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Abstract. The continuous emergence of high-quality video deepfakes
requires detectors that continually adapt to new forgery patterns, yet
existing approaches, which are designed for deepfake images, fail to cap-
ture video-specific cues. Unlike deepfake images that contain only spatial
artifacts, deepfake videos leave distinct evidence along both spatial and
temporal axes, necessitating the separate preservation of each modality
during sequential model updates. To overcome this limitation, we intro-
duce a continual deepfake video detection framework, Modality-Specific
Frequency Distillation (MSFD), that explicitly decomposes video fea-
tures into spatial, temporal, and spatiotemporal modalities in the fre-
quency domain. This decomposition enables independent preservation
of each modality, as different deepfake video types exhibit varying re-
liance on spatial and temporal cues across tasks. Furthermore, MSFD
adopts a cross-modality decorrelation loss that encourages spatiotempo-
ral representations to remain orthogonal to single-modality cues. Exten-
sive experiments show that our framework achieves stronger adaptation
and preserves performance more effectively than state-of-the-art methods
across diverse continual deepfake video scenarios.

Keywords: Continual Learning · Deepfake Detection · Video Processing

1 Introduction

To address the continuously evolving video deepfakes, continual learning ap-
proaches have been proposed to enable detection models to adapt to newly
emerging forgery techniques while preserving their ability to detect previously
learned ones [4, 19, 36]. The rapid advancement of deepfake generation tech-
niques has led to the continuous emergence of new video forgery methods, with
the quality and realism of generated videos improving significantly [55]. Re-
cent video generation approaches [1,50,61] produce high-quality video deepfakes
that pose substantial challenges to deepfake detection systems trained on lim-
ited forgery types. While recent video deepfake detectors improve robustness
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Fig. 1: Performance in the continual video deepfake detection. The top row
illustrates representative temporal, spatiotemporal, and spatial artifacts across sequen-
tial tasks. The bottom row shows the performance degradation on the initial task
(FF++) and average performance across all tasks as the model is continually trained
on six sequential deepfake video datasets (FF++, DFD, CDF, DFDCp, FFIW, and
KoDF). Our method (red) maintains the highest performance with the least degrada-
tion compared to existing continual deepfake detection approaches.

by modeling generalizable spatiotemporal representations [12, 51, 62], they are
typically trained once under a fixed distribution and evaluated in a static set-
ting. In practice, however, forgery techniques evolve after deployment and are
encountered sequentially, requiring detectors to be updated over time.

However, most existing continual deepfake detection frameworks [4, 19, 32,
36,46] were primarily designed under image-level assumptions, which limit their
ability to capture video-level spatiotemporal artifacts. Deepfake videos have com-
plementary but distinct evidence in spatial artifacts (e.g ., blending boundaries)
and temporal inconsistencies (e.g ., flickering, unnatural motion) [34, 51, 62].
Such image-centric designs are therefore inadequate for videos, where deep-
fakes exhibit characteristics that differ from those observed in manipulated im-
ages [51,62]. Consequently, these image-based approaches struggle when applied
to video-based detection, often leading to unbalanced adaptation and severe for-
getting, as shown in Fig. 1.

Our preliminary experiments further support this observation (Fig. 2). When
we trained models using only spatial or only temporal cues in a continual-training
setting, their layer-wise weight updates and activation responses diverged sub-
stantially (Fig. 2 (a) and (b)). Moreover, performance retention under spatial
and temporal perturbations varies markedly across generation paradigms—some
rely primarily on spatial cues, others on temporal cues, and some on both—even
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Fig. 2: Analysis of Spatial and Temporal Modalities. We visualize (a) parameter
update magnitudes across layers relative to the iCaRL [39] baseline and (b) activation
patterns when models are continually trained with either spatial-only or temporal-only
cues, alongside (c) a dataset-wise sensitivity map showing the AUC retention ratio of
dataset-specific finetuned models under spatial and temporal perturbations. Detailed
settings are provided in the supplementary material.

within the same dataset (e.g ., DFDCp-A vs. DFDCp-B) (Fig. 2 (c)). These re-
sults explain why existing methods that treat spatial and temporal cues as a
single entangled representation fail to retain both during continual updates, and
motivate the core design of our framework: preserving spatial, temporal, and
spatiotemporal representations separately.

Motivated by these observations, we develop Modality-Specific Frequency
Distillation (MSFD), which decomposes features into spatial, temporal, and spa-
tiotemporal modalities and preserves each by aligning the current model’s fre-
quency spectra with those of the previous model at each continual learning step.
This design enables independent preservation of each modality, as different deep-
fake video types carry distinct spatial and temporal characteristics that need to
be retained separately (Fig. 2 (c)). We perform this decomposition in the spectral
domain because it offers a simple yet highly effective approach specifically for
deepfakes. Unlike complex disentanglement in the raw feature space, frequency
transforms explicitly isolate distinct forgery signatures: spatial forgeries mani-
fest high-frequency boundary artifacts captured by 2D spatial spectra [15, 30],
while point-wise 1D temporal frequency spectra capture fine-grained temporal
irregularities characteristic of temporal manipulations [20]. We further employ a
3D spatiotemporal spectrum to capture joint space-time dynamics inaccessible
to single-modality transforms, and introduce a cross-modality decorrelation loss
that encourages the spatiotemporal representation to encode frequency patterns
specific to the joint use of spatial and temporal cues while remaining orthogonal
to those captured by single-modality branches.

Through extensive experiments across realistic continual deepfake video de-
tection scenarios, including sequential domain shifts, emerging forgery tech-
niques, and restricted data, our method shows strong adaptability while pre-
serving prior knowledge. We further confirm its robustness through evaluations
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on diverse perturbation settings, and our ablation studies validate the effective-
ness of each component in the modality-specific design. Our contributions are
summarized as follows:

– We introduce the first framework that addresses the preservation of spatial
and temporal forgery cues for continual deepfake video detection.

– We design the Modality-Specific Frequency Distillation (MSFD) framework,
which decomposes video features into three complementary frequency modal-
ities to preserve modality-specific deepfake cues.

– We propose a Cross-Modality Decorrelation Loss (CDL) that encourages
spatiotemporal frequency representations orthogonal to single-modality cues.

– We conduct comprehensive experiments across multiple continual deepfake
video settings, demonstrating our proposed framework’s ability to improve
generalization, robustness, and forgetting mitigation.

2 Related Work

Video-based Deepfake Detection. Early deepfake detectors [6, 15, 16, 30,
43, 49, 56] focused on spatial artifacts in static images, failing to account for
temporal inconsistencies that often expose video manipulations. Later stud-
ies [5,10,11,20,33,34,51,53,57,62] showed that modeling spatiotemporal repre-
sentations improves robustness to unseen forgery types. For example, FTCN [62]
leverages temporal artifacts as transferable cues, while AltFreezing [51] disentan-
gles spatial and temporal branches to stabilize detection, and recent detectors
further highlight the importance of balanced spatiotemporal fusion [12, 34, 57].
Despite these advances, most detectors still assume a fixed closed-world distri-
bution. However, new deepfake techniques are continuously evolving after de-
ployment, necessitating detectors that can be incrementally updated over time.
Continual Deepfake Detection. Continual deepfake detection aims to adapt
detectors to newly emerging forgeries while retaining performance on previ-
ously learned ones [19, 24, 36, 45, 46, 60]. Existing methods such as CoReD [19],
DFIL [36], and SURLID [4] preserve prior knowledge via distillation or feature
alignment, but are designed under image-level assumptions. Unlike deepfake im-
ages that contain only spatial artifacts, video deepfakes present complementary
evidence along both spatial and temporal axes, whose divergent characteristics
make a single entangled representation insufficient to retain during continual
updates. SARB-DF [38], the only prior effort toward continual deepfake video
detection, addresses only spatial cues and follows generic regularization (e.g .,
EWC [21]) rather than deepfake-specific mechanisms. These limitations moti-
vate our design that separately preserves spatial, temporal, and spatiotemporal
forensic cues throughout continual model updates.
Continual Learning for Video Representations. Continual learning has
been widely studied for video understanding, where models are sequentially
adapted to evolving spatial and temporal dynamics [3,14,23,28,48]. These meth-
ods are typically designed to preserve high-level semantic representations (e.g .,
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Fig. 3: Our proposed framework, Modality-Specific Frequency Distillation
(MSFD) for continual deepfake video detection. (a) Overall pipeline: The cur-
rent model (θt) is trained on task t data and memory (R), distilling knowledge from the
frozen previous model (θt−1). (b) Modality-Specific Frequency Distillation (MSFD): In-
termediate features from lth layer are decomposed into temporal (T), spatial (S), and
spatiotemporal (ST) frequency spectra via 1D, 2D, and 3D FFTs. The Modality-Specific
Adaptor (MSA) applies modality-specific reweighting (Φ(l)

d ) and distillation masking
(M (l)

d ) to compute frequency-domain distillation loss (LFDL), while the cross-modality
decorrelation loss (LCDL) is computed in parallel.

playing tennis) under sequential updates. However, deepfake video detection de-
pends on modality-sensitive, low-level forensic signals (e.g ., frequency artifacts
and fine-grained temporal inconsistencies) that are fragile and can be easily
washed out under semantics-focused objectives. As a result, directly applying
conventional video continual learning techniques leads to suboptimal adaptation,
motivating forensic-aware preservation targets for continual deepfake detection.

3 Proposed Method

We address continual deepfake video detection, where the model encounters a
sequence of T tasks. At each task t, the previous model θt−1 is frozen as the
teacher, and the current model θt is updated using the task data Dt and a small
subset of prior data stored in the replay memory R. The primary objective at
task t is to effectively learn the new deepfake domain introduced in the cur-
rent dataset, while maintaining high accuracy on all previously learned tasks by
preserving knowledge from the previous model θt−1.

3.1 Framework Overview

Our proposed framework, Modality-Specific Frequency Distillation (MSFD), em-
ploys a unified optimization scheme that leverages frequency-domain distilla-
tion and cross-modality regularization. The overall pipeline, visualized in Fig. 3,
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explicitly decomposes intermediate features [37, 58] into three complementary
modalities—spatial, temporal, and spatiotemporal—via Fast Fourier Transforms
(FFT), enabling distillation of distinct deepfake artifacts per modality. Our
framework involves three key mechanisms: (1) the modality-wise frequency trans-
form explicitly decomposes intermediate features into frequency spectra for each
modality; (2) the Modality-Specific Adaptor (MSA) performs adaptive cali-
bration and selective masking on the current model’s spectra to compute the
frequency-domain distillation loss LFDL, thereby more effectively preserving
modality-specific cues; (3) the Cross-Modality Decorrelation Loss (CDL) LCDL

promotes distinct spatiotemporal representations while remaining orthogonal to
those captured by single-modality branches. These components are integrated
with standard classification loss LCE and logit distillation loss LPD.

3.2 Modality-wise Frequency Transform

At task t, the current model θt is optimized with respect to the frozen previous
model θt−1 using replay samples from R. For a set of intermediate layers L in the
video backbone, we extract lth layer’s feature maps F

(l)
t−1, F

(l)
t ∈ RCl×Tl×Hl×Wl

from both models, where l ∈ L, Cl denotes the number of channels, Tl is the
temporal dimension, and Hl,Wl are the spatial dimensions at lth layer.

To explicitly decompose these representations into modality-specific compo-
nents, we apply Fast Fourier Transform (FFT) along different dimensions for
feature maps F

(l)
t and F

(l)
t−1 to obtain three complementary magnitude spectra

for each modality d ∈ {T, S, ST}, corresponding to temporal, spatial, and spa-
tiotemporal modalities. We then take the magnitude to construct modality-wise
spectra Z

(d,l)
t and Z

(d,l)
t−1 .

– Temporal (T): 1D FFT along the temporal axis Tl to capture temporal
frequency patterns.

– Spatial (S): 2D FFT over the spatial dimensions (Hl,Wl) to extract spatial
frequency characteristics.

– Spatiotemporal (ST): 3D FFT across both temporal and spatial axes
(Tl, Hl,Wl) to capture joint spatiotemporal frequency, targeting coupled
space–time artifacts not recoverable from single-modality spectra alone.

3.3 Modality-Specific Adaptor

To more effectively handle modality-specific cues during distillation, we intro-
duce the Modality-Specific Adaptor (MSA), which integrates modality-specific
reweighting and modality-specific distillation masking.
Modality-Specific Reweighting. For each modality d ∈ {T, S,ST} and lth

layer, the modality-specific reweighting module applies a learnable, modality-
wise reweighting parameter Φ

(l)
d to recalibrate the current model’s spectrum

Z
(d,l)
t via a residual transformation:

Z̃
(d,l)
t = Φ

(l)
d ⊙ Z

(d,l)
t + Z

(d,l)
t , (1)
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where the reweighting parameter Φ(l)
d is defined with a modality-dependent shape

and is automatically broadcast to match the spectrum Z
(d,l)
t ∈ RB×C×Tl×Hl×Wl ,

enabling element-wise spectral modulation. Specifically, for the temporal modal-
ity (T), the reweighting parameter spans only the temporal axis, resulting in
Φ
(l)
T ∈ R1×C×Tl×1×1. For the spatial modality (S), the parameter covers the spa-

tial dimensions, giving Φ
(l)
S ∈ R1×C×1×Hl×Wl . Finally, for the spatiotemporal

modality (ST), all axes are reweighted jointly, yielding Φ
(l)
ST ∈ R1×C×Tl×Hl×Wl .

Modality-Specific Distillation Masking. The modality-specific distillation
masking module learns a sparse, binary mask M

(l)
d to select discriminative fre-

quency bands based on data, rather than hand-crafted priors. The frequency
spectrum’s radial axis is discretized into Kd bins. A learnable logit vector a(l)d,k ∈
R2 for each bin k is converted into a binary pass/block decision m

(l)
d,k ∈ {0, 1}

using the Gumbel-Softmax operator G(·; τ):

m
(l)
d,k = G(a(l)d,k; τ) · epass, (2)

where epass = [0, 1]⊤ selects the “pass” component, and the temperature τ is
linearly annealed from 1.0 to 0.05 to encourage sharp selections.

The radial mask at frequency location u is then defined as:

M
(l)
d (u) = m

(l)

d,κ
(l)
d (u)

∈ {0, 1}, (3)

which directly maps each frequency location to its corresponding bin’s pass/block
decision. The learned radial mask is broadcast to modality-specific dimensions,
such as (1, 1, Tl, 1, 1) for temporal, (1, 1, 1,Hl,Wl) for spatial, and (1, 1, Tl, Hl,Wl)
for spatiotemporal, and then applied element-wise to each corresponding spec-
trum to obtain the final masked representations:

Ẑ
(d,l)
t = M

(l)
d ⊙ Z̃

(d,l)
t , Ẑ

(d,l)
t−1 = M

(l)
d ⊙ Z

(d,l)
t−1 , (4)

where ⊙ denotes element-wise multiplication after broadcasting. We empirically
set the radial bins Kd for each modality as KT = 4, KS = 16, and KST = 32.

3.4 Training Objective

Frequency-domain distillation loss. The frequency-domain distillation loss
then enforces knowledge transfer in the most informative spectral regions:

LFDL =
∑
l∈L

∑
d∈{T,S,ST}

λd∥Ẑ(d,l)
t − Ẑ

(d,l)
t−1 ∥22, (5)

where λd is a modality-wise weighting coefficient.
Cross-modality decorrelation loss. To ensure the spatiotemporal represen-
tation captures unique joint space-time dynamics and remains orthogonal to
the single-modality cues, we introduce the Cross-Modality Decorrelation Loss
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(CDL). For each l-th layer, CDL measures the correlation between the spa-
tiotemporal spectrum and its spatial or temporal counterparts:

LCDL =
∑
l∈L

[
Lcorr(P

(l)
ST→S(Z̃

(ST,l)
t ), P

(l)
S (Z̃

(S,l)
t ))

+Lcorr(P
(l)
ST→T(Z̃

(ST,l)
t ), P

(l)
T (Z̃

(T,l)
t ))

]
, (6)

where P
(l)
d represents modality-specific projection heads that map the spectra

into an alignment space. Before projection, spatial spectra are obtained by av-
eraging over the temporal axis, temporal spectra by averaging across spatial di-
mensions, and spatiotemporal spectra are used directly without reduction. Each
spectrum is then projected through its corresponding head (P (l)

S , P (l)
T , P (l)

ST→S,
P

(l)
ST→T) into an alignment space with dimensionality equal to the number of

frequency bins for that modality (e.g ., KS, KT).
For projected tensors A,B ∈ RB×C×k, the mean per-channel Pearson corre-

lation is defined as:

corr(A,B) =
1

BC

B∑
b=1

C∑
c=1

(
1

k

k∑
i=1

A′
b,c,iB

′
b,c,i

)
, (7)

where A′ and B′ are channel-wise z-score normalized along the frequency di-
mension. In practice, Lcorr(A,B) is computed as the mean squared correlation,
Lcorr(A,B) = corr(A,B)2, equally penalizing positive and negative correlations.
Final objective loss. The final objective function integrates classification, logit-
level distillation [19,39], and our frequency-based regularization terms:

Ltotal = LCE + λPDLPD + λFDLLFDL + λCDLLCDL, (8)

where LCE is the standard binary cross-entropy loss computed on the combined
data (Dt ∪ R). The term LPD is the memory-based logit-level distillation loss,
which is applied exclusively to samples from the replay memory R to align the
student’s logits with the frozen previous model’s predictions. Finally, λPD, λFDL,
and λCDL are empirically set weighting coefficients.

4 Experiments

Datasets. We conduct experiments on ten publicly available video-based deep-
fake datasets spanning a broad range of forgery techniques: FF++ [42], DFD [8],
CDF [27], DFDCp [7], FFIW [63], KoDF [22], FSh [26], DFo [17], DF40 [55],
and AIGVDBench [31]. The first nine are face-centric video datasets captur-
ing the temporal dynamics of facial forgeries; AIGVDBench additionally covers
non-facial AI-generated content to evaluate generalization beyond face-centric
scenarios. For DF40 [55], we adopt six manipulation methods: BlendFace [44],
FaceDancer [41], and MobileSwap [54] for Face Swap (FS), and HyperReenact [2],
MCNet [13], and SadTalker [59] for Face Reenactment (FR) deepfakes.
Continual Video Deepfake Detection Protocols. We evaluate our frame-
work under three complementary continual learning protocols tailored to video-
based deepfake detection.
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– Protocol 1: Dataset Incremental (DI). This protocol emulates a practical
scenario where detectors must continually adapt as new deepfake datasets
emerge. The model is sequentially trained on FF++ (Task 1), followed by
DFD, CDF, DFDCp, FFIW, and KoDF. For a balanced evaluation, we sam-
ple 200 real and 200 fake videos from each newly introduced dataset.

– Protocol 2: Fake Incremental (FI). This protocol evaluates robustness against
structural shifts across generation paradigms in AIGVDBench [31], inspired
by [4]: Text-to-Video (T2V) setup using EasyAnimate [52], Image-to-Video
(I2V) via Pyramid-Flow [18], Video-to-Video (V2V) via LTX [9], and closed-
source generation (SORA [35]), each relying on distinct generative priors
that produce fundamentally different forgery patterns. Specifically, subse-
quent tasks introduce only new fake videos without any real data.

– Protocol 3: Few-shot Incremental (FSI). Following the continual deepfake
detection setting [36], this protocol evaluates adaptation under a constrained
data regime (only 25/25 real/fake videos per task, excluding the first task),
which mirrors realistic scenarios where new forgeries first appear with limited
samples. The model is sequentially updated across FF++, DFDCp, DFD,
and CDF.

Evaluation Metrics. For each task t, we compute the video-level AUC, denoted
AUCt, and summarize the overall performance as: AUCall = 1

T

∑T
t=1 AUCt.

Forgetting is measured as the average performance drop relative to when each
task was first learned: Favg = 1

T−1

∑T−1
t=1

(
at,t − aT,t

)
, where at,t denotes the

AUC on Task t immediately after learning it, and aT,t is the AUC on the same
task after completing all T tasks. A higher AUCall and lower Favg indicate
better retention and a more favorable stability–plasticity balance. For Protocol
3, following [36], we report clip-level accuracy with Average Accuracy (AA) and
Average Forgetting (AF), where AA is the mean accuracy over all seen tasks,
and AF measures the average performance drop from when each task was first
learned.
Comparison Methods. We compare against a broad spectrum of continual
learning baselines: naive fine-tuning, EWC [21], DCE [25], replay-based methods
(ER [40], iCaRL-NME/FC [39], IDER [29]), video continual learning methods
(Drift [14], HCE [28], vCLIMB [48], STSP [3], ESSENTIAL [23]), and continual
deepfake detection methods (SARB-DF [38], DFIL [36], HDP [45], SURLID [4]).
Unless otherwise specified, all methods adopt 3D ResNet-18 [47] and are initial-
ized from Task 1 weights for a fair comparison. SARB-DF and ESSENTIAL are
evaluated with their native backbones, as their architectures cannot be directly
adapted.
Implementation Details. For preprocessing, as described in [62], we detect
and align faces using RetinaFace. The model processes a 32-frame clip at a spa-
tial resolution of 224 × 224. During training, up to 270 frames are extracted
from each video to form multiple 32-frame clips via temporal sampling, while
evaluation uses up to 110 frames to generate non-overlapping or minimally over-
lapping clips. Video-level scores are computed by averaging the clip-level logits.
All models are trained for 20 epochs per task using the Adam optimizer with
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Table 1: Comparison under Protocol 1: Dataset-Incremental (DI). We eval-
uate continual adaptation as new deepfake video datasets are sequentially introduced,
and report video-level AUC (%) after the final task, overall AUCall, and average for-
getting Favg. Unless otherwise noted, all methods use 3DResNet-18 as backbone; all
replay-based methods set memory size to 200 clips. Best results are in bold and second
best are underlined. ↑/↓ indicates higher/lower is better.

Method Backbone FF++ DFD CDF DFDCp FFIW KoDF AUCall ↑ Favg ↓

▷General continual learning methods
Finetuning

3DResNet-18

89.47 89.29 71.13 73.82 84.98 99.77 84.74 14.07
EWC [21] 81.76 86.16 67.67 69.07 83.23 99.89 81.30 18.69
ER [40] 92.36 94.21 72.14 74.13 91.68 99.75 87.38 10.77
iCaRL-NME [39] 86.67 92.22 74.76 80.59 87.60 96.86 86.45 8.14
iCaRL-FC [39] 96.82 94.65 80.50 79.20 88.77 99.07 89.84 6.81
DCE [25] 99.63 96.05 72.97 83.93 90.40 90.91 88.98 0.07
IDER [29] 95.32 96.26 93.62 80.09 83.80 97.48 91.10 2.97

▷Video continual learning methods
vCLIMB [48]

3DResNet-18
80.07 90.46 66.61 77.71 85.51 96.36 82.79 11.27

Drift [14] 85.03 82.80 67.56 76.14 94.36 99.99 84.31 14.53
HCE [28] 81.54 91.56 62.18 78.96 92.08 99.28 84.27 13.06
STSP [3] 99.48 92.67 83.76 77.15 82.78 98.35 89.03 3.98
ESSENTIAL [23] ViT-B/16 (CLIP) 68.10 95.50 74.40 89.70 41.30 99.30 78.05 20.04

▷Continual deepfake detection methods
DFIL [36]

3DResNet-18
90.51 92.02 78.86 74.58 91.52 99.76 87.88 10.02

HDP [45] 92.22 86.20 68.58 70.21 83.07 99.95 83.37 16.14
SURLID [4] 94.98 90.25 83.20 81.30 76.81 99.12 87.61 8.19
SARB-DF [38] Xception + Transformer 81.99 90.60 83.26 83.55 80.46 99.16 86.50 11.63

Ours 3DResNet-18 98.42 91.15 90.17 84.14 94.88 99.36 93.02 2.29

a learning rate of 1 × 10−4 and a batch size of 8. The replay memory stores
200 clips (each containing 32 frames) for replay-based continual learning meth-
ods. We adopt iCaRL [39] with a linear classifier as a baseline and employ its
exemplar-based memory update strategy to focus on the effectiveness of our
preservation mechanism. Additional implementation details are provided in the
Supplementary.

4.1 Comparisons on Continual Deepfake Video Detection

Comparison on Protocol 1: Dataset Incremental (DI). As shown in Ta-
ble 1, our method consistently outperforms existing continual learning strate-
gies under Protocol 1, achieving the highest AUCall. Conventional video con-
tinual learning methods (e.g ., vCLIMB [48], HCE [28]) primarily focus on pre-
serving high-level semantic representations, which are insufficient for retaining
low-level forensic cues, resulting in pronounced forgetting. Continual deepfake
detection methods (e.g ., DFIL [36], SURLID [4]) rely on a single joint represen-
tation under image-level assumptions, failing to disentangle spatial and temporal
forensic signals. MSFD overcomes these limitations by independently preserving
modality-specific forensic cues in the frequency domain, achieving the highest
overall AUCall. While DCE [25] and IDER [29] show competitive forgetting,
this comes at the cost of reduced plasticity. Furthermore, as shown in Fig. 4, our
method maintains near-zero forgetting throughout the sequence while achieving
a steady increase in AUC, demonstrating both stability and adaptability.
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Table 2: Protocol 2: Fake-
Incremental. We evaluate continual
adaptation to structurally distinct gen-
eration paradigms and report AUC (%)
after the final task, overall AUCall, and
average forgetting Favg.

Method T2V I2V V2V SORA AUCall ↑ Favg ↓

iCaRL-FC [39] 98.49 87.99 96.51 96.71 94.93 0.30
IDER [29] 99.69 84.87 95.92 96.51 94.25 -0.32
STSP [3] 99.57 83.28 93.65 89.53 91.51 -0.37
DFIL [36] 93.24 83.88 95.35 97.74 92.55 4.59
SURLID [4] 97.31 83.94 96.97 95.62 93.46 0.25

Ours 98.89 91.47 97.49 98.84 96.67 1.37

Table 3: Protocol 3: Few-shot Incre-
mental. We evaluate continual adapta-
tion under a restricted data regime and
report clip-level accuracy (%) after the fi-
nal task, Average Accuracy (AA), and Av-
erage Forgetting (AF), following [36].

Method FF++ DFDCp DFD CDF AA ↑ AF ↓

iCaRL-FC [39] 95.95 68.23 88.08 75.53 81.95 2.39
IDER [29] 95.50 77.04 94.67 66.67 83.47 -2.10
STSP [3] 87.81 76.78 52.86 82.90 75.09 1.59
DFIL [36] 94.50 63.14 81.93 79.08 79.66 5.47
SURLID [4] 95.98 71.91 93.19 71.24 83.08 0.58

Ours 97.10 72.04 90.32 75.13 83.65 -1.25

Comparison on Protocol 2: Fake Incremental (FI). MSFD achieves the
highest overall AUCall across generation paradigms (Table 2). We select the five
most competitive methods from Protocol 1, including iCaRL-FC [39], IDER [29],
STSP [3], DFIL [36], and SURLID [4], for evaluation under Protocols 2 and 3.
The gain is particularly notable on I2V, where MSFD outperforms all base-
lines by a large margin, suggesting that modality-specific frequency distilla-
tion effectively preserves generation-paradigm-specific forensic cues that single-
representation approaches fail to retain across tasks. While STSP and IDER
report lower forgetting, this comes at the cost of substantially lower overall ac-
curacy, indicating that they sacrifice adaptability to new paradigms to retain
prior knowledge. MSFD achieves a more favorable balance, attaining the highest
AUCall with moderate forgetting.
Comparison on Protocol 3: Few-shot Incremental (FSI). Under the few-
shot setting (Table 3), MSFD achieves the highest AA while also exhibiting
negative forgetting (AF = −1.25), indicating positive backward transfer to pre-
viously learned tasks. Although IDER reports a lower AF, its overall AA is lower
than that of MSFD, suggesting that MSFD provides a stronger few-shot adapt-
ability. Notably, STSP, which showed competitive performance in Protocol 1,
suffers significant degradation under both Fake-Incremental and Few-shot Incre-
mental settings, revealing that conventional video continual learning approaches
lack the robustness to handle the extreme distribution shifts and data scarcity
inherent in evolving deepfake scenarios.

4.2 Ablation Study and Analysis

We conduct ablation studies to validate the contribution of each component in
our framework. Further analyses are provided in the supplementary material.
Analysis on Memory Size Sensitivity. We analyze the sensitivity of our
framework to the size of the replay memory buffer. As shown in Fig. 5, our
method (red) consistently outperforms all baselines across memory sizes from
50 to 400 in both AUCall and Favg under Protocol 1. Most notably, with only
50 memory samples, our framework already matches or surpasses DFIL and



12 T. Kim et al.
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Fig. 4: Performance trends across se-
quential tasks. We visualize the average
performance AUCall and forgetting Favg

across sequential tasks under Protocol 1.
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Fig. 5: Sensitivity for memory buffer
size. We report average performance
AUCall and forgetting Favg across a mem-
ory size from 50 to 400 in Protocol 1.

SURLID operating with 400 samples. This efficiency stems from our modality-
specific distillation, which focuses on the most discriminative spectral compo-
nents as replay exemplars, preserving critical knowledge without requiring large
memory budgets. These results confirm that MSFD remains effective even in
resource-constrained continual learning scenarios.

Spatial Retention
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Fig. 6: Forgetting analysis across
spatial and temporal modal-
ities. Each point represents a
method–dataset pair, plotting spatial
and temporal retention, defined as the
ratio of the final model’s AUC under
each perturbation to its AUC when
first learned.

Forgetting Analysis Across Modali-
ties. As shown in Fig. 6, our method con-
sistently occupies the upper-right across
most benchmarks, demonstrating supe-
rior preservation of spatial and temporal
forgery cues under continual updates. To
analyze modality-specific forgetting be-
havior beyond aggregate metrics, Fig. 6
visualizes the spatial and temporal reten-
tion of each method across benchmarks in
Protocol 1, defined as the ratio of the fi-
nal model’s AUC under spatial and tem-
poral perturbation (grid shuffling/frame
shuffling) to its AUC when first learning
each dataset. While competing methods
scatter toward lower retention on one or
both modalities, our results confirm that
explicitly preserving spatial and temporal
representations is critical for robust con-
tinual deepfake detection. Details will be
provided in the supplementary material.
Contribution of Components. Each
proposed component addresses a dis-
tinct bottleneck, and their combination
achieves the best balance between adap-
tation and retention (Table 4-(a)). Multi-
layer feature distillation provides only marginal improvement, confirming that
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Table 4: Ablation studies of MSFD. (a) Contribution of major components
(MSFD, MSA, and CDL) over the baseline. Multi-layer Distillation extends naive fea-
ture distillation to multiple intermediate layers of the baseline. (b) Effect of modality
decomposition: S (spatial), T (temporal), and ST (spatiotemporal). (c) Effect of CDL
on Protocol 1 and robustness on FF++/DF40 (FS: face swap, FR: face reenactment).
(d) Breakdown of MSA (MSR and MSDM). (e) Mask types: fixed high/low-pass vs.
learnable Gumbel–Softmax in MSDM. (f) Backbone generalization under continual
learning settings. Unless otherwise specified, all results are reported under Protocol 1.

(a) Components.
Model MSFD MSA CDL AUCall ↑ Favg ↓

Baseline 89.84 6.81
Multi-layer Distill. 90.64 6.34
MSFD (Naive) ✓ 92.65 4.09
MSFD + MSA ✓ ✓ 92.14 3.20
MSFD + CDL ✓ ✓ 92.77 2.65

Ours (Full) ✓ ✓ ✓ 93.02 2.29

(b) Modalities.
Modality S T ST AUCall ↑ Favg ↓

w/o Decompose – – – 90.64 6.34
Spatial Only ✓ – – 90.69 5.29
Temporal Only – ✓ – 91.45 4.41
Spatiotemp. Only – – ✓ 92.06 3.27

Full (Ours) ✓ ✓ ✓ 93.02 2.29

(c) Effect of CDL.
Method Protocol 1 FF++ DF40

AUCall ↑ Favg ↓ FS FR FS FR

w/o CDL 92.14 3.20 99.5 97.5 92.8 75.6
Ours 93.02 2.29 99.6 97.8 93.3 85.6

(d) MSA components.
Configuration MSR MSDM AUCall ↑ Favg ↓

w/o MSA – – 92.77 2.65
+ MSR Only ✓ – 92.97 2.43
+ MSDM Only – ✓ 91.91 3.08

MSA (Full) ✓ ✓ 93.02 2.29

(e) Mask type in MSDM.
Mask Type Trainable AUCall ↑ Favg ↓

None – 92.97 2.43
High-pass Fixed 92.94 2.53
Low-pass Fixed 92.38 3.14

Ours Learnable 93.02 2.29

(f) Backbone.
Backbone Method AUCall ↑ Favg ↓

R3D-18 iCaRL-FC 89.84 6.81
Ours 93.02 2.29

R(2+1)D-18 iCaRL-FC 86.10 8.75
Ours 89.24 2.17

FTCN iCaRL-FC 74.05 16.39
Ours 75.34 8.03

preserving entangled spatial-temporal features in the raw space is insufficient.
MSFD (Naive) yields a substantial gain by decomposing features into modality-
specific frequency spectra, validating frequency-domain decomposition as the key
enabler. MSA improves stability by suppressing noisy frequency bands, while
CDL reduces cross-modality redundancy. The full model achieves the strongest
overall performance, confirming their complementary roles.
Analysis of Modality Decomposition. All three frequency modalities are
necessary, and their combination yields the most robust performance (Table 4-
(b)). Spatial-only (S) provides the smallest gain, as spatial cues are well pre-
served by standard distillation. Temporal-only (T) shows a larger improvement,
consistent with prior findings that temporal cues are more generalizable forensic
signals [11, 62]. Spatiotemporal-only (ST) achieves the strongest result by cap-
turing joint space-time dynamics inaccessible to 1D or 2D transforms. The full
model further improves, confirming complementarity across the three spectra.
Effect of Cross-modality Decorrelation Loss (CDL). CDL improves both
accuracy and stability by preventing the ST branch from redundantly encod-
ing cues already preserved by the spatial and temporal branches (Table 4-(c)).
Without CDL, such redundancy wastes capacity and compounds forgetting when
overlapping representations shift during later tasks. Furthermore, we find the
largest improvement on Face Reenactment (FR) in DF40 [55], an advanced vari-
ant of FF++. Since FR modifies expression dynamics, its artifacts appear as
temporally inconsistent spatial deformations, making spatiotemporal cues more
critical than in Face Swap (FS).
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Fig. 7: Effect of the Modality-Specific Adaptor (MSA) on frequency distri-
butions. We visualize frequency spectra of real (blue) and fake (red) samples at Layer 1
across three modalities (spatial, temporal, and spatiotemporal). For each modality, the
left plot shows spectra before MSA and the right plot after MSA.

Analysis of the Modality-Specific Adaptor (MSA). The combination of
Modality-Specific Reweighting (MSR) and Modality-Specific Distillation Mask-
ing (MSDM) achieves the highest performance and lowest forgetting, demon-
strating strong synergy between the two components as shown in Table 4-(d).
MSR adaptively calibrates channel-wise spectral responses to reduce forgetting
through modality-aware spectral reweighting, while MSDM selectively highlights
discriminative frequency components via a Gumbel–Softmax mechanism. Their
complementary roles, MSR for calibration and MSDM for frequency-wise selec-
tion, enable comprehensive spectral adaptation across all modalities.

To further validate the learnable masking mechanism, we compare the modality-
specific distillation masking against a fixed frequency filter. As shown in Ta-
ble 4-(e), replacing the learnable mask with a static high-pass or low-pass filter
degrades performance, indicating that fixed frequency selection cannot adapt to
task-specific spectral characteristics. In contrast, our learnable mask dynamically
allocates attention across frequency regions, achieving the best performance and
confirming that adaptive frequency selection is crucial for capturing discrimina-
tive spectral cues and maintaining stability in continual deepfake video detection.

To analyze the impact of MSA, we visualize the frequency distributions of
real and fake samples at Layer 1, representing low-level features, across spatial,
temporal, and spatiotemporal modalities using our model. As shown in Fig. 7,
the top row presents the distributions before applying MSA, while the bottom
row illustrates those after applying MSA. Without MSA, the spectral responses
of real and fake samples largely overlap. In contrast, after MSA is introduced, the
separation between real and fake distributions becomes more pronounced across
all modalities, demonstrating that MSA enables the model to learn forgery-
relevant cues even from the low-level representation stage.
Backbone Generalization Analysis. Our modality-aware frequency distil-
lation generalizes across architecturally diverse backbones, consistently outper-
forming the baseline on all tested networks (Table 4-(f)). To further validate this
generality, we evaluate our framework across different backbone architectures un-
der identical continual learning settings, including the standard 3D ResNet-18
and R(2+1)D-18 video backbones [47], as well as the FTCN [62], a deepfake-
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specific backbone. Note that FTCN is originally equipped with a transformer,
from which we remove the transformer modules due to memory constraints.
Failure Case. Despite consistent overall gains, our proposed method exhibits
two failure modes. (i) Race-specific distribution shifts: after learning KoDF (pre-
dominantly Asian faces), MSFD’s forgetting rises from near-zero to ∼2 (Fig. 4).
This suggests a demographic shift in KoDF: differences in facial appearance
change the spatial/frequency patterns learned earlier, causing more forgetting.
(ii) Residual asymmetric retention: the spatial and temporal branches still de-
grade at uneven rates (Fig. 6).

5 Conclusion and Future Work

In this work, we introduced a novel framework for continual deepfake video detec-
tion that mitigates catastrophic forgetting through modality-specific frequency-
domain knowledge preservation. Specifically, we proposed a Modality-Specific
Frequency Distillation (MSFD) strategy that decomposes intermediate represen-
tations into spatial, temporal, and spatiotemporal spectra, enabling modality-
specific knowledge transfer. We further introduced the Modality-Specific Adap-
tor (MSA) for discriminative spectral calibration and masking, along with the
Cross-Modality Decorrelation Loss (CDL) to encourage orthogonal frequency
representations across modalities. Through comprehensive experiments across
multiple continual learning protocols, unseen forgery domains, and perturbation
conditions, our method demonstrated superior generalization, robustness, and
stability compared to existing continual deepfake detection frameworks.
Future Work. Building upon the strong performance of memory-based replay
methods in continual deepfake video detection, future work will explore deepfake
video-specific memory update strategies that explicitly consider both spatial and
temporal information to guide exemplar selection and maintenance. Addition-
ally, developing adaptive mechanisms that dynamically balance the importance
of each modality per task could further improve robustness across diverse gen-
eration paradigms and reduce sensitivity to hyperparameter choices.
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