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Abstract

Recent advances in deep generative models have made it
easier to manipulate face videos, raising significant con-
cerns about their potential misuse for fraud and misinfor-
mation. Existing detectors often perform well in in-domain
scenarios but fail to generalize across diverse manipula-
tion techniques due to their reliance on forgery-specific ar-
tifacts. In this work, we introduce DeepShield, a novel
deepfake detection framework that balances local sensitiv-
ity and global generalization to improve robustness across
unseen forgeries. DeepShield enhances the CLIP-ViT en-
coder through two key components: Local Patch Guidance
(LPG) and Global Forgery Diversification (GFD). LPG ap-
plies spatiotemporal artifact modeling and patch-wise su-
pervision to capture fine-grained inconsistencies often over-
looked by global models. GFD introduces domain feature
augmentation, leveraging domain-bridging and boundary-
expanding feature generation to synthesize diverse forg-
eries, mitigating overfitting and enhancing cross-domain
adaptability. Through the integration of novel local and
global analysis for deepfake detection, DeepShield outper-
forms state-of-the-art methods in cross-dataset and cross-
manipulation evaluations, achieving superior robustness
against unseen deepfake attacks.

1. Introduction

Rapid advancement of deep generative models, including
GANs [15, 23], VAEs [26, 27], and diffusion models [9, 51],
has significantly lowered the barrier for manipulating facial
videos, raising serious concerns about their misuse in fraud,
misinformation, and privacy violations. As a result, robust
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Figure 1. (a)-(b) Comparison of our DeepShield and previ-
ous methods in artifact localization using patch-based attention
heatmaps. These heatmaps show attention responses from CLIP-
ViT for randomly selected image patches. While previous meth-
ods emphasize only the most salient specific artifacts using global
features, our DeepShield allows patch tokens to capture nuanced
details across entire manipulated facial regions. (c)-(d) Illustration
of DeepShield’s local-to-global learning paradigm: Local Patch
Guidance, and Global Forgery Diversification.

and generalizable deepfake detection methods have become
a critical research focus to safeguard digital media integrity.

While prior deepfake detectors [22, 33, 40, 52] show
strong performance in in-domain evaluations, they often
fall short in cross-domain scenarios where manipulation
techniques differ from those seen at training. Existing ap-
proaches [2, 28, 29, 39] attempt to address the generaliza-
tion challenge by retraining the model on an augmented
dataset with deepfake videos produced with a variety of
manipulation techniques. However, this strategy is inher-
ently time-consuming, computationally expensive, and lim-
ited in scalability, as it requires continuous updates to keep
pace with emerging deepfake generation methods. More
recently, large-scale vision-language models like CLIP [35]
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have been adopted for deepfake detection due to their strong
generalization capabilities [19, 49]. However, these models
are primarily optimized for image-level tasks and tend to
rely heavily on global features, making them less effective
at capturing fine-grained forgery traces. Moreover, these
models tend to concentrate on prominent artifacts within
manipulated regions, while overlooking subtle forgery sig-
nals that are crucial for identifying more sophisticated deep-
fakes. As illustrated in Figure 1 (a), these models exhibit
strong focus on salient, globally pronounced artifacts in ma-
nipulated videos, such as exaggerated transitions in facial
regions, while failing to capture subtle forgery traces such
as blending boundaries. This tendency to prioritize salient
features over nuanced inconsistencies can cause models to
overfit to specific forgery types seen during training, further
reducing their effectiveness when exposed to novel, cross-
domain manipulations.

To address these challenges, we introduce DeepShield,
a novel framework designed to enhance the model gener-
alization while maintaining sensitivity to both subtle and
pronounced manipulations. Towards this goal, DeepShield
employs a local-to-global learning paradigm that combines
granular patch analysis with diverse forgery representation.
At the core of our method are two complementary com-
ponents: Local Patch Guidance (LPG) and Global Forgery
Diversification (GFD), with its conceptual pipeline as illus-
trated in Figure 1 (c) and (d). Our core idea is to implement
deep coupling and iterative collaboration between the pro-
posed LPG and GFD, thus creating a dynamic framework
capable of precisely emphasizing local forgery details and
effectively uncovering unknown global forgery patterns.

In particular, LPG enhances the model’s sensitivity to
local forgery inconsistencies by enforcing patch-level su-
pervision, enabling it to capture subtle manipulation pat-
terns that global feature-based approaches often overlook.
By establishing stronger semantic correlations between
patches, LPG refines the model’s ability to detect fine-
grained anomalies, significantly improving detection accu-
racy. As illustrated in Figure 1 (b), LPG successfully iden-
tifies minute inconsistencies, such as blending boundaries,
across local patches. This balanced attention to both lo-
cal and global features improves prediction accuracy and
finally leads to robust detection of the entire manipulated
regions in the deepfake videos. Additionally, we introduce
Spatiotemporal Artifact Modeling (SAM) to blend novel
deepfake videos with spatial artifacts and temporal incon-
sistencies. This addresses the lack of local annotations in
original training videos while enriching the model with rich
and diverse training samples, further improving its general-
ization capability.

On the other hand, GFD addresses forgery-specific over-
fitting and enhances the model’s generalization across di-
verse deepfake domains. Specifically, GFD synthesizes a

broad spectrum of forgery data, enhancing the model’s ca-
pabilities through targeted training on this enriched dataset.
This data synthesis is achieved by means of domain bridg-
ing and boundary expanding. As illustrated in Figure 4 (a),
Domain-Bridging Feature Generation (DFG) bridges do-
main gaps by blending distributions from different forgery
types, helping the model learn domain-invariant features
and improving its adaptability across various manipulation
styles. In the meanwhile, Boundary-Expanding Feature
Generation (BFG) further broadens the model’s scope by
generating features at the boundary of existing forgery do-
mains (See Figure 4 (b)). By scaling the standard devia-
tion of each feature channel, BFG extends the model’s de-
tection range to include more subtle and complex forgery
types without overlapping with real data clusters. We ad-
ditionally design a dedicated training objective applied to
original and generated samples, combining standard cross-
entropy loss with supervised contrastive loss [24]. This ob-
jective enables the model to distinguish between real and
fake features while reinforcing domain invariance among
diverse forgery techniques.

Experimental results demonstrate that LPG and GFD
work in tandem to equip DeepShield with the ability to ad-
dress both local and global challenges in deepfake video de-
tection, resulting in substantial performance improvements,
particularly in cross-domain detection scenarios. We sum-
marize our contributions as follows:
• We propose DeepShield, a novel framework for deepfake

video detection that combines local and global analysis to
improve generalization across diverse manipulation tech-
niques.

• We introduce Local Patch Guidance (LPG), which en-
hances the model’s ability to capture local and fine-
grained forgery inconsistencies by explicitly constructing
spatiotemporal patches masks to provide structured su-
pervision signals.

• We present Global Forgery Diversification (GFD), which
addresses forgery-specific overfitting and enhances cross-
domain generalization by synthesizing diverse forgery
representations and applying a novel training strategy
with supervised contrastive loss.

• Extensive experiments have demonstrated that the combi-
nation of LPG and GFD significantly improves the perfor-
mance of detecting deepfake videos over existing state-
of-the-art algorithms, especially in cross-domain settings.

2. Related work
Deepfake Detection Deepfake detection methods are typ-
ically categorized into two main types based on the input
modality: image-level and video-level detectors. Image-
level methods focus on identifying spatial forgery traces,
such as subtle facial artifacts [1, 33, 36, 52], inconsis-
tencies in identity information [12, 20], and frequency-
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Figure 2. An overview of the DeepShield framework for deepfake video detection. The framework integrates Local Patch Guidance (LPG)
and Global Forgery Diversification (GFD) to enhance generalization across diverse manipulation techniques. LPG improves sensitivity
to subtle forgery inconsistencies by applying supervised learning on individual video patches, with the proposed Spatiotemporal Artifact
Modeling (SAM) to blend deepfake videos. GFD addresses forgery-specific overfitting and strengthens cross-domain generalization by
synthesizing diverse forgery representations through Domain Feature Augmentation (DFA). A dedicated training objective, combining
standard cross-entropy loss with supervised contrastive loss, is employed to optimize detection performance. This unified approach enables
the model to effectively capture both local and global manipulation traces, ensuring robust detection across various deepfake domains.

based anomalies [22, 40]. In contrast, video-level detectors
leverage temporal information, analyzing multiple frames
to capture dynamic inconsistencies essential for deepfake
detection. For instance, STIL [16] integrates two mod-
ules to detect both spatial and temporal inconsistencies,
while LipForensics [17] focuses on temporal inconsisten-
cies in mouth movements. AltFreezing [46] alternates train-
ing spatial and temporal convolutional layers to compre-
hensively capture spatiotemporal information. These ap-
proaches highlight the importance of combining spatial and
temporal cues but typically rely on training from scratch
with limited labeled data, restricting their generalization to
novel forgery types. Unlike existing methods, our proposed
DeepShield leverages pre-trained vision representations and
synthesizes generalized spatiotemporal artifacts to generate
richer supervision signals for local patch learning, signifi-
cantly boosting detection performance in cross-domain.

Deepfake Detection Using Synthetic Data Drawing in-
spiration from the blending operations used in deepfake
generation, several methods aim to synthesize new training
frames with generalized spatial artifacts, such as blending
traces and statistical inconsistencies. For example, Face X-
Ray [29] blends two frames with similar facial landmarks
to reproduce blending artifacts. SBI [39] enhances this by
blending a frame with its augmented variant, introducing
more realistic blending to improve the model’s generaliza-
tion and make detection more challenging. SeeABLE [28]
employs a more subtle approach by blending only small
portions of the face, helping the model detect finer incon-
sistencies. However, these methods tend to overlook tem-
poral discontinuities that arise between frames during deep-

fake generation, as well as deepfakes that lack prominent
spatial artifacts. To address these limitations, AltFreez-
ing [46] generates fake clips with temporal inconsistencies
by randomly dropping or repeating frames, but this does
not accurately mimic the actual deepfake creation process.
Moreover, some studies [30, 32, 49] attempt to blend video
frames using landmark misalignment or adjacent-frame in-
consistencies, but these methods often introduce unrealistic
artifacts significantly different from real scenarios.

Different from these previous algorithms, we propose to
synthesize videos with more natural spatiotemporal manip-
ulation traces through mimicking the generation patterns of
deepfake videos, aiming to achieve better detection of gen-
eralized artifacts. Additionally, recent works [3, 4] attempt
to diversify forgery samples in feature space but utilize sim-
ple linear interpolation between features from different do-
mains, restricting the richness of feature representation. In
contrast, this study introduces a distribution-based feature
mixing and expanding, enabling more complex nonlinear
augmentation to further enhance the diversity of forgery
samples in feature space and improve the generalization ca-
pability of detection models.

3. Methodology
3.1. Preliminaries
Overview In this work, we propose DeepShield, a novel
framework for deepfake video detection that combines local
and global analysis to improve generalization. DeepShield
consists of two key components: Local Patch Guidance
(LPG) and Global Forgery Diversification (GFD). Specif-
ically, LPG applies supervised learning to individual video
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patches, improving the model’s sensitivity to local subtle
forgery traces. In the meanwhile, GFD synthesizes diverse
forgery representations and performs global feature learn-
ing, addressing forgery-specific overfitting and thus leading
to enhanced cross-domain generalization. An overview of
DeepShield can be found in Figure 2.

Input and Output Configuration Let V ∈ RT×H×W×3

represent a video clip consisting of T consecutive cropped
face frames, where H and W denote the height and width
of each frame, respectively. We feed V into the video en-
coder E, obtaining the class embedding f cls

t ∈ RC for each
frame t = 1, · · · , T and their corresponding patch embed-
dings f patch

t,p ∈ RC for p = 1, · · · , P , where P is the num-
ber of patch tokens per frame, and C is the embedding di-
mension. In this study, we utilize CLIP’s pre-trained image
encoder, referred to as CLIP-ViT, as the video encoder E.
To capture spatial manipulations and temporal inconsisten-
cies efficiently, we fine-tune CLIP-ViT with the parameter-
efficient ST-Adapter [34]. The ST-Adapter is inserted be-
fore the Multi-Head Self-Attention and Feed-Forward Net-
work in each Transformer block of CLIP-ViT.

3.2. Local Patch Guidance
To improve the model’s sensitivity to local forgery anoma-
lies, we propose Local Patch Guidance (LPG), which lever-
ages patch-level supervised learning to strengthen the se-
mantic correlations among patches. A key challenge is that
both real and deepfake videos typically lack precise annota-
tions of manipulated areas, making direct patch-level super-
vision impractical. To address this, we introduce Spatiotem-
poral Artifact Modeling (SAM), which generates deepfake
videos with manipulated masks by blending real videos.
This scheme creates precisely labeled training data that
highlights generalized spatiotemporal artifacts, facilitating
patch-level learning to scale to novel forgery data.

Generating Patch-Level Annotations After obtaining
blended fake videos via SAM and retaining original real
videos, we divide each video frame and its correspond-
ing manipulation mask into P non-overlapping flattened
patches. Let a single frame be of size H×W . Each patch is
then of size Hp = H√

P
and Wp = W√

P
. This Patch Division

step transforms every frame (and mask) into a collection
of smaller local regions, allowing us to assign patch-level
forgery labels.

To determine whether a given patch p is “real” or “fake”,
we define a Patch Scoring Function that calculates the num-
ber of manipulated pixels within the corresponding mask:

PatchMaskScore(Mt,p) =

Hp∑
h=1

Wp∑
w=1

I
[
M

(h,w)
t,p > 0

]
, (1)

where Mt,p is the manipulation mask of patch p in frame t,

Landmark 
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Figure 3. An illustration of the Spatiotemporal Artifact Modeling
(SAM), which synthesizes deepfake video clips with generalized
spatiotemporal artifacts to facilitate local feature learning.

M
(h,w)
t,p is the pixel value at the h-th row and w-th column

of Mt,p, and I[·] is an indicator function returning 1 if the
value is greater than 0 (manipulated region), and 0 other-
wise. Based on a threshold θ, we assign the patch label as:

ypatch
t,p =

{
1, if PatchMaskScore(Mt,p) ≥ θ,

0, otherwise.
(2)

Thus, patches in real videos are labeled 0, while patches in
blended deepfake videos are labeled 1 only if they contain
enough manipulated pixels. This scheme provides patch-
level labels for training without needing manual local anno-
tations.

Learning Forgery Features at the Patch Level Once
patches are labeled, each patch token serves as an in-
dependent training sample in a binary classification task.
Concretely, we feed the patch feature f patch

t,p (extracted by
the video encoder) into a binary classifier ϕ to estimate
Probpatch

t,p , the probability of that patch being fake. The train-
ing objective is a binary cross-entropy loss over all patches:

LLGP = − 1

T · P
∑
t,p

[
ypatch
t,p · log

(
Probpatch

t,p

)
+
(
1− ypatch

t,p

)
· log

(
1− Probpatch

t,p

)]
.

(3)

By separately supervising each patch token, the model is
guided to cluster patch embeddings of the same category
(real or fake) more closely and to separate different ones.
This enhances semantic correlations between patches, be-
cause the model must learn how local features interact and
differ within the broader video context.

In the model’s self-attention mechanism, the class token
attends to every patch token [13]. When patch embeddings
become more discriminative, the class token can aggregate
richer local semantics to detect subtle forgeries. As a result,
local forgery traces are more effectively perceived, boosting
the overall detection performance.

Spatiotemporal Artifact Modeling (SAM) Deepfake
videos often exhibit both spatial and temporal inconsis-
tencies. To emulate these characteristics and create ma-
nipulated masks for patch-level supervision, we propose
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Figure 4. An illustration to exemplify our proposed DFA
for Domain-Bridging Feature Generation (DFG) and Boundary-
Expanding Feature Generation (BFG).

SAM, illustrated in Figure 3. SAM extends the SBI tech-
nique [39] (originally designed for image-level blending) to
video-level blending, introducing spatial artifacts and tem-
poral inconsistencies in two ways:
(1) Spatial Artifact Generating. For each frame It in a video
clip {It | t = 1, · · · , T}, we produce an inner frame Iinner

t

(providing the face) and an outer frame Iouter
t (providing the

background) from the same original video frame by apply-
ing different enhancements (e.g., color, brightness, or sharp-
ness) to one of them, thereby creating statistical discrepan-
cies. We then blend the face region from Iinner

t into Iouter
t via

a mask Mblend
t derived from the convex hull of predicted fa-

cial landmarks [25] with random deformations and blurring.
This yields a blended frame:

Iblend
t = Mblend

t ⊙ Iinner
t + (1−Mblend

t )⊙ Iouter
t , (4)

where ⊙ denotes the Hadamard product. By blending sta-
tistically inconsistent face and background regions, spatial
artifacts are introduced.
(2) Temporal Artifact Generating. To model temporal in-
consistencies across frames, SAM applies this blending pro-
cedure across all T frames by mimicking the generation
patterns of deepfake videos. Key considerations include:
1) one version (either Iinner

t or Iouter
t ) undergoes consistent

enhancement across T frames to prevent large disparities
that could cause the model to overfit to unnatural forgeries;
and 2) the random deformation and blurring of Mblend

t are
consistently applied across T frames, preserving slight dif-
ferences across frames.

In sum, SAM produces deepfake video clips that con-
tain more generalized spatiotemporal artifacts, offering
high-quality manipulated masks for patch-level supervision.
By training with these blended videos under our Local
Patch Guidance, the model gains a finer-scale perception of
forgery traces, significantly improving its capacity to detect
local manipulations that may otherwise be overlooked.

3.3. Global Forgery Diversification
To enhance the model’s generalization capability, we pro-
pose Global Forgery Diversification (GFD). This module
synthesizes diverse and domain-invariant forgery represen-

tations through Domain Feature Augmentation (DFA) and
employs a novel training strategy that combines cross-
entropy loss with supervised contrastive loss. By mitigating
forgery-specific overfitting, GFD ultimately improves the
model’s ability to detect previously unseen forgery types.

Domain Feature Augmentation (DFA) To diversify
forgery features, we introduce Domain Feature Augmen-
tation, which generates novel forgery embeddings using
two synthesis strategies: Domain-Bridging Feature Gener-
ation (DFG) and Boundary-Expanding Feature Generation
(BFG). In contrast to the previous approach [48] that typ-
ically relies on linear feature augmentation, DFA exploits
distributional characteristics to expose the model to a wider
range of potential forgery variations, thereby enhancing its
cross-domain generalization. An illustration of the pro-
posed DFA is provided in Figure 4.
(1) Domain-Bridging Feature Generation (DFG). Different
forgery types exhibit domain gaps that hinder cross-domain
generalization. Inspired by [54], DFG mixes distributions
from different forgery domains to help the model learn
domain-invariant representations. Concretely, we randomly
select N clips (each containing T consecutive frames) from
a deepfake video in a mini-batch. For each video, we com-
pute the mean µc and standard deviation σc of the class em-
beddings for each channel c:

µc =
1

N · T

N∑
n=1

T∑
t=1

f cls
n,t,c, (5)

σc =

√√√√ 1

N · T

N∑
n=1

T∑
t=1

(
f cls
n,t,c − µc

)2
. (6)

Next, we randomly pair each deepfake video with an-
other from a different forgery type within the mini-batch.
Let µ̃c and σ̃c denote the paired video’s mean and stan-
dard deviation, respectively. We sample a mixing weight
λ ∼ Beta(0.1, 0.1) and interpolate:

µmix
c = λµc + (1− λ)µ̃c,

σmix
c = λσc + (1− λ)σ̃c.

(7)

Finally, we apply AdaIN [21] to generate domain-bridging
features:

f̂ cls
n,t,c = σmix

c ·
(
f cls
n,t,c − µc

σc

)
+ µmix

c . (8)

This procedure “bridges” domain gaps among different
forgery types, enabling more robust, domain-invariant rep-
resentations.
(2) Boundary-Expanding Feature Generation (BFG). While
domain-bridging features address known forgery spaces,
they do not necessarily cover all potential variations. BFG
tackles this by synthesizing features that lie on the outer
boundaries of existing domain clusters, thereby further en-
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larging the forgery domain space. Concretely, we scale the
standard deviation of each channel c to slightly shift the fea-
tures outward:

σ̄c = α · σc, (9)

where α > 1 (set to α = 1.1 in practice) offsets the fea-
tures beyond the known forgery regions. The boundary-
expanding features are then generated via:

f̄ cls
n,t,c = σ̄c ·

(
f cls
n,t,c − µc

σc

)
+ µc, (10)

which expands the forgery boundaries without overlap-
ping real feature clusters. By synthesizing such out-of-
distribution examples, BFG promotes a decision space that
is more generalized against diverse forgeries.

Global Clip Feature Representation For each video clip
v, we compute its global clip feature fv by averaging the
frame-level class embeddings:

fv =
1

T

T∑
t=1

f cls
v,t. (11)

This aggregated representation captures both spatial and
temporal cues essential for generalized forgery detection.

Dedicated Training Objective The objective in GFD
promotes discrimination between real and fake samples
while encouraging domain invariance across diverse forgery
types. Formally, the total loss LGFD is composed of a cross-
entropy loss Lcls and a supervised contrastive loss LsupCon:

LGFD = Lcls + υLsupCon, (12)

where υ is a weight balancing the two terms. During train-
ing, the model observes original training videos, blended
videos from SAM (Section 3.2), and features synthesized
by DFA. This broad range of forgery instances compels the
model to learn discriminative yet general features. Min-
imizing LGFD sharpens the global representations of both
real and fake videos, enhancing cross-domain deepfake de-
tection.

To be more specific, the definitions of the loss functions
Lcls and LsupCon can be summarized as follows.
(1) Cross-Entropy Loss (Lcls). This loss separates real from
fake samples:

Lcls =
1

B

B∑
v=1

H(Probv, yv), (13)

where H denotes the standard cross-entropy function, B
is the total number of original and generated samples in a
batch, Probv is the predicted probability for sample v, and
yv is the ground-truth label.

(2) Supervised Contrastive Loss (LsupCon). Following [24],
this loss encourages intra-class compactness and inter-class
dispersion:

LsupCon =
1

B

B∑
v=1

− 1

|J(v)|
∑
i∈J(v)

L(v, i), (14)

L(v, i) = log
exp(fv · fi/τ)∑

j∈J(v)\{v} exp(fv · fj/τ)
,

where J(v) is the set of samples sharing the same class as
sample v, fi and fj are the global clip features for samples
i and j, and τ is a temperature parameter.

Model Optimization We combine LLPG and LGFD to
fine-tune the CLIP-ViT model:

Loverall = ωLLPG + LGFD, (15)

where ω balances the trade-off between local patch-level
supervision and global forgery diversification. By training
with this combined objective, the model gains robust detec-
tion performance across both local anomalies and diverse
global forgeries.

4. Experiments
4.1. Experimental Setups
Datasets To evaluate the generalization capability of the
proposed framework, we conduct experiments on the fol-
lowing datasets: FaceForensics++ (FF++) [36], CelebDF v2
(CDF) [31], DeepFake Detection Challenge (DFDC) [11],
DFDC Preview (DFDCP) [10], and Deepfake Detection
(DFD) [6]. FF++ consists of 1K real videos and 4K fake
videos generated using four manipulation strategies includ-
ing Deepfake (DF) [7], Face2Face (F2F) [42], FaceSwap
(FS) [14] and NeuralTexture (NT) [43]. In our experi-
ments, we use the training split of FF++ (HQ, high-quality
version) as the default training set, following recent stud-
ies [17, 46, 48].

Implementation In the preprocessing phase, we first uti-
lize RetinaFace [8] to detect and crop faces in each frame,
and Dlib [25] to detect facial landmarks for generating fake
clips. All face crops are then resized to 224 × 224. For
both training and testing, we sample four clips of 12 con-
secutive frames from each video. Next, we adopt CLIP
ViT-B/16 [35] as the backbone of our framework, with the
bottleneck width of ST-Adapter set to 384. For classifica-
tion, we implement a binary classifier ϕ using a linear layer
with softmax activation. To train the model, we employ
the Adam optimizer with a cosine learning rate scheduler
over 80 epochs. Specifically, we set the weight decay, ini-
tial learning rate, and batch size to 5× 10−4, 3× 10−4, and
16, respectively. Empirically, we set ω and υ to 0.5 and 0.5
in Eq. (15), while θ is set to 10 in Eq. (2).
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Method Architecture Input Type Testing Set AUC (%)

FF++ CDF DFDCP DFDC DFD

Xception [36] Xception Frame 99.3 73.7 - 70.9 -
Face X-Ray [29] HRNet Frame 97.8 79.5 - 65.5 95.4
SLADD [2] Xception Frame 98.4 79.7 76.0 - -
SBI* [39] ResNet50 Frame - 85.7 - - 94.0
UIA-ViT [55] ViT-B/16 Frame 99.3 82.4 75.8 - 94.7
SeeABLE [28] EfficientNet Frame - 87.3 86.3 75.9 -
LSDA [48] EfficientNet Frame - 91.1 81.2 77.0 95.6

CNN-GRU [37] 2D+GRU Video 99.3 69.8 - 68.9 -
FTCN [53] 3D+TF Video 99.8 86.9 - 74 -
LipForensics [17] 2D+MS-TCN Video 99.7 82.4 - 73.5 -
RealForensics [18] 2D+CSN Video 99.8 86.9 - 75.9 -
AltFreezing* [46] 3D Video 99.7 89.0 - - 93.7
TALL [47] Swin-B Video 99.9 90.8 - 76.8 -
StyleFlow [5] 3D+GRU+TF Video 99.1 89.0 - - 96.1
NACO [50] 2D+TF Video 99.8 89.5 - 76.7 -
VB-StA [49] CLIP ViT-B/16 Video - 86.6 - 77.8 -
DeepShield (Ours) CLIP ViT-B/16+ST-Adapter Video 99.2 92.2 93.2 82.8 96.1

Table 1. Comparison results (video-level AUC, %) between DeepShield and existing SOTA algorithms on cross-dataset evaluation. The
comparison methods include both frame-based and video-based approaches, employing various model architectures. * denotes the results
for [39] and [46] are taken from [5].

Training Set Method DF F2F FS NT Avg.

DCL [41] 99.98 77.13 61.01 75.01 78.28
DF UIA-ViT [55] 99.29 74.44 53.89 70.92 74.64

WATCHER [45] 99.68 75.50 79.51 83.66 84.59
DeepShield (Ours) 99.94 94.53 80.49 87.28 90.56

DCL [41] 91.91 99.21 59.58 66.67 79.34
F2F UIA-ViT [55] 83.39 98.32 68.37 67.17 79.31

WATCHER [45] 85.73 99.82 69.38 74.16 82.27
DeepShield (Ours) 99.76 99.50 83.16 88.63 92.76

DCL [41] 74.80 69.75 99.90 52.60 74.26
FS UIA-ViT [55] 81.02 66.30 99.04 49.26 73.91

WATCHER [45] 84.52 75.06 99.95 58.81 79.59
DeepShield (Ours) 99.77 95.78 99.58 87.03 95.54

DCL [41] 91.23 52.13 79.31 98.97 80.41
NT UIA-ViT [55] 79.37 67.89 45.94 94.59 71.95

WATCHER [45] 89.67 72.85 69.96 98.58 82.77
DeepShield (Ours) 99.93 97.33 63.31 99.03 89.90

Table 2. Comparison results (video-level AUC, %) be-
tween DeepShield and existing SOTA algorithms on cross-
manipulation evaluation. The results on the diagonal show per-
formance in intra-domain evaluation.

Evaluation Metrics Similar to [17, 46, 48, 53], we use
Area Under the Curve (AUC) as the evaluation metric and
report video-level AUC for fair comparison. For frame-
level methods, video-level predictions are obtained by av-
eraging frame-level predictions.

4.2. Comparisons with the State of the Art

To assess the generalization of our framework for deep-
fake detection, we conduct two types of cross-domain eval-
uations in this study: cross-dataset evaluation and cross-
manipulation evaluation. In cross-dataset evaluation, we
train on the full FF++ (HQ) dataset and test on four unseen
datasets (CDF, DFDCP, DFDC, and DFD), with in-dataset
FF++ testing as a baseline. For cross-manipulation evalua-
tion, we train on one of the four FF++ (HQ) manipulation
types (DF, F2F, FS, NT) and test on all four for performance
comparison.

Cross-Dataset Evaluation Table 1 illustrates the compar-
ison results between the proposed method and current state-
of-the-art (SOTA) algorithms of deepfake video detection
in cross-dataset evaluation. As showcased, compared to
the SOTA algorithms, while our method does not exhibit
a significant advantage on the FF++ test set, it achieves the
best performance across four unseen datasets. Notably, our
approach excels on the most challenging datasets DFDCP
and DFDC, outperforming the previous best methods, See-
ABLE [28] and LSDA [48], by 6.9% and 5.8% in AUC,
respectively. These findings demonstrate the generalization
capacity of the proposed algorithm.

Cross-Manipulation Evaluation Table 2 reports the
comparison results of the cross-manipulation evaluation be-
tween DeepShield and three other classic methods for de-
tecting deepfake videos: DCL [41], UIA-ViT [55] and
WATCHER [45]. The results indicate that our model
achieves the highest average performance on both seen and
unseen manipulation techniques compared to other detec-
tion approaches, consistently excelling across nearly all
cases. Notably, in the case where FS is used as the train-
ing set, our model outperforms the second-best method
WATCHER by 15.95% in AUC on average. In other words,
these results underscore the advantage of our method in
cross-manipulation evaluation, confirming its strong gener-
alization and effectiveness in deepfake video detection.

4.3. Analysis
We conduct an ablation study to evaluate the contribution
of each component in DeepShield, with results presented in
Table 3, Table 4, Figure 5, and Figure 6.
How do LPG and GFD Contribute to DeepShield? An
ablation study is conducted to evaluate the contributions of
LPG and GFD to DeepShield, as summarized in Table 3,
Figure 5, and Figure 6. Table 3 first illustrates that the re-
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Original “DeepShield w/o LPG” DeepShield

Figure 5. GradCAM [38] visualization of our proposed
DeepShield and its variant “DeepShield w/o LPG”. We apply
Grad-CAM to identify the regions activated for detecting forgery
artifacts in both real videos and deepfake videos created with var-
ious manipulation techniques. Visualization results are based on
intra-dataset scenarios within FF++ (HQ), where warmer colors
indicate higher model attention to specific areas.

Variant CDF DFDC DFDCP Avg.

DeepShield (Ours) 92.2 82.8 93.2 89.4
DeepShield w/o LPG 89.1 81.3 87.1 85.8
DeepShield w/o GFD † 89.0 81.9 91.9 87.6
DeepShield w/o LPG & GFD † ‡ 85.4 78.4 88.9 84.2

Table 3. Ablation study results (video-level AUC, %) of
DeepShield on both LPG and GFD, showing the impact of re-
moving one or both components. Here, † indicates that GFD is
removed but the model still uses the original real and deepfake
video data given in the training set for fine-tuning CLIP-ViT via
standard cross-entropy loss. Additionally, ‡ denotes removal of
both LPG and GFD. These experiments conduct model training on
FF++ (HQ) and perform cross-dataset evaluations on CFD, DFDC,
and DFDCP.

moval of LPG leads to a decrease in average AUC from
89.4% to 85.8%, highlighting its critical role in improving
sensitivity to local forgery traces. Specifically, LPG enables
the model to focus on manipulated regions in fake frames
and distribute attention more evenly in real frames, as vi-
sualized in Figure 5. This confirms that LPG enhances the
model’s capability to detect subtle manipulation traces. Ad-
ditionally, as shown in Table 3, the exclusion of GFD causes
an AUC reduction of 1.8%, demonstrating its significance
in mitigating forgery-specific overfitting. By synthesizing
diverse forgery representations, GFD enhances the model’s
adaptability to cross-domain scenarios with varying manip-
ulation styles. Moreover, it also can be observed in Table 3
that removing both LPG and GFD results in a substantial
drop of 5.2% in average AUC. As shown in Figure 6, the
full model, with both LPG and GFD, achieves superior fea-
ture separation between real and manipulated data, under-
scoring their combined effectiveness in enhancing general-
ization and detection performance.
How is the Impact of DFA? Here, we investigate how DFA
affects the overall detection performance of the proposed
model, i.e. DeepShield. To this end, we conduct an ablation
study on DFA by removing either DFG or BFG. The experi-

(a) DeepShield (degraded) (b) DeepShield

DF FS F2F NT REALDF FS F2F NT REAL

Figure 6. Feature Visualization of our proposed DeepShield and
its degraded variant using t-SNE [44]. In the degraded version
“DeepShield (degraded)”, the original CLIP-ViT model is fine-
tuned with the ST-Adapter [34] using cross-entropy loss for deep-
fake video detection. In this experiment, 8 video clips are sampled
from each video in the FF++ test set and encoded their features.

DFG BFG CDF DFDC DFDCP Avg.

92.2 82.8 93.2 89.4
- 91.1 81.9 92.9 88.6

- 90.3 82.1 92.5 88.3
- - 92.0 81.3 91.6 88.3

Table 4. Ablation study results (video-level AUC, %) of
DeepShield on DFA, showing the impact of removing its com-
ponents, DFG and BFG. These experiments conduct model train-
ing on FF++ (HQ) and perform cross-dataset evaluations on CFD,
DFDC, and DFDCP.

mental results are presented in Table 4. The table shows that
removing either DFG or BFG leads to a decrease in testing
detection performance across individual datasets and over-
all. This highlights the importance of synthesizing diverse
and domain-invariant forgery representations for general-
ized deepfake video detection. Notably, the performance of
the two feature synthesis strategies in DFA varies across dif-
ferent datasets when applied individually; only their com-
bined effect achieves optimal results in all datasets.

5. Conclusion

In this work, we propose DeepShield, a novel framework
for deepfake video detection that effectively combines local
and global analysis to enhance generalization across diverse
manipulation techniques. The framework is built upon two
complementary components: Local Patch Guidance (LPG)
and Global Forgery Diversification (GFD). LPG improves
the model’s sensitivity to subtle forgery inconsistencies by
introducing patch-level supervision, allowing it to detect
fine-grained anomalies often overlooked by global methods.
Meanwhile, GFD addresses forgery-specific overfitting by
synthesizing diverse forgery representations and introduc-
ing a novel training strategy with supervised contrastive
loss, significantly boosting cross-domain adaptability. Ex-
tensive experiments validate that the synergy of LPG and
GFD enables DeepShield to outperform existing methods,
particularly in challenging cross-domain settings, demon-
strating its robustness for real-world deepfake detection.
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