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Abstract. Recent advances in generative video synthesis have made facial ma-
nipulations increasingly realistic, which raises growing concerns for media au-
thenticity and digital security. Existing detection methods achieve strong in-do-
main performance but suffer from cross-dataset degradation, primarily due to
overfitting to dataset-specific spatial artifacts. To improve generalization while
keeping adaptation efficient, we design an efficient deepfake video detector in
which the pretrained foundation encoder remains fixed, while a lightweight de-
coder is trained to model spatial and temporal forgery cues. First, we introduce a
Component-Aware Spatial Enhancement (CASE) module that selectively accen-
tuates manipulation-prone facial regions, such as the eyes, nose and mouth, while
capturing global-local structural inconsistencies, thereby enabling the detection
of subtle artifacts. Second, it is complemented by a Bidirectional Spatio-Tem-
poral (Bi-ST) decoder that models local temporal transitions and bidirectional
temporal dependencies across sampled frames, enabling robust temporal reason-
ing within each video clip. Without fine-tuning the backbone network, our frame-
work achieves robust cross-dataset generalization by jointly reasoning about spa-
tial and temporal anomalies. Finally, extensive experiments demonstrate that the
proposed method performs competitively against strong baselines, particularly
under cross-dataset evaluation.

Keywords: Deepfake Detection - Video Forensics - Spatio-temporal modeling -
Cross-domain generalization

1 Introduction

Recent progress in deep generative modeling has made realistic facial video synthesis
increasingly accessible, giving rise to synthetic videos commonly referred to as deep-
fakes [8]. While such technology has legitimate applications in creative and entertain-
ment fields, it is increasingly misused for spreading misinformation, identity fraud, and
other malicious activities, posing serious threats to social trust, digital security, and
media credibility [27].

Early deepfake detection approaches primarily focused on spatial-domain artifacts
using convolutional neural networks, with later methods incorporating temporal mod-
elssuch as recurrent networks or Transformers to capture motion inconsistencies [4].
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Fig. 1. Motivation and overview of the proposed framework for video-based deepfake detec-

tion. Existing methods often overlook component-level artifacts and temporal inconsistencies,

while our approach explicitly models both aspects through component-aware spatial enhance-
ment and temporal decoding.

However, good results on the training domain do not necessarily transfer to new da-
tasets. When the test videos come from different manipulation pipelines or acquisition
conditions, many detectors become less reliable [16]. As modern deepfake generation
techniques effectively suppress low-level artifacts and produce temporally coherent
videos, relying on single-modality or dataset-specific cues becomes increasingly insuf-
ficient for robust detection.

Recent studies indicate that effective deepfake detection requires jointly modeling
manipulation-prone facial regions and temporal inconsistencies while leveraging robust
semantic representations [5,17]. However, existing approaches still face notable limi-
tations. Methods focusing on spatial artifacts tend to overfit dataset-specific patterns,
while temporal modeling architectures often struggle to capture subtle manipulations
and temporal inconsistencies across frames [28]. Moreover, spatial and temporal cues
are commonly processed independently, which makes it difficult for the model to learn
the interactions among different forgery cues [9]. Although multi-modal fusion strate-
gies have been explored to mitigate these issues [37], they often introduce additional
modality dependencies or computational overhead, and may still underutilize comple-
mentary cues. These observations suggest that an effective detection framework should
prioritize manipulation-sensitive regions, jointly reason over spatial and temporal in-
consistencies, and maintain strong generalization without excessive model complexity.
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In response to these issues, we design a lightweight video deepfake detector that
preserves the pretrained foundation encoder while learning spatio-temporal adaptation
modules for forgery recognition. First, we design a Component-Aware Spatial En-
hancement module to emphasize semantically meaningful facial regions and capture
manipulation-induced global-local discrepancies, enabling the model to focus on the
most informative features for forgery detection. This is complemented by a Bidirec-
tional Spatio-Temporal decoder that models temporal inconsistencies across sampled
frames through local temporal convolution and bidirectional temporal aggregation, fa-
cilitating robust temporal reasoning within each clip. By integrating these components
into a unified framework, our approach adapts high-level representations without fine-
tuning the backbone, achieving strong cross-dataset generalization. The limitations of
existing methods and the advantages of the proposed approach are illustrated in Fig. 1.
The main contributions are as follows:

e We introduce a Component-Aware Spatial Enhancement module that explicitly fo-
cuses on manipulation-prone facial components and captures global-local inconsist-
encies. By emphasizing semantically meaningful regions, this module improves the
detection of subtle artifacts and enhances the interpretability of the model’s predic-
tions.

e We design an efficient bidirectional spatio-temporal decoder that aggregates tem-
poral evidence from both forward and backward directions over sampled frames,
improving temporal modeling within each clip. This component enhances the mod-
eling of temporal inconsistency patterns and contributes to better performance in
challenging cross-dataset scenarios.

o Experimental results on multiple benchmark datasets demonstrate the effectiveness
of the proposed spatial and temporal components under complementary evaluation
protocols. In particular, the CASE branch achieves strong in-domain performance
on FF++, while the full framework delivers robust cross-dataset generalization on
several unseen benchmarks.

2 Related Work

2.1  Deepfake Detection from Spatial Artifacts

Most early detectors treated deepfake recognition as an image-level classification prob-
lem and relied on CNNs to learn spatial artifacts. MesoNet [1] learns mesoscopic image
properties for facial forgery detection, while FaceForensics++ [31] establishes a large-
scale benchmark for facial manipulation detection and reports Xception-based detectors
as particularly strong baselines. FFD [6] further introduces an attention-based frame-
work for face manipulation detection and localization, showing that local high-fre-
quency fingerprints and manipulated regions are informative for detection. Face X-ray
[21] explicitly models blending boundaries through boundary-aware supervision, while
SBI [33] improves robustness by training on self-blended images to simulate realistic
forgery artifacts.
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Beyond purely spatial cues, several works explore frequency-domain representa-
tions to capture subtle manipulation traces. F3Net [30] mines frequency-aware clues
through frequency-aware decomposition and local frequency statistics, enabling the de-
tection of forgery artifacts that are less visible in the spatial domain. SPSL [24] revisits
face forgery detection from a spatial-phase perspective by combining spatial images
with phase spectra to capture up-sampling artifacts and improve transferability. SRM
[25] further exploits high-frequency noises to improve generalization across manipula-
tion methods. More recently, wavelet-based architectures, such as the wavelet-inte-
grated VGG19 model [32], combine spatial and wavelet-domain features to enhance
sensitivity to subtle manipulation traces.

More recently, diffusion-based image generation has posed new challenges to for-
gery detection. DIRE [39] detects diffusion-generated images by measuring the recon-
struction error between an input image and its diffusion-based reconstruction, thereby
exploiting intrinsic properties of the diffusion process rather than model-specific arti-
facts. Nevertheless, these spatial- and frequency-based approaches typically operate at
the frame level and may still overfit dataset-specific artifacts, limiting robustness under
real-world domain shifts, especially for unseen generative pipelines.

2.2 Video-based Temporal Modeling for Deepfake Detection

To capture inconsistencies beyond single frames, video-based methods explicitly
model temporal information across frames. LipForensics [11] exploits temporal irreg-
ularities in the mouth region, while FTCN [43] mines inter-frame consistency cues to
improve the transferability of video forgery detection. RealForensics [10] leverages
self-supervised learning on real talking-face videos to learn natural facial representa-
tions without relying on forgery-specific supervision.

Recent approaches adopt more powerful temporal architectures. Methods such as
TALL-Swin [41] preserve spatial and temporal dependencies through a thumbnail lay-
out and demonstrate strong cross-dataset performance. Despite these advances, perfor-
mance degradation under severe domain shifts and unseen manipulation techniques re-
mains a major challenge for video-based detectors.

2.3 Improving Cross-dataset Generalization

Improving cross-dataset generalization has become a central focus in deepfake detec-
tion research. CORE [29] proposes consistent representation learning to improve gen-
eralization across different manipulation methods. Recce [3] adopts an end-to-end re-
construction-classification framework, where reconstruction learning encourages the
model to capture common compact representations of real faces rather than superficial
artifacts.

More recent works explore richer representation learning strategies for deepfake de-
tection. Hong et al [13] introduce contrastive learning with multi-label ranking for
deepfake classification and localization, Yan et al. [42] propose latent space augmen-
tation to mitigate forgery-specific bias, and Han et al. [12] introduce CLIP-based facial
component-guided adaptation for generalizable video-based deepfake detection.
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Despite these advances, achieving stable and robust generalization across diverse real-
world datasets remains an open problem, motivating further exploration of representa-
tion learning beyond dataset-specific cues.

3 Method

We propose a parameter-efficient framework for video-based deepfake detection,
which leverages a frozen CLIP image encoder for frame-level spatial representation
learning and a lightweight spatio-temporal decoder for temporal reasoning. The frame-
work comprises three key components:

e A CLIP-based multi-layer feature extractor that leverages foundation-level visual
representations without backbone fine-tuning.

e A Component-Aware Spatial Enhancement (CASE) module that focuses on manip-
ulation-prone facial components and global—local spatial inconsistencies.

o An efficient Bidirectional Spatio-Temporal (Bi-ST) decoder that models temporal
inconsistencies across sampled frames through local temporal convolution and bidi-
rectional temporal aggregation.

The complete pipeline is illustrated in Fig. 2, followed by detailed description of its
main components in the next subsections.

s

N
FCG Temp. Conv

Eyes &) 5«1 %f_, ﬁf_' 4. ﬁ]i

Nose D f:” s 4¢—/ ;lfiiéalgsisi[l;ejairﬁ\‘}
Clip ViT / Bi-ST Decoder
- T Encoder Llps E @ *I‘ T @ ? #ﬁ
i P > o O
og® = NN N NN
e CCS‘/\ “S-0-0-@ |
1 Y !
“Sampled e ® @ é ‘ 3 B
Video Frames f\/ f 2.0 N S B Real Fake
Yﬁ Pf:‘] ‘ﬁr«tﬁ Decoder Token 1\ ~.
PP QO ﬁ R
[ E——
CASE /,/ " Bi-ST

Fig. 2. Overview of the proposed video-based deepfake detection framework. A frozen CLIP
image encoder is coupled with a lightweight spatio-temporal decoder. The spatial branch uses
CASE, which consists of FCG and CCSA. The temporal branch captures local temporal transi-
tions and broader within-clip dependencies through bidirectional temporal aggregation.

3.1 Problem Formulation

Given an input video V = {I;, L,, ..., I} consisting of T aligned facial frames, where
each frame I, € R****22%3 "the goal is to learn a binary classifier f:V — {0,1} that
predicts whether the video is real (0) or fake (1). Our approach explicitly models both
spatial facial semantics and temporal dependencies across frames.
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3.2 CLIP-based Feature Extraction

We employ a frozen CLIP ViT-L/14 image encoder as the visual backbone, leveraging
its strong generalization ability from large-scale vision-language pretraining. For a
batch of videos, all frames are reshaped into (B - T, 3,224,224) and independently pro-
cessed by the encoder.

We extract token embeddings from the last K = 4 transformer layers. For each layer
1, the output is

Xl € ]R(B'T)XNXD’ (1)

where N = 257 tokens (one CLS token and 256 patch tokens) and D = 1024. The fea-
tures are reshaped into (B, T, N, D) and forwarded to the decoder. The CLIP encoder
remains frozen throughout training to preserve pretrained semantic priors and enable
parameter-efficient adaptation.

3.3 Frame-level Detection Pipeline

To clarify the image-frame-level detection process, each aligned RGB face frame I, is
first encoded by the frozen CLIP image encoder into a global CLS token and local patch
tokens. The CLS token captures global facial semantics, while the patch tokens retain
local details of facial regions. Based on these tokens, CASE enhances manipulation-
prone components, such as the eyes, nose, and mouth/lips, and provides component-
aware spatial evidence for forgery detection. In the full framework, the enhanced frame
representations are further aggregated by Bi-ST for video-level real/fake classification.
For the spatial-only variant reported in Table 2, Bi-ST is removed and the prediction is
made directly from the CASE-enhanced spatial representation, so as to isolate the con-
tribution of component-aware spatial modeling.

3.4  Component-Aware Spatial Enhancement

Deepfake artifacts are often localized in specific facial regions, while inconsistencies
between global facial structure and local details also provide strong cues. To exploit
these properties, we introduce the Component-Aware Spatial Enhancement (CASE)
module, which integrates Facial Component Guidance (FCG) and Cross-Component
Self-Attention (CCSA).

Given the input features X € RE*T*NxD CASE enhances spatial representations
through a two-stage process. For clarity, we omit the batch and temporal indices and
consider the spatial tokens of a single frame, denoted by {xj}?’;f, where x; € R”. First,
component-guided feature weighting is performed using semantic masks M =
{M,: c € C} extracted from a pre-trained face parser, where C = {eye,nose,mouth} de-
notes the set of facial components. For each component ¢ € C, we compute a scalar
importance score and normalize it across spatial tokens:

exp(W.x; + b.)

(2)

aC . =
p) N-1 T
VoL exp(Wlx; + b.)
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Here, w, is the component-specific trainable weight vector, and b, is the correspond-
ing bias term. The component-guided aggregated feature is then defined as

N-1
XFcGg = Z A Z A, j Mc(]) X, (3)
ceC j=1

where M, (j) € {0,1} indicates whether token j belongs to component ¢, and A, € R*
is a learnable component importance weight.

Second, cross-component interaction is modeled through bidirectional information
exchange between the global representation and local patch representations. Let g €
RP denote the global representation and {I; € R” : j = 1,..., N — 1} denote the local
patch representations. The interaction is formulated as

Nil: (g1) (1.8)
’ K ) 17 ! K ir
=g+ 1, L =L+ oy t— 4)
& & -1 25:11 k(g )’ J ! 113:11 k(ly, 8) g

Here, x(-,-) is defined as

xy) ("Ty) ©
K(X,y exp va)
where d denotes the feature dimension used in the similarity computation. This kernel
form is applied consistently in our implementation, with softmax used for normaliza-
tion over the relevant comparison set whenever x(:,) appears in the paper. The en-
hanced features Xcsa are obtained by concatenating the updated global and local rep-
resentations.

The final CASE output is obtained by integrating the component-guided prior with
the cross-component enhanced features, where the latter serves as the main spatial rep-
resentation for subsequent processing.

3.5  Bidirectional Spatio-Temporal Decoder (Bi-ST)

To capture temporal inconsistencies across sampled frames, we design an efficient Bi-
directional Spatio-Temporal decoder, termed Bi-ST. The decoder consists of K = 4
stacked layers. Given the input frame features of the i-th Bi-ST layer X® € RBXT*NxD,
where B is the batch size, T is the number of sampled frames, N is the number of to-
kens per frame, and D is the feature dimension, Bi-ST performs local temporal model-
ing, bidirectional temporal aggregation, and decoder-token refinement to obtain a com-
pact video-level representation.

Local temporal modeling. To improve the modeling of short-range temporal incon-
sistencies, we first introduce a lightweight temporal adaptation module over the sam-
pled frame sequence, producing locally enhanced features denoted by X®. In practice,
this module is implemented with a depthwise temporal convolution along the temporal
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dimension with residual connection, which enhances local frame-to-frame feature tran-
sitions while preserving the underlying semantic representation. To explicitly encode
frame order, we further add learnable temporal position embeddings:

70  _g®

b,tn,: b,tn,:

+PQ, 6)

where P® € R™? s broadcast to all tokens in each frame. In this way, the decoder
becomes sensitive to both short-range temporal variation and the temporal position of
each frame within the clip.

Bidirectional temporal aggregation. Based on the temporally enhanced features Z@,
Bi-ST performs cross-frame interaction in both forward and backward directions. For
each frame t, the current representation interacts with its adjacent future frame (t + 1)
and adjacent past frame (t — 1) through a temporal cross-attention module. Rather than
introducing explicit scalar coefficients for forward and backward fusion, the bidirec-
tional interactions are jointly modeled within the attention module using direction-spe-
cific learnable parameters. The resulting temporally aggregated features are denoted by

Hgi) = ZED + TCA(ZED' Zgi—)l' Zg?l)' )

where TCA(-) denotes the bidirectional temporal cross-attention operation, and for
boundary frames only the valid temporal direction is used. Compared with one-way
temporal propagation, this bidirectional design provides more complete temporal con-
text and facilitates the modeling of subtle inconsistency patterns caused by forgery.

Decoder-token refinement. After bidirectional temporal aggregation, the resulting
frame tokens are flattened into a memory sequence and used to update a global decoder
token. Specifically, let x®® € RE*1*P denote the decoder token at the i-th layer. The
memory sequence is constructed from all temporally aggregated frame tokens, and the
decoder token is refined by attending to this memory:

x*1) = Decoder (X(i),Flatten(H(i))), ®)

where Flatten(H®) e REX(T*MxD denotes the flattened token sequence from all sam-
pled frames, and Decoder(-) denotes the decoder update block with attention and feed-
forward refinement. In this way, temporal evidence from different frames is progres-
sively aggregated into a compact global representation.

After the final Bi-ST layer, the refined decoder token is used as the video-level rep-
resentation, as it summarizes the temporally aggregated information from the sampled
frames. Based on this representation, a two-class linear classifier is applied to produce
the final prediction logits for real and fake videos.
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4 Experiments

4.1  Implementation Details

In our experiments, CLIP ViT-L/14 is adopted as the visual encoder and its parameters
are kept unchanged. Only the proposed CASE branch and Bi-ST decoder are optimized
for spatio-temporal adaptation. The model takes T = 10 uniformly sampled frames
from each 3-second clip, where aligned face crops are resized to 224 x 224. Following
common face-centric video deepfake detection pipelines, facial landmarks are extracted
by 2D-FAN, and faces are aligned to the LRW mean face before cropping. During
training, we use FF++ (c23) with video-level and frame-level augmentations, including
geometric, photometric, and compression perturbations, while validation is conducted
on the FF++ validation split without augmentation. The model is trained for 30 epochs
using AdamW with a learning rate of 1 x 10~* and weight decay of 1 x 1073 on two
NVIDIA GeForce RTX 5090 GPUs. Focal loss with y = 4 is used for supervision, and
early stopping is performed according to the validation AUC.

4.2  Generalization to Unseen Datasets

Table 1. AUC (%) results for cross-dataset evaluation. All models are trained on FF++ and
tested on unseen target datasets. Bold and underlined values indicate the best and second-best
performance, respectively.

Model Pub./Mod. CDF DFDC FSh WDF
Xception [31] ICCV'19 / Img. 73.7 70.9 72.0 --
Face X-ray [21] CVPR'20 / Img. 79.5 65.5 92.8 --
LipForensics [11] CVPR21/ Vid. 82.4 73.5 97.1 --
FTCN [43] ICCV'21/ Vid. 86.9 74.0 98.8 --
RealForensics [10] CVPR'22 / Vid. 86.9 75.9 99.3 --
AltFreezing [40] CVPR'23/ Vid. 89.5 - 99.3 --
TALL-Swin [41] ICCV'23/ Vid. 90.8 76.8 99.7 --
Yan et al. [42] CVPR'24 | Img. 91.1 77.0 -- --
Choi et al. [4] CVPR'24 / Vid. 89.0 - 99.0 --
Hong et al. [13] CVPR'24 / Img. 91.6 75.2 -- 73.4
Nguyen et al. [28] ICCV'25 / Vid. 924 74.6 - 74.2
Kimetal. [17] ICCV'25/ Vid. 89.7 75.2 99.3 --
MoE-FFD [18] TDSC'25/ Vid. 91.3 - - 83.9
Ours - 93.6 82.6 97.7 84.5

We examine the cross-dataset robustness of the proposed method by evaluating it on
multiple unseen deepfake benchmarks without using any target-domain samples during
training.
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Evaluation Benchmarks. Following the cross-dataset protocol in RealForensics [10],
we evaluate our method on multiple representative deepfake benchmarks. FaceForen-
sics++ (FF++) [31] is used for training, while CelebDF-v2 (CDF) [22], DFDC [7],
FaceShifter (FSh) [20], and WildDeepfake (WDF) [44] are used as unseen target da-
tasets. For all cross-dataset results, we report performance only on the official test/eval-
uation split of each target dataset, without using any target-domain samples during
training or model selection. These benchmarks cover both controlled and in-the-wild
scenarios, providing a rigorous testbed for evaluating cross-domain generalization.

Cross-dataset Evaluation. As shown in Table 1, our method demonstrates strong and
balanced generalization across unseen datasets. It achieves the best AUC on CDF
(93.6%), DFDC (82.6%), and WDF (84.5%). Specifically, our method outperforms
Nguyen et al. [28] on CDF by 1.2%, surpasses Yan et al. [42] on DFDC by 5.6%, and
improves over MoE-FFD [18] on WDF by 0.6%. Although TALL-Swin [41] achieves
the highest AUC on FSh, our method still obtains a competitive result of 97.7%. Over-
all, these results suggest that our framework provides more consistent cross-dataset
generalization across benchmarks with diverse characteristics, including both con-
trolled and in-the-wild scenarios.

4.3  Per-manipulation Results on FF++

Table 2. Intra-testing results trained on FF++, measured by AUC. The best and second-best re-
sults are shown in bold and underlined, respectively.

Model Pub. DF F2F FS NT  AVG.
EfficientB4 [36] _ PMLR'19 976 976 980 931  96.6
CNN-Aug [38] CVPR20 905 879 903 731 854
F3Net [30] ECCV'20 979 980 984 935  97.0
FFD [6] CVPR20 980 978 985 931  96.9
SPSL [24] CVPR21 978 975 983 930  96.7
SRM [25] CVPR21 973 970 974 930  96.2
CORE [29] CVPR22 979 980 982 934 969
Recce [3] CVPR22 980 978 979 936  96.8
ADA-Finfer[14]  TDSC24 831 784 744 723 771
VGG19 [32] BigData24 970 964 977 914 956
SDIF [19] ICASSP'24 835 837 751 - -

DDL [35] TIFS25 831 775 781 793 795
CAFMF [26] ICCRD'25 98.8 982 989 944 976
FRENet [34] IVC25 986 983 990 938  97.4

Ours (w/o Bi-ST) -- 99.3 99.3 99.0 99.1 99.2
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We also evaluate the proposed method on different manipulation types in FaceForen-
sics++, including DeepFakes (DF), Face2Face (F2F), FaceSwap (FS), and NeuralTex-
tures (NT). The intra-testing AUC results are summarized in Table 2. Since many re-
cent methods have already approached saturation on the in-domain FF++ benchmark,
introducing additional video-level temporal modeling in this setting may make it diffi-
cult to determine whether the improvement comes from stronger frame-level forgery
representation or simply from extra temporal aggregation. Therefore, we use Ours (w/o
Bi-ST) for comparison with the frame-based detectors in Table 2, such as EfficientB4,
F3Net, CORE, Recce, CAFMF, and FRENet, so as to maintain a comparable frame-
level evaluation protocol. This allows us to more clearly isolate the contribution of the
proposed component-aware spatial modeling without the influence of additional tem-
poral modeling. Even under this more controlled comparison, Ours (w/o Bi-ST)
achieves the best overall performance, obtaining 99.3%, 99.3%, 99.0%, and 99.1%
AUC on DF, F2F, FS, and NT, respectively, with an average AUC of 99.2%. Com-
pared with the strongest recent frame-based baselines, our method improves the aver-
age AUC over CAFMF and FRENet by 1.6% and 1.8%o, respectively. The improve-
ment on NT is particularly notable, where our method surpasses CAFMF and FRENet
by 4.7% and 5.3%, respectively. These results indicate that the proposed spatial branch
alone is already capable of capturing highly discriminative and manipulation-agnostic
forgery cues. In other words, the superiority of our framework does not rely solely on
temporal modeling; rather, its frame-level spatial representation is already strong
enough to outperform existing frame-based detectors, while the Bi-ST module is mainly
beneficial for more challenging generalization scenarios.

4.4 Parameter Efficiency

Table 3. Comparison of trainable parameters (#T.P.) and cross-dataset AUC (%) performance
under the CLIP ViT-L/14 backbone.

Method #TP. CDF DFDC  FSh WDF  Avg.
LCP [2] 2.0K 75.8 77.0 88.0 82.1 80.7
VPTShallow [15]  3.1K 78.9 76.4 89.0 82.9 81.8
VPTDeep [15] 266K 811 775 90.0 86.7 83.8
EVL [23] 58.3M 803 75.8 87.7 79.1 80.7
FFT 303.0M  88.3 75.2 84.8 83.8 83.0
ours 1.69M 936 82.6 97.7 84.5 89.6

To further examine the parameter efficiency of our framework, we compare it with
several CLIP ViT-L/14-based adaptation baselines, including linear classifier probing,
visual prompt tuning, efficient video learning, and full fine-tuning. The corresponding
results are reported in Table 3. For VPT, both the shallow and deep variants are con-
sidered. Unlike LCP and VPT, which mainly rely on the final representation of a frozen
CLIP encoder, our method exploits intermediate-layer attributes to build a structured
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spatial-temporal side network, where facial component priors guide spatial modeling
and cross-frame inconsistency is captured for temporal modeling. Different from EVL,
our framework further introduces a face-specific and more interpretable spatial en-
hancement mechanism rather than relying primarily on generic feature aggregation.
Therefore, while using more trainable parameters than LCP and VVPT, our method re-
mains substantially lighter than EVL and full fine-tuning, achieving a better balance
between efficiency and cross-dataset generalization.

According to the results in Table 3, our approach outperforms the compared adap-
tation strategies on CDF, DFDC, FSh, and overall average performance, with only
1.69M trainable parameters. These results indicate that our method preserves the ad-
vantage of parameter-efficient adaptation while achieving superior cross-dataset gen-
eralization.

45  Ablation Study

We analyze the contributions of the Component-Aware Spatial Enhancement (CASE)
module and the Bidirectional Spatio-Temporal (Bi-ST) decoder under cross-dataset
evaluation in Table 4.

Table 4. Ablation study of the proposed framework in terms of AUC (%). CASE: Component-
Aware Spatial Enhancement module. Bi-ST: Bidirectional Spatio-Temporal decoder.

Comp. CDF DFDC FSh WDF Avg.
Ours 93.6 82.6 97.7 84.5 89.6
w/o CASE 89.9 83.2 97.9 82.1 88.3(-1.3)
w/o Bi-ST 93.3 79.3 96.4 80.3 87.3(-2.3)

Effect of CASE. Removing CASE causes an average AUC drop of 1.3%, with clear
degradation on CDF and WDF. This suggests that CASE helps the model focus on
semantically meaningful and manipulation-prone facial regions, thereby improving
spatial discriminability and reducing irrelevant background bias. As further illustrated
in Fig. 3, the model with CASE produces more concentrated and discriminative affinity
responses on key facial regions, whereas the variant without CASE exhibits more dif-
fuse attention.

Effect of Bi-ST. Removing Bi-ST leads to a larger average AUC drop of 2.3%, with
the most obvious decline on DFDC and WDF. This verifies the importance of temporal
modeling for capturing cross-frame inconsistency patterns that cannot be reliably in-
ferred from spatial cues alone.

Discussion on dataset-specific fluctuations. We also note that removing one module
yields slightly better results on a few individual datasets. We consider these variations
to be dataset-specific fluctuations caused by distribution differences across unseen
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benchmarks, rather than evidence against the usefulness of the removed component.
Different datasets may rely on different dominant forgery cues, so improvements
brought by a specific module do not necessarily appear uniformly on every benchmark.
More importantly, the full model achieves the best overall average AUC, demonstrating
that CASE and Bi-ST provide complementary benefits: CASE strengthens structured
spatial perception, while Bi-ST enhances temporal inconsistency modeling. Their or-
ganic combination leads to a more balanced and transferable representation, which is
crucial for robust cross-dataset generalization.

Clip ViT-L/14
backbone

Ours
(w/o CASE)

Ours

Fig. 3. Frame-wise affinity map comparison among three variants: the baseline model, our
model without CASE, and the full model equipped with CASE.

5 Conclusion

This paper presents a parameter-efficient, video-based deepfake detection framework
designed to address the critical challenges of cross-dataset generalization and robust
spatio-temporal modeling. By utilizing a frozen foundation model encoder, our ap-
proach retains powerful, general-purpose semantic representations without incurring
the computational cost or overfitting risks of full fine-tuning. The proposed CASE mod-
ule directs the model's attention to semantically meaningful and manipulation-prone
facial regions, effectively capturing subtle global-local structural discrepancies. Com-
plementing this, the Bi-ST decoder models local temporal transitions and broader
within-clip temporal inconsistencies across sampled frames, enabling more reliable
temporal reasoning within each sampled clip. Extensive evaluation on multiple cross-
dataset benchmarks demonstrates that our framework achieves competitive perfor-
mance and strong robustness under distribution shifts. For future work, we plan to ex-
plore more adaptive mechanisms for facial component discovery, investigate richer
multi-modal fusion strategies, develop efficient temporal modeling for longer
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sequences, and adapt the framework for real-world deployment scenarios involving
streaming data and continuously evolving manipulation techniques.
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