiated gradient regulation.

This trade-off is particularly evident in the proposed
DGM4-Complex dataset, which introduces multi-level
manipulations within and across modalities to create complex
forgery patterns. An overview of the dataset construction
process is shown in Figure 1.
Within single modalities, cross-generative manipulations

(sequential applications of distinct generative architectures,
e.g., GAN followed by diffusion) produce composite arti-
fact distributions that challenge single-generator detection
assumptions. At the cross-modal level, cross-modal semantic
manipulations introduce deliberate contradictions between
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FIGURE 2. Comparison of gradient propagation between existing methods and the proposed approach. (a) Existing frameworks propagate identical
gradients across tasks. (b) GraDual regulates gradient propagation for each task head, mitigating interference while preserving a shared encoder.

visual content and textual descriptions, requiring detection
frameworks to verify semantic alignment beyond traditional
intra-modal analysis.

The optimization dynamics of existing frameworks explain
this performance drop. As illustrated in Figure 2, existing
methods [9], [10], [11], [12] employ unified encoders that
receive identical gradient updates from all task heads during
backpropagation. This uniform optimization can introduce
gradient interference. Localization objectives that prioritize
frequency-domain features directly conflict with semantic
coherence requirements for detection and text grounding.
Gradients from localization heads push shared encoder
parameters toward high-frequency artifact-sensitive repre-
sentations, while gradients from detection and text grounding
heads pull the same parameters toward semantically abstract
features. The resulting parameter update is a compromise
that satisfies neither objective optimally. This interference
becomes more pronounced under multi-level manipulations,
where heterogeneous manipulation types require diverse
feature representations simultaneously.

To address the optimization challenges, we propose GraD-
ual (Gradient-Regulated Dual-branch), a gradient-controlled
framework with differentiated propagation strategies. The
framework applies full gradients for detection to preserve
semantic reasoning, scaled gradients (λ = 0.8) for localiza-
tion to balance artifact sensitivity, and stopped gradients for
text grounding to isolate textual optimization. By decoupling
semantic and frequency processing pathways, this approach
mitigates interference between competing objectives and
stabilizes multi-task optimization.

Our contributions are:

• We introduce DGM4-Complex, a comprehensive mul-
timodal manipulation benchmark designed to evaluate

multi-level scenarios, addressing a gap not covered by
prior multimodal benchmarks. The benchmark extends
DGM4with 27k image-text pairs that combine heteroge-
neous generation methods within and across modalities,
and incorporates a dedicated control category for direct
measurement of false-positive robustness, previously
underexamined in multimodal forgery benchmarks.

• We provide a systematic empirical analysis of the
semantic-frequency trade-off, attributing it to gradient
interference in shared encoders rather than feature-
level conflicts. Frequency integration alone degrades
text grounding by 6.21% relative on DGM4-Complex,
reframing the trade-off as an optimization problem
rather than an architectural one addressed by prior
frequency-aware methods.

• We propose GraDual, a gradient-regulated dual-branch
framework that resolves the trade-off through differen-
tiated gradient scaling across task heads (full gradients
for detection, λ = 0.8 for image grounding, stop-
gradient for text grounding) over a shared encoder.
The framework achieves 84.78% AUC on DGM4-
Complex with only 9.1% degradation from single-level
manipulations, substantially below the 15.9–17.8%
observed in prior methods, with consistent perfor-
mance maintained across three independent external
benchmarks.

II. RELATED WORKS
A. UNIMODAL DEEPFAKE DETECTION
Early deepfake detection relied on CNN architectures,
with XceptionNet [7] and CNNDetection [8] demon-
strating strong performance on GAN-generated content.
Vision Transformers demonstrated improved modeling
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of long-range dependencies [18], though performance
varies across generative methods [19]. Frequency analysis
emerged as a complementary approach, revealing distinctive
spectral signatures of generative models [20], [21]. These
methods identified that GANs struggle to reproduce
natural high-frequency distributions with recent approaches
leveraging geometric inconsistencies [22] and reconstruction
errors [23], [24] for enhanced detection accuracy. F3-Net
[25] mines local frequency statistics, and high-frequency
features [26] improve generalization across manipulation
types. UFAFormer [12] further incorporated a discrete
wavelet transform for frequency-aware detection. Image
forgery localization methods [17], [27], [28] and diffusion-
specific detectors [29], [30], [31] provide further image-
only signals. However, these unimodal approaches assume
detectable single-modality artifacts, an assumption that
breaks down under coordinated cross-modal manipulation.

B. MULTIMODAL MANIPULATION DETECTION
With the emergence of multimodal manipulation, recent
frameworks jointly analyze image-text pairs to detect and
localize manipulations. HAMMER [9] introduced hierar-
chical reasoning through manipulation-aware contrastive
learning, while HAMMER++ [10] enhanced aggregation
mechanisms for fine-grained detection. CSCL [11] leveraged
contextual-semantic consistency matrices across modalities,
and UFAFormer [12] integrated frequency-aware represen-
tations for joint detection and grounding. However, these
frameworks evaluate only single-level manipulations and
treat detection, image grounding, and text grounding as a
single joint objective, leaving gradient interference between
competing task heads unaddressed.

Another line of multimodal work focuses on binary
detection without grounding. UniversalFakeDetect [32]
employs frozen CLIP features, FatFormer [33] adapts CLIP
through forgery-aware adapters, and recent CLIP-based
detectors [34], [35], [36], [37] further exploit pretrained
representations through lightweight adapters or frozen-
backbone classifiers. A related direction targets cross-
modal misinformation, where out-of-context image misuse
is detected through image-text mismatch [38], external evi-
dence [39], or multimodal large language models [40]. Sim-
ilar cross-modal consistency principles underlie audio-visual
deepfake detection [41], [42], [43], [44], [45], [46].
These directions inform our DGM4-Complex benchmark,
which incorporates cross-modal text manipulation (TAM,
Section III) to evaluate factual consistency between visual
and textual content.

C. GENERALIZATION AND ROBUSTNESS
Generalization across different generation methods remains
a critical challenge in deepfake detection. Representative
forgery mining [47] improved domain adaptation by
identifying transferable forgery prototypes across genera-
tors. Self-supervised adversarial perturbation learning [48]

synthesizes hard examples to enhance robustness against
unseenmanipulations. Few-shot andmeta-learning approaches [49],
[50] enable adaptation to new generators with limited
samples, and test-time adaptation methods further extend this
direction by dynamically adjusting detector parameters under
distribution shifts.

Recent studies also explore feature disentanglement for
improved generalization, decomposing vision-language fea-
tures into task-relevant components or isolating generative
artifacts from real-image influence. Classical forensics stud-
ies [16], [17] demonstrated that combining manipulation
types significantly degrades performance, findings further
supported by recent datasets like HiFi-IFDL [14] and
DiffForensics [15] that explore hierarchical manipulation
structures. However, existing benchmarks primarily focus
on isolated single-level manipulations, and the robustness
of detectors under multi-level, sequential, and cross-modal
manipulation scenarios remains insufficiently explored. Most
of these efforts target distribution shifts at the generator
level and do not consider robustness under heterogeneous
manipulation patterns that combine multiple synthesis meth-
ods within a single sample.

D. MULTI-TASK LEARNING AND GRADIENT CONFLICT
Multi-task learning with a shared encoder frequently suf-
fers from gradient conflict, where task-specific gradients
counteract one another during backpropagation. Existing
approaches address this through magnitude balancing [51],
[52], gradient-direction manipulation [53], [54], or multi-
objective optimization [55]. These methods operate at
runtime, dynamically adjusting gradients during training
without exploiting prior knowledge about which task should
receive which type of gradient signal.

GraDual takes a different approach by encoding such
prior knowledge directly. The semantic-frequency trade-off
in Section IV-B shows that detection benefits from semantic
abstraction, localization from high-frequency artifact cues,
and text grounding from unperturbed text representations.
GraDual reflects this trade-off through fixed differentiated
scaling factors applied to each task head, avoiding the
per-batch overhead of runtime gradient projection. The
chosen scaling factor is empirically validated in Section V-C.
Table 1 summarizes how GraDual differs from prior methods
across the three design axes addressed in this work.

III. DGM4-COMPLEX DATASET
We introduce DGM4-Complex, designed to evaluate detec-
tion robustness under realistic and complex forgery patterns.
Existing manipulation detection datasets limit each sample
to a single manipulation per modality, failing to capture
real-world forgery complexity. Current benchmarks evaluate
isolated modifications such as face swapping or attribute
changes in images, paired with semantic or sentiment
alterations in text. We introduce Multi-level Manipulations
that combine multiple synthesis methods within and across
modalities to create complex forgery patterns. Within single
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TABLE 1. Comparison of GraDual with prior methods across three design
axes. ‘‘Multi-level’’ indicates evaluation on multi-level manipulation
scenarios. ‘‘Frequency’’ indicates the use of frequency-domain features.
‘‘Text Grounding’’ indicates support for token-level text manipulation
localization.

modalities,Cross-generative Manipulations apply multiple
generative architectures sequentially to produce composite
manipulation artifacts. Specifically, the base images are
manipulated using a GAN-based method, followed by an
additional diffusion-based generation, resulting in hybrid
forgeries that exhibit mixed frequency patterns. Across
modalities, Cross-modal Semantic manipulations intro-
duce intentional contradictions between textual descriptions
and visual content, evaluating the model’s ability to perform
cross-modal reasoning. While the base dataset focuses on
intra-modal semantic edits, DGM4-Complex extends this
by creating explicit cross-modal inconsistencies to simu-
late more realistic multimodal forgeries. These multi-level
manipulations challenge detection frameworks optimized for
single-level manipulation cases, with our experiments reveal-
ing performance degradation over 15% against complex
forgery patterns as shown in Table 7.

Starting from the complete DGM4 dataset [9], we intro-
duce auxiliary manipulations to a subset of samples to
construct multi-level forgery cases. Rather than replacing
existing annotations, these auxiliary operations are layered on
top of the original manipulations, resulting in more complex
combinations within and across modalities. The extended
dataset therefore contains both original DGM4 samples and
newly constructed multi-level variants, as summarized in
Table 4. This design preserves the original benchmark struc-
ture while enabling systematic evaluation under increased
manipulation complexity.

A. AUXILIARY MANIPULATION TYPES
We introduce three auxiliary categories that combine with
base DGM4 manipulations (FS, FA, TS, TA) to create
multi-level manipulations with complex forgery patterns.

1) FACE ADDITIONAL MANIPULATION (FAM)
FAM introduces cross-generative manipulations, where
sequential application of distinct generative architectures
produces composite artifacts that challenge existing detection
frameworks. Specifically, a GAN-based method is applied to
one target and a diffusion-based method to another, resulting
in composite manipulation artifacts that differ from single-
generator outputs. FAM applies to multi-person images

TABLE 2. Face manipulation combinations. A′ denotes attribute-modified
A, C sampled from CelebA-HQ.

detected via MTCNN: for base manipulation A → A′

(attribute) or A → C (swap) generated through GANs,
diffusion models subsequently replace person Bwith identity
A.

Base manipulations employ GAN-based methods for iden-
tity replacement (Face Swap, FS) using SimSwap [56] and
InfoSwap [57], or attribute modification (Face Attribute, FA)
through HFGI [58] and StyleCLIP [59] generation. Auxiliary
manipulations utilize the diffusion-based FaceAdapter [60]
method. This sequential generation framework encourages
detectors to disentangle representations across heterogeneous
generative mechanisms. Table 2 details the resulting manip-
ulation combinations.

2) TEXT ADDITIONAL MANIPULATION (TAM)
TAM introduces Cross-modal semantic manipulations that
introduce deliberate factual inconsistencies between visual
and textual modalities, challenging detection frameworks
to perform cross-modal verification beyond conventional
forgery detection. Base text manipulations employ Named
Entity Recognition for semantic replacement (Text Swap, TS)
preserving person entities while altering context, or sentiment
modification (Text Attribute, TA) using RoBERTa [61]
classification and B-GST generation. Building upon these
intra-modal semantic manipulations, TAM appends phrases
with incorrect person counts to test cross-modal consistency.
Given ground-truth count ntrue from DGM4 metadata,
we generate nfake = ntrue + δ where δ ∈ [1, 3] and append
phrases such as ‘‘with nfake people in attendance’’ encour-
aging detectors to reason about semantic correspondence
between image content and textual descriptions.

3) NEUTRAL TAIL (NT AND NTCTRL)
NT appends semantically ambiguous phrases (‘‘with updates
pending’’, ‘‘with limited context’’) that weaken statements
without contradiction, examining whether detectors identify
subtle meaning shifts. The control variant NTCTRL applies
identical additions to authentic samples while preserving
original labels, testing whether models incorrectly associate
formatting with manipulation.

Table 3 presents representative text manipulation examples
across auxiliary types and their combinations with base
manipulations.

B. SAMPLE SELECTION AND REPRODUCIBILITY
Auxiliary manipulations follow a deterministic selection pro-
cedure that ensures reproducibility across the dataset. Each
category applies category-specific eligibility criteria. FAM
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TABLE 3. Text manipulation examples. Base manipulations are underlined, TAM in bold, and NT in italic. ∗NTCTRL maintains authenticity labels.

TABLE 4. Dataset structure showing DGM4 original samples and
DGM4-Complex extensions. Statistics are reported on the full benchmark
before training-time deduplication. Single-level categories retain base
manipulations only, whereas multi-level categories incorporate auxiliary
manipulations that combine multiple techniques within a modality.

applies to multi-face images detected viaMTCNN (≥2 faces)
with base manipulations from the face categories (FS or
FA). Face replacement targets the unmodified face using an
established diffusion-based face synthesis pipeline [60], and
samples failing the pipeline’s alignment check are skipped.
TAM applies to captions with a named entity and an action
verb. Captions that are abstract, crowd-referencing, or title-
format are excluded to maintain count-based augmentation
validity. NT applies as a complementary stylistic category,
appending semantically ambiguous phrases that do not alter
the factual meaning of the caption. NTCTRL applies only to
authentic samples and attaches the auxiliary label without
modifying the text, providing a control for surface-pattern
bias in detection.

All manipulated tokens receive binary annotations ytok ∈
{0, 1}L for token-level localization, where L denotes
sequence length.

C. DATASET STATISTICS
Table 4 summarizes the composition of DGM4-Complex,
distinguishing original samples from auxiliary manipulations
across single- and multi-level categories.

Table 5 shows auxiliary manipulation occurrence statistics.
Note that individual samples may contain multiple auxiliary

TABLE 5. Auxiliary manipulation statistics in DGM4-Complex. Multiple
types may co-occur within individual samples.

types, resulting in occurrence counts exceeding unique
sample counts. FAM appears in 16.9% of total samples,
TAM in 11.8%, NT in 8.0%, and NTCTRL in 5.0%, creating
heterogeneous patterns for robustness evaluation.

D. ANNOTATION FRAMEWORK
DGM4-Complex provides three annotation levels: (1) sample-
level binary labels yauth ∈ {0, 1} for detection, (2) bounding
boxes {(xi, yi,wi, hi)}Ki=1 for image grounding where K ≤ 2,
and (3) token-level binary masks {yj}Lj=1 for text grounding.
This framework supports evaluation across detection and
localization tasks.

IV. METHOD
We propose GraDual (Gradient-Regulated Dual-branch),
a framework that balances semantic and frequency learning
through differentiated gradient propagation, enabling sta-
ble multi-task optimization without interference. GraDual
processes image-text pairs through specialized modules
to handle heterogeneous manipulation types, providing
binary detection as well as fine-grained spatial and tex-
tual grounding (Figure 3). As illustrated in Figure 2,
existing frameworks propagate identical gradients across
tasks, causing interference between semantic and frequency
objectives. GraDual mitigates this by applying full gradi-
ents for detection, scaled gradients (λ=0.8) for localiza-
tion, and stopped gradients for text grounding, effectively
decoupling semantic and frequency learning and stabiliz-
ing multi-task optimization without additional architectural
complexity.
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FIGURE 3. Overall architecture of the proposed GraDual framework. Given a multimodal input consisting of an image–text pair, the image is processed
through two parallel branches: the Spatial Branch for semantic features and the Frequency Branch for frequency domain features.

A. PROBLEM FORMULATION
Given an image-text pair (I ,T ), our method detects and
localizes manipulations across multiple levels. We define the
task outputs as:

Y = {D,B,M} ⊆ {0, 1} × RK×4
× {0, 1}L (1)

where D : (I ,T ) → {0, 1} performs binary manipulation
detection, B : I → {bi}Ki=1 predicts up to K = 2 bounding
boxes parametrized as (xi, yi,wi, hi) for manipulated regions,
and M : T → {0, 1}L generates token-level manipulation
masks.

Our method tackles the multi-level manipulations defined
in Section III, including both base manipulations (FS, FA,
TS, TA) and auxiliary manipulations (FAM, TAM, NT).
To address the semantic–frequency trade-off identified in
Section IV-B, GraDual introduces two main components:
(1) a dual-branch architecture that separates semantic and
frequency-domain processing, and (2) a gradient regula-
tion via scaling that balances task-specific optimization
through differentiated propagation. The dual-branch design
realizes two parallel input pathways through a single
shared encoder, sharing all encoder parameters across
branches.

B. MOTIVATION: SEMANTIC-FREQUENCY TRADE-OFF
Frequency-domain features in multimodal detection present
a trade-off between localization accuracy and semantic
understanding. While prior work [12] observed this on
single-level manipulation detection, our analysis reveals
that multi-level manipulation detection increases this con-
flict when detectors encounter heterogeneous manipulation
types within and across modalities. Using DGM4-Complex,

TABLE 6. Ablation study on DGM4-Complex. Adding frequency-domain
features improves localization (IoU ↑) but decreases text grounding
performance (F1-tok ↓).

our comprehensive benchmark for multi-level manipulation
detection, we demonstrate how complex forgery patterns
intensify semantic–frequency interference.

To investigate this trade-off, we integrate frequency-
domain features into the baseline method (HAMMER++
[10]) and evaluate performance on both DGM4 and DGM4-
Complex. As shown in Table 6, introducing frequency
cues produces a clear trade-off: localization improves by
9.24% (relative) and detection increases by 2.70% (relative),
whereas text grounding performance decreases by 6.21%
(relative). This degradation, initially observed under single-
level manipulations, persists in multi-level settings, indi-
cating that semantic–frequency conflicts remain consistent
across varying manipulation complexities.

C. DUAL-BRANCH FEATURE EXTRACTION
To address gradient interference, we decouple spatial and
frequency-domain processing through parallel pathways. The
spatial branch processes RGB images to preserve semantic
information, while the frequency branch processes images
transformed via Discrete Wavelet Transform (DWT) to
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enhance manipulation artifacts:

Espatial = Encoderθ (I ) ∈ RN×D (2)

Efreq = Encoderθ (DWT(I )) ∈ RN×D (3)

where N = HW/P2 denotes the number of patches with
size P = 16, and D = 768 represents the feature dimen-
sion following ViT-Base architecture. The DWT employs
single-level Haar wavelets, decomposing images into four
sub-bands {LL,LH ,HL,HH} capturing distinct frequency
characteristics. High-frequency components (LH, HL, HH)
amplify manipulation traces such as splicing boundaries and
compression artifacts, while low-frequency approximation
(LL) provides coarse spatial structure. These sub-bands are
fused through 1× 1 convolution before visual encoding.

Both branches share encoder parameters θ but process
different input representations. The spatial branch learns
semantic features for detection and text alignment, while the
frequency branch learns artifact-sensitive features for local-
ization. This design follows multi-task learning principles
without introducing additional learnable parameters in the
encoder. The two branches share encoder weights and differ
only in input representations. Specifically, the only difference
between branches is the input transformation, and no encoder
parameters are duplicated across branches. Although feature
extraction is performed twice, no additional task-specific
heads are introduced, resulting in limited inference-time
overhead.

D. GRADIENT REGULATION VIA SCALING
To prevent gradient interference, we apply differentiated
gradient scaling to each task. This approach controls how
gradients from different losses update the shared encoder
during backpropagation:

∇θLtotal = ∇θLD + λ∇θLB + 0 · ∇θLM (4)

where the detection loss LD provides full gradients, the
localization loss LB contributes scaled gradients (λ = 0.8),
and the token grounding loss LM applies stop-gradient, such
that ∇θLM = 0 for the visual encoder.

This mechanism addresses two interconnected challenges:

1) Trade-off Resolution Without gradient control, local-
ization gradients (favoring high-frequency details) and
detection gradients (favoring semantic abstraction)
interfere within shared parameters, creating perfor-
mance trade-offs. Controlled gradient flow enables the
encoder to learn representations supporting both seman-
tic and frequency-sensitive objectives simultaneously.

2) Generalization and Robustness In complex, multi-
level manipulations containing diverse artifacts, uni-
fied optimization often amplifies gradient interference.
By protecting the semantic learning path from excessive
high-frequency updates, our approach maintains stable
training dynamics and ensures consistent performance
across varied manipulation types.

Through systematic experimentation (Section V-C),
we determine λ = 0.8 as the optimal scaling factor that
balances localization learning with semantic preservation.

E. TASK-SPECIFIC HEADS
Following dual-branch feature extraction, we employ three
specialized heads that leverage task-appropriate features
determined by the gradient regulation via scaling. Each
head projects task-specific embeddings to prediction space
through dedicated multi-layer perceptrons (MLPs).

1) BINARY CLASSIFICATION HEAD
The detection head processes spatial features Espatial to
preserve semantic coherence. Cross-modal fusion occurs
throughmulti-head cross-attention between visual and textual
representations:

hcls = CrossAttn(Espatial,Etext)[CLS] ∈ RD (5)

where the output embedding at the classification token
position [CLS] aggregates cross-modal evidence into a D-
dimensional vector. This fused representation is projected to
binary logits through a two-layer MLP:

ŷD = MLPcls(hcls) ∈ R2 (6)

The classification loss employs cross-entropy over the
predicted distribution:

LD = CE(softmax(ŷD), yD) (7)

where yD ∈ {0, 1} denotes the ground-truth binary
classification.

2) IMAGE GROUNDING HEAD
Bounding box regression leverages frequency-domain fea-
tures fused with textual context through a learnable localiza-
tion query:

hloc = CrossAttn(Efreq,Etext)[LOC] ∈ RD (8)

where the localization query token [LOC] attends to both
frequency-enhanced visual features and textual context.
The resulting D-dimensional embedding is decoded into
normalized box coordinates through a three-layer MLP with
ReLU activations:

b = sigmoid(MLPbbox(hloc)) ∈ [0, 1]4 (9)

where b = (x, y,w, h) represents the predicted box with
normalized center coordinates (x, y) and dimensions (w, h)
relative to image size. The sigmoid activation ensures all
values lie in [0, 1]. The localization loss combines L1
regression and GIoU supervision:

LB = λL1∥b− b̂∥1 + λGIoULGIoU(b, b̂) (10)

where b̂ denotes ground-truth boxes. The L1 term provides
coordinate-level gradients crucial for non-overlapping pre-
dictions, while GIoU optimizes spatial alignment through:

LGIoU = 1−

(
IoU(b, b̂)−

|C \ (B ∪ B̂)|
|C|

)
(11)
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where C denotes the smallest enclosing box containing both
predicted B and ground-truth B̂ boxes.

3) TEXT GROUNDING HEAD
Token-level manipulation detection uses frequency-domain
features as visual context with stop-gradient to isolate
text encoder optimization. The text encoder performs
cross-attention with stopped gradients from visual features:

Htoken = TextEncoder(sg(Efreq),Etext) ∈ RL×D (12)

where sg(·) prevents gradients from LM affecting visual
encoder parameters (Eq. 4), and Htoken contains L token
embeddings. Each token embedding is independently classi-
fied through a shared MLP:

ŷj = MLPtoken(h
j
token) ∈ R2, j = 1, . . . ,L (13)

The token grounding loss averages cross-entropy over all
tokens:

LM =
1
L

L∑
j=1

CE(softmax(ŷj), yj) (14)

where yj ∈ {0, 1} indicates whether token j is manipulated.
This architectural design ensures that token-level supervi-
sion focuses on text encoder parameters while utilizing
frequency-domain visual context.

a: JOINT OPTIMIZATION
The total training objective combines all task-specific losses:

Ltotal = LD + LB + LM (15)

allowing the gradient regulation via scaling (Eq. 4) to nat-
urally balance optimization without manual loss weighting.

V. EXPERIMENTS
A. EXPERIMENTAL SETUP
Datasets We evaluate on: (1) DGM4 [9]: About 23k
image-text pairs with single-level manipulations (FS, FA,
TS, TA); (2) DGM4-Complex: About 27k image-text pair
extension with multi-level manipulations (29.29%). For
training, we remove duplicated orig entries that arise from
pairwise construction with multiple manipulation variants.
This preprocessing step affects only the training split and does
not modify the benchmark statistics or evaluation splits.

After this preprocessing, the training, validation, and test
splits of DGM4-Complex contain 189,339, 26,519, and
61,073 image-text pairs, respectively. The validation and test
splits serve as the evaluation sets and are not affected by
training-time deduplication. The total of 276,931 pairs across
all splits matches the full benchmark statistics reported in
Table 4.
ImplementationBuilt on HAMMER++ [10]: Vision Trans-
former (ViT)-B/16 visual encoder (256 × 256), BERT-base
text encoder (50 tokens), single-level Haar DWT with 1 ×
1 fusion. Training: AdamWoptimizer, learning rates 3×10−5

(backbone) and 1 × 10−3 (heads), gradient scaling λ = 0.8,

50 epochs with cosine scheduling, batch size 32. Hardware:
4× NVIDIA A100 GPUs.
Metrics Binary Classification: AUC, EER, ACC; Image
Grounding: IoUm, IoU@50, IoU@75; Text Grounding:
Token-level Precision, Recall, F1. Relative degradation is
computed as (Complex− DGM4)/DGM4× 100%.

B. MAIN RESULTS
Table 7 presents comprehensive performance comparison
across manipulation complexity levels. On single-level
manipulations (DGM4), CSCL achieves 96.34% AUC com-
pared to GraDual 93.28%, indicating stronger performance
under single-level manipulation settings. UFAFormer [12],
which addresses the trade-off through frequency-aware
architectural modules, reports 93.81% AUC on DGM4; our
approach differs by targeting the optimization dynamics via
differentiated gradient regulation across task heads. Perfor-
mance patterns shift notably on multi-level manipulations
(DGM4-Complex), with GraDual achieving 84.78% AUC
against CSCL’s 79.23%, reflecting enhanced robustness to
compound forgery patterns.

Analysis of degradation patterns reveals distinct robust-
ness characteristics. GraDual exhibits 9.1% performance
reduction when transitioning from single to multi-level
scenarios, compared to 17.8% for CSCL and 15.9-17.4% for
other baselines. Text grounding tasks demonstrate notable
stability, with GraDual maintaining 0.4% degradation while
baseline methods range from 6.4% to 12.1%. Table 7
reports comprehensive metrics on DGM4-Complex: 84.78%
AUC for detection, 68.94% IoUm for image grounding,
and 71.74% F1 for text grounding. These results suggest
that gradient-controlled optimization contributes to improved
robustness across varying manipulation complexities com-
pared to unified encoder architectures.
Per-category analysis Table 8 reports per-category perfor-
mance on the DGM4-Complex test split. GraDual shows the
largest gap on TAM (82.75% vs 69.10% for HAMMER++
and 67.20% for CSCL, over 13pp) and on NTCTRL false-
positive rate (10.2% vs 20.8% and 20.5%). On NT, GraD-
ual (87.27%) is close to CSCL (86.10%) and ahead of
HAMMER++ (80.80%). On FAM and single manipulation
categories, all methods perform within a few percentage
points of each other. The pattern is consistent with the
design of GraDual, which targets text-related compound
manipulations and false-positive robustness through stop-
gradient and gradient regulation on the shared encoder.
Computational complexityTable 9 compares computational
cost. Training takes ∼48h for 50 epochs on 4×A100,
longer than HAMMER++ (∼31h) and CSCL (∼23h) due to
dual-pass feature extraction. Inference, however, stays close
to HAMMER++ at 2.17ms per sample (vs 1.95ms), and runs
much faster than CSCL (11.01ms). FLOPs (59.00G) are also
comparable to HAMMER++ (54.12G).
External dataset evaluation To verify that the multi-level
robustness of GraDual reflects its design rather than bench-
mark bias, we evaluate all threemethods on three independent
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TABLE 7. Performance comparison across manipulation complexity levels. Relative degradation (1) is computed as the percentage change from DGM4 to
DGM4-Complex. Best results per dataset are shown in bold, and the smallest degradation is underlined. †Evaluated on DGM4 only due to unavailable
code and checkpoints.

TABLE 8. Per-category performance on DGM4-Complex test split. Values
are AUC (%) unless noted. NTCTRL reports FPR (%, lower is better). Best
results per category in bold.

TABLE 9. Computational complexity comparison. Inference with batch
size 32, training over 50 epochs on 4×A100.

TABLE 10. Lambda sensitivity sweep on the DGM4-Complex validation
split. λ is varied from 0 to 1 in steps of 0.1. The best configuration per
metric is shown in bold.

benchmarks (FaceForensics++, DFDCP, CelebDF) under
short fine-tuning. All three methods reach reasonable perfor-
mance (above 90% AUC across all settings), confirming that
the performance gaps observed on DGM4-Complex are not
due to benchmark construction. Full results are provided in
the Appendix (Table 14).

TABLE 11. Ablation on text head gradient suppression (λtext) on the
DGM4-Complex validation split, with λ = 0.8 fixed. Stop-gradient
(λtext = 0) achieves the best performance on AUC and F1-tok. The best
result per metric is shown in bold.

C. ABLATION STUDY
Lambda sensitivity

We conduct a comprehensive sweep over λ from 0 to
1 in steps of 0.1 (eleven values) on the DGM4-Complex
validation split, reported in Table 10. Two boundary cases
provide context. With λ = 1.0, localization gradients fully
propagate to the shared encoder, eliminating the gradient
regulation component of GraDual. With λ = 0.0, localization
gradients are blocked, removing artifact-sensitive supervision
from the encoder. The design intent of GraDual is to
preserve substantial localization gradient flowwhile reducing
interference with semantic representations, reflected in the
choice of λ = 0.8 which retains 80% of the original gradient
magnitude. The sweep confirms this choice empirically.
λ = 0.8 achieves the best result on AUC (84.46%) and
F1-tok (50.93%), and is therefore adopted as the operating
point. AUC exhibits a sharp transition near λ = 0.7–0.8,
suggesting that substantial gradient flow from the localization
head (≥ 70%) is required to engage frequency-sensitive
representations meaningfully within the shared encoder;
below this threshold the encoder behaves closer to the spatial-
only configuration, while above λ = 0.8 the gradient
regulation effect attenuates as expected. The corresponding
test set performance is reported in Table 7. The slight
numerical difference between validation (Table 10) and test
(Table 12) performance at λ = 0.8 reflects natural variation
across splits. The optimal λ selection is consistent between
the two.
Stop-gradient on text head To verify the stop-gradient
design choice (λtext = 0) for the text ground-
ing head, we compare against partial suppression with
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TABLE 12. Ablation study on DGM4-Complex. Relative improvements (1) are measured against the Baseline. Gradient control resolves the
semantic–frequency trade-off, yielding consistent gains across tasks.

TABLE 13. AUC (%) on DGM4 single-level test for the dual-branch and
stop-gradient ablation, with the visual encoder frozen and the paper
configuration in bold.

TABLE 14. External dataset evaluation. Frame-level AUC (%).
†HAMMER++ on FF++ uses encoder freezing due to fine-tuning
instability with its default learning rate.

λtext ∈ {0.05, 0.1, 0.2}, reported in Table 11. Stop-gradient
achieves the best performance on AUC (84.46%) and F1-tok
(50.93%). Partial suppression degrades F1-tok by 2.73–
4.74pp and AUC by 2.63–3.39pp across all tested configu-
rations, indicating that allowing gradient flow from the text
head impairs both text grounding and detection. Although
λtext = 0.05 yields a marginal IoU improvement of 1.63pp,
this metric is governed by the separate λ = 0.8 scaling on the
image grounding head, and stop-gradient remains the pre-
ferred design as it maximizes the two primary metrics (AUC
and F1-tok) tied to the text grounding objective. The result
empirically validates stop-gradient as the design choice for
isolating text grounding optimization from the shared visual
encoder.

Table 12 validates the effectiveness of GraDual, which
integrates a dual-branch architecture with gradient scaling
on DGM4-Complex. Frequency features alone introduce the
trade-off identified in Section IV-B: IoU improves (+9.24%)
while F1-token degrades (−6.21%). The dual-branch archi-
tecture with λ = 0.8 resolves this conflict, achieving
simultaneous improvements of +8.12% AUC, +12.39%
IoU, and +5.15% F1-token over the baseline. To isolate
the contribution of gradient scaling, we further evaluate
the dual-branch architecture without gradient regulation

(λ = 1.0). This configuration yields a +4.23% AUC gain
over the baseline, substantially smaller than the +8.12%
achieved with λ = 0.8, indicating that differentiated
gradient regulation is a key contributor to the detection
performance gain. All reported improvements are rela-
tive percentages computed with respect to the baseline
model.

D. ANALYSIS
Performance Characteristics GraDual specializes in com-
plex manipulation scenarios. While CSCL achieves 96.34%
AUC on single-level DGM4 versus GraDual 93.28%,
this reverses on DGM4-Complex (84.78% vs. 79.23%).
Text grounding stability (72.00%→71.74%, −0.4%) par-
ticularly demonstrates the effectiveness of stop-gradient
isolation.

Single-level performance gap
On DGM4, GraDual achieves 93.28% AUC, on par with

HAMMER++ (93.19%) and UFAFormer (93.81%), while
CSCL reports 96.34%. The dual-branch design is not the
source of the gap. Both single-branch (HAMMER++)
and dual-branch (UFAFormer, GraDual) methods reach
comparable single-level performance, with frequency-aware
models even slightly higher. CSCL’s higher single-level
AUC reflects its specialization through contrastive learning,
which yields strong performance on simplemanipulations but
degrades sharply under compound forgery patterns (17.8%
on DGM4-Complex versus GraDual’s 9.1%). A direct
ablation of the dual-branch and stop-gradient design choices
on DGM4 single-level shows variations within 0.65 pp
of the paper configuration (Table 13), in line with this
observation.

Trade-off Resolution Gradient control with λ =

0.8 scales localization gradients to 80% of their origi-
nal magnitude, allowing artifact-sensitive updates while
reducing interference with semantic representations. This
optimization-level approach differs from architectural
fusion methods by directly addressing gradient
conflicts.

Generalization and Robustness GraDual maintains
stable optimization through dedicated pathways, exhibiting
consistently smaller performance drops across complexity
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FIGURE 4. Inference examples. From top to bottom: model predictions for samples 1–3.
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FIGURE 5. Inference examples. From top to bottom: model predictions for samples 4–6.

levels. Methods with pronounced trade-offs in abla-
tion studies demonstrate larger degradation, confirming

that unresolved gradient interference amplifies under
manipulation diversity.
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FIGURE 6. Inference examples. From top to bottom: model predictions for samples 7–9.

VI. CONCLUSION AND DISCUSSIONS
This paper addresses the challenge of detecting multi-level
manipulations in multimodal content, where existing

methods struggle to generalize effectively. We introduce
DGM4-Complex, a comprehensive benchmark that incorpo-
rates auxiliary manipulations to simulate realistic multi-level
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manipulation cases, overcoming the key limitation of existing
datasets that contain only single manipulations per modality.
To address this conflict, we propose GraDual (Gradient-
Regulated Dual-branch), a gradient-controlled framework
that balances semantic and frequency learning through
differentiated gradient propagation, enabling stable multi-
task optimization.

Experimental results show that GraDual performs con-
sistently under complex manipulation scenarios. GraDual
achieves an AUC of 84.78% in DGM4-Complex with only
a 9.1% decrease from single-level cases, substantially lower
than the 15.9–17.8% drop observed in existing methods.
The text grounding task further highlights this robustness,
as GraDual maintains nearly stable performance (72.00%→
71.74%, a 0.4% decrease), whereas prior methods experience
notable degradation of 6.4–12.9%. This stability suggests
that isolating textual optimization from visual feature updates
contributes to improved robustness. Furthermore, the abla-
tion results indicate that gradient control mitigates the
semantic–frequency trade-off, enabling simultaneous relative
improvements of+8.12% AUC,+12.39% IoU, and+5.15%
F1-token over the baseline. These findings highlight the
importance of optimization-aware design for multimodal
manipulation detection systems.

A. LIMITATIONS AND FUTURE WORK
While our method achieves strong performance on multi-
level manipulations, the slightly lower performance on
single-level cases suggests room for further optimization.
In addition, the framework has not yet been evaluated on
unseen or more diverse manipulation techniques beyond
those included in DGM4-Complex. Future work includes
extending the framework to video and audiomodalities where
temporal dynamics introduce additional challenges, evaluat-
ing robustness against emerging manipulation methods, and
exploring adaptive gradient scaling in which λ dynamically
adjusts according to manipulation complexity. Future work
may explore adaptive architectures that first estimate the
presence of frequency-domain artifacts and dynamically
switch between single-branch and dual-branch processing.

APPENDIX
DGM4-COMPLEX IMPLEMENTATION DETAILS
A. FACE AUXILIARY MANIPULATION (FAM)
FAM synthesizes locally manipulated faces by con-
ditioning a diffusion model on visual and semantic
priors while preserving the global context of the tar-
get image. The pipeline consists of five computational
stages.
• Face Detection and Alignment
Faces are detected and cropped into 512×512 windows.
A similarity transform A derived from five landmarks
(eye corners, nose tip, mouth corners) aligns both source
and target faces:

I256 =W(Iorig,A)

• Feature Extraction
Two feature embeddings are extracted
– identity embedding zid
– visual embedding zvis

• Condition Preparation
Landmarks are converted to Gaussian heatmaps

Cpts(x, y) =
∑
i

exp
(
−
∥(x, y)− pi∥2

2σ 2

)
The ControlNet conditioning tensor

Icond = [Cpts;Mface]

• Diffusion-Based Face Generation
ControlNet injects conditioning signals

hlunet ← hlunet + αt f lctrl(Icond , t)

Classifier-free guidance

ϵθ = ϵ
(u)
θ + s(ϵ

(c)
θ − ϵ

(u)
θ )

• Compositing

Iout = Mface ⊙ Îface + (1−Mface)⊙ Itarget

B. TEXT AUGMENTATION
Three deterministic strategies introducemultimodal inconsis-
tencies.

1) TAM: TEXT-AUDIENCE MISMATCH

nfake = max(ntrue + δ, 3), δ ∈ {1, 2, 3}

Phrase templates:
• with N people in attendance
• including N people
• among N attendees

2) NT: NONSPECIFIC TAIL
Candidate phrases:
• with updates pending
• with limited context
• with no further information available
• with an official summary unavailable
• with background details undisclosed

3) NT_CTRL
Applied only to samples where:
fake_cls = orig
This allows measurement of stylistic bias where mod-

els might incorrectly associate surface text patterns with
manipulation signals.
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APPENDIX
GRADUAL IMPLEMENTATION DETAILS
A. DUAL-BRANCH VISUAL FEATURE EXTRACTION
Two visual pathways feed a shared ViT-Base encoder.

Spatial branch:

Espatial = Encoderθ (I )

Frequency branch:

Efreq = Encoderθ (DWT (I ))

B. GRADIENT REGULATION
Scaled gradient operator:

G(x, λ) = x,
∂G
∂x
= λI

Stop-gradient operator:

sg(x) = x,
∂sg
∂x
= 0

Encoder update:

∇θLtotal = ∇θLdet + λ∇θLloc

APPENDIX
EXTERNAL DATASET EVALUATION
To assess transferability and rule out benchmark construction
bias, we fine-tune GraDual, HAMMER++, and CSCL on
three independent benchmarks (FaceForensics++, DFDCP,
CelebDF) under a short training schedule (3-5 epochs). Each
method uses its native protocol with the visual encoder learn-
ing rate from its original implementation. HAMMER++ on
FF++ uses encoder freezing due to fine-tuning instability
with its default high encoder learning rate.

Results in Table 14 show that all three methods reach
above 90% AUC across the external benchmarks. This
indicates that the substantial performance gaps observed on
DGM4-Complex reflect GraDual’s design for multi-level
manipulation patterns rather than benchmark construction
bias.

APPENDIX
ADDITIONAL INFERENCE EXAMPLES
The green bounding box in the left image indicates the
ground-truth manipulated region. Blue and red boxes rep-
resent the model predictions. When the accompanying text
contains a manipulation, manipulated tokens are highlighted
in green while model predictions are shown with red
underlines.
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