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Abstract

With the rapid development of generative models, such as
generative adversarial networks and diffusion models, the
task of face forgery detection has emerged, aiming to iden-
tify forged faces in real-world scenarios. A key challenge for
current face forgery detection models is improving general-
ization to unknown forgeries. To address this, we propose
ResProto-FD, a framework that constructs residual prototype
sets to capture diverse forgery cues and discriminative dif-
ferences from real faces. Our novel perspective collects pro-
totypes from the most informative residual features gener-
ated during training, enabling better representation of various
forgery traces and real-vs-fake distinctions. First, we intro-
duce a Visual-Language Residual Learning (VLRL) module
based on the CLIP model. This module constructs residual
features between image and text embeddings to capture in-
consistencies between visual features and associated textual
semantics. In doing so, it guides the model to attend to subtle
visual forgery clues and enhances the discriminative power of
image representations. Furthermore, we design a Gradient-
aware Residual Prototypes (GRP) mechanism— a dynamic
collection strategy that selectively stores uncertain residual
features based on gradient signals to build the prototype sets.
This enhances the model’s ability to generalize to unknown
forgery types. Extensive experiments across various datasets
and forgery methods demonstrate that ResProto-FD signifi-
cantly improves generalization performance and consistently
outperforms state-of-the-art methods.

Introduction
With the rapid advancement of generative models such as
generative adversarial networks and diffusion models, face
forgery techniques have become increasingly realistic, pos-
ing serious threats to privacy, identity security, and public
trust, particularly in authentication scenarios.

In response to these concerns, face forgery detection has
emerged as a critical research task. It is typically formulated
as a binary classification problem that aiming to distinguish
between authentic and manipulated facial inputs. While ex-
isting methods have shown promising results within spe-
cific datasets, their generalization to unseen forgery types
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Figure 1: We construct the prototype sets using the residual
features obtained from the visual-language residual calcula-
tions shown during training in the top half. During inference,
we use prototype association to evaluate the match between
test image features and prototypes, thereby distinguishing
real faces from forged ones.

remains limited (Yan et al. 2023b, 2024b). As forgery tech-
niques evolve rapidly, improving the generalization capabil-
ity of detection models has become a pressing challenge.
This issue parallels the broader out-of-distribution (OOD)
detection problem (Shu et al. 2023), which evaluates a
model’s robustness when encountering novel data distribu-
tions.

The recent development of multimodal vision-language
models (such as CLIP (Radford et al. 2021)) has intro-
duced new opportunities for face forgery detection. By
jointly modeling visual and textual semantics, these mod-
els can capture high-level abstractions of forgery cues, po-
tentially enhancing both robustness and generalization. Con-
sequently, recent studies have begun to explore multimodal
alignment not only to improve detection performance but
also to enable more interpretable forgery analysis. However,
existing CLIP-based methods primarily focus on the quality
and diversity of text prompts, neglecting subtle image arti-
facts in semantically uncovered areas of the text prompts,
resulting in limited generalization ability for detecting un-
seen forgery types. Furthermore, current approaches often
emphasize the model’s internal ability to represent broad
forgery features, while exploration of how to further repre-
sent unknown forgery methods based on existing forgery im-
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age features (e.g., constructing prototype sets) remains very
limited.

To bridge this gap, we propose ResProto-FD (Visual-
Language Residual Prototype Sets) for generalizable face
forgery detection. ResProto-FD dynamically constructs pro-
totype sets using residual features obtained during train-
ing. As illustrated in Fig. 1, the framework operates in
two stages: training and inference. In the training stage,
visual-linguistic residuals between image and text features
are computed and aligned with category-specific text em-
beddings, compelling the model to attend to forgery cues
beyond textual semantics and enhancing the discriminabil-
ity of image representations. Concurrently, residual features
are analyzed to identify samples with high misclassification
risk, enabling the formation of real and forged residual pro-
totype sets. During inference, the cosine similarity between
an input image feature and prototypes in each set is used
for classification. This design effectively generalizes to de-
tect forgeries produced by previously unseen manipulation
techniques.

Our main contributions are as follows:

• We propose a novel face forgery detection framework
called ResProto-FD, which aims to leverage existing im-
age representations to further enhance the generalization
ability of forgery detection. To this end, we introduce
Visual-Language Residual Learning (VLRL) to guide the
model toward forgery clues in regions of the image rep-
resentation not covered by the text, enhancing the dis-
criminative ability of image representations for forgery
clues.

• We introduce Gradient-aware Residual Prototypes
(GRP), a dynamic collection mechanism designed to ex-
tract prototypes that improve generalization by leverag-
ing residual features generated during training. GRP uses
gradient-based feature selection and clustering to retain
prototypes with uncertain categories. Outdated proto-
types are removed through a score decay strategy, main-
taining high-quality prototype sets.

• We conduct extensive cross-dataset and cross-forgery
evaluations to validate the generalization of the proposed
ResProto-FD framework. Experimental results demon-
strate that our method achieves competitive performance
compared to state-of-the-art approaches.

Related Work
Face Forgery Methods
With the rapid advancement of generative models, facial
forgery techniques, commonly referred to as deepfakes, have
witnessed remarkable improvements in photorealism and
controllability. These techniques can be broadly categorized
into four types: face swapping (FS), facial reenactment (FR),
entire face synthesis (EFS), and face editing (FE). FS re-
places the facial identity while preserving pose and lighting;
FR transfers expressions across identities; EFS generates en-
tirely synthetic faces from scratch; and FE modifies facial
attributes such as age or gender while maintaining identity
consistency.

Such forgery techniques are predominantly driven by gen-
erative adversarial networks, such as StyleGAN (Karras,
Laine, and Aila 2019), and more recently by diffusion mod-
els like Stable Diffusion (Rombach et al. 2022), which are
capable of learning high-fidelity facial priors. To support re-
search in this field, recent benchmarks such as DF40 have
emerged, offering diverse and high-quality deepfake sam-
ples spanning 40 manipulation methods. Notably, DF40 in-
corporates 40 challenging forgery methods, including six
representative FS methods: SimSwap, InSwap, UniFace,
e4s, FaceDancer, and FSGAN, each of which has its own
strengths and weaknesses in identity preservation, temporal
coherence, and artifact suppression. These diverse charac-
teristics pose new challenges for robust forgery detection.

Face Forgery Detection
Face forgery detection methods can be classified by in-
put modality into image-level and video-level approaches.
Image-level methods focus on detecting manipulation arti-
facts from individual frames. Early techniques relied heav-
ily on handcrafted features (Li, Chang, and Lyu 2018; Yang,
Li, and Lyu 2019), whereas more recent approaches lever-
age spatial-frequency representations (Zhou et al. 2024;
Kashiani, Talemi, and Afghah 2025), reconstruction-based
cues (Cao et al. 2022; Sun et al. 2024), data-augmentation
based (Yan et al. 2024a; Lin et al. 2024b), or disentangled
representations (Yan et al. 2023a; Cheng et al. 2025) to im-
prove generalization under distribution shifts. In contrast,
video-level methods (Zheng et al. 2021; Larue et al. 2023;
Zhang et al. 2024) utilize inter-frame temporal consistency
to detect, targeting subtle motion inconsistencies or unnat-
ural transitions in expressions and head movements. These
methods typically emphasize the model’s ability to gener-
alize and represent image features within the model itself,
while there is relatively little research on how to further im-
prove generalization based on existing image features (e.g.,
by constructing prototype sets).

CLIP-Based Methods
The success of vision-language models like CLIP (Rad-
ford et al. 2021) has spurred a new wave of research in
face forgery detection. By embedding images and text into
a shared semantic space, these models enable cross-modal
reasoning and improved generalization. Several works have
explored leveraging this capability: RepDFD (Lin et al.
2025) enhance CLIP features using learnable visual pertur-
bations and adaptive prompts derived from facial embed-
dings; C2P-CLIP (Tan et al. 2025) incorporates category-
aware prompts into the text encoder for better visual-textual
alignment; VLFFD (Sun et al. 2025) employs a forgery-
oriented text generator to guide a multimodal LLM in pro-
ducing fine-grained descriptions of manipulated regions.
Meanwhile, studies such as (Shi et al. 2025) have inves-
tigated explainable CLIP-based detection frameworks. Al-
though these methods are very effective, they do not fully
explore the image features within the CLIP model, and still
focus on semantic coverage of text descriptions and image-
text alignment.
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Figure 2: The overall structure of ResProto-FD. The upper section consists of two modules, representing the model’s training
stage. The upper region of the training stage represents the CLIP model training process, including the VLRL, while the lower
region shows the GRP workflow. The lower section illustrates the ResProto-FD inference stage.

Methodology
Training Stage
The overall architecture of the proposed ResProto-FD
model is shown in Fig. 2 . The upper part of the figure de-
scribes the training stage. Let ET and EI denote the text
encoder and image encoder of the CLIP model, respectively.
The text prompts P (c) are shown in Tab. 1, where c ∈ 0, 1
represents the class label (0 for real and 1 for forged). Given
a training face image x

(c)
train, the corresponding image fea-

ture is extracted as f
(c)
train = EI(x

(c)
train). After being en-

coded by the text encoder, the corresponding text feature is
calculated as f

(c)
text = ET (P

(c)) (for multiple text prompts
within a single class, the average feature is taken). During
training, the text encoder ET is kept frozen and only the im-
age encoder EI is updated.

Visual-Language Residual Learning (VLRL) The inter-
nal structure of the VLRL is illustrated in Fig. 3. To capture
discriminative clues that are not semantically aligned with
the textual description, we compute a visual-language resid-
ual feature f

(c)
res (hereinafter referred to as residual features)

by subtracting a scaled version of the class-specific text fea-

ture f
(c)
text from the image feature:

f (c)
res = f

(c)
train − λf

(c)
text (1)

Here, λ is a hyperparameter that controls the semantic cov-
erage of the text embedded in the image. The residual fea-
ture f (c)

res is designed to enhance the discriminative ability of
image representations for forgery clues by emphasizing the
discrepancy between visual and textual modalities.

Next, we compute the similarity between the residual fea-
ture and the class-specific text feature to obtain the final clas-
sification logits z(c)res:

z(c)res = sim(f (c)
res, f

(c)
text) · τ (2)

where sim(·) denotes a similarity function, such as cosine
similarity, and τ is a learnable temperature parameter that
adjusts the sharpness of the logit distribution. This formu-
lation encourages the model to attend to semantic misalign-
ments that may be indicative of facial manipulations, thereby
improving its discriminative capability and generalization
performance.

To further enhance the discriminative ability of image
representation for forgery cues, we introduce a regulariza-
tion term for residual learning (LRL), which integrates class
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Figure 3: Schematic diagram of the VLRL.

prior correction and mutual information (MI) regulariza-
tion (Hong et al. 2021). This design facilitates more gen-
eralized representation learning.

Let p(c) = N(c)

N(0)+N(1) denote the empirical prior of class
c ∈ 0, 1, where N (c) is the number of training samples of
class c, and the target prior is assumed uniform b(c) = 1

2 .
To correct for imbalance, we compute a class-aware cross-
entropy loss with log-prior adjustment:

L(c)
ce = CE(z(c)res + log(p(c)), c) (3)

where z
(c)
res is the logits calculated by the cosine similarity

between the residual features and the text features.
To promote class-discriminative residual learning, an MI-

based regularization term is used. The positive and negative
statistics are defined as:

z(c)pos =
1

B(c) + ϵ

B(c)∑
i=1

z
(c)
res−i, (4)

z(c)neg = log

(
1

B

B∑
i=1

b(c)

p(c)
ez

(c)
res−i

)
(5)

where B represents the total number of all samples in a
batch, and B(c) represents the total number of samples of
category c in the batch, and ϵ represents the minimum value
to prevent the denominator from being zero (1 × 10−9 is
taken in the experiment). And the regularization loss is given
by:

L(c)
reg = −

(
z(c)pos − z(c)neg − ω1(z

(c)
neg)

2
)

(6)

The final objective for the VLRL is:

L
(c)
RL = L(c)

ce + ω2 · L(c)
reg (7)

where ω1 and ω2 are balancing hyperparameters.

Gradient-aware Residual Prototypes (GRP) The pro-
posed GRP module is illustrated in the middle part of Fig. 2.
To enhance the generalization capability of the model,
particularly when encountering previously unseen forgery
types, we introduce a dynamic feature selection and reten-
tion mechanism based on gradient sensitivity. GRP selec-
tively retains the most informative residual features pro-
duced by the VLRL for each class, forming a prototype set
that serves as a reference during inference.

Specifically, for each class c ∈ 0, 1 (where 0 indicates
real and 1 indicates forged), we maintain a fixed-size pro-
totype set pts(c) that can store at most M (c) prototypes and
a prototype score set g(c)pts of the same size. During training,
for each incoming mini-batch, we compute the ℓ2-norm of
the gradient of the class-specific loss with respect to the cor-
responding residual feature as the prototype score g(c) for
class c:

g(c) =

∥∥∥∥∥∂L(c)
RL

∂f
(c)
res

∥∥∥∥∥
2

(8)

For real samples (c = 0), the candidate feature is obtained
by computing the average of all residual features from real
samples within the current batch. This averaged feature is
then associated with a single protptype score g(0).

For forged samples (c = 1), due to their greater intra-
class diversity, arising from different spoofing methods or
manipulation styles, we apply K-means clustering on the
residual features of the batch. The centers of the obtained
sub-clusters are extracted as candidate prototypes, and the
prototype score of each candidate prototype is g(1).

When the prototype set pts(c) has not reached its capacity,
protptypes are inserted directly along with their associated
scores. Once filled, we apply a score decay strategy that in-
corporates prototype dwell time to avoid retaining outdated
or less informative prototypes. Specifically, let the protp-
type score of the new batch corresponding to the category
be g

(c)
new. If the following conditions are met, the stored pro-

totype f (c)
pts−j will be replaced by a new candidate prototype

with protptype score g
(c)
new:

g(c)new ≥ min
(
g
(c)
pts−j · γ

t
(c)
pts−j

)
(9)

where γ ∈ (0, 1) is a hyperparameter that controls the decay
rate.

This replacement criterion ensures that the prototype set
prioritizes retaining recent and highly informative residual
features, while discarding outdated or low-confidence en-
tries, even if they previously had strong gradient contribu-
tions. Therefore, GRP can alleviate the feature drift problem
and maintain a dynamic prototype set for each category.

Inference Stage
During inference as shown in the lower part of Fig. 2, given
a test image xtest, the trained image encoder EI is used to
extract its feature representation ftest = EI(xtest).

The CLIP-based forged sample confidence score
Scoreclip is calculated as the similarity z

(1)
res between the
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Class Prompts

Real

This is an example of a real face
This is a real face

This is how a real face looks like
a photo of a real face

Forged

This is an example of a forged face
This is a synthetic face

This is how a manipulated face looks like
a photo of an artificial face

Table 1: Overview of real and forged text prompts.

residual features of the forged category and the text features
of the corresponding category (See Eq. 2 for details).

After introducing GRP, we first mix all the features of
the prototype sets of different categories together and record
them as fGRP , and then calculate the cosine similarity
between the test image feature ftest and each prototype
fGRP−i:

simi = sim(fGRP−i, ftest) (10)

Next, we select the K highest similarity simK . These
similarity scores are then normalized using the softmax
function:

zGRP−K = Softmax(simK) (11)

At this point, find the category c of the corresponding pro-
totype according to zGRP−K and classify it according to the
category to obtain z

(c)
GRP−K . The forged sample confidence

score is calculated by adding the normalized similarity of
the forged prototypes (c = 1):

z
(1)
GRP =

K(1)∑
i=1

z
(1)
GRP−i (12)

where K(1) is the number of forged class among the K re-
trieved prototypes.

Finally, the score z
(1)
GRP is used as the forgery confidence

score ScoreGRP derived from GRP.

Experiments
Datasets
To evaluate the generalization ability of the proposed model,
we conduct experiments on several widely used face forgery
detection datasets: FaceForensics++ (FF++) (Rossler et al.
2019), CelebDF-v2 (CDF) (Li et al. 2020b), DeepfakeDe-
tection (DFD) (Research and Jigsaw 2019), Deepfake Detec-
tion Challenge (DFDC) (Dolhansky et al. 2019). All datasets
are in the form of preprocessed frames (256 × 256) pro-
vided by previous studies (Yan et al. 2023b). In addition,
we use the recently released DF40 dataset, which includes
more forgery methods such as uniface, e4s, facedancer, fs-
gan, inswap and simswap. Following the experimental setup
of prior works (Yan et al. 2023b; Chen et al. 2024), we train
on the c23 compressed version of the FF++ dataset and test
on the remaining datasets.

Methods CDF DFD DFDC Avg.

Xception* 73.7 81.6 70.8 75.4
EfficientB4* 74.9 81.5 69.6 75.3
Face X-ray* 67.9 76.6 63.3 69.3

F3Net* 73.5 79.8 70.2 74.5
FFD* 74.4 80.2 70.3 75.0
SPSL* 76.5 81.2 70.4 76.0
SRM* 75.5 81.2 70.0 75.6

CORE* 74.3 80.2 70.5 75.0
RECCE* 73.2 81.2 71.3 75.2

UCF* 75.3 80.7 71.9 76.0
FoCus 82.8 - 72.8 -

PFGDD 74.4 84.8 61.5 73.6
LSDA 83.0 88.0 73.6 81.5

DiffusionFake 80.5 90.4 - -
RepDFD 80.0 - 77.3 -

Freqdebias 83.6 86.8 74.1 81.5

Ours 83.8 91.4 79.5 84.9

Table 2: Cross-dataset evaluation using the frame-level AUC
metric. The symbol * indicates that the results are cited
from (Yan et al. 2024a), and other results are cited from
the original paper. All models are trained on the FF++ (c23)
dataset. The best results are shown in bold.

Implementation Details
We use ViT-B/16 as the image encoder of the CLIP base
model and fine-tune only the image encoder while freezing
all parameters of the text encoder. The hyperparameter λ is
set to 0.3. The maximum number of memory entries per cat-
egory in the GRP is 64, and the decay factor γ is set to 0.99,
Top-K is set to 64. For residual features of category 1 within
each batch, we apply K-means clustering to obtain 4 sub-
centers. Following (Hong et al. 2021), both ω1 and ω2 are
set to 0.1. We adopt the Adam optimizer with a learning rate
of 5 × 10−7 and a weight decay of 1 × 10−6. Experiments
are conducted using CUDA 12.4.1 and PyTorch 2.5.1 on two
RTX 3090 GPUs. During the training stage, we used a sim-
ple data augmentation method: (1) resize to 300 × 300 and
then randomly crop to 224 × 224, scale=(0.8, 1); (2) ap-
ply Gaussian Blur, kernel size=(3, 3), sigma=(0.1, 1.5); (3)
apply Random Erasing, scale=(0.02, 0.2), ratio=(0.3, 3.3).
Inspired by (Srivatsan, Naseer, and Nandakumar 2023), we
use text prompts in Tab. 1.

Generalization Evaluation
To demonstrate the generalization ability of our proposed
model, we compare the proposed ResProto-FD framework
with previous state-of-the-art models on the CDF, DFD,
and DFDC datasets. These include: Xception (Rossler et al.
2019), EfficientB4 (Tan and Le 2019), Face X-ray (Li et al.
2020a), F3Net (Qian et al. 2020), FFD (Dang et al. 2020),
SPSL (Liu et al. 2021), SRM (Luo et al. 2021), CORE (Ni
et al. 2022), RECCE (Cao et al. 2022), UCF (Yan et al.
2023a), FoCus (Tian et al. 2024), PFGDD (Lin et al. 2024a),
LSDA (Yan et al. 2024a), DiffusionFake (Sun et al. 2024),
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Methods CDF DFD DFDC Avg.

Xception† 81.6 89.6 73.2 81.5
PCL+I2G† 90.0 - 67.5 -

LipForensics 82.4 - 73.5 -
FTCN 86.9 - - -

UIA-ViT 82.4 94.7 - -
SBI† 90.6 87.7 75.2 84.5

SLADD† 79.7 - 77.2 -
CORE† 80.9 88.2 72.1 80.4
DCL† 88.2 92.1 75.0 85.1
UCF† 83.7 86.7 77.0 82.5

SeeABLE 87.3 - 75.9 -
NACO 89.5 - 76.7 -
LSDA 89.8 95.6 73.5 86.3

RepDFD 89.9 - 81.0 -

Ours 91.5 95.8 81.9 87.5

Table 3: Cross-dataset evaluation using the video-level AUC
metric. The symbol †represents results are cited from (Ma
et al. 2025), and other results are cited from the original pa-
per. All models are trained on the FF++ (c23) dataset. The
best results are shown in bold.

RepDFD (Lin et al. 2025), Freqdebias (Kashiani, Talemi,
and Afghah 2025), PCL+I2G (Zhao et al. 2021), LipForen-
sics (Haliassos et al. 2021), FTCN (Zheng et al. 2021),
UIA-ViT (Zhuang et al. 2022), SBI (Shiohara and Ya-
masaki 2022), SLADD (Chen et al. 2022), DCL (Sun et al.
2022), SeeABLE (Larue et al. 2023), NACO (Zhang et al.
2024), IID (Huang et al. 2023), CDFA (Lin et al. 2024b),
ProDet (Cheng et al. 2024) and X2DFD (Chen et al. 2024).

Frame-level AUC comparison results are summarized in
Tab. 2. It is evident that the proposed ResProto-FD frame-
work consistently achieves superior performance across all
datasets in the generalization experiments. The video-level
AUC results, presented in Tab. 3, further confirm this trend,
as our method consistently ranks first across all benchmarks.
These findings strongly validate the effectiveness of the pro-
posed prototype set in enhancing the generalization capabil-
ity of face forgery detection models.

To further evaluate the generalization ability of ResProto-
FD, we conducted experiments on the DF40 dataset, select-
ing four representative forgery methods: e4s, fsgan, inswap,
and simswap. The corresponding results are presented in
Tab. 4. As shown, our model surpasses all competing ap-
proaches in terms of AUC, clearly demonstrating the supe-
rior generalization of the proposed ResProto-FD framework
when faced with previously unseen forgery methods.

Ablation Study
Modules Analysis We conducted ablation studies on the
proposed VLRL and GRP modules across multiple datasets
to assess their individual and combined contributions. As
shown in Tab 5, the evaluation includes average frame-level
results on the CDF, DFD, and DFDC datasets, as well as on
the DF40 dataset across six forgery methods (Uniface, E4S,

Methods e4s fsgan inswap simswap Avg.

RECCE 65.2 88.4 79.5 73.0 76.5
SBI 69.0 87.9 63.3 56.8 69.3

CORE 63.4 91.1 79.4 69.3 75.8
IID 71.0 86.4 74.4 64.0 74.0

UCF 69.2 88.1 76.8 64.9 74.8
LSDA 68.4 83.2 81.0 72.7 76.3
CDFA 67.4 84.8 72.0 76.1 75.1
ProDet 71.0 86.5 78.8 77.8 78.5
X2-DFD 91.2 89.9 78.4 84.9 86.1

Ours 94.8 94.9 89.3 85.7 91.2

Table 4: Cross-dataset evaluation using the frame-level AUC
metric on the DF40 dataset. All models were trained on the
FF++ (c23) dataset. The best results are shown in bold.

V G CDF & DFD & DFDC DF40

AUC AP EER AUC AP EER

× × 83.1 89.2 24.8 86.0 91.8 21.5
✓ × 83.2 88.6 24.5 88.9 93.4 18.6
× ✓ 83.1 89.4 24.5 85.9 92.4 21.3

✓ ✓ 84.9 90.6 23.5 90.5 94.9 16.8

Table 5: Frame-level ablation studies under different mod-
ules. All experiments are trained on FF++ (c23) and tested
on the average metrics under two generalization experi-
ments. V refers to VLRL and G refers to GRP.

FaceDancer, FSGAN, InSwap, and SimSwap). All experi-
ments adopt the same data augmentation strategy described
in the Implementation Details.

The results indicate that the VLRL module notably en-
hances the generalization capability of the CLIP-based de-
tection model. Although the GRP module alone does not
yield a substantial gain in AUC, it still improves the gen-
eralization performance in terms of AP and EER compared
to the baseline, suggesting its effectiveness in refining the
feature space. When both modules are applied jointly, the
model achieves the best overall performance across all met-
rics and settings, demonstrating that prototypes derived from
the residual features induced by VLRL provide more dis-
criminative representations of forged behaviors than proto-
types derived from original image features.

Components of VLRL Analysis Tab. 6 presents ablation
results for different components of the VLRL module under
the same settings as Tab. 5. When only the residual learn-
ing regularization term is applied, the residual features fres
are replaced by the original CLIP image features ftrain for
cosine similarity computation. Furthermore, when training
using only residual features, the loss function is replaced by
the original cross-entropy loss. The results in Tab. 6 show
that compared to the full ResProto-FD, using only the reg-
ularization term for residual learning results in the largest
drop. Adding the residual features fres effectively mitigates
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R L CDF & DFD & DFDC DF40

AUC AP EER AUC AP EER

× × 83.1 89.2 24.8 86.0 91.8 21.5
✓ × 82.9 88.8 24.8 86.2 91.6 21.1
× ✓ 79.0 84.3 27.9 81.4 88.1 26.4

✓ ✓ 83.2 88.6 24.5 88.9 93.4 18.6

Table 6: Frame-level ablation studies of different VLRL
components excluding GRP. The experimental setup follows
Tab 5. R refers to fres, L refers to LRL.

this drop. Furthermore, compared to the results in the first
row, using only the residual features fres and only the reg-
ularization term for residual learning LRL results in lower
performance than the baseline. Using the full VLRL, the re-
sults significantly improve over the baseline. These obser-
vations suggest that only when the residual features and the
regularization term of residual learning are used in conjunc-
tion can the model learn the inter-class differences between
real and fake faces more effectively.

In fact, residual features allow the model to focus more
on forgery cues in regions of the image not covered by text
semantics and, through data augmentation, to better lever-
age the diversity of image samples. Meanwhile, the LRL

term enforces mutual information–based alignment between
residual and text features, increasing the sensitivity of visual
representations to forgery artifacts.

Score Decay of GRP We report generalization results for
different decay rates in GRP in Tab. 7. The experimental
setup follows Tab. 5 and Tab. 6. The results show that when
γ = 1.0, it means that GRP does not introduce a score de-
cay mechanism at this time. The best overall performance
is achieved at γ = 0.99, validating the effectiveness of in-
troducing the decay mechanism. This can be attributed to
feature drift that naturally occurs when constructing proto-
type sets during training. However, by comparing the exper-
imental results of γ = 0.90 and γ = 0.95, we can find that
even if there is feature drift, its negative impact is limited
under the influence of the gradient-aware strategy. Specifi-
cally, the smaller the γ parameter, the more serious the fea-
ture drift phenomenon is, which in turn has a greater impact
when comparing prototype scores. However, compared with
the improvement of the module on the overall performance
(Tab. 5), the feature drift phenomenon has little effect on the
gradient-aware feature selection.

K Parameter Discussion Fig. 4 illustrates the effect of
the K hyperparameter on inference performance, with AUC
results reported for K = 16, 32, 64, 128. Notably, 64 is
equivalent to the number of prototypes in the prototype set
of each category, and 128 is equivalent to the total number of
prototypes. From the results we can see that the parameter K
is not the bigger the better, nor the smaller the better. This is
consistent with our intuition. When K is small, the number
of matching prototypes decreases, and for forged samples,
the confidence in the forged class decreases. As K increases,

16 32 64 12
8
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Figure 4: Statistics results under different K.

γ
CDF & DFD & DFDC DF40

AUC AP EER AUC AP EER

1.0 84.8 90.6 23.6 90.1 94.8 17.1
0.90 84.7 90.5 23.7 90.1 94.7 17.0
0.95 84.8 90.6 23.7 90.2 94.9 17.0

0.99 84.9 90.6 23.5 90.5 94.9 16.8

Table 7: Frame-level ablation studies of different decay rates
γ in GRP. The experimental setup follows Tab 5.

the number of matching prototypes increases, and the confi-
dence in the forged class changes as the number of matching
prototypes of the true class increases. The watershed value
is 64, meaning that ideally, the confidence reaches its high-
est value when the top 64 prototypes with the highest feature
similarity to the test image are from the same class. In gen-
eral, as shown in the Fig. 4, the AUC results stabilize at 64,
so we choose 64 as the final K.

Conclusion
In order to fully explore the generalization of the CLIP
model’s image features, we proposed VLRL, which enables
the model to mine important forgery clues in image areas not
covered by text semantics through visual-language residual
calculation. In addition, we introduced the GRP, combining
gradient-aware with score decay and the prototype sets were
robustly and dynamically constructed to store the most in-
formative residual features, in order to further utilize the ob-
tained generalized residual features in the inference stage.
While our framework significantly improves generalization,
it also significantly increases model training overhead. This
is due to the additional backpropagation required to analyze
gradients during training, as well as the increased training
overhead of clustering or averaging features across a batch
to obtain prototypes. This challenge will be a focus of our
future research.
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