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Abstract—Multimodal manipulations (also known as audio-
visual deepfakes) make it difficult for unimodal deepfake detec-
tors to detect forgeries in multimedia content. To avoid the spread
of false propaganda and fake news, timely detection is crucial.
The damage to either modality (i.e., visual or audio) can only
be discovered through multimodal models that can exploit both
pieces of information simultaneously. However, previous methods
mainly adopt unimodal video forensics and use supervised pre-
training for forgery detection. This study proposes a new method
based on a multimodal self-supervised-learning (SSL) feature
extractor to exploit inconsistency between audio and visual
modalities for multimodal video forgery detection. We use the
transformer-based SSL pre-trained Audio-Visual HuBERT (AV-
HuBERT) model as a visual and acoustic feature extractor and
a multi-scale temporal convolutional neural network to capture
the temporal correlation between the audio and visual modalities.
Since AV-HuBERT only extracts visual features from the lip
region, we also adopt another transformer-based video model to
exploit facial features and capture spatial and temporal artifacts
caused during the deepfake generation process. Experimental
results show that our model outperforms all existing models and
achieves new state-of-the-art performance on the FakeAVCeleb
and DeepfakeTIMIT datasets.

Index Terms—Deepfakes, Deepfake detection, Audio-Visual,
Lip Syn, Inconsistency, Video Forgery, Audio-Visual Deepfake
Detection, Multimedia Forensics, Multimodality

I. INTRODUCTION

With smartphones, social networks, and the high-speed
internet, it is now available at one’s fingertips to capture,
upload, and share content without any delays or fees. However,
this convenience makes the spread of deepfakes a heavy
social cost raising major social and ethical issues [1], [2].
The term “deepfake” encompasses synthetic media such as
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Fig. 1. Illustration of various deepfake manipulation techniques applied to a 
real audio-visual sample. The real sample (left) highlighted by the dark blue 
border contains the original video frames and corresponding audio waveform. 
The manipulated (fake) samples highlighted by dark red borders are generated 
using Wav2Lip, Faceswap, Faceswap-wav2Lip, Fsgan, Fsgan-wav2Lip, and 
RTVC (Real-Time Voice Cloning). The video frames highlighted by blue 
borders represent real frames, while the video frames highlighted by red 
borders represent manipulated (fake) frames. The blue waveforms represent 
real audio, while the red waveforms represent manipulated (fake) audio.

images, videos, audio, and text. While there are many ben-
efits t o g enerating c ontent t hrough a rtificial in telligence (AI)
technology, it also has a dark side. AI-generated content is
often used for unethical objectives and malicious purposes, 
including disinformation, pornography, fraudulent activities,
and political defamation [1]–[4]. Social networks [5] are 
conduits for this type of manipulated content and often do 
not have filtering mechanisms t o prevent i ts r apid spread.

Deepfakes exist in various modalities, each posing distinct
challenges. Text deepfakes refer to seemingly real text infor-
mation manipulated or generated by AI. Examples include fab-
ricated news articles [6], deceptive online reviews [7], and syn-
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thetic text that incites violence [8]. Audio deepfakes involve
the acoustic manipulation of audio using voice conversion
and text-to-speech techniques (such as WaveNet [9], Wave-
Glow [10], MelNet [11], and Tacotron [12]). SV2TTS [13] is
a real-time voice cloning tool that synthesizes fabricated audio
content without altering visual content, such as video frames.
Among the various forms of deepfake media, video deepfakes
are the most prevalent. These AI-generated videos realistically
superimpose one person’s face onto another, modifying ex-
pressions or mimicking speech patterns. Faceswap [14] and
FSGAN [15] are common techniques for visual deepfake
manipulation.

Advances in deepfake generation technology have made
the task of facial forgery detection significantly challenging.
Audio-visual deepfake techniques have reached new levels of
realism with this advancement. The realistic nature of audio-
visual deepfake videos stems from the simultaneous manipu-
lation of both audio and visual modalities and the consistency
between synthesized speech and facial movements, making
traditional forgery detection methods less effective. Humans
often fail to distinguish real from manipulated videos, yet
remain overconfident in their judgments [16], [17]. Similarly,
recent multimodal large language models (LLMs) such as
ChatGPT [18] demonstrate limited effectiveness in multimedia
forensics and struggle with highly realistic manipulations.
These challenges require more advanced detection strategies
that go beyond simple frame-based analysis and the devel-
opment of specialized tools and algorithms designed specifi-
cally for multimedia forensics tasks. To solve this problem,
the forensics research communities in the fields of image,
video, and audio have specially designed algorithms to de-
tect manipulation in videos. The image and video forensics
research community focuses primarily on detecting visual
forgeries [19]–[23], while the audio forensics research com-
munity has developed detection systems to detect acoustic
manipulation [24]–[26]. Due to their unimodal nature, these
detectors fail when the manipulated modality is not seen
during training. Spoofed audio can evade visual deepfake
detectors, while audio deepfake detectors cannot catch visual
deepfakes.

Recently, inspired by human’s ability to process audio and
visual signals simultaneously to perceive the world [27], the
field of multimedia forensics has turned to the development of
multimodal systems for effective deepfake detection. Humans
instinctively combine auditory and visual signals to assess the
authenticity of content, often relying on the synchronization of
speech and facial movements. Likewise, utilizing multimodal
data such as audio and visual modalities has emerged as a
promising approach to improve the accuracy and robustness
of video forgery detection [28]. Therefore, we choose to
integrate audio and visual information into our bimodal ap-
proach to identify audio-visual deepfakes. To further facilitate
this audio-visual deepfake detection technology, various pre-
trained models were fine-tuned on deepfake video datasets to
detect manipulation.

Pre-trained self-supervised-learning (SSL) models have re-
cently emerged and achieved success in various downstream
tasks. Audio-Visual HuBERT (AV-HuBERT) [29] is an SSL-

based audio-visual representation learning model that achieves
state-of-the-art performance in lip reading, audio-visual speech
enhancement [30], audio-visual speech separation [30], and
audio-visual speech recognition [31]. Motivated by its state-of-
the-art performance in multiple downstream tasks, we leverage
AV-HuBERT for feature extraction to capture the inconsistency
between the mouth region of interest and the corresponding
audio modality for the downstream task of audio-visual deep-
fake detection. Considering that lip feature-based deepfake
detectors may fail when the lip region is not manipulated or
only slightly manipulated, to enhance our audio-visual forgery
detection model, we also employ Video Vision Transformer
(ViViT) [32] as the face encoder to exploit whole-face features
to assist our proposed audio-visual deepfake detector. By
integrating powerful audio-visual representations, speech-lip
synchronization features, and spatiotemporal facial features,
the proposed system achieves state-of-the-art performance on
the FakeAVCeleb [33] and DeepfakeTIMIT [34] datasets.

This work focuses on deepfake detection of frontal face
videos with speech in the audio track. Such deepfake videos
of celebrities are widely circulated on social media platforms
to spread misinformation (or disinformation) or tarnish a
person’s reputation, causing serious harm to society. Our main
contributions are as follows.

• We propose AV-Lip-Sync+, a novel audio-visual deepfake 
detection model that combines self-supervised speech-lip 
synchronization features, audio-visual embeddings, and 
facial representations to capture multimodal inconsisten-
cies and spatiotemporal artifacts.

• We leverage a transformer-based architecture to improve 
temporal modeling and cross-modal alignment, surpass-
ing conventional CNN-based approaches in capturing 
subtle deepfake cues.

• We introduce a dedicated face encoder to enhance the 
detection performance on full-face manipulations (e.g., 
Faceswap and FSGAN), and evaluate the model’s ro-
bustness under generalization and partial face occlusion 
scenarios.

• Extensive experiments on multiple benchmark datasets, 
including FakeAVCeleb, DeepfakeTIMIT, and DFDC, 
demonstrate that our approach consistently outperforms 
existing state-of-the-art methods in terms of accuracy and 
robustness.

II. RELATED WORK

In this section, we first briefly review common deepfake
video generation techniques, and then introduce state-of-the-
art methods for deepfake detection.

A. Deepfake Generation

Deepfake manipulation comes in many forms, with vi-
sual forgery [14], [35]–[39] being the most common,
which involves using deepfake generation models such as
Faceswap [14], FSGAN [15], and wav2lip [40] to manip-
ulate the entire face, facial expressions, or lip movements.
Traditional deepfake techniques are limited to visual forgery,
leaving the audio unaltered. The evolution of synthetic media
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technology has significantly improved the realism of decep-
tive content, among which audio-visual deepfakes enable the
integration of visual and auditory alterations. Techniques like
Faceswap-wav2lip and Fsgan-wav2lip simultaneously manipu-
late face and lip movements and align the latter with the audio
track. Fig. 1 shows real and various audio-visual fake video
samples from the FakeAVCeleb dataset [33]. The focus of our
study is on detecting audio-visual deepfakes.

B. Deepfake Detection

High-quality AI-generated content is useful in many ways,
but it also comes at a cost, and timely detection is crucial
to avoid any harm to society [3]. To avoid the spread of
misinformation and disinformation and to protect the repu-
tations and privacy of individuals, we need automated meth-
ods to promptly detect deepfake content in our widespread
digital world. Academia and industry have made considerable
progress in using deep learning-based methods to detect forged
multimedia content. These deep learning-based deepfake de-
tection methods can be roughly divided into two major cate-
gories: unimodal and multimodal methods.

Unimodal forgery detection models are specifically designed
to detect forgery in one modality (video or audio) and rely
only on the corresponding modality to identify forgery. Video
forgery detectors can be divided into three types [41]: phys-
iological, visual artifact-based, and high-level feature-based
methods. In physiological methods, researchers have exploited
abnormal eye blinks [42] and incoherent head poses [43]. Vi-
sual artifact-based methods analyze anomalies and irregulari-
ties such as unnatural facial movements, illumination variation,
blended face boundaries, and misalignment of video content.
FInfer [44] is a frame inference-based detection framework
to solve the problem of high-visual-quality deepfake detec-
tion. ICM [45] is a deepfake detection model that captures
dynamic inconsistencies between visual frames in deepfake
videos. GFA-CNN [46] is proposed to learn identity-aware and
generalizable features for face anti-spoofing tasks. High-level-
feature-based deepfake detectors extract high-level features
that are immune to video processing (e.g., compression).
Lipforensics [19] is an example of a high-level feature-based
deepfake detector that leverages a lip-reading-based model to
detect abnormal lip movements for video deepfake detection.

Video forgery detection models have achieved excellent
results, thanks to various rich datasets available for model
training, such as DeepfakeTIMIT [34], UADVF [43], Face-
Forensics++ [47], Celeb-DF [48], DFDC [49], DeeperForen-
sics [50], and the recently released multimodal FakeAVCeleb
dataset [33]. Well-known unimodal fake video detection mod-
els include Capsule Forensics [20], HeadPose [21], Xcep-
tion [22], LipForensics [19], Meso-4 and MesoInception-
4 [23].

On the other hand, to trick automatic speaker verification
systems, attackers can develop audio spoofing attacks or replay
attacks using only a few minutes of a person’s recorded
speech, which makes these systems vulnerable. Similar to
video deepfakes, audio spoofing attacks are a major challenge
that must be solved. In response to audio spoofing attacks

on automatic speaker verification systems, the audio forensics
community has proposed various traditional and deep learning-
based methods [51]. Most traditional systems use short-term
power spectrum, short-term phase spectrum, and long-term
spectral features as front-end features. Backend classifiers are
based on traditional machine learning models or ensemble
models. Deep learning-based models can be roughly divided
into multi-pass, end-to-end, and ensemble models. Using
different hand-crafted acoustic features or raw waveforms,
audio spoofing detection methods [24]–[26] can differentiate
between genuine speech and spoofed speech. A step forward
from whole-utterance spoof detection, H-MIL [52] employs
a multiple instance learning approach for partially spoofed
speech detection.

Recently, deepfake technology has expanded from uni-
modal manipulation to multimodal manipulation (such as
audio-visual manipulation). Audio-visual deepfakes involve
simultaneously manipulating the facial features and speech
patterns of a subject in a video, making them more intricate
and less detectable. Unimodal deepfake video and spoofed
audio detectors are insufficient to detect these audio-visual
manipulations. Despite their effectiveness in certain cases,
these unimodal techniques often lack the ability to iden-
tify crossmodal inconsistencies. To solve this problem, the
multimedia forensics community has proposed several deep
learning-based methods to capture unimodal or multimodal
manipulations. To effectively identify audio-visual deepfakes
and reduce their misuse, advanced detection techniques that
combine multimodal fusion, temporal consistency analysis,
and deep learning-based anomaly detection are needed, all of
which face considerable challenges.

Few studies have addressed this problem through mul-
timodal methods that exploit faces as visual features and
mel-frequency cepstral coefficients (MFCCs) as acoustic fea-
tures [53], or detect forged videos based on facial and speech
emotions [54]. To capture the intrinsic synchronization be-
tween visual and acoustic modalities, Facebook AI [55] built
a sync-stream by connecting video and audio network fea-
ture representations through intra-attention (self-attention) and
inter-attention mechanisms within and across the video and
audio modalities. In [56], speech-lip synchronization features
based on the difference between the extracted lip sequence
and the synthetic lip sequence are used to detect audio-visual
deepfakes. This model requires the wav2lip [57] module to
generate lip sequences from audio, which increases model
complexity, training, and inference time. AVFakeNet audio-
visual forgery detection method [58] uses Swin Transformer as
the feature extraction module. In [59], a multimodal deepfake
detector based on ensemble learning is introduced to leverage
multiple learners and make decisions based on hard voting. In
its subsequent extended model in [60], three separate models,
namely audio network, video network, and audio-visual net-
work, are all built on pre-trained transformer-based foundation
models. The main disadvantage of ensemble learning is its
time-consuming process due to the involvement of multiple
training models.

The field of multimodal forgery detection is still less ex-
plored, and further research is needed to determine how to
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Fig. 2. The proposed AV-Lip-Sync+ architecture for multimodal forgery detection. The lip image sequence is extracted from the input video, while the log
filterbank energies are extracted from the audio track. The SSL pre-trained model consists of ResNet-18 for visual feature extraction, FFN for acoustic feature
extraction, and a transformer encoder to extract spatiotemporal information from the visual and acoustic features. The extracted audio-visual features are
further mapped through multi-scale temporal convolution network (MS-TCN), temporal pooling, and linear layer for classification.

effectively use audio-visual information to detect forgery in
any modality of multimedia content.

III. METHODOLOGY

As shown in Fig. 2, our proposed AV-Lip-Sync+ model
consist of three feature extractors, namely a lip image feature
extractor, an acoustic feature extractor, and an audio-visual
feature extractor. These feature extraction modules are fol-
lowed by the Sync-Check Module, Feature Fusion Module,
and Temporal Convolutional Network to capture the tempo-
ral correlation between visual and audio features. Finally,
a temporal pooling layer and a linear layer are used for
classification. Our feature extractors are based on the AV-
HuBERT model [29] pre-trained on the LRS3 dataset [61].
AV-HuBERT will be fine-tuned when training the detection
model on the multimodal deepfake datasets.

A. Audio-Visual Feature Extractor

As shown in Fig. 2, the audio-visual feature extractor
consists of a Resnet-18, a light-weight Feed Forward Network
(FFN), and a transformer encoder. The 2-D Resnet-18 with
front-end 3-D convolutional layers is used to extract lip-based
visual features from each input lip image frame. The FFN is
used to extract frame-level acoustic features from the input
log filterbank energies of the audio waveform. These frame-
level visual and acoustic features are concatenated along the
feature dimension and fed to the transformer encoder, which
generates a 768-D audio-visual embedding sequence F⃗av via

F⃗av = Fθe(v, a), (1)

where v and a represent frame-level visual features and
acoustic features, respectively.

B. Lip Image Feature Extractor

In the lip image feature extractor, the output of Resnet-18 is
fed to the transformer encoder, which generates the lip image
embedding sequence F⃗v via

F⃗v = Fθe(v, adropout), (2)

where adropout indicates audio dropout, i.e., the audio infor-
mation is not used.

C. Acoustic Feature Extractor

In the acoustic feature extractor, the output of FFN is fed to
the transformer encoder, which generates the acoustic feature
embedding sequence F⃗a via

F⃗a = Fθe(vdropout, a), (3)

where vdropout indicates video dropout, i.e., the visual infor-
mation is not used.

D. Sync-Check Module

Because deepfake technology is not yet mature enough
to generate synchronized and perfect audio-visual deepfakes,
there is often a disharmony between the visual and audio
modalities of deepfake videos, as shown in Fig. S1 in the
Supplementary Material. This idea motivates us to exploit
synchronization between lip movements and speech to detect
forgeries in deepfake videos. Therefore, the input of the sync-
check module includes the output representation F⃗v of the
lip image feature extractor and the output representation F⃗a

of the acoustic feature extractor. For each time frame i, we
calculate the absolute difference between the corresponding lip
embedding F⃗vi and audio embedding F⃗ai to capture the frame-
level difference between the visual and acoustic modalities.
Consequently, the output of the sync-check module is the sync-
based feature vector sequence F⃗sync calculated as

F⃗sync = {|F⃗vi − F⃗ai|}Ti=1, (4)

where T is the number of frames in the input video.

E. Feature Fusion Module

In addition to the sync-based feature vector sequence F⃗sync,
the robust audio-visual feature vector sequence Fav obtained
from the audio-visual feature extractor also captures the cor-
relation between the two modalities. Therefore, we combine
these two audio-visual representations for multimodal forgery
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TABLE I
STATISTICS OF MULTIMODAL FOGERY DATASETS FOR DEEPFAKE DETECTION.

Datasets Real Videos Fake Videos Manipulation Methods No of Subjects Visual Manipulation Audio Manipulation

FakeAVCeleb [33] 500 20000 Faceswap, Fsgan,
wav2lip, RTVC 500 Yes Yes

DeepfakeTIMIT [34] 320 320 Faceswap 32 Yes No

detection. In the feature fusion module, F⃗av and F⃗sync are
concatenated along the feature dimension to form a fusion
representation sequence F⃗fusion as

F⃗fusion = F⃗av ⊕ F⃗sync, (5)

where ⊕ denotes the concatenation operation.

F. Temporal Convolutional Network and Classifier

The temporal dynamics across the audio and visual frames
contain important information about the video content. To
capture inter-modal and intra-modal temporal correlations, we
adopt the multi-scale temporal convolutional network (MS-
TCN) in [62]. Temporal convolution takes a sequence of
frame-level feature vectors and maps them into another se-
quence of the same dimension using one-dimensional temporal
convolution. The temporal convolutional network acts as a
sequence encoder, capturing short-term and long-term infor-
mation by providing the network with visibility across multiple
time scales. MS-TCN is followed by a temporal pooling layer
and a linear layer for outputting the Real/Fake probability
given F⃗fusion as

ŷ = Fθm(F⃗fusion), (6)

where ŷ represents the probability of the target class.

G. Model Training

The model is trained with the cross-entropy loss, defined as

L(y, ŷ) = − 1

N

N∑
i=1

[yi log ŷi + (1− yi) log (1− ŷi)], (7)

where N is the number of training samples, yi represents
the ground truth label of the i-th sample (0 or 1), and ŷi
represents the class prediction probability of the i-th sample.
During training, the pre-trained front-end feature extractors
and transformer encoder are fine-tuned, while MS-TCN and
the linear classifier are trained from scratch.

H. AV-Lip-Sync+ with FE

As reported in [56], speech-lip synchronization based meth-
ods may not be good at detecting fake videos generated by
some visual manipulation models such as Faceswap and FS-
GAN. In these types of fake videos, the video contains only
visual manipulation, while the audio is genuine. Furthermore,
the manipulation does not necessarily occur in the lip region,
but artifacts can be observed in other regions or throughout the
face, including face boundaries. Deepfake detectors based on
lip features may fail when the lip region is not manipulated,
or when there is little manipulation in the mouth region.
To address these issues, we use a face encoder to utilize

the entire face features to enhance our proposed deepfake
detector and make it more robust and generalizable to deep
face manipulation techniques. To this end, we employ the pre-
trained ViViT model [32] as the face encoder to extract the
spatiotemporal face features. Using tubelet embeddings and
spatial and temporal transformers, the face encoder extracts
inter- and intra-frame information from video content. The
output of the face encoder is a single-vector representation,
which is fed to a linear layer for classification. The face-based
deepfake detection model is trained on multimodal deepfake
dataset using cross-entropy loss. During training, the pre-
trained face encoder is fine-tuned, while the linear classifier is
trained from scratch.

The model that combines AV-Lip-Sync+ and the face en-
coder is called AV-Lip-Sync+ with FE. The extracted single-
vector representation of the face encoder and the representation
obtained from the AV-Lip-Sync+ model are concatenated and
fed to a two-layer linear classifier. During training, the pre-
trained face encoder and AV-Lip-Sync+ are fixed, and only the
classifier is trained using cross-entropy loss.

IV. EXPERIMENTS

We conducted experiments on two datasets:
FakeAVCeleb [33] and DeepfakeTIMIT [34]. Unlike
other unimodal audio or video deepfake datasets, these two
datasets contain both audio and visual modalities, and their
fake samples contain audio and/or visual manipulations.
Furthermore, the faces in the videos in both datasets are
frontal, which makes them suitable for lip frame extraction
as visual input to the proposed model. The statistics of the
two dataset are shown in Table I.

A. Datasets

1) FakeAVCeleb: The FakeAVCeleb dataset is an audio-
visual dataset released in 2021 specifically designed for the
deepfake detection task. It is based on a collection of 500
YouTube videos featuring 500 celebrities from diverse ethnic
regions including South Asia, East Asia, Africa, Europe and
America. Fake videos are generated from these 500 real videos
using the Faceswap [14], Fsgan [15], wav2lip [40], and real-
time voice cloning (SV2TTS) [13] manipulation methods and
their combinations. Several examples are shown in Fig. 1. In
the case of Faceswap-wav2lip, the video is manipulated using
both Faceswap and wav2lip manipulation methods. Similarly,
in the case of Fsgan-wav2lip, the video is generated using
a combination of Fsgan and wav2lip. The videos manipulated
by wav2lip include two types, namely Fake-Video-Real-Audio
(FVRA) and Fake-Video-Fake-Audio (FVFA). Wav2lip FVRA
videos contain manipulated lips and real audio. In the case of
wav2lip FVFA, in addition to lip manipulation, a real-time
voice cloning method is also used to manipulate the audio.
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In total, the dataset contains 500 real videos and more than
20000 forged videos.

Following [56], [59], we used multiple test sets, namely
Faceswap, Fsgan, RTVC, wav2lip, Faceswap-wav2lip, and
Fsgan-wav2lip. Furthermore, two other major and diverse test
sets are Test-set-1 and Test-set-2. In Test-set-1, the number
of samples is the same for all manipulation methods, while in
Test-set-2, the number of samples of RVFA (Real-Video-Fake-
Audio), FVRA (Fake-Video-Real-Audio), and FVFA (Fake-
Video-Fake-Audio) in the fake class is the same. The training-
test split is based on the number of subjects in the dataset.
The training set and test set contain real and fake videos
corresponding to 430 subjects and 70 subjects respectively.
Furthermore, all the test sets are balanced in terms of real
and fake videos and contain 70 videos per class (real and
fake). The training set contains only 430 real videos, which
is significantly less than the number of fake videos. If the
imbalance problem is not properly resolved, the experimental
results will be biased. To eliminate the imbalance problem,
we took real videos from the VoxCeleb1 dataset [63] to make
the training data of the real and fake classes more balanced
and employed a more effective sampling method to rebalance
class distributions during model training.

2) DeepfakeTIMIT: The DeepfakeTIMIT dataset contains
320 audio-visual human speech recordings from 32 subjects
and is a subset of the VidTIMIT dataset [64]. Each subject
has 10 videos. For each video, the corresponding fake video
is generated by the Faceswap manipulation method. The audio
in both real and fake videos is always real. Since the dataset is
small, we performed 5-fold cross-validation on it and evaluated
the average performance.

B. Preprocessing

Our model mainly utilizes lip and audio features for multi-
modal forgery detection. For this purpose, the initial step is to
extract the lip region from the frontal face using facial land-
marks. We leveraged a pre-trained CNN-based face detector
from the Dlib toolkit [65]. The lip image sequence extracted
from the input video is 96 × 96 RGB pixels. Before the lip
image sequences are fed into the model, they are converted
to grayscale. The input shape of the extracted lip features is
C×F ×H×W , where C represents the number of channels,
F denotes the number of frames, and H and W represent
the height and width of each frame, respectively. In addition,
for the audio modality, the waveform is extracted from the
video and then converted to the log filterbank energies as the
acoustic input of the model.

For facial feature extraction, among the different variants
of ViViT in [32], we selected the best performing factorized
encoder model as the face encoder. The visual encoder has
two transformer blocks, namely a spatial transformer and a
temporal transformer. The input to the model is short fixed-
length video clips from the entire video. The number of frames
in a clip is 16, the input frame size is 224×224, the patch size
is 16, the number of input channels is 3, and the embedding
dimension is 768. We used the tubelet embedding method. The
ViViT model is pre-trained on the kinetics dataset [66].

TABLE II
EVALUATION RESULTS OF AV-LIP-SYNC+ ON THE FAKEAVCELEB

DATASET (IN %).

Test set Class Precision Recall F1-score Accuracy

Faceswap Real 85.19 98.57 91.39 90.71Fake 98.31 82.86 89.92

Faceswap wav2lip Real 100.0 98.57 99.28 99.29Fake 98.59 100.0 99.29

Fsgan Real 86.25 99.57 92.00 91.43Fake 98.33 84.29 90.77

Fsgan wav2lip Real 100.0 98.57 99.28 99.29Fake 98.59 100.0 99.29

RTVC Real 95.83 98.57 97.18 97.14Fake 98.53 95.71 97.10

Wav2lip Real 100.0 98.57 99.28 99.29Fake 98.59 100.0 99.29

Test-set-1 Real 93.24 98.57 95.83 95.71Fake 98.48 92.86 95.59

Test-set-2 Real 98.57 98.57 98.57 98.57Fake 98.57 98.57 98.57

C. Model Configuration and Training

Our proposed AV-Lip-Sync+ model contains 132.85M train-
able parameters. When incorporating the Face Encoder (FE)
module, the parameters increase to 249.37M due to the addi-
tional fusion mechanism. To evaluate the inference time, we
conducted experiments on an NVIDIA GeForce RTX 2080
Ti GPU. To ensure reliable measurements, the model was
executed in evaluation mode, and multiple warm-up iterations
were performed to mitigate cold-start overhead. The average
inference time per video sample is 0.07 seconds for AV-Lip-
Sync+ and 0.14 seconds for AV-Lip-Sync+ with FE. These
measurements only consider the forward pass of the model
and do not include the time for pre- or post-processing steps.

Our model was trained by the Adam optimizer with a
learning rate of 0.00001 and an early stopping strategy for
30 epochs. We added 3570 real videos from the VoxCeleb1
dataset [63] to the real class and employed a more effective
sampling method called Imbalanced Dataset Sampler. This
method rebalances class distributions during model training
by ensuring that each batch contains a balanced number of
samples from both classes (real and fake) and automatically
estimates the sampling weights. Through this strategy, we
not only address the challenge of dataset imbalance, but also
overcome the overfitting and information loss issues associated
with traditional over-sampling and under-sampling.

The evaluation metrics used include precision, recall, F1-
score, accuracy (see Section S2 in the Supplementary Material
for details), the receiver operating characteristics (ROC) curve,
and the area under the curve (AUC). We report video-level
performance rather than frame-level performance.

D. Results

1) Evaluation of AV-Lip-Sync+ and AV-Lip-Sync+ with FE:
Table II shows the performance of the proposed AV-Lip-Sync+
model evaluated on the FakeAVCeleb dataset. The manipula-
tion methods of Faceswap, Faceswap-wav2lip, Fsgan, Fsgan-
wav2lip, RTVC, and wav2lip are all seen during the model
training process. It is obvious that AV-Lip-Sync+ performed
well on almost all test sets except Faceswap and Fsgan. The
main reason may be that the AV-HuBERT feature extractor
only extracts visual information from lip images and ignores
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TABLE III
ACCURACY OF AV-LIP-SYNC+ AND AV-LIP-SYNC+ WITH FE ON THE FAKEAVCELEB DATASET (IN %).

Model Faceswap Faceswap wav2lip Fsgan Fsgan wav2lip RTVC Wav2lip Test-set-1 Test-set-2
AV-Lip-Sync+ 90.71 99.29 91.43 99.29 97.14 99.29 95.71 98.57

AV-Lip-Sync+ with FE 97.86 99.29 96.43 99.29 96.43 99.29 97.86 99.29

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

0.0

0.2

0.4

0.6

0.8

1.0

Tr
ue

 P
os

iti
ve

 R
at

e

ROC Curve

Faceswap (AUC = 0.98)
Faceswap-wav2lip (AUC = 1.00)
Fsgan (AUC = 0.96)
Fsgan-wav2lip (AUC = 1.00)
RTVC (AUC = 0.98)
wav2lip (AUC = 1.00)
Test_set_1 (AUC = 0.98)
Test_set_2 (AUC = 1.00)

Fig. 3. ROC curves and AUC scores of the proposed AV-Lip-Sync+ method
on various test sets of the FakeAVCeleb dataset.

information outside the lip region. Fig. 3 shows the ROC
curves and AUC scores for all test sets. The AUC scores under
different manipulation conditions are all above 0.96.

Facial features are crucial for detecting deepfake videos,
as local or entire face regions may contain artifacts caused
by video manipulation. To address the limitations of AV-Lip-
Sync+ on Faceswap and Fsgan test samples, we used a ViViT-
based face encoder to inject face embeddings into an ensemble
model (called Lip-Sync+ with FE). As shown in Table III,
the accuracy of Faceswap and Fsgan test sets increased from
90.71% and 91.43% to 97.14% and 96.43%, respectively. The
results show that providing supplementary information to the
proposed model can improve the detection of videos with
tampered faces through Faceswap and Fsgan techniques.

2) Comparison of different models: In this experiment, we
compared our models with various existing unimodal, mul-
timodal, fusion, and ensemble deepfake detection models on
Test-set-2 of the FakeAVCeleb dataset. The results are shown
in Table IV. Several unimodal, multimodal and ensemble
models have been evaluated in [67], but the performance of
most models is unsatisfactory.Unimodal video-only models
VGG16 and LipForensics [19] rely solely on visual features
for deepfake detection. VGG16 processes video frames, while
LipForensics focuses on lip sequences. Similarly, the unimodal
audio-only model Xception is trained using MFCC features
extracted from the audio modality. However, these unimodal
models are doomed to fail in situations where the focusing
modality is genuine but the other modality is manipulated.

The ensemble and multimodal models evaluated in [67],
which aggregate the predictions of unimodal classifiers
through simple voting without exploiting inter-modal relation-
ships, or were not originally designed for forgery detection
(e.g., Multimodal-1, Multimodal-2, and CDCN), did not lead
to performance improvements compared to unimodal deepfake
detectors. MDS [53], a modality dissonance score-based deep-
fake detector, also only achieved 69% accuracy.

Later, multimodal ensemble models [58], [59], [68] outper-
formed unimodal and early multimodal or ensemble models
by combining more effective sub-modules. The identity-based
POI-Forensic model [71] achieves an accuracy of 85.50%,
which is constrained by the identities used during training,
limiting its applicability in real-world scenarios, such as de-
tecting deepfakes in user-generated content on social media.
The Multimodal Contrastive Learning (MCL) method [72]
utilizes contrastive learning to bridge the cross-modal gap and
achieves an accuracy of 89.25%. PVASS-MDD [73] employs a
two-stage framework: a self-supervised module aligns visual-
audio features by predicting audio from visual cues, and a de-
tection stage leverages this alignment to enhance detection of
audio-visual inconsistencies in deepfake videos. A-V Anomaly
method [74] trains an autoregressive model on real unlabeled
videos, detecting manipulated videos with low generation
probability, achieving an accuracy of 92.71%. However, it
is less effective against manipulations that preserve synchro-
nization, such as those altering a person’s appearance without
altering mouth motion. An unsupervised method [75] detects
deepfakes by spotting intra- and cross-modal inconsistencies,
achieving 94.59% accuracy. A zero-shot method [76] detects
deepfakes by comparing automatic speech recognition (ASR)
and visual speech recognition (VSR) outputs via edit distance,
achieving 91.94% accuracy. MMMS-BA framework [77] ap-
plies attention over audio-visual sequences to address the
modality gap and improve deepfake detection and localization,
reaching 97.90% accuracy. The AV-Lip-Sync model [56] uses
speech-lip synchronization features based on the difference
between the extracted lip sequence and the synthetic lip
sequence and achieves an accuracy of 93.57%. It requires the
wav2lip [57] module to generate lip sequences from audio,
which increases model complexity, training, and inference
time. Based on these previous studies, the current state-of-the-
art models such as AVTENet [60], RADE [78], and AVFF [79]
have shown excellent performance with detection accuracies
higher than 98%. These models are based on advanced model
architectures, more effective training strategies and cross-
modal modeling, or large-scale pre-trained models.

Our proposed AV-Lip-Sync+ model eliminates the need
for a wav2lip generator while achieving significant perfor-
mance improvements compared to the AV-Lip-Sync model.
AV-Lip-Sync+ and AV-Lip-Sync+ with FE achieve 98.57%
and 99.29% accuracy, respectively. On Test-set-2 of the
FakeAVCeleb dataset, AV-Lip-Sync+ achieves state-of-the-art
performance, and AV-Lip-Sync+ with FE sets a new state-of-
the-art benchmark. These results highlight the effectiveness of
leveraging SSL features to model speech-lip synchronization,
audio-visual correlations, and spatiotemporal facial artifacts
for deepfake video detection.

Ablation studies as well as the discriminant analysis of
features and experiments on robustness to partial occlusion
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TABLE IV
EVALUATION RESULTS OF DIFFERENT MODELS ON THE FAKEAVCELEB DATASET (IN %).

Type Model Modality Class Precision Recall F1-score Accuracy

Unimodal [67] VGG16 V Real 69.35 89.66 78.21 81.03Fake 87.24 77.50 82.08

Unimodal [67] Xception A Real 87.50 60.87 71.79 76.26Fake 70.33 91.43 79.50

Unimodal [19] LipForensics V Real 70.00 91.00 80.00 76.00Fake 88.00 61.00 72.00

Ensemble (Soft-Voting) [67] VGG16 AV Real 69.35 89.66 78.21 78.04Fake 89.48 68.94 77.88

Ensemble (Hard-Voting) [67] VGG16 AV Real 69.35 89.66 78.21 78.04Fake 89.48 68.94 77.88

Multimodal-1 [67] Multimodal-1 AV Real 00.00 00.00 00.00 50.00Fake 49.60 100.0 66.30

Multimodal-2 [67] Multimodal-2 AV Real 71.00 58.70 64.30 67.40Fake 64.80 76.00 70.00

Multimodal-3 [67] CDCN AV Real 50.00 06.80 12.00 51.50Fake 50.00 94.00 65.10

Multimodal-4 [53] MDS AV Real 62.16 98.57 76.24 69.29Fake 96.55 40.00 56.57

Multimodal-Ensemble [59] Ensemble model AV Real 83.13 98.57 90.20 89.29Fake 98.25 80.00 88.19

Multimodal [68] Multimodaltrace AV Real - - - 92.90Fake - - -

Multimodal-Ensemble [58] AVFakeNet AV Real - - - 93.41Fake - - -

Fusion [69] AVoiD-DF AV Real - - - 83.70Fake - - -

Fusion [70] MIS-AVioDD AV Real - - - 96.20Fake - - -

Multimodal [56] AV-Lip-Sync AV Real 91.78 95.71 93.71 93.57Fake 95.52 91.43 93.43

Identity Aware [71] POI-Forensics AV Real - - - 85.50Fake - - -

Contrastive Learning [72] MCL AV Real - - - 89.25Fake - - -

Multimodal [73] PVASS-MDD AV Real - - - 95.70Fake - - -

Multimodal [74] A-V Anomaly AV Real - - - 92.71Fake - - -

Multimodal [75] Intra-Cross-modal AV Real - - - 94.59Fake - - -

Fusion [76] Zero-Shot AV Real - - - 91.94Fake - - -

Multimodal [77] MMMS-BA AV Real - - - 97.90Fake - - -

Multimodal [78] FRADE AV Real - - - 98.60Fake - - -

Multimodal [79] AVFF AV Real - - - 98.60Fake - - -

Multimodal-Ensemble [60] AVTENet AV Real 100.0 97.14 98.55 98.57Fake 97.22 100.0 98.59

Multimodal (ours) AV-Lip-Sync+ AV Real 98.57 98.57 98.57 98.57Fake 98.57 98.57 98.57

Multimodal (ours) AV-Lip-Sync+ with FE AV Real 100.0 98.57 99.28 99.29Fake 98.59 100.0 99.29

and generalization across datasets are detailed in Sections S3,
S4, S5, and S6 in the Supplementary Material, respectively.

3) Evaluation on the DeepfakeTIMIT dataset: The Deep-
fakeTIMIT dataset is primarily used for training and eval-
uating visual deepfake detectors, as it only contains visual
manipulation. It comes in two versions, Low-Quality (LQ) and
High-Quality (HQ). For a fair comparison, we compared the
proposed model with unimodal visual and multimodal audio-
visual deepfake detectors. Additionally, we performed 5-fold
cross-validation and reported the average AUC score. As can
been seen from Table V, among unimodal visual detectors,
FWA and DSP-FWA [83] achieved the best AUC of 99.90
under the LQ condition, and DSP-FWA achieved the best AUC
of 99.70 under the HQ condition. Although the five existing
audio-visual detectors (Emotions Don’t lie [54], MDS [53],
AV-Lip-Sync [56], POI-Forensics [71], and MCL [72]) are
overall better than most unimodal visual detectors, their per-

formance is worse than that of the best performing unimodal
visual detector DSP-FWA. However, our multimodal AV-Lip-
Sync+ with FE outperformed all models compared in the
table. The AUC score is 99.96 for LQ and 99.98 for HQ. By
appropriately integrating pre-trained AV-HuBERT and ViViT
models for audio-visual feature extraction, our proposed model
achieves state-of-the-art results on the DeepfakeTIMIT dataset.

V. CONCLUSIONS

In this study, we have used AV-HuBERT and ViViT for the
downstream task of audio-visual video forgery detection. We
exploit the inconsistency between visual and audio modali-
ties using the powerful audio-visual representation provided
by AV-HuBERT, which is pre-trained using self-supervised
learning. Since AV-HuBERT only extracts visual features from
the lip region, which may not be sufficient to detect artifacts
outside the lip region, we also adopt another transformer-based
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TABLE V
EVALUATION RESULTS OF AV-LIP-SYNC+ ON THE DEEPFAKETIMIT

DATASET (IN %).

Type Model Modality Quality AUC

Unimodal [20] Capsule V LQ 78.40
HQ 74.40

Unimodal [80] Multi-task V LQ 62.20
HQ 55.30

Unimodal [43] HeadPose V LQ 55.10
HQ 53.20

Unimodal [81] Two-stream V LQ 83.50
HQ 73.50

Unimodal [82] VA-MLP V LQ 61.40
HQ 62.10

Unimodal [82] VA-LogReg V LQ 77.00
HQ 77.30

Unimodal [23] Meso-4 V LQ 87.80
HQ 68.40

Unimodal [47] Xception-raw V LQ 56.70
HQ 54.00

Unimodal [47] Xception-c40 V LQ 75.80
HQ 70.50

Unimodal [47] Xception-c23 V LQ 95.90
HQ 94.40

Unimodal [83] FWA V LQ 99.90
HQ 93.20

Unimodal [83] DSP-FWA V LQ 99.90
HQ 99.70

Multimodal [54] Emotions don’t lie AV LQ 96.30
HQ 94.90

Multimodal [53] MDS AV LQ 97.92
HQ 96.87

Multimodal [56] AV-Lip-Sync AV LQ 97.90
HQ 96.80

Multimodal [71] POI-Forensics AV LQ 98.20
HQ 99.20

Multimodal [72] MCL AV LQ 97.20
HQ 99.09

Multimodal (ours) AV-Lip-Sync+ AV LQ 95.80
HQ 98.80

Multimodal (ours) AV-Lip-Sync+ with FE AV LQ 99.96
HQ 99.98

model ViViT to exploit facial features. Overall, our model
jointly exploits SSL audio/visual/audio-visual representations,
synchronization features, temporal correlation between lip
image frames and audio, and spatiotemporal facial features
to detect deepfakes. Experimental results on the FakeAVCeleb
and DeepfakeTIMIT datasets show that our model outperforms
all existing models and achieves new state-of-the-art perfor-
mance on both datasets. In future work, we will aim to further
improve the generalizability of deepfake detection techniques
in multimodal settings.
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S1 Motivation for Detecting Synchronization between Lip Move-
ments and Speech

As shown in Fig. S1, in a low-dimensional embedding space, the embeddings of lip movements in
a real video should be close to the embeddings of the audio in this video. In contrast, for a fake
video, we expect the video and audio embeddings to be relatively separated.

Encoder

Encoder

  Embedding Space

  Embedding Space

Real Lip Frames

Real Audio Waveform

Fake Lip Frames

Fake Audio Waveform

Figure S1: Embedding space representation of lip embedding F⃗v and speech embedding F⃗a for a
real video (top) and a deepfake video (bottom).

S2 Evaluation Metrics

Precision, Recall, F1-score, and Accuracy are calculated as follows:

Accuracy =
TP + TN

TP + TN + FP + FN
, (S1)

Precision =
TP

TP + FP
, (S2)

Recall =
TP

TP + FN
, (S3)
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Table S1: Accuracy of AV-Lip-Sync+ using different training/fine-tuning strategies on the
FakeAVCeleb dataset (in %). Front-end FE and TE represent the front-end feature extraction
part and transformer encoder of the pre-trained AV-HuBERT model, respectively.

Model Faceswap Faceswap wav2lip Fsgan Fsgan wav2lip RTVC Wav2lip Test-set-1 Test-set-2

AVH-TCN
(Fixed Front-end FE and TE)

44.29 80.29 51.57 87.14 78.86 75.86 71.71 75.86

AVH-TCN
(Fixed Front-end FE only)

76.43 94.29 75.00 96.00 90.00 93.86 86.71 92.86

AVH-TCN
(Whole fine-tune)

85.00 97.86 92.86 97.86 95.71 97.86 93.57 97.86

AVH-TCN-Sync
(Fixed Front-end FE and TE)

50.00 90.71 55.00 89.99 83.57 72.86 70.71 75.00

AVH-TCN-Sync
(Fixed Front-end FE only)

57.86 97.86 63.65 97.86 87.86 97.14 81.43 92.14

AVH-TCN-Sync
(Whole fine-tune)

90.71 98.57 90.00 98.57 96.14 97.86 94.57 95.00

AV-Lip-Sync+
(Fixed Front-end FE and TE)

47.14 85.71 55.71 87.14 79.43 77.14 70.57 78.57

AV-Lip-Sync+
(Fixed Front-end FE only)

74.29 95.00 73.86 95.00 93.57 94.29 87.14 94.29

AV-Lip-Sync+
(Whole fine-tune)

90.71 99.29 91.43 99.29 97.14 99.29 95.71 98.57

AV-Lip-Sync+ with FE
(Jointly trained with linear layers)

95.57 97.43 97.14 97.43 90.14 95.57 95.57 95.00

AV-Lip-Sync+ with FE
(Fixed FE, trained only linear layers)

97.86 99.29 96.43 99.29 96.43 99.29 97.86 99.29

F1 =
2× Precision×Recall

Precision+Recall
, (S4)

where TP , TN , FP , and FN stand for True Positive (fake videos correctly detected as fake), True
Negative (real videos correctly detected as real), False Positive (real videos incorrectly detected as
fake), and False Negative (fake videos incorrectly detected as real), respectively.

S3 Ablation study

There are various strategies to train the proposed AV-Lip-Sync+ model. For example, we can
fix/freeze or fine-tune a pre-trained feature extractor, or train all modules from scratch. To see the
effect of different settings, we first freeze the weights of the front-end audio-visual feature extractor
and transformer encoder, and train the temporal network and linear classifier. The second strategy
is to freeze the front-end audio-visual feature extraction part and fine-tune the transformer encoder
while training the temporal network and linear classifier. Third, we fine-tune the front-end feature
extraction part and transformer encoder while training the temporal network and linear classifier.
Table S1 shows the performance comparison using different training strategies. In Table S1, AVH-
TCN refers to the model with AV-HuBERT feature extraction followed by MS-TCN, temporal
pooling and linear layer (i.e., AVH-TCN detects fake videos based on F⃗av), while AVH-TCN-Sync
refers to the counterpart model for detection based on the speech-lip synchronization feature F⃗sync.
Both AVH-TCN and AVH-TCN-Sync are considered simplified versions of AV-Lip-Sync+. Some
observations can be made from Table S1. First, the results show that for AVH-TCN, AVH-TCN-
Sync, and AV-Lip-Sync+, fine-tuning the entire AV-HuBERT model yields better results than
fixing any specific module in multimodal deepfake detection. Second, the model that combines
the audio-visual feature F⃗av and the speech-lip synchronization feature F⃗sync (i.e., AV-Lip-Sync+)

outperforms the models using F⃗av and F⃗sync alone (i.e., AVH-TCN and AVH-TCN-Sync). For
the AV-Lip-Sync+ with FE model, we compared two training strategies. First, we fine-tuned AV-
HuBERT and ViViT when training the temporal network and linear classifier (see Jointly trained
with linear layers). Second, we first train AV-HuBERT-based and ViViT-based detectors separately,
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and then use them as fixed feature extractors to train a linear classifier (see Fixed FE, trained only
linear layers). The results show that fine-tuning the pre-trained AV-HuBERT and ViViT models
individually can lead to better performance.

Next, we perform error analysis. The AV-Lip-Sync+ model yields only 1 FP (false positive)
in each test set. Note that each test set contains the same 70 real videos, so it is the same video
that is incorrectly detected as fake. Compared to FP, a more worrisome error in the video forgery
detection task is FN (false negative), where the model incorrectly detects fake videos as real ones.
AV-Lip-Syn+ has a relatively higher number of FN in the Faceswap and Fsgan test sets, 12 and
11 respectively. The main reason is that AV-Lip-Sync+ model only exploits the information of
the lip region, while the fake videos in the Faceswap and Fsgan test sets contain the entire face
manipulation, not limited to the lip region. In addition, since there is no visual manipulation, the
number of FN in the RTVC test set is 3. Test-set-1 contains the same number of fake samples for
all manipulation methods, among which 5 fake videos that have been manipulated by Faceswap,
Fsgan and RTVC are incorrectly detected as real. To address the issue of FN, we use a face encoder
in the AV-Lip-Sync+ with FE (Face Encoder) model to exploit facial features. The number of FN
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TCN.

40 20 0 20 40

40

20

0

20

40
t-SNE Visualization

Test sets
faceswap
faceswap-wav2lip
fsgan
fsgan-wav2lip
rtvc
wav2lip
real

(c) The mean vector of frame-level Ffusion before
MS-TCN.

20 10 0 10 20

30

20

10

0

10

20

t-SNE Visualization

Test sets
faceswap
faceswap-wav2lip
fsgan
fsgan-wav2lip
rtvc
wav2lip
real

(d) The pooled Ffusion vector after MS-TCN.

Figure S2: t-SNE visualizations of the embedding space of video-level representations of different
features in AV-Lip-Sync+.

3



in the Faceswap and Fsgan test sets dropped from 12 to 2 and 11 to 5, respectively. For the RTVC
test set, where there is only audio manipulation and the visual modality is always real, the number
of FN is increased by 1 due to the additional use of features from real face frames. For Test-set-1,
the number of FN dropped from 5 to 2. In all other remaining test sets, the number of FN is 0.
The number of FP across all test sets is 1, the same as the AV-Lip-Sync+ model.

S4 Discriminant Analysis of Different Features

The t-SNE feature visualization in Fig. S2 demonstrates the discriminative power of AV-Lip-Sync+.
Fig. S2a shows the visualization of the audio-visual features extracted by AV-HuBERT (Fav), while
Fig. S2b shows the visualization of our specially designed synchronization features (Fsync). The
comparison between the two clearly shows that the synchronization-based features have better dis-
crimination between real and fake samples. In addition, Fig. S2c shows the fused representation
Ffusion of Fav and Fsync, which further improves the clustering of real and fake samples. Finally,
Fig. S2d shows the distribution of the feature used by the final classification layer, which is Ffusion

further refined by MS-TCN. Here, only a few test samples from FaceSwap and FSGAN are incor-
rectly grouped with real samples, while all other manipulated test samples are clearly and correctly
classified as “Fake”.
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Figure S3: Illustration of different occlusion types applied to video frames. The columns represent
three types of occlusion: blackout, blur, and pixelation. The rows correspond to different occluded
face regions: right face, mouth, left face, and eyes.
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Table S2: Accuracy of AV-Lip-Sync+ with FE across different Occlusion conditions on Test-set-1
and Test-set-2. The model is trained on clean videos and evaluated on occluded videos.

Condition Test-set-1 Test-set-2

Left Face Black 67.86 70.71

Left Face Blur 70.71 75.00

Left Face Pixelate 65.00 68.57

Mouth Black 67.86 67.86

Mouth Blur 73.57 77.14

Mouth Pixelate 75.00 82.86

Right Face Black 65.71 68.57

Right Face Blur 70.71 72.86

Right Face Pixelate 65.00 66.43

Eyes Black 69.29 70.29

Eyes Blur 71.43 71.43

Eyes Pixelate 77.86 83.57

Eyes Black (with lip) 97.14 94.29

Eyes Blur (with lip) 97.86 95.71

Eyes Pixelate (with lip) 100.00 95.00

S5 Partial Occlusion

We evaluate the performance of AV-Lip-Sync+ with FE under three types of partial occlusion:
blackout, blur, and pixelation, as shown in Fig. S3, where specific face regions are altered to
evaluate the impact on audio-visual deepfake detection. Blackout occlusion completely masks the
region, eliminating any visual clues, while blur occlusion distorts fine-grained details, making subtle
inconsistencies harder to detect. Pixelation occlusion reduces spatial resolution and limits the
model’s ability to extract meaningful features. We conducted additional experiments under partial
occlusion on two test sets, namely Test-set-1 and Test-set-2. The experimental results are shown
in Table S2. We found that these occlusions often increase the false positive (FP) rate, where real
videos are misclassified as fake. This is because the model trained without occluded data associates
these distortions with manipulation. In addition, it is worth noting that pixelation instead leads
to an increase in the false negative (FN) rate. However, when the eye region is occluded while
preserving lip motion, which is denoted as (with lip), the model achieves higher accuracy on both
test sets. This highlights the importance of lip motion in our proposed approach and its role in
enhancing robustness against partial occlusion.

The performance of our model is not satisfactory when the lip area is occluded. This is because
our model relies heavily on speech and lip features. To improve this, more powerful visual modules
need to be integrated. Additionally, the current model is trained on videos without occlusions. The
robustness of the model can be increased if data augmentation is used to allow the model to see
various occlusions during the training phase. We leave these to future research.

S6 Cross-Dataset Generalization

Generalization remains a critical challenge in video forgery detection, including audio-visual deep-
fake detection. To evaluate cross-dataset generalization, the model trained on the FakeAVCeleb
dataset was tested directly on the DFDC [49] test set. The test set presents a variety of deepfake
videos, including variations such as far-frontal faces, side-posed faces, multiple speakers, significant
illumination changes, and low-light conditions. These factors bring great challenges to reliably
extract facial and lip movement features, which are crucial for multimodal deepfake detection
methods. All test videos were preprocessed using the methods in [53] and [81].

The experimental results are shown in Table S3, where all models are compared under the
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Table S3: AUC scores of different models on the DFDC test set. FF denotes the frontal face subset.
All models are trained on the FakeAVCeleb dataset.

Model AUC Score (%)

LipForensics [19] 53.10

CViT [80] 56.70

MesoNet [23] 41.20

MDS [53] 73.80

AVoiD-DF [69] 80.60

AVTENet [60] 64.10

AVTENet [60] (FF) 83.84

AV-Lip-Sync+ with FE 70.15

AV-Lip-Sync+ with FE (FF) 94.28

same experimental conditions. The proposed AV-Lip-Sync+ with FE model achieves an AUC
score of 70.15%, showing competitive performance compared to existing methods. Specifically, it
outperforms LipForensics [19], CViT [80], MesoNet [23] and AVTENet [60], but is slightly worse
than MDS [53] and AVoiD-DF [69], which exploit entire frame features instead of focusing on frontal
face regions.

Our model targets frontal face videos with speech, where attackers mainly manipulate facial
features and speech patterns. To further evaluate its effectiveness, we evaluate the performance
on a curated subset of the DFDC test set containing only frontal face (FF) videos. On this
subset, our AV-Lip-Sync+ with FE model achieves a notably high AUC score of 94.28% and
outperforms AVTENet [60] under the same condition. Since visual manipulation is the dominant
forgery technique in the DFDC dataset, the audio processing module in AVTENet will increase
false negatives (fake videos are incorrectly classified as real videos), thus affecting performance. In
contrast, our model effectively captures spatiotemporal facial artifacts through a dedicated face
encoder, while also leveraging synchronization and audio-visual features. These results highlight
the effectiveness of our model in detecting deepfake manipulation, especially in cases where facial
identity, expressions, lip movements, and audio are the main targets of forgery. Furthermore,
the strong performance of our model on the full DFDC test set highlights its robustness and
generalization ability in detecting audio-visual inconsistencies.
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