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Abstract. Deepfake detection faces challenges in generalization, prompt-
ing recent studies to fine-tune pretrained Vision Transformers for im-
proved performance. Existing fine-tuning-based detection approaches of-
ten assign the same rank to the tunable residual components of all
layers. However, the shallow layers exhibit a distinctly low-rank struc-
ture, whereas the middle and deep layers present more complex struc-
tures. Therefore, we argue that only slight fine-tuning is required for
the shallow layers, which are able to effectively capture low-level forgery
cues, while the middle and deep layers require higher residual ranks to
model long-range dependencies and extract high-level forgery artifacts.
To achieve these goals adaptively, we propose the Stable-Rank-Based
Residual Adaptation (SRRA) strategy. It utilizes singular value decom-
position to decompose the pretrained weight matrices and adaptively al-
locates frozen principal components and learnable residual components
based on the Stable Rank. In addition, we design the Residual En-
ergy Constraint (REC) and Residual Subspace Orthogonalization (RSO),
which suppress excessive perturbations and promote subspace decou-
pling, avoiding overfitting and improving the generalization performance.
Extensive experiments demonstrate that SRRA achieves remarkable im-
provements in cross-domain generalization across multiple deepfake de-
tection benchmarks. Our code is available at https://github.com/LHK-
CodeLab/SRRA.

Keywords: Deepfake detection · Generalization · Fine-tuning · Stable
rank · Low-rank adaptation

1 Introduction

In recent years, facial generation and manipulation techniques based on gen-
erative adversarial networks and diffusion models have achieved remarkable
progress [14, 16, 21], enabling the easy creation and editing of highly realistic
facial images and videos. However, the misuse of deepfake technologies has be-
come increasingly prevalent, giving rise to serious security and ethical concerns,
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including identity impersonation, opinion manipulation, and evidence fabrica-
tion [20, 29, 50]. These threats have eroded public trust in digital media and
raised widespread societal concerns. Against this backdrop, reliably and effi-
ciently detecting forged faces has emerged as a challenging research topic in
computer vision and multimedia forensics.

Early studies primarily relied on convolutional neural networks (CNNs), with
typical architectures such as ResNet, Xception, and EfficientNet [5,15,49] widely
adopted for deepfake detection. In addition, many studies integrate auxiliary cues
such as frequency, illumination, and identity features [9, 46, 56], and exploit in-
trinsic artifacts introduced during the generation pipeline [28] to further enhance
detection performance. Although these approaches can learn discriminative fea-
tures and perform well on datasets containing manipulation types similar to
those seen during training, their inherently low-rank structures often lead to
shortcut learning and overfitting to specific generators or editing routines [52].
When data distributions shift, manipulation techniques evolve, or unseen forgery
types emerge, their performance often degrades sharply, revealing limited gen-
eralization to diverse forgeries and out-of-domain scenarios.

CNNs possess strong inductive biases toward local patterns, causing them to
rely heavily on manipulation-specific edges and textures [13], which ultimately
constrains their generalization ability. In contrast, Vision Transformers (ViTs)
have weaker inductive biases and can learn more universal semantic relations
from large-scale data [10], thus exhibiting stronger cross-domain generalization.
Nevertheless, they also require larger datasets for effectively training. Under the
limited-data regime typical of deepfake detection, a practical way to mitigate
overfitting to a specific manipulation type is to introduce pretrained knowledge
and fine-tune the detector to learn forgery-related features. Full-parameter fine-
tuning updates all parameters of the detector and offers maximal expressive
flexibility. However, given the relatively small size of deepfake datasets, it often
leads to forgetting of pretrained priors and overfitting, while incurring substantial
computational and storage overhead. To reduce the number of trainable param-
eters, subsequent works introduced LoRA [18] and its variants [23, 25, 32, 34],
which keep the original weight matrix frozen and train only a low-rank matrix
with a fixed rank to learn forgery features, combining both to update the model.
These approaches significantly reduce the number of trainable parameters and
storage requirements while preserving most of the pretrained knowledge. Build-
ing on this, Effort [52] further applies Singular Value Decomposition (SVD) to
factorize the weight matrix into a frozen principal component and a learnable
residual component. It enforces orthogonality and singular value constraints to
ensure that residual learning does not distort existing representations, thereby
better preserving high-rank semantic structure and stabilizing the feature learn-
ing process, leading to superior performance in deepfake detection. However, a
major limitation of the above approaches is the neglect of layer-wise differ-
ences in weight distributions within ViTs. They typically assign the same
residual rank to all layers, which limits the detector in adaptively adjusting its
representational capacity and feature modeling ability across different depths.
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Fig. 1: Illustration of the effective rank across different layers of the pretrained ViT
under different matrix energy thresholds (90%, 99%, and 99.9%). The shallow layers
show a distinctly low-rank structure, whereas the middle and deep layers require higher
ranks to achieve semantic composition.

To analyze the weights across different layers, we perform a singular value
spectrum analysis on the attention modules of the ViT in CLIP’s visual branch.
The effective rank, which quantifies the number of singular values contributing
to the overall matrix energy, is employed as a measure. Considering different
thresholds for matrix energy, the corresponding results are shown in Fig. 1.
As one can see, the shallow layers of the model exhibit a distinctly low-rank
structure, indicating that ViTs, after large-scale pretraining, are capable of en-
coding low-level visual cues such as edges and textures [26,35,41,47]. In contrast,
the middle and deep layers require higher ranks to model long-range dependen-
cies and enable semantic composition. Therefore, the fine-tuning process should
adaptively allocate higher ranks to the trainable residual components
in middle and deep layers, enabling the detector to learn more structured
high-level artifacts, rather than relearning the low-level features that are already
well captured. From the theoretical perspective, Neyshabur et al. [36] proved
that different layers contribute unequally to generalization, and the generaliza-
tion ability is closely related to the norm structure of layer-wise weights, i.e.,
the stable rank. To this end, we employ the Stable Rank [43, 44] for adap-
tive residual rank allocation. This metric can be used to derive the residual
rank through the distribution of singular values, thus avoiding manually setting
an energy threshold. The use of stable rank allocates lower residual ranks to
shallow layers of deepfake detectors, while higher residual ranks are assigned to
middle and deep layers to capture more complex artifacts, leading to improved
generalization for deepfake detection.

Building upon the above observations, we propose the Stable-Rank-Based
Residual Adaptation (SRRA) strategy, which consists of Stable Rank Decom-
position (SRD) and two constraints on residual energy and residual orthogo-
nality to achieve generalizable deepfake detection. Specifically, in SRD, SVD is
first applied to the pretrained weight matrices, which are then decomposed into
principal and residual components according to their stable rank. The principal
components, which carry the primary discriminative capacity, remain frozen,
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while fine-tuning is confined to the residual components. SRD adaptively per-
forms layer-wise residual rank allocation, effectively avoiding the under- and
over-parameterization issues and enabling the detector to properly capture pre-
viously unseen forgery traces. By using stable rank, SRD allocates larger resid-
ual rank to the deeper layers, promoting the learning of forgery-related features.
However, it may also introduce irrelevant noise, potentially undermining pre-
trained representations and discriminative power of the detector. To address
this issue, we design the Residual Energy Constraint (REC) and the Residual
Subspace Orthogonalization (RSO). REC preserves the total energy while apply-
ing nuclear-norm regularization to the singular values of the residual component,
thereby suppressing excessive perturbations. RSO enforces orthogonality on the
singular vector matrices of the residual component, enhancing subspace decou-
pling and avoiding collapse onto a few forgery directions. REC and RSO com-
plement each other, preventing overfitting to training-specific forgery artifacts
and substantially improving cross-domain generalization.

The main contributions of this paper are as follows:

– Observe that the pretrained ViT exhibits layer-wise differences in weight dis-
tribution. The shallow layers display low-rank structures that can effectively
capture low-level forgery cues, whereas the middle and deep layers present
more complex structures and require higher residual ranks to extract high-
level forgery artifacts.

– Propose SRD, which adaptively allocates frozen principal components and
learnable residual components based on the stable rank of each weight ma-
trix, ensuring that every layer of the detector attains an appropriate level of
representational capacity during fine-tuning.

– Introduce REC and RSO, where REC constrains the energy distribution
of weight matrices to suppress excessive adaptations and prevent deviation
from the pretrained feature space, while RSO enforces orthogonality on the
residual singular vectors to promote subspace decoupling and prevent col-
lapse onto a few forgery directions.

2 Related Work

2.1 Task-Specific Training for Deepfake Detection

Deepfake detection has advanced rapidly in recent years. Early studies primarily
focused on architectural modifications to CNNs (Xception, EfficientNet) to guide
detectors [1, 37, 42] toward subtle forgery cues such as frequency-domain signa-
tures [11,27], optical flow [2], and facial geometry [48]. With the advent of large-
scale benchmarks like FaceForensics++ (FF++) [42], Celeb-DF (CDF) [29],
Deepfake Detection Challenge (DFDC) [7], the field has shifted from case-specific
heuristics to systematic evaluation of generalization. Representative methods in-
clude: Face X-ray [28], which detects inherent blending boundaries; SRM [33],
which uses high-pass filtering to expose high-frequency artifacts; UCF [53], which
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disentangles image information and retains shared forgery cues to improve cross-
domain robustness; IID [51], which exploits identity-related signals to discrim-
inate forgeries; and LSDA [19], which adopts a teacher–student framework to
learn latent forgery representations for better generalization. However, the in-
herent inductive biases of convolutional architectures often yield low-rank repre-
sentations that fail to capture diverse forgery patterns under distribution shift,
thereby constraining overall generalization.

2.2 Pretrained Fine-Tuning for Deepfake Detection

Concurrently, with the rise of CLIP [40] and other large models, incorporat-
ing large-scale pretrained knowledge into detectors via parameter-efficient fine-
tuning (PEFT) has become an effective means to mitigate overfitting to a single
forgery pattern and to improve cross-domain generalization. The mainstream
PEFT paradigms include LoRA [18] and Adapters [17]. LoRA freezes the original
weights and overlays low-rank updates rather than directly modifying large ma-
trices, training only a small set of low-rank parameters to markedly reduce cost.
Adapters insert compact bottleneck modules into the residual paths of Trans-
former layers, training only these newly added layers while keeping the back-
bone intact. Methodologically, MoE-FFD [25] parallelizes LoRA and Adapters
within ViT and introduces Mixture-of-Experts (MoE) routing to enhance the
separability and representational capacity of forgery cues. OSDFD [24] deploys
LoRA in self-attention layers and Adapters in feed-forward layers, leveraging
their complementarity to achieve substantial generalization gains with minimal
parameter overhead. Forensics Adapter [6] attaches a lightweight side-adapter
to CLIP, combining a task-specific blending-boundary objective with tailored
interaction strategies to better exploit CLIP. Effort [52] builds on LoRA by
performing SVD on detector features, partitioning the representation into a
pretrained-knowledge-preserving principal subspace and a forgery-focused resid-
ual subspace; with orthogonality and energy constraints, it maintains a higher
effective rank, thereby further boosting generalization.

However, prior adaptation schemes typically assign the same rank r ∈ {1, 2,
4 . . . } to all layers, ignoring inter-layer differences in both representational capac-
ity and energy distribution. This often leads to under-allocation of representation
capacity in some layers, while others are over-parameterized.

3 Methods

To adaptively allocate appropriate ranks to tunable components during fine-
tuning and improve the generalization of the deepfake detection, we propose
SRRA. Specifically, during the stage of SRD, pretrained weights are decomposed
based on their stable rank, preserving the majority of pretrained knowledge while
adaptively allocating residual capacity to meet the fine-tuning requirements of
each layer. In addition, we introduce two regularizers: REC, which constrains
residual energy, and RSO, which preserves orthogonality among residual singular
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Fig. 2: The overall pipeline of SRRA. SRD decomposes the pretrained weights into
a frozen principal component and a trainable residual component based on the stable
rank, achieving adaptive residual rank allocation across different layers. REC and RSO
are applied to regularize the energy and singular vectors of the residual components,
mitigating overfitting and enhancing effective forgery feature extraction.

vectors. These constraints prevent the residual component from distorting the
pretrained subspace and encourage the learning of more generalizable forgery
representations. The overall pipeline of SRRA is illustrated in Fig. 2.

3.1 Stable Rank Decomposition

Given that the weight matrices of linear layers in ViT’s self-attention modules
are typically square, we first consider a pretrained weight matrix W ∈ Rn×n and
factorize it by SVD as

W = UΣV ⊤, (1)

where U ∈ Rn×n and V ∈ Rn×n are orthogonal matrices whose columns are the
left and right singular vectors, satisfying the orthogonality conditions U⊤U = In
and V ⊤V = In. The matrix Σ ∈ Rn×n is diagonal with non-negative entries
σ1 ≥ σ2 ≥ · · · ≥ σd > 0, where d = rank(W ) is the matrix rank. SVD provides
a convenient basis for separating high-energy and low-energy subspaces, which
will be exploited in the following.

On the basis of SVD, we then split the weight matrix W into a principal
component Wr and a residual component ∆W based on its singular values,
formulated as

W = Wr +∆W. (2)

The principal component Wr ∈ Rn×n formed by the top r singular triplets,
preserves the dominant representations learned at scale, can be represented as

Wr = UrΣrV
⊤
r , (3)
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where Ur ∈ Rn×r, Σr ∈ Rr×r, and Vr ∈ Rn×r. The residual component ∆W ∈
Rn×n, constructed from the remaining rres singular triplets, serves as a lightweight
adapter to encode forgery-related features, and is defined as

∆W = UresΣresV
⊤
res, (4)

where Ures ∈ Rn×rres , Σres ∈ Rrres×rres , and Vres ∈ Rn×rres .
To achieve adaptive energy allocation for the principal component and the

residual component, we propose to employ the Stable Rank [43] to determine the
value of rres. Specifically, the total energy of the weight matrix W is measured
by the Frobenius norm ∥W∥2F , and the stable rank is defined as

Srank(W ) =
∥W∥2F
∥W∥22

=

∑
i σ

2
i

σ2
1

, (5)

where σ1 corresponds to the largest singular value. With a hyper-parameter
τ > 0, the rank of the residual component is determined by

rres = ⌈τ · Srank(W )⌉ , (6)

where ⌈·⌉ denotes the ceiling operation. It adaptively allocates the residual ca-
pacity according to the energy distribution represented by singular values, while
preserving the structure of the principal component. Accordingly, the rank of
the principal component is obtained by

r = n− rres. (7)

During training, we decompose all linear layers within the self-attention mod-
ules of ViT, freeze Wr, and optimize only the residual component ∆W . This de-
sign preserves the pretrained capacity by keeping the principal subspace intact,
while the low-rank, task-focused ∆W learns forgery cues and enables high-level
feature composition without distorting the preserved representations.

Based on our analysis in Sec. 1, different layers require varying residual
rank levels during the training process. By employing the stable rank defined
in Eq. (5), we ensure that each layer attains an appropriate level of expressiv-
ity. After applying SRD, smaller residual ranks are assigned to shallow layers
that already possess sufficient pretrained representations, and larger ranks are
assigned to deeper layers that require high capacity for adaptation.

3.2 Residual Energy Constraint

The application of SRD increases the residual ranks of deeper layers, thereby
enhancing the model’s expressive capacity. However, when the residual freedom
becomes excessively large, the detector tends to overfit to task-irrelevant noise.
This issue is particularly evident in deepfake detection scenarios with limited
data or imbalanced training samples, thereby weakening the model’s generaliza-
tion across diverse forgery types.
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To address this issue, we design the REC with two complementary constraints
on the matrix energy. First, we impose a constraint on the total energy of W ,
defined as

Lrec1 =
∣∣∣ ∥Ŵ∥2F − ∥W∥2F

∣∣∣ , (8)

where Ŵ denotes the updated weight matrix, and | · | represents the absolute
value operation. This constraint preserves the energy consistency between the up-
dated and pretrained weight matrices, thereby maintaining the representational
capacity of the pretrained model. However, this constraint only regularizes the
overall energy and does not constrain the singular value spectral structure, which
means that dominant singular values may still be weakened and tail singular val-
ues amplified during training. As a result, the model may appear numerically
stable while actually disrupting the integrity of the pretrained feature space.

As a complementary measure, we then impose a constraint on the energy of
the residual component, defined as

Lrec2 =

rres∑
i=1

σ̂i, (9)

where σ̂i denotes the updated singular values of the residual weight matrix. The
main idea behind the two components of REC is to control the residual energy
by regularizing the nuclear norm of the residual component, while preserving
the total energy of the pretrained weights. REC effectively suppresses excessive
perturbations while enhancing high-level semantic and structural feature com-
position, thereby enabling more stable and generalizable learning for deepfake
detection.

3.3 Residual Subspace Orthogonalization

We adopt a stable-rank–based adaptive decomposition method, which not only
enhances the residual rank but also exposes additional trainable singular direc-
tions (left/right bases), particularly in the middle and deep layers of the detector.
To fully exploit this expanded space for capturing subtle forgery cues while pre-
venting the residual representation from collapsing onto a few forgery directions,
we impose an orthogonality constraint on the residual singular bases, formulated
as

Lrso =
∥∥Û⊤

resÛres − I
∥∥
F
+

∥∥V̂ ⊤
resV̂res − I

∥∥
F
. (10)

It should be noted that RSO has a distinct difference from the orthogonal
constraint in previous works [52]. In [52], the orthogonal constraint enforces joint
orthogonality between the principal and residual components, which can limit
the residual’s expressive capacity and bias it toward the subspace of the princi-
pal components, potentially hindering forgery feature learning. In contrast, the
RSO focuses solely on the residual component, preserving its flexibility to cap-
ture various deepfake artifacts, while encouraging orthogonality among residual
directions to prevent overfitting to specific forgery cues, thereby improving the
generalization capacity.
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Moreover, the REC and RSO are tightly coupled. If one naively tunes the
singular vectors of the residual component without accounting for the singular
values, the residual may overly interfere with the principal component, thereby
eroding pretrained knowledge and degrading generalization.

3.4 Loss Function

Overall, the total loss function is defined as the weighted sum of the above loss
functions, represented as

L = Lcls +
1

m

m∑
i=1

L(i)
rec1 + λ1

1

m

m∑
i=1

L(i)
rec2 + λ2

1

m

m∑
i=1

L(i)
rso (11)

where Lcls denotes the cross-entropy loss, λ1 and λ2 are hyperparameters that
control the contributions of each loss term, and m is the total number of pre-
trained weight matrices.

4 Experiments

4.1 Settings

Datasets. We evaluate the performance of the proposed method on five widely
used deepfake datasets: FaceForensics++ (FF++) [42], CelebDF (CDF) [29],
Deepfake Detection Challenge (DFDC) [7], the preview version of DFDC (DFD-
CP) [8], and DeepfakeDetection (DFD). FF++ is a large-scale deepfake dataset
that consists of 1,000 pristine videos, from which over 1.8 million forged images
generated by multiple manipulation methods are derived. It includes four com-
monly used forgery techniques: Face2Face (F2F), DeepFakes (DF), FaceSwap
(FS), and NeuralTextures (NT). In addition, FF++ provides three levels of
compression for these forged images: raw, lightly compressed (c23), and heavily
compressed (c40). Following previous studies, we adopt the lightly compressed
version (c23) of FF++ for our experiments.
Implementation Details. We adopt CLIP ViT-L/14 as the backbone and
initialize it with OpenAI’s pretrained weights. Following the DeepfakeBench [54]
preprocessing protocol, 32 frames are uniformly sampled and cropped from each
video to form the dataset. Input images are resized to 224×224. We train the
model using the Adam optimizer with a batch size of 16, a fixed learning rate of
2×10−4, and a weight decay of 5×10−4. Data augmentation comprises horizontal
flipping, random rotation, brightness and contrast perturbations, blurring, and
JPEG compression. The value of τ in Eq. (6) is fixed to 0.1. All experiments are
conducted on an Nvidia GTX 3090 GPU.
Evaluation Metrics. To ensure an objective and fair comparison with state-of-
the-art methods, we primarily report the frame-level area under the ROC curve
(AUC). In addition, to compare with recent video-based approaches, we also
provide the video-level AUC.
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Table 1: Cross-dataset comparison on frame-level and video-level (AUC). Best in
bold, second-best underlined.

Cross-dataset (Frame-Level) Cross-dataset (Video-Level)

Method Venue CDF DFDC DFDCP DFD Avg. Method Venue CDF DFDC DFDCP DFD Avg.

X-ray [28] CVPR’20 0.679 0.633 0.694 0.766 0.693 F3Net [39] ECCV’20 0.789 0.718 0.749 0.844 0.775
F3Net [39] ECCV’20 0.735 0.702 0.735 0.798 0.743 SRM [33] CVPR’21 0.840 0.695 0.728 0.857 0.787
SPSL [31] CVPR’21 0.765 0.704 0.741 0.812 0.756 CORE [38] CVPRW’22 0.809 0.721 0.720 0.882 0.783
SRM [33] CVPR’21 0.755 0.704 0.741 0.812 0.752 RECCE [4] CVPR’22 0.823 0.696 0.734 0.891 0.786
RECCE [4] CVPR’22 0.732 0.713 0.742 0.812 0.750 SBI [45] CVPR’22 0.932 0.724 0.862 0.976 0.874
UCF [53] ICCV’23 0.753 0.719 0.759 0.807 0.760 UCF [53] ICCV’23 0.837 0.742 0.770 0.867 0.804
LoRA [23] ICCV’23 0.838 0.717 – 0.817 – IID [19] CVPR’23 0.838 0.700 0.689 0.939 0.791
ED [3] AAAI’24 0.864 0.721 0.851 – – CDFA [30] ECCV’24 0.899 0.787 0.927 – –
LSDA [51] CVPR’24 0.830 0.736 0.815 0.880 0.815 LSDA [51] CVPR’24 0.903 0.769 0.820 0.936 0.857
UDD [12] AAAI’25 0.869 0.758 0.856 0.910 0.848 UDD [12] AAAI’25 0.931 0.812 0.881 0.955 0.895
FreqDebias [22] CVPR’25 0.836 0.741 0.824 0.868 0.818 StA [55] CVPR’25 0.947 0.843 0.909 0.965 0.916
Effort [52] ICML’25 0.901 0.798 – 0.923 – Effort [52] ICML’25 0.956 0.843 0.909 0.965 0.918

Ours – 0.911 0.856 0.890 0.947 0.901 Ours – 0.968 0.889 0.923 0.980 0.940

4.2 Generalization Evaluation

We train the model on FF++ and evaluate it on other deepfake datasets to
assess cross-domain generalization, measured by the frame-level AUC. The re-
sults are shown in the left part of Tab. 1. To ensure consistent data preprocessing
and experimental configurations, we adopt the DeepfakeBench as a standardized
evaluation benchmark. The results of LoRA [23], ED [3], LSDA [19], UDD [12],
FreqDebias [22], and Effort [52] are taken from their original papers, while the
remaining baselines follow the official results reported by DeepfakeBench. Com-
pared with existing methods, SRRA demonstrates superior generalization perfor-
mance across four unseen datasets, including CDF, DFDC, DFDCP, and DFD.
Compared with the state-of-the-art method Effort, SRRA achieves notable per-
formance improvements, showing AUC gains of 1.0%, 5.8%, and 2.4% on CDF,
DFDC, and DFD, respectively. It also surpasses the second-best method UDD
by 3.4% on DFDCP. Overall, SRRA attains an average AUC improvement of
5.3%, demonstrating its stronger cross-domain generalization capability.

To make the comparison more comprehensive, we additionally report video-
level AUC and compare our method with a range of advanced video-based ap-
proaches, as shown in the right part of Tab. 1. The results of SBI [45], IID [51],
UDD [12], StA [55], and Effort [52] are taken from their original papers, while
the remaining results are taken from [52]. As shown in the table, our method
consistently achieves superior performance across all four unseen datasets. The
largest gain of 4.6% is achieved on DFDC, which is also the largest and most
challenging dataset, making the result more convincing. The improvements on
CDF, DFDCP, and DFD are 1.2%, 1.4%, and 1.5%, respectively. On average,
our method yields a 2.2% improvement across all datasets, clearly demonstrating
that SRRA achieves substantial gains in cross-domain generalization for video-
level deepfake detection.
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Table 2: Ablation studies on the proposed SRD, REC and RSO. Best in bold.

SRD REC RSO CDF DFDC DFDCP DFD Avg.

× × × 0.840 0.801 0.800 0.888 0.832
✓ × × 0.894 0.840 0.849 0.937 0.880
✓ ✓ × 0.901 0.843 0.888 0.943 0.894
✓ × ✓ 0.889 0.832 0.866 0.936 0.881
✓ ✓ ✓ 0.911 0.856 0.890 0.947 0.901

Table 3: Ablation studies on different fine-tuning strategies with different residual
ranks. Best in bold.

Method rres CDF DFDCP DFD Avg.

LoRA

1 0.857 0.851 0.942 0.883
4 0.854 0.865 0.939 0.886
16 0.865 0.855 0.941 0.887
64 0.840 0.844 0.934 0.872

Effort

1 0.881 0.865 0.933 0.893
4 0.892 0.865 0.931 0.896
16 0.891 0.859 0.941 0.897
64 0.879 0.856 0.940 0.891

Ours adaptive 0.911 0.890 0.947 0.916

4.3 Ablation Study

Ablation Study on SRD, REC and RSO. To explore the impact of the pro-
posed components within the overall framework, we conduct an ablation study
on SRD, REC, and RSO. As shown in Tab. 2, using SRD alone already yields
an average AUC that is 4.8% higher than the CLIP baseline. This result demon-
strates that the adaptive allocation of principal and residual subspaces in SRD
effectively mitigates overfitting. Since both REC and RSO operate on the resid-
ual subspace generated by SRD, it is therefore enabled by default in subsequent
experiments. When REC is enabled individually, the performance consistently
improves on all unseen datasets, increasing the average AUC from 0.880 to 0.894.
This confirms that constraining the residual energy prevents excessive deviation
from the pretrained subspace. In contrast, enabling RSO only provides limited
improvement. Although RSO encourages orthogonality in the residual subspace
and promotes the learning of forgery-related variations, it may also amplify
residual energy and disturb the principal subspace without the constraint of
REC, leading to unstable generalization. When REC and RSO are combined, our
method achieves the best overall results, reaching an average AUC of 0.901 and
outperforming other configurations on all unseen datasets. This demonstrates
the complementary effect of REC and RSO: REC ensures stable optimization
by constraining residual energy, while RSO enhances discriminative representa-
tion learning. Together, they lead to stronger cross-domain generalization.
Ablation Studies on Different Fine-Tuning Strategies. To validate the ef-
fectiveness of the proposed adaptive residual rank allocation mechanism, we com-
pared it with recent fine-tuning approaches. Although Full Fine-Tuning (FFT)
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Table 4: Ablation studies on different backbones. Best in bold.

Backbone Method CDF DFDC DFDCP DFD Avg.

ViT-B/16 Effort 0.802 0.788 0.811 0.914 0.829
Ours 0.846 0.798 0.829 0.921 0.849

ViT-L/14 Effort 0.901 0.798 – 0.923 –
Ours 0.911 0.856 0.890 0.947 0.901

provides strong expressive flexibility by updating all model parameters, it intro-
duces substantial computational and memory overhead. When training data are
limited or exhibit distribution shifts, FFT is prone to overfitting and may disrupt
the general representations learned during pretraining, leading to catastrophic
forgetting. As a result, recent studies have increasingly focused on lightweight
and stable PEFT approaches, such as LoRA [18] and Effort [52]. Here, we con-
duct a comparative evaluation against these two approaches, and the correspond-
ing results are presented in Tab. 3.

According to the table, our method achieves the best performance across all
unseen datasets (CDF, DFDCP, and DFD) and outperforms the second-best
method by an average AUC gain of 1.9%, demonstrating superior cross-dataset
generalization capability. LoRA and Effort also demonstrate satisfactory per-
formance, achieving highest AUC scores of 88.7% and 89.7%, respectively, when
rres is set to 16. However, these methods typically assign a fixed residual rank to
all layers, ignoring the varying representational capacities and adaptation needs
across different layers. When the residual rank becomes excessively large, the
model can deviate from the pretrained subspace and experience performance
degradation. As observed, when rres = 64, both LoRA and Effort exhibit de-
creased generalization performance. Compared with LoRA, Effort explicitly de-
composes weight matrices into orthogonal principal and residual subspaces, thus
better preserving pretrained knowledge and achieving better generalization per-
formance. Nevertheless, Effort still relies on a globally fixed rank, which limits its
adaptability across heterogeneous layers. In contrast, the proposed SRRA adap-
tively determines the residual rank of each weight matrix based on its energy
distribution, enabling effective subspace adaptation while minimizing undesired
perturbation to the pretrained weights.

Ablation Studies on Different Backbones. To evaluate the generality and
extensibility of our approach, we conducted cross-dataset evaluations using dif-
ferent vision backbones, including CLIP ViT-B/16 (Base) and CLIP ViT-L/14
(Large). For each backbone, two methods were compared, i.e., Effort and SRRA.
As shown in Tab. 4, SRRA consistently enhances cross-dataset generalization
using different backbones. Specifically, when using the ViT-B/16 as backbone,
SRRA achieves the largest improvement of 4.4% on the CDF dataset, with con-
sistent performance gains observed across other datasets as well, highlighting the
extensibility of SRRA. Moreover, focusing on SRRA, employing ViT-L/14 as the
backbone, which provides a larger model capacity, consistently outperforms ViT-
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Table 5: Ablation studies on the hyper-parameters λ1 and λ2, measured by AUC.
Best in bold.

λ1 λ2 CDF DFDC DFDCP DFD Avg.

0.05 0.02 0.896 0.828 0.859 0.941 0.881
0.1 0.05 0.908 0.850 0.890 0.944 0.898
0.1 0.1 0.911 0.856 0.890 0.947 0.901
0.1 0.2 0.912 0.855 0.888 0.946 0.900
0.2 0.5 0.905 0.834 0.860 0.946 0.886

Table 6: Ablation studies on the hyper-parameter τ , measured by AUC. Best in bold.

τ CDF DFDC DFDCP DFD Avg.

1 0.875 0.801 0.883 0.917 0.869
1/4 0.902 0.836 0.896 0.936 0.893
1/10 0.911 0.856 0.890 0.947 0.901
1/16 0.909 0.853 0.882 0.948 0.898

B/16, demonstrating that our method scales effectively with backbone capacity
and maintains model-agnostic applicability.

Ablation Studies on Hyper-parameters. We first perform ablation stud-
ies on the loss weights λ1 and λ2, and the corresponding results are presented
in Tab. 5. Under different settings, the cross-dataset performance is measured
on four datasets, namely CDF, DFDC, DFDCP, and DFD. Overall, the model
maintains relatively stable detection performance across different weight config-
urations, while moderate settings yield better results, indicating that a proper
balance between λ1 and λ2 plays an important role in improving cross-dataset
generalization. In detail, the best overall performance is achieved when λ1 = 0.1
and λ2 = 0.1, with an average AUC of 0.901. Accordingly, this configuration is
utilized in other experiments. A further observation shows that the performance
declines to some extent when the parameter values deviate from this moderate
range. For example, when λ1 = 0.05 and λ2 = 0.02, the average AUC drops
to 0.881, while when λ1 = 0.2 and λ2 = 0.5, the average performance is 0.886,
both of which are clearly lower than the optimal setting. In summary, within a
reasonable range, the generalization performance is relatively insensitive to these
loss weights, which facilitates the applicability of the proposed method across
different scenarios.

We further conduct an ablation study on the hyper-parameter τ used to
determine the residual rank and evaluate the model performance on the CDF,
DFDC, DFDCP, and DFD datasets. As shown in Tab. 6, directly using the stable
rank (τ = 1) is not optimal for determining the residual rank, and an appropriate
scaling factor is required to achieve the best performance. From these results, we
observe that when τ = 1/10, our method attains the best overall performance,
yielding a 3.2% improvement compared with the unadjusted setting. Therefore,
τ = 1/10 is adopted in all other experiments.
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Fig. 3: Illustration of the stable rank used
in the proposed SRRA across different
layers of ViT.

Ours

Real Fake

Effort

Fig. 4: T-SNE visualization for feature
space comparison between Effort and our
proposed SRRA.

4.4 Visualizations

Stable Rank Visualizations. We present the distribution of stable ranks
across different layers of the proposed deepfake detector trained on the FF++
dataset. As shown in Fig. 3, the stable rank exhibits a hierarchical pattern char-
acterized by low ranks in shallow layers and high ranks in deeper layers, clearly
revealing the differences among layer weights. Due to the fact that the stable
rank is calculated based on the singular value distribution, similar fluctuations
are observed around certain layers, which are consistent with the observations of
effective rank shown in Fig. 1. Overall, these results validate that our adaptive
residual rank allocation mechanism effectively captures the hierarchical varia-
tions, thereby enhancing the model’s generalization performance.
t-SNE Visualizations. To intuitively highlight the effectiveness of SRRA, we
visualize the t-SNE feature distributions of Effort and our method in Fig. 4, both
were trained on the FF++ dataset. Each point represents a sample’s feature after
t-SNE projection, with blue and red indicating real and fake samples, respec-
tively. As illustrated in the figure, Effort exhibits obvious overlap between real
and fake sample features, revealing limited discriminative ability. In contrast,
SRRA forms compact and clearly separated clusters, demonstrating its superior
capability to capture forgery-related features and achieve better generalization.

5 Conclusion

In this paper, we propose the SRRA framework, achieving superior cross-dataset
performance on the deepfake detection task. We first observe that the pretrained
ViT exhibits clear layer-wise differences in weight distribution, drawing the con-
clusion that the shallow layers exhibit low-rank structures capable of capturing
low-level forgery cues, while the middle and deep layers possess more complex
structures and require higher residual ranks to extract high-level forgery arti-
facts. Then, to adaptively assign an appropriate rank to the tunable residual
component, we design the SRD, which decomposes each weight matrix into a
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frozen principal component and a learnable residual component based on the
stable rank. To further guide the fine-tuning process for more effective learn-
ing of forgery-related features, we introduce REC and RSO. REC preserves the
total energy and suppresses excessive perturbations, while RSO promotes sub-
space decoupling through orthogonality constraints. Extensive experimental re-
sults demonstrate that SRRA effectively mitigates overfitting and substantially
enhances cross-domain generalization on multiple widely used benchmarks.
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