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Supplementary Material

A. Overview
In this supplementary material, we provide additional de-
tails of the proposed HAVIC framework and the HiFi-AVDF
dataset, as well as more experimental results. Sec. B intro-
duces further implementation details, including model ar-
chitecture choices and training configurations. Sec. C then
offers a comprehensive description of the proposed HiFi-
AVDF dataset and information about other datasets. Finally,
Sec. D reports additional results, including extended evalu-
ations, ablation studies, and qualitative analysis.

B. Implementation Details
B.1. Holistic Coherence Priors Pre-training
Inputs. We sample 3.2s video clips from the LRS2
dataset [2] and preprocess them following the procedure
described in Sec. 5.1 in the main paper. Note that the LRS2
dataset contains only real videos. Each clip is converted
into 16 cropped face frames, which are then resized to
224→224 to serve as the visual input. For the audio
stream, we extract 128-dimensional log Mel filterbank
features using a 25 ms Hanning window and a 10 ms hop
length. The resulting spectrogram is subsequently resized
to 1024→128 and used as the audio input. Both audio and
visual inputs are normalized and then tokenized.
Token Masking. In the Holistic Coherence Priors Pre-
training phase, we adopt the MAE framework [17] to
enable efficient self-supervised pre-training, in which a
large proportion of tokens are masked. For visual tokens,
we deploy tube masking [43] with a ratio of 90%, where
patches at the same spatial location across each frame share
the same mask to reduce temporal information leakage.
As for audio tokens, random masking [18] with a ratio
of 81.25% is applied to achieve diverse time–frequency
coverage. The masking ratios are chosen empirically based
on previous research [18, 43].
Model Architecture. We adopt a symmetric architecture
for both audio and visual modalities. Each encoder consists
of Ne = 12 Transformer layers, with 12 attention heads
per layer and an embedding dimension of 768. Hierarchi-
cal features are extracted from H = 4 layers, uniformly
selected from the 3rd, 6th, 9th, and 12th layers of the en-
coders. The audio-visual interaction module comprises an
8-head cross-attention layer followed by an 8-head Trans-
former block. The cross-modal semantic decoders include
a linear projection layer followed by a single Transformer
block with 12 attention heads. The modality-specific de-

coders consist of Nd = 4 Transformer layers with 6 atten-
tion heads per layer and an embedding dimension of 384,
four 6-head cross-attention layers corresponding to the hi-
erarchical feature layers, and four linear heads that project
each layer’s output back to the original input.
Training Configuration. Following [34], we initialize the
audio encoder–decoder with pretrained AudioMAE [18]
weights from AudioSet-2M [14], and initialize the vi-
sual encoder–decoder with MARLIN [7] pretrained on the
YouTubeFace dataset [45]. The Fine-grained Contrastive
loss weight is set empirically to ωcl = 0.01, and the tem-
perature parameter ε is fixed at 0.07. The Cross-modal Se-
mantic Reconstruction loss weight is fixed at 1. Both Lrec

and Lcross are computed by averaging squared errors over
the tokens. Subsequently, we pre-train the HAVIC using the
AdamW optimizer [29] with a learning rate of 1.5e-4 with
a cosine decay [28]. We train for 200 epochs with a linear
warmup for 20 epochs using four NVIDIA L20 GPUs with
a total batch size of 112. It takes about five days to complete
the Holistic Coherence Priors Pre-training phase.

B.2. Holistic Adaptive Aggregation Classification
Inputs. The inputs for the Holistic Adaptive Aggregation
Classification phase are drawn from the FakeAVCeleb [21]
dataset, which contains deepfake videos with manipulated
audio, visual, or both modalities. The processing procedure
follows that of the Holistic Coherence Priors pre-training
phase, with the difference that no masking is applied to
the input in this phase. Following [34], we apply weighted
sampling to alleviate class imbalance between real and fake
samples in the FakeAVCeleb dataset.
Model Architecture. We remove the decoders of HAVIC.
The audio and visual encoders, along with the audio-visual
interaction module, retain the same structure as in the Holis-
tic Coherence Priors pre-training phase. Each scoring net-
work in the Adaptive Feature Aggregation module is a 2-
layer MLP, and each classification head is a 3-layer MLP.
Training Configuration. We initialize the audio encoder,
visual encoder, and audio-visual interaction module using
the weights obtained from the Holistic Coherence Priors
Pre-training phase. The model is then trained using the
AdamW optimizer [29] with a cosine annealing scheduler
with warm restarts [28]. A smaller learning rate of 1.0e-5
is applied to the pretrained components, while newly added
modules are trained with a larger learning rate of 1.0e-4.
Training is performed for 50 epochs with a total batch size
of 32 on four NVIDIA L20 GPUs, taking about eight hours.



Figure 1. Examples of real–fake video pairs generated by the six models in HiFi-AVDF. For each model, we display one representative
pair, where the top row shows a real video clip and the bottom row shows the corresponding forged clip produced by that model.

Inference. During inference, we follow [34] and apply
a sliding-window strategy for video-level detection. Each
window has a duration of 3.2s and slides with a step size of
0.4s. The output logits from the main classification head are
computed for each window, and the final prediction (real or
fake) is obtained by averaging the logits across all windows.

C. Dataset Details
C.1. HiFi-AVDF Dataset
Overall Dataset Creation Pipeline. After collecting the
real data and extracting three core components, namely
the reference frame, audio track, and video caption, as de-
scribed in Sec. 4 in the main paper, forged videos are gen-
erated following three strategies to simulate diverse audio-
visual manipulations:
(i) caption-only: Video generation is driven entirely by a
text caption, creating a purely text-to-video (T2V) genera-
tion without audio-visual references.
(ii) caption + reference frame: A reference frame is incor-
porated with the text caption to ground the generated con-
tent, significantly improving visual realism.
(iii) audio track + reference frame: The generator syn-
chronizes the lip movements of a subject in a reference
frame with a source audio track, producing realistic, audio-
visually coherent forgeries.

In practice, Sora 2 follows the caption-only strategy, as it
does not support using a reference face image for video gen-
eration. Seedance 1.0 employs the audio track + reference

frame strategy, while the remaining four models utilize the
caption + reference frame strategy. As shown in Fig. 1, for
each real video, a corresponding forged video is generated
using one of the models, resulting in a dataset comprising
1,905 real videos and 1,905 corresponding fake videos.

Comparison with Existing Datasets. We compare HiFi-
AVDF with representative deepfake datasets in terms of ma-
nipulated modality, dataset curation, availability of text-to-
video (T2V) and image-to-video (I2V) samples, generation
methods, number of persons, and counts of real and fake
samples. As summarized in Tab. 1, HiFi-AVDF provides
high-quality audio-visual forgeries generated using diverse
state-of-the-art methods, covering a larger number of per-
sons and offering both T2V and I2V capabilities. This com-
prehensive design enables more robust evaluation of audio-
visual deepfake detection models and facilitates research on
multi-modal forgery scenarios.

Ethical and Bias Issues. We acknowledge that the HiFi-
AVDF dataset may raise ethical concerns, particularly re-
garding the potential misuse of facial videos and the ad-
vanced audio-visual generation tools employed in con-
structing the dataset. Such misuse could involve the cre-
ation of new deepfake content or other forms of malicious
exploitation. To mitigate these risks, we release the dataset
under a carefully designed end-user license agreement that
explicitly restricts the use of the dataset and any generated
audio-visual content to research purposes only. The dataset
is provided solely to support scientific progress in deepfake
detection, and any attempt to employ the data for harmful



Dataset Manipulated
Modality T2V I2V Generation Method Person # Real # Fake # Year

FaceForensics++ [38] V ✁ ✁
FaceSwap (2017) [24], DeepFakes (2017)[1],

Face2Face (2016)[41], NeuralTextures (2019)[42] N/A 1,000 4,000 2019

WildDeepfake [50] V ✁ ✁ N/A N/A 3,805 3,509 2020

KoDF [26] V ✁ ✁
FaceSwap [24] (2017), DeepFaceLab [36](2020), FOMM [39] (2019)

FaceSwapGAN [33] (2019), ATFHP [47] (2020), Wav2Lip [37] (2020) 403 62,166 175,776 2021

DF-Platter [32] V ✁ ✁ FaceSwap (2017) [24], FaceSwapGAN (2019) [33], Faceshifter (2019) [27] 454 133,260 132,496 2023

FakeAVCeleb [21] AV ✁ ✁
Wav2Lip (2020) [37] , FaceSwap (2017) [24],

FaceSwapGAN (2019) [33], SV2TTS (2018) [20] 500 500 19,500 2021

DefakeAVMiT [46] AV ✁ ✁
FaceSwap (2017) [24], Voice Replay (2017) [23], SV2TTS (2018) [20], DeepFaceLab (2020) [36],

Wave2Lip (2020) [37], PC-AVS (2021) [48], EVP (2021) [19], AV exemplarAE (2020) [12] 86 540 6,480 2023

AV-Deepfake1M [8] AV ✁ ✁ VITS (2021) [22], YourTTS (2022) [9], TalkLip (2023) [44] 2068 286,721 860,039 2024

HiFi-AVDF (ours) AV ✂ ✂
Sora 2 (2025) [35], Veo 3.1 (2025) [16], Seedance 1.0 (2025) [6],

Kling 2.5 (2025) [25], WAN 2.5 (2025) [4], PixVerse V5 (2025) [3] 1905 1,905 1,905 2025

Table 1. Summary of representative deepfake datasets. This table compares commonly used visual and audio-visual deepfake datasets
in terms of manipulated modality, support for T2V/I2V generation, generation methods, number of persons, and counts of samples. HiFi-
AVDF provides high-quality audio-visual forgeries generated by diverse state-of-the-art models, supporting both T2V and I2V modalities.

or non-research activities is strictly prohibited.
Furthermore, to conduct a comprehensive bias assess-

ment of HiFi-AVDF, we perform an automated demo-
graphic analysis using EasyFace [5], categorizing indi-
viduals by binary gender, seven racial/ethnic groups, and
nine age ranges spanning from infancy to older adulthood.
This procedure provides a fine-grained understanding of
the dataset’s demographic composition. A face detection
pipeline equipped with pre-trained multi-attribute recogni-
tion models was applied to all samples, and the resulting
statistics are summarized in Tab. 2. While our dataset pro-
vides broad demographic coverage, it still contains certain
degrees of demographic bias. Additionally, automated de-
mographic classification may be inaccurate for edge cases
and intersectional identities.

C.2. Other Datasets
LRS2 [2]. LRS2 is a large-scale, unconstrained audio-
visual dataset for speech recognition. It comprises 97k real
videos sourced from British television, each paired with its
corresponding audio track, enabling the modeling of both
real human facial movements and their corresponding audio
signals, and capturing the intrinsic audio-visual coherence.

FakeAVCeleb [21]. FakeAVCeleb is a deepfake detection
dataset of 20,000 videos, comprising 500 real videos from
VoxCeleb2 [10] and 19,500 deepfakes created via visual
(FaceSwap [24], FSGAN [33], Wav2Lip [37]) and audio
(SV2TTS [20]) manipulations. Based on which modalities
are manipulated, the dataset can be categorized into four
types: real video with fake audio (RVFA), fake video with
real audio (FVRA), fake video with fake audio (FVFA), and
real video with real audio (RVRA, i.e., the unaltered sam-
ples). Furthermore, the forgeries are generated using differ-
ent combinations of manipulation techniques, as summa-
rized in Tab. 3.

KoDF [26]. KoDF is a large-scale talking-face deep-
fake dataset comprising 62,166 real videos and 175,776
fake videos generated using six synthesis algorithms:

Category Attribute Percentage (%)

Gender Male 62.99
Female 37.01

Race/Ethnicity

White 56.43
Black 3.73
Latino Hispanic 4.41
East Asian 11.86
Southeast Asian 1.89
Indian 4.20
Middle Eastern 17.48

Age

0-2 0.05
3-9 0.79
10-19 4.67
20-29 37.95
30-39 25.83
40-49 17.90
50-59 8.45
60-69 3.94
70+ 0.42

Table 2. Demographic distribution analysis results on the HiFi-
AVDF dataset.

Category Generation Method

RVFA SV2TTS
FVRA-FS FaceSwap

FVRA-GAN FaceSwapGAN
FVRA-WL Wav2Lip
FVFA-FS SV2TTS + FaceSwap

FVFA-GAN SV2TTS + FaceSwapGAN
FVFA-WL SV2TTS + Wav2Lip

Table 3. Overview of generation methods corresponding to differ-
ent audio-visual manipulation categories in FakeAVCeleb.



Method RVFA FVRA-WL FVFA-FS FVFA-GAN FVFA-WL AVG

AP AUC AP AUC AP AUC AP AUC AP AUC AP AUC

AV-DFD [49] 74.9 73.3 97.0 97.4 99.6 99.7 58.4 55.4 100. 100. 86.0 85.2
AVAD (LRS2) [13] 62.4 71.6 93.6 93.7 95.3 95.8 94.1 94.3 93.8 94.1 87.8 89.9
AVAD (LRS3) [13] 70.7 80.5 91.1 93.0 91.0 92.3 91.6 92.7 91.4 93.1 87.2 90.3

AVFF [34] 93.3 92.4 94.8 98.2 100. 100. 99.9 100. 99.4 99.8 97.5 98.1
AVPrompt [31] 97.1 95.5 99.9 99.9 100. 100. 100. 100. 100. 100. 99.4 99.1

HAVIC (Ours) 98.6 96.7 100. 100. 100. 100. 100. 100. 100. 100. 99.7 99.3

Table 4. Cross-manipulation generalization on FakeAVCeleb. We evaluate the model on unseen manipulation types by training on
four categories and testing on the held-out category. HAVIC consistently achieves superior performance across all manipulation types,
demonstrating strong generalization to unseen deepfake generation methods.

FaceSwap [24], DeepFaceLab [36], FaceSwapGAN [33],
FOMM [39], ATFHP [47], and Wav2Lip [37]. Follow-
ing [13, 34], we use a subset of KoDF to evaluate the cross-
dataset generalization (Tab. 3 in the main paper).

D. Additional Results
D.1. Cross-Manipulation Generalization.
In addition to the intra-dataset evaluation reported on
the FakeAVCeleb dataset (Tab. 2 in the main paper),
we further conduct cross-manipulation experiments on
the FakeAVCeleb dataset, following the protocols in
[13, 31, 34]. The dataset is divided into five categories
according to the specific deepfake generation algorithms:
RVFA, FVRA-WL, FVFA-FS, FVFA-GAN, and FVFA-
WL. In each experiment, we hold out one category for
testing while training the model on the remaining four cat-
egories. This leave-one-type-out evaluation setup enables
us to measure the model’s ability to detect unseen manip-
ulation methods. The results are summarized in Tab. 4.
HAVIC consistently outperforms all baseline methods
across all manipulation types. This demonstrates that our
model effectively captures generalizable audio-visual cues
that transfer well to unseen deepfake generation methods.

D.2. Ablation on the absence of the audio modality.
In practical scenarios, many videos may contain no audio or
severely corrupted audio tracks. Most existing audio–visual
detection methods heavily rely on both modalities, making
them vulnerable when audio is missing. To evaluate the ro-
bustness of HAVIC under such conditions, we perform an
ablation where the audio modality is entirely removed dur-
ing testing. In this setting, we only use HAVIC’s visual clas-
sification head for inference. For the two compared meth-
ods [11, 34] that do not support audio-less input, we provide
a silent audio track as a placeholder. As shown in Tab. 5,
all compared methods experience a notable drop in perfor-
mance when audio is absent. In contrast, HAVIC maintains

strong performance, showing that it can still perform reli-
able detection using only visual information.

D.3. Comparisons with other SSL methods.
To further validate the effectiveness of our self-supervised
learning (SSL) design in the Holistic Coherence Priors pre-
training phase, we compare HAVIC with representative SSL
methods from two perspectives.

MAE-based Pre-training. Since our method introduces
hierarchical decoding and layer-wise supervision design
beyond standard MAE, we compare HAVIC with several
MAE variants to assess the benefit of these improvements.
Specifically, we substitute our design with two representa-
tive variants: VideoMAE [43] and HiCMAE [40], and pre-
train the model under the same settings. As shown in Tab. 6,
VideoMAE only uses the features from the last encoder
layer for reconstruction, resulting in moderate performance.
HiCMAE improves upon this by incorporating skip connec-
tions between the encoder and decoder, encouraging inter-
mediate layers to learn more meaningful representations,
which leads to better performance. Building on this, our
method further introduces hierarchical decoding and layer-
wise supervision, yielding additional performance gains.

Audio-Visual Contrastive Learning. To evaluate the con-
tribution of our fine-grained audio-visual contrastive learn-
ing, we conduct two ablation studies targeting its key com-
ponents: temporal segmentation and the soft negative mech-
anism. Previous contrastive methods [15, 34] treat an entire

Method
FakeAVCeleb KoDF HiFi-AVDF

ACC AUC AP AUC AP AUC

AVFF [34] 84.9 86.5 77.2 78.4 56.2 55.3
PIA [11] 87.2 90.3 82.1 85.9 53.7 55.8
Visual Cls. of HAVIC 96.6 98.1 91.9 93.7 59.2 61.4

HAVIC (Ours) 99.8 99.9 99.2 98.9 75.4 75.7

Table 5. Ablation on the absence of the audio modality.



Figure 2. Modality-Specific Hierarchical Reconstruction visualizations. For each clip, the first row shows the original audio spectro-
grams and visual frames, while the second and third rows depict the masked inputs and the corresponding reconstructions from the final
decoder layer, respectively. Details of the reconstructions can be seen by zooming in.

audio–video pair as a single unit, ignoring temporal struc-
ture. We first replace our segment-level formulation with a
video-level contrastive loss by globally pooling both modal-
ities to assess the impact of temporal segmentation. Sec-
ond, we remove the soft negative mechanism. As shown in
Tab. 7, both components contribute to the model’s perfor-
mance, demonstrating the effectiveness of our designs.

D.4. Hyperparameter Sensitivity of Loss Weight.
To assess the influence of the loss weight in the Fine-grained
Audio-Visual Contrastive Loss, we experiment with differ-

Method
FakeAVCeleb KoDF HiFi-AVDF

ACC AUC AP AUC AP AUC

VideoMAE [43] 98.4 99.1 94.5 95.2 69.1 71.3
HiCMAE [40] 99.3 99.5 96.7 96.3 71.8 73.5

HAVIC (Ours) 99.8 99.9 99.2 98.9 75.4 75.7

Table 6. Comparison with MAE-based Pre-training Variants.

Method
FakeAVCeleb KoDF HiFi-AVDF

ACC AUC AP AUC AP AUC

w/o temporal segments 98.7 98.9 96.5 96.8 69.6 70.8
w/o soft negative mechanism 99.4 99.5 98.4 98.1 74.0 75.1

HAVIC (Ours) 99.8 99.9 99.2 98.9 75.4 75.7

Table 7. Ablation study on key components of Fine-grained
Audio-Visual Contrastive Learning.

ent weighting values. As shown in Tab. 8, a weight around
ωcl = 0.01 yields the best performance across all datasets.
A smaller weight weakens the contrastive learning signal,
making the model insufficiently align audio–visual features,
whereas an excessively large weight overwhelms other ob-
jectives and disrupts the overall optimization balance.

D.5. Analysis of Model Complexity.
We analyze the trade-off between model performance and
computational efficiency. Tab. 9 compares the number of
parameters, throughput, and performance on HiFi-AVDF
dataset of representative MAE-based pre-training models.
Our proposed HAVIC achieves the highest AP and AUC
while maintaining competitive throughput and a moderate
number of parameters, demonstrating an efficient balance
between accuracy and computational cost.

Loss weight ωcl
FakeAVCeleb KoDF HiFi-AVDF

ACC AUC AP AUC AP AUC

0.001 99.8 99.8 97.3 96.7 72.3 67.1
0.005 99.8 99.9 98.5 99.0 74.7 74.4
0.01 99.8 99.9 99.2 98.8 75.4 75.7
0.05 99.8 99.8 98.3 98.4 73.9 75.5
0.1 99.6 99.7 97.8 97.9 72.4 73.8
0.5 99.3 99.8 96.5 96.7 72.8 71.6
1 98.7 99.1 96.2 96.9 70.2 69.8

Table 8. Ablation study on loss weight for Fine-grained Audio-
visual Contrastive Loss.



Figure 3. t-SNE visualization of the learned audio-visual embeddings. From left to right: (1) embeddings without Adaptive Aggregation,
(2) embeddings without Auxiliary Classifiers, and (3) embeddings of the complete model.

Method Parameters (M) Throughput (samples/s) AP AUC

VideoMAE [43] 235.1 74.7 69.1 71.3
HiCMAE [40] 241.0 72.5 71.8 73.5
AVFF [34] 196.8 34.2 66.0 65.2

HAVIC (Ours) 243.1 66.8 75.4 75.7

Table 9. Comparison of model complexity and performance. The
number of parameters and inference throughput are reported for
the pre-training models, while AP and AUC are evaluated on the
HiFi-AVDF dataset to assess detection performance.

Furthermore, we conduct an ablation study on the com-
ponents of Hierarchical Adaptive Aggregation Classifica-
tion phase to examine their impact on model complexity
and efficiency. Tab. 10 shows that both adaptive aggrega-
tion and auxiliary classifiers contribute to improved perfor-
mance, with a slight reduction in throughput as more com-
ponents are added. This analysis highlights the trade-off
between incorporating advanced modeling components and
maintaining efficient inference speed.

Adaptive
Aggregation

Auxiliary
Classifiers Parameters (M) Throughput (samples/s) AP AUC

✁ ✁ 208.9 67.0 65.3 67.6
✂ ✁ 209.9 65.4 67.7 71.8
✁ ✂ 213.7 64.2 71.2 72.9
✂ ✂ 214.7 60.8 75.4 75.7

Table 10. Impact of components in the Hierarchical Adaptive Ag-
gregation Classification phase on model size, throughput, and per-
formance on the HiFi-AVDF dataset. ✁and ✂indicate the exclu-
sion and inclusion of each component, respectively.

D.6. Multiple Runs

In the main paper, we report performance metrics averaged
over multiple runs with different random seeds to mitigate
randomness and enable reliable comparisons across three
benchmark datasets. To provide a detailed view of variabil-
ity, Tab. 11 presents the results of five individual runs for
each dataset, along with their mean and standard deviation.

D.7. Qualitative Analysis

Modality-Specific Reconstruction Visualizations. We
present visualizations of the Modality-Specific Hierarchical
Reconstruction in Fig. 2. Video clips are randomly selected
from the unseen test set. For each clip, the first row shows
the original audio spectrogram and 16 visual frames, while
the second and third rows depict the masked inputs and the
corresponding reconstructions, respectively. All reconstruc-
tion results are produced by the final layer of the decoders.

The reconstructions closely resemble the original inputs,
successfully recovering the overall structure of both modal-
ities. Although the reconstructions are slightly smoother
than the ground truth as a result of the high masking ra-
tio, HAVIC still restores informative and coherent pat-
terns. These results indicate that HAVIC can effectively in-
fer missing content from limited visible information while
capturing meaningful features, demonstrating that it has
learned robust intra-modal structural coherence priors that
benefit downstream audio-visual deepfake detection.

Visualization of Embedding Space with t-SNE. To fur-
ther analyze the impact of the Hierarchical Adaptive Ag-
gregation Classification phase (Tab. 6 in the main paper),
we visualize the learned audio-visual embeddings using t-
SNE [30]. As shown in the Fig. 3, in the leftmost plot
(w/o Adaptive Aggregation), the clusters exhibit some over-

Multiple Runs
FakeAVCeleb KoDF HiFi-AVDF

ACC AUC AP AUC AP AUC

(i) 99.81 99.95 99.32 98.86 75.93 76.04
(ii) 99.84 99.96 99.39 99.24 75.25 75.85
(iii) 99.90 99.99 98.96 98.63 75.06 74.91
(iv) 99.86 99.98 98.79 98.87 74.19 75.58
(v) 99.79 99.93 99.59 99.10 76.62 76.49

Mean 99.84 99.96 99.21 98.94 75.41 75.77
std 0.04 0.02 0.33 0.24 0.92 0.59

Table 11. Performance across 5 runs on three benchmark datasets.



lap, likely because average feature aggregation weakens the
discriminative information of certain strong features. In
the middle plot (w/o Auxiliary Classifiers), the overlap be-
tween forged samples is more pronounced, particularly for
FVFA and FVRA, as the model is only trained to output
overall real/fake predictions, limiting its ability to capture
modality-specific discrepancies. In contrast, the rightmost
plot shows embeddings from our full model, where the clus-
ters are clearly separated, highlighting the effectiveness of
our proposed Hierarchical Adaptive Aggregation Classifi-
cation phase in producing discriminative features for deep-
fake detection.
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