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Abstract

The proliferation of deepfake faces poses huge potential neg-
ative impacts on our daily lives. Despite substantial advance-
ments in deepfake detection over these years, the general-
izability of existing methods against forgeries from unseen
datasets or created by emerging generative models remains
constrained. In this paper, inspired by the zero-shot advan-
tages of Vision-Language Models (VLMs), we propose a
novel approach that repurposes a well-trained VLM for gen-
eral deepfake detection. Motivated by the model reprogram-
ming paradigm that manipulates the model prediction via in-
put perturbations, our method can reprogram a pre-trained
VLM model (e.g., CLIP) solely based on manipulating its
input without tuning the inner parameters. First, learnable
visual perturbations are used to refine feature extraction for
deepfake detection. Then, we exploit information of face em-
bedding to create sample-level adaptative text prompts, im-
proving the performance. Extensive experiments on several
popular benchmark datasets demonstrate that (1) the cross-
dataset and cross-manipulation performances of deepfake de-
tection can be significantly and consistently improved (e.g.,
over 88% AUC in cross-dataset setting from FF++ to Wild-
Deepfake); (2) the superior performances are achieved with
fewer trainable parameters, making it a promising approach
for real-world applications.

Introduction
Deepfake refers to a series of deep learning-based facial
forgery techniques(Li et al. 2020a; Xu et al. 2022; Chen
et al. 2024a) that can swap or reenact the face of one per-
son in a video to another. In recent years, deepfake videos
(a.k.a, deepfakes) have gained substantial attention due to
their potential by creating and spreading false information.
Thus, detecting deepfakes has emerged as a crucial research
topic to reduce such security risks.

Existing methods treat deepfake detection as a binary
classification problem and predominantly utilize CNNs
(e.g., Xception or EfficientNet) as the backbones of clas-
sifier. In addition, some works (Qian et al. 2020; Li et al.
2020b; Zhao et al. 2021; Yan et al. 2023b, 2024b) pro-
pose to introduce auxiliary clues, including modalities (e.g.,
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Figure 1: Comparison between our method and open-source
deepfake detection models on the WildDeepfake dataset
(trained on FF++). Our method with the fewest learnable pa-
rameters while achieves the best performance.

frequency) or supervision (e.g., forgery masks) information
for learning subtle forgery artifacts. Despite these advance-
ments, evaluating forgeries from unseen datasets and synthe-
sized by unseen methods beyond the training data still poses
a significant challenge for practical deepfake detection.

Vision Language Models (VLMs), such as CLIP (Con-
trastive Language-Image Pre-training) (Radford et al. 2021),
demonstrate robust zero-shot and few-shot generalization
capabilities across diverse downstream tasks. To improve
deepfake detector generalization, VLFFD (Sun et al. 2023)
fully fine-tunes a CLIP-based model, suggesting the effec-
tiveness of CLIP. However, excessive adjustment of param-
eters in pre-trained models can disrupt the great pre-trained
knowledge, potentially leading to suboptimal performance.
Thus, developing a cost-efficient approach is demanding.

Due to the inherent vulnerability of deep networks to ad-
versarial attacks, a novel concept called model reprogram-
ming (Elsayed, Goodfellow, and Sohl-Dickstein 2019; Chen
2024) has been proposed to re-purpose a well-trained model
trained in a source domain to perform a target-domain task,
just through learning universal input perturbations without
modifying the source-domain model parameters. In other
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words, an additive offset applied to a deep network’s input
would be sufficient to adapt the network to a new task with-
out the need of re-training or fine-tuning its inner param-
eters. The reprogramming paradigm requires significantly
fewer learnable parameters compared to fine-tuning numer-
ous parameters within the model. Inspired by the above ad-
vancements, we advocate that reprogramming a well-trained
foundation model to identify deepfakes is a promising way
to improve generalization and training efficiency.

In this paper, we propose RepDFD, a novel method to re-
program a pre-trained CLIP model for effective and general
deepfake detection. RepDFD solely learns task-specific vi-
sual perturbations (a.k.a, visual prompts) in pixel spaces for
the deepfake detection task while keeping the entire CLIP
model frozen. Specifically, we introduce Input Transforma-
tion to merge the image and the visual prompt and then feed
it into the image encoder of CLIP. Furthermore, we pro-
pose Face2Text Prompts to generate text prompts merging
information of face embedding, and then feed them into the
text encoder of CLIP to guide the optimization of the vi-
sual prompts. This straightforward method enables the CLIP
model to effectively detect deepfakes. Moreover, since the
internal parameters are not trained, the foundation CLIP
model can be reused for the other vision tasks. Extensive ex-
periments on several popular deepfake benchmarks demon-
strate that (1) the cross-dataset and cross-manipulation per-
formances can be significantly and consistently enhanced by
equipping RepDFD for a pre-trained CLIP model; and (2)
the superior performances are achieved with fewer trainable
parameters (see in Fig. 1), making it a promising approach
for real-world applications.

Briefly, the main contributions of this work can be sum-
marized as follows:
• This is the first work to explore model reprogramming

paradigm for deepfake detection tasks.
• We have proposed RepDFD to reprogram a pre-trained

CLIP model by solely processing its image and text in-
puts without tuning the inner parameters. Thus, RepDFD
can be seamlessly adapted to other foundation models.

• We have conducted extensive experiments on sev-
eral benchmark datasets, and have demonstrated that
RepDFD is general and efficiency for deepfake detection.

Related Work
Deepfake Detection
The past five years have witnessed a wide variety of methods
proposed for defending against the malicious usage of deep-
fakes. Currently, the majority of deepfake detection methods
are based on deep learning, leveraging generic CNNs (e.g.,
Xception, EfficientNet) as the backbones of the classifier.
Furthermore, several works (Qian et al. 2020; Zhao et al.
2021) utilize frequency information or localize the forged
regions to improve the performance of detectors. Neverthe-
less, the generalization challenge still hinders the application
of deepfake detectors in real-world scenarios. To address
such issue, several works (Li et al. 2020b; Shiohara and Ya-
masaki 2022; Nguyen et al. 2024; Lin et al. 2024b) intro-
duce the augmented deepfake data, where two different faces

are blended, during the training. However, all of the above
methods typically involve retraining backbone networks. In
general, employing more powerful backbone networks (e.g.,
replacing CNNs with ViTs or VLMs) produces better per-
formances but at the cost of increased computational costs
in the training stage.

CLIP Model
CLIP is a vision-language model (Radford et al. 2021),
that is able to perform flexible zero-shot transfer to unseen
classes using text prompts. Since CLIP is pre-trained to pre-
dict whether an image matches a textual description, it nat-
urally fits zero-shot recognition. This is achieved by com-
paring image features with the classification weights syn-
thesized by the text encoder, which takes as input textual
descriptions specifying classes of interest. The CLIP model
contains an image-encoder EI(·) and a text-encoder ET (·)
such that the cosine similarity between the features EI(xk)
and ET (tk) are maximized with respect to each pair k. Com-
pared with the traditional classifier learning approach where
closed-set visual concepts are learned from random vectors,
vision-language pre-training allows open-set visual concepts
to be explored through a high-capacity text encoder, lead-
ing to a broader semantic space and in turn making the
learned representations more transferable to various vision
tasks. Several works (Sha et al. 2023; Ojha, Li, and Lee
2023; Cozzolino et al. 2024) has explore that using CLIP
model for detecting generated images by GANs and Diffu-
sion Models. VLFFD (Visual-Linguistic Face Forgery De-
tection) (Sun et al. 2023) proposes to fully fine-tune CLIP
with fine-grained text prompts for deepfake detection. In this
work, we propose a cost-efficient method to adapt a pre-
trained CLIP model for general deepfake detection.

Model Reprogramming
Parameter Efficient Fine-Tuning (PEFT) methods (Tsao
et al. 2024), which significantly reduce computational and
storage overheads, have garnered increasing attention. By
fine-tuning only a limited number of additional parameters,
PEFT can adapt a large pre-trained model to achieve out-
standing performance on targeted tasks. One of the PEFT
methods, model reprogramming (Chen 2024), which incor-
porates prompts into inputs, offers an effective framework
for repurposing models for various task-specific applica-
tions. The framework draws significant inspiration from ad-
versarial reprogramming, which was first introduced by El-
sayed et al (Elsayed, Goodfellow, and Sohl-Dickstein 2019).
Model reprogramming aims to re-use and re-align the data
representation, from an existing model, for a separate task
without fundamental changes to the model’s inner param-
eters. This paradigm re-purposes existing knowledge by
strategically transforming inputs and outputs, bypassing ex-
tensive inner model parameter fine-tuning. Reprogramming
techniques have been widely applied in various tasks in the
past few years (Wang et al. 2022; Cai et al. 2024). Visual
prompting (VP) (Bahng et al. 2022) introduces a universal
perturbation directly into the input data to facilitate task-
specific fine-tuning while keeping the pre-trained model in-
tact. Although these PEFT methods have developed in other
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Figure 2: Overall framework of our proposed method. The core idea involves optimizing an universal visual prompt on a frozen
CLIP model and generating sample-level text prompts (where the placeholder [FE] is replaced by a face embedding), aiming to
adapt the model for the deepfake detection task.

research fields, the application of PEFT methods to face
forgery detection remains largely unexplored. In this study,
we introduce a novel approach to reprogramming a pre-
trained CLIP model for deepfake detection using only a
few number of learnable parameters, designed to leverage
the great generalization abilities of the pre-trained Vision-
Language Model (VLM).

Methodology
Overview
This paper proposes RepDFD, which reprograms the pre-
trained vision language model CLIPs for deepfake detection
without altering internal parameters. Given a well-trained
CLIP model (including the image encoder EI and the text
encoder ET ), it introduces visual and textual prompts on
the inputs for adapting the frozen EI and ET to identify
deepfakes. To achieve this, we propose two modules, Input
Transformation and Face2Text Prompts, which process the
image and text before inputting to EI and ET , respectively.
In this way, we harness the power of the model reprograming
to guide the CLIP model to focus on the deepfake detection
task while preserving its inner parameters and pre-trained
knowledge. The overall framework is depicted in Fig. 2. In
what follows, we elaborate on the details of Input Transfor-
mation, Face2Text Prompts and the optimization pipeline.

Input Transformation
RepDFD refines the visual features from the pre-trained
CLIP model for deepfake detection tasks by introducing
learnable visual prompts containing perturbations that im-
prove the visual encoder’s features. A similar scheme like
VP (Bahng et al. 2022) and AutoVP (Tsao et al. 2024) is
adopted to initialize the visual prompt, placing it around
images for input transformations. Input images are first re-
sized smaller and subsequently incorporated with the visual
prompts, aiming to match the input size of the pre-trained
image encoder EI . Fig. 3 demonstrates the details of Input
Transformation. Given an original image X, the input trans-
formation aims to merge the universal visual prompt δ to
X. Formally, the process of input transformations can be de-

Resize Merge

Input Transformation Tuned

Figure 3: llustration of Input Transformation

scribed as
Tp(X, δ) = Resizep(X) + δ, (1)

where p is the width of the visual prompt. Finally, the orig-
inal image X of size H × W is resized to H ′ × W ′ =
(H−2p)× (W −2p), ensuring the transformed image does
not overlap with δ. The number of trainable parameters in
this method is model-agnostic, which can be computed by

#Para = 3(HW −H ′W ′) = 6p(H +W )− 12p2. (2)

This expression indicates that δ is applied to the RGB
channels of the image. Therefore, for training or inference,
Tp(X, δ) is fed into image encoder EI to get the image fea-
ture f , i.e.,

f = EI(Tp(X, δ)). (3)

Face2Text Prompts
To map model outputs to the target label, the CLIP model
utilizes text prompts to align image features in a shared la-
tent space, enabling classification by matching the closest
text description to the image features. Therefore, a particu-
lar text prompt must be created for every class by injecting
the information of the category. For instance, one of the offi-
cial unified templates of text prompts is “A photo of a [cls]”,
where [cls] is a placeholder of class label. However, in the
context of deepfake detection, the binary class labels “real
face” and “fake face” (or synonymous terms) lack specificity
compared to labels such as “cat” or “dog”, making them dif-
ficult to accurately identify using existing text templates. To
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address this issue, VLFFD (Sun et al. 2023) introduces fine-
grained text descriptions manually to fine-tune both EI(·)
and ET (·) in the CLIP model. However, designing a hand-
crafted text prompt that comprehensively describes forgery
clues is difficult and labor-intensive.

In this work, we aim to design a simple but effective
text prompts generation method to fully harness the gener-
alizable capabilities of the CLIP model for deepfake detec-
tion. The success of personalized image generation methods
(Chen et al. 2024b; Papantoniou et al. 2024) has shown that
introducing pre-trained image embedding as textual embed-
dings is beneficial for maintaining the consistency of gen-
erated subjects. Considering that deepfakes involve the ma-
nipulation of faces, the inconsistency of facial representa-
tions between real and fake faces is a reliable clue. Inspired
by this, we suggest exploiting the CLIP text encoder to in-
tegrate face embeddings into text embeddings. In this way,
the sample-level face information, which is difficult to ex-
press by language, can be incorporated into textual prompts,
thereby enhancing the CLIP model’s capability for efficient
deepfake detection.

To achieve this, a Face2Text module is proposed and the
details are shown in Fig. 4. The prompt template T is de-
signed as “A [cls] photo of a [FE] person”. Given a face
encoder EF , we obtain a face embedding S∗ for an input
image X:

S∗ = fmap(EF (X)). (4)

where fmap represents a frozen linear layer with a random
initialized, projecting the face embeddings to align the input
dimension of the text encoder ET . By the operation TTE
(Text To Embedding), the text prompt T is initially tok-
enized and converted into word embeddings t, which can
be expressed as

t = TTE(T). (5)

Then, the placeholder token [FE] is replaced with the face
embedding S∗, as shown below

t = Face2Text(t, S∗). (6)

We also consider the plain prompt template “A [cls] photo
of a person,” which is not processed by Eq. (6). Thus, we get
four different prompt templates for real and fake labels (see
Tab. 1). An interesting finding according to the results is that
an asymmetric setting for real and fake categories ({T0, T3})
achieves the best performance. The in-depth analysis is dis-
cussed later.

Index Textual Template

T0 “A real photo of a person”
T1 “A fake photo of a person”
T2 “A real photo of a [FE] person”
T3 “A fake photo of a [FE] person”

Table 1: Candidate templates of text prompts.

Therefore, for training or inference, a text embedding t is
fed into text encoder ET of the pre-trained CLIP to get the
text feature w, i.e.,

w = ET (t), (7)

Optimization Pipeline
Following the paradigm of CLIP, the prediction probability
are calculated as,

P (yi | x) =
exp(cos(wi, f)/τ)∑1
j=0 exp(cos(wj , f)/τ)

, i = {0, 1} (8)

where cos(·) denotes the cosine similarity, τ is the tempera-
ture parameter of CLIP, f is the image feature, and wi is the
text feature from the text prompt of label yi.

During training, the learnable visual prompt δ is opti-
mized by maximizing the likelihood of the correct label.
During inference, δ is pad around the shrunk test samples
and for predictions. On the training dataset D, the optimiza-
tion target is to minimize L by tuning δ, which can be for-
mulated as

L = EX∼D

[
−

N∑
n

P (yn|xn) log(P (yn|xn))

]
, (9)

where N is the size of training dataset D, xn is the n-th
image sample, and yn is the ground truth label for xn. We
initialize the δ to zero, and follow a simple gradient-based
approach to directly optimize the visual prompt via back-
propagation which updates δ at step k by

δk+1 = δk − γ∇δkL, (10)

where γ is the learning rate.
Notably, Eq. (8) has a similar formulation to a traditional

fully connected layer with input dimension N and output
dimension 2 if we treat the text features [w0, w1] as the
‘weight’ of a fully connected layer for the real and fake cat-
egories. Given that the adaptative text feature for each input
image in our method, it implies that the model will classify
samples based on sample-level dynamic classifiers. There-
fore, the Face2Text module will also significantly enrich the
supervised information during optimization.

Experiments
Experimental Settings
Datasets Following most previous works, we mainly con-
ducted training on the FaceForensics++ (FF++) (Rossler
et al. 2019). It contains 1000 Pristine (PT) videos (i.e., the
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Frame-level Video-level

Method CDF Wild DFDCP DFDC Method CDF Wild DFDCP DFDC

UIA-ViT (ECCV 2022) 82.41 - 75.80 - DCL (AAAI 2022) 88.24 76.87 77.57 75.03
CFM (TIFS 2024) 82.78 78.39 - 75.82 AUNet (CVPR 2023) 92.77 - 86.16 73.82
SLADD (CVPR 2022) 79.70 - - 77.20 SBI (CVPR 2022) 88.61 70.27 84.80 71.70
FoCus (TIFS 2024) 76.13 73.31 76.62 68.42 TALL (ICCV 2023) 90.79 - - 76.78
UCF (ICCV 2023) 75.27 - 75.94 71.91 TALL++ (IJCV 2024) 91.96 - - 78.51
Ba et al. (AAAI 2024) 86.40 - 85.10 72.10 SeeABLE (ICCV 2023) 87.30 - 86.30 75.90
LSDA (CVPR 2024) 83.00 - 81.50 73.60 LAA-Net (CVPR 2024) 95.40 80.03 86.94 -
VLFFD (arXiv 2023) 84.80 83.55 84.74 - IID (CVPR 2023) 83.80 - - 81.23
SA3WT (IJCV 2024) 83.80 - - 76.02 Bi-LIG (TIFS 2024) 97.93 83.00 91.24 82.57

Ours (DF) 78.61 86.60 86.15 72.43 Ours (DF) 88.41 87.73 90.68 77.19
Ours (FF++) 80.00 85.42 90.57 77.34 Ours (FF++) 89.94 88.05 95.03 80.99

Table 2: AUC (%) of cross-datasets evaluations. The results of other SOTA methods are directly cited from their corresponding
original paper. The best results are highlighted.

real sample) and 5000 fake videos forged by five manip-
ulation methods, i.e., Deepfakes (DF), Face2Face (F2F),
FaceSwap (FS), NeuralTextures (NT) and FaceShifter
(FSh). Besides, FF++ provides three quality levels in com-
pression for these videos: raw, high-quality (HQ) and low-
quality (LQ). The HQ version of FF++ is adopted by de-
fault in this paper. The samples were split into disjoint train-
ing, validation, and testing sets at the video level follows
the official protocol. To demonstrate the performances in
cross-dataset settings, four additional datasets are adopted,
i.e., Celeb-DF-v2 (CDF) (Li et al. 2020c), DeepFake Detec-
tion Challenge preview (DFDCP) (Dolhansky et al. 2019),
DeepFake Detection Challenge public (DFDC) (Dolhansky
et al. 2020) and WildDeepfake (Wild) (Zi et al. 2020).

Implementation details We employed CLIP-ViT-L (Rad-
ford et al. 2021) as the foundation model, which is pretraiend
on LAION-400M. A pre-trained Transface (Dan et al. 2023)
was employed as EF . The size of input for foundation model
is 224 × 224. We set p = 34 for Input Transformations, so
that trainable parameters of our method is 0.078M accord-
ing to Eq. (2). We employed the AdamW optimizer with
the learning rate 1.0, and the weight decay was fixed at 0.
Besides, the data preprocessing transform was as same as
the original CLIP (Radford et al. 2021) Notably, the visual
prompt δ was initialized by zero.

Evaluation metrics In this work, we mainly report the
area under the ROC curve (AUC) to compare with prior
works. The video-level results are obtained by averaging
predictions over each frame on an evaluated video. To facili-
tate a comprehensive comparison of our method with others,
we also present the results of the equal error rate (EER) in
our appendix (Lin et al. 2024a).

Comparisons with State-of-the-Arts

To comprehensively evaluate the generalizability of our
method, we compare the performances of cross-datasets and
cross-manipulation evaluations with several SOTA methods
published in the past three years.

Training Data Method DF FS FSh

DF
DCL 99.98 61.01 68.45
IID 99.51 63.83 73.49

Ours 99.36 94.94 81.51

FS
DCL 74.80 99.90 64.86
IID 75.39 99.73 66.18

Ours 98.31 99.59 85.21

FSh
DCL 63.98 58.43 99.49
IID 65.42 59.50 99.50

Ours 89.99 81.22 99.82

Table 3: AUC (%) on cross-manipulation evaluations. The
best cross-manipulation results are highlighted.

Cross-Dataset Evaluations The cross-datasets evaluation
is still a challenging task because the unknown domain gap
between the training and testing datasets can be caused
by different source data, forgery methods, and/or post-
processing. In this part, we evaluate the generalization per-
formances in a cross-dataset setting, in which detection
models were trained on the FF++ (only containing DF, F2F,
FS, and NT subsets for fair comparisons) and tested on other
datasets. Our method is compared with several state-of-the-
art (SOTA) methods proposed in the past three years, includ-
ing: UiA-ViT (Zhuang et al. 2022), DCL (Sun et al. 2022),
CFM (Luo et al. 2023), AUNet (Bai et al. 2023), SLADD
(Chen et al. 2022), SBI (Shiohara and Yamasaki 2022), Fo-
Cus (Tian et al. 2024), UCF (Yan et al. 2023a), TALL++
(Xu et al. 2024), TALL (Xu et al. 2023), (Ba et al. 2024),
SeeABLE (Larue et al. 2023), LSDA (Yan et al. 2024a),
LAA-Net (Nguyen et al. 2024), VLFFD (Sun et al. 2023),
IID (Huang et al. 2023), SA3WT (Li et al. 2024), and Bi-
LIG (Jiang et al. 2024). The experimental results in terms of
frame-level and video-level AUC are shown in Tab. 2. Aside
from its moderate performance on the CDF dataset, our
method outperforms most competitors on the Wild, DFDC,
and DFDCP datasets. We also report the results trained on
FF++/DF, and found our method still performs better than all
the competitors on the Wild, DFDC, and DFDCP datasets.
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It is important to highlight that all competitors re-train back-
bone networks (e.g., ResNet18 and ViT), which consist of
at least 10M trainable parameters. In contrast, our method
utilizes a mere 0.078M parameters, illustrating its superior
general performance with fewer learnable parameters.

Cross-Manipulation Evaluations Existing face forgery
detectors often struggle to handle emerging manipulation
techniques. In this part, we conduct cross-manipulation ex-
periments involving three forgery techniques, i.e., Deep-
fakes (DF), FaceSwap (FS), and FaceShifter (FSh). We ex-
amine models trained on one manipulation type and tested
across the other three. As shown in Tab. 3, it can be ob-
served that our method can improve cross-manipulation per-
formances. These results highlight the effectiveness of our
method in combating emerging unseen forgery methods.

Ablation Studies

In this part, we perform several evaluations to explore the
effectiveness of ReDFD. The main results of these experi-
ments are cross-dataset performances trained on FF++/DF.

Impact of reprogramming paradigm In this part, we
evaluate the effectiveness of our reprogramming paradigm
compared with other tuning paradigms. Specifically, for the
fine-tuning of the image feature encoder EI , two established
methods were assessed: Full Fine-Tuning (FFT), entailing
the adjustment of all parameters within EI , and Linear Prob-
ing (LP), which incorporated a learnable linear layer while
maintaining EI as frozen. In addition, we reference a very
recent work MoE-FFD (Kong et al. 2024), which presents
a deepfake detection method jointly utilizing the LoRA and
Adapter paradigms to tune a frozen EI .

Beyond these three image feature extractor-related tun-
ing paradigms, our study also incorporated a text feature
extractor-related tuning paradigm, CoOp (Zhou et al. 2022),
into the comparison. It maintains the CLIP frozen while in-
troducing learnable text prompts to adapt CLIP for target
tasks. As shown in Tab. 4, our approach outperforms other
methods in most scenarios. LP and CoOp inadequately fa-
cilitate the transfer of the base CLIP model to the deepfake
detection task, resulting in suboptimal generalization perfor-
mance. We consider that these two paradigms share a com-
mon issue: they affect the utilization of image features rather
than their extraction. Compared with them, FFT, MoE-FFD,
and ours can directly impact image feature extraction, con-
sequently improving general performance across multiple
datasets. Furthermore, our method achieves superior gener-
alization using significantly fewer parameters. Although the
number of trainable parameters does not increase, the per-
formance gains when using a larger CLIP model with our
method. Conversely, the performance of MoE-FFD signifi-
cantly declines on a larger model due to more trainable pa-
rameters, suggesting possible overfitting. We speculate that
utilizing a limited number of parameters to fit deepfake-
related knowledge potentially preserves the generalization
capabilities of the base model. It reveals the potential of our
approach to be effectively scaled to larger models.

Model Method # Para CDF Wild DFDCP Avg

ViT-L

FFT 303M 83.12 70.20 90.58 81.30
LP 0.002M 75.78 74.33 76.73 75.62

MoE 41.34M 86.21 80.00 77.51 81.24
CoOp 0.057M 74.72 74.07 75.82 74.87
Ours 0.078M 89.94 88.05 95.03 91.01

ViT-B

FFT 86M 79.64 66.84 89.86 78.78
LP 0.001M 61.96 68.81 76.91 69.23

MoE 15.51M 91.28 83.91 84.97 86.72
CoOp 0.038M 67.43 64.47 76.05 69.32
Ours 0.078M 86.81 81.53 91.93 86.76

Table 4: Comparison of AUC (%) across different tuning
paradigms in a cross-dataset setting. Results for MoE corre-
spond to MoE-FFD and are sourced from the original publi-
cation. The ’Avg’ column denotes the mean AUC computed
over various datasets

Impact of different text prompts In this part, we inves-
tigate the effects of various text prompt configurations on
RepDFD, including fixed text prompts, randomly initialized
text prompts, and our adaptative face-related text prompts
(termed dynamic text prompts). It can be concluded from the
experiment that the dynamic text prompts are more effective
than the fixed those. We consider all groups of the real/fake
text templates in Tab. 1, i.e., {T0, T1}, {T2, T1}, {T2, T3}.
Besides, we consider a special text prompt setting, named
‘Rand Text’, which contains two completely random ini-
tialized and frozen text embedding as long as the ‘Fixed
Text’ ({T0, T1}). As shown in Tab. 5, the best performance
occurred when the face embeddings were only utilized in
the text prompt for the fake class, corresponding to the
dynamic text prompts setting {T0, T3}. We observed that
the ‘Fixed Text’ ({T0, T1}) demonstrated limited effective-
ness, performing similarly to ‘Rand Text’, which lacks sub-
stantive semantic content. This observation implies that se-
mantic content in language may not significantly influence
deepfake detection tasks, as the primary focus is on trace
analysis. In contrast, integrating face embeddings into text
prompts to create dynamic text prompts, corresponding to
{T2, T3}, {T2, T1}, {T0, T3}, boosted model performance.
It may introduce fine-grained and face-related visual infor-
mation into text prompts, thereby supplementing details that
are challenging to describe linguistically. Thus, the dynamic
text prompts can not only enrich the supervision information
during training, but also provide sample-level adaptative in-
formation to support classification.

Impact of different face embeddings To further verify
the universality of Face2Text, we investigate the impact of
different face embeddings on Face2Text prompts. We com-
pare the results obtained by ArcFace (Deng et al. 2019),
BlendFace (Shiohara, Yang, and Taketomi 2023) and Trans-
face (Dan et al. 2023) and fixed text (i.e., using the text
prompt group {T0, T1}). As shown in Fig. 5, our method
demonstrates good performance across various face en-
coders EF .
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Method CDF Wild DFDCP

Rand Text 82.46 82.30 89.00
{T0, T1} 82.88 84.91 88.62
{T2, T3} 85.98 80.85 87.28
{T2, T1} 85.26 84.80 87.38

{T0, T3} (Ours) 88.41 87.73 90.68

Table 5: Comparisons of AUC (%) across different text
prompt configurations in a cross-dataset setting. These mod-
els were trained on FF++ (DF)
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85

90

95

A
U

C
 (%

)

82.88

84.91

88.62
87.82

82.73

91.37

87.51
86.63
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90.68

Fixed_text
ArcFace

BlendFace
TransFace

Figure 5: Comparisions of AUC (%) of our method incor-
porating with various face embeddings. These models were
trained on FF++ (DF)

Discussion
In this subsection, we present several in-depth analyses be-
low, aiming to explore the effectiveness of our method.

Why are asymmetric text prompts effective? In Tab. 5,
it is noteworthy that optimal performance is achieved when
the {T0, T3} configuration is selected, which solely incor-
porates face embedding into the text for the fake label. To
investigate the reason, as shown in Tab. 6, we calculated the
cosine similarity between the image features extracted by
the initialized visual prompt δ and the text prompts, both
with and without face embedding. Our findings indicate that
cosine similarities tend to be higher for the real label (T0)
when using the text prompt without face embeddings, and
for the fake label (T3) when using the text prompt with
face embeddings. We speculate that text prompts with higher
cosine similarities offer a better initialization for the CLIP
model, enabling more effective fine-tuning of target models.
This observation may benefit future methodological design.

The visualization of visual feature distribution In this
experiment, we provide the t-SNE visualization of visual
feature distributions as shown in Fig. 6. The influence of

Data T0 T1 T2 T3

FF++ 0.1889 0.1989 0.1757 0.2053
CDF 0.1996 0.2002 0.1851 0.2021

Table 6: The cosine similarity calculated between image fea-
tures and various configurations of text prompts.

FF Real (CLIP+VP)
FF Fake (CLIP+VP)
CDF Real (CLIP+VP)
CDF Fake (CLIP+VP)
FF Real (CLIP)
FF Fake (CLIP)
CDF Real (CLIP)
CDF Fake (CLIP)

Figure 6: The t-SNE visualization of image features. ‘CLIP’
denotes features extracted by the original CLIP, while
‘CLIP+VP’ refers to features extracted by the visual prompt.

the visual prompt δ is limited exclusively to the input im-
ages and not the models, ensuring that the image features
can occupy a consistent feature latent space. Initial observa-
tions suggest that there are significant differences in the orig-
inal feature distributions between the CDF and FF datasets,
which indicates the intrinsic domain discrimination capa-
bility of the unmodified CLIP. Moreover, without visual
prompts, the original CLIP model failed to identify real and
fake images. In contrast, within the FF dataset, real and fake
images can be efficiently discriminated by equipping visual
prompts, suggesting the effectiveness of our method. Fur-
thermore, although the CDF dataset was not used during
training, visual prompts trained on the FF dataset effectively
endowed the model with the capability to detect deepfakes
in the CDF dataset. We speculate that the visual prompt δ,
consisting of a limited number of adjustable parameters, po-
tentially tends to exploit the inherent capabilities of frozen
models instead of introducing additional deepfake informa-
tion directly, which may protect the generalization ability of
pre-trained models and improve models’ performance. Ex-
cept for the observation of visual features, we also provide
the visualization of text features and face embeddings in our
appendix (Lin et al. 2024a), which reveals a mid-domain be-
tween different datasets in common. These observations are
necessary to be further explored in future works.

Conclusion
In this paper, we have proposed RepDFD, a general but
parameter-efficient method for detecting face forgeries by
reprogramming a well-trained CLIP model. Specifically, we
employ the Input Transformation to merge the image with
learnable perturbations before feeding it into the CLIP im-
age encoder. Moreover, we introduce the Face2Text Prompts
to asymmetrically incorporate facial embedding information
into the text prompts for real and fake categories, which are
then fed into the CLIP text encoder to guide the optimization
of perturbations. RepDFD has effectively employed a CLIP
to detect deepfakes by processing only the input images and
texts, excluding the internal model parameters. Comprehen-
sive experiments have demonstrated that our superior per-
formance can be achieved with fewer trainable parameters.
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