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ABSTRACT Deepfakes pose a growing risk to digital integrity and public trust, driving the need for robust
video-level forgery-detection methods. Many existing approaches analyse individual frames independently
and overlook temporal dependencies, thereby weakening the generalisation to unseen manipulation tech-
niques. This paper introduces 3D-CoAtNet, a spatiotemporal architecture for deepfake video detection that
processes multiple frames simultaneously, thereby reducing reliance on single-frame artefacts. The model
inflates CoAtNet’s 2D convolutional, residual, pooling, and self-attention layers into their 3D counterparts
to learn spatial and temporal representations from multiple frames. We evaluated two input modalities: RGB
15-frame clips sampled from each video, and 15-frame optical-flow sequences that capture motion cues.
Extensive experiments on FaceForensics++ (FF++), DFDC, and Celeb-DF under intra- and cross-dataset
settings show that 3D-CoAtNet is competitive in intra-dataset evaluations (best in the DeepFakes dataset)
and transfers well to Celeb-DF. Moreover, although frame-based CoAtNet16A achieves strong within-dataset
accuracy, 3D-CoAtNet improves cross-dataset generalisation. These findings highlight the importance of the
proposed 3D-CoAtNet model for deepfake forensics.

INDEX TERMS Convolutional neural networks (CNNs), CoAtNet, deepfake detection, digital forensics,
generative adversarial networks (GANS), vision transformers (ViTs).

I. INTRODUCTION

A deepfake refers to synthetic content created using deep
learning that can be indistinguishable from real materials
by human viewers [1]. The name combines ‘“‘deep” from
deep learning and ““fake.” It includes hyper-realistic images,
speech, and videos created using methods like Generative
Adversarial Networks (GANSs) [2]. Deepfakes can seriously
undermine public trust and even enable fraud, social manip-
ulation, or identity theft [3].

Images contain two distinct types of features that convey
different kinds of information: local and global features.
Local features relate to small clusters of pixels, while global
features cover the entire image [4]. Convolutional Neural

The associate editor coordinating the review of this manuscript and

approving it for publication was Jiachen Yang

Networks (CNNs) are good at learning local image details,
but their limited receptive fields restrict their ability to capture
the spatial relationships between pixels. Essentially, CNN
models focus primarily on the activated section of the face,
ignoring other areas. As a result, CNNs struggle to identify
and use the connections between different parts of images;
for instance, they cannot notice an unnatural link between
the mouth and eyes. Additionally, CNNs have issues with
overfitting and cannot generalise well to unseen fake videos
during training or to various types of deepfake generation
methods [5].

Various deep learning architectures with CNNs have been
used for deepfake detection, such as MesoNet [6], Xception-
Net [7], Capsule Networks [8], and EfficientNet [9].

In 2021, Google introduced the Vision Transformer
(ViT) model [10]. This type of neural network, called a

© 2026 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License.
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transformer, is designed to understand the context and mean-
ing of sequential data. It uses attention or self-attention
mechanisms to find connections between elements, even if
they are far apart. Before transformers were developed, train-
ing neural networks needed large, labelled datasets, which
are known to be resource-intensive to create. However, trans-
formers avoid this need by mathematically finding patterns
among elements. Also, using transformer theory allows for
parallel processing, enabling these models to run quickly
[11]. In addition, transformers can identify long-term rela-
tionships between video frames and can be scaled to manage
very complex models on large datasets [12].

Vision Transformers (ViTs) provide two main advantages
over Convolutional Neural Networks (CNNs). First, they
use input-adaptive weighting, which means their attention
weights are flexible and can change depending on the input.
This is different from the fixed, input-independent convolu-
tion kernels. Second, ViTs have a global receptive field. This
allows them to see the whole image at once, a feature that
CNNs generally do not have, as mentioned earlier [13].

However, transformers have some drawbacks. One prob-
lem is that image attention networks often struggle with
translational invariance. This means their effectiveness can
change when objects in an image are moved or shifted.
Consequently, for Vision Transformers (ViTs) to surpass
Convolutional Neural Networks (CNNs), they need to be
trained on extensive datasets containing hundreds of mil-
lions of images [13]. When ViT-based models are trained
with inadequate data, their performance is inferior to
CNNs, and they do not generalise effectively. Addition-
ally, ViT-based models emphasise global features and do
not perform as well as CNNs when it comes to local
features [14].

Recent studies have investigated hybrid models that com-
bine various types of Transformers with CNNs to combine
the advantages of both models [15], [16], [17], [18]. Hybrid
models that combine CNN and ViT architectures appear to be
the most effective for learning both local texture and global
semantic inconsistencies.

CoAtNet is a hybrid model that combines Convolu-
tional Neural Networks (CNNs) with Vision Transformers
(ViTs). The original CoAtNet formulation was developed and
benchmarked primarily for 2D image recognition, not for
spatiotemporal video modelling [13]. This creates a mismatch
in video forensic tasks where temporal dynamics are often
critical.

In this study, we generalise CoAtNet from a 2D image
classifier to a 3D spatiotemporal architecture (3D-CoAtNet)
for video classification. Specifically, we extracted mul-
tiple frames per video and fed them jointly to a 3D
variant. We then evaluated the proposed 3D-CoAtNet for
deepfake video detection under both intra- and cross-
dataset conditions. We train on FaceForensics++ (FF++)
and test on DFDC and Celeb-DF, three widely used and
progressively more challenging benchmarks for deepfake
forensics.
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TABLE 1. Comparison between CNN, ViT and CoAtNet based on [13].

Properties CNN ViT CoAtNet
Translation v
. v
Equivariance

Local Features v v

Input-adaptive v N4
Weighting

Global Features v v

The key contributions of this research can be outlined as
follows:

o Generalising the 2D image classifier into a 3D architec-
ture (3D-CoAtNet).

o Determination of effective high-level architectural
parameters for 3D-CoAtNet, including the use of
high-profile pretrained models and the number of
head channels. Evaluation uses 15 random frames per
video. We evaluate the generalisation ability of the 3D-
CoAtNet model in deepfake videos.

o Development and evaluation of deepfake detection
models (incorporating the effective choices determined
above) over multi-frame inputs. These models are eval-
vated using both 15 random frames and 15 temporal
frames (which capture differences in successive frames)
in both intra-dataset and cross-dataset contexts (address-
ing the “generalisation problem”).

The remainder of this paper is organised as follows:
Section II reviews related research on the CoAtNet model
and its uses for deepfake detection. Section III describes
the proposed model (3D-CoAtNet). Section IV describes
the proposed methodology. Section V reports the results of
3D-CoAtNet for deepfake detection. Section VI presents a
comparison of performance assessments in both intra-dataset
and cross-dataset scenarios. Finally, Section VII outlines
the findings, discusses the study’s limitations, and suggests
avenues for future research.

Il. BACKGROUND AND RELATED WORK
A. CoAtNet MODEL
CoAtNet [13], a contraction of Convolution and Self-
Attention Network and commonly pronounced ‘“‘coat net”,
was introduced in late 2021. It is a hybrid architec-
ture that integrates Convolutional Neural Networks (CNNs)
with Vision Transformers (ViTs). This design explicitly
aims to leverage the complementary advantages of both
paradigms by combining convolutional inductive biases with
transformer-based global attention, as shown in TABLE 1.
The CoAtNet model enhances the model’s ability to gen-
eralise, its capacity, and its efficiency [13]. Generalisation
in a model refers to its capability to maintain a level of
performance relative to unseen data, which is similar to that of
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FIGURE 2. Difference between (a) CNN and (b) Vision Transformer (ViT)in
Face Image Processing [16].

the training data. On the other hand, model capacity pertains
to the model’s ability to handle extensive training datasets.
A model with greater capacity can achieve better final per-
formance outcomes after sufficient training.

FIGURE 1 outlines the CoAtNet architecture [13], organ-
ised into five stages (S0-S4) with the pattern SO, then
C—C-T-T, where C denotes the convolution, and T denotes
the transformer. Stage SO is a two-layer convolutional stem
that is used for early dimensionality reduction. Stages S1
and S2 are convolutional, built from Mobile Inverted Bot-
tleneck Convolution (MBConv) blocks that use depthwise
convolution and Squeeze—Excitation (SE) to shrink spatial
resolution before handing features to global attention stages.
Stages S3 and S4 are transformer stages comprising relative
self-attention, followed by a feedforward network (FFN).
The network concludes with global pooling and a final fully
connected layer.

B. RATIONALE FOR USING THE CoAtNet MODEL

Different deepfake generation strategies change different
facial proportions and locations. For example, some tech-
niques only change small areas, such as the mouth region,
which reveals itself in colour mismatches in lips, while others
change larger areas, such as face borders, in face-swapping
techniques. In addition to the importance of local features,
global features provide crucial information about the extent
and intensity of manipulations. Therefore, these data can

29694

14 AUCD

S2: RepeatL, times

\
57

uopuany- 9y

uonuBNIY- 1Y

100d |€40|D
o4

S3: Repeat L, times
(14x14)

S4: Repeat L, times
(7x7)

be added to the detection process to improve the perfor-
mance of the deepfake detection algorithm [19]. Therefore,
both local and global features are essential for deepfake
detection.

There is a difference in the image processing and feature
extraction between CNNs and Vision Transformers. In a
CNN, the features are reduced progressively using the CNN
kernel, which moves over the input image. Finally, the fea-
tures are converted into a single feature used to classify the
image, as shown in FIGURE 2.

For the deepfake detection problem, CNN uses the facial
image’s partial features to search for a complete face to detect
anomalous features and predict fake images. On the other
hand, in Vision Transformers, there is a Cls token that is
connected to all patch features to identify closely related
components. The patches that are strongly related to class
tokens appear as active areas, which is essential for detecting
fake images. The CoAtNet model was selected to address
these limitations because it combines both CNN and ViT
architectures.

To the best of our knowledge, only two recent studies [20]
[21] have leveraged the CoAtNet-type architecture for the
deepfake detection problem.

The authors in [20] proposed a bagging ensemble approach
that leverages CoAtNet for deepfake detection. The model
employs CutMix data augmentation and integrates predic-
tions from multiple CoAtNet learners by using majority
voting, sum, or product rules. The authors evaluated CoAt-
Net only in an intra-dataset setting (training and testing in
the same dataset) on FF++ [7] and Celeb-DF [22] without
examining cross-dataset generalisation or broader generali-
sation performance. Their approach was frame-based with no
explicit temporal modelling.

In [21], the authors adapted CoAtNet to deepfake detection
in a frame-based manner: predictions are made for each of
15 randomly sampled frames, and also for each of 15 consec-
utive optical-flow frames. Optical-flow frames, also known as
"temporal frames’, are visual representations of the estimated
motion field between two consecutive video frames, where
each pixel encodes the displacement vector (direction and
magnitude) of apparent pixel movement, allowing models
to explicitly capture temporal dynamics and improve recog-
nition of actions or events beyond static appearance) [23].
During training, each frame or temporal frame is considered
individually. In testing (after training is complete), 15 frames
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TABLE 2. Mapping 2D CoAtNet components to their counterparts in our 3D-CoAtNet architecture.

Correspondin
Cozp;n;nts P g Components P f
in CoAtNet urpose . arto
Architecture b in 3D-CoAtNet
Architecture
Layer normalisation is a technique used to normalise the activations of a
layer of neurons in a neural network. Unlike batch normalisation, which
normalises the activations of a batch of inputs, layer normalisation TransformerBl
LayerNormCha . L . . LayerNormChan
nels normalises the actlvat.lon.s of.each individual e.xample in the bgtch. nels3D ock3D,
Overall, layer normalisation is a helpful technique for improving the Head3D
training and generalisation performance of deep neural networks (DNNs).
[25]
In the forward method, the residual block takes an input tensor x and
. . MBConv3D,
Residual passes it throqgh the shortcut path and the regldual path. The' oqtput of the Residual3D TransformerBl
shortcut path is added to the output of the residual path multiplied by the
. . ock3D
gamma parameter (trainable scaling parameter). [26]
Early convolutional layers that downsample and extract low-level features
Stem before deeper conv/attention stages; provides strong inductive bias and Stem3D CoAtNet3D
stable training for subsequent Transformer blocks. [13]
This represents a convolutional block in a neural network. MBConv3D
ConvBlock The ConvBlock class inherits from nn. Sequential, which means it is a ConvBlock3D Stem3D ’
sequence of PyTorch modules that will be executed in order.[27]
This represents the shortcut connection in a residual block of a
convolutional neural network. MBConv3D,
The shortcut connection is a way to bypass the convolutional layers in a Transformer
get_shorteut residual block and directly connect the input to the output. get_shortcut3d TransformerBl
This is done to facilitate the flow of gradients through the network during ock3D
training, and to help the network learn identity mappings. [26]
. Early convolutional layers that downsample and extract low-level features .
SqueezeExciteB . . . . . . SqueezeExciteB
Jock(SE) before degper conv/attention stages; provides strong inductive bias and lock3D MBConv3D
stable training for subsequent Transformer blocks.[28]
Uses an inverted residual bottleneck with depthwise convolutions and SE
MBConv to achieve efficient feature extraction with low FLOPs while preserving MBConv3D CoAtNet3D
accuracy. [29]
positional Positional encoding in CoAtNet provides the attention layers with explicit | 3D positional SelfAttention3
encodings location information, capturing both spatial and temporal positions [30]. encodings D
SelfAttention2d Models long-range dependencies via multi-heaq self-attention to capture SelfAttention3D | Transformer3D
global context that complements local convolutions. [30].
Position-wise (per token/patch) MLP that expands then projects features
FeedForward (e.g., GELU + linear layers), applied identically at each poiition [31] FeedForward3D | Transformer3D
TransformerBlo | A stack of (LayerNorm — Multi-Head Self-Attention — residual) and TransformerBlo CoAfNet3D
ck (LayerNorm — FeedForward — residual) sublayers [30] ck3D
Classification head: global pooling over spatial (and temporal)
Head dimensions followed by a linear classifier (often with dropout), produces Head3D CoAtNet3D
final logits. [13]
Organises multiple MBConv or Transformer blocks into stages with
BlockStack controlled depth and resolution changes, enabling scalable capacity and BlockStack3D CoAtNet3D
hierarchical features.[13]
A hybrid architecture that combines convolution (inductive
CoAtNet bias/efficiency) with attention (global context/capacity), stacking conv CoAtNet3D Model
then attention stages yields strong generalisation and scalability. [13]

or 15 consecutive temporal frames for a specific video are
subject to individual prediction, and the results are combined
by a voting technique to reach the video level prediction.
The authors examined the generalisation performance of
their deepfake detection approach by training on the FF4+
dataset [7] and testing on unseen data in the Celeb-DF [22]
and DFDC [24] datasets.

VOLUME 14, 2026

Ill. PROPOSED MODEL: 3D-CoAtNet MODEL

Unlike conventional detection approaches that rely heav-
ily on single-frame artefacts and post-hoc score averaging,
3D-CoAtNet adopts 3D spatial and temporal attention mod-
elling, in which features are jointly extracted across both
spatial and temporal dimensions. Features are derived by
inflating 2D-CoAtNet into 3D, replacing 2D convolutions,
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Input S0 $1 $2
T=15, 224x224 T=8, 112x112 T=8, 112x112 T=4,56x56,
c=3 C=64 C=64 C=128

FIGURE 3. 3D-CoAtNet architecture.

[Input (video): [C=3, T=15, H=224, W=224] ]

Stage 0: Stem3D ‘

Block 1: Conv3D(3 — 64, stride=2)
Block 2: Conv3D(64 —-64, stride=1)
Output shape: [C=64, T=8, H=112, W=112)

Stage 1: MBConv3D x 2l

Block 1: MBConv3D(64 - 64, stride=1)
Block 2: MBConv3D(64 - 64, stride=1)
Output shape: [C=64, T=8, H=112, W=112)

Stage 2: MBConv3D x 2

Block 1: MBConv3D(64 - 128, stride=2)
Block 2: MBConv3D(128 - 128, stride=1)
Output shape: [C=128, T=4, H=56, W=56]

¥

Stage 3: TransformerBlock3D x 2
Block 1: Transformer (128 - 256, stride=2)
Block 2: Transformer (256 - 256, stride=1)
. Output shape: [C=256, T=2, H=28, W=28] 4
> 3
Stage 4: TransformerBlock3D x 2
Block 1: Transformer (256 - 512, stride=2)

Block 2: Transformer (512 - 512, stride=1)
Output shape: [C=512, T=1, H=14, W=14]

Head ‘

LayerNormChannels3D
Global Average Pooling
Flatten

Linear (512 - 2) ‘

[Cutpuc: 2 classes

\ /

FIGURE 4. 3D-CoAtNet detailed architecture.

pooling, residual blocks, and self-attention layers with their
3D counterparts, ensuring that the network learns dynamic
temporal dependencies directly.

We build a 5-stage 3D-CoAtNet that follows CoAt-
Net’s principle of stacking convolutional stages followed
by transformer-style attention stages, but with all operators
jointly promoted to 3D to model space and time. Specifically,
the network is:

e Stem3D: two 3D convolution components.

e Convolutional stages (MBConv3D): two depthwise-
separable 3D blocks with Squeeze-and-Excitation and resid-
ual connections.

o Attention stages (TransformerBlock3D): two stages Self-
Attention3D, 3D positional encodings, and FeedForward3D.
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ndro

T=2,28x28, T=1,14x14, 512x2 2 Classes

e Head3D: LayerNorm over channels, global 3D average
pooling, dropout, and linear classifier for two classes.

TABLE 2 clarifies the detailed components of 2D-
CoAtNet, the purpose of each component, and the corre-
sponding components in 3D-CoAtNet. FIGURE 4 shows the
architecture of the 3D-CoAtNet model, while FIGURE 3
shows more details of the model.

IV. METHODOLOGY

A. PROPOSED MODEL

Our approach has two distinct stages. In the first, “Experi-
mental Settings”, we investigated a range of parameters to
determine effective settings. These preliminary experiments
served as the foundation for identifying configurations that
yielded acceptable performance in terms of the Area Under
the Curve (AUC) of the 3D-CoAtNet model.

In the first stage, we examined two parameters: (1) load-
ing pretrained weights and (2) modifying the number of
heads in the 3D-CoAtNet model. For the first parameter,
we compared three models. The first model had no pretrained
weights, the second was initialised with VGG16 weights [32],
and the third was initialised with X3D model weights [33].
For the second parameter, we tested configurations with 8§,
16, and 32 heads. The multi-head attention mechanism allows
each head to engage with different segments of the input
data. This helps the model to capture a variety of complex
relationships within the input [34]. At this stage, 15 frames
were extracted from each video of the DF dataset and used as
input instances for training a detection model.

The second stage, “Model Application”, uses the best
performing settings identified in stage one to train the model
on both 15 random frames and 15 consecutive optical flow
frames. Consistent with prior video-based deepfake detectors,
which typically use 8-32 frames per video, several works
adopt 15 or 16 frames as an efficient balance between cap-
turing enough video content and computational cost. For
example, GenConViT [35] uses 15 frames per video and [36]
uses 16 frames per video. During training, all 15 frames from
each video are processed together as a single input to the
model. The same applies when using 15 consecutive optical
flow frames. During testing, the frames belonging to each
video are also combined to generate a final prediction for that
video.

VOLUME 14, 2026
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FIGURE 5. Proposed model using 3D-CoAtNet architecture.

FIGURE 35 illustrates the details of the proposed approach
for exploring the 3D-CoAtNet model with combined frames
as input, grouped by video ID. In the second stage, the model
was trained on four categories of FF++-: DF, F2F, FS, and
NT. Weighted fusion was then used to evaluate the model on
FF++.

Weighted fusion is preferred over a single unified detector
because different manipulation-specific models capture com-
plementary artefacts, and combining them improves general-
isation to unseen distributions [37]. Weighted fusion assigns
each model a weight proportional to its AUC, giving more
influence to stronger models. The method converts model
probabilities into logits, computes a weighted sum of these
logits, and then applies a sigmoid to obtain the final fused
probability. This approach ensures that high-performing
models contribute more to the final combined model of
the four pretrained models for each FF++ category, while
weaker models have a reduced influence.

B. DATASETS

This study uses the following publicly available deepfake
datasets: FaceForensics+-+ [7] (raw version), DFDC [24]
and Celeb-DF [22] to ensure robust evaluation across
diverse manipulation techniques and real-world sce-
narios. These datasets vary in their manipulated-face
generation methods, which aids in assessing model
generalisation in both intra-dataset and cross-dataset settings.

VOLUME 14, 2026

15 Random frames
15 Optical flow frames

Using them also allows for direct comparisons with previous
studies.

The FF++ and Celeb-DF datasets were divided into train-
ing, validation, and testing sets using a 70%, 15%, and 15%
split, respectively. This division follows the data-splitting
strategy adopted in several prior deepfake-detection stud-
ies [38], [39]. The DFDC dataset is provided with predefined
training, validation, and testing sets.

C. PREPROCESSING

The frames are extracted from videos, then in each frame, the
face is extracted using dlib [40] and resized to 224 x 224 pix-
els. Face alignment was not used. For the 15 RGB frames,
15 random frames were selected, while for 15 optical flow
frames, 16 consecutive frames were extracted, then 15 cor-
responding consecutive optical flow frames were extracted
using Farnebidck [41] algorithm and saved the frame at size
224 x 224 pixels.

D. IMPLEMENTATION DETAILS

The following parameters have been employed in the exper-
iments. The initial learning rate was set to 1 x 1074, and
the batch size was 8. The AdamW optimiser was employed
to train the model for 50 epochs. Training was conducted
on an NVIDIA A100 Tensor Core GPU provided by the
Aziz Supercomputer at the Center of Excellence in High-
Performance Computing [42].
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TABLE 3. Average AUC scores of the 3D-CoAtNet model with different pretrained initialisations.

Celeb- AVG iz(c; AVG
Model DF F2F FS DFDC DF AUC Cr AUC
FF++ 935" | ANDS
dataset
Without weight loading | 0.897 | 0.647 0.539 0.696 0.588 0.617 0.695 0.603 0.664
VGGl16 0.861 0.635 0.518 0.660 0.574 0.644 0.669 0.609 0.649
X3D 0.925 | 0.701 0.503 0.701 0.569 0.672 0.708 0.621 0.679
TABLE 4. Average AUC scores of the 3D-CoAtNet model with different numbers of head channels.
Caen- | AVG | Jc | AYG
Model DF F2F FS DFDC DF AUC Cross- AUC
FF++ All DS
dataset
8 0.962 | 0.706 0.460 0.724 0.588 0.704 0.713 0.646 0.691
16 0.943 | 0.642 0.453 0.669 0.593 0.692 0.677 0.642 0.665
32 0.950 | 0.660 0.434 0.696 0.580 0.654 0.685 0.617 0.662

E. COMPUTATIONAL COMPLEXITY

We evaluate the computational cost of the proposed
3D-CoAtNet using an input video of 15 frames at 224 x
224 resolution, with tensor shape B x C x T x Hx W =8 x
3 x 15 x 224 x 224. We report model size in terms of train-
able parameters and checkpoint size, theoretical compute in
number of floating-point operations (FLOPs). The proposed
3D-CoAtNet contains 11.45 million trainable parameters,
corresponding to a checkpoint size of 43.78 MB.

FLOPs are computed using the fvcore library [43] by
tracing a single forward pass of the network given a fixed-size
input tensor, and reporting the total number of floating-point
operations required for inference per sample(video). For
a forward pass with batch size B = 8, the total num-
ber of floating-point operations is 230.312 GFLOPs, which
corresponds to approximately 28.79 GFLOPs per video
sample.

V. RESULTS

This section presents the results of the two-stage 3D-CoAtNet
approach, including experimental settings and model applica-
tions.

A. RESULTS OF STAGE 1
In stage one, two parameters were investigated: the loading
of the pretrained weights and the number of heads.

The results in TABLE 3 show that the X3D initialisation
achieved the highest average AUC across all settings, with
0.708 for FF++ datasets, 0.621 for cross-dataset evaluation,
and 0.679 overall. Training without weight loading produced
slightly lower averages (0.695, 0.603, and 0.664), whereas
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the VGG16 initialisation yielded the weakest results (0.669,
0.609, and 0.645). These findings indicate that video-based
pretraining (X3D) provides better results than both random
initialisation and image-based pretraining.

The results in TABLE 4 indicate that increasing the num-
ber of attention heads from 8 to 16 and 32 does not yield
performance gains; instead, a consistent degradation appears
across most datasets and aggregated AUC metrics. The
8-head configuration achieves the strongest results, with the
highest AVG AUC on FF++ (0.713), cross-dataset evalua-
tion (0.646), and the overall average (0.691), suggesting that
additional heads introduce unnecessary model complexity
without improving feature discrimination. In contrast, 16 and
32 heads show reduced performance, particularly in F2F,
FS, and Celeb-DF. The result aligns with prior transformer
analyses that more heads do not necessarily improve the
performance [44].

B. RESULTS OF STAGE 2
In stage 2, the 3D-CoATNet model with X3D pretrained
weights and 8 heads was applied to 15 frames and 15 optical
flow frames. As shown in TABLE 35, the 3D-CoAtNet model
achieved an average AUC of 0.770 on the FF++ dataset, out-
performing individual dataset training and indicating reliable
within-dataset detection. For the cross-dataset evaluation, the
model reached an average AUC of 0.656. Combining all
the datasets, the model produced an overall average AUC of
0.732.

TABLE 6 presents the results of the 3D-CoAtNet model
using the 15 optical flow frames. On the FF++ dataset,
it attains an average AUC of 0.812, which is substantially
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TABLE 5. Performance (AUC) of the 3D-CoAtNet model using 15 random frames.

. AVG
Trained on/ DF F2F FS NT | DFDC | Celeb-DF | AUC AVGAUV | AVG AUC
Tested on FF++ Cross-dataset All DS
DF 0.944 | 0.701 | 0.536 | 0.704 | 0.638 0.68 | 0.721 0.659 0.701
F2F 0.745 0.77 0.62 | 0.688 | 0.502 0.543 | 0.706 0.523 0.645
FS 0.597 0.66 | 0.717 0.64 | 0.481 0.471 | 0.654 0.476 0.594
NT 0.788 | 0.732 | 0.539 | 0.728 | 0.594 0.641 | 0.697 0.618 0.670
Weighted fusion | 0.921 | 0.781 | 0.642 | 0.735 | 0.636 0.676 | 0.770 0.656 0.732
TABLE 6. Performance (AUC) of the 3D-CoAtNet model using 15 optical flow frames.
Trained on/ AVG AVG AUV AVG AUC
fned on DF | F2F | FS NT | DFDC | Celeb-DF | AUC
Tested on FF++ Cross-dataset All DS
DF 0.871 | 0.559 0.68 | 0.628 | 0.537 0.601 | 0.685 0.569 0.646
F2F 0.708 | 0.707 | 0.648 | 0.737 | 0.538 0.595 | 0.700 0.567 0.656
FS 0.782 | 0.596 | 0.895 | 0.607 | 0.545 0.645 | 0.720 0.595 0.678
NT 0.708 | 0.654 | 0.637 | 0.765 | 0.509 0.566 | 0.691 0.538 0.640
Weighted fusion | 0.894 0.68 | 0.896 | 0.778 | 0.554 0.681 | 0.812 0.618 0.747
TABLE 7. Performance (AUC) of the 3D-CoAtNet model using combined 15 random frames (RF) and 15 optical flow frames (OF).
AVG
Model DF F2F FS NT DFDC | Celeb-DF AUC AVG AUV AVG AUC
FF++ Cross-dataset All DS
3D-CoAtNet, 15RF | 0921 | 0.781 | 0.642 | 0.735 | 0.636 0.676 0.770 0.656 0.732
3D-CoAtNet, 150OF | 0.894 | 0.680 | 0.896 | 0.778 | 0.554 0.681 0.812 0.618 0.747
3D-CoAtNet, Fused
15 RF+15 OF 0.934 | 0.782 | 0.885 | 0.810 | 0.623 0.722 0.853 0.672 0.793

higher than the 0.685-0.720 range obtained with single-
dataset training. For the cross-dataset evaluation, it reached an
average AUC of 0.618, outperforming the 0.538-0.595 range
observed with individual training setups.

Then, a combined metric of 15 random frames and 15 opti-
cal flow frames was calculated using weighted fusion to
enhance the evaluation for both the intra-dataset and the
cross-dataset. As shown in TABLE 7 and FIGURE 6, the
combined evaluation of 15 random frames and 15 optical flow
frames achieved the highest intra-dataset performance with
an average AUC of 0.853, which is 8.3 percentage points
higher than the 0.770 obtained using only random frames,
and 4.1 percentage points higher than the 0.812 achieved
with only optical flow. Similarly, in the cross-dataset eval-
uation, the combined model provides an improvement of
1.6 percentage points (0.672 vs. 0.656) compared to ran-
dom frames, and 5.4 percentage points compared to optical
flow (0.618). When considering all datasets, the combined
approach maintained the strongest overall average AUC of
0.793, representing an improvement of 6.1 percentage points
over random frames (0.732) and 4.6 percentage points over
optical flow (0.747). These results confirm that the fusion
results of the 3D-CoAtNet model trained on random frames
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and optical flow frames provide a more generalisable rep-
resentation, thereby enhancing the performance for both
within-dataset and unseen datasets.

VI. PERFORMANCE EVALUATION COMPARISON

For comparison purposes, the proposed 3D-CoAtNet model
is first compared with CoAtNetl6A [21] and subsequently
with state-of-the-art studies.

A. COMPARISON WITH CoAtNet16A

1) COMPARING 15 RANDOM FRAMES BETWEEN
CoAtNet16A AND 3D-CoAtNet

As shown in TABLE & and FIGURE 7, CoATNetl6A
achieved a near-perfect average AUC of 0.997 on the FF++
datasets, which is 22.7 percentage points higher than the
0.770 obtained by the proposed 3D-CoAtNet. However,
in the cross-dataset evaluation, 3D-CoAtNet provided an
improvement of 12 percentage points (0.656 vs. 0.536),
demonstrating stronger generalisation to unseen data. When
considering all datasets, CoATNet16A maintained a higher
overall average AUC of 0.843, which was 11.1 percent-
age points greater than the 0.732 achieved by 3D-CoAtNet.
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FIGURE 6. 3D-CoAtNet with 15 Random Frames (RF) and 15 Optical Flow (OF) Fusion.

TABLE 8. 15 Random frames (RF) comparison of the CoAtNet16A and 3D-CoAtNet models.

Celeb AVG %g AVG
Model DF F2F FS NT DFDC ereb- AUC AUC All
DF Cross-
FF++ DS
dataset
CoATNetl6A- 15 RF 0.9988 0.996 0.9955 0.9957 0.5547 0.5167 0.997 0.536 0.843
3D-CoAtNet- 15RF 0.9210 0.7810 0.6420 0.7350 0.6360 | 0.6760 0.770 0.656 0.732

These results highlight the trade-off between the two mod-
els: CoATNetl6A is superior in within-dataset detection,
whereas 3D-CoAtNet sacrifices some in-domain perfor-
mance to achieve better cross-dataset robustness.

2) COMPARING 15 OPTICAL FLOW FRAMES BETWEEN
CoAtNet16A AND 3D-CoAtNet

As shown in TABLE 9 and FIGURE &8, the CoATNet16A
model achieved a stronger overall performance than 3D-
CoATNet when using 15 optical flow frames. On the FF4+
datasets, CoATNet16A recorded an average AUC of 0.962,
which is 15 percentage points higher than the 0.812 obtained
by 3D-CoAtNet. For the DFDC dataset, the results are
almost the same in both models, whereas in the Celeb-DF
dataset, CoAtNet16A provides an improvement of 6.8 per-
centage points (0.749 vs. 0.681). These results indicate
that, unlike in the random-frame setting, CoAtNet16A sur-
passes 3D-CoAtNet in both intra-dataset detection and
cross-dataset robustness when optical flow frames are
utilised.

B. COMPARISON WITH RELATED STUDIES

In this section, we present a comparison between the pro-
posed 3D-CoAtNet model, which fuses 15 random RGB
frames with 15 optical-flow frames per video, and 12 state-

of-the-art deepfake detection methods across six datasets
(DF, F2F, FS, NT, DFDC, and Celeb-DF). The evaluation
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compares the performance metric (AUC) and reports the
absolute difference between the performance of the two mod-
els in percentage points (pp).

In our experiments, we divided the FF++ and Celeb-DF
datasets into 70% training, 15% validation, and 15% test-
ing sets. In contrast, the authors of [45] randomly sampled
the datasets. For DFDC, [45] evaluated the DFDC-Preview
subset using approximately 500 randomly selected videos,
whereas we used approximately 5,000 videos, that is, the full
test set of the DFDC dataset. A similar difference holds for
Celeb-DF: [45] tested on approximately 500 videos, whereas
we used approximately twice as many videos. In addition,
[45] used a larger input resolution of 256 x 256 pixels. Con-
sequently, these differences in splitting strategy, sample size,
and input resolution indicate that any cross-study comparison
is only an approximate rather than a precise like-for-like
evaluation.

As shown in TABLE 10, intra-dataset evaluation of the
four FF++ categories (DF, F2F, FS, and NT) showed a
mixed pattern. 3D-CoAtNet attains a DF of 0.934, edg-
ing the strongest baseline (F3Net, 0.9335) by +0.05 per-
centage points (pp). On F2F, 3D-CoAtNet trails the best
baseline (Dynamic-Difference Learning) by —13.88 pp
(0.7823 vs. 0.9211). In contrast, for FS, the gap to the
best result (Dynamic-Difference Learning) is only —3.06 pp
(0.8845 vs. 0.9151). Finally, on NT, 3D-CoAtNet and
Dynamic-Difference Learning were nearly tied to achieve the
best performance (0.8100 vs. 0.8119).

VOLUME 14, 2026



E. Alattas et al.: Beyond Frames: 3D-CoAtNet for Generalizable Deepfake Video Detection

IEEE Access

TABLE 9. 15 Optical flow (OF) frames comparison of the CoAtNet16A and 3D-CoAtNet models.

AVG :YJS AVG

Model DF F2F FS NT DFDC | Celeb-DF | AUC Cross- AUC

FF++ All DS

dataset

CoATNetl6A-150F | 0.985 | 0.954 | 0.979 | 0.929 | 0.545 0.749 0.962 0.647 0.857

3D-CoAtNet- I5OF | 0.894 | 0.680 | 0.896 | 0.778 | 0.554 0.681 0.812 0.618 0.747
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FIGURE 7. 15 Random Frames (RF) for CoAtNet16A and 3D-CoAtNet.
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FIGURE 8. 15 Optical Flow Frames (OF) for CoAtNet16A and 3D-CoAtNet.

For cross-dataset transfer to DFDC, 3D-CoAtNet achieved
0.6229, which is 10.79 percentage points (pp) below the top
baseline, Dynamic-Difference Learning (0.7308). However,
our model was evaluated on the DFDC dataset, whereas
Dynamic-Difference Learning [45] reported the results on the
DFDC Preview set.

Conversely, 3D-CoAtNet achieved the strongest per-
formance on the Celeb-DF dataset. It achieves 0.7216,
outperforming the strongest baseline (Dynamic-Difference
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Learning, 0.7136) by +0.80 pp. This highlights the 3D-
CoATNet’s ability to capture temporal-spatial cues that are
transferred more effectively to Celeb-DF.

Overall, 3D-CoAtNet is a competitive within-dataset eval-
uation (best on DF with +0.05 pp) and strong in cross-dataset
generalisation to Celeb-DF (4-0.80 pp); however, it underper-
forms the best baseline on F2F (-13.88 pp), FS (=3.06 pp),
and NT (-0.19 pp). Taken together, these results sug-
gest that, while 3D-CoAtNet provides measurable gains
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TABLE 10. Performance comparisons between 3D-CoAtNet and related studies. The training dataset is FF++. The related studies’ results are reported

in [45].
Models DF F2F FS NT DFDC Celeb-DF
ShallowNet [46] 0.855 0.7487 0.7523 0.6002 0.5048 0.531
Mesonet [6] 0.8784 0.7988 0.7739 0.638 0.624 0.5837
Xception [47] 0.9042 0.8689 0.836 0.7309 0.5826 0.6171
F3Net [48] 0.9335 0.9192 0.9112 0.807 0.6596 0.6204
Multi-att [49] 0.9246 0.9109 0.8986 0.8094 0.6747 0.595
GFF [50] 0.8879 0.873 0.8595 0.7735 0.6599 0.6246
CNN+LSTM [51] 0.7669 0.6549 0.5951 0.6394 0.556 0.5242
DBIRNN [52] 0.9152 0.8665 0.8753 0.6849 0.6263 0.6241
CLRNet [53] 0.9231 0.8545 0.8574 0.6816 0.5994 0.6371
ConvLSTM [54] 0.9323 0.857 0.773 0.7405 0.5251 0.6667
DIL [55] 0.7676 0.676 0.6226 0.5996 0.5401 0.5631
Dynamic-difference learning [45] 0.9298 0.9211 0.9151 0.8119 0.7308 0.7136
3D-CoAtNet (rank from 13) 0.934 (1) | 0.7823(10) | 0.8845(4) | 0.8100(2) | 0.6229(7) | 0.7216(1)
1
09
0.8
m ShallowNet
0.7 m Mesonet
W Xception
0.6 o F3Net
Multi-att
S o0s mGFF
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B CNN+LSTM
0.4 mDBIRNN
M CLRNet
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FIGURE 9. AUC scores of the 3D-CoATNet model compared to state-of-the-art deepfake detectors.

on certain manipulations and on challenging cross-dataset
transfer to Celeb-DF, further refinement may be required
to close the remaining gaps. FIGURE 9 presents a com-
parison of the performance of the proposed 3D-CoAtNet
model with existing baseline methods across various
datasets.
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VII. DISCUSSION AND LIMITATIONS

The present study demonstrates that extending CoAtNet
into a 3D architecture (3D-CoAtNet) enables more effective
modelling of spatiotemporal cues in deepfake videos, pro-
ducing competitive within-dataset performance and improved
cross-dataset generalisation compared with 2D CoAtNet
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variants. The results show that X3D-based video pre-
training and 8-head configuration yield effective settings
for 3D-CoAtNet, outperforming both random initialisation
and image-based pretraining and avoiding the degradation
observed with 16 or 32 heads. Moreover, combining 15 RGB
frames with 15 optical-flow frames via weighted fusion
produced the highest overall AUC (0.793), confirming that
multi-frame temporal modelling substantially enhances gen-
eralisability across unseen datasets.

Only two prior studies have leveraged CoAtNet archi-
tectures for deepfake detection [20], [21], and both operate
exclusively on 2D representations. However, the present work
therefore offers the first generalisation of CoAtNet into a
3D architecture designed to learn spatiotemporal features.
Relative to [21], which aggregated predictions from 15 RGB
or optical-flow frames via voting, our study shows that
treating multi-frame sequences as unified video volumes -
not independent frames - yields more stable performance
across datasets. Whereas [21] reported strong intra-dataset
detection but weaker cross-dataset robustness, the present
work shows that 3D-CoAtNet narrows this gap, particularly
through its fused random frames and optical flow frames
pipeline. This divergence likely stems from the architec-
tural difference: 3D-CoAtNet learns joint temporal-spatial
patterns, whereas [21] relies on voting of single-frame
decisions.

This study introduces the first 3D extension of the
CoAtNet architecture, demonstrating that CoAtNet’s hybrid
convolution—attention structure can be successfully gener-
alised to video-based deepfake detection. Practically, these
findings highlight the importance of stacking multiple frames
into a 3D model for deepfake detection systems. The
deepfake detection systems can be deployed in real-world
environments, where unseen manipulations and distribu-
tion shifts are common. Fusing random frames and optical
flow frames as input to 3D-CoAtNet provides a more sta-
ble tool for identifying manipulations across heterogeneous
datasets.

Despite its strengths, several limitations must be acknowl-
edged. First, although 3D-CoAtNet improves cross-dataset
generalisation relative to 2D CoAtNet variants, its abso-
lute performance on some manipulations (e.g., F2F, FS,
DFDC) remains below the best published baselines. Sec-
ond, the study evaluates only 15-frame segments, moti-
vated by computational tractability. Longer temporal win-
dows or dynamic frame-sampling strategies should be
explored.

VIil. CONCLUSION

This study introduces 3D-CoAtNet, a spatiotemporal exten-
sion of the CoAtNet backbone designed to improve the
generalisation of deepfake video detection. Building upon
frame-based CoAtNet [21], 3D-CoAtNet eliminates reliance
on single-frame artefacts. The core contribution of this work
lies in inflating 2D-CoAtNet into a 3D architecture, replac-
ing all convolutional, residual, pooling, and self-attention
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operators with their 3D counterparts, thereby enabling the
direct learning of temporal dynamics essential for video
forensics.

This paper provided a comprehensive description of the
3D-CoAtNet framework, covering its architectural design
and experimental configurations, including pretrained weight
sources and attention-head configuration. The results identi-
fied X3D-based video pretraining and an 8-head design as
the most effective foundations for robust detection. Building
on these findings, the work further developed multi-frame
detection models using 15 random frames, 15 optical-flow
frames, and a fused representation that jointly captures spatial
appearance and motion cues.

Across six datasets, the fused 3D-CoAtNet model achieved
competitive intra-dataset performance and demonstrated
improved generalisation to unseen datasets, particularly
Celeb-DF. These results highlight the importance of incor-
porating temporal information directly within the model
architecture, rather than relying solely on frame-based deci-
sion fusion.

Future research should focus on redesigning the internal
architecture of 3D-CoAtNet and undertaking comprehen-
sive ablation studies to better understand how individual
architectural components influence intra- and cross-dataset
generalisation and computational efficiency. Another possi-
ble direction is the exploration of multimodal integration,
such as incorporating audio alongside visual information,
to enhance detection robustness and mitigate reliance on
visual artefacts. In addition, extending the application of
3D-CoAtNet to broader video classification problems may
provide valuable insights into its transferability beyond deep-
fake detection.
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