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Abstract

Most existing deepfake datasets focus on speech synthesis
or voice cloning, with little attention given to non-speech en-
vironmental sounds. Existing audio-focused datasets also lack
video content, restricting progress in multimodal detection. To
bridge gaps, we introduce VCapAV, a large-scale audio-visual
dataset, designed to advance deepfake detection research in-
volving environmental sound manipulations in multimodal sce-
narios. VCapAV is constructed through an innovative data
generation pipeline that synthesizes realistic environmental au-
dio using Text-to-Audio and Video-to-Audio approaches, while
deepfake videos are generated through a Text-to-Video model.
We establish two baseline detection tasks on this dataset: (i)
audio-only deepfake detection, and (ii) visual-only deepfake de-
tection. Experimental results show that existing detection mod-
els on the VCapAV dataset compared to standard datasets such
as ASVspoof 2019 LA and AV-Deepfakel M. The dataset and
baseline codes ™ are released.

Index Terms: deepfake detection, speaker verification, anti-
spoofing, audio-visual dataset

1. Introduction

The rapid advancement of content generation technologies en-
ables the creation of highly realistic synthetic media, including
text, video, and audio. As generative models continue to im-
prove, the boundary between real and fake content becomes in-
creasingly blurred, often surpassing human perceptual capabili-
ties [1]. This raises concerns about the misuse of such technolo-
gies, such as spreading misinformation or committing fraud,
highlighting an urgent need for robust and reliable detection
methods.

The effectiveness of DeepFake detection approaches
largely relies on high-quality benchmark datasets. In recent
years, the number of publicly available datasets has been grow-
ing, covering various types of content manipulations, includ-
ing visual-only [2], audio-only [3], and audio-visual combina-
tions [4-6]. These datasets support the evaluation of detection
models across different modalities.

However, most existing audio datasets and detection meth-
ods primarily focus on speech content, often overlooking non-
speech environmental audio, which is equally critical in multi-
media. This limitation results in noticeable vulnerabilities when
detecting DeepFakes involving environmental sounds or non-
linguistic audio manipulations, which can significantly alter the
semantic meaning of content or the acoustic scene of the event.
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Recently, at Interspeech 2024, Xie et al. [7] use an Au-
dioLDM [8] based generation pipeline, opening new direc-
tions for general audio deepfake techniques. However, our
work demonstrates greater sophistication in audio-only deep-
fake methods and further expands into video deepfake, build-
ing a more comprehensive system that encompasses multimodal
manipulations.

To address the lack of support for video and multimodal
data in existing work, we introduce VCapAV—a dataset con-
sisting of 90,990 clips, totaling 252.75 hours, specifically de-
signed for audio-visual deppfake detection tasks with a focus on
environmental sounds. The VCapAV dataset is constructed us-
ing an innovative data generation pipeline that integrates state-
of-the-art (SOTA) deepfake strategies and cutting-edge audio
and video synthesis technologies. This pipeline generates real-
istic environmental audio and visual content manipulations.

The comprehensive dataset includes visual-only, audio-
only, and audio-visual DeepFake data, offering extensive sup-
port for evaluating detection models across different modalities.
It also enables rigorous evaluation and benchmarking of detec-
tion algorithms under diverse deepfake conditions.

2. VCapAV Dataset

The VCapAV dataset is a deepfake audio-visual dataset fo-
cusing solely on non-speech content. It contains audio-visual
recordings in various background environments, involving five
audio deepfake methods and one video deepfake method, with a
total duration of 252.75 hours. The synthesized audio data in the
VCapAV Dataset is through two approaches: Video-To-Audio
(V2A) and Text-To-Audio (TTA), where the text comes from
the caption of the video signal. The V2A approach utilizes two
models, while the TTA approach employs three models. The
synthesized video data in the VCapAV Dataset is generated us-
ing the Kling large model *, producing high-quality fake videos
with 1080p resolution at 30 frames per second, with a duration
of approximately 10 seconds per video.

To ensure the diversity and authenticity of the content, we
select a test set of 15,446 video samples from the VGGSound
dataset [9]. VGGSound is a large-scale audiovisual dataset
containing over 210,000 10-second video clips sourced from
YouTube, meticulously labeled with more than 310 sound event
classes. The chosen subset comprehensively represents vari-
ous audiovisual content, which is crucial for generating accu-
rate and meaningful captions that serve as a basis for V2A and
TTA synthesis.

Referring to the generation methodology of the AV-
Deepfakel M Dataset [4], this dataset incorporates three differ-
ent modality combinations in the generated fake data:

fhttps://klingai.com/
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Figure 1: Overview of the VCapAV dataset creation pipeline.

* Fake Audio + Real Visual: The visual data remains unal-
tered, while the audio data is manipulated. This category di-
vides into two forging approaches: V2A and TTA. The text is
obtained from a video captioning model, ModelScope [10].

¢ Real Audio + Fake Visual: The audio data remains unal-
tered, while the visual data is manipulated.

¢ Fake Audio + Fake Visual: Both the audio and visual data
are manipulated. Kling uses the video captioning results,
which we obtained from the videos, as the input to the TTV
model.

2.1. Audio Generation Pipeline
2.1.1. V2A Manipulation

This approach involves generating audio directly aligned with
the visual content of the video. We explore two methods:

* V2A-Mapper [11]: The V2A data, made publicly available
by Wang et al., consists of synthetic audio generated by ap-
plying the V2A model to the VGGSound test set [9].

e V2A-MLP [12]: Yi et al. propose an MLP-based mapper
to train the V2A generation model. Their approach reimple-
ments and streamlines a state-of-the-art (SOTA) V2A model
with a lightweight architecture, achieving superior perfor-
mance over the baseline. In addition, they incorporate a scene
detector to handle multi-scene videos, effectively addressing
scene transitions. Evaluations on VGGSound demonstrate
improvements in both audio fidelity and relevance.

2.1.2. TTA Manipulation

This strategy focuses on generating audio based on textual de-
scriptions derived from video content. It consists of two stages:

¢ Video Captioning Stage: Text descriptions are generated
from videos in the video captioning stage. We employ the
ModelScope framework [10] on the VGGSound dataset [9].
We feed the preprocessed video data into the ModelScope
model to generate captions that integrate both visual and au-
ditory cues.

* Audio Synthesis Stage: Based on the generated captions, we
synthesize audio using the following models:

(i) AudioLDM1 [8]: This model employs a self-supervised
learning framework with Latent Diffusion Models
(LDMs). Through contrastive learning, AudioLDM1

aligns textual and auditory modalities within a unified
latent space, reducing the reliance on large-scale paired
audio-text datasets and generating high-quality audio
outputs from text inputs.

(i) AudioLDM2 [13]: Building upon AudioLDMI1 [8], Au-
dioLDM2 refines the alignment between text and audio
modalities by incorporating additional enhancements, en-
suring that the generated audio maintains contextual rele-
vance and high fidelity.

(iii) Audiocraft [14]: Developed by Facebook Research, Au-
diocraft is a deep learning-based library for audio process-
ing and generation. We specifically adopt the AudioGen
model from this library, which generates audio from tex-
tual descriptions, enabling the synthesis of realistic sound-
scapes aligned with provided prompts.

2.2. Video Generation Pipeline

We generate fake videos using the Kling large model, with de-
scriptive text from real video captioning as the prompts. Com-
pared to other similar video generation models, the Kling large
model offers several advantages. It delivers superior visual fi-
delity and more consistent frame quality, ensuring that even
complex scenes are rendered with remarkable detail. Moreover,
its efficient prompt-based synthesis allows for faster generation
of high-resolution content, making it a compelling choice for
applications requiring diverse and high-quality video outputs.
The Kling large model produces 10-second videos in 1080p res-
olution, yielding a total of 242 clips.

Since the captions often contain repetitive wording while
conveying the same core meaning, with identical underlying
keywords (e.g., “A band performs guitar and “A crowd of peo-
ple play guitar on the stage* describing the same event), we em-
ploy a keyword-based filtering approach. We manually identify
frequently occurring keywords from the captions, resulting in a
refined set of descriptors corresponding to 242 predefined sound
event classes. Using this curated descriptor set, we generate 242
fake videos through Kling API.

2.3. Filtering Pipeline

To ensure the integrity of our dataset, we implement a filtering
process that addresses both non-environmental music and dura-
tion discrepancies. The following sections detail our approach.

2.3.1. Music Filtering

Identification of Accompaniment Music. During the genera-
tion of audio captions, we observe that certain videos incorpo-
rate accompaniment music added during post-production rather
than capturing authentic environmental sounds. Although these
musical segments contribute to the overall aesthetic, they do not
align with the environmental audio that constitutes the focus of
our study. It is therefore imperative to exclude such videos from
our dataset.

Multi-step Filtering Process. We implement a systematic,
multi-step filtering process to identify and remove instances
of non-environmental music. We consider live music as part
of environmental sounds, whereas background accompaniment
music is added during post-production and may interfere with
deepfake detection. In the first step, we use ChatGPT * to gen-
erate a comprehensive script that enumerates a wide range of
musical instruments (e.g., piano, violin, various drums). This
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script is applied to the video captions produced by the Mod-
elScope model [10]. The descriptions generated by the Mod-
elScope model are primarily focused on the scene and rarely
mention background accompaniment music. If a caption con-
tains references to any of these instruments, the corresponding
video is marked as potentially containing live music, which is
considered part of the environmental context. This initial filter-
ing reduces the dataset to 13,016 samples by eliminating videos
in which music is introduced during editing.

Refinement with Demucs and CLAP. Subsequently, we
employ the Demucs [15, 16] speech separation model to fur-
ther refine the dataset. Demucs separates audio tracks into dis-
tinct components (e.g., vocals, accompaniment, environmental
sounds). We process the audio files using a script that gen-
erates textual descriptions via the CLAP [17, 18] Audio-to-
Caption model. For example, processing the original audio file
bV7Vr3sUqg-s_-000078.wav with CLAP yields the descrip-
tion “A drill is being used and then a person talks,” whereas
processing the same file with Demucs yields “A song is played
and then a melody is played.” This discrepancy underscores the
efficacy of Demucs in isolating musical elements. We then reap-
ply the filtering step to detect any residual references to musical
instruments, noting that videos identified as containing live mu-
sic are excluded; the remaining cases pertain to accompaniment
music likely added during post-production.

Verification via inaSpeechSegmenter. To further validate
our filtering process, we introduce an additional verification
step using the inaSpeechSegmenter [19], a model designed for
precise music detection. This model outputs exact time inter-
vals during which music is present in the audio track. For in-
stance, in an analysis of a video featuring a snowy landscape,
inaSpeechSegmenter identifies a segment of music between the
8- and 10-second marks.

Filtering Outcome. By the results from the CLAP-
generated captions and the inaSpeechSegmenter detections
[19], we achieve a high degree of accuracy in isolating non-
environmental music. This workflow ultimately yields 782 au-
dio files to be filtered out, representing potential cases of back-
ground music. Following manual review, we further reduce
these to 523 cases, thereby refining the final VCapAV dataset
from 15,446 samples to 14,923.

2.3.2. Duration Discrepancies in the VGGSound Dataset

Analysis of Video Duration Variability. In integrating the
generated audio with original videos from the VGGSound
dataset [9], we observe significant discrepancies in audio and
video durations that impede synchronization and compromise
data integrity. Although the dataset is designed to contain 10-
second clips, our analysis reveals variability in video lengths: a
mean of 10.94 seconds, a median of 10.08 seconds, a mode of
10.02 seconds, and a range from 2.02 to 15.72 seconds.
Synchronization Strategy. Since the V2A-Mapper [11]
generates audio tracks with an exact duration of 10 seconds,
these inconsistencies pose synchronization challenges. To ad-
dress this issue, for videos with a duration of 10 seconds or less,
we extract audio segments matching the original video length
and align the audio with the video. For videos exceeding 10
seconds, we trim the excess footage to retain only the first 10
seconds, thereby ensuring synchronization between the video
and its corresponding audio track. Our analysis indicates that
591 videos have durations shorter than 10 seconds and require
no modification, while longer videos have segments beyond 10
seconds trimmed to ensure consistency throughout the dataset.

2.4. Dataset Statistics

Table 1: Statistics of the VCapAV dataset

Category Number of Clips  Total Duration (hours)
Real Video 14,923 41.45
Fake Video 242 0.67
Real Audio 14,923 41.45
Fake Audio 74,615 207.26
Real Video + Real Audio 14,923 41.45
Real Video + Fake Audio 74,615 207.26
Fake Video + Real Audio 242 0.67
Fake Video + Fake Audio 1,210 3.36
Total 90,990 252.75

Table 1 summarizes the key characteristics of the VCapAV
dataset. After applying our multi-stage filtering process, 523
samples are removed from the original 15,446 files, yielding a
final dataset of 14,923 original audio-visual clips. Each clip is
10 seconds or less in length with audio uniformly downsam-
pled to 16,000 Hz. The dataset encompasses multiple deepfake
types: it includes 14,923 real videos and 242 fake videos (gen-
erated via the Kling large model) paired with 14,923 real audio
samples and 74,615 fake audio samples (produced using five
distinct manipulation methods). This results in 14,923 pairs
of real video with real audio, 74,615 pairs of real video with
fake audio, 242 pairs of fake video with real audio, and 1,210
(242%*5) pairs of fake video with fake audio. Additionally, the
dataset covers 242 sound event classes, ensuring a diverse rep-
resentation of environmental sounds.

As shown, the final dataset retains diversity and complex-
ity to facilitate comprehensive evaluations of audio-visual en-
vironmental sound deepfake detection methods. The presence
of multiple deepfake techniques also ensures robustness in test-
ing various detection algorithms, ultimately supporting the ad-
vancement of deepfake detection research.

3. Benchmarks and Metrics
3.1. Data Partitioning

Table 2: Data partitioning for audio detection and video detec-
tion tasks

Composition Total Size

Audio Train ~ AudioLDM1, AudioLDM2, V2A-Mapper, Bonafide 44,596 (11,149 * 4)

Dev 1 AudioLDM1, AudioLDM2, V2A-Mapper, Bonafide 15,096 (3,774 * 4)
Dev 2 V2A-MLP, Audiocraft, Bonafide 11,322 (3,774 * 3)
Dev 3 AudioLDM1, AudioLDM2, V2A-Mapper, V2A-MLP,

Audiocraft, Bonafide 22,644 (3,774 * 6)

Video Train ~ Bonafide, Kling 11,192, 181
Dev Bonafide, Kling 3,731, 61

For each task, the VCapAV dataset is divided into a train set
and a development set, without a separate test set. All data are
split in a 3:1 ratio to ensure stable training and fair evaluation
of the models.

In the audio-only deepfake detection task, different fake
generation methods are assigned to different development sets
to assess the model’s generalization ability to unseen manipula-
tion techniques. Dev 1 set contains the same manipulation tech-
niques as the training set, serving as a benchmark for evaluating



model performance under similar data distributions. Dev 2 set
consists of manipulation techniques not present in the training
set, designed to assess model robustness to new types of fake au-
dio. Dev 3 set integrates all manipulation techniques to evaluate
model performance in a setting where multiple fake generation
methods co-exist.

For the visual-only deepfake detection task, to ensure a bal-
anced distribution of real and fake data across different tasks,
we maintain a consistent ratio of bonafide and fake samples,
preventing potential bias in the dataset distribution from affect-
ing model evaluation. In the future, we will add more data in
the fake video class and provide an update on the trials.

3.2. Benchmark Methods

In the benchmark evaluation for deepfake detection, we con-
sider the following methods for audio-based and visual-based
detection baselines. For the audio-only deepfake detection task,
we use three models commonly adopted in audio spoofing de-
tection: LightCNN [20], ResNet18 [21], and AASIST [22]. For
the visual-only deepfake detection task, we train a video-level
classification model Meso4 [23] with video samples and their
corresponding labels.

3.3. Metrics

We evaluate the performance of audio-only and video-only de-
tection models using the following metrics [24,25]:

* Equal Error Rate (EER): The error rate at the operating
point where the false acceptance rate (FAR) equals the false
rejection rate (FRR).

¢ Accuracy (Acc.): The proportion of correctly classified sam-
ples over the total number of samples.

* Area Under the Receiver Operating Characteristic Curve
(AUC): Measures the ability of the model to discriminate be-
tween bonafide and fake samples across different thresholds.

4. Results and Analysis
4.1. Audio-only Deeofake Detection Results

Although the AASIST model demonstrated robust performance
across all development subsets, LightCNN and ResNet18 mod-
els exhibited significant performance degradation on Dev2 and
Dev3 subsets. This result suggests that existing detection mod-
els face performance bottlenecks when confronted with unseen
types of sophisticated spoofing attacks or more challenging au-
dio synthesis conditions.

Notably, the ResNet18 model trained on the ASVspoof
2019 LA dataset yielded a high EER of 41.18% when tested
directly on the VCapAV Dev3 subset, highlighting a severe per-
formance drop under cross-dataset evaluation. This further val-
idates that the VCapAV dataset presents a distributional shift in
attack types, synthesis methods, and audio conditions compared
to existing standard datasets such as ASVspoof 2019 LA.

The performance disparities across VCapAV subsets and
the cross-dataset generalization failure collectively indicate that
the VCapAV dataset encompasses spoofing techniques and au-
dio characteristics that are underrepresented in current bench-
mark datasets. This underscores the potential of VCapAV to
expose the robustness limitations of existing detection systems
and to serve as a more challenging evaluation platform for fu-
ture research.

Table 3: Detection performance on the audio-only task across
different development subsets

Subset  Metrics pMethods
LightCNN  ResNetl8 AASIST
EER (%) 0.8435 0.3135 0.02
Dev 1 minDCF (%) 9.72 5.43 0.01
AUC (%) 99.96 99.96 100
Acc. (%) 98.42 99.7 99.92
EER (%) 18.8924 14.6728 2.96
Dev 2 minDCF (%) 83.29 78.34 0.54
AUC (%) 90.46 93.82 88.91
Acc. (%) 73.52 75.17 99.52
EER (%) 9.6714 9.8198 1.78
Dev 3 minDCF (%) 78.53 78.27 0.36
AUC (%) 96.06 96.16 99.81
Acc. (%) 88.24 87.87 96.29

4.2. Visual-only Deepfake Detection Results

Table 4: Performance of the Meso4 system trained on VCa-
PAV video-only training set on AV-DeepfakelM and VCapAV
datasets

Methods AV-DeepfakelM VCapAV
AUC (%) Acc. (%) AUC (%) Acc. (%)
Meso4 63.05 49.51 68.15 54.5

We train and evaluate the Meso4 [23] system on visual-only
task, achieving an accuracy of 54.50% on the development set.
In contrast, the reported accuracy of the Meso4 system on the
AV-Deepfake1M dataset [4] is 75%, despite that much more
training data were adopted. The significant performance gap
suggests that the deepfake techniques or visual feature distri-
butions in the VCapAV dataset differ considerably from those
in existing mainstream video deepfake datasets such as AV-
DeepfakelM. Also, the former is focusing on the general acous-
tic events, while the latter is more on the virtual human talking.
More works need to be done to enhance the robustness against
different scenarios.

5. Conclusion and Future Work

The VCapAV dataset offers a novel benchmark for general
audio-visual deppfake detection, addressing gaps in existing
datasets by introducing more complex and realistic environmen-
tal sound manipulation scenarios. Compared to previous bench-
marks, VCapAV potentially covers some new attack techniques
and presents greater challenges.

Future work will focus on enhancing audio-visual deepfake
detection by exploring multi-modal fusion approaches. Inte-
grating video-based visual cues with audio signals is a promis-
ing direction, as visual context often complements audio in-
formation, offering additional evidence to improve detection
performance. Developing joint audio-visual deepfake detec-
tion models capable of leveraging temporal synchronization and
cross-modal correlations will likely improve robustness against
increasingly sophisticated deepfake attacks.
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