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In this supplementary material, we provide more details of our intuition,
related datasets, baselines, additional experimental results, and further ethical
discussion on how our method will contribute to the forgery video detection field,
described in detail as follows.

1 Intuition

Our method’s intuition is based on the observation that fake videos struggle to
preserve the natural consistency as real face videos (defined as the semantic-level
spatiotemporal coherence in natural face videos, and the opposite as inconsis-
tency, such as facial movements and expression changes) even under unknown
generation methods and different corruptions, since current generation methods
take less account of the spatiotemporal coherence and this high-level inconsis-
tency is naturally robust against corruptions compared to low-level features. We
aim to explore this representation by introducing natural consistency learning
on only real face videos with two specifically designed self-supervised tasks. We
provide samples from FF++ in Fig.1 of the manuscript to support our intuition,
and further provide more samples that can’t preserve the natural consistency
from other four investigated datasets in Fig.1.

Based on the observation above, we further design two self-supervised tasks.
Our major intuition is fake videos struggle to maintain natural spatiotempo-
ral consistency in real videos and masking/shuffling real videos could expose
the unnatural change to benefit natural consistency representation learning. As
shown in Fig.2(a), we calculate the L1 distance of each frame from real/fake
and real(masked)/real(shuffled) clips to the first frame of each video in FF++,
and find real clips exhibit less local “spikes" between frames than other three,
which suggests real clips are more naturally consistent and supports our intu-
ition. Note that we don’t entirely separate the spatial and temporal consistency
since they may be correlated for both real and fake videos. The representation
optimized by our tasks contains both spatial and temporal clues extracted by
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Fig. 1: Forgery videos from other four investigated complex datasets which still
cannot preserve the natural consistency.

CNNs and Transformer. The two designed visual-only pretraining tasks (SPM
and TCM) aim to learn natural consistency on unlabeled real videos in latent
space. SPM leverages masking to mine the context of spatiotemporal clues in
latent space, rather than spatial pixel space in MAE. TCM directly regularizes
the distance between inconsistent shuffled clips and natural clips in latent space,
which is different from [20] that exposes inconsistency by blending the shuffled
clip with natural clip to generate augmented fake faces in pixel space. There
are also some previous observations [17, 25, 35] supporting that shuffling could
expose spatiotemporal inconsistency.

We employ each designed task for pretraining respectively then use t-SNE
to visualize the representations of four different clips above in Fig. 2 (b), which
suggests both pretraining tasks could learn natural spatiotemporal consistency
in real videos to provide strong discriminability.
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Fig. 2: Intuition(a) and ablation(b) for our pretraining tasks.
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2 More Explanation for Generalization

We provide an intuitive explanation for the improved generalization of our model
here: given a natural real clip v = {f1, f2, ..., fn} with n frames and a fake clip
v∗ = {f1, ..., f∗

m, ..., fn} with a manipulated frame f∗
m, supervised detectors may

easily overfit to forgery clue in f∗
m or inconsistency between fm±k and f∗

m, which
are two patterns related to specific forgery methods and datasets. Our method
instead focuses on the natural consistency between fm±k and fm to learn general
representations that discriminate all inconsistencies, avoiding overfitting to the
previous two patterns and leading to improved generalization.

3 More Details about Datasets

Section 4.1 of the manuscript presents a brief description of the datasets we used.
For better comprehension, we provide more details of the real face video datasets,
VoxCeleb2 [4], and forgery video datasets, including FaceForensics++ (FF++) [27],
Celeb-DF-v2 (CDF) [23], DeepFake Detection Challenge (DFDC) [7], FaceShifter
(FSh) [18], and DeeperForensics (DFo) [16], as presented in Tab 1 which includes
the total number of real and fake videos, the manipulation types to generate
fake videos and where the source videos from. Besides, the FaceForensics++
dataset includes three different quality subsets, raw/c23/c40 (from uncompressed
to heavily compressed). The DeeperForensics dataset introduces various pertur-
bations to the videos to simulate real-world scenarios. For our fine-tuning stage,
we follow the official data split if provided (such as FaceForensics++ and Celeb-
DF), otherwise we randomly split the training, validation and testing subsets by
6:2:2.

Table 1: Details of real face video and forgery video datasets, including the
total number of real and fake videos, the manipulation methods used to generate fake
videos and where the source videos from.

Dataset Real Videos Fake Videos Manipulation Types Source Videos
VoxCeleb2 [4] 150,480 - - Youtube
FaceForensics++ [27] 1,000 5,000 Deepfakes/FaceSwap/Face2Face/NeuralTextures consented actors
Celeb-DF [23] 590 5,639 improved DeepFake synthesis algorithm Youtube
Deepfake Detection Challenge [7] 23,564 104,500 DFAE/NTH/MM-NN swap/FSGAN/StyleGAN consented individuals
FaceShifter [18] - 1,000 FaceShifter FaceForensics++
DeeperForensics [16] 50,000 10,000 DeepFake Variational Auto-Encoder consented actors

4 More Details about Baselines

We collect and conduct experimental comparisons with other 20 representative
and state-of-the-art methods mentioned above in the manuscript and this supple-
mentary material, including Xception [27], CNN-aug [32], Patch-based [2], Two-
branch [24], Face X-ray [19], CNN-GRU [28], Multi-task [26], DSP-FWA [22], S-
MIL-T [21], TD-3DCNN [36], STIL [11], HCIL [12], SBI+EB4 [30], PCL+I2G [39],
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LipForensics [14], RealForensics [13], FTCN [40], ISTVT [38], NoiseDF [33] and
AltFreezing [34]. The details of selected baselines are presented in Tab. 2, includ-
ing the detection type (image or video-level), backbone (CNN or Transformer),
training data modality (image, video or audio), and training scheme (supervised
or self-supervised). The selected baselines include representative CNN detector
such as Xception [27], spatiotemporal model such as CNN-GRU [28] and TD-
3DCNN [36], transformer-based detector such as FTCN [40], supervised detector
such as AltFreezing [34], and self-supervised detector such as RealForensics [13].
Additionally, it can be observed that our NACO is the only self-supervised video-
level detector requiring video-only modality without label.

Table 2: Details of the collected state-of-the-art methods and our proposed method
in type (image detector or video detector), backbone (CNN-based or Transformer-
based), training data modality (image, video or audio), and scheme (supervised or
self-supervised).

Method Type Backbone Modality Scheme

Xception [27] Image CNN Image Supervised
CNN-aug [32] Image CNN Image Supervised
Patch-based [2] Image CNN Image Supervised
Two-branch [24] Video CNN+LSTM Video Supervised
Face X-ray [19] Image CNN Image Self-supervised
CNN-GRU [28] Video CNN+RNN Video Supervised
Multi-task [26] Video CNN Video(labeled) Semi-supervised
DSP-FWA [22] Video CNN Image Self-supervised
S-MIL-T [21] Video CNN Video Supervised
TD-3DCNN [36] Video CNN Video Supervised
STIL [11] Video CNN Video Supervised
HCIL [12] Video CNN Video Supervised
SBI+EB4 [30] Image CNN Image Self-supervised
PCL+I2G [39] Image CNN Image Self-supervised
LipForensics [14] Video CNN Video(labeled) Self-supervised
RealForensics [13] Video CNN Video+Audio Self-supervised
FTCN [40] Video CNN+Transformer Video Supervised
ISTVT [38] Video Transformer Video Supervised
NoiseDF [33] Video CNN Video Supervised
AltFreezing [34] Video CNN Video Supervised
NACO (ours) Video CNN+Transformer Video Self-supervised

5 Additional Experimental Results

5.1 Intra-Dataset Evaluation

Follwing [13, 14], we investigate intra-dataset performance on FF++ under dif-
ferent video compression levels. Specifically, we fine-tune separate model for each
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video quality, including: (1) uncompressed (raw), (2)slightly compressed (c23),
and heavily compressed (c40). The results are presented in Tab. 3. We observe
that frame-level detectors which focus on low-level clues significantly suffer from
video compression, such as [19, 27]. This empirically demonstrates our motiva-
tion that these low-level clues such as artifacts or boundaries could be corrupted
under common perturbations, such as compression. Other video-level detectors,
such as [13,14,40] and our NACO, which utilize high-level spatiotemporal clues
to detect suffer less under video compression. And our method achieves the
best intra-dataset AUC score on all three different compression levels, which
also indicates the effectiveness and superiority of our intuition and our designed
method.

Moreover, we also make intra-dataset comparisons with other recent state-of-
the-art detectors on Celeb-DF-v2(CDF) [23] and DFDC [7] datasets, as shown
in Tab. 4. We can find that our method consistently outperforms other detectors
on these two more challenging datasets, also indicating the effectiveness and
superiority of our method.

Table 3: Intra-dataset evaluation. Video-level comparisons on FF++ when fine-
tuned and tested on uncompressed (raw), slightly compressed (c23), and heavily com-
pressed (c40) videos. Other methods’ results are from [13].

Method FF++ (raw) FF++ (c23) FF++ (c40)
ACC (%) AUC (%) ACC (%) AUC (%) ACC (%) AUC (%)

Xception [27] 99.0 99.8 97.0 99.3 89.0 92.0
CNN-aug [32] 98.7 99.8 96.9 99.1 81.9 86.9
Patch-based [2] 99.3 99.9 92.6 97.2 79.1 78.3
Two-branch [24] - - - 99.1 - 91.1
Face X-ray [19] 99.1 99.8 78.4 97.8 34.2 77.3
CNN-GRU [28] 98.6 99.9 97.0 99.3 90.1 92.2
LipForensics [14] 98.9 99.9 98.8 99.7 94.2 98.1
FTCN [40] - - 99.1 99.8 - 98.3
RealForensics [13] 99.3 99.9 99.1 99.8 96.3 99.5
NACO (ours) 99.5 99.9 98.9 99.8 97.0 99.6

5.2 Ablation Study on Mask Ratio of SPM

We conduct further ablations to investigate the impact of mask ratios on our
proposed SPM. Specifically, we set the random mask ratio α to 1/4, 2/4, and 3/4
then evaluate the robustness and generalization under both settings. The results
are presented in Tab. 5. We observe that both robustness and generalization
decline when setting the ratio too low or high, i.e., averagely 1.05% and 11.85%
AUC drop respectively. This suggests that keeping or ignoring too much spa-
tial information in SPM constrains the detecting performance, particularly for
generalization. Therefore, the mask ratio should be chosen carefully for better
natural consistency representation learning.
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Table 4: Intra-dataset evaluation. Video-level comparisons on Celeb-DF(CDF)
and DFDC. Other methods’ results are from their original papers.

Method CDF DFDC
ACC (%) AUC (%) ACC (%) AUC (%)

S-MIL-T [21] 98.8 - 85.1 -
TD-3DCNN [36] 81.1 88.8 82.6 79.0
STIL [11] 99.8 - 89.8 -
HCIL [12] 99.8 - 95.1 -
STDT [37] 91.7 97.2 97.4 99.1
PCL+I2G [39] - 99.9 - 94.4
SBI+EB4 [30] - 93.7 - 88.7
NACO (ours) 99.8 99.9 99.4 99.9

Table 5: Effect of mask ratios in SPM. Comparisons of different mask ratios α in
SPM under both robustness and cross-dataset settings.

Ratio FF++ (c40) CDF
ACC (%) AUC (%) ACC (%) AUC (%)

1/4 89.8 94.2 74.3 78.9
2/4 91.2 95.4 81.2 89.5
3/4 87.8 94.5 74.5 76.4

5.3 Ablation Study on Window Size of TCM

We conduct further ablation study on the temporal window size of the TCM
module, as presented in Tab. 6, which also indicates that too-short or too-long
video length would both decrease the performance and the drop is more signif-
icant with a small window size. Thus, the window size should also be chosen
carefully for better natural consistency representation learning.

Table 6: Effect of temporal window size in TCM. Comparisons of different
temporal window in TCM under both robustness and cross-dataset settings.

Size FF++ (c40) CDF
ACC (%) AUC (%) ACC (%) AUC (%)

10 89.1 93.3 77.6 82.9
20 91.2 95.4 81.2 89.5
40 91.1 94.7 80.8 88.4

5.4 Ablation Study on Backbone

We conduct further studies to demonstrate the advantages of our designed archi-
tecture in learning natural consistency representation. Specifically, we evaluate
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two traditional CNNs [15] and ViTs [8] for learning spatiotemporal representa-
tion, and a proposed 3D CNN detector [36] to directly learn video representa-
tions from pixel space. The results are presented in Tab. 7. We observe that ViT
outperforms CNNs in both settings, indicating the effectiveness of our architec-
ture by using Transformer to learn the long-range spatiotemporal representation.
Moreover, the performance using ViT is also better than using 3DCNN for learn-
ing video representation directly from pixel space, demonstrating our hypersisi
that pixel space lacks crucial information for natural consistency representation
learning and also suggesting the superiority of our architecture by incorporat-
ing CNNs for local receptive spatial features and Transformer for long-range
spatiotemporal representation learning.

Table 7: Ablation on different backbones. Comparisons of different architectures
on learning natural consistency from real videos.

Architecture FF++ (c40) CDF
ACC (%) AUC (%) ACC (%) AUC (%)

ResNet18 79.2 87.5 66.2 56.1
ResNet50 83.2 90.4 67.1 60.8
3DCNN 80.1 88.4 68.8 65.2
ViT-Small 81.7 87.2 72.8 73.6
ViT-Base 91.2 95.4 81.2 89.5

5.5 Ablation on Different Pretraining Dataset and Method

We conduct further experiments by using a larger pretraining dataset, i.e., both
VoxCeleb2 and Kinetics-400, as shown in Tab. 8, which indicates that a larger
pretraining dataset can indeed improve the detection performance. Thus, con-
sidering the additional computational cost, a balance between the pretraining
data scale and the detection performance may be essential.

Table 8: Evaluation with larger pretraining dataset. We report the video-level
AUC (%) under both robustness and cross-dataset settings.

Pretraining Dataset FF++ (c40) CDF
ACC (%) AUC (%) ACC (%) AUC (%)

Kinetics-400 86.3 92.9 70.8 69.6
VoxCeleb2 91.2 95.4 81.2 89.5
VoxCeleb2 + Kinetics-400 91.4 95.5 82.1 90.2

Furthermore, following RealForensics and [20], we report the results in Tab. 9,
where the performance slightly declines. This suggests the performance may be
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related to both dataset size and data quality: small-scale LRW and FF++(real)
may contain more useful information about natural face movement, while large-
scale VoxCeleb2 may have more redundant information about face identity, con-
sistent with the results of RealForensics pretrained on VoxCeleb2. The results
also suggest competitive performance can be obtained by tuning on a different
and smaller dataset.

Table 9: AUC(%) when pretrained on LRW and FF++(real).

Pretrain Dataset CDF DFDC FSh DFo Avg
LRW 87.2 75.7 99.5 99.4 90.5

FF++(Real) 86.1 74.6 98.7 98.2 89.4
VoxCeleb2 89.5 76.7 99.4 99.5 91.2

Furthermore, to demonstrate the advantages of our pretraining method on
face forgery detection task, we conduct further studies by using different video
datasets (not face but action videos): Something-Something-V2(SS-V2) [10] and
Kinetics-400 [1] and different method: VideoMAE [31] for pretraining in Tab.10.
We observe other video datasets generally improve performance than no-pretraining,
and other pretraining methods also lead to acceptable results, but the perfor-
mance on face videos is better, and none of them match the robustness and
generalization achieved by our method, indicating its superiority. It is also sug-
gested that our pretrained models are beneficial for face forgery video detection
task, which can leverage off-the-shelf resources.

Table 10: Comparisons with other pretraining methods and datasets when
fine-tuned on FF++ (c23).

Method Pretrain Dataset FF++ (c40) CDF
ACC AUC ACC AUC

VideoMAE
SS-V2 80.2 88.5 66.8 65.6

Kinetics-400 81.6 90.2 67.3 66.7
VoxCeleb2 84.8 94.0 71.6 74.9

NACO (ours)

None 69.0 72.6 66.2 67.9
SS-V2 84.8 91.1 69.1 69.3

Kinetics-400 86.3 92.9 70.8 69.6
VoxCeleb2 91.2 95.4 81.2 89.5

5.6 Forgery Localization

In Fig. 4 of our manuscript, we present Grad-CAM [29] visualization results on
five consecutive frames from each subset of FF++ (c23) to investigate whether
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our method can effectively localize the forgery traces in fake videos. This sec-
tion presents more Grad-CAM examples on each subset of FF++ (c23), in-
cluding real, Deepfakes (DF), Face2Face (F2F), FaceSwap (FS), and NeuralTex-
tures (NT). The additional results are illustrated in Fig. 3. We observe that our
model can still effectively respond to the forgery traces and localize the inconsis-
tencies in fake videos, such as the mouth and nose regions in F2F and FS, while
the heatmap is average over the entire face area for real videos since there is no
inconsistency. The results provide more support that our method can effectively
localize the forgery traces in fake videos.

Real

DF

F2F

FS

NT

Fig. 3: Forgery localization. Additional Grad-CAM [29] results on consecu-
tive frames of FF++ (c23), including real, Deepfakes (DF), Face2Face (F2F),
FaceSwap (FS), and NeuralTextures (NT). We find that our proposed method can
effectively respond to the inconsistencies in fake videos and localize the forgery areas.

5.7 Further Discussions with SOTA Detectors

In addition to Tab. 1 of our manuscript, we make further comparisons with the
recent SOTA RealForensics when using the same auxiliary dataset VoxCeleb2
as shown in Tab. 11. We observe that our method achieves better performance
with an average 1.2% AUC improvement than RealForensics when using the
same auxiliary dataset for pretraining, indicating the superiority of our method.
Besides, the RealForensics requires audio for pre-training and introduces multi-
task learning during fine-tuning, but our method only requires video modality
and doesn’t require any other auxiliary tasks during fine-tuning, which is more
scalable and flexible.

The results in Tab. 1,2&4 of our manuscript indeed show that our method
achieves improvement compared to recent SOTA RealForensics and AltFreezing
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on generalization and robustness. Moreover, our method has significantly fewer
tuned parameters but a better performance compared to the two competitors as
presented in Tab. 3 of the manuscript, further demonstrating its advantages.

Additionally, since the emergence of large multi-modal models, how to inte-
grate the audio appropriately can be a future direction of our work. We don’t
integrate audio since we aim to explore visual-only video representation, which
is unexplored currently and more general than requiring audio. We can integrate
audio following similar intuition to learn the audio consistency representation
(such as also by masking and shuffling) or learn the cross-modal inconsistency
between video and audio, by adding an audio branch to learn the audio repre-
sentation. We consider this as one of our future directions.

Table 11: Further comparison with RealForensics when using the same aux-
iliary dataset. Video-level AUC (%) is reported. * means the method is pretrained
on VoxCeleb2.

Method CDF DFDC FSh DFo Avg
RealForensics* [13] 82.9 78.9 99.3 98.8 90.0
NACO (ours) 89.5 76.7 99.4 99.5 91.2

5.8 Discussions with Other Self-Supervised Detectors

We make further cross-dataset comparisons with more recent self-supervised
detectors (LPS [9] and OST [3]) as presented in Tab.12. We find our method can
achieve competitive and impressive performance on generalization. Further, LPS,
OST, and RealForensics all focus on self-supervised learning with following key
differences: LPS learns the spatiotemporal representation by predicting future
state, OST generates forgery samples during testing, RealForensics is pretrained
to learn audio-visual correspondence and fine-tuned by multi-task learning, while
our method is pretrained and fine-tuned on visual-only modality by exploring
the natural consistency representation in real face videos with only optimizing
a MLP header during fine-tuning.

Table 12: Comparisons on cross-dataset generalization with other self-
supervised detectors. Other methods’ results are from their original papers.

Method DFDC Celeb-DF
LPS 73.2 87.7
OST 83.3 74.8

NACO (ours) 76.7 89.5
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Table 13: Confidence interval (±%) for intra-dataset(on FaceForensics++, left),
cross-dataset(middle) and cross-manipulation(right) at 0.05 significance level.

raw c23 c40 FSh DFo DF FS F2F NT
AUC 0.086 0.058 0.132 0.143 0.175 0.083 0.136 0.134 0.162

5.9 Confidence Interval

The experimental results in our manuscript are the mean value of 3 independent
tests and we further repeat each test for 7 times, and the confidence intervals (by
t-Test [5], df=9) at 0.05 significance level of intra-dataset, cross-dataset and
cross-manipulation results are shown in Tab.13, which prove our detection is
stable and precise.

5.10 Significance Level

To demonstrate the significance of our method against other competitors, we
employ Wilcoxon signed-ranks test [6] to show whether our NACO has a signif-
icant performance against other methods when AUC is above 95%. Note that
the performance of these methods used for testing is from intra-, cross- and
robust cases where our AUC is above 95%. As shown in Tab.14, our method
outperforms other baselines on AUC at 0.05 significance level.

Table 14: Summary of the Wilcoxon signed-ranks test for our NACO against
other approaches when our AUC is above 95% at 0.05 significance level. The p-values
are shown in the brackets.

Xception CNN-aug Patch-based X-Ray CNN-GRU LipForensics FTCN
win[0.009] win[0.001] win[0.001] win[0.001] win[0.004] win[0.043] tie[0.439]

5.11 Failure Cases

We consider the samples with more complex real-world scenarios and provide
several failure cases with their Grad-CAM from DeeperForensics-1.0, as pre-
sented in Fig.4. We observe that complicated conditions in real videos (such as
illumination) may mislead the detection, and the high-realistic forgery frame
with minor movements in fake videos could also increase the detection difficulty.
We can intuitively explain the results: the illumination increases the difficulty of
natural consistency learning and the fake videos with minor movements contain
less consistency clues compared to obvious movements. How to handle compli-
cated conditions in real face videos and minor movements in forgery videos could
be our future direction.
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Fig. 4: Failure cases from DeeperForensics-1.0 when fine-tuned on
FF++ (c23). The first row is real video but misclassified as fake, while the sec-
ond row is fake but misclassified as real.

6 Ethical Discussions

The competition between generation and detection is always in progress. New
generators could promote the development of detectors then new detectors will
force the generators to synthesize more realistic results. Our method could detect
the forgery videos that exist spatiotemporal inconsistency, which exists in most
current forgery videos. If the forgery videos in the future can entirely eliminate
this inconsistency to resist our detector, which is difficult we assume, all detectors
based on this may fail. But our method can still provide foundation and insight
for the future detectors, especially for how to detect by learning representation
on real data to distinguish fake ones.
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