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Abstract

Driven by advances in GANs and diffusion models, deep-
fake content has reached an unprecedented level of photo-
realism, causing detectors to deteriorate once they leave their
training domain. Most prior studies adopt CLIP as the back-
bone of an image-level binary classifier, yet overlook CLIP’s
core strength: text-to-image semantic alignment. Moreover,
captions generated by CLIP-CAP lack sufficient high-level
semantics to distinguish between authentic and manipulated
faces. Deepfake generators often fail to maintain semantic
coherence, resulting in contradictions that traditional visual
models cannot capture. Existing approaches also intermin-
gle all samples during training and thus lack a systematic,
difficulty-aware curriculum. To bridge these gaps, we in-
troduce Semantic- and Frequency-Enhanced (SAFE) deep-
fake detection, a two-component framework: 1) Semantic-
enhanced multimodal alignment. Authenticity cues are in-
jected into CLIP-CAP captions, and low-rank LoRA fine-
tuning is applied to CLIP’s visual branch, yielding dual super-
vision for text–image alignment and forgery discrimination.
2) Dual-score curriculum learning. Fourier Correlation Vari-
ance (FCV) measures local spectral consistency and, com-
bined with the loss value, is transformed into a difficulty
score that ranks training samples from easy to hard, reduc-
ing training time by 23.3% and enhancing generalization.
SAFE attains state-of-the-art performance on several cross-
dataset and cross-manipulation benchmarks. Ablation studies
confirm that semantic enhancement, LoRA fine-tuning, and
dual-score curriculum are complementary, jointly delivering
substantial gains in open-set generalization.

Code — https://github.com/kingkongs7/SAFE

Introduction
Generative artificial intelligence (including generative ad-
versarial networks, diffusion models, and an array of deep-
fake techniques) is advancing at an unprecedented pace, now
able to create visual, auditory, and textual content that is vir-
tually indistinguishable from authentic data. Although these
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Figure 1: A t-SNE visualization of the latent embedding
space shows that captions generated by our method form
semantically distinct clusters, whereas CLIP-CAP captions
remain intermingled.

methods offer substantial benefits for film production and
artistic creation, their malicious use threatens personal pri-
vacy, erodes public trust, and increasingly outpaces conven-
tional detection techniques (Li, Chang, and Lyu 2018; Li
et al. 2020; Thies, Zollhöfer, and Nießner 2019). Conse-
quently, deepfake detection has become a leading research
focus at the intersection of multimedia security and com-
puter vision. Most current studies frame the task as a binary
“real versus fake” classification problem and report near-
saturated accuracy under controlled conditions (Hasanaath
et al. 2025; Yan et al. 2023b, 2024a). Such closed-set eval-
uations, however, fail to capture real-world scenarios in
which previously unseen manipulation techniques continu-
ally emerge: regardless of whether they employ convolu-
tional networks or Transformers, state-of-the-art detectors
suffer substantial performance degradation when confronted
with cross-domain shifts or entirely novel forgeries (Ojha,
Li, and Lee 2023). Enhancing detectors’ open-set general-
ization capability has therefore become the field’s principal
bottleneck (Yan et al. 2024b).

Since prior work demonstrated the strong deepfake detec-
tion capability of CLIP (Fu et al. 2025), most subsequent
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Figure 2: FCV and curriculum-learning analysis. (a)
Pipeline for computing Fourier Correlation Variance (FCV).
(b) Comparison of FCV distributions for forged and authen-
tic images on FF++, with representative examples.

Figure 3: Grouped-test performance on FF++.

studies have adopted CLIP as the backbone network (Yan
et al. 2024a; Fu et al. 2025; Haliassos et al. 2022; Wang et al.
2023; ?). However, these works continue to treat the prob-
lem as an image-level binary classification task and overlook
the fact that CLIP’s strength originates from its alignment
of semantic information between text and images. Although
C2C-CLIP addressed this issue in a broader deepfake set-
ting (Tan et al. 2025), it ultimately concluded that CLIP de-
tects forgeries primarily through concept-level similarity. In
this study, we use CLIP-CAP (Mokady, Hertz, and Bermano
2021) to generate textual descriptions of both authentic and
manipulated face images. We find that the two classes re-
ceive nearly identical high-level semantics (see Figure 1),
suggesting that this approach is ill-suited to the more spe-
cific task of facial deepfake detection.

Deepfake artifacts arise fundamentally from a misalign-
ment of semantic-level authenticity: generative models can
reproduce low-level attributes such as skin tone and texture,
yet they often fail to maintain global semantic coherence. In
face-swap videos, for example, facial geometry may con-
flict with the scene’s natural illumination (Amerini et al.
2019). Purely visual detectors concentrate on pixel-level re-
alism and therefore overlook such cross-level contradictions,
resulting in poor generalization. This limitation also clari-
fies why CLIP’s cross-modal alignment yields stronger per-
formance in broader classification tasks. When human ob-
servers sense that “something is wrong” with a video, they

typically frame an internal description (e.g., “the skin texture
looks odd” or “her expression seems unnatural”) in effect
performing an image–language consistency check. A model
that jointly interprets images and text and judges their se-
mantic coherence can therefore expose forgeries at the se-
mantic level.

We operationalize this intuition by injecting discrimina-
tive prompt words into CLIP-CAP captions. As illustrated in
Figure 1, each caption is augmented with generic descriptors
that highlight artifacts frequently associated with deepfakes.
For instance, the forged caption “A woman with a surprised
look on her face” is extended to “A computer-generated im-
age: a woman with a surprised look on her face, with facial
contours exhibiting artifacts,” whereas the authentic caption
“A short-haired woman against a yellow wall” becomes “A
genuine snapshot: a short-haired woman against a yellow
wall.” These prompts are algorithm-agnostic and summarize
inconsistencies most commonly noticed by human viewers.

FaceForensics++ (FF++) (Rossler et al. 2019) has become
a benchmark for deepfake detection. It comprises authentic
images alongside four manipulation types: DeepFakes (DF),
Face2Face (F2F), NeuralTextures (NT), and FaceSwap (FS).
Most studies merge all samples during training, implic-
itly assuming that a network learns equally from every in-
stance. Only a handful have explored curriculum learning.
CDFA first pre-trains on FF++ and then introduces out-of-
domain images. While effective, this schedule is empirical
and lacks theoretical justification (Lin et al. 2024). DFFC
combines face-confidence scores with instantaneous resam-
pling (Song, Lin, and Li 2024), yet the scoring rationale
itself remains under-examined. In summary, the field still
lacks a lightweight, physically interpretable difficulty met-
ric that can drive a principled curriculum for deepfake de-
tection.

Block-level Fourier analysis reveals that the variance of
inter-block spectral similarity cleanly separates authentic
images from forgeries produced by diverse manipulation
pipelines. Building on this insight, we introduce Fourier
Correlation Variance (FCV). Its computation pipeline ap-
pears in Figure 2a. As shown in Figure 2b, the FCV distri-
butions for NT and DF lie significantly below those of gen-
uine images, indicating a quantifiable hierarchy of forgery
difficulty along the axis of local frequency consistency. We
therefore split FF++ into a high-discrepancy subset (NT, DF)
and a low-discrepancy subset (FS, F2F) for evaluation. Re-
markably, a detector trained solely on the high-discrepancy
subset outperforms one trained on the full dataset (Figure
3. This observation motivates our curriculum strategy: each
sample receives a composite difficulty score comprising a
static FCV term and a dynamic loss term. Training be-
gins with high-score forgeries and incrementally introduces
harder examples, enabling the network to consolidate robust
coarse discrimination before adapting to fine-grained manip-
ulations.

To address the dual bottlenecks of semantic misalignment
and sample-difficulty imbalance, we consolidate the forego-
ing insights into an end-to-end Semantic- and Frequency-
Enhanced (SAFE) deepfake detection framework compris-
ing two components: 1) Semantic-enhanced multimodal
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alignment. We enrich CLIP-CAP captions with authentic-
ity/forgery prompts and generic artifact cues, and insert a
0.09M parameter low-rank LoRA adapter solely into CLIP’s
visual branch while freezing the remaining weights. A bi-
nary cross-entropy loss jointly supervises text–image con-
sistency and forgery discrimination. 2) Dual-score curricu-
lum learning. A static difficulty term derived from Fourier
Correlation Variance (FCV) is combined with a dynamic
loss term to rank samples. The network first encounters
high-score (easy) forgeries and progressively incorporates
more complex examples, thereby reducing training time and
enhancing generalization. The guiding principle is straight-
forward: first align semantics, then advance from easy to
hard in the frequency domain.

Our work has made the following key contributions:
• SAFE framework. We present SAFE, the first multi-

modal deepfake detector that injects authenticity prompts
into CLIP-CAP captions and couples them with low-
rank LoRA fine-tuning. By updating only 0.09M param-
eters, SAFE achieves state-of-the-art results on 11 public
benchmarks.

• Semantic-consistency gap. We demonstrate that aug-
menting CLIP-CAP captions with generic authenticity/-
forgery phrases and common artifact cues creates a quan-
tifiable semantic gap between genuine and forged images
in CLIP space.

• Fourier Correlation Variance (FCV). We introduce
FCV, a frequency-domain difficulty metric that relies
solely on block-level fast Fourier transforms to measure
local spectral consistency, establishing, for the first time,
a hierarchy of forgery difficulty within FF++.

• Dual-score curriculum. We devise a curriculum that or-
ders samples from easy to hard according to FCV and
loss value. Training first on high-discrepancy forgeries
and then on lower-discrepancy ones reduces training time
by 23.3% while preserving accuracy.

Related Work
Traditional deepfake detection methods. Most work treats
deepfake detection as an image-level binary-classification
task and advances along three principal axes: 1) Fine-
grained texture and geometric cues. Early studies exploit
subtle inconsistencies in eye geometry and reflections,
such as abnormal blinking (Liy and InIctuOculi 2018),
head-pose mismatches (Yang, Li, and Lyu 2019), opti-
cal flow anomalies (Amerini et al. 2019), and compres-
sion artifacts (Li and Lyu 2018). 2) Frequency-domain
and multi-resolution analysis. FreqDebias mitigates over-
fitting through frequency-domain augmentation and consis-
tency regularization (Kashiani, Talemi, and Afghah 2025),
whereas FSBI couples wavelet transforms with forged-
data augmentation to improve cross-domain generalization
(Hasanaath et al. 2025). Other approaches fuse spatial and
spectral features to enhance further robustness (Qian et al.
2020; Wu et al. 2020; Luo et al. 2021). 3) Architectural
and training paradigm innovation. Following CLIP’s strong
baseline performance (Fu et al. 2025), many detectors adopt
CLIP-based backbones (Liu et al. 2024a; Dong et al. 2023;

Chen et al. 2024; Liu et al. 2024b). Parameter-efficient
fine-tuning (PEFT) has also gained traction: Effort lever-
ages singular value decomposition (SVD) to preserve pre-
training knowledge while capturing diverse forgery patterns
(Yan et al. 2025), and subsequent work explores mixture-
of-experts (MoE) designs (Kong et al. 2024; Liu 2024) and
low-rank adaptation (LoRA) modules (Kong, Li, and Wang
2023).

Multimodal deepfake detection. Multimodal vision-
language models (MLLMs) have achieved state-of-the-
art performance across numerous benchmarks (Li et al.
2023a,b, 2022). As deepfake content expands from purely
visual clips to fully multimodal videos, researchers increas-
ingly exploit cross-modal inconsistencies to enhance detec-
tion. For example, the CAD framework fuses visual and au-
dio cues via semantic alignment and cross-modal distilla-
tion (Du et al. 2025). At the same time, M2F2-Det employs
forgery-prompt learning to embed manipulation patterns in
CLIP’s textual space (Guo et al. 2025). More broadly, C2C-
CLIP aligns textual semantics with imagery (Tan et al.
2025); however, its generated verbal descriptions are not
tightly coupled with the forged images, rendering the rep-
resentations separable in some latent spaces and limiting in-
terpretability.

Curriculum learning for deepfake detection. Curricu-
lum learning emulates human cognition: models are exposed
to training data in a progressively harder sequence so that
salient cues are learned first and subtler artifacts later (Ben-
gio et al. 2009). This idea has informed work across mul-
tiple domains (Duan et al. 2020; Ranjan and Hansen 2017;
Kocmi and Bojar 2017). Within deepfake detection, DFFC
assigns each sample a dynamic forgery-difficulty score and
employs a pacing function to schedule presentation during
training (Song, Lin, and Li 2024). CDFA reports that with-
holding forgery augmentation in the early stage accelerates
convergence because an untrained model cannot yet rec-
ognize raw forged inputs; introducing p-fake1 too early is
counterproductive. Broader forgery-augmentation strategies
can also enrich learned representations (Lin et al. 2024),
though the underlying mechanisms remain underexplained.
Beyond classical curricula, other difficulty-adaptive regimes
have been explored: Alt-Freezing alternately freezes net-
work layers to mitigate overfitting to specific artifacts (Wang
et al. 2023); continual-learning approaches preserve histor-
ical distributions to resist catastrophic forgetting as new
forgeries emerge (Pan et al. 2023); and one-class detectors
trained solely on (augmented) real data improve sensitivity
to unseen manipulations (Soltandoost et al. 2025).

Method
Figure 4 presents the overall architecture of SAFE, which
integrates two complementary components: 1) Semantic-
enhanced multimodal alignment. We first use CLIP-CAP to
generate an automatic image description and then append
authenticity cues (see Appendix B) so that genuine and ma-

1The augmented sample (labeled as fake) is so-called pseudo
fake (p-fake) sample to distinguish them from the original fake (o-
fake) sample of the training data.
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Figure 4: Overall architecture of the proposed SAFE framework.

nipulated samples become separable in the textual space. A
low-rank LoRA adapter (r = 1, α = 4) is inserted exclu-
sively into the visual branch of CLIP. Training jointly mini-
mizes a modality-alignment loss and a forgery-classification
loss. 2) Dual-score curriculum learning. Block-level Fourier
Correlation Variance (FCV) provides a static difficulty score
that reflects the salience of each forgery. The classifica-
tion loss from the previous epoch supplies a dynamic score.
Their sum forms a composite difficulty metric. During train-
ing, a scheduler presents high-score (easy) samples first and
gradually introduces low-score (hard) samples, enabling the
model to progress from coarse to fine discrimination.

Semantic-enhanced multimodal alignment
For an input image xi, we first feed the natural-language de-
scription generated by CLIP-CAP into the prompt template
(Appendix B) to obtain an augmented caption c̃. CLIP’s text
encoder then encodes this caption to produce a text em-
bedding ti ∈ Rd. In parallel, the image xi is processed
by CLIP’s visual encoder, yielding the corresponding image
embedding vi ∈ Rd.

The visual encoder uses ViT-L/14, with all original
weights W0 kept frozen. We insert LoRA adapters only into
the query and value projections of every self-attention layer;
keys, MLPs, LayerNorms and positional embeddings re-
main frozen. For a projection matrix W0 ∈ Rdout×din , the
adapted weight is

Wadapt = W0 + αBA⊤

where A,B ∈ Rd×r with r = 1 and scaling factor α = 4.
During training, only A and B are updated, so the trainable

parameter count is roughly 0.09M of the visual backbone,
substantially lowering both training and deployment costs.

Modality-alignment loss. We adopt the symmetric In-
foNCE objective from the original CLIP. For a mini-batch
of B image–text pairs, we compute a similarity matrix S ∈
RB×B whose entries are:

Sij =
v⊺
i tj

∥vi∥∥tj∥

The image–text alignment loss is defined as:

Lclip = − 1

B

B∑
i=1

log
exp(Sii)∑B
j=1 exp(Sij)

A binary linear classifier Wcls ∈ R2×d is appended on
top of the visual feature vi:

To complement this objective, we append a binary linear
classifier Wcls ∈ R2×d to each visual embedding vi and
obtain the class probabilities pi = softmax(Wclsvi), yi ∈
{0, 1}. The classifier is trained with the cross-entropy loss
Lcls.

Empirically, alignment alone fails to capture fine-grained
forgery artifacts, whereas stand-alone classification can dis-
rupt cross-modal consistency. We therefore adopt a dual-
branch objective:

L =
1

λ
Lclip + (1− 1

λ
)Lcls

Furthermore, show in next section that λ = 20 delivers
the best overall performance.
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Methods Reference #Param Cross-dataset evaluation Cross-manipulation evaluation
CDFv2 DFDCP DFDC UniFace BleFace e4s FaceDan FSGAN InSwap SimSwap

SPSL CVPR-2021 21M 0.799 0.770 0.724 0.747 0.748 0.514 0.666 0.812 0.643 0.665
RECEE CVPR-2022 48M 0.823 0.734 0.696 0.898 0.832 0.683 0.848 0.949 0.848 0.768
CORE CVPRW-2022 22M 0.809 0.720 0.721 0.871 0.843 0.679 0.774 0.958 0.855 0.724
SBI CVPR-2022 18M 0.886 0.848 0.717 0.724 0.891 0.750 0.594 0.803 0.712 0.701
UCF ICCV-2023 47M 0.837 0.770 0.742 0.831 0.827 0.731 0.862 0.937 0.809 0.647
IID CVPR-2023 66M 0.939 0.689 0.700 0.839 0.789 0.766 0.844 0.927 0.789 0.644
LSDA CVPR-2024 133M 0.881 0.812 0.701 0.872 0.875 0.694 0.721 0.939 0.855 0.793
CDFA ECCV-2024 87M 0.938 0.881 0.830 0.762 0.756 0.631 0.803 0.942 0.772 0.757
ProDet NeurIPS-2024 96M 0.938 0.828 0.707 0.908 0.929 0.771 0.747 0.928 0.837 0.844
Effort ICML-2025 0.19M 0.956 0.909 0.843 0.962 0.873 0.983 0.926 0.957 0.936 0.926

SAFE (Ours) – 0.09M 0.969 0.942 0.882 0.983 0.954 0.998 0.971 0.991 0.968 0.956

Table 1: Video-level benchmark results for both cross-dataset and cross-manipulation evaluations. By the DeepfakeBench pro-
tocol (Yan et al. 2023b), every detector is trained on FaceForensics++ (FF++). Performance figures are taken from the original
publications or, where unavailable, from the Effort study (Yan et al. 2025).

Dual-score curriculum learning
We evaluated three candidate scoring metrics (see Appendix
A) and ultimately selected Fourier Correlation Variance
(FCV) as the static difficulty score Sstatic because it pro-
vides the strongest generalization. The dynamic score is the
classification loss from the previous forward pass Sdyn =
Lcls(x, θt). After min–max normalization, the two scores
are combined into a composite measure Stotal(xi) = (1 −
Ŝstatic) + (1 − Ŝdyn). So that samples that are easy in both
senses receive higher total scores.

For Sstatic, given an input image xi, we parti-
tion it into non-overlapping 16 × 16 pixel blocks
{B1, B2, . . . , BM×N}. For each block Bj , we compute the
magnitude of its 2-D discrete Fourier transform,

Fj(u, v) = F{Bj}(u, v)

=

∣∣∣∣∣
W−1∑
x=0

H−1∑
y=0

Bj(x, y)e
−i2π(ux

W + vy
H )

∣∣∣∣∣
where W = H = 16. For every pair of blocks (Bj , Bk), we
calculate the Pearson correlation coefficient between their
magnitude spectra,

ρjk =

∑
u,v(Fj(u, v)− µj)(Fk(u, v)− µk)√∑

u,v(Fj(u, v)− µj)2
∑

u,v(Fk(u, v)− µk)2

where µj and µk denote the mean magnitudes of Fj and Fk,
respectively. The FCV of image xi is defined as the variance
of all block-pair correlations,

FCV(xi) = Var({ρjk | 1 ≤ j < k ≤ MN})

We set Sstatic(xi) = FCV(xi). Samples that are easy under
both the static and dynamic criteria receive higher composite
scores:

Stotal(xi) = (1− Sstatic(xi)) + (1− Sdyn(xi))

Let e denote the current training epoch and E the total
number of epochs. Two turning points, T0 and T1, partition
the curriculum into three stages (Table 2):

Stages Sampling rules
Stage I (e ≤ T0) All authentic samples ∪ 30%

forged samples.
Stage II (T0 < e ≤ T1) The sampling ratio increases

with epoch: p(e) = p0 +

(1− p0) f
(

e−T0

T1−T0

)
.

Stage III (e > T1) All samples.

Table 2: Curriculum sampling schedule.

We compared several pacing functions (linear, convex
concave, cosine, sigmoid, and step). The convex quadratic
schedule achieved the best trade-off between cross-set AUC
and convergence speed (see next section for details).

Experiment
Dataset. We adopt two widely used evaluation protocols
in deepfake research: cross-dataset and cross-manipulation
testing, while strictly following the benchmark splits and
preprocessing pipelines of DeepfakeBench (Yan et al.
2023b) and DF40 (Yan et al. 2024b). 1) Cross-dataset eval-
uation. The detector is trained on FaceForensics++ (FF++)
(Rossler et al. 2019) and evaluated on Celeb-DF v1 (CDF-
v1) and v2 (CDF-v2) (Li et al. 2020), the DeepFake Detec-
tion Challenge dataset (DFDC) (Dolhansky et al. 2020), and
the DFDC Preview set (DFDCP) (Dolhansky et al. 2019). 2)
Cross-manipulation evaluation. We use DF40, whose forged
videos are generated with novel manipulation techniques
while remaining within the FF++ domain, thereby isolating
the effect of unseen forgeries (Yan et al. 2024b).

Implementation details. We employ CLIP ViT-L/14
(Radford et al. 2021) as the backbone and retain all hyperpa-
rameter settings from DeepfakeBench to ensure fair compar-
ison. The network is trained for 10 epochs using Adam with
a learning rate of 5e-5 and a batch size of 32. In the semantic-
enhanced multimodal alignment module, the loss-balancing
weight is fixed at λ = 20. For the dual-score curriculum
learning, the turning points are set to T0 = 1 and T1 = 5.
Performance is reported in terms of video-level Area Under
the Curve (AUC), the standard metric in prior work; frame-

11923



Methods Reference CDFv1 CDFv2 DFDCP DFDC
UCF ICCV-2023 0.779 0.752 0.759 0.719
IID CVPR-2023 – 0.838 0.812 –
LSDA CVPR-2024 0.867 0.830 0.815 0.736
Forensic-Adapter CVPR-2025 – 0.837 0.799 0.775
FreqDebias CVPR-2025 0.875 0.836 0.824 0.741
UDD AAAI-2025 – 0.869 0.856 0.758

SAFE (Ours) – 0.931 0.904 0.911 0.850

Table 3: Frame-level benchmark results for cross-dataset
evaluations.

Caption CDFv2 DFDCP InSwap SimSwap Avg.
ForR 0.964 0.928 0.942 0.950 0.946
CLIPCAP 0.964 0.931 0.948 0.952 0.949

Ours 0.969 0.942 0.968 0.956 0.959

Table 4: Impact of caption semantic granularity on multi-
modal alignment (video-level AUC).

level AUC is provided as a supplementary reference.

Comparison with existing methods
We conduct comprehensive experiments at both video-level
and frame-level granularity.

Video-level evaluation. We benchmark SAFE against re-
cent state-of-the-art detectors, including SPSL (Liu et al.
2021), RECEE (Cao et al. 2022), CORE (Ni et al. 2022),
SBI (Shiohara and Yamasaki 2022), UCF (Yan et al. 2023a),
IID (Huang et al. 2023), LSDA (Yan et al. 2024a), and the
latest ProDet (Cheng et al. 2024) and Effort (Yan et al.
2025). Table 1 reports video-level AUC on 10 datasets.
SAFE achieves the best score on every dataset while fine-
tuning only 0.09M parameters, which is orders of magnitude
fewer than all baselines. Thanks to the curriculum schedule,
forged samples are introduced gradually (up to epoch 5), cut-
ting total training time by 23.3% relative to full fine-tuning.

Frame-level evaluation. For frame-level testing, we
compare SAFE with recent state-of-the-art detectors, includ-
ing UCF (Yan et al. 2023a), IID (Huang et al. 2023), LSDA
(Yan et al. 2024a), Forensic Adapter (Cui et al. 2024), Fre-
qDebias (Kashiani, Talemi, and Afghah 2025), and UDD
(Fu et al. 2025). As summarized in Table 3, SAFE achieves
the best AUC on all four cross-dataset benchmarks. On the
challenging DFDC set, it improves upon the previous best
by 12%, surpassing even most video-level detectors.

Ablation study and analysis
Caption ablation study. We examine how caption seman-
tic granularity affects detection by comparing three settings:
1) ForR: a single token (“fake” or “real”). 2) CLIP-CAP:
the unmodified natural description generated by CLIP-CAP.
3) Ours: the CLIP-CAP caption augmented with authentici-
ty/forgery cues. Table 4 reports the results. Using only the
minimal fake/real token (ForR) performs on par with the
LoRA baseline, indicating that a bare class label adds little
beyond the classification head. Replacing this token with the
raw CLIP-CAP description yields a modest improvement,

Figure 5: Comparison of curriculum pacing functions (lin-
ear, convex, concave, cosine, sigmoid, and step). Blue
dashed lines denote stage boundaries T0 = 1 and T1 = 5. A
smaller area under the curve means fewer samples are used
early in training.

λ CDFv2 DFDCP Avg.
10 0.965 0.939 0.952
20 0.969 0.942 0.956
40 0.962 0.937 0.950

Table 5: Weight-balancing factor (λ) ablation (video-level
AUC).

indicating that richer, generic semantics provide an addi-
tional supervisory signal. Our augmented captions achieve
the highest accuracy, increasing average AUC by 1.3% over
ForR. This confirms that explicitly encoding authenticity-
related cues in the text space helps the model discriminate
highly convincing forgeries.

Weight-balancing factor (λ) ablation study. We eval-
uate three values of the loss-balancing coefficient, λ ∈
{10, 20, 40}. As reported in Table 5, λ = 20 delivers the
best AUC on both CDF-v2 and DFDCP, with an average
score of 0.956. Increasing λ to 40 weakens the alignment
term, causing the model to rely too heavily on the classi-
fication branch, whereas reducing it to 10 over-emphasizes
semantic consistency and curtails the classifier’s expressive
capacity.

Curriculum schedule ablation study. Using two anchor
points (T0, p0) = (1, 0.3) and (T1, 1.0) = (5, 1.0), we eval-
uate 6 pacing functions as shown in Figure 5: linear, con-
vex, concave, cosine, sigmoid, and step. Thus, the first epoch
utilizes 30% of the training data, and by epoch 5, the en-
tire dataset is in use. Table 6 presents AUC and training
time on three cross-manipulation sets. The convex sched-
ule achieves the highest mean AUC while reducing train-
ing time by 23.3%, thanks to its slow-then-fast progression:
the model stabilizes on easier samples before tackling harder
ones.

Dual-score curriculum ablation study. To evaluate the
generality of our curriculum module, we integrate it into
four widely used deepfake baselines: ResNet-34 (He et al.
2016), Xception (Rossler et al. 2019), EfficientNet-B4 (Tan
and Le 2019), and ViT-B/16 (CLIP) (Radford et al. 2021).
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Schedule Training time BleFace InSwap FaceDan Avg.
Linear ↓ 17.5% 0.935 0.965 0.970 0.953
Convex ↓ 23.3% 0.954 0.968 0.971 0.964
Concave ↓ 11.7% 0.945 0.964 0.971 0.958
Cosine ↓ 17.5% 0.944 0.965 0.974 0.959
Sigmoid ↓ 17.5% 0.938 0.969 0.974 0.956
Step ↓ 21.0% 0.928 0.964 0.967 0.948

Table 6: Performance comparison of 6 curriculum-pacing
functions (video-level AUC).

Method Config. CDFv1 CDFv2 DFDCP DFDC UADFV Avg.

ResNet34 – 0.777 0.741 0.711 0.703 0.902 0.767
+Ours 0.839 0.778 0.736 0.737 0.945 0.807

Xception – 0.779 0.736 0.737 0.707 0.937 0.779
+Ours 0.821 0.768 0.768 0.765 0.960 0.816

Efficient-B4 – 0.751 0.741 0.711 0.701 0.915 0.764
+Ours 0.854 0.803 0.760 0.712 0.958 0.817

ViT-B16 – 0.832 0.824 0.812 0.792 0.965 0.845
+Ours 0.897 0.827 0.829 0.811 0.979 0.869

Table 7: Effectiveness of the dual-score curriculum on addi-
tional models (frame-level AUC).

Table 7 reports results on 5 datasets (CDF-v1, CDF-v2,
DFDCP, DFDC, and UADFV). All baselines gain on aver-
age. For example, on CDF-v1, ResNet-34 and EfficientNet-
B4 improve by 8.0% and 13.7%, respectively, while Xcep-
tion posts a mean increase of 4.5% across all datasets. These
findings demonstrate that the dual-score curriculum learning
enhances performance well beyond the SAFE detector itself.

Initial sampling ratio (r0) ablation study. We varied the
initial fraction of forged samples in Stage I from 0.2 to 0.5;
Table 8 summarizes the results. With r0 = 0.3, the model
attains AUCs of 0.969 on CDF-v2 and 0.956 on SimSwap.
A lower value (r0 = 0.2) yields too few forged examples
initially, resulting in under-convergence on SimSwap. Con-
versely, higher values (r0 = 0.4 or 0.5) expose the network
to complex forgeries prematurely, causing gradient oscilla-
tions and lower accuracy.

Component ablation study. Table 9 analyzes 3 key com-
ponets of SAFE: LoRA fine-tuning, semantic alignment,
and dual-score curriculum learning. Starting from a base-
line without any enhancements, adding LoRA alone signifi-
cantly boosts performance, demonstrating that updating just
0.09M parameters is sufficient to sensitise the CLIP visual
branch to deepfake artifacts. Introducing either the seman-
tic alignment loss or the curriculum scheduler on top of
LoRA yields further gains. Enabling all componets delivers
the best AUC scores on both datasets, confirming their com-
plementarity: LoRA supplies parameter flexibility, semantic
alignment highlights cross-modal inconsistencies, and cur-
riculum learning smooths the difficulty distribution.

Conclusion
In open-set settings, how can we, with minimal param-
eters and shorter training, stably capture “semantic in-
consistency between genuine and forged content” while
preserving cross-domain generalisation? SAFE unifies

r0 CDFv2 SimSwap Avg.
0.2 0.968 0.949 0.958
0.3 0.969 0.956 0.963
0.4 0.964 0.952 0.958
0.5 0.958 0.946 0.952

Table 8: Effect of the initial forged-sample ratio r0 under the
convex curriculum (video-level AUC).

Component AUC Avg.
LoRA Comp. I Comp. II CDFv2 DFDCP

✘ ✘ ✘ 0.886 0.855 0.871
✔ ✘ ✘ 0.953 0.928 0.941
✔ ✔ ✘ 0.955 0.932 0.944
✔ ✘ ✔ 0.962 0.931 0.947
✔ ✔ ✔ 0.969 0.942 0.956

Table 9: Ablation study of SAFE’s core components, includ-
ing LoRA fine-tuning, Component I (semantic alignment),
and Component II (dual-score curriculum), with video-level
AUC results.

semantic consistency and frequency-based difficulty. On the
semantic side, CLIP-CAP generates captions that are aug-
mented with authenticity/forgery prompts; together with a
LoRA adapter of only 0.09M parameters on CLIP’s visual
branch, the model jointly aligns text-image semantics and
performs binary discrimination. On the learning side, FCV
measures local spectral consistency and organises a curricu-
lum that proceeds from high to low discrepancies—learn
salient cues first, then finer artefacts. This simultaneously
clarifies what to learn (semantic contradictions), what to
learn first (high-discrepancy forgeries), and how large a
model to learn with (LoRA), bringing the solution to an en-
gineering practical scale.

Why SAFE is effective? Signal level: genuine and forged
samples exhibit a measurable gap in high-level semantics;
prompt injection amplifies this gap in CLIP space, while
FCV converts “deviation from the real distribution” into an
ordered difficulty gradient, ensuring that early batches carry
stronger discriminative information. Generalisation level:
in FF++, NT/DF naturally lie farther from the real distri-
bution; starting with these high-discrepancy subsets inject
more essential forgery cues into the curriculum, improving
cross-domain robustness.

Future work. We will focus on an integrated optimisa-
tion of learnable prompts and adaptive curricula. On the
semantic side, replace manual prompts with learnable soft
prompts trained end-to-end with CLIP’s text encoder. On
the learning side, explore stronger static priors and combine
them with dynamic terms to form a parameterised curricu-
lum function. Beyond this, we aim to sustain generalisation
at low cost in broader deepfake scenarios—extending from
faces to speech, text-guided video editing, and multimodal
synthetic content, and developing a unified measure of se-
mantic consistency across modalities.
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